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Abstract: Dengue fever is an endemic disease that occurs throughout the year. Forecasting cases of dengue fever
based on actual data is needed for monitoring and taking action. Recently, developing countries have faced problems
related to the dengue fever surveillance system caused by the data delay factor. On the other hand, availability and
access to health-related information on the internet have changed people’s behaviors and habits. However, the effect
of internet data usage has not been widely studied, especially in areas with different levels of internet penetration. This
study examines the impact of dengue fever case reported data, Google Trends, Twitter, and climate data in areas with
many cases and varying levels of internet penetration to forecast dengue fever cases. Split time-series cross-validation
(STSCV) and blocked time-series cross-validation (BTSCV) are used to obtain various training and testing results.
The hybrid Decomposition-Bidirectional Long Short-Term Memory(D-BiLSTM) method is proposed. D-BiLSTM
applied to eight different scenarios across multiple level areas. According to the results of the experiments, the DBiLSTM model with STSCV outperforms the BTSCV. In the high internet penetration area, the average error is 9,517,
while in the low internet penetration area, it is 5,188. In areas with high internet penetration, adding the variables
Google Trends and Twitter does not significantly reduce the error forecasting. However, in the low penetration area,
the inclusion of Google Trends and Twitter significantly decreases errors. In general, the D-BiLSTM model performed
well. Then, when compared with other approaches, the D-BiLSTM model as a whole can reduce the average RMSE
and the average MAE of the comparison model by 94,120 and 45,132, respectively, in areas of high internet penetration
with the best SMAPE model of 0.310. In the low internet penetration area, the average decline in RMSE and MAE
was 54,390 and 19,362, with the best SMAPE model performance of 0.183.
Keywords: Dengue fever, Dynamic forecasting, Social media, Internet query, Decomposition, Bidirectional long
short-term memory.

1. Introduction
Dengue Fever (DF) is a contagious disease
caused by the dengue virus carried by the Aedes
Aegypti mosquito [1]. These mosquitoes are found in
tropical and subtropical areas, including Indonesia.
DF is an endemic disease that occurs throughout the
year, especially during the rainy season. This disease

infects a large number of people in a short period [2].
In addition, DF is also the fastest spreading viral
disease [3]. There are 50-100 million cases reported
worldwide in 100 countries each year which cause
24,000 deaths. Approximately 2.5 billion people live
in an endemic state of DF. Based on data compiled
by WHO from 1968-2009, Indonesia was the country
with the highest cases of DF in Southeast Asia [4].
DF has become one of Indonesia’s major public
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health problems over the past 47 years as it causes
rapid and multiple deaths [2]. DF cases in Indonesia
increased significantly in 2019 [5], and many of them
died. Delays in handling triggered this condition. One
of the causes of delays in handling can be related to
the data reporting system.
In several developing countries, including
Indonesia, the provision of data quickly becomes a
problem [6]. A robust, accurate, and reliable disease
surveillance system for DF disease is currently
unavailable [7, 8]. So far, the government has relied
on hospital-based reporting, which is often left
behind and sometimes causes delays in data
availability [8], therefore requires revision [7]. The
delay in reporting can create gaps in disease
surveillance [6], leading to delays in disease detection
and management [9]. It shows the need for alternative
data sources that can describe cases of dengue fever
in near real-time.
On the other hand, the current availability and
accessibility of health-related information on the
internet have altered how people use the internet [10,
11]. Although not everyone who searches for healthrelated terms is ill, there is a close relationship
between the number of people who search for news
about a particular illness and the number of people
who have the symptoms. However, it can be an
indication of the disease's spread [12]. Internet data,
including social media has been widely used to
monitor diseases such as influenza [13, 14], DF [6-8,
15-18], Zika [19], Chikungunya [9], Malaria [20],
Lyme [21], and hand, foot, and mouth disease [22].
Although research has been carried out related to
internet data or social media associated with DF, to
the best of our knowledge, it has not yet been
examined in detail about how different usage affects
areas with different internet penetration rates. Most
of the previous studies involved internet search data
at the national level, whether used in predicting the
number of DF cases [23] and DF outbreaks [24].
Previous studies only focused on the association
between social media data and the number of reported
cases and had not yet reached the predicted level [6,
15]. In addition, previous studies also involved data
from related agencies and social media data only [6,
15, 18]. Otherwise, the number of DF cases is
influenced by climatic factors such as rainfall [23],
temperature [25], and humidity [26]. The use of
climatic factors as a component in the forecasting
process can also improve performance [27].
Various conditions and the results of the
discussion of previous studies regarding the need to
see the effect of usage in areas with different internet
penetration rates and involving other factors in
predicting DF cases are a challenge for the following
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study. Therefore, this study attempts to solve this
challenge. This study aims to see how Google search
data and social media influence forecasting DF cases
number. This impact is investigated for areas with
varying internet penetration rates by factoring in the
real-time climate factor in each area. The climate
factors involved include temperature, humidity,
rainfall, and wind speed. In addition, this study also
proposes a combination of dynamic time series and
deep learning models to forecast the number of DF
cases in several months ahead. This combination is
called Decomposition-Bidirectional LSTM (DBiLSTM). This model is equipped with a crossvalidation process so that the model is more robust
and has improved forecasting performance.
Furthermore, this model is designed dynamic in
terms of adding new input data.
Ultimately, the google query and Twitter results
are expected to complement the surveillance data in
providing information about future DF cases so that
the health office can respond quickly in reducing
morbidity and mortality. In addition, the optimal
model obtained makes it possible to predict the
number of DF events in real-time. This model will
reduce DF's social costs and economic losses by
eliminating the gap in reporting time in traditional
surveillance systems. The remainder of this paper is
organized as follows. Section 2 describes the
previous related studies. In Section 3, the research
areas, data sources, and methods are used. Section 4
discusses the results and discussion. Section 5
presented conclusions, as well as directions for future
work.

