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Immigrants, Imports, and Welfare:

Fvidence from Household Purchase Data*

Brett A. McCully!®) Torsten Jaccard*@) Christoph AlbertS

November 19, 2025

Abstract

Who buys imports? By augmenting U.S. grocery purchase data to include origin
countries of both products and households, we provide the first evidence that im-
migrants exhibit substantially stronger preferences for imported consumer goods
than natives. We develop and estimate a quantitative trade model to show that
immigrants also reduce trade costs and expand the effective market size for for-
eign goods, thereby increasing local import supply for all households. Overall,
however, immigrants generate considerably more local import expenditure via
their own purchases than via spillovers to natives, with profound implications for
the distributional costs of a negative trade shock, such as an import tariff: the
average within-county difference in welfare costs between immigrants and natives
is over six times the across-county standard deviation in native household costs.

Keywords: Gains from trade, heterogeneous preferences, spillover effects.
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1 Introduction

Who buys imports? This question is fundamental to understanding the distributional effects
of trade shocks, such as tariff increases, which incur greater costs for households spending
more on imported goods. The limited existing evidence focuses almost exclusively on dif-
ferential exposure to international trade by consumer income (Fajgelbaum and Khandelwal
2016; Cravino and Levchenko 2017; Borusyak and Jaravel 2021; Galle et al. 2023; Auer et
al. 2024).

This paper is the first to explore how the consumer gains from trade vary with nativity.
Immigrants’ preferences and habits may differ from those of natives (Ferndndez and Fogli
2009; Atkin 2016; Miho et al. 2023), and to the extent that these differential preferences
affect immigrants’ demand for foreign goods, they will be differently impacted by trade
shocks. Moreover, immigrants may also affect natives’ gains from trade by increasing local
import availability (Gould 1994, Head and Ries 1998, Parsons and Vézina 2018), thereby
shaping the distribution of the gains from trade across natives.

Quantifying the separate effects of immigrants on import demand and supply requires
detailed data that simultaneously capture households’ nativity, geographic location and the
origin countries of their purchases. We construct, to our knowledge, the first dataset to
contain all three elements by augmenting U.S. grocery scanner data at the household level
to include the origin country of both households and products.t

We obtain three key results. First, immigrants have a stronger preference for imports
than natives, leading them to accrue a disproportionate share of the gains from trade. Sec-
ond, immigrants increase import supply by reducing the fixed costs of importation and
increasing market size, thereby enhancing natives’ gains from trade. Third, the majority
of immigrant-induced local import expenditure is attributable to purchases made by immi-
grants themselves, rather than via spillovers to native import expenditure.

Regarding import demand, our data allow us to provide the first direct test of whether

immigrants differ from natives in their import expenditure and by how much. Applying

'We are unaware of any alternative data that provide information on both household nativity and import
shares. For example, the Consumer Expenditure Survey, which may be combined with other datasets
to measure import expenditure shares on cars as in Borusyak and Jaravel (2021), does not ask about
respondents’ nativity.



the general welfare formula of Arkolakis et al. (2012), immigrants accrue consumer gains
from trade within the grocery sector that are 42% greater on average than those of native
households. Furthermore, we show that within-county variation across households in import
expenditure explains the vast majority of this differential, highlighting the role of preferences
rather than sorting of immigrants into locations with high import supply. Our estimates
suggest that, on average, immigrants spend 25% more on all grocery imports and 127% more
on imports specifically from their own origin country when compared to an observationally
identical native household living in the same U.S. county. Nativity is substantially more
important than income in explaining variation in the gains from trade. The within-county
difference in import expenditure between a household in the highest income quintile and an
observationally identical household in the lowest income quintile is only +8.5%, a third of the
within-quintile gap between an immigrant and an observationally identical native household.

Regarding import supply, we develop and estimate a heterogeneous firms model of inter-
national trade a la Melitz (2003) extended to allow immigrants to affect local import costs.
We leverage unique features of our dataset, including barcode-level price and variety counts
by origin, in order to estimate the various channels through which immigrants affect local
import supply. The leave-out push-pull instrumental variables developed by Burchardi et al.
(2019) provide exogenous variation in the local population of immigrants by origin country.
Our estimates imply that immigrants reduce the fixed costs of trade but have a negligible
effect on variable trade costs.?

We combine the estimated import demand and supply effects of immigrants within our
full model and run three counterfactual exercises. In our first counterfactual, we consider
what would happen to imports and native welfare in the absence of preference and trade cost
effects of immigrants while holding the local population size fixed. National grocery import
expenditure would fall by almost 9%, akin to doubling prevailing tariffs applied to grocery

goods. Immigrants’ stronger preferences for imports explain 60% of the immigrant-import

2That immigrants reduce fixed trade costs, but not variable trade costs, aligns with the previously
untested assumption of Peri and Requena-Silvente (2010). We confirm this result within the NielsenIQ
store-level scanner dataset: immigrants have no effect on import prices across stores, consistent with uniform
pricing within large retail chains (DellaVigna and Gentzkow 2019). While we observe a positive effect of
immigrants on import sales across stores, the immigrant effects documented in our household purchase
records occur primarily through shopping trips to smaller retailers not present in the NielsenlQ retailer
panel.



elasticity, with the remaining 40% attributable to changes in import supply common to all
households. Approximately half of the import supply effect occurs via reduced fixed costs of
trade, while the remainder is due to a novel channel we recover through our structural model:
immigrants’ heightened import preferences encourage foreign firm entry into local markets
which in turn increases import variety for all households. The welfare gains for natives
due to immigrant-induced trade—equivalent to about 0.1% of grocery expenditure, or $3800
million—are 70% less than one would infer from aggregate regional trade flow data and
standard welfare formulas, such as Arkolakis et al. (2012), as immigrants disproportionately
increase local import expenditure via their own purchases.?

In a second counterfactual exercise, we show that the presence of immigrants yields signif-
icant consumption welfare gains for natives via an additional market size effect. If immigrants
and their expenditure were to entirely disappear, native welfare from grocery consumption
decreases by almost 8% —equivalent to over $59 billion in lost welfare nationally—primarily
due to the loss of product variety resulting from smaller markets.* These losses are highly
concentrated among high-income and urban households.

Our final counterfactual simulates the heterogeneous impact of an increase in import
tariffs leveraging our full model of import demand and supply. Specifically, we simulate
a variable cost shock to all imported grocery goods, and recover the distributional welfare
costs across households and counties. The average within-county difference in costs between
immigrants natives is over six times larger than the across-county standard deviation in costs
for native households. Variation in costs across geographies and income groups explain a
fraction of the variation in costs between immigrants and natives.

This paper provides the first direct evidence that immigrants, as consumers, derive sub-
stantially larger gains from trade than native households in the U.S. By encouraging foreign
product entry into local grocery markets, immigrants also generate import consumption ben-
efits for natives. Still, reductions in the immigrant population and higher costs of trade both

incur relatively lower welfare losses for natives, especially those with lower education.

30ur estimated welfare effect is sizable. For comparison, Brinatti and Morales (2025) find that a 20%
increase in immigrants raises native welfare by 0.1%, while Caliendo et al. (2019) and Hsieh and Ossa (2016)
estimate the welfare impact of the China shock to be between 0.03% and 0.2%.

4While this scenario is unrealistic, it provides a useful benchmark (comparable to the standard gains-
from-trade exercise) by which to value immigration in terms of native expenditure.

4



Related literature. By estimating consumer heterogeneity in exposure to trade shocks
we contribute to a growing literature on the impact of trade across consumers (Fajgelbaum
and Khandelwal 2016; Cravino and Levchenko 2017; Bai and Stumpner 2019; Hottman and
Monarch 2020; Borusyak and Jaravel 2021; Faber and Fally 2022; Jaccard 2023; Auer et al.
2024). This paper is the first to document that immigrants are substantially more exposed
to trade shocks than non-immigrants. When assessing international trade exposure, nativity
matters more than income, which has been the focus of prior work.

We also add to the literature on immigrants’ trade impact by leveraging our unique data
to unpack the mechanisms driving this relationship, which allows us to compute the welfare
gains across heterogeneous households from immigrant-induced trade creation. In contrast,
existing studies almost exclusively use aggregated data on region-to-region trade flows, such
that the separate effects of immigrants on import demand and supply cannot be observed
directly (Gould 1994; Head and Ries 1998; Combes et al. 2005; Peri and Requena-Silvente
2010; Parsons and Vézina 2018; Steingress 2018; Bonadio forthcoming).®

Thus, our study contributes to the ongoing public discourse on the benefits and costs of
immigration. A vast literature has focused on the way in which immigrants affect the labor
market outcomes of native workers (e.g., Card 2001, Borjas 2003, Ottaviano and Peri 2012,
Dustmann et al. 2017, Monras 2020, Burstein et al. 2020). We quantify a novel margin by
which immigrants benefit natives: increasing local imported product variety.® Furthermore,
while studies on the effects of immigration on the labor market carefully consider distribu-
tional effects (e.g., Dustmann et al. 2013 and Llull 2018), the consumption-side distributional
effects have thus far been ignored.

This paper proceeds as follows. We describe our data and present stylized facts in Section
2. In Section 3, we characterize heterogeneity in preferences between immigrants and natives
and therefore in the gains from trade. Section 4 microfounds and estimates how immigrants
affect import supply. Section 5 describes our counterfactuals using the full quantitative

model. Section 6 concludes.

5The demand effects documented here may be stronger for non-durable consumer goods, as opposed to
the intermediate and capital goods included in many prior studies.

Iranzo and Peri (2009), Di Giovanni et al. (2015), and Aubry et al. (2016) study the aggregate variety
effects of immigration but with a focus on immigrants expanding production in high-productivity locations.



2 Data and Stylized Facts

2.1 Expenditure on Consumer Packaged Goods

We use two datasets that link household characteristics—including country of birth—to
grocery import expenditures: the NielsenlQ household panel scanner dataset and barcode
country-of-origin data from Label Insight Inc.

NielsenIQ Household Panel Scanner Data: These data consist of a panel covering
approximately 90,000 U.S. households and all grocery purchases at the barcode level. Vari-
ables include detailed household demographic information and county of residence as well as
barcode-level expenditure, price, date, and store for each purchase.”

In 2008, NielsenlQ distributed the “Tell Me More About You” survey, which included

questions about respondents’ birth place.® Thus in subsequent years we observe the country
of origin for the subset of households present in the data since 2008. If household members
have mixed nativity and only one member was born abroad, we assign the household to the
country of the immigrant member. In the rare case that a household has multiple foreign-
born members from different origins, we assign the household to the larger country of origin
as measured by the total immigrant population in the U.S.
Barcode Country of Origin: We merge the Nielsenl(Q) data with barcode-specific country-
of-origin information purchased from Label Insight Inc., a firm that specializes in scraping
and organizing information found on the labels of consumer packaged goods.? Label Insight
uses a computer vision algorithm to extract text from the packaging for thousands of barcodes
sold across major retail chains in the U.S. Since imported goods in the U.S. are required
to declare on their labels the country in which the good underwent the most “substantial
transformation,” the algorithm incidentally recovers the origin country for each collected
barcode. Label Insight only covers a subset of all barcodes and their coverage is best for
food and beverages, alcohol, personal care products, and cosmetics.

We leverage data on the origin country for over 600,000 barcodes in these grocery product

"In robustness exercises in Section 4.5, we also make use of the NielsenIQ store-scanner data pooled over
the year 2016. This dataset provides weekly barcode-level price and units sold by over 35,000 U.S. stores.

8See Bronnenberg et al. (2012) for more details regarding this survey.

9See Jaccard (2023) for a more detailed discussion of this dataset.



categories. Given the universality of barcodes, these data can be directly merged with the
purchase records from NielsenlQ. Figure C.1 documents the distribution of production origin
countries in the merged scanner data. As expected, Mexico and Canada constitute just over
half of all import expenditure, with Thailand, China, and Italy rounding out the top five.
Overall, our sample contains 74 origins with positive imports. The average household’s
import expenditure share is approximately 9%.'°

The sample of NielsenlQ households interviewed in 2008, and therefore with nativity
information, attrits over time. On the other hand, the Label Insight data on products’
country of origin has been improving in recent years. To maximize data quality in both
datasets, we restrict our analysis to the years 2014-2016, which we pool to a single cross-
section at the household level. Our final sample consists of 19,822 households, of which 1,237
are immigrants.!
Household-Level Coverage of Import Expenditure: Our final merged dataset exhibits
$764 billion of expenditure and is at the household-import origin level of aggregation. When
compared to estimates from the BLS Consumer Expenditure Survey, the grocery categories
studied in this paper account for approximately a third of all expenditure on tradables, with
this share increasing to almost half if one excludes passenger vehicles and energy products.
Jaravel (2019) estimates a within-grocery coverage of NielsenIQ expenditure data of approx-
imately 80%, while the Label Insight data covers approximately 60% of expenditure within
the NielsenlQ sample.

2.2 Immigration Data

We measure the contemporary immigrant population by origin with the pooled 2006-2010

sample of the American Community Survey (ACS). We obtain exogenous variation in these

10Throughout this paper we make use of the projection factor weights provided by NielsenIQ when
presenting aggregated statistics. These weights are a population projection based on the representativeness
of each household, and sum to 120 million households, which roughly matches the aggregate total for the
U.S.

UImmigrants and natives have a virtually identical rate of survival to our final dataset (39% versus 40%),
and this difference is not significant at the 90% confidence level. For households with purchase records in
2014-2016, 23% can be linked to the 2008 nativity survey. This rate is virtually unchanged (24%) for the
top half of households by income. We find that sample representativeness and differential attrition does not
significantly drive our baseline results, as discussed in Appendix A.3.



contemporary immigrant populations via interactions of historic immigrant inflows, a strat-
egy described in Section 4.3. Historic inflows are measured from the decennial Censuses from
1880-1930 and 1970-2000.'2 We provide additional details on data construction in Appendix
Al.

2.3 Stylized Facts

The combined dataset described above constitutes the first direct measurement of import
expenditure by country of birth. We leverage this novel feature to demonstrate three stylized

facts which characterize import consumption heterogeneity by nativity.

Fact 1: Household-level import expenditures are increasing in county immigrant
population shares. Figure 1 plots the average import expenditure share across county
deciles based on the immigrant population share. Both native and immigrant households
exhibit a strikingly positive relationship between the presence of immigrants and the propen-
sity to purchase imported goods. Relative to the lowest decile, native households living in
the most immigrant-intensive decile of counties exhibit import expenditure shares which are
35% higher on average. For immigrant households, this differential increases to +50%. The
figure represents the first direct evidence of a positive correlation between household-level

import expenditure and local immigrant population shares.

Fact 2: Average import expenditure shares are 38% greater for immigrant house-
holds compared to non-immigrant households. Figure 1 also shows that immigrants
exhibit stronger import demand than native households even within the same county decile.
We also quantify this difference in mean import expenditure by regressing the household-
level import expenditure on a dummy for whether a household is an immigrant household
and find an unconditional mean difference in import expenditure between immigrants and
natives of +3.1 percentage points. When compared to the average import expenditure share

of non-immigrant households, this estimate represents a 38% differential.®

12The 1940, 1950 and 1960 censuses did not ask about the year of the respondent’s immigration.
13Gee Figure C.2 for a histogram of import expenditure shares for native and immigrant households.



Figure 1: Immigrants, Natives, and Import Expenditure
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Notes: The figure plots average import expenditure shares by county immigrant population share deciles
and nativity. Each point on the graph is the corresponding nativity-by-county decile fixed effect coefficient,
with 95% confidence intervals plotted. These fixed effects are recovered from a linear regression at the
household level in which household import expenditure shares are the dependent variable. Counties are
placed into deciles based on the immigrant population share of that county, and households are grouped into
two categories: immigrants (blue diamonds) or natives (red circles). 95% confidence intervals are provided,
and all observations are weighted by the NielsenI(Q) projection factors.

Fact 3: Immigrants spend over twice as much as on goods from their origin
country as immigrants not from that origin. For each origin country o, we calculate
the share of expenditures on goods from o by both immigrants from o and immigrants not
from o. Figure 2 depicts this relationship. The 45-degree line in red plots where immigrants
not from o and immigrants from o would exhibit identical expenditure on imports from o.
We find that most origins lie above the 45-degree line, suggesting that immigrants exhibit
stronger demand for imports from their specific country of origin. For the 33 countries in
our sample with nonzero expenditures by both immigrants from that origin country and
those not from that origin, the median relative expenditure share on goods from origin o by
immigrants from o is 1.9 times greater than the expenditure on goods from o by immigrant

households not from o0.'* To our knowledge, this paper is the first to provide direct evidence

14Note that this estimate represents the weighted median relative expenditure across origins. The mean
estimate is 81.6, but this is driven by outliers. When weighted by origin-specific aggregate expenditure
shares, the mean difference is 2.8. Thus the median estimate of 1.9 represents a conservative figure.



Figure 2: Immigrants Tend to Spend more on Goods from their Origin
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Notes: The figure shows the relationship between spending on goods imported from immigrants’ own country
(the y-axis) and spending on goods from that country by other immigrants (x-axis). The red line is the
45-degree line, which indicates no preference by immigrants for goods imported from their origin country
relative to immigrants from other origins. Data come from the NielsenIQ Household Panel 2014-2016 and
Label Insight. NielsenlQ projection factor weights are used to construct expenditure shares.

that the preference persistence documented in Logan and Rhode (2010) and Atkin (2016)

exists for U.S. immigrants with respect to goods imported from their origin country.

