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Abstract: During the spring and summer of 2020, cities across the world
responded to the global COVID-19 pandemic by converting roadway facilities into open pedestrian spaces. ese conversions improved access to public
open space, but measuring the variation in that improvement among diﬀerent populations requires clear deﬁnitions of access and methods for measuring it. In this study, we evaluate the change in a utility-based park accessibility measure resulting from street conversions in Alameda County, California. Our utility-based accessibility measure is constructed from a park activity location choice model we estimate using mobile device data — supplied
by StreetLight Data, Inc. — representing trips to parks in that county. e
estimated model reveals heterogeneity in inferred aﬃnity for park attributes
among diﬀerent sociodemographic groups. We ﬁnd, for example, that neighborhoods with more lower-income residents and those with more residents
of color show a greater preference for park proximity while neighborhoods
with higher incomes and those with more white residents show a greater preference for park size and amenities. We then apply this model to examine the
accessibility beneﬁts resulting from COVID-19 street conversions to create
a set of small park-like open spaces; we ﬁnd that this policy has improved equity in that marginalized communities including Black, Hispanic, and lowincome households receive a disproportionate share of the policy beneﬁts,
relative to the population distribution.
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1 Introduction
Parks and other open spaces generate immense value for the public who are able to access them. e
City Parks Alliance (2019) categorizes the observed beneﬁts of urban parks as encouraging active
lifestyles (Bancro et al. 2015), contributing to local economies, aiding in stormwater management
and ﬂood mitigation, improving local air quality, increasing community engagement (Madzia et al.
2018), and enhancing public equity.
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For many, the value of public parks and open public spaces increased during the widespread lockdowns enacted in 2020 to slow the transmission of COVID-19. With other entertainment venues
shuttered and people otherwise conﬁned to their homes, periodic use of public space provided an
opportunity for physical and emotional relief unavailable in other forms. Paired with this increased
demand for public open space — and the with the epidemiological requirement to leave suﬃcient
space between other users — was the related collapse in demand for vehicular travel. As a result, cities
around the world began closing select streets to automobile travel, thereby opening them as pedestrian
plazas, open streets, or slow streets (Combs and Pardo 2021; Glaser and Krizek 2021; Schlossberg et al.
2021). e eﬀective result of this policy was to create a number of “parks” in urban areas that may have
had poor access previously. Understanding the equitable distribution of these beneﬁts is an important
land use policy issue. e potential for non-emergency temporary or permanent street conversions
also brings up interesting problems for land use and transportation policy; indeed, the possibility for
transportation infrastructure to become a socially beneﬁcial land use that goes beyond serving mobility
needs is a tantalizing proposition.
Unfortunately, quantifying the beneﬁts derived from access to parks in general is a complicated
problem. Many previous attempts at quantifying access in terms of isochronal distances or open space
concentration have resulted in a frustrating lack of clarity on the relationship between measured access
and measures of physical and emotional health (Bancro et al. 2015). Central to this confusion is the
fact that people do not always use the nearest park, especially if it does not have qualities that they ﬁnd
attractive. A better methodology would be to evaluate the park activity location choices of people in
a metropolitan area to identify which features of parks — distance, amenities, size, etc. — are valued
and which are less valued. e resulting activity location choice model would enable the evaluation of
utility beneﬁts via the choice model logsum (de Jong et al. 2007; Handy and Niemeier 1997).
In this study, we seek to evaluate the socio-spatial distribution of beneﬁts received by residents
of Alameda County, California resulting from the temporary conversion of streets to public open
spaces during the spring and summer of 2020. We estimate a park activity location choice model using
location-based services (LBS) data obtained through StreetLight Data, Inc., a commercial data aggregator. e resulting model illuminates the degree to which simulated individuals living in U.S. Census
block groups of varying sociodemographic characteristics value the walking distance between their residence and parks, the size of the parks, and the amenities of parks including sport ﬁelds, playgrounds,
and walking trails in Alameda county. We then apply this model to examine the inferred monetary
beneﬁt resulting from the street conversion policy, and its distribution among diﬀerent sociodemographic groups.
e paper proceeds in the following manner: A discussion of prior attempts to evaluate park accessibility and preferences is given directly. A Methodology section presents our data gathering and
cleaning eﬀorts, the econometric framework for the location choice model, and the approach taken
to apply the models to analyze open streets projects. A Results section presents the estimated choice
model coeﬃcients alongside a discussion of their implications, including the implied beneﬁts resulting
from the street conversions in Alameda County. Aer presenting limitations and associated avenues
for future research, a ﬁnal Conclusions section outlines the contributions of this study for recreational
trip modeling and location choice modeling more generally.

2 Literature
Understanding the equity beneﬁt distribution of park access requires us to consider multiple literatures. First, we discuss theories of justice as they have been applied to transportation policy to introduce our conceptualization of equity. Next, we consider the disparity in park utility perception among
diﬀerent populations. We subsequently consider quantitative techniques to evaluate the access that individuals have to park facilities. Finally, we consider recent research documenting and analyzing street
conversions instigated by the COVID-19 pandemic.
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Equity and theories of justice

e pursuit of equity, as it pertains to distributions of costs and beneﬁts, is necessary, though insufﬁcient, to the pursuit of justice, which Fainstein (2010) argues should be a central pursuit of urban
policy and planning. Fainstein (2010) draws on theories of justice to propose that a just city is one
that is equitable, diverse, and democratic. Schweitzer and Valenzuela (2004) discuss the literature on
environmental justice and transportation in terms of cost- and beneﬁts-based claims of injustice (both
of which relate to equity under Fainstein’s framework of the just city) and process-based claims (which
relate to democracy under Fainstein’s framework).
Taylor and Tassiello Norton (2009) apply theories of justice to categorize equity-based arguments
in support of various transportation ﬁnance mechanisms. Pereira et al. (2017) similarly survey the
moral philosophy literature and apply it to transportation policy evaluation. Both papers emphasize
that claims of distributional (in)justice must specify what is being distributed in addition to what that
distribution should be be. Taylor and Tassiello Norton (2009) argue that the distributions of revenue
collection, expenditures, and beneﬁts from use of transportation infrastructure must be considered
together. Pereira et al. (2017) apply Rawlsian egalitariansim (Rawls 2001) and capabilities approaches
(Nussbaum 2001; Sen 1999) to argue that the transportation policy should focus on the distribution
of accessibility, broadly deﬁned as the ability to both access the transportation system and use it to
access destinations. ey join Martens (2012) in calling for further research to arrive at a operational
deﬁnition of accessibility that best aligns with a justice-theoretic approach.
In this study, we follow Pereira et al. (2017) in focusing on accessibility and adopt a utility-based
accessibility measure, as we discuss in the following sections. While our analysis does not rely on a strict
deﬁnition of an ideal distribution of accessibility, we start from a proposition rooted in both Marxian
ethics (Heller 1976) and liberation theology (John Paul II 1991) that an equitable distribution is one
that favors vulnerable and marginalized populations.
2.2