2. Related works
2.1 Involvement of internet query factors, social
media, and climate in forecasting the DF cases
number
In recent years, digital footprints have become a
potential source of data for health-related purposes.
The digital tread is usable to explore disease patterns
and health dynamics in a population. Wider internet
penetration, increased use of mobile phones, and
artificial intelligence in the field of digital
epidemiology are promising approaches to assist
disease surveillance systems caused by delays in data
reporting [28]. This approach has the potential to
address gaps in conventional surveillance systems,
which often experience delays in reporting, underreporting, and a lack of supporting budgets because
the costs involved are very high.
So far, there have been several studies involving
internet search data. Most of these studies use Google
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Search data which is better known as Google Trends.
These studies prove that Google Trends data
correlates well with data on cases reported in the
Health Agency, be it cases of DF [6, 8, 15, 16],
Malaria [20], Zika [19], and hand, foot, and mouth
[22], pertussis [29], and influenza [30]. Besides,
Google Trends data is also stated to increase the
accuracy of disease prediction, be it the prediction of
the number of events [13, 17, 19], population health
behavior [18], and outbreaks [7]. Google Trends data
can also indicate national epidemiological trends in
annual and seasonal variations between years [16].
These studies declare the potential use of Google
Trends data. It can be obtained more efficiently,
faster, and at a lower cost than traditional reporting
systems. Although Google Trends have been widely
used in previous DF case research, according to our
knowledge, still very rare analyzed how Google
Trends influenced areas with different internet
penetration rates. This study is relevant to what was
suggested by [8, 9], which stated that the following
research should analyze areas with different internet
penetration rates. In addition, previous studies
conducted analyzes at the national level. Dengue
information at the national level is not ideal for
making decisions locally [7]. The spatiotemporal
policy is more suitable, especially for areas with high
cases [9]. It is because information at the national
level is aggregated from a heterogeneous spatial
environment.
On the other hand, there are still few studies that
report the potential use of Twitter data. This
condition poses a challenge because the public
interest in using Twitter is getting bigger. Besides,
nowadays, Twitter has become one of the popular
social media in Indonesia, besides Instagram and
YouTube [31]. As of May 2020, Twitter users in
Indonesia increased by 24% compared to 2019 [32].
Indonesia has become the fifth largest country for
Twitter users after the UK and other significant
countries [33]. In addition, it is also rare to combine
the influence of climate variables and internet search
data or social media. Most of the previous research
used search query data or social media alone. Several
previous studies stated that climatic factors primarily
influenced cases of dengue fever. Human mobility,
mosquito control, and temperature have different
effects on the [23, 25, 34]. The trend in DF has a
strong correlation with temperature and humidity.
Besides that, it is also following the discussion
presented by [18] that climate should detect DF cases.
Likewise, climatic factors such as temperature,
rainfall, humidity, and wind speed affect DF in
Indonesia [35].
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2.2 The approach used in forecasting the DF
cases number
In a previous study, Google Trends data and
Twitter data on DF were correlated using the
Spearman correlation [15, 18] and Pearson
correlation [6, 8, 27]. Some of them also involve a
lag factor or delay effect [6, 18, 27]. Meanwhile, prior
studies generally utilized the Autoregressive
Likelihood Ratio [13], ARIMAX [17, 20], ARIMA
[16, 20], SARIMA [28, 29], and SARIMA RuleBased [35] to estimate the number of cases and
disease outbreaks. Furthermore, the Time Series
Decomposition method [29] and the Autoregressive
Model with Google Search [7] are also used. Besides,
previous studies that employed social media data for
case prediction and DF outbreaks often employed the
Autoregressive Likelihood Ratio approach [13],
ARIMAX [17], Autoregressive Model with Google
Search [7]. Approaches in [7, 13, 17] are based on the
classic time series approach.
This classic time series approach has some
drawbacks and advantages. ARIMA and SARIMA
are the most widely used forecast models. They
perform well when the data is linear [36] and shortterm forecasting [22]. But that performance declines
when used for medium- and long-term forecasting. In
addition, it needs stationary tests in mean and
variance over time, which takes a lot of time. ARIMA
and SARIMA methods are forecasting methods that
do not involve the influence between variables. In
addition, ARIMA and SARIMA require us to find
different parameters or degrees for other datasets,
namely p, d, q [22, 29]. A combination of incorrect
parameters will get bad results. Thus, the model's
performance so a strong dependency on parameter
setting (p d q). ARIMA and SARIMA have been
developed by involving several other variables
known as ARIMAX models and SARIMAX
methods. Although it can affect other variables, the
model is still difficult to overcome the non-linearity
problem [36].
The classic Time series decomposition approach
has the advantage of recognizing the trend, seasonal,
cyclical, or random components in the data. However,
this model cannot involve other variables such as
ARIMA. Besides, Likelihood ratio autoregression is
a model approach that can include more than one
variable. It uses the likelihood ratio approach to the
testing problems in threshold autoregression. This
condition makes it difficult to choose the criteria
bound. Therefore, it takes a strategy to address this
threshold problem. The usual technique used is an
estimation.
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The relationship between DF and climatic factors
is complex, so the classical time series model is not
easy to get a fit prediction result [36]. The deep
learning approach offers more advantages in the
health sector than traditional statistical models [37,
38] and is more frequently applied in predicting
disease prevalence [39]. LSTM is often used for time
series prediction. It has been successfully used to
predict influenza trends and hand, foot, and mouth
disease epidemics [40, 41]. LSTM was more widely
used for data with large values in the previous study,
including many disease events. However, LSTM is
declared challenging to predict in areas with less
incidence of disease [36] and is less accurate [40].
Research with location differentiation based on
penetration in this study shows that the existing data
is small and even zero, not stationary, and seasonal.
Based on these facts, in this study, LSTM will be
combined with the decomposition approach. It
extracts time-series data that are often nonlinear and
nonstationary without leaving the time domain [29].
So far, several decomposition-based hybrid models
such
as
ANN-decomposition
and
SVMdecomposition have been developed to investigate
time series in other cases. The findings show that the
hybrid decomposition model will increase the
original data's regularity and get more reliable
forecasting results than the conventional model.
Based on the advantages, disadvantages, and
conditions of existing data that have been mentioned
earlier, in this study, the Decomposition will be
combined with a particular type of LSTM, namely
Bidirectional LSTM, to produce forecasts with good
performance. Then, to witness how robust the
combination model of D-BiLSTM is, special crossvalidation will be carried out for time series data in
this study. Several types of cross-validation are not
all suitable for time series data [41].

