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ABSTRACT This paper addresses seasonal structural drift and window-selection limitations in tourism 

consumption forecasting by proposing a BiLSTM-Att+PE model to capture dynamic seasonal patterns 

and improve consumption-pattern representation. The model combines BiLSTM for bidirectional temporal 

dependency learning, Bahdanau attention for dynamic focus on key time steps such as holidays and 

emergencies, and learnable positional encoding for seasonal information modeling. It is trained end-to-end 

on provincial tourism economic data from 2001Q1 to 2024Q4, including consumption, visitor numbers,
GDP, income, holidays, and epidemic markers. Four sample sets are constructed through sliding windows 

with T ∈ {1, 2, 3, 4} quarters. The model is optimized using MSE loss and AdamW, while Bayesian 

search determines the best hyperparameters, including a learning rate of 3.4 × 10−4, 128 LSTM units,
and 64 attention dimensions. The optimal performance is achieved with a two-quarter window, reaching 

RMSE of 21.3 billion and R2 of 0.962, outperforming seven benchmarks. Attention visualization confirms 

adaptive focus on holiday and epidemic events, providing an interpretable and computationally efficient 

framework for nonlinear time-series forecasting.

INDEX TERMS tourism consumption, BiLSTM-attention, positional encoding, seasonal forecasting,
time-series prediction

I. INTRODUCTION

W ITH the advancement of the digital economy and
smart tourism, accurate tourism consumption fore-

casting has become crucial for policymaking and resource
allocation—a challenge paralleled in the industry for de-
mand prediction and supply chain optimization. Tourism
consumption [1,2] exhibits strong nonlinearity, seasonality,
and external sensitivity. A key challenge is seasonal struc-
tural drift—defined as non-stationary changes in seasonal
patterns over time due to evolving behaviors, economic
shifts, or exogenous shocks.

Traditional models struggle with such complexity. While
deep learning [3,4] offers promise, standard LSTMs lack
focus on key time steps. Attention mechanisms [5] address
this by dynamically weighting influential historical periods.
Thus, integrating deep temporal modeling with attention
is essential for high-accuracy forecasting in tourism con-
sumption and similarly critical for industry applications like
demand prediction and production planning.

Despite the continuous technological advancement of
existing models, they still face several key challenges
in the context of tourism consumption forecasting. First,
most studies rely on monthly or quarterly data, but lack
consideration of the seasonal structural drift of tourism

consumption [6,7]. Second, existing attention mechanisms
[8] are mostly based on a decoder-encoder structure, without
explicitly applying temporal position information, resulting
in insufficient sensitivity of the model to temporal order
and being prone to attention distraction, especially under
long sequence inputs. Furthermore, although most advanced
models (such as Informer and FEDformer) [9,10] perform
well in long sequence prediction, their complex structures
lead to high training costs and the risk of overfitting for
small and medium-sized tourism datasets.

Furthermore, existing research rarely systematically an-
alyzes the impact of input window length on forecasting
performance. Window selection [11,12] directly impacts the
model’s ability to balance short-term fluctuations with long-
term trends. Existing models still need to improve their
interpretability. Uncovering the mechanisms of seasonality
through attention weighting is key to enhancing their credi-
bility and application value. Therefore, a fusion model with
high accuracy, strong interpretability, and computational
efficiency is urgently needed to meet the practical needs
of tourism consumption forecasting.

To address the problem that traditional attention mecha-
nisms are insensitive to time order and have difficulty dis-
tinguishing seasonal semantics in long sequences, learnable
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position encoding is applied to adaptively learn quarterly
semantic information end-to-end, explicitly strengthening
the model’s ability to distinguish different seasonal posi-
tions such as "Q1 Spring Festival peak season" and "Q4
National Day peak"; to address the problem that standard
LSTM cannot integrate future context and has a delayed
response to local events, a BiLSTM structure is adopted to
simultaneously capture forward and backward dependencies,
enhancing the perception accuracy of consumption cycle
turning points and holiday pulses; to address the limitation
of existing models’ insufficient ability to focus on sudden
external events and key time steps, the Bahdanau attention
mechanism is applied to achieve dynamic weight allocation
of historical time steps, improving the adaptive response to
outliers and structural turning points; to address the problem
that it is difficult to balance long-term dependencies and
short-term fluctuations in multi-scale windows, an empirical
analysis of multi-scale sliding windows determines that the
two-quarter window is the optimal historical length, which
covers semi-annual seasonal fluctuations while retaining
short-term dynamic characteristics.

Experiments demonstrate that by constructing a fusion
architecture that combines high precision with strong in-
terpretability, it not only achieves superior forecasting per-
formance compared to cutting-edge models such as FED-
former, TFT, and PatchTST, but also, through visualization
of attention weights, reveals the model’s adaptive shielding
mechanism for outliers during the epidemic period, its focus
on holiday pulses, and its sharp response to retaliatory
consumption shifts, providing an interpretable basis for
policymaking. This research provides a systematic, reliable,
and efficient solution to the problems of seasonal drift,
window selection, and complex event modeling in tourism
consumption forecasting.

II. METHOD
A. DATA COLLECTION AND PREPROCESSING
1) Data Sources
This study uses quarterly tourism economic data from a
provincial statistical bureau in China [13,14], covering 96
observation points from the first quarter of 2001 to the fourth
quarter of 2024. This dataset is authoritative, continuous,
and policy-representative, making it suitable for modeling
tourism consumption behavior at a macroeconomic scale.

