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ABSTRACT
Objectives: Poisson regression is now widely used in
epidemiology, but researchers do not always evaluate the
potential for bias in this method when the data are
overdispersed. This study used simulated data to evaluate
sources of overdispersion in public health surveillance
data and compare alternative statistical models for
analysing such data. If count data are overdispersed,
Poisson regression will not correctly estimate the
variance. A model called negative binomial 2 (NB2) can
correct for overdispersion, and may be preferred for
analysis of count data. This paper compared the
performance of Poisson and NB2 regression with
simulated overdispersed injury surveillance data.
Methods: Monte Carlo simulation was used to assess
the utility of the NB2 regression model as an alternative to
Poisson regression for data which had several different
sources of overdispersion. Simulated injury surveillance
datasets were created in which an important predictor
variable was omitted, as well as with an incorrect offset
(denominator). The simulations evaluated the ability of
Poisson regression and NB2 to correctly estimate the true
determinants of injury and their confidence intervals.
Results: The NB2 model was effective in reducing
overdispersion, but it could not reduce bias in point
estimates which resulted from omitting a covariate which
was a confounder, nor could it reduce bias from using an
incorrect offset. One advantage of NB2 over Poisson for
overdispersed data was that the confidence interval for a
covariate was considerably wider with the former, providing
an indication that the Poisson model did not fit well.
Conclusion: When overdispersion is detected in a
Poisson regression model, the NB2 model should be fit as
an alternative. If there is no longer overdispersion, then
the NB2 results may be preferred. However, it is
important to remember that NB2 cannot correct for bias
from omitted covariates or from using an incorrect offset.

Public health surveillance activities often collect
data on adverse events in a count format and the
outcomes are expressed as population rates, such as
cases per 1000 population/year, or the number of
sharps injuries per 100 full-time equivalent workers
(FTEs)/year. In this type of surveillance, often
called population-based surveillance,1 the calcula-
tion of rates allows investigators to compare the
experience of different groups, for example by
geography, over different time periods or by
occupation. Often rates are calculated using a
person-time denominator, such as the population
at risk in 1 year. But other types of denominators
are possible and may make rates more useful for
surveillance. For example, automobile crash data
can be expressed as the rate per person-time or per
the number of miles driven; the latter more closely

reflects the exposure (to driving) and so accounts
for differences in the driving habits of different
classes of drivers.

Whatever the denominator, disease or injury rates
are not usually assumed to have normal error
distributions, and it is not generally appropriate to
analyse them with ordinary least squares regression.2

A more common approach is to think of the
numerator of the rate – the number of events – as
a count which follows the Poisson distribution.2–5

Following this logic, one can model population-
based surveillance data using Poisson regression,
with the denominator of the rate included as an
‘‘offset’’. There is an important assumption in this
approach, however; using the Poisson distribution to
represent the error structure in the data assumes
that the variance is equal to the mean – called
equidispersion.3–5 When this assumption is violated
and the data exhibit overdispersion, inferences drawn
from Poisson regression models will be incorrect and
potentially quite misleading if the overdispersion is
severe (the inverse problem – underdispersion – can
occur, but it is much less common; it is not
considered further in this paper).

In some kinds of surveillance data, overdisper-
sion is common. For example, in Massachusetts, a

What this paper adds

c Poisson regression is well-recognised in
epidemiology as an appropriate statistical
method for modelling count data as often occur
in cohort studies calculating incidence rates.

c A serious challenge to the validity of the results
of Poisson regression can arise if the count data
are overdispersed, violating the Poisson
equidispersion assumption.

c An alternative to Poisson regression, negative
binomial regression, is now widely available in
statistical software packages, but it has not
been clear when the latter should be preferred to
the former.

c Using simulation models, this paper showed that
the negative binomial model was effective in
reducing overdispersion in a wide range of
scenarios, but it could not reduce bias in point
estimates which resulted from omitting a
covariate which was a confounder, nor could it
reduce bias from using an incorrect offset, or
denominator.

