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Abstract: Background: COVID-19 caused a pandemic, due to its ease of transmission and high number
of infections. The evolution of the pandemic and its consequences for the mortality and morbidity of
populations, especially the elderly, generated several scientific studies and many research projects.
Among them, we have the Predictive Models of COVID-19 Outcomes for Higher Risk Patients
Towards a Precision Medicine (PREMO) research project. For such a project with many data records,
it is necessary to provide a smooth graphical analysis to extract value from it. Methods: In this paper,
we present the development of a full-stack Web application for the PREMO project, consisting of a
dashboard providing statistical analysis, data visualization, data import, and data export. The main
aspects of the application are described, as well as the diverse types of graphical representations
and the possibility to use filters to extract relevant information for clinical practice. Results: The
application, accessible through a browser, provides an interactive visualization of data from patients
admitted to the intensive care unit (ICU), throughout the six waves of COVID-19 in two hospitals
in Lisbon, Portugal. The analysis can be isolated per wave or can be seen in an aggregated view,
allowing clinicians to create many views of the data and to study the behavior and consequences of
different waves. For instance, the experimental results show clearly the effect of vaccination as well
as the changes on the most relevant clinical parameters on each wave. Conclusions: The dashboard
allows clinicians to analyze many variables of each of the six waves as well as aggregated data for all
the waves. The application allows the user to extract information and scientific knowledge about
COVID-19’s evolution, yielding insights for this pandemic and for future pandemics.

Keywords: COVID-19; dashboard; data visualization; intensive care unit; Kaplan–Meier survival
curves; Lisbon hospitals; pandemic waves; PREMO project; statistical analysis; Web application

1. Introduction

COVID-19 is caused by the SARS-CoV-2 coronavirus identified for the first time in
humans in the city of Wuhan, China, in November 2019. This led to a pandemic, due to
its high number of cases and ease of transmission. This disease causes respiratory infec-
tions, flulike symptoms, and may evolve to more serious conditions, such as pneumonia
causing death.

The evolution of this pandemic and its consequences were reflected in the mortality and
morbidity of populations, leading to the development of several scientific studies and research
projects all over the world [1–11]. For instance, the study carried out by Florensa et al. [1]
was carried out in Lleida, Spain, and compared the Alpha variant, first detected in the
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United Kingdom, and the Delta variant, first detected in India. It concluded that the Alpha
variant was more aggressive, with a wider range of symptoms when compared to the Delta
variant, mostly due to the lack of vaccination, as the existing one was aimed at the Delta
variant [1]. The work of Amin et al. [2] compared the first five waves of COVID-19 in Tehran,
Iran. It showed that the aggressiveness of the virus, and consequently the probability of
death, worsened from the first to the third wave, in which the most serious cases were
identified. In the fourth and fifth waves, the gravity of the pandemic gradually decreased.

The work reported in this paper was carried out within the scope of the Predictive
Models of COVID-19 Outcomes for Higher Risk Patients Towards a Precision Medicine
(PREMO) research project, approved by the Institutional Ethics Committee of the Centro
Hospitalar Universitário de Lisboa Central (1043/2021, on 20 May 2020). PREMO aims to
develop predictive models for COVID-19 data, to promote faster and more accurate medical
decisions, to reduce serious events, faster recoveries, and a significant reduction in fatalities.
Previously, in the context of the PREMO project, Rekowski performed a study with data
from the first three waves of COVID-19 [12]. This study encompassed demographic, clinical,
and laboratory data of 337 patients with COVID-19 admitted to the intensive care unit
(ICU) of Centro Hospitalar Universitário Lisboa Central, in Lisbon, Portugal, from March
2020 to March 2021. It aimed to identify biomarkers related with the most severe events,
such as death in the ICU and the need for invasive mechanical ventilation (IMV).

Goals and Structure of This Paper

In this paper, we describe the development and functionalities of a full-stack Web
application, with visualization panels (dashboard) and statistical analysis of different
clinical data parameters, from patients admitted to the ICU of Lisbon hospitals, during the
first six waves of COVID-19 in Portugal.

The remainder of this paper is organized as follows. A description of the related work,
the state of the art and conceptual models regarding the extraction of information and
knowledge from data are provided in Section 2. Section 3 describes the requirements and
functionalities of the developed Web application and its architecture, explaining the key
decisions taken. Section 4 presents the development of the application, the languages and
tools used for that purpose as well as the deployment of the application. The experimental
results obtained with the platform, in the form of graphical representations, diagrams, and
statistical analysis are reported in Section 5. Finally, Section 6 presents conclusions and
provides directions for future work.

2. Related Work

In Section 2.1, we provide a description of the preliminary work carried out in the
context of the PREMO project. We address the first steps regarding the ICU COVID-19
data gathering from dispersed files to the construction of a database and its relational
model. Section 2.2 approaches a conceptual model that moves from data to information
and knowledge and its mapping to the current work. We also briefly describe examples of
dashboards for the study of COVID-19 with some resemblance to our proposal.

