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A B S T R A C T

Background: Controlling re-emerging outbreaks such as COVID-19 is a critical concern to global health. Disease
forecasting solutions are extremely beneficial to public health emergency management. This work aims to design
and deploy a framework for real-time surveillance, prediction, forecasting, and early warning of respiratory
disease. To this end, we selected southern African countries and Canadian provinces, along with COVID-19 and
influenza as our case studies.
Methodology: Six different datasets were collected for different provinces of Canada: number of influenza cases,
number of COVID-19 cases, Google Trends, Reddit posts, satellite air quality data, and weather data. Moreover,
five different data sources were collected for southern African countries whose COVID-19 number of cases were
significantly correlated with each other: number of COVID-19 infections, Google Trends, Wiki Trends, Google
News, and satellite air quality data. For each infectious disease, i.e. COVID-19 and Influenza for Canada and
COVID-19 for southern African countries, data was processed, scaled, and fed into the deep learning model which
included four layers, namely, a Convolutional Neural Network (CNN), a Graph Neural Network (GNN), a Gated
Recurrent Unit (GRU), and a linear Neural Network (NN). Hyperparameters were optimized to provide an ac-
curate 56-day-ahead prediction of the number of cases.
Result: The accuracy of our models in real-time surveillance, prediction, forecasting, and early warning of res-
piratory diseases are evaluated against state-of-the-art models, through Root Mean Square Error (RMSE), coef-
ficient of determination (R2-score), and correlation coefficient. Our model improves R2-score, RMSE, and
correlation by up to 55.98 %, 39.71 %, and 44.47 % for 56 days-ahead COVID-19 prediction in Ontario, 34.87 %,
25.52 %, 50.91 % for 8 weeks-ahead influenza prediction in Quebec, and 51.04 %, 32.04 %, and 28.74 % for 56
days-ahead COVID-19 prediction in South Africa, respectively.
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Conclusion: This work presents a framework that automatically collects data from unconventional sources, and
builds an early warning system for COVID-19 and influenza outbreaks. The result is extremely helpful to policy-
makers and health officials for preparedness and rapid response against future outbreaks.

1. Introduction

More than 13 million people lost their lives to infectious diseases in
2019, prior to the COVID-19 pandemic [1]. Containing emerging and re-
emerging outbreaks is a critical concern to global health. Infectious
diseases are one of the major causes of death in children under 5 years
old [2]. Furthermore, epidemics could increase the risk of mental health
disorders in both patients and healthcare workers [3]. Other than health
and well-being, outbreaks affect the education system, employment,
social status, economic growth, agriculture, and other elements of
human development such as gender equality and human rights [4–6].
Latest studies show a mutual causation between poverty and the spread
of communicable diseases [7]. Surveillance and early alert systems are
extremely beneficial to controlling and reducing the burden of infectious
diseases.

Early Warning Systems (EWS) for infectious diseases include plan-
ning, designing, and implementing methods for prediction or early
detection of occurring and re-occurring outbreaks [20]. Despite
considerable efforts in developing syndromic surveillance and EWS for
infectious diseases, an efficient and practical solution is not yet avail-
able. One of the first disease surveillance systems, ProMED-mail,
launched in 1994, relies on official subscribers from more than 185
countries worldwide to report suspicious symptoms [8,9]. Developed in
1997, GPHIN is a more automated surveillance system that instead of
subscribers, depends on news articles retrieved through extensive search
queries to detect disease outbreaks [10]. Successively, some researchers
proposed to use health-related data such as emergency department visits
[11], telephone triage calls [12], ambulance dispatches [13], hospital
records [14], pharmacy records [15,16], and school absenteeism [17]
for syndromic surveillance.

Subsequent works suggested that the number of Internet searches or
article views is a more convenient source of information for building
health surveillance systems, as they are easier to access, more cost-
efficient, provide both pre- and post-diagnostic statistics, and most
often correlate pretty well with the number of cases, or mortalities
[18–21]. A great advantage of search data and article views is that they
provide information days to weeks earlier than traditional health-
related data [22]. Therefore, contemporary methods mostly focus on
building EWS using the number of search queries, and page views
[23,24].

A great volume of literature on syndromic surveillance systems
concentrates on lower respiratory infections, since they are the fourth
leading cause of mortality, worldwide [25–29]. COVID-19 alone with
more than 700 million confirmed cases has killed approximately 7
million people, as of December 19, 2023 [30]. The COVID-19 pandemic
has highlighted the core necessity of EWS for rapid response to emerging
and re-emerging diseases. On December 31st, 2019, the World Health
Organization (WHO) Country Office in China was informed of
pneumonia-like symptoms from an unknown etiology occurring in
Wuhan, Hubei province of China that did not respond well to conven-
tional flu treatments. The 2019 novel coronavirus quickly spread among
other cities and provinces of China and eventually, across countries
through travelers. Thailand, Japan, and South Korea were the first
countries to report cases of COVID-19. WHO declared the outbreak a
Public Health Emergency of International Concern (PHEIC), on January
30th, 2020, and a pandemic on March 11, 2020, when more than
118,000 cases had been reported in 114 different countries [31]. Due to
the drastic impacts of the COVID-19 pandemic on healthcare services
and the global economy [32,33], many researchers urged to build an
EWS for COVID-19 waves [34–37].

Although the mentioned works provide rich information on syn-
dromic surveillance systems, they do not propose a forecasting method
for imminent outbreaks. Disease prediction enables preparedness,
planning, rapid response, and recovery. It is a fundamental tool for the
public health emergency management. One of the first forecasting
methods for COVID-19 waves was proposed by F. Stevenson, et al. [38],
where a multi-variate time series prediction method was implemented
using Long-Short Term Memory (LSTM). LSTM is a Recurrent Neural
Network (RNN) capable of predicting time series using sequences of
multiple variables. LSTM solves the vanishing gradients problem of RNN
by enabling the model to learn long data relationships and sequence
patterns [39]. To forecast the COVID-19 waves in South Africa, in [38]
four different variables are fed into LSTM, namely, Google mobility data,
Facebook mobility data, stringency index, and previous daily COVID-19
number of cases. The LSTMmodel is built to predict the number of cases
up to 14 days ahead. Google and Facebook released mobility data during
the COVID-19 pandemic to help policymakers and health officials
combat COVID-19, however, the datasets are no longer updated and
could not be used for future EWS [40,41].

