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Anamnesis in a medical environment is a patient’s report of their personal medical history and self-reported symptoms, including
memory of any assessments, such as ones using an ECG. However, the effectiveness of anamnesis in diagnosing patients for
diseases still requires investigation. This study focuses on identifying the efficacy of anamnesis in predicting two different
myocardial complications, a myocardial rupture and a relapse of myocardial infarction based on anamnesis. A quantitative data
analysis was conducted on a dataset cleaned through Python programming. The cleaned dataset was fed into a Random Forest
classification model to attempt to depict how effective anamnesis was in predicting the myocardial complications. The model
portraying a myocardial rupture achieved a precision of 40.00%, a recall of 16.67%, and F1 score of 23.53%. The other model
representing a relapse of a myocardial infarction achieved a precision of 40.00%, a recall of 20.69%, and F1 score of 27.27%.
These metrics show that the two models were not accurate and cannot be used to produce an answer to the research question
of whether anamnesis is effective in predicting whether patients will have myocardial complications. In the future, researchers

should find a dataset that offers more precise and specific questions in the dataset.
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Introduction

Myocardial infarction is one of the most lethal diseases across
the globe and has grown to be one of the most serious condi-
tions in the medical industry. Annually in the United States,
around 1.5 million people get a myocardial infarction, result-
ing in about 30 deaths per hour. In the event of a myocardial
infarction, several complications often result from the occur-
rence of the disease. For the purpose of helping patients with
myocardial infarctions or complications, doctors use the tool
of anamnesis as an essential aid in diagnosing patients.
Anamnesis is one of the most chief and common medical
tools used in the medical field, and it only involves the use
of a couple tools, such as a stethoscope or conversing with a
patientz. In a medical environment, a doctor uses anamnesis
to recognize a patient’s symptoms, identify risk factors, and
lead to accurate diagnoses that save countless lives=. Through
the use of the simple diagnostic tool, information about a pa-
tient’s family history, lifestyle, and past medical history can be
gathered”. To get a better insight on the condition of patients,
anamnesis is frequently used with a different kind of exam-
ination, such as a physical examination. Doctors can under-
stand what diseases a patient could be diagnosed with through
anamnesis®. In the cardiac field, anamnesis can accurately in-
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crease correct diagnosis of a myocardial rupture or a relapse of
a myocardial infarction. In modern medical society, the sim-
plicity and efficacy of anamnesis justifies it as one of the most
dependable tools.

Anamnesis is used widely across various medical fields, be-
ing relevant in the field of primary care to the field of cardiol-
ogy. In relation to the lives of patients at risk of heart compli-
cations, doctors are able to identify if a patient has a history
of smoking or is at risk due to family history through anam-
nesis, being useful when trying to get an understanding of a
patient’s risk factors=. Resulting from the anamnesis, a doctor
would customarily direct patients to another form of testing,
like an electrocardiogramS. For instance, in pediatric cases
of cardiac complications, a child’s family history is often ac-
quired through anamnesis for the purpose of trying to treat any
possible ailment as soon as possible®. There are many dif-
ferent symptoms flagged and acknowledged by cardiologists
to help better diagnose patients. Symptoms, such as nausea,
shortness of breath, angina pectoris, and a recent heart attack
are all signs that would prove helpful to doctors when they
are diagnosing patients. Doctors can interpret these symptoms
as indicators of different myocardial complications, such as a
myocardial rupture, a myocardial infarction, or chronic heart
failure®. Anamnesis is a vital diagnostic tool when diagnos-
ing different complications in the cardiovascular and cardiac
fields.
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Despite the anamensis being described as useful in a med-
ical environment, several questions still remain concerning
its efficacy in diagnosing myocardial complications. Several
studies have been written to signify the importance and effec-
tiveness of anamnesis in predicting myocardial complications.
For instance, in one study, anamnesis immensely helped and
aided diagnosis of simulated valvulopathies®. In a separate
investigation done by a group of researchers, researchers ex-
plored the clinical effect of different simulated situations on
EKG interpretation. An EKG, or electrocardiogram, is an ex-
amination that observes the electrical signals of the heart in
order to best diagnose heart conditions. Through this exper-
iment, data proved to show anamnesis increased accuracy of
diagnosis from 4% to 12% when put in comparison to an ex-
periment where no such information was granted®. These ex-
periments done by various groups of researchers suggest how
an accurate machine learning model should depict the efficacy
of anamnesis in predicting myocardial complications. The
machine learning model made and the data being analyzed
should eventually supply a clear explanation regarding the ef-
fectiveness of anamensis when used to predict the diagnosis
of myocardial complications. Anamnesis is an important tool
used to aid in diagnosis of patients with health complications.