3 Immigrants and Import Demand

How are the consumer gains from trade distributed by nativity? Little is known about
the distribution of import expenditure across households, and the few studies that do exist
focus on non-homothetic demand and therefore variation across income levels (Fajgelbaum
and Khandelwal 2016; Cravino and Levchenko 2017; Borusyak and Jaravel 2021; Auer et al.
2024). In this section, we quantify the role of nativity and household country of origin in

shaping variation in import expenditure across households.
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3.1 Import Expenditure and the Consumer Gains from Trade

The three stylized facts illustrated in Section 2.3 suggest immigrants spend more on imports
than natives within the grocery sector. To a first-order approximation, this variation in
import expenditure leaves immigrants more exposed to trade shocks than natives, regardless
of the underlying demand system. Consider household h € H characterized by income X},
and expenditure Xp(w) per variety w € €, such that X, = > Xp(w). All households
face the same schedule of prices p. For some infinitesimally smalTi(l:lange in prices dIn p and
total income dIn X, the equivalent variation is defined as the change in X}, that generates an
equivalent change in indirect utility, holding prices fixed. We refer to the equivalent variation
of h as dln W),. As discussed in Fajgelbaum and Khandelwal (2016), this equivalent variation
can be expressed as:

dIn Wy, =Y [—dInp(w)]sp(w) + dIn X, (1)

where sp,(w) = Xp,(w)/ X}, denotes the household-specific expenditure share of variety w. The
first term on the right-hand side captures the expenditure channel, through which changing
prices affect welfare, and is the exclusive focus of this paper. Households allocating a higher
share of expenditure to imported varieties are more vulnerable to import-specific price shocks,
such as tariffs. The second term of equation (1) captures the income effect of trade—the
subject of a vast literature on the labor market impacts of trade openness—which we hold
fixed throughout our analysis.

In order to quantify differential welfare impacts of trade shocks by nativity, we make
two simplifying assumptions: (1) all households face the same trade elasticity, 6, which we
calibrate to § = 5 (Head and Mayer 2014; Costinot and Rodriguez-Clare 2014), and (2)
the import supply micro-foundation adheres to the assumptions described in Arkolakis et
al. (2012). We define the grocery consumption gains from trade for household i as the
proportional change in welfare due to an external shock to foreign production and trade

costs, denoted by W, = W, /W,,. The gains from trade in groceries are therefore a function

15That is, the import supply model generates a structural gravity equation (Head and Mayer 2014).

11



of the observed household-level expenditure share on U.S. goods g :
U, = (Wh)l—uh _ (WUSJL)—é(l—uh)7

where 1 — p; denotes the expenditure share of household h on groceries. In practice, we
bin households by income quintiles y(h) when constructing uy, such that p, = pyn). We
compute [,y using the BLS Consumer Expenditure Survey (CEX), and find that grocery
expenditure shares are monotonically decreasing in income.'® Having calibrated 6 and pi, ),
and directly observing my g, in our expenditure data, we recover the cross-sectional distri-
bution in consumer gains from grocery trade.

Table 1 provides estimates of both conditional and unconditional differences in the aver-
age gains from trade in groceries by nativity, both within groceries (Wh) and in the aggregate
when fixing non-grocery gains from trade to zero (U;). In Columns 1 to 3, the dependent
variable is (Wh — 1) x 100 such that estimates represent the percentage point gaps across
households. Column 1 provides estimates of the unconditional gap between immigrants and
natives, while column 2 provides a within-county comparison, thus controlling for geographic
sorting of households. When only one household is present in a given county, that household
drops out of the sample when adding county fixed effects. Column 3 includes a vector of
household controls and provides estimates associated with income quintiles.'”

Within groceries, immigrants exhibit unconditional gains from trade that are, on aver-
age, 42% greater than the average non-immigrant (2.45% versus 1.72%, column 1). When
controlling for county of residence, and therefore local import supply, immigrants still ex-
hibit gains that are 36% greater than their within-county non-immigrant neighbors. Column
3 highlights the extent to which nativity drives import expenditure heterogeneity substan-
tially more than income. Households in the highest income quintile exhibit within-grocery

gains from trade that are 0.15 percentage points greater than their within-county neighbors

16We sum CEX annual expenditure over food at home, housekeeping supplies, personal care products,
and alcohol. We obtain the following grocery expenditure shares by income quintile, in order of lowest to
highest income: 0.134, 0.119, 0.110, 0.104, and 0.087.

1"The household controls are dummy variables indicating h’s race, ethnicity, household size bins, bins
for the number and age of children in the household, highest education among household members, marital
status and age. When constructing household income, we use the grocery expenditure per capita approach
to placing households in income quintiles as in Faber and Fally (2022).

12



Table 1: Consumer Gains from Trade by Nativity

Dep. var.: %AW, Dep. var.: %AU,
(1) (2) (3) (4) (5) (6)
Immigrant from anywhere 0.725*** 0.635** 0.562*** 0.076"* 0.065***  0.062***
(0.033) (0.034) (0.036) (0.004) (0.004)  (0.004)

2nd poorest quintile 0.030 -0.024***
(0.028) (0.003)
Median quintile 0.082*** -0.034***
(0.030) (0.003)
2nd richest quintile 0.133* -0.039***
(0.032) (0.004)
Richest quintile 0.146*** -0.069***
(0.034) (0.004)
Constant 1.722%  1.739"* 2.556** 0.190** 0.192**  0.337**
(0.009)  (0.009) (0.543) (0.001) (0.001)  (0.061)
N 19,822 19,223 19,223 19,822 19,223 19,223
County FE v v v v
HH Controls v v
Sample Weights v v v v v v
Estimator OLS OLS OLS OLS OLS OLS

Notes: The table presents regression results at the household-country level. Observations weighted using
NielsenIQ household weights. The reference income quintile is the poorest. Standard errors clustered
two-ways at the household and origin-by-destination levels. Household controls are dummy variables
indicating h’s race, ethnicity, household size bins, bins for the number and age of children in the household,

* * 3k

highest education among household members, marital status and age. *, **, and *** denote statistical
significance at the 10%, 5%, and 1% levels, respectively.

in the bottom income quintile. Yet conditional on income, immigrant households exhibit
gains from trade that are 0.56 percentage points greater than an equivalent native house-
hold. Reassuringly, the positive relationship between income and within-grocery import
expenditure documented here matches existing research. This paper, however, is the first to
observe import expenditure by nativity conditional on income, and the first to highlight the

considerable heterogeneity in consumption exposure to trade shocks by household nativity.®

¥Borusyak and Jaravel (2021) document a grocery import expenditure share of 11.5% for U.S. households
earning $150,000 a year versus 10.3% for U.S. households earning $10,000 a year (Figure 2). Within the
welfare calculation considered here, their findings imply high-income households exhibit gains from trade
that are 13% greater than low-income households. For Swiss households, estimates in Table 1 of Auer et al.
(2024) suggest a relative gain from trade to high-income households of 14% versus low-income households.
Column 3 of Table 1 implies a relative gain to high-income households of 9% versus low-income households.
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Columns 4 to 6 provide the same analysis and a similar set of results, but scaled by
household expenditure on groceries. Given that groceries exhibit a negative income elasticity,
high-income households benefit less from the grocery-specific gains from trade than low-
income households. Still, immigrant effects persist: the unconditional average gains from
trade for immigrants are 40% greater than for native households.

While these estimates focus on the consumer gains from trade, the same import expendi-
ture differential documented here also leaves immigrants more exposed to increases in trade
costs, such as tariffs. As a first-order approximation, the fact that the unconditional immi-
grant consumer gains from trade are 42% greater than those of natives also suggests that
immigrants face welfare losses from tariffs of an equivalent magnitude relative to natives.
While researchers tend to focus on whether the cost of tariffs are borne by poor or wealthy
consumers, or the extent to which intra-national geographies may differ in their exposure
to tariffs, the analysis provided here suggests that even within narrow income bins and
within U.S. counties, immigrants bear the cost of tariff increases to a greater degree than

any observed variation across income groups.

3.2 Preferences and Import Demand

Next, we formalize the import expenditure heterogeneity documented above by introduc-
ing and estimating a model of import demand. In order to maintain consistency with the
welfare formula developed by Arkolakis et al. (2012), and to simplify the incorporation of
a general equilibrium import supply model in Section 4, we assume households exhibit a
two-tiered demand system. In the upper tier, households have Cobb-Douglas preferences
over differentiated grocery goods, our focus in this paper, and a non-grocery good, go.'"
Households aggregate grocery variety consumption with constant elasticity of substitu-
tion (CES) preferences. There is a continuum of differentiated varieties Qpc(n) associated
with each origin country o € O and h’s county of residence c¢(h). We allow for house-

hold heterogeneity in income Y}, origin-specific preferences denoted by z,, and substitution

19 As discussed previously, we calibrate the Cobb-Douglas grocery expenditure share parameter 1 — Hy(h)
using income quintile data from the CEX.
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elasticity o5, > 1. Preferences are therefore represented by the following utility function:

JZFQ (1=Hy(n))

op—1

o Zh™>
U=t | S o™ [ aonlw) ™ dw . )

oeO wer,c(h)

Equilibrium expenditure on the differentiated grocery sector is Xj, = (1 — fi(n))Ys. Demand

at the origin-household level is then:
Xoh = Zohp(l;;ET];L)XhP}?hila

where p, ) denotes some origin-county-level price index and P, the household-level price
index. That is, we assume all households within the same county face the same schedule of
prices by import origin, such that within-county variation in origin-specific import expendi-
ture is attributable to variation in the demand shifter z,,.?° In the steps to follow, it will
be useful to consider variation in the relative expenditure of households compared to expen-
diture on domestically produced U.S. goods, Xygj. For any variable z, we therefore define
Toh = Toh /xUS,h.Ql Furthermore, we normalize the perceived quality of imports such that
zys,n = 1 for all households, which yields the following expression for relative expenditure

at the household-origin level:

5 170’},‘
Xoh = Zon <p"’c<h) ) . (3)
PuUs,c(h)

We next proceed to estimate the two exogenous preference terms in (3): h’s evaluation of

the quality of goods from o, z,,, and the elasticity of substitution across varieties oy,.

3.3 Estimating Heterogeneity in Perceived Import Quality

How do households differ in their perceived quality of imported goods? In this section, we
make use our remarkably detailed household purchase data, including household nativity, to

empirically recover the relationship between exogenous household characteristics and per-

20We check whether immigrants and natives pay different prices for the same barcode within counties.
We find no evidence for differential prices faced by these sub-populations. Results available upon request.
2'Head and Mayer (2014) refer to this normalization as a “ratio method.”
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ceived import quality, z,,. We therefore assume a functional form for the preference vector

Zon, that relates observed socioeconomic household characteristics to import demand:
2o = exp (B:loeny + 00 + Gi1[o(h) # US] + Galfo(h) = o] ) X 15, (4)

Jy, is a vector of observed household characteristics and o(h) maps each household h to its
country of birth. Motivated by our stylized facts, (; captures the strength of immigrants’
taste for goods from all foreign countries, and (5 captures the strength of immigrants’ home-
biased preferences a la Atkin (2016) and Logan and Rhode (2010). I,. denotes the population
share in county ¢ of immigrants from origin o, and we allow for the possibility that the
local immigrant population share from o endogenously affects preferences for imports from
o via the parameter 3,.22 The goal of this section is to estimate differences in exogenous
preferences between immigrants and natives, such that this endogenous preference term will
be absorbed by fixed effects at the origin-county level. We return to estimating (3, in Section
4. nZ, denotes an idiosyncratic preference term at the household-origin level.

In our baseline specification we assume that the price sensitivity of households o}, varies at
the origin-county level, i.e., 03, = o). We then gather together price terms and the elasticity
of substitution in a origin-county fixed effect, 1, o) = (p"’c(h’)l_%(h) from equation (3).

PUS,c(h)

We thus obtain the following estimable equation:
X, = exp (wo,c(h) +0Jn, 4+ G1fo(h) # US] + G1lo(h) = o]) X 105 (5)

where we have gathered all terms related to prices, entry, price sensitivity, and county-
specific average preferences into the origin-county fixed effects v, o). We also consider a
less restrictive specification in which prices and the price sensitivity of households vary at
the county-by-income-quintile level. In this less restrictive specification, fixed effects are at
the origin-county-income quintile-level: 1, (1),y(n)-

Estimates of (; and (5 quantify how much immigrants differ from native households

within the same county, or county-income-quintile, in their propensity to purchase imported

22Tn this way, we do not treat preferences as a primitive, but instead allow one’s preferences to be at least
partially determined by one’s cultural and social context (Bowles 1998; Atkin et al. 2021).
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goods from all origins (¢;) and imports specifically from their own origin country ((z). Our
estimation procedure projects observed import expenditure onto household characteristics,
with county-level and county-origin-level factors—such as prices, variety availability and local
average preferences—controlled for via fixed effects. Our identifying assumption is that there
are no unobserved factors shaping variation in prices and product availability within county-
origin pairs which are correlated with observed household characteristics. A violation of
this assumption would be if immigrant households cluster spatially within counties in ethnic
enclaves which feature ethnic grocery stores, and therefore face a different product and price
mix. In our results below, we show that estimates of (; and (5 are virtually unchanged when
including ZIP Code-origin fixed effects, supporting our identifying assumption.

To estimate equation (5) we make use of the pseudo-Poisson maximum likelihood (PPML)
estimator to deal with the large number of zeros observed in our outcome variable (Santos
Silva and Tenreyro 2006). We show in Appendix A.2 that our headline estimates are robust
to alternative estimators, although it should be noted that these alternative estimators are
not necessarily consistent with the theory outlined here. Table 2 provides estimates of (; and
(o for three separate specifications of equation (5). Columns 1 and 2 include origin-county
fixed effects without household controls Jp,, columns 3 and 4 add in J,, and columns 5 and
6 control for origin-county-income-quintile fixed effects.??

Across specifications, our estimates of ¢; and (5 are remarkably stable. When estimated
alongside (5, (3 fluctuates between 0.22 and 0.26 and is highly significant. (, fluctuates
between 0.58 and 0.61, and is also highly significant. To place these estimates in context,
consider column 4. For two households in the same county and identical in their income,
education, age, and family structure, the immigrant household allocates a 25% higher share
of expenditure on all import origins than the native household. For imports specifically from
this immigrant household’s origin country, their expenditure is 127% greater.?*

Appendix Table C.1 reports estimates of ¢; and (, when implementing origin-by-ZIP
Code fixed effects, such that the identifying variation is generated by import expenditure

heterogeneity across households within the same ZIP Code. These estimates are effectively

23Note that when comparing households within income quintiles, we lose approximately a third of our
sample size due to separation (Correia et al. 2019), hence the reduction in N in columns 5 and 6.

24That is, et — 1 = 0.25 and ¢S +¢ — 1 = 1.27.
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Table 2: Estimates of Perceived Import Quality

Dep. var.: Rel. expenditure share on goods from o (X,)

(1) (2) (3) (4) (5) (6)

Immigrant from anywhere ({;) 0.31%*  0.26"*  0.27*** 0.22"*  0.28"* (.23
(0.027)  (0.027) (0.028) (0.028) (0.030) (0.030)

Immigrant from o ({3) 0.58* 0.60*** 0.61*
(0.064) (0.065) (0.077)

N 911,385 911,385 911,385 911,385 619,741 619,741

Origin-County FE v v v v

HH Controls v v v v

Origin-County-Income FE v v

Sample Weights v v v v v v

Notes: The table presents results from estimating equation (5) using PPML at the household-country level.
Observations are weighted using NielsenlQ household weights. Standard errors are clustered two-ways at the
household and origin-by-destination levels. Household controls are dummy variables indicating: race, ethnic-
ity, household size bins, bins for the number and age of children in the household, highest education among
household members, household income quintiles, marital status and age groups. The estimation sample size
is less than our total sample, and falls across columns, due to fixed effects causing separation in the sense of
Correia et al. (2019). *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

unchanged from our baseline, other than a marginal reduction in f’g associated with our
most stringent fixed effects at the origin-by-5 digit ZIP Code level (52 = 0.41). We maintain
counties as our baseline geographic unit to remain consistent with the level of variation used
to estimate the local import supply effect of immigrants in Section 4.

Appendix Table C.2 provides import preference estimates associated with the entire vec-
tor of household characteristics included in J,. While the positive, but relatively small,
relationship between income and import expenditure reflects the estimates in Table 1, we
also find a strong relationship between education and import expenditure. Households with
at least a postgraduate degree exhibit import expenditure that is 27% greater than an oth-
erwise identical household. An immigrant household with a postgraduate degree therefore
exhibits import expenditure on all origin countries that is 58% greater than a native house-
hold with no college education living in the same county.

We unpack immigrants’ general preference for imports, (1, by examining the interaction
with other variables—such as geographic proximity between immigrant origin and the U.S.—

in Appendix A.4, with the results shown in Appendix Table A.5. We find strong evidence
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for Hispanic and Asian households generally preferring goods from Latin America and Asia,
respectively, over imports from elsewhere, while there is little evidence for other bilateral
geographic, linguistic, or historic political proximity measures affecting immigrants’ import
demand. In Appendix Table C.3, we show that the strength of immigrants’ home bias, (s,
is largely uniform across education (column 1) and income (column 2), with the exception
of a marginally significant drop of the home bias for immigrants in the top income quintile.
In column 3, we interact the home-bias indicator with an index of cultural distance be-
tween the origin country and the U.S. (Spolaore and Wacziarg 2016).?° Home bias becomes
stronger as cultural distance from the U.S. increases. Finally, given that immigrants might
culturally assimilate during their stay, we allow the home bias to vary by time in the U.S.
in column 4 and obtain a small, marginally significant negative effect of an additional year
since immigration.?%

As a final robustness exercise, we consider the possibility that immigrants and natives
simply consume different products, given the profusion of specialty goods and specialty
grocery stores (Neiman and Vavra 2023). If purchases are highly segregated by nativity,
our baseline preference estimation may not be compatible with CES preferences, which
generate non-zero expenditure on all available products. We find only modest evidence of
such purchase segregation in our data. Among the barcodes in our sample, just 1.5% are
purchased by immigrants alone; 48.1% by natives alone; and the remaining 50.4% by both.
These barcodes are a very small part of each household’s consumption basket when weighted
by expenditure: just 0.5% of immigrants’ grocery expenditures are on the set of barcodes
they exclusively purchase. We further re-estimate equation (5), restricting the dependent
variable to be computed only over the set of barcodes that we observe in both immigrant
and native purchase records. The results, reported in Appendix Table C.4, are little different
from the baseline: we recover CAI = (.24 and 62 = 0.54.

