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Size Matters:

Or how to make your model useful for policy makers

Basic inference with discrete choice

models
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Why is inference important?
BEMNLEERF : ZIEAY Y FETL

EH4 RE 1RER tiE

BEIEELHIE ASC 1.45 0.393 3.70

EBRRE (9) HiE -0.0089 0.0063 142 «——— FREHOHROKRESEMNTEAL
FEHEANEH (9) HiE -0.0308 0.0106 -2.90 EITHSEMRIRT D
H&)Eout-of-pocket Z (c) EES) -0.0115 0.0026 -4.39 FEHMEBRNT. DEOBIREEERDOOND
NHIZEEE EiEs] -0.0070 0.0038 -1.87 HEOAEIEMET B8 BWHMEH
BEERELI— (ABHE) B4 -0.770 0.213 3.16 RFDRERHDINZ(ER!)
mEOEHLEL I — (B8E) EFE -0.561 0.306 -1.84

% 1476

LL(0) -1023 «—— 2TORBHISODIZEDLE

LL(B) 3474« BRE

-2[LL(0)-LL(B)] 1371 «—— Test of null hypothesis that all parameters are jointly zero. x2 distributed
p? 0.660 «—— BWEEHERR: 1 — (LL(B)/LL(0)

52 0.654 «—— BEEREF: 1— (LL(B)—K)/LLO)

Source: Adapted from Ben-Akiva and Lerman (1984)



Basic Inference with discrete choice models
MNL - shREDRIE : =58 (Point elasticities)

Direct Elasticity

- BCEAMYE: BRE  OBHEOZIEE(%) IS0 BRI | OFBREEOEILE(%) THD,
—ZRI T\ X T BEE Ky D IHIEZDE . ZZERNI | DERFED % E P ED

PO _ 0F (1)  Xink

Xinke — 0% P(0) = [1 — P, () ]xink B

Cross Elasticity

o TEENMBIRE j OBHEOTILE (%) KT 28R | OBIREEDETILE (%) THB,
— BRI VT BEH xj D158 7 BE, EWRIE | DEREH %6 Z B 5

EP.(I,) - n . ] _ _P " .
Xjnk — axjnk Pn(i) — n(])x]nk ,Bk




Basic Inference with discrete choice models
MNL - $HREDEE : =58 (Point elasticities)

Xink = fk(Zink) Dizma

Direct Elasticity

- BOBAMY: BIRE i OBMEOTIEE(%) 2T BIRE | OBIREEOEILE (%) THD,

k
EP.(i) =[1—-P,(0)]Bx - ;innk

Fink ink
'ﬁEO—C\ Xink — ln(Zink) o)i%é
- o 0In(Zi) .
EFD = [1-P,D]1Bk -~ zipie = [1 = Pp(D]B0

aZink



Basic Inference with discrete choice models
MNL - shREDRIE : =58 (Point elasticities)

¢« HIDATZANIZRE-EAMEIBEADEAMEZTRT
o EHEEEEANMEKRDBIZIE. Probability Weighted Sample Enumerationi%Z FAL\5:

N p (npPQ@ N B PO
P(i) _ 4&n=1 Pin(l)Exink P(D) n=1 Pin(l)Exjnk
Xink N p - T = .
ik n=1Pin (1) *jnk N P (D)
HUJILEEEN % HUTIVREENME

ZCT. PO) IEERR i [T 2EFHHEETHY, PL() BAnDFERE i 26T 5 BIREETHD

« FHDOEEEFREFEAENETOERR § (THLTHI LBLRLETIEEL
« FEI—ZHDGEEF. RENEOEBRCERNZNOEERRDHIL



Basic Inference with discrete choice models
NL - I REDAIFE : SE M (Point elasticities)

oVilT o TIV (D)

P(j) = — .
(]) elV (D) Z{zleTIV(l)

«— NL RUM2 specification

Direct Elasticity
Train(2009)

- BEEAME:
BIRER j ARAMZIEBLEWNGS BIRER j AR RNICET 556
. . 1
P . P . -
Exj(rfz — [1 R Pn(])]xjnk IBk Exj(rflz — [(1 _ Pn(])) + (; _ 1) (1 _ P(]ll))] xjnk :Bk
Cross Elasticity
- REHNM:
FEIRER j &) DEIRANET 5156 ERE j & PREICRANET 5155
. , 1
P iy P .y .
Exj(,]:k = =P, ()X i Bk Exj(,fk = —|B(") + <; - 1>PQ |l)] Xj'nk Pk




Basic Inference with discrete choice models

[t bl
x; I TBIRRIOERET S

A A

Xi Xi Xi Xi | Xi |
b #y | +1% 1 | +1y |4
> > 3‘4_1% > — > >
. P(i) P(i) N P(i) P(i) A P(i)
e JEE AR (FEXTEI12) =Rl (FEXTEI12) SEE R
JERE IR E 1HY
B o H:
x; PM%IEMLT=&E, x; PM%IEMLI=EE, x DMSIENIL = &E. x DMRIEML = &E. x; DM1%IEML =&,

P(i)hN0%E A9 % P()DM1eRFERD T B P(OMNTEI%BLT S P)M1WLL LB T B P()MERIZEAD TS



Basic Inference with discrete choice models
REEAME
xj [LERE jOBALTS

A A A A A

x.

