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Here, we describe a possible joint modelling and analysis framework for synthesizing information
from designed and routinely collected records in order to reconstruct the underlying space-time
incidence of a disease. For ease of exposition we ignore various potential complications including
imperfect sensitivity and specificity of the diagnostic test used for the designed data-source, covariate
information on place or person, local or national policy interventions. We assume that the routine
records have lower sensitivity and specificity than the diagnostic test used in the designed study, and
that additional data has been collected enabling calibration of the relative sensitivity and specificity
of the routine data with respect to the diagnostic test.
1. Data
We suppose that our region of interest is partitioned into N small-areas, and that in each week t we
have access to two kinds of incidence data as follows.
1) Designed data (xit , mit , Yit ) : i = 1, ..., N , where x denotes the geographical location, m the
number of individuals tested by the diagnostic test, and Y the number of positive test reports. Each
xi corresponds to one of the N small-areas, for example the small-areas might be LSOA and the
locations their population-weighted centroids.
2) Routinely collected data Zjt : j = 1, ..., N , where Z denotes the number of routinely reported new
“cases”, for example calls to NHS111 classified as “possible Covid-19”.
2. Models
2.1 Designed data
For data of the kind described, the natural sampling distribution is binomial, with probabilities Pit
and denominators mit . We assume that, conditional on a zero-mean, latent spatio-temporal Gaussian
process S(x, t), the counts Yit are independent, binomially distributed with
log{Pit /(1 − Pit } = α + S(xi , t).
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One candidate model for S(x, t) is a spatially continuous stationary process with variance
and
0
0
0
0
separable spatio-temporal correlation Corr{S(x, t), S(x , t )} = ρ(||x − x ||)φ(|t − t |), where each of
ρ(·) and φ(·) is a member of the Matérn family (Matérn, 1960). A second possibility is a Gaussian
Markov Random Field (Rue and Held, 2005).
2.2 Routinely collected data
Here, the natural sampling distribution is again binomial, but now with denominators so large that
a Poisson approximation would give an excellent approximation. Writing Mj for the size of the
population at risk in the jth small-area we assume that, conditional on a second zero-mean, latent
spatio-temporal Gaussian process V (x, t), the counts Zit are independent, Poisson-distributed with
means µjt , where
log(µjt ) = β + V (xi , t)
(2)
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2.3 Linking the two data-sources
Linkage requires a calibration relationship between S(x, t) and W (x, t). Acknowledging the precedence of the designed data, we assume that
V (x, t) = γS(x, t) + Z(x, t),

(3)

where Z(x, t) is white noise, variance τ 2 . Information on γ will be derived by modelling the additional
data relating the diagnostic test results to the routine records. This data will be modelled jointly
with (2) and (3).
3. Analysis
Monte Carlo maximum likelihood or Bayesian inference for the model defined by equations (1), (2)
and (3) would require some modification of existing R packages, for example the PrevMap package
(Giorgi and Diggle, 2017). The inferential target is the joint predictive distribution of S(xj , t) : j =
1, ..., N , given data from weeks up to and including week t. Depending on the strength and scale
of the estimated temporal correlation structure of S(x, t), reliable predictions in week t could be
obtained using data from a rolling time-window, to circumvent restricted storage and/or computing
time; for an example, see Diggle, Rowingson and Su (2005).
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