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a b s t r a c t 

Omnichannel retailers are increasingly introducing subscription-based delivery services. By subscribing 

to this service and paying fees upfront, customers are entitled to have orders delivered to their home 

for a given period without paying any extra delivery charge. We analyze the resulting changes in cus- 

tomer behavior from two perspectives:(i) ordering behavior and (ii) delivery preferences. The model is 

estimated from the online transactional data of a grocery retailer and combines matching and difference- 

in-differences approaches. We confirm that subscription customers spend more per month and purchase 

more frequently online than customers without subscriptions. However, this outcome is compromised 

by shifts towards narrower time slots in the mornings and at night, where slots are requested with less 

advance notice. When weighing the increased revenue and higher operational costs, we show that sub- 

scriptions have a negative impact on a retailer’s incremental profit. This remains valid for a wide range of 

assumptions about (i) the cannibalisation of sales from the retailer’s offline business, (ii) picking cost and 

(iii) delivery cost. To mitigate the impact of subscriptions on retailer profits, we develop a data-driven 

algorithm that predicts whether certain customers should receive promotions for the subscription plan, 

rather than it being advertised to all customers. As an extension, we also study whether the addition of 

a minimum order threshold to subscription plans changes consumer behaviour. We find that this intro- 

duction encourages customers to seek more variety and increase their basket size, but does not reduce 

their order frequency, a phenomena which may be ascribed to cross-selling. 

© 2020 Elsevier B.V. All rights reserved. 
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. Introduction 

Subscription-based pricing has been a popular alternative to

ay-per-usage charges in many industries. For instance, fitness

overs usually pay a flat-rate monthly membership fee to be

ranted access to a gym. Similarly, consumers pay streaming ser-

ices an upfront monthly fee to have access to unlimited movies,

eries and music, while some innovative online businesses offer

ubscriptions for the restocking of, for instance, personal hygiene

tems and shaving products. 

More recently, subscriptions became also part of the grocery re-

ail industry and the most common (ancillary) service associated

ith it is home delivery for online purchases. In this model, upon

he payment of a membership fee, customers are eligible for free

ome delivery during a given period. This raises a number of in-

eresting questions we aim to answer in this research: Does the

ntroduction of a subscription-based delivery service change cus-

omers’ ordering behavior? If so, to what extent? Is it possible that
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ustomers become so reliant on this service that they start dis-

issing other (omnichannel) options, such as buy online and pick-

p in store ? Could it be that customers, once they subscribe, be-

ome more exacting, requiring goods to arrive sooner and at more

onvenient times? And finally, are customers who subscribe more

r less profitable than non-subscribers? The objective of this paper

s to document the trade-offs that retailers face when they decide

o offer a subscription-based delivery service and to shed light on

he extent to which such a commitment can be a double-edged

word for them – a boon for marketing departments, a headache

or operations managers. 

We joined forces with a large omnichannel grocery retailer,

hich allows customers to either order online and pick-up-in-store

or free, or have their goods delivered to their door for a fee. This

ome delivery service can be paid for either per-usage or via sub-

cription – a set-up which enables us to explore how consumers

lter their ordering behavior and delivery preferences once they be-

ome subscription customers. 

The data we were given bears relation only to online sales,

ncompassing the 265,349 transactions of 36,792 customers, dat-

ng from October 2016 to September 2017. The retailer assigns a

nique identifier to each customer, enabling us to access each in-
alue of Subscription Models for Online Grocery Retail, European 
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1 For the sake of caution, the results only apply to the online channel of a retailer, 

rather than to the retailer as a whole. In particular, our results can be generalized 

to two situations, one in which a grocery retailer only operates online (such as 

Instacart, Ocado), and one in which an omni-channel retailer analyses channels in 

isolation. 
dividual’s order history. For each transaction, we note (i) whether

or not the customer availed themselves of the subscription service,

(ii) what products their basket was made up of, (iii) their chosen

delivery option (home delivery or pick-up in store) and (iv) (in

cases where they chose home delivery) in which time slot they

opted to receive their goods at home. The latter probably merits

some explanation: it is common for online grocers to offer only

a few delivery slots to their customers ( Agatz, Campbell, Fleis-

chmann, & Savelsbergh, 2011 ). However, in our research context,

customers are offered hundreds of delivery slots that depend on

many attributes (slot width, time of day, proximity to delivery, and

cost). This particularity enables us to study the changes in delivery

preferences of customers who adhered to the subscription-based

delivery service. 

To disentangle the effect of having a subscription from other

possible explanations, we make use of a combined matching and

difference-in-differences (DID) approach. To be more precise, we

observe whether a customer signs up for the delivery service

(treated customers) or not (control customers) and we go on to

compare the treated customers’ outcomes with those of the con-

trols. The DID approach requires us to observe both treated and

control customers prior to and after treatment. In our setting, how-

ever, how these periods are defined for control customers is not

straightforward, since they never sign up. Our matching procedure

overcomes this issue; by successively pairing up customers with

similar characteristics until a treated customer subscribes, we not

only end up with a clean setting that can be used for the DID

procedure, but we also address concerns related to possible self-

selection problems. That is, one might expect that treated cus-

tomers are naturally more attached to the online service before

signing up than the control group are. Additionally, any remain-

ing endogeneity concerns– which may arise due to unobservable

factors– are taken care of by running a sensitivity analysis similar

to Rosenbaum (2010) . 

Our objective is to analyze the effect of having a subscription

on consumers’ online ordering behavior, most often monitored by

marketing and/or sales departments, and delivery preferences, nor-

mally the preserve of the operations department. 

We find that customers who subscribe end up spending 107 €
more per month and order 1.56 times more often online: numbers

that marketing and sales can be pleased with. However, there is

also a decrease in products purchased per order: customers reduce

the variety of products in their basket by 6 items, buy a total of 13

fewer products, and spend 23 € less per order . 

From an operational perspective, however, this overall in-

crease in activity is not without its drawbacks. Subscription cus-

tomers become more reliant upon the labor- (and cost-) inten-

sive home delivery option rather than opting to pick up their gro-

ceries in the store. On top of this, home delivery customers’ ser-

vice requirements are raised: these customers (i) demand their

products slightly sooner (ii) choose delivery times more conve-

nient for themselves (which tend to be outside “regular” busi-

ness hours), (iii) prefer narrower delivery windows and, finally,

(iv) select delivery slots which are pricier under the pay-per-usage

scheme (making it harder for the company to calculate slot pricing

accurately). 

As subscriptions have positive repercussions for marketing de-

partments (i.e., increased monthly spend and purchase frequency),

but a negative impact on operational performance (i.e., increased

operational costs), we aim to discover whether customers who

subscribe are more profitable. We find that, on average, they are

not. 

This being the case, why not restrict access to the subscription

to only a limited pool of customers? Based on this idea, we go

on to develop an algorithm that is able to select which customer

should buy into the plan. In particular, the algorithm learns from
Please cite this article as: L. Wagner, C. Pinto and P. Amorim, On the V
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nly the first purchase incidence of customers in the dataset to

redict the incremental gain in profit post-subscription. The out of

ample estimates suggest that such a strategy could improve the

etailer’s profit by an average of 23 € per customer. 

As an extension to our paper, we also study how the addition

f a minimum purchase threshold affects customer behavior. In

articular, we are interested in the company’s decision, made dur-

ng the period of analysis, to gradually roll out a model wherein

ree delivery was contingent upon a minimum spend (in this case

5 €). 
The gradual roll-out of this policy, along with the price and du-

ation of the subscription remaining the same, was to our bene-

t, as it allowed us to isolate the effect of the price threshold on

onsumer ordering patterns. In line with intuition, we find that

onsumers using a contingent subscription model, rather than an

nlimited one, tend to purchase more products and spend more

oney whenever they go shopping online. However, purchase fre-

uency and monthly spending are unchanged (insignificant re-

ults). Furthermore, our findings suggest that customers subject to

 contingent model are more vulnerable to cross-selling than to

pselling or pantry loading. 

These findings can assist grocery retailers in deciding to what

xtent subscription plans harm the business performance of their

nline channel. 1 

The remainder of this paper is organized as follows: In

ection 2 , we review the literature on shipping pricing models.

n Section 3 , we define the research hypothesis and conceptual

odel. Section 4 describes the institutional setup and the data

sed. Section 5 describes the empirical setting and identification

trategy. The impact of signing-up for subscription-based delivery

ervices in ordering behavior, delivery preferences and profit is

resented in Section 6 . In Section 7 , we evaluate the impact of sub-

criptions on retailers’ profit on the online channel. In Section 8 ,

e describe the algorithm developed to determine whether a sub-

cription should be advertised to customers. In Section 9 , we com-

are subscription models with and without a threshold (contingent

s. unlimited). The paper concludes in Section 10 . 

. Literature review 

In this paper, we study how subscribing to delivery services

mpacts customer behavior, both at the marketing and opera-

ional level. Traditionally, ancillary services such as delivery were

anaged as cost centers, (i.e., with the goal being to minimize

ost) ( Sainathan, 2018 ). Shipping directly to clients changed this

remise: delivering quickly and reliably increases trust, which has

ositive repercussions on demand, and is especially important in

arkets with fierce competition and slim margins (e.g., grocery

etail) ( Mackert, 2019 ). To this day, there is still no established

best” delivery policy, with different players in the online retail

ndustry presenting a variety of shipping policies to their clients.

hile some retailers ship goods at no extra charge (e.g., Zap-

os), others do so only if customers have ordered a minimum

mount (e.g., Amazon delivers orders above $25 for free, while

harging $9.99 for orders below that value), and some charge cus-

omers every time they want products shipped to their home (e.g.,

almart). 

Not surprisingly, authors have been keen to explore how cus-

omer purchase behaviour alters as a response to changes in ship-

ing structures. Lantz and Hjort (2013) conduct a randomised ex-
alue of Subscription Models for Online Grocery Retail, European 
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eriment at an online fashion and beauty retailer and find that a

enient shipping policy can increase a consumers’ order frequency

hile bringing down how much they spend per session. Similar

onclusions have been drawn in the online grocery context: re-

uced shipping fees are associated with increased purchase fre-

uency, but such a policy is likely unprofitable when said reduction

s taken into account ( Lewis, 2006 ). 

Authors have also explored alternatives to these (linear priced)

hipping policies, namely the introduction of a (non-linear) order

hreshold above which customers receive their products at home

ithout paying shipping charges. Estimating a model in which

onsumers can choose how to allocate their spending over dif-

erent product categories, the authors find that the presence of a

ontingent threshold increases basket sizes while encouraging con-

umers to meet the minimum order threshold, a result which is

choed by ( Cachon, Gallino, & Xu, 2018 ). While these papers pro-

ide evidence that shipping policies indeed alter consumers’ order

ehavior, they do not account for the influence of shipping poli-

ies on operational aspects, such as the delivery option and slot

election choices. In contrast to the above-mentioned papers we do

o in settings where which shipping policy is applied depends on

onsumers signing up for a subscription. To the best of our knowl-

dge, the only research investigating the impact of the subscrip-

ion of delivery services on consumer behavior is Belavina, Giro-

ra, and Kabra (2016) . The authors compare the pay per-order ship-

ing fee with a subscription-based delivery service using a styl-

zed model and find that subscriptions promote more frequent pur-

hases, smaller basket sizes, and higher overall retailer revenue.

hile the authors focus on the environmental consequences of

uch subscription model, they do not analyse the delivery prefer-

nce choices as we do. 

When implementing subscriptions, companies expect to change

onsumption patterns towards an increase in demand. However,

hese changes can have unintended operational consequences. Us-

ng a queueing model, Cachon and Feldman (2011) show that sub-

criptions lead to less control over system usage than a per-order

ricing scheme, although being more effective as a source of rev-

nue. This increase in congestion is easily observed in gyms, for

nstance, where high usage levels decrease customer satisfaction

since they are not longer able to take full advantage of the ser-

ice they paid for). Such facts are corroborated by the research

n Gourville and Soman (2002) , who also acknowledge that man-

gers commonly oversee the impact on consumption when setting

ricing policies. In online grocery retail, although customers can-

ot visualize the increase in congestion, they can still feel its ef-

ects: if the increase in congestion makes the retailer run closer

o capacity, the probability of failures increases and, consequently,

ustomer frustration. In contrast to these papers, we focus on

perational aspects overlooked in the literature: we empirically

easure changes in delivery slot preference and their impact on

etailers. 

