Collaborative
Filtering

In today’s world you have so many choices. What book should you read next?
What movie should you rent? What hot, new song should you download to your
iPod or iPhone? Collaborative filtering is the buzzword for methods used to “filter”
choices using the collective intelligence of other people’s product choices. The web
has made it easy to store the purchasing history and preferences of thousands, and
in some cases, millions of consumers. The question is how to use this data to rec-
ommend products to you that you will like but didn’t know you wanted. If you ever
rented a movie from a Netflix recommendation, bought a book from an Amazon.com
recommendation, or downloaded an iTunes song from a Genius recommendation,
you have used a result generated by a collaborative filtering algorithm.

In this chapter you'll see simple examples to illustrate the key concepts used in
two types of collaborative filtering: user-based and item-based collaborative filtering
algorithms.

User-Based Collaborative Filtering

Suppose you have not seen the movie Lincoln and you want to know if you would
like it. In user-based collaborative filtering, you look for moviegoers whose rating
of movies you have seen is most similar to yours. After giving a heavier weighting
to the most similar moviegoers, you can use their ratings to generate an estimate
of how well you would like Lincoln.

NOTE Despite the title, Badrul Sarwar et al.’s article “Item-Based Collaborative
Filtering Recommendation Algorithms” (Transactions of the Hong Kong ACM, 2001,
pp- 1-11) contains a detailed discussion of user-based collaborative filtering.

You can use the following simple example to further illustrate how user-based
collaborative filtering works. Suppose seven people (Lana, George, Manuel, Charles,
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Noel, James, and Theresa) have each rated on a 1-5 scale a subset of six movies
(Sixth Sense, Flight, Amour, Superman, Dodge Ball, and The Others). Figure 24-1 (see
file finaluserbased.x1sx) shows the ratings.

€ D E F G H 1 ] K L M
7 Sixth Sense  Flight Amour Superman Dodge Ball The Others Mean
8 lana 2.5 3.5 3 3.5 2.5 3
9 George 3 3.5 1.5 5 3.5 3 325
10 Manuel 25 3 3.5 4 325
11 |Charles 3.5 3 4I 2.5! 4.5 3.5
12 Noel 3 4 2 3 2 3 2.833
13 James 3 4 5 3.5 3 3.7
14 Theresa 4.5 4 $ 3.167
15 1 2 3 4 5 6
16 Lana 2.5 3.5 3 3.5 2.5 0
17 Theresa 0 45 0 4 5 0
18 Lana - 35 3.5 25| 35 3.5 2.5 Correlation
19 Theresa _ 45 _ 4 1 45 4 1 0.991241

Figure 24-1: Movie ratings

Now suppose you want to predict Theresa’s rating for the tearjerker Amour, which
she has not seen. To generate a reasonable member-based forecast for Theresa’s rat-
ing for Amour, proceed as follows:

Begin with Theresa’s average rating of all movies she has seen.

Identify the people whose ratings on movies seen by Theresa are most similar
to Theresa’s ratings.

3. Use the ratings of each person who has seen Amour to adjust Theresa’s aver-
age rating. The more similar the person’s other ratings are to Theresa’s, the
more weight you give their ratings.

Evaluating User Similarity

There are many measures used to evaluate the similarity of user ratings. You can
define the similarity between two users to equal the correlation between their rat-
ings on all movies seen by both people. Recall that if two people’s ratings have a
correlation near +1, then if one person rates a movie higher than average, it is more
likely that the other person will rate the movie higher than average, and if one person
rates a movie lower than average, then it is more likely that the other person rates
the movie lower than average.

NOTE See pp. 356-58 of Blattberg’s Database Marketing, Springer, 2008 for an
excellent discussion of similarity measures.
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On the other hand, if two people’s ratings have a correlation near -1, then if one
person rates a movie higher than average, it is more likely that the other person
will rate the movie lower than average, and if one person rates a movie lower than
average, then it is more likely that the other person rates the movie higher than
average. The Excel CORREL function can determine the correlation between two data
sets. To find the correlation between each pair of moviegoers, proceed as follows:

In cells C16 and C17, type in the cells the names of any two moviegoers. (The

worksheet Correlation simuses Lana and Theresa.)

