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Abstract

Demand models’ substitution predictions inform merger review and the value of
product variety. Using the 2015 withdrawal of the regional ice cream brand Blue Bell,
I test how well models estimated on data through March 2015 predict the amount of
demand retained by rivals and its allocation among them. Relative to markets Blue
Bell never served, rivals recaptured about three quarters of its volume, and private label
took half of that gain. Logit and random-coefficient models without nesting retain too
little demand. A nested logit that pools private label with Blue Bell’s mainstream tubs
comes close both on how much demand stays with rivals and on which rivals receive it,
and random-coefficient nested logit (RCNL), which allows consumer heterogeneity on
the same nests, performs similarly. In this application, where private label sits in the
nests matters more for these predictions than how much taste heterogeneity a model
allows.
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1 Introduction

Estimates of substitution between products inform merger simulation and the valuation of
product variety, including losses from recalls and stockouts. In ex ante applications that
substitution comes from a demand model estimated before the change, and models that fit
the same market shares can imply very different substitution. I evaluate these predictions
using an observed whole-brand withdrawal: do standard demand models predict how much
demand stays with rival products (retention) and which rivals receive it (allocation)?

In April 2015 Blue Bell Creameries recalled its entire product line after a listeriosis
outbreak, and the brand disappeared from every retailer for several months. Blue Bell was a
regional brand with about an eighth of ice cream volume in the markets where it sold. The
withdrawal removed the whole brand at once, in every format and at every retailer, while its
rivals stayed on the shelf, so the models’ predicted substitution can be compared with the
observed gains in rival sales.

I estimate logit, two nested logits that differ in the placement of private label, and three
random-coefficient (RC) specifications on data through March 2015. The RC specifications,
including random-coefficient nested logit (RCNL), use household micro moments to estimate
the taste distributions (Petrin, 2002; Berry et al., 2004; Fan and Yang, 2025). The comparison
thus varies both the grouping of products and the heterogeneity of tastes.

To compare the models’ substitution predictions, I take the rivals’ 2015 sales and prices
from the data, return Blue Bell to each market at each model’s forecast of its appeal, and
measure the gallons its presence would have taken from each rival per gallon of its 2014
volume. Because rival prices are held at their observed values, the comparison needs no
model of pricing conduct.

In Blue Bell’s markets, rival products gained 0.77 gallons for each gallon Blue Bell had
sold a year earlier, relative to markets where Blue Bell never sold, and private label took
about half of that gain. Logit and the RC models without nesting keep less than half a gallon,
while the nested logits and RCNL keep between 0.62 and 0.74. The nested logit that gives
private label a group of its own sends it about a fifth of the gain, against half observed. The
two nested specifications that pool private label with Blue Bell’s mainstream tubs, nested
logit and RCNL, are close on both margins: each has a misplaced share, a combined measure
of errors in retention and allocation, of about a tenth of Blue Bell’s volume, against about
three tenths for the other four models. Their performance is similar: RCNL retains about
as much as the nested logit and has a slightly smaller allocation error.

Among nested logits with nearly identical price coefficients, the grouping also moves

welfare: at the rival prices observed after the recall, the one that gives private label its



own group values Blue Bell’s availability about 45 percent higher than the one that pools
it with Blue Bell’s tubs. Rival prices add a term whose sign differs between observed and
model-predicted prices: the models predict small increases in rival prices when Blue Bell
leaves, whereas observed rival prices fell by 4.4 percent relative to markets without Blue Bell
(Section 7).

This paper contributes to the literature on how the structure of a demand model shapes
predicted substitution. Grigolon and Verboven (2014) estimate RCNL, which contains logit,
nested logit, and random coefficients as special cases, and show that a model that omits
a source of heterogeneity understates substitution within groups, although their merger
predictions are fairly robust across the nested and random-coefficient specifications. Conlon
and Mortimer (2021) show that diversion ratios from removals, price changes, and quality
changes weight consumers differently and coincide only under plain logit or linear demand,
and that diversion to the outside good is sensitive to omitted heterogeneity, in price or in
the taste for inside goods, and to the market size. Conlon and Gortmaker (2025) show
that, without variation in choice sets, first-choice demographic moments need not pin down
unobserved taste dispersion or nesting parameters. I use the observed withdrawal to evaluate
two sources of predictive error: how much of a removed brand’s demand stays with the
remaining inside products, and how that demand is divided among them. The two nested
logits differ substantially on both margins, whereas RCNL performs similarly to nested logit
on the same PL-pooled nests.

It also contributes to work that evaluates demand models against observed changes in
choice sets. Raval et al. (2022) estimate hospital demand on data before natural disasters and
find that standard models underpredict large diversions after the resulting closures, Pathak
and Shi (2021) compare demand-model forecasts of a school choice reform with realized
outcomes, and Conlon and Mortimer (2013) use short stockouts in vending machines as
variation that identifies substitution. Merger retrospectives compare simulated with realized
price effects (Weinberg and Hosken, 2013; Bjornerstedt and Verboven, 2016), so their errors
combine demand and conduct. Bhattacharya et al. (2026) find, in 101 consumer-goods
mergers, that predicted price changes are typically larger than realized ones, and when they
re-invert post-merger demand at fixed parameters and the realized assortment, a check that
goes back to Peters (2006), the merging parties’ price prediction error does not shrink. I
add two things to this work. First, I distinguish the evaluation of substitution predictions at
observed rival prices and sales from that of direct sales forecasts. Every model has a larger
prediction error under the direct forecast, and the ordering of the non-nested specifications
changes (Section 6.5). Second, I bring the test to a consumer-goods brand exit with posted

prices, an outside option, and household purchase histories that follow the removed brand’s



own buyers through the withdrawal.

Work on product recalls shows why the observed rival gain needs care as a benchmark.
Toy recalls lowered sales of non-recalled firms in the same category (Freedman et al., 2012),
and product-harm crises can spill over to unaffected competitors (Cleeren et al., 2013),
although rival brands showed no measurable sales losses after listeria recalls of branded
ready-to-eat meats (Thomsen et al., 2006). A spillover of this kind would change rival sales
through channels other than Blue Bell’s absence.

Sections 2 and 3 describe the market and measure the withdrawal. Sections 4 and 5 set
out the models and their estimates, Section 6 the evaluation design and the comparison,

Section 7 rival prices and consumer welfare, and Section 8 sensitivity. Section 9 concludes.

2 Setting and Data

2.1 The market and the recall

Ice cream reaches supermarket shoppers through a few national brands, many regional and
small brands, and the retailers’ own private labels. Retailers’ private labels together hold
38.4 percent of 2014 volume across all DMAs. The national brands Breyers and Dreyer’s
have 5.9 and 5.0 percent. The two premium pint brands, Ben & Jerry’s and Haagen-Dazs,
have 5.1 percent together, and Blue Bunny has 2.3 percent. Other brands, many of them
regional, hold 35.4 percent (Table 2).

Blue Bell was a regional brand. Blue Bell Creameries made ice cream, frozen yogurt,
sherbet, and frozen snacks in several package formats, from three plants in Texas, Oklahoma,
and Alabama.! The recalled products were sold at retail in 23 states (Velasco, 2015), most
of them in the South and Southwest. In 2014 the estimation sample records Blue Bell sales
in 105 DMAs, where the brand held 12.8 percent of ice cream volume.

The recall began with selected products on March 13, 2015 and extended to the en-
tire product line on April 20 (Centers for Disease Control and Prevention, 2015). Produc-
tion halted, and the withdrawal from stores was near complete from May through August
(Figure 1, panel a). Blue Bell’s recorded gallons in its markets fell to 3 percent of their
2014 monthly mean in May and to less than 0.2 percent in June, July, and August; in the
market—-months the models are evaluated on, 0.7 percent of the 2014 May—August volume

is still recorded, mostly in May. The return was staggered. Measured by the first month of

IThe products came in half gallons, quarts, pints, cups, and three-gallon containers and as take-home
novelties (Wallace and Clayton, 2015), from plants in Brenham, Texas; Broken Arrow, Oklahoma; and
Sylacauga, Alabama (Centers for Disease Control and Prevention, 2015; U.S. Food and Drug Administration,
2015).



renewed scanner sales, Blue Bell came back in 5 DMAs in September 2015 and in 7 more
in October and November, then in 27 in December and in the rest during 2016, the last
recorded re-entry among its DMAs falling in December 2016, and its recorded gallons stood
at 40 to 80 percent of their 2014 monthly mean during 2016. The models are evaluated on
the withdrawal; Appendix D describes household purchases after the return.
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Figure 1: Blue Bell’s gallons and rival gallons around the withdrawal

Scanner gallons in Blue Bell’s markets and in the comparison markets, January 2014 to December 2016.
Panel (a): Blue Bell’s recorded gallons, 2014 monthly mean = 100. Panel (b): matched rival gallons, same
month of 2014 = 100. Vertical lines: the complete recall (April 2015) and the first (September 2015) and
last (December 2016) recorded returns among Blue Bell’s DMAs.

A recall changes more than the choice set. News about the outbreak can shift demand
for the category and for particular brands, and retailers can change shelf space, promotions,
and private-label prices. The comparison takes three things as observed in 2015: rival prices,
rival sales, and the sales of products outside the demand system. It does not remove the

other changes the recall caused; Section 6.1 sets out how they enter the comparison.

2.2 Data, products, and the estimation sample

The data are the Nielsen retail scanner data for the ice cream, frozen yogurt, and frozen
novelty modules, which record quantities and expenditures by product, store, and week, and

the Nielsen Homescan panel, which records the purchases of the same households over time.



The unit of analysis is a product in a DMA-retailer market in a month. I use the scanner
data to estimate market demand and to measure the response to the withdrawal.

A product is a brand combined with a set of characteristic indicators. Items that differ
only in package size belong to the same product, and their quantities are converted into
gallons, the common unit of quantity. The indicators describe the item, not its package size:
bulk, for example, comes from Nielsen’s recorded form of the item rather than from a size
threshold (Appendix A). Seven characteristics carry random tastes in the demand models
(vanilla, chocolate, bulk, low fat, low calorie, assorted, and cookies or mix-ins).

Private-label products have no recorded values for the seven characteristics, and their
brand names are masked.? A market is a designated market area (DMA) paired with a
retailer, so the private-label product in a market is that retailer’s own store brand. Repeated
observations of a product within a market and month are combined by summing expenditure
and gallons, and price is expenditure per gallon.

The estimation sample contains 756 model products and 529 DMA-retailer markets in
the 117 DMAs that pass the sample filters (Appendix A), from January 2011 through March
2015 (Table 1). March 2015 contains the first withdrawals, so the estimation window, data
through March 2015, ends before the complete withdrawal but not before the event began.

Table 1: Estimation and evaluation samples
DMA-retailer

Sample markets (DMAs) Observations
Estimation, January 2011-March 2015 529 (117) 3,705,958 product-market-months
Blue Bell markets, May—August 2015 317 (103) 1,246 market-months
Markets without Blue Bell in the counterfactuals 301 (71)

Comparison markets for the observed effect 266 (65)

Eligibility: estimation, model products with recorded sales; Blue Bell markets, Blue Bell scanner sales in
May—August 2014; markets without Blue Bell, no Blue Bell scanner sales in May—August 2014 and no
panel purchases (28 are in the estimation sample, and the others take market sizes by the rule of
equation (A.1)); comparison markets, no Blue Bell scanner sales in any month of 2011-2015.

A market-month offers 137 model products on average (Table 2). The average product—
market-month price is $28.58 per gallon, while the volume-weighted average is only $13.47,
because volume is concentrated in low-priced family-size containers and private label, and
many high-priced pints and novelties sell little.

I set the market size of each DM A-retailer to 1.5 times its largest monthly inside volume

through March 2015 and hold it fixed over time (the full-window estimates use the months

2Nielsen masks store brands: retailers’ private-label items are recorded under four generic brand codes
with no characteristic information, so each code is one private-label product with every characteristic indi-
cator equal to zero (Appendix Table A.2).



Table 2: Summary statistics of the estimation sample
Panel A. Coverage, January 2011 to March 2015

Model products 756
DMA-retailer markets 529
DMAs 117
Months 51
Product—market—-months 3,705,958

Panel B. Prices and market—months
Mean 10th pct. Median 90th pct.

Price per gallon ($), product-market-months 28.58 9.94 26.84 50.08
Price per gallon ($), volume-weighted 13.47 7.12 9.97 28.29
Model products per market—month 1374 49 128 233
Inside share of market size 0.403 0.264 0.399 0.556
Panel C. 2014 volume shares by brand group (percent)

Blue Bell

All DMAs  DMAs

Blue Bell 7.8 12.8
Private label 38.4 41.2
Breyers 5.9 5.8
Dreyer’s 5.0 4.1
Premium (Ben & Jerry’s, Hiagen-Dazs) 5.1 4.3
Blue Bunny 2.3 2.8
Other brands 35.4 29.1

Inside share is inside volume divided by the market size.

through 2016). The inside share is then at most two thirds in the largest month, and across
all market-months it averages 0.40 (Table 2). The market size is an assumption about
purchase opportunities, not a count of consumers, and it governs the split between the
category and the outside option, so Section 8 repeats the comparison with a smaller market
size. This choice is not an innocuous normalization: a misspecified market size distorts
estimated preferences and substitution to the outside good, and random coefficients do not
remove the distortion (Zhang, 2026).

The household panel serves two purposes. In estimation, its 2011-2014 purchases supply
the micro moments that the RC models are fit to match (Petrin, 2002; Berry et al., 2004;
Fan and Yang, 2025): how much buying households buy in a year, how this differs for buyers
of products with each characteristic and across three income groups, and, for the group RC,
how purchases concentrate within product groups (Section 4.3). In Section 3, it follows Blue
Bell’s own buyers from 2013 through 2016, in cohorts balanced on the panel roster, so that
a change between two windows is not a change in which households report.

The evaluation covers May through August 2015, the months between the complete recall

and the first return, with the same months of 2014 as the reference. The models are evaluated



on the 1,246 market—months in Blue Bell’s 317 DM A-retailer markets that had Blue Bell
sales in the same month of 2014 and in which every counterfactual solved; all 317 markets

are in the estimation sample. Table 1 maps the samples.

3 The Withdrawal in the Data

The scanner data provide the market-level benchmark against which Section 6 compares
the models: a difference in differences in rival sales growth between Blue Bell’s markets
and markets Blue Bell never served. The household panel follows Blue Bell’s own buyers
through the withdrawal and provides complementary evidence on their purchases, from a

trend-adjusted comparison rather than a direct measure of what the withdrawal did to them.

3.1 The scanner benchmark

The scanner benchmark counts gallons bought by all customers of covered retailers. For a
group d of rival products and a market—-month mt in which Blue Bell sold in the same month

of 2014, the observed removal effect is

o obs obs
Odmt = dmt,2015 — T'd Qdmt,20147 (1)

where both quantities sum over the product—markets that sold in that month of 2014, and
rq is the ratio of the group’s May—August 2015 gallons to its 2014 gallons in the DMA—
retailer markets where Blue Bell never sold. The effect counts the rival gallons gained in
Blue Bell’s markets beyond the change in the same products’ sales elsewhere. I sum it over
the 1,246 market-months of Section 2 and divide by Blue Bell’s gallons in the same months
of 2014. Intervals come from resampling DMAs, with their retailers and months, in Blue
Bell’s markets and in the comparison markets together.

Rival products gained 0.77 gallons for every gallon Blue Bell had sold a year earlier
(Table 3), with a 95 percent interval from 0.54 to 1.01. Private label took 0.40 of these
gallons, about half of the gain, and Dreyer’s took 0.16. Other brands took 0.14, while Breyers,
the two premium pint brands, and Blue Bunny each took about 0.03 or less. Dreyer’s share
of the gain is about twice what allocation in proportion to rival sales in the same market—
months would give it (0.21 against 0.11). Listings that were new in 2015 add another 0.13
gallons, not included in the 0.77, mostly in small brands outside the estimated product set.

Rival sales gains are present in every month of the withdrawal. Rival gains per 2014 Blue
Bell gallon are 0.71, 0.92, 0.77, and 0.73 in May through August (Figure 2), and their mean
weighted by Blue Bell’s 2014 volume is the 0.774 of Table 3.

8



Table 3: Observed rival gains in Blue Bell’s markets, May—August 2015
Gallons per 2014 95 percent Share of

Blue Bell gallon interval the gain
Private label 0.398  [0.176, 0.569] 0.515
Dreyer’s 0.160  [0.119, 0.246] 0.207
Other brands 0.137  [0.088, 0.238] 0.177
Breyers 0.033  [-0.026, 0.059] 0.042
Premium pints 0.031  [0.022, 0.038] 0.040
Blue Bunny 0.014 [-0.009, 0.033] 0.018
All rivals 0.774  [0.544, 1.006] 1.000
Not included above
Listings new in 2015 0.128  [0.068, 0.217]
Placebo, 2013 to 2014 0.123  [-0.019, 0.347]

Premium pints are Ben & Jerry’s and Haagen-Dazs.

Figure 3 places the withdrawal in the longer scanner history. It plots the relative growth
of rival sales in Blue Bell’s markets against the comparison markets, each month against
the same month of 2014, from January 2013 through December 2015. Because each month
is its own reference, 2014 is zero by construction, and the information before the event is
in 2013 and in January to March 2015. Through most of 2013 the relative growth is a few
percent below zero, so rivals in Blue Bell’s markets grew faster into 2014, which is what the
placebo of Table 3 picks up. The relative growth is 9, 4, and 2 percent in January to March
2015, 18 to 19 percent in May to July and 15 percent in August, and about 10 percent in
the months after the first returns. It rises sharply with the complete recall, though it was
already positive in early 2015.

Exposure is Blue Bell’s share of DMA volume in 2014. The gain per Blue Bell gallon is
substantial in every exposure tier and smaller in the high-exposure tier: 0.95 in the low tier,
0.91 in the medium tier, and 0.66 in the high tier (Table 4). The low tier’s interval, from
0.14 to 2.03, is wide, so the ordering is not established.

The effect measures what the recall did to these rivals’ sales under three conditions:

1. without the recall, each destination group’s sales in Blue Bell’s markets would have

grown in the same proportion as in the comparison markets;
2. the recall did not change sales in the comparison markets;
3. the scanner data measure sales in the same way in both sets of markets.

The benchmark is also one event, so its interval describes dispersion across DMAs around

the recall that occurred, not variation across recalls. The same construction applied to
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Figure 2: Rival gains per 2014 Blue Bell gallon by withdrawal month
Equation (1) by month, with the comparison markets’ growth rates pooled over May—August as in Table 3;
311, 308, 313, and 314 of the 1,246 market—months. Shaded band: pointwise 95 percent intervals from 199
DMA block-bootstrap draws.
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Figure 3: Relative growth of rival sales in Blue Bell’'s markets
Growth of matched rival gallons in Blue Bell’s markets over the same month of 2014, relative to the same
growth in the comparison markets, in percent. The May—August 2015 months, shaded, use the
benchmark’s 1,246 market—months; the other months extend the same matching rule to the scanner history,
so their support differs. Band: pointwise 95 percent intervals from 199 DMA block-bootstrap draws.
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Table 4: Observed rival gains by Blue Bell exposure

Low Medium High
Private label 0.368 [-0.318, 1.237]  0.466 [0.229, 0.678] ~ 0.371 [0.288, 0.420]
Dreyer’s 0.365 [0.209, 0.622]  0.176 [0.084, 0.268]  0.103 [0.060, 0.117]
Other brands 0.398 [0.153, 0.931] 0.124 [0.028, 0.265]  0.082 [0.033, 0.102]
Breyers —0.171 [-0.591, —0.013]  0.079 [0.054, 0.106] ~ 0.057 [0.041, 0.063]
Premium pints 0.025 [—0.006, 0.041] 0.032 [0.019, 0.046] 0.032 [0.026, 0.038]
Blue Bunny —0.041 [-0.077, 0.002]  0.033 [-0.002, 0.078]  0.018 [0.012, 0.031]
All rivals 0.946 [0.144, 2.028]  0.910 [0.606, 1.216]  0.664 [0.494, 0.709]
DMAs 35 34 34
Market-months 355 471 420

Gallons gained per 2014 Blue Bell gallon in the 1,246 market—months of Table 3, by Blue Bell's 2014 share
of DMA volume (cutoffs 7.78 and 31.27 percent), with the comparison markets' growth rates of Table 3,
shared across tiers. Brackets: 95 percent intervals from 199 DMA block-bootstrap draws.

2013 and 2014, when nothing was removed, gives 0.12 per Blue Bell gallon, with an interval
from —0.02 to 0.35. Part of the 0.77 may therefore reflect rivals that were already growing
faster in Blue Bell’s markets, a threat to the first condition, and Section 8 scores the models
against the effect net of this placebo. The placebo checks comparability before the recall;
it cannot rule out changes after the recall, such as a scare that moved the whole category,

which Section 6.1 discusses.

