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Abstract

Dengue causes substantial morbidity and mortality in Thailand annually.
Forecasting when and where cases will increase can help public health officials
plan vector control and health sector responses. A systematic review of dengue
forecasting literature revealed that most studies used fixed effects models that
ignore temporal and spatial correlation, with evaluation focused primarily on point

predictions rather than probabilistic forecasts.

Using Thai surveillance data (2013-2022), this thesis characterized dengue
dynamics and developed forecasting models. Spatial and temporal patterns
showed strong heterogeneity. Wavelet analysis revealed annual seasonality and
multi-year interannual cycles, likely driven by different mechanisms. Serotype data
indicated serotype 1 dominance, but major gaps in serotype and genomic sampling

highlighted the need for more systematic surveillance.

Bayesian spatio-temporal models were developed to forecast dengue cases using
an expanding window framework. Climate variables (temperature, Standardized
Precipitation Evapotranspiration Index, wind speed), environmental variables
(Enhanced Vegetation Index), at no lag up to 6-week lags, and genetic diversity
and mobility data were tested individually to identify optimal lags, then incorporated
into autoregressive and seasonal baseline models. Models were evaluated at 1—

24-week horizons using the Continuous Ranked Probability Score.

Forecasting skill decreased with longer horizons. The autoregressive model with

seasonality performed best overall. Covariates improved only the autoregressive



baseline, suggesting the seasonal component already captured covariate-
associated information. All models performed poorly during outbreak periods

compared to endemic periods.

This work demonstrates that seasonal models using surveillance data alone can
inform planning during endemic periods. However, improving outbreak forecasting
remains a critical challenge requiring further methodological development to better

support public health decision-making during high-transmission periods.
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1 Introduction

1.1 Global epidemiology

Dengue is a vector-borne disease transmitted by Aedes aegypti and Aedes
albopictus mosquitoes[10] and is found in tropical and sub-tropical regions
worldwide[11], with South Asia, Southeast Asia, and tropical Latin America most
affected[12]. According to the World Health Organization (WHO), dengue is

currently endemic in more than 100 countries[13].

It has been estimated that there are approximately 390 million cases per year, 96
million of which are symptomatic[14]. Based on the Institute for Health Metrics and
Evaluation's Global Burden of Disease (GBD) study in 2021 which collects data
from a variety of sources, including vital registrations, verbal autopsies, police
records, scientific literature, household survey data, epidemiological surveillance
data, disease registry data, and clinical informatics data, there were an
estimated 58.96 million reported cases in 2021[15]. This substantial difference
reflects the well-documented underreporting of dengue in health surveillance
systems globally, with studies estimating that only 8-13% of symptomatic dengue
cases are captured by passive surveillance systems[15-17]. In 2024, the mortality

rate was estimated at 4.81 deaths per million, and a case-fatality rate of 0.07%][18].

Globally, there has been a change over time in the age distribution of Disability-
Adjusted Life Years (DALYs) due to dengue. In 1990, the highest burden was
amongst those under 5 years of age, while in 2019, the largest proportion of burden
was amongst those aged 15 — 49 years[19]. Considering specifically those under

the age of 20, there was an estimated annual percentage increase of incidence of



1.39% (95% confidence interval [CI], 1.13%-1.65%) from 1990 to 2021, and an
estimated annual percentage increase of DALYs of 0.67% (95% CI, 0.40%—
0.95%)[20]. The overall age-standardized incidence rate of dengue increased by
0.56% per year between 1990 and 2021[15]. Age-standardized DALYS increased
by 0.28% (95% Ul: -0.38-0.92) per year, from 21.63 per 100,000 (95% Ul: 15.09—
26.92) in 1990 to 27.76 (95% Ul: 14.21— 41.65) in 2021[15], though this increase

was not statistically significant.

Dengue also has negative economic impacts. There are costs due to dengue
infection at various levels, from direct costs such as cost of healthcare visits,
hospitalizations, and treatments, and indirect costs such as loss of productivity and
caregiving responsibilities[21-23]. A systematic review found that the cost of
dengue illness varies largely across countries, from as low as 15 USD in an
outpatient setting of Burkina Faso to as high as 9,386 USD for intensive care unit
patients in Mexico[24]. Shepard et al.[25] analysed the results from the GBD Study
2013 and found that the total annual global cost of dengue iliness was 8.9 billion
USD (95% Ul 3.7 billion—19.7 billion). At the country level, in Thailand and Brazil,
Marczell et al.[22] found that in 2019, dengue resulted in loss of 22.4 million
workdays and reduced the national GDP by 0.05% or by 876 million USD. Dengue
can also impact the tourism industry. Marczell et al.[22] found that in Thailand,
dengue resulted in loss of tourism equivalent to about 1.81 billion USD or 0.33%

of the national GDP in 2019.

Dengue outbreaks can have disproportionate impacts on the burden of disease
compared to underlying endemic cases. A large proportion of cases in endemic
areas are a result of seasonal outbreaks as described for example by Mills et

al.[26] in Peru and Oneda et al.[27] in Brazil. Outbreaks can overwhelm the health



system with a sudden increase in patients resulting in shortage of resources [4,
23]. This demand on resources can also negatively impact those without
dengue[4]. In addition, dengue outbreaks can exacerbate socioeconomic
inequalities, disproportionately affecting those with limited access to healthcare

and appropriate sanitation services [4, 21].

1.2 Clinical presentation

Symptomatic dengue is often mild, where symptoms include fever, headache, pain
behind the eyes, and muscle and joint pain[28]. Some people develop severe
dengue, whose symptoms include bleeding gums or nose, persistent vomiting,
severe abdominal pain and/or shock amongst others. Individuals with severe
dengue need immediate care to reduce the risk of a fatal outcome[28].
Symptomatic dengue is widely classed into three syndromes, according to the
1997 WHO guidelines[1]: dengue fever (DF), dengue haemorrhagic fever (DHF)
and dengue shock syndrome (DSS). DHF and DSS are forms of severe dengue.
The criteria for these are shown in Table 71.7. Although this classification has been
criticized as being difficult to apply in clinical situations and an increase in severe
cases which did not fulfil its strict criteria, leading to a revised WHO classification
in 2009[11], it is still widely used for case reporting and surveillance, including in

Thailand.



Dengue fever

Dengue Haemorrhagic Fever

Dengue Shock Syndrome

Acute febrile iliness with two
or more of the following:
Headache

Retro-orbital pain

All of the following must be
present:

Fever or history of acute fever,
lasting 2—7 days, occasionally

DHF with hypotension for
age or narrow pulse pressure
(>20 mmHg), plus one of the
following:

Myalgia biphasic. Rapid and weak pulse
Leukopenia Hemorrhagic manifestations: Cold, clammy skin,
Arthralgia Positive tourniquet test; restlessness

Rash Petechiae, ecchimosis,

purpura or bleeding from
mucosa, gastrointestinal tract,
injection sites or other
locations; or
hematemesis/melena.
Thrombocytopenia (<100,000
platelets for mm3)

Evidence of plasma leakage
due to increased vascular
permeability

Hemorrhagic manifestations
Supportive serology or
occurrence at the same
location and time as other
confirmed cases of dengue
fever

1.3 Clinical management

There are four serotypes of dengue virus (DENV), DENV-1 to DENV-4[29].
Infection with one serotype results in lifelong immunity to that serotype, and
immunity for up to three months to other serotypes[29]. However, after this short
time period, infection with another serotype results in severe dengue, known as
antibody-dependent enhancement (ADE)[28]. There are currently no medications
available to treat dengue, with vector control remaining the main method of
Table 1.1- Criteria for DF. DHF. and DSSII.

reducing transmission[28]. Reducing mortality of infected individuals is achieved
by high quality supportive care, including appropriate fluid management. There
have been challenges in developing a vaccine that can protect against all
serotypes and prevent ADE[30, 31]. Dengvaxia was the first dengue vaccine
developed. However, its use is only limited to individuals with previous dengue

infection[31] and the manufacturer, Sanofi, has recently decided to discontinue its

manufacture in the third quarter of 2026[32]. Qdenga is a newer vaccine
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manufactured by Takeda, for individuals aged 4 years and up regardless of prior
infection status that has shown favourable benefit and risk profiles in a series of
trials in the Americas and Southeast Asia, including Thailand[33]. Qdenga received
marketing authorization from the European Medicines Agency in May 2022[34] and
has been available for use in Thailand since 2023[35]. There are other new
candidates in development, which provide protection against all four serotypes[30,

31], as well new antivirals[31].

1.4 Diagnosis

Initial steps of diagnosis include clinical suspicion based on signs and symptoms|6,
36-38]. Early signs as outlined in Table 1.7 include fever, nausea, and headache.
As these signs are very non-specific, understanding the local context is crucial.
During an outbreak, cases with early signs may be presumed to be dengue in the

absence of laboratory testing and managed accordingly[36].

The appropriate biomarker to test for depends on days since symptom onset and
patient’s history of previous dengue infection. This is illustrated in Figure 1.1, from

Muller et al[6].
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Figure 1.1-Timeline of dengue biomarker appearance in patients experiencing
primary and secondary infection. NS1 and virus are detectable from onset in primary
infection, with IgM appearing around day 3 and IgG toward the end of the acute
period. Secondary infections show early 1IgG and shorter NS1/virus detection
duration. Reproduced from Muller et al. (2017) with permission[6].

Traditionally, virus isolation has been the main method of identifying dengue
infection. Typically, blood, serum, or plasma taken during the first 5 days after
symptom onset is cultured in cells lines of mosquitos or mammals or in live
mosquitoes. In patients with secondary infections, this method is more difficult to
use due to the production of immune complexes of cross-reactive antibodies and
the virus[6, 37] or more rapid rate of viral clearance[37]. Viremia can also be

detected 2 or 3 days before symptoms onset[37]. Despite its certainty in identifying
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dengue virus, this method has been replaced by reverse transcript PCR (RT-PCR)
or NS1 antigen-capture enzyme-linked immunosorbent assays (ELISAs) as virus
isolation requires high technical expertise and can take days or weeks to

perform[6, 29, 37].

Detection of viral dengue RNA in blood, serum, or plasma using RT-PCRis a highly
sensitive and specific confirmatory test. It must be noted that RT-PCR is highly
sensitive when used within 8 days of symptoms onset in primary infections[6, 37]
and within 4 days in secondary infections[6], coinciding with the high viraemic
period. This method also allows for the quantification of viral titers which are useful
in studying pathogenesis[29]. Despite their fast turn-around and accuracy, they
require specialized laboratories and staff, and therefore their use is limited in low-

resource settings[6, 29, 37].

Another type of test is those that detect dengue NS1 antigen. NS1 is a highly
conserved glycoprotein that is secreted from infected cells. NS1 can be detected
in blood and plasma and has been shown to be correlated with viremia and disease
severity. It can be found in blood circulation for up to 9 days or longer after illness
onset in primary infections[6, 37] and up to 4 days in secondary infections[6]. Utility
of NS1 detection in secondary infections is reduced compared to primary infections
due to rapid formation of immune complexes of cross-reactive antibodies and
NS1[6]. NS1 is detected using antigen-capture ELISA in a laboratory setting or
using lateral-flow tests that can be used at the point of care. ELISA tests can
provide quantitative results that can shed light on disease progression while lateral
flow tests can only provide positive or negative results. Even though ELISA tests
are more accurate, they take at least a day for results to be available while lateral-

flow test results are available within minutes [6, 29]. Lateral-flow tests have



drastically improved case detection particularly in low-resource settings and have

thus contributed to more timely treatment and control efforts[6].

In response to the dengue virus, the body produces anti-dengue antibodies, IgG
and IgM. The detection of these antibodies is another method to identify dengue
infection. 1gG and IgM antibody-capture ELISA and point-of-care lateral flow tests
can be used to identify these antibodies. ELISA tests have higher sensitivity, but
point-of-care tests are more practical. In both primary and secondary infections,
IgM can be detected from 3 to 5 days after symptom onset, with levels increasing
up to approximately 2 weeks and persisting up to 3 months[39]. Early anti-dengue
IgM can be cross-reactive to other flaviviruses such as Zika, Japanese encephalitis
or yellow fever so understanding the epidemiology of other flaviviruses in the area
is important. In cases of primary infection, IgG can be detected from day 6 to 10
days after illness onset, while in secondary infections there is a rapid increase of
IgG 2 to 4 days after symptoms onset. IgG can persist lifelong. During the acute
phase of the disease, the ratio between IgG and IgM can be used to identify

whether an infection is primary or secondary [6, 29, 37].

Given the complex biokinetics of markers of dengue infection over the course of
infection and by type of infection, a combination of tests, such as NS1 antigen test
and antibody tests is best. Previous research [40-46] has shown that combining
antigen and antibody tests have improved acute diagnosis of dengue, particularly

by increasing sensitivity.



1.5 Surveillance

National dengue surveillance systems are the primary source of information for
monitoring dengue fever cases and outbreaks. However, they are imperfect and
are affected by many biases. Most endemic countries rely on passive surveillance
of dengue cases. When an individual is feeling sick, they visit a health facility such
as a hospital or a health centre. When dengue is suspected or confirmed, health
care providers then report the case to regional or national health departments[29].
The criteria for a suspected or confirmed case vary between countries. Many
reported cases are suspected and are not confirmed through a confirmatory
diagnostic test. Confirmation generally requires a positive dengue PCR and/or NS1
and/or rise in antibody titers. Passive surveillance systems often capture more
serious cases that require treatment and miss milder or asymptomatic cases, as
many of those cases do not come in contact with the health system. Those that
do, may present with non-specific symptoms and may not be reported as dengue.
As referred to in Table 1.1, clinical criteria for severe forms of dengue are more
specific and less likely to be misreported as another illness. Additionally, many
countries only report cases from the government health sector, missing cases
which present to private sector healthcare providers. As a result, burden estimates
based on reported cases only are a gross underestimate of total infections[47]. A
systematic review of asymptomatic dengue infection rates in 50 studies found this
to be around 54%[48], indicating that symptomatic cases account for only about

half of true infections.

Additionally, there are reporting delays that result in right truncation, where most
recent observations in the surveillance time series are incomplete because many

case or outcomes of cases have not yet entered the dataset, resulting in an under-



estimation of events in real time. Reporting delays can arise at multiple points in
the reporting process, such as from the time symptoms develop to healthcare visit,
from clinical suspicion to laboratory diagnosis, or from diagnosis to administrative
processing. For example, in Brazil, 9 weeks are required for 90% of cases to be
reported while less than 50% of cases are reported in the first week[49]. In
Thailand, one study found that 75% of cases were reported within 6 weeks while
50% of cases were reported within 5 weeks[50]. These delays are country-
dependent and can also change over time and during outbreak and non-outbreak
periods of both dengue and other infectious diseases. Outbreaks can impact the
workload of clinicians, laboratories, and public health staff. Although many
countries have mandatory reporting by specific timelines in place, these policies
are often not enough to eliminate delays[29, 50, 51]. As a result, nowcasting
methods are increasingly used to adjust for reporting delays and improve accuracy

of real-time dengue surveillance [51, 52].

1.6 Phylogenetics

Phylogenetics is used to study the evolution and genetic diversity of DENV genes
and genomes[53, 54]. One way to do this is to build a phylogenetic tree from
sampled virus genomes. Branches of the tree represent evolutionary lineages, with
closely related sequences indicating recent divergence from a common
ancestor[55, 56]. These analyses help shine light on evolutionary characteristics

and how transmission within and across regions may be connected[55].

Dengue virus is an enveloped virus with a positive-sense RNA genome of
approximately 11 kbp in length. There are three structural and seven non-structural

coding genes, all translated as a single polyprotein and surrounded by two
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untranslated or non-coding regions (UTR) at the 3’ and 5 ends[53, 54]. The
evolutionary rate of dengue virus is estimated to be on average
7.6 x 10* substitutions per site per year[53]. There is 30-35% amino acid diversity
between serotypes and about 3% within each serotype[53]. Nucleotide divergence
of genotypes within serotypes does not exceed 6%[53, 57]. Certain genotypes
have demonstrated their epidemic potential and fithess advantages. For example,
the DENV-2 Asian-American genotype has been spreading in Americas since the
1980s, displacing the local American genotype[58]. Recently, the Cosmopolitan
genotype has been found to be spreading in the Americas[59-64]. These
replacements are often accompanied by more severe disease[65] and outbreaks
[53, 58, 59, 65]. Understanding these evolutionary patterns and tracking circulating

genotypes can inform surveillance strategies and forecasting models.

1.7 Vector control

Vector control activities target either mosquito vectors to reduce their numbers or

human and vector contact to reduce infectious bites.

In urban centres, Aedes (Ae.) aegypti is responsible for most transmission of
dengue. Ae. aegypti proliferates in standing water because females lay their eggs
in still water, where larvae can hatch and grow[66]. Around the home, items such
as household plants or household containers used for water storage provide
opportunities for oviposition or egg-laying. Other possible sites include blocked
gutters and storm drains, tires, buildings under construction, and discarded
containers. Control of Ae. aegypti is mainly achieved through removing these
potential mosquito breeding sites in standing water. WHO recommends regularly

emptying and cleaning standing water containers[29]. If water needs to be stored
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in containers, they should either be covered with tight lids or nets to prevent
mosquitoes from entering. Larvae can also be targeted using insecticides. Another
approach includes biological agents including certain species of predatory fish,

copepods[29], and tadpoles[67] which eat the larvae.

To reduce the population of adult mosquitoes, indoor residual spraying of
insecticide is used. In this method, insecticides are applied to indoor surfaces
where adult Ae. aegypti may rest such as walls or furniture. Mosquitoes that rest
on these surfaces for extended periods will then be killed[68]. Insecticide-treated
materials such as screens for windows and doors, in addition to acting as barriers,

can also kill mosquitoes upon contact[69].

There are also methods, which rather than killing mosquitos, aim to reduce their
ability to transmit dengue. This is achieved through releasing mosquitoes infected
with Wolbachia. Wolbachia is a bacteria found naturally to infect about 50% of
insects. Infecting mosquitoes with this bacterium does not harm the mosquito but
affects the ability of female mosquitoes to process dengue virus when they bite an
infected individual. As a result, the female mosquito will not be infectious. Certain
Wolbachia strains, such as wMelPop, can reduce the adult lifespan of Ae. aegypfi
mosquitoes. Mosquitoes infected with Wolbachia pass on the bacteria to their
offspring, propagating the bacteria through the population, thus also propagating
the ability of female mosquitoes to stop development of dengue virus inside the
mosquito[70, 71]. Most notably, a cluster-randomized trial of Wolbachia infected
Ae. aegypti in Yogyakarta, Indonesia, found that the protective efficacy of the
intervention was 77.1% (95% CI, 65.3 to 84.9) when comparing intervention and
non-intervention clusters[72]. In addition to direct effects, Chow et al. [73] also

found indirect effects of spillover, which contributed to 37.7% (95% ClI, 36.4 — 38.5)
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case reduction in adjacent non-intervention areas. Currently, the World Mosquito
Program, a non-profit that works to protect the global community from mosquito-
borne diseases, have released Wolbachia mosquitoes in 14 countries to protect

over 13.3 million people[74].

During outbreaks, vector control measures are intensified and there is a more
targeted effort focused on killing adult mosquitoes rather than larvae. This is most
often done through fogging with the most commonly used insecticide formulations
containing pyrethroids[75, 76]. There are two types of fogging techniques. Basic
thermal spray or thermal foggers are used to spray inside and outside premises
that contain potential breeding sites for Aedes mosquitos. The mosquitoes die
within 24 hours of encountering spray, reducing virus replication and transmission.
Another kind of fogging, Ultra Low Volume (ULV) sprays or cold foggers convert
the liquid to a fine mist, dispersing it into the air at high velocity. ULV fogging can
cover a wider range of areas and can have more longer lasting effects than thermal
foggers[29, 75]. Fogging every 2 to 3 days for 10 days helps rapid reduction of
vector density. Further applications once or twice a week then help keep the

population of adult mosquitoes low [29].

With continued and increased use of insecticides, resistance is also a possibility.
Therefore, routine surveillance and testing of mosquito larvae and adults is
necessary to ensure that insecticides remain useful[29]. Many countries have
already reported various forms of resistance in Aedes populations[77-81], such as
Bangladesh[82], Brazil[83, 84], Indonesia[77, 85], Jamaica[86], Malaysia[77, 87,
88], Mauritania[89], Singapore[77], Senegal[90], Sri Lanka[91], and Thailand[77,
78].
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1.8 Drivers of Dengue Transmission

Dengue transmission has been associated with several factors, including climatic
variables, environmental variables, and mobility. A mechanistic framework that
links these covariates to the basic reproduction number (Ro) is helpful to
understand how these covariates influence dengue transmission. The Ross-
MacDonald model, originally developed for malaria, is widely also applied to
dengue and other mosquito-borne infections[92]. For dengue, Ro can be
expressed as
_ ma*bce™**

, = naoee 1
g vi @

where m is the ratio of mosquitoes to humans, a is the mosquito biting rate, b is
the probability of transmission from mosquito to human per bite, c is the probability
of transmission of infection from an infectious human to mosquito per bite, u is the
mosquito mortality rate, 7 is the extrinsic incubation period (EIP) (time from
infection to infectiousness within the mosquito), and y is the human recovery
rate[92-94]. Covariates affect transmission by modulating one or more of these

parameters.

1.8.1 Climatic variables

1.8.1.1 Temperature

Temperature is an important driver of dengue transmission impacting Ro through
its influence on mosquito density (m), biting rate(a), mosquito mortality (u), EIP (7),
and transmission probabilities (b, c). A meta-analysis of 49 studies found that

temperature alone is sufficient to explain development rate variability in Ae. aegypti
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[95]. They found that the relationship between temperature and development rate
of both hatch to pupation and hatch to emergence was positive and linear within
the median range of 14-31°C.However, this effect was found to be heterogenous
across studies with significant variation in the temperature at which development
stops and the cumulative effect of temperature on development rate. Faster
development rates at higher temperature increases the progression from immature

to adult stages, increasing adult mosquito density.

Brady et al. [96] conducted a meta-analysis modelling adult Aedes aegypti and
Aedes albopictus survival at different temperatures in both laboratory and field.
The models revealed the optimal survival of Ae. aegypti was at 21°C with a median
longevity of 38 days, while Ae. albopictus had a wider range of optimal
temperatures, 20-30°C, with a median longevity over 60 days. Temperature-
dependent mortality directly affects Ro, with extreme temperatures increasing

mortality and reducing transmission potential.

Temperature also affects mosquito behaviour, which is critical for transmission.
Female Ae. aegypti were able to fly between 10 °C and 35 °C with sustainable
flight between 15 °C and 32 °C, and with flight performance better below 27°C [97].
Feeding rate increased between 26-35 °C [97, 98]. In Ae. albopictus, biting
occurred between 16-37 °C, peaking at 27°C[99]. These temperature dependent
changes in feeding directly modulate biting rate(a), impacting transmission

potential.

Temperature also impacts EIP, the period between when a mosquito acquires the
dengue virus and to when the mosquito can transmit the virus to humans. Some
time is required for the virus to replicate, exit the gut, and reach the salivary glands
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[100]. A meta-analysis by Chan and Johansson[101] reviewing EIP values
estimated that at 25°C, 95% of EIPs ranged between 5 and 33 days, with a mean
of 15 days, while at 30°C, the range was narrower, between 2 and 15 days with a
mean of 6.5 days, demonstrating that higher temperatures shorten the time
required for a mosquito to become infectious. In the Ro formula, a shorter EIP ()

is associated with a higher transmission rate.

Epidemiologically, temperature has widely been shown to be associated with
dengue transmission through a non-linear, inverted U-shaped relationship, with
peak dengue risk observed between approximately 27-31°C across multiple
geographic settings and declining risk at both lower and higher temperatures[102-
106]. However, the effect estimates of this relationship vary by geographic context.
A meta-analysis found that mean temperatures between 23.2-27.7 °C showed the
strongest association with dengue incidence (OR = 1.35 per 1 °C increase, 95%
Cl: 1.18-1.52), with risk increasing steeply from 22 °C to 29 °C and declining below
and above this range [107]. A more recent meta-analysis found a 13% increase in
risk of dengue infection (RR = 1.13, 95% CI: 1.11-1.16) for each 1°C increase in
high temperatures, with greater effects observed in tropical monsoon climate
zones (RR = 1.29, 95% CI: 1.11-1.51) and humid subtropical climate zones (RR
=1.20, 95% CI: 1.15-1.25)[108]. Additionally, minimum temperature (r = 0.28, 95%
Cl =0.05, 0.48) may be more strongly correlated with dengue transmission than
mean temperature (r = 0.07, 95% CIl =-0.1, 0.24), with observed lags ranging

from 1 to 4 months, depending on geographic location [109].
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1.8.1.2 Precipitation
Precipitation influences dengue transmission primarily through its effect on
mosquito density (m), by creating or eliminating larval breeding habitats, though

this relationship is context dependent.

Ae. aegypti eggs can survive dry periods and hatch en-masse after a rainfall [110].
Alto et al.[111] conducted an experiment at 22, 26, and 30°C, and three
precipitation regimes: low fluctuation, high fluctuation, and drying. They found that
greater temperature and absence of drying resulted in higher adult populations.
Montgomery et al. [112] found that across six cities in Central Africa, both Ae.
aegypti and Ae. albopictus abundance increased with rainfall. Other studies have

found positive correlations with precipitation and Aedes populations[113-116].

In a study in Northern ltaly, accumulated rainfall 1-4 weeks prior was negatively
correlated with Ae. albopictus abundance, possibly due to rainfall flushing larvae
from breeding sites[117]. Other studies have also found a negative effect of heavy

rains on Aedes populations [118-120].

A modelling study, investigating the impact of different rainfall patterns on Ae.
aegypti populations found that concentrating the same total rainfall into fewer,
larger events rather than spreading it evenly resulted in reduced mosquito
abundance[121]. Another modelling study[122] in Taiwan also found complex
effects of rainfall. In northern cities with rainy winters, Ae. aegypti was absent
because winter rainfall triggered egg hatching when temperatures were too cold
for larvae to survive, while in southern cities with dry winters, the species thrived.

They also found that moderate dry season length increased survival through
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persistence of eggs, while very long droughts caused extinction as eggs became

non-viable.

Another factor that can impact the relationship between precipitation and mosquito
populations is that during periods of low or no precipitation, human-made water
sources have been found to support mosquito populations[123]. Production of Ae.
aegypti has been found to even trigger dengue outbreaks during dry seasons[124].
These water sources include potted plants as well as water storage containers,

especially in areas with limited access to piped water[125].

Multiple reviews have established the positive correlation between precipitation
and dengue incidence. A meta-analysis by Li et al.[126] found that precipitation
had a statistically significant risk of association with dengue fever (RR = 1.01, 95%
Cl: 1.01, 1.01). Another meta-analysis found that precipitation between 83-15 mm
had a correlation of 0.38 (95% CI = 0.31, 0.45), at 1 to 5 months lag [109]. In
contrast, a study investigating the effect of climatic factors on two Brazilian
hotspots found that total precipitation was negatively associated with dengue

cases[127].

Given the described complex relationship between precipitation and mosquito
population and dengue transmission, standardized indices have been developed
that capture both drought and flood conditions across multiple timescales.
Standardized Precipitation Index (SPI) standardizes precipitation data relative to
historical precipitation data, with negative values indicating drought and positive
values indicating wet conditions[128]. SPI can be calculated from a range of
periods, allowing for identification of both short to long term values corresponding
to meteorological, agricultural and hydrological droughts to understand lagged
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effects on dengue incidence[129]. Since SPI only includes precipitation, another
index, Standardized Precipitation Evapotranspiration Index (SPEI), was developed
which incorporates both precipitation and potential evapotranspiration, accounting
for the effect of temperature variability[130]. SPEI has been shown to be correlated
with dengue cases[131, 132]. Other drought indices, such as the Palmer Drought
Severity Index (PDSI), have also been developed and found to be correlated with
dengue cases[133, 134]. However, SPEI is generally thought to be a better index
because it can be calculated at multiple timescales, like SPI, while maintaining

PDSI’s sensitivity to temperature effects[130, 135].

1.8.1.3 Humidity

Humidity influences dengue transmission by affecting mosquito survival (u), biting

behaviour (a), and viral replication affecting transmission probability (b).

In a pooled survival analysis, Schmidt et al.[136] found that mortality of female Ae.
aegypti increased non-linearly with decreasing humidity, because of desiccation
stress. For Ae. albopictus, associations were observed in stratified models but
were not statistically significant. Data were limited at low humidities and
temperature extremes for both species. A later study[137] found a similar result
with higher humidity associated with longer survival of adult mosquitoes, therefore
decreasing u and increasing the period during which mosquitoes can transmit

dengue.

A study examining the effects of temperature and humidity on reproductive activity
of Ae. aegypti found that at a high temperature of 35°C, relative humidity (RH) of
80%, 28% of mosquitoes exhibited inhibited oviposition compared to 45% at 60%
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RH[138]. Ae. aegypti survival rate was found to decrease at humidity levels
decreased. Blood feeding rates showed a peak at 50% RH but were the same at
30% and 80% RH[139]. Similarly, Manzano-Alvarez et al.[140] investigated the
impact of RH shock and found that decreased RH was associated with higher
mortality and blood-feeding rates, potentially reflecting compensatory feeding
behaviour under stress conditions. This finding was supported by Canyon et
al.[141], using Ae. aegypti sourced from arid conditions. They found that in low
humidity conditions, host-biting rates were six times higher than expected. These
results suggest that while low humidity may increase mortality (1), it may
simultaneously increase biting rate (a) among surviving mosquitoes. The net effect

on transmission potential depends on the balance between these two parameters.

Humidity also affects dengue virus replication within the mosquito vector. Thu et
al.[142] found that virus propagation within the mosquito was higher at higher RH.
Enhanced viral replication could increase transmission probability (b) or decrease

EIP (z), both of which would increase Ro

Epidemiologically, humidity has also been shown to be associated with dengue
cases. In their meta-analysis, Abdullah et al.[109] found that relative humidity
between 60.5% and 88.7% was positively correlated with dengue incidence
(r=0.30,95% CIl = 0.23, 0.37). A spatiotemporal study in Indonesia found that RH
was one of the most influential covariates associated with dengue incidence
rates[143]. Several studies have also investigated the lag effects between humidity
and dengue cases. In India, a 19-year retrospective analysis in East Delhi[144]
found RH with lag of 2 months had the highest correlation with dengue cases, while
another study in Pune[145] found the same lag most associated with dengue
mortality. A study in Thailand found a lag of 7 months was associated with dengue
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cases[146] while a study in Sri Lanka found positive correlation at lag of 1 month

but a negative correlation at lag of 9 months[147].

