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A METHOD FOR ESTIMATING POSTERIOR BAC DISTRIBUTIONS
FOR PERSONS INVOLVED IN FATAL TRAFFIC ACCIDENTS

by Terry M. Klein

INTRODUCTION

It is widely recognized that alcohol is a major contributing factor in the
occurrence of traffic accidents and the resulting severity of injuries. Alcohol has
beer found to be more prevalent in fatal accidents than in personal injry and
property-damage-only accidents, and is more closely associated with nighttime
than daytime fatal crashes, presumably due to the drinking habits of American
society, in which most drinking occurs during the evening hours. In the past,
various methods of estimating alcohol involvement in fatal accidents have been
proposed; these estimates have been based on a variety of data ranging from
small scale im-depth accident investigations, to more recent analyses of large
statewide and national databases.

Most previous methods of estimating alcohol involvement have been
cross-sectional in nature; that is, a method of estimation was proposed and
applied to a single year of data without considering the possibility of tracking
alcohol involvement over time. In addition, most if not all methods were aimed at
- estimating alcohol involvement in the aggregate, producing estimates over a
restricted range of associated variables of interest, such as by time of davy,
driver age, etc. :
The need remained for a method of estimating alcohol involvement in fatal
accidents which could be applied consistently over time, is amenable to automated
computation of estimates, and produces estimates that can be disaggregated
across a wide range of variables of interest. The benefits of such an estimation
procedure would be the ability to track changes in alcohol involvement over time,
and the ability to focus on a large number of associated variables with a view
toward examining behavioral relationships and hypothesizing and evaluating the
effectiveness of drunk-driving countermeasures.

The development and implementation of this modeling effort was conducted by the
author as a consultant with Lawrence Johnson & Assaciates, Inc., through a
contract funded by the National Highway Traffic Safety Administration.



SOME PREVIOUS MODELS FOR ESTIMATING ALCOHOL INVOLVEMENT

The develo;ﬂmen’t of a new approach for estimating alcohol involvement in fatal
accidents began with a review of previous efforts, from which a rumber of Key
points were identified.

One of the earlier methods of estimating alcohol involvement in fatal accidents
utilized a sample of fifteen states for which a high percentage of fatally-injured
drivers had known Blood Alcchol Coricentration (BAC) test results on the Fatal
Accident Reporting System (FARS) (1). The fifteen states are: California,
Colorado, Delaware, Hawaii, Nevada, New Hampshire, New Jersey, New Mexico
Oregon, Rhade Island, Vermont, Virginia, Washington, Wisconsin and the District
of Columbia. BAC test results for fatally-injured drivers were used to produce
relative BAC distributions. These distributions were applied to natiomal counts
of fatally-injured drivers, inflating the fifteen-state experience to produce
national estimates of alcohol involvement in fatally—injured drivers. This
approach had several shortcomings: (i) estimates of alcohol involvement were
available only for fatally-injured drivers, (2) estimates of alcohol involvement at
the accident level were not readily available, (3) the sample was heavily weighted
by the fatally injured drivers from a single state (fatally-injured drivers in
California accounted for forty-five percent of the sample), and (4) the sample of
states changes over time. As the rate of BAC testing has increased over time,
the sample of states providing high BAC reporting has increased to approximately
thirty. This poses certain problems in that it would be desirable to make
" maximum use of the high reporting states, yet estimates over time can be based
only on those states with historically high reporting. As BAC reporting
increases, the additiomal mew information must be ignored; the new estimates
would not be comparable with the previcus estimates, since they would be based
on different groups of states. Thus, this approach would not be able to capitalize
on increases in BAC reporting, even if all drivers were eventually tested for
BAC.

A second method of estimating the prevalence of alcohol in fatal accidents
involved the partitioning of all drivers with known BAC test results into a large
number of mutually exclusive cells, the structure of which was determined by
combinations of variables associated with alcohol involvement, such as time of
day, driver age and sex, accident type (single- or multiple-vehicle or nonoccupant
accident), ete. (2). The underlying assumptions of this approach were that, within
each cell, the driver BAC distribution for the known cases was representative of
those drivers on FARS with unknown BAC, and that the cell estimates could be
inflated from the known drivers to all drivers, producing national estimates. This
approach also suffered from several problems: (1) accident-level estimates could
not be developed from these results (except for single-vehicle accidents, in which
there was only one driver and no nonoccupants), (2) the estimation procedure is
computationally cumbersome, and not particularly amenable to automated
classification of mew cases with unknown BAC, and (3) the assumption that
drivers with urknown BAC were similar, with respect to BAC, to those drivers
with Known BAC was rather strong, and not necessarily supported by the
police~reported alcohol involvemenrt variable presented in Table 1.
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Table‘ i
Police-reported Alcohol Involvement
Kriown BAC Cases vs, Unknown_ BAC Cases

| e e e

- FARS 1982

fmm——m——e | ==mmem e fmmmmmem e fmommeem e e b ]

t No. of INot Alcohol! Alcohol | Not IPol.-Rep. |

I Cases | Involved Ilnvolved IReported | Unknown |
fmmm e e frmmm— e fmmm e fmmmm—mm === I
tKnown BAC I 18,489 | 2841 435%1 4 214
! | i I ! ! |
tUnkKnown BAC | 37,540 | 3571 1441 2241 941

I |

As can be seen in Table 1, the police-reported alcohol involvement variable
indicates that the majority of drivers with unknown BAC were thought to be not
alcohol involved, providing little evidence to support, at least in the aggregate,
the proportional allocation of unknown BAC cases according to the distribution of
known BAC cases.

A third approach to estimating alcohol involvement utilized discriminant analysis
to develop linear functions of variables associated with alcohol involvement for
classifying accidents into one of two BAC groups (BAC{0.05, BACX0.05) (3).
Discriminant analysis is a multivariate statistical technique for estimating linear
functions of variables, and using these linear functions, on a case-by-ctase basis,
to calculate the (posterior) probability that the case "belongs" to each of several
mutually exclusive groups. While this approach seemed to be the most promising
for developing estimates of alcohol involvement and for classifying new cases
with unknown BAC, the initial effort fell short on several counmts: (1) the
selected BAC groups did not permit estimation of accidents involving totally
sober (BAC=0.00) or legally drunk (BAC}0.10) drivers, (2) ro estimates were
available at the person level (driver or nonoccupant), such as driver alcohol
involvemenrt by age or sex, and (3) one set of linear classification functions was
developed and applied to all accidents as one homogeneous group, regardless of
the participants involved.

The current effort attempted to incorporate the finer points of the previous
models while enhancing the utility of the resulting estimates. A modified version
of the previous linear discriminant analysis was selected as the methodology to
be employed. While the previous effort aimed at producing accident-level
estimates, the current application focused on estimating BAC distributiors at the
person level (drivers and nonoccupants). ' '



MODELING CONSIDERATIONS

In designing an approach to estimating the prevalemce of aleohol in fatal
accidents, a number of constraints, or reguirements, were imposed and a number
of issues required resolution, A first requirement specified that the derived
models have the ability to generate estimates of alcohol involvement within
defined BAC levels. This involved the selection of cutpoints for BAC groups,
across which classification functions, and hence probabilities, were to bte
estimated., A high BAC group was defined as a3 BAC greater than or equal to 0.10,
since this is generally considered to be the level of illegal intoxicatiaon while
driving in the U.S., and would provide a measure of compliance with the intent of
the law. A second level to be defined was a BAC of 0.00, that is, no presence of
alechol in the blood. The remaining group, 0.01{BAC{0.09, represents the
population of drivers who drink, but remain within the legal limits. For each
driver and nonoccupant with unknown BAC on the FARS, the model will estimate
three numbers: -the probabilities that the person had BAC in each of the three
groups.

A second requirement was that BAC distributions be developed for each person on
the FARS file, who was "actively invelved” in a fatal accident. Specifically, each
driver and nonoccupant with urknown BAC on FARS should have his/her own BAC
probability distribution (the three numbers to be estimated, representing the
probability that the person had BAC=0.00, the probability that the person had
BAC in the 0.01-0.09 range, and the probability that the person had BAC:0.10).
The previous discriminant analysis focused on classifying accidents into BAC
groups, which provided no estimated BAC distributions for any persons involved.
The new procedure, producing an estimated BAC distribution for each person,
permits the investigation of alcohol involvement over the complete set of
person-level characteristics {e.g., age, sex, prior viclations, etc.) using the BAC
probability distribution as weights (relative freguencies) within each respective
BAC group.

Ancther important issue tc be considered was the selection of the set of Known
'BAC data to be used in the modeling effort. For a number of years, one of the
more closely-followed subsets of FARS data has been the set of states that have
had a consistently high level of BAC reporting for fatally-injured drivers; at
least eighty-five percent of the fatally-injured drivers were tested and have
known BAC test results on the FARS file since 1932. The fifteen states used in
1922 were: California, Colorado, Delaware, Hawaii, Nevada, New Hampshire, New
Jersey, New Mexico, Oregon, Rhode Island, Vermont, Virginia, Washington,
Wisconsin and the District of Columbia. The major reason for using a subset of
states with consistently high reporting was to avoid selection bias. This occurs,
for example, when police choose to test only those drivers suspected of being
legally drunk, and hence, vielding inflated estimates of driver alcohol
involvement. Over time, BAC testing rates have increased;, and the number of
states currently testing at least =ighty-five percent of the fatally-injured
drivers is approximately thirty., Thus the set of "good" states is constantly
changing.

The altermative to using the fifteen-state sample was to use all known BAC test
results on the FARS file. The high rate of testing (of fatally-injured drivers) in
the fifteen states avoids the criticism of selection bias, which proposes that
states with lower rates of testing generally select the more drunken drivers for
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testing, resulting in biased estimates of the true rate of alcohol involvement in
fatal accidents. This argument, which was probably more appropriate ir the early
days of BAC testing, was not supported by the data presented in Table 2, that
compares BAC distributions for fatally-injured drivers in the fifteen states with
those in all fifty states (plus the District of Columbia).

