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Modelado bayesiano espacio-temporal de la dinamica de las muertes por
COVID-19 en Peru

Bayesian spatio-temporal modeling of the dynamics of COVID-19 deaths
in Peru

Abstract

Amid the COVID-19 pandemic, understanding the spatial and temporal dynamics
of the disease is crucial for effective public health interventions. This study aims
to analyze COVID-19 data in Peru using a Bayesian spatio-temporal generalized
linear model to elucidate mortality patterns and assess the impact of vaccination
efforts. Leveraging data from 194 provinces over 651 days, our analysis reveals
heterogeneous spatial and temporal patterns in COVID-19 mortality rates. Higher
vaccination coverage is associated with reduced mortality rates, emphasizing the
importance of vaccination in mitigating the pandemic’s impact. The findings
underscore the value of spatio-temporal data analysis in understanding disease
dynamics and guiding targeted public health interventions.

Keywords: COVID-19; spatio-temporal modeling; areal unit data; spatio-temporal
generalized linear model; Bayesian statistics

1. Introduction

The emergence of Coronavirus Disease 2019 (COVID-19) in December
2019 marked the beginning of a global crisis, with the World Health Organization
(WHO) declaring it a pandemic in March 2020 due to its alarming severity and
rapid spread. COVID-19, caused by the SARS-CoV-2 virus, belongs to the family
of coronaviruses and has since posed significant health, social, and economic
challenges worldwide [1,2,3].

Peru has faced immense challenges in combating the COVID-19 pandemic,
like many other countries. The first case of COVID-19 was confirmed on 6 March
2021, triggering a rapid escalation in cases and subsequent waves of infection.
The pandemic has had significant impacts in Peru, including economic
challenges, disruptions to education, and mental health concerns, leaving many
children orphaned and highlighting vulnerabilities in healthcare systems [4,5].
Peru was one of the worst-affected countries in cases and deaths [6].

To combat the pandemic, scientific collaborations expedited the
development and authorization of COVID-19 vaccines, which have become
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pivotal in preventing the spread of the disease and reducing mortality rates [7,8].
However, achieving widespread vaccination coverage remains challenging,
particularly in regions with limited healthcare resources [9].

In this context, spatio-temporal data analysis plays a crucial role in
understanding the dynamics of the pandemic, identifying high-risk areas, and
informing public health interventions for similar future outbreaks. Despite its
importance, few studies have been conducted to help understand the spatial and
temporal trends of COVID-19 in Peru. An exception is the study of [10], which
demonstrated the feasibility and value of implementing a decentralized SARS-
CoV-2 RNA wastewater monitoring system to assess the spatio-temporal
distribution of COVID-19 in three major cities in Peru. On the other hand, several
studies have proposed using spatio-temporal approaches to model the number
of deaths and the number of cases of COVID-19 data as outlined by a review that
summarizes the contribution of spatio-temporal modeling methodologies in the
field of COVID-19 [11]. For example, [12] proposed a spatio-temporal modeling
approach of COVID-19 incident cases in ltaly, ref. [13] used a model based on
discrete latent variables, which are spatially associated and time-specific, for the
analysis of incident cases in lItaly, ref. [14] studied the association between
COVID-19 spread and environmental conditions in Catalonia, Spain, ref. [15]
studied the association between deaths and impact of key risk factors in England,
ref. [16] studied risk clusters of COVID-19 transmission in northeastern Brazil,
ref. [L7] analyzed the behavior and forecast of the number of deaths in the 26
Brazilian states, the federal district, and Italy, and [18] presented a spatio-
temporal modeling analysis of initial COVID-19 diffusion in China and in the
United States.

Despite the wealth of spatio-temporal COVID data available, there remains
a gap in the literature regarding applying advanced statistical spatio-temporal
models to analyze and understand the dynamics of these datasets, particularly
for Peru. This work aims to fill this gap in two ways. Firstly, it provides a
descriptive and exploratory analysis of the spatial and temporal dynamics of
COVID-19 data in Peru. Then, we employ a spatio-temporal generalized linear
model tailored for areal unit data, with parameter inferences conducted within a
Bayesian framework. By leveraging this model, we aim to elucidate the spatial
and temporal patterns of COVID-19 deaths, investigate the impact of vaccination
efforts, and provide valuable insights for guiding public health policies and
interventions.

