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Abstract

The objective of this study was to describe the spatial and temporal dynamics of the 1999 outbreak

of acute clinical infectious bursal disease (IBD) in broiler chicken farms in Denmark. The analysis

was performed using data from all broiler farms located in the Jutland peninsula and the island of

Funen (168 municipalities). The Moran’s index I, K-functions and scan statistics were used to

describe the dynamics of the epidemic. In addition, spatially correlated survival analyses were

performed and the posterior frailties were mapped to identify areas with high or low survival times.

From January to October 1999, a total of 43 farms (81 flocks) out of a total of 299 farms (2970 flocks)

in 110municipalities were infected with IBD. The outbreak developed more or less simultaneously in

two regions, one in the north and the other in the center of the study area. The space–time descriptive

methods suggested that the cases were more likely to occur during a short period of time and over

relatively short distances, indicating that local factors facilitated the spread of the virus. For instance,

the highest risk, as estimated by the K-function, was within 20 km and 20 days. The risk of

transmission peaked in July and remained high until the end of the study. The spatially correlated

survival analysis identified municipalities with low survival times that roughly corresponded to the
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clusters found using scan statistics. The analysis for the full hierarchical structure of the dataset

identified variation (i.e. clustering) at the farm and municipality levels.
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1. Introduction

Infectious bursal disease (IBD), a highly contagious viral poultry disease (also known as

Gumboro disease), is a major global concern to the poultry industry. The economic impact

of this disease is related to losses due to mortality, growth retardation or rejection of

carcasses (van den Berg, 2000). A 10-year simulation study of broiler chicken farms in

New Zealand suggested that the introduction of classical IBD might cause a loss of US$ 10

million per year (Christensen, 1985). Approximately 3 days after infection with the virus,

the acute clinical form of IBD causes mortalities of up to 25% in broiler chickens and 60%

in layers. Only the horizontal transmission of this disease has been described (van den

Berg, 2000). The virus is excreted in the feces 48 h post-infection and it may be transmitted

for a period of 16 days after that. Although contact with feces from infected birds is the

main factor involved in the transmission of IBD, other factors such as wild birds (Ogawa

et al., 1998) or rodents might also play a role in spreading the disease (Edgar and Cho,

1976). IBD was first reported in broiler chickens in Denmark in 1992, affecting 11 farms

but was subsequently eliminated by a vaccination strategy. In 1998 and 1999, IBD was

reintroduced in two apparently unrelated outbreaks affecting a larger number of broiler

chicken farms (Flensburg, 2001). The 1998 data have been analyzed using logistic

regression (Flensburg et al., 2002). Also, a risk factor analysis in a nested case-control

design for the 1999 data investigated the effects of covariates related to hatchery of origin,

feed mills, and slaughterhouse system while accounting for local infection spread

(Flensburg et al., 2000); however, this study did not involve spatial or spatio-temporal

statistics.

The study of the distribution of disease occurrence in space and time is one of the bases

of epidemiology, with two of the major approaches being disease mapping and

investigation of disease clustering (Lawson et al., 2003). Descriptive statistics and tests can

be used to quantify clustering in space, time and space–time as well as to assess the

statistical significance of clustering and of specific clusters detected. These methods apply

to area (count) data (e.g. Moran’s I) or to point data (e.g. scan statistics and the K-function)

or to both data types; see Ward and Carpenter (2000) and Carpenter (2001) for reviews in

the context of veterinary epidemiology.

Disease mapping produces maps of the estimated risk of a disease across a geographical

area, and generally aims at elucidating the spatial distribution of disease and identifying

areas with low or high rates. The maps are usually drawn using regional administrative

units such as provinces, counties or municipalities. The underlying data often, in particular

in human health studies, consist of the number of events and the population at risk within

these areas. Such data lead to Poisson distribution models with the extra-Poisson variation

represented by random effects of spatial or non-spatial character. In veterinary
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epidemiology, point data are common and when the outcome of interest is the time-to-

event, these may be analyzed by survival models incorporating random effects to account

for unobserved heterogeneity in survival time or hazard rates. In both situations, the

preferred statistical approach is Bayesian with Markov chain Monte Carlo (MCMC)

estimation, due to the complexity of the spatial models involved. A popular spatial, lattice

model based on a given neighborhood relationship is the conditional autoregressive (CAR)

model (Besag et al., 1991; Mollié, 1996). In this model, the conditional mean of the relative

risk (or hazard), in a given area, is a weighted average of the neighboring relative risks,

while the conditional variance is inversely proportional to the sum of neighbor weights.

