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All models are wrong, some are useful.

T RURLAL AR R AR, (HAT L2 AR

--- George Box




Question:

How do machines recognize hand-written digits?
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What brand is my smartphone?
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What is the brand of the HKU president’s car?
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How do users choose among different banks?
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China Construction Bank
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Modelling Consumer Choice

Human-beings always need to make choices, from your marriage
choice to buying a bottle of milk.

While individuals can make choices in their own ways, as
consumer analysts, we do want to understand how consumers
make their choices.

11
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Imaging that you are a
bank manager.

You want to understand how consumers choose between different
credit card companies when applying for credit cards. In this way,
you can understand which are really your potential clients, and you
can target on these consumers better.
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Your data is as follows...

For each consumer, you know his or her demographics (e.g.,
gender, age), occupation, income, geographic location, credit
histories, etc. These are your independent variables.

You also know which credit card they applied to, e.g., Citibank,
HSBC, BOC, American Express, ... or none of the above. This is
your dependent variable.

You task: Building a model that predicts the dependent variable
using your independent variables.
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What would you do?

(IS i
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Let us start with something simpler.

Now, you want to predict whether or not a consumer applies for
your company's credit card. Here, the dependent variable Y; is YES
or NO. For simplicity, let Y; = 1 for YES and Y; = 0 for NO.

For each individual, the independent variables again include
demographics, occupation, income, location, etc. We use X; to
denote the independent variables.

Our task: Predict Y; using Xj;.
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What should you do?
Our task: Predict Y; using X;, where Y; € {0, 1}.

Question: Can we use linear regression to analyze the relationship
between Y; and X, that is, we use the following linear model:

Y, =a+ BX;

20
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Y, = a+ BX,
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[ssues with linear regression

Suppose that your regression result is:
Y, =044+ 0.1 X Age; + 0.2 x Female;

Suppose that a person's age is 25 and gender is male, you predict
that his ¥; = 0.65, that is, the person is likely to buy from you.

22
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RBse— A NBIARERIE 25, MR, ARYE [l JH 28 SR ATHI B2
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[ssues with linear regression
Suppose that your regression result is:
Y, =044+ 0.1 x Age; + 0.3 x Female;

Suppose that another person's age is 40 and gender is female, you
predict that her ¥; = 1.1.

How would you interpret this result? Will she apply for your
credit card 1.1 times? It does not make any sense!
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What should we do?

Instead of predicting the value of Y; directly, we can predict the
probability that Y; is equal to 1, i.e., we want to predict Pr[Y; = 1].

How to do that? We want to find out a function f such that

Next, we will look for such a function f.

26
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What should we do?

How to do that? We want to find out a function f such that

Here, we need to impose some restrictions on the function f:

1. f(X) > 0 for all X: probabilities are nonnegative.
2. f(X) < 1 for all X: probabilities are no more than 100%.
3. f(X) is either increasing or decreasing with X.

28
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What should we do?

PrlY; = 1] = f(X;)
Here, we need to impose some restrictions on function f:

1. f(X) > 0 for all X: probabilities are nonnegative.

2. f(X) < 1 for all X: probabilities are no more than 100%.

3. f(X) is either increasing or decreasing with X.

Can you propose such a function f? Any ideas?
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~ exp(a + BX)
14 exp(a+ BX)

f(X)

Note: exp(z) = e” is the exponential function.

When 8 > 0, f(X) increases with X; when 8 < 0, f(X) decreases with X.



exp(a + BX)

f(X) = 1 + exp(a + BX)

LR exp(z) = e" EIRERLL.
=48 > 01, f(X) 2 X AU RR%EL 58 < 0 B, f(X) & X HIBRR4L.
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Sigmoid
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The logistic function % & K45



Our task

We already know the values X; and Y; for each individual i. We
would like to find the values of & and 8 to approximate the
relationship between X; and ¥;:

e exp(a + 5X;)
P =D~ 1 (et BX)

This is done via maximum likelihood estimation.
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https://zh.wikipedia.org/wiki/%E6%9C%80%E5%A4%A7%E4%BC%BC%E7%84%B6%E4%BC%B0%E8%AE%A1

As an illustration, we first load the following dataset in R.
HAVEF T HAEE

mydata <- read.csv("https://ximarketing.github.io/data/loan.csv")
head (mydata, n = 20)

The data reads as follows:

HARB LI 2 X AR -

Income LoanAmount CreditScore MonthsEmployed InterestRate LoanTerm Education EmploymentType MaritalStatus HasMortgage LoanPurpose
85994 50587 520 80 15.23 36 Bachelors Full-time Divorced Yes Other
50432 124440 458 15 4.81 60 Masters Full-time Married No other
84208 129188 451 26 21.17 24 Masters Unemployed Divorced Yes Auto

