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ABSTRACT

The content of the database management systems course in the business curriculum has
remained stable covering conceptual data modeling, relational database design and implementation,
structured query language (SQL), application development, and database administration. Given the
breadth and the depth of needed coverage, there is little opportunity left for the instructor to
introduce data warehousing concepts in any depth let alone to cover predictive analytics. This paper
presents a market basket analysis case study that successfully leverages SQL coverage in the course
to introduce students to Microsoft data mining algorithms for predictive analytics. The phased
presentation of the case study and the pedagogical opportunities it affords are discussed.
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INTRODUCTION

As real-world predictive analytic applications such as detecting fraud, predicting sales,
customer segmentation, and social media sentiment analysis gain increasing momentum, there is a
greater urgency to introduce information system students to the algorithms used for machine
learning. Given the role that data plays in building predictive models, it makes sense to introduce
predictive analytics in the database course. However, the breadth and the depth of needed coverage
of standard topics in the database course (Mannino, 2019; Topi et. al, 2010) including conceptual
data modeling, relational database design and implementation, structured query language (SQL),
application development, and database administration, leave little opportunity for the instructor to
introduce data warehousing concepts in any depth let alone to cover predictive analytics.

Amongst the many algorithms used for machine learning such as regression, classification,
and clustering, the Apriori algorithm (Agrawal & Srikant, 1994) used for association analysis lends
itself naturally to introduction in the database course. The Apriori algorithm is designed to operate
on databases containing transactions such as collection of items bought together by a customer in a
store visit. The conceptual modeling of the database needed for this scenario is a part of typical
coverage in a database course as depicted in Figure 1.

Given the students’ familiarity with this database and SQL, a case study can be gradually
presented to discover what categories of products are bought together and how such data analysis
can lead to formulation of association rules that can inform marketing promotions and
recommendation systems while supporting data-driven managerial decision making. The case study
provides a vehicle to teach students more advanced SQL queries both in Microsoft Access and SQL
Server, as well as how to use Microsoft’s implementation of Apriori algorithm and interpret the
resulting association rules. The next section of the paper introduces the gradual development of the
case study and the pedagogical opportunities it presents.

=7 ,l Relationships

ShoppingBasket
i BasketiD 1 Product
1 -
CheckoutTimestamp % Product
CurrentPrice
Category
Basketltermn
% BasketlD
% Product =
Quantity

Price

Figure 1. Conceptual Data Model for Shopping Basket Analysis Database
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THE SHOPPING BASKET ANALYSIS CASE STUDY: PEDAGOGY

Given the database design shown in Figure 1, the following pedagogical opportunities can
be taken advantage of to present the case study in a phased manner:

The impact of time on database design.

Given that when a shopping basket is created in the database the price of each item in the
basket is obtained from the Product table, why is there a need to repeat that price in the Basket_Item
table? Discussing this question leads to a better understanding of the importance of careful naming
of attributes, e.g., Current_Price versus Price, and the fact that a database must capture transaction
information in such a way that it can be re-produced with integrity at any time in the future.

Visual Basic for Applications (VBA) database programming.

A Microsoft Access copy of the database with the Checkout_Timestamp and Quantity data
fields set to null is given to the students asking them to write (or complete) VBA code that would
randomly assign a date and time to each shopping basket and similarly assign a random quantity to
each basket item. Although, minor in programming scope and difficulty (see Appendix), this
opportunity to learn Access VBA programming is valuable for test data generation in the students’
database application development term project.

Query By Example (QBE) listing of pairs of product categories most bought together.

Students are asked to develop a query to identify top 5 pairs of product categories most
bought together as shown in Figure 2. This non-trivial self-join query is especially valuable in
teaching students how to overcome Microsoft Access’ restriction in not supporting Count Distinct
operation and how an imposed ordering (e.g., Category#1 < Category#2) in such queries can
remove the output of redundant pairs (see Appendix).

