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a b s t r a c t

Accurate identification of spatial patterns and risk factors of disease occurrence is crucial
for public health interventions. However, the Modifiable Areal Unit Problem (MAUP) poses
challenges in disease modelling by impacting the reliability of statistical inferences drawn
from spatially aggregated data. This study examines the effect of MAUP on ecological
model inference using locally and overseas-acquired COVID-19 case data from 2020 to
2023 in Queensland, Australia. Bayesian spatial Besag-York-Molli�e (BYM) models were
applied across four Statistical Area (SA) levels, as defined by the Australian Statistical
Geography Standard, with and without covariates: Socio-Economic Indexes for Areas
(SEIFA) and overseas-acquired (OA) COVID-19 cases. OA COVID-19 cases were also
considered a response variable in our study. Results indicated that finer spatial scales (SA1
and SA2) captured localized patterns and significant spatial autocorrelation, while coarser
levels (SA3 and SA4) smoothed spatial variability, masking potential outbreak clusters.
Incorporating SEIFA as a covariate in locally-acquired (LA) cases reduced spatial autocor-
relation in residuals, effectively capturing socioeconomic disparities. Conversely, OA cases
showed limited effectiveness in reducing autocorrelation at finer scales. For LA cases,
higher socioeconomic disadvantage was associated with increased COVID-19 incidence at
finer scales, but this association became non-significant at coarser scales. OA cases showed
significant positive association with higher SEIFA scores at finer scales. Model parameters
displayed narrower credible intervals at finer scales, indicating greater precision, while
coarser levels had increased uncertainty. SA2 emerged as an arguably optimal scale,
striking a balance between spatial resolution, model stability, and interpretability. To
improve inference on COVID-19 incidence, it is recommended to use data from both SA1
and SA2 levels to leverage their respective strengths. The findings emphasize the impor-
tance of selecting appropriate spatial scales and covariates or evaluating the inferential
impacts of multiple scales, to address MAUP to facilitate more reliable spatial analysis. The
study advocates exploring intermediate aggregation levels and multi-scale approaches to
better capture nuanced disease dynamics and extend these analyses across Australia and
replicating in other countries with low population densities to enhance generalizability.
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1. Introduction

The spatial modelling of health data, particularly through diseasemapping techniques, has become increasingly important
as data accessibility improves (Wakefield & Lyons, 2010). Disease mapping provides spatially smoothed visualizations of
disease outcomes across regions, supporting policymakers in formulating targeted interventions at the community level
(Cramb et al., 2020; Duncan et al., 2019; Lee, 2011). Aggregating spatial data remains a common practice in disease mapping,
as it enables the identification of disease clusters, helps understand the variability in disease burden, and ensures the
confidentiality of health information (Best et al., 2005). However, the use of aggregated spatial data introduces biases, most
notably the Modifiable Areal Unit Problem (MAUP).

The MAUP, first introduced by Openshaw in 1977 (Openshaw, 1977), highlighted how statistical inferences may vary
depending on the spatial configuration and resolution used in data aggregation. The MAUP poses a significant challenge in
spatial analyses because changes in spatial units or aggregation levels can substantially influence outcomes. This issue be-
comes particularly crucial when analyses depend on data aggregated at a single spatial level, as discussed by Tuson et al.
(Tuson et al., 2020). MAUP manifests in two primary ways: the zoning effect, where boundaries are modified while the total
number of areas remains constant, and the scaling effect, where spatial resolution or aggregation levels are adjusted, altering
the total number of areas (Wong, 2004). These variations can result in inconsistent findings when analysing the same dataset
at different spatial scales, as demonstrated in various studies of disease patterns (Fotheringham&Wong,1991; Gregorio et al.,
2005). Different zoning schemes and scales may lead to divergent interpretations of disease clusters, ultimately affecting
conclusions about high-risk areas. In light of these potential discrepancies, carefully selecting the most appropriate aggre-
gation levels is crucial to ensure robust and reliable inferences.

Several studies have explored the effects of the MAUP in environmental and health analyses, where different aggregation
levels led to varying outcomes (Besag et al., 1991; Tuson et al., 2019). For instance, MAUP has been shown to impact district-
level analyses of COVID-19 outbreaks and environmental factors, causing biases in model results (Wang & Di, 2020). To
address these effects, researchers have developed methods such as empirical zoning distributions, Bayesian shared-effects
modelling frameworks, and multi-scale aggregation strategies to mitigate the impact of MAUP (Briz-Red�on, 2022; Burden
& Steel, 2016; Tuson et al., 2018). These approaches provide zone-independent estimates and help identify spatial units
contributing to discrepancies, thus enhancing the reliability of spatial analyses (Burden & Steel, 2016; Wang & Di, 2020).

The ecological and disease mapping literature has historically underemphasized the impact of the MAUP, with early re-
views showing that only a small proportion of studies addressed it (Manley, 2021; Tuson et al., 2020). However, the growing
interest in MAUP has led to a substantial body of work focusing on its implications, providing a strong foundation for inte-
grating these considerations into spatial modelling (Roquette et al., 2017). Recent research has focused on quantifying MAUP
effects at both global and local levels using Bayesian modelling, offering more refined insights into how spatial unit selection
affects model results (Briz-Red�on, 2022).

Australia's vast geographic area and diverse population distribution present unique challenges for health data analysis,
particularly in regions with sparse populations such as rural and remote areas. While previous studies have applied Bayesian
spatial models to explore MAUP in well populated areas, limited attention has been given to its impact in rural or sparsely
populated regions (Kok et al., 2021; Tuson et al., 2020). The country's demographic and geographic diversity, along with
limited access to high-resolution health outcome data, necessitates a thorough investigation into how the MAUP affects
spatial modelling, particularly for infectious diseases like COVID-19 where data points may be low. Understanding these
implications is essential for ensuring accurate and reliable public health interventions that reflect the realities of these
regions.

