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Abstract

Objective: To improve the accuracy of influenza forecasting, this study proposes a 
Reconstruction Grouping–Ensemble Empirical Mode Decomposition–Temporal Fusion 
Transformer (RG-EEMD-TFT) model designed to address the nonlinear, non-stationary, 
and multi-scale characteristics of influenza surveillance time series, while addressing 
the limitations of conventional deep learning models in terms of feature redundancy 
and interpretability. Methods: Weekly influenza-like illness (ILI) data from Colorado, 
USA, were used in this study. Ensemble Empirical Mode Decomposition (EEMD) was 
first applied to decompose the original series into several intrinsic mode functions and a 
residual component. A reconstruction grouping (RG) strategy was then used to reorganize 
the decomposed signals into high-frequency, seasonal, and trend components, which were 
subsequently used as inputs to a Temporal Fusion Transformer (TFT). Hyperparameter 
optimization was performed using the Neural Network Intelligence (NNI) framework. 
Results: Models incorporating signal decomposition consistently outperformed their 
non-decomposed counterparts. The proposed RG-EEMD-TFT model outperformed all 
comparison models, achieving a mean absolute error (MAE) of 0.318, a mean absolute 
percentage error (MAPE) of 8.012%, and a root mean square error (RMSE) of 0.409. 
Conclusion: By integrating EEMD, reconstruction grouping, and TFT, the proposed 
RG-EEMD-TFT model effectively captures the multi-scale temporal characteristics of 
influenza activity and improves forecasting accuracy.

Keywords: Influenza forecasting, Influenza-like illness, Ensemble empirical mode de-
composition, Reconstruction grouping, Time series forecasting, Temporal fusion trans-
former

Highlights

● We proposed an RG-EEMD-TFT model for influenza forecasting by integrating adaptive decomposition, feature reconstruction, 
and transformer-based temporal modeling.

● A reconstruction grouping strategy was proposed to organize the EEMD-derived components into high-frequency, seasonal, and 
trend categories, enhancing feature representation and interpretability.

● The proposed RG-EEMD-TFT model achieved the best overall performance, with an MAE of 0.318, a MAPE of 8.012%, and an 
RMSE of 0.409, demonstrating its strong potential for practical influenza forecasting.

1 INTRODUCTION

Influenza is an acute respiratory infectious disease with marked 
seasonal characteristics and remains a major threat to public 

health. Accurate forecasting of influenza activity is essential 
for improving the allocation of healthcare resources and sup-
porting evidence-based epidemic control measures. Seasonal 
influenza imposes a substantial burden through hospitaliza-
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tions and mortality, and its timing, intensity, and spatial distri-
bution vary considerably, creating uncertainty and pressure  
on healthcare systems. Early prediction of influenza activity 
enables public health authorities to anticipate epidemic patterns 
over the coming weeks or months and to make timely decisions 
regarding antiviral distribution, vaccination, staffing, bed allo-
cation, and community-level interventions [1]. In recent years, 
considerable attention has been directed toward the develop-
ment of deep learning methods for influenza forecasting [2, 3].

Despite these advances, important challenges remain in mo- 
deling complex temporal patterns and effectively integrating 
information from multiple sources. Influenza surveillance data 
are inherently nonlinear, non-stationary, and multi-scale, con-
taining long-term trends, periodic fluctuations, and stochastic 
disturbances [4]. As a result, raw influenza time series often 
exhibit strongly entangled patterns across multiple time scales, 
making it difficult to separate trend-related signals from high-
frequency noise and to model non-stationary sequences effec-
tively. Traditional recurrent neural networks (RNNs) and 
their variants, including long short-term memory networks 
(LSTMs), typically encode multivariate time series through 
simple concatenation or uniform feature representation. Such 
approaches often fail to capture dynamic correlations and het-
erogeneous temporal variation across features. This limitation 
arises from the lack of explicit modeling of inter-variable rela-
tionships, which hinders the modeling of complex temporal 
dynamics and reduces both interpretability and predictive 
accuracy [5].