Table 2
Comparison af Known BAC Distributions of Fatally-—InJurjed Drivers
Fifteen High-reporting States vs. Fifty States )
: FARS 1982

I No. of | ! ! |
I Cases |IBAC = 0.0010.01-0.091BAC > 0.10!
fmmmmmm e !
130 States | 13,396 | 38%1 1141 5241
I
]
|

! | I ! |
113 States 5,137 a1z 1141 4841

l - e 2 o

There are only small differences between the BAC distributions of the two
samples. It should be noted that the fifteen states account for thirty-eight
percent of all fatally-injured drivers with known BAC cases on the FARS. In
addition, there is nothing "sacred" about the fifteen states with high BAC testing
rates; there is no reason why all states should have the same driver BAC
distributions. Some of the differenmce between the fifteen and fifty state
samples might be attributable to actual differences in driver BAC distributions
among the states.

In addition to the similarity of the BAC distributions of fatally-injured drivers,
the testing of surviving drivers in the fifteen states is not nearly so high as for
fatally-injured drivers, and thus, any advantage in using only the fifteen ctate
sample for developing estimates for surviving drivers is diminished.

Lastly, since estimates were to be developed for drivers with unkmown EAC in
ALL states, using only data from the fifteen-state sample would be “throwing
away" valuable data regarding the remaining thirty—-five states, . -

Based on this, it was decided that all cases with Known BAC test results would be
used for the modeling effort, ircluding fatally~injured and surviving drivers in all
fifty states plus the District of Columbia. This is an important point to consider
because the BAC distributions found in the Known set of cases form the basis for
estimating the “prior" probabilities of each case "belonging" to each of the three
BAC groups. One distinguishes here between "prior" probability (the probability
that a driver picked at random from the population {of drivers an FARS) belongs
to a specific EAC group, without knowing any additional information, i.e., before
the fact) and "posterior® probability (the probability that a driver picked at
random from the population (of drivers on FARS) haz a specific BAC, after having
observed the various accident, vehicle, and person characteristics, i.e., after the
fact). For example, a driver on FARS has a prior probability of twenty-eight
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percert of having a BACX0.10; however, if this accidernt were Knowr to have
occurred between midnight and & a.m., all other things remaining equal, the
posterior probability of a driver on FARS having BAC>0.10 would be fifty-three
" percent. - , ‘ '

The statistical technique selected to estimate BAC probability distributions was
discriminant analvsis. Discriminant analysis is a multivariate statistical
techrnique with two general goals: (i) separating mutually exclusive sets of
objects or aobservations, and (2) allocating or classifying new abservations to
previously defined groups. The first goal, separaticn, is exploratory in nature,
and is often employed to investigate observed differences among groups of
obJjects when relationships are not well understood. One attempts to find -
"discriminants” (variables) whose values are such that the groups or collections
of objects are separated as much as possible. The second goal, classification, is
less exploratory in nature in the sense that classification procedures generally
result in well-defined rules to optimally assign a new object to one of several
predefined groups. With this goal in mind, it is clear that classification generally
requires more problem structure than does separation. In practice, however,
these two goals frequently overlap, and many times, the distinction between
discrimination and classification becomes blurred (4).

In developing rules to classify new objects into predefined groups, it may be that
orne group has a greater likelihood of occurrence than the other group(s) because
one of the populations is relatively much larger than the other(s). For example, a
randomly-selected person would be very unlikely to have a rare disease (by
definition). An optimal classification rule should take these "prior" probabilities
of occurrence into account, and should classify this randomly-selected person as
healthy unless the diagnostic data overwhelmingly indicate ta the contrary.

On the other hand, another aspect of classification is cost, that is, the cost of
misclassifying an object. In the example above, while the prior probability of
having the specific rare disease is low, this can be offset by assigning a
relatively high cost associated with misclassifying the persan as healthy when
he/she really has the disease. This misclassification is clearly more costly than
concluding that the disease is present when, in fact, it is not, since indicating a
potential health problem will invariably lead to further diagnostic tests that will
eventually reveal the true situation. On the other hand, concluding that the
person is healthy will leave the disease undetected. An optimal classification
procedure should, when possible, account for misclassification costs.

In the current effort to estimate BAC probability distributions, the costs of
misclassification have been assumed to be equal. The goals of separation and
classification lose their distinction in the case of equal misclassification costs
and equal prior probabilities, since the derived allocation rules involve functions
designed to maximally separate populations. However, for this analysis the prior
probabilities have been estimated using the distributions of Known BAC data on
the FARS files; this practice is generally referred to as the use of “proportional
priors". Thus, this effort remains in the realm of classification/allocation.

A good classification rule should result in few misclassifications. For gxample,
one should be critical of a derived classification rule that correctly allocates new
objects into one of two possible groups conly fifty percent of the time, since this
rate could be achieved using a rule based on the flip of a coin. While this is an



extreme example, one should always consider how well the derived classification
rules perform compared with the random ascignmenrt of new objects to groups.

Several measures are available for evaluating the performance of the estimated
classification functions. However, the real measure of interest is how well the
classification function will perform in allocating future samples. One measure of
performance, called the apparent errocr rate is defined as the fraction of
observations in the training sample (the sample used to develop the estimates)
that are misclassified. While this measure is intuitively appealing and easy to
calculate, unfortunately, it tends to underestimate the actual error rate, which is
the theoretical error rate that could be achieved with all prior probabilities,
density functions and costs known. This problem stems from the fact that the
data used to build the classification functions were also used to evaluate them,
although the problem tends to disappear as the sample sizes become large. This
phenomenon was observed in the present analyses, especially for those samples
that were particularly large (e.g., drivers of passanger cars, light trucks/vans,
and motorcycles).

One possible remedy to this situation would be to randomly partition the original
training sample into two parts: a new training sample and a validation sample.
The error rate observed in classifying the validation sample can be used to
estimate the actual error rate. This approach was used in the analysis of drivers
of passenger cars and light trucks/vans, since these groups had very large
numbers of known BAC cases. The original samples were randomly partitioned
into four subsamples, and separate classification functions were estimated for
each subsample, providing information as to which variables consistently entered
into each of the four respective sets of classification functions.

Although this method tends to overcome the bias problem by not using the same
set of data to both build and evaluate the classification functions, it suffers
from two main deficiencies: (1) it requirés large samples, and (2) the function
evaluated is not necessarily the function of interest. Ultimately, almost all of
the data will be used to construct the classification functions; if not, some
valuable information may be lost. Thus, after having observed the model
structure for each of the four subsamples, in the end, all four subsamples were
combined in order to estimate the final sets of classification functions,

Another approach to estimating the performance of classification functions that
has worked well is called Lacherbruch’s "holdout" procedure (4) sometimes
referred to as "jackknifing". The procedure involves developing classification
functions using all observations, and then estimating the misclassification rates
by omitting one abservation at a time, recalculating the classification functions
without the contribution of the "held-out” observation, and then classifying this
“new" observation. With the use of computers, this can be accomplished fairls
easily for even large samples (a matrix identity permits quick recalculation of the
discriminant functions without the contribution of the held-out observation), and
provides a very nearly unbiased estimate of the expected actual error rate. This
Jackknifing option is available in many "canned" discriminant analysis computer
rackages, and was used in this effort. Although classifying cases (persons) into
BAC groups was not the ultimate goal of this modeling effort, these
misclassification rates provided a handy and reliable statistic for comparing the
accuracy of several candidate models. :



One difficultly encountered in this effort was that persons were rarely classified
as belongimg to the low BAC group (0.01:BAC:0.09), persons were generally
classified as either totally sober or legally drunk, based on the maximum of the
three estimated posterior probabilities. This was due to two factors: (1) the
prior praobability of a person having a low BAC was approximately ten percent,
compared with the remaining probabilities of a zero BAC and a high BAC, each in
the range of thirty-to-sixty percent, and (2) the characteristics of this group
(daytime/nighttime, weekday/weekend, etc.) generally resembled those of the
legally drunk drivers, presumably due to the drinking patterns in American
society., However, sirce classification of persons inte groups was not the
ultimate goal of this effort, and since the low BAC group is relatively small
compared with the sober and legally drunk drivers, this was not corsidered to be
a significant problem. The generation of aggregate BAC distributions, when
compared to actual BAC test results, would provide the best measure of the
performance of the final models.

The main cbjective of this effort was to use discriminant analysis to derive rules
{(functions) for classifying new un&nown BAC cases, and to use these functions to
estimate, for each driver and nonoccupant with unknown BAC on the FARS file,
posterior probabilities that the person had a BAC in each of the three groups.
The posterior probabilities are to be retaineg and used as weights for estimating
alcohol involvement across various person-level variables. Aggregate estimates
of alcohol involvement in drivers, nonoccupants and accidents ultimately will be
‘produced. The true test of performance is the comparison of the actual vs.
estimated probabilities derived from the validation sample.

The posterior probabilities are computed directly from the classification
furictions. As each case ie "run through” the model, the three classification
functions (one for each BAC group) are evaluated using the case’s attributes,
producirg three numbers, referred to as "discriminant scores” [S(0), 5(1), S(2)1.

The probability that a case belongs to the zero BAC group, P(BAC=0.00), is
calculated as:

explS(0)]

explS(0)l+explSU)I+expl8(2)]

The remaining probabilities are computed in a similar manner. The
transformation from linear discriminant scores to a probability espace is more
easily justified under the assumption of normally distributed discriminant scores.
Examination of the normal plots (also called Q-Q@ plots) of the cumulative
distribution of discriminant scores for each respective BAC group ves. the
cumulative mormal distribution did not reveal any information that would lead cne
to reject this assumption. Retaining the posterior probabilities to be usad as
welights seemed to be a novel approach, and ome which held great promise for
describing alcoho! involvement at the person level.

