
 
 
 
 
 
 

 

BOPIS – How to Make it Work 
 

By Richard Halter, President, Global Retail Technology Advisors, LLC 

 

C OVID-19 has forced a lot of companies to modify their existing infrastructure to 

create a BOPIS (Buy Online, Pickup in Store) service model. Because of the 

speed of implementation, in most cases, it was probably bolted onto existing sys-

tems. 

 

This article describes how to do it natively, using existing OMG/ARTS standards 

freely available at Retail Domain Task Force | Object Management Group.1 What is 

fascinating about this work is that it was created in the middle 1990s.  

 

How to track transactions from different sources? 

 

It started with the Data Modelers creating a CQRS (Command-Query Responsibility 

Segregation) model (Figure 1).    

 

Figure 1. OMG/ARTS CQRS Data Model. 

 

 

 

 

 

 

 

 

 

 

 

This model creates two databases. One database stores each incoming transaction 

in a Customer Order Control Transaction database. The second database, the Cus-

tomer Order database, aggregates all these individual transactions into one Cus-

tomer Order.  The beauty of this model is the source of each individual Customer 

Order Control Transaction can be different. That allows one transaction to come in 

from the web, another from a local POS, and a third from a mobile device. When 

they arrive, they get stored in the Customer Order Control Transaction database 

and aggregated into one Customer Order. 

1.       https://www.omg.org/retail. 
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 When a Customer Order is both Tendered and Delivered, the Customer Order transforms into a Retail Trans-

action. This movement to a Retail Transaction is a two-step process. Both tendering and delivery must occur. 

This is because one can tender before delivery or deliver before tender (think pizza delivery where you pay 

when ordering or pay when delivered).  Both must take place to create a Retail Transaction. At this point it 

can be accounted for, the inventory updated, and customer preferences can be created. 

 

How do you update this data model? 

 

Updating this data model is the responsibility of the POSLog transaction message (Figure 2).  Following the 

CQRS pattern, POSLog is broken into several transaction types.   

 

Figure 2. POSLog Message Transaction Types for CQRS Model. 

 

 

 

 

 

 

 

 

 

 

 

 

It starts with an anonymous shopper (i.e., someone who goes to the site without telling the site who they are) 

putting items they may want to purchase on the web in a Shopping Basket.  This allows the shopper to open 

another tab, go to another retailer, and anonymously comparison shop for the same items. 

 

If they decide to keep the Shopping Basket, the transaction moves to become an Order Transaction. If the 

shopper decides they want to keep the shopping basket, they can identify who they are and they become a 

customer. At this point, an Order Transaction is wrapped around the Shopping Basket and moved to storage 

for later retrieval if so desired. 

 

When the customer decides to pay for the transaction, the Order Transaction transforms into a Customer Or-

der Transaction message which gets sent to and stored in the Customer Order Control Transaction database 

and the closing process begins.  

 

Once in the store, the Customer can add other in-store items and items from their mobile phone by adding a 

new Customer Order Transaction message for these new items.  Every time a Customer Order Control 

Transaction is added to the Data Model either a new Customer Order gets created or an existing one gets 

updated with this new Customer Order Control Transaction. 

 

Now the customer moves to pay for their purchases. The Customer Order is recalled, and tendering infor-

mation is added. The Customer Order then moves to become a finalized Retail Transaction. 
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 Conclusion 

 

It sounds quite complicated but if you look at the entire lifecycle (Figure 3), you will see it is quite logical.  The 

CQRS model is a very powerful model to solve the complexities of the modern Buy Online Pickup In-Store 

world.  In the long run, this solution will save numerous headaches and problems over a bolted-on solution. 

 

Figure 3. Dynamic BOPIS Model. 

 
 
 
 
 
 
 
 
 
                    
 
 
 
 
 



 
 
 
 
 
 

 

A Retail Sector Debate Will Be Needed  

After COVID-19 

By Saverio Romeo, Visiting Fellow-Associate Lecturer, University of London and Founder, 

Emerging Technology Observatory   

C OVID-19 is the peak of an era of a pandemic 

crisis affecting our planet, from the SARS pan-

demic in 2003 to Zika virus in Latin America in 2015 

passing by the Avian influenza in 2006, H1N1 in 

2009, and Ebola in 2014.1 If these events seemed 

more focused on certain regions, COVID-19 has the 

features of a truly global pandemic affecting almost 

all areas of the planet and hitting harshly almost all 

economic sectors, particularly the retail sector. 

