Recommendation System
RS




You need to recommend a financial product to your users.
There are countless financial products available for users to
choose from. Which financial product would you
recommend to your users? Why?
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Here are some movie ratings.
X BB

Moviel | Movie2 | Movie3 | Movie 4
Alice 4 4 1
Bob 2 2 3
Carol 1 5 3
Dennis 3 4 1
Emma 5 2 1 s
Flora 3 1 5




Predict Alice’s rating for movie 3. What’s your reason?
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Moviel | Movie2 | Movie3 | Movie4
Alice 4 4 ?2?? 1
Bob 2 2 3
Carol 1 5 3
Dennis 3 s 1
Emma 5 2 1 =
Flora 3 1 5




Recommendation is everywhere!
HeAE TCALATE |



amazon.com Recommended for You

Amazon.com has new recommendations for you based on items you purchased or
told us you own.

LOOK INSIDE! LOOK INSIDE!
4
koogle Rpps
Google Apps Google Apps Googlepedia: The
Deciphered: Compute in Administrator Guide: A Ultimate Google
the Cloud to Streamline Private-Label Web Resource (3rd Edition)

Your Desktop Workspace
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Home TV Shows Movies Latest My List

Continue Watching for SmartTV

Trending Now
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NEW EPISODES

Korean TV Shows
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BlBJC

Home News Sport Business Innovation Culture Travel Earth Video Live

Netflix: How did it know I was bi before
I did?

13 August 2023 «{ Share
By Ellie House, BBC Long Form Audio
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The Importance of Recommendation

o Netflix: 2/3 of the movies watched are recommended.

« Google News: recommendations generate 38% more
click-throughs.

e Amazon: 35% sales from recommendations.

o ChoiceStream: 28% of the people would buy more music
if they found what they liked.
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How to recommend?

A recommendation system must have three inputs:

o [tems to be recommended: songs, movies, products,
restaurants etc. (often many thousands)

o Users of the items: watchers, listeners, purchasers,
shoppers etc. (often many millions)

» Feedback of users on items: 5-star ratings,
upvotes/downvotes, clicking “next” or “skipping the
ad”, purchases or clicks.
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Collaboratives Filtering

Collaborative filtering is not something new. We have done
it in many places in the past. Here are a few examples:

o Bestseller list for books
 Top 50 music list
e The “recent returns” shelf at libraries

The intuition behind: People’s tastes are correlated.
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Collaboratives Filtering

However, in the above examples, recommendations are not
personalized, i.e., everybody receives the same
recommendation. How to make recommendations
personalized?

The intuition: If Alice and Bob both like X and Alice also
likes Y, then Bob is more likely to like Y, especially when
Alice and Bob know each other.

17



[Z/ACIBURT:S

PRI, FE R G, R ARAERRY . BIEE A
e AH [a] AOFERE o AN s s - 1db e

Ho: R Alice 1 Bob #{=¥ X, 3f H Alice b EKY ,
B4 Bob AW EEEM Y, JLHZEY Alice 1 Bob HAHIA IR
ipe

18



Suppose that you want to recommend a movie to Emma,
which movie will you recommend?

1 2 3 5 6
Alice 2 = 5
Bob 5 4 1
Carol 5 2
Dennis 1 5 <
Emma =
Flora 4 5 1
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User-Based Collaborative Filtering:

The Neighbourhood Method
TR B FEOE . <R ¥
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Step 1: Find all the movies rated by Emma before, we get movies 3 and 6

AP 1: 83 Emma ZHPFERIFTAHRE, RAMSE] 7 B2 3 6,

1 2 3 4 5 6
Alice 2 = 5
Bob 5 4 1
Carol 5 2
Dennis 1 5 <
Emma =
Flora 4 5 1
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Step 2: Identify other users that have rated the same movie, we get Bob,
Carol, and Dennis

SR 2 R EANPEN B —E 2 P, #1453 7 Bob, Carol, Fl

Dennis

1 2 3 4 5 6

Alice 2 - 5
Bob 5 4 1

Carol 5 2
Dennis 1 5 <t
Emma 4 2

Flora 4 5 1
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Step 3: Compare the similarity between Emma and her
“neighbors” to see who are close to Emma.