2.1. Preliminary Work on the PREMO Project—The Starting Point

The work reported in this paper arises within the scope of the PREMO project, fol-
lowing the study carried out by Rekowski [12] aimed to identify predictive biomarkers
for severe outcomes in the context of COVID-19, namely, death, in critically ill patients
admitted to the ICU. To this end, clinical, demographic, and laboratory data collected along
the patients’ stay in the ICU were analyzed. It is important to distinguish two different
types of data: longitudinal data (LD) and cross-sectional data (CD). In CD, there is one set of
measurements with multiple observations on the relevant variables, taken at approximately
the same point in time. In LD, records for the same entities are obtained over multiple
moments in time, making it possible to obtain information about the trajectory of variables
over time, as described by Molenberghs and Verbeke [13].
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To infer the evolution of the patients’ clinical condition in the first week of ICU hos-
pitalization, a comparative analysis was carried out between data from the second and
seventh day. The statistical distribution for the laboratory parameters of interest were
compared between the group of deceased patients and the group of patients who were
discharged. Survival analysis studies were also carried out, through the estimation of
Kaplan–Meier survival curves [14,15]. To compare survival curves for patients character-
ized by distinct risk patterns, according to biomarker cutoffs, for example, the cut-off point
that separates the normal and non-normal reference values of a biomarker, the log-rank
(Mantel–Cox) [16,17], Breslow (generalized Wilcoxon) [18,19], and Tarone–Ware tests were
carried out [20]. The analysis of associations between biomarkers and death was tested
using univariate models suitable for LD, acquired throughout the stay of patients in the
ICU. It was concluded that the patients who died were considerably older, had a larger
number of comorbidities, required more often the use of IMV support, and spent less time
in the hospital, as compared to patients who were discharged. This analysis was carried
out with standard software tools, and there was no programming involved.

As a first programming approach to support the study by Rekowski [12], the work of
Ribeiro [21] used data from the first three waves of COVID-19, from one hospital in Lisbon,
Portugal with the following objectives:

• To devise a relational database with the LD of the patients admitted to the ICU,
using scripts written in Python. The database was set up dynamically allowing rapid
adaptation depending on the number of biomarkers that may arise.

• To perform the necessary data transformations before being stored in the database,
without providing any dashboard nor visualization capabilities.

The data were initially stored in Excel files, with one file per patient, with each row
representing a biomarker measurement within the collection from the patient. The contents
of these Excel files were transposed to the database, after some data preprocessing steps. All
files were scanned, extracting the data, excluding columns with meaningless or erroneous
values. The devised relational database had the following tables:

• COLLECTION—identifies the patient, a collection date, and the service that requested
the collection.

• PARAMETER—stores different variables (parameters), such as the name of the labora-
tory, the parameter name, and reference values, among others.

• RESULT—the patient’s analysis results for each parameter.

The corresponding entity relationship (ER) model is depicted in Figure 1. Regarding
the COLLECTION attributes, the ID-PACIENTE attribute is a sequential number that identi-
fies a patient but hides their identity, under the General Data Protection Regulation (GDPR)
guidelines. Only the authorized hospital personnel can access the mapping between this
database’s ID-PACIENTE and the real patient identification.

2.2. Dashboards for COVID-19 and Clinical Data

A dashboard refers to the representation of useful information to the user. As stated
by Wexler et al. [22] “A dashboard is a visual display of data used to monitor and/or
facilitate understanding”. A dashboard is typically composed of graphs, diagrams, and
numbers providing adequate data visualization and interpretation. The proper use of
a dashboard on the data allows the extraction of information and knowledge about the
disease and the pandemic, according to the data, information, knowledge, and wisdom
(DIKW) model [23–25].

Some COVID-19-related projects also address the development of dashboards. Some
of them report the largest number of infections, number of recoveries, number of vaccina-
tions, number of deaths, among other indicators, to monitor the spread of the SARS-CoV-2
virus and its variants. An example of this type of dashboard is the one developed by
the Johns Hopkins University Center for Systems Science and Engineering [26]. Another
example is the COVID-19 Watcher dashboard to monitor the disease spread in the United
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States [27]. The dashboard developed by Ibrahim et al. [28], depicted in Figure 2, concerns
the management of infected and noninfected patients. The dashboard identifies the hospi-
talized patients’ location and their status through a color scheme. It allows users to monitor
patients in multiple wards and intervene when clinically necessary or to relocate patients,
yielding better resource management.

COLHEITA RESULTADO

PARAMETRO

ID_PACIENTE

DATA_COLHEITA

SERVICO_REQ

# (PARAMETRO)

NM_PARAMETRO

NM_ANALISE

GRUPO
PRODUTO

CONFLITOS

VAL_REF

ID_PARAMETRO

UNIDADES

1 .. n

1 .. 253

Figure 1. The original entity relationship (ER) model developed in the preliminary work on the techni-
cal report of Ribeiro [21], with entities named in Portuguese (COLHEITA translates to COLLECTION,
PARAMETRO translates to PARAMETER, and RESULTADO translates to RESULT).

