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ABSTRACT

Traditional merchandise planning processes have been primarilyproductand location focused, with decisions about
assortmentselection, breadth and depth, and distribution based on the historical performance of merchandise in
stores. However, retailers are recognizing thatin orderto compete and succeed in anincreasinglycomplex
marketplace, assortments mustbecome customer-centric. Advanced analytics can be leveraged to generate
actionable insights into the relevance of merchandise to aretailer's various customer segments and purchase
channel preferences. These insights enrich the merchandise and assortmentplanning process. This paperdescribes
techniques for using advanced analytics to impact customer-centric assortments. Topics covered include approaches
for scoring merchandise based on customer relevance and preferences, techniques for gaining insightinto customer
relevance without customer data, and an overall approach to a customer-driven merchandise planning process.

INTRODUCTION

A pervasive theme inthe retail industrytoday is customer-centricity. But whatdoes this mean? The National Retail
Federation (NRF) defines customer-centricityas “an enterprise-wide strategy to fully leverage consumer insights
to drive integrated strategies—across marketing, merchandising and operations.” According to a 2013 Retail
Systems Research surveyof retailers, 45% of leading retailers indicated that “understanding customer preferences”
was among theirtop three business challenges. Retailers recognize thatto survive in anincreasinglycompetitive and
fragmented marketplace, they mustbecome even more focused on their customers’ specific preferences and
expectations.

In the area of marketing, retailers have made significantstrides in moving toward more personalized communications
based on customers’ preferences versus a mass-marketing approach. In terms of operations, retailers have begun to
build customer-focused supply-chain organizations thataddress customers’ expectations fora seamless experience
across channels. Butwhatabout merchandising? According to the same Retail Systems Research survey, 46% of
retailers indicated that better incorporation of customer segmentation and preferences into the planning process was
among the top three opportunities to improve the merchandising process. According to research conducted by
McKinsey & Company, retailers and consumer-packaged goods companies thathave begun to incorporate customer
preferences into theirmerchandising and assortmentdecision-making processes have seen significantimprovements
in sales growth. Conversely, mostretailers are familiar with the implications of not accounting for customer
preferences in any SKU rationalization strategy based on Walmart's experience with ProjectImpactin 2008.

However, deploymentof approaches to incorporate customer preferencesinto the merchandising process is stillin
the early stages for many retailers. According to Retail Systems Research, approximately 30% of retailers surveyed
have no ability to target merchandise plans to distinctcustomer groups, with justover half surveyed indicating that
they have some limited abilityto do the same. Some ofthe reasons cited for this include challenges involved with
integrating disparate data sources and data managementprotocols, as well as organizational issues related to
greater integration between marketing and merchandising within the retail organization. Assuming diverse data
sources containing customer, product, and transactions data can be accessed and eventuallyintegrated, how can
insights into customer preferences be extracted in such a way as to make sense within the context of the
merchandising/assortment planning process?

The goal of this paperis to provide a perspective on how insights into customer prefere nces can be extracted from
diverse data sources (product, customer, transactions) so thatthey can be made actionable within the context of an
assortmentplanning process. First, the data that is required to extract insights into customer preferences and
techniques using SAS tools such as SAS Enterprise Guide to transform this data into insights and customer
relevance “scores” foruse in the assortmentplanning process are described. Next, a case study provides an
approach for leveraging some ofthese same techniques to inform the assortment planning process with transaction
data inthe absence of customer data. Finally, additional considerations related to the use of customer preferencesin
the overall merchandising process are introduced.



