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Abstract. Use of machine learning algorithms on public health big data
has paved the way in helping to understand complex associations between
diseases and environment. However, in cases where informative prediction of a
pathogen spread or transmission is still equivocal, a rapidly deployable
independent mathematical modeling method, which does not require
a priori knowledge of the pathogen characteristics or requires input parameters
predictive of its transmission is needed. This study shows long-short term
memory (LSTM) network with wavelet transform has application as a modeling
method for dengue incidence. The information derived from this modeling
technique can be used to help guide control and prevention measures during an
early stage of a dengue surge. Subsequent application of discrete wavelength
transform (DWT) to LSTM output resulted in visualization of dengue surges,
the majority of which were observed during the wet season (June-December).
Augmenting existing disease surveillance systems with automated
mathematical models can help focus intervention programs especially in
settings where health care resources and surveillance infrastructure are
limited. This modeling method has potential applications to other infectious
diseases in a developing country setting.
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INTRODUCTION

Dengue is caused by a mosquito-
transmitted virus of the Flaviviridae
family and has four distinct serotypes
(DENV-1, -2, -3, -4) (Halstead, 2012).
Prior to 1970, less than 10 countries
experienced severe dengue epidemics
(Gubler, 2002; McLennan-Smith and
Mercer, 2014), but currently dengue has
spread globally to more than 100 tropical
and subtropical countries (Gubler, 2002;
WHO, 2012a) with over 100 million
recorded cases annually (Bhatt et al,
2013). The Philippines experienced its
first dengue hemorrhagic fever (DHF)
outbreak in the 1950s (Gubler, 1997)
with DENV-3 as the predominant
serotype (Messer et al, 2003). Dengue
consistently ranks among the leading
causes of morbidity in the Philippines
(DOH, 2018).

Previous studies have focused on
vector control (Espino et al, 2012) and
relationship of disease transmission
with various climatic factors (Li et al,
1985; Promprou et al, 2005, Wongkoon
et al, 2007; Su, 2008; Pham et al, 2011;
Hii et al, 2012; Cheong et al, 2013; Hii et
al, 2016; Lee et al, 2017). Studies have
shown association of dengue outbreaks
(Halide and Ridd, 2008; Sang et al, 2014;
Ho and Ting, 2015; Li et al, 2017) with
various meteorological or environmental
factors (Focks et al, 1995; Barbazan et
al, 2010; Shang et al, 2010; Dela Cruz
et al, 2012; Buczak et al, 2014; Iguchi
et al, 2018), while other studies used
keywords in open source internet data
to predict dengue outbreaks (Coberly
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et al, 2013). Focks et al (1995), Barbazan
et al (2010), Shang et al (2010), Buczak
et al (2014), van Panhuis et al (2015),
and Gbadamosi et al (2018) confirmed
a correlation of dengue outbreaks with
parameters, such as rainfall, temperature
(EI Nino) and increase in Aedes aegypti
vector populations, while Dela Cruz et
al (2012) and Iguchi et al (2018) used
seasonal autoregressive moving average
(SARIMA) and Poisson regression model
respectively, to utilize local meteorological
variables for modeling prevalence and
predicting dengue outbreaks. These
models can be classified into quantitative
and qualitative models, with the former
for predicting dengue outbreak and
the latter determining interaction
between human and vector populations
(Gbadamosi et al, 2018), are established
using regression equations (Halide and
Ridd, 2008; Potts et al, 2010; Anggraeni
et al, 2017) and time series models (Sang
et al, 2014; Ho and Ting, 2015; Li et al,
2017) respectively.

The four distinct dengue serotypes,
extensive genetic diversity within each
serotype and non-linear behavior of
dengue outbreaks contribute to its
complexity as a disease, resulting in
recourse to a variety of models for
predicting occurrence of outbreaks.
However, in certain situations where
factors correlating with disease
transmission or spread are unknown,
or if data input parameters (eg
environmental factors) required for the
model are not available, applications of
these mathematical modelling approaches
may be limited.
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Univariate long-short term memory
(LSTM) network is one of the promising
deep learning disease prediction
methods that can be used in the absence
of a priori knowledge of other factors
(Siami-Naminief al, 2018). Anassumption
of dependence on future from past time
steps of LSTM can be a representation
of the spread of dengue cases. LSTM
also has the ability to learn a system’s
oscillating behavior or seasonality in
a time series making it suitable for
application to a seasonal disease such
as dengue. Commonly employed
univariate models such as autoregressive
integrated moving average (ARIMA)
and SARIMA require calculated
parameters [(p, d, q) and (P, D, Q)
respectively] and may require lengthy
time periods to compute especially if
dealing with large datasets. Univariate
LSTM, on the other hand, is
non-parametric. A susceptible, infected
and recovered (SIR) model is also
promising (Pandey et al, 2013), butis more
complex and requires group assignment
(susceptible, infectious or recovered)
and application of differential equations,
which are not necessary with LSTM.
In addition, the availability of cloud
computing and programming packages,
such as Keras, an open-source software
library that provides a Python interface
for artificial neural networks (https://
github.com/keras-team/keras) and
MATLAB Deep Learning Toolbox (The
Mathworks Inc, Natick, MA) allow
conducting of LSTM analysis of large
datasets.
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Few studies have investigated the
use of a univariate dengue prediction
model and deep learning combined
with discrete wavelet transform (DWT),
a method commonly used to denoise
signals (Ali et al, 2017). Here, we used
univariate LSTM combined with DWT
to explore and model dengue case
incidence in the Philippines from 1994
to 2018. The findings should be of
assistance in improving accuracy of
dengue outbreak prediction in the
National Capital Region (and elsewhere)
in the Philippines.