Figure 2. Dashboard visualization for resource and patient management [28].

3. Proposed Solution—Web Application with a Dashboard

Regarding the evolution of COVID-19 in Portugal, we were not able to find any
publicly available dashboards nor a systematic analysis of the behavior on the six waves of
the disease. Thus, we decided to develop a dashboard for that purpose, since the interactive
visualization of data, wave comparison, and wave aggregation are valuable tools to study
the pandemic. Moreover, we decided to develop a full-stack Web application that allows
this analysis to be carried out through a browser, without the need to install additional
software, accessible anywhere in the world (with controlled access and anonymous data).
Section 3.1 describes the application functional and nonfunctional requirements. We also
depict the application’s key entities and the flow of information between them as well as a
brief description of the application architecture. The data preprocessing steps are described



Biomedinformatics 2024, 4 458

in Section 3.2 with the necessary extract, transform, and load operations. Finally, Section 3.3
describes the available data visualization graphs and diagrams as well as the details and
formats about the data importation and exportation operations.

3.1. Application’s Functional and Nonfunctional Requirements and Key Entities

The developed application has the following functional requirements:

• Aggregate data from all the COVID-19 waves.
• Data import and export, using text files and graphic files.
• Data visualization through various types of statistical graphs, such as line, bar, pie,

scatter plots, box plots, and survival curves.
• Download of graphics presented in various formats.
• Filling in forms to select the data to be displayed.
• Filter data by COVID-19 waves.
• Generate reports with statistical analysis.
• Users may have different roles for user management, such as adding, removing, and

editing (available to users with the administrator role).

The nonfunctional requirements are as follows:

• Authentication system, with proper storage of passwords.
• Data processing, according to their type—cross-sectional or longitudinal.
• Provision of the solution through a web browser.

The proposed solution’s key entities are depicted in Figure 3. The solution is composed
of a web server that provides the interaction with the user and an application server
that enables the logic and communication between the user and the relational database,
following a three-tier architecture [29,30]. We also used a nonrelational database to process
data to check on the status of data job processing tasks.

Figure 3. The key entities of the diagram for the proposed solution.

For the development of the application, we followed a three-tier architecture [29–31],
composed of the following layers:

• Presentation tier: concerns the dashboard, provided by the Web server, which in turn
provides the user interface.

• Logic tier: corresponds to the application server. This is in the intermediate layer,
which has the business logic and the processing of user inputs. This also constitutes
the connection between the two other layers.

• Data tier: uses a relational database server, in which the application’s persistent data
are stored.

3.2. Data Processing Phases and Storage in the Database

In the initial stage of this work, we found that data from two hospitals were spread
across different databases and Excel files. To gather all the data, we devised an extract,
transform, and load (ETL) process [32,33] composed of three phases as depicted in Figure 4.
The ETL process populates the relational database with data from the Excel files.
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Figure 4. Extract, transform, and load (ETL) process with three phases [32,33].

The first ETL phase imports the data from several sources into a single database and
removes duplicates and out of range values. The second phase is composed of data trans-
formation and labeling. Finally, the third phase involves the aggregation and description of
patient data. We devised these phases for our specific problem, but the implementation
was carried out in a modular way, such that it can easily be adapted to data from other
hospitals/countries.

Regarding the ETL process, it consists of a procedure to establish communication
between the application server and the ETL in an asynchronous way, through a message
queue, as this process may take hours depending on the quantity of data. In order to
make the data received on the application server available in ETL, a nonrelational database
(NoSQL) was used. The relational database, using the structured query language (SQL),
stores the application permanent data. The nonrelational database is mainly used to send
files from the application server to the ETL service and to inquire about the status of jobs
in processing.

3.3. Data Visualization Graphs and Diagrams, Importation, and Exportation

The application provides data visualization through graphs and diagrams by filling
out forms that allow data filtering. The available graphs and diagrams are:

• Bar and circular graphs, to analyze the absolute and relative frequency for the cate-
gories of nominal variables.

• Box plot graphs, to visualize the distribution of quantitative variables. In addition,
parallel box plots allow a data comparison between groups of patients. In both cases,
a summary of descriptive statistics is provided.

• Line graphs, to analyze the evolution of a parameter across the ICU admission. It can
be performed over a restricted group of patients.

• Scatter plots, to assess the correlation between two quantitative variables.
• Survival curves, to visualize the estimated survival probability of an individual living

longer than a certain time.

All of these graphs and diagrams, with the exception of line graphs, when it comes to
a special group of patients, allow the visualization to be isolated per COVID-19 wave. In
addition to presenting graphs and diagrams, the solution allows the user to export patient
data in a compressed comma-separated values (CSV) file, using filters such as patient
identifiers or a collection of dates. Importing new data while the application is running is
also available.

