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ABSTRACT 

The accident rate at an intersection is one attribute used to evaluate the 

hazard associated with the intersection. Two techniques traditionally used to make 

such evaluations are the rate-quality method and a technique based on the confi

dence interval of classical statistics. Both of these techniques label intersections as 

hazardous if their accident rate is greater than some critical accident rate deter

mined by the technique. Higle and Witkowski (3) propose an alternative technique 

based on a Bayesian analysis of available accident number and traffic volume data. 

In contrast to the two classic techniques, the Bayesian technique identifies an inter

section as hazardous based on a probabilistic assessment of accident data. The goal 

of this thesis is to test and compare the ability of the three techniques to accurately 

identify traffic intersections known to be hazardous. Test data is generated from 

an empirical distribution of accident rates. The techniques are then applied to the 

generated data and compared based on the simulation results. 
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CHAPTER 1 

INTRODUCTION 

A variety of factors may contribute to the overall hazardousness of traffic 

intersections: intersection geometry, traffic speed, volume of traffic, traffic signal-

ization, and location (business district, suburb, rural, etc.), to name a few. One or 

more of these attributes may require change in order to improve the safety of an 

intersection. Before this can be done, however, it is necessary to determine which 

intersections warrant improvement. It has been common practice to measure the 

hazard associated with an intersection in terms of the number of accidents associ

ated with it. However, it is generally agreed that a more informative indicator of 

hazardousness is the accident rate, defined as the number of accidents per volume 

of traffic. It is reasonable to expect that an intersection with high traffic volume 

should have more accidents than an intersection with low traffic volume, all other 

attributes being equal, simply because of the greater opportunity for accidents to 

occur. 

Two rate-based techniques traditionally used to evaluate the hazardousness 

of traffic intersections identify an intersection as hazardous if its accident rate is 

greater than some critical accident rate, which is technique dependent. The first of 

these, denoted the classic technique, is based on the confidence interval of classical 

statistics. In this technique, the critical accident rate equals the sample mean 

accident rate over all sites in the region plus some multiple of the sample standard 

deviation of these regional rates. The underlying distribution of accident numbers 

is assumed to be the normal distribution. 

The rate-quality technique described by Norden, Orlansky and Jacobs (1) 

' and Morin (2) applies statistical quality control theory to determine a critical ac

cident rate. This technique is analogous to the classic technique, but is based on a 

normal approximation to the Poisson distribution. Both the classic and rate-quality 

techniques define the critical accident rate as a function of an average accident rate 

over the region. 
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Because it cannot be precisely quantified, the accident rate at a given loca

tion may best be represented by a random variable. Recent accident history may not 

reflect the long term accident characteristics of the site, but may simply represent 

random fluctuation around an unknown "true" accident rate. Regional character

istics may provide some information regarding the accident rate, but the accident 

history of each intersection is unique and thus may be described by a unique random 

variable. 

Higle and Witkowski (3) propose an alternative technique, one based on an 

empirical Bayesian analysis of available accident and traffic data. The Bayesian 

identification procedure explicitly combines the randomness associated with the 

accident rate across a number of locations with site-specific accident information, 

making use of information that is generally ignored by the classical techniques. This 

is accomplished by combining regional accident histories with site-specific historical 

data to produce a mathematical representation of the accident rate distribution 

at each site. In contrast to the classic and rate-quality techniques, the Bayesian 

technique identifies an intersection as hazardous if the probability that its accident 

rate is higher than a critical rate exceeds some significant level. The use of Bayesian 

statistical techniques to identify hazardous locations is supported by a number of 

authors (4, 5, 6, 7, 8 and 9). Our goal is to test and compare the ability of the three 

techniques to accurately identify hazardous traffic intersections. Since the classic 

and rate-quality techniques are currently practiced, they are defined and applied 

within the experimental frame as they are used. Simply stated, the experiment 

tests the Bayesian technique against the current state of practice. 

Within the framework of the experimental design, historical data provide an 

empirical distribution of the accident rate. The empirical distribution is treated as 

. a source of perfect information regarding the "true" accident rates across a region. 

Given this source of perfect information, the computed accident rate at each location 

within a data set is considered to be the known rate at that location. Intersections 

with true rates that exceed a critical accident rate are "known hazards". 

Simulated data are used to test the ability of the three identification tech

niques to identify the known hazards. In the simulation, data which represent 
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samples of the known population are generated based on the true accident rates. 

A clear distinction is made between the true accident rates computed from his

torical data and the observed accident rates resulting from the simulation. Each 

technique assesses hazard based on the observed accident rates. The accuracy of 

each technique is evaluated in terms of the true accident rates. It is possible that 

the performance of a technique may depend on the data itself. Therefore, the three 

techniques are tested on four different data sets collected at signalized intersections 

in communities of various sizes. 

This thesis is organized as follows. In Chapter 2 we present a description 

of the Bayesian model, a description of the three identification techniques, and 

the criterion used by each to identify hazardous locations. Chapter 3 contains the 

experimental methods. The fourth Chapter presents the results of the experiment. 

Conclusions are presented in Chapter 5. 
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CHAPTER 2 

DESCRIPTION OF TECHNIQUES 

We begin this chapter with an overview of the Bayesian model. A description 

of the three identification techniques concludes the chapter. A summary of the 

mathematical notation used in the various models is presented in Appendix A. The 

notation is described in detail as it is encountered in the text. 

Development of the Bayesian Model 

Bayesian analysis of accident data requires that an appropriate probability 

model be found for the system. In the simplest form, traffic accidents at an intersec

tion can be described by a binomial density. Each vehicle entering the intersection 

constitutes a Bernoulli trial for which the probability of an accident (success) is Al

and the probability of no accident is (1 — A,-). If we let V,- denote the number of 

trials and JV,- denote the number of accidents in V; trials at location t, then the 

density function of N> is 

fi{Ni\VitXi) = Qf)1 - h)(Vi~Ni), 0 < JV,- < Vi. (1) 

When the probability of success A,- in a single trial approaches zero, while the num

ber of trials Vi becomes infinite in such a way that the mean /z = V,A,- remains 

fixed, the limiting distribution of the the binomial distribution is the Poisson distri

bution with mean fi. The Poisson approximation to the binomial has been shown 

to provide satisfactory results whenever V< > 100 and Aj < .05 (10). 

Typically, the "probability" of accident for a single vehicle is very low (on 

the order of 10~6) and the volume of traffic entering signalized intersections high 

(on the order of 10s vehicles per day), so the Poisson density provides an accurate 

approximation to (1). Thus, the number of accidents at an intersection can be 

modeled as a Poisson process indexed by traffic volume. The Poisson process must 

satisfy the following three criteria: 
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i) the expected number of accidents occurring in non-overlapping intervals is 

independent, 

ii) the number of accidents occurring in an interval depends on the length of 

the interval, and 

iii) the probability of more than one accident occurring in a very small interval 

is negligible. 

Given these assumptions, the density function of the number of accidents at location 

* is uniquely described by 

P{JV-, = n|Ai,Vt} = ^^-e-^ (2) 

with unknown mean A, V,'. 

Within the Bayesian framework, if certain criteria are met, the distribution 

of the unknown parameter for the sample distribution can be chosen from a class 

of distributions referred to as the "conjugate family". The use of conjugate families 

of distributions has become commonplace in Bayesian analysis. Within the context 

of our problem, Higle and Witkowski (3) advocate the use of a Poisson-gamma 

model. For a detailed development of the conjugate family, the reader is referred 

to Appendix B. Briefly stated, the model is built on the following assumptions: 

Al. The actual number of accidents at intersection t, iV,-, follows a Poisson dis

tribution with expected value A,V< as described by equation (2). 

A2. The probability distribution of the accident rate A is the gamma distribution. 

This applies to both 

1) the prior distribution of the regional accident rate /a(A), which is the 

probability density function associated with the accident rate across 

the region, and to 

2) the posterior distribution, /, (A, |iV,-, V,) which is the probability den

sity function associated with the accident rate at location t. The 

posterior distribution uniquely describes the distribution of the acci

dent rate At- at location t given the prior distribution and site specific 

data, Ni and V*. 
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Given that the data are distributed Poisson with an unknown mean A,-, the 

appropriate conjugate prior is a gamma density with unknown parameters a and fi. 

The gamma distribution of A over all sites, prior to obtaining site specific accident 

data, is therefore given by 

(3) 

The parameters a and /? can be estimated using one of several techniques, including 

the "method of moments estimates" (MME). Using MME, a and /3 are a function of 

the sample mean and variance of A for the system. Let x and s2 denote the sample 

mean and variance of A, respectively. Let m denote the number of locations in the 

system. Then, 

m 
m Ni 

m Sl V t '  

i=i 

Typically, a and /? are estimated as follows: 

a $ 

*-)'• <«> 

a = fix. (5) 

Since for each site, the accident rate is actually a ratio of two random variables, 

At = Ni/Vit the use of (5) may yield biased estimates of a and (3. An unbiased 

estimate is obtained by calculating a and fi as 

V*a2-®' 
a = fiS (6) 

where V* is the harmonic mean of (Vj,... Vm), V* = (11) 
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The posterior distribution is calculated as a product of the likelihood func

tion of A, in light of the data, JV,- and V,- and the prior distribution /r(X), and is 

completely described by 

A&M.Vi) = V'«'\ (7) 

a = a + Ni, 

0i' = $ + Vi. (8) 

As described here, the Bayesian technique can be summarized as a two step 

procedure. First, the prior parameters a and /? are determined from regional sample 

statistics as in (6). In the second step, the prior parameters are updated with site-

specific data as in (8). This results in a unique posterior gamma distribution for 

each location t that is a function of both regional and site-specific characteristics. 

Criteria for Identification of Hazardous Locations 

The techniques being tested identify hazardous locations as a function of their 

accident rates. Therefore, a criterion must exist for every identification technique 

which defines hazards based on accident rates. We have argued that the accident 

rate for each location is a random variable, fluctuating around an unknown mean. 

Classical statistically-based identification criteria for the techniques are defined in 

terms of a standard hypothesis test, with the null hypothesis that the expected 

accident rate at site t is less than the mean rate over the region 

Ho : E[Xi) < X. (9) 

When an accident rate falls within the critical region determined by a technique, the 

null hypothesis is rejected and the location is identified as hazardous. The critical 

point for the hypothesis test corresponds to the upper limit of a confidence interval 

around the mean 2. In the text that follows, these two terms, critical point and 

upper confidence limit, are used interchangeably. 
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The two standard confidence interval based criteria, corresponding to the 

classic and rate-quality techniques respectively, are as stated in Higle and Witkowski 

(3). 