c The paper proposes steps to follow to evaluate
overdispersion and choose between Poisson and
negative binomial models.
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legally mandated sharps injury surveillance program collects
data on healthcare workers’ sharps injuries from hospitals.6

Annual reports are submitted without personal identifiers, and
are used to generate information useful to guide prevention
activities. The unit of analysis is an individual hospital, not a
hospital employee. Large hospitals will typically have a larger
number of injuries than small hospitals, and so when these data
are viewed as counts at the hospital level, the distribution will
have a ‘‘long right tail’’ meaning a few large hospitals have a
large number of injuries while most hospitals have only a few.
This kind of distribution will violate Poisson’s equidispersion
assumption. Poisson regression is now widely used in a variety
of different types of epidemiological studies. But often the
authors do not mention whether they checked for overdisper-
sion in their data or whether they considered the sensitivity of
their results as regards the choice of Poisson as their model.

The objectives of this paper were to evaluate sources of
overdispersion (unobserved covariates and incorrect offset use)
in population-based public health surveillance data, and
compare regression models to identify methods which were
suitable for analysing over-dispersed surveillance data. We used
Monte Carlo simulation to develop datasets with varying
degrees and sources of overdispersion and then compared the
performance of different regression methods with these
simulated data.

In this paper, we use the example of the Massachusetts
Sharps Injury Surveillance System (MSISS) to motivate the
methods that are evaluated.6–8 Like many such surveillance
programs, there is active data gathering for the events (needle-
sticks for example), while denominator and risk factor data are
collected from existing administrative databases.

The Poisson regression model and overdispersion
The Poisson probability density function is:

where the random variable y is a count response and non-
negative integer, and the parameter m is the mean or expected
value of y. m is also called the rate, t is usually the unit of
observation time (person-time) but may be instead a unit of
‘‘exposure’’ like the number of miles driven in the case of
automobile fatality rates.

Events which follow the Poisson distribution have a mean or
expected value E[y] which is equal to the variance of those
events, V[y]. This equidispersion assumption imposes an
important restriction on the utility of Poisson regression. If
the distribution of events in a surveillance dataset is over-
dispersed, then the Poisson variance will be miss-specified; often
the result will be an under-estimated or deflated standard error.
The consequence will be overly optimistic statistical inferences
in the sense of erroneously small p values and narrowed
confidence intervals.3

From a statistical perspective, overdispersion is a violation of
the assumption of independently identically distributed (IID)
events.3 5 A sequence of random variables is IID if each event
follows the same distribution as the others and each is
independent of the others. Violation of the IID assumption can
occur when there is correlation (often but not necessarily positive)
between responses, or excessive variation between response
probabilities or counts. In the statistical literature, this is often

thought to occur when an explanatory regression model omits
important predictors; that is, there are unobserved covariates.3–5

Alternative models to correct for overdispersion
Over the past decade, alternative regression models to correct
overdispersion have been introduced. One approach makes
adjustments to the Poisson model to correct for overdispersion.4

The other main strategy is to replace the Poisson with a
negative binomial model. The negative binomial regression
model can be derived from a mixture of the Poisson and gamma
or exponential distributions,3–5 allowing extra variance to be
explicitly quantified within a variant of the Poisson model. The
mass function of the negative binomial as a Poisson-gamma
mixture is:

where r is the gamma scale parameter, p = r/(m+r) with r.0 and
0,p,1, C is the gamma function, and the other parameters are
same as in the Poisson probability density function (pdf)
(equation 1).

The standard negative binomial model, called negative
binomial 2 (NB2), has variance function V = (1+am)m. The
overdispersion parameter a is an inverse gamma scale parameter
(r).3–5 When a is 0, the variance function V reduces to m, as in the
Poisson pdf, so that E[y] = V[y] = m; which is the condition of
equidispersion. Another negative binomial model, (NB1), has a
slightly different variance function: V = (1+a)m. Since NB2 is
more widely used in the statistical literature, and often is the
only variant implemented in statistical packages, it is the form
that we consider here.