This paper is structured as follows. Section 2 describes the data sources and
preprocessing steps and outlines the methodology, including the Bayesian
spatio-temporal generalized linear model and Bayesian inference framework.
Section 3 presents the results and discussion of the analysis, including the
descriptive and exploratory analysis of the temporal and spatial dynamics of the
data and the results of the statistical model. Finally, Section 4 concludes with a
summary of key findings and suggestions for future research.
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2. Materials and Methods

This section provides an overview of the data utilized in our analysis,
including the collection, processing, and organization procedures of both the
response variable and the covariates. We then detail the construction of the
spatio-temporal generalized linear model tailored for areal unit data, whose
parameter inferences are performed within a Bayesian framework.

2.1. The Data

This study examines data spanning two years, from 3 March 2020 to 13
December 2021. The data include information from three distinct sources:

(1) Records of COVID-19 deaths across Peru sourced from the Ministerio
de Salud (MINSA) and accessible through the Plataforma Nacional
De Datos Abiertos (www.datosabiertos.gob.pe/);

(i) Records of COVID-19 cases across Peru sourced from the MINSA,

(i) Vaccination records against COVID-19, also obtained from the
MINSA.

Peru is geographically divided into three levels: 26 regions, 194 provinces,
and 1838 districts. Furthermore, the shapefile includes Lake Titicaca because of
its extension. It is located on the border between Peru and Bolivia in the Andes
Mountains and is one of the largest lakes in South America. Therefore, this part
of the territory will not be included in the analysis despite being represented in
the figures. For the modeling phase, the data were aggregated at the province
level to provide spatial coverage across the country. This division is illustrated in
Figure 1. Temporally, the data were organized daily, resulting in a panel format
dataset. Each column represents one of the 194 Peruvian provinces, and each
row represents a date, resulting in 651 observations for each province. The cutoff
date for the analysis was set as 13 December 2021, corresponding to the date of
the last death recorded in the dataset of deceased individuals by COVID-19.
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Figure 1. Map of Peru subdivided by its 194 provinces and Lake Titicaca.

Given the diverse formats for the datasets, several approaches were
employed to transform them into the final format required for analysis. Detailed
descriptions of data collection, processing, and organization are provided below
to ensure transparency and facilitate reproducibility in scientific research.

The response variable, the number of deaths from COVID-19, initially
resided in a single file encompassing all recorded deaths within Peruvian territory
from 3 March 2020 to 13 December 2021. Over this period, slightly over 200,000
deaths from COVID-19 were documented, corresponding to the total number of
entries in the dataset. Deaths were aggregated based on the date and province
of occurrence to derive the final dataset, resulting in a structured dataset with 651
rows and 194 columns. Each row represents a day within the analysis period,
while each column represents a Peruvian province. We assume that a zero value
was assigned for days where no observations were recorded in a particular
province, meaning the absence of reported deaths during that specific day in that
location.

The variable total COVID-19 cases was initially consolidated into a single file
containing all cases registered across the Peruvian territory between 6 March
2020 and 31 December 2023. However, due to the absence of response variable
data for a period equivalent to the variables, the analysis period was restricted to
3 March 2020 to 13 December 2021. Thus, the three days of difference between



the beginning of recording cases and deaths were assumed as zero cases. This
raw file comprised over ten variables, including information about people, such
as age, sex, geographic information, and district and province of case notification.
Throughout this period, slightly over 4.5 million COVID-19 cases were
documented in Peru, corresponding to the total number of entries in the database.
Subsequently, reported cases were aggregated based on the notification date
and province of residence for model development and application. This process
yielded a dataset with dimensions of 651 rows and 194 columns, where each row
represents a day within the analysis period and each column represents a
Peruvian province. Similarly to the number of deaths, we assume that a zero
value was assigned for days where no observations were recorded in a given
province, meaning the absence of reported cases during that specific day in that
location.