We therefore find compelling evidence that households exhibit heterogeneous grocery im-

port quality evaluations, with nativity playing a significant role in shaping this heterogeneity.

25We use the “total” index based on the World Value Survey; see section 6.3.3 in Spolaore and Wacziarg
(2016), and normalize it to have a mean of zero and a standard deviation of one.

26We proxy arrival year in the U.S. with the year in which the immigrant moved to their state of residence
as of 2008.
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As highlighted in equation (3), however, variation in o} could also plausibly generate import
expenditure variation if imports systematically differ in price when compared to domestically
produced goods. While we are able to flexibly control for variation in o) when estimating
the components of z,,, we are unable to recover g;, directly. In the following section, we em-
pirically test for heterogeneity in oj by nativity and are unable to rule out that immigrants

and natives exhibit the same value of oy,.

3.4 Estimating Elasticities of Demand

This section provides estimates of ¢ both for all households as a pooled sample and for
sub-samples based on nativity. We ultimately do not find strong evidence that immigrants’
elasticity of substitution differs significantly from natives.

The data requirements associated with estimating elasticities of demand lead us to a few
data modifications. First, we restrict our sample to the set of barcodes purchased by at
least one household in every time period. This sample restriction alleviates bias associated
with zeros, as a positive shock to prices could simply lead to product exit, thereby biasing
estimates of o towards zero. Second, we aggregate geographies to the level of a Census
Bureau Statistical Area (CBSA), in order to account for the sparse number of immigrant
households in our sample.?” Finally, we aggregate purchase records to the barcode-CBSA-
bimonthly period, such that we have 18 time periods ¢ over three years (2014-2016).

For a given barcode w, total sales within CBSA ¢ are X.(w) = > Xp(w), where A.
denotes the set of households residing in ¢. We derive our estimating Z(Ejlﬁiltion by summing
household-barcode-specific expenditure given in equation (3) across households. We then
take the logarithm of this sum and take first differences over time within barcode-CBSA

pairs via the A; operator, which generates our estimating equation:

AIn Xp(w) = (1 — o)A Inpe(w) + e + €t (w) (6)

2"While we use counties as the level of analysis throughout the remainder of this paper, generating
significant expenditure variation is crucial to estimating demand elasticities. With only 1,237 immigrant
households in our entire sample, we aggregate to larger geography definitions in order to generate such
variation.
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We make use of standard “Hausman-Nevo” instruments, which are the average price of bar-
code w in all other markets, A;Inpl} (w) = A;In| > Xt (w)/Qet(w)], as an instrument for
A¢Inpe(w) (Hausman 1996; Nevo 2001). We mailicain the same prices for all subpopula-
tions, which we calculate using all purchase records in the NielsenlQ HomeScanner data,
and by taking a sales-weighted average of expenditure divided by units sold.

Appendix Table A.6 reports the resulting estimates, and we recover ¢ = 3.27 in our
preferred specification. Including origin-CBSA fixed effects, such that our estimating equa-
tion is consistent with an “Armington” demand structure of barcodes nested within origin
countries, yields a statistically indistinguishable estimate of & = 3.30 (column 4).

Comparing estimates across household types is made difficult by the disparity in sample
size associated with our two main household types: native and immigrants. As shown in
columns (5), (7), and (8) of Table A.6, & decreases in magnitude mechanically with the
number of observations.?® To gauge the importance of sample size for the smaller immigrant
coefficient, we take the number of immigrant households and randomly sample an equivalent
number of native households with replacement twenty times, estimating a separate o for
each native subgroup. As shown in Figure A.1, the distribution of native estimates overlaps
considerably with the confidence interval of our immigrant estimate. We thus conclude that
there is insufficient evidence to assume o varies by nativity, and proceed by calibrating
o = 3.30 for both immigrants and natives.?’

Throughout this section, we have absorbed supply-side factors in fixed effects and com-
pared import demand across local heterogeneous households. We turn now to developing
and estimating a model of local import supply with the potential for endogenous immigrant

effects on trade costs and market size.

28Given the relatively small number of immigrant households in our sample (1,237), the set of barcodes
endogenously selected into the estimating dataset for immigrants exhibits, on average, aggregate market
shares that are 14 times larger than barcodes in the native sample. The number of barcodes is also much
smaller: 439 for immigrants and 7,240 for natives. If high market share barcodes exhibit more inelastic
demand, estimates of o for immigrants will be biased towards zero due to this smaller sample size.

29We consider an alternative specification in which heterogeneity occurs via the “Armington” elasticity
of substitution across product origin countries (Armington 1969). Using exchange rates as instrumental
variables for country-CBSA-period prices, we cannot rule out homogeneity in the Armington elasticity by
nativity: 3.78 (SE=0.39) for natives and 3.91 (SE=0.85) for immigrants. See Appendix A.5 for details. We
run our immigration counterfactuals in Section 5 assuming ¢ = 3.9 and find broadly similar results (results
available upon request).
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4 Immigrants and Import Supply

In this section we examine how immigrants affect local import supply. Specifically, we
microfound a model of import supply in which immigrants may induce greater local import
supply by reducing local trade costs and increasing market size. Combining the supply-side
with the demand system introduced in Section 3, we estimate the key parameters of the
model. In Section 5, we use the full estimated model to quantify the effect of immigrants on

native import expenditure and the differential effects of a tariff increase.

4.1 A Heterogeneous Firms Model of Import Supply

This section develops a heterogeneous firms model in which immigrants may affect (i) import
prices via variable trade costs, (ii) variety availability via fixed trade costs and market size,
and (iii) native preferences for imported goods. We opt for the Melitz (2003) model because it
features fixed costs and therefore market size effects, a key channel through which immigrants
may affect local variety availability above and beyond any direct effect of immigrants on trade

costs (Iranzo and Peri 2009; Di Giovanni et al. 2015; Aubry et al. 2016).

Preferences: Household preferences are as in equation (2): utility is determined by a
CES aggregator across grocery varieties. Recall that country-specific import preferences
Zon comnsist of an exogenous component associated with parameters 6, ¢, and (3, as well
as an endogenous component [3,1,., which characterizes how preferences may diffuse from

immigrants to their neighbors.

Firms: Each country o € O has exogenous size Y, and marginal cost of production w,.
Trade is characterized by origin-by-county iceberg trade costs 7,. and fixed costs of exporting
foe- Each firm draws some productivity ¢ from a Pareto distribution with shape parameter
6 > o — 1. The set of potential entrant firms in each origin is proportional to the size of that
origin Y,. The cost of providing ¢ units to destination county ¢ by a firm in origin o with
productivity ¢ is Coe(q) = wOTf"Cq + foc- The county is the most granular geographic unit at
which firms make pricing and entry decisions, with each county treated as an independent

market.
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We allow both types of trade costs to vary according to a vector of distance measures

doe, the local immigrant population share I,., and an unobserved component:

1
Toc = eXp[_g(pTdoc + /BTIOC)] X 77(7)—(;7 (7)
= (T N f f
foo = exbl=( g =) (¢ doc + 87 1)) X ®

where 17, and 7/, represent idiosyncratic deviations in trade costs across county-origin pairs
with a mean of one. 57 captures the strength of the the variable cost channel of immigrants
and 3/ the fixed cost channel of immigrants. We normalize domestic trade costs Tyg,. =
fus.e = 1.%Y Firms price according to monopolistic competition and thus set constant mark-

ups. The optimal price for any variety w from origin o in county c is

O- wOTOC
o—1pw)

Pu(o),e =

Gravity: Household-level expenditure on goods from origin o can be expressed as:3!

6
_ - fo c(h) ~G=h
Xoh == eaoXhP}? 17-o,c(h) 024t Zohs (1())
(Sc(h) Zo,c(h))

where S is real grocery sector expenditure in county c.3? Average county-level preferences
Zo.c(h) are an expenditure-weighted average of the preference shifter z,, across all households
in county ¢, X}, is total grocery expenditure by h, and P, the price index faced by h. The real

 where ) is a collection

o

size of origin o relative to the U.S. is defined as exp(a,) = A\Y,w
of parameters defined in Appendix B.1.

Increasing returns to scale due to fixed costs feature in equation (10) via the term raised
to the exponent 6/(c — 1) — 1, and can be divided into two components. Sc;) measures
total real expenditure by all households on all goods, thereby capturing the typical notion
of market size. 2, scales total expenditure by origin and captures the extent to which

average preferences in a given county are potentially biased towards goods from a specific

30The normalization terms 1 and —2=— simplify subsequent expressions but are not necessary.
0 1+0—0o

31We relegate the full derivation of model equations to Appendix B.1.
$2Formally: Sey = 5. XwPg ", where A, is the set of households residing in c(h).
h/GAC(h)
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origin due to the observable characteristics of households residing in county c.?3
We consider a gravity equation of expenditure on imports relative to expenditure on
U.S. produced goods for a given household. Household-by-origin expenditure (relative to
expenditures on domestic produced goods) is
(51

% — foc(h)
Xon = € (7o 0(Loch) Zoh.- 11
n= ) () : (1)

This relative formulation differences out factors specific to the household and county which
may increase import expenditures, such as household income X and the strength of the
).34

local labor market (as captured by total expenditure Sc)).”* Plugging in our functional

form assumptions—equations (4), (7), and (8)—we obtain a household-level gravity equation

) R .
Xon = €exp (ao + Pdo,c(h) + ﬁloyc(h) +1In ZO,C(lh) +1In Z"h) X Mose(h) < Tloh <12)

with the following definitions:
p=r"+p,
T f 0 z
B=p0"+p5"+(—7)5,
o—1
— T f
No,c(h) = Mo,c(h) X Mo c(h)>

BZIOCE

z —
Zpe = € Mocz and Zoh = € oh-

A key difference between equation (12) and equation (5) from Section 3 is the identifying
variation. In equation (12), we leverage variation across county-origin pairs, which is the level
at which the immigrant population share varies. In equation (5) we leverage variation within

county-origin pairs across households, which is the level at which household preferences vary.

33The preference shifter Zo,c(h) Tepresents the heterogeneous preference extension beyond the standard
Melitz (2003) framework. As preferences shift towards goods from origin o, more firms are able to cover
the fixed costs of supplying county ¢, which further increases the market penetration of imports from o to
county c.

34 As we noted with the comparable relative estimation from Section 3, this is an example of the ‘ratio-type’
estimation strategy, as termed by Head and Mayer (2014).
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4.2 Estimation strategy for identifying the import supply channels

We provide a three-step estimation strategy to recover the key parameters of the model. We
start by estimating the total spillover effect of immigrants on import purchases, 5. We then
estimate the effect of immigrants on prices to recover 37. Finally, we estimate the extensive

margin effect of immigrants to separately recover 3/ and 7.

Step 1: Estimating 3. The spillover effect of immigrants on natives, net of market
size effects, is captured by f in equation (12). To make this equation estimable, we must
impute the unobserved county-average preference term z, .,). We do so using the individual
preferences z,, estimated in Section 3. Because our sample of Nielsenl() HomeScanner
households may not be representative at the county-level, we use the ACS when computing
Zoe(n)- We denote imputed preference terms with an apostrophe, e.g., z,. As discussed in
Section 3, we calibrate # = 5 and we use our estimate of o = 3.3.

With the preference terms in hand, we then difference out the imputed preference term
Zop = ,Z)h(i;’c(h))%_l from the relative expenditure share X,,. The deflated expenditure
term, X, /Z.n, captures variation in import expenditure across households that is solely
attributable to variation in trade costs. That is, X, /Z,n represents import expenditure
by household A conditional on the implied import demand associated with the observed
characteristics of h and the observed characteristics of all other households within the same
county. The residual variation in X, net of Z,;, therefore captures the effect of immigrants
on local import expenditure that is common to all households and unexplained by observed
household characteristics.

Since the remaining right-hand-side variables in (12) only vary at the county-origin level,
we aggregate to the county-origin level. To do so, we take the county-origin averages of

the household-origin-level ratios, such that our dependent variable is X,. = Y heA, ﬁh)éf’:,

with k), representing household sampling weights.>® We thus obtain the following estimating

35Specifically, j, are the NielsenIQ-provided household weights divided by the sum of weights across all
households in ¢. Note that, since the independent variables only vary at the country-origin level, point
estimates and standard errors are identical to those obtained from running the regression at the household-
level when appropriately clustering at the county level. We show the equivalence also theoretically in
Appendix B.2.
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equation to identify 3:

Xoe = exp (0o + pdoe + Bloc) X Moc, (13)

Estimating § alone, however, does not facilitate computing the welfare effect of immi-
grants on natives because immigrants may change the preferences of natives. We next lever-
age model restrictions and data characteristics in order to decompose [ into its separate

components: 3/, 7 and B7.

Step 2: Estimating B7. Immigrants may benefit natives by reducing the price of im-
ported goods. We test this hypothesis using the highly detailed price data available in our
household purchase records. Because the county-origin price only depends on variable trade
costs net of county and variety fixed effects, we can leverage equation (9) to isolate 57. To
do so we aggregate our data to the barcode-by-county level, incorporate the functional form
of 7, from equation (7), and estimate the resulting price equation:

/67' pT

hlpw(o),c = wc + ww(o) - ?[oc - ?

1
dpe — i Inn’., (14)

where 9. and 1)) represent county- and barcode-level fixed effects.?¢

Using data at the barcode level, equation (14) allows us to identify the effect of immigrants
on the price of imported varieties rather than the effect of immigrants on the average price
of imported goods. This is an important benefit of our dataset, as our model predicts that
an average price measure would conflate the effect of immigrants on within-variety prices

and the effect of immigrants on variety entry and exit.3”

36Since barcodes are unique to origin countries, (o) absorbs variation in production costs w, across
origins.

3"When constructing Pu(o),c We pool all purchases of barcode w in county ¢ and calculate a sales-weighted
average price. One concern may be that retail firms price nationally (DellaVigna and Gentzkow 2019),
leaving us with little variation in price across counties. However, we are leveraging household purchase data,
not store-level data. This means that the average price across retail establishments within county varies
for consumers. We graphically depict the average price variation across counties relative to the average
variation in immigrant population shares in Appendix Figure C.4. Consistent with the above logic, we find
substantial variation in average prices (net of barcode fixed effects) across counties. We further address the
issue of national pricing using StoreScanner data in Section 4.5.
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Step 3: Estimating 8/ and B*. We follow Chaney (2008) and derive expressions for
both the extensive margin elasticity of imports with respect to immigrant population share
and the total expenditure elasticity of imports with respect to immigrant population share.
When 7 =~ 0, which we show empirically to hold in Section 4.4, this derivation yields two
equations and two unknowns: 37 and B*. We thus estimate the extensive margin effect
of immigrants on trade directly by replacing X, in equation (13) with N,,: the count of
barcodes from origin o in household h’s consumption basket divided by the count of barcodes
from the U.S. in household hA’s consumption basket.While the full derivation is provided in
Appendix B.3, our functional form assumptions, equations (4) and (8), yield the following

two expressions regarding the import expenditure elasticity and extensive margin import

811’1)20;1 _ af 0 .
ol,. =5 +<0—1>ﬁ’

ah’lNoh_ f 0 P
TOC_B —I—(O__l—l)ﬁ.

elasticity, respectively:

Intuition follows directly from the results derived in Chaney (2008): firms enter a new
market if and only if they can cover their fixed costs. Immigrants thus facilitate firm entry
by (i) reducing fixed costs, or (ii) increasing the intensive margin of sales-per-variety in their
market. Yet expenditure per barcode only increases if preferences become more favorable
to the firm in question, as a reduction in fixed costs has no impact on within-firm sales,
conditional on exporting. This intuition is reflected in the equations above: as the total

trade elasticity and the extensive margin trade elasticity converge, 3% — 0 and 5/ — 3.

4.3 Identification and Instrumental Variables

Estimates of 3, 3/, 5%, and 37 recovered by applying OLS to, respectively, equations (13)
and (14), are likely biased due to endogenous sorting of immigrants into locations with high
import availability. For example, low transportation costs between New York and Italy
may independently expand both the local import expenditure on Italian goods and the
population of Italian immigrants. Immigrants may also be attracted to locations in which

there are specialty retailers selling goods from the immigrants’ origin who simultaneously
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hire immigrants disproportionately from that origin.

To deal with all such origin-by-county specific confounders, we adopt the instrumental
variable approach of Burchardi et al. (2019).3® The instrument interacts the arrival into the
U.S. of immigrants from origin country o (the push) with the attractiveness of destination
d to all immigrants (the pull) during a given historical decade D. We follow Burchardi
et al. (2019) and leave out both the continent of origin country o when computing the
pull component and leave out the Census region of county ¢ when constructing the push
component. Formally, the instrument is defined as

IV, = Lf_r(c) X LL%(O)’Ca (15)
—C(o)
where r(c) is the Census region of county ¢, and C(0) the set of countries on o’s continent.
LOD’_T(C) is the number of immigrants from o settling in the U.S. outside the Census region of
county ¢ in decade D and L?C(o),c / L?C(O) is the fraction of immigrants arriving to the U.S.
in decade D from outside the continent of 0 and settling in county c.