MATERIALS AND METHODS

Data source

We used monthly dengue case
density data [case/population of
the National Capital Region (NCR),
the Philippines] from January 1994 to
December 2018 (a total of 300
observations) available from URL:
https://www.tycho.pitt.edu/version-2/.
NCR is the most densely populated area
in the country with 18,651 person/km”
within an area of 636 km” (Naik Singru
and Lindfield, 2014).

As publicly available aggregate data
with no personal identifiable information
were collected, no ethical review was
required.

LSTM network protocol

LSTM neural network, first
introduced by Hochreiter and
Schmidhuber (1997), has three main
layers: input, recurrent hidden and
output. LSTM does not simply have
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memory blocks to memorize temporal
state but has gating units to adapt and
control the flow of information. LSTM
is efficient in capturing time series
dependencies, particularly in dealing
with long time periods (Olah, 2015).
LSTM gates can be considered as controls
and network as a set or series of LSTM
units, each having four main controls
or gates: (i) a “forget” control allowing
the network to either retain or forget the
memory in transit, (ii) a “new memory”
control to allow new memories to
pass through and later to merge with
memories that have passed through the
forget control, (iii) a “merge” control
to merge a set of new memories being
processed by another neural network
with existing memories, and (iv) an
“output” control to check how much
memory should be produced as an
output to the next LSTM unit (Fig 1).

New Memory Control

ht: output

The data used to make the forecasts
were based on dengue incidence
records from 1994-2015, which
documented monthly dengue incidence
and dengue density data in NCR (with
high values observed during months
corresponding to therainy/typhoonseason
(June-December) in the years of 1996,
1998, 2006, 2010, 2011, and 2015) (Fig 2)
and referred as training dataset without
application of time lags (0-lag). The first
training dataset consisted of monthly
dengue incidence from 1994-2015, and
the monthly lag (up to 1 month) was
employed to consider the transmission
period from an infected viremic person
up to the combined extrinsic and intrinsic
incubation periods that can last up to
21-28 days (CDC, 2018).

The actual observed monthly
dengue cases of 1994-2015 were used to
produce the 0-lagged LSTM model

Xxt: Input
it: Input control
f Forget control

Ot: Output control

Lowpass filter %Pmposed
Dengue Curve

Fig1- Schematic diagram of a univariate long-short term memory network to generate

a proposed dengue curve
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Fig 2- Population density and number of dengue cases (a) and dengue case density
and average dengue case (b) in the National Capital Region, the Philippines

(January 1994 - December 2018)

while the 1-month lagged actual
observed monthly dengue cases to
produce the 1-lagged LSTM model.
In order to check LSTM performance,
the 1-month lagged model was applied
to the actual monthly dengue cases and
included both extrinsic and intrinsic
incubation periods. As performance
indicators favor non-lagged LSTM
output, the 0-lagged model was
reconstructed and high-frequency
noise, which signals dengue surges
based on the monthly average dengue
cases, was filtered out. Using DWT as a
reconstruction technique, it was
possible to smooth out the time series and
identify probable points of sudden
increase in dengue cases. The monthly
average of dengue density, calculated
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from 1994 to 2015, was designated as
the threshold value, and if a data point
exceeds this value and the preceding
data point is below threshold, a surge or
noise was considered to have occurred.
This surge or noise was assumed to have
ended when successive points fell
below the threshold value. We employed
thresholding modules and NumPy
package from Python 3.7 (https:/numpy.

org/doc/stable/user/whatisnumpy.html).

The study considered one input
layer (dengue incidence data) and the
hidden units were set at 300 via trial
and error. An epoch is an iteration, and
for each epoch, each data element will

undergo training. If the number of
epochs is small, the number of iterations
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the element will undergo will also
be small and potentially can result to
underfitting. The maximum number of
epochs the model could undergo was
set at 400. When validation loss ceased
to improve, the system will stop the
training even if number of epochs did
not reach 400.

