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Web Appendix A: Survey Instrument 

This section contains the screenshots of the survey instrument used in the paper. 
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The experimental treatment video starts here. Since screenshots for the video are unavailable, 

please use the following link to view an example of one condition: 

https://researchbox.org/3425&PEER_REVIEW_passcode=RHAZSA. This video is sourced from 

Agnew et al. (2018), which utilized a different combination of conditions than those employed in 

this paper. For a summary of the present paper’s conditions, please refer to Web Appendix B. The 

attached video uses the Quality Sequence 5 in Table B1, Panel C. The sequence of topics in this 

video (Debt, Diversification, Fees, Consolidation) does not match any topic sequence in this 

paper (described in Table B1, Panel B) nor does the Advisor pair (Male, Old, Yes Certification vs 

Female, Young, No Certification) match any of this paper’s pairs (described in Table B1, Panel 

A). 

The present study utilized the same videos; however, the conditions were generated using Flash 

Player, a platform that Adobe has since discontinued and is no longer accessible. As a result, it 

was not possible to produce a new video capturing one of the specific conditions discussed in 

this paper after Flash Player was discontinued. It is important to highlight that the screenshots 

provided in this appendix display two different advisors (an Old Female and a Young Male), than 

those the video example features (an Old Male and a Young Female). In the actual experiment, 

the images in the subsequent screenshots would correspond to those shown in the video. 

https://nam11.safelinks.protection.outlook.com/?url=https%3A%2F%2Furl.au.m.mimecastprotect.com%2Fs%2FVchDCmO5glu1NV05nCGfouRMbHd%3Fdomain%3Dresearchbox.org&data=05%7C02%7CJulie.Agnew%40mason.wm.edu%7C300d471b4fbf46be8ab308dcc5b4334c%7Cb93cbc3e661d40588693a897b924b8d7%7C0%7C0%7C638602625008453698%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C0%7C%7C%7C&sdata=mAfv%2BDvJAslVG9PIMZGBrfC4Jjmg5rFEZPDgeboudrM%3D&reserved=0
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Web Appendix B: Experimental Design 

Usually, a full factorial design is the most desirable choice when designing an 

experiment. However, in our case this is infeasible because the three different adviser 

characteristics (age, gender, certification) lead to 28 (= (2
3

2
)) possible combinations of advisers, 

the four different topics make 16 (= 42) possible sequences of good (G) and bad (B) advice and 

24 (= 4!) possible sequences of topics, resulting in a total of 9,216 possible conditions. From this 

complete design, we chose a subset that was most informative for the identification of learning 

type. 

Since we are focusing on client traits rather than on adviser characteristics, we only 

included four adviser pairings, where each adviser was the mirror image of the other (i.e., the 

older, female, certified adviser was paired with the younger, male, non-certified adviser). We 

also rendered the overall objective quality of the advisers to be neutral by only including six 

sequences of good and bad advice orders — those where each adviser gives two objectively 

good, and two objectively bad, recommendations. Even though all advisers can thus be 

considered to be low quality, Agnew et al. (2018) found that clients considered advisers 

trustworthy and competent even if giving two pieces of bad advice. In contrast to advice orders 

where one adviser would be clearly superior to the other (e.g., by providing three or four pieces 

of objectively good advice), these six sequences should result in similar posterior beliefs about 

both advisers for participants who subjectively rate all topics as clear (unambiguous). As such, 

variations in response patterns for these advice orders are powerful in detecting participants’ 

subjective perceptions of topic ambiguity as well as their learning mechanism. Ideally, we would 

use all 24 possible financial topic sequences in our experimental conditions. Due to feasibility 

constraints, we include the six topic sequences that we rate as most informative for identifying 
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learning and subjective ambiguity: those that present an equal number of high ambiguity (index 

fund fees and stock diversification) and low ambiguity (account consolidation and debt 

repayment) financial topics. Note that our definition of topic ambiguity here refers to the 

aggregate ambiguity of the topic and is based on the number of incorrect answers to these topics. 

