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Business-to-consumer shoppers in e-commerce increased significantly in recent years, along with the number of
urban freight trips derived from deliveries. Therefore, understanding the factors that influence e-commerce
demand is essential to providing practical solutions to the problems that arise from deliveries. This study assesses
the relationship between neighborhood characteristics and the number of urban e-commerce deliveries using
negative binomial regression models applied to Belo Horizonte, Brazil data. The number of e-commerce de-
liveries between 2019 and 2021 was modeled considering the number of retail shops, sociodemographic data,
and neighborhood area. The results show that income, number of retail shops, and neighborhood land area
positively influence e-commerce deliveries, while household size negatively impacts the number of deliveries.
The elasticity values and t-test indicate that the impact of different characteristics changed in 2020, remaining
similar between 2019 and 2021. Income was the most impactful variable in the number of deliveries in 2020. The
neighborhood characteristics bring knowledge for developing more effective business models for e-commerce

delivery services.

1. Introduction

The global retail economy has increased significantly because of
digital technology growth. The number of e-commerce shoppers
increased by 7% in 2019, reaching 1.48 billion and generating 4870
billion USD in sales (UNCTAD, 2021). The restrictions related to the
COVID-19 pandemic significantly contributed to such expansion. In
2020, the e-commerce demand increased by 22%, accounting for 65% of
sales (UNCTAD, 2021). In 2021, online sales increased by almost 14%
worldwide compared to the previous year (Statista, 2022a). More spe-
cifically, the e-commerce market in Brazil grew by 16%, 30%, and 27%
in 2019, 2020, and 2021, respectively (E-bit and Nielsen, 2022).

E-commerce sales generate many deliveries to customers’ residences
or workplaces and increase the number of urban freight trips (Allen
et al.,, 2018). As a result, negative externalities are observed, such as
congestion, noise, visual and air pollution (Moroz and Polkowski, 2016),
traffic accidents, and damage to the transport infrastructure (Park et al.,
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2016). However, urban planning usually needs to address the issues
related to urban freight transport (Allen et al., 2018) to increase
livability and sustainability in urban environments (Taniguchi et al.,
2014).

Understanding the factors that influence the e-commerce demand
provides practical solutions to the problems that arise from deliveries,
which rely upon the behavior of several stakeholders such as consumers,
public agents, urban planners, and logistics operators (Tadi¢ and
Veljovi¢, 2020). Thus, this study focuses on the following research
question: which neighborhood characteristics influence the number of
urban e-commerce deliveries?

According to Beckers et al. (2022), the most common variables to
predict e-commerce household freight deliveries are age, car ownership,
gender, income, product type, sustainability, urbanization rate, and
accessibility. Furthermore, the preference for online shopping is related
to the income and the number of inhabitants per household (e.g., Cheng
et al., 2021; Saphores and Xu, 2021; Sener and Reeder, 2012; Zhou and
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Wang, 2014). Moreover, accessibility to physical retail stores is a vari-
able that influences e-commerce shopping (e.g., Cheng et al., 2021;
Hood et al., 2020; Kirby-Hawkins et al., 2019; Motte-Baumvol et al.,
2017). However, the effects of neighborhood characteristics on e-com-
merce shopping and, consequently, on e-commerce deliveries are not
well-defined. Thus, this paper aims to assess the relationship between
neighborhood characteristics and e-commerce deliveries. We estimated
negative binomial regression models with data regarding the e-com-
merce deliveries performed by a carrier in Belo Horizonte, Brazil, over
2019, 2020, and 2021, and the number of retail shops, sociodemo-
graphic data, and the neighborhoods’ area.

The contributions of this paper are as follows: (i) the analyses are
transferable to developing countries, where different urban and socio-
economic characteristics from developing countries are observed (Song,
2021), and spatial distribution of e-commerce deliveries may differ; (ii)
differently from other studies that considered survey data, except by
Cheng et al. (2021) and Kirby-Hawkins et al. (2019), it comprises
e-commerce carrier data with national coverage and significant market
share in the studied city that poses challenges to the analyses and
interpretation; (iii) it includes spatial variables that remain unclear or
underestimated (Song, 2021), while few studies have addressed them for
similar purposes (e.g., Cheng et al., 2021; Kirby-Hawkins et al., 2019;
Ren and Kwan, 2009; Song, 2021); and (iv) it considers that the
importance of the attributes may vary over time as the spatial pattern of
e-commerce deliveries between 2019 and 2021 are compared, in op-
position to other research that usually considered cross-sectional data.

The outline of this paper is as follows. Section 2 presents a literature
review addressing e-commerce deliveries and details the hypotheses of
this study. Section 3 describes the studied area and the data and details
the research method. Section 4 presents the results and addresses the
importance of neighborhood characteristics to e-commerce deliveries by
discussing policy implications in this context. Finally, Section 5 provides
conclusions to the study and rows for future research.