Literature Review

There are a couple of different studies that have been done on
anamnesis and its use in various different medical fields and
environments. Many different researchers have conducted ex-
periments and surveys to find a substantial amount of infor-
mation on that field of anamnesis. In a study done by Teix-
eira et al., researchers were trying to find the effectiveness of
anamnesis when combined with a physical examination and
lab tests in clinical decision making in common clinical situ-
ations. The test was conducted with 80 patients that had car-
diac diseases. They found that in 80% of patients, anamnesis
positively affected diagnosis, but was more clinically decisive
in a few proportion of patients. The original diagnosis with
anamnesis was enhanced when a physical examination was
added”. When compared to the findings of the study presented
in this paper, these findings could add context as to how the re-
sults could have gone if the anamnesis related questions in the
dataset were useful in predicting anamnesis’ effectiveness. In
his study, he found that anamnesis influenced 80% of patients
positively, but was enhanced by other diagnostic tools, such as
physical examination.

In a study conducted by Dezman et al., it was seen whether
physical examination and medical history would be enough
to predict the likelihood of ACS, acute coronary syndrome,
for a 50 year old man. They found that both physical exami-
nation and history are useful in predicting the syndrome, but
they cannot replace tests, such as an ECG™. In a study carried

out by Swap and Nagurney, researchers reviewed several ar-
ticles concerning the topic of identifying acute coronary syn-
drome in in patients with chest pain; they found that chest
pain history is not enough alone to safely diagnose a patient
with acute coronary syndrome, though certain elements of his-
tory are helpful when finding a patient’s likelihood for the dis-
ease®.

In an investigation done by van Dijk et al., 503 adult pa-
tients with transient loss of consciousness (TLOC) were given
an initial evaluation to gather information on medical history, a
physical examination, and ECG history. The initial evaluation
was later used to make a final diagnosis. The accuracy of the
initial evaluation in making a final diagnosis was 93%, sug-
gesting that medical history and physical examination both are
very useful when it comes to diagnosing patients with TLOC.
The researchers suggest that the use of additional testing be-
yond medical history, a physical examination, and ECG his-
tory is unnecessary”. In a study conducted by Eriksson et al.,
examiners did an observational study on 1,167 patients with
chest pain to observe which elements in the medical history
and physical examination predicted MACE in a 30-day period.
Certain features in the medical history could predict a 30-day
MACE, but it also reinforces the idea that to safely rule out
any event or disease, medical history should be paired with
some other form of testing'%,

In a study by Brandberg et al., they collected medical his-
tory from patients with acute chest pain through a computer-
ized history taking (CHT) program on a tablet. The results
showed that a majority of patients provided enough informa-
tion for doctors to categorize them for risk. This form of
anamnesis proves that a survey done by doctors could be ac-
curate if done the correct way'. In a separate investigation,
Brandberg et al. collected data from a CHT program to iden-
tify low risk rates of major adverse cardiac events (MACE) for
certain patients with chest pain. This CHT program gathered
information on a patient’s history, age, and risk factors; this
information was enough to complete the study, correctly iden-
tifying patients at a low risk of major adverse cardiac events'%,
Reinforcing the role of CHT systems as a form of anamnesis,
researchers Zhakina et al. reviewed these systems, finding that
anamnesis information is helpful to provide additional support
to clinical decisions"~.

