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Abstract

:

E-consumer behaviour plays a vital role in e-commerce worldwide. This paper addresses the importance of delivery time, delivery fee, and delivery reception, and the influence of delivery fee and reception on e-consumers’ behaviour by analysing the following hypotheses: delivery attributes affect e-shopping behaviour, and delivery attributes affect e-consumers’ behaviour according to their sociodemographic characteristics. Data were obtained from a web-based survey with Brazilian e-consumers, and logistic regression and artificial neural network models were estimated to assess consumer behaviour. We found that delivery fee willingness to pay and privacy are affected by delivery times according to gender. Delivery fees affect the e-consumer according to gender, the habit of purchasing books and leisure products, privacy, promotions, and pricing, and influence the e-shopping decision by age, purchase of electronic products, and promotions. Delivery reception is relevant according to age, income, gender, frequency of e-shopping, privacy, and pricing. Furthermore, delivery fees influence the e-shopping decision by age, purchase of electronic products, and promotions. Finally, delivery fee, willingness-to-pay, and privacy are characteristics influenced by reception on the e-shopping decision. Further analyses would include the dynamic aspects of e-consumer behaviour and the impacts of COVID-19 in the e-consumption patterns and its effects on e-commerce deliveries.
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1. Introduction


The Internet has contributed to the expansion of e-commerce as online personalised purchases have increased considerably in the last decades. From all sales worldwide, e-commerce sales account for 18%. China was the world leader in e-commerce sales in 2020, and the highest percentage growth was observed in Argentina [1]. Brazil and Mexico were the Latin-American leaders in 2020, with 31% and 28%, respectively [1]. Moreover, US$ 112.4 billion were spent in the online market in Brazil, followed by Mexico (31.5 billion) and Colombia (14.5 billion in 2020) [1]. Fashion, shoes, and cosmetics are the leading product categories among Brazilian shoppers. This paper addressed e-commerce in Brazil, an emergent market, which reached 8% of total sales in 2020.



The demand for delivery services has increased due to online shopping [2]. However, the increase of business-to-consumer (B2C) deliveries has worsened urban freight-related problems, such as negative impacts on traffic and pollution and urban mobility reduction [2]. B2C deliveries benefit from the high demand in urban cities [3], although these services generally consider just one package per delivery, thus not allowing for economies of scale [4].



Despite the growth of e-commerce in the Brazilian market, few studies have analysed the impacts of e-commerce deliveries. The focus is usually on the assessment of sustainable last-mile alternatives. Nogueira et al. [5] analysed the awareness of e-consumers for sustainable last-mile delivery decisions and Oliveira et al. [6] analysed the demand for pick-up points as a sustainable solution for last-mile deliveries. However, the factors influencing delivery services should be known to fulfil customers’ expectations and needs [3]. The most common delivery factors reported in the literature are delivery time [5,7,8,9], delivery reception, and return possibility [7]. Nonetheless, e-consumer behaviour plays a vital role in e-commerce [10], once urban freight policies and practices require understanding how the e- consumers react to it [11]. Therefore, understanding e-consumer behaviour is key to solving the last-mile problem.



The literature related to the effects of e-commerce delivery attributes on consumer behaviour is limited and focuses on supply chain management [12] and e-commerce purchases [8]. Moreover, some research shows delivery’s influence on e-shopping [13,14,15,16]. More specifically, short delivery times influence e-shopping decisions [12]. Furthermore, Amorim et al. [17] found that delivery time, delivery reception, and the flexibility of delivery reception are critical attributes that considerably influence customer preferences for home deliveries of e-grocery products.



The research question addressed in this paper is how delivery attributes affect e-consumers’ behaviour. More specifically, we aim to analyse the effects of delivery attributes (delivery time, delivery fee, and delivery reception) on e-shopping consumer behaviour. Firstly, we estimated a regression model to identify which factors related to e-shopping consumer behaviour related to the delivery attributes. Next, we used artificial neural networks to identify patterns regarding the effects of delivery attributes on e-shopping consumer behaviour. The use of these techniques brings novelty to this study since the usual approaches found in the literature are discrete choice modelling [6,7,8,9,18,19,20,21,22], conjoint analysis [8], cluster analysis [8,23], the mixed structural equation model [10], and statistical tests [5].



Thus, the contribution of this paper is threefold. Firstly, we evaluated the effects of delivery attributes on e-shopping consumer behaviour. Second, we used alternative methods to analyse e-customers behaviour. Finally, we analysed the consumer behaviour in e-commerce in an emerging market, where the number of studies is still minimal [24]. Findings support the development of sustainable delivery strategies. Most e-commerce deliveries are destined for the home/workplace of the buyer. While strategies such as pick-up points are still incipient in Brazil [18], the absence of strategies to meet home delivery needs efficiently is unsustainable in the long term with the growth of e-commerce and the increasing number of orders, and thus the number of deliveries, by the free shipping strategy [25]. Therefore, it is essential to identify how delivery attributes have influenced e-consumer behaviour in this context.



