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ABSTRACT

Forecasting the incidence of dengue diseases as time series models facilitates public
health anticipation and preparation for managing an outbreak and reducing morbidity.
Previous works have indicated that many potential predictors are significant factors for
improving the accuracy and effectiveness of the prediction. However, these factors are
usually used as dependent variables and are rarely used to identify and utilize data
relationships in time series approaches. Therefore, the purpose of this study was to
enrich time series data with semantic information and knowledge from a dengue fever
ontology model, in order to improve the capability of time series methods to forecast
dengue incidence in the provinces of Thailand. In this paper, a new technique, named
auto regressive integrated moving average (ARIMA) with semantic data (ARIMAS) was
introduced and compared with classical time series approaches such as ARIMA and
ARIMAX. The root mean squared error (RMSE) of ARIMA and ARIMAX was 25.97 and
27.45, respectively, whereas that of ARIMAS was 24.29. The results showed that the
predicted values of ARIMAS were closer to the observed data than the values obtained
from traditional time series techniques. In addition, the forecast performance of unusual
periods with fluctuant incidence improved significantly. In 2013 and 2015, the RMSE
of ARIMAS was 39.78 and 48.09, respectively, whereas ARIMA had an RMSE of 61.32
and 71.66, respectively, both years witnessed a large epidemic of dengue fever and
have been explored in previous studies.

Keywords: time series; ontologies; semantic information; dengue; forecast; ARIMAS

to allow an early response and planning that would
decrease morbidity and death rates.

Dengue fever is a well-known and deadly tropical disease,
the incidence of which increased from 2.4 million cases to
over 4.2 million cases, from 2010 to 2019 (World Health
Organization, 2020). This long-term, homogeneous data
can be used to forecast future outbreaks, and may provide
public health authorities with sufficient advanced warning
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Time series analysis is a statistical technique that is
used in many studies of dengue diseases. This has enabled
researchers to create dengue forecasting models. Time
series models, especially auto regressive integrated moving
averages (ARIMA), are popular method used in several
previous works. Cortes et al. (2018) used ARIMA analysis to
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forecast dengue incidence in two Brazilian cities while Nayak
and Narayan (2019) deployed ARIMA to predict outbreaks in
India. Somboonsak (2019) used ARIMA and Gaussian
distribution to predict the incidence of dengue fever in
northeast Thailand. Recently, Polwiang (2020) employed
ARIMA to extracted seasonal patterns of dengue cases in
Thailand.

However, these methods have a weakness in that they
consider only the dengue-specific data such as a number of
cases but did not include other, potentially useful, dependent
factors in their forecasting processes. Hence, the studies are
inconsistent with many other studies that have found that
influencers of outbreaks are usually derived from various
dependent factors. ARIMAX, an extension of ARIMA, is an
alternative approach to integrating external time series
variables that can assist the forecasting model for better time
series fitting. Many researchers have used ARIMAX in dengue
fever predictions. Anggraeni and Aristiani (2016) appended
Google trends into ARIMAX in order to forecast the number
of outbreaks. Jing et al. (2018) incorporated external
regressors such as imported cases, mosquito densities, and
temperature into ARIMAX to predict dengue transmission in
China. Nguyen (2018) predicted dengue spread using ARIMA
and ARIMAX with climate variables based on the datasets of
two cities. Thiruchelvam et al. (2018) investigated
relationships between dengue cases and air quality using
ARIMAX. Typically, the dependent factors of ARIMAX are
added to each item of continuous data to assist the forecast
process. The main limitation of ARIMAX is that it ignores
semantic information that exists in the data, which might
help the time series model provid a better forecast. In the past
decade, there are a few studies showing that these factors
contain useful semantic information identifying relationships
in the time series data. As such, our hypothesis is that using a
knowledge base (an ontology model) containing semantic
information can enhance the performance and effectiveness
of time series analysis models.

An ontology is a framework that represents the semantic
description of information using concepts and relationship
abstractions. This can provide the knowledge to infer the
relevance of associations between information concepts.
Dengue fever ontologies have been constructed for many
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aspects of the biomedical field. For example, Herdiani et al.
(2012) proposed the dengue hemorrhagic fever ontology
(DHFO), which contains general and epidemiological
information that can help in the formulation of control policy
initiatives. Similarly, Mitraka et al. (2015) constructed
IDODEN, an ontology for dengue fever, which covers all the
important information of dengue fever, to assist researchers
and medical personnels and identify new developments that
may arise. In this research, IDODEN and DHFO were modified
by adding information from our dataset.