The identification assumption is that any confounding factors which make a given county
more attractive to both immigrants and importing firms from a given country do not simul-
taneously affect the interaction of (i) the settlement of immigrants from other continents
in past decades with (ii) the total number of immigrants arriving in past decades from the
same country but settling in a different Census regions.

We use equation (15) to predict immigrant inflows into the U.S. for all decades between
1880 to 2000, with Appendix Table A.8 providing the first-stage estimates. When estimating
equation (14), we use 2SLS to incorporate these instruments. When estimating equation (13),
however, we encounter many zeros in household expenditure and variety shares. We again
use PPML and account for the non-linearity of PPML by taking a control function approach
(Petrin and Train 2010; Morten and Oliveira 2024). In particular, we add the residuals from

the first-stage instrumental variable regressions as controls in our main specifications.?® We

38We provide only a brief description of the instrumental variable strategy here, as our approach follows
closely that of Burchardi et al. (2019). We refer the interested reader to Appendix A.6 for more details, as
well as to the growing literature making use of this same identification strategy: Terry et al. (2024), Choi et
al. (2024), McCully (2024), and Bonadio (forthcoming).

39 Atalay et al. (2019) demonstrate in a Monte Carlo simulation that the control function approach gen-
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bootstrap standard errors to account for the two stages of our estimation approach.

4.4 Estimation Results

We start by estimating the total effect of immigrants on imports using equation (13), in which
expenditure is deflated by household- and county-level preferences.* Columns 1 and 2 of
Table 3 provide estimates of 5 with and without the use of the instrument from Burchardi et
al. (2019).*! In our preferred control function specification, we estimate B = 1.01. Consistent
with immigrants’ endogenously choosing to living in places with a greater supply of imported
goods, the coefficient drops, albeit modestly, between columns 1 and 2.%2

With the estimate for [ in hand, we now turn to decomposing 3 into its constituent
channels. We estimate the effect of immigrants on local prices using equation (14), with the
estimates appearing in Table 4. In columns 1 and 2, we use variation across all barcodes
regardless of how regularly we observe them across counties. To address concerns about
products sold in only a handful of counties driving our results, we restrict the sample to
barcodes which we observe in at least 10 counties in the NielsenlQ data in columns 3 and
4. In columns 2 and 4 we instrument for the bilateral immigrant-population share using the
leave-out push-pull instrumental variables defined in equation (15).

The OLS estimates are statistically significantly negative, suggesting more immigrants
from a given origin correspond to lower prices for goods imported from that origin. However,
the estimated coefficients shrink and become statistically insignificant when adjusting for

endogenous immigrant location choice in columns 2 and 4. This suggests that immigrants

erates estimates when using PPML that are quite close to the true data generating process. They further
show that the PPML control function estimates are very similar to those produced by the related GMM
estimation strategy developed by Wooldridge (1997) and Windmeijer (2000).

40We plot the normalized distribution of imputed household- and county-level preferences, zZ,y, and 2z, e(h)’
in Appendix Figure C.3.

“1Burchardi et al. (2019) find no effect of immigrants on trade using state-level trade data and state
fixed effects. When we aggregate our household data to the state level and control for state fixed effects,
our headline estimates remain positive and significant. We provide further details regarding these differing
results in Appendix A.7.

42In Appendix Table C.5, we estimate equation (13) without adjusting the dependent variable for the
preference term Z,;, in columns 1 and 2. We also estimate equation (13) using the full sample (including
those for which we do not observe nativity) in columns 3 and 4. In both cases, the estimated coefficient
is around three times larger than those in Table 3, underlining the importance of adjusting for household
heterogeneity in import preferences when identifying the spillover effect 3.
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Table 3: Estimates of Gravity Equation

Adjusted import expenditure Adjusted import variety count

(1) (2) (3) (4)

Immigrants/Pop. 2010 1.07** 1.01* 0.86™** 0.82*
(0.20) (0.49) (0.12) (0.48)
First-stage residuals 0.068 0.039
(0.54) (0.52)
N 167,860 167,860 167,860 167,860
Country FE v v v v
Distance & latitude difference v v v v
1st-stage F-statistic 103.4 103.4

Notes: The table presents the results of estimating equation (13) using PPML. In columns 1 and 2, the
dependent variable is the preference-adjusted origin-specific import expenditure relative to expenditure on
US goods, averaged at the county level: X,.. In columns 3 and 4, expenditure is replaced by count of
different varieties (barcodes) purchased per household, also averaged at the county level: N,.. The first-
stage residual term is taken from a first-stage regression of all the instruments on the immigrant-population
share. Observations are weighted using NielsenlQ household weights. Standard errors are computed from
1,000 bootstrapped repetitions. *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels,

respectively.

Table 4: Estimates of Variable Cost Parameter using Variation in Prices

Dependent variable: Log Average Barcode Price

(1) (2) (3) (4)

Immigrants/Pop. 2010 -0.046™* 0.0017 -0.047*** -0.0061
(0.015) (0.037) (0.015) (0.041)
N 2,294,880 2,294,880 2,231,690 2,231,690
Barcode FE v v v v
County FE v v v v
Distance & latitude difference v v v v
1st-stage F-statistic 18.2 17.3
Sample All All >10 Counties >10 Counties
Num. unique UPCs 270,345 270,345 174,230 174,230
Notes: The table presents two-stage least square regression results at the barcode-county level of estimating
equation (14). Standard errors clustered at the barcode and origin country level. *, **/ and *** denote

statistical significance at the 10%, 5%, and 1% levels, respectively.

tend to sort into counties in which the price of goods from their origin country is lower.
The point estimate in column 2 implies that a one percentage point increase in the
share of the local population from o decreases prices by 0.0017 percent, implying BT =

(—0) x —0.0017 = 0.0085. Due to its small magnitude and statistical insignificance, we
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conclude that 37 ~ 0. This represents the first direct test of how immigrants affect variable
trade costs, and the null result is consistent with the previously untested assumption made
by Peri and Requena-Silvente (2010).

We next estimate equation (13) but replace the relative expenditure term X,n with the
relative variety count share N,, in order to recover the extensive margin import elasticity
of immigrants on import expenditure. Columns 3 and 4 of Table 3 provide estimates of
the extensive margin effect of immigrants on import expenditure. Our preferred coefficient
estimate in column 4 implies that a one percentage point increase in immigrants from a given
origin raises the share of varieties purchased from that origin by 0.82 percent.

Given that the estimate in column 4 of Table 3 is close in magnitude to that in column
2, we conclude that the primary spillover channel through which immigrants affect non-
immigrant households is the fixed-cost channel. A formal test of the hypothesis that the two
coefficients are equal yields a p-value of 0.5, such that we cannot reject 3/ = 3 and 5% = 0.
Solving instead for the parameters based on the exact point estimates from columns 2 and
4, we recover 3/ =0.60 and B* =0.19. In our counterfactual analysis in Section 5, we use
B = B =1.01 as our baseline parameter specification value but also repeat the counterfactual

exercises under the assumption 5 =0.60.

4.5 Robustness Checks

StoreScanner. A drawback of the HomeScanner data is that one only observes a small
sample of households for the typical county. A potential solution is to turn to NielsenlQ’s
StoreScanner dataset, which tracks barcode-level sales across over 35,000 stores in the U.S.
We argue, however, that the composition of consumer spending in StoreScanner stores differs
meaningfully from HomeScanner purchases, to such an extent as to reduce the usefulness of
StoreScanner data for the questions studied here.

Our analysis of the StoreScanner data is based on the 2016 extract of the data merged
with the Label Insight data. StoreScanner is based on a subset of retail companies that
opt in to sending NielsenlQ data on their sales, which tend to be larger chains, whereas
HomeScanner data captures all purchases which we can link to barcode characteristics via

Label Insight. This is relevant as households in our HomeScanner sample make 68% of their
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grocery expenditures in non-StoreScanner stores. Of particular relevance for our extensive
margin and price regressions, HomeScanner purchase records contain vastly more unique bar-
codes. Among the approximately 275,000 barcodes that we observe in either HomeScanner
or StoreScanner datasets, nearly 90% appear exclusively in the HomeScanner dataset. Put
differently, in HomeScanner we observe nine times more unique barcodes than we observe in
StoreScanner.

In Appendix Table C.6, we show that our baseline results only hold for HomeScanner
purchases made at non-StoreScanner stores. Panel A shows the results when restricting to
purchases made in StoreScanner stores and Panel B for purchases made outside of StoreScan-
ner stores. While we find statistically insignificant effects of immigrants on import purchases
made at StoreScanner stores, the estimated effects are strongly positive for non-StoreScanner
store purchases.*® Hence, the positive effect of immigrants on import purchases from our
baseline results are driven by shopping at non-StoreScanner stores.

We next analyze the effect of immigrants on import expenditure in the StoreScanner

data. We estimate the following gravity model:

X,s = exp (afs + alf(*z) + pSSdO,C(s) + BSSIO,C(S)) X n;g,f(s) (16)

where s denotes the store, ¢(s) the county in which s is located, and p(s) the parent com-
pany who operates s. The parent company fixed effect controls for decisions made at the
nationwide retailer company level, such as product sourcing or uniform pricing (DellaVigna
and Gentzkow 2019).

Two caveats should be kept in mind when evaluating these results. First, as noted above,
StoreScanner captures distinct shopping behavior relative to HomeScanner data. Second,
because we cannot observe the characteristics of the shoppers at a given store, we can
no longer adjust for the preferences of consumers shopping at each store. The resulting
coefficient estimates therefore may combine both supply and demand forces.

We report the estimation results of equation (16) in Appendix Table C.7. Consistent

with our baseline HomeScanner analysis, immigrants significantly raise import expenditure

43Note that the number of observations varies slightly between the two panels as a few households shop
either exclusively at StoreScanner stores or exclusively at non-StoreScanner stores.
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(column 2). A one percentage point increase in the share of the population from country o
raises expenditures on goods from o relative to domestic goods by 5%. We also estimate a
statistically significantly positive effect of immigrants on the extensive margin of imported
variety counts (column 4). The magnitude, however, is much smaller than the coefficient for
import expenditure in contrast to our baseline HomeScanner findings.

Why might our extensive margin results differ between HomeScanner and StoreScanner?
The fixed-cost reduction channel may operate primarily in non-chain stores, which are gen-
erally excluded from StoreScanner, perhaps via direct ownership by immigrants who have
social and professional connections with their home country. Moreover, chains typically make
stocking decisions at the headquarters for the entire national retailer (Jaccard 2023), and
thus connections to immigrants local to a store are less likely to affect varieties offered there.

We provide suggestive evidence for this channel in Appendix Figure C.5, which plots 3%
from equation (16) when the dependent variable is the ratio of the number of barcodes from
o to the number from the U.S. Each point on the graph represents a separate regression,
with the sample expanding from using retail chains present in only a single U.S. state for
the furthest left estimate to using all retail chains in the data for the furthest right estimate.
Among smaller retailer chains, present in only a few states, the results concord with our
HomeScanner findings: more immigrants from a given origin increase the number of barcodes
sold by stores from that origin. As bigger, national chains are added to the sample, however,
the coefficient converges to zero.

Finally, we examine how prices are affected by the local immigrant population in the

StoreScanner data. We estimate the following specification:

In Puws = ¢c(s) + 77Z}u.),p(s) + /Bp7SSIO,C(S) + pp755d07c(s) + In nffa (17)

where p,,s is the expenditure-weighted average price charged by store s throughout 2016. The
barcode-parent company fixed effect 1, ,(s) adjusts for potential uniform national pricing
that many retailers engage in (DellaVigna and Gentzkow 2019). We cluster standard errors
two ways at the barcode-parent company level and at the county-origin level. We weight

each observation by the amount of expenditure on the given barcode at the given store.
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Appendix Table C.8 reports the results. Similar to our baseline HomeScanner analysis,
we find no statistically significant effect of immigrants on prices when using the push-pull

instrumental variables (columns 2 and 4).

Excluding immigrants. In our baseline estimation, we adjust for local and household
demand factors by dividing the dependent variable by Z,,. If there are, however, remaining
unadjusted differences between immigrants and natives, or if our functional form assumption
is sufficiently erroneous, we may still be picking up immigrants’ differential demand for
imports. We redo our baseline expenditure analysis excluding immigrant households entirely
in Appendix Table C.9. The results are very close to those reported in Table 3, suggesting

that the Z,, term largely deals with differences in preferences across households and counties.

5 Immigrants, Imports, and Welfare

This section uses the general equilibrium model introduced above to characterize both the
effect of immigrants on import expenditure in the U.S. and the distributional costs of an
increase in variable trade costs, such as an import tariff.

To generate counterfactual results which are representative of the U.S. as a whole, we
leverage the pooled 2013-2017 ACS sample. In particular, we use the results from estimating
equation (5) with the NielsenlQ data to map household socioeconomic characteristics to
predicted relative import expenditure shares. We use crosswalks provided by Burchardi et
al. (2019) to generate county-specific immigrant population shares based on the Public Use
Microdata Area of residence. To compute dollar-equivalent utility values, we assume that
each household spends $7,500 on grocery and personal care products, which is close to the

value computed from the Consumer Expenditure Survey.

5.1 Immigrants and Imports

What are the import and welfare effect of immigrants via grocery consumption? We leverage
the model introduced in Section 4.1 and the parameters estimated in both Section 3 and

Section 4.2 to quantify the effect of immigrants. We do so via two counterfactual exercises.
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In the first, we remove all channels through which immigrants affect import expenditure,
effectively turning immigrants into otherwise identical native households. In the second
counterfactual, we remove immigrant households entirely, thereby including the direct ex-
penditure effect of immigrants on market outcomes.**

We summarize the results in Table 5. The results from the first counterfactual scenario—
turning immigrants into natives—appear in the first row. Summing across households, we
find that aggregate U.S. expenditures on imports of grocery and personal care items fall by
8.8%.%5 We also find that removing all immigrant spillover effects yields an average welfare
loss of 0.1%, amounting to a welfare-equivalent fall of around $8 per household-year.*® With
just over 100 million native-born households in the U.S.; this amounts to an dollar-equivalent
welfare loss of nearly $800 million.

To understand which mechanisms drive the counterfactual effects, we shut down each
channel one at a time. The results appear in the middle section of Table 5. The key finding
is that immigrants generate 50 percent more import expenditure via their preferences than
by reducing trade costs. Removing the effect of immigrants on fixed trade costs reduces
import expenditure by 1.5%, implying that this channel contributes 17% to the total effect.
The indirect effect of immigrants’ preferences through the market size term z, () is a fall of
import expenditure by 1.9%.

The preferences of immigrants have the strongest effect on trade volumes among all
three channels: removing the demand channel by setting immigrants’ import preference
parameters, (; and (s, to zero causes a decline of 5.3%, about 60% of the total effect of all
immigrant channels.

In the analysis above, we assumed 3/ = 3 = 1.01. In Appendix Table C.10, we present
the counterfactual effects under the assumption §; = 0.6, the parameter we obtain based

on the exact point estimates in Table 3. As one would expect, the fall in the parameter

44Note that our counterfactuals only allow for partial-equilibrium adjustment in the consumption space.
The labor market effects of immigrants are outside the scope of our framework. For details on how we
compute counterfactual changes to trade flows and utility, see Appendix B.4.

45Tt is worth noting that our immigrants-imports elasticity lies in between the range of estimates surveyed
by Felbermayr et al. (2015), 0.12-0.15, and the null result reported in Burchardi et al. (2019).

46The estimated welfare effect is sizable. For comparison, Brinatti and Morales (2025) find that a 20%
increase in immigrants raises native welfare by 0.1%, while Caliendo et al. (2019) and Hsieh and Ossa (2016)
estimate the welfare impact of the China shock to be between 0.03% and 0.2%.
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Table 5: Counterfactual Results Summary

(1) (2) (3)
Change (%) Change (%)  Change ($)

grocery import grocery welfare welfare per

Counterfactual exercise:

Removing ... expenditure natives native HH
. all immigrant channels -8.8 -0.104 -7.8
... trade cost channel -1.5 -0.047 -3.5
. market size channel -1.9 -0.058 -4.4
. demand channel -5.3 - =
. all immig. channels + expenditure -26.9 -7.9 -593

Notes: This table shows the change in outcomes under various counterfactual scenarios. The first counter-
factual, with results shown in the first row, removes all channels through which immigrants affect grocery
import expenditures—i.e. we set {1 = (2 = By = 0 and recalculate z,.—but keeps total household expen-
diture constant. The next three rows show the results when only the following parameters change one at a
time: By (fixed trade cost); Zo. (preference-driven market size); and ¢; and ¢ (demand). In the last row,
we remove all immigrant channels and the grocery expenditures made by immigrants (counterfactual 2),
equivalent to removing immigrants from the U.S. population. For column 3, we assume that each household
spends $7,500 on grocery and personal care products, which is close the value computed from the Consumer
Expenditure Survey.

from 1.01 to 0.6 implies a proportional decrease in the counterfactual effect of removing the
trade cost channel on import expenditure from -1.5 to -0.9. Accordingly, the welfare impact
associated with this channel is reduced.

