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Abstract 
Background: Distributed lag non-linear models (DLNMs) are the reference framework for modelling lagged non-linear associations. They are 
usually used in large-scale multi-location studies. Attempts to study these associations in small areas either did not include the lagged 
non-linear effects, did not allow for geographically-varying risks or downscaled risks from larger spatial units through socioeconomic and 
physical meta-predictors when the estimation of the risks was not feasible due to low statistical power.
Methods: Here we proposed spatial Bayesian DLNMs (SB-DLNMs) as a new framework for the estimation of reliable small-area lagged non-linear 
associations, and demonstrated the methodology for the case study of the temperature-mortality relationship in the 73 neighbourhoods of the city of 
Barcelona. We generalized location-independent DLNMs to the Bayesian framework (B-DLNMs), and extended them to SB-DLNMs by incorporating 
spatial models in a single-stage approach that accounts for the spatial dependence between risks.
Results: The results of the case study highlighted the benefits of incorporating the spatial component for small-area analysis. Estimates obtained 
from independent B-DLNMs were unstable and unreliable, particularly in neighbourhoods with very low numbers of deaths. SB-DLNMs addressed 
these instabilities by incorporating spatial dependencies, resulting in more plausible and coherent estimates and revealing hidden spatial patterns. In 
addition, the Bayesian framework enriches the range of estimates and tests that can be used in both large- and small-area studies.
Conclusions: SB-DLNMs account for spatial structures in the risk associations across small areas. By modelling spatial differences, SB-DLNMs 
facilitate the direct estimation of non-linear exposure-response lagged associations at the small-area level, even in areas with as few as 
19 deaths. The manuscript includes an illustrative code to reproduce the results, and to facilitate the implementation of other case studies by 
other researchers.
Keywords: Small-area analysis, spatial statistics, non-linear dynamics, heat-related mortality, climate change, DLNM, Bayesian models. 

Introduction
The quantification of the short-term health effects of environ
mental exposures, which are associated with millions of 

premature deaths every year,1–5 is a major scientific question 
with far-reaching implications in decision and policy making. 
Distributed lag non-linear models (DLNMs) have rapidly 

Key Messages 
� We adapted distributed lag non-linear models (DLNMs), the reference framework for modelling lagged non-linear associations, to 

Bayesian statistics for both large- and small-area studies. 
� The Bayesian framework offers a wider range of estimates and tests, providing intuitive interpretations of uncertainty for derived 

indicators, without relying on arbitrary P-values. 
� We extended Bayesian DLNMs (B-DLNMs) to spatial Bayesian DLNMs (SB-DLNMs) by incorporating spatial models, estimating short- 

term health effects of environmental exposures in small areas. 
� We demonstrated the practicality of SB-DLNMs through a case study estimating temperature-mortality relationship in the 73 

neighbourhoods of the city of Barcelona, and we ensured its reproducibility by detailing the mathematical formulation and the R 
codes used. 

� SB-DLNMs provide geographical-varying risks and directly estimate non-linear lagged associations at small-area levels by modelling 
spatial differences and structures across small areas, even in cases with as few as 19 deaths. 
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become the referent framework for the modelling of all these 
short-term associations.6 DLNMs allow modelling non- 
linear and lagged environmental effects on health in a user- 
friendly implementation within an R package.7

For large-scale multi-location DLNM studies, it is common 
to apply multivariate meta-analysis to synthesize the estimates 
from different locations.8–10 In this approach, independent 
models are individually fitted at each location, estimating the 
location-specific exposure-response relationship (first stage), 
and then they are combined through multivariate meta-analysis 
to derive the average exposure-response relationship across 
locations (second stage). The method also allows to compute 
the best linear unbiased prediction in each location, which is a 
trade-off prediction between average and location-specific expo
sure-response associations. Although these predictions provide 
a more refined understanding of the exposure-response relation
ship in each location, they take into account neither the spatial 
structure of the data nor any eventual spatial dependency 
between risks at different locations.