1.8.1.4 Wind speed

Wind speed influences dengue transmission by impacting mosquito density (m)

through dispersal and modified oviposition behaviour.

Costa-da-Silva et al.[148] found that wind speed was positively associated with
egg abundance, egg density index, and ovitrap index for both Ae. aegypti and Ae.
albopictus in Miami and Charleston in the United States of America. Similarly, a
study in Kenya[149] found a positive correlation between wind speed and number
of eggs laid. In a Peru, a study found high wind speeds was associated with higher
capture rates of adult mosquitos in homes[150]. The mechanism for this
phenomenon, however, was not well understood. Wind can either facilitate adult
mosquito dispersal to new areas or impair flight and force gravid females to
oviposit in nearby traps rather than dispersing eggs across multiple sites[148-150].
In fact, a study investigating the habitat suitability of Ae. albopictus in Europe,

found that wind speed was negatively correlated with suitability[151].

Epidemiological studies have also found mixed associations between wind speed
and dengue cases. Studies in Bangladesh[152], Malaysia[153, 154], and
Paraguay[155] found that wind speed was negatively associated with incidence
while a study in Chinda[156] found that wind speed was not a significant driver in
the highest-burden province. On the other hand, a study in Dhaka, Bangladesh
found wind speed to be positively correlated with dengue cases[157]. Another

study, also in Bangladesh, found a positive linear relationship with wind speed and
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dengue cases until a threshold of 7m/s, beyond which risk increased non-

linearly[158].

1.8.2 Environmental variables

1.8.2.1 Vegetation index

Vegetation index influences dengue transmission mainly through its effect on

mosquito density (m) and spatial patterns of mosquito-human contact.

Normalized Difference Vegetation Index (NDVI) measures the amount of
vegetation over an area, using satellites. Values range from -1 to 1, with low values
meaning barren areas such as exposed soil, while higher values mean greener

vegetation, including forests, croplands, and wetlands[159].

A study in central Mexican highlands found NDVI to be one of the determinants of
a suitable habitat for Ae. aegypti[160]. In Cordoba city, Argentina, variability in
vegetation was found to be associated with Ae. aegypti oviposition temporal
patterns[161], therefore affecting local mosquito density (m). A study in an urban
Brazilian neighbourhood found that higher vegetation cover was negatively
associated with Ae. aegypti possibly because these mosquitoes prefer urban

structures[127], .

Epidemiological studies have also shown an inverse relationship between NDVI
and dengue incidence, where lower vegetation cover is associated with higher
number of cases. In Bhutan[162] and Lao PDR[163], spatio-temporal analyses
found that NDVI was negatively associated with higher transmission. Higher NDVI

values correspond to areas with lower population density, where there is a lower
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chance of contact between mosquitoes and humans[163]. A similar trend was
found in Brazil, though this effect was modified by socio-economic vulnerability,
with negative association in most vulnerable areas, while a positive association
was observed in least vulnerable areas. In the Pearl River Delta area in China, risk
of DF declined nonlinearly with increasing NDVI until approximately 0.65, after

which the response increased[164].

1.8.3 Other variables

1.8.3.1 Socioeconomic variables

Even though it might be expected that lower socioeconomic status would be
correlated with Ae. aegypti and increased burden of dengue infections, a recent
review[165] has found highly variable and location-specific associations. Another
review also found inconsistent relationship between socioeconomic status and
distribution and abundance of Ae. aegypti[166]. Socioeconomic variable
considered were income, education, housing quality, employment status, social
class, and community services. These inconsistent findings reflect the fact that
socioeconomic variables impact mosquito density (m) through multiple pathways
that can operate in opposing directions. Lower socioeconomic status may be
associated with poorer housing quality and inadequate water structure but may
also be associated with different building materials or other factors that reduce

mosquito survival or habitat suitability

Population density has a more consistent relationship with mosquito abundance
and dengue incidence. A study in Tucson, Arizona found a significant positive
association between number of residents in home and odds of finding Ae. aegypti

positive containers[125]. In Sao Paulo, Brazil, the authors found that female Ae.
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aegypti density was proportional to number of residents[167], leading to an
increased Ro. In Vietham, the relationship between dengue cases and population
density was modulated by access to piped water. Areas without access showed
peak risk at moderate densities (around 190 people/100m), while areas with
access showed highest risk at very low densities with decreasing risk at higher
densities[168]. In China, it was found that areas with 30,000-40,000 people per km

squared were at a lower risk compared to areas with lower or higher densities[164].

1.8.3.2 Mobility

Human mobility is one of the drivers of dengue, since it extends the spatial scale
of virus dispersal beyond the limited fight range of mosquitoes. Ross-Macdonald
model assumes a homogenous mixing of mosquitos and humans[169]. Introducing
human movement allows for the incorporation of spatial heterogeneity and

connectivity that links infected and susceptible populations across space.

Mosquitoes have a limited flight range of around 100 meters[170]. As a result,
human movement is the main method of dispersing the virus. At the global scale,
Wilder-Smith et al.[171] reviewed the role of international travel on the spread of
dengue and provided evidence that travel introduced dengue to areas previously
dengue free. A case-control study in lquitos, Peru, found that individual’s house-
to-house movements played a key role in defining infection risk and local patterns

of incidence [172].

Using high-resolution phone data to inform mobility patterns, Massaro et al. found
that mobility was a major factor in the spread of dengue in Singapore[173]. Mobile

phone data was also found to improve dengue forecasting in Pakistan and
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Thailand[174, 175]. Despite the advantages of including mobile phone data to
capture human mobility, these models may have limited generalizability. Mobile
phone availability and representatives can vary across settings, with coverage
often sparse outside of urban areas and dependent on individual service providers.
Mobile phone services may not be representative of the entire population as mobile
phone ownership and usage may vary across demographics or socioeconomic
groups. Additionally, high-resolution mobile phone data can increase model

complexity, although this can be addressed through aggregation.

In Sri Lanka[176], using a travel survey, authors found that human mobility was a
stronger indicator of dengue outbreaks than land-use or climate variables. As
demonstrated, even though travel surveys are an informative source of mobility
data, their implementation requires additional resources, and this is not generally

feasible for use in routine surveillance.

Previous studies found that including travel networks better explained dengue
expansion and relevance of risk factors in Vietnam[177], Bangkok, Thailand[178],

and improved forecasting in Fortaleza, Brazil[179].

In a simulation meta-population model based on the region of Caldas, Colombia,
authors evaluated how altering patch-to-patch movement rates influenced spatial
spread of dengue[180]. They found that restricting mobility, specially from highly

connected, high incidence municipalities, reduced overall incidence.

It is also important to consider the impact of iliness on mobility. Schaber et al.[181]
used a simulation agent-based model to better understand the impact of mobility
on disease dynamics. They modified the mobility matrix based on previously
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studied changes to movement during the symptomatic period. Those with
symptomatic dengue were more likely to spend more time at home than away from
home, consequently leading to increased contact rates at home and decreased
contact rates away from home. This approach highlighted an important
mechanistic consideration that infection status and outbreak intensity can change
movement patterns. However, due to lack of empirical social networks, this model

was not accurately parametrized.

Finally, climate and environment can impact mobility. For example, increased
rainfall can lead to flooding which temporarily reduces mobility or can cause

population displacement[182, 183].

1.9 Forecasting

Accurate forecasting can provide lead time for public health officials to prepare for
dengue outbreaks, enabling targeted interventions and more efficient resource
allocation before outbreaks or epidemic peaks occur. Early prediction of dengue
incidence support health system preparedness by informing resource mobilisation,
public awareness campaigns, and policy decisions that facilitate prioritization of
interventions, such as vector control[184]. Accurate forecasts also help anticipate
increased healthcare demands and promote preparedness[185], allowing health
services to allocate human and material resources more effectively, alert clinicians
to increase their diagnostic suspicion of dengue, and strengthen community
engagement in prevention and control activities[11]. This proactive approach
contrasts with traditional reactive responses, which are often too slow to prevent
outbreaks unless triggered sufficiently early. Additionally, forecasts can guide

strategic timing of vector control interventions, including interventions that provide
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longer-term control, such as community-driven source reduction[186, 187]. In
resource-constrained settings, where there are often competing interests,
forecasting tools play an import role in facilitating decision making, by helping
policy makers optimize resource use, implement timely control measures, and
reduce impact of dengue outbreaks[188]. As such, forecast models serve as
decision-support tools for public health authorities, contributing to early warning
systems, scenario evaluations, and evidence-based resource allocation,
strengthening immediate outbreak response and long-term strategic planning

capacity [189].

If local-level epidemiology and the complex relationships between vector
populations, climate variables, socioeconomic factors, and human movement can
be adequately captured, models can achieve useful predictive performance. [184,
190]. There are also logistical issues accessing and combining the data needed to
build such models. Raw data and covariates should be available in the desired
resolution and in high quality at the appropriate time frame, though this is often not
the case [50, 190]. Given these challenges, there is currently no real-time model
used by the Ministry of Public Health (MOPH) in Thailand to identify increased
transmission or predict outbreaks. Through personal communication with MOPH,
they have expressed interest in adopting such models for forecasting to improve

timeliness of prevention and intervention activities.

Dengue forecasting models can be broadly categorized into four approaches,
namely statistical, mechanistic or mathematical, machine learning, and ensemble
methods. Statistical methods such as Autoregressive Integrated Moving Average
(ARIMA), seasonal ARIMA (SARIMA), and seasonal decomposition techniques
like seasonal trend decomposition using Loess (STL) have been widely used for
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infectious disease forecasting and are particularly effective at capturing
relationships and seasonal patterns in time-series data[188, 191-196]. Other
statistical models used for dengue prediction include linear regression[197],
Poisson regression[198, 199], and generalized additive models (GAM)[200].
Statistical methods that include random effects allow for inclusion of temporal and
spatial correlations. Integrated nested laplace approximation (INLA), one such a
method, was used to predict epidemic bands for dengue cases in Brazil[201].
Mechanistic models, based on compartments, such as Susceptible-Exposed-
Infectious-Recovered (SEIR), capture dengue transmission dynamics through
mathematical representation of host-vector interactions. Even though these
models can be used for forecasting, they are most often employed to assess
intervention outcomes. In another category of methods, machine learning
techniques such as random forest [202], neural networks[203], gradient
boosting[204], support vector algorithms[205], and Long Short-Term Memory
(LSTM)[189, 206] have been used to predict dengue. Finally, ensemble methods
which combine multiple approaches, such as ARIMA and LSTM, show great
improvements over individual models[188]. Integrating machine learning
approaches with compartmental models can capture both complex non-linear
patterns and mechanistic disease dynamics, which are difficult to model with a
single approach[207]. A systematic review of dengue outbreak prediction models
found that modelling techniques used were broadly categorized into statistical
models, comprising approximately 60% of models, and machine learning

approaches, compromising approximately 40%[184].

Evaluating forecasts using out of sample data is also an essential part of
developing and deploying forecasting models[208]. Such an approach provides an
understanding of how a model will perform when it is faced with data it is not trained
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on, which is essentially the use case of a forecasting model. There are a variety of
approaches to evaluating forecasting models. These are broadly categorized into
point-estimate based approaches, such as Mean Absolute Error and Root Mean
Square Error, contingency table-based approaches such as sensitivity and
specific, and probabilistic based approaches, such as Weighted Interval Scores
and Continuous Ranked Probability Score (CRPS). Point-estimate based
approaches compare the forecasted values to the observed values, and do not
include the probabilistic nature of forecasts[209, 210]. Contingency-based
measures are similar to point-estimate based approaches in that they also do not
take advantage of probabilistic forecasts and are mostly used to evaluate the
model’s ability to correctly identify outbreak and no-outbreak periods[211, 212].
Probabilistic approaches are superior in that they include the uncertainty of

predictions, which better reflects reality[213].

1.9.1 Bayesian forecasting

Bayesian modelling is built upon the Bayes theorem, which states that the posterior
distribution is dependent on the likelihood and prior distribution. Joint posterior

distributions are then used to makes inferences and forecasts[214, 215].

Bayesian modelling offers several advantages for infectious diseases forecasting
[216, 217]. Hierarchical structures are easy to implement, allowing for variation at
different levels such as between and within provinces[218]. The Bayesian
approach is advantageous in that it can account for spatial and temporal random
effects. Spatial random effects account for spatial heterogeneity through
unstructured effects and spatial autocorrelation through structured effects, by

allowing areas to borrow strengths from neighbouring areas to produce smoothed
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risk estimates[219, 220]. Temporal random effects capture temporal
heterogeneity through unstructured effects while serial autocorrelation is captured

through structured effects[220].

When the joint posterior distribution cannot be calculated analytically, as is often
the case, samples are drawn from it. This is commonly done using Markov chain
Monte Carlo (MCMC) methods, such as the Metropolis-Hastings algorithm and
Gibbs sampling. Metropolis—Hastings generates samples from the joint posterior
distribution by proposing new parameter values that are accepted or rejected
probabilistically[215, 217]. Gibbs sampling, a specific case of Metropolis-Hastings,

updates one parameter at a time.

Although flexible, MCMC methods can be computationally intensive, time-
consuming, and technically complex to implement, particularly for high-
dimensional models. To address these challenges, an alternative computational
approach for Bayesian inference, known as the Integrated Nested Laplace
Approximation (INLA), was proposed[221]. Rather than estimating the full joint
posterior distribution, INLA focuses on approximating marginal posterior
distributions of model parameters using Laplace approximations. This approach

substantially reduces computational burden while maintaining high accuracy[222].

INLA is designed for models that can be expressed as latent Gaussian Markov
random fields (GMRF)[215, 222]. Although this represents a restriction on the class
of models that can be fitted, it is still applicable to a wide range of commonly used
models in spatial and spatiotemporal epidemiology[222]. To facilitate
implementation, the R-INLA package has been further developed, which enables
efficient and accessible model fitting[223].
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Given advantages of Bayesian analysis through the implementation of INLA, many
studies have employed this approach to forecast a range of infectious diseases
such as COVID-19[224, 225], dengue[226-229], Lassa fever[230], and West
Nile[231].Based on this evidence, | used INLA to conduct Bayesian forecasting of

dengue transmission in Thailand in Chapters 4 — 6.

1.10 Dengue in Thailand

Regions Provinces Districts

Figure 1.2-Map of Thailand by region, province, and district.

Thailand is a tropical country, with 5 regions, 77 provinces, and 928 districts. These
areas are presented in Figure 7.2. Dengue is an endemic disease in Thailand
where all four serotypes circulate [232-234]. There is spatial variation in dengue
risk across urban and rural settings in Thailand with the central and southern
regions having been identified as the highest risk areas [235]. Spatial clustering of

dengue cases has been observed in urban areas near Khon Kaen city, while also
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in rural areas of Khon Kaen province[234]. Thailand also hosts many refugees,
including those housed in nine camps on the western side of Thailand, with a total
population 43,872 as of 2022[236], representing potentially vulnerable populations
for dengue transmission with a different risk profile than the general Thai

population.

Dengue in Thailand exhibits strong seasonal patterns with cases increasing during
the rainy season, from May to October [233, 234, 237]. Peak transmission usually
occurs in July and August[238]. Multi-year epidemic cycles are also evident in
Thailand, with intense peaks occurring approximately every 3 years[239]. In
southern provinces of Songkhla, Pattani, Yala, and Narathiwa, distinct peaks were
observed in 2010, 2013, and 2016[240]. Nationally, between 2011 and 2018, the
highest incidence of all types of dengue combined was observed in 2013 at 241
cases per 100,000 population, followed by 2015 [233]. Historical surveillance data
from 2003-2015 shows an overall increasing trend in dengue burden across the
country, with interannual variability driven by complex interactions between viral

serotype circulation, population immunity, and climatic factors[233, 235].

The national dengue surveillance in Thailand is conducted through the Bureau of
Epidemiology (BoE), Ministry of Public Health (MoPH), which collects case reports
from all 77 provinces through the R506 reporting system[241]. The surveillance
framework captures clinically suspected and laboratory confirmed cases from both
public and private healthcare facilities, with data reported through the national
Weekly Epidemiological Surveillance Report and also available online in the
annual epidemiological surveillance reports[242]. As many other surveillance

systems, this system also faces challenges, such as reporting delays,
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underreporting of cases, and variable diagnostic practices cross provinces[50,
243]. Despite these limitations, Thailand has a robust surveillance system that has
provided data on the burden of the dengue in the country since 1974[240, 242].
District-level dengue surveillance data became publicly available through MoPH's
online surveillance portal in mid-2025, whereas previously only province-level data
was accessible, enabling finer spatial resolution analysis for public health planning

and research[244].

There is extensive literature on risk factors associated with dengue in Thailand.
Research in northeastern Thailand on determinant of vector abundance found that
abundance of adult female Ae. aegypti was significantly associated with ecological
and social determinants such as low education level, crowded housing, high
numbers of wet containers, and poor premise conditions[245]. An earlier study in
Chachoengsao province, located in east of Thailand, found that households in
residential areas mixed with commercial activity and densely populated residential
areas, had higher risk of dengue than other urban settings[246]. The relationship
between urbanization and dengue risk is not straightforward, however. A study on
spatio-temporal patterns of dengue incidence in northeastern Thailand found
clustering of cases in urbanized areas of Khon Kaen city, as well as in rural areas

of the province. This suggests that other environmental risks may be at play[234].

Climate factors have also been shown to be associated with dengue risk in
Thailand. A recent study in Bangkok, using cases from 2015 — 2024, found a non-
linear and lagged effects of temperature, humidity, rainfall and wind speed with
dengue risk, though specific effects were heterogenous across districts of
Bangkok[247]. A study found that an increase of 1°C in weekly mean
temperatures, up to a 29°C threshold, increased dengue risk by 18.9% in two
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provinces in Thailand along the Mekong river[248]. A national study conducted at
provincial resolution using case data from 2001- 2014, found precipitation to be

the most influential weather variable[249].

Human mobility patterns also play a significant role in Thailand, as was
demonstrated for Bangkok[178]. By incorporating public transport networks into
epidemiological models, the authors were able to show that accounting for daily
human movement patterns improved statistical association between socio-
economic variables and dengue incidence. Kiang et al.[175] found that using

mobile phone data to model mobility improved forecasting at the provincial level.

Multiple approaches have been used for forecasting dengue in Thailand to support
public health activities, with varying performance across spatial scales and
forecast horizons. Traditional time series approaches, such as ARIMA and
SARIMA models have been used for dengue forecasting in Thailand. These
statistical methods take advantage of historical patterns to generate forecasts and
can include other covariates [241, 249-256]. Other statistical approaches include
Poisson regression [50], which outperformed seasonal baseline in majority of the
provinces at up to 2 months horizon, while quantifying the substantial impact of
reporting delays by employing a real-time approach. A generalized additive model
[257] was able to outperform baseline models in forecasting outbreaks by province.
Recent advances in integrating additional data streams by Kiang et al.[175]
demonstrated that incorporating mobility using mobile phone data improved
forecasts when compared to SARIMA, while Jain et al.[258] used a machine-
learning approach with meteorological and socioeconomic data to forecast district-
level outbreaks up to one month ahead. Despite this impressive body of work on
forecasting in Thailand, there has been no work yet on forecasting at a resolution
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of district and week and probabilistic evaluation, representing a critical gap in the
literature. This resolution allows for better focalisation of resources aimed at
prevention and intervention, such as more targeted vector control measures and
public messaging. To achieve results at such a resolution requires surveillance
data and covariates at a high resolution. Such data is not often available and if it
is, its processing can be resource intensive. Additionally, probabilistic forecasts
are essential for capturing uncertainty, enabling public health professionals to

implement actions proportional to a likelihood of an event.

1.11 Objectives

The objective of this thesis is to determine whether spatiotemporal models can
forecast dengue infections in Thailand, by district and week, for the years 2013 —

2022. This will be done through a sequence of steps with the following aims:

1. Review and summarize methods used to forecast dengue transmission,
provide an overview of covariates used, and methods used to evaluate
these models to inform methods and covariate selection for subsequent

chapters

2. Describe patterns in dengue case data in Thailand from 2013 — 2022

3. Develop baseline forecasting models using hierarchical Bayesian statistical

models implemented using INLA, and evaluate models using probabilistic-

based techniques
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4. Evaluate the relationship of climatic (temperature (minimum, maximum,
mean), SPEI, wind speed), environmental (Enhanced Vegetation Index
(EVI)), and mobility covariates with dengue incidence, and evaluate the

forecasting ability of individual covariates

5. Build a multivariable model based on the findings of the previous chapter

and evaluate its’ forecasting performance based on factors such as forecast

horizon, seasonality, and outbreak status
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2 Systematic Review of Temporal Forecasting of
Dengue Transmission

2.1 Introduction

Dengue is a vector-borne disease transmitted by Aedes aegypti and Aedes
albopictus mosquitoes and is found in tropical and sub-tropical areas[10]. It has
been estimated that there are approximately 390 million cases per year, 96 million
of which are symptomatic[14]. Dengue infections have been found to increase in
conditions of higher temperature, precipitation, and relative humidity[109]. With
increasing climate change, there has been an increase in magnitude of case
numbers and spread of the disease to areas where it was previously not seen[259,
260]. Even though it might be expected that lower socioeconomic status be
correlated with increased burden of dengue infections, a recent review[165] has
found highly variable and location-specific associations. Several studies have

shown human mobility to be linked to dengue outbreaks[171, 174, 175, 181].

Forecasting dengue transmission is important in helping national and international
actors better prepare for responding to increased incidence and outbreaks. By
having insight into the magnitude of future cases and the timing of incidence peaks
at the appropriate spatial resolution, public health professionals can allocate
resources more effectively, implement targeted vector control interventions, and

strengthen surveillance systems in anticipation of increased disease burden.

Forecasting dengue transmission is a work in progress. The complex relationship
between vector populations, climate variables, socioeconomic factors, and human
movement, amongst other covariates, have made it challenging to build models

with useful prediction skills [184, 190]. There are also logistical issues, such as
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access to suitable data. Raw data and covariates should be available in the desired
resolution and in high quality at the appropriate time frame, though this is often not

the case [50, 190].

Previous systematic reviews have examined temporal forecasting models.
However, they have each reviewed a smaller subset of the literature to examine
a specific aspect such as Bayesian methods only or models for outbreak

prediction.

Sylvestre et al.[261] considered models using big data and found that in studies
predicting incidence, regression-based models showed the highest performance
while in studies predicting outbreaks, time series and decision trees showed best
performances. They also recommended better utilisation of novel data streams,

such as from internet search engines and social media.

De Lima et al.’s [262] review of prediction models for arboviruses transmitted by
Ae. aegypti found that moving average models were most common. They found
that even though deep learning models had good results, the high demand of
training and resources required to apply them in real world settings makes them
less useful than moving average models, which are easier and quicker to apply.
Regarding models that forecasted outbreaks and risk, they found that there was
not a comprehensive comparative approach in evaluating different predictor
configurations. The review also found that the included studies lacked clarity and

uniformity in evaluation metrics, making them difficult to compare.

Aswi et al.[216] focused exclusively on Bayesian methods and found that the most
common model was a generalized linear mixed model with spatial random effects.
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They noted Bayesian models’ advantages of better estimating uncertainty
compared to frequentists methods and considering spatial structures. They found
that including a spatially structured component using a CAR prior often improved
fit but noted that choice of neighbour structure could impact significance of
covariates. Therefore, they recommend other smoothing priors should be

investigated.

Baharom et al.[186] conducted a systematic review of early warning systems
(EWS) for predicting dengue outbreaks and found that machine learning
approaches was the most common approach. They reported limited use of
probabilistic evaluation methods (1 out of 17 studies) and recommended using

novel data source such as social media.

Leung et al.[184] examined methods used to predict dengue outbreaks and found
that about 61% of models were statistical while 40% were machine learning
models. Only 5.2% of the included studies included external validation, while
20.2% reported no form of validation. This lack of transparent reporting of
modelling procedures and performance metrics hindered meaningful comparison

across studies.

In contrast, this systematic review aimed to include any type of study that
performed temporal forecasting of dengue transmission regardless of covariates
or methods. Transmission was defined broadly to include such targets as
incidence, outbreaks and reproduction number. This systematic review is also
unique because it was limited to studies that had conducted out-of-sample

validation of their predictions, an important criterion in determining prediction
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accuracy because it assesses the model’s ability to predict using data it has not

been trained on.

The aim of this work was to review the research conducted on temporal forecasting
of dengue transmission. | sought to understand the diversity in the methods used,
identify the most common evaluation criteria, and summarize covariates
incorporated in these models. A key component of this review was the systematic
quality assessment of included studies using the EPIFORGE (Evaluating
Performance In FORecasting GuidancE) framework[208], which evaluates the
rigor and transparency of forecasting methodology and reporting. | highlight gaps
in the current forecasting practices, suggest areas for improvement, and propose

future research directions to advance dengue forecasting science.

2.2 Methods

The protocol for this review was registered with PROSPERO, with ID
CRD42022358144 and adheres to PRISMA (Preferred Reporting Items for

Systematic Reviews and Meta-Analyses) guidelines [28].

2.2.1 Information sources

Ovid Embase (1974 to present), CAB Global Health (CAGF), Ovid MEDLINE (1946
to present), and Web of Science Core Collection databases were searched (Yalda

Jafari (YJ)) without any time limit on January 11, 2023.
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2.2.2 Search strategy

The search strategy combined terms related to dengue (dengue OR denv) with
prediction-related terms (predict* OR forecast* OR anticipat* OR expect*). A
wildcard symbol was used in front of prediction related terms to broaden the
search. For MEDLINE, Embase, and Web of Science, animal studies were
excluded unless they also involved human subjects using database-specific filters.

The complete search strategies are presented in Appendix A.

2.2.3 Selection process

Duplicates were removed, and the records were uploaded to Swift
ActiveScreener[29] software for screening. Swift ActiveScreener is a machine
learning web application that helps with the screening stage of systematic reviews
by reducing the number of records required to screen. The app functions with two
models: one model prioritizes which records should be screened next and the other
model estimates recall. For this review, recall estimate was set to 99%. Each title
and abstract were reviewed by two reviewers (YJ plus one of Ahyoung Lim (AL),
Tuyen Huynh Ngoc(TN), and Katherine Tiley(KT), Wynn Zaw (WZ)).
Disagreements were resolved through consensus. Reference lists of other
systematic reviews conducted on the topic were also searched to identify relevant

records to include through a snowball search.

Full text articles were reviewed by two reviewers (YJ, AL, TN, KT, WZ) to identify
articles for inclusion. Inclusion criteria were studies that predicted dengue
transmission in humans, temporally, with at least one of incidence, incidence rate,
outbreak or RO. Studies must have predicted dengue transmission using

independent data from the data used to build the model. Only studies with
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evaluated predictions, either visually or numerically, were included. Studies not in

English were excluded.

2.2.4 Data collection process

Data extraction was completed by two reviewers (YJ plus one of AL, TN, KT, WZ).

Conflict was resolved through consensus.

2.2.5 Data items

The data extraction form was developed based on a modification of EPIFORGE,
a guideline for reporting epidemic forecasting research [208]. The EPIFORGE
checklist includes items on study goals, data description, model characteristics,
model evaluation, and translation of results for public health practice,
interpretability and generalizability. Criteria from EPIFORGE that were relevant to

this systematic review were incorporated into the data extraction form.

ltems extracted included article identifiers (title, authors, journal, year of
publication), study population details (location and date of study), methodological
details (forecasting methods, covariates used, spatial and temporal random

effects), and model evaluation metrics (methods of evaluating predictions).

2.2.6 Risk of bias assessment

Risk of bias was assessed using six items adapted from the EPIFORGE reporting
guidelines for epidemic forecasting studies[208]. These items evaluated whether
studies: (1) defined forecasting targets and study objectives; (2) documented

model specifications and assumptions with appropriate references; (3) described
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and justified forecast accuracy evaluation metrics; (4) specified and justified the
forecast horizon; (5) compared results to benchmark models; and (6) quantified
prediction uncertainty. A score of 1 was given for each item satisfied, and the total

was calculated for each study.

2.3 Results

Overall, 12,466 records were identified from Embase, Global Health, Medline and
Web of Science databases, as described in Figure 2.1. After de-duplication, 5,431
records were screened by their titles and abstracts. 519 records were assessed by
further eligibility by reviewing their full-texts in addition to 7 records identified by a
snowball search. After this review, 162 full-text articles were included in the study.

Characteristics of included studies are provided in Appendix B.
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Figure 2.1-PRISMA flow diagram of study selection.

Of the 162 papers included in this study, the majority (120/162, 74.1%) made
temporal predictions only while the rest (42/162 25.9%) made spatio-temporal
predictions. Papers were published between the years 1991 and 2023, with the

highest number published in 2020 and 2022, (22/162, 13.6% in both), Figure 2.2.

Geographical distribution of study populations by year is presented in Figure 2.2.
Most of the studies were conducted on data from the Western Pacific (58/162,
35.8%) followed by the Americas (48/162, 29.6%) and South-East Asia (45/162,
27.8%) WHO regions[263]. There was only one study in each of the African and

Eastern Mediterranean WHO regions, highlighting limited research in these
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regions. Nine studies (9/162, 5.6%) were conducted on data from countries from
multiple regions. Geographic diversity has increased over time. Earlier studies
focused on the Western Pacific followed by South-East Asia and the Americas.
From 2017 onwards, studies with global coverage have been increasing. Brazil
was the most studied country (28/162, 17.3%), followed by Thailand (23/162,
14.2%) and China (19/162, 11.7%).
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B South America
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Figure 2.2-Number of studies published, by year and region.

2.3.1 Prediction target

Prediction targets can be grouped into two categories: case related and time
related (Table 2.1, Appendix C). Case related measures included incidence related
measures: peak incidence, prediction of outbreaks (as defined by authors), and
occurrences of disease denoted by presence or absence, as well as reproduction
number. Time related targets included forecasting of timing of peak incidence. The
most common prediction target was related to incidence, 87.0% (141/162),
including incidence and incidence rate, followed by forecasting of outbreaks at

19.1% (31/162). Time of peak incidence was a target for 3.7% (6/163) of studies.
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Target Frequency (%) Includes

Case related

. Incidence, Incidence Rate, Peak
Incidence related

141 (87.0%) Incidence
Outbreak 31 (19.1%)
Peak incidence 6 (3.7%)
Presence, chance of presence,
Occurrence 4 (2.5%) Number of areas with cases
R
3(1.9%) RO, Rt

Time related

Peak time 6 (3.7%)

Table 2.1-Prediction target type.