Target variable (predicted variable): Total tourism con-
sumption (in CNY 100 million), denoted as yt ∈ R+, rep-
resents the total amount of expenditure on tourism activities
by residents in quarter t and is the core prediction target of
this model.

Covariates (explanatory variables): To enhance the
model’s ability to capture consumption-driven mechanisms,
the following five covariates are applied to form the eigen-
vector xt = [x

(1)
t , x

(2)
t , . . . , x

(5)
t ] ∈ R5:

(1) Total number of tourists (millions), denoted as x
(1)
t ,

reflects the scale of tourism market demand, is strongly

positively correlated with consumption, and is a direct driver
of consumption;

(2) Quarterly GDP (Gross Domestic Product) growth rate
(%), denoted as x(2)

t , is a proxy variable for macroeconomic
prosperity, influencing residents’ consumption confidence
and disposable budget;

(3) Per capita disposable income (CNY/quarter), denoted
as x

(3)
t , is a basic indicator measuring residents’ spending

power, used after seasonal adjustment;
(4) Holiday dummy variable (0/1), denoted as x

(4)
t : if

quarter t includes the Spring Festival or National Day
Golden Week (i.e., January–February or October), then
x
(4)
t = 1; otherwise, 0. This variable is used to capture

the impulse effect of holiday consumption;
(5) Epidemic shock [15,16], denoted as x

(5)
t (2020Q1–

2022Q4), denoted as TQ: if t ∈ [2020Q1, 2022Q4], then
x
(5)
t = 1; otherwise, x

(5)
t = 0. This variable is used

to control for the perturbation of consumption patterns
caused by the exogenous structural shock of the COVID-
19 pandemic.

The five selected covariates were determined based
on prior knowledge of tourism economics theory and
consumption-driven mechanisms. They characterize tourism
consumption behavior from core dimensions such as mar-
ket demand, macroeconomics, residents’ purchasing power,
holiday impulse effects, and external structural shocks.
Although no explicit feature selection was performed before
training, the subsequent visualization of attention weights
provided post-hoc validation of the dynamic importance of
these features in prediction, indicating that the model can
adaptively focus on key driving factors, thereby avoiding
noise interference from irrelevant variables while ensuring
information integrity.

Information on tourism consumption and tourist numbers
is shown in Figure 1.

The heat map in Figure 1(a) clearly demonstrates the
strong seasonality and event-driven nature of tourism con-
sumption in the province: Q1 and Q4 continue to be peak
consumption zones, with the depth of the color blocks
increasing annually. However, due to the impact of the
pandemic from 2020 to 2022, the brightness of the hotspot
plummeted, forming a distinct "fault zone." Starting in 2023,
the depth of the color blocks exceeded the 2019 baseline,
particularly in Q4, confirming the structural release of "retal-
iatory consumption." Figure 1(b) shows a strong correlation
between population distribution and consumption, with a
robust bimodal structure in Q1/Q4, confirming the core
logic of "holiday-driven growth." Q2/Q3 consistently show
lighter values, reflecting a lack of travel outside of major
holidays. The sharp decline in population during the pan-
demic coincided with consumption, and the rebound from
2023 onwards is slightly weaker than that of consumption,
suggesting that per capita spending has yet to fully recover.
The record high in Q4 2024 suggests that demand has
recovered beyond pre-pandemic levels.

VOL. 15, NO. 3, AUGUST 20264593



B. Wang et al.

FIGURE 1. Tourism consumption and tourist number information. Figure 1(a) Tourism consumption heat map; Figure 1(b) Tourist
number heat map; Note: CNY (Chinese CNY); COVID-19 (Corona Virus Disease 2019)

2) Data Preprocessing
To eliminate dimensional differences between variables,
accelerate model convergence, and improve numerical sta-
bility, this study performs normalization after constructing
the sliding window samples.

Specifically, four sample sets with different window
lengths (T=1,2,3,4) are first generated based on the sliding
window strategy. Then, the sample set corresponding to
each window is divided into training, validation, and test
sets in chronological order. During normalization, only the
minimum and maximum values of each continuous variable
are calculated using the training set data, and these are
then used to uniformly perform min-max normalization on
the training, validation, and test sets, mapping them to the
interval [0, 1]. This process strictly avoids leaking test set
information into the training phase, ensuring that the model
evaluation results reflect the predictive ability in real-world
scenarios.

All variables are complete and without missing data at all
96 time points, and no interpolation or deletion is required.
Outlier detection: The 3σ principle is used to identify
outliers in the continuous variable (yt, x

(1)
t , x

(2)
t , x

(3)
t ). The

formula for marking potential anomalies is as follows:∣∣∣x(i)
t − µi

∣∣∣ > 3σi (1)

In formula (1), µi and σi are the sample mean and stan-
dard deviation of x(i)

t over the entire sequence, respectively.
For the epidemic period data (2020Q1–2022Q4), the

original values are retained but a marker variable x
(5)
t is

added to avoid information loss due to deletion and to
provide a basis for event location in subsequent attention
weight analysis.

To eliminate dimensional differences between variables,
accelerate model convergence, and improve numerical sta-
bility, all continuous variables are Min-Max normalized and
mapped to the interval [0, 1]:

x(i)
norm =

x(i) −min(x(i))

max(x(i))−min(x(i))
, i = 1, 2, 3, target (2)

To systematically investigate the impact of historical
review length on forecasting performance and capture dy-
namic patterns at different time scales, this study designs
a multi-scale sliding window strategy and constructs four
supervised learning sample sets with different input lengths.

