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Abstract. The presented study explores the clustering of arterial oscillogram 

(AO) data among a sample of patients, focusing on ultra-low-frequency (ULF) 

indicators and their relationship with depression levels. Through dimensionality 

reduction using UMAP, two distinct classes emerged, categorized as lighter and 

more severe cases. Utilizing machine learning methods, an automated classifier 

was developed based on correlated ULF indicators, which led to improved 

classification accuracy. By incorporating ULF parameters, products of correlated 

parameters, and additional measured factors, the classifier achieved high 

reliability in estimating depression levels. Specifically, the nearest neighbors 

method yielded accuracies up to 0.9792. This research supports the creation of an 

automated diagnostic classification AI service capable of reliably estimating at 

least four levels of depression based on AO analysis. 

Keywords: Machine Learning, Transdisciplinary Research, Data Clustering, 

UMAP, Arterial Oscillogram, ULF, Mental State Diagnostic. 

1 Introduction 

Measurement of blood pressure is a mandatory procedure in the activity of a doctor at all stages of 

medical care [1], [2]. The use of electronic blood pressure meters made it possible to improve and 

expand the informativeness of the blood pressure measurement process. Thus, some special 

models of electronic pulsimeters make it possible to use registered arterial pulsations not only to 
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calculate blood pressure values but also to transmit them for further analysis [3]. The obtained 

values contain information that can give a deeper insight into the general state of the body and its 

systems [1], [4]–[6]. Then, in the calculation service, arterial oscillograms are formed from the 

blood pressure curve, which is subject to further analysis. 

The practical implementation of the arterial oscillography method opens up a wide field of 

activity for both scientists and practical medicine. Including, it provides opportunities for using 

machine learning methods to build automated diagnostic AI classification systems capable of 

determining the patient’s condition based on the objective results of the specified measurements. 

In particular, this work is aimed at the possibility of building such a classifier that would be able 

to estimate the level of depression, not simply based on the results of the patient survey, which 

may be biased and taken before, but specifically based on the results of measuring blood pressure 

oscillograms, which, as noted, can act as markers of the state of the body. The relation between 

the oscillograms data and the level of depression for the moment is mostly hypothetical. The aim 

of the presented research is an attempt to find out some corresponding interrelations, which could 

be helpful in the diagnostic classification system development. The primary attention is to be 

played (but not limited to) the ultra-low-frequency (ULF) oscillations, which have been found to 

coordinate the functional activity of all body systems following changes in the external 

environment [2]. 

The article is organized as follows. Section 2 describes the background of the research and 

related works. Section 3 and Section 4 give details regarding indicators and data, respectively, 

used for machine learning. The research methodology is discussed in Section 5. The dimension 

reduction is concerned in Section 6. The created classifier is presented in Section 7. Brief 

conclusions are provided in Section 8. 

2 Background and Related Works 

The development of modern technologies has had a profound impact on the realm of intellectual 

activities, particularly in the field of scientific research and development. In this context, a new 

class of information systems has emerged – the Research and Development Workstation 

Environment (RDWE) [7], which implements an enhanced concept of an automated workstation 

for ongoing research and related intellectual information technologies. These systems and concepts 

encompass the main stages of the life cycle of scientific research and development – from semantic 

analysis of information materials from various subject areas to the development of constructive 

features of innovative proposals. A notable feature of RDWE systems is their adaptability 

(problem orientation) to various types of scientific activities, achieved through the integration of 

diverse functional services and the ability to add new ones within a hybrid cloud 

environment/platform. 

Among the most impressive examples of modern RDWE systems is the automated interactive 

system OntoChatGPT [8]. This system is developed using advanced computational linguistics 

technologies, such as GPT-4 from OpenAI, support services for ontological engineering, and 

natural language understanding. A detailed overview of the RDWE system OntoChatGPT and its 

evolution can be found in studies [9]–[12]. 

In early 2022, the research project named “Development of the cloud-based platform for patient-

centered telerehabilitation of oncology patients with mathematical-related modeling” [13], [14] 

was established in Ukraine. The project is dedicated to the development of a hybrid cloud platform 

and the creation of information technology for telerehabilitation of cancer patients, serving a wide 

range of specialists in physical and rehabilitation medicine in the “Telerehabilitation of Cancer 

Patients” subject domain. The research presented in this study was conducted utilizing the 

developed hybrid cloud environment/platform for telerehabilitation medicine [15]–[17] as part of 

the mentioned project. 

Machine learning algorithms are crucial tools for analyzing complex datasets, finding patterns, 

and making predictions. These algorithms vary in their approaches and performance based on the 
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nature of the data and the task at hand. In clustering and classification tasks, several models, such 

as UMAP, KNeighborsClassifier, XGBClassifier, and LGBMClassifier, are widely used. When 

addressing clustering and classification tasks, these algorithms can often be combined to achieve 

optimal results. A typical workflow might involve using Uniform Manifold Approximation and 

Projection (UMAP) to reduce the dimensionality of a high-dimensional dataset. This reduction 

helps to identify clusters and patterns that are not easily detectable in the original feature space. 