The outline of this paper is as follows. Section 2 presents the literature review and the hypotheses development. Section 3 describes the data used in this study. Section 4 covers the research method, and Section 5 presents the results. Finally, the discussions and the conclusions are presented in Section 6.




2. Literature Review and Hypotheses Development


This paper analyses delivery fee, delivery time, and delivery reception as delivery factors. Delivery fee is a marketing strategy that influences consumer patterns [8]. Delivery time is a critical factor of e-shopping decisions [12] and is related to the time required to deliver the product to the customer [8]. Product type, age, and education level influence the potential for accepting/rejecting longer delivery times [5]. Also, faster deliveries increase consumer satisfaction, especially when buying hedonic products or purchases out of impulsive behaviour [8]. In addition, e-consumers are more flexible to delivery times than delivery fees [8]. Finally, delivery reception is related to how/when the deliveries are received, including during daytime and the date of deliveries [7,8]. The following sections outline the hypotheses analysed in this paper.



The influence of delivery on e-shopping was evaluated by [5,8]. Nguyen et al. [8] analysed consumer preferences in the following delivery attributes: delivery fee, delivery time, and delivery reception. The authors used a conjoint analysis considering the consumer segments (price, time, and value for money) and their contexts (product type, demographic data, and purchase frequency). Nogueira et al. [5] found that delivery time, delivery fee, and environmental information influence e-commerce purchases. They used the Mann-Whitney test, the Kruskal-Wallis test, and the Spearman correlation test. In addition, Buldeo Rai et al. [7] evaluated the consumer preferences related to delivery price, delivery time, delivery reception, and return opportunities in last-mile deliveries.



Several aspects of e-consumer preferences have been studied, including last-mile options [6,10,18,20,26,27], customer-driven central last-mile micro depot [28], and crowd logistics [23]. Liu et al. [29] evaluated customers travel choices to collect delivery points. Oliveira et al. [6] analysed the importance of various delivery factors (delivery destination, delivery time, information and traceability, and delivery fee) to identify the potential demand for automated delivery stations, representing an alternative to e-commerce deliveries. Yuen et al. [26] studied the factors that influence self-collection services. Xiao et al. [10] examined the effects of final delivery solutions on e-shopping behaviour. Oliveira et al. [18] evaluated the accessibility of collection and delivery points (CDP) considering customer preferences and the coverage area. Iannaccone et al. [20] estimated the market share of pick-up points using customer preferences. From the customers ’ perspective, Hagen and Schell-Kopeinig [28] examined the acceptance and willingness-to-pay of deliveries for a central last-mile micro depot. Buldeo Rai et al. [23] investigated the preferences for crowdsourcing among end-consumers.



The environmental and social impacts of B2C deliveries also influence e-customers [9,21] and make them choose sustainable delivery options [9]. The environmental factor increases the tolerance for longer delivery times [9,21] and delivery costs [9]. Consumers choose less convenient delivery destinations, especially when additional economic benefits are offered [9]. Positive environmental information might encourage sustainable delivery choices [19]. Ignat and Chankov [9] evaluated the role of information on e-customers preferences and identified that consumers tend to accept longer delivery times and pay more for environmentally sustainable deliveries.



Sociodemographic characteristics have already been studied in the context of e-shopping consumption [30]. For example, Xiao et al. [10] identified that e-shopping frequency is positively influenced by gender, marital status, and the educational level of the consumers. However, previous research has also shown diverging results. For example, Irawan and Wirza [31] identified an association between sociodemographic characteristics and e-shopping frequency. On the other hand, Yuen et al. [26] did not find an association between consumers demographic characteristics and e-shopping. Also, demographic characteristics do not affect customers intention to use self-collection services [26]. Iannaccone et al. [20] included socioeconomic characteristics to estimate the demand for pick-up points. Buldeo Rai et al. [23] reported that socioeconomic characteristics do not influence crowdsourced last-mile services. However, Liu et al. [27] found that psychographic variables explain e-consumer preferences across different product categories. Also, the sociodemographic variables might capture the indirect effects of delivery attributes [29].



Despite the importance of socioeconomic characteristics for e-commerce, such attributes are mainly analysed only considering new delivery alternatives [23,26], i.e., the influence of socioeconomic characteristics on e-shopping deserves further exploration.



Few studies considered the influence of delivery attributes on e-shopping [13,14,15,16]. Further, the influence of e-shopping characteristics has not been largely explored [8]. Some e-shopping characteristics such as product information, customer service [15,16,32], brand selection, privacy, and promotions [16], quality [13,15], pricing [13,15,16], convenience [13,16,32], and security [13,16] present positive impacts on customer satisfaction. Most of the literature focused on analysing the influence of these factors on e-shopping.



