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Abstract

:

Background: Due to the remarkable growth in online retail sales in New Zealand, a large number of parcels are needed to be delivered to consumers’ doorsteps. Home deliveries in major New Zealand cities (e.g., Christchurch) typically occur between 9 a.m. and 6 p.m. on weekdays, when many home delivery attempts fail. This leads to adverse effects, such as vehicular traffic in residential areas and greater air pollution per parcel delivered. However, home deliveries outside of typical business hours (i.e., before 9 a.m. and after 5 p.m.) might be worthwhile to help subside the above issues. Therefore, this study investigated consumers’ preferences for receiving home deliveries during various times, such as early morning, morning, afternoon, late afternoon, and evening. Methods: The data used in this study were obtained via an online survey of 355 residents of Christchurch city. Non-parametric tests, namely the Friedman test, Wilcoxon signed-rank test, and ordinal logistic regression, were carried out to examine consumer preferences for the above time slots. Results: The results showed that consumers preferred the late afternoon (3 p.m. to 6 p.m.) time slot the most for receiving home deliveries. Conclusion: It appeared that the off-peak delivery option is less likely to draw the desired consumer patronage and is thus less likely to assist in lowering the number of unsuccessful home deliveries, the transportation costs incurred by service providers, traffic congestion, and pollution in urban areas.
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1. Introduction


A considerable proportion of the global human population (i.e., 55% in 2018) lives in urban areas [1], which occupy only 30% of the total land area inhabited by humans and 3% of the total land area of the world [2]. However, more people are moving to urban areas, mainly in their quest to achieve economic growth in terms of better employment, income, health, education, and social and recreational opportunities. To meet their requirements for economic growth and well-being, they depend on urban passenger and freight transport infrastructures, which enable the movement of people and goods [3]. Moreover, urban areas typically consume more goods than they produce, and consequently, their dependence on goods transported from the outside of the city has increased over the years [4]. The demand for personal travel and goods transport has therefore been increasing. Consequently, adverse traffic impacts, such as congestion, compromised safety of road users, high transport costs, air pollution, and degraded social space, have become increasingly common for urban dwellers [5,6,7]. For example, in New Zealand, where 86% of the population resides in urban areas, about 20% of the country’s total greenhouse gas emissions each year come from the transport sector [8]. In addition, a huge portion (i.e., 90%) of those transport emissions is caused by road transport, with 67% being contributed by light vehicles (i.e., passenger cars and light commercial vehicles), which are mainly concentrated in urban areas [9]. It is also worth noting that light passenger vehicles and light commercial vehicles, respectively, constituted 73% and 20% of road travel in New Zealand in 2018 [10], which indicates the significance of both passenger and goods transport in urban areas. Therefore, it is essential to maintain the sustainability (i.e., economic viability, social equity, and environmental acceptability) of both personal travel and goods transport while facilitating economic growth in urban areas [11].



In addition, with the recent advances in information and communication technology (ICT), e-commerce (also referred to as online shopping) has emerged as a new opportunity and a challenge for urban transport systems. For instance, while the increasing adoption of online shopping has the potential to decrease people’s shopping travel, the last mile of goods transport (i.e., the final leg of the supply chain of a product) has undergone a considerable transformation in recent years, as the consumer demand for having items (bought online) delivered to the home has increased manifold [12,13,14]. This, in turn, has become an economic opportunity for businesses (e.g., retailers and freight carriers) involved in the e-commerce and freight logistics sectors. However, at the same time, freight delivery vehicle use in urban areas has also increased [15]. For instance, the volume of domestic parcels delivered by New Zealand Post was 6% higher in 2019 compared to 2018 [16]. This has adverse implications for the urban setting in terms of environmental costs. Note that there are also other components of freight transport that contribute to the adverse traffic and environmental implications, such as the long-haul transport of raw materials and the transport of finished products between manufacturing units and warehouses, but the goods’ last-mile transport is often the most expensive (e.g., up to 75% of the total transport cost), least efficient, and most polluting component of the goods supply chain [17,18,19]. This only aggravates the adverse traffic impacts of increasing online shopping and sales worldwide.



