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1 Introduction

1.1 Abstract

We design an online experiment to study racial discrimination in seeking advice. In round
1 of the experimental design, subjects face a real effort task that is difficult to solve without
prior advice from an expert. We offer subjects the option to watch a tutorial before working
on the task. The main treatment variation is the race of the advisor (black vs. white),
signalled by the skin color of a hand appearing at the beginning of the tutorial. We vary
the skin color of a given hand model using video post-production techniques. This allows
us to keep all features of the hand other than skin color constant between treatment armes.
In round 1, we analyze how subjects’ willingness to pay for advice depends on the race of
the advisor, and how the race of the advisor affects advice utilization. In round 2, subjects
watch another tutorial containing advice about a different strategy to solve the real effort
task. To elicit preferences, we let subjects choose between two different advisors. Using an
information treatment stating that the content of both tutorials is identical, we identify the

extent of taste-based discrimination in seeking advice.

1.2 Motivation

Seeking the advice of others is a fundamental ingredient to solving complex tasks and de-
cision problems. People seek advice from colleagues, coaches, and consultants on how to
respond to professional challenges, from brokers, real estate agents, and physicians on how
to manage problems relating to their wealth and health, and from friends, neighbors, and
family on how to deal with a countless number of daily life issues. Advice seeking is also
crucial in education, where students learn through the advice of teachers.

In many contexts, advice has been found to improve decisions [???] and to enhance
performance when working on complex tasks [??]. However, recent research has identified
important social barriers that may often inhibit the beneficial effects of advice. Specifically,
it has been shown that the willingness to seek and the receptiveness to advice depends on
the perceived social distance between advice provider and advice seeker.! A special focus
has been on racial congruence. For instance, black patients randomly assigned to black
medical doctors are more likely to take up preventive services compared to when they are
matched with a white doctor [?]. Similarly, several studies have documented that the racial
congruence of students and teachers improves student learning [???]. The importance of

1t has been hypothesized that by seeking advice, one signals (to other people or the self) incompetence
and dependence on others [?]. The social cost of seeking advice may increase with the social distance to the
advice provider. The role of individual characteristics for seeking advice have also been studied. See, for
instance, ? on gender and ? on self-confidence.



congruence between advice provider and advice seeker may also be part of the explanation
why members of minorities rarely make it to advisory positions. In the U.S., for example,
the share of African-Americans among financial advisors, medical doctors, and teachers is
less than 4, 6 and 7 percent, respectively, and the share of African-Americans among news
anchors is less than 6 percent. Hence, African-Americans are strongly under-represented
in many advisory positions relative to their U.S. population share of around 14 percent.?
However, it is not yet understood why homogenous advisor-advisee pairs lead to advice
being utilized more effectively. Potential channels include within-group communication
being more effective, advisors of the same race functioning as role models, or in-group
favoritism.

Against this backdrop, this research project deals with racial discrimination in advice-
seeking. We focus on three main questions. First, given the importance of advice for task
performance and decision making, we study to what extent advice-seeking is inhibited by
racial discrimination. For that purpose, we analyze how subjects’ willingness to pay (WTP)
for advice depends on the race of the advisor. Second, we study how racial discrimination
affects advice utilization. We do this by investigating how performance in a task for which
advice is given depends on the race of the advisor. Importantly, we exogenously vary the
advisor’s race to avoid self-selection of advisees into specific advisor-advisee pairs. Third, we
study the channels through which the race of the advisor affects advice seeking by separating
statistical from taste-based discrimination.

To answer the aforementioned questions, we implement an online experiment using sub-
jects recruited via Amazon Mechanical Turk. The experiment has two rounds. In round 1,
subjects first watch a short video trailer. The trailer provides basic information on the char-
acteristics of a real effort task, a sliding tile puzzle. In the trailer, a hand of the advisor
explaining the sliding tile puzzle shows at several instances. This feature allows us to ran-
domly vary the skin color of the advisor between black and white. After watching the trailer,
subjects state their WTP to watch the full tutorial on how to solve the puzzle. Our design
makes sure that almost all subjects watch the full tutorial before working on the puzzle for
a fixed time. This design feature enables us to avoid selection effects when studying how
the race of the advisor affects subjects’ behavior and performance in the real effort task.

Round 2 serves to identify the channels. Participants watch another trailer that is pre-
sented by a new advisor and presents a faster way to solve the sliding puzzle. As in round 1,
we randomly vary the skin color of the new advisor. After watching the trailer, subjects state
their preference over whether the advisor from the first-round or the new advisor would de-
liver the full tutorial, together with the WTP to avoid the less preferred advisor. To identify

2Figures on the share of African Americans and other minority groups in the respective occupations are
taken from ?, ?, ?, and the U.S. Census Bureau.



the extent of taste-based discrimination, we introduce an information treatment. Before the
elicitation of preferences over advisors, a randomly selected subset of subjects are informed
that the content of the material presented by the two advisors is identical. Providing this
information, any remaining differences in the stated preference over advisors of different
race can be attributed to differences in subjects’ tastes. Importantly, the experimental de-
sign offers a plausible deniability of participant’s preferences for an advisor of certain skin
color, as the choice between advisors is framed as the choice between the first-round and
second-round advisors.

A novel feature of our experimental design lies in the fact that we use video post-
production techniques to vary the skin color of the advisor. Specifically, we employ His-
panic models when shooting the videos with the hand sequences. Using post-production
techniques, we then produce different videos by changing the skin color of a given model
to either black or white. This ensures that all other features of the hands are constant be-
tween treatment groups and allows for unconfounded causal inference about the effect of
skin color on subjects’ behavior in the experiment.

Besides offering one of the first studies on discrimination in advice seeking, we also
add to the literature by introducing an experimental design that extends and refines the
so-called correspondence methodology to study discrimination. As discussed in the recent
surveys by ? and ?, a big advantage of the correspondence method lies in the fact that it
allows for the study of real market interactions.®> On the downside, the design of most cor-
respondence studies following the example of ? suffers from the outcome variables typically
being very coarse. In most field experiments, the main outcome variable being studied is
the call-back rate. Other, and potentially more informative, measures of discrimination that
would require a prolonged interaction between fictitious applicants and the subjects stud-
ied are rarely available. Also, correspondence studies rely on signalling the applicant’s race,
often by using black-sounding and white-sounding names on resumés. One typically cannot
rule out the possibility that the subjects associate other characteristics with black-sounding
names rather than race per se. Finally, even including all information typically provided
on resumés does not guarantee that all productivity-related characteristics of applicants are
held constant.

Our experimental design is a refinement of the correspondence methodology that im-
proves the approach in all three dimensions discussed above. First, our experiment gen-
erates a very rich set of outcomes, including the WTP for advice, survey measures for the
perceived quality and a ranking of advisors of different race, various measures for advice

utilization and performance on the task once advice has been received, and measures for

3The correspondence methodology shares this advantage with the audit methodology as the second main
experimental paradigm to study discrimination [??].



subjects’ attention while the advice is given. We also link our experimental data to the out-
comes of an Implicit Association Test (IAT) subjects are invited to take after participating
in the main experiment. Based on all these outcomes, our study provides a comprehensive
analysis of how racial discrimination affects how people seek and make use of advice. Sec-
ond, showing a hand of the advisor in a video sequence is a very direct signal of the advisor’s
race. Moreover, the technique we used to produce the videos ensures that all other features
of the hand are held constant, avoiding possibly confounding differential perceptions that
cannot be excluded in many other settings. Third, the videos showing either a black or
a white hand have exactly the same content. This means that, using the info treatment
that informs subjects about the content-wise equivalence of the videos in round 2, we can
identify the extent of taste-based discrimination.

Several aspects of our work, including the focus on the acquisition and utilization of
new information, link our paper to the work of ? on attention discrimination. In differ-
ent field experiments, ? use online resumés and personal websites of fictitious applicants to
track the information acquisition behavior of employers and landlords, respectively. Besides
providing evidence of discrimination against minority applicants in both labor and housing
markets, they demonstrate that the allocation of attention to minority applicants depends on
the specific market environment. Another aspect relating our work to the recent literature is
that we pin down the cost of not using optimally the information contained in advice. In that
respect, the previous contribution closest to ours is ?, who show that ethnic discrimination
in the workplace is highly responsive to the opportunity cost of choosing a less productive
co-worker. One advantage of our experimental design over ? is that we can rule out com-
plementarities in production between the advisor and the worker. In terms of how the race
signal is transmitted and the quality of the outcomes studied, our work links to ?, who use
pictures showing a hand of a fictitious seller to distinguish between black and white sellers
and track the sales of iPods through local online markets all the way to completion. While
? use pictures of different hands that might signal characteristics of the seller other than
race, we manipulate the skin color of the hands using video post-production techniques and
thereby make sure that all other features of the hands are held constant across treatments.

Effective policies against racial imbalances require a precise understanding of the under-
lying channels. So far, few papers in the literature on race and advice seeking have tried to
identify the channels through which the racial congruence (or difference) in advisor-advisee
pairs affects behaviors and outcomes. For instance, ? cannot precisely pin down why black
men are more likely to take up preventive treatment if interacting with a doctor of the same
race. The results, however, point to the driver of this racial differential being better patient-
doctor communication during the encounter rather than discrimination. While (part of)

the effect might be driven by differences in the behavior of doctors, our design shuts down



all possible supply-side effects. In the context of education, the study by ? stands out for
its clear identification of discrimination as the relevant channel. The authors exogenously
assign race and gender (signalled through typical names) to fictitious participants in online
courses and demonstrate that course instructors are substantially more likely to respond
to requests from white males. Focusing on racial imbalance in giving advice provides a

perspective that is complementary to our analysis of discrimination in seeking advice.

1.3 Research Questions

The overarching research question is to what extent advice-seeking is inhibited by racial

discrimination. Specifically, we investigate the following primary research questions:

1. How does the advisor’s race impact individuals’ advice-seeking and advice-utilization
behavior?

2. How does the advisor’s race affect individuals’ performance, conditional on having

received advice?

We also consider the following secondary research question:

3. Through which channels does the advisor’s race impact advice seeking, i.e., what part
of the differential in seeking advice from advisors of different race can be attributed

to statistical discrimination, and what part to taste-based discrimination?

2 Experimental Design

We plan to recruit participants on Amazon Mechanical Turk, or MTurk, to study (a) how
the advisor’s race affects participant’s advice seeking behavior, (b) how the advisor’s race
affects advice utilization, and (c) through which channels the race of the advisor affects
advice seeking. In the following, we briefly sketch the most important aspects of our design

before we lay out the details in more depth.

Task We design an easy to understand, yet comprehensive real effort task, a sliding tile
puzzle. The task is designed such that participants benefit from getting advice. Furthermore,
it allows us to track participant performance and to measure whether advice received was
used. Also, note that the incentive structure in the experiment is set such that participants
are rewarded for every task solved within a limited time period. We also manipulate the size
of incentives by manipulating the amount of money participants receive for each correctly
solved task. Section ?? describes the task in detail.



Manipulation of Advisor’s Race We manipulate the advisor’s race by presenting the ad-
vice in an online video with an advisor explaining a strategy how to solve the task before
the participants are asked to perform. In the video, a hand of the advisor appears at several
instances. The advisor’s skin color is either white or black. We use video post-production
techniques that allow us to manipulate the skin color of a Hispanic model. This ensures
that the skin color is truly the only difference between advisors. Put differently, all other
dimensions remain constant. This allows us to make unconfounded causal inference about
the effect of skin color on individual behavior. Section ?? describes treatment manipulation

and details of the randomization procedure in more detail.

Measurement of Advice Seeking Behavior To measure the extent to which the advisor’s
race affects participant’s advice seeking, we measure participant’s willingness to pay for
advice. Initially, participants only see a part of the video, a trailer. The trailer does not reveal
any information beyond stating the objective of the task. It also refers to the remaining video
that offers a strategy to solve the task. The participant then has a chance to pay for watching
the remaining part of the video using a Becker-DeGroot-Marchak (BDM) willingness to pay
elicitation method [??]. Section ?? describes this mechanism in detail.

Identification of Channels Our design allows us to study the channels through which
potential race-specific behavior occurs. We focus on two leading theories of discrimination:
taste-based discrimination [?] and statistical discrimination [??]. To separate both forms
of discrimination, we introduce a round 2 and an information treatment. We then study if
individuals choose white over black advisors (when they have a choice).

More specifically, round 2 is structures as follows: Participants see another trailer that
presents a faster strategy to solve the puzzle. We also inform participants that the strategy
is faster.* This trailer is presented by a new advisor and it is of the same video and voice
quality as the trailer in round 1. As in round 1, the advisor’s hand shown is either black or
white. Our design allows for all combinations of black and white advisors across the two
rounds.

Individuals can then choose one out of two advisors. This allows us to identify whether
individuals prefer black or white advisors. Specifically, we ask participants which advisor
they prefer: the first-round advisor or the second-round advisor (i.e., the advisor who pre-
sented the second-round trailer). To elicit this choice in an incentive-compatible way, we
use a three-stage procedure. First, we ask participants to rank the two advisors, allowing
for indifference. Second, we introduce the following lottery. With probability 95 percent

the new advisor from the second-round trailer will deliver the remaining video, and with

“Appendix ?? explains how we ensure that the second strategy is, indeed, faster.
PP P gy



probability 5 percent participants enter an additional lottery. The remaining video will be
delivered by the preferred advisor with a probability of 70 percent, and otherwise by the
non-preferred one.” Third, we elicit participants’ willingness to pay for the preferred ad-
visor in the case that the non-preferred advisor is drawn. For elicitation, we use the BDM
mechanism as in round 1. This procedure allows us to study counterfactual behavior of how
participants behave when being exposed to either their preferred or their non-preferred ad-
visor. In the real effort task, we measure the subjects’ performance and whether they follow
a strategy described in either of the two rounds.