Individual participants’ perception of topic clarity may deviate from these aggregate 

classifications - a possibility that we capture in our model (equations (5) and (6)). While we 

acknowledge the possibility that participants may confidently hold wrong beliefs about a topic 

(i.e., perceive a topic to be clear while at the same time identifying bad advice incorrectly as 

good and vice versa), our model-free analysis in the paper, as well as the model itself, assumes 

that if a topic is clear to a participant, they will hold correct beliefs about the advice related to 

that topic. When we combined the four possible pairs of advisers with the six possible sequences 

of objective advice quality and the six possible sequences of financial topics, we arrived at a 

design with 6 · 6 · 4 = 144 conditions. We randomly assigned at least 10, and up to 14, 

participants to each condition. 
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TABLE B1: Experimental Design 

 

Panel A: Design of adviser pairs 

Panel B: Sequence of advice topics 

Panel C: Design of sequence of advice quality 

Notes: Each participant in the experiment makes four choices of financial advice where the design of the four choice sets consists 

of: one row from Panel A (adviser characteristics); one row from Panel B (sequence of advice topics); and one row from Panel C 

(sequence of delivery of good or bad advice from Adviser L and Adviser R). Panel A shows the combinations of adviser 

characteristics: each pair of advisers consisted of an adviser with three characteristics (gender, age, certification) and an adviser 

with the reverse. Adviser L appeared on the left-hand side of the choice set screen, and Adviser R appeared on the right-hand 

side. Each participant saw the same two advisers for the entire experiment, and each adviser stayed on the same side of the 

screen. Panel B shows the sequence of advice topics for each condition in the experiment. Panel C shows sequences of advice 

quality for each condition where “G” stands for objectively good advice and “B” stands for objectively bad advice. 

  

 Adviser L   Adviser R  

Pair Gender Age Certification Gender Age Certification 

1 Female Young Yes Male Old No 

2 Female Old No Male Young Yes 

3 Male Young No Female Old Yes 

4 Male Old Yes Female Young No 

Sequence Choice 1 Choice 2 Choice 3 Choice 4 

1 Diversification Fees Consolidation Debt 

2 Consolidation Debt Diversification Fees 

3 Diversification Consolidation Fees Debt 

4 Consolidation Diversification Debt Fees 

5 Diversification Consolidation Debt Fees 

6 Consolidation Diversification Fees Debt 

 Advice from Adviser L Advice from Adviser R 

Quality 
Sequence 

1st 
topic 

2nd 
topic 

3rd 
topic 

4th 
topic 

1st 
topic 

2nd 
topic 

3rd 
topic 

4th topic 

1 G G B B B B G G 

2 G B G B B G B G 

3 G B B G B G G B 

4 B G G B G B B G 

5 B G B G G B G B 

6 B B G G G G B B 
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Web Appendix C: Sample Demographics 

TABLE C1: Sample Demographics 

 Survey 
Sample 

18-79 

yrs 
Aust. 
Pop’n 

 Survey 
Sample 

18-79 

yrs 
Aust. 
Pop’n 

Gender   Marital Status   

Male 50% 49% Never married 26% 30% 

Female 50% 51% Divorced/separated 10% 13% 

Age   Widowed 2% 3% 

18-24 years 8% 10% Married or long-term relationship 62% 54% 

25-29 years 8% 10% Personal Income   

30-34 years 12% 10% $1-$20,799 (i.e., less than $399 a week) 24% 25% 

35-39 years 12% 10% $20,800-$51,999 (i.e., $400-$999 a week) 35% 32% 

40-44 years 12% 10% $52,000-$103,999 (i.e., $1,000-$1,999 a 

week) 
25% 23% 

45-49 years 9% 10% $101,000 (i.e.,$2,000 a week) or more 7% 7% 

50-54 years 12% 10% Negative or nil Income 9% 6% 

55-59 years 12% 9% Not stated 0% 7% 

60-64 years 13% 8% Highest Level of Education   

65-69 years 2% 6% High school or less 26% 40% 

70-79 years 0% 8% Vocational/Technical certificate 21% 20% 

Work Status   Tertiary diploma   

Employed 62% 63% Bachelor degree 23% 15% 

Unemployed 8% 3% Graduate certificate, diploma or degree 19% 6% 

Not in the labor force 18% 29% Not stated 0% 10% 

Retired 12% n.a.    

Not stated 0% 5%    

Notes: This table presents the demographics of the sample of 2003 participants drawn from a nationally 

representative online panel by email invitation in 2014 with the 2011 (most recent at the time of the experiment) 

Australian census. 
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Web Appendix D: Prior Beliefs of Adviser Quality, Perceptions and Interpretations of 

Advice Signals, And Belief Updating 

In the experiment, participant i receives a sequence of adviser quality signals delivered 

by two different advisers, a ∈ (L, R), appearing on the left or right of the participant’s screen. 