To address these limitations, this study proposes a forecasting 
framework that integrates ensemble empirical mode decompo-
sition (EEMD), reconstruction grouping (RG), and a Temporal 
Fusion Transformer (TFT). Experiments on real-world influ-
enza surveillance data show that the proposed RG-EEMD-
TFT framework outperforms several baseline approaches in 
both accuracy and stability, highlighting the value of adaptive 
decomposition, feature reconstruction, and transformer-based 
temporal modeling for complex public health time series.

2 MATERIALS AND METHODS

2.1 Principle of ensemble empirical mode decomposition 
(EEMD)

Ensemble Empirical Mode Decomposition (EEMD) is an 
improved data processing method developed from Empirical 
Mode Decomposition (EMD), in which normally distributed 
random white noise is added to the signal. Particularly, the pro-
cedure repeatedly introduces white noise into the original sig-
nal and EMD decomposition is conducted, with the findings 
being averaged. This procedure effectively alleviates the mode 
mixing problem inherent in the traditional EMD method, 
thereby improving the stability and reliability of the decom- 
position results [6]. Compared with EMD, EEMD can adap-

tively perform multi-scale decomposition of complex time 
series, avoiding excessive decomposition and mode mixing. 
Consequently, it is more suitable for processing nonlinear and 
non-stationary signals [7]. The specific procedure is described 
as follows:

First, the normally distributed random white noise mi(t) is 
added to the original time series y(t) to construct a new time 
series:

( ) ( ) ( ), 1,2, ...,y t y t m t i ni i= =+                                               (1)

where y(t) denotes the original time series data, mi(t) represents 
the normally distributed random white noise signal, and yi(t) 
denotes the time series obtained after the i-th addition of white 
noise.

Next, the EMD algorithm is applied to the updated time series 
to extract the corresponding intrinsic mode functions Di,j(t) and 
the residual term xi(t):

( ) ( ) ( )y t D t x t
1j

N

i,i i j= +
=

/                                                           (2)

where Di,j(t) denotes the j-th intrinsic mode function (IMF) 
obtained after the i-th addition of white noise, xi(t) represents 
the residual term, and N denotes the number of IMF com- 
ponents.

Finally, the n groups of Di,j(t) and xi(t) are averaged to obtain the 
final decomposition results Hj(t) and R(t):
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where Hj(t) denotes the final decomposed components obtain- 
ed by EEMD, and R(t) represents the final residual component.

2.2 Principle of temporal fusion transformer (TFT)

The Temporal Fusion Transformer (TFT) is a valuable deep 
learning framework that has proven to be more reliable and 
effective in solving various intricate time-series problems, such 
as photovoltaic power prediction and financial market volatility 
forecasting [8, 9]. In comparison to traditional statistical mo- 
dels such as ARIMA or classical recurrent neural networks 
such as LSTM, TFT uses gating mechanisms and self-attention 
structures to learn the dynamics of multi-scale time-varying 
dynamics and enhances the interpretability and consistency of 
non-stationary epidemiological processes much more.
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Figure 1 shows the detailed TFT architecture that consists of 
variable selection networks (VSN), gated residual networks 
(GRN), and interpretable multi-head attention mechanisms. 
The model processes both known and observed inputs through 
specialized modules, enabling it to dynamically select the most 
relevant features at each time step, encode covariates, and 
model past and present inputs effectively. Local temporal 
interactions are learnt through sequence-to-sequence layers 
and long term interaction through the multi head attention. 
Hierarchical modeling of multi-source features in TFT gives 
features interpretable relative significance and interaction of 
input variables, which minimizes the black-box quality of  
deep neural networks [10].

Temporal Fusion Transformer (TFT) uses Gated Residual 
Network (GRN) as one of the important nonlinear feature 
transformation modules used to make feature mapping and fil-

tering of information. GRN is able to perform this additional 
task through the addition of gated linear units (GLU) with 
residual connections, to maintain model expressiveness and 
stabilize training. The computation of GRN is defined as

( ) ( ( ))GRN a,c LayerN rm a GLU 1
= + hq                                  (5)

W b1 2 11 = +h h                                                                          (6)

( )ELU W a W c b2 2 3 2= + +h                                                     (7)

where 𝑎 denotes the primary input, c represents contextual 
information, and W and b are learnable parameters.