3.2 Blue Bell’s buyers during the withdrawal

The household panel shows the same event from the side of Blue Bell’s own buyers. They
replaced a little over half of their former Blue Bell volume with rival products. Net of
the trend of comparable households, they bought 0.555 more gallons of rival products in
the estimation universe for every gallon of Blue Bell they had bought in May—-August 2014
(standard error 0.043; Table 5). So that households are not selected on the purchases that
measure the volume removed, the cohort is the households that bought Blue Bell in 2013
and stayed on the panel roster through 2015; the trend comes from households in the same
DMAs that bought no Blue Bell in 2013 or 2014.3

The households’ gains went disproportionately to mainstream branded tubs. Private

label received 41.6 percent of the net rival increment, slightly less than its share of the same

3Selecting instead on Blue Bell purchases in May—August 2014 gives a lower net retention, 0.475 (standard
error 0.020), from a cohort selected on unusually high baseline purchases (Appendix Table D.1). Counting
all ice cream rather than the estimation products raises the estimate to 0.595, so about 0.04 gallons per Blue
Bell gallon went to products outside the estimated product set, which a model of the estimation products
counts as the outside option. The same construction applied to the year before the recall gives —0.017.
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Table 5: Net retention and allocation among Blue Bell’s buyers

2014
Estimate (SE) basket Ratio

Net retention, estimation products 0.555 (0.043)

Net retention, all ice cream 0.595 (0.046)

Placebo: 2012 buyers, 2013 to 2014 —0.017

Share of the net rival increment, estimation products

Private label 0.416 (0.036) 0.460 0.9
Blue Bunny 0.161(0.019)  0.084 1.9
Breyers 0.094 (0.016)  0.062 1.5
Dreyer’s 0.078(0.015)  0.046 1.7
Ben & Jerry's —0.002 (0.006)  0.024 —0.1
Haagen-Dazs 0.017(0.008)  0.017 1.0
Other brands 0.237(0.028)  0.307 0.8

Standard errors in parentheses (Appendix D gives the bootstrap). The cohort has 5,429 households,
restricted to those that bought ice cream in May—August of 2014 or 2015. The trend § = 0.964 comes from
22,280 households. The 2014 basket is the cohort’s May—August 2014 rival purchases, and the ratio is the
first column over the second. The placebo applies the same construction to the 5,257 households that
bought Blue Bell in 2012, from May—August 2013 to May—August 2014. Across the trend definitions of
Appendix Table D.2, net retention within the estimation products ranges from 0.49 to 0.61.

households’ 2014 rival purchases, and Dreyer’s received 1.7 times its share (Figure 4). The
two premium pint brands together received almost none. These are shares of the cohort’s
own increment, a household allocation rather than the scanner allocation of Section 3.1.
Blue Bell’s buyers were no more likely than comparable households to stop buying ice
cream. Among the cohort households that bought ice cream in May—August 2014, 9.5 percent
bought none in the same months of 2015, against 10.1 percent among comparable households
reweighted to the cohort’s 2014 category volume. The volume that rival purchases did not
replace therefore came mostly from households that kept buying ice cream but bought less:
excess non-purchase accounts for 0.009 gallons (standard error 0.010) of the 0.445 gallons per
Blue Bell gallon that rival purchases did not replace, about 2 percent (Appendix Table D.3).
The two benchmarks measure different objects. The scanner effect counts every rival
gallon gained in Blue Bell’s markets per gallon Blue Bell sold there. The household estimate
counts what Blue Bell’s own buyers bought, net of comparable households, per gallon of
their own Blue Bell purchases, so its level, 0.555, is not an estimate of the same quantity as
the scanner effect’s 0.77. The two agree on the qualitative facts: most of Blue Bell’s volume
went to rival products rather than out of the category, private label took about its share of
rival purchases or a little less, premium pints less than theirs, and Dreyer’s more than its
share. The scanner effect, which covers all buyers at covered retailers, is the benchmark the

models are scored against.
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Figure 4: The net rival increment and 2014 rival purchases among Blue Bell buyers

Cohort and products of Table 5; whiskers are 95 percent intervals, and the 2014 share of other brands has
none.

Together, these facts require a model to capture both substantial retention and the
uneven gains across rivals. Allocation in proportion to rival sales, the logit restriction, gets
private label’s share of the gain about right but gives Dreyer’s about half of its observed
share. Dreyer’s gain also coincides with the largest relative price decline among the rivals
(Section 7), so some of its gain may reflect the price cut rather than substitution at fixed

prices.

4 Demand Models and Estimation

Every model in the comparison has the same economic setup. In each DM A-retailer market
and month, a consumer buys one ice cream product or nothing. A product’s appeal has
a part common to all consumers (its mean utility, which absorbs price, product, market,
and time effects) and, in the richer models, a part that varies across consumers. The models

differ in how they represent substitution between products. Logit ties substitution among the
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remaining products to their shares. Nested logit adds substitution within nests of products.
Random coefficients let consumers who chose the same product differ in their preferences
over its alternatives, and combining random coefficients with nesting allows both. I estimate
every specification on the same products, markets, and months, and compare six of them on

the withdrawal; Table 6 lists them and where they also differ in controls or micro moments.

4.1 Utility and substitution restrictions

Let j index products, m DMA-retailer markets, and ¢ months. Consumer i chooses among
the products available in the market and an outside option, indexed by zero. The utility of

inside product j is vijm: + €ijm¢ and that of the outside option is €;p,,, With

Vijmt = Ojmt + Wijmt, (2)
5jmt = aj +Cm + qbyear(t) + Tmonth(t) + APjmt + fjmtv (3)
7
Mijmt = Z OKTjkVik + ToVio + Vpli Djme
k=1
+ Anial[li € Lonia] + Mnigh1li € Lhign) + Mig()- (4)

Here a; is a product fixed effect, c,, a DMA-retailer fixed effect, and ¢ and 7 are year and
month-of-year fixed effects. The RC model and the nested logits add retailer-by-private-label
fixed effects to 9, which give each chain’s private label its own mean utility; logit, RCNL,
and the group RC do not include these effects. They change the withdrawal scores little
(Section 6.4). The price iS pjme, in dollars per gallon, and &j,,; is the unobserved demand
term, which varies within a product and market over time. The vector z; contains the seven
characteristic indicators: vanilla, chocolate, bulk, low fat, low calorie, assorted, and cookies
or mix-ins. The tastes v, and vy are independent standard normal, so o}, is the dispersion
of the taste for characteristic k and o the dispersion of a common taste for all inside goods
relative to the outside option. In logit and the non-nested RC specifications, the shocks &;jm:
are independent across products and type-1 extreme value conditional on the consumer’s
type. In nested logit and RCNL, they follow the nested extreme-value structure of Grigolon
and Verboven (2014):

Eijmt = Ciglymt + (1 — p) Eijme, (5)
where €;;,: is independent type-I extreme value and the nest component ¢;g,¢, common to
the products of nest g, has the distribution that keeps €;jm: type-I extreme value (Cardell,

1997). The nesting parameter p thus governs the correlation of the shocks within nests,

1 — (1 — p)?, and the outside option forms a singleton nest.
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Income enters through price sensitivity and through the level of utility for inside goods.
The variable [; is the log income of simulated consumer i, drawn as [; = Iy + sgz; from the
mean [; and standard deviation s, of log income in DMA d (Appendix B), with z; standard
normal. Consumer i’s price coefficient is a + 7,l;, so « is its intercept and =, its change
per unit of log income. The shifts A,;q and Ap;gn move the utility of every inside good for
consumers in the middle and high income groups relative to the low group; the sets L4
and Ly;gn, use the same two log-income cutoffs as the household income moments. I use the
two group shifts rather than a log income level because the household income moments are
defined on these three groups: the shifts match the two income-quantity contrasts, while a
log income level would add variation within groups that those moments do not see.

The specifications restrict equation (4) in different ways. Logit and nested logit set
tijmt = 0. The RC model contains the seven characteristic tastes, the inside-good taste,
7p, and the two income shifts. RCNL adds a common nesting parameter p, with the four
PL-pooled groups defined below as its nests. The group RC adds a group-specific random
coefficient 7,4 = 042;4 for each of the same four groups, drawn independently across groups,
and keeps 0.

In logit and the non-nested RC specifications, the choice probability of a consumer of

type ¢ and the market share are

eXp(Uijmt)
14> ke, exp(Vigme)

Pijmt = Sjmt = / Pijmt dF (1), (6)
where 7, is the set of available products and F,, the distribution of types in market m.
Without heterogeneity, the ratio of the probabilities of two remaining products does not
change when a third product disappears. With heterogeneity, the ratio is unchanged within
each type but can change in the market as a whole, because the removed product’s buyers
need not resemble the buyers of other products. A brand withdrawal provides a test of
whether buyers move to remaining products in proportion to their shares or favor some of
them.

For nested logit, let J,,; denote the products in nest g and define the within-nest expo-

nential sum

Digmt = Z exp(vikmt> ) (7)

k‘e\ygmt 1 - p

A consumer’s probability of choosing product j is the probability of choosing its nest
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Table 6: The six specifications compared on the withdrawal

Retailer x

Name Substitution structure PL effects Micro moments
Panel A. Specifications
Logit Proportional to shares No None
NL, PL separate Common p within nests Yes None
NL, PL pooled = Common p within nests Yes None
RC Characteristic and inside-good tastes Yes Base
RCNL RC tastes plus common p, PL-pooled nests No Base
Group RC RC tastes plus a taste for each PL-pooled group No Base and own-group
Panel B. Groups of each grouping
PL separate Mainstream tubs; premium tubs; mainstream novelties; premium

novelties; private label
PL pooled Mainstream tubs and private label; premium tubs; mainstream

novelties; premium novelties

Panel C. In every specification
Fixed effects Product, DMA-retailer, year, and month of year

NL is nested logit and PL private label. Micro moments: the base block has 12 moments and the
own-group block 4 (Section 4.3). The excluded instruments are the characteristic sums, rival counts, and
sugar-price columns of Section 4.3 in every specification except RCNL, which omits the sugar-price
columns; the nested logits and RCNL add the within-nest instruments. Appendix Table B.1 lists the
variants scored in the appendix.

times the probability of choosing j within that nest:

exp(Vijme/(1 = p))  Digt
Digmi 1+ Digt

Pij1g,mt Pigmt

(8)

Pijmt =

The sum D; g, is a computational device for the choice probability, not an additional utility
parameter; (1 — p)log D;gm is the nest’s logsum, the expected maximum utility within the
nest up to a constant, which Section 7 uses for welfare. The outside option is a singleton
nest, and p, with 0 < p < 1, is common to the inside nests. Nested logit and RCNL both
use this conditional formula; RCNL integrates (8) over consumer types, whereas nested logit
has no random tastes.

The groups express hypotheses about which products are close substitutes. I build two
groupings from two attributes measured before the withdrawal: format, which separates
novelties (bars, cones, and sandwiches) from packaged ice cream in cartons, tubs, and pints,
which I call tubs; and price tier, under which a brand—format is premium if its pre-withdrawal

price exceeds $20 per gallon for tubs and $25 for novelties.* Both groupings split tubs and

4Among the tub brand-formats, no pre-withdrawal price lies between $19.11 and $20.64 per gallon, so

16



novelties by tier and differ only in where private label sits, and I name them accordingly.
Private label holds 38 percent of volume, but its similarity to Blue Bell is not captured by
the seven recorded characteristics. The two groupings allow this similarity to be represented
differently. The PL-separate grouping gives private label a group of its own. The PL-pooled
grouping places private label in the group of mainstream tubs. Table 6 lists the groups of
each grouping and every specification by name; the nested logits use these groups as nests,
and a variant of the PL-separate grouping that keeps the novelties in one nest is reported
in Appendix B. Blue Bell’s volume is concentrated in mainstream tubs (89 percent of its
May—August 2014 gallons in its markets), so the groupings differ mainly in whether private
label shares Blue Bell’s group. RCNL and the group RC use the PL-pooled groups, and each
product keeps its group in the counterfactuals. Because RCNL uses the same nests, its result
is not independent evidence for the grouping, and the PL-separate nested logit provides the
comparison in which private label forms its own nest.

The grouping’s two dimensions follow how the industry describes the category, by format
and price tier (U.S. Department of Agriculture, Agricultural Marketing Service, 2003; Federal
Trade Commission, 2003; Kennedy, 2013; Draganska et al., 2009; Sullivan, 2020).% Placing
private label among the mainstream tubs is my classification, based on its price, not an
industry label. It is consistent with evidence that retailers position store brands against
the leading national brand, with which they compete most closely in categories where store-
brand quality is high (Sayman et al., 2002). No grouping singles out a brand, and every
grouping is defined from pre-withdrawal prices and formats.

The group RC uses the same product groups but represents their similarity through
persistent group tastes rather than a shared within-period shock. In the group RC,

Nig = OgZig, zZi ~ N(Oa ])7 (9)

so each group has its own dispersion of tastes, where RCNL imposes one p on its nests.
Although the group components are independent, a consumer’s utilities for products in
different groups stay correlated through the characteristic and inside-good tastes they share,
because products carry several characteristics at once and a characteristic appears in several

groups.

any cutoff in that range gives the same groups. Novelty prices are dense around $25, so that cutoff is a round
number rather than a break in the price distribution.

SGovernment purchase specifications distinguish economy, standard, premium, and superpremium ice
cream (U.S. Department of Agriculture, Agricultural Marketing Service, 2003), antitrust practice separates
superpremium from premium and economy ice cream (Federal Trade Commission, 2003), earlier studies of
the industry use similar tiers (Draganska et al., 2009; Sullivan, 2020), and syndicated retail data report
ice cream and frozen novelties as separate categories (Kennedy, 2013). My two tiers aggregate these finer
segments by price.
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4.2 Substitution after a whole-brand removal

The withdrawal poses two questions, and each specification answers them differently. Let
B be the set of Blue Bell products, sz their combined share, and sy the outside share in a
market. Removal diversion to a destination k is the increase in k’s quantity per unit of Blue

Bell’s lost quantity, holding prices and the other products’ mean utilities fixed:

(T \ B) — au(T)
ZjEB CIj<~7) .

Dg,k = (10)
Retention is its sum over the inside destinations, measured per unit of Blue Bell’s lost
quantity. Allocation is each destination’s share of the demand retained by inside products,
Df ./ Yw Dg . Section 6.1 normalizes the removal effects by Blue Bell’s 2014 gallons.

In logit, the removed products’ demand is reallocated in proportion to the remaining

shares:
S0

S
Dg,k:ﬁ> Rp=1-—

(11)

Retention is fixed by the outside share and allocation by the destinations’ market shares,

1—53'

and neither depends on who bought Blue Bell. Logit leaves no room for the identity of Blue
Bell’s buyers to shape where their demand goes.

In nested logit, the products that remain in a nest that loses Blue Bell products gain
proportionally more than products in other nests. Let sz, be the removed products’ share
of nest g and s, the nest’s share, with sz, = 0 for nests without Blue Bell products. A

remaining product k in nest g(k) gains by the factor

/ 1— -
zz _ ( SBAIg(k)> ’ A=1-Y s, {1 - (1 — 33|g)1 p], (12)

g

and the outside share rises to sg/A. With p = 0 every remaining product gains by the
factor 1/(1 — sg), the logit case. As p approaches one, A approaches one and the removed
demand stays within its nests. Because the outside option is a singleton nest, a larger p
raises retention as well as concentrating allocation within nests: nested logit ties the two
margins to one parameter.

In the non-nested RC specifications, removal diversion averages individual logit diversion
over consumers, weighting each consumer by its probability of buying Blue Bell. Writing
Pis =3 ;e bij,

_ | Pis Pi/(1 — Pg) dF(d)

Dg, = =1
B.k fPZB dF(Z) ’ RB

[ Pis Po/(1 — Pp) dF'(3)
| Pig dF (i)

(13)
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The weights select Blue Bell’s buyers. Dispersion in the inside-good taste is one channel
through which this selection raises retention: consumers with a high taste ogr;9 have a small
outside probability P;y, and Blue Bell’s buyers are selected toward them. Tastes for charac-
teristics direct the retained volume toward products that share Blue Bell’s characteristics,
and the income terms move both margins through price sensitivity and the level of utility of
inside goods. Two RC specifications with the same market shares can hence differ on both
margins, depending on how their estimated tastes describe the consumers who chose Blue
Bell. Group-specific random coefficients add a persistent taste for each product group, so
Blue Bell’s buyers are selected on their group tastes and their characteristic tastes jointly,

and a dispersed taste for Blue Bell’s group keeps its buyers within that group when it leaves.

4.3 Identification and micro moments

Prices are endogenous, so I instrument for price. The excluded instruments, in the spirit of
Berry et al. (1995), are the sums of the characteristics of the firm’s other products and of rival
products in the market, the number of rival brands, and the cane sugar price and its inter-
actions with the vanilla, chocolate, and cookies indicators. The nested logits and RCNL add
the within-nest instruments, the counts and characteristic sums of the products in the same
nest (Berry, 1994; Verboven, 1996). RCNL omits the sugar-price instruments, with which
its implied elasticities lie well outside the range of the other specifications (Appendix B).
These instruments are valid if, after the fixed effects, sugar prices and the characteristics and
availability of rival products are unrelated to the unobserved demand term. All parameters
are estimated jointly. The price coefficient « is identified by price variation within products
and markets over time, after the fixed effects, using these instruments; the micro moments
discipline the taste distribution and add information that does not rely on the excluded
instruments, which matters because weak instruments can make the estimated nonlinear
parameters unreliable (Conlon and Gortmaker, 2020; Gandhi and Houde, 2020).

The micro moments describe annual purchases of the Homescan households of 2011
through 2014. Most are conditional annual quantities: the mean number of gallons bought
in a year by the households that buy a given set of products, in gallons per household-year.
A household counts as a buyer of a set when it buys at least one gallon of it in the year;
in the model, each simulated consumer chooses once a month, and the annual moments are
built from its twelve monthly choice probabilities (Appendix D). The moments fall into three
blocks, and each carries different information about the consumers behind aggregate shares.

The base block, targeted by every RC specification, has 12 moments and follows Fan

and Yang (2025). Eight are conditional annual quantities: the mean annual quantity of the
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households that buy ice cream in the year, and the mean annual quantity of the products
with each of the seven characteristics among the households that buy such products. Per-
sistent taste heterogeneity concentrates repeated purchases among households with stronger
preferences for a characteristic. Conditional annual quantities therefore provide information
about taste dispersion beyond aggregate shares: characteristic-specific quantities inform the
corresponding tastes, and total ice cream purchases among buyers inform the inside-good
taste. The other four, similar to those of Petrin (2002), are the differences between the
middle or high and the low income group in quantity and in the price paid: the price dif-
ferences discipline 7,, and the quantity differences the income shifts defined on the same
three groups. The inside-good standard deviation needs this information: with market fixed
effects, unobserved heterogeneity in the preference for the outside good is not identified from
aggregate shares alone (Conlon and Gortmaker, 2025), and it governs substitution to the
outside good (Conlon and Mortimer, 2021). Through equation (13), the inside-good and
characteristic tastes set how strongly Blue Bell’s buyers are selected toward the category,
the channel through which the RC specifications can raise retention. The eight income-group
contrasts, targeted only by the demographic extension, are the differences between income
groups in the volume shares of premium products, novelties, and private label and in the
price paid.

The four own-group moments are the annual purchases within a group among the house-
holds that buy the group, the group counterpart of the conditional quantities above; the
group RC targets them on its PL-pooled groups. They measure how persistently house-
holds return to a group over the months of a year. Persistent group and category tastes can
generate correlation across purchases; a nest shock redrawn independently each month does
not itself generate persistence. Moments of this kind, which relate the products a consumer
chooses on different occasions with tastes fixed across occasions and choice shocks drawn
anew, are the consumer-panel moments that Berry and Haile (2021) describe. They disci-
pline the group standard deviations of the group RC directly, and a dispersed taste for Blue
Bell’s group would keep its buyers within that group when it leaves. RCNL does not target
them: its nesting parameter is determined by the scanner moments with the within-nest
instruments together with the base micro moments, and first-choice demographic moments

carry little information about nesting (Conlon and Gortmaker, 2025).
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4.4 Estimation

Let n be the number of product-market-month observations, Zj,,; the instruments, H(f)

the model’s micro moments, and H their observed values, and define

Z jrmtmt (0 d(0) = H(0) — H. (14)

jmt

The estimator minimizes

Q(0) = ng(0)'Sx"g(0) + d(0) Vs, d(0), (15)

which is two-step GMM. S, is the covariance of Z¢, clustered two ways by product and
by DMA, evaluated at a first-step estimate and held fixed during optimization; Vj, is the
covariance of the micro-moment targets across whole-household bootstrap resamples (Ap-
pendix B). The scanner and household blocks come from separate samples and are treated

as independent.

