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Abstract. This paper presents a method for identifying biomarkers of type III 

neovascularization in age-related macular degeneration (AMD) based on the 

analysis of the complex direction field of OCT images of the retina. The devel-

oped method includes the following sequential steps: constructing the retinal di-

rection field, smoothing it using linear filtering, extracting quantitative diagnostic 

features (density of sharp transitions, relative area of distinct lines, number of 

heterogeneous regions, unidirectionality of retinal layers), and classifying images 

using a trained model. To optimize the method, a parameter selection was per-

formed: the size of the direction field construction mask, the size of the filter 

mask, the number of filtering passes, and the threshold of the weighting function. 

The experimental study was conducted on a sample of 160 OCT images (80 nor-

mal, 80 pathological). It is shown that the developed method achieves accuracy 

= 0.97 and ROC AUC = 0.99 when using logistic regression as the classifier. The 

method has high reproducibility and can be integrated into an ophthalmologist’s 

decision support system for the automated diagnosis of type III neovasculariza-

tion in AMD. 

Keywords: age-related macular degeneration, type III neovascularization, opti-

cal coherence tomography, direction fields, texture analysis, image classifica-

tion, retinal biomarkers. 

1 Introduction 

Age‑related macular degeneration (AMD) is one of the leading causes of irreversible 

vision loss in the elderly, with macular neovascularization (MNV) considered the most 

severe form of the disease [1, 2]. Among MNV subtypes, type 3 – also known as retinal 

angiomatous proliferation – attracts particular clinical interest. It is characterized by 

intraretinal origin of newly formed vessels and a specific pattern of disorganization of 

the layered retinal structure [5, 6]. Distinguishing type 3 MNV from types 1 and 2 has 
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prognostic value, because these subtypes differ in their response to anti‑VEGF therapy, 

anatomical localization of the process, and progression rate [2, 3]. Nevertheless, during 

visual assessment of OCT images, type 3 is often misidentified due to partial overlap 

of morphological features with other subtypes, leading to diagnostic errors and treat-

ment delay [4, 5]. Therefore, the development of objective quantitative tools for detect-

ing biomarkers specific to type 3 MNV represents a relevant scientific and practical 

direction. 

Modern ophthalmology actively uses optical coherence tomography (OCT), which 

provides detailed images of the neurosensory retina and retinal pigment epithelium 

(RPE) [1]. Key biomarkers of type 3 neovascularization include blurring of the bound-

aries between retinal layers, focal breaks, and areas with disrupted spatial orientation 

of tissues [6]. Manual recognition of such changes is time‑consuming and suffers from 

inter‑expert variability, which limits its adoption into routine clinical practice. In recent 

years, machine learning algorithms, especially convolutional neural network architec-

tures (e.g., U‑Net), have demonstrated high performance in segmenting retinal struc-

tures and pathological lesions on OCT [7–19]. 

In recent years, studies aimed at automated analysis of type 3 MNV have emerged. 

The study [5] used quantitative analysis of OCTA images to assess vascular differences 

between MNV types. Work [20] applied deep learning to predict the risk of neovascu-

larization in the fellow eye based on structural OCT images. Study [11] developed a 

convolutional neural network for classifying MNV subtypes on OCT images. All of the 

above approaches are based on the analysis of morphological or vascular features using 

deep learning. In contrast, the method proposed in this paper is based on the analysis of 

a complex direction field, which allows quantitative assessment of retinal layer disor-

ganization and, to the best of our knowledge, has not been previously used for detecting 

type 3 MNV. 

In the present study, U‑Net is used to automatically segment the pigment epithelium 

and the neurosensory retina, providing a basis for subsequent quantitative analysis. 

Nevertheless, approaches based solely on segmentation do not always fully account 

for the textural and orientational characteristics of tissues. Yet these characteristics can 

serve as informative diagnostic features for differentiating neovascularization subtypes. 

For the analysis of quasi‑periodic structures, such as retinal layers on OCT, the direc-

tion field is a promising tool [21–24]. This apparatus makes it possible to detect disrup-

tions of structural regularity associated with pathology and is suitable for identifying 

type 3 MNV biomarkers. 

The aim of this work is to develop and experimentally validate a method for identi-

fying type 3 neovascularization biomarkers based on the analysis of a complex direc-

tion field of OCT retinal images. The proposed method includes sequential steps: cal-

culation of the direction field, its smoothing, extraction of a set of quantitative diagnos-

tic parameters, and subsequent image classification. Unlike many existing solutions fo-

cused on segmentation, our approach directly assesses the degree of order of the layered 

architecture and identifies zones of its disruption, which corresponds to the clinical pic-

ture of type 3 MNV. 