UMAP's ability to compress data while retaining both global and local structures makes it feasible 

to prepare data for classification models. After UMAP has revealed the structure of the data, 

classifiers can be applied. For instance, k-NN is useful for straightforward classification tasks 

where proximity in feature space is indicative of class labels. For more complex datasets, where 

non-linear relationships exist, gradient-boosting models like XGBClassifier or LGBMClassifier 

may provide superior performance due to their ability to capture intricate patterns through 

ensemble learning. 

The UMAP is a powerful algorithm for dimensionality reduction, clustering, and data 

visualization. UMAP is particularly effective in handling high-dimensional data where it 

compresses the features into lower dimensions while preserving the global structure and local 

relationships of the data point [18]. UMAP works by constructing a weighted graph representing 

the high-dimensional manifold. It optimizes a low-dimensional layout by maintaining the closest 

neighbors’ pairwise distances while simultaneously distributing non-neighbors more uniformly. 

This results in a low-dimensional projection of data that reveals clusters and substructures. One of 

the key strengths of UMAP is its speed and scalability, which make it suitable for large datasets. 

In clustering tasks, UMAP is often employed as a preprocessing step. By reducing the 

dimensionality, it helps perform classification tasks more efficiently. 

The KNeighborsClassifier is one of the simplest machine learning algorithms, yet it is highly 

effective for classification tasks. It operates based on the principle of proximity. When presented 

with a new data point, the algorithm identifies the ‘k’ closest training examples in the feature space 

and assigns the most common class label among those neighbors to the new instance. 

KNeighborsClassifier is a non-parametric model, meaning it makes no assumptions about the 

underlying distribution of the data. Its performance heavily depends on the choice of ‘k’ (the 

number of neighbors) and the distance metric (e.g., Euclidean distance). Despite its simplicity, this 

algorithm can be computationally expensive, especially when dealing with large datasets, as it 

needs to compute the distance between the new data point and every point in the training set [19], 

[20]. 

The XGBClassifier is an implementation of the extreme gradient boosting (XGBoost) algorithm, 

which is a type of decision-tree-based ensemble method. XGBoost improves the performance of 

classical decision trees by optimizing through gradient boosting, where models are added 

iteratively to correct the errors of previous ones. The core idea behind gradient boosting is to 

construct a strong learner by combining several weak learners. In XGBClassifier, each tree in the 

ensemble minimizes a loss function, typically via gradient descent, adjusting its parameters to 

make better predictions. This iterative process continues until the algorithm achieves a predefined 

accuracy or another stopping criterion is met. One of the key advantages of XGBClassifier is its 

regularization ability, which helps prevent overfitting while maintaining high accuracy [21]. 

The LGBMClassifier is another gradient boosting algorithm but with several optimizations that 

make it faster and lighter than XGBoost. LGBM, or LightGBM, splits trees leaf-wise rather than 

level-wise (as in XGBoost), which leads to more accurate splits and faster convergence. 

LGBMClassifier also implements techniques like histogram-based decision-making which 

significantly reduces the training time. One of the most notable features of LGBMClassifier is its 

ability to handle large-scale datasets with millions of rows and numerous features. Its leaf-wise 

splitting method enables it to capture more complex patterns in data, making it highly effective in 

real-world tasks like classification, regression, and ranking [22]. 
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Recent advancements in machine learning have significantly contributed to the development of 

diagnostic tools for mental health assessment, particularly in the realm of cardiovascular indicators 

like arterial oscillograms (AOs). Various studies have utilized machine learning algorithms to 

classify and analyze cardiovascular data for mental health insights, achieving notable accuracy 

improvements in the process. 

One key approach in the field has been leveraging clustering and dimensionality reduction 

techniques to process large datasets, as demonstrated in [23]. This study utilized clustering 

methods to segment cardiovascular data and improve the diagnosis of mental health conditions by 

focusing on specific low-frequency oscillations in heart rate variability (HRV). Such approaches 

align with research indicating that specific frequency components of HRV correlate with mental 

health status, making them effective in predictive models. 

Another significant contribution by Geng et al. [24] explored the application of advanced 

classification techniques, such as neural networks, in identifying depression from cardiovascular 

data. Their research highlights the effectiveness of deep learning models, which can accurately 

classify multiple depression levels by interpreting complex physiological patterns. This study’s 

findings underscore the potential for these models to surpass traditional methods in diagnostic 

precision. 

Additionally, Xia et al. [25] employed feature engineering techniques to refine the input 

parameters for cardiovascular data classifiers, increasing diagnostic accuracy. Their methodology 

incorporated cross-validation of feature sets, ultimately improving the robustness of predictions of 

a depression level. By isolating the most influential features from hundreds of data points, their 

work offers insights into optimizing machine learning models for mental health diagnostics. 

Similarly, recent work by Yang et al. [26] utilized unsupervised machine learning to identify 

latent patterns within AO datasets, demonstrating that multi-modal clustering can significantly 

enhance the identification of depression severity. Their approach involved UMAP for 

dimensionality reduction, which was instrumental in creating more defined clusters corresponding 

to different mental health states. 