J j j j j
awlt w it L 3 w1 [f
> *: : > 1% ;’: > g > >
— P(i) P@) P(i) P(i) A P(i)
STEIF5E IR (FE*FRYIZ) B A/ (PR EIID) SEEE IR
JE5E SIRY Gl

REHE N
x; D BIEML =&, x; MBI =&, x; MBI =&, x; D BIEML =&, x; DRI =&,

P()H0%IEINT D P()A1%REEMNT B POMNTENWEMT S P()AM 1%L EIEINT S P()AERIZIEMT S



Basic Inference with discrete choice models

MNL - $hREDRIE : BB FR %R (Marginal effects)
Direct Marginal Effect
- BCEBRZIER: BIREK i OFEOBETLICHT 2EIRE | ORIREEOELETHS.
— R i \ T BEH x;, DT ET1E T BE, ZEHREG | DEZEREHIE 5 EmZE DB,

PO _ dB, (i)
Fink axink

= K (D[1 = B (D]Bx

Cross Marginal Effect

« XEBRIEBIRE | 0BFMHOBEMTILIIHTBIRER | OBIREEOTILETH S,
—EIRE i |2 T BES Xy 51 E (T8 7 B, B | DERED T EAEZEDBD,

2D = 22D p (R (DB

Definition following Louviere, Hensher, and Swait (2000)



Basic Inference with discrete choice models

MNL - $hREDRIE : BB R %R (Marginal effects)

« 58 14 & EHRIZProbability Weighted Sample EnumerationZ LN TEFER SR EZRDOSNS:

N p (PO N A rasP@
Mm B 2in=1 Pin(l)Mxink Mm n=1 Pin(l)ijnk
Xink N H (; T ~ .
i n=1 Pin (1) *ink ﬁ=1 Pin (1)
HUTILOEERADE HUTILDORERFHR

CCT. PO) IEEIRER i [T 5K HEETHY, PLG) BEAnDERR i [TxdT5:EREERTHD

« RAVRDGEE. FI—EHTLERNIERLHINROAFELS,




Basic Inference with discrete choice models

MNL - $hREDRIE : BB R %R (Marginal effects)
P(i)

X;

Marginal effects as the slopes of the Tangent lines to the cumulative probability curve

Adapted from Hensher, David A., John M. Rose, and William H. Greene. Applied choice analysis: a primer. Cambridge University Press, 2015 (2" Edition)



Basic Inference with discrete choice models

THEREDBISE : BB R ZhER (Marginal effects)
B Zal—2avaAVTHE—ZERICBITARETBANRDRH S

SREMZOLESNT . R—XFAEERD B (BAALARIL)
|

WNEEHE1ESWVT. HFPREZTKRDOSEALAN)L)
|

NP AEEA—RAFREDZEDFEHEZRDHD



Basic Inference with discrete choice models

MREDEEMEIIZLVELEAS ?




Size Matters:

Or how to make your model useful for policy makers
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The Use and Misuse of Statistical Significance in Discrete Choice Models
A review of reporting practices in the Transportation Academic Literature

+ BETET LI, REEEHRAICKY, ZEFAERRZHRAT S-OICERTER '@

Lo TLNVA THE CuLT

OF STATISTICAL
s TEMAITEAZLDREFICEWT, MiIGTETILOEREELIZ, (BEREZEHD) SIGNIFICANCE
REMEEELEEEE TR AR OM LS EE-T imm
How the Standard Error
¢ McCloskey & Ziliak[E, B FZDHFICENT, HHNEEHOEELIRAE Costs Us Jobs,

Justice, and Lives

BASMZLT=. LA, ChIZRLTEFRICERSEL .

Stephen T. Ziliak and
wwlb@irdre N. McCloske

ARERZE TIL, McCloskey and ZiliakD 19D B M ZBESUEIRET )LD B ETE 7 BF D M SRR I Z@#E AL,
R MICH TSN EEEDOERELRAZEFMT 5.