2.3.2 Prediction resolution

Spatial resolution of model output was categorized into area or point estimates,
Figure 2.3, Appendix C. Within area estimates, spatial resolution was summarized
as resolution at country level, region (sub-national) or province level, and any
higher resolutions including district, city, or village boundary polygons. Point
estimates were defined as predictions for specific geographic coordinates
(latitude/longitude), rather than aggregated to administrative boundaries. If a study
included models with more than one resolution, the highest resolution was included
in this analysis. Spatial scope was summarized at global, national, or sub-national
levels. If a study included models with more than one spatial scope, the largest
scope was included as part of this analysis. A cross-tabulation of spatial resolution

and spatial scope is presented in Figure 2.3. The majority of studies, 54.3%
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(88/162), included models with a district or city level resolution at a sub-national

level scope.
Spatial resolution
Point/pixel District/city Region/province Country
Sub-national | 3/117 26/117
(2.6%) (22.2%)
Q
<%
3
v National | 1/38 11/38 13/38 13/38
< (2.6%) (28.9%) (34.2%) (34.2%)
®
o
n
1/7 17
Global (14.3%) (14.3%)

Figure 2.3-Spatial scope and resolution of included studies.

Similar to spatial resolution analysis, if a study investigated multiple models with
different temporal resolutions, the highest resolution was included for analysis,
Figure 2.4. The most common temporal resolutions of the models were monthly,

48.1% (78/162) followed by weekly, 42.0% (68/162).
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Figure 2.4-Temporal resolution of included studies.

2.3.3 Prediction period

For the prediction period, the spans of dates for forecasts were considered and
are presented in Table 2.2 . The earliest prediction period was between 1 January
1982 and 31 December 2005[264], while the latest prediction period was between
1 January 2020 and 31 December 2021[241]. The most common prediction period
was from 6 to 24 months ahead, used in 59.3% (96/162) of studies. The shortest
prediction period was one month ahead, for the period 1 June 2014 to 30 June
2014[227], while the longest period was 24 years, between 1 January 1982 and
31 December 2005[264]. Three studies did not give a clear prediction period.

Category Period Count (n=162)  Percentage
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Very short-term
Short-term
Medium-term
Long-term

Very long-term

Unclear

< 1 month

1 to < 6 months

6 to < 24 months

> 2 years to < 5 years

> b years

Table 2.2-Prediction period of included studies (n=162).

2.3.4 Covariates

0 0

9 5.6%
96 59.3%
36 22.2%
18 11.1%
3 1.9%

Covariates tested by studies are presented in Table 2.3 and Appendix C, and

included temperature, precipitation, other climatic factors, macroclimatic factors,

environmental, demographic, vector related, and other categories.

Publications

Category Type (n=162) Notes
Mean 79
Maximum 57
Minimum 56
Range 6
average temperature
anomalies, relative
median, deviation, number
Temperature of hours of high
temperature, Number of
Other 8 days with TMIN < 18°C,
Number of days with
TMAX > 32°C, heatwave,
temperature suitability
index
Unclear 3
Total 50
Mean 17
Precipitation Maximum 6
Minimum 0
Number of days | 8
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Other

average precipitation
anomalies, extremely high
rainfall

Unclear

31

Other climatic

Humidity

67

Pressure

10

Sea level
pressure index

Wind

N
(&

Macroclimatic

ENSO MEI

N

Dipole Mode
Index (DMI)

SOl

SST anomalies

Environmental

NDVI/EVI

Land cover

Elevation

Altitude

Demographic

Population
density

Morbidity

Vector

Breteau Index

Other

Mobility

Digital data

= (W= W [=|ININONOo| =

1

Baidu searches, google
searches, tweets

Table 2.3-Covariates investigated in included studies (n=162).

2.3.5 Methods used

Methods used in studies were broadly in six categories: statistical fixed effect

models, statistical mixed effect models, machine learning, mathematical models,

ensembles, and other, Table 2.4 and box 1.

The most common group of methods used in the included studies was

autoregressive models within the statistical fixed effect category, shown in Table

2.4 and Figure 2.5. Within the statistical mixed effect category, other methods, and

withing machine learning category neural networks methods were most common.
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Mathematical models, ensemble models, and otherwise not specified models were

each combined into their own category.

Over time, the proportion of fixed effect statistical models decreased while the

proportions of other model types, particularly machine learning models, increased,

Figure 2.6.

Methods used
Statistical fixed effect

AR

GLM
GAM
LASSO

Other

Statistical mixed effect
AR

GLMM

GP

Other

Machine learning
Neural networks
LSTM

Support vector

Publications (n=162)

62

39
16
13

15

\I

13

19
13
16

Notes

ADL, ARIMA, ARIMAX,
SARIMA, SARIMAX,
VAR

BATS, DLNM, elasticity,
ElasticNet, ETS,
exponential smoothing
methods, GLARMA,
historical likelihood,
Kalman filter, MCP,
multi-dimensional
method of analogues,
null model, PDLM,
Ridge, SCAD, Spatial-
Temporal Hotspot
Analysis, TBATS

Bayesian weighted
outbreaks, BME,
EpiEstim, EpiFilter, KDE,
SSTAR, STAR, StructTS
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Random Forest 10
Gradient boost

Fuzzy 2
k-Nearest Neighbour,
graph-embedding
Other 6 algor!thm, extr_eme
learning machine,
EPRA, STCFM,
transformer
Mathematical models 18
Ensemble 10
ARIMA-ANN, ARIMA-
LSTM, ARIMA-NNAR,
Danger theory algorithm,
Other 7 EPM, GARP, multi-

dimensional method of
analogues, prediction
market system, unable

to ascertain specifics

Table 2.4-Methods used in included studies. (Abbreviations: ADL, Autoregressive Distributed Lag; ANN,
Artificial Neural Network; AR, Autoregressive; ARIMA, Autoregressive Integrated Moving Average; ARIMA-
ANN, hybrid ARIMA-Artificial Neural Network; ARIMA-LSTM, hybrid ARIMA-Long Short-Term Memory;
ARIMA-NNAR, hybrid ARIMA-Neural Network Autoregression; ARIMAX, Autoregressive Integrated Moving
Average with Exogenous Variables; BATS, Box-Cox transform, ARMA errors, Trend and Seasonal
components; BME, Bayesian Maximum Entropy; DLNM, Distributed Lag Non-linear Model; EPM, Epidemic
Prediction Markets; EPRA, Evolutionary Polynomial Regression Algorithm; EpiEstim, Epidemic Estimation;
ETS, Error, Trend, Seasonal; GAM, Generalized Additive Model; GARP, Genetic Algorithm for Rule-set
Prediction; GLARMA, Generalized Linear Autoregressive Moving Average; GLM, Generalized Linear Model;
GLMM, Generalized Linear Mixed Model; GP, Gaussian Process; KDE, Kernel Density Estimation; LASSO,
Least Absolute Shrinkage and Selection Operator; LSTM, Long Short-Term Memory; MCP, Minimax Concave
Penalty; NNAR, Neural Network Autoregression; PDLM, Polynomial Distributed Lag Model; SARIMA,
Seasonal Autoregressive Integrated Moving Average; SARIMAX, Seasonal Autoregressive Integrated Moving
Average with Exogenous Variables; SCAD, Smoothly Clipped Absolute Deviation; SSTAR, Spatial-Spatio-
Temporal Autoregressive; STAR, Spatio-Temporal Autoregressive; STCFM, Spatio-Temporal Convolutional
Forecasting Model; StructTS, Structural Time Series; TBATS, Trigonometric seasonality, Box-Cox transform,
ARMA errors, Trend and Seasonal components; VAR, Vector Autoregression.
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Figure 2.5-Frequency of methods used.
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Figure 2.6-Proportion of methods used, by year.
53



Box 1. Definitions of categories of methods:

o Statistical models — fixed effects: Models that assume unobserved
heterogeneity is constant over time [2].

e Statistical models — mixed effects: Models that combine fixed effects,
which account for time-invariant heterogeneity, and random effects, which
capture time-variant heterogeneity. This structure allows for modeling
both within-group and between-group variations while accounting for
correlation across different hierarchical levels [2, 3].

e Machine learning models: Models that learn patterns from data and make
decisions or predictions without being specifically programmed [4, 5].

e Mathematical models: Models that represent real-worlds systems using
mathematical frameworks, such as equations to simulate and predict
outcomes [7, 8].

Ensembles models: Models that combine multiple individual models to improve

performance by leveraging strengths of each individual model [9].

2.3.6 Random effects

Random effects are important as they account for unobserved heterogeneity[265].

Structured spatial random effects were incorporated into models in 6.8% (11/162)
of studies. Eleven studies included structured random effects compromising
Conditional Autoregressive (CAR) models (5/11), spatiotemporal random field
(S/TRF) (2/11), Spatial Autoregressive models (SAR) (1/11, 9.1%),
neighbourhood-level random effects (1/11, 9.1%), empirical Bayes smoothing,

bivariate local Moran’s index and ConvLSTM, a deep learning model to handle
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spatial-temporal dependencies (1/11, 9.1%). Five studies (5/12, 41.7%) included

unstructured random effects, while 33.3% (4/12) used both.

8.6% (14/162) of studies incorporated structured temporal random effects into their
models. Five studies, 35.7% (5/14), included seasonal effects, one, 20.0% (1/5),
of which used year as a random effect and four, 80% (4/5), used an auto-correlated
monthly effect. Two, 14.3% (2/14), included autoregression dengue cases, two,
14.3% (2/14) studies use spatiotemporal random field (S/TRF) and two, 14.3%
(2/14), studies used kernels. One, 7.1% (1/14), study included an auto-regressive
moving average (ARMA) noise process, and one, 7.1% (1/14), included time-

varying coefficients.

2.3.7 Evaluation metrics:

Evaluation methods are categorized into point-based and probabilistic evaluations.
A single study can include more than one kind of evaluation method. For this
analysis, each category is counted only once per study, to denote the use of the

specific method at least once.

Only 4.3% (7/162) of studies used a probability-based evaluation method.
Probability based evaluation methods included log scores and Continuous Ranked

Probability Score (CPRS).

Within point evaluation methods, the most used methods for evaluation were point
difference methods at 63.0% (102/162). Some examples of this category of
methods were root mean square deviation (RMSE) and mean absolute error

(MAE). The second most used category within point evaluation was categorical
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evaluation at 25.3% (41/162). Examples of this kind of evaluation included
Metthew’s correlation coefficient, sensitivity and specificity. Finally, correlation
methods were used to compare predicted points with observations in 23.5%
(38/162) of studies. Examples included coefficient of determination and Pearson

correlation coefficient. 14.2% (23/162) used only a qualitative approach to

evaluation.

Evaluation method Publications (n=162) Includes

Probabilistic 7 Brier score, coverage

Evaluation rates, CRPS, DSS, log
score

Point Evaluation

Categorical 41 AUC, chi-square,
detection rate, hit rate,
MCC, NPV, PPV,
sensitivity, specificity,
Theil's U

Correlation 38 Coefficient of

determination, Pearson
correlation coefficient
Point difference 102 Average error, GMRAE,
MAD, MAE, MAPE,
MASE, mean-squared
difference, RMAE,
RMAPE, RMSE,
RMSPE, RMSWE,
SRMSE, UMBRAE, VAF
Qualitative only 23 Visual comparison

Table 2.5-Evaluation methods used in included studies. (Abbreviations: AUC, Area Under the Curve; CRPS,
Continuous Ranked Probability Score; DSS, Dawid-Sebastiani Score; GMRAE, Geometric Mean Relative
Absolute Error; MAD, Mean Absolute Deviation; MAE, Mean Absolute Error; MAPE, Mean Absolute
Percentage Error; MASE, Mean Absolute Scaled Error; MCC, Matthews Correlation Coefficient; NPV,
Negative Predictive Value; PPV, Positive Predictive Value; RMAE, Relative Mean Absolute Error; RMAPE,
Root Mean Absolute Percentage Error; RMSE, Root Mean Square Error; RMSPE, Root Mean Squared
Percentage Error; RMSWE, Root Mean Squared Weighted Error; SRMSE, Standardized Root Mean Square
Error; UMBRAE, Unscaled Mean Bounded Relative Absolute Error; VAF, Variance Accounted For)

56



2.3.8 Comparator

About 61.7% (100/162) of studies compared forecasts between more than one
model. Specifically, 39% (39/100) of studies compared the models to each other,
46% (46/100) compared models to a baseline, and 15% (15/100) compared the
model under investigation to other models. A baseline and model under

investigation were defined by authors of each study.

2.3.9 Risk of bias assessment

The average risk of bias score of included studies was 4.9 out of 6, ranging from
3 to 6. The lowest scored category was whether studies had included uncertainty
in their forecasting results. Only 27.8% (45/162) of studies reported uncertainty in

their predictions.

2.4 Discussion

Based on a search of the literature without any time limits, 162 studies were
identified that conducted temporal forecasting with an out-of-sample validation.
The first study was from 1991 while the last included study was from 2023, the
majority (74.1%) of which made temporal predictions while 25.9% made spatio-
temporal predictions. Most studies were conducted in the Western Pacific (35.8%),
Americas (29.6%), and South-East Asia (27.8%) WHO regions, with only one study
each from the African and Eastern Mediterranean regions. Brazil was the most
studied country (17.3%), followed by Thailand (14.2%) and China (11.7%).
Geographic diversity increased over time, with studies achieving global coverage
from 2017 onwards. Sylvestre et al. found that populations from South-East Asia

(37%) were the most common studied region, though this study also included
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surveillance studies. Baharom et al.[186] who conducted a systematic review of
EWSs, found that most studies were conducted in Asia. Other reviews did not
specify geographical spread of the studied populations[184, 216, 262]. Overall,
these findings align with global burden of dengue. Based on the most recent global
epidemiological overview by WHO for the year 2024, the region of Americas
accounted for 90% of dengue cases, followed by South-East Asia and Western
Pacific[266].

Most models forecasted at a sub-national spatial scope and district/city resolution
and (54.3%), while the most common temporal resolution was monthly (48.1%).
Data availability most likely constrains model resolution and scope. Additionally,
computational demands may increase with higher spatiotemporal resolution and
scope, possibly limiting feasibility in real-world settings. The district/city and
monthly resolutions may align well with public health measure intervention scales

and timelines.

The most common prediction target was incidence-related measures (87.0%), with
medium-term prediction periods of 6-24 months being most frequent (59.9%).
Incidence-related measures provide more direct evidence than outbreak status for
resource allocation as knowing the expected number of cases allows for specific
resource allocation[267]. While studies report that predictions of shorter period are
more accurate [202, 226, 268], the preference for 6-24 months prediction periods

may reflect the lead time required for adequate planning[269].

The most common methods were autoregressive models (statistical fixed effects),
with the proportion of fixed effect models decreasing over time while machine
learning approaches, particularly neural networks, increased. De Lima et al.[262],
looking at case prediction models for arboviruses found a similar finding of a
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majority of moving average models. Leung et al.[184] found that for dengue
outbreak predictions, statistical models, particularly times series/autoregressive

models were most common.

There is still a large focus on fixed effects models, which discount the temporal
and spatial correlation structures of data. Only 6.8% of studies incorporated
structured spatial random effects (primarily CAR models) and 8.6% included
structured temporal random effects. Even though fixed effect models might be
easier to build, run, and explain to non-experts, they may underperform in
forecasting as they fail to account for correlations and unobserved heterogeneity.
For example, Lowe et al.[270] found that a generalized linear mixed model (GLMM)
with temporal and spatial random effects improved dengue forecasting as
compared to a generalized linear model (GLM). Models with random effects
account for overdispersion, spatial and temporal correlation, and unmeasured

confiding factors[216], though they may be more complicated to estimate.

Temperature, precipitation, and humidity were the most frequently included
predictors. This finding is similar to other systematic reviews examining dengue
forecasting models[184, 186, 216, 261] and arboviral disease predictions more

broadly[262].

For model evaluation, 63.0% used point difference methods (e.g., RMSE, MAE),
while only 4.3% employed probabilistic evaluation methods such as continuous
ranked probability scores. Baharom et al.[186] also found a very low use of
probabilistic evaluations, with only one study among 17 included studies using
CRPS. Point difference and correlation methods offer advantages as they are
faster to implement, easier to compute, and easier to communicate. However, they
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have important limitations. By focusing on average accuracy or a general
agreement between forecasts and observed outcomes, they ignore measures of
uncertainty associated with the forecasts. Probabilistic evaluation methods, such
as probabilistic skill scores, provide a more comprehensive view of model

performance by reflecting both accuracy and uncertainty of forecasts[271].

About 61.7% of studies compared multiple models. Model comparison is important
to demonstrate the advantages of proposed models over alternative approaches,

particularly any models already in operational use by public health agencies.

This review had some limitations. This study only focused on English language
publications, which may have resulted in the exclusion of relevant studies. Dengue
is mostly endemic in non-English speaking countries, and as such, this restriction
may have led to an underrepresentation of studies led by local researchers.
Additionally, this language bias may limit the generalizability of the findings. Some
studies included multiple modelling approaches and due to time restrictions,
covariates extracted were covariates used at the study level rather than at the
individual model level. This may have led to limited granularity in synthesis of
evidence, as differences between covariates by model could not be explored.
Additionally, effect size estimates of covariates were not captured, for the same
above reason, and because the effect size estimates are highly context dependent

and may have limited value in informing future modelling work.

A valuable aspect to consider in future research is the real-world impact of
forecasting models on public health practice. While a forecasting model may
indicate a good predictive performance, it may not be effective if it is cumbersome
to implement, difficult to interpret, or requires resources beyond what is feasible in
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practice. Therefore, future evaluation criteria should go beyond traditional metrics
like accuracy and precision and incorporate user experience as a vital component.
This can include assessing how easy it is for public health officials to use the
model, how well it integrates with existing systems, and whether it provides
actionable insights in a timely and clear manner. By considering these practical
aspects, a more holistic evaluation of forecasting models can be achieved and will
help ensure forecasting models are not only scientifically robust but also valuable
and useable in real-world public health decision making and increase their impact

in preventing and controlling diseases like dengue.

This systematic review was important in guiding the subsequent research in this
thesis. The limited use of spatio-temporal random effects and probabilistic
evaluation identified in the literature motivated the focus on forecasting through a
Bayesian hierarchical approach with proper scoring rules. In addition, the review
found that most studies used climate and environmental predictors, with few
studies incorporating viral genetic diversity or human mobility data. These findings
further informed this research, and subsequent chapters examine whether genetic
diversity and human mobility improve forecast skill. Overall, this systematic
review’s findings shaped the methodological framework as well as the selection of

covariates used in this thesis.
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3 Descriptive Chapter

3.1 Introduction

In this chapter, | aim to provide a descriptive overview of the dengue surveillance
and serotype data provided by MoPH in Thailand. This will be done by analysing
the temporal and spatial distribution of dengue cases within Thailand and
identifying patterns such as seasonal trends and synchrony of outbreaks. | will
review dengue incidence at provincial and district spatial scales and at weekly,
monthly, and yearly temporal scales to identify spatio-temporal patterns. | will also

review data on dengue serotypes.

Previous analyses of dengue data in Thailand have covered varied temporal and
spatial scales. National-level studies have predominantly analysed province-level
data from the early 1980s to recent years. Longer-term national studies using
province-level data have covered periods from 1981 to 2017[272] and 1985 to
2005[273] across Thailand's provinces. Bekoe et al.[235] analysed province-level
monthly data from all provinces from 2003 to 2015, while Saita et al.[241]
examined monthly reported dengue cases from all provinces from 2011 to 2021.
Garcia-Carreras et al. conducted one of the longest national studies, analysing
monthly province-level dengue case data from 1968 to 2018[274]. Finer-scale
district-level analyses have typically been restricted to specific provinces or regions
rather than national coverage. Phantichat et al.[234] analysed monthly sub-district
level data from 199 sub-districts in Khon Kaen Province, northeastern Thailand,
from 2006 to 2016, while Jeefoo et al.[275] examined monthly village-level data

from Chachoengsao Province from 1999 to 2007. More recent district-level work



has focused on specific regions, such as the analysis of 377 sub-districts in the

four southernmost provinces from 2008 to 2020[240].

These studies have revealed consistent patterns in dengue transmission across
Thailand. National analyses have shown that dengue incidence peaks in the rainy
season, around May to August, with increasing trends in reported cases from 2003
to 2015[235]. The peak is often in June, though it was delayed to July during
COVID-19 pandemic[241].

Temporal analyses have identified cyclic patterns, with epidemic peaks around
every 2 to 5 years[276]. Garcia-Carreras et al.[274] found similar results of
interannual cycles of 1.5 and 4.5 years, that varied over time and space. They also
found periodic synchronization events where dengue outbreaks became
synchronised across provinces, coinciding with El Nifio (lower than normal
temperatures) and La Nifa (higher than normal temperatures) events ((1972 to

1973, 1982 to 1983, 1997 to 1998, and 2014 to 2016).

Dengue waves in Thailand are non-stationary, following seasonal patterns[105,
274]. However, there may be dynamic changes in this non-stationarity as a result
of changing environmental factors, human mobility, and changing immune
landscape[274, 277]. Wavelet analysis helps to disaggregate these influences by
revealing how timing and strength of dengue cycles vary across scales (inter and

intraseasonal) and over time[278].

In a seminal study, Grenfell et al.[278] analysed measles epidemics in the UK
between 1944 and 1994, using a variety of tools including wavelet analysis. They
demonstrated that London acted as a hub for infection spread and showed that
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both distance from London and population size significantly influenced the timing
or lag of outbreaks across the UK. In a study by Xu et al.[105], looking at dengue
incidence across Thailand, Bangkok was treated at the epidemic hub and the
authors found that peak dengue activity in Bangkok often predicted dengue
incidence elsewhere. More specifically, a study by Cummings et al.[279] found
traveling waves of DHF that spread outward from Bangkok at roughly 148 km per

month.

In this chapter, | apply wavelet analysis to disaggregate cases into inter and
intraseasonal components and explain the role of seasonal and non-seasonal
forces in shaping epidemics. | also compare timings in waves between Bangkok
and other districts at inter and intraseasonal temporal scales to assess the

direction and coherence of epidemic spread.

Phylogenetic analysis will be used to explore the role of genetic diversity on
disease distribution across Thailand. Genetic differences between and within
serotypes can influence transmissibility, immune response, cross-protection and
epidemic potential[280-283].Co-circulation and changing dominance of various
serotypes and genotypes may contribute to spatial and temporal heterogeneity of
dengue incidence. By examining the evolutionary relationship between publicly
available dengue sequences, | aim to identify whether certain lineages are more
dominant than others in Thailand and whether there is an interplay between this

dominance and epidemic spread.

The objectives of this chapter are to visualise and analyse Thailand’s dengue
surveillance data to better understand patterns and trends that will inform the
development of forecasting models in chapters 4-6. The temporal and spatial
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patterns identified through wavelet analysis will guide the specification of the time
series models that will incorporate epidemiological, climatic, environmental, and
mobility factors. Serotype and genetic data are included to assess
representativeness and spatio-temporal variability as potential covariates for

multivariable forecasting models.

3.2 Methods

3.2.1 Surveillance data

Dengue fever is a notifiable disease by law in Thailand. The BoE, MoPH, first
initiated the national surveillance system for DHF in 1972, becoming fully
operational in 1974242, 284]. In 1994, DF was added to the surveillance

system[242].

Surveillance is passive. Case definitions follows the 1997 WHO case definitions,
classifying dengue into three categories of DF, DHF, and DSS[1, 233, 285]. A
detailed definition of these categories is presented in Table 1.7 in Chapter 1.
Briefly, dengue virus infection can be asymptomatic or symptomatic. Symptomatic
infections present as undifferentiated fever (viral syndrome), DF syndrome (which
can occur with or without haemorrhage), or DHF (characterized by plasma
leakage), which may progress to DSS[1, 286]. Cases include probable without any
laboratory confirmation as well as laboratory confirmed cases [1, 243]. Within 24
hours of diagnosis, public and private hospitals report cases to district surveillance
centres. District surveillance centres then report cases up to provincial
epidemiological units, which then report to the BoE [243]. Even though not all
suspected cases are tested which may result in a lower specificity, passive

surveillance is a useful tool for monitoring dengue trends over long time
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periods [287]. Based on Thai guidelines, even if a commercial NS1 test is negative,

dengue cannot be ruled out[285].

We obtained surveillance data from BoE, MoPH. Ethical approval was received
from the Ethical Committee of Faculty of Tropical Medicine, Mahidol University.
Ethical approval from OXTREC was not required as only anonymised routine
surveillance data was used. The data covers the years 2013 to 2022 and is
available for all 928 districts and at weekly time intervals. The data is also
disaggregated by severity into DF, DHF, and DSS. For our analysis, we combined

all types of dengue disease.

National and provincial level cases at monthly level were also accessed online

through MoPH's public-facing website available at the following reference [288].

Outbreak threshold was defined as median of number of cases in the past five

years for the same spatio-temporal resolution, following MoPH’s methodology.

3.2.2 Population data

Population data at the district level was downloaded from Department of Provincial

Administration (DoPA) for years 2013 to 2022[289].

3.2.3 Serotype data from surveillance

Dengue serotype testing is provided free of charge for patients that meet specific
criteria including suspected severe cases or fatalities. For patients clinically
suspected of dengue virus infection, the following criteria are used to determine
eligibility for dengue serotype testing[290]:
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e A positive test results from a dengue rapid diagnostic test
e Fever lasting no more than five days, and
e A complete blood count showing white blood cell count of less than 5,000

cells/mL, predominantly composed of lymphocytes or atypical lymphocytes.

Detection of dengue virus serotype is performed using real time polymerase chain
reaction (RT-PCR). Serotype data is reported to the national disease surveillance
database through two pathways. In the first pathway, the data flows from each of
the 12 Offices of Disease Prevention and Control (ODPC) and Institute for Urban
Disease Control and Prevention in the Bangkok area, via sentinel hospitals within
each ODPC region. The data is then reported to the Department of Disease
Control (DDC), and then the Division of Vector-Borne Diseases (DVBD) who then
report to the national disease surveillance database. A list and location of sentinel
hospitals is provided in Figure 3.7. The second pathway includes reporting of
dengue serotype testing data directly by the hospitals to the national disease

surveillance database.

For this thesis, serotype data was provided by MoPH from 2014 to 2022. No
serotype data was available for 2013. The data was an anonymised line list of tests
and included date of collection, dengue disease type (DF, DHF, DSS),

epidemiological week of data collection, year, and serotype.

The data was analysed by year, province, serotype and dengue disease type. Test
coverage by dengue disease type was calculated by dividing the number of
serotype tests by the number of dengue disease cases identified through
surveillance.
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1D Hospital Name D Hospital Name
Chai Prakan Hospital 19 Queen Savang Vadhana Memorial Hospital (Sriracha)
Sangkhom Hospital 20 Chonburi Hospital
Wang Saphung Hospital 21 Samut Prakan Hospital
Pha Khao Hospital 22 Phaet Panya General Hospital

1

2

3

4

5 Somdej Phra Yupparat Kranuan Hospital 23 Bhumibol Adulyadej Hospital (Mongkut Wattana
6

7

8

9

Sirindhorn Hospital (Khon Kaen) 24 Pathum Thani Hospital
Tha Tum Hospital 25 Phra Nang Klao Hospital
Rattanaburi Hospital 26 Bang Kruai Hospital
Sisaket Hospital 27 Damnoen Saduak Hospital
10 Sisaket Provincial Health Office 28 Pak Tho Hospital
1" Muang Sam Sip Hospital 29 Suan Phueng Hospital
12 Warin Chamrap Hospital 30 Chom Bueng Hospital
13 Sankha Hospital 31 Photharam Hospital
14 Surin Hospital 32 Bang Phae Hospital
15 Prasat Hospital 33 Ban Pong Hospital
16 Naradhiwas Rajanagarindra Hospital 34 Chao Phraya Yommarat Hospital
17 Satun Hospital 35 King Narai the Great Hospital
18 Rayong Hospital 36 Huai Khot Hospital

Population (100,000) -

10 20 30 40 50

Figure 3.1-Sentinel hospitals for serotyping, 2017-2019. Population for each province is the average of
2017 - 2019.

3.2.4 Wavelet analysis

| applied a wavelet analysis to dengue data in Thailand to understand the spatial

and temporal patterns of the epidemic.

Epidemic waves in each district were compared to the aggregated epidemic wave
in Bangkok province as reference given Bangkok’s status as the capital and largest

metropolitan area in the country.

Incidence was calculated at a rate per 100,000 population. Time series were

logged after adding a constant of 1.

WaveletComp[291] was used to complete the wavelet analysis. A loess span of
0.75 within wavelet.coherency function was used to detrend the time series. This

is the default in the package and has been applied in previous research using time-
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series data[292]. A loess span of 0.75 indicates moderate smoothing using 75%
of the data points for local polynomial fitting, which is a good balance between
removing long-term trends (bias) and preserving periodic components of interest

(variance)[293].

Annual periods were defined as periods equal to or greater than 0.5 years and less
than 1.5 years and multi-annual periods were defined as periods equal to and
greater than 1.5 years and equal to and less than 5 years. This was based on
previous studies that found that dengue in Thailand follows annual and multi-

annual cycles of two to four years[273, 294].

Time series were reconstructed by filtering periods to annual and multi-annual

periods.

Phase differences between districts and Bangkok were calculated for annual
periods and multi-annual periods. To calculate this, first the cases in 50 districts of
Bangkok province were aggregated into one time series. Then the wavelet
coherencies between each district and Bangkok province were calculated. Using
only significant coherencies at 0.05 level, the phase differences angles were
extracted and converted to time difference for each week and period within the
annual [0, 1.5) and multi-annual [1.5, 5] period ranges to obtain an average weekly

phase difference.
The relationship between travel time and phase difference between each district
and Bangkok was investigated. To determine travel time, | extracted the centroids

of each district and determined the duration in minutes to travel from each district’s
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centroid to Bangkok province’s centroid, using the OSRM package[295] in R. The

default of using a car for travel was used.

