Essays on Sustainable Product Consumption
by
Levin Liewen Zhu

Business Administration
Duke University

Defense Date: April 2, 2024

Approved:

Carl F. Mela, Co-Supervisor

Bryan K. Bollinger, Co-Supervisor

Tong Guo

Preyas S. Desai

Ryan C. McDevitt

Dissertation submitted in partial fulfillment of the requirements for the degree of
Doctor of Philosophy in Business Administration
in the Graduate School of Duke University
2024



ABSTRACT
Essays on Sustainable Product Consumption
by
Levin Liewen Zhu

Business Administration
Duke University

Defense Date: April 2, 2024

Approved:

Carl F. Mela, Co-Supervisor

Bryan K. Bollinger, Co-Supervisor

Tong Guo

Preyas S. Desai

Ryan C. McDevitt

An abstract of a dissertation submitted in partial fulfillment of the requirements for
the degree of Doctor of Philosophy in the Department of Business Administration
in the Graduate School of Duke University
2024



Copyright © 2024 by
Levin Liewen Zhu
All rights reserved except the rights granted by the Creative Commons
Attribution-Noncommercial Licence


http://creativecommons.org/licenses/by-nc/3.0/us/
http://creativecommons.org/licenses/by-nc/3.0/us/

Abstract

In recent years, consumers and rms alike have become increasingly aware of the im-
portance of sustainability (across multiple facets, including economic, social, and envi-
ronmental dimensions) on the well-being of our planet and our communities. | focus on
investigating the determinants of demand for sustainable products and the downstream
consequences for rms. In the rst essay, | examine consumer loyalty towards sustain-
able products and show consumers on average exhibit loyalty towards sustainability claims
themselves but less towards the brand itself when the product has a sustainability claim.
| analyze theoretical implications and show greater switching between sustainable brands
can lead to lower margins for sustainable products relative to non-sustainable ones. In
the second essay, | assess the role of the \prot potential* (which is determined by equi-
librium quantity, price, and price elasticity) for sustainable products and the availability
of sustainable products in explaining large heterogeneity in sustainable product market
share in the U.S. | show prot potential is very predictive of product availability. How-
ever, even after controlling for pro t potential, | nd several demographic variables are still
predictive of sustainable product availability, indicating that managers likely use simple
demographic heuristics to make product stocking decisions that do not necessarily re ect
actual sustainable product preferences. In the third essay, | summarize the literature on
how consumers respond to products with sustainability claims. | survey rst the direct
e ect of sustainability claims on consumer demand. | next discuss research regarding the
indirect e ect of sustainability claims as informative signals, and lastly | review extant lit-
erature on the heterogeneity in consumer response. Together, these essays highlight drivers

of both consumer and rm behavior regarding sustainable products.
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1. Introduction

Consumers are showing a growing interest in products that are sustainable, but sus-
tainable products are still not widely adopted in many industries. In fact, while 73% of
consumers said they would de nitely or probably change their consumption habits to re-
duce their environmental impact (Nielsen, 2018) and over 70% of consumers say they are
willing to pay a price premium for brands that o er products with sustainability attributes
that are very important to them (Haller et al., 2020), overall demand for sustainable prod-
ucts remains relatively low. In the context of consumer packaged goods (CPG), sustainable
products accounted for just 17% share of all products sold in 2018, albeit an increase from
14% in 2013 (Kronthal-Sacco et al., 2020). The large gap in consumers' positive stated
sentiment towards sustainability and actual market shares warrants further analysis of the
drivers of sustainable product consumption. What are the determinants of consumer de-
mand of sustainable products? What drives rms to make sustainable products available?
Do the factors that in uence sustainable product demand enhance or detract from rms'
motivations to supply sustainable products in the market? In my dissertation, | examine
speci cally the impact that sustainability claims (e.g., \Rainforest Alliance", \Fair Trade",
\USDA Organic", \Certi ed B Corporation", etc.) have on consumer demand when shown

on product packaging, and how that may in uence rm behavior.
1.1 Loyalty in Sustainable Product Choice

My rst essay (\Loyalty in Sustainable Product Choice") investigates how sustain-
ability claims a ects consumer loyalty to sustainable products. The goal of this essay is
to examine whether consumers exhibit di erent dimensions of loyalty towards sustainable
products compared to non-sustainable ones and the implications for rm pricing and provi-
sioning of sustainability to consumers. Speci cally, | di erentiate between two dimensions
of loyalty. First, consumers may exhibit brand loyalty, which | de ne as purchase of a
product that shares the brand name as the previous purchase. Second, consumers can also

show loyalty towards the set of either sustainable products or non-sustainable products,



which the literature refers to as form loyalty. To measure these two aspects of loyalty,

| use a household-level purchase panel dataset of over 60,000 households observed over 7
years in 5 di erent product categories. | augment this data with weekly store-level scan-
ner data across more than 25,000 stores in the US to construct each household's product
consideration set and corresponding marketing variables (including price and promotion)
for every store trip made by each household. | also collect sustainability claims informa-
tion for every product in the dataset to discern which products are sustainable and which
are not. Using a linear probability model with exible household-product xed e ects, |

nd that consumers have high form loyalty for products with sustainability claims (high
\sustainability loyalty"), but low brand loyalty for such products (low \sustainable brand
loyalty").

The nature of consumer loyalty has consequences for rm competition. Lower brand
loyalty to sustainable products may increase competition between rms in the same market,
leading to decreased prices and margins for sustainable products in equilibrium. | concep-
tualize low sustainable brand loyalty as lower brand switching costs in a theoretical model
to analyze rm implications. Speci cally, | analyze a model with two consumer segments,
one with higher preferences for sustainability than the other. The high sustainability pref-
erence segment experience lower transportation costs (i.e. switching costs) when choosing
products from di erent rms. | model two rms that each o er two products, one targeted
to each preference segment, though consumers are free to choose either product.

In contrast to the past theoretical literature on market segmentation, | nd that greater
switching between sustainable brands increases price competition and diminishes the mar-
gins for high sustainability products. | also nd cases when the relationship between the
relative di erences between the preferences for sustainability and the transportation costs
of the two consumer segments lead rms to set sustainability levels that di er from the
consumer-preferred levels (consumer-preferred meaning the sustainability levels consumers
would choose if the products were priced at marginal cost). When both the preferences for

sustainability and brand loyalty (captured in the transportation costs) di er little between
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the two consumer segments, prices, margins, and sustainability levels are only slightly
higher for the high sustainability product compared to the low sustainability product.
Owing to its lower price and similar sustainability levels relative to the high sustainability
product, the low sustainability product becomes more attractive to the high sustainability
preference segment. However, since the high sustainability product has higher margins,
rms di erentiate the high and low sustainability products to prevent cannibalization by
decreasing the sustainability levels of the low sustainability product below the consumer-
preferred levels of the low sustainability preference segment.

However, when preferences for sustainability are similar for each consumer segment
but brand switching is much higher among the consumers with a high preference for sus-
tainability, price competition across the high sustainability products reduces prices (and
margins) such that the high sustainability product has lower margins than the low sustain-
ability product. When prices of the high sustainability products decrease enough to make
the low sustainability preference consumers want to switch to the high sustainability (and
lower-margin) product, rms are incentivized to increase the sustainability levels (from the
consumer-preferred levels) and prices of the high sustainability products to di erentiate
the products and prevent this cannibalization.

From a managerial and societal perspective, the results of this essay have two important
implications. First, more switching between sustainable brands means reduced margins for
sustainable products. This can make it more di cult for the entry of sustainable products.
While 1 do not explicitly model product entry, | nd some support for this in the data { in
the category in which brand and form loyalty are similar for sustainable and non-sustainable
products, there are relatively more sustainable goods sold than in categories with higher
form loyalty and lower brand loyalty for sustainable products. Second, | consider two cases
in the theoretical model that result in sustainability levels that di er to the consumer-
preferred levels. In the case with decreased sustainability levels for the low sustainability
product, rms supply products that are less sustainable in equilibrium. On the other hand,

when sustainability levels are increased for the high sustainability product, prices are also
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increased, making it harder for consumers to purchase sustainable products. This latter
nding is novel to the prior literature in market segmentation, which shows rms do not set
quality levels (the analog to sustainability levels in our setting) of higher quality products
above the consumer-preferred levels and only decrease the quality levels of the lower quality

products.

1.2 Sustainable Product Pro t Potential and Availability

In my second essay (\Sustainable Product Pro t Potential and Availability"), | examine
whether sustainable product pro t potential, which is determined by equilibrium quantity,
price, and price elasticity, can explain geographic heterogeneity in sustainable product
availability observed across the U.S. If so, then the results would suggest underlying con-
sumer preferences (which are captured in the optimal rm pro ts) are being adequately met
by the supply of sustainable products, suggesting sustainable product growth can be at-
tributed to demand-side preferences. If not, then it is of managerial importance to identify
geographic areas or demographic groups where rms can earn higher optimal pro ts from
sustainable products but are currently not meeting the underlying demand with su cient
supply.

First, | estimate price elasticities for all products in all counties for which enough data
is available. | obtain weekly store-level retail scanner data in three product categories (six
subcategories) across ve years, supplemented with sustainability claims information for
each UPC, as in my rst essay. | estimate price elasticities in two stages. First, | implement
a exible xed e ects regression of logged quantity on logged price and control variables,
allowing for product-specic price coe cients. | estimate a separate regression for each
subcategory, county, and store format (e.g., grocery stores or mass merchandiser stores) in
the data for a total of over 22,000 regressions resulting in over 565,000 own-price elasticity
estimates in our preferred regression speci cation. In the second stage, | shrink the own-
price elasticity estimates using Empirical Bayes. Using this approach, | obtain a posterior

expectation of the true underlying price elasticity for each product in every county and



store format. | compare the distribution of elasticities of sustainable and non-sustainable
products and nd, across ve of six subcategories, sustainable products have less negative
(more inelastic) price elasticities.

Combining the estimated price elasticities with observed prices and quantities, | com-
pute a \prot potential" index for each product, county, and store format. | regress the
computed pro t potential on demographic variables and sustainable interactions to mea-
sure how demographic variation a ects the pro tability of sustainable products. | nd
greater prot potential for sustainable products in more democratic and higher income
areas, suggesting areas where rms may bene t from sustainable product entry. | also nd
some demographic variables, such as the percentage of white population in a county, to
not be predictive of pro t potential but are predictive of product availability. This implies
rms can still be just as pro table entering into low white population counties, where sus-
tainable products are less available. This suggests that certain demographic factors may
be over-utilized in deciding where to make sustainable products available, and highlighting
an opportunity for rms to launch sustainable products in markets with less stereotypical

consumers of sustainable products.

1.3 An Indirect Utility Framework for Consumer Response to Sus-
tainability Claims: A Literature Review

In the third essay of my dissertation (\An Indirect Utility Framework for Consumer
Response to Sustainability Claims: A Literature Review"), my objective is to review the
existing literature regarding consumer response to sustainability claims. | survey three
components that may in uence the e ect of sustainability claims: 1) marketing instru-
ments, such as the sustainability claim itself and its interaction with price, which directly
a ect consumer demand; 2) product attributes, such as functional performance and sus-
tainability levels, which are informed by the presence of a sustainability claim and allow
these claims to indirectly a ect demand; and 3) individual-level taste parameters for the

former two components, in other words consumer heterogeneity.



The extant literature shows generally positive main e ects of sustainability claims but
inconclusive results regarding price elasticities of products with such claims. Researchers
have shown sustainability claims can be an informative instrument for learning about
product sustainability itself, but highlights a trade-o between sustainability and e cacy.
With respect to consumer heterogeneity, the literature observes consumer response to sus-
tainability claims depend on attitudes, personality traits, and social factors, more so than
socio-demographics. Throughout this third essay, | outline opportunities for future research

to bolster the existing literature on sustainable product consumption.



2. Loyalty in Sustainable Product Choice
2.1 Introduction

Sustainable products have shown a substantial increase in market share in consumer
packaged goods (CPG) in recent years, contributing to 50% of growth across the industry
in the US (Frey et al., 2023; Kronthal-Sacco et al., 2020). However, as of 2018, sustain-
able products still have relatively low market shares of 16.6% on average across 36 CPG
categories (Kronthal-Sacco et al., 2020). While it is well-documented that consumers show
increased willingness-to-pay (WTP) for sustainable products (Bastounis et al., 2021; Pot-
ter et al., 2021; Tully & Winer, 2014b), the \green gap" between consumers' WTP and
actual sustainable consumption remains an active area of research. The existing literature
on consumer demand for sustainable products largely focuses on the e ect of sustainabil-
ity on product preferences either between individuals or at the market level (Zhu, 2023).
In this paper, we investigate within-individual purchase patterns of sustainable products,
where we de ne \sustainability” as in uencing or potentially in uencing the health and/or
welfare of humans, animals, or the environment. In particular, we examine consumer
loyalty, or the tendency to make a repeat purchase, towards sustainable products as a po-
tential determinant for sustainable product demand. Combining household-level product
purchase histories and product-level sustainability claims information in ve CPG cate-
gories, we nd consumers generally exhibit high loyalty towards sustainable products as a
whole (high \sustainability loyalty") but not towards sustainable brands individually (low
\sustainable brand loyalty").

To better understand the interaction between rms and consumers given our descriptive
ndings, we analyze a stylized model of market segmentation and product line design of
competing rms, building on Desai (2001). In his work, consumer valuations for \quality",
or any \more-is-better" vertical attribute, are positively correlated with consumer \trans-
portation costs," or the disutility from substituting to products that are further away from

one's horizontally di erentiated tastes. In the context of sustainability, however, we nd



descriptive evidence that sustainable products (i.e. high on the vertical dimension of \sus-
tainable™) have lower brand loyalty than non-sustainable products. To this end, we adapt
the duopoly model of market segmentation introduced in Desai (2001) and make a mod-
i cation such that consumers with high valuations of sustainability have low (instead of
high) transportation costs, analogous to the lower brand loyalty we nd in our empirical
analysis.

Our modi ed model yields important implications for rms in terms of pricing and
pro t margins not previously explored in this literature. We show low sustainable brand
loyalty leads to increased price competition and potentially lower margins among the high
(compared to low) sustainability products, where earlier work shows higher quality prod-
ucts always earn greater margins. One implication is that diminished margins can lower
incentives to supply sustainable products, suggesting a potential supply-side barrier to sus-
tainable market share. Furthermore, one of the standard results from prior work in this
literature shows rms are incentivized to distort quality downwards for the low quality
segment products to prevent cannibalization, when high valuation consumers nd it better
to switch to the low quality product because of its low price (Desai, 2001; Katz, 1984;
Moorthy, 1984; Mussa & Rosen, 1978). Conversely, we show in our setting a reverse of this
cannibalization problem. When sustainable brand loyalty is so low that price competition
drives margins for sustainable products to be lower than that of non-sustainable products,
rms may actually increase sustainability levels (and prices) above what is preferred by
consumers in order to prevent those who would normally buy the non-sustainable product
from switching to the sustainable and lower-margin counterpart.

In addition to making a theoretical contribution, this work ts within the broader em-
pirical literature on the determinants of consumer demand for sustainable products. Much
of this literature shows an increased willingness-to-pay for sustainable products across a
wide variety of categories and sustainability claims, most often employing a choice exper-
imental design (Bastounis et al., 2021; Potter et al., 2021; Tully & Winer, 2014b). Field

experiments and observational studies at the retail level also show a generally positive
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e ect on sales when sustainability labels are introduced to product packaging or to store
shelves (Daunfeldt & Rudholm, 2014; Elofsson et al., 2016; Hainmueller & Hiscox, 2015;
Hainmueller et al., 2015). In contrast, the literature has also investigated various factors
that might deter sustainable purchases, including lower expectations about functional per-
formance (Luchs et al., 2010; Newman et al., 2014), perceptions of rm motivations for
adopting sustainable (Edinger-Schons et al., 2018), lack of information (Camilleri et al.,
2019; Johnstone & Tan, 2015), and the importance of other product attributes such as
price and nutrition (Grunert et al., 2014; Young et al., 2009; Zanoli & Naspetti, 2002).
Our study contributes to the growing list of research on the viability of sustainable prod-
ucts by documenting the degree to which consumers exhibit loyalty towards sustainability
in general and between sustainable brands.

We additionally make a substantive contribution to the rich literature in marketing
and economics on consumer loyalty. Much of the existing work in this literature focuses
on the identi cation of structural state dependence, or loyalty that is caused by a previous
purchase rather than a underlying consumer preferences, mostly for brands themselves
though some do explore other attributes such as product size (e.g. B. Bronnenberg and
Dule, 2016; B. J. Bronnenberg et al., 2012; Duke et al., 2010; Erdem and Keane, 1996;
Guadagni and Little, 1983; Shin et al., 2012). This literature nds consumer preferences,
quality beliefs, learning, and past experiences can all contribute to inertia for brands.
Though we do not disentangle the speci c drivers of consumer loyalty for sustainability in
this work, we do show households in our sample exhibit high loyalty to sustainability in
general, controlling for both brand preference and brand loyalty.

The rest of the paper is organized as follows. Section 2.2 describes our data and
Section 2.3 provides empirical evidence of high sustainability loyalty and low sustainable
brand loyalty. Section 2.4 outlines the modi ed model of market segmentation and product

line design. We summarize our results and discuss implications in section 2.5.



2.2 Data

We obtain two main sources of data to empirically identify loyalty for sustainable vs.
non-sustainable products in the context of consumer packaged goods. First, we utilize a
household purchase panel data set that enables us to observe purchases over multiple trips
within a household. We supplement the household purchases data with aggregate weekly
store-level retail scanner data to construct each household's consideration set. Second,
we collect sustainability claims information for each product in order to determine which

products purchased are sustainable.

2.2.1 Purchase Data

The purchase data we use in our analysis, provided by Information Resources, Inc.
(IRD), consists of both individual household purchases as well as aggregate store-level scan-
ner data. The household-level data forms the basis of the choice panel and provide within-
individual across-time purchase histories, while the aggregate retail scanner data provide
weekly market-level data that we use to construct each household's per-trip consideration
set. We obtain data for ve product categories, ground co ee, frozen entrees, refrigerated
yogurt, liquid laundry detergent, and disposable diapers, from the years 2015 to 2021 (ex-
cept for frozen entrees, for which we only obtain data from 2017 to 2021). We selected
these categories to include both edible and non-edible products, as well as a wide range
of sustainability claim types, which we discuss in detail in section 2.2.2. These categories
also represent varying levels of sustainable market shares, ranging from 4% for disposable
diapers of national revenues to 61% for refrigerated yogurt in the time period of our study
(see Table 2.2).

