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Abstract

This paper examines the heterogeneity and persistence of household non-
durable consumption. We address three questions: (¢) Do different consumer
groups buy different products? (i7) How persistent are individual choices?
(ii1) What are the implications for structural models? We find minimal
differences in basket composition between rich and poor households and
high individual instability, with only 39% of products repurchased annually.
To explain this, we propose a “shopping spree” model where products are
perfect substitutes and baskets result from random sampling. Our findings
serve as a cautionary note for structural models that emphasize product and
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In economics, there has been a notable shift away from the representative agent
paradigm toward models that explicitly incorporate household heterogeneity. This
trend reflects a growing recognition of the importance of accounting for individual
differences in household decision-making. These differences are typically modeled
as a result of intrinsic preferences that vary across consumers.

In this paper, we confront this underlying assumption on preferences using
detailed non-durable consumption data from a large panel of households. To this
end, we address three key questions: (i) Do different income groups of consumers
purchase different products?; (i) How persistent are individual choices over time?;
(7ii) Can those patterns be replicated by an alternative model of individuals where
differences in consumption baskets are driven by different histories of product
discovery rather than by systematic differences in preferences?

In answering these questions, the paper makes three main contributions. First,
consumption choices are difficult to distinguish between rich and poor households,
as spending patterns do not reveal a consumer’s income level, suggesting that non-
durable consumption is not polarized. Second, individual consumption choices are
highly unstable, with only 39% of products purchased in one year being repur-
chased the following year. Finally, the paper proposes a parsimonious model of
consumption, where products are treated as perfect substitutes, and basket com-
position results from random sampling. Remarkably, this model, which departs
significantly from the standard approach in both its assumptions and implications,
replicates observed consumption patterns surprisingly well. This finding serves as
a cautionary note for models built on the assumption of hard-coded heterogeneity
in consumption preferences.

All analyses in this article utilize the Kilts-NielsenIQQ Consumer Panel (KNCP,
henceforth). This dataset tracks 40,000-60,000 American households, capturing
detailed scanner data. Our analysis spans from 2004 to 2016, covering 630 million
transactions for around 800,000 barcode-level products annually across 87 million
shopping trips.

To study consumption polarization we employ a two-stage strategy. First, we

capture the differences between rich and poor households using an estimated multi-



nomial model of consumption choices, where choices vary by income group. Sub-
sequently, consumption polarization is measured by the average predictive power
of the barcode of a product purchased with a randomly selected dollar within the
KNCP universe. In highly polarized economies, where different income groups con-
sume different products, the predictive power is expected to be high. Conversely, in
less polarized economies, where different income groups consume similar products,
the predictive power should be low.

Our identification strategy for polarization faces two methodological challenges.
First, our dataset’s choice space is overwhelmingly high-dimensional and our multi-
nomial model, with around 800,000 categories, cannot be estimated using standard
techniques. Second, despite the dataset’s size, small-sample bias arises because the
number of products far exceeds the number of consumers, making it difficult to
distinguish genuinely polarizing goods from those consumed only once by chance.

To address these issues, we adapt the approach of Gentzkow, Shapiro, and
Taddy (2019b), who faced a similar challenge in analyzing U.S. political polariza-
tion using congressional speech data. We mitigate small-sample bias by imposing
a LASSO-type penalty on key income parameters and handle high dimensionality
using the Poisson approximation of the multinomial model (Taddy, 2015), enabling
distributed computing for feasible estimation.

We find that consumption polarization is much lower than commonly assumed.
The way in which one dollar is spent allows us to predict whether a household be-
longs to the top or bottom decile of consumption expenditure with a probability
of only 58.8%. Furthermore, this result remains stable, if not decreasing, over
the studied time horizon. Aggregating into broader categories reduces this prob-
ability even further, approaching 50%, which represents the lower bound of the
polarization measure.

Another dimension of consumption that we explore is the intertemporal sta-
bility of individual choices. To this end, we measure the persistence within a
household’s consumption bundle by computing the share of expenditures within a
year spent on products already purchased in the previous year. We find that, on

average, merely 39% of expenditures are spent on products that were purchased



in the previous year, even after controlling for product entries and exits.

Our analysis suggests that the composition of consumption bundles is not influ-
enced by income level; the choices made by high- and low-consumption households
have almost no predictive power. This finding contrasts with models that rely on
product sorting across the income distribution of consumers, suggesting that con-
sumer choices are not driven by income. Additionally, the observed low stability
of consumption baskets over time would require significant preference shocks in
each period if modeled within a framework with latent heterogeneous preferences.

These insights motivate a thought experiment where we challenge the prevail-
ing paradigm that differences in the composition of consumption baskets arise from
heterogeneous preferences across households. To this end, we propose a deliber-
ately unconventional modeling experiment that departs significantly from recent
models based on intrinsic preference heterogeneity. Instead, our model of “shop-
ping spree” assumes that all products are perfect substitutes (after adjusting for
prices) and attributes variations in consumption baskets solely to random sam-
pling. Our goal is to assess whether the empirical patterns reported in this article
can be interpreted as the result of random sampling from a common distribu-
tion of products. It is important to emphasize that our objective is not to argue
that this model provides a superior representation of reality. Rather, we seek to
demonstrate that the observed patterns can be rationalized within a fundamentally
different framework. This, in turn, serves as a cautionary tale for models that rely
on intrinsic heterogeneous preferences. In this sense, the nature of our exercise
is similar to that of Menzio (2024), who questions the Dixit-Stiglitz monopolistic
competition model with a search-theoretic framework, or to Armenter and Koren
(2014), who challenge the gravity model of international trade by introducing a
model of random trade shipments.

Our model provides a thought-provoking experiment, demonstrating that a
framework based on randomness and product substitutability can fit consumption
data surprisingly well. Unlike models that emphasize heterogeneous preferences
and product specialization by income groups, our approach challenges the necessity

of such assumptions. While consumers may exhibit mild preferences for certain



products, beyond the top-ranked choice, model predictions and observed data are
nearly indistinguishable. This insight also raises questions about welfare analyses
based on preference heterogeneity. For instance, the expansion of product variety
at some cost would unambiguously reduce welfare in our model, which offers a
different perspective from frameworks such as Neiman and Vavra (2023).

Literature Review. Our paper connects with several strands of economic
literature. First, it contributes to the growing body of work that emphasizes the
issue of data sparsity in large datasets. Gentzkow, Shapiro, and Taddy (2019h)
highlight this problem in the text analysis of political speeches, while Armenter
and Koren (2014) discuss the sparse nature of trade data and the surprisingly large
class of trade models that are consistent with the available data.

