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ABSTRACT

I provide the first field causal evidence that consumers’ reference prices, shaped by past price

exposures, affect current demand. In a large-scale two-stage field experiment across over 800

vending machines, I first randomly assign machines to different base price levels for 3 to 6 months,

then implement common discounted prices across all machines. Arrivals dip immediately after the

price increase, then recover over time, consistent with consumers forming new reference prices. In

the second stage, consumers with a 10% higher reference price generate 1 to 3% more net revenue

when facing identical current prices. I estimate a structural demand model that separates price

sensitivity from reference dependence, enabling counterfactual policy analysis. In my setting, a firm

that correctly accounts for reference dependence earns about 28% higher profits than one relying on

a standard A/B test, which conflates loss aversion with price sensitivity. Most of this gain (about

21 percentage points) comes from correcting the demand model; dynamic pricing adds another 7

points on top.



In memory of my grandfathers.
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CHAPTER 1

REFERENCE-DEPENDENT PRICING

1.1 Introduction

Firms spend billions on promotions each year to boost short-term sales. Far less is known about

what these promotions cost in the long run. This paper provides the first causal evidence that

promotions erode consumers’ reference prices, reducing their willingness to pay at regular prices.

Using a large-scale field experiment across over 800 vending machines with digital menus, I show

that past prices shape consumers’ reference points, and these points have real consequences for

demand and firm profitability.

That past prices shape current demand has long been recognized (Winer, 1986; Kalwani et al.,

1990; Briesch et al., 1997; Bell and Lattin, 2000). The concern for firms is dynamic. A promotion

that lifts sales today could lower consumers’ future reference prices, making them more price-

sensitive tomorrow (Greenleaf, 1995; Mela et al., 1997; Dekimpe et al., 1998). Whether the firm

should promote more or less depends on what else promotions accomplish: clearing perishable

inventory, attracting new customers, or signaling value. Without measuring the reference price

channel, firms cannot make this tradeoff. As digital technology enables ever more frequent price

changes, these dynamic effects become increasingly important.

Credible evidence on the dynamic effect has been scarce. Prior empirical work relies almost

entirely on observational data, where reference price effects are confounded with consumer

heterogeneity (Winer, 1986, 1989; Kalwani et al., 1990; Kalwani and Yim, 1992; Krishnamurthi

et al., 1992; Hardie et al., 1993; Briesch et al., 1997). Price-sensitive customers self-select into

lower prices, creating lower price anchors mechanically (Bell and Lattin, 2000). Separating genuine

reference dependence from this selection requires exogenous variation in reference prices. That is

what my experiment provides.

I ground the analysis in the prospect-theoretic framework of Kőszegi and Rabin (2006). The
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theory predicts a simple pattern: consumers exposed to higher past prices should buy more at any

given current price. Formally, current demand is monotonically increasing in the reference price.

A price cut today lowers tomorrow’s reference price, reducing future demand and making it more

elastic. This prediction is directly testable.

The experiment has two stages. The first stage creates exogenous variation in reference prices:

machines are randomly assigned to different base price levels (the original price, a 3% increase,

or a 6% increase) for 3 to 6 months. The second stage tests how these different past prices affect

demand. I periodically set discounts so that all consumers face the same current price after discounts,

regardless of their first-stage assignment. Any difference in demand must therefore reflect the

reference price. I further split machines into “No Discount,” “Discount,” and “Promotion” groups (9

groups total), where “Promotion” machines display a sign reading “Up to 10% off.” This variation

provides additional moments for identifying the structural model.

The Stage 1 price increase produces a pattern consistent with reference price formation: arrivals

dip immediately after the increase, then recover as consumers adapt over the following months.

The Stage 2 results confirm that these past prices affect demand. Consumers with a 10% higher

past price generate 1 to 3% more net revenue and quantity sales when facing identical discounted

prices. This is a lower bound of the nonparametric reference price effect. The effect decays over

time, consistent with consumers updating their expectations toward the promotional price.

To set prices optimally, a firm needs to separate price sensitivity from reference dependence.

Prior gain-loss models allow a flexible functional form that can absorb both effects, making

counterfactual analysis unreliable (Putler, 1992). My model, grounded in Kőszegi and Rabin (2006),

disciplines the gain-loss structure through consumption utility, achieving this separation.

Estimating the model requires distinguishing two types of consumers. Repeat customers have

reference prices shaped by the firm’s pricing history. New customers do not. Identifying the share

of each type is the key estimation challenge. The promotional sign variation resolves it: the sign

shifts only repeat customers’ arrival behavior, serving as an exclusion restriction.
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The counterfactual analysis compares four scenarios that progressively add layers of sophistication:

a baseline using fixed A/B-test prices and a misspecified demand model, price optimization with

the misspecified model, static optimization with the correct demand model except for reference

dependence, and full dynamic optimization. A firm that correctly accounts for reference dependence

earns about 28% higher profits than the baseline. Most of this gain comes from having the

correct demand model: adding the correct structural demand (but no reference dependence) raises

profits by 21%, and dynamic optimization adds roughly 7 percentage points on top. A firm that

ignores reference dependence and optimizes prices using a standard A/B test misattributes reference

dependence to price sensitivity, mis-estimating demand elasticity and destroying value (about

30% lower profits than the baseline). The dynamic firm does not simply promote less; it re-times

promotions, discounting only on selected days to balance reference-price erosion against the need

to clear perishable inventory.

These findings contribute to the literature on the long-run effects of price promotions (Gupta,

1988; Mela et al., 1997; Dekimpe et al., 1998; Pauwels et al., 2002). Prior observational work has

found that promotions can increase price sensitivity over time and that most promotional effects are

temporary, but has not been able to establish the causal mechanism. Anderson and Simester (2004)

use field experiments to show that promotion depth has different long-run effects on new versus

established customers, but cannot distinguish among the mechanisms. My experimental design

isolates reference dependence from competing explanations such as selection, stockpiling, and

income effects. Greenleaf (1995) and Heidhues and Kőszegi (2014) show that reference dependence

itself rationalizes the use of promotions, the former using observational scanner data and the latter

theoretically. The micro-founded model adds what these papers lack: a clean separation of price

sensitivity from reference dependence, making the counterfactual comparison credible. In practice,

most firms already promote for operational reasons. The question is how they should adjust when

consumers are reference-dependent.

The rest of the paper proceeds as follows. Section 2 develops the theoretical framework, derives
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testable predictions, and lays the foundation for the structural model. Section 3 describes the

experimental design and setting. Section 4 presents the experimental results. Section 5 develops

and estimates the structural model. Section 6 explores counterfactual pricing strategies. Section 7

concludes.

1.2 Theoretical Framework

The experimental test requires a prediction, and the counterfactual analysis requires a model that

disciplines the gain-loss structure. I model reference-dependent preferences following Kőszegi and

Rabin (2006) and derive the central prediction: holding actual price fixed, demand is increasing in

the reference price.

1.2.1 General Model of Reference-Dependent Preferences

A consumer with budget y chooses x units of product 1 at price p and z units of a composite good

representing everything else to maximize utility:

max
x,z

U(x,z) s.t. p · x+ z ≤ y

A reference-dependent consumer does not maximize consumption utility alone. They compare

their outcome to a reference level: doing better feels like a gain, doing worse feels like a loss. This

comparison can be defined over price or over consumption utility.

The prior literature chooses price. Following Putler (1992), gains and losses are defined over

the reference price directly through a flexible function E(p, pr). Putler’s framework is practical

and has guided much of the empirical work on reference pricing. The problem is that E(·) has no

structural constraints. It can absorb both price sensitivity and reference dependence into a single

functional form. To set prices optimally, a firm needs to separate the two. The flexibility that makes

E(·) useful for fitting data makes it unreliable for prediction.
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To separate the two, I define the reference point over consumption utility, not price, following

Kőszegi and Rabin (2006). Price enters only through the budget constraint. Total utility becomes

max
x,z

V (x,z)≡U(x,z)+Gain-Loss(U,Ur) s.t. p · x+ z ≤ y

where Ur is the reference consumption utility level.1 I use superscript r to denote reference levels

throughout.

Utility depends on two goods. Gains or losses can arise in either one, so the Gain-Loss term

must evaluate each good’s contribution separately.

The natural decomposition holds one good at its reference level and asks how much changing

the other affected utility, then reverses the roles. Kőszegi and Rabin (2006) achieve this by assuming

U is additively separable across goods. The structural model in Section 1.5 uses discrete choice,

where U is not separable. I instead decompose the change in U at the reference point into each

good’s marginal contribution, a finite-difference approach that preserves dimension-by-dimension

evaluation without requiring separability.

Assumption 1. Gain-Loss(x,z) = µ(U(x,zr)−U(xr,zr))+µ(U(xr,z)−U(xr,zr)).

The function µ must capture how consumers value gains and losses. Three properties are natural:

no gain or loss at the reference point, utility increasing in gains and decreasing in losses, and loss

aversion, meaning losses loom larger than equivalent gains.