To identify the extent of taste-based discrimination, we also introduce an information
treatment. Before individuals rank the advisors in the second round, a randomly selected
half of participants are informed that the two advisors use exactly the same script when
recording the video (emphasis added here, not in the instructions). We also inform them
that the contents of the two tutorials are identical, including the layout of the puzzle, the
steps taken to solve it, and the wording used to explain the strategy. As a result, partici-
pants’ beliefs about the quality of the second-round video should be independent of whether
it is presented by the first- and second-round advisor. Importantly, beliefs should be also in-
dependent of the advisors’ race. We then say that there is taste-based discrimination if
participants who, for example, can choose between a black first-round and a white second-
round advisor more likely prefer the second-round advisor compared to participants who
can choose between two white advisors. Put differently, we exploit the fact that the par-
ticipants may be randomly exposed to a black and or a white advisor either in round 1 or
round 2. Also, note that the experimental design offers a plausible deniability of partici-
pant’s preferences for an advisor of certain skin color. On an individual level, we can never
say whether the participant prefers an advisor because of the advisor’s skin color or because
of the (non-)familiarity with the advisor.

Section ?? describes the procedures and additional measures we collect, and Section ??

discusses the sampling procedure.

Measurement of Beliefs As previously explained, beliefs are important to discriminate
between statistical and taste-based discrimination. In round 1, we elicit how many puzzles
participants expect to solve in 5 minutes after having watched the full tutorial. Equivalently,
in round 2, we elicit how many puzzles participants expect to solve in 5 minutes after having
watched a tutorial presented by the first-period advisor or the second-period advisor. Section
?? describes the details.

SIf participants are indifferent between the advisors, we classify one of the advisors as a preferred one with
equal chance. The procedure then follows as if a preferred advisor was initially selected. Instructions clearly
mention this.



2.1 Task

The real effort task we use is a sliding tile puzzle (see Figure ?? for an example). The task
consists of a three-by-three grid, with eight numbered tiles and one space left empty. The
space allows the tiles to be moved around. The puzzle appears with the tiles placed in
an unordered way. The goal of the game is to rearrange the tiles into numerical order by
sliding them successively into the empty space. The puzzle is solved once the correct order
has been achieved. After that, the tiles are reshuffled again. The participant earns a piece
rate for each puzzle solved. In each round, participants have five minutes to solve as many
puzzles as possible.

The game has several important features. First, it is simple in appearance, and the goal
is easy to understand. Second, by setting equal starting positions of tiles in the puzzle
across all participants, we have perfect control over the difficulty of the task. Third, there
are various easy-to-learn strategies that differ in complexity. In the tutorials, the advisors
present such strategies. Participants benefit from following the strategies presented, as for
most individuals a sliding tile puzzle is quite difficult to solve without any guidance.® Hence,
the choice not to watch a video is costly. The costliness further varies with the piece rate
that we also manipulate in our design. Fourth, the puzzle has a unique solution and hence
a simple count of puzzles solved within a given time frame can be used as a measure of
overall performance. Lastly, we can measure whether individuals follow a strategy that
was presented by an advisor. From unique consecutive patterns in the data, we can infer if
individuals used either of the presented strategies. In summary, we measure as outcomes
each participant’s performance, and whether the participant used one of the two strategies

presented by the advisors (see Section ??).

Figure 1: Sliding tile puzzle

®We conducted a pre test in which participants solved puzzles (a) after having watched the full tutorial
and (b) without having watched the full tutorial. In ten minutes, participants who did watch the full tutorial
were, on average, able to solve 7.4 (9.5) puzzles in the first (second) round. Without the full tutorial, they
solved 3.4 (4.6) puzzles less in the first (second) round.



Figure 2: Skin color manipulation using post-production video techniques

(a) Black hand (b) White hand

2.2 Treatments

Skin color We create two types of videos, a trailer and a main video. The main video ex-
plains one of the two strategies that can be used to solve the slider tile puzzle intuitively and
efficiently. The second-round main video explains a faster way of solving the task relative
to the first-round main video.

We reveal the skin color of the advisor in the trailer videos. These videos are 30 second
long clips that start with a close-up of a screen where the slider tile puzzle is presented.
Several seconds after the start of the video, a hand of the advisor enters the screen and
points at the slider, explaining that this is the task that the participant will be solving and
also the puzzle’s goal. The hand then also hovers over the puzzle when explaining how the
task works (i.e., what moves are possible). At the end of the trailer the advisor explains that
he would present a strategy how to solve the puzzle in the main video.

To produce the videos, we recruited two male actors of Hispanic origin, around 30 years
old. Both actors followed strict instructions that prescribed their hand movement and we
recorded a version of a trailer video for both rounds with both actors. A post-production
company then manipulated the skin color using special video techniques to produce equiva-
lent white and black hands. Importantly, all videos used in the experiment show hands with
manipulated skin color (i.e., the hands’ original skin color was made lighter for the videos
featuring the ‘white’ hand and made darker for the videos featuring the ‘black’ hand. To
remind participants of the treatment, the hands also appear shortly at the beginning of the
main videos. See Appendix ?? for a detailed summary of how the videos were produced.
Figure ?? presents a screenshot of the videos for one of the actors. Sub-Figure ?? shows a
black skin color transformation, while Sub-Figure ?? shows a white skin color transforma-
tion.

As mentioned previously, out experiment consists of two rounds. In each round, the par-
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ticipants are exposed to a different hand. We randomly assign the two actors across rounds.
When producing the videos, we recorded two different voices, one with a white US native,
and one with a black US native.” The voices are randomly assigned to the videos across
rounds. We allow for all skin-color and voice combinations across the two rounds. Table
?? summarizes the resulting 16 combinations. Importantly, in round 1, the combination of
actor, skin color and voice is the same between trailer video and full tutorial. In round 2,
however, subjects make choices that affect which of two advisors they have seen (first-round
advisor and advisor from the second-round trailer video) presents the full tutorial (for de-
tails, see section ??). Therefore, Table ?? refers to the random assignment of actor, skin

color and voice in the trailer videos.

Table 1: Treatment allocation

Round 1
Black / White B w

Actor 1 2 1 2

Voice 1 2 1 2 1 2 1 2

Round 2

Black / White B W
Actor 2 2
Voice 2 2

W B W
2.1 1

B W
2 1
1 2

= =

W
1
1

1 2 2

Notes: This table describes the full set of 16 possible combinations of skin colors, actors, and
voices used across rounds 1 and 2. B stands for black, W stands for white. The numbers repre-
sent different actors and voices. The highlighted light grey cells show an example representing
treatment combinations in which participants are exposed to an advisor of different skin color
in round 2, while sharing the common round 1 treatment history (actor 2 with black skin color
and voice 1).

Also, note several further features of our design. First, the allocation of hand types and
voices is orthogonal to the skin-color treatment, the main variation of interest. Second, the
participant neither faces the same actor with a different hand color nor two different actors
with the same voice across both rounds. Third, we designed the study such that we can
observe round 2 participants who shared a common round 1 history (say, an actor 2 with
voice 1 and a black skin tone; highlighted in Table ??) but face a different skin color in
round 2 (an actor 1 with voice 2 and with either black or white skin tone). This feature

allows us to make causal claims about round 2 behavior.

’In a separate survey with 100 mTurkers, we testwhether the participants perceive the hands as “naturally”
looking. Specifically, we present still frames to subjects and ask subjects 1) to describe the hands, 2) to guess
the race of the respective person, and 3) to state whether or not they believe the skin color of the hands
presented was manipulated ex post. To each subject, we present two different randomly selected hands.
In contrast to the experiment, we draw from a set of hands not only containing the four hands used in the
experiment, but also equivalent still frames of the two hands with original skin color. This allows us to also test
whether subjects are more likely to perceive as manipulated the skin color of the hands used in the experiment
relative to hands without any manipulation.
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Piecerate Orthogonally to changing advisor’s skin color, we also randomly manipulate the
piece rate for each completed puzzle. In the the low piece rate treatment, participants earn
$0.5 for each completed task. In the high piece rate treatment, the piece rate is $1. This
allows us to manipulate the costs of discrimination and estimate how participants respond
to it.

Information Orthogonally to the skin color and piece rate treatments, we randomly ma-
nipulate the information we provide to individuals in round 2, before they are asked to
rank the advisors. In the information treatment—on top of instructions how to rank the
advisors—we tell participants that "when recording the tutorials, both instructors followed
the same script. Therefore, the contents of the two tutorials are identical, including the lay-
out of the puzzle, the steps taken to solve it, and the wording used to explain the strategy."
We implement this treatment to shut down any remaining differences in beliefs about the
quality of the advice. This allows us to separate taste-based discrimination from statistical
discrimination.

2.3 Willingness to Pay Mechanism

Round 1 In round 1, we ask participants to state their willingness to pay for the video.
The elicitation mechanism we use motivates participants to report their true willingness to
pay, as misreporting leads to a utility loss. The mechanism works as follows. On top of the
show up fee, we add an extra $1 to participants’ endowments. The participants can use any
amount of this additional money to pay for the full video (x). They can do so in increments
of $0.01. To set the exact maximal price they are willing to pay, they use a slider bar on
their screens.

The computer randomly draws a price p, ranging from $0.00 to $1.00. If x > p, the
participant pays p and watches the full video. If x < p, the participant pays nothing but does
not have access to the full video. Instead, the participant would watch an uninformative
video showing fish swimming in the sea. The probability of drawing a price of O is set at
95 percent, and each other price in increments of one cent up to $1.00 has a remaining
positive probability following a uniform distribution. The instructions say that each price is
drawn with a positive probability. We do not inform participants about the true underlying
probability distribution.

By comparing the willingness to pay between individuals in the black and white treat-
ments, we obtain a measure for individuals’ willingness to discriminate.

Round 2 In round 2, after watching the trailer, participants are promised to see the full
video for sure. This time, they are asked to choose between two advisors: the first-round

12



advisor, referred to as the "first instructor", or the advisor they have just seen in the round-
two trailer, referred to as the "second instructor." The selection works as follows:® Participants
are first asked to rank the two advisors or to indicate indifference. Participants then enter
a lottery that determines which advisor is selected. With probability 95 percent—unknown
to the participants who only know that the probability is positive—the second advisor will
present the full tutorial (case 1). With the remaining probability of 5 percent, they enter an
additional lottery (case 2). Here, the main video will be delivered by the preferred advisor
with a probability of 70 percent—known to participants—and by the non-preferred advisor
otherwise. Hence, the participants’ ranking of the advisors matters in expectation.” Finally,
participants are asked how much they would be willing to pay to get the preferred advisor
in case the non-preferred advisor would be selected by the lottery in case 2. We elicit the
willingness to pay using the same Becker-DeGroot-Marschak mechanism as in round 1.1° In

this round, however, we draw the price p from a uniform distribution.

2.4 Experimental Procedures

A summary of the timeline is presented in Appendix ??. The sequence of events in round 1 is
as follows: After a participant enters our website, general instructions appear. Participants
login using their MTurk worker ID and give informed consent. Next, participants fill out a
short demographic survey used for stratification purposes. Conditional on their responses,
participants are assigned to skin color, piece rate, and information treatments.

After completing the survey, participants are redirected to the next page with general
instructions, and a timer is switched on. New pages load automatically when the time
for a previous page runs out. Therefore, all participants proceed at exactly the same pace
regardless of their choices, keeping the opportunity cost of time fixed. Furthermore, as an
attention check, we also measure whether the participant has the tab with the experiment
open in his or her browser, and if not, when and for how long this is the case.

As part of the instructions, participants are informed about the general procedures, and
the sequence of the experiment (see Appendix ?? for instructions). They learn that they
will 1) see a trailer, 2) be asked for their willingness to pay for the full video that they then
3) either watch or not, and 4) solve the task. They also learn that a similar sequence of
the four steps will be repeated in a second round. The instructions also explain how the
payoff is calculated. Participants learn that only one randomly selected round will be payoff

relevant.

8Participants are first informed about how the full elicitation mechanism works, and then make their
choices.

°If participants are indifferent between both advisors, the advisors are assigned with equal probabilities.

102 uses a similar method to elicit willingness to pay for a commitment device.
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The individual payoff is calculated as the $4 show-up fee (called reward), plus the bonus
payment earned for solving the tasks at a given piece-rate ($0.5 or $1), plus the additional
endowment of $1 for the willingness to pay procedure, minus the price drawn by the will-
ingness to pay elicitation mechanism (if the stated willingness to pay is higher than the price
drawn).'!> 12 Of course, only values for the payoff relevant round are considered.

After having read the instructions, participants see the first-round trailer. Then, we elicit
participant’s willingness to pay for the full tutorial. Conditional on the price drawn and the
stated willingness to pay, participants are either redirected to the main video (vast majority)
or to the uninformative video. After participants have stated their willingness to pay, a
short survey elicits beliefs about the expected number of tasks solved when watching the
full trailer or the entertainment video. Subsequently, participants have the possibility to
evaluate the advisor (see Subsection ??)."® In the next step, participants are redirected to
the actual sliding tile puzzle task and work on it for five minutes. We record all the moves
the participant makes. This allows us to classify the strategies used by the participant.

