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Abstract: Early diagnosis of Alzheimer's disease (AD) is crucial for delaying disease progression. Although machine learning 
methods such as random forests have shown potential in this field, effectively leveraging multi-source clinical data to construct 
high-accuracy models remains a research priority. This study aims to develop and validate a diagnostic and predictive model for 
AD based on the random forest algorithm. Using a multidimensional dataset encompassing demographic information, clinical 
test indicators, and lifestyle factors, the study first performed data cleaning and feature engineering, innovatively constructing 
composite features such as cardiovascular risk scores, cognitive impairment risk scores, and comprehensive health scores. 
Subsequently, a feature selection method incorporating domain knowledge was applied to identify a core set of features, including 
Activities of Daily Living (ADL), functional assessments, Mini-Mental State Examination (MMSE), and age. The final random 
forest model, optimized through cross-validation, achieved an accuracy of 94.95% and an F1-score of 0.9476 on the test set. 
Feature importance analysis not only validated the model’s interpretability but also highlighted the critical predictive roles of 
patients’ functional status and cognitive levels. The findings demonstrate that the random forest-based model can efficiently and 
accurately support the auxiliary diagnosis of AD, offering a low-cost, non-invasive solution with potential applications for early 
screening in primary healthcare settings. 
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1. Introduction 
Alzheimer's Disease (AD) is a progressive and irreversible 

neurodegenerative disorder that is the leading cause of 
dementia in the elderly. Its clinical manifestations mainly 
include progressive decline in cognitive function, gradual loss 
of daily living abilities, and abnormal mental and behavioral 
symptoms. With the continuous acceleration of the global 
aging process, the prevalence of AD is continuously 
increasing, posing an increasingly severe public health 
challenge and imposing heavy economic and care burdens on 
patients' families and the social medical system. A particularly 
crucial fact is that the neuropathological changes of AD may 
have already started decades before the clinical symptoms 
appear. Therefore, achieving early and accurate diagnosis is 
of vital significance for timely clinical intervention, delaying 
disease progression, and improving the long-term quality of 
life of patients. 

Currently, the clinical diagnosis of AD mainly relies on 
detailed history inquiries, neuroimaging (such as MRI, PET), 
and cerebrospinal fluid biomarker detection. However, these 
traditional methods have varying degrees of limitations: high-
precision imaging and cerebrospinal fluid examinations are 
costly, invasive, or have low equipment, making them 
difficult to be widely applied in grassroots medical 
institutions and large-scale population screening. This 
diagnostic predicament has given rise to an urgent need for 
alternative solutions. 

In recent years, the rapid development of machine learning 
technology, especially its outstanding ability to extract 
potential patterns from high-dimensional and complex data, 
has opened up a new paradigm for medical auxiliary 
diagnosis. Among various machine learning algorithms, 
Random Forest is favored in the field of disease prediction 
due to its unique advantages. It can effectively handle mixed 

datasets with both numerical and categorical features, is 
insensitive to missing values and outliers, and provides good 
model generalization ability and interpretability through 
built-in out-of-bag error estimation and feature importance 
ranking functions. These characteristics make it highly 
suitable for handling complex diseases like AD, which are 
influenced by multiple factors and multiple features. Kolte et 
al. demonstrated in 2023 that the Random Forest algorithm is 
effective in the early detection of Alzheimer's disease, with a 
model accuracy of 93.69%, highlighting the application 
potential of this algorithm in this field [1]. 

