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Dementia rates are projected to increase significantly by 2050, posing considerable challenges 
for healthcare systems worldwide. Developing efficient diagnostic tools is critical, and machine 
learning (ML) algorithms have shown potential for improving the accuracy of cognitive impairment 
classification. This study aims to address challenges in current systems by leveraging readily 
available electronic medical record (EMR) data to simplify and enhance the classification of cognitive 
impairment. The analysis includes 283 older adults, categorized into three groups: 144 individuals 
with mild cognitive impairment (MCI), 38 with dementia, and 101 healthy controls. Various ML 
techniques are evaluated to classify cognitive performance levels based on input features such as 
sociodemographic variables, lab results, comorbidities, Body Mass Index (BMI), and functional scales. 
Key predictors for distinguishing healthy controls from individuals with MCI are identified. These 
are history of myocardial infarction, vitamin D3 levels, the Instrumental Activities of Daily Living 
(IADL) scale, age, and sodium levels. The nonlinear Support Vector Machine (SVM) with a Radial Basis 
Function (RBF) kernel achieve the best performance for MCI classification, with an accuracy of 69%, 
an AUC of 0.75, and a Matthews Correlation Coefficient (MCC) of 0.43. For distinguishing healthy 
controls from those with dementia, the most influential factors include the IADL scale, the Activities 
of Daily Living (ADL) scale, education, vitamin D3 levels, and age. Here, the Random Forest algorithm 
demonstrates superior performance, achieving 84% accuracy, an AUC of 0.96, and an MCC of 0.71. 
These two models consistently outperform other ML techniques, such as K-Nearest Neighbors, Multi-
Layer Perceptron, linear SVM, Naive Bayes, Quadratic Discriminant Analysis, Linear Discriminant 
Analysis, AdaBoost, and Gaussian Process Classifiers. The findings suggest that EMR data can be an 
effective resource for the initial classification of cognitive impairments. Integrating these ML-driven 
approaches into primary care settings may facilitate the early identification of older patients who could 
benefit from further cognitive assessments.
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The number of people with dementia is expected to increase significantly as the global population ages1,2, with 
Alzheimer’s disease (AD) being the most common cause3. The term Alzheimer’s disease (AD) refers to the 
presence of beta-amyloid (Aβ) plaques and pathological tau deposits, marking different stages within the larger 
continuum of Alzheimer’s, including the early and late phases of the disease4. Cognitive staging divides this 
continuum into cognitively unimpaired, mild cognitive impairment (MCI), and dementia, with dementia further 
classified into mild, moderate, and severe stages4. Although biomarkers are effective in diagnosing AD before 
the onset of clinical symptoms, due to their advanced nature and specialized measurement methods, they are 
not always available in primary care settings  5. Several factors have been recognized as important in identifying 
patients at the highest risk of developing AD, including lower Mini-Mental State Examination (MMSE) scores, 
higher Alzheimer’s Disease Assessment Scale (ADAS) scores, the presence of an APOE4 allele (Apolipoprotein 
E epsilon 4), white matter hyperintensities, entorhinal cortex atrophy, higher tau levels in cerebrospinal fluid 
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(CSF), difficulties with complex daily activities as measured by Instrumental Activities of Daily Living (IADL), 
and female sex, all of which are becoming increasingly important indicators in clinical practice6.

The growing interest in machine learning (ML) algorithms stems from their significant advantages over 
traditional statistical analysis, particularly when dealing with highly complex data7–9. ML can be adapted to 
enhance accuracy in assessing cognitive performance5,7. Key areas where ML is applied in AD research include: 
(1) identification of the disease, (2) determination of disease subtypes, (3) prediction of disease progression, (4) 
discovery of biomarkers, and (5) exploration of new drug applications8–11. The growing reliance on electronic 
medical records (EMRs) presents new opportunities for population-level studies exploring disease progression 
and its causative factors7,12,13. EMRs are digital records that capture a patient’s medical history, diagnoses, 
treatments, and healthcare data, providing dynamic multidimensional information that makes them a valuable 
resource for various studies14. Current research often overlooks the secondary use of non-imaging clinical data, 
such as routinely collected EMR-derived information, despite its potential as a rich, low-cost, and noninvasive 
resource for identifying dementia risk factors. Instead, the focus has tended to be on more expensive imaging 
and diagnostic test data for ML-based analyzes9,15. Many established risk factors for AD, such as obesity, 
hypertension, diabetes, are already routinely documented in patients’ EMRs2,16,17.

Related work
In the literature, EMRs are highlighted as the primary data source for ML models7. Studies examine various 
categories of input variables8, including demographic data13,18–20; clinical variables21–24; lifestyle variables18,21,25; 
neuroimaging data (particularly structural magnetic resonance imaging - MRI)23,26; and genetic factors 
(primarily APOE4)18,19,23,27. Some research using ML include only neuroimaging in the input data28,29, as its 
inclusion generally yields better prediction results10. It should be noted that in clinical practice, neuroimaging 
procedures are usually reserved for patients who already exhibit clinical symptoms or are at high risk. Although 
brain abnormalities are often identified in patients, these findings are not always effective in diagnosing or 
predicting the disease at the individual level30. ML models are increasingly relying on easily accessible variables, 
such as data from questionnaires, physical assessments, and blood tests11,18. Other studies also use variables such 
as the results of the cognitive function test19,26.

ML classifiers used in AD research include classic models like Logistic Regression (LR)31, Random Forest 
(RF)19,20,32, Naive Bayes25, K-Nearest Neighbors (KNN)33, Support Vector Machine (SVM)26,33, and more 
advanced algorithms, such as Convolutional Neural Network (CNN)23,29, Residual Neural Network (RNN)28, 
Conditional Restricted Boltzmann Machine27, Gradient Boosted Trees22. Hybrid models that combine deep 
learning (DL) and classical ML methods are also employed23,34.

The most commonly reported performance indicator for ML algorithms in the systematic review was the area 
under the curve (AUC), with values ranging from 0.69 to 0.98, and major neurocognitive impairment, dementia, 
and AD being the most frequently studied conditions7. Another systematic review highlighted that the model 
accuracies (ACC) for classifying AD patients versus healthy controls ranged from 77.0% to 96.8%, depending on 
the specific models and input variables used35.

In the literature, ML models are primarily applied to prediction and classification tasks. Most of the research 
focuses on predicting the progression of AD using publicly available standardized multimodal datasets that 
combine neuroimaging with non-imaging clinical data10,15. Although classification does not directly predict 
disease progression, it allows disease detection8,11 and facilitates cross-sectional data analysis by accurately 
identifying individuals who may require further monitoring (MCI) or treatment (dementia), offering significant 
value in clinical practice. Using easily accessible data, such as demographic and clinical information, ML models 
can support early detection and timely interventions15,20. Classification models may be useful in low- and 
middle-income countries (LMICs), where dementia often remains underdiagnosed due to limited longitudinal 
data and unclear prevalence5.