A second reason for retaining the person-level posterior probabilities was that
they could be used to compute accident-level posterior probabilites, which are
simply the joint probability distribution of all drivers and nonoccupants involved
in each accident. This permitted the generation of the same types of estimates
of alcohol involvement across the various accident-level variables, and did not
raquire additional discriminant analyses to be conducted at the accident level.

!
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Accident-level BACs are defined as follows: An accident is considered to be at
zero BAC if ‘ALL persons involved had zerc BAC (the product of the individual
probabilities that the persons involved had zero BAC); an accident is considered
to be at 0.00{BACZ0.09, if at least one person had a positive BAC, but ric person
was legally drunk (BAC>0.10); an accident was considered to be at BAC2X0.10 if at
least one person had BAC0.10 (the complement of the probability that no person
had BAC20.10). The accident BAC may be considered to be the highest BAC of any
driver or nonoccupant involved.

The analysis was conducted using the BMDP statistical software package (5)
program P7M - Stepwise Discrimimant Analysis. This program provides great
flexibility in exploring the data and directing the steps of the analysis through
the use of various hypothesis contrasts (similar to their use in ANOVA), forward
and backward stepping, methods for controlling the order in which variables
enter, and setting F-to-enter and F-to-remove criteria. In addition, the program
output includes estimated misclassification rates based on the aforementioned
Jackknife procedure.



MODELING APPROACH

The data used to develop classification functions represent all drivers and
nonoccupants with known BAC test results on FARS in 1982 and 1933, Comparable
data for 1984 and 1945 also were available. The overall modeling appreoach
involved the development of a set of classification functions based an the
1952-1923 data, and the use of Known BAC cases for 1924 and 1925 as two
validation samples. As long as the model performs well from year—to-year (with
crly minor modifications) on cases with Known BAC, it should not be necessary to
estimate new classification functions (these modifications will be discussed in
the section titled "Model Validation arnd Maintenance"). This approach relies on
the assumption that while the overall prevalence of alcohol in fatal accidents
might change, the relative associations between alcohol involvement and the
discrimirant variables would remain intact., Of course this must be investigated
each year. If in fact the rate of alcohol involvemert does change from
vear-toc-year, but there is no corresponding change in the relative distributions
of variables associated with alcohol involvement (e.g., time of day, single- vs.
multiple-vehicle accident, weekday-weeKend, etc.) then one might question the
presumed causal effect of alcohol in fatal accident occurrence. For example, one
would expect a real reduction in alcochol involvement to be manifest as a reduction
in the percentage of single-vehicle fatal accidents, or a reduction in the
percentage of nighttime fatal accidents, etc.

All previous attempts to estimate alcohol involvement in fatal accidents had at
least one feature in common: The methods treated all objects (drivers or
acciderts) as if they belonged to a single homogeneous groupy and all had the
same underlying marginal BAC distribution. For example, in the "cell” method, in
gach individual cell drivers of motercycles were treated in the same manner, and
assigned the same BAC distribution as drivers of medium and heavy trucks,
assuming their actual BACs were unknown. Examination of the BAC distributions,
for cases with Known BAC, reveals that medium and heavy truck drivers have a
much lower rate of alcohol involvement than do drivers of motorcycles. These
data are presented in Table 3. :
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Table 3 '
BAC Distributions for Drivers of Various Vehicle Body Types
Known BAC Cases

FARS 1922

| R bt fmmmmmm e | memr e I

{ No. of | I I ]

I Cases IBAC=0.00 10.01-0.09!/BAC »0.101
e e [ mm e [ mme e e fmmmm ]
IPassenger cars i 23,611 | 3971 12241 3941
fUtility vehicles ! 6354 | 2841 1341 3941
IMotorcycles f 4,440 1 36+ 1 161 4941
{Buses and large limousines | 40 | 2571 3% 3l
{Light trucks and vans | 6,440 | 3241 1221 G641
IMedium and heavy trucks | 1,343 | 301 AN 1341
iehicles towing motorhomes | ) | 891 21 2971
IMiscellaneous vehicles ! 279 | 4821 104} 42341
! ! ! ] } !
INonoccupants 1 4,389 | 48! k2 43741
e e e e il fmmmm frmmm R el !
! ] ]
ITotal I 43,847 |

!

| e e e e ————— e

Thus, it appears that a cignificart emhancement to the estimation of unknown
BACs can be achieved through stratification of the model by varicus vehicle
tlasses, that is, the development of individual classification functions for
drivers of each of the various classes of vehicles. This additional accuracy
results from the abilty to use different sets of discriminant variables in the
classification functions for each of the madel strata, and the use of more
appropriate prior probabilities for each respéctive stratum, rather than the use
of one overall prior BAC probability distribution. This stratification accounts
for the observed ditferences in the BAC distributions of drivers of different
vehicle types; for example, drivers of medium and heavy trucks tend to be warking
when driving their vehicles, which probably explains their low rate of alcchol
involvement compared to drivers of motorcycles, vehicles more closely associated
with recreational driving. '

Data for 1932 and 1923 were combined in order to achieve large enough samples of
known BAC cases in most of the model strata, especially medium and heavy trucks,
utility vehicles, and miscellarecus vehicle body types. It was aleo desirable to
develop models which could be expected to perform well over time, in order to
aveold the re-estimation of new models each vear. If the results of the validation
runs for each successive year (1934, 1935, etc.) were to exhibit sufficiently large
divergences between known BAC cases and their computed estimates, this would
lead to investigations regarding potential modifications to the classification
functions (variable selection and parameter estimaticn).

The 1782-19%3 FARS files contain 123,007 drivers and nonoccupants involved in

fatal accidents, of which 42,3¢7 (thirty-four percent) have Hrown BAC test
results an file. Table 4 presents the rumber of cases with Known BAC within
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each of the model strata, and the FARS codes for the stratification by the
variable BODY__TYP,

Table 4 7
Sample Sizes for Model Strata
Initial Stratification

fmmmmmmmmm oo e ! | —mmmmmmmm fmmmmmeem |

| BODY_TYF Codes | IKnown BACIUnk. BAC |
o e frmmm e e fomm e o |
101-09 [Pacsenger cars | 23,4611 | 43,044 |
110-12 IUtility vehicles ! 434 | 824 |
120-29 {Motorcycles o 4,440 | 4,313 |
136-39,13 |Buses and large limousines | 40 | 352 1
140~41,48-51,53-4%1Light trucks and vans i 6,640 1 14,324 |
170-72,74-746,78-791Medium and heavy trucks | 1,343 | 3,138 1|
142,52,73,77 IVehicles towing motorhomes | 31 178 1
180-3% iMiscellaneous vehicles f 279 1 2,029 |
! ! | | f
IN/&y ' INonoccupants ! 4,389 | 10,738 |
Bt fommmmm e fommm o fommom - |

| ' ! I !

ITotale I 43,867 | 84,140 |

] |

[mmmm e e -

One of the most important variables in the estimation of driver and nonoccupant
alcohol involvement was the police-reported alcohol involvement (the FARS
variable name is DRINKING). This variable has four possibie responses: (1) no
{alcohol not involved), (2) yes (alcohal involved), (3) not reported, and (4) unknown
(police reported). In theory, this assessment is made by the police officer before
any BAC test is administered, and whether or not any BAC test is administered.
The f{irst two responses provide a definitive judgment regarding alcohol
involvement as rendered by the police, and this information proved to be quite
zignificant in classifying persons and estimating the posterior probabilities of
alcohol involvement. However, the remaining two responses {(rnot reported and
police-reported unknown) offered ro definitive indication of alcohol involvement,
and required special treatment in the modeling process. Since this iz a dummy
{ves/no) variable, unknown cases could rot ke treated in the same fashion as
variables such as accident hour or person age, wherein unknown values were
replaced by estimated mean values based on the remaining Known cases within
each respective model stratum.

The cases with nonreported or unknown police-reported alcohol involvement were
found not only for those cases with unknown BAC; on the contrary, there were
rumerous cases with Known BAC for which no definitive police-reported alcohol
involvement was available. Since these unknowns could not be replacad by
gstimates, ang since there were cacses with known BAC available for analysis, a
second level of stratification was introduced for definitive (ves/mo) vs.
rorreported or unknown police-reported alcohol invelvement. Thus, the initial
number of models to be estimated doubled from the original nine to eighteen,
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representing a nine-by—-two factorial stratification scheme. Table 5 presents the
sample sizes within each of the new strata.

Table 5 :
Sample Sizes for Model Strata
Second Level of Stratification

R e D fmme e e J
IKnown Police-Rept’/diUnknown Pol.-Rept’dl
{Alcohol Involvementialcohol Involvement!
[ = mmm e e fommmm e o |
IKrown BACIUnk, BAC IKnown BACIUnK. BAC |
e e e e e atiat jmmmmm———— = = !