Temporal trends and spatio-temporal interactions have been incorporated into this

framework (Waller et al., 1997; MacNab and Dean, 2002). Several recent studies have used

similar parametric and semi-parametric survival models (Henderson et al., 2002; Banerjee

et al., 2003; Banerjee and Carlin, 2003), where the resulting posterior frailties are plotted

and compared among different areas to identify spatial, temporal and spatio-temporal

trends. In addition, the effect of different covariates in explaining the observed frailty

patterns can be assessed in these models.

The primary objective of the present study was to describe the temporal and spatial

distribution of the outbreak of IBD in broiler chicken farms in Denmark during 1999. As

the broiler chicken production is highly hierarchically structured, with flocks housed in

separate production houses at each broiler chicken farm, a secondary objective was to

review how spatial statistical methods should properly be applied to the hierarchically

structured data. Particular consideration was given to whether analyses should be

performed at the farm, house or flock level.

2. Materials and methods

2.1. Study population

The study area consisted of all municipalities located in the Jutland peninsula and the

island of Funen in Denmark. The geographical coordinates of all broiler chicken farms in

the study region were obtained from the Danish Central Husbandry Registry (CHR). In

addition to the location of the farms, the hatchery date and slaughter date were retrieved

from the Danish antemortem and postmortem databases, as described previously

(Flensburg et al., 2002). The date of disease outbreak was defined as the first day with

elevated mortality in the daily record of deaths in each broiler chicken house. The study

population included all flocks in the study area slaughtered between 1 January and 30

October 1999. Houses and farms were considered continuously at risk until the first

outbreak of IBD (at the house or farm) or the slaughter date of the last flock slaughtered

within the study period.

2.2. Analytical methods

Temporal, spatial and spatio-temporal descriptive analyses as well as different types of

survival analyses were performed to investigate the dynamics of the outbreak.
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2.3. Descriptive analysis

Cluster detection was carried out using scan statistics based on Poisson models for farm

outcomes that were either dichotomous (farm model) or counts of the number of houses

infected and at risk (house model), respectively (Kulldorff, 1997). Time and space scan

windows were set at 10% of the study period (303 days) and 10% of the population at risk,

as described in Hjalmars et al. (1996). These analyses used the SaTScan software, version

4.0 (Kulldorff, 2003).

Spatial correlation between municipalities was assessed by Moran’s I in a version

adjusted for population density (Empirical Bayes Index; Assuncao and Reis, 1999),

because of the small and variable number of farms in a municipality. The index may be

thought of as a correlation between the prevalence of IBD-infected farms in neighboring

municipalities. The neighbor relationships were represented by a binary adjacency weight

matrix. In addition, spatial correlation between farms was estimated by a point-data version

of Moran’s I, using the proportion of infected houses at each farm. The neighbor weights

were inverse distances between farms within 13 km—the minimal distance for every farm

to have at least one neighbor. Statistical significance of the attained value of I was assessed

by a permutation (Monte Carlo) test using 999 simulations in which the P-value equaled

the proportion of times the actual value was exceeded in the simulations. The null

hypothesis of the test was that the prevalences are either constant or heterogeneous but

spatially uncorrelated. These analyses used the SPDEP library (Bivand, 2002) within the R

statistical package (Ihaka and Gentleman, 1996).

Space–time interaction was assessed using the K-function (Diggle et al., 1995). This

was implemented in the SPLANCS library (Rowlingson and Diggle, 1993; Bivand and

Gebhardt, 2000) within the R package, based on the cumulative numbers of IBD-outbreak

farms within a given distance and time interval. Specifically, the relative increase in cases

attributable to space–time interaction, D0, was computed as a ratio between the observed

cumulative number of cases minus the expected number of cases (if no space–time

interaction was present), divided by the latter quantity. Values of D0 > 0 indicated the

presence of a space–time interaction, and values of D0 � 1 indicated at least a doubling of

the observed number relative to the expected number of cases. The calculations were

carried out using an equidistant 20 � 8 grid of space and time values ranging from zero up

to 40 km and 80 days, respectively. A similar house-level analysis was enabled by

artificially declustering the house locations by small distances (as the houses were not geo-

referenced separately). The statistical significance for the presence of space–time

interaction was assessed by a permutation test using 999 simulations, as described above.

