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Modeling Fatal Injury Rates Using Poisson 
Regression: A Case Study of Workers 
in Agriculture, Forestry, and Fishing 
A. J. Bailer, L. D. Reed, and L. T. Stayner 

Injury surveillance data serves as the foundation of many  safety studies. These 
studies frequently gather information on the number  of injuries along with the 
number  of employees at risk of injury in each of several strata where the strata are 
defined in terms of a series of important predictor variables. It is common for 
analyses of such data to examine injury rates separately for each predictor variable. 
The analysis of the code or unadjusted injury rates give an overall indication of injury 
rate changes as a function of a particular predictor variable; however, further insights 
may be gained from analyses using Poisson regression models. 

Po/sson regress/on mode/s are described as a means of analyzing rates adjusting for 
one or more predictor variables. In these models, the log rate of injury is expressed 
as a linear function of predictor variables. The interpretation of model parameters is 
given along with a presentation of the basic formulation of such models. Testing for 
trend, evaluation of confounding, and effect modification are illustrated using sur- 
veiUance data describing occupational fatal injury rates as a function of year (1983- 
1992), gender and age for White workers employed in agriculture, forestry, or 
fishing. Data for this analysis were obtained from two sotwces: the National Trau- 
matic Occupational Fatality (NTOF) database from the National Institute for Occu- 
pational Safety and Health provided counts of the fatal injuries, while data from the 
U.S. Bureau of Labor Statistics (BLS) provided counts on employment. Using an 
unadjusted trend model, a statistically nonsignificant decline in fatal injury rates 
over 1983-1992 is observed. Further analysis using Poisson regression revealed an 
interaction between gender and calendar year with males experiencing a weak, 
albeit significant, decrease and females experiencing a strong and significant 
increase. © 1997 National Safety Council and Elsevier Science Ltd 
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INTRODUCTION 

The basic data for many occupational safety 
studies are injury rates. The number of injuries 
and the corresponding number of workers em- 
ployed are recorded for several levels of one or 
more predictor variables, such as industry or 
occupation. As an example, consider an analysis 
of occupational fatal injury data. One might be 
interested in assessing research hypotheses con- 
cerning whether the injury rates differ as a func- 
tion of workplace characteristics such as indus- 
try, job title, shift, and worker characteristics 
such as gender, race, and age. Prior to any 
analysis, the number of workers employed (or 
time at risk) and the number of fatal injuries 
would be recorded for each unique workplace- 
worker combination (i.e., for each strata defined 
by industry-job title-shift-gender-race-age com- 
binations). Once these data are gathered, it is 
common for the analyses to examine injury 
rates separately for the levels of each predictor 
variable. This type of analysis is sometimes 
called a crude or unadjusted analysis of rates 
since the potential confounding effects of other 
predictor variables are ignored. These unad- 
justed analyses provide valuable information 
regarding the overall public health impact of 
certain variables on injury rates; however, these 
analyses may mask important clues related to 
occupational fatal injury etiology. 

Further insight into the relationship between 
injury rates and the predictor variables may be 
obtained by using regression methods. These 
methods may be used to assess whether or not a 
trend in rates is statistically significant. In ad- 
dition, these methods may be used to assess 
whether the association between a risk factor of 
interest and the rate of adverse response is in- 
dependent of other factors, that is whether there 
is confounding. While an analysis of crude rates 
within strata defined by potentially confounding 
factors partially addresses this question, the 
number of strata increases dramatically as the 
number of potential confounders that are simul- 
taneously considered grows large. Thus, tech- 
niques for the assessment and simultaneous 
control of a large number of confounding vari- 
ables are desirable. It is also possible that the 
strength and/or direction of the relationship be- 
tween the risk factor of interest and the rate of 
adverse response may differ in strata defined by 
levels of other predictor variables, so-called ef- 
fect modification. For example, as we will il- 
lustrate shortly, the trend in fatal injury rates is 

178 

much different for males and females. These 
three issues - -  testing for trend, evaluating con- 
founding, and detecting effect modification - -  
provide the motivation for a consideration of 
regression methods as an alternative to univari- 
ate methods for the analysis of injury data in 
this paper. To illustrate these issues, we use 
Poisson regression modeling methods to ad- 
dress questions of a calendar year trend in fatal 
injury rates for workers employed in the agri- 
culture, forestry, and fishing industries. 