This study aims to address this research gap by investigating the effects of the MAUP on modelling COVID-19 data in
Queensland, Australia. We utilized locally-acquired (LA) and overseas-acquired (OA) COVID-19 data from 2020 to 2023,
aggregated across various spatial resolutions: SA1, SA2, SA3, and SA4. Our aim is to evaluate how different levels of spatial
aggregation influence model inferences and spatial patterns, and to assess the effect of incorporating covariatesdnamely
Socio-Economic Indexes for Areas (SEIFA) and OA COVID-19 casesdon model outcomes. OA COVID-19 cases were also
considered a response variable, with SEIFA IRSD quintile scores used as covariates across various aggregation levels. This
analysis sought to explore the relationship between imported COVID-19 cases and areas that are more affluent or experience
lower levels of disadvantage.

To achieve this, we applied Bayesian spatial Besag-York-Molli�e (BYM) models at different spatial scales, both with and
without covariates. Spatial patterns were assessed using Moran's I to detect spatial autocorrelation in observed counts and
model residuals. We also generated choropleth maps and credible interval plots to visualize the spatial distribution of
observed and fitted Standardized Incidence Ratios (SIR). This research provides critical insights into the effects of the MAUP
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on disease mapping in sparsely populated regions and offers valuable guidance on selecting appropriate spatial units in
similar contexts to support more accurate and equitable public health policies.

2. Materials and methods

2.1. Geographic framework

The Australian Statistical Geography Standard (ASGS) 2021, developed by the Australian Bureau of Statistics (ABS), pro-
vides a hierarchical framework for statistical areas in Australia. The hierarchy comprises of five levels of resolution. At the
finest resolution are ‘Mesh Blocks’, the most granular level of analysis. The remaining levels, known as ‘Statistical Areas' (SA),
range from Statistical Area Level 1 (SA1) to Statistical Area Level 4 (SA4), with decreasing resolution. The structure is fully
nested, with SA1s comprising groups of Mesh Blocks, SA2s comprising groups of SA1s, and so on, up to SA4. In Queensland,
the ASGS 2021 defines 12,545 SA1s with a median population of 417, 507 SA2 with a median population of 9,588, 82 SA3
regions with a median population of 58,671, and 19 SA4 regions with a median population of 243,798. The hierarchical
framework allows us effectively to incorporate geographic information into the model, improving its ability to capture spatial
dynamics and predict disease risk across different regions. By aligning the analysis with geographic realities of the study area,
this approach supports more informed decision-making for public policy and intervention planning.

2.2. Data

The data for this study were sourced from the Queensland Government's open data portal (Queensland COVID-19 Case
Line List by Location and Source of Infection). Locally and overseas-acquired COVID-19 cases reported at the SA2 level were
collected from 2020 to 2023. Population estimates collected from the Australian Bureau of Statistics (Australian Bureu of
Statistics - Regional population) in 2023 were used to determine incidence rates across geographic scales.

The observed COVID-19 cases represent the total number of confirmed cases reported in each SA2. These counts were
directly extracted from the source dataset. COVID-19 case data were then aggregated from SA2 level to SA3 and SA4 using
publicly available geographical correspondence files, ensuring accurate alignment of cases to the larger spatial units
(Australian Statistical Geography Standard (ASGS) Edition 3). Datawere also disaggregated from SA2 to SA1 using population-
weighted geographical correspondence files (Correspondences). This approach redistributed the observed cases propor-
tionally across SA1s based on population share within each SA2. The counts and populations for each aggregation level were
determined by summing the counts and populations of the corresponding areas. The detailed description of the database
structure, key variables, and record counts used in this study is provided in Supplementary Table S1.

Raw disease counts alone do not accurately reflect disease risk, as they do not account for population differences across
areas. To address this, the SIR, calculated as the ratio of observed to expected COVID-19 cases, was used to capture the un-
derlying pattern of COVID-19 incidence in the data. The SIR was calculated at each level of aggregation (SA1, SA2, SA3, and
SA4), providing a measure of disease risk that accounts for population size in each area.

The SIR for each area i (where i ¼ 1;…;n) is defined as:

SIRi ¼ Yi=Ei

where Yi is the observed number of COVID-19 cases in area i, and Ei is the expected number of cases that represent the total
number of cases that would be expected if the population of area i had the same incidence rate as the standard population.

The expected cases Ei is calculated using indirect standardization as:

Ei ¼ rðsÞnðiÞ;

Where rðsÞ is the rate in the standard population, calculated as the total number of cases divided by total population across all
areas. nðiÞ is the population of area i.

Table 1 highlighted the impact of the MAUP by demonstrating how spatial aggregation alters data patterns for LA and OA
COVID-19 incidence across geographic levels (SA1 to SA4). At finer scales (SA1), LA incidence showed a lowermean (601.3) but
higher variability (SD¼ 1714.1), capturing localized clustering. However, at SA2, the mean increased to 913.9 before dropping
to 700.9 and 832.7 at SA3 and SA4, respectively. This trend shift reflected MAUP effects as spatial distribution changed with
the unit boundaries. Similarly, while the maximum LA incidence at SA1 (39166.6) and SA2 (39166.7) remained nearly the
same, the median increased by 20 %, further emphasized MAUP-specific distortions. OA incidence also displayed decreasing
variability at coarser scales (SA3 and SA4) compared to SA2, masking fine-scale trends. The SEIFA scores demonstrated
reduced variability as scales became coarser, indication the loss of socioeconomic detail with increasing aggregation.
Supplementary Table S1 provides details of the database structure and key components used in this study.

2.2.1. Socio-Economic Indexes for Areas (SEIFA) calculation
Previous research have showed that socio-economic factors are significantly associated with COVID-19 cases and fatalities,

indicating that greater socioeconomic disadvantage is linked to higher incidence and mortality (Faramarzi et al., 2022;
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Table 1
Population and number of locally-acquired and overseas-acquired COVID-19 case identification by different geographic levels.

