Recommendation Systems
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!
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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
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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




“‘Tﬂrlh us house of represenlabves

Dy kemowe”

Ui rat

= Part I A Dy & ™ Life ol

' . B Arizona Rancher: Fesces. |

[FEL]

L s 1no
| Tosu promused Mexioo vl

Arizona Border Ranchers Tom in Support for Trump's Wall :m-ur—p::nr:?:;:ﬁ
3 VWS 1 | -

Al Srwet Joumal m o - e e bl v i o
setiar iy

Desgile emMPusastic Daiong 1o Presiten Docakd Trume ard pleas Tor & sronger boader, Ansana LY
TRSChErS E CONMRCad i T Supnort for Trgsp's promsie 10 Disld & wisll Blong e Bonger wh

# 3 P ol The WWall Srreat
g F g Jion B i L LB b st Polar Bead v Walrus colon
BBG Place! Larth | B0 Sy




ol FEBEY 46 21118 XS LUK wll BEBL 46 2118 RN FUAE ]

© : £ Q @ - A Q

FESRERENNME (D)
"':i"z"‘ i @ 15h

BE: SINAKIHEER
&, MO

sEMTRENSGARN
ERAXBETV



Home TV Shows Movies Latest My List

Continue Watching for SmartTV

Trending Now
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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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Collaborative 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.
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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.
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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.

41



FE S i

i, R —EREmiR K BEESREEME. FA1LHE:

o Alice B4 B I IRBITEH S,

« Bob B E WK HEHEWNEH .
B2, FATTAT LA Alice £} JRIX RS, 1] Bob £ E¥K
IXEREERY o

42



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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Q

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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How to recommend financial products using the methods above?

JnAn] P b T3 A RO 7 i 2

Feedback: Whether the user clicks on the ad or whether the consumer
user asks for additional information.

Jedst: R RS T, s TH S E P R S i .
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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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One solution is to use surveys. In the case of movie
recommendations, we can ask new users about their
preferences for different movie characteristics. Then, we can
match the movies with user preferences.

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

Neither like nor Mot sure of genre
Really dislike Dislike dislike Like Really like definition
Action n
Adventure o
Animation (]
Comedy s

Cnme/Gangster

e

Documentary
Drama
Fantasy
Film-MNoir
Foreign

Hormor

63
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In general, how much do you like watching movies from the following genres?

Neither like nor Mot sure of genre
Really dislike fizlil | Really like definition
Action n
Adventure ﬂ'
Ani n (]
Comed s
[ i ‘;
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This strategy does not work well. Users just randomly
complete the survey if you force them to do so. Their
choices do not reveal much information to you.

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

Neither like nor Mot sure of genre

Really dislike Mhslike dislike Really like
Action n

Adventure ﬂ'
Animation

Comedy s

Cnme/Gangster

e

Documentary
Drama
Fantasy
Film-MNoir
Foreign

Horror
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In general, how much do you like watching movies from the following genres?
Neither like nor Mot sure of genre
Really dislike Dislike dislike Like Really like definition

Action o
Adventure ,n

e
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Another strategy is to cluster users or movies based on
observed characteristics. For users, we can collect
information such as country, age, gender, nationality... For
movies, we can also construct a profile for them (e.g.,
language, genre, duration, director). Then we apply a
clustering algorithm to divide the users or movies into a
few clusters.

Even though we may not know a specific user, we know
other users in the same cluster. We can make
recommendations based on these users’ preferences.
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Question Ja] i

Both market basket analysis and collaborative filtering can
help us make recommendations. When should we use
market basket analysis and when should we use
collaborative filtering?

Wy Py o A A o [ 3 e R AT LA B A T AT HERE . FRATI NI AE
RN RV 2= A 7 VN < X N - RV N 2= N TP O R
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Question Ja] i

Market Basket Analysis: We only know what a consumer
buys, but does not know what the consumer considers but
did not buy.

Collaborative filtering: We have both positive and negative
feedback (e.g., 5-poing and 1-point review) from consumers.
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Question Ja] i
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Review

Basic Operations in R: Coefficients and Significances

Heisenberg’s Uncertainty Principle
Fixed Effects

« What are fixed effects?
« When should we use fixed effects?
« How to use and how to interpret fixed effects?
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Review

Discrete Choice Models

« Logistic regression

o Probit regression

e Multinomial logit model
« Conditional logit model

Which model should we use?

How to interpret the results of a model?
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Review

Causality vs Correlation

e Omitted Variable Bias
« Reversed Causality

AB Tests

« Why does AB test solve the issue of causality?
e t-test and x?-test
e Tricks and limitations

76



DRAE 1] o3t

PRI SR 5 ZR FIAE S A ) DX ]
o RIS B2
AR S A
AB M
o AT AABMNA AT DIEGIE R R ¢ R ?
o tREIAIE AR (x>-test)
o ABIMRIH2 X550 & FE 14

77



Review

Simpson’s Paradox: Different results may emerge when you
segment your data

k-means algorithm and latent class analysis

e Which algorithm should we use?

e What are the inputs and outputs of the algorithms?
« How does the algorithm work?