MATERIAL AND METHODS 

Data 

Workers in agriculture, forestry, and fishing 
are employed in an industry with nearly the 
highest occupational fatal injury rates with an- 
nual fatal injury rates of approximately 20 per 
100,000 workers documented over the years 
1980-1989 (NIOSH, 1993). These rates are 
seen to vary with age within agriculture, for- 
estry, and fishing (see, for example, NIOSH, 
1993). For the analyses that follow, we re- 
stricted our attention to workers that were iden- 
tified as being in the agriculture, forestry, and 
fishing industry division (SIC codes 01-09 from 
Office of Management and Budget, 1987) and 
"farmers/foresters/fishers" occupation group 
(U.S. Department of Commerce, 1982). We fur- 
ther restricted our analysis to White workers, 
the largest racial category in our data set, to 
simplify our analysis. We selected this combi- 
nation of industry/occupation/race categories 
for exposition - -  other industry/occupation/race 
categories could have been selected. (As an 
aside, the total number of fatal injuries in non- 
Whites averaged approximately 52 deaths each 
year during this interval, while the annual aver- 
age number employed in this category was ap- 
proximately 211,110. Unadjusted non-White fa- 
tal injury rates ranged from 18 to 30 deaths per 
100,000 workers with no statistically significant 
trend observed.) 

Counts of deaths in this cohort were cross- 
classified by calendar year (1983-1992), gender 
(male, female), and age category (11 categories 
- -  16-19, 20-24, 25-29, 30-34, 35-39, 40--44, 
45--49, 50-54, 55-59, 60-64, and 65+). These 
counts were obtained from the National Insti- 
tute for Occupational Safety and Health Na- 
tional Traumatic Occupational Fatality (NTOF) 
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database, a death certificate-based registry, and 
were combined with data on employment from 
the U.S. Bureau of Labor Statistics (BLS). The 
BLS employment data were based upon unpub- 
lished data tabulated from the current popula- 
tion survey (U.S. Bureau of the Census, 1978) 
constructed in response to an interagency agree- 
ment between BLS and NIOSH. 

Data Description 

We selected this combination of industry and 
occupation categories for exposition of the models. 
Agriculture, forestry, and fishing represent a group 
with large numbers of individuals employed along 
with fairly high crude fatal injury rates. Agriculture, 
forestry, and fishing represent a group with large 
numbers of individuals employed-- from 2,850,803 
in 1983, and decreasing to 2,581,603 in 1992. Ap- 
proximately 82.5% of the workforce is male, with 
this proportion remaining fairly stable over the last 
decade. Small changes are being experienced in this 
workforce age distribution over the years 1983 
through 1992. In particular, the proportion of the 
workforce in the lowest three age categories had 
each declined by 2.4 to 3.0%, while the percentage 
of workers in the highest age category has increased 
by approximately 1.0%. 

Statistical Analyses 

Objectives in the analysis of rates include a 
determination of which predictor variables are 
related to the rates and how these predictor 
variables are functionally or mathematically re- 
lated to the rates (Breslow & Day, 1987). In 
short, we model rates as some explicit function 
of relevant predictor variables. One framework 
in which the analysis of rates may be conducted 
is called a Poisson regression model. This 
model has frequently been applied to the anal- 
ysis of cohort data in epidemiology (Berry, 
1983; Frome, 1983; Frome & Checkoway, 
1985; Whittemore, 1985), and is now described 
in many books (Breslow & Day, 1987; Checko- 
way, Pearce, & Crawford-Brown, 1989; Selvin 
1995). In our presentation below, we focus on a 
quick overview of these methods with special 
attention toward their use in the analysis of fatal 
injury statistics. Interested readers are encour- 
aged to examine the references given above for 
greater detail on the use of these techniques in 
general. The methods we describe in this sec- 
tion serve as alternatives to the stratified anal- 
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yses that are often encountered in injury epide- 
miology. In those analyses, injury rates are 
explored separately for strata defined by com- 
binations of predictor variables. For example, 
220 separate strata are defined by the 10 years 
× 2 levels of the gender variable × 11 age 
categories. Rates defined specifically for each 
strata may be unstable due to small numbers of 
observations in each stratum (Checkoway et al., 
1989, Section 3.2). Thus, when many predictor 
variables are to be simultaneously controlled, 
alternatives to such analyses should be consid- 
ered. Statistical models provide a natural means 
of addressing such a problem. 