3. Materials and method
3.1 Study area
This study uses two areas, each representing an
urban area with a high internet penetration rate and
an area where most areas can be categorized as rural
with a lower internet level. These areas are the city of
Surabaya and the Malang Regency.
Surabaya is the capital of the East Java province
and Indonesia's second-largest city after Jakarta.
Surabaya is also one of Southeast Asia's oldest port
cities, with 160 sub-districts and a population density
of 8,268 people per square kilometre. Surabaya City
is located at 7° 9‘-7°21' South Latitude and 112°36'112°57'. Surabaya is mostly lowland, with an
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elevation of 3-6 meters above sea level [42].
Surabaya's Communication and Information
Office announced that the city had won the Indonesia
Digital Society Award for having the most digital
community in Indonesia. Then, according to a survey
conducted by the Indonesian Internet Service
Providers Association from the second quarter of
2020 to the second quarter of 2021, Surabaya is a
provincial capital with a high internet penetration rate
(83.0%), exceeding provincial and even national
penetration rates of 73.7% [43].
Then, Malang regency is a plateau surrounded by
several mountains and lowlands or valley areas at an
altitude of 250-500 masl. Malang Regency is the
second-largest district in East Java after Banyuwangi
Regency and is the district with the largest population
in East Java. Malang Regency has coordinates 112o
17’ to 112o57’ East Longitude and 7o44’ to 8o26’
South Latitude. Malang Regency is also the thirdlargest district in Java Island. The total area is
3,530.65 km2 consisting of 378 villages with a
population density of 831.33 / km2 [44]. The level of
internet penetration in the Malang Regency is 18.3%.
3.2 Dataset
The data used in this study consisted of DF
surveillance data, climate data including temperature,
rainfall, humidity, and wind speed, Google Trends,
and Twitter. The data period used is 2009-2019. The
surveillance data were obtained from the Health
Office in Malang and Surabaya Regencies. In
contrast, the climate data were obtained from the
Meteorology, Climatology, and Geophysics Agency
of Karangploso and Juanda stations. Data from
Google and Twitter is obtained by crawling data
using several top keywords related to the term dengue
fever commonly used by Indonesians, such as demam
(in English fever), demam berdarah (in English
dengue fever), dengue, dengue virus. dengue fever.
The data patterns and changes over time of each
variable involved in the study are displayed in Fig. 1.
The RCN variable represents the reported DF case
number, TEMP represents temperature, and RH is
relative humidity. Moreover, RF is rainfall, WDSP
represents windspeed, TW is the number of tweets
related to DF, and GT represents the number of
Google Trends.
3.3 Method
This study analyses the correlation between data
on Google Trends, Twitter, and climate affect the
number of reported DF cases. Besides, this study also
analyzes their influence on forecasting results.
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Figure. 1 Data plots of variables involved in each area: (a) Surabaya city, (b) Malang district.

This objective is obtained by building a DF
surveillance forecasting model using climate data,
including temperature, rainfall, humidity, wind speed,
Google Trends, and Twitter. Modeling is carried out
using a hybrid model, namely D-BiLSTM. The
performance of this model has compared to other
candidate models, such as ARIMAX [17], LASSO
[34], SVM [37], and Neural Network (NN) [37]. The
framework of this study is shown in Fig. 2.
3.3.1. Correlation analysis

How strong the relationship between the
variables involved can be found using the correlation
coefficient. The specific purpose of the correlation
analysis in this study is to see how big the relationship
between data on Google Trends, Twitter, and climate
on the number of DF cases reported in each area. This
study carried out the correlation with the Pearson
product-moment[6, 8]. The Pearson product-moment
equation is presented in Eq. (1). The rA,B show the
correlation coefficient for variables A and B. Addition,
n the amount of data, at and bt are the values of
̅ are the
attributes A and B in the data t. While 𝐴̅, 𝐵
average of attribute A and attribute B values, as well
as σA, σB show the standard deviation of attribute A
and attribute B.

𝑟𝐴,𝐵 =

̅
̅)
∑𝑛
𝑡=1(𝑎𝑡 −𝐴)(𝑏𝑡 −𝐵
𝑛𝜎𝐴 𝜎𝐵

=

̅̅
∑𝑛
𝑖=1(𝑎𝑖 −𝑏𝑖 )−𝑛𝐴𝐵
𝑛𝜎𝐴 𝜎𝐵

(1)

3.3.2. Decomposing the involved variables

All data next are decomposed using Additive
Decomposition. This decomposition produces three
values for each variable, namely, trend, seasonality,
and random components. In this study, time series
decomposition uses the moving average (MA)
method to examine trend cycles and seasonal
behavior. The trend component (Tt) is obtained using
a 2 x m-MA, while the de-trend is obtained by
subtracting the DF (Yt) surveillance data trend. The
seasonal component of each season is estimated by
averaging the de-trend value in that season. The value
of this seasonal component is then adjusted to ensure
that it is close to zero. The seasonal variable can be
calculated by stringing together these monthly values
and then replicating the series for each year. As a
result, the residue component (St) is found by
subtracting the seasonal components and the trend
cycle. Rt denotes the residue.
Mathematically, the Decomposition can be
modeled like Eq. (2). Meanwhile, the additive model
to capture seasonal variations in successive periods is
presented in Eq. (3). The de-trend (Dt) processes and
the complete decomposition are given in Eq. (4) and
Eq. (5) [29].
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Figure. 2 Summarized framework for the construction of the D-BiLSTM forecasting model for DF cases number