Many studies demonstrate the practical application of ML models in AD classification with varied approaches 
and results. For example, El-Sappagh et al.19 achieved a multiclass classification accuracy of 93.95% in detecting AD 
using an RF model trained on cognitive scores, neuropsychological battery results, and genetic data. Akramifard 
et al.36 achieved 95.57% accuracy and 0.96 AUC to distinguish AD from controls and 78.67% accuracy with 
0.79 AUC for MCI versus controls, using SVM to classify multimodal data such as MMSE, positron emission 
tomography (PET), CSF, personal information and MRI. Alatrany et al.33 identified key features of scales such 
as the Clinical Dementia Rating (CDR), Functional Activities Questionnaire (FAQ), Neuropsychiatric Inventory 
Questionnaire (NPI-Q), Geriatric Depression Scale (GDS), as well as demographic factors. The classification 
performance varied between tasks, with normal controls vs. AD showing higher ACC values (RF: 97.5%, SVM: 
97.3%, KNN: 96.4%, Naive Bayes: 96.1%) compared to normal controls vs. MCI (RF: 88.1%, SVM: 88.1%, KNN: 
87.5%, Naive Bayes: 82.9%). Vichanin et al.26 used SVM to classify AD subjects, reporting a highest accuracy of 
62.64% with only hippocampal volume and 83–90% with neuropsychological assessments.

Motivation and research contributions
Many contemporary ML models utilize complex variables, such as neuroimaging23 or specialized 
neuropsychological assessments11,19,26, which are often inaccessible to most healthcare providers. Additionally, 
numerous studies draw data from specialized research repositories like the Alzheimer’s Disease Neuroimaging 
Initiative (ADNI)15,35. In contrast, data from hospitals and memory clinics often exhibit greater variability in 
quality due to less standardized protocols compared to those used in research settings10,15,35. Numerous studies 
use single datasets with cross-validation to assess the performance of ML models. However, due to generalization 
challenges with unseen data, accuracy tends to drop when tested on other research datasets, and even more so 
when applied to clinical data9.
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The aim of this study is to develop practical ML models for identifying cognitive impairments, including MCI 
and dementia, by utilizing only readily available clinical data from EMRs. The dataset includes sociodemographic 
variables, comorbidities, laboratory test values, lifestyle factors, and functional scales, excluding additional 
sources such as neuroimaging or genetic data.

Considering the demonstrated utility of cognitive screening tests and neuropsychological assessments in 
classifying dementia patients in previous studies19,26,36, this research utilizes the results of cognitive screening 
tests to generate output labels for the ML models. While recognizing the limitations of screening tests in detecting 
cognitive impairment in older patients37,38, the proposed models offer an initial ’cognitive screening’ that can 
be conducted at the primary care level, helping to identify patients for further, more specialized evaluations. 
Screening tests are one of the methods supporting clinical diagnostic decisions; however, including them as 
input variables may cause the model to ’learn’ outcomes based on variables that already contain significant 
diagnostic information, potentially distorting the learning process and leading to biased results, especially in 
classification tasks. In addition, screening test results are not always available.

Furthermore, the literature reveals that while dementia is the most frequently studied condition, MCI has 
received considerably less attention7,10. To address this gap, this retrospective analysis places a stronger emphasis 
on MCI. This study investigates three classification scenarios for older patients with cognitive impairment using 
EMRs: 

	1.	� MCI versus control group,
	2.	� Dementia versus control group,
	3.	� Combined group (MCI + dementia) versus control group (similar combinations have been explored in other 

studies39).The primary objective of this research is to evaluate the classification performance of simple, da-
ta-efficient ML algorithms. Although more complex DL models provide greater generalization capabilities, 
they often require large datasets to achieve optimal performance7,10,22, which limits their applicability in 
smaller research centers and hospital units. To address this limitation, we conducted a comparative analysis 
of various classical ML algorithms to identify the most suitable approach for our specific problem. Such 
comparative assessments are frequently proposed in ML studies33,40.

To summarize, the main contributions of our research include:

•	 Leveraging readily accessible EMRs data from routine medical practice,
•	 Placing greater emphasis on the diagnosis of MCI, a condition studied less frequently than dementia,
•	 The use of simple, data-efficient ML algorithms that do not require large input datasets.

Results
Sample characteristics
The data utilized in this study comprise 283 patients hospitalized at the John Paul II Geriatric Hospital in 
Katowice (Poland) between 2015 and 2019. These hospitalizations were performed as part of a comprehensive 
geriatric evaluation. All participants were assigned to one of three groups:

•	 Control (C) (n = 101),
•	 Mild cognitive impairment (MCI) (n = 144; amnestic MCI single domain or amnestic MCI multiple do-

main,41),
•	 Dementia (D) (n = 38, includes n = 36 (mild dementia) and n = 2 (moderate dementia),Based on med-

ical diagnoses and cognitive deficit profiles obtained by screening tests, 27 patients in the study group were 
identified with AD, 6 with vascular dementia, 2 with mixed dementia (atypical or mixed with AD) and 3 with 
unspecified dementia. However, due to the absence of comprehensive neuropsychological assessments and 
neuroimaging in this study, these classifications should be interpreted with caution. Our main goal is to iden-
tify dementia, with the classification of specific types of dementia being another goal of ML models10,11. The 
mean ages were 77.13 (SD = 8.21) in the control group, 78.29 (SD = 6.44) in the MCI group, and 81.10 (SD = 
7.56) in the dementia group. The data is posted in the Table 4.

Model classification using important features only
In the initial step, significant characteristics impacting the classification outcomes are identified with a statistical 
ANOVA test, for all classification scenarios (control vs. MCI, control vs. dementia (D) and control vs. combined 
group (MCI+D)). These features are depicted in Fig.  1. In the subsequent step, a comparative analysis is 
performed to assess the discriminative power of different classification algorithms.

When distinguishing between healthy controls and those with MCI, the most influential factors in the final 
classification are a history of myocardial infarction, vitamin D3 levels, Instrumental Activities of Daily Living 
(IADL), age, and sodium levels (Fig. 1a). Nonlinear SVM with Radial Basis Function (RBF) kernel achieves the 
highest accuracy, reaching 69% and an AUC value of 0.75, indicating its superior performance in discriminating 
between classes. The RF comes next in terms of accuracy, achieving 66% and an AUC of 0.73. Models such as 
linear SVM, Naive Bayes, Quadratic Discriminant Analysis (QDA), Linear Discriminant Analysis (LDA), and 
AdaBoost did not exceed 60% in ACC or 0.60 in AUC. Detailed results are presented in Table 1.