To identify brand and form (where \form" refers to sustainable vs. non-sustainable)
loyalty, we require within-household purchases across multiple trips. We obtain the pur-
chase histories of a panel of 256,087 households spanning 49 states and 2,990 counties who
made purchases in the ve categories in our study from 2015 to 2021. Households in the

panel record individual product purchases using a handheld scanner or mobile application
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after each trip to a store outlet (including grocery, club, convenience, dollar, drug, and mass
merchandiser stores). These data include the universal product code (UPC) for the specic
product purchased, the unit price, the number of units purchased, the date of the trip, the
store outlet type, and an anonymized store chain identi er (a store-speci c identi er is
not provided, for anonymity purposes). For each UPC, we observe also its IRI-designated
brand name, category, a description of the product, its volume (in ounces, or counts for
diapers), avor or scent, and an organic ag which we use to supplement our sustainability
claims data (see Section 2.2.2). The brand names provided by IRI are fairly granular and
we manually code a \parent" brand for each product (for example, the IRI dataset uses
brand names such as \Starbucks", \Starbucks Co ee", \Starbucks Golden Smores", etc.,
which we group together under the parent brand \Starbucks"). Unless stated otherwise,
we use the term \brand" to refer to the \parent" brand instead of the IRI brand for the
remainder of the paper.

While the purchase data is at the UPC-level, which corresponds to a speci c combina-
tion of brand, size, avor, packaging, or other product attributes, our empirical analysis
focuses on \products", which we de ne as all UPC's sold by a parent brand within a prod-
uct form (either sustainable or non-sustainable). Henceforth, we will use \product" to

describe this level of aggregation of items sold, unless explicitly stated otherwise.

2.2.1.1 Household Selection

To ensure our household sample is representative of those who are frequent shoppers
of CPG in the retail setting, we restrict the households in our main empirical analysis to
those we observe an average of at least two shopping trips (in any product category, not
just the ve we focus on in our study) per 30 days. For each category, we further select
the households that are \regular" consumers of the category by rst ranking households in
descending order by their total category expenditure and identifying the households that
make up 80% of cumulative spending in the category among the full set of households.

We then keep all households that have at least as many trips with a category purchase as
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the \last" household (in terms of category spend) in the top 80% set. Lastly, as we will
discuss in detail in Section 2.3, we construct price and promotion indexes for the products
in an individual household's trip-level consideration set by taking a weighted average of
within-product UPC price and promotion using the number of units purchased within a size
group (more details in Section 2.3.2) from their previous 5 trips to the category as weights.
Therefore, we also require a minimum of 6 trips, regardless of the minimum established in
the previous step. After applying these restrictions, we retain 64,298 households from 49
states and 2,574 counties.

Table 2.1 summarizes the overall purchase patterns of the nal sample of households
within each of the ve product categories we study. The average household in each of the
selected samples per category makes several trips to purchase within the category across the
time period of our study (5 years for frozen dinners, 7 years for all other categories), ranging
from an average of 21.84 trips for households purchasing disposable diapers to 74.83 trips
for households purchasing refrigerated yogurt. Households in our sample typically purchase
multiple UPCs from multiple brands (between 2.76 brands on average for disposable diapers
and 13.06 for frozen dinners) across their full purchase histories in our data, suggesting
households do try multiple products within a category. On the other hand, households
on average purchase less than 2 UPCs or brands duringach trip, suggesting variety in
purchases occurs over time instead of at each individual purchase occasion. Taken together,
these household purchase summary statistics suggest there are both su cient observed trip
occasions and enough variety in brand purchases within households to identify switching

behaviors across brands.
2.2.1.2 Consideration Set

We supplement the household purchase panel with aggregate retail scanner data at the
weekly store level in order to construct an individual household's consideration set. This

data includes weekly dollar and unit sales of 35,162 individual UPCs (2,380 brands and

2,627 products) from 26,018 stores across 2,447 counties encompassing all 50 states, District
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Table 2.1: Household Purchase Summary Statistics

Frozen Dinners Disp. Diapers Ground Coffee Lig. Laundry Det. Ref. Yogurt

Households 29,829 3,085 22,873 24,063 38,987
Household Averages
Trips 55.81 21.84 35.82 25.77 74.83
Lifetime UPCs 44.65 12.60 13.27 13.63 43.39
Lifetime Brands 13.06 2.76 5.09 4.34 7.95
Trip Averages

UPCs 1.97 1.14 1.08 1.07 1.79
Brands 1.38 1.05 1.03 1.03 1.17
Volume 2.48 75.25 1.66 6.82 2.19
Volume Per UPC 1.26 65.86 1.54 6.38 1.22
Volume Per Brand 1.79 72 1.61 6.62 1.86
Dollar Spend 8.55 18.55 8.13 7.61 4.93
Price (Per Volume) 3.46 0.25 4.89 1.11 2.26

of Columbia, and Puerto Rico. When considering only the counties in which the households

in our sample reside, we observe 25,570 stores across 2,250 counties, fewer counties than
the 2,574 counties in the selected sample of households. As such, there is some loss of
data when merging the household purchase data and the consideration set data, though
the missing counties are mostly counties with small populations.

The set of product features at the UPC level that we observe in the retail scanner
data is the exact same as that for the household purchases. For each store, we observe
the store outlet type (the outlet types in the retail scanner data are grocery, club, and
mass merchandiser stores), the county and state the store is located in, and a unique
(anonymized) store identi er. Unlike the household-level purchase data, we only observe
a store identi er, but we do not know the chain to which the store belongs. Since the
household-level purchase data does not include a store identi er for anonymity reasons,
we are unable to use the exact competing prices in a household's consideration set at the
store (or even chain) level. As we outline in Section 2.3, our empirical analysis uses a

county-level price index instead.
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2.2.2 Sustainability Claims Data

We create a manually-coded dataset of sustainability claims for all products in the focal
product categories at the UPC-level by individually examining claims on product packag-
ing to create a dataset of sustainability claims encompassing all UPCs in our data. We
supplement these claims data with information from Label Insights and the aforementioned
organic indicator provided by IRI. For further details regarding the method of classi ca-
tion, see Kronthal-Sacco et al. (2020). Figure A.1 in Appendix A.1.1 displays examples
of products with sustainability claims on their packaging in the categories we study. The
sustainability claims we observe for each UPC are generally time-invariant for the period
under study except for one instance of reclassi cation in the year-change from 2019 to 2020
for each of the categories with the exception of frozen dinners. While the e ect of addition
or removal of sustainability claims to existing product packaging on consumer demand and
subsequent rm implications is an interesting avenue of future research, we do not investi-
gate this phenomena within the scope of our descriptive analysis and treat sustainability
claims as exogenous.

Table 2.2 displays the number of UPCs and brands within each of the categories that
either have or do not have sustainability claims on their product packaging, as well as the
market shares of products with sustainability claims nationally. A breakdown of di erent
sustainability claims and corresponding number of products is given in Table A.1. Products
with sustainability claims are a minority of available products nationally in all categories in
our study. In terms of individual UPCs, sustainability-labelled refrigerated yogurt products
are most prevalent (31% of all UPCs) while sustainability-labelled frozen dinner products
are least prevalent (10%). When comparing products, liquid laundry detergent has the
highest prevalence (37%) compared with frozen dinners (10%). In terms of sustainable
market shares, frozen dinners, disposable diapers, and liquid laundry detergent categories
all have less than 10% national shares in any metric (revenues, volume sales, or unit sales).

Ground co ee has a relatively greater market share for sustainability-labelled products,
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while refrigerated yogurt has the highest sustainable market share in our data and is the

only category in our study with greater than 50% of market share (in all three metrics).

Table 2.2: Sustainability Claims Summary

Frozen Dinners Disp. Diapers Ground Coffee Lig. Laundry Det. Ref. Yogurt

Non-Sus. (UPCs) 7,378 (89%) 4,046 (74%) 7,309 (78%) 2,909 (85%) 6,484 (69%)
Sus. (UPCs) 935 (10%) 1,448 (26%) 2,075 (22%) 514 (15%) 2,954 (31%)
Non-Sus. (Products) 798 (90%) 41 (72%) 866 (80%) 105 (63%) 233 (69%)
Sus. (Products) 88 (10%) 16 (28%) 308 (20%) 63 (37%) 109 (31%)
Sus. Market Share
Revenues 6.6% 4.0% 17.1% 4.9% 61.0%
Volume 3.3% 2.7% 9.9% 4.2% 50.2%
Units 5.4% 3.6% 14.2% 4.5% 52.6%

2.2.3 Sustainable Purchases

We merge the household purchase data with the sustainability claims data to analyze
household-level purchases of sustainable products. Figure 2.1 shows the empirical cumula-
tive distribution of the proportion of purchases made by each household that are sustainable
for each year in our data, with darker colors indicating later years. In four of the ve cat-
egories we study, a majority of the households (over 75%) in a given year do not purchase
sustainable products at all. The only category with a majority of households buying sus-
tainable at least some of the time is refrigerated yogurt, with under 25% of households who
don't buy sustainable in a given year. With market shares of sustainable products generally
low, as shown in Table 2.2, the relative proportions of sustainable-purchasing households
is not surprising. On the other hand, there is also a small proportion of households in
each category that only purchase sustainable products in a given year. In between these
two extremes, there is still substantial heterogeneity in the level of sustainable purchases
among households in our data. Since not all households purchase both sustainable and
non-sustainable products, it should be noted that we rely on a smaller subset of house-
holds to identify substitution patterns betweensustainable and non-sustainable products.
With the average household purchasing several brands within each product category as

noted in Table 2.1, this issue is less severe when identifying substitution patternsvithin
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sustainable or non-sustainable products.

Observing the di erent colored lines in Figure 2.1 (later years are represented by darker
lines), we see a shift in the distributions of household sustainable spending over time
in each of the product categories. For frozen dinners, disposable diapers, and ground
co ee, the distribution of sustainable spending in the later years approximately rst-order
stochastically dominate the earlier years, indicating that a growing number of households
are shifting their purchases towards being more sustainable. The same can be said for
refrigerated yogurt up until 2019, though the change in trend after 2019 could be due to
the reclassi cation of sustainable products on the year-change between 2019 and 2020. For
these four categories, the pattern of FOSD in later years suggest that part of the growth
in sustainable market shares can be attributed to an increasing number of households who
purchase sustainable products (i.e. the extensive margin).

On the other hand, for liquid laundry detergent, there is a clockwise rotation in the
distribution over the years, so that there are both a greater number of households who
purchase no sustainable products and a greater number of households who purchase only
sustainable products in the later years of the sample period. This suggests that growth for
sustainable products in this category may be driven more by increased purchases of the
more loyal households to sustainability (i.e. the intensive margin).

Overall, the yearly trends in household-level sustainable purchasing patterns show
households are shifting their sustainable purchases over time. In the next section, we in-
vestigate the extent to which sustainable (and non-sustainable) purchases can be predicted

by the brand and form of previous product choices.

2.2.4 Household-Level Data
While we primarily focus on analyzing the overall e ects of sustainability on both brand
and form loyalty, we also explore the extent to which consumer heterogeneity also a ects

loyalty. It is of substantive interest managerially to understand whether or not di erent

consumer segments may be more or less likely to be brand loyal to sustainable products
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FIGURE 2.1: Empirical CDF of Household Proportion of Purchases That Are Sustainable

or form loyal to sustainability in general, helping to predict which markets or consumer
groups may be better suited for sustainable products.

To this end, we obtain both demographic and psychographic data for the speci ¢ house-
holds in our consumer panel. Speci cally, we observe demographic variables including in-
come group, age group and education levels of the female and/or male head(s) of household,
the urbanicity of the households' place of residence, and the number of children. Figure
2.2 shows the distribution of these variables across the households in our purchase panel.
Around half of the households in our panel are in income groups earning more tha#70,000,
most heads of households skew older in age group (the modal age group is 65+), and most
heads of households have at least some college education. The households in our panel also
typically live in more urban areas, with the modal household living in A counties, followed

by B counties. A majority of households in our data have no children living at home.

1 The A, B, C, D county classication comes from Nielsen, where A counties are the largest in
population and D counties are the smallest in population. See https://microsites.nielseniq.com/cpg-
dictionary/dictionary/county-sizes/ for more details.
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While demographics likely do play a role in sustainable consumption in some arenas,
its explanatory power is generally low, and the literature has highlighted the importance
of considering also psychographic di erences across consumers (Chatzidakis & Lee, 2013;
Diamantopoulos et al., 2003; Ngobo, 2011). For example, health and nutritional prefer-
ences have been shown to be strong predictors of sustainable behavior in previous research
(Grankvist & Biel, 2001; Hughner et al., 2007; Schleenbecker & Hamm, 2013; Verain et al.,
2012). To supplement our demographic data, we obtain health-related survey responses
from IRI's MedPro ler survey, an annual opt-in survey containing over 100 Likert-scale
guestions from a subset of the households in our panel. The full list of questions we use

from the survey are provided in Table A.14 in Appendix A.1.4.

FIGURE 2.2: Demographic Distributions Across Households
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2.3 Empirical Analysis

To examine whether the brand or form (sustainable vs. non-sustainable) of a previous
choice predicts current choice, we employ a linear probability model of product purchase
with state dependence terms for both brand and form of the previous product purchase,
as well as interactions with a sustainable indicator, as regressors. We use xed e ects to
control for household and product heterogeneity and time-varying preferences for individual
products across households. The results from this analysis show that a sustainable purchase
in the previous trip positively predicts a repeat purchase of a sustainable product, indicative
of high sustainability loyalty, for four of the ve product categories, and no statistically
signi cant di erence in form loyalty for the other category. In contrast, there is no increase
in likelihood for repurchasing the same brand that is sustainable across three of the ve
categories in our study, even though there is an increase in repeat purchase of a brand if
the focal product were non-sustainable across all categories, indicative of low sustainable

brand loyalty compared to non-sustainable brand loyalty.

2.3.1 Econometric Speci cation

For each household and trip t, we model the choice for a productj as follows:
Yijt = |—it}trand(bbrand+ bbrand susl(formj = SUS))

+ L{ﬁrm(bform'*' B form susl(formj = Sus))
(2.1)
+ Xiit( o+ 11(form = Sus))

+aj + tiw + Hj,
where yjj; is a purchase indicator that equals 1 if household purchases productj at trip
occasiont and 0 otherwise, L™ and L™ are state dependence indicator variables for
whether the focal product j matches the household's previous purchase in either brand or
form, respectively, Xjj; is a vector of control characteristics including price and promotion
of a product j in the week of trip occasiont, 1(form; = Sus) is a sustainability indica-

tor equal to 1 if the product j has a sustainability claim and O otherwise, and#j is an
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unobserved error term. The household-by-product xed e ect a; is included to control
for each household's baseline probability of purchasing each produgt We also include
a week-by-product xed e ect t;, which captures national-level purchase trends of each
product over time, which subsumes category-level trends for sustainability in general.

The main coe cients of interest are (bprand, bform ), the main e ects of a focal prod-
uct j matching on either the brand or form of the purchased product from the previous
trip, and (bprand  sus. Pform  sus.), the respective interaction e ects with the sustainabil-
ity label indicator. Put dierently, (bprand,bform) measures brand and form loyalty for
non-sustainable products, while the sumsbprang + bprand  sus., Pform + bform  sus) Mea-
sures brand and form loyalty for sustainable products, i.e. sustainable brand loyalty and
sustainability loyalty. A positive di erence in form loyalty between sustainable and non-
sustainable products would indicate high sustainability loyalty, while a negative di erence
in brand loyalty between sustainable and non-sustainable products would indicate low
sustainable brand loyalty. The coe cient vectors ¢ and 1 represent the main e ects
of control variables in Xj;; and their interaction e ects with the sustainability indicator,
respectively.

The brand (form) loyalty coe cients are identi ed by the amount of brand (form)
switching across consecutive trips within each household. That is, only households for
which we observe switching (either between brands or between product forms) contribute
to the identi cation of these coe cients. This means households who purchase only non-
sustainable or only sustainable do not inform our estimates for form loyalty. As alluded
to in Section 2.2.1, these households account for a majority of households in four of the
ve product categories (the exception is refrigerated yogurt). Since most households do
purchase multiple brands within a product category, identi cation of the brand loyalty
coe cient utilizes more variation in the data. However, as with form loyalty, the additional
e ect of sustainability on brand loyalty ( bprand  sus) also relies on households who do
purchase some sustainable products (which we show in Figure 2.1).

We brie y discuss here certain advantages and disadvantages of the linear probability
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model compared to familiar discrete choice models such as the logit. While the linear
probability model presents some drawbacks in its assumptions of linearity, the simple form
allows us to include exible household-product xed e ects (the a;'s) to account for house-
hold baseline preferences for each product. In a logit framework, speci cations allowing for
household xed e ects are often estimated using a conditional logit; however, estimating
this requires simulating all possible orderings of choicesy(;;) without changing the right
hand side variables (Chamberlain, 1980; Hamerle & Ronning, 1995). When there are state
dependence terms in the right hand side that are a ected by the ordering of choiceg;;;, the
estimation procedure becomes invalid. Alternatively, a mixed logit can be estimated with-
out this issue arising but requires distributional assumptions on the household intercepts
(such as following a normal distribution or mixture of normals) instead of fully exible in-
tercepts. For these reasons, we prefer the simplicity and exibility of the linear probability

model.

2.3.2 Estimation Details

Before moving on to the results of the analysis, we provide additional details about the

steps we take in constructing the data we take to the model in(2.1).