Geographic levels

SA1 SA2 SA3 SA4
Number of areas 12,545 507 82 19
Population Mean 422.6 10,461 64,679 279,139

SDa 210.4 5286.3 35164.4 131972.3
Median 417 9588 58,671 243,798
Min 15.8 652 12,735 82,158
Max 3049.4 27,198 201,478 677,285

LA COVID-19 cases Mean 2.7 61.6 380.8 1643.7
SD 11.2 144.2 977.4 3189.7
Median 0.4 11 46 280
Min 0 1 3 42
Max 525.6 1169 6336 13,361

OA COVID-19* cases Mean 0.13 3.2 15.3 63.7
SD 0.17 3.6 17.01 54.5
Median 0.09 2.0 13.0 45.0
Min 0.002 1.0 1.0 11.0
Max 4.1 45.0 139.0 242.0

LA COVID-19** incidence (per 100,000) Mean 601.3 913.9 700.9 832.7
SD 1714.1 2906.5 1951.4 1702.2
Median 99.9 118.4 91.2 134.1
Min 5.03 5 9.2 21.8
Max 39166.6 39166.7 14012.4 5975

OA COVID-19 incidence (per 100,000) Mean 28.8 31.7 27.3 28.5
SD 29.4 34.5 16.6 13.4
Median 22.9 24.4 25.02 25.02
Min 3.8 3.8 6.70 16.3
Max 435.5 435.5 139.2 78.1

LA SEIFA irsdScore Mean 993.3 988.1 993.6 990.3
SD 93.2 84.9 52.5 46.3
Median 1012.0 1006.0 991.0 979.0
Min 317.0 501.0 894.0 917.0
Max 1207.0 1119.0 1106.0 1076.0

OA SEIFA irsdScore Mean 1001 1003 994.5 990.3
SD 91.4 71.4 53.3 46.3
Median 1021 1018 992 979
Min 369 649 894 917
Max 1207 1119 1106 1076

a SD: stands for standard deviation; * LA: locally-acquired; ** OA: overseas-acquired.
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Hawkins et al., 2020; Politi et al., 2021). To assess the impact of the MAUP on model inference at different spatial scales, we
included area-level socioeconomic disadvantage as a covariate.We utilized the Index of Relative Socioeconomic Disadvantage
(IRSD) from the ABS, categorized into quintiles, with regions in the first quintile representing the most disadvantaged areas
and those in the fifth quintile representing the least disadvantaged (ABS. Socio-Economic Indexes for Areas, 2021). The IRSD
scores and quintiles are publicly available at the SA1 and SA2 levels. For this study, SA2-level IRSD scores were aggregated to
higher regions, SA3 and SA4, following ABS-recommendedmethods (ABS. Socio-Economic Indexes for Areas (SEIFA), Australia
methodology), and categorized into quintiles.

The observed SIR maps in Fig. 1 highlighted the MAUP-specific impacts on spatial analysis by demonstrating how different
aggregation levels altered the visibility of disease patterns. The finer resolutions (SA1 and SA2) revealed much more detailed
spatial variability, with clear demarcation of areas with both high and low SIR values. At SA1, higher heterogeneity in the
patterns is observed, which better captured local variations in disease incidence. SA2 maintained meaningful spatial trends
while providing a clearer overall picture of disease spread. At coarser levels like SA3 and SA4, the spatial variability became
increasingly obscured, with SA4 displaying large homogeneous blocks that oversimplified disease distribution. This
smoothing effect due to aggregation masked true hotspots, reduced spatial heterogeneity, and potentially led to misleading
conclusions about disease spread and intervention strategies.
2.3. Statistical methods

To assess the effects of the MAUP on model inference across different aggregation levels, Bayesian spatial Besag-York-
Molli�e (BYM) models were fitted at SA1, SA2, SA3, and SA4 levels, both with and without covariates. This study evaluates how
varying levels of aggregation influence model outcomes and inferences. Posterior summaries of model parameters were
analysed and compared across these levels. Spatial autocorrelation in the observed data and model residuals was assessed
using Moran's I, an inferential statistic that quantifies spatial autocorrelation (Getis, 2009; Kim, 2021).
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Fig. 1. Choropleth maps of the observed SIR from the LA COVID-19 data at multiple aggregate levels in Queensland, Australia.
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2.3.1. Assessing spatial autocorrelation with Moran's I
Ignoring spatial autocorrelation can lead to biased or misleading results in spatial analyses; therefore, methods that ac-

count for spatial structure are recommended to enhance the accuracy and validity of spatial data analysis (Cliff & Ord, 1968).
Among the various indices and tests available to detect spatial autocorrelation, we employed Moran's I statistic for this
purpose. We first examined how spatial autocorrelation varies across different aggregation levels in the raw data, then
checked for any remaining spatial autocorrelation in the model residuals.

Let xi denote the number of observed COVID-19 cases and ni represent the population at risk in geographic area, where i ¼
1;2;…;N, andN is the total number of geographic areas. Letwij be the spatial weight that defines the relationship between the
1006
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pair of the geographic areas i and j (where isj) (Getis, 2009; Oyana, 2020). Here, wij reflects the strength of the spatial
relationship between pairs i and j. The spatial weight wij is defined as:

wij ¼
�
1 if i; j are adjacent neighbors
0 otherwise

(1)
Moran's I index (Moran, 1950) of spatial autocorrelation can be expressed as:

I¼
 
1
S2x

!PN
i

PN
j
wijðxi � xÞ�xj � x
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i

PN
j
wij

(2)
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i¼1ðxi � xÞ2
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i
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j
wij

then equation (2) can be simplified as:
I¼ sxx;w
s2x
The value of Moran's I typically ranges between �1 and 1, though the range of I depends on the values of the weight
function in equation (2). The expected value of I is:

EðIÞ¼ � 1
N � 1
Large positive values of I indicate strong geographic patterns of spatial clustering; large negative values suggest strong
dissimilarity between neighbouring areas, and values close to zero represent spatial randomness.

We employed Moran's I, using the spdep package version 1.2e8 (Lam, 2002), to examine spatial autocorrelation in the
observed data and model residuals. The moran.test function in the R statistical software (Team, 2013) was used to compute
Moran's I statistic, testing under the null hypothesis of randomization. Additionally, a Markov Chain simulation was con-
ducted to further test the hypothesis.

2.3.2. Bayesian spatial Besag-York-Molli�e (BYM) model
To investigate the effects of the MAUP on model inference across different spatial aggregation levels and evaluate the role

of covariates, we employed the Bayesian spatial Besag-York-Molli�e (BYM) model (Besag et al., 1991). The model was chosen
because it is specifically designed to handle spatially correlated data, where regions are of different size and where the
response variable and covariates may not vary smoothly across the whole geographic space. The BYM model incorporates a
spatial random effect to capture correlations between neighbouring areas based on a predefined neighbourhood structure
and an unstructured random effect to model independent noise. This dual-component structure allows for locally smoothing
of data, making the BYMmodel ideal for analysing spatial patterns and dependencies in infectious diseases like COVID-19. By
accommodating spatial heterogeneity and noise, the BYM model provides robust inference and deeper insights into how
covariates influence disease distribution across different spatial scales.

