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ARTICLE INFO ABSTRACT

Keywords: People are often exposed to advice and opinions from both “novices”—people with relatively limited domain
EXP‘?rts experience—and “experts”—people with relatively deeper domain experience. This manuscript explores whether
Novices people (i) rely on both groups equally, (ii) consistently favor one over the other, or (iii) rely on novices in certain
Z)g::ézns contexts and experts in others. Across six preregistered studies, we find evidence for the third possibility, and
Expertise show that the fit between the advice generation process and expertise affect reliance on advice. Specifically,

people rely more on novices for advice and opinions from direct lived experience and experts for advice or
opinions from data synthesis and extrapolation. This is because people think novices have experiences that are
more similar to the ones they will have, while experts do not, but may be better at synthesizing and extrapolating
from data. Notably, this distinction is not simply about the domain being advised, but is specific to the advice
generating process—in a given domain, people’s reliance on novices and experts can be manipulated by changing
their understanding of how the advice or opinion was generated. This pattern of results is generalizable to many
domains (e.g., job choice, product ratings). Further, our results build on previous work highlighting from whom
people seek advice and opinions, and provide practitioners with insight into when people may be more or less
likely to rely on their advice and opinions.

Message sources
Source similarity
Decision making

The opinions of others are a commonly used aide in decision making,
especially when a decision maker is relatively naive (Ache et al., 2020;
Barneron & Yaniv, 2020; Collins et al., 2011; Danziger et al., 2012;
Hiitter & Fiedler, 2019; Sah et al., 2013; Yaniv, 2004; Yaniv & Choshen-
Hillel, 2012). Whether deciding how to invest their money, what
product to buy, or whether to bet on a given sports team, novices often
seek advice to supplement their own, limited knowledge (Zhang et al.,
2022). Therefore, the opinions of others supplements decision makers’
existing knowledge with additional information gleaned from expertise
and experience that an individual decision maker lacks.'

Decision makers can opt to solicit advice and opinions from a wide
array of sources. In this manuscript, we focus on two broad categories of
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advice-givers. One such category is “novices”—people with relatively
limited domain experience.” The other category is “experts”— people
with relatively deeper domain experience. Crucially, novices are likely
to be perceived to have similar experiences to decision-makers because
advice-seeking decision-makers are also likely to have limited experi-
ence, and thus are perceived to experience things (e.g., investments,
products, etc.) similarly. Experts are likely to be perceived to have dis-
similar experiences to decision makers because experts’ domain
knowledge may be seen to change how they experience and evaluate a
situation.

Seeking advice and opinions from both groups has merit. There are
often large samples of novices, while experts may be perceived by naive
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1 Although prior research identifies a distinction between advice and opinions—with advice being more relied upon due to its seeming intention to help the advisee
with a specific problem (Milyavsky & Gvili, 2024)—we focus on both advice and opinions, and often use both words throughout the manuscript as a result. We do so
because our focus is on the interaction of source (novice v. expert) and advice/opinion generation (from experience v. from data synthesis), which we anticipate to be
orthogonal to the distinction between opinion, which is a judgment or view, and advice, which is delivered with intention to help the advisee with a specific problem.
Empirically, we test opinions in Studies 1-3 and 6, while we test advice in Studies 4-5; our results are robust to both advice and opinions.

2 Note that, while not everyone is a novice in every domain, most people are not experts in a given domain. Therefore, while individual decision makers may think
themselves closer to “experts” than what we deem “novices” in an individual domain, across the population, most people are novices.
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decision makers as more objective and as having a unique ability to form
advice and opinions through data synthesis and extrapolation, along
with controlled tests. For example, someone looking to invest in the
stock market might consider advice from friends, family, or internet
forums because they believe those novices have similar financial
standing, time constraints, and abilities to the decision maker, along
with the common goal of savings. As well, one may seek advice from
investment professionals because they believe those experts are more
sophisticated in that they know how to synthesize and extrapolate from
financial data and are not limited in the same ways. Similarly, expecting
parents can inform their decision of whether to buy a given stroller by
considering consumer reviews (provided by novices)—other real par-
ents who have used the stroller in daily life—in combination with ex-
perts such as Consumer Reports, New York Times’ Wirecutter, and
more—those who, rather than using a single stroller in daily life,
compare the universe of strollers using controlled tests and analysis of
specifications in order to make recommendations.

In this manuscript, we aim to determine when and why people rely
on advice from experts and novices. Our goal is to contribute to the
broad literature on advice-taking and inclusion of opinions (Barneron &
Yaniv, 2020; Blunden et al., 2019; Collins et al., 2011; Harvey & Fischer,
1997; Hofmann et al., 2009; Milyavsky & Gvili, 2024; Yaniv, 2004;
Yaniv & Kleinberger, 2000). Specifically, we find that people rely more
strongly on the advice and opinions of novices when they believe that
advice or opinions are formed from direct lived experience (e.g., typically
present in the form of product or company evaluations). However,
people rely more strongly on the advice and opinions of experts when
they believe that the advice or opinion is formed from synthesis and
extrapolation of data (e.g., typically present in the form of predictions of
future events). This pattern emerges because people think novices are
more likely to have experiences in that particular setting that are similar
to their own, as they think novices learn about and experience given
domains for the same goals as the decision maker. However, people
believe experts are able to synthesize and integrate potentially complex
data. Importantly, this distinction is specific to the advice or opinion
generating process—in a given domain, people’s reliance on novices and
experts can be manipulated by changing their understanding of how the
advice or opinion was generated. We find evidence of this across six
studies, testing a range of contexts, including advice about which job
offer to accept and opinions of how much someone will enjoy different
consumption experiences.

These findings provide unique theoretical and practical implications.
Previous work has highlighted similarity in general as an important
factor influencing reliance on opinions and advice; specifically, that
people often rely on advice and opinions of similar others (Essig, 2024;
Yaniv et al., 2011). However, other work suggests people value advice
and opinions from experts in many cases (Harvey & Fischer, 1997; Meshi
et al., 2012). Only limited work has looked across situations to under-
stand what factors lead people to rely more on novices and experts. An
important exception comes from a conference proceeding by Fadel et al.
(2022), who focus on the effects that differences in situational charac-
teristics (as perceived by advice-seekers) have on reliance on novices
and experts. Fadel et al. (2022) specifically consider online discussion
forums where both novices and experts provide advice (e.g., Stack-
Overflow), and find that advice-seekers’ perceptions of (i) what skills are
important for advice providers to have for a given situation (e.g.,
specialization of knowledge vs. lived experience), (ii) how the problem
itself is defined (e.g., subjectivity/objectivity, commonness of experi-
ence), and (iii) what the solution that problem requires (e.g.,
complexity) affect reliance on novices and experts. Crucially, our work
compliments this proceeding in at least two ways: (i) by considering
ways to seek advice beyond online forums, and (ii) by identifying the
role of factors that advice providers can manipulate (specifically, how
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advice was generated), rather than stable situational characteristics as
perceived by advice seekers. Thus, our contribution is directly action-
able for managers and advice providers.

Our manuscript supports the notion that both novice and expert
advice and opinions are valued in general, but that the relative value of
each is context-dependent—people’s use of advice and opinions from
each group critically depends on how the advice was formulated.
Practically, our results help firms understand when people will rely on
different sources to make judgments. For instance, an expert who wants
their advice or opinion to appear more compelling might highlight the
extensive data they reviewed to generate it.

1. Conceptual Development

According to a large literature on social influence, people are influ-
enced by the attitudes and opinions of those around them (Cialdini &
Trost, 1998; Deutsch & Gerard, 1955; Kelman, 1958; McDonald &
Crandall, 2015; Pornpitakpan, 2004; Wood, 2000). In particular, the
advice-taking literature suggests that people seek out and rely on advice
and opinions to make decisions (Blunden et al., 2019; Hofmann et al.,
2009; Phillips, 1999; Sah et al., 2013; Schrah et al., 2006), though not
blindly, as they often underweight the advice and opinions they receive
(Bonaccio & Dalal, 2006; Harvey & Fischer, 1997; Yaniv, 2004). Social
influence research distinguishes between both normative (i.e., the desire
to maintain social norms and relationships) and informational social
influence (i.e., decision makers’ desire to optimize; Deutsch & Gerard,
1955), with our manuscript focusing on the latter form—decision
makers’ desire to make better decisions.

In pursuit of making better decisions, several factors influence how
heavily people rely on the advice they receive. For instance, character-
istics of the advice play an important role. Advice or opinions that
include language signaling concern for the recipient’s social identities is
more relied upon (Goldsmith, 1999), because such concern seems
additionally respectful and unthreatening to the receiver. Advice or
opinions that have been purchased is more relied upon than free advice
(Patt et al., 2006) due to the perceived credibility that comes with
payment. Indeed, even the label of advice as either opinions or advice
changes people’s reliance on it; in particular, people rely more on advice
because it is seen as more trustworthy (Milyavsky & Gvili, 2024).
Finally, Van Swol & Ludutsky (2007), found that advisors who exten-
sively shared the information that led to their advice or opinions were
more strongly relied upon, as this explanatory information helps re-
ceivers to evaluate the fit of the advice or opinion, and makes advisors
appear more credible.

Likewise, characteristics of the advice recipient affect reliance on
advice and opinions. People who perceive themselves to be relatively
higher power than advisors are less reliant on advice and opinions (See
et al., 2011), as are people who think the advice or opinion will benefit
the advisor (Sah et al., 2013). Recipients who are themselves more
expert also rely on advice and opinions less, as they can recruit more
information of their own when evaluating both a target and advisor
(Yaniv, 2004).

