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@®Nested LogitET JL DHEE

@ Pythonbiogeme# ALY TNested LogitET ILD;ES
~NL _ feedback.py, YokohamaPT_Simplified.dat~
@®Mixed LogitET JLDHEE

@ Pythonbiogeme# AL /=Mixed LogitET ILD;EH
~MXL_feedback.py, YokohamaPT_Simplified.dat~
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ORI E D REBEICHERENEL LT LM

B FEGEIR(FR/ANR, F/\R)
P RRGEIR(—EDUEREBLTWSERREICITHEEANSECHTLY)
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Vo ==Y, exp(intin)
Q07 LEH
FAMEE(CORTIEERRRARN) NS
BN BHAORAEDHHE

P(a, k) = P(k|la)P(a) .
_ PV | expita(Vatla)}
2 exp(eV)) X exp{g (Vi+V)}
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Ureabus = BXreabus T Ebus TE€ Redbus /\
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BN ERITEIZ L.
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vehicle manpower
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ONL_feedback.py ~54 75 DEAIAF~

from biogeme import *

trom headers import *

trom rested import %

trom loglikel ihood import %
from statistics import *

(BADSAITSY )
-biogeme...pythonbiogeme (2w E % python S FE D LR
_-headers...datad) S BRIT D F A 7

J

(BMDS514T5Y) A
-nested...Nested Logit D547 31

-loglikelihood... i EHEFEITHBELES4T )

- statistics.. . #EHZFESKDSA4T SV y
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NL:O—FTEK
ONL_feedback.py ~/S\SA—LDERE ~

/ #5: ASC_TRAIN=Beta(‘ASC TRAIN’,0,-10,10,0

ASC_TRAIN = Betal ASC_TRAIN®,0,-10,10,0)
ASCBUS = Betal’ ASC_EDS’,0,-10,
ASC_CAR = Betal(’ASC_CAR™,0,-10,
|
]

~

TA—HE LEIR-TER
E % (1) or

FEE ()
/

ASC_WALK = Beta( ASC_WALK .0,
ASC BIKE = Betal”ASC _BIKE",0,
B_TIME = Betal( B_TIME’.0,-10,
\ B_COST = Beta('B_COST',0,-10,

HAE

-

\_

MU = Betal MU

~

L, 1,10,0)

U; R —)Ls35A—4(Nested LogitET ILIZCEITH TR RACDHEEERT)

J
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ONL feedback.py ~RRAMEEUNDNAXDERTE ~

V1 = ASC_TRAIN + B_TIME * TRAIN_TT SCALED + B_COST * TRAIN_CO_SCALED
v2 = ASC _BUS + B_TIME x BUS_TT_SCALED + B_COST * BlUS_CO_SCALED

V3 = ASC_CAR + B_TIME [If-‘nR_TT _SCALED

Ve = ASC WALK + B_TIME = WALk TT_SCALED

Vo = ASC_BIKE + B_TIME * BIKE_TT_SCALED
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ONL feedback.py ~R45—)L%E~

TRAIN_TT_SCALED
TRAIN_CO_SCALED
BUS_TT_SCALED

Def ineVariable( TRAIMN TT SCALED, TotalTimeTrain
Def ineVariable(  TRAIN CO_SCALED®, FareTrain / 100
Def ineVariable( BUS TT SCALEDT, TotalTimeBus / 100
BUS CO_SCALED Defimeﬁariable(’BUS CO SC&LED’ FareBus / 100)

CAR TT SCALED = DefimeVariable(’ CﬁR_TT _SCALED™, Timelar / 100)

WAL TT SCALED = DefireVariable( WALK TT SCﬂLED Timelalk / 100)
BIKE TT SCALED = DefineVariable( BIKE_TT_SCALED’, TimeBike / 100)

TRAIN_TT_SCALED
= DefineVariable("TRAIN_TT_SCALED’,TotalTimeTrain / 100)

¥ ¥

EHEZEDREK KA Rir—)LERE

/1007
J

TT; Travel Time(iR1TEFE) ]
CO;Cost(E F; x5 —sciinsxmns)
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ONL feedback.py ~ R AMEEDIRTE ~

PN

#f Uefinition of nests:

# 1: rests parameter e L) AA

#2: lists |ternat ives vehicle manpower
vehicle = MU, |[1,2,3] — <
MANPOE I . [4,5] . T
rests = velicle, manpower ”’/_’“‘”‘_5"“\ SN

1:8H 2:/\X 3:EHEIE 4:BE5E¥E 5: €
TRAIN BUS CAR BIKE WALK

([FRLARRFD R —ILISTA—%] )
manpowerz1&L,
Q/ehicle%u 95
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ONL feedback.py ~ R AFEEDEKRTE ~