Recently, economic models have increasingly focused on explicitly analyzing
the consumer base, as seen in Afrouzi, Drenik, and Kim (2023) and Bornstein
(2021). Our findings, which highlight the lack of consumption polarization and
the low stability of individual baskets, provide direct modeling implications for
this literature.

In the literature, the average price of a product within a class of products
is often used as a proxy for quality, as discussed by Becker (2024) and Argente
and Lee (2021). In our ongoing companion study (Runge (1) Pytka, 2025), we
propose a simple yet powerful model experiment in which, within a Burdett and
Judd (1983) search environment, all products are drawn from the same distribu-
tion, and high-income households have a lower probability of finding bargain deals
than low-income households—consistent with findings in the empirical literature
(Aguiar and Hurst, 2007; Kaplan and Menzio, 2015; Pytka, 2024)." Given the
extent of data sparsity in the NielsenI() universe, search frictions can generate a
spurious quality ladder and consumption sorting across the income distribution,
even though neither such ladder nor sorting exists in the original data-generating

process.

n our other study (Pytka, 2024), it is shown that data sparsity leads to an underestima-
tion of price differentials across shoppers, while, in contrast, it may artificially amplify various
consumption polarization measures. The latter is demonstrated using a permutation test on one
measure of polarization: histogram overlap.



There is a vast literature studying heterogeneity in consumer preferences, ex-
emplified by Handbury (2021), Neiman and Vavra (2023), and Michelacci, Paciello,
and Pozzi (2021). This heterogeneity is modeled at varying levels of generality,
with some models being more agnostic about its systematic sources, while oth-
ers incorporate some additional factors such as search-and-discovery processes, as
in Michelacei et al. (2021). Some recent structural models take a more explicit
stance on consumption sorting across the income distribution, as seen in Nord
(2023), Becker (2024), Sangani (2022), and Mongey and Waugh (2025). Our find-
ings contribute to navigating these different theories and emphasize the importance

of accounting for some randomness in consumer choices.

I. DATA DESCRIPTION

For this study, we use the Kilts-NielsenI() Consumer Panel (KNCP) dataset to
analyze price dynamics and consumption patterns. The KNCP tracks grocery
purchases from a rotating panel of American households, expanding from ap-
proximately 40,000 households in 2004-2006 to around 60,000 from 2007 onward.
Participants record purchases using in-home scanners or mobile apps, providing
NielsenlQ with detailed transaction data from various retail outlets. Each purchase
is linked to a specific shopping trip, and households submit socio-demographic in-
formation annually, with Nielsenl() assigning weights to ensure the sample reflects
broader U.S. demographics. The dataset spans 54 geographic Scantrack markets
and covers all available data from 2004 to 2016, including 630 million transactions
involving nearly 2 million unique products (identified by UPCs) across 87 million
shopping trips.

NielsenlQ classifies products into three levels of aggregation: department,
group, and module. Each department consists of one or more groups, and each
group contains one or more modules. For example, FRUIT JUICE - GRAPEFRUIT -
FROZEN is a product module within the JUICES, DRINKS-FROZEN group, which be-
longs to the FROZEN FOODS department. We leverage these classifications to exam-

ine consumption patterns at different levels of granularity. Additionally, NielsenlQ



provides a brand identifier linking individual products to broader brands, allowing

us to group all products under a single brand where relevant.

II. EMPIRICAL PATTERNS

In this section, we examine consumption behavior from two perspectives. First,
we explore cross-sectional differences in the composition of consumption baskets
between rich and poor households. Specifically, we ask whether knowing how a
single dollar was spent — meaning which product it was used to purchase —
provides a good predictor of a buyer’s economic status. Second, we assess the
stability of individual choices by examining whether past purchases increase the

likelihood of repurchase.

A. Consumption Baskets of the Rich and Poor: Not So Different After All

To study cross-sectional differences in the composition of consumption baskets
between rich and poor households, we employ a polarization measure based on
the predictive power of individual choices in determining group membership. In
highly polarized societies, choices provide stronger predictive power than in less
polarized ones.

In the recent literature, two prominent examples of prediction-based polariza-
tion measures are offered by Gentzkow, Shapiro, and Taddy (2019b) and by Bertrand
and Kamenica (2023). In our analysis, we adopt the approach proposed by
Gentzkow et al. (2019h), as we find it more suitable for our research question.
However, where relevant, we will compare our findings to those of Bertrand and
Kamenica (2023), particularly in sections where, like us, they examine consump-
tion patterns.

The method proposed by Gentzkow et al. (2019h) consists of two steps. First,
a model of consumption choices is estimated, allowing for differences across income
groups. Second, the predicted choice distributions for the two groups from the
first step are compared. More formally, let c;; be the observed J-dimensional

consumption vector of individual 7 at time ¢, which we assume comes from a



multinomial distribution:
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where c;; represents the amount of money spent on each good by household 7 in
year t, and m;, denotes the total expenditure of household ¢ in year t.” Here, P(i)
represents the income group to which household ¢ belongs (high H or low L), x;;
(i)(

denotes a collection of household characteristics, and qf x;¢) refers to a set of

choice probabilities with the following characteristics:
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where «;; represents the baseline popularity of good j in period ¢, v, is a vector
capturing the effect of household characteristics x;;, and ¢;; captures the effect
of belonging to the high-income group. This specification implies that the only
household characteristics influencing choice probabilities are those included in x; ¢,
along with income group membership.

The vector of controls x;; includes household size, the age of the male and
female household heads, and the presence and age of children.

The estimated model provides us with qf @) (x;:), representing the estimated
distribution of choices for each household. From this perspective, all observed
consumption choices in the NielsenlQ) universe are realizations of the generative
model given by Equation (2).

Subsequently, given household characteristics x, the difference in the compo-

sition of consumption baskets between rich g (x;,) and poor qF(x;;) defines the

2In Appendix B, we replicate our analysis using quantities for c; ; and m; ; instead of expen-
ditures. The findings remain largely consistent with our baseline specification.