Another source of data that reportedly correlates well with respira-
tory infection statistics is weather and air quality data [42]. D. Aragão,
et al. [43] gathered air quality data from multiple sources and built a
multi-variate 1 week-ahead prediction model using stacked LSTM for
COVID-19 mortalities in different states and major cities of Brazil. In
[44] different parishes of Louisiana state of the USAwere clustered using
a weighted k-means clustering algorithm based on Xgboost, according to
their population density, race, ethnicity, median age, and average daily
temperature and humidity. For each cluster, an LSTMmodel was trained
to forecast COVID-19 number of cases, mortalities, and recoveries.

Introduced in 2014, Gated Recurrent Unit (GRU) is an RNN model
that also mitigates the vanishing gradients problem while using fewer
parameters compared to LSTM, making it faster to train [45]. Some
papers have implemented an EWS using both LSTM and GRU to compare
their performance. LSTM and GRU are commonly combined with Con-
volutional Neural Networks (CNN) for better accuracy [46–48]. Batool
and Tian [49] used weather parameters such as temperature and hu-
midity to build a forecasting model for COVID-19 cases and mortalities
in Pakistan. Their results show that LSTM performs better than GRU.
Khennou and Akhloufi [50] used weather parameters, i.e. temperature,
humidity, and precipitation, and the number of COVID-19 tests to build
a model using LSTM, GRU, and their combination for predicting COVID-
19 cases in different provinces of Canada. The results indicate that the
models perform differently for different provinces, and no model is su-
perior to the other, in general.

A few papers have considered the location properties to build an
EWS. Considering location properties significantly improves the accu-
racy of the EWS model [59]. Hartono [51] proposed to cluster countries
based on their COVID-19 transmission dynamics and using topological
autoencoders. Then, for each cluster, a reference country is selected, and
an LSTM model is trained based on that to forecast the number of
COVID-19 cases. They performed their model on 250 different countries
where the transmission dynamics of the countries are determined by the
number of COVID-19 cases over time. SI-LSTM and SI-CNN-LSTM [52]
use 5 data sources, namely, Google Trends, telecoms mobility, Google
mobility, website test requests, and National Health Service (NHS) 119
calls to build an EWSmodel for COVID-19 cases and fatalities. The 5 data
sources of different Local Authority Districts (LAD) of the UK go through
layers of LSTM for SI-LSTM and CNN-LSTM for SI-CNN-LSTM and are
eventually combined using a dense layer. The results indicate that the SI-
LSTM model mostly outperforms the SI-CNN-LSTM model.
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The methods proposed in [51,52] require training several LSTM
models and have high computational and space complexity. A more
efficient and location-based method for building an EWS is using Graph
Neural Networks (GNN). GNN is a branch of artificial neural networks
used to model and process data that can be represented as graphs. The
most commonly used form of GNN is Graph Convolutional Networks
(GCN) which could be recognized as a generalized CNN for modeling
graph-structured data [53]. Authors in [54] derived 3 indicators from
Facebook mobility data, namely, staying put, co-location network, and
social connectedness network. A fully connected graph was built based
on different districts of Germany where the social connectedness indi-
cator was set as weights for the edges. The other two indicators, staying
put and co-location network, were fed into the GNN, and then a
Generalized Additive Model (GAM) to perform 3 weeks-ahead
prediction.

In [55] a graph is created from the provinces/regions of Italy, and the
weights are set based on the mobility flows between the locations. The
number of swab tests used in each location, mobility in each location,
and demographic information such as the population density of each
region are used as features. The data goes through a GCN layer and then
an LSTM layer to predict the number of COVID-19cases in each location.
In [56] a fully connected graph was designed for different departments
of France, where the weights of the edges were set based on mobility
between departments. Four features were considered for nodes, number
of COVID-19 cases in previous days, population of the department,
vaccination rate of the department, and mobility in the department. The
features of the nodes were fed to a GNN layer and a Message Passing
Neural Network (MPNN) was implemented that performed 14 day-
ahead prediction for the number of COVID-19 cases and
hospitalizations.

Authors in [57] build a fully connected graph from different states of
the USA, where the edges are the correlation between the number of

COVID-19 cases in the two states. They used GCN to perform a 1-day
ahead prediction for forecasting the COVID-19 effective reproduction
number of different states. In [58] a fully connected graph is built for
different regions of four different European countries, namely, Italy,
Spain, France, and England, where the edges are set based on the
Facebook mobility between the regions. The number of COVID-19 cases
in different regions is used to first train a GNN and then fine-tune a
Model-Agnostic Meta-Learning (MAML) model to provide a 14-day-
ahead prediction model for the number of COVID-19 cases.

In [60] a fully connected graph is made from different counties in the
USA, where the weights of the edges are set using the mobility between
the counties. Then, the next-day number of COVID-19 cases and deaths
in different counties is predicted using a GNN. Authors in [61] build a
graph for 193 counties of the USA, where neighboring nodes are con-
nected and their weight is determined by the population size of the
nodes. The nodes are explained by four features, number of active cases,
hospitalizations, ICU stays, and total number of cases. The features go
through a Graph Attention Network (GAT), and then a GRU layer to
perform 10 days-ahead prediction for COVID-19 number of cases. Cola-
GNN [62] proposes a model consisting of three layers for forecasting the
influenza number of cases in different prefectures of Japan, states of the
USA, and regions of the USA. The first layer is a simple RNN network
with an attention layer on top of it. The second layer is a CNN, and the
third layer is a GNN, where the weights of the graph are set using the
cross-location attention matrix. The result is a 20-week-ahead influenza
cases prediction.

This paper focuses on building and deploying technology for real-
time surveillance, prediction, forecasting, and early warning of respi-
ratory diseases in Canadian provinces and southern African countries.
To improve the accuracy further using GNN, two graphs are formed, one
on provinces of Canada and the other on southern African countries. To
make the model practical for prognosticating future outbreaks, only

Fig. 1. (a) The overall model for Canada, and (b) the graph used for building the GNN layer for Canada.
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datasets that are freely available on websites or through RESTful APIs
are used. We apply our model to forecast COVID-19 and influenza cases
56 days ahead; however, our model applies to any respiratory infectious
disease. Our contribution to this domain is three-fold:

• To provide a framework for forecasting future respiratory infections,
particularly COVID-19 in southern African countries which has not
been studied previously, and COVID-19 and influenza in different
provinces of Canada.