The BYM model operates as a three-level hierarchical Bayesian model. At the first level, the observed disease counts are
modelled using a suitable likelihood function suitable for count data. The second level incorporates spatial association
through both structured and unstructured random effects. The spatially structured component typically uses a Gaussian
Markov Random Field (GMRF) model, particularly in the form of a Conditional Autoregressive (CAR) prior, which conditions
each area i on its neighbouring areas (CARLIN & Xia, 1999; Escaramís et al., 2008). The third level assigns hyperprior dis-
tributions to the model parameters (Best et al., 2005). The fraction of spatial variation (FSV) is a metric used to quantify the
relative contribution of spatially structured random effects versus unstructured random effects in the BYM model or similar
spatial hierarchical frameworks. An FSV closer to 1 indicates most of the variation is spatially structured, while an FSV closer
to 0 indicates most of the variation is unstructured (random noise).
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Initially, the BYM model was applied to LA COVID-19 count data across various spatial scales, both with and without the
two covariates, SEIFA and OA COVID-19 cases. We employed the BYM model to the LA COVID-19 case counts across various
levels of geographic aggregation (SA1, SA2, SA3, and SA4) to investigate how the influence of socioeconomic disadvantage,
represented by SEIFA IRSD scores, varies across spatial scales. Themodel was runwith SEIFA IRSD quintile scores incorporated
as covariates. Subsequently, the model was applied to OA COVID-19 cases, using SEIFA as a covariate.

Let Yi, be the observed COVID-19 counts in the i th area, i ¼ 1;2;…:;N
Since a Poisson likelihood is commonly used for count data, Yi can be expressed as follows:

Yi � Poisson ðEiemi Þ; for i¼1;2;…:;N areas; (3)
where Ei is the expected COVID-19 counts for area i, and N varies depending on the boundary levels (Table 1, Table S1). The
log-relative risk, mi is expressed as a regression equation,

mi ¼aþ xTi bþ ji (4)

where, the intercept a indicates an overall fixed effect, b represents the covariate effects associated with the vector of

covariates xi. In our study xi denotes the SEIFA IRSD quintiles for area i. Quintile 1 (most disadvantaged) is the reference
category, making b a 4�1 vector for the effects of quintiles 2, 3, 4, and 5. Gaussian priorsNð0; s2aÞ andNð0;s2

b
Þ are specified for

a and b, with large values assigned to s2a and s2b (in this study, 1,000,000 as per the CARBayes package defaults (Lee, 2013)).
The spatial random effects, ji is decomposed into ui þ vi, where ui represents the spatially structured effect with a CAR prior,
and vi is an unstructured random effect. The conditional distribution of each ui, given all other uj (jsi), is:

uijuj;jsi � N

 P
jwij ujP
jwij

;
s2uP
jwij

!
(5)
where wij denotes the spatial weight between areas i and j, defined as:

wij ¼
�
1 if areas i; j are adjacent
0 otherwise
The unstructured random effect vi follows an independent normal distribution,

vi � N
�
0; s2v

�
(6)

2 2
Hyperpriors for the variance parameters su and sv are specified as Inverse-Gamma (a, b) distributions with shape
parameter a ¼ 1 and scale b ¼ 0:01 (Lee, 2013).

The BYM model was employed in a similar manner to investigate the effect of the OA COVID-19 cases covariate on local
COVID-19 case counts across different spatial scales. Here, the same sampling distribution (3) was employed, with the log-
relative risk, mi, which is expressed as,

mi ¼aþ gðOAÞi þ ji

where, the coefficient g associated with the OA COVID-19 cases allows us to assess the influence of imported cases on local
transmission rates. As above, Gaussian priors Nð0; s2aÞ and Nð0; s2gÞ are specified for a and g, with large values assigned to s2a
and s2g.

ui and vi follow (5) and (6), respectively with equivalent hyperparameters.
We further fitted a BYM model to OA COVID-19 cases, incorporating SEIFA IRSD quintile scores as covariates. This is to

investigate the association between more affluent or least disadvantaged areas and imported COVID-19 cases.
A total of twelve BYMmodels were fitted in the statistical software R (Team, 2000). Models were fitted at each aggregation

level (SA1, SA2, SA3, and SA4) and for each model specification (with and without covariates). Fully Bayesian inference was
conducted using Markov chain Monte Carlo (MCMC) methods through the CARBayes package, version 5.2.5 (Lee, 2013). For
each model, a single chain of 1,500,000 iterations was run, with the first 500,000 discarded as burn-in. Posterior samples
were thinned by retaining every 100th iteration, resulting in 10,000 draws. Model convergence was evaluated using Geweke
diagnostics (Geweke, 1991; Lam, 2002).

Table 2 presented Moran's I statistic and p-values for observed counts and residuals from models with and without
covariates, SEIFA and OA cases, at different spatial aggregation levels SA1, SA2, SA3, and SA4. Including covariates reduced
spatial autocorrelation (Moran's I statistic) across all scales compared to the model without covariates. As the aggregation
level became coarser, from SA2 to SA4, the p-values for model residuals, both with and without covariates, became non-
significant. This indicated that the model captured some spatial structure at these levels. A well-fitted model significantly
reduced the spatial autocorrelation present in the observed data, suggesting that the spatial structure had been adequately
accounted for, leaving residuals that were spatially uncorrelated and more suitable for reliable inference.
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Table 2
Moran's I of observed counts and modelled residuals of LA COVID-19 cases.

Geographic level Observed counts Residuals (without
covariate)

Residuals (with
covariate_SEIFA)

Residuals (with
covariate_OA)

statistic p-value statistic p-value statistic p-value statistic p-value

SA1 0.374 <0.0001 0.699 <0.0001 0.591 <0.0001 0.594 <0.0001
SA2 0.634 0.001 0.047 0.053 0.032 0.110 0.036 0.087
SA3 0.361 0.001 0.044 0.180 0.007 0.170 0.020 0.279
SA4 0.259 0.001 �0.065 0.494 �0.163 0.765 �0.118 0.657

Table 3
Moran's I of observed counts and modelled residuals for OA COVID-19 cases.

