


IT’S ALMOST SECOND

NATURE
Shopping at a mass market retail chain such as Walmart, Target, or Amazon, comes 
with the often-tacit assumption that the retailer is over time learning quite a bit 
about you, your likes, dislikes, and behavior. We are (most of us) creatures of habit, 
and those habits form patterns that savvy businesses exploit through timely – and 

see a coupon with your receipt, for razor blades – or shaving cream, or even skin 

– at least not directly.  No matter. Most shoppers don’t understand the mechanics 
of how a store discount coupon is generated, how a Machine Learning algorithm 

go on with their day – after setting aside the coupon for the next time they shop.

(at best) over the inability of the search engine to provide at least a relevant result. 
Most people are reasonably forgiving if the result is at least in the ballpark, if not a 

shoppers might pick up the phone and demand a human worker who can get them 

retailers are loath to accept.

Roughly a quarter century after Amazon started selling books online, and 20 years 
after Walmart launched Walmart.com, even some mom and pop retailers have 

-
-

marketing dollars) of acquiring and retaining those consumers.

-
tions, for example, spends about US $1,400 a year. Walmart.com only customers
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– where the mass marketing behemoth captures (and analyzes) a far richer set of 
historical data – spend upwards of $2,500 annually. That explains why industry 

next two years, and grow six-fold, to more than $19 billion by 2025. That’s an awful 
lot of data categorization, attribute mining and algorithm coding – and hundreds of 
thousands of human worker hours devoted to data annotation and analysis.

TRAINING AI FOR BOTH THE SALES FLOOR AND BACK OFFICE

and customer service bots) and the operations functions (stocking, fraud detec-
-

tual worlds have begun to rely increasingly on machines to augment, if not entirely 
replace, humans.

Much of the industry’s customer experience investment in Machine Learning and 

focus on sentiment analysis of customer reviews and comments, data mining, and 
related initiatives.

advanced sensor and camera-equipped robots to roam the aisles of their physical 

and cameras have been trained to examine the shelves, top to bottom, detect 
missing (and misallocated) merchandise, and navigate the stores aisles, much as an 
autonomous vehicle might navigate the streets of a small town.

The algorithms that operate those robots, though, have to match the capabilities of 
the inventory checkers they are replacing. Not only do they need to identify empty 
spaces on a product shelf; in a supermarket, for example, they have to understand 

section.

-
niques – the use of semantic segmentation and bounding boxes to identify and cat-
egorize individual products – sometimes Natural Language Processing to evaluate 

-
takes in product pricing.



Human-in-the-loop expertise (and process) is particularly crucial to successful 

coding in the early, algorithm training stages of Machine Learning. The human 

touch gradually declines as the Machine Learning curve begins to bend higher. As 

the algorithm gains “intelligence” the role of data analysts transitions from helping 

to train the algorithm to correcting its mistakes.

of millions of data points generated by data analysts. As the algorithm continues 

to learn from categorized data it will eventually achieve an accuracy rate in the high 

90s – with anything north of 95 percent the benchmark for commercial success. 

While the penalty for failure is not quite the same life-and-death reckoning that 

and-mortar retail adds up quickly in two metrics: an increased cost of customer 

acquisition that follow bad in-store or online shopping experiences, and the cost 

of customer retention when retailers are forced to compensate for those failures in 

customer experience.  

their work. That places an even greater premium on steady and reliable course cor-

rections in algorithm development based on data analysis and annotation. 

be seen in the application of cross disciplinary skills in Natural Language Pro-

-

geospatial positioning to navigate a retailer’s brick and mortar stores.
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THE EARLY STAGES OF MACHINE LEARNING IN RETAIL

fed to an algorithm to help it learn by example. Depending on the algorithm and its 
design, data annotation can focus on examples of customer intent as they type 
search queries, categorizing products through a multi-level retail taxonomy, or even 

her customer.

At a certain point – weeks, months, or years, depending on the complexity and am-

-

box retailer, for example, the data analysts helping to train it reviewed roughly 7,000 
-

the algorithm was able to generate search results on its own, the algorithm could 
narrow down those 7,000 taxonomies to three or four potential answers, with data 

correct – was at least searching in the right neighborhood.

