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Why Adaptive Design?

1. To better compare different treatments
» Exley and Kessler (2024); Exley (2020)

2. To obtain precise model predictions

» Model comparison: Halevy et al. (2018); Zrill (2024); Somerville (2022); Im
(2024)
» Test predictions: Toney et al. (2023)
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Accurate Elicitation is HARD!
Exley and Kessler (2024)

Q. How DMs respond to a zero being added to a payoff?
» 150 vs 51 4+ 51 451 451
» 150 vs 51 +51 +51+51+0
Charity/Charity treatment
@ 150 cents to the Make-A-Wish Foundation

@ Sum of four or five summands to the Make-A-Wish Foundation

Self/Charity treatment

@ X cents to oneself

@ Sum of four or five summands to the Make-A-Wish Foundation
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Accurate Elicitation is HARD!
Exley and Kessler (2024)

Use MPL to elicit X where
@ 150 cents to the Make-A-Wish Foundation
@ X cents to oneself
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Accurate Elicitation is HARD!
Exley and Kessler (2024)

Panel A. Charity/Charity treatment Panel B. Self/ Charity treatment
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Precise Model Predictions
Halevy et al. (2018)

Q. Which estimation method has better out-of-sample predictions?

Experimental Design
© Linear budget sets

» Choose portfolio x' = (x{,x}) from a linear budget (22 budgets)
» Estimate model parameters (disappointment aversion w/ CRRA) using two
different methods (NLLS vs MMI)

@ Binary choices
» Generate 9 binary choices (safe vs risk) where the predictions from NLLS and

MMI differ XIS

» The interface is similar to that in Task 1
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Precise Model Predictions
Halevy et al. (2018)
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Precise Model Predictions
Halevy et al. (2018)
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Precise Model Predictions
Halevy et al. (2018)

Main result
@ 986/1827 (54%) choices are consistent with the predictions by MMI

» Hard to verify whether the estimations from the linear budget task are valid for
the choice task
> Still, they tried to make the two tasks relevant by making the interfaces similar
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Evaluation Task is Not Perfect

@ Gap between the evaluation and choice tasks

» Prediction accuracy of evaluation methods in binary choices (Hascher et al.,
2021): WTP (71.8%), BDM (71.3%), unincentivized rating (73.6-78.4%)
E.g. Errors may play different roles (McGranaghan et al., 2024b)
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Evaluation Task is Not Perfect

@ Gap between the evaluation and choice tasks

» Prediction accuracy of evaluation methods in binary choices (Hascher et al.,
2021): WTP (71.8%), BDM (71.3%), unincentivized rating (73.6-78.4%)
E.g. Errors may play different roles (McGranaghan et al., 2024b)

@ Low correlation across elicitation methods

» Risk (Charness et al., 2013; Crosetto and Filippin, 2016; Zhou and Hey, 2018)
» Framing (Beauchamp et al., 2020; Brown and Healy, 2018; Sprenger, 2015)
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Evaluation Task is Not Perfect

@ Gap between the evaluation and choice tasks

» Prediction accuracy of evaluation methods in binary choices (Hascher et al.,
2021): WTP (71.8%), BDM (71.3%), unincentivized rating (73.6-78.4%)
E.g. Errors may play different roles (McGranaghan et al., 2024b)

@ Low correlation across elicitation methods

» Risk (Charness et al., 2013; Crosetto and Filippin, 2016; Zhou and Hey, 2018)
» Framing (Beauchamp et al., 2020; Brown and Healy, 2018; Sprenger, 2015)

@ Elicitation may be susceptible to errors

» McGranaghan et al. (2024a) measure the values of lotteries multiple times:
The correlation coefficients are 0.254-0.696
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How to Do Better?

@ Gap between the evaluation and choice tasks

@ Low correlation across elicitation methods

o Elicitation may be susceptible to errors
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How to Do Better?

@ Gap between the evaluation and choice tasks

» Make the interfaces as similar as possible (Halevy et al., 2018; Zrill, 2024)
» Complement analysis by using comparative statics (Exley and Kessler, 2024)

@ Low correlation across elicitation methods

o Elicitation may be susceptible to errors
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How to Do Better?

@ Gap between the evaluation and choice tasks

» Make the interfaces as similar as possible (Halevy et al., 2018; Zrill, 2024)
» Complement analysis by using comparative statics (Exley and Kessler, 2024)

@ Low correlation across elicitation methods
» Choose a method that matches with the context of the main task (Im, 2024;
Zhou and Hey, 2018)

o Elicitation may be susceptible to errors
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How to Do Better?

@ Gap between the evaluation and choice tasks

» Make the interfaces as similar as possible (Halevy et al., 2018; Zrill, 2024)
» Complement analysis by using comparative statics (Exley and Kessler, 2024)

@ Low correlation across elicitation methods

» Choose a method that matches with the context of the main task (Im, 2024;
Zhou and Hey, 2018)

o Elicitation may be susceptible to errors

» Choose a method that is most reliable
» Use averaged values (Gillen et al., 2019)
» Use adaptive algorithms: DOSE (Chapman et al., 2024)
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Dynamically Optimized Sequential Experimentation (DOSE)

Briefly description

@ Structural model (parametric specification)
» Prospect Theory w/ power utility (risk and loss aversion)

Prior distribution over parameters
» Uniform distribution

Set of choices
» Binary choice

@ How parameters map to choices
» Logit function (error can be taken into account)
Information criterion