LERTESFHICEITH5158M

QLETIVICESE RO LR e PR AZHRE L=

Q2. TIRMNEDEEXRZVNIDOREICIEZASEAE, BANR, F-EthORELDOHLEFEEHREL=H
Q3. RERE, tERVAEELZT ATHRELD

QARTEDRE ANBZELI=H
Q.ZDNIHZEIE, RHEAZEESTZT=D

Q6. [Asterisk econometrics |EMEIEN AR EMETEDHERMED KRESIIZE>TIREES V1T 5 A EIBELI=H

Q7. ETIVEERDE T, I'sign econometrics IEFEEN AN REZZEE T T RBOFTEEMRINTHEEEBL=D.

Q8. HEEBICOVLTHEMLID.
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W IEWSEKT, AR 1LV ERZEBERICESICEZERIEL A

QISR ENFEEREZHEL-AD, MEtHNAEEDOREEEDOY TIELGEEEMNGEEMZHENT 51-OIE
RLT=hH



The Use and Misuse of Statistical Significance in Discrete Choice Models
A review of reporting practices in the Transportation Academic Literature

ES

EE B R EI N O BB IEMcCloskey & Ziliak? A3RELF-$iEERT) :

67% (MZ:70%) DRI, METHBEBELEFN, BERMN, BPHNEEEEZRAIL TG

86% (MZ: 72%)DERX(E, HAMBREMNTKEVID/NEUL N EHIETES LS ITHERTIRBRIC DOV TERL
TLVELY

62% (MZ: 59%)NHXIE, THEEIEVVSEEZ, HALTIRBEMREMEAAHNIZELGDIEVSELKT, £-hHdLE
FEBMHIZEETHAELSELKT, BERIZFHE-TLVS

39% (MZ: 53%) D|/XIE, BRBMOBFESDHAIZEIVWTETILERZEBALTLVS(Sign Econometrics)

24% (MZ: 32%) DERXIE, ETIVOOERZERN T H-HOHE—DEELLT, HHPBEEREZAALECLE
BARL TS

BREDHETHRE HEZEL-GXIILEMNoT=(MZ: 4%)



The Use and Misuse of Statistical Significance in Discrete Choice Models
A review of reporting practices in the Transportation Academic Literature

HHOE RN EROBE LT EREIETLEREOBS X
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The Use and Misuse of Statistical Significance in Discrete Choice Models
A review of reporting practices in the Transportation Academic Literature

(HEMTREOPRBICHOT ZHBMR+ REWTEERITOLNTOHN O

Khan, Kockelman and Xiong (207145H%, T (05X AILLIRD+FRELTEERL) RV —IDEGERXELEE
525 . COZEBOREREIDOEMIE, ESDRRFEZIMBIBMESELEHEESNSIEBRAT, SoICIBEEH
SOEHEFIZEOFEOEHIL, HEYIEL GO ERD M- 1EBARTEY, MR ESFHFEICHIBL TS,

de Luca and Di Pace (2015)(, R BIFHEMMEDHEEDZFD P CEHEISIIHMOEETMLTEEZMH O FIBZHEIC
LTHEY, T[(2)7IZE TR O R THRESN-HEEELREBETHY, BEBOIMABOTCEETHICLETR
LTS FEOTHRBEEZIL—OLRET HE, 107 EDHITHRE (FHE4mTHIT00m) (&, FIEEDH 5L
L&15B 1EBRTINVS.




The Use and Misuse of Statistical Significance in Discrete Choice Models
A review of reporting practices in the Transportation Academic Literature

HENA B LREN L EEMORR X

ERREBREIZBITA2HESHWBEERADEZEIZE T 502 T, Kamargianni et al. (2014)[%, HITHEF D B 1ERIFERL
ERITOVWC, ICOBRERNZLHHMNICHEELCERTHY. BLAFELDHITICHTLEEDFHZECEEE
¥5ZBCEFERLTVNSIERRTEY, KEG-FHETE2 REVENE = LERMAEL TS

Qin et al. QOINDIERBFERITILICEETAHAET, [INADH—ERXLRILAFRLEELEDt-EZHLTEY, /AR
DY —ERKEEZR LITEHET, BEEFMREICHTEINRAANDIGREZEREICENESELENTEEEETR
LT 1&mLETLYAS.




The Use and Misuse of Statistical Significance in Discrete Choice Models
A review of reporting practices in the Transportation Academic Literature

WERDEE

DOMRELFDEBERMOBELEHFITS

- HEHNEEMEBLALEEEEDOF T, EHS—DTHY, BHEELRETHOTIILSHEL. 20T, HEHET
LOBRIT, DREFIIMMOBEICEET SEIEICEAET L TIRETHS.

« EFLGERERESTAILCERAELEND, BEMICEIRTES, AXOFERETIIETHATHSS.

QA EELZRY, RO KESITOVTHIBLE DA T(ZEEFICKDIEDNRMI/INSVNINEDHRMNTKE

LMD, TR ERET S.