The change in import expenditure associated with removing immigrant channels is gen-
erally larger than the associated change in welfare. In particular, the effect of immigrants on
fixed trade costs and market size are the only channels through which immigrants increase
native welfare via increased import expenditure. These two channels capture around 40%
of the total trade volume effect of immigrants on local import expenditure. A naive appli-
cation of the ACR welfare formula to their aggregate trade-creating effect would therefore
overestimate the welfare gains to natives by 70%.%

The last row of Table 5 shows the second main counterfactual, in which we remove all

channels of the first counterfactual as well as immigrants’ grocery expenditures. In the model,

47 Assuming an initial import expenditure share of 9%: [(1 — 0.09(1 — 0.088))/(1 — 0.09)]=*/%) — 1 =
—0.00173. The naive welfare estimate is therefore -0.173%, as opposed to our estimated -0.1%.
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this corresponds to a reduction in Sc(), the real market size of county c, as opposed to only
changing the preference-driven market size z,. as in the previous counterfactual. Accounting
for this additional expenditure market size effect leads to a decline in import expenditure by
almost 27%. The average change in grocery consumption welfare for natives in this scenario
is —7.9% or a welfare-equivalent fall of $593 per household-year.”® In the aggregate, this
amounts to a dollar-equivalent welfare loss of over $59 billion. Thus, removing immigrants’
expenditures leads to a sizable welfare effect on natives.*” As the scale of demand decreases,
fewer varieties—both domestic and foreign—are available for native consumers.*”

The average effects shown in Table 5 mask considerable geographic heterogeneity. Specif-
ically, Appendix Figure C.6a maps the county-level change in import expenditure associated
with removing all immigrant effects, but maintaining immigrant expenditure. For 75% of
U.S. counties, immigrants increase local import expenditure by less than 5%. For urban ar-
eas such as Los Angeles (CA), Dallas (TX), and Queen’s (NY), however, immigrants increase
local import expenditure by, respectively, 31%, 23%, and 22%. As suggested by Table 5, the
effect of immigrants on native import expenditure is considerably less, with almost 95% of
all U.S. counties exhibiting immigrant-induced changes in import expenditure by natives of
less than 5%.

The clear urban bias of immigrant-induced import expenditure suggests heterogeneity
in native exposure due to sorting of natives by income into urban and rural counties. We
confirm this in Figure C.6b, in which we plot the relative benefits to natives of immigrant-
induced trade by income deciles. When removing immigrant effects, but maintaining immi-
grant expenditure, natives in the highest income decile exhibit costs that are a third greater

relative to the lowest income decile. Only a quarter of this gap occurs within counties due

48In previous versions of this paper, when we were still calibrating o = 5, we presented lower estimated
welfare effects of removing immigrants. The change in welfare is driven almost entirely by our use of the
o = 3.3 now estimated in our data in Section 3.4.

49For comparison, Piyapromdee (2021) estimates that a counterfactual 25% increase in the immigrant
stock would increase native welfare by 1.3% when considering both labor and housing market effects. Albert
and Monras (2022) compute a 1.6% welfare increase for natives resulting from immigrant consumption
patterns. We view our computed welfare effects to be complementary to these previous figures, given our
focus on the novel margin of grocery consumption.

50We also run our immigration counterfactuals assuming o = 3.9, the point estimate for immigrants from
the Armington setup discussed in Section 3. The top line welfare impact of removing all immigrant channels
falls to -0.065 and the bottom line welfare impact of removing all immigrants entirely falls to 3.7 percent.
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to non-homothetic preferences for imported goods. When we also remove immigrant expen-
diture, the relative costs for households in the highest income decile increases to over 60%,
highlighting the strong assortative matching between high-income natives and immigrants.

While an expansive literature studies the heterogeneous labor market effects of immi-
grants on native income groups (e.g., Dustmann et al. 2013), we are the first to study dis-
tributional effects on the consumption side, enabled by our highly detailed household-level
data. The estimates presented here shed light on the remarkable variation in the consumer
gains from immigrant populations across income groups within the U.S. Of particular note is
the striking pattern of high-income urban native households benefiting substantially—even

within the same county—relative to lower-income natives.

5.2 The Distributional Effects of a Trade Cost Shock

In this section, we consider the relative importance of the demand heterogeneity outlined in
Section 3 and the import supply effect of immigrants estimated in Section 4 for understanding
the distributional consequences of a trade cost shock, such as an import tariff. We focus our
analysis on the policy-relevant counterfactual scenario of an across-the-board 25% increase
in variable trade costs.

Figure 3 plots county welfare losses associated with this shock against county immigrant
population shares. All losses are in percentage terms, with black circles denoting county
averages while blue diamonds and red triangles denote losses specific to immigrants and to
natives, respectively. Panel (a) depicts losses in the model with no immigrant effects on
import supply and demand. As expected, without any immigrant effects there is now no
relationship between county average welfare losses and import supply either in the aggregate
or within native and immigrant sub-populations. Furthermore, the level of welfare loss
is quite close between immigrants and natives. In this restricted version of the model,
immigrants actually exhibit slightly lower losses due to a trade cost shock than natives, as
immigrants earn a lower average income.

Panel (b) allows for heterogeneous import preferences between immigrants and natives—
as documented in Section 3—while restricting immigrant supply effects to zero. The level of

welfare loss from a trade cost increase is now sharply higher for immigrants than for natives
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Figure 3: Welfare Costs of a 25% Variable Trade Cost Shock

(a) No immigrant effects (b) Only demand effects (¢) Demand & supply effects
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Notes: The figures plot the average county welfare cost within grocery expenditure of a 25% variable cost
shock to all imported goods against the county immigrant population share. All markers weighted by total
county population. Black circles denote county average costs. Blue diamonds and red triangles provide costs
for immigrants and natives, respectively. From left to right, in (a) we plot costs under the model with no
immigrant demand or supply effects where § = (3 = (2 =0, in (b) the model with only immigrant demand
effects, 8 = 0 but (; and ¢, as estimated, and in (c) the full model with both demand and supply effects of
immigrants. Linear best-fit lines are provided in all cases.

and the county average welfare loss increases with the immigrant population share as the
composition of local preferences becomes more skewed towards imports.

Finally, panel (c) allows for all immigrant effects, such that immigrants generate both
increased import demand and supply in their county of residence. While the level difference
in welfare losses between immigrants and natives remains large, these losses are increasing
for both groups in the local immigrant population share, consistent with the supply-side
spillovers we document. Still, the within-county gap in welfare costs across immigrants
and natives is over six times larger than the across-county standard deviation in costs for
natives, thereby dominating all variation associated with immigrant spillovers, geography
or observable native household characteristics. Immigrants therefore generate considerable
variation in the exposure of U.S. counties to trade shocks, but this effect is largely attributable
to the composition of households by nativity, rather than a true increase in the variation in
exposure to trade shocks of natives themselves.

Figure 4 further decomposes trade shock exposure across counties by both nativity and
education, such that we recover average costs for four population types: immigrants with

a college degree (blue), immigrants without a college education (light blue), natives with a
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Figure 4: Welfare Costs of a 25% Variable Trade Cost Shock by Nativity and Education
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Notes: The figures plot the average county welfare cost within grocery expenditure of a 25% variable cost
shock to all imported goods against the county immigrant population share. All markers weighted by total
county population. Bright blue diamonds denote immigrants with a college degree, teal blue diamonds
denote immigrants without a college degree. For natives, bright red denotes natives with a college degree,
and dark red natives without a college degree. Linear best-fit lines are provided in all cases.

college degree (red) and natives without a college education (light red). Again, we consider
three versions of the model: (a) no immigrants effects, (b) import preference heterogeneity
by nativity, and (c) the full model with immigrant effects on demand and supply.

Two additional results stand out from this education-nativity decomposition when com-
pared to the findings shown in Figure 3. First, while existing estimates of heterogeneous
exposure to trade cost shocks tend to focus on exposure by income or education, we find that
the average within-county gap in welfare losses between immigrants and natives without a
college degree is nearly nine times larger than the across-county variation in costs for na-
tives without a college degree. Second, the largest welfare loss gap within county is between
college educated immigrants and non-college natives: welfare losses are 46% greater for the

former.

6 Conclusion

This paper introduces and quantifies a novel dimension of consumer heterogeneity with
respect to the gains from trade: household nativity. By linking U.S. scanner data to both

barcode and household origin country data, we provide evidence that immigrants exhibit
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grocery consumer gains from trade that are 42% greater than those of native households.
60% of the aggregate immigrant effect on import expenditure is attributable to immigrants’
differential expenditure on imports, with the remainder driven by immigrants easing supply-
side constraints on imports.

This study makes two core contributions. First, we show that the gains from trade are
unequally distributed by nativity, a novel margin of heterogeneity. Within the grocery sector,
nativity is substantially more important than income, the standard margin the literature
has examined, in generating unequal gains from trade through the expenditure channel.
Moreover, immigrants raise natives’ gains from trade by reducing trade costs.

Our second key contribution is to the debate about the costs and benefits of immigration.
While a vast literature focuses on the labor market impact of immigrants, we are the first to
rigorously quantify the consumption-side benefits of immigrants. Our quantitative estimates
can be combined with existing labor- and housing-market estimates of the welfare effect of
immigrants to compute a more comprehensive net welfare effect of immigration.

Our results are consistent with recent political trends across socioeconomic groups in
the U.S. Immigrant, high-income and highly educated households pay an outsized share of
the cost of tariffs, and high-income and urban natives pay an outsized share of the cost
of immigrant removals. These same households tend to oppose tariffs and anti-immigrant
policies (O’Rourke and Sinnott 2006; Hanson et al. 2007; Tabory and Smeltz 2017; Stantcheva
2022). Further research is needed to understand the relationship between consumption
preferences and voting behavior.

A challenge for future research will be to apply and extend our framework to other dimen-
sions of international trade and investment. A large share of international trade deals with
intermediate inputs, for example, which immigrants may facilitate (Ariu 2022). Extending
the analysis to trade in durable final goods, while not feasible with available U.S. data, may

be another avenue for future research.
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A Empirical Appendix

A.1 Data Construction

We aggregate decennial census waves across individuals aged 16 and above to the county-by-
origin level, applying the Census’ individual sample weights. Immigrants are defined as those

born outside the U.S. To compute decadal immigrant inflows from origin o into destination

t
oc)

county ¢ between two census years t —10 and ¢, denoted L?_., we count only those respondents

in ¢ who immigrated to the U.S. between ¢t — 10 and ¢. Following Burchardi et al. (2019),
in the first sample year the measure L*®° includes all those that are either first-generation
immigrants from o or second-generation immigrants whose parents were born in o.

Destination regions c are defined as 1990 counties and we use the transition matrices
provided by Burchardi et al. (2019) to maintain consistent boundaries over time despite the
Census changing geographic boundaries across waves. The U.S. geography of reference is
called “Historic counties” until 1940; then county groups in 1970/1980; and finally public-use
microdata areas (PUMAs) from 1980 to the present.

The latest available transition matrix provided by Burchardi et al. (2019) is for the
year 2010, in which PUMASs are based on 2000 boundaries. Thus, for the 2013-2017 ACS
sample, in which PUMAs are based on 2010 boundaries, we use the crosswalk provided by

the Missouri Census Data Center to transition PUMAs to 2000 boundaries before applying

the corresponding transition to 1990 counties.

A.2 Robustness of Perceived Import Quality Estimation

While the pseudo-Poisson maximum likelihood (PPML) estimator in order to account for
the zeros in X,;, maintains theory-consistency in the estimating equation, one may be con-
cerned that the relative weight PPML attributes to zeros could potentially bias our estimates
(Breinlich et al. 2024; Tyazhelnikov and Zhou 2024). We therefore provide two robustness
checks and replicate our estimates in Table 2. Table A.1 applies OLS to estimate equation
(5) with relative expenditure by h on goods from o measured in levels, and Table A.2 applies

OLS to estimate equation (5) as a linear probability model, such that the dependent variable



is a binary indicator for X > 0.1

In both cases, the estimates of (; and (, mirror those found when estimating our empirical
model with PPML. In levels, we find that immigrants exhibit import expenditure shares
that are 0.03 percentage points higher than within-county natives for all origins and 0.83
percentage points higher for their specific origin country. Both estimates are significant at
99% confidence levels, and suggest an import expenditure ratio for immigrants that is 25%
greater than for native households.”> As shown in Table A.2, the probability of purchasing
a nonzero amount of groceries from a given import origin follows a similar pattern, with all

estimates positive and significant at 99% confidence levels.

A.3 Sample Representativeness

As discussed by Feenstra et al. (2023), the Nielsenl(Q) household sample may not be perfectly
representative of the U.S. population in terms of income and price sensitivity. We further
find that the Nielsenl) data is not representative of the distribution of immigrant origin
countries. Mexican-born immigrants, for example, make up 15% of immigrant households in
NielsenIQ but 30% in the ACS.

NielsenlQ’s shortcomings in representativeness across immigrant origins may be driven
by a combination of two factors. First, cross-sectionally Nielsenl(Q HomeScanner may miss
some households if, for example, the survey module is not available in the language an
immigrant household speaks. Secondly, there may be differential attrition across immigrant
origins between 2008, when the “Tell Me More About You” was distributed, and the sample
period of 2014-2016.%3

To gauge the importance of NielsenlQQ’s uneven representation across immigrant origins
in driving our results, we adjust the survey weights so that the weighted aggregate population

shares of natives and immigrants of each origin reflect those measured in the pooled 2013-

51Table A.1 provides estimates of ¢; and (» associated with applying OLS to the following estimating
equation:

Xoh =W, c(ny +0Jn + C11[o(h) # US| + (21[o(h) = o] + €on-

52The average per-origin import expenditure share is 0.12 percent, with an average probability of pur-
chasing nonzero groceries from a given origin of 0.17.
53The NielsenlQ survey is voluntary so households may drop out at any time.



2017 ACS sample. Using these adjusted weights, we replicate our baseline estimates of
import demand preferences from Table 2 in Table A.3 and our baseline gravity equations
from Table 3 in Table A.4. Both the estimates of immigrants’ import demand preferences
and the estimates of their spillover effects are very similar to the baseline estimates. If
anything, the spillover effects are slightly larger when using the adjusted weights.

As an additional check on potentially selective attrition between 2008 and our sam-
ple period of 2014-2016, we estimate equation (13) but using the full 2014-2016 NielsenlQ
sample (which includes every household whether or not we observe its nativity) and there-

fore dropping the nativity variables from the estimation. The dependent variable is thus

Xoe = Xhenr, knXon, that is, the weighted average of origin-county relative expenditure with-
out deflating by Z,,, since we no longer observe the full vector of household characteristics
required to predict Z,,. We then compare the results with the same specification using our
smaller main sample in order to investigate how much attrition matters for the estimates.
Table C.5 shows that the IV estimate increases modestly from 2.84 with the nativity sample
(column 2) to 3.09 with the full sample (column 4). However, these two estimates are statis-
tically indistinguishable from each other. We conclude that differential attrition is unlikely

to drive our estimate of the immigrant spillover effect.

A.4 Ethnicity and Alternative Measures of Origin Country Con-

nectedness

In our baseline specification for estimating import demand heterogeneity, equation (5), we
allow households to have specific preferences for (i) all imports and (ii) imports specifically
from their origin country. Households may additionally exhibit specific preferences towards
goods from countries close—geographically or culturally—to their origin country or, in the
case of second-generation immigrants, the origin country of their parents. We test the
importance of such specific household preferences in Table A.5 using various proxies.

We start by assessing whether first- and second-generation immigrant exhibit differential
demand for goods from their continent of origin. The NielsenlQ data, however, do not ask

about panelists’ parents’ countries of origin, so we cannot directly observe second-generation



immigrants. Instead, we use indicators for Hispanic and Asian ethnicity as a proxy. In the
Current Population Survey, 77% of Asian and 55% of Hispanic non-immigrants have at least
one immigrant parent, suggesting ethnic indicators are reasonable, albeit imperfect proxies
for second-generation immigrants.

In column 1 of Table A.5, we show estimates of dummies indicating Hispanic or Asian
ethnicity (which are both also included in our baseline specification). We further interact the
ethnicity variables with dummies indicating imports originating in Latin America (defined
as the set of origins we observe in the Americas excluding Canada) or Asia, respectively. We
continue to control for whether the household was born abroad. Households of Hispanic origin
spend somewhat less than natives on imports in general, although the effect is imprecisely
estimated, but 15% more on imports from Latin America. Similarly, households of Asian
origin spend 51% more on imports from Asian countries.

In column 2, we test whether immigrant households generally exhibit a specific preference
for goods from their continent of origin (in addition to their country of origin). We do not
find evidence of such a preference. Thus, differential preferences extending to the whole
continent seem to be unique to ethnically Asian and Hispanic households.

In column 3, we add a set of dummy variables that capture cultural similarity between
an immigrant’s origin and the import origin: sharing the same language and past or current
colonial relationships, all obtained from Conte et al. (2022). We find only a marginally

statistically significant effect of a past colonial relationship on import demand.

A.5 Armington Elasticity Heterogeneity

As an alternative approach to incorporating demand elasticity heterogeneity within a frame-
work consistent with the ACR welfare formula, we consider estimates of the Armington
elasticity associated with substitution across origin countries.

Specifically, we assume a CES demand structure across baskets of grocery varieties, which

are differentiated according to their origin country, with potential heterogeneity by household



type z. Formally, we consider preferences for household type z as:

n(z)—1
n(z) n(z)

Uz) = Z(@(z)q()(z))nw—l] |

0eO

where o € O denotes origin countries. 7(z) > 1 denotes the Armington elasticity for house-
hold type z, and ¢,(z) the quality, or demand shifter, of origin country o for households of
type z. Expenditure by household type at the origin country level is therefore:

2\ 7)1
a) = (2] x@pEr,

where X (z) is total expenditure by households of type z. P, denotes some price index over
goods from origin o, and P(z) denotes the aggregate price index for households of type z,

which is given by the following:

P(z) = [Z <¢;§Oz)>’7(z)11 #@.

o

Throughout, we assume that firms cannot price discriminate by nativity within a market
region, such that the same price P, applies to all household types. Let the elasticity of
substitution of varieties within origin be o.