PR 30 HE Emma 5y 4R R Z [AIHGAHRIE, LA E ik

5 Emma £k

1 2 3 2 5 6
Alice 2 4 5
Bob 5 4 1
Carol 5 2
Dennis 1 5 <t
Emma 4 2
Flora 4 5 1




Step 4: Select the top k most similar neighbors and use their average
ratings to predict Emma’s rating.

AR A R EY kAR, e AT P PR SR N S I Y

Lz
1 2 3 2 5 6
Alice 2 4 5
Bob 5 4 1
Carol 5 2
Dennis 1 5 <t
Emma 4 2
Flora 4 5 1
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Item-Based Collaborative Filtering
FET W) A D R 2 D&
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Item-based collaborative filtering
Fe T ot B B[R] L 90

Suppose that we are predicting the who will like movie 5.
(RBCFAT IEAETI E 2 AR 5
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Step 1: Who have rated movie 5 before? We get Alice and
Carol.

SR EZEIPE R 52 FA1452] 1 Alice i1 Carol

1 2 3 2 5 6
Alice 2 = 5
Bob 5 4 1
Carol 5 2
Dennis 1 5 -
Emma 4
Flora 4 5 1




Step 2: Identify other movies that have rated the same users, we get
movies 1 and 3.

AR 2: PUNKER P PR MR, BATRE] 752 1R 3

1 2 3 4 5 6
Alice 2 = 5
Bob 5 4 1
Carol 5 2
Dennis 1 5 -
Emma 4
Flora 4 5 1




Step 3: Compare the similarity between movie 5 and its
“neighbors” to see which movie is close to movie 5.

A 3 AR 5 5 RGN E” Z I BAREIE , LU RER

LRI L 5
1 2 3 4 5 6
Alice 2 = 5
Bob 5 4 1
Carol 5 2
Dennis 1 5 -
Emma 4
Flora 4 5 1
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Step 4: Select the top k most similar neighbors and use their average
ratings to predict movie 5’s rating.

AR A EFERALATET B A<RE, e AR PR R RS 5

1155
1 2 3 4 5 6
Alice 2 = 5
Bob 5 4 1
Carol 5 2
Dennis 1 5 -
Emma 4
Flora 4 5 1




Model-based Collaborative Filtering
FET AR P R 1 9E
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Action
Adventure
Animation

Comedy

Crime/Gangster

Documentary
Drama
Fantasy
Film-MNair
Foreign

Horror

What did Netflix do to make recommendations?

Netflix 47 R 1l JA T4 %5 1y

In general, how much do you like watching movies from the following genres?

Neither like nor Not sure of genre

Really dislike Dislike dislike Like Really like definition

=
2

9
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Issues with this approach:

o It is takes users much effort to complete the
questionnaire, and users do not always bother to answer
the questions carefully and seriously.

« Sometimes users themselves cannot clearly state their
preferences.

« Maybe there are some hidden factors that are not
captured by the questionnaire, e.g., the duration of the
movie.
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The Matrix Factorization Method
TR 45 i 7 1k
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Matrix Factorization

Here, we assume that each movie has a number of “latent”
or “hidden” factors that affect user preferences. Examples of
the factors include the length of the movie, the amount of
actions in the movie, the seriousness of the movie, the
orientation of the movie for children etc.

The factors are “latent” or “hidden,” implying that we do
not know which these factors are, and we do not need to
know either.
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Matrix Factorization

Each user also has his or her own preference for each factor.
For instance, some users prefer long movies over short
movies, and some users prefer to have more actions in their
movie. If we know the preferences of a user and a movie’s
attribute values, we can match the movie with the user to
see whether the user will like the movie.
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Matrix Factorization

For instance, suppose that a movie is long and contains a lot
of actions. We also know that

e Alice likes short movies and hates action movies,
« Bob prefers long movies and enjoys action movies.

