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Use of overdispersed regression models in 
analysing the association between air pollution 
and human health 

Silvia L.P. Ferrari, Jaaiueline S. E. David, 
Paulo A. And~, and Luiz A.A. Pereira 

Abltrad, Poiaoll regret!lllaa models a,,e frequently med ill analysing the ao­
ciatkm bet"fteD count data and a .eet ~If COVIZ'iatt.s. HOWl!Yer, the usumption 
that, gisn:n the "8luea of the covariatiea, the mean and the variance of the 
resp<lll8e ,viable are equal is oftentim,ea violated. This II the cue of a study 
ol t.bto amoc:iatimi becwem daily emqmcy hoepital visita lar respiratory di&­
eaaes and the Inell of air po)lutioo iD Yitai&, F.ep{rito Santo, Brazil. In this 
paper we examine two ~ regnmloD models b COUDt data and 
apply them to this study. The main li8p8Ctll addrf.aed are inference on the 
regnBlion and dispersion parameta'! and model adequacy checking. 

1. Introduction 

The Poisson distribution p:ovides the baais for the standard model to the analysis 
<i the aaeociation between coont data and a aet of covariates. A basic 888Ulllption 
of Poiseon regressioD models is that, givt!D the ftlues of the covariates, the mean 
and the variance of the reepooi,e variable are equal. The dispersioo may, however, 
be greater than that predicted by the model. POlll!ible cau11011 for overdispemon 
include ftriability of experimental material, correlation betlVeeo inmvidual re­
sponae11, omitted uoobaerwd variablee, among otherll. One impoctant oomequena! 
d ignoring overdispenion ill that the atandard errors obtained from ~ Poisaon 
regression model are incorrect and undet:estim&t.e the variability or ~e regression 
parameter estimatore. 

In this paper we eumine two regraision models for overdisperlled oount data, 
namely the constant overdispenioo and the negative binomial regreasi,oo models. 

1991 JlallaemaUc, Mject ~ ion. Primliry 82.J12; Secood&J')' 920!0. 
Kq _,,,. anil JMfUU, air pollution, dlagD011tial, ~ U- model■, human 1-lth, 
negulw binomial dl■trlbu Uon, overdlspenion, Pol■aon dlatrlbuUDII, quall-llkellhood. 
Corrapo,14- lo: 9aN L.P. Fenwi. Dqar1ameftlo le B1kd6"'-, Un~ 41 Su 
Pflllk,, C4a PIMUII dll81, 81,o PRIIJ/SP, 05311-'70, Bn1n 
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Both models are applied to a study of. the association between daily emergency oo. 
pita! visits for respiratory disealles BZ1d the levels of. air pollution in Vit6ria, F,spfrito 
Santo, Brazil. The preaent work is relat.ed to McNeney and Petkau's (1994) paper, 
although the emphas!.a 1n their paper is a simulation study. Studies of. the asaocia­

tion between air pollution and mortality or hospital admissiona have been consid­
ered by-various reaeatt.hers; see Schwartz et. al (1996), Mocgan et al. (1998), Sal diva 
et al. (1994), SaldiV& et al. (1995), Brap et al., (1999, 2001), Lin et al. (1999), 
Concei~ et al, {2001), Wong et al. (2001) Blld referencee therein. Although the 
constant overdispersion model is frequently ueed, the negative binomial model has 
not been comidered in environmental studies. A romprehensive text on overdis­
persed regression models may be found in Hinde and Dem6trio (1998). 

In Section 2 we review the usual Poisson regressioo model and two alt.ernative 
models which are suitable for <M!rdispersed oount.s: the constant overdispersion a.nd 
the negative binomial regression models. Inference on the regression and disper­

sion parameters is discussed. Section 3 is dedicated to model IM'iequacy cheddng 
including residual plots and influence cliagnostica. We have noticed that diagnostic 
t.edmiqllel! are racely used in environmental studies. A study of. the association 
between air pollution and human health is present.eel in Section 4. We show that 
tbe P~ ~ ion model ie inappropriate £or our data. A diagnoetic anazysis 

suggests th.at both the alternative regtE8Siot. models provide much better fits. 