Climate is one of the factors that are directly correlated
with the dengue incidence cases (Siriyasatien et al, 2016).
Climatic conditions and seasonal weather affect the mosquito
population and transmission of the disease (Nagao et al,
2003). In previous work, this factor was often used as a
predictor variable (Lu et al, 2009; Polwiang, 2020), but its
semantic relationships with other factors were usually
ignored. Since we used the knowledge obtained from the
ontology, the semantic relationship between dengue fever
time series data was considered to be useful to filter out
irrelevant data, leading to improvements in the quality of the
data and, thus, the forecasting power of ARIMA.

The aim of this research was to integrate an ontology
model with time series data analysis (i.e, ARIMAS) to
improve the quality of the data input into the time series
analysis.

2. MATERIALS AND METHODS

2.1 Simplified dengue ontology

We built a simplified schema of a dengue ontology,
necessary because existing ontologies only consider
information from the biomedical domain such as disease
data, host, diagnosis, therapy, and prevention. The design
of our ontology is based on the DHFO (Herdiani etal., 2012)
and IDODEN (Mitraka et al,, 2015) models, and combines
simple biomedical concepts with other crucial concepts
necessary for the modeling process such as direct and
indirect factors. The important parts of the simplified
dengue ontology are shown in Figure 1.
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Figure 1. A simplified overview of the important parts of the dengue ontology
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2.2 Data and study areas

Climate is one of the major factors associated with dengue
incidence in Thailand (Johansson et al., 2009). To infer this
knowledge, we have used aggregated monthly dengue cases
(dengue fever and dengue hemorrhagic fever) and climate
data of 76 provinces in Thailand over the period 2003 to
2017 as the source of the enrichment process. However, at
this stage of implementation, our research was focused only
on Phitsanulok; it would be extended to other provinces in
the future. Phitsanulok is a province in the central region of
Thailand and was selected because the observed incidence of
dengue fever during specific times was favorable to our
proposed approach. The dengue-related data were retrieved
from the Health Data Center of the Thai Ministry of Public
Health, and the meteorological data for the same period were
collected from the Thai Meteorological Department.

2.3 Time series models

To model the dengue fever time series data, we worked
mostly with time series models, including ARIMA and its
extension ARIMAX.

An ARIMA model is a classical approach that produces
forecasts based on historical data. This model is denoted as
ARIMA (p, d, q), with three combination components: the
autoregressive (AR) component p, which is the number of
autoregressive lags; the integration (I) component d, which
is the number of differences required to obtain stationarity;
and the moving average (MA) component g, which is the
number of moving averages lags. Following the ARIMA
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model, the observed value of time series y, is given by

Equation 1:

[l—igo,.L’}(l—L)dyl {Hi@jngt (1)

i=1

with lag operator L, self-regression parameter ¢;, moving
average parameter 6;, and random error &;.

An ARIMAX model is an extended version of ARIMA that
can add explanatory time series data as predictor variables.
Therefore, the ARIMAX (p, d, q) model with the exogenous
variable x, is represented by Equation 2:

(l—i(l’fljj(l—L)dy, =0O(L)x, +(1+Zq:9ij}gl (2)

i=1 Jj=1

2.4 Methodology
To develop the model for forecasting dengue incidence, we
proposed five main processes, as shown in Figure 2:

2.4.1 Semantic time series enrichment

In this step, knowledge was enhanced to create a normalized
time series data based on the simplified dengue ontology. The
meta-information corresponding to the ontology was added
to the time series by the semantic processor, as shown in
Figure 3. An example of a semantic time series is shown in
Table 1.
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Figure 3. Semantic time series enrichment process

Silpakorn Universtiy

selection




Time series data enrichment using semantic information for dengue incidence forecasting

Table 1. Example for semantic time series of Phitsanulok, Thailand

Date Number of Concept of semantic time series (Crs)
incidences Normalized Latitude XXX
rainfall
01/01/2003 7 0.0022 0.1131
01/02/2003 1 0.0097 0.1131
01/12/2017 14 0.0000 0.1131
Using the knowledge that a user provided, the semantic Sim(List,, List,)) = ZDisl. x Weight, 4)

selection process focused on semantic selection and filtering
of the related items in the classical time series data. The
semantic relationships between data were measured for the
semantic similarity using a combination of ontology-based
and distance-based approaches. In the ontology-based
method, the idea of measurements from Leacock and
Chodorow (1998) that relate the path between concepts and
the depth of the ontology was used. In the distance-based
method, the traditional measure of Euclidean distance was
used.

