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The COVID-19 pandemic highlighted the critical need for accurate small-area
disease estimates, yet classical and Bayesian small area estimation (SAE)
methods have rarely been compared in settings with very few spatial units (n =
10). This study evaluates four modelling frameworks—direct estimation, the
Fay-Herriot (FH) model, the spatial Fay—Herriot (SFH) model, and the
Bayesian BYM2 model approximated with INLA—for monthly COVID-19
incidence across 10 counties of Kurdistan Province, Iran, over 36 months.
Twenty-seven auxiliary variables were reduced to four principal components
and used as predictors. Model performance was assessed through RMSE,
WAIC, and sampling variance sensitivity. The BYM2 model with an
inverse-distance weight matrix systematically outperformed the other
approaches, reducing median seasonal RMSE by an average of 38% relative to
the FH model and achieving the lowest WAIC in nearly all months. The spatial
FH model offered only marginal improvement over its non-spatial counterpart.
Sensitivity analysis revealed that doubling the Poisson sampling variance
altered EBLUP estimates by up to 10% in low-population counties. Bayesian
spatial models, particularly BYM2, provide more stable estimates with lower
uncertainty and are well-suited for sub-provincial health monitoring and
resource allocation.
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Extended Abstract

Introduction

The COVID-19 pandemic exposed the vulnerability of public health surveillance systems in
producing reliable estimates for small geographic areas, where direct survey- or register-based
estimates become unreliable because of insufficient sample sizes (Rao & Molina, 2015; WHO, 2024).
By mid-2024, over 770 million confirmed cases and 7 million deaths had been recorded globally, yet
the true burden of disease at sub-national scales—especially in low- and middle-income countries
with fragmented administrative data and pronounced spatial heterogeneity—remained largely
unknown (Satorra-Burguet et al., 2024). This information gap has hindered the equitable allocation of
health resources, the design of targeted non-pharmaceutical interventions, and the evaluation of
vaccination campaigns at the community level (Maino-Vieytes et al., 2023). Consequently, there is an
urgent methodological need to develop and validate statistical frameworks that can produce precise
small-area estimates even under data-sparse conditions. Small area estimation (SAE) has emerged as a
robust paradigm to address this challenge: a family of model-based techniques that borrow strength
from spatial or temporal domains to deliver reliable estimates in regions with few spatial units (Rao &
Molina, 2015). Among these, the area-level Fay—Herriot model (Fay & Herriot, 1979), which links
direct estimates to area-level covariates through a linear mixed-effects framework, is one of the most
widely used approaches. Its spatial extension, which incorporates spatially structured random effects,
captures neighbourhood-driven dependencies in disease data (Guha & Chandra, 2024). At the same
time, hierarchical Bayesian models, particularly those fitted with Integrated Nested Laplace
Approximation (INLA; Rue et al., 2009), have gained popularity in epidemiological applications; the
BYM and its reparameterised version BYM2 (Riebler et al., 2016) decompose spatial variation into
structured and unstructured components and, through posterior distributions, provide a flexible
framework for disease risk mapping. Recent studies have demonstrated the success of these models in
estimating COVID-19 mortality at the county level and in detecting spatial transmission clusters
(Rathnayake et al., 2023; Briz-Redon et al., 2022). Nevertheless, a notable knowledge gap remains
regarding the comparison of classical frequentist SAE models (FH and SFH) with hierarchical
Bayesian models (BYM2) for infectious disease monitoring when the number of spatial units is very
small (fewer than 15). Most existing comparative studies have been conducted in settings with
moderate to large numbers of areas or have relied exclusively on simulation, lacking validation with
empirical pandemic data (Burgard et al., 2022). Moreover, the sensitivity of FH-type models to the
specification of the sampling variance—a parameter that is difficult to estimate in Poisson-type
settings with low counts—has received insufficient attention in applied literature (Marcis, Pagliarella,
& Salvatore, 2023). Furthermore, while dimensionality reduction through principal component
analysis (PCA) is common in practice, it has seldom been formally integrated into systematic model
comparisons for spatial disease analysis (Jolliffe & Cadima, 2016). These methodological gaps are
particularly pronounced at the county level, the scale at which many public health decisions are made.

