[bookmark: _Toc136522960]SUPPLEMENTARY MATERIALS SECTION I: RURAL/URBAN E-COMMERCE USE LITERATURE
Table A. Empirical literature exploring the impact of rural-urban on use of e-commerce 
	Citation
	Online shopping data type
	Perspective
	Sample
	Measure of online shopping
	Measure of urban/rural
	Findings regarding e-commerce use in urban vs. rural areas
	Hypothesis supported

	Farag et al. (2003)
	Survey
	Cross-sectional
	Consumers in the Netherlands
	Whether the consumer has shopped online
	5 categories based on location in relation to urban area at focus
	Consumers in less urbanized areas shopped online more than those in more urban areas.
	Efficiency

	Krizek et al. (2005)
	Survey
	Cross-sectional
	Consumers in three metro areas in the U.S.
	Has shopped online versus not
	Urban, suburban
	Suburban consumers were more likely to shop online than urban consumers.
	Efficiency 

	Farag et al. (2006a)
	Survey
	Cross-sectional
	Consumers in the U.S. (Minneapolis) and the Netherlands (Utrecht)
	Online shopping frequency; have shopped online before vs. have not
	No specific measure; evaluates distance to shops
	Dutch consumers who live farther from stores are less likely to shop online, indicating some positive relationship between urban-ness and online shopping.
	Innovation-diffusion 

	Farag et al. (2006b)
	Survey
	Cross-sectional
	Consumers in the Netherlands
	Online shopping frequency; have shopped online before vs. have not
	5 categories based on number of addresses in a square kilometer
	While online shopping is largely an urban phenomena and people living in heavily urban areas are more likely to shop online, consumers with low accessibility to stores shop online more often.
	Both

	Cao et al. (2013)
	Survey
	Cross-sectional
	High-income consumers in the U.S. (Minneapolis)
	Frequency of purchasing 'nondaily' products online
	Urban, suburban, exurban
	Consumers in urban areas and with greater accessibility to shopping shop online more frequently. Also, consumers in exurban areas with lower shopping accessibility shop online more than consumers in exurban areas with greater accessibility.
	Both

	Zhou and Wang (2014)
	Survey
	Cross-sectional
	Consumers in the U.S.
	Propensity to shop online
	Urban or non-urban
	Consumers in urban areas are more likely to shop online.
	Innovation-diffusion 



	Clarke et al. (2015)
	Survey
	Cross-sectional (survey is longitudinal but not analyzed as such)
	Grocery consumers in the UK
	Online shopping frequency
	Classified urban, rural town/fringe, rural village based on postcode
	Mixed results; no concrete conclusions.
	Neither 

	Motte-Baumvol et al. (2017)
	Survey and interviews
	Cross-sectional
	Consumers in France
	Online shopping frequency; have shopped online before vs. have not
	City, inner suburb, outer suburb
	Suburban consumers were more likely to shop online and also shopped online more often. Consumers in smaller urban areas are more likely to shop online than those in larger urban areas.
	Efficiency 

	Beckers et al. (2018)
	Survey 
	Cross-sectional
	Consumers in Belgium 
	Online shopping frequency
	Classified urban, suburban, or rural based on zip code
	No significant relation between the area type and online shopping frequency.
	Neither 

	Zhen et al. (2018)
	Survey
	Cross-sectional
	Consumers in Nanjing, China
	Online shopping frequency for clothing and books
	4 categories based on living and working locations in urban/suburban
	Consumers that work and live in suburban areas were more likely to shop at stores than online.
	Both

	Kirby-Hawkins et al. (2019)
	Sales data from a grocery retailer 
	Cross-sectional
	Consumers in the UK
	Sales (only online sales figures are included)
	Population density within postal sector
	A higher percentage of online shoppers are from rural than urban areas, but online shopping is very popular among young urban professionals.
	Both 