The learning rate of a deep learning
model is inversely proportional to
the model reliability (ie the lower the
learning rate, the more reliable the
training process). Typically, the learning
rate ranges 0-1. Learning rate is an
important hyperparameter in neural
networks as it determines the iteration’s
step size before reaching the minimum
loss function. A long training process
is attributed to a small learning rate
but creates a more stable training
process. In the study, initial learning rate
was established at 0.005 and was
finalized at 0.00004. To control
overfitting, a dropout factor was
established, which is a form of
regularization that minimizes
interdependent learning during the
training process by literally dropping
out some units in the network. In the
study, we used a 20% drop rate, the
usual minimum dropout for deep
learning models. A MATLAB Deep
Learning Toolbox (The Mathworks
Inc, Natick, MA) was applied to model
disease incidence and to calibrate
and validate the model based on
monthly dengue incidence
from 1994-2015 and 2016-2018
respectively.
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DWT protocol

DWT (Percival and Walden, 2000)
is often applied in signal processing to
transform signals into a frequency (Tsui,
1996). DWT was used in surveillance
or tracking of moving objects (Hsia et
al, 2011) and in disease classification
(Patil et al, 2009). Shmueli (2013) and
Alimohamadi et al (2020) investigated
the use of DWT to detect outbreaks using
biosurveillance systems and the latter on
pertussis aberrations but, to date, there
is no report of its application to dengue.
The study applied DWT to generate
a dengue curve from 1994-2018 using
LSTM from both training and validation
datasets as inputs in the DWT process.
Only the low pass filter (Fig 1) was
utilized in the time series to recognize
surge boundary as the high frequency
pass filter is considered as a high-
frequency noise of dengue incidence.

Performance indicators employed

Root mean square error (RMSE)
was utilized as a metric for evaluation.
RMSE is the standard deviation of
residual, the difference between
simulated and observed values, and is
opted as an indicator of error between
LSTM simulated results compared to
actual number of dengue case density.
In addition to comparing the highest and
lowest values of simulated and observed
values, Nash-Sutcliffe efficiency (NSE),
correlation coefficient (CC), Kling-Gupta
efficiency (KGE) and index of agreement
(IA) methods were used to assess LSTM
model performance.
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Model accuracy determination

Analysis of dengue data from the
Philippines Department of Health
(DOH) used “thresholds”: an
“epidemicthreshold” wherean outbreakis
declared and an “alert threshold” where
public health officials are in state of

readiness for the upcoming potential
outbreak. NCR dengue alertand epidemic
threshold were calculated and compared
to NCR generated dengue density
curve. Alert and epidemic thresholds
are calculated using the following
equations:

ETl = Avepast 5yrs x 2SDpast 5yrs (1)
ATI = Avepast 5yrs x 2Sl)pas’t 5yrs (2)
where ETi = epidemic threshold for the year concerned
ATi = alert threshold for the year concerned
Ave,.ys5,s = average value of the 5 years prior to the year concerned
SD st 5 yrs standard deviation of the 5 years prior to the year concerned
RESULTS case incidence showed persistently good

Applying the LSTM model to
forecast dengue case density in NCR,
the Philippines from January 1994 to
December 2018 (a total of 300
observations), there was a good
correlation between observed and
forecast values (Fig 3). A variety of
statistical parameters (CC, IA, KGE,
NSE, and RMSE) was determined to
evaluate the model performance, with
the 0-month lagged model resulting in
value of 0.84, 0.91, 0.84, 0.68, and 48.04,
respectively while in the 1-lagged model,
the statistical value was 0.55, 0.73, 0.55,
0.11, and 79.84, respectively. Overall,
the 0-lagged model outperformed the
1-lagged model and was chosen as the
input signals to be reconstructed by
DWT. The calibrated LSTM dengue
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agreement with the reconstructed LSTM
output (Fig 4, red curve), which was
also the dengue incidence baseline. In
our study, LSTM dengue incidence time
series was smoothed out to eliminate
surges or noises as the average monthly
values were used as thresholds.

The threshold values of epidemic
and alert levels obtained from the
Philippines DOH for 2016, 2017 and
2018 in the NCR were compared with
forecast and actual dengue case density,
showing low RMSE value (indicating low
error) for each year evaluated (Fig 5). CC,
KGE and IA also showed satisfactory
results while NSE of the actual dengue
curve vs the generated dengue curves
for 2017 and 2018 showed satisfactory
performance.
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Fig 3 - Correlation of forecast and observed dengue case density

Panel B is an expansion of panel A in dengue case density range of 0-250. The LSTM
model was applied to forecast dengue case density in the National Capital Region, the
Philippines from January 1994 to December 2018 (a total of 300 observations).