According to Cherrett et al. [33], frequent shoppers are more likely to use a greater variety of delivery options, reducing delays to receive the products. The product type and purchase frequency influence consumer perceptions regarding delivery services [16]. Also, Mehmood and Najmi [34] identified positive impacts of service convenience (decision, access, transaction, general benefits, and post-benefits) on customer satisfaction of home deliveries.



Based on the literature, we propose the following hypotheses to answer the research question addressed in this paper: (1) delivery attributes affect e-shopping behaviour, and (2) delivery attributes affect e-consumers’ behaviour according to their sociodemographic characteristics.




3. Research Approach


3.1. Data


A questionnaire and related data were obtained from a web-based survey to analyse the hypotheses described in the previous section. Table 1 shows the structure of the questionnaire. The survey was disseminated using social networks between August 2018 and October 2018 among many parts of Brazil. We obtained 615 responses on a sample with a 95% confidence level and 5% error regardless of the country’s underrepresentation of different sociodemographic characteristics.



We used statistical descriptions to describe the data and presented the data using histograms in the following section. Such initial information from the questionnaire provided insights into the phenomenon analysed in Brazil. The internal consistency of the responses was evaluated with the Cronbach alpha, which considers the average intercorrelation among answers per question [35]. Cronbach alpha values above 0.7 show responses internal consistency for all variables [36,37].




3.2. Data Analysis


Two analyses were performed in this paper: (i) the significance of sociodemographic characteristics, e-consumption behaviour, and e-shopping characteristics on delivery attributes by using a regression model, and (ii) pattern recognition of the effects of sociodemographic characteristics, e-consumption behaviour, and e-shopping characteristics on the different delivery attributes.



We estimated a regression model to identify the significance of sociodemographic characteristics and e-shopping behaviour on delivery attributes. A model was estimated for each delivery attribute, i.e., the importance of delivery time, delivery fee, delivery reception, influence of delivery fee and delivery reception on the e-shopping decision. The goal is to identify the set of variables with statistical significance that suggest the effects of the delivery attributes on e-consumption behaviour given the sociodemographic characteristics of individuals. Such an approach has been adopted since it provides useful information on the magnitude and statistical significance of the relations among the sociodemographic characteristics and the delivery attributes.



Since the response-type of delivery attributes is categorical (3-Likert scale), we estimated ordinal regression models whose results did not provide a good fit. Then, we estimated the logistic regression model by converting neutral responses to positive and negative responses. The accuracy was compared using a confusion matrix, which indicates the model’s overall performance based on the total classifications that it performs correctly [38]. Table 2 shows the accuracy of the models. The conversion of neutral responses to positive responses provided better accuracy in all estimated models, which was used to transform the Likert scale categories into binary responses to estimate logistic regression.



A training dataset was created with 85% of the sample to estimate the logistic regression models, while the remaining dataset was used as a testing set. The t-test was used to identify the characteristics that significantly influence the delivery attributes, and the multicollinearity was verified with the variance inflation factor (VIF). Interested readers may refer to Washington et al. [39] for further details on logistic regression. Finally, the models were estimated in the R environment.



We used Artificial Neural Networks (ANN) to recognise patterns between the delivery attributes and the independent variables (i.e., sociodemographic characteristics, e-consumption behaviour, and e-shopping characteristics). Neural networks were developed to simulate the human brain, recognising patterns [40]. We implemented a multi-layer perceptron (MLP) with three hidden layers and 11 neurons in this study. The lbfgs function was used to optimise the weights limited to 500 iterations, and the ReLU activation function was used for the hidden layers. The ANN was implemented in Python using the Sci-kit Learn library [41], and the data were standardised before the model estimation. The backpropagation learning algorithm was used to minimise the output errors, where the results of the ANN were compared to the input data. This procedure adjusts the internal weights in an iterative process [42]. The method has been used to provide further insights about the non-linear and multidimensional relations between the delivery attributes and sociodemographic characteristics, e-consumption behaviour, and e-shopping characteristics that cannot be drawn analytically by the regression models previously described. In the application of the ANN, the reliability of the results was verified by computing the accuracy obtained from the confusion matrix. It should be noted that 85% of the sample was used for training and 15% for validation, similar to the logistic regression model.



Partial Dependence Plots (PDP) were used to verify the relationships between the dependent variables and the independent variables of the ANN models [42,43]. PDPs are widely used for visualising learning models [44] and show the marginal effect of one or two variables on the output of a learning model [43], including linear, monotonous or convex relationships. Zhao and Hastie [44] provide the mathematical modelling of PDPs. The PDPs were obtained using the plot_partial_dependence tool from the Sci-kit Learn library.