4. Development of the Three Tiers of the Proposed Solution

In this section, we describe the key aspects and choices taken for the development
of our solution. Section 4.1 discusses the details of the choices taken for programming
languages and libraries, from a myriad of available possible choices, for each one of the
three application layers. We address the technical choices and legacy issues that arise from
previous work. The Web server implementation, the page navigation strategies, and the
way the user inputs/outputs data and requests are described in Section 4.2. The application
programming interface (API) is described in Section 4.3, in which we detail all the modules
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that constitute the API and how communication flows between them. Finally, a discussion
on the deployment of the solution is the topic of Section 4.4, in which we address several
options for deployment as well as the reasons for our choice for this task.

4.1. Choice of Programming Languages and Libraries for Each Tier

This section discusses the choices of languages and libraries. For the presentation
tier, to develop the dashboard user interface, a Web application was considered, since it
does not require to install software, as it runs in a browser, being accessible anywhere.
Since it is a Web application, we chose the JavaScript language (version ECMAScript 2020),
which is interpreted, prototype-based, single-threaded, dynamic, and multiparadigm [34].
Additionally, it is one of the most used languages for Web development [35,36]. Since
JavaScript was adopted, we also decided to incorporate TypeScript (version 5.0), which is an
open-source language built on top of JavaScript. The TypeScript language has the concept
of type, unlike JavaScript, which is advantageous when dealing with large applications to
manage their complexity.

Regarding the libraries used to build user interfaces, React was the chosen library [37],
which is free, open source, and uses JavaScript. In this library, there is a great emphasis
on code reuse using components. In order to use components with some style, the React
Bootstrap library was also used. Based on the types of graphics and diagrams that the
dashboard exhibits, we searched for the most suitable libraries with free-access code. From
this search, some libraries were identified, namely D3 [38], Victory [39], C3 [40], Chart.js [41],
Recharts [42], and Plotly [43]. Out of these libraries, “Plotly” was chosen since it provides a
high level of flexibility in constructing graphics without a steep learning curve. The React
plotly-js library contains the React components for the Plotly library.

As for the logic tier, since it already has a component written in Python, that same
language was chosen. Therefore, it was necessary to choose a Python library to assist in
developing an application server. A search was performed for these libraries [44–47]. Out
of the libraries found, the following stood out: Flask [48], Django [49], FastAPI [50], and
Pyramid [51]. From these, FastAPI was chosen, as it has suitable documentation, and it is
simple to use.

Finally, the data tier is supported by MariaDB (relational database), as it was already
established from the previous work by Ribeiro [21]. Regarding the choice of the NoSQL
database, we found some solutions, such as CouchDB, MongoDB, Redis, and Cassandra.
Among these, MongoDB was chosen because it is a well-documented JavaScript Object
Notation (JSON)-based database, allowing the storage of files of any size (limited by the
computer file system).

Regarding the message queue implementation, we also considered several alternatives,
choosing RabbitMQ, due to its suitable documentation. The import functionality will not
be used very often, and as such a very specific queuing service is not necessary, as long as
its correct operation is guaranteed.

4.2. Web Server Implementation’s Key Aspects and User Navigation

The dashboard is provided by the Web server. This consists of an application that
runs in a Web browser following a single-page application (SPA) implementation. The SPA
concept implies that only one Web document is loaded and Hypertext Transfer Protocol
(HTTP) requests are made to change the content of the page to be displayed.

Figure 5 shows an example of a form to visualize the temporal evolution for a quanti-
tative variable. We observe a form component (marked in red) that contains several field
components (marked in green). The user inputs the fields marked in green, including the
patient ID. This ID corresponds to sequential numbers in the database and only the hospital
personnel can access the mapping to the real patient identification, under medical secrecy
and the GDPR guidelines. There is no possibility to identify the patients from the data
stored in the database and visible on the dashboard. Currently, the application supports
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multiple IDs entered as semicolon-separated values, e.g., to select patients 10 and 15 to 20,
one simply writes “10; 15–20” in the corresponding field.

Figure 5. Form to generate a line graph to analyze the evolution of a parameter, selected from a
drop-down list.

These form components use field components with the following contents:

• An error code, used by all field components to display an error message.
• A handler invoked when there is a change in the field.
• A list of selected options and values, for drop-down lists.

To provide drop-down lists, the React Select library [52] was used with a wrapper
allowing one to specify the maximum number of selected values.

Regarding the checking of field completion by the user, it is carried out each time the
user changes the content of the form, with the exception of dates, in order to display an
error message if something is not filled out correctly. Before making the request to the API,
all fields are checked again. In this way, the possibility of the user being able to change the
types of data in the HyperText Markup Language (HTML) document is taken into account.
If everything is filled out correctly, the respective request to the API is carried out. This,
in turn, also performs checks and, in the event of an error, it sends a response stating the
fields that are in error, thus generating error messages in the user interface.