[Passenger cars I 16,223 1 30,769 | 7,388 1| 12,275 |
IUtility vehicles ! . 478 | 389 | 176 | 235 |
IMotorcycles , ] 2,815 | 2,383 | 1,845 | 1,733 i
|Buses and large limousines | 37 1 449 | 3 i 103 1|
ILight trucks and vans | 4,852 | 10,::: 1,788 1| 4,221
c#dium Loo heauy trucks ! 1,035 1 3,939 | 308 | 2,199 |
iVer ¢ 22 (I, .ng motortiomes | 33 1 126 i 16 | 32 1
IMiscellaneous vehicles | 182 | 621 | 97 i 1,408 |
| ! ! ! | I
INonoccupants ! 3,653 | 7,024 | 2,936 | 3,714 1
e il R il e i fommm e R b ]
1 | ! ] ] !
ITotals b29,110 1 58,205 | 14,757 | 25,940 |
] | | !

o s i e e e v | s it e e e e | e e

. The models for each of the eighteen strata were estimated using the Known BAC
cases and applied to those cases with urknown BAC. For example, data
representing 16,223 drivers of passengers with known BAC were used to estimate
classification functions which were applied to data representing 30,749 drivers of
pascerger cars, on a case-by-case basis, to produce the estimated BAC
priobability distributions.

e
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MODEL ESTIMATION

The BMDP statistical package, program P7M - Stepwicse Discrimimant Analysis,
was used to estimate classification functions for each of the respective model
strata. Since "stepwise" programs such as this and stepwise regression analysic
are exploratory in nature, variables that did not enter the classification
functions were recursively dropped from the analysis, and new estimates derived.
Since cases with unknown values in the potential discriminant variables were
cmitted from the analysis, this procedure allowed the maximum utilization of
known cases on which the final classification functions were based. However, the
great majority of the discriminant variables in the final model enjoy a very high
rate of reporting. s '

In reviewing the estimation results, it is important to remember that
discrimimant amalysis produces classification functions that are associative in
rnature, rather than causal. While the coefficients of variables within a single
model can serve to corroborate certain hypotheses or observations regarding
aseociations between alcohol involvement and the discriminant variables, the
presence of a particular variable in one model and its absence in another can only
imply that the variable either did or did not make a significant marginal
improvement in classifying Known cases, given the sets of variables that had
already entered, in stepwise manner, into each respective model.

As is the case with most multivariate analysis technigues, the judgment of the
aralyst plays a role im the selectiom of the fimal models. Since the BMDP
discriminant analysis program permits a great deal of flexibility in directing the
analyesig, there were occasions that reguired selecting the best mcdel from
several reasonable models. The model with the greatest percentage of cases
correctly classified was generally selected, although in a few instances, where
the rates of correct classification were almost equal among the candidate moceals,
the simpler model was chosen, i.e., the model with the fewest number of
discriminant variables.

Models were estimated for the various combinations of vehicle classes vs.
definitive/urknown police-reported alcohol involvement. These models were
combined into one large estimation program, and applied to 1934 FARS cases with
known BAC test results. This test was used as a validation of the accuracy of
the proposed models in estimating aggregate alecchel involvement. Validations
were run against various driver subsets, most notably, fatally-injured vs.
surviving drivers, and drivers across age groups. During this latter validation a
larger than expected difference appeared between the actual vs. 2stimated rates
of alcohol involvement for persons under age 21; however, the models fit well for
the older age groups. After a number of investigations into this result, it
seemed clear that the aggregate relationship between alcohol invelvement and
age is, to the greatest extent, influenced by the attributes of drivers age 21 and
clder, who comprise eighty percent of the drivers with knowrn BAC on FARS, and
that this alcohol-age relationship seems to change for drivers under age 21:

The reazors for this differerce in the alcoheol-age relationship can only be
hypothesized; one might speculate that (1) all drivers age 21 and older can drink
legally in the U.S., while many, if nct most drivers under age 21 camnot, (2) the
driving patterns of persons under age 21 are generally different from those of
clger drivers. For example, a greater proportion of the driving by persons under
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age 21 occurs at right so the high asscociation between accidert hiour and alcchol
involvement tends to overestimate the expected rate of a_lcohol involvement for
theése younder drivers.

In light of thig, it seemed the best sclution would be to ectimate new models for
drivers under age 21, specifically for drivers of passenger cars, light trucks and
vans, and motorcycles. These three vehicle body types account for ninety-six
percent of the fatal accident involvements by drivers under age 21{. The final
model structure is presented in Table &, accompanied by the sample sizes
(numbers in parentheses are vehicle class subtotals). .

Table &
Sample Sizes for Model Strata
Final Stratification Scheme

e e T i |
IKnown Police-Rept’diUnknown Pol,-Rept’dl
tAtcohol InvolvementiAlcohel Involuement|
et e R i |
IKnown BACIUnk. BAC IKnown BACIUnk. BAC |
f o | e Jommm e R T |————m——— !
|Passenger cars £16,223)1 (30,7691 (7,388)1 (12,2735 |

!
] < 21 | 3,337 | 4,002 | 1,523 1 2,453 |
] > 21 b 12,688 1| 24,747 | 5,865 | 9,822 |
fUtility vehicles ] 478 | 589 | 176 | 235 !
IMotorcycles P<{2,815)1 (2,585)1 (1,845)1 (1,733
| ¢ 21 ! 12 1 - 793 1 409 | 469 1
! > 21 ] 2,003 1| 1,792 | 1,434 | 1,244 |
{Buses and large limousines | 37 1 449 | 31 103 |
ILight trucks and vans b (4,852)1 (10,1031 (1,788)1 (4,221)]
| < 21 ! 806 | 1,582 i 235 | 687 |
| > 21 b 4,046 1 8,321 | 1,333 1 3,534 |
IMedium and heavy trucks | 1,035 1| 3,93% | 508 | 2,199 |
IVehicles towing motorhomes | 35 | 126 | 16 1 52 4
IMiscellaneous vehicles I 182 1 621 | 97 1 1,408 |
] | { | ] I
INonoccupants ! 3,433 | 7,024 | 2,936 3,714 1|

{ !
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For all of the driver strata, the same variables were used as candidates for entry
irto the discriminant functions at the initial step (step zero), except in the cacse
of the police—reported alcohol involvement variable. The following variables
initially were available for inclusion in both driver and nonoccupant models as
appropriate:

police-reported alcohol involvement,

person age,

vehicle role (Single vehicle, Multiple vehicle striking/struck),

injury severity (fatally injured or surviving),

accident hour (6 am = 01 through S am = 24),

accident day (Mon =1, Sun=7)

time of day-day of weekK interaction (accident hour % accident dav),
weeKkday /weekend (weeKday = Mon-Fri, weekend = Sat-Suri,

use of occupant restraint, including motorcycle helmets,

driver license status (valid or not for this vehicle),

number of entries on driver record (previous accidents, DWI
convictions, speeding citations, other citations),

whether or not driver could drink legally,

person sex,

location of nonoccupant in relation to the roadway,,

location of nonoccupant in relation to the intersection,

whether or not the driver was involved in a nonoccupant accident,
percent of drivers tested for BAC by state in which accident occurred,
factor representing state "size" (population, vehicle miles of travel,
square miles of land), and

factor representing exposure to driving risk at the state-level (per

capita vehicle miles of travel, number cf driver licenses per registered
vehicle).

0 g O0CQo0CO0O0O0DODO0O0O

0o OCcCooo0oO0

al

The last two factors were developed using the BMDP Factor Analysis program, in
an attempt to incorporate variables in the discrimimant analysis, which might
account for state~to-state differences. The percent of drivers tested for BAC by
each state was included to account for any possible bias which might exist due to
the various levels of BAC testing, as discussed earlier. None of these variables
entered any of the discriminant functions.

Classification functions were developed for all strata except drivers of buses -
and large limousines, and drivers of vehicles towing motorhames, due to the small
zample sizes irm these strata. The BAC probability distributions for drivers in
these strata with unknown BAC were estimated by proportional allocation based
on the Known cases AND the police-reported alcohol involvement, where a
definitive yes/no was available. Table 7 presents the variables that entersd
each of the discriminant functions. : :
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Variables in the Final Discriminant/Classification Functions

Table 7

[ e et A Rl B B FE Py ) I Py vy pury
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| i B L P PR (R
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! ¢ 21 | X
] y 21 | X
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IMotorcycles !
! <2 I X
f > 21 i X
1Buces and large limousines |
ILight trucks and vans |
} ¢ 2 I X
| > 21 [ X
{Medium and heavy trucks I X
IVehicles towing motorhomes |
IMiscellaneous vehicles I X
! : !
INonoccupants I X

i !
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! !
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The variables found to be most useful In classnvmg cases are (not necessarily in
order of importance): .

o police-reported alcohol involvement (DRK),

o accident hour (& am = 01 through 5 am = 24) (HR},

perczon age (AGE),

o vehicle role (Single vehicle, Multiple vehicle striking/struck) (S88),

0

o injury severity (fatally injured or surviving) (SEV),

o weekday/weeKend (weekday = Mon-Fri, weekend = Sat~5Sun) (WK},

o wuse of occupant restraint, including motorcycle helmets (RE3),

o driver license status (valid or not for this vehicle) (LIC),

o number of entries on driver record (previous accidents, DWI
convictions, speeding citations, other citations) (REQ),

o whether or not person could drinK legally (LDA),

o accident day (Mon = {, Sun = 7) (DAY),

o person sex (88X, and

¢ location of monoccupant in relation to rocadway (RWY).

Most of these variables are quite familiar in alcohol traffic safety research;
their close associaticn with alcohol involvement has been recognized for many
vears. Not all of these variables entered each set of classification functions,
but various combinations were observed, as noted above in Table 7. The column
‘labeled PCT represents the percentage of cases that were correctly classified
with regard to BAC group, using the jackknife procedure. As can be seen, the
known police-reported alcohol involvement models correctly classified cases
between seventy and eighty percent of the time, while the unkKnown
police~reported alcohol involvement models correctly classified cases between
sixty and severty percent of the time. This compares favorably with the random
assignment of cases to groups, which would result in correct classifications
approximately thirty~three percent of the time.

The police-reported alcohol involvement variable formed the basis for one level
of model stratification. When this variable is Known (that is, yes or no) it serves,
in the aggregate, as a second prior probability. This variable was the single most
influential variable in classifying cases. ‘

The variable representing the Minimum Legal Drinking Age (LDA) was a dummy
(0-1) variable used in the analysis of drivers under the age of twenty-one, and
represents whether or not the person could legally drink, based on the person’ s
age. The remaining variables are self-explanatory.