Although the K-function derives from the theory of stationary point processes, the

permutation test is valid for a nonstationary underlying process (Diggle et al., 1995).

2.4. Survival analysis

Initially, a Kaplan–Meier product limit estimate of the daily farm level hazard, since the

beginning of the study period, was plotted to visualize the presence of any pattern over

time. Parametric survival models were fit to the farm level survival times, and a log-normal

distribution of survival times was chosen for further modelling because of its slightly better
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fit than the more commonly used Weibull distribution and its ability to adapt to a non-

monotonic hazard function.

The farm level models included the number of houses (categorized as 1, 2 and �3

houses) as a predictor, whereas the house level models had no predictors. Random effects

(frailties) were incorporated for the municipalities, and in the house level analysis for the

farms, corresponding to the hierarchical data structure. The municipality random effects

could either be unstructured (i.e. independent) or spatially structured (i.e. spatially

correlated) in a conditional autoregressive (CAR) model.

Specifically, in the unstructuredmodel themean survival time (mi) of farm iwas expressed

as ln(mi) = b0 + b1x1i + b2x2i + umun(j), where x1 and x2 were indicator variables representing

the fixed effects of the number of houses, the b’s were regression coefficients, and the uj’s

weremunicipality random effects assumed to follow anNð0; s2
uÞ distribution. In the spatially

structured model, the set of municipality random effects term (uj) was specified by the

conditional distributions: uJ juk 6¼ j �Nða j; s
2
jÞwith the conditional mean and variance given

as a j ¼
P

wjkuk=
P

wjk and s2
j ¼ s2

s=
P

wjk. The neighborhood weights (wjk) were

binary, so that wjk ¼ 1 for municipalities with a common boundary, and wjk ¼ 0 otherwise.

House level models were similar but could have additional farm level random effects.

The statistical modelling and analysis was carried out in a Bayesian framework using

non-informative prior distributions for all parameters. The priors were as follows: a

gamma(0.01, 0.01) distribution for 1=s2
s , gamma(0.001, 0.001) distributions for all other

inverse variance parameters (the variance parameter of the log-normal survival

distribution, and shared frailty variance parameters), and an N(0, 1/10,000) distribution

for the regression coefficients in the farm level model. (According to recent

recommendations (Lawson et al., 2003), we used an improper flat prior for the intercept

b0; however, the results were unaffected by shifting to a N(0, 1/10,000) distribution).

The statistical inference was based on Markov chain Monte Carlo simulations as

implemented in the WinBUGS software, version 1.4 (Gilks et al., 1994). The posterior

median frailties were monitored and used for mapping the results by municipalities. For all

themodels three chainswere runwith different starting values; the burn-in periodwas 10,000

iterations and the estimation sample comprised 10,000values after a thinning of the chains by

a factor 10. Convergence was assessed using correlation plots, sample trace plots, and the

Gelman–Rubin statistic modified by Brooks and Gelman (1998). The deviance information

criterion (DIC; Spiegelhalter et al., 2002) was used to compare the fit of models for the same

dataset in a similar fashion as in Henderson et al. (2002) and Banerjee and Carlin (2003).

3. Results

The data comprised a total of 2970 flocks reared in 673 houses on 299 farms (1–16

houses per farm) in 110 municipalities. A total of 81 flocks/houses on 43 farms in 22

municipalities were diagnosed with IBD during the study period (Fig. 1). Fig. 2 depicts the

case farms with the size of the pie proportional to the total number of positive houses. The

first reported case was on 28 February and the last on 19 October. Twelve farms

experienced more than one outbreak; the median time between outbreaks in those farms

was 3 days (range: 1–7 days). The median age of the broiler chickens at the onset of the

J. Sanchez et al. / Preventive Veterinary Medicine 71 (2005) 209–223 213



outbreak was 35 days and ranged from 17 to 54 days. The production time from hatchery to

slaughter was, on average, 39 days and ranged from 31 to 59 days, while the average empty

period between flocks was 14 days and ranged from 2 to 80 days.

3.1. Descriptive analyses

Overall, the hazard was approximately constant until the beginning of June, and from

then on it increased (Fig. 3). The fact that the epidemic declined towards the end of the
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Fig. 1. Incidence and distribution of the 299 broiler chicken farms in Jutland and Funen during the 1999 IBD

outbreak in Denmark. Municipality names show cluster centers identified by the scan statistic.
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Fig. 2. Location of IBD case-farms in Denmark during the 1999 outbreak. The pies are sized proportional to the number of flock-houses in each farm and the slices

represent the number of infected houses. Municipality names and dates represent the first IBD farm-cases for the south and north regions.



study period was to some extent masked by the censoring of farms at the end of the study

period. Both versions of the temporal scan statistic reported a highly significant temporal

cluster of length about 1 month, starting at 10 July.