31713 44799 743 7.07 24 High school Full-time Married No Business
20437 9139 633 6.51 48 Bachelors Unemployed Divorced No Auto
90298 90448 720 22.72 24 High school Unemployed Single Yes Business
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Income LoanAmount CreditScore MonthsEmployed InterestRate LoanTerm

85994
50432
84208
31713
20437
90298

50587
124440
129188

44799

9139

90448

520
458
451
743
633
720

80
15
26
0
8
18

15.23
4.81
21.17
7.07
6.51
22.72

36 Bachelors
60 Masters
24 Masters
24 High school
48 Bachelors
24 High school

Full-time
Full-time
Unemployed
Full-time
Unemployed
Unemployed

Divorced
Married
Divorced
Married
Divorced
single

Yes
No
Yes
No
No
Yes

Education EmploymentType MaritalStatus HasMortgage LoanPurpose

Other
Other
Auto
Business
Auto
Business

The data is about the loan default information, where the outcome is Default (1 =

default, 0 = no default).

Education includes: high school, masters, bachelors, and PhD

Employment type includes: Full-time, part-time, unemployed, and self-employed

Marital status includes: single, married, and divorced

Loan purpose includes: auto, business, education, home, and other.
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Income LoanAmount CreditScore MonthsEmployed InterestRate LoanTerm Education EmploymentType Maritalstatus HasMortgage LoanPurpose pefault
85994 50587 520 80 15.23 36  Bachelors Full-time Divorced Yes other

50432 124440 458 15 4.81 60 Masters Full-time Married No other

84208 129188 451 26 21.17 24 Masters Unemployed Divorced Yes Auto

31713 44799 743 0 7.07 24 High school Full-time Married NO Business
20437 9139 633 8 6.51 48 Bachelors Unemployed Divorced No Auto
90298 90448 720 18 22.72 24 High school Unemployed single Yes Business

XA FE RIS B LR . FRANTTFZ a2 82 Default (1 = default, 0 =
no default).

Education includes: high school, masters, bachelors, and PhD
Employment type includes: Full-time, part-time, unemployed, and self-employed
Marital status includes: single, married, and divorced

Loan purpose includes: auto, business, education, home, and other.
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1 result <- glm(Default ~ Age + Income + LoanAmount +
CreditScore + MonthsEmployed + InterestRate + LoanTerm +
factor (Education) + factor(EmploymentType) +

factor(MaritalStatus) + factor(MaritalStatus) +
factor (HasMortgage) + factor(LoanPurpose), data = mydata,
family = "binomial")

2 summary(result)




1 result <- glm(Default ~ Age + Income + LoanAmount +
CreditScore + MonthsEmployed + InterestRate + LoanTerm +
factor (Education) + factor(EmploymentType) +

factor(MaritalStatus) + factor(MaritalStatus) +
factor (HasMortgage) + factor(LoanPurpose), data = mydata,
family = "binomial")

2 summary(result)




Error z value Pr(>|z|)

(Intercept) -3.683e-01 4.773e-02 -7.717 1.19e-14 ***
Age -3.920e-02 4.624e-04 -84.778 < 2e-16 ***
Income -8.753e-06 1.700e-07 -51.490 <« 2e-16 **%
LoanAmount 4.229e-06 9.314e-08 45.400 < 2e-16 ***
CreditScore -7.508e-04 4.093e-05 -18.344 < 2e-16 ***
MonthsEmployed ~9.739e-03 1.912e-04 -50.929 < 2e-16 ***
InterestRate 6.872e-02 1.017e-03 67.567 < 2e-16 ***
LoanTerm 9.458e-05 3.820e-04 0.248 0.8045
factor(Education)High school 7.828e-02 1.777e-02  4.404 1.06e-05 ***
factor(Education)Masters -1.301e-01 1.842e-02 -7.059 1.68e-12 *%*%*
factor(Education)PhD -1.759e-01 1.853e-02 -9.490 < 2e-16 ***
factor(EmploymentType)Part-time 2.816e-01 1.904e-02 14.791 < 2e-16 ***
factor(EmploymentType)Self-employed 2.362e-01 1.921e-02 12.294 < 2e-16 ***%
factor(EmploymentType)Unemployed 4.416e-01 1.865e-02 23.673 < 2e-16 ***
factor(Maritalstatus)Married -2.267e-01 1.601e-02 -14.156 < 2e-16 ***
factor(Maritalstatus)single -6.443e-02 1.557e-02 -4.139 3.49e-05 ***
factor(HasMortgage)Yes -1.560e-01 1.299e-02 -12.007 < 2e-16 #***
factor(LoanPurpose)Business 4.425e-02 2.017e-02 2.193 0.0283 *
factor(LoanPurpose)Education -1.687e-02 2.036e-02 -0.828 0.4075
factor(LoanPurpose)Home -1.935e-01 2.096e-02 -9.234 < 2e-16 #**
factor(LoanPurpose)Other -7.051e-03 2.038e-02 -0.346 0.7294

Estimate Std.