Geographic level Observed counts Residuals (with SEIFA)

statistic p-value statistic p-value

SA1 0.667 <0.0001 0.158 <0.001
SA2 0.270 <0.0001 0.039 0.131
SA3 0.263 <0.001 �0.194 0.996
SA4 0.219 0.010 �0.041 0.429

Table 4
Posterior summary of BYM model results without covariates for LA COVID-19 cases.

Geographic level Parameter estimates

a

Median (95 % CI)
s2
u

Median (95 % CI)
s2
v

Median (95 % CI)
FSV ¼ s2u

s2u þ s2v

SA1 �2.04 (�2.10, �1.99) 0.50 (0.46, 0.54) 0.003 (0.001, 0.006) 0.0045
SA2 �1.37 (�1.41, �1.34) 1.00 (0.75, 1.31) 0.32 (0.25, 0.41) 0.23
SA3 �1.55 (�1.60, �1.51) 1.55 (0.93, 2.58) 0.26 (0.09, 0.63) 0.12
SA4 �1.23 (�1.26, �1.19) 3.29 (0.96,11.04) 0.60 (0.03, 2.36) 0.07

Table 5
Posterior summary of BYM model results with covariate (SEIFA) for LA COVID-19 cases.

Geographic
level

Parameter estimates

a

Median (95 % CI)
b1
Median (95 % CI)

b2
Median (95 % CI)

b3
Median (95 % CI)

b4
Median (95 % CI)

s2
u

Median
(95 % CI)

s2
v

Median
(95 % CI)

FSV ¼ s2u
s2u þ s2v

SA1 �1.92 (�1.99,
�1.85)

�0.11 (�0.16,
�0.06)

�0.15 (�0.21,
�0.09)

�0.15 (�0.22,-
0.09)

�0.18 (�0.26,
�0.10)

0.49 (0.45,
0.53)

0.002 (0.001,
0.007)

0.0056

SA2 �1.02 (�1.24,
�0.82)

�0.39 (�0.70,
�0.07)

�0.44 (�0.77,
�0.12)

�0.45 (�0.79,
�0.12)

�0.46 (�0.84,
�0.07)

0.98 (0.74,
1.28)

0.31 (0.24, 0.39) 0.24

SA3 �1.38 (�1.99,
�0.80)

�0.11 (�0.91,
0.91)

�0.19 (�1.12,
0.66)

�0.43 (�1.70,
0.65)

�0.12 (�1.38,
1.09)

1.68 (0.95,
3.12)

0.29 (0.08, 0.72) 0.12

SA4 0.09 (�1.79,
1.48)

�2.17 (�3.94,
1.31)

�3.10 (�6.47,
1.34)

�0.76 (�5.47,
2.05)

�0.66 (�2.67,
3.40)

6.28 (1.21,
23.25)

1.02 (0.09, 3.82) 0.09
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Table 3 presented Moran's I statistic and p-values for observed counts and residuals frommodels incorporating SEIFA as a
covariate at different spatial aggregation levels (SA1, SA2, SA3, and SA4) for OA COVID-19 cases. Including SEIFA reduced
spatial autocorrelation (Moran's I statistic value) across all scales to a certain degree. At SA1, observed counts displayed spatial
autocorrelation (Moran's I ¼ 0.667, p < 0.0001), which was reduced in the residuals (Moran's I ¼ 0.158, p < 0.001). As ag-
gregation increased, spatial autocorrelation in the observed counts decreased, with non-significant p-values for model re-
siduals at SA2, SA3, and SA4. This indicated that at these levels, the model adequately accounted for spatial structure.

In Table 4, the a parameter (intercept) became less negative at coarser aggregation levels, reflecting changes in overall
incidence rates due to spatial scaling. The spatial random effects (s2

u) increased from SA1 to SA4, highlighting that spatial
heterogeneity was more prominent at coarser levels. The unstructured random effects (s2

v ) also increased, but to a lesser
degree than the structured spatial effects, indicatingmore spatial noisewas present at coarser resolutions. At SA1, the FSVwas
low (0.0045), suggesting that spatially structured variation accounted for only a small proportion of the total variance, with
unstructured random effects dominating. As aggregation increased, the FSV decreased, from 0.23 at SA2 to 0.07 at SA4,
indicating that coarser scales masked spatial dependencies and introduced greater uncertainty in spatial structure.
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Fig. 2. Choropleth maps of the fitted SIR without covariates from the LA COVID-19 counts at multiple aggregate levels in Queensland, Australia.
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The fitted SIR maps in Fig. 2 displayed a smoothing effect, reducing some of the extreme variations seen in the observed
data. Differences between observed (Fig. 1) and fitted SIRs were particularly notable at finer scales, where observed risk
tended to showmore extreme values, suggesting that the model captures broad spatial trend but may reduce local variability.

The discrepancy between observed and fitted SIRs at different scales demonstrated the MAUP, highlighting how spatial
aggregation influences disease risk interpretation across geographic levels.

The inclusion of SEIFA as a covariate improved model fit by reducing both spatial and unstructured random effects at finer
scales (SA1 and SA2), which demonstrated the importance of socioeconomic factors in explaining COVID-19 variation.
However, at SA4, the spatial random effects remained high, and the precision of the estimates (credible intervals) decreased.
This suggested that SEIFA was less effective at explaining variability in highly aggregated areas. Negative b coefficients across
different scales indicated that higher SEIFA scores (representing better socioeconomic conditions) were associatedwith lower
COVID-19 cases, highlighting the covariate's significance in the model.
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Table 6
Posterior summary of BYM model results with covariate (SEIFA) for OA COVID-19 cases.