When the classification is performed between healthy controls and those with dementia, it turns out that 
the characteristics that have the greatest impact on the final classification are IADL, Activities of Daily Living 
(ADL), years of education, vitamin D3 levels and age, as depicted in the Fig. 1b). The RF demonstrates the best 
performance, achieving 84% accuracy and an AUC value of 0.96, which confirms its high discriminative abilities. 
The nonlinear SVM with RBF also yields strong results, with 77% accuracy and an AUC of 0.95. The linear SVM 
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achieves an accuracy of up to 77% and an AUC score of 0.84, while the LDA reaches an accuracy of 76% and 
an AUC score of 0.83. Probabilistic classifiers, including Naive Bayes and QDA, show intermediate results for 
dementia, with Naive Bayes achieving an accuracy of 76% and an AUC score of 0.84, and QDA achieving an 
accuracy of 79% and an AUC score of 0.86. KNN achieves an accuracy of 71% and an AUC of 0.91, indicating 

Classifier ACC AUC F1-Score Precision Recall MCC

MLP 0.54 0.60 0.43 0.40 0.52 0.11

SVM 0.54 0.56 0.48 0.52 0.45 0.07

KNN 0.64 0.67 0.66 0.61 0.72 0.28

Non–linear SVM 0.69 0.75 0.58 0.84 0.47 0.43

Naive Bayes 0.55 0.57 0.59 0.53 0.67 0.10

QDA 0.56 0.57 0.61 0.55 0.71 0.13

LDA 0.5 0.53 0.47 0.47 0.48 0.02

Random Forest 0.66 0.73 0.66 0.65 0.68 0.34

AdaBoost 0.55 0.58 0.49 0.53 0.46 0.09

Gaussian Process Classifier 0.62 0.68 0.63 0.61 0.67 0.25

Table 1.  Results of the classification (ACC—accuracy, AUC-ROC, F1–Score, Precision, Recall and MCC (The 
Matthews correlation coefficient measures) between healthy patients and those who are diagnosed with mild 
cognitive impairment obtained with various ML algorithms. MLP, SVM, QDA and LDA are shortenings from 
Multi-Layer Perceptron, Support Vector Machine, Quadratic Discriminant Analysis and Linear Discriminant 
Analysis, respectively. The best-achieved result is marked in bold.

 

Fig. 1.  The most important features impacting classification tasks among the following patients groups: (a) 
Control vs. MCI, (b) Control vs. Dementia, (c) Control vs. MCI and D combined, where control refers to 
subjects not exhibiting any cognitive impairment symptoms, MCI stands for Mild cognitive impairment and 
D denotes the patients diagnosed with dementia. The vertical line indicates the feature scoring returned by the 
result of F-test.
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strong class differentiation despite a moderate overall accuracy. The Gaussian Process Classifier achieves an 
accuracy of up to 83% and an AUC score of 0.93, while AdaBoost reaches an accuracy of 78% and an AUC score 
of 0.87. The summary of the results obtained is presented in Table 2.

Further differentiating features between the healthy controls group and patients with dementia are the Berg 
test, Body Mass Index (BMI), stroke, and potassium levels; for patients with MCI: BMI, uric acid, atherosclerosis, 
and education (Supplementary materials).

In the classification between healthy controls and individuals with cognitive impairment (MCI and dementia), 
the key characteristics influencing the accuracy of discrimination are IADL, vitamin D3 level, age, occurrence 
of myocardial infarction, ADL and BMI. These features are presented in the Fig. 1c). Nonlinear SVM with an 
RBF kernel achieves the highest accuracy, reaching 75% and an AUC value of 0.85. The RF comes next in terms 
of accuracy, achieving 70% and an AUC of 0.79. Some ML models achieved limited performance, with SVM, 
LDA, Naive Bayes, and QDA showing accuracies of 54–61% and AUCs around 0.60 to 0.62. Detailed results are 
presented in Table  3.

In summary, in two cases (control vs. MCI and control vs. combined group), the nonlinear SVM with the 
RBF kernel achieves the highest classification accuracy (ACC) and AUC-ROC metrics. In one classification 
scenario (control versus dementia), the RF demonstrates the best discriminative power. More detailed results 
for all employed classifiers are presented in the Table 1 (control vs. MCI), Table 2 (control vs. D), and Table 3 
(control vs. (MCI+D)). In Fig. 2 we present, for illustrative purposes, the 2–dimensional (with only two most 
discriminative features for each of the classification scenario) decision boundary surfaces for the nonlinear SVM 
classificator with the RBF kernel.

Discussion
Medical perspective
This study aims to identify cognitive impairment in patients using EMRs. The findings highlight the importance of 
various factors in the classification of cognitive performance among older patients, including sociodemographic 
variables (age, education), comorbidities (history of myocardial infarction), BMI, functional scales (IADL, 
ADL), as well as electrolyte disturbances and vitamin levels (sodium, vitamin D). Some of these, such as 
BMI42, age13,18, laboratory test parameters (hemoglobin13, mean corpuscular volume18) and comorbidities21,42, 

Classifier ACC AUC F1-Score Precision Recall MCC

MLP 0.53 0.60 0.40 0.38 0.51 0.06

SVM 0.61 0.62 0.57 0.65 0.53 0.22

KNN 0.66 0.71 0.54 0.83 0.41 0.37

Non–linear SVM 0.75 0.85 0.79 0.69 0.93 0.54

Naive Bayes 0.56 0.62 0.47 0.59 0.42 0.13

QDA 0.54 0.60 0.42 0.57 0.34 0.10

LDA 0.57 0.60 0.55 0.59 0.55 0.14

Random Forest 0.70 0.79 0.67 0.75 0.62 0.41

AdaBoost 0.60 0.65 0.59 0.62 0.58 0.21

Gaussian Process Classifier 0.71 0.76 0.70 0.75 0.66 0.44

Table 3.  Results of the classification between healthy patients and those who are diagnosed either with mild 
cognitive impairment or dementia obtained with various ML algorithms. The parameters’ annotations are 
explained in the caption of Table 1.