3.2.5 Phylogenetic analysis

Publicly available genetic sequences and their metadata for DENV-1, DENV-2,
DENV-3, and DENV-4 for Thailand and the South East Asian region were
downloaded from GenBank[296], with reported sample collection dates from
January 1, 2010 to December 31, 2022. Sequences with missing collection date
or location were excluded from the analysis. Sequences with partially missing data
on collection date (i.e., where only the collection year or month and year was

available), were assigned to the mid-point of their respective sampling times.

The arbovirus typing tool provided by Dengue-GLUE[297] was used to accurately
identify the serotype, genotype, and sub-lineage of each sequence. Sequences

where the Dengue-GLUE typing mismatched the reported serotype labels were

removed. | aligned sequences to serotype-specific references (DENV-1

NC_001477.1, DENV-2 = NC_001474.2, DENV-3 = NC_001475.2, DENV-4
NC_002640.1) using NextAlign[298]. All sequences were trimmed to include only
the E gene. Sequences exceeding 31% missing or ambiguous sites were
excluded, based on pre-established sequencing thresholds followed by Inward et

al.[299].

| included all Thai sequences for each serotype and added sequences from the
rest of Southern and Southeast Asia (SEA) to allow for the identification of
Thailand-specific lineages. An evenly weighted sampling approach was used to

ensure a selection of sequences proportional to the available number of
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sequences across different locations and time periods. For the total of available
sequences from a specific geographical location collected within the same year, |
assigned a weight to each individual sequence, defined as 1/x;, where Xx;
represents the number of sequences from location i collected during time period j.
This weighting inversely correlates with the probability of selecting a sequence
from the same location each year. Consequently, locations with fewer sequences
within a particular year were given higher selection probabilities, ensuring a
balanced representation of geographical locations and reducing the impact of

sampling biases.

Following initial data processing, maximum-likelihood (ML) trees were constructed
for each serotype, inferred using IQ-TREEZ2 under a HKY+F+| substitution model.
The ML tree outputs were time-calibrated with TreeTime, informed by tip sampling
dates. TreeTime was also used to assess the temporal signal and remove outliers
from the sub-sampled datasets. To improve clarity and ensure interpretable

results, | selected only genotypes with over 10 sequences from Thailand.

Pairwise nucleotide diversity, pi, (hereby referred to as genetic diversity) for each
serotype was completed using the pegas package[300] in R. Checks of co-linearity
were done using vifcor function from the R package usdm[301] to test whether

genetic diversity was related to number of samples.

This analysis used code adapted from Inward et al[299].
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3.3 Results:

3.3.1 Surveillance data:

3.3.1.1 National trends

Incidence per 100,000 population per week from 2013 to 2022 is presented in
Figure 3.2. From this figure, it can be observed that dengue follows both inter and

intra-annual cycles. Increase in cases are observed every two to four years.
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Figure 3.2- Incidence per 100,000 people

Figure 3.3 shows the annual number of cases for the same period. Based on the
MoPH's defined outbreak threshold, which is the median of the past five years,
there were outbreaks in years 2013, 2015, 2018 and 2019. Outbreaks at monthly
level are depicted in Figure 3.4. From some years, outbreaks are observed in
certain months, such as in 2016, while in other years, outbreaks were observed in

every month, such as in 2015.
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Figure 3.3-Annual cases with outbreak threshold in red.
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Figure 3.4-Monthly cases with outbreak threshold in red.

3.3.1.2 Provincial trends

Weekly incidence by province is presented in Figure 3.5. Heterogeneity in disease

patterns can be observed between provinces.
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Figure 3.5-Incidence per 100,000 people, by province.
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3.3.1.3 District trends

Weekly incidence of cases by district are presented in Figure 3.6, with districts
ordered from south to north. Brighter yellow colour indicates higher incidence while
darker blue indicates lower incidence. The temporal synchrony between districts
is generally strong, with most areas experiencing elevated incidence (yellow)
simultaneously during transmission seasons. There is, however, some variation in
season lengths across the years. Some years, such as 2016 and 2017, show more
concentrated peaks of around 2 to 3 months, while others such as 2013, 2015,
and 2019 show longer transmission seasons of around 4 to 5 months. There are
some outliers. A drastic drop in incidence is observed in 2021 across all districts,
coinciding with the COVID-19 pandemic and the subsequent lockdowns and
reduction in health-seeking behaviour. There is some recovery of the incidence
rates in 2022. Across all years, within the same year, there are districts with more
bright yellow bands than others, such as districts in two-thirds down the plot
(district in and around Bangkok) in 2015 and most southern districts in 2016.
Indeed, the bright band in 2015 corresponds to a an unprecedent dengue outbreak
that occurred that year[239]. Additionally, certain districts consistently demonstrate
higher baseline and peak incidence throughout the study period, such as districts
two-thirds down the plot and northern districts. These observations indicate spatial

heterogeneity of transmission across districts.
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Figure 3.6-Incidence per 100,000 people, by district
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3.3.2 Serotype results

Between 2013 and 2022, there were 3,163 serotype tests conducted, only 0.02%
of all cases. The highest proportion, 34.0%, was done in 2019 followed by 27.9%
in 2020. Comparing serotype testing by disease type, individuals with DSS
followed by DHF were more likely to be tested for serotype, as expected from
serotype testing eligibility criteria, Figure 3.7a. Looking at serotypes results,
DENV1 was the most frequent dengue serotype, 65.0%, followed by DENV2,
28.5%, DENV4, 3.9% and DENV3, 2.7%. This relative pattern was consistent
across the years from 2014 to 2022, Figure 3.7b. This patten was also mainly
consistent across disease types, Figure 3.7c, though there were some differences.
For example, between 2014 and 2016, DENV3 was responsible for a higher
proportion of cases of DF as compared to DHF and DSS, though this difference

may be an artefact of the sampling strategy.
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Figure 3.7 a) Proportion of dengue cases by type, tested for serotype. b) Number of cases by
serotype. c) Number of serotypes by type of dengue disease.

Figure 3.8 illustrates the provincial distribution of serotype testing in Thailand from
2014 to 2022. Panel a) shows the proportion of dengue cases that were tested for
serotype, while panel b) presents the proportion of all serotype tests conducted
per province. Each panel is organized by year. In panel a), higher test rates
(indicated by yellow shades) are concentrated in a few provinces, while many
others had little to no serotype testing. Panel b) reveals that a small number of
provinces consistently account for a large share of national testing, suggesting a
geographic concentration of testing capacity or activity. Notably, Rayong province
appears as the leading contributor to serotype testing from 2017 to 2022. Together,
the panels highlight persistent disparities in serotype testing coverage and

distribution across provinces and over time.
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Figure 3.8 a) Log of proportion of dengue cases tested for serotype by province and year. b) Proportion of serotype
cases per province by year.

3.3.3 Wavelet analysis

The wavelet spectrum of weekly dengue time series in Thailand is presented in

Figure 3.9 while the average power is presented in Figure 3.10.
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In Figure 3.9, there is a high band of power at around the one-year period, which
is present every year, as indicated by the black ridge line. This annual periodicity
shows the highest average wavelet power (approximately 29) across all time
points, Figure 3.70. There is also a high-powered region observed at periods
between approximately two and four years, with a period of two years between
2013 and 2016, after which the period increases up to four years, peaking at an
average power of approximately 10. These high-power regions are enclosed within
the white contours, indicating they are statistically significant at the 0.05 level.
Caution must be taken when analysing these results as the observations inside
the cone of influence (more greyed-out colour at the edges of the plot) are less

reliable due to an edge effect.
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Figure 3.9-Power wavelet analysis of weekly cases in Thailand
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Figure 3.10-National average power of weekly cases in Thailand

3.3.3.1 Reconstructed time-series

The original time series along with reconstructed time series, filtering the annual
and multi-annual periods, are plotted in Figure 3.11. As previously described,
annual periods are defined as periods between and including 0.5 and up to 1.5
years, and multi-annual periods include periods between and including 1.5 and 5
years. These reconstructed time series are only limited to significant periods and
observations outside of the cone of influence. This plot shows the component of
incidence where incidence occurs with annual and multi-annual periodicity. In
almost all weeks, annual and multi-annual reconstructed time series, the peaks
and the troughs align except in year 2014, where the peak of the reconstructed
annual time series coincides with the trough of the reconstructed multi-annual
series, which may have contributed to the much lower incidence in 2014 compared

to 2013.
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Figure 3.11-Reconstructed time-series, national level, 2013-2022
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Figure 3.12-Reconstructed time-series, by district, annual and multi-annual periods

83



3.3.3.2 Phase difference

Spatio-temporal pattern of dengue waves at the district level were investigated by
calculating the phase difference between each district and the province of
Bangkok, using the methodology described in methods. This analysis was
completed separately for annual and multi-annual periods and is presented in
Figure 3.13. The districts are arranged by increasing travel time from each district
to Bangkok. Negative values indicate that the wave occurred first in Bangkok while
positive values indicate that the wave was first observed in the district. Grey values

indicate weeks where wavelet coherences were not significant.

In the annual period, for significant coherencies, 90.8% of district level phase
difference by week were larger than zero, meaning that for those districts and

weeks, the wave of cases in those districts occurred before Bangkok.

This trend is quite different for the waves with multi-annual periods. About 57.9%
of phase differences of districts by week were more than zero. As the time of travel
to Bangkok increases, the phase difference becomes more negative, with cases

first occurring in Bangkok.
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Figure 3.13-Phase difference, by district, by annual and multi-annual periods

3.3.4 Phylogenetic analysis
3.3.4.1 Data availability

From 2010 to 2022, 413 samples from Thailand were included in the analysis. Due
to limited geographical information associated with each sample, this analysis was

conducted at the national level.

All four serotypes were present every year except in year 2019 when there was no
serotype 3 observed, Figure 3.14, with highest number of sequences available for
serotype 1 (n=149), followed by serotype 2 (n=138), serotype 3 (n=75), and
serotype 4 (n=51).
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Figure 3.14-Number of serotypes sampled in Thailand, 2013 - 2020

3.3.5 Phylogenetic trees

Phylogenetic trees are presented in Figure 3.15 and show the circulation of DENV
in Thailand and the South East Asian (SEA) region from 1985 to 2020, the year of
the most recent available sample. Trees are truncated to start from 1985 to focus
on the more recent patterns. The trees show multiple independent introductions of
each serotype into Thailand over this period, as indicated by the Thai sequences
(coloured branches) being interspersed among the sequences from SEA region
(grey branches). This pattern shows ongoing viral exchange between Thailand and
countries in the region, rather than evolution form a single lineage. This also shows

Thailand’s role as both a recipient and source of regional viral dispersal.

Temporally, the figure also shows how the dominance of each serotype changes.

Dengue 1 shows distinct clusters of Thai sequences particularly between 2000 and
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2005, and 2010 to 2015. Dengue 2 displays relatively continuous circulation with
Thai sequences distributed throughout the tree. Dengue 3 displays more sporadic
clustering of Thai sequences, consistent with less frequent circulation in the region.
Dengue 4 shows increased diversity in more recent years, 2010 to 2020, with

multiple Thai lineages co-circulating.

Dengue 1 Dengue 2

1980 1985 1990 1995 2000 2005 2010 2015 2020 1980 1985 1990 1995 2000 2005 2010 2015 2020

Dengue 3 Dengue 4

1980 1985 1990 1995 2000 2005 2010 2015 2020 1980 1985 1990 1995 2000 2005 2010 2015 2020

Figure 3.15-Phylogenetic trees of dengue serotypes in Thailand, 1985 - 2020. Coloured branches
represent samples collected in Thailand while grey branches represent samples from other South
Asian countries.

3.3.6 Genetic diversity

Genotypes overall and within each serotype are presented in Figure 3.16. As
illustrated in panel a), between 2013 and 2020, ten genotypes were identified.
Overall genetic diversity has sporadic high points, such as in 2013, 2015 and 2016,
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with reduction later. Eight genotypes were circulating in 2013, compared to 2020

where six genotypes were circulating.

As shown in panel b), three genotypes were identified within serotypes 1 and 3

while two genotypes were identified within serotypes 2 and 4.

Within serotype 1, genotype 2 was most common, except an increase of an
unassigned genotype in 2015. Within serotype 2, genotype Asian I(Al) was first
observed as the only genotype in 2013 with presence of genotype Cosmopolitan
(C) in 2014 and increasing in proportion over time. Within serotype 3, genotype Il
was most common, with genotype | increasing in proportion from 2014 onwards.
Within serotype 4, genotype | was the most common except in 2013 and 2015 with
genotype Il being most common. By the year 2020, only serotype 2 shows some
meaningful co-circulation of genotypes, while in all other serotypes, a single

genotype seems to be dominant.
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Number of lineages and number of samples per time per serotype is presented in
Figure 3.17. Around 2013 for DENV3, 2016 for DENV4, and 2018 for DENV1 and
DENV4, lineage diversity decreases suddenly even though the number of samples

continue to increase.
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Figure 3.17-Number of lineages and samples over time, by serotype

To assess whether the change in number of lineages is related to number of

samples, Kendall’s correlation was performed and the results are presented in

. For DENV1 and DENV2, a weakly positive but significant correlation was
observed, suggesting that as number of samples increased, the number of
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detected lineages also increased. In contrast, DENV3 showed a moderate
negative correlation while DENV4 showed a weak negative correlation. Both were
significant. Negative correlations indicate that more samples do not correspond to
more lineages, which could be a result of a dominate lineage during the sampling

period or uneven sampling.

Serotype | Kendall’s tau | p-value

DENV1 0.105 <0.05
DENV2 0.117 <0.05
DENV3 -0.419 <0.001
DENV4 -0.164 <0.01

Table 3.1-Kendall's tau between number of lineages and number of samples, by serotype.

Genetic diversity results and number of sequences used for calculations are
presented in Figure 3.18. Kendall’'s tau correlation was used to test whether
nucleotide diversity increased with the number of sequences. Results are
presented in Table 3.2. For serotype 2, there was a significant moderate negative
correlation, consistent with the plot. Diversity was highest when sequence counts
were lower (e.g. 2014, 2015, 2020), suggesting co-circulation of multiple lineages
and later dominance of a single strain (2018, 2019). For serotypes 1, 3, and 4,
correlations were not statistically significant. For serotype 1, the plot suggests a
possibility of lineage dominance during years of high sampling (2018, 2019).
Serotype 4 showed a moderate positive trend, but this was not significant and likely

a result of small sample size.
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Figure 3.18-Nucleotide diversity (1r) and number of sequences (n) used to calculate
diversity, by serotype and year. Lines correspond to nucleotide diversity (921r) (left
axis) and bars correspond to number of sequences (n) (right axis).

Serotype | Kendall’s Tau | p-value

DENV1 0.0364 >0.05
DENV2 -0.571 <0.05
DENV3 -0.0976 >0.05
DENV4 0.473 >0.05

Table 3.2-Kendall's tau between genetic diversity and number of samples.

3.4 Discussion

Reviewing dengue incidence data at the provincial scale, Figure 3.5, revealed
considerable heterogeneity in the incidence pattern between provinces over the

years. For example, in 2016, northwestern provinces experienced peak incidence
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between April and August while in southern provinces, higher incidence was
observed between December 2016 and March 2017. At the district level, a clearer
seasonal pattern can be observed with most area experiencing peak between May

and July.

Serotype data provided by MoPH showed that DENV1 is the dominant circulating
serotype, though data was limited. As shown in Figure 3.8, there is a substantial
disparity across the country, both considering the proportion of cases that were
tested for serotype within provinces and the distribution of serotypes across
provinces. There are also many provinces without any serotype testing at all,
making it difficult to understand serotype diversity across the country. More routine
and equitable serotype surveillance is needed to better capture the spatial and

temporal dynamics of circulating viral diversity.

Wavelet analysis provided insights on the seasonal and interannual patterns of
dengue across Thailand. Seasonal cycle was identified as around between 6
months to 18 months with the strongest power at annual frequency while the
interannual pattern was observed at between 1.5 years and 5 years, with peak of
power at around 3.5 years followed by a smaller peak at approximately 2.5 years,
Figure 3.10. These findings highlight the multi-temporal scale of dengue in
Thailand.

To expand on the previous research by Cummings et al.[279] that identified
Bangkok as the epidemic start, | compared the phase difference at the seasonal
and interannual scales between Bangkok and other districts, and their travel
distance. At the seasonal scale, peak in most of the districts occurred before
Bangkok while at the interannual scale, the peak mostly occurred in Bangkok first.
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These seemingly contradictory findings may reflect the different factors that drive
seasonal and interannual cycles. Seasonal epidemics are mostly driven by climate
factors such as temperature and rainfall, affecting local vector dynamics which in
turn affect local dengue epidemics. Vector control in Thailand is also implemented
by local level public health officials and may impact local dynamics. Interannual
cycles on the hand, may be driven by human mobility, where virus is introduced to
areas further away from large centres such as Bangkok over a longer period. Kang
et al.[175] found that using mobile data in Thailand, provinces that were more
connected by mobility were more correlated in their dengue incidence than less
connected provinces. Interannual cycles may also arise due to accumulation of

susceptible populations over a period of few years.

Analysis of lineage and genetic diversity showed both overlapping and divergent
trends across serotypes. For serotype 1 and 2, a weak but significant positive
correlation between number of samples and detected lineages was observed,
suggesting that increased sampling led to the detection of more lineages. In
contrast, serotype 3 and 4 showed significant negative correlations, possibly due
to the dominance of a single lineage or uneven sampling. When assessing genetic
diversity, only serotype 2 showed a statistically significant negative correlation with
sequence count, with diversity highest during periods of lower sampling, consistent
with co-circulation of multiple lineages followed by dominance of a single strain.
For serotype 1, 3, and 4, no significant relationships were found. Lineage diversity
and genetic diversity did not always align. A serotype may exhibit multiple closely
related lineages with low nucleotide diversity, or few lineages with high genetic
divergence. A serotype may display high lineage diversity with low genetic
diversity if lineages are closely related or show high genetic diversity despite few
lineages if those represent divergent introductions. Lineage diversity is an
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epidemiological phenomenon driven by new importations and the propagation of
these importations dependent on the local context[61, 302] while genetic diversity
is either affected by natural selection, new importations or genetic drift because of
chance[303, 304]. These results must be reviewed with caution as the genomic
data was not sampled to be nationally representative. They may also not represent

the true proportion of serotypes.

This chapter contributes to a more nuanced understanding of dengue dynamics in
Thailand between 2013 and 2022, highlighting both spatial variation in epidemic
timing and temporal complexity introduced by different cycles. Since annual
seasonality was found to be significant, it will be considered in the subsequent
modelling chapters through seasonal model with a 52-week period. The spatial
variation in epidemic dynamics motivated fitting case data at the province level
while modelling seasonality at the region level to balance granularity with
computational efficiency. This chapter also highlights some of the shortcomings of
the available data, including limited serotype and genomic surveillance data, that
constrain my ability to interpret the role of immunity and evolutionary forces
shaping dengue spread. Despite these limitations, genetic diversity of each
serotype per year was included as a covariate to capture immune dynamics, even
if imperfectly. The temporal complexity observed in this chapter suggested that
immunity plays an important role in shaping epidemic patterns. The lack of
comprehensive genomic surveillance prevented modelling of evolutionary
dynamics directly. However, genetic diversity measures were used an indirect
indicator of viral population dynamics, which my relate to population immunity

levels in subsequent modelling chapters.
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4 Baseline Model Analysis

4.1 Introduction

Previous studies have shown that simple models such as autoregressive model
and those based on seasonality can sometime outperform more complex models
when forecasting infectious diseases including dengue[194]. This is particularly
true in context when there are no unexpected changes in circumstances. In
particular, autoregressive models have performed well in short-term forecasts[192,
194, 195] while seasonal models can perform better in the long term, predicting

the expected seasonal changes in cases[196, 305, 306].

Simpler models also have practical advantages. They are easier to conceptualize,
faster to fit and run, more intuitive to interpret, and more amenable to wide-scale
implementation. They are also easier to adopt and run by public health authorities,
particularly in more resource-limited settings where technical capacity can be
severely constrained. This is the case for the Thai MoPH which prefers to have an
in-house forecasting platform. These characteristics are important for a rapid and
meaningful public health response. Finding and processing additional variables
can also be timely and resource intensive, leading to delays in predictions. In some
cases, even though a more complex model might offer slightly better performance,
for example as measure by lower mean absolute percentage error (MAPE)[192],

the difficulty in fitting and running the model may not necessarily be worth the effort.

Forecasting models for dengue generally focus on predicting incidence or
outbreaks, each providing different but complementary results. Predicting

outbreaks is important because often, public health interventions such as vector



control initiatives and public messaging are triggered by the declaration of outbreak
by public health authorities[307-309]. Binary classification is also easier for
communication to stakeholders and the public[310]. Predicting incidence on the
other hand, can provide a more nuisance view of the situation. With specific
numbers of cases predicted, health facilities and hospitals can better plan to

ensure they have sufficient f tests, medication, hospital beds, and staff[311, 312].

This chapter presents the development and analysis of two baseline models used
to forecast dengue incidence and outbreaks in Thailand. These models will provide
a baseline for evaluating the performance of more complex models introduced in

later chapters.

The first model is a seasonal naive approach that uses historical patterns in
dengue transmission, while the second model, builds upon the first with an addition
of a seasonal component. Understanding the predictive accuracy characteristics
of these two models will help to better understand the subsequent improvements

that may be observed with more complex models.

To formally assess the performance of the models, the forecasted incidence
outputs will be evaluated and compared to each other using a range of
performance metrics, including Continuous Ranked Probability Score (CRPS),
calibration, sharpness, and bias. Each metric measures a different aspect of the

predictive performance of the model and should be reviewed together.

CRPS measures the accuracy of the cumulative distribution function (CDF)
compared to a true value[213, 313]. In other words, CRPS can be thought of as
the distance between a predicted distribution and the actual outcome. CRPS is
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considered a strictly proper scoring tool. This means that the score is uniquely
minimized when the forecasted probability distribution matches the true distribution

of the observed outcomes.

Calibration is used to assess whether the forecast distribution is consistent with
the data generating distribution[271, 314]. This is measured by assessing an
empirical coverage of specific prediction intervals. Sharpness is measured as the
normalized median of the absolute deviation (NMAD) from the median of the
predictive samples[271, 314]. Bias is evaluated as the average proportion of

posterior draws that are smaller than the observed value[271, 314].

In addition to forecasting incidence, it is important to assess each model’s ability
to forecast outbreaks. When concerned with a model that can assist in preparation
and planning of prevention and intervention strategies led by government-led
agencies, understanding the probability of an outbreak can provide a useful
threshold for action. Outbreak detection ability of the models is assessed using
area under the curve (AUC) and the Brier Score, which measures the accuracy of

exceeding a predefined threshold.

4.2 Methods

4.2.1 Data

This chapter used dengue incidence data from the Thai MoPH, as described in

Chapter 3.
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4.2.2 Models

To forecast dengue cases without covariates, two models were used and
compared to each other for their forecasting ability. Forecast horizons of 1 to 24

weeks were chosen because they are most relevant to public health practice.

4.2.2.1 Model structure

Let d index the districts of Thailand.
Let t index the week.
| modelled the number of cases in district d during week t using a zero-inflated

Poisson likelihood:

Yae ~ ZIP(Ags, Tqy) (2)

This meant that the observed number of cases y,, in district d at week t followed
a zero-inflated Poisson distribution with rate parameter 1,, and zero-inflation
probability .

The two models investigated are as follows:

Model 1:

log(Aqr) = a+ W, +ug +va + log(pop,) (3)
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o was the intercept, W, ,, considered effect of week(f) at the province(p) level, using
afirst order auto-regressive model (AR1). u, . and v, , were the spatially structured
(conditional autoregressive, u) and unstructured (i.i.d; v) district level random
effects, jointly specified with Besag-York-Mollie (BYMZ2) model, and log(pop,) was

the log of the population of each district.

Model 2:

log(ld't) =a+ W+ Qur+us+vg+ log(popd) (4)

In addition to elements in Model 1, Model 2 included Q., which accounted for

seasonality effect at the weekly(f) at the region(r) level.

The models were fit using INLA[221, 315].

4.2.2.2 Priors

4.2.2.2.1 Auto-regressive 1 (AR(1)) model

Temporal dependence in the latent process was modelled using a first-order

autoregressive (AR(1)) structure

Xt = PX¢_q T €, €~ N(0,T71) (5)

where p € (—1,1) was the autocorrelation parameter and 7 the precision.
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Penalized complexity (PC) priors[316] were assigned to both hyperparameters.
For the precision parameter 1, | used a PC prior defined as PC(c = 0.5,a = 0.01),
which corresponded to a 1% prior probability that the marginal standard deviation
exceeds 0.5. For the autocorrelation parameter p, a pc.cor0(0.5, 0.5) prior was used,

implying a 50% chance that the absolute value of p exceeds 0.5.

4.2.2.2.2 Seasonality model

Seasonality was modelled using the INLA’s seasonal latent effect with a 52 week
cycle [215, 317]. Let x = (x4, ..., x,,) denote the latent seasonal effect defined over
n weeks, where x; represented the seasonal effect at week i. The seasonal period

was m = 52.

The INLA seasonal model was defined by assuming that the total seasonal effect
over one complete cycle followed a Gaussian distribution with common precision
7. Specifically, the model assumed that seasonal sums of length m, are

independent Gaussian random variables with mean zero and precision T,

Xi+ Xipq + o F Xipme1 ~ N0, 771 (6)

The density for x was,

Z (x; + Xipr + o+ Xiymo1)? (7)

i=1

N S

n-m+1
n(x|t)xT 2 expi—

A default prior assigned by INLA was used:
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Log(t) ~ Log — Gamma(1,0.00005) (8)

4.2.2.2.3 Besag, York, and Mollié model 2 (BYM(2)) model

In the BYM(2) model, b was the spatial random effect which combined structured
(u,) and unstructured (v,) random effects[219, 316].
1

E(F v.+pu.) ©)

b=

Precision parameter t, > 0 controlled the marginal variance contribution of the
weighted sum of v, and u, controlling the strength of the spatial effect. The mixing
parameter 0 < ¢ < 1 measured the proportion of the marginal variance of the

spatial effect explained by the structured effect u,.

The PC prior on 1, was pc.prec(U = 0.1, « = 0.01). This prior specified a low
variance, meaning that low spatial variation was favoured unless otherwise
suggested by data. The prior for the mixing parameter, ¢, was pc(U = 0.5, a =
0.5), meaning that the model did not favour structured or unstructured random

effects.

4.2.3 Forecast evaluation

Forecasts were made every three weeks, for 24 weeks of dengue incidence at
week t in districts d= 1,...,928. Let N, . represent the number of new cases and
Ng:4q1 to Ny .yo4 denote the three-weekly, 24-week ahead forecasts. Model based
forecasts were generated for weeks between 29 December 2013 and 31

December 2022, starting on Sundays.
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Forecasts were made using all data from 1 January 2013, until immediately up to

the start of the week, t, before the forecast started. The training data included all

historical data, (i.e. Ng;... Ny.) to train models, M, to generate probabilistic
m,r

forecasts, N3i", ,where N was the forecasted number of new cases where r

denotes the draws from the posterior distribution F;’; of the model m.

The probabilistic forecasts, Njy,,, were then log transformed, and compared to
log transformed observed data, N, .. Continuous ranked probability scores (CRPS)
were calculated for each model, by week, t and district, d. CRPS calculations were

completed with “scoringutils’ package[271].

Additional measures of calibration, sharpness, and bias were also calculated.

Evaluations were made by district, forecast horizon, and target week.

4.2.3.1 Outbreak prediction evaluation

Models were assessed on whether they were able to predict outbreaks. To ensure
the utility of this analysis, an outbreak was defined using the criteria of the MoPH
i.e. when the number of cases is higher than the median of the past five years for

a specific place and time period.
A contingency table was created based on the results of the predicted outbreaks

by the models and the observed outbreaks and Area Under the Curve (AUC) was

evaluated at forecast horizons of 1, 4, and 24 weeks
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Additionally, agreement between the predicted and observed outbreak was
calculated at each district and week. If both the predicted cases and the observed
cases were above the epidemic threshold, or if they were both below the epidemic
threshold, then there was agreement between the model and observed cases.
Otherwise, there was no agreement. All agreement values were then averaged at
the national level to obtain agreement at the target week. To understand spatial
distribution of agreement and by model, the difference between agreement of no-
seasonality and seasonality models were computed for each district at forecast

horizons of 1, 4, and 24 weeks.

For each district and week, outbreak thresholds were calculated and compared to
posterior predictions. The probability of cases exceeding the threshold was then
calculated. Using these probabilities, Brier scores were calculated for each model
and by district and forecast horizon. Brier score is a proper score and is measure
as the mean squared difference between the probability, p;, and the observed
outbreak, Y; (0, 1)[318]. Smaller Brier score indicates a smaller difference between
the forecasted probability and the observed outbreak which indicates a model with
greater accuracy. A Brier score of O indicates perfect accuracy while a score of 1

indicates perfect inaccuracy.

L
Brier Score = NZ(pi —Y;)? (10)
i=1

Bootstrapping using 1000 samples was used to calculate confidence intervals for
the difference in brier score between the two models and to identify significance at

the 0.05 level.
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4.3 Results:

Forecasts of the two models were evaluated using CRPS, sharpness, calibration,

and bias.

4.3.1 Forecasting evaluation by forecast horizon

In this section, forecasts are evaluated by forecast horizon, ranging from a horizon
of one week, up to 24 weeks. This analysis will help quantify the performance of

the model at different lead times.

4.3.1.1 CRPS

Forecasting results of models 1 and 2 which are models without covariates are
presented in this section. Model 1 is referred to as the no-seasonality model, while

model 2 is referred to as the seasonality model.

