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ABSTRACT

Many negative externalities are associated with home deliveries, the main e-
commerce delivery destination. Despite many solutions that address this problem,
the lack of understanding of the spatial pattern of urban deliveries makes it
challenging to implement these strategies. This paper analyzed the spatial
relationship between sociodemographic, retail and e-commerce deliveries in Belo
Horizonte (Brazil) by using official data at the neighborhood level (number of retail
shops, gender, income, age, race, and household size), and e-commerce deliveries
performed by a transportation company. Global Moran's | indicated the spatial
dependence of the e-commerce deliveries. Results of a geographically weighted
regression model showed a positive spatial effect of retail, women, Asian
population, age from 20 to 29 years old, and income. In addition, a negative spatial
effect was identified for the size of the household, 18 to 19 years old, and the black
population. Furthermore, the estimated coefficients show small spatial variability,
indicating homogeneity in the spatial relation. The uniformity of the parameters
indicates that alternative strategies can be implemented throughout the territory to
reduce e-commerce deliveries.

RESUMO

As entregas ao domicilio derivadas do comércio eletronico sdo uma grande
preocupagdo em areas urbanas devido as suas externalidades negativas associadas.
Apesar de muitas solugGes para esse problema, a falta de compreensdo do padrdo
espacial das entregas urbanas torna dificil a implementagdo dessas estratégias.
Neste artigo é analisada a relagdo espacial entre dados sociodemograficos e de
acesso ao varejo e entregas de comércio eletrénico em Belo Horizonte (Brasil)
usando dados oficiais em nivel de bairro (nimero de lojas tradicionais de varejo,
género, renda, idade, raga e tamanho da familia) e dados operacionais de uma
empresa de transporte. O indice Global Moran’s | indicou a dependéncia espacial
das entregas do e-commerce. Osresultados de um modelo de regressdo
geograficamente ponderada mostraram um efeito espacial positivo do acesso ao
varejo tradicional, mulheres, populagdo asiatica, idade de 20 a 29 anos e renda.
Além disso, foi identificado efeito espacial negativo para o tamanho do domicilio,
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idade de 18 a 19 anos e populagdo negra. Além disso, os coeficientes estimados
apresentam uma pequena variabilidade espacial, indicando homogeneidade na
relagdo espacial. A uniformidade dos pardmetros permite concluir que estratégias
alternativas de entrega em domicilio podem ser implementadas de forma equitativa
em todo o territério para reduzir as externalidades das entregas de e-commerce e,
consequentemente, contribuir para o desenvolvimento sustentavel.

1. INTRODUCTION

E-commerce is one consequence of the growth of the digital economy and the experience of
digitization (UNCTAD, 2021a). E-commerce means the way to purchase or sell goods or
services carried out over computer networks by methods specifically designed to receive
or place orders (OECD, 2020). These networks request products and services; the payment
and delivery can be online or offline. The share of e-commerce in global retail trade
increased from 10.4% in 2017 to 14.1% in 2019 (UNCTAD, 2021a). In the same period, the
number of e-consumers (i.e., e-commerce consumers) over 15 years old increased from
1.3 billion in 2017 to 1.48 billion in 2019 (UNCTAD, 2021b). In Brazil, e-commerce grew
from 54 million in 2011 to 148 million in 2019. Furthermore, business-to-consumer (B2C)
sales increased 41% between 2019 and 2020, surpassing 87 billion R$ in sales
(Nielsen, 2022).

The growth of e-commerce impacts urban deliveries, as each order has the potential to
generate one or more deliveries (depending on the number of products and the delivery
strategy), which are usually destined for the place of residence or work of the consumer.
Therefore, understanding the spatial distribution of e-commerce deliveries is also
understanding e-commerce, which could provide measures to achieve the Sustainable
Development Goals (SDGs) (UNCTAD, 2021a).

Hood et al. (2020) show that there is variation in sociodemographic profiles regarding
the choice of distribution channel for grocery products purchased through e-commerce.
Therefore, it can be assumed that sociodemographic data is fundamental for
understanding e-commerce deliveries. Based on this issue, this paper addresses the
following research question: To what extent do sociodemographic factors and traditional
retail influence the spatial distribution of e-commerce deliveries? Therefore, this paper
aims to analyze the spatial relationship between sociodemographic and retail data and e-
commerce deliveries. Data from e-commerce deliveries from a transport company
operating in the Belo Horizonte market were used. Geographically weighted regression
models were estimated to identify the spatial relationship between the variables
considered in this study and e-commerce deliveries.