« EOBREDHMENBERICHLTEEIZGSD, TOEEMZESFTFMIT 0 DEMELIC, BEREHRDIREZMDSD
OAXMBUERBAIRN Z5ERT NETHD.



The Use and Misuse of Statistical Significance in Discrete Choice Models
A review of reporting practices in the Transportation Academic Literature

WERDEE

OWHEZRY, HELI-HREVCREDDOHIRREZREMRLLEKT .

+ RBEHRMESIKEESATOSEDNBEE, BERELOLEADEERLL.

+ JKBESNTOEMEDE S, ZROEBRVAVADESDEICLY, BT IIENHLILDIHLHD. 1L,
NREORENE RSN OMHBEIRESND.

@FRARIZONTIE, HEHRETSLGIRENTRUETESZLEZRIATS=0IT, BT YAXER
HERICHEHRHE NEBR T S, ZRT—EF B N—V UMY TRELGE) ZAVERRDOG R,
BRICEREDRHNZROTHRET S.
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Validation practices in discrete choice

modeling
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A credibility crisis in science and engineering?

7%
L BB

3%
ERRRRIC L

52%
KWl
RRcHB

ADHAREBEHEE

Source: Baker, M. and Penny, D. (2016) ‘Is there a reproducibility crisis?’, Nature, 533 (7604)
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A credibility crisis in science and engineering?

BB OLE, NEVHRERY. MEERBE. TR, RRLHEROEHRIC
L>T. ERINTTHARAARDIZEALIIBTH S,

[ loannidis, 2005
Focused on experimental studies ( \di )

L=

BABZELELRY,
B BT R RMRICEKT T 5,
B RERERIFPRICRET 22 & 138 L W\ (REERTBEM DIREL)
B D EETERETIIMRIEOLEZ BRI T 5,
=»XEERICEWVWT, FHRERUERGETH S0, FHIIHTEI71—FNNv7zRlTohdd,. 7Th
TITIRBEVWTRZD7 41— Ry IBIFEALERL,



TRITHEES

T AI$E FE (Predictive accuracy): PRI EEFEBIN=T IO HLD—HESRLY,

FRBEODER:
BYIE (Calibration): FRISN-HEERLEEANINE=-T O ILDHEREED—HESLY,
¥ 5 §€ 77 (Discrimination ability) : €T JLIZKADBEKRIZH T 5T I MHLDEEDFIFIEE S

FLIETEBE (Generalizability) : RENT—2F (HEEICHAWTWVEWT—) IZBWTCTFRIBEDO#HFFRE N,

NIEHEREDER:
B3 (Reproducibility): FILBEFENOHMESNI-FOERICENTTRREDHFESL,

«  FBERYE (Transferability) : LHLOLLEEUMEDH AR DBERNCHBSN-EARFT-(X. BGE5AE
TIRESN=HUTIIZEWNTFABEDHBFESLY,

Parady, Ory & Walker (2021)



TRITHEES

ET JLIREE (Model validation) : BT JLIZX 9B 1E 14 BED 5E4f .

ETIVERELDTRER:

R ERHREE (Internal validation): B IR D,
T —43%E] (Data splitting)
FECEEANMHMESNTIZADZER

S ER#EEE (External validation) : 328514 0D 5T .
R #8514 (Temporal transferability)
#hish R #2514 (Spatial transferability)
F LM 2 ERE (Methodological transferability)

Parady, Ory & Walker (2021)



In-sample testing

Out-of-sample testing:
The data used for validation is not used in estimation

External validation

Internal validation

dccuracy.

Predictive accuracy of a
model estimated on the
same data used to
estimate the model

Reproducibility:
The extent to which a model maintains its
predictive accuracy in different samples from the
same population.

transferability

transferability

Data splitting (holdout, Different sample Data from Data from Data gathered
cross-validation) or from same different time different with different
resampling (bootstrapping) population period city/region methods
| I I I |
Performance measures Performance measures
A 4 A 4 A 4
A 4 A\ 4 A 4
Apparent predictive Temporal Spatial Methodological

transferability

Transferability:

The extent to which a model maintains its predictive
accuracy in different but plausibly related populations or in
data gathered with different methodologies.

Parady, Ory & Walker (2021)

[

Generalizability
The ability of a model, or system of models to maintain its predictive accuracy in a different sample.