# The choice model is a nested logit, with availability conditions
logprob = lognested(¥, av,nests,Choice)

NestedET JLiEERFEED X EL; lognested(Gh %L, avilability, nests, choice)

# Defines an itertor on the data
rowlterator( obslter’)

) 2

ATL—2DEETE

# Defire the likelihood function for the est|mat|bn
BIOGEME _DBJECT.ESTIMATE = Sumf(logerob, obslter’)

¥

MR SR (D R Xav: Fl|FARREEHERT

#t hssociate the availability conditions with the alternatives
av = {1: ModebvailableTrain,

71 ModebwvailableBus,
a1 ModebwailableCar,
4: Modebwailablelallk,
n: ModetwailableBikel
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ONL feedback.py ~#ist=EDHEH ~

nul ILogl ikel ihood{ay, obslter’)

choiceSet = [1,2,3,4,0]
@ cteloglikelihoodichoiceSet,Choice, obslter’)
@) availabilityStatistics(av, obslter’)

@ nullLoglikelihood(F| A AT 8% EIRAXID, T—2DATL—43)
=>X)LAJDEE
L(0) = = ) In(Jy)

@ cteLoglikelihoodGE#Rfx, ERDER, T—2DATL—%3)
S /INGA—ZPLDEIFEDIHE DX A E

L= Z n; In(n;) — nln(n)

©) availabilitySatistics(ar\l/aiIability,7"“ —3DATL—%3)
=>ZIREMNFIARIGETHLEIFDHEHE
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Statistics

Ale. 1

Alt.

Alt. =2

Alt.

aic. 3

Alt.

Alt. 4

Alc.

Alt. 5

Alt.

available:
1 chosen:
available:
2 chosen:
available:
3 chosen:
available:
4 chosen:
available:
& chosen:
Cte loglikeliheod (only Ffeor full cheice sets) !

Null loglikelihood:

Estimation report

Number of estimated parameters: 7

Zample =size:

Excluoded chservations: 0

Init log likelihood:

Final log likelihcod:

Likelihood ratio test for the init. model:
Bho-sgnare for the init. model:
Rho-=zgnare-bar for the init. model:
Akaike Information Criteriom:

Bayesian Information Criterion:

Final gradient norm:

Diagnostic:

Iteration=: 15

Data processing time:

Eon time:

Hbr of threads: 2

1516

1288
524
354
£1
1518
512
1518
231
1518

fooa.zz /ﬁa)‘—@—lﬁlﬁliwﬁ’ﬁﬂjﬁrﬁ
~2126. . L(O)

—-2126.687

-1342.607

1568.161

0.3685 > ~ L
0.365 Igttpl\zmt
2695.214

2736.481

+3.428e-003
Trust region algorithm with zimple bounds (CGTZ2000): Convergence reached...

00:00
00:01



#4528 : NL_feedback.html

Estimated parameters

Click on the headers of the columns to sort the table [Credits]

| Hame ” Valne ||Std err||t—test”p—value”:lllluhust 5td err”Rnhust t—test”p—value”]
|asc_BIRE |-1.03 lo.108 |[-=.82 |[0.00 ||]|c|.152 |-2.73 llo. oo |D
lzsc_sus |-0.z82  [[0.177 ||-5.453 |[o.o0 ||]|c|.339 -z.24 llo. oo |D
lzsc_czr |-0.227  [j0.134 ||-6.e2 ||0.c0 ||]|c|.293 -3.03 llo. oo |D
|rsc_TRRIN||0.561 lo.118 |j4.82 |[o.o0 ||]|c|.115 4,287 llo. oo |D
|z_cosT  ||-0.o000541fj0.0197 ||-0.03 ||o.2s2 ||c|.c3273 |-0.0z2 |EREE |B
[B_TiME  |[-7.z25 lo.535 |[[-13.55|0.00 |D|1 S -4.353 llo. oo |D
MU 1.8z lo.153 |[10.57 |[o.00 ||]|c|.3?3 4,33 l|o.oo |D
\ Y J
NSA5 | | BERE || HE | plE . o
e e 5 . O/NAMEFEIZES
. HEEE
ASC_WALK(fixed) MONZNEE

(239 B1{E

ANEZEYERINT

INGA—B{EZEHETE
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_ !/
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IDA NIV

CEEDOOSYRERR)
SIS ERITEIZ .
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¥ =cov(U) = oty ofe 0]t 10 % 0
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3 LMREETIL