CRPS results for each forecast horizon for each district was averaged at the
national level and are shown in Figure 4.1. At forecast horizon of one week ahead,
the seasonality model had a lower CRPS suggesting that this model performs
better than the no-seasonality model. However, at forecast horizon of two weeks
and more, up to 24 weeks ahead, the seasonality model had lower CRPS with the
gap increasing over length of horizon. A similar trend is found when comparing the
distribution of CRPS results at the district level by forecast horizon and model,

presented in Figure 4.2.
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Figure 4.1-Mean national level CRPS by forecast horizon and model. Lower values indicate better
performance. Lower CRPS values indicate better forecast skill.
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Figure 4.2-Mean district level CRPS by forecast horizon and model. Lower CRPS values indicate better
forecast skill.
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4.3.1.2 Sharpness

NMAD was used to measure sharpness of forecast outcomes. This measure is

based on the model outputs itself and is not a function of comparison to the

observed data. As the forecast horizon increased, the NMAD increased,

suggesting a decrease in sharpness. There was then a drop in NMAD for the no-

seasonality model at around seven weeks of forecast horizon while the NMAD for

the seasonality model continued to increase. The additional seasonality term in the

seasonality model contributed to wider confidence intervals as the model may be

less certain of the seasonality effects at longer horizons. Similar results were

observed at the district level, presented in Figure 4.4.

NMAD

Model Model_1 — Model_2

1.44 /

1.14

1.0+

0.9+

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Forecast horizon (weeks)

Figure 4.3-Mean national sharpness, as measured by NMAD, by forecast horizon and model. Lower
NMAD values indicate narrower (sharper) prediction intervals.
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Figure 4.4-Mean district level sharpness, as measured by NMAD, by forecast horizon and model.
Lower NMAD values indicate narrower (sharper) prediction intervals.

4.3.1.3 Calibration

Calibration measures the proportion of forecasted events for which the 50% and
90% prediction intervals contained the true value. The 50% prediction interval had
lower empirical coverage than the 90% interval, meaning fewer observed values
fell within the narrower bounds.This pattern was indeed observed as shown in
Figure 4.5 and Figure 4.6. At the national level, the mean of empirical coverage of
all forecast events was higher than 50% and 90% (dotted lines), respectively,
indicating the model was well calibrated. At the district level, a large proportion of

forecasted events included the true value.
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Figure 4.5-Mean national empirical coverage, 50% and 90%, by forecast horizon and model.
Higher empirical coverage indicates more observed values fell within the prediction intervals.
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Figure 4.6-Mean district level empirical coverage, 50% and 90%, by forecast horizon and model.
Higher empirical coverage indicates more observed values fell within the prediction intervals.
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4.3.1.4 Bias

At both the national, Figure 4.7, and district levels, Figure 4.8, bias increased as
forecast horizon increased. This increase was at a higher rate for the seasonality

model.
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Figure 4.7-Mean national bias, by forecast horizon and model. Lower bias indicates that on
average, forecasts are closer to the observed values.
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Figure 4.8-Mean district level bias, by forecast horizon and model. Lower bias indicates that on
average, forecasts are closer to the observed values.

4.3.2 Forecasting evaluation by target week

In this section, forecasts are evaluated by target week. This analysis will help

identify how forecasts may be impacted by a specific week or season.

4.3.2.1 CRPS

CRPS by target week and by forecast horizons of one week, four weeks and 24
weeks is shown in Figure 4.9. The top panel of the image includes the time series
of dengue cases, for better understanding of the context of the target week under

evaluation.

Both models performed best at one week horizon, as indicated by the smallest
CRPS. As forecast horizon increased, results showed higher CRPS and variability.
As cases peaked, the performance of both models deteriorated, reflecting the

difficulty in predicting variability in cases over time.
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The seasonal model generally performed better or equal to the non-seasonal
model, especially for longer forecast horizons. The no-seasonality sometimes
performed better when there was a large variability between subsequent seasons,
for example, as was observed in mid-2016, when there was a large decrease in
cases compared to 2015. The seasonal model was expecting a larger number of
cases that was observed based on the previous season while the no-seasonality
model was better to able to predict the true cases as it was better able to adapt

using lagged cases.
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Figure 4.9-Mean national CRPS by target week and forecast horizon. Lower CRPS values
indicated better forecasting skill.
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4.3.2.2 Sharpness

Sharpness, as measured by NAMD, is shown in Figure 4.10. As forecast horizon
increased, the uncertainty of the forecasts increased. Particularly at the 24 weeks
horizon, NAMD for the seasonality model was high when there was a change in
the seasonal pattern such as in July 2016 when there were fewer cases than the

previous season and in July 2019 when there were more cases than the previous

season.
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Figure 4.10-Mean national NMAD by target week and forecast horizon. Lower NMAD values indicate

narrower (sharper) prediction intervals.

4.3.2.3 Calibration

National empirical coverage is presented in Figure 4.11. As expected, calibration

decreased as forecast horizon increased. There was a marked decrease in

calibration when there was an increase in cases, such as around July 2015 and

July 2019.
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Figure 4.11-Mean national empirical coverage by target week and forecast horizon. Higher empirical
coverage indicates more observed values fell within the prediction intervals

4.3.2.4 Bias

As forecast horizon increased, bias deviated more from zero, Figure 4.12. In
particular, the performances of the no-seasonality and seasonality models were
quite different at the 24 weeks horizon, with the no-seasonality model overall

performing worse than the seasonality model.
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Figure 4.12-National mean bias by target week, model and forecast horizon. Lower bias indicates
that on average, forecasts are closer to the observed values.

4.3.3 Forecasting evaluation by space

Performance of forecasts was evaluated over space. In Figure 4.13, district level
CRPS results of seasonality and no-seasonality models are plotted against each
other with each colour representing regions. As expected, and previously seen,
the difference in CRPS between the two models increased as forecast horizon
increased. Through this plot, however, it can be observed this difference was not
equal across space. The no-seasonality model tended to perform better in northern

and northeastern regions while the seasonality model performed better in other

regions, Figure 4.14.
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Figure 4.13-District CRPS by model and forecast horizon, coloured by region. Lower CRPS indicates better

forecasting skill.

The difference in CRPS between no-seasonality and seasonality models within

districts by forecast horizon is shown in Figure 4.14. The more positive and darker

blue indicates that the no-seasonality model performed better in that district while

a negative and darker orange difference shows that the seasonality model

performed better in that district. These results align with Figure 4.13, where the no-

seasonality model performed better in the northern and northeastern regions.
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Figure 4.14-District level difference in CRPS by model and forecast horizon.
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4.3.4 Outbreak prediction evaluation

4.3.4.1 Outbreak prediction evaluation by horizon

At each forecast horizon, each district was identified as having an outbreak if the
observed cases and predicted number of cases exceeded the MoPH criteria.
These classifications were then compared using a contingency table and AUC
values were computed at forecast horizons of 1, 4, and 24 weeks and are
presented in Figure 4.15. As previously observed, forecasting accuracy decreased
with increasing forecast horizon, as demonstrated by decreasing AUC values.
When comparing the two models of seasonality and no seasonality, the

seasonality model had higher accuracy at all forecast horizons.
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No seasonality 1 }—0—{ H
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Figure 4.15-AUC by model and forecast horizon.
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The distribution of district-level Brier scores by model and forecast horizon is
presented in Figure 4.16. Overall, both models performed similarly over forecast
horizons. The median was still very close to 0.5, or a random assignment of
outbreak status. Importantly, for both models and across all forecast horizons, the
distribution of brier scores was wide, indicating that there was a high diversity in

the performance of models across districts.
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Figure 4.16-Brier score by forecast horizon (weeks) and model, higher values indicating better
performance.

4.3.4.2 Outbreak prediction by target week

Agreement between outbreak classification based on observed cases and
predicted cases at each district, forecast horizon, and target week was computed
as 1(agreement) or O (no agreement). The national level agreement at each target
week and forecast horizon was then calculated and is presented in Figure 4.17.

As forecast horizon increased, the difference in agreement between the two
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models became more apparent. At the forecast horizon of 24 weeks, when there
was an outbreak, for example in mid-2019, the seasonality model had a higher
agreement with the observed outbreak than when there was no outbreak, for

example in mid-2021.

Brier score between by forecast horizon of 1, 4, and 24 weeks was very similar
between the two models, Figure 4.18. The difference between the two models

increased as horizon increased.
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Figure 4.17-Agreement between observed and predicted outbreaks, by target week, model, and
forecast horizon.
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Figure 4.18-Brier Score by target week, model, and forecast horizon.

4.3.4.3 Outbreak prediction by space

Difference in agreement between no seasonality and seasonality models at the
district level at forecast horizons of 1, 4, and 24 weeks were calculated and are
presented in Figure 4.19. If the values are more positive and bluer, the no
seasonality model had a higher agreement with observed outbreaks than
seasonality model. Conversely, if the values are more negative and redder, the
seasonality model had a higher agreement than the no seasonality model with the

observed outbreaks.

As observed in both Figure 4.15 and Figure 4.17, as forecast horizon increases,

the difference in agreement between the two models increased. At the 24-week

horizon, the difference in agreement ranged from -0.30 to 0.22.

120



Difference in agreement (No seasonality - Seasonality) 02 00 02

1 4 24

Figure 4.19-Difference in agreement between no seasonality and seasonality model, by district and
forecast horizon (weeks).

Brier scores by districts are compared by models and forecast horizon, and
coloured by region, presented in Figure 4.20. As forecast horizon increases, the
difference in model performance by district increases, with the seasonality model
having a lower brier score, indicating better performance. For some districts,

particularly in the northeastern region, this difference is more pronounced.

Difference in Brier Score by model and forecast horizon is also plotted on the map
of Thailand in Figure 4.21. The lower panel shows the districts where the difference
between the two models is significant. As forecast horizon increases, the number

of districts that show a significant difference between the two models increases.
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Figure 4.20-Brier Score by district and model, coloured by region.
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Figure 4.21-Difference in brier score between models and significance of difference by district and forecast
horizon.

4.4 Discussion

Two models, one with an autoregressive term accounting for historical dengue
cases and another with an additional seasonality term accounting for recurring
transmission patterns were used to forecast dengue incidence up to 24 weeks
ahead. Forecasted dengue incidence was also used to identity probability of an
outbreak against a predefined threshold. Forecasts were evaluated using CRPS,

sharpness, calibration, bias, AUC, and the Brier Score.
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Seasonality model performed better based on CRPS and AUC, while the no
seasonality model performed better based on NMAD and Bias metrics. Both
models performed similarly based on empirical coverage and Brier scores. Overall,
forecasting accuracy declined as the forecast horizon increased. Both models
performed similarly at shorter horizons, suggesting the autoregressive model can
effectively capture short-term transmission patterns. However, as the horizon
increased, differences in model performance became more pronounced across
districts. This variation may reflect the underlying heterogeneity in seasonal

dynamics or other district-level factors not captured by the baseline models.

Despite their simplicity, these models provided interpretable results, were able to
be run with minimal data input, and were computationally efficient. However, their
limited capacity to capture complex environmental relationships may reduce their

performance at longer horizons or in dynamic settings.

Seasonality models can overfit expected patterns, for example, expecting a peak
during every rainy season every year even if an unexpected event like a pandemic
or climate anomaly interrupts that trend. The no-seasonal model, by not making
these assumptions, can be more responsive to unexpected shifts, but lacks the
structure that helps with consistent long-term accuracy. This is also observed in
previous research. Tuan[319, 320] found that in a province in Thailand, even
though SRIMAX and LSTM correctly modelled seasonality, they struggled with
predicting short-term outbreaks due to overfitting. Sebastianelli et al.[191] used an
ensemble machine learning approach to forecast dengue outbreaks across
regions in Brazil. They found the model performed best in regions with stable
seasonality and performed worse in areas in areas with sudden shifts, irrespective
of the season.
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With baseline models established, more complex models incorporating additional
covariates can now be assessed. These models may offer increased accuracy,
particularly at longer-term forecast horizons or in districts where transmission
patters are variable. The following chapters will explore whether and how much

complexity in model structure will lead to gains in predictive performance.
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5 Univariate Analysis

5.1 Introduction

This chapter will explore the relationships between each covariate of interest and
dengue incidence to better understand how they can offer an advantage in
forecasting. While the previous chapter focused on establishing baseline models
using autoregressive and seasonality terms, this chapter focuses on the role of
additional factors such as climate, environmental, genetics, and mobility in

predicting transmission dynamics.

Dengue transmission is affected by a range of factors, among which climate
variables are the most extensively studied. Increases in temperature and
precipitation favour mosquito activity of both larval and adult stages, which lead to
increases in dengue cases[95, 98, 107, 112, 126]. These relationships are not
always linear. For temperature, transmission is typically higher within an optimal
range that supports mosquito survival and viral reproduction[102-106]. Similarly,
rainfall provides water necessary for breeding sites[112-116], but excessive rainfall
can wash away larvae, reducing mosquito populations[117-120]. Wind speed has
shown inconsistent associations with dengue transmission, with studies reporting

both positive[157, 158] and negative [152-155] relationships.

There are factors beyond climate that influence dengue transmission. Increasing
urbanisation, often reflected in the patterns of land use through vegetation index,
has been linked to higher transmission, as dense human population lead to
increased human and mosquito contact[162, 163]. Genetic diversity has been

found to be correlated with dengue transmission intensity[321]. Human mobility
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further amplifies spread by facilitating introduction of virus to new areas and

sustaining transmission chains across communities[171, 172].

By examining these covariates one at a time, this chapter provides a univariate
perspective on their associations with dengue incidence. This approach provides
a better understanding of the individual drivers of disease risk, thus setting the

stage for more complex multivariable modelling in subsequent analyses.

5.2 Methods

5.2.1 Covariates

5.2.1.1 Temperature

Hourly 2 m temperature (2 m above the surface) was downloaded from ERA5[322]
for years 2012 — 2022, at a spatial resolution of 0.25 degrees (latitude and
longitude). The data was restricted to the area defined by the GPS coordinates
20.46/97.34/5.61/105.64 to include only grids relevant to Thailand. The data was
then trimmed to the shapefile of Thailand, obtained from Humanitarian Data
Exchange[323]. The grids were then mapped to the district level shapefile[323],
with a grid square included if its centre was in the polygon of interest. Then, mean
temperature across district and hourly time steps was calculated. For weekly mean
temperature, the mean temperature for each district was averaged by week. For
minimum and maximum temperature, the minimum and maximum temperature of

the mean hourly values per district were selected.

For week 53 in each year, the values were averaged with week 52 and then week
53 was removed. This was necessary to ensure each year had 52 weeks so

seasonality at the weekly level could be implemented in the models. Lags were
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then calculated for each variable. Data for up to 12 weeks at the end of 2012 were

included to allow for calculation of lags for weeks in 2013.

5.2.1.2 Standardized Precipitation Evapotranspiration Index (SPEI)

To calculate SPEI, two components were required. Total precipitation at hourly
intervals for years 2012 — 2022 was downloaded from ERAS5[322] at a spatial
resolution of 0.25 degrees. The data was restricted to the area defined by the
coordinates 20.46/97.34/5.61/105.64 to include only grids relevant to Thailand.
Mean total precipitation at the district and weekly level was calculated and

converted from metres to millimetres.

Hourly evapotranspiration at 0.1 degrees grid resolution for years 2012 — 2022
were downloaded from the hPET global dataset[324]. The data was averaged at

the district and weekly level.

Water balance was then calculated by subtracting evapotranspiration from
precipitation for each district and week. SPEI at scales 0 to 6 were calculated for

each district separately using the function spei from the package SPEI[325].

5.2.1.3 Wind Speed

To obtain wind speed, hourly wind speed in east-west direction (u) and wind speed
in north-south direction (v) were downloaded from ERA5[322] for the years 2012
— 2022, at a spatial resolution of 0.25 degrees. As above, the data was restricted
to the area defined by the coordinates 20.46/97.34/5.61/105.64 to include only
grids relevant to Thailand and trimmed using the Thailand shapefile[323]. The wind

speed in each grid was calculated by using the Pythagorean theorem where wind
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speed = Vv? + v2. The average wind speed at the weekly level for each district

level was then calculated.

5.2.1.4 Enhanced Vegetation Index (EVI)

EVI was downloaded from AppEEARS [326, 327] for the previously mentioned
bounding box. The dataset provided 16-day composite EVI at 1 km spatial
resolution[327]. The 16-day composite for each grid was linearly interpolated to
estimate daily values, using the na.approx() function in the zoo package[328]. Daily
EVI values were then averaged to obtain values for each epidemiological week.
Subsequently, grid-level values were aggregated to the district level by overlaying
with district shapefiles and calculating the average EVI per district. Weeks 52 and
53 in certain years were adjusted to maintain consistency with other data. Lags of
0 to 12 weeks were calculated for the EVI values and then log-transformed and

scaled.

5.2.1.5 Genetic Diversity

The method for calculating genetic diversity is explained in Chapter 3.

5.2.1.6 Mobility Data

Activity Space Map data for Thailand was obtained from the Data for Good team
at Meta through personal communication under an existing agreement between
MORU and Meta. Based on this communication, data was provided by Meta at the
district level, as typically the data is only available at the grid level. The data
corresponds to a reference date of 7 April 2025, and represents an aggregation of
users within a district, over the past three weeks, for users that share their location
with Facebook, based on their typical location and assigns that district as their

home district. The data is further divided into daytime and nighttime[329]. For the
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purposes of this analysis, | only used the data for daytime activity as this reflects
most closely the activity of Aedes mosquitoes.

The average proportion of visits to each district from each other district was
calculated and converted into a matrix. There were some missing districts in the
Data for Good dataset. For these districts, it was assumed that their connection

with other districts was the average of all the other connections for that district.

5.2.2 Relationship with dengue cases

To better understand the relationships between each covariate and dengue
transmission, Distributed Lag Non-Linear Models (DLNM) were used to investigate
the lagged and non-linear effects of each covariate on dengue incidence rates per
100,000. A cross-basis function was used to simultaneously model these effects,
with lags extended up to 12 weeks to explore potential delayed impacts of climate
and environmental factors on dengue transmission, consistent with lag periods
commonly used in dengue climate studies[330-332]. The resulting cross-basis
terms were then added as a covariate to a generalized additive model (GAM). To
control for seasonality, yearly effects at the week level were included. A random
effect at the province level was also included to account for unaccounted spatial

heterogeneity. This model is referred to as the national model.

A sensitivity analysis was performed by modifying the spatial random effect
structure. Instead of the random effect at the provincial level, a region random
effect and an interaction between region and province was included to account for

the hierarchical spatial structure. This model is referred to as the regional model.
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For both models, dengue case counts were modelled with quasi-poisson

distribution to account for the many zeroes in the case data.

Mean Absolute Error (MAE) and Root-mean-square deviation (RMSE) were
calculated for each model, at the regional level, and compared. Confidence

intervals for each of MAE and RMSE was calculated by bootstrapping of residuals.
Cross-basis analysis was performed by the crossbasis() function from the
dinm[333] package in R, and the model was fit using the bam() function in the
mgcv[334] package in R. Residuals were extracted using the resid() function from
the stats[335] package in R.

For the national model;

Let:

Y. be the weekly dengue cases in district i and week ¢

e Mic = E[Yi]

e Popi be the population of district i

e cb_tempi represent the cross-basis function of covariate
e Week.€[1, ..., 52] be the week of the year

e Provi be a province-level random effect

Then the model was;

Yie~Quasi — Poisson(Ui, @) (11)
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log(ui) = f*(cbe ovic) + f2(Week,) + log(Pop:) + b (12)

Where:

f1(ch.ovy) was a smooth function for the non-linear, lagged effect of

covariate

f?(Week,) was a cyclic cubic spline capturing seasonal variation

over the calendar year

bi~N(0,0?) was a random intercept for province i

log(Pop;) was an offset to account for population size

The response was modelled with a quasi-Poisson distribution to account for

overdispersion, with dispersion parameter .

For the regional model;

Let:

Yi. be the weekly dengue cases in district i and week t
tie = E[Y5]

Pop; be the population of district /

cb.emp;, represent the cross-basis function of covariate
Week, € [1, ...,52] be the week of the year

Region, be the region-level random effect

RegProv;,. be a random effect for province nested within region (i.e.,

interaction effect)

Then the model was:
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Yie~Quasi — Poisson (Ui, @) (13)

log(ui) = log(Pop) + f*(cby ovi) + f2(Week,) + b, + (14)
bir

Where:

* log(Pop;) was an offset accounting for population

* f1(ch.ov;) was a smooth function for non-linear, lagged temperature
effects

* f2(Week,) was a cyclic cubic spline for seasonality over 52 weeks

* b,~N(0, 0%,) was a random intercept for region

* byy~N(0,0%;) was a random intercept for province within region (a

hierarchical structure)

The response was modelled with a quasi-Poisson distribution to account for
overdispersion, with dispersion parameter ¢, which was calculated as part of the

model fitting process.

Covariates included temperature, wind speed, SPEI, and EVI.

5.2.3 Forecasting dengue cases with covariates

Climate and environment covariates with lags 1 to 6 weeks were added to each of
Model 1 and Model 2 established in the ‘Baseline Chapter’. These variables were

modelled as random walk of order 2 (RW2)[219].
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¥i V=1 ~ N(¥j-1,0%) (15)

Each step was dependent on the previous step with an addition of some noise, o
The PC prior for this model was assumed to be pc.prec(U=1, a=0.01, which was a
weak prior, assuming that the standard deviation, o, , of the next step was very

likely to be small.

5.3 Results

5.3.1 Relationship between covariates and dengue cases
5.3.1.1 Temperature

5.3.1.1.1 Mean Temperature

5.3.1.1.1.1 Main Model

The national model previously described in section 5.2.1 was used to model the
relative risk (RR) of dengue by temperature and lags. The median value of mean
temperature of 26.5°C was used as the reference point for calculating RR. The
dengue RR by mean temperature and lag is presented in Figure 5.1. RR was
lowest at lowest temperature, 11°C and lag 0, while the highest RR was found at

the highest temperature, 35°C and highest lag of 12 weeks.

Relative risk by temperature, over different lags is presented in Figure 5.2. At all
lags, RR for temperatures below 20°C was below 1, followed by an increase that
was more prominent for longer lags. The RR then declined for all lags, with the

largest decrease observed at higher lags.
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Figure 5.2-Relationship between relative risk of dengue and mean temperature, by lag
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5.3.1.1.1.2 Sensitivity analysis

As part of a sensitivity analysis, the national model and regional model described
in section 5.2.1 were compared. Results are presented in Figure 5.3. Both MAE
and RMSE were lower for the regional model. This is not surprising as increasing

the number of parameters increased the flexibility of the model, improving fit.

Mean Temp (°C)

MAE RMSE

2.14

Error

1.59

-

Bangkok Central Northeastern Northern Southern Bangkok Central Northeastern Northern Southern
Region

Model National -e- Regional

Figure 5.3-Errors of residuals for modelling dengue and mean temperature, by region, national and
regional model

5.3.1.1.2 Minimum Temperature

5.3.1.1.2.1 Main Model

A contour plot of RR of dengue by minimum temperature and lags of 0 to 12 weeks
calculated for median of minimum temperature of 22.7 °C as reference, Figure 5.4.
RR was lowest at lowest temperature, 5°C and lag 0, while the highest RR was

found at the highest temperature, 29°C and highest lag, 12 weeks.
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Relative risk by temperature, over different lags is presented in Figure 5.5. At all
lags, RR below 20°C was below 1, followed an increase and decrease that was

more prominent by longer lags.
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Figure 5.4-Relative Risk of dengue, by minimum temperature and lag
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Figure 5.5-Relationship between relative risk of dengue and minimum temperature, by lag

5.3.1.1.2.2 Sensitivity analysis

MAE and RMSE of the national model and regional model were compared and are
presented in Figure 5.6. Both MAE and RMSE were lower for the regional model
except for Bangkok. In Bangkok, the MAE was higher for the regional model
compared to the national model.
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Figure 5.6-Errors of residuals for modelling dengue and minimum temperature, by region.
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5.3.1.1.3 Maximum Temperature

5.3.1.1.3.1 Main Model

A contour plot of RR of dengue by minimum temperature and lags of 0 to 12 weeks
calculated for median of minimum temperature of 31.9 °C as reference, is
presented in Figure 5.7. RR was lowest at highest temperature, 43°C and lags 1
to 6. The highest RR was found at highest lag of 12 and highest temperature, 43°C,

and at lowest temperature at 18°C.

Relative risk by temperature, over different lags is presented in Figure 5.8. At all
lags, RR below 20°C was below 1, followed an increase and decrease that was

more prominent by longer lags.
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Figure 5.7-Relative Risk of dengue, by maximum temperature and lag
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Figure 5.8-Relationship between relative risk of dengue and maximum temperature, by lag

5.3.1.1.4 Sensitivity analysis
MAE and RMSE of the national model and regional model were compared, Figure

5.9. Both MAE and RMSE were lower for the regional model except for Bangkok.
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Figure 5.9-Errors of residuals for modelling dengue and maximum temperature, by region.
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5.3.1.2 SPEI

5.3.1.2.1 Main Model

RR contour plot by SPEI and lags 0 to 12 weeks is presented in Figure 5.10.
Highest RR was observed at lags 5 and 6, and the lowest SPEI. RR decreased at

decreasing SPEI and lag of 1 and 12 weeks.

RR by SPEI and different lags is presented in Figure 5.71. At the lowest SPEI, RR
increased as las increased. At low SPEI values, short lags of 0 to 2 weeks showed
RR below 1, a protective effect against dengue, while long lags of 8 to 12 weeks
showed increased risk of dengue. At high SPEI values, the highest lag, 12 weeks,

showed the lowest risk of dengue.
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W (0.471,0.550] W (0.629,0.707] ®m (0.786, 0.864] M (0.943,1.021] ™ (1.100, 1.179] = (1.257, 1.336] (1.414, 1.493]

Figure 5.10-Relative Risk of dengue, by SPEI and lag
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Figure 5.11-Relationship between relative risk of dengue and SPEI, by lag

5.3.1.2.2 Sensitivity analysis
The regional model had lower MAE and RMSE compared to the national model,
except in Bangkok for the MAE metric where the regional model performed better,

Figure 5.12.
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Figure 5.12-Errors of residuals for modelling dengue and SPEI, by region.
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5.3.1.3 Wind Speed
5.3.1.3.1 Main Model

A contour plot of RR of dengue by wind speed and lags of 0 to 12 weeks is
presented in Figure 5.13. RR was lowest at lowest wind speed and lag 12 while

the highest RR was found at lag 0 and lag 12 at highest wind speed.

RR by wind speed, over different lags is presented in Figure 5.74. At all lags, the

RR converged to 0 at wind speed of 5 m/s, after which it increased.
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Figure 5.13-Relative Risk of dengue, by wind speed and lag
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Figure 5.14-Relationship between relative risk of dengue and wind speed, by lag

5.3.1.3.2 Sensitivity analysis

The regional model had lower MAE and RMSE compared to the national model,

as presented in Figure 5.75.
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Figure 5.15-Errors of residuals for modelling dengue and wind speed, by region
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5.3.1.4 EVI
5.3.1.4.1 Main Model

A contour plot RR by lags of 1 to 12 weeks and EVI is presented in Figure 5.76.
The highest RR was observed at lags 0 to 3, at the lowest EVI, while the lowest

RR was observed at lag 12 and lower EVI.

RR by EVI, over different lags shows that overall, the RR decreased as EVI

increased, Figure 5.17.
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Figure 5.16-Relative risk of dengue by EVI and lag
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Figure 5.17-Relationship between relative risk of dengue and EVI, by lag

5.3.1.4.2 Sensitivity analysis
The regional model had lower MAE and RMSE compared to the national model,
except in Bangkok for the MAE metric where the regional model performed better,

Figure 5.18.
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Figure 5.18-Errors of residuals for modelling dengue and EVI, by region

146



5.3.1.5 Genetic diversity

The correlation between genetic diversity and dengue cases by serotype is shown
in Figure 5.19. No relationship was found between current genetic diversity,
diversity in the previous year, or in the two years prior and the current annual cases

for any serotype.
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Figure 5.19-Correlation between genetic diversity and dengue cases, by serotype

5.3.1.6 Mobility

Figure 5.20 shows the spatial distribution of total incoming visits at the district level
based on Meta’s activity space maps. Incoming visits to districts were weighted
by the average district population from 2013 to 2022. The individual incoming flows
to each district were then aggregated to obtain a total number of incoming visitors

to each district.

Districts in and around major urban centres, such as Bangkok, Chiang Mai, Khon
Kaen, and Hat Yai, had higher incoming visits, highlighting their role as hubs of

social and economic activity. In contrast, more rural districts received lower
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volumes of incoming visits. This spatial heterogeneity of mobility underlines the
difference in exposure to imported dengue risk, particularly in highly connected

districts.
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Figure 5.20-Incoming visits to districts

Figure 5.21 depicts the relationship between national incidence and correlation
between district-level incidence and incoming flow from 2013 to 2022. Pearson
correlations were calculated at the district level, between incidence and incoming
flow for each year. The negative trend indicates that as national incidence
increased, the association between mobility and dengue incidence decreased.
This suggests that during periods of high national transmission, districts may
already be experiencing high local transmission and thus the impact of incoming
flow on dengue incidence is reduced.
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Figure 5.21-Relationship between national dengue incidence and correlation between district-level
incidence and incoming population flow, 2013-2022. Blue is the trend line and grey represents 95% ClI.

5.3.2 Forecasting evaluation

5.3.2.1 Forecasting with temperature

CRPS of forecasting with mean, maximum, and minimum temperature by no
seasonality and seasonality model, lags 1-6 weeks and forecast horizon is
presented in Figure 5.22. As forecast horizon increases, CRPS increases for all
models. In the no seasonality models, the models with and without temperature
covariates performed similarly. In the seasonality models, the baseline model
consistently performed the best. Within temperature covariates, minimum

temperature with lag 0 performed the best.
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Figure 5.22-Mean CRPS of forecasts by mean, maximum, and minimum temperature, by baseline model, and
lag. Lower CRPS indicates better forecasting skill.

5.3.2.2 Forecasting with SPEI

CRPS results of forecasting with SPEI with lags 0 to 6 weeks with a no seasonality
and seasonality framework, compared to baseline models, is presented in Figure
5.23. In the no seasonality models, SPEI with lag 6 performed the best, while in

the seasonality model and overall, seasonality base line performed best.
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Figure 5.23-Mean CRPS of forecasts by SPEI, baseline model, and lag. Lower CRPS
values indicate better forecasting skill.

5.3.2.3 Forecasting with wind speed

CRPS values for forecasting with wind speed at lags 1 to 6 and compared to
baseline models of no seasonality and seasonality are presented in Figure 5.24.
The no seasonality models performed very similarly, with model with wind speed
with lag of 1 performing worst. For the seasonality model, the baseline model

performed the best.
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Figure 5.24-Mean CRPS of forecasts by wind, baseline model, and lag. Lower CRPS indicates
better forecasting skill.

