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Abstract. The accurate forecasting of infectious epidemic diseases such
as influenza is a crucial task undertaken by medical institutions. Al-
though numerous flu forecasting methods and models based mainly on
historical flu activity data and online user-generated contents have been
proposed in previous studies, no flu forecasting model targeting multiple
countries using two types of data exists at present. Our paper leverages
multi-task learning to tackle the challenge of building one flu forecast-
ing model targeting multiple countries; each country as each task. Also,
to develop the flu prediction model with higher performance, we solved
two issues; finding suitable search queries, which are part of the user-
generated contents, and how to leverage search queries efficiently in the
model creation. For the first issue, we propose the transfer approaches
from English to other languages. For the second issue, we propose a
novel flu forecasting model that takes advantage of search queries using
an attention mechanism and extend the model to a multi-task model for
multiple countries’ flu forecasts. Experiments on forecasting flu epidemics
in five countries demonstrate that our model significantly improved the
performance by leveraging the search queries and multi-task learning
compared to the baselines.

Keywords: infectious disease · influenza · user-generated content · time-
series prediction · attention · multi-task learning

1 Introduction

The control of infectious diseases is an important task for public health author-
ities as well as all industry stakeholders worldwide. Various infectious diseases
in addition to COVID-19, which has recently attracted global attention, have
had a significant impact on global health and the economy. The forecasting of
infectious disease epidemics is necessary to execute appropriate measures for
their control. In particular, influenza epidemics, a representative class of severe
infectious diseases, leads to 290,000 to 650,000 deaths annually [25]. Such in-
stances have motivated public health authorities to forecast the consequences of
influenza in different countries.

Many studies relating to flu forecasting models have been conducted for a long
time. In recent years, besides models by leveraging historical flu activity, several
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models have been proposed to forecast the flu volume by exploiting online user-
generated contents (UGCs) such as search query data and social media posts to
capture human movements as social sensors [10, 4, 22]. The majority of existing
flu forecasting models by leveraging UGCs and historical flu activity data focus
on one country or each area in one country. However, we assume that it is feasible
to create a single flu forecasting model targeting multiple countries because the
flu time series in each country exhibit strong seasonality and therefore, hold
strong similarity. For example, Pearson correlations of the flu time series in the
five countries (US, JP, UK, AU and FR) with different cultures, locations, and
languages have a moderate correlation with one another (almost all correlations
are over 0.6, refer to Appendix A.1.) Moreover, in terms of search queries, which
are a representative resource, it has been reported that the user search behaviors
for health themes in different countries are similar [29, 18, 3]; for example, similar
search queries are used when looking for a specific disease. Thus, it is possible
that a single model can achieve sufficient flu forecasting for different countries.
Also, the training of a single model using various flu-related data can capture
the nature of flu epidemics in each country by escaping from overfitting, which
is caused by a lesser degree of historical data in one country for training [15, 14].

Our study challenges flu forecasting for various countries with one model as
a multi-task problem, which enables two or more tasks to be learned jointly and
shares information between the respective tasks. In other words, we treat each
country as each task within the framework of multi-task learning. Besides, for
the development of a flu prediction model with higher performance, we solve two
issues; how to find suitable search queries and how to leverage the search queries
in the model construction. We address these issues in the following parts of the
paper.

The first issue is how to select queries and keywords in search engines as a
resource for flu forecasting. Many methods using UGCs for forecasting the flu vol-
ume have been developed since the emergence of Google Flu [10], which demon-
strated that the number of search queries capturing human behaviors was a good
resource for forecasting. Certain studies [12, 28, 32, 27] have depended on “Google
Correlate,” which returns English search queries that are the most highly corre-
lated to an input time series, for the selection of suitable search queries. However,
this approach cannot be used in many areas (non-English-speaking areas) and
it has already been unavailable since December 2019. Therefore, we discuss a
method for selecting search queries in languages other than English to create
a flu forecasting model for multiple countries. In particular, we examine two
transfer methods of search queries from English to other languages (Japanese
and French): the translation-based method and the combination method of word
alignment and time-series correlation (Section 3).

