
 
 
 
 
 

Copyright  © PLATT RETAIL INSTITUTE LLC 2019.   All rights reserved. 

Platt Retail Institute (PRI) is 

an international consulting 

and research firm that focus-

es on leveraging technology 

to impact the consumer ex-

perience and store opera-

tions. Central to this is build-

ing actionable data models 

that aid retailers and tech-

nology companies in gaining 

insights into their customers 

and operations. In addition 

to its global consulting ex-

pertise, PRI also publishes 

pioneering industry re-

search. Learn more. 

This document is not to be 
reproduced or published, in 
any form or by any means 
wi thout  the  express writ-
ten permission of Platt Retail 
Institute. This material is pro-
tected by copyright pursuant 
to Title 17 of the U.S. Code. 

 
 

www.plattretailinstitute.org 

 

Enhancing a Retailer’s Online Search Returns  

Using Machine Learning  

By Yunxuan Wang, Tianhua Zhu, Tianyu Li, Yiqing Li, Yi Wu, Graduate Students, Integrat-

ed Marketing Communications Program, Medill, Northwestern University 

F rom April to June 2019, a team of five graduate students at Northwestern Uni-

versity conducted a research project to consider ways to enhance the online 

user search experience for a major retailer’s website. The project showcased appli-

cations of a variety of programming and machine learning techniques, including tf-

idf, text-similarity, Latent Dirichlet Allocation, and K Nearest Neighbors. 

At the beginning of the project, the 

team discovered two opportunities 

for search improvement on the 

website. One was that some search 

terms returned no search results. 

For example, if the search term en-

tered was “Christmas gift for girl-

friend” on the website, no product 

would be returned.  However, this 

is a search term that a customer 

would very possibly use. The second issue discovered was that some customers 

perceive a product in a way that is different from how the website management 

team does. For example, in customer reviews, an item labeled by the retailer as a 

“casual dress” was described by a customer as a “fancy dress.” This gap creates a 

potential challenge for generating matching search results and sales.  

The two issues both led to undesirable search results that were either irrelevant or 

null. Only if the results were relevant and accurate would the customer get to the 

last step of a purchase decision. Otherwise, the customer may leave the site, and 

there would not be a sales conversion. Working with the Retail Analytics Council AI 

Lab at Northwestern University, the retailer sought to resolve this discrepancy to 

optimize the conversion rate on its e-commerce site and achieve greater sales lift.   

The team started with the premise that a model taking into account not only the ob-

jective product descriptions but also the customers’ perception of the products 

would be able to produce more satisfying search results. Therefore, the goal is to 

build a machine learning model that is better at capturing the intended meaning of 

the search terms by incorporating customer reviews. To accomplish this, the very 

first step is to prepare text-data for machine learning models. The performance of 

the final model relies on the quality of text pre-processing.  

To convert text to a format that the “machine” can understand, the team first parsed 
the text to remove punctuation and stop words and conducted lemmatization. After 
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1 Sometimes the topic keyword may not provide enough information to make sense of a specific topic. To address the issue of insuffi-

cient information provided by the weightage of keywords in each topic, the team pulls out and examines the most important docu-

ments for each topic. By manually going over the customer reviews, the team is able to capture the important nuances between the 

topics and develop a more well-rounded understanding of factors salient to consumer online experience. 

these initial cleanings, each product had a pool of words associated with it, which was referred to as a docu-
ment. Then, the team experimented with two ways of text vectorization to flag the features of each product, 
defined by word occurrences. The first was a simple occurrence encoding, using CountVectorizer from Py-
thon’s Scikit-learn to tokenize, build a corpus, and then encode a document. The encoded vector contains an 
integer count of the number of times each word appears in a document. The problem with word count, howev-
er, is that commonly occurring words have large counts in the documents but provide little meaning. To ad-
dress the issue, the team implemented the TF-IDF feature generation approach. Essentially, TF-IDF takes 
into account word occurrence both locally within a document and globally across the documents, highlighting 
words that are more interesting to a specific document.  

With all the documents encoded, the next step is to quantify the similarities among documents and the search 
terms to be entered by the customers. The team tried an unsupervised version of the nearest neighbor model 
to find the closest instances in term of the inter-document distances represented in a vector space. To avoid 
Euclidean distance’s disadvantage of dealing with documents of uneven lengths, the team used cosine-
similarity to find the nearest samples with features named in the search terms.  

This model was able to match a search term like “great Christmas gift for girlfriend” with products related to 
festive occasions or a gifting purpose or girlfriend, thanks to previous customer reviews that mentioned cus-
tomers’ post-purchase interaction with the products. This test 
case demonstrates that even when the customer did not 
even specify the desirable kind of products but specifically 
pointed out the occasion and purpose of the purchase, the 
model in training was able to provide some relevant options 
for further review.  

However, this model still has its limit in processing the infor-
mation by each individual word, ignoring both the link among 
words and the words not included in the current corpus. In 
order to capture more of the ambiguity in search terms, the 
team further explored topic modeling, which is a technique 
that helps extract hidden topics from texts. It would help 
identify key factors pertaining to customer online shopping 
experiences so that the team could make recommendations on search and non-search improvements.  

