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Predictive analytics is a process of developing data mining techniques that use analytical models discovering 

hidden patterns and apply them to predict future trends and behaviors. Predictive analytics is applied at every 

stage of retail process-working out what the popular products will be by predicting trends,forecasting where the 

demand will be for these products,optimizing pricing for a competitive edge identifying the customers likely to 

be interested in them and working out the best way to approach them,taking their money and finally working out 

what to sell them next. Organisations like Amazon, Netflix, Tell,Macy's, Stitchfix,Turkcell,Wal-

Mart,RedHat,Marriott hotel,Fourseasons,RitzCarlton,have successfully used predictive analytics .  

 

1. Introduction 
1. Have you ever dreamed about learning what products your customers would be the most likely to buy in 

advance?  

2. How great would it be if you could maximize your profits by determining the highest price a customer will 

pay for a product? 

3. What if you could optimize customer service to resolve concerns proactively before they become issues? 

4. Do you think this sort of advanced insight would allow you to make even more money from your 

eCommerce efforts? 

5. Predictive analytics is making all these dreams a reality by offering solutions for these three areas and much 

much more. 

6. This report summarizes trends in the use of predictive analytics in retail across twelve different categories, 

as well as several more emerging predictive analytics activities.  

 

1.1 What is Predictive Analytics? 

Predictive analytics is an area of data mining that deals with extracting information from data and using it to 

predict trends and behavior patterns of the unknown event of interest in the future, but predictive analytics can 

be applied to any type of unknown whether it be in the past, present or future. For example, identifying suspects 

after a crime has been committed, or credit card fraud as it occurs. The core of predictive analytics relies on 

capturing relationships between explanatory variables and the predicted variables from past occurrences, and 

exploiting them to predict the unknown outcome. It is important to note, however, that the accuracy and 

usability of results will depend greatly on the level of data analysis and the quality of assumptions. 

Predictive analytics is often defined as predicting at a more detailed level of granularity, i.e. generating 

predictive scores (probabilities) for each individual organizational element. This distinguishes it from 

forecasting. For example, ―Predictive analytics—Technology that learns from experience (data) to predict the 

future behavior of individuals in order to drive better decisions. In future industrial systems, the value of 

predictive analytics will be to predict and prevent potential issues to achieve near-zero break-down and further 

be integrated into prescriptive analytics for decision optimization. Furthermore, the converted data can be used 

for closed-loop product life cycle improvement.  

 

2. How Do You Deliver Predictive Analytics? 
2.1 The Process of Predictive Analytics 

Predictive models incorporate the following steps 

 

1. Project Definition: Define the business objectives and desired outcomes for the project and translate them 

into predictive analytic objectives and tasks.  

 

2. Exploration: Analyze source data to determine the most appropriate data and model building approach, 

and scope the effort 

 

3. Data Preparation: Select, extract, and transform data upon which to create models.  
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4. Model Building: Create, test, and validate models, and evaluate whether they will meet project metrics and 

goals.  

 

5. Deployment: Apply model results to business decisions or processes. This ranges from sharing insights 

with business users to embedding models into applications to automate decisions and business processes 

 

6. Model Management: Manage models to improve performance (i.e., accuracy), control access, promote 

reuse, standardize toolsets, and minimize redundant activities. 

 

1. Defining the Project 

Although practitioners don‘t spend much time defining business objectives, most agree that this phase is most 

critical to success. The purpose of defining project objectives is to discourage analytical fishing excursions 

where someone says, ―Let‘s run this data through some predictive algorithms to see what we get.‖ These 

projects are doomed to fail.  

 

Collaboration with the Business. Defining a project requires close interaction between the business and 

analytic modeler. ―I work daily with our marketing people,‖ says a business analyst. To create a predictive 

model, this analyst meets with all relevant groups in the marketing department who will use or benefit from the 

model, such as campaign managers and direct mail specialists, to nail down objectives, timeframes, campaign 

schedules, customer lists, costs, processing schedules, how the model will be used, and expected returns. ―There 

are a lot of logistics to discuss,‖ she says. 

 

2. Exploring the Data  

The data exploration phase is straightforward. Modelers need to find good, clean sources of data since models 

are only as good as the data used to create them. Good sources of data have a sufficient number of records, 

history, and fields (i.e., variables) so there is a good chance there are patterns and relationships in the data that 

have significant business value.  

TN Marketing‘s Siegel uses an analytical tool and descriptive statistics to analyze the quality and predictive 

characteristics of various data sets, which he downloads directly from source systems to his desktop. The tools 

and techniques help him quickly identify 20 or so variables out of 200 that offer the best chance of delivering 

good performance (i.e., models that accurately predict values.) However, some data sets don‘t generate accurate 

models because (1) there are too many missing values or errors, (2) the data is too random, or (3) the data 

doesn‘t accurately reflect what it‘s supposed to represent.  

Tools. Predictive modelers use a variety of tools to explore and analyze source data. Most analytical tools 

offer some exploratory capabilities. Basic tools enable analysts to compile descriptive statistics of various fields 

(e.g., min/max values and standard deviation), while others incorporate more powerful data profiling tools that 

analyze the characteristics of data fields and identify relationships between columns within a single table and 

across tables. Data profiling tools are common in data quality projects and are offered by most leading data 

quality and data integration vendors. A small percentage of analysts use advanced visualization tools that let 

users explore characteristics of source data or analyze model results visually.  

 

3. Preparing the Data 

Cleaning and Transforming. Once analysts select and examine data, they need to transform it into a different 

format so it can be read by an analytical tool. Most analysts dread the data preparation phase, but understand 

how critical it is to their success. ―I‘m going through the painful process right now of scrubbing data for a 

project,‖ says Siegel. 