Due to its considerable size, the COVID-19 vaccination database posed
significant challenges in reading and processing. The original dataset comprises
a single file containing all records of COVID-19 vaccines administered in Peru
from 27 April 2020 to 29 November 2023, totaling over 90 million doses
administered nationwide, corresponding to the total number of rows in the
database. Similarly to the previous variables, the data are limited between 3
March 2020 and 13 December 2021. The raw file contains 14 variables, including
the vaccination location, the vaccinated individual’'s risk group (whether the
person who was vaccinated belonged to a risk group for worsening the disease),
gender, and vaccine manufacturer (i.e., the company responsible for the
vaccine). The number of vaccines administered was aggregated based on the
location and day of administration. Additionally, the data were segmented into
four distinct subsets corresponding to the first four doses administered, each
comprising 651 rows (representing the number of days) and 194 columns
(representing provinces).

The dataset used for the analysis and modeling consists, for each Peruvian
province, of the number of deaths from COVID-19, the response variable in this
study, and the explanatory variables total number of COVID-19 cases and
number of vaccine doses against COVID-19 administered, divided into four
categories corresponding to the first four doses. The response variable and the
five covariates were transformed into seven-day moving averages to correct for
large weekly fluctuations. Furthermore, a difference of 14 days was adopted
between the response variable number of deaths and the explanatory variables,
which can be justified by the incubation time and presentation of symptoms that
varied between 2 and 14 days [19,20,21].

All analyses were performed using the R programming language (version
4.3.2) [22] on a personal computer equipped with a 2.50 GHz Intel Core i5-
10300H processor and 8 GB of RAM, running on the Windows 11 64-bit operating
system.
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2.2. Bayesian Spatio-Temporal Model

The conventional linear regression model typically assumes independent
observations and overlooks temporal and spatial dependencies. However,
considering the nature of our panel data, which varies across time and space, it
becomes imperative to account for these dependencies. To address this
challenge, we adopted a Bayesian spatio-temporal generalized linear model
specifically tailored for areal unit data, which was proposed by [23] and whose
main ideas were previously developed by [24,25]. This model is well suited for
fitting areal unit data observed in discrete periods while including relevant
explanatory variables. Next, we will briefly review the formulation of this model
that we will apply to analyze our data.

Let Yk,tYk,t be the response variable in areal unit k and time t, where
ke{1,...,K}ke{1,...,K}, te{l,...,N}te{1,...,N}, K is the total of areal units, and N is
the number of periods of time. Suppose that
Yk,tluk,t~Poisson(Ek,tuk,t)Yk,tluk,t~Poisson(Ek,tuk,t) and
Inuk,t=xTk,tB+0k,t+k, tinuk, t=xk,t1g+0k,t+yk,t, where uk,tuk,t is the risk of
death in areal unit k and time t relative to the expected counts Ek,tEk,t, xk,txk,t
is a p-variate vector of known covariates for areal unit k and time t,
B=(B1,....Bp)B=(B1,...,0p) is a p-dimensional vector of covariate regression
parameters, and Ok,tOk,t is an offset for areal unit k and time t. Including a
random effects term yk,tyk,t for areal unit k and time t allows us to effectively
capture the inherent dependencies of our dataset that vary over time and space.
Other model specifications are given by

B~ Norma]{,uﬁ,Eﬁ} (1)
. _ t—7

ey = (Br+¢p) +(a+ 5k}T (2)

Pr | P W~ Norma](luﬂ_ @ k.W”‘ngt'k P k.W) (3)

& | 6, W ~ Norma](luﬂ-k 5 k-w“?ilﬁ k.W) 4)

a ~ Normal(juy,c2), (5)

where
. t =Y Nt=1t/Nt =3t=1Nt/IN is the average time;

. Yk, tyk,t is a latent component for the province k and day t embracing one

or more sets of spatio-temporally autocorrelated random effects, which are
known as correlated linear time trends [26];