To capture long-term temporal dependencies, TFT introduces 
the Interpretable Multi-head Attention (IMHA) mechanism to 

Figure 1. Basic architecture of the TFT model. TFT, Temporal Fusion Transformer; LSTM, Long Short-Term Memory.
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model interactions between different time steps. The core 
attention computation can be expressed as:

( )A Q,K S ftmax
d

QKT

k

= q e o                                                    (8)

( )H A Q,K V=                                                                          (9)

Where Q, K, and V denote the query, key, and value matrices, 
respectively, and dk is the feature dimension.

Furthermore, TFT adopts quantile forecasting to estimate pre-
diction intervals and quantify predictive uncertainty. The 
model is trained by minimizing the quantile loss function:

(( ) ( ) (1 ) )QL y,y,q q y y q y y-- -= ++ +t t t                           (10)

where y is the observed value, yt  is the predicted value, and  
q denotes the quantile level. By jointly optimizing multiple 
quantile losses, the model can generate prediction intervals at 
different confidence levels.

2.3 Description of the RG-EEMD-TFT model architecture

To address the non-stationary and multi-scale characteristics 
of influenza surveillance time series, this study proposes a 
reconstruction-grouped EEMD and Temporal Fusion Trans- 
former framework (RG-EEMD-TFT) for influenza trend fore-
casting. EEMD is first applied to decompose weekly influenza-
like illness (ILI%) data into several intrinsic mode functions 
(IMFs) and a residual component. This decomposition is ne- 
cessary to disentangle the complex, multi-scale dynamics of 
ILI time series, which are often poorly captured by conven-
tional models. By separating these temporal components, 
EEMD enables subsequent models to capture patterns at dif-
ferent frequencies more effectively [11].

However, directly using all IMF components as model inputs 
can introduce redundancy and unnecessary complexity. To fur-
ther recombine the decomposed IMFs according to the domi-
nating frequencies, a reconstruction grouping (RG) strategy is 
further proposed. In particular, the IMFs are totally summed 
up and rebuilt into three representative parts that relate to the 
high-frequency fluctuations, seasonal changes and long-term 
tendencies. The reconstruction process minimizes redundancy 
in features, and at the same time, it maintains key multi-scale 
features of the original sequence. The reconstructed compo-
nents are then standardized and aligned to form a compact, 
multi-scale input representation for the forecasting model.

Thereafter, the Temporal Fusion Transformer (TFT) is used  
to predict the sequences rebuilt. TFT is especially suitable for 
processing the multi-scale components generated by the RG- 
EEMD process since its gating processes, choice of variables 
networks, and interpretable attention networks have the ability 
to dynamically select the most informative temporal cues in 
one step. This allows long term trends, seasonal variations and 
high frequency variations to be observed by the model at the 
same time making the model more interpretable.

In the course of the training, the NNI hyperparameter optimi-
zation framework is used to optimize important TFT parame-
ters automatically to enhance prediction accuracy and gene- 
ralization. The trained RG-EEMD-TFT model provides multi-
week ILI predictions, and interpretable analysis according to 
the weights of attention and feature importance, which can 
inform dynamic decision-making in public health practice. The 
overall architecture of the proposed model is illustrated in 
Figure 2.

3 EXPERIMENTAL PROCESS AND RESULTS

3.1 Data source

The influenza-like illness (ILI) data used in this study were 
obtained from the FluView platform on the official website of 

Figure 2. Basic architecture of the RG-EEMD-TFT model. IMF, Intrinsic Mode Function.
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the Centers for Disease Control and Prevention (CDC), where 
surveillance data are reported weekly. In this study, weekly ILI 
surveillance data from the state of Colorado in the United 
States were selected as the dataset. To avoid atypical distur-
bances in natural influenza transmission caused by large-scale 
non-pharmaceutical interventions and competitive virus cir-
culation following the outbreak of COVID-19, weekly ILI data 
from week 1 of 2011 to week 52 of 2019 were used for model 
development and evaluation [12]. The ILI visit percentage 
(ILI%) was used as the core analytical indicator and is calcu-
lated as follows:

ILI%
Total outpatient visits

Number of ILI visits
100%= #                                  (11)

Figure 3 shows the weekly ILI% trend in Colorado, USA, 
from 2011 to 2019, indicating that influenza activity exhibits a 
typical winter-concentrated outbreak pattern, mainly occur-
ring from week 45 of each year to week 10 of the following 
year.