On the topic of anamensis used in a machine learning
model, researchers Fukuzawa et al. conducted experiments
using different AI models to predict several medical cases.
For example, ChatGPT accurately diagnosed 76.6% of cases
solely based on medical history, providing evidence to con-
clude that medical history remains a principal part of Al-
assisted medical diagnoses'®. In a study conducted by Min
et al., researchers surveyed over 14,000 patients and collected
information, such as cardiac imaging, for all of them. Re-
searchers then built a predictive model based off of the pa-
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tient’s medical history that could accurately predict several
events of a patient, such as death or myocardial infarction'>.
Based on this, it is possible that anamnesis would have done
a good job in predicting patients’ health problems. In a re-
search paper written by Joksimovi¢ & Bastac, it states that
about 50% — 70% of a diagnosis is made purely off of the
anamnesis!®. In a different study by Wang et al., they did
a study of diagnostic accuracy when concerned with patients
in the field of ophthalmology. In this study, there were 115
patients from the Doheny Eye Center at the University of Cal-
ifornia Los Angeles (UCLA). These 115 patients were then
distributed into different groups based on a variety of classifi-
cation''”. Tn a group called “Afferent”, there were 43 patients.
Of those 43 cases, 25 cases were diagnosed correctly based
upon the chief complaint, which is the main problem a patient
is having. Adding the diagnostic tool of the patient history, the
diagnostic accuracy rose by 11 cases, and the diagnostic accu-
racy reached 100% when physical examination was added"Z.

Methodology

In this study, a quantitative data analysis was employed to as-
sess a dataset, and the analysis showed the impact of differ-
ent features on complications that could result from myocar-
dial infarctions. This dataset and introductory paper related
to the dataset were both obtained from the UC Irvine Ma-
chine Learning Repository, under the title “Myocardial infarc-
tion complications”lg. Thus, in this dataset, the researchers
analyzed a database that was relevant to that field. The ana-
lyzed database was collected from the Krasnoyarsk Interdis-
trict Clinical Hospital in Russia in the years of 1992-1995.
This database was only publicly distributed a few years prior
to the making of the research paper in 2020.

This original dataset consisted of 1700 patients and 110 fea-
tures that observed the clinical phenotypes in the patients. In
addition, the base also included 12 features labelled as tar-
gets that represented possible complications of a myocardial
infarction. Of the 12 features, 11 features represent binary
variables, meaning the only possible values are 0 or 1, mean-
ing “yes” the patient has the disease or “no” the patient does
not. One feature out of the 12 represents a variety of numbers
from 1 to 7 that represent a patient’s cause of death.

Furthermore, the database can be used to predict myocardial
complications from a variety of different times. It can predict
complications of myocardial infarction based on information
collected about the patient at the time of admission or three
days after admission. For the data analysis applicable to this
study, data was chosen that would be related to anamnesis and
had to do with the self-reported symptoms of the patients.

In the data analysis, the 110 features in the dataset were
shortened to 19 features. The other features in the dataset were
not relevant to the study of anamnesis in relation to myocardial

infarction complications; thus, the select 19 anamnesis-related
features were kept in the dataset, while the other features were
removed by cleaning the dataset. Of the 19 features, two were
features that represented the age and sex of the patient, while
the other 17 features were relevant to the study of anamnesis
in relation to myocardial complications. The 12 features that
were labelled as targets were reduced to just two. The two
chosen were the features named “RAZRIV” and “REC_IM”.
“RAZRIV” stood for a myocardial rupture, and “REC_IM”
stood for a relapse of the myocardial infarction. These were
the two features chosen to be predicted through the machine
learning model for the study. Due to this fact, two datasets
were cleaned and used to predict both of the targets!?.

