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Abstract

We estimate the effect of information on consumers’ willingness to pay for branded goods in physically
homogeneous consumer packaged goods categories. In a case study of headache remedies, we find that
college education, working in a healthcare occupation, and other proxies for product knowledge predict
more purchases of private labels relative to brands. Pharmacists devote almost 90 percent of headache
remedy purchases to private labels, against 71 percent for the average consumer. The effect of knowledge
is similar across a broad set of health products, and in a set of relatively homogeneous food products,
but smaller for food and drink products overall. We conclude that a significant share of the willingness
to pay for brands in these categories would disappear in a world where consumers were fully informed.
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1 Introduction

A 100-tablet package of 325mg Bayer Aspirin costs $6.29 at cvs.com. A 100-tablet package of 325mg CVS

private label aspirin costs $1.99 (CVS 2013). The two goods share the same dosage, directions, and active

ingredient: acetyl salicylic acid. Aspirin has been sold in the United States for more than 100 years, CVS

directs consumers to compare Bayer to the CVS alternative, and CVS is the largest pharmacy chain in the

country, with presumably little incentive to sell a faulty product. Yet the prevailing prices are evidence that

some consumers are willing to pay a three-fold premium to buy the branded product. Indeed, in data we

introduce below, 24 percent of aspirin sales by volume (and 59 percent by expenditure) are to branded prod-

ucts. Research shows that the prices of automobiles (Sullivan 1998), index funds (Hortaçsu and Syverson

2004), and online books (Smith and Brynjolfsson 2001) all embed substantial brand premia even within

groups of physically homogeneous products.

Why are consumers willing to pay more to buy brands? One possibility is that they are simply making

a mistake. Economists have long hypothesized that the demand for brands may reflect misinformation

induced by advertising.1 Recent theoretical work models competition and regulation in markets in which

sophisticated firms compete for the business of uninformed or manipulable consumers (Gabaix and Laibson

2006; Piccione and Spiegler 2012; Ellison and Wolitzky 2012). The ability of firms to mislead consumers is a

key motivation for federal regulation of advertising (Federal Trade Commission 1999). A second possibility

is that brands actually produce more utility. Becker and Murphy (1993) develop a model in which advertising

is a complement to consumption. Kamenica et al. (2013) present evidence for such complementarity in the

case of drugs, suggesting that advertising may enhance placebo-like effects and so make branded drugs more

clinically effective. Even seemingly homogeneous products may differ in subtle ways that affect objective

quality.2

In this paper, we ask how much of the brand premium for drug-store and supermarket products results

from lack of knowledge or sophistication. We match individual purchase data from the 2004-2010 Nielsen

1Braithwaite (1928) writes that advertisements “exaggerate the uses and merits” of brands, citing aspirin and soap flakes as
examples. Henry Simons (1948) advocates government regulation of advertising to help mitigate “the uninformed consumer’s
rational disposition to ‘play safe’ by buying recognized, national brands” (p. 247). Scherer (1970) discusses premium prices for
branded drugs and bleach, and writes that “it is hard to avoid concluding that if the housewife-consumer were informed about the
merits of alternative products by some medium more objective than advertising and other image-enhancing devices, her readiness
to pay price premiums as large as those observed here would be attenuated” (pp. 329-332).

2Branded and generic drugs may differ in size and shape, as well as in non-active ingredients such as those in their coatings.
In one instance, the FDA determined that a generic antidepressant performed less well than its branded counterpart, likely due to
differences in their “extended release” coatings (Thomas 2012). A widely publicized 2006 recall of store-brand acetaminophen
resulted from the discovery that some pills could contain metal fragments (Associated Press 2006); such risks could conceivably
be lower for brands. Hortaçsu and Syverson (2004) conclude that purchases of high-cost “brand name” index funds partly reflect
willingness to pay for non-financial objective attributes such as tax exposure and the number of other funds in the same family.
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Homescan panel to a new survey containing proxies for consumer information, and to separate data on

store-level quantities and prices. We estimate the effect of our knowledge measures on the propensity to

choose private labels over brands, and study the choices of experts such as pharmacists and physicians as

an approximation to behavior under perfect information. We then use these estimates to ask how aggregate

outcomes would differ in a world in which all consumers were perfectly informed.

The economic value at stake is large. We estimate that consumers spend $166 billion in product cat-

egories where a comparable private label exists to branded goods. In these categories, households would

reduce expenditure by $32 billion, or 19 percent of total expenditure, by switching to buying all private

labels at current prices. More broadly, knowing the source of the brand premium is an important input to

evaluating the welfare effects of the roughly $140 billion spent each year on advertising (Kantar Media

2013).

Our main identification challenge is separating the effect of consumer knowledge from correlated dif-

ferences in other drivers of choice such as preferences. We limit the scope for preference differences by

focusing on choices between branded and private label products that are identical on all physical attributes

measured by Nielsen. We include detailed controls for income and other demographics, and compare occu-

pations such as physicians and lawyers with similar socio-economic status but different levels of product-

specific expertise. We show that high- and low-knowledge consumers look similar in their preferences for

measured product attributes, making it more plausible that they are similar in their preferences for any un-

measured attributes. To address differences in private label availability, we compare consumers shopping at

the same chain in the same market in the same week. To address confounds related directly to consumers’

workplaces (e.g., pharmacists receive free samples or discounts that affect their purchasing behavior), we

look at expert consumers who are not currently employed. Though we cannot rule out all possible con-

founds, the pattern of evidence suggests our estimates mainly capture the causal effect of information.

We begin our analysis with a detailed case study of headache remedies. As indirect measures of knowl-

edge, we use information on occupation, along with educational attainment and college major. As a direct

measure, we use a survey question answered by a subset of our panelists that asked them to name the ac-

tive ingredient in various branded headache remedies. The average respondent in this subset can correctly

identify the active ingredient 59 percent of the time. For the college-educated, the fraction rises to 61 per-

cent. For those whose major was science or health, the fraction is 73 percent. For registered nurses, it is

85 percent, for pharmacists it is 89 percent, and for physicians it is 90 percent. Occupational specialty is

important enough to outweigh large differences in general education. For example, registered nurses are far

better informed about headache remedies than lawyers, despite having completed less schooling and earning
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less in the labor market on average.

The propensity to choose private label over branded headache remedies closely tracks knowledge. The

average household devotes 71 percent of headache remedy purchases to private labels. Controlling for

household income, other demographics, and market-chain fixed effects, a shopper who identifies all active

ingredients is 20 percentage points more likely to purchase a private label than a shopper who identifies none.

With the same controls, having a college-educated primary shopper predicts an increase of 4 percentage

points, having a primary shopper with a healthcare occupation other than physician or pharmacist predicts

an increase of 9 percentage points, and having a primary shopper who is a physician or pharmacist predicts

an increase of 18 percentage points. Primary shoppers with health or science majors buy more private labels

than those with other college degrees, and the effects of healthcare occupations are sizable among consumers

not currently employed.

We predict that in a world where all households had a primary shopper as informed as a pharmacist or

physician, the market share of branded headache remedies would fall by 55 percent. Expenditure on branded

products would fall by 50 percent, and total headache remedy expenditure would fall by 15 percent. If we

could isolate purchases for which both private label and branded alternatives are available, the effects would

likely be even bigger. We conclude that a substantial majority of the brand premium in these categories is

due to misinformation.

We next expand the analysis to a larger set of 34 health-related product categories, where we find ef-

fects that are qualitatively similar. The effects of knowledge of headache remedy active ingredients, college

education and working in health care occupations are positive for the overwhelming majority of categories.

Making all consumers as informed as a pharmacist would reduce the market share of brands in these cate-

gories by 21 percent, expenditure on brands by 24 percent, and total expenditure by 5 percent.