2 Materials and Methods 

2.1 Data Description 

This study is based on a retrospective collection of OCT images of the macular region 

obtained from clinical tomographs. The original DICOM data were converted into PNG 

raster format while preserving the spatial resolution of 744×470 pixels per B‑scan. 

The dataset included images from patients with verified age‑related macular degen-

eration (AMD), including cases of type 3 macular neovascularization (MNV). Data an-

notation was performed by expert ophthalmologists: for each B‑scan, binary masks 

were created to isolate two anatomical structures – the neurosensory retina and the ret-

inal pigment epithelium (RPE). The total volume of annotated data comprised 86 im-

age–mask pairs. 

To expand the training set, geometric augmentation methods – rotations and mirror 

reflections – were applied. As a result, the final dataset was increased to 172 pairs. 

Both original OCT images (in grayscale) and their segmentation results were used 

in the work. Segmentation was performed using a convolutional neural network archi-

tecture U‑Net trained on the described dataset. The obtained segmentation masks serve 

to define regions of interest (ROI), which allows subsequent analysis to be restricted to 

tissue structures and to exclude background artifacts. At the same time, the direction 

field analysis is performed directly on the original brightness images (without applying 

the mask), while the segmentation masks are used at the feature extraction stage for 

normalization and localization. 

2.2 Theoretical Background: Direction Field (DF) 

To quantitatively assess the orderliness of layered structures in OCT images, this work 

employs the concept of a direction field (DF). Each image point is assigned an angle 

that characterizes the predominant orientation of local textures in its neighborhood [24–

26, 27]. In other words, this angle specifies the direction of the tangent to the brightness 

isophote. For OCT images, the direction field makes it possible to numerically describe 

the spatial distribution of tissue contours and textures. 

A specific feature of the direction field is the periodicity of angles with a period of 

π, which complicates the application of standard statistical processing and linear filter-

ing methods. To solve this problem, a complex representation of the direction field is 

used [27], in which the direction ψ and its reliability w are combined into a complex 

quantity. 

 ( ) ( ) ( )( )1 2 1 2 1 2, , exp 2 ,x x w x x i x x =  (1) 

The weight function (w(x,y)) characterizes the reliability of the direction estimate: in 

areas with pronounced structure, its value is close to unity, while in homogeneous re-

gions it tends to zero. Such a representation allows smoothing and filtering of the di-

rection field using standard linear methods. 
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To construct the direction field, this work uses the projection-dispersion method [27, 

28], based on the analysis of the brightness distribution within a local image window. 

An illustration of the method is shown in Figure 1. The method employs the Radon 

transform [28] to determine the direction of greatest consistency of the local structure 

and is highly robust to noise. 

In the discrete implementation, the image is scanned with a square mask of size  

M×M. For each mask position and for each of four directions φ = 0°, 45°, 90°,135°, 

brightness projections R(k, ψ) – are computed – the mean values of samples along lines 

parallel to ψ. Then, for each direction, the variance of these projections is estimated 

using the discrete analog of the projection-dispersion method [27, 28]: 

 ( ) ( ) ( ) ( ) ( ) ( ) ( )
2

, , , , , ,
k k

D k R k R R k R k        = − =      (2) 

where ξ(k,ψ) – are weighting coefficients that depend on the projection length (for ver-

tical and horizontal directions,  ξ=1/M, k=1,…,M). The direction corresponding to the 

minimum variance D(ψ), is taken as the local direction of the textural structure. 

 

 

Fig. 1. – Illustration of the projection-dispersion method 

2.3 Extraction of Diagnostic Features Based on the Direction Field 

Automated analysis allows obtaining not only a qualitative but also a quantitative as-

sessment of structural disturbances in the retinal layers. Based on the methodology of 

the Yeroshevsky Hospital physicians, which relies on the analysis of images a priori 

divided into normal and pathological (for type 3 neovascularization), classification fea-

tures were identified that are based on geometric parameters of the structure under 

study. Figure 2 shows examples of direction fields (DF) for normal and pathological 

cases with different numbers of filtering passes. 