The second issue is how to effectively incorporate search queries into a flu
forecasting model. Two types of data have been applied extensively: histori-
cal flu activity data involving the previous year’s data (known as “historical

1 Our appendix file is upploaded to https://hkefka385.github.io/project/file/

PKDD2021_Appendix.pdf
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ILI data”) [23, 26, 24] and online UGC data [32, 4, 31], which mainly consist of
search query data. A representative example of simultaneous inputs is the ARGO
model [27], which is based on linear regression using the input data of the Google
search time series and the historical ILI data. The ARGO has exhibited superior
results for flu forecasting in the US [17]. However, it has recently been reported
that the effect of the search query data in a forecast model is small, and histor-
ical ILI data is sufficient as input [1]. According to these reports, there remains
room for considering how to effectively integrate the search query data, whereas
these data have improved the forecasting performance in certain cases. That is,
the simple methods of handling these two resources are insufficient for improving
forecasting models. Furthermore, the overall mutual effect between the historical
ILI data and search query data is difficult to capture effectively using existing
models, which makes it difficult to extract this effect and apply it to tasks. To
tackle this issue, we propose a model that combines inputs by considering the
characteristics of input data. This approach is based on two aspects: the flu time
series exhibits strong seasonality and search query data are useful features for
forecasting non-seasonal parts. Specifically, the search query data are used to
forecast the deseasonalized component of flu data by leveraging the attention
mechanism [5], which is useful for considering the feature importance (Section
4.2). Subsequently, we use the model addressing the task as a base and extend
it to the flu forecasting model for multiple countries (Section 4.3).

Similar to ours, Zou et al. [31] proposed a multi-task model based on linear
and Gaussian regression to forecast the flu volume in the following two problem
settings: several states in the US, and two countries, namely the US and England.
Our multi-task model further develops the above in two aspects: we tackle flu
forecasting in five countries, each of which differs in terms of the area or language,
and we apply not a simple model such as a statistical model, but our novel neural
network-based model for multi-task learning to achieve higher accuracy and long-
term forecasting. Other related studies are discussed in detail in Appendix B.

In summary, we aim to construct a flu forecasting model targeting multiple
countries by leveraging multi-task learning while solving two issues as below.
First, to find suitable search queries, we examine the transfer methods of the
search queries from English to other languages. Second, we effectively incorporate
the search query data into the model, and propose a novel forecasting model
that considers the characteristics of the input data, historical ILI data, and
search query data. The experiments demonstrate that the proposed models and
methods achieve the best accuracy among comparative models for forecasting
flu epidemics in five countries.

2 Datasets

ILI rates from health agencies We obtained weekly ILI rates, representing
the number of ILI cases per 100,000 people in a population, as a measure of
ILI activity for the US, Japan, Australia, England, and France from their es-
tablished syndromic surveillance systems, namely the Centers for Disease Con-
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trol and Prevention2, the National Institute of Infectious Diseases3, Australian
Sentinel Practices Research Network4, Public Health England5, and GPs Sen-
tinelles Network6, respectively. The England data span from 2013/41st week to
2020/29th week, whereas the others span from 2013/26th week to 2020/29th
week. We denote these countries using the corresponding country codes, namely
US, JP, AU, FR, and UK.

Search query data Time series of weekly search query frequencies were re-
trieved through Google Trends7 as the UGC data. The frequency represents the
weekly search activity of the queries within a specific region. The two methods
for selecting search queries are described in Section 3. The time series of the
Google Trends data in the training period were normalized to have a minimum
value of zero and maximum value of one (min-max normalization). The data
span was the same as that of the ILI rate data.

3 Methods for finding search queries

We proposed two transfer methods, namely the translation-based and word-
alignment and temporal correlation based (WT-based) methods, to explore mul-
tilingual search queries using a list of English search queries, which were created
in previous research [31] and placed in a URL8. As input for the proposed model,
we selected the top L English search queries for the US, AU, and UK based on
the list, and selected each search query in JP and FR corresponding to the
English search query based on these one-to-one query mapping methods. The
usefulness of mapping from English to other languages is described in [18, 29,
32]. These studies pointed out that the volume movement in the search queries
is similar among countries with certain health conditions.

Translation-based method: This is the simplest trasfer method for the con-
version of English into other languages. To select other languages’ queries, we
translated English search queries into those of the target language. We used
Google Translate9 for the translation-based method. For Japanese morphemes,
which are not separated by spaces, we divided each morpheme and inserted
spaces between them.

2 https://www.cdc.gov/
3 https://www.niid.go.jp/niid/ja/
4 https://aspren.dmac.adelaide.edu.au/
5 https://www.gov.uk/government/organisations/public-health-england
6 https://www.sentiweb.fr/
7 https://trends.google.com
8 https://github.com/binzou-ucl/google-flu-mtl
9 https://translate.google.com
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WT-based method: It is possible that the translation-based approach, which
simply maps the queries to the target language, will not capture suitable queries.
For example, in Japanese, the abbreviation of influenza, “flu,” is translated into
“I-N-FU-LU-E-N-ZA” and is not translated into the Japanese abbreviation of
influenza, “I-N-FU-LU.” Moreover, it is difficult to select the suitable ortho-
graphical variant, the three categories of which used by the three Japanese writ-
ing scripts are applied (kanji-script, hiragana-script, and katakana-script). We
solved these problems using the combination WT-based method, which consid-
ers the semantic similarity to the English search queries and temporal similarity
to the historical ILI data.

