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Spatio-temporal epidemic
forecasting using mobility data
with LSTM networks and attention
mechanism

Shihu Jiao!, Yu Wang?, XiucaiYe'*?, Larry Nagahara? & Tetsuya Sakurai'

The outbreak of infectious diseases can have profound impacts on socio-economic balances globally.
Accurate short-term forecasting of infectious diseases is crucial for policymakers and healthcare
systems. This study proposes a novel deep learning approach for short-term forecasting of infectious
disease trends, using COVID-19 confirmed cases and hospitalizations in Japan as a case study. This
method provides weekly updates and forecasts outcomes over 1-4 weeks. The proposed model
combines long short-term memory (LSTM) networks and multi-head attention mechanism strengths
and is trained on public data sourced from open-access platforms. We conduct a comprehensive and
rigorous evaluation of the performance of our model. We assess its weekly predictive capabilities
over a long period of time by employing multiple error metrics. Furthermore, we carefully explore
how the performance of the model varies over time and across geographical locations. The results
demonstrate that the proposed model outperforms baseline approaches, particularly in short-term
forecasts, achieving lower error rates across multiple metrics. Additionally, the inclusion of mobility
data improves the predictive accuracy of the model, especially for longer-term forecasts, by capturing
spatio-temporal dynamics more effectively. The proposed model has the potential to assist in decision-
making processes, help develop strategies for controlling the spread of infectious diseases, and
mitigate the pandemic’s impact.
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Since the early 21st century, the world has witnessed several outbreaks of infectious diseases, such as severe
acute respiratory syndrome (SARS), Middle East respiratory syndrome coronavirus (MERS-CoV), and most
recently coronavirus disease 2019 (COVID-19), all posing significant threats to human health and severely
impacting global socio-economic structures'™. These pandemics bring fear and uncertainty to the social
sphere, leading to significant changes in human behavior and social dynamics. Measures like lockdowns, social
distancing, and travel restrictions have reshaped how people interact, work, and engage in social activities®.
Additionally, hospitals are facing overwhelming numbers of patients, shortages of medical supplies and
exhausted medical staff. Meanwhile, prioritizing the management of these diseases leads to deprioritization or
delay of noncommunicable disease healthcare services, such as routine checkups, elective surgeries, and disease
prevention programs, potentially leading to long-term health consequences®”.

Given the profound impacts of infectious diseases, it becomes clear that developing predictive models to
forecast the pandemic’s progression is not just beneficial but essential®’. By forecasting the spread of the virus,
the number of cases, and hospitalizations, policymakers can effectively allocate resources, implement targeted
interventions, and develop evidence-based policies!®. Furthermore, the ability to forecast infectious disease
trends aids in scenario planning and enhances preparedness for potential future outbreaks. Reliable forecasts
facilitate timely decision-making, allowing for proactive measures to mitigate the socio-economic and public
health consequences of the pandemic!'2.