For the purpose of illustration, Table 3 presents the estimated classification
functions for drivers of pacserger cars, twenty-one years of age and oldery with
known police-reported alcohol involvement. Classification functions for all of
the model strata can be found in the Appendix.
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Table &
-Estimated Classification Functions :
‘Passenger Cars, Known FRAI, 21 vears of age and older

{Variables|BAC=0.00 10.01-0,091 0.10+ |
e R R == mmmmme |

¢ tOrinking | 2.321581 10.21068! 11.50245]
{Hour I .353781 48990 705921
lRge t 190231 8911 2179371
1588 t2.030881 1.844871 1.34295]
ISeverity | 2.845071 3.244521 4,107041
IRestraint! 1.800141 1.31890! 1.004361
fLic Stat | 12.039531 11.812471 11.22057|
IDr Recordt .267571  1,033031 1.097791

| | I [ |
IConstant 1-14.144001-21.33804]-21.83783]
fommmmmmme R fommmmmm e B !

Each case’s attributes are evaluated using all three classification functions,
producirg the three discriminant scores, which are in turn transformed into
posterior probabilities. The constant term is a function of the number of cases,
the number of (BAC) groups, the respective group means for each variable in the
classification functions, and the prior probability for each respective group.

Several observations about the variables can be made from Table Z. Note that
the following variables’ coefficients increase in magnitude between the BAC=0.00
group and the BAC>0.10 group: DRINKING, HOUR, INJURY SEVERITY, AND
DRIVER RECORD. This indicates, for example, that the likelihood that a fatal
accident-involved driver is drunk increases as the accident hour increases, from &
am (HOUR={) to 5 am (HOUR=24); or, as the number of previous entries on the
driver record (DRIVER RECORD) increases, so does the likelihood of alcohol
involvement; or, a surviving driver (SEVERITY) is less likely to be legally drunk
than a fatally-injured driver (all other things being egual). The same types of
observations can be made regarding other variables, such as RESTRAINT use: a
driver who was restrained in the accident is more likely to be =aober or less than
legally drunk, than an unrestrained driver. Thus, a sense of model "face validity"
can be gained from inspecting these estimated coefficients, that is, the models
seem to make sense. :

The variables selected for the final discriminant functions ertered each
respective model in stepwise order based on an evaluation of an F statistic. At
step zero (the iritial step) the F-to-enter for a variable corresponds to the F
statistic computed from a ore-way analysis of variance on the variable for thes
groups used in the analysis (BAC groups). In subsequent steps, the F-to-enter
for each variable not in the discrimimant function is equal to the F statistic
corresponding to the ome-way analysis of variance on the residuals of the
variable; i.e., at each step the F-to-enter is computed from a cne-way analysis of
covariance where the covariates are the previcusly entered variables (5).
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This procedure can be altered through the use of user~-defined hypothesis
contrasts, the aim of which is to emphasize separation between specific groups
which are “closer together” than others. For example, investigation of the group
means o0f- the candidate discriminant variables indicated smaller pairwise
differences between the means of the 0.01{BACZ0.09 group and the BAC30.10
group compared with the BAC=0.00 group. The contrasts are structured in the
same manner as in analysis of variance, with the above contrast represented by
the triplet ¢0,-1,1) representing the three BAC groups. The use af contrasts
affects the ertry order of the variables simce the calculated F statistics, upon
which variable entry depends, is now based on a test of the specified contrast,
rather than on the hypothesis of the eguality of all group means. However, the
coefficients of the classification functions, the classification matrix and the
posterior probabilities are not directly affected; they depend only or the set of
variables selected and not on the values of the contrast (3.

The relative ctremgth of the variables in a regression eguation cam be
investigated by computing the standardized regression coefficients, which
represent the coefficients that result from a regression analysis based upon all
standardized variables. There is no analegous standardization for variables in
the discriminant functions; discriminant analysis is associative in nature
compared with regression analysis; the regression coefficients represent the
ectimated change in the dependent variable recsulting from a unit change in the
independent variables. A very loose measure of explanatory power may be
available from investigation of the stepwise order in which variables entered the
discriminant functions. Table 9 lists the order in which variables entered each
respective stratum’s discriminant functions.
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Table ¢

Order af Entry for Variables in the
Final Discriminant Functions

I
{Knaon Pol-Rep’t Alc Inv

IPaccenger care

I <21

I > 21
fUtility vehicles
IMotorcycles

! ¢ 21
g > 2

IBuses and larqe limousines
ILight trucks and vans

I ¢ 21

! > 21

{Medium and heavy trucks
IVehicles towing motorhomes
iMiscellaneous vehicles
!

- INonoccupants

lAverage Entry Position
INumber of Appearances
|

IUnknown Pol-Rep’t Alc Inv
|

{Passenger cars

| (21

| )y 21
fUtitity vehicles
IMotorcycles

] 21

! >y 21

{Buces and large limousinec
fLight trucks and vans

i (2

| >y 21

IMedium and heavy trucks
IVehicles towing motorhomes
IMiccellaneous vehicles

{

INonoccupants

!
tAverage Entry Position
{Number of Appearances
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Table ¢ presents the order in which variables ermtered each respective stratum’s
diseriminant function, in addition to the average entrv position and the number of
times the variable was entered. For the models with defimitive (yes/no)
rolice-reported alcohol invelvement, this variable (DRK) was clearly the most
sigrificant in terms of correctly classifyimg cases into the three BAC groups,
always entering either first or second, and appearing in all ten respective
models, The second most csignificamt varaible was injury severity
(SEV=fatally-injured/surviving), with an average entry position of 2.0 and eight
appearances in models, followed closely by accident hour (HR) and vehicle role
(335=single vehicle, multiple-vehicle striking/strucio.

For the strata with unkmown police-reported alcohol involvement, the most
significant variables were accident hour (HR) and vehicle role (85%8), both
gererally entering the discriminant functione as either the first or second
variables, and appearing in almost all models. This was followed by person age
(AGE) and injury severity (SEV).

As mentioned previously, one method of investigating model performance is to
divide the total sample into several random subsamples, and develop separate
discrimimant functions for each subsample. From these results one can review
the performance of the derived discriminant functions, noting the percentages of
cases correctly classified and the specific variables that entered each respective
subsample’s model. As an example, Table 10 presents the results of this
approach applied to the estimation of the model for drivers of passengers cars,
age 21 vears and clder, with Known police-reported alcchol involvement.

Table 10
Estimated Classification Functions
Passenger Cars, Known PRAI, 21 years of age and older
Total Sample and Four Random Subsamples

| Classified
! _____________

| | :
! | Total 1SubsamplelSubsampleliSubsamplelSubsample
| Variables | Sample | No. 1 | No. 2 | No. 3 | No. 4 |
fmmm jomm———m— o fommm—m——— fom————— e |
{ SEV i X | X ! X ! X ! X f
1ORK ! > ! X [ X X ! E{ l
ILIC | b I ! X | X | X f
I HR f X ! # ! % | X ! X !
135 { X i % i ! X ! X |
1GE ! X I X f ! | X |
{REC | > ! X | | ] X |
IRES | X ! i | | |
| mmmm e o | = fmmm————— fmmm—————— | =memm - !
|Percent | | i ! I |
I Correctiy I 30% | 20% ! 30 | 81 ! 7% i

| I { ! !

f | f I !



The total cample consisted of approximately 12,700 cases with krown BAC; each
systematic subsample consisted of approximately 3,200 cases. The percentage of
cases correctly classified is very close for all four subsamples and the total
sample, indicating a highly consistent accuracy in classifying cases into the
‘correct” BAC group. In addition, four variables ertered all of the subsample
models: police-reported alcohol involvement, injury severity, accident hour, and
the driver’s license status (valid/mot valid). The only variahle in the
total-sample madel that did not enter into any of the subsample models was
restraint use (RES). This zituation was identified earlier as one disadvantage of
this approach; i.e., there is a possibility of missing the contribution of a variable
if the final model is "selected" orly from the subsample models. The variable
restraint use (RES) entered into the total-sample model because its inclusion
made a significant contribution to correctly classifying cases, given the variables
already in the model, probably due to the larger sample size of the total sample.

As mentioned in an earlier section, the transformation of discriminant scores to
posterior probabilities is mare jstified under the assumption of normally
distributed discriminant scores. Most discussions of discrimanant analyesis
assume that the classification variables have natural units of measurement, that
ie, the variables can assume the value of any real number. In the current
application; most of the variables are categorical in nature, and some can assume
only two values (0,1) signifying the absence/presence of some condition (such as
driver alcohol involvement). In this situation the assumption of the multivariate
normality of the discriminant variables is not a sensible one. However, since the
discriminants themselves are linear combinations of a large number of variables,
they will ofter be nearly normal (4). This can be investigated using the normal
plot of the discriminant scores. Figure { is a plat of the discriminant scores for
the BAC=0.00 group, for the drivers of passenger cars, age 21 years and older,
with Known police-reported alcohol invalvement.



Figure !
Normal Plot of Discriminant Scores .
Passenger Cars, Known PRAI, 21 years of age and older
Scores for the BAC=0.00 Group
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In this normal probability plot, the observed values are plotted along the
horizontal axis. The data values are ordered before plotting. The vertical axis
corresponds to the expected normal value based on the rank (quantile) of the
observation. The plotted points represent the set of points (x{1),q(i)) where the
x(i) are the actual observations after ordering (i.e., x(1) is the point with the
least magnitude and x(n) and the largest value) and q(i) is the standard normal
quantile with probability level (i-1/2)/n. When the poinis lie very nearly along a
straight line, the normality assumption remains tenable. This is the case in
Figure 1. .
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MODEL VALIDATION AND MAINTENANCE

 After having estimated the set of classification functions, the issue arises
regarding how well these derived rules will perform in estimating BAC
probability distributions for "new" persons with unknown EAC. One measure of
this performance has already been observed, that isy the jacKkknife estimates of
the misclassification rates available during the estimation stage. A better test
of performance would be the use of data not used in estimating these moadels; the
19%4 and 1925 FARS data were available for thic purpose.