To clean the dataset, the Python programming language was
used. Version 3.12.7 of Python was used for coding, along
with version 2.2.2 of the package Pandas. All programming
and analysis were done through Python Pandas libraries on
Jupyter notebooks on the Anaconda application. There were
several steps taken in order to clean the data. The first steps
taken were in analyzing the dataset and removing any features
that were not relevant to the data being studied. Before up-
loading the dataset to Jupyter notebook, any unneeded fea-
tures were removed. Doing this beforehand made the cleaning
of the data more efficient.

It had to be decided if the feature needed standardizing,
scaling, or encoding. Standardization was used if one col-
umn’s values had significantly different ranges when com-
pared to other values, and scaling would be done on numerical
features where the feature is not normally distributed. Encod-
ing would only be needed if the data would have to be trans-
formed from one format to another; for example, it is possible
to encode features that contain non-numerical values, such as
color or size, to numerical values in the form of number. Ad-
ditionally, duplicate rows, missing values, and outliers would
have to be found and fixed in the datasets.

None of the features in the dataset needed standardization
or scaling. The only feature that needed encoding was the
“SEX” feature; this feature was encoded through one-hot en-
coding from a numeric to categorical variable. This means that
the feature was changed from one that is represented through
numbers to one represented through categories. One-hot en-
coding was used because it was easily compatible with most
machine learning models, including the one used in this study,
a Random Forest model.

After the dataset had been cleaned, the dataframe was up-
loaded through a csv file into a Python Pandas library. The
data was checked for missing values, duplicate rows, and out-
liers. After checking these, the data was cleaned using pro-
gramming codes to delete any duplicate rows and fix any miss-
ing values. Any column that needed to be converted from nu-
meric to categorical was done.

After the data cleaning had been completed, a code was
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run to extract information from the dataset. The code used
a Scikit-learn library to make a Random Forest model. The
ratio of train, validation, and test data was 80/0/20. 80% of
the data was in the training subset, no data was set in the val-
idation subset, and 20% of the data was in a test subset. The
train/test split of 80/20 was ideal for the dataset used in this
study due to its small size, which would help make a better
model.

A Random Forest uses decision trees, which are trees that
branch off in two directions based on if the statement applica-
ble is true or false. A Random Forest model consists of multi-
ple trees to improve accuracy when producing a result. In this
study, Random Forest was used to present a machine learning
model that represented how well the anamnesis-related fea-
tures did in predicting two myocardial complications. This
code extracted information, such as the confusion matrix, sen-
sitivity, and specificity of the dataset. This information re-
sulted in much useful information applicable to the outcome
of the quantitative data analysis.

In a Random Forest model, there are no exact loss func-
tions, optimization methods, or activation functions. Instead
of loss function, Random Forests for classification use Gini
Impurity, an impurity measure, for the nodes in decision trees.
An impurity measure is used to display the caliber of junctions
in a decision tree by evaluating how mixed the classes are for
a particular junction. A low impurity displays that most or all
points are in one class, while a high impurity shows that there
is a great mix of data points between classes. Random Forests
use bootstrap sampling and feature bagging as an optimization
process. Bootstrap sampling is the random sampling of rows
in a dataset, creating multiple subsets of the same dataset, and
feature bagging is a process in a Random Forest where only
a random subset of features is considered at each branching
point in a decision tree. The Random Forest model doesn’t
have any activation functions.

To gather more information on the dataset, the code was
adjusted to now assess the model based on the precision, re-
call, and F1 score. This data gathered through the code would
provide a different insight in contrast to the original code that
evaluated the model through specificity and sensitivity. One
of the final steps was applying the dataframe and presenting
the data in two Random Forest models, one for each target.

This model showed the accuracy of anamnesis and how well
it did in predicting the several different complications of a my-
ocardial infarction. The machine learning models helped an-
swer the salient question if a patient’s self-reported symptoms
are beneficial in predicting future myocardial complications.