2. Models for cmirclispersed counts 

Let Yi, Yi, ... , Yn be independent random variables having PCC8IIOD distribution 
with meaD11 µi, ... , µ,,. reepectively, and let zt,z2, ... ,xn be px 1 TI!Ctora of. known 
constants. The Poiuon ngrea.rion model 8ll8IJIIl9I that 

c2.1) u<Ps) = ,,. = zl JJ, 

for i = 1, •.. , n, where fJ = (/Ji., ... , /Jp) T is a vect.or of p unknown parameters and 
g(.) is a rontinuous monotone twice difetentiable link function. The usual log-linear 
Paisaoo regression model ll8llUUM!8 that g(µ.) = log(µ.). Here, 

(2.2) Var{Yi) = l'i, 

i.e., gi-reo the value of the oaw.riatea, the meau 8lld the varlauce of the t'e8pODl!e 

are IIIIIIUIJl8d to be equal. Thia model belongs to the clua of. gmeraliz.ed linear 
modele (McCullagb and Nelder, 1989). Maximum likelihood estimates for the re­
greulon parameters can be obtained using the standard iteratively re-weighted 
least l!qU&l'eS (IRLS) algorithm which ia implemented in statistical aoftware such 
as &-PLUS {Venables &11d Ripley, 1999), GLIM 4 (Aitkin, Anderson, Franci.8 and 
Hinde, 1989), STATA (Hardin aod Hilbe, 2001) and SAS (Pedan, 2001). Model 
reductione may be baaed on changes in the Poiaaon deviance. It is defined as the 
difference between the log-likelihood function of the B&turated model and of the 
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model under investigation, i.e., Dp = }:~1 tlf where 

(2-3) d; = 2 sign(lf; - ili) { Iii log (~) - (11; - ili)} 
112 

, 

/Ji being the maximum likelihood estimat.e ofµ;. If the model has an intercept, we 
have ~ 1 {II; - ili) = 0 and the deviance reduces to Dp = 2 ~ 1 z,; log (11;/ili) . 
Under the null hypothesis Ho : /J,,+1 = /1,,+2 = ... = /Jp = O, the partial deviance, 
i.e., the difference between the deviances of. model (2.1) and of the restricted model, 
has a chi-squared distribution with p - q degrees of freedom uy:mptotically. 

The mean of the response variable and the regression pacameters are relat.ed 
by the link function g(.). There may be more than one link function apparently 
appropriate for a particular application. The log link function g(µ;) = logµ; has an 
advantage over other usual link functions since it allOWII a simple interpretation for 
the regression parameters. Let Zh = (zh1, ... ,Zhp? be a vector of COYariat.evalues. 
Now let .:i:h' = (.:i:hl, ... ,xh; +c, ... ,Xhp)T. Under a log-linear model, the mea.ns of 
the respolllll! variable given z11 and Xlt' a.re µh = exp(zr /J) and µIt' = exp(z;;_,8), 
respectively. Notice that the relative risk is µ~/µh = exp(c/J;) and hence cfJ; is 
the logarithm of the relative risk when the value of the j-th oova..."Ul.te is ~creased 
by an amount of c units and the others remain unchanged. 

A simple ext.ention of. the Poisson regression model that allows the response 
variance to be greater than the respective mean is the conmmt ouerdi,perrion 
model which replaces (2.2) by 

Vaz(Y;) = ¢,µ... 