5 Demand Estimates

Table 7 reports the estimated price sensitivity, taste dispersion, and nesting parameters.
I use these estimates to interpret the models’ retention and allocation predictions below.
Appendix Tables B.2 and B.3 report the nested logit with novelties in one nest, the RC
without retailer-by-private-label effects, the demographic extension, and the estimates on
the longer 2011-2016 window.

The two nested logits have nesting parameters of 0.77 (PL separate) and 0.82 (PL pooled)
and nearly the same price coefficient. Each is estimated with its own nests and within-nest
instruments, but their similar price sensitivity and strength of nesting make the composition
of the nests a useful explanation of the differences between them.

The RC specifications differ most in the dispersion of the taste for the category as a
whole. The inside-good standard deviation is 0.92 in the RC model, with or without the
retailer-by-private-label effects, and 0.98 in the demographic extension. In RCNL it is 1.19
(standard error 0.07), and in the group RC it is 0.02 (standard error 1.47). Its scale is
that of the type-I extreme-value shock, whose standard deviation is 7/v/6 ~ 1.28, so in
the RC model the persistent category taste varies across consumers about seven tenths as
much as the idiosyncratic shock of a single choice. Dispersion in the category taste can
raise retention by selecting Blue Bell buyers who also value the remaining inside products;

Section 6.3 examines how strongly this selection operates at the estimated parameters.
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Table 7: Demand estimates of the six specifications

NL, NL,
Logit PL separate PL pooled RC RCNL Group RC
Price
Price coefficient, —0.211 —0.098 —0.093 —0.479 —0.233 —0.443
(0.013) (0.007) (0.006) (0.034) (0.022) (0.035)
Price x log income, ~y, . . - 0.0126 0.0085 0.0132
(0.0026) (0.0020)  (0.0025)
Substitution structure
Nesting parameter, p 0.769 0.823 0.718
(0.013) (0.013) (0.028)
Inside-good SD, o¢ . 0.925 1.194 0.018
(0.084) (0.072) (1.468)
Mainstream tubs and PL SD . . 0.033
(2.265)
Premium tubs SD 0.043
(0.933)
Mainstream novelties SD 0.563
(0.169)
Premium novelties SD 0.095
(0.748)
Characteristic tastes
Vanilla SD 0.657 0.204 0.483
(0.038) (0.027) (0.092)
Chocolate SD 0.775 0.269 0.719
(0.030) (0.026) (0.070)
Bulk SD 0.911 0.374 0.903
(0.029) (0.035) (0.214)
Low-fat SD 0.852 0.251 0.691
(0.140) (0.089) (0.201)
Low-calorie SD 0.830 0.302 0.663
(0.050) (0.036) (0.162)
Assorted SD 0.017 0.003 0.054
(2.153) (1.705) (7.313)
Cookies / mix-ins SD 0.084 0.014 0.053
(7.296) (3.295) (9.513)
Income shifts
Middle income, Aniq 0.031 0.232 —0.123
(0.063) (0.044) (0.266)
High income, Anign —0.560 —0.490 —0.369
(0.069) (0.055) (0.456)
Own-price elasticity, gallon-weighted median —1.87 —3.41 —4.51 —-2.99 —4.20 —2.64
Fized effects
Product, DMA-retailer, year, month Yes Yes Yes Yes Yes Yes
Retailer x private label No Yes Yes Yes No No
Base and
Base and  Base and within-nest,
Instruments Base within-nest within-nest Base no sugar prices Base
. Base and
Micro moments None None None Base Base own-group
Product-market—months 3,705,958
Households 84,609 84,609 84,609

Standard errors in parentheses: clustered by DMA (117 clusters) for logit and the nested logits, GMM
standard errors for the RC specifications. Units: a per dollar per gallon, the intercept of the RC price
coefficient; vy, per unit of log income; income shifts relative to the low income group. A dot marks an
excluded parameter. Sanderson—Windmeijer first-stage F' statistics for price and within-nest share: 363
and 362 (PL separate), 357 and 275 (PL pooled). Elasticities cover rival product-market-months of

May—-August 2014.
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The RC model places substantial taste dispersion on five of the seven characteristics,
vanilla, chocolate, bulk, low fat, and low calorie. For assorted products and cookies or
mix-ins the standard deviations are estimated near zero but imprecisely.

RCNL combines a nesting parameter of 0.72 (standard error 0.03) with category and
characteristic tastes. Its characteristic tastes also shape allocation within nests. Its raw
characteristic standard deviations are not comparable with the RC model’s. Choice within a
nest depends on v;;m¢ /(1 —p) (equation (8)), so within a nest a taste with standard deviation
o acts like one with standard deviation o/(1—p) in the RC model, and at the estimated p the
factor 1/(1 — p) is 3.55. On that scale RCNL’s characteristic tastes within a nest are about
as dispersed as the RC model’s or slightly more; bulk, for example, has a scaled standard
deviation of 1.33 against 0.91.° Across nests and toward the outside option, where the scale
is that of the full extreme-value shock, its standard deviations for the five characteristics
that carry dispersion in the RC model are 0.20 to 0.37, and those for assorted products and
cookies or mix-ins are estimated near zero.

The group RC’s estimated dispersion is concentrated on one group, mainstream novelties,
with a standard deviation of 0.56 (standard error 0.17). For the group that holds Blue Bell’s
mainstream tubs and private label it is estimated near zero but imprecisely, at 0.03, as are
the standard deviations of the two premium groups. For the five characteristics that carry
dispersion, its standard deviations lie between 0.48 and 0.90, below the RC model’s except
for bulk, which is about the same.

Income moves both price sensitivity and the taste for the category. The interaction -+,
is positive in every specification, between 0.008 and 0.013 per unit of log income, so higher-
income consumers respond less to price. It is 0.013 (standard error 0.003) in both the main
RC and the group RC, and 0.008 (0.002) in RCNL. In the RC model the middle-income shift
is close to zero and the high-income shift is —0.56 (standard error 0.07); in RCNL they are
0.23 (0.04) and —0.49 (0.05). The high-income shift is negative: at a given price it lowers
the utility of inside goods for high-income households, while their smaller price sensitivity
raises it. In the group RC both income shifts are imprecisely estimated (standard errors 0.27
and 0.46).

Adding the income-group contrasts changes the key parameters little; estimating on the
window through 2016, which includes the withdrawal and the return, changes some of them,
such as the RC model’s inside-good standard deviation, from 0.92 to 1.07 (Appendix Ta-
ble B.3).

In the RC specifications, the price coefficient rises with income but remains negative for

5The scaled standard deviations are 0.72 for vanilla, 0.96 for chocolate, 0.89 for low fat, and 1.07 for low
calorie, against 0.66, 0.78, 0.85, and 0.83 in the RC model.
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every simulated consumer. The gallon-weighted median own-price elasticity over the rival
products of May—August 2014 is —3.0 in the main RC, against —1.9 in logit. On the same
four nests the nested logit, with p of 0.82, has an elasticity of —4.5, and RCNL, with p
of 0.72, one of —4.2. A product that raises its price sends most of its lost sales to other
inside products, mainly those in its own nest, and only 0.13 of them to the outside option
in RCNL and 0.10 in the PL-pooled nested logit, against 0.41 in the RC model (Appendix
Table E.1). This outside share of a marginal price response should not be read as outside
diversion from removing the whole brand; RCNL’s withdrawal retention is 0.73 (Section 6.2).
The outside share is the marginal response to one product’s price with its nest intact, and
the lost sales go mostly to the other products of the nest, Blue Bell’s own among them.
The withdrawal removes every Blue Bell product at once, and by equation (12) the share of
removed demand that leaves the nest rises with the removed products’ share of their nest.
The price response and the withdrawal also weight consumers differently: the price response
depends on consumers near the margin of switching, and the removal response on all of Blue
Bell’s buyers (Conlon and Mortimer, 2021).

Appendix D reports the available micro-moment fits.

6 Predictive Performance

6.1 Evaluation design

The comparison evaluates substitution at the observed 2015 rival prices and sales. For each
DMA-retailer market and month of May—August 2015, I invert each model’s demand system
to recover rival mean utilities that reproduce observed sales without Blue Bell (Berry et al.,
1995). I then return Blue Bell at its forecast mean utility and its last first-quarter 2015
price. The gallons its presence would have taken from a group d of rivals are the model’s

removal effect,

Mt = Z(quift — Gjmt (gmh SB,mt; jmt))a (16)

j€d

where Smt are the rivals’ recovered mean utilities and gg,mt Blue Bell’s forecast utility, which
carries forward its product, market, and time effects and its local demand in the months
before the complete withdrawal under the same rule for every model (Appendix C gives
the rule). Every rival keeps its observed 2015 price, so no model is asked to predict how
prices responded to the withdrawal, and whatever else changed in a market after the recall
sits in the rivals’ recovered utilities and stays there when Blue Bell returns. The evaluation

therefore asks a conditional question: given the rival products as consumers found them
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in the summer of 2015, at the prices and with the appeal they had, how would sales have
divided had Blue Bell also been on the shelf at its last pre-recall price? The answer is
removal diversion evaluated at the fixed 2015 market state, in the sense of Conlon and
Mortimer (2021). Raval et al. (2022) also evaluate removal predictions, for hospital closures
with the remaining hospitals as they were. It is not an equilibrium counterfactual in which
rivals reprice: how rival prices responded to the withdrawal is a supply-side question, tested
separately in Section 7, and the sales generated by that price response are part of the second
term of equation (18).

A removal effect is the product of how much Blue Bell volume the model has in the
market—-month and where that volume goes. I rescale each market—-month’s effect to its 2014

same-month Blue Bell gallons V,,;,

Vin
Mgmt = Mdmt ?ta (17)

mt
where B, is the model’s Blue Bell gallons with Blue Bell present, so that market-months
have the same volume weights across models and differences in forecast Blue Bell volume do
not mechanically scale the removal effects. The rescaling leaves Blue Bell’s utility, and with
it where its demand goes in the nested and random-coefficient models, as it was.

Products never sold anywhere by March 2015, new listings among them, and products
whose 2015 price fails the checks of Appendix C are held at their observed gallons, 2.2 percent
of rival gallons in Blue Bell’s markets (Appendix Table C.1). Only the scored products and
the outside option respond to Blue Bell’s return; the other products remain at their observed
quantities.

The observed change in rival sales may also reflect changes the recall caused in prices,
promotions, or tastes. Let gr(A, x) be the sales of a group of rivals when Blue Bell is available
(A =1)ornot (A=0)and the rest of the market is in state x, which collects prices, displays,
promotions, assortment, and tastes. With x; the state in 2015 and x( the state 2015 would

have had without the recall,

4r(0,21) = qr(1,20) = [gr(0,21) = gr(1,21)| + |gr(1,21) — gr(1,20)|.  (18)

The observed effect of Section 3.1 estimates the left side, and the design predicts the first
term on the right, the effect of Blue Bell’s absence in the 2015 market. The second term, the
change in rival sales that the recall caused through other channels, moves the benchmark
for every model alike; Section 3 examines pre-recall comparability and gives the household

evidence, Section 7 documents the rival price changes, and Appendix F evaluates how a
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price-induced sales gain would alter the comparison.

Model and observed effects are computed on the same product—-markets, those that sold
in the same month of 2014, grouped into six destinations for every model, Blue Bunny,
private label, Breyers, Dreyer’s, premium pints (Ben & Jerry’s and Haagen-Dazs), and other
brands, and summed over the 1,246 market—-months R of Section 2:

my = theR Mc{llmt’ 0g = theR Odmt’ (19)
2mter Vit 2mter Vit
where Oy, is the observed effect of equation (1). The retention gap 7" asks whether the
model keeps the right amount of Blue Bell’s demand with the rivals, the allocation error C
whether it sends the retained demand to the right rivals, and the misplaced share L combines
the two:

T:;md—gw, (20)

1

mq Oq
C=- -
2 %: dkME 2 Ok

L= ;(zdjymd—od| + |T|>. (22)

, (21)

The retention gap is the model’s rival gain minus the observed one, per 2014 Blue Bell gallon,
negative when the model’s rivals gain less than the observed ones. The allocation error is
the share of the rival gain assigned to the wrong rivals. The misplaced share combines errors
across the six rival destinations with the error in the remaining share not accounted for
by those destinations. In the model this remainder is the outside option; in the observed
benchmark it also includes gains to unscored products and errors in the estimated trend.
When both vectors are nonnegative and sum to one, the score is the smallest share of
Blue Bell’s volume that must be reassigned to reconcile the model’s allocation with the
observed one (Appendix C works through an example). Smaller is better for all three, for
the retention gap in absolute value. The scores compare gains pooled across market—months,
so overprediction in one market—month can offset underprediction in another (Appendix C).
Intervals come from a block bootstrap over DMAs with the parameter estimates held fixed,
so they reflect the sampling of markets and not estimation error, with 199 draws for intervals,
399 for paired comparisons, and 499 for the smaller market size of Section 8. The draws are
common to all models, so comparisons between models are paired, and the DMAs share one
recall, so the intervals describe the dispersion of the evaluation panel around the recall that

occurred, not variation across recalls.

26



6.2 Retention and allocation

The two margins rank the models differently. The nested specifications come closer to the
observed retention, but nesting alone does not improve allocation: logit, the RC model, and
the group RC allocate their smaller retained volumes about as accurately as the PL-pooled
nested logit (Table 8 and Figure 5). On retention, the nested specifications keep most of Blue
Bell’s demand with the rivals: the PL-pooled nested logit keeps 0.74 gallons of rival sales per
2014 Blue Bell gallon against 0.77 observed, RCNL 0.73, and the PL-separate nested logit
0.62. Logit, the RC model, and the group RC keep 0.42 to 0.46, about 0.3 gallons less than
the observed retention.

On allocation, the PL-pooled nested logit gives private label 0.43 gallons per Blue Bell
gallon against 0.40 observed, and its allocation error, 0.12, is in the range of logit’s, the RC
model’s, and the group RC’s, 0.11 to 0.13. RCNL’s allocation error, 0.09, is the lowest of the
six, although it is lower than those of logit, the RC model, and the group RC in only 75 to
87 percent of paired draws. The PL-separate nested logit allocates the retained demand less
accurately, with an allocation error of 0.33: it closely matches Dreyer’s gain (0.16 against
0.16 observed) but substantially underpredicts private label’s gain and overpredicts Breyers’;
the PL-pooled nested logit improves the joint allocation while still underpredicting Dreyer’s.

On the combined score, the two specifications with PL-pooled nests have the lowest
misplaced shares, about a tenth of Blue Bell’s volume, 0.101 for the nested logit and 0.104
for RCNL, against 0.29 to 0.35 for the other four, and they are the two models close on both
margins. The nested specifications’ advantage on retention is clear: each comes closer to
the observed retention than logit, the RC model, and the group RC in 96 to 99 percent of
paired draws. On allocation alone, the paired comparisons do not establish a clear ranking
of the PL-pooled nested logit, logit, the RC model, and the group RC (Appendix Table C.4).
The uncertainty in the combined ranking comes mainly from the observed retention, whose
interval runs from 0.54 to 1.01. The paired difference in the misplaced share between the
PL-pooled and the PL-separate nested logit is —0.19, with a 95 percent interval from —0.27
to 0.13, and in draws where the observed retention is low the PL-separate nested logit comes
closer on the level. Each of the two PL-pooled specifications has a lower misplaced share
than each of the other four in 93 to 96 percent of paired draws, and the nested logit is lower
than RCNL in 54 percent; these frequencies describe pairwise rankings under resampling of
this event’s DMAs.

Figure 6 adds the two destinations that Table 8 leaves out, premium pints and other
brands, and shows why getting retention right does not settle where the demand goes. The
PL-separate nested logit sends more than the other models to the branded tubs that share

Blue Bell’s nest in its grouping, which matches Dreyer’s gain but overpredicts those of Breyers
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Table 8: Retention and allocation during the withdrawal

NL, NL,

Observed Logit PL separate PL pooled RC RCNL  Group RC

A. Gallons gained per 2014 Blue Bell gallon
All rivals (retention) 0.774 0.424 0.619 0.742 0.463 0.735 0.443
[0.544, 1.006] [0.399, 0.446] [0.581, 0.648] [0.686, 0.766] [0.439, 0.483] [0.690, 0.754] [0.415, 0.467]
Private label 0.398 0.216 0.117 0.427 0.220 0.361 0.208
[0.176, 0.569] [0.198, 0.229] [0.096, 0.129] [0.388, 0.449] [0.201, 0.235] [0.329, 0.381] [0.190, 0.221]
Blue Bunny 0.014 0.014 0.040 0.027 0.017 0.030 0.016
[—0.009, 0.033] [0.009, 0.022] [0.027, 0.063] [0.018, 0.039] [0.012, 0.026] [0.021, 0.045] [0.011, 0.026]
Breyers 0.033 0.032 0.115 0.062 0.039 0.081 0.039
[~0.026, 0.059] [0.030, 0.035] [0.106, 0.128] [0.057, 0.067] [0.036, 0.044] [0.075, 0.087] [0.036, 0.043)]
Dreyer’s 0.160 0.045 0.159 0.093 0.053 0.111 0.053
[0.119, 0.246] [0.038, 0.054] [0.133, 0.187] [0.078, 0.108] [0.046, 0.064] [0.093, 0.127] [0.045, 0.064]

B. Errors

Retention gap (model minus observed) . —0.350 —0.155 —0.032 —0.311 —0.040 —0.331
Allocation error (share of the rival gain) . 0.106 0.329 0.118 0.131 0.091 0.134
Misplaced share of Blue Bell's volume . 0.350 0.291 0.101 0.322 0.104 0.340

Evaluation design of Section 6.1 on the 1,246 market—months with 2014 Blue Bell sales. Gallons gained per
2014 Blue Bell gallon, with 95 percent DMA-bootstrap intervals in brackets; Figure 6 adds premium pints

and other brands. The three scores are equations (20) to (22).
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Figure 5: Retention and allocation of the six specifications

Vertical axis: rival gallons gained per 2014 Blue Bell gallon; horizontal axis: the allocation error of

equation (21); bars and the shaded band are 95 percent DMA-bootstrap intervals, and the observed point

has an allocation error of zero by construction.
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and Blue Bunny, and too little to private label. RCNL and the PL-pooled nested logit retain
about the same amount and divide it slightly differently: RCNL sends less to private label,
0.36 gallons per Blue Bell gallon against 0.43 (0.40 observed), and more to Dreyer’s, Breyers,
and other brands, so it comes closer on Dreyer’s and other brands and less close on private
label and Breyers. Logit, the RC model, and the group RC send about half of what they
retain to private label, close to the observed share, and about a fifth to other brands, so
they are competitive on conditional allocation. Their error is in the level: they give private
label, Dreyer’s, and other brands less than the observed gains, Dreyer’s furthest below in
proportion, and come close on the three small destinations. Premium pints gained little in

the data and gain little in every model.

Observed Il Model
Logit NL, PL separate NL, PL pooled

Blue Bunny

Private label 1
Breyers 1
Dreyer's 1

Premium pints 1

Other brands 1

RC RCNL Group RC

Blue Bunny

Private label 1
Breyers 1
Dreyer's 1

Premium pints 1

Other brands 1

0.0 0.2 0.4 0.6 0.0 0.2 0.4 0.6 0.0 0.2 0.4 0.6
Gallons gained per 2014 Blue Bell gallon

Figure 6: Gallons gained by destination

Rival gallons gained per 2014 Blue Bell gallon by destination during the withdrawal, evaluation design of
Section 6.1 on the 1,246 market—months. Gray: observed; black: model; lines: 95 percent DMA-bootstrap
intervals. Premium pints are Ben & Jerry’s and Héagen-Dazs.

6.3 Interpreting the prediction errors

Logit’s retention is set by the outside share. By equation (11), the share of Blue Bell’s

demand that stays inside is 1 — so/(1 — sg), one minus the outside share of the market
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without Blue Bell, which in the evaluation design is the observed 2015 market. The logit
prediction is thus the IIA restriction evaluated at the chosen market size, and it depends on
nothing the model estimates; Section 8 examines sensitivity to a smaller market size. Logit’s
allocation is proportional to the rivals’ sales in each market—month, which gives private label
about the half of the gain it took and Dreyer’s about half of its share of the gain (0.11 against
0.21).

The RC model can keep more only through the selection of Blue Bell’s buyers. By
equation (13), its retention exceeds logit’s to the extent that the consumers who bought
Blue Bell have smaller outside probabilities than those who did not. Two estimated tastes
produce that selection: the inside-good taste, which raises the utility of every inside product
for some consumers, and the characteristic tastes, which raise the utility of products with
Blue Bell’s characteristics. At the estimated parameters the RC model retains only 0.04
more than logit: the category taste makes a consumer’s utilities for inside products positively
dependent, but the resulting selection of Blue Bell’s buyers leaves it far short of the observed
retention. As a description of that dependence, the inside-good taste (og = 0.92) gives two
inside products a utility correlation of about 0.34, whereas two products in the same nest of
a nested logit have a correlation above 0.94.” The correlations describe the dependence each
model allows; they do not decompose the difference in retention.

