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Abstract

Assessing the value of consumption amenities is faced with two challenges. First,
because the value of local consumption amenities, such as restaurants, often extends
to residents living beyond the immediate vicinity of the amenities, researchers must
account for how the amenity benefits diffuse through space. Second, to evaluate how
each type of amenity affects each location’s overall amenity value, researchers must
identify residents’ preferences for each of the amenity types. I present a model of
amenity choice that micro-founds spatial diffusion and amenity preferences. The model
empirically links these features to visiting patterns, which are observable in the time-
use data. I demonstrate that correctly accounting for spatial diffusion is important for

accurately measuring consumption amenities’ role in welfare inequality.

*Email: yichensu@outlook.com. The views in this paper are those of the author and do not necessarily
reflect the views of the Federal Reserve Bank of Dallas or the Federal Reserve System.



1 Introduction

There has been growing evidence that spatial differences in the access to consumption ameni-
ties have a great impact on local residents’ welfare and welfare inequality (Glaeser, Kolko,
and Saiz (2000), Diamond (2016), Hoelzlein (2019), Almagro and Dominguez-lino (2020),
Couture and Handbury (2020), Couture, Gaubert, Handbury, and Hurst (2020), Su (2020)).
However, despite growing recognition of the importance of consumption amenities in local
residents’ welfare, measuring the value of consumption amenities for residents remains diffi-
cult. Existing exercises often lack proper micro-foundations and typically use the count of
amenity establishments to measure the level of amenity provision for residents living nearby.!
Researchers would then determine the value of amenity provision by examining housing de-
mand differentials across locations with different amenity provision levels (Oates (1969),
Brueckner (1979), Yinger (1982), Epple (1987), Gyourko and Tracy (1989), Black (1999),
Bayer, Ferreira, McMillan (2007), Albouy (2012)). While these methods may be suitable for
evaluating amenities with well-defined spatial delineation such as school districts, they may
face serious challenges evaluating the value of consumption amenities due to the following
challenges:

First, the value of consumption amenities is spatially diffused (Glaeser, Kominers, Luca,
and Naik (2016)). Take restaurants as an example. Because people often travel to a variety
of different restaurants at a distance and not just the restaurants right next door, the value

2 Moreover, the value of

of a restaurant would likely diffuse beyond its immediate vicinity.
different types of amenities likely diffuses at different rates. While residents may value a
restaurant at a long distance, they may not value a gym located in the same distance if
residents only visit gyms closest to them. Because of the varying rates of spatial diffusion
of consumption amenities, a simple count of amenity establishments either in the immediate
neighborhood or in the entire metropolitan area will create a distorted representation of the
level of amenity provision available to residents.

The second challenge is that, because residents value different types of consumption
amenities differently, evaluating the overall value of consumption amenities requires appro-
priate aggregation weights to reflect residents’ different valuations of different amenity types.
Since there are a number of amenity types, researchers often lack enough spatial variation

to separately identify how each type of amenity is valued by residents.

In my paper, I overcome both challenges by taking an alternative approach. I study

IHoelzlein (2019) is a notable exception.

2 According to the American Time Use Survey, the average trip time to or from restaurants is 20 minutes.
Evidence of significant travel length to restaurants has also been shown in detail in Couture (2016) with the
National Household Travel Survey.



people’s usage of time interacting with different types of amenities and use the patterns
of their time-use to recover the rates of spatial diffusion and aggregation weights using an
amenity choice model. I motivate my approach by first documenting people’s travel time to
and from each type of amenity venue, frequencies of visits, and duration of visits.?

First, I find that the travel time to and from amenities is often very short for visiting
certain amenities like gyms but longer for visiting other amenities like restaurants. The
difference in travel time suggests that amenities like gyms are mostly valued by residents
living nearby, while the value of other amenities like restaurants diffuses over a broader area. I
argue that the different spatial diffusion of amenities can be explained by the different degrees
of substitutability for venues within each amenity type. For example, gyms tend to serve a
well-defined function and thus are largely substitutable with one another. Given the high
substitutability among gyms, residents would likely choose to visit the gyms with the lowest
cost of visits, namely the closest gyms. In contrast, the variety and styles of restaurants can
be highly idiosyncratic. As a result, restaurants may be less substitutable with one another
than gyms. Given the lower substitutability, residents would be less sensitive to the distance
to restaurants.

Next, I find that people visit some amenities like restaurants much more frequently than
other amenities like car repair shops. The heterogeneity in the frequencies of visits, by
revealed preference, suggests that people value the provision of certain types of amenities
more than they value others.*

Motivated by the documented patterns of time-use, I construct a model of amenity choice
which allows residents at each location to choose a bundle of visits to amenities available
to them based on their tastes for each type of amenities, the elasticities of substitution
between amenity establishments, and price of visits to the establishments (travel time and
monetary cost). Importantly, by allowing the elasticities of substitution for visiting different
establishments to differ across amenity types, the model can reproduce the differing rates of
spatial diffusion.

I estimate the elasticities of substitution and the tastes for different types of amenities by
matching key data moments. I first construct the prices of visits to all amenity establishments
for all residents based on the monetary cost of visits, duration of visits, and travel time to the

amenities. I then estimate the elasticities of substitution by matching the model-predicted

3In a related study, Murphy (2018) uses time-use data to show that residents living in dense locations
spend less time on home production.

4In this paper, I consider the term "taste" in a reduced-form sense. I do not further micro-found the
tastes for amenities. It may be the case that the "taste" for car repair shops arises less from a genuine
desire to visit them for leisure than a need to fulfill an errand. The "taste" of car repair shops represents the
marginal utility value of the provision of car repair shops, regardless of whether such value arises for leisure
or errands. I use the word "taste" to denote the valuation of amenities broadly.



moments of log travel time and the observed moments. Once I estimate the elasticities of
substitution, I estimate the taste parameters for all the amenity types using the price indexes
and the frequency of visits to each type of amenities.

Equipped with the parameterized model, I show that the differential access to consump-
tion amenities by high- and low-skilled residents contributes to the welfare inequality equiv-
alent of 2.8% of the observed real income gap in 2000. Furthermore, with the spatial sorting
of residents and consumption amenities from 2000 to 2010, welfare inequality increased by
an equivalent of 2% of the concurrent increase in the observed real income gap. I only ac-
count for the differential access to consumption amenities for my welfare inequality analysis.
Spatial variation in amenities such as neighborhood safety, aesthetic value, public goods such
as school quality and infrastructures is not accounted for by this method.

Finally, I show that correctly accounting for spatial diffusion is important for accurately
measuring consumption amenities’ role in driving welfare inequality. First, I show that
assuming the amenity value is restricted within the immediate neighborhoods could lead to
an underestimation of the welfare inequality by skill. The result is largely driven by the fact
that many high-skilled residents live in low-density developments, whose access to amenities
requires a moderate travel time. Assuming away spatial diffusion could lead to a severe
downward bias for the welfare of residents living close to but not right next to an abundance
of amenities. Next, I show that assuming that amenity value diffuses over too broad an area
could lead to an overestimation of the welfare inequality by skill. The result is partially
driven by amenity sorting by local income, which leads to the clustering of amenities in
high-income neighborhoods or MSAs. The abundance of amenity establishments around
high-income neighborhoods or MSAs could inflate the value of amenities with actual weak
spatial diffusion (such as gyms). And vice versa, around low-income neighborhoods or MSAs,
the scarcity of amenity establishments could deflate the value of these amenities, leading to
an overestimation of welfare inequality.

Part of the model introduced in this paper is based on work done by Couture (2016),
who uses observed trip time distribution to assess the value of restaurants using the NHTS
data. My model features a similar treatment of amenity varieties, and I use a similar method
to back out the parameters of elasticities of substitution as in Couture (2016). But in my
paper, instead of focusing on just restaurants, which is only one of the many amenity types, I
expand the scope of analysis by looking at 16 different types of amenities. I demonstrate that
the nature of valuation differs tremendously across amenities. I show that the differential
lengths of time spent at each amenity, the frequencies of visits, and differential monetary
costs of visits all contribute to the different rates of spatial diffusion and the aggregation

weights for different types of amenities.



The rest of the paper is organized as the following: Section 2 shows the time-use patterns
involving amenities. Section 3 describes the model framework. Section 4 discusses the iden-
tification strategies for key parameters. Section 5 discusses data and estimation. Section 6
evaluates the value of consumption amenities using the estimated model. Section 7 discusses

potential caveats. Section 8 concludes.

2 Amenity time-use patterns

First, I use the American Time Use Survey (ATUS) (2003-2015) to document the travel
time, frequency of visits, and the duration of visits involving each type of amenity. The
ATUS program is conducted by the Census Bureau for the Bureau of Labor Statistics. It
provides data on how and where Americans spend their time on various activities, such as
work, travel, and eating. The ATUS provides a highly detailed activity code and locations
in which these activities occur, which allows me to create a crosswalk between the ATUS
activity types and amenity types.

I categorize amenity activities into 16 categories: restaurant and bar, takeout (food),
grocery shopping, non-grocery shopping, gym, medical facility, laundry shop, post office, bank,
worship, car repair, personal care, movie, museum, performance arts, and sports event. |
match activity types in the ATUS data into each of the 16 amenity categories. The details

of the matching are in appendix A.

2.1 Travel time

In Figure 1, I show the average one-way travel time to or from each type of the 16 amenities.
There is a considerable degree of heterogeneity in travel times for different activities. For
example, the mean travel time to restaurants is 20.07 minutes, whereas the travel time to
gyms is only 11.64 minutes.