This model belongs to the class of quasi-lilmlihood models (Wedderburn, 1974). 
The idea is to relax the &88WD.ption of a particular distribution for the respoDll8 but 
instead oonsider the following relation between its mean and variance: Var(Y.) = 
,/IV(µ;). For our purposes, V(µ;) = µ;. Inferences may be based on the quasi­
lilmlihood function 

i--J."' Z,;-t Q(µ;z,) = L..., 4'V(t)dt' 
i=l I'• 

which has properties similar to those of a genuine log-likelihood function. Here, 
11 =(Iii, ... ,lln)T andµ= (µ1, ... ,µ,.)T. The quasi-score function U(P) = {}Q/8/J 
can be written 88 U(P) = DTv-1(, - µ)/t/,, where D = 8µ/8/JT = w1/2yl/2 X, 
V = diag{V(µ1), ... , V(µ,.) }, W = di&f;{wi, ... , 111n}, w; = (dµ;/<lr,.) 2 /V(µ;) 
and X is an n x p matrix with rows zl, ... , :i:J. The quaAi-11COre function is propor­
tional to the l!OOl'e function for the Poisson regression model and hence the regres­
sion paramet.er estimat.es obtained from the quasi-likelihood equations U(P) = 0 
ooincide with the maximum likelihood 8lltimat.eB for the Pois8on regression model. 

The iDformation matrix for p is I(/J) = -E(8U(/J)/lJfJT) = 4,-1 DTv-1 D 
and the uy:mptotic covariance matrix for P is given by 

I(/J)-1 = IP(DTy-1 D)-1 
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(Mc:Cullagh and Nelder, 1989, Cb&pter 9). It equals the asymptotic covariance 
matrix for the Poisson regression model multiplied by the dispersion parameter 
If,. It is then clear that if overdispersion is ignored, the variances of the regression 
parameter estimators will be underestimated. The usual estimate for ,p is based 
on the Peazson residuals (aee Section 3) and is given by 

- 1 ~ (1/; -µ..)2 
,p = (n - p) ;:t Y~) . 

The constant owrdillpersion regression model with log link function may be 
fitted in the S-Plua 110ftware using the function glm with the option faaily • 
qu.ui(linkalog. variance-' 'lllll' '); other cholcea for the link runction are al­
lowed. See Hardin and Hilbe (2001, Chapter 16) and Peda.n (DU) for details of 
the model fitting using STATA and SAS, respectively. 

A quasi-deviance function (without llalle factor) may be defined for the con­
stant overdispersion regreesion model aa 

,. r• 11· -t 
D(JJ;{J) =24>{Q(Jl;y)-Q(µ;y)} =2~ }fl.I ~(t) dt. 

Notice that D(i,;j,) doee not depend on ,t,. It i,, easy to show that the uwicaled 
quaskleviance function a.bow equals the deviance function for the Poisson regres­
sion model. 

Now let Ho : /J,+1 = /1~2 = ... = /Jp = 0 be the null bypotheaia al. int.erest 
to be tested against a two-sided alternative. A natural statistic for this test is 
F = (Dp - D,)/{~(p - q)} which is compared to the quantile!! of a Fr>-,,n-p 
distribution. Here D, and Dp denote the unscaled quasi-deviance functiODS of 
the restricted and unrestricted models respectively, and i is obtained under the 
unrestricted model. 

The negative binomial distribution is UBeful for defining another regression 
model for overdispersed counts. H Y has a negative binamial distribution with 
parameters µ > 0 and k > 0 and probability function 

f(Jl+lc) ( k )'( µ )' Jy(Jl;µ,k)= ru,+l)f(lc) k+µ le+µ • u=o,i, ... , 

where r(.) ii the gamma function, then 
2 

E(Y) = µ and Var(Y) = µ+ ~. 

Here, a possible motivation for 888uming that the obeerved counts come from 
a negative binomial distribution is the following fact: if, conditionally on 8, Y ~ 
Poi880D(8) and 8 ~ Gamma(k, A), then the marginal distribution of Y is a negative 
binomial distribution with E(Y) = µ = k/A and Var(Y) = µ + µ2 /le. 

The n~title binomial regrunon model assumes that independent random 
variables Yi., ... , Y,. have n1?f;ative binomial distribution with D1e&r111 µ1, ... , µ,. 
respectively, and a common parameter k, and that the mean.a are related to the 
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covariates z1, ... ,zn through (2.1). For known k, this model beloDgB to the class 
of gener~ linear models but not otherwise. 