The original time series data is:

D = {(x1, y1), (x2, y2), . . . , (x96, y96)} (3)

For a window length of T ∈ {1, 2, 3, 4}, it constructs the
following input-output pairs:

Input sequence:

X
(T )
i = [xi, xi+1, . . . , xi+T−1] ∈ RT×5

Output label:

y
(T )
i = yi+T ∈ R

Sample index range:

i = 1, 2, . . . , 96− T

Four sets of data samples are obtained, as shown in Table
1.

TABLE 1. Sliding window samples

Window length (quarterly) Sample size Meaning

1 95 Only relying on the most
recent quarter

2 94 Dependent on the past six
months

3 93 Dependent on the past three
quarters

4 92 Relying on the complete
annual cycle

VOL. 15, NO. 3, AUGUST 2026 4594



B. Wang et al.

After the model prediction is completed, the normalized
predicted values are denormalized back to their original
dimensions for evaluation in a practical sense. All reported
error indicators in this study (including RMSE, MAE, and
MAPE) are calculated based on the denormalized predicted
values and the actual values.

Therefore, RMSE and other units are expressed in hun-
dreds of millions of CNY, which has clear economic inter-
pretive significance.

III. MODEL CONSTRUCTION
Tourism consumption time series have three major char-
acteristics: strong seasonality, non-stationarity, and event-
driven nature. Although traditional LSTM models [17,18]
can capture long-term dependencies, they have two major
limitations: (1) they “equally weight” historical states and
lack the ability to dynamically focus on key time steps;
(2) unidirectional LSTMs only utilize past information and
ignore future context. To this end, this study constructs
a fusion architecture of a bidirectional LSTM encoder, a
Bahdanau additive attention mechanism, and a learnable
positional encoding. While retaining the time series mod-
eling capabilities, it also enhances the adaptive response to
seasonal drift and event disturbances. The model structure
of this paper is shown in Figure 2.

The architecture of the proposed fusion model is shown
in Figure 2. Its core is an encoder-predictor architecture
consisting of a bidirectional long short-term memory net-
work, a Bahdanau attention mechanism, and a learnable
positional encoding. The model first feeds the normalized
and positionally encoded input sequence into the forward
and backward LSTMs, respectively, to obtain hidden state
sequences that incorporate past and future contextual infor-
mation. Subsequently, the Bahdanau attention mechanism
dynamically calculates attention weights for each time step
and generates a context vector by weighted summation
of the hidden states, enhancing the model’s focus on key
seasonal periods and event windows.

Finally, this context vector is nonlinearly transformed
using a fully connected layer and a ReLU activation function
to output a forecast of tourism consumption for the next
quarter.

Let the input sequence be X = [x1, x2, . . . , xT ] ∈ RT×d,
where T is the window length, d is the feature dimension,
and xt ∈ Rd is the normalized feature vector at the t-th time
step. The bidirectional LSTM extracts time series features
from both the forward and backward directions:

−→
h t = LSTMfwd(xt,

−→
h t−1) (4)

←−
h t = LSTMbwd(xt,

←−
h t+1) (5)

ht = [
−→
h t;
←−
h t] ∈ R2H (6)

In formulas (4)-(6), H is the dimension of the unidirec-
tional LSTM hidden layer; ht is the concatenated bidirec-
tional hidden state; and the encoder output sequence is de-
noted as H = [h1, h2, . . . , hT ] ∈ RT×2H . The bidirectional
structure [19,20] enables the model to simultaneously utilize
the context of both the "cause" and "consequence" within
the window during prediction, improving the accuracy of
modeling local patterns.

The bidirectional LSTM structure operates only on the
historical sequence within the input window T, without
involving information from future time steps, thus com-
pletely avoiding data leakage issues. Specifically, the model
encodes only the forward and backward context within
the current input window during prediction, enhancing the
modeling ability of local temporal patterns within the win-
dow through the bidirectional structure, without introducing
future true values. This design improves the model’s ability
to capture dynamic patterns within the window while strictly
adhering to the basic principles of time series prediction.

To dynamically identify the historical time step that
most contributes to the current prediction, the attention
mechanism [21,22] is applied to calculate the weight αt

of each time step:

et = vT tanh(Whht +Wss) (7)

αt =
exp(et)∑T
j=1 exp(ej)

(8)

c =

T∑
t=1

αtht (9)

In formulas (7)-(9), s is a learnable context query vector,
representing the semantic focus of the current prediction
task; Wh and Ws are trainable parameter matrices and
vectors; Ha is the attention hidden layer dimension; and
c is the context vector, i.e., the time series summary after
weighted fusion.

Traditional Bahdanau attention only calculates weights
based on content similarity and does not explicitly model
the time step order. This makes it difficult for the model to
distinguish the semantic difference between "Q1" and "Q4"
in scenarios with long windows or seasonal drift. To this
end, this study superimposes a learnable position encoding
after the LSTM hidden state:

h̃t = ht + pt, pt ∈ R2H (10)

This study employs learnable location encoding, which
uses trainable vectors bound to time step numbers within

In formula (10), pt is a trainable vector bound to time step
 t and optimized end-to-end with the model. Unlike the fixed
 sinusoidal encoding in the Transformer, this design allows
 the model to adaptively learn seasonal position semantics,
enhancing its ability to model dynamic seasonal structure.

each input window. Through end-to-end training, the model
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FIGURE 2. Model structure of this paper

adaptively learns the location semantics for different sea-
sons. This design enables the model to explicitly distinguish
different seasonal locations, enhancing its ability to model
dynamic seasonal structures.

