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Abstract

The primary objectives of this project are to use
a variety of datasets and visual analytics methods
to gain insights into and deal with any prospective
pandemic.  Our focus is on early detection and
prompt public health actions, achieved by utilizing ” One
Health” data, comprising human, animal, and weather
information, including geospatial data and Google
Trends data. In this work, we created a Predictive
Intelligence for Pandemic Prevention (PIPP) dashboard
that contains interactive visualization techniques to
simplify the information presented, making it easier
for people to understand. Our main objectives
include exploring the relationship among different
types of One Health datasets, developing user-friendly
interactive predictive/forecasting models coupled with
visualization techniques, highlighting the significance
of visual analytics techniques, and advocating for
timely identification of potential pandemic threats.
This integrated approach offers in-depth insights and
supports informed decision-making in public health. We
have also integrated several forecasting approaches to
predict the trends of COVID-19 as a case study.

Keywords: visual analytics; one health; pandemic
prediction and prevention; time series analysis /
forecasting

1. Introduction

According to World Health Organization (WHO)
reports, the SARS-COV-2 (COVID-19) pandemic
caused millions of deaths across the world (WHO
(2022)). In response to the devastating impact
of such pandemics, a more effective strategy for
prevention, intervention, and mitigation of infectious
disease spread, endemics, epidemics, and pandemics is
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increasingly recognized as the One Health approach,
which integrates human, animal, and environmental
health (CDC (2023)).

One Health aims to identify, mitigate, and respond
to health hazards at the human-animal-environment
interface, such as the COVID-19 pandemic (Collignon
and McEwen (2019) and Sinclair (2019)). These
proactive measures can be more effective in reducing the
scope and impact of an outbreak than reactive actions
taken after the pathogen has already spread extensively
(Food and Agriculture Organization (FAO) (2024)).

Given the variety of One Health data sources
across different spatial and temporal scales, integrated
visual analysis tools are needed for effective analysis,
correlation, predictive, causal analysis, understanding,
and decision-making for effective management and
response (Dey et al. (2020)). In collaboration with
public health officials, we have developed a One Health
visual analytics system combining several traditional,
as well as new and promising health surveillance data
sources (Razzak et al. (2020)).

Timely identification of emerging infectious
diseases and potential pandemic threats can lead to
more targeted surveillance activities and interventions
before the transmission of the pathogen becomes
widespread. Numerous fields, including healthcare,
infectious disease control, and policymaking, have
investigated the importance of data visualizations in
supporting well-informed decision-making (Bowe
et al. (2020) and Crisan (2022)). Visual analytics
enables turning unprocessed data into insightful and
actionable knowledge to manage infectious disease
spread effectively, leveraging key components like
spatial and temporal visual analysis (Pang et al. (2021)).
Swift and effective public health responses can help
minimize human suffering and mitigate the broader
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Figure 1. Predictive Intelligence for Pandemic Prevention (PIPP) Dashboard. The dashboard has many views,
such as a) Options Panel to select a region of interest (state / specific county). b) Three types of interactive
visualizations: An interactive map exploring disease spread in the region using a tooltip, Sunburst, and line charts
to visualize the data hierarchically. c) A line chart that displays COVID-19 deaths or cases for the whole state
with an automatic timer that will go through the line chart to display the information for every week, and at the
same time, it changes the details on the interactive map for each county. d) Combined Datasets: Each selected
county has a line chart with two different datasets to visualize the correlation. €) We have a line chart for each
time series used in our work.

social and economic effects of disease outbreaks.

The novelty of this work lies in several key aspects:
a) Integration of Diverse Datasets: The project
uniquely combines different types of “One Health” data,
which includes human, animal, weather, geospatial, and
Google Trends data. This comprehensive integration
is crucial for early detection and prompt public health
actions during a pandemic. Combining these datasets
enables the identification of correlations that would
not be apparent from a single dataset alone. For
example, a correlation between a spike in Google
searches for flu symptoms, a drop in temperatures,
and an increase in animal deaths could indicate an
emerging zoonotic threat. b) Predictive Intelligence
for Pandemic Prevention (PIPP) Dashboard: The
creation of an interactive dashboard that offers multiple
views and visualization options for different types of
One Health datasets is innovative. The dashboard

