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This study analyzes the influence of pedestrianization of urban space on the revenues of surrounding retail stores.
Pedestrianization refers to the conversion of street use from vehicles to a walkable environment. We compiled a
unique transaction dataset containing the estimates of sales volumes for stores across Spain and combine it with
data from Open Street Map to provide the history of land-use changes at the street-level. Based on these highgranular datasets, we apply a difference-in-differences empirical method to measure the economic impact of
pedestrian intervention. The results show that stores located in pedestrian environments tend to record higher
sales volumes than stores located in non-pedestrian environments. We further analyze the mechanisms under
lying this revenue-boosting effect and find that a key factor is the store density of the pedestrianized place, while
geographic location is insignificant. This finding suggests that there are no differentiation impacts on stores’
revenue based on whether pedestrianization occurs in the city center or periphery. Store category also acts as an
important moderator for revenue impacts, with positive effects observed mostly for the café or restaurant
category. Our results provide suggestive evidence that people prefer a pedestrian-friendly environment to a
vehicle-oriented one for non-tradable, local consumption activities. This research provides evidence-based policy
implications for urban planners interested in making smart, sustainable cities.

1. Introduction
For several decades, cities have been promoting restricted access of
vehicles to the city center and transforming these spaces for pedestrian
use (Newman & Kenworthy, 1989a, 1989, 2015). Regarding the re
covery of public spaces, scholars argue that the land-use segregation of
traditional Euclidian zoning and modernism-based development de
stroys traditional urban spaces (García Espuche, 1999; Jacobs, 1961). It
has also been observed that vehicle-dependent city planning signifi
cantly increases environmental pollution (i.e., air pollution, noise, and
anthropogenic heat), which affects human health (for a review, see
Nieuwenhuijsen, 2020) and contributes to global warming (Ewing &

Cervero, 2010). The unexpected COVID-19 pandemic and consequent
lockdowns require us to reconsider the urban planning model (for a
review, see Honey-Roses et al., 2020). We have been reminded that
streets are more than optimized vehicle-based traffic spaces and of the
simple pleasure of the natural human activity of walking (Solnit, 2001;
Wilkinson, 2016). Some cities (e.g., Milan, Paris) have allowed restau
rants, cafés, and bars to use streets to promote social distancing. Indeed,
some cities (e.g., New York, Barcelona) have announced the intention to
maintain their anti-pollution and anti-congestion measures post-COVID19. The concerted goal is to develop a more human-centered concept of
public spaces and pedestrian policies (Gehl & Svarre, 2013; Mueller
et al., 2020; Sadik-Khan & Solomonow, 2016).
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Despite this growing trend, scant research has attempted to quantify
the impact of pedestrianization on retail activities based on empirical
data. Although small-scale retailers are assumed to suffer revenue loss
due to reduced accessibility after vehicles are banned, previous studies
on the topic are largely descriptive and qualitative (Gehl, 1987; see
Gehrke & Clifton, 2019 for a review; Jacobs, 1961; Lynch, 1960; Whyte,
1980). Within the limited body of quantitative studies, the popularity of
streets, potential rents for commercial real estate, or expected revenues
are proxied by geographical proximity to the city center (Hillier, 1996;
Hillier et al., 1993; Porta et al., 2009, 2012; Sevtsuk, 2014), not on
actual transaction data at the micro level. Furthermore, there is no wellestablished analytical framework to separate pedestrianization policy
from other confounding environmental factors.
This study attempts to fill some of these gaps by quantifying the
economic impact of pedestrianization on retail stores at the neighbor
hood level. We hypothesize that pedestrian-friendly spaces improve
shopping experience and thus attract more customers for retailers,
resulting in increased sales volumes. By examining the mechanisms and
rules behind spatial agglomeration in urban economics, walking activity
has been found to increase random encounters of stores compared to
purposeful purchase, thereby increasing the effects of spatial agglom
eration, as anchoring stores can play a larger role. Most empirical studies
use economic indicators at coarse geographical scale, such as at the city,
regional, national, and international levels (Fujita & Thisse, 2013). Few
studies combine spatial configurations and land-use policies at neigh
borhood/street resolution to provide intra-city planning knowledge,
owing to the difficulty of obtaining fine-grained data on revenues
generated by individual retail stores (for a review, see Yoshimura et al.,
2020).
To test these theoretical insights, we employ a novel card transaction
dataset from a major Spanish bank to estimate the sales volumes for
almost all cities in Spain with high spatial granularity. We also obtain
the history of land-use changes from the Open Street Map (OSM) dataset.
As retail store sales volumes are influenced by various factors, we adopt
a difference-in-differences (DID) approach to infer the causal effect of
street pedestrianization on the sales volume of stores in the neighbor
hood. DID models have been widely used to assess the effects of planning
policies, such as light transit rail on the neighborhood socio-economic
situations (Bardaka et al., 2018; Diao et al., 2017; Hurst & West,
2014), high-speed rail on the regional economy (Albalate et al., 2017;
Wetwitoo & Kato, 2019), and urban redevelopment on safety (Branas
et al., 2011) and on housing prices (Lee et al., 2017). This approach is
sometimes combined with propensity score matching (PSM) (Caliendo &
Kopeinig, 2008; Stuart, 2010; Stuart et al., 2014) to better deal with
confounding factors. Despite the prolific literature applying these
econometric approaches in the urban setting, ours is the first study to
apply this quasi-experimental design to measure the economic impact of
pedestrianization on retail stores.