CUSTOMER PREFERENCE SCORE: DATA REQUIREMENTS AND APPROACH

The assortmentplanning process can vary significantlyacross differentretail segments (grocery, fashion apparel,
specialtyretail) and even across retailers within those segments. However, in general, the assortment planning
process is focused on ensuring thatthe right merchandise is ordered in the right quantities to arrive atthe right
locations atthe right time. For retailers carrying a larger percentage of replenished merchandise, the primaryfocus
of assortmentplanning usuallyincludes managing the assortmentover time through periodic assortmentreviews, the
goal of which is to “rationalize” the current assortmentof SKUs by removing poor performers, adding new products,
and ensuring thatthe overall assortmentwill fitinto the space available in stores while meeting supply-chain and
replenishment constraints (i.e.,target days of supply, case-pack requirements). Output of the assortmentplanning
process,inthis case,is used in downstream systems such as space planning, storefitem authorization for ordering,
and replenishment. For retailers carrying more seasonal assortments, the focus mightbe more on ensuring the right
mix and breadth of styles and colors for stores or store clusters, along with the right depth of each style or color for
that particular store or store cluster. In the case of sized merchandise, size profiles mightthen be applied to style and
colors (either at the total chain or store group) with the final output informing the purchase order process.

The common factor across these disparate assortment planning processes s thattraditionally, decisions around
which items to keep, add, or remove from the assortmentare based on productand location data coming from
merchandising systems. Retailers mightlook atfinancial metrics such as historical or forecasted sales, margins,
GMROIl, sell-through, etc., at different levels of the productand location hierarchies, as well as productand location
attributes in order to make assortment decisions. Whereas traditional assortment planning process have tended to be
manual, spreadsheet-driven processes, some retailers have begun to take advantage of advanced analytics
capabilities to optimize assortments; according to Retail Systems Research, 64% ofretailers surveyed had
implemented some form ofassortmentoptimization in their business. Assortment optimization capabilities are
focused on delivering recommendations for the bestpossible assortmentgiven a setof maximization objectives (i.e.,
maximize sales, profitability, or some combination ofthe two) and a set of constraints (available space, vendor
minimums, shelf case-pack requirements, etc.).

However, even when advanced capabilities such as optimization are used, an opportunity still exists to enhance the
assortmentplanning process through the incorporation of customer preferences. In the same Retail Systems
Research survey, although 63% of respondents acknowledged the importance of optimizing the assortmentagainst
key customer segments, only44% had implemented some form of this capability. Walmart's ProjectImpact
experience in 2008 is a perfect example of the potentiallydisastrous results oftaking a SKU rationalization approach
withoutaccounting for customer preferences. The products that are mostimportantto your bestcustomers mightnot
necessarilybe the highestselling or mostprofitable. Furthermore, customer preferences mightvary significantly
across locations orchannels. A productthat is highly relevant to your bestcustomers in one store mightnotbe so
relevant to your bestcustomers ata different store, and an item mightbe extremely relevant to your bestonline
customers, butnot to in-store shoppers.

Therefore, a method is needed to quantitatively measure the relevance of a particular productor group of products to
customers shopping across all locations and channels. The goal is to define a customer preference score, which can
be used as an inputinto the assortmentplanning process. The intent of this score is not to replace or render
irrelevant traditional assortment metrics or decision-making processes, butratherto supplementthem so thata more
holistic, customer-focused assortmentdecision can be made. For example, as a Category Manager is evaluating two
products with comparablylow sales or profitabilityto decide whether they should be removed from the assortment,
she can assessthe customer preference score ofeach of the items to determine whetherthere is arisk of removing
an item thatis importantto the retailer’s bestcustomers. Inthe case of an apparel retailerwho changes the
assortmenteach season, the buyer can assessthe importance ofkey product groups (i.e.,based on attributes such
as silhouette, fabric, price point, trendy or basic, etc.) to the brand’s bestcustomersin orderto make a decision about
how to define the bestmix of styles and colors.

CUSTOMER PREFERENCE SCORE: DATA REQUIREMENTS

The customer preference score attempts to quantifythe level of importance ofa particularitem or group of items toa
setof customers (i.e.,a customer segment). The score can be calculated atany level of the product hierarchy or for
any group of products (i.e., a node of the consumer decision tree or a defined set of attributes) and applied to all
items within thatgroup, or it can be calculated for the individual item. To compute the score, the first step is to gather
the required data, which includes:

e Transaction-level data

o Key data elements include transaction ID, store ID, item(s) sold in the transaction, number of units,
sales amount,and customer or household ID for retailers who can track specific customers.