The signals of adviser quality come in the form of advice on four different financial topics, one 

for each choice set, c = 1, . . . , 4. Participants (subjectively) perceive quality signals as either 

clear (τi,c = clr) or ambiguous (τi,c = amb), depending on the topic of the advice. Our definition of 

ambiguity thereby differs from the one used in Fryer, Harms, and Jackson (2019): The signal in 

our experiment has an objective quality, whereas in their model ambiguous signals are 

objectively up to interpretation. A more general model would allow for degrees of ambiguity. We 

use a binary classification to help identification of the estimated parameters in the model. 

Let qi,c,a ∈ (𝑔, 𝑏 ) indicate the objective quality of the advice given at choice set c by 

adviser a where 𝑔 indicates objectively good advice and  𝑏 indicates objectively bad advice. Let 

σi,c,a ∈ (g, b, gb) indicate participant i’s subjective interpretation of the signal at choice set c 

by adviser a: g indicates an interpretation that the advice is good, b indicates an interpretation 

that advice is bad; and gb indicates an undefined interpretation. 

We assume that at choice set c, participant i holds a prior probability that adviser a is 

good quality denoted by λi,(c−1),a. We assume that if i perceives advice to be clear (τi,c = clr) their 

interpretation of the quality of the advice will be consistent with the objective quality, qi,c,a ∈ 

(𝑔, 𝑏 ). This assumption precludes participants from confidently holding an incorrect belief about 

a signal’s quality. If i thinks the advice is ambiguous (τi,c = amb) their interpretation of the quality 

of the advice will be consistent with their prior belief about the adviser λi,(c−1),a, interpreting 

advice from the adviser they hold in higher esteem as good and the advice from the adviser they 
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rate lower as bad. As such, σi,c,a depends on both subjective perceptions of clarity or ambiguity 

and prior belief about the advisers, so that, 

where ¬a denotes the other adviser presented to the participant. We further assume that the 

advice given by an adviser carries a signal strength s of the adviser’s quality, that is the same for 

all participants. The signal strength s, (s > 1/2) equals the probability that a good adviser gives 

objectively good advice, P (𝑔|G) = s, and that a bad adviser gives objectively bad advice, P ( 𝑏|B) 

= s. Thus, the probability of receiving an objectively bad (good) signal from a good (bad) adviser 

is P ( 𝑏|G) = 1 − s (P (𝑔|B) = 1 − s). To enable us to identify parameters, we set s to an arbitrary 

value greater than 0.5 and check the sensitivity of our estimation to alternative choices. The 

results we report use s = 0.75. 

Conditional on signal strength, s, updated beliefs depend on the participant’s learning 

process and their perception of whether a signal is clear or ambiguous. Bayesian learners will 

update beliefs according to the Bayes rule and ignore their subjective interpretation of the advice 

if the signal is ambiguous:  

 

 

𝜎𝑖,𝑐,𝑎 = {

𝑔,  if 𝜏𝑖,𝑐 = 𝑐𝑙𝑟 and 𝑞𝑖,𝑐,𝑎 = 𝑔, or 𝜏𝑖,𝑐 = 𝑎𝑚𝑏 and 𝜆𝑖,(𝑐−1),𝑎 > 𝜆𝑖,(𝑐−1),¬𝑎,

𝑏,  if 𝜏𝑖,𝑐 = 𝑐𝑙𝑟 and 𝑞𝑖,𝑐,𝑎 = 𝑏, or 𝜏𝑖,𝑐 = 𝑎𝑚𝑏 and 𝜆𝑖,(𝑐−1),𝑎 < 𝜆𝑖,(𝑐−1),¬𝑎,

𝑔𝑏,  if 𝜏𝑖,𝑐 = 𝑎𝑚𝑏 and 𝜆𝑖,(𝑐−1),𝑎 = 𝜆𝑖,(𝑐−1),¬𝑎,

     (D1) 

 

 

𝜆𝑖,𝑐,𝑎 =

{
 
 

 
 