. W=[wk,jlW=[wk,j] is a binary neighborhood matrix KxXKKxK, with
wk,j=0wk,j=0 if k=jk=j (diagonal elements equal to zero), wk,j=1wk,j=1
if the provinces k and j share a common border, and wk,j=0wk,j=0 if the
provinces k and j do not share a common border;
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. The random effects d=(¢1,...,0K)p=(¢1,...,¢K) and
6=(61,...,6K)6=(61,...,6K) are modeled as spatially autocorrelated by the
CAR (conditional autoregressive) prior, satisfying
> k=1K¢pk=) k=1K8k=03 k=1K¢pk=3 k=1K5k=0 to avoid a lack of
identifiability, with ¢—k¢p—k and §—ké—k denoting the vectors ¢p¢ and §5
without their corresponding kth entries, respectively;

. The quantities u¢klp—k,Wupklp—-k,W, oc2¢kldp—k,Wopklp—k W2,
udkld-k,Wusk|6-k,W, and o¢26klé6-k,Wobkld—k,W2 are given,
respectively, by

K
Lint .Ej W, i
Hodp W =% , 6)
Pint _Z_l Wi +1— pint

2 _ Tﬁi.‘
Cpele_ W K ' @)
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K
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2
2 _ Tslo
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The model captures the spatio-temporal pattern in the mean response by
incorporating a spatially varying linear time trend. Each province (indexed by k)
possesses its own individual linear time trend, characterized by a spatially varying
intercept f1+¢pkBl+pk and a spatially varying slope a+dka+d5k.

The parameters pintpint and pslopslo are spatial dependence parameters,
with zero corresponding to independence and one corresponding to strong
spatial smoothness. Each parameter follows a uniformly distributed prior
distribution over the unit interval. The random effects variances are specified with
the conjugate prior distributions t2int~Inverse-Gamma(a,b)tint2~Inverse-
Gammay(a,b) and t2slo~Inverse-Gammay(a,b)tslo2~Inverse-Gamma(a,b).

To have flat prior distributions for all model parameters, we specify the
following hyperparameters: uB=0puf=0p, ZXB=105-IpXB=105-Ip, a=0a=0,
b=0.016=0.01, ua=Oua=0, and ¢2a=10000a2=1000. This statistical model is
implemented in the function ST .CARlinear of the R package CARBayesST [26],
which estimates the model parameters using the MCMC (Markov chain Monte
Carlo) algorithm.
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The spatio-temporal modeling aims to characterize the total number of
COVID-19 deaths in Peru over a specified period, aggregated by provinces and
days. Our analysis incorporates explanatory variables such as the total number
of COVID-19 cases and the cumulative count of the first four doses of the COVID-
19 vaccine administered in the respective provinces.

3. Results and Discussion
3.1. Descriptive and Exploratory Analysis

Our study aims to compare the dynamics of COVID-19 deaths in Peru over
a span of two years, examining the impacts of vaccination efforts and the spatial
distribution of the disease on mortality. When analyzing the relationship between
the number of COVID-19 cases and deaths during the study period spanning
from 3 March 2020 to 13 December 2021, as depicted in Figure 2, we observed
spikes in cases and deaths in periods of similar behavior between the two series.
Specifically, increases in COVID-19 cases correspond to rises in deaths,
indicating a consistent pattern across the two variables.
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Figure 2. Seven-day moving average for the total COVID-19 cases and deaths in
Peru between 3 March 2020 and 13 December 2021. The 14-day delay used in
the modeling phase is not represented in this image.

The peaks in COVID-19 cases and deaths are also evident in Figure 3 and
Figure 4, which display the cumulative cases and deaths over six-month periods.
Specifically, we observe a higher concentration of cases during the second half
of 2020 and the first half of 2021, corresponding to the periods where the highest
peaks occurred in the series (Figure 2). Similarly, the number of deaths also
exhibits distinct periods, with notable variations across the three periods
encompassing 2020 and the first half of 2021.
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Figure 3. Heatmaps with the evolution in the total number of COVID-19 cases in
Peru semiannually between 3 March 2020 and 13 December 2021.
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Figure 4. Heat maps with the evolution in the total number of COVID-19 deaths
in Peru semiannually between 3 March 2020 and 13 December 2021.