The differential travel patterns suggest that people likely visit restaurants that are far
from their homes but may simply only visit gyms that are close to them. The differential
sensitivity to distance could be explained if people’s elasticity of substitution for restaurants
is lower than the elasticity of substitution among gyms. In other words, residents value the
variety of restaurants but not as much for gyms. This makes sense because gyms tend to be
highly functional and relatively homogeneous across facilities, while restaurants tend to be
more differentiated.

The differential valuation of variety for different types of amenities would imply that

amenity benefits diffuse differently for different types of amenities. Since people are less



sensitive to the cost of travel when they visit restaurants, a restaurant in a neighborhood
potentially benefits residents over a broad area. In contrast, a gym may only benefit residents
living in the immediate vicinity because people tend to use gyms closest to them.

To confirm that the difference in travel times for different amenities is not driven by
different degrees of sparsity of different amenities, I plot travel time to each amenity estab-
lishment against the rank of establishments by travel time in Figure 2. I do so for four types
of amenities, restaurants, post offices, gyms, museums. The red line represents the average
travel time to restaurants reported in the data. For restaurants, on average, the closest
restaurants are about eight minutes away. But the average trip time is about 20 minutes.
There are, on average, 300 restaurants that are closer than the restaurant 20 minutes away.
In contrast, the closest gym is about as far as the closest restaurant, but the average travel
time reported in the ATUS is only slightly above 10 minutes, much shorter than the average

travel time to restaurants.

2.2 Frequencies of visits

In Figure 3, I show the frequencies of visits per month for various amenities. The frequencies
of visits are extremely uneven across types of amenities. People on average visit restaurants
or go shopping at very high frequencies but go to post offices or cultural sites such as museums
and performing art venues at much lower frequencies. This strongly suggests that certain
amenities matter more to residents than others.

Interestingly, I find striking heterogeneity in frequencies of visits across education and age
groups. In Figure 4 a) b) ¢), I dissect the survey respondents into four demographic groups:
people younger than 40 years of age with or without college degrees and people older than
or at 40 years of age with or without college degrees, and then present the frequencies of
visits for each of these demographic groups.

Residents with college degrees visit restaurants much more frequently than people without
college degrees, and within each education group, younger residents visit restaurants slightly
more frequently. Residents with college degrees go to the gyms much more frequently than
residents without college degrees do. Within each education group, younger residents visit
gyms more frequently. In contrast, frequencies of visits to other amenities such as medical
facilities, banks, post offices, and places of worship differ more by age, where older people
visit these amenities much more frequently than younger people do. Frequencies of visits to
museums and performing art venues seem to differ mainly by education group. The strong
heterogeneity suggests that preferences for each specific type of amenities are likely to differ

by groups.



2.3 Duration of visits

In addition, Figure 5 shows the mean duration (in minutes) that people spend in venues of
each amenity type. Note that the duration of visiting each type of amenity is also highly
uneven across amenities. Recreational activities such as going to the movies, museums,
performing arts, and sports events take longer than two hours on average, whereas errands
like going to the post offices and banks tend to take only a fraction of the time.’

The unevenness of the lengths of visits has two implications. First, the cost of visiting each
type of amenities may be very different. Going to the museums or watching a performance
may be a much costlier event than running errands at the banks. Therefore, if people choose
to visit a certain type of amenities frequently even though visiting them is typically costly,
that would suggest that they value such amenities greatly. Secondly, the heterogeneity in the
length of visits means that the same absolute length of travel time may differ as a percentage
of total time spent associated with each type of amenities. For example, when one decides to
go to a museum, the length of visits is around two hours. Driving 30 minutes is a relatively
small fraction of the overall cost of visiting the museum. On the other hand, visiting the post
office takes less than 10 minutes. Driving 30 minutes to do an errand that itself lasts shorter
than 10 minutes is very costly percentage-wise. Therefore, a long duration of visits could
imply that residents are less sensitive to the traveling time, and thus leading to wide spatial
diffusion of amenity value, whereas a short duration of visits could imply that residents are

more sensitive to traveling time, leading to a more confined spatial diffusion of amenity value.

3 Model framework

Motivated by the facts documented from the ATUS data, I construct a model framework to
rationalize the way people choose amenities. In the model, I allow each resident to choose
bundles of visit frequencies to amenity establishments to maximize utility. A resident faces a
choice set that consists of all amenity establishments located within the MSA that she lives

n.

5T also compute the duration of activities by education and age group. The duration of activities does not
seem to be very different across demographic groups (education and age) in all amenity categories except
laundry shops. The exception in the lengths of visiting laundry shops could be because low-skilled and
low-income residents tend to visit coin laundry, while high-skilled and high-income residents tend to visit
dry-cleaners, which requires significantly shorter waiting time than coin laundry, and thus the difference in
durations.



3.1 Setup

Assume resident ¢ has Cobb-Douglas utility function over the consumption of K different
types of amenities and a numeraire consumption good xg. 6, is the Cobb-Douglas taste
parameter on each composite amenity good k. Each composite good is defined as a CES
aggregation of visits to amenity establishments made by resident ¢. xy; is defined as the quan-
tity of visits to establishment j of amenity type k. X measures the composite consumption
within amenity type k. One could also think of X, as the utility gained from the bundle
of visits (zx1, Tk2, ..., Tks, ). 0k = 1/(1 —p,) is the elasticity of substitution within each
amenity type. This multi-level utility framework is similar to Broda and Weinstein (2006,
2010), Couture (2016), Handbury (2019), Jaravel (2019), and Almagro and Dominguez-Iino
(2020):

xgo HXZ,)’“, where £k =1,..., K
k

1/ py,

Jk
_ E : Pk
J=1

Each time resident ¢ visits amenity establishment j, she has to pay a monetary cost of
visits or service price Py, which is specific to type k.5 Moreover, visiting amenities requires
time inputs: 1. time spent at the establishments h;,” 2. time spent traveling to and from
the establishments ¢;;. 7 is the opportunity cost of the resident’s time in terms of foregone
earnings or the earning equivalent of the foregone utility of staying at home.®

Thus, the resident is subject to the following budget constraint:

K Jg K Jg

k=1 j=1 k=1 j=1

The resident has a realizable source of income I. Her time spent on activities related to

amenities dips into her earnings potential, at the rate of v, which is the opportunity cost of

6Different types of amenity establishments incur different monetary cost of visits. pj is intended to
capture that difference. I abstract away from within-type heterogeneity of service price. For example,
regarding restaurant amenities, I assume that restaurant service costs the same across all restaurants.

Thy, is the time typically spent at amenity type k. For example, a typical visit to the bank is shorter
than a typical visit to a restaurant due to the nature of the activities involved in these visits. For a bank
visit, since the time spent there tend to be short, variation in travel time to and from the bank would be
relatively costly compared to visits to restaurants.

8For people with fixed hours of work, saving time on visits to amenities do not increase the amount of
time used in marketable work hours. But instead, the saved time would be devoted to home leisure (including
home production). If people value leisure, the extra time would increase utility. v would capture the dollar
value of utility gain in home leisure.



each unit of her time. The income net of the total foregone opportunity cost of time is used
to purchase services at each amenity establishment at prices py.
I can rewrite the budget constraint by moving the terms of opportunity cost of visiting

amenity establishment to the left-hand side:

K Jg

k=1 j=1

Now the budget constraint becomes similar to a standard budget equation, with the price
of visiting each amenity establishment being p;x; = pr. + v (hg + t;).2°

The utility-maximization problem can be divided into two sequential steps: 1. solve
the cost-minimization problem for each the composite consumption of each amenity type £
and compute the price indexes P, for each X; 2. given the price indexes, maximize the

Cobb-Douglas utility at the upper level.!!

3.2 Price indexes

By solving the cost-minimization problem of a CES utility, I can obtain the unit cost of the
composite good facing resident 7, which is the price index P,;. The form of the price index

is similar to the one derived in Couture (2016) in a logit framework analyzing the gain from

The main caveat of this model is that some consumption amenities may not require the resident to
actually visit them but are still spatially diffused. Food delivery service is a good example. Living in a
neighborhood with lots of restaurants nearby could be very valuable not necessarily because of the low cost
of visiting them, but also because of the availability of delivery services. Other services such as babysitting
and home repair services may also only be available in areas where demand for these services is abundant.
The benefits of these services are spatially diffused, but the way the amenities spatially diffuse cannot be
empirically inferred from visit and travel time data. Researchers may be able to estimate the value of these
amenities if they have data on who their service providers are and how far the service providers travel to
deliver these services. In the setting of this paper, the consumption amenity bundle excludes these amenities.

10 Another caveat of the model is the Cobb-Douglas functional form assumption. Essentially, I assume
households devote a certain fixed fraction of their resources toward consumption of each type of amenities.
Here, I assume that the taste for each type of amenities is exogenous to the model. One implication of such
an assumption is that different types of amenities are assumed to be neither substitutes nor complements.
One situation that this assumption may be problematic is if there is an increasing number of restaurants
in the surrounding area, then the demand for grocery services may go down. In this case, increasing access
to grocery stores could be less valuable in a place with lots of restaurants. Alternatively, if people tend to
do grocery shopping on the same trip as going to restaurants, then restaurants and grocery stores may be
complements. In this case, access to grocery stores may be more valuable in a place with lots of restaurants.
Under the assumption of Cobb-Douglas, I am assuming that the price index of each type of amenities depends
only on the choice set of the amenity establishments of its own type.