2. Factors influencing e-commerce deliveries

The relationship between income, household size, accessibility to
physical retail shops, and e-commerce deliveries has been identified in
Table 1. Income is the most frequent factor linked to e-commerce de-
liveries. In most of the studies, it has a positive influence on e-commerce
(Beckers et al., 2018; Cao et al., 2013; Cheng et al., 2021; Clarke et al.,
2015; De Blasio, 2008; Farag et al., 2007, 2006a, 2006b, 2005, 2003;
Hood et al., 2020; Lee et al., 2017, 2015; Motte-Baumvol et al., 2017;
Ren and Kwan, 2009; Saphores and Xu, 2021; Sener and Reeder, 2012;
Song, 2021; Zhou and Wang, 2014). However, Ren and Kwan (2009) did
not find statistical significance between income and e-commerce
behavior in the Columbus metropolitan area (US), possibly because of
the dataset comprising upper- and middle-class, well-educated, and car
owners white Americans.

Household size influences e-commerce. Studies performed in the US
and Spain show that people who live alone are more likely to buy online
(Pérez-Hernandez and Sanchez-Mangas, 2011; Zhou and Wang, 2014).
However, the effect of the number of household inhabitants and the
number of children on e-commerce presented ambiguous results. Some
studies found that the number of household inhabitants positively cor-
relates with e-commerce (Cheng et al., 2021; Sener and Reeder, 2012),
while others found the opposite (Pérez-Amaral et al., 2020; Zhou and
Wang, 2014). A positive effect of the number of children on online
shopping was identified by Jaller and Pahwa (2020), Saphores and Xu
(2021), and Van Droogenbroeck and Van Hove (2017); but a negative
effect was found by Pérez-Hernandez and Sanchez-Mangas (2011).

The relationship between accessibility and e-commerce was also
studied. Accessibility is usually measured by the number of physical
stores accessible by car from the consumers’ homes (Farag et al., 2006a).
However, accessibility to shopping is not homogeneous over the terri-
tory (Cao et al., 2013; Motte-Baumvol et al., 2017) such that residents
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with lower levels of accessibility to local shopping opportunities are
more likely to buy online (Cao et al., 2013; Cheng et al., 2021; Clarke
et al., 2015; Loo and Wang, 2018; Ren and Kwan, 2009). Moreover,
urban residents buy online more often than suburban citizens due to
faster Internet connection (Farag et al., 2003, 2005, 2007). Therefore, an
urban lifestyle may promote e-commerce shopping (Farag et al., 2006a).

Few studies used operational data to assess the relationship between
e-commerce and neighborhood characteristics (e.g., Cheng et al., 2021;
Kirby-Hawkins et al., 2019; Opesade, 2020; Song, 2021), in opposition
to the most recurrent use of self-declared data as indicated in Table 1.
Kirby-Hawkins et al. (2019) explored the e-commerce geography based
on online sales of a major UK grocery retailer by identifying the de-
mographic characteristics of online consumers per geodemographic type
at the county level. Opesade (2020) investigated the patterns of
e-commerce in Nigeria using data from Google Trends and the socio-
economic factors that affect diffusion at the county level. The results are
based on descriptive analysis and correlation tests and indicate different
distributions across the cities.

Song (2021) identified the spatial distribution of e-shopping in China
using online data from the Alibaba group at the county level. The author
estimated a geographically weighted regression model and identified
the relationship among sociodemographic variables, land use, personal
characteristics, the physical retail economy, and geographical factors.
Findings showed that gender and mobile penetration affect e-commerce
purchases negatively, while the other attributes affect them positively.
Cheng et al. (2019) investigated the impact of locational and household
characteristics on e-commerce home delivery demand in Singapore
using carrier data. The authors estimated a linear regression model to
explore the relationship between locational and household character-
istics and online shopping, considering urbanization level, accessibility,
household characteristics, and household type. Results showed a posi-
tive effect of population density, household income, size and type, and
vehicle ownership on the delivery demand for online shopping. On the
opposite, the age of the residential buildings, accessibility to shopping
malls, and public transportation have a negative effect on it.

Cheng et al. (2019) used operational data similar to this paper but
considered different variables. Other studies used retail (Kirby-Hawkins
et al., 2019; Song, 2021) and Google Trends data (Opesade, 2020) to
assess the e-commerce pattern at the county level.

The myriad of methods is directly related to the goals of each study
and the type of data available. For example, most of the analyses used
logistics regression to assess the use of e-commerce (Clarke et al., 2015;
De Blasio, 2008; Farag et al., 2006a; 2006b; Jaller and Pahwa, 2020; Lee
et al., 2015; Loo and Wang, 2018; Motte-Baumvol et al., 2017;
Pérez-Amaral et al., 2020; Ren and Kwan, 2009; Saphores and Xu, 2021;
Van Droogenbroeck and Van Hove, 2017), notwithstanding the appli-
cation of structural equation modeling (Cao et al., 2013; Farag et al.,
2007; Zhou and Wang, 2014), analysis of variance (Brashear et al., 2009;
Hashin et al., 2009) and chi-squared test (Farag et al., 2006a). Therefore,
using traditional models to fit the data may help achieve the goals of a
given study.