In the following section of the paper, we turn from health products to food and drink products. We

present a case study of pantry staples such as salt, sugar, and baking powder, using working as a chef or

food preparer as a proxy for knowledge, again finding consistent positive effects. Chefs devote more than

80 percent of their purchases to private labels in these categories, as compared to 61 percent for the average

consumer. Controlling for other drivers of choice, chefs are 13 percentage points more likely to purchase

private labels than the average consumer, and food preparers who are not chefs are 3 percentage points more

likely to buy private labels. Making all consumers as informed as a chef would reduce the market share

of brands and expenditure on brands in these categories by 24 percent. Because private labels are only 8

percent cheaper than brands in these categories on average, the effect on total expenditure is a reduction of

only 1 percent.
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We then present results for 243 other food and drink categories. Here, neither college education nor

working as a chef or other food preparer has consistently positive effects on private label purchases. The

coefficient on being a chef, for example, is positive for 147 categories and negative for 96, with 25 of

the positive coefficients and 16 of the negative coefficients significantly different from zero. Making all

consumers as informed as a chef would reduce expenditure on brands and brand market share by a significant

but economically small 2 percent.

Taken together, the results suggest that in categories such as headache remedies and pantry staples

which we singled out for having particularly homogeneous products, the share of brand premia due to

misinformation is large and the real utility differences are small or negligible. In other categories such as

carbonated soft drinks, yogurt, and many other food and drink products, the real utility differences may

be bigger, and the role of misinformation consequently less. In aggregate, we estimate that change in

expenditure in a world where all consumers are well-informed would be $410 million in headache remedies,

$340 million in other healthcare categories, $20 million in pantry staples, and $340 million in other food

and drink categories, for a total of $1.1 billion. Thus, the total effect of misinformation is significant, but far

smaller than the $32 billion cost we would infer if all private labels produced equivalent utility to brands.

In the final section of the paper, we ask to what extent the knowledge effects we measure are domain-

specific. We show that neither knowledge of headache remedy active ingredients nor working in a healthcare

occupation predict private label purchases in pantry staple categories. Similarly, working in a food preparer

occupation other than chef does not predict private label headache remedy purchases. We do find that chefs

buy more private label headache remedies, possibly suggesting that some of their knowledge is transferable

across domains.

The primary contribution of this study is to use novel data and methods to estimate the importance

of information in consumer choice.3 We add to existing survey and experimental evidence4 by exploiting

the large variation in consumer information induced by occupational expertise.5 Of particular relevance

3A sizable existing literature examines the demographic and attitudinal correlates of purchasing private label consumer pack-
aged goods (e.g., Berges et al. 2009; Dick et al. 1995; Richardson et al. 1996; Burton et al. 1998; Sethuraman and Cole 1999;
Kumar and Steenkamp 2007; Steenkamp et al. 2010) and generic prescription drugs (e.g. Shrank et al. 2009). A literature on blind
taste tests finds that consumers cannot distinguish among brands (Husband and Godfrey 1934; Allison and Uhl 1964) or between
branded and generic goods (Pronko and Bowles 1949), though there are exceptions (Mason and Batch 2009). Wills and Mueller
(1989) and Caves and Greene (1996) use aggregate data to estimate the role of advertising and quality in brand premia. Sethuraman
and Cole (1999) analyze the drivers of willingness to pay for brands using hypothetical choices reported on a survey.

4Existing evidence indicates that perceptions of similarity between branded and private label painkillers are correlated with
stated purchase intentions (Cox et al. 1983; Sullivan et al. 1994). Cox et al. (1983) find that informing consumers of active
ingredient similarity does not have a discernible effect on purchase selections.

5We are not aware of other research on the brand preferences of health-care professionals. An existing literature examines the
health behaviors of doctors (Glanz et al. 1982), including their propensities to use certain categories of medications like sleeping
pills (Domenighetti et al. 1991). Most studies of the relationship between occupation and private label purchases code occupation
at a high level of aggregation (white collar, blue collar, etc.) without reference to specific expertise (see Szymanski and Busch 1987
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is concurrent work by Carrera and Villas-Boas (2013), who use a field experiment to assess the impact of

informative product labels on the propensity to purchase private label headache remedies. Our approach

of comparing the choices of experts to those made by average consumers is close in spirit to Levitt and

Syverson (2008), who look at real estate agents selling their own homes, and to Johnson and Rehavi (2013),

who look at the frequency with which physicians give birth by caesarean section.

Methodologically, we build on the large literature using discrete-choice demand models to predict brand

choice and evaluate the sources of household purchase heterogeneity (Guadagni and Little 1983, Rossi et al.

1996). Our counterfactuals build especially on recent work that uses an equilibrium framework to evaluate

the size and determinants of brand premia (Goldfarb et al. 2009). Our methods also relate to earlier work

that uses the behavior of informed agents to predict the underlying preferences of uninformed agents, as in

Bartels’ (1996) study of voting.

Our results on health-related products also speak to issues in health policy. Purchases of branded pre-

scription drugs in categories where generic alternatives are available is a significant component of health

costs (Haas et al. 2005). A range of policies including mandatory substitution (NIHCM 2002) and finan-

cial incentives for physicians (Endsley et al. 2006) and patients (Huskamp et al. 2003) have been used

in an effort to increase the generic share. Although we focus on over-the-counter products, understanding

the sources of willingness to pay for private label drugs is relevant to the design of such policies and to

evaluating the welfare costs of current spending on brands.

The remainder of the paper is organized as follows. Section 2 describes our data. Section 3 lays out our

empirical strategy. Section 4 presents our results for health products and section 5 presents our results for

food categories. Section 6 presents evidence on domain specificity. Section 7 concludes.

2 Data

2.1 The Nielsen Homescan Panel

The backbone of our data is the Nielsen Homescan Panel, which we obtained through a partnership between

the Nielsen Company and the James M. Kilts Center for Marketing at the University of Chicago Booth

School of Business.6 The data include purchases made on more than 66 million shopping trips by 112,921

households from 2004 to 2010. Panelist households are given optical scanners and are asked to scan the

barcodes of all consumer packaged goods they purchase, regardless of outlet or store format. The data

for a review). An exception is Darden and Howell (1987), who study the effect of retail work experience on elements of “shopping
orientation,” such as attitudes toward store clerks.

6Information on access to the data is available at http://research.chicagobooth.edu/nielsen/.
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include purchases not only from supermarkets, but also from convenience stores, mass merchandisers and

club stores, drug stores, and so on. See Einav et al. (2010) for a recent validation study of the Homescan

panel.

For each panelist household, we have a set of demographics including the education of the household

head, a categorical measure of household income, number of adults, race, age, household composition, and

home ownership. We also know the Scantrak market in which each household resides. A Scantrak market

is a geographic area defined by Nielsen and is either a metropolitan area (e.g., Chicago), a combination of

nearby cities (e.g., Hartford - New Haven), or a part of a state (e.g., West-Texas). We will refer to Scantrak

markets as markets for the remainder of the paper.

For each purchase, we know the date, the universal product classification (UPC) code, the transaction

price, an identifier for the store chain in which the purchase was made, and the size of the UPC in so-called

“equivalent units” specific to product categories, e.g., pill counts for headache remedies or ounces for salt.

2.2 PanelViews Surveys

We conducted two surveys of Homescan Panelists using Nielsen’s PanelViews survey, a monthly survey

administered to the Nielsen Homescan panel. The first survey was sent electronically to 75,221 households

in October of 2008 with the request that each adult in the household complete the survey separately. In

total, 80,077 individuals in 48,501 households responded to the survey for a household response rate of

64.5 percent. The second survey was sent electronically to 90,393 households in November 2011 with the

request that each adult in the household complete the survey separately. In total, 80,205 individuals in

56,258 households responded to the survey for a household response rate of 62.2 percent.

Both surveys asked for the respondent’s current or most recent occupation, classified according to the

2002 Bureau of Labor Statistics (BLS) codes (BLS 2002).7 We match these to data on the median earnings

of full-time full-year workers in each occupation in 1999 from the US Census (2000). We group occupations

into categories (health care, food preparer) using a combination of BLS-provided hierarchies and subjective

judgment. The online appendix lists the occupations in these groupings.