METHODS
Hypothesised sources of overdispersion in surveillance data
We hypothesised that overdispersion in surveillance data could
be controlled by using an appropriate regression model.
Potential sources of overdispersion examined in this investiga-
tion were: (1) unobserved covariates (the cause cited by most
statistical texts); and (2) an incorrect offset or denominator for
the grouped data. An extreme but common example of the
latter is a failure to include any offset at all – to attempt to
model counts without their denominator. Both these problems
may result in violations of the IID assumption for count
responses. Unobserved covariates probably occur frequently
because public health agencies often lack data on important
explanatory variables. When individual level counts following
the Poisson distribution are grouped into categories, the groups
become the units of analysis. One of the key properties of the
Poisson distribution is the Countable Additivity theorem5 which
says that the sum of Poisson random variables is Poisson
distributed. In the Poisson pdf, yindividual becomes ygroup,

where i represents individuals and j groups. Thus if individual
level counts follow the Poisson distribution, then grouped
counts also follow the Poisson distribution. However, when the
yi are not independent one from another, the yj may not be
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Poisson distributed.5 One of the practical reasons for IID
violation in the additivity theorem is that a mis-specified offset
is used, so that the group level count data – even if they are
generated by a Poisson process at the individual level – will not
be Poisson distributed. Suppose for example that all individuals
face the same risk of injury, and all are followed for the same
period of time –for instance 1 year. Then at the individual level,
t in equation 1 can be replaced by the value 1, and there is no
need for an offset. At the group level, the unit of analysis
becomes a group of individuals, and the offset becomes the
number of individuals in each group. But now suppose that
individuals in some groups are at risk for shorter periods than
others. Then the offset of the number of people will not be
correct. We hypothesised that this kind of error in offset might
be an important reason for population-based surveillance data
being overdispersed.

Simulation
We simulated datasets of sharps injuries (SI) among hospital
workers following closely the patterns of data (but not the
actual injury counts) observed in the MSISS during 2002–
2003.7 8 MSISS covers all licensed hospitals in MA, and hospitals
are required to report annually on SI to the Department of
Public Health (MassDPH).6 MSISS is a population-based passive
surveillance system with a two stage reporting procedure. Each
employee who experiences a SI is directed to report to the
designated reporting system in their facility. Each facility
collects these data and reports them annually in summary form
to the MSISS. Along with each injury, there is information on
the occupation and department of the case, as well as event
details including the type of device. No individual identifiers are
included. Also available to the MassDPH is a large amount of
information on the reporting facility, including the type of
hospital, location, number of employees, and number of
licensed and occupied beds.

To mimic MSISS data, we created individual and group levels
of risk factor information analogous to the individual and
hospital data described above. We simulated datasets of SI in
which there were two covariates. We imagined these to
represent: (1) whether an injury was reported or not (variable
REPORT), which could be thought of as either an individual
level or group level factor but in either case is not measurable
with surveillance data; and (2) whether the hospital was a
teaching or a non-teaching facility (variable TEACH), which
tends to affect the patient mix as well as many aspects of the
safety climate of the hospital. The latter variable is publically
accessible information, and we used the actual distribution of
teaching and non-teaching hospitals in Massachusetts.

We generated datasets of 76 736 individual observations to
mimic the total working population from the 64 acute care
hospitals covered by MSISS. We assumed these individual
observations to each represent a hospital FTE who either was or
was not injured by a sharps device. With fixed values for the
parameters determining the strength of the effects of REPORT
and TEACH (see below), observations were determined to have
had or not had a sharps injury according to a Poisson process:

Pois(m) = (bR6REPORT)+(bT6TEACH)+e

where m is SI response, Pois( ) is the Poisson pdf, and bR and bT

are parameters for each covariate specifying their effects on the
probability of injury, and REPORT and TEACH are an

individual’s (or his/her hospital’s) values reflecting reporting
behaviour and teaching/non-teaching status. We included e,
error, in the prediction model selected from a uniform
distribution of pseudorandom numbers. For simplicity, we
assumed that there were just two types of reporting behaviour –
low and high likelihood to report an injury, and two types of
hospitals, teaching and non-teaching. Each individual was
therefore assigned a value of 1 or 2 for REPORT and each
hospital was assigned a 1 (teaching) or 2 (non-teaching).