Researchers have applied a variety of methods to generate short-term infectious disease forecasts, ranging
from traditional statistical methods to more advanced machine learning approaches. Traditional methods, such
as auto-regressive integrated moving average (ARIMA)'3, have been widely used for capturing linear trends and
seasonal patterns in time series data. However, these methods often face challenges when dealing with non-
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linear relationships and complex temporal dynamics. Alternative approaches include statistical models, such
as decision trees'* and deep learning frameworks!. These methods are flexible to incorporate various potential
variables and are highly dependent on the quality and availability of input data. Many studies have also explored
the use of ensemble models, which combine multiple methods to integrate predictions from various approaches!®.
However, these models often require substantial computational resources and can reduce the interpretability of
individual model contributions. Among these techniques, long short-term memory (LSTM) networks stand
out for their proficiency in processing time series data!’-!°. Nevertheless, faced with an unprecedented global
challenge like COVID-19, these traditional epidemic prediction models have many limitations, especially
in capturing and understanding the complex dynamics of how the epidemic changes over time in different
regionszo‘zz. Advanced techniques, such as Transformer architectures and attention mechanisms, could be
further explored to develop more effective forecasting models. Furthermore, previous research has shown that
human mobility is crucial in disease transmission dynamics, with mobility patterns serving both as an indicator
of public activity and as a measure of the effectiveness of social distancing?’. Despite its potential, there has been
limited systematic research on integrating mobility data into these advanced deep learning-based forecasting
frameworks. In this study, we introduce an advanced deep learning framework designed to more accurately
capture the spatiotemporal variability of health outcomes during disease outbreaks, as shown in Fig. 1. Unlike
traditional models, our approach integrates LSTM networks with a Transformer-based attention mechanism
to better capture temporal dependencies in disease transmission. Additionally, we try to systematically assess
the role of mobility data in enhancing forecasting accuracy of the proposed framework across different regions.
Focusing on COVID-19 as a case study, our model offers forecasts for cases and hospitalizations across all
prefectures in Japan. It integrates epidemiological data and mobility patterns to improve prediction accuracy,
with forecasting windows ranging from 1 to 4 weeks. The results demonstrate that the integration of mobility as a
variable for model training enhances predictive performance. We rigorously evaluated the model’s performance
using multiple error metrics, considering different periods and regions. This could assist policymakers in
implementing timely actions to alleviate the pandemic’s severity and more efficiently manage healthcare
resources (such as medical personnel, ICU beds, and medical supplies) during crises*.

Methods

Dataset description

Using daily time-series data from Japan, we focus on prefecture-level data modeling and analysis. We collected
raw time series data across all 47 prefectures of Japan between December 6, 2020 and October 16, 2021 (Fig. S1
shows the map of Japan). We only include data up to the end of 2021 because the emergence and dominance of
the Omicron variant significantly changed the dynamics of the pandemic. Additionally, many regions began to
relax COVID-19 restrictions, and changes in reporting practices resulted in the discontinuation or inconsistency
of high-quality key data for model training and evaluation. This study focuses on three variables: COVID-19
confirmed case data, hospitalization data, and Google mobility data. The case and hospitalization data were

Prefecture-level data

Pre-processing batching Model architecture 1 Evaluation

Hospitalization Case

Mobility

Time

Pi. [ — |
p{<t> le<4> Y e

P pUe>

pra<t> P]m:nob

—-»>

(1)<1> (1)<e>
B R

RUKD Pi‘[1<4>

(n-3)<1 (n=
pI>  pln-ce>

(1)<1> (1)<4>
7 P

<i> 7 Lif<as
b7 Pi7 e
(n-3)<1>  pln-3)<a>
Pz Pz

wl

w2
w3

R LR R DR
w
a
&
4
=}
g
<
)
b

>

Fig. 1. Overall workflow of proposed deep learning based methods for estimating prefecture-level COVID-19
pandemic in Japan.
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obtained by collecting the daily count of confirmed cases and daily count of COVID-19 patients admitted to
hospitals in each prefecture from the Ministry of Health, Labour and Welfare (MHLW) (https://www.mhlw.go.j
p/stf/covid-19/open-data.html). Additionally, the proposed model considers public mobility information, which
offers insights into people’s movement patterns in different locations. The Google mobility reports will be used
to extract mobility statistics categorized by location and type of place, including “retail & recreation,” “grocery &
pharmacy;” “parks,” “transit stations,” “workplaces,” and “residential” Mobility data were obtained from Google
mobility reports (https://www.google.com/covid19/mobility). These categories were treated as input features
and integrated with the confirmed case and hospitalization data to capture the relationship between mobility
patterns and COVID-19 dynamics.

Based on the epidemiological calendar, we computed the total number of confirmed cases and hospitalizations
in all prefectures each week, starting on Sunday and ending on Saturday. We chose not to use daily data due to its
higher noise level than weekly aggregated data. For each prefecture, we have 45 weeks of data. The final 12 weeks
of the time series for all prefectures, covering the entire last pandemic wave, were reserved for testing and not
used during training. Consequently, our model was trained using the initial 33 weeks of data. As in the previous
study, we utilized a window size of four to create the feature vectors and labels for each time series?!. We then
shuffled the feature vectors derived from the time series of all sub-populations, generating a comprehensive set
of feature vectors. Next, we randomly allocated 70% of these vectors for training while reserving the remaining
30% for validation purposes.