The first survey included a set of additional questions relating to household migration patterns. These

questions were used in the analysis of Bronnenberg et al. (2012). We ignore them in the present analysis.

The second survey, designed for this study, included a series of questions about households’ knowledge

and attitudes toward various products. In particular, for each of five national brands of headache remedy

7In the small number of cases where an individual provided conflicting responses to the occupation question across the two
surveys we use the value from the second survey.
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(Advil, Aleve, Bayer, Excedrin, Tylenol), we asked each respondent who indicated familiarity with a brand

to identify its active ingredient from a list of six possible choices, or state that they “don’t know.”8 The

correct active ingredients are ibuprofen (Advil), naproxen (Aleve), aspirin (Bayer), aspirin-acetaminophen-

caffeine (Excedrin), and acetaminophen (Tylenol). For each respondent we calculate the number of correct

responses, treating “don’t know” as incorrect. We also asked respondents whether they agreed or disagreed

with a series of statements, including “Store brand products for headache remedy / pain relievers are just as

safe as the brand name products,” with responses on a 1 (agree) to 7 (disagree) scale. For each respondent, we

code a dummy variable equal to one if they chose 1 (the strongest possible agreement) and zero otherwise.

The second survey also asked respondents about their college major using codes from the National

Center for Education Statistics (U.S. Department of Education 2012). We define two groups of majors for

analysis: health majors, which include all majors with the word “health” in their description, and non-health

science majors, which include all majors in the physical and biological sciences.

Both surveys asked respondents to indicate whether they are their household’s “primary shopper” and

whether they are the “head of the household.” For each household we identify a single shopper whose

characteristics we use in the analysis, following the criteria used in Bronnenberg et al. (2012). We start with

all individuals within a household who respond to the survey. We then apply the following criteria in order,

stopping at the point when only a single individual is left: (i) keep only primary shopper(s) if at least one

exists; (ii) keep only household head(s) if at least one exists; (iii) keep only the female household head if

both a female and a male head exist; (iv) keep the oldest individual; (v) drop responses that appear to be

duplicate responses by the same individual; (vi) select one respondent randomly.

Throughout the paper, we restrict attention to households that answered the occupation question in one

or both of our PanelViews surveys.

2.3 Product Classification

Nielsen provides a set of attribute variables for each UPC code purchased by a Homescan panelist. Some

of these, such as size, are available for all categories. Others are category-specific. For example the data

include a variable that encodes the active ingredient for each headache remedy in the data. We harmo-

nize the codes for essentially identical descriptors (e.g., “ACET” and “ACETAMINOPHEN” both become

“ACETAMINOPHEN”).

We use these descriptors to aggregate UPCs into products. A product is a group of UPCs that are

identical on all non-size attributes provided by Nielsen. For instance, in the case of headache remedies, a

8In each case, the six choices were the five correct active ingredients plus the analgesic hydrocodone.
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product is a combination of an active ingredient (e.g., aspirin, naproxen), form (e.g., tablet, gelcap), formula

(e.g., regular strength, extra strength), and brand (e.g., Bayer, Aleve, private label).

To compare private label and branded goods we aggregate products into comparable product groups,

which are sets of products that are identical on all product attributes except for brand and size.

To perform our analysis we consider comparable product groups in which we observe at least 500

purchases with at least some purchases going to both branded and private label products.9 We eliminate

categories in which the available attribute descriptors do not provide sufficient information to identify com-

parable products.10 This leaves us with 395 comparable product groups.

For our case study of headache remedies we consider the subset of these comparable product groups

classified by Nielsen as adult daytime headache remedies.

For our case study of pantry staples we consider the subset of these comparable product groups classified

by Nielsen as table salt, sugar, or baking soda.

In our analysis, we restrict attention to transactions such that at least one comparable branded purchase

and at least one comparable private label purchase are observed in the Homescan data in the same retail

chain and quarter as the given transaction. We use this restriction to limit the likelihood that a branded

product is purchased because no private label alternative is available (or vice versa).

2.4 Retail Scanner Data

To estimate prices and aggregate expenditure, we use 2008 store-level scanner data from the Nielsen Retail

Measurement Services (RMS) files, which, like the Homescan data, we obtained through a partnership

between Nielsen and Chicago Booth’s Kilts Center for marketing. These data contain store-level revenue

and volume by UPC and week for approximately 35,000 stores in over 100 retail chains. We use our product

classification to aggregate UPCs into products.

For each comparable product group, we compute average price per equivalent unit for brands and private

labels respectively as the ratio of total expenditure to total equivalent units across all grocery, drug, and mass

merchandise stores across all weeks in 2008. We also estimate total US expenditure on brands and generics

respectively by multiplying the number of equivalent units purchased in the Homescan data by (i) the ratio of

total equivalent units for the comparable group in RMS and Homescan, (ii) the average price per equivalent

unit, (iii) the ratio of 2008 US food, drug, and mass merchandise sales to total 2008 expenditure measured

9We further eliminate comparable product groups in which fewer than 50 retail chains ever sell a private label according to the
retail scanner data we discuss in section 2.4 below.

10These are: deli products, fresh produce, nutritional supplements, miscellaneous vitamins, and anti-sleep products.
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in RMS.11

The sum of estimated total US expenditure across the comparable product groups in our sample is $166

billion. If all observed equivalent units were purchased at the average price per equivalent unit of generics,

this sum would fall by $32 billion or 19 percent.

3 Empirical Strategy

Our goal is to estimate the effect of information on the propensity to buy private label products. To establish

the direction of this effect, we look at the relationship between purchases and a range of information proxies,

including knowledge of active ingredients, completed schooling, college major, and occupation. To pin

down the overall share of brand premia due to limited information, we focus on the choices of occupational

experts such as pharmacists, physicians, and chefs, whose behavior we take as an approximation to choices

under full information.

The main specification we estimate is a linear probability model:

Pr (yi j = 1) = α j +Siβ j +Xiγ j, (1)

where an observation is a purchase by consumer i in comparable product group j, yi j is an indicator equal

to one if the purchase was a private label and zero if it was a brand, Si is a vector of information proxies of

interest, Xi is a vector of controls, and β j and γ j are vectors of parameters. In our preferred specification,

Xi includes detailed demographic and income controls as well as chain-by-market fixed effects. We weight

observations by volume purchased and cluster standard errors by household. Since we treat Si as proxies,

the parameters of interest β j include both the causal effect of the components Si per se (e.g., knowing that

Tylenol’s active ingredient is acetaminophen directly affects purchases) and the effect of information that

is correlated with Si (e.g., consumers who know Tylenol’s active ingredient also tend to be well informed

about other characteristics of headache remedies). The key assumption necessary to interpret the estimated

β j as causal is therefore that the information proxies in Si are orthogonal to non-informational drivers of

choice conditional on Xi.

Including chain-by-market fixed effects addresses possible correlation between Si and the shopping en-

vironment. Our results are robust to the possibility that sophisticated shoppers systematically choose chains

11The Annual Retail Trade Survey of the United States Census Bureau reports 2008 annual sales in grocery stores, pharmacies
and drug stores, and warehouse clubs and superstores of $511 billion, $211 billion, and $352 billion, respectively, totalling $1,075
billion (U.S. Census, 2013).
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that differ in the quality or availability of private labels, or in their prices, promotions, and so forth. We

show in the appendix that our results survive even richer controls for the timing and location of purchases.

A different concern is that Si may be correlated with preferences. More sophisticated shoppers may have

different tastes for product attributes rather than different beliefs or information. We limit the scope for this

kind of confound by studying the choice of private label vs. branded products among groups of products

whose external attributes are identical. Variation in preferences over these measured attributes thus cannot

explain variation in the propensity to purchase private label products within our comparable product groups.