Preparing data means first cleaning the data of any errors and then ―flattening‖ it into a single table with dozens, 

if not hundreds, of columns. During this process, analysts often reconstitute fields, such as changing a salary 

field from a continuous variable (i.e., a numeric field with unlimited values) to a range field (i.e., a field divided 

into a fixed number of ranges, such as $0–$20,000, $20,001–$40,000, and so forth), a process known as 

―binning.‖ From there, analysts usually perform additional transformations to optimize the data for specific 

types of algorithms. For example, they may create an index from two fields using a simple calculation, or 

aggregate data in one or more fields, such as changing daily account balances to monthly account balances. 

 

4. Building Predictive Models 

Creating analytic models is both art and science. The basic process involves running one or more algorithms 

against a data set with known values for the dependent variable (i.e., what you are trying to predict.) Then, you 

split the data set in half and use one set to create a training model and the other set to test the training model.  

If you want to predict which customers will churn, you point your algorithm to a database of customers who 

have churned in the past 12 months to ―train‖ the model. Then, run the resulting training model against the other 
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part of the database to see how well it predicts which customers actually churned. Last, you need to validate the 

model in real life by testing it against live data.  

As you can imagine, the process of training, testing, and validation is iterative. This is where the ―art‖ of 

analytic modeling comes to the forefront. Most analysts identify and test many combinations of variables to see 

which have the most impact. Most start the process by using statistical and OLAP tools to identify significant 

trends in the data as well as previous analytical work done internally or by expert consultants. They also may 

interview business users close to the subject and rely on their own knowledge of the business to home in on the 

most important variables to include in the model.  

As a result, most analysts cull the list of variables from a couple hundred in an initial version to a couple 

dozen in the final model. Along the way, they test a variety of algorithms to see which works best on the 

training data set. They may find it necessary to add new data types or recombine existing fields in different ways 

to improve model accuracy. This iterative process makes creating models labor-intensive and time-consuming.  

Selecting Variables. Most analysts can create a good analytic model from scratch in about three weeks, 

depending on the scope of the problem and the availability and quality of data. Most start with a few hundred 

variables and end up with 20 to 30. This agrees with our survey results showing that a majority of groups (52%) 

create new models within ―weeks‖ and another third (34%) create new models in one to three months. (See 

Figure 10.) Once a model is created, it takes about half the groups (49%) a matter of ―hours‖ or ―days‖ to revise 

an existing model for use in another application and takes another 30% ―weeks‖ to revise a model. In addition, 

about half (47%) of models have a lifespan shorter than a year, and one-third (16%) exist for less than three 

months. 

 

5. Deploying Analytical Models 

Focus on Business Outcomes. A predictive model can be accurate but have no value. Predictive models can fail 

if either (1) business users ignore their results or (2) their predictions fail to produce a positive outcome for the 

business. The classic story about a grocery that discovered a strong correlation between sales of beer and diapers 

illustrates the latter situation. Simply identifying a relationship between beer and diaper sales doesn‘t produce a 

valuable outcome. Business users must know what to do with the results, and their decision may or may not be 

favorable to the business.For example, the business could decide to display beer and diapers together at the front 

of the store to encourage more shoppers to purchase both items. Or they could decide to place the dual beer-and-

diaper display at the back of the store to force shoppers to move through more aisles to obtain these items. Or 

they could place beer and diapers at separate ends of the store to force shoppers to spend the maximum time 

possible walking through the aisles. Their decision, not the model results, ultimately determines business 

value.Clever store managers can also use predictive models to help make this decision. By formulating a simple 

test with well-matched test and control groups, the manager can accurately anticipate the revenue impact of 

different beer and diaper placements using predictive modeling techniques.  

There are many ways to deploy a predictive model  

 

A. Share the Model You can share insights with business users via a paper report, a presentation, or a 

conversation. For example, Sedgwick CMS creates analytic models to enhance the claims management 

process and offer recommendations for business process improvements. ―Most of our models are part of a 

consultative approach to minimize our client‘s cost of risk,‖ says Higdon. 

 

B.  Score the Model Most organizations transform a predictive model into a SQL statement or programming 

code and then apply the statement or code to every single record in the company‘s database pertaining to 

the subject area of the model. The result is a ―score,‖ usually a value between 0 and 1, that gets inserted into 

the database record as an additional field. A marketing manager, for example, might then select customers 

for a direct mail campaign who scored above 0.7 in a predictive model that measures customers‘ propensity 

to purchase a specific product and respond to mail campaigns. Typically, companies score records on a 

monthly basis since the scoring process can consume a lot of time and processing power. A growing 

number of companies are starting to score models dynamically as records arrive. Some do this to cut the 

time and expense of processing large numbers of records in batch, while others find it can be highly 

profitable. For example, dynamic scoring enables an e-commerce outfit to display cross-sell offers to Web 

customers who just purchased or viewed a related item. Or a manufacturing company can use dynamic 

scoring to schedule maintenance for a factory floor machine that is about to break. Our survey shows that 

most organizations score models monthly or quarterly. However, 17% score models weekly, 13% score 

daily, and 19% score dynamically.  