The context vector is mapped to a scalar prediction value
via a fully connected layer:

ŷT+1 = wT c+ b, w ∈ R2H , b ∈ R (11)

To enhance nonlinear fitting capabilities, activation func-
tions are added:

ŷT+1 = Linear(ReLU(c)) (12)

A. LOSS FUNCTION AND OPTIMIZATION
To measure the fitting error between the model predicted
value ŷi and the true value yi, this study uses the mean
square error as the main loss function. The formula for MSE
(Mean Squared Error) is:

LMSE(θ) =
1

N

N∑
i=1

(yi − ŷi)
2 (13)

In formula (13), N is the number of samples in a batch; yi
is the actual tourism consumption value of the ith sample; ŷi
is the model’s predicted output for the input sequence under
the parameter θ; and θ represents the set of all trainable
parameters of the model. MSE has a quadratic penalty for
large errors and can effectively suppress extreme prediction
biases. It has been widely verified in regression tasks to

have good numerical stability and gradient propagation
properties, making it suitable for modeling continuous, non-
negative economic indicators such as tourism consumption.

The model parameters are updated using the AdamW op-
timizer [23,24]. This optimizer decouples weight decay from
the standard Adam optimizer, preventing the regularization
term from being diluted by adaptive learning rate scaling
and improving generalization. Let the gradient at step t be
gt = ∇θL(θt). The parameter update rule is as follows:

mt = β1mt−1 + (1− β1)gt (14)

vt = β2vt−1 + (1− β2)g
2
t (15)

m̂t =
mt

1− βt
1

(16)

v̂t =
vt

1− βt
2

(17)

θt+1 = θt − η · m̂t√
v̂t + ϵ

− ηλθt (18)

In formulas (14)-(18), η represents the learning rate. β1

and β2 are the decay rates of the first-order and second-order
moment estimates, respectively. ϵ is the numerical stability
term; λ is the weight decay coefficient. The last term, ηλθt,
is the decoupled weight decay, which is independent of the
adaptive learning rate mechanism.
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To avoid the subjectivity and inefficiency of manual pa-
rameter adjustment, this study uses a Bayesian optimization
framework for automated hyperparameter search. The core
idea is to construct a surrogate model to approximate the
objective function and balance exploration and utilization
through the acquisition function to efficiently locate the
global optimal solution. The optimization goal is:

θ∗ = argmin
θ∈Θ

EDval
[LMSE(fθ(X), y)] (19)

In formula (19), Θ is the hyperparameter space and Dval

is the validation set.
The hyperparameter search space design is shown in

Table 2.

TABLE 2. Hyperparameter search space

Hyperparameter Search scope Optimal parameters

learning rate [1 × 10−5, 1 × 10−2] 3.2 × 10−4

Number of hidden units in
LSTM

{64, 128, 256} 128

Attention dimension {32, 64, 128} 64
Dropout rate [0.1, 0.5] 0.3
batch size {32, 64, 128} 64

The Bayesian optimization convergence curve is shown
in Figure 3.

The Bayesian optimization convergence curve shows that
the RMSE (Root Mean Squared Error) stabilizes after ap-
proximately 24 iterations. A learning rate of 3.2 × 10−4

achieves stable gradient updates in the AdamW opti-
mizer, and the 128-dimensional LSTM unit effectively cap-
tures temporal dependencies. The 64- dimensional attention
mechanism enhances focus on key seasonal features, and a
dropout rate of 0.3 effectively mitigates overfitting. A batch
size of 64 strikes a balance between training efficiency and
gradient stability.

It should be noted that the RMSE used in the Bayesian
hyperparameter optimization process (Figure 3) in this study
is calculated in the normalized data space, and its value (e.g.,
0.28) is only used as a relative indicator to guide parameter
search and does not have actual units. However, in the
final performance evaluation of the model, all RMSEs are
calculated in the original units (hundred million CNY) after
inverse normalization, reflecting the true scale of prediction
error. To improve model generalization and training stability,
the learning rate schedule uses Cosine Annealing Warm
Restarts. Dropout is applied to the LSTM layer output and
the attention context vector. Xavier Uniform is used for
LSTM weight initialization, and Kaiming Normal is used
for attention parameters.

To evaluate the model’s sensitivity to hyperparameter con-
figuration, we performed local perturbation analysis around
the optimal values determined by Bayesian optimization.
When the learning rate varied within the range of [2.0 ×
10−4, 5.0 × 10−4], LSTM hidden units within [96, 160],
and attention dimension within [48, 80], the performance

degradation on the test set was controlled within 2.3%.
This demonstrates that the model has good robustness to
these key hyperparameters, and its performance is not highly
dependent on the precise value of any single parameter. This
stability is mainly attributed to the adaptive learning capa-
bility of the AdamW optimizer, appropriate regularization
design, and the good generalization properties of the model
architecture itself.

IV. EXPERIMENT
A. EXPERIMENTAL ENVIRONMENT AND DATA SET
DIVISION METHOD
To ensure reproducibility of experimental results, this study
conducts all experiments using a unified hardware and
software environment, constructing training, validation, and
test sets to ensure the practical relevance and statistical
reliability of model evaluation.

The experiments are conducted on a high-performance
computing server with the following configuration:

GPU (Graphics Processing Unit): NVIDIA GeForce RTX
3090 × 2 (48GB of video memory), used to accelerate
model training and hyperparameter search; CPU (Central
Processing Unit): AMD EPYC 64-core processor, ensuring
data preprocessing and parallel sampling efficiency; Mem-
ory: 256GB, ensuring bottleneck-free large-scale sliding
window data loading; Storage: 2TB, achieving high-speed
I/O read and write.