𝑠𝜆𝑖,(𝑐−1),𝑎

𝑠𝜆𝑖,(𝑐−1),𝑎+(1−𝑠)(1−𝜆𝑖,(𝑐−1),𝑎)
,  if 𝜏𝑖,𝑐 = 𝑐𝑙𝑟 and 𝜎𝑖,𝑐,𝑎 = 𝑔,

(1−𝑠)𝜆𝑖,(𝑐−1),𝑎

(1−𝑠)𝜆𝑖,(𝑐−1),𝑎+𝑠(1−𝜆𝑖,(𝑐−1),𝑎)
,  if 𝜏𝑖,𝑐 = 𝑐𝑙𝑟 and 𝜎𝑖,𝑐,𝑎 = 𝑏,

𝜆𝑖,(𝑐−1),𝑎  if 𝜏𝑖,𝑐 = 𝑎𝑚𝑏,

                     (D2) 
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That is, Bayesian learners will update beliefs of adviser quality only when they perceive 

the signal as clear. But limited memory learners will use all signals—both clear and 

ambiguous—to update their beliefs about the quality of the advisers. Limited memory learners 

update using their readily available interpretation of ambiguous signals. Based on Fryer, Harms, 

and Jackson (2019), we assume that a limited memory learner updates beliefs according to: 

 

Equations D2 and D3 show how ambiguous signals create an opportunity for 

confirmation bias to operate. Bayesian learners ignore ambiguous signals and form posterior 

beliefs using clear signals that generally will align with the objective quality of the financial 

advice. Thus, they gradually uncover the true quality of the adviser. However, limited memory 

learners use their interpretation of both clear and ambiguous signals to update their beliefs. Since 

their interpretation of the ambiguous signal can diverge from objectivity, being guided by prior 

beliefs, limited memory learners tend to have confirmation bias. Equations 2 and 3 imply that 

beliefs about the two advisers are negatively correlated, irrespective of learning type.  

Table D1 gives a simplified example that compares the learning processes for one 

sequence of four choice sets for participants starting with neutral beliefs about the advisers. After 

four sets of advice, where an adviser delivered two signals that were objectively good and two 

that were objectively bad, but where both learners’ subjectively perceived the signals at choice 

sets 2 and 3 as ambiguous, the Bayesian learner has not changed their overall assessment of the 

 

𝜆𝑖,𝑐,𝑎 =

{
 
 
 

 
 
 

𝑠𝜆𝑖,(𝑐−1),𝑎

𝑠𝜆𝑖,(𝑐−1),𝑎+(1−𝑠)(1−𝜆𝑖,(𝑐−1),𝑎)
,  if 𝜎𝑖,𝑐,𝑎 = 𝑔,

(1−𝑠)𝜆𝑖,(𝑐−1),𝑎

(1−𝑠)𝜆𝑖,(𝑐−1),𝑎+𝑠(1−𝜆𝑖,(𝑐−1),𝑎)
,  if 𝜎𝑖,𝑐,𝑎 = 𝑏,

  
  
   

𝜆𝑖,(𝑐−1),𝑎,  if 𝜎𝑖,𝑐,𝑎 = 𝑔𝑏.

                              (D3) 
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adviser’s quality and the limited memory learner holds a more strongly positive posterior belief 

of the adviser’s quality. 

 

 

TABLE D1: Illustration of Belief Updating by Bayesian and Limited Memory Learner 

 

Notes: The illustrative example should be read top to bottom, following the sequence of advice choices in column 1. 

Column 2 shows the objective quality of the advice given by an advisor, while column 3 shows the clarity of the topic 

and correspondingly whether advice signal is perceived as clear or ambiguous. Columns 4 and 6 show how the 

individual beliefs are updated, and columns 5 and 7 use graphical symbols to represent the probability assigned by the 

individual for the adviser to be high quality, for the Bayesian and limited memory learner respectively. 

  

   Learning Process 

   Bayesian Limited Memory 

Choice 
set 

Objective 
quality 

Clarity 
of advice 

Beliefs 
updated 

Posterior 
beliefs 

Beliefs 
updated 

Posterior 
beliefs 

(1) (2) (3) (4) (5) (6) (7) 

1 Good Clear Up + Up + 

2 Bad Ambiguous No + Up ++ 

3 Good Ambiguous No + Up +++ 

4 Bad Clear Down ± Down ++ 
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Web Appendix E: Sequential Adaptive Bayesian Learning (SABL) Estimation 

The likelihood function presented in Experimental Approach Section in the main text 

exhibits discontinuities, resulting from threshold based belief updating mechanisms described in 

Equation (2) and Equation (3). These discontinuities in the likelihood function cause 

implementation problems due to the inherent computational difficulty for maximum likelihood 

estimators (see also Chernozhukov and Hong 2004). We overcome these difficulties with 

Bayesian estimation methods. More specifically, we use sequential adaptive Bayesian learning 

(SABL) proposed by Durham and Geweke (2014). The basic idea of the SABL algorithm is to 

generate the posterior distribution of parameters by adding information from the data in an 

adaptive and controlled way. A key feature of the SABL algorithm is that most of it is parallel 

and therefore able to exploit the benefits of multiple processing units. When used for Bayesian 

inference, SABL is a posterior simulator. 