The nested logits keep demand inside through the nest. By equation (12), with p near
0.8 most of Blue Bell’s demand stays among the products of its own nest, so retention is high
in both groupings, and allocation follows which products share Blue Bell’s nest. In the PL-
separate grouping, Blue Bell’s mainstream-tub nest contains the branded mainstream tubs
and not private label, so the model sends the retained demand to Breyers, Dreyer’s, and Blue
Bunny and gives private label about a fifth. In the PL-pooled grouping, private label is in
that nest and receives about the share it took. The two groupings differ only in where private
label sits. The PL-separate grouping and its variant with novelties in one nest give nearly
the same misplaced shares, 0.291 and 0.287 (Tables 8 and 9), so the novelty split makes little
difference to the PL-separate specification’s combined error. The PL-pooled grouping allows
strong substitution between Blue Bell and private label without requiring them to share

recorded characteristics. This matters because Nielsen masks private-label characteristics

"With an inside-good standard deviation of 0.92 and type-1 extreme-value shocks of variance 72/6, two
inside products with no characteristic that carries a random taste have a utility correlation of 0.922/(0.922 4
72/6) = 0.34 (Train, 2009, Section 6.3). Two vanilla products in bulk containers, which also share the vanilla
and bulk tastes, have about 0.56, and the income terms add little; a product with further characteristics has
a larger utility variance and a lower correlation with the other. In a nested logit, by equation (5), the nest
component has variance [1 —(1— p)2]7r2 /6, which is the covariance of the shocks of two products in the
same nest, so their correlation is 1 — (1 — p)? (Galichon, 2022, Proposition 1), 0.95 to 0.97 at the estimated
nesting parameters. A correlation of 0.95 would need o¢ of about 5.6.
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(Section 2), so private-label products carry none of the seven in the estimation data, and
random tastes for those characteristics cannot directly represent their similarity to Blue Bell,
although the category taste and the income terms can still link their demands. Removing
the whole brand also removes Blue Bell products that would otherwise substitute for one
another. In nested logit, equation (12) shows that a larger removed share of the nest sends
more demand outside it; the same expression applies within each consumer type in RCNL
(Section 5).

The grouping also moves retention. For a given Blue Bell share and nesting parameter, a
larger nest around Blue Bell lowers the outside option’s gain from the removal, because more
of the demand that leaves Blue Bell finds a close substitute within its nest (Appendix B
derives this from equation (12)). Adding private label, about half of rival sales, to Blue
Bell’s nest is consistent with the PL-pooled nested logit keeping 0.74 against 0.62 for the
PL-separate one, whose nesting parameter is also lower (0.77 against 0.82).

With the same PL-pooled nests, RCNL and the nested logit perform similarly on both
margins. RCNL keeps 0.73 against the nested logit’s 0.74, and the nested logit is closer
to the observed retention in 63 percent of paired draws; RCNL’s allocation error is 0.09
against 0.12, lower in 67 percent; and their misplaced shares are nearly equal, 0.104 and
0.101. Characteristic tastes allow RCNL to favor products that share Blue Bell’s recorded
attributes, which private label lacks in the data. This is one possible explanation for its
smaller predicted gain for private label, but the comparison does not isolate that channel.

The group RC asks whether the same groups without nesting reproduce the nested mod-
els’ high retention. At the estimated parameters they do not: the standard deviation of
the taste for Blue Bell’s group is 0.03, imprecisely estimated, and retention is 0.44, close to
the RC model’s. Group random coefficients represent persistent differences in tastes for a
group, which act on purchases over the whole year as well as on diversion after a product
disappears, whereas the nest adds a shock shared by the products of a group within a single

choice. Using the same groups therefore does not make the two specifications equivalent.

6.4 Specification comparisons

Table 9 compares specifications in two ways. Panel A compares specifications with and
without additional mean-utility controls or micro moments, keeping the other specification
choices unchanged. Holding the nonlinear parameters fixed, removing the retailer-by-private-
label effects from the RC model changes the removal predictions by at most 0.002. Because
rival mean utilities are recovered from observed sales, a mean-utility control can affect this

comparison only through Blue Bell’s forecast utility when the nonlinear parameters are held
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fixed. When the RC model is re-estimated without these effects (Appendix Table B.3), its
nonlinear parameters change little, apart from two imprecise standard deviations. The other
two matched comparisons, the eight income-group contrasts of the demographic extension,
which is re-estimated, and retailer-by-private-label effects added to the year-effects design of
the nested logit with novelties in one nest, also move the allocation error and the retention

gap by at most 0.002 and the misplaced share by at most 0.001.

Table 9: Specification comparisons and predictive performance

Misplaced Misplaced Change in Change in Spec.

share, share,  allocation ~ absolute  better,
Specification vs Also differs in spec. comp. error  retention gap share

comparator

A. Matched comparisons: controls or micro moments added

RC vs RC without retailer Nothing else 0.322 0.323 0.001 —0.001 0.99
x PL effects

RC, demographic, vs RC  Nothing else 0.321 0.322 —0.002 0.000 0.72
NL, PL separate, novelties Nothing else 0.287 0.288 —0.002 0.001

in one nest, vs the same
with year effects only

B. Comparisons of estimated specifications

RCNL vs NL, PL pooled  Random tastes, 0.104 0.101 —0.028 0.008 0.46
micro moments, no
sugar-price
instruments, retailer

x PL effects
RCNL vs RC without Nests, within-nest 0.104 0.323 —0.040 —0.273 0.95
retailer x PL effects instruments, no

sugar-price

instruments
Group RC vs RC without Group tastes, 0.340 0.323 0.003 0.019 0.01
retailer x PL effects own-group micro

moments
NL, PL pooled vs NL, PL.  Grouping, 0.101 0.287 —0.205 —0.126 0.93
separate, novelties in one  within-nest
nest instruments

Evaluation design of Section 6.1. The misplaced share and the allocation error are shares; the change in the
absolute retention gap is in gallons per 2014 Blue Bell gallon. Changes are the specification minus its
comparator, so a negative change is an improvement. The last column is the share of paired
DMA-bootstrap draws in which the specification has the lower misplaced share; a dot marks a pair without
paired draws. Panel A adds mean-utility controls or micro moments to a specification and holds the rest
fixed. Panel B compares specifications as estimated, which differ in the features listed and are not
experiments that change one feature: RCNL and the group RC have no retailer-by-private-label effects,
and no PL-pooled nested logit exists without them. The specification without retailer-by-private-label
effects is evaluated at the main RC's nonlinear parameters. The last comparison uses the PL-separate
grouping that keeps the novelties in one nest (Appendix Table B.1); against NL, PL separate the change in
the misplaced share is —0.189.
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Panel B compares specifications as estimated. They differ in more than one feature, so
its rows are comparisons of estimated specifications rather than experiments that change
one feature at a time. The differences are larger, and only the comparisons that add the
PL-pooled nests improve both margins: moving private label into Blue Bell’s nest, which
changes the grouping and its within-nest instruments, and adding the nests to the RC model.
RCNL adds random tastes and the base micro moments to the PL-pooled nested logit, omits
the sugar-price instruments, and has no retailer-by-private-label effects; its allocation error
is 0.03 lower and its absolute retention gap 0.01 larger, and its misplaced share is lower in
46 percent of draws. Against the RC model without retailer-by-private-label effects, RCNL,
which adds nests and within-nest instruments and omits the sugar-price instruments, has
a retention gap 0.27 smaller in absolute value and an allocation error 0.04 smaller, so its
misplaced share is 0.22 lower, and lower in 95 percent of draws. The group RC has a higher
misplaced share than the RC model without retailer-by-private-label effects in 99 percent of
draws (Section 6.3).

The same micro-moment targets can accompany different removal predictions. RCNL
and the RC model without retailer-by-private-label effects both target the base block, yet
retain 0.73 and 0.46, respectively. Their nesting structures and instruments differ, so the
comparison does not attribute the retention difference to the micro moments. Raval et al.
(2022) find a related gap in hospital demand: models that predict individual choices better
do not predict aggregate diversion better, whereas a random coefficient on travel time im-
proves the diversion predictions, also when its dispersion is chosen from the other disasters’
post-closure data. In NielsenIQ soft-drink data, Conlon and Gortmaker (2025) find that
demographic micro moments leave their model’s predicted diversion to the outside good af-
ter a non-diet brand’s removal at 0.93, against 0.92 without them and 0.16 among surveyed
buyers, and the prediction moves only when the survey’s diversion answers are themselves

matched.

6.5 The direct forecast

The comparison would look different if the models were scored on a direct forecast of 2015
sales, which mixes their substitution patterns with their forecasts of rivals’ 2015 sales levels
and of Blue Bell’s own volume. Table 10 reports each model’s misplaced share at three
steps. The first is the direct forecast: each model forecasts every product’s 2015 sales with
and without Blue Bell, at observed 2015 rival prices and Blue Bell’s last first-quarter price,
and the removal effect is the difference. The second rescales each market-month’s effect to

Blue Bell’s 2014 gallons, as in equation (17), which removes the scaling by the model’s own

33



forecast of Blue Bell’s volume. The third also replaces the forecast of the rivals’ 2015 sales
with their observed values, by the inversion of Section 6.1, so the models are compared at the
same observed prices and rival quantities, with the rival mean utilities recovered separately

under each demand system; this is the evaluation design.

Table 10: Misplaced share at the three steps from the direct forecast to the evaluation design
NL, NL,
Logit PL separate PL pooled RC RCNL Group RC

A. Misplaced share of Blue Bell's volume

Direct forecast 0.467 0.380 0.253 0.544 0.338 0.497
Rescaled to 2014 Blue Bell gallons 0.404 0.347 0.145 0.413 0.125 0.400
Rival sales from the data (evaluation design) 0.350 0.291 0.101 0.322 0.104 0.340
B. Direct forecast

Blue Bell volume, share of 2014 gallons 0.836 0.775 0.669 0.616 0.637 0.730
Retention 0.308 0.568 0.549 0.229 0.476 0.280

Panel A: the misplaced share of equation (22). First step: direct forecast with observed 2015 rival prices
and Blue Bell at its last first-quarter 2015 price. Second step: each market—month's removal effect rescaled
to Blue Bell's 2014 same-month gallons. Third step: rival 2015 sales taken from the data and Blue Bell
returned, with the rescaling (Section 6.1). The first two steps use the 1,234 market—months in which every
model's direct forecast solves, the third the 1,246 of the evaluation design, so the differences between rows
are not a decomposition on identical market—months. Panel B: Blue Bell's forecast 2015 gallons with Blue
Bell present and the forecast retention, per 2014 Blue Bell gallon, in the direct forecast.

The two specifications with PL-pooled nests have the lowest misplaced shares at every
step: the nested logit 0.253, 0.145, and 0.101, and RCNL 0.338, 0.125, and 0.104. Every
model’s misplaced share falls from the direct forecast to the evaluation design, and the
specifications without nesting change order: at the direct forecast logit has the lowest of
the three and the RC model the highest, and in the evaluation design the order is reversed.
The direct forecasts put Blue Bell’s volume at 0.62 of its 2014 gallons for the RC model
and between 0.64 and 0.84 for the other models (panel B). A direct forecast therefore ranks
the models partly on their forecasts of Blue Bell’'s own volume and of rivals’ 2015 sales
levels; forecasting sales levels and forecasting diversion conditional on the rival market are
distinct tasks, and the main comparison addresses the second. Rescaling removes the direct
dependence on the forecast number of Blue Bell gallons; the forecast utility still affects which
consumers choose Blue Bell and their substitution patterns. Appendix C reports the errors

of the direct forecast under other rules for the residual demand and in markets without Blue
Bell.
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7 Rival Prices and Consumer Welfare

The models’ differences in substitution carry over to the consumer value of Blue Bell’s avail-
ability, and whether rival prices come from the data or from each model’s pricing equilibrium
changes the loss by an amount of the same order as the differences between the models.
Let J be the choice set with Blue Bell and J \ B the set without its products B, py the
prices the market would have had without the recall, and p; the prices it had. The loss is
A =CS(T,po) — CS(J \ B,p1), where a positive value of A denotes a welfare loss, and it

splits exactly into an availability term and a price term in either order:

A=CS(T,po) —CS(T\B,po)+CS(T\B,py) —CS(T\ B, p1)

availability at po rival prices without Blue Bell
= CS(T,po) — CS(T,p1) +CS(T . p1) = CS(T \ B,p1).- (23)
rival prices with Blue Bell availability at p;

I use the second decomposition, so that the availability term is evaluated at the prices the
market had.

Consumer surplus is measured from the inclusive value. With each consumer type’s price
coefficient negative and common across products, expected surplus from a logit menu is
proportional to its inclusive value, and the loss per purchase opportunity from removing

Blue Bell’s products at given prices is

bt = | Ll Im) = LI \B) 4o ), (24)

|Oéz'|

where Z; = log(1+ >, €Xp Vijme) for conditional logit and the nested inclusive value for nested
logit, and a; < 0 is consumer ¢’s price coefficient. The measure equals the compensating
variation when the marginal utility of income is constant and approximates it otherwise. In
conditional logit, removing B lowers consumer i’s inclusive value by —log(1 — P;z), so the

loss per purchase opportunity is
—log(1 - Ps

|

and in nested logit the inclusive value falls by —log A;, with A; the factor of equation (12).
Because the outside option is a singleton nest with utility normalized to zero, in logit and
nested logit without random tastes the inclusive value equals — log sg, and the loss in a market
is the purchase opportunities times log(s;e™v?/sh™***™) /||, which is positive because the

outside share rises when Blue Bell is removed. Welfare is computed by consumer type where
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price coefficients vary. The unit throughout is dollars per 2014 Blue Bell gallon. As in the
evaluation design, the availability term is rescaled in each market-month to Blue Bell’s 2014
volume (equation (17)); the price term does not scale with Blue Bell’s volume and is summed
over market-months and divided by Blue Bell’s 2014 gallons. I denote by A the sum of the
rescaled availability term and the price term: the loss of equation (23) with the availability
term evaluated at Blue Bell’s 2014 volume. Table 13 reports A.

7.1 The value of Blue Bell’s availability

The PL-separate nested logit values Blue Bell’s availability about 45 percent more highly
than the PL-pooled specification, despite their nearly identical price coefficients. This com-
parison illustrates how restrictions on substitution affect the implied value of availability
(Ackerberg and Rysman, 2005). Table 11 reports the availability term at p;, the observed
2015 rival prices. The calculation compares the observed May—August 2015 market with
the same market after Blue Bell is added back, holding the fixed products at their observed
quantities as in the evaluation design. The PL-separate nested logit, which keeps too little
of Blue Bell’s demand among the rivals, puts the value at $6.53 per 2014 Blue Bell gallon,
and the PL-pooled nested logit, the grouping closest on both margins, at $4.51. Blue Bell
sold 5.2 million gallons in these market—months of 2014, so for May—August 2015 at the
retailers the scanner data cover, the two nested logits value Blue Bell’s availability at 2015
rival prices at $34 million and $23 million.

Across the other models the dollar ranking need not follow the retention ranking, because
the price coefficient converts the lost utility into dollars. Logit loses about twice the utility
per Blue Bell gallon that the PL-pooled nested logit does, because it sends more of Blue
Bell’s buyers to the outside option, but a unit of its utility is worth less than half as many
dollars, so its value, $5.25, comes close to the nested logit’s. The RC model and the group
RC retain less than the nested logits yet value availability less, at $3.30 and $3.56, and
RCNL, which retains about as much as the PL-pooled nested logit, values it at $3.64, so the

six values run from $3.30 to $6.53.
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Table 11: The value of Blue Bell's availability at observed 2015 rival prices
NL, NL,
Logit PL separate PL pooled RC RCNL Group RC

Retention (Table 8) 0.424 0.619 0.742 0.463 0.735 0.443
Dollars per 2014 Blue Bell gallon 5.25 6.53 451 3.30 3.64 3.56
Dollars per gallon of the model's Blue Bell  5.34 7.41 5.81 3.36 4.65 3.60

The availability term of equation (23) at the observed 2015 rival prices, on the market—months of the
evaluation design in which the welfare calculation solves (1,244 for logit, the nested logits, and the RC
model; 1,245 for RCNL and the group RC). The first dollar row rescales each market-month's term to Blue
Bell's 2014 same-month gallons; the second divides it by the model's own Blue Bell gallons.

The link between retention and the availability term is exact in logit and nested logit,
where the outside option is a singleton nest: for a given Blue Bell share, outside share without
Blue Bell, and price coefficient, a model with higher retention implies a smaller availability
term (Appendix E). For given Blue Bell and outside shares, price sensitivity, and retention,
the link does not depend on how the retained demand is allocated across rivals, so different
allocations can imply the same availability value, and a model’s allocation error need not
show up in its welfare number. The withdrawal disciplines the substitution part of these
calculations but not the price coefficient that turns utility into dollars, so it does not rank
the dollar values by accuracy, and the models closest on both margins do not have the most
credible values for that reason alone. A removal and a price change also weight different
consumers (Conlon and Mortimer, 2021), so a model that predicts a removal well need not

predict merger price effects or other counterfactuals equally well.

7.2 Rival prices

Rival prices fell in Blue Bell’s markets during the withdrawal. The comparison matches
each product in each market with itself a year earlier, so product—market effects difference
out, and compares these annual log price changes in Blue Bell’'s markets with those in the
comparison markets, converted to percent. Relative to markets without Blue Bell, and net
of the same comparison a year earlier, rival prices fell by 4.4 percent from May—August 2014
to May—August 2015, with a 95 percent interval from —7.2 to —1.5 (Table 12). Private-
label prices fell by 4.6 percent and Dreyer’s by 11.0. Without the adjustment for the earlier
year, the decline in all rival prices is 3.1 percent. The difference in differences identifies the
recall’s effect on prices under the conditions of Section 3.1, that rival prices in Blue Bell’s
markets would otherwise have moved as in the comparison markets and that the recall left
the comparison markets’ prices unchanged; the adjustment subtracts the preceding year’s

differential change; its causal interpretation requires that this differential change would have
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Table 12: Observed and predicted change in rival prices during the withdrawal, percent

Observed Predicted by the model's supply side
NL,

Net Raw Logit PL pooled RC RCNL Group RC
A. By rival group, all Blue Bell markets
All rivals —4.40 [-7.20, —1.52] —3.05 [—4.95, —1.12] 0.40 1.69 0.26  1.69 0.26
Private label —4.63 [-8.58, —0.51] —3.71 [—6.55, —0.78] 0.69 2.95 0.38 2.84 0.39
Dreyer’s —11.04 [—14.96, —6.95] —b5.48 [-8.62, —2.24] 0.18 0.40 0.16  0.71 0.20
Breyers —3.11 [-6.07, —0.05] 0.89 [-1.40, 3.23] 0.11 0.21 0.14  0.37 0.15
Blue Bunny —2.91 [-12.01, 7.14] —0.50 [—4.94, 4.14] 0.09 0.39 0.11 0.51 0.12
Premium pints —0.28 [-1.78, 1.23] 0.84 [-0.57, 2.26] 0.11 0.18 0.11  0.17 0.14
Other brands —1.54 [-3.50, 0.46] —2.29 [-3.59, —0.98] 0.08 0.51 0.12  0.57 0.11
B. All rivals, by exposure
High —2.66 [—-6.02, 0.83] —0.71 [-2.79, 1.42] 1.33 8.30 0.88 7.86 0.92
Medium —6.55 [-9.19, —3.82] —4.47 [-6.25, —2.65] 0.43 1.25 0.25  1.32 0.27
Low —3.25 [-6.54, 0.15] —2.59 [-4.80, —0.33] 0.18 0.58 0.12  0.63 0.11

Percent; 95 percent intervals in brackets, from 999 DMA block resamples. Observed: the change in rival
prices from May—August 2014 to May—August 2015 in Blue Bell's markets minus the same change in
markets that never had Blue Bell, matched within product, DMA-retailer, and month and weighted by
2014 gallons; net subtracts the same comparison for 2013 to 2014. Exposure classes split Blue Bell's
markets by Blue Bell's 2014 share of DMA volume (cutoffs 7.78 and 31.27 percent). Predicted: the change
in rival prices when Blue Bell is removed, with every rival repricing under the model's multiproduct
Nash-Bertrand pricing (Appendix E). The PL-separate nested logit is not shown, because its recovered
marginal costs are negative for about 96 percent of private-label volume.

persisted without the recall. Figure 7 shows when the decline occurred. Month by month,
the net decline appears in April 2015, is largest in May and June, about 7 and 5 percent,
fades through the summer, and the point estimate is close to zero by September; in 2014,
the placebo year, the same comparison fluctuates around zero.