How to interpret these results? /& 4 f#ffix Lo gk L ?

We look at the estimates and the p-value (significance).




Age: older borrowers are less likely to default.
Income: Higher income implies lower likelihood of default.

Loan Amount: A higher amount implies higher chance to default.

Months Employed: Longer employment reduces the chance to default.

Interest Rate: High interest rate raises the chance to default.
Education: Higher degree reduces the chance to default.
Employment: Unemployed > part-time > self-employed > full-time
Marriage: Divorced > Single > Married

Mortgage: Mortgage increases the chance to default.

Loan Purpose: Business > Auto > Other > Education > Home
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Probit regression

Probit

B

=

45



Probit Regression

In logistic regression, we adopt the logistic function to
estimate Pr [Y = 1| X], which satisfies the properties that
we listed. However, the logistic function is not the only
function that satisfies those properties. Now, we introduce
another function that can also make predictions about
binary outcomes.
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Probit [#] 5
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Probit Regression

Here, we use the cumulative distribution function of the
standard normal distribution. Mathematically, suppose that
v ~ N(0,1) is a standard normal random variable, then we
can define the cumulative distribution function ® as

®(z) = Prjv < z|.
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Probit [#] 5
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®(z) = Prjv < z|.
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Probit Regression

50



mydata <- read.csv("https://ximarketing.github.io/data/loan.csv")
head (mydata, n = 20)

result <- glm(Default ~ Age + Income + LoanAmount + CreditScore +

MonthsEmployed + InterestRate + LoanTerm + factor(Education) +
factor (EmploymentType) + factor(MaritalStatus) + factor (HasMortgage) +

factor (LoanPurpose), data = mydata, family = binomial(link="probit"))
summary(result)




Default

logistic probit
() )
0.039"  -0.021™"

(0.0005)  (0.0002) LOngth vs. Pr Oblt
Income -0.00001"*"  -0.00000""*

(0.00000)  (0.00000)
LoanAmount 0.00000*"*  0.00000"**

VO Question: Which one makes more sense?

CreditScore -0.001"*  -0.0004™**

(0.00004)  (0.00002) ,f;'ﬁ j:—lllj f%l: [gjlg /I\ élﬂilj % E é\}% p

MonthsEmployed -0.010""" -0.005™""
(0.0002) (0.0001)
InterestRate 0.069""" 0.036""

(0.001) (0.001)  factor(EmploymentType)Part-time 0.282""" 0.148"""
LoanTerm 0.0001 -0.00000 (0.019) (0.010)
(0.0004) (0.0002) factor(EmploymentType)Self-employed  .236*** 0.125"**
factor(Education)High School 0.078"** 0.041*"" (0.019) (0.010)
(0.018) (0.010) factor(EmploymentType)Unemployed 0.442""* 0.232°***
factor(Education)Masters -0.130™* -0.069™"* (0.019) (0.010)
(0.018) (0.010) factor(MaritalStatus)Married 0227 -0.118"
factor(Education)PhD 0.176""  -0.092"" (0.016) (0.009)

(0.019) (0.010) factor(MaritalStatus)Single -0.064"* -0.032°**

(0.016) (0.008)
factor(HasMortgage)Yes _0.156™** _0.084™"*
(0.013) (0.007)
factor(LoanPurpose)Business 0.044™* 0.024™"
(0.020) (0.011)
factor(LoanPurpose)Education -0.017 -0.008
(0.020) (0.011)

factor(LoanPurpose)Home -0.194™"" -0.102"**
(0.021) (0.011)

factor(LoanPurpose)Other -0.007 -0.004
(0.020) (0.011)

52



Logistic vs. Probit

They are similar models that yield similar (though not
identical) inferences.

» Logistic regression is more popular in healthcare.
 Probit regression is more popular in political science.

But in most situations, it does not matter which method you
choose to go with. Working with either will be fine.
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Logistic vs. Probit
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The next question: What should we do when consumers
have more than two choices?

MBS T IR, ROV E A
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More specifically, let us consider the following problem.

Each consumer 7 has his or her own information, which is
measured by the independent variable X;. The dependent
variable is a choice made by the consumer, Y; € {4, B, ... }.

56
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More specifically, let us consider the following problem.

Each consumer 7 has his or her own information, which is
measured by the independent variable X;. The dependent
variable is a choice made by the consumer, Y; € {4, B, ... }.