To the best of our knowledge, this is the first paper that con-

ects marketing strategy and operational costs in online subscrip-

ions of free deliveries. Moreover, we show that, on average, cus-

omers who subscribe to the free delivery service are less prof-

table than those that pay per usage. Finally, we build an algo-

ithm which enables the retailer to increase profits by advertising

he subscription service to a selected group of customers. 

. Research hypothesis and conceptual model 

We study whether subscribing to a delivery service alters con-

umer interaction with a retailer. In particular, we are interested

n understanding the changes in consumer ordering behavior and

elivery preferences on the online channel. 
Please cite this article as: L. Wagner, C. Pinto and P. Amorim, On the V
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.1. Impact of subscription on ordering behavior 

When customers sign up for a subscription plan, they pay a

ne-time fee in advance that allows them to use a company’s de-

ivery services without restrictions for a limited period. That is, no

er-usage fee is required. Offering such a pricing scheme for ancil-

ary services may change consumers’ demand for the goods they

rder. We theorize that two factors drive the alterations in con-

umer ordering behavior when signing up for a delivery service:

he subscription fee paid in advance and the non-existing per us-

ge fee during the subscription period. 

This subscription fee having been paid might trigger what is

alled a sunk cost effect: in an effort to recover the money spent,

ustomers use the product or service more often than those who

o not have it ( Thaler, 1980 ). We thus expect subscription cus-

omers to be less willing to switch channels or shop around once

hey have signed up. Therefore, such customers should become

ore loyal to the online channel (channel-specific loyalty as op-

osed to retailer-specific loyalty) and spend more there. This effect

as previously described in Lantz and Hjort (2013) . 

After signing up to the delivery service, consumers no longer

ave to pay for individual deliveries. Inventory models have, for a

ong time, captured the fundamental trade-offs between quantity

nd amount spent when consumers make an order choice. Accord-

ng to the well-established Economic Order Quantity (EOQ) frame-

ork ( Harris, 1913 ), consumers tend to purchase less frequently

ut purchase more goods in one session as the per-usage price in-

reases. By this rationale, subscription customers would purchase

ore frequently and buy fewer items per-session. This is in accor-

ance with the existing literature on shipping fees described above

 Belavina et al., 2016; Lewis, 2006 ). 

Such an effect is also confirmed in the purchasing behavior un-

er uncertainty literature. When shopping for future consumption,

ustomers need to account for the products they will want to use,

.e., for their future preferences. The longer the time gap between

urchase and use, the higher the uncertainty regarding future pref-

rences, and the higher the variety of items purchased. Conversely,

f the period between two sequential orders is shorter, customers

ill order less ( Guo, 2010; Simonson, 1990 ). Thus, customers that

uy more often should buy fewer items per purchase, thus also

pending less per transaction . 

ypothesis 1 (Ordering behavior) . Subscription customers 

(i) spend more online (per month), 

(ii) buy more frequently online, 

(iii) buy fewer items per online purchase (decrease assortment

size and basket size), 

(iv) spend less per online purchase. 

.2. Impact of subscription on delivery preferences 

Customers signing up for a delivery subscription service may

hange not only how they purchase products, but also their expec-

ations regarding the service itself. We focus on two main compo-

ents of delivery preferences, (i) the choice of delivery option ( i.e. ,

ome delivery versus picking up in store), and (ii) delivery slot se-

ection, in the case of home delivery customers. 

elivery method. Upon finalizing an order, customers have to

hoose their preferred delivery method: home delivery or pick-up-

n-store. While the latter option is commonly free, the former re-

ults in an extra cost for the customer, which may put off cus-

omers in selecting this option. 

Delivering products directly to customers leads to superior cus-

omer service ( Campbell & Savelsbergh, 2006 ), and customers are

ost likely willing to pay for the extra convenience ( Agatz, Camp-

ell, Fleischmann, & Savels, 2008 ). This service is especially useful
alue of Subscription Models for Online Grocery Retail, European 

1 

https://doi.org/10.1016/j.ejor.2020.05.011


4 L. Wagner, C. Pinto and P. Amorim / European Journal of Operational Research xxx (xxxx) xxx 

ARTICLE IN PRESS 

JID: EOR [m5G; June 7, 2020;15:17 ] 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

o  

t

 

t  

w  

t  

c  

l  

t  

t  

c

D  

o  

E  

t  

a  

d  

t  

c  

s  

b  

e

 

w

 

t  

k  

e  

t

 

 

 

 

 

 

i  

i  

t  

w  

i

2 In order to accommodate all existing (online) demand, our partner decided to 

oversize the delivery slots, which led to low delivery slot stock-out rates - only 1% 

of the delivery windows were unavailable at order checkout during the time of our 

study. Instead of paying the slot price every time a customer chooses the home- 

delivery option, she can decide to pay a one time subscription fee of 26.90 € which 

qualifies her for free home-delivery for the next 100 days. Given that the average 

delivery slot cost is 5.90 €, such a subscription can be considered “paid off” after just 

five deli veries. These subscription plans were advertised to everyone who visited 

the retailer’s website. 3 

3 In our data set, the subscription plan is identifiable via an additional SKU (with 

a unique SKU number) only at the time the customer subscribed (as opposed to a 

flag throughout the entire observation period). 
4 To calculate the outcome variable frequency, we count orders placed from the 

start of the data set to the treatment time, as well as from treatment time to the 

end of our data set, which gives us the number of purchases prior to and after 

treatment. We then divide this variable by the number of months that were used 

to calculate the total number of purchases. To give an example, suppose a customer 

subscribed on Jan 26, 2017 but had already placed 17 orders between Oct 1, 2016 

and that date. In that case Frequency = 17/3.847 = 4.42 orders/month. The Monthly 

Spending variable was calculated in a similar way, replacing the number of pur- 

chases with the total money spent. 
for people that cannot go shopping by themselves, due to, for in-

stance, physical disabilities, lack of access to transportation or a

busy lifestyle, as well as for people who prefer the convenience

of receiving the products they need at home ( Agatz et al., 2008;

Klein, Neugebauer, Ratkovitch, & Steinhardt, 2017 ). However, if an

alternative free-of-charge option is offered (in this case, pick-up-in-

store), customers might prefer not to pay the extra cost. We argue,

therefore, that waiving the delivery cost will increase the number

of customers choosing the home delivery option. 

Hypothesis 2 (Delivery method) . Subscription customers are more

likely to rely upon the “home delivery” option, as opposed to that

of “order online and pick-up-in-store” when ordering online. 

Delivery slot selection. Minimizing expected delivery costs is im-

portant for online grocery retailers. Offering an efficient last-mile

delivery is, thus, fundamental in controlling both their costs and

customer satisfaction ( Agatz et al., 2011; Yang, Strauss, Currie, &

Eglese, 2014 ). One way to achieve such a goal is to offer a menu of

time-slots, so that customers self-select the one that fits their pref-

erences and keeps costs down (convenience- price trade off) ( Yang

et al., 2014 ). Our partner offers a wide selection of slots character-

ized by three features: the delivery slot width , time of day in which

the groceries are expected to arrive, and the time between order

and delivery ( proximity ). Naturally, one would expect that the re-

tailer’s delivery cost is lower for slots that are (i) wider (i.e., allow-

ing the retailer to deliver at any time during the day), (ii) during

regular working hours (avoiding payment of night shifts) and (iii)

later (giving the retailer more planning flexibility). This is in con-

trast to what is most convenient for many customers. For instance,

while the retailer is better off when wider slots are selected, nar-

rower slots provide a higher service level to the customer ( Agatz

et al., 2008 ). To incentivize consumers to make choices which are

less convenient for them, our retail partner offers delivery slots for

different prices. Customers who want to reduce the amount they

spend on deliveries, may act organize their deliveries well in ad-

vance. Such behavior has been documented in the air-travel in-

dustry, where customers delay a purchase until the last minute to

benefit from possible discount prices ( Li, Granados, & Netessine,

2014 ). Similarly, fashion customers might opt to buy at the end-of-

season in order to get clearance prices ( Cachon & Swinney, 2011 ).

Indulging in such strategic ordering, though, is no longer worth a

customer’s time once they have signed up for the subscription plan

as it makes a retailer’s slot pricing redundant. 

Hypothesis 3 (Delivery slot selection) . When choosing their online

delivery slot, subscription customers 

(i) select narrower delivery slots, 

(ii) request delivery slots at more “convenient” times of the day

(e.g., night times), 

(iii) select delivery slots closer to the purchase date, 

(iv) select delivery slots that are costlier. 

4. Institutional setup and data selection 

Institutional setup. To answer our research questions, we part-

nered with a large omnichannel grocery retailer who not only op-

erate brick-and-mortar stores, but also sell their products online.

The focal company is the number one provider of groceries in the

country. They have 567 stores and sell roughly 35 thousand SKUs

per day via their brick-and-mortar stores, and also sell these same

products online. Specifically, the retailer offers all items one would

expect to find in a supermarket, such as fresh food, groceries,

home appliances and hygiene articles via their online channel–a

setting which is fairly standard for multi-channel grocery retailers.

Even though the retailer operates multiple channels, in the absence
Please cite this article as: L. Wagner, C. Pinto and P. Amorim, On the V
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f offline channel data, we exclusively focus on the online side of

he business. 

Each online order comprises a few steps: first, customers add

he desired items to their cart, then they decide whether they

ant to pick the goods up (free of charge) or want them delivered

o their home (at an extra cost). If the latter option is selected,

ustomers have to choose their preferred delivery window from a

ist of available slots. They can choose from a variety of delivery

ime slots, which are of varying length and available at different

imes of day and on different days of the week, with each of these

haracteristics playing a part in the slots’ total price. 2 

ata. The retailer shared with us transaction-level online-channel-

nly information dated between October 2016 and September 2017.

ach customer was assigned a unique key, which allowed us to put

ogether a customer purchase trajectory. The individual-level trans-

ction data provided by our partner included customer-related

ata (customer ID), order-related data (SKU ID, ID of Subscrip-

ion plan, quantity of each SKU requested, unit price of SKU, dis-

ount applied), and shipping and delivery-related data (delivery

lot width, delivery slot time, shipping cost, delivery method, time

etween order and delivery). From the transaction-level data, we

xtracted and constructed the following variables: 

Customer subscription: At each point in time, we observe

hether a customer paid for a subscription. 3 

Customer ordering behavior: Our information on each purchase

ransaction encompasses the check-out time stamp, the stock-

eeping unit (SKU), requested quantity per SKU, unit price and

ventual discount applied, which are then used to derive variables

hat help us better understand customers’ ordering behavior . 

• Monthly spend ( € /month) : total amount spent by each customer

over a given period of time. 
• Frequency (purchases/month) : number of times a customer pur-

chased over a given period of time. 4 

• Assortment size (units/purchase) : total number of different prod-

ucts purchased by each customer per purchase transaction. 
• Basket size (units/purchase) : total number of products purchased

by each customer per purchase transaction. 
• Basket value ( € /purchase) : total amount spent by each customer

per purchase transaction. 