3A detailed discussion on the differences between generative and regression models can be
found in Gentzkow et al. (2019a). While their analysis focuses on text data, the broader discussion
applies to our context as well.



polarization measure.” When these vectors are similar, consumption baskets do
not differ significantly across income groups. Gentzkow et al. (2019b) introduce
a one-dimensional measure of polarization to capture the degree of divergence
between multinomial distributions. In our application, it corresponds to the pos-
terior probability that an observer with a neutral prior would assign to correctly

identifying a shopper’s income group based on the way a single dollar was spent:
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Then, average polarization is given by:
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Average polarization measures the predictive power of knowing how a single
dollar was spent in determining a shopper’s income group. In a hypothetical sce-
nario where rich and poor households consume exactly the same products, such
as Coke, the predictive power would be 50%, meaning product information would
be no more informative than a coin toss. Conversely, if rich and poor households
consumed entirely different products—such as truffle-infused products and arti-
sanal cheeses for the rich, and instant mac and cheese or spam for the poor—the
predictive power would be 100%. In this case, product information would be as
informative as knowing the true income group of the shopper. To illustrate how
average polarization varies with different consumption patterns, we present a sim-
ulation in Appendix A.

For our application, a key advantage of the used measure is that it interprets
polarization from the perspective of aggregate consumption expenditures. If certain
products are consumed exclusively by rich or poor households but account for a

negligible share of total spending, the average polarization measure remains low.

4In the original paper, the authors use the term partisanship due to its political context. Here,
we adopt the term polarization as it provides a more general interpretation.



This perspective complements the approach of Bertrand and Kamenica (2023),
who examine whether there ezists a set of products that can predict a shopper’s in-
come group, irrespective of its contribution to total spending. While their method
provides insights into the existence of predictive product sets, our approach in-
stead summarizes the information value of a randomly selected single dollar spent,
capturing how income-related differences in consumption expenditures manifest at
the aggregate level.

Before presenting the results, we first highlight the key challenges in our anal-
ysis. The first challenge is the high dimensionality of the choice set. At the
most granular product definition—the barcode level—the number of categories
is approximately 800,000 every year. This makes the estimation of the multi-
nomial model in Equation (2) numerically infeasible using standard econometric
techniques. We address this issue by employing a Poisson approximation to the
multinomial model, as proposed by Taddy (2015). This approximation enables dis-
tributed computing, making the estimation procedure computationally feasible.

The second challenge is data sparsity. The Nielsenl) panel data is highly
sparse, which can lead to severe small-sample bias and spurious polarization. In
our application, the number of product categories is significantly larger than the
number of panelists for most product definitions. As a result, many products are
consumed by only a small number of households, making it difficult to determine
whether they are genuinely polarizing goods or simply consumed once by chance.

To illustrate the magnitude of this issue, as we document it in another study
(Pytka, 2024), 30% of aggregate monthly consumption consists of transactions
involving products purchased by only one household. Many of these products,
which may be bought only once by chance, would act as perfect predictors—mnot
only of income group but of all household characteristics, even down to an indi-
vidual’s social security number. Consequently, the estimated model would suffer

from severe overfitting.” To mitigate this problem, we regularize ¢;; in Equa-

"We also examine transaction frequency on an annual basis (Runge (1) Pytka, 2025) and
find that 50% of aggregate consumption expenditures come from products purchased fewer than
200 times per year. This suggests that small-sample concerns remain highly relevant even with
annual aggregation.
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tion (2), which accounts for income-group membership, using a LASSO penalty.
The optimal penalty value is selected based on an information-based criterion.
This approach allows us to identify genuinely polarizing products while filtering
out those consumed purely by chance.

In our baseline analysis, we define rich and poor households as those in the top
and bottom quintiles of consumption expenditure, respectively. As a robustness
check, detailed in Appendix B, we replicate our analysis using income-bracket
information instead.’

Additionally, we consider several definitions of goods. At increasing levels of
granularity, we define a product at the department, group, module, and barcode
(UPC) levels. In this section, we primarily focus on results based on the barcode
definition while briefly discussing findings for the other definitions. A more detailed
analysis, including graphical representations, is provided in Appendix B. Due to
computational constraints, we do not report confidence bands for the polarization
measure at the barcode level.” For the same reason, we conducted the polarization
analysis at the most granular level—the barcode—by first examining each module
separately and then aggregating the results to obtain the average barcode-level
polarization. The exact procedure is described in Appendix (', while barcode-level
polarization within each department is presented in Appendix D.

Figure 1 illustrates the dynamics of consumption polarization over time for
products defined at the barcode level. The average polarization measures for the
years 2004-2016 can be summarized as follows:

Fact 1. (Consumption Polarization) The average consumption polarization
7 1s low and close to its lower bound of 50%. Specifically, if we randomly draw $1

spent by a high- or low-income household in the Nielsenl() universe and observe

SHowever, NielsenIQ provides income-bracket data with a two-year delay. We address this
issue by matching income information with consumption data from different waves of the dataset.
Nonetheless, this results in a smaller panel sample, as some panelists exit the dataset. For this
reason, we rely on the consumption-based definition of rich and poor households in the main
text.

7Although confidence bands are unavailable at the lowest level of granularity, our estimates
remain stable over time, suggesting that they are reasonably accurate. Moreover, polarization
measures at higher levels of granularity are estimated with such small confidence bands that they
are not visible in the figures.
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how it was allocated, the probability of correctly classifying the spender is:
i. 58.8% when the barcode of the purchased product is observed,
it. 52.2% when the product module is observed,
it1. 51.7% when the product group is observed,
iv. 50.6% when the product department is observed.

These results indicate that consumption sorting between rich and poor house-
holds is weak, as product choices across different income groups exhibit substantial
overlap, even at detailed classification levels.

We observe several common patterns across all estimated specifications. First,
polarization remains relatively stable over time, showing neither an upward nor a
downward trend. By construction, polarization decreases as the level of aggrega-
tion increases.” At the product department level, polarization is very low, with
a maximum value of 51%. Even at the product group or module level, polariza-
tion remains minimal, suggesting that distinguishing between income groups based
solely on consumption choices is nearly impossible at these levels.

The fact that we observe very low levels of polarization even at the most granu-
lar level might appear to stand in contrast to Bertrand and Kamenica (2023), who
find that consumption choices allow for forecasting a household’s income group
with approximately 90% accuracy. Beyond differences in data sources, this dis-
crepancy can be attributed to methodological differences in how polarization is de-
fined. We view our approaches as complementary rather than conflicting. While
the study by Bertrand and Kamenica (2023) is conducted from the perspective
of cultural economics—where even small differences in consumption, such as the
existence of products consumed exclusively by one group, may have a meaning-
ful impact on individual attitudes and beliefs—our approach focuses on aggregate
consumption patterns, specifically the amount of information contained in a “repre-

sentative” dollar spent, and market-based interactions between economic entities.”