The contribution of this paper is twofold. First, the spatial effect of e-commerce
deliveries as analyzed, as suggested by Song (2021). Second, many scholars report the lack
of studies for developing countries (Ren and Kwan, 2009; Loo and Wang, 2018; Kirby-
Hawkins et al., 2019; Cheng et al., 2021; Song, 2021). Therefore, this paper addresses the
case of Belo Horizonte, a Brazilian city.

This paper has five sections in addition to this introductory section. Section 2 presents
the literature concerning e-commerce deliveries and socioeconomic data. Section
3 describes the spatial distribution of B2C deliveries and socioeconomic characteristics of
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the Belo Horizonte. The research method is detailed in section 4, and its results are
presented and discussed in section 5. Finally, conclusions are presented in section 6.

2. RELATION BETWEEN E-COMMERCE DELIVERIES AND SOCIOECONOMIC DATA

The literature suggests some relation between e-commerce deliveries and socioeconomic
data. This section reports the main findings reported by the literature on gender, age, race,
income, household size, and access to physical stores.

Concerning gender, the proportion of men has a positive effect on e-commerce
(Farag et al., 2003, 2005, 20064, b; Clarke et al., 2015; Beckers et al., 2018), as well as
the proportion of women (Ren and Kwan, 2009; Sener and Reeder, 2012; Loo and
Wang, 2018; Hood et al,, 2020; Jaller and Pahwa, 2020; Saphores and Xu, 2021).
However, Farag et al. (2007) identified a negative effect on the proportion of women.
Nonetheless, there seems to be a positive effect on the proportion of men or women in
e-commerce purchases.

Regarding age, the literature points out that the effect of age on e-commerce depends
on the age group. People between 25 and 35 years are more likely to buy online
(Farag et al.,, 2003). Moreover, there is a positive influence of people between 25-45 years
(Faragetal, 2005) and 26-45 years (Clarke etal,, 2015). Similarly, Sener and Reeder
(2012) identified a positive influence of the age group 22 to 36 years, while Farag et al.
(2006a) concluded that people up to 33 years are more likely to use e-commerce, and Loo
and Wang (2018) verified the positive influence of people between 21 and 30 years. Song
(2021) observed that people under 40 years are more likely to buy using e-commerce.

However, Lee et al. (2015) concluded that people under 35 years are 1.7 times more
likely to buy online than those over 50 years, while people between 35 and 50 years were
twice as likely to use e-commerce than older age groups. Beckers et al. (2018) found that
the group of people between 30 and 39 years old, 40 and 49 years old, and 60 and 69 years
old have a positive influence on e-commerce use, while people between 50 and 59 years
old and over 70 years old have a negative influence. Hood etal. (2020) verified the
positive influence of people between 25 and 44 years old and over 55 years old.

Few scholars have analyzed the influence of race on e-commerce and the white people
are the most frequent users of online shopping (Ren and Kwan, 2009; Saphores and Xu,
2021). Regarding income, a positive effect was identified in all studies identified in the
literature (Farag et al., 2005, 20064, b; Krizek et al., 2005; Blasio, 2008; Sener and Reeder,
2012; Cao et al.,, 2013; Zhou and Wang, 2014; Clarke et al., 2015; Lee et al,, 2015; Lee et al,,
2017; Motte-Baumvol etal., 2017; Beckers etal,, 2018; Hood etal, 2020; Cheng et al,,
2021; Saphores and Xu, 2021; Song, 2021).

Regarding the size of the household (number of inhabitants per household), this factor
has a positive effect on e-commerce purchases in studies developed by Sener and Reeder
(2012) and Chengetal. (2021) and a negative effect in the study by Zhou and Wang
(2014). However, only Song (2021) analyzed the spatial effect of these variables. The
authors suggest more studies considering the spatial effects of e-commerce.

Furthermore, the literature indicates that the influence of traditional retail stores on e-
commerce depends on the characteristics of the study area. However, the literature has
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no consensus on the analyses. Most scholars found a positive influence of access to
physical stores (Faragetal, 2006a, b, 2007; Blasio, 2008; Caoetal., 2013; Kirby-
Hawkins et al.,, 2019; Hood et al., 2020). However, some scholars also found that people
with lower access to traditional retail shopped more online (Ren and Kwan, 2009;
Clarke et al., 2015; Motte-Baumvol et al.,, 2017; Loo and Wang, 2018; Cheng et al., 2021).