Sociodemographic variation in park utility

e idea that diﬀerent racial, ethnic, or cultural groups have diﬀerent recreational styles, and might
thus have diﬀerent needs and preferences for parks and open space, has been thoroughly discussed in
the leisure studies literature. Husbands and Idahosa (1995) oﬀer a detailed review of that research as
of the mid-1990s. In general, explanations for racial and ethnic diﬀerences in park use can be classiﬁed into two categories: cultural and lifestyle diﬀerences on the one hand, and discrimination and
marginalization on the other.
Byrne and Wolch (2009) summarize literature in the former category, noting that Black park users
have been described as preferring more social, sports-oriented spaces, relative to white park users who
prefer secluded natural settings (Floyd and Shinew 1999; Gobster 2002; Ho et al. 2005; Hutchison
1987; Payne et al. 2002; Washburne 1978); Asian park users are described as valuing aesthetics over
recreational spaces (Gobster 2002; Ho et al. 2005; Payne et al. 2002); and Latino park users are said
to value group-oriented amenities like picnic tables and restrooms (Baas et al. 1993; Hutchison 1987;
Irwin et al. 1990).
In an observational and survey-based study of park users in Los Angeles, Loukaitou-Sideris (1995)
found a high-level of enthusiasm for park use among Hispanic residents. While she found, consistent
with prior research (Baas et al. 1993; Hutchison 1987; Irwin et al. 1990), that Hispanic park users
showed a preference for passive recreation, she found that to be the case for all other user groups as
well. She also found that Hispanic park users were the most likely to actively appropriate and modify
park space, for example, by bringing items from home. She found that Hispanic park users tended to
visit parks as family groups; African American park users tended to visit parks as peer groups; Caucasian park users tended to visit parks alone; and Asian residents were least likely to visit parks, even
in a predominantly Asian neighborhood. Interviews with local elderly Asian residents (Chinese immigrants) suggested that a lack of interest in American parks was rooted in perceptions of the ideal
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park as “an aesthetic element of gorgeous design,” leaving them unimpressed with poorly landscaped
American parks emphasizing recreational functions.
Byrne and Wolch (2009) criticize such scholarship as having grossly exaggerated ethno-racial differences in park use and preferences, and suggest a model for explaining park use based on four elements: Sociodemographic characteristics; park amenities and surrounding land uses; historical/cultural
context of park provision (including development politics and discriminatory land-use policies); and
individual perceptions of park space (including safety and sense of welcome).
Byrne (2012) applies a cultural politics theoretical frame to why people of color are underrepresented among visitors to some urban parks. Focus groups of Latino residents of Los Angeles emphasized the importance of parks to children. Participants described visiting parks with their children
and the positive and negatives associations that parks evoked of their own childhood memories of
parks and wilderness. Participants described barriers to visiting parks including distance, inadequate
or poorly maintained facilities, and fear of crime. ey cited a lack of Spanish-language signage not
only as a barrier to understanding but also as a signal that a park was not intended to serve Spanish
speakers. Participants also expressed that they did not feel welcome in parks located in high-income
or predominantly white neighborhoods because they expected that other park users would have racist
attitudes, that a more boisterous Latino ‘recreational style’ would not be tolerated, or that there would
be other behavioral norms they were not aware of.
2.3

Deﬁning and measuring park accessibility

“Accessibility” is an abstract concept that describes how easily an individual can accomplish an activity
at a particular space. ough not strictly quantiﬁable, the idea of quantifying access is tempting and
has been frequently attempted. Handy and Niemeier (1997) identify three broad types of accessibility
measures: cumulative opportunity or isochrone measures, gravity-based measures, and utility-based
measures. Dong et al. (2006) follow the same basic classiﬁcation approach as Handy and Neimeier,
illustrating mathematically how the three diﬀerent types of measures can be collapsed into each other.
Geurs and van Wee (2004) group cumulative opportunity and gravity-based measures into a single
category that they refer to as location-based measures. In this, Geurs and van Wee (2004) rely on the
distinction that utility-based measures incorporate revealed preferences of individuals for particular
destination characteristics (including but not limited to distance and location) while location-based
measures are entirely geo-spatial in their deﬁnition.
Cumulative opportunity measures are calculated by counting the number of origins or destinations
within a threshold travel cost of a location (where “cost” might be some combination of distance, travel
time, and/or monetary cost of travel). A strength of cumulative opportunity measures lies in their
simplicity and intuitive interpretation, and this may explain why Boisjoly and El-Geneidy (2017) have
found that it is universally used in published metropolitan transportation plans. However, they may
be too simple, especially with regard to trip costs near the threshold. An example of a cumulative
opportunity measure might be the number of parks within a ten-minute walk of a person’s home,
or the number of households living within ten minutes of a park. is measure would imply that a
household living immediately adjacent to a park has the same access to it as one that lives nine minutes
away, but that a household living eleven minutes away has no access to it.
Gravity-based accessibility measures take a similar approach to cumulative opportunity measures,
but theoretically include all possible destinations and weight them according to the travel cost that
they impose, based on an impedance function (oen a negative exponential calibrated to observed
trip distributions). Cumulative opportunity measures may be considered a special case of gravity-based
measures, where the impedance function takes the form of a binary step function that equals zero aer
a cutoﬀ travel cost (which is why Geurs and van Wee (2004) classify them both as location-based).
A major advantage of gravity-based accessibility measures lies in their consistency with travel behavior theory: Gravity-based measures have their roots in the trip distribution step of the traditional
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four-step travel demand forecasting method, where trips originating in a particular zone are distributed
among destination zones, proportionate to each zone’s gravity-based accessibility. In spite of their theoretical advantages over cumulative-opportunity measures, the practical advantages of gravity-based
measures are less clear. Based on their ﬁnding that cumulative-opportunity measures and gravity-based
measures area highly correlated, Boisjoly and El-Geneidy (2016) argue that the greater simplicity of
cumulative-opportunity measures makes them appropriate for transportation planning applications.
Páez et al. (2012) distinguish between positive and normative accessibility indicators, where positive indicators are based on information about the degree to which destinations are observed to be
accessible and normative indicators also incorporate a normative judgment of the degree to which destinations ought to be accessible. ey develop a normative location-based accessibility measure incorporating average trip lengths into a cumulative opportunities measure, varying the isochrone threshold
by socioeconomic characteristics.
While traditional four-step travel demand models distribute zonal trips based on a gravity-based
accessibility model, the travel demand modeling profession has shied more recently towards a destination choice framework that distributes trips based on discrete-choice regression models. McFadden
(1974a) applied discrete choice models to urban travel demand to predict mode choice, and modern
disaggregate activity-based models apply them to all travel behavior choices, including to select among
alternative routes or alternative destinations (de Dios Ortúzar and Willumsen 2011). ough the
application of random utility models to destination choice is not new (see Anas 1983), the increasing availability of computing resources makes estimating and applying discrete choice models on large
alternative sets in a practical context more feasible.
Destination choice models estimate the probability of selecting a particular destination among a
set of alternatives based on the relative attractiveness, or utility, of each alternative. Utility may be a
function of distance or travel time alone (in which case, a utility-based accessibility measure might
be quite similar to a location-based measure), but the function can also incorporate other destination
characteristics that lead one destination to be more highly-valued and used than another.
Although Páez et al. (2012) focus on location-based measures in classifying accessibility metrics as
positive or normative, they also describe utility-based measures as “essentially positivistic” (p. 143) and
critique them in terms of practicality, noting that, in order to limit the size of the choice set to be computationally manageable, the analyst must either aggregate destinations to a higher spatial resolution
or calculate utility based on a randomly-selected subset of all available alternatives.
Siddiq and D. Taylor (2021) review 54 diﬀerent accessibility tools utilizing a variety of diﬀerent
accessibility metrics and classify accessibility measures as either people-based or place-based. ey deﬁne people-based measures as those that account for individual traveler characteristics, perceptions,
and constraints. is includes all utility-based measures, as well as variations on cumulative opportunity measures (such as those proposed by Páez et al. (2012)) that incorporate socioeconomic data on
travelers. ey argue that people-based measures are most appropriate for equity analysis.