• To build a model that could automatically extract data and utilize it
for COVID-19, influenza, and other respiratory infectious disease
syndromic surveillance.

• To improve the accuracy of state-of-the-art EWS models.

All our datasets and codes are available from [87]. In the following,
section 2 describes, the methodology, section 3 presents the results, and
sections 4 and 5 provide the discussion and conclusion of our
manuscript.

2. Methodology

2.1. Canada

For each of the COVID-19 and influenza infectious diseases, a
different EWS model is built. Fig. 1(a) shows the overall design of an
EWSmodel, which is composed of three parts. The first and second parts,
data preparation and graph creation, process the data to format it for
training the deep learning model. The graph used in the graph creation
part was the same for both models, i.e. COVID-19 and influenza, and is
shown in Fig. 1(b). The 3 territorial provinces, i.e. Northwest Territories,
Yukon, and Nunavut were excluded because not enough surveillance
data was available for them. The third part of the design (Fig. 1(a)),
model construction includes training and testing the model using the
prepared data to forecast the number of cases. Each part of the model is
explained in the following.

Fig. 2. Google Trends, and the first, and second derivatives of Google Trends, and the number of (a) COVID-19 and (b) influenza cases.

Table 1
Features that are significantly correlated with the number of cases in different provinces.

ON QC BC AB MB SK NB NS NL PE

Correlation with COVID-19 Number of Cases
GT 0.375** 0.455** 0.469** 0.390** 0.299** 0.325** 0.455** 0.469** 0.199** 0.171**
1D GT − 0.168** − 0.109** – – − 0.067* – – – − 0.065* –
2D GT – – – – 0.112** – 0.0778* – 0.115** 0.091**
Reddit 0.635** 0.618** 0.364** 0.481** 0.196** 0.569** 0.336** 0.0728* 0.236** –
O3 0.115** – 0.318** 0.221** 0.157** 0.267** – – – –
NO2 0.180** 0.213** 0.095** 0.112** – – 0.0684* – – –
SO2 − 0.255** – − 0.293** − 0.139** − 0.200** − 0.191** – – – –
CO − 0.150** − 0.099** − 0.103** − 0.122** – – – – – –

Correlation with Influenza Number of Cases
GT 0.248** 0.367** 0.392** 0.342** 0.303** 0.194** 0.455** 0.379** 0.288** 0.214**
1D GT – – 0.1087* – – – – – 0.134** 0.136**
2D GT – – – – – – − 0.094* – – –
Min Temp. − 0.382** − 0.491** − 0.416** − 0.418** − 0.353** − 0.331** − 0.376** − 0.206** − 0.366** − 0.423**
Total Rain − 0.219** − 0.39** − 0.218** − 0.320** − 0.245** − 0.246** − 0.113* – − 0.254** − 0.138**
Total Prec. − 0.139** − 0.308** – − 0.210** − 0.164** − 0.174** – – − 0.155** –

In the table above,
* means that p-value < .05 and
** means that p-value < .01.
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2.1.1. Data preparation

2.1.1.1. Datasets. Data retrieved from websites, or by RESTful APIs
such as the number of searches, page views, and news articles are su-
perior to conventional health-related data, e.g. clinical visits, telephone
triage, and hospital records, for two main reasons, (1) they could be
retrieved automatically, and (2) they provide information days to weeks
earlier [22]. Therefore, four different sources of data, namely, Google
Trends, Reddit posts, weather data, and air quality data are used for this
project. The number of COVID-19 and influenza cases are retrieved
using the COVID19Tracker API, and the official Government of Canada
website, respectively [64,72]. To have enough data to train a deep
learning model, information is collected from May 1st, 2020 to July
31st, 2022 on a daily basis for COVID-19 and from September 1st, 2013
to September 1st, 2023 on a weekly basis for influenza.

Google Trends: provides a normalized number of Google searches on
a particular topic, or search term [66]. It classifies data based on cate-
gory, keyword, and country/region. For this project, the volume of
Google searches for all categories of COVID-19 and influenza disease
topics were gathered for various provinces of Canada on a daily and
weekly basis, respectively. When cases of a particular disease rise and its
symptoms become widely noticed, people tend to search for it online.
Therefore, Google Trends on the disease topic are most often signifi-
cantly correlated with the number of cases and can be used as an indi-
cator for building a forecasting model. In Google Trends API, each topic
has an ID; and it is equal to “/g/11j2cc_qll” and “/m/0cycc” for COVID-
19 and influenza disease topics, respectively. By searching the topic ID,
the normalized number of searches in a certain period on a daily basis
(using the dailydata package of pytrends) is obtained and used as a
predictor in the forecasting model. The first derivative of Google Trends
shows whether the number of searches is increasing or decreasing, and
the second derivative specifies how fast the volume of searches is
changing. Fig. 2 shows the number of COVID-19 and influenza cases,
Google Trends, and the first and second derivatives of Google Trends for
Ontario. Since the first and second derivatives of Google Trends could
also be used as indicators for forecasting outbreaks, they were fed into
the models as different features, as well.

In Fig. 2(b), the number of influenza cases (orange line) from May
31, 2020, to January 23, 2022, during the COVID-19 pandemic, is very
low and mostly zero. By removing this period from the datasets, the
accuracy of the forecasting model significantly increased. Table 1 shows
the correlation between the number of influenza cases and other in-
dicators after removing the COVID-19 pandemic period, and the corre-
lation between the number of COVID-19 cases and other indicators, for
Canadian provinces.

Reddit posts: are retrievable using the PullPush API [67]. The Pull-
Push API accepts the name of the subreddit, a keyword, and a time
period as input and returns the posts along with their exact submission
date and time. Each Canadian province has a subreddit, enabling the
collection of posts containing the keyword “covid” from May 1st, 2020
onwards in the respective provincial subreddits. As shown in Table 1,
the volume of the posts for most of the provinces is significantly corre-
lated with the number of COVID-19 cases in that province. The reason is
that when a certain disease becomes prevalent in a particular region,
people of that region discuss it on social media, and the number of posts
related to that disease increases. Therefore, the number of Reddit posts
was used as a feature to feed into the deep-learningmodel for forecasting
COVID-19 waves. However, it was not possible to gather a Reddit
dataset for forecasting influenza waves because the PullPush API did not
return posts dated before 2015.