In a nutshell, SABL iterates through cycles in which draws from an initially flat prior 

distribution are transformed into draws from the posterior distribution. Draws are organized into 

different groups, the purpose of which becomes evident below. The cycles reflect Bayesian 

updating, whereby the weight given to the information contained in the data and used in the 

Bayesian updating increases with each cycle (i.e., adaptive and controlled adding of 

information). Each cycle thus consists of three phases and is performed independently on each 

group of draws (i.e., parallel computation). These three phases are the correction phase (which 

adjusts the calculation of weights of the draws by incorporating the new information), the 

selection phase (which applies multinomial residual resampling to obtain new draws), and the 

mutation phase (which is a Metropolis random walk that accepts or rejects the new draw). The 

cycles end once the information from the data has been given full weight. 
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SABL does not require the modeler to specify conjugate priors. But as with any Bayesian 

estimation approach, SABL requires the user to specify the prior distributions for the parameters 

to be estimated. We chose uninformative priors. We assumed that the prior for each parameter of 

interest is independent normal with a mean of zero and a standard deviation of five. We evaluated 

the sensitivity of prior influence by a careful visual examination of the posterior distribution 

against the prior distribution. 

SABL is robust to multimodal posteriors, which can arise in high dimensional problems 

(Jasra, Stephens, and Holmes 2007) such as ours. A further advantage of using SABL (or a 

Bayesian approach in general) is that the posterior distribution of draws can help in assessing the 

identification of the model parameters. More specifically, a high correlation between the 

posterior draws of two parameters may suggest that these are not separately identified by the 

choice data. In addition to including different covariates in the different model parts (see also 

discussion in Experimental Approach Section) and specifying different uninformative priors, we 

used this correlation matrix check to further assess the identification of our model.1 
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Web Appendix F: Sketch of Parameter Identification 

A formal analysis of identification is not feasible for our complex, nonlinear learning 

model. Here, we sketch our identification strategy for the key model parameters. 

First, consider participant i’s initial prior probability of adviser a’s quality, that is, 

λi,(c−1),a|c = 1. This prior influences the choices i makes at c = 1: we assume that (up to a random 

error) if participant i subjectively interprets the signal from a at c = 1 to be ambiguous, τi,c = amb, 

they will choose the adviser with the higher value of λi,(c−1),a|c = 1. Since the experimental design 

shows participants any of the four possible topics at c = 1, some participants will find their 

assigned topic difficult, and thus view the advice signal as ambiguous (Panel B in Appendix B), 

and interpret the signal using their initial prior. Variation in topic ambiguity at the first choice set 

thus identifies initial priors and how the prior depends on advisers’ certification and participants’ 

trust (β0). 

We identify the parameter β2 via the initial prior λi,(c−1),a|c |c = 1 and assumed signal 

strength s. These two parameters jointly define the updated probabilities λi,c,a, so we treat them as 

predetermined covariates when participants face an ambiguous topic τi,c = amb. Choices made in 

choice sets with ambiguous signals can thus identify β2. Choices made in choice sets with clear 

signals τi,c = clr identify β1. 

Participants’ choices of financial advice allow us to identify membership of the 16 latent 

classes τClarity. Specifically (up to uncertainty in the choice process), if the participant selects 

adviser R (yi,c = 1), when R gives an objectively bad quality signal qi,c,R = 𝑏, we can conclude that 

the signal was ambiguous for that participant, σi,c,R = gb . (We cannot make a similar inference if 

the participant selects R when R gives an objectively good quality signal, qi,c,R = 𝑔, as this could 

imply either that i treated the signal as subjectively clear, τi,c = clr, or that i treated the signal as 
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ambiguous, τi,c = amb, but λi,(c−1),R > λi,(c−1),L.) The combined information of posterior beliefs 

of adviser quality and objectively incorrect choices of advice thus allows us to identify τClarity,i. 