8 At the extreme, if all products were considered a single good, the average polarization would
be 50%.
9Later in Subsection C of the current section, we highlight two examples, price discrimination
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Consumption Polarization between High and Low Expenditure Households
UPC Level
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Figure 1: The plot displays polarization estimates between the top 20% and bot-
tom 20% of the consumption expenditures distribution. The estimates are based
on the within-department estimates. All products are defined at the UPC level.
Polarization estimates can range from 0.5, no polarization, to 1, perfect polariza-
tion.

B. Individual Consumption Baskets: Constantly in Flux

We examine the dynamic stability of consumption by calculating the probability
that a product in a household’s basket remains there over time. This measure
of persistence provides insights into customer-brand relationships at the barcode
or brand level and into households’ preference stability at the module level. Our
primary measure of consumption persistence is the expenditure-weighted average
probability that a product remains in the basket over time. More precisely, let
U;; denote the set of products purchased by household ¢ in year ¢, and let e;(j)
represent household i’s expenditure on product j in year t. The expenditure-

weighted persistence, Oft 41, is then defined as:

Zje(ui,tmui,t+1) Ci,t+1 (j>
Zjeui,t+1 ei7t+1 (])

This formulation captures the share of expenditures in year ¢t + 1 allocated to

E _
Oi,t+1 =

(4)

products that were also purchased in year ¢, providing a measure of persistence in

and search externalities, where the polarization measures reported by Bertrand and Kamenica
(2023) may not fully capture the relevant aspects of polarization for these cases.
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household consumption patterns. We consider three levels of product definition
for 7 : barcode level, brand-module, and module level.

Figure 2 illustrates the dynamics of persistence levels. The average persistence
measures for years 2004-2016 can be summarized as follows:
Fact 2. (Persistence in Expenditures) The average persistence in household
expenditures varies by product definitions. Specifically, the share of expenditures

on products purchased in the previous year is, on average:
i. 38.8% for products defined at the barcode level,
it. 59.5% for products defined at the brand x module level,

iii. 83.5% for products defined at the module level.

Persistence in Consumption Expenditures (Barcode Level) Persistence in Consumption Expenditures
by years Expenditures on
1.00 1.00
0.75 0.75
g g Db A Product Def.
9:3 © 1year 5 © Brand
® 0.50 2 2 years ® 0.50 & Brand x Module
2 <+ 3years 2 = Module
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O ——
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0.25 0.25
—— . — N . N —
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Year Year

Figure 2: The plot on the left side shows barcode-level persistence estimates for
different time horizons and the plot on the right persistence estimates for different
product definitions. All confidence bands are 95% and are not visible because they
are very narrow compared to the scale of the y-axis which is kept identical for all
plots in this section.

There are two key takeaways from our finding. First, the average persistence
level is relatively high at the module level. The share of expenditures allocated
to specific product types (where product module granularity defines goods such as

peanut butter, herbal tea in bags, or natural American cheddar) remains stable
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over time. On the other hand, persistence at the barcode level is strikingly low.
This suggests that while households consistently allocate similar proportions of
their expenditures to the same product categories, they frequently switch between
specific products.'’

One potential explanation for the low persistence at the barcode level is product
entry and exit. However, this is not the case. In Appendix [, we repeat the
analysis, excluding products that exit the market, and find results consistent with
our main findings.

An alternative perspective on the high instability of consumption baskets at the
barcode level comes from search theory, which suggests that products remaining
in the basket are those found at retailers offering lower prices, leading to greater
stability in customer-product relationships. However, our findings contradict this
interpretation. On average, goods that remain in the basket are purchased at prices
0.18% above their mean, while those that are dropped are bought at prices 0.07%
below their average. Not only are these differences minimal, but their direction is
also opposite to what price-search models would predict. This suggests that price
alone does not explain the instability of consumption baskets as expected.

To investigate whether products leave baskets temporarily or permanently, we
recomputed the barcode persistence measure using 2-, 3-, and 4-year gaps. Fig-
ure 2 shows that persistence decreases with longer delays, suggesting that products
removed from the basket are unlikely to return in the future.

Our result on the low stability of consumption baskets might seem in stark
contrast to the recent findings of Bornstein (2021), who reports that shoppers leave
a firm’s consumer base with an average probability of around 16%. However, our
results are not directly comparable to his, as we focus on more granular definitions
of products and baskets, whereas he examines the multi-product firm level.

Next, in our analysis we examine heterogeneity in individual (barcode level)
persistence across households. As Figure 3 illustrates, the variation is striking.

Moreover, no socio-demographic characteristics are correlated with individual per-

10 As a robustness check, we conducted a similar analysis in which expenditures in Equation 4
were replaced with products. Qualitatively, the findings remain the same, with even lower basket
stability. The results are presented in Appendix k.
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sistence. We trained a random fores to predict persistence using a set of socio-
demographic characteristics provided by NielsenIQ, but found no meaningful cor-
relations. This suggests that individual persistence is not driven by observable
characteristics. Since our analysis reveals no significant correlations, we have rel-

egated the detailed results to Appendix F.

Persistence in Consumption Expenditures
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Figure 3: Histograms of persistence estimates. The figure on the left shows the
histogram of persistence estimates using the UPC based measure and the one on
the right the expenditure based one. In both figures the estimates are weighted
using the projection factors.

C. Taking Stock

Our empirical analysis reveals key insights into household consumption behavior.
We find that consumption polarization is low, as product choices across income
groups exhibit substantial overlap. Additionally, individual consumption choices
appear highly unstable over time, with only 38.8% of products being repurchased
annually. While households frequently change the specific items they buy at the
barcode level, their broader consumption composition remains more stable at the

product module level. These findings highlight the fluidity of household shopping
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behavior and suggest that persistent, well-defined preferences might play a less im-
portant role in shaping long-term consumption patterns than commonly assumed.

The low level of consumption sorting, as documented in Fact 1, has several
immediate implications for modeling consumption choices. Here, we highlight
two illustrative examples. First, price discrimination — where producers offer
different products to different income groups at prices tailored to highly specific
consumer segments — appears challenging in light of our results. Second, due to
the significant overlap in purchased goods, substantial price search externalities are
very plausible, where the search behavior of one group affects shopping constraints
and decision-making of others, as described in the consumer search model by Pytka
(2024).