Weather data: was retrieved from Open-Meteo historical weather
API [68,73–76]. The Open-Meteo historical weather API returns
weather parameters such as minimum temperature, total rain, and total
precipitation on a daily basis for a certain coordinate. We collected data
for different coordinates in Canada at a granular resolution (higher than

333 Km resolution). We then minimized the temperature values over a
certain province, and summed the values for rain and precipitation.
Weather parameters, i.e. minimum temperature, total rain, and total
precipitation are correlated with the number of influenza cases of each
province (after removing the COVID-19 period from the data), as
demonstrated in Table 1, but not with the number of COVID-19 cases.
Adding weather parameters to the COVID-19 model degraded the final
accuracy. Therefore, weather parameters, i.e. minimum temperature,
total rain, and total precipitation were fed as additional features to the
deep-learning model only for forecasting influenza waves.

Air Quality: data was retrieved from the Google earth engine,
SENTINEL-5P mission instrument, launched by the European Commis-
sion (EC) as part of the European Earth Observation Program (Coper-
nicus) [69]. Using the shapefile of Canada, the concentration of a certain
air quality parameter was maximized over the coordinates of a certain
province (1113.2 m resolution) to acquire the maximum concentration
of that parameter for each day. The maximum daily concentration of air
pollutants, i.e. O3, SO2, CO, and NO2 were correlated with the number
of COVID-19 cases for most of the provinces, as illustrated in Table 1,
and therefore, used as additional features for improving the accuracy of
the COVID-19 model. However, since the SENTINEL-5P mission was
initiated in 2018, it was not possible to use it in the influenza model.

It is clear from Table 1 that there are 9 and 7 features for each
province in the COVID-19 and influenza models, respectively. These
features for COVID-19 include the historical COVID-19 number of cases,
Google Trends, first and second derivatives of Google Trends, number of
Reddit posts, maximum daily concentration of O3, NO2, SO2, and CO,
and for influenza include historical influenza number of cases, Google
Trends, first and second derivatives of Google Trends, minimum daily
temperature, total daily rain, and precipitation, namely.

2.2. Data preprocessing

In the data preprocessing block (Fig. 1(a)), missing values are filled
by averaging the preceding and succeeding records. All the features that
are negatively correlated with the number of cases (Table 1) are
normalized and subtracted from 1 so that they have a positive correla-
tion. The data of different provinces are then integrated into different
dimensions of a NumPy array. Thus, the final array has three di-
mensions, (1) data features, (2) time series sequence, and (3) different
provinces of Canada. The final array is scaled using the min-max scaling
algorithm. Then, the observations are formed. To apply T step-ahead
prediction, the observation for time t includes a sequence of all fea-
tures with length τ + 1, (t-τ, …, t-2, t-1, t) as the input and a sequence of
the number of cases only with length T, (t + 1, t + 2, …, t + T) as the
label. The input sequence length, which is determined through hyper-
parameter optimization, is equal to 150 days for COVID-19 and 15
weeks for Influenza models. Hyperparameter optimization which is an
important phase in training deep-learning models, greatly affects the
final accuracy [84–86]. The output sequence length, T, is 56 days for
COVID-19 and 8 weeks (which is also 56 days) for influenza. The ob-
servations are then converted into tensors, and fed into the second block,
graph creation.

2.2.1. Graph creation
In the graph creation stage, the train and test datasets are separated.

The train dataset is used to set the weights of the GNN graph. In a GNN
model, nodes that are more related to each other share their data for
making a better decision. Therefore, to improve the accuracy of the EWS
model, Canadian provinces that have a significant correlation (p < .05)
in terms of the number of COVID-19 and influenza cases are selected for
forming the GNN graph [65]. As displayed in Fig. 1(b), the territorial
provinces, i.e. Yukon, Nunavut, and Northwest Territories did not have
sufficient data; therefore, their case numbers were not correlated with
the rest of the provinces, and were excluded from the model design, and
the GNN graph. Our investigations indicate that rather than building a
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fully connected graph, linking only provinces that have a common
border with each other increases the accuracy of the model. The edge
index matrix of the graph is defined using its topology.

Similar to [57] the weights of the graph are set using the correlation
between the number of cases of the two provinces. Because Google and
Facebook mobility data are not updated anymore, they cannot be used
for designing and training future models [40,41]. Moreover, other
sources of humanmobility are not available on the provincial-level [70].
Since, mobility data is most often correlated with the number of in-
fections [58], in this work, the correlation between the number of dis-
ease cases in the training dataset is used as the weights of the graph.

The edge index and edge weight matrices are fed to the GCN layer in
the model construction block to define and form the graph. The training
and testing datasets are fed into the model construction block.

2.2.2. Model construction
The model construction block takes the training and testing data to

build the deep learning model, which is composed of four main layers,
CNN, GCN, GRU, and a linear neural network layer. The first layer is a
two-dimensional CNN that includes 9 and 7 input channels for the
COVID-19 and influenza models respectively, corresponding to their
input features, and one output channel. Each input channel accepts a
two-dimensional tensor, i.e. a sequence of the feature for each province.
So, the CNN combines all the data feature sequences of a province and
provides one sequence for each province to the GCN layer. In other
words, the CNN layer turns the three-dimensional input tensor into a
two-dimensional tensor and feds it into the GCN. The GCN which is the
spatial layer of the model, applies the aggregation and update proced-
ures on the provinces and feeds the result to the GRU which is the
temporal layer of the model. The GRU which is capable of remembering
relationships in data sequences, provides its result to the linear layer,
which has T outputs for 1- to T-steps ahead prediction. A dropout
component is placed between each layer for regularization. Each layer
has its own hyperparameters, which are optimized prior to training and

testing the model. The hyperparameters of the models include sequence
length, batch size, dropout probabilities, learning rate and its decay
value, activation functions, kernel of CNN, number of layers of GRU, and
the hidden layer size of GRU.

2.3. Southern African countries

Fig. 3(a) shows the GNN graph formed on southern African countries
that are under study to perform 56 days-ahead prediction for COVID-19
number of cases. The input sequence length, determined through
hyperparameter optimization is equal to 150 days for the forecasting
model of COVID-19 in southern African countries. The designed model
which is depicted in Fig. 3(b), is different from the model of Canada
(Fig. 1(a)) in two ways: (1) the data sources, and (2) the GCN graph,
which are explained in the following.