2.3.1

Location-based measures of park accessibility

ParkScore (Trust for Public Land 2019), developed by the Trust for Public Land, is a popular measure
of park accessibility that starts from a cumulative opportunity measure (the share of the population
that resides within a 10-minute walk of a green space) and adjusts this value based on the total city
green space, investment, and amenities weighted against the socioeconomic characteristics of the population outside of the 10-minute walk threshold. e resulting score is a convenient quantitative tool
in estimating the relative quality of green space access across cities (Rigolon et al. 2018). ParkScore
may be less useful at identifying the comparative quality of access within a city, particularly since the
vast majority of residents in dense areas like San Francisco (100%) and New York City (99%) may live
within the binary 10-minute walk threshold. e Centers for Disease Control and Prevention (CDC)
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has developed an “Accessibility to Parks Indicator” along similar lines (Ussery et al. 2016), calculating
the share of the population living within a half-mile of a park for each county in the U.S.
Urban scholars have used gravity-based measures to explore the spatial distribution of park access
across Tainan City, Taiwan (Chang and Liao 2011) and to estimate the relationship between park
access and housing prices in Shenzhen, China (Wu et al. 2017).
Some scholars have used location-based measures of park accessibility to evaluate equity in park
access. Chang and Liao (2011) use a gravity-based measure to determine that low-income neighborhoods have less access to parks than higher-income neighborhoods in Tainan City, Taiwan. Bruton
and Floyd (2014) conduct a neighborhood-level analysis of park amenities in Greensboro, North Carolina, and ﬁnd that low-income neighborhoods tend to have parks with more picnic areas, more trash
cans, and fewer wooded areas, but they do not address the question of the extent to which diﬀerent
populations might value these diﬀerent amenities. Kabisch and Haase (2014) ﬁnd that neighborhoods
in Berlin with high immigrant populations and older populations likewise had less access to parks, and
they pair these ﬁndings with survey results suggesting that these disparities are not consistent with the
preferences expressed by those populations.
2.3.2

Utility-based measures of park accessibility

A utility-based measure of park accessibility can incorporate characteristics of parks in addition to
travel time or distance, including park size, cleanliness, or the availability of particular amenities. e
degree to which these park and trip attributes inﬂuence the destination utility can be estimated statistically using survey data.
ough destination choice utility models have not commonly been used to measure park accessibility, scholars have acknowledged that park accessibility metrics should be linked with park use,
since a park that has many visitors must by deﬁnition be accessible to those visitors. McCormack
et al. (2010) provide a comprehensive review of this literature; it is suﬃcient here to note that most
studies ﬁnd park use to depend on a complicated interplay between park size, maintenance, facilities,
and travel distance. Many of these attributes are incorporated into ParkIndex (Kaczynski et al. 2016),
which estimates the resident park use potential within small grid cells by applying utility preference
coeﬃcients estimated from a survey in Kansas City.
ere are limited examples of researchers using a destination choice model to predict recreation
attractions. Kinnell et al. (2006) apply a choice model to a survey of park visitors in New Jersey, and
estimate the relative attractiveness of park attributes including playgrounds, picnic areas, and park
acreage weighed against the travel disutility and the relative crime rate at the destination. In a similar
study, Meyerhoﬀ et al. (2010) model the urban swimming location choice for a surveyed sample. In
both studies, the researchers were attempting to ascertain which attributes of a recreation generated the
most positive utility, and therefore which attributes should be prioritized for improvement. ough
neither was attempting to understand relative park accessibility, Macfarlane et al. (2021) applied the
Kinnell et al. (2006) estimates in an exploration of utility-based park accessibility and its relationship
to aggregate health outcomes.
One primary obstacle to estimating discrete-choice models on the park destination problem has
been the lack of suﬃciently detailed, trip-level data on park users. Most destination choice models in
practice are estimated from household travel surveys that must focus on all trip purposes, and necessarily group multiple recreation and social trips together (National Academies of Sciences Engineering
and Medicine 2012). However, the advent of large-scale mobile device networks and the perpetual association of unique devices with unique users has given researchers a new opportunity to observe the
movements and activity location patterns for large subsets of the population (Naboulsi et al. 2016).
Such passively collected location data — sometimes referred to as part of a larger category of “Big Data”
— is a by-product of other systems including cellular call data records (e.g., Bolla and Davoli 2000; Calabrese et al. 2011), probe GPS data (Huang and Levinson 2015), and more recently Location Based
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Services (LBS) (Komanduri et al. 2017; Roll 2019). LBS use a network of mobile applications that
obtain the users’ physical location at diﬀerent points in the day. Commercial vendors repackage, clean,
and scale these data to population or traﬃc targets and provide origin-destination ﬂows to researchers
and practitioners. Monz et al. (2019), for example, demonstrate that passive device data can accurately
estimate trip ﬂows to natural recreation areas.
A number of methods have been proposed to develop destination choice information from these
passive data. Bernardin et al. (2018) employs a passive origin-destination matrix as a shadow price reference in an activity-based location choice model, iteratively adjusting the calibration parameters of
the choice utilities to minimize the observed error between the passive data and the modeled predictions. Kressner (2017) uses the passive ﬂow data as a probabilistic sampling frame to recreate individual trips through simulation. A similar method developed by Zhu and Ye (2018) uses the passive data
set directly, sampling 10,000 random trips from GPS traces of taxi trips in Shanghai and estimating a
destination choice model. Employing the passive data set in this way provides the authors an opportunity to examine the choices of a large sample of a small population (taxi passengers). e Zhu and
Ye (2018) methodology could be extended to other situations where collecting a statistically relevant
survey sample would be prohibitively diﬃcult, but where passive device location data reveals which
destinations people choose among many observable options.
2.4

Street Conversion Equity Analysis

In their analysis of over one thousand reallocations of street space that occurred in response to the
global COVID-19 pandemic, Combs and Pardo (2021) ﬁnd that a plurality created additional space
for walking, cycling, and recreation, although some reallocated space to commerce (e.g. outdoor dining
and shopping) or converted short-term parking to urban freight or food delivery.
If we deﬁne an urban park as a public space that is designated for the purpose of recreation, exercise,
and social gathering, then the rapid reallocation of street space to accommodate recreation and active
travel could be characterized as a proliferation of small urban parks. Researchers at the Trust for Public
Land have explicitly described the reallocation of street space from cars to pedestrians as a strategy to
relieve pressure on parks (Hussain 2020) and have suggested that these actions should (and, in New
York, had failed to) prioritize areas that would otherwise have low access to parks (Compton 2020).
Fischer and Winters (2021) have likewise done an equity analysis of street reallocation from vehicles
to pedestrians in three mid-sized Canadian cities and found that interventions were generally more
common in places with higher proportions of white residents and fewer children. e analyses by
both Compton (2020) and Fischer and Winters (2021) were both based on proximity alone rather
than on utility-based accessibility measures.
Of course, streets that reallocate space for active travel and recreation do not have the amenities or
general character of most parks, and classifying them as equivalent to their greener peers in an accessibility analysis would be erroneous for many reasons. But a utility-based accessibility framework would
allow us to discount these street parks for the amenities they lack while also considering the beneﬁts
proﬀered by their availability and proximity. Further, we can model these tradeoﬀs with statistical
weights determinable through observing park trip distribution patterns revealed through passive mobile device data.