Delivery preference: Our data on each customer transaction also

ncludes information about the delivery choices they made. Specif-

cally, we know the delivery method (whether it was delivered to

heir home address or purchased online and picked up in store), as

ell as characteristics inherent to the delivery slot of choice. This

nformation is the basis of our delivery preference variables. 
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Table 1 

Summary statistics 

Level Variable Mean Std.Dev. Min Max Observations 

Customers Number of orders (units) 7.21 7.32 2 215 36,792 

Home delivery (units) 6.27 7.21 0 213 36,792 

Purchase Assortment size (units) 31.67 20.51 1 300 265,349 

Basket size (units) 60.34 55.93 0.45 2,373.00 265,349 

Basket value ( €) 116.99 100.30 0.00 7,869.35 265,349 

Home 

Delivery 

Orders 

Slot Width 

Small (units) 6.22 6.93 0 186 32,406 

Medium (units) 0.06 0.37 0 25 32,406 

Large (units) 0.83 2.25 0 76 32,406 

Slot Time of Day (units) 

Morning 0.51 2.30 0 118 32,406 

Lunchtime 0.38 1.56 0 77 32,406 

Afternoon 1.30 3.07 0 72 32,406 

Night 1.36 3.31 0 70 32,406 

Flexible 0.25 1.46 0 76 32,406 

Delivery time (days) 1.85 1.33 0.00 29.00 32,406 

Delivery cost ( €) 5.56 1.69 0.00 14.90 32,406 

Note: In home delivery orders the number of observations consists of all customers who choose the option “home delivery” at least once. The table provides the summary 

statistics for all customers over the entire observational window. 
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• Home delivery (%) : number of times customer requested home

delivery over total number of times a customer purchased

goods at the retailer in a given period of time. 
• Slot width (%) : number of times a particular slot

(small/medium/large) is chosen over total number of times

a customer requested products be delivered to their home in a

given period of time. 
• Time of day (%) : number of times a particular delivery time

period (morning/lunchtime/afternoon/night/flexible) is chosen 

over total number of times a customer requested products be

delivered to their home in a given period of time. 
• Proximity (days) : the time between order and requested deliv-

ery for each purchase transaction. 
• Slot cost ( €) : price of the delivery slot selected by each cus-

tomer. 

ample selection. Three main requirements guide our data selec-

ion procedure: 

1. The subscription customers we observed purchased online

at least once before and once after the acquisition of their

membership, and we remove the observations at the exact

time of sign-up. 

2. No customer received a delivery for free prior to subscribing.

3. Only the first observed subscription period was taken into

account, and we removed all observations taking place after

the 100 days was completed. 

Criteria 1 ensures that we only include those subscription cus-

omers whose pre-subscription and post-subscription time period

an be properly identified. 

Criteria 2 guarantees that no customer in the retained subset

igned up for the delivery service prior to the start of our data set,

nd also that no one received a one-time free delivery promotion.

his helps us ascertain that the only reason for free home delivery

as because a customer subscribed during the observation period. 5 

Criteria 3 ensures that each customer is represented only once
6 
n our retained subset. 

5 Because the retailer only kept track of the purchase date of subscriptions, we 

re unable to tell whether a customer purchase incidence with free delivery was 

ue to a) the customer having purchased a subscription prior to the start of the 

ata set but within the eligible 100 days period, or b) her having received a one 

ime promotion. In either case, we should discard these customers. 
6 Some customers seemed to have renewed their subscription plan once it ran 

ut. If we had decided to remove this criterion, we would still have needed to dis- 
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Our final sample comprises 36,792 customers and 265,349 pur-

hase transactions. 32,406 of these customers chose the home de-

ivery option at least once. The summary statistics of the most rel-

vant parameters for all customers over the entire observational

indow is depicted in Table 1 . 

. Empirical method 

We aim to understand how signing up to a subscription ser-

ice shapes both customer ordering behavior and delivery prefer-

nces. There are, however, some econometric challenges to over-

ome. Namely, customers who start a subscription might, prior to

oing so, exhibit different behaviors to those who choose not to

ubscribe. Empirically, we approach this endogeneity concern with

 combined matching and difference-in-differences setup similar to

ell, Gallino, and Moreno (0 0 0 0) ; Calvo, Cui, and Wagner (0 0 0 0) ;

i, Propert, and Rosenbaum (2001) . 

.1. Matching 

The goal of the matching procedure is to find customers

ho have very similar observable characteristics prior to decid-

ng whether or not to subscribe to the delivery service. We split

hese customers into two groups: those who subscribe ( treated ),

nd those who never do ( control ). A successful matching removes

ny systematic differences between these two groups prior to the

ecision to subscribe ( the treatment event ). Subsequently, we de-

ote with t the first time a customer subscribes to the delivery ser-

ice. Each potential candidate and the respective treated customer

an then be classified according to the frequency of their purchases,

verage basket size , average basket value , percentage of home de-

ivery option chosen and average delivery slot costs prior to time

 . We form pairs ( p ) consisting of one treated customer and their

ontrol counterpart, who have to have (i) purchased at least once

rior to t and at least once after t , (ii) purchased exactly as often

s the treated customer and (iii) been the closest in terms of the

emaining characteristics (average basket size , average basket value ,

ercentage of home delivery and average delivery slot cost 7 ) using
ard all of those who had not purchased under the per-usage scheme at least once 

rior to subscribing a second or third time. 
7 Neither the average assortment size nor monthly spend has been used as a 

atching variable, because they are highly co-linear with basket size and basket 

alue, respectively. 
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Table 2 

Summary statistics - Control and Treatment groups after matching. 

Variable Treatment group Control group Observations Std. Mean differences (smd) 

Mean Std.Dev Mean Std.Dev 

Monthly spend ∗ ( €) 125.891 135.528 125.632 138.522 2,700 0.002 

Frequency (times) 1.188 1.123 1.188 1.123 2,700 0 

Average assortment size ∗ (units) 33.716 17.020 32.643 17.589 2,700 0.062 

Average basket size (units) 56.404 33.609 56.550 33.124 2,700 0.004 

Average basket value ( €) 111.748 65.735 111.343 65.163 2,700 0.006 

Home delivery (percent) 92.028 25.674 91.991 25.795 2,700 0.001 

Average slot cost ( €) 5.250 1.946 5.520 1.734 2,700 0.146 

Note: The table presents the observable variables used in our matching procedure to obtain the closest pairs prior to the treatment event. The delivery slot cost for pick- 

up-in-store transactions are defined as zero. The standard mean differences are pooled and presented in absolute values. ∗We additionally display the summary statistic of 

monthly spend and assortment size , even though these variables are not explicitly used as a matching variable. 

Table 3 

Summary statistics - Treatment group prior to and after matching. 

Variable Overall Treatment group Treatment group 

Mean Std.Dev Observations Mean Std.Dev Observations 

Monthly spend ∗ ( €) 166.037 177.926 3,604 125.891 135.528 2,700 

Frequency (times) 1.652 1.534 3,604 1.188 1.123 2,700 

Average assortment size ∗ (units) 32.652 16.383 3,604 33.716 17.020 2,700 

Average basket size (units) 54.977 35.429 3,604 56.404 33.609 2,700 

Average basket value ( €) 110.144 70.970 3,604 111.748 65.735 2,700 

Home delivery (percent) 93.902 22.620 3,604 92.028 25.674 2,700 

Average slot cost ( €) 4.289 2.448 3,604 5.250 1.946 2,700 

Note: The table presents the observable variables used in our matching procedure to obtain the closest pairs prior to the treatment event. The Overall Treatment group 

consists of all subscription customers prior to matching, while the Treatment group consists of the subsample used in the analysis later. The delivery slot cost for pick-up- 

in-store transactions are defined as zero. ∗We additionally display the summary statistic of monthly spend and assortment size , even though these variables are not explicitly 

used as a matching variable. 
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the Mahalanobis distance. 8 This matching procedure has the addi-

tional advantage of assigning clear pre- and post treatment peri-

ods to each control customer, an issue which is, in the absence of

such matching, not straightforward, since these customers never

sign up. Ties are broken at random. Also, we ensure that control

customers are selected without replacement to allow for sufficient

variability. 

While the matching procedure identifies the closest pairs, they

can still be arbitrarily distant. We thus successively reduce the

caliper until the sample is balanced in terms of their average pre-

treatment outcome variables. 9 Table 3 shows the descriptive statis-

tics of the matched samples. One can see that the mean differences

are less than 0.2 standard deviations away, confirming that the

matched pairs are balanced –a requirement established by Cochran

(1968) and Imai, King, and Stuart (2008) . This procedure results in

the selection of 5,400 customers, or 2,700 pairs. In Fig. 4 (cf. Ap-

pendix), we additionally plot the distribution of several outcome

variables prior to and after treatment for both groups, to reinforce

that these groups are similar not only based on their averages but

also in terms of their distribution. 

Another valid concern is whether the treatment sub-sample

used in our further analysis represents the overall treatment group.

Table 3 illustrates just this. Assortment size, basket size, bas-

ket value and home delivery percentage are fairly similar among

these two groups. There is, however, a stark difference in fre-

quency and monthly spend: The overall treatment group purchased

more frequently than the subsample used for our study, an ob-

servation which is likely rooted in the fact that no control mem-

ber could be located who purchased the same number of times

prior to treatment. A similar argument can be made with respect

to monthly spend. We argue that this observation just confirms

that the matching procedure successfully removed customers who

would have biased our results. 
8 This approach was also followed in Li et al. (2001) and Calvo et al. (0 0 0 0) , 

which deal with a similar problem. 
9 The specific caliper is 2.83. 
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.2. Difference-in-differences 

To study the impact of subscription on consumer behavior, we

mplemented a difference-in-differences (DID) method. For each

ustomer i = { 1 , . . . , C} in pair p = { 1 , . . . , C/ 2 } , we observe a vec-

or of purchase transactions which have either taken place prior to

r after treatment time t . We let T REAT p,i = 1 if a customer i in

air p belongs to the treated group, and zero otherwise. Similarly,

F T ER t = 1 is a dummy variable which indicates whether a pur-

hase transaction has occurred after the treatment time t . Once a

ubscription is purchased, it is valid for 100 days. We consequently

emove any purchase transaction that falls outside of this time pe-

iod. 10 Our goal is to identify the impact of the explanatory vari-

ble (subscription) on consumer behavior outcomes, OUTCOME p , i , t 
ith the following specification: 

UTCOME p,i,t = α TREAT p,i + β AFTER p,t 

+ γ TREAT p,i × AFTER p,t + λp + εp,i,t . (1)

he causal variable of interest, TREAT p , i × AFTER p , t , indicates

hether a treated customer purchased products while being

igned up for a subscription plan, and εp , i , t is the residual factor.

ur regressions include fixed effects at a pair ( λp ) level. Note that

e omit time varying fixed effects for our base model because our

ata set does not have a panel data structure, but is rather defined

n a per- purchase transaction level. We do, however, show that

ll our results are robust when including time fixed effects. 

Moreover, we run our estimates using cluster standard errors

n a pair level to account for possible correlations among pairs

ver time. Finally, the dependent variable, OUTCOME p , i , t , takes into

ccount a variety of consumer ordering behavior (frequency, assort-

ent size, basket size, basket value, monthly spend) and delivery

reference (home delivery, slot width, time of day, proximity, slot

ost), variables previously specified in detail in Section 4 . 
10 We only look at observations that fall within the minimum of t + 100 days and 

he end of the data period, so effectively the observation time after treatment can 

nd before 100 days. 
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Fig. 1. Outcome variables over purchase trajectory 

Table 4 

The effect of subscription on consumer ordering behavior 

Dependent variable 

Monthly spend Frequency Assortment size Basket size Basket value 

( € /month) (purchases/month) (units/purchase) (units/purchase) ( € /purchase) 

TREAT 0.26 0.00 0.44 - 0.15 0.82 

(0.65) (0.02) (0.39) (0.48) (0.62) 

AFTER - 14.10 ∗∗∗ - 0.21 ∗∗∗ 0.62 ∗∗ 2.68 ∗∗∗ 5.61 ∗∗∗

(2.93) (0.02) (0.24) (0.45) (0.86) 

TREAT × AFTER 107.00 ∗∗∗ 1.56 ∗∗∗ - 5.55 ∗∗∗ - 12.77 ∗∗∗ - 23.44 ∗∗∗

(3.51) (0.04) (0.37) (0.68) (1.22) 

TREAT × AFTER 

(%) 

85.02% 131.6% −16 . 86% - 23.01% −21 . 28% 

(78.29,92.31) (123.4,138.6) ( - 18.25, - 15.36) ( - 24.52, - 21.23) ( - 22.88, - 19.70) 

Time-invariant FE Pair Pair Pair Pair Pair 

Time FE None None None None None 

Number of customers 5,400 5,400 5,400 5,400 5,400 

Observations 10,800 10,800 49,291 49,291 49,291 

R 2 0.68 0.65 0.46 0.59 0.59 

Note: The table reports the estimated coefficient values and standard errors (in parentheses) of Eq. (1) for monthly spend , frequency , assortment size , basket size and basket 

value . The first two regressions make use of a two period (prior and after) difference-in-difference models, where the average is calculated as variable/period length (i.e., each 

customer represents two observations), while the unit of analysis for assortment size, basket size and basket value is a purchase. We cluster standard errors at a pair level 

for the models assortment size , basket size and basket value . The percentage changes are included with non-parametric bootstrapped 95% confidence intervals (in parentheses) 

based on 500 random draws. Significance levels: 10% ( ∗), 5% ( ∗∗), and 1% ( ∗∗∗). 
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Analysis of pre-treatment trends. . Although we matched cus-

omers to construct a balanced subsample of pairs, the DID frame-

ork additionally requires that treated and control groups exhibit

imilar trends prior to treatment. Fig. 1 not only illustrates this but

lso provides a glimpse of what will be rigorously tested later on:

fter subscription customer sign up their ordering behaviour and

elivery preferences change. 11 
11 We additionally test the parallel trend assumption with an alternative specifi- 

ation similar to Autor (2003) in Section 6.3 . 
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. Estimation results 

In this section, we outline the results of our hypotheses regard-

ng the treatment and moderating effects on the outcome vari-

bles. 