There is much information about the various uses and ef-
fects of anamnesis in general and in specific fields. Useful
information was accumulated from various different research
papers and websites. The introductory paper on the UC Irvine
Machine Learning Repository, titled “Trajectories, bifurca-

tions, and pseudotime in large clinical datasets: applications
to myocardial infarction and diabetes data”, was a primary
source used in gathering information for this research paper'.
This introductory paper on the repository was directly tied to
the dataset that was used, providing a clearer understanding
into the data and the different variables having to do with their
study. Along with this dataset, many others were notable in
compiling data, such as papers covering the topics of pediatric
cardiac anamnesis, coronary heart disease, and cardiovascu-
lar physical examination and anamnesis. Considerable back-
ground information was put into this study of anamnesis and
its effectiveness in predicting myocardial complications.

Results

Results of the machine learning model were presented through
the precision, recall, and F1 score. Precision and recall are
both classification metrics, meaning these tools are used to
assess the performance of a machine learning model. The
F1 score is a harmonic average between precision and recall,
meaning it prioritizes the smaller value and will consequently
be low if one of the precision or recall is low. It is commonly
used for measuring classification performance®). These met-
rics are applicable to be used with confusion matrices, which
show what a machine learning algorithm did right versus what
it did wrong. In a confusion matrix, there are four outcomes:
false positive, false negative, true positive, and true negative.
These four outcomes are presented in a confusion matrix, and
help demonstrate how precisely a machine learning model can
predict a specific topic.

In context to the study presented, the four outcomes in a
confusion matrix show important information on the accuracy
of the machine learning model. A true negative happens when
the model correctly predicts that the patient didn’t have the
complication, while a false negative occurs when the model
predicts that the patient didn’t have the complication, when
in reality, the patient actually did have it. Similarly, a true
positive occurs when the model correctly predicts that the
patient had the complication, and a false positive occurs when
the model predicts that the patient had a complication, even
though the patient didn’t actually have it. ccuracy can be de-
fined as (True Positive + True Negative/True Positive +
True Negative +  False Positive =+  False Negative).
In simpler terms, this can be interpreted as
(Total correct guesses/Total number of guesses). In
contrast, recall is  (True Positives/True Positives +
False Positive), = meaning the metric is Dbasically
(Total correct positive guesses/All positive guesses). Fi-
nally, precision is the (True Positives/True Positives +
False Negatives)2L, The F1 score is used for max-
imizing precision and recall, therefore, an equa-
tion for trying to find the Fl score would be
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(2 x Precision x Recall/Precision + Recall)?.  All four
of these metrics are very appropriate to confusion matrices.
Oftentimes, researchers will use either specificity, accuracy,
and sensitivity, or precision, recall, and F1 score to see how
well the model predicts data. In the machine learning model
relevant to this data, F1 score, precision, and recall were
used for several reasons. In some models there are class
imbalances, which means that the total number of subjects in
one class greatly exceeds the other. For example, in a model
predicting how many people have a certain rare disease, the
number of people who do not have the disease will be far
greater than the patients who are diagnosed with the rare
disease. In most scenarios, the accuracy of a model may
seem high because the model may be good at predicting the
results of a majority class and be inadequate in predicting the
minority classL.

Furthermore, specificity measures the performance in pre-
dicting the majority class, therefore, it may be high by default,
without even taking into account the minority class. Sensitiv-
ity takes account of the positive prediction, but does not ac-
tually predict how many predictions were correct from those
positive predictions?”. In comparison, precision shows how
many predictions that were positive were actually correct, and
the F1 score balances precision and recall, being immensely
useful when dealing with models where a class imbalance is
present.