3.2 Evaluation indicators

In order to measure the prediction error of the model, in this 
paper root mean square error (RMSE), mean absolute error 
(MAE) and mean absolute percentage error (MAPE) are used 
as the fundamental evaluation measures. Of the above, MAE is 

most intuitively the average size of errors in prediction, MAPE 
is a scale-invariant index of relative error, allowing it to be 
compared across data sets, whereas RMSE makes larger errors 
more heavily penalized by the squared terms and thus mea-
sures the distribution of the spread between forecast and 
observed outcomes. The relevant formulas are as follows:
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Here, Yt(i) denotes the observed ILI% value in week i, and Yp(i) 
denotes the predicted ILI% value in week i, for each of the 
above metrics, lower values indicate better predictive perfor-
mance of the model.

3.3 Ensemble empirical mode decomposition (EEMD) pro-
cess

This study uses weekly influenza-like illness (ILI) data from 
Week 1 of 2011 to Week 52 of 2019 for model development  
and divides the dataset chronologically; specifically, data from 

Figure 3. Weekly ILI% in Colorado, USA, 2011-2019. ILI, Influenza-Like Illness.
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Week 1 of 2011 to Week 52 of 2017 (364 weeks) are used  
as the training set, data from Week 1 of 2018 to Week 52 of 
2018 (52 weeks) are used as the validation set, and data from 
Week 1 of 2019 to Week 52 of 2019 (52 weeks) are used as the 
test set.

In this study, a range of Gaussian (0.1 to 0.4) white noise am- 
plitudes was tested in EEMD trials to mitigate mode mixing 
while preserving the temporal structure. The best amplitude 
was found to be 0.2 times the standard deviation of the original 
series and an ensemble size of 100 was selected to reach a com-
promise on both the stability of the decomposition and the cost 
of computation. The eight intrinsic mode functions (IMF1-
IMF8) and one residual component estimated by applying 
EEMD to weekly influenza-like illness (ILI%) data between 
Week 1 of 2011 and Week 52 of 2017 (Figure 4) decomposed 
the original nonlinear and non-stationary time-dependent data, 
which together represent the multi-scale temporal structure of 
the original ILI% time series.

Assuming a weekly temporal resolution and denoting week t as 
a time step, the original ILI% time series can be expressed as 
follows after EEMD decomposition:

 ( ) ( ) ( )ILI t IMF t Residual t
1i

N

i= +
=

/                                        (15)

3.4 The reconstruction grouping (RG) process

To further characterize the temporal features of the decom-
posed components, a Hilbert spectral analysis of each of the 
IMFs was conducted and of the residual component. The aver-
age time-resolved frequency of each component was computed 
to represent its prevailing scale of oscillation, and the energy  
of each component was also computed in order to determine 
the proportionate contribution of each component to the origi-
nal signal.

The average instantaneous frequency, as shown in Figure 5A, 
reduces gradually as the IMF index increases, i.e., from IMF1 
to IMF8, indicating a clear shift toward lower-frequency oscil-
lations. IMF1 and IMF2 have the highest frequencies that are 
equivalent to short-term stochastic variations and local irregu-
larities of the influenza time series. IMF3-IMF5 are intermedi-
ate frequency ranges, which relate to periodic oscillations in 
line with the seasonal influenza regional cycles. Conversely, 
IMF6-IMF8 and the residual part have very low mean frequen-
cies, which constitute the long-term dynamics of evolution of 
the incidence of influenza.

Figure 5B also indicates the validity of the multi-scale struc-
ture of the decomposed ILI% series, as reflected by the energy 
distribution. Although the periodic variations associated with 

Figure 4. EEMD decomposition of the weekly ILI% series into eight IMF components and one residual term. EEMD, Ensemble Empirical 
Mode Decomposition; ILI, Influenza-Like Illness; IMF, Intrinsic Mode Function.
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seasonal influenza epidemics are mainly contained in the in- 
termediate-frequency components IMF3-IMF5, a substantial 
proportion of the signal energy is concentrated in the lower-
frequency components IMF7 and IMF8. This implies that long-
term variation and slowly changing background trends account 
for a large share of the overall dynamics of the influenza time 
series. The residual component also retains a relatively high 
energy proportion, further confirming that an important part of 
the original ILI% signal lies in the low-frequency domain. 
Combined with IMF7 and IMF8, the residual term captures the 
smooth background evolution and long-term trend informa- 
tion of influenza activity. This result supports grouping these 
components into the trend-related representation in the subse-
quent reconstruction stage.

