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Abstract

In Brazil, approximately sixty million people suffer from or acquire some type of disease daily. However, the average time
for blood count diagnoses, used to identify many of these diseases, remains very lengthy. This can lead to the worsening
of conditions and delays in care, as well as a decrease in the patients’ quality of life. Moreover, in some cases, the waiting
period can result in irreversible situations and even the death of the affected individuals. In this landscape, technological
tools such as artificial intelligence software can help reduce the time taken for diagnostic reporting. In light of this, the project
involves developing software to assist in the analysis of blood counts and optimize medical diagnoses. For this purpose, the
methodology was divided into three stages. In the first, titled ”Medical Standardization”, a survey of the standard variables
related to diseases that can be identified with the help of blood counts was conducted. Among the findings, diabetes,
anemia, leukemia, dengue, polycythemia, tuberculosis, leprosy, meningitis, chlamydia, schistosomiasis, spotted fever, and
malaria were the main diseases detected. Furthermore, hemoglobin, leukocytes, platelets, glucose, cholesterol, ions, and
hormones were the key findings concerning the primary blood indicative factors for the mentioned diseases. In the second
phase, the theoretical and practical foundations of the software were developed, based on artificial neural networks. In
Python, regression models were also crafted to check the feasibility of the analyses. Finally, the last stage consisted of testing
with real datasets, based on 1,227 anonymized blood counts. Among the artificial intelligence algorithm models tested,
Support Vector (0.02) and Multiple Linear (0.61) had the lowest performances, while Polynomial (0.97), Random Forest
(1.0), and Decision Tree (1.0) showed the best results. Given that the Random Forest and Decision Tree regression models
achieved an accuracy of 1.0, while the Polynomial model scored 0.97, Support Vector 0.02, and Multiple Linear Regression
0.61, it is concluded that the blood count analysis system, with Python tools like regression, proved to be highly efficient.
The closer the R? value is to 1.0, the better the programming fits the model, ensuring accurate analyses. Aside from that,
in order to expand the number of analysis possible to do be done we decided to use a second tool called ”classification”,
with which we made a bigger dataset to be used as a model to identify blood related diseases and the behavior of complex
and diverse diseases. With that in mind, we performed a second evaluation of the models by doing an accuracy test, scored
87 percentage points and with a confusion matrix. With those results, we verified that the high performance of the tests
indicates that Artificial Intelligence can be avaunt-guard to the elaboration of more efficient medical diagnosis, improving
people’s lives quality and, overall, lowering the number of deaths in our country.

Key-words: Deep Learning; Neural Networks; Medical Diagnoses; Blood Counts.



Introduction

In Brazil, the queues for public medical care have a one year and four months estimated waiting line (ALMT, 2020). This
is a worrying fact, especially when considering that between the eleven main death causes in the country, eight are diseases
that might many times need medical assistance (IHME, 2018). This scenario often results in the worsen of the medical cases
and the long waiting time for assistance, leading to a lot of downturns in the patient’s quality of life. Besides that, time
can be a determining factor when it comes to discovering diseases and finding the right diagnosis, may resulting in cases of
death, as showed previously. With that in mind, the importance of early diagnosis is clear to the patients life, being the
waiting lines an impaction problem that needs to be solved quickly.

Thinking about that, the technological resources, such as Artificial Intelligence (AI) softwares, can help to optimize the
emission timing of the diagnosis, specially related to the complete blood count exam (Figure 1). This two resources, when
combined, can analyse a huge variety and quantity of data, that, by themselves, can identify and understand the disease’s
behavior more rapidly. With that, the softwares represent a plausible solution to the delay mentioned, helping in the diagnosis
proccess.

1 Context

1.1 Complete Blood Test

Medicine is an area with an exponential growth. By being a
very broad study, new techniques, methods and equipments
are developed everyday. With that, very recent fields such sempre quis saber ...

as genetics, nuclear medicine and bioengineering are depart- Caunits 6 Relto um sxmme Ds sangie?
ments that need and work a lot with innovations (ALCAN-
TARA, 2019). Deeper into that, medical diagnosis field is o

an extremely relevant area today, that claims and invests a e 4 -
lot in new was of discovering and visualizing diseases. T
According to a publication done by Hospital Israelita Al- iii AT,

bert Einstein (HIAE, 2023) in their official website, complete
blood exams are extremely important during the patient’s =
daily life and checkups. They work through a sample of 0= @«
blood from a determined patient using a needle and a collec- @« '
@ |T

tor. Stating there, the components present inside the blood
collected will be analyzed, usually, with a numerical counting
of each variable in the blood sample and with a correlation
with an expressed number of reference. Between the ele-
ments that are studied it is possible to see: red blood cells, Figure 1: Complete Blood Exam - Basic procedures needed to
white blood cells and platelets. be done during the exam.

The blood exams also have the counting of five types of ~Available at: https://encr.pw/TALQZ Accessed on 16th nov 2024
white blood cells (Neutrophils, Eosinophils, Basophils, Lym-
phocytes and Monocytes). Besides that, they can include an
evaluation based on erythrograms and leukograms.

The Neutrophils are blood cells, also called polymorphonuclear leukocytes, responsible for phagocytose strange substances
and adverse to the intracellular surface. This cells are produced in the bone marrow during a process called granulocytopoiesis.
The erythrograms evaluate the red species (red blood cells),
through hemoglobin dosages and cell counting. With that,it
: = allows the diagnose of polyglobules (FAILACE, 2015), dis-
Hematological values of reference in eases very frequent due to the small quantity of red blood

adults cells in the sample being researched.

While that happens, leukograms are responsible for the

check up of white blood cells. This part of the exam counts
: _ . with an analysis of the cell’s format, beyond doing a second

Hemoglobin pldl J 13,5-1,5 . . . . . el e 9.
Haematocrit | @y | ' i counting. Taking that into consideration, it is indicated to
Leukocytes | xwm | Tl ' diagnose infections, leukemia and other diseases related to
VGM | n 2.9 the deformation or anomaly in the quantity of white blood
HGM | P8 | 29,5-2,5 | cells.
Lol =W et In order to have a correct diagnose, it is necessary to
RDW - perform an analysis with values of reference, especially sex,
22 age, physical activity, etc (Figure 2). Being those parame-
ters, due to that, essential to determine the normality of the
cases.