Table 1 summarizes the literature on the relationship between sociodemographic factors
and e-commerce. Most studies relate to age and income as factors that explain e-commerce.
Additionally, most of these studies considered the context of developed countries, such as
European countries and the United States, except for the studies developed by Loo and
Wang (2018) and Song (2021) carried out in China. This concentration of studies in
developed countries is most likely due to the low availability of data in developing countries
(UNCTAD, 2021a). Although e-commerce is data-driven, there are challenges in collecting
and analyzing data regarding the e-commerce experience. Moreover, few countries have
collected data with sufficient detail for formulating public policies (UNCTAD, 2021a).

Table 1: Synthesis of the literature

Socioeconomic factors Place Data Technique
_ & ¢ - .
o 'g § 5 'g B %o 'g
sz 8 5 3,8 5 3¢
T 2 B 2 58 9 = o ®
s 28 & 3§ £ g3 5 pp E 2
o £ © ue & ©° 3 3> 25 8§ .
Reference g o 8 8 I S v ¢ T <2 g 5-8 3 5 2
(Chronological order) § 2 & £ 2358 & $35 ¢ 58 3 & 8
Farag et al. (2003) + o . . .
Farag et al. (2005) + . + o . o
Krizek et al. (2005) . + o . o
Farag et al. (2006a) + o + + o . .
Farag et al. (2006b) + . + + o . .
Farag et al. (2007) - o + + o . o
Blasio (2008) o + + o . .
Ren and Kwan (2009) + . - . o . .
Sener and Reeder (2012) + . + o+ . . o
Cao et al. (2013) + + o . o
Zhou and Wang (2014) . + - o . o
Clarke et al. (2015) + . + - o . o
Lee et al. (2015) . + . o .
Lee et al. (2017) + . . o
Loo and Wang (2018) + o - . o o
Motte-Baumvol et al. (2017) . + - o . .
Beckers et al. (2018) + . + . . .
Kirby-Hawkins et al. (2019) . + . o o
Hood et al. (2020) + o + + o . o
Jaller and Pahwa (2020) + . . .
Saphores and Xu (2021) + . . + o . o
Cheng et al. (2021) + + - o . o
Song (2021) o + . . o

+: positive effect; - negative effect; o: paper has analyzed the factor.
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In addition, most studies used self-reported data. Among the analysis methods, logistic
regression was the most used in the literature. Furthermore, studies also used structural
equation modeling and path analysis (Faragetal., 2005). Other techniques used are
spatial interaction models (Kirby-Hawkins et al., 2019), statistical analyzes (Hood et al.,
2020), linear regression (Cheng et al,, 2021), and copula-based models formulated from
multivariate distributions to represent different types of dependence (Sener and Reeder,
2012; Leeetal, 2017). However, since e-commerce deliveries do not present a
homogeneous distribution in the territory, spatial models are a research opportunity to
understand the spatial distribution of e-commerce (Song, 2021).

Specifically considering e-commerce deliveries, few scholars have considered e-
commerce delivery data. Ren and Kwan (2009) analyzed the influence of socioeconomic
data and traditional retail on the adoption of e-commerce using data from delivered
packages extracted from a public database. Chengetal. (2021) analyzed factors
influencing home deliveries in Singapore using delivery data.

Based on the literature review, this section supports two main contributions of this
paper. First, few scholars have used spatial techniques and delivery data to analyze e-
commerce deliveries. Second, no studies were carried in Latin-American, where Belo
Horizonte is located. Based on these contributions, the following section presents the data
and the hypotheses developed for this paper.

3. DATA AND DEVELOPMENT OF THE HYPOTHESES

Belo Horizonte is the capital of Minas Gerais State and has an estimated population of
over 2.5 million people spread over in 331 km?2 (IBGE, 2020). Socioeconomic data was
obtained through the 2010 census and extrapolated to the year 2019. Figure 1 shows
the spatial distribution of the retail shops, gender (men and women), household size
(inhabitants per household), and income in Belo Horizonte. The spatial pattern of retail
shops, gender, and household size are heterogeneous in the territory. Retail stores are
concentrated in a few neighborhoods, mainly in the central region. The spatial pattern
of gender is similar, with minor differences in the neighborhoods. On the other hand, the
income is concentrated in the Center-South region and isolated neighborhoods in the
West and Pampulha regions. Finally, the household size is less than 2.58
people/household in most neighborhoods.