Category#l - | Category#2 - | Times Bought Together -

Helmets Tires and Tubes 1617
Helmets Road Bikes 805
Bottles and Cages Helmets 715
Mountain Bikes Tires and Tubes 569
Bottles and Cages Mountain Bikes bﬁa

Figure 2. Top 5 Pairs of Product Categories Bought Together
QBE query to list product category most bought along with a pair of product categories.
This extension of the product category association to three items (see Figure 3 and

Appendix) shows the students the essential approach needed for discovering association rules and
the advantages that a tool such as Microsoft Data Mining offers to perform association analysis.
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ﬁ Query2

Category#l -~ Category#2 -~ Category -~ | Number of Times Bought Together -
Helmets lerseys Tires and Tubes 179
Bottles and Cages Helmets Mountain Bikes 172
Gloves Helmets Tires and Tubes 160
Fenders Helmets Mountain Bikes 131
Bottles and Cages Helmets Road Bikes 130
Caps Helmets Tires and Tubes 127
Helmets Mountain Bikes Tires and Tubes 122
Helmets Road Bikes Tires and Tubes 118
Bottles and Cages Fenders hMountain Bikes 114
Fender5| Jerseys Mountain Bikes 102

Figure 3. Top 10 Product Categories Most Bought Together Along with Another Pair
Importing an Access database into SQL Server.

Using SQL Server Import and Export Wizard students import the Microsoft Access tables
into a new database in SQL Server (see Appendix).

Defining the relationships between tables in SQL Server.

The Import and Export Wizard does not always transfer the relationships between tables and
they must be defined by creating a Database Diagram in SQL Server (see Appendix). This provides
an instructional opportunity to point out differences between the two database management systems
in data types that are supported.

SQL query to list pairs of product categories most bought together.

With the database imported into SQL Server, students are asked to use SQL Server
Management Studio’s Query Editor to design the SQL query to list pairs of product categories most
bought together (see Figure 4 and Appendix).

1 ESELECT TOP (5) Product.Category AS Category#l, Product_1.Category AS Category#2,
COUNT(DISTINCT BasketItem 1.BasketID) AS [Number of Times Bought Together]
FROM BasketItem A5 BasketItem 1 INNER JOIN Product A5 Product_ 1
ON BasketItem_l.Product = Product_1.Product
INNER JOIN Product
INNER JOIN BasketItem
ON Product.Product = BasketItem.Product

- RN T R IR X}

0N BasketItem_1.BasketID = BasketItem.BasketID AND Product_l.Category > Product.Category
9 | GROUP BY Product.Category, Product_1.Category
1@ | ORDER BY [Number of Times Bought Together] DESC
12
100% =~
T Results _IJ Messages
Category#1 CategoryH#2 Mumber of Times Bought Together
Helmets Tires and Tubes 1617
Helmets Road Bikes 805
Bottles and Cages ~ Helmets 715

Mountain Bikes Tires and Tubes 569
Bottles and Cages ~ Mountain Bikes | 563

[ R

Figure 4. Top 5 Pairs of Product Categories Bought Together in SQL Server
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Creating a data mining solution project using Visual Studio.

Microsoft data mining algorithms (Microsoft, 2018) are employed by creating a SQL Server
Analysis Services Multidimensional and Data Mining project using Visual Studio. The solution
steps required (see Figure 5) are to identify the data source (e.g., our SQL Server database), the data
source view (i.e., tables and views from the data source we need), and to define the data mining
structure.

Solution Explorer
@l - am| s -

Search Solution Explorer (Ctrl+;)

i Data Sources

i Data Source Views

i Cubes

i Dimensions

m Mining Structures

i Roles

i Assemblies

i Miscellaneous

Figure 5. An Empty Data Mining Solution Folder in Visual Studio
Creating a named query in the data source view.

Since we intend to discover product categories that are bought together, we will need each
row in the Basket Item table to include the purchased product’s category. This could have been
accomplished by creating a view in our SQL Server database. However, it is more appropriate to
create this one-shot view in the data source view of our project as a new named query (see
Appendix). This provides an instructional opportunity to discuss why views supporting multiple
queries need to be created in the database and when an in-line view (i.e., in the FROM clause of
SQL SELECT statement) to support a single query becomes more appropriate.

