
Abstract—This study investigates the relationship between 
crash frequencies, roadway design and use features by utilizing 
the benefits of clustered panel data.  Homogeneous high-speed 
roadway segments across the State of Washington were grouped 
using cluster analysis technique, resulting in grouped 
observations with reasonably continuous crash count values.  
This permitted application of both fixed- and random-effects 
linear regression models for the total number of crashes 100 per 
million vehicle miles traveled (VMT).  A crash severity model 
also was estimated, using an ordered probit regression, allowing 
transformation of total crash counts into counts by severity.  
Speed limit information is found to be very valuable in 
predicting crash occurrence.  For roadways with average design 
and use attributes, a 10 mi/h increase speed limit from 55 mi/h 
results in 3.29% more crashes expected for the average roadway 
section at a speed limit of 55 mi/h.  However, speed limits may 
have biased coefficients, most likely attributable to unobserved 
safety-related effects.  In addition, the authors also conducted a 
cost/benefit analysis of raising speed limit.  An increase in speed 
limit from 55 mi/h to 65 mi/h would save 106,879 hours per 100 
million VMT, which is equivalent to $1,607,455.  The additional 
crash counts due to the increase in speed limit only cause 
$437,964 loss.  The results suggest that raising speed limits can 
offer some considerable time savings benefits. 

I. INTRODUCTION

RAFFIC crashes remain a major public health 
problem.  In 2002 42,815 persons died on U.S. roads, and 

almost 3 million were injured in over 6 million 
police-reported motor vehicle traffic crashes [1].  NHTSA[1] 
estimates the total cost at $230 billion, or over $800 per 
person annually.  Through a better understanding of what 
impacts crash frequency and crash severity, effective life- and 
cost-saving measures can be pursued.   

Roadway segments vary dramatically in their design and 
use levels, even during the course of a mile along a single 
routing.  In modeling crash counts as a function of design 
details, like vertical grade and horizontal curvature, modelers 
often must analyze data from very short segments in order to 
obtain uniformity in design and use characteristics.  Over the 
course of a year, crashes on short segments are typically few, 
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particularly fatal crashes.  Under these conditions, classical 
linear regression models are not workable.  Discrete models 
of counts are used.  For example, Miaou and Lum [2] 
employed Poisson regression models to investigate the 
relationship between crash occurrence and highway 
geometric design features in Utah.  Shankar et al. [3] used 
negative binomial models to investigate the effects of 
roadway geometrics and environmental factors on rural 
freeway crash occurrence. Poch and Mannering [4] and 
Milton and Mannering [5] also used negative binomial 
regression models. And Shankar et al. [6] have used 
zero-inflated Poisson (ZIP) models.  McCarthy [7] employed 
fixed-effects negative binomial models to examine fatal crash 
counts using 9 years of panel data for 418 cities and 57 areas 
in the U.S.  Noland [8] used fixed- and random-effects 
negative binomial models to investigate the effects of 
roadway improvements on traffic safety using 14 years of 
data for all 50 U.S. states.  Kweon and Kockelman [9] also 
used such models (along with zero-inflated and simpler, 
pooled models) to study the effects of speed limits, design, 
and use on crash occurrence in Washington State.  

There are certain drawbacks to using count models, such as 
possibly inconsistent estimation and inference due to 
potentially inappropriate distributional assumptions, together 
with difficulty in quantitative interpretation of parameters 
(due to exponential or other transformations of the rate 
equation in order to ensure positive predictions).  In order to 
account for these issues, another approach is taken here, 
which first classifies roadway segment observations into 
relatively homogeneous clusters, and then models crash 
frequencies using a linear specifications.  Others in 
transportation safety analysis have used cluster analysis, but 
for different applications.  Almost three decades ago 
Moellering [10] studied the patterns of traffic crashes using 
geographical cluster analysis.  Golob and Recker [11] utilized 
cluster analysis to classify traffic flow regimes for different 
freeway crash types.  Le Blanc and Rucks [12] clustered 
crashes occurring on the lower Mississippi River by crash 
type, traffic level, and location.  Wong et al. [13] grouped 
safety projects for Hong Kong roadways and examined the 
relationship with crash rates using linear regression models 
with statistically significant time trends.  Wells-Parker and 
Cosby [14] clustered DUI (driving while under the influence 
of alcohol or drugs) offenders into five subgroups based on 
number of traffic violations and other characteristics and 
examined relationships between variables like alcohol 
consumption and accident risk.  Gregersen and Berg [15] 
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clustered young persons by lifestyle and examined crash risk.  
Ulleberg [16] also clustered young drivers and investigated 
their responses to a traffic safety campaign.  Finally, Sohn 
[17] investigated the relationships between crash counts, 
roadway design, and other factors using Poisson regression 
models for clustered Korean crash data.  Among all these, 
only Wong et al. [13] and Sohn [17] used regression analysis 
based on their clustered data, resulting in applications most 
similar to those pursued here.  