All experiments are built on the Python ecosystem. Key
dependency libraries and versions are as follows:

Python 3.9.16: Main development environment; PyTorch
2.0.1: Deep learning framework with support for automatic
differentiation and GPU parallelism; Optuna 3.3.0: Bayesian
hyperparameter optimization tool with support for early
stopping and parallel sampling; Scikit-learn 1.3.0: For eval-
uation metric calculation; Pandas 2.0.3 & NumPy 1.24.3:
Data preprocessing and matrix operations; Matplotlib 3.7.2
& Seaborn 0.12.2: Visualization support.

This study constructs independent datasets for each win-
dow length, with the test set uniformly fixed to the last
35 samples. The dataset partitioning statistics are shown in
Table 3.

B. MODEL COMPARISON INFORMATION AND
EVALUATION INDICATORS
To comprehensively evaluate the predictive performance and
generalization capabilities of the proposed model, this study
selects seven representative advanced models in the current
field of time series forecasting as benchmarks to ensure the
cutting-edge nature and fairness of the comparative experi-
ment. Table 4 shows the model comparison information.

To ensure fairness in the comparative experiments, all
baseline models were configured within the hyperparameter
range recommended by their original authors and used the
same training, validation, and test set partitioning as this
study. For models without explicitly recommended values
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FIGURE 3. Bayesian optimization convergence curve

TABLE 3. Dataset partition statistics

Window (quarterly) Total sample Training set Validation set Test set Test data time range

1 95 50 10 35 2016Q2–2024Q4
2 94 49 10 35 2016Q2–2024Q4
3 93 48 10 35 2016Q2–2024Q4
4 92 47 10 35 2016Q2–2024Q4

TABLE 4. Model comparison information

Model Type Core features

FEDformer Frequency domain enhanced transformer Reducing attention complexity through Fourier/wavelet enhancement, suitable for long sequences
TFT Explainable temporal network Integrating static/dynamic variables with gated attention, supporting multi-source heterogeneous

features
Informer Long sequence prediction Transformer ProbSparse self attention+distillation mechanism reduces memory overhead
Autoformer Autocorrelated Mechanism Transformer Replacing attention with temporal autocorrelation to enhance periodic pattern modeling
TimesNet Multi period temporal network Capturing multi-scale periods (day/week/year) based on tensor decomposition
PatchTST Time series block linear model Block the sequence and input it into a linear layer, challenging the assumption of “complex

nonlinear necessity”
Prophet Additive statistical model Facebook open source, based on trend+season+holiday components
BiLSTM-Att+PE This paper model Bidirectional LSTM+Bahdanau attention+learnable positional encoding

(such as LSTM and BiLSTM), grid search was used to fine-
tune the hyperparameters within reasonable ranges (e.g.,
number of hidden units {64, 128, 256}, learning rate [1e-
5, 1e-3], batch size {32, 64, 128}), and the configuration
with the best performance on the validation set was selected.
Furthermore, all models were trained and tested using the
same input window length (T=2) and without introducing
future information. The Bayesian optimization used in this
study only applies to the structural hyperparameters of
the BiLSTM-Att+PE model itself and does not affect the
fairness between the comparative models.

To quantify the prediction accuracy and stability of the
model in multiple dimensions, this study uses the following
four widely recognized regression evaluation indicators.
RMSE measures the standard deviation between the pre-
dicted value and the true value and is sensitive to large
errors. The formula is:

RMSE =

√√√√ 1

N

N∑
i=1

(yi − ŷi)2 (20)

In formula (20), N is the total number of samples in the
test set. MAE (Mean Absolute Error) measures the absolute
average of the prediction error and is more robust to outliers
than RMSE:

MAE =
1

N

N∑
i=1

|yi − ŷi| (21)

MAPE (Mean Absolute Percentage Error) measures the
percentage of prediction error relative to the true value. The
formula is:
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MAPE =
100%

N

N∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣ (22)

The coefficient of determination R2 measures the pro-
portion of variance explained by the model. The closer the
value is to 1, the better the fit:

R2 = 1−
∑N

i=1(yi − ŷi)
2∑N

i=1(yi − ȳ)2
(23)

V. RESULTS
A. WINDOW LENGTH SENSITIVITY
The results of the impact of different windows on tourism
consumption prediction performance are shown in Figure 4.

Furthermore, compared to longer windows, it avoids
interference from distant pre-pandemic data, ensuring the

A sensitivity analysis of window lengths shows that a two-
quarter window exhibits optimal forecasting performance.
The BiLSTM-Att+PE model achieves the best performance 

with an RMSE of 21.3 billion CNY and an R2 of 0.962 us-
ing a two-quarter window. This is due to its accurate capture 

of medium-term time series patterns. A two-quarter window 

preserves the dynamic characteristics of recent consumer 

behavior while capturing semi-annual seasonal fluctuations,
effectively balancing the conflict between filtering out short-
term noise and identifying long-term trends. Compared to 

the limited historical information of a one-quarter window,
a two-quarter window provides sufficient context to identify 

signs of a consumer recovery.

model’s adaptability to the current economic environment.
RMSE performance exhibits a distinct inverted U-shaped

distribution as the window length changes. When the win-
dow length increases from 1 to 2 quarters, the RMSE of
all models decreases, primarily due to the enhanced pat-
tern recognition capabilities of richer temporal information.
However, when the window length increases further to 3-
4 quarters, performance degrades, and the average RMSE
increases. The BiLSTM-Att+PE model proposed in this
paper demonstrates significant architectural advantages. It
maintains optimal performance under all window settings.
The bidirectional LSTM structure effectively integrates past
and future contextual information, enhancing the accuracy
of local pattern modeling; the synergistic effect of the
attention mechanism and positional encoding improves the
representation of seasonal structure. In particular, with the
optimal 2-quarter window, the model is able to capture
the recovery of retaliatory consumption trends since 2023,
demonstrating its strong robustness in complex economic
environments.

