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Conversion or Discovery?

Consumer Search and Ranking Design in Online Food Delivery

Jingyao Xu

Abstract

Online platforms select which product a consumer sees first so they can increase the
chance she buys something. This paper asks if that objective'sérves consumers and
shows it does not. We analyze one million food delivery orders of 200,000 consumers
in Beijing by observing what each consumer ordered and which restaurants she
browsed first.

We started from the assumption that consumers know very little about most restau-
rants other than a few standouts. The two/ways a consumer resolves the same
uncertainty are browsing and prior experience—whichever is cheaper. This has
a surprising effect, which the data confirm:» A restaurant a consumer finds while
browsing is less likely to be a regular.choice than one she orders from while not
browsing. Comparing the same consumer’s own orders shows a difference of 13 per-
centage points. Not that browsing is'useless. Browsing takes place precisely where
the consumer knows least, so/what it finds is more uncertain, and more uncertain
choices fail more often.

We first test alternative search protocols and find that the observed behavior is
inconsistent with canonical sequential search but consistent with fixed-sample-size
search. On that protocol we estimate its search-cost parameters from the observed
browsing distribution and compare different restaurant display rules. Showing a
consumer a restaurant has two parts to its welfare value: the chance she orders from
it and the worth of finding out whether it suits her. A ranking built on purchase
probability captures the first precisely, and the second not at all. By reordering
the display_to take into account both, expected match quality is increased by 6.9
percent at our baseline calibration and by 2 to 21 percent over the range we take into
account. Those that such a ranking under-shows are the restaurants a consumer
knows least about and that are about as good as what she orders, exactly the ones
worth finding out about.

Keywords: consumer search, platform design, ranking algorithms, experience
goods, food delivery
JEL codes: D83, L81, L.86, D12



1 Introduction

There are thousands of restaurants to choose from when you open a food delivery app,
and you’ve probably got a minute or two to make your choice. You almost always have
a short list of places that you're familiar with, or want to continue having relationships
with, and almost always you don’t know anything else about restaurants other than their
star rating, photos, and price. Whether you get curious enough to look into one’of the
unfamiliar restaurant options depends, at least in part, on how much time it. takes to do
it and how much use you expect to get out of it.

In making such a decision, the food-delivery platform is anything but a passive ob-
server. The platform’s ranking algorithm determines which of the restaurants appears
first, and which of them the consumer sees at all. Such recommenders are being trained
to maximize the probability of “conversion” — the chance the consumer places an order.
This question is of course commercially very natural, but in“this paper we ask whether
this objective is optimal — we show that it is not, in a specific and measurable sense we
characterize theoretically and quantify empirically.

Consumers do, however, differ in their prior knowledge about products. Traditional
models of consumer search (Stigler, 1961; Weitzman, 1979) usually have in common an
implicit assumption that the prior knowledge of all unsampled alternatives in the product
market is identical at the outset. As we discuss later, this implicit assumption is badly
violated in the area of consumer search/Considered here, the repeat-purchase market for
experience goods. A consumer who orders from a restaurant four times will know very
precisely her own match with thatirestaurant after those four orders. The unsampled
restaurant from which she has not yet ordered has, from her point of view, no known
fit at all, and its only characteristic'is that it has some average restaurant rating, such
that its unobserved fit for the present ordering decision is only poorly correlated with its
average rating. To put it another way, the prior precision of alternatives in the consumer’s
set of possible alternatives is neither common to nor independent of the alternatives in
the consumer’s set.of possibilities.

Because search and self-selection are substitute technologies for reducing uncertainty,
there are important consequences to correctly using search in the presence of preexisting
heterogeneityin how well consumers understand their own preferences. This is the direc-
tion of-nfluence most' people, when they think about how to design a platform, do not
anticipate: We focus on one such example: search for matches to alternatives about which
the consumer has less prior knowledge. The systematic consequence of deploying search
of this sort is that search generates matches that fail with higher probability. In general,
an unbiased Bayesian consumer who must later decide whether to return the match (with-
out knowing precisely why in advance) finds those alternatives more dispersed, whereas
dispersion of alternatives imposes costs.



What we do

We address these questions using the Takeout Recommendation Dataset: a public release
of 1 million order-level records placed by 200K identified consumers across 11 commercial
districts of Beijing over three weeks (March, 2021) in the largest food delivery platform
in China, Meituan. Importantly, our data provide the restaurant browsing sequence of-a
consumer before they make an order, which is also made public. Combined with ordering
history, we are able to jointly model search and choice.

The paper has three parts.

A model with heterogeneous prior precision. We consider a fixed-sample-size search
problem in which the variance of the consumer’s prior over match value afj is not only
indexed by the alternative j but also by the consumer ¢, and is.decreasing in prior
consumption x;. Inspection is informative, though not decisive; like restaurants, this
is an experience good. Two additional predictions follow frem the model: Intensity
of search, on the margin, is increasing in prior uncertainty, so private information and
search are substitutes (Proposition 1). Given that a particular choice has been made the
probability that it will be a repeat purchase is decreasing in the residual uncertainty after
inspection (Proposition 2). Moreover, the value a platform derives from displaying an
alternative can be understood as being made up'of a conversion-value component and an
option-value component; a ranking criterion that'maximises the former component alone
is what we call a conversion criterion (Proposition 3).

Testing the search protocol. Before the choice of one model class over another, we
need to figure out which one of them fits our data. In this section, we provide a full test
battery of protocols like the ones tested by De los Santos et al. (2012), who studied online
book purchases in a quite different market. Our data reject sequential search in favour of
fixed-sample-size search on ‘all the tests proposed there. Purchased restaurants represent
the last restaurant of thessession only 38.4% of the time (against a random benchmark
of 23.2%) and for genuine.recall in 39.1% of cases. Also, and in a much stronger way,
the decision to keep brewsing is not correlated with the best restaurant encountered so
far when conditioning on the number of options that have already been inspected. As a
final test, that.does not have an equivalent test in the original article, we report that the
order in which restaurants are inspected by users is essentially uncorrelated with their
quality,. We then-interpret this fact not as an example of consumer irrationality but as a
measurement of the objective of the platform.

The durability of brand knowledge and the search process. Our central empirical
finding is that restaurants uncovered without resort to search are a great deal more likely
to be purchased by consumers repeatedly than those found using search. The difference
among consumers is 13.3 points (¢ = —54.2) and it is monotone with the intensity of
search. The effect survives the inclusion of restaurant fixed effects with minimal loss, and
is unaccompanied by any change in the observed quality of restaurants found through
the search process. Consumers are not driven toward worse restaurants through search.

Instead, the restaurant found through search should have lower durability as compared



with the non-search restaurant, just as predicted by Proposition 2. This is the reason
the observed correlation between search intensity and match quality is not, in itself, a
measure of the return to search.

Why the ranking result matters beyond food delivery

Proposition 3 yields a partitioning of optimal choice that we think is the paper’s most
portable contribution. Denote by a; the standardised gap between the consumer’s in-
cumbent value v and alternative j, a; = (v — d;)/0;. The net value of displaying j then
decomposes as
MV(j) = ajpla;) + (0 —v)[1 - P(ay)] .
< >

(.

Vv
option value conversion value

Thus, the probability that any specific alternative j will convert is exactly 1 — ®(a;). So
a platform that ranks pages by their predicted purchase probability is ranking them by
OMYV /0d; while ignoring o;p(a;) altogether. The omission is largest when 0, = v, that
is when a; = 0. The alternatives overlooked are just.those that are both unfamiliar and
similar to what the consumer orders. These are exactly the ones discovery is most likely
to uncover.

But this argument isn’t specific to restaurants. It applies anywhere a platform tries
to rank alternatives (differentiated goods and'services) for consumers who don’t know
beforehand which option will satisfy thembest — hotels, architects, streaming services,
app marketplaces, and more.

Roadmap

Section 2 places the paper in the literature. Section 3 describes the setting and data.
Section 4 presents descriptive patterns that motivate the model. Section 6 develops the
theory, with proofs collected in Appendix A. Section 5 tests which search protocol the
data support. Section 7 presents the durability results, Section 8 the heterogeneity across
consumers, and Section 9 robustness. Section 10 draws out the implications for ranking
design. Section«13 states what the paper cannot establish, and Section 14 concludes.

2 Related Literature

This_paper relates to three literatures: an empirical investigation of consumer search,
economics of platform design, and the literature on consumer inertia in markets with

repeated purchases.

