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only on historical case data. Notably, the ensemble method that merges SARIMA and Long
Short—Term Memory (LSTM) models achieved the lowest prediction error, with Root Mean
Square Error (RMSE) = 156.3 and Mean Absolute Error (MAE) = 112.7 when tested over
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Analysis a 14-day forecast period. These results indicate that human mobility is a key indicator of
disease spread and can offer valuable insights for eatly intervention strategies. This research
carries significant implications for public health policy, providing a framework to better
anticipate disease outbreaks and optimize resource allocation during emerging infectious
disease crises.

INTRODUCTION bans, and expanding healthcare capacity. Given the urgent

Infectious diseases continue to pose a significant threat
to global public health, with new pathogens continually
testing healthcare systems worldwide. The COVID-19
pandemic, triggered by the SARS-CoV-2 virus, highlights
the severe impact that new infectious diseases can have
on health, economies, and societies. Since it first appeared
in late 2019, COVID-19 has led to millions of deaths
worldwide and has put an unprecedented strain on
healthcare systems. The fast-paced transmission of such
diseases calls for strong modeling techniques that can
deliver accurate forecasts to guide timely public health
responses.

The spread of infectious diseases is shaped by a variety
of factors, such as the characteristics of the pathogens,
how densely populated an area is, social behaviors, and
how people move around. Traditional models used in
epidemiology often struggle to capture the intricate
interactions among these elements, especially in the early
days of an outbreak when reliable data might be scarce.
However, with the rise of digital surveillance and the
growing availability of mobility data, exciting new ways to
improve our disease prediction models have been created.
Being able to accurately predict how infectious diseases
will spread is vital for effective public health planning and
response. Predictive models help health officials foresee
spikes in cases, allocate resources wisely, and implement
targeted measures to reduce transmission. During the
COVID-19 pandemic, these models played a key role
in guiding important decisions about lockdowns, travel

nature of managing infectious diseases, it is essential to
create models that can deliver reliable short-term forecasts
while also tracking longer-term trends. Moreover, these
models need to be flexible enough to adapt to changing
circumstances, as the dynamics of diseases can shift
in response to public health interventions and viral
mutations.

This study is focused on developing and assessing time
series models to predict the spread of COVID-19,
particularly by incorporating mobility data as a key
predictor. The main goals are; - To evaluate how well
different time series methods, including traditional
statistical techniques (like ARIMA and SARIMA) and
machine learning approaches (such as LSTM networks
and Random Forest), can forecast COVID-19 case
numbers. - To explore the connection between patterns
of population mobility and subsequent infection rates,
identifying the ideal time lag between changes in mobility
and the emergence of new cases. - To create an ensemble
modeling framework that brings together various
predictive methods to boost the accuracy and reliability
of forecasts. - And also to assess how useful these models
are in guiding public health decisions and intervention
strategies. By tackling these goals, this research adds to the
expanding knowledge on forecasting infectious diseases
and offers practical insights to enhance our readiness and
response to pandemics.

Time has
epidemiological research, equipping us with essential tools

series  analysis been a cornerstone in
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to grasp disease trends and anticipate future outbreaks.
In the early days, researchers focused on understanding
seasonal patterns in infectious diseases like influenza and
malaria (Box & Jenkins, 1976; Shumway & Stoffer, 2017).
The autoregressive integrated moving average (ARIMA)
models, pioneered by Box and Jenkins, have played a
significant role in this field, providing a solid framework
for modeling the time-related dependencies in disease
occurrence data.

The seasonal fluctuations seen in many infectious diseases
led to the creation of seasonal ARIMA (SARIMA)
models. These models build on the ARIMA framework
to capture recurring patterns at regular intervals, making
them particularly effective for diseases with established
seasonal trends (Zhang ef al, 2014). Recently, the rise
of more advanced methods, including state space
models, exponential smoothing techniques, and various
machine learning approaches were seen. The use of time
series analysis in epidemiology has shifted from merely
describing data to making predictive forecasts. Modern
techniques often include external variables that can
affect disease transmission, such as climate conditions,
population density, and socioeconomic factors (Unkel
et al, 2012). This incorporation of additional predictors
has not only enhanced model accuracy but also provided
richer insights into the factors driving the spread of
diseases.