The remaining sections of this paper describe the data sets 
and methods used here, as well as empirical findings.  
Conclusions, including suggestions for further study, are then 
summarized.  

II. DATA SET AND CLUSTER ANALYSIS

The crash data sets used here were collected from 
Washington State through the Highway Safety Information 
System (HSIS).  A total of more than 760,000 occupants were 
involved in about 263,970 reported crashes, resulting in more 
than 2,400 fatalities from 1993 to 1996 and from 1999 to 
2002 on Washington State highways.  These data contain 
information on occupants’ demographics, roadway design 
features, vehicle characteristics, environmental conditions (at 
the time of crash), and basic crash information (such as crash 
severity, time, locations and type).  

Speed limits are a key variable for this work, so the data 
emphasize the years 1993 through 1996, and 1999 through 
2002, which bracket the repeal of the National Maximum 
Speed Limit (NMSL).  This work also emphasizes high-speed 
roadways, so straight roadway segments having speed limits 
less than 50 mi/h were removed from the data set. (Some 
high-speed roadways have relatively tight horizontal curves 
along them, with lowered speed limits.  These curved sections 
were kept in the data set, since their associated corridor is 
high-speed in nature.) 

Usually the average crash count and rate per roadway 
segment in the original data set are very low, featuring 
primarily zeros, even over the course of a year or more.  
Aggregation of similar segments, via cluster analysis, raises 
these response values, ultimately permitting the use of 
continuous regression models.  Continuous model results are 
easier to appreciate than those of discrete, count-based 
models, where a latent term and non-linear transformations 
complicate the data analysis and the evaluation of regression 
model results.  Cluster analysis groups observations into 
relatively homogenous collections (i.e., clusters) by 
essentially minimizing the variance or spread across defining 
variables of interest within the clusters, and maximizing that 
between clusters.  The results of this technique are described 
here.

The 100,457 short segments were clustered on the basis of 
their design attributes.  In order to maintain a consistent panel 
after clustering, roadway segments experiencing changes in 
design features during 1993 through 2002 (including number 
of lanes, roadway classification, terrain, presence of median, 

degree of curvature, vertical grade, and right shoulder width) 
were removed from the further analysis.  The remaining 
41,348 segments account for 59% of total miles, 65% of 
VMT and 63% of total crashes.  The groups of each variable 
for clustering are shown in Table I.  The clustering of data 
was performed as follows: Assign a specified membership to 
the segments whose attributes are in the same group in terms 
of items listed in Table I, and repeat this process until all 
segments have been assigned a membership.  Each unique 
membership refers to a cluster.  After getting membership for 
each segment, aggregation within each membership was 
applied to get the corresponding values for the interested 
variables.  Their associated dependent variable information 
(i.e., crash counts and VMT) were summed to create overall 
crash rates for each cluster in each year of the data set.  For 
their associated independent variables, values were 
VMT-weighted averages.  The membership obtained from 
clustering the 1993 data set of segments was employed to 
cluster the remaining observations, from 1994 through 1996, 
and from 1999 through 2002.  Clearly, the data have been 
made much more continuous in nature, permitting application 
of more standard – and easier to interpret – linear models. 

III. MODEL ESTIMATION AND ANALYSIS

A. Crash Frequency Model 
Panel datasets, such as the one described above, can have a 

number of advantages compared to less structured data.  
Panel data permit identification of variations across 
individual roadway segments and variations over time.  
Accommodation of observation-specific effects also 
mitigates omitted-variables bias, by implicitly recognizing 
segment-specific attributes that may be correlated with 
control variables.  Models that are applied to analyze such 
datasets must take account of their panel nature.  Two of the 
standard model types that are appropriate for panel data are 
fixed and random effects models.  In the fixed-effects (FE) 
linear model, the specification is as follows [18]:  

it it i ity x  for 1, 2, ,i N  and 1, 2, ,t T    (1) 

where i  is the roadway segment’s specific effect, a constant 
term that does not vary over time. 