The injury rates are estimated by the number 
of injuries (d) divided by the number of person- 
years at risk (N), i.e., 

rate = (number dead)/(person-years at risk). 

The number dead, d, is assumed to follow a 
Poisson distribution with mean la d = N * k 
where h is the true underlying injury incidence 
rate. The mean number of deaths, or ultimately, 
the rate, is then modelled as some parametric 
function of the predictor variables. Since a Pois- 
son variate is assumed to have a mean > 0, this 
function of the predictors is frequently con- 
strained so that the values of this function are 
greater than zero. A common choice for model- 
ing the rate k, as a function of a set of predictor 
variables X~ . . . . .  Xp, is a log-linear model of 
the following form: 

log(h)=log( laJN)  = 13o + 131 Xl -~- ... + [~p Xp 
( l a )  

or, equivalently, 

log(pa)=13o + [31Xl +...+13pXp + log(N) (lb) 

where 13; is the regression coefficient relating 
the mean number of injuries to the i th predictor 
variable X i (i = 1 . . . . .  n). The log transformation 
ensures that the model-based predictions of 
rates are constrained to be greater than or equal 
to zero. 

Thus, log(rate) is a linear function of the predictor 
variables. In the language of generalized linear mod- 
els (GLIMs), log is a "link" function and log(N) is 
called the "offset" (Dobson, 1990; McCullagh & 
Nelder, 1989). As we see in equation lb, the log 
function "links" the average number of deaths to the 
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linear combination of the predictor variables while 
the log(N) term enters the model with fixed weight- 
ing coefficient (a beta of 1 in this case). The analyses 
presented herein are conditional on the employment 
cxxmts. Other denominators, N, might be of interest. 
For example, the number of hours employed could 
be used as an alternative to the employment counts. 
It is not hard to imagine that a 16-year-old working 
part-time does not experience the same amount of 
time at risk as a 35-year-old working full-time. In 
addition, holders of multiple jobs might be accomo- 
dated in this analysis by only counting the hours 
worked in a particular industry of interest. The rate 
analysis described herein can easily accomodate this 
change, where now the injury rates are expressed as 
fatal injuries per person-hours of work. 

The choice of a Poisson distribution for the num- 
ber of deaths, d, leads to the variance function in the 
GLIM in which the variance of the response is equal 
to the mean response. Notice that this represents a 
clear point of departure from the multiple linear 
regression model in which equal (homogenous) vari- 
ances are assumed. Count data, by its very nature, 
immediately violates this multiple regression as- 
sumption, leading to the need to consider more com- 
plicated regression models such as GLIMs. This 
model structure can be fit using appropriate software 
(e.g., SAS,. 1993) and hypothesis tests and parameter 
estimates,'~s, along with associated standard errors 
can be generated. As a technical aside, these esti- 
mates and standard errors are obtained by means of 
maximum likelihood estimation often implemented 
in GLIMs in an iteratively reweighted least squares 
algorithm (see McCullagh & Nelder, 1989 for more 
detail). 

Critical assumptions are made in this mod- 
eling exercise. First, a correct specification of 
the link function is important (i.e., are the log 
rates linearly related to the predictor variables 
of interest?). The adequacy of the model spec- 
ification can be assessed by residual analyses 
(see, for example, Sec. 2.4, McCullagh & 
Nelder, 1989). Second, the Poisson response 
distribution implies that the variance is equal to 
the mean, which is an important assumption, 
and if violated, the standard errors associated 
with the parameter estimates are incorrect. The 
most common violation of this assumption is 
for the variance to exceed the mean - -  so-called 
"overdispersion." Methods for incorporating 
overdispersion can be found in a variety of 
sources, including McCullagh and Nelder 
(1989, section 6.4) and SAS (1993). As an 
aside, adjustments for overdispersion have been 

incorporated into previous analyses of trends in 
injury rates, in particular, childhood drowning 
rates (Brenner, Smith, & Overpeck, 1994). A 
global check of the model specification, both 
mean and variance components, is contained in 
the ×2 statistic, which is constructed from the 
observed and expected counts (Dobson, 1990, 
Section 9.5). Finally, a comparison of statistical 
models based upon a measurement of the dis- 
crepancy of a model's fit, the "deviance," is 
also used to qualitatively evaluate the adequacy 
of a Poisson regression model. In particular, if 
the deviance is approximately equal to the 
model degrees of freedom, then the model is 
considered adequate. 