We generated 76 736 FTEs in each of 100 datasets. SI status
was determined as described above. The 100 datasets varied in
the strength of the two covariates bR and bT (table 1). The
datasets were built with 10610 sets of parameters,

The values of these parameters were chosen to reflect a
realistic range of injury rates and their associations with these
risk factors.

After the 76 736 FTEs and simulated SI were generated, they
were collapsed into 64 hypothetical acute care hospitals. Each
hospital was assigned a different number of FTEs, so that the
true range of acute care hospital sizes in MA was created (from
59 to 6547 FTEs). By assuming that each observation was a full-
time worker, the correct offset for hospital level analyses was
defined to be the number of FTEs in the hospital. To investigate
the effect of an incorrect offset, we used actual data on the
number of licensed beds in each hospital. The range among the
64 hospitals was 19–912 beds. The number of beds was highly
correlated with the number of FTEs (r = 0.89) (fig 1).

We created a correlation between hospital size and the
covariates by assigning all FTEs in the 29 small hospitals (range
of FTEs from 59 to 640) a low reporting behaviour (29 hospitals
were coded 2 for REPORT meaning that their employees were
half as likely to report their sharps injuries) and the larger 35
hospitals were assigned REPORT = 1 meaning less underreport-
ing. As in the actual data, 14 hospitals were assigned to be
teaching hospitals (TEACH = 2), and we assumed that this
meant that they had more frequent use of sharps and a higher
risk of injury.

Data analysis
Regression models were fit to the simulated datasets using
generalised linear models. The variables REPORT and TEACH
were used as independent variables, and the number of FTEs
and the number of beds were used as offsets; models were also
fit without any offset. Poisson and negative binomial (NB2)
models were fit using Stata 9 (Stata, College Station, TX). To
investigate the impacts and sources of overdispersion, six
different models were compared:
c Model 1: a full-model including both covariates REPORT

and TEACH, with correct offset (FTEs). This model
assumed that there were no unobserved covariates and the
offset was correct, so that there should be no overdispersion.

c Model 2: including both covariates but with incorrect offset
(beds).

c Model 3: including both covariates but without offset.

c Model 4: omitting one covariate (REPORT), but with
correct offset.
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c Model 5: omitting one covariate (REPORT), and with
incorrect offset.

c Model 6: omitting one covariate (REPORT), and with no
offset.

Each model was fit to all 100 datasets generated by the
simulations above.

The form of the Poisson regression equation for the full-
model with the correct offset was:

log(SI) = log(FTE)+b0+bR6REPORT+bT6TEACH+e,

which can also be written:

log(SI/FTE) = b0+bR6REPORT+bT6TEACH+e,

or again can be written:

where SI is the number of simulated sharps injuries, FTE is the
number of full-time equivalent workers and is used as the offset,
SI/FTE is a Poisson rate, and the other terms have been
previously defined. For each model, the following statistics were
computed: b̂R and b̂T, the estimated values of the two effects,
and their standard errors, the deviance dispersion statistic (the
value of the deviance divided by the degrees of freedom). The
latter statistic indicates the degree of dispersion; values close to

1.0 indicate equidispersion, while values greater than 1.0
indicate overdispersion.

RESULTS

The simulated data
Sharps injuries were generated first at the individual level. The
mean number of SI across the 100 datasets was 3472 (range
1937–5786), which is close to the number of sharps injuries
reported to MSISS from 64 acute care hospitals in 2003
(n = 3248). The values of the bs were chosen to obtain this
result, so that the range of the data was realistic. The estimated
b coefficients with individual level data differed slightly from
their assigned true values because of random variation (table 2).