Word alignment is one method that is used for creating cross-lingual word
embeddings to compute word similarities in different languages, and is trained
using sources of monolingual text with a smaller cross-lingual corpus of aligned
text [19]. This approach can solve the above problems. For the word alignment,
we used the method to learn cross-lingual word embeddings proposed by Zhou et
al. [30]. We needed to prepare word embeddings based on the monolingual text
for English and the target languages (Japanese and French). For this purpose,
we obtained the word embedding dataset [11] learned by fasttext from Wikipedia
corpora [7]. Thereafter, we applied these word embeddings to the word alignment
method. To search for words with similar meanings, we used cosine similarity to
map each word in the search query, except for prepositions and articles, to the k
most similar words in other languages using the common word embedding space
created by the word alignment. The similarity score was represented by Θw.

Temporal correlation is a method for finding a better search query based on
the similarity of the time series of the search queries to the time series of the
historical ILI data for the forecast. It was calculated by the Pearson correlation
between the time series of the search query, for which candidates were provided
by the word alignment, and the time series of the historical ILI in each country.
The score was represented by Θt.

The WT-based method selects the search query with the best score in the
equation Θw + Θt corresponding to an English search query. This is inspired
by [32], which used a similar method of selecting search queries for creating a
transfer model of flu forecasts. Our research differs from the previous research
in terms of the motivation whereby we discuss how to find better search queries
for flu forecasts.

4 Building a flu forecasting model for multiple countries

4.1 Problem formulation

Our aim is to forecast the future ILI rates in various countries. We formulate this
problem as a supervised machine learning task. Let X = {xt−N+1, ..., xt−1, xt} ∈
RN be a time series of historical ILI data containing N weekly data points.
Let Q = {qt−N+1, ..., qt−1, qt} ∈ RN×L be the search query data containing N
weekly data points and L queries. Our model forecasts the true S-step-ahead



6 T. Murayama et al.

Input

Search query data: ! " #$%&

Input

Historical ILI data: ' " #$
Deseasonalized

component

Seasonalized

component

GRU 

(Encoder)
STL

GRU Attention

GRU 

(Decoder)

Output

Flu forecast: Y" #(
MLP !

Fig. 1. Architecture of proposed model. Historical ILI data are divided into sea-
sonalized and deseasonalized components. We apply the deseasonalized part to the
encoder—decoder model comprising GRUs with an attention mechanism considering
search queries.
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Fig. 2. Architecture of proposed model expanded to multi-task learning. The red boxes
indicate the share of different parameters in the model for each country. The blue boxes
indicate the same parameters. Furthermore, country embedding is introduced as the
initial latent state of the GRUs.

values Y = {xt+1, ..., xt+S} ∈ RS . We learn a function f : {X,Q} → Y that
maximizes the prediction accuracy in each country.

4.2 Model structure

Our model is motivated by the idea that search query data are useful features
for forecasting non-seasonal parts of flu data. This concept originates from a pre-
vious study [20], which reported that the flu forecasting accuracy is improved
by splitting the forecasting part from the historical ILI data and search query
data. The model architecture is presented in Fig. 1. For the data preparation,
we divide the historical ILI data into the seasonalized and deseasonalized com-
ponents. Under the assumption that the seasonalized component has a constant
frequency in the future, we forecast the deseasonalized component in the future.
For the forecasting, we apply the encoder—decoder model considering the search
query data using an attention mechanism [5].
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Flu decomposition: We use the seasonal-trend decomposition using LOESS
(STL) method [9], which considers the following time-series model with the trend
and seasonality: yt = τt + st + rt, t = 1, 2, ..., N, where yt denotes the historical
ILI data at time t, τt is the trend in the time series, st is the seasonal signal with
period T , and rt is the reminder signal. The seasonal signal describes the re-
peated patterns in the specified period T , which remain constant over time. The
trend describes the continuous increase or decrease. The detailed decomposition
algorithm is outlined in [9].

In our method, the historical ILI data are divided into seasonalized and
deseasonalized components. The deseasonalized component Xτ represents the
residual that is obtained by subtracting the seasonalized part Xs from the his-
torical ILI data X; Xτ = X − Xs. Our neural network-based architecture is
developed to forecast the future value of a deseasonalized component. It is as-
sumed that the seasonalized component Xs exhibits a constant pattern in the
future. Subsequently, the flu forecast value Y is output by simply adding the
value based on the pattern of the seasonalized component to the forecast value
of the deseasonalized component using our model.