Idea: Instead of predicting Y; directly, we predict the
probability Pr|Y; = A|,Pr|Y; = Bj,...
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BUFE, AEFATE RS T A 1)

BAVIER N « A NEE, X 25 R RO BRATTH
HARR X;. NARZEAN IS HARNESE BRI Y €

B SEHERHNY;, TATAMIM X LR PrlY; =
A],Pr[Y; = B],...
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Suppose that consumers have three choices, A, B, C.

Now, given X;, we would like to come up with three
functions f4(X;), fg(X;) and fo(X;), such that

PrY; = B| = fp(X;),
Pr[Y; = C] ~ fo(X)).
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BB H S E 3 = AN, &A1 A4, B, C.

WAE, BEHFENERE X;, A8 =
2 g Xi, FAVEER ] =104
fa(Xy), f5(Xs) M fo(X5), 1H15 s

PrlY; = Al = fa(Xi),
PrlY; = B] = fp(X;),
PrlY; = C| = fo(X;).
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As before, we place a few restrictions on these functions:

1. The probabilities must be nonnegative, i.e., f;(X;) >0

2. Probabilities cannot exceed 1, i.e., f;(X;) <1

3. Probabilities are monotone with X,

4. Now, we have a new constraint: all the probabilities
must add up to 100%, i.e.,

fa(X5) + fB(X;) + fo(X;) = 1.

Any ideas for the functions?
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exp(aa + BaX;)

fa(Xi) = exp(aa + BaX;) + exp(ap + BeX;) + exp(ac + BoX;)
fa(X;) = exp(ap + BpXi)

BN exp(aa + BaX;) + exp(ap + BX;) + exp(ac + BeX;)
fo(X,) = exp(ac + BcXi)

exp(aa + BaX;) + exp(ap + BeX;) + exp(ac + BcXi)

They satisfy all the constraints! ‘B 1456 &4 B 554F |

We need to estimate the values of a's and S's.
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install.packages("foreign")
install.packages('"nnet")
install.packages("stargazer")

library(foreign)
library(nnet)
library(stargazer)




We first load the data from the Internet. FA4[’]
BRI -

mydata <- read.csv("https://ximarketing.github.io/data/bankchoice.csv")
head(mydata, n = 20)

Here is the data... 205 E X FEHY :

Choilce Age Female Income Education Job
CCB 62 Industry
cCB 34 Retired
CCB 68 Industry
CCB 60 Education

ICBC 18 Industry
ccB 18 Student
CcB 51 Education
cce 25 Unemployed
BOC 42 Education
ccB 71 Service
BOC 23 Student
BOC 30 Retired

1
2
3
4
5
6
7
8
9

OO RPR KRR ODOOO ORE O
PR oo ow =] w o -]
ot w B oW w iR R N



Here, we want to predict how individuals choose among the four
major banks, ICBC, CCB, BOC and ABC.

The independent variables include the followings:

Age: Age of the consumer

Female: Whether or not the consumer is female (Female = 1)
Income: Income level from 1 (lowest) to 7 (highest)
Education: Education level from 1 (lowest) to 5 (highest)

Job: the job of the consumer, including Finance, Service, Education,
Industry, Government, Unemployed, Retired
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Coe

BOC
CCB
ICBC

BOC
CCB
ICBC

We use the multinom function to perform multinomial logit
regression: F.{| 1 multinom pRIZ 317 MNLAR R 4347

result <- multinom(Choice ~ Age + Female +

Income + Education + factor(Job), data = mydata)

result

Oh, the results do not read nicely... & FE5 &R AL KT -..

1cients:

(Intercept) Age Female
0.5323798 -0.033020498 -0.08978578 0.6148213 1.2732409
1.1092104 -0.018040309 -0.51117331 0.8868991 0.8061882

-0.5025889 -0.003286372 -0.37033922 0.5203970 0.2076094

4.298487 0
4.027794 0
5.033164 2

Income Education factor(Job)Finance factor(Job)Government

. 5149483
.8415596
.0033345

factor(Job)Industry factor(Job)Retired factor(Job)service factor(Job)student factor(Job)Unemployed

2.439599
2.154324
4.733630

-2.5722926
-3.1883673
-0.6089712

-0.04396783
-0.33249448
1.28617434

-1.0233035
-1.4232623 -
0.7010564

0.2331643
0.8674983
1.2056360




No worries, let's try the stargazer function.
AL, BATH] LU Hstargazer RELOR 504

stargazer(result, type="html",
out="result.html")
getwd ()

Now, our results are nicely summarized
in the table on the right-hand side:

What does it mean?