 

C. Embed the Model in a BI Report Predictive models are understood by only a handful of people and 

dispersed to even fewer. It‘s not that predictive models and scores exceed the comprehension of the average 

business user, but most users have never been exposed to these models and don‘t know what to do with the 
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results. Embedding these results into BI tools and reports is one way to overcome the hurdle of limited 

distribution. However, this may require modifying the model or report to make it easier for end users to 

interpret the results. Corporate Express, Inc., a business-to-business supplier of office and computer 

products, created a logistic regression model to predict customer churn using analytical capabilities built 

into the MicroStrategy 8 BI platform. The company runs the model weekly against its entire database of 

60,000 customers and delivers highly accurate results. However, the company had to figure out how to 

disseminate the results so salespeople could put the results to good use.―We had to simplify the model to 

make it usable for the sales reps. These folks speak in terms of average order size, not R-squared values,‖ 

says Matt Schwartz, director of business analysis at Corporate Express.  

 

Tripwires. Rather than presenting salespeople the complete churn model for each customer, Corporate Express 

uses what it calls ―tripwires‖ to highlight one variable in the model that might cause the customer to churn. For 

example, the report might highlight the model‘s frequency variable (i.e., time between purchases) to show that a 

customer who has purchased toner every week for the past year has not made a purchase in the past month. ―The 

tripwires give the sales reps something to discuss with customers,‖ says Schwartz. 

Corporate Express shows it‘s possible to distribute predictive models to a general population. The challenge 

is not the technology; it‘s delivering predictive results in a form that users can understand and apply. Once 

organizations learn how to display predictive results, BI tools will be a good vehicle for distributing regression 

models to support forecasting and variance analysis applications, according to Gerry Miller, technology 

integration services principal at Deloitte Consulting LLP.  

 

D.  Embed the Model in an Application Another way to deploy a predictive model is to embed it into an 

operational application so it drives business actions automatically. To operationalize a predictive model, 

you need to embed the model results or scores into a set of rules. The rules usually create an ―if, then, else‖ 

statement around a score. So, a Web recommendation engine might create the rule, ―If a customer who just 

purchased this product exhibits a product affinity score of 0.8 or higher, then display pictures of the 

following items with the text, ‗You may also be interested in purchasing these other items:‘‖ Some rules are 

based entirely on model scores, while others use scores as one element in a more complex rule that includes 

other variables, such as the time of day or month, type of customer, or type of product. For example, 

Sedgwick CMS uses complex rules composed of model scores and other variables to trigger referrals in its 

managed care division. It applies the rules on an ongoing basis to alert a claim handler when a claim 

possesses high-risk characteristics and should be treated differently, says Higdon. The Holy Grail of 

operationalized predictive models is to create an automated environment in which models and scores are 

both dynamically updated and applied as new events occur. Experts refer to this state as a ―lights out‖ 

decision-making environment or decision automation. This type of online processing is only suitable for 

well-known processes where the actions are highly scripted. For example, a model might trigger the 

creation of new purchase orders when inventory falls below a certain threshold. Or, a model might detect 

fraudulent transactions and recommend actions based on the characteristics of the transaction. In reality, 

however, a human component will almost always exist in these ―automated‖ decision-making 

environments. You need people who understand the model and the business and can validate the model 

results and recommended actions before they are executed. Without human intervention, companies risk 

making poor decisions based on faulty or spurious model results.  

Our survey shows use of all the approaches mentioned above. Two-thirds (65%) use predictive model insights 

to ―guide decisions and plans.‖ A slight majority (52%) use models to ―score records,‖ while 41% ―import 

models into BI tools or reports,‖ 36% use scores to ―create or augment rules,‖ and 33% ―embed rules or models 

in applications to automate or optimize processes.‖ 

 

6. Managing Models 

The last step in the predictive analytics process is to manage predictive models. Model management helps 

improve performance, control access, promote reuse, and minimize overhead. Currently, few organizations are 

concerned about model management. Most analytical teams are small and projects are handled by individual 

modelers, so there is little need for check in/check out and version control. ―We don‘t have a sophisticated way 

of keeping track of our models, although our analytical tools support model management,‖ says one practitioner. 

She says her four-person team, which generates about 30 models monthly, maintains analytical models in 

folders on the server.  

However, some expect an increase in the demand for model management to enable compliance and auditability 

with new standards and regulations. IT managers, in particular, want to impose greater structure on ad hoc 

analysis activities and multi-vendor analytical environments to minimize risks. Although model management 

can help teams of analytical modelers work more efficiently, few currently work within a rigorous project 

environment that adheres to industry standards for designing, creating, and publishing models.  
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A majority of organizations (61%) still use an ad hoc or project-based approach to developing analytical models, 

according to our survey. Only 36% have either a program office or Center of Excellence to coordinate predictive 

modeling tasks. These results expose the relative immaturity of the practice of managing predictive analytics 

projects.  

 

3. Widely-Adopted Predictive Analytical Trends in Retail 
3.1 Trend Name: Assortment Optimization and Shelf Space: Allocation using analytics to determine what 

products to offer in what quantities. 

 

Type of Trend: Predictive analytics process 

 

Description of Trend: Predictive analytics can be used to determine which products provide the highest level 

of sales and profits. Assortments and shelf space allocations are increasingly being localized to the store chains 

and even individual store level.  

 

Status of Trend: Rapidly maturing with regard to micro-level analysis and chain-wide assortment planning;  

more emergent at the macro level and for cluster-specific or store-specific optimization. Underlying Rationale: 

Retailers have planned shelf space for decades, and planogramming has become increasingly more 

computerized (i.e., with CAD tools). However, only through the use of optimization techniques can the profit 

impact of different planograms and store layouts be realized. According to one study, retailers are likely to lose 

almost half of the intended purchases when a consumer confronts an out-of-stock product. Consultants estimate 

that assortment optimization can lead to a 7-15% increase in sales and gross margin dollars, and 10% increases 

in full price sales.. 