allows users to select specific states and counties, view
interactive maps, use hierarchical data visualizations
such as the sunburst chart, and visualize data through
dynamic line charts, which update automatically to
show weekly changes. c) User-Friendly Data
Visualization: The emphasis on developing intuitive
and interactive data visualization models simplifies the
presentation of complex information. The interactive
visualizations on this dashboard make complicated data
relationships easy to understand, so experts and the
general public can quickly grasp important insights.
d) Highlighting Visual Analytics Techniques: By
showcasing the significance of visual analytics, the
project turns raw data into actionable insights. This
is particularly important for managing the spread of
infectious diseases and making informed public health
decisions.  Additionally, it helps to highlight new
trends and abnormalities, making it possible to promptly
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identify and respond to potential pandemic threats.
e) Timely Identification of Pandemic Threats: The
project advocates for the early identification of potential
public health threats by leveraging advanced analytics
and AI/ML techniques. This proactive approach is
essential for mitigating the impact of public health
emergencies. f) Collaboration with Public Health
Officials: The project collaborates with public health
officials to develop a comprehensive visual analytics
system that integrates traditional and new health
surveillance data sources. This collaboration ensures
that the system is aligned with real-world needs and
practices. g) Customizable and Scalable System
Design: The system is designed to be flexible, allowing
for adding new data sources and analytics methods
as needed. This adaptability ensures that the system
can evolve and remain relevant as new challenges and
data sources emerge. h) Case Study on COVID-19:
Using forecasting methods to predict COVID-19 deaths
and cases as a case study demonstrates the practical
application and effectiveness of the developed tools and
techniques.

These novel contributions collectively enhance
the ability to monitor, understand, and respond
to pandemics, making the project a significant
advancement in the field of public health and pandemic
prevention.

The paper is structured as follows: we discuss
related work on pandemic dashboards, time-series
prediction, correlation, and causality. The System
Description section details data collection and statistical
analysis tools, followed by our case study. Finally,
the discussion and conclusions section presents our
stakeholders’ feedback, findings, limitations, and future
research suggestions.

2. Related Work

The main goal of our work is to explore
the relationship between public health surveillance
aspects and other One Health datasets by developing
user-friendly data visualization models to highlight
the significance of visual analytics techniques and
advocate for the timely identification of potential
pandemic threats. Time series prediction and correlation
analysis are integral to our system because they directly
support the goals of early detection, understanding
complex relationships, and making informed public
health decisions, all of which are crucial for pandemic
prevention and response.

2.1. Dashboards for Pandemics and Health
Surveillance

Numerous papers in the field of visual analytics have
been published, particularly those focused on analyzing

pandemic threats, modeling epidemic dynamics, and
assessing public health responses. For instance, the
paper (Afzal et al. (2011)) focuses on building an
interactive decision support system to study epidemic
models and their impacts. Similarly, the paper’s authors
(Maciejewski et al. (2011)) have developed a visual
analytics toolkit to analyze the impact of decision
measures implemented during a simulated pandemic
influenza scenario. Our work extends on this previous
work to integrate diverse “One Health” data, including
human health information and data related to animals,
weather conditions, and Google Trends data. This
integration offers a more holistic view of disease spread
and pandemic dynamics by enabling the identification of
correlations and trends that might not be evident when
analyzing a single dataset. For example, our approach
can reveal how changes in environmental factors or
animal health indicators might correlate with emerging
human health threats, providing a more comprehensive
understanding of potential pandemic risks. Additionally,
the authors of the paper (Afzal et al. (2020)) have
created a visual analytics environment that explores
the spread of COVID-19 by providing county-level
information such as population, demographics, and
hospital beds. While this approach offers valuable
insights into the resources available to combat the
pandemic, our dashboard extends these capabilities by
incorporating dynamic, interactive features. Users can
explore tempo-spatial data through tools like choropleth
maps, sunburst, and line charts, utilizing brushing
techniques for more granular and engaging analysis.
This enhances user interaction and provides a detailed,
multi-dimensional view of pandemic data, making it
easier for experts and the general public to understand
and respond to emerging threats.