Assumption 2. µ satisfies: (i) µ(0) = 0, (ii) µ ′(x) > 0, (iii) loss aversion: y > x > 0 ⇒ µ(y)+

µ(−y) < µ(x)+ µ(−x), and (iv) piecewise linearity: µ(x) = ηx for x > 0 and µ(x) = ηλx for

x ≤ 0, where η > 0 and λ > 1.

Piecewise linearity rules out diminishing sensitivity; Kőszegi and Rabin (2006) make the same

choice. In my setting, consumption utility differences are small and there is no risk, so diminishing

sensitivity adds complexity without empirical bite.

1. For now, I assume a single reference point, as if the consumer has a degenerate prior.
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Including both assumptions, the consumer’s problem becomes: given (xr,zr, p,y),

max
x,z

U(x,z)+µ(U(x,zr)−U(xr,zr))+µ(U(xr,z)−U(xr,zr)) s.t. p · x+ z ≤ y

This is the object from which I next derive the comparative statics and testable prediction.

1.2.2 Comparative Statics and Main Hypothesis

When the actual price equals the reference price, the reference-dependent consumer behaves

identically to a classical consumer.

Proposition 1 (Benchmark Case). If (xr,zr) solves the classical utility maximization problem at

price pr, and the actual price equals pr, and product 1 is a normal good, then (xr,zr) also solves the

reference-dependent problem.

Sketch of Proof. See Appendix, Proof 1.

What happens when the actual price differs from the reference price? Demand increases in the

reference price: consumers exposed to higher past prices buy more at any given current price.

Proposition 2 (Reference Price Effects). Consider a consumer with reference consumption (xr,zr)

formed at reference price pr. When facing a new price p ̸= pr, the consumer’s total utility function

is approximately, by first-order Taylor expansion:

V (x,z)≈U(x,z)+ pr ·β µ(x− xr)+β µ(z− zr) (2.3)

where β = ∂U(xr,zr)/∂ z. For continuous demand, dx/d pr > 0.

Under logit demand (x ∈ {0,1}), the effect of reference price on purchase probability is:

∂

∂ pr Pr{purchase} ≥ 0
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with strict inequality when the reference price is not too far from the actual price, and equality (zero

effect) at the extremes.

Sketch of Proof. See Appendix, Proofs 2–4. The discrete case requires additive separability of

U(x,z); see Proof 3 for why this is needed. The logit case is revisited in detail in the structural

model (Section 1.5).

Fix the actual price p and compare two consumers with reference prices pr2 > pr1:

1. Both loss (p > pr2 > pr1): Both consumers face a price above their reference. The higher

reference price pr2 means a smaller loss, so that consumer is more likely to buy.

2. Gain-loss trade-off (pr2 > p > pr1): The consumer with pr2 experiences a gain (price below

reference); the consumer with pr1 experiences a loss. The gain consumer is more likely to

buy.

3. Both gain (pr2 > pr1 > p): Both consumers see a price below their reference. The higher

reference price means a larger gain, so that consumer is again more likely to buy.

At the extremes, reference prices stop mattering. If the actual price far exceeds both reference

prices, both consumers face such large losses that the difference between pr1 and pr2 is irrelevant.

Symmetrically, if the actual price is far below both reference prices, the gains are so large that

marginal differences in the reference price do not affect behavior.2

These comparative statics yield the prediction I take to the field experiment.

Hypothesis 1 (Main Hypothesis). Holding actual price constant at p̄, demand D (total sales or

purchase probabilities) increases with reference price:

∂D(pr, p = p̄)
∂ pr > 0 (2.5)

2. This is exact under piecewise linear µ . A consumer who did not plan to buy has a reference point of (no product,
full budget for numeraire). This reference does not depend on pr: if you never planned to spend, the expected price
is irrelevant to your baseline. When the actual price is far below the reference price, this type of purchase decision
dominates, and pr drops out.
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1.3 Experimental Design

The theoretical framework did not specify how reference prices form. I focus on one type: price

expectations shaped by past prices, consistent with adaptation-level theory (Helson, 1964; Mazumdar

et al., 2005; Briesch et al., 1997; Kalyanaram and Winer, 1995; Monroe, 1973; Bolton et al., 2003;

Campbell, 1999). This is the reference price that responds to firms’ pricing and promotional

decisions, making the dynamic cost of promotions visible. The key assumption is that extended

exposure to a price leads consumers to adapt their reference point to that price. The experiment

identifies whether reference prices causally affect demand. How consumers form these reference

prices is a separate question that I do not address here.

1.3.1 Institutional Background

I partner with a food retail company that operates over 1,000 vending machines across the United

States. The machines offer fresh, healthy food in offices, hospitals, schools, and transportation hubs,

with little direct competition at each location.

Each machine has a digital menu display that can be updated remotely, allowing the firm to

implement price changes flexibly and track them precisely. Consumers see products on shelves

when they approach, but prices appear only when they activate the digital screen. This separation

lets me distinguish arrival decisions from purchase decisions conditional on arrival.

The system records every session when a consumer activates the screen, whether or not a

purchase occurs. Sessions without a purchase are anonymous. When a purchase is made, payment

information identifies whether the customer is new or returning, together with their full history.

Prices had been stable for over 8 months before the experiment. Consumers likely had well-

established reference prices at baseline.

Data and Key Metrics. The company provides: (1) price menu data (all shelf prices and the

exact time of each change); (2) inventory-level data at each machine down to the session level; (3)
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fulfillment schedules (when each machine was last restocked); and (4) marginal cost data, needed

for profit maximization.

On the demand side, the data include: (1) foot traffic data from a third-party provider using phone

location at daily frequency for each location; (2) session counts from the digital screen, recording

each interaction even when no purchase occurs; and (3) transaction data with customer identity,

from which I observe whether each buyer is a repeat or new customer. Figure 1.1 summarizes the

aggregate customer journey from foot traffic to sessions to purchases.

Figure 1.1: Aggregate Customer Journey

customer in market

repeat customer

new customer

arrive purchase

not arrive not purchase

arrive purchase

not arrive not purchase

ρR

1−
ρ
R

AR

1−
A

R

PR

1−
P

R

AN

1−
A

N

PN

1−
P

N

Motivating Evidence. Before the main experiment, the company observed a pattern: after

promotional discounts, customers who had experienced the promotion were less likely to complete

purchases when returning at regular prices, even after approaching the machine and activating the

screen. These were customers who had demonstrated purchase intent. The pattern is consistent with

reference dependence, but historical data alone could not rule out selection or other confounds. The

experiment described below tests the causal mechanism directly.
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1.3.2 Experimental Design

Testing Hypothesis 1 requires exogenous variation in reference prices while holding current prices

fixed. I implement a two-stage randomized experiment. The first stage randomly assigns locations

to different price levels for 3 to 6 months, creating variation in reference prices. The second stage

equalizes current prices through temporary discounts, so that any demand difference reflects the

reference price alone. Figure 1.2 summarizes the design.

Figure 1.2: Simplified Experiment Timeline and Price Implementations

time

Shelf Price
Treatment, Base Price
Control, Base Price

time

Reference Price

t = 0 t = 1
3–6 months

t = 2

Treatment, pr

Control, pr

Stage 1: Creating Reference Price Variation (3–6 Months)

The first stage creates the reference price variation. I assigned 818 locations to three price levels: a

control group (367 locations) maintaining baseline prices (p0), a 3% increase group (286 locations),

and a 6% increase group (165 locations). To ensure balance across groups, the randomization is

stratified by location site (e.g., multiple locations in the same university), type (office, hospital,

school, etc.), and geographic market.

These price changes are applied to the base prices of all products3 and maintained for 3 to 6

3. There are about 20 products at each location, with little to no menu variation across locations. The products are
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months, depending on the date of the price increase. The earliest increase was implemented in

mid-August 2024, with two subsequent waves in late October and November 2024. This extended

period allows consumers’ reference prices to adjust to the new price levels.

For simplicity, I refer to price groups using price indices. For each location ℓ, the price index at

time t is:

Price Indexℓ,t =
∑s pt,s · r0,s

∑s p0,s · r0,s

where s indexes product SKUs, pt,s is the price of SKU s at time t, and r0,s is the annual pre-

experiment revenue share of SKU s.

Stage 2: Identifying Reference Price Effects (10 weeks)

The second stage tests whether these different reference prices affect demand. From March 3 to

April 27, 2025, I implement temporary discounts that equalize actual prices across groups. Each

first-stage group is further divided into three cells: No Discount (maintaining Stage 1 prices),

Discount (price brought to 93% of the pre-experiment baseline), and Promotion (same discount plus

promotional messaging visible on the screen before purchase). All price changes are implemented

simultaneously on the physical fridge screen and the mobile app.