Creating a data mining structure.

Microsoft Data Mining Wizard guides the user in creating a data mining model. The
Association Rules algorithm is one of nine algorithms supported and requires specification of the
“case” table (i.e., the ShoppingBasket table and its primary key BasketID) as well as the “nested”
table (i.e., the named query BasketltemWithCategory listing each shopping basket item’s product
category) (see Appendix). The algorithm also requires specifying the input column to be used (i.e.,
category) and the predictable column (i.e., also category) to discover associations as shown in
Figure 6.
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2\ Data Mining Wizard [m| X

Specify the Training Data
Specify the columns used in your analysis.

Mining model structure:
[m] Tables/Columns Key @] nput (W] Predictable
- % ShoppingBasket

| BasketID O O

O Checkout Timestamp O O
- EE BaskettemWithCategory

A Categoy

O Price O O O

O Product [l [l O

O Quantity O | O

Recommend inputs for cumently selected predictable:

Suggest

< Back Next > Cancel

Figure 6. Specifying the Training Data for Microsoft Association Rules Algorithm
Specifying data set to be reserved for testing the predictive model.

Setting aside a percentage of data for testing the association rules to be discovered will mean
that the results produced will be different for each student. To avoid that randomness, students are
asked to specify zero as percentage of data for testing as shown in Figure 7.

A Data Mining Wizard O d

Create Testing Set
Specify the number of cases to be reserved for model testing.

P

Percentage of data fortesting: 0 =

Maximurm number of cases 0
in testing data set:

4k

Description:

Input data will be randomly split into two sets, a training set and a testing set, based on the percentage of data for
testing and maximum number of cases in testing data set you provide. The training set is used to create the mining
model. The testing set is used to check model accuracy .

[Percentage of data for testing] specifies percentages of cases reserved for testing set.
[Maximum number of cases in testing data set] limits total number of cases in the testing set.
If both values are specified, both limits are enforced.

< Back Mext > Finish =] Cancel

Figure 7. Specifying Percentage of Data Reserved for Testing
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Interpreting the association model’s results.

Processing the defined data mining model will discover the association rules and display
them as shown in Figure 8. The rules are listed along with the “Probability” and “Importance” of
the rule. The first association rule in Figure 8 indicates that Bike Stands, Road Bikes = Tires and
Tubes, signifying that a product of category Tires and Tubes is most often bought together with
products of category Bike Stands and Road Bikes. Indeed, the “probability” or “‘confidence” value
of this rule indicates certainty. That is,

Probability( Tires and Tubes | Bike Stands, Road Bikes ) = 100%

Or, equivalently,

P( Tires and Tubes, Bike Stands, Road Bikes ) / P( Bike Stands, Road Bikes ) =1

Students are asked to develop SQL queries to verify the above or any of the other rules’

confidence value (see Appendix).

Shopping Basket.dmm Design] = > I
p@ Mining Structure ;'1 Mining Models I.% Tl A== <= Mining Accuracy Chart ¢ Mining Mode! Prediction

Mining Model; |Shopping Basket ~ | Viewer; |Microsoft Assodation Rules Viewer ~ 02

Rules  Itemsets Dependency Metwork

Minimurm probability: 0.40 =| Filter Rule:

Minimumn impartance: 0.02 [ Show: Show attribute name only

[] show long name Maximum rows: 2000 =

i Probability Importance Rule

1.000 _ 0.328 Bike Stands, Road Bikes - Tires and Tubes
0,732 _ 0.257 Bike Stands -= Tires and Tubes
0.767 _ 0.548 Hydration Packs, Road Bikes -= Bottles and Cages
0,765 _ 0.225 Hydration Packs, Helmets - Tires and Tubes
0.644 _ 0.835 Socks, Mountain Bikes -= Fenders
0.615 _ 0.451 Hydration Packs, Jerseys -= Bottles and Cages
0.e11 _ 0.451 Cleaners, Touring Bikes - = Bottles and Cages
0.537 _ 0,809 Vests, Mountain Bikes -= Fenders
0,569 _ 0,293 Glaves, Touring Bikes -= Helmets
0.558 - 0.102 Vests, Helmets - Tires and Tubes
0.557 _ 0.415 Hydration Packs, Cleaners -» Bottles and Cages
0.547 _ 0.536 Hydration Packs, Fenders -> Mountain Bikes
0.527 _ 0.523 Fenders, Caps ->= Mountain Bikes
0.514 _ 0.378 Hydration Packs, Touring Bikes -= Bottles and Cages
0,493 . 0.053 Cleaners - = Tires and Tubes
0.432 . 0,050 Bike Racks -= Tires and Tubes
0.438 . 0.045 Hydration Packs, Touring Bikes - Tires and Tubes
0,485 _ 0.231 Jerseys, Tires and Tubes -> Helmets
0.485 _ 0,230 Gloves, Tires and Tubes -= Helmets
0,431 _ 0.493 Fenders, Bottles and Cages -> Mountain Bikes

Figure 8. Association Rules Discovered Sorted by Conditional Probability
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Interpreting the ‘“importance’ value.

In an association model, a strong rule, or one that has high confidence, might not necessarily
be interesting because it does not provide new information. In our example, the Bike Stands, Road
Bikes > Tires and Tubes association rule has a confidence value of 1, but only an “importance”
value of 0.328. The importance of this rule is related to the extent that probability of finding a
product of category Tires and Tubes in the shopping basket is increased (or lifted) when there are
also products of categories Bike Stands, and Road Bikes present versus when they are not. The
logarithm of this ratio is shown as the “importance” value:

Importance( Bike Stands, Road Bikes = Tires and Tubes ) =
Log ( P( Tires and Tubes | <Bike Stands, Road Bikes> ) / P( Tires and Tubes | NOT <Bike Stands, Road Bikes> ) )

Since, the base 10 logarithm of 2.12 is 0.328, we see that the probability of finding a product of
category Tires and Tubes in the shopping basket is 2.12 times higher when there are also products
of categories Bike Stands, and Road Bikes present versus when they are not.

The highest importance value of 0.836 shown in Figure 8 is for the association rule: Socks,
Mountain Bikes = Fenders. This signifies that the probability of finding a fender in the shopping
basket is 6.85 (the base 10 logarithm of 6.85 is 0.836) times higher when there are also products of
categories Socks, and Mountain Bikes present versus when they are not. Writing SQL queries to
verify importance values is another non-trivial problem-solving learning opportunity (see
Appendix).

Data driven decision making.
Microsoft’s Association Rules algorithm also provides its Dependency Network view of the

association rules discovered as shown in Figure 9. This provides a good starting place for leading
class discussions on how the links shown can lead to managerial action.
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Hydration Packs

Bottles and Cages

Mountain Bikes

Bike Stands

Tires and Tubes

Bike Racks

Figure 9. The Dependency Network for Product Category Associations
Association analysis based on actual products.

Having guided and presented the case study in stages, an appropriate follow-up assignment
is to ask the students to build a model to discover association rules based on the actual products as
opposed to product categories (see Appendix).

SUMMARY AND CONCLUSIONS

Adoption of data-driven decision making as an essential business skill and a learning
objective in AACSB accredited business school’s curricular efforts has resulted in predictive
analytics being taught/used in courses from every department in a business school. Given the role
that data plays in building predictive models, the database course should not be left behind.
However, the breadth and the depth of needed topic coverage in the database course leaves little
room for introduction of data mining theory and practice. This is also complicated by the
proliferation of software tools for building predictive models (including open source, commercial,
and free for academic use) in that students need to learn the mechanics of different software
packages. Since 2005, Microsoft has introduced nine data mining algorithms for predictive
analytics built into its SQL Server Analysis Services (SSAS) which is available to universities as a
part of Microsoft Developer Network Academic Alliance (MSDNAA). The case study presented in
this paper leverages students’ familiarity with SQL, Microsoft Access and SQL Server, to introduce
Microsoft Data Mining in the database course.
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APPENDIX

Volume 22

Answers and Supporting Screenshots for Case Study Steps

This appendix provides supplemental materials that aid in completing the case study in a
hand-on manner. A copy of the Access database with completed queries, equivalent SQL Server
queries, and Visual Studio data mining project folder are also available from the author.