T discuss the cost-minimization and the utility-maximization problem in appendix B.



the density of restaurants:

" 1/(1=0)
e (Z (P + v (B + tij))l_ak> |

One can consider the price index as the inverse of the indirect utility derived from type
k amenity for agent i. The price index aggregates p;x; = pr. + v (hx + t;;), which is the cost
of visiting each amenity establishment j, consisting of monetary service prices p;, activity
time hy, and travel time ;.

The monetary service price p; and activity time hj play very important roles in partially
capturing the heterogeneous spatial diffusion by amenity type. If p, and hj; are very small,
say a bank errand, the cost of visiting a far-away branch of the bank would be very high
on a percentage term, and the resident would be very sensitive to distance when it comes
to running bank errands. On the other hand, if p, and hj are large, say a trip to a nice
restaurant for a long meal, the relative price difference between visiting a place far away and
visiting another place nearby would be small on a percentage term, and the resident would
likely not be very sensitive to distance. Going back to the concept of spatial diffusion, if p;
and h; are large, residents are likely to benefit from the availability of establishments far
away due to the relatively low cost of travel on a percentage term.

The elasticity of substitution o, governs residents’ willingness to substitute visits to
farther (costlier) locations with visits to closer (cheaper) locations. One can consider it as
an inverse measurement of the taste for variety. If o} is small, she is willing to visit distant
locations, which means the amenities at distant locations have a material welfare impact on
her. If o is large, she is then willing only to visit closer locations, which means that the
amenities at distant locations are relatively unimportant. Thus, amenities associated with
larger o5, would tend to have closer diffusion of amenity benefit, whereas amenities associated
with smaller o, would have farther diffusion of amenity benefit. I allow o, to vary across

different types of amenities.

3.3 Aggregation

Given the price index of each amenity type k, the resident maximizes the upper-level Cobb-
Douglas utility. The aggregate indirect utility from all amenities can be written as a lin-
ear combination of negative log price indexes of various amenity types, weighted by Cobb-
Douglas taste parameters 6. Intuitively, the lower the prices of obtaining each unit of

composite amenity, the better off the resident becomes. The indirect utility can be written

10



as follows:

Vi=a+In(l) = 6l (Py). (1)

0, are normalized such that Zle 0, = 1 — 0y, where 0, is the expenditure share on

numeraire goods and a key aggregation weight for welfare analysis.!?

4 Identification

In this section, I discuss how to identify and estimate the model’s key parameters: the
elasticities of substitution o, and the taste parameters for amenities 0, for each

type k.

4.1 'Trip choices

In the amenity choice model, given the choice set, each value of o, maps precisely into a
distribution of amenity choices. I derive the trip choice probability by dividing the demand
(visits) for establishment j by the total demand (visits) to all establishments.'®> The prob-

ability that resident ¢ visits establishment j in a random week is given by the following

equation:
P
. . 1
Pr(jlk,1) = —]_Uk (2)
> j' Pikj’
Given each resident’s location, choice set, and the size of o, the model-predicted amenity

14

choice distribution implies a travel time distribution.”* Given the trip choice distribution

and the travel time between the residents’ home and the establishment, I can compute the

12Note if 0}, is construed as expenditure share, the expenditure share in this context should be interpreted
broadly. Recall that the price of a visit to each amenity establishment includes not only the monetary
expenditure py but also the opportunity cost of time spent on the activities and on travel: v (hg + t;;).
Therefore, spending time on activity k counts as part of the expenditure on activity k. For example, despite
the fact that visits to churches are free, each visit still incurs a substantial cost of time. Therefore, if the
resident has a large 0yorship, she is willing to devote substantial resources to going to church in terms of both
her foregone earnings and the earnings equivalent of her foregone utility at home.

13We know the demand for visiting each amenity establishment is x;x; = 051 —pi;{’;k . This implies the
3’ Fikg!
. . . . . N T N

fraction of time visiting establishment j is Pr (j|k,i) = R SIS

14 A dataset in which I observe an individual’s precise residential location and all the amenity venues that
he visits would enable me to identify o, while controlling for differential choice sets and cost vectors faced
by each individual. Unfortunately, the American Time Use Survey (ATUS) that I use to estimate o does
not provide precise geocode of individuals’ residential locations. As a result, for each type of amenity, I only
observe a cross-section of trip choices made by different individuals over more than a decade. I describe how

I address the problem to estimate o in the next section.
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mean log travel time. The higher o}, is, the more likely the resident would choose the closest
establishment and thus travel a shorter distance, and vice versa. Thus, given amenity type
k, the residents’ amenity choice sets, and price vectors, I can identify o, by matching the

model-predicted mean log travel time with mean log travel time observed in the data.

4.2 Frequencies of visits

Given residents’ choice set, price vectors, and the sizes of o, the taste parameters 6, can be
identified by the frequencies of visits. The frequency of visits to establishment j of amenity

type k is the following:

pzkj
1 O'k
Z pzk]

Summing over all visits for establishment of amenity type k, I can represent the average

Liky = 0l

frequency of visits to all type k£ establishments E (Z ; xikj) as a linear function of 6:

—op
lek] = Hkl E Z pikjak .
Z ! plk}j

I can then write the normalized taste parameter 6, as:

A (3)

9k

I-E Zp;'fﬂg
> Pt

0, =

The size of 6, is identified by the average frequency of visits £ (Z j a:ikj) and the average
1

Zj ikj
l—0oyp
Zjlpzkj

be proportional to the frequency of visits. The average price of visits accounts for how costly

price of visits — - 1t the price of visits to each amenity type £ is identical, 6, would

each type of activity is. Visits to a certain type of amenities may occur at low frequency,
but each visit may be quite costly (e.g., museum visits). In this case, the frequency of visits
by itself may underestimate the actual importance of the activity of interest.

Here are the two extreme cases with which I demonstrate the intuition of how the average

price of visits may depend on oy. If o, = 0 (perfect complement), the average price of visits
Zj Pikj
Jk

substitute), the average price of visits collapses into min {pk1, pr2, ..., Pk, }, Which is the

becomes , which is the average price of visits to all establishments. If o, = oo (perfect

price of visit to the establishment with the lowest price. All other cases in which o5 > 0 are

12



somewhere between the two extreme cases.

5 Estimation

5.1 Data

I construct the empirical moments using a combination of time-use data, geocoded data
of amenity establishments, and trip time data. I construct a price vector for visiting each
amenity establishment of each type of amenity £ from each census tract c. Given the price
vectors, I use the model to generate predicted travel time from each census tract for each
amenity type k. I estimate o, by matching the model-predicted moments of trip time with
the observed trip time. Next, I use the price vectors, the estimated o, and the frequency of
visits to construct moments to estimate 6;.

I use the American Time-Use Survey (ATUS) to measure how frequently people visit
each category of amenities ) ; Tk, the durations of visits hy, and the travel time before and
after each visit (Hofferth, Flood, and Sobek (2018)).

I use the Consumer Expenditure Survey (CEX) data (2003-2015) to recover the mon-
etary costs of visiting various types of service amenity establishments.'> The CEX diary
survey records households spending on small or frequently purchased items or services for
two consecutive one-week periods. This dataset contains the expenditure amount for many
amenity types.

To compute the amenity choice set and the travel time to each of the establishments in
the choice set, I use two sources of data: the Zip Code Business Patterns (ZCBP) provided
by the U.S. Census Bureau and the Google Distance Matrix API. I use the ZCBP data for
the location of amenity business establishments. The ZCBP is a comprehensive dataset at
the ZCTA level developed from the Census’s Business Register. In this data, I can see how
many restaurants, gyms, movie theaters, etc. in each zip code throughout the U.S. I use
Google API and the National Household Travel Survey to impute travel time matrix for the
entire U.S.'® T then combine the ZCBP data with the travel time matrix to construct the
amenity choice set and the price vectors from each census tract.

I use the 2000 Decennial Census and the 2007-2011 ACS data for residential location
data in 2000 and 2010, respectively (Ruggles, Genadek, Goeken, Grover, and Sobek (2015),
Manson, Schroeder, Van Riper, and Ruggles (2017)).17

I5CEX program is conducted by the Census Bureau on behalf of the Bureau of Labor Statistics and
provides data on expenditures of consumers in the United States.

16See Su (2020) for the detailed imputation method.

1T use 2007-2011 ACS for 2010 because it is the last wave of ACS micro-data that contains consistent
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5.2 Price of visits

To conduct the estimation, I need to first construct the price vectors of visits pix; = pr +
v (hg + t;;), which consists of

1. Monetary cost of the amenity services p, (service prices),

2. Opportunity cost of time in these amenities vh,,

3. Opportunity cost of travel to and from these amenities ~?;;.

5.2.1 Monetary cost of amenity services

The monetary cost of the amenity services p, is the money that one spends to acquire the
services at the amenity establishments. For example, for restaurant amenities, the price
that one pays for the meal served is the monetary part of the cost of visiting restaurant
amenities. In the appendix, I describe how I approximate the monetary costs of amenity
services (adjusted for 2010 dollar) for each k using a variety of data sources, including the
CEX.

The measurement of p, needs to be handled with care. If I assume that consumption
spending is determined in a separate decision process along with numeraire consumption
goods xg, the monetary cost of amenities should be excluded in the price of visits. In other
words, the monetary cost of amenities may have already been sunk by the time the agent
chooses where to visit. In that case, the price of visits should just include the cost of time.

One consequence of excluding the monetary cost of amenity service from the cost of visits
is that the percentage variation in the cost of travel time would be larger. Given a value of
0k, a larger percentage variation in the cost of travel time means that the implied choice of
trip time to amenities tends to be shorter. Therefore, to rationalize observed trip times, the
estimates for o, would likely be smaller if I exclude the monetary cost in the price of visits.