In addition, Dutra (2020) study reveals the importance
of blood tests in the early diagnose of leukemia. According

Figure 2: Values of reference used in the blood analysis related ~to the author, a study realized in the service from the depart-
to the biological sex ment of oncology from Sao Paulo has shown that in a huge

Available at: https://dante.pro/deeplAccess20nov2024.
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quantity of cases of leukemia the blood exams presented a

huge amount of information that allowed the identification

of the disease or the suspicion of its presence. From that, it
was concluded that the blood tests are exams with a great potential to diagnose leukemia, serving as a base exam to this
disease.

In that sense, it is evident that the blood tests can be important auxiliary tools to identify many different diseases
(ROSENFELD, 2012). That’s due to the fact that they present valuable information about blood components that may vary
a lot depending on the existing condition.

The importance if the blood exams amplifies in medicine working as an essential and practical information device
(ARAUJO, 2022). It is necessary to highlight the quick identification of oncological diseases in UPA’s activities (public
health units), showing the aid provided to the doctors, especially with the description of anomalous leukocytes , blastocoels
and abnormalities in the granulocytes series. With that, there’s one more example about the exponential using of this type
of exam to identify health conditions.

1.2 Artificial Intelligence

Artificial Intelligence (AI) is one scientific area that has the

objective to simulate human activities in digital platforms.

According to the Singapore Computer Society, this intelli-

gence uses smart systems and machines to make activities

O Antificial Intelligence that were once dependent on human intelligence and action.

D’"’L“.ﬁ";;',‘}i:?gﬁ';f:qﬁrﬂﬁ::,','f:,::ﬁf;:::.‘m Between the many tools of Al, there is Machine Learning,
Deep Learning and Softwares (LYU, 1996).

Thinking about that, one of the applications of Al is
related to the medical diagnosis and the exam analysis.
Between them, one exam that allows many diagnoses is
blood exams. In it, information such as quantity of glucose,
hemoglobin, leukocytes, plaques, quantities of hormones,

© Deep Learning .
Uses an artificial rieural minerals, water and many other substances can be detected.

With that, while using artificial neural networks - method of
processing data - the information collected serve as “input”
of the system (first entry), the comparisons between the data
patterns with the intern layer and, finally, the result of the
analysis as an "output” (or last exit).

Figure 3: AI (1); Machine Learning (2) e Deep Learning 1.2.1 Adequate usage of Al

Available at: https://llnqg.com/VZ8AzAccess20nov2024. The adequate usage of Artificial Intelligence allows to com-

plete many different tasks, but, at the same time, it carries

with it great responsibilities while being used (THIEBES;

LINS; SUNYAEV, 2021). Due to that, Al was divided in
five types of uses that must be taken into considedration during its execution and activity time

With that in mind, the principles mentioned are:benefits with no prejudice, autonomy, justice and relevance.

The first term ”benefits with no prejudice” relates to advantages brought by Al to the daily life in a way that it does not
prejudices other people, institutions, profiles, among others. The use of this intelligence should be done with caution, always
achieving the objectives of conduct on the internet, without violating digital rights, authorship, with responsibility, and in a
way that benefits all those involved. Meanwhile, autonomy refers to the process of independence generated by its use, as this
new technology becomes an efficient way to accomplish tasks that were previously complicated and difficult. In light of this,
its users are able to be autonomous in their projects while also being responsible for their outcomes. Justice, an important
term that forms part of the principles, is directly related to the constitution of the current countries and digital regulation.
The internet often becomes a ”no man’s land,” being used as a symbol of liberation through masks (pseudonyms) and without
accountability for the facts. (DE SOUSA, 2013). Therefore, from this, justice should be used as a means of overseeing digital
activity.Finally, the concept of relevance is closely related to the objectives of using Al, presenting reasonable arguments for
its implementation in appropriate platforms and locations.

Based on them, the correct use of Artificial Intelligence can be carried out in a way that does not harm any user and does
not compromise the ethics of the project. From this, one can think of a usage method that follows the principles established
in the article, such as the softwares — a sequence of digital instructions to perform a specific task, constituting a program
— for example.

1.2.2 Functioning

Moreover, Al models are determined by machine learning. An essential step for these programs occurs through the training
of equipments with programmed scenarios, often involving various possibilities of actions and data.(HASHIMOTO et al.,
2018). With each scenario introduced, the programming directs the computer to evaluate the necessary actions, and through
a system of checks and error, it automatically learns about the required steps.



There is also the growing use of this programming in medicine, particularly in the fields of endoscopy and surgery
(HASHIMOTO et al., 2018) that require training for both doctors and equipment, especially for the proper use of the
technology. This fact can also be confirmed by the works of Johnson et al. (2018) ¢ Chang et al. (2019), both addressing
the application of new technologies in medical fields, specifically in cardiology and pathology.

1.2.3 AI on daily life

Regarding the use of Al systems in cardiology, we can mention the standardization of cardiological exam algorithms, the
organization of waiting lists and patients, devices such as pacemakers, and more. Thus, this is an emerging area for new
technologies to operate, primarily because it has a large structure of exams and operational sources that can be enhanced
with technological use (Figure 4).

While that happens, in pathology, Al works through the visualization of cells and the recognition of morphological
patterns by a computational program, for example. As mentioned, clinical, radiological, and genomic information are often
used by those programs, which is fed into deep learning systems that will be explained further.
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Figure 4: Using of Al in medical fields
Available at:https://doi.org/10.1016/j.jacc.2018.03.521 Accessed on 26 nov 2024.
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Figure 5: Simulation of a machine learning program
Available at:https://dante.pro/ml Access on 26 nov 2024.

Within the field of Artificial Intelligence, one can find Machine Learning — serving as a kind of subdivision - which includes
the ability of programs to learn to recognize patterns and information. They primarily operate through training with data
and problem-solving, without human interference. (JANIESCH; ZSCHECH; HEINRICH, 2021).