4. Results


4.1. Data Description


Table 3 summarises the descriptive statistics of the sample considering both sociodemographic characteristics and e-consumption behaviour. Most of the respondents (87%) are younger than 50, earn between two and 10 minimum wages (49%), and are male (53%). Electronic products are the most common e-commerce purchases. Also, most e-consumers (69%) used to make at least one e-purchase per month at the date of the survey, which results in at least one e-commerce delivery per month. The maximum delivery fee willingness-to-pay is 10% of the product price for 72% of respondents e-consumers.



Figure 1 shows the histograms of the sociodemographic characteristics, e-shopping characteristics, and delivery attributes. The delivery fee influences most e-consumers, and the data revealed the importance of convenience, promotions, and pricing in e-shopping. Data reported in the histograms show that most respondents are between 25 and 34 years old, earn above 10 Brazilian minimum wages and are of both genders. Furthermore, they are more likely to buy electronics, followed by beauty and clothing products, and books and leisure items, and are only willing to pay less than 10% of the product value as a delivery fee. In addition, most e-consumers buy products online at least once a month and consider convenience, privacy, promotion, and pricing as important characteristics when e-shopping. Finally, most of them are influenced by the delivery fee and delivery time, considered the attributes most important for e-shopping. Still, more respondents consider delivery reception less or neutrally important.



Table 4 shows the descriptive statistics of e-shopping characteristics and delivery attributes obtained from the survey in a 3-point Likert scale data format (negative = 1, neutral = 2, positive = 3). These questions investigated the importance of general e-shopping characteristics and delivery attributes on e-shopping. For the delivery attributes, the first three attributes (i.e., delivery time, delivery fee, and delivery reception) are related to general e-shopping behaviour. The remaining attributes (i.e., delivery fee influence on the e-shopping decision and delivery fee influence on e-shopping decision) are more specific and reflect the final purchase decision. Among e-shopping characteristics, only privacy has neutral responses in the first quartile. Similarly, delivery time and reception also have neutral responses in the first quartile among the delivery attributes.




4.2. Significance of the Effects of Delivery Attributes on E-consumption Behaviour


Table 5 presents the estimated coefficients of the logistic regression model and the significance of the estimations. The variable with statistical significance shows that the delivery attributes somehow affect the e-consumer.



Results show that characteristics such as delivery fee willingness to pay, and privacy are affected by delivery times according to gender. Similarly, delivery fees affect the e-consumer according to gender, the habit of purchasing books and leisure products, privacy, promotions, and pricing, and also influence the e-shopping decision by age, purchase of electronic products, and promotions. In addition, delivery reception is considered by respondents according to their age, income, gender, frequency of e-shopping, privacy, and pricing. Finally, delivery fee, willingness-to-pay, and privacy are characteristics influenced by delivery reception on the e-shopping decision.




4.3. Pattern Recognition


The following sections present the PDPs to recognise patterns related to the effects of sociodemographic characteristics, e-consumption behaviour, and e-shopping characteristics on the different delivery attributes. The effects are analysed and compared considering four patterns: increase, decrease, constant, and complex.



4.3.1. Importance of Delivery Time


Figure 2 shows the variable patterns related to the importance of delivery time on e-shopping. Increasing patterns are observed for income, gender, purchase of electronic products, delivery fee willingness to pay, convenience, privacy, and pricing. It suggests that such characteristics are important when delivery times are considered in e-shopping. Conversely, age, some products (beauty and clothing) and promotion are not essential when the effects of the delivery time are considered. Finally, shopping books, leisure products and the frequency of e-shopping are not affected by delivery times.



Figure 3 shows the marginal effects of e-shopping characteristics regarding the importance of delivery time. The pricing e-shopping characteristic is taken as a baseline for comparison. In the different charts, vertical lines indicate that the other variable is more important than pricing considering this delivery attribute. Horizontal lines indicate that the other variable is less critical than pricing for this delivery attribute. Finally, ascending or descending curves with 45-degree or 135-degree slopes (concerning the bottom left corner) indicate that both variables (i.e., the other variable and pricing) have the same importance for this delivery attribute. Therefore, convenience, privacy and promotion are less important than pricing, while delivery fee willingness-to-pay is more relevant than pricing.




4.3.2. Importance of Delivery Fee


Figure 4 shows the pattern analysis for the importance of delivery fees. The analysis by age resulted in a complex pattern with a concave curve: it increases until the 25–34-year-old category (class 2), remains constant, and decreases after the 35–49-year-old category (class 3). Income, electronic products, delivery fee willingness to pay, and privacy showed increasing patterns, indicating that these variables positively correlated to delivery fee when e-shopping. However, decreasing patterns are observed for convenience, promotion, and pricing, and thus presented negative effects when the importance of delivery fees is analysed. Finally, constant patterns are observed for gender, beauty and clothing products, books and leisure products, and frequency of e-shopping, which suggest their irrelevance regarding the effects of delivery fees.



