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Abstract

Third-party advice is prevalent in markets for complex goods to help consumers compare al-

ternatives, yet its effects remain ambiguous. We develop a simple model in which comparing

complex products is cognitively costly and buyers may follow imperfect advice to economize

on cognitive effort. We then conduct an experiment that varies product complexity and the

availability and accuracy of advice. Consistent with the model, complexity reduces buyer choice

accuracy and surplus when no advice is available, while perfect advice restores buyer outcomes

to levels close to those in markets with simple goods. Imperfect advice, however, does not

improve buyers’ outcomes, even though buyers are informed of the imperfection. Seller surplus

does not differ significantly across treatments, suggesting that the welfare effects of advice are

driven primarily by changes in buyer surplus. These results suggest that the effectiveness of

third-party advice hinges on its accuracy and that transparency about its imperfection alone is

not sufficient.
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1 Introduction

Consumers increasingly face alternatives with complex attributes and pricing components that defy

easy comparison. A health-insurance consumer, for example, may face dozens or even hundreds

of plans that differ not only in premiums, but also in deductibles, copayments, coinsurance, drug

formularies, and provider networks. Similar comparison problems arise in mortgages, electricity

contracts, and hotel bookings, among others. Evidence shows that complexity leads buyers to

make suboptimal choices (Besedeš et al. 2015, Sitzia et al. 2015), and that complexity raises prices

and lowers buyer surplus in part by softening firms’ incentives to undercut competitors (Gu and

Wenzel 2015, Crosetto and Gaudeul 2017, Frank and Lamiraud 2009). These anti-competitive

effects leave firms with little motivation to simplify their offerings (Piccione and Spiegler 2012,

Ellison and Wolitzky 2012, Chioveanu and Zhou 2013, Ellison and Ellison 2009, Célérier and Vallée

2017).

Various attempts have emerged to address complexity-driven inefficiencies. Direct regulation

can improve outcomes when consumers have limited attention (Heidhues et al. 2021), but complexity

is harder to quantify and regulate than misleading conduct, and even optimally chosen default-

option regulations can backfire by making consumers less attentive (Haan and Linde 2018). Third-

party comparison services, such as NerdWallet in the US and iSelect in Australia, offer a market-

based alternative, but most such services earn commissions that bias their recommendations toward

higher-priced products (Armstrong and Zhou 2011, Inderst and Ottaviani 2012) and rely on ranking

algorithms that are not transparent. Despite these limitations, relatively little is known about the

effectiveness of third-party advice. This gap is especially important in light of the rapid diffusion

of AI technology, which provides consumers with low-cost advice and has the potential to reduce

conflicts of interest associated with traditional third-party advice.

We begin with a partial-equilibrium model capturing both product complexity and third-party

advice.1 Given prices, a buyer optimizes choice probabilities to trade off expected surplus against

cognitive effort as captured by an entropy cost in a multinomial logit model. Complexity scales this

entropy cost: to maintain the same choice accuracy, as measured by the probability of choosing

the best, a more complex product environment requires greater cognitive effort to distinguish

the surplus-maximizing alternative from inferior ones. When product complexity increases, both

choice accuracy and buyer surplus fall. To help buyers handle complexity, we introduce perfect

and imperfect advice as revelations of the best and second-best products respectively, whereby

we can study the impact of advice quality. Not surprisingly, perfect advice resolves complexity

and produces outcomes similar to those under a simple product environment. We then analyze

imperfect advice, which is prevalent in real-world advisory settings. Imperfect advice can have an

ambiguous impact on buyer surplus. Under moderate complexity, a buyer simply follows the advice,

giving up some surplus in exchange for mental comfort. For lower complexity, a buyer excludes

the recommended product to find the best product; for higher complexity, expected surplus from

manual comparison may or may not outperform that of the second-best choice, despite substantial

cognitive effort involved in both cases.
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We then conduct a laboratory experiment motivated by the model’s economic implications.

This approach is well-suited to our purposes given that in real markets buyers’ preferences and

complete choice sets are rarely observed, the accuracy of algorithmic advice is difficult to measure,

and the advice environment is fairly chaotic. The experiment varies the availability and accuracy

of algorithmic advice in a duopoly market with differentiated products. Two buyers and two sellers

(each offering two goods) trade in continuous time, allowing dynamic buyer-seller interactions. We

have four treatment conditions: a simple market condition with no advice (Simple), and three

complex market conditions with no (Complex), perfect (Perfect) or imperfect (Imperfect)

advice. In the three complex conditions, evaluating a good requires buyers to decipher a five-

letter code, sum the numbers corresponding to the five component letters and subtract its price

during the 120-second trading stage. We introduce algorithmic third-party advice, framed as a

robot, that tells buyers which good currently offers them the highest payoff. In Perfect the robot

always recommends the surplus-maximizing choice; in Imperfect it systematically recommends

the second-best option; buyers are told which type of robot they face.

Consistent with the theory, we find that complexity worsens buyer outcomes: buyers in the

complex environment spend only 40% of their time on the best available choice, compared to 61%

in the simple environment, and buyer surplus is 26% lower in complex markets. Perfect algorithmic

advice substantially improves buyer choices: buyers spend 66% of their time on the best choice,

and buyer surplus rises from A$16.6 to A$20.0 (compared to A$22.3 in simple markets). Imperfect

advice, by contrast, fails to improve on no advice. Buyers with imperfect advice spend only 36%

of their time on the best choice and forgo 44% of their available surplus. Both outcomes are

statistically indistinguishable from the no-advice Complex condition, and substantially worse than

under perfect advice. Seller surplus does not differ significantly between treatments, so changes

in buyer surplus largely represent changes in total welfare, i.e., the sum of the buyer and seller

surplus.

We contribute to several strands of the literature. In behavioral industrial organization, Choi

et al. (2010) show in an experiment that investors fail to minimize mutual fund fees, and Brown et al.

(2010) show in a field experiment that buyers are insufficiently attentive to shrouded shipping costs

on eBay auctions. When some consumers are boundedly rational, firms in a competitive market

may have an incentive to take advantage (Gabaix and Laibson 2006, Carlin 2009). Closest to our

setting, Kalaycı and Potters (2011) and Kalaycı (2015) demonstrate experimentally that sellers in

a duopoly market use product and price complexity to confuse buyers, and that market prices are

higher in markets with human buyers than in markets with perfectly rational, computerized buyers.

We extend this work in two ways. We show that complexity still harms buyers in a continuous-time

market where buyers can change their choices over time. We also show that, across the complex

treatments, sellers do not detectably adjust pricing to buyer sophistication, so the welfare gains

from accurate advice come primarily through reduced deadweight loss rather than redistribution

from sellers.