FRERNTHAR, EWA 747

Dependent variable:

BOC
(1)
Age -0.033™
(0.002)
Female -0.090
(0.077)
Income 0.615"**
(0.028)
Education 1273
(0.038)
factor(Job)Finance 4208
(0.053)
factor(Job)Government (0,515 **
(0.246)
factor(Job)Industry 2.440***
(0.518)
factor(Job)Retired 25727
(0.145)
factor(Job)Service -0.044
(0.188)
factor(Job)Student -1.023™"
(0.161)
factor(Job)Unemployed  0.233
(0.182)

®

Constant 0.532"™"

(0.200)

CCB
(2)
-0.018"
(0.002)

0511
(0.076)

0.887°""
(0.028)
0.806™""
(0.038)
4.028™
(0.051)

0.842**
(0.244)
2.154"*
(0.518)
-3.188"""
(0.143)
-0.332°
(0.187)
-1.423*"
(0.159)

®

®

-0.867
(0.181)

1.109"**
(0.198)

ICBC
(3)
-0.003
(0.002)
-0.370"""
(0.079)
0.520"™"
(0.029)
0.208""*
(0.039)
5.033"""
(0.076)
2.003""*
(0.262)
4.734™
(0.525)
-0.609™"
(0.167)
1.286"""
(0.209)
0.701™"*
(0.182)
1.206"
(0.202)
-0.503""
(0.221)

®

Alkaike Inf. Crit. 81,191.300 81,191.300 81,191.300

Note: p<0.1; **p<0.05; **p<0.01



Dependent variable:

BOC
(1)
Age -0.033™
(0.002)
Female -0.090
(0.077)

Income 0.615°""
(0.028)
Education 1.273"%
(0.038)
factor(Job)Finance 4208
(0.053)
factor(Job)Government  (,515™
(0.246)
*EE

factor(Job)Industry 2.440
(0.518)

HHOH

factor(Job)Retired -2.572
(0.145)

factor(Job)Service -0.044
(0.188)

factor(Job)Student -1.023**
(0.161)

factor(Job)Unemployed  0.233
(0.182)
R

Constant 0.532
(0.200)

Alkaike Inf. Crit. 81,191.300 81,191.300 81,191.300

CCB
(2)

-0.018"

(0.002)

R

-0.511

(0.076)

0.887°""
(0.028)
0.806"""
(0.038)
4.028"""
(0.051)

HHE

0.842
(0.244)
2.154™**
(0.518)

HHE

-3.188

(0.143)
-0.3327
(0.187)

HHE

-1.423

(0.159)

HHOE

-0.867

(0.181)

HHE

1.109
(0.198)

ICBC
(3)
-0.003
(0.002)

HHOE

-0.370

(0.079)
0.520"™"
(0.029)
0.208"**
(0.039)
5033
(0.076)
2.003"**
(0.262)
4,734
(0.525)

HHE

-0.609

(0.167)
1.286™""
(0.209)
0.701***
(0.182)
1206
(0.202)
-0.503™"
(0.221)

Note: *p<0.1; p<0.05; *"p<0.01

Here, we take ABC as benchmark and
compare other routes against it.
Alternatively, you can view the
parameters for ABC to be equal to 0.

Age: When consumer is older, she /he

is less likely to choose BOC/CCB
compared with ABC.

Female: Compared with CCB, females
are more willing to choose ABC.
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Dependent variable:

BOC
(1)
Age -0.033™
(0.002)
Female -0.090
(0.077)
Income 0.615°""
(0.028)
Education 1.273"%
(0.038)
factor(Job)Finance 4208
(0.053)
factor(Job)Government  (,515™
(0.246)
factor(Job)Industry 2.440™**
(0.518)
factor(Job)Retired 2.572"
(0.145)
factor(Job)Service -0.044
(0.188)
factor(Job)Student -1.023™
(0.161)
factor(Job)Unemployed  0.233
(0.182)
Constant 0.532"*"

(0.200)

Alkaike Inf. Crit. 81,191.300 81,191.300 81,191.300

CCB
(2)

-0.018"

(0.002)

0511

(0.076)
0.887"""
(0.028)
0.806"""
(0.038)
4.028""*
(0.051)
0.842**
(0.244)
2.154"*
(0.518)

-3.188"""

(0.143)
-0.3327

(0.187)

-1.423"

(0.159)

0867

(0.181)

1.109"**
(0.198)

ICBC
(3)
-0.003
(0.002)

-0.370"*

(0.079)
0.520"™"
(0.029)
0.208"**
(0.039)
5033
(0.076)
2.003"**
(0.262)
4,734
(0.525)

-0.609"

(0.167)
1.286™""
(0.209)
0.701***
(0.182)
1206
(0.202)
-0.503™"
(0.221)

Note: *p<0.1; p<0.05; *"p<0.01

Eizg, AR MARTT (ABC) %
BHE, PR EMR T 5 TR, &
&, BT LB ABCH 200 45 T0,

PR BIHREFRBRN, 5K
MPARFTAREG .t/ fih 48 o 4047 5
BEBCARAT I AT BEME SN

« POl HBARATAR L, Lot s
) T RO AR AT
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library(foreign)
library(nnet)
library(stargazer)
mydata <- read.csv("https://ximarketing.github.io/data/bankchoice.csv")
head (mydata)
result <- multinom(Choice ~ Age + Female +
Income + Education + factor(Job),
data = mydata)
result
stargazer(result, type="html", out="result.html")