2.1. Data description
2.1.1. Transaction dataset
The transaction dataset consists of bankcard transactions provided
by Banco Bilbao Vizcaya Argentaria (BBVA), one of Spain’s largest
banks, from November 1, 2010 to December 31, 2012. These include
transactions performed by two groups of card users: the bank’s direct
customers, who hold a debit or credit card issued by BBVA, and other
banks’ customers, who performed transactions through any of the
approximately 300,000 BBVA point-of-sale terminals for the whole
country. The system registers customer transactions using debit or credit
cards. The information includes a unique ID for each customer’s credit
or debit card that, for privacy reasons, was not associated with the real
ID of the customer or the bank card, the shop where the customer made
the transaction, the timestamp of the transaction, and the amount of
money spent. The data were aggregated and anonymized in accordance
with all Spanish privacy-protection laws and regulations.
The shops in the original dataset have been classified into seven
general categories with 17 sub-categories based on the primary and
secondary activities in the city (for all categories, see Table 1 in Yoshi
mura et al., 2018). Based on this re-disaggregated process, this study
chose (1) stores that opened during the study period (successive store)
and (2) the aggregated categories A and B (Fig. 1a). Fig. 1b presents the
boxplot of those stores’ sales volumes in each month, and shows flat
sales for the entire period. Fig. 1c shows that stores satisfying condition
(1) above produce 75.5% of the total sales volume on average of all
stores, while representing just 34.5% of all registered stores in Spain. All
the results validated the representativeness of the dataset for our
analysis.
2.1.2. Study area
We chose 14 Spanish cities for our analysis. They were selected ac
cording to the following criteria. Although the transaction dataset
covers the whole of Spain, small-scale cities have fewer point-of-sales
terminals in the city, resulting in a smaller number of conducted
transactions. To reduce measurement errors, we first identified the 50
most populated cities in Spain. Then, we attempted to collect pedestrian
space information for these cities through OSM, using the method pre
sented in the next section. Some of these 50 cities lacked high-quality
data for pedestrian space, leaving 14 cities in our final sample. The
number of shops located in each city and their basic statistics are in
Table S1 in the Supplementary Materials.
2.1.3. Pedestrian space dataset
The OSM dataset contains the metadata for each street, providing the
history of land-use changes. We collected all necessary information for
the same time period corresponding to the transaction dataset through
Ohsome API service (Grinberger et al., 2019). This platform was
developed by the Big Spatial Data Analytics team at HeiGIT. It allowed
us to access the full history of OSM easily. To retrieve the pedestrian area
over time, we collected information on the boundaries of the urban areas
of the 32 most populated Spanish cities using OSMnx (Boeing, 2017).
Then, we divided them on the 128 m × 128 m grid. These grids, which
are used as the input for the Ohsome API, returned the historical data of
the pedestrian areas for each grid.
Fig. 2a presents the distribution of the average increment in the
number of pedestrianized grids from the previous month for 14 cities.
The figure shows an increase in the pedestrian grid, which was
concentrated during May 2011 to December 2011. We also analyzed the
geographical locations where pedestrianization occurred in each city
and compared them for the 14 cities (Fig. 2b).