With such spectral properties, the reconstruction grouping 
(RG) strategy was used to combine the decomposed elements 
into three meaningful groups, namely, the high-frequency 
components (IMF1-IMF2), the seasonal components (IMF3-
IMF5), and the trend components (IMF6-IMF8 along with the 
residual). The results of the reconstruction are demonstrated in 
Figure 6. This grouping strategy not only maintains the pre-
vailing multi-scale information of the original signal, but also 
minimizes redundancy between individual IMFs, hence it pro-
vides structured inputs in the latter TFT-based prediction 
model.

3.5 Comparative experiments of discrete wavelet trans-
form

To highlight the effectiveness of RG-EEMD, we introduced  
the discrete wavelet transform (DWT) as a representative com-
parative decomposition method. DWT is a widely used multi-
resolution analysis technique that decomposes a signal into 
low-frequency approximation components and high-frequency 
detail components at different scales, thereby separating long-

term trend information from local fluctuation patterns [13]. 
Previous studies have demonstrated that wavelet-based meth-
ods have been successfully applied to the multiscale analysis, 
outbreak detection, and dynamic modeling of influenza-related 
time series, making DWT a reasonable comparative approach 
for evaluating the advantages of EEMD-based decomposition 
[14].

In this study, the original ILI% series was decomposed using a 
three-level discrete wavelet transform (DWT) implemented in 
Python through the PyWavelets (pywt) library. The Daubechies 
4 (db4) wavelet was selected because it is widely used in non-
stationary biomedical and epidemiological time-series analysis 
and is effective in separating smooth trend components from 
short-term fluctuations. The decomposition produced one low-
frequency approximation component (A3) and three high-fre-
quency detail components (D3, D2, and D1), as illustrated in 
Figure 7. Among these components, A3 mainly preserves the 
long-term trend and overall epidemic level of the original 
series, D3 and D2 capture medium- and low-frequency fluctua-
tion patterns, while D1 primarily represents short-term rapid 
variations and partial noise information. This process allows 
the complex ILI% sequence to be represented as a superposi-
tion of components across different frequency scales, enabling 
subsequent prediction models to learn long- and short-term pat-
terns more effectively.

3.6 Model parameter selection and training

Following the use of the RG-EEMD decomposition, the  
original influenza series were rebuilt into three illustrative ele-
ments high-frequency, seasonal and trend sequences. The TFT 
model took these reconstructed components as the observed 
covariates, to give multi-scale temporal information. The 
weekly ILI percentage is the forecasting variable of the task. 
The model uses these reconstructed components as explanato-

Figure 5. Spectral characteristics of EEMD-derived IMF components. (A) Average instantaneous frequency; (B) Energy proportion distribu-
tion. IMF, Intrinsic Mode Function.
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Figure 6. Reconstructed high-frequency, seasonal, and trend components obtained from IMF grouping.

Figure 7. Three-level DWT decomposition results of the weekly ILI% series, including detail components D1–D3 and approximation 
component A3.
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ry variables to predict the original ILI% series, allowing it to 
learn the contribution of different temporal scales to influenza 
dynamics.

Because predictive effectiveness of the Temporal Fusion 
Transformer (TFT) and Long Short-Term Memory (LSTM) 
models is very sensitive to the choice of hyperparameter com-
binations, manual search is often inefficient and unsystematic. 
Thus, the proposed study introduces the automated hyperpa-
rameter optimization framework NNI, which employs global 
hyperparameter optimization. NNI can effectively search for 
the optimal parameter settings in non-stationary influenza time 
series through the built-in tuning algorithms it provides, to 
enhance the generalization of the model and its robustness 
against these non-stationary dynamics [15, 16].