2. Copy the formula =INDEX($D$8:$1$14 ,MATCH($C16,$C$8:$C$14,0),D$15)
from D16 to D16:117 to place Lana’s and Theresa’s ratings in rows 16 and 17.

2. You cannot use the CORREL function on the data in rows 16 and 17 because
Excel will use the Os (corresponding to unseen movies) in its calculations.
Therefore, copy the formula =IF(COUNTIF(D$16:D$17,">0") = 2,D16,"_")
from D18 to D18:119 to replace all Os in rows 16 and 17 with a _. This ensures
that when you measure similarity between two people’s movie ratings via
correlation you use only movies that were rated by both people.

4. Enter the formula =CORREL(D18:118,D19:119) in cell M19 to compute the

correlation, or similarity between Lana’s and Theresa’s ratings. The correlation

0f 0.991241 indicates that Lana and Theresa have similar tastes in movies.

Now use a two-way data table to compute for each pair of people the cor-

relations between their movie ratings. List all people’s names in the ranges

H24:H30 and 123:023.

6. In H23 reenter the correlation formula =CORREL(D18:118,D19:119).

Select the table range of H23:030, select Data Table... from the What-If por-

tion of the Data Tools Group on the Data tab, and select C16 as the row input

cell and C17 as the column input cell. This enables Excel to loop through all

N

pairs of movie viewers and yields the correlations shown in Figure 24-2.

H | J K L M N o
21
22 Correlations
23 0.991240707 Lana George Manuel Charles Noel James Theresa
24 |Lana 1 0.398 0.866025 0.94388 0.597614 0.845154255 0.991241
25 |George 0.398409536 1 0.204598 0.31497 0.411765 0.963795682 0.381246
26 Manuel 0.866025404 0.205 2 | 1 -0.2582 0.134839972 -1
27 |Charles 0.943879807 0.315 1 1 0.566947 0.028571429 0.893405
28 Noel 0.597614305 0.412 -0.2582 0.566%947 hl 0.211288564 0.924473
29 |James 0.845154255 0.964 0.13484 0.028571 0.211289 1 0.662349
30 Theresa 0.991240707 0.381 -1 0.893405 0.924473 0.66284338 i

Figure 24-2: User similarities
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Estimating Theresa’s Rating for Amour

You can use the following formula to estimate Theresa’s rating for Amour. All sum-

mations are for moviegoers who have seen Amour.

b3

‘Other moviegoers

(1) Estimate of Theresa’s Rating for Amour = (Theresa’s Mean Rating) +

(Similarity of moviegoer to Theresa) = (Moviegoet’s rating for Amour — Moviegoet’s average rating)

b3

Al maviegomlMowegoers similarity to Theresal|

To generate your estimate of Theresa’s rating for Amour, start with Theresa’s aver-

age rating of all movies and use the following types of moviegoers to increase your

estimate of Theresa’s rating for Amour:

People who have a positive similarity to Theresa and like Amour more than
their average movie.
People who have a negative similarity to Theresa and like Amour less than
their average movie.

Use the following types of moviegoers to decrease your estimate of Theresa’s

rating for Amour:

People who have a positive similarity to Theresa and like Amour less than
their average movie.
People who have a negative similarity to Theresa and like Amour more than
their average movie.

The denominator of Equation 1 ensures that the sum of the absolute value of the

weights given to each moviegoer adds up to 1. The calculations used to determine

your estimate of Theresa’s rating for Amour are as follows:

Copy the formula =AVERAGE (D8:18) from J8 to J9:J14 to compute the average
rating for each person. For example (refer to Figure 24-1), Theresa’s average
movie rating is 3.167.

The remaining calculations are shown in Figure 24-3. In H34 and 134 choose
(via drop-down boxes) the movie-person combination for which you want to
estimate a rating.

Copy the formula =VLOOKUP(N34,$C$8:$J$14,8, FALSE) from O34 to 035:040
to copy each person’s average rating. For example, in cell O34 your formulas
extract Lana’s average rating (3).