To this end, more recent research [20,21,22,23,24,25,26,27,28,29,30] has sought innovative methods (e.g., delivery via collection-and-delivery points, delivery using cargo bikes, delivery using electric vehicles, crowd-sourced deliveries, delivery via smart home devices, and delivery via mobile lockers) for conducting last-mile deliveries to help mitigate the issues facing urban freight transport systems. However, despite several methods, home delivery has been the most common delivery mode [31]. For instance, a considerable proportion of online buyers in New Zealand prefer home delivery of their online orders, which is typically carried out during the daytime (i.e., 9 a.m. to 6 p.m.) on weekdays [32].



Online shopping customer satisfaction is greatly influenced by delivery performance [33]. For instance, the time between the purchase and delivery of an item must be short and deliveries should be punctual to prevent decreases in customer satisfaction and increases in delivery costs [34]. E-commerce is largely governed by customers, as they are often allowed to return or cancel an order even before the parcel arrives [35]. Therefore, customer preferences and satisfaction related to delivery schedules are of paramount importance for e-commerce and logistics ventures to be successful.



It has been well established that freight deliveries to retailers in the city, when carried out during off-peak hours, have the potential to reduce traffic congestion, travel times and transport costs, and environmental pollution, and to improve traffic safety within urban areas [36,37,38]. However, the option of delivering online orders to end-consumers during off-peak hours (i.e., 6 a.m. to 9 a.m. or 6 p.m. to 9 p.m.) has not received enough attention. For instance, consumers’ preferences for off-hour deliveries (OHDs) of goods bought online have not been adequately studied. Therefore, this study aimed to investigate consumer preferences for OHDs of goods bought online, using Christchurch city as a case study. The data used in the study were obtained via an online survey of residents of Christchurch city. The data were analysed using statistical tests (e.g., Freidman Test) and ordinal logistic regression.



The remainder of this paper is structured as follows: A discussion on studies relating to OHDs is given in Section 2. The adopted research method is described in Section 3. Section 4 is devoted to the description of survey implementation and data collection. Section 5 comprises the statistical analysis carried out to understand consumer preferences for OHDs. Finally, Section 6 concludes this study.




2. Literature Review


It is worth noting that research and policies regarding urban transport planning, up until the past two decades, often neglected the goods transport component of urban transport systems [39,40]. It is mainly in the past two decades that the development and implementation of policies related to urban freight transport have received increased attention [41,42]. For example, a variety of policy measures, such as controlled access to city centres for freight vehicles, the creation of low-emission zones, the relocation of large freight terminals to outer parts of the city, off-peak hour deliveries to retailers, and road pricing or taxes for freight vehicles, have been assessed and implemented in several parts of the world to help make urban areas sustainable and liveable and to foster their economic development [43].



The term ‘off-hour delivery (OHD)’ has traditionally been used to represent the deliveries conducted to retailers outside of peak hours, with or without the retailers being present. There are typically two types of OHDs to retailers—assisted deliveries (i.e., deliveries performed with receivers being present) and unassisted deliveries (i.e., deliveries performed without receivers being present and through direct access to shop stockrooms). Another method of supplying goods to retailers involves delivery through urban consolidation centres (UCCs), which are restocked during night hours by transport providers, while retailers are supplied whenever they prefer (typically during regular opening hours) by small, environmentally friendly trucks [44].



Several studies investigated various stakeholders’ preferences for OHDs. For instance, Aljohani and Thompson [45], Dias et al. [46], Gatta et al. [44], Holguín-Veras et al. [47], and Marcucci and Gatta [4] studied retailers’ preferences for receiving OHDs. Similarly, Dias et al. [46], Gatta et al. [44], and Holguín-Veras et al. [48] studied carriers’ preferences for conducting OHDs, while some other studies investigated the public administration’s viewpoint on OHDs [44] and the local residents’ perspectives of OHDs [44].



On the other hand, there are only a few studies [49,50] that investigate consumers’ or online shoppers’ preferences for receiving OHDs or time-slot-based deliveries. Escudero-Santana et al. [49] investigated customers’ preferences for receiving deliveries at one of their preferred locations (e.g., at home, at work, at a familiar home, in a shop, or in a locker), each one associated with a different time slot for the delivery day. The results revealed that a distribution policy with several locations can improve the efficiency of electronic commerce by reducing delivery costs. Similarly, Amorim et al. [51] found that retailers with the capability to tailor their time slot offerings to specific customer segments have the potential to generate approximately 9% more shipping revenue than those who cannot.



Park [50] analysed consumer preferences for the early morning and daytime delivery of grocery items bought online in South Korea. Customers most strongly preferred the early morning (dawn) delivery using a personal icebox, followed by dawn delivery using a market cooler bag, with daytime delivery using a paper box being the least preferable.