Then, we can predict that Alice will hate the movie and Bob
will like the movie.
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Mathematically, our model is as follows:

Your rating = Your preference for length x Movie’s length

+Your preference for action x Movie’s amount of action

Suppose that the movie’s length is 1 and amount of action is
2. Alice’s preference for length is 0.5, for action is 0; Bob’s
preference for length is 1, for action is 1.5. We can predict:

« Alice’s rating: 0.5 x 140 x 2 = 0.5.
e Bob’srating: 1 x1+1.5x2=4.
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o Alice FJiE43: 0.5 x 1 +0 x 2 = 0.5.
e Bob lJ1E4r:1 x14+1.5 x 2 =4.
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Let’s generalize the above discussion. Suppose that Alice,

Bob, Carol’s preferences for length and action are as follows:

Length Action
Alice 0.5 0
Bob 1 1.5
Carol 1.5 0.5

There are two movies, whose length and action values are

Length Action
1 1 2
2 0 3
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LEFRATT b i e pEA T eSS . fRix Alice, Bob, Carol XK

TSR 3 2 T
Length Action
Alice 0.5 0
Bob 1 1.5
Carol 1.5 0.5
AP, BRI FBSIEE 5] A
Length Action
1 1 2
2 0 3
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We can multiply the two matrix to get user-movie ratings:

FAITAT DL X PN FE R 36 LR A5 H P - L2140

0.5 O 10 0.5 O
1 1.5] x 5 3 — | 4 4.5
1.5 0.5_ - - 2.5 1.5_




In other words, our prediction is as follows.

Movie 1 Movie 2
Alice 0.5 0.0
Bob 4.0 4.5
Carol 2.5 1.5

Overall, if we know the user matrix and the movie matrix,
we can multiply the two to get the user-movie rating
matrix. The issue is: We do not yet know the user matrix
and the movie matrix.
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Movie 1 Movie 2
Alice 0.5 0.0
Bob 4.0 4.5
Carol 2.5 1.5
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But how to get the user matrix and the movie matrix?

The short answer is, we can guess. We guess different
user matrices and movie matrices, and see if the
predicted rating matrix is close to the actual rating
given by users. When the two are close enough, we
can use the two matrices to construct the new rating
matrix. This is known as matrix factorization.
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We can do better than guessing. There are some
advanced statistical methods for estimating the user
matrix and movie matrix, but this is beyond the scope
of our class. If you are interested, you can search for
“stochastic gradient descent.”
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The matrix factorization algorithm

S S RPN

1 matrix factorization <- (R, P, 9, K, steps=5000, alpha=0.0002,

beta=0.02) {

2 Q <- t(Q)

3 (step l:steps) {

4 (1 l:nrow(R)) {

5 (] l:ncol(R)) {

6 (R[1, j1 > 0) {

7 eij <- R[il J] - sum(P[i,] * Q[IJ])

8 (k 1:K) {

) P[i, k] <- P[i, k]+alpha*(2*eij*Q[k, j] - beta*P[i, k])
10 Q[k, J] <- Q[k, Jjl+alpha*(2*eij*P[i, k] - beta*Q[k, J])
11 PR}

12 eR <- P %*3 Q

13 e <- 0

14 (1 l:nrow(R)) {

15 (7 l:ncol(R)) {

16 (R[1, j1 > 0) {

17 e <- e + (R[il j] - sum(P[i,] * Q[IJ]))Az
18 (k 1:K) {

19 e <- e + (beta/2) * (P[i, k]2 + Q[k, j172)
20 PR}

21 (e < 0.001)¢{ 1}

22 (list(P = P, O = t(Q)))




1
2
3
4
5
)
7
8
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set.seed(123)
R <- matrix(c(5, 3, 0, 1,

4, 0, 0, 1,

i, 1, 0, 5,

i, 0, 0, 4,

o, 1, 5, 4,

2, 1, 3, 0), nrow = 6, ncol = 4, byrow
N <- nrow(R)
M <- ncol(R)
K <- 2
P <- matrix(runif(N * K), nrow = N, ncol = K)
Q <- matrix(runif(M * K), nrow = M, ncol = K)
result <- matrix factorization(R, P, Q, K)

nP <- resultSP

nQ <- result$SO

nR <- nP %*% t(nQ)
print (nP)

print (nQ)

print (nR)




Back to our example...

] 2 FATHI 1+
Moviel | Movie2 | Movie3 | Movie4

Alice 4 4 1
Bob 2 2 3

Carol 1 5 3
Dennis 3 4 1
Emma 5 2 1 s
Flora 3 1 5
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1.71
0.84
1.92
2.05
0.70

0.13

13.47
3.52
1.14
3.41
4.48

3.69

0.74

1.35
—0.69
0.46
1.95

1.93

4.28
2.26
4.63
5.09
1.99
0.60

3.09
1.63
3.34
3.67
1.43
0.43

1.24 2.44 1.77

“11.83 0.14 0.10

1.37
2.97
—1.99
0.66
4.40
4.46

—0.20
2.32
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https:/ /www.youtube.com /embed /n3RKsY2H-NE?enablejsapi=1


https://www.youtube.com/embed/n3RKsY2H-NE?enablejsapi=1

How to recommend financial products using the methods above?