We address some of the remaining confounds by the controls in Zi and by comparing occupational groups

such as physicians and lawyers with similar socio-economic status but different expertise. We also show

that high- and low-knowledge consumers look similar in their preferences for measured product attributes.

Though we argue that this evidence taken together strongly points toward an effect of information, we

cannot rule out all possible confounds. What remains is the possibility that brands and private labels within

our comparable product groups do differ in objective quality, and that the willingness to pay for quality is

correlated with expertise. We note that under the plausible assumption that any such correlation is positive

(physicians have if anything a greater taste for high-quality medicine, and chefs have if anything a greater

taste for high-quality food), our estimates will be a lower bound on the true effect.

4 Results: Health Products

4.1 Headache Remedies

We begin our analysis with a case study of adult daytime headache remedies. The six relevant comparable

groups in our sample span four active ingredients, each associated with a familiar brand: aspirin (Bayer),

acetaminophen (Tylenol), ibuprofen (Advil), and naproxen (Aleve). For acetaminophen and ibuprofen, there

are separate groups for tablets and gelcaps, while for aspirin and naproxen we consider only tablets. Both

acetaminophen groups are “extra strength.” All other groups are “regular strength.”

The first rows of table 1 show summary statistics for these comparable groups. We estimate total annual

expenditure on headache remedies to be $2.67 billion. Private label purchases account for 71 percent of

quantity and 49 percent of dollars.

On average, the per-pill price of a private label is 41 percent of the price of an equivalent brand. For as-

pirin, a mature product that has been off patent since 1917, private labels are 78 percent cheaper than Bayer.

These price differences are not due to differences in where these products are sold or to volume discounts:

among market-store-weeks in which we observe at least one branded and one private label purchase for the

11



same active ingredient and package size, the per-pill price for private labels is 33 percent of the price of an

equivalent brand. The median gap is 37 percent, and the branded good is cheaper in only 5 percent of cases.

Private label alternatives for branded headache remedies are widely available. Using our store-level data,

we estimate that 83 percent of the time that a branded headache remedy is purchased, a private label with the

same active ingredient and form and at least as many pills is available at a lower price. In our PanelViews

survey data, only 3.6 percent of households report that no private label alternative was available at their last

purchase.

In figure 1 we look at the relationship between knowledge of active ingredients and our indirect knowl-

edge proxies — completed schooling, occupation, and college major. The relationships are strongly positive

in each case. Panel A shows that shoppers with a college education correctly identify the active ingredient

in 61 percent of cases, as against 52 percent for those with a high school degree or less. Panel B shows

that pharmacists correctly identify the active ingredient in 89 percent of cases, nurses in 85 percent, doc-

tors in 90 percent. Panel C shows that shoppers whose college major is health or science related are more

informed than other shoppers. In the online appendix, we confirm these relationships in a regression frame-

work, showing that they remain strong even after controlling for income and a rich set of other household

demographics.

Having validated our proxies, we turn next to our main question of interest: the impact of knowledge on

the share of purchases that go to private labels. Figure 2 shows that greater knowledge of active ingredients

predicts. Those who can name no active ingredients buy less than 60 percent private labels. Those who can

name all five active ingredients buy more than 80 percent private labels.

Figure 3 shows the relationship between private label share and completed schooling. With no controls,

we see that those with education beyond high school buy more private labels than those with a high school

degree or less, but that there is no clear difference between those with some college, a college degree, or

more than a college degree. The main confound here is income, which is strongly negatively correlated with

private label purchases (see appendix figure 1). Once we add income controls, we see there is a monotonic

positive relationship between completed schooling and private label share.

Figure 4 shows the relationship between private label share and occupation. Here we see the strong

negative relationship between private label share and income — in this case represented as median income

by occupation. Households whose primary shopper is a healthcare professional buy far more private labels

than others of similar income. Pharmacists, physicians, and nurses buy more private labels than lawyers,

who have high levels of schooling but different occupational expertise.

Pharmacists, who stand out in the survey data in figure 1 as among the most informed about active
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ingredients, also stand out for having the largest private label share among large healthcare occupations.

Only 12 percent of volume bought by pharmacists are branded headache remedies, an amount small enough

to be explained by the occasional stock outs of private labels, and the fact that some purchases are made by

the non-pharmacist member of a pharmacist’s household.

Table 2 presents the relationship between private label share and knowledge of active ingredients in a

regression framework. The table presents estimates of equation 1, where the information variables of interest

Si are a dummy for college education and the share of active ingredients known. Column (1) includes in Xi

controls for demographic characteristics, product comparable group fixed effects, and market fixed effects.

Column (2) adds flexible income controls, and column (3) replaces market fixed effects with market-chain

fixed effects. The effect of college education increases when income controls are added and is equal to

3 percentage points in the preferred specification of column (3). Moving the share of active ingredients

known from zero to one increases increases the private label share by 20 percentage points, an effect which

is consistent across specifications.

The final column of table 2 adds to Si an additional knowledge proxy: a dummy for whether consumers

report believing that private labels are “just as safe” as brands. This is in some sense less clean as a measure

of knowledge than naming active ingredients, since it is possible to argue that the correct answer is ambigu-

ous. Believing private labels are just as safe as brands has an additional effect of 22 percentage points over

and above the effect of active ingredient knowledge. The effect of having this belief and being able to name

all active ingredients correctly is 37 percentage points.

Table 3 presents regression evidence on the effect of occupation. The model and controls in the first

three columns are the same as in table 2, with the information variables of interest Si now being a college

education dummy, a dummy for pharmacist or physician, and a dummy for healthcare occupations other than

pharmacist or physician. The estimated occupation effects remain stable as we add controls. In the preferred

specification of column (3) we find that the effect of being a pharmacist or physician is 18 percentage points,

and the effect of other healthcare occupations is 9 percentage points.

Column (4) of table 3 presents evidence on the role of college major. We restrict the sample to respon-

dents who completed college and who reported their college major in our survey. We find that health majors

buy an insignificant 0.2 percentage points more private labels and non-health science majors buy a highly

significant 7 percentage points more private labels. Column (5) of table 3 presents occupation results for

the subsample of respondents who are not currently employed for pay. (Recall that our occupation variables

are defined based on the most recent employment spell.) The coefficient on other healthcare occupations is

unchanged in this sample and remains highly significant. The pharmacist or physician coefficient is impre-
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cisely estimated because we have few unemployed pharmacists or physicians. Taken together, columns (4)

and (5) suggest our results are unlikely to be driven by factors specific to current employment in a healthcare

profession, such as the availability of employee discounts or free samples.

Table 4 presents evidence on the extent to which our direct and indirect knowledge measures capture

the same underlying variation. Column (1) repeats the preferred specification of table 3 column (3), this

time restricting to respondents who participated in the wave of our survey where we asked direct knowledge

questions. Column (2) restricts the sample the shoppers who named all active ingredients correctly. Column

(3) adds the additional restriction that the respondent believes private labels are “just as safe” as brands.

Restricting attention to well informed consumers reduces the estimated effect of education and occupation

substantially, while only slightly reducing precision. In the final column, the occupation coefficients are

reduced by more than 70 percent and are statistically indistinguishable from zero. These findings suggest

that all of our measures capture variation along a common dimension, which we interpret as knowledge.

They suggest that consumers who answer all our direct knowledge questions correctly are approximately as

well informed as the average pharmacist or physician. And they suggest that our occupation results cannot

be driven by correlation with unobserved preferences unless these preferences are similarly correlated with

knowledge.

As further support for our identifying assumptions, appendix figure 2 shows that healthcare professionals

and other consumers look similar in their choices of observed product attributes such as active ingredient

and physical form.