 

Exemplars of Trend: Lowes, the US home improvement retailer, manages over 800 planograms per store in 

collaboration with over 150 key suppliers. Apparel retailer Belk employs collaborative merchandising business 

processes and technology to drive better assortments on the selling floor, optimizing style/color/size by store, 

and allowing collaboration among internal departments and with suppliers. Better assortments have led to higher 

sales.UK-based retailer Marks & Spencer achieved $2.5 million in labor efficiencies and $1.5 million in 

operating improvements, as well as a number of intangible improvements, through planogram automation and 

optimization. 

 

Managerial Implications: Assortment and shelf space optimization impacts one of the broadest sets of business 

processes among the categories available to retailers. Therefore, retail executives should have a plan and 

sequence in mind for how they will implement such a broad capability.  

 

3.2 Trend Name: Customer-Driven Marketing: Use of customer data to segment, target, and personalize 

offerings.  

 

Type of Trend: Predictive analytics process. 

 

Description of Trend: Since customers first became identifiable through loyalty or credit cards , retailers have 

strived to personalize offers and marketing approaches. Offers may include products with a high likelihood of 

customer interest (―next best offer‖), targeted promotions, or customized product display in catalogs or on web 

pages.  

 

Status of Trend: New channels (e.g., mobile devices) are always emerging, as are new restrictions on customer 

data acquisition and management (which vary by country).Underlying Rationale: More recently, sophisticated 

retailers have largely focused on actual customer behavior as a predictor of future buying behaviors, and have 

used internal behavioral data to target offers.  

 

Exemplars of Trend: UK-based retailer Tesco has profited greatly from the introduction of its loyalty card 

program ClubCard. 80% of Tesco‘s sales can be tracked through ClubCard. The retailer provides rebates of 1% 

of customer purchases—historically by direct mail, but increasingly by email. 

US grocer Kroger’s partnership with dunn hum by is a competitive advantage that is allowing the company to 

better understand changing consumer behavior and to target customers‘ needs and wants.. The promotions in 

these Kroger mailings have a 40% redemption rate and coupons on the bottom of register receipts have a 20% 

redemption rate, which compares to the industry average of less than 2%.‖ 

 

Managerial Implications: Predictive Analytics are not the most difficult issue in customer-driven marketing  
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for offline retailers; getting and maintaining unique customer information is often more problematic. Most 

retailers grasp the importance of a unique means of identifying customers, so they have already considered or 

adopted loyalty .Several retailers noted that one of their key challenges was capturing and acting upon multi-

channel data, particularly for channels that they have not traditionally exploited with customers. Retailers of all 

types should focus on multi-channel data and customer targeting at the earliest opportunity. 

 

3.3 Trend Name: Fraud Detection and Prevention”:The use of analytics to detect and prevent online and 

offline fraud 

 

Type of Trend: Predictive analytics process 

 

Description of Trend: Fraud detection is a critical issue for retailers determined to prevent losses and preserve  

customer trust. Fraud can originate from customers or people masquerading as customers, store associates, or 

external criminals or hackers. The most prominent recent frauds have involved stolen credit card information 

and fraudulent merchandise returns. Shrinkage is a long-term problem for retailers, but can be addressed through 

some new analytical approaches.  

 

Status of Trend: The problem is mature, but the use of analytics and business intelligence to address fraud is  

relatively nascent. 

 

Underlying Rationale: Criminals and orchestrators of fraud are always using new tools, and retailers must 

employ analytics as well as other tools to identify and fight the various forms of fraudulent activity.  

In shrinkage and fraud by store associates, analytics can identify unusual patterns of product and inventory 

movement. Shrinkage, which amounts to about 1.5% of US retail revenues, can occur from shoplifting, 

breakage, embezzlement, and simple human error—each of which can be identified through the use of analytics.  

 

Exemplars of Trend: Online retailer Amazon.com has an aggressive program to identify and prevent credit 

card fraud, which in its first six months led to 50% reductions in fraud. Amazon uses a scoring approach to 

identify the most likely fraud situations in customer purchases. Some of the circumstances conducive to fraud 

include purchases of easily-resold goods on the gray market (such as electronics), the use of different billing and 

shipping addresses, and use of the fastest shipping option. Such variables are used to identify and prioritize 

cases for investigation. 

  

Managerial Implications: Because fraud typically involves either employee theft, payment mechanisms, or 

customer returns, retailers should put systems and processes in place that address all three issues. Payment-

related fraud should be addressed in collaboration with banks and providers of private-label credit cards. 

Customer-oriented fraud often takes place in returns, so retailers should address both clearly fraudulent returns 

and return policies that facilitate fraud. 

 

3.4 Trend Name: Integrated Forecasting: The use of statistical forecasting to support multiple functions  

 

Type of Trend: Predictive Analytical process 

 

Description of Trend: Forecasting has long been important to retailers across a variety of functions. 

Today increasing numbers of retailers are both centralizing the forecasting function to create integrated 

forecasts, and also moving to more automated and statistical forecasting approaches (rather than straightforward 

extrapolation) to rapidly generate forecasts with ranges of outcomes and probabilities.  

 

Status of Trend: Forecasting is very mature, but rapidly evolving due to ever more sophisticated automated  

statistical forecasting technologies. 