In random-effects (RE) linear panel models, the 
specification is as follows [18]: 

it it i ity x u               (2) 

where iu  is the random effect specific to roadway segment i,
and it  is as above.  There is one random effect for each 
segment and it remains constant over time; however, each 
segment’s individual iu  is assumed to be a realization from 
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an underlying distribution of effects that is common to all 
segments. 

Usually, RE estimates are more efficient than FE estimates 
since they are obtained by making use of both within-group 
and between-group variations (rather than only within-group 
variations).  However, when there is correlation between 
omitted unobserved variables and included explanatory 
variables, the RE estimates are biased while the FE estimates 
are unbiased [19]. 

The question arises as to which model should be used in 
practice.  If FE models are used, there will be a loss of 

1N degrees of freedom in estimating the segment specific 
effects.  If RE models are used, it must be assumed that the 
segment-specific effects are uncorrelated with other, included 
variables.  The Hausman test for such correlation can be 
performed using the following chi-squared statistic [18]: 

2 1ˆ ˆˆ1 FE RE FE REW K b b      (3) 

where ˆ ˆ
FE RE FE REVar b Var b Var    (4) 

where FEb  is the LSDV estimator for the FE panel model, 

and ˆ
RE  is the GLS estimator for the RE panel model.  

Greene [18]) notes that Hausman’s implicit assumption for 
calculating  is that the covariance of a random effect 
estimator with its difference from a fixed effect estimator is 
zero.  Interested readers are encouraged to read Greene’s 
book [18] for further proof.  

Hsiao [19] argues that an FE model is more appropriate 
when the investigator only aims to infer results for 
individuals in the sample, while the RE model is preferred for 
inferences relating to the larger population.  However, which 
specification gets used depends more on whether there exist 
correlations between omitted variables and the included 
control variables.  Both the FE and RE model forms are 
estimated here, and Hausman’s test is applied to evaluate the 
possibility of error-term correlation with control variables. 

In order to avoid having the variable of VMT (where VMT 
is the multiple of segment length and Washington DOT’s 
AADT estimates for each segment) on both sides of the 
equation (in the denominator of the crash rate variable and in 
the numerator of traffic intensity/density variable), which can 
create spurious correlations, we have moved VMT to the 
right-hand side, interacting it with all former variables.  This 
leaves crash count (rather than rate) as the dependent 
variable. 

it it it itCount VMT X             (5) 

where Count  refers to crash count (number of crashes per 
year per segment), and the sX '  are variables like speed 
limit, degree of curvature, lane-use density (AADT per lane), 

right shoulder width, presence of median, vertical grade, and 
indicators of roadway classification and rural location, as 
well as a constant term. 

B. Crash Severity Model 
To estimate the ordered response of crash severity, an 

ordered probit regression was used.  The crash severity model 
is concerned with predicting the distribution of crashes or 
injuries by severity, given that a crash has already occurred: 
the model does not predict crash probability itself.  The 
ordered probit is appropriate when the outcome being 
modeled can be naturally represented by an ordered sequence 
of discrete values.  For example, a crash may result in no 
injuries or in any of a progression of injury severity levels up 
to fatality.  The ordered probit model accounts for this 
property of injury severity data. 

The ordered probit model is formally specified as follows 
(Greene, 2002):  

*
i i iY X                   (6) 

where 1,2,i n  designates an observation (clustered 
group), *

iY is a latent continuous measure of crash severity for 
clustered group i , iX  is a vector of group i characteristics 
relevant in explaining the crash severity, is a vector of 
parameters to be estimated, and ~ 0,1i N  is an 
unobservable error term, assumed to be identically and 
independently distributed as a standard normal distribution. 

The observed, discrete severity level variable iY  can be 
computed using the following equation: 

*
1

*
1 2

*
2

1 if 0 PDO crash
2 if injury crash
3 if fatal crash

i

i i

i

Y
Y Y

Y
       (7) 

where 1  is a threshold value fixed at 0, and 2  is a 
threshold parameter to be estimated. 