This study addresses these gaps through a rigorous comparative evaluation. The primary objective
is to compare four modelling frameworks for estimating monthly COVID-19 cases in 10 counties
over a 36-month period (March 2020 — February 2023): direct estimation (observed means), the
classical FH model with PCA-derived covariates, the spatial FH model with a queen-contiguity
weight matrix, and the Bayesian BYM2 model estimated with INLA using several spatial weight
matrices. Model performance is assessed through a multi-criteria framework that includes point-wise
accuracy (RMSE, coefficient of variation), information-theoretic measures (WAIC, DIC),
quantification of uncertainty (posterior standard deviation and 95% credible intervals for Bayesian
models), and parametric bootstrap estimation of mean squared error (MSE) for FH predictors
(Pfeffermann, Glickman, & Preminger, 2024). Additionally, a sensitivity analysis of sampling
variance is conducted by multiplying the baseline Poisson variance by 0.5 and 2 to test the robustness
of the results. The key research questions are: (1) Does incorporating spatial structure (via SFH or
BYM2) lead to a meaningful improvement in predictive accuracy in a very small-area setting? (2) To
what extent are FH-based estimates sensitive to the choice of sampling variance, and under what
conditions do hierarchical Bayesian models provide greater inferential stability? The novelty of this



Journal of Geography and Environmental Hazards, ?, ?, ?

work lies in four main contributions: first, it is the first comprehensive comparison of FH, SFH, and
BYM2 models in an area with as few as N=10 spatial units; second, covariates are constructed via
PCA on 27 original variables to address multicollinearity while preserving maximal explanatory
information; third, a systematic sampling variance sensitivity analysis is implemented; and fourth,
relative risk and uncertainty maps are automatically generated for all months and seasons, ensuring
full reproducibility.

Material and Methods

The study was conducted in Kurdistan Province, western Iran, which encompasses 10 counties
over an area of 29,137 km? with a population of 1,603,011 in 2022. The province exhibits
considerable topographic and climatic diversity, with elevations ranging from 900 m to 3,300 m and
annual precipitation varying from 212 mm to 685 mm, creating a heterogeneous environment for
disease transmission dynamics. Monthly laboratory-confirmed COVID-19 case counts for each
county were obtained from the Kurdistan University of Medical Sciences for the period 21 February
2020 to 19 February 2023 (36 months). Twenty-seven auxiliary variables spanning socio-economic,
demographic, healthcare, and climatic domains were compiled from the provincial statistical yearbook
and the national meteorological organisation. To mitigate multicollinearity and reduce dimensionality,
PCA was performed on the full panel of 360 observations (10 counties x 36 months) using the
‘prcomp()” function in R; the first four principal components, which together explained over 90% of
the total variance, were retained as explanatory variables in all models. For seasonal analyses,
monthly cases were aggregated into 13 climatic seasons (starting with a truncated winter 2020), with
averaged PC scores.

Four modelling frameworks were compared:

1. Direct estimator: the observed monthly/seasonal case count for each county, serving as a
baseline.

2. Fay—Herriot model: a standard area-level model Y; = XiT B+ w; +e; with U; ~ N(0.02) and
C;~N(0.V,) where v; was set to the observed case count under a Poisson assumption. Parameters
were estimated via REML, and EBLUPs were obtained using the "eblupFH()" function from the ‘sae’
R package.

3. Spatial Fay—Herriot model: the random effects u were modelled with a simultaneous
autoregressive (SAR) covariance structure U~N(0.02[(1— pW)(I— pWT)]™1) where W is a
queen-contiguity matrix. Estimation was performed with “eblupSFH()".

4. Bayesian BYM2 model: cases were modelled as Y; ~ Poissn(E;p;) with log (pi)XiT B+ b,;.The
random effect b; was decomposed a la BYM?2 into a scaled structured spatial component and an
unstructured component. Inference was carried out with INLA using the 'INLA" package, and the
inverse-distance weight matrix (selected among six candidates) was adopted based on preliminary
WAIC comparisons.

Model performance was evaluated through RMSE, CV, WAIC, and DIC. A parametric bootstrap
(200 replicates) was attempted for MSE estimation of the FH predictors but failed in most instances
because the estimated random-effect variance was zero; therefore, RMSE and Bayesian posterior
variance were used as uncertainty measures. Sampling variance sensitivity was examined by
multiplying the baseline Poisson variance v; by 0.5 and 2 and recomputing EBLUPs. Posterior relative
risk and standard deviation maps were produced for all months and seasons by joining the model
outputs to the county shapefile in ArcGIS Pro.

Results and Discussion

Monthly COVID-19 counts exhibited pronounced seasonal and spatial variability, with maximum
values observed in autumn and summer waves and minima in spring. The direct estimator showed
substantial within-county variation, reflecting the Poisson nature of the data. The non-spatial FH
model yielded a mean seasonal RMSE of 3.44, while the SFH model converged in 33 of 36 months
and provided only a marginal improvement (mean RMSE 3.39 vs. 3.59 for the same 33 months),
indicating limited benefit of spatial autocorrelation in a very small-N setting. In contrast, the Bayesian
BYM2 model with inverse-distance weights consistently outperformed all other approaches: it
achieved the lowest RMSE in every selected month and, over 13 seasons, reduced the median RMSE
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by an average of 38% relative to FH. The WAIC of the BYM2 model was also consistently lower than
that of the IID Poisson-lognormal model, confirming the value of accounting for spatial dependence.
Maps of posterior relative risk and standard deviation revealed high-risk clusters in central and
northern counties, with low uncertainty (posterior SD < (.3) in populous areas such as Sanandaj and
wider credible intervals in sparsely populated counties like Sarvabad.