1
2
3
4
5
6
7
8
9
0

=




We first load the data from the Internet. /']
BRI -

mydata <-
read.csv("https://ximarketing.github.io/data/multinomial route choice.csv")
head (mydata)

Here is the data... {5 & X FEHY :

Choice Flow Distance Seat_belt Passengers Age Male Income Fuel_efficiency
1 Arterial 460 48 2 28
2 Rural 440 44 28
3 Freeway 130 61 28

4 Arterial 595 59 27
5 Rural 515 70 27
6 Freeway 340 87 27
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Here, we want to predict how individuals choose the route when
driving. The dependent variable is the chosen route, which can be
arterial, rural, and freeway.

The independent variables include the followings:
Flow: A measure of traffic flow (how busy the traffic is).
Distance: The distance of the planned trip.

Seat_belt: whether the driver wears seat belt.
Passengers: Number of passengers carried.

Age: Age group of the driver.

Male: Whether the driver is male or not.

Income: Income level of the driver.

Fuel_efficiency: Fuel efficiency level of the vehicle.
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XE, BAIGEO RN EEER A . B T LA G T,
M EA R, fiEETiE(arterial), % A2 g (rural)Fl & B
(freeway) =Pk

HAZBHEELTHNE:

i Flow: 4 Fif 8 B ) ST 15 L.

H#% Distance: 75 222 3 B% B ) BLAR
224 Seat_belt: BINIA WA R LA
% Passengers: 4= % /D IRK.

AERS Age: FINIHYAERS.

F 1% Male: m]HLAE 1542 5 1.

W Income: BJHLHIHLAIKF.

PRI Fuel _efficiency: 25 BRI,



We use the multinom function to perform multinomial logit
regression: F.{| 1 multinom pRIZ 317 MNLAR R 4347

o
result <- multinom(Choice ~ Flow + Distance +
Seat belt + Passengers + Age + Male +
Income + Fuel efficiency, data = mydata)
result

Oh, the results do not read nicely... &5 &R AL KT -..

icients:
(Intercept) Flow Distance Seat_belt Passengers Age Male

Freeway 13.673284 -0.049143703 0.1362782 -0.8924558 0.4775758 0.17728498 0.06331663
Rural 7.558223 -0.008436186 -0.0455514 -0.3451560 0.1436887 -0.06181751 -0.04244764

Income Fuel_efficiency
Freeway -0.5430466 -0.06321059
Rural 0.1319585 -0.01778424




No worries, let's try the stargazer function.
AL, BATH] LU Hstargazer RELOR 54

stargazer(result, type="html", out="result.html")

Now, our results are nicely summarized
in the table on the right-hand side:

What does it mean?

FRERNTHA R, EHA 747

Dependent variable:
Freeway Rural
(1) )
-0.049"™"  -0.008"*
(0.006) (0.001)
0.136"™  -0.046"""
(0.031) (0.014)
-0.892 -0.345
(0.663) (0.319)
0.478 0.144
(0.454) (0.275)
0.177 -0.062
(0310)  (0.157)
0.063 -0.042
(0.638)  (0.302)
-0.543 0.132
(0379)  (0.144)
Fuel efficiency -0.063 -0.018
(0.068)  (0.038)
13.673""  7.558""*
(0.158) (1.390)

Akaike Inf. Crit.  419.424 419.424

*p=0.1; **p<0.05; ***p=<0.01
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Flow

Distance

Seat_belt

Passengers

Age

Male

Income

Fuel efficiency

Constant

Akaike Inf. Crit.

Dependent variable:

Freeway
(1)
-0.049™**
(0.006)
0.136"**
(0.031)
-0.892
(0.663)
0.478
(0.454)
0.177
(0.310)
0.063
(0.638)
-0.543
(0.379)
-0.063
(0.068)
13.673*""
(0.158)

419.424

Rural
(2)

-0.008***

(0.001)

-0.046***

(0.014)
-0.345
(0.319)
0.144
(0.275)
-0.062
(0.157)
-0.042
(0.302)
0.132
(0.144)
-0.018
(0.038)
7.558"**
(1.390)
419.424

*p<0.1; **p<0.05; ***p=<0.01

Here, we take arterial as the benchmark and
compare other routes against it.
Alternatively, you can view the parameters
for arterial to be equal to zero.

Flow: When there is a high flow, drivers are
very less likely to choose freeway, and a bit
less likely to choose rural compared with
arterial.

