ASSOCIATION RULE MINING

Association Rule Mining is a powerful technique used to uncover meaningful
relationships between variables within large datasets.

They are designed to discover “if-then” patterns, providing insights into how data
items are related and frequently occur together.

These rules are particularly useful in identifying correlations and dependencies,
enabling data-driven decision-making.

For instance, in a retail dataset, an association rule might identify that “if a
customer buys bread, they are likely to buy butter”.

Such insights help businesses improve cross-selling strategies, inventory
management, and customer satisfaction.

Key Components of Association Rules

Antecedent: The “if” part of the rule, representing the condition.

® Example: A customer buys bread.

Consequent: The “then” part of the rule, representing the outcome.
® Example: The customer also buys butter.

Association rules are derived through algorithms that evaluate the frequency and
strength of these relationships. They use metrics like support, confidence, and lift
to measure the relevance and reliability of discovered patterns.

These rules have applications in various fields, such as retail, healthcare, and
marketing, where analyzing customer behavior or trends is critical for success.

Rule Evaluation Metrics

® Association rules are evaluated using key metrics that determine their relevance,
strength, and reliability. These metrics include support, confidence, and lift,
which quantify the frequency and strength of relationships between data items.

1. Support

® Support measures how frequently an itemset (both antecedent and consequent)
appears in the dataset. It provides an indication of how common a particular
association is.

® Formula:

Transactions containing both antecedent and consequent

Support =
PP Total transactions



® Example: If bread and butter appear together in 100 out of 1,000 transactions, the
support is:

100
Siimiiaed =5 0.0
PP = 000 (10%)

® A higher support value indicates a more frequently occurring pattern in the
dataset.

2. Confidence

® Confidence measures the likelihood of the consequent occurring given that the
antecedent has already occurred. It evaluates the reliability of the rule.
® Formula:

Support of antecedent and consequent
Confidence = il i

Support of antecedent

® Example: If 70% of customers who buy bread also buy butter, the confidence is:

Confidence = 70% = 0.70

® Higher confidence suggests a stronger relationship between the antecedent and
consequent.

3. Lift

® Lift measures the strength of an association compared to its random occurrence in
the dataset. It identifies how much more likely the antecedent and consequent are
to appear together than independently.

® Formula:

Confidence

Lift =

Support of consequent

® Example: A lift value greater than 1 indicates a strong positive association, while
a value equal to 1 suggests no association. For instance, if the lift is 1.5, it means
the antecedent makes the consequent 1.5 times more likely.



How Does Association Rule Learning Work?

Association rule learning is a multi-step process designed to identify meaningful
patterns and relationships in large datasets. It involves two main stages:
Identifying Frequent Itemsets: The process begins by identifying frequent
itemsets—combinations of items that appear together in transactions with a
frequency above a predefined threshold. Metrics like support are used to measure
how often these itemsets occur in the dataset. For example, a frequent itemset
might reveal that bread and butter are purchased together in 10% of transactions.
Generating Association Rules: Once frequent itemsets are identified, association
rules are generated. These rules take the form of if-then statements that describe
relationships between items (e.g., “If a customer buys bread, they are likely to
buy butter”). Metrics such as confidence and lift are applied to evaluate the
strength and reliability of these rules.

Iterative Refinement

The process is iterative, with thresholds for support and confidence adjusted to
refine the rules. This ensures that only the most significant and actionable rules
are selected. For instance, a rule with low confidence may be excluded from
further analysis.

Through this systematic approach, association rule learning uncovers valuable
insights from raw data, enabling organizations to make data-driven decisions.

Types of Association Rule L.earning Algorithms

1. Apriori Algorithm

The Apriori algorithm employs a breadth-first search approach to identify
frequent itemsets. It relies on the principle that all subsets of a frequent itemset
must also be frequent, reducing the search space.

® Advantage: Simple to implement and effective for small datasets with low
dimensionality.

® Limitation: Performance degrades significantly with large or dense datasets due
to repeated scanning of the database.

2. Eclat Algorithm

® The Eclat algorithm uses a depth-first search strategy to discover frequent
itemsets. Instead of scanning the database multiple times, it represents
transactions as vertical itemsets and directly computes intersections.

® Advantage: Efficient for datasets with sparse data or where there are fewer

frequent itemsets.

3. FP-Growth Algorithm

The FP-Growth (Frequent Pattern Growth) algorithm leverages a prefix-tree
structure called the FP-tree to represent transactional data compactly. Unlike
Apriori, it avoids generating candidate itemsets explicitly, making it faster and
more efficient.

Advantage: Significantly faster and more memory-efficient than Apriori,
especially for large datasets.



Applications of Association Rules

Association rules are widely applied across various industries to uncover patterns

and relationships in data, enabling better decision-making and operational

efficiency.

Retail and Market Basket Analysis: Retailers use association rules to identify

frequently purchased product combinations, helping them optimize store layouts

or create product bundles to increase sales.

® Example: A supermarket discovers that customers who buy bread often
purchase butter and jam, leading to strategic placement of these items
together.

Healthcare: In healthcare, association rules help discover co-occurrence patterns

in symptoms, aiding in diagnostic processes and treatment plans.

® [Example: Identifying that patients with high blood pressure often have a
higher risk of developing diabetes can guide preventative care strategies.

E-Commerce and Recommendation Systems: E-commerce platforms leverage

association rules to build recommendation systems that enhance user experiences

and drive sales.

® Example: Amazon’s “Customers who bought this also bought” feature
suggests complementary products, boosting cross-selling opportunities.

Fraud Detection: Association rules are used in financial services to identify

unusual patterns in transaction data, which can help detect fraudulent activities.

® Example: Flagging transactions that deviate significantly from established
spending patterns for further investigation.