CC: correlation coefficient; KGE: Kling-Gupta efficiency; IA: index of agreement;
NSE: Nash-Sutcliffe efficiency; RMSE: root mean square error
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Fig 4 - Training dataset for generation of dengue density curve (A) and validation of generated
dengue density curve (B).

Dengue density data were from Fig 1. The 0-month lagged model was chosen as the
input signals to be reconstructed by a discrete wavelength transform.
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Fig 5- Epidemicand alert thresholds, actual case density and generated dengue curve for 2016
(A), 2017 (B) and 2018 (C) in National Capital Region, the Philippines

(To be continued)
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Correlation coefficient, Kling-Gupta efficiency, index of agreement, Nash-Sutcliffe
efficiency, and root mean square error value for actual dengue case density curve vs
generated dengue case density curve for 2016 were 0.58, 0.50, 0.71, -0.31, and 32.14,
respectively; for 2017: 0.82, 0.82, 0.90, 0.62, and 38.41, respectively; and for 2018: 0.92,

0.85, 0.95, 0.84, and 28.06, respectively.

DISCUSSION

A basic assumption of the LSTM
method is that the state at the current
time step depends on the previous time
step (ie there is a connection between
previous and future cases), which is
advantageous over other methods which
assume linearity in model parameters
and independence of observations
(Siami-Namini ef al, 2018). Use of DWT
in combination with LSTM transforms
the time series to lessen singularities
in order to produce a more consistent
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and better (Liu et al, 2021) dengue case
density curve, ie there is certainty that y,
is predictable because the value of y; is
known. A good agreement between the
elements of the datasets is an important
factor in time series modeling, ensuring a
correct model type will help in deciding
the proper modeling technique.

The 0-month lag LSTM model
outperformed the 1-month lag model.
It is worth noting RMSE of the training
dataset was higher than that of the
validation dataset, indicating elimination
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of the possibility of overfitting. Other
statistical parameters (CC, IA, KGE,
and NSE), were in general consistent
in demonstrating the superiority of
0-lagged over 1-lagged LSTM model.
That CC (a subcomponent of KGE)
value in the validation subset was
slightly higher than the training subset
implied the training data had slightly
more crucial cases compared to the
validation set, but despite CC value
sensitivity to high values and insensitivity
to additive and proportional differences
between simulated and observed data
(Legates and McCabe Jr, 1999), the
performance result was still close to 1,
indicates a positive linear association.
Interestingly, when KGE was measured,
values of the training and validation
subset of the 0-lagged model were in
close agreement; Gupta et al (2009)
recommend use of KGE to lessen the
tendency towards underestimation.
On the other hand, IA, which
is a more meaningful independent
evaluation of performance (Wilmott et
al, 2011), showed a lower value for the
calibration compared to validation subsets
in both models, implying both models
gave equal best fit. NSE value (measure
of how well the modelling technique
reproduces the actual values) (Moriasi
et al, 2007), showed the simulated value
was a better predictor than the observed
value.

Thus, the performance indicators
demonstrated 0-lagged LSTM with
univariate variable (dengue case
density) had the capability to predict
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dengue disease trends using only
dengue monthly case numbers and
without requiring additional
environmental parameters as input.
In combination with DWT reconstruction
technique, we identified probable
points of noises or surges, namely,
June to October 1996 and July to
November 1998, with the highest
residual dengue density at 115 cases/km’.
High frequency noises were also found
in August to November 2010 that
peaked at 610 cases/km”. We noted
several data points in the dry months
(December to May) from the DWT curve
that exceeded LSTM estimation (Fig 4A),
signifying at those particular points in
the series (dry season), no abnormal
increase of dengue incidences was
detected. However, the opposite
scenarios (occurrences or surges in
dry months) and noises during wet
months were also present (Fig 4B).
The model-generated dengue case
density curve of 2018 was the best
predictor of the actual dengue case
density in NCR.

The study had two major limitations.
Firstly, the modeling approach was
limited to a single variable. Secondly,
the study was conducted with the
assumption that the available data
were limited only to monthly dengue
case density and that there were no
interventions (eg vector control) and
influence from climatic factors was
negligible, which was not valid as
external environmental factors and
interventions can interrupt seasonal
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patterns of the disease, invalidating
the assumption of dependence and
consequently affecting the accuracy of
generated predictions.

In summary, the study shows LSTM
combined with DWT could be used to
model disease data containing surges
or noises associated with an oscillating
system or a seasonal pattern, such as
dengue. This method may outperform
other models as it can learn patterns of
outspread and predict/estimate numbers
of probable cases even in the absence of
knowledge of other factors correlated
with disease spread and transmission.
In order to improve the accuracy of the
predictions generated by the model, we
recommend incorporating meteorological
variables, using daily/weekly dengue
disease datasets and geographical data
with finer granularity.
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