Figure Al, Figure A2, Figure A3 and Figure A4 of Appendix A show the heat
maps with the vaccine coverage of the first four COVID-19 doses, respectively,
every three months during the COVID-19 pandemic across all 194 provinces of
Peru and Lake Titicaca.

3.2. Bayesian Spatio-Temporal Modeling

After the initial descriptive and exploratory analysis, it became apparent that
the (seven-day moving average) number of deaths exhibits spatial and temporal
dependencies. Acknowledging this dependence, a spatio-temporal model was
estimated for the entire period. In this context, we utilized the Bayesian spatio-
temporal generalized linear model proposed by [23], chosen for its suitability in
handling count data and enabling the incorporation of explanatory variables. The
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percentage of the population per province has been included as an offset for our
model to account for the population difference between provinces.

We analyzed data from K=194K=194 provinces over a period of
N=651N=651 days. We assessed the correlation strength between each
candidate variable and the response variable in each model to select explanatory
variables for each model, and we used different combinations of models with the
available variables, selecting the one in which the variables were jointly
statistically significant, in a backward manner. We ran the MCMC algorithm
20,000 times to estimate the model parameters, excluding the first 2000 iterations
(warm-up period) and taking samples from the posterior distribution every 6th
iteration to reduce autocorrelation in the chains (thinning).

During the estimation process, two models (with and without a 14-day lag
between the number of cases and other variables) were compared based on the
deviance information criterion (DIC), the log marginal predictive likelihood
(LMPL), and the Watanabe—Akaike information criterion (WAIC). The model that
considered a 14-day lag between the number of cases and other variables
showed an improvement of about 10%10% in the evaluation metrics DIC, WAIC,
and LMPL. Table 1 presents the most relevant coefficients of the model, including
the degree of spatial dependence and the significance of the coefficients
associated with the covariates.

Table 1. Posterior mean, 2.5th, and 97.5th percentiles of the posterior distribution
of the model parameters. The acceptance percentage, effective sample size, and
Geweke statistic for each model parameter are provided. The sample size of the
posterior distribution of each parameter is equal to one thousand. DIC: 621,729;
WAIC: 640,586; LMPL: -316,548.

Parameter PT,I?;:‘M 2.5th Perc. 97.5th Perc. % Acceplt. gi{;‘c‘;iﬁz Geweke
Intercept 0.0722 0.0657 0.0789 13 128 —0.3
BcCases 0.0020 0.0020 0.0020 13 285 04
Bvaccinez —0.1354 —0.1462 —0.1243 13 105 —0.1
Bvaccines —0.4078 —0.4334 —0.3808 13 105 —0.1
a —0.1337 —0.1535 —0.1148 38 2263 —1.4
Tél ; 0.0888 0.0675 0.1228 100 1610 —0.2
T, 0.1506 0.1124 0.2063 100 1907 0.1
Pint 0.0335 0.0010 0.1171 41.6 1523 0.1
[ 0.0287 0.0008 0.1003 43.2 1524 —0.2

Under the Bayesian framework employed in this study, we consider each
component of B to be statistically significant when the value of zero falls outside
the credibility interval formed by the 2.5th and 97.5th percentiles of its
corresponding posterior distribution. Among the covariates considered, it was
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observed that the (seven-day moving average) number of cases and the second
and third doses of the COVID-19 vaccine were statistically significant and kept in
the model. Moreover, based on the coefficients, it is evident that the (seven-day
moving average) number of cases positively influences the number of deaths. At
the same time, both doses of the vaccine exert a negative influence, with the third
dose showing a more pronounced reduction effect.