When individual level data were grouped into 64 hospitals,
and the correct model was fit – including both covariates and
using the correct offset – the estimated b coefficients were the
same as those estimated at the individual level (compare
scenario 1 with scenarios 2 and 3 in table 3). The coefficient
for the second covariate, REPORT, was also correctly estimated
using group level data, when the correct offset was used (data
not shown). It made no difference whether Poisson or NB2 was
chosen as the pdf, as one would expect for data which are not
overdispersed. Deviance dispersion statistics were close to 1.0
for both group level models, indicating equidispersion. Grouping
the injuries within the 64 hospitals, as would typically be done
with such data, showed a typical right skewed distribution,
consistent with equidispersed Poisson-distributed count data
(fig 2).

Sources of overdispersion

The offset/denominator
Hospital-level regression models which included both covariates
but used the number of beds as the offset rather than the
number of FTEs, resulted in biased estimates of the effect of
teaching versus non-teaching hospital (scenarios 4 and 5 in
table 3). The estimated effect was about 0.60, while the true
effect was much lower at 0.06. These coefficients can be
translated into rate ratios comparing the sharps injury rates in
teaching versus non-teaching hospitals (simulated data). The
‘‘true’’ rate ratio was RR = e0.06 = 1.06, while the biased estimate
resulting from using the wrong offset was RR = e0.60 = 1.8. Also,
the Poisson regression model (scenario 4) was overdispersed, as
indicated by the deviance of 5.71 (fig 3). The NB2 version
(scenario 5) was not overdispersed (deviance = 1.09), but the
estimate of b for TEACH was just as biased as in the Poisson
version. One advantage of the NB2 model is that it estimated a
substantially larger standard error for the b, and hence a wider
confidence interval. This reduced precision was appropriate, as
the true effect was substantially smaller than the estimated
effect (0.06 vs 0.60). Fitting models with no offset (scenarios 6
and 7) also resulted in even more biased estimates of the effect,

Table 1 Model configurations

Number of datasets 100

Number of observations 76 736 FTEs

Data collection period 12 months

Underreporting (bR) 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.1

Teaching/non-teaching status (bT) 21.5 21.6 21.7 21.8 21.9 22.0 22.1 22.2 22.3 22.4

Background risk (b0) 0

Error-term (e) 23 to 0 (uniformly distributed)

FTE, full-time equivalent worker.

Figure 1 Comparing denominators (offsets) for sharps injury rates.
Number of beds versus number of FTEs among 64 Massachusetts
hospitals, 2002–2003. FTE, full-time equivalent worker.
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and again the NB2 model was not overdispersed while the
Poisson model was.

Models with omitted covariate
Omitting the covariate for reporting behaviour introduced bias
into the estimate of the other covariate, teaching/non-teaching
status (scenarios 8 and 9). The omitted covariate was a
confounder of the association between injury rate and teach-
ing/non-teaching status, and it is well known that omitting a
confounder from a regression model can introduce bias. The
confounding occurred because as noted above, the simulated
data included correlations between hospital size and both
teaching/non-teaching status and hospital reporting behaviour.
The latter was also an independent risk factor for injury rate, as
a hospital with a lower reporting rate must necessarily have a
lower number of (reported) injuries and hence a lower
(reported) injury rate. Not surprisingly, changing the pdf from
Poisson to NB2 did not decrease the bias caused by the omitted
covariate (and in this particular instance actually increased the
bias somewhat). An advantage of the NB2 model is illustrated in
scenario 9: the confidence interval for the effect of teaching/
non-teaching status is quite wide, and almost includes the true
effect, while the Poisson model yielded a misleadingly tight
confidence interval around the biased effect (scenario 8).

When models were constructed that included the two sources
of overdispersion, an omitted covariate and an incorrect or
absent offset, the bias increased still further, as did the deviance
for the Poisson models (scenarios 10 through 13, fig 3). The NB2
models remained close to equidispersed.