𝑌𝑡 = 𝑓(𝑇, 𝑆, 𝑅)

(2)

𝑌𝑡 = 𝑇𝑡 + 𝑆𝑡 + 𝑅𝑡

(3)

𝐷𝑡 = 𝑌𝑡 − 𝑇𝑡

(4)

𝑅𝑡 = 𝑌𝑡 − 𝑇𝑡 − 𝑆𝑡

(5)

3.3.3. BiLSTM modeling

The LSTM model is a Recurrent Neural Network
model that can be used to handle forecasting timeseries data. This LSTM covers the drawbacks of
gradient problems from the input applied to the
hidden layer, increasing or decreasing significantly
during a circular connection. Bidirectional LSTM
(BiLSTM) improves LSTM performance by studying
both forward and backward input sequences,
combining and embedding both meanings in the
hidden states. The bidirectional LSTM calculates the
hidden forward sequence ⃗⃗⃗
ℎ𝑡 then ⃖⃗⃗⃗
ℎ𝑡 retains
information from the future in the backward run,
potentially adding a necessary background to the
prediction process.
In this study, we use a bidirectional LSTM model
with architecture, as displayed in Fig. 3. This
architecture consists of two BiLSTM blocks, each
with one forward layer (FL) and one backward layer
(BL). The ⃗⃗⃗⃗⃗
𝑠𝑙,𝑖 and ⃖⃗⃗⃗⃗⃗
𝑠𝑙,𝑖 represents forward hidden state
and backward hidden state vectors at layer l ∈ {1, 2}
and frequency index i ∈ {1, 2, . . ., 21}. These output
hidden states are concatenated ([ ⃗⃗⃗⃗⃗
𝑠𝑙,𝑖 ; ⃖⃗⃗⃗⃗⃗
𝑠𝑙,𝑖 ]) at each
frequency index i and layer l before further
processing. Also, wi’s (i ∈ {1, 2, ..., 21}) are the

scalar weights. At each frequency index, we built a
two-layer BiLSTM architecture with a residual
relation between the outputs of the first and second
layers.
In BiLSTM block 1, the input is the result of the
decomposition process of each variable denoted by xi
with i = 1,2, .., 21. The forward layer (FL1) provides
hidden state ⃖⃗⃗⃗⃗⃗.
𝑠1,𝑖 Each hidden state can be denoted as
x and y, where ⃗⃗⃗⃗
𝜑1 and ⃖⃗⃗⃗⃗
𝜑1 shown parameters of FL1
and BL1.
𝑠1,𝑖 = 𝑓(𝑠⃗⃗⃗⃗⃗⃗⃗⃗⃗⃗
⃗⃗⃗⃗⃗
𝜑1 )
1,𝑖−1 , 𝑥𝑖 , ⃗⃗⃗⃗

(6)

𝑠1,𝑖 = 𝑓(𝑠⃖⃗⃗⃗⃗⃗⃗⃗⃗⃗⃗,
⃖⃗⃗⃗⃗⃗
𝜑1
1,𝑖+1 𝑦𝑖 , ⃖⃗⃗⃗⃗)

(7)

The forward and backward hidden states in
LSTM cells are now concatenated at each frequency
index (i), and the resulting vector is denoted as si,k,
where 𝑠1,𝑘 = [𝑠⃗⃗⃗⃗⃗⃗
𝑠1,𝑘 . Meanwhile, in the
1,𝑘 ; ⃖⃗⃗⃗⃗⃗⃗]
BiLSTM block 2, we provide s1,I (i = 1,2,…,21) as
input, corresponding forward as (𝑠⃗⃗⃗⃗⃗
2,𝑖 ), and backward
(𝑠⃖⃗⃗⃗⃗⃗⃗)
hidden
state
vector,
which
is
shown in Eq. (8)
1,𝑘
and Eq. (9).
𝑠2,𝑖 = 𝑓(𝑠⃗⃗⃗⃗⃗⃗⃗⃗⃗⃗
⃗⃗⃗⃗⃗
𝜑2 )
2,𝑖−1 , 𝑠1,𝑖 , ⃗⃗⃗⃗

(8)

𝑠2,𝑖 = 𝑓(𝑠⃖⃗⃗⃗⃗⃗⃗⃗⃗⃗⃗,
⃖⃗⃗⃗⃗⃗
𝜑2
2,𝑖+1 𝑠1,𝑖 , ⃖⃗⃗⃗⃗)

(9)

The parameters for the FL2 and BL2 are ⃗⃗⃗⃗
𝜑2 and
⃖⃗⃗⃗⃗2 , respectively. Furthermore, the concatenated
𝜑
′
output hidden states of BiLSTM2 are 𝑠2,𝑖
=
′
′
′
⃗⃗⃗⃗⃗
⃖⃗⃗⃗⃗⃗
[𝑠 , 𝑠 ], where 𝑠 = 𝑠1,𝑖 ⨁𝑠2,𝑖 . We now obtained
2,𝑖

2,𝑖
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Figure. 3 Decomposition-BiLSTM architecture

single vector (s) by a weighted averaging
mechanism as defined in Eq. (10).
𝑠 = ∑21
𝑖=1 𝑎𝑖 𝑠𝑖
where 𝑎𝑖 =

in Eq. (11). In Eq. (11), v and bv is another set of
trainable weight parameters, and σ is the sigmoid
function.
(10)