The COVID-19 pandemic has significantly advanced
research in infectious disease modeling, leading to a range
of methods aimed at tracking and predicting case numbers.
Generally, these models can be grouped into three main
categories; compartmental models, statistical models, and
machine learning approaches. Compartmental models,
especially the different versions of the Susceptible-
Infected-Recovered (SIR) framework, have been popular
for simulating how COVID-19 spreads (Ferguson es
al., 2020; Kucharski ez al, 2020). These models break
the population down into specific compartments and
use differential equations to illustrate the transitions
between these states. While theyre conceptually neat,
compartmental models often hinge on assumptions
about crucial parameters like the reproduction number
(RO) and recovery rate, which can be tricky to pin down
during new outbreaks.

On the other hand, statistical time series models have
shown their worth for short-term COVID-19 forecasting,
For instance, Petropoulos and Makridakis, (2020) used
straightforward exponential smoothing techniques to
predict global case trends, while Benvenuto e# al., (2020)
highlighted how ARIMA models could effectively
forecast cases in the early days of the pandemic. These
methods are appreciated for their simplicity and low data
demands, but they might not always capture the more
complex, nonlinear dynamics at play.

Machine learning techniques have become increasingly
popular for predicting COVID-19 outcomes, thanks
to their knack for modeling intricate relationships and
utilizing a variety of data sources. Recurrent neural

networks (RNNs), particularly Long Short-Term Memory
(LSTM) networks, have delivered encouraging results
in forecasting case numbers (Chimmula and Zhang,
2020). Other notable methods include gradient boosting
models (Shahid e/ 4/, 2020) and advanced deep learning
architectures like transformer networks (Ramchandani ez
al., 2020).

Even with all the progress that has been made, many
COVID-19 models have come under scrutiny for their
predictive shortcomings. loannidis ez a/, (2020) pointed
out some systematic biases in the early forecasting models,
while Castro et al, (2020) raised concerns about data
quality and inconsistencies in reporting. These criticisms
really highlight the importance of having solid validation
processes and being transparent about the uncertainties
in these models.

The link between human mobility and the spread of
infectious diseases is well-documented in epidemiological
studies. Historical research has shown how transportation
networks helped diseases like the plague and cholera
spread (Cliff ef al, 2004). In today’s world, air travel has
emerged as a major factor in the global spread of diseases,
as seen with the swift international transmission of SARS
in 2003 and HINT1 influenza in 2009 (Tatem e a/, 2000).
The COVID-19 pandemic has coincided with an
unprecedented amount of aggregated mobility data from
digital sources. Google’s Community Mobility Reports,
Apple’s Mobility Trends, and data from mobile network
operators have offered near real-time insights into how
populations moved during the pandemic. These datasets
have allowed researchers to explore the connection
between mobility restrictions and disease transmission
across different geographic areas.

Several studies have integrated mobility metrics into their
COVID-19 modeling frameworks. For instance, Kraemer
et al. (2020) utilized location data from mobile phones
to show how travel restrictions in China influenced the
spread of COVID-19 in the early days of the pandemic.
Similarly, Badr e al (2020) discovered significant
correlations between reduced mobility and a slowdown in
COVID-19 case growth rates in the United States. These
findings indicate that mobility data can act as a leading
indicator for future case trends.

Integrating mobility data into predictive models opens
up a world of possibilities, but it also brings its fair
share of hurdles. While analyzing mobility patterns can
enhance the accuracy of forecasts, there are still lingering
questions about the best ways to weave this information
into current modeling systems. On top of that, concerns
about privacy and limitations in data access could pose
challenges for using these mobility-enhanced models in
everyday public health monitoring.

