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Size Matters:

Basic inference with discrete choice

models
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Why is inference important?

BEMBER : Z1EAYy FETL

A5 B RE BRHERE tfig

EEIEN e ASC 1.45 0.393 3.70

FHFHE (9) At -0.0089 0.0063 142 —— FBREHDOHMBOREIEZMN TS
FHEARFH (9) At -0.0308 0.0106 -2.90 TICHEEMIRT S
HEhEHout-of-pocket ZF (c) EE) -0.0115 0.0026 -4.39 BEHERNT. AOBIREEEROOND
NHZEEE EES] -0.0070 0.0038 -1.87 EBEORESSEIDIET B1-8 . BHMEH
HEERELI— (BBHE) B -0.770 0.213 3.16 RFADRERHHINZ(ER!)
mEMOMBELEL I - (BBE) EE -0.561 0.306 -1.84

Y 7 1476

LL(0) -1023 «—— ETHORZRBILODEEDLE

LL(B) 3474 —— BAE

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

P 0.654 «—— BEEHER: 1 (LL(B)—K)/LLO)

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



Basic Inference with discrete choice models
MNL - 1B EDBITFE : S A (Point elasticities)

Direct Elasticity

- BCHEAMY: EINE | OBEMHOEILE (%) IZHT 2EIRE | OBIREEOETILE(%) THS,
— IR | \Z T BE M xp HV151E7 BL. ERE | DERELIT%EPBH,

PO _ 0F (1)  Xink

Xink T axlnk Pn(l) = [1 _ Pn(l)]xmk Bk

Cross Elasticity

o REMWHMEINE j OFHEOELE (%) T 2EIRE | OBREEOEILE (%) THD.
— BRI VT BEH xj B15887 BE, EWRIE | DEREH %6 B 5

EP,(l) — n . ] — —P (i _
Xjnk axjnk Pn(i) - n(])x]nk ,Bk




Basic Inference with discrete choice models
MNL - 1B EDBITFE : S A (Point elasticities)

Xink = [ (Zinx) DIFE

Direct Elasticity

« BCHEAM: TN OBHOTIEE(%) 123T BN | OBIREEOTILE(%) THD,

k
EPW =1 - P,()]Be o7 Zink

‘/ﬁEOTs Xink = ln(zmk) @i’z"%

: dIn(z;
EW =1 = Py()1By - i)

0Z;r Zink = [1— Pn(i)]ﬁk



Basic Inference with discrete choice models
MNL - 1B EDBITFE : S A (Point elasticities)

¢« HIDATZARIZRE-EAMEEIBEADEAEZTRT
o S AME RO SDIZIE. Probability Weighted Sample Enumerationi&Z FAL\5:

N p (n\pP® N 7 PO
P(i)  4«n=1 Pin(l)Exmk P() n=1 Pin(l)Exjnk
X — = . . — A~ R
i n=1Pin () *ink n=1Pin (D)
YU EEEAN BUTLREHNME

CIT. PQ) FFBIRER 1 ISR T HEHERTHY, PL() EANDERE i [T T5RIREETHD

« K DGEIL. REFEAEANETORERE § (L THI LERLCTIEAL
« FEI—ZHDGEEF. RENEOERICERNZNOHEERRDHIL



Basic Inference with discrete choice models
L - IREDAIFE : S HME (Point elasticities)

Direct Elasticity

- BEEIHE:
EREK j BARAMIELEGEWGS
P .
Exj(,{;z [1 Pn(])]xjnk :Bk

Cross Elasticity

- REHNME:

ERER j &) DEIRANRYT D5E

Ealc).(,]) — _Pn(f')xj’nk Br

j nk

oVilT o TIV (D)

P(j) = — - .
0) elV (D) Z£=13TW0)

«— NL RUM2 specification

Train(2009)

EiRR j BRANICET 555

0

Xjnk

= [(1 - P,(j)) + G — 1) (1- P(jli))] Xjnk B

EBIRFR j & DARICRANET 555

gPU)

xj’nk

1
— PG + (; - 1) P(]"H)] Xi'nk P




Basic Inference with discrete choice models

BCOE A%
x; [TBIRE i0DERET S

xl A xi“ xl A xl A xi A
ST +5 | +19% +1% [ +1% [4
> 3 > ‘— 1% > ‘— > >
. P(i) P(i) N P(i) P(i) A e P(i)
SEEIEE DY (FBxTRI12) =Rl (FExTRI12) SEERE IR
JERE Y e HY
B OO E:
x; DM%IEMMLT=&E, x; DPM%IEMLT=&E, x; DPM%IEMMLT=&E, x; DP%IEMLT=&E, x; P%IEILI=EE,
P()H0%EAT B P(H)P%EKFEBAD TS P TE1%EALT S P()DMBLL LB B