According to the PDPs of Figure 5, convenience and promotion are less relevant than pricing regarding the importance of delivery fees. In contrast, privacy and delivery fee willingness-to-pay are more relevant than pricing for this delivery attribute.




4.3.3. Importance of Delivery Reception


Figure 6 shows the pattern analysis for the importance of delivery reception. Age, frequency of e-shopping, delivery fee willingness to pay, convenience, and pricing showed increasing patterns; thus, they are positively affected when the importance of delivery reception is assessed. Conversely, income, gender, beauty and clothing products, privacy, and promotion presented decreasing patterns, thus presenting adverse effects when the delivery reception is considered. Finally, flat patterns are observed for electronics and books and leisure products, which indicates that they are not considered when delivery reception is analysed.



The PDPs of Figure 7 show that privacy, promotion, and delivery fee willingness-to-pay are less relevant than pricing according to the importance of delivery reception. On the other hand, convenience and pricing are equally likely related to e-consumption when the importance of delivery reception is assessed.




4.3.4. Influence of Delivery Fee


Figure 8 shows the pattern analysis of how the delivery fee influences the e-shopping decision. The characteristics are of gender and frequency of e-shopping are not considered when that delivery attribute is assessed. Beauty and clothing, electronics, books and leisure products, and promotion are positively correlated to the influence of e-shopping. In contrast, age, income, delivery fee willingness-to-pay, convenience, privacy, and pricing showed decreasing patterns; thus, they are negatively correlated to the delivery fee influence on the e-shopping decision.



For the influence of delivery fee on the e-shopping decision, the PDPs of Figure 9 show that convenience, privacy, and delivery fee willingness-to-pay have similar importance compared to pricing. In addition, promotion is more important than pricing when compared to the influence of the delivery fee.




4.3.5. Influence of Delivery Reception


Figure 10 shows the marginal effects of how the delivery reception influences the e-shopping decision. The frequency of e-shopping has a flat pattern, which indicates no effects for this delivery attribute. Gender, electronic products, book and leisure products, and convenience showed increasing patterns and thus the positive effects of such characteristics. In contrast, age, income, beauty and clothing, delivery fee willingness-to-pay, privacy, promotion, and pricing resulted in decreasing patterns, representing negative effects for the influence of delivery reception on the e-shopping decision.



Figure 11 shows that privacy and promotion are more important than pricing. At the same time, convenience and delivery fee willingness-to-pay have the same importance as pricing for the influence of delivery reception on the e-shopping decision.






5. Discussion


The estimated coefficients of the logistic regression models provide insights regarding the effects of the delivery attributes according to the sociodemographic characteristics of e-consumers. For instance, gender is considered when the impacts of delivery time and the influence of delivery fee and delivery reception are assessed. Women are more likely to wait longer for the convenience of online shopping. The influence of delivery reception and delivery fees have a greater effect on e-consumers in the 35–49-year-old age group. The purchase of product types (especially books and leisure products) is influenced by delivery fee and delivery reception, while delivery reception only affects the shopping frequency. Also, delivery fees affect the purchase of electronic products, while all delivery attributes are related to privacy, promotion, and pricing when e-shopping.



Table 6 summarises the estimated effects of the delivery attributes per sociodemographic and e-shopping characteristics obtained from the neural network models. The sign ‘+’ stands for positive effects (increasing patterns), and ‘−’ stands for negative (decreasing patterns). Moreover, constant and complex (concave or convex functions) effects are explicitly indicated. Finally, the degree of dependence for each explanatory variable was estimated as low, medium, or high by comparing THE slopes of the curves: the higher the slope, the greater the importance of the effect of the delivery attribute regarding the independent variable (sociodemographic characteristic, e-consumption behaviour, or e-shopping characteristic).



For the sociodemographic characteristics, age resulted in complex patterns for the importance of delivery fees, which may increase, stabilise, and decrease as age increases. Also, it presents negative medium effects for most of the other delivery attributes. On the other hand, income presented different effects for each delivery attribute, and it showed great relevance related to the importance of delivery times. Additionally, gender showed a low relevance or constant effect for the delivery attributes (except for the delivery reception influence on the e-shopping decision). For e-consumption behaviour, the frequency of consumption showed a constant relationship for most of the delivery attributes. The product type presented different patterns for the different delivery attributes, despite its low relevance or constant effect for most of the delivery attributes. Privacy is relevant mainly for the importance of delivery fees, while pricing is highly relevant to the importance of delivery reception.