Most of the studies referring to the relationship between e-commerce
and neighborhood characteristics using data from developed countries,
such as Belgium (Van Droogenbroeck and Van Hove, 2017), France
(Motte-Baumvol et al., 2017), Italy (De Blasio, 2008), Netherlands
(Farag et al., 2003, 2005; 2006a; 2006b, 2007), Singapore (Cheng et al.,
2021), Spain (Pérez-Amaral et al.,, 2020; Pérez-Hernandez and
Sanchez-Mangas, 2011), UK (Clarke et al., 2015), and US (Cao et al.,
2013; Cheng et al., 2021; Farag et al., 2006a; Jaller and Pahwa, 2020;
Lee et al., 2017, 2015; Ren and Kwan, 2009; Saphores and Xu, 2021;
Sener and Reeder, 2012; Zhou and Wang, 2014). However, while
e-commerce has grown in developing countries, studies using data from
these locations are less frequent. Analyses have been carried out in
Malaysia (Hashin et al., 2009), China (Loo and Wang, 2018; Song,
2021), Indonesia (Lubis, 2018), and Nigeria (Opesade, 2020). A com-
parison of e-shoppers profiles explored by Brashear et al. (2009)
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Table 1
Summary of literature.
Reference Variable Place Data Method
Income  Household Accessibility to physical ~ Developed Developing Real Self-declared Logistic ANOVA  Chi-square  Structural equation Other
size retail shops countries countries data survey data regression test modeling
Cao et al. (2013) . . . . .
Cheng et al. (2021) . . . . . .
Clarke et al. (2015) . . . . .
De Blasio (2008) . . . . .
Farag et al. (2005) . . . .
Farag et al. (2006a) . . . . . .
Farag et al. (2006b) . . . . )
Farag et al. (2007) . 0 . . .
Hashin et al. (2009) . . . .
Hood et al. (2020) . . . . .
Jaller and Pahwa (2020) . . . .
Lee et al. (2015) . . . .
Lee et al. (2017) . . . .
Loo and Wang (2018) . . . .
Lubis (2018) . . . .
Motte-Baumvol et al. (2017) . . . . .
Opesade (2020) . . . .
Pérez-Amaral et al. (2020) . ) . . .
Pérez-Hernandez and . . . .
Sanchez-Mangas (2011)
Ren and Kwan (2009) . 0 0 . .
Sener and Reeder (2012) . . . . .
Saphores and Xu (2021) . . . . .
Song (2021) . ° . .
Van Droogenbroeck and Van . . . .
Hove (2017)
Zhou and Wang 2014) . . . . .
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included data from the United States, England, New Zealand, China,
Brazil, and Bulgaria.

Moreover, the literature needs to be more conclusive about the in-
fluence of household size on e-commerce and provide evidence about its
effects in developing countries. Furthermore, the impact of accessibility
to retail shops on e-commerce should be analyzed in different contexts,
as local characteristics influence consumer behavior. Thus, these issues
must be investigated to explain the effects of household, accessibility
and income on e-commerce deliveries.

2.1. Research hypotheses

Based on the evidence found in the literature regarding the influence
of neighborhood characteristics on e-commerce, the first hypothesis of
this study is (H1): The average income of a neighborhood influences e-
commerce deliveries in Belo Horizonte, Brazil.

The second hypothesis establishes the relationship between e-com-
merce and the accessibility to retail shops as follows (H2): The number
of retail shops in a neighborhood influences e-commerce deliveries in
Belo Horizonte, Brazil.

The third hypothesis refers to the relationship between household
size and online shopping (H3): The average household size in Belo
Horizonte influences e-commerce deliveries.

Finally, the influence of neighborhoods area on e-commerce is
analyzed in the fourth hypothesis (H4): The neighborhood area of a
Brazilian city influences e-commerce deliveries.

These hypotheses were designed based on the data available at the
neighborhood level that represent its characteristics.

3. Method
3.1. Study area and data description

Belo Horizonte is the capital of the state of Minas Gerais, located in
the Southeast region of Brazil. It was founded in 1889 as the first
planned Brazilian city. The broad streets and wide squares intended to
allow the movement of people and goods and the urban densification by
high-rise buildings at the beginning of the 20th century symbolized
progress and modernity (Fernandes, 2021). The area initially planned
for the city shown in Fig. 1 was designed for 200,000 inhabitants;
however, in 1940, 211,377 inhabitants lived in it (IBGE, 2022b). The
town has nine administrative units and 477 neighborhoods (IBGE, 2010)
across 331 km? (IBGE, 2022a). In 2019, the population was estimated at
around 2.5 million as the 6th most populous Brazilian city.