3 Methodology
In this section, we describe the methodology we follow for this analysis. We ﬁrst describe how we
created a data set on which to estimate park activity location choices for a sample of observed trips in
Alameda County, California. en we provide an overview of destination choice modeling and using
such models to derive utility-based accessibility.


3.1

      .
Study area

Alameda County is one of nine counties that constitute the San Francisco Bay Area metropolitan
region in California. Alameda is the seventh most populous county in California with a population
of 1.5 million (U.S. Census Bureau 2019), and has 14 incorporated cities and several unincorporated
communities. It is an economically and ethnically diverse county and hence it was an attractive area to
use for this study. e racial makeup of Alameda County was 49.7% White, 11.2% African American,
1.0% Native American, 38.7% Asian, 1.0% Paciﬁc Islander, and 22.4% Hispanic or Latino of any race.
Alameda County has a diverse set of parks, ranging from local small community parks, urban and
transit-accessible parks like the Lake Merritt Recreational area, coastal access points, and suburban
recreational areas like Lake Chabot.
3.2

Data

We constructed an estimation data set from a publicly-available parks polygons layer, a commercially
acquired passive device origin-destination table representing visitors to parks and inferred residential
block groups for these visitors, and American Community Survey data for the residence block groups.
We also constructed a data set representing open street installations that were implemented in response
to the COVID-19 pandemic.
3.2.1

Model estimation data

We obtained a polygons shapeﬁle layer representing open spaces in Alameda County, California from
the California Protected Areas Database (GreenInfo Network 2019). is database was selected because it included multiple diﬀerent types of open space including local and state parks, traditional
green spaces as well as wildlife refuges and other facilities that can be used for recreation. We removed
facilities that did not allow open access to the public (such as the Oakland Zoo) and facilities whose
boundaries conﬂated with freeway right-of-way – this prevents trips through the park from being conﬂated with park trips in the passive origin-destination data.
From this initial parks polygon data set, we obtained park attribute information through OpenStreetMap (OSM) using the osmdata package for R (Padgham et al. 2017). ree attribute elements
are considered in this analysis. First, we identify playgrounds using OSM facilities given a leisure =
playground tag. e tagged facilities can be either polygon or point objects; in the former case we use
the polygon centroid to determine the point location of the playground.
Second, we consider sport ﬁelds of various kinds identiﬁed with the OSM leisure = pitch tag.
is tag has an additional attribute describing the sport the ﬁeld is designed for, which we retain in
a consolidated manner. Soccer and American football ﬁelds are considered in a single category, and
baseball and soball ﬁelds are combined as well. Basketball, tennis, and volleyball courts are kept as
distinct categories, with all other sport-speciﬁc ﬁelds combined into a single “other.” Golf courses are
discarded. As with playgrounds, polygon ﬁeld and court objects are converted into points at the polygon centroid. We identiﬁed trails and footpaths using the path, cycleway, and footway values of the
highway tag. A visual inspection of the resulting data revealed that the large preponderance of sidewalks and cycling trails within parks in Alameda County are identiﬁed properly with these variables.
Trails are represented in OSM as polylines, or as polygons if they form a complete circle. In the latter
case, we converted the polygon boundary into an explicit polyline object.
It is possible for each of these facilities to exist outside the context of a public park. For example,
many private apartment complexes have playgrounds and high schools will have sports facilities that
are not necessarily open to the general public. We spatially matched the OSM amenities data and
retained only those facilities that intersected with the CPAD open spaces database identiﬁed earlier.
An additional amenity of parks that may aﬀect their attractiveness is the land use that surrounds
them (Clion et al. 2016). Accordingly, we counted the number of features in OpenStreetMap that
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Figure 1: Location of parks in Alameda County.

are tagged with the amenities bar, cafe, fast_food, restaurant, bank, and pharmacy within 500 feet
of the boundary of each park.
We provided the park boundaries layer to a commercial ﬁrm, StreetLight Data Inc., which develops and resells origin-destination matrices derived from passive device location data. e provider
employs a proprietary data processing engine (called Route Science) to algorithmically transform observed device location data points (the provider uses in-vehicle GPS units and mobile device LBS)
over time into contextualized, normalized, and aggregated travel patterns. From these travel patterns,
the Route Science processing algorithms infer likely home Census block group locations for composite groups of people and converts raw location data points into trip origin and destination points
(Friedrich et al. 2010; Pan et al. 2006).
For each park polygon, the ﬁrm returned a population-weighted estimate of how many devices
were observed by home location block group over several months in the period between May 2018 and
October 2018. We transformed this table such that it represented the weighted unique devices traveling between block groups and parks. We discarded home location block groups outside of Alameda
County; the imputed home locations can be far away from the study area for a small amount of trips
and are unlikely to represent common or repeated park activities. Table 1 presents descriptive statistics
on the 500 parks assembled for this study, grouped according to the park type as deﬁned on CPAD. A
little more than half of the parks have identiﬁed paths, while around 40% of the identiﬁed parks have
playgrounds and sport ﬁelds.
In order to understand the demographic makeup of the home block groups and potentially the
characteristics of the people who make each trip, we obtained 2013-2017 ﬁve-year data aggregations
from the American Community Survey using the tidycensus (Walker 2019) interface to the Census
API for several key demographic and built environment variables: the share of individuals by race,
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Table 1: Park Summary Statistics

Local Park (N=441)
Acres
Mobile Devices
Shops
Type

Access

Playground
Any Sport Field
Football / Soccer
Baseball
Basketball
Tennis
Volleyball
Trail

Local Park
Local Recreation Area
State Recreation Area
Open Access
No Public Access
Restricted Access
FALSE
TRUE
FALSE
TRUE
FALSE
TRUE
FALSE
TRUE
FALSE
TRUE
FALSE
TRUE
FALSE
TRUE
FALSE
TRUE

Recreation Area (N=59)

Mean

Std. Dev.

Mean

Std. Dev.