Two more distant literatures bear on our setup: costly price search and advertisement (Dia-
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mond 1971, Stahl 1989), and expert advice under asymmetric information in credence-goods mar-

kets (Dulleck and Kerschbamer 2006). We differ from both in that there is no private information:

complexity, not hidden attributes, drives buyer mistakes. Compared with most price-search ex-

periments (Morgan et al. 2006, Cason and Friedman 2003), we use human buyers (rather than

computerized buyers) and differentiated products. Unlike the credence-goods literature, our advice

is automated and either perfect or imperfect by construction, rather than provided by a human

subject with conflicts of interest.

On the theoretical side, two related lines of work motivate our experiment: biased intermedia-

tion, in which intermediaries divert search to favor higher-margin products, and platform steering,

in which recommendation algorithms shape what consumers see and buy. Hagiu and Jullien (2011)

show that intermediaries may strategically divert consumer search to increase their own profits or

influence seller behavior. de Cornière and Taylor (2019) demonstrate that biased intermediaries

can steer consumers toward products that offer lower utility when there is a conflict of interest

between the intermediary and the consumer. Their more recent framework shows how data-driven

algorithmic recommendations can have pro- or anti-competitive effects depending on how the data

are used (de Cornière and Taylor 2025). Heidhues et al. (2023) extend this analysis to interme-

diaries that steer consumers with systematic mistakes, characterizing the welfare and competition

consequences. In contrast, the imperfect robot in our paper is a blunt, fully transparent intermedi-

ary supposedly free from such rent-seeking incentives. We show that it does not steer buyers onto

the recommendation; the harm operates instead through broadly degraded choice.

Algorithmic advice now shapes many everyday decisions, from navigation to product compar-

ison, and has motivated extensive research on human-machine interaction (Dietvorst et al. 2015,

2018, Logg et al. 2019, Normann and Sternberg 2023). Much of this work studies adoption and

trust, including aversion after observed errors (Dietvorst et al. 2015) and a preference for algo-

rithmic over human judgment (Logg et al. 2019). Our setting instead lets us observe consultation

directly and link it to welfare. Buyers consult the imperfect robot far less often than the accurate

one, consistent with lower willingness to consult an unreliable recommendation. Accurate advice

substantially improves buyer choices and welfare; imperfect advice, by contrast, does not improve

on no advice, even though its imperfection is disclosed. Given that recommendation imperfection is

typically less transparent outside the laboratory, the accuracy of those recommendations deserves

regulatory scrutiny.

2 Theoretical Motivation

This section develops a partial-equilibrium model of how product complexity and access to robot

advice affect buyer behavior and welfare. The model motivates and disciplines the experimental

design.

Consider a buyer facing an array of alternative products indexed by j ∈ K = {0, . . . , n}, in
which product 0 is the outside option of buying nothing. Denote by Pj and vj the price and the
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fundamental value of product j to the buyer, with P0 = v0 = 0. Assume for simplicity that the

production cost is zero for each product, so the price equals seller surplus (if sold). A rational buyer

would choose one product à la the utility maximization problem

max
j∈K

(vj − Pj). (1)

Under bounded rationality, however, a buyer faces mental costs of comparing products; in the

spirit of Anderson et al. (1992) and Matějka and McKay (2015), we capture this via an entropy

penalty ηH(ρ) measuring deviation from uniform randomization, as detailed below, such that the

buyer solves a generalized utility maximization problem:

max
ρ∈∆(K)

∑
j∈K

ρj(vj − Pj)

− ηH(ρ)

 , η > 0, (2)

where ∆(K) denotes the set of probability distributions over K such that a generic member ρ ∈
∆(K) specifies the distribution of choices, and

H(ρ) =
∑
j∈K

(
ρj log ρj − |K|−1 log |K|−1

)
. (3)

H(ρ) ≥ 0 is the entropy reduction of a buyer’s behavior due to an effort to optimize, which reflects

mental costs associated with understanding, analyzing, and comparing products. The minimum

H(ρ) is 0, obtained when the buyer exerts no effort, that is, when she chooses each j ∈ K with

the same probability 1/|K|. In contrast, the maximum H occurs when the buyer strives to identify

and choose the best for sure, i.e., when ρj = 1 for some j. Accordingly, η as the coefficient of H

measures the overall product complexity, such that the more complex the products are the more

difficult the buyer’s decision-making problem is. The buyer’s utility then equals expected buyer

surplus,
∑

j∈K ρjuj with uj = vj − Pj , minus mental costs ηH(ρ).

The solution of Eq. (2) is given by

ρ∗j =
exp(η−1uj)∑

j∈K exp(η−1uj)
, j ∈ K. (4)

As η ↓ 0, ρ∗ concentrates on argmaxj uj , recovering the deterministic choice under unbounded ratio-

nality; as η → ∞, ρ∗ approaches the uniform distribution. Holding prices fixed, higher complexity

therefore makes choice coarser, and it is straightforward to verify that expected buyer surplus and

buyer utility are both decreasing in η.

Even with fixed prices, it is indeterminate how seller surplus changes with η. At one extreme, if

the prices are such that the buyer captures a fixed fraction of the total surplus of each product, i.e.,

uj = αvj , α ∈ (0, 1), then seller surplus also decreases in η; at the other extreme, if the products

are all unduly expensive in that the best option is buying nothing, then seller surplus is at least

5



locally increasing in η.

Now suppose the buyer can consult a robot, which returns a recommendation ĵ ∈ K that the

buyer can follow at no mental cost. A perfect robot recommends the best option and an imperfect

robot recommends the second-best; the perfect case is straightforward since it effectively restores

unbounded rationality, so we focus on the imperfect robot.

With the recommendation ĵ from the imperfect robot, the buyer can either follow it, or set it

aside and then solve a reduced-dimension problem similar to Eq. (2). That is, the outer maximiza-

tion below chooses between the no-effort option of following ĵ and the value of optimizing over the

remaining alternatives in K̂:2

max

uĵ , max
ρ∈∆(K̂)

∑
j∈K̂

ρj(vj − Pj)

− ηĤ(ρ)

 (5)

where K̂ = K \ {ĵ} and

Ĥ(ρ) =
∑
j∈K̂

(
ρj log ρj − |K̂|−1 log |K̂|−1

)
. (6)

Figure 1 illustrates these effects with a four-product numerical example (parameters in the

caption). Both buyer surplus and buyer utility decrease in product complexity with and without

robot access, but for different reasons. Without robot access, the buyer responds to higher product

complexity by optimizing more coarsely: her choice distribution flattens toward uniform, placing

more weight on inferior products and thereby lowering buyer surplus. With an imperfect robot,

the buyer initially uses the robot to exclude the second-best product and then solves the reduced-

dimension problem, which is the case when

uĵ ≤ max
ρ∈∆(K̂)

∑
j∈K̂

ρj(vj − Pj)

− ηĤ(ρ)

 . (7)

As product complexity escalates further, however, the buyer prefers to follow the robot recommen-

dation without further comparison, which is the case when the inequality in Eq. (7) is reversed:

the region over which the dashed curve remains constant in each panel.