Fig. 2(a) illustrates the population distribution over the territory:
37% of the neighborhoods concentrate 80% of the population, with 2.54
inhabitants/household on average. Fig. 2(b) illustrates the household
size distribution, where 44% of neighborhoods have between 2.41 and
2.58 inhabitants per family. Still, the household size is smaller than the
average in 54% of the most populated districts. Despite the heteroge-
neity of the population distribution, the size of households is homoge-
neous. Fig. 2(c) shows the spatial and frequency income distribution in
Belo Horizonte. The income is higher in the central region than in its
outskirts. The average monthly income is BRL 1555.92 or USD 311.18
(consider 1.00 USD = 5.00 BRL on April 27, 2022). However, the income
variation is considerable because the standard deviation is BRL 1503.50
(US$300.70). Therefore, 74% of the neighborhoods have an income
lower than the average. Still, 6% of the districts have income over 4,000,
while 19% of the most populated areas are above the average. Therefore,
income is heterogeneous in Belo Horizonte and concentrates below BRL
2000. Fig. 2(d) shows the distribution of retail shops in 2019. At the
time, there were 43,341 commercial establishments registered in the
municipality. The downtown concentrated 11% of them, while 90% of
the neighborhoods had less than 90 shops. Thus, the distribution of retail
shops is also heterogeneous over the territory.

These data were included in our dataset, which comprises
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Fig. 1. Administrative regions emphasizing the planned area of Belo Horizonte.

information from different sources to represent neighborhoods and de-
livery characteristics. The characteristics of neighborhoods are
described by: (i) the average income obtained from the 2010 census
(IBGE, 2010); (ii) the number of retail shops per neighborhood (Belo
Horizonte, 2022); (iii) the area of the neighborhood in square kilometers
obtained from the municipality database (Belo Horizonte, 2022); (iv)
the household size based on the population size obtained from the 2010
census and extrapolated to 2019, 2020, and 2021 according to the
population growth index; and (v) the number of households obtained
from the 2010 census (IBGE, 2010).

The e-commerce delivery data were obtained from a carrier of na-
tional coverage with a large market share in Belo Horizonte. The com-
pany performed 393,904 deliveries in 2019. It increased by 66% in
2020, reaching 652,660 deliveries. In 2021, 801,990 e-commerce de-
liveries were performed, 23% higher than in the previous year. In
comparison, around 100 million e-commerce purchases in Brazil were
made in the first semester of 2021 (E-Bit and Nielsen, 2022), whereas
62% occurred in the South-eastern region (Statista, 2022b), where Belo
Horizonte is located. The e-commerce deliveries are home-based and
spread over the territory in the studied case. Deliveries from 2019, 2020,
and 2021 (before and during the COVID-19 pandemic) were considered
in this study. The spatial pattern of total deliveries per year is shown in
Fig. 3. In 2019, 30% of neighborhoods concentrated 80% of the
e-commerce deliveries. In 2020 and 2021, 32% and 27% of the areas had
80% e-commerce deliveries, respectively. Still, 25% of the neighbor-
hoods did not receive deliveries in 2019 (123 neighborhoods), 21% in
2020 (101 neighborhoods), and 22% in 2021 (106 neighborhoods). The
neighborhoods with a low number of deliveries are in the suburban
regions where 3% of the population lives.

Table 2 presents the descriptive statistics and the histograms of e-
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Fig. 2. Population (a), household size (b), Income (c), and retail shops (d) in Belo Horizonte, Brazil.

commerce data. Frequency represents the number of neighborhoods in
Belo Horizonte. In 2019, 121 neighborhoods did not have e-commerce
deliveries. Neighborhoods had 826 deliveries in 2019 on average; the
histogram is skewed to the left, showing that a few neighborhoods de-
mand a high delivery rate. In 2019, 75% of the neighborhoods had up to
1202 deliveries, while 211 had at least one delivery and less than 1000
deliveries. In 2020, 98 neighborhoods did not have e-commerce de-
liveries, and the remaining neighborhoods had 1089 deliveries on
average. The histogram is also skewed to the left, and 75% of the
neighborhoods had up to 1598 deliveries, while 203 had at least one
delivery and less than 1000 deliveries. Finally, in 2021, 105 neighbor-
hoods did not have e-commerce deliveries, while 171 neighborhoods
had at least one delivery and less than 1000 deliveries. Most neighbor-
hoods without deliveries are slums without zip codes for e-commerce

deliveries. The delivery rate in the neighborhoods where they occurred
was: 0.21 delivery/inhabitant.year in 2019, 0.22 delivery/inhabitant.
year in 2020, and 0.38 delivery/inhabitant.year in 2021.

Table 3 shows the descriptive statistics and the histograms of the
characteristics of the neighborhoods: income; number of retail shops in
2019; household size; and neighborhood area. Income data from 2010
were extrapolated to 2019, 2020, and 2021. Using census data, the
extrapolation was based on the ratio between the average income in the
most recent year and the average income in 2010 for Belo Horizonte. In
2019, 231 neighborhoods had an average income lower than BRL 998
(the minimum wage in Brazil in 2019). On average, the neighborhood
income was BRL 1555.9. In 2020, the minimum wage was BLR 1,039,
and 195 neighborhoods had an average income lower than this value. In
2021, 204 neighborhoods had an average income lower than the
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Fig. 3. Deliveries per neighborhood in 2019, 2020, and 2021.

