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Question:

When talking about marketing analytics,

what first comes to your mind?
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Lenddo, a Singaporean based start-up, helps financial
institutions collect your social network data, but why?
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Wal-Mart’s Shopycat-Gift Recommendation

Wal-mart’s Shopycat app will help you buy the ideal gift for
your friend during the holiday buying rush. Walmart’s
Shopycat recommends gifts for friends based on the social
data extracted from their Facebook profiles. The app also
provides links to the Walmart products so that users can
easily purchase the product.
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Dentsu’s Data Driven Advertising

Dentsu is one of the largest and most influential advertising
agencies in the world, founded in 1901 and headquartered
in Tokyo, Japan. In 2019, Dentsu partnered with Cloudian,
Intel, and other companies on the “DeepAd project.” This
initiative aimed to track and capture car images on Tokyo
roads and deliver dynamic advertisements on digital
billboards as a result.
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Disney’s Data Driven User Experience

In 2017, Disney filed a patent and here is a figure from the
patent. Do you know what Disney is doing?
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Instructor:

Xi Li (xili@hku.hk)
Professor of Marketing, Innovation and Information Management
Director, Asia Case Research Centre

Associate Director, Institute of Digital Economy and Innovation

Ph.D,, Management, University of Toronto
M.Phil., Operations Research, HKUST

B.E., Computer Science, Tsinghua University
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We do not have any textbooks. Our content is partly inspired by

»

the following books:

Product
Analytics

- Applied Data Science Techniques for
, - -Actionable Consumer Insights
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Class Overview




What is the brand of the HKU president’s car?
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Discrete Choice Modeling &5 51 AY

We are familiar with linear regression, which allows you to
use your independent variable X to predict your dependent
variable Y, i.e.,, Y = a + X. In linear regression, the
output, Y, is a real number, e.g., Y = 1.3109.
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Discrete Choice Modeling

But when consumer makes choices, the choices are often
discrete: It can be purchase or nonpurchase, it can be the
brand that you choose (CCB vs. BOC vs. ICBC vs. ABC).

Linear regression does not work here! We can use discrete
choice models to model consumers’ choices.
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Discrete Choice Modeling

We introduce three discrete choice models:

o Logistic regression: The dependent variable is either 1 or
0 (e.g., purchase vs. non-purchase).

« Multinomial logit model (MNL): The choice depends on
the choice maker’s characteristics (e.g., age, gender).

» Conditional logit model: The choice depends on the
alternatives’ characteristics.
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Photo from the Nobel
Foundation archive.
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Daniel L. McFadden
The Sveriges Riksbank Prize in Economic Sciences in
Memory of Alfred Nobel 2000

Born: 29 July 1937, Raleigh, NC, USA

Affiliation at the time of the award: University of California,
Berkeley, CA, USA

Prize motivation: “for his development of theory and
methods for analyzing discrete choice”

Prize share: 1/2
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Causality and AB Testing

With a bit knowledge of statistics, we can often find that
two things are correlated. But this does not necessarily
mean one thing has caused another. A famous example is
the correlation between chocolate consumption and
winning Nobel prize.
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Figure 1. Correlation between Countries’ Annual Per Capita Chocolate Consumption and the Number of Nobel
Laureates per 10 Million Population.
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ﬂ Noor Siddiqui € @noor siddiqui_ - Feb 29
In the US, 14.5% of men are 6ft or taller.
Among CEOs of Fortune 500 companies, 58% are 6ft or taller (4x increase)

3.9% of men are 6°2” or taller, among F500 CEOs, 30% are 6’2" or taller (7.6x
increase)
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Causality and AB Testing

How to identify causality? We can establish AB tests which
are common used in big tech firms nowadays.

We will learn

« How to compare clicks/purchases in AB tests;
« How to compare profits/revenues in AB tests;
« How to compare distributions in AB tests.
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Segmentation

How to determine sizes for your clothing?
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Segmentation

How to choose locations for your store?
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Recommendation System

Will Alice like Movie 3?
Moviel | Movie2 | Movie3 | Movie 4
Alice 4 4 1
Bob 2 2 3
Carol 1 5 3
Dennis 3 4
Emma 5 2 1 4
Flora 3 1 5
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Moviel | Movie2 | Movie3 | Movie 4
Alice 4 4 1
Bob 2 2 3
Carol 1 5 3
Dennis 3 4
Emma 5 2 1 4
Flora 3 1 5
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Market Basket Analysis

Which products do consumers
tend to purchase together?