Figure 2 shows the population distribution by race in the neighborhoods of Belo
Horizonte. The concentration of white population is observed in the neighborhoods of
the Center-South region. At the same time, the black, mixed, and Asian people are
concentrated mainly in the Venda Nova region and more heterogeneously in the rest of
the territory. In general, no race distribution pattern is observed in Belo Horizonte.

Figure 3 shows the distribution of the population by age group in the Belo Horizonte
neighborhoods. There is a heterogeneous distribution of all age groups in the territory.
However, the group between 30-49 years does not have the highest concentration in the
central area, which differs from the other groups.
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Figure 1. (a) Distribution of the retail shops; (b) number of men; (c) number of women; (d) average income by
neighborhood; and (e) household size, in Belo Horizonte.
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Figure 2. Distribution of races by neighborhood in Belo Horizonte: (a) white population; (b) black population;
(c) Asian population; (d) mixed population; and (e) indigenous population.
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Figure 3. Distribution of the population by age group in the Belo Horizonte neighborhoods: (a) people between
18 and 19 years; (b) between 20 and 29 vyears; (c) between 30 and 39 vyears; (d) 40 and 49 vyears;
(e) 50 and 59 years; and (f) 60 years or over (f).

The representation of e-commerce deliveries in 2019 is illustrated in Figure 4. These
data were obtained with a carrier that, in 2019, performed more than 395 thousand
deliveries in Belo Horizonte. Deliveries were more concentrated in the Center-South
region. On the contrary, the lowest delivery volumes occurred in the south of the Barreiro
region, the north portion of the North region, east of the East region, and some
neighborhoods of the Pampulha region.

Based on these data and considering the literature, the following research hypotheses
are proposed:

Ha: E-commerce deliveries are spatially dependent.

Hg: Gender has a positive spatial effect on e-commerce deliveries.

Hc: Age stratification has a heterogeneous spatial effect on e-commerce deliveries.
Hp: The stratification of race has a heterogeneous effect on e-commerce deliveries.
He: Income has a positive spatial effect on e-commerce deliveries.

Hr: The size of the household has a negative spatial effect on e-commerce deliveries.
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Hg: The retail shops have a positive spatial effect on e-commerce deliveries.

These hypotheses outlined the research method detailed in the next section.

N Datum: UTM 238

2019 Deliveries

I o- 3280
[ 381- 1139
1140 - 2324
[ 23254185
o 15 3 I 186 - 11638

S |

Figure 4. E-commerce deliveries by neighborhood in Belo Horizonte in 2019.

4. RESEARCH METHOD

The research method was based in two spatial techniques: (i) Global Moran's I index and
(ii) geographically weighted regression. Global Moran's I index was used to verify the spatial
autocorrelation of e-commerce deliveries in Belo Horizonte, addressing the hypothesis Ha.
The spatial autocorrelation of a variable is the degree of spatial dependence between the
value of an observation and the neighboring observations. Spatial dependence can be
positive when similar values tend to be closer to each other in space or negative when
different values are more relative to each other. When spatial autocorrelation is non-
existent, the distribution of values is spatially random (Grekousis, 2020).

Determining spatial autocorrelation is necessary when investigating the spatial
relationship and spatial patterns between values of a particular variable. When spatial
autocorrelation is detected for a variable, spatial statistics techniques are suitable for
evaluating the phenomena associated with that variable to obtain more accurate results
(Grekousis, 2020). Global Moran's I was chosen because it is the most used index when
dealing with data with spatial variation. It computes the spatial autocorrelation considering
the local values of the factors and their locational attributes simultaneously (Moran, 1950).

The Global Moran index I obtains the spatial dependence from the relationship
between the mean, the deviation from the mean, and the data variance. Therefore, when
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its p-value is less than 0.05, the index must be compared to the absolute value of its
expected value. On the other hand, spatial dependence is observed when the index is
greater in terms of absolute value (Grekousis, 2020). This index was calculated with the
“spdep” package (Bivand et al., 2013) in the R environment.

Hypotheses Hg to Hc were tested by estimating a Geographically Weighted Regression
(GWR) models. GWR is a type of local analysis; its technique is intuitive and is based on
the structure of linear regression. However, unlike a linear regression model (global
analysis), alocal analysis allows the relationship between variables to be evaluated
considering the spatial variation of the data, bringing valuable insights about those
relationships that otherwise could be ignored (Fotheringham et al., 2002).