Geographic
level

Parameter estimates

a

Median (95 % CI)
b1
Median
(95 % CI)

b2
Median
(95 % CI)

b3
Median
(95 % CI)

b4
Median
(95 % CI)

s2
u

Median (95 % CI)
s2
v

Median (95 % CI)
FSV ¼ s2u

s2u þ s2v

SA1 �4.57 (�6.13,
�3.53)

1.44 (0.46,
2.76)

1.43 (0.46,
2.76)

1.42 (0.47,
2.78)

1.23 (0.27,
2.65)

1.62 (1.09, 2.36) 0.0052
(0.002,0.019)

0.0027

SA2 �0.54 (�0.77,
�0.30)

0.18 (�0.12,
0.47)

0.47 (0.19,
0.75)

0.47 (0.19,
0.75)

0.72 (0.45,
1.01)

0.002 (0.001,
0.004)

0.24 (0.17, 0.32) 0.99

SA3 �0.48 (�0.73,
�0.22)

0.05 (�0.29,
0.39)

0.24 (�0.11,
0.59)

0.58 (0.24,
0.91)

0.49 (0.11,
0.86)

0.18 (0.01, 0.39) 0.012 (0.002,
0.121)

0.17

SA4 �0.49 (�0.77,
�0.22)

0.23 (�0.19,
0.69)

0.28 (�0.21,
0.77)

0.40 (�0.01,
0.81)

0.80 (0.37,
1.23)

0.02 (0.002, 0.31) 0.03 (0.003, 0.11) 0.60

Table 7
Posterior summary of BYM model results with covariate OA for LA COVID-19 cases.

Geographic level Parameter estimates

a

Median (95 % CI)
g

Median (95 % CI)
s2
u

Median (95 % CI)
s2
v

Median (95 % CI)
FSV ¼ s2u

s2u þ s2v

SA1 �1.99 (�2.04,
�1.94)

0.31 (0.15, 0.46) 0.62 (0.58, 0.67) 0.002 (0.001, 0.007) 0.006

SA2 �1.37 (�1.46,
�1.28)

�0.002 (�0.037, 0.034) 1.02 (0.78, 1.33) 0.311 (0.24, 0.39) 0.23

SA3 �1.55 (�1.74,
�1.36)

�0.0005 (�0.028, 0.026) 1.619(0.951, 2.966) 0.273 (0.087, 0.684) 0.12

SA4 �1.12 (�2.29, 0.38) �0.001 (�0.02, 0.01) 3.86 (0.82, 14.04) 1.02 (0.17, 4.24) 0.20
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In Table 6, positive associations (b coefficients) were observed between OA COVID-19 incidence and socioeconomic status
across all levels, with more precise estimates at finer scales (SA1 and SA2). These positive associations indicated that higher
SEIFA scores (i.e., better socioeconomic conditions) were associated with higher OA COVID-19 incidence, likely due to
increased international travel and exposure. Spatially structured variance (s2

u) was highest at SA1 (1.62), capturing detailed
spatial heterogeneity, but decreased significantly at coarser scales (SA2: 0.002). Conversely, unstructured variance (s2

v )
increased at coarser scales, indicating reduced resolution in capturing localized variability. The fraction of spatial variation
was highest at SA2 (0.993), which suggests that this level balances spatial resolution and model stability. At SA1, the fraction
was very low (0.0027), indicating limited practical utility due to data sparsity.

In Fig. 3, higher SIR values were concentrated in remote and northern regions, which indicated a significant socio-
economic influence on COVID-19 incidence. Areas with lower SEIFA scores, representing higher disadvantage, showed
elevated SIRs, particularly at finer spatial scales. As aggregation increased, the patterns smoothed out, but regional disparities
remained visible, emphasizing SEIFA's impact.

The inclusion of the OA covariate had minimal impact on improving model fit, particularly at coarser spatial scales. At SA1,
the g coefficient was positive (0.31) with a relatively narrow credible interval, indicating aweak association between OA cases
and locally acquired COVID-19 cases. However, at SA2, SA3, and SA4, the g coefficient was close to zero with credible intervals
crossing zero, suggesting little to no effect of OA as a predictor. The spatial random effects (s2

u) remained high at coarser scales,
which indicated persistent spatial heterogeneity even with the inclusion of OA. The unstructured random effects (s2

v ) also
increased with aggregation, further suggesting that OA was not an effective explanatory variable for local COVID-19
transmission.

In the OA-based maps in Fig. 4, similar trends of higher SIR values, as seen in Fig. 3, were observed; however, the influence
of OA cases was less pronounced compared to SEIFA covariate. While the inclusion of OA reduced spatial autocorrelation, it
did not capture socioeconomic disparities as effectively. At finer spatial scales, OA-based maps displayed less distinct clus-
tering than SEIFA-based maps. As aggregation increased, the patterns became smoother, but regional variations became less
defined, which demonstrated the limited explanatory power of OA cases in capturing localized COVID-19 transmission
dynamics.

The plots in Fig. 5 collectively highlighted how aggregation levels influenced the estimation of these parameters, with finer
levels (SA1 and SA2) offering more precise estimates (narrower credible intervals) and coarser levels (SA3 and SA4) intro-
ducing increased uncertainty (larger credible intervals).

The six plots in Fig. 6 displayed the posterior summaries of model parameters with SEIFA covariate on LA COVID-19 cases,
including baseline log-risk (a), socioeconomic covariate coefficients (b1, b2, b3, b4), spatial structured variance (s2u), and
spatial unstructured variance (s2v ) across geographic levels (SA1, SA2, SA3, and SA4). These plots illustrated the effect of
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Fig. 3. Choropleth maps of the fitted SIR with covariate SEIFA for the LA COVID-19 counts at multiple levels in Queensland, Australia.
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aggregation levels on parameter estimation, showing narrower credible intervals at finer scales and wider intervals with
increased uncertainty at coarser scales. The variations in b coefficients highlighted the influence of socioeconomic covariates
on the model outcomes.

In Fig. 7, parameters include baseline log-risk (a), socioeconomic coefficients (b1-b4), and spatial variances (s2u, s
2
v ). SEIFA

might not fully account for all variability in OA cases at the SA1 level, which reduced the model's precision at this level. This
highlights the importance of considering data characteristics and covariate relevance when interpreting model results at
different geographic levels.

In Fig. 8, the wider credible interval for g at SA1 reflected the challenges of modeling data at highly granular levels,
especially when the covariate does not fully account for localized variability or when data sparsity is a concern.