Model overview

Previous research has shown that the transmission patterns of infectious diseases, such as COVID-19, are
complex and dynamic over time, making accurate forecasting of disease dynamics a challenging task. To address
this, developing a robust predictive modeling framework that considers the intricate interactions between
various factors influencing transmission dynamics is crucial. Additionally, the framework must consider the
uncertainty surrounding the timing and impact of these factors on observed transmission dynamics. We can
enhance the accuracy and reliability of near-term disease forecasting by carefully selecting relevant input data
streams and employing advanced modeling techniques. Given these challenges, we present a novel multi-stage
deep learning framework. This framework leverages the initial first-stage prediction, based on the past three
weeks of data, to forecast the subsequent week and iteratively applies this approach to predict further into the
future. This paper focuses on 4-stage horizon forecasting (e.g., four-week ahead forecast). The framework is
designed to predict three key variables: confirmed cases, hospitalizations, and mobility data.

As shown in Fig. 1, the model architecture begins with an LSTM layer, which has a layer with 64 neurons. The
LSTM layer utilizes long short-term memory units to capture temporal dependencies in the input data. These
units enable the model to learn patterns and trends in the time series data. Following the LSTM layer, we utilize
a transformer encoder layer. The transformer encoder is responsible for attending to and aggregating relevant
information from the input sequence. The transformer architecture is based on self-attention mechanisms,
which allow the model to capture global dependencies in the data. This layer helps the model capture complex
interactions between the factors affecting transmission dynamics. After the transformer encoder layer, there is
a fully connected layer with 32 neurons. This layer serves as an intermediate step before the final prediction.
It allows the model to process the encoded representations further and extract relevant features. We include
a dropout layer after the fully connected layer to avoid overfitting. This layer helps prevent the model from
relying too heavily on certain input features, promoting more robust generalization and preventing overfitting.
The models were implemented using the PyTorch 2.2.0 package. The coding process took place in the Google
Colaboratory environment, which provided GPU accelerators and a high-RAM runtime shape to enhance
computational efficiency. A batch size of 512 was used to train the models, along with the Adam optimizer
with a learning rate of 0.001. The models were trained for 300 epochs, utilizing the Huber loss function as the
optimization criterion.

Model evaluation

In our comprehensive assessment of the model’s performance, we employed a rigorous evaluation framework.
Our evaluation spans a significant period of 12 weeks from July 25 2021 to October 16 2021, allowing us to
capture a wide range of epidemiological weeks and assess the model’s performance over different pandemic
stages. The model generates predictions for a 4-week horizon at each evaluation step using an autoregressive
approach, where previously predicted values are iteratively used as inputs for subsequent predictions. After each
4-week forecast, the input data is shifted forward by one week, and the process repeats. We then collected all
the predictions for the first, second, third, and fourth weeks separately and compute the evaluation metrics
accordingly. As a result, the 12-week evaluation period can generate 9 evaluation steps. For the assessment, we
mainly used the mean absolute percentage error (MAPE), which is commonly used in related studies. However,
MAPE has some limitations. When the true value is close to zero, MAPE will produce disproportionately large
and unstable errors. In addition, MAPE is sensitive to extreme values and noise, which may distort the results,
especially in datasets with significant outliers or small values. Therefore, we also employed two other commonly
used metrics: root mean squared error (RMSE) and coefficient of determination (R*). RMSE estimates the
average squared difference between the predicted and actual values, measuring the consistency of model
predictions with observations. On the other hand, R? evaluates how well our model fits the data, and the closer
the value is to 1, the better the model performance. All of these metrics offer different perspectives on the model’s
performance and help us evaluate its accuracy, reliability, and overall fit effectiveness. The calculation formulas
for these evaluation metrics are as follows:
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where T is the sample size, A; is the ¢ th actual value, and P; is the i th predicted value. Additionally, S\Sres
is the residual sum of squares and S.S¢o: is the total sum of squares.