.1. Impact of subscriptions on ordering behavior 

ain results. Table 4 shows the estimated impact of subscription

ervice membership on consumer ordering behavior, which en-

ompasses the following: frequency, assortment size, basket size,
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Table 5 

The effect of subscription on consumer delivery option 

Dependent variable 

home delivery (%) 

TREAT 0.04 

(0.39) 

AFTER - 0.60 

(0.39) 

TREAT × AFTER 8.04 ∗∗∗

(0.55) 

Time-invariant FE Pair 

Time FE None 

Number of customers 5,400 

Observations 10,800 

R 2 0.72 

Note: The table reports the estimated coefficient values and standard errors (in parentheses) 

of Eq. (1) for home delivery in percent. 

Table 6 

The effect of subscription on consumer delivery slot selection 

Hyp. 3(i) Hyp. 3(ii) Hyp. 3(iii) Hyp. 3(iv) 

Width Time of day Proximity Cost 

Small Medium Large Morning Lunchtime Afternoon Night Flexible Proximity Cost 

(%) (%) (%) (%) (%) (%) (%) (%) (days) ( €) 

TREAT 1.08 0.10 - 1.17 ∗ - 1.31 ∗ - 1.63 ∗∗ - 1.17 6.41 ∗∗∗ - 2.30 ∗∗∗ - 0.07 ∗ 0.20 ∗∗∗

(0.67) (0.19) (0.65) (0.71) (0.70) (0.94) (0.97) (0.50) (0.04) (0.02) 

AFTER - 1.66 ∗∗ 0.92 ∗∗∗ 0.74 - 0.96 1.27 ∗ - 0.89 0.91 - 0.33 - 0.01 0.08 ∗∗∗

(0.67) (0.19) (0.66) (0.71) (0.71) (0.95) (0.97) (0.50) (0.03) (0.01) 

TREAT × AFTER 10.00 ∗∗∗ - 0.56 ∗∗ - 9.43 ∗∗∗ 6.02 ∗∗∗ - 4.91 ∗∗∗ - 3.01 ∗∗ 5.67 ∗∗∗ - 3.77 ∗∗∗ - 0.07 ∗ 0.20 ∗∗∗

(0.94) (0.27) (0.92) (1.00) (0.99) (1.34) (1.37) (0.71) (0.04) (0.02) 

TREAT × AFTER 

(%) 

- 4.03% 3.14% 

( - 7.47, - 0.52) (2.61,3.61) 

Time-invariant FE Pair Pair Pair Pair Pair Pair Pair Pair Pair Pair 

Time FE None None None None None None None None None None 

Number of customers 5,096 5,096 5,096 5,096 5,096 5,096 5,096 5,096 5,096 5,096 

Observations 10,099 10,099 10,099 10,099 10,099 10,099 10,099 10,099 45,284 45,284 

R 2 0.42 0.43 0.40 0.35 0.33 0.35 0.42 0.40 0.23 0.41 

Note: The table reports the estimated coefficient values and standard errors (in parentheses) of Hypothesis 3 - delivery slot selection for delivery slot length , time of day , 

proximity and cost . Hypothesis 3(i) Length: the outcome variables are the percentage of small , medium , and large slots selected. Small delivery slot length is defined as less 

than 3 hours, medium delivery slot length is defined as 3 to 6 hours and large delivery slot length greater 6 hours. Hypothesis 3(ii) Time of day: the outcome variables are 

the percentage of the delivery slots that were selected during the morning , lunchtime , afternoon , and night periods, as well as flexible slots, i.e. , slots that extended for more 

that one period of time (e.g., morning and lunchtime, or all day). Hypothesis 3(iii) Proximity: Standard errors are clustered on a pair basis. Hypothesis 3(iv) cost: Purchase 

online and pick-up-in store observations are removed. Standard errors are clustered at the pair level. The percentage changes for Hypothesis 3(iii) and 3 (iv) are included 

with non-parametric bootstrapped 95% confidence intervals (in parentheses) based on 500 random draws. Significance levels: 5% ( ∗), 1% ( ∗∗), and 0.1% ( ∗∗∗). 
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12 Given that time slots for home delivery are different from the time slots for 

pick-up-in-store (in the latter, the slots are wider (solely distinguishing between 

the morning and afternoon periods) and, therefore, the number of slots available is 

much lower when compared to the number of slots offered for home delivery), the 

analysis hereafter focuses only on the home deliveries. Customers that pick-up-in- 

store were removed, passing from 5,400 customers to 5,096. 
basket value and monthly spend. We find that the treatment effect

(TREAT × AFTER) is statistically significant for all ordering outcome

variables, and that, in general, customers subscribing to the deliv-

ery service substantially alter their replenishment patterns. These

customers pay out 107 € more per month on average (an increase

of 85%), shopping on average 1.56 times more often per month (an

increase in activity of 132%). However, they leave with, on average,

less 6 distinct products in their assortment (a decrease of 17%),

13 fewer products in their basket (a decrease of 23%), and spend

around 23.44 € less per session (a decrease of 21%). As for market-

ing and sales, the subscription model for delivery services does in-

deed amplify revenue in the online channel. 

6.2. Impact of subscriptions on delivery preferences 

Delivery option. Subscription customers are more prone to us-

ing the home delivery option. To be precise, they choose home de-

livery 8.04% more often than those customers who pay per delivery

(cf. Table 5 ). This shift in preferences can be costly for the retailer

as it adds more complexity to the already challenging last-mile de-

livery operation ( Agatz et al., 2011 ). 
Please cite this article as: L. Wagner, C. Pinto and P. Amorim, On the V
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elivery slot selection . 12 Having just established that subscription

ustomers use the home delivery service more frequently, we go

n to ask how their delivery time slot preferences change. Our goal

s, therefore, to understand if customers with a subscription choose

ore convenient delivery slots (width, time of day and proximity)

nd if the selected time slots are pricier under the pay-per-usage

cheme, as we expected. The answers to these questions are de-

ailed in Table 6 . 

We find that subscription customers are not as willing to grant

he retailer more time to deliver, selecting narrow slots 10% more

ften than their counterparts - a result which adds unwelcome

ressure to the retailer’s logistic efficiency (See Column (i) of

able 6 ). 

On top of this, subscription customers prefer having their gro-

eries brought to their address early in the morning or late in the

vening (night period), and are less keen to take delivery of their
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Table 7 

Outcome variables over customers’ purchase trajectory 

Dependent variable 

Assortment size Basket size Basket value Slot cost 

(units/purchase) (units/purchase) ( € /purchase) ( € /purchase) 

TREAT x 

PURCHASE −5 

0.28 - 0.10 - 1.38 0.06 

(0.96) (1.72) (2.84) (0.05) 

TREAT x 

PURCHASE −4 

- 0.25 - 0.87 - 1.37 0.14 ∗∗∗

(0.94) (1.68) (2.63) (0.05) 

TREAT x 

PURCHASE −3 

0.04 - 1.44 - 0.42 0.12 ∗∗∗

(0.92) (1.60) (2.41) (0.05) 

TREAT x 

PURCHASE −2 

0.81 0.02 - 1.23 0.10 ∗∗

(0.92) (1.58) (2.29) (0.05) 

TREAT x 

PURCHASE −1 

0.67 - 1.00 - 1.51 0.03 

(0.91) (1.52) (2.09) (0.04) 

TREAT x 

PURCHASE 1 

- 5.95 ∗∗∗ - 15.25 ∗∗∗ - 26.98 ∗∗∗ 0.25 ∗∗∗

(0.93) (1.62) (2.36) (0.05) 

TREAT x 

PURCHASE 2 

- 5.13 ∗∗∗ - 12.63 ∗∗∗ - 24.26 ∗∗∗ 0.28 ∗∗∗

(0.94) (1.62) (2.47) (0.05) 

TREAT x 

PURCHASE 3 

- 4.73 ∗∗∗ - 12.75 ∗∗∗ - 25.12 ∗∗∗ 0.24 ∗∗∗

(0.95) (1.69) (2.75) (0.05) 

TREAT x 

PURCHASE 4 

- 4.11 ∗∗∗ - 11.01 ∗∗∗ - 20.40 ∗∗∗ 0.28 ∗∗∗

(0.97) (1.79) (2.95) (0.05) 

TREAT 

xPURCHASE ≥ 5 

- 4.32 ∗∗∗ - 10.77 ∗∗∗ - 17.31 ∗∗∗ 0.26 ∗∗∗

(0.87) (1.61) (2.63) (0.05) 

Time-invariant FE Pair Pair Pair Pair 

Time-variant FE None None None None 

Number of 

customers 

5,400 5,400 5,400 5,096 

Observations 49,291 49,291 49,291 45,284 

R 2 0.46 0.59 0.59 0.42 

Note: The table reports the estimated coefficient values and standard errors (in parentheses) of Eq. (2) for assortment size , basket size , and basket value and Slot cost from 

five purchases prior to treatment to five and more purchases after treatment. Purchase dummies t −5 – t 4 are equal to one if a customer ordered t purchases prior or after 

treatment, while the Purchase dummy t ≥ 5 is one if that order was the fifth purchase or more after treatment. We suppress the standalone terms. We cluster standard errors 

at the pair level. Significance levels: 10% ( ∗), 5% ( ∗∗), and 1% ( ∗∗∗). 
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hopping at lunchtime or during the afternoon. As we can see in

olumn (ii) of Table 6 , subscription customers are 6% more likely to

equest these times than their pay-per-usage counterparts. These

ime slots (in particular the evening one), being outside “normal”

orking hours, are often more labor expensive. 

Column (iii) of the same table, meanwhile, shows that subscrip-

ion customers are also more likely to demand swift delivery. We

nd the gap between order time and required delivery time is on

verage 0.07 days, or 4%, shorter, once more requiring the retailer

o expend some effort s 13 in service of their customers. 

Finally, we conjectured that subscription customers are more

ikely to select slots for which retailers are charging the most.

his hypothesis is indeed confirmed by our findings illustrated in

able 6 Column (iv): treated customers select delivery slots which

re, on average, 0.20 € more expensive than those chosen by the

ontrol group. Although, at first glance, the magnitude of this dif-

erence seems negligible, this finding confirms a consumer ten-

ency to prefer those slots that are operationally more demand-

ng and costly. To conclude, offering subscriptions can invite cus-

omers to be far more operationally demanding than they other-

ise would be. 

.3. Robustness Checks 

In this section, we test whether our results are robust to five

ossible concerns. Firstly, we look into whether they are sensi-

ive to unobservable biases. Secondly, we rigorously test the par-

llel trend assumption to complement our graphical illustration in

igure 1 . Thirdly, we show that our results remain valid in the face

f two alternative specifications of our main model. Finally, we es-
13 While the results are significant, the magnitude may be practically not as rele- 

ant for planning purposes. 

c  

c  

W  
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imate a model which addresses the concern that outcome vari-

bles could be correlated. 

ensitivity to unobservable factors. In any quasi-experimental

etup where treatment is not perfectly random, treated groups

ay differ from controls in two ways: They are dissimilar with re-

pect to either observable or unobservable characteristics. Match-

ng treated with control customers addresses the former case,

hile the manner in which we deal with the latter issue is guided

y Rosenbaum (2010) . The author recommends performing a sen-

itivity analysis to find out how strong the unmeasured covariate

ould have to be in order to change our conclusion. This sensitiv-

ty analysis is usually done solely on the post-treatment differences

i.e., neglecting possible differences in pre-treatment periods). 