Of particular interest to the current research, however, is a third
factor—characteristics of the advisor(s) themselves. Generally, people
rely on advice or opinions from sources that they see as credible in a
given domain. For instance, Pornpitakpan (2004) reviews relevant
literature in social influence and highlights many cases in which people
rely more on advice and opinions from those they see as credible,
including when receiving job performance feedback, considering
whether to accept or reject suggestions from others, and viewing ad-
vertisements for products. We specifically focus on credibility that arises
from two distinct sources—perceived expertise and direct similarity of
experience.
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A broad and long-standing literature demonstrates that credibility of
advisors is often associated with perceived expertise (Giffin, 1967;
Hovland et al., 1953). Most closely to our research, Jungerman and
Fischer (2004) theorize that in dyadic decision situations (where there is
a single advisor and a single advisee), people are less reliant on novice
advisors than on advisors with domain expertise. This is consistent with
related empirical research, which has argued that people are more likely
to follow advice in knowledge-based domains when it comes from ad-
visors who recipients perceive as having domain expertise. For instance,
people indicated in recall experiments that they were more likely to
follow past advice when it came from someone with relevant domain
knowledge (Feng & MacGeorge, 2006). Similarly, when given estimates
from multiple advisors, people were more likely to rely on advice and
opinions from a confident advisor because they perceived confidence as
meaning the advisor was more proficient in the relevant topic (Price &
Stone, 2004). Further support for the notion that domain expertise
predicts the extent to which an advisor is relied upon can be found from
less direct sources. For instance, people have been shown to follow those
they deem as having authority, which is often also associated with
expertise (Hoffman et al., 1995). For example, some work finds that
people are more likely to comply with a request if the requester was seen
as legitimate, most often demonstrated via clothing showing authority,
like a uniform (Bickman, 1974; Bushman, 1988). Taken together, this
work shows that perceptions of domain knowledge can affect advice
taking by making advisors appear more credible—at least in some
domains.

Meanwhile, the literature also documents several cases in which
people do not rely on those who they perceive to be experts, instead
relying upon advice and opinions from novices—people who do not
necessarily have expertise, but are assumed to experience things for
similar reasons to those of the decision maker. A simple example of this
distinction comes from people living with chronic diseases (Fox, 2013).
While these patients claim to rely upon medical professionals (i.e., ex-
perts) for diagnoses, they claim to turn to non-professional people like
them for practical, day-to-day advice. Fox interprets this as evidence
that, for certain aspects of the experience, people value learning from
the lived experience of similar others. This is consistent with research in
the context of product beliefs, where Essig (2024) found that people rely
more on novice (vs. expert) ratings for products. Essig finds that this
reliance is because people believe that novices base their opinions on
how it feels to use the product, and that a novice’s experience using the
product will be similar to the decision maker’s. Finally, in organizations,
people also seem to rely on advice from novices—in a recent network
study of downsizing events, employees sought advice from novices
rather than higher-level colleagues for this reason (Aalbers & Smit,
2025).

While our research focuses on informational social influence (influ-
ence that drives from decision makers’ desire to optimize their lives),
research on normative social influence (influence driven by decision
makers’ desire to keep social cohesion) also shows that people rely on
similar others. For instance, when people are told what the vast majority
of people who are like them do (e.g., provided a descriptive norm), they
behave in accordance with that norm, by doing things like reusing a
hotel towel if they read that the majority of other hotel guests have done
so (Goldstein et al., 2008) and recycling if the majority of others have
(Schultz, 1999). This is because social norms describe what is desirable
in that setting (Miller & Prentice, 1996), and people often seek accep-
tance from novices via behaving like they do (Cialdini et al., 1991). One
key aspect affecting the likelihood that people follow advice and opin-
ions from novices is how similar those novices are to themselves. For
instance, people are more likely to cooperate with (Parks et al., 2001),

3 Though closely related to our work, Jungerman and Fischer’s theoretical
paper focuses on effect of information asymmetry in dyads, which is a much
different context than ours.
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follow the norms of (Rimal et al., 2005), and follow recommendations of
similar others (Hilmert et al., 2006).

Thus, the current literature clearly demonstrates that people value
both experts and novices, though not equally in all contexts. Instead,
some contexts find reliance on novices, while others find reliance on
experts. A remaining question is what specific factors affect people’s
reliance on novices and experts. One suggested framework by Fadel
et al. (2022) focuses on the perceived characteristics of situations where
advice is being sought—which advice providers may have little control
over.

Fadel et al. (2022) considered the context of online discussion forums
where both novices and experts can make contributions. In one survey of
110 participants with 20 hypothetical decision situations (where par-
ticipants indicated the extent to which they would seek online advice or
opinions from novices and experts before listing characteristics of each
situation) and a follow up conjoint study of 231 participants with two
situations, those authors found that how people perceive the charac-
teristics of a situation (e.g., what expertise advisors need, the objectivity
and/or commonness of a problem, and the complexity of necessary so-
lutions) affect reliance on novices and experts. For example, Fadel et al.
(2022) found that problems that are seen as more objective and less
commonly experienced led to reliance on experts, with the opposite
leading to reliance on novices. However, their research is limited to
perceived situational characteristics, and thus did not identify factors
that advice providers have control over. Further, their research did not
consider advice seeking outside of online forums, which we do. Thus, the
current research compliments theirs, by explaining when and why
people might rely on novices and experts across domains and outside of
specific online forums, specifically identifying the role of advice gen-
eration—a factor that advice providers can control.

In particular, we highlight when people find a “fit” between the
advice generation process and the group providing advice (Evers et al.,
2014). When people see these two things as fitting together, they rely
more on the advice or opinion. We find that a given domain itself is not
what leads people to perceive fit; instead, fit results from the process
through which advice is generated. In cases where advice or opinions are
generated through lived experience (directly having the same experi-
ence that a decision maker anticipates themselves), we find that people
rely on advice or opinions from novices, as they believe novices’ lived
experiences in the focal domain to be most similar to their own. Alter-
natively, in cases where advice is generated through synthesizing and
extrapolating from potentially sophisticated data, we find that people
rely on experts, whom they anticipate to have these skills. Below, we
expound upon this distinction.

First, people might seek advice from novices when direct lived
experience with the focal decision is important. For instance, when
evaluating product ratings, people want to know what it is like to use the
product for one’s own, personal use, which novices with direct experi-
ence can speak to (Essig, 2024). Even in downsizing situations, people
want to hear from similar others who have had direct, relevant experi-
ence (e.g., by having been laid off during downsizing themselves;
Aalbers & Smit, 2025).

These results are consistent with the broader notion that experts
often have categorically different direct experiences from novices (the
majority of the population), likely because their domain expertise
changes how they experience a given context. For example, while both
experts and novices may “experience” a baby stroller, their experiences
are very different. Novices focus on the same characteristics as most
decision makers—they invest to grow their money while managing risk,
purchase a baby stroller to haul children around daily life for months at
a time, and choose between potential airline flights to minimize
discomfort and maximize ease. Novices also likely only experience a
very limited set of alternatives—if more than one. Meanwhile, experts’
domain knowledge changes the aspects of the experience they notice
and focus on (Daley, 1999; Rota & Zellner, 2007). And, experts could
experience many more alternatives, in part due to their domain
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knowledge. This difference in knowledge of alternatives leads to
fundamentally different comparisons (Hsee, 1996). For example, food
experts may have higher standards than regular people, or put weight on
aspects like proper service etiquette, while regular people may just want
to have a good meal within their budget. If people are aware of this
difference in how novices and experts have—and then eval-
uate—experiences, they will prefer novice opinions (vs. expert) when
those opinions result from experience. Formally:

H1: People will be more likely to rely on novices for advice or
opinions generated from direct, lived experience.

Examples from the prior literature clearly lead to H1, in that there
are many cases in which people follow novice advice that is based on
lived experience. In contrast, there is less of a clear distinction from prior
research as to when people will follow expert advice—merely that they
do. In reality, it is possible that valuing experts’ advice and opinions is
the baseline, with novice advice and opinions being valued only in cases
where they result from direct lived experience. More concretely, how-
ever, in many of the cases in which expert advice and opinions are
valued—and indeed, in which certain experts are more valued than
others—advice and opinions are formed from sophisticated synthesizing
and extrapolating from abstract data. This is one thing that relatively
deeper domain expertise allows for—to take potentially complex and
disparate data and form an opinion or advice. For example, complex
models using different inputs can improve stock forecasts (Rapach &
Zhou, 2013), weather forecasts (Krishnamurti et al., 2016), and
employee turnover (Zhu et al., 2017). Most people are often not well-
versed in these complicated models, and the more simplistic heuristics
they may use to make judgments from data are often inaccurate (Kupor
et al., 2019; Stephens et al., 2015). Research shows that people are
aware of their own shortfalls in this way (Yaniv & Kleinberger, 2000),
which suggests that they value experts—who have relatively deeper
domain expertise—for advice or opinions that result from this data
synthesis and extrapolation:

H2: People will be more likely to rely on experts for advice or
opinions from synthesis and/or extrapolation of abstract data.

We note that while we have discussed examples where the decision
domain focuses on direct experience v. data synthesis and extrapolation,
our predictions are broader, and studies do not only vary domain.
Specifically, our predictions are about the advice or opinion generating
process—whether it is from experience or data—and our studies test this
as well. This is an important distinction, as it relaxes the constraints on
advisors. If people are truly influenced differently by how novices and
experts formed their advice, it is possible to manipulate what advice will
be valued within a given domain. This should allow advice or opinion
providers to tailor messaging in more effective ways.