MATERIALS AND METHODS

Data Collection

For this research, we gathered daily confirmed COVID-19
case data spanning from January 22, 2020, to December
31, 2022, specifically for the United States. The main
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source was the COVID-19 Data Repository managed by
the Center for Systems Science and Engineering (CSSE)
at Johns Hopkins University (Dong e# al, 2020). This
dataset offers daily cumulative counts of confirmed cases,
deaths, and recoveries at both national and subnational
levels. To supplement the JHU data, the information from
the Centers for Disease Control and Prevention (CDC)
COVID Data Tracker, which provides extra metrics like
hospitalizations and test positivity rates were tapped
into. For the state-level analyses, data from the COVID
Tracking Project, which kept a thorough record of testing
and outcome data until March 2021 were included.
Mobility patterns were sourced from two key places; -
Google Community Mobility Reports: These reports
show daily changes in mobility across various categories
of locations (like retail and recreation, grocery and
pharmacy, parks, transit stations, workplaces, and
residential areas) compared to a baseline from before
the pandemic. The data is available at both national
and county levels. - Apple Mobility Trends Reports:
This dataset tracks daily changes in routing requests for
driving, walking, and public transit against a pre-pandemic
baseline. The information is accessible for major cities
and countries around the globe. Additional contextual
data from various sources were also gathered; - Policy
interventions and restrictions sourced from the Oxford
COVID-19 Government Response Tracker (OxCGRT).
- Weather data provided by the National Oceanic and
Atmospheric Administration (NOAA) and demographic
insights from the U.S. Census Bureau.

Data Preprocessing

Even though a wealth of data was gathered, some
missing values were still encountered due to reporting
delays, weekends, and holidays. To tackle these gaps, a
few different strategies were used; - For short gaps (1-2
days), linear interpolation was applied to fill in the missing
values. - For longer gaps, a more advanced route was taken
by using a Kalman filter to estimate missing values based
on the data’s temporal structure. - If an entire data stream
was missing for a certain period, either that timeframe
was excluded from our analysis or turned to alternative
data sources.

To boost our model’s performance, several features from
the raw data were created; - Case-related features: Daily
new cases (the first difference of cumulative cases) was
looked at, the 7-day moving average of new cases, growth
rate (percentage change in daily cases), and acceleration
(the change in growth rate). - Mobility indices: Composite
mobility indices were developed by applying principal
component analysis (PCA) to the six Google mobility
categories. This helped to reduce dimensionality while
keeping the variance in mobility patterns intact. -
Temporal features: Day of the week, week of the year,
holiday indicators, and seasonality components were
extracted to capture recurring patterns in both disease
transmission and mobility behavior.

Several transformations to enhance model performance
were applied; - logarithmic transformation was used on
case counts to stabilize variance and make the data more
normally distributed. - Mobility data was standardized to
have a mean of zero and a unit variance. - All-time series
were tested for stationarity using the Augmented Dickey-
Fuller test, applying differencing when necessary.

One of the key steps in our preprocessing was to align
case data with mobility patterns. This was crucial to
understand the lag between shifts in mobility and their
subsequent effects on case numbers. Drawing from earlier
studies on COVID-19 incubation times and reporting
delays, lagged versions were created of mobility features
that ranged from 7 to 21 days. A cross-correlation analysis
was conducted to pinpoint the best lag period, which
turned out to be around 12 days for our dataset.

Time Series Modeling Approaches

A variety of time series modeling techniques were
explored and compared, spanning from traditional
statistical methods to cutting-edge machine learning
approaches.