P(O)HMERIZEADT D



Basic Inference with discrete choice models
REEAME
xi [LERE jOBALTS

xj A lek xj A xj A
st U an It aw [
R > R % > R —
. P(i) P(i) o P(i)
SEEIEE DY (FE*FEI12) B8 O (FE>*FEI12)
JERE Y e HY

REHNDHE:
x; DIBIEML=EE, x; PBIEIIL =&, x; PIBIEIIL =&, xR IIL =&,

P()A0%EMT S P()A1%REIEMNT B P(OMTEI%EMT S P)A1%LLLIEMT S

P(i)

x; HIBIEIL =&,
P)MERICIENNT S

SEEHE AR

P(D)



Basic Inference with discrete choice models

MNL - $hREDRIE : BB R %R (Marginal effects)
Direct Marginal Effect
- BEEBRRAZIR: EBREK i OBMOBEMEILITHT HERE | OFREROELETHS.
—ERT I T BEH Xy DT E(7IEZ BE, R | DEREDF 75 Em ZEDBD,

uP® _ dB, (i)
Yk 0Xin

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

Cross Marginal Effect

« REBATIRBIREE | OEMHOBMTIEICHT 2BINE | OBIREROELLETHS,
— B i (AT BER xj 51 E (2387 B L, EWRE | DERED T F A EZEDLELH,

PO _ dB, (i)
Hink - 0x

= By (D) (=F.()Br)

Definition following Louviere, Hensher, and Swait (2000)



Basic Inference with discrete choice models

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

- 58 1 EBHRIZProbability Weighted Sample EnumerationZ FALNTEFFER R EZRDOHONS:

N p PO N 7 rasP@)
PG) _ 2in=1 Pin(l)Mxink Mm n=1 Pin(l)ijnk
Xink — N b (: e Ny
e n=1 Py (1) *jnk 1I¥=1 Py, (i)
HUTILDOEERASE BUTILDRERRHE

CIT. PQ) FFBIRER i ISR T HEKHEERTHY, P,h() EAnOREIRE i [T LHBIREETHD

+ RAVERDGEF . FI—EHTILRERIERLHIAROAEFIELS,

11




Basic Inference with discrete choice models

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

X

l

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

MR EDRIE : [BARZIER (Marginal effects)
B Sal— a3 ANV THAE—ZERHICHEITHRETBERIBRDKROH A

MEREHZOESENWT A—RAFHRHEZRD D (BALAIL)
l

HNREBZ1ESWNT. I FPANEZRDHD (EALANIL)
l

NP AEEN—RFPAEDZEDTFIHEZKRD D



Basic Inference with discrete choice models

MREDEEMRIIZLVYELEAS ?
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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

- HEETLE, RESHEAICKY, SEEERSERAT o cEEyua NN

E1oTLNS THE CuLT
OF STATISTICAL
o E%E"]ﬁ*ﬁ':%ﬁé%(wﬁiﬂ:ﬁ[ﬂf’ {f;ﬁ%—l—:Ej—-)[/o)jEt&tt:b':’ (i&ﬁﬁﬁd)) S|GN|F|CANCE
RENLTEEMEERETHRITNAREOAIZLHFTMLEEST: o

How the Standard Error
* McCloskey & Ziliakl&, #BFZDHEFICHELT, MHMNEEHOEELLSRAE Costs Us Jobs,

Justice, and Lives

BSMIZLT=. LHAL, ChIZRLUTEFRIZESEL R i

Stephen T. Ziliak and
comuD@irdre N. McClosked

AIFZE TlL, McCloskey and ZiliakD 19D B 1 Z B EGEIRET LRI &
RIEAICE TN EEEDEAERALZEEMTS.

FT>CRRIZEAL,

—_\



ZEEESFICEITH15HM

QLETILIZESEHO B FF st OB ZHREL =D

Q2. IRNEDEERZVMIDRICKHALSHAYE, BRAMR, FEIEOREDDOHLHEREREL=H,
Q3. BERE, tERVAEELZTATHRELD

QAREDRE AMNBELI-H
Q5.ZEDZEE, BHEAZESHST=H

Q6. [Asterisk econometrics JEMEIEN AR EMET B DHEMED KRESIZE TR EEFS VT 52N EIEELI=H

Q7. ETILEERDHEIT, Isign econometrics IEFEIEIN AR EZZERET REOFSEMNT S L2 mBILT=DH.