Empirical consumer search. After Stigler (1961) it was established that costly infor-
mation acquisition (the search itself) breaks any equivalence between nominal competi-
tiveness and actual competitive outcomes. Empirical studies of consumers then tended
to use observed price dispersion, for example Sorensen (2000) for prescription drugs or



Brown and Goolsbee (2002) for term life insurance, to infer underlying consumer search
frictions. However, more recently researchers have also started looking at demand to
infer consumer search and even to observe search. A prominent example is the recent
work by De los Santos et al. (2012), where the authors consider the question of whether
consumers do sequential searching or use a predetermined size search sample as they
visit web pages and purchase books. They reject sequential search. Using the same test
(but in another market), we do the same here. Our departure from much of therelevant
existing literature is that rather than assuming that the unobserved component has a
fixed degree of precision, we model the degree of prior precision that consumers have for
alternatives that they have not experienced and accumulate it as a result of consuming

different products.

Design of platform. Dinerstein et al. (2018) provide evidénce that platform design
serves two potentially unrelated purposes, on the one hand to aid consumers to find
products they prefer, and on the other to enhance competition between sellers. Our
ranking result is along similar lines but considers a different wedge. We suppose the
seller side is fixed and ask how an objective ranking for the purchase probability affects
the composition of what consumers look at. Bergemann and Bonatti (2024) discuss
in a theoretical context how a platform’s cheiees around data and disclosure influence
market matching and welfare. Our contribution is to provide a decomposition that can

be empirically identified using the obsetved distribution of searches.

Consumer inertia. Dubé et al..(2010) find strong evidence that repeat purchasers of
packaged goods do so because .they are loyal rather than being lazy, slow to learn or
engaging in some other kind of 'search. Their argument is only partly persuasive, because
their data track only actual purchases. Because we observe browsing and, hence, a search
process, we see the same pattern there as here: more browsing is strongly associated
with less repeat purchase. We do not claim to contradict their conclusion, since in
a cross section no causal relationship can be established between searching and brand
switching. What we claim is that this important “unobservable” is actually quite large
in a high frequency market, and that models in which search and private information are
substitutes organize the data much better than models in which inertial preference for

one’s prior choices acts as a preference coefficient.

Experience goods. As a class, restaurant foods fall into the category of “experience
goods,” meaning that the most important characteristics, such as taste, amount, and
packaging, cannot be evaluated prior to actual consumption. Jin and Leslie (2003) show
that requiring mandatory quality disclosures changes the way consumers sort themselves
and forces restaurants to change the products they offer. Our setting allows us to sepa-
rately report the two dimensions of quality, food quality and delivery quality, which we
find are only weakly correlated in the data. Because of that, it is an empirical question



(which we note in Section 10 but do not resolve) which dimension to prioritize and surface

as the overall platform ranking.

3 Setting and Data

3.1 Institutional setting

Meituan is China’s biggest food delivery platform and an online consumer can use it to
discover, book, and order food. When a consumer opens an application, it'shows her a
ranked list of restaurants that can deliver to the consumer’s address:~A consumer can
also browse through the restaurant’s page. After that, Meituan will assign a courier to
carry the consumer’s order from the restaurant.

The setting has two aspects that matter for the analysisi One is the high rate of
purchase frequency. In our sample, consumers have a median frequency of four per three
week period. Thus, consumers are rapidly accumulating private information about the
restaurants in question so that it is reasonable to assume this is the dominant source
of variation in prior precision. Another is that consumption is constrained in time, and
that consumption is constrained in a systematic'way within the day. Ordering lunch at
11:55 on a workday imposes a stronger time eonstraint on the amount of time available
for browsing on a particular day than does the action of ordering dinner at the same
restaurant on a Saturday night for a patticular day. This variation in the time constraint

and therefore search cost is primarily.used for shifting behavior.

3.2 Data

We use a publicly released Chinese takeaway order data set, the Takeout Recommendation
Dataset (TRD).! It records,eleven commercial areas in Beijing between 1 and 28 March
2021, with the first three weeks forming our main data to be used throughout this paper.
As we only use data up to 21 March 2021, the remaining week of data in the original
release is un-used.

Based on’a‘sample of 1,068,495 orders from 200,000 customers at 3,252 restaurants,
we describe here key faets about the order process. Since everyone placed at least two
ordersythe sampleis properly a short panel, and not a cross-section. Descriptive statistics
appear in/Table 1.

In‘all cases, we either limit the reported value to a preassigned ordinal band or specify
the type of information that is released. The release of actual continuous item prices is
restricted: we report the item-level price values from the food catalogue where the con-

tinuous price measure is required, but where a discrete categorical measure is appropriate

!Data collected for this research is deposited in Zenodo (doi: 10.5281/zenodo.8025855) under a Cre-
ative Commons Attribution 4.0 licence. This data set was compiled for the purpose of analyzing recom-
mender systems. To the best of our knowledge, this is the first application of this dataset in economic
context.



Table 1: Summary statistics

Mean Median p90 N
Panel A. Orders
Orders per consumer 5.34 4 11 200,000
Distinct restaurants per consumer 3.75 3 7 200,000
Food items per order 3.22 3 6 1,068,464
Repeat order (=1 if consumer ordered here before) 0.298 — — 1,068,495
Panel B. Search
Distinct restaurants inspected 2.58 0 7. 1,299,045
Any inspection recorded (=1) 0.472 — — 1,299,045
Panel C. Restaurants
Overall rating 3.85 — — 27,076
Food quality rating 3.40 N — 27,076
Delivery quality rating 4.03 4 — 27,076
Item price (RMB) 28.40 20.00 57.50 179,759

Notes. Panel A depicts the training sample over a three-week period; browsing records cover all
28 days. The restaurant and item catalogues for Panel C are from restaurants that were rated at
the time of our observation — restaurants rated zero were instead treated as missing observations.
The correlation between food and delivery ratings of restaurants that we have ratings for is only
0.306.

we only report the ordinal consumer categories. based on past spending. We are particu-
larly careful here not to interpret theseordinal spending bands as income, and explicitly
state that our measure is derived directly“from past spending.

3.3 Measurement of search

For each order, we recorded«the sequence of restaurant pages that a consumer opened
before placing the order.“To capture “intensity” of search, we counted the number of
distinct restaurants on-thoese pages. (We count a consumer who opens the same page 4

times as making one, not four, inspections.)

3.4 A limitation-that shapes the design

We explicitly note thatour browsing log is far from exhaustive. In those browsing sessions
where ‘the customer visited at least two restaurants, the restaurant the end consumer
actually ordered from appeared as part of the recorded browsing sequence only 19.4% of
the time. This suggests that consumers reach at least a significant minority of restaurants
via’channels unlogged here, such as text search, favouritising certain restaurants, and
knowing in advance where they intend to order from.

So we take three steps. First, we point out that in our study, the unit of analysis
is a customer who logs her preference for a firm—not a representative consumer, whose
preferences may include choices she does not make online. Second, we note that a key
feature of our search protocol (see Section 5), the conditional on observed inspection,

ensures that we can only learn about behavior that we actually observe. Thus, the most



we can conclude is that a significant fraction of our results apply to unobserved behavior;
at the very least, our estimates cannot be overstated. To address this concern, we re-
estimate all our results separately within each decile of search completeness; the central
result remains robust, albeit weaker, where observation rates are the strongest.

4 Descriptive Facts

4.1 Fact 1: demand is sharply time-structured

Order volume for the entire day is strongly bimodal, peaking at 11:00 with a high of
208,763 orders and again at 18:00 with about 108,425, against troughs of roughly a
thousand per hour between 03:00 and 05:00. These meal-period peaks are also picked up
by the platform’s own classification of meal periods.

200
150

100

Orders (thousands)

50

0O 2 4468 10 12 14 16 18 20 22
Hour of day (Beijing time)

Figure 1: Order volume by hour of day. Beijing time; three-week training sample.

Order values and theproportion of orders greater than 65 RMB increase monotonically
throughout the day: 6.5% at breakfast, 16.3% at lunch, 20.8% in the afternoon, 24.8% at
dinnertime, and 19.0% late at night. The circumstances of the meal occasion therefore
differ, so both' deliberation time and stakes in decision-making vary.

4.2 Fact2: markets are unconcentrated but demand is local

The degree of restaurant concentration is quite low. Herfindahl indices in commercial
districts range from a low of 18 to a high of 54 out of a possible 10,000, and the ten
largest restaurants in a district range in their percentage share of total orders from 6.2%
to 15.8%. By any measure these are atomistic markets.

At the same time, orders are very local in that only 5.0% of orders came from outside
a consumer’s “modal delivery district”. For example, 77.8% of consumers specified only
one delivery address for the entire sample period. The eleven districts thus constitute

largely separate markets, and we treat them as such.
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This juxtaposition is worth commenting on. Although aggregate industry concentra-
tions are very low, the median consumer orders from just three different restaurants in a
three-week period. Whatever limits effective competition in this instance is operating at
the level of individual customer consumption, rather than in the market structure.

