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Riassunto: La sorveglianza epidemiologica definita come monitoraggio e individu-
azione di tassi di mortafit alterati per una certa popolazione a rischio. Consiste nel-
I'analizzare 'andamento della frequenza di eventi di interesse sanitario come i tassi di
mortalita nel tempo e nello spazio. Gli approcci statistici adottati per la sorveglianza
epidemiologica seguono sostanzialmente due approcci: quello legato al controllo della
qualita (ad esempio tecniche CUSUM) e quello diretto all’identificazione di anomalie
nei dati (ad esempio test di clustering). Il presente lavoro propone un modello statistico
basato sul “positive false discovery rate” per identificare I'eccesso di rischio nel contesto
di investigazioni epidemiologiche di tipo descrittivo.
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1. Introduction

Epidemiologic surveillance is defined as monitoring and detection of altered disease rates
within a given population at risk (seédcMahon and Pughl970. Measuring occurrence
variation by space, time or space-time is a specific task which may require to set up a
disease registrydps Santos Silva999chp 17).

The statistical approaches to surveillance follow two main streams: quality control (e.g.
CUSUM techniques, sderisen and De Mag, 1991), detection of extremes (e.g. test for
clustering Kulldorff et al., 2007).

Natural history of the disease and exposure distribution is usually known and a flow chart
of public health actions for each possible results of the surveillance activity is assumed
(e.g. the national mesothelioma registers; for Italy Decreto del Presidente del Consiglio
dei Ministri n. 308 del 10 dicembre 2002, GU n. 31 del 7 febbraio 2003).

Stakeholders and decision makers however need measures of disease impact. Attributable
cases and quality/disability adjusted years of life are used by WHO to assess global burden
of disease (seklurray and Lopez1996.
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Multiple testing in the framework of epidemiological studies or surveillance is rarely
addressed. Several authors (Beghman and Greenlantl998 deny the adoption of any
procedure to control family wise error rate. Within epidemiologic surveillance literature,
global control of type | error is pursuedriisen 2003 Kulldorff, 2001, Elliott et al.,
2000.

Some authors (sdrichardsoret al,, 2004 discussed the low sensitivity of Hierarchical
Bayesian modelling in disease mapping exercises, otherfk(@kaet al., 2007 noticed

the cost in sensitivity of adopting a family wise error rate in monitoring. The last men-
tioned control of the False Discovery Raiefijamini and Hochberd 995.

We can do much better.

The paper aims to present a statistical model for identification of excesses in the context
of descriptive epidemiological investigations.

The results are presented as attributable cases.

2. Motivating example

In 2005 an Epidemiological report has been requested by the Secretary of Health, Hy-
giene and Social Welfare of the Sardinia Region (Italy). It has been carried out by the
Regional Epidemiological Observatory within the domain of ESA (Epidemiology Devel-
opment and Environment) and with the support of the European Ulimyéri et al,

2006. The purpose of the report was to screen health status of resident populations in a
priori identified areas at high environmental pressure. This required a common definition
of health indicators among areas and standardized statistical approaches to data analy-
sis. A total of 73 municipalities accounting for a population of 917.977 in 2001 census
(56% of the total population of Sardinia) were considered. Mortality data (1981-2001)
and hospital discharge data (2001-2003) were collected. Three steps of analysis were per-
formed: Descriptive analysis for the most recent time period available (11 indicators by
35 causes of death and 48 hospital discharge diagnoses, gender specific); Geographical
analysis (parametric Homogeneity test, Bayesian posterior means and posterior proba-
bilities); Temporal analysis of mortality data for the whole period 1981-2001 and Birth
cohort analysis, 1904-1948, with estimates of cumulative risks and cumulative SMRs in
age 30-74.