Distance: When distance is long, drivers are
more likely to choose freeway and less likely
to choose rural route...
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Flow

Distance

Seat_belt

Passengers

Age

Male

Income

Fuel efficiency

Constant

Akaike Inf. Crit.

Dependent variable:
Freeway Rural
(1) (2)
-0.049"*  -0.008""
(0.006) (0.001)

*

Hokedk

0.136™* -0.046
(0.031) (0.014)
-0.892 -0.345
(0.663) (0.319)
0.478 0.144
(0.454) (0.275)
0.177 -0.062
(0.310) (0.157)
0.063 -0.042
(0.638) (0.302)
-0.543 0.132
(0.379) (0.144)
-0.063 -0.018
(0.068) (0.038)

13673 7.558"**
(0.158) (1.390)

419.424 419.424

*p<0.1; **p<0.05; ***p<0.01

XE, AV ETEOFERE, FHEERSE

TIEBATELES, FR T PR R BBEN0.

Flow: X 45 | AR K B3, mIALS A S 2
s, RIEESHTETIE.

Distance: 24 AR KA I, FIALEE S22
IR, RAEEEI S B

80



library(foreign)

library(nnet)

library(stargazer)

mydata <-
read.csv("https://ximarketing.github.io/data/multinomial route choice.csv"

)
head (mydata)

result <- multinom(Choice ~ Flow + Distance +
Seat belt + Passengers + Age + Male +
Income + Fuel efficiency, data = mydata)
result
stargazer(result, type="html", out="result.html")




Back to the Question:
5] 1] 2 iy FA) 1] :
How do machines recognize hand-written digits?

Bl TR = 5407 Ry 2
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Back to the Question:

How do machines recognize hand-written digits?

Absolutely, there are many sophisticated algorithms for
handwriting recognition such as convolutional neural
networks. But in the early stage, scientists just use the
multinomial logit model to perform the task.

Input: Handwriting in pixels.
Output: Y; € {0,1,...,9}
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Absolutely, there are many sophisticated algorithms for
handwriting recognition such as convolutional neural
networks. But in the early stage, scientists just use the
multinomial logit model to perform the task.

AR5 BT LA B A TR FHEEY, LB Hm &
2. (HAERMIEE, HEPEHKAIE R RIS Z2MNLEA

Input 4 \: Handwriting in pixels ——M% Z 1 K {&.
Output #iiHi: Y; € {0,1,...,9} + M FZ2—
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Conditional Logit Model

ZHLogitiAY



In multinomial logit model, a person chooses among a few
alternatives. The decision hinges on the decision maker's
personal features, not the features of the alternatives. In our
previous example, the route decision hinges on features
such as distance, age, which are constant across all
alternatives.

In conditional logit model, a person chooses among a few
alternatives. The decision hinges on the alternatives'
features, not the feature of the individuals.

86



7E multinomial logit model #&Y, —/~ A\ M\ JLAN 18351 H i HY
PEPE. XA EFERHET XA NI N RRIE T A A2 X 2850 T )
RRAE, BIAN, i XA AN, PEASEA NRHIE .

7E conditional logit model #&Y, —A~ A M\ JLAN 18301 H i H 158
o XA TEEEELOE T 1X AN L8 I ) AREAE T AN 23X A~ N BARFAE o
@, EEEETXAEINNE, e, Bl

87



Example:

Consumers choose among three computers, A, B, and C.

1. If the choices are based on consumers' age, gender,

education etc, then we use the multinomial logit model.

2. If the choices are based on the price, quality of the
computers, then we use the conditional logit model.
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249

TH2 3 =AUk e —A, A, B, 1 C.
1 SRR T A AR, e, RS EE, B4
A TERE R I & multinomial logit model.
2. MR FEPFEFETHBNEMNMNE, R, kE%E, BaFk
TR A conditional logit model.
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install.packages("survival")

(survival)

(stargazer)
mydata = read.csv("https://ximarketing.github.io/data/conjoint.csv")
head (mydata)

id interest downpayment rebate speed choice
.75 40 .15
.00 25 .15
.75 25 .00

.50 20 .10
.75 25 .30
.75 20 .30




Consumer 1 (id = 1) chooses between three offers:

.75
.00
.75

.50
.75
.75

40
25
25
20
25
20

id interest downpayment rebate speed choice
.15
.15
.00
.10
.30
.30

Interest Down Rebate Speed Choice
Rate Payment (Months)
3.75% 40% 0.15% 0.5 NO
4.00% 25% 0.15% 1.0 NO
3.75% 25% 0% 1.0 YES
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id interest downpayment rebate speed choice
.15 0.5
.15
.00
.10
.30
.30

P (id = 1) AT =35 T3 P i e

.75
.00
.75

.50
.75
.75

40
25
25
20
25
20

ety I B G [ R v
(H )