For a better understanding of Algorithm 1, we provide an
example scenario in which we seek to enrich the data in the
1st record of Table 1. TSic is the semantic time series of
Phitsanulok and the TSan is the semantic time series of the
other 75 provinces of Thailand included in the analysis. The
variable x in Algorithm 1 is defined as a set of exogenous
factors from a user. In this approach, the semantic weight
between the exogenous factors and the semantic time series
was computed using the path of their least common
subsumer (LCS) with the concept of exogenous factors (Cx)
and the concept of semantic time series (Crs) in the dengue
ontology, as shown in Equation 3.

Weight(C,,,C)y) = path(LCS,C )+ path(LCS,C,,) 3)
’ 2 xdepth

where path(x,y) indicates the distance between a concept x
and a concept y in the ontology model. Depth refers as the
height of the ontology model.

If Xis a “climate” factor specified by a user (Cx = climate),
the semantic time series in Table 1 is “rainfall” and “latitude”
and Crs = rainfall, latitude. Based on Figure 1, we can obtain
LCS (climate, rainfall) = climate and LCS (climate, latitude) =
entity. Consequently, we computed the semantic weight and
obtain Weight (Cciimate , Crainfa) = 0.1 and Weight (Cciimate ,
Ciatituge) = 0.6 where the ontology depth = 5. Thereafter, the
distance between each row between TSic and TSar was
computed using the Euclidean distance (Dis;). Then, all
distances were used to find the semantic similarity per
Equation 4:

(a) Original time series
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i=1
where Listk, Listiare the rows of TSioc and TSan, respectively.
Finally, the row of TSarthat has a semantic similarity value
less than the threshold was selected and inserted to TSic
ordered by time. The threshold was determined by the
characteristic of the value in the semantic weight and the
distance, and then the optimal threshold for the enriched

time series data was selected.
Algorithm 1: Semantic selection algorithm
1: Input: TSan, TSioc, {X}
2: Compute Eq.(2)
Weight(C,,C,y) = path(LCS,C,)+ path(LCS, C,)
2 xdepth

3: For each Listy of TSioc
4: For each List; of TSan
5: Compute Disi= (Listx - List)?2
6: Compute
Sim(List,, List,) = Z Dis, x Weight,
i=1
7:1f Sim (Listk, Listi) < threshold:
8:add Listi to TSic order by Time
9: Output : enriched TSic

2.4.2 Time series stationarity identification

The stationarity of time series data is an important property
offering statistical equilibrium of variables. In this step, the
stationarity of the time series data was identified using the
augmented Dickey-Fuller (ADF) test (Dickey and Fuller,
1979). The unsteady variance of data was considered to be
removed by differencing and repeating the test to ensure that
the test was not at a root unit. Then, a suitable order of
difference d to both the ARIMA and the ARIMAX models was
employed. Examples of non-stationarity and stationarity are
shown in Figures 4(a) and (b), respectively. The traditional
time series were not stationary because there were trends
that affected the value of the time series at different times.
Hence, the trends were eliminated using their first order
difference to identify the stationarity.

(b) The 1st differences for time series

1 11 21 31 41 51 61 71 81 91 101

Figure 4. Line plot of original and difference dengue incidence data of first order (d=1)
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2.4.3 Time series autocorrelations and partial
autocorrelations identification

To select the optimal value of q and p for each model, the
autocorrelation function (ACF) and partial autocorrelations
function (PACF) (Box et al,, 2015) were used to identify the
possible order of MA and AR. The plots of the autocorrelation
and partial autocorrelation for orders 1 to 20 of dengue fever
cases in Phitsanulok are shown in Figures 5 and 6.
Interpreting the correlogram, the values of autocorrelation at
lags 1 and 2 were over the significance limits and were likely
to reduce to zero after lag 2. The values atlags 10 and 11 have
reached the upper limit, but the remainder values were
well within the limits. The partial correlogram was also
interpreted to mean that the values of the partial
autocorrelation was over the significance limits at both lags 1
and 2 and were likely to be reduced to zero after lag 2. Since
both values reduced to zero after lag 2, it is assumed that
the possible ARMA model for this time series data was
the possible order of autoregressive p and moving
average q are 2.
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Figure 5. Autocorrelations (ACF) of dengue incidence in
Phitsanulok, Thailand
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Figure 6. Partial autocorrelations (PACF) of dengue incidence
in Phitsanulok, Thailand