The models predict small increases. With every rival repricing under each model’s mul-
tiproduct Nash—Bertrand pricing, the predicted change in rival prices when Blue Bell is
removed is an increase of 0.4 percent in the exposed markets for logit, 0.3 for the RC model
and the group RC, and 1.7 for the PL-pooled nested logit and RCNL, against the observed
decline of 4.4 percent. The largest predicted increases are those of the PL-pooled nested
logit and RCNL in the high-exposure markets, 8.3 and 7.9 percent for all rivals, where the
observed net change is —2.7 percent. The decline does not increase monotonically with prior
Blue Bell exposure, unlike the gradient the pricing simulations predict: it is 6.5 percent in
the medium-exposure markets but 2.7 percent in the high-exposure ones. Bhattacharya et al.
(2026) also find that predicted price changes in mergers are typically larger than realized

ones. The two routes below therefore give the price term opposite signs.
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Figure 7: Rival price changes in Blue Bell’s markets by month

Percent. Dashed: same-month annual difference in differences of matched rival prices, 2013 to 2014 for the
2014 months and 2014 to 2015 for the 2015 months; solid: the 2015 difference net of the preceding year’s.
The monthly series uses the scanner history of the counterfactual markets, whose support differs slightly
from Table 12. Bands: pointwise 95 percent intervals from 999 DMA block resamples.

7.3 The loss with price responses

Table 13 reports A under two routes for the prices. Under the observed-price route, p; is
the observed 2015 price, as it was, which may include responses to the recall and other
changes, and py takes each rival’s price back by the net observed change of Table 12, by
rival group and exposure class. Under the model-price route, pg and p; are each model’s
multiproduct Nash—Bertrand prices with and without Blue Bell, given recorded ownership,
retailers pricing their own private label, and marginal costs recovered before the withdrawal
(Appendix E); the route adds the assumptions of the supply model, and I do not compute
it for the PL-separate nested logit, whose recovered marginal costs are negative for about 96
percent of private-label volume, against at most about a fifth in the other models. Under
model prices the price term is the exact value of the price change at the full choice set, and
under observed prices its first-order value; in both routes the availability term is evaluated
at pq, and the loss is their sum.

Under observed prices the price term is a gain, because rival prices fell. T value it at first
order, the sum over rivals of observed quantity times the observed price change, $2.28 per

2014 Blue Bell gallon in every model. Because consumer surplus is convex in prices, and
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Table 13: The consumer loss from the withdrawal with price responses

Observed prices Model prices
Availability Price Lower bound Availability Price Model—jmplied
at p1 term on A at p1 term A
Logit 5.25 —2.28 2.98 5.35 0.18 5.52
NL, PL separate 6.53 —2.28 4.26 n.r. n.r. n.r.
NL, PL pooled 4.51 —2.28 2.24 4.17 0.88 5.05
RC 3.30 —2.28 1.02 3.61 0.13 3.74
RCNL 3.64 —2.28 1.37 4.14 0.82 4.96
Group RC 3.56 —2.28 1.29 3.67 0.13 3.80

Dollars per 2014 Blue Bell gallon; a positive value is a loss. The availability term is rescaled as in Table 11
and evaluated at each route's p;. Observed prices: p; observed and py backed out from the net observed
change of Table 12; the price term is the first-order value of that change, the same for every model. Model
prices: pg and p; from each model's multiproduct Nash-Bertrand pricing (Appendix E), on the
market—months in which its price equilibrium solves (1,234 for logit, the PL-pooled nested logit, and the
RC model; 1,235 for RCNL; 1,229 for the group RC). n.r.: not reported, because the model's recovered
marginal costs are negative for about 96 percent of private-label volume.

rival quantities with Blue Bell present are below those observed, this value bounds the gain
from above when rival prices fall, and the loss it implies is a lower bound: $1.02 to $4.26 per
2014 Blue Bell gallon across the six models. Under model prices the price term adds $0.13
to $0.88 to the loss, so the loss is $3.74 to $5.52. The price route thus changes the loss by
an amount of the same order as the differences between the models’ availability values. So
the fixed-price comparison of substitution does not by itself settle the welfare loss once rival

prices respond.

8 Sensitivity

The retention comparison is sensitive to the benchmark and the assumed market size. The
adjustments below narrow the differences across models and, when sufficiently large, change
their ranking. Under each change other than the larger adjustments for the rival price
response, one of the two specifications with PL-pooled nests keeps the lowest misplaced
share.

Subtracting the pre-recall differential trend lowers benchmark retention to 0.65, while
private label still accounts for about half of the rival gain. The adjustment uses the same
difference in differences applied to 2014 against 2013, 0.12 per Blue Bell gallon (Table 3).
The PL-separate nested logit, with retention of 0.62, then comes closer on retention than
the PL-pooled nested logit and RCNL, at 0.74 and 0.73. RCNL nevertheless has the lowest
misplaced share, 0.15, followed by the PL-pooled nested logit at 0.18 and the RC model at
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0.22. The two models with PL-pooled nests retain an advantage on the combined score, but
the difference from the non-nested models is smaller.

Rival sales induced by the price response to the recall may also be part of the observed
gain, although the models are evaluated at fixed prices. To examine how much this matters,
I subtract a hypothesized price-induced gain in proportion to each destination’s observed
gain. This adjustment lowers benchmark retention while holding allocation shares fixed.
A model with PL-pooled nests has the lowest misplaced share until benchmark retention
falls to about 0.59: the nested logit above 0.77 and RCNL between 0.77 and 0.59. Larger
reductions favor the RC model and, below about 0.45, logit (Appendix F). Thus, attributing
a sufficiently large part of the rival gain to lower prices can reverse the main ranking.

Excluding private label from the scored destinations narrows the difference between the
two nested logits. RCNL has the lowest misplaced share among the five branded destinations,
0.07, and a lower score than the PL-pooled nested logit in 82 percent of paired draws. The
PL-pooled nested logit remains ahead of the PL-separate one in 70 percent of draws, but
their point estimates are close. Much of the difference between the two nested logits therefore
concerns their predictions for private label.®

Reducing the assumed market size by 20 percent primarily changes predicted retention
(Table 14). With parameters held fixed, retention rises by about 0.10 in logit, the RC model,
and the group RC, compared with 0.02 to 0.05 in the nested specifications; allocation errors
change by at most 0.04. The nested specifications are therefore less sensitive to this market-
size change.? Lower sensitivity to the market size is not evidence of greater accuracy. RCNL
has the lowest misplaced share, 0.08, followed by the PL-pooled nested logit at 0.09. The
RC model ranks third, and the scores of all three non-nested specifications fall by 0.08 to
0.09. As with a lower retention benchmark, a smaller market size narrows the non-nested
models’ retention shortfall.

For the separate direct-forecast exercise, I also vary the pre-recall window used to fore-
cast each product’s demand residual. Across four alternative windows, including one that
excludes March 2015, misplaced shares change by up to 0.07. The PL-pooled nested logit
has the lowest score under every window among the five models evaluated in this check
(Appendix C).

8The PL-pooled nested logit’s score is 0.101 with or without private label because changes in the
destination-error and retention-error components offset each other.

9Miller and Weinberg (2017), Supplemental Material, Section F, instead re-estimate beer demand at
market sizes of 1.3 and 2 times maximum observed sales. The nesting parameter adjusts, and median
diversion to the outside good stays between 13 and 16 percent. Here the parameters remain fixed.
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Table 14: Predictions at a smaller market size

Main market size 0.8 times the main size
) Allocation Misplaced . Allocation Misplaced
Retention error share Retention error share

Observed 0.774 . . 0.774 . .
Logit 0.424 0.106 0.350 0.532 0.107 0.259
NL, PL separate 0.619 0.329 0.291 0.669 0.294 0.257
NL, PL pooled 0.742 0.118 0.101 0.763 0.109 0.090
RC 0.463 0.131 0.322 0.562 0.128 0.245
RCNL 0.735 0.091 0.104 0.770 0.093 0.077
Group RC 0.443 0.134 0.340 0.547 0.130 0.259

Evaluation design of Section 6.1 on the 1,246 market—months, with every model's parameters held at their
estimates. The main market size is 1.5 times each DMA-retailer's largest monthly inside volume through
March 2015, and the smaller one 1.2 times that volume. Retention in gallons gained by rivals per 2014
Blue Bell gallon.

9 Conclusion

Rivals recaptured about three quarters of Blue Bell’s former volume during the 2015 with-
drawal, but the models differed in both retention and the allocation of that demand. Under
the main benchmark, the nested logit that places private label with Blue Bell’s mainstream
tubs and RCNL on the same nests combine retention close to the benchmark with relatively
small allocation errors. Logit and the random-coefficient specifications without nesting retain
too little demand. Giving private label a separate nest also reduces retention and sends too
little of the rival gain to private label. The differences narrow under the alternative retention
benchmarks, and sufficiently large adjustments for the rival price response can change the
ranking; under the other checks of Section 8, a specification with PL-pooled nests keeps the
lowest misplaced share.

The comparison favors specifications that represent strong substitution between Blue Bell
and private label. RCNL has a slightly smaller allocation error than the PL-pooled nested
logit, but their retention predictions and misplaced shares are close. The group RC uses the
same product groups, yet its estimated group tastes do not close the retention gap. The
distinction is therefore between how the fitted models represent substitution, not simply
whether they include random coefficients. Allowing additional taste heterogeneity yields
little improvement over the PL-pooled nested logit in the main comparison, so the grouping
deserves to be reported and varied like any other specification choice.

The grouping also affects the implied value of availability. With nearly identical price
coefficients, the PL-separate nested logit values Blue Bell’s availability about 45 percent

more highly than the PL-pooled nested logit; across the six models, the value ranges from
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$3.3 to $6.5 per 2014 Blue Bell gallon. Rival prices add a separate source of variation in
welfare: the models predict price increases, whereas observed rival prices fell by 4.4 percent
relative to markets without Blue Bell. Using observed rather than model-predicted prices
changes the implied loss by an amount comparable to the differences in availability values
across models.

Evaluating retention and allocation separately reveals different errors: a model can retain
much of the removed demand but send it to the wrong rivals, or divide retained demand ac-
curately while losing too much to the outside option. The comparison evaluates substitution
at observed rival prices and sales; it does not by itself validate the price responses used in

welfare or merger simulations.
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A Data Construction and Product Definitions

A.1 Units, aggregation, and availability

The scanner observations begin at the product, store, and period level, and package size con-
verts packages into gallons. Price is expenditure divided by gallons, computed after summing
expenditure and gallons over the observations that are combined. Averaging package prices
or unweighted unit values instead would give small and large packages different weights and
would create price changes whenever the package mix changes.

An estimated product combines a brand with the characteristics that enter utility. The
bulk, bar, cone, and sandwich indicators come from Nielsen’s form code through a crosswalk,
and items without a recorded form are treated as bulk ice cream.

An observed sale shows that a product was available, while an absence of sales can reflect
no purchases, a missing store observation, or no availability. Monthly aggregation cannot
resolve short stockouts, so the estimation menu is the set of products with recorded sales in
the market and month. Blue Bell’s absence is set by the recall; the rivals’ assortments are
set by recorded sales.

The market is a DMA paired with a retailer, because retailer identity matters both for
the choice set and for private label. The product effect absorbs time-invariant appeal, the
DMA-retailer effect absorbs local differences, and the retailer-by-private-label effects in the
main specification let private label differ in mean appeal across retailers.

Table A.1 lists the counts behind estimation and the forecasts. Two cases separate the
two: a product estimated but without the price history the forecast needs, which is held at its
observed gallons, and a product sold in the withdrawal period but not among the estimated
products, which is held at its observed gallons and takes the group of its own first-quarter
2015 sales (Appendix C).

A.2 Private label, the sample by year, and exposure

Table A.2 lists the four private-label products. Each is one masked Nielsen private-label
brand code with no characteristic information, so its characteristic indicators are zero and
its random tastes in the RC model come only from the inside-good taste and price. A
market is one DMA-retailer pair, so the private-label product in a market is that retailer’s
store brand, and the retailer-chain-by-private-label effects of the main specification give each
chain’s private label its own mean utility. “CTL BR - IC” carries 205.2 of the 276.1 million
private-label gallons in 2011-2014.

Table A.3 reports the estimation sample by year. Each full year contributes between 0.84
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Table A.1: Product and market coverage for estimation and forecasting

Object

Count or volume

Role

Estimation products

DMA-retailer markets

DMAs

DMAs with Blue Bell sales in 2014,
estimation sample

DMAs with positive Blue Bell scanner
sales, forecast definition

Scanner-zero DMAs

Blue Bell 2014 volume share, 105 DMAs
with sales in the estimation sample
Scored product—market—months, 1,246
market—months

Observed rival gallons in scored
products, Blue Bell markets

Observed rival gallons held fixed, Blue
Bell markets

Local residual: January—-March 2015,
earlier local months, or zero

Group fallback (own first-quarter 2015
sales)

756

529

117

105

103

14

12.8% (7.8% in all
DMASs)

155,101

29.8 million

0.66 million

97.3, 0.7, and 1.8% of
rival gallons

5.9% of non-estimation

gallons; 0.26% of rival
gallons in Blue Bell
markets

Fixed product
identifiers
Estimation markets
Summary statistics
Exposed markets
Category-volume
denominator

Scale of the removal
Scored withdrawal
sample

Scored volume
Conditioning input

Table C.1

Group assignment

Counts refer to the estimation files. Forecast counts and volumes refer to May—August 2015: the scored
product—market—months are those of Table 1, and the gallons and residual shares are rival gallons in Blue
Bell’s markets under the main RC’s forecast rule (Table C.1), which every specification shares.

Table A.2: Private-label products

Nielsen DMA-retailer Gallons, 2011-2014
Product brand code Nielsen label =~ DMAs markets (millions)
473 536746 CTL BR 117 487 53.9
474 536757 CTL BR - IC 117 484 205.2
475 536758 CTL BR - IM 61 68 0.8
476 536764 CTL BR - SH 117 476 16.2
All private label 276.1

Nielsen masks private-label items: each carries one of the four generic private-label brand codes and no
characteristic information, so each code is one model product with every characteristic indicator equal to
zero. Chains count the retailer chains with sales of the product. Gallons follow the volume convention of

Table 2.
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and 0.91 million observations from 655 to 717 model products, and the first quarter of 2015
adds 0.20 million observations from 650 products; the sample has 655 products in 2011, 688
in 2012, 717 in 2013, and 702 in 2014, out of 756 overall, so some products enter and others
leave before April 2015. Prices are stable across years, with row averages between $28.29 and
$29.05 per gallon and volume-weighted averages between $13.37 and $13.84. Bulk containers
are 46 percent of products and 43 percent of volume, while chocolate products are 39 percent
of products but 21 percent of volume, vanilla 30 and 18 percent, low fat 20 and 11 percent,

low calorie 23 and 12 percent, and cookies or mix-ins 10 and 4 percent.

Table A.3: Estimation sample by year and by characteristic

Panel A. Panel structure

2011 2012 2013 2014 2015 Q1 All
Product-market-months 841,530 906,492 896,472 858,389 203,075 3,705,958
Model products 655 688 717 702 650 756
DMA-retailer markets 529 529 529 529 529 529
DMAs 117 117 117 117 117 117
Months 12 12 12 12 3 51
Volume (million gallons) 172.7 173.7 171.4 170.7 35.6 724.0
Panel B. Price per gallon ($), product-market-months

2011 2012 2013 2014 2015 Q1 All
Mean 28.39 29.00 28.51 28.29 29.05 28.58
Standard deviation 16.30 16.41 16.72 16.88 17.65 16.64
10th percentile 10.29 10.20 9.73 9.58 10.08 9.94
Median 26.96 27.77 26.73 25.97 25.90 26.84
90th percentile 48.67 49.81 50.30 50.56 53.51 50.08
Volume-weighted mean 13.45 13.57 13.37 13.42 13.84 13.47
Panel C. Characteristics, all years (shares)

Products Rows  Volume

Vanilla 0.302 0.296 0.176
Chocolate 0.388 0.412 0.208
Bulk 0.463 0.397 0.433
Low fat 0.202 0.186 0.106
Low calorie 0.228 0.251 0.125
Assorted 0.165 0.163 0.134
Cookies or mix-ins 0.103 0.115 0.041

Estimation file for all specifications, January 2011 to March 2015. Model products aggregate items that
differ only in package size. Volume is the inside share times the market size, in gallons; prices are
expenditure per gallon in 2019 dollars. Panel C reports the share of model products, of
product—market—-month rows, and of volume with each indicator.

Two exposure definitions appear in the paper. The estimation sample records Blue Bell
sales in 105 DMAs in 2014, and Table 2 uses that definition. The counterfactuals cover a
wider set of DM A-retailer markets and classify them by Blue Bell’s scanner sales. The scored
market—months are those with Blue Bell sales in the same month of 2014, in 103 DMAs,

and the comparison markets of the observed effect are the 266 DM A-retailer markets, in 65
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DMAs, with no Blue Bell scanner sales in any month from 2011 through 2015. Markets in
three DMAs with Blue Bell sales in 2011-2014 but none in May—August 2014 or in 2015,
and in three DMAs with a few recorded Blue Bell sales in 2015, 4 gallons in total, belong to
neither group. The comparison DMAs were also required to show no Blue Bell purchases by
panel households, and DMAs with zero scanner sales but household purchases of Blue Bell
are excluded from both groups. Neither screen shows that no household in a comparison
DMA could buy the brand, since households can shop outside covered stores; if some could,
the comparison markets absorb a little of the withdrawal and the observed effect understates
it.

A.3 Market size and product groups

The market size of DMA -retailer m is

M,, =15 max Qe (A1)

t<Mar 2015 °™t 7

the largest monthly inside volume over the months through March 2015, held fixed over
time; in the full-window estimates the maximum runs through 2016. The definition uses
only volume from the estimation window in the main estimates and is the same for every
specification. It measures purchase opportunities in gallons.

Both groupings split tubs into mainstream and premium by their pre-withdrawal brand—
format price, with a threshold of $20 per gallon, and novelties at $25 per gallon; the PL-
separate grouping gives private label a group of its own, and the PL-pooled grouping places it
among the mainstream tubs (Section 4). The variant with novelties in one group (Appendix
Table B.1) does not split them by tier. Because the groups are defined from pre-withdrawal
prices, withdrawal-period price changes do not move a product between groups.

Brands without a pre-withdrawal group assignment take the group of their own first-
quarter 2015 sales. This fallback decides 5.9 percent of the gallons outside the estimation
products and 0.26 percent of rival gallons in Blue Bell markets. The same rule applies to

every specification, and no group is defined by reference to a brand’s post-recall performance.

A.4 Household coverage

The household panel records purchases rather than all opportunities to buy. A household
with no recorded ice cream purchase in a window may still buy ice cream elsewhere, and
a missed trip can change an annual buying indicator. Roster balancing holds the set of

reporting households fixed across the comparison windows, while differences in product cov-
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erage between the household panel and the scanner stores remain and are reported with each
statistic.

The household targets and the recall benchmark are separate calculations. The targets
use 2011-2014 households and a covariance from 500 whole-household bootstrap resamples;
the benchmark follows a cohort of households from 2013 through 2015 with its own whole-
household bootstrap.
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B Estimation Details

B.1 Parameters and the income coordinate

Table B.1 defines the variants of the specifications in Table 6; Table 9 scores them.

Table B.1: Variants of the specifications

Retailer x
Name Substitution structure PL effects Micro moments
NL, PL separate, novelties in ~ Common p within nests; one Yes None
one nest novelty nest
RC without retailer x PL As RC No Base
effects
RC, demographic As RC Yes Base and income-group

contrasts

Names, moments, and instruments as in Table 6; the income-group contrasts are eight moments
(Section 4.3). The first variant’s groups are mainstream tubs, premium tubs, novelties, and private label.
Appendix Tables B.2 and B.3 report their estimates and Table 9 their withdrawal scores.

The nonlinear parameters of the RC model are the standard deviations of the tastes
for vanilla, chocolate, bulk, low fat, low calorie, assorted products, and cookies or mix-ins,
the standard deviation of the inside-good taste, the price-income interaction v,, and the
two income-group shifts A,,;q and Apign. RCNL adds p, and the group RC adds four group
standard deviations. The optimizer works with the logarithms of the standard deviations;
the tables report standard deviations on their level scale. For each value of the nonlin-
ear parameters, the mean utilities that match observed shares are recovered, the product,
DMA-retailer, and year effects (and the retailer-by-private-label effects where present) are
absorbed, and the month-of-year effects and « are concentrated out, twelve linear parameters
in all.