The choice of appropriate reference population were evaluated comparing regional, ma-
terial deprivation, and “local” adjusted indicato&okal and Rohlf1981, Bland and Alt-

man 1999. Localized excess or deficit are more likely attributable to environmental
exposures: we used negative binomial Homogeneity &g and PauyR005 and pos-

terior probabilities Richardsoret al., 2004). Age-period and age-cohort analysis were
done Clayton and Schifflers1987) looking for absolute and relative trends. Cohort ef-
fects were quantified by cumulative risks and cumulative SMBReglow and Day1987,
Coleman et al. 1993). Confidence bands were obtained by parametric booEt@ap (

and Tibshirani1993.

A large number of comparisons were made. Overall we analysed 84 disease codes - 36
for mortality and 48 for hospital admissions - by 18 areas resulting in 1512 Relative Risk
estimates.

How do address such huge number of multiple comparisons ?



3. Methods
3.1 Multiple inference

Generally speaking a specific procedure when performing multiple comparisons is ad-
vocated to proper control the probability of a false positive result. When doing a single
hypothesis testing we maximize power conditional on type | error rate (PCER approach:
Per Comparison Error Rate). While when multiple hypothesis testing is performed we
aim to control the overall error rate at a desired level while maintaining the power of each
test as much as possible. The commonly controlled quantity is FWER: Family Wise Er-
ror Rate. FWER is the probability of yielding one or more false positives out of all the
hypothesis testedpnferronij 1936.

There are situations in which major interest is in the rate of false positive among all
rejected hypotheses rather than the probability of making one or more type | errors (FDR,
Benjamini and Hochberd 995.

Indeed, the authors comment that control of FWER is important when our decision based
on the whole set of individual inferences is likely to be erroneous when at least one of
them is. This may be the case when several areas/populations are compared against a
reference population (i.e. regional average), and a single area is considered out of the set
of areas which are declared significantly better/worse than the standard. However, a given
area/population and a reference are often compared by testing relative risks for various
diseases (different end points in clinical trials terminology). The overall conclusion that
the area is at higher/lower risk need not be erroneous even if some of the null hypotheses
are falsely rejected.

Considering the possible outcomes framhypothesis tests (see Taldlpwe can define

the followings.

The family wise error rate (FWER) (Bonferroni):

PV >1)

The False Discovery Rate (FDR) (sBenjamini and Hochberd 995:
E(V/RU1)

However, FDR can be expressed also as:

E(R‘L/J1>:P(R>O)E<;|R>O>

which provides a link to the positive False Discovery Rate (pFDR), define&tasey

2003
%
Ei
(R‘R>O)

pFDR has a Bayesian interpretation and has a connection to classification theory.

As noted byStorey(2002 in the FDR procedure the error rate is controlled for all values
of the number of true null hypotheses simultaneously without using any information in
the data about it. But we have information &R > 0) and we use it when considering
positive FDR (see alsBtorey and TibshirapR001for discussion of FDR'spFDR).



pFDR is a posterior probability:

o (T | Ho)
7T0P (T ’ Ho) + 7T1P (T ‘ Hl)

P(H0|T):

(seeEfronet al, 2001, Tusheret al, 2001for an example in genomics data analysis).
Let us define a three level hierarchical Bayesian model on our example:

level 1 Y}, ~ Poisson\;); where area=1;..1, disease=1,k...K andlog(\y,) = 6 +
offset;, the offset being the log expected counts or person years at risk;

level 2 O, = Zik,ul ik T (1 — Zik),ugik Whereuuk =0 and/tgik ~ NormaK', Tz‘k')

level 3 Z;;. ~ Bernoulli(;) andr;, ~ Gamma(0.5,0.005)

Posterior classification probabilities are then used to thresholding significant diseases/areas,
following Efronet al,, 2001
However posterior probabilities from the bayesian Mixture model were denoted by the
last authors "local FDR” :
Tk | O = P (H =0T = 0y,)
while, more consistenthyStorey 2003define positive FDR as:
pFDR(y) =P(H=0|T €T,)
and by analogy with the p-value:
pvalue= P (T > 6, | H=0)
the g-value, directly related to the posterior probability of classification:

gvalue= P (H =0|T > 6;)