A single parameter, �, is employed to capture how much more

ikely a treated customer is to receive treatment than a control cus-

omer. For instance, if � = 1 , treated and control customers are

qually likely to receive treatment–a setting which represents a

erfect randomized experiment. By contrast, if � = 2 , treated cus-

omers could be twice as likely as controls to subscribe. Thus, low

alues of � indicate that results might be sensitive to hidden bi-

ses, while high values suggest the opposite conclusion. In sum-

ary, the sensitivity analysis for unobservable factors does not

rovide evidence that bias is actually present, rather it measures

he magnitude of hidden bias that would have to be present be-

ore it could alter our conclusions. Table 25 (cf. Appendix) shows

he result of this analysis. As we can see, even if our matching

rocedure had failed to control for unobserved characteristics, the

reated group would have to have been more than 22 times (us-

ng a p-value of 5%) more likely to buy into the subscription plan

efore we could conclude that subscription customers do not pur-

hase more frequently. In short, our results with respect to an in-

rease in frequency after subscription are robust to hidden biases.

e additionally provide the upper and lower bound of the point
alue of Subscription Models for Online Grocery Retail, European 
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Table 8 

Comparison of treatment effect between Linear and Multiplicative Models 

Dependent variable 

Model Monthly spend Frequency Assortment size Basket size Basket value 

( € /month) (purchases/month) (units/purchase) (units/purchase) ( € /purchase) 

Linear Model TREAT 0.26 0.00 0.44 - 0.15 0.82 

(0.65) (0.02) (0.39) (0.48) (0.62) 

AFTER - 14.10 ∗∗∗ - 0.21 ∗∗∗ 0.62 ∗∗ 2.68 ∗∗∗ 5.61 ∗∗∗

(2.93) (0.02) (0.24) (0.45) (0.86) 

TREAT × AFTER 107.00 ∗∗∗ 1.56 ∗∗∗ - 5.55 ∗∗∗ - 12.77 ∗∗∗ - 23.44 ∗∗∗

(3.51) (0.04) (0.37) (0.68) (1.22) 

TREAT × AFTER 

(%) 

85.02% 131.6% −16 . 86% - 23.01% −21 . 28% 

(78.29,92.31) (123.4,138.6) ( - 18.25, - 15.36) ( - 24.52, - 21.23) ( - 22.88, - 19.70) 

R 2 0.68 0.65 0.46 0.59 0.59 

Log Model TREAT 0.005 0.00 0.04 ∗∗∗ - 0.01 - 0.01 

(0.02) (0.02) (0.01) (0.01) (0.02) 

AFTER - 0.02 - 0.06 ∗∗∗ 0.02 ∗∗ 0.04 ∗∗∗ 0.05 ∗∗

(0.02) (0.02) (0.01) (0.01) (0.02) 

TREAT × AFTER 0.89 ∗∗∗ 1.06 ∗∗∗ - 0.19 ∗∗∗ - 0.25 ∗∗∗ - 0.34 ∗∗∗

(0.03) (0.02) (0.01) (0.01) (0.03) 

TREAT × AFTER 

(%) 

142.29% 189.85% −17 . 1% - 22.29% −29 . 07% 

(130.23,155.51) (175.52,205.83) ( - 19.05, - 15.27) ( - 23.93, - 20.72) ( - 31.75, - 26.40) 

R 2 0.70 0.67 0.38 0.45 0.17 

Time-invariant FE Pair Pair Pair Pair Pair 

Time FE None None None None None 

Number of 

customers 

5,400 5,400 5,400 5,400 5,400 

Observations 10,800 10,800 49,291 49,291 49,291 

Note: The table reports the estimated coefficient values and standard errors (in parentheses) of Eq. (1) for monthly spend , frequency , assortment size , basket size , and basket 

value in logarithmic scale . The first two regressions make use of a two period (before and after) DID model, where the average is calculated as variable/period length (i.e., 

each customer represents two observations, while the unit of analysis for basket size and basket value is a purchase. The relative change of the Log Model is calculated using 

Kennedy’s approximation ( Kennedy, 1981 ). That is T REAT × AF T ER = 100 × ( exp { x − 1 / 2 V (x ) } − 1) , where V(x) is the OLS estimate of the variance of c. Cluster standard 

errors for the last three regressions are taken at a pair level. Significance levels: 10% ( ∗), 5% ( ∗∗), and 1% ( ∗∗∗). 

Table 9 

Comparision between Model With and Without Monthly Fixed Effects 

Dependent variable 

Model Assortment size Basket size Basket value Slot cost Proximity 

(units/purchase) (units/purchase) ( € /purchase) ( € /purchase) (days/purchase) 

Without 

monthly 

fixed effect 

TREAT 0.44 - 0.15 0.82 0.20 ∗∗∗ - 0.07 ∗

(0.39) (0.48) (0.62) (0.02) (0.04) 

AFTER 0.62 ∗∗ 2.68 ∗∗∗ 5.61 ∗∗∗ 0.08 ∗∗∗ - 0.01 

(0.24) (0.45) (0.86) (0.01) (0.03) 

TREAT × AFTER - 5.55 ∗∗∗ - 12.77 ∗∗∗ - 23.44 ∗∗∗ 0.20 ∗∗∗ - 0.07 ∗

(0.37) (0.68) (1.22) (0.02) (0.04) 

TREAT × AFTER 

(%) 

−16 . 86% - 23.01% −21 . 28% 3.32% - 4.03% 

( - 18.25, - 15.36) ( - 24.52, - 21.23) ( - 22.88, - 19.70) (2.63,3.62) ( - 7.22, - 0.73) 

Time-invariant FE Pair Pair Pair Pair Pair 

Time FE None None None None None 

Number of 

customers 

5,400 5,400 5,400 5,096 5,096 

Observations 49,291 49,291 49,291 45,284 45,284 

R 2 0.46 0.59 0.59 0.23 0.41 

With 

monthly 

fixed effect 

TREAT 0.45 ∗∗ - 0.17 0.75 0.19 ∗∗∗ - 0.06 ∗∗∗

(0.19) (0.32) (0.64) (0.01) (0.02) 

AFTER 0.61 ∗∗ 2.20 ∗∗∗ 3.77 ∗∗∗ 0.07 ∗∗∗ 0.03 

(0.26) (0.46) (0.90) (0.01) (0.03) 

TREAT × AFTER - 5.56 ∗∗∗ - 12.75 ∗∗∗ - 23.39 ∗∗∗ 0.20 ∗∗∗ - 0.09 ∗∗∗

(0.26) (0.46) (0.90) (0.01) (0.03) 

TREAT × AFTER 

(%) 

−16 . 74% - 22.76% −21 . 00% 3.32 % - 4.31 

( - 18.32, - 15.10) ( - 24.33, - 21.16) ( - 22.52, - 19.31) (2.64,3.62) ( - 7.24, - 0.64) 

Time-invariant FE Pair Pair Pair Pair Pair 

Time FE Month Month Month Month Month 

Number of 

customers 

5,400 5,400 5,400 5,096 5,096 

Observations 49,291 49,291 49,291 45,284 45,284 

R 2 (FE) 0.46 0.59 0.59 0.42 0.24 

Note: The table reports the estimated coefficient values and standard errors (in parentheses) of Eq. (3) for assortment size basket size , basket value , slot cost and proximity 

accounting for monthly time fixed effects. Cluster standard errors are taken at a pair level. The percentage changes are included with non-parametric bootstrapped 95% 

confidence intervals (in parentheses) based on 500 random draws. Significance levels: 10% ( ∗), 5% ( ∗∗), and 1% ( ∗∗∗). 
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Table 10 

The correlations of the residuals 

Monthly spend Frequency 

Monthly spend 1.000 0.683 

Frequency 0.683 1.000 

Table 11 

The correlations of the residuals 

Assortment size Basket size Basket value 

Assortment size 1.000 0.733 0.695 

Basket size 0.733 1.000 0.838 

Basket value 0.695 0.838 1.000 

Table 12 

Seemingly unrelated regression: The effect of subscription on consumer ordering 

behavior 

Dependent variable 

Monthly spend Frequency 

( € /month) (purchases/month) 

TREAT 0.26 0.00 

(2.60) (0.02) 

AFTER - 14.10 ∗∗∗ - 0.21 ∗∗∗

(2.60) (0.02) 

TREAT × AFTER 107.00 ∗∗∗ 1.56 ∗∗∗

(3.67) (0.04) 

TREAT × AFTER 

(%) 

85.2% 131.6% 

(78.95,91.51) (125.3,138.4) 

Time-invariant FE Pair Pair 

Time FE None None 

Number of customers 5,400 5,400 

Observations 10,800 10,800 

R 2 0.68 0.65 

Note: The table reports the estimated coefficient values and standard errors (in 

parentheses) of Eq. (1) for monthly spend and frequency simultaneously. The per- 

centage changes are included with non-parametric bootstrapped 95% confidence in- 

tervals (in parentheses) based on 500 random draws. Significance levels: 10% ( ∗), 5% 

( ∗∗), and 1% ( ∗∗∗). 

Table 13 

Seemingly unrelated regression: The effect of subscription on consumer ordering 

behavior 

Dependent variable 

Assortment size Basket size Basket value 

(units/purchase) (units/purchase) ( € /purchase) 

TREAT 1.16 ∗ - 0.08 1.05 

(0.39) (0.64) (1.26) 

AFTER 0.65 2.25 ∗ 5.58 ∗∗∗

(0.39) (0.64) (1.26) 

TREAT × AFTER - 6.99 ∗∗∗ - 14.79 ∗∗∗ - 26.32 ∗∗∗

(0.55) (0.91) (1.78) 

TREAT × AFTER 

(%) 

−20 . 38% −25 . 64% −23 . 19% 

( - 24.16, - 

17.06) 

( - 28.91, - 

22.89) 

( - 26.57, - 

20.37) 

Time-invariant FE Pair Pair Pair 

Time FE None None None 

Number of customers 5,400 5,400 5,400 

Observations 49,291 49,291 49,291 

R 2 0.58 0.71 0.71 

Note: The table reports the estimated coefficient values and standard errors (in 

parentheses) of Eq. (1) for assortment size , basket size and basket value simultane- 

ously. The percentage changes are included with non-parametric bootstrapped 95% 

confidence intervals (in parentheses) based on 100 random draws. Significance lev- 

els: 10% ( ∗), 5% ( ∗∗), and 1% ( ∗∗∗). 
stimates. Similarly, treated members would have needed to be 8,

.6, 3 and 1.2 times more likely to be treated before our conclu-

ions about monthly spend, assortment size, basket size and bas-

et value would change. In summary, our main findings on basket

alues are more sensitive to hidden biases than those related to

onthly spend or basket size. 

ustomer ordering behavior over purchase trajectory. To rigor-

usly validate the parallel trend assumption, we augment our main

pecification Equation (1) with leads and lags as follows: 

UTCOME p,i,t = α TREAT p,i + 

≥5 ∑ 

t= −5 

βt PURCHASE t 

+ 

≥5 ∑ 

t= −5 

γt TREAT p,i × PURCHASE t + λp + εp,i,t , (2) 

here the dummy variable PURCHASE t ranges from five orders

rior to treatment to five or more purchases after treatment. To

alidate the existence of a parallel trend prior to treatment we re-

uire the leads γ t for t = {−5 , . . . , −1 } to be insignificant. The re-

ults of this specification are presented in Table 7 . As can be seen,

he coefficients in the five leads are insignificant for most outcome

ariables. Note that these leads are significant for slot cost some

urchases prior to treatment. We argue that, because treated cus-

omers have purchased more expensive slots prior to treatment,

e at worst underestimate the treatment effect on this outcome

ariable. We therefore believe that reducing the sample size fur-

her would mean more drawbacks than benefits. Post-treatment,

ubscription consumers are significantly changing their behavior

ith respect to all outcome variables and purchase occasions, al-

hough the treatment effect seem to slowly fade out the more dis-

ant a purchase is from the time a customer subscribes. 

se of logarithmic scale. Many researchers in the operations re-

earch and management science community have used multiplica-

ive models to analyze treatment effects on monetary outcome

ariables ( Gallino, Moreno, and Stamatopoulos (2016) ; Gaur, Fisher,

nd Raman (2005) ), presumably because these variables are often

ot normally distributed. We verify that our main results still hold

hen outcome variables are logged. For convenience, we provide

 comparison between both our linear model and the logarith-

ic one in Table 8 . As we can see, the estimated treatment ef-

ects under both specifications coincide in direction and are either

imilar in magnitudes (assortment size, basket size), or are higher

monthly spend, frequency, basket value) in the semi-log specifi-

ation. Because of this, the magnitudes reported with the linear

pecification are at worst underestimates. 

ixed Effects Grocery retail can be greatly affected by the time at

hich a customer purchases. To verify that our results are robust

o the purchase occasion, we include monthly fixed effects to our

ain model. As seen in Table 9 , the treatment effect maintains its

irection and magnitude. Thus, estimating the model with or with-

ut monthly fixed effect plays a relatively minor role. 

eemingly unrelated regression If a customer orders less fre-

uently, one may expect that she also spends less per month at the

etailer’s online channel. This implies that frequency and monthly

pend are expected to be correlated. With the objective of explain-

ng consumers’ ordering behaviour as a whole, correlations among

ependent variables should be accounted for. Seemingly Unrelated

egression (SUR) is a method of doing so. Instead of estimating

ach DID equation separately– as we have done thus far– the SUR

ethod considers these equations simultaneously. Table 10 and

able 11 confirm our intuition that outcome variables are corre-

ated, justifying the use of an SUR method. 