2.3.2.1 Construction of the Trip-Level Consideration Set

As mentioned in Section 2.2.1, the construction of the consideration set utilizes the ag-
gregated weekly store-level retail scanner data. Within each state, we identify the brands
that cumulatively make up at least 80% of revenue share when sorted in descending order
by total revenues, and we group the remaining brands as a conglomerate brand we relabel
as \small brands". Since we model purchase at the product level, the full consideration
set of products for all household trips within a given state is then all brand-by-sustainable
combinations we observe in the state for the selected large brands plus the grouped \small
brands”. It should be noted that though we do aggregate the smaller brands in the consid-
eration set, they are not inherently removed from the analysis. Furthermore, we keep the

household-product intercept a;; at the disaggregate product (brand  sustainable) level
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even for the small brands.

2.3.2.2 Computing Marketing Mix Variables

When computing the corresponding marketing mix variables of the consideration set
products, one of the challenges is matching the size of the speci ¢ UPC purchased by each
household to the sizes available among the consideration set products, especially as sizes are
not always standardized across brands. Crucially, simply using the actual observed price for
the UPC purchased by each household while taking an average market-level price across the
UPCs within a product for the other products would introduce bias to the price coe cient
estimates, as those prices would be for non-comparable products. Keeping only the UPCs
that are similar in size to the purchased UPC also presents a potential endogeneity problem
in which the chosen UPC may still be lower in price than the similar-sized alternatives due
to contemporaneous demand-side shocks.

To address both these issues, we compute for each product in a household's considera-
tion set (including the purchased product) weighted average price and promotion indexes
using the household's propensity to purchase specic sized UPCs from their previous ve
purchase occasions as weights. Speci cally, we determine a household's propensity to pur-
chase a UPC of a speci ¢ size by using the number of UPCs purchased among six di erent
\size bins" of similarly sized UPCs within a category’. The size bins are used instead
of exact sizes since brands don't always use the same sizes as other brands. Note that
due to limitations of our data, we observe a chain identi er (anonymized) but not a store
identi er in the household panel purchase data, but we observe only a store identi er (also
anonymized) but not a chain identi er in the aggregate weekly retail scanner data. There-
fore, the price and promotion indexes outlined here are computed at the county-week level
within the same outlet type as the chain that was visited by the household, and not the

chain or store level.

2 The size bins are constructed using k-medoids clustering of the volume-equivalent sizes of all unique
UPC's within the category.
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2.3.2.3 Construction of State Dependence Variables

For each household and trip t, we construct the state dependence variables it;;; by
matching the brand and form of product j to the product purchased in the last trip the
household made to the same chain as the one visited in trig. We use the same chain
since availability of products are not necessarily the same across di erent chains. This
ensures that, even if there are trips to other chains or outlet types in between visits to the
same chain, the loyalty terms depend on trips to the same chain and more likely a similar
assortment of products. As robustness checks, we estimate versions of our model using
the last trip to any store or the last trip to any store within the same outlet type (e.qg.
grocery, club, mass merchandiser, convenience stores, etc.) as the store visited in trip
We will sometimes refer to our main speci cation as the \same chain" speci cation and
the other two speci cations in these robustness checks as the \any trip" and \same outlet

type" speci cations.

2.3.2.4 Focal Trip De nition

We de ne a \focal trip" as trips that we model household purchases for. To eliminate
concerns about di erent consumer behaviors across outlet types (e.g. convenience store
visits may involve di erent kinds of purchases or intentions compared to grocery store
visits), we restrict the focal trips in our data to just grocery store visits, which account for
77.5% of all product purchases across our sample. Note that this doesn't mean we remove
non-grocery store visits from the data completely, so the consecutive chain indicator de ned
earlier can still be a ected by trips to other outlet types. Furthermore, when using the
\any trip" speci cation, the state dependence match variables still include the previous
trip of any outlet type of stores to match to, not just grocery stores.

Table A.2 in Appendix A.1.2 summarizes the variables we use in our model. We now

turn to the results of the model estimation.
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2.3.3 Results

Table 2.3 presents the regression results of our main speci cation, which uses the pre-
vious trip to the same chain to construct the state dependence terms.

We rst discuss the results for brand loyalty, which are shown in the rst two rows
of Table 2.3. The brand loyalty for non-sustainable products, shown in row 1, is positive
and statistically signi cant for all ve product categories. In the frozen dinner category,
for example, households are 13.5 percentage points more likely to purchase a product that
matches the same brand as the previous product purchased, compared to their baseline
probabilities of purchasing that product. The magnitudes for the other categories are
similar, ranging from 8.2 percentage points in liquid laundry detergent to 18.9 percentage
points in refrigerated yogurt.

The di erence in brand loyalty for sustainable products compared to non-sustainable
products, estimated by the coe cient on the interaction between the state dependence
term for brand and a sustainability label indicator (row 2 of Table 2.3), is negative and
statistically signi cant for 3 of the 5 categories, with an additional category (ground cof-
fee) that has a negative but statistically insigni cant estimate that is in the same order of
magnitude. Refrigerated yogurt shows a near-zero point estimate for the sustainable inter-
action, indicating little di erence in brand loyalty between sustainable and non-sustainable
products. These results show that, for most of the categories, brand loyalty for sustain-
able products are lower than that for non-sustainable products. For example, for frozen
dinners, the point estimates suggest consumers are only 4.58 percentage points more likely
to purchase a product matching the same brand as the product purchased in the last
chain visit by the household if the product is sustainable, compared to 13.5 percentage
points when the product is non-sustainable. Our estimates show that disposable diapers
and liquid laundry detergent experience close to zero added probability of re-purchasing
sustainable brands, indicative of no sustainable brand loyalty. Together, the brand loyalty

coe cients show that while non-sustainable products enjoy an economically meaningful
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level of brand loyalty (on the order of a 10 percentage point increase in likelihood to re-
purchase a brand), the brand loyalty when considering purchases of sustainable products
is lower and sometimes close to zero for 3 of the 5 product categories in our study.

We now turn our attention to form loyalty measures in the next two rows of Table
2.3. First, non-sustainable form loyalty (row 3) is generally insigni cant or low in magni-
tude, indicating the likelihood for purchasing a non-sustainable product does not depend
on whether or not the previous purchase (in the same chain) was non-sustainable or sus-
tainable. The only exception is again refrigerated yogurt, with a positive and statistically
signi cant coe cient indicating a 3.4 percentage point increase in purchase likelihood,
though the magnitude is much smaller than the brand loyalty e ect for the category.

When we examine the sustainable interaction with form state dependence (row 4), we
nd form loyalty for sustainable products is greater than that of non-sustainable products
for four of the ve categories. In the frozen dinner category, households are 5.4 percentage
points more likely to purchase a given sustainable product (on top of their baseline proba-
bility to purchase the product) if they purchased any sustainable product in their previous
trip to the chain. Similarly, the percentage point increase is 9.1 for disposable diapers, 3.3
for ground co ee, and 2.3 for liquid laundry detergent. The estimate for refrigerated yogurt
is negative but small in magnitude and statistically insigni cant. From these results, we
see that there is high sustainability loyalty in 3 of the 5 product categories (frozen dinners,
disposable diapers, ground co ee, and liquid laundry detergent), while form loyalty is not
statistically di erent between sustainable and non-sustainable products for the refrigerated
yogurt category.

Lastly, we comment on the e ect of marketing mix variables on product purchases,
displayed in the last four rows in the main portion of Table 2.3. There, we nd negative
price elasticities for the baseline (non-sustainable) products as expected, with less negative
price elasticities for sustainable products. This is in line with ndings in Bollinger et
al. (2022) showing sustainable products are in general less price elastic than their non-

sustainable counterparts. Similarly, sustainable products are less responsive than non-
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sustainable products to promotions in our sample.

Table 2.3: National Linear Probability Model Estimates

Dependent Variable: Product Purchase

Category: Frozen Dinners  Disp. Diapers  Ground Coffee  Lig. Laundry Det.  Ref. Yogurt
State Dependence Variables
Previous Brand 0.1349 0.1449 0.1290 0.0820 0.1885
(0.0061) (0.0178) (0.0214) (0.0084) (0.0377)
Sustainable -0.0891 -0.1360 -0.0698 -0.0772 539 10 ©
(0.0409) (0.0196) (0.0439) (0.0097) (0.0695)
Previous Form 0.0034 -0.0104 0.0031 0.0037 0.0336
(0.0020) (0.0108) (0.0064) (0.0043) (0.0109)
Sustainable 0.0538 0.0908 0.0327 0.0231 -0.0074
(0.0204) (0.0173) (0.0033) (0.0035) (0.0137)
Marketing Mix Variables
log(Price) -0.0219 -0.0714 -0.1081 -0.1163 -0.0473
(0.0055) (0.0167) (0.0286) (0.0215) (0.0169)
Sustainable 0.0126 0.0565 0.0925 0.1073 0.0193
(0.0054) (0.0175) (0.0269) (0.0202) (0.0153)
Avg. Promotion Intensity 0.0340 0.0341 0.0699 0.0887 0.0266
(0.0049) (0.0063) (0.0152) (0.0233) (0.0110)
Sustainable -0.0295 -0.0299 -0.0484 -0.0825 -0.0082
(0.0057) (0.0050) (0.0160) (0.0217) (0.0151)
Fixed-effects
Household-Product Yes Yes Yes Yes Yes
Week-Product Yes Yes Yes Yes Yes
Fit statistics
Observations 20,463,245 145,136 4,145,157 2,407,926 21,679,419
R2 0.34756 0.63747 0.52543 0.55662 0.44250
Within R 2 0.01560 0.01742 0.02093 0.02039 0.04285

Clustered (Household & Brand) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

We summarize the main takeaways from the above regression results in Table 2.4. Gen-
erally, we observe that the presence of sustainability claims on products decrease brand
loyalty (low \sustainable brand loyalty") while increasing form loyalty (high \sustainabil-
ity loyalty”) Three of the ve product categories (frozen dinners, disposable diapers, and
liquid laundry detergent) exhibit lower brand loyalty when purchaing sustainable products
relative to non-sustainable products, while the other two product categories show no di er-
ence between brand loyalty towards sustainable or non-sustainable products. Conversely,
a four of the ve categories (frozen dinners, disposable diapers, ground co ee, and liquid
laundry detergent) exhibit higher form loyalty for sustainable products compared to non-
sustainable products. Again, there is no di erence in form loyalty between sustainable and

non-sustainable products in the other category, refrigerated yogurt.
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Table 2.4: Summary of LPM Results

Brand Loyalty Form Loyalty
Main Effect Effect of Sustainability Main Effect Effect of Sustainability

bbrand bbrand sus. bform bform sus.
Frozen Dinners 0.1349 -0.0891 0.0034 0.0538
Disp. Diapers 0.1449 -0.1360 -0.0104 0.0908
Ground Coffee 0.1290 -0.0698 0.0031 0.0327
Lig. Laundry Det.  0.0820 -0.0772 0.0037 0.0231
Ref. Yogurt 0.1885 0.0000 0.0336 -0.0074

Signif. Codes: ***: 0.01, **: 0.05, *: 0.1
2.3.3.1 Consecutive Trips

With state dependence variables that match only on the last trip to the same chain,
there can be store trips to other chains or outlet types in between trips to the same chain
that plausibly a ect consumer loyalty to brands and form. To capture this, we test versions
of the regression that interact each of the state dependence variables with a \consecutive
chain" indicator that equals 1 when the trip is to the same chain as theimmediate prior
trip the household took in which they made a purchase in the product category. This
interaction allows the recency of the last trip to the same chain to moderate the loyalty
e ects. In these versions of the model, we also allow for a main e ect of making consecutive
trips to the same chain, along with a sustainable interaction. We present results using this
alternative regression speci cation in Table 2.53,

We rst describe the main e ect of the consecutive chain variable and its interaction
with the sustainable indicator, shown in rows 9 and 10 in the table. Consecutive shopping
trips to the same chain decreases the purchase probability of any product by between 1.0
and 4.5 percentage points in four of the product categories, the exception being frozen
dinners, relative to each household's baseline probabilities of purchasing that product.

In three of these four categories, the decrease is much smaller for sustainable products.

3 We show versions of our results without the triple interaction between the consecutive chain indicator,
state dependence variables, and sustainability indicator, as well as without the promotion variable for each
of the product categories in Tables A.3 through A.7 in Appendix A.1.2, showing similar overall effects of high
sustainability loyalty and low sustainable brand loyalty, in general.
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Since we model only purchases conditional on buying in the product category, these results
indicate households buy less variety of non-sustainable products during a consecutive visit
to a chain.

Examining the estimates for brand loyalty (rows 1 to 4), we nd the coe cients on the
main e ect of the brand state dependence variable (row 1) as well as its interaction with
the sustainability indicator (row 3) are slightly attenuated relative to our main regressions
in Table 2.3. These reductions in magnitude are now re ected in the interactions with the
consecutive chain indicator (rows 2 and 4). For non-sustainable products, we see an increase
in likelihood of repurchasing a brand when making consecutive trips to the same chain for
all categories for non-sustainable products (ranging from a percentage point increase of 1.9
for liquid laundry detergent to 5.5 for disposable diapers). These e ects are taken relative
to the (generally) negative main e ect of consecutive trips mentioned above shown in row
9 of the table, indicating that for non-sustainable products, households are much more
likely to purchase a product during a consecutive trip to the same chain if it has the same
brand as the previous purchase, compared to other brands. On the other hand, we nd the
converse for sustainable products, where there is a decrease in likelihood of repurchasing
a brand when making consecutive trips to the same chain for the three product categories
with negative and statistically signi cant estimates on brand state dependence interacted
with sustainability. Again, these e ects are relative to the likelihood of purchasing any
sustainable product in a consecutive chain trip.

For form loyalty (rows 5 to 8), we recover qualitatively similar coe cients on the main
e ect of form state dependence (row 5) and its interaction with sustainability (row 7),
compared to our main regressions in Table 2.3. When making consecutive trips to the
same chain, we show that form loyalty for non-sustainable products (row 6) increases
for all the categories except frozen dinner when households make a consecutive trip to
the same chain (percentage point increase ranging from 1.2 in refrigerated yogurt to 3.4
in disposable diapers), relative to the overall likelihood of purchasing a non-sustainable

product in a consecutive chain trip, indicating recency of a visit is associated with increased
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form loyalty for non-sustainable products. On the other hand, we nd no dierences in

form loyalty for sustainable products when the trip is to the same chain as the preceding

trip or not.

Table 2.5: National Linear Probability Model Estimates - Including Consecutive Chain

Interactions

Dependent Variable:

Product Purchase

Category: Frozen Dinners  Disp. Diapers  Ground Coffee  Lig. Laundry Det.  Ref. Yogurt
State Dependence Variables
Previous Brand 0.1199 0.1054 0.1128 0.0690 0.1593
(0.0070) (0.0185) (0.0170) (0.0070) (0.0324)
Consec. Chain 0.0219 0.0549 0.0230 0.0191 0.0421
(0.0041) (0.0060) (0.0077) (0.0036) (0.0073)
Sustainable -0.0795 -0.1106 -0.0622 -0.0633 -0.0050
(0.0370) (0.0205) (0.0367) (0.0092) (0.0587)
Sustainable Consec. Chain -0.0141 -0.0346 -0.0107 -0.0202 0.0074
(0.0084) (0.0070) (0.0113) (0.0031) (0.0152)
Previous Form 0.0022 -0.0106 -0.0026 -0.0037 0.0255
(0.0016) (0.0135) (0.0045) (0.0044) (0.0095)
Consec. Chain 0.0037 0.0338 0.0139 0.0261 0.0124
(0.0023) (0.0152) (0.0047) (0.0101) (0.0021)
Sustainable 0.0552 0.0756 0.0331 0.0160 -0.0066
(0.0244) (0.0310) (0.0025) (0.0071) (0.0115)
Sustainable Consec. Chain -0.0039 -0.0113 -0.0063 -0.0057 -0.0008
(0.0077) (0.0065) (0.0037) (0.0117) (0.0036)
Consecutive Chain -0.0035 -0.0450 -0.0155 -0.0274 -0.0104
(0.0023) (0.0168) (0.0040) (0.0101) (0.0030)
Sustainable 0.0016 0.0421 0.0126 0.0261 -0.0034
(0.0019) (0.0168) (0.0043) (0.0101) (0.0035)
Marketing Mix Variables
log(Price) -0.0218 -0.0710 -0.1079 -0.1162 -0.0468
(0.0055) (0.0178) (0.0286) (0.0215) (0.0168)
Sustainable 0.0126 0.0562 0.0922 0.1073 0.0188
(0.0053) (0.0186) (0.0269) (0.0202) (0.0151)
Avg. Promotion Intensity 0.0340 0.0343 0.0700 0.0886 0.0266
(0.0049) (0.0067) (0.0152) (0.0233) (0.0110)
Sustainable -0.0295 -0.0302 -0.0484 -0.0825 -0.0082
(0.0057) (0.0054) (0.0160) (0.0217) (0.0150)
Fixed-effects
Household-Product Yes Yes Yes Yes Yes
Week-Product Yes Yes Yes Yes Yes
Fit statistics
Observations 20,463,245 145,136 4,145,157 2,407,926 21,679,419
R2 0.34764 0.63784 0.52554 0.55673 0.44302
Within R 2 0.01571 0.01842 0.02116 0.02063 0.04374

Clustered (Household & Brand) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

2.3.3.2 Trips to Other Stores

Although we chose to restrict our main analysis to consider loyalty only between trips

to the same chain, we test robustness to alternative \previous trip" speci cations, which
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we de ned above. In particular, we test versions of the state dependence variables to allow
loyalty to operate on the previous household trip not just to the same chain but to any
store or to stores of the same outlet type (in our analysis, this is restricted to just grocery
stores). Appendix Figure A.4 shows even with the relaxed assumption on which trip the
state dependence variables use, we observe high sustainability loyalty and low sustainable
brand loyalty in most of the categories. Furthermore, we nd that the inclusion of the
consecutive chain interaction in the \any trip" and \same outlet type" speci cations results

in attenuated or statistically insigni cant estimates for the main state dependence terms,
while the consecutive chain interactions tended to be statistically signi cant. This provides
evidence that loyalty operates mostly at the chain level and lends support to the use of

only the last trip to the same chain to construct the state dependence variables.