The predictor variables in the model above 
might be categorical, such as gender. As an 
example, i fX 1 is defined as X l = 1 if female and 
X~ = 0 if male (i.e., X~ is an indicator variable), 
then the 

(injury rate for females) = exp(f31 ) 

× (injury rate for males) 

where the injury rate for males is exp(Bo) and 
all other predictor variables are held constant. 
This leads to another common interpretation of 
the parameters of these models. The injury in- 
cidence rate ratio (RR) for females as compared 
to males is exp([3~). An estimate of this rate 
ratio is given by exp(~) where ~ is the point 
estimate of 131. An approximate 100 x (1 - 
c0% confidence interval for this rate ratio is 
given by exp['~ ___ Z~2 s.e.(~)] where Z~/2 is 
the upper-tailed critical value from a standard 
normal distribution (e.g., Z.o25 = 1.96) and 
s.e.(~) is the standard error associated with ~ .  

All model fits reported in the results section 
were obtained using the SAS GENMOD proce- 
dure (SAS, 1993). As a final caveat, many impor- 
tam issues need to be considered when utilizing 
these models. For example, are these models cor- 
rectly specified - -  both in terms of the predictor 
variables considered and the response distribution. 
Although not presented in the text, we conducted 
additional analysis to assess the goodness-of-fit of 
the regression models we employed. In addition, 
the quality of the data, such as undercounting of 
certain ages or of a particular gender should be 
evaluated. Finally, the death certificate (numera- 
tor) data is based on "usual" industry or occupa- 
tion while the survey (denominator) employment 
data, reflects the actual job in the week of the 
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FIGURE 1 
PLOT OF THE OCCUPATIONAL FATAL INJURY RATES FOR AGRICULTURE/FORESTRY/FISHING 
INDUSTRY AND OCCUPATION DIVISIONS TABULATED FOR YEARS 1983 THROUGH 1992. EACH 

POINT IS ANNOTATED WITH THE NUMBER OF FATALITIES (ABOVE THE OBSERVED INJURY 
RATE) AND THE NUMBER EMPLOYED (BELOW THE OBSERVED INJURY RATE) 

0 
¢0 
0 
0 
q 
0 

U') 
O~ 
0 
0 
0 
d 

o 
r r o  

Leg. 
o 

LL 

tD 

0 
0 

0 

0 
0 
d 

566 

529 
530 / ' \  508 

/ \ ' 99  ,01 48, 

2709966 
2767829 2649044 

2679587 2665645 
2850803 2614812 

2666477 

! 1 i i i i i i i i 

83 84 85 86 87 88 89 90 91 92 

year 

468 

2 5 8 1 6 0 3  

survey. This adds yet another potential confound- 
ing factor to the analyses of  rates based upon 
different data sources. 

RESULTS 

Unadjusted Trends in Fatal Injury 

The total number of  fatal injuries and num- 
ber employed was classified by year, and the 
injury rates by this classification are plotted in 
Figure 1. From this figure, it appears that the 
occupational fatal injury rate has remained rel- 
atively constant over the time period 1983 
through 1992. In this figure a rate of  0.00020 
corresponds to 2 fatal injuries per 10,000 work- 
ers or 20 fatal injuries per 100,000 workers. 

Fall 1997/Volume 28/Number 3 

A simple univariate Poisson regression 
model may be use to formally test whether or 
not there is evidence for a trend in the rates as 
a function of one predictor variable, namely 
calendar year. For this first model, the raw data 
would be the number dying in occupational fatal 
injuries and the number employed for each year. 
Thus, no adjustment for other predictor vari- 
ables are considered in this model. Formula- 
ically, this is represented as 

log(hyear) = 13o + 131(YEAR) (2) 

where h y ~  is the injury rate for each year. This 
model assumes that the injury rate is the same for 
all white agriculture/forestry/fishing workers re- 
gardless of  gender and age. The raw data for 
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fitting such a model are presented in Figure 1. The 
number of fatalities in each year is displayed 
above the observed injury rate while the size of the 
workforce is displayed below this rate. 

The regression model described in equation 2, 
hereafter referred to as "model (2)," implies that a 
plot of log(rate) versus year should be linear with 
slope [3 r As an aside, year was rescaled, YEAR = 
calendar year - 1983, for this model and all later 
models so that the intercept parameter represents 
the log rate for 1983. 