𝑒𝑥𝑝(𝑠𝑖𝑇 𝑤 + 𝑏𝑤 )
21
∑𝑖=1 𝑒𝑥𝑝(𝑠𝑖𝑇 𝑤 + 𝑏𝑤 )

𝑦 = 𝜎(𝑣 𝑇 𝑠 + 𝑏𝑣 )

(11)

∈ (0,1), wi, bi is the

trained parameter with other LSTM parameters.
Finally, we get the expected output value y, shown
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3.3.4. Cross-validation for model robustness testing

Cross-validation techniques are used here to
maintain the robustness of the D-BiLSTM model
against various types and patterns of data in
producing forecasts. In addition, this cross-validation
technique permits the model to continue to improve
its predicting capacity by capturing changes in the
relationship between internet browsing data behavior,
climate, and the number of reported cases. Two types
of cross-validation are used here: five-fold split timeseries cross-validation (STSCV) and blocked timeseries cross-validation (BTSCV). The selection of
cross-validation is based on the different patterns of
series, types of forecasts, and evaluation objectives.
STSCV divides the training set into two parts at each
iteration because the training set is always earlier than
the test set. Unlike ordinary cross-validation, which
allows the training set to be located after the test set.
Meanwhile, BTSCV divides the data by increasing
the margin in two places. The first is between the
training and testing folds to prevent the model from
observing the lag values used as regressors and
responses. The second is between the parts used in
each iteration to avoid the model from remembering
the pattern from iteration to the next iteration [41].

4. Result and discussion
This study has two main objectives. The first aim
is to find the best combination of D-BiLSTM models
to forecast the number of reported cases involving the
Google Trends, Twitter, climate, and the number of
cases reported variables in the previous period.
At the same time, the second objective is to find
out how Google Trends and Twitter data involves in
the DF Case forecasting results. There are eight
models in each area. Each of these models was tested
on different cross-validation scenarios to get a more
robust model. The performance of each model in each
area is compared with others models [16,34,37]. Then,
a forecast for the next 6 and 12 periods is made using
the best model for each area so that the Health Office
and other stakeholders can plan preventive actions
based on the results.
4.1 Time-series correlation analysis
The relationship between climate, Google Trends,
and Twitter with the DF cases number are shown in
Table 1. The correlation coefficient (r) between
variables in Table 1 showed correlations between
dengue case numbers and other variables.
Temperature and rainfall are climate variables that
have a small trend correlation among other climate
variables. However, even though they are small, they
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Tabel 1. The Pearson correlation between the
variable of DF cases number with other variables
in each area. TEMP: temperature, RH: relative
humidity, RF: rainfall, WDSP: wind speed, TW:
Twitter; GT: Google Trends, RCN: reported case
number
Reported
Reported
Variable
Cases in
Cases in
Surabaya
Malang
TEMP
-0.077
0.059
RH
0.293
0.373
RF
0.076
0.137
WDSP
0.128
-0.21
GT
0.275
0.253
TW
0.035
0.135
RCN Lag 1
0.868
0.545

can affect the number of DHF cases indirectly. It is
relevant to previous studies presented by [23, 27, 34].
Temperature affects the growth of mosquitoes as
vectors of DF disease [34]. The little correlation
value here can be impacted by the fluctuating cases
number in certain months where the value can drop
significantly. This condition is consistent with [23,
27] that the continuity of relations should be analyzed
annually, likewise with rainfall. The maximum
rainfall of only 29 mm in the Malang Regency is too
low, so that it is not sufficient to inhibit mosquito
growth. On the other hand, rainfall can significantly
inhibit mosquito reproduction to a minimum limit of
52 mm [34]. This condition happened in the Surabaya
area, where it once reached a value of 52 mm so that
the correlation value appears to be greater than the
Malang district area.
The positive correlation value between Google
Trends and reported cases shows that the greater the
number of searches on google, the greater the number
of reported cases. This positive relationship is
relevant to the research conducted by [6-8, 15, 17].
However, in relation to correlation coefficients, this
finding is somewhat in contrast to previous studies.
Studies conducted by [6, 7] show relatively high
correlation values (> 0.7) between google trends and
DF reported at the national level. It could be due to
different search query keywords. The level of internet
penetration and the keywords used can influence the
search frequency [45]. So it is natural that the search
correlation value at the level differentiated by the
level of penetration tends to be different from the
local level without distinction (national level). The
level of internet penetration between regions is very
different, and local keywords can also be different
from others [15]. The decreased correlation results
when keywords were separated were also shown by
[8, 17]. However, even though the value is only 0.275
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Figure. 4 Time series decomposition of the Malang area data broken down into trends, seasonality, and random
components: (a) reported DF cases, (b) Google Trends, and (c) and Twitter
Table 2. Variable combination scenario implemented in each area. Output: RCN
Best
Scenario
Input
model
1
M1
TEMP, RH, RF, WDSP
2

M2

TEMP, RH, RF, WDSP, GT

3

M3

TEMP, RH, RF, WDSP, TW

4

M4

TEMP, RH, RF, WDSP,GT, TW

5

M5

TEMP, RH, RF, WDSP, RCN Lag 1

6

M6

TEMP, RH, RF, WDSP, GT, RCN Lag 1

7

M7

TEMP, RH, RF, WDSP, TW, RCN Lag 1

8

M8

TEMP, RH, RF, WDSP,GT, TW, RCN Lag 1

for the Surabaya area and 0.253 in Malang Regency,
this value is still said to affect the 0.01 level
significantly.
Although Twitter’s influence is not as strong as
Google Trends, the positive correlation still shows