Copy the formula =INDEX (correlations ,MATCH($1$34,$H$24:$H$30,0) ,MAT
CH(N34,$1$23:$0$23,0)) from P34 to P35:P40 to pull the similarity of each
person to the selected person. The first MATCH function ensures you pull the
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correlations for Theresa, whereas the second MATCH function ensures that you
pull the similarity of Theresa to each other person. For example, the formula
in cell P35 extracts the 0.38 correlation between George and Theresa.

H | J N o P Q R S
33 Predict rating for Person Mean Mean Similarity Movie Rating Adjustment Abs. Correlation
34 Amour Theresa 3.167 Lana 3 0.991241 3 [} 0.991240707
35 George 3.25 0.381246 1.5 -1.75 0.381246426
36 Manuel 3.25 -1 [} [} 0
37 Charles 3.5 0.893405 3 -0.5 0.893405147
38 Noel 2.833333 0.924473 2 -0.833333333 0.924473452
39 James 3.7 0.662849 o o 0
40 Theresa 3.166667 1 o ) 0
41
42 Total Adjustment -0.59062
43 Final Rating 2.576052

Figure 24-3: Estimating Theresa’s rating for Amour

5. The anchoring of H34 in the second MATCH function ensures that copying the
formula =INDEX(ratings,MATCH(N34,$N$34:$N$40,0) ,MATCH($H$34,$D$7
:$1$7,0)) from Q34 to Q35:Q40 pulls each person’s rating for Amour. If the
person has not seen Amour, enter a value of 0. For example, the formula in
Q35 extracts George’s 1.5 rating for Amour.

Copy the formula =IF (AND(N34<>$1$34,034>0), (Q34-034),0) from R34 to
R35:R40 to compute for each person who has seen Amour an adjustment equal

N
@\

to the amount by which the person’s rating for Amour exceeds their average
movie rating. For example, George gave movies an average rating of 3.25 and
rated Amour only a 1.5, so George’s adjustment factor is 1.5 — 3.25 = -1.75.
Anyone who has not seen Amour has an adjustment factor of 0.
7. Copy the formula =IF (AND(N34<>$1$34,034>0) ,ABS(P34),0) from S35:540 to
enter the absolute value of the correlation between Theresa and each person
who has seen Amour.
In 042 the formula =SUMPRODUCT (R34:R40, P34: P40) /SUM(S34:540) computes
(=0.591) the second term in Equation 1, which is used to compute the total

(-]

amount by which you can adjust Theresa’s average rating to obtain an estimate
of Theresa’s rating for Amour.

9. Finally, enter the formula =J34+042 in cell Q43 to compute your estimate
(2.58) for Theresa’s rating.

NOTE You adjusted Theresa’s average rating downward because George’s,
Charles’s, and Noel’s tastes were similar to Theresa’s tastes, and all of them rated
Amour below their average movie rating.
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ltem-Based Filtering

An alternative method to user-based collaborative filtering is item-based collabora-
tive filtering. Think back to the Lincoln movie example. In item-based collaborative
filtering (first used by Amazon.com) you first determine how similar all the movies
you have seen are to Lincoln. Then you can create an estimated rating for Lincoln by
giving more weight to your ratings for the movies most similar to Lincoln.

Now return to the Amour example, and again assume that you want to estimate
Theresa’s rating for Amour. To apply item-based filtering in this situation, look at
each movie Theresa has seen and proceed as follows:

. For each movie that Theresa has seen, use the correlation of the user ratings
to determine the similarity of these movies to the unseen movie (Amour).
2. Use the following Equation 2 to estimate Theresa’s rating for Amour.
(2) Theresa’s Estimated Rating for Amour
= (Theresa’s Average Rating)
-

i i 3 . . k) :
i ovies Therea has seen COTTELLEON of movie to Amour) % (Theresd’s rating for movie — Theresd’s average rating)

2 ovics Theress has seenl COTTELGtiON Of Movie to Amour|

Analogously to Equation 1, Equation 2 gives more weight to the ratings on mov-
ies Theresa has seen that are more similar (in the sense of absolute correlation)
to Amour. For movies whose ratings are positively correlated to Amour’s rating,
increase your estimate if Theresa rated the movie above her average. For movies
whose ratings are negatively correlated to Amour’s rating, decrease your estimate
if Theresa rated the movie above her average. The worksheet Correlation simin
the file finalitembasednew.x1sx contains calculations of an estimate of Theresa’s
rating for Amour. The calculations proceed as follows:

!. In Cl6 and C17 use the drop down box to enter any two movies.