The entire sequence is repeated in round 2, with one main difference: Participants now
choose between the two potential advisors using the willingness to pay method described in
Section ??. Furthermore, the belief question after stating the willingness to pay now elicits
beliefs about the expected number of tasks solved conditional on watching either of the two
advisors.

At the very end, we administer another short survey on basic demographics, political
party affiliation, general experience with the sliding tile puzzle, characteristics of both ad-
visors, and own assessment of strategy use in the slider tile puzzle task across rounds (see
Subsection ??). In the last step, the payoff-relevant round is selected, participants are in-
formed about the total amount earned, and the experiment concludes after participants
copy a unique completion code that appears at the last page of the experimental website
back to MTurk.

Several weeks after completing the HIT, participants are invited to take part in another
HIT. In this HIT, participants complete a version of a race implicit association test [?], a
method widely used in social psychology. It assumes that the strength of individuals’ asso-
ciations between pairs of concepts correlates with the speed with which they can classify
the concepts in a rapid categorization exercise. In our case, participants classify images of

black and white faces with positive and negative words. As a measure of implicit bias, we

1 An average HIT on MTurk requiring a minute of the user’s time pays 5-10 cents, which corresponds to an
hourly wage of $3-6. Because there seems to be a positive correlation between payment and data quality, we
decided for paying above the average wage.

12participants also learn that the advisor is not paid the money they give up using the willingness to pay
mechanism. This shuts down a confounding channel of social preferences, such as altruism towards the
advisor. This is relevant if participants form beliefs about the advisor’s income or wealth.

Bparticipants who do not watch the full trailer have an option to reveal that they did not watch the trailer.
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use the D-score calculated as in ? (see Subsection ??).

2.5 Sampling

Subject Pool: The participants are recruited via MTurk. MTurk is an online web-based
platform for recruiting and paying subjects to perform tasks that require human effort. As
highlighted by ?, more and more social scientists exploit this online environment for con-
ducting surveys or experiments. And according to an article in The Economist, MTurk is so
popular amongst psychologists that “[it] is transforming the science of psychology.”** Re-
cently, the Pew Research Center also documented the increasing importance of MTurk as
data source [?]. The center conducted a study highlighting that in one representative week
in 2015, 36% of the unique requesters were either graduate students, professors, or other
academic groups. That was somewhat more than the 31% for businesses. Thus, by now,

many workers are familiar with participating in various academic studies.

Sample Characteristics: According to ?, the participant population is about 7,300 indi-
viduals. The following table shows the characteristics of the ? sample. Because they also
focus on the US and because we plan to use a similar sampling strategy, we expect to get
a similar sample. The table also compares the summary statistics to a nationally represen-
tative sample of US adults contacted by a Columbia Broadcasting Company (CBS) poll in
2011 and the American Life Panel (ALP).

TABLE 1—SUMMARY STATISTICS AND COMPARISON TO OTHER POLLING AND ONLINE DATA

mTurk sample CBS election poll American Life Panel

(1) (2) 3)
Male 0.428 0.476 0.417
Age 35.41 48.99 48.94
White (non-Hispanic) 0.778 0.739 0.676
Black 0.0756 0.116 0.109
Hispanic 0.0444 0.0983 0.180
Other racial /ethnic group 0.0759 0.0209 0.0410
Employed (full or part) 0.465 0.587 0.557
Unemployed 0.123 0.104 0.103
Married 0.397 0.594 0.608
Has college degree 0.433 0.318 0.309
Voted for Obama 0.675 0.555 0.559
Political views, 2.176 1.586

conservatives (1) to liberals (3)

Observations 3,741 808 1,002

Notes: This table displays summary statistics from our mTurk omnibus surveys in column 1 along with (weighted)
averages based on a 2011 CBS news survey in column 2 and RAND’s online American Life Panel (ALP) in col-
umn 3. We are grateful to Ray Fisman for providing us with summary statistics from the ALP.

14See “The Roar of the Crowd” (The Economist, May 26, 2012). Also economists started to recruit subjects
through MTurk. See ?, 2, ?, and ? for prominent examples.
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Recruitment: We recruit participants, called workers on MTurk, for a scientific study on
e-learning. Figure ?? in the Appendix shows the description on MTurk. While participants
know that we conduct a study, they are not aware of discrimination in seeking advice being

the true purpose of the study. This gives us a natural setting to study the effect of race.'®

Sampling Restrictions: Our sample restrictions are as in ?: First, our study is only ac-
cessible to workers who are US residents.!® Second, to exclude robots, only workers with a
completion rate of at least 90 percent were allowed to take the survey. Third, to improve the
quality of our data, we focus on individuals who completed at least 100 HITs.'”>!® Fourth,
we tell participants that payment is contingent on completing the study and providing a pri-
vate key visible only at completion. In case we run out of participants, we will relax these

sample restrictions.

Stratification: We stratify the treatment allocation by participants’ race (black, white,
other), education (no college degree, some college degree or higher), and state (South,

other) following the US Census classification).

2.6 Power calculations

To detect an economically meaningful effect of 0.15 of a standard deviation at a 10 per-
cent significance level with power of 80 percent, we would require an overall sample of
1100 individuals. Using the data from the pilot study with 32 individuals, this would
correspond to detecting an effect of $0.06 for the willingness to pay in round 1 (WTP1;
mean=0.48, SD=0.37), an effect of $0.04 for the willingness to pay in round 2 (WTP2;
mean=0.20, SD=0.30), and an effect of 0.52 for the number of puzzles solved in round 1
(NP; mean=4.28, SD=3.49). The figure below presents power calculations for two-sample
means comparison t-tests for a range of parameters for a variable following a standard nor-

mal distribution.

15This distinguishes our work from standard correspondence experiments in the line of ?. Other studies that
also exploit natural settings are ?, ?, and ?.

16Workers whose IP addresses are not consistent with our country location settings are prevented from
participation.

17To prevent workers to participate multiple times, we block each participant’s IP addresses after partici-
pation. Further, we use the “hyperbatch” option of the company “CloudResearch” that allows us to launch
our study in batches of 9 in parallel, as opposed to one after the other. The hyperbatch option automatically
ensures that (a) individuals can participate only in one of the offered HITs and (b), at the same time, enables
us to allow many participants to take your study at once.

18We exclude all participants who do not pass a simple comprehension check at the page presenting in-
structions for the experiment. This feature is aimed at excluding autonomous programs, or bots, that could
contaminate our data.
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Estimated power for a two-sample means test

ttestassuming 0, =0,=0
H,: 1, =M, versus H: W, #p,
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Since the other primary outcome we consider is an ordered categorical variable, we
cannot use a simple means comparison. Instead, we follow ? and show that given a sample
of 1100 individuals, a 10 percent significance level, and power of 80 percent, we would
be able to detect a "reference improvement" of approximately 0.05. To illustrate what this
means, consider our data from the pilot. The share of individuals choosing option 1 ("I
prefer the first instructor to the second instructor") was 40.6 percent, the share of individuals
choosing option 2 ("I prefer the second instructor to the first instructor") was 28.1 percent,
while the remainder of the sample was indifferent (option 3). The proposed sample would
allow us to detect a distribution of 47.5 percent choosing option 1, 22.8 percent choosing
option 2, and the remainder of the sample being indifferent, and similar. I.e. an effect of a

shift of approximately 6 percentage points in either direction.

3 Empirical Analysis

In this section, we specify how we will analyze our data once they are available. All the
results will be reported in the paper or the Appendix. To further explore the relationships
that emerge from our registered regressions, we anticipate running additional specifications.

In these instances, we will follow ? and label the associated results as non-registered in the
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paper.

3.1 Randomization Checks and Other Design Checks
3.1.1 Test for Balance

We will test for treatment balance along all the available strata variables (see Subsection ??)
and individual characteristics elicited in the final survey (see Subsection ??). We proceed
in several steps:

e Considering each strata variable and each individual characteristic as a separate out-
come variable, we regress this outcome on a full set of treatment dummies. Each treat-
ment has the attributes: advisor round 1 [black hand, white hand], advisor round 2
[black hand, white hand], piece rate [low, high], information [no, yes]. We, hence,
consider 2* = 16 treatments. We include 15 dummies in our regressions. A F-test for
joint significance will then presented for each regression. We expect that all coeffi-
cients are jointly statistical insignificant.'?

e We will also follow the suggestions of ? and ? and use a test of standardized dif-
ferences to analyze covariate (in)balance. ? highlight that a standardized difference
greater than 20 is “large” and points to imbalances. Given the high number of poten-
tial comparisons, we focus on our main comparisons: black vs white hand round 1;
black vs white hand round 2; low versus high piece rate; no information vs informa-

tion.

3.1.2 Attrition Checks

We also test for systematic attrition in several steps.

e We will check whether strata variables of individuals who do not complete both rounds
are comparable to those of individuals who complete the study. For that purpose, we
will consider standardized differences.

e We regress an indicator A; for individuals i who have completed both rounds on the
vector of strata variables. This will inform us about whether subjects from specific
strata are more or less likely to attrit.

e We use probit and OLS models and regress A; on the full set of 15 treatment dummies.

We then use F-tests to test if all coefficients are jointly insignificant.

9By insignificance we understand p-values exceeding 0.1 throughout this document.

18



3.1.3 Manipulation Checks

We test to what extent the participants’ beliefs about the advisors’ race is manipulated by the
skin-color treatment. As part of the final survey, we ask if participants remember (a) the first
advisor’s race (Caucasian: yes, no, don’t know; African American: yes, no, don’t know) and
(b) the second advisor’s race (Caucasian: yes, no, don’t know; African American: yes, no,
don’t know). From this information, we create two dummy variables. The first indicates
that a participant correctly remembered the race of the first advisor (FAC). The second
indicates that a participant correctly remembered the race of the second advisor (SAC). We
also construct a dummy variable for subjects who remember the first advisor’s skin color as
black (FAB), and a similar dummy for the second advisor (SAB). Using these indicators, we
perform the following manipulation checks:

e We expect FAC and SAC to indicate imperfect manipulation and use binomial tests
to test the hypothesis that at least 95 percent of all individuals were correctly manip-
ulated. In case we reject the null hypothesis, we will run the following regressions:
First, we will regress the indicator for subjects who state that they remember the first
advisor as being black, FAB, on an indicator for treatments featuring a black advisor,
B.?° Similarly, we will regress the indicator for subjects who state that they remember
the second advisor as being black, SAB, on an indicator for treatments featuring a
black advisor in the second round (WW and WB).

e Considering both variables indicating correct beliefs about the advisor’s race (FAC and
SAC) separately, we will also regress the respective indicator on a dummy B indicating
that the advisor was indeed black (OLS and probit models). From this analysis, we
will learn if reporting mistakes depend on an advisor’s race. We also regress FAC and
SAC on the 15 previously mentioned treatment dummies, and use a F-test for joint

significance.

3.1.4 Check if Information Treatment Equalizes Beliefs

We test whether our information treatment is able to equalize participants’ second-round
beliefs about their performance under the first-period and the second-period advisor. See
Subsection ?? for variable definitions.
e We first consider the dummy variable DB2, which takes a value of one if the believed
performance under the first-period advisor equals the one under the new advisor.
Focusing on participants in the information treatment only, we also use binomial tests

to test the hypothesis that 90 percent of all individuals were correctly manipulated.

20For subjects stating that they do not remember the advisor’s race, the indicator will be coded as missing.
These individuals are excluded from the main analysis.
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e Considering observations in the information and no information treatments, we also
regress DB2 on (a) a dummy B indicating that the advisor was black, (b) a dummy
I indicating whether an individual received the information treatment, and (c) an
interaction term between B and I (OLS and probit models). From this analysis, we
learn whether our information treatment tends to equalize participants’ beliefs and
also how this effect depends on an the advisor’s race. We also regress DB2 on the 15
previously mentioned treatment dummies and use a F-test for joint significance.

e To further study the structure of how our information treatment impacts beliefs, we
consider an additional outcome BD2. This variable is defined as the difference be-
tween the expected performance under the second-round advisor and the new advi-
sor. We then regress DB2 on the 15 previously mentioned treatment dummies and

use a F-test for joint significance.

3.1.5 Check for Voice and Actor Effects

The advisor’s voice and aspects of the advisor’s hand other than skin color could impact
individuals’ choices and behaviors. To test for this possibility, we will estimate versions of

our main specifications (outlined in Subsection ??) that control for voice and hand dummies.

3.1.6 Instructional Manipulation Checks

Our design also implements a standard instructional manipulation checks [?], measuring if
participants pay attention to instructions. More precisely, when presenting our experimen-
tal instructions, we ask participants to answer a single survey question.>! However, in the
instructions explaining the basics of our study, we request participants to ignore this ques-
tion. Instead, regardless of what the true answer is, we ask them to fill in a specific number.
Participants who do not fill in this number will be excluded from the rest of the study; i.e.,

we will not collect further data for these individuals.

3.2 Treatment Effects

Research Questions: Using simple treatment comparisons, our design allows us to ex-
amine the following topics that correspond to our research questions defined in Subsection
??:
Primary research questions:
1. How does the advisor’s race impact individuals’ advice-seeking and advice-utilization
behavior?
2. How does the advisor’s race affect individuals’ performance?