 

Underlying Rationale: Sales and demand forecasts drive a number of key merchandising, operational, and 

finance processes, including replenishment, promotions, real estate, budgeting, and even human resource 

decisions. Contemporary forecasting tools—sometimes referred to as ―demand chain management‖ software—

can generate millions of forecasts down to the store/item/day level, places confidence intervals around forecast 

results, creates forecasts for special events such as holidays, can take weather and marketing promotions into 

account, and can generate a time-phased order forecast. Benefits of better forecasting include effective and 

efficient allocation of resources, reduced inventory stockouts and excess goods, faster and more accurate 

management decision-making, and enhanced coordination between functional groups, headquarters and stores, 

and with external suppliers. 
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Exemplars of Trend: Office products retailer Staples has adopted a new approach to sales forecasting that was  

originally used for making real estate decisions on over 5,000 potential store sites. It takes eight million data 

transactions each week as input, and forecasts weekly and daily sales for more than 1,100 US stores. 

 

Managerial Implications: Implementing integrated forecasting is not only a technological initiative, but also a 

change in business processes and organizational roles. Most organizations have to reassign forecasting to a 

centralized organization to ensure that integrated forecasts are produced and employed throughout the 

organization. There also may be political issues around forecasting to be addressed by senior management 

teams. After improved forecasts are initially developed, it may take substantial time for the organization to link 

them to merchandising, supply chain, financial, human resource, and other processes. Ideally, better forecasting 

would be only one aspect of a broad approach to improving retail operating and financial processes with 

analytics. 

 

3.5 Trend Name: Localization and Clustering: Tailoring multiple aspects of retailing to local stores or 

similar clusters 

 

Type of Trend: Predictive Analytical process 

 

Description of Trend: The era of standardization in retail is ending. Retailers are customizing, for localization  

purposes, a wide variety of value proposition elements, including assortments, pricing, store formats, 

promotions, and staffing. The localization may be based on demographics, locational attributes such as 

proximity to certain businesses, and the actual shopping behaviors of local consumers. Localization can be 

pursued to the individual store level, or, more commonly and economically, to the level of a store cluster. 

 

Status of Trend: Clustering is relatively mature, having taken place in retailing for more than a decade; store- 

level localization is only emerging now. In general, localization is a less mature trend among apparel and some 

hard goods retailers. 

 

Underlying Rationale: Retailers are attempting to localize to the degree that is possible and economical, and to 

the degree that it increases sales and profits. In most cases, this is not to the level of individual stores, but rather 

to clusters based on customer and geographical attributes. Localization techniques involve a variety of different 

analytical approaches, including store site selection analytics, price and assortment optimization, behavioral 

targeting, and so forth employed Clustering may also be based on market segments or personas that were 

developed for a variety of reasons. 

 

Exemplars of Trend: WalMart has created a ―store of the community‖ localization program that tailors store  

formats, assortments, shelf space allocations, and department layouts by cluster. Where in 2001 WalMart had 

only 5 different planograms, today it has over 200 to select from. WalMart has created a ―store of the 

community‖ localization program that tailors store formats, assortments, shelf space allocations, and department 

layouts by cluster. Where in 2001 WalMart had only 5 different planograms, today it has over 200 to select 

from.  

 

3.6 Trend Name: Pricing Optimization: Using Predictive analytics to determine the optimal pricing of 

products and services through their lifecycles 

 

Type of Trend: Predictive Analytical process 

 

Description of Trend: In retail, price optimization was initially applied to markdown pricing in apparel, and 

shortly thereafter extended to initial pricing, and to everyday pricing in grocery retailing. Price optimization 

software takes as input point-of-sale information and seasonal sales data at the store level. The data feeds 

probability and forecasting algorithms to create a set of demand curves for particular SKUs in particular stores 

or clusters. The demand curve identifies the products that are the most and least price-sensitive. Additional 

optimization routines leverage these demand curves to determine optimal recommended pricing.  

 

Status of Trend: Markdown optimization among large apparel and general merchandise retailers is fairly  

mature as is the use of everyday price optimization in grocery and hard lines chains. End-to-end lifecycle 

pricing that incorporates trade fund management and promotion effectiveness is still emergent 
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Underlying Rationale: Pricing in retail has historically been an art, not a science. Merchandisers have set 

prices based on intuition and experience, and goods are promoted and marked down based on the same tools. 

The results from historical techniques have not been impressive; Accenture research suggests that one third of 

retailers have at least 10% of their merchandise left over at the end of a season, and for some the figure 

approaches 25%.  

 

Exemplars of Trend: New York area grocer D’Agostino Supermarkets, in a 2002 trial of 10 stores and 13 

categories, found unit-volume gains in the categories tested of over 6%, and sales increases of 9.7%. Gross 

profit rose 16.1% and net profit 2%. Similar results were achieved in a broad rollout. 

Drugstore retailer Duane Reade increased unit sales of baby formula by 14% and of disposable diapers by 

10% in a 20-store trial, and then expanded the use of price optimization in all its stores for non-pharmaceutical 

products. Pricing optimization has been shown time after time to increase sales and margins; it is one of the 

most direct routes between analytics and the bottom line 

.  

3.7 Trend Name: Product Recommendation: Using analytical approaches to recommend product offerings 

for particular customers 

 

Type of Trend: Predictive Analytical process 

 

Description of Trend: With the proliferation of product offerings in retail has come a need for analytical  

approaches to recommend particular products. The recommendations are typically based on correlations with 

what other customers who bought the same product are also buying (―customers who bought what you bought 

also bought this‖), which is known as ―collaborative filtering 

 

Status of Trend: Amazon.com began to offer collaborative filtering more than a decade ago. Nascent at best in 

bricks-and-mortar retailers, other than in their online businesses. There are patents of systems to provide a 

combination of clienteling and collaborative filtering, but no known use by retailers. 

