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1 — Introduction

This project studies recommender algorithms as they are employed in e-commerce
settings. Both in the US and in Europe, lawmakers are concerned with the power
of large online platforms to influence users through recommendations. Current leg-
islative approaches, for example the European Digital Markets Act, prohibit certain
patterns of abusive behavior, such as self-preferencing (2022). | study an alterna-
tive legislation that would enable consumers to choose between recommender al-
gorithm themselves. The idea that recommender systems could be chosen by con-
sumers independently of the sales platforms was considered very early on in the
economic literature on recommender systems (Resnick and Varian, 1997).

Existing studies on the effects of personalized recommender systems (Ursu (2018);
Donelly et al. (2023)) use browsing data, where one set of users received recom-
mendations by a recommender algorithm and another set did not receive recom-
mendations. While it is appealing that these studies use data from real consumer

choices, there are two key differences to the setting that | study experimentally: 1)
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The change in the platform design is not communicated to the users and they can
therefore not change their search behavior accordingly. 2) Empirically, these stud-
ies are limited in the algorithms that they observe - they only observe the platform
algorithm and a non-personalized algorithm.

In this project, | use an online experiment to study recommender systems. In
a first step, | document the choice patterns of experimental subjects when their
choices are ordered by different algorithms. Importantly, | address some of the gaps
in the literature by informing subjects about the algorithm that creates their recom-
mendations, and | introduce a consumer-optimal algorithm in addition to a "steering"
(or "platform") algorithm.

Secondly, | study how subjects are choosing between different algorithms and
elicit their willingness to pay for them. These results are aimed to inform a potential

policy where consumers are given the power to change the recommender system.

2 — Conceptual Framework

2.1. Consumer choice

| follow Reimers and Waldfogel (2023) in modeling a subject’s utility of choosing a

lottery j ranked at r; as:

Ui = (Sij -+ Yil'j + gj + €ij

where ~; denotes the user-specific effect of rank on utility, ; is are unobserved lot-
tery attributes (for example, degenerate lotteries might be more salient for subjects,
leading to them being chosen more frequently), and ¢;; is an extreme-value error.
Lastly, é;; denotes the rank-independent component of utility, which | parameterize

as a CRRA-utility function:
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where ¢, are outcomes of lottery j, and w; is the individual specific risk aversion.
Given that there is no outside option in the experimental setting, the choice proba-

bility for a lottery j ranked at r; can be computed as:
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with v;; = 6;; + vir; + &;. The ranking of a lottery affects both the subjects utility,
and the probability that the lottery will be chosen.

2.2. Platform ranking

During the experiment, subjects make choices from lists of lotteries where the lists

are created by two algorithms: the Expected Utility and the platform algorithm.

e Expected Utility: The expected utility algorithm orders the set of lotteries in de-
scending order of CRRA-expected utility as in equation 1 and the top 10 lotteries

are shown to the subject in order.

e Steering: The platform algorithm orders the set of lotteries according to the fol-
lowing index and the top 10 lotteries are shown to the subject in order of the

index:
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where S(.) is a min-max scaler, and k, k, are the weights that the algorithm
places on the objective of the subject and the "platform" respectively. This spec-
ification of the algorithm is inspired by Reimers and Waldfogel (2023). They
use the index I} = r1ln(p;) + k26; and derive the Pareto-frontier between the
consumer-optimal (k; > 0, k3 = 0) and the seller optimal index (k; = ks). For
the purpose of the experiment, | will set k; = k2 = 1 in the spirit of their seller-

optimal index.

Throughout the experiment, the recommender algorithms serve two roles:
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e Selection: Not all choices will be available to the subjects in each round. In each
round, there is a set of 20 available lotteries. Of these 20 lotteries, only the
10 lotteries that rank the highest according to the algorithms criterion will be

displayed to the subject.

¢ Ordering: The steering and the expected utility algorithm order the lotteries by

their corresponding criterion.