Table 2
Descriptive statistics of e-commerce data.
Variable Statistics Histogram
Number of deliveries in 2019 Minimum 0.0 g 4
1st quartile 0.0 5 o]
Median 380.0 g 8
Mean 825.8 g _1
3rd quartile 1202.0 =
Maximum 11638.0 o ‘ i ‘ ' ‘ i
0 2000 4000 6000 8000 10000 12000
Number of deliveries 2019 per neighborhood
Number of deliveries in 2020 Minimum 0.0 8
1st quartile 6.0 =
Median 538.9 § 81
Mean 1089.0 g _1
3rd quartile 1598.0 =7
Maximum 10277.0 o ‘ ' ' ‘ ' '
0 2000 4000 6000 8000 10000 12000
Number of deliveries 2020 per neighborhood
Number of deliveries in 2021 Minimum 0.0 8
1st quartile 3.0 o
Median 647.0 g 8
Mean 1669.0 g _
3rd quartile 2132.0 =7
Maximum 26051.0 ° T ! T T ! T !
0 5000 10000 15000 20000 25000 30000

Number of deliveries 2021 per neighborhood
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Table 3
Descriptive statistics of the characteristics of the neighborhood.
Variable Statistics Histogram
Income 2019 Minimum 315.2 g
1st quartile 727.0 -]
Median 1012.1 °
Mean 1555.9 g m
3rd quartile 1620.2 S T T T 1
Maximum 12598.3 o 5000 10000 15000
Income per nelghborhood
Retail shops 2019 Minimum 0.00 g
1st quartile 4.00 = |
Median 33.00 °
Mean 90.86 g
3rd quartile 105.00 S o T T T T ]
Maximum 4770.00 o 1000 2000 3000 4000 5000
Number of retail shops per neighborhood
Household size (average per neighborhood) 2019 Minimum 1.71 g
1st quartile 2.440 5 s |
Median 2.540 g7 ZI_H
Mean 2.544 -
3rd quartile 2.630 S T T = Lﬁf =
Maximum 3.420 ° ! . : . ? *
Neighborhood’s area Minimum 0.002 2
1st quartile 0.050 5 o
Median 0.310 g ©
Mean 0.677 “ s
3rd quartile 0.860 ° - 7 T )
Maximum 17.360 ° ° ° * 20

Neighborhood’s area (squared km)

minimum wage (BLR 1100). The histogram is skewed to the left, where
75% of the neighborhoods have an average income lower than BLR
1620.20. Thus, at least 50% of the neighborhoods in Belo Horizonte
have low incomes.

Regarding the number of retail shops, there were 43,341 stores in
2019, followed by 43,338 in 2020 and 52,187 in 2021. The average
number of retail shops per neighborhood was similar over the years: 91
in 2019, 113 in 2020, and 139 in 2021. The downtown has 4770 shops,
and 75% of the neighborhoods have up to 105 shops. We have applied
the municipality population growth to all the neighborhoods regarding
the household size. Thus, the frequency of household size distribution is
the same in all the years, with 1598 houses/neighborhood and 2.54
inhabitants/house. On average, 0.54 deliveries/house were performed
in 2019, followed by 0.70 in 2020 and 0.94 in 2021. Therefore, the
histogram of the household size presents a normal distribution, as shown
in Table 3.

Finally, the area of the neighborhoods varied between 0.002 km? and
17.360 km?. The neighborhoods with smaller sizes are slums, and the
largest have high incomes. The histogram is skewed to the right
(Table 3), where 75% of the neighborhoods have up to 0.8 km?

3.2. Modeling approach

The methodological procedure includes two steps: (i) a comparison
of the geographical distribution of the neighborhood characteristics and
the e-commerce deliveries; and (ii) the analyses of the relationship be-
tween the number of e-commerce deliveries and the characteristics of
the neighborhoods.

In the first step, we compared the distribution of deliveries in the
different years using the chi-square test of independence followed by the
adjusted residual analysis to explore association trends between neigh-
borhoods. This analysis identifies whether e-commerce delivery patterns
in other neighborhoods have changed between 2019 and 2021 (for
example, changes in the destination of shipments during the pandemic
because people who received their deliveries at work started receiving
them at home) or remained in the same proportion.

The chi-square test examines the difference between expected and
observed distributions. The expected distribution refers to the number of
deliveries scheduled for each neighborhood if the annual growth in

deliveries had been the same (i.e., if the neighborhood and year were
independent). The observed distribution refers to the number of de-
liveries observed in each neighborhood. The null hypothesis (HO) states
that there is no significant difference between the expected and
observed data. The alternative hypothesis (H1) states that there is a
difference between them. The statistic for the chi-square test is
computed as

R C
r=>

=1

(0, — E;)’
e &)

1

where Oj is the observed cell count in the ith row (neighborhood) and
the jth column (year) of the cross-tabulation table. The statistic y? is
compared with the critical value from the chi-square distribution table
with degrees of freedom df = (R—1)(C—1) and 95% confidence level,
where R is the number of neighborhoods and C is the number of years.