The three Disc. groups provide the identifying variation. All face the same actual price (93% of

p0) but carry different reference prices from Stage 1:

Group Actual price p Reference price pr

Control 0.93 ≈ 1.00

3% increase 0.93 ≈ 1.03

6% increase 0.93 ≈ 1.06

Same current price, different reference prices. Any difference in demand must reflect the

reference price.

almost all in the same category. I therefore treat them as one product.
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One complication: consumers might adapt to the Stage 2 price (pr → p = 0.93), erasing the

variation from Stage 1. Two precautionary measures address this:

1. The discounts are brief and sporadic, with no prior announcement to consumers.

2. Even during the discount window, no explicit discount message appears on the screen;

consumers learn about the discount only after activating the screen.

Crossed-out price. The discounted price in the Disc. and Promo groups is shown with the Stage

1 price crossed out next to it. Since I am concerned with firms’ promotional strategies, which are

almost always implemented with crossed-out prices, this design aligns with real-world practice.

This does raise the question of whether consumers react to the crossed-out price itself (an “external

reference price,” Mayhew and Winer, 1992) rather than to memory-based reference prices. I discuss

this in detail in Section 1.4.

Supplemental groups in Stage 2. The No Disc. group serves as the baseline for experiment

validity checks (see Section 1.3.3). The Promo group serves a different purpose: its additional

messaging (“Up to 10% off!”) creates variation in arrival rates, providing identifying moments for

the structural model in Section 1.5. For a subset of Promo locations in the latter half of Stage 2,

registered app users also receive push notifications about the discount. All promotional messages

are shown only during HH (defined below).

1.3.3 Experimental Validity

Could Consumers Have Learned the Discount Pattern?

If consumers learn the discount schedule, they may form a new reference price based on the

discounted price, erasing the Stage 1 variation the experiment relies on. The Stage 2 discounts occur

during fixed 2-hour windows on Mondays and Tuesdays, 3–5 pm. I refer to this window as Happy

12



Hour (HH). Ideally, the window would vary week to week, but the company’s technology does not

support this. If consumers learned the pattern, they should shift a higher fraction of their purchases

into the HH window.

To test this, I compare the share of purchase sessions during HH over all weekday purchase

sessions across No Disc., Disc., and Promo groups, filtering on sessions after consumers have seen

the discounted price once.4 At the aggregate level over the full Stage 2 period, there is no systematic

difference: the Disc./Promo groups do not shift purchases to the HH window more than the No

Disc. group (Table 1.1). The result holds when restricting the denominator to sessions during 3–5

pm on all weekdays. This does not rule out that some individual consumers may have learned the

discount, or that learning increased toward the end of Stage 2.

Table 1.1: Average Difference in Percentage of Sessions happened during HH across Consumers

ȲControl ȲControl − ȲDisc. ȲControl − ȲPromo ȲDisc. − ȲPromo

0.413 0.015 0.001 -0.014
(0.0135) (0.0187) (0.0192) (0.0188)

This table reports the difference between the average fraction of purchase sessions during HH over all sessions
(Ȳ ) in Disc./Promo groups compared to the Control group during stage 2. The fraction is calculated as ȲT =

1
NT

∑i∈T Mi,HH/Mi,all where T ∈ {Control, Disc., Promo} are the stage 2 groups and Mi is the number of purchase
sessions consumer i made after they’ve made one purchase in HH, i.e. seen the discounted price. Reported
standard errors are based on one-sided t-tests under the alternative hypothesis that ȲControl − ȲDisc. or Promo < 0, and
ȲDisc. − ȲPromo < 0

Is Selection an Issue?

A natural concern is that higher demand in the high-reference-price group reflects selection rather

than reference dependence. The Stage 1 price increase may drive away price-sensitive consumers,

leaving only less price-sensitive ones. My data can identify consumers only when they make

purchases, not when they start a session without buying, so I cannot fully separate the two

mechanisms at the individual level.

4. For the No Disc. group, this means they have bought once during HH hours, but without a discounted price.
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The aggregate data can, however, provide a bound. If selection were the only explanation,

the high-reference-price group should have lower total sales and revenue in Stage 2, since fewer

consumers would remain active. The reference price effect predicts higher total sales and revenue.

My results therefore provide a lower bound on the true reference price effect when the outcome is

sales or revenue.

1.4 Experimental Results

1.4.1 Randomization and Balance Check

The nine experimental groups are balanced on pre-experiment outcomes. Figure 1.3 shows residual

variation in net revenue, the main dependent variable, after controlling for location type and market

fixed effects, before Stage 1 begins. I cannot reject that the nine groups have equal means. Table

1.2 reports balance on additional variables.

Table 1.2: Balance Check: Residual Variation after controlling for Market and Type FE

rp = 1 rp = 1.03 rp = 1.06

No Disc. Disc. Promo No Disc. Disc. Promo No Disc. Disc. Promo p-value

0.646 -2.438 11.454 -5.667 -0.044 2.759 -4.258 1.145 -12.795
Number of Sessions

9.729 9.001 8.461 9.102 8.013 9.697 12.370 13.198 10.838
0.9030356

0.979 -1.954 0.767 -0.231 1.918 2.439 -3.177 1.101 -4.282
Number of Purchase Sessions

5.668 4.347 4.027 5.861 4.722 6.575 6.073 7.037 6.576
0.9972712

7.920 -16.970 5.248 2.154 22.558 20.071 -32.909 12.835 -45.547
Net Revenue

48.489 37.193 33.767 51.425 42.190 54.416 51.636 60.771 55.839
0.9924455

8.098 -15.177 10.257 -2.453 21.811 20.131 -34.478 9.958 -47.232
Gross Revenue

49.544 38.328 35.230 51.748 43.211 55.615 53.625 61.524 56.823
0.9927326

3.454 -2.850 2.517 -0.855 2.675 2.375 -4.886 -1.147 -7.465
Purchase Amount

7.694 5.616 5.285 7.901 6.180 8.337 7.753 8.732 8.126
0.9854883

34.922 -109.844 140.581 -112.468 37.303 -5.563 62.629 134.342 -193.954
Number of Visits

82.903 75.821 79.566 131.196 113.138 160.651 182.697 226.537 136.438
0.7008912

-0.068 -0.035 -0.112 -0.022 0.016 -0.075 -0.031 -0.069 0.017
Conversion Rate

0.040 0.045 0.042 0.044 0.055 0.049 0.061 0.063 0.070
0.6575014
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Figure 1.3: Residual Variation in Net Revenue conditional on Market-Type FE
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Note: This figure presents residual variation in net revenue after controlling for Market and Type
FE before RCT1 starts. The error bar shows 95% confidence interval. The rp values are price
indices to denote the treatment assignments. The p-value 0.99 is based on an ANOVA test. I also
ran pair-wise t-tests, and we cannot reject that any pairs of groups are equal.
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I use location type and market fixed effects in the main analyses because some market-type cells

contain fewer sites, making within-cell randomization imperfect. These fixed effects absorb any

remaining imbalance at the randomization level.

A second concern is spillovers: consumers who visit multiple locations may be exposed to

different Stage 1 prices. To assess this, I track each customer’s exposure to distinct price groups

across all locations in both Stage 1 and Stage 2.5 Overall, 97.95% of customers were exposed to only

one price level (Figure 1.4). Within individual markets, the share is even higher: in most markets,

more than 99% of consumers saw a single price. Even in the markets with the highest spillover

rates, only 3–4% of consumers encountered multiple prices. Cross-contamination is unlikely to bias

the estimates.

Figure 1.4: SUTVA Check: Market Level
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5. I include Stage 2 because a customer exposed to the regular price in Week 1 of Stage 2 and returning during the
HH window in Week 8 is still in the experiment population. This makes the check conservative: it includes customers
whose cross-price exposure occurred after the Stage 2 discount, which would not affect the reference price effect I
study.
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1.4.2 Stage 1 Results: Treatment Effect of the Price Increase

Stage 1 provides preliminary evidence that reference prices adapt to price changes. Figure 1.5

shows the event study of the 3% price increase for locations treated in mid-August 2024, estimated

using the following specification based on Callaway and Sant’Anna (2021b):

Yℓ,t = α
g,t
1 +α

g,t
2 · I{Gℓ = g}+α

g,t
3 · I{T = t}+β

g,t · I{Gℓ = g}I{T = t}+ γXℓ,t + εℓ,t (1.4.1)

where t indexes two-week periods, G is the time period when a location first becomes treated, and g

is a specific treatment cohort (e.g., mid-August 2024). Controls Xℓ,t include location type and market

fixed effects (the randomization strata), an indicator for fridge closure (e.g., school vacations), and

log(foot traffic+1). Both fridge closures and foot traffic are measured at the building level and are

independent of treatment assignment.

Arrivals dip sharply after the price increase, then recover over the following months. This

recovery cannot be explained by an influx of new customers, since the control group would attract

new arrivals at a similar rate. The pattern is consistent with consumers initially treating the higher

price as a loss, then adapting their reference price upward.

The conversion rate (purchases conditional on arrival) also dips initially, but recovers less. By

the end of Stage 1, it remains significantly negative: the law of demand holds even as arrivals

recover.

Total quantity sales and net revenue appear roughly flat because these two margins offset: traffic

recovers while conversion stays slightly depressed. By the end of Stage 1, I cannot reject that the

treatment effects on quantity sales and net revenue are zero.

