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Biogeme for estimation

Python Python biogeme
V1= ASC_TRAIN + \ V= {1: V1,
B_TIME * TRAIN_TT_SCALED + \ 2: V2,
B_COST * TRAIN_COST_SCALED 3: V3}
V2= ASC_SM + \ av= {1: TRAIN_AV_SP,
B_TIME * SM_TT_SCALED + \ 2: SM_AV,
B_COST * SM_COST_SCALED 3: CAR_AV_SP}
V3= ASC_CAR + \ logprob= \
B_TIME * CAR_TT_SCALED + \ bioLogLogit (V,av,CHOICE)
B_COST * CAR_CO_SCALED rowIterator(’obsIter’)
BIOGEME_OBJECT.ESTIMATE= \
Sum(logprob, ’obsIter’) |
$TRANSP-DR ——@‘o!w'm‘m‘ﬁ
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Biogeme for prediction

Python Python biogeme

Vi= ASC_TRAIN + \ probl= bioLogit(V,av,1)
B_TIME * TRAIN_TT_SCALED + \| prob2= bioLogit(V,av,2)
B_COST * TRAIN_COST_SCALED prob3= bioLogit(V,av,3)

V2= ASC_SM + \ simulate= \
B_TIME * SM_TT_SCALED + \ {’Prob. train’: probl,
B_COST * SM_COST_SCALED ’Prob. Swissmetro’: prob2,
V3= ASC_CAR + \ ’Prob. car’:prob3}
B_TIME * CAR_TT_SCALED + \ BIOGEME_OBJECT.SIMULATE= \
B_COST * CAR_CO_SCALED | Enumerate(simulate, ’obsIter’)
)
$TRANSP-DR __%g!ﬂf{clg;%
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Aggregation

Motivation

@ Prediction about a single
individual is of little use in
practice.

@ Need for indicators about
aggregate demand.

@ Typical application: aggregate
market shares.
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Aggregation

@ Disaggregate model:
Pn(i|xn; 0)

@ Obtain x, for each individual n in the population.
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Aggregate market shares

Number of individuals choosing alternative /

Nt
N7 (i) =) Pa(ilxn; 0).
n=1

Share of the population choosing alternative i
1 &
W(i)=— P(i|lxn; 0) = E[P(i|xn; 0)].
(i) ’VT,?:l (ilxn; 0) = E[P(i|xn; 0)]
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Aggregation

Aggregation
Population 1 A|t2ernat|vejs. : 7 Total
1 P(1x1;6) | P(2[x1;0) | --- | P(J|x1;6) 1
P(1|x2;0) | P(2]x2;0) | -+ | P(J|x2;0) 1
N P(1|xn; 0) | P(2xn; 0) | -+ | P(J|xn; 0) 1
| Total | N@) | N2 [--] NU) | N |
)
sTRANSP-DR “-(lwﬂ-w
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Large table

When the table has too many rows...

apply sample enumeration.

When the table has too many columns...

apply micro simulation.
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Sample enumeration

Sample enumeration

Procedure
@ Use a sample.
@ It must be revealed preference data.

@ It may be the same sample as for estimation.
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Sample enumeration

Sample enumeration

Stratified sample
@ Population is partitioned into homogeneous segments.
@ Sample S; observations in each segment g: simple random sampling.

@ Sample size:
G
S=>"5,.
g=1
@ Let w, be the weight of segment g, that is

_ Ng S share of persons in segment g in the population

€ NS, share persons in segment g in the sample

y
5TRANSP-DR __&rs!wt!rgaug
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Sample enumeration

Sample enumeration

Stratified sample
@ As each individual n belongs to exactly one segment g, we define

G
W = g OngWe,
g=1

where 0,g = 1 if individual n belongs to segment g, and 0 otherwise.

@ Estimate of the predicted share of the population choosing
alternative i:

S
W(i) = %anpmxn;e).
n=1

.\ f\‘
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Stratified sample

Weight

Therefore, weights should be normalized so that

S
an =S.
n=1
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Aggregation in Biogeme

Weight

# Each weight is normalized so that the sum of weights
# is equal to the number of entries (1906).

# The normalization factor has been calculated during
# estimation

theWeight = Weight * 1906 / 0.814484
BIOGEME_OBJECT.WEIGHT = theWeight

Output
HTML file
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Confidence intervals

Confidence intervals
Model

P(i|xn; 6)

@ In reality, we use 9, the maximum likelihood estimate of 6

o Property: the estimator is normally distributed N(6, ¥)

Calculating the confidence interval by simulation

Draw R times 6 from N(g, f)

For each 8, calculate the reqNuested quantity (e.g. market share,
revenue, etc.) using P(i|xn; 0)

Calculate the 5% and the 95% quantiles of the generated quantities.
They define the 90% confidence interval.
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Confidence intervals with Biogeme