Robot access always raises buyer utility, with the largest gains arising when products are suf-

ficiently complex; its effect on buyer surplus, however, is mixed (Figure 1, panel (a)). At low

complexity, an imperfect robot raises buyer surplus by eliminating the second-best option and

hence helping the buyer focus on the best one, which echoes the widely documented observation

that consumers may exhibit reactance and strategic exploitation of (algorithmic) recommendations

(e.g., Friestad and Wright 1994, Fitzsimons and Lehmann 2004, Lee and Lee 2009). At intermedi-

ate complexity, a buyer with robot access follows it, forgoing some surplus to avoid mental effort,

whereas a buyer without the access exerts substantial effort and ends up with higher surplus but
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Figure 1: Partial-Equilibrium Outcomes. The figure plots buyer surplus, buyer utility, and
seller surplus as a function of η, when prices are exogenously given. The parameter values are:
n = 4, (v1, v2, v3, v4) = (15, 16, 7, 3), (P1, P2, P3, P4) = (4, 9, 3, 2); the buyer surplus corresponding
to each product is then (u1, u2, u3, u4) = (11, 7, 4, 1).

lower utility. At high complexity, the robot-using buyer simply continues to follow ĵ, while the

buyer without it settles for a coarse randomization whose expected surplus lies between uniform

choice and uĵ .

From Figure 1, panel (c), the impact of product complexity and robot access on seller surplus

is also mixed. The second-best product is the one whose fundamental value, price, and hence

seller surplus are the highest. As product complexity increases from zero, a buyer without robot

access occasionally deviates from the best in favor of the second-best, giving rise to higher seller

surplus; however, as product complexity further increases, seller surplus declines due to a flatter

randomization over all products. The second-best product, though the most profitable to the

seller, no longer captures a buyer who misses the best with sufficiently high probability relative

to products 3–4, which are poor choices for both buyer and seller. An imperfect robot, at first

glance, is likely to increase seller surplus since the second-best product is the most profitable one.

Nonetheless, this intuition is true only when the products are so complex that a buyer is willing to

follow the robot; for relatively small η, an imperfect robot is exploited to eliminate the second-best

product, leaving smaller seller surplus than that under no robot access.

The partial-equilibrium model suggests three testable implications for the experimental treat-

ments. First, expected buyer surplus is decreasing in η without robot access, so Complex reduces

buyer surplus relative to the Simple treatment. Second, perfect advice removes the choice prob-

lem at the click of a button, so buyers in the Perfect treatment should approach the η ↓ 0

benchmark and look like buyers in Simple. Third, under imperfect advice the model predicts a

regime-dependent buyer response, with the buyer-surplus response relative to the no-advice base-

line depending on the regime (Figure 1, panel (a)): at low η, the buyer uses the recommendation

to exclude the second-best and solves a reduced-dimension optimization; at intermediate or higher

η, the buyer follows the recommendation and concentrates choice on the second-best option. The
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two regimes leave distinct signatures on the time-share allocated to the second-best option, which

the within-period analysis in Section 4.1.4 examines.

These predictions are partial-equilibrium: they fix prices and abstract from the strategic seller

side. In the full market, buyer behavior interacts with endogenous pricing through inter-seller

competition, intra-seller cannibalization, and dynamic feedback. For example, in an equilibrium

with multiple buyers, each buyer may exploit an imperfect robot in their own interest, yet this

individually rational inattention can produce negative externalities through seller-side exploitation,

so that in aggregate each buyer’s utility is lower than in an equilibrium without robot access.

Because the resulting general equilibrium is difficult to characterize analytically, we turn to the

experiment. We therefore use buyer and seller surplus as the welfare metric, since mental costs are

unobservable.

3 Experimental Design

3.1 Market setup

We conduct a continuous-time market experiment that follows the theoretical motivation in Sec-

tion 2 closely. Four participants form a market: two are randomly selected to be buyers and the

other two are sellers. Each buyer’s valuation for each good is the sum of five attributes, each

drawn from a uniform distribution on [0, 10000], in per-second experimental tokens. We draw these

numbers in advance and reuse the same realizations across treatments, holding buyer valuations

fixed. Buyers and sellers interact in three stages.

In the first stage, sellers see buyers’ valuations over all goods and are given 30 seconds to set

their initial prices. At this stage, sellers have no information about the other seller’s prices. In the

second stage, buyers are given 30 seconds to make their initial choices (they may choose to buy

nothing) based on their valuations and the posted prices. In the third stage, buyers and sellers

interact continuously for two minutes: buyers can switch their choices and sellers can change the

prices of their goods. Throughout stage three, sellers see all prices, valuations, and both buyers’

choices, while buyers see only their own valuations or attributes, depending on the treatment, and

the four prices.

Payoffs accrue on a per-second basis during the third stage. A buyer’s per-second payoff equals

the valuation of the chosen good minus its price; a seller’s per-second payoff equals the total revenue

from goods sold. Cumulative per-second payoffs form a participant’s token earnings for the period,

which are converted to Australian dollars at 100,000 tokens = A$1. Each participant also receives

an A$10 show-up fee.

A price ceiling (unknown to buyers) makes negative buyer earnings unlikely, though still possible

if a buyer chooses a good whose valuation falls below its price. We also forbid negative prices, so

sellers cannot incur negative earnings.

Each group plays the three-stage game for ten periods so that we can observe how trading

behavior evolves over time. We pay participants for one randomly chosen period to avoid wealth
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effects. Fixing roles and group composition within markets serves two purposes: to mimic the

stability of market participants in real-world settings (external validity), and to obtain repeated

observations within stable markets while avoiding re-matching confounds (internal validity). We

therefore treat each group as a single independent observation (n=12 per treatment).

Procedures. The experiment was approved by the university’s Human Research Ethics Com-

mittee, programmed in z-Tree (Fischbacher 2007), and conducted at a university laboratory in

Australia. We ran 48 markets across the four treatments (192 participants in total, 12 markets

per treatment), recruited via SONA. Each 90-minute session began with consent, instructions read

aloud, and comprehension questions; no session proceeded until all participants had answered cor-

rectly. Participants earned an average of A$26 in cash (range: A$10 to A$110) and were paid in

private.

3.2 Treatments

We vary the treatments along two dimensions. The first varies arithmetic complexity (Simple vs

Complex). The second varies the availability of algorithmic advice in the complex environment

(no advice, Perfect, or Imperfect). Table 1 summarizes the four treatments.

Table 1: Experimental treatments

No Advice Perfect Advice Imperfect Advice

Simple n = 12 — —
Complex n = 12 n = 12 n = 12

This table summarizes the four treatments. Moving down the No Ad-
vice column varies complexity; moving across the Complex row varies
advice. We collect 12 independent group observations per treatment
cell, for a total of 48 groups and 192 participants.

We use the first dimension to test whether complexity harms buyers in a continuous-time

market. In the Simple treatment, each buyer is directly informed of their four valuations. In the

Complex treatment, the valuation of each good is decomposed into five attributes and encoded

as a five-letter string; buyers decipher each string using a lookup table to recover the underlying

numbers (Erkal et al. 2011) and sum them to obtain the valuation. Sellers have the same market

information across both treatments but know which environment buyers face. Figure 2 contrasts

the two environments.