Considering the high demand of home delivery for goods bought online and a considerable proportion of failed home deliveries in New Zealand, this study aims to investigate end-consumers’ preferences for OHDs of goods bought online, taking Christchurch city as a case study.




3. Research Method


When a response variable of interest is measured on an ordinal scale (e.g., preference for home delivery during the late afternoon time slot: low preference vs. high preference), the ordinal logistic regression method is typically used to account for the intrinsic ordering of the levels of ordinal response variables [52,53]. This is because other types of logit models (e.g., multinomial logit or mixed logit) consider ordinal response variables to be nominal, which means that the information about the ordering of responses would be lost [54].



Ordinal logistic regression assumes that the ordinal response variable represents an underlying continuous latent variable (say ω) that depends on a set of explanatory variables (say xn; n = 1,2,…,k) according to the following linear model:


  ω =  α 0  +  α 1   x 1  +  α 2   x 2  + … +  α k   x k  + σ ε  



(1)




where   α   represents the coefficients of the explanatory variables;  σ  is a constant;  ε  is a random disturbance term, independent of    x n   , and it follows a Standard Logistic distribution.



The variable  ω  cannot be directly observed, but it can be transformed into  Y , an ordinal response variable.



   θ 1  ,    θ 2  ,    θ 3  ,   … ,    θ  J − 1     are cut-off values of the continuous latent variable;



  m = 1 ,   2 ,   … ,   j ,   … ,   J   represents the order of levels of the response variable  Y .



In this model, all levels at or below a given cut-off are compared with all levels above that cut-off, for example, Y = 1 or 2 versus Y = 3 or 4 or …J. To incorporate the ordinal nature of a response variable, the logit model can be modified by defining the probabilities differently. Let Pij be the probability of an individual (i) falling in level (j) of a response variable, and Fij be the cumulative probability that individual i is in the jth level or lower. The cumulative probability can be written as


   F  i j   =   ∑   m = 1  j   P  i m    



(2)







Each value of Fij corresponds to a different dichotomisation of the response variable. The cumulative ordinal logistic model can then be specified as a set of J − 1 equations as follows:


  log   [     F  i j     1 −  F  i j      ] =  β j  + β  x i  ;   j = 1 ,   2 , … ,   J − 1  



(3)






  where ,   β  x i  =  β 1   x  i 1   + … +  β k   x  i k   ;  



(4)






   β j  =    α 0  −  θ j   σ      ( threshold   values )  



(5)






  β =  α σ    ;  



(6)







The above logistic model is based on the assumption that the coefficients of the explanatory variables are equal across the various (i.e., J − 1) equations, but the intercept value is different for each equation. This assumption is therefore also referred to as the assumption of parallel lines. The cumulative logit model is also referred to as the ‘proportional odds’ model, because the odds ratios will remain constant regardless of which of the levels are being compared if the parallel line assumption is met. Therefore, the parallel line assumption is also called as the proportional odds assumption. Equation (3) yields the output in terms of the odds ratios for an individual being in one level or other lower levels rather than in a higher level of the ordinal response variable.




4. Data Collection


Members of a market research company’s panel were asked to complete an online survey from May to June 2018 using the Qualtrics software. The respondents had to live in Christchurch, be at least 18 years old, and have made an online purchase within the last 12 months in order to be eligible to participate in the survey. The survey included questions about socio-demographic traits, shopping habits (both in-person and online), travel habits, and attitudes toward missed ‘attended deliveries’ (i.e., deliveries that required a signature upon arrival) and alternative unattended delivery methods (i.e., collection and delivery points). All questions linked to online purchasing had to be answered regarding things that cannot be delivered via the internet (i.e., travel tickets and hotel bookings were excluded). To strike a balance between the burden on respondents and the information sought, the flow of questions was automated so that only pertinent questions appeared to each respondent based on their initial responses [55].



The panel members provided a total of 418 responses, but only 305 of them were included for the analysis because 113 of them were incomplete. In addition to the online survey administered to panel members of a market research firm, a second online survey with the same sets of questions was also conducted simultaneously among the authors’ friends and colleagues. Only 50 of the approximately 100 responses were full and able to be used for the analysis. Therefore, 355 full responses from the two independent sources made up the dataset used in the analysis.