I retain the monetary cost of amenities p, for my main estimation. For robustness, I also

report results excluding the monetary costs.!®

MSA geocode with 2000 Census micro-data.

18Note that when the service cost is included in the price of visits, pi should only include the service fee
for consuming services at type k amenity, not necessarily all expenditure incurred during the visits at these
amenities. A good example is grocery shopping. The money that a person spends at the grocery shopping
is to purchase consumption goods for later use, and should not be included as the price of visiting a grocery
store, even though people spend the money at the grocery stores. A good way to think about the cost of a
grocery visit is how much people pay others to purchase groceries for them. The payment is likely to include
the opportunity cost of shopping activity and travel time to and from the stores. The cost of grocery itself
is likely not part of the service fee.
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5.2.2 Opportunity cost of using amenities

A large component of the price of visits comes from the time spent in each activity. As I
have discussed earlier, the variation in the lengths of visits is a major factor that may drive
the varying rates of diffusion of amenity benefit across amenity types, even with identical
elasticities of substitution. To see how the variation in time spent on each type of amenities
can affect the price of visits, see Table 1.

I use the mean length of visits documented in the ATUS as the length of time required
each time a resident engages in these activities h;, and I use the travel matrix to generate
the length of travel time from each person i’s residential location to amenity establishment j:
tij. To estimate oy, I take $24 as the opportunity cost of time . This is the average hourly
earnings taken from the 2007-2011 American Community Survey data. When I estimate 6,

and conduct welfare analysis, I calibrate v by age group and education group estimated from
the ACS data.

5.3 Elasticity of substitution - o

Given oy, I use the equation 2 to generate predicted travel time distribution. I search for
the o such that the model-predicted mean log travel time matches the observed mean log
travel time.

That said, I must be cautious with mapping the mean travel time to the elasticities
of substitution. The potential problem of matching the model-predicted travel time with
observed travel times is that observed travel times is partly determined by residents’ locations
relative to the locations of the amenities. For example, if two people A and B both have a
very high elasticity of substitution for gyms. Person A lives in a remote location far from
gyms, and person B lives close to gyms. Person A would have to drive for a long time
even if she chooses the closest gym, while person B’s travel time to gyms would naturally
be much shorter. If my sample contains many people like person A, then o is likely to be
underestimated. If my sample contains many people like person B, then oy is likely to be
overestimated. The source of bias comes from the fact that people surveyed in the ATUS
data may face very different choice sets from the choice sets constructed for the model.

To address this potential bias, my estimation of o, has to account for the choice sets
that residents surveyed in the ATUS face. Ideally, I would like to use the precise geocode of
these residents’ residential locations, which enables me to recreate their choice sets precisely.
Unfortunately, precise geocode is unavailable in the ATUS data. For that reason, I construct
a method-of-moments (M-M) estimator that accounts for residential location heterogeneity

to some degree by leveraging county- and MSA-level geocodes and demographic information
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reported in the time-use survey.

5.3.1 M-M estimator

In the ATUS data, I observe individual characteristics such as race and education, and
geographic location at the county and/or MSA levels. Conditional on individual i’s personal
characteristics X; (race, college/non-college, and county/MSA) in the ATUS data, I compute
the model-predicted mean log travel time using the spatial distribution of residents across
census tracts - Pr (c|X;) obtained from Census NHGIS data. '

Conditional on living in census tract c, the travel time distribution Pr(¢;|c, k) is the

following:

Pr(tjlc, k) = pk—cjij
Zj’ pk,c;’
The model-predicted log travel time Et\kz = FE (Int|k,X;) for person i can be written as
follows:
Inty = E(Int|k,X,) = Y Pr(cX;)- Y Pr(tle, k) - Int;

c jle
For each observed trip to amenity type k in the ATUS, I use the observed demographic
characteristics X; of each person to generate a model-predicted travel time ¢;. I then search

—_—

for 6, such that the differences between the mean model-generated log travel times In ¢;; and

the observed log travel time In (¢;) over all the individuals are zero.?"

—_—

5.3.2 Results

Table 2 presents the estimates for ;. I report the two sets of estimates in two columns.

Column 1 shows results that include both the cost of time (activity time and travel time)

T compute Pr (c|X;) using population counts at census tract level in 2010 in NHGIS data. X; includes
county /MSA, race and college attainment. By accounting for the heterogeneous spatial distribution of each
demographic group X;, I am able to partially account for the differential choice sets facing each trip choice
in the ATUS observation. To illustrate this intuitively, let’s go back to the example of person A and B
in the last paragraph. Say that demographic group A consists of a large number of people like person A
(living in remote areas) and demographic group B consists of a large number of people like person B (living in
crowded areas). For demographic group A, in expectation, more weight will be put on remote neighboorhood
in generating model-predicted travel time. For demographic group B, in expectation, more weight will be
put on crowded neighborhoods in generating model-predicted travel time. The different spatial weight put
on different demographic groups partial reflects different choice sets facing each group.

20T match log travel time instead of travel time because travel time is likely to resemble lognormal distri-
bution more than it does the normal distribution.
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and the monetary cost of amenity visits. Column 2 presents results that only include the
cost of time but exclude the monetary cost of amenity visits.

There is significant heterogeneity in the sizes of the elasticities of substitution. The
elasticity of substitution is very large for gyms 13.82 (0.36), and it is much smaller for
restaurants 7.50 (0.076), and unsurprisingly it is even smaller for museums 3.69 (0.89). This
confirms the intuition that gyms are highly substitutable among each other, and restaurants
are much less substitutable, and museums are even less substitutable. It is important to
keep in mind that the length of visits to museums is long (more than two hours), which
means even a moderately large elasticity of substitution can rationalize long travel times
associated with visiting museums. The fact that the estimate for 6., useum is sSmall means
that the high cost (low percentage-wise cost of travel) of visits to museums alone is not
enough to rationalize the observed long travel time, and 6, uscum Mmust be small to justify the
observed long travel time associated with visiting museums. In Column 2, which excludes
the monetary cost of visits in the price vector, the estimates for 6, vary in a similar way as
in Column 1 but tend to be smaller. The subsequent analysis would be based on estimates

in Column 1 (including the monetary cost).

Comparison with Couture (2016) Unlikely this paper in which I estimate o for 16
different amenities, Couture (2016) estimates o}, specifically for restaurants using different
methods and data. Fortunately, this provides me an opportunity to compare the magnitude
of my estimates. To do that, I estimate o for restaurant type amenities using my method
and data but calibrate the price of visits in the same way as Couture (2016).2! My estimation
produces Oestaurant = 6.95 (0.070), which is 20% smaller than his estimate of 8.8. If I add
fuel cost to the model (say $2.88 per hour?®), the estimate goes further down to 6.08 (0.06).

Predicted and observed travel time I further validate my estimates for o, by com-
puting the model-predicted travel time distributions and compare them with the travel time
distribution observed in the ATUS data. Given the model parameters, I generate a trip choice

probability for each amenity location given each residential location, which would equiva-

21Couture (2016) results are estimated using the restricted version of the National Household Travel
Survey, in which the exact locations of residents are observed. The access to that information enables one
to know the exact choice set under which each trip decision is made. Therefore, a maximum likelihood
estimation can be implemented in a straightforward way. In this paper, ATUS data do not reveal the exact
geocode of the respondent. Therefore, potentially, the choice sets facing each respondent can be different
depending on the location of their residences. Couture’s way of calibrating the price of visits is also different
from mine. He includes the full expenditure per visit in each restaurant and does not account for the
opportunity cost of time visiting restaurant establishments.

22Couture (2016) mentions that fuel cost for a 12.5-minute trip is about $0.6. I adjust it to approximate
a one-hour trip.
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lently generate a travel time distribution for each residential location. I then aggregate up
the travel time distribution based on the population of each residential location. Figure 6
shows a reasonably good fit of the model-predicted distribution and the data distribution

for log travel time to each of the 16 amenity types.

5.4 Tastes for amenities - 0,

Finally, I estimate the taste parameters for amenities 6, which are the aggregation weights
for amenity types.
I construct the estimator for the taste parameter by constructing the sample analogues

of the mean frequencies of visits and mean price indexes shown in equation 3:

N
22 wai/N
Oy = ————
]- ijikjk /M

’ 1—0
k
- 225 Pigejt

N is the sample size used in the ATUS. M is the population size.

I calibrate price indexes differently for the four demographic groups, young (<40 years-
old)/old (>=40 years-old) and with/without college degrees, as I do in the estimation section.
For each demographic group, I take the average annual income from the ACS national data
as I;.. I use the American Community Survey 2007-2011. I take the sample of people who

work positive hours.??

5.4.1 Results

Unlike the duration of visits or lengths of travel time, the frequencies of visits differ across
education attainment and age. Therefore, I estimate 6, separately for people younger than
40 years of age with or without college degrees and people older than or at 40 years of age
with or without college degrees. The results are shown in Table 2. The taste parameters
across amenity types are far from even, with restaurants and non-grocery shopping having

the largest weights.

23The hourly earnings of young workers with college degrees: $27.84; young workers without college
degrees: $13.31; old workers with college degrees: $44.29; old workers without college degrees: $21.90. The
average income of young and with college degrees: $60537.11; young and without college degrees: $26766.26;
old and with college degrees: $96316.36; old and without college degrees: $44867.46.
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6 Value of consumption amenities

6.1 Spatial diffusion

With o, and 0, estimated, I proceed to analyze the value of amenities through the lens of the
model. I first evaluate the spatial diffusion of the value of amenities. I conduct counterfactual
exercises in which I add an additional amenity establishment onto a location and compute
the model-predicted effect on the welfare value of residents living at various distances to the
newly added establishment.