Moran’s I, adjusted for the population at risk, was 0.34 (P = 0.001) and 0.15 (P = 0.001)

for the area and point analyses, indicating a moderate and significant spatial dependence

between municipalities and farms, respectively. The space–time scan statistic detected two

or four clusters depending on the model used (Table 1; Fig. 1). The farm level version of the

space–time scan statistic identified the municipalities of Aars and Toerring-Uldum (Fig. 1)

as centers of the two most likely clusters (P < 0.001 and <0.01), with radii of 21.8 and

1.7 km and including 25 and 6 case farms, respectively. Three additional clusters were

identified when accounting for number of houses in the space–time scan statistic. The most

likely cluster was one farm reporting 13 cases in the municipality of Noerre Snede (Fig. 1;

Table 1). The first secondary cluster (Loegstoer) was close in time and space to the most
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Fig. 3. Estimated daily farm-level hazard (with 95% CI) of IBD infection during the 1999 IBD outbreak in

Denmark.

Table 1

Statistically significant clusters (P < 0.01) detected by the space–time scan statistic for the 1999 IBD outbreak in

Denmark

Model

(see text)

Cluster

center

Radius

(km)

Cluster period

(day/month)

Number

of farms

Number of cases P

Observed Expected

Farm Aars 21.81 28/June–25/July 25 10 0.33 0.001

Toerring-Uldum 1.67 12/July–1/August 6 5 0.06 0.003

House Noerre Snede 0.0 12/June–18/June 1 13 0.04 0.001

Loegster 15.74 3/July–23/July 16 14 0.28 0.001

Skoerping 30.53 31/July–3/September 11 14 0.42 0.001

Toerring-Uldum 2.18 10/July–6/August 6 8 0.11 0.001



likely cluster identified for the farm model (Fig. 1). Both models identified one small

cluster in the municipality of Toerring-Uldum. The municipality of Skoerping was only

identified for the house level model at the end of the study period.

The space–time K-function showed different patterns according to level of analysis

(Fig. 4), the D0’s ranged from 0.1 to 13.6 and from�0.1 to 7.6 for the house and farm level

analyses, respectively. The highest risks were observed within a distance of 20 km and

during the first 20 days for the house and farm analyses. The permutation tests for space–

time interaction had corresponding one-sided P-values of <0.001 and <0.002,

respectively.
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Fig. 4. Spatio-temporal interaction plots of IBD risk among infected houses/farms during the 1999 IBD outbreak

in Denmark. The dark-shaded area shows the distance–time separations where the observed number of cases

exceeded at least twice the number expected. (a) House level and (b) farm level.

Table 2

Deviance, effective number of parameters (pD) and deviance information criterion (DIC) values of survival

models (see text) at the farm and house levels for the 1999 IBD outbreak in Denmark

Model (level and description) Deviance pD DIC

Farm

No random effects 686.34 3.91 690.25

Structured heterogeneity (municipality) 586.54 34.68 621.22

Unstructured heterogeneity (municipality) 580.25 40.73 620.98

Structured and unstructured heterogeneity (municipality) 582.80 35.59 618.39

House

No random effects 1326.90 1.94 1328.84

Structured heterogeneity (municipality) 1103.74 36.87 1140.62

Unstructured heterogeneity (farm) 1060.79 80.77 1141.56

Unstructured heterogeneity (municipality) 1101.33 38.63 1139.97

Unstructured heterogeneity (farm) + structured heterogeneity (municipality) 1058.25 60.27 1118.52



3.2. Spatially correlated survival analysis

The median observed days at risk was 258 days (range: 58–300 days) for the farm level

analysis and 257 days (range: 54–300 days) for the house level analysis. The fit of the

models is presented in Table 2. The DIC is defined similarly to the AIC as the expected

deviance plus the expected number of effective parameters (pD). Small values of the

deviance indicate a good fit, and small values of pD indicate a parsimonious model. The
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Table 3

Summary statistics of posterior distributions from Bayesian analysis of survival models at the farm level for the