2.3.3.3 Regional Analysis

Our main results show the average brand and form loyalty across all households in
our national sample. We run separate regression analyses at both the US Census Division
level (9 divisions in total) and the state level and show our results are robust at di erent
geographic aggregations. The distribution of regression results across divisions and states

are shown in the Figures A.2 and A.3 in Appendices A.1.2.3 and A.1.2.4.

2.3.3.4 Claim-Speci c Loyalty

In our main analysis, we de ne \form" as whether or not a product has a sustainability
claim on its product packaging. However, when considering sustainable products, con-
sumers may focus on the specic claims themselves, which encompass various dimensions
of sustainability (see Table A.1 in Appendix A.1.1), and not just on the overall sustainabil-
ity of the product. In particular, it is not immediately clear whether form loyalty towards
sustainable products is driven by loyalty towards the claims themselves or towards sus-
tainability in general. Therefore, we analyze an alternative model to(2.1) that includes an

additive e ect of a state dependence term that equals 1 if the claim(s) present in the focal
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product matches the one(s) purchased in the previous trip:

Yit = |—il?trand(bbrand+ Pbrand susl(formj = Sus))

+ L{ﬁrm(bform"' bform sus1(form; = Sus))

+ Lﬁltaim (bclaim) (2'2)

+ X ijt( ot 1l(formj = Sus))

+oaj + tiw + i,

where Lﬁ'taim is the additional claim state dependence term (note this can only be equal to
1 if the product itself is sustainable) and b ,im captures the e ect of claim loyalty.

The results when including the additive e ect of claim state dependence for each cat-
egory are shown in Table 2.6. We nd that form loyalty when purchasing sustainable
products is driven primarily by claim loyalty. The coe cients for the form state depen-
dence term interacted with the sustainability indicator (row 4) for all of the categories
except for frozen dinners become statistically insigni cant and are generally small in mag-
nitude (disposable diapers retains a large in magnitude coe cient). Frozen dinners retains
a small but statistically signi cant positive coe cient which indicates that consumers are
more likely (0.8 percentage point increase from their baseline probability) to continue to
purchase a sustainable product that has a di erent sustainability claim than the previously
purchased product.

On the other hand, the coe cients for the claim state dependence term is positive for
four of the ve categories, with increases in purchase likelihood ranging from 2.2 percentage
points in refrigerated yogurt to 5.8 percentage points in frozen dinners (above and beyond
the 0.8 percentage point increase from sustainable form loyalty itself). In contrast to
the previous analyses, these results show a statistically signi cant and positive e ect of
claim state dependence for sustainable products in the refrigerated yogurt category, where
previously the category did not exhibit form loyalty for sustainable products. These results

demonstrate that sustainability claims themselves may be more salient to consumers than
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an overarching sense of sustainability when making purchasing decisions for sustainable

products.

Table 2.6: National Linear Probability Model Estimates - Including an Additive Effect of
Claim State Dependence

Dependent Variable: Product Purchase
Category: Frozen Dinners Disp. Diapers Ground Coffee Lig. Laundry Det. Rfg. Yogurt
State Dependence Variables
Previous Brand 0.1349 0.1443 0.1291 0.0820 0.1885
(0.0061) (0.0179) (0.0214) (0.0085) (0.0377)
Sustainable -0.0932 -0.1354 -0.0804 -0.0781 -0.0059
(0.0380) (0.0196) (0.0407) (0.0095) (0.0699)
Previous Form 0.0034 -0.0106 0.0032 0.0036 0.0336
(0.0020) (0.0110) (0.0065) (0.0044) (0.0109)
Sustainable 0.0083 0.0772 0.0090 6.34 10° -0.0212
(0.0037) (0.0384) (0.0055) (0.0041) (0.0126)
Previous Claim 0.0578 0.0206 0.0427 0.0336 0.0216
(0.0147) (0.0823) (0.0041) (0.0071) (0.0083)
Marketing Mix Variables
log(Price) -0.0224 -0.0690 -0.1080 -0.1159 -0.0473
(0.0059) (0.0169) (0.0293) (0.0215) (0.0171)
Sustainable 0.0131 0.0537 0.0920 0.1069 0.0177
(0.0057) (0.0184) (0.0277) (0.0201) (0.0161)
Avg. Promotion Intensity 0.0335 0.0349 0.0701 0.0902 0.0266
(0.0045) (0.0058) (0.0144) (0.0235) (0.0110)
Sustainable -0.0289 -0.0305 -0.0487 -0.0841 -0.0084
(0.0056) (0.0045) (0.0154) (0.0219) (0.0150)
Fixed-effects
Household-Product Yes Yes Yes Yes Yes
Week-Product Yes Yes Yes Yes Yes
Fit statistics
Observations 20,463,245 145,752 4,156,062 2,409,963 21,679,419
R? 0.34762 0.63820 0.52533 0.55668 0.44270
Within R 2 0.01569 0.01731 0.02116 0.02067 0.04319

Clustered (Household & Brand) standard-errors in parentheses
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1

2.3.4 Alternative Explanations for Loyalty Effects

While we have shown sustainable products exhibit lower brand loyalty in most of the
categories we study, there is a potential threat to identi cation of these e ects if certain
product attributes are correlated both with the sustainability of a product as well as the
amount of loyalty consumers have towards it. For example, sustainable products could

tend to be supplied by smaller brands which do not have a strong brand name. In a
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similar vein, as more sustainable products have entered the market in recent years, a
possible explanation for lower brand loyalty is that these products are simply newer and
have garnered less brand presence. If product features such as brand size and newness in
a market are not accounted for, we may spuriously identify decreased brand loyalty for
sustainable products that are attributed to the presence of a sustainability claim rather
than these other features.

We run two additional sets of analyses to control for the e ect that brand size and new-
ness in a market may have on brand (as well as form) loyalty. We modify our econometric
speci cation to include one of the two aforementioned product attributes as moderators of

the loyalty e ects:
Yijt = Litj?trand(bbrand"' Bprand susl(formj = Sus))

brand —
+ I-ijt (bbrand attr.Aijt + bbrand attr. susAijtl(formj - SUS))

+ L]i(jc;rm(bform"' btorm susl(formj = SUS))

(2.3)

form —
+ I—ijt (bform attr.Aijt + bform attr. susAijtl(formj - SUS))

+ Xijt( o+ 11(form; = Sus))

+ajj + tjw + A,
where Ajj; is either brand size or an indicator for whether the product is an entrant during
the weekt in the speci ¢ county in which household i resides,(byrand attr.» Porand attr. sus)
are the moderation e ects of the product attribute on brand loyalty, and (bform attr.,» Pform attr. sus)
are the analogous e ects for form loyalty.

We operationalize brand size as the total volume sales (in 1000's of volume-equivalent

units?) of the brand of product j across our national sales sample, which is logged then
scaled to be mean zero with standard deviation one (in which cas@; = A is a time and

household invariant measure). Note that brand size is thus dependent just on the brand,

and not on whether it is a sustainable or non-sustainable product being o ered by the

4 A volume-equivalent unit is equal to 16 oz for all the categories except for diapers, which uses a single
count as the volume-equivalent unit.
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brand. We de ne a product as being an entrant in a county if it is within its rst quarter,

or 13 weeks, from the rst week the product is observed in that county (thenA;;; does vary
across weeks as well as households, which determines the county the observation is in). In
the regressions involving the entrant status variable, we eliminate the rst 13 weeks of trip
data to address the starting conditions problem and include main and interaction e ects
(with the sustainability indicator) of entrant status itself.

Table 2.7 shows a summary of the two product attributes, brand volume and entrant
status, for sustainable and non-sustainable products, as well as their di erences. Sustain-
able products tend to be o ered by larger brands in disposable diapers, ground co ee, and
liquid laundry detergent and smaller brands in frozen dinners and refrigerated yogurt. In
terms of entrants, there are more new entrants in the sample period of our data in frozen
dinners (marginally), disposable diapers (no new non-sustainable entrants at all), ground

co ee, and liquid laundry detergent, while the opposite is true for refrigerated yogurt.

Table 2.7: Brand Volume and Entrant Status Summary

(a) Brand Volume

Subcategory Med. Brand Vol. (Sus.)  Med. Brand Vol. (Non-Sus.)  Ratio (Sus./Non-Sus.)
Frozen Dinners 155, 420, 568 202,208,904 0.769
Disp. Diapers 5,097,500, 752 4,505, 840, 851 1131
Ground Coffee 180,694,544 93, 284, 659 1.937
Lig. Laundry Det. 1,718,730,018 821,727,319 2.092
Ref. Yogurt 747,534,059 1,369, 544,590 0.546

(b) Entrant Status

Subcategory Entrant Rate (Sus.)  Entrant Rate (Non-Sus.)  Ratio (Sus./Non-Sus.)
Frozen Dinners 0.048 0.048 1.006
Disp. Diapers 0.060 0 N/A
Ground Coffee 0.008 0.0002 38.415
Lig. Laundry Det. 0.016 0.00002 735.007
Ref. Yogurt 0.004 0.023 0.157

The point estimates and 95% con dence intervals of theb (i.e. loyalty) coe cients

across the various regression speci cations for each category are shown in Figure 2.3

5 The “log(Brand Vol.)” label denotes the scaled version of the log total brand volume.
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Each color denotes a di erent regression speci cation, where the left-most color (red) is
the base regression speci cation without brand volume and entrant status moderators, the
next two colors (green and turquoise) are speci cations including the (scaled) log total
brand volume as a moderator for brand and form loyalty variables (with or without a
triple interaction with the sustainability indicator), and the right-most two colors (blue
and pink) denote the speci cations for including entrant status as a moderator for the
loyalty variables.

In the top panel of the gure, we nd the coe cients on the main e ect of brand

loyalty and its interaction with the sustainability indicator (labeled \Prev. Brand Sus.

and \Prev. Form Sus.", respectively) are robust across speci cations, showing high
brand loyalty for non-sustainable products but a lower relative brand loyalty for sustainable
ones. Note for the brand size speci cations (green and turquoise), these coe cients are
interpreted as loyalty for the average brand in terms of brand size, while the entrant
status speci cations (blue and pink) are interpreted as loyalty for non-entrants. We also
nd evidence that brand size actually decreases brand loyalty overall for non-sustainable
diapers and both sustainable and non-sustainable yogurts. We don't nd strong e ects
of entrant status on brand loyalty itself except for the liquid laundry detergent category,
in which non-sustainable entrants exhibit higher brand loyalty than sustainable detergent
entrants.

The bottom panel of Figure 2.3 reveals our main ndings that sustainable products
exhibit higher form loyalty relative to non-sustainable products remains robust across spec-
i cations including moderation e ects of the two product attributes examined. The only
exception is disposable diapers, in which consumers are more likely to repurchase a sus-
tainable diaper product if the product is from a large brand, as shown in the bottom-left
and bottom-middle sub gures. Brand size also increases form loyalty for non-sustainable
products in the refrigerated yogurt category, while being a new product increases form
loyalty when purchasing sustainable products in the frozen dinner and liquid laundry de-

tergent categories, but decreases form loyalty when purchasing sustainable products in
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ground co ee.

Together, these results show that while brand size and entrant status do have some
moderating e ects on brand and form loyalty, the main results that sustainable products
exhibit lower brand loyalty and higher form loyalty relative to non-sustainable products are
robust to inclusions of these moderators. Other coe cient estimates in these regressions
are provided in Tables A.8 to A.12 in Appendix A.1.3. The aforementioned results are
robust to inclusion of the additive e ect of claim loyalty as well, as shown in Table A.13,

also in Appendix A.1.3.

2.3.5 Consumer Heterogeneity in Loyalty Effects

So far, we have investigated the extent to which households, on average, exhibit brand
and form loyalty when purchasing either sustainable or non-sustainable products across
each of the product categories. In general, consumers exhibit lower brand loyalty when
choosing sustainable products relative to non-sustainable ones, while showing higher form
loyalty when choosing sustainable products. That is, purchasing decisions for sustainable
products appear to be in uenced more by a previous purchase of any sustainable product,
rather than a speci ¢ brand. As alluded to earlier, the identi cation of the loyalty e ects
comes from household switching patterns between brands and between forms (sustainable
vsS. non-sustainable), and the identi cation of the loyalty e ects for sustainable products
speci cally arises from the purchasing patterns of households who do purchase sustainable
products, at least on occasion. A natural extension of the main analysis would then be
to investigate whether di erences across households themselves may in uence the degree
to which loyalty, both for brand and form, a ect product purchases. Understanding the
consumer heterogeneity in the loyalty e ects is also of managerial interest, since doing so
can help rms predict which markets or consumer groups may be well-suited for sustainable
product adoption.

We obtain two sources of consumer data, as mentioned in Section 2.2: demographic

data and health survey data. We run similar regressions as in Equation 2.3, except instead
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(a) Brand Loyalty

(b) Form Loyalty

FIGURE 2.3: Coef cient Estimates When Including Product Attributes as Moderators for
Loyalty
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of interacting product attributes with the state dependence variables, we use consumer
attributes. Before we discuss the results of the consumer heterogeneity analysis, we rst

outline the variables constructed for the regression analysis.

2.3.5.1 Demographic Data

To simplify our analysis, we convert the set of demographic variables outlined in Sec-
tion 2.2 to a series of binary variables. Speci cally, we use indicators for 1) whether the
household is within or above the median income group %70,000 to $99,000), 2) whether
any head of household completed a college education or higher, 3) whether the head of
household's age was at or above the median age group within the US (38.9 years as of
2022, i.e. the 35-44 age group and above), 4) whether the household resided in an A
county (most populous designation), and 5) whether the household had any children aged
ve or below. Table 2.8 displays summary statistics of these ve indicator variables across

the households in our panel.

Table 2.8: Summary of Binary Demographic Variables

Statistic N Mean  St. Dev. Min Max

Income Above Median 69,759 0.520 0.488 0.000 1.000
College Education 69,759 0.551 0.489 0.000 1.000
Age Above Median 69,759 0.931 0.243 0.000 1.000
High Urban 69,759  0.408 0.492 0.000 1.000
Under 5 Child 69,759 0.071 0.239 0.000 1.000

2.3.5.2 Health Survey Data

We obtain health-related survey responses for a subset of the households in our panel
dataset from IRI's MedPro ler survey. Of the over 100 Likert-scale questions within the
survey, we focus on the following categories of questions: health opinions (e.g. \I don't
feel I'm doing enough to stay healthy"), overall health (\My health is..."), health concerns
(e.g. concern about \Growth hormones/rBST in dairy products”), diet (e.g. \Gluten

free", \High ber", etc.), and weekly habits (e.g. how frequent a respondent would \Eat

38



dairy/calcium-rich foods"). The full list of survey questions, as well as the summary of
responses across respondents for each question, are provided in Table A.14 in Appendix
A.1.4. In total, there are over 560,000 survey responses across individual household mem-
bers and multiple years.

Correlations between survey question responses are displayed in Figure A.5 in Appendix
A.1.4, showing high correlations between many of the questions, often within the same do-
main (e.g. questions related to one's diet are highly correlated. Due to the considerable
number of survey questions and large correlations, we rst reduce the dimension of the
survey responses to a smaller number of factors via exploratory factor analysis We de-
termined that three factors was a suitable number of factors for balancing parsimony and
interpretability 8.

Table 2.9 shows the largest (in magnitude) factor loadings from each of the three factors.
The rst factor is primarily related to eating organic and having concerns about genetically
modi ed (GMO) ingredients, antibiotics, and growth hormones in foods; we label this factor
as having preferences for \Natural Food" (Factor 1). The second factor primarily loads on
concerns about health or dealing with physical and mental health issues; we label this factor
as high on \Health Problems" (Factor 2). The third factor is related to the nutritional
components of one's diet, with high values being related to more healthy foods; we label
this factor as \Dietary Preferences" (Factor 3). Detailed factor loadings are displayed in

Figure A.7 in Appendix A.1.4.

2.3.5.3 Results

The e ects of consumer variables on brand and form loyalty are shown in Figure 2.4

(other coe cients are shown in Figure A.8 and Table A.15 in Appendix A.1.4). The top

6 We compute a polychoric correlation since the survey questions have ordinal responses.

7 We conduct an exploratory factor analysis on the polychoric correlation matrix using a minimum residual
algorithm and a Promax (oblique) rotation which allows for correlation between the resulting factors.

8 Various other commonly used methods (such as VSS criteria and parallel analysis) for determining the
number of factors gave suggested numbers ranging between 2 and over 10 factors. Aj 1 eigenvalue cut-off
would have resulted in 5 factors (see Appendix Figure A.6 for the scree plot)
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Table 2.9: Highest Loadings for Each Factor

Factor Number Question Loading  Factor Interpretation
1 Genetically modi ed (GMO) ingredients in food 0.899 Natural Food
1 Antibiotics used in meat production 0.837 Natural Food
1 Organic/Non-GMO 0.834 Natural Food
1 Eat organic foods 0.808 Natural Food
1 Growth hormones/rBST in dairy products 0.808 Natural Food
2 My healthis. .. 0.680 Health Problems
2 Depression 0.662 Health Problems
2 Weight 0.644 Health Problems
2 Managing Stress 0.633 Health Problems
2 Heart Problems 0.627 Health Problems
3 Low calorie 0.825 Dietary Preferences
3 Low fat 0.811 Dietary Preferences
3 Low carb 0.747 Dietary Preferences
3 Low sugar 0.691 Dietary Preferences
3 Low salt 0.671 Dietary Preferences

panel exhibits the coe cient point estimates and 95% con dence intervals of each of the
ve consumer demographic binary variables on brand loyalty in the rst row and on form
loyalty in the second row. The coe cients for the moderating e ect of each demographic
variable on the main e ect of brand and form loyalty for non-sustainable products are shown

in red, while those for the interaction e ect of loyalty with the sustainability indicator are
shown in blue. Circle-shaped points in the gure denote regressions in which only the
demographic variables are used, while triangle-shaped points denote regressions in which
both demographic variables and health survey factors are used. The bottom panel shows
the analogous estimates and con dence intervals when using the factors from the health

survey as moderators on brand and form loyalty.

2.3.5.3.1 Demographic results In terms of the demographic variables, we nd income,
education, and urbanicity predict higher brand loyalty when purchasing sustainable prod-
ucts, relative to non-sustainable products, in most of the product categories (excluding

disposable diapers). However, demographics have a limited e ect on form loyalty.