This study adopts a forecasting horizon of four weeks. The 
rationale behind this design is the fact that influenza outbreaks 
are usually characterized by sudden outbreaks; hence, deci-
sions based solely on one-week forecasts may be insufficient for 
timely public health responses. Conversely, a month of fore-
casting timeframe will have a realistic decision-making win-
dow for the public health officials in the region like resource 
allocation, adjusting to a vaccination program, and alerting to 
the presence of an epidemic in the region [17, 18]. The final 
results of the RG-EEMD-TFT model hyperparameters in this 
study have been determined after the repeated runs of the re- 
lated model in the NNI framework, which are summarized in 
Table 1.

To avoid information leakage from global decomposition, 
EEMD-based preprocessing during the validation and test 
stages was performed in a strictly chronological manner. 
Specifically, for each forecast origin, only the observed ILI 
series up to that time point, denoted as X1:t={x1,x2,…,xt}, was 
used for decomposition. EEMD was applied to X1:t to obtain  
the corresponding IMF components and residual term, after 
which the decomposed components were analyzed and recon-
structed into high-frequency, seasonal, and trend signals based 
solely on the information contained in the historical segment 
X1:t. The reconstructed components within the most recent 

encoder window were then used as input to the TFT model to 
generate forecasts for the next 4 weeks, ensuring that the 
evaluation was free from look-ahead bias.

All the experiments were performed on a workstation with an 
Intel Core i7-12700KF processor, 32 GB of Random Access 
Memory, and an NVIDIA GeForce RTX 3060 graphics card 
(12 GB VRAM). The experiments were conducted using 
Python 3.10 and PyTorch, with PyTorch used as the deep learn-
ing framework for building and training the Temporal Fusion 
Transformer (TFT). To reduce the influence of randomness in 
deep learning training, all deep learning models were evaluat-
ed through repeated experiments under different random seeds. 
Specifically, each model was independently trained and tested 
10 times under the same chronological data split, hyperparam-
eter settings, and training procedure, and the final results were 
reported as the mean ± standard deviation of MAE, MAPE, 
and RMSE on the test set.

The ARIMA model was another baseline model presented by 
this study in the comparative experiments. Due to the fact that 
the ARIMA model is a classical univariate time series model, 
the historical ILI% data were the only input variables that were 
utilized in this study. Parameter validation for the ARIMA 
model is typically conducted using two approaches. The first 
approach involved applying first-order and seasonal differenc-
ing to the ILI% series to remove trends and account for its 
52-week annual cycle, thereby stabilizing the data. Subsequently, 
by examining the autocorrelation function (ACF) and partial 
autocorrelation function (PACF) plots of the differenced series 
(see Figure 8), the cutoff and tailing-off characteristics are 
used to preliminarily determine the range of model orders [19]. 
The second approach employed the automated auto_arima 
function from Python’s pmdarima library (originally a Python 
port of the R language forecast package). This method auto-
matically tested different combinations of the ARIMA(p,d,q)
(P,D,Q)m parameters within a given search range and selected 
the optimal model based on goodness-of-fit criteria, such as the 
Akaike Information Criterion (AIC) [20]. Based on a compre-
hensive analysis of the two aforementioned approaches, this 
study ultimately determined the parameters of the seasonal 
ARIMA model as ARIMA(2,1,1)(1,1,1)52, which were then 
used for subsequent influenza trend forecasting.

3.7 Results

To evaluate the effectiveness of the proposed RG-EEMD-TFT 
model for influenza trend forecasting, a multi-stage compara-
tive experiment was conducted. Initially, we compared our pro-
posed approach against traditional statistical and deep learning 
baselines that did not employ signal decomposition. To ensure 
the rigor of the results and eliminate the interference of random 
initialization, all deep learning models were executed 10 times 

Table 1. Hyperparameters selected for the TFT model
Hyperparameter Value
LSTM layers 2
Hidden size 64
Hidden continuous size 30
Attention head size 4
Learning rate 0.001
Encoder length 26
Dropout 0.2
Note: LSTM, Long Short-Term Memory.
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with different random seeds. As shown in Table 2, the tradi-
tional ARIMA model yields relatively high MAPE (17.223%) 
and RMSE (0.789), as it struggles to process the nonlinear and 
non-stationary properties of influenza surveillance data. In 
contrast, deep learning models such as LSTM and TFT, as well 
as the recent state-of-the-art (SOTA) models DLinear and 
PatchTST, achieve higher predictive accuracy. Specifically, 
PatchTST achieves the best performance among baselines 
(MAE=0.551±0.014), benefiting from its patching mechanism 
which effectively extracts local semantic information from the 
time series.