4.3 Fact 3: inertia accumulates

At each order, 29.8% are to restaurants that a consumer has previously placed an order
with. This percentage climbs quickly as a consumer orders more: 22.2% at+his or her
second order, 34.1% at the fourth, 43.4% at the seventh and 49.3% at the tenth. Inertia
is not something a consumer brings with him or her, but rather something that develops
over time.

The degree of repeat-buying also varies from one eating oceasion to another. Again,
this cannot be reasonably captured within the model of repeat-buying based entirely
on taste-preference. The repeat-buy rates peak at breakfast (33.8%), trough late night
(27.2%) and vary between lunch, afternoon and dinner. The same consumer buys more
habitually at eight in the morning compared to nine.in.the evening.

4.4 Fact 4: Increased expenditure does not mean increased
searching

The fourth pattern is the one that spawned this paper. Once customers are divided
into historical “bins” based on cumulative expenditures, the repurchase rate declines
monotonically from 34.7% for the low band to 25.5% for the top band. Higher spenders
have a higher exploration ratio.

Search intensity is about'the same for all groups in the bands: the mean number of
distinct page inspections (that is, page views) is, in increasing price-band order, 2.76,
2.76, 2.74, 2.64 and 2:51." In other words, higher-spending consumers search no more
than others, and if anything slightly less.

Table 2 explains many consumer habits. For consumers who never search in the first
place, the percentage exploring increases from 60.0% to 71.8% as expenditure increases.
But the “extra” exploring that purchase of search buys — which amounts to only 6.0
percentage points for the highest-spending consumers in the sample — is twice as valuable
to the lowest-spending consumers as to the highest.

However, a simple search-based model of exploration does not fit these facts jointly.
If, indeed, search is a route to exploration, then exploration and search should be closely
associated. But they are not. The most natural reading of these data is that search is
just one way of becoming willing to try something unfamiliar, and prior knowledge is an
alternate route; those who have had a little of the second will require much less of the
first.



Table 2: Exploration and search by consumer spending band

Spending band (RMB) <29 29-36 3649 49-65 >65
Mean realised order value  26.73 32.74 39.65 4840 59.28
Repeat-order rate 0.347 0.312 0.293 0.274 0.255
Mean distinct inspections 2.76 2.76 2.74 2.64 2.51
Pr(explore), did not search  0.600 0.636 0.664 0.688 0.718
Pr(explore), searched 0.705 0.742 0.752 0.767 (0.777
Search premium 0.106 0.106 0.088 0.078 0.060

Notes. The platform’s spending bands classify consumers by past spend-
ing; they are not income. That they are economically meaningful is con-
firmed by the realised order value per customer, which increases monoton-
ically from the lowest band to the highest (first row). ‘Search behaviour is
given by the exploration rate with and without any recorded inspection,
and the search premium is the difference between them (last three rows).

N = 1,068,495.
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Figure 2: How and how much they explore (and return for more). Panel (a) plots the proba-
bility that the order is placed at a restaurant not previously tried, for orders with and without
inspection. Panel (b) plots that difference.



5 Which Search Protocol Do the Data Support?

To develop a search model that is consistent with the data, we first show that the class of
sequential search models in the literature is inconsistent with browsing behavior. De_los
Santos et al. (2012) show that browsing data can distinguish sequential search, in which
the consumer inspects one option at a time, and decides after each whether to continue,
from fixed-sample-size search, in which the consumer commits to a sample size (or mumber
of inspections) in advance. The two protocols have different observable implications, and
we test three of them.

These tests estimate average search on the food delivery platform’s recommendation
surface. For example, the estimation sample for the recall test includes sessions where
at least two different restaurants were inspected and purchased.~The recall estimation
sample includes 83,381 orders; the ordering test uses 306,450 sessions that had three or
more restaurant inspections. As we explain in Section 3, the samples are selected and
the tests should be read as describing search on the platform’s recommendation surface.

5.1 Test 1: recall

Under this sequential search procedure, the consumer will choose as his final purchase
whatever he encounters that seems good enough at the end of his search sequence; in
other words, his final purchase should .always be the last option he inspects. Under
the fixed sample size search procedure, on the other hand, the consumer inspects a set
amount of options and, regardless-of their ranks, simply picks the one that seems best.
Consequently, his final purchase may occur anywhere in the set he inspects.

In about 38% of cases, the restaurant you purchased is the last one inspected. (A
random benchmark for thatwproportion is 1/n, where n is the number of inspections you
have had; here it is 23.2%.) That is well above chance, but far below the unit share a
sequential stopping rule implies. Genuine recall, i.e., purchasing an option that is neither
the first nor the last inspected, happens in 39.1%.

Table 3: Position of the purchased restaurant in the inspection sequence

Distinct inspections.n 2 3 4 5 6 7 >8 All

Share-purchased last 0.602 0.481 0421 0.384 0.348 0.316 0.237 0.384
Randem benchmark 1/n  0.500 0.333 0.250 0.200 0.167 0.143 — 0.232
Observations 14,643 12,242 9,731 7,434 6,144 4,963 28,224 83,381

Notes. Sample: A plurality of purchases occurred at restaurants that were neither the first nor
the last option inspected during the session. Of the 83,381 sessions, 18,695 (22.4%) were the first
restaurant inspected, 32,054 (38.4%) the last, and 32,632 (39.1%) neither first nor last.

Table 3 shows that the purchase pattern with respect to the length of the inspection
sequence deteriorates steadily. At two inspections it is still more than half the time
(60.2%). Also notable is the high rate in long sessions (23.7% at eight or more inspections,
as opposed to roughly 12% under the random benchmark). However, the increase for
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recently inspected restaurants seems small and therefore hard to reconcile with a protocol

where stopping = purchasing.

5.2 Test 2: does continuation depend on what has been found?

That first test has a special content for sequential and fixed-sample size searches.. For
sequential search, in which the decision to continue the search is made after each.observa-
tion, a natural reservation-value rule dictates continuation if any uninspected alternative
is higher. However, for a fixed-sample-size search, the decision to stop must be made
without knowing anything about what is to be found, so the number of samples n is
chosen prior to inspection.

For each session and each position k in that session, we create-a, flag for continuation
after k£ and the best observed rating among the first £ inspections. ‘Ordering observations
by the size of the best so-far, the probability of continuing déereases monotonically from
0.947 in the lowest octile to 0.805 in the highest octile. In other words, taking the data
at its face value is evidence in favor of sequential search.

If we plot best quality so far against the number. of inspections of the same session,
there is a positive correlation, as longer sessions mechanically will have higher best-
quality-so-far. However, once we control for inspection position (k) then the correlation
should be zero as should be any monotonic. relationship. Conditional upon k = 3, the
probability to continue in all quality quartiles is, for example, 0.770, 0.764, 0.757 and
0.771. There is no meaningful monotonicity. When conditioning on k£ = 4, the probability
is 0.786, 0.779, 0.774 and 0.780. Hence any apparent correlation is an artifact of data
construction.

The contrast of panels (a)and (b) of Figure 3 provides important evidence. If one
were to look only at panel (a), he or she might conclude that consumers employ the

reservation-value rule described above. Panel (b) demonstrates otherwise.

5.3 Test 3: is-inspection ordered by attractiveness?

The index policy of Weitzman (1979) dictates searching through alternatives in order of
declining reservation value. Reservation value should increase monotonically with both
the expected quality of the restaurant and the uncertainty about its quality. Hence, if
consumers choese the inspection order, we should see a negative correlation between the
position at which one inspects a restaurant and its quality.

So it hardly does it. Across 306,450 sessions with three to 20 inspections, the mean
within-session correlation is —0.0085 (t = —8.9), with a median of —0.0092; only 50.6% of
sessions produced a negative correlation, compared with exactly 50% for pure randomness
of outcomes. The estimate is statistically distinguishable from zero, but economically
negligible.

Unlike the previous two tests, we look at this differently in a two-sided market where
the consumers don’t have to walk down a street to make an informal inspection of many

11
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Figure 3: The stopping-rule test: Panel (a) shows the probability that a diner would continue
to search given the restaurant rating received to that point (averaged across all search positions).
In panel (b), the same relationship is plotted, but stratified by the number of inspections made.
The plot in panel (a) reflects the correlation between the sequence length and running maximum,
as imposed by the mechanical rules under which the inspections are ordered. Conditioning on
the inspection sequence removes this spurious correlation.

options. The order in which options are inspected is not even chosen by the consumers —
it is mostly decided by the ranking algorithm. A correlation near zero therefore does not
imply that the consumers do not optimize. A correlation near zero simply means that
the ranking optimizes some other objective and that it is not sorting alternatives by the
consumers’ reservation values. 'This‘motivates our examination of the ranking process in
Section 10.