Cl Site i is hazardous if the observed rate, Aj exceeds the observed av

erage rate across the region, x, with a level of confidence equal to 

6 .  

Cl corresponds to the classic technique which assumes normally distributed data 

and is commonly used in practice. Application of Cl requires the computation of 

the observed accident rate for each site, A,- = Ni/Vi, the sample mean x and the 

sample standard deviation a. If 

A» > x + kgs (10) 

for some constant k$, then site t is hazardous with a level of confidence equal to 6. 

C2 Site i is hazardous if the observed accident rate, A,-, exceeds the site's 

critical rate, Ac,-, which is a function of the observed regional accident 

rate, the traffic volume at site », and the level of confidence desired, 

6 .  

C2 corresponds to the rate-quality technique (1). Application of C2 requires the 

computation of the regional accident rate, defined as 

1 8 = '  ( u )  

The critical rate associated with location i for a given level of confidence 6 is com

puted as follows: 

Ac,- = xR + ks (12) 

The rate-quality method assumes that the number of accidents at location t is 

Poisson distributed with mean A,-Vt-. In essence, the rate quality method defines the 

critical point for the hypothesis test using a normal approximation to the Poisson. In 

equation (12), a discrete distribution, the Poisson, is approximated by a continuous 

distribution, the normal. Thus, the term ^ is added as a continuity correction 

factor for an upper-tailed confidence interval. 
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As discussed in Higle and Witkowski (3), a relevant comparison of techniques 

requires that Bayesian criteria analogous to the classic criteria be established. A 

Bayesian criterion analogous to CI can be stated as follows: 

Bl Site t is hazardous if the probability that its true accident rate, A», 

e x c e e d s  t h e  o b s e r v e d  a v e r a g e  r a t e  a c r o s s  t h e  r e g i o n  i s  g r e a t e r  t h a n  6 .  

If 

P{A,- > x|iV,-,V,} > 6,  (13) 

then site i is said to be hazardous. 

Identification using criterion Bl requires the computation of 

P{Xi > x\Ni,Vi} = 1 - P{A< < x|JVt-,Vt} 

<i4> 

A Bayesian criterion analogous to the rate-quality method can be stated as 

follows: 

B2 Site t is hazardous if the probability that its true accident rate, A», 

exceeds the observed regional accident rate, XR, is greater than 6. 

Under criterion B2, site t is identified as hazardous if 

^{A,- > Sfll-WijVi} > 6, 

or if 

<w> 
The application of CI or C2 is computationally straightforward, as can be 

seen in (10) and (12). Application of either of the Bayesian criteria Bl or B2 requires 

that the integrations in (14) and (15) be performed, a considerably more complex 

task. A computer program is used to evaluate the integrals numerically using the 

trapezoidal rule. 



17 

CHAPTER 3 

EXPERIMENTAL METHODS 

Establishing Known Hazards 

The experiment is designed to test and compare the ability of the three 

techniques to accurately identify intersections known to be hazardous. This requires 

that a subset of known hazardous locations within a region be selected, which 

inevitably requires a priori knowledge of the "true" accident rates. True accident 

rates are defined independent of the identification criterion. 

Usually, it is acknowledged that the true rate is never known and at best can 

only be estimated from sample data. For the purposes of this experiment, historical 

accident data are used to provide an empirical distribution of the true accident 

rate at each location within a region. The historical data are treated as if they 

comprise the entire population, and thus provide the basis for calculating the known 

accident rate at each intersection, A»•. The known accident rates calculated for each 

intersection in a data set are considered to provide perfect information, subject to 

no randomness whatsoever, and thus are considered to be the "true" rates. These 

true rates, A;, are used to generate random observations of the accident rate, A,-, 

which are treated as samples of the population. The techniques assess hazard based 
A 

on A,-. The accuracy of that assessment is determined by A,-. 

Intersections that are presumed to be "known hazards" are selected based on 

a normal confidence interval criterion, an approach consistent with current practice. 

Locations are considered to be known hazards (H) if their "true" accident rate is 

greater than the mean rate plus a multiple of the standard deviation: 

A i> n + k6a, (1) 

where At is the true rate for location t, and 6 reflects the desired "degree of confi

dence". We use 6 E {0.90,0.95,0.99}. 

It is apparent that the criterion for known hazardous locations given in (1) 

may create a bias in favor of Cl and, to a lesser degree, C2. This is due to the fact 
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that the identification of known hazards and test hazards is similar for these two 

criteria. 

One possible solution is to employ user-supplied threshold rates, Ar, for de

termining hazardousness, both in the known and test systems. Based on a threshold 

rate, a location for which 

Ai > AT (2) 

constitutes a known hazardous intersection. The threshold rate replaces the critical 

rate of the classic or rate-quality techniques so that if 

A< > At, (3) 

then location t is flagged as hazardous. 

A comparable criterion for the Bayesian technique can be defined as a func

tion of the confidence interval. Recall that the Bayesian technique calculates the 

probability that the accident rate at location % is greater than the mean accident rate 

for the system. The user-supplied threshold is equivalent to a value representing 

the upper limit of the confidence interval. In other words, 

Ar = x + ksTs, St € [0,1]. (4) 

Thus, Ay implies a confidence interval at a level of significance St which is not 

explicitly determined. The interval [0, Ar] will contain the true rate, A,-, 1006r% of 

the time in the long run. An analogous Bayesian threshold criterion can be defined 

within the framework of this confidence interval. If 

P{Xi > ®} > Stt (5) 

then location i is identified as hazardous. This involves calculating ksT for a par

ticular At, then finding the corresponding St in a standard normal table. The 

appropriate calculations for the classic technique are as follows: 

l _ At - 2 
KS0t - s , 

«cr=*(fc<CT). (6) 
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The equivalent calculations for the rate-quality technique are: 

SRQr. =$(*«*Qr.). (7) 

Note that when implementing a user-supplied threshold, there is no differentiation 

between CI and C2 (see equation (3)). It is reasonable to expect differences in the 

performance of the Bayesian criteria, Bl and B2, to result from the way in which 

fact that Bl uses a single value of ScT, while in B2 6RQT. is allowed to vary across 

the sites. 

It may be important and useful that the Bayesian technique has two param

eters that can be varied. When the criterion is considered as 

there may be a meaningful way to vary both the parameters 6 and St in order to 

obtain a stronger test, although it would be difficult to compare this to CI and C2. 

We do not address this issue in this thesis. 

Test data which simulate random fluctuation around the true rate are created 

by generating Poisson distributed accident numbers for each location in a region 

based on the known accident rate at the location. Three consecutive years of ac

cident numbers are generated for each location, simulating the existence of three 

years of accident records. The choice of three is consistent with current practice; 

it provides a balance between the need to collect sufficient data on which to base 

good decisions and the need to make necessary safety improvments as quickly as 

possible. The simulated accident rate for location i is calculated from the generated 

accident number and the original traffic volume for that location, A,- = Ni/Vi. 

they are defined. Bl calculates the probability of A,- exceeding x while B2 calculates 

the probability of A,- exceeding XR. Moreover, differences may also result from the 

P{A,- > A,- — kgs} > St, (8) 

Experimental Design 



20 

Each technique is applied to the set of generated accident rates and its ability 

to correctly identify known hazardous intersections is observed. When a technique 

identifies a location as hazardous, accurately or not, we say that it has "flagged" 

(F) the location. The term flagged is used to clearly distinguish between locations 

identified as being hazardous in the test system (F) and those that are truly known 

to be hazardous (H). 

Given that there is inherent randomness in the system, one cannot expect the 

application of a technique to a single generated data set to identify a unique set of 

hazardous intersections. To account for this randomness, 30 replications are made 

for each technique. Independence of the replications is achieved by incrementing 

the seed used by the random number generator on each run. The "common ran

dom numbers" variance reduction technique is used in order to compare the three 

techniques under similar experimental conditions. By using common random num

bers, all three techniques are applied to the same generated data sets in exactly the 

same order. The final output consists of statistics pertaining to the number of sites 

flagged over the 30 replications. 

User-supplied threshold rates correspond to approximately the 05 percentile 

of the empirical CDF for each data set. A threshold accident rate of 1.5 is used for 

Pima County-1 and Pima County-2. The Tempe and Tucson data sets are tested 

with a threshold rate of 2.0. 

Result Evaluation Procedures 

The output summary for each of the 30 replications consists of the number 

of 

i) false negative identifications at each level of significance; 

ii) false positive identifications at each level of significance; 

iii) true positive identifications at each level of significance. 

iv) true negative identifications at each level of significance; 

Hauer and Persaud (5) describe these categories as the intersection of two sets which 

are best described with a Venn diagram. Let H contain those locations which are 

truly hazardous, that is for which A,- > n + k$o. Let F contain those locations 
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which are identified by a technique as being hazardous, that is, for which A,- > Ac,-. 

The Venn diagram clearly shows the relationship between these two sets and the 

four identification categories (Figure 3.1). Categories i) and ii) represent the two 

types of misidentification that can be made by a technique, false negative and false 

positive identifications, respectively. In the ideal, that is when a technique performs 

perfectly, categories i) and ii) are both equivalent to the null set. 

Figure 3.1: Venn Diagram 

The program output reports the number of identifications in each of the 

four categories. The process by which the output is tabulated can be thought of 

as a zero-one summation over all locations. For example, if a location is falsely 

identified as being hazardous, a one is added to category ii), while if the location 

is not identified as a false positive, a zero is added to category ii). This means of 

tabulation tallies the total number of locations in each identification category, but 

it in no way accounts for the degree of membership a location may have in category 

i) or ii). To demonstrate this deficiency, consider an intersection for which the 

Bayesian technique assigns a hazard probability of 0.898. Although the intersection 

is not flagged (NF) by the Bayesian technique as being hazardous at the 0.90 level, 

one must agree that it is very nearly identified at that level. There is value, then, 

in knowing not only that a location is a false positive or a false negative, but also 

in knowing the degree to which it is misidentified. A technique which misidentifies 

locations by a small magnitude is preferred to one which misidentifies locations 
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by a large magnitude. The sum of the magnitudes of misidentification provides a 

measure of the relative "badness" of a technique's performance. 

It is generally agreed that, from a safety perspective, false negative iden

tifications are less tolerable than false positive identifications. As a criterion for 

hazardousness becomes less stringent, a larger number of truly hazardous loca

tions are flagged, reducing the number of false negatives. At the same time, the 

larger overall number of intersections flagged brings with it a larger number of false 

positives. Thus, one may consider a technique to be "better" if it minimizes the 

number of false negatives, while not forcing a substantial increase in the number 

of false positives. These two conflicting objectives emphasize that any evaluation 

procedure must acknowledge the relative importance of both attributes. 