« How to determine the number of groups?
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Review

Market Basket Analysis

« Support, Confidence, and Lift

e How to make recommendations based on MBA?
Using Conjoint Analysis to set prices

Be aware of the selection bias
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Review

Recommendation Systems

e User-based collaborative filtering

o Item-based collaborative filtering

e Model-based collaborative filtering
« Cold start problem
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Sample Questions

You want to understand how consumers choose between Air China,
China Southern Airline, Hainan Airline, and China Eastern Airline
based on the ticket price, flight duration, and departure time. Which

model should you use? JRABAREALZ A4S, KATIS [RIFTES KIS ] 247 1H
BB RANTAE R, R, HEUA A TS R o PRI IEFEIRAS
B

A. Linear regression £g4: 7] IH

B. Multinomial logit model £ i 518 %5 5] 1
C. Conditional logit model §544:3% %5 vl I
D. Matrix Factorization 4%f 443 fi#
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Sample Questions

You want to understand how consumers choose between Air China,
China Southern Airline, Hainan Airline, and China Eastern Airline
based on the ticket price, flight duration, and departure time. Which

model should you use? JRABAREALZ A4S, KATIS [RIFTES KIS ] 247 1H
BB RANTAE R, R, HEUA A TS R o PRI IEFEIRAS
B

A. Linear regression £g4: 7] IH

B. Multinomial logit model £ i 518 %5 5] 1
C. Conditional logit model Z&/4:3% %5 [H] 15
D. Matrix Factorization #f f%4 4 fi#
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Sample Questions

You want to predict how consumers choose between CCB, ABC, BOC
and ICBC, where a consumer can choose more than one banks based on
their age, gender, etc. Which model should you choose? /R854 H 7 &

AnARTAR 9 Al TR AR 55 I SR AE AT, R AT, AT A AT Z e e %
o XE—AHP AT RS A IRAT ARG REMRA A 2

A. Linear regression £g/4: 7] I

B. Multinomial logit model 2 5i5X1% %5 5] 15
C. Conditional logit model §544:3% %5 vl I
D. Logistic Regression 1% & [n] 15
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Sample Questions

You want to predict how consumers choose between CCB, ABC, BOC
and ICBC, where a consumer can choose more than one banks based on
their age, gender, etc. Which model should you choose? /R854 H 7 &

AnARTAR 9 Al TR AR 55 I SR AE AT, R AT, AT A AT Z e e %
o XE—AHP AT RS A IRAT ARG REMRA A 2

A. Linear regression £g/4: 7] I

B. Multinomial logit model 2 5i5X1% %5 5] 15
C. Conditional logit model §544:3% %5 vl I
D. Logistic Regression 1% % [5] I
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Sample Questions

You want to compare means in an AB test. Which model
should you choose? ZEABMIRH , A FLAPHAL P (I K
No VRPLIZEEMRA AR 2

A. Linear Regression Z¢J4: [H] 15
B. t test t£5 L5

C. Logistic Regression 1% % 7] IH
D. x* test & 7 K5
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Sample Questions

You want to compare means in an AB test. Which model
should you choose? ZEABMIRH , A FLAPHAL P (I K
No VRPLIZEEMRA AR 2

A. Linear Regression Z¢J4: [H] 15
B. t test ti 5

C. Logistic Regression 1% % 7] IH
D. x* test & 7 K5
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Sample Questions

The following table shows the items purchased by each
consumer: FRHBIH TR 528 WL 1 REL = fy

Consumer JH§ &% Items Purchased ;=5
Alice {1, 3, 5}

Bob (1,4, 5)

Carol V2, 44

Denis {1, 2, 6}
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Sample Questions
Calculate the value of support({1}): i1 F.support({1})F{E

A.1
B.1/2
C.3/4
D.3/11
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Sample Questions
Calculate the value of support({1}): i1 F.support({1})F{E

A.1
B.1/2
C.3/4
D.3/11
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Sample Questions

Calculate the value of confidence({1}->{5}):

it& confidence({1}->{5})H{H

A.2/3
B.1/2
C.1
D.2
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Sample Questions

Calculate the value of confidence({1}->{5}):

it& confidence({1}->{5})H{H

A.2/3
B.1/2
C.1
D.2
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You conducted a linear regression. The dependent variable is car sales,
and the independent variable is the color of the car, which is treated as a
fixed effect (blue is benchmark). The coefficients and their significances
are:

Color Enta Coefficient R £ Significance T ZE %
Black £ 12.31 0.00

Grey K& 0.18 0.21
Yellow &t -7.14 0.02

White 5 & 5.15 0.01

Which of the following statements is FALSE?
A. The coefficient and significance for Blue are 0.
B. Color gray does not have significant effect on car sales.