The estimation 0pFDR and g-value is outlined iStorey 2002 First, get an estimate of
mo from the set of observed p-values:

. _ tpi > A)
To(A) = 0= m
then,
A B To(A)y
PPOR) = e <yl L= (1= )]
and,



3.2 Large tables

A different situation arises when we consider a large collection of Relative Risks, under
the expectation of few excesses.
Let assume:

Oip, ~ POiSSOI(]Eik)\ik)
where; indexed areas anddiseases. Then
log(Xir,) ~ Normal(,7)

The posterior estimates of the relative risk (or log relative risk) have approximate Gaus-
sian distribution and can be used to fill in the quantile-quantile @latrenteret al.,

1997 Law et al,, 2007).

Law et al. (2001 suggest a visual approach to identify anomalous points. It consists in
plotting the orderembg(jwk) against the expected order statistics. In the same plot we can
draw "guide rails”, that is the limits within which the plotted points would be expected to
fall, if the plotted points would have been a sample from a Normal distribution.

Consider the largest of draws from a Norma, 1):

P(Z, < z) = ®(z)"
then
1—a=d(z,)"
=07 (1= )]

Guides rails can be put at,c; whereg is the standard deviation (estimated by the slope
in the central 80% of the QQ-plot). See alsaw et al, 2001 for a bootstrap approach
which avoid Gaussian approximations.

4. Results

Let us extract from the Sardinia repoBiggeriet al, 2006pages 41 and 71) the tables for

two areas with some disease excesses: Portoscuso and La Maddalena.databiable

3 we report the p-value and g-value for Portoscuso and La Maddalena for the diseases that
are statistically significant under a type | error of 10%. For Portoscuso, if we control False
Discovery Rate at the level of 10% six diseases in the table would be declared significant.
Notice that while the p value is the minimum false positive rate that is incurred calling
each single test significant, the g-value measures the minimum false discovery rate for
that test. That is, over all the tests that we declare significant, the percentage of them
being false positive.

We could conclude that for Portoscuso out of 6 diseases declared as significant 1 of them
is a false positive (yet we do not know which one). For La Maddalena, fixing a false
discovery rate at 20% 4 diseases are declared significant, 1 of them being a false positive.



The overall proportion of the true null hypothesigis estimated $torey 2002. Figure

1 and Figure2 report estimates for, for the Portoscuso and La Maddalena examples,
respectively. The purpose of the plot is also to gauge how reliable the estimajaesof
Basically, a tuning parameterhas to be chosen to estimatg A spline is added to the
plot in order to facilitate the interpretation. The proportion of significant results in the
study can be derived by, = 1 — 7.

For Portoscuso the estimated is 77% thus we have a 23% of altered Relative Risk.
The estimate is stable over the range\ofThe situation is much more unstable for La
Maddalena: we estimateng of 62% but this is clearly inappropriate.

Using the guide-rail approach we plot ordered posterior logRR against ordered standard
Gaussian deviate. In the figur8sand4 asymptotic 80% guide-rails were adddchy

et al.(200D).

5. Discussion

In the literature the following approaches to Epidemiological Large Tables analysis are
reported:

- graphical approach. QQ-plot of Empirical Bayes estimates and guide rails, asymptotics
or bootstrappedarpenteet al,, 1997andLaw et al., 2001);

- Bayesian multivariate inference. Posterior means and credibility intervals are derived
and used to thresholding are@séun@o and Castral995;

- League tables. Multilevel or Bayesian approaches led to posterior r&ukdstein and
Spiegelhaltherl996);

- hierarchical Bayesian modeling. In particular triple goal estima&w® and Louis
(1998); and limited shrinkage estimatorS¢vine and Louig1994).

We included in our analysis the simple graphical approach, listed before. However it is
clearly appropriate to screen for few extremes rates or risks and can fail to detect a situa-
tion with a large number of altered disease rates or, for a given diesease, areas. The other
approaches are variation within a general hierarchical Bayesian modeling framework.