27 ILR O B> 7 LA D 5l (Out—of-sample testing):
(In-sample testing) HFET—RERIAT—RIEIFELC TIEALY,
R EBHREE (Internal validation) M ERFREE (External validation)
T—AN BN (REREL) RICBEREMS . . _ 2 ot
E(FFL T SN BIO RO RELWRD || REBTE TR
(T—rRESYTiE) ER = = -
[ | [ [ [
B it =g ik iy
AsF Hth 15 fif] F AR
. BERE BERE BERTE
EHHU)%lﬂ‘“*ﬁE o (Temporal (Spatial (Methodological
(Apparent predictive . ﬁ\ﬁﬁ (Reproducibility): i transferability) transferability) transferability)
accuracy) : BRICEBERMHMEINI=FDERIZEWNT TR
HET—FERET—4 EDiEFEESL _
SLTHW-FREE B EE1E (Transferability):
Ao LEELUEDH LR DOBEFANSHHSIN-EREIL.
BLAAETIRESN-HUTILIZEWTTFABEDOHE
E&L
\
H2 7 LR DT % '
REETIEALN ! A IEHEEE (Generalizability)
Barad R T—FHEEICHWTWWEWT—) 2T DT RIFEEDMIFRED
arady, Ory & Walker (2021)



A brief introduction to internal validation (data splitting methods)

NEBIREE 77 3%

T—259 8%
"—IJLF 7O M&EEE (Holdout validation) : T—3%#E T — 2R EET — 2 IZEEAIZHET 5,

2IB7 IMILDIZE . Qlyn, ol EEICK T 5 F D EESDIEIELET S
~1_10 if Yn = n
Q[yn»yn] - {1 lf yn =+ yn

ST, yulEEHEIH T IRBENITIMALTHY. 9, LB T EFHENITIMNLTHS.

R—ILE7IrDHEEEITIRADEIICERT S

N‘D
1
HOV = v Z Qyn, In,]
v 1

ny=

—_ C.
Yo [FRIEF—ADEENH T DBASNI-F M LTH.
9¢ HIREETF — A BT 2 FHENET I LTHS HETF—AEANEETF L E>TFRSNED).,



A brief introduction to internal validation (data splitting methods)

NEPREETT &
T35 8%
32 ZFERE (Cross—validation) : T—A2 7 E|ZBEIZ1To T, ¥ET —XERAT—2BHETERT 5.
REBRIOHEEFIRADKIICEETS:

1
cV = —2 HOV,
B £

CCT.BIIEEERIET 2O TH D,

Parady, Ory & Walker (2021)



A brief introduction to internal validation (data splitting methods)

NEBIREE 77 3%
RERALE: FEDNSRZERILE

1
CV = —z HOV,
B £up

WET—2tEIYrDY A ANedp oD HAIRELG Y EFHLVSIGE S | exhaustive splitting&FEIEN 5, z
ML DIEE L. partial splittingETE X5 (Arlot and Celisse, 2009),

Partial splitting methods (&KY{ELVETE XN
k—%3El| 32 Z R FE(K—fold cross—validation): T—2Z RN F TYHEKAE D, [RIFRIC YA A THS
BY 74t v MZHEILT,. BRWIZESHYH TV RIET—%¢E9 %,

#2YRLUR— LR 7 MREE (Repeated learning—testing) : 7k— LK 7O REBEIZ{T,



A brief introduction to internal validation (data splitting methods)

NEREREE A i
RERALE: FEDNSRZERILE

WET—%3 WREET —75

HET—43 WREET —75 HET—43

S5-NE|RXEWRIEDA A—
HET—3
HTET—4 BREET—4

HET—43 WREET —4 HET —3

1BYRLAR—ILR T I MREED A A —S



A brief introduction to internal validation (data splitting methods)
iEf+81E (Performance measures)

Tour based mode choice (two trips) Tour based mode choie (three trips)
HAEFRT—ryb 27 DB . !

&
=]
[
. =]

[
J =]

Mode | %)
& & &
Mode Share (%)
& o
o
< I
u
i
R
|
=1
je———]
|
]
|
—— ]

:, Nanw. . _ - Er_ Ha @l _ mm_ = e « « e PO
ST E T FIPFIPFITEF S N & g e PELESSF «'-9& ,;s.'*x“u & o
m Ohsarved Predicted m Observed Predicted
(a) Validation of tours (two trips) (n=446) (b) Validation of tours (three trips) (n=422)
_— Tip 2 AD: auto drive

# AP: auto passenger

T: local transit with walk access
g% 5 PR: park and nide
i i KR: kiss and nde

0 BR.: bike and ride

10 " W: walk

., B = l = — . m = = B = = B: bike

AD AP T PR KR BR w B AD AR - PR KR BR w B *
W Observed Pradicted B Obaerved Pradicted
(c) Trip one (two trip tour) (n=446) (d) Trip two (two trip tour) (n=446)
Trip 1 Trip 2 Trip 3
£ 3 0 ; :
™y = m I & s
& Prechcied vad mCbserved  ® Predicted

(e) Trip one (three trip tour} (n=422) () Trip two (three trip tour) (n=422) (f) Trip three {three trip tour) (n=422)

Fig. 3. Validation results of trips and tours.