The log-likelihood function fur /j and k is given by 

l(p, k; 11) = t { 111 logl'i + klogk - (k + 11,) log{k + p.;) + log(111 + k) -log(,,~!)}. 
The soore function U(/j,k) = (8l/{}{Ji, ... ,81/Bfl,,{}l/lJk)T has element.a 

81 ~ (II; - #'i) 
(2.4) B/Jr = {;;t_ V(J'l)g'(J.li) z,,., 

and 

l}l n { k · } 
(2.5) lJL = L v,(11; + k) -v,{k) -log(µ.+ k) - L + II~ + logk + 1 , 

~ i=1 ~+µ; 

where V{µ.) =µ;+µVic, Zir is the (i,r)-th element of z, IIJld t/,(-) = r(-)/r(-) 
represent.a the digamma function. 

It is easy to show that the information matrix fur (/J, k) is given by 

I(fi k) = [ xTwx _o ] 
' 0T ll,,I: 

where W ia defined above and 

ii.,1,(/J,k) = t{-E(,J,'(Y; +k)) +1/l'(k) + µ;:.k -¾}. 
Notice that 1(/J,k) is a blodc-diagon.al matrix and hence /j and k are orthogonal 
pammet.ers. The asymptotic covariance matrix for the maxi•DJJro likelihood esti­

mator of fJ Is (XTW X)-1 either if k ia emmated from the data or a1111umed to be 

known. 
The block-diagonal form of the in£ormation matrix allows the maximum like­

lihood estimates ftt fJ and k to be obtained using the G8Wl8-Seidel approximation 
by iterating between the two stepe below: 

(i) ftt a fixed k, solve (2.4) via an IR.LS algorithm (see McCullagh and Nelder, 

1989); 
(ii) for a fixed /j, solve (2.5) applying the Newton-Raphllon algorithm {see 

Rustagi, 1994, for details). 

An initial value fur k is 

1:(0) - -c.fi.;) 
- E -(n-p)' 

where here µ; is thf! maximum Ii~ estimate foe )!:l obtained from the Poisson 
regression model and Ci = zT(XTW x)-1:z:,, with W = W(µ), ia the estimated 

esymptotic variance of '7, = z"[ P. The idea comes from the comparison of the 
Peareoo atatilltic of the Poislloo fit, i.e., X 2 = E;:..1 (Jli - 14)2 /µ; with it.e expected 
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value under the negative binomial model (see Breslow, 1984, for details). An al­
ternative approach for the estimation of k based on the method of moments is 
di8CU8lled in Breslow (1984). Lawless (1987} show that the method of moment.A 
estimates are more robust than the maximum likelihood estimates although the 
latter are more efficient than the former if the negative binomial regression model 
ia oorrect.·The 8-PLUS functions neg.bin(lt) and gllll.nb found in the h'brary 
MASS (Venablee and Ripley, 1999) give the maximum likelihood estimates for the 
pa.rameterll of the negative binomial regression model under known and unknown 
k, respectively. See Hardin and Hilhe (2001, Chapter 13) and Pedan (2001) for 
details of the model fitting using STATA and SAS. 

Model reductions may be based on the partial deviance. Let Ho : /J,+1 = 
P,+2 = . . . = /Jp = 0 be the null hypotheeis to be taited against a two-sided 
alternative. For known k, the deviance residuals are given by 

{2.6) "'= sign(J,, - 1li) { u, [tog(,/"~ ,J- log (Iii~ k)] + lclog (!; :) r 
and the partial deviance equals the likelihood ratio statistic. Under the null hy­
potbesia it ha& a chi-equared distribution with p - q degrees of freedom asymptot­
icaly. Jf k iB unknown, an approximation for the partial deviance is obtained by 
estimating k under the unrestricted model. 