 

Underlying Rationale: Online distribution has made it possible for retailers to offer a much broader range of 

products. .While collaborative filtering is the most common analytical approach for product recommendation, 

recommending products based on their specific attributes may yield more accurate recommendations. This 

requires, however, a database of product attributes, which may be difficult to develop if it doesn‘t already exist 

within an industry. 

 

Exemplars of Trend: Amazon.com is the pioneer of using item-based collaborative filtering in online retailing, 

using technology it licensed in 1997. It uses a pre-calculated item similarity matrix to make real-time 

recommendations for customers it recognizes through cookies. Tesco has recently licensed a Bayesian system 

for use in its online business, Tesco Direct. The recommendation system will recommend particular grocery 

items that customers may enjoy, and replaces a previous set of manual recommendations. 

 

Managerial Implications: Recommendation technology is important in online environments, but will be even 

more important in mobile technology settings, where small screens and lower bandwidth make it more difficult 

to search through a wide range of products 

 

3.8 Trend Name: Real Estate Optimization: Using analytics to optimize real estate sites and formats 

 

Type of Trend: Analytical process 

 

Description of Trend: Site selection has been important to bricks-and-mortar retailers for decades if not 

centuries, and the process has also long involved geographic and demographic data analysis. New inputs include 

more frequent and reliable data than was previously available from public sources; new outputs of site selection 

analyses include not only whether to build a new store, but what format to employ, whether to remodel, and 

even what merchandising approach to adopt.  

 

Status of Trend: Among the most mature of analytical trends, though continuing to evolve via more  

sophisticated analytics that apply more probabilistic algorithms and leverage ever more detailed and varied data 

sources. 

 

Underlying Rationale: Site selection approaches are evolving incrementally. Whereas in the past retailers 

might have based analyses on census data about populations and incomes in target store areas, current data are 
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both more recent (every quarter as opposed to every decade) and more varied (demographic, psychographic, 

competitor stores, customer data from loyalty programs, shopper intercepts, etc.). 

Retailers can increasingly develop integrated repositories of their real estate assets, integrated with geographic 

information systems (GIS) data and all data on leases, costs, store performance through its lifecycle (opening to 

modernization to closure) operations and maintenance, and format changes and modernization projects. The data 

can be used for rapid analysis of what-if scenarios and analysis of financial performance drivers.  

Exemplars of Trend: Apparel and related retailer Limited Brands established in 2006 a new internal group 

that addresses both assortment and real estate optimization. They are using the groups to optimize returns from 

the existing fleet of stores, optimizing space requirements, segmenting the stores, and optimizing assortments 

and inventory. Stores opened in 2007 with this new approach are performing well thus far. Home Depot has 

used analytical site selection tools since its inception in the late 1970s. More recently, it has begun to use data 

and analyses for international expansion, including in China. Site selection and sales forecasting tools suggested, 

for example, that the garden center sections of most stores could be profitably expanded, and many already have 

been. Home Depot has also modeled the number of stores a given geographical area can support, and is 

prioritizing stores for modernization. 

 

Managerial Implications: The close relationship between some of the underlying analytics used for assortment 

planning, sales forecasting, customer analysis, and analytical site selection suggests that these groups should be 

either combined or closely coordinated in many retailers. Site selection has often been done with the assistance 

of external consultants, but it may be necessary to create more in-house capabilities if they are to be integrated 

with other functions 

 

3.9 Trend Name: Supply Chain Analytics: Optimizing inventory, replenishment, and transportation costs 

with analytics 

 

Type of Trend: Predictive Analytics process 

 

Description of Trend: Supply chain management is a process of long-term importance to retailers, and various 

forms of supply chain analytics have been used for more than a decade. Analytics are employed to determine 

product quantities, identify optimal distribution center locations, and minimize transportation costs.  

Status of Trend: Relatively mature; recent advances primarily involve collaborative planning with suppliers 

and new sources of product movement data. Only the largest and most sophisticated retailers employ full 

optimization approaches. 

 

Underlying Rationale: Supply chain analytics have involved optimization of locations, inventory levels, and 

supply routes for many years; these ―operations research‖ approaches were among the earliest analytical 

approaches in business..More recently, retailers have strived to create supply chains that are more global, 

flexible, optimized, and event-driven. Radio-frequency identification (RFID) tags and readers are increasingly 

providing substantially more data on product movements and locations for retailers to analyze.. The 

―Collaborative Planning, Forecasting, and Replenishment‖ (CPFR) model provides joint visibility for key 

supply chain metrics and iterative planning and forecasting by all supply chain participants. 

 

Exemplars of Trend: Online retailer Amazon.com built a new supply chain process and systems on a non 

stationary to chastic model. The approach supports fulfillment, sourcing, capacity, and inventory decisions. It 

also implemented a new national forecasting approach at the SKU level, based on historical demand, event 

history and plans, forecasts for each fulfillment center, inventory planning, procurement cycles, and purchase 

orders..More recently, retailers have strived to create supply chains that are more global, flexible, optimized, and 

event-driven German department store retailer Metro Group is getting early advantage from the use of RFID 

data in a pilot program involving 30,000 SKUs. It can detect the movement of goods within stores, and display 

appropriate information to customers and store personnel. Electronics retailer Best Buy uses CPFR to exchange 

reports and analyses with major suppliers. It makes available, for example, base and promotional forecasts, 

inventory available and required, and forecast accuracy reports for several weeks out. The company integrates 

the data into backend systems for forecasting and allocation decisions, and expects its trading partners to do the 

same.  