2. Methodology
Our empirical strategy consists of three steps: First, we divided the
entire city of each 14 Spanish cities into grids (128 m × 128 m) and
calculated the increase in the pedestrian area inside each grid in the
observation period (from November 1, 2010 to December 31, 2012).
Second, we assigned grids in which the pedestrian areas were expanded
during our observation period to the treatment group, and grids whose
pedestrian areas remained stable to the control group. Third, we
employed the propensity-score-matching-difference-in-differences
(PSM-DID) method (Wang et al., 2019) to identify the causal effect.
We removed geographically proximate grids of the treated units from
the control group, as the stable unit treatment value assumption of the
quasi-experimental design requires no inference (Rubin, 1980).

2.2. Characterization of grids: Link-betweenness centrality
Estimation of geographical accessibility requires a specific calcula
tion and stratification. For this purpose, we employed the local link2
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Fig. 1. (a) Basic properties for individual categories. The author of this paper made this table based on Fig. S2 in Yoshimura et al. (2020), using the employed dataset
for this study. (b) Boxplot of stores’ sales volumes in each month for all stores in Spain. (c) Distribution of average total sales volumes generated by two kinds of
stores: stores with continuous sales and stores with no sales for at least one month during the observation period.

betweenness centrality indicator to classify the physical proximity of the
grids (Yoshimura et al., 2020).
Link-betweenness centrality measures how frequently link i acts as the
mediator on the shortest paths between the other pairs of links in the
network. A link with a higher degree has a higher performance—that is,
it is traversed in a relatively high number of shortest paths in the
network. An intermediate link acts as a strategic control point. To
compute betweenness, we considered only the shortest paths between
streets up to a certain distance from the link of interest. We denoted link
i’s betweenness by CiBrwhen we considered network distance r, defined
in this study as the radius of the total length of the streets from the
targeted link i, rather than the Euclidean distance from the link i (r =
300 m, 400 m 500 m … 5000 m, increasing in units of 100 m). To
determine CiBr, we computed the centrality indicator for each link,
considering the street network from link i.
In this study, we divided all grids into three groups depending on the
betweenness values. We labeled the first bin the “historical center
cluster,” the second bin the “artery cluster,” and the last bin the “other
cluster.” Finally, we applied PSM-DID for each group.

(1)

f (Xi ) = P(Ci = 1|Xi )

where f(∙) is a propensity score function (logit function), Ci is a dummy
variable representing the treatment condition of zone i, and Xi is a vector
of control variables for zone i. The underlying assumption of PSM is that,
conditional on the observable characteristics affecting treatment prob
ability, the treatment status is nearly randomly allocated. We used
nearest neighbor matching to select the treatment and control groups on
a one-to-one basis based on their propensity scores.
Based on the matched treatment-control pairs, our second step was to
implement DID estimation. Fig. 3a presents how standard DID is oper
ationalized (Angrist & Pischke, 2008). The common trend assumption
(CTA) of DID requires that the time trend of the treatment group be
parallel to that of the control group if the intervention was not con
ducted (Abadie & Cattaneo, 2018). In this study, we defined the area of
pedestrianization during May 1, 2011-July 31, 2011 as the treatment
group. We excluded these three months of sales volumes from the
regression analysis and tested the parallel trend using the following
event study approach:
16
∑

(2)