Since λi,(c−1),a|c = 1 can be inferred from the data without any assumptions about 

participants’ learning type, and since signal strength s is fixed, we can calculate the posterior 

beliefs λi,c,a for both learning types. The posterior belief associated with the higher likelihood 

then helps to determine τLearner. 
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Web Appendix G: Proportion of Participants in Latent Classes 

TABLE G1: Proportions of Participants in Latent Classes 

Latent Class   Segment Size (%) 

Learning process     

Bayesian updater    37.11 

Limited memory updater    62.89 

Clarity of topics     

Clarity class Consolidation Diversification Fees Debt  

1 1 1 1 1 18.2 

2 1 1 1 0 2.2 

3 1 1 0 1 21.9 

4 1 1 0 0 4.5 

5 1 0 1 1 6.9 

6 1 0 1 0 1.4 

7 1 0 0 1 14 

8 1 0 0 0 4.8 

9 0 1 1 1 3.1 

10 0 1 1 0 0.6 

11 0 1 0 1 6.4 

12 0 1 0 0 2.3 

13 0 0 1 1 2 

14 0 0 1 0 0.7 

15 0 0 0 1 7.2 

16 0 0 0 0 3.8 

Notes: This table shows the estimated posterior belief percentage of participants assigned to 2 latent classes 

differentiated by the learning process (Bayesian or limited memory) and 16 latent classes differentiated by the 

clarity or ambiguity of the four advice topics. A “1” indicates that participants in that class treated the topic as clear, 

and “0” indicates that they treated the topic as ambiguous. For example, the model assigns 18.2% of participants to 

latent class 1 (row 1), which treats all topics as clear, and assigns 3.8% of participants to latent class 16 (row 16), 

which treats all topics as ambiguous. We infer latent classes from estimation of the choice model (Equation 9) – see 

Table 5 in paper for estimation results. 
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Web Appendix H: Estimated Marginal Effects of Client Characteristics 

We examine how personal characteristics, financial literacy and knowledge change the 

probability that participants follow one of the two latent learning processes, or perceive topics as 

clear or ambiguous. We set all other variables in the respective equations at their mean values 

and calculate the probabilities at the minimum and maximum values for the variable of interest. 

Figures H1 to H4 display the probabilities and the associated 95% CIs, reflecting the marginal 

influence of each factor. The blue arrows display the difference when the factor confidence 

intervals do not overlap and the parameters from the CIs in Table 5 of the paper exclude zero. 

 

Figure H1: Factors Influencing Prior Beliefs that the Financial Adviser is Good. This figure displays the 

probabilities and associated 95 percent CIs affecting participants’ prior beliefs given different factors. The blue 

arrows display the difference between the probabilities reflecting the marginal influence of each factor. Rounding 

may result in the displayed difference being slightly different than the calculated. Blue arrows are displayed when 

the factor CIs do not overlap and the parameters from the CIs found in Table 5 of the paper exclude zero. 
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Figure H2: Probability of Being a Rational Bayesian Updater. This figure displays the probabilities and associated 

95% CIs that a participant is a rational Bayesian updater given certain personality traits. The blue arrows display the 

difference between the probabilities reflecting the marginal influence of each factor. Rounding may result in the 

displayed difference being slightly different than the calculated. Blue arrows are displayed when the factor CIs do 

not overlap and the parameters from the CIs found in Table 5 of the paper exclude zero. 
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Figure H3: Probability Participant Views Topic as Clear. This figure displays the probabilities and associated 95 

percent CIs that reflect whether participants view a topic as clear given different factors. The blue arrows display the 

difference between the probabilities reflecting the marginal influence of each factor. Rounding may result in the 

displayed difference being slightly different than the calculated. Blue arrows are displayed when the factor CIs do 

not overlap and the parameters from the CIs found in Table 5 of the paper exclude zero. 
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Figure H4: Factors Affecting Willingness-to-Pay for the Adviser. This figure displays the probabilities and 

associated 95 percent CIs affecting participants’ willingness-to-pay given different factors. The blue arrows display 

the difference between the probabilities reflecting the marginal influence of each factor. Rounding may result in the 

displayed difference being slightly different than the calculated. Blue arrows are displayed when the factor CIs do 

not overlap and the parameters from the CIs found in Table 5 of the paper exclude zero. 
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Notes 

1. We run SABL using its MATLAB interface. A detailed explanation of SABL and its 

implementation in the SABL software can be found in Geweke (2016); Geweke and Durham 

(2019). SABL itself can be downloaded from http://www.quantosanalytics.org/garland/mp-

sps_1.1.zip. The time to estimate our model using SABL is approximately 60 minutes. 
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