The following is a description of the study’s variables. The variable levels were chosen based on data from the census (wherever applicable). However, because their ‘anticipated count’ value was less than five, which is a requirement for the findings of the descriptive tests to be robust, some levels of a number of variables were later combined.



Socio-demographic factors comprised information on the individual (such as gender, age, educational qualifications, and employment status) as well as the household (e.g., type of dwelling unit, household composition, household size, number of workers in household, number of children below 18 years and below 13 years of age in the household). Table 1 compares the proportions of the sample with the census, demonstrating that the sample reasonably captures the population.




5. Consumer Preference for Time-Slot-Based Home Delivery


5.1. Non-Parametric Tests


Consumer preferences for the various time slots were initially captured in terms of rating on a 10-point Likert scale, with ‘0’ meaning ‘no preference’ and ‘10’ meaning ‘maximum preference’. The time slots considered in this study are defined in Table 2.



It should be noted that since the response (or dependent) variable and several explanatory variables were ordinal in nature and not normally distributed, parametric tests such as the one-way ANOVA with repeated measures, which requires the data to be normally distributed, could not be used [56]. Thus, non-parametric tests, such as the Friedman test and Wilcoxon signed-rank test, which do not require the data to be normally distributed, were conducted to determine the differences in consumer preferences for various time slots of home delivery.



The Friedman test is the non-parametric counterpart of the one-way ANOVA with repeated measures test, and it is used to test for differences between groups when the dependent or response variable is measured on an ordinal scale [57]. The Friedman test compares the mean ranks between related groups and indicates whether the groups differ or not. It is apparent from Table 3 that, overall, there is a statistically significant difference between the mean ranks of consumer ratings for various time slots of home deliveries (Chi-square = 21.69, p ≤ 0.001), with the mean rank of the late afternoon time slot being the maximum (3.24) among all the time slots for receiving home deliveries of items bought online.



However, it should be noted that the Friedman test is an omnibus test, i.e., it indicates whether there are overall differences, but does not provide information on which groups differ from each other. Therefore, post hoc tests, namely Wilcoxon signed-rank tests, are required to be conducted on each combination of groups (i.e., time slots), to determine the groups that differ from one another (in terms of consumer preferences in this case). The Wilcoxon signed-rank tests were conducted for 10 combinations of time slots, as shown in Table 4. Given that multiple comparisons were to be made, it was more likely that a result would have been declared statistically significant when it was in fact not (i.e., a Type I error) if the significance level was not adjusted to account for multiple comparisons. Hence, a Bonferroni adjustment on the results obtained from the Wilcoxon tests was needed. The Bonferroni adjustment is made by dividing the significance level used in the Friedman test (in this case, 0.05) by the number of tests or comparisons carried out. Therefore, the new significance level of 0.005 (i.e., 0.05/10) was used to determine the time slots for which consumers had statistically significantly different preferences. This implies that if the p-value is larger than 0.005, there is no statistically significant difference between consumer preferences for both the compared time slots.



Out of the above 10 pairs of time slots that were compared, only two pairs were found to have a statistically significant difference in consumer preferences (Refer to Table 4). The results of the Wilcoxon signed-rank tests are shown only for pairs that had statistically significant differences, i.e., Pair 3 and Pair 8, as shown in Table 5. Note that the non-traditional evening home delivery time slot was not found to have a statistically significant difference in ratings given by consumers. This implies that consumers do not prefer the evening home delivery time slot over other time slots.



The consumer preference for home delivery during the late afternoon time slot was found to be statistically significantly greater than for home delivery during the afternoon time slot (Z = −3.017, p = 0.003, Mean rank late afternoon = 119.60). This implies that consumers prefer the late afternoon time slot (3 p.m.–6 p.m.) more than the afternoon time slot (12 p.m.–3 p.m.). Similarly, the consumer preference for home delivery during the late afternoon time slot was also found to be statistically significantly greater than for home delivery during the early morning time slot (Z = −3.777, p ≤ 0.001, Mean rank late afternoon = 147.16). This implies that the late afternoon time slot is preferred more than the early morning time slot too. Therefore, the late afternoon time slot appeared to be consumers’ most preferred time slot for receiving home deliveries.