As mentioned previously, residents’ indirect utility is a weighted sum of the price indexes
of 16 composite amenity goods. The price index is a CES aggregation of the prices of visits
to all available amenity establishments (all J; of them) from the point of view of residents

living in census tract c:

" /(-0
Fier, = (Z (D + i (T + tcj))10k> :

j=1
As I add one more establishment .J, + 1 onto the map, it should result in a new price
index that reflects such addition. The following is the expression of the new price index at

census tract ¢ after the addition:

, 1/(1-a)
- - _ 1—0op — l1—0oy
Pick = (Z Pk +7i (hie +1;)) 7" + Dk + i (B + teg+1)) > -

j=1

I then compute Aln (Rck) for each census tract ¢ in the same MSA as the newly added
establishment. The magnitude of the effect depends on how close census tract ¢ is from
the location of the addition ?. j_ i1, size of oy, size of hy, and the total number of existing
establishments within the MSA. The effect of adding a new restaurant is likely to be very
different from the effect of adding a new gym or a new museum.

The impact of the addition on the welfare value is weighted by the taste parameter of

amenity type k:

AVie = =0 A0 (D)

A

Because the marginal utility of log income is 1 (equation 1), Vj. is measured in the

equivalent log income unit.
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6.1.1 Results

To demonstrate how the effect of a new establishment diffuses across space, I pick out four
types of amenities that exhibit different rates of diffusion: restaurant, gym, laundry shop,
and museum. For each type of amenities, I add in a new establishment in downtown San
Francisco (zip code 94103). I compute the change in the price indexes in all census tracts in
the same MSA, assuming +, is identical across residents and equals $24.

I normalize the overall size of the effect by dividing the changes in the value of amenities by
changes in the closest census tract to the newly added establishment.?* I plot the normalized
effect of the new amenity establishment in Figure 7 against the travel time between the census
tract and the new amenity establishment.

Note that the value of a new laundry shop declines at a very fast rate with distance
to the affected location, disappearing only as far as 10 minutes away. The value of a new
gym diffuses slightly more slowly, disappearing about 20 minutes away. The value of a new
restaurant is much more spread out, with the value extending as far as 30 minutes away,
and the effect does not disappear even 60 minutes away. The value of a new museum is the
most spread out, extending much of its value as far as 60 minutes away. In other words, a
museum benefits people throughout the MSA, even those who live very far away.

The sharp decline in amenity value with distance for a laundry shop is, for the most
part, due to the large size difference in o,. The second reason is that the length of trips
to museums is typically very long, which makes the percentage variation in the cost of
trip time to museums relatively small. Another reason is that the MSA-wide number of
museums is typically much smaller than either the number of restaurants or gyms and are
more concentrated near downtown San Francisco. For residents that live outside of San
Francisco, there are not many alternative museum choices near them. A large number of
museums are already in San Francisco. If residents far away from the treated location have

a lot of museum choices near them, then the rate of diffusion would be lower.?

6.2 Welfare inequality

Finally, I aggregate the price indexes to evaluate the contribution of the differential spatial
access to amenities on welfare inequality. I use the indirect utility equation to compute
the welfare difference for high-skilled (college-educated) and low-skilled residents due to the

locations of residents and amenities.

24The normalized effect should be 1 at the closest census tract and decline the farther the census tracts
are from the location where the new establishment is added.

25See Figure A2 in the appendix for the same exercises where the additions occur in Midtown Manhattan
and West Los Angeles.
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First, for low-skilled residents in each location of residence and time, I assign the con-
temporaneous price indexes based on the location and compute the indirect utility by aggre-
gating these indexes based on their taste parameters. I compute the actual mean utility for
low-skilled residents Ey ; (V1.+) by aggregating over low-skilled residents’ spatial distribution.

Then, I calculate low-skilled residents’ counterfactual mean utility if they were to live
where high-skilled residents live and thus have the same access to amenities that high-skilled
residents have. I aggregate the utility calculated for low-skilled residents over high-skilled
residents’ spatial distribution to obtain the counterfactual mean utility Ep;(V5:). The

counterfactual utility gain will be given by the following equation:

Epy (Vig) = Epy (Vi) = =Y 0% (Eyy (In Pagy) — Epy (In Pagy)) - (4)
k=1

The utility gain calculated by the above equation represents how much low-skilled res-
idents’ welfare would have increased if the access to amenities were to be equalized across
residents of different skills. In other words, the number measures the degree of implied welfare
inequality that is driven by the differential access to consumption amenities by skill. Since
the marginal utility of log income is 1, the welfare inequality calculated above is measured

in log income unit.

6.2.1 Spatial sorting of residents and amenities (2000 - 2010)

I start the welfare exercise by calculating the welfare inequality due to differential access
to consumption amenities in 2000. Table 5 shows that in 2000, the differential access to
amenities accounts for an equivalent of about 0.93 percentage point of the observed income
gap by skill. For comparison, in 2000, high-skilled workers earn 62.5% higher income than
low-skilled workers. After adjustment of local difference for cost of living, the real income
gap by skill is 33% in 2000.2° The welfare gap driven by the differential access to amenities
is equivalent to about 2.8% of the real income gap in 2000.

From 2000 to 2010, due to the two-sided sorting of residents and amenities, the implied
welfare inequality increased to an equivalent of 1.04 percentage point change in income, which
is a 0.11 percentage point increase. Over the same period, the real income gap increased
to 38.5%, which is a 5.5 percentage point increase. The increase in the welfare inequality

driven by two-sided sorting is equivalent to about 2% of the concurrent increase in real

26T compute the log real income by adjusting the log income with local log rents. I calculate rents using the
same method introduced in Diamond (2016). I use the same budget share for rent: 0.62 used in Diamond’s
paper, which is calibrated from Moretti (2013).
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income inequality.?’

One important reason for my relatively small implied welfare inequality number is that
my method only attempts to capture access to the 16 consumption amenities included in
the analysis. Many important amenities such as neighborhood safety, aesthetic value, public
goods such as school quality and infrastructures are not accounted for by this method. In the
next subsection, I further show that accounting for spatial diffusion can also have a material

impact on welfare results.

6.2.2 The role of spatial diffusion

The key feature of my model is that it accounts for spatial diffusion of consumption amenity
benefit in a micro-founded way. It turns out that correctly accounting for spatial diffusion is
crucial for accurately capturing the role of the access to consumption amenities’ in welfare
inequality. I demonstrate the importance of accounting for spatial diffusion by presenting
alternative results with two extreme calibration exercises. In the first calibration exercise, I
set o, of every amenity type to 15, a very high number, so that amenity value hardly diffuses
beyond its immediate surrounding neighborhoods. In the second exercise, I set o of every
amenity type to 3, a very low number, so that amenity value diffuses broadly over a very
large area. I show that both exercises lead to large inaccuracies in assessing amenities’ role
in welfare inequality.

I first discuss the first exercise, in which I set o, of all amenity types to 15. This means
that the amenity value of every type disappears quickly as distance increases. In this exercise,
the implied welfare inequality and the increase in welfare inequality are both smaller than
the baseline numbers. The intuition for this result is that in this case, a residents’ welfare
is assumed to be determined by how close the closest amenity establishment is from them.
Residents’ welfare is high if they can find any amenities close enough to them. The number
of varieties does not matter as much, as establishments are highly substitutable. However,
many of the high-income neighborhoods in the U.S. are low-density type developments and
tend to require some travel time to reach the closest amenities, even though the travel time
tends to be reasonably short. The prevalence of such a low-density layout means that the
current calibration scheme, which sharply discounts the value of amenities at even a slight
distance, could dampen the welfare benefit of amenities, especially for high-skilled residents,
and lead to a downward bias for welfare inequality.

In the second calibration exercise, I set o, of all amenity types to 3. In this exercise, the

2TTable Al shows the contributions of individual amenity types to welfare inequality and its change over
time: 9£ (Egt(InPeky) — Ery (In P y)). Both the levels of welfare inequality and the increase are driven
by access to restaurants and non-grocery stores, owing largely to their large aggregation weights.

22



amenity value would diffuse over a very broad area. The implied welfare inequality and the
increase in welfare inequality are both much larger than the baseline numbers. The intuition
for this result is that a residents’ welfare is determined largely by the number of varieties
of amenities over a very broad area. In contrast to the first case, if the high-income side of
a city has convenient access to a great selection of amenities compared to the low-income
side of the city, the exercise would capture such spatial disparity into the welfare inequality.
However, having too much spatial diffusion built into the model could lead to bias in the
presence of amenity sorting. For example, high-income neighborhoods tend to have a larger
number of gyms due to higher demand for gym facilities. But residents tend to only travel
to the gyms close to them, and the number of available gym varieties per se does not have
much welfare impact on nearby residents. If we erroneously set o) too low, the model would
overestimate the welfare benefit of gyms in high-income neighborhoods and underestimate

the welfare benefit of gyms in low-income neighborhoods.

7 Caveats

Despite the intuitive micro-foundation and straightforward estimation procedure, the method
used in this paper does have a number of important caveats. I elaborate on these caveats in

this section.

7.1 Alternative consumption amenities

First, the basic assumption of the model is that the consumption amenity benefits residents
by lowering the price indexes of wisits. However, there are other consumption amenities
that are spatially diffused but may not manifest themselves in visit patterns. Food delivery
service and home repair services are good examples. Living in a neighborhood with lots
of restaurants or lots of available home repair services may also be valuable. While these
amenities are also spatially diffused, they cannot be empirically accounted for from visits.