 

Classifier ACC AUC F1-Score Precision Recall MCC

MLP 0.58 0.51 0.43 0.42 0.69 0.15

SVM 0.77 0.84 0.74 0.79 0.73 0.55

KNN 0.71 0.91 0.78 0.84 0.75 0.63

Non–linear SVM 0.77 0.95 0.81 0.69 0.99 0.60

Naive Bayes 0.76 0.84 0.73 0.77 0.74 0.54

QDA 0.79 0.86 0.78 0.80 0.78 0.60

LDA 0.76 0.83 0.74 0.76 0.75 0.53

Random Forest 0.84 0.96 0.82 0.88 0.81 0.71

AdaBoost 0.78 0.87 0.75 0.84 0.76 0.60

Gaussian Process Classifier 0.83 0.93 0.81 0.90 0.77 0.69

Table 2.  Results of the classification between healthy patients and those who are diagnosed dementia obtained 
with various ML algorithms. The parameters’ annotations are explained in the caption of Table 1.
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have been identified in other studies that assess the prediction of the incidence of dementia, highlighting the 
importance of this group of variables.

These results provide valuable insights into the key variables that differentiate these groups, improving the 
understanding of the data as a target for ML analysis8.For patients with MCI, who experience mild cognitive 
deficits that do not significantly affect their daily functioning4,41, characteristics such as age, vitamin D3 levels, 
and specific medical conditions (such as a history of myocardial infarction) are more crucial to distinguish 
them from individuals with preserved cognitive performance. Dementia, on the other hand, is characterized 
by more severe cognitive deficits that strongly affect the ability to perform daily activities. Therefore, IADL and 
ADL measures become crucial in differentiating between healthy subjects and those suffering from dementia. 
In the combined group of individuals with MCI and dementia, the data exhibit greater heterogeneity due to the 
diversity in the severity of cognitive deficits. This variability highlights the importance of considering a wide 
range of characteristics to capture subtle differences within this population.

Age and educational history are key features to distinguish patients with cognitive impairment from those 
with preserved cognitive performance. These factors have also been identified as significant features in predictive 
ML models for dementia18,21. Moreover, age is a non-modifiable risk factor5, while education represents a 
modifiable risk factor for dementia43.

In this study, functional scales are shown to be significant differentiating features between study groups, 
which is consistent with their importance in clinical practice5.However, it is important to consider that low IADL 
scores can also be the result of motor limitations rather than cognitive impairment, which requires a careful 
interpretation of the results. Activities of daily living (ADLs) encompass routine tasks essential for functional 
independence and play a crucial role in diagnosing dementia. Clinically, ADLs are classified into instrumental 
ADLs (IADLs), which involve cognitively demanding tasks such as managing finances and shopping, and basic 
ADLs (BADLs), which include procedural tasks such as bathing and eating44. A meta-analysis revealed that the 
participants in the AD group faced greater challenges with BADL and IADL compared to the MCI group and 
healthy controls. Furthermore, individuals with MCI exhibited more difficulties in these activities than healthy 
controls, emphasizing the importance of considering not only a decline in IADLs, but also a subtle decline in 
BADL abilities.45. Another meta-analysis in individuals with dementia, MCI, and healthy subjects found that 
IADLs were strongly related to executive function and processing speed, while ADLs (including BADLs and 
IADLs) were associated with global cognitive functioning and long-term verbal memory46. Some studies have 
used FAQ as an input variable in predictive models and classification tasks19,23,33.

BMI is another important feature in differentiating patients with cognitive impairment from those with intact 
cognitive performance. This study observed varying BMI levels, including obesity (BMI ≤ 30) and overweight 
(25 < BMI < 30). Obesity is recognized as a risk factor for type 2 diabetes and cardiovascular disease (CVD), 
and epidemiological studies suggest that it may also be an independent risk factor for dementia, particularly if 
it occurs in middle age17,43. The Health and Retirement Study (n = 23, 000) found a bidirectional relationship 
between BMI and cognitive ability—a higher BMI is associated with a steeper decline in cognitive ability in 
middle and late life47. However, some evidence suggests that a higher BMI in later life may lower the risk of 
AD, and this process may be driven by AD-related biomarkers48. Another study found that a higher BMI 
was associated with a higher risk of dementia when measured more than 20 years before diagnosis, but this 
association reversed when the BMI was evaluated less than 10 years before diagnosis49.

Vitamin D3 levels significantly influence the differentiation between study groups. There is a notable link 
between vitamin D deficiency and the risk of dementia and AD, with severe deficiency (<10 ng/ml) showing 
a stronger association with these conditions compared to moderate deficiency (10–20 ng/ml)50. Studies on the 
relationship between vitamin D, cognitive function and AD suggest that vitamin D positively influences neuronal 
cell and microglia function, reduces inflammation, and decreases the burden of oxidative stress in the brain51. 
Although vitamin D plays a role in brain function and is often low in patients with dementia, inconsistencies in 
study methodologies, measurement techniques, and cognitive assessment criteria limit the clarity and reliability 
of their findings51.

Fig. 2.  Decision boundary surfaces for the non–linear SVM classificator with the RBF kernel across three 
classification scenarios: (a) C vs. MCI, (b) C vs. D, (c) C vs. (MCI+D), based on two most discriminative 
features. D3 represents the level of vitamin D3 and ’Heart Attack’ indicates whether a patient has a history 
of myocardial infarction (2) or not (1) IADL and ADL refer for measures of Instrumental Activities of Daily 
Living and Activities of Daily Living, respectively.
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In the context of ML analyses, serum sodium level has been identified as a significant feature to distinguish 
patients with MCI. Although average sodium levels appear similar between groups, differences in the distribution 
may potentially influence the variability of the results.Independent of the findings of this study, laboratory tests 
are generally valuable in identifying clinical factors that can contribute to cognitive decline5. Low serum sodium 
levels have been associated with impairments in specific cognitive domains, such as attention and psychomotor 
function, although no significant association was found with the overall risk of dementia52.In a retrospective 
cohort study, patients with severe hyponatremia were found to have a higher risk of developing dementia 
compared to those with non-severe hyponatremia53.

In the study group, people with dementia had higher rates of atherosclerosis, stroke, and hypertension 
compared to the control group. However, only a history of myocardial infarction is an influential feature in 
the classification of cognitive impairment. Other studies have also indicated that information on comorbidities 
plays a key role in accurately classifying different cognitive conditions and predicting the risk of dementia21,24. 
Cardiovascular disease (CVD) has been suggested to accelerate cognitive decline and be a risk factor for 
dementia17,54. Acute myocardial infarction (AMI) is associated with subclinical silent myocardial infarctions and 
ischemic strokes, both of which are associated with an increased risk of dementia. The nervous and cardiovascular 
systems are interconnected through the ”heart-brain axis,” where neuronal activity, neurohormonal responses, 
and vasculature coordinate multisystem functions and can contribute to disease processes55. Myocardial 
infarction not only causes localized heart damage, but also triggers multisystemic inflammation, with evidence 
suggesting concurrent brain inflammation mediated by mechanisms such as microglial activation and systemic 
inflammatory responses56.

