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LOG-LINEAR MODELS: ESTIMATING E(LOG(Y)) Vs E(Y) SIMULATED DATASETS EMPIRICAL DATASET
Pedestrian and bicycle activity at intersections and segments is routinely mod- Deterministic Component Error Component Our empirical dataset is comprised of annual pedestrian counts for 1,268 intersec-
eled as direct demand models in traffic safety literature. These models estimate X = [1 x; x,], where: e is homoscedastic (i.e. 0%(X) = 0%): tions in California. The Breusch-Pagan Test for heteroscedasticity yielded a p-val-
the expected number of trips at a given location for a given time period as a func- x; ~ unif (0,1) o ={1,2} ue < 0.001.
tion of socio-economic and built environment characteristics. As the dependent X2 IObiqwulli(OA) (xz €10,1}) € is hzeteroscedastic (i.e. G(Xg = of (X)): Stability of Coefficients
variables are typically positive, many studies utilize log-linear regression models, p=1 ] 0°=1f(X) =1 +x; +x3)" . . . .
, S , , , 62 =1 fX)=14x +x 1000 simulations run with 20% of data used as test data.
which use alogarithmic transformation to ensure that estimates derived from the ' 102
model are positive once back-transformed. While commonly used, this back-trans- Training/test data: 10,000 observations; number of simulations: 10,000 runs = S S S
Coefficient 1st 99th 1st 99th 1st 99th 1st 99th
formation apprOach does not estimate the mean Of the depede nt Variable. Stability Of Coe-FﬁCientS Coe-ﬂ:icients Mean Percentile | Percentile Mean Percentile | Percentile Mean Percentile | Percentile Mean Percentile | Percentile
Ground truth for GLM coefficients was estimated as follows: ot

Let y be the dependent variable (e.g., annual pedestrian volumes, peak hour bi- Berpnrs — Olog(E(y|X)) 840 58(f(X)2) I:gf’spt';;;‘;';v
cycle counts), and the X be the explanatory variables (e.g., population, employ- CRAte Oz, T o, WalkComPctH

. o . logSchools
ment, network density, slope). Ify >0, thelog-linear regression framework, solved GEMELL GLMNG CGLMGLL ' GLMNS et
using ordinary least squarses (OLSLT), is applicable as follows: 4 | s | o | . | s

— c £ AU 2 == l s S I == Signal
log(y|X) = X + € e ~ N(0,07(X)) B = 2 g 2 _I_ . GLMGLL shows counterintuitive signs for multiple variables; GLMQP in one case.
. . . . = —+ I I — | -+
The back-transformed estimate that is typically used as the model output is: . ' N : o | P | o Training vs Test Data
B R B i | : glc:r;:ulatlon Type
EllogWiX)) = X5 = Jorstr = exp(XP) S o st & ewos ouscr B se Compurions o A erections (68 s
[ | - o] o e o

However the mean estimate of y for the log-linear model is given by: 4 ' I
porsrr = E(y|X) = E(exp(X5 + ¢€)|X)

5. : 5. ) 5. + 5. . Method A (Median) (Hom‘\::::;astlc GLMGLL | GLMQP GLMNB (Median) (Hom‘\:::(:;lastlc GLMGLL | GLMQP GLMNB
— exp(Xﬁ) 6513]?(0.50‘2 (X)) EL_ — — e + + % % : : —— + ;I_— -%— OLSLT (Median)
Thus, the backtransformed estimate of a log-linear model, which represents the d | ! | d | B ot i _
median of y, is biased. However, under heteroscecadisticty, even the mean OLSLT G“L“MGL’L
estimate can be biased, since the functional form of the variance is unknown. Once the constant variance assumption is violated, the coefficients under OLSLT GLMQP
cannot be estimated accurately. =

RMSE Comparisons for Intersections with PopH < 5,000 (~ 51% of original data)
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GENERALIZED LINEAR MODEL ALTERNATIVES Training vs Test Data (Under Heteroscedasticity) O P R PV DO S B DO P P
For generalized linear models (GLM), it is possible to use a log link to estimate Percentage of simulations when “Method A” yields a lower/equal RMSE than “Method B” - . (edin) | ™ ) (o | Ty )
E(y[X) as follows: R
E(MX) = ELP (Xﬁ ) OLSLT OLSLT SR OLSLT OLSLT e (Hom“::ic)]asuc
However, for a given link function, different assumptions on the mean-variance Mot R 1 (median) | (Homoseetastic | GHMGLL ) GHMQP | GEVINE | (egian) | (Homiecedastic | GLMGLL 1 GLMQP: ) GLMNE anar
relationship lead to different types of GLM specifications: OLSLT (Median) GLMNE
: — o i Homoscedastic mean for OLSLT performs the worst among all GLM options for
GLM Type Yariance Specitication Mean) entire dataset, but is superior to all but GLMQP when applied to a smaller subset
EZZ‘Z';'; (B‘: ﬁg’zf;)(“amm) LZLL;OBHT?;%LMNB GLgP of intersections with less population (and lower concern of heteroscedasticity)

Quasi-Poisson (UgLmop) OucLmop — 02(X) = (1 + 2, + 1,)? —
Method A (‘\(::Z:;) (Homoscedastic | GLMGLL | GLMQP | GLMNB (‘\2::;1) (Homoscedastic | GLMGLL | GLMQP | GLMNB DISCUSSION
Mean) Mean)
EVALUATION CRITERIA OLSLT (Median) Tests for heteroscedasticity are essential when considering log-linear models.
OLSLT

e GLM models, in particular GLMQP and GLMNB, are more robust alternatives,

We use both simulated and empirical datasets to evaluate log-linear and other et , , ,
. . . . o e especially when the dependent variable can be zero (e.g., bicycle volumes).
GLM specifications using the following criteria: - " .y ,
. . L2 . GLMQP e Trade-off between coefficient stability and predictive quality of the final model

e Stability of coefficients: variation in sign/magnitude across data samples GLMNB q q the desired fthe direct d 4 model

e Overfitting: compare root mean squared errors (RMSE) for training and test e Under heteroscedasticity, OLSLT is inferior to other GLM alternative. cPends On the desired Use O The Cirect demant mode!.

q . . : - e Random parameter specifications will be considered in future research.
ata e GLMGLL is most prone to overfitting: outperforms in training (over test) data.
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