2.2. Time Series Prediction

Time series analysis plays a pivotal role in
representing COVID-19 data by capturing temporal
trends, handling dependencies, evaluating interventions,
forecasting future trends, and detecting anomalies.
These capabilities are crucial for understanding the
progression of the pandemic and making informed
public health decisions. By leveraging time series
models, researchers and policymakers can gain valuable
insights into the dynamics of COVID-19, leading
to more effective response strategies and resource
allocation (Betcheva et al. (2024)). The pandemic’s
progression is inherently temporal, with patterns that
evolve due to various factors like policy interventions,
seasonal effects, and changes in public behavior
(Gumel et al. (2021)). COVID-19 data exhibits
strong temporal dependencies, such as the effect of
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past infection rates on future case numbers, and
time series models are designed to account for these
dependencies, making them effective for forecasting and
analyzing trends based on historical data (Bamana et al.
(2024)). Moreover, time series analysis allows for the
evaluation of the impact of public health interventions
by comparing changes in trends before and after
interventions are implemented, crucial for assessing
the effectiveness of measures such as lockdowns,
vaccination campaigns, and social distancing (Zhou
et al. (2020)). Furthermore, time series analysis
effectively detects anomalies and trends in COVID-19
and health surveillance data, allowing public health
officials to identify unusual spikes or declines in case
numbers (Paltiel et al. (2020)).

Our study builds upon and extends the existing
research by integrating a broader spectrum of One
Health data, including human-related factors, animal
health data, and environmental conditions. While
previous studies, such as those by (Mavragani and
Gkillas (2020), Rahimi et al. (2023), and Shinde et al.
(2020)) have focused on specific aspects like Google
Trends data or seasonal time series analysis, our work
aims to explore the relationship of these diverse datasets
within the context of COVID-19. By doing so, we
seek to identify more comprehensive correlations and
patterns that can inform public health strategies.

2.3. Correlation Analysis

Correlation Analysis helps identify significant
associations between the pandemic and various
variables, including  environmental conditions,
demographic factors, and public behavior. For
instance, Li et al. studied the relationship between
COVID-19 incidence and the air quality index (AQI)
and five meteorological variables, which are daily
temperature, highest temperature, lowest temperature,
temperature difference, and sunshine duration (Li
et al. (2020)). Their findings revealed a significant
correlation between COVID-19 incidence and the AQI
and temperature is the only meteorological parameter
that constantly correlated well with COVID-19.

Similarly, Rui et al. analyzed the state-level
correlation between COVID-19 risk and
weather/climate factors in the USA, discovering that
variables such as maximum and minimum temperatures,
humidity, cloud coverage, and atmospheric ozone
density were strongly associated with the COVID-19
pandemic in many states (Rui et al. (2021)). Using
Kendall and Spearman-rank correlation tests, they
highlighted the impact of these factors on the virus’s
spread. In a related study, Yuan et al. assessed the
relative risk of meteorological factors to the onset

of COVID-19 by using generalized additive models
(GAM) and the Distributed Lag Nonlinear Model
(DLNM) (Yuan et al. (2021)). They found that the
mean temperature, wind speed, and relative humidity
were negatively correlated with daily new cases
of COVID-19, and the diurnal temperature range
was positively correlated with daily new cases of
COVID-19.  Additionally, research by Lipsitch et
al. predicted that SARS-CoV-2 would transmit more
efficiently in winter than in summer, emphasizing the
critical role of temperature in COVID-19 transmission
(Lipsitch (2020)).

We aim to use and generate indices based on multiple
climate factors and correlate these with public and
animal health data.

2.4. Causality Assessment

Causality assessment aims to determine whether
a specific factor directly influences the outcome of
interest, such as COVID-19 severity. Establishing
causality, particularly with COVID-19, is challenging
due to the complexity of the factors involved and the
dynamic nature of the pandemic. Kang et al. (2021)
proposed a causal inference framework using structural
causal models, combined with machine learning
techniques, to explore potential causal relationships
between environmental factors and COVID-19 severity
in various Chinese cities.  Their study concluded
that environmental factors were unlikely to directly
exacerbate the COVID-19 pandemic.

Another study is by Chernozhukov et al. (2021),
who evaluated the dynamic impact of various policies
adopted by U.S. states on COVID-19 growth rates and
social distancing behavior, utilizing a causal structural
model framework. Their analysis highlighted the
significant role of policies and behavioral responses in
determining COVID-19 cases and deaths. For instance,
their counterfactual experiments suggested that early
national mask mandates could have substantially
reduced the growth rate of cases and deaths, potentially
saving thousands of lives.

Based on our search, we can conclude that much
research has been done in the field of finding the
relationship between the COVID-19 aspects and one or
two different factors, but no one has done so far to find
the correlation in terms of One Health data, i.e., between
the COVID-19 aspects with all the other factors human,
animal, and weather data that include geospatial data
along with Google Trends data.

Page 1506



3. System Description

This section provides more details on our developed
dashboard and prediction models.