Encoder–decoder model of deseasonalized component: Our model em-
ploys an encoder—decoder architecture to forecast more than two weeks ahead.
This architecture is composed of gated recurrent units (GRUs) [8], representing
a simple and powerful variant of the RNN, and an attention mechanism, which
indicates that the neural network pays close attention to parts of the data when
performing tasks. The GRUs are used to capture the hidden representations of
the deseasonalized component of the historical ILI data Xτ and search query
data Q, and the attention is used to help our model to focus on salient changes
in the time series in each query regarding the historical ILI data. The attention
mechanism computes the importance of each query with respect to the forecast
and aids in making our model transparent and interpretable.

To capture the hidden representation of the deseasonalized component of the
historical ILI data Xτ as the encoder, the GRUs use the input data Xτ

t and
previous hidden representation Ht−1, as follows:

rt = σ (UrX
τ
t +WrHt−1) , ft = tanh (UhX

τ
t + Ht−1 �Whrt) ,

zt = σ (UzX
τ
t +WzHt−1) , Ht = (1− zt)�Ht−1 + zt � ft,

(1)

where zt and rt represent the reset and update gates at time t, respectively.
In this case, Uz, Ur, Uh ∈ R1×M , and Wz,Wr,Wh ∈ RM×M are parameters for
the respective gates, whereas M is the GRU output dimension. We combine
Equation (1) as follows:

Hτ
i = GRU (Xτ

i ) , i ∈ {t−N + 1, ..., t} , (2)

where Hτ
t ∈ R1×M , which is the last GRU hidden state, is used as the hidden

representation. The search query data also leverage the GRU, as is the case with
the historical ILI data.

Hq
i,j = GRU

(
Qi,j

)
, i ∈ {t−N + 1, ..., t} , j ∈ {1, ..., L} , (3)
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where Hq
t ∈ RL×M , which is the last GRU hidden state, is used as the hidden

representation and L is the number of queries.
The combination representation by the attention mechanism is obtained from

the hidden representations Hτ
t and Hq

t . In general, an attention mechanism can
be defined as mapping a query q and a set of key–value pairs {k, v} to an output
o. For each position i, we compute the attention weighting as the inner product
between the query qi and key ki at every position. For the application of our
model, we treat the hidden representation of the deseasonalized component Hτ

t

as the query, and the hidden representation of the search queries Hq
t as the key

and value. Position i indicates the location of each search query representation
(i ∈ {1, ..., L}). The query, key, and value representations are calculated from
each representation through linear projection, as follows:

Sq = WqHτ
t , Sk = WkHq

t , Sv = WvHq
t , (4)

where Sq ∈ R1×M indicates the query representation, and Sk,Sv ∈ RL×M
indicate the key and value representations, respectively. Following the linear
projection, the dot-product attention computes the importance of each query
representation and the attention representation Hτq; Hτq = Softmax(SqSk)Sv,
where Softmax(SqSk) represents the importance of each query and the dimen-
sion of Hτq is M . Thereafter, we apply the feature, concatenating the attention
representation Hτq and hidden representation of the deseasonalized component
Hτ
t , to a multi-layer perceptron (MLP); Henc = MLP([Hτ

t · H
τq]), where the

dimension of Henc is M .
For the inference of the deseasonalized value of the flu data in the forecast

{t + 1, ..., t + S}, we apply Henc to the GRU as the decoder and MLP, which
constitute two layers.{

Hdec
i = GRU (Xτ

t ,H
enc) , i = t+ 1

Hdec
i = GRU

(
Oschedule
i−1

)
, i ∈ {t+ 2, ..., t+ S}

(5)

Ôi = MLP (Hdec
i ), i ∈ {t+ 1, ..., t+ S} , (6)

where Ôi, which is the decoder output, represents the forecast of the desea-
sonalized value at time i. Moreover, Oschedule

i−1 refers to the value to be applied
the scheduled sampling [6], which is a system of feeding the model with either
ground truth values with a probability of ε or forecasts from the model with a
probability of 1− ε. This resolves the problem that the discrepancy between the
input distributions of the training and testing can lead to poor performance, as
the ground truth values are replaced by forecast values generated by the model.

Finally, we can calculate the forecast of the flu volume Ŷi at time i by simply
adding the forecast of the deseasonalized value Ôi to the seasonalized value Xs

i ;
Ŷi = Ôi + Xs

i , i ∈ {t+ 1, ..., t+ S}.

Training: For the model training, we need to determine the true value of the
deseasonalized component Oi. This is achieved by a simple method, namely
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subtracting the seasonal part Xs
i that is assumed to have a constant frequency

in the future season from the true flu volume Yi. We use the mean squared error
(MSE) loss between the true value of the deseasonalized component O and the

forecast value Ô.