2.4. Results and discussion

The study investigated the impact of theMAUP on spatial analysis of sparse or uneven disease data using a Bayesian spatial
BYM model in a geographically complex setting. The BYM model effectively captures both structured spatial dependencies
and unstructured spatial random effects, making it particularly suitable for addressing spatial autocorrelation, a critical
challenge in infectious disease epidemiology. Its advanced smoothing capabilities improve estimation in areas with limited or
uneven data, which is often encountered in public health research. Compared to simpler spatial models or fixed-effects
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Fig. 4. Choropleth maps of the fitted SIR with covariate OA from the LA COVID-19 counts at multiple levels in Queensland, Australia.
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frameworks, the BYM model offers greater flexibility and precision by accounting for both intrinsic spatial correlations and
random noise, leading to more robust and reliable inference, particularly in complex spatial data structures. The analysis
identified substantial differences across all evaluated aspects, including spatial patterns, estimates, and coefficient inferences.

A total of 31,276 LA COVID-19 cases were analysed, with the median number per area increasing from 0.4 at SA1 level to
280 at SA4 level. The mean incidence values also varied across aggregation levels, from 601.3 at SA1 to 913.9 at SA2, before
dropping at SA3 and SA4 (Table 1). This fluctuation reflects a core feature of the MAUP, where aggregation alters incidence
trends and statistical summaries. For example, while themaximum incidence values at SA1 and SA2were nearly identical, the
median jumped by 20 %, highlighting discrepancies in summary statistics caused by aggregation (Table 1). These changes are a
clear indication of the MAUP, where spatial boundaries and aggregation levels influence data interpretation and model
outcomes.

Significant spatial autocorrelation was observed at finer levels, with Moran's I values decreasing and becoming non-
significant at broader scales (Table 2). The reduction in Moran's I reflected how aggregation smooths out localized clusters,
masking fine-scale variations crucial for identifying disease hotspots. Missing fine-resolution clusters may lead to inaccurate
public health responses, especially in sparsely populated areas where outbreaks are more likely to be localized. Our findings
showed that spatial autocorrelation, while a key indicator of clustering, decreased as data were aggregated, demonstrating
the influence of the MAUP on model inference.
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Fig. 5. The posterior summaries of model (without covariate) parameters, the baseline log-risk (a), spatial structured variance (s2u), and spatial unstructured
variance (s2v ) across different geographic levels (SA1, SA2, SA3, and SA4) for LA COVID-19 cases.
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Incorporating the SEIFA covariate reduced spatial autocorrelation across scales, particularly at SA1 and SA2, by capturing
socioeconomic-related spatial dependencies (Table 2). This reduction emphasized SEIFA's relevance in addressing the MAUP
by retaining finer spatial details and reducing spatial clustering at smaller scales. In contrast, OA COVID-19 cases, used as an
exploratory covariate, had limited relevance for predicting LA COVID-19 cases, particularly at finer scales where its effect was
minimal (g¼ 0.31) and diminished further at coarser levels (Table 2, Table 7). This suggests that imported cases are influenced
by distinct factors, such as travel policies, quarantine protocols, and international exposure risks, which do not directly impact
community-level transmission (Chinazzi et al., 2020; Wells et al., 2020). The decoupling between international and local
transmission dynamics, combined with strict border controls, made OA cases a poor proxy for the local spread of COVID-19
(Zachreson et al., 2022).

LA COVID-19 cases were more influenced by local socioeconomic conditions captured by SEIFA, making it a more effective
predictor in spatial models (Fontanet et al., 2023; Kok et al., 2021). The ability of SEIFA to capture socioeconomic disparities
was particularly important at finer spatial scales (SA1, SA2); however, this effect lessened at coarser aggregation levels (SA3,
SA4), where lower-resolution results yielded non-significantMoran's I p-values, indicating that the loss of information quality
was likely due to spatial aggregation rather than true reductions in spatial clustering. These findings highlighted the
importance of selecting appropriate covariates and spatial scales to mitigate MAUP effects in spatial models.

The observed and fitted SIR maps (Figs. 1 and 2) revealed substantial differences in spatial patterns across Queensland.
Remote regions generally showed higher SIR values, with greater spatial detail and localized patterns at finer scales (SA1 and
SA2). Coarser levels (SA3 and SA4) smoothed out these variations, potentially obscuring localized outbreaks. This illustrated
theMAUP's role in influencing disease risk interpretation. SEIFA-basedmaps (Fig. 3) highlighted elevated COVID-19 incidence
in socioeconomically disadvantaged regions, particularly in remote and northern areas, reinforcing the impact of socioeco-
nomic gradients (b coefficients). These results emphasize the importance of selecting covariates that are contextually relevant
to the disease being modelled.

Model parameters (a, b, g, s2u and s2v ) displayed narrower credible intervals (Figs. 5, 6 and 8) at finer scales (SA1 and SA2),
reflecting greater precision in estimates. Higher levels (SA3 and SA4) showed wider intervals, indicating increased uncer-
tainty. The fraction of spatial variation, which quantifies the contribution of spatially structured random effects, was highest
at SA2 across models, suggesting that SA2 strikes a balance between spatial resolution and model stability (Table 5). At SA1,
the fraction of spatial variation was very low due to data sparsity, making large-scale modelling less reliable at this level
despite the detailed spatial patterns it offers (Fontanet et al., 2023; Kok et al., 2021). This trade-off highlighted how the MAUP
affects model stability, with finer scales capturing more localized variations but being more susceptible to issues like data
sparsity. In contrast, broader levels (SA3 and SA4) masked localized patterns and introduced greater uncertainty in spatial
effects, reducing their reliability for detailed infectious disease modelling.