THE HUMAN FACTOR IN MODERN DAY RETAILING

-
cally takes in every month, someone has to show it the correct path(s) and the logic 
behind them. 

of millions – sometimes hundreds of millions – of data points, with each one repre-

the search engine from request to result). The training process typically employs 
-

request-to-result outcome that could result from such a web search: The Level 1 
-

cute, but not what the shopper was looking for.



-

sistent set of evaluation criteria. At a fundamental level, evaluating an acceptable 

result requires a yes or no answer to a simple threshold question: would a shopper 

cites a man’s winter coat, the results can be open to a fair amount of interpretation 

by a data analyst. Again, it’s a simple question. Would a reasonable shopper con-

ambiguity, will often employ a two-stage, multiple-analyst structure; two analysts 

actually launch an algorithm as a work in progress), the data annotation has transi-

tioned from providing training materials to identifying errors and “hard wiring” cor-

even the model itself.
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TANTALIZING POSSIBILITIES FOR ENHANCING E-COMMERCE 

-
merce algorithm development – and in the process is placing a premium on the 
ability of data annotation to draw on similar cross sector skills and experiences. 
One telling example: in August of 2018, a little more than a year after agreeing to 
purchase the Whole Foods grocery chain, Amazon expanded the capabilities of its 
Alexa voice-recognition assistant to enable Whole Foods customers to order gro-

automated home lexicon.

extend the platform’s Natural Language Processing capabilities to embrace a new 
destination for an existing use case: parsing strings of spoken words to determine 

a user say, “Alexa, play Harry Potter and the Prisoner of Azkaban on Hulu,” where 
“play” is the user intent, “Harry Potter and the Prisoner of Azkaban” is the entity, 

-
tists at Amazon were able to teach Alexa, in short order, to understand, “Alexa, buy 
milk at Whole Foods.”

Other home assistant platforms, such as Siri and Google Assistant will inevitably 

themselves enabling voice recognition as a site navigation and ordering tool. Giv-
en the massive number of data points – Walmart had a reported 70 million distinct 

-

years of expertise, on the part of both algorithm developers and data annotation 
providers, for those companies that have already established themselves in those 

through both voice and visual augmentation – creating a virtual store based on 

take a virtual walk through a supermarket, department store, general merchandis-

by virtually grabbing them or speaking commands – and then heading to their own 
personal cashier.

-
spatial data analysis. And it will place a premium on working with data annotation 
providers with cross-disciplinary expertise in each of those sectors.



DIGITAL FORTUNE TELLERS AND PREDICTIVE MODELING 

-
tion providers) are also looking at ways to expand the use of predictive modeling 

-
tions that inevitably make the connection back to sales and marketing decisions 
through inventory management.

Just as airlines and hotels use predictive modeling to manage – and price – per-

looking at ways to enhance their inventory planning, and merchandising decisions, 
-

ter understanding of what consumers are likely to buy (and when) based on past 
behavior. 

Since that latter specialty requires access to consumer data, there are privacy 
issues to address – but experts in the space point out that many predictive oper-
ations can work with anonymized data, so long as there’s a unique (albeit anony-

At the heart of the process is the notion that past purchases can be used to pre-

taking into account time of year, intervals, and other environmental factors, a logic 
equation should determine the likelihood of the same person shopping for Prod-

eventually need more razor blades; the next-level question becomes, if someone 

Understanding those relationships generates hugely powerful – and lucrative – 
data that can be applied to everything from merchandising programs, seasonal in-
ventory decisions, product placement, loyalty programs, and other programs that 
speak directly to the preeminent Siamese Twins of retail: cost of customer acqui-
sition and retention on one side, and lifetime customer value on the other. Any tool 

executive suite of any retailer with the scale and resources to put it to work.

The data scientists developing those predictive algorithms require a massive 
amount of annotated training data in order to complete their work. The Machine 
Learning algorithms need to extend beyond standard pattern recognition to ac-
quire an understanding of the causal, or at least correlational relationships be-
tween data points. 