3.1. System Goals

The system goals are derived from existing literature,
expert views, and practical needs of public health
surveillance, ensuring that the developed dashboard
aligns with requirements for effective pandemic
prevention, detection, intervention, and management.
Exploring the Relationship Between the Disease
Spread and Other One Health Datasets: The primary
goal is to investigate the relationship between the
human health surveillance aspects and other One Health
datasets, as well as infection predictive trends at
the county and state level to enable response and
intervention based on human, animal, weather, and
Google Trends data. By analyzing these datasets
at the county level, the system enables the user to
identify potential correlations or patterns that could
help understand the outbreak dynamics at each location
since transmission modalities vary based on community
demographics (Clarkson (2023)).

Developing User-Friendly Visual Analytics System:
We develop a user-friendly system that allows users
to zoom, filter by criteria such as time and location,
and explore data more effectively. By leveraging
visual analytics, we highlight the importance of these
techniques in managing One Health issues, enabling
the integration of complex datasets to identify patterns,
trends, and correlations, ultimately supporting better
decision-making.

Advocating for Timely Identification of Potential
Pandemic Threats: Our work emphasizes the
significance of identifying potential pandemic threats
promptly. Proactive surveillance activities and
interventions initiated before the transmission of a
pathogen becomes widespread can be more effective
in reducing the scope and impact of an outbreak
than reactive measures taken after the pathogen has
spread extensively. Swift and effective public health
responses are crucial for minimizing human suffering
and mitigating disease outbreaks’ broader social and
economic effects.

3.2. Task and design approach

The project employs an integrative approach,
combining multiple data streams for comprehensive
analysis through visualizations like choropleth maps
and multi-series line charts, enhancing insights into
pandemic dynamics. Developed as a scalable web
framework, it is a robust tool for detailed data
exploration in public health research.

Integrative and Layered Approach: The dashboard
employs an integrative, layered, and parallel approach
across multiple surveillance data streams, including
environmental, infectious disease, and open-source
intelligence sources. This approach ensures
comprehensive data coverage and facilitates a holistic
analysis.

Choropleth Map Design: a) A choropleth map
visualizes variables normalized by the region’s
population. This design choice is deliberate because
choropleth maps are widely used and easily interpreted,
even by untrained users. Users can select which
variable to display on the map, which defaults to
showing counties in Oklahoma state (Figure 1b). b)
A tooltip appears on hovering over regions, providing
detailed information, which enhances user interaction
and understanding.

Tempo-Spatial Data Visualization: The dashboard
features a map and line charts to visualize tempo-spatial
data. This combination allows users to see both spatial
distributions and temporal trends of selected regions and
variables of interest (Figure 1c).

Temporal Overview with Line Charts: a) A line
chart visualizes the selected variable from the map
as a time series, aggregated for all regions or a
user-selected specific region. This chart provides a
comprehensive temporal overview, encompassing the
minimum and maximum time of all variables displayed
in the dashboard. b) The chart includes a brushing
feature, allowing users to select a specific time range,
which is then highlighted and applied to all other
line charts by re-scaling their x-axis (focus+context
technique).

Comparative Analysis with Dual-Axis Line Charts:
The panel below the main chart shows two dual-axis line
charts for two different selected regions, allowing users
to compare variables from arbitrary data sources across
regions (Figure 1d).

Multi-Series Line Charts for Detailed Analysis: Each
of the four data sources has its own panel (Figure le),
featuring two multi-series line charts for two selected
regions. Hovering over these charts displays a vertical
line in all other line charts, aligned to the date closest to
the hovered date, along with a tooltip detailing the actual
numbers.

Enhanced Data Correlation and Insight: By
combining diverse datasets into a single visualization
platform, the dashboard enables users to gain a more
comprehensive understanding of the factors influencing
the spread and impact of a pandemic. For example, users
can overlay pandemic case data with environmental
factors like temperature and humidity to visualize the
correlation.
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Figure 2. The stages of the Prediction Process in Our System.

User-Friendly Web Framework: The application is
developed as a web framework using Python for the
data, correlation, and prediction API, and React +
Recharts for displaying the data as a static website. This
choice ensures scalability, accessibility, and ease of use
for a broad audience.

By adhering to these design rationales, the
dashboard effectively supports the visualization and
analysis of complex, multi-dimensional data, aiding in
the early detection and management of public health
emergencies.