The coefficients f rom fitting model  (2) 
were  ~o = - 8 . 5 4 6 9  and ~,~ = - 0 . 0 0 7 2  with 
s.e.( '~) = 0.0256 and s.e.('[31) = 0.0049. This 
model suggests that the log-transformed injury 
rate decreases -0 .0072 units per year. Alterna- 
tively, the estimated change in fatal injury rates 
from 1 year to the next was exp(-0.0072) = 
0.993, which translates into an annual decrement 
in the fatal injury rate of about 0.7% [= 100 × 
(1-0.993)%]. An approximate 95% CI for the 
parameter associated with year is -0 .0072 +__ 
1.96(0.0049) = (-0.0168,  0.0024). Since 13 Z = 0, 
is contained in this interval, no significant change 
in crude fatal injury rates per year is observed. 
This observation is corroborated by the p-value 
associated with a test of [31 = 0, which was 0.14. 

Assessing Confounding 

Other natural questions in the analysis of  
trends in fatal injury rates are whether the ob- 
served trend in crude fatal injury rates with year 
is the same when controlled for other predictor 
variables. If  the relationship between injury 
rates and year adjusted for other predictor vari- 
able differ from the relationship between crude 
injury rates and year, then evidence of con- 
founding is present (Kleinbaum, Kupper, & 
Morgenstern, 1982). The Poisson regression 
model can be used to evaluate these questions. 
For this discussion, (calendar) year is viewed as 
the risk factor of interest while gender and age 
will be considered potential confounders. The 
following model may be used to assess whether 
the relationship between injury rates and calen- 
dar year is confounded by age and gender: 

log( h[year-gende r-age ]) = [30 + [~1(YEAR) 

10 

+ ~2I(GENDER=female) + Ec~i I (AGE = i13) 

i=l 
where hty~-g~-~r-agel is the injury rate for a particu- 
lar year-gender-age combinalion, I(GENDER = fe- 
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male) = 1 if female and = 0 if male and I(AGE = 1) 
= 1 if the first age category and = 0 otherwise. Other 
age categories are similarly defined with the last age 
category serving as a reference category. This model 
suggests that the relationship between injury rate and 
year is the same for both genders and all age cate- 
gories. This model allows for differences in the base- 
line injury rates for the three variables YEAR, GEN- 
DER, and AGE. For example, the log-injury rate for 
16--19-year-old females in 1983 would be log(kt83_ 
female-age = 1]) = [~0 ~- [~2 "~ O[1 implying the injury 
rate is ht83 _ female -- age = 1] = exp([30 + [~2 q'- °/-1). 

The interpretation of B~ is now the change is log- 
transformed injury rate associated with a 1 year 
change when gender and age are held constant. The 
raw data (not shown) for fitting such a model is the 
number of fatalities and the number of workers in 
each year-gender-age combination. If the estimate of 
131 , the regression coefficient associated with the 
effect of year, changes appreciably from fitting 
model (2) versus fitting model (3), this suggests a 
confounding of the injury rate - -  year relationship 
by the gender and age predictor variables. 

To assess confounding, we fit model (3) in 
which age (entering the model as 10 categorical 
variables) and gender (entering the model as 1 
categorical variable) are added to a model con- 
taining calendar year. The results of  this model 
fit is given in Table 1. Note, in particular, that 
the parameter estimate associated with calendar 
year has changed from -0 .0072  from the crude 
analysis to -0 .0095  (with standard error of  
0.0049). We see some evidence of confounding 
since the point estimate of the year coefficient 
changes by 32% ( -0 .0095 l -0 .0072) .  Finally, 
while there is still no strong evidence of signif- 
icant trend in fatal injury rates with calendar 
year, the p-value associated with the test of the 
parameter associated with year in a model with 
gender and age considered is 0.05 in contrast to 
the p-value of 0.14 observed in the analysis of  
unadjusted rates. This suggests that the simul- 
taneous control of other predictor variables ap- 
pears to have strengthened the evidence for 
decline in the fatal injury rates with calendar 
year. 