Q8. SHEEIZDOL\THEHR/LI-H.




ZEEEFICEITH15HM

QIBREICHLT, REMGEEEICONTHELED. OFY, EEMICHROHLIERALEELSTHHEVERZERHL
TWhaHh

QIOIREBICHTIREMNGTERMEZH MY SO DR FRITRAIC OV THERLI=H

Q1. #HETHIBEE DA ICEDIKEHDFIRZ B ELI-H
QI2ZIRDZHE DRI, F=EREZSYBERAT HEHI, Y2alb—2arzwiTof=h

QIIEMEBEADTEROET, MEWEEELEFN, BENRAUHENGCEEEZRAIL=H

Q14. #E, &R, BERNDTREDETIX, HAHESEATHETIIGEEKRT, ADOESHITBEROBFTERIZGSHIFEKRE
WIEWSEKT, TEE 1LV ERZEERICESCEZERIE LA

QISR ENFEBERBZHELI-AD, MAHAEED REEEDOKDOY TIIGKEREMNLGTEEZEZHRINT H1-HIZFE
FLT=hH



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

FHARER EU RO KIEEMcCloskey & Ziliak? A& LI-&iEE Td) ;

67% (MZ:70%) DR IE, METHIBERELEFR, BERM, BPNEEEEZRAILTLVEN

86% (MZ: 720D/ X(E, HAMBRENTKEVIDTPNSL N EHIETTES LS ICRIFRGRIC OV TEHERL
TLVARLY

62% (MZ: 59%D/IE, THEEBIEVSEEZ, HALTIIRBEMGEHAMICELGIEVSEKRT, £-HbEE
IEERIEETHHAEVSIEKT, BERIZE-TLVS

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

24% (MZ: 32%) DERXIE, ETIVOLERZERNTH-HDOH—DOEELLT, MHWEEREZFALECLE
BARLTLVS

BREDHETBRE HEZEELI=H I LI o= (MZ: 4%)



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

GE AR L RO ST ERE S ETLREDSER X
B AR — B OBEET e
B3 5o ETHY, EHOREMNLE R ¢ TAANE R !
Eﬁd)ﬁﬁﬁ'@iﬁt\ ! 'U'/j)[/fl\'f']j j(%l'\(-}-;h"j: Size matters.
BATLEEIRS

\/7

BFHXILIFE CUELZEESA TS

e

EMNRIFESTHELN ! IREEE
EBLZWRYERDZVDERZS INSTRIETAV T SR(F
ENHARLLRLY !

No one wants

a small glass of wine.




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

(BB TIIEOHRBITHLT MM+ RE LB DOLTOHN O

Khan, Kockelman and Xiong (2074h%, T (0.5 A ILLIRD+FHRELTEEL:) RYMTI—ODEHRENRAESLEE
ZE5Z5:COZEHOELEREIOOEMIE, FESDBIRFEFI4%BIEMESELEHESNDIEBART, SSIZTEBREH
SOEBEHEBOFREOETHIE, HEYIERLLBLIENRGIMoT-1ERRTHEY, SIREZXHEICHIELTULS.

de Luca and Di Pace (2015)(%, K @FHEMIEDHEENZEFD P CHEGIMDEEMGEEMOF|MEBAMEIC
LTHEY, 12 7ICE TR OMRETHRESN - HEELFREETHY, BEFOMMNBHOTCEETHLHAILET
LTS FEDOTEYRBEEEZILI—ALRET HL, 105 FE D H1THHE (BHEAmTHITO0m) [, BILBEETDF 53 LL
L&D 1R RTINS,




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

HEE L RENLEEORR X

EERTEBREICZSITHHSHMMEREERADOEE(IZET ST T, Kamargianni et al. (2014)I&, HITHEIFD B ERIERL
EXRITONWT, ICOBRERNERLHHNICEELZRHTHY. . ENFELDSITICHTLBEDRZICRVNVEE
5 ZBHEERLTWNSIERARTHY, KELGH-HEATEXREVEIRELEMAELTLS.

Qin et al. QOINIERBEFRIZHICEATAMET, [INRADH—ERALRILARLEELGED-{EZHLTEY, /'R
DY —ERKEZR LESERET, BEHEFBAEICHTEINARAANDIGFELZEFREICENESESEMTESLLEET
LTS 1EmLETLNVS.