The spatial units of these multi-location DLNM studies are 
usually large- or medium-sized cities or regions, with research 
on small-area units still scarce. Nonetheless, the increasing 
availability of high-resolution environmental data, which can 
be used to assign exposures to individual postcodes or 
addresses,11 has the potential to open new avenues in small- 
area environmental epidemiology. Moreover, even in ecologi
cal studies, where health data records are aggregated within 
spatial units, considering small areas reduces the ecological 
fallacy by providing closer estimations to individual-level 
risks.11 In addition, the study of the socioeconomic and phys
ical factors that modify the effect between environmental 
exposures and health becomes more reliable when estima
tions get closer to individual risks, given that modifying 
factors are generally diluted when populations are aggregated 
to larger-scale domains.

The study of the short-term health effects of environmental 
exposures in small areas is particularly susceptible to yielding 
unreliable estimates,12 with only a few studies proposing meth
odologies to address this issue.13,14 Some of them rely on self- 
matched approaches.15–17 The case time series design uses 
small-area data and considers the full flexibility of DLNMs18; 
however, the method did not allow geographically varying risks, 
estimating a common exposure-response relationship across all 
small areas.16 This method was extended to generate associa
tions at any spatial level.17 The approach was conceived as a 
two-stage design followed by a downscaling procedure, where 
location-specific associations were first estimated at an interme
diate spatial level, ie, not the smallest-area level. Then, the first- 
stage coefficients were pooled through a meta-regression, which 
included meta-predictors at the intermediate-area level. In the 
final step, they used the meta-analytical model and the 
meta-predictors at the smallest-area level to downscale, ie, 
meta-predict, the risks at the smallest-area level. Consequently, 
the spatial variation of the risks depends on the meta- 
predictors, and this approach cannot directly estimate the asso
ciations at the smallest-area level if the number of cases in each 
unit is very small.

On the other hand, and in contrast to this approach, other 
studies considered the spatial structure of the data with spa
tial Bayesian methods, directly estimating the short-term 
health effects of warm temperatures on mortality in small 
areas.19 However, they did not account for lagged non-linear 
associations, but instead only considered one single linear 

term. We here extend this last approach by formulating, for 
the first time, spatial Bayesian distributed lag non-linear 
models (SB-DLNMs) for the estimation of reliable small-area 
lagged non-linear associations, and we illustrate the method
ology for the particular case of the temperature-mortality 
relationship in the 73 neighbourhoods of the city of 
Barcelona. In our approach, we adapt the DLNM modelling 
framework to Bayesian statistics, considering both the spatial 
structure and the potential presence of spatial dependence in 
the associations. To extend single-location independent 
Bayesian distributed lag non-linear models (B-DLNMs) to 
SB-DLNMs, we employ Bayesian hierarchical models by 
including spatial components in the model.

The paper is organized as follows. In the Methods section, 
we formalize B-DLNMs and SB-DLNMs, using different 
case-crossover and time-series designs. In the Results section, 
we apply the proposed models to a small-area temperature- 
mortality case study in the city of Barcelona. Finally, the 
Discussion section discusses the advantages and limitations 
of the method, and explores future steps to upscale the use of 
the approach to large-scale epidemiological analyses, beyond 
small-area studies. The illustrative code to reproduce the 
results is available in the Supplementary data (Supplementary 
Text S1, available as Supplementary data at IJE online) and 
in a GitHub repository [https://github.com/marcosqz/ 
sbdlnm_smallarea_casestudy].