While the logistic regression added robustness to the analysis by statistically validating the estimated coefficients per variable, ANN identified patterns employing a training and learning approach considering the non-linear and multidimensional characteristics about the relations between the variables. Results showed the effectiveness of combining these techniques to analyse consumer behaviour. Table 7 shows the accuracy of the results for these techniques. Although the logistic regression presented better accuracy, the ANN allowed pattern identification complemented by the PDPs.



The results converge to the literature. For instance, sociodemographic characteristics and gender are related to delivery attributes, as pointed out by [10], who studied e-shopping frequency. Also, the purchase of different types of products is related to delivery attributes, as shown by [16]. Nevertheless, the influence of delivery attributes regarding e-shopping characteristics has been studied in this paper as a novel approach in the literature contributing to the gap pointed out by [8]. Furthermore, privacy, pricing, and promotion are related to the delivery attributes, as shown by [18,20,21,29], who investigated the impacts of consumer satisfaction on their behaviour.




6. Conclusions


This paper analysed the influence of delivery attributes on e-shopping consumer behaviour. The research hypotheses were: (1) the delivery attributes affect e-consumers’ behaviour according to their sociodemographic characteristics; and (2) delivery attributes affect e-shopping behaviour. The analyses were carried out with Brazilian e-consumers.



For the first hypothesis, the results indicate that the delivery attributes (mainly the delivery fee) affect the behaviour of middle-aged consumers (35–49 years old). For the second hypothesis, we identified that the delivery fee influences the purchase of electronics and books and leisure products. In turn, the importance of delivery attributes is not considered in e-shopping frequency. In summary, the e-consumer gives less importance to delivery fee than to delivery time or delivery reception, and the delivery attributes are considerably related to privacy. In contrast, pricing is more affected by delivery time than delivery fees. Finally, as the importance of promotion increases among e-consumers, it decreases the influence of the delivery attributes.



Consumer behaviour is dynamic and may change over time. Data analysed in this paper was obtained from a survey before the COVID-19 pandemic. In this context, restrictive measures to reduce the virus spread contributed to e-commerce deliveries. It is worth mentioning that the COVID-19 pandemic changed the population’s consumption patterns. In this context, in which the online market has gained more importance, meeting the needs of consumers has become essential to increasing market share. Therefore, delivery attributes are increasingly essential to attract new buyers and/or maintain existing customer loyalty. Among the attributes analysed in this article, the delivery fee has become a factor in retaining customers in marketplaces. Many marketplaces have offered subscriptions in exchange for free shipping and reduced delivery time. Therefore, these attributes are being used to increase online shopping.



On the other hand, the Brazilian market is still restricted in terms of delivery reception alternatives, since most deliveries are still destined for the end customer. Alternatives such as pick-up points or lockers are still timid initiatives that are being disseminated, especially in large cities such as São Paulo and Belo Horizonte. Alternative delivery reception could contribute to sustainable urban freight transport. The results found in the Brazilian context would be generalized to other growing markets in Latin America and developing countries such as China, where similar e-consumer behaviour is observed and few alternatives to home deliveries are available.



Changing consumer behaviour and greater awareness of the collective benefits of this initiative need to be further disseminated to consumers. Thus, further research would analyse the changes in consumer behaviour in the post-pandemic scenario and identify the influence of spatial characteristics on e-commerce deliveries. Finally, further analysis would include the proposition and assessment on the effects of public policies on consumer behaviour in urban freight transport and, more specifically, in e-commerce deliveries.
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Figure 1. Histogram and Kernel density estimates of e-shopping characteristics and delivery attributes. 
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Figure 2. Pattern recognition for the importance of delivery time on e-shopping. 
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Figure 3. Analysis of marginal effects of the importance of delivery time: comparison between pricing, convenience, privacy, promotion, and delivery fee willingness-to-pay. 
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Figure 4. Pattern recognition for the importance of delivery fee on e-shopping. 
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Figure 5. Analysis of marginal effects of the importance of delivery fee: comparison between pricing, convenience, privacy, promotion, and delivery fee willingness to pay. 
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Figure 6. Pattern recognition for the importance of delivery reception on e-shopping. 
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Figure 7. Analysis of marginal effects of the importance of delivery reception: comparison between pricing, convenience, privacy, promotion, and delivery fee willingness to pay. 
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Figure 8. Pattern recognition for the influence of the delivery fee on the e-shopping decision. 
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Figure 9. Analysis of marginal effects of the influence of delivery fee on the e-shopping decision: comparison between pricing, convenience, privacy, promotion, and delivery fee willingness to pay. 
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Figure 10. Pattern recognition to evaluate the influence of delivery reception on the e-shopping decision. 
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Figure 11. Analysis of marginal effects of the influence of delivery reception on the e-shopping decision: comparison between pricing, convenience, privacy, promotion, and delivery fee willingness to pay. 
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Table 1. Structure of the questionnaire.
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Characteristics