We aggregate across barcodes within a given country-market-period, thereby alleviating
some of the small-sample issue associated with our immigrant sample, and generate the

following estimating equation:

At In Xoczt - (1 - n(z))At In Poct + ety + €ocat (A]-)

where, as before, ¢ denotes a city and ¢ a bi-monthly period. As in Section 3.4, we calculate
prices using a simple sales-weighted average across all purchase records associated with all
Nielsenl@Q households. We apply this same price to all estimating equations associated with
population subsamples (immigrants, natives, or pooled). We make use of exchange rates

as an instrumental variable for origin-specific price changes A, In P,.; and estimate equation

(A.1) using 2SLS.



From a measurement perspective, this approach has much to recommend. First, by ag-
gregating to the origin country level, we mitigate some of the concern associated with a
lack of observations for the immigrant sample at the barcode level. While the expenditure
associated with only 1,237 households is spread thinly across barcodes, expenditure across
origin countries is less thinly distributed due to aggregation. Second, exchange rates offer a
plausible and readily implementable instrumental variable for origin-specific average prices.
Third, origin countries likely do not partake, as a whole, in strategic pricing. Thus, the
fact that the immigrant sample will again be biased towards high market share origin coun-
tries does not necessarily imply that the immigrant sample will exhibit lower elasticities of
demand, on average, than the non-immigrant sample.

Table A.7 provides estimates across two different estimation procedures. Columns 1-4
provide estimates associated with applying 2SLS directly to the data associated with each
sub-population. For the entire NielsenlQ sample, we recover n = 4.07 (SE=0.53). Ghai
and Hottman (2025) use similar scanner data in the U.S. to recover a median Armington
elasticity of 3.0 across fourteen scanner data product categories, while Feenstra et al. (2018)
estimate a range of Armington elasticities of between 3.1-4.1 for grocery food categories in
the U.S. Thus our baseline estimate is at the higher end of estimates found elsewhere. Note
that in order for the Armington model to satisfy the underlying preference specification, it
must be that n < o, and origin countries are seen as less substitutable than the varieties
within each origin. Ghai and Hottman (2025) estimate a median within-origin price elasticity
of 7.2 using a version of the estimator described in Feenstra (1994), thereby suggesting the
Armington assumption is validated for a majority of their product categories. Feenstra et
al. (2018), on the other hand, estimate a range of 3.2-4.1 for the within-origin elasticity, and
therefore cannot reject that o = 7 for 70% of their product categories.

However it should be noted that the “Hausman-Nevo” instruments implemented for our
estimation of ¢ tend to lead to demand estimates that are smaller in magnitude than those
recovered using the method developed in Feenstra (1994). For example, the elasticity of
7.2 documented in Ghai and Hottman (2025) is considerably larger than estimates found in
much of the industrial organization literature, and in particular those found in Faber and

Fally (2022), who document a median price elasticity in U.S. scanner data of approximately



2 using instruments which are similar to those used in this paper. In any case, we are more
concerned with understanding the extent to which immigrants and natives exhibit differing
elasticities of demand, as opposed to necessarily recovering elasticities which are consistent
with Armington preferences. Still, our estimates do not suggest that an Armington demand
structure is empirically validated.

Columns 3 and 4 provide estimates of 7 for natives and immigrants, respectively. The
small sample size associated with immigrants clearly leads to a reduction in the first-stage
strength of our instrument, thereby biasing estimates of n upwards in magnitude. The first-
stage F-statistic in this case is only 2.11 for immigrants, versus 51.84 when estimated for the
entire NielsenI(Q sample. Thus, the Armington elasticity recovered for natives is 5.61 and
the Armington elasticity for immigrants is estimated as 10.59 (SE=6.88).

Columns 5-8 offer an alternative approach, in which we first estimate the first-stage
residuals using data for the entire NielsenlQ sample, and then add these residuals to each
second-stage estimating equation, which we estimate via OLS. That is, we make use of in-
formation regarding all purchase information in order to generate the first-stage relationship
between exchange rates and scanner prices, and use this estimated relationship to de-bias
second-stage estimates of n for varying sub-groups. In this case, we remove bias associated
with a weak first-stage and generate estimates of 1) which are clearly indistinguishable for im-
migrants and natives. Our immigrant estimate is 3.91 (SE=0.85), while our native estimate
is 3.78 (SE=0.39).

When compared to our headline estimate of o = 3.30, which we apply to both immigrants
and natives, it is clear that we cannot reject, at least for immigrant households, that our
within-origin price elasticity is equal to the Armington elasticity, thus validating the use of

CES preferences over all varieties, as opposed to the Armington preferences described here.?*

54Note that in Table A.6, we include origin-market fixed effects in our preferred specification, thereby
aligning our estimating equation with that which would be derived from an Armington nested-CES preference
structure.



A.6 Instrumental Variables: Details and First-Stage Estimates

This section provides a more detailed discussion regarding our implementation of the leave-
out push-pull instrumental variables introduced by Burchardi et al. (2019). The same in-
strument has been used by a recent crop of papers studying the effects of immigration, such
as Terry et al. (2024), Bonadio (forthcoming), McCully (2024), and Choi et al. (2024).

The immigration leave-out push-pull instrument interacts the arrival to the U.S. of im-
migrants from origin country o (push) with the attractiveness of different destinations to
immigrants (pull) measured by the fraction of all immigrants to the U.S. who choose to
settle in county c. A simple version of the instrument is defined as

VY. =LY x iz
where L2 is the number of immigrants from origin o coming to the U.S. in decade D, and
LP/LP is the fraction of immigrants to the U.S. who choose to settle in county ¢ in that
decade.

Two key threats to the exogeneity of the instrument remain: a scale component and
a spatial correlation component. The scale component is the threat that a single origin o
constitutes a large share of the instrument’s components for a given county c. A simple
solution would be to leave out the bilateral immigration Lgc flows when constructing the
instrument for the country-county pair {o, c}.

However, there might also be spatial correlation in confounding variables. For example,
both Belgian and French immigrants and goods may go to Chicago for the same reason:
many flight connections out of Paris, which is very accessible to potential Belgian immi-
grants by train. Leaving out Belgium-to-Chicago immigration flows when computing the
instrument predicting these same immigration flows is therefore not sufficient, because now
the French immigration flows to Chicago (used to predict Belgium-to-Chicago flows) are
also contaminated with the confounding flight connections. To avoid such endogeneity, we
again follow Burchardi et al. (2019) and leave out both the set of countries which share a
continent with origin country o, C(0), and the Census region of county ¢, r(c), to construct

the instrumental variable that we defined in equation (15).



A violation of the identification assumption may occur if, say, immigrants and goods from
France tend to flow to Chicago and immigrants and goods from South Korea flow to Miami
in the same decade and for the same reason: a large number of flight connections. This
violation is only quantitatively meaningful if the French are a large fraction of immigrants
settling in Chicago, and if South Korean immigrants are a large fraction of the immigrants
settling in Miami.

We use equation (15) to predict immigrant inflows into the U.S. decades spanning 1880 to
2000. Burchardi et al. (2019) extensively explore the validity of this instrumental variable and
conduct numerous robustness checks for the instrument in the U.S. setting and find that it
holds up quite well. Following Burchardi et al. (2019), we include five principal component
terms which capture the variation of interactions of the instruments within county-origin
pairs and across decades.”

While the push-pull instrument may bear a passing resemblance to a standard shift-share
instrument, we note two key differences. First, shift-share instruments are typically summed
over a dimension (e.g., across origins), whereas the push-pull is not summed and thus retains
two dimensions of variation. Second, the ‘share’ component of the push-pull is not lagged,
unlike in the canonical shift-share style instrument, such as the ethnic enclave instrument
proposed by Card (2001).

We show the first-stage results of the leave-out push-pull instruments using our HomeS-
canner data at the county-origin level in Table A.8. We find that the push-pull instrument
strongly predicts the contemporary bilateral immigrant population.

We estimate the first-stage three ways. In column 1, the specification is at the county-
by-origin level, consistent with equation (13). Here we cluster standard errors at the county-
level and weight by the sum of Nielsenl) household projection factors within the county.
F-statistics differ from those appearing in the main text because we bootstrap them in the
main text. The first-stage F-statistic is about 110, well above conventional thresholds of
instrument relevance. Coefficients are typically positive and statistically significant, with

the exception of 1900.

’

55We compute 1,013 higher-order interaction terms, defined as L£ () X7 X Lgir(c)Lgc(o))c/Lf)C(o) for
each D’ < D < 2000. We then compute five principal components which capture the variation contained

within those 1,013 terms.



Columns 2 and 3 show estimates from data at the county-by-barcode level, as in equation
(14). We again cluster standard errors at the county level. The F-statistics are near 20, and
most coefficients are positive and statistically significant, with the exception of the earlier
decades. Note that we are predicting immigrant populations (and not ancestry populations,
as in Burchardi et al. 2019), and cohorts of immigrant groups likely change their location

choices over time.

A.7 Comparison with the Results of Burchardi et al. (2019)

Burchardi et al. (2019) estimate a null effect of immigrants on trade.® We consider three
possible explanations for our diverging results, and conclude that the choice of estimation
strategy explains the difference between our results and those of Burchardi et al. (2019).57
We then explain why we prefer our PPML estimator over the Heckman selection model used
by Burchardi et al. (2019).

First, the primary explanatory variable of Burchardi et al. (2019) is the logarithm of one
plus the count of individuals with a given ancestry measured in thousands instead of the
foreign-born population share that we use. we first replace our previous explanatory variable,
Immigrants/Pop. 2010, with Ancestry/Pop. 2010. Next, we take the functional form used
in Burchardi et al. (2019), Log Ancestry 2010. Table A.9 shows that we still obtain positive
coefficients with these alternative measures using our data and estimation strategy, though
the coefficient on Ancestry/Pop. 2010 is not statistically significant.

Second, Burchardi et al. (2019) use state-level data, whereas we leverage household- and
county-level data, and Burchardi et al. (2019) use a two-step Heckman estimation strategy
to account for selection into bilateral trading, whereas we apply the pseudo-Poisson maxi-
mum likelihood (PPML) estimator to account for zeros. We test whether the level of data
aggregation or the estimation procedure resolve our diverging results. In Table A.10 we
mimic the specification in Burchardi et al. (2019) more closely by aggregating our data to

the state-origin level. We run regressions first using our PPML approach (columns 1 and 2).

56The focus of Burchardi et al. (2019), however, was on how immigrants shape FDI.
57Something we cannot test is the difference in product coverage. While our data covers groceries and
related final goods, the data of Burchardi et al. (2019) covers all traded goods.
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As explanatory variables we employ both Log Ancestry 2010 and our preferred measure Im-
migrants/Pop. 2010. As in our baseline household- and county-level results, we continue to
find a significantly positive effect of immigrants and ancestors on import volumes. Turning
to columns 3 and 4, we apply the Heckman correction strategy of Burchardi et al. (2019).
Here we obtain negative and insignificant coefficients. As a result, we conclude that the
choice of estimation approach is important for the contrasting results between our study and
Burchardi et al. (2019).

We argue that Poisson pseudo-maximum likelihood (PPML) estimation is more appro-
priate in our setting. Santos Silva and Tenreyro (2006) demonstrate that PPML performs
well across a variety of settings, accommodating heteroskedasticity and measurement error
even when the proportion of zeros is very high, as in our data. Santos Silva and Winkelmann
(2024) shows that PPML performs well even when the conditional expectation function is
misspecified and Fally (2015) shows that PPML is the only estimator which satisfies the
adding-up constraints of structural gravity. As pointed out by Santos Silva and Tenreyro
(2015), the Heckman approach makes strong assumptions on the distribution of the error
terms and on the homoskedasticity of those errors. Furthermore, using the same vector of
variables in both first and second stage of the Heckman approach leads to identification by

functional form (Puhani 2000; Lewbel 2019).
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Table A.1: Estimator Robustness: (; and (5 Estimated in Levels

Dep. var.: Rel. expenditure share on goods from o (X,)

(1) (2) (3) (4) (5) (6)

Immigrant from anywhere .00045** .00036** .00041*** .00031** .00041*** .00032***
(.000049)  (.000042) (.00005) (.000043) (.000053) (.000046)

Immigrant from o 0083 0083 0085
(.0018) (.0018) (.002)
N 1480171 1480171 1480171 1480171 1306382 1306382
Origin-County FE v v v v
HH Controls v v v v
Origin-County-Income FE v v
Sample Weights v v v v v v
Estimator OLS OLS OLS OLS OLS OLS

Notes: The table presents regression results at the household-country level. Observations
weighted using NielsenlQ household weights. Standard errors clustered two-ways at the

household and origin-by-destination levels. *, ** and *** denote statistical significance at
the 10%, 5%, and 1% levels, respectively.
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Table A.2: Estimator Robustness: (; and (» as Linear Probability Estimates

Dep. var.: 1{X,, # 0}
(1) (2) (3) (4) (5) (6)

Immigrant from anywhere .021**  .019**  .014**  .012**  .015"*  .013**
(.0034)  (.0034) (.0032) (.0032) (.0034) (.0033)

Immigrant from o N N A7
(.019) (.019) (.021)
N 1480171 1480171 1480171 1480171 1306382 1306382
Origin-County FE v v v v
HH Controls v v v v
Origin-County-Income FE v v
Sample Weights v v v v v v
Estimator OLS OLS OLS OLS OLS OLS

Notes: The table presents regression results at the household-country level. Observations
weighted using NielsenlQ household weights. Standard errors clustered two-ways at the
household and origin-by-destination levels. *, **/ and *** denote statistical significance at
the 10%, 5%, and 1% levels, respectively.
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Table A.3: Estimates of Import Demand Preferences with Adjusted Weights

Dep. var.: Rel. expenditure share on goods from o (X,)

(1) (2) (3) (4) (5) (6)
Immigrant from anywhere 0.32***  0.25**  0.28"*  0.21"*  0.28* (.22
(0.031)  (0.029) (0.034) (0.033) (0.035) (0.034)

Immigrant from o 0.59** 0.63"* 0.62%*
(0.080) (0.079) (0.084)

N 911,385 911,385 911,385 911,385 619,741 619,741

Origin-County FE v v v v

HH Controls v v v v

Origin-County-Income FE v v

Sample Weights v v v v v v

Notes: The table presents regression results at the household-country level. Observations weighted
using Nielsenl@Q household weights. Standard errors clustered two-ways at the household and origin-by-
destination levels. Household controls are dummy variables indicating: race, ethnicity, household size
bins, bins for the number and age of children in the household, highest education among household
members, household income quintiles, marital status and age groups. The estimation sample size is less
than our total sample, and falls across columns, due to fixed effects causing separation in the sense of
Correia et al. (2019). *, ** and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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Table A.4: Household Gravity Equation with Adjusted Weights

XOC NOC
(1) (2) (3) (4)
Immigrants/Pop. 2010 .07 1.03*  0.86™** 0.85*
(0.20) (0.48) (0.12) (0.49)
First-stage residuals 0.041 0.012
(0.54) (0.54)
N 167,860 167,860 167,860 167,860
Country FE v v v v
Distance & latitude difference v v v v
1st-stage F-statistic 103.4 103.4

Notes: The table presents the results of estimating equation (13) using PPML, reweighted to match the
immigrant population by origin country in the Census as described in Section A.3. In columns 1 and 2,
the dependent variable is the preference-adjusted origin-specific import expenditure relative to expenditure
on US goods, averaged at the county level: X,.. In columns 3 and 4, expenditure is replaced by count of
different varieties (barcodes) purchased per household, also averaged at the county level: N,.. The first-
stage residual term is taken from a first-stage regression of all the instruments on the immigrant-population
share. Observations are weighted using NielsenI household weights. Standard errors are computed from
1,000 bootstrapped repetitions. *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels,
respectively.
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Table A.5: Estimates of Import Demand Preferences with Additional Variables

Dep. var.: Rel. expenditure

share on goods from o (X,,)

(1) (2) (3)

Immigrant from anywhere 0.23**  0.227  0.21*"
(0.028) (0.032)  (0.035)
Immigrant from o 0.54™*  0.51"*  0.54™
(0.067) (0.080)  (0.078)
Hispanic ethnicity -0.033  -0.030 -0.048
(0.055)  (0.055)  (0.053)
=1 if Hispanic and o in Latin America 0.14* 0.13* 0.15*
(0.064) (0.065)  (0.062)
Asian ethnicity 0.0046  0.0100 0.013
(0.037)  (0.037)  (0.037)
=1 if Asian and o in Asia 0.41**  0.39"*  0.40"**
(0.089) (0.087)  (0.086)
=1 if immigrant from continent of o 0.043 0.017
(0.062)  (0.056)
=1 if common official or primary language 0.019
(0.054)
=1 if ever in colonial/dependency rel. 0.18*
(0.098)
=1 if currently in colonial/dependency rel. 0.17
(0.79)
N 911,385 911,385 907,183
HH Controls v v v
Origin-County FE v v v
Sample Weights v v v

Notes: The table presents regression results at the household-country level. Observations weighted
using NielsenIQ household weights. Standard errors clustered two-ways at the household and origin-by-
destination levels. Household controls are dummy variables indicating: race, ethnicity, household size
bins, bins for the number and age of children in the household, highest education among household
members, household income quintiles, marital status and age groups. The estimation sample size is less
than our total sample, and falls across columns, due to fixed effects causing separation in the sense of
Correia et al. (2019). *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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Table A.6: Estimates of o by Nativity

(1) (2) (3) (4) (5) (6) (7) (8)
Aln X Alnp Aln X Aln X Aln X Aln X AlnX AlnX

Alnp 0.412%** -2.266***  -2.299** -1.913"* -1.981** -1.907*** -0.560**

(0.011) (0.061)  (0.055)  (0.092)  (0.071)  (0.097)  (0.261)
Price IV 0.396***

(0.008)