The adjusted residual analysis was performed to provide information
on the location of the differences, that is, which neighborhoods had
observed values greater, lower, or equal to the expected value over the
pairs of years compared (2019/2020, 2019/2021, and 2020/2021). The
adjusted residuals (standardized residuals) are the difference between
the observed and expected values by the square root of the expected
value. We performed the adjusted residual analyses by applying the
Bonferroni correction to reduce the likelihood of a statistically signifi-
cant result (error Type I, for example) when performing multiple tests
(MacDonald & Gardner, 2000).

In the second step, we estimated generalized linear models for count
data (Poisson and negative binomial regressions) using e-commerce
delivery information from 2019, 2020, and 2021 to assess the influence
of neighborhood characteristics on the number of e-commerce de-
liveries. The number of e-commerce deliveries is a counting variable;
thus, Poisson or negative binomial distribution represents its probability
distribution more adequately.

The procedure started with the estimation of Poisson models, which
canonic form is as follows:

exp(—A)
(1 +y) )
Li=epla+xp),y=01,..,i=N

ProblY = y;|x;] =
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where Y is a count data, x; is a vector of covariates, andi =1, ..., N
represents the sample (Greene, 2011). However, the response variable
presented overdispersion, i.e., the variance was larger than the observed
average values, not fulfilling the assumptions for the Poisson distribu-
tion (Gelman and Hill, 2007; Washington et al., 2020).

Thus, we estimated negative binomial models (NBM) that relax the
equidispersion restriction of the Poisson model (Greene, 2011). The
functional form of NBM is

E[Y|x;, &]=exp(a +x;/3+ei) =hidi 3)

where h; = exp(¢;) is assumed as gamma distribution (G(6, 6)), with
mean value equals 1 and variance 1/6 = k (Greene, 2011).

The overdispersion check was performed using the AER package
(Kleiber and Zeileis, 2008), while the NBM was estimated using the
MASS package (Venables and Ripley, 2002) in the R environment (R
Core Team, 2020).

Models for 2019, 2020, and 2021 were estimated, and the parame-
ters show the influence of each independent variable (income, retail
shops, household size, and neighborhood area) on the number of e-
commerce deliveries. The Variance Inflation Factor (VIF) was calculated
to identify multicollinearity among the explanatory variables. The
estimated parameters rely upon the units of measurement. The elastic-
ities and pseudo-elasticities for the indicators were computed to
compare the effect of the modeled variables (Washington et al., 2020).
The elasticity represents the sensitivity in percentage change in the
dependent variable resulting from a 1% change in an independent
continuous variable. The pseudo-elasticity computed for indicators
represents the incremental shift in frequency due to changes in the in-
dicator variables. These measures were calculated for each individual
and then averaged for the population using an enumeration sample.

4. Results and discussion
4.1. Comparison of the geographical distribution

The chi-squared test showed significant statistical differences be-
tween the spatial pattern comparing 2019/2020, 2019/2021, and 2020/
2021 (confidence level 95%). The estimated y? Statistic is 63,909.5, and
the critical value from the chi-square distribution with the 784 degrees
of freedom and 95% confidence level is 720. Therefore, the null hy-
pothesis is rejected, and data suggest an association between deliveries
in the neighborhood over the years.

The adjusted residuals showed that the number of deliveries in some
neighborhoods differs from expected values comparing 2019, 2020, and
2021. The adjusted residual obtained by the Bonferroni correction to
control for false positives (MacDonald and Gardner, 2000) considered
the significance level of 5%, i.e., standardized residual +1.96, which
was adjusted to a significance level of 8,3% associated with the stan-
dardized residual cutoff of +2.64. We computed the adjusted residual
for every 477 neighborhoods. Table 4 shows the results of the neigh-
borhood “Aeroporto” as an example. The adjusted residual for 2019 is
—4.9, significantly lower than the cutoff point (—2.64). Thus, the
number of deliveries in 2019 (236) would be smaller than expected
(312) if the annual growth in deliveries had been the same in all the
neighborhoods. Similarly, the adjusted residual for 2021 (6.0) was

Table 4
Example of chi-square cross-tabulation table for the neighborhood “Aeroporto".
Neighborhood Measures Year Total
2019 2020 2021
Aeroporto Count 236 378 741 1355
Expected Count 312 412 631 1355
% Within Neighborhood 2 3 .5 1
Adjusted Residual —4.9 —-2.0 6.0 -
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significantly higher than the cutoff point, showing that the number of
deliveries in 2021 (741) was considerably higher than expected (631) if
the annual growth in deliveries had been the same in all the neighbor-
hoods. However, in 2020, the difference between the number of
observed (378) and expected (412) deliveries are not significant as the
adjusted residual (—2.0) is lower than the cutoff.

Fig. 4 summarizes the results of the adjusted residual for 2019, 2020,
and 2021. Neighborhoods marked in red (residual greater than 2.64)
show that the number of deliveries would be significantly higher than
expected if the annual growth in deliveries had been the same in all
neighborhoods (i.e., if neighborhood and year were independent).
Conversely, neighborhoods marked in blue (residual lower than 2.64)
show that the number of deliveries would be significantly lower than
expected if the annual growth in deliveries had been the same in all
neighborhoods. On the other hand, those that did not show a significant
difference in the number of observed and expected deliveries are high-
lighted in gray.