4.3 Extension to multi-task model

We extend the proposed model to possess the capability of multi-task learning
for flu forecasting in various countries. Our model aims to improve the expres-
sive ability by means of multi-task learning, which shares part of the learning
representations. The architecture of our multi-task model is presented in Fig. 2.
In Fig. 2, the components surrounded by blue share all the parameters of the
hidden features, whereas those surrounded by red have different parameters set
depending on the country. The GRUs in our model use the same parameters for
each task; in particular, parameters of equations (1), (2), (3), and (5) are the
same. The attention and MLP for the final output are set as country-specific;
parameters of equations (4) and (6) differ for each country.

Furthermore, we propose “country embedding” as the initial latent represen-
tation of two GRUs regarding the time series of the search queries and deseason-
alized component for the multi-task learning of the flu forecasting. The proposal
is based on the possibility of flexible modeling even in the shared representations
by changing the initial latent state depending on the forecast target. The coun-
try embedding is calculated as follows: Hcountry = MLP(Country id), where
Hcountry ∈ RM indicates the initial hidden representation of the GRUs as the
input of Equations (2) and (3), and “Country id” is the value assigned according
to the country (e.g., the “Country id” of US is 1 and that of JP is 2). At each step
in the training process of the multi-task learning, we randomly select a country,
followed by a random training batch {Xcountry id,Qcountry id,Ycountry id}; that
is, we set one batch containing only the data of one country at a time. Our ex-
perimental code is public in https://github.com/hkefka385/single-model-

for-influenza-forecasting

5 Experiments and Results

5.1 Experimental settings

We forecasted the ILI rates in the five countries (US, JP, AU, FR, and UK) us-
ing the proposed model. To validate the forecasting model, the proposed model
and other comparative models forecasted the ILI rates from weeks 1 to 5. We
assessed the forecasting performance using three year-long datasets including
three flu terms (2017/30th to 2018/29th weeks, 2018/30th to 2019/29th weeks,
and 2019/30th to 2020/29th weeks). We set 52 weeks (one year) as the valida-
tion period before the testing period, and we set more than three years from
the initial week of the ILI data to before the validation period as the train-
ing period. We decided to use the WT-based method to identify search queries
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with all of the models, because the WT-based method is a better approach than
translation-based method. (Note that the comparison between the WT-based
and translation-based methods is examined in Section 6.3.) We set 52 weeks as
N and 5 weeks as S, which indicated the number of weeks ahead for the forecast.
Furthermore, we set 10 as L, which indicated the number of search queries in
the English list as input, and set 100 as k, which indicated the parameter of the
WT-based method. We subsequently selected the learning rate and hidden layer
sizes of GRU M as (0.001, 0.01, 0.1, 1.0) and (8, 16, 32, 64), respectively, in
the validation period. During training, all model parameters were updated in a
gradient-based manner following the Adam update rule [13]. We set the number
of epochs to 300 with early stopping.

We validated the proposed model in the experiments.

– Proposed w/o sq: The proposed model was trained using only the histor-
ical ILI data of a target country.

– Proposed single: The proposed model was trained using the data of a
target country. The model was the same as that introduced in Section 4.2.

– Proposed multi2: The proposed model was trained using the data of two
target countries, namely the US and JP, for multi-task learning, as in the
model introduced in Section 4.3.

– Proposed multi5: The proposed model was trained using the data of five
target countries for multi-task learning.

5.2 Comparative models

– GRU: The GRU model, one of the recurrent-based models, captures the
temporal dependencies in the data and preserves the back-propagated er-
ror through the time and layers, referring to equation (1). It has been used
successfully in influenza forecasting [16]. We employed an encoder-–decoder
architecture based on the GRU for the multi-step-ahead forecast. Two vari-
ations of the GRU were used in the experiments: “GRU w/o sq” had only
historical ILI data, and “GRU” had historical ILI and search query data.

– ARGO: The ARGO model [27] is an autoregressive (AR) model with
Google search queries as exogenous variables. The simple architecture of
this model enables one-step-ahead forecast of the flu volume [2, 17, 21]. The
model fails to produce a multi-step-ahead forecast because it requires search
query data in advance of the week that we wish to forecast. The parameters
and input data are the same as those of the proposed model.

– Transformer: The Transformer is one of the most successful models in the
NLP. Thus far, the Transformer-based flu forecasting model has achieved
the highest accuracy [32].

– Two-stage: The Two-stage model [20], composed of long short-term model
and AR model, was developed inspired by a similar idea to ours, in that
the usefulness of the input data differs; historical ILI data and search query
data are useful for forecasting the seasonality and trend, respectively. For the
multi-step-ahead forecast, we extended the two-stage model to the encoder—
decoder architecture.
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– Multi-task Elastic Net (MTEN): The MTEN [31] was proposed as a
multi-task model for flu forecasting of US regional areas from search query
data. This model extends the standard elastic net model to a multi-task
version. We used the same search queries as those of the proposed model as
input. The model outputs a one-step-ahead forecast for the same reason as
that of the ARGO model.