The empirical evidence on the stability of individual consumption baskets, as
documented in Fact 2, reveals a nuanced pattern of consumer behavior. House-
holds exhibit strong preferences for certain types of products, as reflected in the
high stability at the product module level, where 83.5% of expenditures are al-
located to previously purchased categories. However, at the barcode level, this
stability drops to just 38.8%, indicating that attachment to specific products is
limited. While some brand loyalty exists within product modules, it remains be-
low 60%, suggesting that consumers frequently switch between brands rather than
consistently repurchasing the same items. Moreover, the absence of systematic
price differences between products entering and leaving the basket further sup-
ports the idea that consumer-firm relationships at the barcode level are ephemeral,
with households regularly adjusting their exact product choices while maintaining
broader category preferences. One immediate implication of this result for model-
ing is that firms’ expansion strategies should be viewed primarily as the acquisition
of new customers rather than the retention of existing ones, as in the framework

proposed by Afrouzi, Drenik, and Kim (2023).
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[II. A MODEL OF SHOPPING SPREE

In this section, we propose a model that challenges the notion that differences in
consumption baskets stem from heterogeneous preferences. Instead, our framework
assumes all products are perfect substitutes (after adjusting for prices), with basket
variations arising purely from random sampling. Our goal is not to present a more
realistic model but to demonstrate that the observed patterns can emerge in a
fundamentally different setting.''

In our parsimonious model, households make purchasing decisions during a
“shopping spree.” Unlike models in which households have intrinsic preferences for
specific goods and select those they most prefer, we assume that all products are

perfect substitutes (adjusted for prices).'”

Moreover, motivated by Fact 1, we
assume no product sorting toward specific consumer groups, meaning that while
consumption probabilities vary across products, each product is consumed with
the same probability across all households.

Formally, let ¢ € I denote a household in the NielsenI(Q) universe, I. Each con-
sumer is characterized by their annual consumption spending in year ¢, denoted by
my, with no possibility of saving. Given the budget constraint and assumed pref-
erences, each household maximizes its total expenditures. The actual composition
of products in their baskets is irrelevant to their utility. Instead, each household
samples the composition of its basket. While all households draw from the same
marginal distribution of products, the probability of selecting a product (defined
at the barcode level) j and the quantity of product j in the basket are determined

by a product-specific zero-inflated Poisson distribution.'® This means that random

1Tn this sense, our model aim at serving as a cautionary tale for models relying on intrinsic
preference heterogeneity, much like Menzio (2024) and Armenter and Koren (2014), who challenge
other popular frameworks (monopolistic competition and gravity models of international trade,
respectively) with alternative mechanisms.

12This means that, on average, more expensive products provide higher utility, but households
are indifferent between purchasing one unit of a product that is twice as expensive as buying two
units of a cheaper alternative. Price serves as a perfect summary of utility.

13We remain agnostic about how these probabilities are determined—they could arise from
prices, product comparisons, or marketing influences. The key assumption is that these proba-
bilities are equal across different income groups, ensuring that no systematic sorting of products
occurs based on economic status.
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sampling determines whether product j is included in the basket of household ¢ in
period ¢, and if it is included, how many units of product j are purchased. Overall,
each household’s consumption choices are summarized by a J-dimensional vector
¢, where entry j represents the number of units consumed of good j.

In our simulation, we assume that the unit price of each product equals the av-
erage transactional price for that product in the NielsenI(Q) universe. A simulation

of the shopping process for household i is summarized in Algorithm 1.

Algorithm 1 Shopping Spree Model

[

: Initialize: Set consumption vector ¢;; = 0.

: while budget constraint is not violated (p; ;¢ < m;;) do
Randomly draw a product j from the set of all products, with a product-
specific probability that is the same across all consumers.

4:  Draw the number of units purchased, n;, from a product-specific Poisson

distribution. Exclude product j in future draws of households .
5:  Update consumption vector: c;; <— c;;+e;n;, where e; is a unit vector with
1 at the j-th position and 0 elsewhere.
end while
: Stop.

W N

e

The model outlined here can be seen as a data-driven, high-dimensional ex-
tension of the classical model of impulsive customers proposed by Becker (1962).
Compared to that model, we expand the consideration set to include all barcode-
level products in the NielsenlQ universe, rather than just two as in the original
study, and estimate probabilities directly from the data. On the other hand, our
implementation closely resembles the “balls-and-bins” model of international trade
by Armenter and Koren (2014), which introduces a simple, atheoretical random-
assignment approach based solely on marginal distributions across categories (in
their case, trade distribution across countries or products), without requiring in-
formation on specific country-product trade links or assuming systematic trade
relationships. Similarly, in our model, consumer baskets emerge as the result of

random assignment.

14 Admittedly, it is possible for households to slightly violate their budget constraint, m;.
However, given the scale of annual expenditures and the spending on individual products, the
magnitude of these violations is negligible.
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Figure 5: Household Consumption Persistence

Figure 4a illustrates the relationship between household spending shares on
their top-, second-, and fifth-ranked goods and the total number of goods con-
sumed. The solid lines represent the empirical averages, weighted by total spend-
ing, while the dashed lines show the theoretical predictions of the shopping spree
model. The construction of these plots follows the methodology of Neiman and
Vavra (2023), for whom this plot constitutes the main validation moment at the
household level. When households purchase only one good, it naturally accounts
for 100% of their spending, aligning both model and data. As consumption diversi-
fies, the top good’s share declines, reaching around 20% for households purchasing
20 products. Similarly, spending shares on the second- and fifth-ranked goods de-
crease, following patterns closely mirrored by the model. Figures from 4b to 4e
repeat this analysis within product departments, using the same categorization as
in Neiman and Vavra (2023).

Despite its simplicity, our proposed model captures the main features of con-
sumer behavior data remarkably well. However, unlike models based on hetero-

geneous preferences, it relies on randomness and treats consumers as impulsive
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agents, considering all products as perfect substitutes. This approach contrasts
starkly with traditional consumer theory while still yielding empirically consistent
results. Admittedly, there is a small discrepancy between the share of the top-
ranked product in the model and the data, suggesting that consumers do have some
preferences for their favorite products. However, beyond the top-ranked product,
the differences between model predictions and observed data become practically
indistinguishable, starting from the second-most preferred product onward.

Our model serves as a thought-provoking experiment, demonstrating that a
framework fundamentally different from standard heterogeneous-preference mod-
els fits the data surprisingly well. This finding challenges theories where product
specialization by income groups is central. Likewise, the absence of systematic
preferences for specific products challenges models in which the welfare effects
of policies are primarily driven by preference heterogeneity. For instance, in our
framework, introducing costs to expand variety would unambiguously reduce wel-
fare, whereas models that emphasize heterogeneous preferences, such as Neiman
and Vavra (2023), suggest that such policies could have welfare-enhancing effects.

