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Figure 1. The Categorization of Recommender Systems, Son et al.,2015
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Table 2. Rule 1’s Support, Confidence, and Lift
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In [1]:  import pandss as pd
from mixtend.preprocessing import Transact ionEncoder
from mixtend. frequent_patterns Import aoriorl,sssociation_rules
dataget = [{" &=

rr_; oo :Ij

-
= Transact lonEncoder{)

c ary = te.fit{dataset) . transform{dataset)

df = pd.DataFrame{te_ary, colusns=te.columns_)

frequent_itemsets = apriori(df, min_suppc 1]

3, use_colnames=True)
tion_rules

from mixtend. frequent_patterns import as:

associat lon_rules(frequent_itemsets, metric="1ift", min_threshold=0.5)
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|r (22l =T 08 08 04 0666867  1.111111 0.04 12|

Code 1. The Analysis of three Indications-Support, Confidence and Lift
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User VoD VoD Support
1 ‘QUES|, ‘@AIOI, ‘TX| A= QE3| 5
2 QA0], ‘C|HF QA0 8
3 70, HREE SN 2
4 RQUES|, ‘@0l ‘C|F ‘THHF 3
5 QIES|, HEE YEE 5
6 A0, HEE TrEretoll A 1
7 270f, ‘T|HF : 27| ZA|E! VOD7} Minsup 9H%

8 QUES|, ‘0], YEZ, ‘Tl %=

9 QIZs|, ‘A0, §EE

10 CHFLOf| A

Table 4. User-VOD Matrices
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Figure 4. The Principle of Apriori Algorithm, WIKI

In [2]: | import pandas as pd
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Code 2. The Implementation of Apriori Algorithm
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Figure 5. Performance Comparison between Apriori and FPG, WIKI
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