2.3. Propensity score matching–difference-in-differences

Inyit = α0 + α1 Gi +

PSM–DID reduces confounding factors by matching each treated unit
with their comparable controls, comparing the same unit before and
after to control for unobserved individual characteristics, and
comparing treatment and control units to control for general time trends
(Angrist & Pischke, 2008; Caliendo & Kopeinig, 2008).
The first step was to implement PSM to ensure balance between the
treatment and control groups so that the parallel trend assumption could
be satisfied. Compared to conventional matching algorithms, PSM
enabled us to align the distribution of the multi-dimensional covariances
matrix between the treatment and control groups by converting the
feature vectors into a scalar quantity (Rosenbaum & Rubin, 1983). The
propensity score was defined as the prediction probability of a specific
individual being treated, given the individual’s covariances:

where yit is the total sales volume of grid i on date t; Gi is a treatment
dummy that equals 1 if grid i is treated and 0 otherwise; and mt, j is a time
dummy that equals 1 if date t is within month j (we recoded the treat
ment time period as 0). The dummy for j = -1 time period (i.e., April 1,
2011-April 30, 2011) was omitted in the regression to be used as the
baseline. Xi is a rich vector of covariates for grid i. We also included
month fixed effect μm to control for the place-invariant confounders
specific to each month. ϵit is the robust standard error. Our coefficient of
interest is βj, which captures the average treatment effect of pedestria
nization on sales volume in month j.
With the CTA hypothesis satisfied, we estimated the influence of
pedestrianization on the total sales volumes as follows:

βj Gi × mt,j + Xi γ + μm + ϵit

i=− 6,j∕
=− 1

3
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Fig. 2. (a) The distribution of the average of the increment in the number of pedestrianized grids from the previous month for 14 Spanish cities. (b) The geographical
distribution of the pedestrian grids of 14 cities. (c) The geographical distribution of the non-pedestrian grids of 14 cities. (d) The visualization of the geolocation of
the pedestrian and non-pedestrian grids for Barcelona, December 2012. (e) The visualization of the geolocation of the pedestrian and non-pedestrian grids for
Valladolid, December 2012.

Fig. 3. (a) Schematic illustration of the economic trend and its parallel condition for DID application. The author of this paper made this illustration. (b) Flow chart
for the subclassified PSM.
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category B (see Fig. 5b). This indicates that the category-A stores located
in the pedestrian grids in those six cities tend to produce higher sales
volumes than the stores in non-pedestrian grids, and the difference is
statistically significant.
These facts suggest that, from the longer-term point of view, the
stores located in pedestrian grids tend to produce higher sales volumes
than those located in non-pedestrian grids. Our outcome can be
considered a result of land-use change after streets were converted to a
pedestrian environment. We also discovered that the difference in
stores’ sales volumes is larger in small- to medium-sized cities than in
larger cities. In addition, category-A stores located in pedestrian envi
ronments recorded higher sales volumes than did Category-A stores in
non-pedestrian environments, and the effect size is larger in these cities
than in large cities.

(3)

where ∆treat = (median of total sales volume of the treatment group
after pedestrianization) – (median of total sales volume of the treatment
group before pedestrianization), and ∆control = (median of total sales
volume of the control group after pedestrianization) – (median of total
sales volume of the control group before pedestrianization). Conse
quently, α provides the impact of the pedestrian policy. We used the
median, instead of the average, to reduce the impacts of extreme values.
To ensure balance on key confounding variables, we employed
stratification before PSM-DID based on store density, monthly sales
volumes, geographic accessibility, and store category.
In this study, we hypothesized that four factors affect total sales
volumes in the grid: (1) store density, (2) average monthly sales volumes
of the pre-intervention period, (3) geographic accessibility, and (4) store
category. Therefore, we stratified these four factors and chose the
treatment and control grids within the same quartile of each group
(Fig. 3c). Specifically, we first divided all grids into quartiles by their
features. Second, we stratified the grids in the treatment group into
quartiles, calculated the range of values in each quartile, and matched
the control grids in the same range into the same stratum. This provided
us with grids classified into 16 layers. Third, we selected all grids that
were classified into the same layer as the treatment group, and we
classified them into the control group. Finally, we chose the treatment
and control groups from each layer of each feature and then conducted
the DID analysis.