Methods
Here we present four B-DLNMs to assess short-term exposure- 
response associations. The first two models generalize 
location-independent DLNMs to a Bayesian framework, using 
two common designs to control for seasonal and long-term 
trends: case-crossover (Model 1),20 and splines of time (Model 
2).21 In addition, we extend these two models to SB-DLNMs 
by incorporating Leroux models in a single-stage approach to 
account for the spatial dependence between the location- 
independent parameters (Models 3 and 4).22 Although our 
case study focuses on the short-term health effects of warm 
temperatures on mortality in the city of Barcelona, these four 
models can be easily adapted to other locations, exposure and 
response variables and model configurations.

As a common notation standard for all four models, DLNMs 
use a cross-basis matrix that defines the (potentially) non-linear 
relation between exposure and response across a range of lags.6

Two separate basis functions are applied to the exposure (with 
dimension vx) and lag (vl) spaces, and combined to generate the 
cross-basis matrix W. This combination involves tensor prod
ucts and the re-arrangements of the two splines basis functions.6

Matrix W consists of nc ¼ vx × vl columns, representing linear- 
term coefficients and defining the joint non-linear effect of the 
exposure and lag dimensions.

Independent models: B-DLNM with case-crossover 
(Model 1) and time-series (Model 2) designs
In Model 1, we implement the B-DLNM with a case-crossover 
design20 which has been widely used to study the short-term 
health effects of environmental exposures.19,23 In this model, 
we stratify the data by area, year, month and day of week, 
where daily temperatures and counts of deaths in a given area 
are compared with those in the same area, day of the week, 
month and year. Consequently, each stratum is composed of 
4 or 5 case-days, depending on the specific day of the week, 
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month and year. We exclude stratums without deaths as they 
do not contribute to the likelihood in these models.24 This de
sign is supposed to control automatically for seasonal and long- 
term trends, day of week effect and other potential confounders 
that vary slowly over time.19

In Model 2, we implement splines of time to account for 
long-term and seasonal trends, following the standard ap
proach in time-series studies of the short-term association be
tween temperature and mortality.21 To capture the seasonal 
confounding patterns in mortality, we use flexible spline 
functions. Specifically, we transform the date and day-of-year 
into two matrices, T (long-term) and S (seasonality), where 
the columns correspond to the functions derived from the re
spective spline bases. The number of coefficients estimated in 
each area to control for these trends depends on the dimen
sion of the spline bases, here noted as nt and ns for long-term 
and seasonal trends, respectively. If the study period is con
tinuous, the date can be directly transformed using a single 
spline of time with enough flexibility per year.

For the independent models, we analyse each area individ
ually by extending frequentist location-independent DLNMs 
to a Bayesian framework. We use the following formulations: 

yd;a � Poisson λd;a
� �

Model 1 ðindependent – case � crossoverÞ: log λd;a
� �

¼

αs d;að Þ þ
Xnc

c¼1

βa;c �Wd;a;c

Model 2 ðindependent – time � seriesÞ : log λd;a
� �

¼

αa;o dð Þ þ
Xnc

c¼1

βa;c �Wd;a;cþ
Xnt

t¼1

γa;t � Td;a;tþ
Xns

s¼1

δa;s � Sd;a;s 

For each day (d; integer from 1 to the number of days) and 
area (a, integer from 1 to the number of areas), the counts of 
death (yd;a) follow a Poisson distribution with mean parame
ter λd;a. We fit generalized linear models relating λd;a via a 
logarithm link function with the cross-basis matrix ðW ; with 
nc columns representing the different exposure-lag predictors 
expressed in the respective bases). Moreover, the mod
els include:

� for the case-crossover design (Model 1) an intercept αs d;að Þ

for each stratum (s, integer from 1 to the number of stra
tums with cases) that is shared among days in the same 
area, year, month and day of week. This intercept is 
intended to match observations within stratums; 

� for the time-series design (Model 2), intercepts αa;oðdÞ con
trolling for the day of week (o, integer from 1 to 7) in 
each area a, the long-trend matrix (T;nt columns) and the 
seasonality matrix (S, ns columns). 