5.3.2.4 Forecasting with EVI

CRPS results of forecasting with EVI with lags 0 to 6 weeks with a no seasonality
and seasonality framework, compared to baseline models, is presented in Figure
5.25. No seasonality baseline performed marginally better than other no

seasonality models. Seasonality base line performed better than all other models.
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Figure 5.25-Mean CRPS of forecasts by EVI, baseline model, and lag. Lower CRPS indicates better
forecasting skill.

5.3.2.5 Forecasting with genetic diversity

As genetic diversity values were only available at the annual level, forecasts were
started at the first week of each year with forecast horizon up to 52 weeks. Genetic
diversity values did not impact the forecasting ability of the no seasonality and
seasonality models as the CRPS with and without this variable were very similar,

Figure 5.26.
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Figure 5.26-Mean CRPS of forecasting with diversity by forecast horizon. Lower CRPS values
indicate better forecasting skill.

5.3.2.6 Forecasting with mobility

Including mobility in both the no seasonality and seasonality models did not
improve forecasting accuracy as demonstrated by increased CRPS values by
forecast horizon, compared to the baseline models, Figure 5.27 and Figure 5.28.
By district, mobility increased CRPS values particularly in the northeast, west and

southern regions at 24 weeks forecast horizon, Figure 5.28.
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Figure 5.27-National CRPS results of mobility and baseline models, by forecast horizon.
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Figure 5.28-District level CRPS difference between base and mobility models, by forecast horizon.
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5.4 Discussion

5.4.1 Summary of evidence
5.4.1.1 Climate variables

5.4.1.1.1 Temperature

In the relationships between temperature and RR of dengue incidence, mean and
minimum temperatures showed increasing RR with increasing temperature until
reaching a maximum RR after which RR decreased. The specific temperature and
which maximum RR occurred differed by lag. In contrast for maximum
temperature, the RR was highest at the lowest maximum temperature values and

decreased with increasing temperature.

A recent systematic review by Kirk et al.[336] investigating impacts of temperature
on dengue found that the highest correlation between temperature and dengue
occurred around 24°C. Consistent with this result, the contour plot of minimum
temperature showed that highest RR was also around 24°C. Other studies found
highest association at higher temperatures, such as 27.8°C[337] and between

27°C and 31°C[102]. These findings align more closely with the highest RR.

For mean and minimum temperature, an increasing RR until a maximum RR
followed by a decrease in RR by increasing temperature is supported by the
literature[104, 193, 247, 336]. This pattern, however, is not the same for maximum
temperature. For maximum temperature, RR decreases at temperature increases.
This is mostly likely explained by the fact that maximum temperatures exceed the
mosquito’s optimal thermal range, reducing adult survival, biting activity, amongst

other vector competence indicators.
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From the forecasting results, none of the temperature variables and their
corresponding lags improved the forecasts compared to the no seasonality
baseline and all performed similarly. When compared to the seasonality baseline,
mean temperature performed best at lags 0 and 1, minimum temperature at lag O,

and maximum temperature at lag 2, but none outperformed the baseline.

The literature on this topic is mixed. A study forecasting dengue incidence in
Singapore found a mean temperature with lag 16 showed the best
performance[198]. Gharbi et al.[338] found that in Guadeloupe, minimum
temperature at lag of 5 weeks was best for forecasting. Using lags of 1 to 4 weeks
of median temperature, a study looking at dengue forecasting in Rio de Janeiro,

Brazil, found that including lagged variables did no improve forecasting skill[188].

Because CRPS results of this analysis were nearly identical across lags in the no-
seasonality models and relatively small differences were observed in the
seasonality models, a lag of 6 weeks was selected for inclusion in the multivariable
model. This choice is intended to best reflect underlying biological processes and

practicality of data availability.

5.4.1.1.2 SPEI

At the lower end of SPEI values, higher lags resulted in higher RR while at higher
SPEI values, higher lags resulted in lower RR. At SPEI of -1, all lags resulted in an

RR of 1.

This result is very similar to a study conducted in Southeaster China, where

authors observed increased risk and both high and low SPEI levels. Looking at
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lags of up to 6 months, they found that RR for extremely wet conditions was highest
at lag of 1 month while for extremely dry conditions, RR was highest at lag of 6
months[131]. Similarly, Lowe et al.[133] also investigated the correlation between
SPEI at lags of up to 6 months and dengue incidence. They found that risk of
dengue increased up to 3 months after extremely wet conditions, with the highest
RR at lag of 1 month, while RR increased 3 to 5 months after extremely dry

conditions, with maximum RR at lag of 4 months.

Lower SPEI values, indicating drought conditions, can lead to water storage
practices that create mosquito breeding sites, with effects accumulating over time,
explaining higher risk of dengue transmission at higher lags. A study in Bangladesh
found that water holding containers were significantly associated with infestation
of Aedes larvae[339]. Lowe et al. found that in Brazil, following extreme drought,

risk of dengue was higher in areas that had higher water supply shortages[133].

In higher SPEI values or very wet conditions, mosquito breeding sites are more
likely to be washed away, with protective effects strengthening at longer lags,
resulting in lower risk of transmission. In a study in Singapore, authors found a
significant decrease in dengue outbreaks 1 to 6 weeks after a flushing event[340].
In another study in Singapore, authors found that pupae decreased by 68.5% after
the onset of the monsoon[341]. A study in Pune, India, found that weeks identified
as wet were positively correlated with dengue mortality, while weeks identified as

flushing weeks, were negatively associated with mortality[145].

No lags improved the forecasting, when compared to the baseline, for both no

seasonality and seasonality model.
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For purposes of multivariable modelling, SPEI with lag of 6 weeks was chosen as
it performed the best in forecasting results in both no-seasonality and seasonality

models.

5.4.1.1.3 Wind speed

At higher lags, higher wind speeds were associated with higher RR while lower
wind speeds showed protective effects, lower RR. At shorter lags, there was

minimal association between wind speed and dengue risk.

This pattern is broadly consistent with the existing literature, which has generally
reported an inverse association between wind speed and dengue incidence. A
study in Guangzhou, China, found that at lags 0 and 1, wind speed had an inverse
relation with dengue incidence[342]. In a study at a municipality in Indonesia,
authors also found negative relationship between wind speed and dengue
incidence[343]. In a study in Bangkok, authors found that at lag O, there was a
negative association between wind and dengue transmission[247]. Studies in
Bangladesh, Malaysia, and Paraguay found a negative relationship while a study
in Peru found a positive relationship[156]. A study in Singapore found that at a lag
of 0, wind speeds of around 5-7.5 km/h resulted in an increased RR while a lag of

5 weeks resulted in a negative effect on RR[193].

Based on the forecasting results, compared to the no seasonality baseline, all lags
performed similarly except lag 1, which had the highest CRPS. In certain forecast
horizons, model with covariate performed better than baseline. When compared to
the seasonality model, lags 3 and 6 performed better than other lags, but neither

outperformed the baseline.
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These findings align with the variability in utility of wind speed in forecasting
research. In a study in Guangdong and Zhejiang in provinces in China, predicting
dengue cases, wind speed with lag 0 and lag 7 months were used,

respectively[344]. In Vietham, wind speed at lag 0 was used for forecasting[226].

For purposes of multivariable modelling, wind speed with lag of 6 weeks was
chosen as it performed the best in forecasting results in both no-seasonality and

seasonality models.

5.4.1.2 Environmental variables

5.4.1.21 EVI

As EVI increased, RR decreased. Higher lags resulted in higher RR at lower EVI

values.

This finding aligns with some of the previous research. In studies in Taiwan[345],
Belo Horizont [346] and Sao Paolo[347], both in Brazil, the authors found a
negative correlation between greenness and dengue cases. A study in Lao PDR
investigated the relationship between NDVI at lags 0 to 6 and dengue cases. They
found the association was strongest at lag of 1 and as NDVI increased, dengue
cases decreased[163]. In a study across 12 provinces in Vietnam, NDVI was found
to have both negative and positive association with dengue at lags of 4 and 5
months[348]. A study in central India found that NDVI was positively correlated
with dengue cases at a lags of 0 and 1 month, while at longer lags (>4 months),
lower NDVI values were associated with higher dengue risk, suggesting an inverse

relationship[349].
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In forecasting using no seasonality baseline, all EVI lags performed similarly and

neither better than the baseline. In the seasonality models, lag 4 performed the

best but neither lag was better than the baseline.

Across studies, impact of vegetation on forecast performance is variable. In a study

in Colombia, using current and previous 11 weeks of EVI, improved short-term

forecasting[202]. A study in Peru created a model t forecast dengue outbreak using

both NDVI and EVI values at current and previous 12 weeks[350].

For multivariable analysis, based on the results, EVI with lag 4 was selected.

baseline

Variable and
Summary of lag to be
Variable I)Sfr;anrzrguﬁfs forecasting included in
results multivariable
model
_ _ Lag 0, though all
Mean Higher lag, high | did worse than | NA
RR baseline
Lag 0, though all
T Minimum Lag 6 highest RR | did worse than | Lag 6
emperature baseline
Higher lag, higher Lag 2, though all
; RR but did worse than NA
Maximum relationship not as
. baseline
straightforward
Lag 6, though all
SPEI Lag 8 did worse than Lag 6
baseline
. Lag 6, though all
Higher lags, more ;
Wind extreme RR did worse than Lag 6
baseline
. . Lag 4, though all
Higher lag, higher
EVI RR at lower EVI did worse than Lag 4

Table 5.1-Summary of findings and variables to be included in multivariable models.
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5.4.1.3 Mobility

Including mobility in the model did not improve forecasting, but it may still be useful

to include it in a multivariable model to account for confounding.

This result was surprising as previous research has found that including mobility
improved forecasting skill. One explanation may be the limited temporal coverage
of the mobility data used in this analysis, which may reduce its ability to capture
longer-term dynamics. For example, studies using mobile phone data in Pakistan
and Thailand found improved forecasting results when mobility was included[174,
175]. Similarly, a study in Peru found that including public transportation data
improved forecasting performance[179]. In Brazil, multi-modal transportation data,
including air, road, and water travel, was found to improve both dengue incidence

and dengue outbreak forecasting[351].

5.4.2 Limitations

There were some limitations with this analysis. This analysis is at a finer spatial
scale than previous research which can mean more noise in both dengue data and
covariates which can limit the ability of the model to find meaningful relationships.
Further work would be helpful to quantify the advantage of using a model at this

resolution rather than a lower resolution.

To allow a seasonality component to be added to the formula, years with week 53
were artificially adjusted to have 52 weeks. This may affect the model fit and
prediction in real life for the end and beginning of the year, particularly in those

years with 53 weeks. In the future, better ways to adjust for seasonality without
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modifying the data should be explored such as defining each week in a continuous

or fractional time scale rather than categorical.

The forecasting analysis was completed using observed covariates. Only the
dengue data was unknown to the model. Therefore, the findings were
overestimated. Further work is required to assess the changes in forecasting

accuracy when using predicted covariates.

There were also other factors that could impact dengue transmission that were not
investigated in this chapter due to lack of suitable available data. These include
but are not limited to access to health care, reporting biases, and changes in
human behaviour as result of dengue infection itself or changes in climate and

environmental variables.

Since each variable was examined individually, the effects of confounders and
effect modifiers were not considered. Omitting these factors may lead to
misleading estimates of each variable’s impact on dengue transmission. The
following chapter will investigate multivariable models that adjust for confounders
and effect modifiers. Including multiple covariates rather than analysing them in
isolation can improve forecasting performance by better capturing spatiotemporal
structures, integrating multiple weak signals, and borrowing strength across

districts.

To assess the impact of all variables in one model on forecasting accuracy,
minimum temperature at lag 6 weeks, wind at lag 6 weeks, SPEI at lag 6 weeks,
EVI at lag 4 weeks, and mobility will be assessed in a no seasonality and
seasonality framework.
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6 Multivariable Analysis

6.1 Introduction

In this chapter, multivariable models will be explored for forecasting dengue
transmission. Variables and their associated lags identified in the previous chapter
will be used to inform multivariable models. Impact of interactions will also be
investigated as they may reveal patterns that could be overlooked when

investigating the impact of only one variable.

In univariate models, only one covariate was included at a time. While this
approach provided insights into the relationship between each covariate and
dengue incidence, the true relationship may be confounded by a third variable that
is associated with both the covariate and the outcome but is not part of the causal
pathway[352, 353]. This can lead to overestimation or underestimation of the
relationship between the first covariate and the outcome[353]. Adjusting for
confounders can capture additional information and potentially improve model

performance[354].

It is also important to consider effect modifiers. The effect of variables may change
at different levels of a third variable, known as an effect modifier[355]. This occurs
when there is a biological difference between the effect of the covariate on the
outcome, by different levels of the effect modifier. This relationship is captured by
including interaction terms between the covariate and effect modifier in the
model[356]. This interaction term can improve the predictive outcome of the model
by improving the flexibility of the model and allowing for a more precise prediction

for subgroups[218].
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For the purposes of this thesis, | will consider three interaction terms: interaction
between minimum temperature and SPEI, interaction between enhanced
vegetation index (EVI) and genetic diversity, and interaction between minimum

temperature and wind speed.

From my systematic review, previous research has demonstrated interaction
between temperature and precipitation is important to consider for predicting
dengue transmission. Warmer temperatures increase biting activity of Aedes
mosquitoes[357] and shorten EIP[101, 358]. Precipitation can increase availability
of larval habitats, leading to increased mosquito abundance[112-116]. However,
high precipitation can flush out breeding sites [118-120] while decreased dengue
risk during low precipitation periods may be offset by water storage practices that
provide habitats for larval growth[133]. The relationship between temperature and
precipitation is more nuanced. In a laboratory-based experiment, Alto and
Juliano[111] investigated how varying temperatures (22, 26, and 30°C) and
precipitation regimes affected Aedes albopictus. They used temperature-
controlled cages with varying water re-filling schedules to simulate different
precipitation scenarios. Their results showed that prevention of drying at higher
temperatures led to greatest production of adults while drying led to lower
production of adults, because of mortality of aquatic stages. At the lowest

temperature, precipitation had no effect on adult production.

Interaction between EVI and genetic diversity can reveal important patterns. Aedes
aegypti, the main vector of dengue in Thailand[359], thrives in urban areas [359-
361]. It has been shown that Ae. aegypti abundance[362, 363] and dengue
transmission[346] are negatively associated with high values of EVI or greenness.
Higher mosquito populations can lead to higher transmission rates, potentially
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influencing genetic diversity. In Thailand, Salje et al. [364] found that urban areas
had a higher dengue genetic diversity than rural areas. An interaction term
between EVI and genetic diversity would examine whether the impact of genetic
diversity on transmission is different between urban or low EVI settings and rural
or high EVI settings. This could occur if urban environments with higher mosquito
densities enhance transmission of circulating viral strains, while in rural areas, the

transmission may be lower despite similar viral diversity.

Yet another interaction to consider is between wind speed and temperature. Higher
wind speed has been shown to reduce dengue transmission[193, 276, 365-367].
Wind affects dengue transmission by impacting the distribution of the vector. High
winds can disturb the flight of the mosquito, making finding a host and oviposition
more difficult{148-150]. Moderate winds, on the other hand, may enhance dengue
transmission by aiding the dispersal of the vector farther than it can fly[368]. A
study of the release and recapture of Ae. aegypti found that wind speed impacted
recapture frequency[369]. At optimal temperatures, dengue vectors exhibit highest
blood feeding rates and female longevity, contributing to higher transmission[370].
However, wind may dampen the positive impacts of temperature by physically
disrupting the mosquito’s flight behaviour. The interaction between wind and
temperature captures whether the impact of temperature on transmission is

modified by wind speed.

Mobility was also included in the multivariable models investigated as it can be a
confounding factor between climate and environmental variables and dengue
transmission. Mobility has been shown to be correlated with dengue transmission.
Wesolowski et al.[174] used mobile phone data in addition to climate information
to predict the spread of dengue in Pakistan while Kiang et al.[175] found that
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mobility correlated with increased dengue cases in Thailand, where provinces that
were more strongly connected as shown by mobile phone data had a higher
correlation with dengue cases than less connected provinces. As an example of a
natural experiment, Chen et al.[371] found COVID-19-related mobility restrictions
in Thailand resulted in an aversion of 66% (95% CI: 14-90%) of cases in 2020
whereas mobility restrictions in other countries, such as Belize and Nicaragua,
resulted in an increase of cases. Other studies found a decrease in dengue cases
in Fortaleza, Brazil [372] and in Sri Lanka[373]. These results, however, must be
viewed with caution as there may be biases that are difficult to correct for, such as
reduced health-seeking behaviour due to restrictions. Vector control measures
such as outdoor spraying were also disrupted, leading to an increase in cases.
Cavany et al[374] investigated the impact of the decrease in vector control
measures on populations sheltering at home in Iquitos, Peru, and found that this
change led to an increase in cases. Based on these results, even though some
are conflicting in their conclusions, it is evident that mobility influences dengue

transmission.

The aim of this chapter is to assess the predictive ability of multivariable models of
dengue incidence and outbreaks by including variables previously investigated in
univariate models (Chapter 5) as well as selected interaction terms. Model
performance is evaluated by comparing the forecasting ability of each model to a
baseline model (Chapter 4), across forecast horizons and by target weeks.
Additionally, the effect sizes of each covariate are investigated to better

understand the impact of confounding and effect modification in the models.
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6.2 Methods

Covariates and interaction terms were added to baseline models of no seasonality
and seasonality as fixed effects rather than random effects as was done in the
univariate chapter (Chapter 3). This is because as the number of parameters
increased, the fitting process became more computationally cumbersome.
Therefore, using fixed effects ensured that the models converged in a timely
fashion. For example, when minimum temperature at lag of 6 weeks was included
as a random effect in the seasonal model, computation time was 6.2 minutes,
nearly three times longer than the 2.1 minutes required when the same covariate

was specified as a fixed effect.

Four models, each with a no seasonality and seasonality base, were considered.
The first model included the covariates of minimum temperature at lag of 6 weeks,
SPEI at lag of 6 weeks, wind speed at lag of 6 weeks, EVI at lag of 4 weeks, genetic
diversity of dengue serotypes 1, 2, 3 and 4, and finally a mobility precision matrix

previously explained in Chapter 3.

The second model was like the first but included an interaction between EVI and
genetic diversity measures. The third model was also built upon the first model but
included an interaction between minimum temperature and SPEI. The fourth
model, also built upon the first model, included an interaction between minimum

temperature and wind speed.
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Formula 1a

-wind speed, + f, - evi, + Zyi
i=1

“Pi; + fmobilty + Ua + Vg

+ log(pop)

Where fropiity denotes a random effect modelled using genericO and a user-

defined precision matrix, as previously described in the Descriptive chapter.

Formula 2a
log(A) = a + Wt,p4 + By -tming + B, - spei, + B3 - wind speed, (17)
+ Z 8; - (evig - pi;) + finobiity + Ua + V4 + log(pop)
i=1
Formula 3a
log(A) = a + W,y + B - (tming - speiy) + 6 (18)

-wind speed, + f, - evi, + Zyi - i,

im1
+ frmobility + Uq + vq + log(pop)
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Formula 4a

loglA) =a+ W, + B, -spei, + B (19)

- (tming - wind_speed, ) + B, -evi,+ ) v;

NGE

. =1
“Pi; + frobiity + Ua +vq + log(pop)

Formulas 1b to 4b had an additional term of Q, , which accounts for the seasonality

effect at the regional level.

To ensure equal comparison with univariate results, the selected covariates were
ran as fixed effects univariately and compared to the coefficients from multivariable
models to assess change in values as a result of confounding and effect modifiers.
Presence of confounding and effect modification was assessed by comparing

effects sizes of covariates between models to identify any statistical difference.

6.2.1 Sub-analyses

Sub-analyses, assessing the forecasting ability of the model by season (rainy or
dry) and outbreak status was conducted. These additional analyse will help identify

whether the model is generalizable to different periods.

6.3 Results

6.3.1 All years

6.3.1.1 Forecast horizon

CRPS at the national level by forecast horizon is presented in Figure 6.1. In the

models with no seasonality, the multivariable models performed better than the
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baseline in all forecast horizons except in weeks one to three. This difference
however is minimal. In the models with seasonality, the results showed a different
pattern, where the baseline performed better than the multivariable models for all
forecast horizons except week eight which may be a result of randomness.
Comparing both groups of no seasonality and seasonality models, the group of
seasonality models performed better and specifically, the seasonality baseline

model performed best.

In the no seasonality panel, the covariates may have provided some of the
seasonality information that may have been missing, thus resulting in a better
performance than the no seasonality baseline. On the other hand, in the
seasonality panel, the covariates may have already correlated with the seasonality

term and added additional noise, decreasing performance.

Base Formulal — Formula 2 Formula 3 Formula 4

No Seasonality Seasonality

0.301

Mean CRPS
S~
\

0.254 \

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Forecast horizon (weeks)

Figure 6.1-CRPS by forecast horizon and model. The left panel shows the models with a no
seasonality base and the right panel shows the models with a seasonality base.
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6.3.1.2 Target week

Forecasting accuracy by target week and forecast horizon is shown in Figure 6.2.

As forecast horizon increased, the difference between the multivariable models

and the baselines increased. As also shown in Figure 6.1, for no seasonality

models, at 24 weeks forecast horizon, multivariable models performed better than

the baseline. In contrast, for the seasonality model at 24 weeks forecast horizon,

the multivariable model did not consistently perform better than the baseline

model.

Base Formula 1 Formula 2 Formula 3

No Seasonality

Formula 4

Seasonality

0.501

0.254

0.754

Mean CRPS
o
3

IS}
N
«

2014 2015 2016 2017 2018 2019 2020 2021 2022 2014 2015
Target week

Figure 6.2-CRPS by target week, forecast horizon, and model.

6.3.2 Seasonal status

2016 2017

2018

2019

2020

2021

2022

Rainy season was designated as being from May to October while the dry season

was between November and April, inclusive. All models performed better in dry

seasons than in rainy seasons (Figure 6.3). In dry seasons, multivariable models

performed better than baseline in no seasonality models and performed worse in

seasonality models.
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In rainy seasons, multivariable models performed similar to the no seasonality and
seasonality baselines, with some improvement of the seasonality baseline from
week eleven onwards. Overall, models in dry seasons performed better than their
rainy season counterparts and the seasonality model in dry seasons performed

the best.

As all multivariable models performed similarly, formula 1 was selected as an
example for inclusion for the following analysis. Figure 6.4 shows the difference in
CRPS between the baseline models and the corresponding formula 1, by district
and by dry and rainy seasons. Like Figure 6.3, for the no seasonality models in the
dry season, as forecast horizon increases, the difference between baseline model
and multivariable model increases, with the multivariable model outperforming the
baseline model in 24 weeks of forecast horizon. In the rainy season, the difference
between the base and multivariable models by districts is not as pronounced,
though there are some districts with strong performance by the baseline model
(orange and dark orange in west, south, and northeast areas) and some districts

with strong performance by the multivariable model (dark blue in northern areas).

In the seasonality models, the differences between the base and multivariable
models increased as forecast horizon increased. At 24 weeks forecast horizon, the
difference in the models was most pronounced in the rainy seasons with some
districts (orange and dark orange in west, northwest, northeast, south) showing
better performance by the baseline model with some areas (blue, central) showing

better performance by the multivariable model.
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Figure 6.3-CRPS by forecast horizon, season, and model.
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Figure 6.4-Difference in CRPS between baseline model and model with all covariates, by rainy season,

and forecast horizon (1, 4, and 24 weeks).
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6.3.3 Outbreak status

Each week’s outbreak status was determined using the previously described
method in Chapter 3. If the number of cases in a week was higher than the median
of the past five years for the same week, then that week was considered to have
an outbreak. CRPS results were averaged by outbreak status of the target week
are presented in Figure 6.5. These results only include target weeks from 2018
onwards as five years of historical data was required to identify outbreaks. CRPS
results for all models were lower when there was no outbreak. Comparing the
baseline model and multivariable models when there were no outbreaks, the
multivariable model performed slightly better than the baseline in the no
seasonality models while it performed very similarly to the baseline in the
seasonality models. In outbreak settings, the no seasonality models performed
very similarly, while in the seasonality models, the baseline model performed
better, with difference between the models increasing as forecast horizon

increased.

Results of the CRPS difference between baseline and multivariable models, by
district and forecast horizon are presented in Figure 6.6. In no-outbreak settings,
the difference between the baseline and multivariable models in both the no
seasonality and seasonality and for all forecast horizons was minimal, with
increase in difference by increase in forecast horizon. In outbreak settings, the
difference between the two models by no seasonality and seasonality models also
increased by forecast horizon. In the no seasonality models at 24 weeks forecast
horizon, there was not a discernible pattern for which districts performed better

based on which model. In the seasonality models, the baseline model performed
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better in more districts as is evidenced by more orange-coloured districts in Figure

6.6 but the pattern was not clear.
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Figure 6.5-CRPS by forecast horizon, outbreak status, and model.
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Figure 6.6-CRPS difference between baseline model and model with formula 1, by forecast horizon, outbreak
status, and baseline model. Dark grey indicates districts that did not experience outbreaks.
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6.3.4 Effect estimates

Effect estimates of variables for the different models are presented below. Figure
6.7 and Figure 6.8 are the effect estimates for all variables for the no seasonality
and seasonality baseline models respectively, while Figure 6.9 and Figure 6.10 do
not include the genetic diversity related terms. The reason for this was to provide
a better view of the non-diversity terms as the estimates of the diversity terms were

much larger than the rest of the covariates, making visualisation difficult.

In all sets of formulas (no seasonality and seasonality), genetic diversity for
serotype 2 had the largest absolute and the most negative effect. This was

followed by genetic diversity for serotype 3 which had the largest positive effect.

Within the climate covariates, SPEI with lag of six weeks had the highest absolute
and positive coefficients for both no seasonality and seasonality models. When
interaction with minimum temperature with lag of six weeks was included, the SPEI
coefficient decreased. Minimum temperature with lag of six weeks for all models
had coefficients very close to zero. Wind speed with lag of 6 weeks had small
negative effect estimates for all models, while the model with interaction of wind
speed and minimum temperature had the largest effect. Addition of this interaction
term resulted in a decrease in the effect estimate for wind speed. In the seasonal
models, the effect estimates of SPEI and wind speed in formulas 3 and 4 had a
larger range than the no seasonality models. This may be due to the collinearity

between these variables and the seasonality term, resulting in instability.
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Figure 6.7-Effect estimates by formula, for a no seasonality base model. Variables on the x-axis are defined as:
TMin_6 is minimum temperature at lag 6 weeks, SPEI_6 is SPEI at lag 6 weeks, Wind_Speed_6 is wind speed at
lag 6 weeks, EVI_4 is EVI at lag 4 weeks, pi_Dengue_1 is genetic diversity for serotype 1, pi_Dengue_2 is genetic
diversity for serotype 2, pi_Dengue_3 is genetic diversity for serotype 3, pi_Dengue_4 is genetic diversity for
serotype 4, EVI_4:pi_Dengue_1 is the interaction term between EVI at lag 4 weeks and genetic diversity of serotype
1, EVI_4:pi_Dengue_2 is the interaction term between EVI at lag 4 weeks and genetic diversity of serotype 2,
EVI_4:pi_Dengue_3 is the interaction term between EVI at lag 4 weeks and genetic diversity of serotype 3,
EVI_4:pi_Dengue_4 is the interaction term between EVI at lag 4 weeks and genetic diversity of serotype 4,
TMin_6:SPEI_6 is the interaction term between minimum temperature at lag of 6 weeks and SPEI at lag of 6 weeks,
and TMin_6:Wind_Speed_6 is the interaction term between minimum temperature at lag of 6 weeks and wind
speed at lag of 6 weeks. Stars (*) indicate significant effects.
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Figure 6.8- Effect estimates by formula, for a seasonality base model. Variables on the x-axis are defined as:
TMin_6 is minimum temperature at lag 6 weeks, SPEI_6 is SPEI at lag 6 weeks, Wind_Speed_6 is wind speed
at lag 6 weeks, EVI_4 is EVI at lag 4 weeks, pi_Dengue_1 is genetic diversity for serotype 1, pi_Dengue_2 is
genetic diversity for serotype 2, pi_Dengue_3 is genetic diversity for serotype 3, pi_Dengue_4 is genetic diversity
for serotype 4, EVI_4:pi_Denugue_1 is the interaction term between EVI at lag 4 weeks and genetic diversity of
serotype 1, EVI_4:pi_Dengue_2 is the interaction term between EVI at lag 4 weeks and genetic diversity of
serotype 2, EVI_4:pi_Dengue_3 is the interaction term between EVI at lag 4 weeks and genetic diversity of
serotype 3, EVI_4:pi_Dengue_4 is the interaction term between EVI at lag 4 weeks and genetic diversity of
serotype 4, TMin_6:SPEI_6 is the interaction term between minimum temperature at lag of 6 weeks and SPEI at
lag of 6 weeks, and TMin_6:Wind_Speed_6 is the interaction term between minimum temperature at lag of 6
weeks and wind speed at lag of 6 weeks. Stars (*) indicate significant effects.
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Figure 6.9-Effect estimates by formula, without diversity related estimates, for no seasonality base
models. Variables on the x-axis are defined as: TMin_6 is minimum temperature at lag 6 weeks,
SPEI_6 is SPEI at lag 6 weeks, Wind_Speed_6 is wind speed at lag 6 weeks, EVI_4 is EVI at lag 4
weeks, TMin_6:SPEI_6 is the interaction term between minimum temperature at lag of 6 weeks and
SPEI at lag of 6 weeks, and TMin_6:Wind_Speed_6 is the interaction term between minimum
temperature at lag of 6 weeks and wind speed at lag of 6 weeks. Stars (*) indicate significant effects.