2.3.5.3.2 Health survey results When examining the e ects of the health survey factors

on loyalty, our results show that preference for natural foods (Factor 1) increases brand
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loyalty when purchasing sustainable products in food categories (frozen dinners and re-
frigerated yogurt) but decreases brand loyalty for non-sustainable yogurt. We nd no
signi cant e ect of natural food preferences on form loyalty.

Next, we nd that concern for health and/or dealing with health problems (Factor 2)
has a positive e ect on brand loyalty when purchasing sustainable products in laundry
detergent and refrigerated yogurt, and a negative e ect on brand loyalty when purchasing
sustainable products in ground co ee and non-sustainable products in laundry detergent.
Again, there are no signi cant e ects of this factor on form loyalty.

Lastly, consumers with strong dietary preferences for healthy foods (Factor 3) are more
likely to be more brand loyal when purchasing non-sustainable yogurts but less brand loyal
when purchasing sustainable frozen dinners, laundry detergent, and yogurt. As with the
previous two factors, the third factor has limited moderating e ects on form loyalty.

Taken together, these results demonstrate that certain consumer variables are linked
with an increase in sustainable brand loyalty, while others show the opposite. When
taken relative to the generally low brand loyalty when purchasing sustainable products,
the consumer heterogeneity analysis highlights certain consumer groups (such as higher
income, college educated, urban, and consumers preferring natural foods) are more likely

to be loyal to speci c brands when purchasing sustainable products.

2.4 Theoretical Analysis

In the preceding section, we show consumers are more likely to be loyal to sustain-
able products as a whole than to non-sustainable products (high sustainability loyalty)
but are less likely to be loyal to speci ¢ brands within sustainable products compared
to non-sustainable (low sustainable brand loyalty). Intuitively, this should increase com-
petition among sustainable products and result in lower prices and margins. If prices for
sustainable products become low enough, consumers who typically might not purchase sus-
tainable become more likely to decide to switch. However, due to the low margins, rms

are incentivized to increase the sustainability levels and prices in order to prevent this can-
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(a) Demographic Effects on Loyalty

(b) Health Survey Factor Effects on Loyalty

FIGURE 2.4: Consumer Effects on Loyalty
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nibalization and keep separation in the market. To test and verify this intuition and when

it might hold, we analyze a stylized model in which consumers who prefer sustainability are
more willing to substitute between brands. Our model then enables us to make predictions
on optimal rm behavior and comment on implications for market structure and policy
regarding sustainable products.

We follow closely the market segmentation and product line design literature, in which
rms set price and quality of di erent products in a product line to serve multiple consumer
segments (Desai, 2001; Katz, 1984; Moorthy, 1984; Mussa & Rosen, 1978). The problem
rms face in these models is when consumers self-select which products to purchase, rms
cannot set prices for each product targeted to each segment in isolation. As shown in
much of this literature, in order to prevent segments with higher valuations for quality
from switching to lower-quality products in the product line (where they would earn lower
margins), rms distort the quality levels of all lower-quality products below the preferred
(or e cient) quality levels ° for the corresponding segment, in order to make the lower-
quality products less attractive for high valuation consumers (e.g. Moorthy, 1984; Mussa
and Rosen, 1978).

Desai (2001) expands on the earlier literature by incorporating not only quality valu-
ations but also taste preferences in these models. While consumers are always willing to
pay more for quality (a \vertical" dimension), tastes refer to consumers' preferences for
attributes outside of quality, which are horizontally di erentiated. Using a linear market as
in Hotelling (1929), which allows for taste preferences to a ect choice via \transportation
costs," or the disutility from purchasing a product that is dissimilar to a consumer's tastes,
Desai (2001) shows there are cases where the preferred (e cient) quality levels can actu-
ally be o ered to all consumer segments in equilibrium, both in a monopoly and duopoly
setting. Crucially, the presence of transportation costs softens price competition (or price

sensitivity, in the monopoly case), which reduces the high valuation segment's incentive to

9 “Preferred” or “ef cient” here refers to the quality level that a consumer segment would choose if products
are sold at marginal cost.
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switch from the high quality product.

We use as the basis for our model the one that is described in Desai (2001), which allows
for consumer segments that di er in both valuations for sustainability and transportation
costs, with one important modi cation. In his setting, quality valuations are assumed to
be positively correlated with transportation costs, meaning high valuation consumers also
have stronger taste preferences. Conversely, in the context of sustainability, our results
from the preceding descriptive analysis show there is less loyalty (hence, more substitu-
tion) between sustainable products than there is for non-sustainable products. Therefore,
we assume consumers with a high valuation for sustainability are assumed to havewer
transportation costs than their low valuation counterparts, and thus are more willing to
switch between products. Intuitively, we can think of consumers who have a high valu-
ation for sustainability as putting less weight on the \brand" of a product when making
purchase decisions. In this case, the high sustainability valuation consumers su er less
disutility when buying a di erent brand than their preferred one, compared to those who
have lower valuations for sustainability and care more about the brand dimension.

We show that when transportation costs are low among sustainable products, rms de-
crease prices of sustainable products due to increased competition for high type consumers,
which pushes down margins for the high sustainability product. When the transportation
costs of the high sustainability valuation consumers are low enough such that price compe-
tition among the high sustainability products causes margins to be lower than the margins
for the low sustainability products, there can be a region in the parameter space in which
rms increase both the sustainability levels and price of the high sustainability-level prod-
uct in order to keep the low valuation consumer segment from switching to it. This builds
on the prevailing result in the existing theoretical literature (e.g. Mussa and Rosen, 1978)
that rms distort the quality levels of the lower quality products downward by showing
there are regions in the parameter space where the opposite can occur.

In the rest of this section, we discuss the model setup, present an analysis of the model,

and comment on the theoretical predictions and implications that arise from the model.
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2.4.1 Model Setup
2.4.1.1 Consumers

We follow closely the model presented in Desai (2001), with some simpli cations and
one key modi cation. Table A.16 in Appendix A.2.1 compares our model setup to his. We
model two consumer segments, those with either a high or low valuation for sustainability,
denoted asH and L, respectively. The market consists ofNy and N_ consumers in the
high and low valuation segments, respectively. A consumer of segmemtP tH, Lu derives
utility gsfor consuming a product with sustainability level s, where g; denotes the sustain-
ability valuation of a consume of type i. There are multiple ways we can think about the
sustainability level of a product denoted by s. We can interpret s as representing a rm's
observable e ort in adopting sustainable practices when manufacturing the focal product,
or we can views as the (positive) sustainable impact of the product a consumer perceives
based on observable attributes (such as a sustainability claim). In either casesis assumed
to be a \more-is-better" attribute | holding all else constant, all consumers would prefer
higher sustainability levels. Consumer segments di er in their valuations, with g4 | QL.

Consumers in each segment are uniformly distributed on g0, 1] line, representing a
linear market as in Hotelling (1929). The Hotelling line represents the horizontal taste
di erences across consumers, and the location of each consumer represents their \ideal
point" in terms of products that match their taste perfectly. When purchasing a product,
a consumer incurs a transportation costk;, i P tH, Lu, when \travelling" the distance
between their ideal point to the location of the product, which is the product's \positioning"
along the horizontal taste dimension. We leverage the descriptive evidence we present in
Section 2.3 in which consumers exhibit lower brand loyalty (higher substitutability) between
sustainable products and assume consumers with higher valuations for sustainability have
lower transportation costs, a reversal of the transportation cost assumption used in Desai
(2001). That is, we setky k.

We assume a consumer of typeé P tH, Lu with sustainability valuation ¢ and trans-
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portation cost k; derives utility

u=gs kt p

from purchasing a product with sustainability level s at price p located a distancet from
the consumer's ideal point. Each consumer can also choose not to purchase any product,

in which case they get zero utility.

2.4.1.2 Firms

There are two competing rms, A and B, located on separate pointsa and b, respec-
tively, along the linear market, with a % andb= 1 a Each rm produces two products,
one targeted to the high sustainability valuation segment and the other to the low valua-
tion segment. Firm j P tA, Bu sets pricesp;; and sustainability levels s; for each consumer

segmenti P tA, Buto maximize rm prots. We assume marginal costs for sustainability s

are quadratic in s, with c(s) = g For ease of exposition, we write the cost of producing

9]

Sj asgGj = -

When rms price at marginal costs, the sustainability levels that consumers in segment
i P tH, Luwould choose iss® = %.10 We refer to this level of sustainability as the preferred
or e cient level.

Figure 2.5 shows graphically the model set up, outlining the two consumer segments
and the locations of each rm on each segment. The model has three stages. In the rst
stage, rms choose the sustainability levels of each of their products. In the second stage,
rms set prices of the products. Lastly, consumers choose whether or not to purchase a

product, as well as which product to purchase if they decide to make a purchase, in the

third stage.
10 At Pij = Gj = g—j, a consumer in segmenti derives utility from purchasing product j of u; = gs; kit
9]

ich i imi =
=7, Whichis maximized at s; = 3.
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FIGURE 2.5: Two Segment Model

2.4.2 Model Analysis

There are two cases of market coverage for the duopoly model: 1) when the markets
are fully covered, i.e. all consumers purchase a product, and 2) when the markets are
only partially covered, i.e. not all consumers make a purchase. For brevity, we present in
the main text the case of incomplete coverage, in which rms compete not just with each
other but also with the no purchase option. We discuss the full coverage case in Appendix
A.2.3. When the market is incompletely covered, the inactive consumers can either be in
the middle or to the extremes of the Hotelling line. When they are in the middle, the rms
act like monopolistst! because they don't face direct competition. Our main focus regards
competition for which brand loyalty is most relevant, and so we focus on the duopoly game
with inactive consumers to the extremes.

Within each segment, there are three marginal consumers: one that is indi erent be-
tween no purchase and purchasing rmA's product, one that is indi erent between rm

A and rm B's product, and one that is indi erent between no purchase and purchasing

11 we discuss the monopoly game in Appendix A.2.2.
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rm B's product, located at xj;, Xoi, and Xs;, respectively, fori P tH, Lu:

_ ak+ pa  GSa

X1| - kl ’
Xy = ki (pia |oi32)k+ Gi(Sia SB)’ and

1

Xg = bk Ppie + GSe

ki
The rms' pro ts to be maximized in the incomplete coverage case are:

Pa= Nu(Xon XiH)(PHa CHa)*+ Ni(xar X1 )(pLa  CLa), and

Pg= Nu(Xxsn Xon)(pue Cue)+ Ni(XaL Xo0)(PLB  CiB),

for rms A and B, respectively.

We rst solve the rm prot maximization problem when rms are able to force con-
sumers to stay within their segment (which we refer to as the \unconstrained" problem),
before turning to the more realistic case when rms need to take into account consumers
self-selecting which product to purchase (which we refer to as the \constrained" problem).
Similar to Desai (2001), we will show that even in the constrained problem, the solution
to the unconstrained problem can still hold under some conditions.

When rms do not face self-selection constraints, their optimal price and sustainability
levels are

G

- 2
ARG L RL VI g’ (2.4)

plj lcg

for segmentsi P tH,Luand rms j P tA, Bu. Under the unconstrained solution, segments
receive their preferred (e cient) quality levels, S; = g‘i
Firm margins for each unit sold in this case are given by

_ (1 2agk+ ¢
- 5

m; P G : (2.5)

for segmentsi P tH, Luand rms j P tA, Bu. Under the unconstrained equilibrium solution,

margins for the high sustainability products are greater than those for the low sustainability
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products if and only if
(1 2a)(ke ka)g & o (2.6)

Keeping sustainability valuations constant, as the di erence in transportation costs (k.

ky) become larger for the high valuation segment (i.e. brand loyalty decreases for the
more sustainable products), price competition in the high sustainability segment increases
and margins for the high sustainability product decreases. When the di erence in trans-
portation costs (k. ky) are large (i.e. very low brand loyalty for sustainable) relative
to the di erence in sustainability valuations (gy q.), margins for the high sustainability
product can becomelower than margins for the low sustainability product.

We note here a key di erence between our model and that of Desai (2001). In his
model, when transportation costs are lower for the low valuation consumersk,_ Ky,
the left-hand side of (2.6) is negative and the condition always holds, i.e. margins for
high quality products are always greater than low quality products. However, when high
valuation consumers have lower transportation costs as in our case | ky, margins are
not always higher for the high sustainability product. This is the region of the parameter
space for which our model makes predictions that are new to the literature. As we will
show, the relative margins are an important factor in determining optimal rm behaviors.

While the prices and sustainability levels in (2.4) solve the duopolist rms' equilib-
rium unconstrained maximization problem, rms are typically constrained by the fact that
consumers can self-select which products to purchase. In particular, consumers will only
purchase the product corresponding to their segment if the utility they derive from that
product is greater than for the product in the other segment; otherwise, they will switch
to the product that is not targeted to them. For high valuation consumers located at

X P (X1n,X2n) purchasing from rm A, the self-selection constraint is de ned as
gusHa | X aky  pHa ¥ gusia | X akn  pLa
a1 gH(SHA  SLA) ¥ PHA  PLA-

The self-selection constraints for low valuation consumers, as well as for consumers choosing
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from rm B, are de ned analogously. Speci cally, at the optimal price and sustainability
levels given in(2.4), the \downward" self-selection constraint for high sustainability valu-
ation consumers choosing the high sustainability product from either rm (sy;) simpli es
to:

2(1 2a)(k. kn)g+(3ax  7a0)(onw  au) ¥ O. (2.7)

Conversely, the \upward" self-selection constraint for low sustainability valuation con-

sumers choosing the low sustainability product from either rm (s;;) simpli es to:

2(1 2a)(ky  ki)g+ (704 3au)(ow  a) ¥ 0. (2.8)

We note the left-hand side of the inequality de ning the downward self-selection constraint
(2.7) is greater than the left-hand side of the inequality de ning the upward self-selection
constraint (2.8) if and only if the margins for the high sustainability products are greater
than those for the low sustainability products, i.e. when (2.6) is satis ed. In other words,
which self-selection constraint is material to the rm in equilibrium is determined by the
relative margins of the high and low sustainability products.

The following proposition shows that there are regions of the parameter space in which
even when rms face self-selection constraints, the unconstrained equilibrium solution in
(2.4) is still optimal. In other regions, however, rms optimally distort sustainability lev-
els of either the high or low sustainability product in order to prevent cannibalization,

depending on the relative margins for each product.

Proposition 1. (Duopoly Incomplete Coverage)

Case 1. If margins are higher for the high sustainability product under the unconstrained
solution, i.e. (2.6) is satis ed, then each segment gets its preferred sustainability level when the
downward self-selection constraifR2.7) is satis ed. Otherwise, rms lower the sustainability
levels of their products targeted towards the low valuation segment, while keeping the preferred
levels for the high valuation segment.

Case 2. If margins are lower for the high sustainability product under the unconstrained

solution, i.e. (2.6) is violated, then each segment gets its preferred sustainability level when the
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upward self-selection constrai2.8) is satis ed. Otherwise, rms raise sustainability levels of
their products targeted towards the high valuation segment, while keeping the preferred levels for

the low valuation segment.

Proof. See Appendix A.2.4.3.

Proposition 1 says that when the market is incompletely covered, each segment gets its
preferred quality from each rm when self-selection (under the unconstrained equilibrium
prices and sustainability levels) is satis ed for the segment for which the higher-margin
product is targeted to. Otherwise, rms distort the sustainability levels of the lower-
margin products away from that of the higher-margin products in order to keep separation
between market segments.

To illustrate the di erent cases of Proposition 1, we plot a series of parameter \regions"
in Figure 2.6, xing the parameters (k. = 1,04 = 1l,a = 0.25,g = 1) and display the
relationship between the di erences between sustainability valuations(qq q.) on the
y-axis and transportation costs (k. ky) on the x-axis. Each region in the gure is
labelled with the relative margins of the high and low sustainability products, as well
as the sustainability levels chosen by the rms, given the sustainability valuation and
transportation cost di erences.

Regions 1 and 2 in the gure correspond to Case 1 of Proposition 1 where margins
are higher for the high sustainability product. In Region 1, the downward self-selection
constraint (2.7) holds under the unconstrained optimal solution, and both consumer seg-
ments receive their preferred sustainability levels,sy = s}, and s, = s{. In Region 2, the
self-selection constraint does not hold and high valuation segment consumers would prefer
to switch to the low sustainability product. The intuition is as follows. When brand loy-
alty for sustainable products increases, i.e.(k. k) becomes smaller, price competition
between the high sustainability products softens, increasing prices and making the low
sustainability product more attractive to high valuation consumers. To prevent this can-

nibalization from occurring, rms distort the sustainability levels of the low sustainability
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product downwards, s, 8.2

Notes.Parameter values used to generate this plot were: k. = 1,94 = 1,a= 0.25,andg = 1. For each
product targeted to segment i P tH, Lu, m; denotes margins, 5 denotes sustainability levels, and s® denotes
the ef cient (consumer-preferred) sustainability levels.

FIGURE 2.6: Equilibrium Outcome By Differences in Transportation Costs (k. ky) and

Sustainability Valuations (g4 q.).

We note that in Desai (2001), the higher-margin product is always the high quality
product, and thus Case 1 of Proposition 1 here is equivalent to the result in his setting.

In fact, since k. i ky here (instead ofky | k), the downward self-selection constraint

12 The shape of Region 2 is due to opposing forces of the sustainability valuations (qyq ) on the relative
contribution of prices and sustainability levels on consumer utility. For a constant gy, the utility (for the
high valuation segment) of the high sustainability product remains the same with changes in ¢, while the
utility of the low sustainability product changes quadratically. As  q_ increases (i.e., sustainability valuations
become more similar), the contribution to the utility of the low sustainability product from sustainability
levels g4s, = gnaL/ g increases linearly in g_. At the same time, the contribution from price  p, = ((2
4a)gk, + 7qE)/ (10g) is quadratic and concave. With concavity, when q, is either relatively small or relatively
large, utility for the low sustainability product is small, and as such the self-selection constraints are less likely
to be violated by changes in sustainable brand loyalty ki, resulting in the quadratic shape in Region 2.
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(2.7) is more likely to hold in our model than in his model where high valuation segments
also have higher transportation costs. Lower brand loyalty among the high sustainability
valuation consumers make it less likely for sustainability levels of the low valuation segment
from being distorted downwards.