While our model captures cross-sectional patterns relatively well, persistence in
a dynamic setup—without additional components—would be even lower than the
lowest observed value at the barcode level. To address this, we introduce an ad-hoc
persistence parameter, p = 38.8%, representing the probability that a purchased
product will be repurchased in the next period. This extension can be interpreted
as “inertia,” similar to the assumption made by Becker (1962). All previously
reported cross-sectional characteristics remain unchanged. Unsurprisingly, this
extension increases consumption persistence, bringing the first moment precisely
to the calibrated 38.8%. More strikingly, the simulation also generates a level
of heterogeneity in consumption persistence that closely matches the empirical
distribution seen in Figure 5. In the simulation, dispersion in persistence arises
from differences in the number of transactions—households with more transactions
exhibit much lower variation in persistence. Given the lack of correlation between
persistence and observable characteristics, along with the similar pattern emerging

in our simulation, this heterogeneity in persistence may be a statistical artifact

22



driven by variation in the number of draws. In Appendix E, Figure 20 confirms
this, showing that households with fewer transactions exhibit greater dispersion in

persistence.

IV. CONCLUDING THOUGHTS

Our analysis of non-durable consumption behavior has provided several insights
into household decision-making. We find that consumption patterns across in-
come groups show minimal polarization, with substantial overlap in the products
purchased by rich and poor households. This suggests that, contrary to models
emphasizing consumption sorting, the composition of consumption baskets is more
homogeneous than often assumed.

Furthermore, the high instability of individual consumption baskets—only 39%
of products are repurchased annually—underscores the transient nature of choices.
This instability challenges the idea of stable systematic heterogeneity in prefer-
ences, suggesting that random variation plays an important role in consumption
decisions.

While our results challenge the standard view, we recognize that some random-
ness in consumer choices has already been incorporated, such as in Michelacci et al.
(2021), where heterogeneous preferences are combined with search-and-discovery
processes.

Further critical exploration of the concept of a quality ladder, particularly in
light of data sparsity, warrants additional research. In this context, our ongoing
companion study (Runge (1) Pytka, 2025) proposes a simple yet powerful model
experiment in which search frictions, combined with data sparsity, can generate a

spurious quality ladder.
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A. ONLINE APPENDIX

A. Simulation

We provide a simple simulation exercise to highlight how our polarization measure
works. The goal is to establish a benchmark for estimating polarization and in-
terpreting the results derived from it. We simulate an economy with 10 different
goods. It is populated with 80,000 households, each consuming 200 units of goods
in each period. The 200 units consumed by each household are drawn randomly
given a fixed set of probabilities. The economy is simulated for one period, and

the true choice probabilities for the various simulations are as follows:

Table 1: Choice probabilities for both types of households. The probabilities for
the first type are in red and for the second in cyan.

The four different sets of choice probabilities for the simulations represent dif-
ferent illustrative scenarios for selection patterns between the two groups. The first
two scenarios represent cases where preferences are homogeneous. In scenario one,
the probabilities are uniform across both groups and goods, while in scenario two,
they are non-uniform. Scenarios three and four represent cases of heterogeneous
preferences. In scenario three, the separation between the two groups is perfect,

while in scenario four, the separation is imperfect.
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Preference Type Probabilities Good 1 | Good 2 | Good 3 | Good 4
Homogeneous Preferences Uniform Probability 0.1 0.1 | 0.1 0.1 0.1 0.1 | 0.1 0.1
& Non-Uniform Probability 10—8 % %8 11? % 1;; % Ti
Perfect Separation 0.2 0.0 | 0.2 0.0 | 0.2 0.0 | 0.2 0.0
Heterogeneous Preferences - - U —=% v T
Partial Separation 18 18 5 1% % 13 T 18
Preference Type Probabilities Good 5 | Good 6 | Good 7 | Good 8
Homogeneous Preferences Uniform Probability 0.1 0.1 | 0.1 0.1 0.1 0.1 | 0.1 0.1
& Non-Uniform Probability 1% % 118 5 % % % 5
Perfect Separation 0.2 0.0 | 0.0 0.2 | 0.0 0.2 | 0.0 0.2
Heterogeneous Preferences - - 5 51 53 —7
Partial Separatlon 18 18 18 18 1818 i85 18
Preference Type Probabilities Good 9 | Good 10
Homogeneous Preferences Uniform Probability 0.1 0.1 0.1 0.1
& Non-Uniform Probability | % = 1%
Perfect Separation 0.0 0.2 0.0 0.2
Heterogeneous Preferences - - T 7
Partial Separation 15 13 5 1%




In the first scenario, preferences are homogeneous and both groups select any of
the ten goods with the same probability. This leads to consumption baskets that
are, on average, identical, with each good having the same share in the basket.
Therefore, households are indistinguishable based solely on their purchases, which
should yield a polarization estimate of 0.5 since the group prediction is equivalent
to a coin flip.

In the second scenario, preferences are again homogeneous, but choice proba-
bilities are not identical among goods. Both groups are least likely to buy good
1, with the probability increasing and being highest for good 10. The average
consumption baskets for the two groups will again be identical in this case, with
each good having a different share in the basket. Similar to Scenario 1, households
cannot be distinguished based solely on their choices, since the product shares
within the baskets are, on average, identical between the two groups. Therefore,
the polarization measure should be equal to 0.5 in this case.

In the third scenario, preferences are heterogeneous. The first group will only
purchase the first five goods, while the second group will purchase the remaining
five goods, each with equal probability. Therefore, the average consumption bas-
kets for the two groups will share no common goods, while each good included
in a basket will have the same share. Since there is no overlap in consumption
baskets between the two groups, households are perfectly distinguishable based on
consumption choices, and therefore the polarization measure will be 1.

In the final scenario, the choice probabilities for the first group are the same as
in the third scenario. For the second group, the probabilities are exactly reversed,
meaning they are least likely to purchase good 10 and most likely to purchase good
1. In this case, the average baskets for both groups will contain the same goods,
but the shares will be different for the two groups. Thus, a choice for one of the
products is informative about which group the household belongs to, but group
membership cannot be perfectly deduced from it. Notably, even though goods 1
and 10 are perfect predictors of group membership, polarization will not be equal
to 1. This is because our measure captures the average information contained in

a purchase. In this example, the most information is contained in goods 1 and
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10, while the information content decreases, with goods 5 and 6 being the least
informative. Therefore, a polarization estimate strictly between 0.5 and 1 should
be expected.