ARIMA Models

We started with Autoregressive Integrated Moving
Average (ARIMA) models (Equation 1) as our baseline
method. The general structure of an ARIMA (p,d,q)
model is:

(1-ToL)(1-L)IY, = (1+Y6L)e (D)
Where: p is the order of the autoregressive term, d is
the degree of differencing, q is the order of the moving
average term, L is the lag operator, ¢; are the parameters
of the autoregressive part, 0j are the parameters of the
moving average part and e is white noise. The Box-
Jenkins methodology to determine the right ARIMA
parameters were used; - Differencing the series to achieve
stationarity. - Analyzing autocorrelation (ACF) and
partial autocorrelation (PACF) functions. - Estimating
parameters using maximum likelihood. - Conducting
diagnostic checks on residuals. Moreover, the ARIMA
framework (Equation 2) was expanded to include
exogenous variables (ARIMAX) by adding mobility
indices:

(1-YeLH(A-1)4Y = (1+20,L)e + 3 BiXie ..(2)
Where Xy,i-1 denotes the kth mobility feature with lag 1,
and Bk is its coefficient.

Seasonal ARIMA Models

To capture weekly trends in both case reporting and
mobility, Seasonal ARIMA (SARIMA) models were
implemented. The SARIMA (p,d,q)(PD,Q)s model
(Equation 3) builds on ARIMA by adding seasonal
components:

(1-X0 L) (1-L)4(1-X @19 (1-L)PY =(1+¥.6,L)
(1+Y0LM)e (3)
Where: P, D, Q represent the seasonal equivalents of
p, d, g, s indicates the seasonal period (7 for weekly
seasonality), ®; are the seasonal autoregressive parameters
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and ®j are the seasonal moving average parameters. Just
like ARIMA, SARIMAX models that included mobility
features as external variables were also created.

Machine Learning Approaches

Several machine learning techniques were explored to
capture the intricate nonlinear relationships within the
data; - Long Short-Term Memory (LSTM) Networks:
These networks are a unique type of recurrent neural
network tailored to model long-term dependencies in
time series data. The LSTM setup included; - An input
layer sized according to the number of features and the
look back period (14 days). - Two LSTM layers with 64
and 32 units, respectively, along with a dropout rate of 0.2
to help prevent over fitting. - A dense output layer aimed
at predicting case numbers. - Random Forest: A Random
Forest regression model with these specifications was
utilized; - 500 decision trees. - A minimum leaf sample
size of 5. -Input features that included lagged case counts
and mobility indices. - XGBoost: This gradient boosting
framework was set up with; - 300 boosting rounds. - A
maximum depth of 6. - A learning rate of 0.05 and a
subsample ratio of 0.8 to enhance robustness. For all
our machine learning models, a sliding window approach
was adopted for both training and testing, using a 14-day
window size for input features to forecast the next 14
days of case counts.

Ensemble Model

To harness the strengths of various modeling techniques,
an ensemble model was crafted that merged predictions
from the top-performing individual models. The ensemble
strategy employed a weighted average of predictions
from; - SARIMAX model (weight = 0.4), LSTM network
(weight = 0.4) and XGBoost model (weight = 0.2). The
weights were established through a validation process
aimed at minimizing the ensemble’s prediction error on a
separate validation set.

Evaluation Performance Metrics

To get a well-rounded view of how our model is
petforming, several evaluation metrics were considered;
- Root Mean Squared Error (RMSE): RMSE gives more
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making it a great tool for understanding the impact of
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To make sure the evaluation was solid, a time series
cross-validation method was used, starting with an initial
training period of 180 days and then testing in 14-day
intervals.

RESULTS AND DISCUSSION

Exploratory Data Analysis

Before diving into the modeling results, a step back was
taken to explore the data and get a feel for the trends in
COVID-19 cases and mobility.