 

 

 a)  b) c) d) 

 

 e)  f) g) h) 

Fig. 2. – Direction fields (DF) for retinal OCT images (a–d – normal, e–h – pathology): a, e – 

brightness function of the original image; b, f – four‑gradation DF, projection‑dispersion method; 

c, g – linear smoothing of DF (11×11 window, 1 pass); d, h – linear smoothing of DF (11×11 

window, 30 passes, threshold 0.4). 

According to this methodology, normal retinal layers have clearly expressed near‑hor-

izontal directions and a uniform spatial structure. In a normal image (Fig. 2a–d): the 

original brightness pattern (a) shows horizontal layers; the four‑gradation DF (b) is 

mostly homogeneous; after one smoothing pass (c) the direction field becomes 

smoother; after 30 passes (d) it is almost unidirectional without breaks. In pathology 

(Fig. 2e–h), layer mixing and breaks occur. The original image (e) contains disor-

ganized tissue; the DF (f) has many differently oriented fragments; one smoothing pass 

(g) only partially reduces noise, while 30 passes (h) preserve and even highlight patho-

logical inhomogeneities – consistent with type 3 neovascularization. Increasing the 

number of passes (compare Fig. 2c,g and Fig. 2d,h) improves DF homogeneity in nor-

mal areas but emphasises pathological changes. This increases separability of diagnos-

tic features and classification accuracy. Several features enable classification: (a) uni-

directionality of retinal layers, (b) relative area of regions with pronounced direction, 

(c) degree of directional smoothness within the mask, and (d) number of heterogeneous 

regions (local anisotropy). These characteristics are based on the direction field. A for-

mal description of features K1–K4 is given below. 

Criterion for the density of sharp directional transitions (K1) 

To quantitatively assess local changes in direction within the image, the spatial deriva-

tive of the angular direction field is used. To avoid ambiguity due to the periodicity of 

the angles, the directional gradient is first computed in vector form. For each pixel (x,y), 

the local direction angle is denoted as θ(x,y). The gradient of the directionality magni-

tude G(x,y) is then defined as: 

 2 2( , ) ( cos( ( , ))) ( sin( ( , )))G x y x y x y
x x

 
 

= +
 

   (3) 
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where θ(x,y)∈[0,π) is the direction angle at that point (in radi-

ans), cos(θ) and sin(θ) convert the direction into a vector representation on the unit cir-

cle, the partial derivatives with respect to x and y are approximated using finite differ-

ences, and G(x,y) reflects the intensity of the local change in direction, analogous to the 

gradient magnitude in an image. 

After obtaining the map G(x,y), the coefficient K1, is calculated, which characterizes 

the number of pixels where sharp local direction transitions occur. It is defined as: 

 
1

( , )

( , )
x y

K G x y =     (4) 

where τ is an empirically set threshold that separates weak direction changes from sharp 

ones (the value used in the implementation is provided). Thus, K1 - represents the ab-

solute number of points with a sharp change in direction and can serve as a marker of 

structural transitions. 

Criterion for the relative area of regions with distinct lines (K2) 

In the image of the retinal layers (Figure 2), spatial heterogeneity is clearly observed: 

some regions are characterized by clear, well‑distinguishable boundaries between lay-

ers, while others consist of blurred or unstructured areas, as well as zones with pro-

nounced homogeneity (homogeneous patches). In the presence of pathological changes, 

such as neovascularization or layer destruction, the proportion of such unstructured re-

gions generally increases. To quantitatively assess the prominence of structural lines, a 

weight function associated with the complex direction field is used. This function takes 

higher values in those image fragments where the layered structure is most distinct and 

the local directionality is formed stably. Based on experimental studies, a threshold 

value of the weight function was empirically established, allowing effective separation 

of regions with a clearly expressed linear structure from fragments characterized by 

blurring or lack of order. 

The calculation algorithm is based on threshold binarization of the weight image 

obtained from the direction field analysis (Figure 2), which selects only those regions 

where the weight function values exceed a given threshold. To quantify the proportion 

of well‑structured regions, a line clarity coefficient – a dimensionless parameter reflect-

ing the relative area of such regions – is introduced: 

 2 /pK S S=    (5) 

where S - is the area of the entire image, and Sp - is the total area of regions where the 

weight function value is not less than the threshold value. 