In this study, a total of 1660 patients were studied and re-
tained for the cleaned database. Out of the original 1700 pa-
tients, 40 of the patients were taken out of the study due to sev-
eral reasons. These reasons included having missing values or
being duplicate rows. Out of the research present in the data,
there are several features that could have proved more impor-
tant than others when put in context to the data being studied
and the research question. For instance, a feature in the dataset
represented obesity present in the anamnesis!®. Obesity could
have pointed to several heart complications and is one of the
features that can be observed through a simple anamnesis. The
results of the study were reliant on the data for each feature
and how well they predicted both targets.

All of these metrics were calculated through a Python code
run through a Jupyter notebook. These statistics show how
the machine learning model did in predicting the two differ-
ent targets, relapse of a myocardial infarction and myocardial
rupture. For the target called “RAZRIV”, representing a my-
ocardial rupture, the model achieved a precision of 40.00%,
a recall of 16.67%, and F1 score of 23.53%. The confusion
matrix disclosed that the machine learning model predicted 2
true positives, 3 false positives, 10 false negatives, and 317
true negatives. For the target variable “REC_IM”, represent-
ing a relapse of a myocardial infarction, the model attained
a precision of 40.00%, a recall of 20.69%, and F1 score of
27.27%. The confusion matrix for this target expressed 294

true negatives, 9 false positives, 6 true positives, and 23 false
negatives.

Discussion

The results constructed from the study do not necessarily sup-
port or reject the original hypothesis that stated that anamnesis
can accurately increase correct diagnosis of a myocardial rup-
ture or a relapse of a myocardial infarction. While the hypoth-
esis assumed that the anamnesis would do well in predicting
the two myocardial complications, which were a myocardial
rupture and relapse of a myocardial infarction, the results sug-
gest the initial expectations were inconclusive. For the target
“RAZRIV”, the metrics of the recall, precision, and F1 score
were quite low. Additionally, as stated before, the accuracy
could be quite misleading due to it being prematurely high
because of a class imbalance. In comparison, for the target
“REC_IM”, the three metrics of the recall, precision, and F1
score had low percentages. This suggests that for both targets,
the machine learning model’s performance was limited in pre-
dicting the myocardial complications based on the anamnesis
related questions in the dataset.

One reason that the metrics observed were lower than ex-
pected is because the features that were used to predict the
complications have to be put into question. Exempting the
features “AGE” and “SEX”, the other 17 features were rele-
vant to the topic of anamnesis. After looking into the feature
descriptions, there are many details of features that could po-
tentially lead to the poor results of this study. Anamnesis is
subjective to each patient, and each patient has their own pain
tolerance. For example, to one patient, heartburn could be
confused with angina or a myocardial infarction, but to an-
other heartburn could appear as nothing. In another example,
if a patient has a panic or anxiety attack, they could misinter-
pret that for atrial fibrillation.

There are many features that observe cardiac problems in
the anamnesis and could be subject to possible problems when
diagnosing it in the anamnesis. For example, the feature
“nr_07”, represents ventricular fibrillation in the anamnesis.
In a simple anamnesis, finding and diagnosing ventricular fib-
rillation must have some bias based on what the patient says.
In other cases, it would be very hard or impossible to diag-
nose the cardiac problem. The same could be said for other
features; for example, feature “np_08” represents a complete
LBBB in the anamnesis, and feature “np_01" stands for a first
degree AV block in the anamnesis. A LBBB is a Left Bundle
Branch Block, which is a heart problem where electrical sig-
nals to the left ventricle of the heart are delayed or completely
blocked, and an AV block is a heart issue where the rhythm of
the electrical signals is delayed.