21The question is: “How many MTurk HITs have you ever participated in?”
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Secondary research question:

3.

Through which channels does the advisor’s race impact advice seeking?

Estimation Strategy: In this paper, we apply a regression-based estimation approach of

treatment effects. We choose the estimator according to the type of outcome.

If the outcome is continuous, we use OLS.

In the case of binary outcomes, we estimate linear probability and probit models.

In the case of count data (e.g., number of puzzles solved with advisor’s strategy), we
use OLS and Poisson models.

If the outcome is fractional (e.g., share of puzzles solved with the strategy proposed
by the advisor), we use OLS and also follow ?.

If the outcome is ordinal, we estimated ordered logit models.

In the case of categorically distributed dependent variables, we estimate multinomial
logistic or conditional logit regressions (whatever is appropriate).

When analyzing the individuals’ preference for the second-round advisor (preference
for first-period advisor, second-period advisor, or indifference), we will use a rank-
ordered logit model allowing for indifference between the two options [?].

If we consider multiple outcomes that measure a similar construct, we follow ? and
calculate average (standardized) effect sizes across multiple outcomes. We also report

OLS results for each equation.

Some further estimation details are as follows:

If we find that many individuals are inattentive to the advisor’s race (i.e., they falsely
report the advisors’ race), we also estimate LATEs using 2SLS models. Particularly,
in this case, we construct an indicator taking a value of one if an individual reported
that the advisor is black. We then instrument this variable with our treatment dummy
B to obtain the LATE.

We will also perform mediator analyses in our paper. We follow the methodology
developed in ?, ?, and ?. In particular, if we can precisely control mediators, we
apply the estimator developed for the parallel design [?]. Otherwise, we use a 2SLS
approach and also estimate bounds using the non-parametric approach for binary

mediators developed in ?.

Inference: We use Huber-White standard errors. Whenever appropriate, we will cluster

standard errors at the individual level. In addition, we will also use randomization inference

to test the exact null of no treatment effect [??]. The tests will use 1000 random draws. In

some specifications, we will estimate effects of more than one treatment on our outcomes
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or we examine multiple outcomes. In these instances, we correct for multiple hypothesis

testing along the lines of the method proposed by ?.

3.2.1 Topic 1: Advisor’s Race and Behavior to Seek and Utilize Costly Advice

Our first goal is to analyze how an advisor’s race impacts an individuals advice-seeking and

advice-utilization behavior (Research question 1, see subsection ??). We proceed as follows:

Outcomes: We consider four types of outcomes, two primary and two secondary:

Primary outcomes:

e To measure costly advice seeking, we consider an individual’s willingness to pay for
being advised by the first advisor (W TP1). This outcome is collected in round 1 only.
See Subsection ?? for further details.

e Our design also includes variables to measure from whom individuals tend to seek
advice, which are measured in round 2 only. See Subsection ?? for a description of
how the variables are constructed.

— IR indicates whether individuals (a) prefer the first-period advisor, (b) the second-
period advisor, or (c) are indifferent.
— DI2 takes a value of one if individuals indicate a preference for the second-period

advisor (and zero otherwise).

Secondary outcomes:

e We use three variables to measure whether and to what degree individuals utilize
advice. See Subsection ?? for further details.

— To study the extensive margin of whether an individual utilizes advice, we con-
sider dummy variables which take a value of one if an individual solved at least
one puzzle with the strategy proposed by the advisor. We construct two dum-
mies: US1 and US2. US1 (US2) indicates that a participant used the strategy
explained by the first (second) advisor. We will consider both dummies when
analyzing data from each of the two rounds.

— To study the overall effect on advice utilization, we study the number of puzzles
solved with the strategy proposed by the first advisor (NS1) and second advisor
(NS2). These measures potentially reflect a higher performance due to advice
utilization. We will consider both variables when analyzing data from each of
the two rounds.

- To study performance-adjusted advice utilization, we consider the share of all

completed puzzles solved with the strategy proposed by the first advisor (FS1)
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and the second advisor (FS2). We will consider both variables when analyzing

data from each of the two rounds.

e We also include a further secondary outcome measuring from whom individuals tend
to seek advice in round 2. See Subsection ?? for a description of how the variable is

constructed.

— WTP2 measures the second-round willingness to pay for being advised by the
preferred advisor given that the less preferred advisor has been selected by the
mechanism. As subjects state their willingness to pay for either the first-round
or the second-round advisor (conditional on their previous ranking of the two),
we make a linearity assumption and define WTP2 as being equal to an indi-
vidual’s stated willingness to pay for being advised by the second advisor if the
second advisor is preferred (W TP2), and equal to minus the individual’s stated
willingness to pay for being advised by the first advisor if the first advisor is pre-
ferred. WTP2 thus measures the willingness to pay for being advised by the

second-round advisor.

Sample Round 1: We restrict the sample to individuals who completed both rounds of the
experiment. We also exclude individuals who failed to answer our attention check correctly.
Furthermore, we only use observations for whom a zero price was drawn by the willingness
to pay mechanism in the first round, and for whom the stated preference over advisors does
not play a role in the second-round mechanism (95% probability to get the new advisor,
irrespective of own preference). Lastly, we exclude individuals who responded to final sur-
vey questions on remembering advisor’s race with the option "I did not see the video or I
don’t remember" (for both FS9 and FS12 defined in subsection ??). The sample consists of

round 1 data only.

Sample Round 2: We use identical sample restrictions as for round 1 data. The only

difference is that the sample consists of round 2 data only.

Quantities of Interest: Everybody in a treatment group is exposed to a treatment pre-
sented on the website. We, hence, are confident that we are able to identify average treat-
ment effects (ATESs) for the population of MTurk workers. However, as described previously,
our experimental design includes manipulation checks. After the experiment, individuals
will be asked about the advisors’ race (FS9 and FS12 defined in subsection ??). In case we
find evidence for imperfect manipulation, we will, instead, estimate local average treatment
effects (LATEs).
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Main Specification Round 1: Our main regression for first-round data is:
Yi=Po+B1 Bi+X;-v+e, (D

where Y, reflects the dependent variable for individual i in round 1. The dependent variables
are specified as defined previously. B; indicates whether individual i is part of the black-hand
(B; = 1) or white-hand (B; = 0) treatment in round 1. As it is common in the literature
evaluating randomized controlled trials, we also include the vector of strata variables as
controls (X;).??

Example: Consider the case in which Y; reflects the willingness to pay for advise from
the first advisor. Given that (a) we randomly assign the skin-color treatment and (b) the
variation of the hand types and voices is orthogonal to the main treatment, ﬁAl < 0 would

indicate that individuals have a lower willing to pay for advice from black advisors.

Main Specification Round 2: Our main regression to analyze second-round data is:

E:ﬁo+ﬁ1'3m+ﬂ2'wm+ﬁ3'WBi
+1; X (B4 + Bs - BW; + Bg - WW, + 3, - WB;) (2)
+X; -y +e,

where Y; refers to one of the round-two outcomes, WW,; = 1 indicates the treatment in
which the first and second advisors are white (otherwise WW, = 0), BW; = 1 refers to the
treatment in which only the second advisor is white, and WB; = 1 reflects the treatment
in which only the first advisor is white. I; = 1 indicates that a participant i receives the

information treatment, and X; again indicates the vector of strata variables.??

Further Specifications: We also estimate the following variants of model (??) and (??):
1. Models with different sets of control variables (round 1):

e The first variant will not include any control variables.

e The second variant will account for an extended set of controls including the
strata variables and in addition dummies obtained from participants’ responses
to questions in the final survey (see Subsection ?? for details). In particular, we
include a gender dummy FS1, age dummies constructed from FS2 (defined by
predefined age categories), a dummy that measures whether individuals already
knew how to solve the sliding puzzle before participating in the HIT FS6, and a

221n our main specification, we pool over our piece rate treatments.
23When studying performance outcomes, we will also consider regressions which analyze pooled skin color
treatments (WB and BB vs. WW and BW).
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dummy for whether or not a participant is born in the US constructed from FS3.
On top of that, instead of including the binary location dummy, it includes state
dummies.
2. Fixed-effects specifications: When studying the overall effect on advice utilization,
we can further increase statistical power by estimating fixed-effects specifications. In
particular, we will estimate the following regressions (round 1):

Yip=Bo+ 1 Bi+X;-v+7,+¢,

and (round 2):

Y, =Bo+ By BW;+ - WW, + ;- WB;
+1; X (By+ Bs - BW; + B - WW, + 3, - WB;)

T T, T &)

where Y; , is a dummy indicating whether individual i solved puzzle number p using
the strategy proposed by the first (or second) advisor. 7, represents a puzzle fixed
effect.

3.2.2 Topic 2: Advisor’s Race and Advisee’s Performance

Our second goal is to estimate how the advisor’s race impacts the participants’ performance

(Research question 2, see subsection ??). We, again, consider both rounds separately.

Sample Round 1: We use the same sample restrictions as in Subsection ??. Again, we fo-
cus on individuals for whom the willingness to pay mechanism randomly draws a zero price.
This design element ensures that there is no self-selection of participants into watching the
full tutorial. Put differently, conditional on a price of zero, the allocation of participants
into the black-hand and white-hand treatment is still random. We can, hence, study the
causal effect of how the advisor’s race impacts the participants’ performance, independent
of her willingness to pay for the full tutorial. We again focus on first-round observations

and individuals who complete both rounds.
Sample Round 2: We use the same sample restrictions as in Subsection ??.

Outcomes We consider several performance measures (see Subsection ?? for details):

Primary outcomes:
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e To measure the participants’ overall performance, we consider the number of solved

puzzles as an outcome variable (NP).

Secondary outcomes:

e To measure the participants’ productivity, we use the completion time per puzzle (CP).

e To measure the participants’ puzzle-solving efficiency, we count the number of moves

used to solve the puzzle (NM).
Quantities of Interest: Similar to Subsection ??.

Main Specifications Round 1: We will present evidence from two types of main speci-
fications. First, to analyze effects on participants’ overall performance NP in round 1, we
will estimate regressions in the spirit of equation (??). Second, to estimate impacts on
participants’ first-round productivity (CP) and efficiency (N M), we consider the following
specification:

Yi,p:[50+/‘31'Bi+Xi'Y+Tp+8i,pa (3)

where X; again stands for strata controls, and 7, is a puzzle-specific fixed effect.

Main Specifications Round 2: We will present evidence from two types of main speci-
fications. First, to analyze effects on participants’ overall performance NP in round 2, we
will estimate regressions in the spirit of equation (??). Second, to estimate impacts on par-
ticipants’ second-round productivity (CP) and efficiency (NM), we consider the following

specification:

Y, =Bo+ By BW;+ - WW, + ;- WB;
+1; X (By + Bs - BW; + - WW, + 3, - WB;) 4

+Xi v +1,+6,.

Further Specification: We will also consider two types of further specifications. Models
with different sets of control variables: For models (??) and (??), we will present specifica-
tions with and without control variables as described in Subsection ??.

3.2.3 Topic 3: Channel Through which Advisor’s Race Impacts Selection of Advisor

We also study through which channels the advisor’s race impacts advice-seeking behavior

(secondary research question). We focus on two types of explanations. First, participants
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might dislike black advisors, meaning that they have a taste for discrimination in advice
seeking. Along these lines, individuals may prefer to seek advice from white advisors to
avoid interactions with black advisors. Second, individuals might expect to perform worse
under black advisors, resulting in a lower willingness to pay for advice from black advisors
and/or a lower preference for watching a tutorial given by a black advisor. We label this
type of behavior as statistical discrimination in seeking advice.?* To separate both types
of effects, we exploit an experimental design that allows us to identify causal mechanisms

along the lines of ?. We draw on standard methods of mediation analysis [see, e.g., ?].

Sample Round 2: We analyze the channels using second-round behavior (participants
decide between advisors only in the second round). The sample restrictions are as described

in Subsection ??.

Outcomes: To explore this secondary research question, we consider two outcomes.
e DI2: Dummy indicating preference for second advisor.
e WTP2: Transformed willingness to pay for being advised by preferred advisor. See

Subsection ?? for further details.

Mediator: Our mediator of interest is the expected number of solved puzzles in the second
round, conditional on being instructed by the second advisor (B2). See Subsection ?? for
further details.

Quantities of Interest: To identify the channels, we estimate three types of quantities [?]:

1. The average treatment effect (ATE) of the skin-color treatments.

2. The average direct effect (ADE) of the skin-color treatments.

3. The average causal mediation effect (ACME) of the skin-color treatments.
To see why these quantities are of interest, we highlight that statistical discrimination can be
understood as a causal process: An advisor’s race in round 2 (treatment) causally impacts
participant’s ranking of the first-round and new advisor (outcome) through a mediating
variable (belief about own performance under both advisors).>> The analysis of statistical
discrimination is one that aims at identifying the average causal mediation effect (i.e., the

effect of a treatment that runs through a mediating variable). In a similar vein, taste-based

240ne explanation for this type of discrimination is that participants might use the advisor’s race as a proxy
for her unobserved ability of giving useful advice. Another possible explanation is that participants may believe
in certain barriers limiting the effectiveness of cross-racial giving and/or receiving advice.