» Expected Kullback-Leibler divergence between the prior and possible posteriors

— Accurate estimation w/ a few questions and taking into account errors
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Partitioning vs DOSE

Partitioning DOSE
(optimal with complete consistency) (optimal allowing for inconsistency)
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Another Example
Toney et al. (2023)

Q. Does calorie information affect choices?

Experimental design
Q Elicit WTP

» 600-calorie Sandwich, 300/600/900-calorie wraps
» Calorie information is not revealed

@ Binary choices close to indifferent by monetary compensation

» Control: Make choices w/o calorie information
» Calorie information: Make choices w/ calorie information
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Another Example
Toney et al. (2023)

Chicken Sandwich
Ingredients: Grilled, 100% Antibiotic-Free Chicken Breast, Leafy Lettuce, Tomato,

Swiss Cheese, Homemade Ranch Dressing between Two Multigrain Wheat Bread

Note: You will be required to eat at least some of the food selected for implementation
during today's session, o consider the options carefuly.

With a budget of $10, what is the maximum amount that you are willing to pay for the meal
shown above?

Amount (§)
0 1 2 3 4 5 3 7 8 9 10

Response

DA



Another Example
Toney et al. (2023)

Option A

Image

Chicken Caesar Wrap|
[
Grilled, 100% Antiiotic- | Grilled, 100% Antibiotic-
Free Chicken Breast, Leafy| Free Chicken Breast,
Lettuce, Tomato, Swiss. Romaine Lettuce,
Description Cheese, Homemade Cheese, Croutons,
Ranch Dressing bstween |Caesar Dressing. Toasted|
Two Multigrain V/heat Herb Focaccia in An

Food item | Chicken Sandwich

Bread. Organic Wheat Wrap.
Calories 600 900
Monetary
Allocation 0 1
()

Note: You will be required to eat at least scme of the food selected for implementation
during today's session, so consider the options carefully.

Which Option Do You Prefer?

DA
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Another Example
Toney et al. (2023)

80% p=0.0496

o
3
X

Treatment

40% Calorie Information
Control

Proportion of Sandwich Choices

20%

0%

300-Cal Wrap 600-Cal Wrap 900-Cal Wrap

o Consistent with the model prediction (50/50 choice) in Control treatment




Why It Works?

Toney et al. (2023)
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Why It Works?

Toney et al. (2023)

Relatively small monetary compensation has a small impact?

Similar products?
@ Is (Food+Money) chosen more than (Food)?

@ Coincidence?
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Comments on Incentive Compatibility
Halevy et al. (2018) (p.1580)

When subjects understand that the evaluation and main tasks are connected, they
may manipulate choices in order to maximize their expected choices

© Make sure that you do not reveal the relation between the two tasks via the
instructions and during the experimental procedure

@ It is unlikely that subjects have enough knowledge of the design and
successfully manipulate their choices

© Check what would be expected when subjects combine the two tasks and the
fraction of their behavior
» Halevy et al. (2018) expect the choices to be biased toward EU behavior when
subjects combine the tasks (40%)
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Conclusion

Is it meaningful to control? Yes!
@ Provides a theoretical background

@ Suggests insights/directions how to modify models of interest

How to do better?
@ Comparative statics

Interface

Choose a method

» Consider the context of the main task, reliability, multiple elicitation
Adaptive algorithms

» Structural model
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Thank You!
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How to Generate Binary Choices in Halevy et al. (2018)

Suppose that Oniis = {Bnies. Ancest and Ovma = {Brmar, P
Given a risky portfolio, x®, compute the CE; and CE; where i,j € {NLLS, MMI}

Case: Bnies, Bumr >0

Let safe portfolio be x* = (CE; + CE;)/2
If CE; > CE;, then

o 0; predicts the risky portfolio (xR)
° 91- predicts the safe portfolio (x*)
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Correlation Coefficients in McGranaghan et al. (2024a)

Table A.3: Correlations Between hyy and R'yy by p and r

(1) 2) 3) (4) (5)
r=20.1 r=0.2 r=0.3 r=0.5 r=0.38

Panel A: p(hag,Wy5)

p=03 0.256 0.369 0.422 0.372 0.617
p=05 0.402 0.464 0.540 0.586 0.696
p=038 0.428 0.545 0.395 0.447 0.641
p=209 0.314 0.497 0.402 0.519 0.548

Panel B: p(hap', Wyp)

p=0.3 0.254 0.492 0.439 0.433 0.545
p=05 0.320 0.406 0.445 0.619 0.614
p=038 0.564 0.444 0.461 0.475 0.584
p=20.9 0.292 0.514 0.385 0.355 0.483
Panel C: p(h(jj_), h/CL))
p=03 0.452 0.453 0.570 0.538 0.541
p=0.5 0.474 0.512 0.410 0.590 0.583
p=08 0.435 0.484 0.461 0.389 0.529
p=09 0.462 0.431 0.485 0.453 0.432
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Screenshot of MPL in McGranaghan et al. (2024a)

OPTION A: OPTION B:
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More Algorithms

@ Dynamically Optimized Sequential Experimentation (DOSE)
> (Imai and Camerer, 2018; Chapman et al., 2024)

e Dynamic Experiments for Estimating Preferences (DEEP)
» (Toubia et al., 2013)

e Adaptive Design Optimization (ADO)
» (Cavagnaro et al., 2010)

@ Sequential Optimal Inference (SOI)
» (Daviet, 2019; Daviet and Webb, 2023)

» How to to better?
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