There’s an argument to be made that establishing a pure causal relationship be-



The possibilities for predictive merchandising become even more intriguing with 
-
-

a more critical predictive factor if it means that someone in the family is going to 
buy another box of cereal in the days to come.

THE HUMAN FACTOR IN A WORLD OF BINARY DECISIONS. 

drone or an autonomous vehicle, which is tasked primarily with navigating around, 

categorization as a human would.

For that reason alone, human-in-the-loop data analysts have proven to be vital in 

annotation is concerned. Automated annotation programs can examine a scan of 

computer program to understand seasonal and cultural subtleties without having a 
human guide to that conclusion is an exercise fraught with danger.

That’s why the leaders in global retailing, and the technology labs that serve them, 

expertise. 
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CAT AND MOUSE BETWEEN HUMANS AND MACHINES

Algorithm development is in part the art and science of building the equivalent of 
human pattern recognition into a software program. That applies to everything 

queries to spotting suspicious user behavior. Particularly when the suspicious 
behavior is an attempt to game a system. With an aggregate of billions of dollars 
at stake every year, fraud detection has become a key feature for sales enabling 

buyer are supposed to play by the rules, but don’t always behave.

The heart of the scam is a coded, sometimes overt but more often subtle, commu-

in the process deprive the platform operator its share of the transaction. A human 
observer would likely catch on quickly to a platform scam that could be as simple 

wink, wink, nod, nod exchanges that characterize 2020 scammers are far better 
disguised, and require algorithms with a similar ability to carefully parse exchanges 
looking for communication worth investigating.

-
changes involving phone numbers, email addresses, mailing addresses and the 

a mailing address in order to ship product processed through the platform, and a 
buyer asking for a seller’s address so they can meet to facilitate a side deal. Some-

Teaching a machine to recognize the intent behind otherwise innocuous-seeming 

phrases and then to correctly parse intent, entity, and context in a single sentence. 
And over time it’s become something of a “whack a mole” exercise as fraudulent 
actors do their best to fool the fraud detection algorithm – even with something as 

-

(looking to game the system) realized that the platform was monitoring for this they 
began to evolve.” Step one: writing out the numerals as words. When the platform 
caught on, they resorted to writing the numbers as a single block (sevennineoneth-
reeonetwonineninenineseven). When the algorithm caught on to that they moved 
on to numbers written as the upper-case keyboard symbol above each number.

got a deal for ya.”



BUILDING THE TEAM – PROCESS AND TALENT

logic engine. The best data analysts are smart, dogged, with a creative streak – part 

core a very human process, one that requires an ability to think like a shopper, to 
understand motivation and salesmanship, and to have above all else, empathy for 

retail data analyst also needs an eye for detail, the ability to spot and understand 
-

uct attributes and descriptions.

-
ment to achieve a benchmark for success, the data analysts who help train them 

before they hit their target accuracy, but the data annotation teams that develop 
the training data form and ramp up in a tiny fraction of that time. The nature and 

architect, and production delivery manager will sit down with a client for an initial 

data the team will analyze, a discussion of data relevance, accuracy metrics, and 
process, including the adapting client documents into usable training materials for 

there is a snag, the Learning and Development team will investigate to determine if 
there’s been human error on the part of the data analysts that requires additional 

miscommunication between client and team. 

-
thing from data mining, to mapping data against taxonomies and even “hard wiring” 
correct search results into a database. The Learning and Development team will 

edge case outliers and basic, common queries. All of that needs to be communi-

building to an acceptable level of accuracy on data categorization and other as-

-

or how they have been absorbed. 



becomes: are the mistakes a function of human (data analyst) error, or something 
-

to accurately analyze data points with an accuracy rate at or above the commonly 
accepted benchmark of 95 percent, and annotate data points as rapidly as one ev-

categorization data points – extraordinarily fast even if not quite the speed of what 
will eventually become a fully functioning algorithm.
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THE COMING AI REVOLUTION IN RETAIL AND CONSUMER 

PRODUCTS: INTELLIGENT AUTOMATION IS TRANSFORMING 

BOTH INDUSTRIES IN UNEXPECTED WAYS
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