= The ability to identify discounts or promotions within each transaction is preferred.

o Purpose: The transaction-level data is the basis forthe customer preference score. This scoreis
based ontying historical transactions, including an item or group of items, to a particular customer
segment.

e Customer data (preferred, optional)

o Customerdata provides associated information aboutthe customer or household IDs found in the
transaction data.

o Each customershould be assigned to at leastone customer segmentthatcategorizes each
customerbased on its economic value to the retailer (i.e., Primary, Premium, Gold, etc.).

o Purpose: Transactions mustbe able to be tied to a customerrecord, which,inturn, mustbe
assigned to a customer segment. Scores can be generated based on the relevance of the item or
group of items to the “top” segmentofcustomers.

e Product master data

o Key data elements include basic productinformation (SKU number, UPC), hierarchy information,
and product attributes.

o Purpose: Producthierarchy data and attributes are required for circumstances where the customer
preference score will be defined at a level higherthan SKU or style. Scores can be calculated for
certain levels of the hierarchy(i.e., Category, Brand, Classification, etc.), for specific attributes (i.e.,
relevance of private label products in a particular category) or groups of attributes.

e Store master data
o Store ID and characteristics (store attributes, demographic information, ifavailable).

o Purpose: Store characteristics will be helpful for profiling stores or groups of stores after customer
preference scores have been determined for customers bythose locations.

This paperfocuses on methodologies for generating customer preference scores and noton the sourcing ofrequired
data. However, because data will often come from disparate sources, there mightbe a significantamount of effort
involved in sourcing and preparing the data that will be needed to compute the score. Furthermore, this paper does
not address bestpractices in customer segmentation. It is assumed thatthe retailer has implemented a segmentation
scheme thatcharacterizes customers based on their value to the retailer. Segments can be general (across the entire
brand) or specificto an individual category.

CUSTOMER PREFERENCE SCORE PROCESS

Figure 1 illustrates the major steps in a customer preference scoring process:
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Figure 1. The Customer Preference Scoring Process

In the Data Preparation step, data is sourced and transformed in order to compute the customer preference score.
For example,in many cases, joining source data sets is required in orderto create a combined analytical base table
thatis used to generate descriptive statistics and perform anyfollow-on modeling. Data sets mightalso need to be



restructured to optimallysupportthe generation of descriptive statistics. Inthe Descriptive Statistics & Modeling
step, relationshipsin the data between products or productgroups and key segments are analyzed through the use
of charts, graphs, and tables. At this point, frequency tables thattest for statisticallysignificantassociation between
products or product groups and customer segments are created. Finally, predictive models can be created and run.
During the Integration step, scoring outputis exported so that it can be integrated into downstream systems and
processessuch as assortmentplanning. This final step mightinvolve reformatting statistical outputinto a more
“business-friendly’ format. For example, items in the upper percentile of frequencies mightbe designated as “A’ or
“Highly Relevant’items to make the outputeasierto interpretfor businessusers.

Customer Preference Score Process Example

In the following example, sample retailer data is used to explain how a customer preference score can be created.
The sample dataincludes three years of transaction data containing customer IDs and product IDs, which can be
joined to customer segments and productmaster data (product hierarchies and attributes) for the scoring process.
The goal of this example is to prepare the data and perform some descriptive statistics to assess the relationship
between certain products or product groups and the top customer segment. Once those relationships have been
identified, customer preference scores can be generated and utilized in downstream processes.