Results

Comparison of model architectures

Our first goal was to assess the influence of incorporating mobility data on prediction performance. To address
this question, we developed two models with distinct specifications. Model 1 utilized time series data for two
variables: new confirmed cases and hospitalizations. In contrast, Model 2 incorporated additional features derived
from mobility data. Figure 2 compares the box plots of MAPE and R? distributions for the two models over four
forecast horizons (i.e., 1-4 weeks). A comparison of RMSE values is also provided in Supplementary Figure S2.
Regarding MAPE, Model 1 and Model 2 exhibit similar trends in predicting both cases and hospitalizations. It
is evident that both methods perform well on shorter time frames; however, as the prediction period extends,
there is a noticeable increase in the MAPE values, indicating a decline in model performance. For the first
week of forecasting, Model 1 performed slightly better than Model 2. For the following three weeks, it can
be observed that Model 2, which incorporates mobility as a predictor, achieves a lower median and variance
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Fig. 2. A and C compare the performance of Model 1 and Model 2 in cases prediction using MAPE and R?,
respectively. B and D make a similar comparison for hospitalization prediction. The green bars are the error
distributions for Model 1 (without mobility as a predictor), and the yellow bar are the error distributions for
the Model 2 (with mobility as a predictor). The y-axis ranges differ across the plots to ensure the clarity and
distinguishability of the data distribution.

Scientific Reports | (2025) 15:9603 | https://doi.org/10.1038/s41598-025-94089-9 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

MAPE (Cases Prediction)

MAPE (Hospitalization Prediction)

p e

/“t
p

in MAPE for predicting cases and hospitalizations compared to Model 1, which does not consider mobility.
Including population mobility in the model enhances its performance, particularly when forecasting over a
longer time horizon. This trend is even more pronounced for the box plot of R% Model 2 demonstrates more
stable performance over time, demonstrating its robustness to variations across different periods. Model 2
also consistently achieves lower RMSE scores across all weeks (Supplementary Figure S2), suggesting that its
predictions are more accurate and that mobility data contributes positively to its performance. These observed
improvements in prediction performance can be attributed to the additional insights from mobility data. To
further validate the impact of mobility data on model performance, we conducted an additional experiment by
systematically removing individual mobility features (e.g., ‘retail and recreation; ‘grocery and pharmacy, ‘parks;,
‘transit stations, ‘workplaces, and ‘residential’). As shown in Figure S3, removing any feature generally led to an
increase in MAPE, especially in longer-term forecasts. Therefore, our final model includes all mobility features.

To further evaluate the effectiveness of introducing the Transformer architecture into our model for pandemic
prediction, we developed an additional model (Model 3) for comparison. Model 3 utilized two LSTM layers while
keeping other configurations the same as Model 2. Table S1 presents the mean MAPE values for Models 2 and
3 over four forecast horizons. For case predictions, Model 2 achieved lower MAPE values, especially at longer
forecast horizons. Similarly, for hospitalization predictions, Model 2 outperformed Model 3, showing lower
error rates across all weeks. This indicates that the Transformer-based model provides more accurate predictions
than the LSTM-based model, demonstrating its robustness in different forecasting scenarios. Although both
models benefit from the inclusion of mobility data, the superior performance of Model 2 can be attributed
to the capabilities of the Transformer architecture. Transformers are particularly adept at capturing long-term
dependencies and complex interactions within the data due to their self-attention mechanism, which allows the
model to focus on different parts of the data simultaneously. This makes Model 2 more effective in handling the
temporal dynamics and intricate relationships that characterize pandemic spread.

Model performance across prefectures

The deep-learning-based forecasting methodology utilized in our study is constructed upon prefecture-level
COVID-19 data, facilitating an investigation into spatial variations in predictive performance. Figure 3 illustrates
the geographical distribution of MAPE values across different prefectures, showing the disparities in forecast
accuracy. The accuracies are computed over four forecast horizons. The color scales indicate the magnitude of
the error. The deeper color corresponds to a more significant error.