	Shi et al. (2019)
	Interviews
	Cross-sectional
	Consumers in Chengdu, China
	Online shopping frequency and share
	3 categories (urban, suburban, exurban) based on work or home location
	Consumers in urban areas purchase online more frequently, while those in both urban and exurban areas have higher shares of shopping online than suburban consumers.
	Both

	Beckers et al. (2021)
	Survey
	Cross-sectional
	Consumers in Belgium 
	Monthly online shopping frequency pre-pandemic and during




	Urban, suburban, rural based on zip code
	Urban consumers shop online more frequently.
	Innovation-diffusion 

	Ma et al. (2022)
	Survey
	Cross-sectional
	Consumers in New Zealand 
	Monthly online shopping frequency 
	City or other 
	Consumers living in the city shopped online more frequently.
	Innovation-diffusion

	Song (2022)
	Data from online retailer Alibaba
	Cross-sectional
	Counties in China
	Online shopping index (represents online shopping development level in the county)
	Ratio of urbanization
	Consumers in urban areas shop online more than those in rural areas.
	Innovation-diffusion

	Young et al. (2022)
	Survey
	Longitudinal
	Consumers in 11 cities in the US
	Frequency of online shopping
	Urban, suburban, rural/small town
	Prior to the pandemic (fall 2019), urban consumers shopped online more than rural consumers. After COVID, suburban consumers were more likely to shop online.
	Both

	Wieland (2023)
	Survey
	Cross-sectional
	Consumers in Germany
	Frequency of online shopping
	Urban area as defined by German classifications (large city)
	More urban consumers shopped for furniture online, but there was no difference in urban versus rural consumers for other product categories (groceries, clothing, electronics). Accessibility of stores was also negatively related to shopping online for furniture but not significant for other categories.
	Both


Source(s): Authors’ own work
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SUPPLEMENTARY MATERIALS SECTION II: DESIGN MATRIX

Table B. Design matrix for Trend10to19 and Jump20to23 variables
	Year
	Intercept
	Trend10to19
	Jump20to23

	2010
	1
	–9
	0

	2011
	1
	–8
	0

	2012
	1
	–7
	0

	2013
	1
	–6
	0

	2014
	1
	–5
	0

	2015
	1
	–4
	0

	2016
	1
	–3
	0

	2017
	1
	–2
	0

	2018
	1
	–1
	0

	2019
	1
	0
	0

	2020
	1
	0
	1

	2021
	1
	0
	1

	2022
	1
	0
	1

	2023
	1
	0
	1

	Source(s): Authors’ own work







SUPPLEMENTARY MATERIALS SECTION III: DESCRIPTIVE STATISTICS

Table C. Descriptive statistics
	Variable
	Mean
	Standard deviation
	Minimum
	Maximum

	 
	2.769%
	2.708%
	0%
	54.878%

	 
	4.649
	2.139
	1
	9

	Notes: Descriptive statistics for share of trips online are reported before the logit link transformation. Descriptive statistics for  are reported before grand mean centering. N = 8,862.


Source(s): Authors’ own work



SUPPLEMENTARY MATERIALS SECTION IV: MODEL-FREE EVIDENCE
To provide model-free evidence (Davis-Sramek et al., 2023) in support of the general upward trend over time in demand for last-mile fulfillment services (LMFS) and a jump in 2020, Figures A, B, and C plot the share of shopping trips in the online channel for three groups of commuting zones: (1) two large commuting zones, (2) eight randomly selected commuting zones, and (3) one strongly urban and one strongly rural commuting zone. In addition to illustrating the expected upward trend and jump, these figures provide additional insights justifying the study. Figure B, for example, shows heterogeneity in online shopping patterns across zones, while Figure C shows differences between urban and rural areas.
Figure A. Share of trips per year online for 3 large commuting zones

Source(s): Authors’ own work


Figure B. Share of trips per year online for 8 randomly selected commuting zones 
Source(s): Authors’ own work