17,500 chain store outlets closed in the UK during 

2020.2 Newspapers are full of similar statistics. The 

pandemic is also showing how technology repre-

sents an important tool to respond to the threat, and not just at the management of 

the emergency, but also in reaction to its economic effects. Technology can be one 

of the tools to go through the state of emergency and the enabler to revamp society 

and economies in a post-state of emergency scenario.3 In the case of the retail sec-

tor, technology has enabled the online response to the pandemic, but it has also 

highlighted the digital transformation divide in the sector between the companies 

already ready or easily able to move to a sophisticated level of on-line activities and 

the ones unable to respond because they did not have  digital transformation strat-

egies in place. The next question then is how the retail sector will look once the 

state of emergency is lifted? The answer cannot exclude the current status quo – 

the almost disappearance of physical retail, the centrality of online shopping, and 

the dominion of digital retail giants. The answer should also take into strong ac-

count what the post-COVID-19 society will look like.  

1. Christopher Wilson and Maria Garbrielsen Jumbert. 2018. The new informatics of pandemic 

response: humanitarian technology efficiency, and the subtle retreat of national agency. Jour-

nal of International Humanitarian Action. 

2. The Guardian, 15/03/2020 Great Britain's high streets lost more than 17,500 chain store outlets 

in 2020 | Retail industry | The Guardian 15/03/2020. 

3. Rama Krishna Reddy Kummitha. April 2020. Smart Technologies for fighting pandemics: The 

techno- and human- driven approaches in controlling the virus transmission. Government Infor-

mation Quarterly. 
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 The intention of this article is not to propose answers but to set the scene for that debate. The lockdowns and 

social distancing rules have emphasized the need to explore remote forms of working and enhanced forms of 

living through digital technologies: teaching, entertainment, social engagements through conferencing calls or 

avatar-based systems and VR. The 1970s idea of telecommuting4 and consequent experiments in California 

have come back to the attention of scholars, experts, and policymakers. At the time, the reason for decentral-

izing large corporations in satellite offices closer to employees was a balance between the reduction of pollu-

tion and the need for social engagement. During the most critical moments of the pandemic, most of us have 

worked remotely, but flexible smart working ideas between home and a work location have also been ex-

plored. That has also had an indirect effect on pollution levels, dramatically decreasing and making our cities 

cleaner. Smart working has also motivated people and families to move out of the big cities towards the pe-

riphery and the countryside. Smart working has become an opportunity for addressing the dream of a better 

quality of life out of the city.  

 

 

 

 

 

 

 

 

 

 

 

 

 

In all this, the retail sector is paying an extremely high price. The food retailers have been in business all 

through the emergency, but the other retailers – at least most of them - have been affected by our socially 

very local and almost perpetually online way of living. 

Once the emergency is over, are we going to abandon that and go back to pre-COVID times? But, will our 

way of living be profoundly city-centric, or will there be a revamp of the periphery, small towns, and rural are-

as towards a re-adjustment of the myth of the metropolis as the center of innovation and growth? And, if the 

stand-by of almost all human activities during lockdowns has demonstrated the effect on the environment, 

would we go back to an economy fully tuned around the myth of growth? What do the answers to those ques-

tions mean for the retail sector? Is the era of the “market down the road” completely over and the time of the 

almost online retail monopoly, where a few enormous players shaping that world? What should we expect? I 

think all that deserves the attention of the retail community and beyond.    

4. Jack Nilles.1976 “The Telecommunications-Transportation Trade-off” (https://dl.acm.org/doi/book/10.5555/540203); Patricia L. 

Moktharian.1991. “Defining Telecommuting”, Transportation Studies, UC Davies; The City of Los Angeles Telecommuting Pro-

ject. 1993.    

 

 

Source: Jack M.Nilles “Telecommunications and Organisational Decentralisa-
tion” IEEE Transactions in Communications, 1975.  



 
 
 
 
 
 

 

Adding Physical Distance and Privacy Protected 

Segmentation Using ZIP Codes 

By Dr. Martin Pauo Block, Professor and Executive Director, Retail Analytics  

Council, Northwestern University  

Z IP codes can provide a retailer with a tool to both add location information to 

their third-party market databases as well as add a means of consumer privacy 

protection. The primary advantages of using ZIP codes are their wide availability 

and consistency over time, as the geographic definition does not change. The his-

torical ease of use, however, has led to considerable controversy, particularly the 

practice of “redlining.” 

Redlining is the systematic denial of various services or goods by federal govern-

ment agencies, local governments, or the private sector through the selective rais-

ing of prices. Redlining was utilized in the housing industry by mortgage companies 

to suppress minority populations from receiving home loans to buy homes in other 

neighborhoods as well as to deny them the funds to improve their current homes. 