Further analysis of 1289 OA COVID-19 cases using the BYM model across geographic aggregation levels (SA1 to SA4) rein-
forced the impact of MAUP (Table 1). While the mean case counts naturally increased with aggregation, the variability across
geographic levels also rose, as indicated by the increasing SD values (Table 1). Positive spatial autocorrelationwas observed at all
levels, with Moran's I values decreasing from SA1 to SA4 (Table 3), reflecting the masking of localized patterns at broader scales.
Incorporating SEIFA IRSD as a covariate significantly reduced spatial autocorrelation, particularly at finer levels, and resulted in
non-significant spatial autocorrelation at broader levels (Table 3), indicating SEIFA's effectiveness in capturing socioeconomic-
related spatial dependencies. However, unlike LA COVID-19 incidence, positive b coefficients (Table 6) across different scales
indicated that higher SEIFA scores were associated with higher OA COVID-19 incidence, likely due to increased international
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Fig. 6. Credible intervals of model parameters with SEIFA covariate on LA COVID-19 cases.
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travel, exposure risks, and access to resources. This aligns with the findings in (Zhang et al., 2022) where the initial waves of
COVID-19 were predominantly characterized by imported cases among individuals with higher socioeconomic status (SES). The
spatially structured variance (s2u) was highest at SA1 (1.62), capturing detailed spatial heterogeneity, but decreased at higher
scale, SA2 (0.002) (Table 6). Conversely, unstructured variance (s2v ) increased at coarser scales, indicating reduced resolution in
capturing localized variability. The fraction of spatial variation was highest at SA2 (0.99), suggesting that this level balances
spatial resolution and model stability. At SA1, the fraction was very low (0.0027), indicating limited practical utility due to data
sparsity (Table 6).

These findings reinforce the need for appropriate spatial scales and covariates in spatial modelling. In our study, SA2
emerged as the optimal level for infectious disease modelling, providing detailed spatial patterns while mitigating the risks of
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Fig. 7. Credible intervals of model parameters for the model fitted to OA COVID-19 cases with SEIFA as a covariate across geographic levels (SA1-SA4).
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over-smoothing or excessive complexity. SEIFA effectively captured spatial dependencies and highlighted socioeconomic
disparities in disease spread, underlines the importance of relevant covariates in addressing MAUP effects.

Our study highlights significant public health implications regarding the choice of spatial scale for disease analysis. Finer-
scale resolutions (SA1 and SA2), were effective in detecting localized clusters of COVID-19, allowing for precise, community-
level interventions, including targeted lockdowns, testing efforts, and resource allocation. These detailed scales are partic-
ularly valuable in urban settings or areas with heightened socioeconomic vulnerability, where rapid and localized responses
are essential. In contrast, coarser levels (SA3 and SA4) provided a useful overview of regional trends, supporting strategic
planning and public communication at higher levels. However, the increased aggregation at these levels often masked local
variability, potentially obscuring emerging hotspots and reducing the effectiveness of localized public health measures.
Recognizing these trade-offs is critical for designing spatially appropriate public health responses to COVID-19 and similar
infectious disease threats.
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Fig. 8. Credible intervals of model parameters for the model fitted to LA COVID-19 cases with OA cases as a covariate across geographic levels (SA1-SA4).
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This study also has several limitations. Due to data constraints, we derived SA1-level data from SA2-level data, which may
have impacted the results despite following the recommended methodologies. This limitation highlights a key aspect of the
MAUP, where both outcome measures and covariates are influenced by the level of spatial aggregation. Moreover, this study
addressed only the scaling aspect of the MAUP. The zoning aspect, which refers to how different boundary definitions impact
results, was not explored in this study. Zoning choices can affect the aggregation of data, potentially introducing biases or
changes in the interpretation of spatial patterns, especially in the context of infectious disease transmission (Tuson et al.,
2020). These limitations highlight the importance of carefully considering spatial aggregation when interpreting findings.
Furthermore, the absence of temporal data limits the study's ability to examine how the MAUP influences spatial patterns
across different time periods. Incorporating temporal dimensions, particularly for evolving diseases like COVID-19, could
provide valuable insights into the dynamic implications of the MAUP.
2.5. Conclusions

This study highlights the significant impact of theMAUP on spatial epidemiological modelling of COVID-19 in Queensland,
Australia. Our analysis revealed that finer spatial scales, such as SA1 and SA2, retained localized patterns and displayed
significant spatial autocorrelation, while coarser scales (SA3 and SA4) smoothed out variations, potentially masking clusters
of outbreaks. The inclusion of the SEIFA covariate effectively reduced spatial autocorrelation across all scales, particularly at
1017



S. Haque, A. Price, K. Mengersen et al. Infectious Disease Modelling 10 (2025) 1002e1019
finer levels, reinforcing its importance in capturing socioeconomic disparities. OA COVID-19 cases as covariate also reduced
spatial autocorrelation, but was less effective than SEIFA, especially at finer scales. LA COVID-19 cases showed negative as-
sociation with higher SEIFA scores while modelling OA COVID-19 cases showed a positive association with higher SEIFA
scores, indicating differing spatial influence.

Despite SA1 showing a lower fraction of spatial variation in our study, its ability to retain the highest spatial detail makes it
a valuable scale for modelling when sufficient data exists. However, challenges like data sparsity and computational burden
must be carefully managed. SA2 emerged as a more practical level, balancing spatial resolution, stability, and interpretability
while mitigating the risks associated with both excessively fine (SA1) and overly coarse (SA3 and SA4) aggregations.
Therefore, we recommend fitting models at both SA1 and SA2 levels where possible to leverage their respective strengths,
allowing for a comprehensive analysis of infectious disease patterns. Similar conclusions may be drawn in countries with
geographic areas and diverse population distributions comparable to Australia when analysing infectious disease data.

Future studies should focus on exploring intermediate aggregation levels or custom-defined zones based on factors like
population density, access to health service, or socio-demographic characteristics. Implementing multi-scale modelling
approaches that account for spatial dependencies at different levels could improve our understanding of complex disease
dynamics and help mitigate the impact of the MAUP. Additionally, extending this analysis across Australia and replicating the
study in other countries with diverse geographic and socio-economic contexts would enhance the validity and generaliz-
ability of finding.

In conclusion, this study emphasizes the critical role of selecting appropriate spatial scales and covariates in spatial
modelling to mitigate the impact of the MAUP. While both finer and coarser aggregation levels offer valuable insights for
public health data analysis, it is essential to understand how spatial aggregation influences the interpretation of disease
trends. Amulti-scale approach, particularly at finer resolutions (e.g., SA1 and SA2), combinedwith context-specific covariates,
can help reduce MAUP-related biases and enhance the precision and equity of public health interventions.
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