A. Microsoft Access VBA code

Sub AddQuantity ()

'Bdd=s a

of 1 or

random gquantity wvalue

z
'7% of records are assigned gquantity valu

Dim r= A= Recordset, Qty L= Integer
Set rs =
Randomize
Do While Hot rs.EQF

gty = 1

If Bnd < 0.07 Then "Cnly

DLy = 2
End If

7% of time

r=.Editc
rs {"Quantity™)
rs.Update

= Qty

rs.HMovelNext

Loop

rs.Close

End Sub

Ch oW 1mn

T

o R
%]

i BasketItem takle

L=

il
oo

CurrentDb.OpenRecordset ("BasketItem™)
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Sub AddCheckoutTimestanmp ()
'Rdds a random Checkout Timestamp valus to each row in ShoppingBasket table
'Generate random date in April 2018

'Generate random time bwteen 2:00 and 20:59

Dim rs As Recordset

Dim myDay As Integer, myDate As Date, Timel As Date, TimeZ2 As Date, myTime As Date
Dim myTimestamp As Date

Set rs = Currentlb.COpenBRecordset ("ShoppingBasket™)

Randomize

Do While Not rs.EOQOF

myDay = Int(End * 30) + 1 '"Between 1 and 30
myDate = DateSerial (2018, 4, myDay) '"April 2018

Timel = "Q09:00:00 AM"
Time2 = "08:59:55% PM"

myTime = TimeValue (Timel + Bnd() * (Time2 - Timel))
myTimestamp = myDate & " " & myTime

rs.Edit

rs ("CheckoutTimestamnp™) = myTimestamp
rs.Update
r=z . Movelext

Loop

rs.Close

End Suk
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B. QBE query to list pairs of product categories most bought together

Since Microsoft Access does not support Count Distinct aggregation, a helping query utilizing

Select Distinct is first used:
ﬁ Query1-Step1

Product_1
Product

*

¥ Produc

*

# Product

CurrentPrice

CurrentPrice Basketltern Basketltern_1 Category
Category
% BasketlD —— | ¥ BasketiD
% Product 7 Product
Cuantity Cuantity
Price Price
4
Field: | Category#1: Category Category#2: Category BasketlD
Table: | Product Product_1 Basketltem_1
Sart:
Show: [l [l [
Criteria: | <[Product_1].[Category]
arn
’j—‘ Quer_',.r1"-.__
Cuery1-5Stepl
&
Category=1
Category=2
BasketlD
4
Field: | Category=1 Category#2 Times Bought Together: BasketlD
Table: | Query1-5tepl Cuery1-5tepl Queryl-5tepl
Total: | Group By Group By Count
Sort: Descending
Show:
Criteria:
ar:
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C. QBE query to list product category most bought along with a pair of product categories

= Query2-Step1

Product_1 Product 2
7 Product 7 Product
CurrentPrice .
Basketltem_1 Basketltern_2 CurrentPrice
Category Category
# BasketID ——— | ¥ BasketiD
% Product % Product —
Quantity Quantity
Price Price
Product
-~ | 7
Basketltern Product
" CurrentFrice
Cat
? BasketD Teasy
¥ Product =
‘Quantity
Price
4
Field: | Category#1: Category Category#2: Category Category BasketlD
Table: | Product_1 Product_2 Product Basketltem
Sort:
Show: O O O O O
Criteria: | <[Product_2]![Category] <[Product].[Category]
ar:
T Query2’,
Query2-5tepl
*
Category#1
Category=2
Category
BasketlD
4
Field: | Category#1 Category£2 Category MNumber of Times Bought Together: BasketlD
Table: |Query2-Stepi Query2-5tepl Query2-5tepl Query2-stepl
Total: | Group By Group By Group By Count
Sort: Descending
Show
Criteria:
ar
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D. Importing an Access database into SQL Server