2. Overview of studies

We test our hypotheses across six experiments (see Table 1). Study 1
tests whether there is a correlation between people’s preference for
experts or novices and their perceived importance of direct experience
or data synthesis for a number of domains. It also measures what
characteristics people associate with novices or experts. Study 2 ma-
nipulates opinion generation by changing domain; specifically, we test
whether, when shown numerical advice from novices and experts,
people rely more on novices or experts for a number of different do-
mains. Studies 3, 4, and 5 hold domain constant and manipulate
whether novices and experts came to their opinions (Study 3) or advice
(Studies 4 and 5) via data, direct experience, or something in between.
In Study 3, both groups provide predictions of how likely it is that
someone would enjoy different experiences (e.g., a sporting event or ski
hill), and both groups are described as arriving at these opinions based
on direct experience or data. In Study 4, participants imagine having two
job offers and receive advice from a novice and expert; both parties form
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advice based on direct experience, data, similar experience, or observed
experience about both companies. Study 5 tests for the possibility that
the advice-generation manipulation acts as a proxy for situational
characteristics (e.g., as suggested by Fadel et al. (2022)) by manipu-
lating these characteristics directly, and testing whether the previously
established effects are moderated. In Study 6, we manipulate how
similar a novice’s experience is to the decision makers, demonstrating
that when a novice’s experience is less similar, decision makers rely less
on the novice’s opinion. Lastly, Study S1 in Supplementary Materials F
replicates two conditions from Study 4 while labeling the novice as a
friend, rather than colleague. All materials, data, code, and pre-
registrations can be found in Research Box: https://researchbox.or
g/2597.

3. Study 1

Study 1 had three goals. First, it tested the correlation between
people’s choice of novices or experts and their judgment of how
important opinions based on direct, lived experience or synthesizing and
extrapolating from data is for various domains. Given H; and H,, we
predicted that this correlation should be significant, as people should be
more likely to choose novices for opinions in which direct, lived expe-
rience is important, and experts for opinions in which synthesizing and
extrapolating from data is important. Second, it tested whether people
were more likely to choose novices for domains we hypothesized as
involving opinions from direct experience, and experts for domains we
hypothesized as involving opinions from data.” Lastly, to understand
what people think of the labels “experts/critics” and “peers/everyday
people”, Study 1 also asked participants to rate both groups on a number
of adjectives.”

3.1. Method

Participants. We recruited online participants from Connect by
CloudResearch. Using a pre-registered interim analysis design (PRIAD;
André and Reinholtz (2024)), we preregistered a sample size of 700
participants with two interim analyses at 140 and 280 participants.
Because our p-value of interest was below the cutoff specified by our
PRIAD (p < 0.02199), we only collected 140 participants. As preregis-
tered, we removed data from two participants who did not submit their
ID for approval on the Connect platform. Our final sample comprised
140 participants (Mag = 39.84, 52.86% male, 47.14% female).

Procedure and design. Participants were randomly assigned to
either the choice or response condition. Across both conditions, all par-
ticipants considered ten different domains, each on a separate page and
in a random order. These ten domains were: house listing price, in-
vestment decision, job quitting rate prediction, number of units sold by a
company prediction, sales by a given sales team prediction, craft beer
selection, work shirt selection, event space for a work event selection,
restaurant for lunch selection, and furniture for an office selection.

In the choice condition, participants considered whether, for each
domain, they would rather get information from experts/critics (coded
as 1) or peers/everyday people (coded as 0). For example, the text
participants read for the event space domain was (emphasis in original):
“Imagine you’'re looking to find an event space for an office holiday
party and are trying to determine which event space to book. You can
get information about event spaces from one of two groups: everyday
people/peers or critics/experts. Who would you rather get information
about event spaces from?” After selecting one of the two groups for

4 While this study tests people’s choice of advice source (e.g., novice or
expert), all other studies test reliance on advice from each group.

5 In Studies 1-3, we do not use the label “novice” and instead use either
“everyday people” or “peer.” Studies 4-5 incorporate a colleague as a novice,
while Study 6 describes someone who flies from time to time.
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Table 1
Overview of Studies.

Study  Question(s) tested Manipulation Domains tested Type of Dependent
advice measure
given

1 Do people choose to receive opinions from Domain Opinions from direct experience: No advice Choice of group to
novices or experts for various domains? Choosing a craft beer, work shirt, event space given receive opinions

for a work event, restaurant for lunch, office from
Is there a correlation between choice and furniture
perceived importance of an opinion based on Opinions from data:
direct experience or data? Determining a listing price of a house,
investments, how many people will quit at a
What qualities do people associate with given company in a year, how many units of
novices and experts? product a company will sell, how many sales a
sales team will make

2 Do people rely on novices or experts more for ~ Domain Opinions from direct experience: Numeric Likelihood
various domains when viewing opinions from Buying the following products: a child’s car evaluation
both groups? seat, craft beer, a TV

Opinions from data:

Predictions in the following domains: stocks,
rainfall, sports, housing prices, election
outcomes

3 Do people rely more on novices for opinions Whether direct experience or Predictions of enjoyability in the following Numeric Enjoyability
from direct experience and experts for data was used to formulate domains: sports, movies, skiing evaluation
opinions from data when domain is held opinions
constant?

4 Does people’s reliance on advice depend on Whether direct experience, data, Selecting a job offer to accept Verbal Likelihood of
whether it was formed from direct experience,  similar experience, or observed accepting each
similar experience, observed experience, or experience was used to offer
data when domain is held constant? formulate advice
Are advice-generation manipulations simply
acting as proxies for situational
characteristics identified by Fadel et al.

(2022)?

5 Does manipulating situational characteristics ~ Whether direct experience or Selecting a job offer to accept Verbal Likelihood of
identified by Fadel et al. (2022) affect the data was used to formulate accepting each
strength of the advice-generation advice offer
manipulation?

6 Does people’s reliance on novices depend on Whether the novice is similar or ~ Booking a flight ticket Numeric Likelihood of

how similar the novice’s experience is to the not
decision maker’s anticipated experience?

booking a flight on
the airline

each domain, participants then evaluated to what extent each of the two
groups (everyday people/peers and critics/experts) matched eight
distinct adjectives (relatable, approachable, trustworthy, supportive,
collaborative, credible, confident, and objective), all on 7-point scales
(1=“Not at all”, 7=“Very much 50”).°

In the response condition, participants considered to what extent
recent experience in the domain or the ability to synthesize relevant data
to the domain was important when making a decision for each domain.
For example, the event space domain text said (emphasis in original):
“Imagine you’re looking to find an event space for an office holiday
party and are trying to determine which event space to book. To what
extent is recent experience with the event space or the ability to synthesize
information and data about event spaces important when determining
which event space to book?” For each domain, participants responded
on a scale from 1 (“Recent experience is definitely more important™) to 9
(“Synthesizing information and data is definitely more important™).

3.2. Analysis and Results
Correlation between choice and response. We hypothesized that
S These adjectives were chosen somewhat ad-hoc, as this question about

which characteristics people think align more with experts and novices was
more exploratory.

there would be a significant, positive correlation between choice and
response; for domains that participants in the choice condition indicate a
preference for experts, participants in the response condition should
indicate that synthesis of data is more important. To test this, we
calculated (x) the mean reported importance of synthesizing data (over
direct experience) and (y) the proportion of participants choosing to
hear from experts in each domain. Then, we calculated the correlation
between these mean responses. We found a significant, positive corre-
lation overall (r = 0.966, b = 0.261, SE = 0.025, ¢(8) = 10.501, p <
0.001; see Fig. 1). Notably, this correlation is high in part due to cate-
gorical differences between stimuli. We also conducted the same cor-
relation on solely the domains we a priori predicted to be opinions from
direct experience (e.g., craft beer selection, work shirt selection, event
space for a work event selection, restaurant for lunch selection, and
furniture for an office selection) and solely on the domains we a priori
predicted to be opinions from data synthesis and extrapolation (e.g.,
house listing price, investment decision, job quitting rate prediction,
number of units sold by a company prediction, sales by a given sales
team prediction). For opinions we predicted as being based on direct
experience, there was a smaller correlation (r = 0.839, b = 0.095, SE =
0.036, t(3) = 2.671, p = 0.076); a similar pattern emerged for opinions
we predicted as being based on data synthesis and extrapolation (r =
0.647, b = 0.079, SE = 0.054, t(3) = 1.469, p = 0.238).

Choice responses. Next, we examined the choice condition re-
sponses in particular. Across domains, participants relied equally on
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Fig. 1. Note: The dotted line represents the overall correlation between participants’ rated importance of synthesizing data over experience by domain and choice of
expert/critic. The dashed line represents this correlation within domains where choice of expert was below 50%, and the solid line represents this correlation in the

opposite group of domains.

experts (52.1%) and novices (47.9%; x2(1) = 0.552, p = 0.457, h =
0.042). However, we also tested whether participants were more likely
to select novices for domains we categorized a priori as from direct
experience, and experts for domains we categorized a priori as from
data.” Using logistic regression to regress choice on an indicator for
opinion from data and clustering standard errors by participant, we
found that participants were more likely to choose experts for opinions
from data (86.8%; b = 3.433, SE = 0.303, z = 11.333, p < 0.001, OR =
30.969).

Adjectives for each group. Next, we tested whether participants in
the choice condition (as participants in the response condition did not
respond to these questions) judged novices and experts differently on a
variety of adjectives. Fig. 2 shows the mean response for each group and
adjective, and Supplementary Materials A provide exact descriptive and
inferential statistics. Notably, participants indicated that everyday
people/peers are more relatable, approachable, supportive, and
collaborative, while they found critics/experts to be more credible,
confident, and objective (all ps < 0.001). Participants evaluated peers
and experts as similarly trustworthy (p = 0.400).

3.3. Discussion

Study 1 shows that there is a correlation between people’s choice of
hearing from an expert or novice and the extent to which people value
direct experience or synthesis of data; these initial results support our
conjecture that people rely more on novices for opinions from direct
experience (H;) and experts for opinions from data (H3). We also found
that people were more likely to select novices for opinions from direct
experience, and experts for opinions from data. Lastly, we found that
people describe novices and experts differently.

Importantly, this study suggests that people choose experts (or
novices) more for advice in certain domains. However, we are also (and

7 Importantly, our a priori judgments match on to response from participants
in the response condition; the 5 domains for which the response participants
evaluated experience as being more important were the 5 domains we predicted
were based on experience.

mainly) interested in the extent to which people rely on these two
groups given how advice is formed. Thus, Studies 2-5 test reliance on
advice from each group, depending on the advice-generation process.