Step |: Data Preparation Step 1 Data Prep -
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Figure 2. Data Preparation Step in SAS Enterprise
Guide

Step II: Descriptive Statistics & Modeling

Next, the relevance of products or productgroups to top customers is assessed bygenerating descriptive statistics
and graphical output. In this example, frequency tables and charts are created to identify penetratio n oftop segment
baskets by merchandise group (two levels above SKU in the producthierarchy). From these tables and charts,
productgroups that are more frequently represented in top customer baskets bylocation can be analyzed. For
example, the frequencytable shown in Figure 3 highlights the top five productgroups found in transactions ofbest
customers for store 6505. The top five are: Meal Solutions, Snacks, Soft Drinks, Fresh Milk, and Frozen Meat
Entrées.
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FHgure 3. Frequency Table for Store 6505

Whereas in Store 6509, while Meal Solutions is still the top penetrating group, Natural Products is in the top five:
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Hgure 4. Frequency Table for Store 6509

Figure 4 highlights the mostcommon productgroups found in the baskets ofthe bestcustomers for Store 6509. By
comparing results bystore, variations across locations can be identified. For this example, only four stores are
examined. However, the same process can be easilyapplied acrosslarge numbers of stores as well as store clusters
for the purpose ofinforming the assortmentplanning process.

Figure 5 below provides similar descriptive statistics, butat a lower level of granularity, by looking at penetration by
subgroup. As seen below, questions aboutthe variation between the top penetrating groups and the top penetrating
subgroups can be answered (i.e.,is there a top penetrating subgroup thatdoes notbelong to one of the top
penetrating groups?). By looking at penetration by subgroup, itis highlighted that Yogurt Cups has the highest
representationinthe bestcustomers’ baskets in both comparison stores.
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With an idea of which product groups are penetrating our bestcustomers’ baskets, the analysis can be expanded
down to the SKU level. For example, a merchantmightwantto understand which dog snacks are mosthighly
represented in the baskets of our top customer segment. Association tables and corresponding graphical analyses
can be created to gain a better understanding of specific productoccurrences. As seen in Figure 6 below, for the four
sample stores<itis clear that while the top penetrating products are consistentacrossthe locations, their rates of
penetration within the bestcustomers’ baskets vary:

Fgure 6. SKU-Level Penetration by Store

As part of the Descriptive Statistics & Modeling step of the process, the relative penetration of product groups and
products in the bestcustomers’ baskets can be further analyzed. As a very simple outputfrom the analysis process,
relative frequencies by SKU and location, like those shown in Figure 7 below, can be exported. This output can be
usedto enable buyers and category managers to compare products in an assortmentin terms of relative importance
to top customers. More sophisticated descriptive statistics, such as indexto average or results from statistical tests of
association and strength ofassociation, can be added to the output. Any of these output options can be used to
create a customer preference score.
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Hgure 7. Output Ready To Be Exported

The scoring process can be made even more sophisticated through the use of predictive modeling to determine the
likelihood ofan item being purchased by a customerin the top segmentof customers. This process would involve
adding an outcome variable to the data. For example, if the objective is to score products within the Pet Food
category based on their likelihood of being purchased bya customerin the top segment, a binary variable can be
created in the analytical base table with a value of 1 if a productfrom the category was purchased in atransaction,
and a value of 0 ifit was not found in the transaction. A predictive model thatscores products in an assortmentbased
on likelihood ofbeing purchased bytop customers can then be created. This process can become complex. For
example,when an assortmentcontains manynew items, scoring those new products based on historical transaction
data at the SKU level is not possible. However, the binary variable could be created at a higherlevel of the product
hierarchy or for a particular attribute or setof attributes so that the new products can be scored based on the higher



level of the product hierarchy. This willinvolve in-depth assessmentofboth the transactional data and product
attributes, as well as the assortment planning process.

Step Ill: Integration

Regardless ofthe method used to create the customer preference score, the final stepis to outputthe scores to a file
that can be consumed bydownstream systems such as assortmentplanning. This outputdata can conform to a
standardized formatbased on the requirements ofthe downstream systemin which the scores will be integrated. For
example, for the SAS Merchandise Planning solution, scores by productand location can be loaded into a two-
dimensional facttable that will enable them to be viewed within a plan worksheet. The downstream table canthen be
updated as often as the scores are regenerated. Much thought will need to be given to how scores can be translated
in such away that they can be easilyinterpreted by business userswho mightnothave a solid grasp of statistical
terms. For example, products that have a much higher than average relative frequency of purchases bytop segment
customers (i.e., twice the mean or greater) could be labeled as “highlyrelevant.” This transformation ofthe scores
can be processed priorto the file being exported.