The integration of machine learning techniques with cardiovascular diagnostics offers a 

promising avenue for developing accessible and reliable tools for mental health assessment. 

Ongoing research continues to refine these methods, focusing on improving accuracy, 

interpretability, and applicability in clinical settings. 

3 Characteristics of Measured Indicators for Input Data Formation 

The resulting oscillograms were subjected to temporal and frequency (spectral) analyses [27]. The 

duration of arterial pulsations at positive and negative extremes was studied. The spectral analysis 

determined the spectral power of the interferogram (45 indicators), the arterial oscillogram itself 

using Fourier transformation (340 indicators), and the instantaneous frequency and phase using 

Hilbert-Huang transformation (90 indicators) [3]. The following indicators were used to analyze 

interferograms [28], [29]: 

• TR – a full spectrum of frequencies, indicating the influence of both sympathetic and 

parasympathetic parts of the nervous system. 

• HF – the power of the high-frequency component (0.15–0.40 Hz), which reflects 

parasympathetic influence. 

• LF – the power of the low-frequency component (0.04–0.15 Hz), indicating the activity of the 

vasomotor center and reflecting sympathetic and parasympathetic influences from above the 

peripheral level to the centers of autonomic innervation in the medulla oblongata. LF/HF is 

the ratio of low- and high-frequency waves, representing vegetative balance. 

• VLF – the power of the very low-frequency component (0.003–0.04 Hz). The functional value 

of VLF waves is related to hormonal and metabolic effects on heart rhythm, reflecting the 
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influence of higher autonomic centers on the cardiovascular subcortical center and the higher 

brain regions. 

• ULF – the power of ultra-low-frequency (ultra-slow) oscillations (with a frequency of less 

than 0.003 Hz). The functional value of ULF waves involves integrating and adapting the 

organism’s functional state to external factors, coordinating the functional activity of all body 

systems in response to environmental changes. 

4 Initial Dataset and Numerical Research Procedure 

The patients with mental disorders, aged 32–65, from whom data were obtained, were treated at 

the Ternopil Regional Clinical Psychoneurological Hospital. The degree of mental and psychotic 

disorders was assessed using the Hospital Depression Rating Scale (HDRS) and the DASS-21 

depression, anxiety, and stress scale. The main spectrum of diagnoses included bipolar affective 

disorder with a current episode of depression and depressive disorders without psychotic 

inclusions, presenting with a depressive syndrome of varying severity. 

The groups of input parameters were analyzed separately because having 1030 factors with a 

comparably short dataset (181 data rows only) could lead to distorted results. Each data row 

corresponds to a specific patient. All patients were divided into 5 a priori groups according to the 

primary estimated depression level. The first 4 groups were formed based on questionnaire results, 

with the estimated depression level increasing from the 1st to the 4th. Patients receiving treatment 

in the mental hospital were included in the 5th group. 

Data normalization is fundamental in many machine learning tasks because it ensures that all 

features contribute equally to the model’s performance. In datasets, features often have different 

scales, and the provided dataset is no exception. Algorithms like k-nearest neighbors or gradient 

boosting models rely on distance metrics to determine relationships between data points. If features 

with larger ranges dominate, they can skew results, leading to suboptimal model performance. 

Normalization scales features to a common range, ensuring that each one has an equal impact. 

Moreover, keeping feature values on a similar scale helps these models optimize their loss 

functions more efficiently, preventing erratic jumps during gradient descent and leading to faster 

and more reliable convergence [30]. Therefore, all analyses were carried out on the normalized 

data. The normalized value for each feature was calculated as follows: 

 

     𝑎𝑖_𝑛𝑜𝑟𝑚 =
𝑎𝑖−𝑎min

𝑎max−𝑎min
     (1) 

 

where 𝑎𝑖 is each current value; 𝑎min is the minimum value of the column; 𝑎max is the maximum 

value of the column. 

So, at 𝑎𝑖 = 𝑎min, the normalized value becomes 0 and, at 𝑎𝑖 = 𝑎max, it turns to 1. Thus, all the 

working values will be in the range of [0; 1]. 

Mapping to the original values was also saved. 

For the reuse possibility of the developed classifiers, the normalization range could be expanded 

to avoid the cases when new data values exceed their initial range. 

The dataset included in some cases zero and omitted (None) values. For such factors as 

“systole”, “diastole”, “pressure”, “M1”, “M2”, “M3”, “M4”, “M5”, “M6”, “M7”, “M8”, “M9”, 

and all the Hurst parameters they were replaced with a mean value estimated excluding zeros and 

“Nones”. All the other factors were treated as equal to 0 and were neither replaced nor removed. 