Two maodifications to each year’s models shaould be made before estimating BAC
distributions for the unknown cases: (1) the mean values for each discriminant
variable should be computed and substituted for the unknowns, and (2) the prior
probabilities for each respective stratum should be calculated for the Known BAC
tases, and used explicitly in each respective stratum’s models.

The coefficients of the variables in the final discriminant functions were
estimated using only cases with Known BAC and Known values for the potential
discriminant variables. While the rate of reporting is quite high for these
variables, some cases for which BAC will be estimated will contain missing data,
such as unknown person age, unknown driver license status, etc. For these cases,
the unknown data is estimated using the mean for all persons in the respective
stratum (e.g., drivers of passenger cars, age 2{ vyears and older, with Krowrn
police-reported alcohol involvement, etc.). Since the discriminant function -
coefficients and the constants for all BAC groups are functions of the group
means of the variables, this substitution “pushes" the person’s estimated BAC
distribution toward that of a person with average «ge for the respective stratum,
while the remaining "known" variables still contribute their information in
estimating the BAC distribution for the unknown case.

The second facet of model maintenance, the use of each year’s respective prior
probabilities, is aimed at making maximum utilization of the known BAC data. Ore
can expect changes in the overall rate of alcohol involvement in addition to
thanges in the relative prevalence of alcohol across the variocus discriminant
variables. The updated prior probabilities, derived fraom each vear‘s known BAC
tases, can be explicity represented im the discriminant functions through a simple
modification of the constant term for each BAC group. The constant term is a
linear combination of the matural logarithm of the pricr probability and the group
centroid (multivariate mean). The modification is the subtraction of the logarithm
of the previous year’s prior probability and the addition of the logarithm cf the
- turrent year’s prior probability. This modification is made to each BAC group’s
constant term in each of the respective model stratum. The validaticn tests are

conducted after having made both of these modifications to all of the various
models.

The validation tests were comducted using the sets of persons with known BAC in
1934 and 1935 separately, and evaluating these persons’ attributes using the
derived classification functions (assuming that these persons had unknown BAC).
The estimated BAC distributions were compared with the distributions obtairmed
from the actual BAC test results of thecse persons. ,

While many such tests of model perfarmance are possible, the focus was placed aon
investigatirg performance by vehicle class (the first level of stratification), by
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age group (the last level of stratification). In addition, a rumber of validatione
were conducted on specific aggregate statistics of general interest:

o all drivers in fatal accidents,

o all fatally-injured drivers,

o all fatally—injured drivers in single-vehicle accidents,

o all fatally-injured drivers in multiple-vehicle accidents, and
o all surviving drivers in multiple-vehicle accidents.

The first set of tests compared the actual vs, estimated BAC distributicns for all
drivere in the above subsets. The results for 1984 and 1935 are preserted in
Tables 11-15 {(percentages may not add to 100 percent due to rounding).

Table 11
Actual vs. Estimated BAC Distributions
‘ All Drivers
FARS 1984 and 1985

| |
|BAC=0.00 10.01-0.091 0.10+ | N !
|- | ==emmm R et === | == }
| 1784 | | | ] |
I Actual | .42 | 13 | .45 i 21,983 |
I(Estimated! (.43) | (.12). 1 (.45 | ]
[ —————— | == e mmmm = |
! 1985 ! ] | i !
I Actual | 47 | A2 | .41 I 23,787 |
i{Estimated! ¢.48) 1 (.11) I (.41 | !
e il | === | =———————- | =wm—————- | === |
Table 12
Actual vs. Estimated BAC Distributions
All Fatally-Injured Drivers
FARS 19684 and 1735
e fmmm - |- }
IB&C=0.00 0.01-0.0%! 0,10+ | N l
| e | ———————— e it ===~ fmm—————— |
1 1934 | | | | |
I Actual | .43 i 11 | .44 I 148,113
[{Ectimated! {.4éy 1 .09 | (.45 | |
| emmmm | mmm——————— === f = | e ]
| 1985 | i | | !
I Actual | TR 10 1 .44 1 14,774 )
{eEstimated ! (.48 | ¢,08 | (,43) | |
| i ]



Table {3

Actual vs, Estimated BAC Distributions
Fatally-Injured Drivers in Single-Vehicle Accidents
FARS 1984 and {935

e |
! 1924 ]
I Actual !
ItEstimate) |

f 1785 !
I Actual |
l(Estimate) !

!

BAC=0.00 10.01-0.091
————————— e ittt
! [
.23 | .10 !
.31 1 09y
________ [ [PORR——|
| I
.30 | 1 |
¢.33) 1 L9
————————— il

Table 14

Actual vs. Estimated BAC Distributions
Fatally-Injured Drivers in Multiple-Vehicle Accidents
FARS 1984 and 1985

e e ]
! 1984 |
I Actual |
ffEstimate)!
fmmm e ]
| 1985 |
I Actual |
f{Estimate)!

|

BAC=0.00 10.01-0.091
--------- [ =mmmmmmmm |
| |

I S
G611 09 |
————————— f=mmmmmmmm |
| |

42 1 10
(.64) 1 (.08 |

| |

-‘,_‘."7_



) Table 15
Actual vs. Estimated BAC Distributions
Surviving Drivers in Multiple-Vehicle Accidents
FARS 1934 and 1935

! |
{BAC=0.00 (0.01-0.091 0.10+ i N |
e from—————- jmm—————— fmmmmmm——— frmm—————— f
f 1984 ] [ I I f
I Actual | .45 { 17 ] .38 ! 3,390 1
I{Estimater! (.43> | (.20 1 (.38) | {
| ——mo e fommmm e fommm————— frmmm fmmmm— - f
{ 1985 ] ! ! ! f
I Actual | .57 | W12 ! .31 i 4,299 |
[ {Estimate>! (.35 | (.13 | ¢.,30) | !

f l !

As can he seen in Tables 11-15, the estimated BAC distributions are a close
approximation to the actual values. The differences between actual and
estimated percentages are in the range of one-to-three percentage points, with
most estimates within two percentage points of the actual BACs. The sample
sizes for these driver subsets are quite large, over 3,000 persons up to almost
25,000, In addition, while there are only two years of data, the differences
between actual and estimated BAC appear to be consistent from 1734 to 1935, not
exhibiting any systematic divergences.

Table 16 presents the estimated BAC distributions for all drivers by driver age.
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Table 18

Actual vs. Estimated BAC Distributions
All Drivers by Age

A1l Driverst
| Actual |
| {Estimate)!
e by
IUnder 2!

FARS 194
————————— (
BAC=0.00 10.01-0.09
_________ {____-__—_

|

421 .13
€.43) 1 (.42)
_________ l-______--
.43 1 .18
€.42) 1 a7
1
35 1 .13
(.36 1 1)
l 4
65 1 .08
(84 1 (.06)
|
1.00 1 0.00
.80 1 (10
_________ ’__-__--__
Table 17

Actual vs, Estimated BAC Distributions
All Drivers by Age

IA11 Drivers|
I Actual |
I (Estimate)|
| = e !
|Under 21 |
] ]
f i
121-44 ]
! !
! |
[Quer 44 |
! |
} ]

!

]

]

FARS 1985
--------- !

BAC=0.00 10.01-0.09
_________ !-_____--_
!

.47 | 12
.48 1 (.1
_________ | mrm e =
.42 ! 7
P TED I S £

' !

.37 ! 11
S S S .
.

69 ! 07
(.48 1 .05
]

.30 ! A3
.84 L .04
]



A= can be seen in Tables {6 and 17, the results for the individual age groups,
while not as close as the overall estimate, are also within "tolerable" limits. It
should be emphasized that these tests are conducted on the Known BAC cases to
investigate the performance of the classification rules, which are to be applied to
the cases with unknown BAC. When firal estimates of alcohol involvement are
produced, the estimated BAC distributions for cases with unknown BAC will be
combined with those cases with Known BAC to produce the final estimates. Some
degree of error will always be expected, however, the relative error will be
smaller for those subsets containing a greater percentage of Kknown BAC cases.

Fatally-injured drivers are tested far more often than are surviving drivers, and
might represent a less biased sample of BACe against which validation tests can
be conducted. Tables 13 and 19 present the results of validations for
fatally-ingred drivers with Known BAC for 1954 and 1945, respectively.

Table 18
Actual vs. Estimated BAC Distributions
Fatally-Injured Drivers by Age

FARS - 1984

R i R fmo—————— fmmmm e ]

{BAC=0.00 10.01-0.091 0.10+ | N |
fommm frmmmm f m—m—— e === R alate !
iATY Driversl | | ! !
I Actual ! .43 | 11 | .44 I 15,982 |
| (Estimated! (.43 | <.09> | (.46) | |
fmom o fmmmm e =~ R | == !
fUnder 21 | .44 I .14 i .41 ! 2,883 |
| bo¢.45 1 (.11 1 (.44) I
| ! | ! | |
121-44 i .34 i 11 ! 33 [ 9,417 1
] bo¢.37> 1 (.10 1 (.83 i
i ! ! ! i !
{Quer 44 ] .84 | .07 b .27 | 3,678 |
| Pood.68) 1 (.03 1 (.29 | I
! : ] | | ] |
IUnknown Aget 1.00 i 0.00 I 0.00 1 21
{ .72y 1 a4y 1 L 14y |

! f I ]
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. Table {9
Actual vs, Estimated BAC Distributions
Fatally-Injured Drivers by Age

FARS - {9¢5

R e et fmmmm e e !