We then use the simulated data and the estimation algorithm to compute both

mean and median polarization. The results are as follows:

Simulation 1 2 13 4
Mean Polarization | 0.5 0.5 (1] 0.704
Median Polarization | 0.5 | 0.5 | 1 | 0.704

Table 2: Estimated polarization for the different simulations

First, we can see that the estimation is able to recover the theoretical polar-
ization values for the first three simulations. In addition, we now have a reference

for how to interpret the polarization estimates from the true data.

B. Robustness Polarization

Here we present the plots for the polarization estimates that were not presented
in the main part. These are the remaining estimates for the expenditure based
specification as well as all the results for the specification based on household
income. We also present all the results using quantities instead of expenditures
to quantify consumption. Possible differences in polarization between the two
grouping variables reveal additional information. If for instance the specification
using expenditures instead of quantities shows a higher level of polarization for
the same level of product aggregation, this suggests that more expensive products

are more polarized than cheaper products.

B.1. Households grouped by expenditures

For all three levels of product aggregation presented here, the estimated polar-
ization is higher when we use expenditures to quantify purchases instead of the
number of items bought. This suggests that more expensive items are more polar-

ized than cheaper items. Similar to Bertrand and Kamenica (2023), we find that
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polarization is relatively stable over time and does not change much from 2004 to

2016.

Consumption Polarization between High and Low Expenditure Households
Department Level (Quantities)
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Figure 6: Both plots display polarization estimates between the top 20% and
bottom 20% of the consumption expenditure distribution. Confidence intervals
are 95% and computed as suggested in Gentzkow, Shapiro, and Taddy (2019b).
Since the confidence bands are relatively tight they are not visible in the plots. All
products are defined at the product department level. Polarization estimates can
range from 0.5, no polarization, to 1, perfect polarization.
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Figure 7: Both plots display polarization estimates between the top 20% and
bottom 20% of the consumption expenditure distribution. Confidence intervals
are 95% and computed as suggested in Gentzkow, Shapiro, and Taddy (2019h).
Since the confidence bands are relatively tight they are not visible in the plots. All
products are defined at the product group level. Polarization estimates can range
from 0.5, no polarization, to 1, perfect polarization.
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Consumption Polarization between High and Low Expenditure Households

Consumption Polarization between High and Low Expenditure Households
Product Module Level

Product Module Level (Quantities)
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Figure 8: Both plots display polarization estimates between the top 20% and
bottom 20% of the consumption expenditure distribution. Confidence intervals
are 95% and computed as suggested in Gentzkow, Shapiro, and Taddy (2019h).
Since the confidence bands are relatively tight they are not visible in the plots.
All products are defined at the product module level. Polarization estimates can
range from 0.5, no polarization, to 1, perfect polarization.
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B.2. Households grouped by Income Brackets

Here we provide the results for the alternative household grouping. Instead of
using the top and bottom 20% of the consumption expenditure distribution, we
use the income variable available within the dataset. We define the high-income
(low-income) group as the households belonging to the top (bottom) 20% of the
income distribution. Due to the fact that households provide information about
the income they received 2 years prior, the estimation is limited to the time period
from 2004 to 2014 in this case. When comparing results to those obtained from
the baseline specifications, the main conclusions do not change significantly. The
estimated polarization levels are relatively similar, although overall slightly lower
for the income-based grouping. All other differences are negligible and do not

exhibit any conceivable pattern.

Consumption Polarization between High and Low Income Households Consumption Polarization between High and Low Income Households
Department Level (Quantities) Department Level
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Figure 9: Both plots display polarization estimates between the top 20% and bot-
tom 20% of the income distribution. Confidence intervals are 95% and computed
as suggested in Gentzkow, Shapiro, and Taddy (2019b). Since the confidence
bands are relatively tight they are not visible in the plots. All products are de-
fined at the product department level. Polarization estimates can range from 0.5,
no polarization, to 1, perfect polarization.
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Figure 10: Both plots display polarization estimates between the top 20% and bot-
tom 20% of the income distribution. Confidence intervals are 95% and computed as
suggested in Gentzkow, Shapiro, and Taddy (2019b). Since the confidence bands
are relatively tight they are not visible in the plots. All products are defined at the
product group level. Polarization estimates can range from 0.5, no polarization,

to 1, perfect polarization.
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Figure 11: Both plots display polarization estimates between the top 20% and bot-
tom 20% of the income distribution. Confidence intervals are 95% and computed as
suggested in Gentzkow, Shapiro, and Taddy (2019b). Since the confidence bands
are relatively tight they are not visible in the plots. All products are defined at the
product module level. Polarization estimates can range from 0.5, no polarization,
to 1, perfect polarization.
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Consumption Polarization between High and Low Income Households
UPC Level
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Figure 12: The plot displays polarization estimates between the top 20% and
bottom 20% of the income distribution. The estimates are based on the within
department estimates. No confidence intervals are provided. All products are de-
fined at the UPC level. Polarization estimates can range from 0.5, no polarization,
to 1, perfect polarization.
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C. Aggregation of Polarization Measures

Due to computational constraints, we are not able to estimate polarization at the
UPC level directly for all products. Instead, we estimate polarization within each
department separately. We then use these 10 polarization estimates to calculate
aggregate polarization. The idea behind the aggregation is the following: Polar-
ization, in our context, is defined as the probability of correctly guessing group
membership from observing one random dollar of spending. Let P(x) denote this
probability. Additionally, let P(z|y;) denote the probability of guessing correctly,
conditional on the purchase being made from department y;, and let P(y;) denote
the probability that a purchase is made from department y;. Then, by the law of
total probability, we have:

P(z) =Y Plx|y:)Py;)

where P(z|y;) is the within-department polarization, and P(y;) is the probabil-
ity of purchasing a product from department y;, which is estimated as a byproduct

of estimating polarization at the department level.
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D. Polarization within Department

The within-product department polarization estimates reveal a significant degree
of heterogeneity between the different departments. While the observed level of
polarization for most of the product departments is still below or around a value
of 0.6 and, therefore, still not too far away from the results obtained for higher
levels of product aggregation, we can see that 3 departments stand out as being
significantly more polarized. These departments are Non-Food Grocery, Alcohol
and General Merchandise. The departments with the lowest average level of po-
larization are Fresh Produce, Dry Grocery and Packaged Meat.