To summarize the implications of these results, table 5 shows how overall purchases would change in a

world where all consumers were as informed as a pharmacist or physician. To perform this counterfactual,

we assume that the probability that consumers who are not pharmacists or physicians choose a private label

on a given purchase occasion increases by the estimated effect from our preferred specification of table 3

column (3).12 We find that both the market share of brands and expenditure on brands would fall by half,

and that total expenditure on headache remedies would fall by approximately $400 million or 15 percent.

4.2 Other Health Products

We next turn to analyzing the other healthcare-related comparable product groups in our data. We restrict

attention to the 34 comparable groups for which we observe at least 5,000 purchases by households with

non-missing values of our demographic controls. These include other medications such as cold remedies,

12For comparability with later counterfactuals, we do not use the coefficient from table 3 column (3) directly, but run separate
regressions for each headache remedy comparable product group and then average the coefficients weighting by purchase volume.
The individual coefficients by comparable group are shown in figure 6 below.
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first aid products such as bandages, and miscellaneous products such as vitamins and contact lens solution.

Collectively these categories account for $6.52 billion of expenditure per year. Private label purchases

account for 56 percent of volume. Private label prices are half of branded prices on average.

For each comparable product group, we run a separate regression to estimate the effect of knowledge

of headache remedy active ingredients (using the specification in column (3) of table 2) and of occupation

(using the specification in column (3) of table 3).

Figure 5 presents coefficients and 95% confidence intervals for the estimated effect of knowledge of

headache remedy active ingredients. We show results for the 6 headache remedy comparable groups as well

as the 34 “other health” comparable groups. Although knowledge of these active ingredients is obviously

most relevant to headache remedy purchases, we expect it to also be a good proxy for more general knowl-

edge relevant to the other health categories. The knowledge effect is positive in 33 cases and negative in

7. Twenty-one of the positive coefficients and none of the negative coefficients are significantly different

from zero. We note the coefficients tend to be larger and more significant for medications and vitamins,

and relatively smaller for first aid and eye care products, perhaps suggesting larger real quality differentials

among the latter.13 Four of the five largest effects are for headache remedies.

Figures 6 and 7 present analogous coefficients for the effect of being a pharmacist or physician and the

effect of other healthcare professions respectively. We see broadly similar patterns to the knowledge results,

with somewhat less precision. The pharmacist and physician effect is positive in 31 cases and negative

in 9. Thirteen of the positive coefficients and two of the negative coefficients are significant.14 The other

healthcare professional effect is positive in 36 cases and negative in 4, with 17 of the positive coefficients

and none of the negative coefficients significantly different from zero. The pattern of larger coefficients for

medications relative to first aid and eye care products remains.

We report coefficients on college education in both the knowledge and occupation specifications in the

online appendix. These coefficients, too, are overwhelmingly positive.

Figure 8 plots the distribution of t-statistics on knowledge of active ingredients for health categories

and non-health categories respectively. While the distribution for health categories is shifted far to the

right relative to what we would expect under the null hypothesis of no effect, the distribution for non-

health categories is much closer to the null hypothesis. Figure 9 shows a similar, though less dramatic,

13Contact lens solutions are the only health care product we have identified where some medical professionals recommend
patients buy brands due to quality concerns with private labels. See Secor (2002).

14The comparable groups with significant negative coefficients are “laxative salts” and “alkalizing effervescents.” We are not
aware of any evidence that private label quality in these categories is unusually low. Given that these categories do not show negative
effects of either active ingredient knowledge or other healthcare occupations, we suspect the negative pharmacist / physician effects
may be attributable to sampling variation.
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pattern for the coefficients on being a pharmacist or physician. Together, these results suggest that the

health-related knowledge captured by our active ingredient measure may be domain specific, rather than

representing general human capital that applies equally to all product types. We present more evidence on

this in section 6. It may also reflect larger true quality differences between brands and private labels in

non-health categories, a point we return to below.

To summarize the implications of these results, table 6 shows how purchases in our 34 non-headache-

remedy health categories would change in a world where all consumers were as informed as a pharmacist

or physician, following the same approach as in table 5. We find that expenditure on brands would fall by

24 percent and that the market share of brands would fall by 21 percent. Total expenditure across these

categories would fall by approximately $340 million or 5 percent.

5 Results: Food and Drink Products

5.1 Pantry Staples

We now turn to the analysis of food purchases. Here our proxies for knowledge are indicators for whether

the primary shopper is a chef or other food preparer. Unlike the health care case, we do not have reliable

direct measures of food-related knowledge that correlate strongly with the occupational proxies.15 We begin

with a case study of pantry staples: salt, sugar, and baking soda. We choose these products because they are

uniform in chemical composition and purpose, and thus analogous to headache remedies in being relatively

homogeneous.

The bottom section of table 1 includes summary statistics for the six comparable groups we classify

as pantry staples: baking soda; regular iodized and plain salt (sold in boxes); and regular granulated, light

brown, and powdered sugar (sold in bags). Collectively, these categories account for $1.81 billion of expen-

diture. Private label purchases account for 60 percent of volume and 58 percent of expenditure. On average,

the price-per-equivalent-volume for private labels is 8 percent less than for brands. The private-label-to-

brand price ratios range from a low of 0.75 for plain salt to 0.92 for granulated sugar, the category which

dominates pantry staple expenditure.

Figure 10 shows shows the relationship between private label share and occupation. As with headache

remedies, we see a strong negative relationship between private label share and median occupational income.

15Our 2011 PanelViews survey asked respondents to identify the most common additive to table salt (correct answer: iodine),
the scientific name for baking soda (correct answer: sodium bicarbonate), and the most common ingredient of granulated sugar
(correct answer: sucrose). The share of these questions answered correctly is positively correlated with working as a chef or food
preparer and with purchasing private label pantry staples, but neither relationship is consistently statistically significant. Results for
these knowledge measures are presented in the online appendix.
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Households whose primary shopper is a food preparer or manager buy more private labels than others of

similar occupational income. Chefs — the occupational group we would have expected ex ante to be most

informed about the quality of food products — buy more than 80 percent private labels in these categories,

more than any of the other occupation categories in the figure.

Table 7 shows the relationship with occupation in a regression framework. The specifications in the

five columns are the same as in table 3, with the information proxies of interest Si now consisting of a

dummy for college education, a dummy for being a chef, and a dummy for being a food preparer but not a

chef. In our preferred specification of column (3), we estimate that being a chef increases the probability

of buying private labels by 13 percentage points, and working in a non-chef food preparation occupation

increases this probability by 3 percentage points. The magnitude of these effects are somewhat smaller than

in the specifications without controls. In contrast to headache remedies, we do not find any clear effect of

college education. Column (4) shows that non-health science majors buy significantly more private label

pantry staples, while health majors look similar to other consumers. Column (5) shows that the coefficients

on being a chef and other food preparer increase substantially when we focus on shoppers who are not

currently employed, suggesting our effects are not driven by mechanical effects of employment in the food

industry.

We summarize the implications of these results in table 8, which shows how pantry staple purchases

would change in a world where all consumers were as informed as a chef, following the same approach as

in table 5. We find that the market share of brands and expenditure on brands would both fall by a quarter in

these categories. The decline in total expenditure is relatively small — $20 million or 1 percent — because

private labels in these categories are only 8 percent cheaper than brands on average.

5.2 Other Food and Drink Products

Finally, we consider the remaining comparable groups for food and drink products in our data. We restrict

attention to the 243 comparable groups for which we observe at least 5,000 purchases by households with

non-missing values of our demographic controls. They comprise a broad cross-section of supermarket

products, from milk and eggs, to carbonated beverages, to ready-to-eat cereal.

Collectively, these categories account for $122 billion of expenditure. Private label purchases account

for 42 percent of volume. On average, the price-per-equivalent-volume for private labels is 29 percent less

than for brands.