1999 IBD outbreak in Denmark

Model

Structured heterogeneity Unstructured heterogeneity

2.5% 50% 97.5% 2.5% 50% 97.5%

Parameter

b0 (intercept) 6.50 6.94 7.61 6.42 6.83 7.45

b1 (2 vs. 1 house) �0.46 �0.09 0.29 �0.44 �0.11 0.20

b2 (�3 vs. 1 house) �0.83 �0.46 �0.12 �0.85 �0.51 �0.22

sa 0.39 0.52 0.71 0.37 0.48 0.66

ss 0.70 1.23 2.05 – – –

su – – – 0.48 0.76 1.22

ss = standard deviation of the structured municipality random effects, su = standard deviation of the unstructured

municipality random effects.

Fig. 5. Posterior median frailties of the IBD survival models at the farm level model with (a) unstructured and (b)

structured heterogeneity for the 1999 IBD outbreak in Denmark.



models that included random effects gave a much better fit than the non-random effects

models. In the farm level analysis, the model including two random effects had essentially

the same DIC as both of the models including a single random effect (unstructured or

structured). The parameter estimates from the models with structured and unstructured

heterogeneity are shown in Table 3. Predicted median survival times for different farm

types ranged from 135 to 4038 days and from 121 to 1317 days from the structured and

unstructured random effects models, respectively. These large values reflect the small

number of failures (cases) in the dataset, and the fact that the spatial smoothing of the

structured random effect leads to low predicted frailties far away from the outbreak centers.

Farms with three or more houses had amarkedly shorter survival time compared with farms

with only one house; the difference between one and two houses was less clear. The

posterior median frailties for the models at the farm level with unstructured and structured

heterogeneity are depicted in Fig. 5. The house level models with a single random effect

either at municipality or farm level presented similar fit. However, the model including

unstructured farm and structured municipality heterogeneities had the lowest DIC

(Table 2). Table 4 gives the estimates from this model. When combining two frailties at the

municipality level in a model, the Markov chains behaved less well, possibly an indication

of identifiability problems (Eberly and Carlin, 2000).

4. Discussion and conclusion

4.1. Outbreak of IBD

The most striking overall feature of the IBD outbreak was that it involved two separate

clusters, one in the north and one in the center of the study area (Fig. 1). The outbreaks

developed more or less simultaneously in these two regions (Table 1). The first two

observed cases were in the central region, but the third case was in the northern region, 1

month later (Fig. 2). In total, more farms were affected in the northern region.

The space–time descriptive methods suggested that the cases were more likely to occur

during a short period of time and distance, indicating that local factors probably facilitated

the spread of the virus. The transmission risk, as estimated by the K-function (Fig. 4), was

highest within 20 km and 20 days. Such local factors could be traffic, wilds birds or
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Table 4

Summary statistics of posterior distributions from Bayesian analysis of survival models at the house level,

including unstructured farm and structured municipality heterogeneities, for the 1999 IBD outbreak in Denmark

2.5% 50% 97.5%

Parameter

b0 (intercept) 6.54 6.91 7.54

sa 0.34 0.41 0.52

sfarm 0.15 0.33 0.53

ss 0.70 1.21 2.03

sfarm = standard deviation of the unstructured farm random effects, ss = standard deviation of the structured

municipality random effects.
a s = standard deviation of the natural log of survival times.



airborne transmission (Edgar and Cho, 1976). It has been suggested that the transport of

feed from infectious farms to susceptible flocks may play an important role in the disease

transmission. Flensburg et al. (2002) showed a significant association between IBD and

feed mills, possibly reflecting that geographically close farms are visited by the same feed

trucks during a short time interval. Flensburg et al. (2000) also found an increased risk of

IBD associated with slaughter and partial slaughter at some abattoirs.

The risk of transmission peaked in July. This seasonal pattern of the disease may be the

result of environmental factors that increase the probability of infection during the summer

months. The presence of wild birds during these months might also contribute to the

occurrence of IBD, as serological surveys suggest a possible role of feral birds as a

reservoir for IBD (Ogawa et al., 1998).

The data also showed a strongwithin-farm clustering (in the survival analysis; Table 4). In

total, 62% of the cases occurred in 12 out of the 43 farm-cases. The short time (1–7 days)

observed between outbreaks at the same farmagreeswith incubation times described for IBD

(van den Berg, 2000). Such short incubation periods, in combination with the observed

outbreak patterns, made it unlikely that the outbreak developed from a single source.