The coefficients βa;c, γa;t, and δa;s are the coefficients defin
ing the temperature-lag-mortality relation, and the long-term 
and seasonal trends, respectively. We use independent vague 
prior distributions for all these coefficients and intercepts. 
We note that performing these independent models is equiva
lent to performing separate DLNM analyses for each area.

Spatial models: SB-DLNM with case-crossover 
(Model 3) and time-series (Model 4) designs
When dealing with small sample sizes, independent B- 
DLNMs may provide unreliable estimates. Moreover from 

an epidemiological perspective, it is reasonable to assume 
that the risk estimates will be more similar in closer areas 
than in distant ones. To address this, in the SB-DLNMs 
(Models 3 and 4) we add a spatial component to account for 
the potential spatial dependence in exposure-response associ
ations. We include the spatial model within a Bayesian hierar
chical framework, allowing direct estimation of the risk in a 
single step. Specifically, we include the spatial dependence in 
the coefficients of the cross-basis W, ie, βa;c, by using the 
Leroux conditional autoregressive (CAR) distribution.22 We 
note however, that alternative spatial models can be easily 
implemented instead, eg, the Besag-York-Molli�e model.25

In Models 3 (spatial case-crossover) and 4 (spatial time- 
series), we change the prior distributions of the coefficients 
βa;c of the cross-basis matrix W specified in Models 1 and 2. 
Instead of using independent vague priors, we use a set of 
random effects with spatial structure, with the following 
formulation: 

βa; c ¼ μcþ β�a; c

β�a;c � N
ρ

1 � ρþ ρ � na

X

a0�a

β�a0;c;
σ2

c

1 � ρþ ρ � na

 !

As a result, SB-DLNMs are generalizations of the indepen
dent B-DLNMs. In SB-DLNMs, the coefficient corresponding 
to a specific column of the cross-basis matrix W in a given 
area is estimated considering the coefficients of the same term 
in neighbouring areas. Given an area, we here define its 
neighbours as the set of adjacent areas, ie, those that share a 
border, although this spatial connectivity rule can be easily 
generalized to any other type of criterion. Specifically, for 
each area (a) and cross-basis element (c), βa;c is modelled as 
the sum of the mean value across the spatial units (μc), which 
describes the mean effect for the entire region, and a random 
effect (β�a;c) that introduces spatial variability between areas. 
The spatial variability β�a;c follows a normal distribution, with 
the mean and variance depending on the parameter ρ. The 
parameter ρ defines the strength of the spatial component in 
the Leroux models, ranging from 0 (lowest strength, repre
senting a heterogeneous process) to 1 (highest strength, repre
senting a fully spatial intrinsic CAR distribution).26 The 
mean and variance of the normal distribution depend on the 
information of the adjacent areas, ie, the number of adjacent 
areas (na) and the spatial variability parameters (β�a0 ;c) for the 
same coefficient c of the adjacent area a0. Finally, σ2

c allows 
for different variances for the coefficients of the cross-basis c. 
We also use vague prior distributions for all the coefficients 
in the Leroux model.

Results
Small-area case study
In this case study, we modelled the short-term associations be
tween temperature and mortality during the summer months 
in 73 small areas (neighbourhoods) of Barcelona 
(Supplementary Figure S1, Supplementary Table S1, available 
as Supplementary data at IJE online). As a health outcome, we 
used the daily neighbourhood counts of natural deaths from 
June to September during the period 2007–2016, obtained 
from the mortality registry of the city. We assigned deaths to 
the corresponding neighbourhood based on the residence ad
dress of the deceased individuals. In total, the dataset included 
39 569 deaths, with 19 (1454) deaths in the neighbourhood 
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with the lowest (highest) number of deaths during the whole 
10-year period (Supplementary Table S1, available as 
Supplementary data at IJE online). As the exposure variable, 
we used the daily neighbourhood time series of maximum tem
peratures from the UrbClim model,27 calculated as the 
population-weighted average of the 100x100 meter gridded 
temperatures within the boundaries of each neighbourhood.