The team chose to experiment with Latent Dirichlet Allocation, a topic modeling technique that is often useful 
for search engines, news article analysis, etc. LDA assumes that each document is generated from a collec-
tion of topics and each topic is generated from a collection of words. Given a set of documents, LDA would 
reverse engineer the process to find the topics that make up the documents in the first place. Using the Gen-
sim package from Python, the team was able to implement LDA and extract several segregated and mean-
ingful topics that unveil customer sentiment, preferences, and concerns.1  

Overall, the team was able to identify search and non-search related solutions to improve the online shopping 
experience of the customers. Notwithstanding, this research has certain limitations, such as only using a few 
product categories to build the models, only using website data over a short time period, and lack of objective 
and systematic ways to test the models. However, it provided a simple demonstration of using machine learni 
ng techniques to solve problems in an online retail scenario.  
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Standards Support Robots in Retail 
 

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

I n 1993, a group of retailers wondered why every new point-of-sale system pur-
chase required replacement of their data model. After all, the data had not 

changed since previous systems were purchased and continued to include stand-
ard categories such as item identification, price, quantity, taxes, etc. The retailers 
consulted with the National Retail Federation (NRF) about their concerns and the 
Association for Retail Technology Standards (ARTS) was formed.  

According to an NRF news release1 on March 13, 2017, “ARTS … is best known for 
making technology less expensive for retailers. Its standards offer reference designs to 
help retailers build or acquire integrated business applications, help developers and an-
alysts understand basic retail business principles, and offer a suite of data management 
tools to allow different data formats to communicate.” 
 
The news release also announced a new partnership between NRF and the Object 
Management Group to manage a portion of the functions previously performed by 
NRF’s ARTS division. OMG is an international, open membership, not-for-
profit technology standards consortium, founded in 1989.2 

Currently, there are two groups in OMG working on retail robotic interfaces: 

 OMG.org/Retail is the organization within OMG that is responsible for all the 
ARTS standards and any new standards created under the OMG umbrella. 

 OPOS-J is the organization in Japan started in the 1990s to provide Japa-
nese input into the standards process under the ARTS and now OMG.org/
retail umbrella.  

The mission of OMG.org/Retail is to increase the benefits and reduce the costs, 
risks, and timescales of using information technology within the retail sector by: 

 Developing and promoting standardized retail business models and practic-
es that foster a shared understanding of retail business principles, terminol-
ogy, and data between retailers and their suppliers. 

 Establishing technical standards, specifications and best practices that ena-
ble communication of business data within retail enterprises, and between 
retail enterprises and their suppliers. 

 Creating standards for the integration of IT applications and devices into 
retail business systems. 

 Communicating the requirements of the retail industry to IT suppliers and 
users, both inside and outside OMG.3 

1https://nrf.com/media-center/press-releases/nrf-and-object-management-group-form-partnership
-retail-technology 
2 https://www.omg.org/about/index.htm  
3 https://www.omg.org/retail 
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 What are the Robot Command Messages? 
 
Tadashi Furuhata and Toyohiro Yasumoto were the primary authors of the OMG 
robotics work. They created a set of commands for controlling the movement of a 
robot, as pictured in the Business Process Robot Architecture diagram below.  

 2D and 3D Computer Vision – The robot can capture still or video imag-

es, then be able to recognize individuals in the image. On the output side, 

the robot can format an image for display. 

 Language Perception – The robot can either record or play various 

sounds. In addition, it can recognize if a voice is spoken and from that be 

able to decode the speech in the audio recording.  

 Gesture Control – What good is a robot that can’t move and grab things? 

The gesture control is the set of messages that manages the robot’s 

movement. One message is about posing the robot. Another message 

covers moving the robot. When the robot gets to the proper location, then 

it needs to be able to move its arm in a specified pitch, yaw, and roll di-

rection. Now with the robot in the right location with the arm correctly 

placed, it needs to be able to grab items. All of this is done with the set of 

gesture control messages. 

 Power Management – Device monitoring allows one to monitor the state of the various components of 

the robot. One can identify which device to monitor and query it for its status. 

  

Tadashi Furuhata (right) visits with 

Pepper during the 2016 Smarter 

Retailing Forum. 
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 The advantage of these standards is that they allow other applications to interact with the robot without know-
ing anything about the robot and vice versa. That is a critical requirement in the modern microservices world. 

How can robots be used in the normal retail process automation? 

Now that one can control the robot, how can the robot be used within a retail environment? As the Business 
Process Robotic Automation Interfaces diagram above illustrates, with these standard messages, a robot can 
be used to: 

 Get information about customer requirements. 

 Identify the various items, evaluate if they are in inventory, and determine where they are located in 
the store.   

 Go to the location of each item following an optimized path.   

 Retrieve the items and put them into a shopping cart.  

 Charge the purchase to the customer’s debit/credit card and create a receipt for the customer.  

 Direct an autonomous driving car to a predetermined parking place.  

 Take the purchased shopping basket to the autonomous driving car for delivery to the customer. 

Robots are rapidly being deployed in retail. As the above illustrates, this is just one potential scenario that 
demonstrates the need for standards that enable the robot to interface with other retail systems. This interac-
tion only works if all of the technology components involved speak a standard language.  
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