– GRU multi: For the simple comparative method for multi-task, we make
one unified model on GRUs, which is trained on the aggregated data of
five countries. The model is the same setting as GRU, which is one of the
comparative methods.

To compare the forecast performance levels of each model, we use two evalu-
ation metrics: the coefficient of determination R2 with a higher value indicating
better performance, and root mean squared error RMSE with a lower value
indicating better performance.

5.3 Results

The experimental results for US are presented in Table 1. (We examine the
experimental results of the other countries in Section 6.1, and the experimen-
tal results for JP in detail are presented in Appendix C.) This result indicates
that the proposed model (particularly our multi-task model) outperformed most
baseline methods, confirming the benefits of the model architecture and multi-
task learning. GRU w/o sq and GRU were superior baseline models and
achieved approximately 0.8 to 0.9 for R2 in the one-week-ahead forecasts for
each country by capturing the temporal dependencies with the RNN architec-
ture. Transformer, a state-of-the-art flu forecasting method, and Two-stage
achieved relatively better scores in the near-ahead forecasts (from 1-week to
3-week) than the GRU-based models, but had almost the same scores in the
far-ahead forecasts (from 4-week to 5-week). These results indicate that it is
not easy to improve the accuracy of far-ahead forecasts. In contrast, the statis-
tical model ARGO achieved relatively lower accuracy than the deep learning
models. We assume that the deep learning-based models were more suitable for
flu forecasting in terms of obtaining far-ahead forecast architecture with ease
and exhibiting relatively higher accuracy than the statistical-based models, al-
though the calculation cost was high. Likewise, MTEN based on the statistical
model and multi-task learning had the same characteristics. It tended to exhibit
lower accuracy than the other models because its input was only search query
data. GRU multi, a comparavie method for the validation of multi-task, had
lower accuracy. It shows the difficulty of forecasting with a single model without
devising model architecture and learning.

Compared to these models, the proposed models (Proposed single, Pro-
posed multi2, and Proposed multi5) achieved the best scores with respect
to the terms, metrics, and any-ahead forecasts. These results reveal that the ar-
chitecture in the proposed model is useful for flu forecasting. Proposed single
achieved the best score among the models without multi-task learning in almost
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Table 1. Model forecasting performances for US.

Input 1-week 2-week 3-week 4-week 5-week

Term Model Multi Historical Query RMSE R2 RMSE R2 RMSE R2 RMSE R2 RMSE R2

GRU w/o sq X 0.797 0.841 0.925 0.787 1.033 0.734 1.103 0.697 1.150 0.671
Transformer X 0.509 0.917 0.673 0.860 0.903 0.811 1.005 0.744 1.221 0.641
*Proposed w/o sq X 0.392 0.961 0.599 0.905 0.819 0.832 0.984 0.758 1.109 0.695
GRU X X 0.783 0.849 0.905 0.791 1.025 0.741 1.097 0.705 1.138 0.654

2017/30th ARGO X X 0.405 0.954 — — — — — — — —
– Two-stage X X 0.450 0.938 0.667 0.879 0.849 0.825 0.977 0.752 1.405 0.527

2018/29th *Proposed single X X 0.323 0.973 0.558 0.922 0.770 0.849 0.947 0.776 1.078 0.711
MTEN X X 0.450 0.934 — — — — — — — —
GRU multi X X X 0.284 0.956 0.665 0.863 0.826 0.695 1.078 0.595 1.233 0.651
*Proposed multi2 X X X 0.276 0.981 0.550 0.924 0.768 0.853 0.925 0.787 1.038 0.732
*Proposed multi5 X X X 0.237 0.986 0.498 0.941 0.692 0.837 0.805 0.832 0.942 0.770

GRU w/o sq X 0.305 0.945 0.400 0.906 0.451 0.880 0.496 0.855 0.546 0.811
Transformer X 0.263 0.942 0.359 0.917 0.403 0.904 0.451 0.873 0.511 0.843
*Proposed w/o sq X 0.248 0.961 0.323 0.937 0.391 0.909 0.454 0.878 0.525 0.838
GRU X X 0.283 0.940 0.371 0.915 0.439 0.887 0.472 0.865 0.528 0.838

2018/30th ARGO X X 0.467 0.875 — — — — — — — —
– Two-stage X X 0.308 0.947 0.417 0.891 0.481 0.854 0.517 0.857 0.541 0.810