5.4 Taking stock

Taken together, the-first two tests are the ones that discriminate: the recall pattern and
the conditional stopping evidence are both inconsistent with the canonical sequential-
search rule and elosertea protocol in which the number of inspections is fixed in advance.
The third is noninformative about consumer behavior but informative about platforms.
Therefore, we will maintain fixed sample size of search as the chosen protocol, consistent
with De los Santos et al. (2012) in a completely different market. This is not an innocuous
choice, but is important to our ability to view our number of inspections as chosen prior

to seeing their realization, as in K.
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6 Model

6.1 Environment

A consumer ¢ faces a purchase occasion, a finite set of restaurants indexed by j, and
preferences where match value is additively separable into a vertical component common

across consumers and an idiosyncratic component.
w; = 0; + €ij, Eij ~ N(O,afj) independent across j. (1)

The term d; captures what everyone agrees on, that bit of quality that you can at least
partly observe from restaurant ratings and prices. The term ¢;; captures the idiosyncratic
fit, that is, whether you as an individual consumer like this restaurant. That way, we can
index each 02-2]. by both restaurant and customer.

This is precisely the starting point of both Stigler (1961) and Weitzman (1979). In

their search models, all unsampled options share a common prior. The consumer is
2
.
ber of times that person i has previously ordered from seller j, so precision is an asset

completely ignorant about each. Here, she is not. o3 is weakly decreasing in the num-
accumulated through consumption.

Another possibility is that the incumbent has already been consumed. In this case
the match value u; is known to the consumer, and o = 0 (and we write v = u; for
the value of the consumer’s outside optien), with the understanding that the v in our
empirical setting includes options that are reachable via channels the browsing log does

not record.

6.2 Search technolegy and timing

The consumer observes _d,vand her own priors, then selects an inspection set S with

|S| = K, paying ¢ per/inspection. Inspecting j yields
sij = Ui+ i~ N(0,07), (2)

independent of everything else. Inspection can be informative only to a point: Pho-
tographs, menus-and aggregate ratings tell the consumer something about a restaurant
without'revealing.her own match with it.

Under normal updating, the posterior mean and variance are

2 2 2
0;ii = 0+ B::(8:: — 0 R ) 5_2 — Yvon 3
ij i+ Bij(sij — 95) Bij Uz'2j —1—07277 i —U?j +0727 (3)

Note that &2 is strictly increasing in ¢2. You lower uncertainty somewhat, but not

1J -
equally, with each examination. And remember, whatever product your buyer knew the
least about before the sale will remain most uncertain after.

The consumer chooses the alternative (including the incumbent) with the highest pos-
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terior mean. Consumption reveals the true u;; and, in a subsequent period, the consumer
will reorder from j if and only if w;; > 7, where 7 is determined by her alternatives at
that time.

Our research does not employ sequential search; we adopt a fixed sample size design.
That is not a mere assumption of convenience; the data reject sequential design on three

margins (see Section 5).

6.3 The search problem

Consider the symmetrical case when all alternatives have the same ¢ and o. Given
(0,0,v, K), write m = 6 — v for the ex-ante advantage of a typical alternative over the
incumbent. Z(xy denotes the maximum of K independent standard mormal draws. The
expected utility from inspecting K alternatives is

V(K) = v + E[(m+aZ(K))+] C ek, (4)

using max{v, 0 + 0Z} = v+ (m + 0Z)". Define the gross marginal value of the Kth
inspection as A(K) =V(K) - V(K —1)+c.

Lemma 1. For every K > 1,
A(K) = O'/ D(2) T — @(2)] dz, a=-mjo.

Lemma 2. A(K) is strictly decreasing in K. Hence V is strictly concave in K and the
optimum satisfies K* = max{K.: A(K) > c}.

Proofs of all results are in. Appendix A.

6.4 Substitution between knowledge and search

Proposition 1. Suppose m < 0, so that the incumbent is at least as good as the ex-
ante mean alternative~ Then A(K) is strictly increasing in o for every K, the objective
V' is supermodularin (K, o), and the optimal search intensity K*(o) is non-decreasing.

Moreover K*(c) 4s.non-increasing.

This condition is also equivalent to the inequality v > §, where v indicates the restau-
rant.a consumer returns to, while ¢ indicates an unfamiliar restaurant. Thus, m < 0 says
that the restaurant a consumer returns to is at least as good as any unfamiliar restaurant.
Empirically, the interesting case is that the consumer goes on exploring, rather than re-
turning to the same place she already patronizes. This is essentially what happens in the
comparative static above.

The immediate result of substitution is straightforward. For consumers whose current
product set is completely dominated by alternatives with established names such that
o0 = 0, they do not, as Proposition 1 predicts, search extensively because the marginal
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private information gained from shopping around is small. Since uncertainty is reduced
through either private information or shopping, consumers make use of the cheaper of
the two technologies at the margin.

A 0=0.5
0.35} = 0=10
_ —e— 0=1.5
X 0.30
<
g 0.25F
[¢]
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Figure 4: Marginal value of the Kth inspection, computed by quadrature with m = —0.5.
Reading across illustrates Lemma 2; reading between.curves illustrates Proposition 1. The
horizontal line marks an illustrative search cost; optimal K* is where each curve crosses it.

6.5 Why searched matches are less durable

The next result contains the main.empirical finding of this paper. It is important, how-
ever, to be precise about what‘the result establishes and does not.

We don’t think this is an argument about winner’s curse. Under proper Bayesian
updating, E[u;; | 51]] = &j, sorthat no “bias” exists in the expected value of the match
resulting from simply selecting the alternative with the highest posterior mean. Our
argument that the consumer chooses worse bargains than appeared at the onset must
rely on the presence of systematic residual dispersion.

Proposition 2. Let j* be the chosen alternative, with posterior mean 0* and posterior

2 dnd suppose 6* > 7. Then

Pr(repeat) = @(5 N_T>,

variance o

o

which is strictly decreasing in & and therefore strictly decreasing in the prior variance o>.

Holding the posterior mean fixed, matches formed under diffuse priors are less durable
than matches formed under precise priors.

Corollary 1. Because 51-2]- is indexed by the consumer as well as the restaurant, condi-
tioning on restaurant identity does not absorb the mechanism. The result should be robust
after controlling for restaurants.
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The test in Corollary 1 provides our model’s most distinctive contribution. It allows
us to distinguish two contrasting stories: In ours, search is beneficial for consumers; under
the alternative story of pure adverse selection, it would be harmful, with restaurant fixed
effects washing it out of the data. Our evidence (shown in Section 7) clearly rules out
the latter explanation.

Corollary 2. Two forces operate in opposite directions. Holding o fixed, more inspections
raise the posterior mean of the selected alternative, since E[6*] = 0 +wE[Z k)] with w the
standard deviation of the posterior mean, and E[Z k)] is strictly increasingin k. Holding
K fixed, higher o lowers durability by Proposition 2. Because Proposition 1 implies that
K and o are positively associated in equilibrium, the sign of the observed relationship
between search intensity and durability is not determined by theory.

Corollary 2 is the formal reason this paper cannot answer the question “does searching
help?” with a regression. The raw correlation between search and match durability
confounds the return to inspecting more options with selection-on how much the consumer

already knew. Signing the first requires separating a2 from' ¢, which requires the model.

6.6 Ranking design

Now let the platform choose which alternatives to display, and let the consumer inspect
those displayed. The marginal contribution of displaying alternative j to a consumer

whose best current option is worth v is the'option value it creates:
MV (j) = E[8;+ o;z—v)"], 2~ N(0,1). (5)

Proposition 3. Define a; = (v~ 6;)/0;. Then

MVG) = el + Gi-0)].  Em = 1-0(). G = () >0

The probability that j is chosen is exactly 1 — ®(a;). A platform ranking by predicted
purchase probability therefore ranks by OMV /06; alone and omits the term o;0(a;). A
conversion ranking will be identical to the welfare-optimal ranking only if the constant o
is the same across._all of your alternatives.

So a bit of accounting yields a neat result. The expected benefit from demonstrating
the existence of restaurant j to a particular consumer can be decomposed into two pieces:
The probability that she will patronize restaurant j, multiplied by its perceived advan-
tage over her current alternative, plus a pure “option-value” term proportional to her
uncertainty about j. A quantity that’s often calculated is expected purchase probability;
it’s the first derivative from the first term, and it’s sufficient for the first term but does

not contain any information about the second.

Corollary 3. The neglected term ojp(a;) is mazimised, for given o;, at a; = 0, that

is at §; = v. The alternatives a conversion-mazximising ranking most under-displays are
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those that are simultaneously highly uncertain to the consumer and comparable in expected

quality to her incumbent.

The most portable of these results is the set of alternatives under-showed by a
conversion-optimised ranking. These are exactly those from which novel discovery will
be made—the unfamiliar, about as good as what the consumer is currently buying, Al-
ternatives which are much better or much worse than the incumbent are either promoted
or suppressed, as should be the case under either objective. The wedge is where the other

restaurants are: somewhere in the middle.