4 SOL Server Impart and Export Wizard = O X
The execution was successful v
]
13 Total 0 Error
@ Success 13 Success 0 ‘warning
Details:
| Action Status Message
@ Initializing Data Flow Task Success
@ Initializing Connections Success
@ Setting SQL Command Success
@ Setting Source Connection Success
@ Setting Destination Connection Success
@ Validating Success
@ Prepare for Execute Success
@ Preexecute Success
@ Executing Success
(i) Copying to [dbo].[Basketltem] Success 32265 rows transfemed
(i) Copying to [dbo] [Product] Success 37 rows transfemed
(i) Copying to [dbo].[ShoppingBasket] Success 13050 rows transfemed
@ Postexecute Success
| Report w |

Zi)

E. Defining the relationships between tables in SQL Server

ShoppingBasket
7 BasketlD

CheckoutTimestamp

]

Basketitem
BasketiD
Product
Quantity

Price

Volume 22

Product
? Product
CurrentPrice

Category
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F. SQL query to list pairs of product categories most bought together

Cuery Designer *
~
Product J Product_1 J
[ ]* (&l Columns) [1* (Al Columns)
[l Product e |[C] Product
[“ICurrentPrice [ CurrentPrice
[w]categery = <O — Categor}r =
Basketltem J Basketltern_1 J
D* (All Columns) D* (All Celumns)
[|BasketiD [ |BasketiD oz
oo ([ ] Product [IProduct
[[]Quantity [JQuantity
[IPrice [IPrice
v
< >
Alias Table Output  Sort Type Sort Order  Group By Filter Or... 2
3 Category#1 Product Group By
Category | Category®2 Product_1 Group By
BasketlD | [Mumber of Times Bought Together]  Basketltern_1 Descending 1 Count Distinct

]

— v
< >
SELECT TOP (3) Product.Category AS Category#1, Product_1.Category AS Category®2, COUNT(DISTINCT Basketltern_1.BasketlD) AS [Mumber of Times Bought Togethe
FROM Basketltern AS Basketltem_1 INNER JOIN

Product AS Product_1 OM Basketltem_1.Product = Product_1.Product INMER JOIN

Product INMER JOIN

Basketltern OM Product.Product = Basketitern Product OM Basketltem_1 BasketlD = Basketltern.BasketlD AND Product_1.Category » Product.Categony]
GROUP BY Product.Category, Product_1.Category
ORDER BY [Mumber of Times Bought Together] DESC
£ >

Corcel
SELECT TOP (5) Product.Category AS Category#1, Product_1.Category AS Category#2,
COUNT(DISTINCT Basketltem_1.BasketID) AS [Number of Times Bought Together]

FROM Basketltem AS Basketltem_1 INNER JOIN Product AS Product_1

ON Basketltem_1.Product = Product_1.Product
INNER JOIN Product
INNER JOIN Basketltem
ON Product.Product = Basketltem.Product
ON Basketltem_1.BasketID = Basketltem.BasketID
AND Product_1.Category > Product.Category
GROUP BY Product.Category, Product_1.Category
ORDER BY [Number of Times Bought Together] DESC
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G. Creating a new named query (BasektItemWithCategory) in the data source view

FA Basketltem
BasketlD R shoppingBasket
Product o ™o BasketID
Quantity ChedkoutTimestamp
Price
BasketltemWithCategory
A Product BasketlD
w0 Product Product
CurrentPrice Categ?ry
Category Quantity
Price
H. Selecting the data mining algorithm to use
A Data Mining Wizard O >
q

Create the Data Mining Structure
Specify if mining model should be created and select the most applicable technigue.

(®) Create mining structure with a mining model
Which data mining technique do you want to use?
Microgoft Association Rules

Microzoft Association Rules

()| Microsoft Clustering
Microsoft Decision Trees
Microsaft Linear Regression
Microsaoft Logistic Regression
Microzoft Maive Bayes
Microsaoft Meural Metwork

oth Microsoft Sequence Clustering
Microsoft Time Series

< Back Mext = Finizh Cancel
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I. Specifying tables to be used by the data mining algorithm

Volume 22

A\ Data Mining Wizard

Specify Table Types
Specify the type of tables to use for your analysis.