We applied both independent B-DLNMs and SB-DLNMs. 
In each neighbourhood, we used a natural cubic spline with 2 
internal knots at the 50th and 90th percentiles of the 
neighbourhood-specific daily temperature distribution for 
modelling the exposure-response function (vx ¼ 3). The lag- 
response ranged from 0 to 8 days, and we used a natural 
cubic spline with 2 internal knots equally spaced in the loga
rithm scale and an intercept (vl ¼ 4, nc ¼ 3×4 ¼ 12Þ. In the 
time-series models (models 2 and 4), we controlled for the 
seasonality with and interaction between the year and a natu
ral cubic spline with 3 equally-spaced internal knots 
(ns ¼ 4×10 ¼ 40), the long-term trend with a linear term 
(nt ¼ 1Þ, and the day of the week with 511 intercepts 
(73×7 ¼ 511). Instead, the case-crossover models (models 1 
and 3), included 14857 stratums. These DLNM-modelling 
choices were based on previous studies.3,28

We executed the four models by using the WinBUGS software, 
which implements Markov chain Monte Carlo (MCMC) meth
ods.29 For each model, we run 12 chains in parallel,30 initialized 
with different values. We set a burn-in of 10% of the total itera
tions, and we run as many iterations as necessary to achieve con
vergence (50 000, 100 000 or 150 000, depending on the model). 
Additionally, we subsampled the chains by thinning, retaining 
1000 samples. Each of the 1000 samples represents a cycle of the 
model that generates a full set of parameter values from the pos
terior distribution.31 To assess model convergence, we examined 
two statistics for all parameters: the Rhat (potential scale reduc
tion factor), which we imposed to be lower than 1.1, and the ef
fective sample size, which needed to be higher than 100.26,32 The 
full code for the four B-DLNMs and SB-DLNMs in R and 
WinBUGS, used in this case study, is provided in the supplemen
tary data (Supplementary Text S1, available as Supplementary 
data at IJE online) and GitHub repository (https://github.com/ 
marcosqz/sbdlnm_smallarea_casestudy).

The output of the B-DLNMs allowed us to obtain the 
location-independent temperature-lag-mortality associations. 
First, following the algebra of DLNMs,6 we calculated the 
relative risk (RR) for every combination of temperature and 
lag in each region, based on the 1000 independent samples. 
These associations are visualized as 1000 exposure-lag- 
response surfaces in Figure 1 (first column), which shows the 
associations for one of the neighbourhoods. From this ensem
ble of surfaces, we can obtain the associations for a specific 
lag (Figure 1, second column), the associations for a specific 
temperature (Figure 1, third row), and the overall cumulative 
temperature-mortality associations by summing the lag- 
specific contributions (Figure 1, fourth column).

Figure 2 illustrates the process of obtaining summary RR 
estimates and credible intervals (CrI) for the whole ensemble, 
in continuation of the associations shown in Figure 1. To fa
cilitate comparison between neighbourhoods and models, 
and without loss of generality, we set the centring tempera
ture as the baseline for all curves, defined as the 30th percen
tile of the neighbourhood daily temperature distribution. 
However, it is possible to centre the associations using other 
summary statistics, such as those derived from the posterior 

distribution of the minimum mortality temperature (see 
Supplementary Figure S2, available as Supplementary data at 
IJE online). The point estimate of the RRs is here defined as 
the median of the ensemble of RRs at each temperature, and 
the 95% CrI as the 2.5th and 97.5th percentiles.