Figure 1 displays the daily new COVID-19 cases in the
United States from January 2020 to December 2022,
showcasing several waves of infection that align with

202109 202201 202205 202209 202301

Date

Figure 1: Daily New COVID-19 Cases in the United States (Jan 2020 — Dec 2022)




=)

Int. J. Public Health Nurs. 1(2) 11-20, 2025

@ oalli

the arrival of new variants and seasonal changes. Each
marked by sharp spikes and subsequent drops in daily
case numbers. These waves correspond to significant
moments in the pandemic. First wave (early 2020),
there was a slow increase in cases following the initial
outbreak, showcasing how the virus began to spread.
In the second wave (mid-2020), a more substantial
surge, likely fueled by relaxed restrictions and increased
movement during the summer. Finally, the third wave
(late 2020 — early 2021) showed the most significant
spike during winter, coinciding with holiday gatherings
and colder weather that encouraged indoor activities.
Subsequent waves (2021-2022), recurring spikes that

204 | C’ A

nl -'f i - ."*"\' B\
|

Percentage Change from Baseline

seem linked to the emergence of new variants (like
Delta in mid-2021 and Omicron in late 2021) were
noticed together with seasonal influences. The graph
illustrates the cyclical and seasonal aspects of the
pandemic, shaped by both the virus’s evolution and
human behavior. These trends highlight the need for
flexible forecasting models that can adapt to external
factors like mobility and variant-driven transmission
patterns.

Figure 2 illustrates the Google mobility indices across
various categories, highlighting some striking shifts in
mobility patterns after public health measures were put in
place in March 2020.

L N
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Figure 2: Google Mobility Indices by Category, January 2020 - December 2022

This figure reveals notable changes in Google mobility
trends from January 2020 to December 2022. After
the public health measures kicked in during March
2020, there was a sharp drop in mobility for Retail &
Recreation, Transit, and Workplaces, while movement in
Residential areas actually increased. These changes reflect
the widespread lockdowns and shifts in behavior. By late
2022, mobility began to gradually return to pre-pandemic
levels, indicating how the public adapted as restrictions

o8

Cross-comelation

L1

eased. The trends suggest that mobility data can be a
useful predictor for the spread of disease.

A cross-correlation analysis between mobility indices and
subsequent COVID-19 case numbers showed significant
relationships, with the strongest correlations occurring at
lag periods of 10-14 days (Figure 3). This aligns with the
known incubation period of COVID-19, indicating that
changes in mobility can act as eatly indicators for case
trends.

Lag (days)

Figure 3: Cross-correlation Between Mobility Indices and COVID-19 Cases at Different Lag Periods

Figure 3 shows the relationship between Google mobility
indices and COVID-19 case numbers over lag periods

from -30 to +30 days. It is noticed that the strongest
correlations usually happen at negative lags, especially
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between -7 and -3 days. This suggests that shifts in
mobility often happen before we see changes in case
numbers. Essentially, these mobility trends can act as
early warning signs for infection patterns, which is super
helpful for planning timely public health responses.

Model Performance

Table 1 outlines the performance metrics for all the
models tested on the final three months of the study
period (October - December 2022).

Table 1: Performance Metrics for COVID-19 Forecasting Models (14-day Forecast Window)

Model RMSE MAE MAPE SMAPE R?

ARIMA 289.5 201.3 18.70% 17.50% 0.71
ARIMAX 243.8 175.6 16.20% 15.30% 0.78
SARIMA 235.2 169.4 15.80% 14.90% 0.79
SARIMAX 187.6 132.5 12.30% 11.70% 0.85
LSTM 194.7 138.2 12.80% 12.10% 0.84
Random Forest | 225.9 160.3 14.90% 14.00% 0.81
XBoost 202.3 142.6 13.20% 12.50% 0.83
Ensemble 156.3 112.7 10.40% 9.90% 0.89

The results demonstrate several key findings; - Models
that included mobility data (like ARIMAX and
SARIMAX) consistently outperformed those that did
not (ARIMA and SARIMA), proving just how valuable
mobility patterns can be as predictive features (Kraemer
et al., 2020; Chinazzi et al., 2020). - Taking seasonality into
account really boosted model performance, as shown by
how much better SARIMA did compared to ARIMA. -
Among the machine learning methods, LSTM networks
stood out with the best performance, likely because they

Daily New Cases

excel at capturing long-term dependencies in time series
data (Hochreiter & Schmidhuber, 1997; Chimmula &
Zhang, 2020, Tulla et al, 2025). - The ensemble model
surpassed all individual models across every metric,
showcasing the advantages of blending different
modeling techniques.