180



Effect estimates

*
* *
* *
0.2 \
0»0'-—-—!-!-5 --------------- ‘—T-I-“ ----- rq4-rr2-----—=---
-0.2 4
(\Q/) N/ 55’ Q7 \03) b?
& Q‘° & 3 &
A < bng b"‘o Q,:OQ
o ®o/ o
N R gﬁ
&
«@
Variables
season_form1 -®- season_form2 -@- season_form3 -®- season_form4 univariate

Figure 6.10- Effect estimates with confidence intervals by formula, without diversity related
estimates, for seasonality base models. Variables on the x-axis are defined as: TMin_6 is
minimum temperature at lag 6 weeks, SPEI_6 is SPEI at lag 6 weeks, Wind_Speed_6 is wind
speed at lag 6 weeks, EVI_4 is EVI at lag 4 weeks, TMin_6:SPEI_6 is the interaction term
between minimum temperature at lag of 6 weeks and SPEIl at lag of 6 weeks, an
TMin_6:Wind_Speed_6 is the interaction term between minimum temperature at lag of 6 weeks
and wind speed at lag of 6 weeks. Stars (*) indicate significant effects.
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6.4 Discussion

Between 2013 and 2022, multivariable models and interactions to adjust for
confounding and effect modifiers, compared to no seasonality and seasonality
baselines, improved the forecasting accuracy of the no seasonal model while the
seasonal baseline performed better in comparison to its respective multivariable
models. Overall, the seasonal baseline model was the best performing model as
shown by its lowest CRPS results. When the data was disaggregated by season
(rainy and dry) and outbreak status, there was an improvement seen with
multivariable models compared to the no seasonality baseline. In no-outbreak
periods and dry seasons, which are often correlated, the covariates improved
forecasts of no seasonality model, particularly at longer horizons. In the
seasonality models, the baseline performed better in both rainy and outbreak
periods. There was very minimal difference between the performance of the
multivariable models. This may be because the covariates are correlated as almost
all of them follow seasonal patterns and may be accounting for the same

underlying signal.

There may be a range of fundamentally different characteristics between rainy
seasons and outbreak periods and dry seasons and no-outbreak periods driving
these patterns, many of which were not captured in the data available for my
analyses. Due to the influx of cases during rainy seasons, surveillance and quality
of reports may be degraded compared to dry seasons. The strain on the healthcare
system may also cause a delay in diagnosis and underreporting, particularly of
mild cases[17]. Vector control efforts may also be enhanced compared to the dry
season[375], introducing a confounding effect not captured in this thesis. There

may also be a change in movement patterns such as displacements because of
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heavy rains and flooding. Tsuda et al[376] reviewed floods that occurred in
Thailand between 2005 and 2019, and found that during my study period of 2013
to 2022, the floods in 2017 resulted in the largest flooded area in northern and
southern regions (according to the ratio of inundated area to regional area) which
resulted in temporary migration of populations. My model did not capture such
movements as only a static mobility matrix could be included. Additionally, after a
rainy season and periods of high transmission, population immunity may shift,
impacting transmission dynamics in the following seasons[279, 377]. Biologically,
environmental covariates may impact dengue differently in different seasons[378],
with complex lagged effects on transmission[379]. In rainy seasons, there may
also be enhanced vector competition with other viruses such as Zika and
chikungunya that rely on the same mosquito hosts for transmission[380, 381],

complicating prediction efforts.

Beyond the factors impacting the seasons differently, there are other factors not
considered here that may impact dengue transmission such as socioeconomic
status, education level, and district level differences in response to dengue

outbreaks and implementation of public health measures.

Other researchers have found similar results, where a seasonal model without
covariates performed better in forecasting dengue transmission than models with
covariates. Forecasting dengue in Mexico, Johansson et al[268] found that climate
did not improve the forecasting ability of seasonal autoregressive models, while
Lauer et al[257] found that in Thailand, the importance of climate variables was
regionally dependent, and past incidence was the most prominent factor in model
performance. Colon-Gonzalez et al[226] found that in Vietham, a superensemble
of models including climate and Earth observations performed better at predicting
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dengue cases at 1 to 3 months lead time compared to a seasonal baseline while

the baseline outperformed the superensemble at lead times of 4 to 6 months.

The forecasting error between predicted and observed values is a conservative
estimate, since the climate data used in the forecasting phase of the analysis was
based on observed data rather than predicted values. Therefore, the application
of these models and their performance need to be re-assessed using forecasted
climate covariates. Different covariates such as higher resolution phylogenetic
data and other models such as deep learning methods and ensembles should also

be investigated.

These results show that a model based on previous dengue cases and seasonal
patterns of dengue had higher forecasting skill than models including covariates in
most districts of Thailand. The models also provided details at district levels on
where covariate may prove useful. This information is useful to national and local
public health officials interested in understanding future burden of dengue in their

jurisdiction.
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7 Discussion

This thesis developed and evaluated spatiotemporal models to forecast dengue
transmission across Thailand over space and time. This was acheived through a
systematic review of dengue forecasting methods, epidemiological analysis of
dengue data from 2013 to 2022, and the development of Bayesian hierarchical
models which included climatic, environmental, genetic diversity, and mobility

covariates.

This work addresses key methodological gaps in the dengue forecasting literature,
including the limited use of spatial and temporal correlation structures and
probabilistic evaluation metrics. By integrating these components, this thesis
contributes to improving dengue forecasting performance and interpretability,

while emphasizing public health relevance.

7.1 Summary of findings

The systematic review identified an increasing use of machine learning methods
for forecasting over time. Most models incldued in the review failed to account for
the temporal and spatial correlation structure of the data. Only 7 of the 162 studies
(4.3%) used a probabilistic approach to evaluate their forecasts, with most relying

on point estimates.

These findings emphasize the need for advances in, and better use of, methods
that explicitly handle spatial and temporal dependencies, as well as increased
adoption of forecasting evaluation methods that incorporate uncertainty. This

thesis directly addressed this gap by including random effects within a hierarchical
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Bayesian framework and evaluating forecasts using probabilistic methods. The
review also highlighted that forecasting research should extend beyond accuracy
metrics to include implications for decision-making in public health practice, an
area that is underexplored[269]. Despite advances in forecasting modelling,
evidence of integrating such tools into operational control programs remains
scarce, with limited integration of data collection, model development, and
interventions [382, 383]. Key gaps include limited alignment between model
capabilities and decision-making requirements[227], lack of actionable forecasts
at appropriate resolutions[188, 384], and insufficient capacity building of local

actors[382].

Between 2013 to 2022, dengue incidence in Thailand showed spatiotemporal
heterogeneity. Peaks in northern provinces occurred during late spring and
summer, while southern provinces experienced a peak in winter and early spring.
DENV1 was the dominate circulating serotype. Wavelet analysis revealed both
seasonal and interannual patterns. The seasonal pattern was strongest annually
while the interannual pattern was strongest at around 3.5 years followed by 2.5
years. These findings provide important epidemiological context for interpreting
forecast performance across districts and forecast horizons. When dengue
transmission follows historical norms, the dominant annual seasonal cycle
provides predictive skill, allowing models to perform better at forecast horizons of

3 to 6 months [268, 385].

Two baseline models were developed, one with an autoregressive term accounting
for historical dengue cases, and another with an additional seasonality term
accounting for recurring annual transmission patterns. Baseline models were
evaluated over a 24-week forecast horizon at the district level using CRPS,
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sharpness, calibration, bias, AUC, and Bier Score. Forecasting accuracy
decreased with increasing forecast horizon. At a 1-week forecast horizon, the
CRPS of autoregressive-only model was 0.217, compared to 0.219 for the
seasonal baseline model. At shorter horizons of approximately four weeks, both
models performed similarly, suggesting that autoregressive models alone are
adequate for short-term forecasting. However, as the forecast horizon increased,
discrepancies between models increased across districts, with the seasonal
baseline model demonstrating better performance overall. At a 24-week forecast
horizon, the autoregressive-only model had a CRPS of 0.340, while the seasonal

baseline model had CRPS of 0.298.

Among climatic and environmental covariates examined, minimum temperature,
wind speed, SPEI at 6-week lags and EVI at 4-week lags showed the best
forecasting performance. Maximum and mean temperature did not improve
forecasts compared with baseline models. Genetic diversity did not improve

forecasting while including mobility reduced forecasting skill.

Selected covariates were combined in multivariable models building upon the
baseline models to adjust for confounding. Three interaction terms were included
to account for effect modification. These included interaction between minimum
temperature and SPEI, interaction between EVI and genetic diversity, and
interaction between minimum temperature and wind speed. Forecasts were

evaluated using CRPS.

Overall, the seasonal baseline model performed best when compared with more
complex multivariable models. Adding covariates to the baseline models had
minimal impact, suggesting that seasonal patterns already accounted for much of
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the predictable variation in dengue incidence. At a 1-week forecast horizon during
outbreak periods, the seasonal baseline model achieved CRPS of 0.236, while
multivariable seasonal models ranged from 0.268 to 0.269, indicating worse
performance. During non-outbreak periods, the seasonal baseline model achieved
a CRPS of 0.198, while multivariable seasonal models achieved slightly better
performance, with CRPS values ranging from 0.190 to 0.19. At a 24-week forecast
horizon, multivariable models outperformed the seasonal baseline during outbreak
periods (CRPS 0.264 versus 0.296), but underperformed during non-outbreak
periods (CRPS 0.275-0.276 versus 0.251).

Environmental covariates provided greater benefit when added to no-seasonality
baseline models, particularly during non-outbreak periods and dry seasons,
suggesting that climatic variables play a larger role when seasonal forcing is
weaker. At a 1-week forecast horizon during non-outbreak periods, the no-
seasonality baseline model achieved a CRPS of 0.198 while multivariable no-
seasonality models achieved a CDRPS of 0.194. At a 24-week forecast horizon,
the no-seasonality baseline model had a CRPS of 0.305, while some multivariable
no-seasonality models showed marginal improvements, with CRPS values ranging

from 0.302 to 0.307.

Other studies reported similar findings. In Thailand, Lauer et al. found that climate
variables did not improve forecasting performance of an incidence-only
model[257]. Chen et al.[386] forecasted multiple infectious disease across four
countries, including dengue in Thailand, using LASSO, and found minimal
improvement in accuracy when adding climate variables. Johansson et al[268],
compared dengue forecasting models in Mexico and found that SARIMA models
performed best when compared to models incorporating climate variables. Colon-
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Gonzalez et al.[226] developed a seasonal ensemble dengue forecasting model
for Vietnam using climate data and found that at forecast horizons beyond 3

months, baseline model predicting same incidence every month performed best.

These results highlight that autoregressive and seasonal components provide
strong predictive power for dengue forecasting in Thailand. While climatic and
environmental variables are biologically relevant, their contribution to forecasting
skill is limited when seasonality is explicitly included in the model. From a public
health perspective, short-term forecasts based on autoregressive models may be
sufficient for operational planning, while for longer-term forecasts, seasonal

models may be more appropriate.

7.2 Implications for our understanding of dengue epidemiology

Beyond forecasting model development, these findings, combined with the
descriptive analyses of spatial and temporal patterns, provide insights into the

drivers of dengue transmission dynamics in Thailand.

Wavelet analysis revealed that dengue in Thailand operates on multiple temporal
scales simultaneously: a seasonal cycle of 6-18 months, with strongest power at
an annual frequency and interannual cycles of 1.5-5 years, with peak power at
approximately 3.5 years and a smaller peak at 2.5 years. These findings
demonstrate that dengue transmission is driven by processes operating at different
timescales, which has important implications for forecasting and intervention

planning.

The strong annual signal likely reflects consistent environmental forcing through

temperature, precipitation, vegetation, and wind patterns associated with
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Thailand's seasonal climate [106, 387-390]. The interannual cycles are consistent
with susceptible population replenishment following major epidemics, aligning with
theoretical dengue dynamic models incorporate serotype-specific immunity and
antibody-dependent enhancement[391, 392]. While environmental variables
demonstrated clear associations with dengue risk in the DLNM models, individual
covariates did not substantially improve forecasting accuracy compared with the
seasonality baseline model. This suggests that the seasonality signal in dengue
cases in Thailand is better captured by seasonal terms than climatic and

environmental variables.

7.3 Implications for dengue forecast model development

The finding that the model with autoregressive correlation and a seasonality
component outperformed models incorporating climate and environmental
covariates have several important implications for dengue forecast development.
The strong performance of relatively simple seasonal autoregressive models
suggests that complex models may not be necessary for accurate short-term
dengue forecasting in settings with strong seasonal patterns. The strong predictive
power of recent case counts compared to external drivers indicates that intrinsic
epidemic dynamics dominate short-term forecasting, as was found in other
studies[257, 268]. The success of models with seasonal components without other
covariates suggests that the annual seasonal cycles already capture the
information captured by climate variables. In Thailand, temperature, precipitation,
vegetation cover, and wind follow seasonal patterns that drive dengue
transmission[106, 387-390]. As a result, these variables indirectly capture
seasonality and their inclusion is redundant. However, the risk of such an approach
is the application of the model to scenarios when dengue transmission does not
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closely follow historical patterns, as was observed during outbreak periods in this
thesis. Similar finding was found by Morbey et al.[385] for respiratory syncytial
virus in England, where seasonality models performed best during a typical season
but were less successful in an atypical season. Additionally, the best-fitting model

for typical seasons contained different variables than for an atypical season.

These findings emphasize that there is no best model for dengue forecasting. Best
approaches are context dependent, depending on geographic setting, forecast
horizon, epidemiological conditions, and where disease follows historical norms.
In Thailand's context of strong, predictable annual seasonality, seasonal
autoregressive models perform well. However, in regions with weak or variable
seasonality, or when forecasting at longer horizons, climate and environmental

covariates might provide additional value

7.4 Public health utility of findings

The practical value of a forecasting model does not depend only on its accuracy,
but also its feasibility of implementation, timeliness, and alignment with needs of
public health decision makers. The finding that the seasonal model had the top
forecasting skill when compared to models with covariates is an important finding
for implementation in resource-limited settings. Using only historical data will make
forecasting more accessible to local health departments, an important criterion of

dengue surveillance systems, as described by WHOI[29].

The forecast horizons examined in this thesis (1 to 24 weeks), provide sufficient
time for public health interventions. Hospitals have adequate time to prepare for

increased patient loads by ensuring adequate bed capacity, supplies of

191



intravenous fluids, blood products, and staff. Health promotion activities can be
ramped up to increase care-seeking for dengue symptoms and promote household
vector control. Thailand’s current dengue response under the 3-3-1 approach is
reactive, where local officials are expected to report outbreaks within 3 hours,
implement initial control measures within 3 hours of reporting, and conduct
mosquito fogging within 1 day[393]. Forecasting could enable a more anticipatory
approach, for example, by pre-positioning vector control resources, intensifying
surveillance, and prioritising risk communication in areas forecasted to experience

elevated transmission.

Forecast horizons examined in this thesis may be insufficient for interventions
requiring longer preparation times, such as large-scale community mobilization
campaigns or policy changes, highlighting the potential value of longer horizon
forecasts (more than 6 months), though the current models showed declining

performance at longer horizons.

7.5 Limitations

7.5.1 Data

Surveillance data may be subject to systematic biases in case ascertainment that
can affect model performance in complex ways. Case identification is often based
on clinical diagnosis without laboratory confirmation. This may result in
underdiagnosis, particularly during non-outbreak periods, when clinical suspicion
for dengue is low, or overdiagnosis during outbreak periods when clinical suspicion

is high.
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If a period of underdiagnosis is included in the training data, the model may
underestimate future cases. Conversely, if overdiagnosis periods are included,
forecasts may overestimate incidence. Given current limitations in understanding
temporal variations in diagnostic sensitivity and specificity of Thailand's
surveillance system, quantifying and adjusting for these biases remains

challenging.

The case data provided by the MoPH are collected through Thailand’s national
epidemiological surveillance system, a mandatory reporting system that captures
cases from public and private health facilities, regardless of a patient’s nationality
or legal status [394]. However, population denominators used to calculate
incidence rates are based on official counts that substantially underestimate the
non-Thai population present in the country. According to data released on January
8, 2025, by the Department of Provincial Administration (DOPA), the total non-Thai
population was estimated to be 997,549[395], while the United Nations Network
on Migration estimated the total non-Thai population to be about 5.345 million as
of December 2023[396]. This discrepancy exists because national estimates do
not include refugees or illegal migrants including those who live in refugee
camps[397]. As a result, incidence rates calculated using DOPA population

estimates may result in inflated incidence rates.

The accuracy of NS1 diagnostic tests which are commonly used to diagnose
dengue infection, differs by dengue virus serotype. In a systematic review, Da
Costa et al[398] compared accuracy of Panbio and Platelia, and found that these
tests had the highest accuracy for DENV1 at sensitivity of 81% (95% CI 73-87)
for Panbio and 90% (95% CI 81-95) for Platelia and lowest sensitivity for DENV4
at 37% (95% CI 26-50) for Panbio and 58% (95% CI| 30-81) for Platelia. In another
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systematic review by Shan et al[399] focusing on tests conducted on Asian
populations, pooled sensitivity for NS1 tests were 79.5% (95% Cl 76.6—82.3) for
DENV1, 62.7% (95% Cl 59.1-66.2) for DENV2, 73% (95% CIl 69.2-76.6) for
DENV3, and 46% (95% CI 36-59.3) for DENV4.

These findings demonstrate that NS1 tests have unequal detection capability by
serotype, which can directly impact case identification and estimation of disease
burden. When serotypes with lower NS1 sensitivity predominantly circulate, case
counts based on NS1 testing may lead to underestimation of true incidence. With
a wide implementation of NS1 tests in Thailand, it is possible that outbreaks of
serotypes other than serotype 1 may have been particularly poorly detected.
Despite national guidelines in Thailand stating that a negative NS1 test does not
rule out dengue, this may still impact clinicians’ diagnostic decision making,
particularly in non-outbreak periods[285]. Given the serotype dependence of this

bias, it is difficult to adjust for this bias post case detection.

As described in Chapter 5, mobility data were included as a static variable,
calculated for a three-week period ending on April 7, 2025, due to limited data
availability. Including mobility in the models did not improve forecasting
performance. However, this may not have been the most appropriate approach,
as a time-varying mobility metric might better capture the dynamic relationship

between mobility and dengue transmission.

7.5.2 Methodology

Due to computational limitations, covariates in multivariable models were included

as fixed effects. Including variables as random effects would have been preferred
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as they would have allowed the model to account for unmeasured temporal
variation, such as health-seeking behaviour, vector control practices or
environmental factors that could affect both baseline dengue incidence and
strength of covariate relationships. Random effects would also allow the model to

borrow strength across time periods, improving forecast precision.

This thesis did not explore heterogeneity of covariates and their lags across space
but rather included the same covariates and lags across Thailand. It was assumed
that biological relationships between dengue incidence and covariates should be
constant across space and therefore, lags should be same across space.
However, other factors such as interactions with other variables or heterogenous
delay in detection and reporting of cases may lead to apparent spatial
heterogeneity of lags across the country, even when underlying biological

relationships are constant.

7.6 Future directions

The analysis in this thesis used retrospective dengue surveillance data. However,
as is prevalent in almost all surveillance systems, there are well documented
reporting delays in Thailand. Reich et al.[50] found that in 2014, reporting delay of
dengue cases ranged between 1 to 50 weeks. Not accounting for this delay when
using real-time data may result in training data that is underestimating incidence
and can thus underpredict future cases. Beesley et al.[400] found that ignoring
reporting delays leads to under coverage, ranging from 2 to 60% and higher
prediction errors relative to analysis of the validation data. Some of the methods,

which can be explored in the future analyses related to this thesis, include
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rescaling with estimated reporting factors, multiple imputation approaches, mean

model offset methods, or Bayesian nowcasting techniques[243, 400, 401].

Similarly, this thesis used already observed climatic and environmental variables.
This gives the models the best-case scenario for forecasting and may result in
overestimation of accuracy of the models. To be closer to a real-life scenario, using
predicted climatic and environmental variables would have been more appropriate
as observed variables would not be available[227]. Therefore, it is recommended

that future efforts consider using predicted variables for forecasting.

This thesis focused on hierarchical Bayesian approaches to modelling and
forecasting. In the future, using other approaches to compare results would be
beneficial. Machine learning methods such as XGBoost [319, 320, 402] and deep
learning methods such as Temporal Convolutional Networks (TCN)[403] and
Time-Series Foundation Model (TimesFM)[404] have shown competitive
performance as they can capture nonlinear relationship and complex
dependencies. Recent comparative studies have shown that ensembles of diverse
methods for forecasting can improve forecasting accuracy across different

scenarios[185, 226, 405].

Allowing for the relationship between dengue incidence and covariates to be
spatially heterogenous could also improve forecasting. Cheng et al.[406] found
both statically significant positive and negative associations between dengue
incidence and weather conditions in cities in Guandong province in China while
Polrob et al.[247] found different strengths of associations with dengue incidence

and climate variables by zones in Bangkok, Thailand.
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Additional covariates should be investigated for their usefulness for forecasting.
Spatio-temporal information on dengue-infected adult mosquitoes may improve
forecasting. Studies found that incorporating female mosquito infection rates were
found to improve dengue forecasting in the central region of Thailand[407, 408]. A
case-control study in northeastern Thailand found that monitoring dengue infection
in mosquitoes was a better indicator of risk than immature entomological
indices[409]. Thai Department of Disease Control conducts routine surveys of
larval habitats[410], however, there currently is no routine dengue virus detection
in mosquitoes[411, 412]. Other relevant variables can include immunity profiles,
which can be ascertained through sources such as serological surveys or inferred
from historical case data and serotype circulation patterns[247, 274, 413]. Finally,
imported case counts, particularly from regions with substantial international travel

can serve as indicators of early outbreaks[414, 415].

Due to time limitations, results from this thesis were not evaluated for their ability
to inform public health decision making in Thailand. Further work should most
certainly address this shortcoming to provide a comprehensive evaluation of

models developed and evaluated in this thesis.

7.7 Conclusions

This thesis demonstrates that hierarchical Bayesian spatiotemporal modelling is
an effective approach for forecasting dengue transmission in endemic settings
such as Thailand. Autoregressive and seasonal components capture much of the
predictable variation in dengue incidence across Thailand, while climatic,
environmental, genetic diversity, and mobility covariates offer limited, context

specific improvements. By integrating probabilistic evaluation metrics and
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addressing key methodological gaps, this work improves dengue forecasting and

its applicability to public health practice.

8 Appendices

Appendix A: Search Strings
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Database Platform Coverage Search Terms Filters Applied Date
Searched
CAB Ovid Inception (dengue OR denv) None 11 January
Global to present | AND (predict* OR 2023
Health forecast* OR
anticipat* OR
expect?*)
MEDLINE Ovid 1946 to (dengue OR denv) (NOT ((exp animal/ 11 January
present AND (predict* OR OR nonhuman/) 2023
forecast* OR NOT exp human/))
anticipat* OR
expect?*)
Embase Ovid 1974 to (dengue OR denv) (NOT ((exp animal/ 11 January
present AND (predict* OR OR nonhuman/) 2023
forecast* OR NOT exp human/))
anticipat* OR
expect?*)
Web of Core All years TS=(dengue OR (NOT ((TS=(animal* | 11 January
Science Collection denv) AND OR nonhuman®*)) 2023

TS=(predict* OR
forecast* OR
anticipat* OR
expect?*)

NOT TS=(human*)))
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Appendix B: Characteristics of included studies, in order of year

ID Year Authors Title Country of study Prc-;t?ll‘;:‘t;on
Chunaue et Dengue surveillance in French Polynesia: An attempt to use the
1 1991 al[4 1%] excess number of laboratory requests for confirmation of dengue French Polynesia Temporal
] diagnosis as an indicator of dengue activity
Peterson et Time-specific ecological niche modeling predicts spatial dynamics of . Spatio-
2 2005 ; Mexico
al.[417] vector insects and human dengue cases temporal
3 | 2007 Wu et Wgather as an effective predictor for occurrence of dengue fever in Taiwan Temporal
al.[418] Taiwan
4 2008 Ia-||a[I‘|1cf]%]et A predictive model for Dengue Hemorrhagic Fever epidemics Indonesia Temporal
5 | 2008 Iélu[z1 gt5] Time series analysis of dengue incidence in Rio de Janeiro, Brazil Brazil Temporal
6 2008 Silawan et Temporal patterns and forecast of dengue infection in Northeastern Thailand Temporal
al.[251] Thailand
Tipayamongk . — . . .
Effects of the El Nifio-Southern Oscillation on dengue epidemics in . Spatio-
7| 2009 glo;g;'o‘ft Thailand, 1996-2005 Thailand temporal
Wongkoon et | Predicting DHF Incidence in Northern Thailand using Time Series .
8 12009 | 5 a1 Analysis Technique Thailand Temporal
9 2010 ,:\Ib[irzazs] et Dengue confirmed-cases prediction: A neural network model Singapore Temporal
Dengue fever and El Nino/Southern Oscillation in Queensland, .
10 | 2010 Hu et al.[423] Australia: a time series predictive model Australia Temporal
Althouse et Prediction of Dengue Incidence Using Search Query Singapore,
11201101 424 Surveillance Thailand Temporal
12 | 2011 Chan et Using web search query_data _to monitor dgngue epidemics: a new India, Indonesia Temporal
al.[425] model for neglected tropical disease surveillance
Gerardi et System Identification and Prediction of Dengue Fever Incidence in .
13 | 2011 al [426] Rio de Janeiro Brazil Temporal
Gharbi et Time series analysis of dengue incidence in Guadeloupe French
14| 2011 al.[338] West Indies: forecasting models using climate variables as predictors Guadeloupe Temporal




Martinez et

A SARIMA forecasting model to predict the number of cases of

15| 2011 al.[196] dengue in Campinas State of Sao Paulo Brazil Brazil Temporal
Martinez et Predicting the number of cases of dengue infection in Ribeirao Preto .

16 | 2011 al.[427] Sao Paulo State Brazil using a SARIMA model Brazil Temporal

17 | 2011 Yu et al.[428] A spguo-_temporal cllma_lte-based model of early dengue fever Taiwan Spatio-

warning in southern Taiwan temporal

Aguiar et How much complexity is needed to describe the fluctuations :

18 | 2012 al.[264] observed in dengue hemorrhagic fever incidence data? Thailand temporal
Capistran et | Towards uncertainty quantification and inference in the stochastic .

19 12012 1 51409 SIR epidemic model Mexico Temporal

20 | 2012 aEIa[Izlngezs]t et Comparing statistical models to predict dengue fever notifications Singapore Temporal

21 | 2012 Hii et al.[198] | Forecast of dengue incidence using temperature and rainfall Singapore Temporal

22 | 2012 Karim et Climatic factc_)rs_ influencing dengue cases in Dhaka city: a model for Bangladesh Temporal
al.[430] dengue prediction

23 | 2012 Lowe et The development of an early warning system for climate-sensitive Brazil Spatio-
al.[431] disease risk with a focus on dengue epidemics in Southeast Brazil temporal
Wongkoon et | Assessing the temporal modelling for prediction of dengue infection .

24 | 2012 al.[432] in northern and north-eastern Thailand Thailand Temporal
Wongkoon et | Development of temporal modeling for prediction of dengue infection .

25 | 2012 | 5 1433 in Northeastern Thailand Thailand Temporal
Dom et Generating temporal model using climate variables for the prediction .

26 | 2013 al.[434] of dengue cases in Subang Jaya Malaysia Malaysia temporal
Sitepu et Temporal patterns and a disease forecasting model of dengue .

27 | 2013 al.[435] hemorrhagic fever in Jakarta based on 10 years of surveillance data Indonesia Temporal
Wongkoon et | Weather factors influencing the occurrence of dengue fever in :

28 | 2013 | 5 1252] Nakhon Si Thammarat, Thailand Thailand Temporal
Buczak et - . . . o I Spatio-

29 | 2014 al [436] Prediction of High Incidence of Dengue in the Philippines Philippines temporal
Eastin et Intra- and Interseasonal Autoregressive Prediction of Dengue

30 | 2014 al [437] Outbreaks Using Local Weather Colombia Temporal

) and Regional Climate for a Tropical Environment in Colombia

31 | 2014 '::cfzgg et Outbreak detection model based on danger theory Malaysia Temporal

32 | 2014 Ongruk et New Key Factors Discovery to Enhance Dengue Fever Forecasting Thailand Temporal
al.[439] Model
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Predicting local dengue transmission in Guangzhou China through

33 | 2014 Sla[r;%&t the influence of imported cases mosquito density and climate China Temporal
) variability
34 | 2014 Torres et Fuzz_y modgl |dent|f|ca_1t|on of dengue epidemic in Colombia based on Colombia Temporal
al.[441] multiresolution analysis
An online spatiotemporal prediction model for dengue fever epidemic . Spatio-
35 | 2014 Yuetal[442] in Kaohsiung (Taiwan) Taiwan temporal
Chan et . o . . . . Spatio-
36 | 2015 al [443] Daily forecast of dengue fever incidents for urban villages in a city Taiwan temporal
37 | 2015 Pepin et Utility of mosquito surveillance data for spatial prioritization of vector Brazil Spatio-
al.[444] control against dengue viruses in three Brazilian cities temporal
Phung et Identification of the prediction model for dengue incidence in Can .
38 2015 al.[445] Tho city, a Mekong Delta area in Vietnam Vietnam Temporal
Sang et Predicting Unprecedented Dengue Outbreak Using Imported Cases .
39 | 2015 al.[199] and Climatic Factors in Guangzhou 2014 China Temporal
Tung et Using prediction markets of market scoring rule to forecast infectious .
40 | 2015 al.[446] diseases: a case study in Taiwan Taiwan Temporal
41 | 2016 Ali et al [447] ID-Vlgwer: a visual analytics arch|tecture_for mfgectlous diseases Pakistan temporal
surveillance and response management in Pakistan
Johansson et Evaluating the performance of infectious disease forecasts: A Spatio-
42 | 2016 comparison of climate-driven and seasonal dengue forecasts for Mexico P
al.[268] Mexico temporal
. The wisdom of crowds in action: Forecasting epidemic diseases with .
43 | 2016 Li et al.[448] a web-based prediction market system Taiwan Temporal
Lowe et Evaluating probabilistic dengue risk forecasts from a prototype early . Spatio-
44 | 2016 ; . Brazil
al.[227] warning system for Brazil temporal
Mekparyup A new approach to detect epidemic of DHF by combining ARIMA .
45 | 2016 et al.[449] model and adjusted Tukey's control chart with interpretation rules Thailand Temporal
46 | 2016 Ramadona et | Prediction qf dengue outbreaks based on disease surveillance and Indonesia Temporal
al.[450] meteorological data
Reich et Challenges in Real-Time Prediction of Infectious Disease: A Case , Spatio-
47 12016 al.[50] Study of Dengue in Thailand Thailand temporal
Shi et Three-Month Real-Time Dengue Forecast Models: An Early Warning
48 | 2016 al [451] System for Outbreak Alerts and Policy Decision Support in Singapore Temporal

Singapore
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Wongkoon et

Spatio-temporal climate-based model of dengue infection in

49 12016 5 452 Southern Thailand Thailand Temporal
Yamana et .
50 | 2016 al [453] Superensemble forecasts of dengue outbreaks Puerto Rico Temporal
A spatiotemporal dengue fever early warning model accounting for Spatio-
51 | 2016 Yu et al.[454] | nonlinear associations with hydrological factors: a Bayesian Taiwan teFr)n oral
maximum entropy approach P
Zhang et Developing a Time Series Predictive Model for Dengue in
52 | 2016 al [45%] Zhongshan, China Based on Weather and Guangzhou Dengue China Temporal
) Surveillance Data
Chuang et Effects of local and regional climatic fluctuations on dengue .
53 | 2017 al.[331, 332] | outbreaks in southern Taiwan Taiwan Temporal
de Almeida
Marques- Dengue prediction by the web: Tweets are a useful tool for .
54 | 2017 Toledo et estimating and forecasting Dengue at country and city level Brazil Temporal
al.[456]
Dom et Integration of GIS-Based Model with Epidemiological data as a Tool . Spatio-
55 | 2017 al.[457] for Dengue Surveillance Malaysia temporal
Guo et Developing a dengue forecast model using machine learning: a case . Spatio-
56 | 2017 al.[205] study in China China temporal
Lee et Early warning signal for dengue outbreaks and identification of high
57 | 2017 al [458] risk areas for dengue fever in Colombia using climate and non- Colombia Temporal
' climate datasets
. Modeling and projection of dengue fever cases in Guangzhou based .
58 | 2017 Li et al.[459] on variation of weather factors China Temporal
Lowe et Climate services for health: predicting the evolution of the 2016
59 | 2017 al.[460] dengue season in Machala Ecuador Ecuador Temporal
60 | 2017 Mahdiana et | A Model for Forecasting the Number of Cases and Distribution Indonesia Spatio-
al.[461] Pattern of Dengue Hemorrhagic Fever in Indonesia temporal
Martinez- Bayesian dynamic modeling of time series of dengue disease case
61 | 2017 Bello et y y 9 9 Colombia Temporal
counts
al.[462]
Ray et Infectious disease prediction with kernel conditional density .
62 | 2017 al [463] estimation Puerto Rico temporal
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Effect of Climatic Factors and Population Density on the Distribution

63 | 2017 Sirisena et of Dengue in Sri Lanka: A GIS Based Evaluation for Prediction of Sri Lanka Spatio-

al.[147] temporal
Outbreaks

Sun et Spatial-temporal distribution of dengue and climate characteristics for .