Many studies have explored the application of machine 
learning in AD diagnosis. For example, Zhang Yuxi et al. 
developed a model at 2025 based on the NCMMSC2021 
speech dataset, using a support vector machine model and 
sequential forward search feature selection method, achieving 
an accuracy of 92.6% in the classification task of AD and mild 
cognitive impairment, verifying the effectiveness of speech 
analysis in AD recognition [2]. Additionally, Vimaladevi et al. 
took a different approach at 2024, analyzing handwriting 
dynamics features and using the Random Forest model to 
achieve high accuracy (94.29%) for AD prediction, providing 
a new idea for the early, non-invasive screening of AD [3]. 
These studies provide a solid methodological foundation for 
this article. However, many existing models heavily rely on 
expensive neuroimaging data, limiting their potential for 
large-scale promotion. In contrast, building diagnostic models 
based on easily accessible routine clinical data and 
demographic characteristics undoubtedly have higher cost-
effectiveness and accessibility. Pavalarajan et al. pointed out 
in 2022 that the Random Forest classifier performed best in 
AD classification tasks based on clinical data (such as the 
OASIS dataset), further supporting the technical selection of 
this study [4]. In view of this, the main objective of this study 
is to fully leverage the advantages of the random forest 
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algorithm to construct a high-performance and interpretable 
early diagnosis model for AD based on patient clinical data 
(such as MMSE scores, blood pressure, cholesterol levels, etc.) 
and demographic and lifestyle characteristics (such as age, 
BMI, educational level, etc.). The publicly available dataset 
used in this study contains a wealth of such features, similar 
to the data type used by Kavitha G et al[5]. in their 2023 study 
for predicting AD. They also verified the excellent 
performance of models such as random forest and XGBoost 
on such data [6]. This study will create more clinically 
meaningful composite features through systematic feature 
engineering and rigorously evaluate the model performance 
to verify its potential application in assisting clinicians in 
early screening and diagnostic decision-making, providing an 
efficient and practical computational tool to address the 
global health challenge of AD. 

2. Model Building 

2.1. Data Pre-processing 
This study utilized a retrospective publicly available 

clinical dataset, which encompasses multi-dimensional 
information of patients diagnosed with Alzheimer's disease 
(AD) and individuals with normal cognition [5]. The original 
dataset includes PatientID, DoctorInCharge, Diagnosis (the 
target variable), and a series of clinical and demographic 
characteristics. Data preprocessing is the first step to ensure 
the reliability of the model, and its process mainly consists of: 

(1). Irrelevant feature removal: To avoid information 
leakage and ensure the generalization of the model, we 
removed the identifying fields that have no direct causal 
relationship with the disease diagnosis, including PatientID 
and DoctorInCharge. 

(2). Missing value handling: For the missing values in the 
data, we adopted a robust filling strategy. For numerical 
features (such as age, BMI, MMSE, etc.), the median was 
used for filling; for categorical features (such as Gender, 
EducationLevel, etc.), the mode (the value with the highest 
frequency) was used for filling. 

(3). Feature type conversion and division: To ensure the 
correctness of subsequent encoding, all features that are 
essentially binary classification (yes/no) but recorded in 
numerical form (such as 0/1) in the dataset (e.g., Smoking, 
Hypertension, FamilyHistoryAlzheimers, etc.) were 
uniformly converted to string type. Finally, all predictor 
variables were clearly divided into numerical features (a total 
of 14) and categorical features (a total of 14), preparing for 
subsequent feature engineering and model input. 

2.2. Feature Engineering and Selection 
To deeply explore the potential clinical significance in the 

data and enhance the predictive performance of the model, 
this study conducted systematic processing from two levels: 
constructing composite features and screening key features. 

2.2.1. Feature Engineering 
Based on clinical domain knowledge, we have developed a 

series of derived features aimed at comprehensively reflecting 
an individual's overall health status and disease risk. 

(1) Risk score construction: 
Cardiovascular risk score (CV_Risk_Score): Calculated by 

summing up the four binary risk factors of Hypertension, 
Diabetes, Cardiovascular Disease, and Smoking, with a score 
range of 0-4. This score comprehensively assesses the 
potential brain health risks brought by cardiovascular 

metabolic factors for the subjects. 
(2) Cognitive impairment risk score (Cognitive_ Risk_ 

Score): 
Calculated by summing up the three known risk factors for 

AD (FamilyHistoryAlzheimers, HeadInjury, Depression), 
with a score range of 0-3. 

(3) Physiological indicator ratios and composite features: 
Blood lipid ratio: Calculated the ratios of total cholesterol 

to high-density lipoprotein cholesterol (Total_HDL_Ratio) 
and low-density lipoprotein to high-density lipoprotein 
(LDL_HDL_Ratio), which are more stable indicators for 
assessing cardiovascular risk. 