GWR defines spatial subunits that contain data called regression points. In this work,
the regression points are the polygons that represent the neighbourhoods. The model also
establishes optimal regions (bandwidths) around each regression point and gives
different weights to data according to their distance from a regression point; data closer
to a regression point have a higher weight than data farther from it. The bandwidths was
identify by using a spatial kernel function (Fotheringham et al., 2002).

The GWR was estimating by using a Gaussian kernel function that allows continuous
weighing. The estimated models assumed error distribution follows a Gaussian
distribution. The cross-validation technique calibrated the spatial matrix. The GWR was
estimated with the “spgwr” package (Bivandetal, 2013) in the R environment.
See Fotheringham et al. (2002) for more information on GWR models.

Two GWR models were estimated: The model GWR1 considered all variables, i.e., retail
shops, men, women, household size, income, population by age groups (18 and 19 years
old, 20 to 29 years old, 30 to 39 years old, 40 to 49 years old, 50 to 59 years old, and
60 years or older), and population by race (white, mixed, black, Asian, and indigenous).
The model GWR2 was estimated considering the minimization of the corrected Akaike
Information Criterion (AICc) using the function “gwr.model.selection” from the
“GWmodel” package (Gollinietal, 2015) in the R environment. This function uses an
algorithm that determines all possible models with only one independent variable; then,
the one with the lowest AICc is selected and the corresponding independent variable is
permanently included in the model. After that, new models are estimated, containing all
the possible combinations using the prior selected variable and the remaining
independent variables; the model with the lowest AICc is selected. This process is
repeated for all independent variables. The best and final model is the one with the lowest
AlCc (Lu et al,, 2014).

The residuals of each model were tested for spatial autocorrelation using the Global
Moran I index to verify the statistical significance of the GWR models. The residuals are
recommended to present a random distribution in space (Fotheringham et al., 2002). The
multicollinearity between the independent variables was measured using the Variance
Inflation Factor (VIF), calculated with the “car” package (Fox and Weisberg, 2019) in the
R environment. A VIF smaller than ten is desirable (James et al., 2015). Multicollinearity
in GWR models is dealt with in the same way that in global models (Fotheringham and
Oshan, 2016).
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5. RESULTS AND DISCUSSION

The Global Moran's I index indicated the spatial dependence of the e-commerce deliveries,
confirming hypothesis Ha. The index value was 0.080, higher in absolute value than the
expected value (—0.002), and with a p-value of 0.004. Therefore, the use of spatial
techniques to analyze the phenomenon becomes fundamental.

Figure 5 illustrates the estimated coefficients of the GWR1 model. Darker shades depict
the highest estimated values of the coefficients, while lighter shades portray smaller
estimated values of the coefficients in absolute values for both cases. In addition, blue
shades depict negative spatial effects while red shades depict positive spatial effects.
In general, the estimated coefficients show little spatial variability.

Results show that the retail shops positively affect the e-commerce deliveries,
indicating that the neighborhoods with more shops receive more deliveries. Moreover,
income positively affects e-commerce deliveries, i.e., high-income neighborhoods have
more purchasing power. On the other hand, household size negatively influences
deliveries; neighborhoods with smaller households receive more deliveries. The number
of men and the number of women have a negative influence, with the coefficient for men
being slightly higher, indicating that men tend to receive fewer deliveries than women.
The variables in the age group showed a positive effect on e-commerce deliveries, with
the coefficient for people between 20 and 29 years being slightly higher, indicating that
this age group receives more deliveries than the others. Race-related variables positively
influenced deliveries, with the coefficient for the Asian population being higher, indicating
that this group tends to receive more deliveries than the others. The residuals of GWR1
have a random spatial distribution that validates the model.

Figure 6 shows the coefficients estimated for model GWR2, which included the retail
shops, income, women, the population between 18 and 19 years old, the population
between 20 and 29 years old, black population, and Asian people. The variability of the
estimated coefficients is small, similar to that of GWR1. In model GWR2, the number of
shops and the income positively influenced the e-commerce deliveries. On the other hand,
women positively affected e-commerce deliveries. The age group 18 and 19 years
negatively affected deliveries, while the population between 20 and 29 years had a
positive effect. Regarding race-related variables, black people had a negative effect on
deliveries, while the Asian population had a positive influence. The residuals of GWR2
show a random spatial distribution, validating the model.