The sensitivity analysis showed that, on average, doubling the sampling variance produced
negligible changes in EBLUP estimates at the provincial level (mean change < -0.2%). However,
local sensitivity was notable in low-incidence counties: for Sarvabad in May 2020, a doubling of
variance led to a 10% decrease in the estimated case count (from 28.5 to 25.6). This finding aligns
with theoretical expectations, as the weight assigned to the direct estimate in the FH composite is
proportional to Vl:—‘cﬁ, when o2 is relatively stable across areas, changes in v; have a larger impact
where counts are small. The BYM2 model inherently bypasses this issue by modelling the full
Poisson likelihood.

The superiority of the BYM2 model can be attributed to three factors: (a) it avoids the Gaussian
approximation of log-transformed counts, which is especially problematic when counts are low; (b)
the hierarchical spatial decomposition allows stable borrowing of information across neighbouring
counties, which is particularly valuable in a province with a clear neighbourhood structure; and (c) the
Bayesian framework with weakly informative priors prevents variance components from being
estimated as zero, a frequent occurrence in the FH models with N=10. The negligible gain of the SFH
over the FH model is consistent with the difficulty of reliably estimating the spatial autoregressive
parameter f with only 10 areal units, echoing earlier warnings in the SAE literature (Porter et al.,
2015).

These findings have direct implications for sub-provincial infectious disease surveillance. The
BYM2 model, implemented with freely available R packages, can generate more accurate and
uncertainty-informed estimates of disease incidence in small areas, thereby supporting better targeted
resource allocation. Where Bayesian computational infrastructure is unavailable, the FH model
remains a relatively stable alternative, provided that estimates for low-population areas are interpreted
with caution. Future research should extend this framework to spatio-temporal models that
simultaneously capture spatial and temporal dependencies, explore zero-inflated approaches for
regions with very low counts, and conduct systematic simulation studies to determine the minimum
number of areas required for spatial models to outperform non-spatial alternatives.

Conclusion

This study demonstrated that hierarchical Bayesian spatial models, particularly BYM2, outperform
classical FH and SFH models for small-area estimation of COVID-19 cases when the number of
spatial units is extremely limited. The BYM2 model provided consistent reductions in prediction
error, superior information criteria, and direct quantification of local uncertainty through posterior
distributions. The marginal benefit of the spatial FH model underscores the challenges of estimating
spatial dependence with very few areas. Sampling variance sensitivity, although modest on average,
can be locally important and is fully accommodated by the Bayesian Poisson framework. These
results support the adoption of Bayesian spatial SAE models as a methodological standard for routine
sub-provincial health monitoring, especially in resource-constrained settings. Extending this approach
to spatio-temporal contexts and validating it through simulation studies are important next steps
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1- Root Mean Square Error

2- CV (typically "Coefficient of Variation" in small area estimation; keep as CV if that is its established meaning)
3- Watanabe—Akaike Information Criterion (also called Widely Applicable Information Criterion)

4- Deviance Information Criterion
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SFH vs FH monthly RMSE (convergence diagnostics)
Main panel: 32 converged months; inset: November 2020 (diverged)
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Fig. 2. Convergence/divergence plot of the Fay—Herriot model versus the spatial Fay—Herriot model
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Table 1- Comparison of RMSE between the spatial and non-spatial Fay—Herriot models

1550 Canidy
Convergence Status

(@Léé Ca’g.}m—‘slé)RMSE
RMSE (Spatial Fay—Herriot)

(wys - sB)RMSE
RMSE (Fay—Herriot)

olo
Month

Successful
Successful
Successful
Successful
Successful
Successful
Successful
Divergent
Successful
Successful
Successful
Successful
Successful
Successful
Successful
Successful
Successful
Successful
Successful
Successful
Successful
Successful
Successful
Successful
Successful
Successful
Successful
Successful
Successful
Successful
Successful
Successful

215
3/81
3/83
5/92
2/52
4/78
8/58
253/68
2/55
3/32
2/96
3/18
2/33
2127
4/12
2/89
2/43
2/68
3/84
4/09
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2/22
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2/51
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2/86

March 2020
April 2020
May 2020
June 2020

August 2020

September 2020
October 2020
November 2020
December 2020
January 2021
February 2021

March 2021
April 2021
May 2021
June 2021
July 2021

August 2021

September 2021
October 2021
December 2021
January 2022
February 2022

March 2022
April 2022
May 2022
June 2022
July 2022

August 2022

September 2022
November 2022
January 2023
February 2023
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Table 2- Performance of small area models with the inverse-distance weight matrix in six selected months