Results comparing Poisson with NB2
As noted, all six alternative models were fitted to the 100
simulated datasets by both Poisson and NB2 (table 3). In the
NB2 models, the overdispersion parameter a was calculated and
used in determining the variance function in the Stata GLM
procedure. Fitting NB2 instead of Poisson, substantially
decreased overdispersion in all scenarios, except for the full
model with correct offset (scenarios 2 and 3, table 3), in which
the data were not overdispersed, meaning that a = 0. In all other
scenarios, a was significantly different from 0, and so the NB2
regression procedure used a variance function including a non-
zero a. The resulting standard errors for b coefficients were
increased and there was a concomitant reduction of deviance
dispersion statistics. The wider confidence intervals for b

estimated from NB2 rather than Poisson were a partial, but
unsatisfactory compensation for the substantial biases that
were introduced by either omitting a confounder or using the
wrong offset.

DISCUSSION
Poisson regression is a widely-used method of assessing
exposure–response associations in occupational and environ-
mental epidemiology. We counted more than two dozen papers
citing the method in this journal in the biennium 2007–2008.
Many of these applications are classic cohort studies in which
person-time data are available and are used as the denominator
or offset for calculating rates. In this context, Poisson regression
performs very well, either with grouped or individual-level
data.9 But when count data are drawn from cross-sectional

Table 2 Simulated number of sharps injuries, true values, estimated values and deviance dispersion
statistics, computed by Poisson regression at the individual level

Dataset Mean SD Min Max

No of SIs* 3472* 1032 1937 5786

True bR{ 0.055 0.030 0.010 0.100

b̂R 0.058 0.044 20.040 0.174

True bT 21.950 0.303 22.400 21.500

b̂T 21.982 0.340 22.811 21.422

Deviance 0.278 0.060 0.182 0.393

*Number of sharps injuries (SIs) generated by simulation.
{True bR is true value of b coefficient for REPORT; estimated b̂R is estimated value of b coefficient for REPORT by simulation; true
bT is true value of b coefficient for TEACH; estimated b̂T is estimated value of b coefficient for TEACH by simulation.

Figure 2 Histograms of the distributions of counts of sharps injuries for individuals and hospitals. obs., observed.
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surveys10 11 or health surveillance databases,12 13 denominator
data are often missing or approximated from administrative
data. In these situations, there is a risk of overdispersion with
the potential for substantial errors in parameter estimation.
Fortunately, negative binomial regression is now available in
statistical packages, and offers considerable flexibility in fitting
overdispersed datasets. We confirmed that the negative bino-
mial model was effective in reducing overdispersion, but it could
not reduce bias in point estimates which resulted from omitting
a covariate which was a confounder, nor could it reduce bias
from using an incorrect offset.

The problem of unmeasured confounders is well-known in
epidemiology, and so it is not surprising that it affects analyses
of surveillance data. Uncontrolled confounding did increase
overdispersion as well as causing bias, and in these simulations,
correcting for overdispersion in a model with uncontrolled
confounding increased the width of confidence intervals for the
covariates that were included in the model. A wide confidence
interval may result from a poor model fit for a number of
reasons, including omission of an important covariate. In these
simulations, the coverage of the confidence interval for b from
the NB2 models was closer (but still excluded) the true effect.
Exactly how often the confidence interval will actually include
the truth will depend on the magnitudes of effects of the

omitted and included covariates and their correlations, but the
principle of more conservative coverage from the NB2 model
will generally hold.

The correct choice of denominators for calculating rates in
surveillance data has been the subject of a number of
investigations.1 14–16 The denominator should be a measure of
potential for exposure or injury, but there is no single figure that
is an obvious choice. In this paper, we have shown that the
incorrect denominator can actually introduce bias into regres-
sion models. It was surprising to find that using the number of
hospital beds instead of the number of FTEs introduced
substantial bias despite the fact that the two were highly
correlated (r = 0.89, fig 1).