Therefore, I must exclude these amenities from my model.

7.2 Measurement of variety

In the model, I take the number of establishments as the measurement of variety. Doing so
assumes that every establishment represents a distinct variety. Whether this is an appro-
priate assumption depends on how dissimilar establishments are to one another. Take two
McDonald’s restaurants for a demonstration. In my model, the two McDonald’s restaurants

represent two distinct varieties. If residents were to choose between the two McDonald’s,
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they would most likely choose the McDonald’s closer to them. The model would infer a very
large o for restaurant amenities. In another case, if the same residents were to choose be-
tween a Thai bistro and a McDonald’s, residents may split their choice probabilities between
the Thai bistro and McDonald’s because these two restaurants are very dissimilar. Thus,
the model would infer a very small o.

Therefore, o captures both the degree of dissimilarity between the choices and the
degree of substitution among options given a certain degree of similarity. Given a choice
set of establishments under each amenity category, the o would be specific to the average

degree of dissimilarity among the establishments of interest.

7.3 Heterogeneous quality and cost

The study abstracts away from the quality and the cost differences between the establish-
ments, which could further contribute to welfare inequality. Unfortunately, I do not observe
the quality and cost for different establishments.

In particular, the research abstracts away from congestion cost. Consumption amenities
may be rival goods, especially when they are used at capacity. If demand exceeds amenity’s
capacity, the congestion force creates waiting time, which is costly. The residents would
internalize the congestion cost when they make amenity choices. Given the congestion force,
adding amenities could lower overall waiting time and thus yield welfare benefits. The
assumption of my estimation and welfare valuation is that in the equilibrium observed in
the data, congestion force is absent or unimportant. Ideally, I should allow waiting time
to a function of underlying demand for each establishment and estimate the shape of the
congestion function. Unfortunately, since I do not have data on congestion in amenity usage,

such implementation is infeasible.

7.4 Cross-type substitutability and complementarity

Finally, by assuming a Cobb-Douglas utility, I implicitly assume that the elasticities of sub-
stitution across different types of amenities are one. Therefore, the utility derived from each
amenity k only depends on the spatial distribution of amenity establishments of own amenity
k and not any other amenities. However, the assumption may be violated if some degree of
substitutability and complementarity exist among amenity types. Albouy, Christensen, and
Sarmiento (2020) find evidence for complementarity between local public goods. They show
that local law enforcement /safety and park, which are local public goods, are complementary.
An example in the context of consumption amenity would be potential complementarity be-

tween restaurants and stores. If people like to bundle multiple purposes such as going to
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restaurants and shopping into one trip, the presence of restaurants may increase demand for
shops as well. Alternatively, if the presence of restaurants makes residents cook less, it may

decrease demand for grocery stores. My assumption precludes such possibilities.

8 Conclusion

In this paper, I take an alternative approach to assessing the value of local consumption
amenities using people’s time-use patterns. I show that my approach can overcome two dif-
ficulties of evaluating the value of consumption amenities: spatial diffusion of amenity value
and the estimation of the aggregation weights. I first motivate my approach by documenting
how people spend their time at different types of amenities, in terms of their frequencies of
visits, duration of each visit, travel time to and from the amenity venues. I find that the
travel time to and from the amenities vary significantly across different types of amenities,
which suggests that for different types of amenities, the amenities’ value diffuses very differ-
ently. I also find that the frequencies of visits and the duration of the visits vary significantly
across different types of amenities. I argue that the heterogeneity of time devoted to each
type of amenities reveals how people value different types of amenities differently.

Motivated by these findings, I construct a model that rationalizes how people make
amenity choices, characterized by their choice of travel time and their frequencies of visits.
The model can predict different rates of spatial diffusion and can be empirically linked to
time-use patterns, which are observable in the data. I then estimate key model parameters
using a combination of the American Time Use Survey, Zip-Code Business Patterns, which
provide amenity locations, and a travel time matrix.

With the estimated model, I show that the differential access to consumption amenities
between high- and low-skilled residents leads to a welfare inequality equivalent of 2.8% of the
observed income inequality by skill in 2000. With spatial sorting of residents and amenities
between 2000 and 2010, the welfare inequality increased by an equivalent of 2% of the con-
current rise in income inequality. I then show that properly accounting for spatial diffusion
of consumption amenities is important in correctly measuring consumption amenities’ role
in welfare inequality.

I end the analysis with a discussion of the caveats of the proposed model. A key limitation
of the model is that I can only measure the amenity value of consumption amenities where
residents derive utility by visiting. Other amenities, such as neighborhood safety or school
quality, cannot be measured by this method. Furthermore, because of my reliance on the
ATUS data and the ZCBP data, I cannot observe the quality, the precise genres, and the

brands of the establishments that the residents visit. Thus, my analysis cannot account for
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the quality difference of the amenities and have to rely on the number of establishments as a

measure of variety. Finally, my method precludes the possibility that different amenity types

may be substitutes or complements with each other, such as grocery stores and restaurants.

Future researchers can revisit and address these caveats with geocoded transactional-level
data.
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Figure 1. Mean travel time associated with 16 types of amenities
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Figure 2: Travel time and rank by proximity

Restaurants Museum
_/ ch
&
=) =81
E E
o
Q Q T
£ £
= =g
g N
I @
= =E
O+ O+
T T T T T T T T T T T T
0 100 200 300 400 500 0 5 10 15 20 25
rank by proximity rank by proximity
Post offices gym
o |
o | N
™
=) =
S g
vo | N—
o N (4]
E ES-
(= ~
O O
T T T T T T T T
0 10 20 30 0 10 20 30
rank by proximity rank by proximity

Notes: | select 4 of the 16 amenity types for the above figures. For each census tract, | search for all the amenity establishment within
each amenity type, and rank each amenity by proximity (travel time), and | plot mean travel time against the proximity rank. The red
line represents the average travel time reported in the ATUS data.
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Figure 3: Frequency of visitsto 16 types of amenities

Restaurant and bar
Takeout

Grocery shopping
Non-grocery shopping
Gym

Medical facility
Laundry shop

Post office

Bank

Place of worship
Car repair shop
Personal care
Movie theater
Museum
Performing art
Sports event

0 2 4 6 8 10
Frequency of visits (per month)

Notes: The data source isthe American Time Use Survey (ATUS) 2003-2015. The statistics are generated with observations pooled across al
surveys during these years. | categorize activities reported in the ATUS into 16 amenity categories. The classification table is shown in the appendix.
The frequency is computed by dividing the total number of visits by the total number of day/case multiplied by 30.
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Figure 4: Frequency of visitsto 16 types of amenities— by education attainment and
age
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Notes: The data source 1s the American Time Use Survey (ATUS) 2003-2015. The statistics are generated with
observations pooled across all surveys during these years; écategoﬂze activities reported i the ATUS nto 16
amenity categories. The classification table is shown in tsé appendix. I further divide the sample into those with
college or without college degrees, and those younger than 40 years old and those at least 40 years old. The frequency
1s computed by dividing the total number of visits by the total number of day/case multiplied by 30.



Figure 5: Mean length of visitsto 16 types of amenities
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Notes: The data source isthe American Time Use Survey (ATUS) 2003-2015. The statistics are generated with observations pooled across all
surveys during these years. | categorize activities reported in the ATUS into 16 amenity categories. The classification table is shown in the appendix.
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Figure 6: Model-implied travel time distributions and the ATUS data
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Figure 7: Differential rates of spatial diffusion (Downtown SF — Zip code: 94103)
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Notes: | plot the model-implied effects of adding an additiona establishment on levels of amenities. | normalize the
treatment effect for each amenity type by the treatment effect on the closest census tract (each curve sartsout as 1). In
this graph, the treatments occur in zip code 94103, which is located in Downtown San Francisco.
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Table 1. Components in the costs of visit

Monetary Costof time Cost of visit  Cost of visits  Cost of visits  Percentage
cost  spentonsite (netof travel (travel time: 10  (travel timg:  differencein
cost) mins) 30mins)  costofvists
(10 vs. 30 mins)

Restaurant and bar 8.83 22.84 31.67 35.67 43.67 22%
Takeout 8.83 3.58 12.41 16.41 24.41 49%
Grocery shopping 0 16.63 16.63 20.63 28.63 39%
Non-grocery shopping 0 18.98 18.98 22.98 30.98 35%
Gym 10.45 23.90 34.35 38.35 46.35 21%
Medical facility 28.05 23.85 51.90 55.90 63.90 14%
Laundry shop 6.69 20.55 27.24 31.24 39.24 26%
Post office 0 3.16 3.16 7.16 15.16 112%
Bank 0 5.55 5.55 9.55 17.55 84%
Place of worship 0 37.11 37.11 41.11 49.11 19%
Car repair shop 73.49 14.05 87.54 91.54 990.54 9%
Personal care 18.90 24.17 43.07 47.07 55.07 17%
Movie theater 7.35 53.81 61.16 65.16 73.16 12%
Museum 3.70 50.95 54.65 58.65 66.65 14%
Performance arts 2.14 57.28 59.42 63.42 71.42 13%
Sports event 4.76 57.36 62.12 66.12 7412 12%

Notes. See the paper for the description and data source for the monetary costs of visits for each amenity type. Cost of time
spent is computed by multiplying the mean lengths of visits with $24, which is the average hourly wage.
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Table 2: Estimates for o«