4. Study 2

Study 1 provided an initial investigation into people’s preference for
novice and expert opinions by asking for an explicit preference for one
group or the other. While people may choose to seek out opinions from
one group or another (e.g., searching for critic reviews of a movie), they
are often—and increasingly—exposed to opinions from both groups (e.
g., online via the websites for Rotten Tomatoes, Difford’s Guide, etc.).
Study 2 tested the latter case by showing people opinions from both
sources for the probability of an outcome occurring and asking them to
provide a likelihood judgment of their own. We tested whether people
relied more on novices for opinions from direct experience (again
product opinions in this study), and on experts for opinions from data
(predictions of future events in this study).

4.1. Method

Participants. We preregistered to recruit 500 participants online
from Connect by CloudResearch. Because some participants provided
responses but did not submit a completion code for payment and
completed the survey more than once, we wound up collecting data from
505 participants. Following our preregistration, we removed all obser-
vations from 2 participants with duplicated IP addresses or IDs and from
4 participants who did not submit a completion code for payment. We
also necessarily removed observations from 4 participants who did not
complete the dependent variable. Our final sample comprised 498 par-
ticipants (Mg = 39.09, 49.40% male, 50.60% female).

Procedure and design. After agreeing to the consent form, partic-
ipants read that they would see pairs of opinions for six different con-
texts, and that these opinions were from experts, or “people with
expertise in that context” and everyday people, or “people who do not
have a particular expertise in the area.” Then, participants saw opinions
for six domains in a random order (leaving us with 2,988 observations in
total). A participant’s six domains were randomly selected from the
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following eight: (ratings for) televisions, child’s car seats, and craft beer,
and (predictions of) hockey team wins, stock returns, apartment prices,
snowfall, and percentage of votes for a political candidate. For each
domain, participants read a brief description of the context (e.g.,
“Imagine the numbers below are predictions of how many games the
Crimson Stallions, a hockey team, will win in their 2024-2025 season.
There are 50 games in the Crimson Stallion’s season.”). They also saw a
table with average numerical opinion and sample size for each of the
two groups (see Fig. 3 for an example). The opinions shown for each
group was randomly and independently drawn from a uniform distri-
bution; we used different ranges for the uniform distribution for
different domains. For each domain, participants answered a dependent
variable question designed to measure how likely they thought the
outcome was (see Table 2 for details by domain).

4.2. Analysis and Results

To test whether participants relied more on novices or experts for
opinions generated from direct experience (i.e., product evaluations) or
opinions generated from data (i.e., future predictions), we regressed
likelihood on (1) the expert opinion shown minus the novice opinion
shown, (2) an indicator for product opinion domains (coded as 0.5 for
product domains and as -0.5 for future prediction domains), (3) the
interaction of (1) and (2), and (4) fixed effects for domain. We also
clustered standard errors by participant. We focus on the interaction
between the expert minus novice opinion and product opinion indicator,
because it signifies whether participants relied on experts and novices
differently for product (i.e., opinion from direct experience) versus
future prediction (i.e., opinion from data) domains. There was a sig-
nificant interaction between the difference in expert and novice opin-
ions and the product domains indicator (b =-.083, SE = 0.017, t(497) =
-4.808, p < 0.001, 113 = 0.009), suggesting that participants relied on
novice and expert opinions differently in different domains. This
regression also yielded a significant effect of the expert opinion minus
novice opinion (b =-.041, SE = 0.009, t(497) = -4.803, p < 0.001, 11}2, =
0.001) and a significant effect of product opinion domains (b = -1.316,
SE = 0.138, ¢(497) = -9.502, p < 0.001, n}% =0.02).

To explore the interaction, we first re-ran the main regression with
an indicator that was 0 for future prediction domains and 1 for product

domains. We can then examine the expert opinion minus novice opinion
variable to determine whether people rely more on experts or novices
for future prediction domains (i.e., when the indicator is equal to 0).
There was a significant, positive effect of the expert opinion minus
novice opinion, indicating that for predictions of the future, when expert
opinions increased, participants’ likelihood responses were higher (e.g.,
more favorable; b = 0.00003, SE = 0.00002, t(497) = 2.245, p = 0.025,
113 = 0.001). Then, we re-ran this regression with an indicator that was
0 for product domains and 1 for future prediction domains to explore the
effect of the expert opinion minus novice opinion variable on likelihood
for product domains. A significant, negative effect of the expert opinion
minus novice opinion in this model suggested that participants’ likeli-
hood responses were lower when expert opinions were higher (b =
-.083, SE = 0.017, t(497) = -4.808, p < 0.001, r/’% =0.009).°

4.3. Discussion

Study 2 shows that when people view numerical advice from both
novices and experts, they rely more on the former for advice assumed to
be generated from direct experience (in line with H;) and more on the
latter for advice generated from data (in line with Hy). Thus, this study
builds on Study 1 by showing that our hypotheses emerge both (1) in
advice reliance, rather than only selection of advisor, and (2) for nu-
merical advice. Further, this study shows our anticipated pattern of re-
sults across a variety of new products not tested in Study 1. Taken
together, our results extend the generalizability of the results found in
Study 1.

A notable limitation of Study 2 (and Study 1) arises from the fact that
we manipulate opinion generation through manipulating domain. As a
result, our manipulation of opinion generation is (i) assumed—we do
not explicitly tell participants how the opinions they observed were
generated—and (ii) confounded with whether opinions are reflective or
predictive. The fact that our manipulation of opinion generation is
assumed means that our evidence supporting H; and Hy comes from data
that are illustrative of reality, but imperfectly connected to those hy-
potheses themselves. The confound of prediction and reflection with

8 Curious readers can find results by domain in Supplementary Materials B.
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Imagine the ratings below are for a TV you're considering.

Products are rated on a 10-star scale.

Everyday people's average Expert's average
score lscore

9.22 out of 10 stars .24 out of 10 stars
(54 people) [(938 experts)

How good do you think this TV will be?

O O O O O

O O O

O

Not at all 2 3 4 5 6 7 8 Incredibly
1 9
Fig. 3. Note: This figure shows an example of stimuli from Study 2.
Table 2
Stimuli for Study 2 by domain.
Type of Domain Information shown Likelihood question wording Range of Range of number
opinion (9-pt scale) opinions of novices and
shown experts shown
Opinion from Sports Imagine the numbers below are predictions of how likely =~ How successful do you think the Crimson 0 to 50 Novices: 15 to 300
data (0% to 100%) it is that the Crimson Stallions, a hockey Stallions will be this season? Experts: 2 to 40
team, will make the playoffs.
Stocks Imagine the numbers below are predictions of how likely ~ From 0% to 100%, how likely do you 0.00% to
(0% to 100%) it is that Orion Data Services’s stock will think it is that Orion Data Service’s stock ~ 15.00%
grow in the next month. will grow in the next month?
Apartment Imagine there is a large city called Maplewood. The From 0% to 100%, how likely do you $1,500 to
numbers below are predictions of how likely (0% to think it is that a specific 2-bedroom $15,000
100%) it is that a specific 2-bedroom apartment in apartment in Maplewood will sell in the
Maplewood will sell in the next month. next month?
Snowfall Imagine there is a town called Oak Ridge. The numbers From 0% to 100%, how likely do you 0.00 to 75.00
below are predictions of how likely (0% to 100%) itisthat  think it is that Oak Ridge will get at least  in.
Oak Ridge will get at least 25 in. of snow this winter. 25 in. of snow this winter?
Politics Imagine there is an election this year for a state From 0% to 100%, how likely do you 0.00% to
representative. The numbers below are predictions of how  think it is that Joe Johnson will win? 100.00%
likely (0% to 100%) it is that Joe Johnson will win.
Opinion from TV ratings Imagine the ratings below are for a TV you’re considering. = How good do you think this TV will be? 1.00 to 10.00
direct Car seat Imagine the ratings below are for a child’s car seat you're ~ How good do you think this car seat will  stars
experience ratings considering. be?
Craft beer Imagine the ratings below are for a craft beer you're How good do you think this craft beer
ratings considering. will be?

advice generation is more concerning. Though in reality, it may be the
case that many domains in which opinions are commonly created
through direct experience (data) are reflective (predictive), we believe
this to be a correlate, and not necessarily the driving force of this effect.
To test whether this is the case—whether advice generation drives
reliance on experts and novices across domain and scope—we designed
Studies 3, 4, and 5.

5. Study 3

Our main conjecture is that people rely on novices for advice or
opinions from direct experience, and experts for advice or opinions from
data synthesis and extrapolation. Studies 1-2 manipulate opinion type
by changing domain. In contrast, Study 3 holds domain constant and
simply manipulates whether the advice novices and experts give is
generated by direct experience or synthesis and extrapolation of data.
Thus, Study 3 provides a more direct test of whether opinion type affects

reliance on novices and experts.

5.1. Method

Participants. We recruited online participants from Prolific. Using a
pre-registered interim analysis design (PRIAD; André and Reinholtz
2024), we preregistered a sample size of 1,200 participants with two
interim analyses at 396 and 792 participants. Because our p-value of
interest in the second interim analysis was below the cutoff specified by
our PRIAD (p < 0.02199), we only collected 792 participants. Because
some participants provided responses but did not submit a completion
code for payment and completed the survey more than once, we wound
up collecting data from 871 participants. Following our preregistration,
we removed data from 4 duplicate participants and data from 7 partic-
ipants whose ID was not approved on the Prolific platform. We also
necessarily removed data from 78 participants who did not complete the
dependent variable. Our final sample comprised 788 participants and
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4,728 observations (Mag = 40.22, 40.23% male, 59.52% female, 0.25%
prefer not to say).

Procedure and design. This study took the form of a 3 (domain:
attending a hockey game, going skiing, or watching a movie) x 2
(opinion generation condition: direct experience or data) fully within-
subjects design. Thus, there were six stimuli replicates in this study (e.
g., two versions of each of the three domains), and all participants saw
all six versions.