%5 As an example, consider two of our treatments: The one in which the first and second advisors are white
(WW) and the one in which only the first advisor is white (WB). In this case, being confronted with a black
advisor in the second period may negatively impact a participant’s belief about her performance under the
second advisor (compared to the scenario in which the second advisor is white) which, in turn, may result in
a lower ranking of the second advisor in the WB treatment in round 2.

27



discrimination in advice seeking can be understood as a direct effect of the skin-color treat-
ment on the outcome, which is not transmitted through beliefs.2® Thus, our inferential goal
is to decompose the total causal effect of our race treatment (ATE) into the indirect effect
(ACME), representing statistical discrimination, and the direct effect (ADE), representing
taste-based discrimination.

Main Specifications Round 2: The following estimation strategy assumes that the infor-
mation treatment equalizes beliefs (along the lines of our tests outlined in Subsection ??).
In this case, our estimation strategy proceeds in several steps: First, we use specification
(??) to estimate the ATEs on DI2 and WTP2. Second, focusing on observations in the in-
formation treatment, we follow ? and identify the average direct effect (ADE) of the BW

treatment (relative to the BB treatment) as:

ADEy,, = J{E(KlBBi =0,BW;=1,WW,;=0,WB; =0,B2, =b,; =1)
(5)

—E(Y;|BB; =1,BW; =0,WW, =0,WB; =0,B2, = b,I; = 1)}dFBzi|1i=1(b)s

where B2, refers to a participant’s belief about her performance under the second advisor
and b is one particular level of beliefs. We, hence, estimate the ADEg,, by computing the
differences in the mean outcomes between the BW and BB treatments for each value of the
mediator, and then average these values over the observed distribution of the mediator.?”
The basic idea behind this estimation strategy is as follows.?® First, given that indi-
viduals in both treatments face similar treatment histories in the first period, the expected
second-round performance under the first advisor should be, on average, the same across
both treatments. Second, if our information treatment successfully eliminates belief differ-
ences between the first and second advisor, the expected second-round performance under
the second advisor should also be identical across treatments. Third, our estimator of the
ADE then exploits participants’ beliefs about their performance under the second advisor
in order to “match” individuals in the BW treatment to individuals in the WW treatment.
Specifically, it only compares individuals in the BW treatment who expect to solve b puzzles

under the second (white) advisor to individuals in the BB treatment who expect to solve b

26A taste-based discriminator prefers white advisors, even if she expects to perform equally under white and
black advisors.
2’Note that
ATEgy ;=1 =E(Y;|BB; =0,BW; = 1,WW, =0,WB; =0,1; = 1) —E(Y;|BB; = 1,BW; =0,WW; =0,WB; =0,I; = 1)

is not necessarily equal to ADEg,,. Only if M;|I; and BW; are statistically independent, then AT Eg,, = ADEg,,.

28The identifying assumptions are as follows: (a) Randomization of the treatment; (b) Consistency (exper-
imental subject reveals same value of the outcome if the treatment and the mediator take a particular set of
values, whether or not the value of the mediator is chosen by the subject or assigned by the experimenter);
(¢) Randomization of the mediator; (d) No causal interaction between the treatment and the mediator; (e)
Information treatment eliminates belief differences.
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puzzles under the second (black) advisor. We then say that there is, on average, taste-based
discrimination if, conditional on similar beliefs, individuals more likely prefer the second
advisor in the BW than in the BB treatment.

In a similar vein, we estimate the average direct effect of the WW treatment (relative to
the WB treatment) as:

ADEyw = f{E(KlBBi =0,BW,=0,WW,=1,WB; =0,B2, =b,I;=1)
(6)

—E(Y;|BB; =0,BW, =0,WW, =0,WB; =1,B2,=b,I; = 1)}dFBzi|1i=1(b)-

In this case, we say that there is, on average, taste-based discrimination if, conditional on
similar beliefs, individuals more likely prefer the second advisor in the WW than in the WB
treatment.

Exploiting equations (??) and (??), we estimate the average causal mediation effects of
the BW and WW treatments as:

ACME,,,, =ATEy,y —ADEyy, (8)
with
ATEg,, =E(Y;|BB; =0,BW, =1,WW, =0,WB; =0,I, = 0)
—E(Y;|BB; =1,BW, =0,WW, =0,WB, =0,I, =0)
= ﬂl’
and

ATEyw = IE(YilBBl- =0,BW,;=0,WW,=1,WB; =0,I;, = 0)
—IE(YilBBi =0,BW;,=0,WW,=0,WB; =1,I;, = 0)
= /32_/33-

Intuitively, ACM Eg,, and ACME,,, reflect effects of the treatments on outcomes running
through beliefs.?’

Further Specifications: We will also consider two types of further specifications.

»In general, we could perform a similar mediator analysis by comparing the WB with the BB treatment
and the BW with the WW treatment. However, in those comparisons, advisors face advisors of different race
in round 1. This might affect their beliefs and, hence, confound the estimation of the corresponding mediator
effects.
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1.

3.3

By definition, the strategy to estimate the ADEs and ACM Es only utilizes observations
in the region of common mediator support, which enables us to obtain “matched ob-
servations.” In the absence of common support, we may also employ regression mod-
els to estimate the conditional distribution of Y; given T;, M;, and I; [?]

If the manipulation of the mediator turns out to be imperfect, we follow ? and use
the 2SLS estimator to estimate direct and indirect effects. A simple interpretation of
the IV approach is as follows: The encouragement (information treatment) is used
as an excluded instrument to identify how a change in the belief affects the rank-
ing. Contemporaneously, one measures how a change in the second-period skin-color
treatment affects beliefs. By putting both pieces together, one can identify how the
treatment affects the outcome through the mediator. One can also separately identify
the direct effect of the treatment. ? also propose a non-parametric estimation strategy
that allows to bound the ACME and ADE in this case, which, if feasible, we will also
employ under imperfect manipulation (See subsection ??).

Heterogeneous Treatment Effects

Our design allows us to study treatment effect heterogeneity in various dimensions:

1.

3.4

Piece Rate: Given that we randomly manipulate the piece rate for each puzzle orthog-
onally to changing the advisor’s skin color, we can analyze how and to what extent the
effects of our skin-color treatments depend on the piece rate (a measure for the costs
of discrimination). For that purpose, we will re-run the whole analysis described in
Subsection ?? such that it allows for piece rate heterogeneity. In practice, we achieve
this by interacting our treatment dummies with a high-piece rate dummy. In case of

no statistical interaction effects, we will report pooled results in our paper.

. Strata Variables: All analyses will also be done separately for the following categories

of our strata variables: (a) north vs other (SR), (b) low vs high education (LS), (c)
white vs black vs others (R). This analysis is rather exploratory, as we may lack suffi-

cient statistical power. Again, we will use interaction models for this purpose.

. Further Variables: Furthermore, the analyses will be done separately by gender (FS1)

and political attitudes (FS4 and FS5). We will also consider heterogeneity in the IAT

D-score (IAT), using a non-parametric estimation approach along the lines of 2.

Further Analysis

. Evaluation of Advisor: To connect our work to ?, we will also evaluate whether our

skin-color treatments impact the participants’ evaluations of the advisor. This can be

done separately for round 1 and round 2.
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2. Tab-switching behavior: To test the idea that individuals may be less attentive once they
see a black advisor, we analyze whether our skin-color treatments affect tab-switching
behavior. We consider switching behavior during the trailer and main video. This can
be done separately for round 1 and round 2. To identify times of low puzzle-solving
effort, we can also study tab switching behavior during the two puzzle-solving periods.

3. Validity of beliefs: To descriptively test whether participants correctly assess the value
of the tutorial, we study the relationship between individuals’ performance (after hav-
ing watched the first video), their beliefs (B1F), and their willingness to pay for the
first tutorial (W TP1). This can be done separately by skin-color treatments.

4 Variables

4.1 Strata Variables

We collect three variables to stratify our sample.

4.1.1 Race (R)

o Type: survey
e Time of Measurement: Beginning of experiment.

e Question: What is your race or origin? (select the one that best describes you) [US

Census question ]
e Answers: Answers are clustered into three categories
— White
— Black or African American

— Others: Hispanic, Latino, or Spanish; American Indian, or Alaska Native; Asian
Indian; Chinese; Filipino; Japanese; Korean; Vietnamese; Other Asian; Native
Hawaiian; Guamanian or Chamorro; Samoan; Other Pacific Islander; Some other

race

e Transformation of data to create variable: Construction of three categories (black,

white, others) as indicated above.

4.1.2 Level of Schooling (LS)

o Type: survey

e Time of Measurement: Beginning of experiment.
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e Question: What is the highest degree or level of school you have COMPLETED? (if
currently enrolled, select the previous grade or highest degree received) [US Census

question ]
e Answers: Answers are clustered into two categories

— Low Education: No schooling completed; Nursery school; Kindergarten; Grade
1 through 11; 12th grade, no diploma; Regular high school diploma; GED or
alternative credential; Some college credit, but less than 1 year of college credit;
1 or more years of college credit, no degree; Associate’s degree (for example:
AA, AS)

— High Education: Bachelor’s degree (for example: BA, BS); Master’s degree (for
example: MA, MS, MEng, MEd, MSW, MBA); Professional degree beyond Bach-
elor’s degree (for example: MD, DDS, DVM, LLB, JD); Doctoral degree (for ex-
ample: PhD, EdD)

e Transformation of data to create variable: Construction of two categories (low educa-

tion, high education).

4.1.3 State of Residence (SR)

o Type: survey
e Time of Measurement: Beginning of experiment.

e Question: In which U.S. state is your usual residence (the place where you live most

of the time)?
e Answers: Answers are clustered into two categories

— South [As defined by US Census Burreau |: Alabama; Arkansas; Delaware; Florida;
Georgia; Kentucky; Louisiana; Maryland; Mississippi; North Carolina; Oklahoma;

South Carolina; Tennessee; Texas; Virginia; West Virginia; District of Columbia

— North: Alaska; Arizona; California; Colorado; Connecticut; Hawaii; Idaho; Illi-
nois; Indiana; Iowa; Kansas; Maine; Massachusetts; Michigan; Minnesota; Mis-
souri; Montana; Nebraska; Nevada; New Hampshire; New Jersey; New Mex-
ico; New York; North Dakota; Ohio; Oregon; Pennsylvania; Rhode Island; South
Dakota; Utah; Vermont; Washington; Wisconsin; Wyoming

e Transformation of data to create variable: Construction of two categories (South, North).

4.2 Main Outcome Variables
4.2.1 Willingness to Pay for First Advisor (WTP1)

e Type: survey
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e Time of Measurement: Round 1. After Trailer.

e Description and Question: We will now determine whether you will access the full

e-learning tutorial as follows.

1.

We have added the amount of $1 to your payoff account. You can use all or part
of this amount to access the tutorial.

Please use the slider below to indicate the highest price you are willing to pay to
watch the e-learning tutorial.

Next, the computer will randomly draw a price for the tutorial. The price is a
number between $0 and $1.

If your stated willingness to pay is equal to or above the price drawn, you will
buy the tutorial. If your stated willingness to pay is lower than the price drawn,
you will not buy the tutorial. Instead, you will watch the entertainment video
that provides no instructions on how to solve the puzzle. Note that the price you

pay will be the price drawn by the computer, not your stated willingness to pay.

It is in your interests to state the highest price that you are willing to pay for the

tutorial:

If you state a lower amount than your true willingness to pay, you may miss the
chance to watch the tutorial at a price which is lower than what you think is the

value of the tutorial for you.

If you state a higher amount than your true willingness to pay, you may end up
buying the tutorial at a price which is higher than what you think is acceptable.

Further notes:

You will have five minutes to solve as many puzzles as possible.

The entertainment video and the e-learning tutorial are of equal length.
You will earn a bonus of $[ piece rate cost] for every puzzle you solve.
The money you do not spend for the tutorial is added to your payoff.

The money you spend is not distributed to the instructor.

e Answer: Individual’s stated WTP using a fine-grained slider (101 steps), ranging from
0 to 100 cents.

e Transformation of data to create variable: We use the raw WTP data.

4.2.2 Ranking of First and Second Advisor in Round 2 (R)

o Type: survey

e Time of Measurement: Round 2. After Trailer.

e Description and Question: In contrast to the first round, you will watch the tutorial for
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sure. Instead of choosing between the entertainment video and the tutorial, you will
now select one of two potential instructors. The tutorial will explain way to solve the

puzzle that is faster than the one presented before.

— The instructor will either be the one from the first period (first instructor) or the

one you have just seen in the trailer (second instructor).

— Regardless of which instructor is selected, the length of the tutorial will be the
same. [information treatment only: Furthermore, when recording the tutorials,
both instructors followed the same script. Therefore, the contents of the two
tutorials are identical, including the layout of the puzzle, the steps taken to solve

it, and the wording used to explain the strategy.]

— The selection of instructors works as follows: You first rank the two instructors.
Then, the computer randomly draws one of the two situations described in the

table below:

Your ranking matters Your ranking does not matter
- If you indicate that you pre- - You will watch the second in-
fer one of the instructors, you structor, irrespective of how
will get the preferred instructor you ranked the instructors.

with a 70% chance.

— With a 30% chance, you will

get the less preferred one.

— If you indicate that you are in-
different between the two in-
structors, the chances to get the
first or the second instructor

will be equal.