The probabilities corresponding to each discrete crash 
severity can be obtained via the following equation: 

*
1

1

1

( ) ( )i j i j

i j i i j i

j i j i

P Y j P Y

P X P X

X X

   (8)

where  represents the standard normal distribution 
function, and 1, 2,3j .

The log-likelihood function can be constructed as follows.  
3

1
1 1

ln
n

j
i j i j i

i j

LogL k X X   (9) 
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where j
ik  is the number of crash type j  for clustered group 

i .  The log-likelihood in Equation (9) is maximized with 
respect to  and the scalar threshold parameter 2  by an 
iterative procedure, to obtain maximum likelihood estimates 
(MLE) of the parameters. 

IV. MODEL RESULTS

A. Crash Frequency Estimation and Analysis 
Both FE and RE linear models were estimated for total 

crashes.  Hausman test results suggest that there is no 
significant correlation between the RE model random error 
terms and included variables, so the RE estimates are 
preferred for reasons of statistical efficiency.  Moreover, as 
discussed above, most design features are time invariant, and 
thus their associated parameters cannot be estimated using FE 
models.  The final estimation results for the RE model are 
shown in Table II.  The adjusted R-square goodness of fit 
statistic suggests that 96% of the variation in crash count 
occurrence is explained by the model’s control variables.   

In interpreting this table, it is important to note that, 
although VMT was interacted with all of the variables shown 
in the model specification, the coefficient estimates shown in 
the table have not been multiplied by VMT.  Consequently, 
the reported values are estimates of the crash rate
coefficients.  In order to interpret the results in terms of their 
crash count implications, the coefficients must be multiplied 
by VMT. 

Based on  the standardized coefficients calculated using the 
results in Table II, speed limit is an important factor that 
positively impacts crash frequency.  However, the presence 
of the squared speed limit with a negative coefficient 
moderates the simple linear effect to some extent.  The 
combination of these two terms implies that 3.29% more 
crashes would be expected if speed limits were to increase 10 
mph (from 55 mi/h to 65 mi/h), holding all other control 
variables at their average values. 

Holding all factors fixed (including roadway design and 
traffic intensity), the relationship between total crash rate and 
speed limit is concave, with a maximum around 73 mph.  
Because of the quadratic specification, the curve eventually 
falls, but extrapolation beyond 70 mph goes outside the range 
of observed data and is not credible. 

The results of Table II also suggest that roadway design 
plays an important role in predicting crash occurrence.  For 
example, more crashes are expected on sharper horizontal 
curves as well as on steeper vertical curves.  Crash rates are 
also predicted to rise with increasing traffic intensity 
(measured as AADT per lane).  This is probably due to the 
greater interaction among vehicles that occurs under more 
congested conditions.  The presence of a median also 
significantly reduces crash frequency. 

A summary of results for speed limit and all other control 
variables is presented following the discussion of crash 
severity models, in Table III.  This table allows one to 

appreciate the effects of various design and use variables on 
crash severity as well as crash frequency. 

B. Crash Severity Estimation and Analysis 
An ordered probit regression model was estimated using 

the clustered data aforementioned after filtering the zero 
crash observations.  The estimation results are shown in Table 
III.  The table only includes a final model, in which 
explanatory variables not exhibiting statistical significance at 
the 0.1 level have been removed via a process of step-wise 
deletion [18]. 

Variables of every type were found to be informative in the 
final model.  Crashes on steeper vertical curves were found to 
be less severe.  Other things equal, crashes on freeways tend 
to be less severe.  Speed limits appear to have no significant 
effect on the distribution of crashes by severity, given that a 
crash has occurred.  (However, to the extent that speed limits 
may affect crash occurrence, they will have an effect on the 
total number of crashes by severity.) 

To compare these results with the crash occurrence models 
presented previously, consider a segment of highway having 
the same “average” characteristics as discussed in crash 
frequency section.  For a speed limit increase from 55 mi/h to 
65 mi/h, the basic crash count model presented in that section 
predicts a 3.29% increase in the crash rate.  If the distribution 
of crashes by severity were unaffected by speed limit 
changes, this would mean an average of 4.03, 2.73 and 0.081 
more PDO, injury and fatal crashes per 100 million VMT, 
respectively.  Predicted changes in crash rates due to changes 
in other variables of interest are shown in Table IV, based on 
crash occurrence models developed before. 