Such a system, with tests and examples, can, thus, contribute to the quick solution of problems that require the identi-
fication of data, information, images, and patterns in our daily lives.(RUDIN et al., 2022). In this way, Machine Learning
programs, usually, make daily tasks faster and more efficient.

In this scenario, these systems function through pattern recognition, similarly to how humans do during their development
or growth(JANIESCH; ZSCHECH; HEINRICH, 2021). With that, the machine interacts with the data and programming,
drawing conclusions based on its training, and even being able to predict outcomes. This represents a form that goes beyond
the general limits of Artificial Intelligence.

1.3.1 Tools

The field of Machine Learning can be divided into several tools. The first of these includes Artificial Neural Networks, which
will be discussed in more detail later in this report.

Artificial neural networks, as the name suggests, simulate the human nervous system in programs with interconnected
data, information, scenarios, or references (WU; FENG, 2018). These elements are processed in the model’s internal layers,
which act as a kind of filter. It is at this stage that some patterns between the data are established, contributing to the
machine’s learning process. With the patterns in place, the program provides, as a response and final result, some predictions
made based on the correlations found, thus offering increasingly accurate results as the number of correlations increases.

There are also methods such as linear models. In these systems, the program is induced to establish linear relationships
between the data (SU; YAN; TSAI, 2012).Normally, the information to be analyzed has a direct dependency on one another.
This means that when one is altered, its dependent counterpart also changes, revealing a pattern of direct influence that, in
Machine Learning, can be used for the machine’s learning process.
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Figure 6: Different types of human intervention in Al
Available at:https://doi.org/10.1007/s42979-021-00592-x Accessed on 26 november 2024

There are several forms of supervision within this field, which can include varying levels of human influence on the results
and tests, from greater to lesser involvement (SARKER, 2021). Currently, Machine Learning and Deep Learning systems
are used in various areas of daily life. An example of this is their use in security systems, smart cities, online commerce,
healthcare centers (the focus of this project), and agriculture.

These examples highlight the relevance of Machine Learning systems, which are increasingly influential in the contem-
porary world. Besides that, a research made by ”Estadao” (Brazilian journal) in April 2024 demonstrated that AI could
generate savings of 25 to 50 percent in terms of time and costs during the pre-clinical phase of development.

1.4 Deep Learning

Deep Learning is another division inside AT and Machine Learning. This area’s main objective is to reach conclusions and
results without the need for human interference. To achieve this, artificial neural networks are used, an important tool that
operates through ”input” (data entry) and ”output” (data exit) ( Dong et al.2020).

With this in mind, Deep Learning, by operating specifically in a particular area of machine learning, allows programs
to learn on their own. This can greatly contribute to the machine’s understanding of medical data, making it even more
efficient in its function.

1.4.1 Performance

Deep Learning often outperforms other AT models and even human activity in terms of performance (Liu et al.2020).This is
due to the machine’s deep learning process, which incorporates not just a single layer of relationships but multiple layers,
forming a more complete analysis. Additionally, in deep learning programs, it is often not necessary to adjust the dataset,



allowing work with "raw” data as well (MAYERICH et al., 2023). With this in mind, these models are typically used on a
large scale for high-importance issues that require the use of various types of data, such as images, PDF's, graphs, etc.

1.4.2 Usage

Currently, deep learning is increasingly present in the daily life of large cities, being widely used in medicine, particularly
with image-based exams (SUGANYADEV et al., 2021). Additionally, the authors emphasize the importance of digital
resolution systems in medical fields. It has been observed that these models are strongly utilized in areas such as neurology,
pathology, pulmonology, orthopedics, and more. Typically, deep learning is used in disease diagnosis and exams, as seen in
the identification of certain factors in images of organs, for example.

A great advantage of this type of programming is its diagnostic processing time. In a matter of seconds, multiple images
are often processed and identified, which greatly facilitates efficient medical care.
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Figure 7: How models of deep learning work
Available at: https://solvimm.com/blog/o-que-e-machine-learning/ Accessed on 26 nov 2024.

In the previous image, we have a simple example of an analysis using Deep Learning (Figure 7). First, there is the
identification of a problem or scenario that will be developed in the program. In the case of the image, the problem would be
identifying the ”apple” algorithm in a data sample. This analogy is simple, but it is important to emphasize the significance
of this step in building the model, as without it, there is no clear direction regarding the action that should be taken with
the input data. After that, in the internal layers of the programming, the best tool is selected to perform the desired task.
In this context, the task would be to identify the presence of the algorithm. The model then begins to test various analysis
patterns on the data set until it successfully identifies the desired item. Finally, with the tests that were able to perform the
task, a sort of pattern is created, making the machine increasingly capable of executing the same command. The final step
involves presenting the data containing the algorithm or installing a new set of data to be analyzed.



1.5 Neural Networks

Simple Neural Network Deep Learning Neural Network

@ Input Layer () Hidden Layer @ Output Layer

Figure 8: Simulation of a simple neural network ( with input, processing and output)
Available at:https://dante.pro/redesneurais Accessed on 26 nov 2024.

Artificial neural networks are a flexible programming method that can be modified for various purposes and scenarios, along
with graphic processing units (GPUs) (JANIESCH; ZSCHECH; HEINRICH, 2021).They are based on the human neural
system and function similarly to the process of neuron transmission in our body, and can be divided into three main parts.

In Deep Neural Networks (More complex neural networks), there is typically an expansion of the range and scope of the
networks, which, through various internal layers, can establish a series of connections between the input data. This type of
tool is capable of developing more accurate analyses of a given data set, requiring less human intervention.

As an example of this, one of the steps in building Artificial Neural Networks is called ”Feature Scaling.” In this step,
the model itself identifies irregularities in the input data and, once again without intervention, is able to select the best data
from raw inputs to guide its analysis (JUSZCZAK; TAX; DUIN, 2002).

There are various types of programming and tools that use these networks. However, because there is a well-defined
structure for neural learning, with systems for identifying the best patterns to establish relationships between the input data,
a vast variety of models are formed, suited to different tasks. For this reason, the field of neural networks is often able to
more complexly handle a variety of problems and data sets.