Furthermore, compared to longer windows (such as T=3
or T=4), the two-quarter window retains sufficient historical
information while avoiding a significant reduction in the
number of training samples due to increased window size,
thus improving the model’s training stability and generaliza-
tion ability under small sample conditions. Simultaneously,

this window effectively filters out interference from long-
term data with significant pre-pandemic structural differ-
ences in modeling current consumption patterns, enhancing
the model’s adaptability to the recent economic environ-
ment.

TABLE 5. Performance Comparison of Different Window Lengths on the Test

To systematically evaluate the impact of historical win-
dow length on prediction performance and provide empirical 

support for selecting T=2 quarters as the optimal window,
this paper compares the key performance indicators of the 

BiLSTM-Att+PE model under different window lengths 

(T=1, 2, 3, 4) on the test set. The results are shown in 

Table 5. The data shows that the T=2 window achieves the 

best results in both RMSE and R2, verifying its ability to 

effectively capture semi-annual seasonal fluctuations while 

preserving recent dynamic features, thus achieving a bal-
ance between short-term noise filtering and long-term trend 

identification.

Set

Window length (quarter) RMSE R2

1 24.5 0.938
2 21.3 0.962
3 23.1 0.948
4 25.8 0.927

B. PREDICTION CURVES UNDER DIFFERENT
WINDOWS
By observing the difference between the predicted curve and
the actual curve, the performance under different windows
can be intuitively judged. The results are shown in Figure
5.

A two-quarter window length exhibits the best forecast-
ing performance. The BiLSTM-Att+PE model achieves the
lowest error with a two-quarter window, primarily due to
its ability to accurately capture medium-term time series
patterns. The two-quarter window effectively preserves the
dynamic characteristics of recent consumer behavior while
fully capturing semi-annual seasonal fluctuations, achieving
an optimal balance between short-term noise filtering and
long-term trend identification. Compared to the limited
historical information of a one-quarter window, the two-
quarter window provides a richer context for identifying
consumer recovery trends. Compared to longer windows,
it successfully avoids interference from pre-pandemic struc-
turally differentiated data, ensuring the model’s adaptability
to the current economic environment. Under the optimal
two-quarter window configuration, the Bahdanau attention
mechanism effectively distinguishes the importance weights
of different time steps. Learnable positional encoding further
enhances the model’s understanding of seasonal semantics,
enabling it to accurately identify seasonally differentiated
impact patterns. When the window is too long, the distri-
bution of attention weights becomes dispersed, reducing the
model’s ability to focus on key time steps. This explains, at
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FIGURE 4. Impact of window on tourism consumption forecasting performance. Figure 4(a) Window length 1 quarter; Figure 4(b)
Window length 2 quarters; Figure 4(c) Window length 3 quarters; Figure 4(d) Window length 4 quarters

Note: All performance metrics reported in this study were evaluated on the final reserved test set after the model training was
completed, without any involvement in training or hyperparameter optimization.

FIGURE 5. Comparison of predicted and true curves. Figure 5(a) Window length 1 quarter; Figure 5(b) Window length 2 quarters;
Figure 5(c) Window length 3 quarters; Figure 5(d) Window length 4 quarters

a mechanistic level, the underlying reason for the decline in
forecasting performance under a four-quarter window.

The BiLSTM-Att+PE model architecture demonstrates
significant competitive advantages. It maintains optimal
performance across all window settings. The bidirectional
LSTM structure effectively integrates past and future con-
textual information, enhancing the accuracy of modeling
local consumption patterns. The synergistic effect of the
attention mechanism and positional encoding improves the
representation of seasonal structure. Therefore, this paper
selects a two-quarter window length as its window length.

C. BAHDANAU ATTENTION WEIGHT VISUALIZATION
Bahdanau Attention weight analysis can reveal the model’s
attention patterns across historical time steps, verify whether
it accurately captures seasonal patterns and the impact of
sudden events, and enhance the model’s interpretability. A
visualization of the Bahdanau Attention weights is shown
in Figure 6.

The attention weight heatmap in Figure 6 fully verifies
the model’s ability to accurately model the dynamics of

tourism consumption. The weights systematically increase
in Q1/Q4, indicating that the model successfully identifies
Spring Festival and National Day as core consumption
pulses, demonstrating a semantic understanding of seasonal
structure. The weights are generally lowered from 2020
to 2022, reflecting the model’s adaptive shielding against
pandemic disruptions, preventing outliers from disrupting
forecast stability. The weight rises sharply to 0.801 in Q3
2023, confirming the model’s keen capture of the structural
shift of "revenge tourism" and highlighting its ability to re-
spond to non-steady-state events. The lower average weights
in Q2/Q3 suggest that the model learns that consumption
patterns are stable and information gain is limited during
non-major holidays, thereby optimizing the allocation of
attention resources.

D. OVERALL MODEL PERFORMANCE
The performance of different models in the test set is
compared, and the results are shown in Figure 7.