Visual cluster analysis and dimensionality reduction are crucial techniques for understanding 

complex, high-dimensional datasets. Dimensionality reduction methods like UMAP project high-

dimensional data into lower-dimensional spaces, making patterns and clusters more interpretable 

through visualization. This process helps reveal hidden structures, relationships, or anomalies that 

may be otherwise obscured in higher dimensions. Visualization facilitates the detection of clusters, 

enabling us to identify natural groupings in the data. This is especially useful in tasks like 
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exploratory data analysis (EDA), where visual insights can inform feature engineering and 

algorithm selection. Additionally, by reducing the number of dimensions, dimensionality 

reduction techniques help reduce computational costs and avoid situations where model 

performance deteriorates with too many features [18], [31]. To perform a visual cauterization 

analysis, dimensionality reduction was used using UMAP method implemented in the appropriate 

Python library [32]. 

For the automatic separation of the classes, “KNeighborsClassifier” from the Scikit Learn 

library was used. It implements the method of KNeighbours. The classifier was applied to the 

UMAP embeddings space previously obtained by the described above method. To investigate the 

classifiers working with dataset selections without UMAP the dimensionality reduction “Lazy 

Predict” technique from the Scikit Learn framework was used. It provides automatic learning of a 

several types of classifiers included in Scikit Learn with the default settings on the giving learning 

sample and then tests them on the test sample. As a result, it returns the list of the studied classifiers 

ranged according their obtained accuracy values. 

5 Research Methodology 

The dataset under consideration exhibits a notable characteristic, namely, an extensive array of 

parameters exceeding a thousand in number, juxtaposed with a significantly smaller volume of 

data rows corresponding to 181 patients. Moreover, a substantial portion of these parameters 

demonstrates inter-correlations. It is unfeasible to utilize such a dataset in its raw state for 

constructing a reliable classifier. Consequently, a parameter selection process was imperative to 

identify the most influential features essential for effective class differentiation. Additionally, a 

key challenge was ascertaining whether the predefined classes exhibited clear separability or if 

their boundaries were indistinct. 

The clusters of features with clearly defined boundaries (i.e., those where the classes show a 

discernible separation) are prioritized for building the classifier. This approach is essential for 

improving the classifier’s accuracy by ensuring it operates on features that are strongly correlated 

with the target classes. Conversely, classes with less distinct boundaries were initially merged into 

macro classes to simplify the classification task at this stage. Incorporating feature correlations 

further refines the classifier. Correlations within specific classes or across subsets of classes, but 

not others, act as distinguishing factors. This observation is supported in [33], where is emphasized 

that interdependencies between features can be exploited to improve classification performance. 

The inclusion of correlated feature products expands the feature set helping to capture complex 

relationships within the data. 

A general scheme of the research procedure (six stages) is shown in Figure 1. Given that the 

dataset parameters were initially categorized into distinct groups (stage 1), each with its 

explanatory context, an initial analysis treated these groups separately. This preliminary 

investigation primarily focused on data clustering within a reduced-dimensional space to align the 

resulting clusters' structure with the data distribution among them (stage 2). An integral aspect at 

this stage was identifying the feature group capable of yielding clusters that closely approximated 

the a priori class separations. Consequently, this feature group formed the foundation for the 

classifier, with priority given to classes exhibiting discernible separation within the clusters 

manifold. Conversely, classes with blurry boundaries were amalgamated into macro classes, at 

least during the initial phases. 

However, not all features within the selected group were inherently valuable for classification. 

Furthermore, practical experience indicated that the direct utilization of raw data values did not 

yield a classifier of satisfactory quality. Therefore, an important characteristic of the employed 

method involved accounting for feature correlations within each proposed class (stage 3). It was 

observed that certain features exhibited strong correlations within specific classes (or across 

several, but not all classes), whereas these correlations were notably weaker or absent in other 
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classes. Additionally, theoretical considerations suggested that features in different classes might 

display varying correlation signs, serving as potential distinguishing factors 

 

 

Figure 1. General scheme of the research process 

To enhance classification accuracy, the input parameters for the classifier were selected based on 

a combination of features and their value products, particularly focusing on features with 

correlated patterns across classes (stage 4). Subsequently, attempts were made to expand the input 

feature set (stage 5) beyond the base feature group by identifying distinct correlations between 

features from the base group and others. This process involved selecting a few highly effective 

additional features that significantly improved classification accuracy, guided by a systematic 

search methodology, shown in Figure 2.  

Figure 2. Finding extra features for the classification model 
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For this purpose, distinguishable correlations were found between the features from the base 

group and all the others. Because the number of features is quite large, there may be rather a lot of 

such additional features. Not all of them are equally effective for the classification task, and only 

a few of the most valuable ones are to be selected. For the selection, the following search 

methodology was used: to the previously determined feature set, a new one, which is a product of 

values from one of the found correlated pairs, is added; then the classifier with this new feature is 

retrained; if it is possible to obtain, through any of the considered classification algorithms, a better 

accuracy value than was previously possible, the pair product becomes a candidate to be added to 

the classification model. However, other pairs are also considered, and if some of them increase 

the accuracy to a value that has never been reached before, it becomes a new candidate to be added 

to the classification model, replacing the previous candidate. When all the options are considered, 

the paired product that mostly increases the accuracy is added to the model. Then the algorithm is 

restarted, attempting in this way to find another pair product that is able to increase the accuracy. 