We further investigated the impact of signal decomposition on 
forecasting performance. As shown in Table 3, hybrid models 
incorporating decomposition techniques significantly outper-

the best overall performance (MAE=0.318, MAPE=8.012%). 
This success is attributed to the RG strategy’s ability to con-
solidate multiple IMFs into high-frequency, seasonal, and trend 
components. This reduction in dimensionality attenuates noise 
while enabling the Transformer-based TFT architecture to con-
centrate on the dominant temporal structures of influenza 
activity. Furthermore, a Diebold-Mariano test confirmed that 
the performance improvements of RG-EEMD-TFT over other 
SOTA models are statistically significant (p<0.05), validating 
its superior competitiveness in influenza forecasting.

Figure 9 illustrates the rolling forecast performance of some 
models on the 2019 test set. The RG-EEMD-TFT model is more 
accurate amongst the others. In addition, the p10 to p90 quantile 
prediction intervals generated by the RG-EEMD-TFT model 

Figure 8. Autocorrelation analysis of the differenced ILI% series. (A) Autocorrelation function (ACF); (B) Partial autocorrelation function 
(PACF).

Table 2. Comparison of baseline models
Model MAE MAPE/% RMSE
ARIMA 0.705±0.000 17.223±0.000 0.789±0.000
LSTM 0.854±0.018 15.685±0.522 0.692±0.021
TFT 0.579±0.022 15.259±0.617 0.675±0.025
DLinear 0.572±0.011 15.122±0.442 0.681±0.014
PatchTST 0.551±0.014 14.866±0.378 0.658±0.017

Table 3. Performance comparison of different signal decomposition techniques
Model MAE MAPE/% RMSE
DWT-TFT 0.392±0.012 10.786±0.339 0.487±0.015
EEMD-TFT 0.335±0.009 8.422±0.213 0.426±0.011

Table 4. Performance comparison of hybrid models with RG strategy
Model MAE MAPE/% RMSE
RG-EEMD-LSTM 0.372±0.013 10.141±0.285 0.456±0.016
RG-EEMD-DLinear 0.355±0.008 9.214±0.194 0.441±0.010
RG-EEMD-PatchTST 0.339±0.009 8.657±0.226 0.428±0.012
RG-EEMD-TFT 0.318±0.007 8.012±0.167 0.409±0.009

form their single-model counterparts. 
Comparing DWT-TFT and EEMD-TFT, the 
EEMD-based approach demonstrates superior 
gains. This superiority stems from the fact that 
Discrete Wavelet Transform (DWT) relies 
heavily on the selection of wavelet bases and 
predefined frequency partitioning. In contrast, 
EEMD is an adaptive, data-driven method that 
decomposes the ILI sequence into various 
Intrinsic Mode Functions (IMFs) based on the 
local characteristic time scales of the data 
itself, thereby capturing complex non-station-
ary dynamics and seasonal fluctuations more 
accurately.

Finally, to verify the role of the RG strategy  
in reducing information redundancy, we inte-
grated it into various deep learning architec-
tures. As presented in Table 4, incorporating 
the RG strategy consistently yields further 
reductions in forecasting error. Ultimately, the 
proposed RG-EEMD-TFT model achieved  
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widen adaptively with increasing influenza intensity, effective-
ly reflecting the stochastic uncertainty during outbreak peaks. 
This feature highlights the model’s robustness and its value for 
public health risk early warning and decision support.

To quantitatively evaluate the reliability and sharpness of 
these probabilistic forecasts, we further calculated the Predi- 
ction Interval Coverage Probability (PICP) and the Prediction 
Interval Normalized Average Width (PINAW) for the 80% 

Figure 9. Rolling forecasting results of influenza activity in 2019, including ob-
served values, model predictions, and quantile prediction intervals. ILI, Influenza-
Like Illness; PI, Prediction Interval.