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

WERDER

OHRELETDEERMOBEEZRHTTS

« BMEHMARERRLAGHAMEEDODP T, AN —DOTHY, FLEELGCEETHOTIEILLEL. £2T, EHET
IVDERE, NREFLIIMOBRICEET HEFICERZETEHINETHD.

o ETIVREEBET HEICEIRFEFILENAD, BEEMICHEIRTEY, XDFEETHETTRTHAD.

QAEELGRY, RO KEFSITONTHIBLIESIAT(EFEEFICKDIEDNEMNI/NSVNINEDHRNTKE

Ly1hY), TOHIBTDBERETS.

« EOBREDHMENBERICHLTEEIZLGSD, TOEEMZESFTFMI 0 DERELIZ, BEREMDEEZNNSD
JAXMNBEREADIRN ZEBRT NETHS.



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

WERDER

OREZRY, #HELI-HREVCREDDOHIEREREMRRELRKT 5.

+ RBHRAMESIKEESATOSEDBESE, BEREEOLBEADEEE L.

» JKBESNTVEIMEDBE, ZHROEBRVAVADIESDEICLY, LETIIENHLILIHLHD. 1L,
NRBOHENE RSN OB EHESND.

@FHRARICONTIE, HEHRZETDERENTRUETESZELEZREET =01, UT LY XER
HERICHEIHBRH NEZBRTHE. ZRT—E B N—J UMY TRELGE) ZAVERROGE S,
BRICEREDERHNZROTHET S.
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BHEHH:

Validation practices in discrete choice
modeling
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A credibility crisis in science and engineering?

LUTICETZ2ERA. BREDOLRTICEEZRIFLTVRELEBVETH?
HECA-FERBOZ<H,. BEORLSEBBNRBOLTICHETZIENEST.

7%
,}ﬁ%v . e B(C/UIFLIE 0 LELEE

BRI EN ﬂﬁﬂg ﬂ %
MYRERADEE

:u"'b‘"

BEADESDHOFT S
52% 38%
s 1 576 POOMIERR REZOHRZTHHCBRINTOLL

AORRESEE e/ merrts I
AUAEI-keRmTa s (I ,gﬁg,m;
e g T
REEOWRENEF—FERBLRL
RE

R+ 1AH

; PR Q‘(:n.‘
2 f”/ﬂ'

R :/\\

» *‘b X vﬁ%}w* g
0 20 40 60 80 100%
Source: Baker, M. and Penny, D. (2016) ‘Is there a reproducibility crisis?”, Nature, 533 (7604)



A credibility crisis in science and engineering?

BRREAOLE, NEVHRERY, MEERBE. TR, RREHEROEHRI
Lo>T. ERSINTTHARAARDIZEALIIBTH S,

I . ) loannidis, 2005
Focused on experimental studies ( Idi )

=

HARZEELELRY,
B SR ARBERMRICEKET S,
B RERAERIPRICREST S 2 & FE LV (REERTBEE DIREE) &
B U LI TERETNMRIEOLESEZEAT 5,
-»ERRICHEVWT, FHRERANERGETHS 0. FRICHTEI74—FNNy72FIToNndD. Th
TITICBVLWTEZD 74 —F NNy IBIFEAERL,



TRTHERESR

T A5 E (Predictive accuracy) : FRIEEFE RSN O HLD—HESLY,

FRBEOER:
B IE (Calibration): FRISNI-FERLEFAINE=TIOMLOHEMBEED—BHESLY,
¥ A1) & 77 (Discrimination ability) : ET ILIZK AR ERIZHTHT O ALDEFEEDHIRIEE N,

FLIETEBE (Generalizability) : RENT—2F (HETEICTHWTWVEWT =) IZEWTFRIRBEDO#HFREN,

NILTEREDER:
B IH1E (Reproducibility): FICBERMNCHESNIZFHDERICENTTRAREOHFEESL,

«  FBERYE (Transferability) : LHLOLLEEUMEDH AN DBERNCHBSNI-EARFT-(X. BLGS5AE
TRESNI=HUTILIZEWTFAREDHIBFESL,

Parady, Ory & Walker (2021)



TRTHERESR

ET JLFREE (Model validation) : BT JLIZXxt 9 5 N1b 1E 8D 5E4f,

ETIVIREEDTES:

R EBFREE (Internal validation): BIRM D FE,
T —A3%E( (Data splitting)
FCEREMoHESNTIZR DRR

5V ER 4= (External validation) : #5854 0D 5F4ff .
FrfE #2 B 14 (Temporal transferability)
tthisk fe1 #2 E5 14 (Spatial transferability)
F LB ERTE (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

accuracy:

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 I I
Performance measures Performance measures
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.