7 Search, Private Information, and Match,Durability

7.1 Construction

The rest of the paper focuses on our main finding. A “discovery” is an order placed at a
restaurant the consumer has not previously ordered from within the sample. It is durable
if the consumer places another order at that same restaurant.

Assessing durability is tricky, because it requires the possibility of a repeat purchase.
For this reason, we limit our attention to discoveries which are followed by at least three
more orders by the same consumer. Of the 372,545 discoveries we analyze, 36.2% are
durable.

7.2 The main result

Discoveries made without any recorded search are much more likely to become repeats
than those that were the result of searches: 43.1% versus 30.1%. If we limit the compar-
ison to a population of 45,821 people who make both kinds of discovery, our estimates
show 43.8% versus 30.4%.— a 13 percentage point difference.

This association is monotonic with durability: Durability is 43.1% when the restaurant
receives no inspections and falls to 38.1%, 32.8%, 30.9%, 29.6% and 28.8% when the
restaurant receives.one through five inspections, respectively. It is 25.4% at six or more.

7.3 Interpretation, and what the result is not

A naive reading of Table 4 is that searching provides worse matches. It can’t be a reliable
account — the model explains why.

In the model’s interpretation, browsing is most valuable where prior match uncertainty
is high; Proposition 1 formalises the corresponding comparative static at the search-
intensity margin. By equation (3), those alternatives retain the most residual uncertainty
even after inspection. By Proposition 2, options chosen with high residual uncertainty
are less likely to clear the threshold for a repeat purchase, not because they are worse
in expectation but because they are more dispersed. The estimated relationship reflects
selection on prior precision rather than a defect in search.
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Table 4: Search intensity and the durability of discovered matches

(1) (2) (3) (4)
Pooled Consumer FE Restaurant FE = Within-consumer
OLS difference
log(1 + inspections) —0.0667 —0.0651 —0.0635
(0.0008) (0.0013) (0.0008)
[—79.9] [—49.0] [—76.2]
Searched — did not search —0.1331
[—54.2]
Order-sequence control Yes Yes Yes —
Consumer fixed effects No Yes No Absorbed
Restaurant fixed effects No No Yes No
Observations 372,545 372,545 372,545 45,821

Notes. The dependent variable is an indicator that the discovered restaurant will be ordered from
again later in the sample. Standard errors in parentheses, clustéred ‘at the consumer level. In
brackets, we present the t-statistic for each. We have 105,235 clusters. Columns (1)—(3) include,
as a control, an indicator for the consumer’s order-sequence number. The results in column (4) are
based on comparing the durability of different types of discoveries — those made with and without a
recorded inspection — within the population of consumers‘who make both kinds of discoveries. The
unit of observation here is the consumer.

Two additional pieces of evidence favor this interpretation over the view that search
makes consumers choose, ceteris paribus, observably worse restaurants.

Restaurant fixed effects barely matter. In column (3) of Table 4, restaurant fixed
effects are included, which means that our estimate is driven entirely by variation across
consumers who arrive at the same restaurant. The coefficient moves from —0.0667 to
—0.0635, a weakening of about 5%. Corollary 1 provides testable implications. Under
the match-specific theory, afj varies from one pair of restaurant and customer to the next,
and so cannot be absorbed by restaurant fixed effects. If consumers really did vary in

restaurant quality-preferences, then 3 should not be zero.

Observable 'quality is.flat. The quality score is the average rating for the restaurant.
In fact, quality is almost completely flat: at zero and 6+ inspections, mean quality is
4.696 and 4.692; with'standard deviations stable over inspections at around 0.184 (the
s.d. fluctuates between 0.180 and 0.185). Search does not sort toward observable quality:
combined with Test 3 of Section 5, which finds essentially no quality ordering at all within
the inspection sequence, we conclude that quality sorting is inactive along the vertical
channel in the food delivery setting. All of the sorting power comes entirely from the
elimination of idiosyncratic match uncertainty.

Both curves are drawn on the same chart in Figure 5, which provides perhaps the most
visual demonstration of the paper’s findings — that the quality of what the consumer finds
does not have to do with how intensely she examines the product, but the durability of
what she finds does.
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Figure 5: As search becomes more intensive, discovered matches become less durable, while
the observable quality of the restaurant discovered stays essentially flat.

8 Heterogeneity: For Whom Is Search Worth Doing?

Proposition 1 implies that a consumer facing less prior uncertainty chooses fewer inspec-
tions. There is a second implication of search and private information being substitutes
that is easier to test for directly: If they are substitutes, then the value of an additional
unit of search to consumers should decline as a function of the level of private information
available.

The facts in Table 2 are also exactly what we might expect. We find evidence for
this substitution: the extra propensity to try a new restaurant that browsing buys falls
monotonically as spending rises, from 10.6 percentage points in the lowest band to 6.0
percentage points in the highest.band. The same substitution is visible in the estimated
marginal returns: increasing the number of inspections from 0 to 6 raises the fraction of
consumers searching by«16.1 percentage points in the lowest spending band and by only
9.6 percentage points in the highest.

We emphasize a null at these levels. The mean search is also nearly flat. Also,
the decline in/premiums reflects a genuine fall in the marginal benefit from search for

consumers who spend the same amount of time and effort on product search.

8.1 ‘Occasion-specific inertia

The model also implies that the cost of search should be reflected in meal patterns. The
amount of time available for meal choice, on average, differs for each meal occasion, and
the meal repetition rates do in fact vary systematically with available decision-making
time. Meal repetition was 33.8% for breakfast, 31.2% for lunch, 27.7% in the afternoon,
27.8% at dinner and 27.2% late at night.

In Table 5 the rate gradients are close to monotone across meal occasions and across
spending bands. The repeat rate ranges from 37.0% (for breakfast by the lowest spenders)
to 23.7% (for dinner by the highest spenders).
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Table 5: Repeat-order rates by meal occasion and
consumer spending band

Consumer spending band (RMB)
Meal occasion <29 29-36 36-49 49-65 >65

Breakfast 0.370 0.344 0.341 0.336 0.317
Lunch 0.361 0.327 0.306 0.282 0.263
Afternoon 0.326 0.295 0.275 0.259 0.237
Dinner 0.333 0.296 0.276 0.254 0.237
Late night 0.310 0.283 0.260 0.254 0.238

Notes. Cell entries are the share of orders placed at
a restaurant the consumer had ordered from previously.
N = 1,068,495.

That the same person seems more habitual in the morning than in the evening is
difficult to reconcile with a stable parameter, a habit preference, as is the standard
approach of the state-dependence literature. It follows straightforwardly from a model in
which inertia is an outcome of an ongoing search decision with occasion-specific costs.

8.2 Search on the left-hand side

This relationship places search on the right-hand side, where it is endogenous. A comple-
ment is the estimation of the determinantsof search, using predetermined characteristics

only.

log(14+K;) = a; + p1 Concentrationy, + (2 Breakfast, + (3 (ConcentrationitxBreakfastt) + By ki + €
(6)

where Concentration;; is the Herfindahl index of consumer ¢’s own order history strictly

before ¢, a measure of how concentrated her past patronage has been.

Table 6 raises some methodological points we feel are important enough to mention in
the main text. Column (1) uses the obvious and natural measure of familiarity: the prob-
ability that a consumer had previously ordered at a restaurant. It yields a large negative
coefficient. As it_happens, however, that measure is not predetermined; consumers’ and
restaurants’ subsequent choices of how much searching to do are correlated. In column
(2), we'replace it with the degree of concentration of restaurants visited by the consumer
in the past. The sign of the coefficient changes. Search is positively correlated with how
concentrated the consumer’s restaurant patronage is.

An interaction with breakfast, which an obviously simple attention- saving story would
predict to be negative, is positive and significant in column (1) but statistically zero in
column (2). We discuss this as it does not support the original interpretation.