Almost none of the departments show signs of a time trend; only for Gen-
eral Merchandise there seems to be a trend toward higher levels of polarization.
Additionally, we can see that for some of the departments, polarization is more
volatile over time than at the aggregate level. The most volatile departments are
Non-Food Grocery and Alcohol, while Health and Beauty Aids shows the lowest
level of volatility. When we compare the results obtained from using income as
the grouping variable, we can see that polarization levels are higher for the base-
line grouping. While there are quantitative differences in the results, qualitatively
there is no significant difference between the results obtained for the two different

grouping variables.
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Figure 13: The plots display polarization estimates between the top 20% and
bottom 20% of the consumption expenditure distribution. No confidence intervals
are provided. All products are defined at the UPC level. Polarization estimates
can range from 0.5, no polarization, to 1, perfect polarization.
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Figure 14: The plots display polarization estimates between the top 20% and
bottom 20% of the consumption expenditure distribution. No confidence intervals
are provided. All products are defined at the UPC level. Polarization estimates
can range from 0.5, no polarization, to 1, perfect polarization.
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Figure 15: The plots display polarization estimates between the top 20% and
bottom 20% of the income distribution. No confidence intervals are provided. All
products are defined at the UPC level. Polarization estimates can range from 0.5,
no polarization, to 1, perfect polarization.
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Figure 16: The plots display polarization estimates between the top 20% and
bottom 20% of the income distribution. No confidence intervals are provided. All
products are defined at the UPC level. Polarization estimates can range from 0.5,
no polarization, to 1, perfect polarization.
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E. Robustness Persistence

This section contains the plots from the persistence section that are not shown
within the main body, as well as some additional robustness checks and persistence
in terms of purchased UPCs. Before discussing the additional results, we define
the measure for persistence of the consumed UPCs. Define Uf; ; as the set of UPCs

purchased by household ¢ in year j. Then the measure of overlap is given by:

0Ure — (Ui N Ui ]
’ Ui ;1

The left plot in Figure 17 shows the estimates of persistence of purchased UPCs.
It is clearly evident that persistence is substantially lower in terms of UPCs than in
terms of expenditures. This suggests that products with higher expenditure shares
are more persistent than products with a relatively low expenditure share. The
plot on the right shows estimates based on the expenditure measure. It presents
both the persistence estimate using all available data as well as an additional
estimate only including those products that are available within the US market in
both years considered. Since there is no substantial visible difference between the
plotted estimates, we can conclude that product exit does not contribute to low
persistence in a meaningful way.

Figure 18 shows the baseline polarization estimates for two groups of house-
holds. One group consists of all households that experience a change in income
bracket, and the other group consists of the ones that do not. Since there is no
visible difference between the average polarization estimate in both groups, we can
conclude that basket persistence is driven by factors other than income changes.
Changing perspectives, this shows that even in the absence of income changes,
consumption baskets change significantly from year to year.

The plot on the left in Figure 19 shows the histogram for the UPC-based mea-
sure, and the one on the right shows the histogram of household-level persistence
within consumption expenditures, where, in addition to the projection factors, we

use total household consumption expenditures as a weight. The first histogram
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Figure 17: Persistence estimates. The figure displays the estimates for the ex-
penditure based measure. No Exit refers to the estimates where all products are
excluded that are not available to buy somewhere in the US in both years consid-
ered. All confidence bands are 95% and not visible because they are very narrow
compared to the scale of the y-axis which is kept identical for all plots in this
section.
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Figure 18: Persistence estimates for households that experience a change in income
and those that do not. All confidence bands are 95% and not visable because they
are very narrow compared to the scale of the y-axis which is kept identical for all
plots in this section.
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shows that, also within the UPC-based measure, there is substantial heterogene-
ity. It also clearly shows that there are almost no households with a persistence
of more than 50% in terms of UPCs.

This histogram on the right is reweighted to give a higher weight to households
that consume more to get a better sense how important low levels of persistence
actually are in the overall economy. As we can see from the reweighted histogram,
most of the mass is still below 0.5. This implies that substantial parts of overall

consumption expenditures are made by households with low levels of persistence.
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Figure 19: Histograms of persistence estimates. The figure shows a histogram
of the persistence estimates for the expenditure based measure weighted by the
projection factor as well as the households expenditures.

Finally, Figure 20 shows densities for the persistence measures split by the
number of unique UPCs within the basket. One can see from the plot that the
variance of persistence decreases as the number of consumed products increases.
This suggests that persistence behaves as if it were to converge to its mean value
as the number of consumed UPCs tends to infinity, or put another way, persistence
becomes more stable as the number of products within the basket increases. One
possible explanation for this kind of behavior would be that each product is roughly
equally likely to be dropped from the basket. Then, as the number of consumed

products increases, persistence would, by the law of large numbers, converge to
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the likelihood of a product being dropped from the basket.

Persistence in Consumption Expenditures
by Number of UPCs in Basket
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Figure 20: Densities of persistence estimates. The figure shows densities of the
persistence estimates for the expenditure based measure where the households are
split into 4 groups according to the number of UPCs in their consumption basket.
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F. Random Forest Analysis of Basket Heterogeneity

Here we provide the results for the random forest analysis. The main idea behind
a random forest is to identify the variable with the highest explanatory power.

The results of the analysis can be visualized using a variable importance plot.

2
Importance

By far, the most important contribution comes from the age of the male house-
hold head. Additionally, the racial background, the age of the female head, as
well as whether the male head is employed or non-employed, are identified as
contributing to the heterogeneity within persistence. Variables like the size of
the household, as well as income, offer little to no value in explaining persis-
tence. Now that we have identified the variables that have the most explanatory
power, the next step is to quantify the impact on persistence as well as the di-
rection of the effect. To do so, we will look at the partial correlations between
the explanatory variables and basket persistence. Since the assumption of zero
correlation between the household characteristics is unlikely to be met, we use ac-

cumulated local effects (ALE) instead of partial dependence plots for the analysis.
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When examining the size of the ALEs and the very low R? value of approximately
0.06 for the random forest model, it becomes evident that the explanatory power of
the considered variables is negligible. Hence, we must conclude that the observed
heterogeneity in persistence remains latent. Regarding the effects, we observe that
basket persistence increases with the age of both the male and the female head of
the household. This may indicate that households, over their lifetime, become more
stable in the kinds of products they prefer, possibly because they discover their
own tastes over time or become more familiar with the products available in the
market. Since we control for household size, we can be sure that this effect is not
caused by changes in household size over time. Being of Asian or Afro-American
descent has a negative effect on basket persistence. Employment of the male head
is negatively correlated with persistence. For household size, persistence increases
when moving from a single-person household to one with two members; beyond
that, further increases in household size are associated with a gradual decrease in

persistence.
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