2.3.1. The data sources
To automate the data gathering stage, datasets are collected from

five different online sources that are regularly updated. The number of
COVID-19 cases released by the official website of WHO on a daily basis
is used as the historical number of cases from June 1st, 2020 to July 31st,
2022 [77]. Google Trends on the COVID-19 disease topic (ID = “/g/
11j2cc_qll”) which is significantly correlated with the number of COVID-
19 cases for most of the countries (for South Africa, corr = 0.5137, p <

.000001), is collected on a daily basis for different countries and used
alongside its first and second derivatives as additional features to fore-
cast COVID-19 waves.

Wiki Trends is an API that returns the number of views for different
Wikipedia pages on a daily basis [78]. When the number of cases of a
particular disease increases in a certain region, people of that region
tend to look for more information regarding that disease online; as a
result, the number of Wikipedia views on that disease rises. Since there
exists a separate Wikipedia page on COVID-19 for each country, it is
possible to use this resource to build an EWS for COVID-19 waves. The

Fig. 3. (a) The overall model for southern African countries, and (b) the graph used for building the GNN layer for southern African countries.
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number of views is significantly correlated with the number of COVID-
19 cases for many of the African countries (for South Africa, corr =

0.1878, p < .000001).
Google News API enables search for news pages that have been

released in a particular country, and include a specific keyword [63].
The API returns the title, link, and the exact release date of the article.
When the number of cases of a certain disease increases in a region, more
news articles regarding that disease, its symptoms, and remedy are
released; therefore, the number of released Google News articles related
to a particular disease is most often significantly correlated with the
number of cases of that disease. We found that the number of Google
News published with the keyword “covid” is significantly correlated
with the number of COVID-19 cases for many of the African countries
under study (for South Africa, corr = 0.1797, p = .0148).

Air quality data which was gathered using Google Earth Engine API
for all countries under study, includes the maximum daily concentration
of five different air pollutants, namely, SO2, NO2, CO, O3, and UV-
index. Using the shapefile of Africa, all the daily concentration values
of the air pollutants over a particular country (1113.2 m resolution)
were gathered and the maximum for the whole country was used.
Overall, from the five different sources of data, eleven features are
extracted; therefore, the CNN layer in the model construction block,
includes eleven input channels and one output channel. The CNN layer
combines all the features into one feature for each province and provides
it to the GCN layer. The GCN uses this data along with the edge index
and edge weights of the GCN graph to analyze the data on a spatial level.

2.3.2. The GCN graph
As shown in Fig. 3(a), the GCN graph is constructed from 16 different

southern African countries. The reason for this choice is that the number
of COVID-19 cases in these countries are significantly (p < .05) corre-
lated with each other. In a GNN model, nodes that are more related to
each other share their data for making a better decision. Therefore,
forming the GNN graph using correlated nodes will improve the final
accuracy. Our investigations indicate that rather than building a fully
connected graph, linking only countries that have a common border
with each other increases the accuracy of the model. The weights of the
graph are set equal to the correlation of the number of COVID-19 cases
in the training dataset between the two countries. Based on the topology
of the graph and the weights of the links the edge index and edge weight
matrices are created and passed to the GCN layers. The GCN layer also
accepts data from the CNN at its input, performs the aggregate and
update procedures on spatial dimension and passes the results to the
GRU. The GRU which is capable of memorizing sequences of data ana-
lyzes the data on temporal dimension and provides the result to the final
stacked NN layer which includes T outputs for T step-ahead prediction.
Before using the train and test datasets to build the model, hyper-
parameters are optimized to achieve the best results.

3. Results

The accuracy of the model is evaluated by three different metrics,
Root Mean Square Error (RMSE), coefficient of determination (R2-
score), and correlation, which are presented in eqs. 1–3, respectively.

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑

i
(ai − pi)2

√

(1)

R2 = 1 −

∑

i
(ai − pi)2

∑

i
(ai − a)2

(2)

Table 2
Evaluation of the accuracy of the proposed model against other models for
different number of days in advance for COVID-19 in Ontario.

Evaluating COVID-19 Model for Ontario

Model RMSE R2-score Correlation
1 day-ahead GRU 1443.1537 0.7357 0.8192*

Cola-GNN 1411.5913 0.7447 0.8344*
CNN-GCN-LSTM 988.4723 0.8211 0.9217*
Informer 1254.1963 0.8042 0.8242*
Autoformer 1161.6517 0.8144 0.8344*
CNN-GCN-GRU 866.8081 0.8691 0.9412*

14 days-ahead GRU 1259.006 0.6546 0.7672*
Cola-GNN 1148.0051 0.6814 0.7936*
CNN-GCN-LSTM 980.1725 0.7928 0.9078*
Informer 1311.9353 0.7391 0.7557*
Autoformer 1259.4979 0.7463 0.763*
CNN-GCN-GRU 904.3313 0.8497 0.9296*

28 days-ahead GRU 1531.7383 0.5952 0.7185*
Cola-GNN 1329.7801 0.6383 0.7559*
CNN-GCN-LSTM 1046.2955 0.7809 0.8922*
Informer 1664.3532 0.6939 0.6993*
Autoformer 1538.0796 0.7094 0.7149*
CNN-GCN-GRU 938.345 0.8317 0.9096*

42 days-ahead GRU 1841.1215 0.5374 0.6612*
Cola-GNN 1761.1983 0.5515 0.6807*
CNN-GCN-LSTM 1197.0164 0.7501 0.8664*
Informer 1769.5534 0.6815 0.6679*
Autoformer 1704.6728 0.6891 0.6755*
CNN-GCN-GRU 1196.2316 0.7546 0.8698*

56 days-ahead GRU 2497.7258 0.4405 0.5651*
Cola-GNN 2065.2009 0.5009 0.619*
CNN-GCN-LSTM 1505.3791 0.6849 0.8139*
Informer 2387.8943 0.6165 0.576*
Autoformer 2272.732 0.6277 0.5872*
CNN-GCN-GRU 1505.1116 0.6871 0.8164*

Evaluating Influenza Model for Quebec

Model RMSE R2-score Correlation
1 week-ahead GRU 281.9151 0.7532 0.7021*

Cola-GNN 254.878 0.82 0.7967*
CNN-GCN-LSTM 232.1351 0.8861 0.8407*
Informer 291.5814 0.7319 0.7279*
Autoformer 267.0295 0.7886 0.7657*
CNN-GCN-GRU 90.1274 0.9835 0.9926*

2 weeks-ahead GRU 273.7503 0.7722 0.7148*
Cola-GNN 269.2848 0.783 0.772*
CNN-GCN-LSTM 235.3229 0.8762 0.8341*
Informer 301.3555 0.7354 0.7303*
Autoformer 268.4916 0.785 0.7633*
CNN-GCN-GRU 117.7067 0.9719 0.9873*