S. Diagnostics 
Diagnostic techniques ue of great relevance for detecting regression problema wch 
118 lack of flt and the presence of outlien and influential. observations. Plot.A of the 
Pear&OD or the deviance residuals ~ some function of the data, such 118 the 
eetimated linear pre.diet.ors ff1 = z[ /J, may be helpful for detecting lack of fit or 
highlighting outliers. The Pearson residuals are defined 118 

1/i -il. r,= ./?'!' I 
V11i 

{3.1) 

where Vi is the estimated variance of l';. For the Poisson, the OODStant overdisper­
sion and the negative binomial regreasioo models, the Peal'800 residuals ani given 
by (3.1) with 11, = µ., v, = q,µ. and v, = µ. + µ1/k, respectively. The deviance 
residuals are given by (2.3) and (2.6) for the Poisson and the negative binomial 
regression models, mipectively. The deviance residuals for the constant overdis­
persicm regression model ooincide with the COfflll!PODding residuals for the Poisson 
case multiplied by 4,-1/2. For diagnolltics in regression models for count data, eee 
Cameron and lrivedi (1998, Chapter 5). The use of bivariate smoothing for ex­
amining residual plot.a in the analysis of the A880ciation between air pollution and 
ffllpiratory illne&11 iB discussed in Schwartz (1994). 

Since the distribution of the residuals ia not known, half-normal plot.8 with 
simulated envelopea are helpful tools for diagnoatlc purposes (Atkinson, 1985, 
Net.er et al., 1996, Section 14.6). The idea is t.o enhance the uaual half-normal 
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plots by adding a simulated envelope which can be used to decide whether the 
obeerved respoases are consistent with the fitted model. 

Half-normal plots with simulated envelop£ are constructed 88 follOWB: 

1. flt the model and generate a simulated sample of n independent observa­
tiOilll using the fitted model 88 if it were the true model; 

2. flt the model t.o the new Mmple, and calculate the ordered absolute values 
of the diagnostic quantity of interest; 

3. repeat the steps above 18 times; 
4. comider the n sets of the 19 order statistics; for each eet calculate its 

mean, minimum a.nd maximum values; 
5. plot these value11 a.nd the ordered diagnostic quantities of the original sam­

ple against the half-normal scores +-1((i + n - 1/8)/(2n + 1/2)), where 
+(.) is the cumulative distribution function of the standard normal distri­
bution. 

The minimum and maximum values of the 19 order statistics provide the envelope. 
An infonnal check for offl'dispersion may be based on a half-normal plot with 
simulated envelope of the Pearson or the deviance residual& for the Poi!llon flt. A 
large portion of points falling over the envelope indicates that the variability of 
the residual& is greater than expected and hence an overdisperlled regression model 
may be more appropriat.e ror the data set being analysed. 

For the coostant overdispersion regression model, no particular distribution 
i8 88lllllilSd fur the respoose. Thill leads to difflculties in step 1 above. Dem~ and 
Hinde (1997) llllggQlt t.o generate the Yl a as Y. = iY;, where Y1•, ••• , Y,: oome from 
independent Poisson distribution& with means µ1, ... , j,i,,. Another approach is t.o 
generate 81, ... , Bn 88 n independent obsenations, Bi having a gamma distribution 
lrith pal'am.eters (i = ~ and ,\ = 1/(i - 1), and theo Yi, ... , Y,. are geuerated 
u independent Poisson variables with meaus Bi, ... ,Sn. In both caseB, the desired 
relation between the mea.n a.nd the variance of the I'espoDll8 variable ia ll&ti&fled. 

A graphical t.eclmique fur detecting overdispen;ion is discusl!ed by Lambert 
and Roeder (1995) and a formal check is described by Lawleiie (1987). Assume 
that the negative binomial regression model is correct and let 6 = 1/'k. If 6 = 0, 
no overdispelllion is present and the data come from a PoisBon distribution. The 
likelihood ratio statistic of Ho : 6 = 0 against H1 : 6 f, 0 is w = -2(lp - INB), 
where Ip and INB ue the log-likelihood functions of the Poisllon and the negative 
binomial regression models, respectively. Notice that the value fer 6 in Ho is in the 
boundary of the pal'ameter l!J>8C8 and hence the usual properties of the likElihood 
ratio test are not ffilid here. Lawl.esa (1987) shows that under the null hypothesis 
the cumulative distribution function of w is F.,(z) = 1/2 + PW ~ z), fa- % ~ 0, 
where rl repi:eients a random Wlriable having a chi-squared distribution lrith one 
degree of freedom. For other test.a for overdispersion, see Dean (1992). 