3.3. System and Analysis Flow

The procedure of our system has several steps (see
Figure 2).
Data Cleaning: We start our process by cleaning each
dataset, i.e., handling missing data. Then, that dataset
is split into training (30% of the original data) and test
70% of the original data) subsets.
Forecasting: Different methods have been applied to
perform data prediction, such as LSTM (Hochreiter
and Schmidhuber (1997)), STL (RB (1990)), and STL
applied to preprocessed data.
Long Short-Term Memory (LSTM) is an advanced
machine learning algorithm that demonstrates excellent
prediction performance, particularly for time series
analysis (Song et al. (2020)). LSTM is based on the
assumption of a sequential connection between data
points, making it suitable for time series data where
earlier values are anticipated to impact future values. A
particular recurrent neural network (RNN) is designed to
avoid long-term dependency problems by remembering
historical information.
Seasonal-Trend Decomposition (STL) STL is
a universal and robust algorithm for time series
decomposition with a high tolerance to outliers and
applicability to various time series data. STL could
decompose data into seasonality, trend, and residual.
STL assumes that there is a seasonal component in the
data, which repeats at regular intervals (e.g., weekly in
our case).
Data Transformation + STL to the processed data
such as Log, SQRT, Moving Average, Exponential
Smoothing, and different scalers such as standard,
Min-Max, and Robust scaler.
Normalization: The results from applying the different
methods have been normalized between 0 and 1 to
compare them fairly.

3.4. Performance Evaluation

The proposed models’ performance has been
evaluated using approaches like the mean absolute
error (MAE), the root-mean-square error (RMSE), the
Pearson correlation coefficient, and the confidence
interval (CI). Both MAE and RMSE are used to evaluate
the performance of a model in absolute terms (Willmott
and Matsuura (2005)). The correlation coefficient shows
the extent to which changes in the value of one variable
are correlated to changes in the value of the other. A sign
preceding the coefficient of correlation (+ or -) indicates
the direction of correlation (Udovici¢ et al. (2007)).

Confidence Interval (CI) is the range within which
the true value is expected to fall with a certain level of
confidence (in this case, we are using a confidence level
of 95%) (Hazra (2017)).

4. Case Study

We are utilizing various datasets and visual analytics
techniques to understand better the COVID-19 outbreak
and other factors in the State of Oklahoma at the county
level. Our main focus is on implementing proactive
surveillance and timely public health interventions. The
visualization models we are developing are intended to
make it easier for people to understand the outbreak and
its associated factors. Therefore, we are considering
One Health data, i.e., human, animal, and weather data
that include geospatial data along with Google Trends
data on the topic of "COVID-19 Symptoms Search
Trends” for the years 2020-2022 in Oklahoma at the
county level as a case study to explore the relationship
between COVID-19 cases/deaths and other datasets.
Covid-19 deaths and cases datasets from CDC: This
aggregate dataset was structured to include cumulative
COVID-19 cases and deaths reported to CDC from
states and territories over time (Centers for Disease
Control and Prevention, COVID-19 Response (2023)).
Wastewater Human Pathogens: This dataset includes
different human pathogens, like "SARS-CoV-2” and
”RSV,” collected from sampling locations in Oklahoma.
Animal Pathogens: This dataset contains water
samples for animal pathogens, like “Flu A,” collected
from sampling locations in Oklahoma.

Weather Data  (gridMET): “gridMET”  is
a comprehensive dataset that provides daily,
high-resolution gridded information on various

surface meteorological variables such as maximum and
minimum temperature, wind velocity, and humidity
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Figure 3. Prediction results of applying different methods to the COVID-19 cases in Oklahoma County. The
blue line is the original dataset that has been normalized to the scale [0,1], while the orange line is the
summation of the Seasonal and Trend decomposition of STL.

(Climatology Lab (2023)).

COVID-19 Symptoms Search Trends from Google:
For more than 400 health symptoms, the COVID-19
Symptom Search Trends Dataset contains aggregated
anonymized trends from Google searches. A time series
for each region is provided in the dataset to show the
search volume per symptom (PAIR-code (2020)).

Our visualization models are designed to facilitate
a deeper understanding of the outbreak by integrating
these datasets. The system provides interactive
visualizations that allow users to explore:
Temporal and Spatial Trends: Users can examine how
COVID-19 cases and deaths correlate with changes in
environmental factors, pathogen levels, and symptom
search trends across different counties.
Forecasting Analysis: We apply various forecasting
methods, including Log, SQRT, Moving Average,
Exponential Smoothing, and normalization techniques,
followed by STL decomposition and LSTM models, to
predict future COVID-19 cases and deaths. This helps in
identifying potential future spikes or declines in cases.
Threat Detection: By analyzing trends and correlations
among different datasets, the system can highlight areas
with increasing infection rates or unusual patterns. For
example, rising levels of SARS-CoV-2 in wastewater or
a sudden increase in symptom search trends may signal

emerging outbreaks.