Assessing Effect Modification 

Further evaluation of the data might involve 
questions about whether the trend with calendar 
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TABLE 1 
PARAMETER ESTIMATES, STANDARD ERRORS AND P-VALUES RESULTING FROM THE FIT OF 

MODEL(3)--ASSESSING CONFOUNDING 

Model Term 

INTERCEPT 
AGE 

GENDER 

YEAR 

I Level of Categorical Variables 

16-19 . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  
20-24 . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

25-29 . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  
30-34 . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  
35-39 . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  
40-44 . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  
45-49 . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  
50-54 . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  
55159  . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  

60-64 . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  
65 and up* . . . . . . . . . . . . . . . . . . . . . . . . .  

Female 
Male* 

Parameter I 
Estimates Standard Errors P-values 

-7.4297 0.0353 0.0000 
-2.0910 0.0873 0.0000 
-1.3007 0.0561 0,0000 
-1,1991 0.0539 0.0000 
-1.2532 0.0587 0.0000 
-1.2036 0,0592 0.0000 
-1.0386 0.0808 0.0000 
-0.9880 0.0814 0.0000 
-0.8195 0.0587 0.0000 
-0.7473 0.0552 0.0000 
-0.6755 0.0546 0.0000 
0.0000 0.0000 

-2.6930 0.1213 0.0000 
0.0000 0,0000 

-0.0095 0.0049 0.0516 

* These levels are the reference levels for the categorical variables, 
Note: P-value=O.O000 implies that the calculated P-value <0.0001, 

year varies by different levels of  the other co- 
variates. If  the trend differs within levels of 
other predictor variables, then evidence of  effect 
modification is present (Kleinbaum et al., 
1982). 

The following model may be used to assess 
whether the predictor variables for calendar 
year varies by gender or age: 

l°g(~kD. . . . .  gender-age]) = [30 + [3 l(YEAR) 

+ [32I(GENDER =female) 

+ [33YEAR*I(GENDER =female) + 

10 10 

Eo~iI (AGE = i)+ Z % Y E A R * I ( A G E  = i) (4) 

i=1 i = [  

where 133 represents how the trend for females 
differs from that for males and "~i represents 
how the trend for age category i differs from 
that for the reference age category. Even though 
the raw data for this model is identical to that 
for model (3), the interpretation of the parame- 
ters differs dramatically. As noted previously, 
Model (3) implicitly assumes that the effect of  
year on log-injury rates is the same for males 
and females and for all ages (i.e., a no interac- 
tion assumption - -  [33 = 3'1 . . . . .  ~ho = 0). 
Model (4) explicitly incorporates interaction or 
effect modification terms in the model via the 
cross-product terms YEAR*I(GENDER = fe- 
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male) and YEAR*I(AGE = i). If  the 133 or the % 
parameters differ significantly from zero, then ev- 
idence is present that gender or age is an effect 
modifier of  the year effect on fatal injury rates. As 
an example, if 133 =~ 0, then the log-transformed 
injury rates are predicted to change by 131 with 
each passing year in males and by [31 + [33 with 
each passing year in females (holding age con- 
stant). 

The issue of  effect modification of  the rela- 
tionship between fatal injury rates and calendar 
year by age and gender was evaluated by fitting 
Model (4). This model was fit (not reported), 
and there was little evidence that age was an 
effect modifier of  the calendar year effect, since 
the year-age effect did not differ significantly (p 
= 0.57) from zero. (Technical point: this p-value 
was obtained from multiple degree of freedom 
test of  "Yi = • • - = "Y~o = 0, which involved 
comparing discrepancy measures from nested 
models, differences in deviances. Interested 
readers should consult McCullagh and Nelder 
(1989) for details concerning the comparison of 
nested models.) In contrast, there was evidence 
that gender was an effect modifier of  year since 
the "YEAR*GENDER"  interaction appears to 
be significantly (p = 0.02) different from zero. 
This implied that the trend in females differs 
significantly from the trend in males. In addi- 
tional analyses, we modified Model (4) by elim- 
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FIGURE 2 
PLOT OF THE RATE RATIO FOR FATAL INJURY FOR AGRICULTURE/FORESTRY/FISHING 

INDUSTRY AND OCCUPATION DIVISIONS OVER YEARS 1983 THROUGH 1992. SEPARATE TRENDS 
ARE DISPLAYED FOR MALES (SYMBOL "M" WITH CONNECTING SOLID LINE) AND FOR 

FEMALES (SYMBOL "F" WITH CONNECTING DASHED LINE). NOTE THAT THE RATE RATIO IS IN 
REFERENCE TO THE MALE AND FEMALE RATES IN 1983. 
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inating the age-year interaction terms. This 
model is given by 

log()t[year-gender-age]) = [30 "k- [3 I(YEAR) 

+ 132I(GENDER =female) + ~3year* 

10 

I(GENDER=female)+ EeLiI(AGE=i) (5) 

i=1 

The fit of Model (5) is reported in Table 2.  This 
additional analysis also demonstrated signifi- 
cant evidence of effect modification by gender. 
In addition, greater precision in the estimation 
of the year and year-gender effects was 
achieved by dropping the year-age interactions. 