1.5.1 Inside division

The first part functions as a data receptor that directs the information to the intermediate layers. In this receptor, tools
such as ”Feature Scaling,” ”Pre-processing,” ”Test,” among others, are applied. These tools serve as a pre-processing stage
for the data, selecting the best ones to be used in training the model.

After the data is processed, through connection layers, the models operate in the internal layers, which typically contain
a large structure that analyzes each input and establishes relationships between them. These relationships can occur in two
ways: with supervised learning or unsupervised learning (HAYKIN, 2001).

Supervised learning works with a pre-selection of data in the input layer. From this, it can be stated that in such a
model, the first layer is not as complete, meaning, for example, it does not require tools like ”Feature Scaling.”

On the other hand, unsupervised learning tends to assign more tasks to the model itself, teaching it in a more compre-
hensive way. In this program, the data is introduced in a raw form, without any type of filtering. This approach is precisely
designed to guide the machine in selecting the best data sets for future training and predictions.

After selecting the type of learning, various relationships between the data will be formed, establishing a pattern. This
pattern will serve as an analysis algorithm for future processed data sets.

The final layer, ultimately, constitutes the output of the data, now already processed. In this output, the data that
matches the pattern of the algorithm used will be presented, thereby contributing to the evaluation of the model and its
future predictions.

1.6 Programming Language - Python

To shape software programs or any type of digital equipment, it is necessary to use a programming language. However,
there are various types of languages that can be used, such as Python, Java, Ruby, R, PHP, LaTeX, among others. These
languages are typically used for data processing, transforming the information provided. (GOTARDO, 2015).

For the present project, the chosen programming language is Python. This type of programming language is very versatile,
working particularly well with numerical analyses, for example. Additionally, it allows the creation of graphs, spreadsheets,
tables, networks, and more.



With this in mind, the programming begins primarily with the introduction of libraries. Among them, we can mention
Numpy, Pandas, Scikit-learn, and others. These libraries contain a range of commands and possible actions that the model
can perform, offering a wide variety of functions.

1.6.1 Scikit-learn

For computing Machine Learning models in Python, a very interesting library is Scikit-learn, as mentioned earlier (PE-
DREGOSA et al., 2011). This module contains commands for a vast range of scenarios, including both supervised and
unsupervised learning, and is widely used in academic and commercial fields.

With this in mind, the models work by structuring the libraries followed by identifying the dependent and independent
variables within the provided dataset. This step provides the model with the resources to formulate coherent predictions
in the future. Additionally, there is the naming of omitted data, which compromises the model’s analysis, leading to either
the exclusion or substitution of such data, depending on the type of program being used and the accuracy required for the
analysis (more or less precise).

After this step, it is necessary to split the dataset into training and testing sets. Therefore, a percentage of the data
should be specifically allocated for training, while another portion is reserved for testing, or as a control group. This is
similar to the division made in scientific experiments and, for this reason, it should be standardized. Thus, there are two
main types of models in Python: Regression models and Classification models.

1.7 Regression

Regression models are those that perform an analysis correlating two variables. Typically, one of the variables will be the
dependent variable, and the second will be the independent variable. In other words, a change in the independent variable
leads to a change in the dependent variable.

In order for this type of analysis to be performed, it is necessary to work with a Cartesian layout. This means that
the input data into the model will be arranged along the horizontal (X) and vertical (Y) axes, in order to produce an XY
relationship graph as a byproduct.

The analysis that includes two directly influencable variables typically constitutes a model called Simple Linear Regression.
In this model, the relationships are necessarily linear, meaning the predictions are either descending or ascending.

It is possible, however, in this type of analysis, to establish relationships between multiple variables. Models of this type
are called Multiple Linear Regression, and they can handle more complex analyses, not only in a two-dimensional plane like
the Cartesian plane, but also in three-dimensional planes. An example of this is the Decision Tree model, which, in addition
to the X and Y variables, includes a third variable.

Assumptions of Linear Regression
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Figure 9: Issues of simple linear regression
Available at: https://dante.pro/regressao Accessed on 26 nov 2024

1.7.1 Linear model suppositions

However, when it comes to linear programming, it is important to pay attention to some assumptions made by the model
itself. First, one must be aware of the linearity of the resulting graph. The line of relationships should remain in an
average position between the data points, and should not be positioned above or below this range. If it does, the established
relationship might be skewed by a specific data point, rather than reflecting the overall dataset.

Additionally, there should be a variety of homogeneous data, without fixed positioning on the graph or abnormalities in
the relationship line. It is also necessary to identify any independent and isolated data points that could potentially skew
the model, leading to inaccurate predictions.

1.8 Classification

Classification analysis models, also part of Machine Learning, as the name suggests, do not focus so much on correlating the
input data, but rather on associating each data point with a classification within a predefined category.
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Figure 10: Example of the KNN technique
Available at: https://dante.pro/knnn Accessed on 26 nov 2024
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Figure 11: Formula used to calculate the Euclidean distance
Available at: https://dante.pro/euclidiana Acessed on 26 nov 2024

To achieve this, classification models share strong similarities with regression models, as they also rely on data input and
the division of data into training and testing sets, as previously mentioned in regression models.

Based on this, what truly differentiates the two analyses is their objective. While regression models focus on linking two
variables in order to obtain a pattern of relationships, classification models work by using data from a provided set, often
with larger and more diverse raw data, to categorize the data into different classes.

One of the tools used in this model is the "K-Nearest Neighbors” (K-NN) algorithm (HO, LI, and SAYAMA, 2023). This
tool operates based on the distance between each data point, or training sample, in order to classify the values (HARRISON;,
2019).

This technique can be used in both two-dimensional or three-dimensional interfaces, taking into account the spatial
distance between points in a more complex and selective manner (GERON, 2022).

To calculate this distance, the Euclidean distance system is often used. This type of measurement works by spacing
two vectors at least in a two-dimensional plane, or it can also be applied to planes with more dimensions. To calculate it,
it is necessary to sum the square root of the difference of 'x’ (horizontal axis) and 'y’ (vertical axis), always analyzing the
correlation with its dimension.