3.75% 40% 0.15% 0.5 NO

4.00% 25% 0.15% 1.0 NO

3.75% 25% 0% 1.0 YES
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result<-clogit(choice ~ interest + downpayment + rebate
+ speed + strata(id), data=mydata)
summary (result)

coef exp(coef) se(coef) z Pr(>|z])
-1.185055 0.305729 0.097289 -12.181 < 2e-16 **%*
downpayment -0.052922 0.948454 0.002336 -22.652 < 2e-16 *%%*

rebate 0.177522 1.194254 0.149303 1.189 0.23444
speed -0.117274 0.889341 0.039587 -2.962 0.00305 **




interest

downpayment

rebate

speed

Observations
2
R~

Max. Possible

Log Likelihood

Wald Test
LR Test

stargazer(result, type="html",

Dependent variable:
choice
-1.185™"
(0.097)
-0.053™
(0.002)

0.178
(0.149)

0.117°"
(0.040)

18,000
0.039

RZ 0.519

-6,237.584

643.940"™" (df = 4)
(df=4)

+

708.180

Score (Logrank) Test ~ 679.185" " (df =4)

Note:

*p<0.1: **p<0.05; "**p<0.01

out="result.html")

When interest rate increases, the user is
less likely to choose the plan; when down
payment increases, the user is less likely
to choose the plan; when approval takes
longer time, the user is less likely to
choose the plan.

LRI, GO, S A A
KESULT . I AR A R A
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coef exp(coef) se(coef) z Pr(>|z|)
-1.185055 0.305729 0.097289 -12.181 < 2e-16 **¥*
downpayment -0.052922 0.948454 0.002336 -22.652 < 2e-16 *%%*

rebate 0.177522 1.194254 0.149303 1.189 0.23444
speed -0.117274 0.889341 0.039587 -2.962 0.00305 **

The coefficient for interest is -1.185 and the coefficient for speed is
-0.1172. Because 0.1172/1.185=0.098, it suggests that a 1 month increase
in approval time is equivalent to a 0.098% decrease in interest rate.

FI R 2250 2-1. 1851 BF HE I 8] & 85042:-0.1172. A 250.1172/1.185=0.098,
X 15 BH B HEBT A B8 — AN A BRI 24 T8 22 _Ej5K0.098 % Je iy >k B4R
Mo #AITEDL, — AN H WAL B0 T8 28 & B (5 42:0.098 % By F| 28
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library(survival)
library(stargazer)
mydata = read.csv("https://ximarketing.github.io/data/conjoint.csv")
head (mydata)
result<-clogit(choice ~ interest + downpayment + rebate
+ speed + strata(id), data=mydata)
summary (result)
stargazer(result, type="html", out="result.html")

1
2
3
4
5
)
7
8




Predicting Market Share
T AR
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Suppose that there are two plans available in the market:

Interest Down Rebate Speed
Payment
3.85% 30% 0.1% 1 month
4.25% 25% 0.25% 0.5 months

We can use our regression results to predict their market
share, following the formula of conditional logit.
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BIZETT 5 A B AR, R TETONE A 18T 0 5 2

RS A B < 1] g B4
3.85% 30% 0.1% 14A
4.25% 25% 0.25% 0.5 ™A
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N HOWOONOU & WNRFE OV

library(survival)
library(stargazer)
mydata = read.csv("https://ximarketing.github.io/data/conjoint.csv")
head (mydata)
result<-clogit(choice ~ interest + downpayment + rebate
+ speed + strata(id), data=mydata)
coef interest <- coef(result)["interest"]
coef downpayment <- coef(result)["downpayment"]
coef rebate <- coef(result)["rebate"]
coef speed <- coef(result)["speed"]

interestl <- 3.85; downpaymentl <- 30; rebatel <- 0.1l; speedl <- 1
interest2 <- 4.25; downpayment2 <- 25; rebate2 <- 0.25; speed2 <- 0.5

dl <- exp(interestl * coef interest + downpaymentl * coef downpayment +
rebatel * coef rebate + speedl * coef speed)

d2 <- exp(interest2 * coef interest + downpayment2 * coef downpayment +
rebate2 * coef rebate + speed2 * coef speed)

sl <- dl1/(d1+d2)

s2 <- d2/(d1+d2)
print(c(sl, s2))




PV )

RITAREL ST I S W S R T () s el AT, LRI
7, PESETE)I LIRS . B—MEEE DEEL T
BATH o TRATIDLIZUNAR] 23 B X A ] 2 2
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PV )

RITAREL ST I S W S R T () s el AT, LRI
7, PESETE)I LIRS . B—MEEE DEEL T
BATH o TRATIDLIZUNAR] 23 B X A ] 2 2

EZAR R B | B Logistic 5 #& Probit [8] 14
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