The point estimate for the trend in males is 
-0.0113, while the point estimate for the trend 
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in females is -0.0113 + 0.1369 = 0.1256. Both 
of these parameters differ significantly from 
zero. The test for a trend effect in males has an 
associated p-value of 0.0214, which can be ob- 
tained directly for the "YEAR" row of Table 2. 
This is because "male" is the reference level of 
the gender variable for this analysis. The test for 
a trend effect in females results in a p-value of 
.0040, which is easily obtained by re-running 
the Poisson regression analysis using "female" 
as the reference level for the gender variable 
(analysis not shown). 

This relationship is illustrated in Figure 2 in 
which the rate ratios for males and females are 
displayed for years 1983 through 1992. This 
figure illustrates that while the males may have 
a slight decrease in fatal injury rates with cal- 
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TABLE 2 
PARAMETER ESTIMATES, STANDARD ERRORS AND P-VALUES RESULTING FROM THE FIT OF A 

MODIFICATION OF MODEL (5)---ASSESSING EFFECT MODIFICATION OF GENDER ONLY 

I I  'r'm"r I I Model Term Level of Categorical Variables Estimates Standard Errors P-values 

INTERCEPT -7.4217 0.0353 O.O000 
GENDER Female -3.3665 0.2682 O.OOO0 

Male 0 .0000 0.0OO0 

AGE CATEGORY 15-19 . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  -2.0912 
20-24 . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  -1.3008 
25-29 . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  -1.1995 
30-34 . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  -1.2531 
35-39 . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  -1.2034 
40-44 . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  -1.0368 
45-49 . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  -0.9880 
50-54 . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  -0.8193 
55-59 . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  -0.7478 
60-64 . . . . . . . . . . . . . . . . . . . . . . . . . . . . .  -0.5759 
f15 and up . . . . . . . . . . . . . . . . . . . . . . . . . .  0.0000 

0.0873 0.0000 
0.0561 0.0000 
0.0539 0.0000 
0.0567 0.0000 
0.0592 0.0000 
0.0808 0.0000 
0.0814 0.0000 
0.0587 0.0000 
0.0552 0.0000 
0.0548 0 .0000 
0.0000 

YEAR -0.0113 

YEAR* GENDER Female 0.1369 
Male" 0.0000 

0.0049 0.0214 

0.0439 0.O018 
0.0000 

• These levels are the reference levels for the categorical variables. 
Note: P-velue = 0.0000 implies that the calculated P-value < 0.0001. 

endar year, the females may be increasing. It is 
important to note that this figure is a rate ratio 
relative to the fatal injury rates in males and 
females in 1983. This rate for females is much 
lower as compared to males. In particular, the 
estimated 1983 rate for females is 
e x p ( -  3.3666) = 0.0345 the 1983 rate for males. 

DISCUSSION 

In this paper, we described a regression tech- 
nique appropriate for the analysis of injury rate 
data. An analysis of fatal injury rates among 
workers in agriculture, forestry, and fishing in- 
dustries and occupations is used to illustrate the 
use and interpretation of this technique. In this 
example, the analysis of crude or unadjusted 
injury rates showed a nonsignificant decrease in 
these rates over the time period 1983 to 1992. 
However, more detailed analyses involving 
other predictor variables suggested that the 
trend was confounded by the gender and age of 
the workers. In addition, an interaction between 
calendar year and gender suggested that men 
experienced a weak, but significant, decrease in 
contrast to the trend in women, which was a 

strong and significant increase. This differing 
pattern of trends would not have been noted 
using a crude or unadjusted analysis. As noted 
above, the crude analysis suggested no trend in 
fatal injury rates in this worker population. 
Thus, even though greater complexity in the 
statistical analysis of injury rate data is intro- 
duced by the use of Poisson regression models, 
a more detailed exploration of the simultaneous 
effects of many variables on these rates is pos- 
sible. 
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