Variance-covariance matrix

## Code for the sensitivity analysis generated after the

## estimation of the model

names = [’ASC_CAR’,’ASC_SM’,’BETA_COST’,’BETA_DIST_FEMALE’,\
’BETA_DIST_MALE’, ’BETA_DIST_UNREPORTED’,\
’BETA_TIME_FULLTIME’,’BETA_TIME_OTHER’, ’NEST_NOCAR’]

values = [[0.0100225,-0.0023271,...,0.0934272]]

vc = bioMatrix(9,names,values)

BIOGEME_OBJECT.VARCOVAR = vc

Output
HTML file )
)
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Elasticities

Disaggregate elasticities

Direct vs. cross

@ Direct: wrt attribute of the
same alternative

Point vs. arc
@ Point: marginal rate

@ Arc: between two values

@ Cross: wrt attribute of
another alternative

| Point | Arc
: Pa(iy _ OPn(i) Xink | APR(i) Xink
Direct || E.""’ = ; -
Irec ink 8x,-,,k P,,(I) AX,',,k Pn(l)
Cross g:k(i) = 88’?(1) ’:J’E’:) AAF;( i) ;j”k ,
jnk 'n jnk
- e
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Elasticities

Disaggregate elasticities in Biogeme

Derivatives are available automatically

elas_pt_time = \

Derive(prob_pt,’TimePT’) * TimePT / prob_pt
elas_pt_cost = \

Derive(prob_pt,’MarginalCostPT’) * MarginalCostPT / prob_pt
elas_car_time = \

Derive(prob_car,’TimeCar’) * TimeCar / prob_car
elas_car_cost = \

Derive(prob_car,’CostCarCHF’) * CostCarCHF / prob_car
elas_sm_dist = \

Derive(prob_sm,’distance_km’) * distance_km / prob_sm

v
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Elasticities

Aggregate elasticities

Population share
— 1S
W(i) = < > wnP(ilxni0)
n=1 )
Aggregate elasticity
EW(,):f?W(/) Xjk _iEPn(:) W Pp(i]Xn, Cn 7£Z
g O W(iy = vl 1W,,P(\X,,,C) ol
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Elasticities

Aggregate elasticities in Biogeme

Weighted sum of disaggregate elasticities

S .
Wi(i (i WnPn’Xan
Bt =D B s W(P|(i|x)C)'
Zn:]_ nt n ny%“n

The weights must be pre-calculated.

n=1

Biogeme syntax for the pre-calculation

BIOGEME_OBJECT.STATISTICS[’Norm. for elasticities PT’] = \
Sum(theWeight * prob_pt ,’obsIter’)

BIOGEME_OBJECT.STATISTICS[’Norm. for elasticities CAR’] = \
Sum(theWeight * prob_car ,’obsIter’)

BIOGEME_OBJECT.STATISTICS[’Norm. for elasticities SM’] = \
Sum(theWeight * prob_sm ,’obsIter’)

di

& T NRANOTr-uUn rE

Bierlaire (EPFL) Biogeme September 25, 2017

COLE POLYTECHNIQUE
EDIRALL DE LAUSANNE

25 /31



Elasticities

Aggregate elasticities in Biogeme

Weighted sum of disaggregate elasticities

- ) 1
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Elasticities

Aggregate elasticities in Biogeme

Biogeme syntax

normalization_
normalization_
normalization_
simulate = \

{’Disag. Elast.
’Disag. Elast.
’Disag. Elast.
’Disag. Elast.
’Disag. Elast.

’Agg. Elast.

’Agg. Elast.

’Agg. Elast.

’Agg. Elast.

’Agg. Elast.
b

pt = 535.086
car = 1244.77
sm = 126.147

PT - Time’: elas_pt_time,
PT - Cost’: elas_pt_cost,
Car - Time’: elas_car_time,
Car - Cost’: elas_car_cost,

Car - Cost’: elas_car_cost * prob_car / normalizatio
Slow modes - Distance’: elas_sm_dist * prob_sm / nor

Slow modes - Distance’: elas_sm_dist,
PT - Time’: elas_pt_time * prob_pt / normalization_p
PT - Cost’: elas_pt_cost * prob_pt / normalization_p
Car - Time’: elas_car_time * prob_car / normalizatio

et
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Elasticities

Aggregate elasticities in Biogeme

Output
HTML file J

— ]

ECOLE POLYTECHNIQUE
FEDERALL DE LAUSANNE

“# TRANSP-OR

Bierlaire (EPFL) Biogeme September 25, 2017 28 /31



Outline

© ... and more

— (i

ECOLE POLYTECHNIQUE
FEDERALL DE LAUSANNE

“# TRANSP-OR

Bierlaire (EPFL) Biogeme September 25, 2017 29 /31



... and more

and more

Other features
@ The Derive operator can be used for WTP as well.
@ Calculation of standard errors using bootstrapping.
@ Variance reduction techniques for Monte-Carlo integration.
9 Parallel computing.
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Thank you!

biogeme.epfl.ch

— (i

ECOLE POLYTECHNIQUE
FEDERALL DE LAUSANNE

“# TRANSP-OR

Bierlaire (EPFL) Biogeme September 25, 2017 31/31



	Biogeme
	Aggregation
	Sample enumeration
	Confidence intervals
	Elasticities
	... and more