2.4.4 Time series analysis

In this analysis process, ARIMA and ARIMAX models were
used to forecast the dengue incidence in the study area. The
ARIMA model used both an original dataset and an enriched
dataset from the semantic time series processing. ARIMAX
was used for the classical time series data with exogenous
variables that were the same as the semantic variables in the
semantic processor. In each experiment, the most suitable
variable was selected from the candidate models. These
candidate models were generated from a suitable order of
difference d, a possible order of autoregression p, and a
moving average q in previous processes. Then, the fitted
model with the lowest Bayesian information criterion (BIC)
and Akaike information criterion (AIC) values was selected.
For example, candidate ARIMA models of classical time series
of dengue fever cases in Phitsanulok are shown in Table 2.

Silpakorn Universtiy

The ARIMA (2,1,0) model with (p=2, d=1 and g=0) was the
best predictive model.

Table 2. AIC and BIC values of candidate ARIMA models for
classical time series of dengue incidences in Phitsanulok,
Thailand

Candidate model AlC BIC
ARIMA (1,1,0) 458.0282 462.4964
ARIMA (1,1,1) 461.6702 470.6066
ARIMA (1,1,2) 463.6319 474.8024
ARIMA (2,1,0) 453.1814 459.8399
ARIMA (2,1,1) 453.6230 464.7205
ARIMA (2,1,2) 449.9905 463.3075

2.4.5 Forecast performance measurement

In the previous process, we estimated forecast performance
and compared different models using the root mean squared
error (RMSE) and mean absolute percentage error (MAPE).
These measures are defined in Equations 5 and 6,
respectively.

i (observed, — forecast,)’ (5)
RMSE ==
n
| observed, — forecast,
MAPE = 3 observed, (6)
- n
3. RESULTS

In order to compare the proposed approach and the classical
approaches, three experiments were undertook to apply the
classical time series data and the enriched time series data
from the proposed method. In the first trial, the classical time
series data of dengue cases were used with the ARIMA model.
For the second trial, the classical time series of dengue cases,
together with climate as an exogenous variable, were used
with ARIMAX. In the final trial, the ARIMA model with
enriched time series data was performed based on the
knowledge derived from the climate factors (using the same
exogenous variables as in ARIMAX) as semantic information.
The model developed was called “ARIMA with semantic data
(ARIMAS).” To satisfy the forecasts, the optimal parameters
were selected for each trial.

3.1 Optimal parameters

For parameter optimization, the order of difference d was
identified to ensure that the classical and enriched time series
data were stationary. The number of monthly dengue cases
in Phitsanulok from 2003 to 2017 was used as the training
set of classical time series. The modeling of the enriched time
series data used dengue cases from the same period together
with the lag time of their related data from each month. The
ADF test provides Tau-stat and Tau-crit values to check the
stationarity property of the time series. In Table 3, the Tua-
stat value of the classical time series (d=0) is greater than the
Tau-crit value. This implied that the classical time series data
were not stationary. The first order of difference (d=1) was
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then considered to be the optimal variable of the classical
time series, because of the greater Tau-crit value. The same

test was also applied to the enriched time series, where the
result achieved, indicating that it is stationary at d=0.

Table 3. The optimal order of d from stationarity identification processing of classical and enriched time series of dengue

incidences in Phitsanulok, Thailand

Time series data d=0 d=1

Tau-stat Tau-crit Stationary Tau-stat Tau-crit Stationary
Classical time series -1.3382 -2.8884 no -4.6468 -2.8886 yes
Enriched time series -3.7658 -2.8921 yes

In order to identify the possible order of p and q for the
AR and MA of the models, the ACF and PACF values of the
stationary time series were examined using their lag and the
significance limit. In Figure 7, the ACF and PACF values of the

(a) ACF of classical time series data
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classical time series indicated that the possible order of p and
q were 2. Moreover, the ACF and PACF values of the enriched
time series indicated that the possible order of p was 3 and of
qwas 1.