Along the second dimension, we study whether algorithmic advice can mitigate the effects of

complexity. Throughout, Complex denotes the complex environment without algorithmic advice

and serves as the no-advice baseline against which the two advice treatments are compared. We

frame the algorithm as a “robot” and study two variants. In both variants, buyers can click an

“Ask Robot” button (illustrated in panel (a) of Figure 2) at any time and at no cost to receive a

recommendation. Recommendations are evaluated at the click moment, so a buyer needs to click
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again after a price change to learn the updated recommendation. The two variants differ only in

their recommendation rule. In the Perfect treatment, the robot recommends the good offering

the highest payoff (valuation minus price); in the Imperfect treatment, it recommends the good

offering the second -highest payoff. Either variant can also recommend “buy nothing” when that

is the best (or second-best) option. Buyers are told explicitly which variant they face, and sellers

also know which variant the buyers have. The full experimental instructions are in Appendix A.

Figure 2: Screenshots for buyers

(a) Buyer screen in Complex with perfect robot (b) Buyer screen in Simple

Notes: Panel (a): the buyer’s screen in the Perfect treatment (complex environment with perfect robot advice).
Panel (b): the buyer’s screen in the Simple treatment, for the same buyer facing the same goods and prices. The
buyer in panel (b) sees her valuation of Good A directly (34458.36). The buyer in panel (a) reads the lookup table at
the top (for Good A, letter h represents 6370.52, letter c represents 4850.35, and so on) and sums the five numbers:
6370.52 + 4850.35 + 9193.57 + 9193.57 + 4850.35 = 34458.36. Full instructions in Appendix A.

3.3 Hypotheses

Hypothesis 1 (Standard). If we assume buyers have zero entropy cost, our model predicts no

differences in equilibrium outcomes across treatments, which corresponds to the limiting case η ↓ 0.

Because sellers observe buyers’ valuations, equilibrium prices depend only on these valuations and

not on complexity or robot availability; under rational best response by buyers, allocations and

surpluses are therefore the same as well. We therefore expect prices, buyer surplus, and seller

surplus to be the same across all four treatments.

Hypothesis 2 (Complexity). We expect complexity to reduce buyer surplus and increase

seller surplus relative to the simple environment. The buyer-surplus reduction is predicted by the

η-comparative statics in Section 2 and consistent with evidence that buyers struggle to compare

complex goods (Kalaycı and Serra-Garcia 2016); the seller-surplus prediction is empirically moti-

vated by evidence that duopoly sellers raise prices to exploit this confusion (Kalaycı and Potters

2011, Kalaycı 2015), since the model’s seller-surplus response to η is indeterminate.

Hypothesis 3 (Perfect advice). The perfect robot enables buyers to identify the best choice

at the click of a button. We expect it to restore buyer surplus in the complex environment toward

the level observed in the simple environment.
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Hypothesis 4 (Imperfect advice). As shown in Section 2, the impact of the imperfect robot

on buyer and seller surplus is ambiguous a priori. On one hand, knowing the second-best choice

removes one option from contention and could narrow the set of options the buyer must evaluate.

On the other hand, the buyer can settle for the second-best to save evaluation effort, which is

optimal when products are sufficiently complex. The human factors literature on automation bias

likewise suggests that buyers may anchor on a salient automated signal and choose the recommended

second-best option even when they know it is imperfect (Parasuraman and Manzey 2010, Goddard

et al. 2012). If anchoring dominates, the imperfect robot could reduce buyer surplus below the

level in Complex (no advice). Section 2 formalizes these two channels as a regime structure under

imperfect advice. At low η, the buyer narrows the set of options by excluding the second-best,

leaving the time-share on the second-best no higher than under no advice. At intermediate or

higher η, the buyer follows the recommendation, concentrating time on the second-best.

4 Results

Our primary design outcomes are buyer choice accuracy (percentage of time on the surplus-

maximizing option) and the proportion of buyer surplus foregone. Buyer surplus, seller surplus,

and total welfare are secondary outcomes that are noisier because they combine choice quality with

endogenous seller pricing. Unless otherwise specified, all reported p-values come from two-tailed

Wilcoxon rank-sum tests, aggregating all dependent observations within a group into one inde-

pendent observation. With 12 independent groups per treatment, we interpret failures to reject

cautiously rather than as evidence of equivalence.3

4.1 Buyer Choices

4.1.1 Choice Accuracy

Result 1. Complexity sharply reduces buyer choice accuracy, perfect advice closes the gap, and

imperfect advice does not close it.

We measure choice accuracy as the percentage of time (out of the 120-second trading stage)

that a buyer spends on the surplus-maximizing choice, given the prevailing prices at each moment.

Formally, let g∗(t) = argmaxg∈{A,B,C,D,∅}
(
vig − pg(t)

)
denote the best option for buyer i at time t.

Here, vig is buyer i’s valuation for good g and pg(t) is the prevailing price. Choice accuracy for

buyer i in a given period is then Acci =
1

120

∫ 120
0 1

[
ci(t) = g∗(t)

]
dt, with ci(t) the buyer’s selected

good at time t. Table 2 reports the average across groups. We compute this measure from the

recorded events, re-evaluating the best option at each price change so that it matches the definition

above. The same measure is used in all hypothesis tests.

We find that complexity substantially reduces choice accuracy. In Simple, buyers spend 61%

of their time on the best choice, while in Complex the share drops to just 40%, a difference of 21

percentage points (p < 0.01). Perfect algorithmic advice raises choice accuracy to 66%, significantly
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Table 2: Percentage of time buyers spend on the best available
choice (% of 120s)

No Advice Perfect Advice Imperfect Advice

Simple 61 (3.3) — —
Complex 40 (2.8) 66 (3.5) 36 (3.4)

Notes: Each cell reports the average percentage of time during the 120-
second trading stage that buyers spend on the option offering the highest
payoff, with the best option re-evaluated at each price change. Standard
errors of the group-level mean in parentheses; n = 12 independent groups
per treatment. Dashes indicate treatments not implemented: algorithmic
advice was administered only in the complex environment (see Table 1).

more than the 40% in Complex (difference: 26 pp; p < 0.01). We cannot reject equality between

accuracy under Perfect and the 61% in Simple (p = 0.42). Accuracy under Perfect does not

reach 100% because prices in a market change about 21 times per trading stage (each of the two

sellers adjusts about 10 times; Section 4.3.1), and there is unavoidable latency between a price

change and the buyer’s next click. As Figure 3(b) shows, buyers in Perfect click the robot more

than 50 times per trading stage, far exceeding the frequency of price changes. Imperfect advice

does not improve choice accuracy: buyers in Imperfect spend only 36% of their time on the best

choice, numerically lower than in Complex without any advice (difference: −3 pp; not statistically

significant, p = 0.39).