The performance of the predictive models for both COVID-19 cases and hospitalizations demonstrates
specific common patterns across all prefectures. One common observation is the increasing MAPE over forecast
horizons. On the one hand, when predictions are used instead of actual observations, the recursive approach can
cause the accumulation of prediction errors. This can lead to a decline in performance, especially as the forecast
period becomes longer. On the other hand, various factors, such as changes in the spread of the virus, evolving
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Fig. 3. A and B show the model performances for specific prefectures for one-to-four week ahead predictions
of cases and hospitalizations, respectively, as measured by the MAPE. The color scales represent the magnitude
of the error metric; the deeper color corresponds to larger error. The color scale ranges differ across the figures
to ensure clarity and distinguishability of the error distribution. All maps were generated using the Japanmap
package (version 0.0.24) [https://github.com/SaitoTsutomu/japanmap].
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testing strategies, or unpredictable events, could also lead to a decrease in prediction accuracy over time. From
a spatial perspective, the models’ accuracy shows noticeable differences across prefectures. Some areas, namely
Kanagawa, Osaka, Aichi, Saitama, and Chiba, consistently present lower MAPE and RMSE values, indicating
more precise case and hospitalization predictions. On the contrary, other prefectures such as Miyagi, Iwate,
Fukushima, Miyazaki, Tokushima, Yamanashi, Saga, Kagawa, and Kochi show higher error values, signifying
lower prediction accuracy or increased variability. Iwate exhibits consistently high MAPE values across all weeks,
indicating a significant discrepancy in both case and hospitalization predictions. Certain prefectures, including
Miyagi, Fukushima, Miyazaki, and Kagawa, reveal a noticeable escalation in error values from one to four weeks
ahead. This indicates a potential decline in the accuracy of case and hospitalization forecasts. Additionally,
Yamaguchi, Nara, and Kagawa see a sharp rise in MAPE values between three-week ahead prediction and four-
week ahead prediction, denoting a considerable drop in prediction accuracy. Interestingly, some prefectures,
such as Toyama, exhibit a decrease in error values from a three-week ahead prediction to a four-week ahead
prediction. This exciting trend deserves further investigation and analysis in future studies.

We also try to draw some conclusions about the model’s performance based on population size. However,
there are no clear spatial patterns and straightforward relationships between population size and MAPE
variations (Figure S4). To further explore this, we divided the 47 prefectures into two groups using the 75th
percentile of population size (population data from https://www.stat.go.jp/data/jinsui/2019np/index.html). The
results, shown in Fig. 4, indicate that smaller population prefectures often have more outliers, especially in
later stages (W3 and W4). This suggests that over time, smaller prefectures tend to show greater variability and
higher prediction errors. In contrast, larger population prefectures exhibit more consistent model performance.
A potential reason for the higher variability and prediction errors in smaller prefectures could be related to the
noisier quality of mobility data in rural areas. Large metropolitan areas, which are well-monitored, often have
more readily available and accurate foot traffic data, whereas rural areas may suffer from less comprehensive
data coverage.

Visualizing the prediction results

To provide additional evidence of the forecasting capabilities of our models, we visualize the actual and
predicted data for each prefecture in Supplementary Figures S3-S10. We segmented the data according to
different forecast horizons, allowing for a more precise comparison between the predicted and actual trends.
As an example, we display the predictions for Okayama Prefecture in Fig. 5. The actual numbers are in blue,
while our deep learning model’s forecasts are in orange. Figure 5A demonstrates the high accuracy of our one-
week ahead case predictions, with minimal error observed between the predicted and actual case values. The
overlapping of the predicted and actual values at some of the time points further reinforces the effectiveness of
our proposed method. For the 2-4 week forecasts, the predicted line on the left of the peak deviates gradually
from the actual value line. Moreover, the divergence between the predicted line and the actual values on the right
side of the peak becomes significant in the fourth week. The prediction of hospitalization is similar but overall
better than the case prediction (Fig. 5B), with the predicted values usually very close to the actual values. Our
model’s performance varies depending on the phase of the outbreak: it performs less accurately during periods
of rapid increase, but its accuracy improves during periods of rapid decrease. This suggests that our model is
more effective in capturing trends during the decreasing phases of the outbreak and needs enhanced capabilities
during the increasing phases to better manage and respond to the crisis.