3.1. Preparation for difference-in-difference analysis: CTA and PSM
The previous results show correlations between change in land use
(pedestrianization) and sales volume. It is possible that other con
founding factors co-determine the possibility for a grid to be pedes
trianized and to simultaneously generate higher sales volumes. To better
understand the causal implications of pedestrianization, we proceeded
to the DID analysis. First, we checked whether the dataset of each city
satisfied the CTA and PSM. The cities that satisfied those conditions were
included in the DID analysis for the next step.
To ensure that the selected grids shared similar characteristics, we
examined whether the distribution of the selected factors was similar
enough among the grids. (see “Methodology” for details).
Fig. 6a presents the randomly selected distribution of the monthly
sales volumes for four different situations for different cities. The blue
line is the estimated coefficient of the difference of the outcome between
the treatment and control groups, and the blue dotted line is the confi
dence interval. We interpreted the result to mean that the distribution of
the two groups is similar enough if the baseline (=o) is sandwiched by
the confidence interval. In this way, we could check the distribution and
confirmed that all situations from all cities satisfy the condition of CTA
(see Fig. S5 in the Supplementary Materials for all cases).
The next step is to check PSM. Fig. S6 presents the randomly selected
PSM for four cities (see “Methodology” for details). We tested the
common support with a balance test (Bruhn & McKenzie, 2009). Fig. S6a
and S6b show that those two units are similarly distributed, which sat
isfies the condition for inclusion in the DID analysis. Conversely, Fig. S6c
and S6d do not show similar distribution, indicating these units do not
satisfy the conditions for inclusion in the DID analysis. After checking
the PSM for all cities, we discovered that Madrid, Barcelona, and
Valencia satisfied the conditions, but the other cities did not. Conse
quently, we focused on these three cities for the DID analysis.

3. Results and discussion
This section provides the results of our analysis by the distribution of
the stores’ median sales volumes between the pedestrianized and nonpedestrian grids for 14 Spanish cities. Although the economic trend
followed a similar pattern for both groups, the stores located in pedes
trian grids generated higher sales volumes than those located in nonpedestrian grids (see Fig. 4a for all cities). In addition, we observed
that the stores’ revenues dropped drastically during the summer vaca
tion period (i.e., August), while they significantly increased at the end of
the year (i.e., December).
To verify whether such a difference is statistically significant, we
applied Welch’s t-test (Derrick et al., 2016) for the 14 cities. Fig. 4b
presents the number of months by the score of Welch’s p-value for the 14
cities, showing that during more than half of the months for 10 cities, pvalues <0.05. This indicates that the stores located in pedestrian grids
could generate higher revenues than those located in non-pedestrian
grids. We also applied the Cohen’s d indicator (Kelley & Preacher,
2012) for the 14 cities to evaluate the effect size of the difference in store
sales volumes between the pedestrian and non-pedestrian grids. Fig. 4c
shows that there is a tendency for small- to medium-sized cities to have a
stronger effect than large cities.
Furthermore, we examined the distribution of p-values of Welch’s ttest for each category for each month. Fig. 5a shows six cities that are
statistically significant for category A, while there are only three cities in

3.2. Stratification
We now advance to the stratification for the DID analysis, as the
previous subsection uncovers an overall null effect, but it would

Fig. 4. (a) Revenues of stores located in the pedestrian and non-pedestrian grids. (b) Proportional distribution of p-values of Welch’s t-test for stores’ sales volumes in
the pedestrian and non-pedestrian grids. (c) Boxplots of the effect size (Cohen’s d) of Welch’s t-test for 14 cities.
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Fig. 5. (a) Number of months by the result of Welch’s t-test for category A. (b) Number of months by the result of Welch’s t-test for category B.