Hasnine and Habib (2018)



A brief introduction to internal validation (data splitting methods)

sEMmIEIE (Performance measures)

B h 2 (Percentage of correct predictions): EREXRD xS LVERRZFRERET S,

T=1=L.

:E7_")lel:J:é1|E|Anl:
X9 HBRIRER:
« ZEIRRA:0.34 *
« ERELB:0.33
e ZERE%C:0.33

ETILBICKBE AnIC
X9 HBEINEER
« ZEIRRA:0.50 *
« EIRF%B:0.30

* ERRIE I N - FEIR AR

B * E‘E:]:RH;ZC :0.20

-

)

ETILCICKSHEARIZ
X9 HBRINEER
« BIREZA:0.90 *
« EIRELB:0.05
« ER[LC:0.05

PR, ETILHOEERETEDNDEEZZELLZL=O. CNoDETILIIEIZHFIZEE ESN S,
FRIDHESEZEZET HIEENVETHS,




A brief introduction to internal validation (data splitting methods)
iEf+81E (Performance measures)

¥ Bl D BAFES (Clearness of prediction):
BAFEIZIELLVEBIRDEIS (Percentage of clearly right choices): EfRITE I N FIRR D ERESR
MNEE t z8 A -EI&TH5,

DA€
%CR—mZ "_, CRy, 2L, CRy :{1 if P(ys,) >t
0 otherwise

BAFEIZESEIRDEIS (Percentage of clearly wrong choices) SE [EN7EN o1 EB IR D FRERMN
FEE t BB A-E|S5TH5,

%CW =

ZCW =L, ow, —{“fp('yn)>t

0 otherwise
ny=1

CIT. P(lyg) FEBICEENISERBRUN OFIRBROEIRFEETH S,

de Luca and Cantarella (2009)



A brief introduction to internal validation (data splitting methods)

EMmISTE (Performance measures)
T Rl D BHFE S (Clearness of prediction): El{EtZEDRDHHH

o BAERGFMBERZRIZGLOH. tE T KYTAREVTREITNIE
ERIEWN( dEBIRREEDTARATHD),
- BfEHIRTELNLIE:
> 2{RETIL: t = 0.9 (de Luca and Di Pace, 2015)
> 3IRETIL: t = 0.5 (Glerum, Atasoy and Bierlaire , 2014)

See appendix for a list of commonly used indicators

%clearly R/W predictions

100%

90% A
80% A

70% -

30% A
20% -
10% A

0%

s
v e
50% -

400/0 *cn-l410/° sss \
A

[l
'f

0.50

0.60

\ —-..-""'N
———
0.66 threshold
0.70 0.80 0.90 1.00

%ClearlyRight - MNL
%ClearlyRight - CNL

------- 1 - %ClearlyWrong - MNL
= = '"1-%ClearlyWrong - CNL

de Luca and Di Pace (2015)



Validation and reporting practices in the transportation academic literature

LB FICHBTHET IIVRIEDB|EIR;

2206 FxELE1—LT-

-]
92% o ELEIREERE LT

64.6% OMHBEICEET DHREREL
RADR. Wohitk, A v Xt BREEREE. oFUF3aL—sarE,

i

]
18.1% @i ETILBRIIERE L -

XENZEWTH ASN=NERREE T &

Internal validation methods reported in the literature by frequency.

Method Abbvr. Frequency Percentage
Holdout validation HOV 18 56.3%
Repeated learning-testing RLT 8 25.0%
Validation against an independent sample IS 4 12.5%
Repeated K-fold cross-validation R-K-CV 1 3.1%
Other sample splitting methods Ss-0 1 3.1%




Towards better validation practices in the field

RREWET S50

- ETIERAIZEHLTS
® EnJLfJ-%‘[T]J’ﬁn ( %L\Tﬁ%&“:j_é
- BHFEMEICEWLT, XRERIFITIWATHS,

o RUFI—IVT—3%HEFTH
s XENFICBWT ARUFI—IT—2Ea—REHEFITHUEAGWNEIEDLLEDHLHDTLNS
),

- REIIRZRET S
- FRMEEREIKHLND,
« BIFOETIILVCERZRALT IRBERETRETHD,

« BREBEHASAUZERTS



5&2¢EFE2Tooo

“I’m not validating my model because I’'m not trying to build a predictive
framework. I’'m trying to learn about travel behavior”

[PRIETINEEBZET EDEYTIIES, KEBITEIZDVTEU/=VENTTE)

HERDITIEITNILENDIEE (B FEHER ., BagER EERIRF)  RATTHEELH D,



5&2¢EFE2Tooo

“Should every study using a discrete choice model be conducting validation?”