Monetary cost of Monetary cost of
visitsincluded visits excluded
Restaurant and bar 7.50*%** 6.066** *
(0.076) (0.059)
Takeout 7.30*** 4.33***
(0.092) (0.047)
Grocery shopping 7.92%** 7.92%**
(0.057) (0.057)
Non-grocery shopping 6.53*** 6.53***
(0.042) (0.042)
Gym 13.82*** 10.58***
(0.36) (0.27)
Medical facility 1.11*** 4.26%**
(0.22) (0.12)
Laundry shop 16.53*** 13.41***
(0.74) (0.58)
Post office 32.35 32.35
(103.35) (103.35)
Bank 4.87*** 4.87%**
(0.11) (0.11)
Place of worship 10.07*** 10.07***
(0.14) (0.14)
Car repair shop 18.80*** 5.14***
(0.74) (0.16)
Personal care 12.17*%** 8.044***
(0.38) (0.24)
Movie theater 12.01*** 10.87***
(0.48) (0.43)
Museum 3.69*** 3.52%**
(0.89) (0.85)
Performance arts 10.30*** 10.018***
(0.83) (0.80)
Sports event 11.80*** 11.098***
(0.81) (0.76)

Notes: The left column reports the estimates for ok assuming
that monetary cost isincluded in the cost of visits. Theright
column reports the estimates for ok assuming that monetary cost
is excluded in the cost of visits. The subsequent analysisin
model experiment would be based on the estimates on the left

column.
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Table 3: Estimates for the taste parameters 6k

Overdl <40 and with <40 and without  >=40 and with  >=40 and without
college degree  college degree college degree college degree

Restaurant and bar 7.43*** 9.35*** 8.58* ** 7.89%** 6.57***
(0.032) (0.010) (0.076) (0.066) (0.048)

Takeout 1.93*** 2.28*** 3.44*** 1.50*** 1.60***
(0.012) (0.036) (0.038) (0.020) (0.018)

Grocery shopping 3.11x** 3.27%** 2.52%** 3.74*** 3.20***
(0.016) (0.050) (0.030) (0.038) (0.026)

Non-grocery shopping 7.43%** 8.052* ** 7.17%** 8.60* ** 7.070***
(0.025) (0.074) (0.050) (0.056) (0.038)

Gym 0.93*** 1.65*%** 1.081*** 1.27%** 0.50* **
(0.012) (0.048) (0.030) (0.030) (0.014)

Medical facility 1.98*** 1.1659*** 1.79*** 1.77%** 2.60***
(0.023) (0.051) (0.051) (0.042) (0.041)

Laundry shop 0.33*** 0.30*** 0.41*** 0.34*** 0.31***
(0.0067) (0.019) (0.016) (0.014) (0.010)

Post office 0.12x** 0.069* ** 0.056* ** 0.16*** 0.16***

(0.0021) (0.0046) (0.0029) (0.0049) (0.0037)

Bank 0.20*** 0.25 *** 0.24*** 0.35*** 0.30***

(0.0040) (0.011) (0.0073) (0.0096) (0.0063)

Place of worship 3.96*** 3.11x** 3.068* ** 4,33 ** 4.64***
(0.026) (0.070) (0.047) (0.059) (0.043)

Car repair shop 0.85*** 0.89*** 1.080*** 0.89*** 0.85***
(0.018) (0.053) (0.053) (0.036) (0.030)

Personal care 0.70*** 0.83*** 0.77*** 0.73*** 0.67***
(0.012) (0.038) (0.029) (0.025) (0.67)

Movie theater 0.82*** 1.094%* ** 1.32%** 0.88*** 0.47***
(0.016) (0.053) (0.041) (0.034) (0.018)

Museum 0.20*** 0.47*** 0.17*** 0.32*** 0.093***
(0.0078) (0.036) (0.015) (0.022) (0.0083)

Performance arts 0.44*** 0.63*** 0.35*** 0.69* ** 0.32x**
(0.011) (0.041) (0.021) (0.031) (0.015)

Sports event 0.80*** 0.97*** 1.20*** 0.86*** 0.53***
(0.016) (0.051) (0.039) (0.035) (0.020)

Notes: The reported values are estimates for the taste parameters 6k for the 16 types of amenities. All estimates are
percentage points (6« x 100). Standard errors reported in parentheses. For the estimatesin the first column (overall
estimates), | normalize ¢ with overall mean income taken from the ACS 2007-2011, $50403.01. For the estimatesin the
other columns, | normalize 6 with mean income measures for each subgroup taken from the ACS 2007-2011. For <40 age
& college, | use $60537.11 as the mean income measure; for <40 and without college degree, $26766.26; for >=40 and

with college degree, $96316.36; for >=40 and without college degree, $44867.46.
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Table 4: Welfare inequality due to access to amenities

Unit: 100 x In (V)
2000 2010 2000 - 2010 % 2000-2010
Baseline 0.93175 1.0399 +0.10815 + 11.61%
c=3 1.48441 3.2462 + 1.76179 + 118.69%
c=15 0.59236 0.63836 + 0.04599 + 7.75%

Notes: | compute the welfare inequality between high-skilled and low-skilled residents. The
residents include those aged between 25 and 65. High-skilled residents are defined as residents
with college degrees, and low-skilled residents are defined as residents with no college
degrees. Welfare inequality is calculated as the difference between the counterfactual mean
utility of low-skilled residentsif they are spatially distributed in the same way as high-skilled
residents and the mean utility of low-skilled residents based on their actual spatial distribution.
The first row presents welfare results with ¢ calibrated to the value estimated for each amenity
type. In the second and third row, | calibrate o to 3 and 15, respectively.
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Appendix for Online Publication

A Matching NAICS codes into amenity categories

I use Zip Code Business Patterns (ZCBP) as the source of the geographic location of con-
sumption amenities. ZCBP records the counts of business establishments by the ZCTA and
by the NAICS industry code. In this section, I demonstrate how I match the NAICS code
into the 16 amenity categories.

In the following table, the left column lists the 16 amenity categories. For each category,
I list the corresponding NAICS code matched with it.
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NAICS codes

category).

Restaurant and bar
Takeout
Grocery shopping

Non-grocery shopping

Gym
Medical facility

Laundry shop
Post office

Bank

Place of worship

Car repair shop

Personal care
Movie theater
Museum
Performing art

Sports

722 - - -
722 - - -

445120, 445110, 445210, 445220, 445230, 445291
445292, 445299, 445310, 446110, 446120, 446130
446191, 446199

448110, 448120, 448130, 448140, 448150, 448190
448210, 448310, 448320, 451110, 451120, 451130
451140, 451211, 451212, 452210, 452311, 452319
453110, 453210, 453220, 453310, 453910, 453920
453930, 453991, 453998

713940, 713920, 713990, 713910

621111, 621112, 621210, 621310, 621320, 621330
621340, 621391, 621399, 621410, 621420, 621491
621492, 621493, 621498

812320, 812310

491110, 492110

522110, 522120, 522130, 522190

813110

811111, 811112, 811113, 811118, 811121, 811122
811191, 811192, 811198

812111, 812112, 812113, 812191, 812199

512131

712110, 712120, 712130

711110, 711120, 711130, 711190

711211, 711212, 711219

Matching ATUS activity codes into amenity categories

In the American Time Use Survey (ATUS), activities recorded in the data is classified in
a six-digit code. The code is designed in a highly detailed fashion, and therefore, multi-

ple categories of activities may be classified as similar activities (within the same amenity

In the following table, the left column lists the 16 amenity categories. For each category,

I list the corresponding ATUS activity codes matched with it.
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Activity code

location of the activity

Restaurant and bar
Takeout

Grocery shopping
Non-grocery shopping
Gym

Medical facility
Laundry shop
Post office

Bank

Place of worship
Car repair shop
Personal care
Movie theater
Museum
Performing art

Sports

A.2

Restaurant /bar

110101, 110201, 110299

70103

70101

70104, 70105, 70199, 70201

130101, 130102, 130103, 130104, 130105,
130108, 130109, 130110, 130113, 130114,
130117, 130119, 130120, 130121, 130122,
130124, 130125, 130126, 130127, 130128,
130130, 130132, 130133, 130134, 130135,
130199, 130301, 130399, 130401

80401, 80403, 80499

20102

20903

80201, 80202, 80203, 80299

140101, 140102, 140103, 140105, 149999
90501, 90502, 90599

80501, 80502, 80599

120403

120402

120401

130201, 130202, 130203, 130204, 130205,
130207, 130209, 130210, 130212, 130213,
130215, 130216, 130217, 130218, 130219,
130221, 130222, 130223, 130224, 130225,
130227, 130229, 130232, 130299, 130302,
130402, 139999

Monetary cost of amenity visits

130107,
130115,
130123,
130129,
130136,

130206,
130214,
130220,
130226,

104
104
N/A
N/A

112

N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A

N/A

For restaurants/bar (including to-go services) amenities, I use the CEX expenditure diary

to compute the average per-person expenditure per week on eating outside ones’ home.

281

28CEX spending categories attributed to restaurant/bar: lunch at fast food, lunch at full service, dinner
at fast food, dinner at full service, snacks at fast food, snacks at full service, breakfast at fast food, breakfast
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then divide the value by the average frequencies of visiting restaurants (documented from
ATUS) to impute the average spending on each meal per person. I use the imputed average

spending on outside meals as the monetary cost of restaurant services.
Grocery and non-grocery shopping

For grocery and non-grocery shopping, I do not include the monetary expenditure of
shopping as part of the cost of visits. This is because the expenditure incurred during
shopping activities is for the consumption goods purchased during these activities, not for
the permission to engage in shopping activities or services provided during the shopping
activities. A shopper typically does not need to pay an entrance fee or service fee to walk
around supermarkets or shopping. In this paper, I assume the primary cost of shopping is

the cost of the time spent on shopping.
Medical facilities, laundry, car repair, personal care, and gym

Visiting hospitals and other medical facilities usually incurs some amount of out-of-pocket
costs. These costs could vary by quite a lot, depending on the exact purposes of the visits.
In this paper, I approximate the out-of-pocket cost of visiting medical facilities using the
CEX expenditure diary and divide it by the frequency of visits documented in ATUS.? The
cost of visiting medical facilities do not include insurance costs.