1.4.3 Main Results: Effect of Reference Prices

A 10% higher reference price generates 1 to 3% more net revenue when consumers face identical

current prices.
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Figure 1.5: Event Study: ATT of Price Increases in Stage 1
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(b) Total Net Revenue
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(c) Purchase Sessions conditional on Sessions
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Note: This figure presents event study results for locations that adopted a 3% price increase in mid-
August 2024, examining four outcomes: (a) quantity sold, (b) net revenue, (c) number of purchase
sessions, and (d) number of sessions. The specification includes market and location-type fixed
effects, as well as fridge closure (due to school or building closures) and phone-tracked building
foot traffic. Outcomes (c) and (d) are log-transformed. For outcome (c), log-tranformed number
of sessions is included as an additional control to identify the effect on purchases conditional on
sessions. Standard errors are clustered at the market-vertical level (the randomization unit) and
calculated using 5,000 bootstrap iterations following Callaway and Sant’Anna (2021). Shaded
areas represent 95% confidence intervals.
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The test compares the three Disc. groups from Section 1.3.2, which share the same actual price

(p = 0.93) but differ in reference prices from Stage 1. Tables 1.3 and 1.4 report regressions of

demand outcomes on the Stage 1 price, controlling for location type and market fixed effects, fridge

closure, and building-level foot traffic:

Yℓ,t = α1 +βpPS1 + γXℓ,t + εℓ,t (1.4.2)

where t indexes HH windows in four-week periods. A $1 higher reference price (base price is about

$7.75) increases the conversion rate by 9.4 percentage points. A 1% increase in reference price

leads to about 0.105% increase in net revenue within HH windows. These are lower bounds of the

true effect, given the selection argument in Section 1.3.3.

Table 1.3: Effect of Stage 1 Price on Continuous Outcomes

log(Net Revenue) log(Purchase Amt)

Pooled Week 1–4 Week 5–8 Pooled Week 1–4 Week 5–8

log(Stage 1 Price)
0.105*** 0.279*** -0.085 0.103*** 0.331*** -0.124
(0.000) (0.000) (0.165) (0.000) (0.000) (0.180)

Stage 2 Control Mean 59.168 9.682
Stage 2 Control SEM 3.500 0.549
Type FE X X
Market FE X X

This table reports the reference price effect estimates. The estimates are obtained using cross-sectional regression,
controlling for market, location-type fixed effects, building level foot traffic (log-transformed), and fridge closure.
Standard errors are two-way clustered at the market level and the location type level, in line with the randomization.

Extrapolating the HH-window revenue effect to approximately 16 operating hours per day, the

implied annual revenue gain across the company’s 1,000 machines is roughly $390,000 (95% CI:

$322,000 to $454,000). This estimate does not account for the revenue decrease during Stage 1; the

full dynamic tradeoff is the subject of the counterfactual analysis in Section 1.6.

These results are robust to alternative specifications. The hypothesis is directional, so the

continuous price variable serves as a proxy. Using discrete treatment indicators (3% and 6%

dummies) yields similar patterns.
19



The effects decay over time. They are strongest in Weeks 1–4 (coefficient of 2.296) and moderate

to insignificant by Weeks 5–8. The pattern persists across outcomes. As consumers receive more

exposure to the promotional price, their reference prices shift toward it, narrowing the gap between

treatment and control.

Alternative Explanations

Stockpiling and income effects. The products are perishable (fresh food) with a low price point

(about $7.75 per item). Stockpiling during the discount is not feasible, and spending during the

promotional window is too small to meaningfully affect budgets.

Crossed-out prices. As noted in Section 1.3.2, the discounted price is displayed with the Stage 1

price crossed out. Consumers might react to this “external reference price” (Mayhew and Winer,

1992) rather than to memory-based beliefs. Two patterns cut against this. The Stage 1 results involve

no crossed-out prices, yet still show adaptation: arrivals dip and recover over time. And crossed-out

prices are static across Stage 2, so if they were the primary mechanism, the treatment effect should

not decay. Instead, it weakens steadily over the Stage 2 period, consistent with consumers updating

memory-based reference prices.

Table 1.4: Average Marginal Effect of Stage 1 Price on Stage 2 Conversion Rate

Conversion Rate

Pooled Weeks 1 - 4 Weeks 5 - 8

Stage 1 Price 0.094** (0.031) 0.175*** (0.044) 0.007 (0.043)
Stage 2 Control Mean 0.590
Stage 2 Control SEM 0.009
Type FE X X X
Market FE X X X

This table reports the reference price effect estimates. The estimates are obtained using binomial GLM controlling
for market and vertical fixed effects, building level foot traffic and fridge closure. Standard errors are two-way
clustered at the market level and the location type level, in line with the randomization.
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Selection. As discussed in Section 1.3.3, the Stage 1 price increase may screen out price-sensitive

consumers, leaving only less price-sensitive ones in the treatment group. Selection works against

my finding. Fewer active consumers in the high-reference-price group should reduce total sales, yet

I observe higher total sales. The positive effect I measure is net of this downward bias, making it a

lower bound on the true reference price effect.

1.5 Structural Estimation

The reduced-form results confirm the effect’s direction. The counterfactual analysis requires

estimates of the underlying parameters: price sensitivity, loss aversion, and the share of repeat

customers.

1.5.1 Consumer Decision Process

The model captures two margins: arrival (whether to activate the screen) and purchase conditional

on arrival. Reference prices may affect these margins differently. I consider two types of consumers:

repeat customers (type R), who have formed reference prices from past price exposure, and new

customers (type N), who have not. Let ρR denote the share of potential customers who are repeat

customers, treated as fixed during the experimental window.

Repeat Customer Decisions

Arrival. Before activating the screen, a repeat customer’s information set includes their reference

price pr and whether a promotional message is displayed. I assume a degenerate distribution

concentrated at a single reference price pr for each individual repeat consumer as their belief on

pr. The consumer draws an arrival cost cR ∼ Type I Extreme Value and chooses arrival option

jA ∈ {0,1} based on:
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ũ1 = Ep,ε [U(purchase decision) | pr, promo]+ cR (1.5.1)

ũ0 = 0 (1.5.2)

where Ep,ε [U(purchase decision) | pr, promo] is the expected utility from starting a session,

integrated over purchase utility shocks and the realized price distribution. This assumes rational

expectations about the price distribution conditional on pr and promo. Since cR ∼ Type I Extreme

Value, the arrival probability is:

AR ≡ Pr{Arrival | Repeat}= Φ(Ep,ε [U(purchase decision) | pr, promo]) (1.5.3)

where Φ(x) = exp(x)
1+exp(x) .

When a promotional message (“up to 10% off”) is displayed, repeat customers interpret it

relative to their reference price, updating their expectation to 0.9 · pr.

Purchase conditional on arrival. After activating the screen, the repeat customer observes the

actual price p and draws random utility ε ∼ Type I Extreme Value. They maximize total utility as

defined in Section 2. Under logit demand, the purchase probability takes four cases depending on

pr/p (for proof, see Appendix 4):

Pr{purchase}=



Φ

(
ψR − 1+ηλ

1+η
αR p

)
pr

p ≤ 1+ηλ

λ+ηλ

Φ(ψR −αR p+αR ηλ (pr − p)) 1+ηλ

λ+ηλ
≤ pr

p < 1

Φ(ψR −αR p+αR η (pr − p)) 1 ≤ pr

p < 1+ λ−1
1+ηλ

Φ

(
ψR − 1+η

1+ηλ
αR p

)
1+ λ−1

1+ηλ
≤ pr

p

(1.5.4)

The four cases correspond to how far the actual price deviates from the reference price. When the
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actual price is far above the reference (case 1), losses on both the product and numeraire dimensions

are so large that the reference price drops out of the purchase probability. When the actual price

is moderately above (case 2), the consumer experiences a loss, weighted by ηλ . When the actual

price is moderately below (case 3), the consumer experiences a gain, weighted by η . When the

actual price is far below (case 4), gains are so large that the reference price again drops out. The

middle two cases are where reference dependence has bite.

Adding the promotional message as a constant shift ∆R,promo in utility (capturing any informative

or prestige effect of the advertisement, Ackerberg (2003)) and subscripting for repeat customers, the

structural purchase probability becomes PR = Φ(ψR + I{promo}∆R,promo + g(pr, p;αR,η ,λ )),

where g(·) is the gain-loss component from the corresponding case above.

The purchase probabilities above are derived conditional on different values of (xr,zr) (see

Appendix 4). To obtain the unconditional expected utility for the arrival decision, note that for

purchase decision jP ∈ {0,1}:

U1 = f (p, pr,promo;αR,ψR,η ,λ )+ ε1 (1.5.5)

U0 = ε0 (1.5.6)

Given PR = Φ(Upurch) where Upurch is the deterministic component (the term inside Φ(·) in

PR), the arrival probability simplifies to:

AR = Φ(Ep[ln(1+ exp(Upurch)) | pr, promo]) (1.5.7)

Upurch is a function f (pr, p,promo;ψR,αR,η ,λ ).
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New Customer Decisions

New customers follow the same two-stage process, but their reference prices are exogenous to the

firm’s pricing decisions. They form price expectations from general knowledge about food prices

and nearby competitors, not from past purchases at this vendor.