Perspective of machine learning models
The aim of the study is to select the most useful model to identify cognitive impairment (MCI, dementia) in 
older patients and to compare different models of ML. Based on the results presented in Tables. 1, 2 and 3, it can 
be concluded that distinguishing between controls and dementia is significantly easier than between controls 
and MCI33. ML models demonstrated lower performance in classifying MCI, with accuracies ranging from 50% 
to 69% and AUCs between 0.53 and 0.75. In contrast, the models achieved notably higher results for dementia 
classification, with accuracies of 58–84% and AUCs ranging from 0.51 to 0.96. ML models demonstrated varying 
performance in classifying the combined group (MCI + dementia), with accuracies ranging from 53% (MLP) 
to 75% (nonlinear SVM) and AUCs between 0.60 (MLP, QDA, LDA) and 0.85 (nonlinear SVM). The AUC and 
ACC values obtained in this study are consistent with the findings of other studies presented in the systematic 
review7,35; however, some ML models achieved lower accuracy, particularly when distinguishing between 
controls and MCI. Classifying patients with MCI as opposed to controls, or distinguishing AD from MCI, are 
more challenging tasks than classifying AD from controls, which generally results in lower accuracy (0.76–
0.87)10. In the present study, lower ACC values are observed, probably due to the exclusion of neuroimaging 
data (e.g. MRI) and neuropsychological assessments as input variables. Such data, used in other studies, have 
been shown to contribute to higher ACC and AUC values19,26,36.In this study, the Grid Search method is tuned to 
maximize the AUC, which is why other metrics may perform weaker.It is crucial to note the variability in AUC 
measures and the observed accuracy rates, as similar discrepancies in classifier performance have been reported 
in other studies7,19,30.

Using and comparing different classification algorithms is beneficial33,40, as their effectiveness can vary 
depending on the specifics of the dataset57. The analysis reveals that certain ML models, particularly the 
nonlinear SVM and RF, demonstrate superior performance in classifying patients according to cognitive 
abilities. These models achieve the highest classification accuracies, as shown in Tables. 1, 2 and 3. RF effectively 
models nonlinear relationships and interactions between features, while nonlinear SVM is capable of capturing 
complex, nonlinear relationships and is suitable for datasets where patterns are not linearly separable11. 
These capabilities improve their ability to differentiate between groups of patients7. Specifically, the findings 
suggest that the nonlinear SVM model is an appropriate choice for MCI classification. In addition, it handles 
heterogeneous medical data and generalizes from limited training datasets, which makes it especially valuable 
for small to medium-sized datasets8,26. The nonlinearity of the algorithm employed is especially evident in the 
created decision boundaries. As depicted in Fig. 2, the boundaries obtained by the transformation of the RBF 
kernel are highly complex and nonlinear. Other studies also highlight the effectiveness of SVM (both linear and 
nonlinear) and RF in identifying MCI and AD19,26,30,33,36. Linear SVM was used more frequently15,30, probably 
because it was more appropriate for neuroimaging11 due to its interpretability, ability to deal with the high 
dimensionality of the data and lower risk of overfitting. It is important to note that although complex models 
such as RF and SVM with an RBF kernel demonstrate the highest accuracy, interpretation of their results can be 
more challenging compared to simpler models such as Naive Bayes or LDA8.

Combining the MCI and dementia groups, though partially contradictory from a medical perspective, leads 
to a more diverse distribution of characteristics. This approach can be applied in primary care during the initial 
stage, facilitating the identification of patients who require further differential diagnosis (MCI versus dementia) 
through neuropsychological assessment. The classification results for the combined group (MCI + dementia) 
further reinforce the advantages of nonlinear models, such as nonlinear SVM with an RBF kernel and RF, which 
achieve the highest AUC and accuracy values. Nonlinear SVM with an RBF kernel is particularly effective in 
modeling subtle decision boundaries, which is crucial for analyzing highly variable medical data. Furthermore, 
RF’s ensemble approach, based on multiple decision trees, allows it to model variable interactions and adapt to 
diverse data types, making it suitable for handling heterogeneous medical datasets11.

In all models, performance disparities are evident between clinical contexts, with substantially better results 
for dementia classification compared to MCI. This disparity arises from the subtler and more variable clinical 
presentation of MCI, which complicates accurate identification, while the more distinct patterns in the dementia 
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data facilitate classification. Linear classifiers, such as SVM with a linear kernel and LDA, and probabilistic 
models, including Naive Bayes and QDA, exhibit variable performance, reflecting their sensitivity to specific 
data features. In the case of the Naive Bayes classifier, its simplicity and the assumption of feature independence11 
limit its ability to uncover complex relationships in patients with MCI. Similarly, KNN achieves higher AUC 
values for dementia due to closer ”neighbors” in this more homogeneous group but shows reduced accuracy and 
AUC for MCI due to greater variability. Other studies also confirm the effectiveness of these models in detecting 
cognitive impairments33.

In addition, greater clinical homogeneity among dementia patients simplifies classification. However, 
nonlinear models, such as RF and nonlinear SVM, excel at capturing complex patterns in multidimensional 
data, achieving high F1 scores (e.g., RF: F1 = 0.82; nonlinear SVM: F1 = 0.81). However, the challenge remains 
to identify MCI, where models such as RF and KNN demonstrate moderate performance, with F1 scores of 
0.66. The results align with the findings of other studies, where the F1 scores for dementia classification were 
often higher19,33. In both the MCI and dementia groups, significant differences in precision and recall highlight 
the variability in model performance. For MCI, nonlinear SVM achieves the highest precision (0.84) but low 
recall (0.47), indicating that it identifies MCI cases accurately but misses many patients. For dementia, the same 
model shows excellent recall (0.99) but reduced precision (0.69), increasing the risk of false positives. This could 
lead to unnecessary pharmacological treatments and expose patients to potential side effects. KNN and RF 
achieve better balance, with RF showing strong precision (0.88) and recall (0.81), making it a reliable classifier 
for dementia. The Gaussian Process Classifier also performs well, with high precision (0.90) but moderate recall 
(0.77), suggesting its ability to minimize false positives while missing some cases.

No single metric fully captures the performance of the model, highlighting the importance of understanding 
the nuances of each metric and its clinical relevance8,9. To complement traditional metrics, the Matthews 
Correlation Coefficient (MCC) is used as a more comprehensive measure of classification quality58. Unlike 
AUC, which remains the most widely used metric despite its limitations, MCC evaluates all key confusion 
matrix metrics-sensitivity, specificity, precision, and negative predictive value, providing a balanced view of 
model performance7,58.For MCI classification, MCC values are low (e.g., RF: 0.34, KNN: 0.28), reflecting limited 
effectiveness in distinguishing MCI patients from healthy individuals. In contrast, dementia classification 
achieves higher MCC values, with RF (0.71) and nonlinear SVM (0.60) performing well. The consistency of 
nonlinear SVM between tasks, despite moderate results, suggests robustness, while RF excels in scenarios with 
clearer class separations (such as dementia classification).