In evaluating the performance of a particular technique, we consider the 

value of a function Z = (Zi,Zi) as a figure of merit which reflects the magnitude 

by which the technique misidentifies hazardous locations. Based on this figure of 

merit, one can readily compare the three techniques and judge which performs 

most accurately. The definitions that follow apply equally to all of the techniques 

being tested. Let x% be a variable denoting that location i is given a false negative 

identification. 

_ f 1, if location i is falsely negative (NF fl H); M-x 
\ 0, otherwise. ' ' 

Let y,- be a variable denoting that location t is given a false positive identification. 

Define site specific weights Pi and r,- for false negatives and false positives, respec

tively. These weights represent the magnitude of the error in misidentifying location 

t. Let 6\{ denote the level of confidence that the known rate at location » repre

sents. 6\{ is computed for each location by first calculating kgKi, then finding the 

corresponding 6\{ in a standard normal table. Specifically, 

1, if location i is falsely positive (F (~l NH); 
0, otherwise. (17) 

SjLt = (18) 
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For the Bayesian technique the weights are defined in a straightforward manner. 

Let Pi = the calculated probability for location ». Then 

Pi = ̂ Aj ~ Pit 

Ti  = Pi-6 A i .  (19) 

Comparable weights pi and n can be found for the classic and rate-quality 

techniques by first calculating the confidence level at which the observed rate would 

be identified as hazardous, then comparing it to the known level of confidence, 6 

The appropriate calculations for the classic technique are as follows: 

k,o = —. 
s 

6c = *{kSc). (20) 

As a result, pt- and Ti are defined as 

Pi = fa i — 6c, 

Ti = 6c-6jit. (21) 

Equivalent calculations for the rate-quality technique are as follows: 

At 2V| 

V* ' 
6rq, = (22) 

Pi = 6At - tiRQt, 

Ti — 6rQ{ - 6a{ • (23) 

The relative seriousness of false negatives and false positives varies under 

different circumstances. This can be accounted for by including the weights u>i and 

u/2 for false negatives and false positives, respectively. Thus, one prefers a technique 

which minimizes the values of Z\ and Z? where 

Z\ = wi ^T(piXi), 
i 

Z2 = w2 (24) 



24 

The assignment of relative weights to the two categories is a fairly controversial 

issue, however, since the weights are subjective at best. The weight assigned to false 

positives conveys the seriousness attached to the cost of unnecessarily upgrading 

intersections. The weight assigned to false negative identifications represents the 

value of lives that may be lost if truly hazardous intersections are not improved. 

Although it is generally agreed that false negatives are far more serious than false 

positives, there is no consensus as to how much more serious they are. We do not 

feel  qual i f ied to  resolve this  issue,  and therefore  i t  is  not  addressed here .  Instead,  Z\ 

and Zj, the overall figures of merit for false negatives and false positives respectively, 

are reported for each technique. The smaller the individual figure of merit, the more 

closely the technique approaches accurate identification of hazardous intersections. 

A technique which minimizes Z\, and to a lesser extent minimizes Z2, is preferred. 

The total figure of merit provides a limited view of the performance of a 

technique. A large overall figure of merit may result from a large number of false 

identifications and/or large errors pi and n. For this reason, the output for each 

technique includes the following additional statistics: 

i) the sample mean and variance of the number of false positive and false neg

ative identifications per run; 

ii) the sample mean and variance of the false negative and false positive figures 

of merit per run; 

iii) the sample mean and variance of the deviation per false negative ( p )  and per 

false positive (f); 

iv) the maximum number of false negative and false positive identifications per 

run over the 30 runs; 

v) the number of runs on which there are no false negative or false positive 

identifications. 

Data 

The test data consist of four sets of accident and traffic volume data from 

communities within Arizona. Each set contains annual accident numbers and aver

age daily traffic (ADT) for signalized intersections within a jurisdiction. By using 
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data sets that differ in size and underlying characteristics, a variety of accident 

scenarios is achieved. There appears to be no consistent uniformity in accident 

reporting procedures, even within the state. Some communities maintain records 

on all accidents, while others keep records only for accidents which exceed a given 

dollar amount, or truncate the data set in some other fashion. 

The known daily accident rate per million vehicles entering an intersection 

(MVE) is calculated for each site by dividing the total annual number of accidents 

by the total daily traffic volume: 

' ~ VT366' (25) 

Historical data for each set is in Appendix C. Accident numbers represent a one-

year average so that all four data sets are comparable. The empirical cumulative 

distribution function (CDF) is plotted for each set of data (Figures 3.2-3.5). 

The two Pima County data sets used by Higle and Witkowski (3) have been 

included. Five year (July 1981 - June 1986) accident histories for signalized inter

sections in Tucson which are under the jurisdiction of the Pima County Department 

of Transportation are used. Significant improvements were made during the third 

year (July 1983 - June 1986) so the data are broken into two sets. The first set, July 

1981 - June 1983, which consists of 33 intersections, has an s-shaped CDF (Figure 

3.2). We call this set Pima County-1. The second set, covering July 1984 - June 

1986, is referred to as Pima County-2. It consists of 35 intersections, including a 

few accident rates which are outliers. These outliers can be clearly seen to affect 

the tail of the distribution (Figure 3.3). 

Data for two noncontiguous years, 1982 and 1984, were obtained for signal

ized intersections in the city of Tempe. The set is comprised of 28 arterial/collector 

intersections. In comparison with the other three sets, the CDF for the Tempe data 

is fairly linear (Figure 3.4). 

Intersection accident data for Tucson are taken from a summary report for 

signalized major intersections representing a four year average of accident and vol

ume data. The data for 1983-86 include 96 locations. The Tucson data set has a 
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Figure 3.2: Pima Countv-1 CDF 
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Figure 3.3: Pima Countv-2 CDF 

fair number of high accident rates and is characterized by an s-shaped CDF (Figure 

3.5). 
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Figure 3.4: Tempe CDF 
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CHAPTER 4 

RESULTS 

The experiment consists of applying each technique to the four data sets and 

observing the number of erroneous identifications, either false negatives or false 

positives, that result. This involves applying Bl, CI, B2, and C2 to each data set. 

Output summaries for the 30 replications are listed in Appendix D. As described in 

Chapter 3, the summaries give the average number of locations per run in each of 

four categories: false negatives (NF n H), false positives (F n NH), true negatives 

{NF fl NH) and true positives (F D H). The summaries serve to indicate not 

only the proportion of locations which fall into the four categories, but also the 

proportion of sites that are known to be hazardous. Examination of the Tempe 

output summary at 6 = 0.90, for example, shows that the average number of sites 

in F n H is 3.83, while the average number of sites in NF fl if is 0.17. Thus, four 

sites out of 28 are known to be hazardous at the 6 = 0.90 level. As discussed in 

Chapter 3, the resulting output is analyzed in term of five statistics: 

I) the average number of false identifications made per run; 

II) the average false identification figure of merit (FM) per run; 

m) the average deviation per false identification (p and f); 

IV) the maximum number of false identifications per run over the 30 runs; 

V) the number of runs in which no false identifications occur. 

In addition, the sample variance is calculated for statistics I, II and III, providing 

a measure of the variability in the point estimates for these three statistics. 

Statistics I and II provide information regarding the overall number and 

severity of false identifications. Statistic m provides information regarding the 

error associated with each false identification. That is, I and II average over all sites, 

while III averages only those sites that are misidentified. Statistics IV and V, in 

conjunction with II, provide some insight into the distribution of false identifications 

over the runs. It is important to evaluate m in conjunction with the other statistics, 

as it may be misleading when taken out of context. As an illustration, consider the 
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Table 4.1: False Negative Statistics. Tucson Data Set 

Statistic 
(Variance) 

Criterion 
Bl Cl 

I 0.03 3.47 
(0.0000) (1.0851) 

II 0.0029 0.1889 
(0.0000) (0.0090) 

IH 0.0868 0.0541 
(0.0000) (0.0006) 

rv 1 5 

V 29 0 

example presented in Table 4.1, taken from the false negative results obtained from 

the Tucson data set. 

By comparing Statistic III for the two criteria, 0.0868 (Bl) and 0.0541 (Cl), 

one might conclude that Cl outperforms Bl. However, by also comparing statistics 

IV and V, it is readily apparent that the Cl value (0.0541) could be an average of 

up to five false negatives, whereas the Bl value (0.0868) arises from a single false 

negative. In reviewing the data, it becomes apparent that, on runs in which Bl 

yields a false negative for a particular site, Cl does also and their deviations (III) 

are similarly large. However Cl yields low values of statistic III for the same site 

on other runs where Bl yields no false negatives, resulting in a misleading average 

deviation (III) that is lower for Cl than for Bl. Although a low value of statistic 

IH is preferred, it is not preferred at the expense of high values of statistics I and 

IV. Hence, based on the information displayed in Table 4.1, Bl is preferred to Cl. 

We first present the results of the experiment using multiple levels of signif

icance (£ = .9, .95, .99), summarized in Tables 4.2-4.5 and 4.11-4.14 below, followed 
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by results of user-supplied threshold runs, summarized in Tables 4.15-4.18. We in

vestigate the differences between Bl and Cl, B2 and C2 primarily in the former. 

The latter provides an opportunity to compare Bl and B2. 

In general, a known hazardous location with a true rate that just exceeds 

the true critical rate is likely to be falsely identified as safe if the generated rate is 

low. Similarly, a known safe location whose true rate falls just below the true crit

ical rate is likely to be falsely identified as hazardous if the generated rate is high. 

One expects these locations to be falsely identified and the majority of the misiden

tifications are due to this phenomenon, particularly for Cl. Under Bl, B2 and 

C2, approximately one-half of the misidentifications are due to this phenomenon. 

Several other factors cause false negative and false positive identifications to occur 

when locations do not have these characteristics. In the remainder of the chapter, 

we discuss these factors and provide some examples. 