@AM D /NTA—EBAEANZEL>TEILT HEE

3h FR B %8
Un = ,BlnXin + €in

= (:8_ + 7,) Xin + €in _

:lg_’ Xin+T’nXin+Ein ['Bn B 'B;TTA

=,8_’ Xin ¥ Nin + €in . i

_— /\7)‘—993\/\7
MXLETILORERITHE->TNS ! é;;ﬂﬁn )

RS

f eXp(.B’nXin)
P; = Qs )dB,

e _/x_ + 1 x
_ ( Xp(,B _’m T n’ m) £(1,10.)dr,
J ), exp(f Xjn + T nxjn)




A L—iaviEFETHILAER)D—H

eXp(B’Xin + nin)
Zj exp(B'Xin + Nin)

P = f Lin(MF (DN, Ly =

LRRDEDZEIRZALNTRHD.

@21 TEL A3 X D EFHIZEL EnE 5
=S LE=OEEH KLY E(FH)or T (FRI)EFHE

@ NDEETEUZL20
(«—F9E, F11{E)

=>EBDOIRTFERIE
3x9x11/20=14.85

A~ O O N 00 ©
Illlllllllllllllll'lllll!lll

http://bin.t.u-tokyo.ac.jp/model08/lecture/sasaki.pdfk L)



MXL:O—KCEK

O MXL_feedback.py~2al—ia iEsn~
SR LMREET IV(FRERBRBID/NSA—42B_TIMEANZ(L)

ef ine a random parameter, log nomal lv distirbuted, desigred to be used

il
# for Monte-Carlo simulation
B_TIME_RMD = -exp(B_TIME + B_TIME_S * bicDraws( B_TIME_RND"))

¥ ¥ 4

RYRLETE o PDFRERE Ial—aliEn
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@ MXL feedback.py ~TOEYFETILDEA ~

BIOGEME _OBJECT.PARAMETERS[  opt imizat jondlgorithm’] = "BI0”
BIOGEME _OBJECT.ORAWS = { "B TIME RND': ’
BIOGEME _OBJECT.FORMULASL Train utility’
BIOGEME _OBJECT.FORMULASE Bus utility’]
BIOGEME _OBJECT.FORMULASL Car utility’]
BIOGEME_OBJECT . FORMULASL Wall utility’]
BIOGEME _OBJECT.FORMULASL Bike utility™] =

ERDTITHRSTUT LIREIE
(FOEYRETILIZEER)

Un = B_’ Xin + T’nXin + €in

IDA > AR)L
SIS




MXL:O—K®D#EER

Cte leoglikelihood (only for full cheoice zets):r -Z115.17
Null leoglikeliheood: -2135.£7

Estimation report

Houmher of draws:

Humber of estimated parameters:
Sample =ize:

Excluded observations:

Init log likelihood:

Final log likelihood:

Likelihood ratio test for the imit.
model:

Bho-=s=gonare for the init. model:
Bho-zgnare-bar for the init. model:
Akaike Information Criteriomn:
Baye=zian Information Criterion:

Final gradient norm:

500

7

1322

0
-1786.485
-12868.228
1000.516

0.280

0.278
2586.453
2623.747
+4.457e-003

Estimated parameters

Click on the headers of the columns to sort the table

| Name

|| Valne ”Std err”t—test”p—value”:

[zsc_BIxE |[-1.82 |[o.

147 |[-12.43[[0.

oo

[

lzsc_sUs

-1.7¢  |lo.

206 |[-2.43 |o.

oo

L

[zsc_car |[-2.07 [0

156 ”—13.31”&.

0o

lzsc_TraIm|o.512  |lo.

167 ||3.07 |o.

0o

|5_cosT

”—0.0Gl&&”O.

0370 ”—0.0& ”O.

87

|E_TIME

”2.59 ”O.

0706 ”33.&5 ”O.

oo

|E_TmME 5 |0.737 |lo.

0633 ||11.65 |[o.

oo
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- BEREHRIZEITEHDOSINEET IV ]

° 'J'JH’Z?‘& 1 IE_nHHﬁ_,gﬁAM- B] http://bin.t.u-tokyo.ac.jp/startupl4/file/2-3.pdf

=t

- Pt BinN studies/!) —X http://bin.t.u-tokyo.ac.jp/kaken/

- EDE%2008 AR KIALIZE DCEERERET LD ER
(EEE I'_Em)_l)] http://bin.t.u-tokyo.ac.jp/model08/lecture/kurauchi.pdf
INGA—BRETEDEREZNITI=VY ]
http://bin.t.u-tokyo.ac.jp/model08/lecture/sasaki.pdf
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http://biogeme.epfl.ch/examples_swissmetro.html