3 — Experimental Design

The experiment features three kinds of tasks. The first task is a risk elicitation task in
the style of Johnson et al. (2021), where subjects have the prospect of gaining either
the outcome of a lottery that pays 10$ with probability 50% and 0$ with probability
50% or a sure but unknown monetary amount X, that has been randomly drawn with
equal probability between 0$ and 10$. Subjects are asked to declare a threshold
such that they would prefer receiving X if it is above the threshold, and they would
prefer receiving the lottery if X is below the threshold.

The second task is a choice task, where subjects are asked to choose from lists
of three-outcome lotteries that have been ordered and selected by the platform
or the expected utility algorithm. These algorithms take into account the subjects
risk aversion that has been calculated using the subjects choice in the first task and
assuming constant relative risk aversion®. The outcomes of all lotteries are 10$, 5%,
and 0%, and the respective probabilities are drawn to ensure that the probability of
10% and 0% does not exceed 50%. Throughout the choice task consumers are aware
which algorithm has created the lists of lotteries, but the algorithms are displayed to
them as "Algorithm 1" and "Algorithm 2".

Finally, | elicit subjects willingness to pay for one algorithm over the other. For
1. Since the two parts of the platform algorithm exactly cancel each other out in case the subject is

risk neutral, subjects that are calculated to be risk neutral are randomly treated as either very slightly
risk averse (w = 0.01) or slightly risk seeking (w = —0.01).
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this step, | give subjects an endowment of 1$. Using a slider, subjects can change the
probability that they will face either algorithm in the next set of 10 choice rounds.
Choosing equal probability between the two algorithms (50% - 5R%) is costless.
Changing the probabilities by 1%, i.e. to 49% - 51% costs 0.02$. The cost increases
linearly, so that the price of setting the probability to have either algorithm for the

last 10 choice rounds is equal to the full endowment - 1$.

Timing:

o t=1

General Instructions about the experiment

Instructions on the risk elicitation task

Instructions on the lottery choice task

Instructions on the Willingness-to-pay (WTP) elicitation mechanism?
o t=2

- Risk preference elicitation task
o t=3

- 10 rounds of choice task with platform or expected utility algorithm (order

of algorithms is randomized)
o t=4

- 10 rounds of choice task with platform or expected utility algorithm (order
of algorithms is randomized)

2. Assuggested by Plott and Zeiler (2005), subjects will be exposed to training and practice rounds
with the elicitation mechanism in an anonymous fashion. The practice rounds will however not be
incentivized, as this is at odds with the recommendation of Azrieli et al. (2018) of selecting one round
to reward at random.



o t=5
- Willingness-to-pay elicitation
o t=6

- 10 rounds of choice task with either random or personalized algorithm, de-
pending on random draw with probabilities determined in the WTP-elicitation

round

3.1. Incentives:

| divide the experiment into three parts:
e Risk elicitation

e First 20 choice rounds (10 rounds with platform algorithm, 10 rounds with ex-

pected utility algorithm)

o Willigness-to-pay elicitation and final set of 10 choice rounds (with randomly
selected algorithm based on probabilities set in the willingness-to-pay elicitation

step)

One of the parts will be randomly selected. In case the randomly selected part is
part 1, subjects get a bonus according to their choice. In case the randomly drawn
number X was above their threshold, they receive the X as the bonus, otherwise
they receive the outcome of the lottery that pays 10$ with probability 50% (and 0%
with probability 50%).

In case the randomly selected part is part 2, | select 1 of the 20 rounds at random
and the subject gets the outcome of the lottery they chose in that round. For exam-
ple, a subject may have chosen the lottery [P(10$)=0.03, P(5$)=0.9, P(0$)=0.07] in
the randomly selected round. The outcome drawn based on these probabilities is

the subjects bonus payoff.



In case the randomly selected part is part 3, | add the unspent endowment from
the willingness-to-pay elicitation to their bonus payoff. Furthermore, | draw one of
the last 10 choice rounds at random and the outcome drawn based on the proba-
bilities of the lottery that they chose in that round is added to the bonus payoff as
well.