This effect holds across all specifications. Breakfast search is around 0.08 log points
less than on other occasions within the same consumer. The ¢-statistics lie between 15
and 21. This is the variation that would be used to define the cost distribution in a

structural version.
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Table 6: Determinants of search intensity

(1) (2)

Familiarity with the Concentration of
restaurant eventually chosen qprior order history
Familiarity measure —0.0509 +0.0679
(0.0011) (0.0024)
[—44.7] [+28.1]
Breakfast —0.0867 —0.0820
(0.0042) (0.0054)
[=20.5] [—15.2]
Familiarity x Breakfast +0.0125 —0.0088
(0.0023) (0.0090)
[+5.5] [—1.0]
Consumer fixed effects Yes Yes
Observations 1,067,425 1,067,425

Notes. Dependent variable: log(1 + distinct inspections). Standard errors are pre-
sented in parentheses; clustered at the consumer level; the statistics in brackets are
t-statistics, computed with 200,000 clusters. Both columns include a control for
the consumet’s ordeér-sequence index. In column (1), familiarity is measured for
the restaurant the consumer eventually chooses; that measure is not predetermined,
since the restaurant identity is determined jointly with search. In column (2), con-
centration is calculated just before the purchase to avoid endogeneity bias. If we
had used.the concentration of the consumer’s complete purchase history, the sign
of the' coefficient 'on concentration in column (2) would have reversed.
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9 Robustness

9.1 Inference

The standard errors on all estimates below in this paper are based on cluster estimation
at the consumer level. This treatment is necessary because the orders of a given consumer
are manifestly correlated with each other — a given consumer has stable tastes, a stable
address, and a stable meal schedule — and are not independent observations-as if the
orders came from an infinite population of buyers. There are 105,235 consumer clusters
in the durability sample, 200,000 consumer clusters in the full order sample, and the
asymptotic approximation to the variance is certainly not in doubt.

Clustering leads to wider intervals, as can be seen for search intensity in Table 4: in
the consumer fixed-effects specification the standard error rises from 0.0011 to 0.0013,
with a corresponding decrease in the t-statistic from 58.3 to 49.0. On a relative basis,
the biggest jump in magnitude was for the breakfast indicator; whose t-statistic fell from

23.8 to 20.5. However, no conclusion of the paper depends on the distinction.

9.2 Selection into the browsing log

If our results are driven by the selection process into the browsing log, the analysis is
more troubling. For example, the results would be misleading if the session types in which
search and purchase events were both logged differed from those in which they were not.

We assess this directly by looking at the fraction of a consumer’s orders that have
some inspection associated with them, at the consumer level. We split consumers into
deciles based on how complete‘thelog is for their activity, and re-estimate the durability
specification within each decile.

Table\7: Durability effect by decile of logging completeness

Decile 1 2 3 4 5 6 7 8 9
Mean logging share 0.09 0.33 0.46 0.55 0.60 0.68 0.77 0.85 0.96

log(1 + inspections)s —0.065 —0.072 —0.076 —0.069 —0.069 —0.065 —0.065 —0.057 —0.042
(0/004) (0.004) (0.002) (0.005) (0.003) (0.003) (0.002) (0.003) (0.003)

Observations 81,262 31,566 59,637 14,442 37871 36,994 43,758 30,048 36,967

Notes. Consumders are split into deciles by the fraction of their orders that have at least one logged inspection.
Within each decile we estimate a linear probability model of match durability on log(1 + inspections) and the order-
sequence index. Standard errors clustered at the consumer level are in parentheses. We omit deciles with fewer than
2,000 discoveries. The full-sample estimate is —0.0667.

In Table 7 we continue to find a strong negative and significant effect of search intensity
in every decile of logging completeness (—0.076 to —0.042). Thus, the effect is not an
artifact of logging completeness or a subgroup of the data.

Still, there appears to be some attenuation. In the highest logging-completeness decile,

for which over 96% of consumers’ orders are logged, the coefficient is —0.042, about a
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third below its full-sample value. The point estimate may be read in one of two ways:
Either consumers in the top decile are heavy browsers for whom search has essentially
no marginal value—an interpretation the model would anticipate—or else the estimated
elasticity reflects unlogged search in other observations being incorrectly recorded as zero
searches. The latter possibility, which we cannot rule out with the available data, requires
us to view our full-sample coefficient as an upper limit and —0.042 as a lower limit. on
its magnitude. The qualitative conclusion that “searched” discoveries are markedly less
durable than unsearched ones seems robust to this re-interpretation.

9.3 Alternative definitions of durability

A discovery can only be classified as durable or not if the consumer‘is observed again
after it, so the baseline requires at least three subsequent orders by the same consumer.

Table 8 varies that requirement from two to five.

Table 8: Sensitivity to the observation-window requirement

Minimum subsequent orders required 2 3 4 5
log(1 + inspections) —0.0663+"—0.0667 —0.0669 —0.0674
(0.0007) (0.0008) (0.0009) (0.0011)
Durability, no search 0:402 0.431 0.455 0.476
Durability, searched 0.273 0.301 0.324 0.344
Difference —-0.130 -0.131 —-0.131 —0.133
Observations 475,129 372,545 297,077 239,442

Notes. Column 3 is the specification reported in Table 4. Consumer-clustered standard
errors in parentheses.

Point estimates of the coefficient vary from —0.0663 to —0.0674 as the threshold moves
from two to five, while the raw difference in discoveries searched for versus not searched
for lies between 13.0 and 13.3 percentage points. Durability is mechanically increasing
in the window; that is; with a longer duration the chance of observing a repeat increases
because the window has afforded more opportunity to recur, but the effect we care about,

the relative difference,is constant.

9.4 Functional form

All"of 'our models use linear probability specifications. The dependent variable has a
mean of 0.362. Without a great deal of mass at the boundaries, a linear approximation
is probably not misleading, and it allows for a sufficiently high dimension of fixed effects,
which Corollary 1 requires.

We nonetheless re-estimate the baseline model on the logit scale. The coefficient on
log inspections, —0.3064 (0.0038), implies an average partial effect of —0.0685. That
is —0.0685 against —0.0667 from the linear model—the difference is under 3% of the
estimate. Nothing in the paper turns on the choice.
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10 Implications for Ranking Design

10.1 The wedge

Proposition 3 establishes that the value of displaying an alternative to the incumbent has
two parts, only one of which is captured by the commonly predicted increase in purchase
probability. Corollary 3 shows that the distortion is largest when the alternative is of
uncertain quality to the consumer but relatively similar to her current option:

Test 3 in Section 5 provides indirect evidence that this wedge is operative:=lf inspection
order were generated by a reservation-value index, then inspection position would be
correlated with a function of both quality and uncertainty. However; it is essentially
uncorrelated (r = —0.00851) with quality. So the ranking faced by consumers in the
market is not the ranking that ultimately determines welfare.

10.2 What would be required to quantify it

Signing the wedge requires only the model. To measure the wedge requires estimation of
the distribution of search costs, the functional mapping of observable familiarity to prior
heterogeneity in value, and the precision of the information in each search: The most
straightforward approach follows the tradition“of the literature on fixed-sample search
models, calculating a likelihood contribution for a given session as the probability of the
observed number of inspections multiplied by the probability that the observed purchase
is the utility maximizer among the inspected options.

Ly = Pr(K =K|c,0,6) x Pr <j§;bs = arg%%i{uﬁ) .

The pattern of identifications comes from three sources. The extent of variation of
inspections per consumer. over different meal occasions allows us to estimate the search
cost distribution. Thelconsumer effect observed in Table 6 is both large and precisely
estimated. Also, the durability between matches that were formed with and without
search gives us insight_into the prior variance, via Proposition 2. Finally, the distribution
of inspection counts and of matching outcomes provides information on the remaining
scale parameters.

Then; three display rules are compared: the display rule we observe, the display
rule that was associated with the most probable future purchase, and the display rule
corresponding to the highest reservation-value index. The interesting results relate to
the difference between the second and third of these rules, with respect to both expected
match value and search time. Since the cost of one minute of consumer attention is
not identified, the break-even bands across the range of possible time cost functions are
probably more informative than a point estimate.
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10.3 A second dimension worth exploring

The two categories (food and delivery quality) are reported separately in the restaurant
catalogue. These are only weakly correlated (correlation = 0.306 among rated restau-
rants). One consequence of the ranking is that it brings out one dimension at the expense
of the other; so this gives us a deeper question to ask, rather than the previous question
of how much exploration we should be inducing on a platform: Which attribute do-you
want it to show?

11 Estimating the Model

The previous section set out what would be needed to put a number-on the wedge. We

now do it.

11.1 What makes the model estimable

The obstacle is that search costs are never observed. What rescues us is the stopping rule
itself. By Lemma 2 the consumer inspects until the marginal value of another look falls
below its cost, so K* = max{K : A(K) > ¢} with'A declining in K. Seeing how many
restaurants somebody opened therefore does'not tell us her search cost, but it does tell
us which interval her cost falls in:

K=0 < ¢>A(1), (7)
K=k </ ANk+1)<c<A(k), k>1. (8)

Every browsing session is thus an interval-censored reading on that consumer’s cost of
looking. Assuming c is lognormal, with its location allowed to shift across meal occasions,
the likelihood follows in elosed form once A is evaluated by the quadrature in Lemma 1.
No data beyond the inspection counts is required.

One normalisationis unavoidable. Lemma 1 gives A(K) = 0-g(K, a) witha = —m/o,
so a doubling‘of o.and of ¢ together leaves the inspection distribution unchanged. We
therefore fix ¢ = L.and report every cost in units of one standard deviation of match
value. The ratio_a, which measures how strong the incumbent is relative to the spread of
match wvalues, is not affected by this and is estimated from the shape of the distribution.