 

Managerial Implications: Supply chain analytics are relatively familiar to many retailers, but the investments 

to use them are typically greater for the needed supply chain process changes than for the systems and analytical 

tools themselves. Supply chain analytics should also be jointly determined and analyzed by retailers and their 

distribution and manufacturing partners 
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3.10  Trend Name: Workforce Analytics: Optimization of staffing with regard to cost, customer shopping 

patterns, and locations 

 

Type of Trend: Predictive Analytics process 

 

Description of Trend: Workforce management and optimization applications help to align labor schedules to 

store traffic, required fixed activities and other variables driving store activity. They can substantially improve 

schedule effectiveness and labor-to-sales productivity, as well as customer service levels. These applications 

optimize the match between the supply of labor and forecasted demand. The best systems address employee 

preferences for when they can and cannot work, and when they prefer to work. Analytical tools are also used for 

workforce acquisition, both in identifying the most effective employee attributes, and in scoring potential 

employees as hiring candidates. Analytics can also be used to select store managers with attributes correlated 

with high performance.  

 

Status of Trend: Mature; most large retailers have explored workforce analytics, and most have some sort of  

scheduling optimization system in place. There are several software firms that specialize in this set of 

applications.  

 

Underlying Rationale: After cost of goods, labor is the most significant expense for most bricks-and-mortar 

retailers, and labor scheduling is one of a store manager‘s knottiest and most recurrent problems. Tools for labor 

scheduling can not only reduce management time spent on this task, but can do a better job of scheduling 

workers with the right skills when customers are most likely to visit their stores. The most advanced systems 

employ other variables in labor scheduling, including upcoming promotions, arriving inventory, and local 

macroeconomic data. Workforce acquisition systems can be used to determine which employee and manager 

attributes are most highly correlated with high performance, and then score job candidates based on the degree 

to which they possess the desired attributes.  

 

Exemplars of Trend: The giant discounter WalMart implemented a workforce management system that 

schedules workers based on predictions of when customers will be most likely to shop. The approach is being 

widely adopted by other retailers, but has been criticized for forcing workers to split shifts and adopt work hours 

that they don‘t want. Outdoor retailer Recreational Equipment, Inc. (REI) adopted a workforce management 

application that supports labor forecasting and workforce optimization. The company estimates that the resulting 

improvements in customer service have led to 1% higher sales. Employees generally feel that the system leads 

to greater equity in scheduling. REIhas consistently ranked in the ―100 Best Companies to Work For in 

America‖ survey in Fortune magazine. Tools for labor scheduling can not only reduce management time spent 

on this task, but can do a better job of scheduling workers with the right skills when customers are most likely to 

visit their stores  

 

Managerial Implications: This is a politically-laden topic, and some retailers won‘t even admit that they use 

workforce management systems. However, their use is clearly growing. One key way to limit the political 

fallout is to use employee preferences as a key variable in scheduling algorithms. Previously-expressed general 

preferences may be used as an input, or qualified employees can bid on work times that they prefer (as in labor 

scheduling for airline flight crews). This may make the system somewhat less efficient, but it is usually far 

superior in fostering employee satisfaction. Accurate demand forecasts are also critical to enabling labor 

schedule accuracy. Ideally these forecasts should be synchronized with merchandising and marketing sales 

plans. 

 

3.11 Trend Name: Analytical Performance Management predicting financial performance from nonfinancial 

and intangible performance factors 

 

Type of Trend: Strategic initiative 

 

Description of Trend: Almost all retailers would like better insights into what factors drive their financial  

performance. But some have taken the lead by performing analyses that relate nonfinancial factors to financial 

performance, usually at the store level. Among the factors typically driving financial performance are employee 

engagement (satisfaction with and involvement in the job) and customer satisfaction. Status of Trend: Still 

nascent; while some retailers such as Sears did this type of analysis in the 1990‘s, it has yet  

to be widely adopted—typically because of a lack of good data on nonfinancial performance factors. 
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Underlying Rationale: Performance management is typically pursued through reports on past financial 

performance. However, it is possible to predict and explain financial performance by relating it statistically to 

the business factors that drive financial performance. The statistical techniques for this type of analysis are 

straightforward, but many retailers lack consistent measures of nonfinancial performance. 

A popular theory that lies behind many such analyses is the ―service profit chain,‖ which posits that employee 

engagement drives customer satisfaction, which in turn drives customer purchases and financial performance. 

Most actual analyses have focused on employee and customer measures in retail environments. Analyses are 

typically done at the store level to directly relate factors driving performance at the store level to sales and 

profits at a store. 

 

Exemplars of Trend: Sears embarked upon a major analytical reporting initiative in the mid-1990‘s, a period 

in which it experienced a major turnaround in performance. The company tested what it called the ―employee-

customer-profit chain‖ model at the store level. Developing the statistical relationships among nonfinancial and 

financial performance variables proved to be among the easier tasks at Sears. More difficult, according to the 

leaders of the project, was building management alignment around the model and the measures, and educating 

front-line service personnel about the model and its implications. Best Buy embarked upon analytical 

performance management and discovered that for every 10th of a point (on a five-point scale) increase in 

employee engagement at a particular store, it increased operating income at the store by $100,000. As a result 

the company concluded that it needed to measure employee engagement every quarter.  

Performance management is typically pursued through reports on past financial performance. However, it is 

possible to predict and explain financial performance by relating it statistically to the business factors that drive 

financial performance.  

 

Managerial Implications: Retailers who want to have a better understanding of and ability to predict financial 

performance should explore analytical performance management. To begin, they need to achieve agreement on 

key nonfinancial factors in their business and begin to measure them. If they have balanced scorecards in place 

and are collecting data to support them, it may already be possible to analyze the data in statistical terms. It is 

also easier to do this type of analysis if the relationships among performance factors are explicitly stated, as in a 

strategy map. Analytical performance management can determine whether strategies are working, can give 

managers a set of priorities for the key nonfinancial performance factors to manage, and can give early warning 

on potential performance issues. 