that an increase also followed the rise in the number
of Twitter in the number of DF cases reported.
Twitter in Indonesia in the early study period was still
rare and had only increased in the last three years [32].
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Table 3. The result of D-BiLSTM models. Model 1-4 excludes the DF cases number at lag 1 in the independent
variable combination. Model 5-8 includes the DF cases number at lag 1 in the independent variable combination.
Surabaya-STSCV
Malang-STSCV
Surabaya-BTSCV
Malang-BTSCV
Model
RMSE MAE SMAPE RMSE MAE SMAPE RMSE MAE SMAPE RMSE MAE SMAPE
M1
100.304 72.683 49.174 86.422 65.887 53.056 109.387 73.294 48.427 89.201 68.270 49.053
M2
100.238 72.636 49.204 83.986 62.827 48.097 109.623 73.530 48.745 88.965 68.001 48.730
M3
100.288 72.710 49.208 83.870 62.719 47.949 109.485 73.381 48.774 89.515 68.633 49.584
M4
100.034 72.463 48.751 84.006 62.907 48.218 109.583 73.500 48.838 89.085 68.153 48.964
M5
100.109 72.525 49.131 84.187 63.084 48.597 109.824 73.782 49.419 89.579 68.674 49.741
M6
100.060 72.560 48.782 83.705 62.508 47.781 109.887 73.854 49.491 89.394 68.459 49.430
M7
100.142 72.513 49.197 83.712 62.546 47.705 109.728 73.652 49.003 89.316 68.383 49.026
M8
100.184 72.685 49.101 83.173 61.955 46.816 109.975 73.966 49.635 89.508 68.608 49.586
Table 4. The result of a 12-months forecast using D-BiLSTM models. Model 1-4 excludes the reported DF cases at
lag 1. Model 5-8 includes the DF cases number at lag 1. Mark-bold models denote the best model
Area
Error
M1
M2
M3
M4
M5
M6
M7
M8
RMSE
53.785
44.491
68.861
68.712
30.111
32.694
68.883
68.763
Surabaya
MAE
51.541
42.390
65.887
65.754
19.110
25.986
65.907
65.798
SMAPE
0.548
0.502
0.592
0.592
0.310
0.389
0.592
0.592
RMSE
32.723
30.749
31.509
33.001
33.885
29.892
28.651
30.157
Malang
MAE
29.117
27.253
27.901
29.377
30.125
26.467
25.727
26.700
SMAPE
0.202
0.191
0.195
0.203
0.207
0.187
0.183
0.189
Table 5. The t-value result in the hypothesis test by comparing models that exclude and include the internet query
variables. The threshold used is 1.645 with a significant level of 0.05. One-tailed test, H0: 𝑀𝑖 − 𝑀𝑗 ≥ 0, 𝑖 = 1,5; 𝑗 =
2,3,4,6,7,8
Surabaya
Malang
Paired Models
t-value
Conclusion
t-value
Conclusion
M1 - M2
1.885
M2 is better than M1
6.049
M2 is better than M1
M1 - M3
-6.831
M3 is not better than M1
11.407
M3 is better than M1
M1 - M4
-6.729
M4 is not better than M1
-19.932
M4 is not better than M1
M5 - M6
-50.510 M6 is not better than M5
18.622
M6 is better than M5
M5 - M7
-10.674 M7 is not better than M5
19.989
M7 is better than M5
M5 - M8
-50.787 M8 is not better than M5
17.874
M8 is better than M5

4.2 Decomposition-bidirectional LSTM (DBiLSTM) model
The decomposition of each independent variable
produces trend, seasonality, and random components.
The results of the vector decomposition of the
number of registered DF events, Google Trends, and
Twitter are displayed in Fig. 4. The trend component
indicates that the number of reported DF cases has a
declining trend and Twitter and Google Trends
variables. The many jagged random components,
especially in the DF case number, indicate that there
are events that cannot be explained by the periodicity
of this data, which other factors can cause. Then, the
seasonal component seems to repeat itself, and this
occurs every close to 12 months.