For each comparable product group, we run a separate regression to estimate the effect of working as a

chef or other food preparer on private label purchases (using the specification in column (3) of table 7).
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Figure 11 summarizes the estimated coefficients and 95% confidence intervals. Rather than try to present

all 243 coefficients in a single figure, we aggregate all comparable groups other than pantry staples up to

a higher level of aggregation that Nielsen calls “product groups,” weighting the individual comparables by

precision and computing the aggregate standard error assuming that the individual coefficients are statisti-

cally independent. Thus, for example, the comparables for cola, diet cola, lemon-lime soda, and so forth are

combined into the Nielsen product group “carbonated beverages.” For pantry staples, we present individual

comparables separately.

The estimated effects of knowledge on private label purchases in these categories are less overwhelm-

ingly positive than what we saw for health products and pantry staples. The coefficients on working as a

chef are positive for 147 comparables and negative for 96, with 25 of the positive coefficients and 16 of the

negative coefficients significantly different from zero. Figure 11 shows that those effects which are signif-

icant are generally small in magnitude. The pantry staples categories stand out as having among the most

positive and significant coefficients: plain salt has the largest coefficient in the figure, and four of the top

eight coefficients are pantry staples. In the online appendix, we present the distribution of coefficients for

working in other food preparation occupations and for college education.

Table 9 summarizes the implications of these results, showing how other food product purchases would

change in a world where all consumers were as informed as a chef. We again follow the same approach as

in table 5. We find that the market share of brands and expenditure on brands would fall statistically signif-

icant but economically small 2 percent. The decline in total expenditure is estimated to be an imprecisely

estimated $340 million per year.

6 Evidence on Domain Specificity

The results above suggest that health experts purchase more private label health products and food ex-

perts purchase more private label food products. A natural follow-up question is to what extent experts’

knowledge is transferable outside of their domain of expertise. Perhaps pharmacists’ understanding of the

equivalence of branded and private label headache remedies leads them to also recognize the likely equiv-

alence of branded and private label baking soda. Or perhaps their understanding does not translate beyond

the categories they are directly familiar with.

Table 10 presents evidence on domain specificity. The first two columns look at the effect of healthcare

expertise on pantry staple purchases. Column (1) shows that the share of headache remedy active ingre-

dients known has no significant effect on the probability of purchasing private label pantry staples, with a
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confidence interval that rules out coefficients greater than 1.5 percentage points. Column (2) shows that

pharmacists, physicians, and other health professionals are also not significantly more likely to buy private

label pantry staples. The confidence intervals on the pharmacist-physician and other health occupation co-

efficients rule out effects greater than 7 percentage points and 2.3 percentage points respectively. We can

strongly reject the hypothesis that these effects are as large as the effects we estimate for headache remedy

purchases. The evidence thus suggests that healthcare expertise does not translate to behavior outside the

health domain, consistent with past evidence on the domain specificity of expertise (Levitt et al. 2010).

The final column of table 10 looks at the effect of food preparation expertise on headache remedy pur-

chases. Here, we do see some evidence of transferability: chefs are a statistically significant 10 percentage

points more likely to buy private label headache remedies than other consumers. There is no significant

effect for food preparers other than chefs.

7 Conclusions

We use scanner data coupled with a novel survey to estimate the effect of consumer sophistication on the

propensity to purchase private label products in physically homogeneous product categories. In a detailed

case study of headache remedies we find that college education, working in a healthcare occupation, and

other proxies for product knowledge predict private label purchases. Pharmacists devote almost 90 percent

of category purchases to private labels, against 71 percent overall. A second case study of pantry staples

(salt, sugar and flour) shows effects of knowledge that are qualitatively similar but smaller in magnitude.

We extend the analysis to a broad set of categories to compute the overall change in grocery purchases and

spending from a shift to more informed consumers.
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Table 1: Summary statistics
Total expenditure Private label Private label Price ratio

($bn / year) share (volume) share ($) (private label / brand)
Headache remedies

Acetaminophen gelcaps $0.15 0.43 0.35 0.72
Ibuprofen gelcaps $0.47 0.25 0.18 0.67
Acetaminophen tablets $0.46 0.76 0.53 0.37
Aspirin tablets $0.24 0.76 0.41 0.22
Ibuprofen tablets $0.97 0.78 0.56 0.36
Naproxen sodium tablets $0.37 0.56 0.43 0.61

Total (6) $2.67 0.71 0.49 0.41

Other healthcare products (71) $8.82 0.58 0.48 0.54

Pantry staples
Baking soda $0.13 0.33 0.29 0.80
Salt (iodized) $0.07 0.53 0.46 0.76
Salt (plain) $0.04 0.46 0.39 0.75
Sugar (brown) $0.17 0.70 0.65 0.82
Sugar (granulated) $1.27 0.62 0.60 0.92
Sugar (powdered) $0.13 0.72 0.69 0.89

Total (6) $1.81 0.60 0.58 0.92

Other food & drink products (260) $126.81 0.41 0.35 0.71
Remaining products (52) $25.65 0.36 0.30 0.74

Notes: Total expenditure is 2008 expenditure for each category in all grocery, drug, and mass merchandise
stores in the US, estimated from Nielsen Homescan and RMS data as described in section 2.4. Private
label share (volume) is the share of equivalent quantity units (pills, ounces, gallons, etc.) in each category
devoted to private labels in our Nielsen Homescan sample. Private label share ($) is the share of expenditure
devoted to private labels in our Nielsen Homescan sample. Price ratio is the average price per equivalent
quantity unit observed in the Nielsen RMS data for private labels divided by the analogous average price for
brands. Rows for “headache remedies” and “pantry staples” each correspond to a single comparable product
group. Rows for “other healthcare products,” “other food products,” and “non-food products” aggregate over
multiple products groups, with the number of such groups shown in parentheses. In columns two through
four, these aggregates average over comparable product groups weighting by expenditure.
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Table 2: Knowledge and headache remedy purchases

Dependent variable: Purchase is a private label
Primary shopper characteristics (1) (2) (3) (4)
College education 0.0074 0.0254 0.0289 0.0230

(0.0085) (0.0087) (0.0081) (0.0076)

Share of active ingredients known 0.1929 0.1946 0.1974 0.1501
(0.0129) (0.0128) (0.0118) (0.0116)

Believe private labels are “just as safe” 0.2169
(0.0078)

Demographic controls? X X X X
Product group & market fixed effects? X X X X
Income controls? X X X
Market-chain fixed effects? X X
Sample Second Second Second Second

survey wave survey wave survey wave survey wave
Mean of dependent variable 0.7020 0.7020 0.7020 0.7020
R2 0.1335 0.1385 0.2036 0.2510
Number of households 20696 20696 20696 20696
Number of purchase occasions 145233 145233 145233 145233

Notes: Unit of observation is a purchase of a headache remedy by a household. Observations are weighted by
volume (number of pills). Standard errors in parentheses are clustered by household. Independent variables
apply to the “primary shopper” in each household, defined in section 2.2. Product type fixed effects are
dummies for comparable product groups. Income controls are dummies for 16 household income categories.
Demographic controls are dummies for categories of race, age, household composition, housing ownership,
and geographic region.
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Table 3: Occupation and headache remedy purchases

Dependent variable: Purchase is a private label
Primary shopper characteristics: (1) (2) (3) (4) (5)
College education 0.0160 0.0320 0.0362 0.0847

(0.0070) (0.0072) (0.0067) (0.0140)

Pharmacist-physician 0.1566 0.1788 0.1753 0.1857 0.0746
(0.0327) (0.0323) (0.0328) (0.0393) (0.1266)

Other health occupation 0.0912 0.0975 0.0929 0.0801 0.0796
(0.0116) (0.0115) (0.0111) (0.0189) (0.0216)

Health major 0.0022
(0.0185)

Non-health science major 0.0665
(0.0237)

Demographic controls? X X X X X
Product group & market fixed effects? X X X X X
Income controls? X X X X
Market-chain fixed effects? X X X
Sample All All All College major Not currently

reported employed

Mean of dependent variable 0.7095 0.7095 0.7095 0.7183 0.7058
R2 0.1142 0.1183 0.1736 0.2283 0.2921
Number of households 32912 32912 32912 11136 5534
Number of purchase occasions 217429 217429 217429 68670 44809