The searching process is stopped when one of the following conditions is reached: the addition of 

any new feature does not increase the classification accuracy, the accuracy reaches the desired 

values, the number of features reaches a set limit, or there are no new features to add (a hypothetical 

case if the number of such extra features is small). 

At the final stage (stage 6), using the selected feature set, various classification and separation 

options were explored, aiming to achieve satisfactory results. This approach facilitated the 

development of a complex classifier capable of delineating different class groups, thereby 

enhancing the ability to detect multiple classes within the dataset 

6 UMAP Embeddings Clusterization to Study the Possibilities of Cogent and 

Reasonable Classification 

UMAP transformation with different metrics has been used for several presented factor groups. 

However, a picture, consistent with the a priori given classes, was observed for the cases of 

Jacquard metric being applied to the factors group corresponding to the Fourier transform 

spectrum powers of the ultralow (<0.003 Hz) frequencies (ULF) that revealed an interesting result. 

It is shown in Figure 3 (a). Other metrics either did not provide certain clusters, or the clusters 

obtained were not in accordance with the a priori patient groups. 

Figure 3. UMAP transformation representation of the ULF factors data vectors: a) all the data rows; 

b) excluding the data of the minor cluster 
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It should be noted that the physiological value of the ULF electrocardiographic signal has been 

studied the least. However, there is an opinion that its power increases significantly when the 

body’s regulatory systems are exhausted [28], [29]. Therefore, the study of the influence of the 

ultraslow oscillation index (ULF) on the value of the assessment of the patient’s mental state based 

on the results of the arterial oscillogram analysis is of some interest and scientific novelty. 

Figure 3 presents a two-dimensional display of the 12 ULF factors: ULF total, ULF 20, ULF 

20–70, ULF 70–100, ULF 100–70, ULF 70–end, ULF per total, ULF per 20, ULF per–20–70, 

ULF per 70–100, ULF per 100–70, ULF per 70–end. The following parameters of UMAP have 

been applied: N neighbors = 7, minimal distance = 0.110625. Such values were determined 

experimentally as being optimal for subsequent classes’ separation. The point colors correspond 

to the a priori 5 patient groups but with a numeration from 0. 

According to medical research data, the ULF range considered here integrates and adapts the 

body’s restructuring of the functional state under the influence of external factors and provides 

communication and coordination in the hierarchical regulation of heart rate between the cortex and 

lower levels that regulate the activity of the circulatory system. 

Two distinct clusters are observed in Figure 3(a). The first, larger one, includes most of the 

patients (170 points), and the second, smaller one, consists of 11 points. The larger cluster is of 

greater interest because of the clearer separation of the patient groups within it. More severe cases 

of depression (groups 3 and 4) are situated mostly in its inner zone. The 5th group, which consists 

of clinical patients, is also there. The lighter depression cases (groups 1 and 2) are in the peripheral 

zone of the cluster. Group 3 could be considered transitional because some cases are located in the 

peripheral zone, while others are in the inner zone. However, all the cases in the 4th group tend to 

be in the inner zone. The appearance of several cases from group 3 in the peripheral zone might 

be explained by some subjectivity in the patients’ questionnaire responses and the subsequent a 

priori estimation based on them. 

Additionally, less clear tendencies might exist, with most of the 1st group cases (lighter ones) 

located further from the center than those of group 2. Similarly, points in group 3 could be more 

scattered than those in group 4. 

The observed results suggest that the locations of points within the different zones of this major 

cluster align quite well with the depression levels. This is seen more clearly in Figure 3(b), where 

the cases of the minor cluster are excluded. The cluster is rather round and symmetrical, suggesting 

that the depression level might be inversely proportional to the distance of a point from the center 

of this conditional circle. 

Nevertheless, the cases appearing in the minor cluster fall outside the established paradigm, and 

among them are patients from all five groups. A comparison of the mean values was conducted 

for the factors in the major and minor clusters, with the results presented in Table 1. 

Table 1. Mean values comparison for the ULF factors in the major and minor clusters 

ULF factor The major cluster The minor cluster 

ULF total 9.0292 6.0438 

ULF 20 16.2472 9.4940 

ULF 20–70 28.6965 13.6575 

ULF 70–100 105.2726 4777.6345 

ULF 100–70 208.6256 0.0 

ULF 70–end 20.9569 739.8831 

ULF per total 4.1332 2.6830 

ULF per 20 1.2927 1.2447 

ULF per 20–70 3.3341 4.7144 

ULF per 70–100 5.4696 6.3739 

ULF per 100–70 5.8684 0.0 

ULF per 70–end 3.7347 1.9073 
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From these results, it is clear that the mean values for some factors are considerably different 

between the cases in the major and minor clusters. Particular attention should be paid to the factors 

ULF 100–70 and ULF per 100–70, which have zero values for the cases in the minor cluster. 

Additionally, the factors ULF 70–100 and ULF 70–end have significantly greater values for the 

minor cluster. Evidently, it is due to such differences that the separation of the minor cluster 

occurred. 