11.2 Estimates

Three things in Table 9 are worth pausing on.

The median cost of opening one more restaurant page is 0.44 standard deviations of
match value. That is a lot. Putting it another way, a consumer would rather accept
a meal that suits her almost half a standard deviation worse than click through to one
more listing. It also explains something the raw data makes obvious but which is easy to

wave away: just over half of all orders involve no recorded browsing at all.
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Table 9: Structural estimates of the search-cost distri-

bution

Parameter Estimate  Std. error
a  strength of the incumbent +0.0068 0.0042
¢ log median search cost —0.8172 0.0076

logs dispersion of log costs 40.3418 0.0030
Shift in p by meal occasion (breakfast omitted)

Lunch +0.0072 0.0058
Afternoon —0.1314 0.0071
Dinner —0.1064 0.0060
Late night —0.1864 0.0080
Implied median cost, breakfast 0.442
Implied median cost, late night 0.367
Log-likelihood —1,904,019
Observations 1,068,495

Notes. Maximum likelihood on the distribution-of distinct in-
spections per order, top-coded at twelve. Costs‘are expressed
in units of one standard deviation of mateh value under the
normalisation ¢ = 1. Standard errors come from the numerical
Hessian.

Search costs are highest at breakfast and‘lowest late at night, with the late-night
median running about 17 percent below the breakfast one. Nothing in the estimation
imposed that ordering. It reproduces the 6ccasion pattern found earlier in Table 6, which
is reassuring, because those two results come from different moments of the data.

Finally, the dispersion parameteris large, s = 1.41. Search costs differ enormously
from one consumer and occasion to the next. That heterogeneity is what lets a single
distribution generate both an‘enormous mass at zero inspections and a tail that runs out
past twelve.

11.3 Does the'model fit?

The estimation.uses seven parameters to match thirteen moments, so fit is a genuine test
rather than an accounting identity.

Figure 6 shows, the answer is yes, and not only where it is easy. The model puts
51.5 percent of orders at zero inspections against 51.6 observed, and it tracks the decline
throtigh the middle of the distribution and the mass beyond twelve. The one visible miss
is 'at, one versus two inspections, where the model predicts too many single inspections
and too few pairs. A smooth cost distribution cannot easily produce a consumer who

opens a second listing out of habit, and we suspect that is what the gap represents.
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Figure 6: Observed and predicted distribution of inspection counts.‘Predicted shares aggregate
across meal occasions using the observed occasion weights.

12 The Wedge, Quantified

12.1 Setting up the comparison

With the cost distribution in hand, the display.rule becomes something we can vary. We
simulate consumers facing forty candidate restaurants whose vertical quality is drawn
standard normal. A tenth of them are familiar and carry little prior uncertainty; the rest
are unfamiliar and carry a great deal. Fach consumer draws her own search cost from the
estimated distribution and chooses how many restaurants to inspect using the model’s
own stopping rule.

We then hold the number of inspections fixed and change only which restaurants
occupy those slots. This matters for interpretation: the exercise is not about making
consumers search more, which would cost them time. It is about what they are shown for
the same amount-ef looking. Three rules are compared: a random ordering, as a floor;
a ranking by purchase probability 1 — ®(a;), which is what a recommender trained on
conversion implements;-and a ranking by the welfare index MV (j) of Proposition 3.

12.2 Results

Reordering the same set of slots by the welfare index rather than by purchase probability
raises expected match value by 6.9 percent and consumer surplus by 8.5 percent. The
consumer spends no additional time searching; she is simply shown a different set of
restaurants.

The gap between random ordering and conversion ranking, at 45.7 percent, is worth
reporting alongside it. Most of what a ranking can accomplish, a conversion ranking
already accomplishes. The distortion we identify is the residual, and it would be wrong
to read Table 10 as saying that commercial rankings are badly broken. They are not.
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Table 10: Welfare under alternative display rules

Display rule Match value Search cost Surplus Mean K  vs. conversion
Random order 1.358 0.470 0.888 4.59 —45.7%
Conversion ranking 2.499 0.470 2.029 4.59 —
Reservation ranking 2.671 0.470 2.201 4.59 +6.9%

Notes. All values in units of match-value standard deviations. The final column gives the
change in expected match value relative to conversion ranking; in consumer surplus the, cor-
responding gain is 8.5 percent. Search intensity is held fixed across rules, so the comparison
isolates composition. Baseline calibration: a tenth of alternatives familiar, prior standard de-
viation of 1.0 on the rest.

They are slightly and systematically tilted, in a direction that happens to matter for

discovery.

12.3 How much does the calibration drive this?

Two quantities are not identified by inspection counts: how much of a consumer’s choice
set she already knows, and how uncertain she is about the rest. Rather than pick values
and present a single number, we report the counterfactual across a grid.

Table 11: Gain from reservation ranking across calibrations

Share of alternatives already familiar

Prior SD on unfamiliar alternatives™ 0.05 0.10 0.20
0.75 21%  3.8% 6.6%
1.00 3.8% 6.6% 11.2%
1.25 51%  9.3% 16.0%
1.50 6.1% 11.4% 20.9%

Notes. Percentage gain in expected match value from reservation ranking relative
to conversion ranking: The baseline reported in Table 10 is shown in bold.

The gain runs from 2.1 to 20.9 percent across the grid. It rises in both directions,
and the reason is yisible in Proposition 3: the neglected term is oj¢(a;), which grows
when consumers are more uncertain and when more of their choice set is familiar, since
familiarity raises the incumbent value against which everything else is judged. So the
direction~of the result is robust and its size is not. We report the range rather than
pretending to a precision the data cannot support.

12.4 Where the distortion falls

Corollary 3 already located it: the neglected term peaks where §; = v. The restaurants
a conversion ranking most under-shows are the ones a consumer knows least about that
are also roughly as good as the place she already orders from.

This connects back to something noted in Section 4 and left hanging there. Con-
centration in these districts is negligible by any standard measure, and yet the median
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consumer uses three restaurants in three weeks. What limits effective competition here
is not the number of sellers but the scarcity of attention, and the ranking is what allo-
cates attention. A platform maximising conversion allocates it in a way that is close to
what consumers would choose for themselves, but not the same, and the difference falls
precisely on the restaurants they would otherwise have discovered.

13 Limitations

Here we sum the claims the paper cannot support.

The browsing log is admittedly incomplete. The restaurant actually ordered from ap-
pears in the recorded browsing sequence only 19.4% of the time across all multi-inspection
sessions. Results reported in the rest of the paper thus describe search behavior as it ap-
pears on the platform’s recommendation surfaces. Nevertheless the durability effect is
observed in every decile of completeness in Table 7, and cannot be explained by behavior
concentrated at an extreme tail of the distribution. Across completeness deciles the dura-
bility effect is bounded between —0.076 and —0.042, and although we have not modeled
the unobserved channel, we suspect these estimates would be largely unchanged had we
instead recorded search queries, created favorites, or even offline restaurant knowledge;
to truly do so, one simply must include the unlogged channel in the estimated set of
alternatives, an approach we have not taken.

Search is not imposed. Consumers who want to try something new presumably browse
more. Nothing in our design rules out this simultaneity, and the resulting coefficients on
search intensity are merely associations. Our results are thus, at most, indicative of
interactions. The gradients in Section 8 are more robust than the levels, since there is
no obvious reason why simultaneity bias should vary systematically across bands, but of
course that’s an argument, rather than an identification strategy.

But remember: the spending bands are not income. They are just categories the ser-
vice provider uses to make sense of the spending patterns of different types of consumers
(and we’re missing some of the data here).

Estimates‘are approximate. Prices in the data are reported as ranges rather than
exact order values, and item prices do not always add up to reported order prices.

We estimate the model in Section 11, but two parameters governing prior uncertainty
are calibrated rather than identified, so the size of the wedge in Section 12 is reported as
a range rather than a point. Keep in mind, finally, that the ranking exercise in Section 10
isinot“a diagnosis.

It all happens in one city and over a span of three weeks, so the results cannot be
generalised beyond Beijing in March 2021.
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14 Conclusion

Platforms rank alternatives to maximise the probability that a consumer transacts. This
paper has argued that the objective is systematically misaligned with consumer wel-
fare and characterised the misalignment precisely: predicted purchase probability isthe
derivative of welfare with respect to expected quality, and carries no information about
the option value created by showing a consumer something she is uncertain about. Be-
cause that option value is largest for alternatives similar in expected quality to what
the consumer already buys, the restaurants a conversion-optimised ranking most under-
displays are exactly those from which discovery would come.