Discussion

The results of this study show that mobility data plays a crucial role in improving the predictive performance of
epidemic forecasting models, especially for long-term predictions. This is likely because it captures movement
patterns and population behavior that influence the spread and transmission of the virus, a finding that aligns
with existing research. Our study introduces a novel deep learning framework that combines the strengths
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Fig. 4. Distribution of MAPE values for large (blue) and small (orange) population prefectures across four
forecasting stages.
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Fig. 5. Actual and forecasted number of cases (A) and hospitalizations (B) in Okayama for one-to-four week
prediction windows.

of LSTM networks and Transformer architecture, enabling the model to capture complex dynamics patterns
of infectious diseases with improved accuracy and robustness. Moreover, our model demonstrates potential
for real-world applications, such as helping policymakers and health authorities make informed decisions,
including the implementation of targeted interventions and preventive measures in areas with higher mobility
and potential disease transmission.

Despite its promising applications, the model still has limitations, and its performance needs further
improvement. First, errors can accumulate in multi-step forecasting, and the model relies heavily on historical
data, which can be problematic during outbreak peaks or sudden declines. Second, many prefectures in Japan have
relatively small populations, leading to low case and hospitalization numbers during certain periods. As a result,
even small absolute errors can translate into disproportionately high relative errors. Additionally, these regions
often have noisier and less comprehensive mobility data, show more variability and higher prediction errors
compared to larger, well-monitored regions. Third, the inherent noise and inconsistencies in epidemiological
and mobility data, particularly those influenced by government interventions, seasonality, and public behavior,
further exacerbate prediction errors. Finally, potential underreporting is also an important issue, which can
negatively impact model accuracy, particularly in small prefectures.

Based on these facts, several key areas can be further explored in the future. One key aspect is that, although
our model demonstrates robust performance within the selected evaluation period, its stability over a longer
timeframe still needs further evaluation. Another important direction is to improve the quality and completeness
of data in underrepresented areas by developing better data collection methods and integrating other data sources,
such as social media activity or traffic usage statistics. In addition, more factors should be considered, such as the
local dynamics of the epidemic, population density, geographic location, and the effectiveness of containment
measures implemented by regions. Analyzing these additional factors would provide a deeper understanding
of disease spread and make the model more robust. Finally, it is important to study how virus transmission
methods and evolutionary changes affect disease spread. Understanding how different transmission pathways
and viral variants influence the epidemic can help the model adapt to new threats and changing situations. By
addressing these areas, future research can build on the current study to develop more resilient and accurate
epidemic forecasting models.

Conclusion

The emergence and spread of infectious diseases highlight the urgent need for innovative methods to predict
their trajectories to maintain socioeconomic stability and public health. This study successfully demonstrates the
application of novel deep learning models to short-term predictions of infectious disease trends, with a specific
focus on COVID-19 cases and hospitalizations across Japan. By combining the power of LSTM and Transformer
and leveraging mobility data, our model enhances forecasting performance for disease spread, providing weekly
updates with a prediction window ranging from 1 to 4 weeks. Our comprehensive evaluation using multiple
metrics highlights the model’s robustness within the analyzed timeframe, as well as its reliability in capturing the
temporal and spatial dynamics of infectious disease spread. The ability to offer detailed geographic forecasts can
provide a nuanced understanding of disease spread in different regions, thereby facilitating targeted and effective
interventions by policymakers and healthcare systems.

Data availability

The datasets used and analyzed during the current study are available from the corresponding author on rea-
sonable request.
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