5.2. Ordinal Logistic Regression


It should be noted, however, that the non-parametric tests do not help to describe the possible reasons for differences in consumer preferences for various home delivery time slots. Therefore, the ordinal logistic regression technique that helps investigate the correlation between a response variable and explanatory variables, while controlling for the effect of other factors (e.g., socio-demographics), was adopted to examine the factors governing consumer preferences. Given that the late afternoon time slot was found to be the most preferred time slot for receiving home deliveries, the ordinal logistic regression was carried out only for that time slot, leaving the other four time slots aside.



The consumer preference in terms of ratings for the late afternoon time slot was considered as the dependent (or response) variable, and the ratings were categorised as low preference and high preference, as shown in Table 6. All the remaining variables were treated as predictor (or explanatory) variables.



Moreover, 19 explanatory variables were initially considered to estimate the model using the OL regression approach in the statistical package for social sciences (SPSS). Of the 19 variables, only 9 turned out to be statistically significant in explaining the variance in consumers’ preference for late afternoon home delivery at the end of 12 iterations of the model estimation, with variables that did not turn out to be statistically significant (at the 90% confidence level) being eliminated from the model in the next iteration. The results of the OL regression analysis are given in Table 7.



The ‘high preference’ level of the response variable was treated as the reference level. The intercept-only model (i.e., with no variables included) was outperformed by the final model (i.e., with variables included), as the likelihood ratio Chi-square test, which tests whether at least one of the coefficients is not equal to zero, was found to be statistically significant (Chi-square = 65.217, p < 0.001, and degrees of freedom = 21). Furthermore, the Pearson Chi-square goodness-of-fit measure (p-value of 0.191) shows that the model is an adequate fit. The McFadden Pseudo R2 value of 0.133 indicates a moderately good fit, as the Pseudo R2 values are usually considerably lower than the R2 value of the ordinary least square (OLS) regression [58,59]. A value between 0.2 and 0.4 denotes an excellent fit for the model and is approximately equivalent to an OLS R2 value between 0.5 and 0.8 [12,60].



OL regression estimates only one model (except for different intercept values) for all the choice alternatives (or levels). The logit estimates (i.e., log-odds) are coefficients of the explanatory variables included in the model and are relative to the reference level within each of the explanatory variables. For example, the log-odds of scoring higher on the response variable (i.e., high preference for late afternoon home delivery) is 0.292 units higher for consumers aged 18–29 years than those aged 60 years or more, when all the other predictor variables in the model are held constant. In other words, younger consumers are more likely than older ones to prefer home deliveries during the late afternoon time slot.



The standard error values of the estimates indicate the average distance of the observed values from the regression line, and thus show the precision of the model on average, using the units of the response variable. Smaller values are better because they indicate that the observations are closer to the fitted relationship.



The odds ratio is the exponentiation of the logit estimate. It indicates the odds of a level of an explanatory variable (relative to the reference level of the variable) being in a higher level of the response variable than levels lower than that. For example, for respondents aged 18–29 years, the odds ratio of 1.34 indicates that they are 1.34 times more likely to be in the higher level (e.g., high preference) of the response variable (i.e., preference for home delivery during late afternoon) than respondents aged 60 years or more.



Consumers’ age turned out to be significantly positively correlated with the preference for late afternoon home delivery. The consumer preference was found to increase with age, but only until the age of 59 years. Note that people aged 60 years or above were found to be less likely to have a high preference for late afternoon home delivery than their younger counterparts. This could be due to the higher likelihood of younger people being away for, say, work or study purposes during the day.



Consumers’ educational qualification was found to be significantly negatively correlated with their preference for late afternoon home delivery, with people having higher qualifications, such as a ‘bachelor’s degree or above’, being less likely to have a high preference for late afternoon home delivery than people having Trade Certificates or up to NCEA Level 3 education. This is perhaps due to the fact that ‘trade persons’ (e.g., plumbers, fitters, and labourers) typically start their work early in the morning and often return from work early compared to their highly qualified counterparts, which makes them available to receive their online orders during the late afternoon time slot. There is an increasing trend of people working from home, which is usually possible only with jobs involving highly qualified people, and hence they may be available to receive their parcels earlier during the day.



Consumers’ employment status was found to be significantly correlated with their preference for late afternoon home delivery, with students being more likely and employed people being less likely to have high preference for late afternoon home delivery than unemployed or retired people. This result is partially in line with the above observation that younger people are more likely to prefer late afternoon home deliveries than people aged 60 years or more, who are more towards the retirement age. This could be due to the higher likelihood of unemployed or retired people being available at home during the day. It is important to note that employed people are less likely to have a high preference for late afternoon home deliveries, and perhaps this is due to the short time window available to them compared to retired or unemployed people to receive their parcels after finishing work, which is typically around 5 p.m.