2. Copy the following formula from D16 to D16:117 to extract each person’s

rating for the two selected movies Note that if a person did not rate a movie
a— is entered.

=IF(INDEX($D$8:$1$14,D$15,MATCH($C16,$D$7:$1$7,0))=0,"-",INDEX($
D$8:$1$14,D$15,MATCH($C16,$D$7:$1%7,0)))

W

Copy the formula =IF(0R(D$16="-",D$17="-"),"-",D16) from D18 to
D18:119 to extract only the ratings from users who rated both movies.

4. In D22 use the formula =CORREL(D18:J18,019:J19) to compute the correla-
tion between the selected movies. In this case Amour and my all-time favorite
comedy, Dodge Ball (by the way if you like Dodge Ball you will love We're the
Millers), have a —0.49 correlation.
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%ﬁ

As shown in Figure 24-4, use a two-way data table (row input cell of C16 and
column input cell of C17) to compute in the cell range N22:T27 the correla-
tion between each pair of movies.

N (¢] P Q R S o

20 \

21 | -0.485661864 Sixth Sense Flight Amour Superman Dodge Ball The Others
22 ‘Sixth Sense 1 0.763762616 -0.944911183 0.487950036 0.333333 -1
23 ‘Flight 0.76376262 1 -0.333333333 0.158776837 -0.06804 -0.63386569
24 ‘Amour -0.9449112 -0.333333333 1 -0.422890032 -0.48566 0.94491118
25 ‘Superman 0.48795004 0.158776837 -0.422890032 1 0.979167 -0.29646353
26 \Dodge Ball 0.33333333 -0.068041382 -0.485661864 0.979166667 1 -0.33333333
27 \The Others -1 -0.633865691 0.944911183 -0.296463531 -0.33333 1

Figure 24-4: Item correlations

6. In C26 and C27 use the drop down boxes to select the person (Theresa) and
the movie (Amour) for which you want to predict an estimated rating. The
range C28:H37 shown in Figure 24-5 contains the final calculations used to
generate your item-based prediction for Theresa’s rating of Amour.

C D E F G H | J
7 Sixth Sense Flight Amour Superman Dodge Ball The Others Mean
8 |Lana 25 3.5 3 35 25 3
9 George 3 3.5 i5 5 35 3 3325
10 ' Manuel 25 3 35 4 3325
11 |Charles 3.5 3 4 25 45 35
12 |Noel 3 4 2 3 2 3 2.833
13 |James 3 4 5 35 3 37
14 |Theresa 45 4 1 3.167
B 1 2 3 4 5 6
16 |Amour 3 15(- 3 2-
17 |Dodge Ball 25 35|- 25 2 35
18 |Amour 3 15(- 3 2-
13 | Dodge Ball 25 35/ 25 2|-
20|
21 | correlation between selected items
22| -0.485661864
25 | Person Mean
26 | Theresa 3.166666667
27 | Amour
28| Rating Similarity  Movie Rating-Mean Abs Similarity
29 | 1 Sixth Sense 0 0 0 0
30| 2 Flight 45 -0.3333333 1.333333333  0.333333333
31 3 Amour 0 0 0 [
32| 4 Superman 4 -0.42289 0.833333333  0.422890032
33| 5 Dodge Ball 1 -0.4856619 -2.166666667 0.485661864
34| 6 The Others 0 0 0 [
35 |
36 |Adjustment 0.205666806
37 [Final rating estimate 3.372333473

Figure 24-5: Using item-based filtering to estimate Theresa’s rating for Amour
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7. Copy the formula =INDEX($D$8:$1$14 ,MATCH($C$26,$C$8:$C$14,0) ,MAT

10.

11.

12.

CH($D29,$D$7:$1$7,0)) from E29 to E30:E34 to extract Theresa’s rating
for each movie. (A 0 indicates an unrated movie.) For example, the formula
in cell E30 extracts Theresa’s rating of 4.5 for Flight while E29 contains a 0
because Theresa did not see Sixth Sense.