These are close to impossible to diagnose based on a sim-
ple anamnesis, so doctors most likely had used some tools to
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Predicted Negative

Predicted Positive

Actual Negative

True Negative (TN)

False Positive (FP)

Actual Positive

False Negative (FN)

True Positive (TP)

Table 1 Possible outcomes in a con

fusion matrix

Predicted Negative | Predicted Positive
Actual Negative 317 3
Actual Positive 10 2

Table 2 Confusion matrix for target “razriv”

Predicted Negative | Predicted Positive
Actual Negative 294 9
Actual Positive 23 6

Table 3 Confusion matrix for target “rec_im”

diagnose these diseases; on another note, doctors could have
also decided these cardiac problems based on what the pa-
tients told them, but as stated before, this could come with
some subjectiveness as to what the patient thinks happened to
them. When analyzing the results of this study, it is important
to find possible problems that led to the results and why the
machine learning model was so inaccurate.

In the future, doctors could take steps in an effort to in-
terpret if patients could reliably understand their own health
complications. Surveys used to gather information on pa-
tients should include questions about whether patients can in-
terpret their symptoms. For example, patients could mistake
heartburn-related chest discomfort or asthma with serious car-
diac abnormalities. An example survey question could ask
whether a patient knows the difference between chest pain due
to heart burn compared to chest pain due to a heart condi-
tion. In the survey, it wouldn’t be practical to ask patients if
they have had problems, such as heartburn, because heartburn
doesn’t always affect the chest; for instance, heartburn could
be sensed in the neck and esophagus for some patients. Sur-
veys should involve getting an understanding whether or not
patients understand myocardial symptoms and complications.

In application to the real world, this study on anamnesis and
its effectiveness in predicting future myocardial complications
can support its usefulness. In current medical environments,
anamnesis is used to help doctors diagnose diseases and iden-
tify risk factors to various health complications. Doctors use
anamnesis as an important diagnostic tool to gather informa-
tion on a patient’s life. Looking at these various research ex-
periments and data collected, these findings can be compared
to the results presented in the study relevant to this current re-
search paper. The data collected from both Joksimovi¢ and
Basta¢ and Wang et al. point to the same conclusion®17Z,

They both point to anamnesis being a great tool when it comes
to diagnosing health complications. Both of those groups of
researchers point to more than half of patients being correctly
diagnosed based purely off of anamnesis and the chief com-
plaint.

On another note, a couple reasons were found to determine
why the model was unable to reliably predict the complica-
tions in relation to the original dataset by Golovenkin et al.1?.
The model used data that was collected from the Krasnoyarsk
Interdistrict Clinical Hospital in Russia in the years of 1992-
1995. This dataset was used because it provided public and
comprehensive records relevant to the study of myocardial in-
farction complications. The patient selection criteria and the
fact the data is from the 1990s could suggest that the survey
questions could be outdated and not feasible to be used in this
study related to using anamnesis to predict myocardial com-
plications™®. A reason could have been due to the anamnesis
questions that were asked in the features. Most features were
questions related to anamnesis that a doctor could not observe
through a simple anamnesis.

In the original dataset, there were four possible times infor-
mation could have been collected in the anamnesis anamnesis.
Information could have been collected at time of admission, or
at 24, 48, or 72 hours after admission. According to Section 3
of the descriptive statistics for the myocardial infarction com-
plication dataset, anamnesis data for the features relevant to
this study was collected at time of admission. This applied for
all the features used with creating the Random Forest model.
Therefore, the features designated as anamnesis were the pa-
tients’ memory of their own medical history and symptoms,
including any memory of any prior assessment that resulted in
a diagnosis for a complication®2.