With this, classification and regression models can be used for the composition of Machine Learning in Python, differing
in terms of the analysis purpose.

There are other types of models that work with data classification. Among them are: Linear SVM, RBF SVM, Gaussian
Process Decision Tree, Random Forest, Neural Net, AdaBoost, Naive Bayes, and QDA.
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Figure 12: Classification models
Available at:https://dante.pro/scikit Acessed on 26 nov 2024

1.9 R?2 Equation

The R2? Equation can be referred to as the ’Coefficient of Determination.” This formula calculates how well the model fits

the relationships between the data.

2 (YY)

R=1-200 0
ZI:'I(Yi-YT)

Figure 13: Statistical formula used for model accuracy
Available at: https://dante.pro/r2 Accessed on 26 nov 2024

to the maximum value.

1.10 Confusion Matrix

Its understanding is simple, functioning through a math-
ematical value. The closer the result obtained by the model
is to 1.0, the better the model fits the dataset. However, the
opposite could indicate some flaw in the programming.

With this in mind, because it can determine the model’s
accuracy in the desired scenario, the use of the R? Equa-
tion or coefficient of determination is very important for the
program to function properly.

This formula, in the project, will be used to evaluate
the models worked on and present the best model for the
diagnoses with blood tests, always checking the proximity

The confusion matrix is a tool widely used during the machine learning training phase to evaluate correct classifications and
predicted classifications for each hypothesis raised, that is, for each output provided (MONARD, BARANAUSKAS, 2003).

This method consists of creating a matrix, usually 2x2, in-
volving the true positives, those that were originally posi-
tive and correctly classified, false positives, those negative
instances incorrectly classified as positive, true negatives,
those originally negative and correctly classified as negative,
and false negatives, those originally positive but classified as
negative by the model.

Thus, it is possible to quantify the cases predicted by
the machine and perform the necessary analyses and adjust-
ments for better performance. The ideal confusion matrix
would have the second column (elements al2 and a22, with
the classification aij) with zero values, indicating zero errors
in the model and, therefore, extremely high accuracy and
precision in real classification and predicted classification.

2 Problem

Actual

Figure 14: Model of confusion matrix 2x2 used for model eval-
uation

Available at: https://acesse.dev/wWJIV5Access26nov2024

How to increase the efficiency of diagnoses for human diseases that can be detected through blood test exams?

3 Solution

To increase efficiency, it would be possible to develop a machine learning system based on artificial neural networks and
deep learning, which would allow the analysis of a percentage of diseases, thus contributing to a faster and more effective
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diagnosis. These systems (JANIESCH, 2021, LIU, 2020), through tests and examples, are capable of performing various
tasks, analyses, and interpretations without human interference.

4 Methodology

MEDICAL PATTERNS 1.1 Survey of diseases

2.1- Formation of |logical and practical

02  SOFTWARE DESIGN principles
2.2 - Regression programming and

graphical layouts

3.1 - Regression Alpha-tests
3.2 - Classification Alpha-tests

03 ALPHA - TESTS

Figure 15: Methodology 1. Analysis of the medical patterns ; 2. Software design; 3. Alpha-tests. Source: Own autorship

The methodology for better efficiency was divided into 3 main stages: Medical Patterns, Software Design, and Alpha-Tests

In the first phase, Medical Patterns, a survey of variables — symptoms, characteristics, rarity, etc. — related to genetic
diseases was conducted along with a survey of diseases that can be identified or minimally evidenced in blood tests.

In the second stage, Software Design, the development of theoretical foundations was enhanced through diagrams, net-
works, and representations, as well as the development of practical foundations, done in a similar way to the construction of
various regression systems, which are very common in Python programming.

Finally, in the last stage, Alpha-Tests, two test datasets were developed: an initial one with a reduced dataset and a final
one with a more extensive dataset. This phase of the project also involved testing with classification models, where we used
a dataset of 2241 exams and classified the data with clustering and classification methods, performing a final evaluation of
both stages.

5 Results

5.1 Results Phase 1 - Medical Patterns

In this stage of the project, we created a table where 13 diseases, namely: diabetes, anemia, leukemia, dengue, polycythemia,
meningitis, chlamydia, tick-borne disease, inflammatory diseases (in general), tuberculosis, leprosy, schistosomiasis, and
malaria, which can be identified in blood tests or whose test aids in identification, were detected. During the analysis of the
table, the patterns of each column were categorized with the same color in order to make the visualization more dynamic.

Among them, factors such as hemoglobin, leukocytes, platelets, glucose, cholesterol, ions, and hormones were analyzed
in order to find variables that would allow their identification among the others.
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Figure 16: Medical Patterns. Major diseases with blood count related factors

Thus, we found that regarding the elements that make up the blood, platelets showed the greatest variation among
the types of diseases, with 20,000 mm?3/dL of blood in the case of Malaria and 440,000 mm?2/dL in cases of Polycythemia,
Chlamydia, inflammatory diseases, Tuberculosis, and Leprosy. Additionally, Meningitis was the only disease that showed 18
mg/dL of glucose, which are possibly the factors that most differentiate one disease from the others.

5.2 Results Phase 2 - Software Design

5.2.1 Logical and Practical Principals (neural networks)

/-_l_—\ -~
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Figure 17: Artificial neural network developed to assist in the optimization of diagnosis through blood test exams. Logical
principle

14



| vammsie |
i | ___"'\-\\
x Ay
/ N \ A
=2 \\\ | DiseAse :|
/ - rh R y
,/ \ /
e W\ /-
Ve = / - \ 2 ,’"\\“\. " e S/ I
! ;o Y - e, 4
"f INPUT F:// \——’ = \:\ / \\. P ./Nsﬁrﬂb
\ PR e A e K\ okt )
~ / T \ .
T Yoo varmste | ,/ \\_5___,/ -
\\\ \t\ 3 | /.f \\
A \‘__ __/’; _,’: Y o \
Y Far / \‘1' % OF \)
N e, Y oTHER
N/ N S | DISEASE
" VARIABLE |/
1:._ 4 - }ur \\q_‘_,_/
\\_ e

Figure 18: Artificial neural network developed to assist in the optimization of diagnosis through blood test exams. Practical
principle

The first image (Figure 17) represents the logical principle of the software in the form of a flowchart. As the starting point
(input’), we have ’data input,” which generates two possible outputs: ’test result compatible with positive diagnosis’ and
'test result incompatible with positive diagnosis.