The empirical work supports the model’s central premise — that. prior precision dif-
fers across alternatives and that search is directed at what consumers know least —
through a result that initially looks like a puzzle. Restaurants-found through browsing
are substantially less likely to become regular choices than restaurants reached without
it, by 13.3 percentage points within consumer. The effect-survives restaurant fixed effects
almost intact and is unaccompanied by any variation in the observable quality of what
consumers find. Within the model this is not a failure of search but a consequence of its
being deployed where uncertainty is greatest.

That finding carries a methodological warning. Because search intensity and prior
uncertainty are positively linked in equilibrium, the sign of their reduced-form association
with match quality is not determined by_theory. Reading the returns to search off a
regression of outcomes on search intensity-recovers a mixture of two effects with opposite
signs. Estimating the model separates-them, and doing so suggests that reordering a
display to account for option, value.would raise expected match quality by around 7
percent at our baseline calibration, with a range of 2 to 21 percent across the parameters
we cannot pin down.

Three extensions seem worth pursuing. The first is to model the unlogged search
channel explicitly, which.would convert our bounds into estimates. The second exploits a
feature of this setting we have set aside: food quality and delivery quality are separately
reported and only weakly correlated, so a platform choosing what to make salient faces a
composition preblem @as.well as a quantity problem. Which dimension a ranking should
surface strikes us as at least as interesting as how much discovery it should induce. The
third is-to take the:wedge to a setting with experimental variation in rankings, as in Ursu
(2018), where the eounterfactual could be validated rather than simulated.
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A Proofs

Proof of Lemma 1

Let h(z) = (m + 0z)", which is non-decreasing, piecewise linear, satisfies h(—o0) =0,
and has h/(z) = 01{z > a} almost everywhere with a = —m/o. For any random variable
X with cdf F, integration by parts gives

E[h(X)] = / T [1— F(2)] da.

—00

The maximum of K independent standard normals has cdf ®(2)%, so

E[h(Z))] = a/oo [1— ®(2)"] d=.

Differencing at K and K — 1 and using ®¥~! — &¥ =®E1(1 — @) yields the stated

expression. W

Proof of Lemma 2

On the domain of integration ®(z) € (0, 1), so. ®(z)% ! is strictly decreasing in K point-
wise and the integrand of Lemma 1 inherits this property. Hence A(K) is strictly de-
creasing. Since the marginal cost of an inspection is the constant ¢, the objective V' is
strictly concave in K and the optimum:is characterised by the stated stopping rule. B

Proof of Proposition 1

Write a = —m/o, so a >.0 under the maintained condition m < 0, and note da/0c =
m/o? = —a/o. Differentiating the expression in Lemma 1 with respect to o, applying
Leibniz’s rule to the o-dependent lower limit,

Oo o

OAK) _ / SK N (1-) d> — o D)<~ [1-@@)}% _ / K1 (1) dz + ad(a)< ! [1-B(a)].
The first term is strictly positive because the integrand is strictly positive on the interior of
the domain. The.second is non-negative precisely because a > 0. Hence 0A(K)/do > 0.
Since A(K) =V(K) — V(K — 1) + ¢ is increasing in o for every K, the objective V'
has increasing differences in (K, o), and Topkis’s monotone selection theorem gives that
K*(0) is non-decreasing. For the comparative static in ¢, note that 9*°V /0Kdc = —1 < 0,

so V has strictly decreasing differences in (K, ¢) and K*(c) is non-increasing. W
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Proof of Proposition 2

Conditional on the inspected signal, the true match value satisfies ;- | s;- ~ N(6*,52).
A repeat occurs if and only if u;;+ > 7, so

— o —
Pr(repeat) = 1 —@(T _ ) = <I>< — T> )
o o
Differentiating,

M :<p<6 _T> . (—5 ~_T> <0 whenever 8% > 7.

oo o 2

Finally, from equation (3), 95°/90® = o,/(0* + 0.)* > 0, so G,isstrictly increasing in

the prior variance. Composing the two derivatives gives the result. B

Proof of Corollary 1

Immediate from the indexing in equation (1). The term J; is common across consumers

2

and is absorbed by a restaurant fixed effect; the term o7; varies across consumers at a

given restaurant and is not. W

Proof of Proposition 3

Substituting a; = (v — J;)/0; intorequation (5) and using the standard normal partial-
expectation identity E[(z — a)*j.=w(a) — al[l — ®(a)],

MV (j) = 0, E[(2 — a;)"] = oyp(a;) — 00, [1 = ®(a;)] = a5(ay) + (6; — v) [1 — D(ay)],

since o;a; = v — §;.
For the derivative with respect to o;, note that v — 9, does not depend on o, that
daj/0o; = —aj/o;, and that ¢'(a) = —ap(a). Then

6é\(/$/ = p(aj)+o,¢'(a;) (—%)ﬂv—@)@(ag‘) (‘a_j,> = ola;)+ajp(a;)—aje(a;) = ola;).

J

For-the derivative with respect to d;, with da;/06; = —1/0;,

55 = 0~ )10t +0-0)000) (- ) = aspla+ [1-0(0)] ~eseay) = 1-0(a
where the cancellation uses (0, —v)/o; = —a;.

Finally Pr(j chosen) = Pr(d; +0;2 > v) = Pr(z > a;) = 1 — ®(a;). Along an iso-MV
curve in (d, o) space the slope is do/dd = —[1 — ®(a)]/¢(a) < 0, so alternatives that are
welfare-equivalent to display are strictly ordered by conversion whenever they differ in o.
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Conversion ranking is therefore welfare-optimal only in the degenerate case of constant
c.

Proof of Corollary 3

The neglected term is ojp(a;). For fixed o; this is maximised where ¢ is maximised,
namely at a; = 0, which by the definition of a; occurs at §; = v. B

B Additional Tables

Table 12: Order composition across the day

Breakfast Lunch  Afternoon/ Dinner Late night

Orders 87,540 468,743 115,423 ., 328,154 68,635
Median hour (Beijing) 8 11 15 18 21
Share of orders <29 RMB 0.535 0.468 0.370 0.349 0.359
Share of orders >65 RMB 0.065 0.163 0.208 0.248 0.190
Mean distinct inspections 2.53 2.45 3.02 2.86 3.04
Exploration rate 0.662 0.688 0.723 0.722 0.728

Notes. Meal occasion is the platform’s own‘classification. Exploration is an indicator for
ordering from a restaurant the consumer hasnot previously used.

Table 13: Market, concentration by commercial
district

District “Orders” Restaurants Herfindahl index

0 241,422 2,497 18
1 65,489 1,278 53
2 61,370 1,235 46
3 104,537 1,465 33
4 55,027 1,094 47
5 66,781 1,420 38
6 174,142 1,983 24
7 32,941 1,013 54
8 86,785 1,346 44
9 82,944 1,952 27
10 97,057 1,560 39

Notes. Herfindahl indices are computed over restaurant
shares of district orders and reported on a scale to 10,000.
The ten largest restaurants account for between 6.2% and
15.8% of orders depending on the district.
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Table 14: Marginal returns to inspection by consumer spending band

Distinct inspections 0 1 2 3 4 5 6

Spending band <29 0.600 0.607, 0.677 0.709 0.723 0.740 0.761
Spending band 36-49 0.664 0.673 0.728 0.751 0.765 0.783 0.796
Spending band >65 0.718. 0.716 0.758 0.782 0.787 0.794 0.814

Notes. Cell entries are exploration rates. Moving from zero to six inspections raises
exploration by 16.1 percentage points in the lowest band and 9.6 in the highest.

37



	Introduction
	Related Literature
	Setting and Data
	Institutional setting
	Data
	Measurement of search
	A limitation that shapes the design

	Descriptive Facts
	Fact 1: demand is sharply time-structured
	Fact 2: markets are unconcentrated but demand is local
	Fact 3: inertia accumulates
	Fact 4: Increased expenditure does not mean increased searching

	Which Search Protocol Do the Data Support?
	Test 1: recall
	Test 2: does continuation depend on what has been found?
	Test 3: is inspection ordered by attractiveness?
	Taking stock

	Model
	Environment
	Search technology and timing
	The search problem
	Substitution between knowledge and search
	Why searched matches are less durable
	Ranking design

	Search, Private Information, and Match Durability
	Construction
	The main result
	Interpretation, and what the result is not

	Heterogeneity: For Whom Is Search Worth Doing?
	Occasion-specific inertia
	Search on the left-hand side

	Robustness
	Inference
	Selection into the browsing log
	Alternative definitions of durability
	Functional form

	Implications for Ranking Design
	The wedge
	What would be required to quantify it
	A second dimension worth exploring

	Estimating the Model
	What makes the model estimable
	Estimates
	Does the model fit?

	The Wedge, Quantified
	Setting up the comparison
	Results
	How much does the calibration drive this?
	Where the distortion falls

	Limitations
	Conclusion
	Proofs
	Additional Tables