Regions 3 and 4 in Figure 2.6 correspond to Case 2 of Proposition 1 where margins are
lower for the high sustainability product. In Region 3, the upward self-selection constraint
(2.8) holds under the unconstrained optimal solution, and thus both consumer segments
receive their preferred (e cient) sustainability levels, sy = sf; and s. = s{. In Region
4, the upward self-selection constraint does not hold, meaning low sustainability valuation
consumers would prefer to switch to the high sustainability product. Here, as brand loyalty
among the high valuation segment decreases, i.e(k. ky) increases, price competition
between the high sustainability products increases, reducing prices and making the high
sustainability product more attractive to low valuation consumers. To prevent this canni-
balization from occurring, rms distort the sustainability levels of the high sustainability
product upwards, sy | Sj. This can also occur when sustainability valuations are sim-
ilar, i.e. (gq q.) is low, making prices of both products relatively similar. Again, this
makes the high sustainability product more attractive to low valuation consumers, leading
to a distortion upwards of sustainability levels for the high sustainability product to keep
separation between market segments. The results in Case 2 are novel to the literature
on market segmentation and product line design and adds to the existing literature that
shows quality is only distorted downwards for the low quality segment when self-selection

constraints are binding (Desai, 2001; Katz, 1984; Moorthy, 1984; Mussa & Rosen, 1978).

2.4.3 Theoretical Predictions
The theoretical analysis above makes several managerially relevant predictions of opti-
mal rm behaviors. Our results outline the optimal pricing policies and sustainability levels

when self-selection constraints are satis ed, as well as the corresponding margins that rms

can make in equilibrium. Of note, we describe conditions for which margins are lower for
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high sustainability rather than low sustainability products; while not explicitly modeled,
this can make it less attractive for rms to supply sustainable products (e.g. if there are
high xed costs of entry). Interestingly, the one category among those we study in which
we observe no di erence in loyalty between sustainable and non-sustainable, hence where
our model would predict high margins for sustainable products, is refrigerated yogurt, the
only category in our study with greater than 50% market share, as well as high availability
(see Bollinger et al., 2022), for sustainable products. As such, our model provides some
evidence that loyalty can be an important factor in uencing the availability of sustainable
products due to competition and resulting equilibrium pro t margins.

Furthermore, the analysis shows conditions under which it is better for rms to ac-
tually increase sustainability levels for sustainable products in order to keep separation
in the market. In particular, when margins are lower for sustainable, rms optimally
distort sustainability levels upward (from consumer preferred levels) when there is lower
sustainable brand loyalty and/or lower sustainability valuations among consumers who
prefer sustainable. In these cases, rms want to di erentiate their sustainable products
more from their non-sustainable ones, leading to greater levels of sustainability for their
sustainable products. Our model thus provides a possible theoretical reason for why more
competitive markets (those with low market concentration) have higher shares of UPCs
that voluntarily provision sustainability claims on their product packaging, as shown in
ongoing work from Brecko and Kim (2023). Put dierently, if sustainable products in
these markets experience low brand loyalty due to competition, rms may optimally signal
higher sustainability levels by adding claims to their sustainable products.

Distortions of sustainability levels in both cases outlined in Proposition 1 can also have
negative implications for sustainability itself. On the one hand, when rms decrease the
sustainability levels of the low sustainability product to prevent high valuation consumers
from switching down, the overall level of sustainability sold in the market decreases. On
the other hand, when rms increase sustainability of the high sustainability product to

prevent low valuation consumers from switching up, the prices increase, making the more
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sustainable options less accessible to consumers and can similarly reduce the total levels of

sustainability.

2.5 Conclusion

Using a household-level purchase panel dataset and matching sustainability claims in-
formation, we nd households are more likely to repurchase sustainable products in general
when they purchased a sustainable product in the previous shopping trip to the same chain
store (high sustainability loyalty), but are less likely to make a repurchase of the same
speci ¢ sustainable product itself compared to non-sustainable products (low sustainable
brand loyalty). We test for the possibility that our results are driven by product attributes
other than sustainability driving the decrease in brand loyalty but show our main nd-
ings are robust. We also explore consumer heterogeneity in the loyalty e ects and nd
certain consumer groups, such as high income, college educated, urban, and those with
preferences for natural foods, show increased brand loyalty when purchasing sustainable
products, which partially o sets the generally lower levels of sustainable brand loyalty and
highlights opportunities for brands to target sustainable products to certain segments.

Taking this descriptive evidence to a theoretical model, we identify conditions for which
rms provide e cient sustainability levels to both consumer segments, even when rms face
self-selection constraints. When margins for the high sustainability product are greater
than those for the low sustainability product, we show our model is consistent with that
of Desai (2001), with the e cient solution even more likely to hold in our setting. When
margins are lower for the high sustainability product, which occurs when both sustainabil-
ity valuations and sustainable brand loyalty are low, there are cases when rms increase
sustainability levels of the products targeted to the high valuation segment in order to
keep separation in the market, an outcome that was not previously explored in the existing
market segmentation and product line design literature (Desai, 2001; Katz, 1984; Moorthy,
1984; Mussa & Rosen, 1978).

Managerially, our analysis shows rms' optimal pricing policies for sustainable and
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non-sustainable products depends on the relative valuations of sustainability across con-
sumer segments as well as their sensitivity to brand positioning. There are two general
forces moving optimal prices (and margins) for rms in a segmented market with multiple
product lines. First, increases in sustainability valuations for segments preferring sustain-
able products relative to those who prefer non-sustainable products leads to increases in
prices and margins for sustainable products. Second, decreases in sustainable brand loyalty
leads to heightened price competition, reduced prices, and lower margins for sustainable

products.
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3. Sustainable Product Pro t Potential and Availability
3.1 Introduction

Despite the growing consumer interest in sustainability and the substantial role sustain-
able products have on consumer packaged goods (CPG) product growth (Kronthal-Sacco
et al., 2020), demand for sustainable products, and the price premium charged, is vastly
heterogeneous in the US, both geographically and across product categories. This hetero-
geneity correlates highly with demographic factors such as income, political a liation, and
race. However, much like in the recent literature on healthy food purchases (Allcott et al.,
2019; Hristakeva & Levine, 2022), it is not clear to what extent those di erences are due
to demand vs. supply side explanations.

Lack of sustainable product availability is one potential reason for lower shares in
some markets, but availability will be at least partly determined by consumer preferences,
through their e ect on demand and price margins, which determine pro tability. Higher
price premiums for sustainable products may re ect greater utility for such products and
lower relative price elasticity of the marginal consumer. The degree to which consumers
may or may not be willing to pay a premium for sustainable products is not clear: despite
consumers' claims to be willing to pay more for sustainable products (Bastounis et al.,
2021; Potter et al., 2021; Tully & Winer, 2014a), there is a well-established gap between
consumers' stated willingness to pay (WTP) for sustainable products and actual product
purchases (Auger & Devinney, 2007; Johnstone & Tan, 2015; Phipps et al., 2013; Prothero
et al., 2011; Young et al., 2010). Most studies that examine WTP for sustainability are
lab studies that focus on a single context in a controlled environment in which product
availability is a given and other external factors are minimized.

In this paper, we assess the \pro t potential” for sustainable products across the United
States and its role in predicting sustainable product availability. A product's pro t poten-
tial is determined by the combination of price elasticity (which informs the possible mar-

gin) with equilibrium price and quantity. We examine how the pro t potential of existing
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products with sustainability claims on their labels, which we will refer to as sustainable
products, relative to products without such claims depend on demographic factors. We
then evaluate whether the heterogeneity in availability that correlates with demographic
factors such as income, race, and voting record can be simply attributed to the di erences
in pro t potential, or whether demographics directly in uence availability. We nd support

for the latter | though pro t potential of sustainable products positively predicts sustain-
able availability, demographic factors still in uence availability even when accounting for
their indirect e ect via pro t potential.

To demonstrate this, we rst document the pattern of market shares for products with
sustainability claims on their packaging, their availability, and their price premium against
products without sustainability claims over a ve year period (2015 to 2019). We combine
rich disaggregate sales and pricing data at the product-store-week level across the United
States for those ve years across six subcategories within three CPG categories in both the
grocery and mass merchandiser formats. Starting with the Label Insights data, we then
hand-code information about on-package sustainability claims for every brand's product
packaging (also used in Kronthal-Sacco et al. 2020). We focus on packaging because it is
ubiquitous and packaging claims have been shown to impact consumers at the point-of-
purchase (Rao & Wang, 2017a).

In ve of six subcategories in both store formats, the fraction of the population with
a college degree positively predicts sustainable market share; the same is true for four
subcategories in grocery ( ve for mass merchandiser) for Democratic vote share in the 2016
US presidential election, and three subcategories in grocery (four for mass merchandiser)
for the fraction of the population that is white. Income positively predicts market share
for just two subcategories in grocery but ve in mass merchandiser. Some of these e ects
disappear or are greatly reduced once controlling for the availability and price premiums

of sustainable products | the income e ects disappear in grocery stores, and the e ects of

1 We also analyze the club format but limited availability of sustainable products limits our ability to make
comparisons.

58



the fraction of the population that is white disappear or are greatly reduced in both store
formats. This provides initial suggestive evidence that income and race are more predictive
of availability than preferences. In contrast, the fraction of the population with a college
degree positively predicts sustainable market share even after controlling for availability
and price premium.

That said, these are descriptive relationships, and the availability of sustainable prod-
ucts will likely be, to some degree, re ective of underlying preferences. To account for
the in uence of preferences on availability, we need to rst assess the determinants of
product-level demand. To do so, we estimate over 180,000 exible demand regressions (fol-
lowing Hitsch et al. 2021) in order to assess the drivers of product-level demand, including
demographic variables and the types of sustainability claims used. There is substantial
variation in the estimated distribution of price elasticities for both sustainable and non-
sustainable products. In four of the six subcategories studied within grocery stores, there
are meaningful di erences in the median price elasticity for the two product types, with
the median sustainable product exhibiting a lower price elasticity than the median non-
sustainable product. Within mass merchandiser stores, two subcategories exhibit mean-
ingfully lower price elasticities for the median sustainable product compared to the median
non-sustainable product, while one subcategory shows the reverse.

After estimating product-county specic price elasticities, we can assess the e ect
of demographic factors on product-county-level prot potential (the combined e ect of
product-county-speci ¢ quantity, price, and elasticity). In the grocery format, the e ect of
demographics on the additional prot potential for sustainable products relative to non-
sustainable products is mixed. Income, education, Democratic vote share, fraction female,
and fraction white directionally lead to higher pro t potential for at least four of the sub-
categories, but some of the e ects are not statistically signi cant. Additionally, they are
relatively small e ects given the observed range of prot potential across products. Thus,
while di erences in product availability may be partly attributed to di erences in prof-

itability, much of the heterogeneity in sustainable market share can be attributed to the
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role of product availability and price.

In the case of the mass merchandiser format, income and Democratic vote share do
lead to higher prot potential for sustainable ground and instant co ee, relative to the
non-sustainable alternatives, and the fraction of the population that is college educated
increases the relative prots for sustainable products in every subcategory but yogurt
drinks. In contrast to the grocery format results, the fraction of the county population
that is white is not indicative of higher pro ts for sustainable products, and ve of the
point estimates are actually negative. This is striking given the availability of sustainable
products increases in mass merchandiser stores with the fraction of the population that is
white in ve of the categories. Thus, it appears that the lower market share of sustainable
products in mass merchandiser stores in more minority counties isot due to underlying
demand conditions reducing the pro tability of such products, but rather due to sustainable
product availability.

To assess the contribution of pro tability of sustainable products on availability, relative
to demographic factors, we assess the e ect of demographic variables on availability while
also controlling for the di erences in the average (observed) pro t potential of sustainable
VvS. non-sustainable products within each county. As expected, prot potential predicts
availability, more so for grocery, with elasticities ranging from 0.04 to 0.18 in the grocery
format and 0.01 to 0.06 in the mass merchandiser format. While controlling for prot
potential does lead to a decline in the e ects of demographic variables on availability, the
demographic variables are still predictive of sustainable availability for the majority of
subcategories in both formats, indicating demographic variables predict availability above
and beyond pro tability itself.

These results have clear managerial implications. Assuming rms would like to increase
the availability of sustainable products to match growing consumer interest, some key de-
cisions to be made are 1) where to launch sustainable products, 2) within which product
categories they should invest e orts in improving sustainability, and 3) along which di-

mensions of sustainability should rms focus on, given consumer preferences. We nd that
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pro t potential is highest for the current set of sustainable products, in general, in areas
with higher income and higher Democratic vote share, as one might expect. However, we
note the size of these e ects are small relative to the main e ect of these factors on prot
potential for any product. In some cases there is a full disconnect between the pro tabil-
ity and availability of sustainable products. As one prominent example, race does not
signi cantly e ect product-level prot potential in the mass merchandiser format, but is
predictive of market-level availability.

In general, reduced availability of sustainable products is partly responsible for the
lower market share in counties with lower incomes, smaller fractions of the population that
are college educated and white, and lower Democratic vote share. This suggests that these
demographic factors may be over-utilized in deciding where to make sustainable products
available, and the result highlights an opportunity for rms to launch sustainable products
in markets with less stereotypical consumers of sustainable products (non-white, less college

education, lower income, and Republican).
3.2 Model and Conceptual Framework

A product's pro tability is determined by its revenues and margin. The optimal margin
will be determined by the price elasticity of the marginal consumers. This can easily be

seen algebraically. The marginal pro t for a single product can be written as:

p=(p ©q (3.1)

in which p is the price, ¢ the marginal cost, and q the demand. Let us assume price

competition with di erentiated products (Bertrand). The rst order pricing condition is:

1
p=c 21=c P

in which ¢ dg/ dpis the rst derivative of demand with respect to price and #is the

price elasticity, # (p/ )~ We can thus write the optimal price as:

(3.2)



Thus, the margin achievable by the rm with optimal pricing is determined by the elasticity
of the marginal consumer. Who the marginal consumer is will depend on the underlying
preference distribution of consumers in the market and the price level. Sustainable products
in counties or categories that have low sustainable market shares serve a smaller segment
of the population. Hence, the marginal consumers in these counties are more likely to
be in the tail of the distribution of price sensitivity within the county (i.e. are less price
sensitive), which leads to higher optimal margins, and thus prices, for sustainable products.
Although we do not observe marginal costs, which would enable direct cost comparisons
for sustainable and non-sustainable products, we can rewrite pro ts under optimal pricing

as:
P

7

o)

p:

That is, prots at optimal pricing can be expressed as a function of price, quantity, and
the price elasticity of demand. We take logs on both sides of this expression to create our

index of pro t potential:

log(p) = log(p) + log(a) log( # (3.3)

The pro t potential of a product can increase either via quantity, price, or elasticity (via the
ability to charge a higher markup). We measure and describe each of the three components
of prot potential in the subsequent sections, before combining them to examine prot
potential. We rst outline our data, then describe the relationship between sustainable
market shares, availability, and price premiums (i.e. summaries of the quantities and
prices, the rst two components of prot potential) with demographic factors. We then
estimate price elasticities, the third component of pro t potential, using a exible demand
estimation approach following Hitsch et al. (2021). Finally, we combine each of the three
components to compute the product-county level prot potential and examine how the
relative pro tability of sustainable and non-sustainable products relates to sustainable

product availability.
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3.3 Data
3.3.1 Store Purchase Data

We utilize weekly store-level information on units sold and dollars spent for products
at the UPC (universal product code) level from Circana in three CPG product categories:
co ee, laundry detergent, and yogurt. We chose to include both edible and non-edible
categories as certain sustainability claims for edible products have an added health im-
plication that we believe may a ect consumer demand di erently to sustainability claims
of non-edible products. Each category in the Circana data are further subdivided into
subcategories. For the co ee category, which has several subcategories, we focus on the
largest ones whose cumulative dollar spend make up at least 90% of total dollar spend in
the category across all years in our data: single cup co ee, ground co ee, and instant co ee
(43.9%, 39.9%, and 6.4% of total co ee dollar spend, respectively). In the laundry deter-
gent category, we remove the two subcategories which have less than 1% of sales towards
sustainable products (we discuss how we determine a product is sustainable below), leav-
ing just the liquid laundry detergent subcategory. We include both yogurt subcategories,
refrigerated yogurt and refrigerated yogurt drinks, which both command signi cant dollar
shares of the yogurt category (90.5% and 9.5%, respectively).

We compute average prices each week within a store for a UPC by dividing dollars
spent by units sold. Among the three categories in our study, we observe over 27,000
unique UPCs from over 25,000 stores in the US. In addition to weekly purchases, the data
include for each UPC its category, subcategory, brand, description, avor or scent, volume
in terms of a standard size (16 ounces), and an indicator for whether the product is organic.
The organic indicator is present for both edible categories, co ee and yogurt, and we use
it to supplement our sustainability claims data which we describe in section 3.3.2. Table
3.1 shows the number of items (UPCs) and corresponding brands that are observed within

each product category.

2 Circana was formerly Information Resources, Inc. and The NPD Group that merged in August 2022.
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Table 3.1: Number of Items and Brands

Product Category  Number of Items (UPCs) Number of Brands

Coffee 13,939 1,311
Laundry Detergent 4,653 455
Yogurt 9,319 547

The store data include the state and county in which the store is located, as well as
the store format (either club, grocery, or mass merchandiser) and an anonymized store
identi er, though we do not observe the identity of each store nor the chain it belongs
to. The sample of stores spans 2,445 counties in 52 states, which represents a signi cant
portion of the total 3,242 counties in the US. Table 3.2 shows the total number of stores of
each format, the prevalence of each type within counties, and the average price (per 16 0z)
of products sold in each of the three categories in our data. Grocery stores are the most
common store format, consisting of 64.8% of all stores in our sample, followed by mass mer-
chandiser stores (31.7%) then club stores (3.5%). Grocery and mass merchandiser stores
both appear in over 1300 counties, while club stores only appear in over 400. Conditional
on appearing in a county, there are on average about 12, 6, and 2 grocery, mass merchan-
diser, and club stores respectively per county. In terms of prices, club stores generally price

lower than both grocery and mass merchandiser stores for all three categories.