For laundry?’, car repair®!', and personal care’?, I approximate the monetary cost of visits
using data straight from CEX data and divide them by the frequencies of visits from ATUS.

For gym activities, gym due is the natural candidate for the monetary cost of visiting
gyms. I approximate the per-visit cost of going to gyms by dividing the average monthly gym

due by the average frequency of visits per month by gym members.?? I impute the frequency

at full service, beer at fast food, beer at full service, wine at fast food, wine at full service, alcoholic beverage
excluding beer/wine fast food, alcoholic beverage excluding beer/wine full service.

29CEX spending categories attributed to the out-of-pocket medical expenditure: physicians’ services,
dental services, eye exams, treatment or surgery, glass/lens service, glasses repaired, lab tests and x-rays,
services by medical professionals other than physicians, hospital care not specified, care in convalescent in
nursing home, other medical care service, such as ambulance service.

30CEX spending categories for laundry: apparel laundry and dry cleaning - coin-operated, alteration,
repair, tailoring of apparel, and accessories, apparel laundry and dry cleaning not coin operated.

31CEX spending categories for car repair: miscellaneous auto repair and servicing, body work, painting,
repair and replacement of upholstery, vinyl/convertible top, and glass, clutch and transmission repair, drive
shaft, and rear-end repair, brake work, excluding brake adjustment, steering or front end repair, cooling
system repair, motor tune-up, lubrication and oil changes, front end alignment, wheel balance and rotation,
shock absorber replacement, brake adjustment, gas tank repair and replacement, exhaust system repair,
electrical system repair, motor repair, and replacement.

32CEX spending categories for personal care: personal care services for females, including haircuts, per-
sonal care services for males, including haircuts.

33https: / /www.healthline.com /health-news/gym-memberships-can-be-a-trap
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of visits per month by gym members by dividing the frequency of visits estimated (0.88)
from the overall population by the share of the U.S. population that have gym memberships

(16%).
Post office, bank, and places of worship

I assume no monetary cost associated with visiting post offices, banks, or places of wor-
ship. Similar to the reasoning for not including the monetary cost for shopping activities,
the money one spends at post offices or banks is typically in exchange for postal services or
banking services, which serves customers far beyond the premise of the visits itself. I assume
that there is no monetary cost associated with visiting post offices and banks. I assume that
visiting places of worship (churches, mosques, temples, synagogues, etc.) does not incur any

monetary cost, either.
Movie, museum, performing art, and sports

I use data from the National Association of Theatre Owners to compute the average ticket
price in the United States and use it as the monetary cost of seeing a movie.** I use the
average art museum admission price reported by the Association of Art Museum Directors
to approximate the monetary cost of visiting museums.** I impute the cost of visiting sports
events by dividing the CEX expenditure on sports events by the average frequency of visits
to sports events documented in the ATUS.

Statistics regarding the mean admission price of performing art events are difficult to
come by. The CEX does not have a precise spending category for performing art events.
The closest category is "admission fees for entertainment activities, including lectures, movie,
theatre, concert." I make the assumption that this category includes spending related to
movies, museums, and performing art events. Since I acquire movie ticket and museum
ticket information from outside the CEX, I am able to impute the expenditure amount on
performing art using movie and museum ticket prices, frequencies of visits to movies and

museums, and the overall expenditure on the broad category in the CEX.

B Two-step utility-maximization problem

I solve the utility-maximization problem in two steps.

34 National Association of Theatre Owners website: http://www.natoonline.org/data/ticket-price/
35 Art Museums by the Numbers:
https://aamd.org/sites/default/files/document /Art%20Museums%20By%20The%20Numbers%202015.pdf
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B.1 Step I: Solve for minimal cost function for the CES composite

amenity good

First, I minimize the cost of achieving any level of consumption amenity X;. Given the
size of target consumption amenity X, the cheapest way to obtain that level of X is the

solution of the following cost-minimization problem:

Jk

min E Prj Tk

Tkl sLkJ -
Y Y k j:l

I, 1/py,
s.t. (Z ng;> > X
j=1

1/(1—0%)
Using standard CES solution steps, the cost function is ¢(pg, Xx) = (Zji ) p,‘i}"’“)

which is linear in X;. This means the cheapest way to produce each unit of composite amenity
1/(1—0%)
good X, costs (Zji . p,i?”“)

also be understood as a form of price index of amenity type k.

k>

per unit. This unit cost of composite amenity good can

B.2 Step II: Maximize Cobb-Douglas utility given the unit cost

of composite amenity good

Once I get the unit price of each type of composite amenity good X, I treat each composite
good X} as if it is a homogeneous good on its own, and solve for the utility-maximizing
demand for each good. In this setting, a consumer faces K different amenity goods, each

with price P,. Using the standard Cobb-Douglas solution, the demand for each good is:

T 1/(1-0y)
ek] 1—0']€
X = B where P, = (;pkj >

where g = 01 .

The indirect utility can be obtained by plugging the demand function back into the
log-transformed utility function. The log-transformed utility can be written as a linear

combination of the log unit price of each amenity good weighted by the budget share:

K
Vi =a+In(l) =) 6In(Py).
k=1
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C Standard errors of the M-M estimate

I derive the asymptotic variance for the M-M estimator. To start, I define the sample

moment g (t;, X;, 0x) = h’l/?z —In (¢;). And I further define G = F (W) Below is the

asymptotic distribution of the M-M estimator:
VN (63, — o4) ~ N (0, (G'Q) GG (G’G)_l) .

Since € is only one dimension and can be approximated by s?, I can rewrite the asymptotic

distribution:

VN (61, — o4) ~ N (o, §? (G’G)_l) .

To compute G, I differentiate the sample moment. I rewrite the choice probability into
a form similar to a logit choice functional form. For simplicity, I denote the price of visiting
each amenity j from census tract ¢ as pi.; = pr + v (hr +t.;). The moment condition can

be written as:

g(ti, X 00) = Int; —In(t;)
1 ¢
= P Zze,xfxp 7610 Phei)) g ey,

— 0k In (pk:,c]’))

Now I take differentiation:

Og (ti,XZ',O'k;) eXp —0f In (pk cy))
= Pr (¢|X;) '
2r) - Sy EECen )

Zj/ eXp (_Ok In (pk,cj’)) In (pk,cj’)
Zj/ exp (—0ox In (pr.cjr))

—In (prej) | - Inte;.

I compute the derivatives of each sample moment and construct G, and use it to compute

the asymptotic estimator for the standard error of the M-M estimator for oy.
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Figures and Tables for Appendix

Figure Al: Differential rates of spatial diffusion

a) Midtown Manhattan, Zip code: 10018
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Notes: | plot the model-implied effects of adding an additional establishment on levels of amenities. | normalize the treatment
effect for each amenity type by the treatment effect on the closest census tract (each curve starts out as 1). Figures above
respectively show the effects of treatments that occur at two locations: Midtown Manhattan, NY (zip code: 10018), West Los

Angeles (zip code: 90036).
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Figure A2: The geography of spatial diffusion of marginal amenity in zip code 94103
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type, | compute the treatment effect on the price indexes for each of the four age/education group. | use the change in price indexes
to compute the treatment effect on utility, and | calculate the welfare value of the treatment as the equivalent income increment that
results in the same increase in utility. The values plotted on the map are the welfare value of the amenity treatment averaged over

the four age/education group living in each census tract.
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Table Al: Welfare inequality driven by each amenity type

Unit: 100 x [n (V)

2000 2010 2000 - 2010 % 2000-2010
Restaurant and bar 0.229 0.261 +0.0312 + 13.59%
Takeout 0.082 0.089 +0.0072 +8.71%
Grocery shopping 0.072 0.081 + 0.0094 + 13.07%
Non-grocery shopping 0.291 0.317 + 0.0256 + 8.81%
Gym 0.019 0.019 + 0.0005 + 2.93%
Medica facility 0.076 0.085 + 0.0096 +12.73%
Laundry shop 0.008 0.009 +0.0010 + 12.06%
Post office 0.005 0.004 -0.0013 -24.71%
Bank 0.013 0.016 + 0.0029 +22.27%
Place of worship 0.051 0.067 +0.0160 + 32.09%
Car repair shop 0.008 0.009 +0.0010 + 13.03%
Personal care 0.017 0.020 + 0.0030 + 17.50%
Movie theater 0.021 0.021 +0.0002 +0.74%
Museum 0.010 0.011 +0.0010 +9.62%
Performance arts 0.012 0.013 + 0.0006 +5.27%
Sports event 0.019 0.019 + 0.0001 + 0.33%

Notes: | compute the welfare inequality between high-skilled and low-skilled residents. The residents include
those aged between 25 and 65. High-skilled residents are defined as residents with college degrees, and low-
skilled residents are defined as residents with no college degrees. Welfare inequality is calculated as the
difference between the counterfactual mean utility of low-skilled residents if they are spatially distributed in the
same way as high-skilled residents and the mean utility of low-skilled residents based on their actual spatial
distribution. The numbersin each row represent the counterfactual utility difference driven by only the

differential access of the designated amenity type.
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