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NonNon--independence in injury independence in injury 
rates rates 

♦♦ Often compute incidence rates from injury surveillance dataOften compute incidence rates from injury surveillance data
Assumes counts follow independent Poisson processAssumes counts follow independent Poisson process

♦♦ THIS IS OFTEN NOT TRUE!THIS IS OFTEN NOT TRUE!
mass fatality events resulting from natural disaster or terrorismass fatality events resulting from natural disaster or terrorismm
multiple fatalities in a car crash (FARS data)multiple fatalities in a car crash (FARS data)
mass homicidemass homicide--suicide events stemming from intimate partner suicide events stemming from intimate partner 
violence (NVDRS data) violence (NVDRS data) 
multiple injuries to the same athlete (NCAA data)multiple injuries to the same athlete (NCAA data)

♦♦ More realistic to assume negative binomial processMore realistic to assume negative binomial process
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What Is OverWhat Is Over--Dispersion & How Dispersion & How 
Is It Identified?Is It Identified?

♦♦ OverdispersionOverdispersion
Caused by positive correlation between the counts Caused by positive correlation between the counts 
ExtraExtra--Poisson variation Poisson variation 
Small amounts of overSmall amounts of over--dispersion are okaydispersion are okay

♦♦ Poisson regression models:Poisson regression models:
are overare over--dispersed if dispersed if Pearson Pearson chichi--squaresquare//dfdf > 1.5> 1.5
Betas (Betas (lnln rates) are okayrates) are okay
Standard errors are too smallStandard errors are too small
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Dealing with OverDealing with Over--DispersionDispersion
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Binomial DistributionBinomial Distribution
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Negative Binomial DistributionNegative Binomial Distribution
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Negative Binomial RegressionNegative Binomial Regression

The negative binomial regression model:The negative binomial regression model:
♦♦ Accommodates heterogeneity in the countsAccommodates heterogeneity in the counts
♦♦ Gamma mixture of Poisson random variablesGamma mixture of Poisson random variables

Poisson regressions chained by a gamma processPoisson regressions chained by a gamma process
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NCAA Soccer Injury DataNCAA Soccer Injury Data

♦♦ Injury data from Injury data from NCAANCAA’’ss Injury Surveillance System (ISS)Injury Surveillance System (ISS)
MensMens and and womenswomens soccer, 15 years (1988soccer, 15 years (1988--89 to 200289 to 2002--03)03)

♦♦ VariablesVariables
Sex (Sex (mensmens vs. vs. womenswomens soccer)soccer)
Year (linear trend)Year (linear trend)
Game vs. Practice exposure (GAMEPRAC)Game vs. Practice exposure (GAMEPRAC)
Division (D1, D2, D3) Division (D1, D2, D3) 
Time of Season (PreTime of Season (Pre--Season, Regular InSeason, Regular In--Season, PostSeason, Post--Season)Season)

♦♦ Outcome = injury rate.Outcome = injury rate.
Numerator are number of injuries in each cellNumerator are number of injuries in each cell
Denominator are number of athleteDenominator are number of athlete--exposures (aka Aexposures (aka A--Es)Es)
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NCAA Soccer Injury DataNCAA Soccer Injury Data

Tabular datasetTabular dataset
One observation on dataset represents each cell in the mOne observation on dataset represents each cell in the m--
way table formed by 2 sexes X 16 years X 2 exposure types way table formed by 2 sexes X 16 years X 2 exposure types 
X 3 Divisions X 3 time of season = 536 observationsX 3 Divisions X 3 time of season = 536 observations

If this dataset were further disaggregated down to the If this dataset were further disaggregated down to the 
schoolschool--level or athletelevel or athlete--level, there might be less overlevel, there might be less over--
dispersion.dispersion.
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NCAA Soccer Injury DataNCAA Soccer Injury Data

♦ Model 1:  Standard Poisson regression
Model 1 ignores over-dispersion

♦ Model 2:  PSCALED Poisson regression
♦ Model 3:  NB2 negative binomial regression
♦ Model 4:  NB1 negative binomial regression

Models 2-4 account for over-dispersion

♦ Summary Table for Game Vs. Practice Variable
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Model 1:  Standard Poisson Model 1:  Standard Poisson 
regressionregression
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Model 1:  Standard Poisson Model 1:  Standard Poisson 
regressionregression
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Model 2:  PSCALED Poisson Model 2:  PSCALED Poisson 
regressionregression
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Model 2:  PSCALED Poisson Model 2:  PSCALED Poisson 
regressionregression
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Model 3:  NB2 negative Model 3:  NB2 negative 
binomial regressionbinomial regression
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Model 3:  NB2 negative Model 3:  NB2 negative 
binomial regressionbinomial regression
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Model 3:  NB2 negative Model 3:  NB2 negative 
binomial regressionbinomial regression
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Model 4:  NB1 negative Model 4:  NB1 negative 
binomial regressionbinomial regression
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Model 4:  NB1 negative Model 4:  NB1 negative 
binomial regressionbinomial regression
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Summary Table for Game Vs. Summary Table for Game Vs. 
Practice VariablePractice Variable

♦♦ Different models give very different rate ratios and 95%CIs !!Different models give very different rate ratios and 95%CIs !!
♦♦ Prefer models 2 & 4 (NB1 and scaled Poisson)Prefer models 2 & 4 (NB1 and scaled Poisson)

CI wide; RR credibleCI wide; RR credible
CI too narrow in model 1 (standard Poisson)CI too narrow in model 1 (standard Poisson)
RR biased downwards in model 4 (NB2) RR biased downwards in model 4 (NB2) 
NB2 is sensitive wide variations in denominator countsNB2 is sensitive wide variations in denominator counts
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SummarySummary

♦♦ Negative binomial models are preferred to Poisson models Negative binomial models are preferred to Poisson models 
when:when:

there is significant overthere is significant over--dispersion in the datadispersion in the data
the betas from negative binomial model track closely to the betathe betas from negative binomial model track closely to the betas s 
from Poisson modelfrom Poisson model
The The SEsSEs from negative binomial are larger than the from negative binomial are larger than the SEsSEs from from 
PoissonPoisson

♦♦ Negative binomial provides an SE that reflects extraNegative binomial provides an SE that reflects extra--
Poisson variation Poisson variation 

larger than the SE from standard Poisson regressionlarger than the SE from standard Poisson regression

♦♦ Scaled Poisson regression (PSCALE or DSCALE Poisson) Scaled Poisson regression (PSCALE or DSCALE Poisson) 
Often performs as well as negative binomialOften performs as well as negative binomial
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Other ApproachesOther Approaches

♦♦ Mixed Poisson Mixed Poisson ……. school. school--level random interceptslevel random intercepts
♦♦ Compound Poisson processCompound Poisson process
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Why bother to get it right?Why bother to get it right?

““Knowledge is not a looseKnowledge is not a loose--leaf notebook of facts.  leaf notebook of facts.  
Above all, it is a responsibility for the integrity of what Above all, it is a responsibility for the integrity of what 
we are, primarily of what we are as ethical creatures.we are, primarily of what we are as ethical creatures.””

““Every judgment in science stands on the edge of error Every judgment in science stands on the edge of error 
and is and is personalpersonal. Science is a tribute to what we can . Science is a tribute to what we can 
know know althoughalthough we are fallible.we are fallible.””

-- Jacob Jacob BronowskiBronowski, 1908, 1908--19741974
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