Consumers’ household composition was found to be significantly correlated with their preference for late afternoon home delivery, with ‘people living alone’ and ‘couples living without children’ being less likely, and those ‘living with children’ being more likely to have a high preference for late afternoon home delivery than respondents living in households with other types of compositions. This is perhaps due to the higher likelihood of young children being available at home (after finishing school) during the late afternoon.



Consumers’ online shopping experience was found to be significantly positively correlated with their preference for late afternoon home delivery, with consumers who began online shopping more than six years ago being more likely to have a high preference for late afternoon home delivery than consumers who started shopping online less than 3 years ago. This is perhaps due to less experienced online shoppers’ being mainly older people (given that they are less techno-savvy) who are retired or unemployed, and hence available to receive their orders throughout the day.



Consumers’ frequency of shopping at physical shops was found to be significantly positively correlated with their preference for late afternoon home delivery, with people shopping four or more times a week being more likely to have a high preference for late afternoon home delivery than people shopping less frequently. It is possible that people shopping frequently at physical shops are often not available at home earlier during the day.



Consumers’ frequency of visiting supermarkets (per month) was found to be significantly correlated with their preference for late afternoon home delivery, with people visiting supermarkets six or more times a month being more likely to have a high preference for late afternoon home delivery than people visiting supermarkets less frequently. It is possible that those who visit supermarkets more frequently are time-rich and are available during the day to receive their parcels.



The number of cars in a household was found to be significantly correlated with consumers’ preference for late afternoon home delivery, with people not having cars in their household being less likely to have a high preference for late afternoon home delivery than people having cars in their household. It is possible that those who do not have access to a car may take longer to return home after finishing work, which makes it difficult for them to receive parcels during the late afternoon time slot.



Consumers’ household size was found to be significantly correlated with their preference for late afternoon home delivery, with households with up to two people being more likely to have a high preference for late afternoon home delivery than households with more than two people. It is possible that smaller households may not have anybody at home earlier during the day, which makes it difficult for them to receive parcels before the late afternoon time slot.



The number of children below 18 years of age in a household was found to be significantly correlated with consumers’ preference for late afternoon home delivery, with households with no children below 18 years of age being less likely to have a high preference for late afternoon home delivery than the households with children aged less than 18 years. It is possible that people from households with no children aged less than 18 years are all working, and hence, they often do not have anybody at home during the day, which makes it difficult for them to receive parcels during the late afternoon time slot.





6. Conclusions


This study investigated consumers’ preferences for five different home delivery time slots, namely early morning, morning, afternoon, late afternoon, and evening, for receiving items bought online. The results of statistical tests indicate that consumers prefer the late afternoon (i.e., 3 p.m. to 6 p.m.) time slot over other available times for receiving items bought online. This implies that consumers are less interested in the off-hour delivery time slots, i.e., early morning (6 a.m. to 9 a.m.) and evening (6 p.m. to 9 p.m.) time slots. Therefore, the off-hour delivery option is apparently less likely to reduce failed home deliveries, transport costs for service providers, and traffic congestion and pollution in urban settlements. Given consumers’ inclination towards the traditional late afternoon home delivery time slot, service providers and city planners need to come up with strategic plans that can encourage city dwellers to receive their online orders outside of peak traffic hours. For instance, service providers need to formulate operational changes such that small parcels can be delivered to end-consumers at their workplaces or places of education during off-peak hours. Similarly, city planners need to plan to strengthen the infrastructure needed to support courier deliveries in terms of loading and unloading bays and parking spaces for courier service providers near commercial areas. The results of the ordinal logistic regression can be used to understand consumers’ socioeconomic background and its correlation with their delivery preferences. The methodology adopted in this study can be replicated for other cities in New Zealand and other countries where online shopping is growing rapidly, leading to an increasing demand for home deliveries.



This study, however, did not consider other newer delivery methods, such as delivery to local shops, locker points, car boots, and unattended home delivery by providing access to house premises. These alternatives can be considered in future studies. Another limitation of this study is that the consumer data used were collected before the COVID-19 pandemic, following which consumers’ online shopping behaviour may have changed due to the changes caused by the pandemic in terms of new technologies, modified travel habits, and innovations in logistics. Also, consumer preferences for home delivery time slots for different product types can be considered in future studies.
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Table 1. Sample characteristics.