Each graphic corresponds to a component that contains its design and a set of inputs,
named controllers, to check some aspects of the graphic representation, such as choosing a
specific COVID-19 wave or representing several individual graphics, one per wave. Each
chart component is made up of two components:

• MyPlot, composed by ModalDownload and Plot.
• Controller, where each graphic has a specific field to control the data. All available

graphics, except one, have one field that allows the user to choose a specific COVID-19
wave and another to separate the graph into many others where each one corresponds
to a specific wave.

The ModalDownload component allows the user to download a graphic by presenting
a form with a text box to enter a name, and a list to choose the desired format of the image
to be downloaded in one of the formats available in Plotly: SVG, PNG, JPEG, and WebP.
To achieve this download, the MyPlot component adds a new button to the config object,
which is inputted into the Plot action. By clicking this button, the ModalDownload modal
is activated, which in turn displays the corresponding form.

The second component used by MyPlot is Plot (from the React Plotly library), which
is used to draw graphics with the provided data. This Plot component inputs three
parameters:



Biomedinformatics 2024, 4 462

• Data, which refers to a list of objects, with the graphics to be drawn. These objects
indicate the values on the XX-axis and on the YY-axis, type of graphics, content of
legends, colors, and others.

• Layout, an object that holds information about the layout of the “page” in which the
graphics are drawn, such as the dimension, title, name of the axes, borders, annotations
(strings that can be placed together with the graphics), shapes (such as straight lines,
that can be added to graphics) as well as other fields.

• Config, an object that allows one to define properties such as buttons in the menu and
also interactivity with the graphics, such as scrolling to zoom in and out or add or
remove buttons in the button menu, among other actions.

There are several components that use the MyPlot component, which are responsible
for processing the data in such a way that MyPlot can exhibit the desired graph. There is
one of these components for each type of chart available in the developed solution.

4.3. API Implementation and Module Organization

The application server, written in Python, is composed of several modules with
organization, scalability, code reuse, and dependency injection. These modules are:

• Endpoints, with the application’s routes and handlers.
• Services, holding the contracts and specific implementations of the services that handle

the application logic.
• Data access layer (DAL), with contracts and their specific implementations, to deal

with the database access logic.
• Data transformation objects (DTO), having objects used to pass information between

layers, between the business layer and the data access layer, or between servers.
• Exceptions, the exceptions that may be raised by running the application.
• Utils, which contains utility functions for the entire application.

In Figure 6, we have the structure diagram of the application server. The user makes
requests to the application using the HTTP protocol, available in the endpoints module.
This module forwards this request to services which perform checks on input parameters
and business rules then communicates with the DAL module to obtain information from
the database.

Figure 6. The application server structure diagram and its most important modules.

4.4. Solution Deployment—Making the Solution Available

The implementation phase of a computer solution constitutes one of the final steps
of the application development and testing. Without deployment, there is no solution
available to users.

After the development of an application, it is necessary to perform its deployment
making it available to users. Application deployment is the process of installation and
updating, which allows the availability of one or more applications for use, through, for
example, a URL on a server [53].
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The application is intended to be accessed privately, being available on an internal
network by medical doctors who have the expertise to analyze the results generated by the
dashboard. However, by using a virtual private network (VPN) access with a given set of
credentials, one can access the application from anywhere. The main application contains
the different applications developed in the project, such as the API (written in Python) or
the graphical part of the dashboard (written in JavaScript).

There are several tools and services that allow applications to be made available, and
a search was carried out on the following ones. The tools considered in this search were:

• Serve [54], a module written in JavaScript that allows applications to be made available
in React.

• Nginx [55], in addition to serving applications, can also function as a load balancer
and reverse proxy.

• Tomcat [56], which is an Apache project that acts as a Java Web server.
• Docker [57,58], used to create, deploy, run, update, and manage containers, isolated

from various applications, through virtualization.
• Heroku [59], used to build, run, and operate applications in the cloud.
• Google App Engine [60], which is a cloud service to develop applications.

Among this set of tools, Docker was chosen, as it allows one to decouple the different
applications and run them separately. It also creates an image to facilitate the creation of a
new application process. Docker containers consist of a package of everything necessary
to run an application, such as the source code, libraries, dependencies, or configuration
files. Containers run in isolated processes, created and managed by Docker, which in turn
is an application running on an operating system. Figure 7 depicts the container diagram
devised for the developed solution. On the container diagram, we have Traefik, which
provides the Hypertext Transfer Protocol Secure (HTTPS) implementation. Traefik is an
open-source reverse-proxy HTTP, load balancer that allows the creation and renewal of
Transport Layer Security (TLS) certificates [61].

Docker

API

MongoDB

ETL
Rabbit
MQMongo-

express

Traefik

Dashboard

Nginx

Figure 7. Container diagram for the developed solution.

