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m l-gram: nurture, passes, nature
m 2-gram: nurture-passes, passes-nature

m 3-gram: nurture-passes-nature
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Model (1)
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Theorem

Theorem

[ Thorem ] for identifying parameters wp,,, mMp, a

Vector zy obeys mixture normal distribution

\%4
p(25100) = > wnuNa(zf,, dno)

v=1

thus parameters 0, = {Wp., Pry } can be derived by applying Expectation Maximization
algorithms.

Because vecotor z;‘;u obeys d dimensional normal distribution with mean vector 7}, ,,, and covariance matrix 3y, ., as

P(zFy16he) = Ng(zF . dhy)-

From the result, each estimation 0, of parameter 6, can be derived by maximizing log-liklifood function for incompete data,

K
L(Gp) = 3 logp(=F16y).
k=1

Update rule of parameter 6is given by EM algorithms maximizing conditional expectation of log-likelihood function for complete
data,
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Proof of Theorem

They are iterative calculation form like
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Summary of Parameter ldentification

@ Observed data vector zF consists of faculty vector &* and choice result yr*.
@ Utility u’fw is given by conditional expectation E[ylgv |a:’“] at value factor level.
@ Probability of observed data obeys contaminated normal distribution with 6}, .

@ Model parameters 6j, can be identified by EM algorithms.




Algorithms

Algorithms of Parameter Estimation for Modeling Decision Making

Input data vector z;f which consists of faculty vector ¥ and choice result y:*_
Give the initial values of parameters 020) that are set of {wiﬂ? 5 qb;ov)} where d’;ﬂ,) is
0 0

e B0)

Calculate N (2, ¢(t)) hm(zh) and ’Yk(t).

oy,

set of {m

Update parameters

If the change, |9§f+1) — 9%) |, becomes smaller than given threshold ¢, then the
procedure is terminated, otherwise return to Step 3.

Algorithms
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From identified parameters 6},, decision making model parameters B;;'U for deriving
utility can be estimated.

By incorporating similar concept
of AHP (Analytic Hierarchy Pro-

%l cess), structure of discrete choice

I model will be more clearly.

Fig. 9: Example of AHP
(Case in (K,V,R)=(4, 1, 3))




Conclusions

Model mapplng from characteristic to selection
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Consider ambiguity to decision making

uy, =B 2" where Bi = f(6n)

Algorithms of parameter estimation for modeling discrete choice

Conclusions 0n = {Whwv, Phv } can be estimated by Expectation Maximization algorithms

Future plans

Apply the concept of discrete choice model.

» Development of attractive product and service on limited budget,
» Consensus building among stakeholder,

P Objective decision making and support mental training, etc.