The term §kék is known as the “differential trend of the kth areal unit”, which
is the interaction between the time effect and the area effect. An interpretation for
the time effect is provided by [24] as follows: a value of §6k<05k<0 implies that the
temporal trend of the areal unit k is less steep than the mean trend aa, while a
value of 6k>05k>0 implies that the temporal trend of areal unit k is steeper than
the mean trend aa.

Figure 5 depicts the posterior average of the parameter §kék, where k
denotes the kth province. The areal units whose trend is steeper than the average
trend are further east and north. From this map, it is evident that a diverse array
of behaviors and temporal trends are present. Provinces closer to the capital and
along the coast exhibit negative temporal trends more frequently. Conversely,
provinces located farther from the capital and in the country’s northern regions
display positive temporal trends, indicating an upward trend in the (seven-day
moving average) number of deaths over the study period.

Less than -0.01
-0.01 to 0.01
Greater than 0.01

Figure 5. Heatmaps with the posterior mean of the parameter §kd8k of the spatio-
temporal model across all provinces of Peru, where k indicates the kth province.
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Based on Table 1, the MCMC algorithm achieves convergence. When the
Geweke statistic takes high values, say, outside the interval
(-1.96,1.96)(-1.96,1.96), it indicates convergence problems [27], which is not
observed for any of the model parameters. Although acceptance rates for certain
parameters were low, visual diagnosis based on trace plots (Figure A5 shows the
trace plot related to fCasesfBCases) also shows convergence.

4. Concluding Remarks

In conclusion, our study sheds light on the complex spatial and temporal
dynamics of COVID-19 in Peru and underscores the critical role of vaccination in
mitigating mortality rates. The findings highlight the effectiveness of vaccination
campaigns in reducing the impact of the pandemic and emphasize the
importance of continued efforts to enhance vaccine coverage. Furthermore, our
analysis underscores the value of spatio-temporal data analysis in guiding
targeted public health interventions and the importance of effective case
management and prevention strategies. Moving forward, policymakers and
healthcare authorities should prioritize vaccination efforts and implement
evidence-based interventions to control the spread of COVID-19 and minimize its
impact on communities. By leveraging advanced statistical models and
comprehensive data analysis, we can better understand disease dynamics and
inform strategies to combat future outbreaks effectively. Overall, this study
contributes valuable insights to the global effort to address the COVID-19
pandemic and provides a foundation for further research in this critical area of
public health.

For future research, it is essential to continue monitoring the spatial and
temporal dynamics of COVID-19, particularly in the context of emerging variants
and changing vaccination strategies. Longitudinal studies are needed to assess
the long-term effectiveness of vaccination campaigns and the persistence of
immunity over time. Furthermore, research on the socio-economic and
demographic determinants of COVID-19 mortality could provide valuable insights
into disparities in disease burden and inform targeted interventions to address
health inequities. Additionally, incorporating real-time data and advanced
modeling techniques could enhance our ability to effectively predict and respond
to future outbreaks. Moreover, exploring the application of spatio-temporal
modeling techniques to other fields of study, such as infectious disease
epidemiology [28], environmental health [29,30,31], natural disaster management
[32], and climate change [33,34,35], could provide further insights into complex
systems’ dynamics and inform evidence-based decision making across various
domains. Overall, continued research in this area is crucial for informing
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evidence-based strategies to control the spread of COVID-19 and other infectious
diseases and minimize their impact on public health.
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Figure Al. Heatmaps with the vaccine coverage of the first COVID-19 dose every
three months during the COVID-19 pandemic across all 194 provinces of Peru
and Lake Titicaca.
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Figure A2. Heat maps with the vaccine coverage of the second COVID-19 dose
every three months during the COVID-19 pandemic across all 194 provinces of
Peru and Lake Titicaca.



Figure A3. Heat maps with the vaccine coverage of the third COVID-19 dose
every three months during the COVID-19 pandemic across all 194 provinces of
Peru and Lake Titicaca.

Figure A4. Heat maps with the vaccine coverage of the fourth COVID-19 dose
every three months during the COVID-19 pandemic across all 194 provinces of
Peru and Lake Titicaca.
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Figure A5. Trace plots for model parameter fCasesfCases.
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