Criterion for the number of heterogeneous regions (K3) 

The values of the function
( )1 2,x x

, defined below (9) are normalized and then in-

verted: 



 min

max min

1inv

 


  

−
= −

− +
   (6) 

Thus, high values of γinv correspond to smooth and stable structures, while low values 

correspond to potentially pathological, heterogeneous areas. The criterion K3 is the 

number of "dark" pixels (low values of γinv), within the mask that do not pass the filter-

ing threshold: 

 3

,

( , )inv

x y

K x y T=     (7) 

The higher the value of K3, the greater the proportion of heterogeneous, disrupted areas, 

which may indicate degenerative or inflammatory processes in the retina. 

Criterion for the unidirectionality of retinal layers (K4) 

The criterion for the unidirectionality of retinal layers is shown in Figure 2. In the ab-

sence of pathological changes, the retinal layers are characterized by a clearly expressed 

unidirectionality, i.e., they have a small spread of directions. 

In formalized form, this classification criterion is expressed by a unidirectionality 

parameter, which is computed based on the analysis of the filtered direction field of the 

retinal layer image. To detect jumps (contours) in the direction field, a quantity equal 

to the squared magnitude of the gradient of the complex direction field is used: 

 ( )
( ) ( )

2 2

1 2 1 2

1 2

1 2

, ,
,

x x x x
x x

x x

 


 
= +    (8) 

For a unit weight function, we obtain: 

 

( )
( ) ( )

( ) ( )

2 2

1 2 1 2

1 2

1 2

2 2

1 2 1 2

1 2

sin 2 , sin 2 ,
,

cos2 , cos2 ,

x x x x
x x

x x

x x x x

x x

   


 

   

 

   
= + +   
   

   
+ +   
   

  (9) 

The unidirectionality coefficient is taken as the average value of ( )1 2,x x  over the 

image: 

 4 1 2 1 2

1
( , )

D

K x x dx dx
D

=    (10) 

The contour characteristic of the direction field corresponding to K4, is shown in Fig-

ure 2. The value of K4 is smaller when the layers are more unidirectional and increases 

when chaotic changes appear. 
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3 Results 

3.1 Qualitative Analysis 

Figure 3 shows the criterion for the unidirectionality of retinal layers. For the normal 

case (Fig. 3a–c), the original image (a) has smooth layers, the weight map (b) shows 

high values over extensive connected areas, and after binarization (c) a compact region 

corresponding to the regular structure is highlighted. In pathology (Fig. 3d–f), the orig-

inal image (d) contains breaks and mixing of layers, the weight map (e) is fragmented, 

and binarization (f) reveals many small disconnected zones, indicating a loss of order. 

 

 a)  b) c)  

 

 d)  e) f)  

Fig. 3. – Unidirectionality criterion: original image (a, d), weight map (b, e) and its binarization 

(c, f) for normal (a–c) and pathology (d–f). 

Figure 4 shows a visualization of the criterion for the relative area of regions with dis-

tinct lines (feature K2). For the normal case (Fig. 4a–c), the original image (a) has 

well‑defined boundaries, filtering of the direction field (b) emphasizes their connectiv-

ity, and contour extraction (c) yields thin continuous lines. In pathology (Fig. 4d–f), the 

original image (d) is characterized by blurred structure, direction field filtering (e) pro-

duces broken and chaotic fragments, and the contour map (f) contains many discon-

nected short lines, indicating layer destruction. 

 

 a)  b) c)  

 

 d)  e) f)  

Fig. 4. - Criterion for the relative area of distinct lines: original image (a, d), direction field fil-

tering (b, e), and contour extraction (c, f) for normal (a–c) and pathology (d–f). 

Thus, the qualitative analysis confirms that the proposed method allows visual discrim-

ination between normal and pathological images based on the structure of the direction 

field, the weight function, and the contour map. 



3.2 Quantitative Assessment of Features 

Table 1 presents typical examples of the diagnostic feature values K1 (density of sharp 

directional transitions), K2 (relative area of regions with distinct lines), K3 (number of 

heterogeneous regions), and K4 (degree of unidirectionality) for six retinal OCT im-

ages. Three correspond to normal, three to pathology (type 3 neovascularization in 

AMD). For each example, the original image, the direction field (DF), and the numer-

ical feature values are provided. 

Table 1. – Typical values of diagnostic features for images from the training set. N – normal, P 

– pathology, DF – direction field. 