Notes: Unit of observation is a purchase of a headache remedy by a household. Observations are weighted
by volume (number of pills). Standard errors in parentheses are clustered by household. Independent vari-
ables apply to the “primary shopper” in each household, defined in section 2.2. Occupation is defined as
of the primary shopper’s most recent employment spell. “Pharmacist-physician” means occupation is either
“pharmacist” or “physician or surgeon.” “Other health occupation” means a health occupation other than
“pharmacist” or “physician.” “Health major” and “non-health science major” refer to primary shopper’s
reported college major. Product type fixed effects are dummies for comparable product groups. Income
controls are dummies for 16 household income categories. Demographic controls are dummies for cate-
gories of race, age, household composition, housing ownership, and geographic region.
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Table 4: Occupation and headache remedy purchases by well-informed consumers

Dependent variable: Purchase is a private label
Primary shopper characteristics: (1) (2) (3)
College education 0.0347 0.0109 0.0086

(0.0083) (0.0133) (0.0122)

Pharmacist-physician 0.1730 0.1392 0.0586
(0.0382) (0.0444) (0.0394)

Other health occupation 0.0859 0.0569 0.0243
(0.0140) (0.0168) (0.0161)

Sample Second Second Second
survey wave survey wave survey wave

Primary shopper survey response:
Know all active ingredients X X
Believe private labels are “just as safe” X

Mean of dependent variable 0.7020 0.7720 0.8492
R2 0.1891 0.2838 0.3074
Number of households 20696 5250 3220
Number of purchase occasions 145233 38522 24189

Notes: Unit of observation is a purchase of a headache remedy by a household. Observations are weighted by
volume (number of pills). Standard errors in parentheses are clustered by household. Independent variables
apply to the “primary shopper” in each household, defined in section 2.2. Occupation variables are as
in table 3. All specifications include demographic controls, income controls, product type dummies, and
market-chain fixed effects as in column (3) of table 3. “Know all active ingredients” means the primary
shopper correctly identified the active ingredient in all five headache remedies. “Believe private labels are
’just as safe”’ means the primary shopper chose “agree” (1) on a 1-7 agree/disagree scale in response to
the statement “Store brand products for headache remedies/pain relievers are just as safe as the brand name
products.”
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Table 5: Headache remedy purchases under full information
Total expenditure Expenditure on brands Brand quantity

($bn / year) ($bn / year) share

Baseline $2.67 $1.48 0.291

All consumers as informed $2.26 $0.74 0.131
as a pharmacist / physician (0.07) (0.12) (0.028)

Percent change -0.154 -0.499 -0.548
(0.028) (0.084) (0.097)

Number of comparables: 6
Price ratio (private label / brand): 0.41

Notes: “Baseline” repeats summary information from table 1 for our six headache remedy comparable
groups. Total expenditure and expenditure on brands are estimated 2008 totals for all grocery, drug, and mass
merchandise stores in the US. The “all consumers as informed as a pharmacist / physician” counterfactual
is based on separate regressions by comparable group using the specification of table 3 column (3). “Brand
quantity share” in the counterfactual is computed by subtracting the quantity-weighted average physician-
pharmacist coefficient from the observed brand quantity share for all non-pharmacist / physician shoppers in
the sample. Counterfactual brand and total expenditure are computed from the counterfactual brand quantity
share assuming brand and generic prices remain unchanged.
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Table 6: Other health category purchases under full information
Total expenditure Expenditure on brands Brand quantity

($bn / year) ($bn / year) share

Baseline $6.52 $3.52 0.435

All consumers as informed $6.18 $2.67 0.345
as a pharmacist / physician (0.06) (0.15) (0.018)

Percent change -0.052 -0.240 -0.206
(0.010) (0.043) (0.042)

Number of comparables: 34
Price ratio (private label / brand): 0.51

Notes: Restricted to “other health” comparable groups with observed purchases by at least 5,000 house-
holds. “Baseline” presents summary information analogous to table 1. Total expenditure and expenditure
on brands are estimated 2008 totals for all grocery, drug, and mass merchandise stores in the US. The “all
consumers as informed as a pharmacist / physician” counterfactual is based on separate regressions by com-
parable group using the specification of table 3 column (3). “Brand quantity share” in the counterfactual
is computed by subtracting the expenditure-weighted average physician-pharmacist coefficient from the ob-
served brand quantity share for all non-pharmacist / physician shoppers in the sample. Counterfactual brand
and total expenditure are computed from the counterfactual brand quantity share assuming brand and generic
prices remain unchanged.
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Table 7: Occupation and pantry staple purchases

Dependent variable: Purchase is a private label
Primary shopper characteristics: (1) (2) (3) (4) (5)
College education -0.0184 -0.0002 -0.0051 0.0178

(0.0054) (0.0055) (0.0044) (0.0093)

Chef 0.1697 0.1563 0.1296 0.2484 0.1827
(0.0210) (0.0216) (0.0260) (0.0727) (0.0454)

Other food preparer 0.0481 0.0385 0.0305 0.0388 0.0430
(0.0147) (0.0139) (0.0117) (0.0204) (0.0225)

Health major 0.0000
(0.0108)

Non-health science major 0.0312
(0.0180)

Demographic controls? X X X X X
Product group & market fixed effects? X X X X X
Income controls? X X X X
Market-chain fixed effects? X X X
Sample All All All College major Not currently

reported employed

Mean of dependent variable 0.6052 0.6052 0.6052 0.5895 0.5945
R2 0.0770 0.0815 0.2523 0.2627 0.2946
Number of households 37211 37211 37211 12567 6032
Number of purchase occasions 464369 464369 464369 144262 96757

Notes: Unit of observation is a purchase of a pantry staple by a household. Observations are weighted
by volume (pounds). Standard errors in parentheses are clustered by household. Independent variables
apply to the “primary shopper” in each household, defined in section 2.2. Occupation is defined as of the
primary shopper’s most recent employment spell. “Chef” means occupation is “chef or head cook.” “Other
food preparer” means a food preparation occupation other than “chef or head cook.” “Health major” and
“non-health science major” refer to primary shopper’s reported college major. Product type fixed effects are
dummies for comparable product groups. Income controls are dummies for 16 household income categories.
Demographic controls are dummies for categories of race, age, household composition, housing ownership,
and geographic region.
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Table 8: Pantry staple purchases under full information
Total expenditure Expenditure on brands Brand quantity

($bn / year) ($bn / year) share

Baseline $1.81 $0.77 0.398

All consumers as informed $1.79 $0.58 0.301
as a chef (0.00) (0.04) (0.020)

Percent change -0.011 -0.243 -0.244
(0.002) (0.050) (0.050)

Number of comparables: 6
Price ratio (private label / brand): 0.92

Notes: “Baseline” repeats summary information from table 1 for our six pantry staple comparable groups.
The “all consumers as informed as a chef” counterfactual is based on separate regressions by comparable
group using the specification of table 7 column (3). Total expenditure and expenditure on brands are es-
timated 2008 totals for all grocery, drug, and mass merchandise stores in the US. “Brand quantity share”
in the counterfactual is computed by subtracting the expenditure-weighted average chef coefficient from
the observed brand quantity share for all non-chef shoppers in the sample. Counterfactual brand and total
expenditure are computed from the counterfactual brand quantity share assuming brand and generic prices
remain unchanged.
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Table 9: Other food and drink purchases under full information
Total expenditure Expenditure on brands Brand quantity

($bn / year) ($bn / year) share

Baseline $122.30 $77.72 0.576

All consumers as informed $121.96 $75.89 0.563
as a chef (0.30) (0.88) (0.006)

Percent change -0.003 -0.023 -0.022
(0.002) (0.011) (0.011)

