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Abstract

The main purpose of the study is to predict mental health status, that is, Alzheimer's diagnosis, by analyzing factors tailored to
each data set using machine learning models. This study aims to find more relevant factors by analyzing unique factors existing
in each data set. To this end, this study used decision tree models, random forest models, KNN models, SVM models, artificial
neural network models, naive Bayesian models, logistic regression analysis, and XG boost models among the developed machine
learning models. In the process of training the model using medical data, we went through trial and error, such as increasing
variable values to increase the model performance index value that determines the degree of learning. In addition, we did not end
this study by comparing the performance of the models but ended the study by finding out which variables are closely related to
dementia prediction and their weights. These results can provide a foundation for what approach is needed when processing
medical data. In addition, it will be helpful for research that predicts results through medical data and finds out which variables

are closely related.
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2. The Main Text of a Thesis

2.1. The Purpose of the Study

1o
1%
o0z

T =
SHE= FOZT

GOl & 2l

r

oMo = HE
E
l

=3e Bt

mjo

£45ta
She AOITL E o 2| M58
|.

o
MOz =f50| & ZEO| o RAQIX| Aot =

El mjo

N HI o2 HI re

O x it pz i
ot of
)

M
.

2.2. Research Data
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2.3. Selection of Variables
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2.4. Data Preprocessing
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2.5. Directing Data

2.5.1. Analyzing the Density of Variables
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3.1.1. Model Used for Learning
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3.2. How the Model Works
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3.2.3. Neural Network Model (deep learning)
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3.2.4. Support Vector Machine Model
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3.2.5. K-Nearest Neighbors Model
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3.2.6. Naive Bayes Model
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3.2.7. Logistic Regression Model
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3.3.2. Model Performance Indicators
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Table1l: O 2 45 Hnx
Model Accuracy | Precision Recall Specificity F1 score
1. Decision Tree 0.960 0.965 0.919 0.982 0.942
2 Random Forest’ 0.967 0.986 0.919 0.993 0.951
3. Neural Network 0.879 0.839 0.805 0.918 0.822
4. Support Vector Machine 0.912 0.878 0.866 0.936 0.872
5. K-Nearest Neighbors 1.000 1.000 1.000 1.000 1.000
6. Naive Bayes 0.809 0.725 0.725 0.854 0.725
7.Logistic Regression 0.837 0.776 0.745 0.886 0.760
8. XG-boost 0.956 0.951 0.919 0.975 0.935
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4. Conclusion

4.1. Final Model Selection

Fl-score & &3 2 Z1f, K-Nearest Neighbors 2,
Random Forest =2 Decision Tree 22 XG-boost 2 &,
Support Vector Machine 22, Neural Network 22 Logistic
Regression 22 Naive Bayes 22 =AMLHZ &&0| Z E
DEo

4.2. Weight Prediction
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