COMPUTING ACUSTOMER PREFERENCE SCORE WITH TRANSACTION DATA: FAMILY
DOLLAR STORES CASE STUDY

In order to determine each item’s customer preference score based on the previous process, retailers mustbe able to
tie transactions to customer data. However, not all retailers have loyalty programs or other means to identify their
customers.

SAS and FamilyDollar Stores are working together on an approach that seeks to incorporate customer preferences
into the assortmentplanning process. Instead of scoring merchandise based on relevance to key customer
segments, this approach scores merchandise based on relevance to key baskets, based onthe assumption thatour
bestcustomers are purchasing our best baskets.

The first step inthe process is to define a segmentation approach for baskets; whatqualifies a particular basketas
good, better, or best? A variety of basketcharacteristics can be considered, including:

e Basketprofitability
e Numberofdistinct SKUs in the basket
e Breadth of categories and productgroups in the basket

Once a segmentation approach has been defined based on the above characteristics, each transaction can be
assigned to an appropriate segment. For example, baskets thatmeeta certain threshold of number of distinct SKUs,
profitability, and category breadth mightbe assigned to the “A” segment. Defining whatthese thresholds should be is
a process thatrequires significantinput from the category managers and buyers.

After the segmentation approach is in place and transactions are being assigned to spe cific basketsegments, the
same approach taken to score merchandise based on relevance to key customer segments can be followed. Using
transaction data, product hierarchy and attributes data, and store data, each item in the assortment can be assigned
a customer preference score based on the strength of association between a particularitem or group of items and
Family Dollar’s bestbaskets. It is importantto note that this scoring will be generated for each store cluster, so certain
items mightscore high in a particular store cluster but not in another. Access to store attributes and demographic
data adds further depth to the customer preference score. For example, answers to questions like the following can
be obtained: What are the salientcharacteristics ofthe stores in the clusters where the item oritem group is highly
relevant? Are there any key characteristics ofthe stores’ trading areas thatcan shed lighton the customers shopping
the stores?

Once the customer preference scores have been determined for each productor productgroup, these scores can be
output to a file that can be integrated into the assortmentplanning database. In this manner, users will be able to
evaluate the customer preference score in conjunction with other key assortment planning metrics in orderto make
better productselection decisions.

This approachis relevantfor any retailer who collects transaction-level data, but is not able to tie transactions to
customersegments. ltmightalso be relevant as a “Phase 1” activity for a retailerwho s in the midstofa customer
segmentation projectoris looking to upgrade or redefine its segmentation approach. Furthermore, this approach is
applicable to both online and off-line transactions, as the items thatare highly relevant to a retailer’'s best online
baskets mightnotbe the same as the mostrelevantitems in certain store groups.



CUSTOMER PREFERENCE SCORING: ADDITIONAL CONSIDERATIONS

Generating customer preference scores and integrating them into the assortment planning process s a quick way of
providing the retailer's merchants with a data-driven customer perspective for their productscope. Scores can be
imported into the assortmentplanning system and evaluated bythe buyer and cCategory manager when making
decisions aboutwhich products to include orremove from an assortment. Customer preference scores canalso help
planners and buyers better allocate the time spenton planning, with greater scrutiny being placed on highly relevant
items versus non-relevantitems.

Furthermore, customer preference scores can be provided as inputinto an assortmentoptimization process. For
example, a constraintin an optimization process mightbe that products with a customer preference score higher than
a certain threshold mustbe maintained in the assortmentfor a particular location regardless oftheir performance in
terms of otherkey metrics. Alternatively, an optimization objective mightbe to maximize the overall customer
preference score for the assortmentin addition to other optimization objectives such as sales and profitability.

In addition to assortment planning, the customer preference score can be used to inform other merchandising
processessuch as:

Store Clustering

Customer preference scores can be usedto inform a store-clustering strategy. In this scenario, stores can be
clustered based on the relative importance ofkey products or product groups in the assortment to key customers
versus a traditional approach where stores are clustered based on sales for the productgroup alone. Stores that
have similar selling patterns within a particular category or assortment might have products or productgroups that
penetrate key customer baskets very differently, and therefore should be assorted differently.