	
Variables

	
Type of Response






	
Sociodemographic characteristics

	
Age

	
15−24 years old




	
25−34 years old




	
35−49 years old




	
above 50 years old




	
Income (in minimum wages *)

	
less than one wage




	
2–4 wages




	
4–10 wages




	
more than ten wages




	
Gender

	
male




	
female




	
Consumption behaviour

	
Product type

	
beauty and clothing products




	
electronic products




	
books and leisure products




	
Frequency of e-shopping

	
once per month




	
more than once per month




	
Delivery fee willingness to pay

	
until 3% of the product price




	
until 7% of the product price




	
until 10% of the product price




	
over than 10% of the product price




	
E-shopping characteristics

	
Convenience

	
5-Likert scale




	
Privacy

	
3-Likert scale




	
Promotion

	
3-Likert scale




	
Pricing

	
3-Likert scale




	
Delivery attributes

	
Importance of delivery time

	
3-Likert scale




	
Importance of delivery fee

	
3-Likert scale




	
Importance of delivery reception

	
3-Likert scale




	
Influence of delivery fee

	
3-Likert scale




	
Influence of delivery reception

	
3-Likert scale








* 1 minimum wage equals BRL 954 in 2018 (US$1.00   ≅   BRL5.50 in November 2021).
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Table 2. Comparison of models’ accuracy considering the conversion of neutral responses into positive or negative responses.
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	Delivery Attribute
	Accuracy of Neutral-Positive Conversion
	Accuracy of Neutral-Negative Conversion





	Importance of delivery time
	82%
	54%



	Importance of delivery fee
	84%
	70%



	Importance of delivery reception
	64%
	50%



	Influence of delivery fee
	88%
	70%



	Influence of delivery reception
	60%
	57%
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Table 3. Data descriptive statistics.






Table 3. Data descriptive statistics.





	
Characteristics

	
Variables

	
Type of Response

	
Frequency

	
Percentage






	
Sociodemographic characteristics

	
Age

	
15−24 years old

	
123

	
21%




	
25−34 years old

	
275

	
46%




	
35−49 years old

	
121

	
20%




	
above 50 years old

	
76

	
13%




	
Income

	
less than one wage

	
9

	
2%




	
2–4 wages

	
137

	
23%




	
4–10 wages

	
235

	
39%




	
more than ten wages

	
214

	
36%




	
Gender

	
male

	
318

	
53%




	
female

	
277

	
47%




	
Consumption behaviour

	
Product type

	
beauty and clothing products

	
374

	
32%




	
electronic products

	
459

	
40%




	
books and leisure products

	
322

	
28%




	
Frequency of e-shopping

	
once per month

	
410

	
69%




	
more than once per month

	
185

	
31%




	
Delivery fee willingness to pay

	
until 3% of the product price

	
96

	
16%




	
until 7% of the product price

	
133

	
22%




	
until 10% of the product price

	
262

	
44%




	
over than 10% of the product price

	
104

	
17%
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Table 4. Descriptive statistics of e-shopping characteristics and delivery attributes.
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Title 2

	
Description

	
Cronbach Alpha

	
Min

	
1st Quartile

	
Median

	
3rd Quartile

	
Max






	
E-shopping

characteristics

	
Convenience

	
0.783

	
1

	
3

	
3

	
3

	
3




	
Privacy

	
0.777

	
1

	
2

	
3

	
3

	
3




	
Promotion

	
0.778

	
1

	
3

	
3

	
3

	
3




	
Pricing

	
0.780

	
1

	
3

	
3

	
3

	
3




	
Delivery attributes

	
Importance of delivery time

	
0.767

	
1

	
2

	
3

	
3

	
3




	
Importance of delivery fee

	
0.777

	
1

	
3

	
3

	
3

	
3




	
Importance of delivery reception

	
0.770

	
1

	
2

	
2

	
3

	
3




	
Influence of delivery fee

	
0.799

	
1

	
3

	
3

	
3

	
3




	
Influence of delivery reception

	
0.790

	
1

	
1

	
2

	
3

	
3











[image: Table] 





Table 5. Results of the logistic regression models.
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Variables

	
Range

	
Importance of Delivery Time

	
Importance of Delivery Fee

	
Importance of Delivery Reception

	
Influence of Delivery Fee

	
Influence of Delivery Reception






	
Intercept

	
−3.21 ***

	
−2.24

	
−2.00 **

	
18.72

	
2.06 ’




	
Sociodemographic characteristics

	
Age

	
25−34 years

	
−0.48

	
−0.63

	
−0.18

	
−1.14

	
−0.13




	
35−49 years

	
−0.09

	
0.36

	
0.65’