Table 4.2: Pima Countv-1. Bl/Ci Summary Statistics 

False Negative 
Criterion 

False Positive 
Criterion 

Statistic 
(Variance) Bl Cl Bl Cl 

I 0.70 1.43 
(0.4931) (0.8057) 

6.93 2.10 
(2.2023) (0.7827) 

n 0.1389 0.2045 
(0.0357) (0.0255) 

1.2771 0.2101 
(0.2348) (0.0227) 

m 0.2254 0.1550 
(0.0399) (0.0137) 

0.1811 0.1028 
(0.0220) (0.0038) 

IV 2 3 9 3 

V 13 5 0 1 
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Table 4.3: Pima Countv-2. Bl/Cl Summary Statistics 

False Negative 
Criterion 

False Positive 
Criterion 

Statistic 
(Variance) Bl Cl Bl Cl 

I 0.03 
(0.0000) 

1.33 
(0.4368) 

5.50 
(2.5345) 

0.53 
(0.4644) 

n 0.0020 
(0.0000) 

0.0550 
(0.0032) 

1.3244 
(0.2274) 

0.0730 
(0.0185) 

m 0.0594 
(0.0000) 

0.0407 
(0.0012) 

0.2371 
(0.0013) 

0.1267 
(0.0130) 

IV 1 3 9 2 

V 29 2 0 17 

Table 4.4: Tenroe. Bl/Cl Summarv Statistics 

False Negative 
Criterion 

False Positive 
Criterion 

Statistic 
(Variance) Bl Cl Bl Cl 

I 0.17 
(0.1437) 

1.63 
(0.7920) 

8.17 
(1.7988) 

1.67 
(0.7126) 

n 0.0146 
(0.0030) 

0.1511 
(0.0114) 

1.2514 
(0.1248) 

0.0962 
(0.0058) 

m 0.0878 
(0.0135) 

0.1004 
(0.0050) 

0.1509 
(0.0006) 

0.0555 
(0.0010) 

IV 1 3 11 3 

V 25 3 0 2 

Comparison of Bl and Cl 

In comparing Bl and Cl, the results are fairly consistent across the four 

data sets, with a few exceptions that are examined in further detail. Comparison 
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False Negative 
Criterion 

False Positive 
Criterion 

Statistic 
(Variance) Bl Cl Bl Cl 

I 0.03 
(0.0000) 

3 47 
(1.0851) 

28.50 
(3.0862) 

3.50 
(1.8448) 

n 0.0029 
(0.0000) 

0.1889 
(0.0090) 

5.1593 
(0.4221) 

0.2693 
(0.0206) 

m 0.0868 
(0.0000) 

0.0541 
(0.0006) 

0.1804 
(0.0002) 

0.0742 
(0.0008) 

IV 1 5 32 6 

V 29 0 0 0 

of Bl and CI shows CI to produce more false negatives than Bl, yet far fewer false 

positives (I). The average Bl false negative FM is consistently lower than that of 

CI, while the average CI false positive FM is consistently lower than that of Bl 

(II). With the exception of the Tempe data set, the average deviation per Bl false 

negative identification is larger than its Cl counterpart (III). For the Pima County-

1 set, although there are fewer Bl false negatives than Cl false negatives (I), each 

false negative indeed represents a larger error in identification. The Pima County-2 

and Tucson sets result in false negative identifications only on one run. Since this 

allows no averaging, the larger statistic III resulting from Bl, as compared to Cl, 

is misleading. 

For statistics I and II, the 95% confidence intervals (CI) constructed under 

Bl tend not to overlap those constructed under Cl. Consider, for example, results 

of the Tucson data set (Table 4.6). The average number of Bl false negatives (I) is a 

point estimate (0.03) resulting from a single misidentification. The 95% confidence 

interval for Cl false negatives is [1.756, 5.184]. The CI for Bl false positives is 

[25.610,31.390] compared with [1.266,5.734] for Cl. Comparing confidence intervals 

for the figures of merit (II), Bl yields a single value of [0.0029], while Cl yields a 
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Table 4.6: 95% Confidence Interval (CI). Tucson Statistics 

False Negative 
CI 

False Positive 
CI 

Statistic Bl Cl Bl Cl 

I [0.031 [1.756, 5.1841 [25.610, 31.390] [1.266, 5.734] 

II [0.0031 [0.033, 0.3451 [4.091, 6.2281 [0.033, 0.5051 

in [0.0871 [0.013, 0.095] [0.159, 0.2021 [0.0, 0.2241 

CI of [0.033, 0.345]. Additionally, there is no overlap for false positive FM's; the CI 

for B1 is [4.091, 6.228], while that for CI is [0.033, 0.505]. Considering the average 

deviation (m), false negative CI's under CI ([0.013, 0.095]) contain those under Bl 

([0.087]), as do the false positive confidence intervals ([0.0, 0.224] for CI, [0.159, 

0.202] for Bl). In general, Bl yields fewer false negatives (I), smaller false negative 

FM's (II) and and slightly smaller false negative deviations (III), while Cl yields 

fewer false positives (I), smaller false positive FM's (II) and slightly smaller false 

positive deviations (III). 

Many of the false negatives produced by Cl can be attributed to dependence 

of the Cl critical rates on the sample mean and variance. A high sample mean 

accident rate and/or a high sample standard deviation yields a higher Cl critical 

rate than a low sample mean and standard deviation. When these sample statistics 

are high, the generated accident rate at a given location must be high enough to 

exceed the critical rate. Given similar generated accident rates on two separate 

runs, the sample mean and variance may control the outcome of the identification, 

as is shown in an example from the Pima County-1 data, Site 29 (Table 4.7). Note 

that the population mean and variance are given as 

H = 0.9815, a2 = 0.1441. 
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Table 4.7: Pima Countv-1. CI False Negatives. Site 29 

Run Prob. 
A 
A,- *90 z 

1 0.9647 1.5280 1.4819 20 0.9697 0.1596 
2 0.9660 1.5280 1.5284 20 0.9658 0.1925 

The true rate at this site yields an expected value of 21 accidents over three 

years, with 20 accidents generated for the two runs shown above. The sample 

statistics are x = 0.9697 and s2 = 0.1596 for the first run, and x = 0.9658 and 

s3 = 0.1925 for the second. The computed probabilities under B1 for the two runs 

are 0.9647 and 0.9660. Thus, on both runs Site 29 is correctly flagged by B1 at 

6 = 0.95. However, under CI A29 = 1.5280, while the critical rates are A90 = 1.4819 

and A90 = 1-5284 on the first and second run, respectively. Thus, the location is 

flagged at 6 = 0.90 on the first run, but not on the second. This discrepancy 

illustrates the sensitivity of CI to the sample mean and variance. The agreement 

between the computed probabilities suggests that B1 may be less sensitive to these 

sample statistics. 

CI yields false positive identifications when the sample mean and variance 

are low. False positives also result when the generated number of accidents is 

extremely high, but not as dramatically as for Bl. This may be expected, since the 

Bayesian parameters  are  calculated direct ly  f rom N{.  

The high numbers of false positive identifications produced by Bl may be due 

to the fact that the Bayesian criterion is highly sensitive to N{ and V",-, since these 

data are used to calculate the hyper-parameters a; and If the generated number 

of accidents JV(- is significantly higher than the true expected number of accidents 

Ni and/or if V, is high, Bl is likely to yield a false positive identification. In the 

following numerical example, we demonstrate the influence of a high V; combined 

with a low Ni (Site 4), and the influence that high generated accident numbers (Site 
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Table 4.8: Pima Countv-1. Criterion Bl. False Positives 

Site Prob. 

4 0.9972 64.5 60 122982 
32 0.9811 30 34 69441 

Table 4.9: Pima Countv-1. Criterion Cl. True Negatives 

Site ^90 A,- ^90 

4 1.3370 1.3989 1.4373 1.4631 
32 1.3418 1.3989 1.1840 1.4631 

32) have on false positives. The sites are from the Pima County-1 data set (Tables 

4.8, 4.9). 

Site 4 has a generated number of accidents (60) that is lower than the ex

pected number of accidents (64.5), but a fairly high volume (122,982) with a re

sulting high probability of hazard, 0.9972. The volume at Site 32 is not as high 

(69,441), yet the generated number of accidents (34) exceeds the expected num

ber of accidents (30), yielding a high probability of hazard, 0.9811. Cl accurately 

identifies both intersections as safe, with = 1.3370 and A32 = 1.3418 where 

Ago = 1.3989. 

Bl results in fewer false negatives than Cl. This may be due to the role 

that Ni and V; play in the Bayesian technique. Recall that, in the posterior gamma 

distribution, the shape parameter a,• is updated by JV,- while the scale parameter 
A 

/?,• is updated by V,•• Very low values of Vi produce a gamma distribution that is 

fairly "spread out". The probability of exceeding a given value in this case is lower 

than it is in a distribution that has a higher value of V,-, which is more peaked. An 

example of the combined effect that low values for and Vi have on the posterior 

gamma distribution is provided in Figure 4.1, where Site 28 has a volume (ADT) 

of 128,550, while the volume at Site 29 equals 35,871. The generated number of 
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accidents for the two sites is 75 and 15, respectively. Site 29 is more frequently 

identified as a B1 false negative than is Site 28. 

Pima Co-l> Si tee 28> 29 
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Figure 4.1: Pima County-1, flimnn PDF for Sites 28 and 29 

We see the highest numbers of B1 false negatives in the Pima County-1 data 

set. The data include a wide range of volumes extending as low as 35,871 (Site 

29), a value far lower relative to its accident number than is found in the other 

three data sets, and as high as 158,673. Because the volume is low, the posterior 

distributions have a high variance, and Site 29 is identified as a false negative by 

Bl whenever iV< is low enough. The value of JV» can dramatically aifect the B1 

probabilities when the volume is so low, as illustrated in Table 4.10. 

Table 4.10: Pima County-1. Bl False Negatives. Site 29 

Prob. 'Ni z Identification 

0.8853 
0.9264 

21 
21 

18 
19 

35871 
35871 

1.0001 
0.9991 

0.2242 
0.1627 

NFC\H 
F n S  
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The low volume at Site 29 appears to produce the relatively high false nega

tive figures of merit (II) and deviations (in) that are observed in the Pima County-1 

data set. Low probabilities that would result from low values of TV,- alone are re

duced even further by the small volume at this site. Thus, when the site is a false 

negative, pi is quite large. Volume plays a similar role in producing the large average 

error per Bl false positive recorded for this data set. 

As mentioned at the beginning of the section, Bl and Cl behave fairly consis

tently across the data sets. Several points unique to particular data sets are worth 

mentioning. The idiosyncrasies of the Pima County-1 relating to the low volume of 

Site 29 have been discussed in some detail. In contrast to the Pima County-1 data 

set, the Pima County-2 data produce fairly low numbers of false identifications in

dependent of the identification criterion. This set is unique among the four in that 

it contains three outliers, accident rates considerably higher than the rest of the 

set. One would expect any reasonable identification procedure to perform well with 

this data set. 