Arrival. New customers observe the promotional message, but since their reference price is

exogenous, the promotion does not shift their belief about the firm’s prices in the same way. The

arrival probability is:

AN ≡ Pr{Arrival | New}= Φ(Ep,pcrossed,ε [UN(purchase decision) | promo]) (1.5.8)

which simplifies to AN = Φ(Ep,pcrossed [ln(1+ exp(UN,purch)) | promo]).

Purchase conditional on arrival. New customers’ purchase decisions depend on the current

price and, in the Disc. and Promo groups, on the crossed-out Stage 1 price pcrossed, which serves as

an external reference point:

PN =


Φ(ψN +g(p;αN)) no disc.

Φ(ψN +g(pcrossed, p;αN ,η ,λ )) disc.

Φ(ψN +∆N,promo +g(pcrossed, p;αN ,η ,λ )) promo

(1.5.9)

The promotional effect ∆N,promo is allowed to differ from that of repeat customers.

1.5.2 Data Moments and Identification

The identification challenge centers on ρR, the share of repeat customers. At each location ℓ and time

t, I observe four quantities: customer flow Mflow (potential customers passing by, type unknown),
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total sessions Msess (screen activations, type unknown), purchases by repeat customers MR,purch,

and purchases by new customers MN,purch. These yield three moment conditions:

E[Msess −Mflow · (ρRAR +(1−ρR)AN)] = 0 (1.5.10)

E[MR,purch −Mflow ·ρRARPR] = 0 (1.5.11)

E[MN,purch −Mflow · (1−ρR)ANPN ] = 0 (1.5.12)

The first condition matches observed sessions to predicted arrivals from both types. The

second and third match observed purchases to predicted purchases by repeat and new customers,

respectively. These three moments are insufficient to identify all parameters. Sessions pool both

types: I observe total screen activations but not which type initiated them, so ρR is confounded with

the arrival probabilities.

Leveraging Experimental Variation

The experiment resolves this. Stage 1 generates random variation in prices and reference prices;

Stage 2 adds variation in gains and losses; the Promo treatment adds variation in promotional

messaging. The key exclusion restriction is that promotion shifts repeat customers’ arrival behavior

(they update their reference price expectation to 0.9pr) but does not differentially affect how new

customers respond to Stage 1 price variation (their reference prices are exogenous). The resulting

difference-in-differences isolates ρR:

(
E
[Msession

Mflow
| pr = p′,promo

]
−E

[Msession
Mflow

| pr = p,promo
])

−
(
E
[Msession

Mflow
| pr = p′,disc.

]
−E

[Msession
Mflow

| pr = p,disc.
])

(1.5.13)
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= ρR(AR(0.9p′,∆R,promo)−AR(0.9p,∆R,promo))−ρR(AR(p′)−AR(p)) (1.5.14)

The new customer terms cancel because their reference prices do not depend on the Stage 1

price. This moment, combined with standard moments identifying utility and gain-loss parameters,

provides sufficient variation to identify the core parameters. I maintain the overidentifying restriction

that η and λ are common across consumer types.

Cross-location variation in traffic and income provides additional identifying power. Locations

in the same experimental group face the same price variation but may respond differently, which

helps pin down how demand parameters vary with location characteristics. I formalize this in

Section 5.3.

1.5.3 Estimation Approach

Reference Price Formation

The structural model requires a reference price pr
t for each consumer at each point in time. I

calibrate the formation process using Stage 1 data, comparing three parametric specifications:

exponential smoothing (pr
t = θ pt−1 +(1−θ)pr

t−1), simple averaging over the past N days, and

frequency-weighted averaging over the past N days. I fit reduced-form demand regressions on the

actual price and the gap p− pr under each specification. The frequency-weighted average from the

past 30 days fits best, consistent with the firm’s qualitative observations about customer behavior.

Location-Level Heterogeneity

The model so far treats α and ψ as common across locations. Locations vary widely in foot

traffic and neighborhood income, both of which plausibly affect the price sensitivity and baseline

willingness to buy of customers passing by. I allow these to vary with two location-level observables:
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log average foot traffic (continuous, standardized) and a high-income indicator (one if the share of

households earning above $100K exceeds the sample median).

Price sensitivity enters through an exponential link, so the location interactions appear in both

types:

α j,ℓ = exp
(
ᾱ j +βα,traffic · log(trafficℓ)+βα,income · I{high incomeℓ}

)
, j ∈ {R,N} (1.5.15)

The common βα coefficients mean both types’ price sensitivities shift proportionally with

location characteristics.

Baseline utility enters linearly. The model identifies only the difference ψR−ψN , so the location

interactions enter through new customers’ baseline utility, and repeat customers inherit them:

ψN,ℓ = βψ,traffic · log(trafficℓ)+βψ,income · I{high incomeℓ} (1.5.16)

ψR,ℓ = ψdiff +ψN,ℓ (1.5.17)

The gain-loss parameters (η , λ ) remain common across locations.

Likelihood

I estimate the model by maximum likelihood with Laplace approximation for the random effects.6

The likelihood has two components.

Arrival likelihood. Session counts follow a Poisson process. For large customer flows, the session

rate Msess/Mflow is approximately Normal:

Msess,ℓ,t
Mflow,ℓ,t

∼ N
(

γ · [ρRAR,ℓ+(1−ρR)AN ], σ
2
arr

)
(1.5.18)

6. I use Template Model Builder (TMB; Kristensen et al. (2016)), which provides automatic differentiation and
efficient Laplace approximation.
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where γ is a scaling parameter accounting for measurement differences between mobile phone

ping data and actual potential customers.

Purchase likelihood. For purchases conditional on arrival, I fit the model to observed purchase

rates for each customer type. Non-purchasers’ types are unobserved, so I derive the posterior

probability that a non-purchaser is a repeat customer:

φℓ,t ≡ Pr{Repeat |No Purchase, Arrival}=
ρRAR,ℓ(1−PR,ℓ)

ρRAR,ℓ(1−PR,ℓ)+(1−ρR)AN(1−PN)
(1.5.19)

Under large-sample conditions, the observed purchase rates are approximately Normal with

binomial sampling variances, yielding a quasi-log-likelihood in closed form.

Handling Experimental Variation

I aggregate data to two-week periods, computing daily-level metrics before aggregating to preserve

economic interpretation. For Stage 2, I focus on the discount window with appropriate scaling. To

control for the stratified randomization, I use a hierarchical model with market and location-type

random effects (integrated out via Laplace approximation) and unrestricted time fixed effects across

the two-week periods.

The full model has 16 structural parameters (Table 1.5), plus time fixed effects and market/vertical

random effects. I estimate two specifications: (i) a base model that restricts all four interaction

coefficients to zero, reproducing a homogeneous-parameter benchmark; (ii) a model that allows α

and ψ to vary with log traffic and income.
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Table 1.5: Structural Estimation Results

Parameter Estimate Interpretation

Customer Composition
Base Repeat Share (ρR) 0.5166 52% of potential customers are repeat

Price Sensitivities
ᾱR (baseline) 0.1353 Repeat customers’ baseline price sensitivity
ᾱN (baseline) 0.1576 New customers’ baseline price sensitivity
βα,traffic −0.1272 Higher traffic → lower price sensitivity
βα,income −0.3725 Higher income → lower price sensitivity

Baseline Utility
ψdiff (= ψR −ψN) 0.5826 Repeat customers higher baseline utility
βψ,traffic 0.1793 Higher traffic → higher baseline utility
βψ,income 0.4111 Higher income → higher baseline utility

Promotion Response
∆N −∆R 0.1497 New customers respond to promotions more

Reference Dependence
Gain Slope (η) 0.5230 Gain sensitivity
Loss Aversion (λ ) 2.9634 Loss aversion

Model Fit
Neg. Log-likelihood 16168.23
Convergence 0

1.5.4 Estimation Results

Table 1.5 reports the parameter estimates across specifications. The full model is the preferred

specification; I discuss its results here.

The customer base consists of 52% repeat customers (ρR = 0.517). New customers are slightly

more price-sensitive than the baseline repeat customer (ᾱN = 0.158 vs. ᾱR = 0.135).

The loss aversion parameter λ = 2.96 and gain sensitivity η = 0.52 yield a loss-gain ratio of

approximately 5.7:1. Kahneman and Tversky (1979) report a ratio of about 2.25:1 for individual

gambles. The higher ratio here reflects that reference price deviations compound across the arrival

and purchase margins.

Repeat customers have higher baseline utility (ψdiff = 0.583), reflecting their established
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preference for the product. New customers respond more strongly to promotions (∆N −∆R = 0.150),

consistent with promotions serving as a trial mechanism for consumers unfamiliar with the product.