Market FE v v v v v v
Origin-Market FE v v
Balanced v v v v v v v v
Sample All All All All Survey  Survey Native  Immig.
First-Stage v
Estimator OLS OLS 2SLS 2SLS 2SLS 2SLS 2SLS 2SLS
K-P F-Statistic 2738.70  3247.48  1860.27  2746.57 1740.51  337.73
R2 0.01 0.04
Observations 2000840 2000834 2000834 1993558 390521 386781 348123 9112

Notes: The table presents regression results at the barcode-CBSA-bimonthly level. Column (1) and (2)
provide, respectively, the OLS estimates and the first-stage estimate associated with the price instrument.
Columns (3)-(4) provide 2SLS estimates for the entire sample of NielsenIQ households, columns (5)-(6)
provide 2SLS estimates for the subsample of NielsenlQ households for which we have nativity information,
and columns (7) and (8) provide 2SLS estimates for, respectively, native and immigrant households. All
models include CBSA-period fixed effects, while Columns (4) and (6) include country-CBSA-period fixed
effects. Standard errors clustered at the CBSA-period level. *, ** and *** denote statistical significance at
the 10%, 5%, and 1% levels, respectively.
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Figure A.1: Comparing Estimates of 1 for Immigrants and Natives
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Notes: The figure plots estimates of 7 for twenty subgroups of native households, each identical in size to
the total number of immigrant households present in our sample. These estimates are ranked from left to
right, with 95% confidence intervals provided. The red solid line denotes the immigrant estimate of 7, with
the dashed red lines denoting 95% confidence intervals.
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Table A.7: Estimates of the Armington Elasticity by Nativity

(1) (2) (3) (4) (5) (6) (7) (8)
Aln X Aln X AlnX AlnX AlnX Aln X Aln X Aln X

A Log Price -3.069**  -3.792**  -4.612*** -9.591 -3.069*** -2.629*** -2.777™* -2.906"*
(0.534)  (0.977)  (1.302) (6.881) (0.272)  (0.374)  (0.393)  (0.848)
Origin-City FE v v v v v v v v
Balanced v v v v v v v v
Sample All Survey  Native Immig. All Survey Native  Immig.
Estimator 2SLS 2SLS 2SLS 2SLS OLS OLS OLS OLS
Control Function v v v v
K-P F-Statistic 51.84 25.78 18.99 2.11
Observations 33594 22552 21093 4658 33594 22552 21093 4658

Notes: This table presents regression results at the country-CBSA-bimonthly level. Columns (1)-(4) provide
2SLS estimates associated with exchange rates as instruments. In order, these estimates represent Armington
elasticities estimated for the entire NielsenIQ sample (column 1), the sub-sample surveyed in 2008 about
nativity (column 2), natives (column 3), and immigrants (column 4). In all cases, only country-CBSA pairs
with non-zero expenditure in all 18 time periods are included for each subsample of households. Prices
are calculated using purchase records for the entire NielsenI(Q Homescanner dataset, with the same prices
applied to all subsample. Columns (5)-(8) provide the exact same ordering of estimates but using a control
function approach, in which the first-stage is estimated using the entire sample, with the residuals from this
model included in the second-stage as an additional regressor. In this case, all first-stage K-P F-Statistics
are identical to column 1, with column 1 and column 5 estimates of 7 identical by construction. All models
include CBSA-by-period fixed effects. Standard errors clustered at the CBSA-period level. *, ** and ***
denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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Table A.8: First-stage Estimates

Dependent variable: Immigrants/Pop. 2010

(1) (2) (3)
L1880
L) X ﬁs(g)d 0.000049**  -0.00046**  -0.00048**
(0.000021)  (0.00021)  (0.00022)
1900
L% ) % L;—y)d -0.00012*  -0.0024***  -0.0025"**
(0.000068)  (0.00092)  (0.00095)
1910
Loy % LL,T((O))d 0.00027**  -0.0022**  -0.0023**
(0.000056)  (0.00097)  (0.0010)
1920
L0 ) % LLq;,g?g;d 0.0016"*  0.00057 0.00050
(0.00034)  (0.0011) (0.0012)
1930
L) X LLEB({(?;d 0.0010**  0.00039 0.00037
(0.00024)  (0.0011) (0.0011)
1970
L, X Lng)g?g;d 0.00061***  0.00027 0.00026
(0.000068)  (0.00058)  (0.00061)
1980
L0 ) x LLq;{g;d 0.0025"  0.0022**  0.0022***
(0.00019)  (0.00072)  (0.00075)
1990
L1990, % LLi%d 0.0018"* 00011 0.0011
(0.00020)  (0.00097)  (0.0010)
2000 Lz—oro(?)) d
L320a * om 0.0011**  0.0012**  0.0013***
(0.00013)  (0.00036)  (0.00038)
N 167,860 2,280,154 2,217,377
Country FE v
Barcode FE v v
County FE v v
Distance & latitude difference v v v
Household controls v
Principal components v v v
F-statistic 110.0 18.3 17.4
UPC in
Sample All counties >10 counties

Notes: Column 1 shows regression results at the county-origin level with observations weighted using aggre-
gated NielsenIQ household weights and standard errors clustered at the county level. Columns 2 and 3 show
regression results at the county-barcode level with standard errors clustered at the county level. *, ** and
*** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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Table A.9: Gravity Estimates with Ancestry

XOC
(1) (2) (3) (4)
Ancestry/Pop. 2010 0.62***  0.46
(0.11)  (0.47)
Log Ancestry 2010 0.035***  0.030***
(0.012)  (0.011)
First-stage residuals 0.18 0.0067*
(0.49) (0.004)
N 163,500 163,500 163,500 163,500
Country FE v v v v
Distance & latitude difference v v v v
1st-stage F-statistic 56.3 324

Notes: The table presents regression results at the county-origin level using pseudo-Poisson maximum like-
lihood estimation. The first-stage residual term is taken from a first-stage regression of all the instruments
on the ancestry variable. Observations are weighted using NielsenlQ household weights. Standard errors
are computed from 1,000 bootstrapped repetitions. *, ** and *** denote statistical significance at the 10%,
5%, and 1% levels, respectively.

Table A.10: State-level Gravity Estimates

Exp. share on goods from o relative to US

PPML + control fct Heckman correction

(1) (2) (3) (4)

Log Ancestry 2010 0.05*** -0.04
(0.008) (0.043)
Immigrants/Pop. 2010 2,40 -1.46
(0.378) (2.151)
N 3,773 3,773 3,083 3,083
State FE v v v v

Notes: The table presents regression results at the state-origin level. Standard errors are computed over
1,000 bootstrapped household samples. *, **, and *** denote statistical significance at the 10%, 5%, and
1% levels, respectively.
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B Theory Appendix

B.1 Deriving Heterogeneous Firms Model Equations

Deriving equation (10). Taking the ratio of the household’s first-order condition for two

varieties wy from country o and ws from country o', we obtain

qoh (Cd1> Zoh DPo,c(h) (wl)

<QO’h(w2> ) ~l/e <Zo’h ) 1/e _ po’,c(h) (WQ)

Define

1
1—0o

P, = (Z Zoh/ 5 po,c(h)(aJ)ladaJ) , (B.1)
0€e® wello c(n)

as the price index faced by household h for differentiated goods. Assuming the household
budget is equal to X}, we then obtain

(1= p0) Xn = 20 Qo (W) Po,c(ny (W) Py 7. (B.2)

We rearrange to get quantity and expenditure for a variety associated with productivity

Y as

Gon(19) = (1 = 110) XnZonPo.cin) () "B~ (B-3)
'roh(SO) = (1 - MO)XhZoh(po,c(h)(@)/Ph)lig‘ (B4>

From the firm’s profit maximization problem, the price equation is

o w,

Po,c(h) (QO) = o—1 ?To,c(h)- (B5>

Substituting equation (B.5) into equation (B.4), summing across all households in ¢(h),
l1-o0
and defining \; = (1 — py) (ﬁ) , we obtain the following expression for county expendi-

ture on imports from firm with productivity ¢ in o:

$oc(gp) = /\1(on06)170<,00_1< Z Zoh’Xh'Pf(Lj’_l)' (B-G)
h e,
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Next, we derive variable profits earned by a firm with productivity ¢ selling to market ¢

from origin o:

Wo,c(gp) = ( 0,0(90) - U:OOTO,C> Z qoh(90>

h'ec
w 1= o \1°
=(1-— —Toe = o X Po 1
( m(ng’) 0<0—1> h,EZACZh Mok
1
*QJOC(QD)

A firm with productivity ¢ only exports from o to c if it is profitable, i.e., if variable

profits are at least as much as the fixed cost of exporting:

Toc(0) 2 foc- (B.7)

For a firm at the cutoff productivity, (B.7) holds with equality, resulting in the following

equation for @7, where Ay = -7 (l—auo)ﬁ:
f o1
ch AQwOTOC( >z h/o)cfh/PU/_l> ' (B.8)
e h

Returning to equation (B.1) and replacing varieties w with productivity ¢ (since firms

with identical productivity charge identical prices), we get:

1

+o0 1—0o
Ph - (Z Zoh/o DPo,c(h) (90)1UMO,c(h)go,c(h)(go)d(p> )
0€O

where M, ) is the measure of firms exporting from o to c(h) and g n)(¢) is the (equilib-
rium) density of firms from o with productivity ¢ that export to c(h).

Plugging in the equilibrium price, equation (B.5), we have

“+oo

go“go,dh)(go)dgo) (B9

Ph = 7 (Z Zoh. (ono,c(h))lia Mo,c(h) /0

o—1 0eO
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Turning to the gravity equation, we integrate over equation (B.4) to obtain

Xop = / Zop(w)dw = (1 — ,uo)zthhP,f_l/ Do,c(h) (W) 7 dw.
we, c(h) wer,c(h)

Given the equilibrium price expression in (B.5), we can substitute the last term with

. 4 e g
/ Po,c(h) (w)l dw = < ono,c(h)> Mo,c(h)/ 2 1go,c(h) (@)dgp
we, c(h) g — 1

o 1—0o
= < 1on0 c(h)) M / lgo,c(h)(('p)dgo'

0= %o c(h)

Finally, we use the assumption that ¢ is Pareto distributed with shape parameter 6 so

that g, (¢) = 0/¢"™ to obtain

— —o 0 * \o—0—
Xoh = /\IZOhXhPi? 1(w07—070(h))1 Mom(cpo,J ’ 1' (BlO)

To obtain equation (10) from (B.10), we then:

substitute equation (B.8) for ¢} ..

o assume M, = ~Y,, where Y, is the value of production in country o as in Section 4.1.

_ Xy Py !
o define S, = ¥ Xp P 'and zpe= ¥ Zow hS
h'eA, h'eA,
oc—60—1 p —0 0
L] deﬁne A 7(1 — ,LLO)" 1g o-1 (;) m.

Finally, county-level expenditure on goods from origin o is simply the summation over

all household-level expenditure, and is given by the following:

7_1)
Koo = AYoSe(womee) ™’ ( Sf 5 ) Zoc (B.11)

B.2 Deriving County-Level Estimating Equation

This section shows how the estimating equation generated by dividing Xon = Xon / Xus.h

is equivalent to an equation aggregated to the county level, in which this aggregation is a
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weighted sum across X, That is, we define the weights kj such that

B Z Xoh
Xo,c(h) ZX n - Z /{hXoh

Ac

We begin by constructing the denominator of )N(O,c(h), where we incorporate our normaliza-

tions exp(us) = Tuse = fuse = Zus,n = 1 tO generate:
o
ZXush— ZXhPU t= 00717

where we invoke the definition S, = ¥, X, P7~". Similarly, we construct the summation
over household expenditure on origin o:
(e
Joe(n) ) (7=

o —0 o—1
oh — o,c .
ZX h = exXp(Qo) Ty o(h) (S Z [XhPh Zoh
h c(h)Zo,c(h) h

We therefore consider the weights xj; which satisfy the following expression:

_(%_
eXp(ao)To,c(h)_e(fﬁig) 1 Sc (h) Z [XhP,f_leh}
o,c h

_(L

s~ 1)
= eXp(ao)To,c(h)_e (5)705:;) 1 Z RhZoh-
o,c h

Note that this is true so long as:
X, Pyt
K= —g
Se.(n)
which implies that x; are real expenditure shares at the household level. We use the projec-
tion weights as an empirical proxy for x, when constructing the county average preferences

Zoe, such that when we apply the same weights to the aggregation of expenditure across

counties, we generate the following county-level estimating equation:

% ZCXOh —0 O' 1 1) 091
Xo,c(h) Z X,. n - Z '%hX h — eXp(ao)TO c( fo o( o ,c(h)*

C
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B.3 Identification of Fixed Cost and Preference Diffusion Chan-

nels

In this section we fully differentiate equation (11) in order to arrive at two expressions relat-
ing the total import expenditure-immigrant elasticity and the extensive margin-immigrant
elasticity to two parameters: 5 and [3%.58:°

We begin by fully differentiating X, from equation (11) into terms associated with fixed

costs f,., county-level preferences z,., and household-level preferences z,:

~ al‘oh( ) ~ / 8@*
X — * * oc
d oh [w* afoc dG( ) xOh(@OC)G ((poc) 8foc dfoc
- +oo -
axo}l( ) ~ * !/ * 8903;0
+ J azoh dG( ) xOh(gpoc)G (9000) azoh dZOh <B12)
“Poc -
- 400 -
8xoh( ) ~ * 1) % 8@Zc
+ / azoc dG( ) - xOh(spoc)G (Spoc) azoc dZOC?
“Poc -

where we applied the Leibniz Rule to separate each term into both an intensive margin and
extensive margin. Within each pair of brackets, the first term captures the intensive margin
effect and the second term captures the extensive margin effect.

The expression for the intensive margin—the relative expenditure by household h on a

given variety from origin o relative to its total expenditure on U.S. goods—is given by:

+o0 -1

Fan(9) = (@omoe) “zang” | [ ()G | (B.13)

*
Pus,c

whereas the productivity cut-off is equation (B.8).
It is clear from inspecting equations (B.13) and (B.8) that f,. and z,. only affect ¢}, and
therefore each household’s extensive margin, whereas household-level preferences z,, only

affect the household-specific intensive margin of demand via Z,,. We can therefore apply

the following restrictions: 8%;(“0) =0, 8:08"2’7‘() =0, and 8“"06 = 0.
oc Zoh

58We assume throughout that 87 = 0, which implies that immigrants do not affect variables trade costs.
This assumption derives from the results discussed in Table 4.
59We refer to the extensive margin at the level of a variety.
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Hence, we have an expression for the total semi-elasticity of import expenditure with
respect to immigrants and an expression for the extensive margin semi-elasticity of import

expenditure with respect to immigrants:

dln X, _ Jln X, 01n £y n oln X, 01ln z,, n Oln X, 01ln z,,
ol,.  Oln foe Ol Olnz,, Ol oln z,. 0l,

(B.14)

dln N, ~ Jln X, 0ln f,. N Oln X, 01n z,,
0l,,  Olnf, Ol oln z,e Ol

(B.15)

~ ~ 0 _q
Recall that when estimating 3, we normalize X,;, and N,, by Z = z,,z5¢ ' . That is, we

normalize expenditure by the expenditure for that household which is predicted by exogenous
preference terms at the household and county level. Recall further that z,, = ¢* %<z, and

Zoe = €77TocZ . We can therefore explicitly derive our estimate of 5 and the extensive margin

counterpart 3V as the following:

. alnXoh 81nZoh

T T
~ Jln Xop0ln for OnX,0lnzy O0nX,,0lnz,. OlnZ,, dlnzy, (B.16)
- Olnf,e Ol oln z,, Ol Oln zpe Ol olnz,, Ol
oln Z,, 01ln z,,.
olnz, Ol '
v _ OIn Ny, 9ln Z,p
ol,, al,, B17)

~ Odln X0l foe OnXy0lnz,e OnZ,,dlnz, OlnZ,,dlnz,.
-~ Olnf,. Ol oln z,. 01, olnzy, Ol oz, Ol

We evaluate expressions (B.16) and (B.17) using the definition of X, provided in equation

(11) and the definition of Z,, provided in Section 4.2. Specifically, we reduce expressions

(B.16) and (B.17) in three steps:
1. Fixed costs and the extensive margin:

Oln X, 01n foe

— Af
o f,. 0I,. b
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2. County-level preferences and the extensive margin:

o z,. 0I, oz, 0,

oc—1

olnX,,0lnz, OlnZ,,dnz, B <9— (0 — 1)>5Z

3. Household-level preferences and the intensive margin:

OnX,,0lnz,), OlnZ,,0lnz,

Oln Zoh 8[00 B Oln th 8[00 B B ‘

We then derive an expression for the total import expenditure semi-elasticity with respect
to the immigrant population share and the extensive margin semi-elasticity of import ex-

penditure with respect to the immigrant population share:

O Xy 0\ ..
ﬁ—TOC—B + <0_1>67 (B.18)
pr = L. = +<0—1 1)5. (B.19)

B.4 Deriving Counterfactual Objects

Following Dekle et al. (2007), we denote the proportional change in a variable x as & = 2//x,

where an apostrophe (') denotes the counterfactual value.