The BiLSTM-Att+PE model outperforms the compari-
son models across all evaluation metrics. The proposed
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FIGURE 6. Bahdanau Attention weight visualization

FIGURE 7. Model performance comparison

Note: All performance metrics reported in this study were evaluated on the final reserved test set after the model training was
completed, without any involvement in training or hyperparameter optimization.

model achieves a maximum error of 2.92 billion CNY,
a mean absolute error of 2.01 billion CNY, and a mean
absolute percentage error of 9.2%. PatchTST, the second-
best model, achieves performance of 3.41 billion CNY,
2.59 billion CNY, and 12.1% in each metric, while the
traditional Prophet model performs relatively poorly. This
performance distribution demonstrates that deep learning
models generally outperform traditional statistical methods,
and the proposed fusion architecture demonstrates signifi-
cant advantages within deep learning models, particularly
its breakthrough performance in the MAPE metric, vali-
dating the model’s effectiveness and practicality in tourism
consumption forecasting. It should be noted that MAPE
is the average of the relative errors of all samples in the
test set, and its magnitude is significantly affected by the
base amount of consumption. Tourism consumption in this
data exhibits strong seasonality. Under the same absolute
error, the relative error is larger in the off-season; therefore,
the overall MAPE (9.2%) will be higher than the error
rate calculated based solely on the peak season. This result
reflects the predictive stability of the model across the

entire seasonal range and is consistent with the actual data
distribution characteristics.

The outstanding performance of the BiLSTM-Att+PE
model stems from its multi-module collaborative architec-
ture design. The bidirectional LSTM layer captures temporal
dependencies in both forward and backward directions,
effectively integrating past and future contextual information
and enhancing local pattern recognition capabilities. The
Bahdanau attention mechanism enables the model to adap-
tively focus on the historical time steps that have the greatest
impact on predictions through dynamic weight allocation,
performing particularly well during seasonal peaks and
emergencies. The application of learnable position encoding
solves the problem of the traditional attention mechanism’s
lack of sensitivity to temporal order, and improves the accu-
racy of modeling dynamic seasonal structures through end-
to-end optimization of learning quarterly semantic informa-
tion. This architecture performed particularly well during
the epidemic, with the attention mechanism successfully
identifying abnormal fluctuation patterns, while the position
encoding ensured the continuous learning of seasonal pat-
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terns. The synergy of multiple modules enables the model to
capture long-term trends while quickly responding to short-
term fluctuations, achieving an optimal balance between
accuracy and robustness.

To comprehensively evaluate the effectiveness of the pro-
posed BiLSTM-Att+PE model, this paper compares it with
a series of representative time series forecasting benchmark
models on a test set, including traditional statistical models
(SARIMA, Prophet), standard deep learning models (LSTM,
BiLSTM), and advanced models proposed in recent years
(FEDformer, TFT, etc.). Table 6 presents a more extensive
comparison.

TABLE 6. Comparison Results

Model R2 Model R2

SARIMA 0.841 FEDformer 0.943
Prophet 0.869 TFT 0.947
LSTM 0.901 PatchTST 0.953
BiLSTM 0.932 BiLSTM-Att+PE 0.962

As shown in Table 6, the proposed BiLSTM-Att+PE 

model achieves an R2 score of 0.962, significantly outper- 
forming all benchmark models. Traditional models (such 

as SARIMA and Prophet) are insufficient in capturing 

the nonlinear and complex event-driven characteristics of 

tourism consumption; standard LSTM is limited in per-
formance due to its unidirectional structure and lack of 

attention mechanism; although modern Transformer variants 

such as FEDformer perform well in long-sequence predic-
tion, their complex structure is prone to overfitting on the 

medium-sized dataset in this study. The results show that 

the architecture in this paper, which integrates bidirectional 

context modeling, dynamic attention, and seasonal location 

encoding, achieves both high accuracy and strong robustness 

in tourism consumption prediction tasks.

Figure 8 reveals the model’s ability to model the differ-

E. SEASONAL FORECAST PERFORMANCE
Analyzing the differences in forecasts across different sea-
sons reveals the model’s ability to capture seasonal patterns.
PCC (Pearson Correlation Coefficient) and R2 are used to 

assess forecast bias and verify the effectiveness of dynamic 

modeling. Figure 8 shows the forecast performance for 

different seasons.

entiated seasonal structure of tourism consumption.

the model maintains its leading position, its potential for im-
provement is limited by inherent data noise. Q3 performance
is robust (PCC=0.970, R2=0.955), validating the model’s
effective generalization to the combined "student flow +
family travel" model. This discrepancy confirms the hetero-
geneous dynamics of tourism consumption, characterized
by "pulse-dominated" consumption and stable off-season
behavior. The model requires seasonal adaptive focusing

In Q1 and Q4, the proposed model achieves PCC and R2
 

of 0.980/0.961 and 0.990/0.982, respectively, outperforming 

the comparison model. This demonstrates that, through 

positional encoding and the Bahdanau attention mechanism,
it accurately identifies pre-holiday consumption spikes and 

cross-seasonal semantic associations, achieving high-fidelity 

prediction of strong seasonal peaks. In contrast, performance 

declines in Q2 (PCC=0.950, R2=0.940), reflecting the lack 

of clear driving events during this period and the greater 

influence of random factors on consumption patterns. While

rather than homogenization.