4 weeks-ahead GRU 323.5803 0.6692 0.6461*
Cola-GNN 259.0234 0.809 0.7893*
CNN-GCN-LSTM 259.3676 0.8081 0.7887*
Informer 329.7142 0.6584 0.6789*
Autoformer 292.7803 0.7293 0.7262*
CNN-GCN-GRU 157.4489 0.9498 0.9803*

6 weeks-ahead GRU 337.4767 0.6452 0.6301*
Cola-GNN 262.8911 0.799 0.7827*
CNN-GCN-LSTM 304.4590 0.7053 0.7202*
Informer 339.8939 0.6412 0.6675*
Autoformer 323.726 0.6689 0.6859*
CNN-GCN-GRU 157.339 0.9498 0.9845*

8 weeks-ahead GRU 336.2793 0.6472 0.6315*
Cola-GNN 272.1649 0.776 0.7673*
CNN-GCN-LSTM 299.0645 0.7162 0.7275*
Informer 348.8513 0.6268 0.6579*
Autoformer 333.4062 0.6521 0.6747*
CNN-GCN-GRU 250.4763 0.8729 0.953*

In the table above,
* means that the p-value < .000001.
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Where ai and pi are the ith actual and predicted values, respectively, a
signifies the mean actual values, and n is the total number of predicted
values. We have compared our model (CNN-GCN-GRU) with state-of-
the-art models, including LSTM, GRU, CNN-LSTM, CNN-GRU, CNN-
GCN-LSTM, Cola-GNN [62], and two transformer models designed for
time-series prediction, namely, Informer [79] and Autoformer [80].

3.1. Canada

The best results for COVID-19 and influenza were obtained for
Ontario and Quebec, respectively. Table 2 compares the performance of
our model for COVID-19 in Ontario and Influenza in Quebec, with other
methods in terms of RMSE, R2-score, and correlation. Table 2 shows that
our model improved R2-score, RMSE, and correlation by up to 55.98 %,
39.71 %, and 44.47 % for 56 days-ahead COVID-19 prediction in
Ontario and 34.87 %, 25.52 %, 50.91 % for 8 weeks-ahead influenza
prediction in Quebec, respectively.

Fig. 4(a) shows the different metrics for state-of-the-art models for
COVID-19 in Ontario and Fig. 4(b) shows that for influenza, in Quebec.

Figs. 5(a and b) compare the predicted and actual values of COVID-
19 in Ontario and influenza in Quebec, respectively. For influenza pre-
diction (Fig. 5(b)), the COVID-19 period, from May 31, 2020 to January
23, 2022 was removed from the dataset, since the number of cases was
very low and almost zero in that period. According to Fig. 5 the pre-
dicted values accurately follow the actual values for different steps in
advance.

Figs. 5(a and b) also show the accuracy of the model for different
waves of COVID-19 in Ontario, and influenza in Quebec, respectively,
and demonstrate that the model performs particularly well for one of the
waves. The reason is that the hyperparameters which were optimized
using the WandB package, were fine-tuned specifically for that wave.
Although, we optimized the hyperparameters to maximize overall ac-
curacy (R2-score), the algorithm prioritized optimizing them for that
particular wave. Recalibrating the hyperparameters for each wave could
increase the accuracy of the model in that time period.

Fig. 6(a and b) which have been created using ArcGIS Pro, further
illustrates the accuracy of the COVID-19 and influenza models for
different provinces of Canada, respectively. As shown in Fig. 6, the ac-
curacy of the model is acceptable for all the provinces under study;

Fig. 4. Comparing the deep-learning model with state-of-the-art models in terms of R2-score, RMSE, and correlation for (a) COVID-19 in Ontario, and (b) influenza
in Quebec.

Z.M. Nia et al. Artiϧcial Intelligence In Medicine 161 (2025) 103076 

8 



Fig. 5. comparing predicted and actual values for different steps in advance for (a) COVID-19 in Ontario and (b) influenza in Quebec.
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however, higher accuracy can be achieved for a particular province by
fine-tuning the hyperparameters specifically for that province. Complete
results of COVID-19 and influenza prediction for different days and
weeks in advance for all provinces of Canada is available in supple-
mentary file 1. In the following the results for southern African countries
is provided.

3.2. Southern African countries

Table 3 compares the accuracy of our model with other state-of-the-
art methods for South Africa. According to Tables 3, our model improves
the RMSE, R2-score, and correlation by up to 52.74 %, 66.89 %, and
33.67 % for 1 day-ahead, 49.88 %, 66.77 %, and 49.17 % for 14 days-
ahead, 44.31 %, 64.8 %, and 41.58 % for 28 days-ahead, 48.85 %, 61.44
%, and 48.3 % for 42 days ahead, and 32.04%, 51.04%, and 28.74% for
56 days-ahead prediction, respectively. Fig. 7 evaluates the metrics of
our model for different numbers of days in advance prediction against
other methods, and displays its superiority.

Fig. 8 compares the predictions with the actual values for three
different countries. It is expected for the accuracy to degrade, as the in-
advance number of days increases. Nonetheless, our model works fine
and could alert of upcoming waves by up to 56 days-ahead prediction. It
is evident from Fig. 8 that the peaks and upsurges are mostly predicted
without delay. Therefore, our model could efficiently help with pre-
paredness for and rapid response to future COVID-19 waves.

Fig. 8 also provides the accuracy of the model for different COVID-19
waves in South Africa. The statistics show that the hyperparameters

have been fine-tuned to work best for one of the waves. Setting new
hyperparameters for each period could significantly increase the accu-
racy of the model for that time.

While Fig. 8 evaluates our model for only three of the southern Af-
rican countries, our model delivers great results for all the countries
under study. Fig. 9 compares the accuracy of the model for different
countries under study. By fine-tuning the hyperparameters specifically
for a certain country, a higher accuracy for that country will be ob-
tained. A complete evaluation of our model is available in supplemen-
tary file 1.