For the negative binomial regrassion model, the ith diagonal element ~ of 
the matrix H = w 112 X(XTW x)-1 xTw-1/2 can be viewed &8 a leverage mea­
sure of the corresponding observation. A plot of hi, ... , h,. against the fitted 
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valuea µ1 , ••• , Ti,,. may be helpful for detecting high leverage obeervationa. Such 
observations are pot.entially influential in the model flt. For log linear models, 
~ = k/J,i/(k + /J,i)zl (XTW X)-1:ei. The Cook distance is a widely used influence 
meuure (Cook, 1986). In our setting, it is not possible to write it in closed form 
but it may be approximated by "1~/(1-~)2 with ri given in (3.1). weal influence 
diagnostics and deviance residual analysis in log-linear negative binomial models 
are discussed in Svetliza and Paula (2001). 

4. The Vlt6rla study 

Large Brazilian cities, particularly Sao Paulo as the biggest city in South Amer- . 
ica, have been subject of several epidemiological studiei to evalua.t.e the 8S80Cia,. 
tion between air pollution and human health; Bee Saldiva et al. (1994), Saldiva 
et al. (1995), Braga. et al., (1999, 2001), Conceii;io et al., (2001} and references 

, therein. In this paper our focus is Vit6ria city in Fspirito Santo Stat.e, Brazil, 
which has a population of about one million and four hundred thousand people. 
Ita industrial activities include a st.eel plant and the main Brazilian harbour for 

· iron ore and mining producfJI exportation in urban area. 
Following the HEADLAMP Project recommendations (WHO, 1996a, 1996b ), 

we performed an epidemiological ecologic study. Our aim is to evaluate the IIBl!Oci­
ation between air pollution and human health in Vit6ria. The particulate mat.erial 
concentration (PM10) is recommended as the pollution Indicator. However, we r&­
placed it by the daily a.wrage concentration of sulfur dioxide (SO2) because of 
the aftilability of such information and the strong correlation with exiBting PM10 
data. The total daily number of Yisits for respiratory causes in the emergency 
room of the unique local public child hospital repreeents the health indicator and 
ii the respom,e variable. The epidemiological design also requires the control of 
confounding variables, i.e., known or poasi.ble risk factors which may confound the 
relationship under analysia. To repreaent the environment the following ~ables 
were included: the temperature, represented by ita minimum daily -.alue, and the 
relative humidity, by ita nearest value at midday. To repreeent !l88BOll8l factor& we 
included year, month and day d. the week. The occurrence of respiratory diseue 
epidemic and the number of emergency hospital visits fix non-respiratory di8ea8es 
we.re also oonsidered, the latter aiming to control external factors sudi as strike of 
boepital employeai. 

The study includes daily data from 1993 until 1997. Table 4.1 shows summary 
measures of some variables included In our study by year. It ls clear that the 
a~age number of. visits for respiratory causes and the average conceotra.tion of 
SO2 decreased during the period under invelltigation while the average number of 
visits for other causes did not change mudi. 

It is well known that the effect of t.emperature, humidity and pollution on 
health indicatorll does not necaisarily occur on the same day of the event, in this 
C811e, the emergency room visit. A previowl analysia of our data indicated that 
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models with three. day moving average for temperature and humidity and seven 
day moving average for S02 generally fit best. The moving average for a specific 
variable ill the aver&&e of this variable in the referred day with the values of the 
precedent days. For example, a two day moving average is the variable average of 
the present and the previous day. 

Thble 4.1. Yearly number of observations (n), meiws (standard deviations) of. the 
number of visits for respiratory (RESP) and non-respiratory causes (1''RESP), 
temperature (T), humidity (H) and S02 concentration. 