H 27 LA D H> 7 )L 4 D Al (Out-of-sample testing):
(In-sample testing) HFET—RERIAT—RIIFELC TIEAELY,
R ERHREE (Internal validation) 5 EBHRER (External validation)
F_anE (ERID || ALBERMS : - o
E(FF T SN TR0 gty RESWED || REETECRE
(T—rRESYTiE) ZXK 8 = -
| | | | |
S SR
A\ 4 A\ 4 JV
B Hh i3 R FiEM
. BELE IRt BER
EHHG)%lﬂ‘“ﬁE o (Temporal (Spatial (Methodological
(Apparent predictive . ﬁ\ﬁﬁ (Reproducibility): . transferability) transferability) transferability)
accuracy) : RICBERMHMEIN=FDOERIZEWNTTRIFE
HET —FERELT —4 EO#HFESL _
CLTHRW-FRIEE F2ER1E (Transferability) :
LU LLELUMEDH AR DOBERM B SN BRE (L.
BELAETIRESNT=YUTILIZEVWTTRARBEDH R
EE&L
\
H o7 ILRDEEAE L '
FREETIXARLN ! AL BE (Generalizability)
Parad KT —2HEEICHWOTWVEWNT—2) 12X 5 F RIFEEDHIFREN
arady, Ory & Walker (2021)



A brief introduction to internal validation (data splitting methods)

NEBIREE 77 3%

T—259 8%
R—JLE7 ) MREE (Holdout validation) : T—A3ZF#E T —AERIE T — R BEAIZHEIT 5,

2IRT IMWLDIGE . Qlyn, Il [FEFEnICHT LT RIDIEESDIEIRET S
~1_ |0 if Yn = 9n
Q[ynryn] - {1 lf yn =+ j;n

SIT. y BT BRAENIT I LTEY . Sl EEENHT S FHENET I LTH S,

R—ILR7OrDMEEEIREDLIIZEET S

N‘D
1
HOV = v Z Qn, In,]
V=1

ny=

—_ T,
Vo, |FHREET — 2 DEENICH T HEBSN=T IO LTH S,
Ve [FREET — 2 DEENHT D FRIENFT VML THL HEET —F2ERVEETLICEOTFREN=ED),



A brief introduction to internal validation (data splitting methods)

NEPRELETT &
T—E5EE
32 ZFEAE (Cross—validation) : T—A2 7 &% BEIZ1To T, ¥ET —XERE T —2BHETERT 5.
REBRIOHEEFIRADKISICEETS:

1
CV = —Z HOV,
B £y

CCTC.BII#ELERIAT —FEDETH S,

Parady, Ory & Walker (2021)



A brief introduction to internal validation (data splitting methods)

NEBIREE 77 3%
REREE : JEDNSRERLE

1
CV = —z HOV,
B £

HET—2YbDY A ANeH LW HA]EEL v E FALVSIEE | exhaustive splitting&EPEIX N5, z
NLSDIZEE L. partial splittingE P EIEX 5 (Arlot and Celisse, 2009),

Partial splitting methods (KY{ELVETEaXK)
k—43 Bl 32 Z 18 5E(K—fold cross—validation): T—3% /NG, F TYLE<BED [FIXRCY M RATHS
BY 74w MZHEILT, BRMIZESIH T vbERIET—3E9 5,

2R LA— LR 7 MREEE (Repeated learning—testing) : 7R— LK 7 +EBEIZ1T5,



A brief introduction to internal validation (data splitting methods)

N ERERRE A i
REREE : JEDNSRERLE

HET—4 REET—73

HET—43 WREET —4 HEET—43

5~ BISRERIE DA A—D
wET—4
#ET—7 BRIET—4

HET—43 WREET —75 HET—43

BYBELR—ILR 7 MREED A A—S



A brief introduction to internal validation (data splitting methods)
SEE+E1E (Performance measures)

. Tour based mode choice (two trips) Tour based mode choie (three trips)
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(a) Validation of tours (two trips) (n=446) (b) Validation of tours (three trips) (n=422)
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Fig. 3. Validation results of trips and tours.