Input tables:
Tables Case
Basketltem |
B  BasketktemWithCategory |
Product

_% ShoppingBasket

< Back MNext =

MNested

oord

Cancel

J. SQL queries to show Probability( Tires and Tubes | Bike Stands, Road Bikes ) = 1

The following SQL query returns 13 as number of baskets with a product in each category: Tires

and Tubes, Bike Stands, and Road Bikes:

SELECT COUNT(DISTINCT BasketID) AS [Number of Baskets]
FROM ShoppingBasket AS X
WHERE EXISTS

(SELECT *

FROM Basketltem INNER JOIN Product

ON Basketltem.Product = Product.Product

WHERE Basketltem.BasketID = X.BasketID

AND Product.Category = N'Tires and Tubes')

AND EXISTS
(SELECT *
FROM Basketltem INNER JOIN Product

ON BasketItem.Product = Product.Product
WHERE Basketltem.BasketID = X.BasketID

AND Product.Category = N'Bike Stands")

AND EXISTS
(SELECT *
FROM Basketltem INNER JOIN Product

ON Basketltem.Product = Product.Product
WHERE Basketltem.BasketID = X.BasketID

AND Product.Category = N'Road Bikes')
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And, the following SQL query also returns 13 as number of baskets with a product in each category:
Bike Stands, and Road Bikes:

SELECT COUNT(DISTINCT BasketID) AS [Number of Baskets]
FROM ShoppingBasket AS X
WHERE EXISTS
(SELECT *
FROM Basketltem INNER JOIN Product
ON Basketltem.Product = Product.Product
WHERE Basketltem.BasketID = X.BasketID

AND Product.Category = N'Bike Stands')

AND EXISTS
(SELECT *
FROM Basketltem INNER JOIN Product
ON BasketItem.Product = Product.Product
WHERE Basketltem.BasketID = X.BasketID

AND Product.Category = N'Road Bikes")

Therefore,

Probability( Tires and Tubes | Bike Stands, Road Bikes ) =

P( Tires and Tubes, Bike Stands, Road Bikes ) / P( Bike Stands, Road Bikes ) =
Number of baskets with Tires and Tubes, Bike Stands, and Road Bikes /
Number of baskets with Bike Stands and Road Bikes = 13/ 13 = 100%

K. SQL queries to show Importance

( Bike Stands, Road Bikes = Tires and Tubes ) = 0.328
Importance( Bike Stands, Road Bikes = Tires and Tubes ) =
Log ( P( Tires and Tubes | <Bike Stands, Road Bikes> ) / P( Tires and Tubes | NOT <Bike Stands, Road Bikes> ) )
= Log( 1 /P( Tires and Tubes | NOT <Bike Stands, Road Bikes> ) )
We have,
P( Tires and Tubes | NOT <Bike Stands, Road Bikes> ) =
P( Tires and Tubes and NOT <Bike Stands, Road Bikes> ) /
P( NOT <Bike Stands, Road Bikes> )
The numerator,
# of baskets with Tires and Tubes and NOT < Bike Stands, Road Bikes > =
# of baskets with Tires and Tubes and No Bike Stands and No Road Bikes +
# of baskets with Tires and Tubes and Bike Stands and No Road Bikes +
# of baskets with Tires and Tubes and No Bike Stands and Road Bikes
The following SQL query gives the first count as 5,158:

SELECT COUNT(DISTINCT BasketID) AS [Number of Baskets]
FROM ShoppingBasket AS X
WHERE EXISTS
(SELECT *
FROM Basketltem INNER JOIN Product
ON BasketItem.Product = Product.Product
WHERE Basketltem.BasketID = X.BasketID

AND Product.Category = N'Tires and Tubes')

AND NOT EXISTS
(SELECT *
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FROM Basketltem INNER JOIN Product
ON BasketItem.Product = Product.Product
WHERE Basketltem.BasketID = X.BasketID