When they buy beers, should
we also recommend them some
potato chips as well?
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Pricing

How to set price for this new electric surfboard?
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Question

Method

How do consumers make choices among

discrete choice

different alternatives? models
Does something really cause another? A /B testing
Which of the strategies work best?
How do I segment the market? Segmentation
How many types of consumers do I have?
Which products should be recommended to | Recommendation

my consumers? system

What are the underlying relationship Market basket
between different products? analysis

Which products do consumers buy together?

How much will buyers pay for my product?
What is my optimal price?

Price analytics
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From Physics to the Science of Marketing
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The R Software

Our class uses R for teaching. Please install R and RStuido
on your laptop and bring it with you for the next class. You
can

e« Download R here
e Download RStudio here

Note that your installation path should not contain any
non-English letters, otherwise you will be unable to use
some functions.

LR AR FON A S, NI LT RETo ik IR A !
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A Review of Regression
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Regression

Imagine that you want to examine how income changes
with Age, then you can consider the following regression:

Income; = o+ 8 X Age,

where a and § are parameters to be estimated.
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Regression [H] I

file = "https://ximarketing.github.io/class/teachingfiles/r-exercise.txt"
mydata <- read.table(file, header = )

result <- 1lm(Income ~ Age, data = mydata)

summary (result)
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Regression [H] 5

Coefficients:
Estimate Std. Error t value Pr(c|t]|)
(Intercept) -74588 10950 -6.812 5.68e-10 *%*%=

Age 4097 332 12.341 < 2e-16 %

Signif. codes: 0 ‘***' (0,001 ‘**’ 0.01 ‘*’ 0.05

Income; = —74, 588 + 4,097 x Age,
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Regression [H]

Coefficients:

Estimate Std. Error t value Pr(c|t]|)
(Intercept) -74588 10950 -6.812 5.68e-10 ***
Age 4097 332 12.341 < 2e-16 *¥**

Signif. codes: 0 ‘***' (0,001 ‘**’ 0.01 ‘*’ 0.05

Stars denote statistical significance. When there are three
stars, for example, it means the significance is smaller than
0.1%. Usually, when the significance is smaller than 5% (at
least one star here), we say the result is statistically
significant.
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Regression [H] 5

Coefficients:
Estimate Std. Error t value Pr(c|t]|)
(Intercept) -74588 10950 -6.812 5.68e-10 *%*%=

Age 4097 332 12.341 < 2e-16 %

Signif. codes: 0 ‘***' (0,001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 “ ’' 1
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Fixed Effects

Consider another regression: You want to analyze how the
deposit of a consumer changes with his or her job

(professional, self-employed, manufacturing etc.) However,
job is not a number, how can you run a regression?
J y &
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data = read.csv("https://ximarketing.github.io/data/fixed effects.csv")

head(data)

Fixed Effects

result = 1lm(Deposit ~ Age + factor(Job), data = data)

summary (result)

Coefficients:

(Intercept)

Age
factor(Job)Professional

Estimate std.

64380.22
322.25

27754, 26

factor(Job)self-employed -12077.59

Error t value Pr(G|t])

854.43  75.35  <2e-16 #w

15.75  20.45 <2e-16 ¥¥%
627.44 44.23  <2e-16 *x
631.16 -19.14 <2e-16 ¥
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Fixed Effects

The regression output suggests that

(0 if job is manufacuring,
Deposit = 64380 + 322 x Age + ¢ 27754 if job is professional,
—12077 if job is self-employed.

N

Here, manufacturing is treated as a benchmark and we
compare other jobs against this benchmark.
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(0 if job is manufacuring,

Deposit = 64380 + 322 x Age + ¢ 27754 if job is professional,
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Why do we set a benchmark?

Why manufacturing is set as a benchmark? This is because
R adopts alphabetical order, and “manufacturing” is before
“professional” and “self-employed.” However, you can
change your benchmark as well:

1 data$JdJob = relevel(factor(data$dob), ref = "Professional')
2 result = lm(Deposit ~ Age + factor(Job), data = data)
3 summary(result)
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1 data$JdJob = relevel(factor(data$dob), ref = "Professional')
2 result = lm(Deposit ~ Age + factor(Job), data = data)
3 summary(result)
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