In comparing Bl and Cl, only the Tempe data result in average deviations 

per false identification that correlate positively with the relative number of false 

identifications. That is, statistics I, II and m are all lower for Bl than for Cl. This 

may be due to the linear nature of the data. 

It is worth noting that, for the Pima County-2 set and the Tucson set, false 

negatives occur only on one of the 30 runs. In both cases, a single site is erroneously 

flagged. In the Pima County-2 case, the site is a false negative at the .95 level, yet 

is correctly identified as hazardous at the .9 level. This points out a flaw in the 

experimental design that we did not foresee. By using three levels of significance, we 

include in the count of false negatives, for example, those sites identified falsely as 

negative by a technique which are correctly flagged by the technique at a lower level 

of significance. One could argue that the site is identified as a hazard and thus is 

"falsely" identified as a false negative. The same phenomenon occurs in tabulating 

false positives, and tends to be more exaggerated. For example, the Tucson data 

experiences runs with as many as 32 "false" false positives at the .99 level, eight of 
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which are correctly H at the .9 level. Even in this extreme case, however, three-

fourths of the false positives are real, confirming that B1 forces more false positives 

than CI. 

Comparison of B2 and C2 

Turning to a comparison of B2 and C2, we find the performance of the two 

techniques to be very close. Summary statistics for B2 and C2 are listed in Tables 

4.11-4.14 below. Both techniques produce approximately the same average number 

of false negatives (I) for all data sets except Pima County-1, which exhibits a slightly 

higher number of B2 false negatives than C2 false negatives. C2 consistently yields 

a higher average number of false positive identifications (I) than B2, although the 

difference is slight. Both B2 and C2 produce average figures of merit (II) and 

average errors per false identification (III) which are close in value across the data 

sets. The variance associated with statistics I, II and III is approximately the same 

for B2 and C2. 

Table 4.11; Pima County-1. B2/C2 Summary Statistics 

False Negative 
Criterion 

False Positive 
Criterion 

Statistic 
(Variance) B2 C2 B2 C2 

I 0.80 
(0.5793) 

0.73 
(0.5471) 

6.47 
(1.8437) 

6.60 
(1.9724) 

n 0.1664 
(0.0452) 

0.1497 
(0.0309) 

1.1151 
(0.1667) 

1.1371 
(0.1715) 

m 0.2287 
(0.0424) 

0.2263 
(0.0231) 

0.1700 
(0.0019) 

0.1700 
(0.0019) 

IV 2 2 9 9 

V 12 13 0 0 
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Table 4.12: Pima Countv-2. B2/C2 S"rnmary Statistics 

False Negative 
Criterion 

False Positive 
Criterion 

Statistic 
(Variance) B2 C2 B2 C2 

I 0.03 
(0.0000) 

0.03 
(0.0000) 

5.20 
(2.6483) 

5.40 
(2.7310) 

n 0.0021 
(0.0000) 

0.0019 
(0.0000) 

1.2324 
(0.2138) 

1.3022 
(0.2459) 

m 0.0619 
(0.0000) 

0.0576 
(0.0000) 

0.2335 
(0.0015) 

0.2362 
(0.0015) 

IV 1 1 9 9 

V 29 29 0 0 

Table 4.13: Temoe. B2/C2 Summary Statistics 

False Negative 
Criterion 

False Positive 
Criterion 

Statistics 
(Variance) B2 C2 B2 C2 

I 0.17 
(0.1437) 

0.17 
(0.1437) 

7.53 
(1.8437) 

7.60 
(1.7655) 

n 0.0216 
(0.0049) 

0.0217 
(0.0050) 

1.1014 
(0.1407) 

1.1258 
(0.1406) 

m 0.1294 
(0.0178) 

0.1301 
(0.0190) 

0.1422 
(0.0008) 

0.1443 
(0.0008) 

IV 1 1 10 10 

V 25 25 0 0 

but 

one 

In contrast to Cl, C2 uses not only the regional information contained in XR, 

also site-specific volume information when computing the critical rate. When 

combines these characteristics with the fact that C2 assumes the sample data 
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False Negative 
Criterion 

False Positive 
Criterion 

Statistic 
(Variance) B2 C2 B2 C2 

I 0.07 
(0.0644) 

0.07 
(0.0644) 

26.53 
(1.8437) 

26.70 
(2.0103) 

II 0.0055 
(0.0006) 

0.0054 
(0.0006) 

4.4585 
(0.2578) 

4.5089 
(0.2595) 

in 0.0819 
(0.0062) 

0.0803 
(0.0065) 

0.1676 
(0.0002) 

0.1685 
(0.0001) 

IV 1 1 30 30 

V 28 28 0 0 

to have a Poisson distribution, it is no surprise that it performs comparably to B2. 

Critical rates computed using the rate-quality technique (C2) are lower than those 

computed using the classic technique (Cl). Consequently, C2 flags a higher number 

of locations than Cl, reducing the number of false negatives and increasing the 

number of false positives. In addition, the critical rate for location i, a function of 

Vi, is low when V% is high. This leads C2 to flag intersections with high volumes 

whenever XR is not too low, resulting in false positives associated with high-volume 

intersections that are comparable to those produced by B2. 

Differences between B1 and B2 are slight. Recall that B1 calculates the 

probability that A,- > £, while B2 calculates the probability that A,- > XR. The 

calculated value of XR is always higher than 2, and so the ensuing probabilities of 

B2 are slightly lower than those produced by Bl. B2 results in a slight increase 

in false negatives over Bl for all data sets, except the Pima County-2 data which 

contain the outliers. 
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Table 4.15: User-Threshold Summary Statistics- Pima Countv-1 

False Negative 
Criterion 

False Positive 
Criterion 

Statistic 
(Variance) Bl B2 Bl B2 

I 0.43 
(0.3920) 

0.73 
(0.5471) 

6.40 
(3.5586) 

1.97 
(1.2057) 

n 0.1024 
(0.0281) 

0.1511 
(0.0422) 

0.5427 
(0.0707) 

0.0226 
(0.0006) 

m 0.2533 
(0.0294) 

0.2352 
(0.0454) 

0.0823 
(0.0008) 

0.0113 
(0.0001) 

rv 2 2 12 4 

V 19 13 0 3 

Results of User-Supplied Threshold Runs 

The rationale for implementing a user-supplied threshold criterion is dis

cussed in Chapter 3. As defined there, a single criterion is provided by the user. 

By using a single critical rate, we force CI and C2 to identify the same locations. 

The figures of merit for the two techniques are defined differently, however, and 

therefore result in different values. Summary statistics for B1 and B2 are listed in 

Tables 4.15-4.18. Those for Bl/Cl and B2/C2 are presented in Appendix E. 

Recall that, to apply B1 in this context, if 

P{A, > 2} > ST, 

then location t is identified as hazardous. The same criterion is defined for B2, but 

with XR replacing 2. The level of significance ST is calculated differently for Bl 

and B2, and their performance shows a marked difference. For Bl, St is a function 

of £ and a and is uniform over all locations. For B2, site specific values of St{ 

are calculated as a function of XR and the volume at each site. Thus, there is a 

threshold for each location uniquely determined by the user-defined threshold and 

the volume at that site. 
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Table 4.16: User-Threshold Summary Statistics. Pima Coimty-2 

False Negative 
Criterion 

False Positive 
Criterion 

Statistic 
(Variance) Bl B2 Bl B2 

I 0.00 
(0.0000) 

0.07 
(0.0644) 

6.30 
(4.0103) 

1.47 
(2.1195) 

n 0.0000 
(0.0000) 

0.0020 
(0.0001) 

0.6996 
(0.1080) 

0.0215 
(0.0007) 

m 0.0000 
(0.0000) 

0.0306 
(0.0010) 

0.1082 
(0.0010) 

0.0133 
(0.0001) 

IV 0 1 11 5 

V 30 28 0 10 

Table 4.17: User-Threshold Summary Statistics. Tempe 

False Negative 
Criterion 

False Positive 
Criterion 

Statistic 
(Variance) Bl B2 Bl B2 

I 0.00 
(0.0000) 

0.27 
(0.2023) 

6.17 
(2.0057) 

0.93 
(0.5471) 

n 0.0000 
(0.0000) 

0.0007 
(< 0.0001) 

0.2775 
(0.0105) 

0.0001 
(< 0.0001) 

in 0.0000 
(0.0000) 

0.0027 
(< 0.0001) 

0.0449 
(0.0002) 

0.0001 
(< 0.0001) 

IV 0 1 9 3 

V 30 22 0 8 

Bl performs well with respect to false negatives, yielding no false negatives 

for the Pima County-2 data and the Tempe data. Under Bl, the Tucson data expe

riences a false negative on only one run out of 30. Pima County-1 data continues to 
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Table 4.18: User-Threshold Summary Statistics. Tucson 

False Negative 
Criterion 

False Positive 
Criterion 

Statistic 
(Variance) Bl B2 Bl B2 

I 0.03 
(0.0000) 

0.83 
(0.4195) 

19.63 
(2.0333) 

? VT 

(2.7230) 

n 0.0021 
(0.0000) 

0.0087 
(0.0010) 

1.0596 
(0.0343) 

0.0003 
(< 0.0001) 

m 0.0627 
(0.0000) 

0.0119 
(0.0014) 

0.0539 
(0.0001) 

0.0001 
(< 0.0001) 

IV 1 2 22 7 

V 29 9 0 0 

be plagued by its low volume characteristics and consequently has a higher number 

of false negatives (I), higher figures of merit (II) and higher average error per false 

negative (III). CI produces a higher number of false negatives (I) and larger corre

sponding figures of merit (II) than Bl for all data sets. The Tucson data appear to 

have a lower average error per Cl false negative than Bl (III), which contradicts the 

considerably lower average number of false negatives associated with Bl. Again, 

this is due to the fact that the Cl average deviation per false negative represents an 

average over 26 runs that had false negatives, while the Bl deviation is the product 

of a single false negative. 

Bl results in a large average number of false positives (I) for all data sets 

and corresponding large figures of merit (II). The number of false positives and the 

figures of merit resulting from Cl are small by comparison. In general, the statistics 

associated with Bl are similar to those seen in the first part of the experiment and 

occur for the same reasons, that is, sensitivity to higher values of and V{. 

The performance of B2 is considerably different from that of Bl. At the 

threshold rates used, Bl yields fewer false negative identifications (I) and lower false 

negative FM's (II) than B2, while B2 results in fewer false positve identifications and 
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lower false positive FM's than Bl. The variance associated with B2 false negatives 

is slightly larger than than for Bl. Two factors contribute to this difference. First, 

Bl calculates the probability that A,- > x, while B2 calculates the probability that 

At- > XR. Since x is always lower than XR, Bl probabilities are higher than B2 

probabilities. Second, the thresholds, $r{, are unique to each location using B2. 