AND Product.Category = N'Bike Stands")

Volume 22

AND NOT EXISTS
(SELECT *
FROM Basketltem INNER JOIN Product

ON Basketltem.Product = Product.Product

WHERE Basketltem.BasketID = X.BasketID

AND Product.Category = N'Road Bikes')

Similar queries produce:

# of baskets with Tires and Tubes and NOT < Bike Stands, Road Bikes > =

5,158 +90 +473 =5,721

The denominator,

# of baskets with NOT < Bike Stands, Road Bikes > =
# of baskets with No Bike Stands and No Road Bikes +
# of baskets with Bike Stands and No Road Bikes +

# of baskets with No Bike Stands and Road Bikes =
10,564 + 117 + 2,356 = 13,037

Therefore,

P( Tires and Tubes | NOT <Bike Stands, Road Bikes> ) = 5,721/ 13,037 = 0.438

And,
Importance( Bike Stands, Road Bikes = Tires and Tubes ) =

Log (P( Tires and Tubes | <Bike Stands, Road Bikes> ) / P( Tires and Tubes | NOT <Bike Stands, Road Bikes> ) )
= Log( 1 /P( Tires and Tubes | NOT <Bike Stands, Road Bikes> ) )

=Log(1/0.438)=Log(2.2788 ) =0.357
which is close to 0.328!

L. Developing a data mining model for predicting products that are bought together

A
Specify the Training Data

Specify the columns used in your analysis. %

Mining model structure:

[m] Tables/Calumns Key @] Input (W] Predictable
- _ﬁ ShoppingBasket
| Basket|D O O
O Checkout Timestamp O O O
- R Basketltem
O Price O O
s | Product
O Guantity O O

Recommend inputs for cumrently selected predictable:

Suggest

< Back Next > Cancel
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Road-550-w

Half-Finger Gloves

Volume 22

ML Mountain Tire

HL Mountain Tire

Mountain Tire Tube

Sport-100

Touring-1000

Touring-2000

LL Mountain Tire

&l Mining Structure 4 Mining Models l.% LTl e SRl =] Mining Accuracy Chart S Mining Model Prediction

Mining Model: | Shopping Basket Product ~ | Wiewer: |Microsoft Assodation Rules Viewer ~ 0
Rules Itemgets Dependency Network

Minimum probability: 0.40 2| Filter Rule:

Minimurm impor tance: 0.75 |3 show: Show attribute name only

[] Show long name Maximum rows: 2000

#  Probability ¥ Importance

0.565 Y 1556
1.000 Y :. 505
1.000 [ . <55
0.871 [ . <3
1.000 I 38
1.000 I 1424
1.000 I .20
1.000 [, (407
0.500 [ 1. <02
L.000 [ 366
L.000 [ .63
0.512 [ 362
0.925 [ 1.5 1
0.892 I 1324
0.786 I, 520
1.000 [ 1319
1.000 N 1319

Rule

Touring Tire Tube -> Touring Tire

Road-250, Road Tire Tube -> HL Road Tire
Road-350-W, Road Tire Tube -= ML Road Tire

Touring Tire -= Touring Tire Tube

Mountain-500, Mountain Tire Tube -> LL Mountain Tire
Road-550-W, Road Tire Tube ->= ML Road Tire
Touring-1000, Touring Tire Tube - Touring Tire
Road-750, Road Tire Tube - LL Road Tire

Road-250, Patch kit - HL Road Tire

Touring-3000, Touring Tire Tube -> Touring Tire
Touring-2000, Touring Tire Tube -> Touring Tire
Road-350-W, Patch kit -> ML Road Tire

Road-550-W, Patch kit -> ML Road Tire

Road-750, Patch kit - LL Road Tire

Mountain-500, Patch kit ->= LL Mountain Tire
Mountain-200, Mountain Tire Tube ->= HL Mountain Tire
Mountain-400-W, Mountain Tire Tube -= ML Mountain Tire

Figure A. Association Rules of Products Bought Together

A case study to introduce, Page 21