Figure 3(a) plots choice accuracy across the ten periods. Treatment rankings are stable: Per-

fect is highest, followed by Simple, Complex, and Imperfect, with no evidence that learning

closes the gaps; if anything, the Perfect–Imperfect gap grows in later periods.

Figure 3: Choice accuracy and robot use across periods

(a) Percentage of time on the best choice (b) Average robot use per trading stage

Notes: Panel (a) plots the average percentage of time that buyers spend on the surplus-maximizing choice in a
given period, by treatment. Panel (b) plots the average number of times buyers click the “Ask Robot” button per
two-minute trading stage, by treatment and period. Buyers in Simple and Complex (without advice) have no robot
button. Shaded bands are 95% confidence intervals based on the 12 group-period means in each treatment-period
cell (t-distribution, df = 11).
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4.1.2 Robot Use

Buyers in Perfect click the “Ask Robot” button far more often (about 50 times per trading

stage) than in Imperfect (about 11), consistent with reduced willingness to consult an unreliable

recommendation. Prices in a market change about 20 times per trading stage (roughly ten changes

by each of the two sellers; Section 4.3.1). Robot use in Perfect is more than twice this frequency,

so buyers must often click the robot even when prices have not changed since their last click.

Robot use in Imperfect is roughly half this frequency, so imperfect-advice buyers on average do

not re-consult the robot after every price change. Figure 3(b) plots robot-use rates across the ten

periods.

4.1.3 Cost of Errors

Result 2. Perfect advice cuts foregone surplus close to the Simple baseline; imperfect advice does

not.

We next show that choice inaccuracy translates into foregone surplus. We define the proportion

of buyer surplus foregone as the fraction of the available buyer surplus (given sellers’ prices) that

is not obtained due to suboptimal choices. Formally, let π∗
i (t) = vi,g∗(t) − pg∗(t)(t) denote the

maximum available payoff for buyer i at time t, and let πi(t) = vi,ci(t) − pci(t)(t) denote the actual

payoff from the buyer’s chosen good. The proportion of surplus foregone is:

Foregonei =

∫ 120
0

[
π∗
i (t)− πi(t)

]
dt∫ 120

0 π∗
i (t) dt

.

The measure captures how much of the available buyer surplus is lost due to suboptimal choice at

each moment, time-weighted across the 120-second trading stage. Table 3 reports the averages.

Table 3: Proportion of available buyer surplus foregone (%)

No Advice Perfect Advice Imperfect Advice

Simple 17 (4.2) — —
Complex 28 (4.6) 13 (3.4) 44 (6.8)

Notes: Each cell reports the average proportion of available buyer surplus
that is foregone due to suboptimal buyer choices. Standard errors of the
group-level mean in parentheses; n = 12 independent groups per treatment.
Dashes indicate treatments not implemented (see Table 1).

In Simple, buyers forgo 17% of their available surplus. Complexity raises the share to 28%

(difference: 11 pp; p = 0.07). Perfect advice reduces foregone surplus to 13%, significantly lower

than the 28% in Complex (difference: −15 pp; p < 0.01) and we cannot reject equality with the

17% in Simple (p = 0.53). Foregone surplus under imperfect advice is 44%, 16 pp above Complex

without advice (p = 0.11) and more than three times the level under perfect advice (p < 0.01).

Figure 4 shows the evolution of foregone surplus across periods. The pattern mirrors the choice
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accuracy results in Figure 3(a): Perfect consistently lowest, Imperfect highest, no convergence

over time.

Figure 4: Foregone surplus and second-best reliance across periods

(a) Proportion of buyer surplus foregone (b) Time on second-best choice

Notes: Panel (a) plots the average proportion of available buyer surplus foregone in a given period, by treatment.
Panel (b) plots the average percentage of time buyers spend on the second-ranked option in a given period, by
treatment. Shaded bands are 95% confidence intervals based on the 12 group-period means in each treatment-period
cell (t-distribution, df = 11).

4.1.4 Within-Period Analysis

Result 3. Imperfect advice does not harm buyers by steering them onto the robot’s recommenda-

tion; the harm comes from broadly degraded choice.

A natural conjecture is that imperfect advice harms buyers primarily by steering them toward

the second-best option, the good the robot explicitly recommends. The decomposition does not

support this steering conjecture: as under complexity, almost all of the loss comes from time on

options even worse than the second-best.

The continuous-time structure of our experiment generates the data behind this decomposition.

For each two-minute trading stage we track which good each buyer selects at every moment, com-

pute the rank of the selected good (1st-best through 4th-best, or “buy nothing”) given the prevailing

prices, and calculate the time spent on each rank. The analysis uses the complete within-period

data covering all 48 groups (12 per treatment). Table 4 reports the average time allocation across

the five ranks for each treatment.

First, buyers in Imperfect spend 23.5% of their time on the second-best option (the good

the robot recommends), close to the 22.7% in the no-advice Complex condition; we cannot reject

equality of the two (p = 0.62). There is no evidence that the robot draws buyers onto its rec-

ommendation beyond what complexity alone produces, though with 12 groups per treatment we

cannot rule out a small steering effect. Second, complexity spreads time across all ranks: buyers in

Complex spend substantial time across the second, third, and fourth-best options (22.7%, 14.3%,

11.7%), with no concentration on any single inferior option. Third, perfect advice concentrates
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Table 4: Time allocation by choice rank (% of 120-second trading
stage)

1st (best) 2nd 3rd 4th Outside option

Simple 61.1 16.5 7.4 6.7 8.4
Complex 39.8 22.7 14.3 11.7 11.4
Perfect 65.5 14.0 4.6 5.9 10.0
Imperfect 36.4 23.5 14.2 17.8 8.1

Notes: Each cell reports the average percentage of time during the 120-
second trading stage that buyers spend on the option with the indicated
rank, given prevailing prices. Rankings are computed at each event (price
change or choice change). The first-rank column is the choice-accuracy mea-
sure reported in Table 2 (Section 4.1.1), computed the same way. n = 12
independent groups per treatment.

time on the best option: Perfect buyers spend 65.5% of their time on the best choice (the highest

of any treatment) and only 14.0% on the second-best (the lowest).

Table 5: Foregone buyer surplus decomposition (tokens per
second, time-weighted)

Total loss From 2nd-best From 3rd+

Simple 5,723 698 (12.2%) 5,025 (87.8%)
Complex 7,360 988 (13.4%) 6,372 (86.6%)
Perfect 4,949 536 (10.8%) 4,413 (89.2%)
Imperfect 9,589 1,178 (12.3%) 8,411 (87.7%)

Notes: Loss is measured in tokens per second, time-weighted across
all events within a trading stage. “From 2nd-best” is the loss incurred
while buyers hold the second-ranked option. “From 3rd+” is the loss
from third, fourth, and fifth-ranked (buy nothing) options. n = 12
groups per treatment.