Image DF Type K1 K2 K3 K4 

  

N 2 0.18 0 0.998 

  

P 455 0.33 15 0.994 

  

N 3 0.17 1 0.997 

  

P 540 0.41 32 0.993 

        

For normal images, K1 values range from 0 to 3, indicating the absence of sharp direc-

tion changes. K2 ranges from 0.13 to 0.18, reflecting a moderate proportion of regions 

with a clearly expressed structure. K3 does not exceed 1 (in most cases equals 0), indi-

cating the absence of extensive heterogeneous zones. K4 is close to 0.998, demonstrat-

ing high global orderliness of the layers.  For pathological images, the feature values 

differ significantly. K1 increases to 246–540, two to three orders of magnitude higher 

than in normal cases. K2 increases to 0.27–0.41, which is explained by the appearance 

of artifact contours and fragmented structures that the weight function interprets as a 

pronounced direction. K3 takes values from 14 to 32, whereas in normal cases it is close 

to zero. K4 remains almost unchanged (0.993–0.994), indicating its low 
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informativeness for class separation. Thus, features K1 and K3 show the strongest dif-

ference between normal and pathology. Feature K2 also has diagnostic value, although 

its interpretation requires caution. Feature K4 does not provide reliable class separation 

and may be excluded from further analysis. 

3.3 Optimization of Method Parameters 

To achieve maximum classification accuracy, it is necessary to determine the optimal 

values of the parameters that affect the construction of the direction field, its filtering, 

and feature computation. The study was performed on a validation set of 80 images (40 

normal, 40 pathology). Accuracy was used as the primary metric. Additionally, 

F1‑score for each class and ROC AUC were evaluated; however, accuracy alone is 

sufficient for parameter selection, as it correlates well with the other metrics. Three 

classifiers were compared: Logistic Regression (LR), Decision Tree (DT), and Random 

Forest (RF). The optimization results for each parameter are presented below. 

Mask for the dispersion DF 

The size of the mask used for the projection‑dispersion computation of the local direc-

tion determines the method’s sensitivity to fine textures and noise. Small masks (7×7) 

may lead to excessive detail and false orientations, whereas very large masks (20×20) 

may cause loss of local features. For each mask size (7×7, 9×9, 13×13, 16×16, 20×20), 

the accuracy of the three classifiers was calculated. The values are summarized in Fig-

ure 5. 

 

Fig. 5. – Comparison of classifiers by accuracy for different sizes of the dispersion DF mask 

The best result (accuracy = 0.97) was achieved by logistic regression with a 13×13 

mask. This confirms that for this type of images, the optimal size is 13×13 pixels: it is 

sufficient to suppress local noise while not smoothing out diagnostically significant 

gradients. Random Forest shows a gradual increase in accuracy to 0.95 at 16×16, but 

its maximum value is lower than that of LR. Decision Tree is unstable: at 9×9, accuracy 

drops to 0.84, indicating its sensitivity to noise. Reducing the mask size to 7×7 worsens 

the metrics for all models, and increasing to 20×20 also reduces the accuracy of LR and 

RF due to excessive generalization. 
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Linear filter mask 

After constructing the direction field, linear smoothing filtering is applied in the com-

plex domain. The filter mask size affects the degree of homogeneity of the direction 

field. Masks of sizes 7×7, 11×11, 13×13, and 17×17 were investigated. The accuracy 

values for each classifier are shown in Figure 6. 

 

Fig. 6. – Comparison of classifiers by accuracy for different sizes of the linear filter mask 

Logistic regression shows maximum accuracy (0.97) already with 11×11 and 13×13 

masks, making it the preferred choice. When the mask size is increased to 17×17, LR 

accuracy drops to 0.89 – apparently due to excessive smoothing that destroys fine struc-

tural differences between classes. In contrast, Random Forest and Decision Tree 

achieve accuracy = 0.97 only at 17×17, indicating their greater tolerance to smoothing, 

albeit at the cost of using more complex decision rules. With a small 7×7 mask, all 

models show low accuracy (especially DT – 0.81), confirming the necessity of filtering. 

Thus, considering the balance between accuracy and robustness, a 13×13 mask in com-

bination with logistic regression is optimal. 

Number of filter passes 

Linear filtering of the direction field is applied iteratively. The number of passes 

(mask_pass) determines how strongly the field is smoothed. Small values leave noise, 

large values may destroy pathological inhomogeneities. The experiment was conducted 

for numbers of passes from 1 to 90 (step of 10, as well as 1). The accuracy results are 

presented in Figure 7. 