The main goal of the original paper by Golovenkin et al.
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Feature Name | Feature Description Role Type
1D Record ID (ID): Unique identifier. Cannot 1D Integer
be related to participants. It can be used for
reference only.
AGE Age of patient. Feature | Integer
SEX 0: female, 1: male. Feature | Binary
nr_11 Observing of arrhythmia in the anamnesis. | Feature | Binary
nr_01 Premature atrial contractions in the anam- | Feature | Binary
nesis.
nr_02 Premature ventricular contractions in the | Feature | Binary
anamnesis.
nr_03 Paroxysms of atrial fibrillation in the | Feature | Binary
anamnesis.
nr_04 A persistent form of atrial fibrillation in the | Feature | Binary
anamnesis.
nr_07 Ventricular fibrillation in the anamnesis. Feature | Binary
nr_08 Ventricular paroxysmal tachycardia in the | Feature | Binary
anamnesis.
np_01 First-degree AV block in the anamnesis. Feature | Binary
np_04 Third-degree AV block in the anamnesis. Feature | Binary
np_05 LBBB (anterior branch) in the anamnesis. | Feature | Binary
np_07 Incomplete LBBB in the anamnesis. Feature | Binary
np_08 Complete LBBB in the anamnesis. Feature | Binary
np-09 Incomplete RBBB in the anamnesis. Feature | Binary
np-10 Complete RBBB in the anamnesis. Feature | Binary
endocr_01 Diabetes mellitus in the anamnesis. Feature | Binary
endocr_02 Obesity in the anamnesis. Feature | Binary
endocr_03 Thyrotoxicosis in the anamnesis. Feature | Binary
RAZRIV Myocardial rupture. Target | Binary
REC_.IM Relapse of myocardial infarction. Target | Binary

Table 4 Characterization of features from dataset

was separate to the research objective of the study in this
paper®. The numerous features and targets in the original
dataset were for a different goal, and the study in this paper
took some features out of the dataset to build a machine learn-
ing model to predict separate health complications. These fea-
tures were taken out of context and were consequently im-
practical in making an accurate machine learning model for
the purpose of predicting myocardial infarctions. Due to the
anamnesis related questions in the dataset being unable to de-
velop a model, the model was inaccurate and unable to give a

definite answer to the research question.
The findings obtained in the present study could be better

understood by separate studies; the other studies suggest that
anamnesis is a reliable tool when it comes to diagnosing pa-
tients, providing substance on how the study would have gone
if the model was accurate. The various papers on the topic
of anamnesis and its effectiveness when applied to diagnosing

future health complications add great context and additional
information when analyzing the outcomes of the research ob-
tained in this paper. In conclusion, anamnesis can still be as-
sumed as a very useful tool when it comes to diagnosing pa-
tients for diseases based on various studies done by different
researchers.

Conclusion

Anamnesis is a very useful diagnostic tool that helps doctors
across the globe treat patients. The diagnostic tool can gather
information on a patient’s past medical history, risk factors,
and lifestyle. Seeing how well it gathers patient information,
the question arises whether or not it is, in fact, useful and ef-
fective when it comes to the stage of diagnosing a disease of
a patient or administering a treatment. In this study, two ma-
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chine learning models were made to diagnose patients with
myocardial complications and were used to see how well the
machine learning model could predict two different targets, a
myocardial rupture or relapse of myocardial infarction, based
on anamnesis. The model built on this subset of data was inac-
curate. The results were characterized through the metrics of
the recall, precision, and F1 score, of which all were low, prov-
ing that the model had a poor performance when it came to
diagnosing the patients based on the anamnesis-related ques-
tions it was presented.

However, much information can be taken away to be
learned from this study. This study supports that anamnesis is
helpful when diagnosing a patient. The answer to whether or
not it is effective in diagnosing patients with myocardial com-
plications warrants further research. When trying to answer
the initial research question proposed in this study, analyzing
various researchers’ results and different research papers when
studying anamnesis can be proven useful.

In this study, it was concluded that the machine learning
model was erroneous in presenting the effectiveness of anam-
nesis in predicting two different myocardial infarctions. This
was largely due to the fact that the anamnesis in the form of
questions that were asked in the dataset could not be used to
develop an accurate model. Future quantitative data analysis
on the efficacy of anamnesis in diagnosing myocardial infarc-
tions should utilize a dataset that is composed of more definite
features that could aid in creating an accurate model. In con-
clusion, the model was inaccurate, so the negative results ob-
tained through this study cannot be used to solve the question
on anamnesis being an effective tool in diagnosing patients for
myocardial complications.
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