This led to the Fair Housing Act of 1968. The most frequently discriminated against 

were black neighborhoods which fueled the controversy over using ZIP codes. This 

does not, however, take away from the contemporary utility of ZIP codes as a mar-

keting tool. 

As shown in Table 1, there are 61,000 in the United States that have some popula-

tion.  The number of ZIP codes by state vary approximately with the population 

density and the geographic area for the state. The average population for a ZIP 

code is just over 8,000.  The overall land area per ZIP code is just under 58 square 

miles, with an average radius of 4.3 miles. ZIP code areas vary substantially based 

upon the land area and population of the state. For example, the average size of a 

ZIP code in New Jersey is just over 6 square miles, whereas in Montana the size is 

more than 327 square miles.  
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 Table 1. 
 

Syndicated Media Research Data as a Demonstration  

 

Syndicated research products developed by Prosper Technologies have been conducted for more than two dec-

ades. For this demonstration, two annual Prosper products, both based on consumer questionnaires, are the basis 

for this report:  the annual Media Behavior and Influence for 2020 (MBI28) and 2021 (MBI29).  All data are collected 

online, weighted, and balanced based on U.S. Census age and gender distributions. Each study measures about 

1,500 variables including media behavior, leisure activities, online activities, purchase plans and preferences as well 

as other variables. The 2020 MBI has 16,619 completions whereas the 2021 MBI study has 17,055 completions 

among adults over 18. The variables are contained in a single file not requiring any merging or fusing multiple files. 

The data, however, is self-reported.  Because it is collected online included in the file is the respondent ZIP code. 

The data has been generously provided to Northwestern University for academic use. 

 

Adding Physical Distance 

 

Readily available are the latitude and longitude for the geographic center of every ZIP code in the United States 

from the Census Bureau and a variety of other data providers.  Latitude and longitude are provided in degrees and 

need to be converted to miles. One latitude degree is equal to 29 miles and one longitude degree is equal to 69 

miles.  Calculating distance between two points (ZIP codes) then is easily accomplished by differencing the latitude 

and longitude for each point and applying the Pythagorean theorem. For purposes here, the curvature of the earth 

is ignored.   

 

The resulting distances are “airline” distances that do not account for available roadways or other barriers. If specific 

addresses were available, the precise distance could be determined using a web mapping product like Google 

Maps. However specific addresses may not be available, and the necessary computation is considerably more 

complex and time-consuming. Also, the specific address may be seen as personally identifiable information and run 

afoul of privacy regulations, especially in a third-party context. 

ZIP Code Areas by State 
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 Abstracting just Texas residents from the national sample and calculating their physical distance from the nearest 

Walmart is the basis for comparisons shown in Table 2. Note there are 1,162 Texas respondents and 315 Walmart 

stores. Distances are calculated for every respondent to every store, with the minimum distance (closest store) se-

lected.  If the respondent and store are in the same ZIP code, then the distance is 0, which does not account for the 

distance that exists within the ZIP code. Given that the average radius of a Texas ZIP code is 4.9 miles (assuming 

that the area can be interpreted as a circle), half of the radius, or 2.45 miles, is added to the distance.  

 

Table 2.  
 

 

 

 

 

 

 

 

 

 

 

 

 

Overall Texas residents are on average within 4.4 miles of a Walmart, with a reasonably large standard deviation of 

37.4 miles meaning that some areas in Texas are a long way from a Walmart. Of those respondents that say they 

shop most often at Walmart, 27.5 percent (the most often shopped grocery retailer in Texas), are only 3.0 miles 

from the store, with a very small standard deviation meaning the shoppers are relatively tightly clustered around the 

store. 

 

The data for 2020 was collected in January and February ahead of the pandemic and deliberately selected to avoid 

interpretation because of the pandemic. Again, referring to Table 2, note that nearly 20 percent said they have used 

grocery delivery apps. The delivery app users among all grocery stores are further from the nearest Walmart at just 

over 6 miles with considerable variability. In terms of buying online and pick up in-store, over 28 percent, are even 

further from the nearest Walmart at 7.4 miles. More analysis can certainly be done. 

 

Privacy Protected Cohort-Based Segmentation 

 

Legislation such as the EU General Data Protection Regulation (GDPR) and the California Consumer Protection 

Act (CCPA), along with other potential data regulatory factors, presents major issues for marketers and other lines 

of business that depend on the availability of data. The fact that sizeable portions of both the GDPR and CCPA per-

tain to the sharing or selling of marketing data by external suppliers suggests that these regulations are particularly 

onerous for firms that use data containing personally identifiable information (PII). 