Immigration shocks. We start with the counterfactuals from Section 5 relating to re-
moving immigrant effects and removing immigrant expenditures. From equation (10), we

obtain the proportional change in household-origin import expenditures:

N ~ (=L —1) /. N -1
Xothﬁ_lfovc((i)_l )(Zo,c(h)sc(h)> Y Zon, (B.20)

where changes in household imports by origin depend on the change in the household’s price
level ﬁh, changes in fixed costs with the origin fo,c(h), changes in average household-level
preferences for the origin’s products Z, ), changes in total local expenditures S’C(h), and
changes in the household’s preferences for the origin’s products Z,,. When o is the United

States, equation (B.20) reduces to
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~ A ab__
Xus,h - P}(Lf_lsco(Z)l 1‘ (B21)

Py A
Hence we use equation (B.20), equation (B.21), and the fact that fo,c((Z)_l D e Lo.c(n)

to obtain our counterfactual ratio as a function of observable or calibrated values:

Xon Xoh (1 i’ (F5-1)
X&Sh = m (6 0,¢(h) ) Z c(h) . (B22)

Summing across non-U.S. origins o and holding fixed total expenditures X}, we compute
the counterfactual imports from each origin o for each household h.

Lastly, it is simple to show that under CES preferences, the change in welfare is given by
the change in the price index:

A po—1

U,=pb"". (B.23)
The change in the welfare-relevant price index is then:

1

Do—1
Ph - 0
Xu.sh o—1

(5D (g e
Xp Me(h) +Zo#usTh oc(h) ' (Zoc(h)Sc(h)) !

We further assume that immigrant and native households spend the same amount on

grocery and personal care produces, which implies that
Sc(h) =1—1I.m

where I,y is the share of the population who are immigrants in county c(h).
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C Additional Tables and Charts

Figure C.1: Spending on Imports by Origin Country

&Y hina
Thailand

'All other countries
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Notes: The figure shows the percent of expenditure on imports by country of origin. Data come from the
NielsenIQ Household Panel 2014-2016.

Figure C.2: Distribution of Household-level Import Expenditure Share by Nativity
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Notes: The figure shows the distribution of household’s expenditure on imported goods, split by U.S. born
(in red) and foreign-born (in blue) households. Household nativity assigned as discussed in Section 2.1. Data
come from the NielsenIQ Household Panel 2014-2016. We exclude households who spent less than $1,000
over the 3 year sample period. Observations are weighted by the NielsenlQ projection factors.
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Figure C.3: Distribution of Imputed Preference Terms

(a) Distribution of In 29, (b) Distribution of In Zy.
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Notes: Figure (a) plots the distribution across NielsenIQ household- orlgln pairs of the log of Z,, =

exp (8.Jy, + Ci1[o(h) # US] + Ca1[o(h) = o]), where the terms 4, ¢, and C, are estimated from equation (5)
Figure (b) plots the distribution across county-origin pairs of the log of Ze. = done A, Zon/Kp, computed
using data from the 2012-2017 American Community Survey.

Figure C.4: County Fixed Effects for Price and Immigrant Population Share
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Notes: The figure plots average log price by county (y-axis) against average immigrant population share by
county (x-axis). Each value is obtained by regressing the variable (log price or immigrant population share)
on fixed effects for county and barcode, and taking the county fixed effect.
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Figure C.5: Effect of Immigrants on Number of Barcodes Sold by Retail Chain Geographic
Scope

Effect of immig/pop on number of barcodes sold

0 10 20 30 40 50
Max number of states in which parent company operates in StoreScanner sample

Notes: This chart plots the coefficient 3°° from equation (16) across different samples, except with the
dependent variable being the ratio of foreign varieties from o relative to U.S. varieties sold at store s. The
x-axis indicates the sample, which is determined by the maximum number of U.S. states a parent company
retailer spans. 90% confidence intervals from analytic standard errors are plotted in gray.
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Figure C.6: Distributional Effects of Immigrant-Induced Imports

(a) Percent Import Expenditure Attributable to Immigrant Effects

M (10,65]
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(b) Percent Change in Grocery Welfare by Income Decile

1.6 e Remove Immigrant Effects + Expenditures
# Remove Immigrant Effects
1.5 * Remove Immigrant Effects (relative cost within county)

Welfare Cost Relative to Lowest Income

1 2 3 4 5 6 7 8 9 10

Income Decile: Native Households

Notes: Panel (a) denotes share of county import expenditure attributable to immigrant effects, in percent-
ages. Panel (b) depicts average native welfare costs at the income decile level of removing all immigrant
expenditure (black solid line), removing immigrant effects only (blue dashed line), and removing immigrant
effects while only comparing natives within the same county (red dotted line). All average welfare costs are
normalized relative to the lowest income decile of natives.
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Table C.1: Import Preference by Geographic Unit

Dep. var.: Rel. expenditure share on goods from o

(1) (2) (3) (4)

Immigrant from anywhere (.22 0.21%* 0.23* 0.22%*
(0.028)  (0.029)  (0.030) (0.041)

Immigrant from o 0.60™* 0.63*** 0.57* 0.41%
(0.065)  (0.069)  (0.087) (0.092)

N 911,385 1,002,492 684,142 398,706

Origin-County FE v

Origin-3 Digit Zipcode FE v

Origin-4 Digit Zipcode FE v

Origin-5 Digit Zipcode FE v

HH Controls v v v v

Sample Weights v v v v

Notes: The table presents regression results at the household level controlling for fixed effects at different
geographic granularity. Standard errors are clustered two ways at the household and county-origin pair
levels. Household controls are income quintiles, household size, marital status, and household head age and
gender. Sample size changes across columns because there must be at least two households per geographic

unit. *, **

, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

34



Table C.2: Household Characteristics and Import Preferences

Dep. var.: Rel. expenditure share on goods from o (X,)

(1) (2)
Immigrant from anywhere 0.22***  (0.028) 0.23**  (0.030)
Immigrant from o 0.60"*  (0.065) 0.61** (0.077)
2nd poorest quintile (relative to poorest)  0.015  (0.027)
median quintile (relative to poorest) 0.044  (0.027)
2nd richest quintile (relative to poorest)  0.075***  (0.028)
richest quintile (relative to poorest) 0.082**  (0.030)
HH size: 2 20.098"*  (0.030) -0.11"*  (0.030)
HH size: 3 L0.14%* (0.035) -0.17*  (0.035)
HH size: 4 L0.23%% (0.041) -0.27*  (0.044)
HH size: >4 20.227%  (0.082) -0.29*  (0.090)
Children: 6-12 y.o. 0.080  (0.088) -0.087  (0.087)
Children: 13-17 y.o. 0074 (0.089) -0.11  (0.087)
Children: <6 + 6-12 0.094  (0.10)  -0.14  (0.11)
Children: <6 + 13-17 0084 (0.16)  -0.12  (0.15)
Children: 6-12 + 13-17 20.056  (0.095) -0.059  (0.094)
Children: All Age Groups -0.26**  (0.13)  -0.28"  (0.14)
No Children -0.056  (0.084) -0.090 (0.081)
Some College 0.078*  (0.022) 0.065™  (0.026)
College Degree 0.13***  (0.022) 0.12**  (0.025)
Postgraduate Degree 0.24**  (0.024) 0.23"*  (0.028)
Widowed 20.027  (0.035) -0.023  (0.039)
Divorced /Separated 0.036 (0.032) -0.058  (0.036)
Single 20.062°  (0.034) -0.069** (0.034)
Black 0.052%  (0.024) 0.059 (0.027)
Asian 0.086™  (0.038) 0.092"  (0.040)
Other 0.000"  (0.039) 0.087* (0.044)
Hispanic 0.046  (0.035) 0.064  (0.039)
Age 0.018  (0.031) -0.033  (0.036)
Age?/100 0.023  (0.052) 0.048  (0.059)
Age? /10000 20.0077  (0.028) -0.021  (0.032)
N 911,385 619,741
Origin-County FE v
Origin-County-Income FE v
Sample Weights v v
Estimator PPML PPML

Notes: The table presents regression results at the household-country level. Observations weighted using
NielsenIQ household weights. Standard errors clustered two-ways at the household and origin-by-destination
levels. The estimation sample size is less than our total sample, and falls across columns, due to fixed effects
causing separation in the sense of Correia et al. (2019). *, ** and *** denote statistical significance at the
10%, 5%, and 1% levels, respectively.
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Table C.3: Estimates of Immigrant Heterogeneity in Import Demand Preferences

Dep. var.: Rel. expenditure share on goods from o

(1) (2) 3) (4)
Immigrant from anywhere 0.17**  0.22**  0.22" 0.22%*
(0.043)  (0.028)  (0.030) (0.028)
Immigrant from o 0.70*  0.73***  0.68"* 0.86"**
(0.16)  (0.14)  (0.069) (0.18)
(Immigrant from o) x (Some College) -0.097
(0.22)
(Immigrant from o) x (College Degree) -0.13
(0.18)
(Immigrant from o) x (Postgraduate Degree) -0.15
(0.21)
(Immigrant from o) x (2nd poorest quintile) -0.021
(0.22)
(Immigrant from o) x (median income quintile) -0.034
(0.21)
(Immigrant from o) x (2nd richest quintile) -0.24
(0.16)
(Immigrant from o) x (richest quintile) -0.34*
(0.17)
(Immigrant from o) x (Cultural Distance to US) 0.22**
(0.049)
(Immigrant from o) x (Years in US) -0.0055*
(0.0032)
N 911,385 911,385 654,250 911,385
Origin-County FE v v v v
HH Controls v v v v
Sample Weights v v v v

Notes: The table presents results from estimating equation (5) using PPML at the household-country level.
Observations are weighted using NielsenlQ household weights. Standard errors are clustered two-ways
at the household and origin-by-destination levels. Household controls are dummy variables indicating:
race, ethnicity, household size bins, bins for the number and age of children in the household, highest
education among household members, household income quintiles, marital status and age groups. The
estimation sample size is less than our total sample due to fixed effects causing separation in the sense of
Correia et al. (2019). *, ** and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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Table C.4: Import Preference for Products Purchased by Both Immigrants and Natives

Dep. var.: Rel. expenditure share on goods from o

(1) (2)

(3)

(4)

()

(6)

Immigrant from anywhere 0.31***  0.28*  (0.28**  0.24"*  0.29"*  0.25"*
(0.026) (0.026) (0.027) (0.027) (0.028) (0.028)
Immigrant from o 0.52*** 0.54** 0.54™*
(0.066) (0.068) (0.079)
N 856,161 856,161 855,046 855,046 585,987 585,987
Origin-County FE v v v v
HH Controls v v v v
Origin-County-Income FE v v
Sample Weights v v v v v v

Notes: The table presents regression results at the household level for expenditures exclusively on barcodes

purchased by both immigrants and natives in the NielsenI(Q HomeScanner data. Standard errors are clustered
two ways at the household and county-origin pair levels. Household controls are income quintiles, household

size, marital status, and household head age and gender. Sample size drops across columns because there

must be at least two households per geographic unit. *, **

5%, and 1% levels, respectively.
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Table C.5: Effect of Immigrants on Local Import Expenditures: Nativity vs. Full Sample,
Unadjusted

Dependent variable: Exp. share on goods from o

(1) (2) (3) (4)

Immigrants/Pop. 2010 197 2.84™  1.96™ 3.09
(0.38) (0.61) (0.29) (1.00)
First-stage residuals -1.10 -1.42
(0.71) (1.16)
N 167,860 167,860 224,694 224,694
Country FE v v v v
Distance & latitude difference v v v v
1st-stage F-statistic 103.4 133.0
Sample Nativity Nativity All All

Notes: The table presents estimation results at the household-country level. We estimate each specification
using pseudo-Poisson maximum likelihood estimation. The dependent variable in each column is the value
of expenditures in county ¢ on goods imported from o, unadjusted for local preferences: X,.. The first-stage
residual term is taken from a first-stage regression of all the instruments on the immigrant-population share.
Observations are weighted using NielsenIQ household weights. Standard errors are computed from 1,000
bootstrapped repetitions of both first and second stage. The ‘Nativity’ sample refers to the set of households
that we observe both in 2014-2016 and in the 2008 Tell Me More About Your Survey. The ‘All’ sample refers
to the unrestricted set of households observed in 2014-2016. *, **, and *** denote statistical significance at
the 10%, 5%, and 1% levels, respectively.
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Table C.6: Effect of Immigrants on Import Expenditures, StoreScanner vs. Non-

StoreScanner Stores

Adjusted import expenditure

Adjusted import variety count

(1)
PANEL A: StoreScanner Stores

(3) (4)

Immigrants/Pop. 2010 -1.47 -0.63 -1.03
(1.04) (0.49) (2.01)
First-stage residuals 0.51
(2.25)
N 152,070 152,144 152,144
Country FE v v v
Distance & latitude difference v v v
1st-stage F-statistic 102.3

Adjusted import expenditure

Adjusted import variety count

PANEL B: non-StoreScanner Stores

Immigrants/Pop. 2010 2.28** 1.31% 1.50***
(0.70) (0.17) (0.39)
First-stage residuals -0.24
(0.43)
N 165,680 165,680 165,680 165,680
Country FE v v v v
Distance & latitude difference v v v v
1st-stage F-statistic 103.2 103.2

Notes: The table presents regression results at the county-origin level. Panel A restricts purchases to those

made in stores appearing in the StoreScanner dataset, while Panel B restricts purchases to those made outside

of such stores. All purchase data used in the estimates come from the HomeScanner dataset. We estimate

each specification using pseudo-Poisson maximum likelihood estimation. The first-stage residual term is

taken from a first-stage regression of all the instruments on the immigrant-population share. Observations

are weighted using NielsenlQ household weights. Standard errors are computed over 1,000 bootstrapped

repetitions of the first stage and control function estimation.

the 10%, 5%, and 1% levels, respectively.
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Table C.7: Effect of Immigrants on Store-level Import Expenditures, StoreScanner Data

Import expenditure Import variety count

(1) (2) (3) (4)

Immigrants/Pop. 2010 2.22%* 5.07** 0.38*** 0.21*
(0.062) (0.18) (0.018) (0.052)
First-stage residuals -3.43* 0.19**
(0.19) (0.054)
N 2,733,744 2,733,744 2,733,744 2,733,744
Country FE v v v v
Parent Company FE v v v v
Distance & latitude difference v v v v
1st-stage F-statistic 11.4 11.4

Notes: The table presents regression results at the store-country level. We estimate each specification using
pseudo-Poisson maximum likelihood estimation. The first-stage residual term is taken from a first-stage
regression of all the instruments on the immigrant-population share. Standard errors are computed over

1,000 bootstrapped repetitions of the first stage and control function estimation. *, **, and *** denote
statistical significance at the 10%, 5%, and 1% levels, respectively.
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Table C.8: Effect of Immigrants on Prices, StoreScanner Data

Dependent variable: In(p,,.)

(1) (2) (3) (4)

Immigrants/Pop. 2010 0.0242* -0.0613 0.0247* -0.0590
(0.0135) (0.0457) (0.0135) (0.0451)
N 49,963,866 49,963,866 49,179,881 49,179,881
Retailer X UPC FE v v v v
County FE v v v v
Distance & latitude difference v v v v
1st-stage F-statistic 10.3 10.3
Sample All SS UPCs Only joint HS/SS UPCs

Notes: The table presents regression results at the UPC-store level. Retailer X UPC FE refers to fixed
effects at the store parent company-by-barcode level. Columns 1 and 2 include the full sample of barcodes,
while columns 3 and 4 restrict the sample to the set of barcodes which appear in the HomeScanner dataset.
Standard errors are clustered two ways at the store parent company-by-barcode level and at the county-by-
* wk

origin level. Observations are weighted by the value of expenditures on the barcode in the given store.

and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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Table C.9: Effect of Immigrants on Import Expenditures, Natives only

Adjusted import expenditure Adjusted import variety count

(1)

(2)

(3)

(4)

Immigrants/Pop. 2010 1.13* 0.89* 0.83*** 0.75*
(0.21) (0.47) (0.12) (0.43)
First-stage residuals 0.29 0.11
(0.51) (0.47)
N 166,551 166,551 166,551 166,551
Country FE v v v v
Distance & latitude difference v v v v
1st-stage F-statistic 102.1 102.1

Notes: The table presents the results of estimating equation (13) using PPML based on the sample of natives
only. In columns 1 and 2, the dependent variable is the preference-adjusted origin-specific import expenditure
relative to expenditure on US goods, averaged at the county level: X,.. In columns 3 and 4, expenditure
is replaced by count of different varieties (barcodes) purchased per household, also averaged at the county
level: N,.. The first-stage residual term is taken from a first-stage regression of all the instruments on the
immigrant-population share. Observations are weighted using NielsenIQ household weights. Standard errors

are computed from 1,000 bootstrapped repetitions.

5%, and 1% levels, respectively.

S

)
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Table C.10: Counterfactual Results Summary with 3y = 0.6

(1) (2) (3)
Change (%) Change (%)  Change (3)
grocery import grocery welfare welfare per

Counterfactual exercise:

Removing ... expenditure natives native HH
. all immigrant channels -7.8 -0.086 -6.4
... trade cost channel -0.9 -0.029 -2.1
. market size channel -1.9 -0.058 -4.4
. demand channel -5.3 - -
. all immig. channels + expenditure -26.2 -7.9 -592

Notes: This table shows the change in outcomes under various counterfactual scenarios. The first counter-
factual, with results shown in the first row, removes all channels through which immigrants affect grocery
import expenditures—i.e. we set (1 = (2 = 3y = 0 and recalculate z,.—but keeps total household expen-
diture constant. The next three rows show the results when only the following parameters change one at a
time: By (fixed trade cost); Z,. (preference-driven market size); and ¢; and ¢ (demand). In the last row,
we remove all immigrant channels and the grocery expenditures made by immigrants (counterfactual 2),
equivalent to removing immigrants from the U.S. population. For column 3, we assume that each household
spends $7,500 on grocery and personal care products, which is close the value computed from the Consumer
Expenditure Survey.
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