Yelll' RESP NB.ESP T H S◊2 
(OC) (%) (µg/ms} 

1993 53,29 132,76 20,90 64,84 15,60 
(n=249) (33,01} (31,23) (3,55) {20,65) (14,78) 

1994 54,54 126,78 19,38 69,36 9,67 
(n=l92) (24,31) (40,76) (2,73) (7,47) (12,31) 

1995 44,34 152,89 21,51 72,96 6,97 
(n=237) (22,11) (51,33) (3,95) {17,33) (7,74) 

1996 39,71 136,96 19,35 72,51 4,81 
(n=207) (15,50) (33,72) (2,42) (12,38) {7,30) 

1997 37,39 144,00 20,53 92,32 3,36 
{n=335) (24,09) (50,02) (2,54) (6,58) (5,44) 

Tota.I 45,08 139,53 20,41 75,98 7,80 
(n=1220} (25,65) (43,85) (3,18) (17,35) (10,82) 

Figures in the first column of Table 4.1 show that some variables have miss­
ing values and this leads t.o a much higher number of missing obeervations after 
computing the required moving averages. The final data eet consists of 599 obser­
vations. 

The model building strategy for the statistical analysis involves the con­
struction of a basic model in whicb variations due to the confounding variables 
are removed. Once the variables mOBt etrongly 8880ciated with the respomie Bil! 

det.ennined (significance level equal t.o 5%), the pollutant is added t.o the model. 
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For similar model building strategies, eee Conceii;iio et al. (2001) and Schwartz et 
al. (1996). The statistical analysis that follows wu carried out using S-Plwi 4.5. 

First, let 118 consider the log-linear Poisaon regreesioo model. The basic model 
was :6ttAld and significant MSOCiations for all the confounding variables were ob­
served (p < 0.001). The inclusion of the pollutant in the basic Poilleon model i& 
significant (p < 0.001). Nevertheless, the residual deviance equals 3,107.0 with 572 
degrees of freedom ( d.f.) indicating that the Poi811on regression model doee not 
provide a good fit. Moreover, aJl the points In the half-normal plot of the deviance 
residuals (Figure 4.la) fall over the simulat.ed envelope, leadiDg to the conclUBion 
that there ia a strong evidence of owrdiepersion. 
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Figure 4.1. Half-normal plot of the deviance N!lliduals for the Poi8llon model (a) 
and plot of alleolute staodazdized N!lliduala against the fttt.ed values far the normal 
model (b). 

The 25th and 75th peramtiJes, the average and the standard deviation for 
the observed respome variable are 30, 59, 47.7 and 28.1 respectively. These fig­
urea Bllggest that emergency visits for respiratory diseases are not rare events and 
that a normal model may be more llllitable for our data than the POL8IIOD model. 
A normal model with independent identically distributed erron including all the 
confounding variables and the pollutant was fitted. The plot of the abeolute IJtan­
dardized residuals against the fitted values (Figure 4.lb) clearly shows that the 
variability of the residuals ia not CODlltant. In fact, the Bremch-PagB11 test (Breusch 
and PagBll, 1979) reject.a the null hypothelli& of homoscedasticity (p < 0.001) and 
lead& t.o the conclusion that this model i1I not appropriate for our data. 

Now, we CODllider the conatant overdiapersion regression model with log link 
function. The basic model was fitted and we found a non significant effect only for 
the relative humidity (p = 0.064). The incluaioo of the pollutant in the basic model 
18 aignificant (p < 0.001), the residual deviance equals 609.2 with 572 d.f. and we 
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obtained i = 5.11. Figure 4.2a shows a half-normal plot of the deviance residuals. 
It indicates that the constant overdispersion model is much more appropriate than 
the Poisson model for our data. The plot of the Peanon residuals against the fitted 
valuei (Figure 4.2b) do oot show any outliers or evidence of lack of fit. 
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Figure 4.2. Half-normal plot of the deviance residuals (a) and plot of the Pearson 
residuals against the fitted values {b) for the constant overdispersion model. 