The comparison between AUC and MCC underscores the importance of balanced metrics in assessing ML 
models. Although AUC values suggest strong classification capabilities for dementia (e.g., RF: 0.96, nonlinear 
SVM: 0.95), MCC values (e.g., RF: 0.71, nonlinear SVM: 0.60) provide a more realistic assessment of model 
performance. These findings highlight the need to report both metrics to ensure a comprehensive evaluation, 
particularly in clinical applications where misdiagnosis can have significant consequences.

Due to clearer symptoms and more uniform patient profiles, identifying dementia in primary care can seem 
easier, although this approach can overlook early stages, such as MCI4. Therefore, considering models that 
classify both early and advanced stages of neurodegeneration is valuable, especially in terms of relevance to 
clinical practice.

Perspective of everyday clinical practice
EMRs data, with variables recognized as significant in the classification process, can serve as a preliminary step 
in detecting patients who may benefit from further neuropsychological assessment or neuroimaging5,20,24,31. 
Identifying dementia and conducting the necessary evaluations are essential for effective chronic disease 
management and planning the capacity of healthcare systems15,31,32.

Primary care physicians are encouraged to diagnose dementia and keep records to ensure adequate patient 
care5,25. Although the potential benefits of routinely collected EMRs data are recognized14, there are concerns 
about the additional documentation burden this may impose on already overburdened medical personnel59. 
Delegating EMR-related tasks to other team members can allow physicians to focus more effectively on 
diagnosing and treating patients60. Furthermore, developing research questions that can be addressed using 
routine EMRs data in the context of dementia should involve a multidisciplinary team, including data analysts 
and other healthcare professionals9,12. The application of artificial intelligence (AI) and ML to EMRs has the 
potential to improve disease diagnosis and symptom classification14. However, challenges such as data quality 
issues, missing observations, data entry errors, the potential limitations of these methods, and concerns about 
the ethics and safety of AI in healthcare must also be addressed7,11,14,27.

Limitations and future study
A notable limitation of this study is the small sample size of patients with dementia (n=38) and the 
underrepresentation of men in the study population. Initially, the goal was to identify only MCI using EMRs data; 
however, patients with dementia were subsequently included to determine whether the relevant classification 
variables would change. The small dataset in this study may affect the comparisons between models8,57. The 
combined group (MCI+dementia) is dominated by patients with MCI, which can affect the results. Expanding 
the sample size in future research would help address these issues.

Furthermore, the study’s reliance on data from a single research center may limit the generalizability 
of its findings. External validation is also essential to evaluate the applicability of these ML models to larger 
populations8,11,35. In addition, the relative homogeneity of the Polish population in terms of race and ethnicity 
can restrict the generalizability of the model to more diverse demographic groups8,11.

A limitation of this study is that the input data encompass a wide range of variables, including sociodemographic 
variables, laboratory results, comorbidities and functional scales, while the output data are limited to the results 

Scientific Reports |         2025 15:6564 8| https://doi.org/10.1038/s41598-025-90460-y

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


of cognitive screening tests (which are described in more detail in the Methods section). These screening tests 
provide only a partial view of the clinical picture; therefore, the ML models presented for classifying cognitive 
impairment based on EMRs should be considered only as a preliminary screening tool to be followed by further 
diagnostic assessments.It should also be noted that the input data lacked the parameters identified by ML models 
that predict dementia (such as mean corpuscular volume18) or those reported to modify the risk of dementia 
(e.g., high levels of low-density lipoprotein (LDL) cholesterol in middle age43). Diagnoses are performed by 
psychologists; however, this process is susceptible to human error due to challenges such as the difficulty of 
detecting MCI and the risk of misclassifying it11. Despite efforts to simplify the variables as much as possible, 
the distinguished features identified in the analysis were functional scales (ADL and IADL), which must be 
completed by a qualified healthcare professional (such as a physician, nurse).

Future studies should consider a larger number of comorbidities, including estimates of their duration, and 
incorporate additional environmental variables, such as exposure to heavy metals, pesticides, medical factors 
like infectious diseases17, and polypharmacy18,61. Although including data on the duration of comorbidities was 
an initial assumption, obtaining this information from the EMRs was not always feasible. Using findings from 
studies that have elucidated risk factors for AD17,43, can help identify variables to be extracted from EMRs and 
collected in future studies for a more accurate classification of cognitive performance and dementia prediction. 
Inclusion of variables collected in the EMRs that were not previously listed as risk factors for dementia can 
contribute additional information18.

It is possible that alternative factors may be more critical for classifying patients according to the stage of 
cognitive impairment (MCI vs mild dementia)4. Furthermore, while this study aimed to identify MCI from 
EMRs, the traditional view of cognitive impairment as a unidirectional and progressive process is increasingly 
challenged by research indicating that not all patients with MCI will convert to dementia6,41,62. Future research 
utilizing EMRs should address the heterogeneity of MCI and the varied trajectories of cognitive decline,focusing 
on differentiating patients expected to remain stable from those with a higher probability of progression to 
dementia6,11,35. In addition, targeting the diagnosis in the preclinical stages4, which precede the onset of MCI, 
presents a significant challenge for ML models. It would also be valuable for future studies to investigate the 
influence of sex-related factors on the identified characteristics, as highlighted in previous work20. Furthermore, 
exploring the potential of EMRs for classifying cognitive impairment in younger patients (60 to 70 years) could 
provide further information.

It should be noted that EMRs are mainly used to document the clinical care of people with AD, not for 
research, so the use of EMRs in this area requires appropriate data completion16. In future research, data 
preprocessing will remain a challenge8, particularly in studies using EMRs20, and initial feature selection will be 
crucial to develop more precise ML models, as indicated by other studies9,19,33.

Methods
Study inclusion, exclusion and diagnostic criteria
The analysis included patients diagnosed with MCI, dementia, and healthy controls. Exclusion criteria for 
participation in the study were: hearing and vision impairments that hindered the evaluation of cognitive 
function according to the protocol, epilepsy, cancer, decompensated circulatory, respiratory, and renal failure, 
current oncological or palliative cancer treatment, psychiatric disorders (including depression, schizophrenia, 
alcohol dependence syndrome) and use of neuroleptics. All participants provided written informed consent to 
participate in the research.