Hasnine and Habib (2018)



A brief introduction to internal validation (data splitting methods)
EMFEIE (Performance measures)

P ZE (Percentage of correct predictions): :EREXRDxIESLVERZZFRLERET S,
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A brief introduction to internal validation (data splitting methods)
EMFEIE (Performance measures)

% Bl BAFES (Clearness of prediction):

BAREIZIELLVBIRDEIS (Percentage of clearly right choices): ERRIE XN - FBIRR D FEIRESR
HEE t A& THS,

£ D ~€
wor=203 cr,, L. o, ={17P0R) >
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de Luca and Cantarella (2009)



A brief introduction to internal validation (data splitting methods)

iFfiE1E (Performance measures)
T Rl D BEAFE S (Clearness of prediction): EA{EtZEDROHDHH

o BAERGIFMBERIZGLOH. tE T &KY+aKREVTREITNIE
FEIEWN( AFBREEEDHAATHD) .
- BfEIRTELNLIE:
> 2{RETIL: t = 0.9 (de Luca and Di Pace, 2015)
> 3RETIL: t = 0.5 (Glerum, Atasoy and Bierlaire , 2014)

See appendix for a list of commonly used indicators
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de Luca and Di Pace (2015)



Validation and reporting practices in the transportation academic literature
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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
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“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, KEBITEIZDTEU/=ENTTE]

XD MITETNIEENEE (Bl FEGER, BroEIR, BIHERF)  REEZITIEENH S,
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“Should every study using a discrete choice model be conducting validation?”

[N ETILENSEFH T N THIRAZTTONED )

TG REREANDIKFE. THATITIZEWVNWTIA—R N\ I DEEIZEL D, DIalEd . BUERTRE
FRAETHNITREEEITOINETH D,
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“Is what we learn about travel behavior from
coefficient estimation less valuable if not conducted?”

[IREFETTOHNE, FHIETEDSF SN EDIBIED TS5/

HERBIIBRICE T AHRICRILOD. BHEZDLDONCETILOFAREICOVTEIEL MG
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Finally

BREALZATO T, BRIEDEHEMNERRLGEVD, ELWARAD—HTH D,

ETIIVRGLHEERBREEDRFERETIED, F7ZL . EHMTHRERRTNDIRFICHL T, HARK
RORNEERZHET DDITFAIRTH S,
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Appendix: Definition of model validation performance measures reported in the literature

Index

Mean absolute percentage error

PRI FR AR

Root sum of square error

TRFIIREREMN

Mean absolute error

FATHENS FR =

Mean squared error

T REE

Root mean square error

TRV FSRERE

Brier Score
774 F7RAT

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 @n 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.

P(yg 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 O or 1.



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

Index
Log-likelihood
MR

Log-likelihood loss

PSSO MEREES

Rho-square

0.2

Transfer rho-square
L o2

Transfer index
BERiEiE

Transferability test statistic

BRI IRERETE

x? test

LL

LLL

RHOSQ

RHOSQ

Tl

TTS

CHISQ

Type

Relative

Absolute

Absolute

Relative

Pass/Fall

Relative

Pass/Fail

Formula

LL,(B¢)

1 1 _
ﬁz "N, Z LLy(B%)
T Tlv'r

Vi<r <R

1 Us(E)

 LL,(0)

LL,(B¢)

2
Ptransfer = 1- LLU(MS”)

LL,(B¢) — LL,(MSY)
LL,(BY) — LL,(MSY)

-2 (LL,(B) - LL,(B°))

i (fn — E(f5m))

E(fsm)

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.)

pZ a1 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.



Appendix:

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

Randomized
controlled
trial possible?

Independent

dataset from
plausibly related
population
available?

Independent

dataset from
same population
available?

Yes

Yes

Validation and reporting practices

In the transportation academic literature

Conduct
randomized
controlled trial.
Replicate if possible.

1.
2.

1.

Report:

Predicted vs observed market shares
Aggregate error measures:

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

Conduct external
validation

Is validation data
in disaggregate
form?

Conduct internal
validation with
independent sample

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

Report:
» 1. Percentage of correct predictions
2. Predicted vs observed market shares
3. Discriminative ability and clearness of
prediction measures
4. Fitting factor, Brier Score
5. Likelihood-based measures:
* Log-likelihood or likelihood loss,
rho-square
* For external validation:
Transfer index, transfer rho-
square
6. Correlation (for continuous outcome
variables)

T




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 BVO 10 24.4%
Mean absolute error MAE 6 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 4,994
% 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 S5E 1 2.4%
Transferability test statistic TTS 1 2.4%
All other measures specified in Table 1 - ] 0%
Other measures not specified in Table 1 - 3 7.3%

Very similar measures are reported jointly.
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