Figure 8 shows a screenshot of the application running with the Portuguese interface,
after authentication with the VPN of the Polytechnic of Lisbon. The PREMO project has
ongoing research and development until 31 December 2024. Upon the project conclusion,
the application will be deployed and hosted at a proper location.
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Figure 8. The developed solution running at our institution, with the Portuguese interface, upon
VPN authentication.

5. Data Visualization Graphics, Diagrams, and Statistical Analysis

This section shows the dashboard interface, functionalities, output graphics, diagrams,
and statistical analysis provided by the application. Section 5.1 shows the landing page
of the application after user authentication. It also shows how the user inputs a request
to retrieve and visualize cross-sectional data and to generate the corresponding graphics.
The visualization of a patient’s cross-sectional data with different graphics is provided in
Section 5.2, with several examples of graphics. In Section 5.3, we display some examples
of survival curves and line plots, in different test scenarios, corresponding to longitudinal
data. Finally, Section 5.4 provides a discussion on the use of the reported graphics and on
how they can aid in dealing with the disease.

5.1. Dashboard Landing Page and Request Input Page

The dashboard contains several pages for the different features available. In Figure 9,
the application’s home page is shown with the number of patients and number of collections
for the six COVID-19 waves. The horizontal navigation bar is also displayed, containing the
application title and a button to end the session, as well as the left-side vertical navigation
bar to switch between different pages, after authentication. It shows the view of a user with
an administrator role. This type of authentication also allows user management.

Figure 9. Overview of the application interface on its landing page. By default, it displays the global
indicators of the six waves, with the total number of patients and collections.
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In Figure 10, the page containing the form to be filled out is shown to present the
graphical representations for cross-sectional data, such as circular/bar graphics, box di-
agrams, and scatter plots. On the left-hand-side graphic controls, the user inputs the
patient ID, interval dates, and other parameters to request the data. Depending on the
type of parameters selected on the drop-down list located above the Visualize button, the
corresponding type of graphic is displayed in the white area in the middle and on the
right-hand side of the window.

Figure 10. Page to display graphics from cross-sectional data. The users input the request for data on
the form located on the left-hand side and the corresponding graphic is generated in the middle and
on the right-hand side of the window.

5.2. Graphical Representations for Cross-Sectional Data

Graphics from cross-sectional data report statistical information related to a given
moment in time, for quantitative or qualitative variables. The dashboard provides three
types of graphs with cross-sectional data, namely, pie charts and bar charts, scatter plots,
and box plots. For each graphic representation, it is possible to visualize the data by
COVID-19 wave, by choosing the corresponding selector on the dashboard form.

5.2.1. Pie Charts and Bar Charts—Observing Absolute and Relative Frequencies

The pie charts and the bar charts allow the user to observe the absolute and relative
frequency of each category for nominal variables. In Figure 11, we have a pie chart with the
percentage of male and female patients, per wave. The same data are shown in Figure 12
using a bar plot.

5.2.2. Scatter Plots—Assessing Statistical Correlations

Scatter plots are constructed from two quantitative variables and allow the user to
visualize the distribution of the point cloud corresponding to the joint observations of
the bivariate sample, according to the user’s selection. Scatter diagrams are useful to
visually check for the existence of correlation between two quantitative variables. An
example of such a graph can be seen in Figure 13, showing the correlation between the
C-reactive protein (CRP) and lactate dehydrogenase (LDH). We also display the Spearman
correlation coefficient values. In Figure 14, we can observe this analysis isolated per
wave. It is interesting to notice the changes in the correlation coefficients across the several
waves. This tool also allows the graphical representation of ratios calculated based on some
parameters of interest. For example, the neutrophil-to-lymphocyte ratio (NLR), which has
been found to be predictive of outcome in COVID-19, as stated by Prozan et al. [62].
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These graphs are processed identically to circular graphs. To avoid the graph genera-
tion being too cumbersome due to the possible high number of points to be generated, we
resorted to the Plotly WebGL engine.

Figure 11. Pie chart with the percentage of patients per gender, per wave.

Figure 12. Bar chart with the count and percentage of patients per gender, per wave.

5.2.3. Box-Plot Diagrams—Comparing Groups of Patients

Another available functionality is the observation of individual or groups of box-plot
diagrams. The representation of several box plots allows a comparison between different
groups, as can be seen in the example of Figure 15, in which the distribution of the CRP
level by gender is observed, including the p-values from the statistical hypothesis test to
compare the CRP distribution values by gender. It is also possible to visualize these data,
isolated by waves, as depicted in Figure 16. In this case, we also observe a distinction in the
p-values across all waves.
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Figure 13. Scatter plot for the correlation analysis between CRP and LDH, for all waves. We display
the Spearman correlation coefficient value.

Figure 14. Scatter plots for the correlation analysis between CRP and LDH, per wave. We display the
Spearman correlation coefficient value for each wave.