In the case of the first output (’test result compatible with positive diagnosis’), the software will look for matches with
negative test results. If the test result is compatible with the negative test, the software will calculate the percentage of
likelihood for the disease and conclude it is negative. However, if the test result is incompatible with the negative test, the
software will search for similarities in blood tests of other diseases and conclude it is negative for the analyzed disease.

Meanwhile, if the test result is compatible with the positive test for the disease (second output), the software will check
for matches between the tests, calculate the percentage likelihood of the disease, and finally conclude it is positive for that
condition.

The second image (Figure 9), in turn, represents the application of neural networks in the software, being developed based
on the previous flowchart. It includes the ’input,” which is the data entry of the blood test, leading to comparisons between
various internal layers that include: the number of red blood cells, white blood cells, platelets, glucose, and hormones. These
values will then be compared with documented quantities and generate three final 'outputs’ the percentage likelihood of
presenting the analyzed disease, of not presenting the disease, and of presenting another disease.

5.2.2 Programming in regression

The second phase of the project consisted of the software design with the introduction of mechanisms linked to Python
(programming language). Thus, several regression models were researched and developed, tools used for adapting various
datasets to the programming, with different datasets and fictional scenarios to test and understand the different types of
analyses and graphs generated by the program. Among the programmed and found models were: Data Pre-processing
(Figure 11), Simple Linear Regression (Figure 12), Multiple Linear Regression (Figure 13), Polynomial Regression (Figure
14), SVR Regression (Figure 15), Decision Tree Regression (Figure 16), and Random Forest Regression (Figure 17).
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~ Importing the libraries

[ ] import numpy as np
import matplotlib.pyplot as plt
import pandas as pd

~ Importing the dataset

[ 1 dataset = pd.read_csv('Data.csv’)
X = dataset.iloc[:, :-1].values
Y = dataset.iloc[:,-1].values

[ ] from google.colab import drive
drive.mount(’/content/drive')

[ 1 print(X)

[['France' 44.0 720800.0]
['Spain' 27.8 42000.8]
['Germany' 30.8 54808.8]
['Spain' 38.8 61000.0]

[ 'Germany® 48.8 nan]
['France’ 35.@ 53086.8]
['Spain’ nan 52000.0]
['France’ 48.@ 79000.8]
['Germany ' 5©.8 820800.8]
['France’ 37.8 67808.8]]

[ ] print(Y)

['No® "Yes' "No' "No' 'Yes' "Yes® 'No' 'Yas' 'No' ‘Yes']

Figure 19: Data Pre-Processing regression model initially set up to verify the most important characteristics for programming
a software.

The Data Pre-Processing regression model was set up to verify important factors for programming any software. As the
name suggests, this model involved data processing in an initial stage, using key variables such as country names, numerical
quantities, and ’yes’ or 'no’ responses, under the fictitious relationship of the number of people per country and the presence
(yes/no) of a country in a company (for example).

With this in mind, the Pre-Processing model shows important characteristics for the Software Design, such as the division
of the dataset and the processing of numerical and textual data.

~ Visualising the Training set resulis
° plt.scatter(X_train, y train, color - ‘red')
plt.plot(X train, regressor.predict(X train), color - 'orange')
plt.title( Salary and Experience (Training set)')
plt.xlabel( "Years of Experience’)
plt.ylabel( 'Salary Given')
plt.show()
C Salary and Experience (Training set)
120000 A
. e
L]
100000 aar
§ ® &
2 80000 1 P
3 "
A & L™
50000 . 20
[ e ]
g
400001 ® L]
2 4 c 8 0
“ears of Experence

Figure 20: Simple Linear Regression Model. (Dataset obtained from: 'Machine Learning A-7’)

After the Data Pre-Processing regression model, the second program created was the Linear Regression Model or Simple
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Linear Regression Model. This tool was tested to verify possible analyses in a dataset with linear data, meaning data with a
practically fixed pattern. Thus, two main variables were used to understand this model: Salary and Years of Experience of
a fictional employee. From this, it can be observed, through the obtained graph, that within the dataset, some relationships
between the two variables were identified that appeared to be linear, as indicated by the line and the red dots (Figure 12),
something that can be very common in datasets with blood test results, as is the focus of the project.

= Training the Multiple Linear Regression model on the Training set

o from sklearn.linear_model import LinearRegression
regressor = LinearRegrezsion()
regressor.fit({X train, ¥_train}

[+ Linsarfegression()
= Predicting the Test set results

[ | y_pred = regressor.predict(X_test)
np.set_printopticons(precision=2}
print{np.concatenate( (y_pred.reshape(len(y_pred),1}, ¥ _test.reshape(len(Y_test),1}),1])

[[114664.42 185088.31]
[ 98583.16 06479.51]
[ 75692.84 78239.91]
[ 76221.80 B1229.86]
[1797%6.26 101858, 30]
|_1'.‘1§.9.97 1B2991.99]
[ 40753.50 35673.41]
[182276.66 18188464 ]
[ ses40. 38 404098.75]
[ 98272.@3 U7483.56]]

~ Making a single prediction

[ 1 print{regressor.predict{[[L, @, 8, 158000, 112050, 300480]]))

[182892_25]

Figure 21: Modelo de regressao linear multipla (Multiple Linear Regression). ( Conjunto de dados obtido com: “Machine
Learning A-Z”)

The Multiple Linear Regression Model, in turn, was developed with the aim of verifying a programming model that works
with multiple linear variables, meaning variables that depend on each other. To test this model, a dataset with two main
variables was used: Cost of Living and Places. Therefore, the program needed to relate the cost of living in each of the places
in the dataset and predict which locations would be more or less expensive. Thus, it can be seen that through this model, it
was possible to make predictions about different places, as indicated in the section 'Making a single prediction’ (Figure 13).