Jow oo
WAIC CV  RMSE Model Month
- 1/02 2/24 FH March 2020
71/02  1/02 1/41 INLA IID
70/89  1/02 1/38 BYM2 (InvDist)
- 1/11 4/99 FH September 2020
85/57 1/12 2/89 INLA 1ID
81/87 1/12 2/17 BYM2 (InvDist)
- 1/45 2/81 FH November 2020
93/19 1/45 2/11 INLA 1ID
93/07 1/45  1/8  BYM2 (InvDist)
- 1/33 2/84 FH March 2021
84/24 1/34 3/30 INLA 1ID
81/50 1/34 2/44 BYM2 (InvDist)
- 1/85 2/32 FH July 2022
71/14 1/87 4/07 INLA 1ID
69/07 1/87  2/52  BYM2 (InvDist)
- 1/37 2/86 FH February 2023
76/40 1/38 1/88 INLA 1ID

7538 1538 1/67  BYM2 (InvDist)
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Fig. 3. Scatter plots of observed versus estimated values for a high-incidence month (November 2020; Aban 1399)
and a low-incidence month (July 2022; Tir 1401)
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Fig. 4. Thirty-six-month time series of RMSE and WAIC for the Fay—Herriot, IID, and BYM2 models
(inverse-distance weight matrix)
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Fig. 5. Scatter plots of observed versus estimated values for autumn 2021 (the highest-incidence season) and autumn
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Table 3- Observed and seasonal fitted values from the Fay—Herriot and IID models for two selected counties
(Sanandaj and Sarvabad) over 36 months.

D FH subodslice  yliw Juad
Observed County Season
115/73 115/99 115 Sanandaj  Winter 2020 (Mar 2020)
10/03 9/03 9 Sarvabad
1604/91  1599/10 1602 Sanandaj Spring 2020
99/94 92/69 94 Sarvabad
2,600/76  2,589/63 2600 Sanandaj Summer 2020
54/71 49/97 50 Sarvabad
5094/41  5082/06 5093 Sanandaj Autumn 2020
124/21 119/94 120 Sarvabad
1,903/05 1,894/41 1903 Sanandaj Winter 2021
69/55 60/93 61 Sarvabad
3705/01  3693/96 3704 Sanandaj Spring 2021
82/56 77/79 78 Sarvabad
7929/49  7921/24 7929 Sanandaj Summer 2021
130/97 126/88 127 Sarvabad
6625/39  6613/25 6624 Sanandaj Autumn 2021
160/10 154/97 155 Sarvabad
2739/39  2726/44 2738 Sanandaj Winter 2022
104/32 98/85 99 Sarvabad
1582/74  1572/85 1581 Sanandaj Spring 2022
34/24 28/80 29 Sarvabad
2214/81  2202/85 2213 Sanandaj Summer 2022
63/08 59/49 60 Sarvabad
1503/52  1492/89 1502 Sanandaj Autumn 2022
51/52 42/75 43 Sarvabad
796/33 786/88 795 Sanandaj Winter 2023
36/72 32/39 33 Sarvabad
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Table 4- Sensitivity analysis of EBLUP estimates from the Fay—Herriot model to doubling of the sampling

variance
Solai il )l (1) ooy dolins (1) g’ uSSlan ol
Random Effect Variance  Maximum Absolute Change (%) Mean Change (%) Month
1662 4.1 0 March 2020
3208 2.8 0 April 2020
206 10 -0.2 May 2020
2534 3 0 June 2020
5769 1.5 0 July 2020
444 53 -0.1 August 2020
275 8.5 -0.2 September 2020
1146 4.1 -0.1 October 2020
60921 0.8 0 November 2020
16860 1.1 0 December 2020
1980 3.6 0 January 2021
4320 2.6 0 February 2021
2330 3.5 0 March 2021
3500 29 0 April 2021
8790 1.7 0 May 2021
3095 2.6 0 June 2021
6426 1.9 0 July 2021
42399 0.8 0 August 2021
109624 0.4 0 September 2021
48693 0.6 0 October 2021
11392 1.5 0 November 2021
7702 1.3 0 December 2021
2114 32 0 January 2022
1511 3 0 February 2022
2760 2.5 0 March 2022
1546 34 0 April 2022
2027 2.5 0 May 2022
1006 39 -0.1 June 2022
892 3.5 -0.1 July 2022
3855 1.8 0 August 2022
1950 2.5 0 September 2022
1962 2.9 0 October 2022
2889 2.3 0 November 2022
452 6.7 -0.1 December 2022
573 53 -0.1 January 2023
230 9.1 -0.2 February 2023
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