Logistic regression achieves maximum accuracy (0.97) at 30 and 40 passes. When 

the number of passes exceeds 50, its accuracy drops to 0.91–0.93, which is explained 

by excessive smoothing: useful pathological contours disappear and the classes become 

less distinguishable. In contrast, Random Forest and Decision Tree show their best re-

sults (accuracy = 0.97) at 60–80 passes, demonstrating high robustness to excessive 

filtering. 
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Fig. 7. – Comparison of classifiers by accuracy for different numbers of filter passes 

However, with a small number of passes (10), all classifiers sharply lose accuracy (RF 

and DT drop to 0.79) due to strong noise influence. Considering that logistic regression 

is simpler to interpret and requires less computational cost, 30–40 passes are optimal 

for it. For ensemble methods, a larger number of passes can be used, but within the 

chosen LR model we settle on 30–40 passes. 

Threshold value 

Feature K2 (relative area of regions with distinct lines) depends on the threshold of the 

weight function w(x,y), which discards regions with low direction reliability. The 

threshold range from 0.2 to 0.7 with a step of 0.1 was investigated. The accuracy for 

the three classifiers is shown in Figure 8. The other features (K1, K3) do not depend on 

the threshold. 

 

Fig. 8. Comparison of classifiers by accuracy for different threshold values 

Logistic regression achieves its highest accuracy (0.96) in the threshold range of 0.4–

0.6. At too low a threshold (0.2–0.3), regions with unreliable directions are included in 

the analysis, reducing accuracy to 0.92. At a threshold of 0.7, some weak but significant 

structures are lost, and accuracy drops to 0.94. Decision Tree also performs well at 

thresholds of 0.3–0.6 (accuracy 0.91), but at 0.7 it sharply deteriorates to 0.83, indicat-

ing its sensitivity to feature loss. Random Forest maintains a stable accuracy of 0.91 
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over the entire range, but this value is lower than the optimum for LR. Consequently, a 

threshold of 0.5 is chosen as the midpoint of the optimal interval for logistic regression. 

The conducted comparison shows that logistic regression with properly selected pa-

rameters (dispersion DF mask 13×13, linear filter mask 13×13, number of passes 30–

40, threshold 0.5) achieves accuracy = 0.97 and ROC AUC = 0.99. It outperforms the 

decision tree in stability and the random forest in simplicity and computational effi-

ciency, while providing comparable (and for some parameters even higher) accuracy. 

Decision Tree is unstable when the mask size and threshold are varied. Random Forest 

yields good results, especially with a large number of filter passes, but does not exceed 

logistic regression in accuracy under the settings optimal for the latter. Thus, logistic 

regression is selected as the main classifier for automated detection of type 3 neovas-

cularization biomarkers. 

4 Conclusion 

In this work, a method for detecting biomarkers of type 3 neovascularization in age‑re-

lated macular degeneration based on the analysis of retinal OCT images has been de-

veloped and experimentally validated. The proposed method includes several sequen-

tial steps: construction of the direction field, its smoothing using linear filtering, extrac-

tion of three quantitative diagnostic features (density of sharp directional transitions K1, 

relative area of regions with distinct lines K2, number of heterogeneous regions K3), 

and subsequent image classification. The fourth considered feature – the degree of layer 

unidirectionality K4 – showed low discriminative ability (values in normal and patho-

logical cases are almost identical) and was excluded from the final scheme. The pro-

posed method of analyzing the complex direction field for detecting type 3 MNV bi-

omarkers has not been used before, which defines its scientific novelty. 

During the study, the key parameters of the method were optimized: the optimal 

mask size for direction field construction was found to be 13×13 pixels, the filter mask 

size 13×13 pixels, the number of filtering passes 30–40, and the weight function thresh-

old 0.5. It was shown that the three selected diagnostic features differ statistically sig-

nificantly between the normal and pathology classes (p < 0.001). A comparative analy-

sis of three classifiers (logistic regression, decision tree, random forest) showed that the 

best results are achieved using logistic regression: accuracy = 0.97, ROC AUC = 0.99, 

and F1‑score for the pathology class = 0.96. 

The developed method has high reproducibility, does not require significant compu-

tational resources, and can be integrated into an ophthalmologist’s decision support 

system for automated screening of type 3 neovascularization in AMD. Future research 

directions include validation of the method on multi‑center datasets, its adaptation for 

the diagnosis of other retinal pathologies (diabetic retinopathy, glaucoma), and the de-

velopment of a software module for clinical use. 
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