Figure C. Share of trips per year online for 1 strongly urban and 1 strongly rural commuting zone

Source(s): Authors’ own work



SUPPLEMENTARY MATERIALS SECTION V: ROBUSTNESS TESTING
Robustness test employing an alternate dependent variable 
	In the first robustness test, we utilize an alternate dependent variable. Instead of focusing on the proportion of shopping trips that are conducted in the online channel as the dependent variable, we focus on the proportion of dollars spent in the online channel. Like the primary analysis, we pool all dollars spent within a commuting zone in a year and calculate the proportion of spend in the online channel as follows: 

After calculating the percent of spend online, we add 0.005 to each proportion then employ a logit transformation following Smithson and Verkuilen (2006) as follows:

	Results are reported in Table D. Conclusions align with that in the primary analysis. As it relates to H2, Model 3 reports a significant negative covariance between the random intercept and Jump20to23 ( = –0.113, z-statistic = –6.68, p < 0.01), indicating that H2 is supported. Next, Model 4 reports a marginally significant negative interaction between Trend10to19 and  ( = –0.004, z-statistic = –1.90, p < 0.10). While only marginally significant, this, combined with the statistical significance in the primary analysis—in which the dependent variable aligned more closely to that commonly studied in the literature, frequency of online shopping (e.g., Beckers et al., 2018), and arguably has greater implications for last-mile providers—offers support in favor of H1, indicating that from 2010-2019, urban zones were increasing their demand for LMFS more quickly than rural zones. Lastly considering H3, there is a significant negative interaction between Jump20to23 and  in Model 4 ( = –0.028, z-statistic = –2.29, p < 0.05) indicating that urban zones experienced a larger percentage increase in demand for LMFS than rural zones following the onset of the COVID-19 pandemic.

Table D. Robustness test results, logit transformed proportion of spend in online channel as the outcome 
	
	Label
	Model 1
	Model 2
	Model 3
	Model 4

	Fixed effects
	
	
	
	
	

	     Intercept
	
	–3.373*** (–189.03)
	–3.356*** (–131.60)
	–3.367*** (–131.32)
	–3.364*** (–129.10)

	     Trend10to19
	
	
	0.037*** (9.96)
	0.036*** (9.72)
	0.036*** (9.43)

	     Jump20to23
	
	
	0.356*** (14.88)
	0.353*** (14.58)
	0.352*** (14.13)

	     Amazon
	
	
	
	0.058*** (3.45)
	0.015 (0.81)

	      
	
	
	
	–0.043*** (–4.70)
	–0.053*** (–3.82)

	     Trend10to19 x  
	
	
	
	
	–0.004* (–1.90)

	     Jump20to23 x 
	
	
	
	
	–0.028** (–2.29)

	Variance components
	
	
	
	
	

	     Var. intercept
	
	0.174*** (15.38)
	0.338*** (14.58)
	0.324*** (14.46)
	0.324*** (14.47)

	     Var. Trend10to19
	
	
	0.006*** (12.39)
	0.006*** (12.38)
	0.006*** (12.35)

	     Var. Jump20to23
	
	
	0.236*** (11.49)
	0.235*** (11.48)
	0.232*** (11.42)

	     Cov. Trend10to19, Jump20to23
	
	
	–0.009*** (–3.93)
	–0.009*** (–3.95)
	–0.010*** (–4.16)

	     Cov. Trend10to19, intercept
	
	
	0.029*** (10.22)
	0.029*** (10.09)
	0.028*** (10.10)

	     Cov. Jump20to23, intercept
	
	
	–0.107*** (–6.28)
	–0.113*** (–6.68)
	–0.114*** (–6.76)

	     Var. residual
	
	0.380*** (64.14)
	0.214*** (59.00)
	0.214*** (59.00)
	0.214*** (59.00)

	Model fit
	
	
	
	
	

