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Abstract

Directed graphic algorithm was applied to an empirical analysis of traffic occupant
fatalities based on a model by Crandall. In this paper, Crandall’s data on U.S. traffic fatalities
for the period 1947-1981 are focused and extended to include 1982-1993. Based on the
1947-1981 annual data, the directed graph algorithms reveal that occupant traffic deaths are
directly caused by income, vehicle miles, and safety devices. Vehicle mileage is caused by
mcome and rural driving. The estimation is conducted using three stage least squares
regression. Those results show a difference between the traditional regression methodology
and causal graphical analysis. It is also found that forecasts from the directed graph based
model outperform forecasts from the regression-based models, in terms of mean squared
forecasts error. Furthermore, it is demonstrates that there exists some latent variables
between all explanatory variables and occupant deaths.

1. Introduction Spirtes, Glymour, and Scheines (SGS, 1993), are

an alternative to regression-based procedures for

This study analyzes US. traffic fatalities using specifying 'causal structure’ on observational data. The
directed graphs. Directed graphs, as presented in technology is applied to data on variables previously

* A5, it 7t

-85 -



o6 J. W. Roh

studied by Crandall and Graham (1984). Of the
two models presented by Crandall and Graham
(1984), it was chosen Crandalls model for comparison
since we want to concentrate on the factors causing
occupant deaths. Out-of-sample forecasts from
Crandall’s model are compared with those generated
with directed graphs. Forecasts of traffic fatalities
based on Crandall’s model are dominated in mean
squared error by those based on the directed
graphs.

The paper is presented in six sections. 1) it is
offered a brief review of the literature on traffic
fatalities and replicate the results in Crandall
(1984), ii) review of directed graphs, i)
presentation of results from the application of
directed graphs to the variables defined in
Crandall (1884), iv) an analysis of out-of-sample
forecasts of traffic fataliies from Crandall’s model
and from the directed graphs model. v) results
from the application of directed graphs under the
assumption of the existence of latent vasiables. The
sixth section concludes the peper.

2. Crandalls Model

The concept of offsetting behavior in traffic
fatalities was first introduced by Peltzman (1975).
Since Peltzman published his findings additional
research has been performed in this area, using
extended data set or new variables. Crandall and
Graham (1984), keeping Peltzmans tradition,
contributed a system of equations model of occupant

death in which the net effect of safety regulation
on death rate may be estimated consistently by
applying ordinary least squares to the reduced
form, death-rate equation: DR= h {K, A, H, V, g,
Y, P)" They also suggested a more elaborate
simultaneous equation model which tested K, A,
and V as endogencus variables.

Crandall and Graham differed, however, over
the appropriate measure of traffic fatalities, the
use of a crashworthiness index, and a vector of
attributes describing highway design. Crandall
used the number of occupant deaths as a dependent
variable, while Graham used the occupant death rate.
Crandall used log transformed data and found
safety regulation, rural driving, truck dnving,
income, trend, weight of cars, and vehicle miles to
be significant while Graham used unlogged data. Of
the two models presented by Crandall and Graham
(1984), Crandalls model will be studied further in
the following section.

3. Review of Directed Graphs

3.1 Directed Graphs

SGS (1993) introduced a number of algorithms
to reveal causal structures”. The PC algorithm,
which is the one we use in this paper, and the
most basic algonthm, is designed for the case of
causal sufficiency, which assumines we have all
necessary variables in our observational set, More
advanced refinements of the PC algorithm include
the Modified PC algorithm,” the Causal Inference

1) DR is the relevant highway death rate per mile; K is a measure of driving by high risk vouth; A is per capita
alcohol consumption; H is a vector of attributes describing highway design; V is an index of the average
weight of the vehicle fleet; R is a proxy for the degree of crashworthiness required by federal regulation; Y is
the value of a drivers time (his earned income); and P is an index of the cost of an accident.

2) These algorithms are described in detail in Spirtes, et al. (1593, pp.117-118).