In particular, participants first read that they would see opinions
from experts and everyday people predicting the extent to which other
people would enjoy three different domains, and that they would read
about each domain twice during the study.’ Participants then saw
opinions for each of the six possible domain-condition combinations in
random order. For each combination, participants imagined attending a
game played by a given hockey team, visiting a ski hill, and watching a
movie, and read that the experts and novices providing opinions both
generated their opinions in the same way. In particular, in the “direct
experience” combination (which represented three of the six combina-
tions viewed), we specified that both the experts and novices relied on
their direct experience to generate their opinions. In the “data” combi-
nation (which represented the other three of the six combinations
viewed), we specified that both the experts and novices relied on data
about the given domain to generate their opinions (see Table 3 for an
example).

To ensure participants were reading the stimuli manipulating
opinion generation, we included an attention check question asking
about the content participants read earlier on the page (e.g., whether the
opinions were from novices and experts who had directly experienced
the focal domain). For each of the six combinations, both groups (e.g..,
novices and experts) always gave opinions on a 0-100% scale, indicating
the percentage of people in that group who thought others would enjoy
the experience. Opinions from each group were selected independently
from random uniform distributions ranging from 0% to 100%. However,
we enforced a difference in opinion between 10% and 30%, such that
both opinions were resampled from those uniform distributions until
this had been met. On the next page, participants saw the same expla-
nation of the opinion generation process, opinions, and domain infor-
mation, and answered our main dependent variable question, which
asked how enjoyable participants thought the domain (e.g., attending
the hockey game) would be on a 9-point scale.

Therefore, all participants in this study made six evaluations of their
anticipated enjoyment from different stimuli. Three evaluations were
made after observing opinions generated from direct experience from
both experts and novices, and three after observing opinions generated
from data from both experts and novices. These three evaluations were
made for enjoyment of attending a hockey game, visiting a ski hill, and
watching a movie in both opinion generation conditions. For each
evaluation, we observe the difference between expert and novice opin-
ions, which is our main independent variable. We anticipate that—a-
cross domains—expert opinions will be relied upon when all opinions
are generated from data, and novice opinions will be relied upon when
all opinions are generated through direct experience.

5.2. Analysis and Results

To test whether participants rely more on novice’s opinions from
direct experience, but more on experts for opinions generated from data,
we regressed participants’ reported anticipated enjoyability on (1) the
expert opinion shown minus the novice opinion shown (mean-centered),

° There is a typo on this page in the survey; it says there are nine domains,
when in fact there are six. All participants saw this typo, so we do not expect it
to affect between-condition differences.
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(2) a contrast-coded indicator for the direct experience condition, (3) the
interaction of (1) and (2), and (4) fixed effects for order.'’ There were no
significant effects of the difference between expert and novice opinion
(b =0.0004, SE = 0.001, t(787) = 0.282,p = 0.778, 113 < 0.001) nor the
opinions from data condition (b = -.082, SE = 0.056, t(787) = -1.458, p
= 0.145, ;11% < 0.001). Importantly, however, there was a significant
interaction between the difference score and the indicator for opinions
from data (b = 0.007, SE = 0.003, {787) = 2.633, p = 0.009, 2 = 0.001,
see Fig. 4), indicating that participants relied more strongly on
experts—through a more positive simple effect of expert minus novice
opinion—when opinions were generated from data.

To explore the interaction, we first re-ran the main regression with
an indicator that was O for opinions from direct experience and 1 for
opinions from data. We can then examine the difference score to
determine whether people rely more on experts or novices for opinions
from direct experience (i.e., when the indicator is equal to 0). There was
a non-significant, but directionally negative effect of the expert opinions
minus novice opinions, indicating that for opinions from direct experi-
ence, as expert opinions increased relative to novice opinions, partici-
pants’ reported enjoyability was lower (b =-.003, SE = 0.002, t{(787) =
-1.601, p = 0.110, ’73 < 0.001). Then, we re-ran this regression with an
indicator that was O for opinions from data and 1 for opinions from
direct experience to explore the effect of the difference score on reported
enjoyability for opinions from data. Here, we found a positive effect of
the expert opinions minus novice opinions, suggesting participants’
enjoyability ratings were higher when expert opinions were relatively
higher (b = 0.004, SE = 0.002, t(787) = 2.035, p = 0.042, 11; <0.001)."

5.3. Discussion

Study 3 holds domain constant and manipulates whether novices and
experts generated their opinions via direct experience or data synthesis
and extrapolation. It finds that people rely more on novices when
opinions are generated via direct experience, and more on experts when
opinions are generated via data synthesis and extrapolation. Indeed, this
interaction between opinion generation and group occurred even
though the domains tested here—hockey games, ski hills, and movie-
s—were very experiential. Thus, while people might assume that opin-
ions of these domains are generated from direct experience in the
absence of other information (as shown in Studies 1 and 2), we find that
when opinion providers clarify the way in which their opinions were
generated, people’s reliance on each group changes.

This study highlights a key practical implication of our work: if an
opinion fits with people’s perceptions of who they should rely on for a
given opinion-generation process (i.e., a novice relied on direct experi-
ence or an expert relied on data), then the opinion-giver could highlight
how they arrived at their opinion to increase people’s reliance on it. This
idea is further developed via an organizationally-relevant context in
Study 4.

6. Study 4

Study 4 has four main goals. First, this study extends the findings of
Study 3 to an organizationally-relevant context—deciding between two
job offers—and where participants observe advice, rather than mere
opinions, which adds important generalizability (Milyavsky & Gvili,
2024). In particular, across all conditions of Study 4, participants receive
advice about which of two job offers to accept from a colleague or career
counselor. However, we manipulate how the advisor explains that they

10 There is a typo in our preregistration; instead of having “prediction from
evaluation” as a regressor, we should have “opinion from data.”.

1 This p-value is statistically significant at the traditional level, but not at our
PRIAD level of 0.02199.
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Table 3

Example Stimuli Manipulating Opinion from Direct Experience Versus Data.
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Opinion from Direct Experience Condition

Opinion from Data Condition

Imagine there is a ski hill called Ski Valley. All the people in each group

below skied at Ski Valley at least once this season.

The numbers below represent what percentage of people in each group
predict that other people will enjoy their experience going skiing at Ski Valley.

Expert's average
prediction

[Everyday
people’s average
prediction

33% predict that other
people will enjoy their

9% predict that other
people will enjoy their

Imagine there is a ski hill called Silver Peak. All the people in each group below
did not ski at Silver Peak before. However, these people have reviewed
information about the ski hill, like the weather conditions, business, etc.

The numbers below represent what percentage of people in each group
predict that other people will enjoy their experience going skiing at Silver

Peak.
. Everyday
Expert's average
. people's average
prediction .
prediction

experience lexperience

64% predict that other
people will enjoy their

38% predict that other
people will enjoy their

lexperience experience

Note: This table shows example stimuli from the ski hill domain. We counterbalanced which condition was called “Ski Valley” and “Silver Peak” between-subjects. The

wording was very similar for the two other domains we tested.

6.01
5.51
. - Opinion Generation
Enjoyability - Condition
Evaluation 5.0 //' — Data
(9-pt scale) Direct Experience
4.54

4.0
30 20 10

10 20 30

0
Expert Prediction - Novice Prediction

Fig. 4. Note: The slope of the line for the opinion from experience condition is negative, suggesting that as expert opinions increased relative to novice opinions,
participants judged the focal activity to be less enjoyable. However, the slope of the line for the opinions from data condition is positive, suggesting that as expert
opinions increased relative to novice opinions, participants evaluated the activity to be more enjoyable.

arrived at their advice, and predict that when the advice is formed from
synthesizing and extrapolating from data, people will rely heavily on
experts. But when the advice is formed from direct experience working
with the companies, we expect people to rely on novices.

Second, this study also tests what happens when advice is derived
from similar experience (e.g., working at a similar company) and
observed experience (e.g., hearing from other people who work at the
company). Similar and observed experience share similarities with both
advice based on data and advice based on direct experience. Experience
(rather than data) is still focal in the advice-generating process, which
could mean novices are relied upon. However, because the experience is
not direct, it requires more synthesis and extrapolation than direct
experience—something that people may believe experts are better at.
Because of this, we predict participants’ reliance on experts and novices
in these two conditions will fall in the middle of the direct experience
and data conditions.

Third, while novices and experts in Studies 2 and 3 provided numeric
advice, the novice and expert in Study 4 provide verbal advice (e.g., “My
recommendation is to accept the offer from Vernon & Co. Consulting™),
thus allowing us to test whether our findings are robust to verbal advice
from both groups, which may be more common.

Fourth, previous research has highlighted that certain situational

10

characteristics increase reliance on novices (or experts; Fadel et al.,
2022). We argue for a distinct antecedent of whether people rely on
advice: the fit between the advice-generation process and the expertise
of the advisor. However, one may wonder whether our advice-
generation manipulations simply change the characteristics people
perceive of the situation. To rule out this possibility, Study 4 measures
the perceived objectivity and commonness of the situation (e.g.,
choosing a job offer). If our results were only driven by characteristics of
the situation dictating people’s reliance on novices versus experts, then
we would expect controlling for these characteristics to reduce our
experimental condition manipulation to non-significance. However, if
advice generation interacts with advisor expertise to affect how
persuasive advice is (as we argue), accounting for these characteristics
should not significantly change our findings.

6.1. Method

Participants. We recruited 1,600 online participants from Connect.
Because some participants provided responses but did not submit a
completion code for payment and completed the survey more than once,
we collected data from 1,638 participants. Following our preregistra-
tion, we removed data from 7 participants whose ID was not approved
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on the Connect platform because they did not submit a completion code
and 6 duplicate participants. We necessarily removed data from 29
participants who did not complete the dependent variable. Our final
sample comprised 1,596 participants (Mag = 40.554, 47.31% male,
52.19% female, 0.06% intersex, 0.44% prefer not to say).

Procedure and design. After agreeing to the consent form and
successfully completing a reCAPTCHA task to ensure the participant was
a human, participants read that they were considering two job offers and
sought advice about which offer to accept from two people: a colleague
and a professional career counselor. Participants read that both the
colleague and career counselor were giving advice for free.