	     –2 log likelihood
	
	17,851.900
	14,748.900
	14,715.100
	14,698.100

	     Pseudo R2
	
	——
	0.180
	0.193
	0.195

	Sample
	
	
	
	
	

	     Observations
	
	8,862
	8,862
	8,862
	8,862

	     Number of groups
	
	633
	633
	633
	633

	Notes: Outcome: . Models were analyzed with robust standard errors. z-statistics are reported in parentheses; *p < .10, **p < .05, ***p < .01.
Source(s): Authors’ own work



Robustness test employing an alternate model specification 
	Given that the dependent variable in our primary analysis has some values of zero (before the transformation described in Section 4.2 of the manuscript), we next employ a model specification that allows for proportions of zero to ensure that the transformation applied to the dependent variable in the primary analysis does not affect results. Specifically, we estimate a fractional logit model developed by Papke and Wooldridge (1996), accounting for the nested nature of our data. This approach is especially appropriate with large sample sizes like those we have (Kieschnick and McCullough, 2003) and has been utilized in other studies where the dependent variable is fractional (Li et al., 2022). We fit this model using GLIMMIX in SAS 9.4. Results are reported in Table E. Note that we are unable to test H2 given that this specification does not allow for random effects on Trend10to19 and Jump20to23. 
	Looking at Model 3, aligned with the main analysis, there is a significant negative interaction between Trend10to19 and  ( = –0.005, z-statistic = –3.60, p < 0.01), which supports H1. At the minimum value of  (i.e., the most urban commuting zones), the passage of each year from 2010-2019 resulted in a 7.2% increase in the odds of shopping online. In contrast, at the maximum of  (i.e., the most rural commuting zones), the passage of each year from 2010-2019 resulted in a 3.0% increase in the odds of shopping online. Accordingly, the marginal effect of Trend10to19 was more than double in the most urban zones compared with the most rural zones, suggesting a managerially relevant moderation effect. As it relates to H3, consistent with the primary analysis, Model 3 reports a significant negative interaction between Jump20to23 and  ( = –0.021, z-statistic = –2.61, p < 0.01). At the minimum value of  (i.e., in the most urban commuting zones), the onset of the COVID-19 pandemic resulted in an 80.2% increase in the odds of shopping online. In contrast, at the maximum of  (i.e., the most rural commuting zones), the onset of the COVID-19 pandemic resulted in a 52.4% increase in the odds of shopping online. This is also a practically relevant moderation effect. Accordingly, H3 is supported using the fractional logit approach outlined by Papke and Wooldridge (1996).

Table E. Robustness test results, fractional logit specification
	
	Label
	Model 1
	Model 2
	Model 3

	Fixed effects
	
	
	
	

	     Intercept
	
	–3.699*** (–155.63)
	–3.711*** (–154.67)
	–3.700*** (–154.09)

	     Trend10to19
	
	0.051*** (17.14)
	0.050*** (16.66)
	0.051*** (17.25)

	     Jump20to23
	
	0.513*** (29.08)
	0.506*** (28.51)
	0.510*** (28.93)

	     Amazon
	
	
	0.117*** (3.37)
	0.007 (0.19)

	     
	
	
	0.001 (0.10)
	–0.008 (–0.74)

	     Trend10to19 x 
	
	
	
	–0.005*** (–3.60)

	     Jump20to23 x 
	
	
	
	–0.021*** (–2.61)

	Model fit
	
	
	
	

	     –2 residual log pseudo-likelihood
	
	18,654.94
	18,651.89
	18,565.00

	Sample
	
	
	
	

	     Observations
	
	8,862
	8,862
	8,862

	     Number of groups
	
	633
	633
	633

	Notes: Outcome:  (no adjustment of 0.005 added). z-statistics are reported in parentheses; *p < .10, **p < .05, ***p < .01. 