(b) PACF of classical time series data
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(d) PACF of enriched time series data
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Figure 7. ACF and PACF of classical and enriched time series data

From the selected parameters, a candidate of each model
was created and then the best fitted model was selected using
BIC and AIC values. In Table 4, the candidate model of
classical time series in both ARIMA and ARIMAX employed
the same parameter with d = 1, p in the range of 1 to 2 and q
in the range of 0 to 2. The candidate models for the enriched
time series were the ARIMAS with d =0, p =1 and q in the
range of 0 to 3. The candidates that had the lowest BIC and
AIC were considered to be the most suitable models.
Therefore, the optimal model for ARIMA with classical time
series was ARIMA (2,1,0). The optimal model for ARIMAX
with classical time series and exogenous data was ARIMAX
(1,1,1). In the enriched time series model, ARIMAS (1,0,0) and
ARIMAS (1,0,1) both achieved the lowest BIC and AIC. Hence,
both models were selected for forecasting in the next process.

3.2 Forecast performance
After the best predictive models were selected with optimal
parameters, the dengue incidences were forecasted using a
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test set. The differences between the observed data and
predicted value were used as a reference to compare the
forecast performance of each model. To obtain the most
accurate method, RMSE and MAPE were used to measure the
prediction accuracy. In Table 5, the ARIMA (2,1,0) model with
classical time series achieved 25.9706 and 0.7879 for RMSE
and MAPE, respectively. The ARIMAX (1,1,1) model with
classical time series and exogenous variables achieved
27.4462 and 0.7791 for RMSE and MAPE, respectively. For
the enriched time series, the ARIMA (1,0,0) model achieved
24.2866 and 0.7665 for RMSE and MAPE, respectively, and
the ARIMAS (1,0,0) model achieved 25.5012 and 0.7769 for
RMSE and MAPE, respectively. The results showed that both
models of enrich time series data had lower errors, compared
to the other models, in all performance measurements.

Figure 8 illustrates the forecasting of the incidence of
dengue in the study area. An unusual number of dengue
incidences occurred in two periods of the study. The first
period was in 2013, when a large epidemic of dengue fever
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coincided with the rainy season. There were a fluctuant
number of incidences from May to September. The second
period was in 2015, when fluctuations appeared during
August and December, indicating an irregular period.
These unusual situations may have caused a significant
prediction error. Therefore, we focused on the unusual
period and measured the performance of all models, as
illustrated in Table 6. In the first period, the ARIMA (2,1,0)
model with classical time series achieved an RMSE of

achieved an RMSE 0f 48.4837 and a MAPE of 0.0739. In the
second period, the ARIMA (2,1,0) model with classical time
series achieved 52.6731 and 0.4825 for RMSE and MAPE,
respectively; the ARIMAX (1,1,1) model achieved 49.8187
and 0.4826 for RMSE and MAPE, respectively; and the
ARIMAS (1,0,0) model with enriched time series achieved
34.2573 and 0.0588 for RMSE and MAPE, respectively. The
enriched time series model had lower errors in the unusual
period and a varying number in both the first and second

50.7804 and a MAPE of 2.1040; the ARIMAX (1,1,1) model
achieved an RMSE of 52.7405 and a MAPE of 2.1601; while
the ARIMAS (1,0,0) model with enriched time series

periods. These results indicated that ARIMAS, was an
improved dengue incidence prediction model that can lead
to improvements in forecasting performance.

Table 4. AIC and BIC values of optimal ARIMA models for classical and semantic time series of dengue incidences in
Phitsanulok, Thailand

Time series data Candidate model AlC BIC
Classical time series ARIMA (1,1,0) 458.0282 462.4964
ARIMA (1,1,1) 461.6702 470.6066
ARIMA (1,1,2) 463.6319 474.8024
ARIMA (2,1,0) 453.1814 459.8399
ARIMA (2,1,1) 453.6230 464.7205
ARIMA (2,1,2) 449.9905 463.3075
Classical time series with exogenous ARIMAX (1,1,0) -416.4794 -414.2599
variables ARIMAX (1,1,1) -447.7051 -443.2661
ARIMAX (1,1,2) -443.4150 -436.7565
ARIMAX (2,1,0) -408.9969 -404.5875
ARIMAX (2,1,1) -434.7727 -428.1587
ARIMAX (2,1,2) -424.5995 -415.7808
Enriched time series ARIMAS (1,0,0) 624.0043 629.1120
ARIMAS (1,0,1) 621.7150 631.9305
ARIMAS (1,0,2) 623.2749 636.0443
ARIMAS (1,0,3) 625.2721 640.5953