In 2019, the North and Northeast portions of Belo Horizonte had
more neighborhoods with e-commerce deliveries than expected. These
are low-income neighborhoods with large household sizes. In 2020, e-
commerce deliveries also increased in neighborhoods located in the
southern portion of Belo Horizonte. However, in 2021, neighborhoods
with higher e-commerce deliveries than expected did not have fewer
deliveries than expected in the previous years.

4.2. Model results

Table 5 shows the estimated parameters of the final models. No
collinearity was identified in the models because the VIF values were
lower than 5.00 (Hair et al., 2019). In all the models, the signal of the
estimated coefficients for the variables has the same pattern, showing
that the effect did not change over the years.

Income positively influences e-commerce deliveries (number of de-
liveries in 2019, 2020, 2021), with minor variations between the
models. The t-test (95% confidence level) showed the difference be-
tween the impact of income in 2019 (the pre-pandemic period) and
2020. Supposedly, other factors emerged because of the pandemic, such
as lockdown measures to reduce the virus spread and the closure of non-
essential shops (Oliveira et al., 2022). In 2021, the impact returned to
values similar to 2019.

The number of retail shops (retail shops) positively influences the e-
commerce deliveries (number of deliveries in 2019, 2020, 2021), and
the parameters vary from 0.00056 (2019 and 2021) to 0.00058 (2020).
The impact of this variable differs over the years, considering the 95%
confidence level for the t-test.

Household size negatively impacts e-commerce deliveries, and the
estimated coefficients vary from —0.188 (2020) to —0.926 (2021).
Finally, neighborhood area influences e-commerce deliveries positively,
and the estimated coefficients vary from 0.148 (2021) to 0.155 (2020).
As for income and retail shops, a significant difference was observed in
household size and neighborhood area differs over the years.

Table 6 shows the elasticities and pseudo-elasticities values. The
elasticity represents the percentage change in the number of e-com-
merce deliveries by a 1% change in income, retail shops, and neigh-
borhood area. The pseudo-elasticity expresses the incremental shift in
the number of e-commerce deliveries due to changes in Household size.

4.3. Discussion and policy implications

Overall, the positive relationship between income and e-commerce
deliveries was also identified in the literature. Additionally, the number
of retail shops positively influences e-commerce deliveries, differently
from what was found by Cheng et al. (2021), who identified a negative
influence of accessibility to shopping malls on delivery demand in
Singapore. The economic development of Singapore compared to Brazil
may explain the difference. Therefore, further studies must be
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Fig. 4. Adjusted residual of e-commerce deliveries.
Table 5
Estimated coefficients of NBM.
Variable 2019 2020 2021
Estimate z-value VIF Estimate z-value VIF Estimate z-value VIF
Intercept 7.7233 352,52 *** - 7.055 784.08 ¥+ - 8.950 680.10 *** -
Income 0.00019 320.23 *** 1.06 0.00014 255.28 *** 1.07 0.00021 524.20 *** 1.07
Retail Shops 0.00056 323.73 * 1.19 0.00058 361.14 *** 1.17 0.00056 657.7 *** 1.14
Household size —0.645 —74.15 *** 1.20 —0.188 —72.93 *** 1.21 —0.926 —175.6 *** 1.15
Neighborhood Area 0.149 225.02 ¥ 1.06 0.155 292,52 ¥ 1.01 0.148 294.9 *xx 1.06
Observations 477 477 477
AIC 420,406 558,896 789,577
Significance level: “***” 0.001.
decrease between 0.21% and 1.52% in e-commerce deliveries. The
Tablf" 6 L elasticity of the number of e-commerce delivery values shows the
Elasticities of e-commerce deliveries. . . . .
importance of the explanatory variables per year (with different mea-
Year surement scales). The most critical variable in 2019 and 2021 was the
Variable 2019 2020 2021 household size, followed by income. However, income was the most
Income 0.30 0.26 0.34 important variable affecting the number of deliveries in 2020. Income
Retail Shops 0.05 0.06 0.05 becomes more critical for deliveries between 2019 and 2020 because of
Household size” -0.91 -0.21 -1.52 th demi d it . lities ( 1 1 . d
Neighborhood Area 0.10 011 0.10 e pandemic and its externalities (unemployment, lower income, an

# Pseudo-elasticity.

conducted for evidence of the impact of retail shops on e-commerce
delivery patterns.

Household size negatively influences e-commerce delivery, i.e., the
number of deliveries decreases as the size of the household increases,
similar to the findings of Pérez-Amaral et al. (2020) and Zhou and Wang
(2014). On the other hand, income positively impacts e-commerce de-
liveries, as found in the literature. Finally, the neighborhood area in-
fluences e-commerce deliveries positively as the neighborhoods with
large areas concentrate the highest number of deliveries. This variable
shows the importance of bringing spatial factors to econometric models
as an alternative to spatial modeling.