C. Analysis of Crash Costs vs. Time Saving 
Based on a summary of previous studies [see, e.g. (20)], 

observed traffic speeds are expected to rise roughly 3.4 mph 
if speed limits are raised 10 mph.  Thus, the time savings per 
100 million VMT due to a 10 mph increase in speed limits is 
estimated to be 106,879 hours.  This time savings is 
equivalent to $1,607,455, when using the USDOT’s assumed 
value of travel time of $15.04 per hour per vehicle [21, 22].  
Based on crash count and crash severity model results, this 
same 10 mph increase in speed limits is predicted to result in 
4.03, 2.73 and 0.081 more PDO, injury and fatal crashes per 
100 million VMT, respectively.  The equivalent average cost 
estimate for this increase in crashes is just $437,964 (in 2000 
dollars).  Therefore, the estimated cost-benefit ratio is 1:3.67.  
The results suggest that raising speed limits can offer some 
considerable time savings benefits.  

V. CONCLUSIONS

Traffic crashes remain a major health problem for the U.S., 
as well as for other countries.  Roadway design and speed 
limit policies are important determinants of crash outcomes.  
The models estimated here first employ cluster analysis, to 
create 337 groups of what were originally 41,348 
homogeneous high-speed roadway segments throughout the 
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State of Washington.  These clustered data points then 
provide relatively continuous crash count and, therefore, 
crash rate data, permitting use of linear models and 
straightforward estimates of speed, use and design effects.  
The eight-year panel data sets were analyzed using two model 
specifications.  The RE models were preferred FE models, 
based on Hausman tests (for correlation between random 
effects and control variables).  Additionally, a crash severity 
model was estimated using an ordered probit regression.  The 
models reveal that speed limit information is highly valuable 
in predicting crash frequencies, but has little effect on crash 
severity.   

As expected, many design, use, and speed limits variables 
are highly statistically and practically significant.  For 
roadways with average design and use attributes, a 10 mi/h 
increase speed limit from 55 mi/h results in 3.29% more 
crashes for the average roadway section.  An ordered probit 
regression model was estimated to examine the effects of 
speed limits as well as various geometric design features on 
crash severity.  The speed limit appears to have no significant 
effect on crash severity.  However, speed limits do have a 
positive effect on the crash occurrence.  It therefore can 
correspondingly increase the fatal crashes.  Given these 
attributes if speed limit increases from 55 mi/h to 65 mi/h, 
4.03, 2.73 and 0.081 more PDO, injury and fatal crashes per 
100 million VMT would be expected to occur on the segment.  
Crash count model results also suggest that roadway design 
plays an important role in predicting crash occurrence.  For 
example, more crashes are expected on sharper horizontal 
curves as well as on steeper vertical curves.  Crash rates also 
are predicted to rise with increasing traffic intensity 
(measured as AADT per lane).  The presence of a median also 
significantly reduces crash frequency.  The R-square is quite 
high, thanks in large part to the inclusion of a “size” term 
(VMT) on the right-hand side of the equation.  If crash counts 
were normalized with respect to this size term, the dependent 
variable would become a crash rate, and regression of the 
segments’ crash rates on all other control variables would 
result in an R-square of 0.1804.   

In addition, the authors also conducted a cost/benefit 
analysis of raising speed limit.  An increase in speed limit 
from 55 mi/h to 10 mi/h would save 106,879 hours per 100 
million VMT, which is equivalent to $1,607,455.  The 
additional crash counts due to the increase in speed limit only 
cause $437,964 loss.  Therefore, the results suggest that 
raising speed limits can offer some considerable time savings 
benefits. 

In sum, this work appears to be the first of its kind: 
clustering roadway segments in order to permit linear model 
calibration and estimating crash rates and severity when 
raising speed limits.  Such estimates should prove useful in 
the design of new roadways and speed limit policies on new 
and existing roadways.  
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APPENDIX