Blood pressure-related features: Based on SystolicBP 
(systolic blood pressure) and DiastolicBP (diastolic blood 
pressure), calculated the pulse pressure difference (Pulse_ 
Pressure, systolic blood pressure - diastolic blood pressure) 
and mean arterial pressure (Mean_ Arterial_ Pressure, 
(systolic blood pressure + 2 × diastolic blood pressure) / 3). 

(4) Comprehensive health score (Health_Score): 
This score integrates four lifestyle indicators (BMI, 

PhysicalActivity, DietQuality, SleepQuality), calculated 
through weighted computation to form an overall health 
metric. The higher the score, the healthier the lifestyle. 

2.2.2. Feature Selection 
To avoid the dimensionality disaster and enhance the 

efficiency and generalization ability of the model, we 
conducted feature selection before inputting the model. This 
study drew on the research approach of Li Zhigang et al in 
2023, which emphasizes the assessment of feature 
discrimination ability before model construction [7]. We 
adopted a method that combines clinical prior knowledge 
guidance with data-driven approach: 

Firstly, based on the expertise in neurology, we pre-selected 
a set of core features. Among them, the Mini-Mental State 
Examination (MMSE) was included as a key indicator for 
evaluating overall cognitive function and was incorporated 
into the model. MMSE is one of the most widely used tools 
in clinical screening for cognitive impairment, and its 
effectiveness has been confirmed in numerous studies. Tang 
Juanjuan and Xiao Jun's research in 2011 compared the 
application of MMSE and the Montreal Cognitive 
Assessment Scale in the screening of cognitive dysfunction, 
further verifying the clinical value of MMSE [8]. Ahmed et 
al. in their proposed hybrid framework in 2025 combining 
GAN and EfficientNetB3 also emphasized the importance of 
imaging biomarkers such as hippocampal atrophy, which 
complements the thinking of this study focusing on clinical 
cognitive scores (MMSE) and functional assessment, jointly 
pointing to the core pathological features of AD [9]. Based on 
this, we included Age, MMSE, EducationLevel, Family 
HistoryAlzheimers, etc. as core features. 

On this basis, we further included other demographic, 
clinical indicators, and all newly constructed clinical derived 
features to form a complete candidate feature set. 

Through the above process, we ultimately determined 15 
numerical features and 8 categorical features for modeling. 

2.3. Model Building 
Based on the selected features, we constructed an end-to-

end machine learning pipeline (Pipeline). In terms of 
classifier selection, we employed the Random Forest 
algorithm, which was proposed by Breiman in 2001 and is 
renowned for its advantages in handling high-dimensional 
data, resisting overfitting, and providing feature importance 
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[10]. This algorithm not only has inherent advantages in 
processing mixed-type data, preventing overfitting, and 
providing feature importance, but has also been proven 
effective in various AD-related data analysis tasks - from 
classification based on clinical data to intelligent evaluation 
based on behavioral characteristics [1,4,5,8,11]. 

The specific steps of the pipeline are as follows: 
(1). Feature encoding and standardization: Use 

StringIndexer and OneHotEncoder to perform one-hot 
encoding on categorical features. Use VectorAssembler to 
combine numerical features into feature vectors and apply 
StandardScaler for Z-score standardization, setting the mean 
to 0 and the standard deviation to 1. 

(2). Target variable encoding: Use StringIndexer to convert 
the diagnosis results (Diagnosis) to numerical labels (label). 

(3). Model training and tuning: To optimize the model 
performance to the maximum, we used ParamGridBuilder to 
construct the hyperparameter search space, focusing on 
optimizing key parameters such as maxDepth (the maximum 
depth of the tree) and numTrees (the number of trees). 
Subsequently, CrossValidator was used to perform 3-fold 
cross-validation to determine the best hyperparameter 
combination, ensuring the robustness of the model. 
Pavalarajan et al. also used K-fold cross-validation in 2022 to 
find the optimal parameters, demonstrating the effectiveness 
of this method in improving model performance [4]. 