Having this completed, the next four models worked with larger datasets that contained as main variables the positions
of fictional employees in a company and their respective salaries. Thus, because they contained very similar datasets, the
models presented very similar physical analyses, with well-designed graphs, but increasingly precise and adapted to the data:

» Visualising the Polynomial Regression results

o plt.scatter(X, ¥, color = ‘orange’)
plt.plot(X, lin_reg 2.predict{poly reg.fit transform(X}), color = ‘purple’}
plt.title( " Truth or Bluff (Poly Reg)')
plt.xlabel("Position Level’)
plt.ylabel( ‘Salary’)
plt.showt )

C le Truth or Bluff

? 1 ﬁ ‘1 1h
Position Level

Figure 22: Polynomial Regression Model (Dataset obtained from: 'Machine Learning A-7’)

The first model tested with the new dataset was the Polynomial Regression model. As we can see in the graph, this type
of program was able to relate the variables of salary and job position in a more homogeneous way, meaning with a more
well-adapted analysis to the input data.
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- Visualising the SVR results

riX), SC_y.lmerse transform(¥), coloe - “red’)
X}, SC_y Iverse Transforn{regressor. predlct{X) reshapa-1,1)}, coler = ‘hlue')

Truth er BT (SWH0

Figure 23: Support Vector Machine Regression (SVR) Model (Dataset obtained from: 'Machine Learning A-Z’)

With this in mind, the Support Vector Regression (SVR) model worked with the same dataset as the previous model
(Polynomial Regression), but with a different analysis tool. This program works by categorizing each of the data entries into
two different areas and forming a line between them with similar factors. This line serves as a kind of pattern between the
data, allowing them to be analyzed more accurately and used to make predictions. Therefore, it can be seen in Figure 13
that the SVR model was able to find the similarities in the model, creating a graph with the main predictions.

~ Visualising the Decision Tree Regression results (higher resolution)

>
b
3
[

(=R
I

X grid = X _grid.reshape{(len(X grid}, 1))

np.arange(min(X), max(X), @.1)

plt.scatter{X, ¥, color = ‘red")
plt.plot(X grid, regressor.predict(X grid), color = "blue')
plt.title( 'Truth or Bluff (Decision Regression Tree}')
plt.xlabel{'Position lewvel’)
plt.ylabel( 'Salary’)
plt.show()
C 16 Truth or Bluff {Decision Regression Tree)
10 4 |—0
08 4
0.6 1
H
R
04
0.2 A
0o ; ; ; ; ;
2 4 B 8 10
Position level

Figure 24: Decision Tree Regression (Dataset obtained from: 'Machine Learning A-Z’)

Like the previous models, the Decision Tree Regression also used the variables of job position and salary, but, as expected,
with a different type of construction. This program, as presented, works in parallel with the Linear Regression Model (Figure
12), meaning each data point has a linear analysis, functioning similarly to a margin of error. From this, the result can be
visualized in the graph with straight lines at each red point (Figure 16).
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~ Visualising the Random Forest Regression results (higher resolution)

X grid = np.arange(min{X), max{X), 8.81)
X grid = X grid.reshape( (len(X grid), 1))

plt.scatter(X, y, color = "red’)

plt.plot(X grid, regressor.predict(X grid), color = "blue’)
plt.title("Truth or Bluff (Random Forest Regression)')
plt.xlabel{ "Position level")

plt.ylabel('Salary”)

plt.show()

1=  Truth or Bluff (Random Forest Regression)

08 -

06

Salary

04

0.2 1

0.0

2 H 6 8 10
Position level

Figure 25: Random Forest Regression (Dataset obtained from: 'Machine Learning A-7’)

Finally, the last model found and tested was the Random Forest Regression, which, as the name suggests, functions as
a maximizer of the Decision Tree Regression model (Figure 16), incorporating many of its functions. With this in mind, it
can be observed in the last graph a pattern very similar to the previous one, with the presence of straight lines under each
red point, indicating a similar analysis.

Based on this, it can be concluded that there is an analysis pattern among the models, making it possible to group the
first three—Data Pre-Processing, Simple Linear Regression, and Multiple Linear Regression—into one group, and the last
four—Polynomial Regression, SVR, Decision Tree Regression, and Random Forest Regression—into another. This division
can assist in the future programming of the blood test dataset by making the analysis easier to understand.

5.3 Results Phase 3 - Alpha Tests
5.3.1 Alpha test with regression

During Phase 3, two tests were developed. The first included a reduced dataset that served as a model for a second system,
this time with the final and larger dataset, containing 1,227 blood test records, about 40 of which were related to diseases
or blood anomalies. After the tests, the models were evaluated using a specific formula (R2) that shows the adaptability of
the programming to the dataset.
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Figure 26: Example of the reduced dataset used in Alpha Test 1. Including: ions, glucose, hemoglobin, whc, leukocytes and
Disease X, respectively.

Modelo R?
Random Forest 1.0
Polynomial 0.97
Support Vector 0.02
Multiple Linear 0.67
Decision Tree 1.0

Figure 27: Comparison table of the models’ adaptability. Including: the models and their R? score

After the tests, we observed that two models achieved maximum adaptation to the dataset, 1.0, Random Forest Regression
and Decision Tree Regression, among other models that had median adaptations, such as Multiple Linear Regression with
0.61, or poor adaptations, such as Support Vector Regression, which obtained only 0.02. The result from the first two models
indicates that the regression models were able to adapt to the dataset and, possibly, make good predictions and analyses
with it.

5.3.2 Classification Alpha - tests

In the second part of Phase 3, the alpha tests were actually adapted to the healthcare scenario. Thus, a simulation of a
diagnosis for two diseases was executed

For this, Anemia and Leukemia were selected, diseases with specific modifications in blood components. The first disease,
anemia, as mentioned earlier, corresponds to the most common hematological alterations in the global population (DOS
SANTOS, 2024). It occurs with a decrease in hemoglobin and erythrocytes, which assist in the transport of oxygen to all
body cells. Leukemia, on the other hand, is a disease that affects the production of erythroblasts and megakaryocytes, white
blood cells involved in immune defense (PATERSON, 1952).