They tend to be higher than the single St calculated for all locations using Bl. 

Thus, a location requires a higher probability to be flagged as hazardous. Higher 

thresholds combined with lower probabilities naturally result in more false negative 

and fewer false positive identifications. The Tempe data provide an example of the 

difference in false negative dynamics between Bl and B2 (Table 4.19). 

Table 4.19: Tempe. User-Threshold. Site 3 

Criterion Prob. ST Identification 

Bl 
B2 

0.9996 
0.9994 

0.94981 
0.99990 

F(-\B 
NFC\B 

The probability computed by Bl (0.9996) exceeds St  = 0.94981 and accurately 

identifies the site as hazardous. The delta computed by B2 (6t{ = 0.99990) is 

considerably higher than that of Bl. Because S^ is so high, the probability produced 

by B2 (0.9994) is too low to flag the location and thus results in a false negative 

identification. This phenomenon is common, resulting in higher numbers of false 

negatives under B2 than under Bl. However, even in the worst case, that of the 

Tucson data set, B2 identifies on average less than one (0.83) false negative location 

per run. Using St = 2.0, nine sites out of the 96 in the Tucson set are H. 

The B2 false positives often correspond to locations having high volumes in 

combination with high generated accident numbers as illustrated in Table 4.20. 

Neither Site 15 nor Site 64 is a true hazard, both being characterized by true 

rates A,- which fall well below the threshold rate used, A?. Both sites have high 

volumes, (117,600) and (147,600) respectively. On the run illustrated, Site 15 has 
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Table 4.20. Tucson. User-Threshold Criterion B2 

Site Prob. 6 Ti N{ Vi 

15 1.0 0.9999 73.5 86 117600 
64 1.0 0.9999 91.5 105 147600 

a generated number of accidents (86) that is higher than its expected number of 

accidents (73.5). The generated number of accidents at Site 64 (105) is well above 

the expected value for the site (91.5). High values of both Ni and V,- force false 

positive identifications for these sites. 
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CHAPTER 5 

CONCLUSIONS 

In evaluating the performance of these techniques, we weigh the relative 

seriousness of obtaining false negative versus false positive identifications. Since 

false negative identifications may result in loss of life, they are considered to be 

far more serious than false positive identifications, which may result in unnecessary 

expenditures. 

Several common themes emerge from the results presented in Chapter 4. All 

three techniques, the classic, rate-quality and Bayesian, behave consistently across 

the data sets. Thus, the underlying characteristics of a data set do not appear to 

influence the performance of a technique, establishing that the techniques may be 

applied independent of regional differences that might exist. 

In both permutations of the experiment, the classic technique Cl yields a 

greater number of false negative identifications and larger magnitudes of false nega

tive error than its Bayesian counterpart Bl. Bl, on the other hand, results in both 

numbers and magnitude of false positive error that far exceed those of Cl. These 

results may be attributed to several factors. First, the Cl critical rate is the same 

for all locations and depends on the sample mean and variance of rates over the 

region. High Cl critical rates accompany high sample mean and/or variance. A sec

ond factor that may have an even larger impact on the discrepancy in performance 

between Cl and the other criteria, is that Bl, B2 and C2 make use of site-specific 

information. In so doing, the critical rate for C2 and the critical rates implied by 

Bl and B2 are unique to each location and are lower than the critical rate for Cl. 

As a result, Bl, B2 and C2 flag a greater number of intersections as hazardous and 

accordingly yield fewer false negatives than Cl. Given that false negatives are to 

be avoided, we judge the classic technique to be inferior to both the Bayesian and 

rate-quality techniques. 

The Bayesian technique and the rate-quality technique perform similarly. 

They yield low numbers of false negative identifications and correspondingly low 
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figures of merit, both when they are applied at several levels of confidence and 

when an external threshold criterion is provided. The high number of false positive 

identifications obtained when several levels of significance are used is disconcerting, 

but may not be serious, given that false negative identifications are far less desirable. 

The rate-quality technique gives results that essentially match those of the Bayesian 

technique and is computationally straightforward. Thus, the rate-quality technique 

can be recommended as a simple and yet reliable technique. 

Continued study of the Bayesian technique is warranted. Our results demon

strate that it can effectively be used to identify hazardous intersections. As dis

cussed in the context of the user-supplied threshold (Chapter 3), the Bayesian 

technique has two parameters that can be varied, S and St. In addition, since the 

Bayesian technique makes direct use of site-specific data, it may enable accurate 

identifications to be made based on fewer years of collected data than other tech

niques. Thus, the Bayesian technique may have the potential to be a more powerful 

technique than those currently being used to identify hazardous traffic intersections. 
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APPENDIX A 

MATHEMATICAL NOTATION 

Ni the actual number of accidents occurring at location»during a stated 

period of time. 

Vi the number of vehicles passing through location t during a stated 

period of time. 

V* the harmonic mean of (Vi... Vm ) .  

At- the known rate at location i. 

m the total number of locations in the system under consideration. 

p the true mean accident rate. 

a2 the true variance of the accident rate. 

Ni the generated number of accidents occurring at location i during a 

stated period of time. 

At the observed accident rate at location t, defined as A,- = 

Ac, the critical rate for location t. 

XR the computed regional accident rate, XR = —- for t = 1... m. 

x  the sample mean accident rate. 

a2 the sample variance of the accident rate. 

At* the true accident rate at location t, a random variable. 

A the regional accident rate across all sites. 

Si (A,- |2V»-, V,) the probability density function associated with the accident rate at 

location t, given the observations Ni and V,-. 
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/a (A) the probability density function associated with the accident rate 

across the region. 

a an estimate of the shape parameter for the prior gamma distribution. 

A 

an estimate of the scale parameter for the prior gamma distribution. 

a,-' an estimate of the shape parameter for the posterior gamma distri

bution for location i. 

Pi an estimate of the scale parameter for the posterior gamma distri

bution for location t. 

At an arbitrary threshold accident rate above which an intersection is 

considered hazardous. 

6 a level of confidence, 6 € {0.9,0.95,0.99}. 

ks a multiplicative constant for s that is a function of 6. 

the level of confidence corresponding to A,-. 

6c the level of confidence corresponding to A,- using the classic tech

nique. 

Srq{ the level of confidence corresponding to A,- at site i using the rate-

quality technique. 

ScT the level of confidence corresponding to At using the classic tech

nique. 

8rqti the level of confidence corresponding to Ar for location » using the 

rate-quality technique. 

F denotes that a location is "flagged" as hazardous. 

° NF denotes that a location is not "flagged" as hazardous. 

H denotes that a location is known to be hazardous. 

NH denotes that a location is known to be safe. 

Xi a boolean variable denoting that location » is NF n H. 
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Vi a boolean variable denoting that location t is F ft NH. 

Pi the deviation of a false negative identification for location ». 

Ti the deviation of a false positive identification for location t. 

Pi the calculated probability for location t. 

Zx a variable representing the false negative figure of merit. 

Z2 a variable representing the false positive figure of merit. 

v>i a constant denoting the subjective weight assigned to false negatives. 

V)2 a constant denoting the subjective weight assigned to false positives. 

I the average number of false identification made per run. 

II the average false identification figure of merit per run. 

in the average deviation per false identification (p and f). 

IV the maximum number of false identifications over a number of runs. 

V the number of runs in which no false identifications occur. 

ADT average daily traffic. 

CI confidence interval. 

FM figure of merit. 

MVE "million vehicles entering" an intersection. 
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APPENDIX B 

DEVELOPMENT OF THE CONJUGATE FAMILY 

The density function of the number of accidents at location i is uniquely-

described by 

P{Ni = n|A<, V<} = (1) 

with unknown mean A,V,-. 

The parameter A,V,- is a random variable, its exact value being unknown. 

Since 2?[iV,-] = A,V,-, a probability distribution of A,V» equivalently yields a distri

bution of Ni. Of course, this violates the intuitive belief that the identification 

procedure should explicitly include a measure of the traffic volume at each intersec

tion. It is therefore more appropriate to consider the accident rate A,- as the random 

variable of interest in a system which consists of V,- samples of a Poisson process. 

The Bayesian model is developed on this premise. 

Within the Bayesian framework, if certain criteria are met, the distribution 

of the unknown parameter for the sample distribution can be chosen from a class 

of distributions referred to as the "conjugate family". Under these conditions, 

the distribution of the regional rate, A, is a member of the conjugate family and 

is referred to as the "prior" distribution of A. The "posterior distribution", the 

unique distribution of the accident rate A,- at intersection », is calculated from the 

prior distribution and site specific data using using Bayes theorem . The conjugate 

family of distributions for A,- must satisfy two criteria (12): 

i) The distribution which describes the data collection process must be propor

tional to the prior distribution. 

Criterion i) implies that the conjugate family satisfy 

/(JV,|A,-,V,)«/(A,). (2) 

ii) Both the prior and posterior distributions must be closed under multiplica

tion. 
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Given that the data are distributed Poisson with an unknown mean A,-, an 

appropriate conjugate prior, which satisfies both criteria, is a gamma density with 

unknown parameters a and /?. The gamma distribution of A over all sites, prior to 

obtaining site specific accident data, is given by 

f*W = (3) 

The parameters a and (3 can be estimated using one of several techniques including 

the method of maximum likelihood (MML) or the method of moments estimates 

(MME). Using MME, a and 0 are a function of the sample mean and variance of A 

for the system. Let x denote the sample mean of A, s2 denote the sample variance 

of A, and m denote the number of sites in the system. Then, 

m k v < '  

l J2. ]\i. 2 

i=l 

Since for each site, A,- = a and /? are estimated as follows: 

£ 

a = (3x. (5) 

The posterior distribution incorporates collected data representing V,- sam

ples of a Poisson process into the prior. Once the prior distribution has been 

determined, the posterior distribution is found using Bayes theorem: 

/«(A,|JV,-,V.) = fiW^Vi)MX) _ t (6) 
//,( |̂A,-,y,)/fl(A)dA,-

Since the denominator is not a function of A,-, it can be disregarded in calculation 

of the posterior distribution (13) and (6) can be simplified to 

/.(A,|iV,,V,) oc fi(Ni\X i tVi)fR(X). ( 7 )  
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The posterior distribution is calculated as a product of the likelihood function 

of A« in light of the data Ni and the prior distribution of A, /b(A). Let Ny be a V,-

dimensional vector representing V,- samples of accident data for site i. That is, 

J = 1 if the jth car entering intersection i is involved in an accident, 
1J \ =0, otherwise. W 

The likelihood function is 

/i(NU|Aj,V,) = n îe-X'- (») 

The posterior distribution of A,- is 

Vi) a . (10) 

which is equivalent to 

r((«+££, *,,)-!) 