Table 5. RMSE and MAPE of optimal models for classical and enriched time series of dengue incidence forecasts in Phitsanulok,
Thailand

Time series data Model RMSE MAPE
Classical time series ARIMA(2,1,0) 25.9706 0.7879
Classical time series with exogenous variables ARIMAX(1,1,1) 27.4462 0.7791
Enriched time series ARIMAS(1,0,0) 24.2866 0.7665

ARIMAS(1,0,1) 25.5012 0.7769

(a) Forecasting of dengue incidence in (b) Forecasting of dengue incidence in

Phitsanulok during May-September 2013 Phitsanulok during August-December 2015
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Figure 8. Forecasting of dengue incidence in Phitsanulok in which high and variant outbreak
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Table 6. RMSE and MAPE of dengue incidence forecasted in significant periods of high and varying number of cases

Time Series Data Model Period: May to September Period: September to December
2013 2015
RMSE MAPE RMSE MAPE

Classical time series ARIMA(2,1,0) 50.7804 2.1040 52.6731 0.4825

Classical time series with ARIMAX(1,1,1) 52.7405 2.1601 49.8187 0.4826

exogenous variables

Enriched time series ARIMAS(1,0,0) 48.4837 0.0739 34.2573 0.0588

4. DISCUSSION

Figure 9 shows that the traditional ARIMA provided the
highest RMSE because its algorithm considered only the
previous data and ignored other relevant factors that
affected the spreading of the outbreak. Although ARIMAX
takes several features into account to create a model and
predict dengue incidence in the future, its performance is
slightly lower than the ARIMA model because some
continuous data of exogenous variables are not stationary;
thus, the covariate coefficient of exogenous and response
variables is inconsistent and arrives at a spurious
regression situation. ARIMAS achieved the lowest RMSE in
every year because the quality of the input data into the
model was higher than for the others, leading to better
prediction quality with a very low RMSE each year. This
proves that the wise saw of “garbage in, garbage out” is
definitely true in the data analytics arena. Therefore, if the
quality of the input data was enhanced, better prediction
performance can be obtained.

RMSE comparison of three different methods
between 2013-2017

70

39.78

2014 2013

2015

-40

30
— I

ARIMAX ARIMAS

2016

2017

ARIMA

Figure 9. Comparison matrix of RMSE of three different
methods

In recent decades, machine learning has become an area
in which researchers have introduced several approaches
involving time series analysis. For dengue incidence
forecasting (Chakraborty et al., 2019; Guo et al,, 2017; Zhao
et al, 2020; Benedum et al, 2020; Xu et al,, 2020), machine
learning algorithms are mainly used as predictive models
such as the support vector machine (SVM), step-down linear
regression, gradient boosted regression tree (GBM), negative
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binomial regression (NBM), least absolute shrinkage and
selection operator linear regression (LASSO), generalized
additive (GAM), random forest (RF), artificial neural
networks (ANN), and deep learning. However, those works
usually ignored the relationships among data, which may
introduce limitations that lead to low prediction power of the
model. For example, in exceptional cases such as natural
disasters, the number of cases in a region can be abnormally
high or low. Therefore, using only previous data of that region
may cause the forecasting model to return a huge error. As
opposed to those existing models, our approach considers
semantic information existing in the data. Then, the
presented system intelligently selects previous data (factors)
that are similar and relevant to the meta-data of the study
area. When only relevant data is used for the prediction, noisy
data is eliminated and, consequently, the quality of input data
is higher than the original data. As a result, this can enhance
the prediction power of the model.

5. CONCLUSION

The goal of this study was to develop a novel method that
used dengue fever factors together with their semantic
relationships in order to identify and include related data in
the observation. We used data from several provinces in
Thailand to assist the prediction of dengue incidences in the
study area, such as Phitsanulok. We proposed a method of
using the knowledge of dengue fever represented in an
ontology model to be incorporated with the ARIMA
technique to enhance its efficiency, that we termed
“ARIMAS.” Based on the results, we are confident that our
approach improves the forecast performance even when
unusual events occur that affect the number of cases. Our
findings can be used to inform public health policy makers
and planners how to provide more timely and accurate
warnings to public health staff and citizens on the likelihood
of imminent outbreaks. Our findings can also be guidelines
for effective public health resource management.

Our future work goals are to expand the ARIMAS
technique to be able to determine the best p, d, and q for
ARIMA. We would like to extend our work to provide
support for ARIMAX and extend the technique to more
study areas.
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