In Figure 3, we compare the overall cumulative associations 
in the four models between three adjacent neighbourhoods with 
very different population sizes and, consequently, mortality 
numbers. The exposure-response curves show the closest results 
between the independent B-DLNMs and SB-DLNMs in Sant 
Andreu (Figure 3a, d). This neighbourhood has a high number 
of deaths during the study period (1191), so its estimate is less 
affected by the small sample size problem. Point estimates and 
95% CrIs fall into reasonable ranges in the independent 
B-DLNMs, although the inclusion of the spatial component in 
the SB-DLNMs further reduces the uncertainty of the estimates. 
Instead, the two adjacent neighbourhoods of Sant Andreu, ie La 
Prosperitat (Figure 3b, e; 587 deaths) and La Trinitat Vella 
(Figure 3c, f; 132 deaths), show unusual features in the associa
tions with independent B-DLNMs. The incorporation of infor
mation from adjacent neighbourhoods in SB-DLNMs, eg Sant 
Andreu, substantially reduces uncertainties and corrects the 
point estimate curves, aligning the values between the adjacent 
neighbourhoods. This effect is particularly important in neigh
bourhoods with the smaller sample size, such as La Trinitat 
Vella. The associations observed in the case-crossover and time- 
series analyses show comparable results, with slightly smaller 
uncertainties observed in the time-series design. Supplementary 
Figures S3 and S4 (available as Supplementary data at IJE on
line) show the comparison between independent B-DLNMs and 
SB-DLNMs of overall cumulative association and the lag- 
response association at the 99th temperature percentile for all 
neighbourhoods, respectively.

Finally, Figure 4 shows the spatial distribution of the RR at 
the 99th temperature percentile in the four models (top pan
els) together with the corresponding probability that the RR 
is greater than one (ie fraction of samples with RR >1, bot
tom panels). On the one hand, we observe no definite spatial 
pattern of the RRs in the independent B-DLNMs (Figure 4a, 
b), with protective RR values (ie RR <1) in many neighbour
hoods (Figure 4e, f). The small numbers of cases contribute 
to noise, resulting in adjacent neighbourhoods showing con
trasting extremes. On the other hand, SB-DLNMs estimate 
more consistent RR values, both spatially and in terms of 
magnitude, revealing clusters of neighbourhoods with similar 
RR values (Figure 4c, d). Importantly, SB-DLNMs address 
the instability and incoherence observed in the independent 
B-DLNMs by incorporating spatial dependencies, resulting in 
more plausible and coherent results (cf Figure 4a–d). When 
comparing the results between the case-crossover and time- 
series design, the addition of the spatial component gives 
equivalent conclusions. However, the time-series approach 
suggests higher statistical power to detect risk excesses (cf  
Figure 4g, h). Last but not least, the strength of the spatial 
component is high in the Leroux models, with estimated ρ 
values skewed toward 1: 0.72 (95% CrI, 0.19–0.99) for the 
case-crossover SB-DLNM, and 0.82 (95% CrI, 0.32–0.99) 
for the time-series SB-DLNM.

Discussion
In this study, we proposed SB-DLNMs for estimating short- 
term health effects of environmental exposures in small areas. 
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We adapted the DLNM framework to Bayesian statistics, 
and used spatial models to account for spatial dependences. 
These one-stage models were formulated for the two most 
common designs in this type of analysis: the case-crossover 
and time-series designs.

In the practical case study, we implemented independent 
B-DLNMs and SB-DLNMs to assess the short-term association 

between temperature and mortality in 73 neighbourhoods in 
Barcelona. We illustrated how to process the outputs of the four 
Bayesian models, and highlighted the benefits of incorporating 
the spatial component to address unstable estimates from small 
numbers. Indeed, estimates obtained from independent 
B-DLNMs are unstable and unreliable, particularly in neigh
bourhoods with lower numbers of deaths, with noisy spatial 

Figure 1. Ensemble of associations between temperature, lag and mortality derived from a Bayesian distributed lag non-linear model (B-DLNM). The 
results are based on the spatial Bayesian DLNM (SB-DLNM) with the case-crossover design (Model 3) in the el Raval neighbourhood (2007–2016). Each 
row corresponds to one of the (1000) independent samples generated by the model. All associations are centred in the 30th percentile of the 
temperature distribution (indicated by the black line in the surfaces). The first column shows exposure-lag-response surfaces. The second column shows 
temperature-specific associations at lag 1. The third column shows lag-specific associations at the 99th percentile (P99) of the temperature distribution. 
The fourth column shows overall cumulative temperature-mortality associations