By selecting the instructor you like most, you increase the chance that you will end
up seeing this instructor. Hence, it is in your interest to tell us which instructor you
really prefer.
e Answer: Now, we ask you to rank the two instructors. Please select one option:
— I prefer the first instructor to the second instructor.
— I prefer the first to the second instructor.

— I am indifferent between the two instructors.
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e Transformation of data to create variable: First, using the subjects’ willingness to pay in
the second round (see Subsection ??), we calculate an incentivized ranking variable
(IR) as follows. (a) Set IR =R. (b) Replace IR = "I am indifferent between the two
instructors" if participants stated that they are not indifferent but indicate a willingness
for being able to watch the preferred advisor of zero. Second, using IR, we also define
a dummy variable, DI2, that takes a value of one if individuals indicate a preference
for the second advisor (and zero otherwise).

4.2.3 Willingness to Pay for Preferred Advisor (WTP2)

o Type: survey
e Time of Measurement: Round 2. After Ranking.

e Description and Question: Now suppose the following situation occurs:

1. The computer-based random draw determines that your ranking matters. Hence,
your ranking affects the chances that either the first instructor or the second
instructor is selected.

2. Ultimately, the [non-preferred instructor] is selected.

If this situation indeed occurs, would you be willing to pay a small fee to get the
[preferred instructor] for sure, although the [non-preferred instructor] was initially
selected?

Please state your willingness to pay as follows:

1. We have added the amount of $1 to your payoff account. You can use all or part

of this amount to pay for being able to watch the [ preferred instructor] for sure.

2. Please use the slider below to indicate the highest price you are willing to pay to
watch the [preferred instructor]. Once you have stated your willingness to pay,
the computer will randomly draw a price for watching the [ preferred instructor].
The price is a number between $0 and $1.

3. If your stated willingness to pay is equal to or above the price drawn, you will
get the [preferred instructor]. If your stated willingness to pay is lower than the
price drawn, you will not watch the [preferred instructor]. Instead, the [non-
preferred instructor] will present the tutorial. Note that the price you pay will

be the price drawn by the computer, not your stated willingness to pay.

With the following choice, you can influence which instructor will be selected in the
aforementioned situation. Hence, it is in your interest to state the highest price that

you are willing to pay for being able to watch the [preferred instructor]. After having
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watched the tutorial, you will have 5 minutes to solve as many puzzles as possible.
Again, you will earn a bonus of $[piece rate cost] for every puzzle you solve.

e Answer: Individual’s state WTP using a fine-grained slider (101 steps), ranging from
0 to 100 cents.

e Transformation of data to create variable: We define the W T P2 variable as a subjects
willingness to pay for the second advisor. If the subject stated that she prefers the
second advisor, WTP2 simply corresponds to her stated willingness to pay for the
second advisor. If she, instead, indicated that she prefers the first advisor, the variable
W T P2 corresponds to the negative value of her willingness to pay for the first advisor.
A willingness to pay of zero indicates that the subject is indifferent between both

advisors. In this case, W TP2 also takes a value of zero.

4.2.4 Completion Time per Puzzle (CP)

e Type: performance measure based on game data
e Time of Measurement: Round 1 and 2

e Measurement: Individuals get 5 minutes to solve a 3 x 3 sliding puzzle. We measure
the seconds used to solve each puzzle.

e Transformation of data to create variable: This variable is part of the raw data.

4.2.5 Number of Solved Puzzles (NP)

e Type: performance measure based on game data
e Time of Measurement: Round 1 and 2
e Measurement: We count the number of puzzles solved in 5 minutes.

e Transformation of data to create variable: This variable is part of the raw data.

4.2.6 Number of Moves to Solve Puzzles (NM)

e Type: performance measure based on game data
e Time of Measurement: Round 1 and 2
e Measurement: We count the number of moves used to solve each puzzle.

e Transformation of data to create variable: This variable needs to be created by counting

the number of moves in the raw data.

4.2.7 Used Strategy to Solve Puzzle (US)

e Type: strategy measure based on game data

36



e Time of Measurement: Round 1 and round 2

e Measurement: For each puzzle, we identify whether the first or second strategy was

used to solve puzzle.

— Dummy first strategy (US1): The variable takes a value of 1, if the following

pattern occurs in the data (otherwise 0):

2 3
1 x x
X
followed by:
2
X X
and:
1 3
X
X X X

— Dummy second strategy (US2): The variable takes a value of 1, if the following

pattern occurs in the data (otherwise 0):

1 3
X 2 X
X X

followed by:

1

x 2

X X
and:

1 2

X

X X

e Transformation of data to create variable: Create panel data that documents every

move in panel. Identify above-mentioned data patterns in game move data.
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4.2.8 Number of Puzzles Solved with Each Strategy (N S)

e Type: aggregate measure for preferred strategy based on game data
e Time of Measurement: Round 1 and round 2

e Measurement: For each individual, we calculate the number of completed puzzled
solved with the first (NS1) and second (NS2) strategy.

e Transformation of data to create variable: Construct measure based on strategy dum-

mies.

4.2.9 Fraction of Puzzles Solved with Each Strategy (FS)

e Type: aggregate measure for preferred strategy based on game data
e Time of Measurement: Round 1 and round 2

e Measurement: For each individual, we calculate the fraction of all completed puzzled
solved with the first (FS1) and second (FS2) strategy.

e Transformation of data to create variable: Construct measure based on strategy dum-

mies.

4.3 Mediators
4.3.1 Belief Measure in Round 1 (B1)

o Type: survey
e Time of Measurement: After WTP

e Question: In the following, you will either watch the full e-learning tutorial or an
entertainment video that provides no instructions on how to solve the puzzle. Then

you’ll be solving 3x3 sliding puzzles that are similar to the ones you saw in the trailer.

- How many puzzles do you expect to solve in 5 minutes after having watched the

full tutorial? [Use numbers only] (B1F).

— How many puzzles do you expect to solve in 5 minutes after having watched the

entertainment video? [Use numbers only] (B1E).
e Answers: Number in textbox.
e Transformation of data to create variable: Use raw data.

4.3.2 Belief Measure in Round 2 (B2)

e Type: survey

e Time of Measurement: After ranking.
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e Question: In the following, you will watch a full e-learning tutorial describing a simpler
strategy to solve the puzzle. The person explaining the new strategy will either be the
instructor from the first period (first instructor) or the instructor you have just seen in

the trailer (second instructor).

— Using the new strategy, how many puzzles do you expect to solve in 5 minutes
after having watched a tutorial presented by the first instructor? [Use numbers
only] (B2FI).

— Using the new strategy, how many puzzles do you expect to solve in 5 minutes af-
ter having watched a tutorial presented by the second instructor? [Use numbers
only] (B2SI).

e Answers: Number in textbox.

e Transformation of data to create variable: Use raw data.

4.3.3 Binary Belief Measures (DB)

e Type: binary mediator shift indicator based on belief data

e Time of Measurement: Round 1 and round 2

e Measurement: Create two dummy variables:
— DB1: takes a value of one if B1F = B1E (otherwise zero).
— DB2: takes a value of one if B2FI = B2SI (otherwise zero).

4.3.4 Belief Differences (BD2)

e Type: differences in beliefs between a participant’s expected performance under the

first-round and the second advisor
e Time of Measurement: round 2

e Measurement: Create differences between beliefs as follows: BD2 = B2SI — B2FI

4.3.5 Tab-switching Behavior as Attention Measure (TS)

e Type: tab-tracking data
e Time of Measurement: permanently

e Measurement: We record (a) whether and (b) for how long individuals open new

browser tabs (tab-tracking)
e Transformation of data to create variable: We construct several variables from the data.

— TSNT1 : Number of instances in which an individual opens and closes a new

tab during the first trailer
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— TSNT2 : Number of instances in which an individual opens and closes a new

tab during the second trailer

— TSNF1 : Number of instances in which an individual opens and closes a new tab
during the first full tutorial

— TSNF2:Number of instances in which an individual opens and closes a new tab
during the second full tutorial

— TSNS1 : Number of instances in which an individual opens and closes a new tab
during the first puzzle-solving period

— TSNS2 : Number of instances in which an individual opens and closes a new tab

during the second puzzle-solving period

— TSTT1 : Time span during the first trailer (in seconds) in which an individual is

not focusing on the tab with our website

— TSTT2: Time span during the second trailer (in seconds) in which an individual

is not focusing on the tab with our website

— TSTF1 : Time span during the first full tutorial (in seconds) in which an indi-

vidual is not focusing on the tab with our website

— TSTF2 : Time span during the second full tutorial (in seconds) in which an

individual is not focusing on the tab with our website

— TSTS1 : Time span during the first puzzle-solving period (in seconds) in which

an individual is not focusing on the tab with our website

— TSTS2 : Time span during the second puzzle-solving period (in seconds) in
which an individual is not focusing on the tab with our website

The variables TSNT1, TSNT2, TSNF1, TSNF2, TSTT1, TSTT2, TSTF1, and
TSTF2 serve as attention measures. The variables TSNS2, TSTT1, TSTS1, and
TSTS2 approximate times during which individuals do not invest effort into solving
the sliding puzzle.

4.4 Further Outcome Variables
4.4.1 Evaluation of Lecturer (EL)

o Type: survey
e Time of Measurement: Round 1 and 2. After full tutorial. Before puzzle solving.

e Questions: Please evaluate the instructor and the tutorial you have just seen:

[Recall that answering all questions is mandatory. There are 6 questions in total. |
1. The tutorial provides useful instructions for solving the sliding puzzle (EL1).

2. What overall grade do you assign the tutorial (EL2)?
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AL

The instructor does a good job explaining how to solve the puzzle (EL3).
I benefitted from the instructor’s explanations (EL4).
What overall grade do you assign the instructor (EL5)?

Would you recommend this instructor to people who want to learn how to solve
the sliding puzzle (EL6)?

e Answers: Individuals indicate whether they completely agree, agree, neither disagree

nor agree, disagree, completely disagree with the statements 1, 3, and 4. Individuals

rate the lecturer’s performance in the questions 2 and 5 on the scale A-E Questions 6

is answered with yes or no. Participants can also indicate that they did not watch the

tutorial.

e Transformation of data to create variable: Use raw data.

4.5 Further Variables

4.5.1 Final Survey (FS)

e Type: survey

e Time of Measurement: After experiment.

e Questions: Before concluding, we would like to ask you a few final questions.

[Recall that answering all questions is mandatory. There are 14 questions in total. Ques-

tion 14 is optional but we would greatly appreciate your input. |

1.

What is your gender (FS1)?

[Male / Female ]

How old are you (FS2)?

[20 and less / 21-25 / 26-30 / 31-35 / 36-40 /41-50 /51-60 /61 and above |
In which country were you born (FS3)?

[List of countries |

In politics today, do you consider yourself a Republican, Democrat or Indepen-
dent (FS4)?

[Republican / Democrat / Independent / Don’t know |

. Who did you vote for in the 2016 Presidential Election (FS5)?

[Donald Trump / Hillary Clinton / Other or Don’t know / Didn’t vote |

Did you already know how to solve the sliding puzzle before participating in this
HIT (FS6)?

[Yes / No]

The first instructor was experienced in giving advice to others. (FS7).

[Yes / No /I did not see the video or I don’t remember ]
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10.

11.

12.

13.

14.

The first instructor’s gender was: (FS8).
[Male / Female /I did not see the video or I don’t remember |

. The first instructor’s race was: (FS9).

[White / Black or African American /I did not see the video or I don’t remember |
The second instructor was experienced in giving advice to others. (FS10).

[Yes / No /I did not see the video or I don’t remember |

The second instructor’s gender was: (FS11).

[Male / Female /I did not see the video or I don’t remember |

The second instructor’s race was: (FS12).

[White / Black or African American /I did not see the video or I don’t remember |

When working on the puzzle for the second time, did you use the strategy that
was presented in the second tutorial (FS13)?

[Yes, always / Yes, sometimes / No, never / (I did not watch both tutorials) |
Please, write down any comments you might have regarding the HIT that would
help us to improve it in the future (Was everything comprehensible? Did you

have enough time to finish? Did you face any technical issues?) (FS14)

e Transformation of data to create variable: We define binary variables FAC and SAC

that are equal to one if participant correctly classified first and second advisor’s race

in questions FS9 and FS12, respectively. We further define binary variables FAB and

SAB equal to one if participant responded that the race of the first and second advisor’s

was black in questions FS9 and FS12, respectively. Otherwise, we use raw data. Don’t

know or did not watch video coded as missing.

4.5.2 Implicit Association Test (IAT)

e Type: survey

e Time of Measurement: Several weeks after completing the HIT, participants are invited

to take part in another HIT. In this HIT, we ask participants to complete a version of a

race implicit association test.

e Measurement: We use the single-target version of the implicit association test of 2. We

employ the same instructions and the same structure as in ?.

e Transformation of data to create variable: We follow the following procedure to calcu-
late IAT D-score (IAT). We apply the method suggested in Table 3 in ?:

1.
2.