Copy the formula =1F(E29=0,0, INDEX($0$22:$T$27 ,MATCH($C$27,$0$21
:$7$21,0) ,MATCH(D29,$0$21:$7$21,0))) from F29 to F30:F34 to extract
for each movie Theresa has seen the correlation of the movie’s ratings with
Amour’s ratings. For example, cell F30 contains the correlation between Flight
and Amour (-0.33) while F29 contains a 0 because Theresa did not see Sixth
Sense.

Copy the formula=I1F(£29=0,0,E29-$D$26) from G29 to G30:G34 to compute
for each movie Theresa has seen the amount by which Theresa’s rating for
a movie exceeds her average rating. For example, Theresa’s rating of 4.5 for
Flight exceeded her average rating of 3.17 by 1.33, which is the result shown
in G30.

Copy the formula =ABS(F29) from H29 to H30:H34 to compute the absolute
value of the correlation of each movie’s rating with Amour’s ratings.

In cell D36 use the formula =SUMPRODUCT (G29:G34,F29:F34)/SUM(H29:H34) to
compute the second term “adjustment” from Equation 2 to generate Theresa’s
estimated rating for Amour. You should increase Theresa’s average rating of
3.167 by 0.21.

In cell D37 use Equation 2 to compute the final estimate (3.37) of Theresa’s
rating (3.37) for Amour with the formula =D26+D36. If you select a different
movie and a different person in C26 and C27, then cell D37 will contain your
estimate of that person’s rating for the movie.

Comparing Item- and User-Based
Collaborative Filtering

In the past, user-based collaborative filtering was often used because it was easy to

program (Sarwar et al., 2001). User-based collaborative filtering also tends to be more

attractive in situations where users are personally familiar with each other. A good

example would be if Facebook was trying to provide you with music recommenda-

tions based on the preferences of your Facebook friends. With user-based filtering

Facebook could provide you with a list of your friends whose musical preferences

were most similar to yours.
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Companies with many customers who aren’t necessarily familiar with one another,
such as Amazon.com, prefer the item-based approach to the user-based approach
because the item-based matrix of correlations is more stable over time than the
user-based matrix of correlations and therefore needs to be updated less frequently.
Also, when user-based collaborative filtering is applied to a situation in which there
are many customers and products, the calculations do become increasingly more
burdensome than the calculations associated with the item-based approach.

The Netflix Competition

Perhaps the best-known example of collaborative filtering was the Netflix Prize
Competition, which began in October 2006. Netflix made public more than 100
million movie ratings (the training set) and withheld 1.4 million ratings (the test
set) from the competitors. Accuracy of a forecasting algorithm was measured by Root
Mean Squared Error (RMSE). Letting N = Number of ratings in the test set, RMSE
is defined as the following:

RMSE = jz all ratings in Test Set (actual rating — predicted rating) 2
N

Netflix’s algorithm had an RMSE of 0.9514. Netflix offered a $1 million prize to
the first entry that beat this RMSE by at least 10 percent. In June 2009 the BellKor
Pragmatic Chaos team became the first team to improve RMSE by 10 percent.
BellKor won by submitting its entry only 20 minutes before the second place team!
The prize-winning recommendation system was actually a combination of more
than 100 algorithms. You might enjoy the excellent discussion of the Netflix prize
in Chapter 4 of Mung Chiang’s book, A Networked Life (Cambridge University Press,
2012).

Summary

In this chapter you learned the following:
User-based collaborative filtering estimates a person’s rating for a product by
weighting most heavily the opinions of similar users.
Item-based collaborative filtering estimates a person’s rating for a product by
weighting most heavily a person’s ratings for products most similar to the
product in question.
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Exercises

The following table shows ratings for six people and six movies.
Moviel Movie2 Movie3 Movie4 Movie5 Movie 6
Jane 5 4
Jill

S
w
w

Britney 5 5 4 5 4 4
Phil 1 2
Gloria 3 7 5

Mitchell 2 4 4 3

Use user-based filtering to predict each missing rating in the table.

2. Use item-based filtering to predict each missing rating in the table.
How could the concept of a Training set be used to improve the quality of
the estimated ratings defined by Equations 1 and 2?