Then, participants read advice from the novice and career counselor;
the order of advice was counterbalanced between participants. For all
participants, the friend and career counselor’s advice disagreed, in that
one advisor always recommended the opposite company from the other;
we counterbalanced which advisor recommended which company.
However, the content of the advice depended on experimental condi-
tion; participants were randomized to one condition in this 4-condition
(advice formation: direct experience v. data v. observed experience v.
similar experience) between-subjects design.

In particular, in the direct experience condition, both the career
counselor and friend explained that they were “giving advice based
solely on my experience with the two companies” and that they had
worked at both companies. In the observed experience condition, both
parties explained that they were “giving advice based solely on what I've
seen from folks I know who work at these two places,” while in the
similar experience condition, both parties explained that they were
“giving advice based solely on my experience at companies similar to
these two.” Both parties in all three conditions explained that they knew
the day-to-day culture, workload, and growth paths of the companies
from their direct, observed, or similar experience, respectively. In the

Table 4
Example Stimuli Manipulating Advice Across Conditions in Study 4.
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data condition, participants read that both advisors were giving their
recommendations “solely based on my evaluation of publicly available
information about the two companies.” Participants further read that
the advisor could speak to the salary reports, employee satisfaction re-
ports, and firm-based financial statements (see Table 4 for example
stimuli).

To ensure participants read and understood the advice, they
completed an attention check question before moving on in the survey.
Then, participants saw the advice again, read instructions that stated
that “if you say you’re not likely to accept either job offer, then you're
saying you’d continue looking for other jobs” and answered the two
main dependent variable questions, which asked how likely they were to
take an offer from each company (both on 9-point scales). Then, par-
ticipants answered additional measures on the following two pages. On
one page, participants indicated how similar they thought they were to
the colleague and career counselor described (e.g., “My work experi-
ences are likely similar to Jordan’s experiences,” each measured on a 9-
point scale). On the other, participants indicated how (1) subjective or
objective they thought choosing a job offer to accept was and (2) how
commonly or uncommonly experienced choosing a job offer to accept is
(both measured on 9-point scales).

6.2. Analysis and results

We predicted that participants would be more likely to rely on the
career counselor’s advice when company evaluations were based on
data, and rely more on the novice’s advice when company evaluations
were based on direct experience. Because observed and similar experi-
ence are based on experience but still require extrapolating from ob-
servations or one’s own, different experience to arrive at advice, we
expect these conditions to fall in the middle of the data and direct

Direct Experience Condition

Data Condition

First, Dr. James, the Professional Career Counselor, gives you their advice
They say

"I'm giving advice based solely on my experience with the two companies. Since
I've worked with both companies, | can speak to the day-to-day culture, workload
and growth paths. My recommendation is to accept the offer from Vernon & Co.
Consulting.'

Next, Jordan, your work colleague, gives you their advice. They say:

"My recommendation is solely based on my experience with the two companies.
Having worked with both companies, | can speak to the day-to-day culture,
workload, and growth paths. | recommend you accept the offer from Stratus
Edge Solutions."

First, Jordan, your work colleague, gives you their advice. They say

"My recommendation is solely based on my evaluation of publicly available
information about the two companies. Having reviewed information about both
companies, | can speak to the salary reports, employee satisfaction reports, and
ept the offer from Stratus

firm-based financial statements. | recommend you ac:
Edge Solutions."

Next, Dr. James, the Professional Career Counselor, gives you their advice.
They say:

"I'm giving advice based solely on my evaluation of publicly available information
about the two companies. Since I've reviewed information about both companies,
| can speak to the salary reports, employee satisfaction reports, and firm-based
financial statements. My recommendation is to accept the offer from Vernon &
Co. Consulting."

Observed Experience Condition

Similar Experience Condition

First, Dr. James, the Professional Career Counselor, gives you their advice
They say
My recommendation is solely based on what I've observed from people | know

who

k at these companies. Knowing people who have worked at both

panies, | can speak to the day-to-day culture, workload, and growth paths. |
recommend you accept the offer from Vernon & Co. Consulting."

Next, Jordan, your work colleague, gives you their advice. They say:

"I'm giving advice based solely on what I've seen from folks | know who work at
these two places. Since | know people who have worked with both companies, |
can speak to the day-to-day culture, workload, and growth paths. My
recommendation is to accept the offer from Stratus Edge Solutions."

First, Dr. Jordan, the Professional Career Counselor, gives you their advice

They say

"My recommendation is solely based or erience working at companies like
these two companies. Having had experience at similar companies, | can speak to
the day-to-day culture, workload, and growth paths. | recommend you accept the
offer from Stratus Edge Solutions."

Next, James, your work colleague, gives you their advice. They say:

“I'm giving advice based solely on my experience at companies similar to these
two. Since I've worked with similar companies, | can speak to the day-to-day
culture, workload, and growth paths. My recommendation is to accept the offer
from Vernon & Co. Consulting."

Note: This table shows example stimuli. Notably, as shown here, we counterbalanced which company each advisor recommended, the order of advice, and the name of

the expert and novice, all in a between-subjects manner.
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experience conditions.

We preregistered to calculate a difference score between the likeli-
hoods of accepting the offer at the company recommended by the expert
and novice, respectively. This difference is positive if a participant is
more likely to take the offer from the expert-recommended company.
We then regressed this difference on an indicator for the direct experience
condition, the observed experience condition, the similar experience con-
dition, and fixed effects for the order of which advisor’s advice was
shown first. Because this includes indicators for all but the data condi-
tion, all effects estimate the difference from the data condition.
Compared to the data condition (M = 1.470, SD = 2.540), the difference
score was significantly smaller in the direct experience condition (M =
-0.330, SD = 3.042; b = -1.799, SE = 0.201, t(1591) = -8.934, p <
0.001, d = -.64), the observed experience condition (M = 0.489, SD =
2.832; b =-0.980, SE = 0.202, t(1591) = -4.856, p < 0.001, d = -.37),
and the similar experience condition (M = 0.255, SD = 2.951; b =-1.213,
SE =0.202, t(1591) = -5.993, p < 0.001, d = -.44; see Fig. 5 for a graph
of the means).

Using a similar regression with indicators for the data condition, the
observed experience condition, and the similar experience condition—such
that all effects became relative to the direct experience condition, we also
found that the difference score in the observed experience condition (b =
0.819, SE = 0.201, t(1591) = 4.070, p < 0.001, d = 0.28) and similar
experience condition (b = 0.586, SE = 0.202, t(1591) = 2.908, p = 0.004,
d = 0.20) were significantly higher than the direct experience condition.
There was no significant difference between the observed experience and
similar experience conditions (b = 0.233, SE = 0.202, t(1591) = 1.151, p
=0.250, d = 0.08)."

We can also calculate whether the difference score for each condition
is significantly different from O using a one-sided t-test. If the difference
score for a given condition is not significantly different from O, it sug-
gests participants are on average indifferent between accepting the job
the career counselor recommends and accepting the job the colleague
recommends. We found that the mean in the direct experience condition
was significantly smaller than zero (¢(402) = -2.178, p = 0.030, d =
-.11), suggesting that participants in this condition relied more on
advice from their colleague than the career counselor. The difference
score in the data (t(397) = 11.545, p < 0.001, d = 0.48) and observed
experience (t(398) = 3.447, p < 0.001, d = 0.16) conditions were
significantly larger than zero, suggesting participants relied more on the
career counselor’s advice than their colleague’s advice. In the similar
experience condition, the mean was marginally significantly larger than
zero (t(395) = 1.720, p = 0.086, d = 0.08).

We also collected perceived similarity to the colleague and career
counselor. We predicted that participants would think their colleague
would have more similar experiences to themselves than the career
counselor, and indeed found that to be the case (colleague: M = 6.711,
SD = 1.645; career counselor: M = 3.807, SD = 1.781; t(1595) = 42.648,
p < 0.001, d = 1.694). Results suggest that this perceived similarity
explains participants’ reliance on novices for advice from direct expe-
rience. Specifically, we simplified our data to only include the direct
experience and data conditions, and then interacted the relative simi-
larity of novices to experts (novice similarity, minus expert similarity)
with a dummy code for condition (0 = direct experience, 1 = data). In
this model, there was a significant simple effect in the direct experience
condition of perceived similarity of novices on likelihood of taking the
job at the expert-recommended company (b = -0.437, SE = 0.051, t
(796) = -8.601, p < 0.001, r/ﬁ = 0.07), such that higher perceived
similarity to novices led to lower stated likelihood to follow the expert’s
advice. There was also a significant interaction of novice’s relative
similarity and condition (b = 0.327, SE = 0.071, t(796) = 4.577, p <

2 We replicate these findings in Study S1, an experiment that describes the
novice as a friend, rather than colleague, and uses a 2-cell design comparing the
data and direct experience conditions.
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0.001, 11;‘; = 0.03), such that the effect of advice generation on reliance
on novices and experts was moderated by relative similarity of nov-
ices—when novices were perceived to be relatively more similar, the
effect of advice generation on choice was more pronounced.

Lastly, one possible explanation for our results is that the advice
manipulations simply change the perceived characteristics of the situ-
ation, which has been shown to change reliance on novices and experts
(Fadel et al., 2022). If this were true, then including participants’
perceived situational characteristics in the regression (along with our
condition indicators) should lead the condition indicators to no longer
be significant. We do not find this result. While the subjectivity/objec-
tivity of the job choice situation did significantly predict the difference
score (b = 0.133, SE = 0.034, t(1590) = 3.966, p < 0.001, 175 = 0.010),
including it in each of our preregistered regressions did not meaning-
fully change our results (see Supplementary Materials C for full regres-
sion results). Participants’ perceived commonness of choosing a job did
not significantly predict the difference score (p > 0.9), and including this
measure in each of our preregistered regressions did not meaningfully
change our results either. Thus, these results suggest it is unlikely that
our findings are simply driven by our advice generation manipulations
changing people’s perceived characteristics of the situation (and
therefore their reliance on novices and experts). We further rule out this
possibility by manipulating situational characteristics in Study 5.