Delete trials greater than 10,000 msec

Delete subjects for whom more than 10% of trials have latency less than 300

msec
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. Replace each error latency with an error penalty computed as Stage mean + 600
msec
. Compute the “inclusive” standard deviation for all trials in Stages 3 and 6 and

likewise for all trials in Stages 4 and 7

5. Compute the mean latency for responses for each of Stages 3, 4, 6, and 7

. Compute the two mean differences (Meang,g. ¢ - Meang,,,. ;) and (Meang,,. 7 -

MeanStage 4)

. Divide each difference score by its associated “inclusive” standard deviation

8. IAT = the equal-weight average of the two resulting ratios
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A Timeline

Appendix

The precise timing of our experimental design is as follows:

Introduction

1. Welcome Screen

Text:

Input:

introduction of our team and project (study on perceptions of elearn-
ing)

info on completion time

further notes (voluntary, anonymity, data can be withdrawn, contact

mail, all questions relevant)

worker ID

2. Strata Survey
Input:

Round 1

Strata variables (race, level of schooling, state). See Subsection ??

3. Instructions
Text:

Inputs:

timing

important details (consent statement, back button)
sequence

calculation of payoff

further notes

instruction attention check

consent statement
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4. Trailer: First (Complex) Strategy

Treatments:

e randomization into skin-color treatments as described in Table ??
Inputs:

e tab switching; also recorded in other rounds. See Subsection ??
Parameters:

equal probability of receiving each of the treatments
stratification

5. Willingness to Pay to Switch to Tutorial

Text:
e detailed explanation of WTP elicitation method
e choice: switch from entertainment video to full video
Treatments:
e high versus low piece rate treatment
Parameters:
e base pay: $4 and piece rate: $0.5 and $1
e WTP: $1 extra for “buying” video
e probability for real video: 95%
e equal probability of receiving piece-rate treatments
e stratification
Input:

e WTP for video in $0.01 steps. See Subsection ??

6. Survey: Belief about Performance
Text:

e description of belief questions
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Inputs:
e belief about number of solved puzzle under tutorial and entertain-

ment video. See Subsection ??

7. Tutorial: First (Complex) Strategy
Treatments:

e randomization into skin-color treatments as described in Table ??

Inputs:

e tab switching. See Subsection ??

8. Advisor Evaluation Survey

Inputs:

evaluation survey. See Subsection ??

9. Sliding Puzzle

Parameters:
e 3 x 3 sliding puzzle
e 5 minutes
Inputs:
e performance measures and strategy measures. See Subsection ??
e tab switching. See Subsection ??
Round 2

10. Instructions
Text:
e announcement of second video

reminder of own performance in round 1 sliding puzzle

11. Trailer: Second (Simple) Strategy
Treatments:
e randomization into skin-color treatments as described in Table ??
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Inputs:

e tab switching; also recorded in other round. See Subsection ??

12. Information Treatment (same page as next step)

Treatment:
e randomly selected subset of individuals receives information treat-
ment
Parameters:
e probability of receiving the information treatment: 50%
e stratification
Text:

Both advisors use similar scripts

13. Ranking of First-round and New Advisor
Text:
e detailed description of ranking-elicitation method
e choice: choose between first-round and new advisor

Input:
e ranking: preference for first advisor; preference for new advisor; in-

difference. See Subsection ??

14. Willingness to Pay to Get Preferred Instructor
Text:
e detailed explanation of WTP elicitation method

e choice: get preferred advisor for sure

Treatments:

e high versus low piece rate treatment as in step 6.
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Parameters:

base pay: $4 and piece rate: $0.5 and $1

WTP: $1 extra for getting preferred advisor for sure

probability for new advisor: 95%

equal probability of receiving piece-rate treatments

stratification

Input:

WTP for getting preferred advisor in $0.01 steps. See Subsection ??

15. Survey: Belief about Performance
Text:

e description of belief questions

Inputs:
e belief about number of solved puzzle under first-round and new ad-

visor. See Subsection ??

16. Tutorial: Second (Simple) Strategy
Treatments:

e randomization into skin-color treatments as described in Table ??

Inputs:

e tab switching; also recorded in other rounds. See Subsection ??

17. Advisor Evaluation Survey
Inputs:

e evaluation survey. See Subsection ??

18. Sliding Puzzle
Parameters:
e 3 x 3 sliding puzzle

e 5 minutes
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Inputs:
e performance measures and strategy measures. See Subsection ??

e tab switching. See Subsection ??

19. Final Survey
Inputs:

¢ Final survey questions. See Subsection ??
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B Description of HITs

Figure B.1: Appearance of HIT on MTurk

amazon s Dashboard  Qualifications Search All HITs Q

All HITs Your HITs Queue

HIT Grou pS (1-20 of 982) Show Details Hide Details | Items PerPage: | 20 J
Requester Title HITs « Reward ~ Created ~ Actions
: : Watch, rate, and work with e-learning tutorials. .
© e-learning-tutorial More than 95% of all workers receive a bonus. 9,631 $4.00 1hago Preview | Accept& Work
Description Time Allotted
You will be shown e-learning tutorials. Your task is to watch them, rate 5 Min

them, and then apply what you have learned in the tutorials. More than 95%

of all workers will receive a bonus. The task will take up to 35 minutes. Expires

in7d

Watch, rate, and work with e-learning tutorials. More than 95% of all workers receive
a bonus. (~ 35 minutes)

Description: You will be shown e-learning tutorials. Your task is to watch them, rate them, and then apply what you have learned in the tutorials. More than 95% of all workers will
receive a bonus. The task will take up to 35 minutes.

Instructions.

We are conducting a scientific study on how people perceive e-learning tutorials and
whether they find the instructions provided useful.

You should only accept the HIT under the following condition:

¢ The HIT will take up to 35 minutes and cannot be interrupted as the clock is
ticking. Only accept it when you have 35 minutes to spare.

If you do not comply with this condition, you will not be reimbursed.

Further notes:

¢ Please turn audio on. You will watch videos during this HIT.

* Any browser except for Internet Explorer or Opera Mini is supported, at least if
your software is up to date. In case you are using an older version, you can
check the compatibility of your software here.

® |f you are an iPad user, we kindly ask you to use an updated version of Safari.
Other browser are not supported.

# All the data will be analyzed anonymously and will never be shared with any third
party.

Go to Link and follow the study instructions. Note the secret key found at the end of
the study which you will need to complete the HIT.

* 1. Enter the SECRET KEY (not your Worker ID) found at the end of the linked survey. Do not add any comment or text here

Submit

Powered by CloudResearch.com



C Video Production

In the following, we summarize how the videos were produced. The following description

was part of the contract.

Scope of Work
e The project consists of pre-production, filming, and post-production work of different

videos.

e First, two videos (labeled “long complicated” and “long simple”) showing a hand with
an “intermediate” skin color will be filmed. The videos are different with respect to the
used choreography. The duration of each clip depends on the provided choreography.

e Second, these videos will be digitally altered, resulting in four additional videos. Two
videos (hereinafter called “long complicated black” and “long simple black”) display
the exact same motion as the original video, but will be digitally altered to appear as
to be from an “African” person with dark skin tone. The other two videos (hereinafter
called “long complicated white” and “long simple white”) will also show the same
motion as the original and will appear to be from a “Caucasian” person with a light
skin tone.

e Furthermore, both choreographies will be done with two different set of hands, re-

sulting in a total of 12 videos.

e Out of the 4 videos “long complicated black”, “long simple black”, “long complicated
white”, and “long simple white”, 4 more videos will be cut being a short version of

each individual video. The same will be done for the second set of hands.

Further details
e Each video (long complicated and long simple) will be filmed with 2 different hands,

resulting in 4 original videos

e Each video will be digitally altered to change the intermediate hands to a “white” and

an African “black” hand, resulting in 8 additional videos

e Hence, in total, there will be 12 videos:

Set of hands choreography Skin tone
original
long complicated white
hand 1 black
long simple original
white
black
original
long complicated white
hand 2 black
) original
long simple white
black
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e Out of each long video a short version will be cut
— Short complicated: cut from final clips of long complicated
— Short simple: cut from final clip of simple long

e Hence, in total, there will be 8 additional videos

Set of hands Choreography Skin tone
short complicated white
hand 1 black
short simple white
black
short complicated white
hand 2 black
short simple white
black

e Production details for producers and provided materials by client:
— Each video will be shot on bluescreen

— The bluescreen will be digitally replaced with a computer generated background

displaying the template provided by the client.

— The detailed choreography for the two initial types of videos (long complicated /
long simple) will be provided by the client. This includes example video of both
complicated long and simple long as well as a detailed description of the chore-
ography and time codes. The producer makes sure that the hands’ movements
match the provided choreographies and fit exactly to the background (when

hand/finger points to elements on the screen etc.).

- The detailed choreography for the short videos (short complicated / short sim-
ple) will also be provided by the client.

- Final grading and technical approval.

e Delivery specifics:
— length: determined by provided choreography of each video
— Format: 720p exr, 720p mov

Milestones

1. pre-production, proof of concept, background template selection, and hand model

selection

2. principal photography of four clips as defined in the “scope of work” (complicated

long and simple long for each hand)

3. final delivery of finished visual effects work as defined under “scope of work” for first

hand (for complicated long and simple long; total of six videos). To avoid complica-
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tions, the version with the black hand will be approved by the client before work on

the white hand can start

4. final delivery of finished visual effects work as defined under “scope of work” for
second hand (for complicated long and simple long; total of six videos). To avoid
complications, the version with the black hand will be approved by the client before
work on the white hand can start

5. final delivery of remaining eight videos (complicated short and simple short).

D Performance of Complicated and Simple Strategy

We test if the second-round strategy (“simple”) is indeed faster than the first-round strategy
(“complicated”). To that end, we extended the “A* pathfinding algorithm” (proposed here).
This algorithm allows us to count the minimum number of moves needed to solve the puz-
zle when using the simple or complicated strategy. Therefore, the algorithm allows us to
compare the best possible performance under both strategies. The Python file is available
upon request.

Before presenting the results of the pathfinding algorithm, let us introduce the precise
puzzles that individuals solve in the experiment. Table ?? presents the used starting position.
In each round, participants work on 15 different puzzles in a fixed and randomly chosen
order. If they solve more than 15 puzzles, the puzzles are repeated in a similar order. To

understand how to read Table ??, note that the starting position

1 6 4
7 3
5 8 2

translates into the array [1, 6, 4, 7, 3, 0, 5, 8, 2].

Table ?? presents the results of the pathfinding algorithm for the puzzles presented in
Table ??. Two observations stand out. First, the simple strategy is always faster than the
complicated strategy. Considering the 30 puzzles in Table ??, on average, the algorithm
executes 38.6 moves to solve the puzzle with the complicated strategy and 28.1 moves with
the simple strategy. Second, by comparing Columns (4) and (1), one can immediately see
that the n-th puzzle in round 2 can be solved faster (when using the simple strategy) than

the n-th puzzle in round 1 (when using the complicated strategy).
E Experimental instructions
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Table 3: Starting Positions of Puzzles
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Figure E.2: Login page

@ E-learning study X + - o X
C @ elearning-study.herokuapp.com/elearning1903/login ® % O
Login

Welcome and thank you for joining our study.

We are a non-partisan group of academic researchers. Our goal is to understand how people perceive e-learning
tutorials. Your participation in this HIT contributes to the success of our research project.

Itis very important for our research project that you complete the study to the end once you have started. The study
takes less than 35 minutes to complete.

Notes:

If you accidentally close the browser, just open the link on mTurk again (using the same browser and same
device). You will be redirected to the website and you will not lose the work you have done so far.

Your participation in this HIT is voluntary, and you may withdraw your participation or your data at any time without
any penalty. The data will only be used for research purposes and never for identification purposes.

« We reserve the right to use the mTurk ID to contact you for a subsequent task. If you have any questions, you may
contact us at mturk.e.learning@gmail.com.

We require you to answer all survey questions throughout the HIT. Failure to answer the questions within the
allocated time results in termination of the HIT.

Please enter your Worker ID into the following text field. Because your payment depends on this information, make sure
that the ID is correct. Your Worker ID can be found at the top left corner of your dashboard account page.

Figure E.3: Stratification questions

@ E-learning study X 4 - X

<« C @ elearning-study.herokuapp.com/elearning1903/survey & % O :

As the first step, we would like you to provide some basic information about yourself. Please fill in your responses to all three questions
and click "Submit":

1. * What is your race or origin? (select the one that best describes you)

Choose... v

2.* What is the highest degree or level of school you have COMPLETED? (if currently enrolled, select the previous grade or highest
degree received)

Choose... v

3. " In which U.S. state is your usual residence (the place where you live most of the time)?

Choose... v
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Figure E.4: Instructions page

@ E-learning study X +

<« C @ eleaming-studyherokuapp.com/elearning19037a=1&debug=1

debug-elapse-time->>

This page:
Complete study: 0:35:21

Please pay close attention to the following instructions.
Timing

« There are two timers in the top right corner: one for the specific page, and one for the entire HIT.

« After the time to complete a specific page has elapsed, you will automatically be redirected to the next page.

+ The countdown continues even if you close this tab in your browser. Should this happen, open the link from mTurk again (on the same
browser and same device) and you will be redirected to the appropriate section.

Technical details

« If you fail to fill in the consent statement at the end of this page before the time runs out, you will be excluded from this HIT and you will
not be reimbursed.
+ Do not use the "back" button, as this immediately terminates the HIT.

Sequence

1. You watch a short trailer for an e-leaming tutorial.

2. 0n top of your reward ($4), you receive an additional amount of $1. After watching the trailer, you can decide how much of this money
you are willing to pay to watch the full tutorial.

3. You work on the task explained in the tutorial for 5 minutes. You earn a bonus of $0.5 for each task correctly solved.