The nature of the observed pattern of ULF factors in the minor cluster remains somewhat 

unclear. 

The given patients might have been affected by some unaccounted impacts, which could include 

medical procedures, certain diseases, special activities, and so on. In any case, when such a pattern 

appears – zero values for ULF 100–70 and ULF per 100–70, combined with high values for ULF 

70–100 and ULF 70–end – it should be understood that these patients fall outside the paradigm 

and must be regarded separately. Repetition of measurements may be needed in such cases. 

For subsequent analysis, the data from the minor cluster was excluded from the considered 

dataset. 

The most obviously, two classes can be obtained from the data: 

• Class 1, which includes the patients’ groups 1 and 2, – lighter cases. 

• Class 2, which includes the patients’ groups 3, 4, and 5, – more severe cases. 

For the automatic separation of the classes, the KNeighborsClassifier from the Scikit-Learn 

library was used. It implements the method of k-nearest neighbors. The classifier was applied to 

the UMAP embedding space obtained by the method described above. 

The obtained accuracy values on the test data sample ranged from 0.9471 to 0.9706, depending 

on the randomization of the learning and test sample divisions. This represents a relatively high 

accuracy, especially considering that some points fall outside the accepted class separations. 

Using the KNeighborsClassifier, a comparison of the main statistical characteristics was 

performed for these two classes, which included mean values, variation ranges, standard deviation 

(SD), and variation coefficient. The values of these characteristics are shown in Table 2. 

Table 2. Comparison of the common statistics for the obtained classes 1 (lighter cases) and 2 (more 

severe cases) 

ULF factor 

Characteristics values 

Class 1 (lighter cases) Class 2 (more severe cases) 

Mean 
Variation 

SD cov, % Mean 
Variation 

SD cov, % 
Min. Max Min. Max 

ULF_total 9.35 1.26 39.72 7.06 75.51 8.60 1.25 25.31 6.44 74.90 

ULF_20 18.11 0.00 460.7 49.51 273.3 13.71 0.00 73.48 16.77 122.4 

ULF_20–70 37.15 0.0 1381.2 141.2 380.0 17.19 0.0 190.4 30.11 175.2 

ULF_70–100 87.67 3.60 2829.4 293.9 335.3 129.2 2.20 6532.2 766.7 593.3 

ULF_100–70 164.9 0.03 2988.4 383.1 232.2 268.0 1.19 1986.3 463.4 172.9 

ULF_70–end 21.74 0.05 296.9 33.51 154.2 19.90 0.04 134.28 26.20 131.7 

ULF_per_total 3.49 0.38 12.32 2.02 57.84 5.01 0.75 16.52 3.27 65.20 

ULF_per_20 1.06 0.00 3.78 0.78 73.86 1.61 0.00 5.24 1.06 65.81 

ULF_ 

per_20–70 
3.44 0.0 10.33 2.49 72.48 3.19 0.0 9.14 2.62 82.09 

ULF_ 

per_70–100 
5.65 0.03 12.64 2.79 49.33 5.22 0.06 13.47 2.91 55.64 

ULF_ 

per_100–70 
5.53 0.00 16.02 3.54 64.01 6.33 0.04 14.73 3.74 59.17 

ULF_ 

per_70–end 
3.54 0.01 9.51 2.72 76.97 3.99 0.01 14.22 3.38 84.42 

 

As seen in Table 2, while some mean values can differ considerably between the classes, the 

variation intervals overlap, and the minimum values are similar for most factors. Nevertheless, it 
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appears that factors ULF 20 and ULF 20–70 are more scattered in Class 1, while ULF 70–100 is 

more prominent in Class 2. 

These results may have some value for specialists; however, the very low difference in 

minimum values of the factors and overlapping variation ranges significantly reduce the 

classification possibility using the raw and even normalized data. This is demonstrated by the low 

classification accuracy obtained on the data without UMAP transformation, where none of the 

classifiers in the Scikit-Learn library achieved an accuracy higher than 0.65 to 0.68 on the test 

sample. 

7 Creation and Testing a Classifier for Depression Level Estimation on 

Arterial Oscillograms Data 

Unfortunately, the combination of UMAP + KNeighborsClassifier (as well as any other standard 

classifier) has rather low predictive reliability in this context, making it unsuitable as a working 

tool. Despite achieving high accuracy within the UMAP embedding space (as mentioned above), 

the technique is not sufficiently suitable for processing new single data vectors as input data. This 

limitation arises due to the peculiarities of UMAP performance when using the Jacquard metric, 

which is tuned to operate primarily with binary data. The observed class separations occur when a 

relatively large 2D dataset is provided for UMAP transformation. Although the method formally 

allows new data sets to be input for transformation into a previously obtained embedding space, 

the binary nature of the metric used here may lead to unreliable results due to the lack of clearly 

separated clusters. As a result, division within cluster zones may not be dependable. 

Nevertheless, developing a classifier capable of making reliable predictions for new data 

remains highly desirable. As the subsequent research has shown, this challenge could be addressed 

through a more detailed analysis of feature values within each class, particularly by examining 

correlations specific to each class. 