Table 3.2: Summary Statistics Across Store Types

Club  Grocery Mass Merchandiser

Total Stores 890 16493 8070
Counties with Store Type 420 1343 1342
Avg. Stores of Type Per County 2.12 12.28 6.01
Std. Dev. of Stores of Type 2.11 26.10 11.08
Min Stores of Type 1 1 1
Max Stores of Type 13 344 133
Coffee 9.41 15.59 14.08
Avg. Price ($/Ib) Laundry Detergent  1.74 2.00 2.10
Yogurt 1.80 2.66 2.40
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It should be noted that the Circana scanner data retains records of purchases only
when at least one unit of the product is sold in a store in a given week. As such, for
product-store-week combinations with no observed purchases, we do not see the price of
that product. Such an occurrence would occur if the product was not available in the store
(i.e. a stock out) or if the product was available but no customers purchased it. We treat
these observations as if the product were not available, though our analysis results are
robust to alternative data speci cations in which we impute prices for the week without an
observation if there is an observed price for that product in a su ciently \nearby" week

within the store, within two weeks before or after.

3.3.2 Sustainability Claims Data

To assess whether a product was marketed as sustainable, we examined the 2018 pack-
aging for all UPCs within the three categories of study (co ee, laundry detergent, and
yogurt). It is rare that the sustainability claims on packaging change over time; we up-
dated the data using 2019 packaging for new UPCs that entered that year. We hired four
research assistants to code the sustainability labels; for details, please refer to Kronthal-
Sacco et al. (20208 Additionally, for co ee and yogurt, the Circana data include an
indicator of whether a product is organic, which we use to supplement the organic claims
in those categories. Table 3.3 displays the sustainability claims and the corresponding
number of UPCs for the three categories of study. 32% and 46% of co ee and yogurt
products respectively have sustainability claims, representing a signi cant portion of prod-
ucts within both edible categories. \Organic" and \Sustainably Sourced" claims are most
prevalent in co ee, while \Organic" and \Non-GMQO" are most prevalent in yogurt. On the
other hand, laundry detergent has fewer products with sustainability claims, accounting
for just 13% of the products in the category, with \plant based ingredients" as the most

common claim.

3 Label Insights data were used as a starting point but there were discrepancies between product content
and what was claimed on the front-of-package.
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Table 3.3: Sustainability Claims in Coffee, Laundry Detergent, and Yogurt

Coffee Laundry Detergent Yogurt

Claim Products Claim Products Claim Products

No Claim 10,836 No Claim 4,100 No Claim 6,586

With Claim 3,103 With Claim 553 With Claim 2,733
Organic 1,825 Plant Based Ingredients 358 Non-GMO 1,200
Sustainably Sourced 605  All Natural 69  Organic 1,111
Fair Trade 563  Cruelty Free 66  Hormones Free 659
Rainforest Alliance 166  Biodegradable/Biocompatible 60 B-Corp 414
Other Claims 101  Other Claims 228  Other Claims 107

3.3.3 County Demographics Data

To link patterns of sustainable product demand to demographic heterogeneity across
di erent counties in the US, we obtain county-level demographic data from the 2015-
2019 ve-year American Community Survey estimates, which are summarized in Table
3.4. Speci cally, we include log of population density, log of household income, log of
median age, the Democratic vote share in the 2016 presidential election, and the fraction

of the population who are white, female, and college educated!.

Table 3.4: Demographic Variables

Statistic N Mean St. Dev. Min Max
Median Household Income ($) 2,444 54,718.080 14,637.950 24,331 142,299
Population Density (Pop./Sg. Mi.) 2,444 343.336 2,024.646 0.270  71,484.580
Democratic Vote Share (2016 Presidential Election) 2,444 0.336 0.148 0.065 0.928
White (Only) Population Fraction 2,444 0.582 0.114 0.067 0.815
Female Population Fraction 2,444 0.502 0.019 0.340 0.572
College Educated Population Fraction 2,444 0.230 0.100 0.054 0.776
Median Age (Years) 2,444 40.702 5.071 22.300 67.400

Note. “Median Household Income” is the median household income in the past 12 months (in 2019

in ation-adjusted dollars). “Population Density” is the total population divided by the land area of the

county, in square miles. “College Educated Population Fraction” refers to the fraction of the population who

are 25 years of age or older that have received a Bachelor's degree. The data are from the ACS 5-Year Survey
for 2015-2019, with supplemental information provided by the “socviz” R library, which sources the US

Census Bureau, namely for the “Democratic Vote Share” variable and the land area of each county (which is
used to construct the “Population Density” variable).

4 Data on Democratic vote share and county land area (used to calculate population density) are from the
US Census Bureau.
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3.4 Descriptive Analyses

We start with an analysis of the geographic and time variation in the market share,
availability, and price premiums of sustainable products, which summarize quantities and
prices, the rst two components of prot potential in (3.3), and are directly observable in
the data. To compute the market share of sustainable products within a category, we use
the total volume (in 16-0z units) of sustainable products divided by the total volume of
all products®. More speci cally, let Vjst denote the volume sold of productj in store s in
weekt. We divide each subcategory of each category into two groups based on size using
a median split, and refer to each of these groupings as a product group, indexed ly. For
example, small ground co ee would be one product group, and large ground co ee would
be another. This allows us to make comparisons within our descriptive analyses between
products of more similar sizes.

Let J gljs denote the set of products sold in stores in group g with sustainability label
| P t0,1u, where |l = 0 denotes non-sustainable products and = 1 denotes sustainable
products, and let S;,; denote the set of all stores within a market (county) m of store
format f P tClub, Grocery, Mass Merchandiseu. Let G; be the set of product groups
within category c. Denoting the volume sold of product j in store s in period t as v,
the market share of sustainable products within a countym within all stores of format f
within a given weekt is computed by taking the total volume on sustainable products over

the total volume on all products within the category:
o S OPG  jPI& Vist

Market Sharegy, 1t = (3.4)

$PSni PG jPI&Y I Vist

in which the product subscript j is subsumed by group subscriptg which is subsumed by
category subscriptsc. We do this computation for each category, for each county, and for

each store format in each week of our sample period. We construct an analogous measure

5 One may also use the revenue or actual units sold instead of 16-0z volume-equivalent units sold to com-
pute market share. The correlations between these three versions of “share” at the product group-county-
week level are all greater than 0.96, a high enough gure that we view these metrics as interchangeable.
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of the relative availability of sustainable products, which uses expressior(3.4), replacing
Vjst with an availability indicator 1(vjs; i 0) which equals to 1 if the product j was sold in
store sin weekt and O otherwise.

To compute the price premium, we rst compute a weighted average price (per 16-0z)
for either sustainable or non-sustainable products sold each week in each product group,
market, and store format. Let pjs; be the price (per 16-0z) of productj in store s in
weekt. Let wijs; denote the weights used for productj sold in store s in period t, which
we set equal to the total store-level volume of productj sold in store s in the full year
that period t belongs to. These weights allow the relative prominence of a product, but
not its contemporaneous demand, to a ect its contribution to the overall price index for
sustainable and non-sustainable products. Then, the volume-weighted price of products

with label | P t0, 1u within a product group g, market m, store format f, and weekt is:
SPSmi dPJ s WistPist

~
Pgmit = P (3.5)
PSny  jPI s Wist

The volume-weighted price premiumDgp ¢ is then:

Al A0
pgmft pgmft

(3.6)
F_)gmft

Dgm#t =

i.e. the ratio of the di erence in the volume-weighted price of sustainable to non-sustainable
products over the volume-weighted price of non-sustainable products, for the product group

g in market m in store format f in period t.
3.4.1 Yearly Trends
Figures 3.1 (grocery stores) and 3.2 (mass merchandiser stores) display the overall

geographic time trends of the market share, availability, and price premiums of sustainable

products.® We aggregate each of these measures across counties within each US census

6 Appendix B.1 show a series of maps displaying the market share (Figures B.1 and B.2), availability (Figures
B.3 and B.4), and price premiums (Figures B.5 and B.6) of sustainable products in grocery and mass merchan-
diser stores at the county level for each product category in both 2015 and 2019, the rst and last years of our
sample period.
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division’, across weeks within each year of our data, and across product groups within
each category. For market share and availability, we use the denominator in3.4) (using
the correspondingvis; or 1(vjs; i 0)) as weights to aggregate the measures to the category,
year, and census division levels. For the volume-weighted price premiums, we rst aggregate
the volume-weighted prices(3.5) of sustainable and non-sustainable products to the year
and census division levels (but not category) using the denominator in(3.5) as weights.
We then compute the price premium within the product group for the year and census
division in the same way as in(3.6). This price premium measure is then aggregated across
categories by taking the weighted average using the total volume sold of the product group
within the year and census division as weights.

Figures 3.1 and 3.2 show substantial geographic variation in sustainable product market
shares. In addition to the cross sectional variation, there are clear upward trends for co ee
and yogurt in all census divisions (roughly 5% and 10% increases in co ee and yogurt,
respectively). On the other hand, only some census divisions have an upward time trend
for laundry detergent. In general, both the geographic variation and yearly time trends
in sustainable market shares mirror the availability of sustainable products, shown in the
second row of Figures 3.1 and 3.2. We note that the levels of sustainable availability
are higher than the sustainable market share levels in the co ee and laundry detergent
categories, while the levels are more similar in yogurt.

The third rows of Figures 3.1 and 3.2 show the relationship between price premium and
market shares (and availability) are not as consistent. For the co ee category, the highest
market share category has the lowest price premium, which we might expect with price
sensitive consumers. However, for laundry detergent, the highest price premiums are in
areas with large sustainable market share, New England and the Paci c census divisions.
For this much lower sustainable share category, rms are possibly pricing to extract more

surplus from a smaller segment of consumers, presumably due to less price sensitivity of

7 There are 9 census divisions in the US. See https://www2.census.gov/geo/pdfs/maps-data/maps/
reference/us _regdiv.pdf for details.
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the marginal consumers for this category in these markets.

FIGURE 3.1: Yearly Trend of Sustainable Market Share, Product Availability, and Price
Premium in Grocery Stores

3.4.2 Descriptive Regressions

We next examine the demographic predictors of sustainable market shares, availabil-
ity, and price premiums that may help contribute to the geographic variation we observe
in the previous section, using the following regression, which we run separately for each

subcategory and store format:

Ygmft = ZmOst + Kgt + Hymftt (3.7)
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FIGURE 3.2: Yearly Trend of Sustainable Market Share, Product Availability, and Price
Premium in Mass Merchandiser Stores

in which Ygmy is the log of sustainable market share, log of sustainable product availability
share, or log ratio of sustainable vs. non-sustainable product volume-weighted price for
product group g in county m and store format f at time t. The Z, are the county
demographic variables described above. The associated coe cientgs; are estimated for
each subcategorys and store format f. The kq: are product group-by-week xed e ects
(recall that within each individual subcategory, there are two product groups, either large
or small products in terms of actual product size within the subcategory). In a fourth

regression with log of sustainable market share as the dependent variable, we include the
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log availability share and log price ratio as additional controls. We use two-way clustering
by county and week. Summaries of the estimated e ects in these regressions are shown
in Figures 3.3, 3.4, and 3.5, where dots and triangles represent point estimates and lines
represent the 95% con dence intervals®

Many of the demographic e ects on sustainable market share are not consistent across
subcategories (Figure 3.3). For example, while household income leads to higher sustainable
share for ground and single cup co ee in grocery stores, it predicts no di erence or a lower
share for instant co ee, refrigerated yogurt drinks, and liquid laundry detergent. However,
the e ects become more consistent when controlling for availability and price premium.
The income e ects on share become slightly negative for grocery stores for ve of the
subcategories (small and positive for the sixth) once these variables are included as controls.
This is not true for mass merchandiser stores, where income is still positively associated
with sustainable market share (to a lesser extent) when controlling for sustainable product
availability and the price ratio of sustainable over non-sustainable products.

In grocery stores, Democratic vote share in the 2016 presidential election is positively
related to sustainable market share for four of the subcategories, but is negatively related
for one. In mass merchandiser stores, it is positively related for ve subcategories, and
four after controlling for availability and price. The e ect of fraction college educated
declines only slightly when controlling for availability and price; in sharp contrast, the
large, positive e ects of the fraction of the population that is white are greatly reduced by
the inclusion of these controls.

The di erential impact of including availability and price on the e ect sizes of the
fraction of the population that is college educated compared to the fraction that is white
is not that surprising when we examine the relative e ects of the demographic variables
on sustainable availability itself (Figure 3.4). The e ects of the fraction of the population

that is white on sustainable product availability are substantially larger overall than the

8 Full regression results are shown in Appendix B.2 in Table B.1 for the grocery format and Table B.5 for the
mass merchandiser format.
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Notes.Points represent coef cient estimates of the variable named in each subplot title. Bars represent the
95% con dence interval of each coef cient estimate. Two-way clustered standard errors are conducted at the
week and county levels. Fixed effects are included for each week and product size combination (size is

de ned as either large or small within the subcategory based on a median size split of all UPCs in the

subcategory nationwide).
FIGURE 3.3: Demographic Predictors of Sustainable Product Market Share
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fraction of the population that is college educated and the Democratic vote share in the
2016 presidential election. Though there is a price premium in some of the categories that
increases with fraction white (Figure 3.5) that may a ect market shares, the e ect sizes are
not comparable to those in the availability regressions (the dependent variable in logs helps
allow for these comparisons). In general, there are consistent positive e ects of income and
fraction college educated on availability.

The sustainable vs. non-sustainable price ratio is related to the market share as well.
For example, whereas income leads to a smaller price ratio (or no di erence) for most
subcategories, it predicts a higher ratio for liquid laundry detergent. Recall that laundry
detergent has low sustainable market share, and so it may be that in higher income areas,
it is optimal to price at a higher margin and sell to a smaller segment of consumers for
this category, whereas in the other subcategories, the number of consumers interested in
sustainable products in higher income areas make it more pro table to charge a lower
markup and sell to more consumers. The prot potential for sustainable products, which
we estimate in a later section, will determine the rm's optimal strategy.

In the next section, we will estimate product-level price elasticities in order to assess
a product's prot potential within a county to see if they vary systematically with the
demographic factors. We can then assess whether the demographic e ects on sustainable

product availability are due to any increased pro tability of sustainable products.
3.5 Demand Estimation

We de ne a product j in our demand estimation as a collection of UPCs that have the
same brand, are of a similar size (which we refer to as being in the same \size birt?),

and have the same label P t0, 1u, wherel = 0 denotes non-sustainable products and = 1

9 The brand names provided by Circana are fairly granular and we manually code a “parent” brand for
each product (for example, the Circana dataset uses brand names such as “Starbucks”, “Starbucks Coffee”,
“Starbucks Golden Smores”, etc., which we group together under the parent brand “Starbucks”) and use this
as our brand de nition instead of Circana's.

10 We de ne products to be a “similar size” if they are classi ed within the same “size bins”, which we con-
struct using k-medoids clustering of the volume-equivalent sizes of all unique UPC's within the subcategory
using six clusters.
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Notes.Points represent coef cient estimates of the variable named in each subplot title. Bars represent the
95% con dence interval of each coef cient estimate. Two-way clustered standard errors are conducted at the
week and county levels. Fixed effects are included for each week and product size combination (size is

de ned as either large or small within the subcategory based on a median size split of all UPCs in the

subcategory nationwide).
FIGURE 3.4: Demographic Predictors of Sustainable Product Availability Share

75



Notes.Points represent coef cient estimates of the variable named in each subplot title. Bars represent the
95% con dence interval of each coef cient estimate. Two-way clustered standard errors are conducted at the
week and county levels. Fixed effects are included for each week and product size combination (size is

de ned as either large or small within the subcategory based on a median size split of all UPCs in the

subcategory nationwide).
FIGURE 3.5: Demographic Predictors of Sustainable Product Price Premium
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denotes sustainable products, as before. Following Hitsch et al. (2021), we estimate the
following log-linear demand regression for each product within each store s at weekt in

market m (county) at the subcategory and store format level:
IOg(stt) = bjm IOg(pjst) + lestgjm T gt tgt+ tsltltlj = 1lu+ g, (3.8)

where qs; is the quantity of product j sold in store s in week t, pjs; is the price indext!
of product j in store s in week t, and Xjs; are a series of observed control variables. Due
to the log-log speci cation for quantity and price, bjy, is the price elasticity of demand for
product j in market m over the support of the data. The gjn's re ect the e ects of the
control variables on demand, whileajs, t, and t2 are xed e ects which we explain below.

Rather than assuming a particular functional form for demand, which imposes func-
tional restrictions, we model the demand as exibly as we can. We control for several
product and store characteristics in X, including variables related to both the focal prod-
uct itself as well as the competitive environment facing the focal product within the store.
Variables related to the focal product are 1) an indicator for whether any underlying UPC
was promoted that week, either as a display or feature; 2) a weighted price index of all
other products within the same brand but not the same size bin as the focal product,
delineated by sustainable and non-sustainable if applicable, using the other own-brand
products' yearly revenue in the store as weights, and 3) the number of underlying UPCs
within the product.

With respect to the competitive environment facing the focal product, we include in-
dexes for competitor prices, promotions, and product mix. We de ne the competitor price
index as the weighted average price of competing products within the set of sustainable
(or non-sustainable) products in the store that week, using the competitor's yearly revenue
in the store as weights to allow the prices of more \prevalent" products to have a greater

impact on demand for the focal product. The competitor promotion index is computed

11 The price index is computed as a weighted average price across all UPCs that make up product j in store s
at week t, where the weights are the total volume sold of the respective UPC in store sin the year that week
tisin.
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as the proportion of products with any underlying UPC that is featured or displayed that
week. Lastly, we include two types of product mix variables. First, we include as a product
mix variable the number of competing products in the store that week. In all cases, \com-
petitor" products are those that are within the same size bin and subcategory as the focal
product. Second, we allow an additional e ect on demand if the product is a \monopolist”
by including an indicator for whether the product is the only product within its size bin
that is sold in the store in that week. To allow for di erential e ects of the control variables
for both sustainable and non-sustainable products, all indexes are measured for the set of
sustainable and non-sustainable competitors separately.