Income enters in a single coordinate. For a simulated consumer in DMA d, [; = L+ sqzi,
where I; and s, are the mean and standard deviation of log household income in the DMA
and z; is standard normal. Fach DMA has one fixed set of 100 draws, shared by all of
its retailers and used in every month. Consumer i’s price coefficient is o + ,l;, so « is
its intercept and -, its change per unit of log income. The income shifts use the same
draws: a simulated consumer belongs to the low, middle, or high group according to the two
log-income cutoffs that define the household income rows.

The DMA income distribution comes from the household income recorded in the Home-
scan panelist file. Income brackets are mapped to dollar midpoints, with the top bracket
of the 2011-2014 codebook, $100,000 and over, at $150,000, and then logged; records with

missing income are dropped. Within each DMA, I, and s, are the mean and standard devi-
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ation of log income weighted by the panel projection factor, computed over all panel years
in the panelist extract, and DMAs with fewer than five panelist records take the unweighted
national mean and standard deviation. The income groups are cut at $50,000 and $100,000.

Table B.2 reports the nested logit with novelties in one nest, and Table B.3 the RC
specifications outside the main comparison: the RC without retailer-by-private-label effects,

the demographic extension, and the estimates on the full 2011-2016 window.

Table B.2: Demand estimates: the nested logit with novelties in one nest

NL, PL separate, novelties in one nest

Price coefficient, « —0.096 (0.005)
Nesting parameter, p 0.835(0.010)
Own-price elasticity, gallon-weighted median —4.66
Retailer x private label Yes
Instruments Base and within-nest
Product—-market—months 3,705,958

Definitions as in Table 7. Nests: mainstream tubs, premium tubs, novelties, and private label (Appendix
Table B.1). Standard errors clustered by DMA; the Sanderson—Windmeijer first-stage F statistics for price
and for the within-nest share are 332 and 377.

B.2 The instruments of RCNL

RCNL uses the within-nest instruments and the characteristic-sum and rival-count instru-
ments but not the sugar-price instruments. Table B.4 reports RCNL under three choices
of instruments and micro moments. With the sugar-price instruments, its gallon-weighted
median own-price elasticity is —7.7 and its direct forecast of Blue Bell’s 2015 volume is 0.38
of the 2014 level, both outside the range of the other specifications, —1.9 to —4.5 and 0.62
to 0.84. Without the within-nest instruments and with the four own-group moments also
targeted, the elasticity is —16.5 and the forecast volume 0.10. Without the sugar-price in-
struments, the elasticity, —4.2, and the forecast volume, 0.64, lie within those ranges, and
this is the RCNL of the comparison.

B.3 Nest size and retention in nested logit

Equation (12) implies that, for a given Blue Bell share and p, a larger nest around Blue
Bell raises retention. Write x = sp|, for Blue Bell’s share of its nest and sz = s,z for
its share of the market. The nest’s term in 1 — A is sg[l — (1 - x)lfp} = sgh(x)/x with
h(z) =1— (1 —x)'*. Because h is convex with h(0) = 0, h(z)/z rises with z. Holding sz
fixed, a larger nest means a smaller x, a smaller 1 — A, and so a smaller gain so(1/A — 1)

for the outside option.
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Table B.3: Demand estimates: other random-coefficient specifications

Data through March 2015 Full 20112016 window

(1) (2) (3) (4) (5)
RC, no RC, no
retailer x RC, RC, retailer x
PL effects  demographic RC demographic PL effects
Price coefficient, « —0.478 —0.479  —0.503 —0.500 —0.507
(0.024) (0.021) (0.030) (0.022) (0.031)
Price x log income, v, 0.0126 0.0120 0.0122 0.0116 0.0122
(0.0013) (0.0007) (0.0019) (0.0006)  (0.0021)
Inside-good SD, o 0.917 0.985 1.069 1.081 1.062
(0.074) (0.066) (0.068) (0.054) (0.071)
Vanilla SD 0.657 0.683 0.620 0.594 0.621
(0.034) (0.033) (0.036) (0.034) (0.036)
Chocolate SD 0.775 0.767 0.727 0.733 0.726
(0.030) (0.030) (0.026) (0.025) (0.026)
Bulk SD 0.911 0.908 0.834 0.835 0.834
(0.027) (0.026) (0.025) (0.023) (0.025)
Low-fat SD 0.850 0.770 0.999 0.847 0.998
(0.078) (0.064) (0.126) (0.059) (0.136)
Low-calorie SD 0.830 0.895 1.011 1.064 1.010
(0.049) (0.042) (0.043) (0.035) (0.044)
Assorted SD 0.022 0.222 0.021 0.167 0.018
(1.241) (0.148) (0.991) (0.156) (1.129)
Cookies / mix-ins SD 0.114 0.058 0.084 0.051 0.085
(1.853) (1.330) (6.028) (1.114) (6.337)
Middle income, A4 0.028 0.030 0.059 0.048 0.057
(0.042) (0.041) (0.052) (0.037) (0.054)
High income, Apign —0.559 —0.573  —0.578 —0.563 —0.577
(0.052) (0.053) (0.055) (0.045) (0.056)
Product—market—months 3,705,958 3,705,958 5,080,142 5,080,142 5,080,142
Retailer x private-label effects No Yes Yes Yes No
Instruments Base Base Base Base Base
Base and Base and

Micro moments Base contrasts Base contrasts Base

Definitions follow Table 7; every column includes product, DMA-retailer, year, and month-of-year fixed
effects. Column (1) re-estimates the main RC without the retailer-by-private-label effects; the withdrawal
comparison instead evaluates the RC without these effects at the main RC’s nonlinear parameters with
year effects in their place. Column (2) adds eight income-group contrast moments to the main RC.
Columns (3) to (5) are estimated on 2011-2016 with the same products and markets, so they use the
withdrawal and the return. The demographic columns use more households because their income-share and
paid-price moments also include purchases below the base block’s annual quantity threshold (86,307
households and 221,658 household-years in column (2)); the other full-window columns use micro moments
from 2011-2016 (102,483 households and 323,138 household-years in the base block).
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Table B.4: RCNL under alternative instruments and micro moments

Within-nest, Within-nest Base, no
no sugar prices and sugar prices within-nest

. Base and
Micro moments Base Base own-group
Price coefficient, a —0.233 —0.369 —0.326
Nesting parameter, p 0.718 0.706 0.868
Own-price elasticity, gallon-weighted median —4.20 —7.69 —16.55
Direct forecast of Blue Bell's volume, share of 2014 gallons 0.64 0.38 0.10

All three on the PL-pooled nests, without retailer-by-private-label effects, on data through March 2015.
The first column is the RCNL of the comparison (Table 7). Base instruments: characteristic sums, rival
counts, and the sugar price with its interactions; within-nest instruments as in Section 4.3. The other five
specifications have elasticities from —1.9 to —4.5 and forecast Blue Bell volumes from 0.62 to 0.84.

B.4 The income terms

The income level enters each RC specification through the two income-group shifts, and
Table B.5 tests this choice. Each test compares a restricted specification with one that
contains both the two shifts and a log income level, under the same weights. Let QQu be
the minimized objective of the unrestricted specification and Qg that of a restricted one;
under the restriction, Qr — Qu is asymptotically x? with as many degrees of freedom as
restrictions.

The main RC rejects a log-linear income level in favor of the group shifts. Dropping the
two shifts while keeping a log income level raises the objective at the best points found by
39.8, against a 5 percent critical value of 5.99 with two restrictions, and dropping both raises
it by 142.1, against 7.81 with three. Neither point is shown to be a global minimum, so
these are differences at the points found rather than bounds on the distance statistic. With
the shifts included, the specification without a log income level attains the lowest objective
found, 484.55 against 485.66 for the best point found with the level. The RC without retailer-
by-private-label effects and the two full-window RC estimates show the same pattern (Panel
B). The shifts match the household income moments, which are defined on the same three
groups, whereas a log income level adds variation within groups that those moments do not
measure.

In the demographic extension the log income level adds information beyond the shifts.
Dropping it raises the objective at the best points found by 10.6, and by 14.9 in the full-
window version, each against a critical value of 3.84, so the shifts do not fully replace the
level in these two specifications. Their unrestricted estimate of the log income coefficient lies
on the boundary of the parameter space, so the x? critical value is an approximation. RCNL
uses the two group shifts for comparability, so the income terms are specified consistently

across the RC models.
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Table B.5: Distance-metric tests of the income terms

Panel A. Restrictions that raise the objective

Restric- 5% critical
Specification Restriction tions Statistic value
RC (main) Drop the shifts, keep a log income 2 39.8 5.99
level
RC (main) Drop both 3 142.1 7.81
RC, demographic Drop the log income level 1 10.6 3.84
Full window Drop the log income level 1 14.9 3.84

demographic

Panel B. Objective without the log income level and lowest objective found with it

Specification Without With
RC (main) 484.55 485.66
RC without retailer x 490.33 511.16
PL effects

Full window RC (main) 593.11 594.22
Full window RC without 594.33 595.05

retailer x PL effects

The unrestricted specification contains both the two income-group shifts and a log income level; objectives
are evaluated under its weights. Panel A reports the increase in the objective at the best points found
when the restriction is imposed; in the main RC the unrestricted point is the optimum without the level,
484.55, which is itself a point of the unrestricted model. Neither point is shown to be a global minimum, so
the statistics are differences at the points found, not bounds. In the two demographic specifications the
unrestricted estimate of the log income coefficient lies on the boundary of the parameter space, so the 2
critical value is an approximation. Panel B reports objective values only: in each of these specifications the
version without the log income level attains a lower objective than any found with it. Objectives are
comparable only within a specification.

B.5 Moments, weights, and standard errors

Stack the moments as m(6) = (g(#)’,d(#)") with weight W = blkdiag(nS;', V,;'), so that the
objective (15) is m'Wm. The aggregate block uses the IV scores ¢y = Zjmi&jme, centered
at their mean. Its covariance is clustered two ways, Sa = Sproa + Spamra — SprodxDma, Where
each term is >, U.U!/n for the sums U, of the centered scores within the clusters ¢ of that
type, with no finite-sample correction. Negative eigenvalues of S4, after scaling by the norms
of the instruments, are set to zero, and its inverse drops eigenvalues below 107! times the
largest. The household block uses Vj;, the full covariance matrix of the vector of target
estimates across 500 whole-household bootstrap resamples (Appendix D), so the covariance
between moments that summarize overlapping purchases enters the weight. The two blocks
come from separate samples and are independent.

Estimation is two-step. S, is evaluated at a first-step estimate and held fixed while @) is

minimized, and the reported estimates minimize () under these weights.
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The covariance of the estimates is V = (G'WG)™! with S4 re-evaluated at the esti-
mate. G stacks the derivatives of the macro moments with respect to the nonlinear pa-
rameters, which include the response of the concentrated linear parameters, the derivatives
of the macro moments with respect to the linear parameters, and the derivatives of the
micro moments. This is the asymptotic covariance of efficient two-step GMM, the form
PyBLP (Conlon and Gortmaker, 2020) reports under an updated weighting matrix; the es-
timates are computed with weights frozen at the first-step point, and the general sandwich
(G'W;G)'\G'WQW,G(G'W;G) " with those weights W} coincides with it asymptotically
when the model is correctly specified and the first-step point is consistent. Because W
already contains n, no further scaling is applied. The price coefficient a in the tables is
concentrated under the fitting weights and its standard error comes from the same V. For a
standard deviation o = exp(f), the delta method gives Var(o) = 02 Var(f). Simulation error

from the fixed draws is not added.

B.6 Optimization

I minimize ) with the covariance matrix adaptation evolution strategy (CMA-ES) from
several starting points, including the estimates of neighboring specifications. I refine the
best point with a trust-region Levenberg—Marquardt method on the stacked moments, using
a finite-difference Jacobian. Integration uses 100 fixed simulation draws per DMA, shared
by its retailers and fixed across months, so the objective is a deterministic function of the
parameters. The Jacobian G in the standard errors is taken with respect to the nonlinear

and linear parameters, so that the standard error of « reflects its concentration.
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C Counterfactual Detalils

C.1 Scored and fixed products

Let Z,,; be the products whose quantities are predicted and scored in market m and month ¢,
and let F,,; contain the other products observed in the category, whose observed gallons are
held fixed. A product is scored when the model supplies its utility and product group, which
requires that it was sold somewhere by March 2015 (the set of model products changes over
the estimation window; Appendix Table A.3), and when its 2015 price passes two checks: the
price is at most $50 per gallon, and for a product with local sales in January—March 2015,
its first-quarter gallon-weighted price is also at most $50 and the log difference between the
two prices is at most 0.5. A product that fails a check is held fixed at its observed gallons
rather than dropped. Two cases arise: products in the estimated set whose 2015 price fails
the checks or that lack the price history the forecast needs, and products sold during the
withdrawal that are not among the estimated products, new listings among them. Both
are held at their observed gallons; a brand outside the estimation products with no product
group before the withdrawal takes the group of its own first-quarter 2015 sales (Appendix A).
Because the product definition is fixed before the withdrawal, no model receives a product
coefficient estimated from withdrawal-period sales. Table C.1 reports the rival gallons in
each class and the gallons of the products held fixed, by reason; 97.8 percent of rival gallons

in Blue Bell’s markets are scored.

C.2 The forecast mean utility

The forecasts carry each product’s mean utility forward from the estimation window. For
each specification, let yjm: = 0jm — QPjmt — Tmontn(r) e its mean utility net of the price and
month-of-year terms through March 2015. I project yj.,; on product, DMA-retailer, and
year effects, together with the retailer-by-private-label effects in the specifications that have

them, and call the remainder éjmt. The forecast mean utility in May—August 2015 is
gjmt = Qj + Cpy + QA52015 + Rjm + QDjmt + Tmonth(t) + gjma (C.1)

where gggmg, is the year effect estimated from January-March 2015, &, is the retailer-by-
private-label effect (zero for branded products and for specifications without these effects),
Djmt is the observed 2015 price, and éjm is the product’s local residual demand. The local
residual follows an ordered rule: the mean of éjmt over January—March 2015 in market m;

if the product has no sales there in those months, the mean over its earlier months in m;
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Table C.1: Rival gallons by history class and by reason for fixing

Blue Bell markets All markets
Gallons Percent Gallons Percent

By source of the local residual
Local sales in January—March 2015 29,661,649 97.3 48,729,028 97.8
Earlier local sales only 224,458 0.7 353,590 0.7
New to the market, sold elsewhere (zero 545,151 1.8 668,477 1.3
residual)
Never sold anywhere by March 2015 48,497 0.2 82,674 0.2
By treatment
Scored 29,817,804 97.8 48,617,151 97.6
Fixed by the price checks 613,453 2.0 1,133,944 2.3

with local January—March 2015 sales 588,384 1,098,342

with earlier local sales only 2,718 3,555

new to the market 22,351 32,046
Fixed, utility or product group not 48,497 0.2 82,674 0.2
supported
Total rival gallons 30,479,755 100.0 49,833,769 100.0

Observed May—August 2015 gallons of rival products, excluding Blue Bell, under the main RC’s forecasts
with observed prices. Blue Bell markets are the DM A-retailer markets with high, medium, or low
exposure; all markets add those without Blue Bell scanner sales. The history classes and the fixed volume
depend only on the data and the scoring rule, not on the model, and the other specifications use the same
rule. The products whose utility or group is not supported are exactly those never sold anywhere by March
2015. Appendix C defines the classes and the price checks.

and zero if it has no history in m but was sold elsewhere. Every model receives the same
information under the same rule. Blue Bell is given its last observed price in the market in
January-March 2015, and its mean utility follows equation (C.1); the evaluation design uses
this Blue Bell utility and this treatment of the fixed products.

The forecast reserves observed volume for the fixed products. Let QF, be their observed
gallons and M,,; the market size. If the demand system includes a modeled subset of these
products, such as an estimated product whose 2015 price fails the checks, with aggregate
predicted share Pf

)+, the scored-product quantities are

G = (M = Qr) 75 T € T (C.2)
and the outside share is adjusted by the same denominator, after aggregation over consumer
types. The comparison thus conditions on the realized volume of the fixed products and
evaluates the responding subset, the scored products and the outside option; it differs from
a counterfactual for the whole market, in which the fixed products would also respond to

Blue Bell’s absence. Let s/ = > ez sj and so be the aggregate scored-inside and outside
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probabilities from a menu that also contains the modeled part of F. If s/ + sy + P =1,
then (C.2) implies
Zqu‘Fqu:M—QF, (C.3)
JET
which checks the reservation of fixed volume. It attributes no modeled appeal to the un-
modeled products, and the outside quantity is measured in gallons of purchase opportunities
rather than in consumers.
In the direct forecast, each forecast is computed with Blue Bell present and with it

removed, and the model’s removal effect on a group d of rival products is

Mrreet = 2@ = @™ (C4)

jed
This effect depends on two forecasts besides the substitution pattern: the rivals’ forecast
2015 shares, among which Blue Bell’s demand is divided, and the model’s forecast of Blue
Bell’s own 2015 sales, which sets how much demand there is to divide. The rescaling of
equation (17) removes the scaling by the second, and the inversion below removes the first.

Table 10 in Section 6.5 reports each model’s misplaced share at the three steps.

C.3 Residual rules for the direct forecast

Table C.2 replaces the first-quarter rule of the direct forecast with four others, each applied to
every product including Blue Bell: the mean of all local residuals from 2011 through March
2015, the local mean in the same month of 2014, the mean over October—December 2014,
and the mean over December 2014-February 2015, which leaves out March 2015, the month
of the first recall announcement. The misplaced shares move by up to 0.07, the five models
keep the same order under all five rules, and the PL-pooled nested logit has the smallest
under each, between 0.23 and 0.27. Among these five models, the RC model forecasts the
smallest Blue Bell volume under every rule, 0.46 to 0.62 of Blue Bell’s 2014 gallons, and the
December—February window, which drops March and adds December, lowers that volume
rather than raising it, so the residual window does not explain why it is small. Each row
uses the market—months in which every model’s forecast is computed under that rule, so
the order within a row compares the models on common market—months, while differences
across rows also reflect small changes in the sample. The check is limited to the residual,
because the parameters are estimated on data through March 2015 and Blue Bell keeps its
last first-quarter price under every rule.

The level the direct forecast predicts for each rival is the other input that the evaluation

design removes. In markets without Blue Bell, where nothing was removed, each model’s
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Table C.2: The direct forecast under five residual rules
NL, PL separate,

NL, NL, novelties in
Residual carried to May—August 2015 Logit PL separate PL pooled RC one nest
A. Misplaced share of Blue Bell's volume
January—March 2015 (main) 0.464 0.381 0.253 0.540 0.429
All months, 2011-March 2015 0.503 0.368 0.259 0.583 0.410
Same month of 2014 0.397 0.351 0.233 0.470 0.368
October—December 2014 0.435 0.372 0.267 0.576 0.424
December 2014-February 2015 0.455 0.387 0.243 0.560 0.437
B. Blue Bell volume, share of 201/ gallons
January—March 2015 (main) 0.836 0.776 0.670 0.623 0.663
All months, 2011-March 2015 0.736 0.746 0.647 0.461 0.662
Same month of 2014 0.865 0.786 0.652 0.617 0.699
October—December 2014 0.843 0.784 0.623 0.458 0.651
December 2014-February 2015 0.838 0.784 0.673 0.534 0.667

First step of the design (Table 10): direct forecast with observed 2015 rival prices and Blue Bell at its last
first-quarter 2015 price. RCNL and the group RC are not computed under the alternative rules. Each rule
sets the local residual of every product, Blue Bell included; a product without a local residual in the
window takes the mean of all its local residuals, and zero if it has no local history. Market-months in which
any model’s forecast fails under a rule are dropped for all models, leaving 1,200 to 1,224 market—months
with 2014 Blue Bell sales. Blue Bell volume is the forecast’s Blue Bell gallons over the same months’ 2014
gallons. Because the first row uses this table’s common market—months, it can differ in the third decimal
from Table 10, whose first step uses the 1,234 market—-months in which every model’s direct forecast solves.

error in log rival sales falls with the rival’s price change from the first quarter to the sum-
mer, and more steeply the more price-sensitive the model: the gallon-weighted slope within
market—-months is —0.5 for logit and —2.2 to —3.7 for the RC model and the nested logits.
For the rivals sold in the same market and month of 2014, 90 percent of rival gallons, replac-
ing the first-quarter residual with each rival’s own 2014 utility moved by its price change
since then lowers the gallon-weighted mean absolute log error by 20 to 28 percent and the
slope by 39 to 54 percent for every model. On Blue Bell’s market—-months the same replace-
ment raises the nested logits’ forecast of Blue Bell’s own volume by 15 to 33 percent and
their raw rival gains with it, by up to 30 percent for the PL-pooled nested logit, while the
share of the removal effect that stays among the rivals moves by about 5 percent or less
and the misplaced share by at most 0.04. The level errors of the direct forecast are thus
sensitive to the timing of the residual and remain associated with price changes, which is
why the evaluation design takes rival sales from the data and rescales each removal effect
to Blue Bell’s 2014 volume; the slope is a diagnostic of the forecast errors, not an estimate
of elasticities, because each forecast contains the model’s own price term and realized price

changes can move with unforecast demand.
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C.4 Returning Blue Bell to the observed 2015 market

For each model and market—month, the evaluation design starts from the direct forecast’s
inputs: the scored and fixed products, their observed 2015 prices, the reserved volume of
the fixed products, and the market size. It replaces the forecast mean utilities of the scored

rival products by the values 5mt that solve
N __ _obs .
djmt (5mt7 jmt \ B) - qjmt7 S Imta (C5)

the inversion that recovers mean utilities from shares (Berry et al., 1995), computed sepa-
rately for each market—month and each model with its own parameters, so that with Blue
Bell absent the model reproduces every scored product’s observed gallons. Each market—
month’s calculation checks that the world without Blue Bell reproduces the observed gallons:
across the scored market—months, the largest relative gap between the model’s and the ob-
served rival gallons is 1072 for logit, the RC model, and the nested logits, and every scored
market—-month passes the same check for RCNL and the group RC. Blue Bell’s products are
then returned with the mean utility of equation (C.1) at their last first-quarter 2015 price,
and the model’s gallons with Blue Bell present follow from the same share function. The
removal effect of equation (16) is the difference between the two worlds by product, grouped
into the six destinations. The rescaling of equation (17) divides by the model’s own Blue
Bell gallons in the market-month; a market—month in which a model predicts no Blue Bell
volume keeps a zero effect, which applies to 441 of the 155,101 scored rival rows, the same

Qremoved _ ()°6s the model’s removal effect, and

rows in every model. The prediction error
the observed year-over-year change have different reference states; the scores use only the

removal effect, compared with the observed difference in differences.