	
−2.87 **

	
−0.26




	
>50 years

	
−0.64

	
−0.57

	
−0.09

	
−3.21 **

	
0.726 ’




	
Income

	
2–4 wages

	
0.61

	
−1.58

	
0.48*

	
1.23

	
−0.11




	
4–10 wages

	
0.87

	
−0.69

	
0.76

	
1.27

	
−0.36




	
>10 wages

	
0.64

	
−1.50

	
0.88

	
0.86

	
0.36




	
Gender

	
Female

	
0.92 **

	
0.89 ’

	
0.54 **

	
0.04

	
0.05




	
E-consumption behaviour

	
Product type

	
Beauty and clothing

	
−0.27

	
−0.24

	
0.11

	
−0.07

	
−0.22




	
Electronic products

	
−0.73

	
−0.42

	
−0.31

	
1.92 *

	
−0.13




	
Books and leisure products

	
0.26

	
1.03 *

	
−0.48 *

	
0.05

	
−0.03




	
E-shopping frequency

	
> than once by month

	
−0.18

	
0.36

	
−0.48 *

	
0.41

	
−0.27




	
Delivery fee willingness to pay

	
Until 7%

	
−0.69

	
0.27

	
−0.29

	
−0.09

	
0.24




	
Until 10%

	
−0.70

	
−0.24

	
−0.15

	
−0.48

	
0.43




	
>10%

	
−1.07 *

	
−0.88

	
0.07

	
−0.29

	
0.61 *




	
E-shopping characteristics

	
Convenience

	
Neutral

	
0.19

	
0.27

	
0.10

	
1.39

	
0.60




	
Important

	
0.52

	
−0.24

	
−0.33

	
0.55

	
0.40




	
Privacy

	
Neutral

	
0.55

	
−0.55

	
1.19 ***

	
0.52

	
0.10




	
Important

	
1.42 **

	
1.21 **

	
1.28 *

	
0.33

	
0.67 **




	
Promotion

	
Neutral

	
1.97

	
18.11

	
−0.28

	
−2.39 **

	
−0.39




	
Important

	
0.65

	
1.65 **

	
0.20

	
−1.06

	
−0.24




	
Pricing

	
Neutral

	
19.51

	
21.32

	
2.59 **

	
−15.97

	
−1.72




	
Important

	
4.37 *

	
5.13 *

	
2.09 **

	
−15.62

	
−1.54




	
Accuracy

	

	

	
91%

	
94%

	
73%

	
93%

	
73%








Significance code: * < 0.001, ** < 0.01; *** < 0.05; ’ 0.1.
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Table 6. Results of the neural network models.






Table 6. Results of the neural network models.





	
Variables

	
Importance of Delivery Time

	
Importance of Delivery Fee

	
Importance of Delivery Reception

	
Influence of Delivery Fee

	
Influence of Delivery Reception






	
Sociodemographic characteristics

	
Age

	
Medium (−)

	
Complex (concave)

	
Low (+)

	
Medium (−)

	
Medium (−)




	
Income

	
High (+)

	
Medium (+)

	
Low (−)

	
Low (−)

	
Medium (−)




	
Gender

	
Low (+)

	
Constant

	
Low (–)

	
Constant

	
Medium (+)




	
E-consumption behaviour

	
Beauty and clothing products

	
Low (−)

	
Constant

	
Low (−)

	
Low (+)

	
Medium (−)




	
Electronic products

	
Low (+)

	
Low (+)

	
Constant

	
Low (+)

	
Low (+)




	
Books and leisure products

	
Constant

	
Constant

	
Constant

	
Low (+)

	
Low (+)




	
Frequency of e–shopping

	
Constant

	
Constant

	
Low (+)

	
Constant

	
Constant




	
Delivery fee willingness to pay

	
Low (+)

	
Medium (+)

	
Low (+)

	
Low (−)

	
Medium (−)




	
E-shopping characteristics

	
Convenience

	
Medium (+)

	
Low (−)

	
High (+)

	
Low (−)

	
High (+)




	
Privacy

	
Low (+)

	
High (+)

	
Low (−)

	
Low (−)

	
Low (−)




	
Promotion

	
Low (−)

	
Low (−)

	
Low (−)

	
High (+)

	
High (−)




	
Pricing

	
Low (+)

	
Low (−)

	
High (+)

	
Low (−)

	
Medium (−)
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Table 7. Accuracy between the Logistic Regression and the ANN models.






Table 7. Accuracy between the Logistic Regression and the ANN models.





	Delivery Attribute
	Accuracy Logistic Regression
	Accuracy ANN





	Importance of delivery time
	91%
	82%



	Importance of delivery fee
	94%
	84%



	Importance of delivery reception
	73%
	64%



	Influence of delivery fee
	93%
	88%



	Influence of delivery reception
	73%
	60%
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