4.2. Spatial statistical methods

Both the descriptive spatial statistics and the survival models involved some assumptions

whose impacts on the results were difficult to assess. The houses were assumed to be

continuously at risk even if the study period included empty periods. Aged chickens could be

important as they were more likely to show clinical signs between 3 and 6 weeks of age (van

den Berg, 2000). Also, edge effects in the map and the neighbor relations (mainly due to

locations bordering on the sea) conflict with assumptions of stationarity (e.g. for the K-

function) and may cause problems in the interpretation of CAR model parameters (Wall,

2004). However, the different statistical approaches gave a consistent picture of the outbreak.

For example, the relatively low values of Moran’s I seem to agree well with the relatively

localized transmission risks of the K-function and the moderate spatial dependence in the

survival models. Also, the municipalities with shorter predicted survival times corresponded

closely with the clusters identified by the scan statistic (Figs. 1, 5 and 6).

Among the descriptive statistics, analyses at the house and farm levels gave similar

results, although the farm-level clustering inherent in the house-level data was not directly

accounted for. This applied to the K-function estimated from house-level data where the

extreme peak at close distance was an artifact generated by the multiple houses at the same

farm (Fig. 4). Another example of within-farm correlation was the spatio-temporal cluster

detected by the scan statistic that involved multiple outbreaks at a single farm (Table 1). In

this case, the inherent stationary Poisson distribution is clearly invalidated. This example

also illustrates the more general problem of applying spatial methods to a highly

contagious disease, as opposed to their applications in human health for non-infectious

diseases. The only statistical procedure applied to both point and area data was Moran’s I

with a higher value obtained from the latter showing how the magnitude of clustering

depends on the level of aggregation.

The survival models clearly indicated the need for random effects but were less clear as

to which form was preferable. The farm-level models suggested the presence of regional
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areas with low survival times in agreement with localized patterns in the K-function.

Generally, studies reported in the literature showed better fits by the CAR model (Waller

et al., 1997; Banerjee et al., 2003; Banerjee and Carlin, 2003). One possible explanation is

the sparseness of the present data, in contrast to the large-scale human health observational

studies. As expected, a somewhat higher degree of smoothing was seen in the CAR model,
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Fig. 6. Posterior median spatial frailties of the IBD survival model at the house level with structured municipality

heterogeneity and unstructured farm heterogeneity for the 1999 outbreak in Denmark.



especially for municipalities with an outbreak surrounded by non-case municipalities

(Fig. 5, south-eastern municipalities). The estimated frailty standard deviation was smaller

when adjusting for an average of five neighbors in the CAR model; the median adjusted

standard deviation would be 1:23=
ffiffiffi
5

p
¼ 0:55 versus 0.76 for the unstructured

heterogeneity. The house-level model allowed us to take into account the full hierarchical

structure, and the best model fit was obtained with random effects for both farm and

municipality (CAR model). The plotted frailties of this model showed a very similar

pattern (Fig. 6) compared with the farm-level model with structured heterogeneity. The

structured municipality standard deviation was roughly twice the unstructured farm

standard deviation indicating that the between-farm variation was smaller than the

variation between municipalities. The municipality random effects were of the same

magnitude as in the farm-level model. The number of houses was a significant predictor but

it was not able to explain the spatial distribution of the outbreak.

A potential drawback reported with a district level modelling approach, as it was used in

the present survival analysis, is the possibility of ecological bias, whereby the same

municipality effect is assumed to apply to all the farms (Henderson et al., 2002). An

alternative approach has been suggested by Henderson et al. (2002), where correlations are

modeled as a function of distance between point locations rather than by a lattice

neighborhood structure. The authors compared a district-level analysis with a point-level

approach to investigate the spatial variation in survival of leukemia patients. Although, the

latter produced more dispersed parameter estimates, the two models predicted a very

similar frailty surface. The sparse data renders estimation of a semi-variogram and

distance-based correlations difficult, so this approach was not pursued here.

We have presented a temporo-spatial analysis of the 1999 IBD outbreak in Denmark

and an attempt to model the spatial variation in time to outbreak of IBD in broiler farms.

All the methods indicated that this outbreak was spatially focal and seasonal. The survival

analysis indicated the relative importance of sources of variation (i.e. municipality and

farm) and the geographical location of the highest risk areas after accounting for the

complete hierarchical structure of the dataset. The results showed overall trends in the

dynamics of this outbreak and identified geographical regions in which to target further

investigation.
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