Source(s): Authors’ own work
DISCLAIMER: Researcher(s)’ own analyses calculated (or derived) based in part on data from Nielsen Consumer LLC and marketing databases provided through the NielsenIQ Datasets at the Kilts Center for Marketing Data Center at The University of Chicago Booth School of Business.

The conclusions drawn from the NielsenIQ data are those of the researcher(s) and do not reflect the views of NielsenIQ. NielsenIQ is not responsible for, had no role in, and was not involved in analyzing and preparing the results reported herein.
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Chicago area (zone 58)	2010	2011	2012	2013	2014	2015	2016	2017	2018	2019	2020	2021	2022	2023	1.6075029804681843E-2	1.6674362245943427E-2	1.7172771832129702E-2	1.8029457314787643E-2	2.2002894031869717E-2	2.1046154219234055E-2	2.218037422200551E-2	2.4020025260174077E-2	2.6845820253669866E-2	2.8440753913295782E-2	4.6721044242658424E-2	5.0977268935470978E-2	4.8487456038278885E-2	4.2693579849037398E-2	Oakland, San Fran, Napa (zone 294)	2010	2011	2012	2013	2014	2015	2016	2017	2018	2019	2020	2021	2022	2023	1.95280826911415E-2	2.3031008694205782E-2	2.5821058447771654E-2	2.744710821410816E-2	3.1829099079428359E-2	3.3685634687984169E-2	3.4276527331189709E-2	3.4739975232287827E-2	3.8010553058432678E-2	4.085801126540628E-2	7.2412710326182683E-2	7.1560687272240714E-2	7.137638807714787E-2	7.087278289990491E-2	Miami, Ft. Lauderdale, Key West (zone 410)	2010	2011	2012	2013	2014	2015	2016	2017	2018	2019	2020	2021	2022	2023	1.456812675025098E-2	1.4918090957478265E-2	1.450036232419882E-2	1.5909196993978622E-2	1.6531372597399393E-2	2.0478994637628714E-2	2.1425672519545757E-2	2.606130005600087E-2	2.7292917660607059E-2	3.1298332879959583E-2	5.6889470772060254E-2	5.8545435383214016E-2	5.7480359925273901E-2	5.9310379953142506E-2	Year
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Richmond, VA area (zone 14)	2010	2011	2012	2013	2014	2015	2016	2017	2018	2019	2020	2021	2022	2023	1.8178795100593028E-2	2.2420131517630611E-2	2.2248368809498341E-2	2.2029715695851115E-2	2.4831361814449115E-2	2.1989896534024906E-2	2.3699659362694175E-2	2.2734597743894882E-2	2.4859553756226262E-2	2.7453202086726625E-2	4.7713997513429827E-2	5.584504965096844E-2	4.3442602579715189E-2	4.0384421350015132E-2	Lafayette, LA area (zone 168)	2010	2011	2012	2013	2014	2015	2016	2017	2018	2019	2020	2021	2022	2023	9.2270660604439683E-3	9.3129880363922914E-3	8.1288905162943976E-3	1.3778208088180532E-2	1.4078282828282829E-2	1.6405873026814642E-2	1.5878138514167688E-2	1.9839847018047089E-2	1.6412869585826866E-2	2.1502967857542837E-2	3.5041191739081365E-2	2.0582017162044521E-2	2.2963270634308433E-2	2.5327613562907681E-2	Kalamazoo, MI area (zone 284)	2010	2011	2012	2013	2014	2015	2016	2017	2018	2019	2020	2021	2022	2023	1.087171377742637E-2	1.1819872887924352E-2	1.3397043719019336E-2	1.4143677356112589E-2	1.4901888189559422E-2	1.2844476395878265E-2	1.5755161173487867E-2	1.6528549312448775E-2	1.9751214944937357E-2	2.012263580620088E-2	4.7716089268850341E-2	