This finding is relevant to previous research
conducted in Indonesia [6]. This period is identical to
the time of the rainy season. This seasonal period also
looks similar to Google Trends and Twitter. Note that
the seasonal and random components have negative
values due to the decomposition and relative to the
moving average month length. These negative scores
on the random and seasonal components are for
comparison and do not imply negative case numbers
or search numbers.
DF cases data from Malang and Surabaya,
climate data, local search queries, and social media
are used to construct the BiLSTM model. Table 2
presents eight scenarios of variable combinations that
produce the eight best models in each scenario. These
scenarios are carried out in each area. Models from
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Scenario 1-4 exclude dengue data reported case
number at lag 1 [30], while models from Scenario 58 include reported DF case number at lag 1 [7].
In each scenario, tests were carried out using two
types of 5-fold cross-validation, namely STSCV and
BTSCV. This cross-validation is carried out in DBiLSTM using 500 epochs, the mean square error
loss function, and the sigmoid activation function.
The other parameters were: 4 hidden layers, 32 units
per hidden layer, 32 batch size, 0.5 drop out, 0.005
learning rate. Meanwhile, the optimizer used is the
best optimizer selected from the optimization
algorithm that produces the smallest root mean
square error. The optimization algorithms were
Adam, Adadelta, Stochastic Gradient Descent (SGD),
Adagrad, Adamax, Nadam, RMSprop, and Ftrl.
Testing was carried out using Python 3.5.3 includes
the Keras module.
The best performing model in each area using two
types of cross-validation with the best optimizer
isshown in Table 3. The performance metrics used
are root mean square error (RMSE), mean absolute
error (MAE), and root mean absolute percentage.
error (SMAPE) [13].
The performance of each model in Table 3 is the
best average of each fold on STSCV and BTSCV.
This condition is because they have experimented
with the testing data in each area. The metric used is
RMSE, and the best model has the smallest RMSE
[40]. The use of two kinds of cross-validation aims to
make the model learn with more data composition. In
this study, the average performance of the DBiLSTM model using STSCV has better
performance than BTSCV. This performance is
proper for both models. This condition can be caused
because the conditions at the time of STSCV could
get a more significant proportion of training data than
BTSCV. So, the model can learn better with more
data. It is relevant to previous studies, stating that
training using more data will increase the model’s
performance.
Next, the retrain model uses cross-validation to
get the results of forecasting data validation. The
results of the retrain process are predicting the
number of DF cases for data validation in the next
period again. The results of the best model
performance in each area are shown in Table 4.
Table 4 presents that the performance of the DBiLSTM model involving DF case lag 1 produces
better performance than the model without involving
these variables. These findings are consistent with
those presented in the experimental data testing
shown in Table 3. This condition can occur because
the DF case lag 1 has a very high correlation with the
current DF case. Highly correlated variables can
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improve the performance of a model [6]. Table 4 also
shows that adding Google Trends and Twitter
variables can increase or decrease forecasting
performance. In the Surabaya area, which represents
high internet penetration rates, models without
Google Trends and Twitter data have the best
performance. Whereas in the Malang Regency area,
a model that involves all data simultaneously is the
best model.
The RMSE value in Table 4 also shows a
different effect in areas with varying levels of internet
penetration. In areas with high penetration, namely
Surabaya, data on google trends and twitter is not
proven to reduce error significantly. The RMSE value
is getting bigger by involving these two variables,
except M2, which requires Google Trends without
DF cases in the previous period. M2 decreased by
9,295. For Malang Regency as the representative of
areas with low internet penetration, RMSE in M2 and
M3 looks lower than M1. It does not apply to M4.
However, M6, M7, and M8 have a smaller RMSE
value than M5. M2 has a decrease in the average
RMSE of 1,099. A comparison test of two samples
was carried out to determine whether the RMSE
difference is significant enough to increase or
decrease performance. Table 5 shows the t-student
values obtained by paired samples test carried out on
sample pairs M1 with M2, M3, M4, and M5 with M6,
M7, M8.
The t-value in Table 5 shows that the addition of
Twitter as a predictor variable is not proven to
improve forecasting performance. However, for
Google Trends, it is still quite significant to improve
performance. However, if Google Trends include
together with Twitter, it is still not enough to increase
performance. It is somewhat different from the
Malang Regency area, where the internet penetration
rate is lower. The addition of the variables Google
Trends and Twitter proved to significantly increase
performance except when the two data were involved
together and without involving the DF case in the
previous period.
These results cannot be compared with previous
studies because, to the best of the authors’ knowledge
of the DF case, most previous studies did not pay
attention to the differences between areas with
different internet penetration rates and local searches.
However, if the previous research used national-level
data, the results of this study are partly relevant.
Previous research conducted by [8, 17] stated that
using data at the national aggregate level, Google
Trends data can improve forecasting quality. This
finding is relevant for models in low internet
penetration but not appropriate for models in high
penetration areas with DF case lag 1. Several
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Table 6. Comparison of model performance in areas with higher internet penetration rates in Surabaya. The markbold numbers represent the two highest-performing models.
Method
Error
M1
M2
M3
M4
M5
M6
M7
M8
RMSE
139.596 141.882 140.185 138.189
74.519
75.159
75.89
77.764
LASSO
MAE
92.529
91.665
92.256
90.235
44.263
46.433
46.604
46.730
[34]
SMAPE
0.370
0.384
0.355
0.381
0.332
0.335
0.318
0.334
RMSE
114.903 168.958 228.106 216.911
128.291
125.818 141.761 128.291
ARIMAX
MAE
111.948 159.291 222.477 210.725
86.542
82.423
99.836
86.542
[18]
SMAPE
0.621
0.704
0.747
0.740
0.323
0.313
0.341
0.323
RMSE
177.188 175.520 176.496 174.682
172.270
170.071 171.489 171.795
NN [36]
MAE
100.390
98.878
99.413
97.735
99.054
96.885
97.672
97.555
SMAPE
0.173
0.181
0.177
0.185
0.168
0.181
0.179
0.177
RMSE
155.971 156.673 156.281 156.553
156.264
156.334 156.383 156.846
SVM
MAE
81.837
82.336
81.628
82.207
81.635
81.918
82.234
82.260
[36]
SMAPE
0.331
0.331
0.332
0.328
0.333
0.332
0.330
0.330
RMSE
53.785
44.491
68.861
68.712
30.111
32.694
68.883
68.763
DMAE
51.541
42.390
65.887
65.754
19.110
25.986
65.907
65.798
BiLSTM
SMAPE
0.548
0.502
0.592
0.592
0.310
0.389
0.592
0.592
Table 7. Comparison of model performance in areas with lower internet penetration rates in Malang. The mark-bold
numbers represent the two highest-performing models.
Method
Error
M1
M2
M3
M4
M5
M6
M7
M8
RMSE
65.273
63.718
66.851
63.502
56.782
57.753
57.102
58.267
LASSO
MAE
47.053
45.088
48.153
44.488
32.646
35.058
33.353
34.653
[34]
SMAPE
0.320
0.314
0.311
30.675
33.924
32.057
32.872
32.405
RMSE
330.946
126.736
183.013
172.123
237.541
122.822
207.708
165.942
ARIMAX
MAE
78.057
112.082
174.602
162.850
112.599
65.229
98.943
82.594
[18]
SMAPE
41.997
36.165
39.720
38.580
29.403
24.776
28.209
25.441
RMSE
104.763
102.854
103.429
101.395
102.262
100.385
100.805
101.760
NN [36]
MAE
80.740
79.316
79.595
77.647
79.339
77.733
77.783
78.662
SMAPE
0.138
0.139
0.144
15.751
13.643
14.905
15.168
14.571
RMSE
90.376
88.456
87.828
88.715
69.874
68.790
68.927
68.979
SVM
MAE
50.535
50.141
49.669
51.043
48.172
47.121
47.334
47.232
[36]
SMAPE
0.301
0.303
0.301
31.152
29.280
29.357
29.237
29.301
RMSE
32.723
30.749
31.509
33.001
33.885
29.892
28.651
30.157
DMAE
29.117
27.253
27.901
29.377
30.125
26.467
25.727
26.700
BiLSTM
SMAPE
0.202
0.191
0.195
0.203
0.207
0.187
0.183
0.189