C.5 Scores

Writing eq = mg — o4 for the destination errors, P = 37;. ~o€q and N = — 3>, . _oeq, the
retention gap is T'= P — N, the part of the destination errors that cancels in the total is
A = min(P, N), and the misplaced share is L = |T'| + A = max(P, N). Because A depends
on the level of the removal effects, allocation at a fixed total is measured separately by
the allocation error of equation (21). When both normalized gain vectors have nonnegative
entries, as in the point estimates, the allocation error lies between zero and one and reads
as a share of the rival gain. Adding the remainder as a seventh destination, with model and
observed values 1 — Y gmy and 1 — Y404, gives L = 135 _|my — o0q4|. In the model the

remainder is the outside option; on the observed side it also contains new listings (about
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0.13 per Blue Bell gallon, Table 3), other fixed products, and any error in the trend. The
misplaced share reads as the share of Blue Bell’s volume placed in the wrong destination
when every destination effect is nonnegative and their sum is below one, as in the point
estimates; in bootstrap draws where an observed effect is negative or the observed total
exceeds one, the statistics keep their definitions and nothing is truncated.

Table C.3 works through the scores for one market-month with invented round numbers.
Blue Bell sold 100 gallons in the same month of 2014, and the observed removal effects on
three rivals are 40, 25, and 10 gallons, so 75 gallons stayed with the scored rivals and 25
are the remainder. Model 1 predicts effects of 50, 15, and 5 gallons. Its retention, 0.70, is
close to the observed 0.75, so its retention gap is —0.05, but it places too much on rival A;
its destination differences are 0.10, —0.10, and —0.05, its allocation error is 0.181, and its
misplaced share is %(O.25+0.05) = 0.15. Model 2 predicts 30, 20, and 5 gallons. It keeps the
rivals in about the observed proportions, with an allocation error of 0.042, but retains only
0.55, so its retention gap is —0.20 and its misplaced share 0.20. Adding the remainder as
a fourth destination gives the same misplaced share as half the sum of absolute differences
over all four destinations; because every effect here is nonnegative, it reads as the share of
Blue Bell’s volume that each model places in the wrong destination. The example shows
why I report the three statistics together: the misplaced share ranks Model 1 first, while the

two margins show that the models fail in different ways.

Table C.3: Hypothetical illustration of the scores (invented numbers, not results)

Removal effect, gallons Difference per Blue Bell gallon
Destination Observed Model 1 Model 2 Model 1 Model 2
Rival A 40 50 30 0.10 —0.10
Rival B 25 15 20 —0.10 —0.05
Rival C 10 5 5 —0.05 —0.05
All rivals (retention x 100) 75 70 55
Remainder 25 30 45 0.05 0.20
Retention gap (model minus observed) —0.05 —0.20
Allocation error (share of the rival gain) 0.181 0.042
Misplaced share of Blue Bell's volume 0.15 0.20

One market—month in which Blue Bell sold 100 gallons in the same month of 2014. All numbers are
invented for exposition. Model 1 retains nearly the observed volume but places it on the wrong rivals;
Model 2 places it in about the right proportions but retains too little.

All scores are pooled. I sum the effects over the scored market—months before dividing by
their total 2014 Blue Bell gallons, which weights each market-month by Blue Bell’s volume
in it and lets errors cancel across market-months, so the score answers where Blue Bell’s

demand went in total. A Blue Bell-volume-weighted average of losses computed market—
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month by market—-month would also weight by volume but would not let errors cancel; it
answers how well each market—month is predicted, a different question that I do not report.

Sampling uncertainty comes from resampling DMAs. FEach draw resamples, with re-
placement, the DMAs of Blue Bell’s markets and of the comparison markets, with their
retailers and months, and recomputes the comparison ratios ry4, the observed effects, and
every model’s effects at the estimated parameters. Because the draws are common to all
models, differences between models are paired, and Appendix Table C.4 reports the share
of draws in which one model has the smaller score. An unmodeled shock common to all of

Blue Bell’'s markets in 2015 would move every model’s error together.

Table C.4: Paired comparisons: share of draws in which the row model has the smaller score
NL, NL,
Logit PL separate PL pooled RC RCNL Group RC

A. Misplaced share

Logit . 0.03 0.05 0.01 0.04 0.01
NL, PL separate 0.97 . 0.07 0.89 0.05 0.97
NL, PL pooled 0.95 0.93 - 0.94 0.54 0.95
RC 0.99 0.11 0.06 : 0.05 0.99
RCNL 0.96 0.95 0.46 0.95 . 0.96
Group RC 0.99 0.03 0.05 0.01 0.04

B. Absolute retention gap

Logit . 0.02 0.03 0.01 0.03 0.01
NL, PL separate  0.98 . 0.13 0.97 0.11 0.98
NL, PL pooled 0.97 0.87 - 0.96 0.63 0.96
RC 0.99 0.03 0.04 . 0.04 0.99
RCNL 0.97 0.89 0.37 0.96 . 0.97
Group RC 0.99 0.02 0.04 0.01 0.03

C. Allocation error

Logit . 0.97 0.53 0.77 0.25 0.79
NL, PL separate 0.03 . 0.05 0.03 0.03 0.03
NL, PL pooled 0.47 0.95 - 0.60 0.33 0.62
RC 0.23 0.97 0.40 . 0.14 0.81
RCNL 0.75 0.97 0.67 0.86 . 0.87
Group RC 0.21 0.97 0.38 0.19 0.13

Share of the paired DMA-bootstrap draws in which the row model has the smaller score than the column
model, evaluation design of Section 6.1: the misplaced share in panel A, the absolute value of the retention
gap in panel B, and the allocation error in panel C. A dot marks the diagonal.
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D Household Benchmark Construction

D.1 The observed buyer-cohort benchmark

Let H contain the households that bought Blue Bell in the selection year and are on the
panel roster in the selection year, the base year, and the event year. For a rival brand b,
let G,14 and Gy 15 be gallons purchased by those households in the base and event windows,
and let Gpp 14 be their Blue Bell gallons in the base window. With reference trend g, the

net rival increment is

AGy = Gyis — 9G4 (D.1)
Net retention and the destination composition are

2 AG, AG,

R I SN

(D.2)

- I
C7YBB,14

The main benchmark uses modeled products and a common trend ¢ estimated from house-
holds in the same DMAs that bought no Blue Bell in the selection or base year; brand-specific
trends g, and the all-product rival set are sensitivity choices.

The benchmark uses 2013 as the selection year and May—August 2014 and 2015 as the base
and event windows, with a cohort of 5,429 households, 5,147 of whom bought ice cream in
May—August 2014, and 22,280 reference households. The estimated common trend is 0.964,
and within modeled products R is 0.555 with a standard error of 0.043. A cohort household
that bought no Blue Bell in May—-August 2014 adds nothing to Gpp 14 but contributes its
trend-adjusted rival change to the numerator. The destination shares in Table 5 use the
same cohort, trend, and products.

The cohort is selected on the year before the base window because selecting households
on a Blue Bell purchase in the base window would favor households whose purchases in
that window were high by chance, which mixes the removal with regression to the mean.
The same construction applied to 2012 buyers between May—August 2013 and May—August
2014 gives a net retention of —0.017, so it produces no retention when nothing is removed.
The models are not scored against this benchmark because its cohort is selected on realized
purchases, which a model counterpart would have to replicate on simulated draws before
comparing quantities.

Table D.1 compares this benchmark with the one obtained when the cohort is selected
on Blue Bell purchases in May-August 2014, the window that also measures the volume
removed. That cohort has 4,442 households, its net retention is 0.475 with a standard error

of 0.020, and its placebo is 0.006. The destination shares of the two cohorts are within 0.02
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of each other for every brand.

Table D.1: The household benchmark under two cohort definitions
Bought Blue Bell Bought Blue Bell in

in 2013 May—August 2014

Base-window ice cream buyers 5,147 4,442
Comparison households 22,280 26,109
Common trend § 0.964 0.960
Net retention, estimation products 0.555 (0.043) 0.475 (0.020)
Net retention, all ice cream 0.595 (0.046) 0.503 (0.022)
Placebo one year before —0.017 0.006
Share of the net rival increment, estimation products

Private label 0.416 (0.036) 0.414 (0.028)
Blue Bunny 0.161 (0.019) 0.170 (0.017)
Breyers 0.094 (0.016) 0.092 (0.014)
Dreyer’s 0.078 (0.015) 0.067 (0.014)
Ben & Jerry’s —0.002 (0.006) 0.005 (0.004)
H&agen-Dazs 0.017 (0.008) 0.012 (0.005)
Other brands 0.237(0.028) 0.240(0.023)

Both columns measure the volume removed as the cohort’s May—August 2014 Blue Bell gallons and the
response as the trend-adjusted change in rival gallons from May—August 2014 to May—August 2015. The
first column is the cohort of Table 5. The second selects households that bought Blue Bell in May—August
2014 and stayed on the panel roster through 2015; its comparison households are households in the same
DMAs with no Blue Bell purchase in 2013 or 2014, and its placebo uses 2013 buyers between 2013 and
2014. Standard errors from 50 whole-household bootstrap resamples.

The household bootstrap resamples complete households and recomputes the trend and
destination statistics with the same rule as the point estimate, so the standard errors reflect
uncertainty in both the ratio and the trend adjustment. When a net increment is negative,
a destination’s ¢, can be negative; it is then a signed contribution to a net change rather

than a probability of individual switching.

D.2 Robustness and detail of the benchmark

Table D.2 reports the benchmark under alternative trends. Net retention within the estima-
tion products is 0.490 without a trend adjustment, 0.580 with a trend of 0.95, 0.540 with
brand-specific trends, and 0.606 with the trend of households in the DMAs without Blue
Bell sales, against 0.555 under the common trend. The destination shares are stable across
these trends: Blue Bunny stays between 0.15 and 0.17, private label between 0.41 and 0.42,
and other brands between 0.22 and 0.24.

The same-year non-purchase comparison of Section 3 uses the control households

reweighted to the cohort’s 2014 category volume. The unweighted control is not informative
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Table D.2: The household benchmark under alternative trends

Common Brand Zero-DMA
g =0.964 g=1 ¢g=0.95 trends trend

Net retention, estimation products 0.555 0.490 0.580  0.540 0.606
Net retention, all ice cream 0.595 0.517 0.625  0.583 0.655
Placebo: 2012 buyers, 2013 to 2014 —0.017 —0.085 0.001  0.001

Share of the net rival increment, estimation products

Private label 0.416 0.410 0.418  0.417 0.420
Blue Bunny 0.161 0.171 0.157 0.174 0.154
Breyers 0.094 0.098 0.092  0.075 0.091
Dreyer’s 0.078 0.082 0.076  0.091 0.075
Ben & Jerry’s —0.002 —0.006 —0.001  0.002 0.000
Héagen-Dazs 0.017 0.017 0.017  0.019 0.017
Other brands 0.237 0.228 0.240  0.223 0.243

Same cohort, windows, and products as Table 5. The common trend comes from households in the same
DMAs that bought no Blue Bell in 2013 or 2014; g = 1 applies no trend; brand trends use each brand’s
own trend among those households; the zero-DMA trend comes from households in the DMAs without
Blue Bell sales. A dot marks a statistic not computed for that trend.

for this comparison: its rate, 0.115, lies above the cohort’s 0.095, because households that
bought no Blue Bell are lighter ice cream buyers and reweighting them to the cohort’s
volume lowers the rate to 0.101.

Table D.3 decomposes the volume that rival purchases do not replace by the households’

2015 purchase status.

Table D.3: Unretained Blue Bell volume by 2015 purchase status

Recall cohort Placebo cohort
2014 to 2015 2013 to 2014

Unretained volume, one minus net retention  0.445 (0.043) 1.017 (0.035)
Households with no ice cream purchase 0.124 (0.010) 0.093 (0.008)
Their Blue Bell volume 0.066 (0.006) 0.040 (0.005)
Their trend-adjusted rival volume 0.058 (0.006) 0.053 (0.006)
Continuing households 0.322(0.041) 0.924 (0.034)
Normal-exit benchmark 0.115(0.005)  0.102(0.005)
Excess non-purchase 0.009 (0.010)  —0.009 (0.008)
Households 5,429 5,257
Buying ice cream in the base window 5,147 4,960

Volumes per gallon of the cohort’s Blue Bell purchases in the base window, estimation products, common
trend; standard errors from the 50 whole-household bootstrap resamples of Table 5. Unretained volume
splits into the households with no ice cream purchase in the event window and the continuing households.
The normal-exit benchmark is the volume that non-purchase at the rate of the comparison households in
the same DMAs, reweighted in the five base-volume bins of the exit comparison, would remove, and excess
non-purchase is the difference between the no-purchase volume and the benchmark. Non-purchase rates are
measured among the households that bought ice cream in the base window.
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Table D.4 splits the 5,147 cohort households that bought ice cream in May—August 2014
by their 2013 Blue Bell purchases, at 1.5 and 2.5 gallons, into 3,364 light, 541 medium, and
1,242 heavy buyers. Net retention is similar across the tiers, 0.578, 0.609, and 0.537, but the
standard errors of the light and medium tiers are more than three times the heavy tier’s,
because light buyers bought little Blue Bell and the medium tier is small. Blue Bunny’s share
of the net increment relative to its baseline share is 2.7 among light and medium buyers,
against 1.4 among heavy buyers. The heavy tier is the most precisely measured. Blue Bunny
takes 0.128 of its increment, private label 0.448, and other brands 0.245.

Table D.4: Net retention, allocation, and non-purchase by buyer tier

Light

Medium

Heavy

Households
Net retention

Blue Bunny share of net rival increment
Blue Bunny share of 2014 rival basket

Ratio

Private-label share of net rival increment
Other brands’ share of net rival increment

3,364

0.578 (0.122)
0.219 (0.062)
0.082

2.7

0.365 (0.090)
0.213 (0.088)

541

0.609 (0.106)
0.210 (0.052)
0.078

2.7

0.356 (0.092)
0.242 (0.060)

1,242
0.537 (0.035)
0.128 (0.017)
0.094

1.4

0.448 (0.030)
0.245 (0.025)

Share buying no ice cream in May—August 2015 0.105 (0.005)

0.074 (0.010)

0.076 (0.008)

Ratio to same-year reweighted control 0.92 0.75 1.11

Tiers split the 5,147 households of Table 5 that bought ice cream in May—August 2014 by their 2013 Blue
Bell purchases, at 1.5 and 2.5 gallons. Same construction and common trend as Table 5; standard errors
from 50 whole-household bootstrap resamples. Non-purchase is measured among households that bought
ice cream in May—August 2014; the same-year control is households in the same DMAs that bought no
Blue Bell in 2013 or 2014, reweighted to the cohort’s 2014 category volume.

Non-purchase is highest among light buyers, 0.105, against 0.074 among medium and
0.076 among heavy buyers. Relative to the same-year control, the ratios are 0.92, 0.75, and
1.11, with no ordering by tier.

Table D.5 splits the cohort by when Blue Bell returned to its DMA and extends the
event window. In the DMAs where Blue Bell was back by November 2015, net retention
was 0.563 (standard error 0.048), against 0.554 (0.051) in the late-return DMAs, and Blue
Bunny took 0.116 and 0.187 of the increment. Extending the window for each DMA from
May to the month before its own return gives 5,337 cohort households that bought ice cream
in the longer base window, against 5,147 in May—August; over this window net retention
is 0.581 (0.038), with Blue Bunny at 0.137, private label at 0.363, other brands at 0.310,
and a non-purchase ratio to the same-year control of 0.99. The longer window changes the
households, the months, and the markets together, so its difference from the May—August
benchmark is descriptive.

Blue Bell regained a substantial share of its former buyers’ purchases while its product
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Table D.5: Net retention and allocation by return timing and window length

May—August window Window length
Early-return  Late-return May—August, May to each
DMAs DMAs all DMAs DMA’s return
Base-window ice cream buyers 1,493 3,647 5,147 5,337
Net retention 0.563 (0.048)  0.554 (0.051)  0.555(0.043) 0.581(0.038)
Blue Bunny share 0.116 0.187 0.161 0.137
Private-label share 0.390 0.428 0.416 0.363
Other brands’ share 0.266 0.221 0.237 0.310
Non-purchase ratio to same-year control 1.14 0.85 0.94 0.99

Same cohort rule, construction, and common trend as Table 5; shares are shares of the net rival increment,
estimation products; standard errors from 50 whole-household bootstrap resamples. Early-return DMAs
are those where Blue Bell was back by November 2015. The last column uses, in both years, the months
from May to the month before Blue Bell’s return to the household’s DMA, through December. The
non-purchase control is reweighted as in Table D.4.

coverage remained limited. The return series follows households that bought Blue Bell during
2014, stayed on the panel roster from 2014 through 2016, and lived in DMAs where Blue
Bell returned by June 2016, with event time measured from each DMA’s return. Among
them, Blue Bell’s share of category volume was 0.25 in the month the brand returned to their
DMA, 62 percent of its 0.40 in the same calendar month of 2014, and 0.32, 82 percent, by
the eleventh month, while the scanner data show only 20 to 35 percent of its 2014 product—
markets back on the shelf. The recovery after the return differs by tier. Light buyers returned
to 80 to 100 percent of their 2014 Blue Bell share within a few months, whereas heavy buyers
stayed at 65 to 75 percent through the twelfth month. Among the households on the roster
in all four years, Blue Bell’s share of category volume was 0.32 in 2013 and 0.35 in 2014,
fell to 0.14 in 2015, and reached 0.19 in 2016; in the second half of 2016 it remained a little
below 60 percent of its 2013 level. Between May—August 2014 and May—August 2015 these
households’ private-label share rose from 0.25 to 0.38 and their Blue Bunny share from 0.06
to 0.11.

With Blue Bell at 65 to 80 percent of its 2014 share after the return, the rivals together
sit about 15 to 20 percent above their 2014 shares (Table D.6). Private label, at 1.18 times
its 2014 share, and other brands, at 1.12 to 1.15, are near that level. Blue Bunny, at 1.56 in
the first six months after the return and 1.23 in the next six, and Breyers, at 1.4, are above
it, while Dreyer’s is at about its 2014 level. A year after the return, the cohort’s purchases

still tilted toward the mainstream branded tubs.
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Table D.6: Blue Bell’s buyers after the return

Blue Bell’s share of the cohort’s category volume, months since each DMA’s return

Return month (same calendar month of 2014: 0.40) 0.25
Eleventh month 0.32
Share of Blue Bell’s 2014 product—markets back on the 0.20 to 0.35
shelf, same months

Light buyers, share relative to 2014, first months 0.80 to 1.00
Heavy buyers, share relative to 2014, through month 12 0.65 to 0.75
Rivals’ shares relative to their 2014 shares after the return

Private label 1.18
Other brands, months 0 to 5 / 6 to 11 1.12 / 1.15
Blue Bunny, months 0 to 5 / 6 to 11 1.56 / 1.23
Breyers 14
Dreyer’s about 1.0

Blue Bell’s annual share of category volume, households on the roster all four years
2013 / 2014 / 2015 / 2016 0.32/0.35/0.14 / 0.19

The return series follows households that bought Blue Bell during 2014, were on the roster in 2014-2016,

and belonged to 2014 Blue Bell DMAs with a detected return by June 2016. Relative shares are averaged
over event months 0-5 and 6-11, retaining months observed in at least 30 DMAs. Event time is measured
from each DMA’s own return month, and the annual shares in the last panel use households on the roster
in all four years. Availability is the fraction of Blue Bell’s 2014 product—markets with scanner sales in the
same month. Rivals’ ratios compare their share of the cohort’s category volume after the return with the

same share in 2014.