To control for baseline product demand in each store, we include product-store xed
e ects, ajs. We control for time-varying demand for products using store-week xed ef-
fects, tsot, which are common to the county and subcategory we run each regression in.
These controls account for both product-varying sources of endogeneity (e.g. arising from
product quality or di erent customer bases) and time-varying sources of endogeneity (e.g.
seasonality). We further allow for a separate set of store-week xed e ects for the set of sus-
tainable products (the tZ), allowing for time-varying baseline valuations of sustainability.
These separate xed e ects for sustainable products are important to include in order to
separately identify price elasticities from baseline preferences. For example, in our data we
see price premiums for sustainable co ee products decrease while market shares increase.
If we did not include separate store-week xed e ects for sustainable products, the increase
in demand would be entirely attributed to the price elasticity term bj,, resulting in a much
higher (more negative) price elasticity estimate. By allowing the baseline demand for sus-
tainable products to di er from those of non-sustainable ones, we are able to estimate two
sources of demand for sustainable products { both baseline preferences and price elasticity.

The main coe cients of interest are the own-price coe cients, b;n's, which represent
own-price elasticities for each productj within a county m. We compute county-level
(instead of store-level) elasticities for each product due to the fact that in some cases there

is insu cient price variation within a single store to estimate sensible price elasticities,
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requiring us to pool our estimates at the next level of aggregation. We are also interested
in the estimated coe cients for the competitor price indexes. With the set of xed e ects
we utilize, identi cation results from comparing di erences in demand for a product relative

to the subcategory as a function of varying prices across time within a store.

3.5.1 Estimation Detalils

Since we estimate product-speci ¢ own-price elasticitiesh;,, in each regression, it be-
comes infeasible to include every product sold in the regression when there are many brands
that make up the available products within a county. To aid in estimation, we group the
smallest brands (in terms of total revenue in the county across all years of our sample)
that cumulatively contribute up to 10% of market share within the county as a single
brand named \small brands" (delineated by sustainable and non-sustainable), which are
then split into size bins to t our product de nition. The other brands that make up the
remaining greater-than-90% of market share are unchanged.

We note our econometric speci cation in (3.8) also allows product-speci c e ects gjm
for all the control variables. Owing to the number of parameters this introduces to the
model even when smaller brands are grouped together, we only estimate product-speci ¢
coe cients for the control variables that are related to the focal product itself, keeping
common county-level coe cients for those variables related to the product's competitive
environment. We do allow, however for sustainable and non-sustainable products to have
di ering county-level e ects by including a sustainable interaction term on the competitive
mix control variables.

We apply two additional restrictions in terms of our data. To ensure less common
UPCs do not spuriously a ect a product's price index, we use only UPCs that appear in
our data for greater than two total years' (104 weeks'") worth of periods in each store when
aggregating to the product (brand-sustainable-size bin) level in our data. We further keep
only stores that have both sustainable and non-sustainable sales such that our elasticity

estimates re ect demand in stores where both sustainable and non-sustainable products
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are available.

We also estimate the model with two modi cations for robustness and an additional
modi cation for parsimony. First, we test robustness of our results to a di erent speci -
cation of the time xed e ects. While our main model (3.8) uses store-week xed e ects
for both non-sustainable and sustainable productst; and tslt, we run a separate version
using county-week xed e ects (tr?1t and tr}n) restricting time varying demand shocks to be
common to the whole subcategory within a county. Second, we test whether a more ag-
gregated product de nition, which uses just the brand and a sustainability label indicator,
changes our results. This modi cation enforces own-price elasticities to be common for all
size bins within a brand. Lastly, for parsimony, we run a separate version of the model that
only estimates common county-level e ects for all the variables, including the own-price
elasticities, allowing for a baseline (non-sustainable) e ect and a sustainable interaction.

In total across all product categories and model speci cations, we run over 180,000
regressions and obtain over 1.5 million own-price and competitor price elasticity estimates.
Our main speci cation consists of 22,917 total regressions and 565,563 product-specic
own-price coe cient estimates. We use two-way cluster-robust standard errors at the

product and week levels for all regressions.

3.5.2 Empirical Bayes Deconvolution

One advantage of our approach is we exibly estimate di erent price elasticities across
all product and county combinations, allowing us to examine how both product and county
factors in turn correlate with our estimates. However, this exibility also results in a wide
empirical distribution of price elasticities, particularly in instances where limited price
variation in certain counties yield noisy estimates. In order to account for this imprecision,
we conduct an empirical Bayes deconvolution of our elasticity estimates.

We observe for all productsj P J , in a market (e.g. county) m the tuple (Bjm,sjzm), the

elasticity coe cient estimate and standard error, respectively, in our sample period. We
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model the elasticity estimates as realizations of a hierarchical Normal-Normal model:

Bjm N (bjm! szm)1
(3.9
bim  N(m+ Wj,g;,87),
where the estimated elasticitiesf)jm are assumed to be drawn from a Normal distribution

centered around the true elasticity bj, with variance 2, the standard error of the esti-

im
mate. The true elasticity bj, is modeled also as a Normal distribution centered around
the expressiond, m+ Wj}ngj. We can interpret dy, as the expectedelasticity of product
j in market m, given a set of observed product and county covariates iWj,. The n) is
the product \baseline" elasticity given zeros for all values in Wj,, and g; is the product-
speci ¢ e ect of the covariates on the expected elasticity. The covariates we use iW;, are
all the market-level (county-level) demographic variables that were used in the descriptive
regressions in Section 3.4.2 as well as two competition variables: the average number of sus-
tainable and non-sustainable competitors of productj within each store-week observation,
across all weeks and stores within the county.

For any product j in county m, we are interested in the posterior distribution of
the true elasticity, conditional on the estimated elasticity coe cient and standard error,

f (Bjm|bjm, sjzm). Since we have assumed a normal likelihood and normal prior, the posterior

is also normally distributed with expectation and variance as follows:

52 .
E[bin|Bim, 2.1 = ——— By + + Wl g,
[ Jm| jm jm] sz_l_ szm jm sj2+ szm(n] ngJ)
(3.10)
) £ 52
Var [bjm|Bjm, $2n] = ——m.
im sz+ szm

We estimate each of the parameters), g;, and sj2 using maximum likelihood to obtain

the posterior means and variances in3.10)

3.5.3 Grocery Store Results

We rst discuss the results of our demand estimation for the grocery store format.
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3.5.3.1 County-Speci ¢ Price Elasticities

We rst estimate a simpler version of the model in which price elasticities are the same
within a county for all non-sustainable and sustainable products, respectively. Figure 3.6a
shows the distribution of county-level estimates for the baseline price coe cient as well as
the county-level estimates for the coe cient on price interacted with an indicator variable
for being a sustainable product. The blue shaded part of the density are for estimates with
p .05 As expected, the vast majority of price coe cients are signi cant and negative.
There is also considerable variation in whether sustainable products within the county
exhibit larger or smaller elasticities, as shown in Figure 3.6b. For ground co ee, instant
co ee, yogurt, and liquid laundry detergent, sustainable products typically exhibit smaller
price elasticities in magnitude.

The cross price e ects (for the sustainable and non-sustainable competitor price in-
dexes) are shown in Appendix B.4 in Figures B.10 and B.11. The prices of competing
sustainable products do not systematically a ect demand di erently than competing non-

sustainable products.

3.5.3.2 Product-Speci ¢ Price Elasticities

While the previous estimates provide some information about the relative elasticities
for sustainable and non-sustainable products, these estimates re ect the residual demand
for any given product in any given market. We expect there to be heterogeneity across
products as well as within the sustainable vs. non-sustainable classi cation, hence we also
estimate the full heterogeneity speci cation outlined in Section 3.5. In Figure 3.7, we
show the distributions of posterior mean estimates of own-price elasticities for the set of
sustainable (in blue) and non-sustainable (in red) products, in which the unit of observation
is a product-county. We use counts along the y-axis in order to show the relative number
of product-county estimates for each type of product within each subcategory. Dotted
vertical lines show the median of the distributions, and the dotted lines of each color

show the distributions of the subset of estimates which are statistically signi cant (the
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(a) Non-Sustainable Baseline

(b) Sustainable Interaction

FIGURE 3.6: Distribution of County-Level Average Own-Price Elasticities: Grocery
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vast majority). Results are consistent with the homogeneous estimates presented above.
The median sustainable product is roughly 10% to 25% less elastic than its median non-
sustainable counterpart for ground co ee, instant co ee, and liquid laundry detergent.
There are smaller di erences in the same direction for single cup co ee and yogurt, while

there is no discernible di erence for yogurt drinks.

FIGURE 3.7: Density of Sustainable and Non-Sustainable Posterior Estimates of Product-
County Elasticities: Grocery

A bene t of estimating product (and county) speci ¢ elasticities is we can summarize
the results based on speci ¢ product characteristics beyond just comparing sustainable to
non-sustainable products, such as examining the distributions of elasticities for di erent
types of sustainability claims or for the number of claims. Figure 3.8 shows the kernel
densities for the di erent types of claims used (a product may appear in multiple distribu-
tions if it has multiple claims). In all three co ee subcategories, we note the distribution
of elasticities for the \Sustainably Sourced" claim is shifted to the right compared to the
other claims (in ground co ee, the \Organic" claim is fairly similar), indicating more in-
elastic responses to price for products with that claim. In yogurt, \Organic" and \Other"
(less prevalent) claims are less elastic than \Non-GMO" and \Certi ed B Corporation”

claims. Elasticities are fairly similar across di erent types of claims in yogurt drinks, while
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products with the \All Natural" claim in the liquid laundry detergent subcategory are

generally more price elastic.

FIGURE 3.8: Distribution of Posterior Estimates By Sustainability Claim: Grocery

Figure 3.9 shows the distribution of estimates by the number of claims. For yogurt,
more claims leads to smaller elasticities in magnitude (implying the ability to charge higher
markups), whereas for most of the other categories, more sustainability claims (conditional

on at least one claim) leads to larger elasticities.

3.5.4 Mass Merchandiser Store Results

For the mass merchandiser store format, we focus our discussion on the distribution of
product-county level price elasticities for brevity.12 Figure 3.10 displays the pattern of sus-
tainable vs. non-sustainable product-county elasticites in mass merchandiser stores, which

are not the same as in grocery stores. In contrast to grocery stores, ground co ee, single

12 For the mass merchandiser format, estimates of homogeneous price elasticities for sustainable vs. non-
sustainable products are displayed in Appendix B.3 Figure B.7, and kernel densities of price elasticities based
on the type of sustainability claims and number of claims are displayed in Appendix B.3 Figures B.8 and B.9.
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FIGURE 3.9: Distribution of Posterior Estimates By Number of Sustainability Labels: Gro-
cery

cup co ee, yogurt, and liquid laundry detergent all have sustainable price elasticities that
are roughly the same as or to the left of (i.e. more elastic than) non-sustainable. Yogurt
drinks is the only subcategory in which the di erence in grocery and mass merchandiser
goes in the opposite direction, with price elasticities of sustainable yogurt drink products
being less elastic than non-sustainable ones. Notably, sustainable market shares for the
overall co ee category and yogurt category (of which the yogurt drink subcategory is only

a small portion) are both signi cantly lower in mass merchandiser stores relative to grocery
stores (see Figures 3.1 and 3.2), indicating a possible link between price elasticities and

market shares of sustainable products.

3.5.5 Price Elasticity Discussion

Recall in our empirical Bayes deconvolution approach, we modeled the elasticity esti-
mates b, from our initial demand regressions as realizations from a hierarchical Normal-

Normal model where b;,, are drawn from a Normal distribution around the true product-
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FIGURE 3.10: Density of Sustainable and Non-Sustainable Posterior Estimates of Product-
County Elasticities: Mass Merchandiser

county elasticity bjy, which is in turn generated from a Normal distribution with mean
d m + W, gj. The hyperparameter estimatesg; show whether the elasticities are
systematically explained by the number of competitors and the demographic variables in
Wjn. Boxplots of the hyperparameters of the deconvolution estimates (estimates are at
the product level) are shown in Appendix Figure B.14 and B.15). There are no systematic
e ects of the number of sustainable or non-sustainable competitors or the demographic
variables on the distribution of hyperparameters. This indicates the marginal utilities of
sustainable vs. non-sustainable products are not the same across markets.

Di erences in price responses can be consistent with both heterogeneity in preferences
(Blattberg & Wisniewski, 1989; Johnson & Myatt, 2006) and honhomothetic choice models
(Allenby & Rossi, 1991; Allenby et al., 2010), in which demand for any given product
depends on the level of possible utility from the category. Under nonhomothetic choice, a
higher quality brand can have a higher price elasticity than a lower quality brand due to the
interaction between income e ects with product substitution e ects, leading to rotations
of consumer indi erence curves. The fact that we see sustainable product demand become

more elastic as sustainable product market share increases across categories also suggests
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nonhomothetic demand, since substitution to the more sustainable products (from the non-
sustainable products) will increase as the attainable utility increases (Allenby et al., 2010).
While the increase in elasticity implies lower optimal margins, this should be more than
o set by the increase in demand, since the rotation of the demand curve is outward under
the assumption of nhonhomothetic choice.

While the main objective of the demand estimation was to estimate product elasticities
as an important determinant of prot potential, the elasticities also a ect optimal pass
through rates of cost changes. As noted by Butters et al. (2022), the pass-through rate
of a cost decline will depend on the curvature of the demand curvez p(c?/ o) =

(o?/ g)/ (qh2, in which of is the second derivative of demand with respect to price. The

pass through of a cost decline will be:

(3.11)

With downward sloping demand, #is negative, and with convex demand,z is positive. The

larger (in magnitude) the price elasticity (or the greater the curvature of the demand curve),

the larger the pass-through rate of any costs associated with producing more sustainable
products. If the costs of sustainable products can be reduced, either through economies
of scale or other advances, these costs reductions will be re ected more in price when
consumers are more price elastic. In other words, if cost declines lead sustainable products
to appeal more to a broader set of more price elastic consumers, optimal markups then

decline, further broadening the set of consumers who might purchase sustainable products.

3.6 Pro t Potential

With product-county level posterior estimates of price elasticity in hand, we return to
the question of prot potential. Equilibrium prices and quantities are jointly determined,
with optimal pricing depending on the elasticity of the marginal consumer at that price
level. Some products may be more pro table because of high levels of demand, whereas

others may be demanded by a smaller segment of very inelastic consumers, allowing rms
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to charge a higher markup.

3.6.1 Correlations of Pro t Potential Components

Before computing the prot potential measure itself, we analyze the correlations be-
tween its three components,log(Qjm), log(pjm), and  log( #m), where gjm, Pjm, and #m
are the average quantity (in units) sold across the full panel, the average price (per 160z),
and the posterior mean own-price elasticity estimate, respectively, for a producf within a
market m for the di erent subcategories in each store format. Note that potential pro ts
increase with all three of these components: the sum of the rst two is log revenue and the
third is log margin (at optimal pricing).

Figures B.16 and B.17 in Appendix B.6 show these correlations, which we compute
within the set of either sustainable or non-sustainable products, for the grocery and mass
merchandiser store formats, respectively. In some product categories, the trade-o is larger
than others. For non-sustainable ground co ee in both the grocery and mass merchandiser
formats, for example, products with higher demand are priced substantially lower with
lower margin, whereas for non-sustainable instant co ee, margins and prices are only very
slightly negatively correlated with demand. In some sustainable product subcategories
(instant co ee in both store formats, for example), there is a positive correlation between
prices and quantities, i.e. those products that have higher demand are also priced higher,
possibly due to higher quality or quality perceptions. In both those examples, there is a
slight negative correlation between price and possible markup, indicating that the higher
prices are likely due to higher costs. In contrast, for sustainable liquid laundry detergent,
there is a very strong positive correlation between price and possible markup in the grocery
format, indicative of rms charging higher prices due to their ability to extract surplus from

less price sensitive consumers.

3.6.2 Sustainable vs. Non-Sustainable Pro t Potential

We next examine the distribution of sustainable and non-sustainable pro t potential in

each of the subcategories over product-by-county level pro t potential, computed following
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(38.3)aslog(pjm) = log(qm) + log(pjm) log( #m), which are shown in Figures 3.11 and

3.12 for grocery and mass merchandiser store formats respectively.

FIGURE 3.11: Density of Sustainable and Non-Sustainable Product-County Pro t Poten-
tial: Grocery

FIGURE 3.12: Density of Sustainable and Non-Sustainable Product-County Pro t Poten-
tial: Mass Merchandiser

Overall, sustainable products in both store formats have higher median pro t potential

compared to non-sustainable products, except for liquid laundry detergent. Notably, for
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most subcategories and in both store formats, the di erence between the median prot
potential of sustainable and non-sustainable products shows the same sign as the di erence
in the respective median price elasticities (see Figures 3.7 and 3.10). The only exception
is liquid laundry detergent, which has a lower median prot potential but higher median
price elasticity for the sustainable products, relative to non-sustainable. For liquid laundry
detergent, the less negative price elasticities for sustainable products allow rms to charge
higher markups, but because they are serving a much smaller segment of the market, the
overall prot potential is still low. In contrast, the other subcategories which also have
relatively inelastic price elasticities appear to be more pro table, likely due to serving a

larger segment of the population.

3.6.3 Pro t Potential and Demographics

While sustainable products appear to exhibit larger prot potential on average than
non-sustainable products in most subcategories, Figures 3.11 and 3.12 show signi cant het-
erogeneity across product-county estimates. We investigate demographic determinants of
the heterogeneity in the product-county-level pro t potential estimates using the following

regression:

10g(Hjm) log(Gjm) + log(pjm) log( #m)

= Zm(g+ oLt = 1)+ aj + #n. (3.12)

We regress prot potential on the same set of demographic variablesZ,, as in our earlier
descriptive regressions (both with and without a control for the number of weeks that
speci ¢ product was available in stores within the county). We include a product intercept

a; and perform two-way clustering by county and brand.

3.6.3.0.1 Grocery Stores. The results for the grocery store format are shown in Figure
3.13, with each point representing the coe cient point estimate and the vertical lines
representing 95% con dence intervals. Because the dependent variable is in logs, the e ects

can be interpreted as leading to a relative increase of that amount. A coe cient of one on
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