3.3. Feature importance and attention map

Feature importance was studied using the permutation importance
method, in which each feature is permuted and the degradation in ac-
curacy is calculated. The features that have a higher degradation
contribute more to building the final accuracy of the model [81]. In this
work, for each feature i.e. data source, 10 different permutations in the
input sequence and for all the provinces/countries under study were
used. For each permutation, accuracy metrics i.e. RMSE, R2-Score, and
correlation, were averaged over 1 to 56 days-ahead (8 weeks-ahead)
prediction. Finally, degradations of different features were compared
using the Mann-Whitney U test p-values. Fig. 10(a, b, and c) shows the
feature importance results for COVID-19 in Ontario, influenza in
Quebec, and COVID-19 in South Africa, respectively. According to
Fig. 10(a), Reddit plays the most important role in building the COVID-
19 forecasting model in Ontario. Moreover, Reddit, Google Trends, and

Fig. 6. Accuracy of the (a) COVID-19 and (b) influenza forecasting models for different provinces of Canada.
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historical data are the most important data sources for the COVID-19
model in Ontario. Fig. 10(b) shows that temperature plays the most
important role in building the influenza forecasting model in Quebec.

Then historical data, and then Google Trends. Fig. 10(c) shows that
Google Trends is the most important data source for building the ac-
curacy of the COVID-19 forecasting model in South Africa; and in gen-
eral, 4 data sources, namely, Google Trends, historical data, Google
News, and Wiki Trends are the most important features used for this
model. All the p-values are significant (p < .05), except for the p-value
between Google News and Wiki Trends in Fig. 10(c), COVID-19 fore-
casting model for South Africa.

Attention maps are used to understand which parts of the data
contribute more to producing the final decision of the model. In this
work, the saliency method was used to depict the attention maps of our
models. In the saliency method, the data points that have a higher ab-
solute value of the gradients are considered more important [82,83].
Therefore, the mean value of the gradients over the testing dataset was
computed. Figs. 11(a, b, and c) show the attention maps for the fore-
casting model of COVID-19 in Ontario, Influenza in Quebec, and COVID-
19 in South Africa, respectively. Fig. 11(a) verifies that Reddit, historical
data, and Google Trends are the most important data sources used.
Additionally, it demonstrates that Ontario mostly relies on data derived
from Quebec and Atlantic provinces to make its final decision.
Furthermore, samples of the sequence that are closer to the predicting
sample play a more important role in building accuracy. Fig. 11(b)
shows that temperature and historical data greatly help build the final
accuracy of the influenza forecasting model in Quebec. Moreover, three
provinces, namely, Ontario, Quebec, and New Brunswick play an
important role in the final results. Finally, the three samples of the
sequence that are closer to the predicting sample contribute the most in
providing the prediction. Fig. 11(c) shows that various data sources
including Google Trends, historical data, Goolge News, Wiki Trends,
first and second derivatives of Google Trends, and NO2 play an impor-
tant role in providing the final decision of the COVID-19 forecasting
model in South Africa. All the countries under study have an equal
contribution to building the final accuracy, and samples of the input
sequence that are further from the predicting sample are more important
to the model.

4. Discussion

Scientists and health authorities have long been concerned with
building efficient EWS for infectious diseases. Early efforts mostly used
health-related data such as clinical records, hospital visits, and tele-
phone triages. Recently, researchers have proposed to use web-based
information and data accessible through RESTful APIs, because they
are easier and faster to collect, become available weeks to days earlier
than conventional health records, and could be gathered automatically
through computer programs. Most previous works use datasets, such as
Google Mobility and Facebook mobility data, that are no longer updated
and could not be employed for future foundations. In this work, datasets

Table 3
Evaluation of the accuracy of the proposed model against other models for
different number of days in advance for South Africa.

Model RMSE R2-score Correlation

1 day-ahead LSTM 905.7236 0.7449 0.8643*
GRU 959.2577 0.7099 0.8521*
CNN-LSTM 1463.3280 0.2697 0.6855*
CNN-GRU 1094.8315 0.6112 0.7922*
CNN-GCN-LSTM 734.0415 0.818 0.8872*
Cola-GNN 737.0097 0.7795 0.8795*
Informer 877.828 0.7866 0.8867*
Autoformer 875.6571 0.7884 0.8884*
CNN-GCN-GRU 691.4755 0.8145 0.9163*

14 days-ahead LSTM 1169.4908 0.5578 0.7474*
GRU 1266.6047 0.4738 0.6924*
CNN-LSTM 1484.1531 0.2593 0.6847*
CNN-GRU 1383.0138 0.3636 0.6099*
CNN-GCN-LSTM 806.0130 0.7124 0.829*
Cola-GNN 821.0267 0.7283 0.8543*
Informer 985.3697 0.6835 0.8095*
Autoformer 948.1624 0.7086 0.8346*
CNN-GCN-GRU 743.793 0.7803 0.9098*

28 days-ahead LSTM 1379.9717 0.3839 0.6543*
GRU 1277.7921 0.4784 0.6904*
CNN-LSTM 1513.0831 0.2491 0.717*
CNN-GRU 1416.8820 0.3479 0.6066*
CNN-GCN-LSTM 977.8331 0.6792 0.8243*
Cola-GNN 855.3383 0.6916 0.8456*
Informer 1083.904 0.6273 0.7813*
Autoformer 1090.6204 0.6232 0.7772*
CNN-GCN-GRU 842.5194 0.7860 0.8967*

42 days-ahead LSTM 1341.1658 0.4054 0.6643*
GRU 1252.1205 0.4877 0.7007*
CNN-LSTM 1444.6724 0.3021 0.6058*
CNN-GRU 1442.3221 0.3045 0.5814*
CNN-GCN-LSTM 1187.4599 0.5325 0.7005*
Cola-GNN 913.7837 0.6349 0.8169*
Informer 1135.8344 0.5849 0.7669*
Autoformer 1105.2435 0.6034 0.7854*
CNN-GCN-GRU 738.963 0.7836 0.8984*

56 days-ahead LSTM 1152.0485 0.482 0.6962*
GRU 1163.5759 0.4706 0.6911*
CNN-LSTM 1269.0783 0.3603 0.6624*
CNN-GRU 1294.9145 0.3317 0.6441*
CNN-GCN-LSTM 1158.3298 0.5205 0.7094*
Cola-GNN 1081.0475 0.5161 0.7261*
Informer 1160.0878 0.4992 0.7092*
Autoformer 1132.4348 0.5134 0.7234*
CNN-GCN-GRU 880.0286 0.6775 0.8292*

In the table above,
* means that the p-value < .000001.