Figure 4 illustrates the 14-day forecasts from various
models actual case numbers

alongside during a

representative testing period.
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Figure 4: 14-day COVID-19 case Forecasts from Different Models November 15-28, 2022

This figure illustrates the 14-day forecast performance
of different models (ARIMA, SARIMAX, LSTM, and
Ensemble) against actual case numbers. The Ensemble
model closely follows the actual trend, showing superior
accuracy over individual models, particulatly in capturing
turning points and magnitudes of case fluctuations
(Hastie ez al., 2009)

To understand how the forecast horizon affects model
performance, each model over different prediction
windows were assessed (Petropoulos and Makridakis

2020), ranging from 1 to 28 days ahead. Figure 5
demonstrates how RMSE rises with the forecast horizon
for the top-performing models.

This figure showcases the Root Mean Squated Error
(RMSE) over a 28-day forecast horizon for the leading
models—SARIMAX, LSTM, XGBoost, the
Ensemble model. A look at the RMSE values, it is noticed
that they tend to rise with the forecast horizon, which

and

indicates that prediction accuracy diminishes as time goes
on. Notably, the Ensemble model consistently achieves
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Figure 5: RMSE by Forecast Horizon for Top-Performing Models

lower RMSEs across most time frames, demonstrating its
superior and more reliable forecasting ability compared
to the individual models. This finding suggests that
blending models can significantly boost the robustness of
predictions in forecasting COVID-19 cases (Ramchandani
et al., 2020).

Impact of Mobility Patterns

To measure how much mobility data contributes to
prediction accuracy, an ablation study were carried out to
systematically remove various mobility categories from the
SARIMAX model and noted the effects on performance.
Table 2 summarizes the findings from this analysis.

Table 2: Impact of Different Mobility Categories on SARIMAX Model Performance

Model Configuration RMSE R? Relative Performance Decrease
Full Model (All Mobility Categories) 187.6 0.85 -

Without Retail & Recreation 203.2 0.83 8.30%

Without Grocery & Pharmacy 194.5 0.84 3.70%

Without Parks 189.1 0.85 0.80%

Without Transit Stations 208.9 0.82 11.40%

Without Workplaces 217.3 0.81 15.80%

Without Residential 201.7 0.83 7.50%

Without Any Mobility Data (SARIMA) 235.2 0.79 25.40%

The results show that workplace mobility had the most
significant predictive power, followed closely by mobility
around transit stations (Aleta e a/, (2020). Interestingly,

0.4

0.3

0.2

park mobility seemed to have the least effect on forecast
accuracy, likely because outdoor activities pose a lower
risk of transmission (Linka ez a/,, 2020).

01

Cross-correlation
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Figure 6: Cross-correlation Function between Composite Mobility Index and Case Numbers
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A closer look at how changes in mobility relate to
subsequent case numbers was also looked into. Figure
6 illustrates the cross-correlation function between the
composite mobility index and case numbers over various
lag periods.

The most notable correlation appeared at a lag of 12 days,
indicating that when mobility decreases, case numbers

Data Points
1.5 — Linear fit

0.5
0.0

-0.5

Log-transformed Case Numbers (12-day lag)

-2.0

tend to drop about 12 days later. This aligns with what
we know about the COVID-19 incubation period and the
usual delays in symptom onset, testing, and reporting,

To help visualize this connection, Figure 7 illustrates
how the inverse mobility index relates to the COVID-19
case numbers from 12 days prior, which have been log-
transformed.