Heterogeneity Across Locations

The interaction coefficients reveal systematic variation across locations. Customers at higher-traffic

locations are less price-sensitive (βα,traffic =−0.127) and have higher baseline utility (βψ,traffic =

0.179). Locations in higher-income areas show the same pattern, more strongly: βα,income =

−0.372 and βψ,income = 0.411.

1.6 Counterfactual

How should firms set prices when consumers are reference-dependent? Current practice ranges

from heuristic approaches (seasonal sales, competitor matching) to data-driven methods (A/B

testing, demand-based optimization). Even the most sophisticated of these maximize current-period

profit only. If today’s prices affect future demand through reference prices, the firm needs to think

dynamically.

The counterfactual isolates three distinct sources of profit improvement, each adding one layer

of sophistication. Understanding which layer matters most is the key managerial question.

1.6.1 Setup

The firm chooses a regular price pH and a promotional price pL < pH , with marginal cost MC =

$3.50. The firm operates on a 7-day restock cycle: inventory arrives at the start of each cycle and

any unsold units at the end of the cycle are wasted at cost w = $2.5 per leftover unit. Running a

promotion on any day also incurs an operational cost of c = $0.3 per day.

The firm faces two dynamic forces that pull in opposite directions. First, consumers’ reference

prices evolve with price exposure, so today’s promotion erodes tomorrow’s willingness to pay,
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encouraging the firm to promote less. Second, unsold perishable inventory generates waste,

encouraging the firm to promote more to clear stock. A firm that ignores either force mis-optimizes.

The state at day t is st = (Mt ,zt , p̂r
t ,dt , It): traffic Mt ∈ {MH = 1000,ML = 100}, seasonal

regime zt ∈ {peak, regular}, reference price p̂r
t , days left in the restock cycle dt , and current

inventory It . I approximate the reference price using a traffic-weighted exponentially weighted

moving average (EWMA) with roughly 30-day effective memory. The approximation achieves a

correlation above 0.9 with a simulated 30-day session-weighted first-in-first-out reference price.

Because the structural estimates reveal location-level heterogeneity along two dimensions, I

solve the counterfactual separately for ten representative location types: five traffic percentiles (10th,

25th, 50th, 75th, 90th) crossed with two income levels (above and below the median). Each type

uses its estimated αR,ℓ and ψR,ℓ. Aggregate results are weighted by each type’s share of locations.

1.6.2 Four Scenarios

I decompose the value of understanding reference dependence into three incremental steps, yielding

four scenarios. Scenarios differ only in what the firm knows and how it optimizes; consumers

always behave according to the true reference-dependent preferences.

S0. A/B baseline. The firm runs a 30-day promotion experiment and estimates profit as a function

of promotion status and traffic via OLS. Reference price dynamics are ignored, and prices are fixed

at the A/B test values (pH = $10, pL = $8).

S1. Price optimization, misspecified demand. The firm uses an OLS log-log demand model fit

to the same experimental data and searches freely over (pH , pL). Optimization is static and myopic:

it accounts for inventory dynamics but ignores reference-price dynamics.

S2. Correct demand, no reference dependence. The firm uses the structural demand estimates

but ignores reference dependence. It optimizes prices and promotion timing statically, accounting
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for inventory but treating each week as independent.

S3. Dynamic reference-price awareness. The firm uses the full reference-dependent structural

model and solves the weekly-cycle dynamic program:

V (s) = max
a∈{0,1,2,3}

[
u(s,a)+β E[V (s′) | s,a]

]
(1.6.1)

where s = (Mt ,zt , p̂r
t ,dt , It) is the daily state and a is the cycle-level promotion pattern: never

promote, promote only on MH days, promote only on ML days, or always promote. The stage

payoff u(s,a) is the cycle’s expected profit net of waste and promotion costs. I solve using modified

policy iteration.

I report all comparisons relative to the baseline (Scenario 0).

1.6.3 Results

The full dynamic firm (S3) earns about 28% higher daily profits than the baseline. Table 1.6 reports

the headline decomposition; the gains accumulate through three incremental steps.

Table 1.6: Profit decomposition (population-weighted average)

Scenario Profit ($/day) ∆ vs. baseline

Baseline (A/B prices, no optimization) 15.02 –
+ Price opt. under misspecified demand (OLS) 10.52 −30.0%
+ Structural inventory opt. (RP-naive) 18.20 +21.2%
+ Dynamic awareness (full cycle DP) 19.19 +27.8%

Notes: Scenarios are cumulative. Baseline charges ($10,$8) and uses the OLS A/B regression to evaluate profit. Each
subsequent row adds one capability on top of the previous one. Daily profit per machine; percentages relative to
baseline.

S1: price optimization with a misspecified model destroys value. Letting the firm re-optimize

prices with the OLS demand model reduces profits by about 30% relative to the baseline. The OLS

model fit to promotion-experiment data conflates loss aversion with price sensitivity: consumers
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appear more elastic than they are because the experiment measures the gain-loss response, not the

underlying consumption utility. The biased elasticity estimate pushes the firm to raise the regular

price aggressively with a narrow gap to the promotional price, which misses on both dimensions of

demand. This is the danger of optimizing on an A/B test that cannot separate reference dependence

from price sensitivity.

S2: the correct demand model is the binding constraint. Giving the firm the correct structural

demand estimates (without reference dependence) raises profits by 21% over the baseline. Most of

the 28% total gain comes from this step alone. Once the firm has unbiased price sensitivities, the

static optimum already delivers most of the value of understanding the market.

S3: dynamic awareness adds the remaining 7 percentage points. Solving the full reference-

dependent dynamic program earns another 7 percentage points on top of S2 (28% vs. 21% over

baseline). The absolute gain is smaller than the demand-model correction, but the pricing pattern is

qualitatively different, which is the more interesting finding.

The dynamic firm re-times promotions rather than suppressing them. Comparing S3 to S1

across the ten location types, three patterns emerge. At some types the OLS firm does not promote

at all, while the dynamic firm introduces a selective discount. At others, the two firms promote

at the same frequency but on different days: the OLS firm discounts on low-traffic days (to clear

inventory), while the dynamic firm discounts on high-traffic days. At the remaining types, both

promote on the same days but the dynamic firm uses a shallower discount. Across all ten types, the

dynamic firm promotes on selected days rather than uniformly; the common theme is that it accepts

some reference-price erosion in exchange for clearing inventory more efficiently. Figure 1.6 shows

one representative location type; Figure 1.7 plots profit gains against the location-type elasticity for

all ten types.

The mechanism is loss aversion. With λ ≈ 3, posting the regular price to a large crowd of
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Figure 1.6: Optimal Pricing Traces for a Representative Location Type

Note: This figure plots optimal pricing traces for one representative location type. The dynamic
firm (S3) and the OLS firm (S1) span a similar price range but time discounts differently across
the weekly cycle.
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Figure 1.7: Profit Gains by Location Type and Elasticity

Note: This figure plots profit gains by location type against the location-type elasticity. The correct
demand model (S2) and dynamic awareness (S3) deliver the largest gains at the most inelastic
types, where the baseline underprices most severely.

34



reference-anchored consumers triggers losses that depress conversion sharply. The dynamic firm

accepts the reference-price erosion cost of a promotion on high-traffic days in exchange for avoiding

this loss, and confines the regular price to smaller audiences where the aggregate loss is tolerable.

Table 1.7 breaks the decomposition down by location type. The gains from the correct demand

model and from dynamic awareness are largest at high-income, high-traffic locations, where demand

is least elastic and the firm has the most room to lift the regular price.

Table 1.7: Counterfactual Results by Location Type

Baseline ∆ OLS opt. ∆ RP-naive opt. ∆ full DP
Type S0 S1 −S0 S2 −S0 S3 −S0

Traffic P10, lo inc 6.70 −1.32 −0.35 +0.41
Traffic P10, hi inc 12.56 −2.63 +1.91 +2.90
Traffic P25, lo inc 9.00 −2.98 +0.30 +0.39
Traffic P25, hi inc 18.44 −10.78 +2.05 +3.19
Traffic P50, lo inc 10.07 −3.35 +1.28 +2.05
Traffic P50, hi inc 19.25 −4.59 +6.68 +7.96
Traffic P75, lo inc 11.75 −4.72 +1.51 +2.40
Traffic P75, hi inc 23.74 −2.75 +6.88 +8.35
Traffic P90, lo inc 13.09 −13.55 +1.89 +2.86
Traffic P90, hi inc 25.59 +1.68 +9.69 +11.17

Notes: Dollar-denominated daily profit per machine. S0 is the A/B baseline. S1 optimizes prices under the OLS
misspecified demand model. S2 uses the correct structural demand but ignores reference dependence. S3 is the full
reference-dependent dynamic program. Ten types index the cross of five traffic percentiles and two income levels
(above/below sample median).

1.7 Conclusion

Reference prices causally affect demand: a 10% higher reference price generates 1 to 3% more

net revenue at identical current prices. The effect decays as consumers update their expectations,

confirming that reference prices are not fixed anchors but evolving beliefs shaped by price exposure.