59.8
1450.0
1.9

370.5
6685.4
6.2

125.6
2659.0
0.9

505.1
6161.0
2.6

N
441
0
0
441
0
0
213
228
270
171
414
27
363
78
337
104
387
54
433
8
143
298

Pct.
100.0
0.0
0.0
100.0
0.0
0.0
48.3
51.7
61.2
38.8
93.9
6.1
82.3
17.7
76.4
23.6
87.8
12.2
98.2
1.8
32.4
67.6

N
0
57
2
59
0
0
43
16
38
21
51
8
45
14
52
7
52
7
57
2
21
38

Pct.
0.0
96.6
3.4
100.0
0.0
0.0
72.9
27.1
64.4
35.6
86.4
13.6
76.3
23.7
88.1
11.9
88.1
11.9
96.6
3.4
35.6
64.4

the share of households by income level, household median income, the share of households with
children under 6 years old, and the household density. An important attribute of the choice model
is the distance from the home block group to the park boundary. Because we have no information
on where in the block group a home is actually located, we use the population-weighted block group
centroid published by the Census Bureau as the location for all homes in the block group. We then
measured the network-based distance between the park boundary and the home block group centroid
using a walk network derived from OpenStreetMap via the networkx package for Python (Hagberg
et al. 2008),
3.2.2

Model application data

We compiled a list of streets in Berkeley, Oakland, and Alameda that were converted to public open
space from each city’s respective websites (City of Alameda 2020; City of Berkeley 2020; City of Oakland 2020) and referred to the “Shiing Streets” COVID-19 mobility data set (Combs et al. 2020) to
determine whether other cities and places within Alameda County have similar Open Streets projects
(as best as we could determine, they did not). Based on the information we gathered from these
sources, 74 individual streets were converted; these streets represent 27.6 total miles across the cities of
Berkeley, Oakland, and Alameda. For the purposes of this analysis, we represent each opened street as
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Table 2: Block Group Summary Statistics

Density: Households per
square kilometer
Income: Median tract
income
Low Income: Share of
households making less
than $35k
High Income: Share of
households making more
than $125k
Children: Share of
households with children
under 6
Black: Share of population
who is Black
Asian: Share of population
who is Asian
Hispanic: Share of
population who is
Hispanic*
White: Share of
population who is White

Unique (#)

Missing (%)

Mean

SD

Min

Median

Max

1040

0

1727.2

1577.7

0.0

1374.0

21 943.1

978

3

106 026.7

48 909.9

13 472.0

98 206.5

250 001.0

977

0

16.2

13.2

0.0

12.9

100.0

1022

0

38.6

20.8

0.0

36.9

89.2

976

0

14.5

8.7

0.0

13.2

48.7

914

0

11.6

14.0

0.0

6.3

80.8

1022

0

26.7

20.6

0.0

20.8

93.9

1031

0

22.2

18.7

0.0

16.0

88.2

1030

0

33.5

22.5

0.0

28.8

93.6

* Hispanic indicates Hispanic individuals of all races; non-Hispanic individuals report a single race alone.

a single “park” without any sport facilities or playgrounds, but with a trail / walking path. e database
provides the opened streets as polyline objects; we assert a 25-foot buﬀer around the line to represent a
polygon with a measurable area. e 25-foot buﬀer eﬀectively counts one vehicle lane and one shoulder parking lane in each direction as converted to “park” space. Finally, we measure the network-based
distance from each population-weighted block group centroid to the nearest boundary of each new
open space facility created by this policy.
3.3

Model estimation

In random utility choice theory, if an individual living in block group n wishes to make a park trip, the
probability that the individual will choose park i from the set of all parks J can be described as a ratio
of the park’s measurable utility Vni to the sum of the utilities for all parks in the set. In the common
destination choice framework we apply a multinomial logit model (McFadden 1974b; Recker and
Kostyniuk 1978),
exp(Vni )
Pni = ∑
(1)
j ∈J exp(Vn j )
where the measurable utility Vni is a linear-in-parameters function of the destination attributes.
Vni = Xni β

(2)

where β is a vector of estimable coeﬃcients giving the relative utility (or disutility) of that attribute to
the choice maker, all else equal. It is possible to add amenities of the park or the journey to the utility
equation. However, as the number of alternatives is large, it is impractical to consider alternativespeciﬁc constants or coeﬃcients and therefore not possible to include attributes of the home block
group or traveler n directly. We can, however, segment the data and estimate distinct distance and size
parameters for diﬀerent segments to observe heterogeneity in the utility parameters between diﬀerent
socioeconomic groups.
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e logarithm of the sum in the denominator of Equation 1 (called the logsum) provides a measure
of the consumer surplus of the choice set enjoyed by person n (Ben-Akiva and Lerman 1985; Williams
1977),
∑
C Sn = ln
exp(Vn j ) + C
(3)
j ∈J

where C is a constant indicating an unknown absolute value; the diﬀerence of logsum values in two
diﬀerent scenarios eliminates C . Additionally, dividing the diﬀerence in logsum from choice set J and
choice set J ′ by a cost coeﬃcient β
∑
∑
δC Sn = (ln
exp(Vn j ) − ln
exp(Vn j ))/β
(4)
j ∈J ′

j ∈J

gives an estimate of the beneﬁt received by person n in monetary terms. us, such a “utility-based”
accessibility term is continuously deﬁned, contains multiple dimensions of the attributes of the choice,
and can be evaluated in monetary terms (Dong et al. 2006; Handy and Niemeier 1997). Note also
that
∑the logsum increases
∑ with the size of the choice set: if a new alternative q is added to J , then
ln j ∈J exp(V j ) < ln( j ∈J exp(V j ) + exp(Vq )) for any value of Vq (Ben-Akiva and Lerman 1985,
p. 300).
In the most typical cases, researchers estimate the utility coeﬃcients for destination choice models
from household travel surveys. For example, the California add-on to the 2017 National Household
Travel Survey could be used for this purpose for frequent trips like commutes to work and school.
However, as a 24-hour trip diary, it is less useful for recreational trips that may take place less frequently.
For better data on park access, we need to synthesize a suitable estimation data set. We do this by
sampling 20,000 random discrete device origin-destination pairs from the commercial passive data
matrix, weighted by the volume of the ﬂows. is corresponds to a 4.3% sample of all the observed
device origin-destination pairs.
e sampled origin-destination pair gives the home location as well as the “chosen” alternative for
a synthetic person. In principle the individual’s choice set contains all the parks in our data set; in practice it can be diﬃcult to estimate choice models with so many alternatives (|J | = 500). For this reason
we randomly sample 10 additional parks to serve as the non-chosen alternatives, with a diﬀerent set
of 10 parks for each synthetic choice maker. Such random sampling of alternatives reduces the eﬃciency of the estimated coeﬃcients but the coeﬃcients remain unbiased (Train 2009); a more elegant
sampling approach might have resulted in smaller estimated standard errors, but the estimation results
(presented below) suggest this is not a concern in this application. As the model has no alternativespeciﬁc constants, the standard likelihood comparison statistic against the market shares model ρ2 is
not computable. We instead use the likelihood comparison against the equal shares model ρ20 .
e resulting analysis data set therefore contains 20,000 choice makers that select between 11
parks including the park they were observed to choose; the measured distance between the choice
maker’s block group and all parks in the choice set; and the acreage and other amenities of each park
in the choice set. We use the mlogit package for R (Croissant 2019; R Core Team 2020) to estimate
the multinomial logit models.
3.4

Model application

Using the full set of Alameda County parks — including those added by street conversion — we can
apply a destination choice model to calculate the change in park choice utilities and utility-based accessibility values for each block group in Alameda County. As shown with Equation (4), the diﬀerence in
utility-based accessibility values with and without the opened streets is the additional consumer surplus provided by the policy, converted into a monetary value by a cost-utility coeﬃcient. e purpose
of converting the logsum into a monetary value is to scale the beneﬁts in terms that analysts and policy
makers can compare more easily than raw utility values. e data set used for this research does not
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have any information on travel costs or entrance fees, and such data would likely not be relevant in the
context of urban parks. As a result, there is no direct link between the utility and a monetary cost in
our estimated models.
As a substitution, we use an estimate of the cost coeﬃcient obtained from the Metropolitan Transportation Commission (MTC, San Francisco Bay regional MPO) “Travel Model One” activity-based
travel demand model (Metropolitan Transportation Commission 2012). In this model, the utility of
destination choice for social and recreational trips uses the mode choice model logsum as an impedance
measure. e mode choice model cost coeﬃcient varies with each individual’s value of time. e average value of time in the synthetic population for the calibration scenario is $7.75 per hour. Dividing
that value of time by the in-vehicle travel time parameter of −0.018 results in an implied mode choice
cost coeﬃcient of (−0.018/mi n ∗ 60mi n/h r )/(7.75$/h r ) = −0.139/$.