3) Ibid,, (pp.166-167)
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Algorithm” and the Fast Causal Inference algorittm”
Those refinements are designed to detect latent
variables in the no causal sufficiency case.

The directed graph is determined by these
algorithms. A directed graph is an ordered triple
<VME> where V is a non-empty set of vertices
{variables), M is a non-empty set of marks
(symbols attached to the end of undirected
edges), and E is a set of ordered pairs. Each
member of E is called an edge: (i) undirected
edges (e, A —-—— B); (i) directed edges (eg,
B ----> (C); (iil) both or bi-directed edges (C
< ----> D); non-directed edges (0 ---- o) and
partially directed edges (o ——-->). Bi-directional
edges, non-directed edges, and partially directed
edges are possible only when latent variables
exists. A directed acyclic graph is a directed
graph that contains no directed cyclic paths (an
acyclic graph contains no vertex more than
once). Only acyclic graphs are used in the
paper.

32 PC Algorithm

The PC algorithm’ is an ordered set of commands
which begins with a general unrestricted set of
relationships among variables and proceeds step-wise
to remove edges between variables and to direct
"causal flow.” Edge removal and direction of
causal flow are based on independence or conditional
independence (or lack thereof) as represented by
zero correlation or partial correlation. Briefly, one

4) Ibid,, (pp. 183-184)
5) Ibid., (pp.188-189)

forms the complete undirected graph C on the vertex
set V. The complete undirected graph shows an
undirected edge between every variable of the
system {every variable in V). Edges between
variables are removed based on zero correlation
or partial correlation. The conditioning variable on
removed edges between two variables is called
the sepset of the variables whose edge has been
removed (for vanishing zero order conditioning
information the sepset is the empty set). Direct
edges between triples X ---- Y -———- Z as X
==Y === 7 if Y is not in the sepset of X
and Z” If X ---->Y, Y and Z are adjacent, X
and Z are not adjacent, and there is no arrowhead
at Y, then orient Y =~-- Z as Y ————>Z If
there is a directed path from X to Y, and an edge
between X and Y, then onent the edge X -—— Y
as X ---->Y. This process continues until no
more edges can be oriented.

3.3 FCI Algonthm.

Without causal sufficiency means that we do
not have enough variables V to include all the
common causes of every pair of variables. The
PC algorithm is modified to allow for the possibility
that a third unknown variable, or set of variables,
may be responsible for the observed correlations
between variables.

The first stage of the FCI is just like the
first stage of the PC algorithm. We initialize a
partially oriented inducing path graphgJ to

6) The algorithm is described in detail in Spirtes, et al. (1593, pp. 117-118).
7) Partial correlation X and Z given Y is tested to determine the sepset.

8) A partially orented inducing path graph for directed acyclic graph G with inducing path graph G over O is
intended to represent the adiacencies in G and some of the orientations of G
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complete undirected graph, and then we remove
the edge between X and Z if they are d-separated”
given subsets of vertices adjacent to X or Z in a
partially oriented path graph. The result is
essentially the graph constructed by the PC
algorithm given data faithful to the directed
acyclic graph. In the fourth step of the FCI, to
remove the edges which were connected due to
latent variables, and are not really correlated, all
possible d-separations are tested During this
procedure, all edges uncorrectly generated by latent
variables are removed and only the correct set of
adjacencies are survive. As a last step, the
algorithm unorients all edges o-—-o and reorients
them using a collider and definite discriminating
path.w)

4. An Application of Directed Graphs to
Crandalls Model

4.1 Replication of Crandalls Model

Crandalls original (1984) paper used the number
of occupant deaths as a dependant wvariable.
Table 1 summarizes my attempt to replicate
Crandalls results. He used a log transformed
model which showed R2 (safety regulation},
rural, truck, income, trend, weight, and mile to
be significantly different from zerc. In my
replication (Table 1), I get the same sign for six
of these seven variables, and find the same
significance for four out of seven. Alcohol is
significantly different from zero, while it is not

significant in Grahams model. Likewise, limited

access road is significantly different from zero
in my replication, but not significant in his model.
In Crandalls model, truck and trend were
significantly different from zero, but they were
not in my model. The low D-W wvalue and high
R2 cast suspicion on the possibility of the
spuriousness of the regression {see Granger and
Newbold (1974)).