2019/29th *Proposed single X X 0.201 0.976 0.302 0.946 0.378 0.916 0.439 0.886 0.494 0.855
MTEN X X 0.429 0.915 — — — — — — — —
GRU multi X X X 0.383 0.910 0.448 0.888 0.603 0.725 0.739 0.689 0.820 0.644
*Proposed multi2 X X X 0.232 0.968 0.268 0.957 0.323 0.938 0.388 0.888 0.454 0.856
*Proposed multi5 X X X 0.255 0.963 0.296 0.941 0.369 0.915 0.404 0.877 0.499 0.843

GRU w/o sq X 0.698 0.882 0.910 0.807 1.096 0.713 1.153 0.683 1.167 0.648
Transformer X 0.659 0.892 0.919 0.807 1.099 0.712 1.154 0.680 1.218 0.652
*Proposed w/o sq X 0.538 0.932 0.838 0.837 1.084 0.725 1.171 0.683 1.241 0.605
GRU X X 0.705 0.870 0.925 0.791 1.108 0.702 1.165 0.681 1.176 0.620

2019/30th ARGO X X 0.984 0.758 — — — — — — — —
– Two-stage X X 0.602 0.918 0.924 0.817 1.081 0.726 1.231 0.609 1.224 0.590

2020/29th *Proposed single X X 0.469 0.949 0.694 0.881 0.809 0.846 0.863 0.824 0.918 0.799
MTEN X X 0.992 0.760 — — — — — — — —
GRU multi X X X 0.724 0.889 0.980 0.740 1.185 0.635 1.304 0.589 1.305 0.590
*Proposed multi2 X X X 0.409 0.961 0.641 0.904 0.770 0.861 0.840 0.833 0.910 0.802
*Proposed multi5 X X X 0.370 0.971 0.605 0.920 0.696 0.878 0.787 0.853 0.831 0.841

* indicates the variation in the proposed model. Bold indicates the best score in each
metric and each term.

all terms, in which it exhibited the best score in the near-ahead forecast, whereas
it had a lower score in the far-ahead forecast than the GRU-based models.

The high degree of the score improvement in Proposed multi2 and Pro-
posed multi5 compared to Proposed single demonstrated the usefulness of the
multi-task learning. In the near-ahead forecast, the multi-task learning effects
were sometimes not observed, whereas the scores of these models in the far-
ahead forecast were significantly improved. For example, in the term 2017 to
2018 in US, the five-week-ahead forecast by Proposed multi5 achieved an im-
provement of 0.136 points in the RMSE and 0.059 points in the R2 compared
to Proposed single. Using data from different countries for simultaneous train-
ing, the model obtained the latent features of the time series of the ILI rates,
thereby improving the forecasting performance. The difference in the accuracy
of the model trained using the data of two countries (Proposed multi2) and that
trained using the data of five countries (Proposed multi5) was not large.
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Table 2. Forecasting performances of each model for ILI rates in JP, UK, AU, and
FR from 2017/30th week to 2018/29th week.

Country Model
1-week 2-week 3-week 4-week 5-week

RMSE R2 RMSE R2 RMSE R2 RMSE R2 RMSE R2

GRU 3.412 0.939 4.019 0.923 5.223 0.915 5.982 0.826 6.164 0.813

JP
Proposed single 2.517 0.964 3.218 0.944 3.688 0.934 4.898 0.884 5.822 0.836
GRU multi 3.261 0.944 3.901 0.882 5.072 0.820 6.552 0.776 6.752 0.756
Proposed multi5 2.429 0.970 2.878 0.951 3.411 0.941 4.057 0.920 4.423 0.905

GRU 1.900 0.910 2.639 0.809 2.738 0.794 2.783 0.787 3.185 0.722

UK
Proposed single 1.794 0.912 2.591 0.816 2.959 0.770 2.901 0.741 3.100 0.729
GRU multi 6.080 0.757 8.751 0.629 9.764 0.538 10.546 0.461 10.797 0.435
Proposed multi5 1.510 0.935 2.199 0.873 2.675 0.808 2.709 0.783 2.992 0.745

GRU 1.754 0.939 2.085 0.914 2.430 0.884 2.739 0.852 3.122 0.807

AU
Proposed single 1.764 0.938 2.131 0.922 2.480 0.883 2.683 0.859 3.058 0.816
GRU multi 2.458 0.933 3.099 0.876 4.080 0.821 4.674 0.765 5.018 0.728
Proposed multi5 1.650 0.942 1.999 0.928 2.391 0.899 2.592 0.879 2.794 0.849

GRU 0.283 0.868 0.427 0.675 0.521 0.517 0.565 0.434 0.587 0.391

FR
Proposed single 0.266 0.874 0.413 0.696 0.507 0.542 0.551 0.461 0.560 0.443
GRU multi 0.377 0.883 0.500 0.601 0.791 0.333 0.945 0.170 1.180 0.067
Proposed multi5 0.234 0.904 0.375 0.751 0.452 0.611 0.527 0.511 0.552 0.466

Table 3. Comparison of forecasting performances of translation-based and WT-based
methods using Proposed single model in JP and FR from 2017/30th week to 2018/29th
week.