Fig. 6. (a) Distribution of monthly sales volume in Barcelona. (b) Distribution of monthly sales volume of store density (Q4) in Barcelona. (c) Distribution of monthly
sales volume of category B (Q2) in Barcelona. (d) Distribution of monthly sales volume betweenness 300 m (Q3) in Valencia.

probably mask the effect of the underlying heterogeneity. Thus, we
focused on some factors and implemented DID again for the subgroup.
This subsection presents the results. The four factors considered most
influential were further classified into quantiles depending on their
scores. These factors are: (1) density of stores; (2) sales volumes before
pedestrianization; (3) betweenness 300 m; (4) betweenness 5000 m; (5)
geographic characteristics (three categories); (6) store category A; and
(7) store category B. Consequently, we developed 27 models (6 variables
× 4 + 1 variable × 3 stratifications), applying them to the cases of
Madrid, Barcelona, and Valencia. This method enabled us to examine
the influence of each variable in more detail. We present only the density
of stores and category B, which show statistically significant results.
Other results are presented in Figs. S7–S14 in the Supplementary
Materials.

coefficients of the interaction terms have negative signs for both cases.
This indicates that pedestrianization causes, if anything, a decrease in
stores’ sales volumes. In the case of Madrid, the higher-store-density
environment across the city tends to generate lower sales volumes by
pedestrianization than before the intervention. In the case of Valencia,
the lower-density environment tends to generate lower sales volumes by
pedestrianization than before the intervention.
Conversely, betweenness 300 m and 5000 m do not show statistically
significant results (see the Supplementary Materials). This suggests that
geographic location is not a significant factor for pedestrianization.
Neither the central locations in terms of the betweenness indicator nor
the locations that are clustered near an artery, historic center, or other
environment show p-values <0.05. This suggests that if we expect an
economic impact, the location of pedestrianization is not necessarily
considered from the geographic viewpoint, but from that of other
factors.

3.2.1. Density of stores
We observe in Fig. 7 that Q3 in Madrid and Q1 in Valencia have pvalues <0.05, which indicates statistical significance. However, the
6
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Fig. 7. Distribution of the p-value of difference-in-differences in terms of store density.

3.2.2. Category B
Conversely, Fig. 8 presents the p-value of DID for the category-B
stores. In Valencia, Q4 and Q1 show p-values <0.05, indicating that
this factor is statistically significant. Q4 is positive and Q1 is negative,
meaning that the higher-density environment of store category A in
Valencia caused an increase in sales volumes by pedestrian intervention,
while the lower-density environment caused sales volumes to decrease.
We speculated that a higher density of cafés and restaurants attracts
more people to the pedestrian environment than to the non-pedestrian
environment. People may prefer to have coffee, lunch, or dinner in the
pedestrian environment than in the non-pedestrian environment. In
addition, this phenomenon occurs in the higher-density environment
rather than in the lower-density environment. This result suggests, on
the one hand, that a lively environment created by the crowdedness of
restaurants and cafés attracts more people, resulting in increased sales
volumes. On the other hand, the result also suggests that in the lower-

density locations, pedestrian intervention decreases revenues for res
taurants and cafés in Valencia. Crowdedness could be important for
stores to attract people, and thus, to increase their revenues.
3.3. Summary
All of these results revealed that store density is one of the significant
moderators affecting the treatment effect of pedestrianization on sales
volume. In addition, we discovered that store category is important for
pedestrianization. For example, considering category B in Valencia, the
higher-density environment caused an increase in store revenue by
pedestrian intervention, while neither the higher- nor lower-density
environment of store category A showed a p-value <0.05. These re
sults indicate that density is one of the deterministic factors for the
impacts of pedestrianization on stores’ sales volumes, but it largely
depends on the store category.