Table 1. Sample characteristics.





	
Factors

	
Categories

	
Sample Values (%)

	
Census 2013 (%)






	
Gender

	
Male

	
50.7

	
49.1




	
Female

	
49.3

	
50.9




	
Age (years)

	
18–29

	
23.4

	
19.4 *




	
30–39

	
20.9

	
16.9




	
40–49

	
14.6

	
18.8




	
50–59

	
14.6

	
17.8




	
60 or more

	
26.5

	
27.1








Note: * 20–29 years.













 





Table 2. Definition of home delivery time slots.






Table 2. Definition of home delivery time slots.





	Hours of ome Delivery Time Slots
	Name of Time Slots
	Traditional/Non-Traditional





	6 a.m.–9 a.m.
	Early morning
	Non-traditional



	9 a.m.–12 p.m.
	Morning
	Traditional



	12 p.m.–3 p.m.
	Afternoon
	Traditional



	3 p.m.–6 p.m.
	Late afternoon
	Traditional



	6 p.m.–9 p.m.
	Evening
	Non-traditional










 





Table 3. Results of the Friedman tests.






Table 3. Results of the Friedman tests.





	
Home Delivery Slots

	
Mean Score

	
Standard Deviation

	
Median Score (IQR)

	
Mean Ranks






	
Early morning (6 a.m.–9 a.m.)

	
4.20

	
3.82

	
3.00 (8.0)

	
2.76




	
Morning (9 a.m.–12 p.m.)

	
4.98

	
3.69

	
5.00 (7.0)

	
3.10




	
Afternoon (12 p.m.–3 p.m.)

	
4.63

	
3.60

	
5.00 (7.0)

	
2.94




	
Late afternoon (3 p.m.–6 p.m.)

	
5.27

	
3.44

	
5.00 (6.0)

	
3.24




	
Evening (6 p.m.–9 p.m.)

	
4.88

	
3.99

	
5.00 (8.0)

	
2.96




	
Test statistic–Chi-Square

	
21.69

	
Number of responses

	
355




	
Asymptotic significance (p)

	
<0.001

	
Degrees of freedom

	
4








Note: IQR—inter-quartile range.













 





Table 4. Combinations of time slots compared.






Table 4. Combinations of time slots compared.





	Pair 1
	Home Delivery During Early Morning
	Home Delivery During Morning



	Pair 2
	Home delivery during early morning
	Home delivery during afternoon



	Pair 3 *
	Home delivery during early morning
	Home delivery during late afternoon



	Pair 4
	Home delivery during early morning
	Home delivery during evening



	Pair 5
	Home delivery during morning
	Home delivery during afternoon



	Pair 6
	Home delivery during morning
	Home delivery during late afternoon



	Pair 7
	Home delivery during morning
	Home delivery during evening



	Pair 8 *
	Home delivery during afternoon
	Home delivery during late afternoon



	Pair 9
	Home delivery during afternoon
	Home delivery during evening



	Pair 10
	Home delivery during late afternoon
	Home delivery during evening







Note: * statistically significant differences at p = 0.005.













 





Table 5. Results of the Wilcoxon signed-rank tests.






Table 5. Results of the Wilcoxon signed-rank tests.





	
Home Delivery during Late Afternoon vs. Home Delivery during Afternoon




	

	
N

	
Mean Rank

	
Sum of Ranks




	
Rating for late afternoon < Rating for afternoon

	
Negative Ranks

	
94

	
104.9

	
9863.5




	
Rating for late afternoon > Rating for afternoon

	
Positive Ranks

	
132

	
119.6

	
15,787.5




	
Rating for late afternoon = Rating for afternoon

	
Ties

	
129

	




	

	
Total

	
355

	




	
Test statistic (Z)

	
−3.017




	
Asymptotic significance (two-tailed)

	
0.003




	
Home delivery during late afternoon vs. Home delivery during early morning




	

	
N

	
Mean Rank

	
Sum of Ranks




	
Rating for late afternoon < Rating for early morning

	
Negative Ranks

	
111

	
135.2

	
15,011.0




	
Rating for late afternoon > Rating for early morning

	
Positive Ranks

	
173

	
147.2

	
25,459.0




	
Rating for late afternoon = Rating for early morning

	
Ties

	
71

	




	

	
Total

	
355

	




	
Test statistic (Z)

	
−3.777




	
Asymptotic significance (two-tailed)

	
<0.001











 





Table 6. Categorisation of consumer preference.