4 Results
We estimated multinomial logit park activity location choice models on the data set described in the
previous section. We applied a Yeo-Johnson transformation (Yeo and Johnson 2000) to both the walk
distance (in meters) between the park and the block group centroid, and to the park acreage. e
Yeo-Johnson transformation replicates the constant marginal elasticity of a logarithmic transformation
while avoiding undeﬁned values (e.g., Y J (0) = 0). For simplicity, we call this transformation log() in
the model results tables. Using a constant marginal elasticity is better reﬂective of how people perceive
distances and sizes; a one-mile increase to a trip distance matters more to a two-mile trip than a tenmile trip.
Table 3 presents the model estimation results for each estimated model. e “Network Distance”
model, which only considers the distance to the park and the size of the park. results in signiﬁcant
estimated coeﬃcients of the expected sign. at is, individuals will travel further distances to reach
larger parks. e ratio of the estimated coeﬃcients implies that on average, people will travel 0.288
times further to reach a park twice as large.
Table 3 also shows the results of the “Park Attributes” model, which represents the presence of any
sport ﬁeld with a single dummy variable, and the “Sport Detail” model, which disaggregates this variable into facilities for diﬀerent sports. e value of the size and distance coeﬃcients change modestly
from the “Network Distance” model, with the implied distance to size trade-oﬀ changing to 0.259.
Examining the two amenities models — independently and in comparison with each other — reveals
a few surprising ﬁndings. First, it appears that playgrounds and sport ﬁelds in general contribute negatively to the choice utility equation. is is both unintuitive and contradictory to previous ﬁndings in
this space (e.g., Kinnell et al. 2006). Considering diﬀerent sports separately, there is a wide variety of
observed response with tennis and volleyball facilities attracting more trips, and football and basketball facilities attracting fewer, all else equal. Trails and walking paths give substantive positive utility
in both models.
Both models also contain an estimate of the number of shops within 500 feet, which is signiﬁcant and
positive. e diﬀerence in likelihood statistics between the three models is signiﬁcant (likelihood ratio test between Sport Detail and Park Attributes model has p-value 5.41e-26), and so in spite of the
curious aggregate ﬁndings, we move forward with this utility speciﬁcation.
It is worth investigating the heterogeneity in preferences that exist among populations. ough
the income and ethnicity of the synthetic park visitors is not known, we can segment the estimation data set based on the socioeconomic makeup of the visitors’ residence block group. e models presented in Table 4 were estimated on segments developed in this manner. Models under the
“Race/Ethnicity” heading include a race- and ethnicity-based segmentation: simulated individuals
living in block groups with more than thirty percent Black residents are included in the “>30% Black”
model, an analogous segmentation for block groups with high Asian and Hispanic populations are in
the “>30% Asian” and “>30% Hispanic” models respectively, and the “Other” model contains all other
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Table 3: Estimated Model Coeﬃcients

log(Distance)
log(Acres)

Network Distance

Park Attributes

Sport Detail

−1.358 ***
(0.010)
0.391 ***
(0.005)

−1.387 ***
(0.010)
0.347 ***
(0.005)
−0.471 ***
(0.022)
0.462 ***
(0.024)
−0.414 ***
(0.023)

−1.378 ***
(0.010)
0.357 ***
(0.005)
−0.590 ***
(0.023)
0.472 ***
(0.024)

Playground
Trail
Sport Field
Basketball

0.032 ***
(0.001)

−0.251 ***
(0.031)
0.210 ***
(0.030)
−0.400 ***
(0.042)
0.187 ***
(0.030)
0.185 **
(0.061)
−0.621 ***
(0.043)
0.035 ***
(0.001)

20.000
56 157.9
−28 072.9
0.415

20.000
56 039.6
−28 008.8
0.416

Baseball
Football / Soccer
Tennis
Volleyball
Other Sport
Shops
Num.Obs.
AIC
Log Likelihood
ρ20

20.000
58 736.3
−29 366.1
0.388

Standard errors in parentheses.
block groups. Another set of model segmentation relies on the share of the population in each block
group with household incomes above or below certain thresholds, and a third relies on the share of
households with children under 6 years old. Again, we use the threshold deﬁnitions largely informed
by the distributions in Table 2.

6.861
20 311.8
−10 144.9
0.383

−1.267 ***
(0.017)
0.384 ***
(0.009)
−0.482 ***
(0.038)
0.443 ***
(0.042)
−0.141 **
(0.049)
0.139 **
(0.049)
−0.221 ***
(0.065)
0.407 ***
(0.047)
0.110
(0.097)
−0.384 ***
(0.065)
0.029 ***
(0.002)
2.600
7.477
−3727.5
0.402

−1.496 ***
(0.031)
0.288 ***
(0.016)
−0.670 ***
(0.062)
0.412 ***
(0.063)
−0.229 **
(0.086)
0.345 ***
(0.082)
−0.663 ***
(0.126)
−0.456 ***
(0.096)
−0.120
(0.226)
−1.110 ***
(0.151)
0.041 ***
(0.003)

> 30% Black

3.790
12.176
−6077
0.331

−1.272 ***
(0.022)
0.352 ***
(0.012)
−0.353 ***
(0.048)
0.159 **
(0.050)
−0.445 ***
(0.068)
0.238 ***
(0.064)
−0.581 ***
(0.101)
−0.102
(0.071)
0.186
(0.142)
−0.842 ***
(0.107)
0.038 ***
(0.002)

> 30% Hispanic

6.749
15 564.9
−7771.4
0.520

−1.476 ***
(0.019)
0.365 ***
(0.010)
−0.825 ***
(0.043)
0.829 ***
(0.050)
−0.373 ***
(0.061)
0.267 ***
(0.059)
−0.539 ***
(0.084)
0.296 ***
(0.056)
0.327 **
(0.107)
−0.799 ***
(0.084)
0.039 ***
(0.002)

Other Eth.

2.982
8882.8
−4430.4
0.380

−1.389 ***
(0.027)
0.331 ***
(0.014)
−0.630 ***
(0.057)
0.432 ***
(0.059)
−0.200 *
(0.078)
0.344 ***
(0.075)
−0.624 ***
(0.105)
−0.226 **
(0.082)
−0.084
(0.195)
−1.228 ***
(0.137)
0.037 ***
(0.003)

> 30% Low income

5.759
14 238.4
−7108.2
0.485

−1.393 ***
(0.020)
0.384 ***
(0.011)
−0.647 ***
(0.046)
0.734 ***
(0.055)
−0.153 **
(0.059)
0.036
(0.061)
−0.115
(0.080)
0.558 ***
(0.055)
0.315 **
(0.101)
−0.419 ***
(0.077)
0.034 ***
(0.002)

> 50% High income

Income

11.259
32 673.9
−16.326
0.395

−1.345 ***
(0.013)
0.352 ***
(0.007)
−0.554 ***
(0.029)
0.400 ***
(0.031)
−0.350 ***
(0.041)
0.275 ***
(0.039)
−0.528 ***
(0.058)
0.092 *
(0.040)
0.078
(0.087)
−0.671 ***
(0.059)
0.037 ***
(0.001)

Other Inc.