Fig. 7. Evaluation of the proposed model against other models for different number of days in advance for South Africa.
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Fig. 8. Comparison of the predicted values with the actual values for different number of days in advance for South Africa, Zimbabwe, and Rwanda.
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that are publicly available from websites or by RESTful APIs, and are
regularly updated have been utilized to build an accurate EWSmodel for
COVID-19 and influenza in provinces of Canada and COVID-19 in
southern African countries. Thus, our framework could easily be
implemented to automatically gather the required dataset, and forecast
future COVID-19 waves.

In addition to the merits mentioned above, our model is capable of
accurately predicting COVID-19 upsurges and peaks by up to 56 days in
advance. This outstanding performance is observable for all the coun-
tries and provinces under study (please refer to supplementary file 1).

Our proposed EWS model is extendable to other continents and na-
tions and for other respiratory infections, as we have implemented it to
forecast different respiratory infections (i.e. COVID-19 and Influenza)
and in different regions and countries around the globe. The best
outcome for forecasting COVID-19 and Influenza in Canada was ob-
tained for Ontario and Quebec, respectively, and for COVID-19 in
southern African countries was acquired for South Africa. The RMSE,
R2-score, and correlation were improved by up to 55.98%, 39.71%, and
44.47 % for 56 days-ahead COVID-19 prediction in Ontario, 34.87 %,
25.52%, 50.91% for 8 weeks-ahead influenza prediction in Quebec, and
51.04 %, 32.04 %, and 28.74 % for 56 days-ahead COVID-19 prediction
in South Africa, respectively. These outstanding results alongside our
fascinating outcomes for other provinces of Canada and countries in
southern Africa indicate the strength of our model for building EWSs for
respiratory infections (please refer to supplementary file 1 for more
information).

There are some limitations to this work. Firstly, a model could be
implemented for a certain country only when enough data is accessible
for that country. Unfortunately, we were not able to build our frame-
work for Influenza in southern African countries, since the number of
Influenza cases is not available for many of the countries in that area
[71]. Surveillance strategies need to be established in all nations around
the globe, especially developing countries since infectious diseases are
more prevalent in low-income regions. Secondly, sometimes datasets are
not provided in developer-friendly formats. For example, the number of
influenza cases in Canada is provided as PDF files, which could in turn
cause difficulties for automatic retrieval through programming lan-
guages. Datasets provided in CSV, JSON, excel, or through RESTful APIs

are very helpful and beneficial to automatic data retrieval. Thirdly, to
implement a real-time forecasting model, capable of predicting future
outbreaks, significant computational resources and infrastructure are
required. Given the complexity of the model, the hyperparameters need
to be optimized and the model needs to be trained and evaluated on
Graphics Processing Units (GPUs) to ensure time efficiency. The datasets
must be stored in fast and reliable storage systems to enable efficient
access and processing during both training and inference. Additionally,
the data sources (e.g. Google Trends, Reddit, Wiki Trends, Google News,
weather, and air quality) need to be updated beforehand, which in-
creases the time complexity of the overall system. Only after the model is
trained and evaluated on a strong infrastructure, the results could be
transmitted to and consumed by resource-constrained environments
such as smartphones and edge devices. Fourthly, we only focused on
respiratory infections in this work. Future research could explore
extending the framework to other infectious diseases, e.g. vector-borne
diseases, water- and food-borne diseases, or zoonotic diseases, which
depend on other indicators such as climate, vegetation, and animal life.
Incorporating such indicators would be essential for building a broader
EWS. Furthermore, it is also possible to develop a unified EWS capable of
forecasting outbreaks across multiple diseases, simultaneously. This
would require multi-task learning approaches and modular, scalable
frameworks that can accommodate the varying characteristics of
different diseases. Fifthly, integrating adaptive algorithms for dynamic
data streams is another promising direction. Techniques like online
learning and real-time data assimilation could enable the model to up-
date continuously as new data becomes available, reducing the need for
periodic retraining. Furthermore, adaptive methods could allow the
model to recognize shifts in disease dynamics, such as seasonality or
mutations, and adjust predictions accordingly. Moreover, robust
methods for handling noisy or incomplete data in dynamic settings, such
as Bayesian techniques and uncertainty quantification, could further
improve the system’s reliability and applicability to real-world sce-
narios. Sixthly, in addition to forecasting re-emerging outbreaks, it is of
high value and importance to concentrate on building EWS for emerging
diseases, especially emerging respiratory infectious diseases that have
frequently and ubiquitously occurred throughout history, e.g. SARS,
MERS, and COVID-19.

Fig. 9. Accuracy of the COVID-19 forecasting model for different southern African countries.
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Fig. 10. Feature importance for (a) COVID-19 forecast in Ontario, (b) influenza forecast in Quebec, and (c) COVID-19 forecast in South Africa.
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Fig. 11. Attention map for (a) COVID-19 forecast in Ontario, (b) influenza forecast in Quebec, and (c) COVID-19 forecast in South Africa.
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5. Conclusion

Disease prediction models are fundamental tools for public health
emergency management, as they enable preparedness, planning, and
rapid response and recovery. The COVID-19 pandemic has revealed the
core necessity of EWS for infectious diseases. Due to the grave impacts of
the COVID-19 pandemic on healthcare services, and the global econ-
omy, many researchers have urged to build an EWS for COVID-19
waves. This work presents an efficient EWS based on GNNs for
COVID-19 in Canadian provinces and southern African countries and
influenza in different provinces of Canada. Four neural network layers,
CNN, GCN, GRU, and a linear NN layer are placed sequentially to
combine the input feature, apply spatial processing, perform temporal
analysis, and enable T days-ahead prediction, respectively.

The results indicate that the best accuracy for COVID-19 is acquired
in Ontario, which for 56 days-ahead prediction has a value of
1505.1116, 0.6871, and 0.8164 for RMSE, R2-score, and correlation,
and for influenza is obtained in Quebec which for 8 weeks-ahead pre-
diction sets at a value of 250.4763, 0.8729, and 0.953 for that, respec-
tively. Moreover, the best results for southern African countries were
obtained for South Africa which for RMSE, R2-score, and correlation has
a value of 0.05914, 0.8145, and 0.9163 for 1 day-ahead, 0.06437,
0.7803, and 0.9098 for 14 days-ahead, 0.07425, 0.7077, and 0.8588 for
28 days-ahead, 0.06389, 0.7835, and 0.8984 for 42 days-ahead, and
0.078, 0.6775, and 0.8292 for 56 days-ahead prediction, respectively.
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