Figure 15. Box-plot diagram for the comparison of the distribution of CRP levels by gender with a
p-value obtained through the Wilcoxon–Mann–Whitney test [63].
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Figure 16. Box-plot diagrams for the comparison of the distribution of CRP levels by gender, for
each wave.

5.3. Graphical Representations for Longitudinal Data
5.3.1. Kaplan–Meier Survival Curves—Estimating Survival Probability

Survival curves are graphical representations of the estimated survival functions.
These functions, in turn, estimate the probability of an individual surviving longer than
a certain time. In our analysis, we have patients admitted to the ICU, and the time is
measured in days spent in the ICU. The survival curves used in this application are based
on the Kaplan–Meier survival estimator [14].

Figure 17 presents survival curves for groups of patients that correspond to the two
classes of a nominal variable, which in this case is the gender. We also report the results
of the Breslow test [18,19]. A functionality of great interest for clinical practice which is
also available in this application is the joint visualization of survival curves for groups of
patients associated with risk patterns. These risk standards are defined by cutoffs applied
to quantitative variables, as shown in the example presented in Figure 18. In our analysis,
the cutoff values were provided by the clinical experts of the hospital laboratory. Thus,
these values were defined externally by a medical decision; the cutoff value can easily be
entered and configured in the application.

Figure 19 shows four survival curves, each one corresponding to a group of patients.
In this example, the groups are defined by categories of two variables, the gender with
two categories and the categorical variable myoglobin associated to a clinically relevant
cutoff point. The categorical variable myoglobin was obtained by encoding the quantitative
variable myoglobin, using the cutoff point of interest. We can also isolate the curves by
waves, as shown in Figure 20, which represents the curves, by gender, per wave.

We found no libraries available for generating these survival curves in JavaScript
like those available for Python. Thus, they are generated in the API and not in the user
interface. The groups of patients are defined by the categories of the nominal variables
and/or the cutoff points used to categorize quantitative variables, referring to information
on the first day of admission to the ICU. The tests to compare the different curves are also
generated in the API. Once the points of the curves are found in the user interface, a line
graph is generated.
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Figure 17. Kaplan–Meier survival curves, by gender, with Breslow test results [18,19].

Figure 18. Kaplan–Meier survival curves, by groups defined by the myoglobin cutoff, with Breslow
test results [18,19]. The cutoff value was externally established by the medical team from the hospital.
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Figure 19. Kaplan–Meier survival curves, by groups defined by gender and myoglobin cutoff, with
Breslow test results [18,19]. The cutoff value was externally established by the medical team from the
hospital.

Figure 20. Kaplan–Meier survival curves, by gender, per wave, with log-rank (Mantel–Cox) [16,17],
Breslow (generalized Wilcoxon) [18,19], and Tarone–Ware tests [20].

5.3.2. Line Graphics—Analysis and Comparison of Parameter Evolution

Line graphics use line segments to connect different points. These graphs show the
evolution of some variable (ordinate axis) depending on the value on the abscissa axis.
We use these graphs to represent the evolution of a given parameter for different patients,
throughout the period of stay in the hospital ICU. We provide two variants for these graphs:
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• One to analyze the evolution of a parameter for different patients, as shown in
Figure 21.

• The other one analyzes all aggregates, shown in Figures 22 and 23, isolated by waves.

Figure 21. Line graph with pH time course (daily maximum), for two patients.

The generation of these graphics demands a high level of processing, given that to
each patient must be assigned a single value per day in the ICU. If a single daily value is
available, it is used; otherwise, the median of the daily values is used.

Figure 22. Line graph with pH time course (median of daily values), for all patients.



Biomedinformatics 2024, 4 472

Figure 23. Line graph for pH time course (median of daily values), for all patients, per wave.

5.4. Discussion on the Use of Reported Graphics

We now provide some insights on how the use of the application and the graphic
analysis is helpful to acquire information, knowledge, and wisdom from the disease. First,
as described in Section 5.1, we designed the interface of the application in such a way that
it is intuitive for the intended users, the medical doctors. We chose fonts and colors that are
easily readable in any platform and operating system. The user inputs requests on the left-
hand side and the output is in the middle or on the right-hand side. The representation of
cross-sectional data, reported in Section 5.2, allows for different analysis scenarios, such as:

• Observe the frequency and percentage of the admission of patients to the ICU, among
the COVID-19 waves. For instance, Figure 12 shows that the third wave was the
one with more ICU admissions. On one hand, throughout the third wave, the Alpha
variant was related with a larger rate of deaths in the ICU, when compared to the Delta
variant, which probably led to a greater number of admissions to the ICU and more
severe conditions of the disease, affecting the older population still not vaccinated. On
the other hand, the number of ICU admissions in the fifth and sixth waves decreased
significantly. This fact must be related to the appearance of other variants and the
availability of vaccines to most of the Portuguese population [1].