Table 6. Categorisation of consumer preference.





	Ratings on 0 to 10 Scale
	Preference





	0 to 5
	Low preference



	6 to 10
	High preference










 





Table 7. Results of the OL regression.






Table 7. Results of the OL regression.





	
Preference (Ratings) for Late Afternoon Home Delivery

	
Estimate

	
Std. Error

	
Wald Chi-Square

	
Odds Ratio

	
p-Value




	
Low preference

	
−0.083

	
0.581

	
0.020

	

	
0.887




	
High preference (reference level)

	
−




	
Age (years)

	




	
18–29

	
0.292

	
0.403

	
0.523

	
1.34

	
0.470




	
30–39

	
0.431

	
0.405

	
1.133

	
1.54

	
0.287




	
40–49

	
0.546

	
0.439

	
1.548

	
1.73

	
0.213




	
50–59

	
0.889

	
0.424

	
4.403

	
2.43

	
0.036




	
60 or more

	
0

	
.

	
.

	
1.0

	
.




	
Educational qualifications

	




	
Up to NCEA Level 3

	
0.072

	
0.273

	
0.070

	
1.07

	
0.791




	
Trade Certificate

	
0.824

	
0.353

	
5.455

	
2.28

	
0.020




	
Bachelor’s Degree or above

	
0

	
.

	
.

	
1.0

	
.




	
Employment status

	




	
Student (full- or part-time)

	
0.595

	
0.486

	
1.500

	
1.81

	
0.221




	
Employed (part-time or full-time)

	
−0.533

	
0.287

	
3.445

	
0.59

	
0.063




	
Unemployed, retired and others

	
0

	
.

	
.

	
1.0

	
.




	
Household composition

	




	
Person living alone

	
−0.092

	
0.445

	
0.043

	
0.91

	
0.836




	
Couple without children

	
−1.163

	
0.378

	
9.465

	
0.31

	
0.002




	
Couple with children

	
0.247

	
0.404

	
0.376

	
1.28

	
0.540




	
Others

	
0

	
.

	
.

	
1.0

	
.




	
Time since first online shopping

	




	
Up to 3 years

	
−0.738

	
0.304

	
5.882

	
0.48

	
0.015




	
4–6 years

	
0.204

	
0.286

	
0.505

	
1.23

	
0.477




	
More than 6 years

	
0

	
.

	
.

	
1.0

	
.




	
Frequency of shopping at physical shops

	




	
4 or more times a week

	
0.638

	
0.356

	
3.213

	
1.89

	
0.073




	
2–3 times a week

	
0.440

	
0.279

	
2.498

	
1.55

	
0.114




	
Once a week or less than once a week

	
0

	
.

	
.

	
1.0

	
.




	
Frequency of visiting supermarkets

	




	
Up to 3 times per month

	
0.413

	
0.352

	
1.381

	
1.51

	
0.240




	
4–5 times per month

	
−0.631

	
0.307

	
4.238

	
0.53

	
0.040




	
6 or more times per month

	
0

	
.

	
.

	
1.0

	
.




	
Number of cars in the household

	




	
None

	
−1.591

	
0.544

	
8.565

	
0.20

	
0.003




	
One

	
−0.321

	
0.299

	
1.150

	
0.73

	
0.283




	
Two or more

	
0

	
.

	
.

	
1.0

	
.




	
Household size

	




	
Up to two

	
0.868

	
0.394

	
4.851

	
2.38

	
0.028




	
More than two

	
0

	
.

	
.

	
1.0

	
.




	
Number of children below 18 years in the household

	




	
None

	
−0.635

	
0.370

	
2.952

	
0.53

	
0.086




	
One or more

	
0

	
.

	
.

	
1.0

	
.




	
Coded dependent variable (n)

	
1 = Low preference (181); 2 = High preference (174)




	
−2 log-likelihood (intercept-only model) = 480.7

	
−2 log−likelihood (final model) = 415.4




	
Chi-square statistic–Likelihood ratio tests = 65.2 ***

	
Degrees of freedom = 21




	
Pseudo R2 (McFadden) = 0.133

	








Note: n—number of cases in each category; ***—statistically significant at 99% confidence level.
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