For each of the identified classes, a correlation analysis was carried out on the ULF factors. 

Pairs of factors with an absolute correlation coefficient greater than 0.3 were selected. Among 

these, pairs were chosen based on the significance of their correlations within a specific class or if 

the correlation coefficients had differing signs across classes (though this latter case was not 

observed here). For Class 1, the following factor pairs exhibit significant correlations unique to 

this class (but not to Class 2): 

 ULF_total and ULF_per_20   r = 0.4506 

 ULF_20 and ULF_per_20   r = 0.3712 

 ULF_70–end and ULF_per_70–end  r = 0.5243 

For the Class 2 those are as follows: 

 ULF_total and ULF_70–end   r = 0.4573 

 ULF_total and ULF_per_total  r = –0.5731 

 ULF_20 and ULF_70–end   r = 0.3899 

 ULF_20 and ULF_per_total   r = –0.4465 

 ULF_20–70 and ULF_100–70  r = 0.3035 

 ULF_20–70 and ULF_per_20  r = –0.3076 

 ULF_100–70 and ULF_per_total  r = –0.3269 

 ULF_70–end and ULF_per_total  r = –0.3594 

 ULF_70–end and ULF_per_100–70  r = –0.3341 

 ULF_per_20 and ULF_per_20–70  r = –0.3311 

 ULF_per_20–70 and ULF_per_70–100 r = 0.3193 

 ULF_per_20–70 and ULF_per_100–70 r = 0.3896 

As we can see, Class 2 contains significantly more pairs of correlated ULF factors than those 

specific to Class 1. No feature pairs with differing correlation coefficient signs were observed 

between Class 1 and Class 2. 
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Additionally, it was found that ULF 70–100 factors have rather weak correlations with all the 

other ULF features in both Class 1 and Class 2. 

It has been suggested that the classifier should use not only the values themselves but also the 

products of features that show significant correlations specific to certain classes. The influence of 

adding and removing such features on classifier accuracy was studied. Combinations that 

increased accuracy were selected, while those that tended to decrease accuracy were removed. 

As a result, the following list of classification parameters was formed: 

Separate features: 

 ULF_70–100 

 ULF_per_70–100 

Products of features: 

 ULF_20 * ULF_per_20 

 ULF_total * ULF_70–end 

 ULF_total * ULF_per_total 

 ULF_20 * ULF_70–end 

 ULF_20–70 * ULF_100–70 

 ULF_20–70 * ULF_per_20 

 ULF_100–70 * ULF_per_total 

 ULF_70–end * ULF_per_total 

 ULF_70–end * ULF_per_100–70 

 ULF_per_total * ULF_per_20–70 

 ULF_per_20–70 * ULF_per_70–100 

 ULF_per_20–70 * ULF_per_100–70 

The given set of features increased the classifier's accuracy on the test data to 0.7785, which is 

a significant improvement; however, for practical usage, a higher accuracy is desirable. Therefore, 

it was suggested that more parameters be added to the model, specifically products of the ULF 

factors with other features. To this end, a series of additional experiments were carried out. 

Sequentially, products of the ULF factors with each of the other features were added to the model 

one by one. The combination that increased the model’s accuracy the most was selected. The 

experiment was then repeated with the newly supplemented model. 

As a result, the following feature products were added to the model: 

 ULF_per_total * systola_2 

 ULF_per_70–end * O_IVR_neg 

 ULF_70–100 * O_L2_pos 

 ULF_70–100 * Hurst_20–70 

 ULF_70–100 * O_Mo_neg 

 ULF_70–end * V 

 ULF_per_20–70 * HFx18x21_20 

 ULF_per_total * HF_70–100_int_p 

 ULF_per_20–70 * S_Hil_25_60Hz_total 

 ULF_per_20–70 * S_Hil_HFx13x15_20 

 ULF_per_20–70 * S_Hil_HFx15x18_20 

The suggested supplementation increased the model’s accuracy to between 0.9515 and 0.9792 

on the test data. The best accuracy values were achieved with the KNeighborsClassifier, 

LGBMClassifier, and AdaBoostClassifier, while the RandomForestClassifier and 

ExtraTreesClassifier also performed adequately for this purpose. The obtained accuracy appears 

suitable for a production classification service that could be developed using the proposed 

approach. 

Additional experiments were conducted to evaluate the possibility of detecting more classes 

using the suggested input feature set. The results are shown in Table 3. 

From Table 3, it is evident that attempts to separate classes differently generally result in lower 

precision, with the exception of isolating Class 5 from all others, which occurs with nearly 100% 
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probability. Moreover, the a priori classes 1, 2, and 3 can be reasonably distinguished from 4 and 

5. In this case, a certain asymmetry in the blurring of the intermediate Class 3 may play a role. At 

the same time, Classes 4 and 5 can also be separated without loss of accuracy. However, there is 

no reliable automatic division into all 5 a priori classes. Additionally, the separation of Classes 1 

and 2 is not reliable, as indicated by the decrease in model accuracy when attempting such a 

division. Perhaps the selection of alternative initial factors would allow for a more dependable 

separation of these classes as well. 