Country Method
1-week 2-week 3-week 4-week 5-week

RMSE R2 RMSE R2 RMSE R2 RMSE R2 RMSE R2

JP
Translation-based 2.492 0.964 3.307 0.939 3.770 0.929 4.800 0.880 5.976 0.828
WT-based 2.517 0.964 3.218 0.944 3.688 0.934 4.898 0.884 5.822 0.836

FR
Translation-based 0.278 0.856 0.432 0.661 0.531 0.491 0.592 0.407 0.594 0.405
WT-based 0.266 0.874 0.413 0.696 0.507 0.542 0.551 0.461 0.560 0.443

6 Discussions

6.1 Multi-model performance for other countries

Table 2 displays the forecast performances of four models (GRU, Proposed single,
GRU multi, and Proposed multi5) for the ILI rates in JP, UK, AU, and FR
from 2017/30th week to 2018/29th week. These results suggest that the multi-
task learning model Proposed multi5 achieved the best score in almost all ahead
forecasts, as well as the flu forecasting result in US. Multi-task learning is not
limited to a numbefr of countries, but can be applied to various countries with
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different languages and environments, and the experimental results revealed that
the multi-task method improved the forecasting performance.

6.2 Comparison of models without and with search queries

Recent research relating to flu forecasts [1] claimed that the effect of search
queries is small. To tackle this problem, our research presents a model with an
attention mechanism that effectively considers search queries. To examine the
search queries’ effectiveness, we validated the degree of improvement of the two
variation models, namely the GRU-based (GRU w/o sq and GRU) and proposed
(Proposed w/o sq and Proposed single) models, without and with search queries.

The experimental results for the flu forecast in US (Table 1) indicate that
the change from GRU w/o sq to GRU resulted in an average improvement of
0.007 points in the RMSE, and of 0.001 points in the R2. However, the change
from Proposed w/o sq to Propose single resulted in an average improvement of
0.091 points in the RMSE, and of 0.017 points in the R2. This suggests that
the search query data resulted in the GRU-based models, which simply used the
search query data as input, exhibits low improvement scores by adding them.
However, the proposed model, with a well-crafted architecture for the search
query data input, achieved a significantly improved score. These results confirm
that it is difficult to treat search queries as input for flu forecasting, and it
is necessary to contribute to the score improvement by considering the model
devices, such as the introduction of an attention mechanism.

6.3 Analysis of the methods to find search queries

We compared the translation-based and WT-based methods for the selection
of search queries. For comparison, we experimented with the flu forecast from
2017/30th week to 2018/29th week in JP and FR using the Proposed single
model with the translation-based and WT-based methods.

The results in Table 3 demonstrate that the WT-based method achieved
better scores than the translation-based method in all experimental metrics in
FR and most experimental metrics in JP. However, the degree of improvement
in the accuracy was not large. For example, for R2, the two-week-ahead forecast
for JP exhibited only a 0.005 point improvement, and that for FR exhibited only
a 0.035 point improvement. Our model based on a neural network can consider
a small number of search queries as input for efficient calculation, compared to
the multi-task model [31] based on a statistical method that can consider many
search queries. We assume that the architecture of our model, which does not
involve a large number of search queries as input, is insignificantly affected by
the selection of search queries. Although the results demonstrated that the WT-
based method was superior as the selection method for our flu forecasting model,
substantial room for consideration remains, such as which method is better for
models dealing with a large number of search queries.
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7 Conclusions

In this study, we attempted to construct a flu forecasting model targeting multi-
ple countries by leveraging multi-task framework. Also, we addressed two tasks:
finding suitable search queries in languages other than English and leveraging
the search query data as input for the forecasting model. We revealed that the
WT-based method is a better approach for the exploration of search queries.
Moreover, we proposed a novel forecasting model considering the characteristics
of the input data, historical ILI data and search query data, and demonstrated
the usefulness of the model architecture. Throughout the flu forecasting exper-
iments in multiple countries, the proposed model achieved the highest perfor-
mance by acquiring the latent features in the flu time series and by treating the
task as multi-task learning.

Our experiments demonstrated the feasibility of constructing a flu forecast-
ing model targeting multiple countries and the usefulness of search query data
as input for the proposed model. However, the method of searching for suitable
search queries remains a major challenge, which our research has not yet solved.
Although we used the list of English search queries, a method for identifying ap-
propriate search queries without relying on external resources is required. More-
over, it is necessary to examine a method to apply the proposed flu forecasting
model to new infectious diseases from short period data, such as COVID-19, for
dealing with a pandemic.
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