Data collection and instruments used
A multidisciplinary team of specialists was actively involved in the data collection process. A nurse completed 
the functional ADL63 and IADL scales64, while a physiotherapist administered the Berg Balance Scale to assess 
balance in older individuals65. Data on somatic comorbidities were derived from medical diagnoses recorded at 
hospital discharge. Cognitive assessments, including the Mini-Mental State Examination (MMSE)66, Montreal 
Cognitive Assessment (MoCA)67, and the Clock Drawing Test (CDT), were conducted by a psychologist. The 
scores were adjusted for age and educational level, and the Sunderland scale was used to evaluate the CDT.

Screening tools assess cognitive functions and are intended to support the identification of cognitive 
impairment37. Recommendations suggest that the MoCA scale is particularly effective in detecting MCI38, while 
the combination of MMSE and MoCA can improve diagnostic sensitivity37. In this study, both tests were used, 
although the MoCA was omitted in cases where it was deemed too difficult for the patient due to the advanced 
age or the low educational level. In these situations, only MMSE and CDT were administered to the patient.

It should be mentioned that the results of the screening test were used as labels in the output data, but not as 
input variables, a distinction from the common practices in other ML studies19,23,26. This approach highlights 
the study’s focus on leveraging sociodemographic factors, lab results, comorbidities, and functional scales for 
classification purposes.

Dataset
Input data included:

•	 Sociodemographic variables: age, sex, education level (years),
•	 Laboratory test results: levels of sodium, potassium, creatinine, hemoglobin, C-reactive protein (CRP), vita-

mins D and B12, uric acid, glycated hemoglobin, thyroid-stimulating hormone (TSH),
•	 Comorbidities: hypertension, diabetes type 2, history of myocardial infarction, atrial fibrillation, stroke, ath-

erosclerosis,
•	 Stressors: a variable indicating whether the patient has experienced a stressful event in the past two years,
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•	 BMI,
•	 Functional scales: ADL, IADL, Berg scale.The dataset includes both categorical and numerical variables. Some 

variables, such as the presence or absence of comorbid conditions (e.g., diabetes), were encoded in binary 
form, while others, such as laboratory measurements (e.g., sodium and potassium levels), were recorded as 
numerical values. The data and its corresponding statistics are presented in Table 4.

Statistical analysis
During our statistical analysis, we exclude glycated hemoglobin due to numerous missing values. For other 
parameters, to handle the unavailable data points, we employ the KNN imputer algorithm. This method consists 
in replacing the missing parameters by the mean of N, which we find to be more appropriate than the simple 
substitution by the mean or median of the remaining data points. In such a manner, we derive 23 parameters 
that describe the state of each patient (their number after reduction is equal to n=5). Such a large number 
of data points makes the straightforward application of an ML algorithm impractical, as it would likely lead 
to overfitting. To prevent it, we reduced the number of features from 23 to 5 using the ANOVA (Analysis of 
Variance) test, retaining only 5 parameters with the highest F-values. This feature selection process ensures that 
the retained variables contribute most significantly to the classification task.

These parameters are (in descending order of significance): previous myocardial infarction (heart attack), 
IADL, Age, level of D3 vitamin in the blood, and Sodium in the case where classification is made between healthy 
patients and those diagnosed with MCI. On the other hand, when discrimination is performed between healthy 
patients and those suffering from dementia, the statistical test indicates that IADL, ADL, Years of Study, level of 
D3 vitamin in the blood, and Age are the most discriminative features. Ultimately, when comparing the control 
group and the group of patients diagnosed with MCI or dementia, the most significant features are: IADL, level of 

Parameter Control (n = 101) MCI (n = 144) Dementia (n = 38)

Sociodemografic factors

 Age 77.13 ± 8.21 78.29 ± 6.44 81.10 ± 7.56
 Sex M - 20%, K - 80% M - 19%, K - 81% M - 18%, K - 82%

 Education (years) (8, 11, 12) (7, 10, 12) (7, 7, 11)

 MMSE (28, 29, 30) (26, 28, 29) (20, 22.5, 24)

 MoCA (27, 27, 29) (20, 22, 24) (13, 16, 16)

 CDT (10, 10, 10) (6, 9, 10) (4, 4, 6)

Biochemical variables

 CRP (mg/l) (2.95, 6.73, 11.22) (2.78, 6.07, 11.84) (3.38, 6.96, 11.13)

 TSH (mlU/l) (1.31, 1.94, 3.04) (1.27, 1.88, 2.96) (1.42, 1.79, 3.29)

 Vit. B12 (pg/ml) (269.7, 350.2, 495.9) (266.0, 362.4, 481) (218.9, 289.3, 376.2)

 Sodium (mmol/l) 141.77 ± 2.59 141.29 ± 3.43 141.55 ± 2.79
 Potassium (mmol/l) 4.45 ± 0.42 4.41 ± 0.45 4.31 ± 0.42
 Creatinine (mg/dL) (0.73, 0.87, 1.03) (0.76, 0.96, 0.98) (0.69, 0.83, 1.10)

 Hemoglobin (g/l) (12.3, 13.2, 14.0) (12.3, 13.0, 13.8) (11.9, 12.6, 13.7)

 Uric Acid (mg/dL) 5.89 ± 1.84 5.65 ± 1.47 5.59 ± 1.93
 Vit. D3 (ng/ml) 22.00 ± 13.74 19.38 ± 12.03 14.71 ± 12.92
Comorbidities

 Atherosclerosis Yes - 29%, No - 71% Yes - 24%, No - 76% Yes - 39%, No - 61%

 Heart Attack Yes - 5%, No - 95% Yes - 11%, No - 89% Yes - 11%, No - 89%

 Diabeties Yes - 39%, No - 61% Yes - 42%, No - 58% Yes - 32%, No - 68%

 Atrial Fibrillation Yes - 13%, No - 87% Yes - 14%, No - 86% Yes - 18%, No - 82%

 Hypertension Yes - 24%, No - 76% Yes - 22%, No - 78% Yes - 37%, No - 63%

 Stroke Yes - 9%, No - 91% Yes - 8%, No - 92% Yes - 21%, No - 79%

Functional scales

 ADL (5, 6, 6) (5, 6, 6) (4, 5, 6)

 IADL 22.01 ± 4.74 21.29 ± 4.52 16.02 ± 4.75
 Berg 40.62 ± 10.68 39.91 ± 9.74 35.70 ± 8.86
Lifestyle

 BMI (25.57, 29.56, 33.16) (25.95, 28.72, 32.73) (23.51, 25.86, 31.46)

 Stress Yes - 19%, No - 81% Yes - 17%, No - 83% Yes - 24%, No - 76%

Table 4.  Summary statistics of electronic medical records (EMRs) utilized in the cognitive performance 
evaluation using machine learning algorithms. The data is categorized into three groups: Control, Mild 
cognitive impairment (MCI), and Dementia. For each group, the table presents either the mean ± standard 
deviation for normally distributed variables or the (first quartile, median, third quartile) for variables with 
non-normal distributions.
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D3 vitamin in the blood, Age, previous myocardial infarction (heart attack), and BMI. These results are presented 
in Fig. 1.