The structural model reveals that reference prices operate on two margins. They affect not only

whether consumers purchase conditional on arrival, but also whether they show up in the first place.

Standard models that focus only on the purchase decision miss this first margin entirely.
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The counterfactual analysis quantifies what this means for pricing strategy. In my setting, a

firm that correctly models reference-dependent demand earns about 28% higher profits than one

using default prices and a standard A/B test. Most of this gain (about 21 percentage points) comes

from having the correct demand model; dynamic optimization adds another 7 points on top. A firm

that ignores reference dependence will conflate loss aversion with price sensitivity, mis-estimate

demand elasticity, and set prices that destroy value. The dynamic firm does not promote less on

average; it re-times promotions, restricting discounts to selected days to balance reference-price

erosion against the need to clear perishable inventory.

This dynamic is not unique to vending machines. Any setting where consumers form price

expectations from repeated purchases faces the same tradeoff. Identifying it requires two ingredients:

variation in past prices that creates different reference prices, and a period where current prices align

across consumer groups. These need not come from an experiment; price zone borders, staggered

rollouts, or common promotional events can provide both naturally. The structural model, grounded

in consumer utility, generalizes across these settings.

As digital pricing technology makes promotions easier and cheaper to implement, the temptation

to promote more frequently grows. The evidence here suggests that the key is not how often to

promote, but whether the demand model behind the promotion decision accounts for reference

dependence. Consumers remember.
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APPENDICES

A1 Proof of Propositions

Sketch of Proof 1 (for Proposition 1). Suppose

(x1,z1) = arg max
p[r]·x+z≤y

U(x,z)+µ
(
U(x,zr)−U(xr,zr)

)
+µ

(
U(xr,z)−U(xr,zr)

)

and (x1,z1) ̸= (x[r],z[r]). This implies

p[r] · x1 + z1 = y

U(x1,z1)+µ
(
U(x1,z

[r])−U(x[r],z[r])
)
+µ

(
U(x[r],z1)−U(x[r],z[r])

>U(x[r],z[r])+µ
(
U(x[r],z[r])−U(x[r],z[r])

)
+µ

(
U(x[r],z[r])−U(x[r],z[r])

⇒U(x1,z1)−U(x[r],z[r])+µ(U(x1,z
[r])−U(x[r],z[r]))+µ(U(x[r],z1)−U(x[r],z[r]))

>0

We know that

(x[r],z[r]) = arg max
p[r]·x+z≤y

U(x,z)

p[r] · x[r]+ z[r] = p[r] · x1 + z1 = y, Therefore

U(x1,z1)−U(x[r],z[r])︸ ︷︷ ︸
≡Du<0

+µ(U(x1,z
[r])−U(x[r],z[r])︸ ︷︷ ︸

≡Dx

)+µ(U(x[r],z1)−U(x[r],z[r])︸ ︷︷ ︸
Dz

)

⇒Dx ·Dz < 0

WLOG, assume Dx > 0, Then we need µ(Dx)>−(Du +µ(Dz)) to hold for the inequality to hold.

Use assumption 2, ηDx >−Du −ηλDz. This requires:

η(U(x1,z
[r])−U(x[r],z[r]))>−

[
U(x1,z1)−U(x[r],z[r])+ηλ (U(x[r],z1)−U(x[r],z[r]))

]
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Use first-order Taylor expansion to approximate, this is approximately

η(x1 − x[r])
∂U(x[r],z[r])

∂x
>−

[
U(x1,z1)−U(x[r],z[r])+ηλ (z1 − z[r])

∂U(x[r],z[r])
∂ z

]
∂U(x[r],z[r])

∂x
/

∂U(x[r],z[r])
∂ z

= p[r]x , Let β ≡ ∂U(x[r],z[r])
∂ z

η(x1 − x[r])β p[r]x >−
[
U(x1,z1)−U(x[r],z[r])+ηλ (z1 − z[r])β

]
ηβ

[
(x1 − x[r])p[r]x +λ (z1 − z[r])

]
>−(U(x1,z1)−U(x[r],z[r]))

ηβ
[
y− y+(λ −1)(z1 − z[r])

]
>−(U(x1,z1)−U(x[r],z[r]))

ηβ (λ −1)︸ ︷︷ ︸
>0

(z1 − z[r])>−(U(x1,z1)−U(x[r],z[r])︸ ︷︷ ︸
<0

)

Since I assumed Dx > 0, i.e. x1 > x[r], then given (x1,z1), (x[r],z[r]) are on the same budget line,

z1 < z[r] has to be true, so the LHS of the inequality above is negative. However, the RHS is positive.

We arrive at a contradiction. Therefore,

(x[r],z[r]) = arg max
p[r]·x+z≤y

U(x,z)+µ
(
U(x,zr)−U(xr,zr)

)
+µ

(
U(xr,z)−U(xr,zr)

)
Sketch of Proof 2 (for Proposition 2). What we started with:

max
x,z

U (x,z)+µ

(
U
(

x,z[r]
)
−U

(
x[r],z[r]

))
+µ

(
U
(

x[r],z
)
−U

(
x[r],z[r]

))
s.t. p · x+ z ≤ y

By first-order Taylor expansion, this is

≈U (x,z)+µ

∂U
(

x[r],z[r]
)

∂x

(
x− x[r]

)+µ

∂U
(

x[r],z[r]
)

∂ z

(
z− z[r]

)
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By our assumption 2,

≈U (x,z)+
∂U

(
x[r],z[r]

)
∂x

µ

(
x− x[r]

)
+

∂U
(

x[r],z[r]
)

∂ z
µ

(
z− z[r]

)

Our proposition stated
(

x[r],z[r]
)

optimizes U (x,z) when price is p[r]x , so we have
∂U

(
x[r],z[r]

)
∂x /

∂U
(

x[r],z[r]
)

∂ z =

p[r]x .

Then by Implicit Function Theorem:

dx

d p[r]x

=−

∂ 2V
∂x∂ p[r]x

∂ 2V
∂x2

=−
β µ ′

(
x− x[r]

)
−β p2x[r]µ ′′

(
p[r]x x[r]− p2x

)
d
dx
(Ux − p2Uz)+ p[r]x β µ ′′

(
x− x[r]

)
+β p2

2µ ′′
(

p[r]x x[r]− p2x
)

By our assumption 2, =−
β µ ′

(
x− x[r]

)
d
dx
(Ux − p2Uz)

> 0

7

Sketch of Proof 3 (for Proposition 2). For indivisible good x ∈ {0,1}, I want to focus on how

Pr{x = 1} changes with pr, therefore I introduce stochastic error terms ε’s into the utility.

For maxx∈{0,1},zU(x,z,εx), s.t. prx + z ≤ y, where U(x,z,εx) ≡ u(x,z) + εx, the optimal

solutions would be at:

(x[r],z[r])≡ (x∗,z∗) =


(1,y− pr), U(1,y− pr,ε1)>U(0,y,ε0)

(0,y), U(1,y− pr,ε1)≤U(0,y,ε0)

7. I didn’t impose the non-negativity constraint on consumption unit explicitly, otherwise there should be a bound
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∂U (x,z,ε)
∂ z

|(x∗,z∗) =


∂u(1,z)

∂ z , U(1,y− pr,ε1)>U(0,y,ε0)

∂u(0,z)
∂ z , U(1,y− pr,ε1)≤U(0,y,ε0)

Rewrite the choice-specific total utility function in reduced-form (replacing z with y− px):

max
x∈{0,1}

{
v0 ≡U(0,y,ε0)+µ(U(0,z[r],ε0)−U(x[r],z[r],εx[r]))+µ(U(x[r],z,εx[r])−U(x[r],z[r],εx[r])),

v1 ≡U(1,y− p,ε1)+µ(U(1,z[r],ε1)−U(x[r],z[r],εx[r]))+µ(U(x[r],z,εx[r])−U(x[r],z[r],εx[r]))
}

Use first difference on x instead of taylor expansion, I have

v0 ≈U (0,y,ε0)+µ

(
(U(1,z[r],ε1)−U(0,z[r],ε0))

(
0− x[r]

))
+µ

(
∂u(x,z)

∂ z
|x[r],z[r]

(
y− z[r]

))
≈U (0,y,ε0)+(U(1,z[r],ε1)−U(0,z[r],ε0))µ

(
−x[r]

)
+

∂u(x,z)
∂ z

|x[r],z[r] µ

(
y− z[r]

)

=


u(0,y)+ ε0 +(u(1,y− pr)+ ε1 −u(0,y− pr)− ε0)µ (−1)+ ∂u(1,z)

∂ z µ (pr) , (x[r],z[r]) = (1,y− pr)

u(0,y)+ ε0, (x[r],z[r]) = (0,y)

≡


v(0,1)

v(0,0)

v1 ≈U (1,y− p,ε1)+µ

(
(U(1,z[r],ε1)−U(0,z[r],ε0))

(
1− x[r]

))
+µ

(
∂u(x,z)

∂ z
|x[r],z[r]

(
y− p− z[r]

))

=


u(1,y− p)+ ε1 +

∂u(1,z)
∂ z µ (pr − p) , (x[r],z[r]) = (1,y− pr)

u(1,y− p)+ ε1 +(u(1,y)+ ε1 −u(0,y)− ε0)µ (1)+ ∂u(0,z)
∂ z µ (−p) , (x[r],z[r]) = (0,y)

≡


v(1,1)

v(1,0)

v(0,0) and v(1,0) doesn’t depend on pr, yet the choice in Stage 1 does. In addition, conditional on

48



(x[r],z[r]) = (1,y− pr), the probability of purchase is:

Pr
{

u(1,y− p)+ ε1 +
∂u(1,z)

∂ z
µ (pr − p)> u(0,y)+ ε0 +(u(1,y− pr)+ ε1 −u(0,y− pr)− ε0)µ (−1)

+
∂u(1,z)

∂ z
µ (pr)

}
Pr
{

ηλ (u(1,y− pr)+ ε1 −u(0,y− pr)− ε0)+C >
∂u(1,z)

∂ z
(µ (pr)−µ (pr − p))

}

I put the terms that are unrelated to pr in C. Holding p fixed, higher pr lowers y− pr, i.e. zr.