6.3. Discussion

Study 4 shows that people rely more on experts when advice is
derived from data, and rely on experts less when advice is derived from
direct experience. Even in a new domain (e.g., job offer) with verbal
(rather than numeric) advice, we still find that people rely more on
experts for advice formed from data synthesis and extrapolation, rather
than for advice formed from direct experience. Additionally, we find
initial evidence of our mechanism: that people rely more on novices for
advice from direct experience because they think novices have more
similar experiences to those they expect to have when compared to
experts.

Importantly, this study also investigated two other ways of arriving
at advice: from similar experience and observed experience. As we
predicted, these two conditions were somewhere in between the results
from our direct experience and data conditions. This is likely because
similar and observed experience have elements of advice formation from
both direct experience and data: the source of advice is still experience,
but since it is not direct experience, more synthesis and extrapolation is
required to arrive at advice. In this study, both conditions yielded
significantly different means from the direct experience and data con-
ditions, meaning that they did not resemble either condition, and
instead something in the middle.

In other domains, people’s baseline reliance on novices or experts
might be different. In such cases, we expect the differences between the
four conditions we test to be similar. However, we suspect the means of
all four conditions would change (by a similar extent in each condition).

Lastly, this study tested whether situational characteristics measured
(e.g., subjectivity) drove the patterns of results we find, rather than our
advice generation manipulations. Our initial results suggest they do not,
as including a measure of perceived subjectivity (and of perceived
commonness of the situations) does not meaningfully change our results.

7. Study 5

Study 4 found that the advice-generation manipulations did not seem
to act as a proxy for the situational characteristics that Fadel et al.
(2022) suggest influence reliance on novices and experts. Study 5 sought
to further address this possibility by directly manipulating situational
characteristics using the same job choice paradigm as in Study 4.
Because we found that participants’ perceived subjectivity/objectivity
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of a job choice significantly predicted job choice in Study 4, while
perceived commonness of the situation did not, Study 5 directly ma-
nipulates only how subjective or objective the job choice decision is
perceived to be. We suggest that the advice generation process is a novel,
distinct antecedent of reliance on expert or novice advice. If this is the
case, then manipulating situational characteristics will have no signifi-
cant effect on the strength of the advice generation manipulation.
However, if the advice generation process is acting as a proxy to
manipulate situational characteristics, then manipulating how subjec-
tive or objective the job choice decision is should change the strength of
the advice generation manipulation.

7.1. Method

Participants. We recruited 1,200 online participants from Connect.
Because some participants provided responses but did not submit a
completion code for payment and completed the survey more than once,
we collected data from 1,199 participants. Following our preregistra-
tion, we removed data from 2 participants whose ID was not approved
on the Connect platform because they did not submit a completion code.
We necessarily removed data from 28 participants who did not complete
the dependent variable. Our final sample comprised 1,199 participants
(Mpge = 40.377, 44.20% male, 55.55% female, 0.25% prefer not to say).

Procedure and design. This study was identical to Study 4, with two
notable differences. First, participants were randomized to a condition
in this 2(advice formation: direct experience v. data) x 3(situation
characteristic: subjective v. objective v. none) between-subjects design.
When introduced to the situation of deciding between two job offers,
participants in the subjective situation (objective situation) condition read
that a job offer is very subjective (objective), meaning “it depends on
characteristics that vary greatly from person to person” (“it depends on
characteristics that do not vary greatly from person to person”). Par-
ticipants in these two conditions had to answer an attention check
question about this information before continuing in the study, to ensure
they read and understood the information. Participants in the none
condition did not read any additional information about the situation.

Second, we did not include any additional questions to measure
perceived similarity or perceived characteristics of the situation in this
study.
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7.2. Analysis and results

We predicted that participants would be more likely to rely on the
career counselor’s advice when company evaluations were based on
data, and rely more on the novice’s advice when company evaluations
were based on direct experience. We also predicted that this difference
would not be significantly moderated by framing the problem of
choosing a job as subjective or objective.

As in Study 4, we preregistered to calculate a difference score be-
tween the likelihoods of accepting the offer at the company recom-
mended by the expert and novice, respectively. We then regressed this
difference on an indicator for the direct experience condition, the sub-
jective condition, the objective condition, the interaction of the direct
experience and subjective condition indicators, the interaction of the direct
experience and objective condition indicators, and fixed effects for the
order of which advisor’s advice was shown first. Across all three char-
acteristic manipulation conditions, we found that participants in the
direct experience condition were more likely to accept the offer recom-
mended by their colleague compared to those in the data condition (all
ps < 0.001, see Supplementary Materials D for full regression output and
Fig. 6 for means by condition). Further, the interaction between the
direct experience indicator and the subjective condition indicator was not
significant (b = 0.153, SE = 0.390, t(1192) = 0.392, p = 0.695, 713 <
0.001), nor was the interaction between the direct experience indicator
and the objective condition indicator (b = -.023, SE = 0.390, t(1192) =
-0.059, p = 0.953, ;1}% < 0.010).

7.3. Discussion

Study 5 sought to rule out the alternative explanation that manipu-
lating advice formation simply changes people’s perceived characteris-
tics of the situation, which in turn affects their reliance on novices and
experts (Fadel et al., 2022). To do so, it manipulated a situational
characteristic (subjectivity) that significantly predicted the outcome
measure in Study 4. We did not find that manipulating how subjective or
objective a situation is perceived moderated our previously documented
effects.
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8. Study 6

Our prediction is that people rely on novices more when advice is
formed from direct experience because they think novices will experi-
ence a situation similarly to how they will. In Study 6, we test this
conjecture by manipulating situational similarity directly. In particular,
all participants read that they are looking to buy an economy ticket for a
flight; in one condition, the novice giving advice flies economy class,
and in another, the novice giving advice flies business class.

Notably, like Studies 4 and 5, Study 6 also does not explicitly label
the novice and expert as such; instead, it describes someone who has
limited domain experience and flies for their own benefit (e.g., someone
who flies from time to time), and someone who has relatively deeper
domain experience and flies to form advice (e.g., a journalist, travel
industry analyst, or travel industry blogger). We use these less-specific
labels to mimic labels people might see in real-world decisions, and
thus test the generalizability of our findings.

8.1. Method

Participants. Using a pre-registered interim analysis design (PRIAD;
André and Reinholtz 2024), we preregistered a sample size of 1,200
participants with one interim analysis at 600 participants. Because our
p-value of interest in the second interim analysis was below the cutoff
specified by our PRIAD (p < 0.02939), we only collected data from 600
participants. Following our preregistration, we removed data from 17
participants whose ID was not submitted for payment on the Connect
platform. Our final sample comprised 600 participants (Mg = 38.342,
41.50% male, 57.33% female, 0.33% intersex, 0.83% prefer not to say).

Procedure and design. This study took the form of a 2-condition
(novice similarity: similar v. dissimilar) between-subjects design. First,
participants agreed to the consent form and completed a reCAPTCHA to
ensure they were human. Then, all participants read that they were
looking to buy an economy ticket for a flight, and were considering two
airlines that fly into their destination airport. Participants answered an
attention check question to ensure they correctly read what class ticket
they were interested in buying. Then, participants viewed two star rat-
ings for the airline they were considering, one from an expert (described
as a journalist, industry analyst, or blogger, randomly determined
between-subject) and one from a novice (described as someone who flies
from time to time, and usually books an economy-class or business-class
ticket for all subjects).

In the similar condition, participants read that the novice usually
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booked an economy-class ticket, while in the dissimilar condition, par-
ticipants read that the novice usually booked a business-class ticket. The
order of opinions presented was randomized, and each person’s opinion
was shown on a separate page. The expert always rated the airline four
stars, while the novice always rated the airline two stars (both out of five
stars). Participants then responded to our primary dependent variable,
asking them how likely they would be to book a flight on this airline
(evaluated on a 9-point scale).

Lastly, we included several exploratory questions, and a series of
debriefing questions to test for possible demand in the study. Partici-
pants indicated to what extent they think they will have a similar
experience as the novice and expert, how often they fly on a commercial
airline, which cabin they usually fly (e.g., economy or business), what
they thought the purpose of the study was (free response, coded by GPT-
5-nano version 2025-08-07 through the OpenAI API; GPT-5 System
Card, 2025), why they think we showed opinions from two groups (free
response, coded by GPT-5-nano through the OpenAI API), and whether
they felt that we (as researchers) wanted them to rely on one group vs.
another to make their choice. We report the results of these debrief
questions fully in Supplementary Materials E. However, it is worth
noting that GPT coded only 7 (1.2%) as guessing the purpose of the study
fully, with this appearing very liberal upon inspection of those re-
sponses. No results below are meaningfully changed if we exclude those
7 responses, or the 101 (16.8%) that GPT coded as guessing the study
purpose in part (Supplementary Materials E).

8.2. Analysis and results

First, we tested whether our manipulation was successful. Indeed, we
found that participants in the similar condition thought the novice would
have a more similar flight experience to themselves (M = 6.156, SD =
1.857) than those in the dissimilar condition (M = 4.138, SD = 2.149; t
(598) = 12.314, p < 0.001, d = 1.01).

To test whether participants’ likelihood of booking a ticket on the
airline differed based on condition, we conducted a t-test. Participants in
the similar condition were less likely to book the airline (M = 5.066, SD
=1.751) than those in the dissimilar condition (M = 5.933, SD = 1.551; t
(598) = -6.415, p < 0.001, d = -0.52); given the novice always evalu-
ated the airline unfavorably, this difference suggests that participants
relied more on novices’ unfavorable view of the airline in the similar
condition. This result was consistent across the different types of experts
we tested (see Table 5).