Fig. 8. Distribution of p-value of difference-in-differences in terms of store category B.
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We speculated that people tend to buy ordinary articles (category A)
near their houses, and this tendency does not change if the environment
is converted into pedestrian space. On the other hand, people may prefer
pedestrian environments to have coffee, lunch, or dinner (category B)
over non-pedestrian environments. In addition, we speculated that the
agglomeration of stores creates an attractive environment, resulting in
an increase in the number of customers. The overall result is increased
sales volumes.
Finally, we found that geographic location, when controlling for
density and store composition, has little effect on the economic impacts
of pedestrianization. Neither betweenness 300 m nor 5000 m show pvalues <0.05 (see “Methodology” and (Yoshimura et al., 2020) for the
betweenness 300 m and 5000 m in more detail). These results indicate
that spatial accessibility in terms of network centrality is not an
important factor in triggering stores’ higher sales volumes by pedes
trianization, and it does not create an economic impact for the stores.

findings, we argue that urban space should be pedestrian oriented for
environmental and psychological well-being, even if the economic
impact is limited and context specific.
Pedestrian streets could transform the shopping experience from
goal oriented (i.e., drive to destination, buy the planned items, and
leave) to experience oriented (i.e., walk around, take a coffee break, and
chat with friends). The latter would increase urban vibrancy and facil
itate the urban agglomeration effect by increasing social interaction. In
summary, pedestrianization does more than provide obvious environ
mental benefits. Our study differs from previous ones as it documents
other potential social impacts, which is of particular value when
considering the post-COVID-19 lifestyle evolution. The causal impacts of
land-use planning on the local economy at the sub-city level have been
largely understudied and should receive increased attention in future
research.
Funding

4. Conclusion

The author(s) received no financial support for the research,
authorship, and/or publication of this article.

This study provides evidence-based policy implications for urban
planners interested in developing attractive, resilient, and sustainable
cities. Understanding the potential moderators for the economic impacts
of pedestrianization is especially relevant for post-COVID-19 urban
planning models. Due to the pandemic, many cities plan to expediate
land-use changes to pedestrian-oriented space, but urban planners
usually do not have a consistent evidence-based policy, even method
ology, to choose the location, resulting in seemingly random choices
over the city. The empirical evidence provided in this study on the role
played by store density and store types can guide planners in prioritizing
the pedestrianization of urban areas where more experience-based
stores are concentrated. It is important to observe that store density,
while apparently important to have a significant positive economic
impact on pedestrianized areas, is not necessarily at odd with public
health considerations in case of pandemic events, which tend to
discourage the planning of dense urban environments. We believe that
in this context it would be key to provide people with the opportunity of
connecting with each other, while adequately controlling their face-toface contact occasion even under the densified environment. Such
planning and policies can achieve a vibrant and lively environment
created by the store density while preventing the pandemic of the
infection.
In addition, our results are helpful for policymakers to explain landuse change policy to retailers located along streets to be pedestrianized.
Although pedestrianization can improve many aspects of a city, such a
policy is not always welcome. For example, some retailers may wonder
whether land-use change to pedestrian use would have a positive or
negative impact on their revenues, which is a significant factor for their
businesses. This critical information is a novel result of our study.
Although the proposed method and results provide clear value and
novel perspectives that extend the existing research, there are several
limitations of this study. First, we focus on a limited number of Spanish
cities for the DID analysis, since the intrinsic differences between
pedestrianized and non-pedestrianized areas in most cities make it
difficult to develop valid counterfactual scenarios. Alternative quasiexperimental strategies or randomized controlled trials are needed to
investigate a larger number of cities to extend the validity of our results.
Second, we require a longer observation period to measure the mid- to
long-term impacts of pedestrianization. Although we have already
identified some patterns of economic impacts in the short term (i.e., two
years), the major impacts of pedestrianization could emerge after a
longer period of implementation. Finally, pedestrianization policy has
broader social impacts than only boosting retail revenue. For example,
the literature has found positive impacts of pedestrian spaces on peo
ple’s psychological frame of mind (Solnit, 2001). Pedestrianization also
helps reduce negative environmental effects, such as air pollution or
urban noise (Nieuwenhuijsen, 2020). Considering these previous
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