Because ∂ 2U/∂x∂ z > 0 is generally true when z is numeraire8, the term ηλ (u(1,y− pr)+ ε1 −

u(0,y− pr)− ε0) becomes smaller with higher pr. For the term µ (pr)−µ (pr − p), If pr ≥ p, it’s

not affected by pr increasing. If pr < p,

µ(pr)−µ(pr − p) = η pr −ηλ (pr − p)

= η (1−λ )︸ ︷︷ ︸
<1

pr −ηλ p

With higher pr, this term gets more negative.

Therefore, Pr{v(1,1)> v(0,1) | (x[r],z[r]) = (1,y− pr)} doesn’t necessarily increase with pr.

We would need to inspect

Pr{v1 ≥ v0}=Pr
{[

v(1,1)≥ v(0,1)
⋂

v(1,1)≥ v(0,0)
]⋃[

v(1,0)≥ v(0,1)
⋂

v(1,1)≥ v(0,0)
]}

It’s not trivial to show that this probability increases with pr.

Therefore, for simplicity, I assume maxx∈{0,1},zU(x,z,εx), s.t. prx+ z ≤ y, where U(x,z,εx)≡

8. having more z makes the marginal utility of x higher
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τ(x)+ω(z)+ εx, the optimal solutions would be at:

(x[r],z[r])≡ (x∗,z∗) =


τ(1)+ω(y− pr), τ(1)+ω(y− pr)+ ε1 > τ(0)+ω(y)+ ε0

τ(0)+ω(y), τ(1)+ω(y− pr)+ ε1 ≤ τ(0)+ω(y)+ ε0

∂U (x,z,ε)
∂ z

|(x∗,z∗) =
∂ω(z)

∂ z
|(z∗)

We now have:

v(0,1) = τ(0)+ω(y)+ ε0 +(τ(1)+ ε1 − τ(0)− ε0)µ (−1)+
∂ω

∂ z
|y−pr µ (pr)

v(0,0) = τ(0)+ω(y)+ ε0

v(1,1) = τ(1)+ω(y− p)+ ε1 +
∂ω

∂ z
|y−pr µ (pr − p)

v(1,0) = τ(1)+ω(y− p)+ ε1 +(τ(1)+ω(y− p)+ ε1 − τ(0)−ω(y)− ε0)µ (1)+
∂ω

∂ z
|y µ (−p)

To derive Pr{v1 ≥ v0}=Pr
{[

v(1,1)≥ v(0,1)
⋂

v(1,1)≥ v(0,0)
]⋃[

v(1,0)≥ v(0,1)
⋂

v(1,1)≥ v(0,0)
]}

,

we need to compare term by term which inequality would dominate. This would rely on some

assumptions on τ and ω . I omit the proof here since it can get very long, but proof 4 derived the

final form with the assumptions for traditional logit-type discrete choice demand.

Sketch of Proof 4 (for Proposition 2). For the discrete variable x, there are several adjustments we

made. First, the gain-loss utility compares the logarithm of consumption utility, and the separable

additivity is imposed on this level as well. This is intuitive as we assume the choice is made based

on ln(U). However, we cannot consider ln(U) as a consumption utility function itself, which would

generate misleading results. This is because αz and the budget constraint implicitly set the scale of

our utility. Second, since x is discrete, we use the first difference instead of the first-order Taylor

expansion to approximate:

lnU
(

x[r],z[r]
)
= ε0

(
1− x[r]

)
+(ψ̄1 + ε1)x[r]+αz[r]
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Assume: lnV (x,z) = lnU (x,z)+µ

(
lnU

(
x,z[r]

)
− lnU

(
x[r],z[r]

))
+µ

(
lnU

(
x[r],z

)
− lnU

(
x[r],z[r]

))
≈ lnU +µ

(
∆ lnU

(
z[r]

)(
x− x[r]

))
+µ

∂ lnU
(

x[r],z[r]
)

∂ z

(
z− z[r]

)
≈ lnU +∆ lnU

(
z[r]

)
µ

(
x− x[r]

)
+

∂ lnU
(

x[r],z[r]
)

∂ z
µ

(
z− z[r]

)
where ∆ lnU

(
z[r]

)
≡ lnU

(
1,z[r]

)
− lnU

(
0,z[r]

)
∂ lnU

(
x[r],z[r]

)
∂ z

≡ α

Assume µ(x) =


ηx x > 0

ηλx x ≤ 0
where η > 0 and λ > 1. Now, the choice-specific gain-loss utility

is determined by the reference utility. The expressions for different choice-reference scenarios are:

n( j = 1 | r = 1) = (lnV (1,zr)− lnV (0,zr))µ(0)+αµ(y− p1 − (y− pr
1)) = αµ(pr

1 − p1)

n( j = 0 | r = 1) = (lnV (1,zr)− lnV (0,zr))µ(−1)+αµ(pr
1) = (ψ̄1 + ε1 − ε0)µ(−1)+αµ(pr

1)

n( j = 1 | r = 0) = (lnV (1,zr)− lnV (0,zr))µ(1)+αµ(−p1) = (ψ̄1 + ε1 − ε0)µ(1)+αµ(−p1)

n( j = 0 | r = 0) = 0

The total choice-specific utility for each occasion is:

u( j = 1 | r = 1) = v1 +n( j = 1 | r = 1) = ψ̄1 +α(y− p1)+ ε1 +αµ(pr
1 − p1)

u( j = 0 | r = 1) = αy+ ε0 +(ψ̄1 + ε1 − ε0)µ(−1)+αµ(pr
1)

u( j = 1 | r = 0) = ψ̄1 +α(y− p1)+ ε1 +(ψ̄1 + ε1 − ε0)µ(1)+αµ(−p1)

u( j = 0 | r = 0) = αy+ ε0.
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One can solve:

Pr{purchase}= Pr
{[

u(1,1)≥ u(0,1)
⋂

u(1,1)≥ u(0,0)
]⋃

[
u(1,0)≥ u(0,1)

⋂
u(1,0)≥ u(0,0)

]}

Pr{purchase}=



1
1+exp

(
−ψ̄1+

1+ηλ

1+η
α pnew

x

) p[r]x
pnew

x
≤ 1+ηλ

λ+ηλ

1
1+exp

(
−ψ̄1+α pnew

x −αηλ

(
p[r]x −pnew

x

)) 1+ηλ

λ+ηλ
≤ p[r]x

pnew
x

< 1

1
1+exp

(
−ψ̄1+α pnew

x −αη

(
p[r]x −pnew

x

)) 1 ≤ p[r]x
pnew

x
< 1+ λ−1

1+ηλ
= λ+ηλ

1+ηλ

1
1+exp

(
−ψ̄1+

1+η

1+ηλ
α pnew

x

) λ+ηλ

1+ηλ
≤ p[r]x

pnew
x

The comparative statics then follows.
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A2 Additional Figures
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Figure A.2: Event Study: ATT of Price Increases in Stage 1

Pre−Treatment
 test price: 100

control price: 100

Stage 1
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(b) Total Net Revenue
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(c) Purchase Sessions conditional on Sessions
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(d) Sessions

Note: This figure presents aggregated event study results for all locations, including both 3% and
6% groups, examining four outcomes: (a) quantity sold, (b) net revenue, (c) number of purchase
sessions, and (d) number of sessions. Due to the aggregation, the effect is for a mix of treated and
not-yet-treated group (i.e. not pure ATT) before the end of November, 2024. The specification
includes market and location-type fixed effects, as well as fridge closure (due to school or building
closures) and phone-tracked building foot traffic. Outcomes (c) and (d) are log-transformed. For
outcome (c), log-tranformed number of sessions is included as an additional control to identify the
effect on purchases conditional on sessions. Standard errors are clustered at the market-vertical
level (the randomization unit) and calculated using 5,000 bootstrap iterations following Callaway
and Sant’Anna (2021). Shaded areas represent 95% confidence intervals.
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