We now move to the negative binomial regression model with log link func­
tion and unknown dispersion parameter k. As in the constant overdispersion model, 
only the relative humidity was eliminated from the basic model (p = 0.315). The 
inclusion of the pollutant ia significant (p < 0.001), the residual deviance equals 
663. 7 with 572 d.f. and we obtained k = 9.14 with standacd error equal to 0.69. The 
half-normal plot of the deviance residuals (Figure 4.3&) indicates that the negative 
binomial model is much more suitable than the PoiSIIOD model. However, a com­
parison between Figures 4.2a and 4.3& indicates that the constant owrdispersion 
model seems to provide a bett.er fit. 

Figure 4.3c shows an index plot of Cook's distance for the negative binomial 
fit. We ooticed outstanding Cook's distance for the 372nd and the 595th obser­
vations. For these C8lle8, the Pearson residuals a.re -2.08 and 3.34 respectively, 
indicating that the observed count of visit.a is mudi smaller than expected for the 
first case and much higher than expected for the second case. Figure 4.3d shows 
a plot of hi aga.inst the fitted values. We noticed that all the observations with 
high leverage (hi > 2.5p/n) correspond to December, 1996. These are the only 
cues observed in December in our data Bet and this is the reason why they are 
potentially influential. However, the elimination of all the disaepant obsenations 
doftl not change the inferential conclusions. Plots of local influence, conmucted 
1111 suggested by Svetliza and Paula (2001), were omitted here because they do not 
show any influential point. 
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0 1tlll 2111 • GI . QI 11111 II 1CIO 1IO llll - --Figure 4.S. Half-normal plot of the deviance residuals (a), plot of the Pe8l80D 
residualll against the fitted values (b), index plot of the Cook distance (c) and plot 
oI the leverage against the fitt.ed values (d) for the negative biuomial model. 

Positive association between the respoose 'V8riable and SO, wu obeerved in 
both overdispersed models. This indicat.ee that the higher the concentration of this 
pollutant, the higher the expected value for the number of daily emergency hospital 
visits for respiratory diseaaea. The relative rillk 8IIIOciat.ed with the pollutant W88 
estimated for the increase of 1µ.g/m3 and also ll.93µ.g/m3, which COl'l'eSp<>llds to 
the interquartile range {15th-25th percentiles). This last measure was calcuJated 
aiming to represent the ratio of the expected number of daily visits for respiratory 
diaeases in a high air pollution day compared with a da,y c:l low air pollution. 
Thel!e results were '¥t!l'y similar in both overdispened models, and are preeent.ed 
in Table 4.2. Notice that an inaeue in the pollutant concentration from the 25th 
to the 75th peroeniile is 81180ciated with an ~ inaease of roughly 11 % in the 
number of visits for respiratory diaeaaee. 
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'lkble U. Estimated relative risk (RR) aseociated with the pollntant. 

Overdispeniion RR(µg/m3
) RR(ll.93µg/m3) 

Models Estimate CI(95%) F.stimate CI(95%) 
Constant 1.009 (1.004;1.013] 1.108 [1.060;1.169] 

Negative Binomial 1.009 [l.005;1.013] 1.113 [1.065;1.164] 

5. Concluding remarks 

The constant overdispersion and the negative binomial regression models are more 
appropriate than the Poisson and the homoscedastic normal linear regression mod­
els for the analysis of the llSIIOciation between the number of daily emergency hos­
pital visits for respiratory diseases and the levels of air pollution in Vit6ria for the 
period from 1993 to 1997. There is some evidence that the constant overdispersion 
model is the mOflt appropriate among those oonsidered in this pa.per. Under both 
the overdispetsed models we found positive alll!Ociation between the number of 
daily visits and the concentration of S02, Our results are in agreement with the 
concept that adequate statistical modelling of daily measures of pollution, weather 
and health outcomes represent a powerful tool to detect the adverse effects of air 
pollution on human health. 
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