IBAC=0.00 10.01-0.091 0,10+ | N !
R R it oo fommr e fremm e !
fAr1l Driversl! I ! | 1
I Actual { .44 ! .10 I .44 I 16,774 |
I (Eetimated! (.48> + (.09 1 .42 | |
R R fmmm - | mmmm o [———mm {
lUnder 21 ! .49 ] 15 | L34 | 2,881 |
J - D O -5 N N G VS I | !
[ f ] ! ! !
[21~-44 ! 34 f .10 | .54 ! ?,250 '
| : R PRc 2 e R O 115 T B V- -5 I
i ] I ] | !
[Over 44 f .68 { .07 ! .25 ! 3,939 |
! G088y 1 L05)Y 1 .27y !
| ] ! o ! !
[Unknown Agel 0,00 ! .23 ! .73 f 4 |
! Id.40) 1 ¢,09 1 {.51) | ]

| ! } {

Agairy, the comparisons of actual vs. estimated BAC distributions gives a
favorable impression, with the overall estimate for all drivers being very close
to the actual value.

In addition to investigating the performarce of the model across various driver
age groups, estimates for the various vehicle body classes were computed and
compared with the actual values. These data are presented for 1954 and 1925 in
Tables 20 and 21, respectively. It should be remembered that the BACs for
drivers of the vehicle body types BUSES AND LARGE LIMOUSINES and VEHICLES
TOWING MOTORHOMES were estimated by proportion allocation based on the
known cases, since no meaningful discriminant functions were developed.



Table 20
Actual vs. Estimated BAC Distributions
All Drivers by Vehicle Body Type

FARS - 1934

fommmm fmmm R jrmmm———— I

IBAC=0.00 10.01-0.0721 0.10+ | M
o e jmmmm————— fmmmm———— == fmmm
tAtl Drivers ! ! { ! v
[ Actual | 42 I 13 ! .45 f 21,985
| TEstimate) o<.43 1 U121 .48
R b b e bbb L fmmmmm R ikt o frmmmmm———
{Passenger cars ! .43 ! .13 ! 43 I 13,728
{ o431 (.12 4,45 |
I | | ! !
IUtility vehicles | 28 | .14 ! .58 I 333
| bo<.33) 1 a2y b .35y
[ [ ! o !
IMotorcycles ! .39 | .15 ] .44 ] 2,773
i Fod.48y 1 (.14 b 0,47
I | ! i
|Buses and large limoucsines| .38 ! .04 | .03 f 23
! bo¢.88y (.04 I .08y |
! I . ! { !
fLight trucks and vans ] .36 - .13 I .32 f 3,937
f » Pood.3% b L1y b 0,54y
| [ , [ ] I
IMedium and heavy trucks ! .80 ! .07 ! 13 } 1,002
| boo0,79y 1 (.08 1 (.13) |
i i ! f !
ftJehicles towing motorhomes| .43 ! .06 [ .29 ! 17
! I .45y 1,080 1 C,29)
I f | i : f
IMizcellaneous vehicles ! .49 ! 064 | .44 ! 170
| 0.8y 1 (.08 1 (.38 |

| ! ! f
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Table 21
Actual vs. Estimated BAC Distributions
. All Drivers by Vehicle Boedy Type
FARS - 1935

| == frm | v e frmm e }
IBAC=0.00 10.01-0.071 0.10+
e T | s e !
ATl Drivers A

| I | {
I Actual ! .47 ! 12 ! .41 I 23,787 1|
I (Estimate) PooCd8) 1 .ty 1 (.41 I
e e - e fmmm e e !
IPassenger cars [ .47 | 11 i .42 I 14,483 |
! ooGd9y 1 a1y 1 ,40) !
I ! f ! ! !
IUtility vehicles ! .29 ! i e I .58 i 347 |
| .30 b a2y 1 (57 ]
Ik | I ! g I
IMotorcycles | .41 | .13 | .44 ] 2,914 1
I o442 1 13 ) (.45 | !
| | l i ! |
{Buses and large )imousines| .93 f .02 I .03 ! 41 |
| P93 1 (.02 1 (.05 | i
l S ! | ] !
fLight trucks and vans f .41 A1 ! 47 | 4,470 |
! G391 LD b L850y }
i ! [ { ! !
iMedium and heavy trucks ! .86 ! .04 i .10 | 1,250 |
I P83 1 .04 1 (1) !
] i ] ! ! j
[Vehicles towing motorhomes! 77 | .08 | .15 ] 26 |
| P22y 0 .08 1 15y !
! ! | I ! f
IMiscellaneous vehicles ! .50 I 11 ! .39 | 236 |
! boWS2) 1 10 1 (.38 | !
| | !

Inspection of Tables 20 and 21 shows close agreement between the estimated and
actual BAC distributions, especially for the vehicle body types with larger
sample sizes. Thus, the validation tests show that the estimated BAC
distributions are in very close to the actual BAC distributions, and can be used
with confidence for estimating the cases with unknown BAC. :

v
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DISCUSSION

The use of linear discriminant analysis has produced a set of classification
functions which have been used to estimate posterior BAC distributions for
persons involved im fatal traffic accidents, who do not have a Known BAC test
result on the FARS files. These estimated BAC distributions have been shown to
provide estimates which are "reasonably" close to actual values from several
validation samples (1934 and 1938). The word "reasornably" has been used
intentionally., Thustar, point estimates have been provided, with no discussion of
the standard error, or variability, of these estimates about the actual value.

From the many validation test resulis presented, one might surmise that the
estimated BAC distributions were coansistently within three percentage points of
the actual values, with most estimates within two percentage points. If this is
any- measure of the accuracy of the model estimates, then one would require
larger year-to-year differences in the estimated BAC distributions in order to
infer statistically significant trends. However, since the final estimates of
alcohol involvement are a combination of Known BACs and estimated BACs, cne
might expect greater accuracy in these combined estimates of the rate of alcohol
involvement, than that observed in the validation tests. This stems from the fact
that there is no error of estimation in the Known BAC cases, and the final
percentages of alcohol involvement, being a function of the total size of the
subset (Known BAC cases plus estimated BAC cases), should result in a smaller
relative error. For example, if the subset for which estimates are decired (e.Q.
fatally-injured drivers) consists of fifty percent Known BAC cases and fifty
percent unknown BAC cases, and the accuracy of the estimates are within three
percent, then the combined estimates can be expected to be within one and
one-half percent. Clearly, as the proporticn of cases with Known BAC increases,
so does the accuracy of the final estimates of alcohol involvement.

The retention of the estimated posterior probabilities for use as weights ic a
novel approach. Generally, discriminant apalysis utilizes the posterior
wrobabilities to determine to which of the mutually exclusive groups each case is
most likely to belong. There is little or nothing in the literature that addresses
the variability of these posterior probabilities. While research into this area is
certain to prove fruitful, there is a desire to disseminate the details of the
overall modeling approach, and to make maximum utilizatiorn of these new
estimates. :
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APPENDIX

Table A-1
Final Discriminant Functions ‘
Drivers of Passenger Cars, Under 24 Years of Age, Known PRAI
1982 - 1923

|
[ e |

lVariables| BAC=0.00 10.01-0.09 | 0.10+ |
i
|

IAge 10.739081 10.834291 11.8301951
IDrinking i 317741 7.290681 3.211091
[ Hour [ .943941 . 684091 . 728751
iLic Stat | 7.841001 8.284251 7.820231
IRestrainti -2.3567391 -2.505401 -3.316111
ISeverity | 3.348461 3.583881 4.395811
1888 I 1.448871 994571 707501

| I l | i
IConstant 1-1064.265751-114.250491-119.30400]
R | == mmmmmee R [ ===mmimmam

Table A-2
Final Discriminant Functions
Drivers of Passenger Cars, Under 21 Years of Age, Unknown PRAI
1982 - 1983 :

[Variables! BAC=0.00 10.01-0.09 | 0.10+ |
e U TR [ R [

lAge I 10.128451 10.327731 10.452041
IDr Recordi  -1.721371 -~1,55225f -1.58752)
IHour i .38203! .51343/ . 559451
Severity | 3.584881 6.24%301 4.947291]
1653 ! - . 888971 516131 .088351
tWkday/endl 1.642441 2.194781 2.110471
IMLDA | ! -.187311  -1.004751 -.740151

! ! ! I |
fConstant | -94.431301-103.839191-106.3103%7/
R [mmmmmmmm e f=mmmmmmmem R |
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Table A-3
: Fimal Discriminant Functions
Drivers of Passenger Cars, 21 Years of Age and Older, Known PRAI
1982 - 1983

lVariables! BAC=0.00 10.01-0.09 | ©§.10+ |
R f==mmmmmm R | mmmmmmmmm- |

{Age ! 190331 L1691 172371
{Drinking | 2.321381 10.210481 11.502451
|Br Recordl 267571 1.03303! 1.097791
{Hour | .S55378i 66990 705921
|Severity | 2.845071 3.244521 4.10704!

tLic Stat | 12.039331 11.812471 11.220371
IRestraint! 1.800141 1.313%01 1.00636!
168S f 2.050481 1.664871 1.342951
I ! f ! |
jConstant | -14.144001 -21.338041 -21.83783I
R b ettt fomm e frmmm e ———— |

Table A-4
Final Discriminant Functions
Drivers of Passenger Cars, 21 Years of Age and Older, Unknown PRAI
1982 - 1943

iVariables! BAC=0.00 10.01-0.09 | 0.10+ |
R R fmmmmmmm o mmmmmmee e n

lAge f .147381 127731 129371
|Or Recordl 423741 . 626881 . 663581
| Hour | 466621 . 393441 .629811
[Severity | 8.2135201 2.259011 7.457271
{Restrainti 1.5810431 1.911211 1.092741
1583 I 1.7846231 1.544271 F86171