We run simultaneous regressions for the two point estimates

frequency and monthly spend) separately from the ones that are

pecified for each purchase (assortment size, basket size, basket
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Fig. 2. Sensitivity analysis with respect to various parameters 

Table 14 

Parameters for Profit baseline model 

Parameter name Description Value 

margin retailer’s average margin on sold items 20 % 

Picking cost of collecting the items 8.50 €
Delivery(Slot Width) = m × SlotWidth + b

m delivery cost slope 13.055 €
b delivery cost constant -0.5785 €

Note: The table reports the parameters used to compute PROFIT for our base-line 

model. The parameters of Delivery(Slot Width) are based on Table 2 of Boyer et al. 

(2009) . Here we fitted a linear trend to their data. This results in a slot width- 

dependent delivery cost of 7.27 € -11.898 € for a slot width range of 2.5 to 10 hours. 
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14 The delivery cost is zero when the products are picked up by the customer. 
value). As we can see in the Tables 12 and 13 , there was no dif-

ference in the effect of subscription on (shopping) frequency and

monthly spend, whether we estimated the DID with SUR or with-

out. This is no longer true when using assortment size, basket size

and basket value as dependent variables: the effect of subscription

on these covariates is slightly stronger when SUR is employed. 

7. Impact of subscriptions on retailer’s profit 

For each customer in a pair p , we let T and A abbreviate TREAT

and AFTER , respectively. Moreover, we define P T,A as the sets of

all purchase incidences prior and after treatment. Thus the four

sets P T,A per customer pair, consists of all purchase incidences dur-

ing the respective period. Then for each customer we calculate the

profit as follows: 

For all T = 0 or A = 0 : 

PROFIT T,A = 

∑ 

j∈P T,A 

margin × BaskV j,T,A ︸ ︷︷ ︸ 
revenue from core business 

− Picking − Delivery ( SlotWidth ) j,T,A ︸ ︷︷ ︸ 
operational cost 

+ SlotCost j,T,A ︸ ︷︷ ︸ 
revenue from delivery service 

Otherwise, T = 1 and A = 1 : 

PROFIT T =1 ,A =1 = margin 

( ∑ 

j∈P T,A 

BaskV j,T,A − max 

{ ∑ 

j∈P T,A 

BaskV j

︸ ︷︷ 
revenue from core

− ∑ 

j∈P T,A 

Picking − Delivery ( SlotWidth ) j,T,A ︸ ︷︷ ︸ 
operational cost 

+ 

r

The revenue from core business encompasses the total basket

value (BaskV) multiplied by retailer’s profit margin , when cus-

tomers pay delivery on a per-order basis (T = 0 or A = 0). Once a
Please cite this article as: L. Wagner, C. Pinto and P. Amorim, On the V
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 =1 −
∑ 

j∈P T,A 

BaskV j,T =0 ,A =1 , 0 

} 

× c 

)

︸ 
ss 

scPrice j=1 ,T,A ︷︷ ︸ 
 from delivery service 

ustomer signs up to the subscription plan, the profit equation

lso accounts for possible cannibalization of offline sales in the re-

ailer’s stores. In particular, we calculate how much more a treated

ustomer has spent than a control customer after treatment, and

efine the cannibalization level c in percentage. The operational

ost entails the cost of collecting the items a customer demands

t one of the retailer’s physical stores, and the cost of last-mile

elivery as a function of the slot size selected, denoted with Pick-

ng and Delivery(Slot Width) j , T , A , respectively. The latter probably

erits some further explanation. In line with previous research

 Boyer, Prud’homme, & Chung, 2009 ), we assume that narrower

elivery slots are more expensive for retailers. For the sake of

implicity, its functional form is assumed to be linear, i.e., Deliv-

ry(Slot Width) j,T,A = m × SlotWidth + b. 14 Finally, revenue from de-

ivery service is composed of either, the price a consumer pays for

he slot, denoted with SlotCost j , T , A under the pay-per-order scheme,

r the one-time subscription price ( SubscPrice j=1 ,T =1 ,A =1 ) paid to

ualify for the free delivery service. We gather values missing

n our dataset from two sources: (i) the focal retailer provided

s with values for margin and Picking , and (ii) previous research

 Boyer et al., 2009 ) helped us to derive delivery cost data for each

lot ( Delivery(Slot Width) j , T , A ). 

Boyer et al. (2009) collected data about customer density and

elivery window length from interviews with managers in the e-

ommerce industry. Their findings suggest that offering a 3 hour

elivery window is 3045% more expensive than offering unat-

ended (9 hour delivery window) delivery. We use the parame-

ers in their paper to derive delivery cost data for each slot ( Deliv-

ry(Slot Width) j,p T , A 
). In the absence of detailed routing data from

ur partner, and due to the similarity of delivery window length

2.5 to 10 hours), we have settled for using these findings as our

asis for constructing the slot width-dependent delivery costs, De-

ivery(Slot Width) j,p T , A 
. The specific parameters used for our base-

ine model are given in Table 14 . 

We obtain estimates of the treatment effect on the outcome

ariable PROFIT by employing the DID Eq. (1) for various canni-

alisation parameters. The results are presented in Panel (a) of
alue of Subscription Models for Online Grocery Retail, European 
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Table 15 

Predictive power of covariates 

Dependent variable 

incremental profit after subscription 

Constant - 49.856 ∗∗∗

(5.360) 

Assortment 

size 

- 0.459 ∗∗∗

(0.120) 

Basket 

size 

- 0.026 

(0.082) 

Basket 

value 

0.342 ∗∗∗

(0.038) 

Slot 

cost 

1.206 

(0.840) 

Number of customers 2,025 

Observations 2,025 

R 2 0.082 

Note: The table reports the estimated coefficients and standard errors (in parenthe- 

sis) for several covariates to explain the incremental profit gain after treatment on 

the training set. The data-driven subscription targeting section is developed for the 

base-line model for cannibalization of zero and the parameters given in Table 14 . 
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igure 2 and Tables 20 and 21 in the Appendix. As can be seen,

nce customers subscribe, they become, on average, less profitable

han the pay-per-usage customer, notwithstanding the assumption

bout the shift in demand from the retailer’s offline business. The

otal losses to the retailer’s profit range from approximately 23 €
 −69 . 26% ) to 99 € ( - 306.2%) per customer, depending on how

any of the online channel’s subscription customers were previ-

usly loyal to the retailer’s offline channel (i.e, c ≥ 0). This conclu-

ion, however, would not necessarily hold if a positive spillover

ffect (i.e, c < 0) from subscription on a retailer’s physical store

ere to take precedence over a negative one. Were there a positive

pillover effect above ≈ 30%, a percentage which in this context is

airly high, our conclusion would be reverted. We can thus safely

onclude that subscription has a negative impact on a grocery re-

ailer’s profit. 

However, one may reasonably be concerned that the 904

ustomers 15 who had to be dropped because of our matching

ethod 

16 are the ones responsible for an important share of the

etailer’s profit. Excluding them would therefore bias our results.

able 22 displays the profits and their relative changes prior to

nd after treatment for the treatment and the control samples, as

ell as for the overall treatment group. The results suggest that the

verall treatment group behaves similarly, in relative terms, to the

reated sub-sample used in this analysis, and that the profit loss

or the overall treatment group is higher. 17 In other words, the re-

ults displayed in this section are, at worst, underestimations. 

These conclusions, of course, depend on parameters we did

ot directly obtain from our dataset. We next re-estimate the im-

act of subscription on profits, reducing parameters of Picking and

el i v eryCost(Sl otwidth ) j, T , A (parameter b) by up to approximately

0% while holding the cannibalization percentage at 0%, depicted

n Panel (b) and (c) of Fig. 2 and Tables 23 and 24 . 18 

But how much would these costs have to be adjusted in or-

er to lead us to the opposite conclusion? To answer this question,

e successively reduced the two parameters until we obtained a

ignificantly positive treatment effect. In the absence of cannibal-

zation, we find that the retailer would have had to drop the pick-

ng cost by at least 64.71% and the delivery cost (parameter b) by

8.72%–numbers which are fairly difficult to drop down to in prac-

ice. 

. Data-driven customer selection 

Up to this point, we have provided evidence that, on average,

ubscription plans reduce retailers’ profits. We now go on to ask

hat would happen if the retailer could decide who is able to see

ffers and promotions for such subscription plans. By going from

dvertising the plan to all customers to selecting just a few , the

etailer could turn an otherwise unprofitable business into a prof-

table one. In this section, then, we develop data-driven algorithms

o predict whether allowing a customer to buy into the subscrip-

ion plan results in higher or lower profits. The algorithm learns

rom only the first purchase incidence available in the dataset 19 to

nform this prediction. The development of the algorithm follows
15 904 = 3604-2700 customers (Overall Treatment group-Treatment group), please 

ee Table 3 . 
16 This is because, even though these customers signed up for treatment no suffi- 

iently close control group could be found 
17 The 904 customers have shopped more often per month (3.04 times/month) 

han the treated customer in our final sample (1.19 times/month) prior to treat- 

ent. After treatment, these 904 customers did not substantially increase their 

hopping frequency (3.09 times/month). 
18 We chose 0% as the base-line as this represents the “best case scenario”. 
19 We experimented with the length of the learning period. For instance, we have 

xtended this period to the first two purchase incidences prior to treatment. The 

ccuracy of the results is very similar, but we would have needed to reduce the 
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hree main steps: First, variables with sufficient predictive power

re selected. Secondly, the model is trained and predictions are

ade, and finally, the prediction model is evaluated. 

ariable selection. Here we split the data into a 75% training and a

5% test set and run a linear regression model to decide which co-

ariates are sufficiently informative. 2 Table 15 reports the outcome

n the training set. As can be seen, only the assortment size and

asket value of a customer’s first purchase are strong (significant)

nough to predict the difference in profits between a subscription

ustomer and her control counterpart. These are the ones we kept.

raining and Prediction. In the next phase, we used a linear re-

ression model 21 to train the 75% of data and predict the outcome

or the remaining 25%. We resampled the data set 50 0 0 times and

epeated the training and prediction procedure. 

valuation. Any predicted profit loss would suggest that the cus-

omer should not be targeted, while any profit gain would suggest

he opposite. Table 16 cross-tabulates the number of positive and

egative profit differences for both our prediction model and an

racle 22 for the 50 0 0 iterations. As one can see, the oracle would

ot have allowed 63% of the 675 customers in the test sample

o sign up for the subscription plan, while our prediction model

ould have excluded 91% of all customers. 