We decompose total foregone buyer surplus into loss from time on the second-best option versus

loss from time on third-ranked or worse options (Table 5). Total losses in Imperfect are 68%

higher than in Simple (9,589 vs. 5,723 tokens/second) and 30% higher than in Complex (7,360).

Loss attributable to time on the second-best option is only 12.3% of the total, no larger than its

share in the no-advice Complex (13.4%) or Simple (12.2%) conditions, while 87.7% comes from

time on third-ranked or worse options. This composition gives no indication that imperfect advice

operates by steering buyers onto the robot’s recommendation; as under complexity, the loss is

spread across far-inferior options. By contrast, Perfect has both the lowest total loss (4,949) and

the lowest share of loss from second-best choices (10.8%).

Section 2 provides a model-consistent interpretation. The imperfect-robot regime structure in

Eq. (7) distinguishes two regimes. In the low-η regime, in which evaluation is relatively sharp, the

buyer uses the recommendation to exclude the second-best and solves a reduced-dimension opti-

mization. In the intermediate-or-higher-η regime, in which evaluation is noisier, the buyer follows
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the recommendation. The within-period evidence does not support the follow regime: time on the

second-best in Imperfect matches Complex (23.5% vs 22.7%), and the share of loss attributable

to second-best choices is no higher (Table 5). We cannot directly distinguish stale following from ig-

noring or active exclusion, because the data do not record a timestamped recommendation history.

The aggregate patterns nevertheless do not support steering as the dominant mechanism, since

time on the second-best option in Imperfect closely matches the no-advice Complex condition

and persists as robot use falls.

Figure 4(b) plots the share of time spent on the second-best choice across the ten periods. The

second-best share in Imperfect tracks that of the no-advice Complex treatment throughout,

with both running well above Perfect and Simple. The pattern in Imperfect does not change

as active robot use drops sharply after period 1 (Figure 3(b)), reinforcing the within-period finding

that complexity, not the robot’s recommendation, drives the elevated second-best share. Perfect

buyers show among the lowest second-best shares in most periods, consistent with perfect advice

steering buyers away from suboptimal options.

4.2 Buyer Surplus

Result 4. Complexity reduces buyer surplus, perfect advice partially recovers it, and imperfect

advice does not.

Table 6: Average buyer payoffs (A$)

No Advice Perfect Advice Imperfect Advice

Simple 22.3 (2.09) — —
Complex 16.6 (2.20) 20.0 (1.85) 14.0 (2.61)

Notes: Each cell reports the average buyer payoff in Australian dollars.
Standard errors of the group-level mean in parentheses; n = 12 independent
groups per treatment. Dashes indicate treatments not implemented (see
Table 1).

Complexity reduces buyer surplus by A$5.7 (from A$22.3 to A$16.6, Table 6), a decline of 26%

(p = 0.09). The drop is economically large: more than a quarter of buyer surplus is lost due to

complexity alone.

Perfect advice increases buyer surplus from A$16.6 to A$20.0, an increase of A$3.4 (20% above

the Complex baseline). The group-level difference is not statistically significant at conventional

levels (p = 0.30), reflecting the relatively small number of independent group observations (n =

12). The individual-level regression in Table 7 is consistent with the perfect-advice gain being

concentrated among active robot users: the Perfect × advice-use interaction is positive and

marginally significant with cluster-robust standard errors (p = 0.070).

Buyer surplus under Imperfect is A$14.0, A$2.6 below Complex on average, but we cannot

reject equality with the no-advice baseline at the group level (p = 0.33). The difference between
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Perfect and Imperfect is substantial (buyer surplus under perfect advice is roughly 43% higher)

and marginally significant (p = 0.06).

Figure 5(a) plots buyer surplus across all ten periods. Buyer surplus under Perfect moves

toward the Simple treatment level, consistent with perfect algorithmic advice partially recovering

the buyer-surplus loss from complexity. The Imperfect treatment yields the lowest buyer surplus

in 8 out of 10 periods, with no narrowing of the gap over time.

Figure 5: Buyer surplus and surplus share across periods

(a) Buyer surplus (b) Share of surplus offered to buyers

Notes: Panel (a) plots the average buyer surplus (in A$) per period, by treatment. Panel (b) plots the average
share of the maximum available buyer surplus that sellers’ pricing makes available to buyers, by treatment and
period; this measure is defined formally in Section 4.3.1. Shaded bands are 95% confidence intervals based on the 12
group-period means in each treatment-period cell (t-distribution, df = 11).

In the buyer-payoffs regression with standard errors clustered at the group level (Table 7),

complexity reduces buyer payoffs by A$5.69 (p = 0.054). Both advice treatments carry a negative

baseline coefficient, but these are evaluated at zero advice use, far below the average usage in

both treatments (about 50 clicks per trading stage under perfect advice and 11 under imperfect

advice). The Perfect baseline (−5.19) is close to the Complex coefficient (−5.69): a buyer who

does not consult the perfect robot faces the same complexity as a no-advice buyer, so the negative

intercept reflects the cost of complexity rather than a cost of robot access. The interaction between

Perfect and advice use is positive and marginally significant (0.057, p = 0.070): buyers who

consult the perfect robot more often earn more. Because advice use is a buyer choice rather than a

randomly assigned treatment, this interaction is associational and cannot separate the causal effect

of consulting the robot from selection by more engaged or more able buyers. The corresponding

interaction for imperfect advice is not significant: greater use of the imperfect robot shows no

detectable association with payoffs.
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Table 7: Buyer payoffs regression

Buyer Payoffs

Period -0.526***
(0.18)

Complex -5.685*
(2.95)

Perfect Advice -5.188
(3.38)

Imperfect Advice -8.928***
(3.03)

Perfect Advice × Advice Use 0.057*
(0.03)

Imperfect Advice × Advice Use 0.061
(0.05)

Constant 25.159***
(2.05)

N 960

Notes: Random-effects GLS estimates with standard errors clus-
tered at the group level (48 clusters, the unit of independent sam-
pling). The dependent variable is the buyer’s earnings in A$. The
omitted category is the Simple treatment. “Advice Use” is the
number of times the buyer clicked the robot button in a given
period. Standard errors in parentheses. ∗∗∗, ∗∗, and ∗ indicate
statistical significance at the 1%, 5%, and 10% levels, respectively.

4.3 Seller Surplus

4.3.1 Seller Pricing Strategy

Result 5. Sellers do not adjust pricing in response to buyer sophistication, consistent with the

standard benchmark (H1).

To measure the level margin, we examine the share of surplus that sellers’ pricing makes available

to buyers: the maximum buyer payoff achievable at posted prices, as a fraction of the maximum

achievable at the surplus-maximizing prices. Because this measure does not depend on which good

the buyer actually selects, it isolates the supply-side pricing channel from buyers’ choice quality.