D.3 Purchase occasions and annual events

The model maps the micro moments to monthly choices. A simulated consumer i keeps
its type within a DMA-year k and makes one choice in each month m = 1,...,12, and
products of different groups are exclusive within a month. Let p;,,(B) be the probability
that consumer ¢ buys a product in the set B in month m, where B is the inside goods, the
products with a given characteristic, or the products of a given group. With independent
choice shocks across months, consumer i’s expected number of purchases in B during the

year and its probability of buying in B at least once are

12 12
Li(B) = Y pim(B), A(B)=1-1] (1 _pim(B))- (D.3)
m=1

m=1

Quantity moments are ratios of sums rather than averages of individual ratios. Within a
DMA-year, the mean quantity among buyers of B is -, L;(B)/ Y., Ai(B) over the simulated
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consumers, and the moment combines markets with weights w; equal to their market size:

- Spw B[ Li(B)]

m(B) = o wr B {Az(B)}

, (D.4)

in gallons, since a model purchase is one gallon: the market size is in gallons, so each
consumer’s monthly choice is a one-gallon purchase. The observed quantity targets are in
gallons, and the price moments in dollars per gallon. Equivalently, each market’s quantity
among buyers is weighted by its market size times its buying probability. The mean quantity
of buying households uses the inside goods as B, the conditional quantities use the products
with each characteristic, and the income-group moments evaluate (D.4) within the three
income groups that also define the income shifts. The own-group moments apply (D.4) to
the products of each group g.

The cross-group rows measure how much households that buy one group buy of another.
No specification I report targets them. For an ordered pair of groups g # h, the moment is
the expected number of group-h purchases in the year among consumers who bought group

g at least once:

Yo wi B [Nihl(Nig > 1)}
>k wi B [Ai(g)}

Mgy = . E[Na1(Nig > 1)] =Y pim(h) [1 -

I1 (1= pul9)]

s#m
(D.5)
where N, is consumer ¢’s number of group-g purchases in the year. The second expression
follows because a month with a group-h purchase has no group-g purchase, so g must be
bought in one of the other eleven months. The four groups give twelve ordered pairs.

The observed targets count purchases in gallons over a year, a household enters the
conditioning set of a moment when it buys at least one gallon of the group in the year, and
it can buy several packages or brands on one trip, while the model allows one one-gallon
choice per month and conditions on at least one such purchase. The two buying events
therefore differ, and the difference matters most for moments conditioned on buying and
for event probabilities near one. The target file’'s two portfolio moments, the probability of
buying any novelty among households that buy any non-novelty product and the reverse,
are dropped for this reason: at every parameter vector evaluated the model gives 0.97 to
0.98 against a target of 0.895.

Table D.7 records the observed statistic and its model counterpart for every block.
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Table D.7: Micro moment definitions

Block Observed statistic Model counterpart

Base (12) Mean quantity of buying Equation (D.4) for the inside
households; mean quantity given goods, for each characteristic,
purchase of each of the seven and by income group; price
characteristics; middle and high paid from the same
minus low income group in probabilities
quantity and in average price paid

Income-group Middle and high minus low income Ratios of expected volumes

contrasts (8) group in premium, novelty, and and expenditures by income
private-label volume shares and in ~ group, from the same monthly
price paid probabilities

Own-group (4)  Annual purchases within each Equation (D.4) for the

group among households that buy  products of each group
the group, in gallons

Cross-group Annual purchases in group h Equation (D.5) for each
(12) among households that buy group  ordered pair

g at least once, in gallons
Recall Net rival increment of the 2013 Same selection, baseline
benchmark buyer cohort quantities, and trend rule

Targets are computed from 2011-2014 Homescan households; their covariance comes from 500
whole-household bootstrap resamples. Each simulated consumer makes one choice per month and keeps its
type within a DM A-year; moments are ratios of sums over simulated consumers, combined across
DMA-years with market-size weights.

D.4 Fit to the micro moments

Table D.8 reports observed micro moments and the available model counterparts, and Ta-
ble D.9 summarizes fit by block and estimation window. The main and demographic RC
specifications fit the eight base quantities within about 4 percent on average, and the group
RC within 8 percent. The main and demographic RC specifications overpredict the quantity
bought by buyers of cookies or mix-ins by about 11 percent, and the group RC underpredicts
that of low-calorie buyers by 11 percent. The own-group moments are missed by about 6 to
8 percent on average. The cross-group moments are missed by about 30 percent on average,
most of all premium-tub purchases among mainstream-tub buyers, which these specifications
overpredict by 97 to 112 percent. The main and demographic RC specifications reproduce

the sign of all twelve income contrasts and the group RC eleven.
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Table D.8: Household micro moments: data and model
RC,
Data RC demographic RCNL Group RC

A. Base block (targeted by every RC specification)

All ice cream, among buying households 5.49 5.32 5.35 e 5.13
Vanilla, among buyers 1.90 1.85 1.86 e 1.71
Chocolate, among buyers 2.08 2.05 2.05 o 1.93
Bulk, among buyers 3.17 3.08 3.10 ... 2.93
Low fat, among buyers 1.81 1.77 1.77 e 1.64
Low calorie, among buyers 1.87 1.81 1.83 .. 1.66
Assorted, among buyers 1.76 1.73 1.74 ... 1.66
Cookies or mix-ins, among buyers 1.07 1.18 1.18 ... 1.16
Middle minus low income, quantity —0.02 —0.06 —0.11 ... 0.06
High minus low income, quantity —0.28 —-0.36 —-0.37 .. —0.36
Middle minus low income, price paid 0.86 0.96 0.96 e 0.82
High minus low income, price paid 2.11 2.11 2.05 s 2.14
B. Own-group purchases among the group's buyers (diagnostic as shown)

Mainstream tubs 2.77 2.89 2.90 . 2.75
Premium tubs 1.22 1.31 1.31 ... 1.28
Novelties 1.67 1.56 1.58 e 1.48
Private label 2.90 2.68 2.70 e 2.50
C. Income-group contrasts (targeted by the demographic RC)

Middle minus low income, premium share 0.010  0.013 0.012 ... 0.014
High minus low income, premium share 0.021 0.029 0.028 ... 0.033
Middle minus low income, novelty share 0.026  0.024 0.025 . 0.017
High minus low income, novelty share 0.049  0.044 0.044 ... 0.035
Middle minus low income, private-label share —0.065 —0.032 —0.034 .. —0.023
High minus low income, private-label share —0.123 —0.042 —0.044 ... —0.032
Middle minus low income, price paid 0.84 1.00 0.99 .. 0.89
High minus low income, price paid 1.99 2.13 2.07 ... 2.22
D. Cross-group purchases (diagnostic)

Premium tubs, among mainstream-tub buyers 0.18 0.39 0.39 .. 0.36
Novelties, among mainstream-tub buyers 0.86 0.78 0.79 S 0.72
Private label, among mainstream-tub buyers 1.79 1.93 1.95 . 1.76
Mainstream tubs, among premium-tub buyers 2.19 2.71 2.73 . 2.47
Novelties, among premium-tub buyers 1.18 0.83 0.84 . 0.73
Private label, among premium-tub buyers 1.39 1.84 1.87 e 1.58
Mainstream tubs, among novelty buyers 2.32 2.11 2.14 ... 1.87
Premium tubs, among novelty buyers 0.23 0.36 0.36 e 0.32
Private label, among novelty buyers 1.89 2.10 2.13 e 1.82
Mainstream tubs, among private-label buyers 1.96 1.84 1.86 e 1.71
Premium tubs, among private-label buyers 0.16 0.31 0.31 o 0.28
Novelties, among private-label buyers 0.82 0.75 0.76 e 0.69

Moments of 2011 to 2014 Homescan households at each specification's estimate. Quantities in gallons per
household-year; volume shares as fractions of the income group's volume; price paid in dollars per gallon,
2019 dollars in panel C. A household buys a characteristic or a group when it buys at least one gallon of it
in the year. The groups are those of the PL-separate grouping with the novelties in one group; the group
RC targets the own-group moments on its PL-pooled groups instead, so panel B is diagnostic for every
specification shown. The cross-group moments are targeted by no specification. ...: RCNL's moments at
its estimate, not yet computed. Appendix Table D.7 gives the model counterpart of each block.
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Table D.9: Fit to the household micro moments by block

Income
Base quantities (8) Own-group (4) Cross-group (12) contrasts
Signs as
Specification Targets Mean Largest Mean Largest Mean Largest in data
Estimated on data through March 2015
RC (main) B 3.7 Cookies +10.7 6.4 Private label —-7.6 33.2 +110.0 12
RC without retailer x B 3.7 Cookies +10.7 6.4 Private label —7.7 33.1 +109.9 12
PL effects
RC, demographic B, C 3.1 Cookies +11.0 6.2 Premium +7.6 33.6 +111.5 12
RCNL B
Group RC B, O 8.4 Low calorie —11.4 7.8 Private label —13.7 29.3 +97.2 11
Full 2011-2016 window
RC (main) B 2.8 Cookies +10.8 6.3 Premium +8.6 . 12
RC without retailer x B 2.8 Cookies +10.8 6.3 Premium +38.6 . 12
PL effects
RC, demographic B, C 2.9 Cookies +10.9 6.2 Premium +38.6 . 12

“Mean” is the mean absolute percent gap between the model and the data over the block, and “Largest”
names the moment with the largest absolute percent gap and gives its signed percent gap. Base quantities:
the mean annual quantity of buying households and the quantity among buyers of each of the seven
characteristics. Own-group and cross-group moments are defined on the PL-separate groups with the
novelties in one group, against which every specification is compared, so they are diagnostic for the group
RC as well. In every specification the largest cross-group gap is on premium-tub purchases among
mainstream-tub buyers. The cross-group moments are evaluated for the specifications estimated on data
through March 2015, and a dot marks a block not evaluated. The last column counts the twelve income
contrasts (the four in the base block and the eight income-group contrasts) whose model value has the sign
of the data; their levels are in Appendix Table D.8, and their percent gaps are not reported because several
observed contrasts are close to zero. Targets: B the 12 base moments, C the eight income-group contrasts,
O the four own-group moments on the PL-pooled groups. ...: RCNL's moments at its estimate, not yet
computed. PL is private label.
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E The Supply Side

The model-price route of Section 7 solves each model’s prices with and without Blue Bell
under multiproduct Bertrand pricing. This appendix sets out the pricing problem and the

recovery of marginal costs, and it reports the diagnostics that decide where the route is
defined.

E.1 Costs, ownership, and repricing

The price calculation uses multiproduct profit maximization with the recorded ownership of
branded products and retailer ownership of private label. For an owner o and a free price
pj, the first-order condition is
G+ D (pn— Ck)g% =0. (E1)
keJo DPj
Baseline marginal costs are recovered from baseline prices and demand derivatives under this
conduct assumption, so reproducing the baseline equilibrium is an accounting check rather
than a test of conduct.
Let Jy; = 0qi/0p;, and define the ownership-adjusted matrix B with row j, column k
equal to 1{o(j) = o(k)}Ji;. At an interior baseline equilibrium, the first-order conditions

are
g+B(p—¢) =0, c¢=p+Blg, (E.2)

when B is invertible. I report negative recovered costs, extreme margins, nonnegative own-
price responses, and first-order-condition residuals as diagnostics and keep the recovered
costs unclipped.

The ownership mapping assigns branded products to recorded owners and private label
to its retailer in a DM A-retailer market. A price-solving unit may therefore differ from a
brand. When only some prices are free, let R, contain the owner’s free-price products and

IC, its fixed-price products. For j € R,,

ixed
q; + Z (pk — Ck)ka -+ Z (p£ — Ck)ka =0. (EB)
kERo keko
The final term remains even though those prices are fixed, because the owner’s objective
includes the margins on its fixed-price products. A portfolio for which no cost can be
recovered before the withdrawal keeps its observed prices.

I recover costs with the same demand construction used in the first-order conditions and
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carry them into the forecast as the local January-March 2015 means, with the fallbacks of

Appendix C.

E.2 Diagnostics of the recovered costs

Table E.1 reports, for each model, the own-price elasticity, the share of a price-induced loss
that goes to the outside option, the implied Lerner index, and the share of private-label
volume with a negative recovered marginal cost. The PL-separate nested logit recovers
private-label margins above the price, as does its variant with novelties in one nest. Their
volume-weighted private-label Lerner index is 1.83 and 1.85, and about 96 percent of private-
label volume has a negative recovered cost, so I do not compute their model-price route.
RCNL has a gallon-weighted median own-price elasticity of —4.2 and a volume-weighted
Lerner index of 0.45, against 0.41 in the RC model and 0.38 in the PL-pooled nested logit,
with 10.7 percent of its private-label volume at a negative recovered cost. The group RC’s
Lerner index is 0.45, and 0.61 for private label, with 0.5 percent of private-label volume at
a negative recovered cost. Logit recovers a negative cost for about a fifth of private-label

volume, which the forecast keeps unclipped.

Table E.1: Demand and cost diagnostics behind the model prices

Own-price Share of loss Lerner Lerner index, Private-label volume,

elasticity ~ to outside  index private label negative cost
Logit —1.87 0.49 0.62 0.85 0.209
NL, PL separate —3.41 0.17 1.00 1.83 0.958
NL, PL pooled —4.51 0.10 0.38 0.60 0.049
RC —-2.99 0.41 0.41 0.56 0.002
RCNL —4.20 0.13 0.45 0.71 0.107
Group RC —2.64 0.48 0.45 0.61 0.005
NL, PL separate, —4.66 0.13 0.97 1.85 0.959

novelties in one nest

The own-price elasticity is the gallon-weighted median of Table 7; the other columns are volume-weighted
over rival products on the same products and markets. The Lerner index covers all rivals. The share of loss
to outside is the share of the sales a product loses when its price rises that goes to the outside option.
Marginal costs are recovered under multiproduct Bertrand pricing with recorded ownership and retailers
pricing their own private label (equation (E.1)). The last column is the share of private-label volume whose
recovered marginal cost is negative; costs are not clipped.
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E.3 Welfare units

For nested logit conditional on type ¢, the inclusive value in (24) is

Z; = log (1 +3 D};ﬂ) . (E.4)
g

The expected-utility constant cancels when comparing menus under the same error normal-
ization. Fixed-price removal shrinks the menu and weakly lowers each type’s inclusive value,
and letting other prices change adds the effect of the price response. The money conversion
divides by —«;, which requires every type’s price coefficient to be negative.

If one modeled opportunity is ¢y gallons, the market contains M/qy opportunities, and
multiplying per-opportunity surplus by this number gives aggregate dollars. Welfare is com-
puted in the evaluation design’s choice system, with the fixed products at their observed
volume as in (C.2).

Table 11 reports the availability term in two units. Per gallon of the model’s own Blue
Bell volume, it divides the term in each market—month by the model’s Blue Bell gallons. Per
2014 Blue Bell gallon, it weights each market-month’s term per model Blue Bell gallon by
Vi, as equation (17) does for the removal effect. The price term, which does not scale with
each model’s Blue Bell volume, is summed over market—months and divided by Blue Bell’s
2014 gallons.

In logit and nested logit the availability term is tied to retention. Let b be the share
of purchase opportunities that Blue Bell takes when present, s, the outside share without
it, and R the share of Blue Bell’s demand that stays with the rivals. Because the outside
option is a singleton nest, the outside share with Blue Bell present is s, — (1 — R)b, and the
inclusive value is minus the log of the outside share, so the availability term per unit of Blue

Bell’s share is
1 So

|
oo 25y — (1— R)b’

(E.5)

which falls as R rises for given b, s;,, and «, and does not depend on how the retained

demand is allocated.
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F The Rival Price Decline and the Retention Bench-

mark

The observed effect of Section 3.1 estimates the left side of equation (18), the change in
rival sales between the 2015 market without Blue Bell and the market 2015 would have had
with it. The evaluation design predicts the first term on the right, the effect of Blue Bell’s
absence with the rest of the market in its 2015 state. The second term, rival sales that the
recall changed through other channels, is in the benchmark and not in the predictions. This
appendix assesses the possible magnitude of one channel, the net decline in rival prices of
Table 12, and asks how large it would have to be to change which model has the lowest
misplaced share.

The calculation is an order-of-magnitude calibration with three inputs. Rival gallons in
the scored market—-months are about 5.7 times Blue Bell’s 2014 gallons. The net decline in
rival prices is 4.4 percent. For the elasticity of total rival demand to a uniform change in
rival prices, I use an illustrative range of 0.3 to 1.4; it is a range for the calibration, not each
model’s computed elasticity. If the decline was a response to the withdrawal, the rival sales
it produced are about 5.7 x 0.044 times that elasticity, between 0.07 and 0.35 gallons per
2014 Blue Bell gallon. The range is conditional on the elasticity range and on attributing the
decline to the recall. Such a gain would sit in the observed retention of 0.77, and it moves
the benchmark for every model alike.

For this sensitivity exercise, I allocate the hypothesized price-induced gain across des-
tinations in proportion to their observed gains. This holds the observed allocation shares
fixed while lowering retention. A gain concentrated on one destination, such as Dreyer’s,
whose price fell most, or private label, need not give the same thresholds. Table F.1 lowers
the benchmark in this way and leaves the models’ predictions as they are. A specification
with PL-pooled nests has the lowest misplaced share for a benchmark above 0.591, that is,
as long as the gain attributed to the price decline is below 0.183 gallons per 2014 Blue Bell
gallon: the nested logit down to 0.770 and RCNL below that. Between 0.591 and 0.451 the
RC model has the lowest, and below 0.451, a gain above 0.324, logit does. In the calibration
above these gains correspond to elasticities of about 0.73 and 1.29. The thresholds concern
which model has the lowest misplaced share; the order among the other models changes at
other benchmarks. Lowering the benchmark brings the nested logits’ retention to or above
it and logit’s and the RC models’ closer to it, so the adjustment works in the direction of
the non-nested models.

Whether the decline was a response to the withdrawal is left open. Three facts bear on

it. The models’ own pricing simulations predict a small increase in rival prices when Blue
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Table F.1: Misplaced share when the benchmark is lowered proportionally across destinations

Benchmark Gain removed NL, NL,

retention from the benchmark Logit PL separate PL pooled @ RC RCNL Group RC
0.774 (observed) 0 0.350 0.291 0.101 0.322 0.104 0.340
0.70 0.07 0.279 0.249 0.112 0.256 0.075 0.273
0.65 0.12 0.234 0.221 0.141 0.211 0.113 0.228
0.62 0.15 0.207 0.204 0.164 0.184 0.135 0.201
0.60 0.17 0.189 0.212 0.179 0.166 0.150 0.183
0.55 0.22 0.144 0.235 0.217 0.123 0.188 0.138
0.50 0.27 0.100 0.259 0.254 0.087 0.235 0.100
0.45 0.32 0.064 0.284 0.293 0.064 0.285 0.064

Misplaced share of Blue Bell's volume, equation (22), with each destination's observed gain scaled by the
ratio of the benchmark retention to the observed 0.774 and the models' predictions unchanged. The second
column is the observed retention minus the benchmark, the rival sales attributed to the price decline,
allocated across destinations in proportion to their observed gains by assumption. The lowest misplaced
share changes from the PL-pooled nested logit to RCNL at a benchmark of 0.770, from RCNL to the RC
model at 0.591, and from the RC model to logit at 0.451. The placebo-net benchmark of Section 8 is a
different adjustment, not reproduced by this table.

Bell leaves, not a decline (Section 7.2). The decline does not increase monotonically with
prior Blue Bell exposure, unlike the gradient the pricing simulations predict: it is 6.5 percent
in the medium-exposure markets and 2.7 percent in the high-exposure ones (Table 12). And
Dreyer’s, whose price fell most among the rivals, had the gain that, of the six models, only
the PL-separate nested logit reproduces (Section 6.2). Retail prices can fall when demand
shifts toward a product: Chevalier et al. (2003) find that supermarket prices fall during
seasonal demand peaks, mainly through retail margins, so a decline is not by itself evidence
against a response to the withdrawal. The placebo-net benchmark of Section 8 is a different

adjustment, for the pre-trend rather than for the price response.
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