Standard errors in parentheses.
 Simulated individuals segmented based on the share of households meeting the segmentation threshold in the residence block group.

Num.Obs.
AIC
Log Likelihood
ρ20

Shops

Other Sport

Volleyball

Tennis

Football / Soccer

Baseball

Basketball

Trail

Playground

log(Acres)

log(Distance)

> 30% Asian

Race/Ethnicity

Table 4: Estimated Model Coeﬃcients with Block Group Segmentations

2.365
7564.1
−3.771
0.335

−1.273 ***
(0.029)
0.358 ***
(0.015)
−0.366 ***
(0.062)
0.265 ***
(0.065)
−0.401 ***
(0.084)
0.229 **
(0.081)
−0.324 **
(0.116)
0.143 +
(0.084)
−0.070
(0.174)
−0.492 ***
(0.117)
0.031 ***
(0.003)

> 25% Children

1.769
4464.2
−2221.1
0.476

−1.521 ***
(0.037)
0.379 ***
(0.020)
−0.699 ***
(0.080)
0.634 ***
(0.089)
−0.327 **
(0.111)
0.254 *
(0.109)
−0.457 **
(0.147)
0.142
(0.108)
0.187
(0.246)
−0.841 ***
(0.166)
0.028 ***
(0.003)

< 5% Children

Children

15.866
43 987.4
−21 982.7
0.422

−1.379 ***
(0.011)
0.356 ***
(0.006)
−0.615 ***
(0.026)
0.485 ***
(0.028)
−0.218 ***
(0.035)
0.203 ***
(0.034)
−0.410 ***
(0.048)
0.195 ***
(0.034)
0.225 ***
(0.068)
−0.617 ***
(0.049)
0.036 ***
(0.001)

Other Children
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e model estimates in Table 4 reveal noticeable heterogeneity in the park location choices among
visitors from diﬀerent block group segments. Park visitors living in block groups with a high proportion of Black and low-income residents show less aﬃnity for trails and other walkways, but appear
considerably more sensitive to the distance to a park. Park visitors living in high-income neighborhoods are less sensitive to the distance to a park, but receive more utility from certain amenities, in
particular trails and tennis courts. Block groups with a high proportion of Hispanic residents and
residents with children under 6 show the least negative response to playgrounds of all the segments.
Seeing that there is a diﬀerence in the response in the model segmentation, it is also worth considering the role of our segmentation thresholds in these ﬁndings. Figure 2 shows the estimated coefﬁcients and conﬁdence intervals for these diﬀerent amenities at diﬀerent threshold levels of segmentation. e threshold level means that at least that percent of the block group’s population falls in that
category. e conﬁdence intervals widen as more observations are excluded from the model. e estimated coeﬃcients for the diﬀerent segmentations are identical when the share equals zero, and simply
represent the “Sport Detail” model from Table 3.
Overall, increasing the segmentation threshold level reveals additional information about user
preferences. First, it should be noted that there is some inconsistency: for instance, block groups with
at least 30% of low income households show a lower importance of distance than block groups with
either 20% or 40% low income households, though all three estimates are within the same conﬁdence
intervals. e increasing width of the conﬁdence interval, however, means it is sometimes diﬃcult to
make robust statements. Residents of block groups with a higher share of Asian individuals or high income households both show relatively more aﬃnity for tennis courts and trails relative to other groups.
Residents of block groups with increasing shares of Hispanic individuals show the highest aﬃnity for
playgrounds, and park goers from neighborhoods with a greater share of Black individuals are most
sensitive to distance and least sensitive to park size.
4.1

Equity Analysis of COVID-19 Street Openings

In this section, we apply the models estimated above to evaluate the beneﬁts of the street conversion
policy in terms of aggregate value determined by the change in accessibility logsum, as well as the equity
of the policy with respect to diﬀerent income and ethnic groups. In this analysis, we apply the “Sport
Detail” non-segmented model from Table 3, as it had the best ﬁt of these models.
Figure 3 presents this monetary valuation spatially. Unsurprisingly, the beneﬁts are concentrated
in the block groups surrounding the opened streets. Most residents of central Oakland see a beneﬁt of
somewhere around $1, while some zones see an equivalent beneﬁt of as much as $30. One property
of logsum-based accessibility terms is that additional options will always increase the total logsum,
whether or not those options are realistic (Ben-Akiva and Lerman 1985, p. 300). In this application,
these beneﬁts are apparently small, on the order of 10 cents for most block groups away from where
the street openings occurred. More importantly, the majority of the beneﬁts accrue from increased
proximity to a facility and the attributes of the facility as indicated in Equation (3) and Table 3.
More interesting than the total beneﬁt or even its spatial distribution, however, is the social equity
of its distribution among diﬀerent population segments. If we assign the block-group level monetary
beneﬁt to each household in the block group, we can begin to allocate the distribution of beneﬁts proportionally to households of diﬀerent sociodemographic classiﬁcations. Speciﬁcally, if a block group
with N total households has a measured consumer surplus δC S, then the share of the total beneﬁts
going to a particular population segment k is
Sk = N ∗ Pk ∗ δC S

(5)

where Pk is the proportion of the block group’s population in segment k. ere is some opportunity for confusion when some demographic variables we use (share of households with children,
household income) are deﬁned at the household level and others (speciﬁcally ethnicity) are deﬁned
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Shops

Other Sport

Volleyball
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0
0.075

0
-1

-1

0.050
-2

-2

-3

0.025
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-4
Tennis
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1.5

Baseball

1

1.5

Estimated coefficient and 95% confidence interval

1.0
1.0
0

0.5
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-0.5

0.0
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Trail
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0
1.5
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Figure 2: Estimated utility coeﬃcients and 95% conﬁdence intervals for park amenities at diﬀerent so-

cioeconomic threshold levels.
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Monetary Benefit ($)
(0,0.1]
(0.1,0.25]
(0.25,0.5]
(0.5,1]
(1,2]
(2,10]
(10,50]

Figure 3: Monetary

value of street opening to residents based on utility change. Streets converted to
pedestrian plazas are shown in black.

at the person level. It is similarly not clear whether the beneﬁts of improved park access should be
assigned at the person level, the household level, or the number of total park trip makers in each block
group. In theory, the beneﬁts would accrue each time a person chose to make a trip to a park or closed
street, but to estimate this would require a trip propensity or generation model, which we have not attempted here. For consistency and simplicity, we assert that the beneﬁt is assigned to each household,
and that persons receive a proportional share of the household beneﬁt. For example, a block group
with 30% Black individuals will receive 30% of the beneﬁts assigned to all the households in the block
group.
Table 5 shows the total beneﬁt assigned to households in this way as well as the share of all monetary beneﬁts in the region. In some cases, the policy of opening streets as public spaces had a pro-social
beneﬁt, as 18.7% of beneﬁts went to Black individuals, even though only 11.4% of the population of
Alameda County is Black. Similarly, roughly one-quarter of total beneﬁts went to households making
less than $35,000 per year even though only one-ﬁh of the households are in this category. On the
other hand, a smaller than expected share of beneﬁts is allocated to Asian individuals and households
making more than $125,000 per year.