Comment on incentivization: The literature on rewards in experiments points
out, that when multiple lotteries are paid out, the subjects might realize that risk
is diversified and exhibit higher risk appetite than in other situations (see Azrieli
et al. (2018) for a survey). | minimize this problem by randomly selecting one part to

reward.

4 — Hypotheses
The primitive dataset consists of:
e Each participant’s choice in the risk-preference elicitation task.

e Each participant’s choices in the 30 choice tasks, the rank of their choice, the
algorithm that created the list of lotteries, as well as the full ordering of lotteries

that was presented to subjects in each round.
e Each participant’s elicited willingness-to-pay
Using the primitive dataset, | further obtain:

e The expected value, expected utility and list rank of all chosen (and non-chosen)

lotteries.

e Each subjects risk aversion w, calculated using the choice in the risk elicitation

task.

e Each subjects search costs ~, estimated using the data from the choice rounds.



The hypotheses are divided into hypotheses regarding consumer behavior sub-
ject to different algorithms and hypotheses regarding consumers willingness-to-pay.
With the former set of hypotheses | aim to document features of decisions subject

to recommender algorithms in the lab setting.

4.1. Algorithms and consumer behavior

Overall, | expect that subjects make worse choices when facing the platform algo-
rithm, than when they face the expected utility algorithm.
Hypothesis 1: Subjects choose lotteries with lower expected utility on average when

facing the platform algorithm compared to when they face the expected utility algorithm.

Hypothesis 2: Subjects choose lotteries with lower expected value on average when

facing the platform algorithm compared to when they face the expected utility algorithm.

Hypothesis 3: Subjects choose lotteries that are further down the list on average
when facing the platform algorithm compared to when they face the expected utility al-

gorithm.

Hypothesis 4: Subjects with high search costs are more negatively effected by the

platform algorithm than subjects with low search costs.

Hypothesis 5: Subjects that are risk neutral or close to risk-neutral are more neg-
atively effected by the platform algorithm than subjects with high risk aversion or high

preference for risk.

4.2. Willingness-to-pay

To gauge whether subjects correctly form expectations about the different algo-

rithms, | elicit the subjects willingness to pay for different algorithms.
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Hypothesis 6: Subjects have a positive willingness-to-pay for the expected utility al-

gorithm.

Hypothesis 7: Subjects with high search costs have a higher willingness-to-pay for

the expected utility algorithm than subjects with low search costs.

Hypothesis 8: Subjects that are risk neutral or close to risk neutral have a higher
willingness-to-pay for the expected utility algorithm than subjects with high risk aver-

sion or high preference for risk.

5 — Analysis

To test hypotheses 1, 2, and 3, | will use a two sided t-test to test whether yP'atform
yBwected Utility \where 4 is the subject mean expected utility, mean expected value, and
mean lottery rank in the rounds for which the subjects face the platform algorithm
and the expected utility algorithm respectively. To test hypothesis 4 and 5, | will

estimate linear models of the form:
yf‘ = a; + Biw + Bow? + Byy + 1(A = Platform) x [n + 61w + Oy + O3v] +¢  (2)

Where 3 are the outcomes expected utility, expected value, and lottery rank in
the rounds with the platform and the expected utility algorithm respectively. w; is
individual level risk aversion and ~; is the estimated individual search cost.

To test hypothesis 7, | will use a two sided t-test to test whether WT'P #£ 0.

Finally, to test hypotheses 8 and 9, | will estimate the linear model:

WTPA = o+ Biw + Bow? + B3y + 1(A = Platform) x [ + 61w + fow? + 057] + ¢ (3)



Statistical Power Concerning hypotheses 1, 2, 3, and 6, with a sample of 300
subjects, | have power of 0.8 to detect effect sizes of 0.271 standard deviations at
a = 0.05.
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