2.4. Model Evaluation 
To objectively evaluate the generalization ability and 

clinical practicability of the model, this study adopted a 
comprehensive evaluation process. Firstly, the complete 
dataset was randomly divided into a training set and an 
independent test set in a 8:2 ratio to ensure that the evaluation 
results could truly reflect the model's performance on unseen 
data. The model's performance was comprehensively 
considered from multiple dimensions: 

2.4.1. Performance Index 
We conduct a quantitative analysis of the model using 

several widely recognized machine learning evaluation 
metrics: 

Accuracy: Measures the proportion of correct 
classifications made by the model as a whole, and is the 
fundamental indicator for evaluating the overall performance 
of the model. 

F1 Score: The harmonic mean of precision and recall, this 
metric is more capable of reflecting the robustness of the 
model when the data has a class imbalance compared to 
accuracy. 

Precision and Recall: They respectively assess the 
proportion of true positive samples among the samples 
predicted as positive by the model, and the model's ability to 
identify all true positive samples. 

2.4.2. Performance Result and Analysis 
The final random forest model, after cross-validation 

tuning, achieved outstanding performance on the independent 
test set (see Table 1). The key indicators of the model are as 
follows: the accuracy rate reached 94.95%, the F1 score was 
94.76%, and the precision and recall rates were 94.85% and 
94.95% respectively. 

 
Table 1. Performance Result 

Index Value 

Accuracy 0.9495 

F1-Score 0.9476 

Precision 0.9485 

Recall 0.9495 

 
These highly consistent indicators demonstrate that the 

model constructed in this study not only possesses extremely 
high overall predictive accuracy, but also achieves an 
excellent balance between the recognition ability of the 
positive class (AD patients) (high recall rate) and the 
reliability of the prediction results (high precision rate). An 
accuracy rate of up to 94.95% and an F1 score prove the 
stability and strong generalization ability of the model, and it 
has the potential to be applied in the clinical auxiliary 
diagnosis environment. This result is competitive compared 
to several recent studies, such as the 93.69% accuracy rate 
reported by Kolte et al. in 2023 , and the 94.29% accuracy 
rate achieved by Vimaladevi et al. in handwriting analysis in 
2024 , indicating that our model has reached an advanced 
level in the AD classification task based on clinical data[1,11]. 

2.4.3. Analysis of Feature Importance 

 
Table 2. Feature Importance (Only showing the top 10 features ranked by importance) 

Ranking Feature Name Importance Clinical Significance 

1 activity of daily living (ADL) 12.07% 
Key indicators for measuring a patient's ability to live 

independently 

2 FunctionalAssessment 12.05% 
Advanced functions for evaluating the ability to perform 

complex tasks 

3 Simple mental state examination (MMSE) 11.63% 
An internationally recognized core cognitive function 

screening tool 
4 Age 7.64% The most significant irreversible risk factor 

5 low density lipoprotein (CholesterolLDL) 6.35% Important risk markers for cardiovascular and brain health 

6 BMI 5.18% Reflect the overall nutritional and metabolic status 

7 Pulse Pressure 4.73% 
Derivative indicators of vascular elasticity and 

cardiovascular risk 
8 total cholesterol 4.73% The overall level of lipid metabolism is reflected 

9 
Comprehensive Health Score 

(Health_Score) 
4.63% 

The comprehensive lifestyle measurement constructed in this 
study 

10 mean arterial pressure 4.13% An important indicator of organ perfusion level 

The feature importance ranking provided by the random forest model offers crucial insights into understanding the 
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decision-making mechanism of the model, and the results are 
highly consistent with clinical prior knowledge [10]. As 
shown in Table 2, ADL (Activities of Daily Living) and 
functional assessment (Functional Assessment) rank first and 
second respectively with importance weights of 12.07% and 
12.05%, highlighting the core impact of AD on patients' daily 
independent living ability and complex functional execution 
ability, which is a key basis for diagnosis. The Mini-Mental 
State Examination (MMSE), as an internationally recognized 
cognitive function screening tool, has an importance weight 
of 11.63%, verifying its cornerstone role in the model. Age, 
as the most significant irreversible risk factor for AD, has an 
importance of 7.64%, which conforms to epidemiological 
patterns. Additionally, multiple derived features constructed 
through feature engineering in this study, such as pulse 
pressure difference (Pulse_Pressure), comprehensive health 
score (Health_Score), and lipid ratio (Total_HDL_Ratio, 
LDL_HDL_Ratio), all rank in the top 15 and collectively 
contribute over 15% of the importance, which strongly 
demonstrates the effectiveness of feature engineering in 
extracting deep information from data and improving model 
performance. Shree K et al. also emphasized in their 2025 
study the crucial role of feature extraction and dimensionality 
reduction in improving the performance of the random forest 
model , which is consistent with our findings[10]. 