 

One solution to the problem of PII is to ignore it altogether and adopt deduced or inferred cohort-based behavioral 

targeting based on syndicated consumer survey databases. The concept of behavioral targeting, that is, offering 

customers news, information or another product or service based on some identifiable behavior demonstrated by 

that customer has likely always been part of marketing and promotion, at least as long there have been exchanging 

marketplaces. 
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 Despite a marketer’s desire to identify the behaviors of customers and prospects, however, the inability to observe 

or to obtain direct information has made this a difficult task, especially now with the concern over PII.  As a result, 

marketers have often used surrogates for actual behaviors to imply or to estimate actual consumer behaviors. De-

mographics and geodemographics are long-time marketing tools that rely on government-gathered data.   

 

The emergence of commercial syndicated databases has expanded the marketer’s capability to extrapolate infor-

mation such as media behavior, product purchase preferences, psychological characteristics, and a wide range of 

other variables.  The common key to relate marketing efforts to the individual consumer can then be a non-specific 

PII variable, like ZIP code. 

 

Cohort or segment-level targeting has generated a new level of interest by marketers, especially since the an-

nouncement by Google to no longer allow third-party cookies and substitute instead the Federated Learning of Co-

horts (FLoC).  

 

Using the MBI database, an analysis was presented in 2010 demonstrating the efficacy of cohort-based behavioral 

targeting. It was shown that the addition of various services available, provides a very useful variable to improve 

cohort-based behavioral targeting, particularly when the targeting is focused on online usage. 

 

Respondents were asked in the MBI study if they smoked marijuana. Responses in 2021 for all adults was 11.3 

percent regularly, and an additional 10.6 percent report occasionally, for a total of 21.9 percent. If the MBI sample is 

aggregated to ZIP codes, and ZIP codes with less than 5 respondents are eliminated, the sample size drops to 506. 

This assumes that five individuals are sufficient to mask the identity of any individual. The average smoking propor-

tion increases slightly to 23.2 percent, reflecting a small urban bias. Table 3 shows the distribution of ZIP codes 

from the 2021 MBI.  

 

Table 3. 

 

 

 

   

 

 

 
 
 
 
 
 
 
 
                    
 
 
 
 
 
 
 
 
 
 

Distribution of MBI 29 by ZIP Code (n=17,505)  

506 ZIPs with 5 or more respondents 
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 Table 4 shows the ZIP codes with at least 10 respondents and the proportion that reported smoking marijuana. The 

largest single ZIP code in the East Village in New York with a count of 25 and a smoking rate of 60 percent. The 

highest smoking rate of these ZIP codes is Ft. Bragg at 85 percent. These ZIP codes could certainly be treated as 

targets if the goal were to reach the marijuana smoker but at a cost of also reaching non-smokers with the associat-

ed cost. 

 

Table 4. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A ZIP code cohort-based sample should be privacy protected and appears to still have utility for the retailer. Select-

ing consumer characteristics that correlate with smoking certainly includes age (in years calculated from birth year) 

and gender (female dummy coded), plus a yes response to selected online activities done of fun and entertainment, 

including adult entertainment, gambling, horoscope/astrology, and online dating. These items all individually corre-

late with smoking. 

 

Table 5 shows a binary logistic regression predicting smoking marijuana from this variable (feature) set. The overall 

prediction for the individual respondent data set is 12.8 percent (R=.36). All the predictors are significant using the 

Wald coefficient as a criterion. The individual respondent analysis correctly classifies 78.1 percent, that is being a 

smoker or non-smoker and being correctly classified. If the ZIP code aggregated (cohort) database is used the pre-

diction drops to 10.9 percent (R=.33).  Also, the several predictors are no longer significant, and the pattern chang-

es slightly.  That is only age (younger) and online gambling activity remain. The ZIP data also correctly classifies 

only at 63.7 percent.  

 

 

 

 

 

 

 

 

 

Table 5.  

Most Frequent ZIP Codes (10+) 
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One of the reasons for this change is the lower sample size (17,055 down to 506) which increases the sampling 

error making it more difficult to show significance.  There is no doubt of some aggregation bias as well, which was 

previously mentioned as an urban bias which also has an impact on the coefficients. 

 

Implications 

 

There is a potentially significant trade-off between privacy and utility for the retailer using cohort-based segmenta-

tion. This is especially true if ZIP code is used as the aggregation mechanism because of their relatively large size.  

Still, even at the ZIP level, the selection of potential customers is more efficient than random. ZIP codes are a criti-

cal market planning tool but need to be studied and understood. 
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