From this, using changes in these two components, with the binary system (1 for positive cases and 0 for negative cases),
we verified the correlations between the blood test data and both diseases. Thus, we developed a classification program in
Python, using the K-NN method.

First, we used the Cluster method to perform graphical analyses between two blood test variables. The result of these
models typically classifies the data into the presence of typical space bubbles. In other words, the formation of bubbles
indicates data differentiation, allowing them to be classified as positive or negative.
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Positivo ou negativo com base nas hemoglobina e volume corpuscular
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Figure 28: First Cluster analysis with the variables ”White Blood Cells” and ”"Red Blood Cells”. Red data means negative

and blue data positive.

It can be observed that in the first case, the correlation between white blood cells and red blood cells did not show
the typical bubble formation. There was a high overlap between red and blue bubbles. It should be noted that the blue
points correspond to altered tests containing some diseases, and in this specific context, the divergent bubbles could indicate

anemia, for example. Thus, the relationship between these two variables is not suitable for quick diagnosis.

Positivo ou negativo com base nas células brancas e vermelhas
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Figure 29: Second Cluster analysis with the variables ”Hemoglobin” and ” Corpuscular Volume”. Red data means negative

and blue data positive.

The second Cluster analysis also did not result in typical bubbles. In this experiment, the blue bubbles again indicate
altered tests, which may show patterns with fewer than 3 red blood cells in the graph and more than 15 white blood cells.
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Therefore, this correlation was also not useful for disease identification.

Positivo ou negativo com base na hemoglobina e plaguetas
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Figure 30: Third Cluster analysis with the variables " Hemoglobin” and ”Platelets”. Red data means negative and blue data
positive.

The bubble formation in the third analysis was also not clear, marked by specific points in peripheral areas and a central
mass of red and blue bubbles.
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Positivo ou negativo com base nos glébulos brancos e plaquetas
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Figure 31: Fourth Cluster analysis with the variables ”White Blood Cells” and ”Platelets”. Red data means negative and
blue data positive.

The fourth relationship again did not show typical bubbles. In this case, there was a variation of blue altered bubbles on
the right side of the graph, causing the overlap of bubbles to be limited to the left side.

23



Positivo ou negativo com base na hemoglobina e nos linfécitos
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Figure 32: Fifth Cluster analysis with the variables ”Hemoglobin” and ” Lymphocytes”. Red data means negative and blue
data positive.

The fifth experiment consisted of the variables "Hemoglobin’ and "Leukocytes’. Again, the formation of identifying bubbles

was not consistent, with a concentration of blue bubbles in the upper part of the graph. These bubbles, being farther from
the others, symbolize cases of leukemia and infection, for example.
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Positivo ou negativo com base na hemoglobina e nos neutréfilos
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Figure 33: Sixth Cluster analysis with the variables ”Hemoglobin” and ”Neutrophils”. Red data means negative and blue
data positive.

The sixth correlation between 'Hemoglobin’ and "Neutrophils’ did not form circles, showing diagonal concentrations of

blue bubbles. This lateral concentration may indicate cases of bacterial infections within the dataset, helping to identify
them among the others.
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Positivo ou negativo com base nos linfocitos e celulas brancas

o
20 1
@ o
1) 15 ]
]
[
=
i
£
g
S 10 -
W
)
5 =
() negativo
() positivo
0 - T T T T T T T
0 2 & 6 8 10 12 14

Neutrafilos

Figure 34: Seventh Cluster analysis with the variables ”Lymphocytes” and ”White Blood Cells”. Red data means negative
and blue data positive.

The seventh analysis used data on lymphocytes and white blood cells. This experiment showed a different morphology
from the others, with a diagonal concentration of overlap and the remaining blue points scattered, indicating viral infections.
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Positivo ou negativo com base nos neutrofilos e células brancas

20 A

Células brancas

() negativo
() positivo

Q

®

@@

@

T
10
Neutrofilos

15

Figure 35: Eighth Cluster analysis with the variables ”Neutrophils” and ” White Blood Cells”. Red data means negative and
blue data positive.

In the eighth analysis, the red and blue points formed around a diagonal line, with the blue points above the line indicating
a Leukopenia alteration.
After these analyses, we concluded that the formation of clusters and the identification of diseases for diagnoses using two
variables is not easy to apply. Therefore, we decided to proceed with new analyses using the 'KNN’ (K-Nearest Neighbors)

tool.
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Figure 36: KNN comparing table, with 10 different euclidean distances. Orange line means training acuracy and blue line
means test acuracy.
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Defining ten KNN distances, we realized that the number with highest acuracy for the tests is number 5, that presented
0.87 or 87 percentage points of adaptability.

In this context, we created a confusion matrix to identify the origin of the data presented as ”False Positives,” meaning
data that were negative but were classified as positive, ”False Negatives,” positive data classified as negative, ” True Positives,”
positive data classified as positive, and " True Negatives,” negative data that were correctly classified.
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Figure 37: Confusion matrix indicating the fp, fn, tp and tn values.

We identified within the test group 602 positive tests classified as positive and 22 negative tests classified as negative.
Meanwhile, 6 positive tests were classified as negative and 86 negative tests were classified as positive.

28



6 Conclusions

Given that the classification model showed, through the KNN comparison chart, the dataset’s adaptability to the number of
5 KNN and an accuracy of 0.87, I conclude that my hypothesis—that it would be possible to create an artificial intelligence
software that analyzes a percentage of diseases and promotes a faster and more extensive diagnosis—was supported. Since
the KNN tool employs Euclidean distance between computed values, resulting in complex analyses and counting of correct
and incorrect predictions, as seen with the model’s high accuracy. In this way, it will be possible to further assist both the
public and private healthcare systems in our country, contributing to disease prevention and saving many lives through its
use.
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The predicted medical diagnosis is very useful to help
doctors and patients to get an earlier information efficiently.
This work can be much better improved by providing symptoms and
medical history, vital signs at the same time with the lab data
to get an accurate predicted medical diagnosis with acceptable

results that can really help patients.

More electronic medical records should be attained to make

the job well done.
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