Number of comparables: 243
Price ratio (private label / brand): 0.71

Notes: Restricted to “other food and drink” comparable groups with observed purchases by at least 5,000
households. “Baseline” presents summary information analogous to table 1. Total expenditure and expen-
diture on brands are estimated 2008 totals for all grocery, drug, and mass merchandise stores in the US. The
“all consumers as informed as a chef” counterfactual is based on separate regressions by comparable group
using the specification of table 7 column (3). “Brand quantity share” in the counterfactual is computed by
subtracting the expenditure-weighted average chef coefficient from the observed brand quantity share for
all non-chef shoppers in the sample. Counterfactual brand and total expenditure are computed from the
counterfactual brand quantity share assuming brand and generic prices remain unchanged.
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Table 10: Evidence on domain specificity

Dependent variable: Purchase is a private label
Primary shopper characteristics: (1) (2) (3)
College education -0.0045 -0.0063 0.0452

(0.0054) (0.0044) (0.0066)

Share of active ingredients known -0.0023
(0.0075)

Pharmacist-physician 0.0170
(0.0275)

Other health occupation 0.0043
(0.0094)

Chef 0.0994
(0.0429)

Other food preparer -0.0027
(0.0182)

Products Pantry Staples Pantry Staples Headache Remedies
Mean of dependent variable 0.6044 0.6052 0.7095
R2 0.2590 0.2520 0.1704
Number of households 23226 37211 32912
Number of purchase occasions 306090 464369 217429

Notes: Unit of observation is a purchase of a pantry staple (first two columns) or headache remedy (third
column) by a household. Observations are weighted by volume (pounds or number of pills). Standard
errors in parentheses are clustered by household. Independent variables apply to the “primary shopper” in
each household, defined as described in section 2.2. Occupation variables are as in tables 3 and 7. All
specifications include demographic controls, income controls, product type dummies, and market-chain
fixed effects as in column (3) of tables 3 and 7.
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Figure 1: Product knowledge, headache remedies
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Panel B: Occupation
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Panel C: College major
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Note: Figure shows the mean share of six headache remedy active ingredients correctly identified by each
group of respondents in 2011 PanelViews survey, among those who answered all six questions.
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Figure 2: Private label purchases and knowledge, headache remedies
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Notes: Horizontal axis gives the number of headache remedy active ingredients correctly identified in 2011
PanelViews survey. The bars show the volume-weighted private label share of headache remedies for house-
holds in each category.

Figure 3: Private label purchases and education, headache remedies
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Notes: Dark bars shows the volume-weighted private label share of headache remedies for households
in each education category. Light bars show the predicted volume-weighted private label share in each
education category from a regression on dummies for 16 household income categories, with the predicted
values computed at the means of the covariates.
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Figure 4: Private label purchases and occupation, headache remedies
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Notes: Figure shows volume-weighted private label share of headache remedy purchases by occupation (y-
axis) and median earnings for full-time full-year workers in 1999 by occupation (x-axis). Filled (colored)
circles represent healthcare occupations. The area of each circle is proportional to the number of households
whose primary shopper has the given occupation in our sample, with different scale for healthcare and
non-healthcare occupations. Occupations with fewer than 25 such households are excluded from the figure.
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Figure 5: Active ingredient knowledge coefficients
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Notes: Figure plots coefficients and standard errors on “share of active ingredients known” for each health-
related comparable product group in our sample from a regression following the specification of table 2
column (3).
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Figure 6: Pharmacist / physician occupation coefficients
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Notes: Figure plots coefficients and standard errors on “pharmacist-physician” for each health-related com-
parable product group in our sample from a regression following the specification of table 3 column (3).

37



Figure 7: Other healthcare occupation coefficients
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Notes: Figure plots coefficients and standard errors on “other health occupation” for each health-related
comparable product group in our sample from a regression following the specification of table 3 column (3).
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Figure 8: Active ingredient knowledge coefficients, health vs. non-health products
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Notes: Figure plots the distribution of t-statistics on “share of active ingredients known” for all health-
related and non-health-related comparable products groups in our sample from a regression following the
specification of table 2 column (3). Distribution is estimated using an Epanechnikov kernel with optimal
bandwidth. The standard normal density (“null hypothesis”) is plotted with dashed lines.

39



Figure 9: Pharmacist / physician coefficients, health vs. non-health products
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Notes: Figure plots the distribution of t-statistics on “pharmacist-physician” for all health-related and non-
health-related comparable products groups in our sample from a regression following the specification of
table 3 column (3). Distribution is estimated using an Epanechnikov kernel with optimal bandwidth. The
standard normal density (“null hypothesis”) is plotted with dashed lines.
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Figure 10: Private label purchases and occupation, pantry staples
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Notes: Figure shows volume-weighted private label share of pantry staple purchases by occupation (y-axis)
and median earnings for full-time full-year workers in 1999 by occupation (x-axis). Filled (colored) circles
represent food preparer occupations. The area of each circle is proportional to the number of households
whose primary shopper has the given occupation in our sample, with different scale for food preparer and
non-food-preparer occupations. Occupations with fewer than 25 such households are excluded from the
figure.
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Figure 11: Chef coefficients
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Notes: Figure plots coefficients and standard errors on “chef” for each food and drink category in our sample
from a regression following the specification of table 7 column (3). Coefficients for pantry staples are plotted
individually by comparable product groups. Coefficients for other categories are aggregated to the level of
Nielsen “product groups,” which may include multiple comparable product groups, weighting coefficients
by precision and averaging standard errors assuming independence across comparable product groups.
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Appendix Table 1: Knowledge and headache remedy purchases, robustness

Dependent variable: Purchase is a private label
Headache remedies Pantry staples

Share of active ingredients Pharmacist-Physician Chef
Specification coefficient coefficient coefficient
Baseline 0.1974 0.1753 0.1296

(0.0118) (0.0328) (0.0260)

Control for market-chain-week 0.2162 0.2080 0.1158
(0.0176) (0.0493) (0.0240)

Control for total volume purchased 0.1947 0.1690 0.1341
(0.0117) (0.0318) (0.0257)

Note: Each row gives (i) the coefficient on “share of active ingredients known” from a specification analo-
gous to table 2 column (3); (ii) the coefficient on “pharmacist-physician” from a specification analogous to
table 3 column (3); and (iii) the coefficient on “chef” from a specification analogous to table 7 column (3).
The first row repeats the results from our main specifications. The second row is the same as the baseline
but replaces market-chain fixed effects with market-chain-week fixed effects. The third row is the same as
the baseline but adds a control for the total volume of headache remedies purchased by the household.
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Appendix Figure 1: Private label purchases and household income, headache remedies

.6
5

.7
.7

5
.8

P
riv

at
e 

la
be

l s
ha

re
 o

f p
ur

ch
as

es

0 50000 100000
Household income

Note: Figure shows the volume-weighted private label share of headache remedies for households in each
income category. Household income is imputed at the midpoint of the range for each category, with the top
category imputed at 120,000. The area of each circle is proportional to the number of households in the
income category in our sample.
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Appendix Figure 2: Physical attribute choice and occupation, headache remedies
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Notes: Probability of purchase is computed from a set of linear probability models of the likelihood of
purchasing the given product. Bars labeled “healthcare” show the predicted probability from the given
model for purchases made by households whose primary shopper is in a healthcare occupation. Bars labeled
“not healthcare” show the predicted probability for the same purchases under the counterfactual in which
the household’s primary shopper is not in a healthcare occupation. Each linear probability model’s unit of
observation is the purchase occasion. Observations are weighted by volume (in number of pills). All specifi-
cations include a dummy for college completion, income controls, demographic controls, and market-chain
fixed effects. Income controls are dummies for 16 household income categories. Demographic controls are
dummies for categories of race, age, household composition, housing ownership, and geographic region.
Predicted probabilities set the market-chain fixed effect so that the mean predicted probability is equal to the
empirical share. See the online appendix for a supporting table with additional details.
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