4.2 The Nonstationarity of Crandalls Model

When Crandall performed his study, the
concept of nonstationarity of time series data
was relatively unknown to the traffic field. As
a result, researchers generally used levels data
in statistical modeling and did not consider the
possibility of a spurious regression. Tests of
nonstationarity suggest that the data are not
mean stationary.

Nonstationarity was tested using the Augmented
Dickey-Fuller test. All test values (Table 2)
indicate that the data are nonstationary. If there
are no cointegrating relationships between or
among these nonstationarity variables, then the
analysis shoud be carried out in first difference.
We have not studied these data for cointegration
due to the short span of our data (1947-1981).
One should also be concermned that inferences
based on such nonstationary data will be misleading,
calling into question Crandall’'s results given in
Table 1. This may also explain the high R-squared
value. Below we consider the use of directed
graphs on Crandall’'s data under a difference
transformation.

9) For example, in XYZ, X and Z are d-separated given Y. For more detail, see SGS (1993) , p. 71.
10) The path has a triangle relationship which can help to distinguish direction. For detail see SGS p.181.
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Table 1. The Comparison of Replication to

Crandalls Estimates.

Variable Coefficiert ~ Coeffigent  t-Statistic
K2 233 x 44800 TAEEBYX
YOUTH 0735 0127 O3HEBE
ALCO 04 1HBR 3700E +
RURAL 0ap o+ 032133 26819 =+
LAC 006 QIPBR  ATIHE *
TRUCK 03D = 0173 188196
INCOME 2« 0681215 24318F =
TREND N5« 0081y 0B2ZM2
WEIGHT 286 o+ 34081 -3T9IE =
MLE 167+ 03 1993
R-suared 0gn - 03BI7 - -
Adjusted B2 NA - 0974 - -
F-statistic NA - 1844 - -
Durhin-Watson NA - 148 - -
SE of regression NA - 003 - -

*
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shows significance. In the original paper, t-values
were not reported. N.A means not reported

Crandall (1984) included the following variables and
data sources His death data comes from the National
Safety Council, Accidents Facts. R2 is a proxy for
safety regulation, which is the weighted proportion
of miles driven in each calendar vear by cars of
medel year 1986 and later, The proxy is generated
using registration data for cars of different model
years. Registration data comes from RL. Polk
Company and Motor Vehicle Facts and Figures, U.S.
Motor Manufacturers Association, Detroit, Michigan,
annual. Annual estimates of the average weight
of car come from Automotive News Market Data
Bogk, various years and Ward's  Automotive
Yearbook, various years. I could not find specific
weight data in those two books. In Ward's
Avtomotive Yearbook, I found the consumption
weight of materials in the automotive industry and
a couple of years estimation of typical passenger
car weight. The Automotive News Market Data
Bock does not provide consistent data for car
weight either. [ assumed that his calculation comes
from the average weight of material consumption of
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the industry. [ get those data from Motor Vehicle
Facts and Flaures, U, Motor Manufacturers Association,
Detroit, Michigan, annual. Very swprisingly, my
replication of his results improves substantially
when this variable is added to the model. Rural is
the proportion of total vehicle miles driven on
rural roads and highways. Lac is used to capture
the relatively safe, modern design of rural and
urban Interstate highways. Limit access {Lac) is
the proportion of total miles driven on limit-access
highways. Crandall states that this proportion has
been increasing in the post-war period due to the
completion of the interstate highways. His data
source is Highway Statistics. Again, I could not
find this data. For example, Peltzman (1975) used
primary limited access roads for 1956-1964 and
estimated before 1964 1 followed Peltzmans
methodology. For young driver, he used national
estimates of the proportion of licensed drivers under
the age of 25. These estimates, published by the
National Safety Council, are available only since 1957.
For earlier years, estimates are predicted from a
regression of licensed-driver data on population data.
Alcohol 1s per capita consumption of alcohol in gallons
per vear per working age adult. It is assumed that
the prevalence of drunken driving is roughly
proportional to the amount of alcohol consumed per
person. His data source for alcohol consumption per
person is the Center for Alcohol Studies, Rutgers
University, and the National Research Counctl,
Washington D.C. The Center for Alcchel Studies,
Rutgers University, provided me the data for
19471993, Earned income is the same as Peltzmans.
Eamed income is defined as disposable income
minus transfers, interest income, dividends, and
rental income. The measurement is expressed in
thousands of 1972 dollars. His data source is the
Survey of Current Business, U.S. Bureau of Labor
Statistics, Washington D.C. His cost variable is
the ratio of the automobile maintenance and repair
compenent of the CPI to the CPI for all items. The
source 1s Survey of Current Business, various
vears. [ronically, Graham criticized Peltzmans use
of a time trend for omitted variables that have a
gradual beneficial effect on highway safety (1982),
but he also included a time trend (1984). Truck
mileage and total vehicle mileage comes from
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4.3 Graphical Analysis on Crandalls Model