We considered two hierarchical Bayesian models fitted to the large table of relative risks.
Coherently, we adopted a Bayesian approach to multiple inferestoeefy 2003 and

found pFDR consistent with posterior ranking.

The first model specificated was a three level mixture model, where the interest was
in posterior classification probabilities. Spatial random terms could have been speci-
fied when considering areas on a continuous region, while for correlated responses see
Assun@o and Castr¢1995. Both were inappropriate in our example.

g-values can be calculated using the procedurgtofey(2002. This approach is inde-
pendent on the model used to get p-values. In the application here we considered Poisson
maximum likelihood estimates for each area and each disease in turn.

The results are consistent. When looking at Bayesian posterior classification probabilities
we are more conservative. The model fitted to the overall table showed some shrinkage
effect, as expected. The interpretation is straightforward: if the interest lies in each single
comparison, the procedure based on Poisson likelihood should be preferred. When ex-
ploring the set of compromised diseases by area, the Bayesian approach has the minimum
loss.

Looking at the guide-rails approach, the Bayesian model specified was a two level hierar-
chical Poisson-Gaussian. If needed, random terms, spatially structured, could have been



specified. Posterior log RR are then graphically displayed and QQ-plot obtained.

The procedure is easy and nice to report. However when it is appropriate? Suppose in
a given area the environmental pressure resulted in all disease rates above the reference
population rates. Then the QQ-plot will fail to detect any discrepancy. Only changes in
shape of the RR distribution will be identified.

The results presented supported this view: Portoscuso is a high affected area with several
disease with risk above the reference. The guide-rails approach identifies only the extreme
one (pneumoconiosis), in contrast with g-values estimates of 23% altered RRs.

6. Conclusions

Spatial epidemiological surveillance is based on disease mapping, cluster detection and
focused analyses. Family Wise Error Rate control is usually advocated, and a discus-
sion of alternatives to improve sensitivity is Rolka et al. (2007)) (pages 1838-1839,

and 1852). Our motivating example is Biggeri et al. (200§. We showed how to bet-

ter screen large tables of relative risks for altered disease occurrence. In the example 84
disease codes by 18 areas resulting in 1512 Relative Risk estimates were examined. A
Bayesian approach provides useful to identify the set of anomalous associations. We con-
sidered in particular Bayesian equivalent of p-values (g-valbesey 2003 to threshold

areas or diseases and compare to posterior statistics or guidd-eaile{ al, 2001) ap-
proaches.
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Table 1: Possible outcomes from hypothesis tests

Accept null Reject null Total

Null true U Vv mo
Alternative true T S my
W R m

Table 2: Theg-values for Portoscuso, males 1997-2001. In bold KDRLO
g-values are reported.

disease pvalue qvalue
Pneumoconiosis 0 0
Diabetes 0.00166 0.0151
Prostate cancer 0.00202 0.0151
Lung cancer 0.01180 0.0661
Respiratory acute 0.01505 0.0675
CHD 0.01848 0.0690
Liver cirrhosis 0.03451 0.1098

[l defined conditions 0.03918 0.1098
Respiratory chronic  0.04689 0.1116
Melanoma 0.04980 0.1116
Larynx cancer 0.06508 0.326

Table 3: Theg-values for La Maddalena, males 1997-2001. In bold KIR20
g-values are reported.

disease pvalue gvalue
CHD 0.00653 0.0981
Pleural Tumor 0.01090 0.0981
Respiratory chronic 0.02151 0.1039
non Hodgkin Lymphoma 0.02310 0.1039
Bladder cancer 0.06960 0.2163

Infectious diseases 0.07210 0.2163




Figure 1: Estimates ofr, for Portoscuso
example
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Figure 2: Estimates ofr, for La Maddalena
example
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Figure 3: Q-Q Plot and 80% Guide Rails.
Portoscuso example
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Figure 4: Q-Q Plot and 80% Guide Rails. La
Maddalena example.
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