• Check for correlations between parameters of the medical tests conducted on ICU
patients. From the literature on COVID-19, we know that there exists a correla-
tion between some parameters. By analyzing graphs such as the ones reported in
Figures 13 and 14, we can confirm existing known correlations or discover new ones.
Additionally, we highlight that this tool allows users to calculate ratios between pa-
rameters, allowing them to explore their association with more severe events, in the
context of COVID-19 patients. Available examples in our tool with a recognized clini-
cal interest are neutrophil-to-lymphocyte and platelet-to-lymphocyte ratios, found to
be markers of inflammation and prognosis for more severe states of COVID-19 [64].
Moreover, with the ability to separate the data by wave, we can also look for correla-
tions between parameters and their changes in different waves.

• Check for statistical significance between relevant data comparisons. This is a key
feature of the developed application, since it provides a strong notion about the
recorded analysis numbers and whether they are statistically significant or not. For
instance, the box plots in Figures 15 and 16 are examples of this case.
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The representation of longitudinal data, reported in Section 5.3, can be an added value
in research and clinical decision-making as follows:

• Perform an analysis of the survival data. The analysis of the graphics in
Figures 17 and 18 allows one to observe and compare the survival probability of
patients in both groups, along the ICU stay. For example, the clinician can visually
compare the median survival time, by group, or understand which of the two groups
of patients experiences a larger number of events in the first week of ICU admission.

• In Figure 19, we illustrate the possibility of visualizing and comparing survival curves
that correspond to a stratification of the sample into groups defined by criteria of
clinical interest, such as normality/non-normality values of certain biomarkers.

• Analyzing Figure 20, we gain a clear notion of how the survival probability drops
with the increase in the number of days in the ICU, per gender and per wave. This
may lead to a treatment adjustment and better resource management in the ICU. In
addition, this graphic highlights the different characteristics of survival data per wave
of COVID-19.

• The visualization of Figures 21–23 allows the clinician to obtain information on the
clinical practice biomarkers’ trajectory. Many studies address the importance of
analyzing the association between death and certain biomarkers’ trajectory patterns.
For example, Chen et al. [65] modeled the longitudinal trajectories of laboratory
biomarkers and made dynamical predictions on individual prognoses.

6. Conclusions

COVID-19 caused a period of pandemic, due to its ease of transmission and large
number of infection cases. This disease had severe consequences on the mortality and
morbidity of populations, especially the elderly. The disease affected populations in waves,
and the consequences of each wave exhibited some differences. To understand the disease
and its behavior, it is important to analyze the data collected during the pandemic period
in patients admitted to the ICU. One adequate way to analyze the data is by using graphics,
filtering the data by waves or by aggregating all the waves.

In this paper, we described the development of a full-stack Web application for the
purpose of visualization of different aspects of the COVID-19 data from patients admitted
to the ICU. Our solution consists of a dashboard accessible by a browser, without the need
to install additional software. The dashboard generates different types of graphics and
provides functionalities for data importation and exportation. We used the React library,
where the various graphics created with the Plotly library in JavaScript are available. This
interface communicates with an API written in Python and built on the FastAPI framework
to extract the necessary data from the database. These three entities follow a three-tier
architecture. A reverse proxy is used to redirect requests to the Web server and the API.
The different parts that compose the application are available through Docker containers
and the application is already available on our virtual private network.

The application supports importing new data while running. For that purpose, we
resorted to an asynchronous communication mechanism between the API and the ETL
process, with the RabbitMQ message queue coupled with a nonrelational database. We
devised an extensive ETL process, for each type of data, by removing unnecessary columns,
duplicate observations, or meaningless values.

The application allows clinicians to visualize graphics and diagrams promoting faster
and more accurate medical decisions, to reduce serious events, faster recoveries, and a
reduction in fatalities. Since we worked with data from patients admitted to the ICU on the
first six waves of COVID-19 in Portugal, the use of the platform provides a large degree of
information and knowledge about COVID-19.

Future Work

The solution herein reported will have improvements to existing functionalities as well
as new ones. In fact, this is the first release of the application with the key functionalities.
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The PREMO project is ongoing until 31 December 2024, and the research team of PREMO
expects to continue to develop and to improve the application functionalities.

After the PREMO project concludes, we will move (host) the application to a new
permanent address. Hopefully, at the end of the project, we will have a version of the
application that requires only a few maintenance tasks, since the main focus will be on
inserting/updating the data. We believe that it will be possible for the hospital IT team to
keep the application running.

Regarding new functionalities, we plan on editing configuration files from the dash-
board with the list of parameters to analyze, changing the parameter transformation rules,
and defining the categorization parameters. It would also be interesting to insert data relat-
ing to therapy into the database, with patient identification, the medications administered
to the patient, and their start date and end date. We can also consider adding predictive
models with existing data, already transformed by the ETL process, to provide suggestions
to users.
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