3. Result 

3.1. Technology Summary and Advantage 
This study systematically constructed and validated a 

machine learning model for the early diagnosis of Alzheimer's 
disease. In terms of the technical approach, we fully 
implemented the entire process from data preprocessing, 
feature engineering, model training to evaluation analysis. 
The core technical points and advantages are as follows: 

(1). Robust data preprocessing: By eliminating irrelevant 
variables, intelligently filling in missing values, and 
standardizing feature data types, we prepared high-quality 
and unbiased data for model training. 

(2). Innovative feature engineering: This study went 
beyond the simple use of raw features and creatively 
constructed multiple composite clinical features (such as 
cardiovascular risk score, comprehensive health score, etc.). 
This not only enhanced the representation ability of the data 
but also deeply integrated domain knowledge into the model, 
which is a key step to achieving high performance. 

(3). Efficient random forest algorithm: Selecting random 
forest as the core classifier fully leveraged its natural 
advantages in handling mixed type features, resisting 
overfitting, and providing built-in feature importance 
assessment. This algorithm helped us complete the 
classification task with a high accuracy rate (94.95%) while 
ensuring the robustness and interpretability of the model. 

(4). Rigorous model evaluation: Using a combination of 
cross-validation and independent test sets, and integrating 
multiple indicators such as accuracy and F1 score for 
evaluation, we ensured the reliability and scientificity of the 
performance results. 

3.2. The Role of Technology and Future 
Applications 

The main function of this technology lies in its successful 
conversion of readily available routine clinical and 
demographic data into valuable diagnostic auxiliary 

information through computational models. Its core value is 
reflected in: 

(1). Diagnostic assistance: It provides doctors with an 
objective and quantitative decision support tool, especially 
helpful for early screening and risk stratification in primary 
hospitals and communities. 

(2). Lowering the threshold: This solution does not rely on 
expensive imaging or molecular biology tests, and is expected 
to serve as a low-cost, high-benefit primary screening tool, 
promoting the equitable accessibility of medical resources. 

(3). Revealing correlations: The importance of the model's 
output features can serve as a data-driven clue, assisting 
researchers in exploring potential risk factors related to AD 
and their interactions. 

Looking to the future, the application prospects of this 
technology are vast. Firstly, the next step is to conduct 
external validation in multi-center, large-scale prospective 
clinical cohorts to further consolidate its universality and 
robustness. Secondly, we will strive to develop a user-friendly 
software interface or cloud service platform to enable the 
seamless integration of this model into hospital electronic 
medical record (EHR) systems, achieving one-click risk 
assessment and truly empowering the clinical workflow. 
Finally, we will explore multimodal fusion models combined 
with other data types (such as longitudinal follow-up data at 
the mild cognitive impairment stage, dynamic physiological 
parameters recorded by wearable devices, etc.) to achieve 
more accurate predictions at an earlier stage. 

4. Conclusion 
This study successfully developed and validated a robust 

diagnostic and predictive model for Alzheimer's disease using 
the Random Forest algorithm. By leveraging a 
multidimensional clinical dataset and incorporating 
innovative feature engineering, the model achieved high 
performance, with an accuracy of 94.95% and an F1-score of 
0.9476 on an independent test set. The analysis of feature 
importance confirmed the critical roles of functional 
assessments, cognitive scores (MMSE), and age, aligning 
well with clinical knowledge and enhancing the model's 
interpretability. 

The findings underscore the potential of leveraging routine 
clinical and demographic data for efficient, low-cost, and 
non-invasive AD screening, particularly in primary care 
settings. Future work should focus on external validation with 
larger, multi-center prospective cohorts to further generalize 
the model. Additionally, integrating multimodal data, such as 
longitudinal neuropsychological records or wearable device 
metrics, could enable even earlier and more dynamic 
prediction of disease progression. 
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