The following results are generated in the
causal sufficiency case, which implies that every
common cause is in the set of variables studied.
Differenced data {noted as A) and a 10%
significance level are used in the directed graph
analysis, and the result is reported in Figure 1.
Directed graphs need some background knowledge
to determine the directions of causality.'” Figure 1
gives the causally sufficient directed graphs found
under 1096 levels of significance on first differenced
data.

The edges between Adriver, Aalcohol , Arural,
Atruck mileage, Awelght of car, and Alimit
access driving are removed by zero order partial
correlation. For example, the edge between occupant
death and alcchol consumption is removed since
the partial correlation is 02490 with probability
of 01227 which means that if the population
partial correlation equals zero then the probability
of observing a sample partial correlation with
absolute value greater than 0.2490 is 12 %6. Since
the significance level is 10%, this hypothesis is
accepted and as a result the edge is removed.
After considering first and second order partial
correlations, the adjacent relationships are decided
To decide the direction of causality, the algorithm
12 The direction is
decided towards a variable if the Sepset does not
exist. The fina! result is reported in panel (d) in
Figure 1,

AOccupant death is caused by Avehicle mileage,
Aincome, and Asafety device. Alncome causes

uses the concept of a Sepset.

Aalcohol consumption, Avehicle mileage, and A
occupant deaths. Undirected edges between A
limited access roads and Asafety device (R2) in
the DAG (directed acyclic graph) imply that the
algorithm cannot completely determine the causal
direction with present background knowledge, so
more background knowledge is required. AVehicle
weight, Ayoung driver ratio, and Atruck mileage
are not causally connected to Acccupant death.

This model uses only six of the ten vanables
used in Crandalls work. In particular, we here,
use only three variables to specify the number of
occupant deaths.

Table 2. Augmented Dickey-Fuller Test for
Nonstationarity on Replicated Crandalls

Data, 1947-1981.
Series ADF {(No Trend ) ADF (Trend )
h 2)
Occupant Death -2.11 -165
R2 -197 -3%5
Truck - 07 -8
Mile 4 -8
Youth - 33 -246
Ateohal 1 -184
Laccess -167 - 59
Income -116 -231
Weight .76 -253
Rural - 14 -356

Note : (1) Critical Value at 5% is -2, 89, Reject null of
nonstationarity for calculated values less than this
crtical value. (2) Critical Value at 5% is -361.
Reject null of nonstationarity for calculated values
less than this critical value.