The elasticity of the number of e-commerce deliveries concerning
income indicates that a 1% change in income changes 0,3% the number
of e-commerce deliveries. The elasticities relating to retail shops and
neighborhood areas show that 1% increments in these variables result in
approximately 0.05% and 0.1% increase in deliveries, respectively.
Regarding household size, increments of one unit in household members

decreasing purchases overall). The number of retail shops (retail shops)
reduced its impact on deliveries from 2019 to 2021. This result may be
related to social isolation, lockdown measures, and changes in consumer
behavior. The pandemic changed how people buy products. However,
this causal relationship requires further investigation.

4.4. Practical implications

Findings showed that the geographical distribution of e-commerce
deliveries is not homogenous in Belo Horizonte over the years. Thus,
home delivery solutions should consider the neighborhoods’ charac-
teristics. Identifying locations with increasing deliveries, regardless of
their characteristics, is fundamental to proposing economically feasible
solutions to e-commerce delivery. Additionally, e-commerce shopping
can reduce the number of trips for shopping purposes, despite increasing
home deliveries and traffic in urban regions. In general, e-commerce
products are small, and the destination is dispersed in the territory. The
lack of alternative systems for home deliveries contributes to congestion
and accessibility problems, damages the transport infrastructure, and
increases costs and delivery times for the consumer. These impacts
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reduce the mobility of people and goods, especially in regions already
affected by this problem. Thus, understanding the characteristics of the
areas with the highest delivery rates collaborates to reduce the impacts
of e-commerce delivery.

In this study, 341 neighborhoods have the number of e-commerce
deliveries increased between 2019 and 2021 (Fig. 5). However,
although most neighborhoods with e-commerce deliveries are the same,
dispersion has been observed over the years. For example, between 2020
and 2021, 198 neighborhoods did not have deliveries that comprised
low-income communities or slums with no zip codes.

On the other hand, everyone must have access to e-commerce de-
liveries, not just some neighborhoods. Thus, e-commerce deliveries
should achieve low-income areas (Schaefer and Figliozzi, 2021). For
these neighborhoods, delivery services such as lockers, pick-up points,
or crowdshipping are alternatives to reduce the negative impacts of
e-commerce deliveries. For example, Oliveira et al. (2017) suggested the
location of lockers in high-density areas. Crowdshipping systems using
public transportation services provide economic and environmental
benefits for urban areas (Gatta et al., 2019). Marcucci et al. (2017)
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identified that delivery timing and punctuality are well evaluated by
people who receive goods via crowdshipping service. Therefore, the
neighborhood characteristics bring knowledge for developing effective
business models for e-commerce delivery services. Thus, future studies
must analyze the relationship between e-commerce and low-income
consumers.

5. Conclusion

This paper analyzed the relationship between neighborhood char-
acteristics and urban e-commerce deliveries. We identified which
neighborhood characteristics influence the number of e-commerce de-
liveries in Belo Horizonte based on deliveries performed in 2019, 2020,
and 2021 by an e-commerce carrier. We identified the geographical
distribution pattern of e-commerce deliveries between 2019 and 2021.
Negative Binomial models showed that income has a negative influence
on e-commerce deliveries (hypothesis H1), the number of retail shops if
the neighborhood influences the number of e-commerce deliveries
positively (hypothesis H2), and the household size of a community
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Fig. 5. Delivery increase in the neighborhoods over the years.
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impacts e-commerce delivery negatively (hypothesis H3). The neigh-
borhood area influences e-commerce deliveries positively (hypothesis
H4). The elasticity values indicate that household size is essential for e-
commerce deliveries in 2019 and 2021, followed by income. However,
in 2020, the effect of the different features changed when income
became the most impactful variable in the number of deliveries.

Regarding the generalization of the results, e-commerce distribution
is closely related to urban characteristics. Latin American cities are more
dispersed because of the fast and unplanned growth, thus generating
higher inequality over space. Moreover, low-income families live on the
outskirts of the city with poor infrastructure. The characteristics of the
developing countries collaborate to extend the conclusions presented in
this paper to other locations. However, attention should be taken to the
differences in income and access to technologies. Therefore, the analyses
rely on the context, but studies in different regions of developing
countries may be limited to data availability.

Opportunities for future research derive from this study. For
example, the influence of individual income versus e-commerce de-
liveries could be further explored. Moreover, further analyses may
include variables such as urbanization level instead of neighborhood
area for specific locations and consumer characteristics such as car
ownership, internet access, use, and public transportation access. These
variables would impact the estimated effects but were not explored in
this paper due to a lack of data at the neighborhood level.

The relationship between the rate of e-commerce deliveries and the
accessibility to physical stores could also be studied, considering the
positive relationship between the number of physical stores and e-
commerce deliveries, in opposition to the findings in the literature.
Therefore, further studies should investigate the relationship between
proximity, availability, and access to retail shops and e-commerce
deliveries.

Finally, it is argued that e-commerce deliveries increased because of
the lockdown measures. However, only a few studies have addressed
such analyses. Thus, investigating the causal relationship between e-
commerce deliveries and lockdown measures to quantify the contribu-
tion of the COVID-19 pandemic to the growth of e-commerce deliveries
would be a topic for future research.
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