Figure 5(b) shows that sellers in Simple offer a numerically larger share of surplus to buyers

(around 70%) than in the complex treatments (around 60–65%), but this difference is not statis-

tically significant (Simple vs Complex, p = 0.17). No pairwise difference in the share offered

reaches significance (p > 0.10 for all comparisons), including between Complex and Perfect:

even though buyers in Perfect are well-informed, sellers do not extract a larger share of the

surplus. Differences in buyer surplus across the complex treatments therefore reflect buyers failing

to select the best option, not sellers exploiting buyer confusion through differences in the share of

surplus made available.

Sellers also do not differentiate on the adjustment margin: average price changes per seller per
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trading stage are similar across treatments (Simple 9.1, Complex 9.2, Perfect 10.4, Imperfect

9.8; Figure 6(b)), with no pairwise Wilcoxon contrast significant (p > 0.45). The second-margin

null reinforces the interpretation based on the standard benchmark.

4.3.2 Seller Payoffs

Result 6. We find no detectable effect of algorithmic advice on seller surplus.

Table 8: Average seller payoffs (A$)

No Advice Perfect Advice Imperfect Advice

Simple 10.8 (1.84) — —
Complex 13.7 (1.80) 12.3 (1.57) 14.1 (2.00)

Notes: Each cell reports the average seller payoff in Australian dollars.
Standard errors of the group-level mean in parentheses; n = 12 independent
groups per treatment. Dashes indicate treatments not implemented (see
Table 1).

Average seller payoffs (Table 8) do not differ significantly between Complex (A$13.7) and

Simple (A$10.8; p = 0.39). Across the three complex treatments, seller surplus is not significantly

affected by the type of algorithmic advice available to buyers: payoffs are A$12.3 under perfect ad-

vice and A$14.1 under imperfect advice, neither significantly different from the A$13.7 in Complex

without advice.

Figure 6(a) plots seller surplus across periods. Seller surplus is initially lower in Simple but

converges toward the complex treatments by period six, after which all four treatments exhibit

roughly similar seller surplus levels.

Figure 6: Seller surplus and price adjustment frequency across periods

(a) Seller surplus (b) Price changes per seller per trading
stage

Notes: Panel (a) plots the average seller surplus (in A$) per period, by treatment. Panel (b) plots the average
number of price changes per seller per two-minute trading stage, by treatment and period. Shaded bands are 95%
confidence intervals based on the 12 group-period means in each treatment-period cell (t-distribution, df = 11).
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4.4 Total Welfare

Result 7. The welfare ranking mirrors buyer choice accuracy: perfect advice nearly eliminates the

loss from complexity, while imperfect advice does not.

Total welfare is the sum of all four participants’ payoffs in a group. Because each price is a

transfer from a buyer to a seller, prices cancel in this sum, so realized welfare equals the total

realized valuation of the goods buyers hold, independent of how surplus is divided between buyers

and sellers. Welfare therefore depends on the valuation of the good a buyer holds, not on the

buyer’s payoff net of price, and is highest when buyers hold the goods they value most. Welfare

differences across treatments thus reflect allocative efficiency, not the split of surplus.

Table 9: Average total welfare (A$)

No Advice Perfect Advice Imperfect Advice

Simple 66.2 (1.20) — —
Complex 60.6 (1.49) 64.6 (2.39) 56.1 (2.90)

Notes: Each cell reports the average total welfare (sum of both buyers’
and both sellers’ payoffs) in Australian dollars. Standard errors of the
group-level mean in parentheses; n = 12 independent groups per treatment.
Dashes indicate treatments not implemented (see Table 1).

Complexity creates a significant deadweight loss of A$5.6 per market (from A$66.2 to A$60.6,
Table 9; p = 0.02). Perfect advice nearly eliminates this loss, raising welfare to A$64.6 (p = 0.01

versus Complex). Welfare under Imperfect is A$56.1, A$4.5 below Complex on average, but

we cannot reject equality with the no-advice baseline at the group level (p = 0.25); the contrast

against Perfect is significant (p < 0.01).

The Simple–Complex welfare comparison is more precisely estimated than the correspond-

ing buyer-surplus comparison (p = 0.02 versus p = 0.09) because total welfare aggregates all four

participants’ payoffs per group, averaging out idiosyncratic variation. The welfare ranking across

treatments (Simple > Perfect > Complex > Imperfect) mirrors the buyer choice accuracy

ranking, consistent with buyer decision quality being an important channel through which com-

plexity and algorithmic advice affect welfare.

Figure 7(a) plots total welfare across periods, with the ranking stable across nearly all periods.

Figure 7(b) shows the frequency of buyer choice changes per trading stage. Buyers in Imper-

fect switch choices most frequently, particularly in later periods, consistent with buyers attempting

to identify the right option when the robot’s advice proves unreliable. Buyers in Simple start with

the most switching but reduce it over time, consistent with learning.
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Figure 7: Total welfare and buyer choice switching across periods

(a) Total welfare (b) Buyer choice changes per trading
stage

Notes: Panel (a) plots the average total welfare (in A$) per period, by treatment. Panel (b) plots the average
number of buyer choice changes per two-minute trading stage, by treatment and period. Shaded bands are 95%
confidence intervals based on the 12 group-period means in each treatment-period cell (t-distribution, df = 11).

5 Discussion

We conduct a laboratory experiment disciplined by a simple model to study how the availability

and accuracy of algorithmic advice affect buyer behavior in the presence of product complexity.

We find that algorithmic advice can substantially mitigate the welfare cost of product complexity,

but only when the advice is accurate. Perfect advice improves buyer choices and total welfare

relative to no advice, recovering choice accuracy to near simple-market levels. One might expect

even an imperfect recommendation to help, since a buyer told which option is second-best could use

that information to narrow the choice set. We find no such benefit. Imperfect advice leaves buyer

choices, surplus, and welfare no better than no advice, even though buyers are told exactly how

the robot is imperfect. Accurate advice, by contrast, improves buyer outcomes and total surplus.

Our results have implications for both policy and managerial practice. First, accuracy stan-

dards matter alongside transparency requirements. Our design is a best case for disclosure-based

regulation, since buyers know exactly what the robot does, yet disclosure alone does not protect

them (Cain et al. 2005); recommendation accuracy therefore also merits regulatory attention. Sec-

ond, the welfare gains from better advice need not be zero-sum, since perfect advice raises total

welfare, suggesting that the increase in buyer surplus overcompensates for the potential decrease in

seller surplus. Third, for firms that provide recommendation tools, two less obvious points follow.

Disclosing a tool’s imperfection does not substitute for making it accurate, since buyers here knew

exactly how the robot was imperfect and were still no better off than with no tool at all. And

an unreliable tool tends to be used less rather than worked around, since buyers consulted the

imperfect robot far less than the accurate one.

In an era of inexpensive computing power and easily accessible artificial intelligence, algorithmic

advice will mediate a growing share of consumer choice in markets in which complexity is itself
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a strategic instrument. Our results suggest that the welfare effects of these systems depend on

recommendation accuracy, and that transparency about imperfection is not a sufficient regulatory

safeguard.