11) We used restrictions such as the assumption that income is exogenous to all explanatory variables and
dependent variables. Other variables are only exogenous to independent variables. We try to minimally restrict

the relations among variables.
12) see the previous section or SGS (1993}, p.72
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ATruck ATruck
AHYoung AWeight AYoung AWeight
ALimit AN AR2 ALimit aR2
Access N\ Access
[ AOccu A0ccu-
\ - ant
AAlcohol pant AAlcohol P
ARural Alncome ARural | Alncome
AMileage AHMileage

(B) Resulting Adjacencies after Zero

{A) Complete Undirected Graph Order Independence

ATruck ATruck
AYoung AHWeight AYoung AWeight
ALimit AR2 ALimit AR2
H— -
Access Access \
A0ecu- A0ccu-
AAlecohol pant AAlcohol pant
ARural \ Alncome Alncome
AHMileage AMileage
(C) Resulting Adjacencies after Considering (D) The Final Result First Order Independence

Fig. 1 Directed Graphs at Alternative Steps in the TETRAD Search of the Causally Sufficient Case of
Crandalls Occupant Death Model Based on 1947-1981 Differenced Data and 10 % Significance
level.
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44 Estimation, Forecasting and Comparison

I estimate the parameters underlying  the
directed graph given in Figure 1 using three
stage least squares estimation, to account for
possible endogeneity. The signs are as we
expected. For example, safety device, which is
represented by the danger of cars (R2), and
deaths are directly related, as is also the case for
income and mile in eguation{l). () represents

t—values:

(1) AOccupant death
= 14*Alncome + .0d4*AMile + 2.19AR2
(5.93) 0.24) (3.68)

(2) AMile = 86 *Alncome ~ 61*ARural
(4.78) (-2.44)

The rate of rural roads has a negative effect on
deaths since the rate of urban roads positively
affects traffic deaths.

To demonstrate the superiority of the directed
graphs over Crandalls specification, forecasts of
occupant deaths from both Crandalls model and
the DAG based model as compared. For comparisen,
I use a recursive forecasting methodology which
updates the data set and reestimates the parameters
every year.

Over the 1982~1993 period, Crandalls model has
a root mean squared forecast error of 00046,
while the DAG based model has a MSE of .003.
In Table 3 I present results of tests of significant
differences between these models, using the test
given in Ashley, Granger and Schrmalensee (1969).
The coefficient Bo tests the difference in bias
between the two forecast series and the coefficient 51
tests the difference in vaniance of the forecasts error.

The results show that the new model has a

lower MSE than Crandalls model at a .139 marginal
significance level. This result bmplies that the
regression based on observational data may convey
causal relations that are not genuine. Thus, their
forecasts for out-of-sample are fragile. Closeness
to the true structural relation is indirectly proven
by the smaller MSE.

This fact can provide us additional proof that
the regression method may produce incorrect
results since regression does not consider the
possibility of latent variables and loses forecast
power in ocut-of-sample data.

Table 3. Parameter Estimates from Test of
Equality of Mean Squared Forecast

Errors.
Parameter Estimates t-stat
So= - 017 -1.08
Al= - M -2

Note : Forecasts for 1382-1993. The tests is defined in
Ashley, Grandger and Schmalensee {1969). The
pargameter fSo gives the differences in bias
between the two models. The parameter A1 is
proportional to differences in error vanances. We
define & l=real data-new model forecasts and ¢
2=real data -Crandall forecasts, and the
estirnation is performed with regressand e1-&£2
and regressor (el-&2 Elel-£2). F(Z10) is
05557, showing that the DAG model is jointly
better than Crandall's model at 0.319 level of

significance.
5. No Causal Sufficiency Case

The previous chapter presented the causal
sufficiency case of directed graph analysis where
DAG (Directed Acyclic Graph) was derived from
the PC algorithm. This section provides the no
causal sufficiency case, in which the possibility of
latent varnables is considered. This DAG is derived
using FCI algorithm. The results are reported in
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Figure 3. Notice that the results support the
existence of latent variables, a finding which was
not possible before the application of directed
graphs. The partial directed edges ( o---> )
between A and B represent the notion that either
A is a cause of B, or there is a common cause of
A and B, or same corhbination of these. Bi-directional
edges (<——> ) represent the presence of common
latent variables.