5.1. Discussion

The results show the spatial dependence of urban deliveries, confirming the hypothesis
Ha. Since spatial dependence was identified, analyzing e-commerce deliveries with
techniques other than spatial techniques could result in errors. Furthermore, the estimated
coefficients of the geographically weighted models show small spatial variability, which
indicates that even with the space being heterogeneous, the combination of these factors
presents a homogeneous pattern in the neighborhoods.
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Figure 5. Spatial coefficients estimated for model GWR1: (a) men; (b) women; (c) population between 18 and 19
years; (d) population between 20 and 29 years; (e) population between 30 and 39 years; (f) population between
40 and 49 vyears; (g) population between 50 and 59 years; (h) population aged 60 years or over; (i) white
population; (j) black population; (k) Asian population; () mixed population; (m) indigenous population; (n)
income; (0) household size; and (p) physical retail shops.
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Datum: UTM 235

0276

0283

0287

Number of women (a)

Black population (d)

Datum: UTM 238

1885

1,886

1.887

Number of physical retail shops (g)

Datum: UTM 235

2925

-2.968

Population between 18 and 19 years old (b)

Asian population (e)

Datum: UTM 235

0.468

0506

Datum: UTM 235

0.076

0078

Figure 6. Spatial coefficients estimated for model GWR2: (a) women; (b) population between 18 and 19 years;
(c) population between 20 and 29 vyears; (d) black population; (e) Asian population; (f) income; and

(g) physical retail shops.

Table 2 summarizes the effects of models GWR1 and GWR2. Different effects results
(positive and negative) for the same variable between models might be explained by the
presence of multicollinearity (Hair et al., 2019). For example, in model GWR1, only shops,
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income, and household size had a VIF <10. In GWR 2, VIF > 10 for women, people between
18 and 19 years of age, and between 20 and 29 years of age. Gender was found to have a
negative impact on e-commerce deliveries for model GWR1. On the other hand, a positive
influence of the number of women was obtained in model GWR2, partially confirming
hypothesis Hp. Furthermore, some scholars found a positive influence between women
and e-commerce (Ren and Kwan, 2009; Sener and Reeder, 2012; Cao et al., 2013; Loo and
Wang, 2018; Jaller and Pahwa, 2020; Saphores and Xu, 2021).

Table 2: Summary of the results

Variable GWR1 GWR2
Men Negative

Women Negative  Positive
Population between 18 and 19 years old Positive Negative

Population between 20 and 29 years of age Positive Positive
Population between 30 and 39 years of age Positive
Population between 40 and 49 years of age Positive

Population between 50 and 59 years old Positive

Population older than 60 years Positive

White population Positive

Black population Positive Negative
Asian population Positive Positive
Mixed-race population Positive

Indigenous population Positive

Income Positive Positive
Household Size Negative

Retail shops Positive Positive

Age is an important factor for e-commerce and is intrinsically linked to the type of
product sold and the marketing channel. In the US, the 25-34 age group concentrates most
on e-commerce consumers (Statista, 2021). In Europe, the 16-24 and 25-54 age groups
have an equal share of e-commerce usage (Eurostat, 2022). Furthermore, those born after
1985 are people who use the Internet naturally and are more likely to use e-Commerce
(Jongen, 2018). In Brazil, the age groups that most use e-commerce are people between
26 and 35 years of age and between 36 and 50 years of age (Statista, 2022). The positive
effect for the 20 to 29 age group converges with the studies by Farag et al. (2006b) and
Loo and Wang (2018). However, the two age groups of GWR2 had a heterogeneous
influence on deliveries, partially confirming the hypothesis Hc.

Race is a recurrent variable in the literature. Brazil has a more egalitarian labor market,
despite observing heterogeneity with respect to gender and remuneration (Silveira and
Ledo, 2020). Findings showed the Asian population had a positive influence on deliveries
while the black people had a negative influence. Therefore, race has a heterogeneous effect
on urban deliveries (different races have different results), which confirms the hypothesis Hp.