Analyses of surveillance data often ignore an offset all
together, which led to serious bias. We believe that investigators
may omit an offset from Poisson regression for at least two
(mistaken) reasons. First, it is often assumed that risk may be
constant among individuals. While this is a convenient
assumption, it is probably often violated. In the case of hospital
nurses at risk of sharps injuries, it is likely that exposure to
sharps devices varies widely among nurses within the same
hospital, which will be a strong determinant of risk. At the
individual level, the correct offset is probably not the person or
even the number of hours worked, but a measure of exposure.

The second mistake that may occur is to forget that analysis
of group level data will require an offset, even if the individual
level data do not. Suppose that risk actually is constant among
all individuals, then an analysis at the individual level will show
the data to be Poisson distributed, and no offset will be needed
(or equivalently, the offset is 1.0). But when the data are
aggregated into groups, an offset must be specified at the group
level, and in this case, the correct offset for the grouped data will
be the sum of persons in each group.

The negative binomial family of models and NB2 in
particular, has been proposed as an alternative to Poisson
regression which can correct for overdispersion.3–5 The principal
reason given for adjusting Poisson overdispersion is to minimise
the risk of overly optimistic precision of effect estimates
resulting from deflated standard errors and over-inflated t
statistics.3 These simulations did observe the expected effects
when comparing results of Poisson and NB2 models. However,
table 3 shows some mild overdispersion still remained in NB2
(scenarios 9, 11 and 13). Although not investigated here, a
variety of adjustments and modifications of the negative

Table 3 Comparisons of results of alternative model scenarios

Scenario Level Covariates Offset Model b̂T SE 95% CI* Bias{ Deviance

1 Individual Including both
covariates

0.06 0.04 20.02 to 0.14 – 0.28

2 Group Including both
covariates

Correct Poisson 0.06 0.04 20.02 to 0.14 0 1.07

3 NB2 0.06 0.04 20.02 to 0.14 0 1.07

4 Incorrect Poisson 0.59 0.04 0.51 to 0.67 0.54 5.71

5 NB2 0.60 0.11 0.39 to 0.82 0.55 1.09

6 None Poisson 1.05 0.04 0.97 to 1.13 0.99 17.99

7 NB2 1.03 0.18 0.68 to 1.38 0.97 1.11

8 Covariate
REPORT
omitted

Correct Poisson 0.32 0.04 0.24 to 0.40 0.26 8.74

9 NB2 0.59 0.25 0.10 to 1.07 0.53 1.18

10 Incorrect Poisson 0.89 0.04 0.81 to 0.97 0.83 13.82

11 NB2 1.13 0.26 0.62 to 1.65 1.08 1.17

12 None Poisson 1.75 0.04 1.67 to 1.83 1.69 47.37

13 NB2 1.75 0.40 0.96 to 2.53 1.69 1.22

*From t statistic, ratio of b to standard error. Tests H0: b= 0; {true minus observed b.
Individual level = 76 736 full-time equivalent workers; group level = 64 hospitals. SE, standard error.

Figure 3 Mean Poisson deviance dispersion statistics for the 100
simulated datasets and six alternative models. Box and whisker plots
indicate mean, inter-quartile range and minimum and maximum values.
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binomial model have been proposed by Hilbe which may reduce
overdispersion still further.4

One important limitation of this work is that the set of
scenarios investigated was necessarily limited, and arbitrary
choices were made about the magnitudes of the ‘‘true’’ effects
which were simulated. Thus while the qualitative pattern of
errors from mis-specified models should be broadly relevant, the
magnitudes of the biases we observed may not be representative
of real-world situations.

When analysing surveillance data that consist of counts of
events, we recommend the following: fit the Poisson regression
model first, and check for overdispersion using the deviance
dispersion statistic. If there is overdispersion, then negative
binomial models should be considered. If a negative binomial
model still indicates overdispersion (deviance dispersion statistic
..1.0), model-based variance adjustment techniques should be
considered within the negative binomial models.4 It is impor-
tant to remember though that neither omitted covariates nor
incorrect offsets will be corrected by fitting NB2, and so one
must emphasise the careful choice of covariates and denomi-
nators in the study design to minimise risk of bias.
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