Steps 1 to 3 are repeated for a second time (i.e., there will be two rounds). You will have a chance to watch two different tutorials and you will
work on the same task for two five-minute periods.

Calculation of final payoff
Payoff = Reward ($4) + Amount that can be used to pay for tutorial ($1) - Payment for tutorial + Bonus

« Your payoff depends on your actions in only one of the two periods.
« The computer randomly decides which of the two periods counts towards the final payoff.

Further notes

+ You do not know for which round you will receive the bonus. You should work equally hard on all tasks.

« To ensure that participants follow the instructions, we have included a question about your participation in earlier mTurk HITs at the end
of this page. Regardless of what the true answer is, just fill in the number "97" (without the quotation marks). Similar questions may be
asked later.

How many mTurk HITs have you ever participated in?

| agree with the above conditions and wish to proceed further. -

Wait to be redirected automa

Figure E.5: Round 1: Tutorial: hands
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Figure E.6: Round 1: Willingness to pay

@ E-learning study X 4
<« C @ elearning-study.herokuapp.com/elearning1903?a=1&debug=1
debug-elapse-time->>
Time Remaining
This page: 0:02:45
Complete study:
We will now determine whether you will access the full e-learning tutorial as follows.
1. We have added the amount of $1 to your payoff account. You can use all or part of this amount to access the tutorial.
2. Please use the slider below to indicate the highest price you are willing to pay to watch the e-learning tutorial.
3. Next, the computer will randomly draw a price for the tutorial. The price is a number between $0 and $1.
4. If your stated willingness to pay is equal to or above the price drawn, you will buy the tutorial. If your stated willingness to pay is lower
than the price drawn, you will not buy the tutorial. Instead, you will watch the entertainment video that provides no instructions on how to
solve the puzzle. Note that the price you pay will be the price drawn by the computer, not your stated willingness to pay.
Itis in your interests to state the highest price that you are willing to pay for the tutorial:
« If you state a lower amount than your true willingness to pay, you may miss the chance to watch the tutorial at a price which is lower than
what you think is the value of the tutorial for you.
« If you state a higher amount than your true willingness to pay, you may end up buying the tutorial at a price which is higher than what you
think is acceptable.
Further notes:
« You will have five minutes to solve as many puzzles as possible.
« The entertainment video and the e-leaming tutorial are of equal length.
+ You will earn a bonus of $0.5 for every puzzle you solve.
« The money you do not spend for the tutorial is added to your payoff.
+ The money you spend is not distributed to the instructor.
Slider bar
$0.00 $1.00
Your stated willingness to pay is currently $0.00
. .
. .
Figure E.7: Round 1: Beliefs
@ E-learning study X 4
<« C @ eleaming-studyherokuapp.com/elearning19037a=18idebug=1

debug-elapse-time->>

Time Remaining
This page: 0:00:57
Complete study: 0:30:13
In the following, you will either watch the full e-learning tutorial or an entertainment video that provides no instructions on how to solve the
puzzle. Then you'll be solving 3x3 sliding puzzles that are similar to the ones you saw in the trailer.

1. * How many puzzles do you expect to solve in 5 minutes after having watched the full tutorial? [Use numbers only]

2. * How many puzzles do you expect to solve in 5 minutes after having watched the entertainment video? [Use numbers only]
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Figure E.8: Round 1: Main tutorial

@ E-learni ud “ X ay

« C @ eleaming-studyherokuapp.com/elearning19037a=18debug=1 ® % %O

debug-elapse-time->>

Time Remaining
This page: 0:02:26
Complete study: 0:34:28

Given your willingness to pay, the random draw of the price determined that you will watch the full tutorial.

[Ifthe video does not start automatically, please click on the video player to start it]
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@ E-learning study

x

dn

Figure E.9: Round 1: Instructor evaluation

< C @ eleaming-study.herokuapp.com/elearning19037a=1&debug=1

debug-elapse-time->>

Please evaluate the instructor and the tutorial you have just seen:

[Recall that answering all questions is mandatory. There are 6 questions in total.]

1. * The tutorial provides useful instructions for solving the sliding puzzle.

Completely agree

Agree

Neither disagree nor agree
© Disagree

O Completely disagree

© (I did not watch the tutorial)

2. * What overall grade do you assign the tutorial?

0B
ec
D
F

= worst
| did not watch the tutorial)

3. * The instructor does a good job explaining how to solve the puzzle.

Completely agree

Agree

© Neither disagree nor agree
© Disagree

© Completely disagree
© (1 did not watch the tutorial)

4.* | benefited from the instructor's explanations.

) Completely agree

Agree

Neither disagree nor agree
Disagree

© Completely disagree

© (1 did not watch the tutorial)

5. * What overall grade do you assign the instructor?

© A =best

= worst
© (1 did not watch the tutorial)

6. * Would you recommend this instructor to people who want to learn how to solve the sliding puzzie?

© Yes
O No
© (1 did not watch the tutorial)
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Figure E.10: Round 2: Trailer

@ E-learning study “ X+ - X

<« C @ elearning-study.herokuapp.com/elearning1903%a=1&debug=1 ® % O
debug-elapse-time->>

Time Remaining
This page: 0:00:31
Complete study: 0:33:40

Wait to be redirected automatically

Figure E.11: Round 2: Preference ranking

@ E-learning study X 4 -

<« C @ elearning-study.herokuapp.com/elearning1903?a=1&debug=1 & % 6
debug-elapse-time->>

Time Remaining
This page: 0:01:34
Complete study: 0:33:04

In contrast to the first round, you will watch the tutorial for sure. Instead of choosing between the entertainment video and the tutorial, you will
now select one of two potential instructors. The tutorial will explain a way to solve the puzzle that is faster than the one presented before.

« The instructor will either be the one from the first period (first instructor) or the one you have just seen in the trailer (second
instructor).

Regardless of which instructor is selected, the length of the tutorial will be the same. Furthermore, when recording the tutorials, both
instructors followed the same script. Therefore, the contents of the two tutorials are identical, including the layout of the puzzle,
the steps taken to solve it, and the wording used to explain the strategy.

The selection of instructors works as follows: You first rank the two instructors. Then, the computer randomly draws one of the two

situations described in the table below:

Your ranking matters Your ranking does not matter
« If you indicate that you prefer one of the instructors, you will get the
preferred instructor with a 70% chance. « You will watch the second instructor,
« With a 30% chance, you will get the less preferred one. irrespective of how you ranked the
« Ifyou indicate that you are indifferent between the two instructors, the instructors.

chances to get the first or the second instructor will be equal.

By selecting the instructor you like most, you increase the chance that you will end up seeing this instructor. Hence, it i
which instructor you really prefer.

in your interest to tell us

1. * We now start the process of selecting your instructor. Please rank the two instructors by choosing one option:

O | prefer the first instructor to the second instructor.
| prefer the second instructor to the first instructor.
I am indifferent between the two instructors.

Wait to be redirected automa -

Note: Information treatment in the second bullet point in bold. No information treatment leaves this part out.
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Figure E.12: Round 2: Willingness to pay

@ E-learning study X +
<« C @ elearning-study.herokuapp.com/elearning1903?a=1&debug=1
debug-elapse-time->>
Time Remaining
This page: 0:02:15
Complete study: 0::
Just to recall, you could choose between the following options:
1.1 prefer the first instructor to the second instructor.
2. | prefer the second instructor to the first instructor.
3. | am indifferent between the two instructors,
and you indicated that you prefer option 1.
Now suppose the following situation occurs:
1. The computer-based random draw determines that your ranking matters. Hence, your ranking affects the chances that either the first
instructor or the second instructor is selected.
2. Ultimately, the second instructor is selected.
If this situation indeed occurs, would you be willing to pay a small fee to get the first instructor for sure, although the second instructor
was initially selected?
Please state your willingness to pay as follows:
1. We have added the amount of $1 to your payoff account. You can use all or part of this amount to pay for being able to watch the first
instructor for sure.
2. Please use the slider below to indicate the highest price you are willing to pay to watch the first instructor. Once you have stated your
willingness to pay, the computer will randomly draw a price for watching the first instructor. The price is a number between $0 and $1.
3. If your stated willingness to pay is equal to or above the price drawn, you will get the first instructor. If your stated willingness to pay is
lower than the price drawn, you will not watch the first instructor. Instead, the second instructor will present the tutorial. Note that the
price you pay will be the price drawn by the computer, not your stated willingness to pay.
With the following choice, you can influence which instructor will be selected in the aforementioned situation. Hence, it is in your interest to state
the highest price that you are willing to pay for being able to watch the first instructor.
After having watched the tutorial, you will have 5 minutes to solve as many puzzles as possible. Again, you will earn a bonus of $0.5 for every
puzzle you solve.
Slider bar
$0.00 $1.00
YYour stated willingness to pay is currently $0.00
Wait to be redirected automatically
. .
. .
Figure E.13: Round 2: Beliefs
@ E-learning study X 4
<« C @ eleaming-studyherokuapp.com/elearning19037a=18idebug=1

debug-elapse-time->>

Time Remaining
This page: 0:00:57
Complete study: 0:31:36
In the following, you will watch a full e-learning tutorial describing a simpler strategy to solve the puzzle. The person explaining the new strategy
will either be the instructor from the first period (first instructor) or the instructor you have just seen in the trailer (second instructor).

1. * Using the new strategy, how many puzzles do you expect to solve in 5 minutes after having watched a tutorial presented by the first
instructor? [Use numbers only]

2. " Using the new strategy, how many puzzles do you expect to solve in 5 minutes after having watched a tutorial presented by the
second instructor? [Use numbers only]

to be redirected
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Figure E.14: Round 2: Main tutorial

@ E-learning study o X 4
<« C @ elearning-study.herokuapp.com/elearning1903?a=1&debug=1
debug-elapse-time->>

Time Remaining
This page: 0:02:36
Complete study: 0:30:57

Wait to be redirected automatically
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Figure E.15: Round 2: Instructor evaluation

@ E-learning study X +
<« C @ elearning-study.herokuapp.com/elearning1903?a=1&debug=1 & * 6
debug-elapse-time->>

Time Remaining
This page: 0:01:19
Complete study: 0:30:03

Please evaluate the instructor and the tutorial you have just seen:
[Recall that answering all questions is mandatory. There are 6 questions in total.]

1. * The tutorial provides useful instructions for solving the sliding puzzle.

® Completely agree

© Agree

Neither disagree nor agree
Disagree

Completely disagree

© (I did not watch the tutorial)

2.* What overall grade do you assign the tutorial?

) (I did not watch the tutorial)

3. * The instructor does a good job explaining how to solve the puzzle.

Completely agree

© Agree

© Neither disagree nor agree
Disagree

© Completely disagree

© (1 did not watch the tutorial)

4.* | benefitted from the instructor's explanations.

© Completely agree

Agree

O Neither disagree nor agree
Disagree

© Completely disagree

) (1 did not watch the tutorial)

5. * What overall grade do you assign the instructor?

= best

O F = worst
© (I did not watch the tutorial)

6. * Would you recommend this instructor to people who want to learn how to solve the sliding puzzie?
® Yes

2 No
© (1 did not watch the tutorial)

Wait to be redirected automa \
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Figure E.16: Final survey

@ E-learning study X 4

<« C @ eleaming-studyherokuapp.com/elearning19037a=1&debug=1

debug-elapse-time->>

This page:
Complete study: 0:28:55

Before concluding, we would like to ask you a few final questions.
[Recall that answering all questions is mandatory. There are 14 questions in total. Question 14 is optional but we would greatly
appreciate your input ]

1. * What is your gender?

Male
Female

2. * How old are you?
20 and less
21t025

0261030
311035

0 361t040
411050
51 to 60
61 and above

3. In which country were you born?

Choose... v

4.* In politics today, do you consider yourself a Republican, Democrat, or Independent?

Republican
Democrat
Independent
© Don't know
@ E-learning study X 4
<« C @ elearning-study.herokuapp.com/elearning1903?a=1&debug=1

debug-elapse-time->>

Time Rem:

ng
This page: 0:01:52
Complete study: 0:28:34

o

. * Who did you vote for in the 2016 Presidential Election?

Donald Trump
Hillary Clinton

0 Other/Don't know
Didn't vote

o

* Did you already know how to solve the sliding puzzle before participating in this HIT?

) Yes
No

‘What do you remember about the first instructor?

~

The first instructor was experienced in giving advice to others.
Yes

No

O 1 did not watch the video / | don't remember

®

. The first instructor's gender was:
Male
O Female
| did not watch the video / | don't remember

©

. The first instructor's race was:

White

Black or African American

O 1 did not watch the video / | don't remember

@ E-learning study X +

<« C @ eleaming-studyherokuapp.com/elearning19037a=1&debug=1

debug-elapse-time->>

10. The second instructor was experienced in giving advice to others.

Yes
O No
| did not watch the video / | don't remember

11. The second instructor's gender was:

O Male
Female
| did not watch the video / | don't remember

12. The second instructor's race was:

White
Black or African American
| did not watch the video / | don't remember

13. * When working on the puzzle for the second time, did you use the strategy that was presented in the second tutorial?

O Yes, always
Yes, sometimes

No, never 65

2 (I did not watch both tutorials)

14. Please, write down any comments you might have regarding the HIT that would help us to improve it in the future (Was everything
comprehensible? Did you have enough time to finish? Did you face any technical issues?)