Table 5. Quantitative assessment of quantile forecasting
Model PICP PINAW
TFT 0.768±0.024 0.158±0.011
EEMD-TFT 0.815±0.018 0.139±0.009
RG-EEMD-TFT 0.842±0.015 0.126±0.007
Note: PICP, Prediction Interval Coverage Probability; PINAW, Prediction Interval Nor-
malized Average Width.

confidence interval (p10 to p90). As shown in 
Table 5, the RG-EEMD-TFT model achieves a 
PICP of 0.842, which exceeds the target confi-
dence level of 0.8, indicating that the model 
successfully captures the true influenza activ-
ity within its predicted bounds. Meanwhile, 
the PINAW is maintained at a low level of 
0.126, demonstrating that the model provides 
high-precision “sharp” intervals rather than 
excessively wide, uninformative ones. This 
combination of high coverage and narrow 
width highlights the model’s robustness and  
its value for public health risk early warning 
and decision support.

3.8 Interpretability analysis of the TFT 
model

In addition, the Variable Selection Network 
(VSN) embedded in the TFT architecture was 
used to compare the feature attribution pat-
terns of the EEMD-TFT and RG-EEMD-TFT 
models (Figure 10). For the original EEMD-
TFT model, variable importance was distri- 
buted across multiple IMF components, with 
greater importance weights assigned to IMF7, 
IMF4, IMF5, and IMF8. This indicates that  
the model mainly relied on low-frequency 
trend-related and seasonal components. The 
RG-EEMD-TFT model exhibited a more con-
centrated and structurally compact attribution 
pattern after reconstruction grouping. Specifi- 
cally, the trend component had the highest 
importance weight (58.21%), followed by the 
seasonal component (34.87%), whereas the 
high-frequency component accounted for only 
6.92%. Compared with the IMF-level attri- 
bution pattern of the original EEMD-TFT 
model, this result suggests that the reconstru- 
ction grouping strategy enables the model to 
focus more directly on the dominant low-fre-
quency and periodic structures of influenza 
activity, while further suppressing the influ-
ence of short-term stochastic disturbances and 
noise.

Figure 10. Results of variable importance analysis of the TFT model. IMF, Intrinsic 
Mode Function.

Overall, the interpretability analysis suggests that RG reduces 
redundancy among decomposed components and enables the 
model to focus more directly on trend and seasonal in- 
formation.

4 DISCUSSION

The results demonstrate that decomposition-based hybrid 
models consistently outperform their non-decomposition coun-
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terparts, confirming that signal decomposition effectively add- 
resses the non-stationary and multi-scale characteristics of ILI 
series. Compared with DWT, EEMD provides superior predic-
tive performance, as its adaptive, data-driven decomposition is 
more suitable for capturing the intrinsic temporal dynamics of 
influenza activity. Under the same decomposition framework, 
TFT consistently outperforms LSTM and recent SOTA models 
like DLinear and PatchTST, suggesting that its variable selec-
tion and multi-head attention mechanisms are better suited to 
integrating complex, multi-component inputs.

Furthermore, the implementation of the reconstruction group-
ing (RG) strategy yields additional performance gains across 
all architectures, particularly for RG-EEMD-TFT. This indi-
cates that consolidating decomposed IMFs into high-frequen-
cy, seasonal, and trend representations effectively reduces 
information redundancy and enhances the compactness of 
multi-scale representations. Beyond point estimates, the RG- 
EEMD-TFT model also exhibits excellent probabilistic fore-
casting capabilities; quantitative assessments yield a PICP of 
0.842 and a PINAW of 0.126, proving that the proposed frame-
work provides statistically reliable coverage with high interval 
sharpness.

5 CONCLUSION

In this study, an RG-EEMD-TFT framework was proposed for 
influenza forecasting. By combining EEMD decomposition, 
reconstruction grouping, and TFT-based temporal modeling, 
the proposed method achieved the best predictive performance 
among all compared models. indicating that the integration of 
adaptive decomposition, feature reconstruction, and temporal 
fusion learning is a promising approach for influenza fore- 
casting. This framework may provide useful methodological 
support for epidemic trend monitoring and public health 
decision-making.
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