The possibility of latent variabies changes the
interpretation of the DAG for the no sufficiency
case. Adjacencies are similar to those in the
sufficiency case, but edges between alcohol and
consumption and mile and occupant death disappears.
Those two edges are ramoved by partial correlation
considering occupant deaths. The bi-directional
edges between RZ and occupant death reveals that
there exists a latent common variable. Further,
partially directed edges between income and
occupant death also reveal possible latent variables.

‘The possibility of latent variables biases the
estimates generated by regression methods.
Furthermore, the meaning of the partial regression
coefficient is no longer valid since the existence
of latent variables implies that the coefficients do
not represent what is theoretically impled as the
net effect of a specific variable on dependent

variables.

6. Conclusion

This paper began with mentioning the nonstationanty
of data and has demonstrated that the data series
used in the original Crandall study are nonstationary
and need to be differenced before credible model
estimates can be generated. The nonstationarity of
data in traffic fields have often been ignored by

many researchers.

A new way of modeling based on structural
causal relations Co has been introduced in the
area of traffic fatalities. This procedure is applied
to the data used in the model given in Crandall.
Concentrating on the variables in Crandall’'s
model and assuming causal sufficiency, occupant
death is found to be caused by safety device,
incorme, and vehicle mileage. Further, vehicle
mileage is a function of income and rural driving.
graph were estimated using three stage least squares
estiretionn.  The system of equations modeling is ad-
vocated, but is not supported specificatly by Crandall
and Graham

AYoung ATruck AWeight
ALimit ‘ARZ
Access >

A0ccu-
AAlcohol Alncom |5 glpant

ARural F—p AM'ileaga

Fig. 2 Causal Graphical Representation of Crandalls
COocupant Death Model Based on 1947-1981
Differenced Data and 10 % Significance
Level.

For the estimation and forecasts, only three
variables for occupant deaths out of the ten
original vanables were used in Crandall’s model.
This makes the difference between the directed
graph model and Crandall’s model. It is demonstrated
that the directed graph model results in superior
out-of-sample forecasts when compared to forecasts
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from Crandall’s original model. Better forecasts
to ariginal data implies that modeling based on the
directed graph is closer to the true moddl of cocupant death

Furthermore, it has been shown that latent
variables may exist between both safety device
and income and occupant death. This result makes
inference based on regression analysis further
suspect. The DAG of nosufficiency case demonstrated
that we need try to find more direct data for
occupant death and that the inferences based on
the regression model will be misleading.

7. 2 <
&£ =7 Crandall®] Szl ARdell #AgE 23]
Directed Graph® $-8%F 71224 djolel= Crandall
o] A}2g} wlFe] 1947-1981 7|7k} shsA} Al Hlo)E]
& 1984977 8§43 2 AH-Eck Directed
Graph Algorithm¥-2 2| 2ol Z3re] 33 Folol
AR g 443 Aoloh WA 1947-1981 7
7re} dolelE 7122 sl AAEAE B 84
thAlel Directed Graph Algorithm$ ©]-83 A3},
AL <) 4¥8Y Crandall®) Alel= 2] ¢
A} AbFE A5, AHFAR A, AEAt)
JXAAFR] FEell 25t AAAHLE HA 0] He A
22 Jepgrl Agae) e 25eE
Aol g w53 9] v o 2 FAE
v ez vepgrl o)} Aol TAste 3SLS
(three stage least squares regression)&- ©]-&3}
FAskz, olalgt A 2Askd 1982-1993 717}k
< 42329, Crandalld] U2} 239 53}
H|ZE gk oj2 An B 230l MSE( mean
squared error)E 712228 92 dx A Hel
3 AFE 24dh oS 83 AL PRI
Crandaiio] A3} H473el] 7139 A3 wpye
2 4%0] BrHsAd s (Latent variable)
7} @AF-E FAMCE RYo2H IHHRMS T
T 233 AR Hpke] WA E dbdx 23S
Hql Zlejc},
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