Thus, the posterior distribution of A» is completely described by 

ft 
/<{S<|NU,V() = ^jAj- (12) 

Vj 

j=i 

= & + N { ,  

ft' = 4 + Vi. (13) 

As described here, the Bayesian technique can be summarized as a two step 

procedure. First, the prior parameters a and 0 are determined from regional sample 

statistics as in (5). In the second step, the prior parameters are updated with site 

specific data as in (13). This results in a unique posterior gamma distribution for 

each location i that is a function of both regional and site specific characteristics. 



APPENDIX C 

HISTORICAL DATA 

Pima County 1981-1983 

Site Average Daily Known 
Number Number of Volume Rate 

Accidents (#/MVE) 
1 10.00 28644.0 0.9567 
2 23.00 52891.0 1.1917 
3 10.00 28950.0 0.9466 
4 21.50 40994.0 1.4373 
5 4.50 20964.5 0.5882 
6 7.00 18392.0 1.0430 
7 8.50 16422.0 1.4185 
8 4.50 15824.5 0.7793 
9 7.00 13952.5 1.3749 

10 9.00 24495.5 1.0069 
11 7.00 17863.0 1.0739 
12 10.50 24515.0 1.1738 
13 7.00 29054.0 0.6603 
14 11.00 28998.0 1.0396 
15 9.00 21772.5 1.1328 
16 5.50 22342.5 0.6746 
17 2.50 8100.0 0.8458 
18 5.50 20322.5 0.7417 
19 4.50 19989.0 0.6170 
20 2.00 19450.0 0.2818 
21 5.50 21253.0 0.7092 
22 4.00 10924.0 1.0035 
23 7.50 20360.0 1.0095 
24 0.50 15550.0 0.0881 
25 8.50 12605.0 1.8480 
26 3.00 14500.0 0.5670 
27 7.50 15376.0 1.3367 
28 23.00 42850.0 1.4710 
29 7.00 11957.0 1.6044 
30 7.50 19915.0 1.0321 
31 6.50 18501.5 0.9628 
32 10.00 23147.0 1.1840 
33 4.50 20953.0 0.5886 



Pima County 1984-1986 

Site Average Daily Known 
Number Number of Volume Rate 

Accidents (#/MVE) 
1 7.50 28950.0 0.7100 
2 25.50 69450.0 1.0062 
3 13.50 35350.0 1.0466 
4 11.00 33600.0 0.8972 
5 11.50 30000.0 1.0505 
6 6.00 26300.0 0.6252 
7 8.00 25050.0 0.8752 
8 5.50 20750.0 0.7264 
9 6.50 20600.0 0.8647 

10 6.50 27500.0 0.6478 
11 9.00 24000.0 1.0277 
12 18.00 36350.0 1.3571 
13 15.50 34350.0 1.2366 
14 12.00 28300.0 1.1620 
15 7.50 29200.0 0.7039 
16 7.00 27850.0 0.6888 
17 6.00 31300.0 0.5253 
18 3.00 9592.0 0.8571 
19 13.50 33350.0 1.1093 
20 14.00 29100.0 1.3185 
21 4.00 28400.0 0.3860 
22 14.50 29600.0 1.3425 
23 7.50 16200.0 1.2687 
24 9.00 26050.0 0.9468 
25 6.00 24050.0 0.6837 
26 17.00 20350.0 2.2894 
27 6.50 17700.0 1.0064 
28 12.00 25300.0 1.2998 
29 33.00 41550.0 2.1766 
30 15.00 21500.0 1.9120 
31 11.00 23400.0 1.2883 
32 4.50 20500.0 0.6016 
33 8.00 22200.0 0.9876 
34 10.00 21650.0 1.2658 
35 13.00 30700.0 1.1605 



Tempe, arterial/collector intersections, 1982, 1984 

Site Average Daily Known 
Number Number of Volume Rate 

Accidents f#/MVE) 
1 5.50 28824.5 0.5229 
2 22.50 31722.0 1.9438 
3 26.50 34514.0 2.1042 
4 18.50 32310.0 1.5692 
5 26.00 39712.0 1.7942 
6 23.00 40206.5 1.5677 
7 13.50 36009.0 1.0274 
8 19.00 28825.0 1.8064 
9 20.50 38116.0 1.4739 

10 18.00 34919.0 1.4127 
11 17.50 36292.5 1.3215 
12 24.50 37267.5 1.8016 
13 16.00 32663.5 1.3424 
14 13.50 32052.5 1.1543 
15 18.00 40043.0 1.2319 
16 18.00 33952.5 1.4529 
17 12.50 38279.5 0.8949 
18 24.50 46289.5 1.4505 
19 17.50 31841.0 1.5062 
20 13.00 34360.5 1.0368 
21 9.50 27823.0 0.9357 
22 6.50 27629.0 0.6447 
23 9.00 31671.5 0.7788 
24 7.00 30389.5 0.6313 
25 8.50 27702.5 0.8409 
26 12.50 40759.0 0.8405 
27 8.50 28772.5 0.8096 
28 5.50 21985.5 0.6856 



Tucson, major /major intersections, 1983-1986 

Site Average Daily Known 
Number Number of Volume Rate 

Accidents (MVE) (#/MVE) 
1 39.00 40700.0 2.6260 
2 21.25 27400.0 2.1254 
3 25.75 38300.0 1.8425 
4 9.00 32300.0 0.7636 
5 15.75 46800.0 0.9223 
6 7.25 43900.0 0.4526 
7 18.00 37900.0 1.3016 
8 26.50 96300.0 0.7541 
9 20.50 51700.0 1.0867 

10 71.75 82900.0 2.3719 
11 31.50 53800.0 1.6046 
12 2.75 22500.0 0.3350 
13 7.75 21600.0 0.9833 
14 16.50 36100.0 1.2526 
15 24.50 39200.0 1.7128 
16 21.75 56600.0 1.0531 
17 16.25 65900.0 0.6758 
18 30.75 48700.0 1.7304 
19 5.00 19800.0 0.6920 
20 21.25 65000.0 0.8959 
21 13.75 48600.0 0.7753 
22 8.75 24100.0 0.9950 
23 30.75 69600.0 1.2108 
24 21.75 74000.0 0.8055 
25 7.25 21900.0 0.9072 
26 5.25 21300.0 0.6755 
27 8.50 20400.0 1.1419 
28 4.25 18700.0 0.6228 
29 18.50 33300.0 1.5225 
30 29.00 51000.0 1.5583 
31 33.50 69100.0 1.3286 
32 11.00 22500.0 1.3398 
33 15.00 34300.0 1.1985 
34 43.50 69300.0 1.7202 
35 31.50 33700.0 2.5616 
36 9.50 37200.0 0.6999 
37 10.50 23100.0 1.2457 
38 14.25 37800.0 1.0331 
39 16.75 57500.0 0.7983 
40 12.50 39200.0 0.8739 



Tucson 1983-1986, continued 

Site Average Daily- Known 
Number Number of Volume Rate 

Accidents (MVE) (#/MVE) 
41 23.25 57400.0 1.1100 
42 9.50 57300.0 0.4544 
43 52.75 71100.0 2.0332 
44 17.00 48200.0 0.9666 
45 14.00 44800.0 0.8564 
46 3.25 17200.0 0.5178 
47 14.00 35700.0 1.0747 
48 27.00 52100.0 1.4202 
49 26.75 46700.0 1.5698 
50 9.50 35900.0 0.7252 
51 19.50 40800.0 1.3098 
52 31.50 51800.0 1.6665 
53 3.50 53100.0 0.1806 
54 13.75 22500.0 1.6748 
55 5.25 32500.0 0.4427 
56 3.75 21300.0 0.4825 
57 21.25 52100.0 1.1178 
58 10.50 26700.0 1.0777 
59 25.75 42700.0 1.6526 
60 7.75 30600.0 0.6941 
61 20.50 44600.0 1.2596 
62 27.75 60300.0 1.2612 
63 5.00 19000.0 0.7212 
64 30.50 49200.0 1.6989 
65 33.75 56800.0 1.6284 
66 4.50 21900.0 0.5631 
67 7.75 25500.0 0.8329 
68 0.75 13000.0 0.1581 
69 25.75 52700.0 1.3390 
70 47.50 61100.0 2.1305 
71 13.50 32200.0 1.1490 
72 10.00 53100.0 0.5161 
73 13.75 33300.0 1.1316 
74 45.75 60500.0 2.0724 
75 18.75 24100.0 2.1321 
76 24.75 44800.0 1.5140 
77 20.75 45500.0 1.2498 
78 15.00 46300.0 0.8879 
79 3.75 34300.0 0.2996 
80 14.25 46100.0 0.8471 



Tucson 1983-15 >86, continued 

Site Average Daily Known 
Number Number of Volume Rate 

Accidents (MVE) (#/MVE) 
81 15.75 24800.0 1.7404 
82 6.00 15100.0 1.0889 
83 7.50 25400.0 0.8092 
84 18.00 30600.0 1.6121 
85 13.75 31200.0 1.2078 
86 26.25 31200.0 2.3057 
87 15.00 65900.0 0.6238 
88 8.00 59700.0 0.3672 
89 21.25 44300.0 1.3146 
90 17.00 37500.0 1.2424 
91 28.50 61200.0 1.2762 
92 7.50 48100.0 0.4273 
93 8.75 37200.0 0.6446 
94 5.75 31100.0 0.5067 
95 39.00 78000.0 1.3702 
96 11.00 47600.0 0.6333 



APPENDIX D 

CATEGORIZED IDENTIFICATION SUMMARY (AVERAGES) 