64 12017 | ;) 464] two clusters in Sri Lanka from 2012 to 2016 Sri Lanka Temporal

65 | 2017 Xu et al.[465] | Climate variation drives dengue dynamics China Temporal
Yang et Thailand, Mexico,

66 | 2017 al [4%6] Advances in using Internet searches to track dengue Brazil, Singapore, Temporal

] Taiwan

Agarwal et Data mining techniques for predicting dengue outbreak in geospatial .

67 | 2018 al.[467] domain using weather parameters for New Delhi India India Temporal
Baguero et Dengue forecasting in Sdo Paulo city with generalized additive

68 | 2018 al [%00] models, artificial neural networks and seasonal autoregressive Brazil Temporal

' integrated moving average models

Buczak et - Puerto Rico,

69 | 2018 al [468] Ensemble method for dengue prediction Peru Temporal
Carvaial et Machine learning methods reveal the temporal pattern of dengue

70 | 2018 J incidence using meteorological factors in metropolitan Manila Philippines Temporal
al.[469] e

Philippines

Chen et Neighbourhood level real-time forecasting of dengue cases in . Spatio-

71| 2018 al.[470] tropical urban Singapore Singapore temporal
Chen et The utility of LASSO-based models for real time forecasts of endemic | Taiwan, Thailand,

72 | 2018 . . . ) . . Temporal
al.[386] infectious diseases: A cross country comparison Singapore
Cortes et Time series analysis of dengue surveillance data in two Brazilian .

73 | 2018 al [471] cities Brazil Temporal
Hussain- Early warning and response system (EWARS) for dengue outbreaks:

74 | 2018 Alkhateeb et | Recent advancements towards widespread applications in critical Mexico Temporal
al.[472] settings
Jing et Imported cases and minimum temperature drive dengue .

75 | 2018 al.[414] transmission in Guangzhou China: evidence from ARIMAX model China temporal
Johnson et Phenomenological Forecasting of Disease Incidence Using .

76 | 2018 al.[473] Heteroskedastic Gaussian Processes: A Dengue Case Study Puerto Rico, Peru Temporal
Koh et A model comparison algorithm for increased forecast accuracy of

77 | 2018 al [474] dengue fever incidence in Singapore and the auxiliary role of total Singapore Temporal

precipitation information
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Lauer et Prospective forecasts of annual dengue hemorrhagic fever incidence . Spatio-
78 12018 | ) o57) in Thailand 2010-2014 Thailand temporal
Sanchez- - . . . .
79 | 2018 Gonzalez et Pred|ct|o|n qf dlengue outbreakrs]_ in Mexico based on entomological Mexico Spatio-
al [475] meteorological and demographic data temporal
Tosepu et Climatic factors influencing dengue hemorrhagic fever in Kolaka .
80 | 2018 | 4 (476 district Indonesia Indonesia Temporal
Withanage et | A forecasting model for dengue incidence in the District of Gampaha .
81 | 2018 al [477] Sri Lanka Sri Lanka temporal
82 | 2019 thsln[i);asl;e Combining Forecasts of Arima and Exponential Smoothing Models Sri Lanka Temporal
Bett et Spatiotemporal analysis of historical records (2001-2012) on dengue Spatio-
83 | 2019 fever in Vietnam and development of a statistical model for Vietnam P
al.[479] oo temporal
forecasting risk
Chakraborty . . . . . Peru,
84 | 2019 et al.[480] Forecasting dengue epidemics using a hybrid methodology Puerto Rico, Temporal
' Philippines
Chumpu et The association between dengue incidences and provincial-level .
85 12019 | 5 1249 weather variables in Thailand from 2001 to 2014 Thailand Temporal
86 | 2019 S?gg?i et Dengue outbreaks: unpredictable incidence time series Brazil Temporal
Guo et An ensemble forecast model of dengue in Guangzhou, China using .
87 | 2019 al.[482] climate and social media surveillance data China Temporal
88 | 2019 Jain et Prediction qf dengue ogtbreaks ba}sed on disease surveillance Thailand Spatio-
al.[258] meteorological and socio-economic data temporal
Jayaraj at Developing a dengue prediction model based on climate in Tawau, .
89 | 2019 al [483] Malaysia Malaysia Temporal
90 | 2019 Johansson et An_ open challenge to advance probabilistic forecasting for dengue Puerto Rico and Temporal
al.[190] epidemics Peru
. Climate-driven variation in mosquito density predicts the . Spatio-
91 | 2019 Li et al.[484] spatiotemporal dynamics of dengue China temporal
. A dengue fever predicting model based on Baidu search index data .
92 | 2019 Liu et al.[485] and climate data in South China China Temporal
Marques- Probability of Dengue Transmission and Propagation in a Non-
93 | 2019 Toledo et Endemic Temperate Area: Conceptual Model and Decision Risk Brazil Temporal
al.[486] Levels for Early Alert, Prevention and Control
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Mincham et

Development of a mechanistic dengue simulation model for

94 | 2019 al [487] Guangzhou China Temporal
Nayak et Prediction of dengue outbreaks in Kerala state using disease .
95 | 2019 al.[488] surveillance and meteorological data India Temporal
Pineda- . - . .
96 | 2019 Cortel et Il\D/Imj_ellpg and _pred|ct|ntg dengL_le fc(ajwir cases in key regions of the Philippines Temporal
al [480)] ilippines using remote sensing data
Rahavu et Prediction of Dengue Hemorrhagic Fever Cases Based on Weather
97 | 2019 y Parameters Using Back Propagation Neural Networks (Case Study Indonesia Temporal
al.[490] : - ;
in Pontianak City)
Ranaaraian Forecasting dengue and influenza incidences using a sparse Thailand,
98 | 2019 ot a|g[491j] representation of Google trends electronic health records and time Singapore, Taiwan, | Temporal
' series data Brazil, Mexico
Rypdal and - . :
) Inter-outbreak stability reflects the size of the susceptible pool and .
99 | 2019 ]S ugihara[492 forecasts magnitudes of seasonal epidemics Puerto Rico temporal
100 | 2019 Stolerman et Forec_:gstlng dengue fever in Brazil: An assessment of climate Brazil Temporal
al.[493] conditions
Zhu et Prediction model for dengue fever based on interactive effects
101 | 2019 between multiple meteorological factors in Guangdong China (2008- | China Temporal
al.[494] 2016)
Appice et A Multi-Stage Machine Learning Approach to Predict Dengue . Spatio-
102 | 2020 al.[495] Incidence: A Case Study in Mexico Mexico temporal
Bal et Modeling and prediction of dengue occurrences in Kolkata, India, .
103120201 ;) [496] based on climate factors India Temporal
104 | 2020 Benedum et Weekly dengue forecasts in Iquitos Peru; San Juan Puerto Rico; and Pfaru, Puerto Rico, Temporal
al.[497] Singapore Singapore
105 | 2020 Slr([TQ(;; Dynamical footprints enable detection of disease emergence Puerto Rico Temporal
Chakraborty | A Robust and Non-parametric Model for Prediction :
106 | 2020 et al.[499] of Dengue Incidence Singapore Temporal
Chen et Early dengue outbreak detection modeling based on dengue .
107 | 2020 al.[500] incidences in Singapore during 2012 to 2017 Singapore Temporal
108 | 2020 g)lh[gg%]et Real-time dengue forecast for outbreak alerts in Southern Taiwan Taiwan Temporal

206



de Lima et

Evaluation of the Models for Forecasting Dengue in Brazil from 2000

109 12020 | 51306 to 2017: An Ecological Time-Series Study Brazil Temporal
. Enhancing fine-grained intra-urban dengue forecasting by integrating . Spatio-
110 | 2020 Liu et al.[502] spatial interactions of human movements between urban regions China temporal
111 | 2020 Majhi et II_)ynamps of deng_ue outbreaks in gangetic West Bengal: A trend and India Temporal
al.[503] time series analysis
Medina et Time Series Forecasting Using a Sarma Model Fitted on Dengue
112 | 2020 Cases (2010-2017): A Potential Tool for an Early Warning System in | Philippines Temporal
al.[504] . o
Quezon City Philippines
Mussumeci Large-scale multivariate forecasting models for Dengue - LSTM . Spatio-
113 | 2020 . Brazil
et al.[206] versus random forest regression temporal
114 | 2020 Mustaffa et Predictive An_aIyS|s of Dengue Outbreak Based on an Improved Salp Indonesia Temporal
al. [505] Swarm Algorithm
Pham et Time-series modelling of dengue incidence in the Mekong Delta .
115 | 2020 al.[348] region of Viet Nam using remote sensing data Vietnam Temporal
Polwiang[239 | The time series seasonal patterns of dengue fever and associated .
116 | 2020 4 weather variables in Bangkok (2003-2017) Thailand Temporal
117 | 2020 Puengpreeda Weekly Forecasting Model for Dengue Hemorrhagic Fever Outbreak Thailand Spatio-
et al.[506] in Thailand temporal
118 | 2020 Stoner et !\/Iultwanate hierarchical frameworks for modelling delayed reporting Brazil Temporal
al.[507] in count data
119 | 2020 Tao et Explicit characterization of human population connectivity reveals Malaysia, Spatio-
al.[508, 509] | long run persistence of interregional dengue shocks Singapore temporal
Tsai et Prediction of dengue fever outbreak based on case household . Spatio-
120 | 2020 al.[510] locations in southern Taiwan Taiwan temporal
Wagner et Climatological virological and sociological drivers of current and . Spatio-
121 | 2020 al.[511] projected dengue fever outbreak dynamics in Sri Lanka Sri Lanka temporal
122 | 2020 Xu et al.[512] Forec_:ast of dengue cases in 20 Chinese cities based on the deep China Temporal
learning method
Zhao et Machine learning and dengue forecasting: Comparing random Spatio-
123 | 2020 forests and artificial neural networks for predicting dengue burden at | Colombia P
al.[202] . : : . temporal
national and sub-national scales in Colombia
Benkimoun . . : . . Spatio-
124 | 2021 et al.[513] Dynamic mapping of dengue basic reproduction number Island of Reunion temporal
Caldwell et Climate predicts geographic and temporal variation in mosquito-
125 | 2021 al.[514] borne disease dynamics on two continents Ecuador, Kenya Temporal
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Extreme weather events and dengue outbreaks in Guangzhou

126 | 2021 glh[esr;g]et China: a time-series quasi-binomial distributed lag non-linear China Temporal
) model
Cheng et Impact of interventions on the incidence of natural focal
127 | 2021 al [5121 diseases during the outbreak of COVID-19 in Jiangsu Province China Temporal
) China
Colon- Probabilistic seasonal dengue forecasting in Vietham: A Spatio-
128 | 2021 Gonzalez et . . ; Vietham
al.[226] modelling study using superensembles temporal
129 | 2021 Ferdousi et | A Windowed Correlation-Based Feature Selection Method to Brazil Spatio-
al.[517] Improve Time Series Prediction of Dengue Fever Cases temporal
A seasonal autoregressive
Hadi et integrated moving average model to .
130 1 2021 al.[305] predict incidence of dengue cases in Malaysia Temporal
Kuantan, Malaysia
A Simulation and prediction of dengue outbreaks based on an SIR .
131 | 2021 :Ile['g;gih et model with a time-dependent transmission rate including ﬁ:ék:::;’ Temporal
) meteorological data. An example for Colombo and Jakarta
Kiang et Incorporating human mobility data improves forecasts of .
132 | 2021 al.[175] Dengue fever in Thailand Thailand Temporal
Liu et Facilitating fine-grained intra-urban dengue forecasting by Spatio-
133 | 2021 al.[519] ::::g;astmg urban environments measured from street-view China temporal
A dynamic ensemble learning approach to forecast dengue o
134 | 2021 McGough et fever epidemic years in Brazil using weather and population Brazil Spatio
al.[520] L temporal
susceptibility cycles
Nuraini et Climate-based dengue model in Semarang Indonesia: .
13512021 | ) 1521) Predictions and descriptive analysis Indonesia Temporal
Ray et Optimized ensemble deep learning framework for scalable .
136 | 2021 al.[522] forecasting of dynamics containing extreme events Puerto Rico Temporal
137 | 2021 Sriklin et Dengue Transmission Mapping with Weather-Based Predictive Thailand Spatio-
al.[523] Model in Three Southernmost Provinces of Thailand temporal
Xavier et Analysis of climate factors and dengue incidence in the .
138 | 2021 al.[524] metropolitan region of Rio de Janeiro Brazil Brazil Temporal
139 | 2021 Yi et al.[525] SEIR-SEI-EnKF: A New Model for Estimating and Forecasting Taiwan; Temporal

Dengue Outbreak Dynamics

Singapore; Brazil
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Bracher et

Endemic-epidemic models with discrete-time serial interval

140 | 2022 al.[526] distributions for infectious disease prediction Puerto Rico Temporal
. . . 23 countries (16
Measuring the effects of COVID-19-related disruption on dengue | : . g .
141 | 2022 Chen et transmission in southeast Asia and Latin America: a statistical in Latl_n America Spatio-
al.[371] ] and 7 in temporal
modelling study :
southeast Asia)
Deb and i Puerto Rico
142 | 2022 Deb][527] An ensemble method for early prediction of dengue outbreak Peru Temporal
Heidrich et Prediction of dengue cases based on human mobility and .
143 | 2022 al.[528] seasonality-An example for the city of Jakarta Indonesia Temporal
Ismail et The practicality of Malaysia dengue outbreak forecasting model .
144 ] 2022 al.[529] as an early warning system Malaysia Temporal
Kakarla et Weather integrated multiple machine learning models for .
145 | 2022 al.[530] prediction of dengue prevalence in India India Temporal
Koplewitz et | Predicting dengue incidence leveraging internet-based data .
146 | 2022 al.[531] sources. A case study in 20 cities in Brazil Brazil Temporal
Forecasting Weekly Dengue Cases by Integrating Google Earth
. Engine-Based Risk Predictor Generation and Google Colab- .
14712022 Li[532] Based Deep Learning Modeling in Fortaleza and the Federal Brazil Temporal
District Brazil
Improving Dengue Forecasts by Using Geospatial Big Data
148 | 2022 Li et al.[533] | Analysis in Google Earth Engine and the Historical Dengue Brazil Temporal
Information-Aided Long Short Term Memory Modeling
. Dengue Risk Forecast with Mosquito Vector: A Multicomponent . Spatio-
149 | 2022 Liet al.[534] Fusion Approach Based on Spatiotemporal Analysis China temporal
Ligue et Deep Learning Approach to Forecasting Dengue Cases in e
150 12022 | T535) Davao City Using Long Short-term Memory (LSTM) Philippines Temporal
151 | 2022 Mahajan et A Novel Stacking-Based Deterministic Ensemble Model for Hond Kon Temporal
al.[536] Infectious Disease Prediction 9 9 P
Mukhaivar Forecasting of dengue hemorrhages fever cases with
152 | 2022 et al [53},7] autoregression distributed lag model using Poisson regression | Indonesia Temporal
) approach
Nguyen et Deep learning models for forecasting dengue fever based on .
153 12022 | 1203 climate data in Vietnam Vietnam Temporal
Ong et Fine-scale estimation of effective reproduction numbers for . Spatio-
154 ] 2022 al.[538] dengue surveillance Singapore temporal
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Othman et

Model Forecasting Development for Dengue Fever Incidence in

155 | 2022 al.[539] Surabaya City Using Time Series Analysis Indonesia Temporal
Machine-Learning—Based Forecasting of Dengue Fever in .

156 | 2022 Roster et Brazilian Cities Using Epidemiologic and Meteorological Brazil Spatio-

al.[540] Vari temporal
ariables

Saita et Temporal Variations and Spatial Clusters of Dengue in Thailand:

157 | 2022 al.[241] Longitudinal Study before and during the Coronavirus Disease Thailand Temporal

) (COVID-19) Pandemic

Sanchez- Data-driven computational intelligence applied to dengue

158 | 2022 Gendriz et outbreak forecasting: a case study at the scale of the city of Brazil Temporal
al.[541] Natal, RN-Brazil
Sathish et Autoregressive and moving average models for zero-inflated .

159 | 2022 al.[542] count time series India Temporal
Souza et Predicting dengue outbreaks in Brazil with manifold learning on .

160 | 2022 al.[543] climate data Brazil Temporal

161 | 2022 Surendran Reduced dengue incidence during the COVID-19 movement Sri Lanka Spatio-
et al.[544] restrictions in Sri Lanka from March 2020 to April 2021 temporal

162 | 2023 Khan et Dengue transmission under future climate and human China Spatio-
al.[545] population changes in mainland China temporal
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Appendix C - Prediction target, spatial scope, spatial resolution, and
temporal resolution of included studies.

Prediction . . . Temporal
ID Target Spatial Scope Spatial Resolution Resolution
1 Outbreak National Country Monthly
2 Occurrence Sub-national Point/Pixel Monthly
3 Incidence Sub-national D!str|ct/C|ty/ Monthly
Village
4 Incidence Sub-national D!strlct/C|ty/ Monthly
Village
5 Incidence Sub-national D!str|ct/C|ty/ Monthly
Village
6 Incidence Sub-national Regional/Province Monthly
Incidence, , . .
7 Outbreak Sub-national Regional/Province Monthly
8 Incidence Sub-national Regional/Province Monthly
9 Incidence National Country Weekly
10 | Occurrence Sub-national D!str|ct/C|ty/ Monthly
Village
Singapore:
Incidence, . . . Weekly,
1 Outbreak Sub-national Regional/Province Thailand:
Monthly
12 | Incidence Global Country Monthly
13 Incidence Sub-national point/pixel Weekly
14 | Incidence National Country Weekly
15 | Incidence Sub-national D!str|ct/C|ty/ Monthly
Village
16 | Incidence Sub-national D!str|ct/C|ty/ Monthly
Village
17 | Incidence Sub-national D!strlct/C|ty/ Weekly
Village
18 | Incidence Sub-national Regional/Province Monthly
Acapulco:
19 Incidence Sub-national D.'Str'Ct/C'ty/ Monthly, )
Village Cuernavaca:
Weekly
20 Incidence National Country Weekly
Incidence, :
21 Outbreak National Country Weekly
Incidence, , . .
22 Outbreak Sub-national Regional/Province Monthly
23 | Incidence National D!strlct/C|ty/ Monthly
Village
24 | Incidence Sub-national Regional/Province Monthly




25 | Incidence Sub-national Regional/Province Monthly
. . District/City/
26 | Incidence Sub-national Village Weekly
27 Incidence Sub-national D!strlct/C|ty/ Monthly
Village
28 | Incidence Sub-national Regional/Province Monthly
29 | Outbreak Sub-national Regional/Province Weekly
. . District/City/ Bi-weekly,
30 | Incidence Sub-national Village Monthly
31 | Outbreak Sub-national D.' strict/City/ Weekly
Village
32 | Incidence Sub-national D.' strict/City/ Bi-monthly
Village
33 | Incidence Sub-national D.' strict/City/ Monthly
Village
34 | Incidence National Country Weekly
35 | Incidence Sub-national D.' strict/City/ Weekly
Village
36 | Incidence Sub-national D.' strict/City/ Daily
Village
37 | Incidence Sub-national D.' strict/City/ Weekly
Village
Incidence, , . .
38 Outbreak Sub-national Regional/Province Monthly
39 | Incidence Sub-national D.' strict/City/ Monthly
Village
40 Incidence National Regional/Province Weekly
4 Incidence Sub-national D.' strict/City/ Weekly
Village
42 Incidence National Regional/Province Monthly
43 Incidence National Country Weekly
44 | Incidence National D!strlct/C|ty/ Monthly
Village
45 | Outbreak Sub-national Regional/Province Monthly
Incidence, . District/City/
46 Outbreak Sub-national Village Monthly
47 Incidence National Regional/Province Bi-weekly
48 Incidence National Country Weekly
49 | Incidence Sub-national Regional/Province Monthly
Incidence, Peak s
50 | incidence, Peak | Sub-national District/City/ WeeKly
i Village
ime
51 Incidence Sub-national D.' strict/City/ Weekly
Village
52 | Outbreak Sub-national D.' strict/City/ Weekly
Village
53 | Incidence Sub-national D.' strict/City/ Weekly
Village
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District/City/

54 | Incidence National : Weekly
Village
55 | Incidence Sub-national D!str|ct/C|ty/ Monthly
Village
56 | Incidence Sub-national D.'Str'Ct/C'ty/ Weekly,
Village Monthly
57 | Outbreak Sub-national Regional/Province Monthly
58 | Incidence Sub-national D!str|ct/C|ty/ Monthly
Village
59 | Incidence Sub-national D!str|ct/C|ty/ Monthly
Village
60 | Incidence Sub-national D!str|ct/C|ty/ Monthly
Village
61 Incidence Sub-national D!str|ct/C|ty/ Weekly
Village
Incidence, Peak s
62 incidence, Peak Sub-national D!str|ct/C|ty/ Weekly
. Village
time
63 | Incidence Sub-national Djstrict/City/ Monthly
Village
64 | Incidence Sub-national D!str|ct/C|ty/ Monthly
Village
Incidence, : District/City/
65 Outbreak Sub-national Village Monthly
66 | Incidence Global Country Monthly
67 | Incidence Sub-national D!str|ct/C|ty/ Monthly
Village
68 | Incidence Sub-national D!str|ct/C|ty/ Monthly
Village
Peak incidence, s
69 Peak time, Sub-national D!str|ct/C|ty/ Weekly
: Village
Incidence
70 | Incidence Sub-national Regional/Province Weekly
7 Incidence Sub-national Point/Pixel Weekly
Thailand:
Monthly,
. Singapore:
72 | Incidence Global Country Weekly,
Taiwan:
Weekly
73 | Incidence Sub-national Djstrict/City/ Monthly
Village
74 | Outbreak National D!strlct/C|ty/ Weekly
Village
Incidnece, , . .
75 Outbreak Sub-national Regional/Province Monthly
Peak incidence, s
76 Peak time, Sub-national D.' strict/City/ Weekly
; Village
Incidence
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77 Incidence National Country Weekly
Incidence, : . .
78 Outbreak National Regional/Province Yearly
79 | Incidence Sub-national D!str|ct/C|ty/ Weekly
Village
80 | Incidence Sub-national D!str|ct/C|ty/ Monthly
Village
81 Incidence Sub-national D!str|ct/C|ty/ Monthly
Village
82 | Incidence Sub-national D!str|ct/C|ty/ Monthly
Village
83 | Incidence National Regional/Province Monthly
San Juan:
Weekly,
. District/City/ Iquitos:
84 | Incidence Global Village Weekly:
Philippines:
Monthly
85 | Incidence Sub-national Regional/Province Weekly
86 | Incidence Sub-national D!str|ct/C|ty/ Monthly
Village
Incidence, . District/City/
87 Outbreak Sub-national Village Weekly
88 | Incidence Sub-national D!str|ct/C|ty/ Monthly
Village
89 | Outbreak Sub-national D!str|ct/C|ty/ Monthly
Village
Peak week, Peak s
90 | incidence, Sub-national \E/)i'ﬁ';m;t/C'ty/ Weekly
Incidence 9
91 Incidence Sub-national D}str|ct/C|ty/ Bi-weekly
Village
92 | Incidence Sub-national D!str|ct/C|ty/ Monthly
Village
93 | Occurrence Sub-national D!str|ct/C|ty/ Weekly
Village
Incidence, . District/City/
94 Outbreak Sub-national Village Monthly
95 | Incidence Sub-national Regional/Province Monthly
96 | Incidence Sub-national Regional/Province Monthly
97 | Incidence Sub-national D!str|ct/C|ty/ Weekly
Village
Incidence, Peak
98 | incidence, Peak Global Country Monthly
time
99 | Incidence Sub-national D!str|ct/C|ty/ Weekly
Village
100 | Incidence Sub-national D!str|ct/C|ty/ Yearly
Village
101 | Incidence Sub-national Regional/Province Weekly
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102 | Incidence National Regional/Province Monthly
. . District/City/
103 | Incidence Sub-national Village Monthly
Incidence, . District/City/

104 Outbreak National Village Weekly

105 | Outbreak Sub-national D.' strict/City/ Monthly
Village

106 | Incidence National Country Weekly

107 | Outbreak National Country Weekly

108 | Incidence Sub-national D.' strict/City/ Daily
Village

109 | Incidence National Regional/Province Monthly

110 | Incidence Sub-national D!strlct/C|ty/ Weekly
Village

111 | Outbreak Sub-national D.' strict/City/ Weekly
Village

112 | Incidence Sub-national D!strlct/C|ty/ Monthly
Village

113 | Incidence Sub-national D!strlct/C|ty/ Weekly
Village

114 | Outbreak National Country Monthly

115 | Incidence Sub-national Regional/Province Monthly

116 | Incidence Sub-national Regional/Province Monthly

117 | Incidence National Regional/Province Weekly

118 | Incidence Sub-national D!strlct/C|ty/ Weekly
Village

119 | Incidence Global Regional/Province Weekly

120 | Incidence Sub-national D.' strict/City/ Weekly
Village

121 | Incidence National D!strlct/C|ty/ Monthly
Village

122 | Incidence Sub-national D!strlct/C|ty/ Monthly
Village

123 | Incidence National Regional/Province Weekly

124 | RO National District/City/ Weekly
Village

125 | Incidence Sub-national Djstrict/City/ Monthly
Village

. District/City/ .
126 | Outbreak Sub-national Village Daily
127 | Incidence Sub-national Regional/Province Monthly
Incidence, : . .

128 Outbreak National Regional/Province Monthly

129 | Incidence Sub-national D.' strict/City/ Weekly
Village

130 | Incidence Sub-national D.' strict/City/ Monthly
Village

131 | Incidence Sub-national District/City/ Weekly
Village
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132 | Incidence National Regional/Province Monthly
. . District/City/
133 | Incidence Sub-national Village Weekly
134 | Outbreak National D.' strict/City/ Yearly
Village
135 | Incidence Sub-national D.' strict/City/ Daily
Village
136 | Incidence Sub-national D.' strict/City/ Weekly
Village
137 | Incidence Sub-national District/City/ Monthly
Village
138 | Incidence Sub-national D.' strict/City/ Monthly
Village
139 | Incidence Sub-national D.' strict/City/ Weekly
Village
140 | Incidence Sub-national D.' strict/City/ Weekly
Village
141 | Incidence Global Country Weekly
142 | Outbreak Sub-national D.' strict/City/ 6-weekly
Village
143 | Incidence Sub-national D.' strict/City/ Weekly
Village
144 | Incidence Sub-national D.' strict/City/ Weekly
Village
145 | Incidence Sub-national Regional/Province Monthly
Incidence, . District/City/
146 Outbreak Sub-national Village Weekly
147 | Incidence Sub-national Regional/Province Weekly
148 | Incidence Sub-national Regional/Province Bi-weekly
149 | Incidence Sub-national D.' strict/City/ Weekly
Village
150 | Incidence Sub-national D.' strict/City/ Monthly
Village
151 | Incidence National Country Monthly
152 | Incidence Sub-national District/City/ Monthly
Village
153 | Incidence National Regional/Province Monthly
154 | RO, Incidence National point/pixel Daily
155 | Incidence Sub-national D.' strict/City/ Monthly
Village
156 | Incidence National D!strlct/C|ty/ Monthly
Village
157 | Incidence National Regional/Province Monthly
158 | Incidence Sub-national D.' strict/City/ Weekly
Village
Incidence, . District/City/
159 Occurrence Sub-national Village Weekly
160 | Outbreak Sub-national D!str|ct/C|ty/ Daily
Village
161 | Incidence National D!strlct/C|ty/ Monthly
Village
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RO

National

District/City/
Village

Yearly
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