In the next step, as there is a great disproportion between the number of patients assigned to the two different 
categories, we apply the SMOTE method (Synthetic Minority Over-sampling Technique)11,68, to artificially 
elevate the number of samples in a minority class. The data preprocessed in such a manner is subsequently fed 
into various classification algorithms. The results are then validated on the test set with the 10-cross-validation 
technique. In each case, the hyperparameters of the applied model are tuned with the Grid Search method. The 
scheme of the applied procedure is shown in Fig. 3.

The results obtained with the aforementioned strategy using scikit–learn69 Python library are 
introduced in the Tabs. 1 (discrimination between control and those with MCI) and  2 (discrimination between 
control and those with dementia).

As can be inferred from the findings presented in the Tabs. 1, 2, 3, the highest classification accuracy is 
obtained with nonlinear SVM (Support Vector Machine). In general, SVM are class of machine learning 
techniques that aim to find a hyperplane wx + b = 0 that separates classes with a maximum margin. This 
means that the algorithm seeks to maximize the distance between the hyperplane and the closest data points 
(called support vectors) representing two categories70 (see Fig. 4). In practice, it comes down to optimizing the 
following loss function L:

	
L = arg min

{
1
2w · w + C

N∑
i=1

ξi

}
,� (1)

where y(i)(wxi + b) ≥ 1 − ξi, N denotes the number of samples and w and b are free parameters of the model 
to be determined during the training process. The first term in Eq.  1 is responsible for finding a maximum 
margin defined as the distance between the hyperplane and support vectors (presented in Fig. 4). The limitation 
to this term is completely sufficient for the linearly separable data and corresponds to the so–called hard–margin 
case. However, for the real–world data sets it is rarely the case. Therefore, it is often necessary to introduce the 
second term in the loss function C

∑N

i=1 ξi, which violates the margin at the cost of Cξi and can be viewed as 
the L2 norm regularization71. ξi variable is equal to zero when the ith point is correctly classified. Otherwise, its 
value is associated with the distance of wrongly classified samples to the margins corresponding to the correct 
classes. This means 0 < ξi < 1 when the margin is violated but the sample is on the right side of the hyperplane 
and ξi > 1 when it is misclassified. In summary, the loss function (Eq. 1) consists of two components. The first 
is associated with the minimization of the margin error (the margin maximization), while the second term is 
responsible for the correct data classification. To obtain the best trade–off between these two terms, it is essential 
to properly tune the parameter C through the GridsearchCV and cross-validation methods.

Fig. 3.  The general scheme used during ML classification involves several steps. Initially, patients are assigned 
to one of three categories: C (control), MCI (mild cognitive impairment), D (dementia). Then the discrimination 
is performed either between patients labeled as C and MCI, C and D or C and MCI+D, based on their medical 
records. Next, missing values in the data are handled with the KNN imputation algorithm. Subsequently, 
the most significant features are derived from the dataset using the univariate statistical test. To address data 
imbalance, the SMOTE technique is applied. Such prepared data is then fed into a ML classifier. To optimize 
the results, the best hyperparameters of the model are selected using Grid Search combined with k-fold Cross 
Validation.
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Although the above–description suggests that the support vector machines are exclusively applicable to linearly 
separable data, this is not the case. The most intriguing feature of this algorithm is that, after some manipulation 
with the loss function, we are able to successfully deal also with the samples which cannot be isolated simply with 
the straight line. To achieve it, we use the so–called Kernel–Trick. The process involves transforming the lower (in 
which the data resides) to a higher dimension space with some quadratic (kernel) functions.

Such an operation allows the identification of a nonlinear decision boundary correctly diving data points 
representing two categories. Various kernel functions such as polynomial, sigmoid, anova or Bessell can be 
employed during SVM classification. However, the most popular in real–world applications is the RBF (radial 
basis function) kernel defined as:

	 f(x1, x2) = e
− ||x1−x2||2

2σ2 ,� (2)

where ||x1 − x2|| denotes the distance between two samples x1 and x2 and σ is the variance serving as the 
hyperparameter for the model.

Conclusions and recommendation
This study demonstrates the potential of EMRs to classify patients with cognitive impairments (MCI, dementia). 
The focus was on using data readily available in the medical records of the patients. The importance of various 
sociodemographic factors (such as age, education) and health-related variables (vitamin D levels, sodium levels, 
and comorbidities) in distinguishing cognitive impairment is highlighted.

In MCI classification, models show low AUC and MCC values, probably due to the heterogeneity of the 
group of patients. In contrast, dementia classification yields higher AUC and MCC scores, indicating that 
models are more effective in distinguishing dementia patients from healthy individuals. Nonlinear models, such 
as SVM with an RBF kernel and RF, have proven to be the most effective for analyzing EMR data, as they excel 
at differentiating between classes in complex datasets. Simpler models, such as KNN and Naive Bayes, perform 
better when dealing with more homogeneous groups, such as patients with dementia only. When both MCI and 
dementia groups are combined, nonlinear SVM emerges as the most accurate model.

The ML models validated in this study to classify cognitive impairments using EMRs can serve as an initial 
screening tool to identify cognitive decline in older patients in primary care. Neuropsychological evaluation or 
neuroimaging should be performed in the following stages. Although screening tests can be useful as a basis for 
labeling in ML models due to their availability, simplicity, and low cost, their limited accuracy and inability to 
reflect the full clinical picture are significant drawbacks.

Advancements in technology and computational tools enable researchers to create deep learning-driven 
hypotheses that can support clinical decision-making15. Moreover, quantum computing has already begun to be 
applied in AD diagnosis, providing a more efficient model for various disease classification tasks compared to 
classical ML methods72. Quantum ML has been used to evaluate neuroimaging studies, and the next challenge 
may be its use in the context of EMRs.

Data availability
The dataset analyzed during the current study together with the corresponding software prepared in Python is 
available in the Zenodo repository under the link https://zenodo.org/records/13378346.
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Fig. 4.  The scheme of the SVM algorithm in a 2–dimensional space. The blue stars and red dots represent 
samples corresponding to two categories. The solid line illustrates the optimal hyperplane separating two data 
classes, while the dashed lines show hyperplanes passing through the support vectors.
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