Table 3. Results of classification experiments with different groupings of a priori classes 

Classes grouping The highest accuracy value Classifier 

5 a priori classes 0.5844 BaggingClassifier 

1 and 2 to be Class 1 

3, 4, 5 to be Class 2 
0.9519 KNeighborsClassifier 

1 to be Class 1 

2 to be Class 2 

3, 4, 5 to be Class 3 

0.6887 KNeighborsClassifier 

1 and 2 – to be Class 1 

3 to be Class 2 

4 and 5 to be Class 3 

0.7974 KNeighborsClassifier 

1, 2, 3 – Class 1 

4 and 5 – Class 2 
0.8826 

XGBClassifier, 

KNeighborsClassifier 

1, 2, 3 to be Class 1 

4 to be Class 2 

5 to be Class 3 

0.8867 XGBClassifier 

1 and 2 to be Class 1 

3 and 4 to be Class 2 

5 to be Class 3 

0.8543 LGBMClassifier 

1, 2, 3, 4 to be Class 1 

5 to be Class 2 
0.9990 XGBClassifier 

1 to be Class 1 

2, 3, 4 to be Class 2 

5 to be Class 3 

0.7465 LGBMClassifier 

For practical tasks, the simultaneous application of two classifiers is possible. The first classifier, 

the KNeighborsClassifier, should be trained to distinguish between Classes 1 and 2 (less complex 

cases) and Classes 3, 4, and 5 (more complex cases). The second classifier, the XGBClassifier, 

should be trained to separate Class 5 (clinical cases) from all others. Thus, a more reliable 

classification into three classes can be obtained: Class 1 – consisting of cases 1 and 2 (less complex 

cases), Class 2 – comprising cases 3 and 4 (more complex cases), and Class 3 – representing Class 

5 (clinical cases). 

It is worth noting that the approach proposed here, along with the associated software modules, 

has the potential to be used not only within the domain discussed here but also for other purposes 

in medicine and other practical diagnostic areas. The reuse of software development artifacts, such 

as the modules of the proposed classification system, is vital for improving the efficiency and 

effectiveness of software lifecycle processes. Adopting reusable components not only accelerates 

development but also ensures a higher degree of consistency and reliability across different phases 

of the software lifecycle. When integrated with a domain engineering approach, which focuses on 

reusing artifacts within a specific domain, this strategy becomes even more powerful. Domain 

engineering, combined with semantic analysis, allows for a more systematic reuse of modules by 

ensuring they are adapted and optimized for specific contexts and tasks [34]–[37]. 

8 Conclusion 

Clustering of arterial oscillogram data for a sample of patients was carried out based on ULF 

indicators (power of ultra-low-frequency oscillations with a frequency of less than 0.003 Hz) using 
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UMAP for dimensionality reduction. This analysis revealed a potential relationship between these 

factors and depression levels. Two distinct classes were objectively identified, which can be 

conventionally characterized as lighter cases and more severe cases. This finding facilitated the 

subsequent development of an automated classifier using machine learning methods. 

During classifier development, it was found that the direct use of ULF indicators alone resulted 

in relatively low classification accuracy on the test sample. However, it was established that each 

class exhibited unique correlations among ULF indicators. Therefore, only a few ULF parameters 

were directly used as input features for classification, while other parameters were incorporated as 

products of correlated features. This approach improved classification accuracy to 0.7785 using 

the nearest neighbors method. 

To further enhance accuracy, additional model parameters were introduced by combining ULF 

indicators with other measured factors, resulting in an accuracy increase to 0.9515–0.9792, 

depending on the training and test sample division, also using the k-nearest neighbors method. 

Additionally, it was found that using the XGBClassifier, an additional class representing clinical 

cases could be identified with nearly 100% accuracy. While other classification approaches 

yielded lower accuracy, a considerably reliable (0.88) separation of a fourth class (encompassing 

the most severe and clinical cases) was also achievable with a separately trained XGBClassifier. 

These results indicate the feasibility of building an automated diagnostic AI service that can 

reliably estimate at least four levels of depression based on arterial oscillogram analysis. To 

implement such a classifier, at least three trained models are needed: one to distinguish between 

lighter and more severe cases using KNeighborsClassifier, another to separate severe cases from 

clinical cases using XGBClassifier, and a third to isolate clinical cases from all others using 

XGBClassifier. 

The main scientific contributions of this research in terms of complex systems analysis and 

classifier development include: 

1 Extracting a base feature set from a general dataset where the number of features 

significantly exceeds the number of data rows, and using clustering in reduced dimensional 

space to identify objectively separable classes. 

2 Accounting for correlations between features that are specific to one or a few classes, and 

using products of these features as input parameters to enhance classification accuracy. 

3 Developing a methodology for expanding the base feature set by searching for class-specific 

correlations with additional features, and selecting those which most significantly improve 

classification accuracy. 
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