Figure 2. Summary estimates of relative risks derived from a Bayesian distributed lag non-linear model (B-DLNM). The results are based on the spatial 
Bayesian DLNM (SB-DLNM) with the case-crossover design (Model 3) in the el Raval neighbourhood (2007–2016). The point estimates and confidence 
intervals (CrI) of the relative risks are derived from the ensemble (of 1000 samples) of overall cumulative temperature-mortality associations. The overall 
cumulative associations are calculated by summing the lag-specific contributions and are centred on the 30th percentile of the temperature distribution
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patterns. In contrast, SB-DLNMs provide more reasonable esti
mates and reduce uncertainties by considering the spatial struc
ture among adjacent neighbourhoods. Differences in RR 
between adjacent neighbourhoods are spatially smoothed, re
vealing clusters of neighbourhoods with elevated risks.

So far, most of the approaches for studying temperature- 
mortality associations in small areas have used the case-crossover 
design or similar self-matched approaches.15,16,18,19,33 With 
SB-DLNMs, we model the complex relation between tempera
ture and mortality by incorporating flexible splines accounting 
for the lagged non-linear effects. In comparison, Bennet and col
leagues only used a single coefficient (ie a linear term) for this as
sociation in a case-crossover design.19 Just as in SB-DLNMs, the 
case time series design uses the full flexibility of DLNMs. 
Whereas the case time series is a computationally efficient and 
flexible tool for analysing small-area data,16,18 SB-DLNMs ad
dress some of its limitations. SB-DLNMs can directly estimate 
temperature-mortality associations at the small-area level by 
modelling spatial differences and structures across small areas, 
even in cases with as few as 19 deaths. In contrast, the case time 
series design assumes a common association across all small 
areas, lacking the geographical variation estimated in 
SB-DLNMs. While the case time series can be extended in a mul
tilevel approach, predicting risk at the small-scale through a 
second-stage meta-analysis using other environmental meta-pre
dictors,17 SB-DLNMs can directly estimate risk in a one-stage 
model, relying only on the associations from the temperature and 
mortality data. As an additional innovative feature, we also for
mulate SB-DLNMs with the time-series design, widely used in 

large-scale epidemiological studies, providing somewhat more 
precise estimates in our case study compared with the case- 
crossover design.

The proposed SB-DLNMs have some limitations that 
should be acknowledged. The first and most significant limi
tation is the long execution times and high computational 
demands, which are common in Bayesian methods, particu
larly in spatial statistics involving spatial correlations. There 
is significant room for improvement in the implementation of 
the SB-DLNMs presented here (such as using an alternative 
MCMC engine faster than WinBUGS) which, in its current 
state, took several days to converge in our non-optimized set
ting. Nevertheless, this study aims to present the model speci
fication for SB-DLMNs, so that future studies may develop 
more efficient implementations of SB-DLNMs for studies 
with a larger number of areas.16,17 Due to these computa
tional challenges, we did not conduct a simulation study that 
further validates the robustness of the models under different 
controlled conditions. By providing a reproducible R code, 
we encourage the community of environmental epidemiology 
to test SB-DLNMs for their own data and studies. 
Additionally, some of our assumptions involve not incorpo
rating spatial models to control for seasonality,13 not ac
counting for potential overdispersion34 and assuming the 
same spatial parameter (ρ) across the coefficients of the cross- 
basis. The flexibility of the Bayesian framework allows the 
easy adaptation of the model to address these issues.