FIGURE 8. Forecast performance in different seasons. Figure 8(a) Season 1
(January-March); Figure 8(b) Season 2 (April-June); Figure 8(c) Season 3

(July-September); Figure 8(d) Season 4 (October-December)

F. ABLATION EXPERIMENT
Ablation experiments quantify the contribution of each
module, verifying the incremental performance improve-
ments of the bidirectional structure, attention mechanism,
and positional encoding, eliminating redundant designs and
confirming the necessity of model components. The results

From a model comparison perspective, the proposed ar-
chitecture consistently leads across all quarters, particularly 

in Q4 (R2=0.982), where it achieves a 0.032 improve-
ment over the next-best model (TimesNet, R2=0.950). This 

demonstrates the positional encoding’s ability to discrimi-
nate semantic information related to the "year-end consump-
tion spurt combined with the long-tail effect of National 

Day." Traditional models such as Prophet performed poorly 

in Q2/Q3, as their additive seasonal component struggles to 

capture non-stationary events. While the lightweight model 

PatchTST performs reasonably well in Q2, it lags behind 

during the peak seasons of Q1/Q4, exposing its limitations 

in modeling structural changes. The proposed model utilizes 

BiLSTM to capture local trends, dynamically weighted 

attention on key historical steps, and positional encoding 

to reinforce seasonal semantics. These three elements work 

together to accurately predict tourism consumption across 

different seasons.

of the ablation experiments are shown in Table 7.
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TABLE 7. Ablation experiment results

Model BiLSTM Att PE RMSE (Billion CNY) R2

LSTM × × × 29.1 0.901
BiLSTM ✓ × × 26.9 0.932
BiLSTM-Att ✓ ✓ × 22.9 0.953
BiLSTM-Att+PE ✓ ✓ ✓ 21.3 0.962

Note: Att is Bahdanau Attention; PE is learnable position encoding

VI. CONCLUSION
This study constructs a consumption forecasting model that
integrates BiLSTM to capture bidirectional temporal depen-
dencies, Bahdanau attention for dynamically weighting key
time steps, and learnable position encoding for incorporating
explicit seasonal semantics; this powerful architecture is de-
signed to be universally applicable, offering high-precision
time series analysis for both tourism consumption and
complex demand forecasting challenges in the industry. The
bidirectional LSTM encoder integrates historical and future
contextual information to enhance local pattern modeling.
The attention mechanism dynamically assigns weights to
focus on key time steps. The position encoding explicitly

Ablation experiment results systematically reveal the in-
cremental contribution of each module to model perfor-
mance, fully validating the necessity and synergistic effects 

of the architectural design. While the basic LSTM model 

(RMSE=29.1 (Billion CNY), R2=0.901) possesses time se-
ries modeling capabilities, its unidirectional structure fails to 

capture the bidirectional semantics of pre-holiday consump-
tion surges and post-holiday declines, resulting in a delayed 

response to major holiday impulse events. The application 

of a bidirectional LSTM (RMSE decreased to 26.9 (Billion 

CNY), and R2 increased to 0.932) effectively incorporates 

local context by concatenating forward and backward hidden 

states, improving the accuracy of capturing intra-quarter 

trend transitions. Furthermore, the addition of the Bah-
danau attention mechanism enhances the model’s dynamic 

focusing capability, adaptively weighting key historical time 

steps—for example, reducing the weight of outliers during 

the pandemic period and enhancing consumption trigger 

signals during the pre-holiday quarter—thus maintaining 

robustness to non-stationary events. The application of 

learnable positional encoding (RMSE decreased to 21.3 

billion CNY and R2 increased to 0.962) is a relatively small 

improvement, but its role is crucial: it explicitly injects 

time-step information, enabling the model to distinguish 

semantic differences between seasons and avoiding attention 

distraction caused by positional ambiguity in long windows.
Ablation analysis clearly demonstrates that the bidirectional 

structure lays the foundation for time-series understanding,
the attention mechanism enables dynamic focusing, and the 

positional encoding strengthens seasonal semantic localiza-
tion. These three essential elements together form a high-
precision, strongly interpretable, and perturbation-resistant 

tourism consumption prediction framework.

injects temporal semantics to improve seasonal structure

The BiLSTM-Att+PE model constructed in this study
demonstrates excellent predictive performance on data from
a single province, and its architectural design (such as
the modeling mechanisms for seasonal structures, holiday
pulses, and external shocks) shows potential for general ap-
plicability. However, due to differences in tourism economic
structures, consumption habits, and seasonal patterns across
different provinces, directly transferring this model to other
provinces without retraining or fine-tuning may affect its

discrimination. The model employs a multi-scale sliding 

window strategy to systematically analyze the impact of 

historical length and automatically searches for hyperparam-
eters using Bayesian optimization to ensure optimal archi-
tecture and training. Error analysis of data partitioned into 

four windows led to the selection of a two-quarter window 

dataset. The results show that BiLSTM-Att+PE achieves 

an R2=0.962 in a two-quarter window, outperforming com-
peting models. Attention weight visualization reveals that 

the model accurately identifies Q1/Q4 consumption spikes 

and epidemic perturbations. Ablation experiments confirm 

that the bidirectional architecture, attention, and position 

encoding all contribute significantly to performance im-
provements. The proposed model achieves an R2 of 0.982 

in Q4 forecasts, highlighting its high-fidelity forecasting 

capabilities for periods with strong seasonality. This model 

combines high accuracy, strong interpretability, and robust-
ness to interference, providing reliable technical support 

not only for tourism consumption forecasting but also for 

demand prediction in the industry, where it can enhance 

inventory optimization and agile supply chain management 

by reliably handling market volatility and external shocks.

predictive reliability.
It is recommended that a transfer learning strategy be

adopted for practical cross-regional applications, using a
small amount of data from the target region for model fine-
tuning to adapt to its unique data distribution.

This would maintain the core architectural advantages
of the model while ensuring its predictive accuracy and
robustness in new scenarios. Future research could further
validate the model’s transferability across different regions.
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