We also conducted several secondary analyses. First, we tested
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Table 5
Robustness of Study 6 Results Across Expert Types.
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Expert Type

Novice Similar Condition
Mean (Standard Deviation)

Novice Dissimilar Condition t-test results

Mean (Standard Deviation)

A journalist who reports on travel for a well-known media outlet
A professional blogger who runs a large travel blog and vlog

An industry analyst who studies trends in aviation professionally

5.277 (1.761)

4.838 (1.682)

5.078 (1.795)

6.000 (1.384) t(196) = -3.202,
p=0.002,d=-.46
5.929 (1.698) t(196) = -4.541,
p <0.001,d=-65
5.873 (1.565) £(202) = -3.368,

p < 0.001,d = —.47

whether participants’ reported similarity to the novice predicted their
likelihood of booking a ticket on the focal airline. We found a significant,
negative relationship (b = -0.152, SE = 0.031, t(598) = -4.968, p <
0.001, 115 = 0.04), suggesting that when people thought the novice was
more similar to themselves, they were less likely to book the airline
(because the novice evaluated it poorly).

We were also interested in whether the effect of the dissimilar con-
dition on the likelihood of buying a flight ticket changed when con-
trolling for either the frequency that participants report that they fly or
whether they usually fly business or economy class. In both cases, the
effect of the dissimilar condition was still significant (controlling for
frequency of flying: b = 0.857, SE = 0.134, t(596) = 6.390, p < 0.001, nj
= 0.07; controlling for usually flying business or economy: b = 0.851, SE
=0.135,1(596) = 6.291,p < 0.001, ;73 =0.06). The interactions between
condition and frequency of flying or class usually flown were not sig-
nificant (ps > 0.700).

8.3. Discussion

Study 6 empirically demonstrated why people rely more on novices
for advice from direct experience: because they think novices will have
similar experiences to those they themselves will. When a novice is
described as having a markedly dissimilar experience to the decision
maker, participants relied significantly less on the novice for advice.
This is consistent with the results from measured similarity in Study 4,
where we observed a significant simple effect of perceived similarity
within the direct experience condition, and where an interaction sug-
gested there was a stronger effect of advice generation process when
novices were deemed to have similar experiences. In this study, how-
ever, we observe this result when directly manipulating similarity of
novices, allowing for a stronger causal argument.

9. General Discussion

In many settings, people seek and/or observe advice and opinions
from novices and experts, relying on both groups to form a judgment.
But whom do they rely more on, or are more likely to choose, and what
affects this reliance? Six preregistered studies show that people rely
more on and are more likely to seek experts for advice generated from
data synthesis and extrapolation and novices for advice and opinions
generated from direct, lived experience. This appears to be because
people judge novices to have more similar experiences to what they will
experience, but trust experts more to synthesize and extrapolate from
data. This pattern occurs across many different domains (e.g., job
choice, financial predictions, product opinions), and our effects emerge
regardless of the labels we use for each group (e.g., critics vs. experts,
everyday people vs. consumers vs. novices, no explicit label), whether
the advice and opinions are numeric or verbal, whether the advice and
opinions are given by one or many people representing each group, and
whether the outcome of interest is choosing groups to hear from or
judgments after being given advice and opinions from both groups.

Our findings offer several practical and theoretical contributions.
Theoretically, we provide a generalizable framework to understand how
people evaluate advice and opinions from novices and experts. In doing
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so, we build on research investigating advice taking (Blunden et al.,
2019; Bonaccio & Dalal, 2006; Harvey & Fischer, 1997; Hofmann et al.,
2009; Lee, 1997; Phillips, 1999; Sah et al., 2013; Schrah et al., 2006; Van
Swol & Ludutsky, 2007; Yaniv, 2004), and show a novel antecedent of
who people seek advice from: the advice-generation process. While
previous research highlights why people value novices or experts for
advice (Essig, 2024; Feng & MacGeorge, 2006; Harvey & Fischer, 1997;
Lee, 1997; Price & Stone, 2004) or suggests situational characteristics
drive reliance on an expert or novice (Fadel et al., 2022), our work
provides a set of novel conditions under which people might seek out
(Study 1) or rely upon (Studies 2-5) advice from one group or another. It
also importantly demonstrates that these conditions are not limited to
specific domains. Instead, the conditions are specific to how the advice
was generated.

Practically, our results suggest that people’s reliance on experts and
novices may be malleable by highlighting how each group arrived at
their advice and opinions. For instance, as shown in Studies 3-5, people
rely more on certain groups if that group highlights how they arrived at
the advice and it fits with people’s perceptions of each group’s strength
(e.g., novices providing advice from direct experience, experts providing
advice from data). Thus, experts can increase the persuasive appeal of
their advice and opinions by highlighting the data they analyzed and
extrapolated from to arrive at their advice. They should especially do
this if people might assume, without any information on the advice-
generation process, that direct experience was used to arrive at the
advice (in which case people might be inclined to rely more on novices).
For example, Studies 1 and 2 find that people rely more on novices in
domains where people might assume direct experience was used to form
the advice or opinion (e.g., product ratings, experiential settings). Ex-
perts can make their advice from data more persuasive in these domains
by highlighting the data they used to arrive at their advice. Similarly,
novices can make their advice in domains people usually assume rely on
data to generate advice more compelling by highlighting the direct
experience they had that shaped their advice.

9.1. Future directions

From our generalizable framework exploring when people rely on
experts and novices, a number of interesting, follow-up questions
emerge. In particular, we consider how the number of people advice or
opinions are given to, the presence of one group’s advice or opinion
only, the expertise of the decision maker, the way in which the expert’s
advice is formed, whether people’s decisions might be rational or not,
the number of people making a judgment, and a situation in which
people can learn over time might impact the results we demonstrated in
this manuscript.

Studies 1-2 suggest that people assume that advice from certain
domains is generated via direct experience or data. For instance, our
results suggest people assume product ratings are formed from direct
experience, while predictions of the future are formed via data analysis
and extrapolation. Notably, these two categories of domains (e.g.,
product opinions and predictions of the future) differ in terms of both
timing and whether advice is given for one person or many people. In
particular, product ratings are often about summarizing a past experi-
ence, while predictions of the future make forward-looking suggestions.
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Additionally, product ratings are often written first-hand, while future
predictions forecast what a group of people will do (e.g., team members
on a sports team, a collection of various people affecting stock prices,
etc.). While these factors correlate with the domains tested in Studies 1
and 2, Studies 3 and 4 rule out the possibility that either of these factors
is driving our pattern of results, since both studies keep timing and scope
of advice and opinions constant across generation conditions. However,
future research could explore how these factors affect advice reliance
while holding advice-generation processes constant. This could be a
fruitful avenue for future research, as it would further highlight novel
differences in reliance on advice from novices and experts.

Additionally, we focus on contexts in which people view advice from
both novices and experts in this manuscript. However, given there are
real-world contexts in which people view advice from only one group or
another, it could be useful to consider how these dynamics might play
out in such settings. On the one hand, the relative strengths and weak-
nesses of novices and experts might be less salient with only one group
displayed, which could dampen the effects we find. On the other hand,
people might associate novices and experts strongly with certain char-
acteristics (e.g., similar experiences or ability to synthesize and
extrapolate from data), so the effects we demonstrate here could be
similar or amplified. Future research could test this.

All our studies assume decision makers are novices, as most people
are novices in many important domains. However, there are domains in
which people have expertise, and it would be interesting to see how
people’s reliance on novices and experts differs when they are experts
themselves. In particular, when someone is an expert, novices are no
longer perceived to experience situations similarly to themselves.
Instead, other experts are perceived to have similar experiences. Addi-
tionally, other experts can synthesize and extrapolate from data. Taken
together, we hypothesize that experts would rely more on experts than
novices across all domains and advice-generation processes, because the
benefit of novices (e.g., perceived similarity and similar experiences) is
no longer present. Future research can test whether this is the case.

Relatedly, how an expert arrives at their expertise could affect peo-
ple’s reliance on the expert. We argue that people think experts can
synthesize and extrapolate from data, even if no information is provided
to suggest this is the case (e.g., in our studies, experts are described
vaguely, such as “people with expertise in that context”). But, if an
expert encapsulates all characteristics of an expert but, for some reason,
clearly cannot synthesize and extrapolate from data, people might rely
less on them for advice generated from data. On the other hand, it is
possible that people are somewhat agnostic as to how expertise is
formed and the level of data synthesizing ability, so long as the expert
encompasses key characteristics that people perceive experts should
have.

Another potentially interesting question is whether differential reli-
ance on novices and experts (as shown in this manuscript) is a mistake,
or is a rational decision. Based on our evidence and theorizing, we
cannot take a strong stance on this issue. On the one hand, novices are
probably, on average, going to have more similar experiences to a naive
advice-taker, and thus assuming this similarity and relying on novices
for advice from direct experience might be useful. However, there could
be other cases where novices are not in fact similar (e.g., mostly meat-
eaters rating a vegetarian restaurant where the potential diner is vege-
tarian), so relying on novices’ advice might be unhelpful. Similarly,
while some experts might be good at synthesizing and extrapolating
from data, in other cases, they might be bad at doing so, or do so in a way
that is intentionally misguided. Taken together, whether advice-takers
are making a mistake is difficult to definitively declare, but could be
an interesting route for future research.

Further, while many decisions are made individually, some are made
by groups, such as hiring decisions made by departments. Determining
whether our results extrapolate to such settings could be interesting for
future research. One key moderator could be the composition of the
group in terms of expertise: if the group sees themselves as mostly
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novices, then the patterns we find in this manuscript might emerge as
well. But if the group is a mix of novices and experts, people’s reliance
on novices in particular could change (as novices are seen as having less
similar experiences to some members in the group). Given many im-
pactful organizational decisions (e.g., hiring, promotion, etc.) are made
by groups, future research could benefit from addressing this.

Lastly, our studies do not test the dynamics of advice taking and
learning over time. For example, someone could seek advice from a
novice and expert about a job choice, decide to follow the advice of one
entity, and detest the job they accepted. Such experience with the
outcome of the advisor’s judgment might change how likely people are
to seek advice from data or direct experience in the future. Future
research could explore these dynamics.
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