We applied several forecasting methods to predict
COVID-19 cases and deaths by using different data
transformation approaches, including logarithmic,
square root, moving average, and exponential
smoothing. Normalization techniques like standard,
Min-Max, and Robust scalers were also explored.
Then, we applied the STL decomposition method to the
processed data and combined the two parts of the STL
method output (seasonal and trend) for the prediction
results. We then compared the different methods with
the LSTM method as shown in Figure 3.

For performance evaluation of the applied methods,
we used MAE, RMSE, Pearson correlation coefficient,
and confidence interval. Based on the results provided
in Table 1, we can see that:

e The correlation coefficient values range from
0.816 to 0.916, indicating a relatively strong
positive linear relationship between the predicted
and actual values across all methods, where “Log
+ STL” was the most effective method, followed
by "SQRT + STL.”

e Lower MAE values indicate better predictive
performance. The methods “LSTM” and
”RobustScaler + STL” have the lowest MAE
values, indicating that they provide the most
accurate predictions on average.
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Table 1.

Performance Comparison of Prediction Methods

Method MAE RMSE Correlation Coefficient Confidence Interval
Log + STL 0.127 0.148 0.916 0.016
SQRT + STL 0.152 0.162 0.882 0.020
MovingAverage + STL 0.106  0.121 0.864 0.188
LSTM 0.033 0.080 0.848 0.019
ExponentialSmoothing + STL  0.099  0.119 0.829 0.025
STL 0.058 0.082 0.816 0.014
StandardScaler + STL 0.047 0.081 0.816 0.014
MinMaxScaler + STL 0.058 0.082 0.816 0.014
RobustScaler + STL 0.037 0.073 0.816 0.014

e Similar to MAE, lower RMSE values indicate
better predictive performance. Again, the
"LSTM” method has the lowest RMSE value,
followed closely by “RobustScaler + STL”.

* A smaller confidence interval indicates more
precise predictions, making the prediction more
reliable and the true value likely closer to the
predicted value. STL and the applying scalers
have the smallest confidence intervals, making
them the best choices for precise predictions.

5. Discussion

Throughout our design and development process, we
have received continuous feedback from stakeholders
such as epidemiologists, public health experts,
and veterinarians. These stakeholders are not
co-authoring this paper. =~ We quote the feedback
from an epidemiologist: “[...] the One Health approach
is simultaneously a challenge and opportunity to access,
analyze, and interpret data from these different sources
and structures meaningfully. Presenting them in the
proposed dashboard is meant to facilitate hypothesis
generation. In the present example, the common
feature is the x-axis of time. By superimposing these
line graphs, we can examine patterns and question if
there are correlations.” A public health expert stated:
“[...] the PIPP dashboard provides unique insight into
the transmission specifics of an infectious disease,
including possible outbreaks and seasonal patterns.
Combined, this information is an important Public
Health tool because it allows for more real-time
signals to be generated with more extensive population
coverage compared to traditional surveillance methods.
Ultimately, this facilitates better preparedness and better
control and prevention measures targeting.”

6. Conclusions and Future Work

As of today, the data utilized in the PIPP dashboard
requires at least weekly data points on a county level
after preprocessing. We envision a data ingestion

assistant using heuristics and LLM capabilities to
guide the user. Another design goal is the extension of
correlation and prediction techniques. One promising
approach is multi-variate time-series prediction
combined with feature importance techniques where
the user could select a target variable, and the system
suggests which datasets and columns are useful for
prediction. Another step is to enhance the system to
detect any anomaly in multivariate time series and
regions and show alerts to the user. A feedback loop
will be created where the user can label false positives,
improving the detection capabilities over time.

We developed a dashboard with interactive
visualization techniques to explore the relationship
between health and environmental-related data.
Additionally, we have used some forecasting methods
to predict COVID-19 deaths and cases, and we
have used evaluation metrics such as MAE, RMSE,
correlation coefficient, and confidence interval to
evaluate the performance of the applied methods. The
dashboard is suitable for exploring data sources and
hypothesis generation for predictors of various diseases.
With animal health data, we are currently investigating
the looming H5N1 epidemic in the USA (Centers for
Disease Control and Prevention (2024)). Also, we are
working on establishing causality with public health
emergencies.
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