TR ERET NGNS H T N CHIRGETTONED )

G SEARADIRTEE. THTITICEWTI4— RN\ IDREITED, DiaEd BEETRE
JALETHNITRELZTONETH D,

HERNSIAEREZEHOIERIIDLELLIIGEN D LA ZFHORETHD) , BHE-YRIDILEEHES
(overfitting) DEIRETH 5,



5&2¢EFE2Tooo

“Is what we learn about travel behavior from
coefficient estimation less valuable if not conducted?”

[FEFEZF TP E, FHIETENSFESNCEDIBIED FH7E75))

HERBIIBRICEI DHERICRION, ZRREZDLONLETILOTFRBEIZOVTRIZERH D
T BURICE I D HEEREKICE DHRDNILEREZIRE T NETH S,



Finally

BRELZATO T, BRIEDEHEMNERRLGEVD, ELWARAD—HTHD,

ET VRIS E R ZRRRBDFRRETEEL, F-1ZL BEMGHEARANDKFICHL T, AR
ROMNEEREZRET DI=HOICAARTH S,



References:

1.

2.

10.

11.

12.

13.

Ben-Akiva, M. E., Lerman, S. R. (1985). Discrete choice analysis: theory and application to travel demand. MIT press.
M. Baker, D. Penny (2016) Is there a reproducibility crisis? Nature, 533 (7604) pp. 452-454

de Luca, S. De and Cantarella, G. E. (2009) ‘Validation and comparison of choice models’, in Saleh, W. and Sammer, G. (eds) Travel Demand Management
and Road User Pricing: Success, Failure and Feasibility. Ashgate publications, pp. 37-58. doi: 10.1017/cbo9780511619960.008.

de Luca, S., and R. Di Pace (2015). Modelling Users’ Behaviour in Inter-Urban Carsharing Program: A Stated Preference Approach. Transportation Research
Part A: Policy and Practice, Vol. 71, pp. 59-76. https://doi.org/10.1016/j.tra.2014.11.001.

Glerum, A., Atasoy, B. and Bierlaire, M. (2014) ‘Using semi-open questions to integrate perceptions in choice models’, Journal of Choice Modelling. Elsevier,
10(1), pp- 11-33. doi: 10.1016/j.jocm.2013.12.001.

Hasnine, M. S. and Habib, K. N. (2018) ‘What about the dynamics in daily travel mode choices? A dynamic discrete choice approach for tour-based mode
choice modelling’, Transport Policy. Elsevier Ltd, 71(August), pp. 70-80. doi: 10.1016/j.tranpol.2018.07.011.

Hensher, D. A, Rose, J. M., & Greene, W. H. (2015). Applied choice analysis: a primer. Cambridge University Press. 2" Edition.

Kamargianni, M., M. Ben-Akiva, and A. Polydoropoulou (2014) Incorporating Social Interaction into Hybrid Choice Models. Transportation, Vol. 41, No. 6, pp.
1263-1285.

Qin, H., J. Gao, H. Guan, and H. Chi. (2017) Estimating Heterogeneity of Car Travelers on Mode Shifting Behavior Based on Discrete Choice Models.
Transportation Planning and Technology, Vol. 40, No. 8, pp. 914-927. https://doi.org/10.1080/03081060.2017.1355886.

Khan, M., K. M. Kockelman, and X. Xiong. (2014) Models for Anticipating Non-Motorized Travel Choices, and the Role of the Built Environment. Transport
Policy, Vol. 35, pp. 117-126. https://doi.org/10.1016/j.tranpol.2014.05.008.

McCloskey, D. N., and S. T. Ziliak.(1996) The Standard Error of Regressions. Journal of Economic Literature, Vol. 34, No. 1, pp. 97-114.

Parady, G., Ory, D., Walker, J. (2021) The overreliance on statistical goodness of fit and under-reliance on validation in discrete choice models: A review of
validation practices in the transportation academic literature . Journal of Choice Modelling 38, 100257 (Open Access)

Parady, G., Axhausen K.W.: Size Matters (2023) The Use and Misuse of Statistical Significance in Discrete Choice Models in the Transportation Academic
Literature. Transportation (accepted)



https://doi.org/10.1016/j.tranpol.2014.05.008
https://doi.org/10.1016/j.jocm.2020.100257
https://doi.org/10.1016/j.jocm.2020.100257
https://doi.org/10.48550/arXiv.2208.06543
https://doi.org/10.48550/arXiv.2208.06543

Appendix: Definition of model validation performance measures reported in the literature

Index

Mean absolute percentage error

T R

Root sum of square error

TRFIIREREMN

Mean absolute error

RS ERE

Mean squared error

T REE

Root mean square error

TRPIIFSIRERE

Brier Score
7oA T7RAT

MAPE

RSSE

MAE

MSE

RMSE

BS

Type

Absolute

Relative

Aggregate: Relative
Disaggregate: Absolute

Aggregate: Relative
Disaggregate: Absolute

Aggregate: Relative
Disaggregate: Absolute

Absolute

Formula

Parady, Ory & Walker (2021)

Notes

M is the number of alternatives in the
choice set.