Pima County 1981-83, Bl/Cl 
33 sites 

II CO
 

o
 

B1 CI 

F NF F NF 

H 
NH 

2.50 
5.07 

0.50 
24.93 

1.77 
1.47 

1.23 
28.53 

6 = .95 B1 CI 

F NF F NF 

H 
NH 

1.33 
4.93 

0.67 
26.07 

1.00 
0.83 

1.00 
30.17 

S = .99 B1 CI 

F NF F NF 

H 
NH 

0.00 
3.50 

0.00 
29.50 

0.00 
0.47 

0.00 
32.53 

At = 1.5 Bl CI 

F NF F NF 

H 
NH 

1.57 
6.40 

0.43 
24.60 

1.27 
2.20 

0.73 
28.80 



Pima County 1981-83, B2/C2 
33 sites 

II to
 

o
 

B2 C2 

F NF F NF 

H 
NH 

2.43 
4.60 

0.57 
25.40 

2.43 
4.63 

0.57 
25.37 

6 =  .95 B2 Z2 

F NF F NF 

H 
NH 

1.23 
4.20 

0.77 
26.80 

1.30 
4.47 

0.70 
26.53 

6 = .99 B2 C2 

F NF F NF 

H 
NH 

0.00 
3.30 

0.00 
29.70 

0.00 
3.53 

0.00 
29.47 

Ay — 1.5 B2 C2 

F NF F NF 

H 
NH 

1.27 
1.97 

0.73 
29.03 

1.27 
2.20 

0.73 
28.80 



Pima County 1984-86, Bl/Cl 
35 sites 

6 = .90 61 CI 

F NF F NF 

H 
NH 

3.00 
4.60 

0.00 
27.40 

2.80 
0.30 

0.20 
31.70 

6 = .95 Bl CI 

F NF F NF 

H 
NH 

2.97 
3.10 

0.03 
28.90 

2.57 
0.10 

0.43 
31.90 

6 = .99 Bl CI 

F NF F NF 

H 
NH 

2.00 
2.20 

0.00 
30.80 

1.07 
0.27 

0.93 
32.73 

XT — 1.5 Bl CI 

F NF F NF 

H 
NH 

3.00 
6.30 

0.00 
30.27 

2.93 
1.73 

0.07 
30.27 



Pima County 1984-86, B2/C2 
35 sites 

II CO
 

o
 

B2 C2 

F NF F NF 

H 
NH 

3.00 
4.33 

0.00 
27.67 

3.00 
4.50 

0.00 
27.50 

6 = .95 B2 C2 

F NF F NF 

H 
NH 

2.97 
2.83 

0.03 
29.17 

2.97 
3.07 

0.03 
28.93 

6 = .99 B2 C2 

F NF F NF 

H 
NH 

2.00 
2.03 

0.00 
30.97 

2.00 
2.23 

0.00 
30.77 

XT 1.5 B2 C2 

F NF F NF 

H 
NH 

2.93 
1.47 

0.07 
30.53 

2.93 
1.73 

0.07 
30.27 



Tempe, 1982,1984, BlCl 
28 sites 

o
 

o» II B1 CI 

F NF F NF 

H 
NH 

3.83 
4.47 

0.17 
19.53 

2.57 
0.70 

1.43 
23.30 

6 = .95 B1 CI 

F NF F NF 

H 
NH 

1.00 
6.13 

0.00 
20.87 

0.73 
0.97 

0.27 
26.03 

6 = .99 B1 CI 

F NF F NF 

H 
NH 

0.00 
5.13 

0.00 
22.87 

0.00 
0.17 

0.00 
27.83 

II to
 

b
 

Bl CI 

F NF F NF 

H 
NH 

1.00 
6.17 

0.00 
20.83 

0.83 
1.03 

0.17 
25.97 



Tempe, 1982, 1984, B2/C2 
28 sites 

II *<o
 

o
 

32 C2 

F NF F NF 

H 
NH 

3.83 
3.90 

0.17 
20.10 

3.83 
3.97 

0.17 
20.03 

6 = .95 B2 C2 

F NF F NF 

H 
NH 

1.00 
5.70 

0.00 
21.30 

1.00 
5.83 

0.00 
21.17 

6 = .99 B2 C2 

F NF F NF 

H 
NH 

0.00 
4.83 

0.00 
23.17 

0.00 
5.00 

0.00 
23.00 

A i> = 2.0 B2 C2 

F NF F NF 

H 
NH 

0.73 
0.93 

0.27 
26.07 

0.83 
1.03 

0.17 
25.97 



Tucson 1983-86, Bl/Cl 
96 sites 

6 = .90 B 1 CI 

F NF F NF 

H 
NH 

9.97 
20.63 

0.03 
65.37 

8.67 
2.13 

1.33 
83.87 

S = .95 B 1 CI 

F NF F NF 

H 
NH 

7.97 
19.50 

0.03 
68.50 

5.73 
1.10 

2.27 
86.90 

6 = .99 B 1 CI 

F NF F NF 

H 
NH 

2.00 
20.13 

0.00 
73.87 

1.40 
0.60 

0.60 
93.40 

— 2.0 I 31 CI 

F NF F NF 

H 
NH 

8.97 
19.63 

0.03 
67.37 

7.23 
1.17 

1.77 
85.83 



Tucson 1983-86, B2/C2 
96 sites 

II 3
 

S 2 C2 

F NF F NF 

H 
NH 

9.93 
18.77 

0.07 
67.23 

9.93 
18.87 

0.07 
67.13 

S = .95 E 2 C2 

F NF F NF 

H 
NH 

7.97 
17.33 

0.03 
70.67 

7.97 
17.70 

0.03 
70.30 

6 = .99 B 2 C2 

F NF F NF 

H 
NH 

2.00 
17.77 

0.00 
76.23 

2.00 
18.70 

0.00 
75.30 

At — 2.0 B2 22 

F NF F NF 

H 
NH 

8.17 
3.37 

0.83 
83.63 

7.23 
1.17 

1.77 
85.83 



APPENDIX E 

USER-THRESHOLD SUMMARY STATISTICS 

Pima County 1981-83 
A T 

= 1.5 

False Negative 
Criterion 

False Positive 
Criterion 

Statistic 
(Variance) B1 CI B1 CI 

I 0.43 
(0.3920) 

0.73 
(0.5471) 

6.40 
(3.5586) 

2.20 
(1.2000) 

n 0.1024 
(0.0281) 

0.1093 
(0.0178) 

0.5427 
(0.0707) 

0.1137 
(0.0065) 

m 0.2533 
(0.0294) 

0.1664 
(0.0148) 

0.0823 
(0.0008) 

0.0512 
(0.0008) 

IV 2 2 12 4 

V 19 13 0 3 



Pima County 1984-86 
At 

= 1.5 

False Negative 
Criterion 

False Positive 
Criterion 

Statistic 
(Variance) B1 CI B1 CI 

I 0.00 
( 0.0000) 

0.07 
(0.0644) 

6.30 
(4.0103) 

1.73 
(1.9954) 

n 0.0000 
(0.0000) 

0.0023 
(0.0001) 

0.6996 
(0.1080) 

0.0848 
(0.0082) 

in 0.0000 
(0.0000) 

0.0338 
(0.0015) 

0.1082 
(0.0010) 

0.0446 
(0.0011) 

IV 0 1 11 5 

V 30 28 0 6 



Tempe, 1982, 1984 
A 71 — 2.0 

False Negative 
Criterion 

False Positive 
Criterion 

Statistic 
(Variance) B1 CI Bl CI 

I 0.00 
(0.0000) 

0.17 
(0.1437) 

6.17 
(2.0057) 

1.03 
(0.7230) 

II 0.0000 
(0.0000) 

0.0073 
(0.0005) 

0.2775 
(0.0105) 

0.0267 
(0.0007) 

in 0.0000 
(0.0000) 

0.0440 
(0.0016) 

0.0449 
(0.0002) 

0.0268 
(0.0002) 

IV 0 1 9 3 

V 30 25 0 8 



Tucson 1983-86 
XT — 2.0 

False Negative 
Criterion 

False Positive 
Criterion 

Statistic 
(Variance) B1 CI B1 CI 

I 0.03 
(0.0000) 

1.77 
(1.0126) 

19.63 
(2.0333) 

1.17 
(0.9713) 

n 0.0021 
(0.0000) 

0.0722 
(0.0045) 

1.0596 
(0.0343) 

0.0209 
(0.0004) 

in 0.0627 
(0.0000) 

0.0402 
(0.0007) 

0.0539 
(0.0001) 

0.0187 
(0.0001) 

IV 1 3 22 3 

V 29 4 0 9 



Pima County 1981-83 
A >p — 1.5 

False Negative 
Criterion 

False Positive 
Criterion 

Statistic 
(Variance) B2 C2 B2 C2 

I 0.73 
(0.5471) 

0.73 
(0.5471) 

1.97 
(1.2057) 

2.20 
(1.2000) 

n 0.1511 
(0.0422) 

0.1357 
(0.0288) 

0.0226 
(0.0006) 

0.0263 
(0.0007) 

m 0.2352 
(0.0454) 

0.2083 
(0.0251) 

0.0113 
(0.0001) 

0.0118 
(0.0001) 

rv 2 2 4 4 

V 13 13 3 3 



Pima County 1984-86 
1*5 

False Negative 
Criterion 

False Positive 
Criterion 

Statistic 
(Variance) B2 C2 B2 C2 

I 0.07 
(0.0644) 

0.07 
(0.0644) 

1.47 
(2.1195) 

1 71 
(1.9954) 

n 0.0020 
(0.0001) 

0.0017 
(0.0001) 

0.0215 
(0.0007) 

0.0257 
(0.0009) 

m 0.0306 
(0.0010) 

0.0259 
(0.0010) 

0.0133 
(0.0001) 

0.0124 
(0.0001) 

IV 1 1 5 5 

V 28 28 10 6 



Tempe, 1982,1984 
Ar 

= 2.0 

False Negative 
Criterion 

False Positive 
Criterion 

Statistic 
(Variance) B2 C2 B2 C2 

I 0.27 
(0.2023) 

0.17 
(0.1437) 

0.93 
(0.5471) 

1.03 
(0.7230) 

II 0.0007 
(< 0.0001) 

0.0006 
(< 0.0001) 

0.0001 
(< 0.0001) 

< 0.0001 
(< 0.0001) 

in 0.0027 
(< 0.0001) 

0.0033 
(0.0001) 

0.0001 
(< 0.0001) 

< 0.0000 
(< 0.0001) 

TV 1 1 3 3 

V 22 25 8 8 



Tucson, 1983-86 
A<7» = 2.0 

False Negative 
Criterion 

False Positive 
Criterion 

Statistic 
(Variance) B2 C2 B2 C2 

I 0.83 
(0.4195) 

1.77 
(1.0126) (2.7230) 

1.17 
(0.9713) 

II 0.0087 
(0.0010) 

0.0078 
(0.0010) 

0.0003 
(< 0.0001) 

< 0.0000 
(< 0.0001) 

in 0.0119 
(0.0014) 

0.0034 
(0.0001) 

0.0001 
(< 0.0001) 

< 0.0000 
(< 0.0001) 

IV 2 3 7 3 

V 9 4 0 9 
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