TABLE II
LINEAR RANDOM EFFECTS MODELS OF CRASH COUNTS

Final Model Models 
Variables Coef. P-value 

Constant 1.044 0.008
Degree of curvature (°/100ft) 6.18E-09 0.032
Vertical grade (%) 8.81E-09 0.000
Total right shoulder width -9.33E-09 0.002
Posted speed limit (mph) 3.84E-08 0.000
Posted speed limit squared (mi2/hr2) -2.63E-10 0.000
AADT per lane (veh/year/lane) 1.01E-11 0.000
Indicator for interstate highway -2.15E-07 0.000
Indicator for non-interstate freeway -9.63E-08 0.000
Indicator for presence of median -1.87E-07 0.000
Indicator for rolling terrain 2.24E-08 0.005
Indicator for mountainous terrain 4.04E-08 0.017
Indicator for rural location -4.81E-08 0.003
Indicator for 2- or 3-lane highway -7.18E-08 0.001
Indicator for 4- or 5-lane highway 1.31E-08 0.016
Indicator for year 1994 -1.53E-08 0.004
Indicator for year 1995 -1.81E-08 0.001
Indicator for year 1996 1.58E-08 0.036
Indicator for year 1999 4.25E-08 0.000
Indicator for year 2000 5.84E-08 0.000
R-sqrd. 0.9618
Number of Observations. 2,696

TABLE I
VARIABLE THRESHOLDS FOR CLUSTER DEFINITIONS IN THE CRASH

COUNT MODEL
Variable Group description #groups 

# lanes 2 & 3; 4 & 5; 6,7 & 8 lanes 3 
Presence of median yes/no 2 
Rural yes/no 2 
Interstate yes/no 2 
Terrain Level; rolling; mountainous 3 
Non-interstate freeway yes/no 2 
Degree of curvature DC=0 ; 0 <DC 10 ; DC>10  3 

Right shoulder width RSW=0; 0<RSW 20;
RSW>20 ft 3

Vertical grade VG=0; 0<VG 5; VG>5% 3 
Total possible clusters 3×2×2×2×3×2×3×3×3=3888
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TABLE IV
CRASH RATE SENSITIVITY TO VARIABLES OF MODELS

Expected Percentage Changes 
Explanatory Variables Change in 

Variable Fatal Injury PDO Total 
          Roadway Design Variables 
Degree of curvature +1 0.30% 0.28% 0.93% 0.30%
Vertical grade (%) +1 0.42% 0.45% -0.68% 0.42%
Total right shoulder width  +10 -4.49% -4.49% -4.49% -4.49%
Posted speed limit (mi/h) 55  65 3.29% 3.29% 3.29% 3.29%
          Roadway Classification & Location Variables 
Indicator for interstate Yes -9.74% -11.16% -12.51% -10.34%
Indicator for non-intst Yes -4.45% -4.88% -5.30% -4.63%
Indicator for median Yes -8.99% -8.99% -8.99% -8.99%
Indicator for rolling  Yes 1.08% 1.08% 1.08% 1.08%
Indicator for mountainous  Yes 1.88% 2.02% 2.17% 1.94%
Indicator for rural area Yes -2.31% -2.31% -2.31% -2.31%
Indicator for 2 or 3 lane Yes -3.70% -3.11% -2.58% -3.45%
Indicator for 4 or 5 lane Yes 0.68% 0.57% 0.47% 0.63%
          Traffic Volume & Yearly Indicator Variables 
AADT per lane 1000 0.49% 0.49% 0.48% 0.49%

TABLE III
ORDERED PROBIT REGRESSION MODEL OF CRASH SEVERITY

Variable Coef. Std. Err. P-value
Mu 2.037 0.0273 0.000
Constant -0.2675 0.07697 0.000
Degree of curvature (°/100ft) 0.007902 0.001288 0.000
Vertical grade (%) -0.00989 0.001661 0.000
AADT per lane 4.669E-06 2.039E-06 0.011
Indicator for interstate highway -0.08907 0.0331 0.004
Indicator for non-interstate freeway -0.0591 0.01323 0.000
Indicator for mountain terrain -0.04849 0.01397 0.000
Indicator for 2- or 3- lane highway 0.1302 0.03259 0.000
Indicator for 4- or 5- lane highway 0.1102 0.01038 0.000
Indicator for year 1996 -0.08871 0.01095 0.000
Indicator for year 1999 -0.08749 0.0201 0.000
Indicator for year 2000 -0.09318 0.01793 0.000
Indicator for year 2001 -0.0921 0.005414 0.000
Indicator for year 2002 -0.1293 0.005315 0.000
LogLik value at constant -914.7
LogLik value (full model) -1002.3
Number of Observations 1,379
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