Sym IS @an aggregate outcome measure
in sample v, such as the market share
of alternative m (i.e. modal market
share), choice frequency, etc.

§¢,,m is an aggregate outcome measure
in sample v, such as the market share
of alternative m, predicted from model
estimated on sample e.

ﬁ(yﬁv,m) is the predicted probability that
individual n chooses alternative m,
predicted from model estimated on
sample e.

Y.m IS the actual outcome variable
valued 0 or 1.



Appendix: Definition of model validation performance measures reported in the literature

Index
Log-likelihood
MR

Log-likelihood loss

ISESOMEREES

Rho-square

0.2

Transfer rho-square

Bin o2

Transfer index

BERIEIR

Transferability test statistic
BHMERERE

x* test

LL

LLL

RHOSQ

RHOSQ

Tl

TTS

CHISQ

Type

Relative

Absolute

Absolute

Relative

Pass/Fail

Relative

Pass/Falil

Formula

LL,(B¢)

1 1 _
Ez "N, Z LLy(B%)
T

Ny,r

Vi<r <R

o1 Us(E)

 LL,(0)

LL,(B°)

ptzransfer =1- LL (MS”)
v

LL,(B¢) — LL,(MSY)
LL,(BY) — LL,(MSY)

~2(LL,(BY) - LL,(B?))

i (fm - E(fve,m))z

E(f5m)

m=1

Parady, Ory & Walker (2021)

Notes

LL,,(B®) is log-likelihood of the model
estimated on data e applied to the
validation data v,

N, is the size of the validation
(holdout) sample r, and R is number of
validation samples generated.

LL,(0) is log-likelihood of the model
when all parameters are zero for data v.

LL,(B") is the likelihood of the model
estimated on the validation data v.

LL,(MS?) is a base model estimated on
validation data v (i.e. market share
model.)

P& ca IS the local rho-square of the
model.

fm is the observed choice frequency of
alternative m in sample v, and E(f,5,) is
the expected choice frequency
predicted from model estimated on
sample e.



Randomized
controlled
trial possible?

Independent

dataset from
plausibly related
population
available?

Independent

dataset from
same population
available?

Yes

Yes

Conduct
randomized
controlled trial.
Replicate if possible.

Conduct external
validation

Conduct internal
validation with
independent sample

Appendix: Validation and reporting practices in the transportation academic literature

Report:

Predicted vs observed market shares
Aggregate error measures:

MAE, MAPE,RSSE, RMSE
Correlation (for continuous outcome
variables)

1.
2.

1.

Is validation data
in disaggregate
form?

Conduct internal
validation via
data/splitting or
bootstrapping.
(If possible, avoid
HOV)

A 4

Report:

1.
2.
3.

4.
5

Percentage of correct predictions
Predicted vs observed market shares
Discriminative ability and clearness of
prediction measures
Fitting factor, Brier Score
Likelihood-based measures:
* Log-likelihood or likelihood loss,
rho-square
* For external validation:
Transfer index, transfer rho-
square
Correlation (for continuous outcome

variables)

Heuristic to select validation method given available resources and recommended performance measures to report




Appendix: Validation and reporting practices in the transportation academic literature

Table 4

Predictive accuracy performance measures reported in the literature by frequency.
Performance measure Abbrv. Frequency Percentage
Log-likelihood/log-likelihood loss LL/LLL 19 46.3%
Percentage of correct predictions or First Preference Recovery FPR 10 24.4%
Predicted vs observed market outcomes PVO 10 24.4%
Mean absolute error MAE i1 14.6%
Root mean square error RMSE 4 9.8%
Error/Percentage error/Absolute percentage error E/PE/APE 3 7.3%
Rho-Square RHOSQ 3 7.3%
Transfer index TI 2 4.9%;
% clearly right (t) % CR 1 2.4%
Brier Score BS 1 2.4%
Chi-square CHISQ 1 2.4%
Concordance index C 1 2.4%
Correlation CORR 1 2.4%
Fitting factor FF 1 2.4%
Mean absolute percentage error MAPE 1 2.4%
Sum of square error SSE 1 2.4%
Transferability test statistic TTS 1 2.4%
All other measures specified in Table 1 - 0 0%
Other measures not specified in Table 1 - 3 7.3%

Very similar measures are reported jointly.
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