Our design has limitations that point to natural extensions. Our complexity manipulation is

computational: the relevant information is available but costly to process. This maps well to mar-

kets in which comparison services are especially relevant, such as energy tariffs, telecommunications

plans, and financial products (Wilson and Waddams Price 2010, Kalaycı 2015, Choi et al. 2010),

but may not capture complexity arising from qualitative uncertainty or from product attributes

consumers genuinely value, such as variety, discounts, or partitioned prices (Simonson 1990, Licht-

enstein et al. 1990, Morwitz et al. 1998). Relatedly, because buyers choose under a fixed clock, our

time-based accuracy measure combines two channels: avoiding mistakes and saving computation

time. Future work could separately identify these mechanisms and measure which product features

or recommendation cues become salient to buyers, especially since salient cues may mitigate the

effects of complexity (Dertwinkel-Kalt and Köster 2024). Our imperfect robot gives a deterministic

second-best recommendation, whereas real comparison services may exhibit more elusive imperfec-

tions such as omitting options or adding noise; whether such less transparent forms of imperfection

amplify the demand-side harm we document is a natural next question.

Notes

1A general equilibrium involving multiple strategic buyers and sellers lacks tractability and clean

comparative statics, so we do not go in this direction.

2Observe that

max

uĵ , max
ρ∈∆(K̂)

∑
j∈K̂

ρj(vj − Pj)

− ηĤ(ρ)


≥ max

ρ∈∆(K)

∑
j∈K

ρj(vj − Pj)

− ηH(ρ)

 ,

that is, the better of following the robot and solving the reduced-dimension problem is weakly

preferred to not consulting the robot at all.

3This experiment was not pre-registered. Power calculations were based on choice accuracy, for

which treatment differences are large and precisely estimated.

Data Availability Statement. The experimental data, z-Tree programs, Stata analysis scripts,

and full replication package for this study are available at https://github.com/kenankalayci/

robot-advice.
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A Instructions

We provide the instructions for Perfect here. The instructions for the other treatments only

differ in the description of valuation (complexity) and types of robot and they are available upon

request.

Instructions

Welcome! Please put your phone on silent and put all your belongings on the floor. The

experiment will start soon. You will be paid for participating in the experiment in private and

in cash at the end of the experiment. The amount of money you earn depends on the decisions

that you and the other participants make and on chance. If you have any questions, please raise

your hand. Please do not communicate with other participants during the experiment. During

the experiment, you are not allowed to use a calculator other than the calculator provided by the

experimenter.

Procedures

The experiment consists of a short quiz, ten market rounds, and a questionnaire. Each of the

ten market rounds follow the same instructions below.

Market structure

You will be randomly matched with three other players to form a market of four people. Two

of you will be sellers and the other two will be buyers. The roles of buyers and sellers are randomly

assigned by the computer, and they are fixed during the experiment. You will be informed about

whether you are a seller or a buyer before the beginning of the first market round. Each seller sells

two goods, while each buyer buys at most one good at one time.

If you are a buyer:

You will buy at most one of the four goods in the market at a time. Below is an example of the

screen you will see during the market rounds.
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Your valuation for each good is the summation of its five attributes, which are randomly drawn

by the computer. Your payoff (points) for each second is your valuation minus the price of the

good that you are buying. Please note that your payoff can be negative if the price is higher than

your valuation. If you buy nothing, then you will earn 0 points per second.

Example 1 (the case in the figure): Letter a is worth 1, letter b is worth 2, letter c is worth 3

points and so on (please see the figure). Good A has attributes aceaf, so your valuation of Good

A is the summation of its five attributes= 1 + 3 + 5 + 1 + 6 = 16 points. The price of Good A is 1

and if you buy it, then your payoff at this second is your valuation minus the price= 16 − 1 = 15

points.

Example 2 (the case in the figure): Suppose the values of attributes are the same as in example

1. If Good D has attributes addec, then your valuation of Good D is the summation of its five

attributes= 1 + 4 + 4 + 5 + 3 = 17 points. The price of Good D is 4 and you buy it, then your

payoff at this second is your valuation minus the price= 17− 4 = 13 points.

Ask robot button

If you are a buyer, you have the option to ask a robot for recommendation. The robot is honest,

and it will always tell you the best choice (i.e. the good that offers you the highest payoff) at the

time you click the button. The robot is free of charge. Be aware that if the prices of any of the

goods change your best choice may also change, and you will need to click the ask robot button

again if you want to learn your new best choice.

At the left side of the interface, there is a price chart to document price history. The color of

the line identifies the good. In particular, the red line represents the price of Good A, the yellow

line represents the price of Good B, the green line represents the price of Good C, and the black
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line represents the price of Good D.

If you are a seller:

You will be selling two goods (either Good A and B or Good C and D). You have to choose

a price for each of the two goods you are selling. You will see the following window during the

experimental rounds.

The upper table in the graph indicates the valuation of each good by each buyer. For instance,

the valuation of Good A by Buyer 1 (16 points) that appears here is the same as the sum of the

attributes of Good A of Buyer 1 (see example 1 in the buyer’s instruction). Your payoff (points)

for each second is the prices of the goods you are selling times quantity purchased by the buyers.

Example 1 (the case in the figure). Suppose you are selling Goods A and B, and your price for

Good A is 1 and your price for Good B is 2. If Buyer 1 buys Good A and Buyer 2 buys nothing,

then your payoff at this second is price of A × quantity of A + price of B × quantity of B =

1× 1 + 2× 0 = 1 points.

Example 2 (the case in the figure). Suppose you are selling Goods C and D, and your price for

Good C is 3 and your price for Good D is 4. If Buyer 1 buys Good A and Buyer 2 buys nothing,

then your payoff at this second is price of C × quantity of C + price of D× quantity of D =

3× 0 + 4× 0 = 0 points.

At the left side of the interface, there is a price chart to document price history. Like in the

buyer’s screen, the color of the line identifies the good.

Stage one

There are three stages in each round. In stage one, sellers are given 30 seconds to set the initial

prices for their own goods. Both sellers know the two buyers’ valuations over all four goods, but a

seller cannot see the other seller’s prices at this stage.
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Stage two

After sellers have set the initial prices, buyers are given 30 seconds to decide which good to

buy. If a buyer does not make a choice within 30 seconds it will be assumed that she chose the

Buy Nothing option. After 30 seconds, stage three starts.

Stage three

In this stage, buyers and sellers interact continuously (i.e. sellers can change their prices and

buyers can switch their choices) for two minutes. Sellers know the two buyers’ valuations over all

four goods (as in stage 1) in addition to the prices of the other seller and the two buyers’ choices

(i.e. sellers have full market information). Buyers however only know the attributes for four goods

(i.e. they can use this to calculate their valuations of the four goods) and prices for the four goods

(as in stage 2). Your payoff for the round accumulates only in this stage.

Payments

You will be paid for only one randomly chosen market round among the ten rounds. The

total amount of money you will earn is the A$10 show-up fee plus accumulated points over the two

minutes at stage three of the chosen round divided by the exchange rate of 100,000.
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