We also calculate how limiting the pool of customers who can

ign up for the subscription compares to the status quo in terms of

rofit gains. For example, if a customer generates 30 € less than her

ontrol counterpart and the algorithm correctly predicts that this

ustomer should not be targeted, then it has saved the retailer 30 €.
y contrast, in cases where the algorithm predicts a positive profit,

o money would be saved or lost. In short, only if our algorithm

everts the decision to advertise the subscription plan to a cus-

omer does the retailer save or lose money. Using the same logic,

e additionally show how an oracle would have performed. Fig. 3

epicts the average profit gain obtained across the 50 0 0 rounds for

oth the algorithm and the oracle. By restricting access to the sub-

cription plan, our model is able to improve profit per-customer
umber of customers to 1821 because the remaining ones had already purchased 

he subscription plan after the first purchase. 
20 One may expect that some of the covariates are correlated. We addressed this 

ssue by running the regression equation multiple times, each time removing some 

ovariates. The results remained fairly similar. 
21 We also tested more complex models such as random-forests and logit models. 

s their predictive powers were comparable, we here present the outcome of the 

impler linear regression model. 
22 The oracle is an algorithm that uses the exact post-profit differences between 

he treated and control. 
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Table 16 

Crosstable of predicted versus actual incremental profit sign 

Predicted 

Negative Profit Postive Profit 

Mean (Std.Dev) Mean (Std.Dev) Observations 

Actual (Oracle) Positive Profit Mean (Std.Dev) 31.71% (1.84) 5.08% (0.95) 248 

Negative Profit Mean (Std.Dev) 59.12% (1.65) 4.09% (1.07) 427 

Observations 613 62 675 

The table display the sign of the incremental profit after treatment for the test set over 50 0 0 random draws. 

Fig. 3. Results from Algorithm and Oracle, across the 50 0 0 repetitions. 
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by, on average, 23.75 € with a margin of error of 34.55%. 23 Interest-

ingly, none of the 50 0 0 rounds resulted in a loss for the company-

A great improvement to the results obtained in Section 7 . 

9. Extension: Adding a threshold to the subscription service 

So far, we have studied the impact of subscriptions for free de-

liveries from a marketing and operational perspective. Our analysis

has revealed that the adoption of a subscription-based delivery ser-

vice leads to increasing consumer purchase frequency, while reduc-

ing assortment and basket size. In this extension, we exploit the

fact that the focal retailer offered two distinct subscription plans

during the time of our study. This situation allows us to analyse

whether changing key features of the plan impacts customers’ in-

teraction with the retailer’s online channel. 

Research hypothesis 

Home delivery service payment plans come in all shapes

and sizes. For instance, Amazon offers unlimited home deliveries

through their grocery service (Amazon Fresh) at zero cost to cus-

tomers who already pay $14.99 per month for their Prime mem-

bership ( Amazon, 2019 ). Conversely, Walmart does not offer any

subscription scheme, with customers bearing a fixed shipping cost

to have their purchases delivered to their home. Somewhere in be-

tween is what we refer to as a contingent plan, where delivery at
23 The margin of error was calculated as (Improvement Oracle-Improvement Algo- 

rithm)/(Improvement Oracle) for each of the 50 0 0 rounds. 
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o extra cost is contingent upon a minimum spend. The retailer

e partnered with added such a threshold to their pre-existing

ubscription plan during the observation period, leaving all other

ontract parameters untouched (details will follow). This adjust-

ent allows us to investigate whether consumer ordering behavior

hanges when this type of policy is implemented. More specifically,

t begs the question whether the addition of a contingent threshold

or delivery raises consumer spending, as it does when not bun-

led with a subscription offer. In line with Chen and Ngwe (2018) ,

e conjecture that consumers who would normally be reluctant

o increase their basket value may now opt to spend enough to

t least match the threshold and avoid having to pay the delivery

ost. 

ypothesis 4 (Contingency plan: Basket value) . Customers with

 contingent plan spend more per online purchase compared to

hose with an unlimited subscription. 

If this hypothesis is confirmed, what exactly are these con-

umers spending their extra money on? In particular, do they

urchase more goods, or fewer, more expensive ones? How does

his affect the frequency of their orders? We build our hypothesis

round three possible sales mechanisms, which could lead to al-

erations in consumer behavior as they try to meet the contingent

hreshold. 

• Upselling encourages customers to spend more by buying

costlier products (usually premium products or brands), mean-

ing that a consumer’s per-session assortment and basket size

remain unchanged when a contingent threshold is added to the

existing subscription plan. On top of this, spending more money
alue of Subscription Models for Online Grocery Retail, European 
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Table 17 

Subscription plans offered by our partner during the time of our study 

Subscription Model Cost for the customer Duration of the Subscription Minimum basket value Time period in the dataset 

Unlimited 26,90 € 100 days 0 € Oct. 2016 - May 2017 

Contingent 26,90 € 100 days 35 € Feb. 2017 - Sep. 2017 

Table 18 

Summary statistics after matching for the two subscriptions 

Variable Treatment group Control group Observations Std. Mean differences (smd) 

Mean Std.Dev Mean Std.Dev 

Monthly spend ∗ ( €) 101.838 139.258 102.249 124.558 698 0.003 

Frequency (units) 0.871 0.980 0.892 0.955 698 0.022 

Average assortment size ∗ (units) 33.730 16.167 34.497 18.155 698 0.045 

Average basket size (units) 58.082 34.796 58.652 37.923 698 0.016 

Average basket value ( €) 117.474 75.075 119.372 74.833 698 0.025 

home delivery (percent) 93.822 22.060 95.601 19.810 698 0.085 

Average slot cost ( €) 5.021 2.197 5.151 2.011 698 0.062 

Note: The table presents the observable variables used in our matching procedure to obtain the closest pairs prior to the treatment event. The delivery cost for pick-up-in- 

store transactions is defined as zero. The standard mean differences are pooled and presented in absolute values. ∗We additionally display the summary statistic of monthly 

spend and assortment size , even though these variables are not explicitly used as a matching variable. 
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24 Customers seeing publicity for the subscription plan on the company’s website 

would see a clause specifying that subscribers in their region were subject to a 35 €
minimum spend in order to get free delivery. In such areas, customers were not able 

to buy the unlimited plan any more. That is, there would be regions in which some 

customers still had an unlimited subscription, while more recent sign-ups would be 

limited to the contingent plan. 
25 In this case, each customer has a well-defined time period both prior to and 

after the signing of the plan, even if time periods do not necessarily coincide. 
on the same amount of products does not alter the frequency

of shopping trips. We expect changes in the order frequency,

assortment, and basket size to be insignificant under the influ-

ence of this mechanism. 
• Cross-selling encourages customers to spend more by purchas-

ing additional distinct (often non-essential) products. This leads

us to hypothesize that consumers’ assortment and basket size

increase when a contingent threshold is part of the subscrip-

tion plan. Because the extra spending was only performed to

meet the threshold, we expect that the order frequency will be

no different to that of an unlimited subscription customer. 
• Pantry loading is when consumers increase the number of units

from goods they habitually buy to both cross the threshold

and increase the length of intervals between their shopping

trips. Therefore, we conjecture that the order frequency de-

creases and the basket size increases in this scenario. As cus-

tomers stick to their initial shopping intentions, we expect that

changes in assortment size will be insignificant. 

As a result, we formally hypothesize the following: 

ypothesis 5 (Contingency plan-mechanisms) . 

(i) If there is evidence of an upselling mechanism, the addition

of a threshold does not lead to a change in order frequency,

assortment or basket size. 

(ii) If there is evidence of a cross-selling mechanism, the addi-

tion of a threshold increases the assortment and basket size,

while the order frequency remains the same. 

(iii) If there is evidence of a pantry loading mechanism, the addi-

tion of a threshold decreases order frequency and increases

basket size, while assortment size does not change. 

nstitutional set up 

During the time of our study (October 2016 to September 2017),

he retailer offered two distinct subscription plans (solely) on their

ebsite. Originally, customers were offered unlimited deliveries re-

ardless of the total value of their purchases. We refer to this

ubscription plan as the unlimited subscription model. Rolled out

region-by-region) during the last few months of the unlimited

odel’s existence, the retailer’s new plan continued to offer 100

ays’ unlimited delivery at the same price, but with each delivery
Please cite this article as: L. Wagner, C. Pinto and P. Amorim, On the V
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ow contingent upon a minimum spend of 35 €. We call this the

ontingent model. 24 

The features of both plans are summarized in Table 17 . 

Such a setup is ideal for empirical identification, because both

he subscription plan’s price and period of validity remain the

ame, with the only observable change being the introduction of

 minimum order value of 35 €. 

odel and Results 

To validate the research hypothesis, we make use of an identi-

cation strategy based on combined-matching and DID, similar to

he one explained in Section 5 . We deviate from the original iden-

ification in the following way: because we are interested in mea-

uring the effect of the explanatory variable (the addition of the

ontingent threshold to the subscription), we pair customers who

ere offered the contingent plan with those who purchased the un-

imited one. As before, our goal is to ensure that paired customers

xhibit “similar” patterns prior to their signing-up for the plan. 25 

ontrary to the matching procedure described previously, we use

 nearest-neighbour matching method for all matching characteris-

ics (order frequency , average basket size , average basket value , per-

entage of home delivery and average delivery slot cost ) to increase

he number of possible matches. The statistics of the resulting 698

airs can be found in Table 18 . Similar to the specification in Eq.

1) , we measure the treatment effect using the following equa-

ion: 

UTCOME p,i,t = αTREAT 

C 
p,i + βAFTER t + γ TREAT 

C 
p,i 

× AFTER t + λp + εp,i,t , (3) 

here the dummy variable TREAT C p,i = 1 , if a customer in pair ( p )

urchased a contingent subscription plan, with TREAT C p,i = 0 indi-

ating that the customer subscribed to the unlimited plan. The re-

ults of the analysis are depicted in Table 19 . 
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Table 19 

Customer ordering behavior - Contingent vs Unlimited plans 

Dependent variable 

Monthly spend Frequency Assortment size Basket size Basket value Average Profit 

( € /month) (purchases/month) (units/purchase) (units/purchase) ( € /purchase) ( € /purchase) 

TREAT C - 0.41 - 0.02 - 0.48 0.29 1.64 - 0.17 

(7.85) (0.07) (0.39) (0.87) (1.79) (0.63) 

AFTER 113.88 ∗∗∗ 1.59 ∗∗∗ - 5.60 ∗∗∗ - 11.93 ∗∗∗ - 25.74 ∗∗∗ 15.44 ∗∗∗

(7.85) (0.07) (0.40) (0.89) (1.82) (0.63) 

TREAT C 

× AFTER 

11.55 0.02 2.02 ∗∗∗ 3.61 ∗∗∗ 7.56 ∗∗∗ 1.69 ∗

(11.11) (0.09) (0.51) (1.14) (2.33) (0.89) 

TREAT × AFTER 

(%) 

11.79% 7.02% 6.47% 5.93% 6.72% 19.21% 

( - 20.79,47.50) ( - 29.06,43.46) (2.75,10.51) (2.75,8.80) (3.24,10.01) ( - 19.56,53.38) 

Time-invariant FE Pair Pair Pair Pair Pair Pair 

Time FE None None None None None None 

Number of customers 1,396 1,396 1,396 1,396 1,396 1,396 

Observations 2,792 2,792 16,688 16,688 16,688 2,792 

R 2 0.51 0.56 0.31 0.35 0.36 0.60 

Note: The table reports the estimated coefficient values and standard errors (in parentheses) of Eq. 3 for monthly spend , frequency , assortment size , basket size and basket value . 

The first two regressions make use of a two period (prior and after) difference-in-difference models, where the average is calculated as variable/period length (i.e., each 

customer represents two observations, while the unit of analysis for assortment size, basket size and basket value is a purchase. The Average Profit denotes the average profit 

per purchase and customer and is calculated for the baseline model with the following equation: 

Average Profit T,A = margin × BaskV T,A − Picking − Deli v ery ( SlotWidth ) T,A + SlotCost T,A + SubscPrice T,A , where x , denotes the average. Cluster standard errors are taken at a pair 

level. Significance levels: 10% ( ∗), 5% ( ∗∗), and 1% ( ∗∗∗). 
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The findings show a positive and significant treatment effect on

basket value: consumers spend 7.56 € more per purchase when pre-

sented with a contingent threshold – a 6.4% increase. Moreover,

we find that consumers increase their assortment and basket size

rather than opting to buy more expensive versions of their normal

groceries (upselling) when there is a contingent threshold. Also

notice that consumers do not alter the frequency of their visits,

resulting in an average profit increase of 1.69 € per purchase. This

leads us to conclude that compared to customers with an unlimited

plan, customer subject to a contingent one are more vulnerable to

cross-selling than the other sales mechanisms. 