EXAMPLE OF ASSOCIATION RULES

® (onsider a small transaction dataset where customers purchase items like bread,
butter, and milk.
([ J
® Dataset Example:
Transaction ID Items Purchased
1 Bread, Butter
i, Bread, Milk
3 Bread, Butter, Milk
4 Milk
5 Bread, Butter




Rule Discovery Process:

Rule Example: “If bread is purchased, then butter is likely to be purchased.”

1. Support Calculation:
Support = Transactions containing both bread and butter + Total transactions

Support = % = 0.6 (60%)

2. Confidence Calculation:
Confidence = Support of bread and butter - Support of bread

3
Confidence = (o 0.75 (75%)

3. Lift Calculation:
Lift = Confidence + Support of butter

Lift = kit =125
0.6

A lift value greater than 1 indicates a positive association between bread and butter.

Apriori algorithm

® The Apriori algorithm is an unsupervised machine learning algorithm used for
association rule learning.

® Association rule learning is a data mining technique that identifies frequent
patterns, connections and dependencies among different groups of items called
itemsets in data.

® Some common use cases are disease prediction and recommendation systems like
market basket analysis for ecommerce platforms.

Itemsets and transactions

® A dataset for Apriori typically consists of transactions, where each transaction is
a collection of items purchased together. For example, a supermarket's sales data
may contain transactions such as:

Milk, Bread, Butter

Milk, Diaper, Beer, Bread

Diaper, Beer, Butter



How the Apriori Algorithm Works

Apriori Algorithm Process

\ Generate Condidate Itkemsets /

PN

\ Prune Itemsets /
Form Frequent
Itemsets

Derive
Association
Rules

® (Generating candidate itemsets: The algorithm starts by identifying individual
items and counting their occurrences to determine frequent items.

® Pruning based on minimum support: Itemsets that appear less than the minimum
support threshold are removed.

® (Generating frequent itemsets: The algorithm generates larger itemsets by
combining frequent smaller itemsets, iterating until no more frequent itemsets can
be formed.

® Deriving association rules: It extracts rules based on confidence and lift values to
determine meaningful relationships.

Step-by-step process

EXAMPLE WITH CALCULATIONS

Transaction 1D Book Categories Purchased
T1 Fiction, Mystery, Romance
T2 Sci-Fi, History
T3 Fiction, Sci-Fi, Biography
T4 History, Biography
iS5 Mystery, Sci-Fi, History
T6 Fiction, Sci-Fi
164 Fiction, Mystery, History, Sci-Fi
T8 Romance, Biography
T9 Fiction, Mystery, Sci-Fi
T10 Sci-Fi, History

Figure 1: Sample Dataset from a Bookstore



Applying the Apriori Algorithm

Step 1: Setting the Support Threshold

- Support Threshold: 30% (an itemset must appear in at least 3 out of 10
transactions)

Step 2: Generating and Pruning 1-itemsets

Candidate 1-itemsets: {Fiction}, {Mystery}, {Romance}, {Sci-Fi}, {History},
{Biography}

Calculate Support for Each 1-itemset:

Count occurrences of each category in all transactions.

Divide by total transactions (10).

Let’s calculate the support for each 1-itemset:

Support({Fiction}) = Frequency of Fiction / Total Transactions =5/ 10 =50%
Support({Mystery}) =4/ 10 =40%

Support({Romance}) =2 /10 =20%

Support({Sci-Fi})=6/10 = 60%

Support({History}) =5/ 10=50%

Support({Biography})=3/10=30%

Pruned 1-itemsets (below 30% support): {Romance}

Step 3: Generating and Pruning 2-itemsets

Candidate 2-itemsets: Generated from remaining 1-itemsets, like {Fiction,
Mystery}, {Fiction, Sci-Fi}, etc.

- Calculate Support for Each 2-itemset and prune those below the threshold.

For example, let’s calculate the support for {Fiction, Sci-Fi}:

Support ({Fiction, Sci-Fi}) = Frequency of {Fiction, Sci-Fi} / Total Transactions
Frequency of {Fiction, Sci-Fi} in transactions T3, T6, T7, T9 =4

Support ({Fiction, Sci-Fi}) =4/10 =40%

Assume after calculations, the following 2-itemsets meet the threshold: {Fiction,
Sci-Fi}, {Sci-Fi, History}, and {Fiction, Mystery}

Step 4: Generating Association Rules and Calculating Confidence

® [ect’s take the frequent itemset {Fiction, Sci-Fi} to generate a rule:

® Rule: {Fiction} — {Sci-Fi}

® Confidence Calculation:

® (Confidence({Fiction}a{Sci-Fi}) =Support ({Fiction, Sci-Fi}) / Support({Fiction})

® Confidence({Fiction}a{Sci-Fi})=40% /50% = 80%

Applications

® Market Basket Analysis: Understanding customer purchasing patterns, like
finding that customers who buy pasta also often buy tomato sauce.

® - Retail Insights: Identifying products that are often purchased together to
optimize store layout or promotions.

® - Cross-Selling Strategies: Suggesting additional products to customers based on

their current selections.



- Healthcare and Research: In medical research, association rules can help in
identifying correlations between different symptoms or drug interactions.

Fraud Detection: Identifying patterns in transactions that might indicate
fraudulent activity.

- Recommendation Systems: Enhancing customer experience by recommending
relevant items. For example, online streaming services recommend movies based
on viewing history.

Challenges in Generating Association Rules

Large Number of Rules: Even with a small number of items, the potential number
of rules can be vast, many of which may not be useful.
- Setting Thresholds: Determining the right support and confidence thresholds
requires domain knowledge and can significantly impact the quality of the
generated rules.

Interpretation and Actionability: Not all discovered rules are useful or
actionable. Some might be trivial or require further investigation to understand
their practical implications.