5 Limitations and Future Directions
e utility-based accessibility metrics we present and apply in this paper are evaluated from a discrete
choice model estimated on simulated decision makers constructed from a third-party passive origindestination matrix. is methodological choice has some strengths: Foremost among these is the ability to readily and aﬀordably construct a large data set on an infrequent trip purpose. Most destination
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Table 5: Equity Distribution of Street Opening Beneﬁts

Group

Beneﬁt

Percent* of
Beneﬁts

Households**

Percent of
Households

Households with Children
under 6
Income < $35k
Income > $125k
Black
Asian

$137,832

14.19

83,868

14.53

$209,230
$312,926
$173,839
$188,261

21.53
32.21
17.89
19.38

90,762
229,963
61,971
167,135

15.73
39.84
10.74
28.96

Hispanic
White
All Households

$216,825
$332,917
$971,600

22.32
34.26
100.00

119,013
194,263
577,177

20.62
33.66
100.00

* As individuals and households will belong in multiple groups, the percents do not sum to 100.
† Race and ethnicity are person-level attributes; households are assumed to follow the same distribution.

choice and activity location models are estimated on small-sample household travel surveys. Securing suﬃcient responses to estimate a rich behavioral model on a trip purpose as infrequent as parks
has proven prohibitively expensive outside of extensive research activities (e.g., Kaczynski et al. 2016).
Using passive data sets to increase the eﬀective sampling rate possible in a discrete choice model is a
potentially powerful strategy, and its application here is an important contribution of our work.
At the same time, passive data sets available from commercial providers do not reveal any details
about the speciﬁc trip makers beyond what can be learned from their residence block group. In this
research we were able to determine whether a device resided in a block group with a high proportion of
low-income households, but could not have conﬁdence that a particular device belonged to a member
of such a household. Similarly, there is no information on what kind of trip the device-holder actually
accomplished at each park. ere is even substantial question as to whether the device-holder was in
the park at all, given spatial error in the underlying LBS data and the potential for conﬂating nearby
activity locations. ese limitations combined mean that it would likely be infeasible to directly observe devices that traveled to the converted streets during the COVID-19 lockdowns. e ideal data
set for estimating individual park activity location choices generally and in special situations remains
a high-quality, large-sample survey of real individuals.
e individual-level demographic data would also be valuable in understanding more clearly the
observed heterogeneity in response among diﬀerent income or ethnic groups. e trends and correlations revealed in the presented models may reﬂect situational inequities rather than true preferences.
For example, the distinct observed parameters on size and distance for block groups with high minority populations may indicate that areas with large minority populations tend to have smaller parks
that are more geographically distributed relative to other areas of the region. is interpretation could
also explain some of the non-intuitive response observed in our models, especially in regards to playgrounds. Similarly, the use of individual-level estimation data would enable heterogeneity in the beneﬁts calculation: individuals could receive beneﬁts for the choice attributes they are observed to care
most about, rather than an average eﬀect for all people as used in this research.
We limited our analysis to home locations and parks in Alameda County, California. It is possible
that some Alameda residents visit parks in neighboring counties, just as it is possible that parks in
Alameda County attract trips from outside the county borders. is is most likely for block groups
and parks on the north and south borders of the county. e scope of this analysis was determined by
the passive data set available for the research, but the county boundaries are not a general requirement
for all studies of this kind.
e distance to a park was represented in this study using a walk network retrieved from the OpenStreetMap project. ough perhaps superior to a Euclidean distance, this measure still has many lim-
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itations. First, we were unable to verify the integrity of the underlying network information; based
on our prior experience, it is likely that some broken or improperly connected links artiﬁcially inﬂated
the measured distance for an unknown number of park / block group pairs. A more serious limitation,
however, is that experienced travel distances are a function of the transport mode employed by the traveler. Using bare distances does not provide any detail on how access to parks might be increased with
improved transit service, for example. Using a mode-choice model logsum as a multi-modal impedance
term in the activity location choice model would enable this kind of analysis. Using the mode choice
logsum would also enable the inclusion of qualitative path attributes (sidewalk quality, greenery, etc.)
known to inﬂuence experienced travel impedance for particular modes of travel (Clion et al. 2016).
e monetary beneﬁts we present in this analysis are heavily dependent on two separate assumptions. First, reasonable researchers might have selected diﬀerent values of time or cost coeﬃcients.
Second, the decision to assign one beneﬁt to each household could also have been made diﬀerently.
A change in either assumption would lead to a highly diﬀerent total beneﬁts estimate, but it would
not change the distribution of the beneﬁts, which is the objective of this study. At some level, converting the esoteric measure of choice model logsums into a unit that can be conveniently compared
against other policies is desirable to help the public and policy makers evaluate such decisions. Further research should establish guidelines and practices for applying accessibility logsums in monetary
cost-beneﬁt analyses.
Importantly, this research does not attempt to determine how many people traveled to the converted streets, or how COVID-19 aﬀected park destination choice, though other researchers have used
passive LBS data to answer similar questions (Doucette et al. 2021). Of course, COVID-19 led to the
closure of some park facilities — playgrounds, pavilions, and in some cases entire parks — that were
not captured in this analysis. ese closures would lead to a decrease in the consumer surplus for park
access, which might overwhelm or at least change the distribution of positive beneﬁts we measured
here. It is also possible that the activities accomplished at the converted streets are fundamentally different than those accomplished at the parks. Although including the attributes of the converted streets
(or lack of attributes, as it were) in the utility speciﬁcation helps to represent these features as fundamentally diﬀerent from other parks, it is possible that an entirely diﬀerent utility equation estimated
on a data set including both parks and urban plazas and other similar facilities would be appropriate.
is is le for future research.

6 Conclusions
Converting city roadways into pedestrian-oriented public spaces was in some ways an obvious response
to the COVID-19 pandemic: Vehicle traﬃc demand was down, and there was also a critical need for
pedestrian-oriented open spaces in many communities. e research we present here suggests that
this policy had measurable and meaningful beneﬁts to neighborhoods in Alameda County, California, and that these beneﬁts were distributed in an equitable manner in the sense that the distribution
favored marginalized populations. e total beneﬁt to households in the community is estimated at
approximately $1 million with disproportionately high beneﬁts going to Black, Hispanic and lowincome neighborhoods. ere is, however, a disproportionately low beneﬁt to neighborhoods with
high Asian populations that might be addressed were the policy to continue, be repeated, or made
permanent in some way.
In estimating these beneﬁts, we applied an emerging technique to estimate park choice preferences
and utility from passive mobile device data. is technique allowed a more nuanced measure of access
that allowed us to consider the converted streets as providing quantitatively diﬀerent amenities than
other city parks and its application here is a primary contribution of this work. A policy of permanently closing these streets to vehicle traﬃc may or may not have negative eﬀects on transportation
access that would need to be considered against the beneﬁts we measured in this research. But utilitybased access measures provide a mechanism to weigh the beneﬁts of access against the costs of travel in
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a theoretically coherent manner. Adopting such ﬂexible methods of measuring access will help transportation and land use planners better understand the nuances and trade-oﬀs inherent in a wide range
of policy proposals.
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