Correlation: r = 0.87

-1.0 =05

0.0 0.5 1.0 15 2.0

Inverse Mobility Index

Figure 7: Relationship Between Inverse Mobility Index and 12-day Lagged Case Numbers

The scatterplot, paired with the LOESS-smoothed trend
line, shows a clear positive correlation. With a correlation
coefficient of r = 0.87, it highlights a very strong
connection (Badr ef afl, (2020), indicating that when
public mobility decreases, typically seen a rise in reported
COVID-19 cases about 12 days later. This emphasizes
the significant lag in the impact of mobility restrictions
on the virus’s spread, reinforcing the need for timely and
ongoing public health measures.

Public Health Implications
The insights from our modeling work carry significant
implications for public health policy and practice; -

Early Warning System

The link between changes in mobility and the trends in
case numbers suggests that tracking mobility data could
act as an early warning system for upcoming surges or
declines in infection rates (Kraemer e al, 2020). Public
health officials could keep an eye on mobility indices to
predict shifts in case trends 10-14 days ahead, giving them
crucial time to allocate resources and plan interventions.
This of course adds a “proactive layer to healthcare
management” (Ajimatanrareje e/ al, 2025).

Targeted Interventions

The examination of various mobility categories showed
different levels of association with case numbers, with
workplace and transit mobility having the strongest
connections. This indicates that focusing interventions
on these specific areas (like promoting remote work
or limiting public transportation capacity) could be
particularly effective in controlling the spread of the
disease (Ioannidis ez al,, 2020).

Adaptive Response Strategies

The predictive models we developed can help create
adaptive response strategies by offering regularly updated
forecasts as new data comes in. Health systems could
leverage these forecasts to adjust their capacity and staffing
in anticipation of changing demands for COVID-19 care.

Communication Tools

Visual representations of model predictions, along with
estimates of uncertainty, can be powerful communication
tools for public officials trying to explain the reasoning
behind preventive measures (Giordano e al, 2020).
Clearly illustrating the connection between mobility and
subsequent case trends can improve public understanding
and encourage compliance with recommended behaviors.

Resource Optimization

In settings where resources are limited, predictive models
can play a crucial role in optimizing how allocation of
testing capacity, contact tracing teams, and medical
supplies by pinpointing areas that are likely to see a rise in
case numbers. It’s worth mentioning that while the models
showed impressive predictive capabilities during the study
period, their effectiveness for future outbreaks will hinge
on the specific traits of the pathogen and the public
health landscape at that time. The framework created is
adaptable and can be modified to include additional data
sources that are relevant to other infectious diseases.

CONCLUSION

This study explored how time series models can be
used to predict the spread of COVID-19, particularly
by incorporating mobility patterns to improve forecast
accuracy. Here are the main findings; - Time series models
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that included mobility data consistently outperformed
those based only on case history, highlighting the
importance of mobility patterns as predictive indicators
for the spread of infectious diseases. - The ensemble
approach, which combines statistical and machine
the best predictive
performance across all evaluation metrics, showcasing

learning techniques, delivered
the advantages of using complementary modeling
strategies. - Among the mobility categories we examined,
workplace and transit station mobility had the strongest
correlation with subsequent case numbers, while park
mobility proved to be less predictive. - The ideal lag
time between changes in mobility and the emergence of
cases was about 12 days, which aligns with the known
incubation period and reporting delays associated with
COVID-19. - As the forecast horizon increased, model
performance tended to decline, but the ensemble model
still maintained a satisfactory accuracy (R* > 0.75)
for predictions extending up to 21 days ahead. These
findings add to the expanding knowledge on forecasting
infectious diseases and emphasize how mobility data
can boost our predictive abilities during outbreaks. In
summary, this research highlights the promise of using
time series methods that incorporate mobility data for
forecasting infectious diseases. The framework outlined
here lays the groundwork for developing more advanced
predictive tools to aid public health decision-making in
future outbreaks.
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