JnAn] P b T3 A RO 7 i 2
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The Cold Start Problem

¥ J8 3 )
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The cold start problem

The collaborative filtering algorithm works very well in
generally, yet it suffers from the issue of cold start. Recall
that in the recommendation algorithm, we need to know the
users’ past interaction with the items to make
recommendations. However, if a user or an item is
completely new without any historical interactions, what
would you do to make recommendations?
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Social Network Analysis
A2 W 48 53



Lenddo, a Singaporean start-up, helps financial institutions
collect users’ social network data. But why?

Lenddo, —5CHmsNelw], i Bh<am U csE A B4t
A2 LA B AT AW
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Obesity is an epidemic.
HERFA — P T

The NEW ENGLAND JOURNAL of MEDICINE

SPECIAL ARTICLE

The Spread of Obesity in a Large Social
Network over 32 Years

Nicholas A. Christakis, M.D., Ph.D., M.P.H., and James H. Fowler, Ph.D.
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Node: individual; edge: connections; size of node: body mass
index; yellow: obesity (i.e., BMI > 30.)

TR AN 1 B8 T RRAN BHR R R4 A IERERD
BMI>30)
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diamond
face-centered cubic crystal

graphite
hexagonal crystal
layer distance : 335 pm

Network structure makes the difference.

[ 265 45 44 TR E 22
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Key Metrics of a Social Network

Individual: Has meaning independently of social network
You live in Shenzhen

Connection: You are close friends with 10 people at CCB

Whole Network: On average, employees know each other
within 4 steps

Connection can be directed (e.g., follower and followee) or
undirected (e.g., classmates)
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Nodes and Edges

Vertex /Node: an end point, often a person
Edge/Link: What connects up the nodes, e.g., a relationship

Maximum number of edges in group of size N(N — 1)/2.

« Where everyone connects to everyone else
o If undirected (my friends also have me as a friend)
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How to determine important persons in a social network?

AnART R S 4128 P 45 P R BN )2
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Who is more important? Why?
R EHE? NftA?
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Who is more important? Why?

HEH E

Mike

Bob

John

Lia

2 it 4

Liz Allen

A
4
A

Lisa
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Closeness Centrality

Only applies to a fully connected network (i.e., a path exists
between any pair of nodes).

. N-1
- Y, d(z,y)

closeness centrality(z)

N: number of nodes in the network

d(z,y): the shortest distance between nodes x and y.
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closeness centrality(z)
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What is the closeness centrality of A?
A g Ot % e

84



New chat

Generate an undirected graph with 5 nodes, A, B, C, D, E, with the following 6 edges (A, B), (A, C), (B,
Q), (B, D), (C, D) and (C, E).




Step 1: Shortest path distances from A

» A to A: 0 (distance to itself is 0).
A to B: 1 (direct edge (A, B)).
A to C: 1 (direct edge (A, C)).
AtoD:2(pathA > B > DorA— C — D).
Ato E:2 (path A —» C — E).

Step 2: Sum of distances

Sum of distances =0+1+4+1+4+2+2=6

Step 3: Closeness centrality formula

Closeness Centrality(A4) = S of distances =

Number of other nodes 4 2

Answer generated by DeepSeek
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Betweenness Centrality

Applies to disconnected networks as well.

0y ()

betweenness centrality(x) = Z
Y,2

0, is the total number of shortest paths from y to z.
0,.(x) is the number of shortest paths from y to z that go

through =.
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betweenness centrality(x) = Z
Y,2
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What is the betweenness centrality of C?

C BIH4 O ER 2 /b
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Pairs Short paths Shorts path through C
=93] B R A 250d CH i L A2
(A, B) 1 (A-B) 0

(A, D) 2 (A-B-D; A-C-D) 1 (A-C-D)

(A, E) 1 (A-C-E) 1 (A-C-E)

(B, D) 1 (B-D) 0

(B, E) 1 (B-C-E) 1 (B-C-E)

(D, E) 1 (D-C-E) 1 (D-C-E)

1
betweenness centrality (C) = 2 +14+14+1=3.5
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