6.4740559774815451E-2	6.3124529923713341E-2	5.6388219264228066E-2	El Paso, TX area (zone 288)	2010	2011	2012	2013	2014	2015	2016	2017	2018	2019	2020	2021	2022	2023	1.8287435456110154E-2	1.856510364258402E-2	1.8115590092277804E-2	1.9950932740823032E-2	2.3183488832343793E-2	2.626720375965089E-2	2.7847013321873657E-2	3.2692036314031704E-2	3.6519109935276607E-2	4.2560964471641247E-2	6.1156622597128722E-2	6.0142962780379589E-2	5.4522346960389746E-2	5.2242839128085028E-2	Cambridge, OH area (zone 318)	2010	2011	2012	2013	2014	2015	2016	2017	2018	2019	2020	2021	2022	2023	2.8308563340410475E-3	8.0862533692722376E-3	9.3658014450093661E-3	9.7729232538085655E-3	9.0410074265418142E-3	9.2399403874813719E-3	9.3252879868348879E-3	9.2834348709022341E-3	1.0836437521164918E-2	2.5594149908592323E-2	2.9871977240398292E-2	9.2064883822884705E-3	2.8139437211255777E-2	3.1368493622888662E-2	NW Kansas/SE Nebraska (zone 516)	2010	2011	2012	2013	2014	2015	2016	2017	2018	2019	2020	2021	2022	2023	5.681818181818182E-3	1.2158054711246201E-2	1.3950073421439061E-2	4.6511627906976744E-3	7.8791858174655279E-3	9.3617021276595751E-3	2.7322404371584699E-3	0	1.2195121951219512E-3	2.2026431718061676E-3	9.1649694501018328E-3	4.9079754601226997E-3	4.0000000000000001E-3	1.5220700152207001E-3	NW Wisconsin (zone 517)	2010	2011	2012	2013	2014	2015	2016	2017	2018	2019	2020	2021	2022	2023	2.9231995748073346E-3	8.8002346729246107E-3	8.1459758879113726E-3	6.387114690363788E-3	9.6918489065606368E-3	1.5948963317384369E-2	1.2085441259134345E-2	1.0360138135175136E-2	1.2333965844402278E-2	1.6579406631762654E-2	1.1668611435239206E-2	8.1602373887240363E-3	1.1114541525162088E-2	9.7968069666182871E-3	Eastern Wisconsin (zone 586)	2010	2011	2012	2013	2014	2015	2016	2017	2018	2019	2020	2021	2022	2023	8.8967971530249119E-3	8.2609795161426285E-3	1.2663952962460425E-2	1.6195931266047799E-2	1.5550978372811535E-2	1.4071183634858696E-2	1.4244686961516369E-2	1.3473545842918173E-2	1.5347539320142059E-2	2.2324448653768095E-2	2.3088023088023088E-2	1.6132915964363111E-2	3.401789089076477E-2	3.2817109144542771E-2	Year
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New York City area - urban (zone 134)	2010	2011	2012	2013	2014	2015	2016	2017	2018	2019	2020	2021	2022	2023	2.3207232001856912E-2	2.5903974980211974E-2	2.8522663865822036E-2	3.0095162729478642E-2	3.3103098713931141E-2	3.6124733892519342E-2	3.8054591278710352E-2	4.1091177193413618E-2	4.4704695023233321E-2	4.7634805554242397E-2	8.1048286161587449E-2	9.9157957648176115E-2	9.3073664977991855E-2	7.9483593973837599E-2	Kentucky, east of Lexington - rural (zone 311)	2010	2011	2012	2013	2014	2015	2016	2017	2018	2019	2020	2021	2022	2023	5.1733057423693739E-3	5.7550013702384216E-3	4.4525929806181249E-3	5.0377833753148613E-3	1.8329405603561141E-3	6.9593147751605992E-3	6.4606741573033704E-3	6.993006993006993E-3	7.0683271625715249E-3	1.296252651425878E-2	2.1697914472298293E-2	1.4484978540772532E-2	1.2191742865059573E-2	1.6522988505747127E-2	Year
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