 

3.12 Trend Name: Multi-Channel Analytics and Data Integration  
Integration of data and analytics across multiple customer channels or touch points 

 

Type of Trend: Strategic initiative 

 

Description of Trend: It is increasingly a multi-channel world for retailers. Regardless of the customer channel 

with which they were founded, retailers have little choice but to connect with their customers through every 

possible channel, including online, call centers, mobile, email, direct mail, and physical stores. Firms that want 

to prosper in multi-channel environments need to collect and store data on customer interactions across 

channels, and develop analytics to understand and predict customer behavior across channels. 

 

Status of Trend: Emergent and evolving; a few leading retailers track all customer interactions across channels, 

but many firms still lack knowledge of customers‘ preferred channels and often do not even have a valid email 

address. Few retailers have predictive analytics across multiple channels. 

 

Underlying Rationale: There is little doubt among most retailers that customers want to use multiple channels. 

Most even agree that customers who use multiple channels tend to buy more—up to 61% more in Homes can 

studies. Other studies suggest that more than half of the bricks-and-mortar store customers that used online sites 

for research said that they bought from the retailer on whose site they spent the most time researching. 80% 

purchased from the retailer whose site they had visited first. However, many retailers have little ability to track 

customer relationships across channels, and often have to re-establish customer identities when they change 

channels. Many retailers optimized customer relationship management activities for one channel, and find it 

difficult to adapt relationships to multiple channels. Many retailers created separate organizations for each 

channel, which makes integration of data and analytical approaches across channels more difficult. 

Multi-channel analytics require first that retailers have a customer data warehouse that captures activity across 

channels, and that records all channel activity. Then they can begin to create behavioral targeting models by 

channel, ―next best offer‖ predictions for particular channels, attrition models relative to particular channels, and 

so forth. It‘s conceivable that in the future, retailers could mine multi-channel qualitative interactions—as one 
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analyst put it, ―every digital comment made by consumers anywhere—in a product comment, an IM, on a social 

network site, in email and via, exchanges with a live chat tech support person, coupled with Web traffic 

analysis‖—to reveal a detailed set of attitudes and emotions about retailers, brands, and products (see 

―Sentiment analysis‖ in Emerging Analytical Trends in Retail section).  

 

Exemplars of Trend: Multi-channel flower and gift retailer 1-800-Flowers.com has an integrated customer data 

warehouse for all its brands and channels. The customer ―path to purchase‖ is coded for all interactions, and 

multivariate testing is done across channels. The company also has a predicted preferred channel for each type 

of interaction with each customer. It also tracks the effectiveness of offline promotions with coupon codes tied 

to the offline channel.Firms that want to prosper in multi-channel environments need to collect and store data on 

customer interactions across channels, and develop analytics to understand and predict customer behavior across 

channels. Electronics retailer Best Buy analyzed customer data and discovered that purchasers of iPods tend to 

return in about two weeks to purchase accessories, so the company includes literature about accessories with the 

iPod and sends well-timed emails to buyers about available accessories. 

Television shopping channel QVC gives out coupon codes on television that allow tracking of customer 

activity at its website. The company also includes online customer ratings in its TV broadcasts. Online retailer 

eBay does considerable online and offline research before making any change to its web page. It does thousands 

of online randomized experiments using its internally-developed eBay Experimentation Platform. Its offline 

testing approaches include lab studies, home visits, participatory design sessions, focus groups, and iterative 

tradeoff analysis—all with EBay customers. EBay also conducts quantitative visual design research and eye-

tracking studies, and diary studies to see how users feel about potential changes. 

 

Managerial Implications: Retailers should acknowledge that they are permanently in a multichannel 

environment, and establish channels they haven‘t yet exploited. They should integrate the organizations that 

manage data and analytics across channels. They should also track and analyze the impact of promotions in each 

channel on other buying channels. If possible, they should quantify the additional value that multi-channel 

shoppers provide so as to justify marketing efforts for that segment.Multi-channel flower and gift retailer 1-800-

Flowers.com has an integrated customer data warehouse for all its brands and channels. The customer ―path to 

purchase‖ is coded for all interactions, and multivariate testing is done across channels.  

 

4. Conclusion 
In this paper, we have introduced a vision of predictive analytics as a new guiding principle for operating in 

today‘s tumultuous retail environment. We‘ve discussed the power of becoming a datadriven 

Decision-making culture, and shown how access to accurate, scalable, and actionable data can help retailers set 

a roadmap to success through a better understanding of their customers and of their store operations. We‘ve also 

covered how data can reveal exposures as well as opportunities for the retailer. Knowing who is not purchasing 

and why can be as important as understanding those who do purchase. The right insights enable a closer, 

stronger relationship with consumers. 

We have also examined a number of use cases that show how analytics can be implemented for operational 

and shopper marketing benefits. Of course, the possibilities are almost endless when it comes to analytics 

projects—retailers may choose to begin in any number of business areas, pivoting to the data-driven decision 

culture required as the Internet of Everything evolves. The key is to launch and define a winning data strategy 

for key business areas, mapping the right metrics to decision processes. Such programs help retailers achieve 

Differentiation of products, drive conversion, personalize the customer journey, and manage the business more 

efficiently. Based on a more accurate and comprehensive body of data, you will lay the groundwork for business 

success both now and into the future. 
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