Allocation and Replenishment

Fulfillmentpolicies can be adapted based on customer preference scores. This enables retailers to be more targeted
in terms ofwhere dollars are being spentin inventory coverage . For example, service levels for specific products or
productgroups with high customer preference scores mightbe increased, with changes to allocation and
replenishmentpolicycomponents such as safetystock, shelfminimums, etc. In some cases, this mighttrigger
retailers to adjustthe spend for other products that don’thave the same penetration with key customers because the
impactof an out-of-stock situation in a highlyrelevant product with a key customer could potentiallybe more costly
than with other customers.

Omni-Channel Strategy

In order to gain a holistic view of customers who shop the retailer’s “brand,” itis critical to converge offline
transactional data with transactional data from the web and mobile channels. Customer preference scores should
incorporate how a customer is shopping the brand across all channels, and assortments should reflectthose
shopping preferences. Forexample, answers to questions like the following can impactretailers’ decisions: Are there
specific products or productgroups found more in online baskets thanin stores? Are there regional trends thatcan be
gleaned (i.e., based on ordering or ship-to addresses) so thatthe top segmentofcustomers can be further broken
down from a channel preference perspective? At a minimum, when the customer preference score incorporates
transactional data from all channels, more effective decisions can be made aboutthe in-store versus online
assortment.

Monitoring and Reporting

Incorporating customer preferencesinto the merchandise planning process will help drive new insights from a
monitoring and reporting perspective. For example, how are assortments performing in the marketin terms of spend
by key customers? Have assortment decisions impacted spend bytop customers in a positive way? What trends are
occurring in how top customers are shopping the retailer’s stores and online? As insights into key customers and
baskets startto drive both planning and evaluating assortments, organizational and incentive structures mightstartto
ewvolve toward a more customer-focused approach versus a product- or category-focused approach.

CONCLUSION

Best-in-classretailers are seeking to bring a customer focus to every aspectof theiroperations. Merchandising is
central to a retailer's business, soitis critical to make the merchandising process as customer-focused as possible.
This paper has described concepts and approachesthatenable aretailerto begin the process of customer-centric
merchandising through the use of the customer preference score in the assortment planning process. Descriptions
have been provided of the data that is required and some ofthe statistical techniquesthatcan be leveraged to create
basic customer preference scores. More advanced techniques for the generation of customer preference score, such



as predictive modeling, have been introduced. This paper has also described a high-level approach forincorporating
customer preferences into the merchandising processin the absence of customer data. The right approach for a
retailer will depend on specific business goals and objectives, data availabilityand quality, and the level of analytical
sophistication in the Merchandising organization. Finally, opportunities have been presented for the customer
preference score to be leveraged in other areas of the merchandising process such as allocation and replenishment.

Although the benefits ofincorporating customer preference scores into the merchandising process are clear, there
are challengesfacing manyretailers seeking to go down this path. The first relates to data and data management.
The foundation of a customer-driven merchandising strategyis a data infrastructure enabling transactional, customer,
and product datato be accessed and integrated. The ability to understand customer preference across channels
requires the integration of data residing in store and e-commerce systems, which formanyretailers are completely
distinct. In addition to technical complexities associated with integrating disparate data sources, data qualityis always
a key consideration.

From a people and process perspective, adoption of customer preference scoresin the merchandising process
usuallyrequires change managementas well. Like any actionable insightresulting from analytics, an essential part of
the business rolloutis ensuring thatthe business users are fullyboughtinto the process and have the opportunity to
validate the output. Although the concepts ofassessing customer relevance mightbe familiarto some merchants,
they mightbe new to others, and time is required for users to become comfortable with the output. Ultimately, greater
infusion of customer preferences into assortmentdecisions can be a key blockin the foundation from which to build
truly customer-centric merchandising processes.
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