Income was found to have a positive influence on deliveries; neighborhoods with higher
income tend to receive more e-commerce deliveries, confirming the hypothesis He. This finding
converges with the literature (Farag et al., 2003, 2005, 200643, b, 2007; Blasio, 2008; Sener and
Reeder, 2012; Cao et al, 2013; Zhou and Wang, 2014; Clarke et al,, 2015; Lee et al,, 2015, 2017;
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Motte-Baumvol et al., 2017; Beckers et al., 2018; Hood et al,, 2020; Cheng et al., 2021; Saphores
and Xu, 2021; Song, 2021). Although the spatial variation of the coefficients associated with
income was significantly low, considering model GWRZ, the influence of this variable is higher
in the Venda Nova region. This region has a lower-income and other variables associated with
income can influence the spatial distribution of e-commerce deliveries.

Estimated coefficients of household size negatively affect deliveries for model GWR1,
confirming hypothesis Hr and converging with Zhou and Wang (2014). Finally, the
positive impact of retail shops shows that neighborhoods with more stores tend to receive
more deliveries, confirming hypothesis Hc. Farag et al. (2005) found similar results and
stated that online and traditional shopping are complementary activities for urban
regions. Moreover, those who live in urban areas have more access to traditional retail
and tend to shop online more than residents of neighborhoods with lower access to shops
(Farag et al.,, 2007; Blasio, 2008). In addition, Blasio (2008) suggested that this positive
influence is related to the desire to see the product physically before buying it. The
influence of this variable is more considerable in the Venda Nova region, which has retail
stores, and in the Pampulha region. However, the spatial variation of the coefficients
related to this variable is significantly low.

The findings can support freight policies to reduce the externalities of e-commerce
deliveries. The spatial pattern of e-commerce deliveries shows that some neighborhoods
have more deliveries than others. In addition, some socioeconomic characteristics of the
neighborhoods have more influence than others. As e-commerce deliveries have an
impact on urban mobility (cargo vehicles use the same road infrastructure as people),
alternatives become essential to minimize activity-related externalities.

Identifying the pattern of e-commerce deliveries allows for finding the best strategies
for locations with more deliveries, dedicated to the characteristics of consumers who
live there. For example, delivery and collection systems are an alternative to home
deliveries. However, this strategy has generally been implemented in central or
residential regions (Rai et al.,, 2019). Beckers and Verhetsel (2021) state that delivery
and collection systems are promising and more sustainable solutions for e-commerce
deliveries. However, adopting this solution involves a paradigm shift concerning home
deliveries (the traditional e-commerce delivery type) and developing an environmental
awareness among e-consumers. In this way, knowing the neighborhoods with the
highest concentration of e-commerce deliveries and the characteristics that are related
to these deliveries allows a better allocation of delivery and collection systems.

A positive effect was identified to traditional retail, women, income, the population
between 20 and 29 years old, and the Asian population. Therefore, neighborhoods with these
characteristics could be potential places for delivery and collection points as an alternative to
home deliveries. However, delivery and collection points in neighborhoods with
predominance of large household size, population between 18 and 19 years old, and black
population will not be largely used since these variables have a negative effect on e-commerce
deliveries. However, more research is needed to assess the potential use of this alternative
service by the population with the identified characteristics.
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Additionally, the small variation indicates homogeneity of the effects of the variables
in the territory. Thus, alternatives to reduce home deliveries can be implemented more
seamlessly. These alternatives must be evaluated on a case-by-case basis, as they require
investment in infrastructure or in partnership.

6. CONCLUSION

This article analyzed the spatial relationship between sociodemographic and retail access
data and e-commerce deliveries in Belo Horizonte. The Global Moran's I index indicated
spatial dependence of e-commerce deliveries. The estimated GWR models identified the
variables that contribute most to spatial dependence.

The results allowed for answer to the research question proposed for the study:
“To what extent do sociodemographic factors and access to traditional retail influence the
spatial distribution of e-commerce deliveries?”. The positive effect of traditional retail,
women, income, the population between 20 and 29 years old, and the Asian population
was identified. On the other hand, household size, population between 18 and 19 years
old, and black people negatively influence deliveries. Determining these effects made it
possible to prove the hypotheses proposed for this research.

The results show that the spatial pattern of e-commerce deliveries in Belo Horizonte,
located in a developing and Latin American country, is similar to that in China or even
developed countries. Spatial analysis shows the homogeneity in the estimated parameters
throughout the studied territory. However, other factors may still have spatial influence
in addition to those considered in this study. Therefore, stated preference surveys could
be used to understand the influence of those variables on consumer behavior.
Furthermore, it is suggested to expand the analysis to 2020 and to analyze the effect of
the Covid-19 pandemic on the spatial pattern of e-commerce deliveries.
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