C. Consumers prefer black color over white color when making
purchases.

D. Yellow color is least popular among all colors.
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URPEAT T e RDE, (RE) AR BRI EH R, BARRRERNIAE
s AR OONEAE) . IR IEDHB SR (RECMSET B2 1)U N R pn

Color Engs Coefficient R£X Significance & ZE %
Black £ 12.31 0.00

Grey K& 0.18 0.21
Yellow & -7.14 0.02

White 5 5.15 0.01

TR YA R B DR A 2

A. TR AHY R B B RO

B. Kt A W5 IR IS B
C.HXFHA, HIEESWRARKE
D. 3R A IR A B A Z XK HY
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URPEAT T e RDE, (RE) AR BRI EH R, BARRRERNIAE
s AR OONEAE) . IR IEDHB SR (RECMSET B2 1)U N R pn

Color Engs Coefficient R£X Significance & ZE %
Black £ 12.31 0.00

Grey K& 0.18 0.21
Yellow & -7.14 0.02

White 5 5.15 0.01

TR YA R B DR A 2

A. TR AHY R B B RO

B. IR A B R {4 R B =
C.HXFHA, HIEESWRARKE
D. 3R A IR A B A Z XK HY
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Sample Questions

Omitted variable bias can be an issue in

FELL N WAL A vy, FATT AT E S 2] b Y A2 Bl 22 1Y 1]t 2

A. Linear Regression Z¢J4: [H] 15

B. Multinomial Logit Regression 25 13,18 45 [H] I
C. t-test t f L

D. All of the above D) F1Jn] gE
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Sample Questions

Omitted variable bias can be an issue in

FELL N WAL A vy, FATT AT E S 2] b Y A2 Bl 22 1Y 1]t 2

A. Linear Regression Z¢J4: [H] 15

B. Multinomial Logit Regression 25 13,18 45 [H] I
C. t-test t f L

D. All of the above D) F1Jn]gE
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Sample Questions

k-means is an interactive algorithm which updates information
in each round. Which of the following information will not be
updated? Select D if all will be updated. kR E— " MEHHA
in, BRWSENER. NEWIE R AP E e R
Hh = W BT iR 1ED

A. Number of clusters 2%

B. Location of centers 2.0 B,

C. Cluster membership A4~ iR RIHE

D. All of the above will be updated DL {5 E.352 8% 5 8T
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Sample Questions

k-means is an interactive algorithm which updates information
in each round. Which of the following information will not be
updated? Select D if all will be updated. kR E— " MEHHA
in, BRWSENER. NEWIE R AP E e R
Hh = W BT iR 1ED

A. Number of clusters 284§

B. Location of centers 2.0 B,

C. Cluster membership A4~ iR RIHE

D. All of the above will be updated DL {5 E.352 8% 5 8T

102



Sample Questions

Which of the following statements on model-based
collaborative filtering is FALSE?

A. We need to have the feedback from users as the input.
B. The method is based on matrix factorization.

C. Recommendation is made using market basket analysis.

D. For new users and items, we have the cold start problem.
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Sample Questions

AR 5 T 5 TR HHERE 2R ST R i B DR A 2

A FATTH B N DAL FH P 7 il Y S 5t

B. %07 iR TR 70 %

C. FA T AL W 1y 7 1) P Al

D. %3800 P BB B A, BT 14T 1% 8 sl )
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Sample Questions

T T35 TR AU R SRR S R0 2

A FATTH B N DAL FH P 7 il Y S 5t

B. %07 iR TR 70 %

C. FA T A W 1y 7 1) P Al

D. %3800 P BB B A, BT 14T 1% 8 sl )
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Sample Questions

You are building a model to predict which types of consumers are more
likely to default in their loans. However, your analysis is subject to the
selection /survival bias because your bank does not offer loans to all
applicants. One way to alleviate this issue is to

A. Collect data even from applicants who did not get loans
B. Collaborate with other banks to obtain data of their borrowers
C. Offer loans to some borrowers even if we believe they will default

D. Decline loans to some borrowers even if we believe they will pay
back
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{5l et

PRAE i — AR AT 2R TR 2 BB O G L) . HE N
TREIERTT I ARG A B B & AR AR GTK VA AL 30 T i
e ZZ A [/ — ARG 22 1 JT 1

A CEETAR L HE ST ORISR - B

B. FHARIRT TS /E I A AT AL 3

C. BIEIRATEMN —RA P 2EHEL . J35R8% A Hd—if
o1 P R TBTK

D. B FefII3m—38 Fl P 3 Ih sk, R sE a2y Ko —k
o1 FLP R BB
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{5l et

PRAAIE — AL AT I — 2R IH e B B A S E Hd 4. BN
TREIERTT I ARG A B B & AR AR GTK VA AL 30 T i
e A 22 1 1Al o — > SRR 43 22 1) T ¥R -

A CEETAR L HE ST ORISR - B

B. FHARIRT TS /E I A AT AL 3

C. BMERATIN —2RH T G HES, 5% H A H g —if
o P R

D. B FefII3m—38 Fl P 3 Ih sk, R sE a2y Ko —k
o1 FLP R BB
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75 H B BATA RN (AN [ —IP kit 5 BoMGf
FORAEEA B ZHAHRINE . G 8 — 4 SR 2 AT TR HE
17 ZR GEAR AR A B ) R
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