explanations can be given regarding this
contradiction. First, a prior research used a
forecasting model that was analyzed per keyword
[17], whereas, in this study, we used an aggregate of
several keywords with the highest number of uses.
This selection certainly causes different types of
keywords to be used. Furthermore, varying types of
keywords can cause accuracy differences [15]. In
addition, [8] does not involve climate variables.
The only variables involved are reported data and
Google Trends. It is relevant to what was stated by
[17] that the differences in the variables involved
could affect the model’s performance. In addition, the
random values of Google Trends and the very random
Twitter, as shown in Fig. 2, can also influence this

finding. Although the correlation is proven to be
significant, it cannot improve the prediction result
[21], likewise with Twitter data. However, let’s look
at the cases of other diseases. The findings of this
study for the Surabaya area are relevant to those
expressed by [21], who stated that online search data
does not significantly improve forecasting
performance.
To see how the performance position of the DBILSTM model is compared to others, the DBiLSTM model is compared with other models that
have been used in previous studies. The results of the
proposed performance model and its comparison in
areas with a higher internet penetration rate -
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Surabaya- are shown in Table 6. In contrast, areas
with lower internet penetration are shown in Table 7.
Table 6 and Table 7 show that the D-BiLSTM model
has better performance than its rival model. The
Lasso model is the second-best model, where even
though the average RMSE is still above 100, it is still
lower than the others. The outcomes of this research
indicate that the D-BiLSTM model succeeded in
reducing the average error. D-BiLSTM reduces
RMSE by 93,129 and 94,054 for M1 in Surabaya and
Malang. Thereafter 93,129 and 50,950, for M2,
106,406 and 41,419 for M3, 102,872 and 37,721 for
M4, 102,725 and 86,504 for M5. Subsequently,
99,152 and 54,743 for the M6, 67,498 and 39,753 for
the M7, 64,911 and 29,974 for the M8. The M5 model
is the best model for D-BiLSTM in the Surabaya
region, having a SMAPE of 0.310 and an MAE of
19,110. In the Malang area, the best model, M7, has
a SMAPE value of 0.183 and MAE 25,727. These
values are still below the 10% range of the Surabaya
and Malang data intervals so that the forecasting
results can still be said to be excellent.
The reported DF cases and forecast with the DBiLSTM model and Lasso comparison with the best

performance are shown in Fig. 5. Forecasting
involves variables following the best models of DBiLSTM, namely M5 in Surabaya and M7 in Malang.
Fig. 5 shows that the forecast results of the DBiLSTM model are closer to the actual data than the
LASSO model. The trend and seasonal factors can
influence this phenomenon, and random factors of
dengue fever are associated with climate variables,
Google Trends, and Twitter. The D-BiLSTM model
studies data based on these three components, as
shown in Fig. 2, so that the results can be closer to the
actual data than studying one factor as a single value.
If observed in Fig. 2, the trend between reported
DF and Twitter in the Malang area is the same.
Similarly, a seasonal pattern where the period is
12 months experienced the peak of events in February
2019. Then for the random component between
Twitter rose also in February 2019 where previously
tended to low. However, the random pattern for more
varied DF cases up and down is drastic and up in
December 2018. It is a similarity that makes the
model easier to learn. This condition is the opposite
in Surabaya. Here, models with Twitter and Google
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Figure. 5 Comparison of reported DF case data and forecast results with the D-BiLSTM and Lasso
models in each area: (a) Surabaya (b) Malang.
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Figure. 6 Forecast results for the next 6 and 12 months using the D-BiLSTM model in each area:
(a) Surabaya (b) Malang.
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Trends are not the best models. If observed, the
pattern of random DF cases reported more sloping in
recent years, but this contrasts to Twitter and Google
Trends that tend to increase. Similarly, the value of
reported DF cases tends to decrease but rises for
Twitter and Google Trends. This condition makes the
D-BiLSTM model more responsive.
4.3 The next 6-12 periods forecasting
Action planning to avoid an increase in the
number of cases can be done appropriately by
forecasting the number of cases for several months
ahead. The forward forecast period used is 6 and 12
months. This choice is based on the need for budget
planning and actions taken in the study area [43].
Comparison of D-BiLSTM forecast skills for
nowcast, six months, and 12 months ahead of the
forecast using Model 5 is presented in Fig. 6 (a) and
Fig. 6 (b).
Fig. 6 depicts the forecast patterns for the next 6
and 12 months in all areas have a similar pattern.
However, relative to the previous 12 months, the
forecasting results for the next six months tend to be
identical to the value in the same month last year.
This situation was relevant to the study presented by
[13]. The more extended the forecast period in the
future, there is a tendency for more extensive errors,
which means that the pattern will be more different
than the short term.
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Trends and Twitter at the local level does not
necessarily increase forecasting performance,
especially for areas with high internet penetration.
Dengue fever forecasting is reported to have the best
performance when it involves climate variables
without Google Trends and Twitter variables in areas
with high internet penetration rates. Meanwhile, the
best model for low internet penetration rates involves
climate, Twitter, and DF in the previous lag.
Based on correlation and forecasting, Google
Trends and Twitter are not used to replace the
reported data. Still, based on the similarity of the
reported dengue fever case, Google Trends, and
Twitter decomposition patterns, they may help
describe the public's response to disease behavior.
However, Twitter and Google Trends can be valuable
sources of information. Nevertheless, this study has
limitations, namely the limited number of areas.
For this reason, in the following research, the
combination model obtained will be applied to
different and more local areas. In addition, the
analysis is focused on separating the number of low
and high cases so that it is more apparent how the
contribution of social media data to the development
of DF cases.
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