10. Conclusions 

We show that, although subscription-based delivery services

achieve their marketing goals – i.e., increasing revenue and mar-

ket share, they also cause significant logistical headaches for the

retailer, with customers becoming more demanding in terms of

their delivery preferences. That is, customers with a subscription

increase their use of the home delivery service and choose nar-

rower slots, mainly in the morning and at night, thereby increasing

last-mile delivery costs. These operational challenges are especially

difficult to overcome in the online grocery retail business, where

margins are slim and competition is high. 

We show that the revenue obtained from subscription cus-

tomers are canceled out by the extra cost of delivery. To mitigate

against these losses, we develop a data-driven algorithm which is

aimed at assisting retailers in selecting only those customers who

will generate positive incremental profit. We obtained these results

using data from the largest omni-channel grocery retailer in the

focal country, who sell a huge variety of products both online and

offline. A setting which can be expected to hold for any typical

large grocery retail setting. 
Please cite this article as: L. Wagner, C. Pinto and P. Amorim, On the V
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Furthermore, we estimate the causal impact of introducing a

inimum-spend threshold into the subscription plan. Our findings

ndicate that customers subsequently buy more items (assortment

ize, basket size) and spend more (basket value) per purchase, be-

ng now more susceptible to cross-selling, rather than upselling or

antry loading. 

Our results thus show that companies wanting to offer sub-

cription plans with the goal of both expanding market share and

aking a profit need to be cautious from the outset in setting cer-

ain parameters. Moreover, our results also emphasize the need for

ynamic slot pricing methods and other approaches that nudge

ustomers towards the selection of some slots instead of others.

or example, Amazon offers low-value vouchers to users who agree

o wait longer for their goods. Putting such policies into practice

ay help in lowering the last-mile delivery costs at a low price.

e are also at pains to point out that retailers should take sub-

cription customers into account when deciding on a delivery-slot

ricing strategy. How these parameters can be tweaked to further

enefit retailers, is an intriguing avenue for future research. 
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A
ppendix 
Fig. 4. Distribution of several outcome v
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Table 20 

The effect of subscription on retailer’s profit: as a function of cannibalisation c (1). 

Dependent variable 

Profit with cannibalization (c) of 

- 100% - 80% - 60% - 40% - 20% 

TREAT 0.913 0.913 0.913 0.913 0.913 

(1.842) (1.665) (1.506) (1.370) (1.265) 

AFTER - 80.005 ∗∗∗ - 64.875 ∗∗∗ - 49.745 ∗∗∗ - 34.615 ∗∗∗ - 19.485 ∗∗∗

(1.199) (1.178) (1.206) (1.279) (1.389) 

TREAT × AFTER 52.782 ∗∗∗ 37.651 ∗∗∗ 22.521 ∗∗∗ 7.391 ∗∗∗ - 7.739 ∗∗∗

(2.605) (2.355) (2.130) (1.937) (1.788) 

TREAT × AFTER 

(%) 

167.68% 120.3% 72.91% 25.52% -21.87% 

(150.73,188.06) (106.03,136.06) (61.33,86.43) (14.08,37.63) ( - 30.97, - 10.91) 

Time-invariant FE Pair Pair Pair Pair Pair 

Time FE None None None None None 

Number of customers 5,400 5,400 5,400 5,400 5,400 

Observations 10,800 10,800 10,800 10,800 10,800 

R 2 0.546 0.569 0.597 0.629 0.661 

Note: The table reports the estimated coefficient values and standard errors (in parentheses) for the PROFIT with varying cannibalization assumptions. Significance levels: 

10% ( ∗), 5% ( ∗∗), and 1% ( ∗∗∗). 

Table 21 

The effect of subscription on retailer’s profit: as a function of cannibalisation c (2). 

Dependent variable 

Profit with cannibalization (c) of 

0% 20% 40% 60% 80% 100% 

TREAT 0.913 0.913 0.913 0.913 0.913 0.913 

(1.199) (1.178) (1.206) (1.279) (1.389) (1.530) 

AFTER - 4.354 ∗∗∗ 10.776 ∗∗∗ 25.906 ∗∗∗ 41.036 ∗∗∗ 56.166 ∗∗∗ 71.296 ∗∗∗

(1.199) (1.178) (1.206) (1.279) (1.389) (1.530) 

TREAT × AFTER - 22.869 ∗∗∗ - 37.999 ∗∗∗ - 53.130 ∗∗∗ - 68.260 ∗∗∗ - 83.390 ∗∗∗ - 98.520 ∗∗∗

(1.695) (1.666) (1.706) (1.809) (1.965) (2.163) 

TREAT × AFTER 

(%) 

−69 . 26% - 116.64% −164 . 03% - 211.42% - 258.81% - 306.2% 

( - 79.45, - 58.37) ( - 127.18, - 106.39) ( - 177.91, - 150.92) ( - 225.94, - 198.67) ( - 278.97, - 239.50) ( - 330.63, - 283.69) 

Time-invariant FE Pair Pair Pair Pair Pair Pair 

Time FE None None None None None None 

Number of customers 5,400 5,400 5,400 5,400 5,400 5,400 

Observations 10,800 10,800 10,800 10,800 10,800 10,800 

R 2 0.689 0.708 0.717 0.716 0.708 0.696 

Note: The table reports the estimated coefficient values and standard errors (in parentheses) for the PROFIT with varying cannibalization assumption. Significance levels: 

10% ( ∗), 5% ( ∗∗), and 1% ( ∗∗∗). 

Table 22 

Summary statistics of profit components for different groups 

Variable 

Prior Treatment After Treatment 

Mean Std.Dev Mean Std.Dev Rel. difference Observations 

Treatment group 32.841 65.631 5.618 85.276 - 82.89% 2700 

Control group 31.928 65.316 27.574 48.765 - 13.64% 2700 

Overall treatment group 42.738 124.552 6.759 100.794 −84 . 18% 3,604 

Note: The table presents the profit components prior and after treatment for the treatment group, the control group, and the overall treatment group. 
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Table 23 

The effect of subscription on profit generation (2) 

Dependent variable 

Profit with picking cost of 

6 6.5 7 7.5 8 8.5 

TREAT 0.913 0.913 0.913 0.913 0.913 0.913 

(1.226) (1.217) (1.211) (1.205) (1.201) (1.199) 

AFTER - 6.662 ∗∗∗ - 6.200 ∗∗∗ - 5.739 ∗∗∗ - 5.277 ∗∗∗ - 4.816 ∗∗∗ - 4.354 ∗∗∗

(1.226) (1.217) (1.211) (1.205) (1.201) (1.199) 

(1.199) (1.178) (1.206) (1.279) (1.389) (1.530) 

TREAT × AFTER - 10.689 ∗∗∗ - 13.125 ∗∗∗ - 15.561 ∗∗∗ - 17.997 ∗∗∗ - 20.433 ∗∗∗ - 22.869 ∗∗∗

(1.734) (1.722) (1.712) (1.704) (1.699) (1.695) 

TREAT × AFTER 

(%) 

−24 . 89% - 32.09% −40 . 00% - 48.74% - 58.43% - 69.26% 

( - 32.66, - 17.00) ( - -39.75, - 24.38) ( - 48.14, - 31.82) ( - 56.89, - 39.84) ( - 67.72, - 48.82) ( - 79.48, - 58.46) 

Time-invariant FE Pair Pair Pair Pair Pair Pair 

Time FE None None None None None None 

Number of customers 5,400 5,400 5,400 5,400 5,400 5,400 

Observations 10,800 10,800 10,800 10,800 10,800 10,800 

R 2 0.686 0.687 0.688 0.688 0.689 0.689 

Note: The table reports the estimated coefficient values and standard errors (in parentheses) for the PROFIT with varying cannibalization assumption. Significance levels: 10% 

( ∗), 5% ( ∗∗), and 1% ( ∗∗∗). 

Table 24 

The effect of subscription on retailer’s profit: as a function of delivery cost (constant b). 

Dependent variable 

Profit with delivery cost (constant b) of 

10.5 11 11.5 12 12.5 13.055 

TREAT 0.926 0.924 0.921 0.918 0.916 0.913 

(1.217) (1.210) (1.205) (1.202) (1.199) (1.199) 

AFTER - 6.472 ∗∗∗ - 6.058 ∗∗∗ - 5.643 ∗∗∗ - 5.229 ∗∗∗ - 4.815 ∗∗∗ - 4.354 ∗∗∗

(1.217) (1.210) (1.205) (1.202) (1.199) (1.199) 

TREAT × AFTER - 9.815 ∗∗∗ - 12.370 ∗∗∗ - 14.924 ∗∗∗ - 17.479 ∗∗∗ - 20.034 ∗∗∗ - 22.869 ∗∗∗

(1.721) (1.712) (1.705) (1.699) (1.696) (1.695) 

TREAT × AFTER 

(%) 

−23 . 21% - 30.62 % 38.7% - 47.55% - 57.27% - 69.26 % 

( - 32.00, - 14.22) ( - 38.93, - 22.11) ( - 47.07, - 30.19) ( - 56.17, - 38.00) ( - 67.13, - 47.80) ( - 79.43, - 59.85) 

Time-invariant FE Pair Pair Pair Pair Pair Pair 

Time FE None None None None None None 

Number of customers 5,400 5,400 5,400 5,400 5,400 5,400 

Observations 10,800 10,800 10,800 10,800 10,800 10,800 

R 2 0.690 0.690 0.690 0.690 0.690 0.689 

Note: The table reports the estimated coefficient values and standard errors (in parentheses) for the PROFIT with varying cannibalization assumption. Significance levels: 10% 

( ∗), 5% ( ∗∗), and 1% ( ∗∗∗). 
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Table 25 

Sensitivity Analysis unobservable variables 

Monthly spend Frequency Mean assortment size Mean basket size Mean basket value 

�

U. Bound 

P-Value 

L. Bound 

HL Est. 

U. Bound 

HL Est. 

U. Bound 

P-Value 

L. Bound 

HL Est. 

U. Bound 

HL Est. 

U. Bound 

P-Value 

L. Bound 

HL Est. 

U. Bound 

HL Est. 

U. Bound 

P-Value 

L. Bound 

HL Est. 

U. Bound 

HL Est. 

U. Bound 

P-Value 

L. Bound 

HL Est. 

U. Bound 

HL Est. 

1 < 0.0001 99.32 99.32 < 0.0001 1.67 1.67 < 0.0001 -4.42 -4.42 < 0.0001 -10.46 -10.46 < 0.0001 -0.21 -0.21 

1.2 < 0.0001 89.62 109.12 < 0.0001 1.27 1.77 < 0.0001 -5.82 -3.02 < 0.0001 -12.56 -8.46 0.0505 -0.41 -0.01 

1.4 < 0.0001 81.72 117.62 < 0.0001 1.17 1.77 < 0.0001 -7.02 -1.82 < 0.0001 -14.36 -6.76 

1.6 < 0.0001 74.92 125.02 < 0.0001 1.17 1.87 0.0028 -8.02 -0.92 < 0.0001 -15.96 -5.36 

1.8 < 0.0001 69.02 131.62 < 0.0001 0.97 1.87 0.4087 -9.02 -0.02 < 0.0001 -17.36 -4.16 

2 < 0.0001 63.82 137.62 < 0.0001 0.97 2.07 < 0.0001 -18.76 -3.16 

3 < 0.0001 44.52 161.02 < 0.0001 0.77 2.17 0.9216 -24.06 0.71 

4 < 0.0001 31.32 178.02 < 0.0001 0.67 2.47 

5 < 0.0001 21.22 191.42 < 0.0001 0.57 2.67 

6 < 0.0001 13.12 202.52 < 0.0001 0.37 2.67 

8 0.4467 0.42 220.22 < 0.0001 0.27 2.97 

10 < 0.0001 0.27 3.07 

12 < 0.0001 0.07 3.07 

14 < 0.0001 0.07 3.27 

16 0.0001 0.07 3.27 

18 0.0037 -0.03 3.37 

20 0.0366 -0.03 3.37 

22 0.1603 -0.03 3.57 

Note: � is odds of differential assignment to treatment due to unobserved factors. The U. Bound P-Value is calculated using the Rosenbaum Sensitivity Test for Wilcoxon Signed Rank P-Value, while the U. and L. Bound HL Est. 

are obtained using the Rosenbaum Sensitivity Test for Hodges-Lehmann Point Estimate. 
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