! | | ! ‘ |
IConstant | -10.5%292471 -13,200081 -13.30%57|
- !
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Table A-3
Final Discriminant Functions
Drivers of Light Trucks and Vans, Under 21 Years of Age, Known PRAL
19 - 19\.3

[Age [ 11.026541 10.993031 11,42585)
|Day ! 1.534481 1.812251 1.773671
{Drinking | 1.369841  13.354121 14,241221
{Hour ! .234%01 .42448] .45718|
IRestraint! -.4621091 219261 -2,083001
fSeverity | 6.923211 7.434481i 7.021151
88§ { ~.24728| -.830511 -1.22442]
{MLDA ! 3.713821 3.707391 4.480991

] | i I |
IConstant [-108.281781-117.855391-125.63025]
Rt [E T R Jommmm e |

Table A-6
Final Discriminant Functions ]
Drivers of Light Trucks and Vans, Under 21 Years of Age, Unknown PRAI
1982 - 1983

| Group I
f = et I
IVariabtes! BAC=0.00 10,01-0.09 | 0.10+ i
f=m—————- R atadatt o fommm————m I
lAge ! ?.150101 ?.504441 ?.519431
{Hour | .333511 710921 .748251
[Severity | 2.7943521 2.717041 4.083241
1583 ! . 744381 407011 -.38840]
lWKday/end! 117021 .3778214 1.442241
! ! } ! |
IConstant | -37.254441 -97.110981 -98.847471

|

A-3



Table A-7
Final Discriminant Functions
Drivers of Light Trucks and Vans, 21 Years of Age and Older, Known PRAI

- 1982 - 1933

o e !

! Group |
| === fmm e !
INartables! BAC=0.00 10.01-0.09 | 0.10+ !
R i e | | === f
{Age | .204%901 .183801 . 195541
IDrinking | 1.77164)  11.780801 13,12034!
| Hour [ .534281 A998 700171
fLic Stat | 10.236%41 10.091301 2.498241
|Severity | 1.811171 2.210521 3.308501
1558 I 2.184951 1.84645i 1.35583!
| } 8| | |
|Constant | -14.,328281 -20.636321 -21.130711

i

Table A~8
Final Discriminant Functions
Drivers af Light Trucks and Vans, 21 Years of Age and Older, Unknown PRAI
1982 - 19&3

iVariablesl BAC=0.00 10.01-0.09 | 0.10+ |
Jmmmmmmm e fmmmmmmmmme | =m—mmmmm - | ==mmmmmm o i

| Hour ! . 368061 448251 .513191
|Severity | 7.324091 7.493881 3.677081
| 885 I 2.683251 2.308241 1.6646301

likday/end!  1.301571  1.655571  1.84195]
x l | ! |
IConstant | =-5.754831 -9,692871 =-9.74499]
| ~mmmmmmm R f=mmmmmmmee [===mmmmmmm |
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.Table A-%
Final Discriminant Functions
Drivers of Motorcycles, Under 21 Years of Age, Known PRAI
1932 - 1923

IDrinking | .061881 5.37844| 3.903531

fHour f 6094871 628001 .807%291

| 5588 ! 2.54633/1 2.291271 1.483381

! ! ' ! | |

fConstant | -5.538141 -10.29995! -10.83414}

o fromm e == frmem e {
Table A-{0

Final Discriminant Functions
Drivers of Motorcycles, Under 21 Years of Age, Unknown PRAI

1982 - 1943

e e e i

| Group |
R e e |
IVariables! BAC=0.00 10.01-0.09 | 0.10+ |
| =——mmm— | = o e frmmm e |
lAge ! 4.541941 6.950991 6.885441
lHelme t ] -.883791 -1.372731 -2.10974i
1888 ] 2.347041 2.07284!1 1.290921
IWkday/end| ~.205441 1.359911 672021
IMLDA ! L L4716811 -.935881 -1.448541
| | ! | I
Constant | -59,304781 -48.219151 -&4.84424|

!
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Table A-114
Final Discriminant Functions
Drivers of Motorcycles, 24 Years of Age and Older, Known PRAI

1982 - 1923
[ mmm e e o - {
I Group !
oo [ == mm e mm e e !
{Yariables! BAC=0.00 10.01-0.0% | 0,10+ |
o = m | mmmm—— - fmmmm !
lRge { . 352931 .351041 . 343931
iDrinking | 1.4814301 4.41254] 7.348981
| Hour ! 86611 L720521 851871
[Severity | 12.957711 12.971471 13.5464441
| 555 { 2.57069 2.15047/1 1..64105]
{lkday/endl 1.44233] 1.709011 1.958491
! : [ ! f I
{Constant | -17.420341 -21.312241 -22.877441
o e jmmm—— [ —=———————- [

Table A-12

Final Discriminant Functions
Drivers of Motorcycles, 21 Years of Age and Older, Unknown PRAI

1982 - 1923
o e i
| Group |

jemmme T e ]
IVariables!| BAC=0.00 10.01-0.09 | -0.10+ !
|=———————- e Dt | =—m e
|Dr Record! . 381321 .481981 L 47891
{Hour | .492881 .407461 708621
IHelmet | 2.4631081 2.422141 2.044701
1888 | 2.308411 1.935214 1.196111
lWkday/endt 1.2325914 1.723431 1.837231
] } ] } |
iConstant | -3.314211 -2.2028381

-3.311871

[ —mm e | mm f jmm———————— I
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Table A-13
Final Discriminant Functions

Drivers of Medium and Heavy Trucks, Known PRAI

' 1982 - {923

| Group !
fmmmm e e T T I
tWYariables! BAC=0.00 10.01-0.0%9 | 0.10+ [
fom e R oo !
{Drinking | .887331  10.092471 13.395441
| Hour I 290201 .334831 3792421
fLic Stat | 13.5715&1 13.198301 11.94271]
|Severity | 3.488541 - 3.72731/{ 4,872931
1888 I 2.943111 2.83544| 2.371221
! I { | |
IConstant | -10.178291 -15.82434) -17.51482]
|~ R ittt frmm e fmmm e |

Table A-14

Final Discriminant Functions
Drivers of Medium and Heavy Trucks, Unknown PRA]

1982 - 1983

e i

! Group |
fmrm e f e e el |
I“ariables! BAC=0.00 10.01-0.09 | 0.10+ I
femmmmem e e e DDl e it e |
fHour ] .241071 .287361 .3037951
IS8S | 1.367851 1.744701 . 447921
[ [ f | !
IConstant | -1.907941 -5,345871 -4.4710641

i
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Table A-15
) Final Discriminant Functions
Drivers of Utility Vehicles, Known PRAI
1982 - 1943

Group !
jmmm e e e I
|Yariablest BAC=0.00 §0.,01-6.,09 | 0,10+ !
f mmmm e e o frmm i
iDrinking .B18721 9.802871 10.579811

fLic Stat 10.073541 10.872281 ?.370481
|Severity 3.446946/1 3.228151 4.590401
i { ! !
{Constant -9.9218141 -17.3109461 -15.944421

I
!
|
|
!
fHour | .484221 974611 .580371
!
i
!
|
fmmmmm |

Table A-14
Final Discriminant Functions
Drivers of Utility Vehicles, Unknown PRAI
1982 - 19¢&3

IVariables! BAC=0.00 10.01-0.09 | 0.10+ |
s et R R l

{Hour ! .485951 . 98063 572411

|Severity | 8.991211 7.478481 2.570671

{888 oo 1.418131 71901 . 718751

{ | | ! |

IConstant | -8.337071 -%.376231 -10.9%98941
=1

[ mmmmmmmm | mmmmmmmmm | mmmmm e [=mmmmmmma]
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Table A-17
Final Discriminant Functions
. Drivers of Miscellaneous Vehicles, Known PRAI
1982 -~ {983

| ~mmmmmmmem R U —— |
IVariables! BAC=0.00 10.01-0.09 | 0.10+ |
R R | =mmmmmmm e R !

IDrinking | 682731 14.884751 13.391211
IHour | .393531 423971 .337901
[Severity | 4,372291 4.138721 5.83454|
lWkday/end| 1.094241 2.120011 2.8489541
b ] ! | !
IConstant | -4.3542571 -13.98225! -14.37442]
|=mmmmees =] m—————— oo oo |
Table A-18

Final Discriminant Functions
Drivers of Miscellaneaus Vehicles, Unknown PRAIL
1982 - 1933

[ .382141 492631 579441

I | T | [
I -2.29898! -5.484871 -5.57224]
|



1982 - 1983
e e e m |
i Group |
| mmmm————— jmmmm e mmmmm— e m !
IVariables! BAC=0.00 10.01-0.0%9 | 0.10+ I
[ ==m—————- == fmmmm———— | mmm——————— !
fAge ! . 148951 .142481 139471
|Day i 1.091211 1.083521 1.181581
iDrinking | ~-.23%9271 4,441521 4.758611
| Hour | .718171 .338671 877321
| Sex { 7.369811 6.979771 4.7333%1
|IRoadway | 11.274541 11.685721 12.34485lI
] ] | | {
IConstant | -20.871111 -25.474181 -26.39034!
D et | mmmm—————— | wmm femmm—m————— f
, Table A-20
Final Discriminant Functions
Nonoccupants, Unknown PRAL
1982 - 1983
fmmm e |
! Group I
jmmm————- | mmm e o e s i
{Variables! BAC=0.00 10.01-0.09 | Q.10+ |
| mom————— | mmm——————— = —————— | mmmm—————— |
lAge ! .120331 .10828!1 .103081
| Hour | .633631 ,743801 .788241
| Sex i é.526851 5.900141 5.843511
{Wkday/endl 4773501 - 777231 L1621 1
{Roadway | 8.54713I 8.919031 9.79%44|
| | | ] }
[Constant | -15.704861 -13.137801 -18.022111
' N

Table A-19

Fimal Discriminant Functions

Nonoccupants, Known PRAI

e e Bt e R R i