Extending beyond small-area analysis, SB-DLNMs could 
be directly applied in multi-city or large-area studies to 

Figure 3. Overall cumulative temperature-mortality associations in three adjacent neighbourhoods of Barcelona (2007–2016) for independent Bayesian 
distributed lag non-linear model (B-DLNM) and spatial Bayesian distributed lag non-linear model (SB-DLNM). We selected three adjacent neighbourhoods 
with high (a, d), medium (b, e) and low (c, f) numbers of deaths. The top row (a, b, c) shows the associations for the case-crossover design, and the 
bottom row (d, e, f) shows the association for the time-series design. In each neighbourhood, the associations for the location-independent Bayesian 
DLNM (orange; Models 1 and 2) and spatial Bayesian DLNM (blue; Models 3 and 4) are represented. The thick curves represent the points estimates (ie 
median values) of the association between the percentile of the neighbourhood temperature distribution and the relative risk of mortality. To facilitate the 
comparison, the baseline risk is centred at the 30th percentile of the neighbourhood temperature distribution. The coloured areas represent the 95% 
credible interval of the estimates. The relative risks (RRs) at the 99th percentile (P99) are provided at the top of the figures, including the point estimates 
(also marked with dots in the curves) and their corresponding 95% credible intervals
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account for spatial correlations, which are not considered in 
the standard two-stage design. In both small- and large-area 
studies, the Bayesian framework enriches the range of esti
mates and tests that can be derived from temperature- 
mortality studies. Among others, the uncertainty of derived 
variables, such as the minimum mortality temperature, has in 
our framework an intuitive interpretation, given that it is di
rectly calculated from the ensemble of overall cumulative 
exposure-response functions (see Supplementary Figure S2, 
available as Supplementary data at IJE online). In contrast, 
the calculation of uncertainties in a frequentist approach is 
more complex and requires bootstrapping techniques.35

Furthermore, the posterior distributions in Bayesian models 
allow for richer estimates and tests of the risk, such as the 
probability of excess risk, based on the fraction of samples 
with RR greater than 1, rather than relying on significance 
tests based on arbitrary P-values or the width of confidence 
intervals. SB-DLNMs, as presented in this study, emphasize 
modelling spatial structures. Future SB-DLNMs studies could 
focus on identifying vulnerability drivers explaining these 
structures.17,36,37 This could be explored by directly incorpo
rating socioeconomic or physical factors into the risk estima
tion, and testing their impact on defining the spatial 
structures. However, the feasibility of incorporating and 
interpreting these modifying factors will require the develop
ment and optimization of SB-DLNMs.

Conclusion
Spatial Bayesian distributed lag non-linear models (SB- 
DLNMs) are a novel framework for estimating the short-term 

lagged health effects of environmental exposures in small 
areas. We extended the state-of-the-art approach for exposure- 
lag-response epidemiological modelling, DLNMs, by incorpo
rating spatial models within a single-stage Bayesian framework 
to account for spatial dependences in risks. SB-DLNMs pro
vide geographically varying estimation of the risks at small 
areas while maintaining the full flexibility of DLNMs. We pro
vide the formulation of SB-DLNMs and guidance on managing 
their outputs in an available R code so other researchers can 
use SB-DLNMs for their own data and studies.
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Figure 4. Spatial distribution of heat-related mortality risks in Barcelona (2007–2016) for independent Bayesian distributed lag non-linear model (B-DLNM) 
and spatial Bayesian distributed lag non-linear model (SB-DLNM). The top row (a–d) shows the point estimates of the relative risk (RR) of death at the 
99th percentile (P99) of the neighbourhood temperature distribution, compared with the risk at the centring temperature in the 30th percentile. The 
bottom row (e–h) shows the probability of excess risk at the 99th percentile, which measures the probability of the relative risk being greater than 1. 
Panels (a), (b), (e) and (f) represent the results from the independent Bayesian DLNM, and panels (c), (d), (g), (h) represent the results from the spatial 
Bayesian DLNM
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