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Abstract

This study applies radiomics-based feature extraction to fundus autofluorescence
(FAF) images to automatically identify quantitative biomarkers that distinguish simple versus
complex and acute versus chronic subtypes of central serous chorioretinopathy (CSCR). A
total of 96 FAF images representing different CSCR stages were analyzed: simple (n=47),
complex (n=49), acute (n=47), and chronic (n=49). Fifty-two radiomic features were
extracted from the entire 55° FAF images using Pyfeats. Variables with zero variance and
highly correlated features (Pearson’s r > 0.8) were excluded. The most informative features
were identified and used to construct and evaluate logistic regression, random forest, and
extreme gradient boosting (XGBoost) classifiers for CSCR stage prediction. For simple
versus complex CSCR, eight selected features yielded excellent discriminative performance
in the logistic regression model, with a mean area under the receiver operating characteristic
curve (AUC) of 0.90 (95% CI, 0.71-1.00) and an accuracy of 0.80. Sensitivity and specificity
were balanced at 0.80 each, indicating robust and stable classification performance. For acute
versus chronic CSCR, ten features were sclected. The XGBoost model demonstrated modest
discriminative ability with a mean AUC ot 0.69 (95% CI, 0.39-0.98) and an accuracy of 0.71,
with balanced sensitivity (0.70) and specificity (0.71) across resamples. Radiomic features
extracted from FAF images effectively distinguish simple and complex CSCR, supporting
their potential as quantitative imaging biomarkers for automated CSCR classification and

disease staging.
Introduction

Central serous chorioretinopathy (CSCR) is a common macular disorder characterized
by focal detachments of the neurosensory retina and/or the retinal pigment epithelium (RPE),
and may affect one or both eyes. ' Multimodal imaging, including fluorescein angiography,
indocyanine green angiography, fundus autofluorescence (FAF), and optical coherence
tomography (OCT), plays a central role in the diagnosis and classification of CSCR. > CSCR
is commonly categorized as acute or chronic based on the duration of serous retinal
detachment (SRD); eyes with SRD persisting for more than 3 to 6 months are considered to

have chronic CSCR. * Although acute CSCR resolves spontaneously within 3 to 6 months in



most patients (78%—84%), recurrent active episodes occur in up to 50% of cases, contributing

to cumulative damage and variable clinical outcomes. >

FAF imaging is a rapid, noninvasive technique that topographically maps the
metabolic activity of fluorophores without requiring any intravenously injected agents. ’ It is
particularly valuable for identifying RPE alterations and assessing the extent of disease
burden. ® Based on the area of RPE damage observed on FAF, CSCR can be classified as
simple, defined as involving <2 disc diameters of RPE abnormality, or complex, defined as

involving >2 disc diameters. ®

Radiomics-based texture analysis applies standardized image-processing algorithms
to extract quantitative texture features from medical images and has been widely
implemented in radiology and pathology for diagnostic and prognostic modeling. *'° In
recent years, its application within ophthalmology has expanded across multiple imaging
modalities, including OCT, OCT angiography, fundus photography, and fluorescein
angiography, to facilitate the prediction, classification, and monitoring of various retinal
pathologies, such as CSCR, diabetic retinopathy, epiretinal membrane, age-related macular

degeneration, optic neuropathies, and myopic maculopathy. ''"'®

However, most prior studies
have primarily focused on retinal layer analysis in OCT-based radiomics, with comparatively
limited exploration of FAF imaging, despite its established role in CSCR follow-up,

particularly for assessing RPE darnage secondary to subretinal fluid (SRF) accumulation.

In this study, we apply radiomics feature extraction to FAF in patients with CSCR in
different stages, including acute/chronic and simple/complex, to identify texture-based
biomarkers associated with CSCR. We first ranked feature importance to identify the most
informative features. Selected features were then evaluated in different classifier models to
find the most accurate model that can predict acute vs. chronic, and simple vs. complex

CSCR.

Results

Following exclusion of patients with incomplete data, the final cohort comprised 96
FAF images from 96 patients diagnosed with CSCR. The mean age of the participants was
48.28 £9.71 years. Of these, 24 patients (25%) were female, and 72 (75%) were male. Sixty-
one eyes (63.5%) were right eyes, and 35 eyes (36.5%) were left eyes. Forty-seven cases



(48.9%) were classified as simple CSCR, and 49 (51.1%) as complex CSCR. Additionally, 47
cases (48.9%) were acute CSCR, whereas 49 (51.1%) were chronic CSCR.

Feature Selection and Model Performance for Predicting Simple vs. Complex CSCR

The ROCs of the three ML models in the testing cohort are shown in Fig 1. Among
the three ML models, we found that logistic regression achieved the highest overall
performance. The logistic regression model discrimination and stability evaluation
demonstrated an excellent discriminative ability, with a mean area under the ROC curve
(AUC) 0of 0.90 (95% CI 0.71-1.00) and strong overall accuracy of 0.80. Sensitivity and
specificity were balanced at 0.80 and 0.80, respectively, indicating robust and consistent

performance across resamples. (Table 1 and 2, Figures 1-3)

Feature Selection and Model Performance for Predicting Acute vs. Chronic CSCR

The ROC curves of the three machine learning mode!s in the testing cohort are shown
in Figure 4. Among the three models, XGBoost achieved thic highest overall performance for
differentiating acute versus chronic CSCR. The XGBoost model showed modest
discriminative ability, with a mean AUC of 0.69 (95% CI, 0.39—0.98) and an accuracy of
0.71. Sensitivity and specificity werc 0.70 and 0.71, respectively. Given the wide confidence
interval, these findings should be intcipreted cautiously. Feature importance for the random

forest model is shown in Figure 5. (Table 1, Figures 4 and 5)

Discussion

We applied radiomics-based feature extraction on FAF images to identify quantitative
biomarkers that distinguish simple versus complex and acute versus chronic subtypes of
CSCR. For simple versus complex CSCR, eight selected features demonstrated excellent
discriminative performance in the logistic regression model, yielding a mean AUC of 0.90
(95% CI, 0.71-1.00) and an accuracy of 0.80. Sensitivity and specificity were both 0.80. For
acute versus chronic CSCR, ten features were selected, and XGBoost showed the highest
performance among the tested models. However, its discriminative ability was only modest,
with a mean AUC of 0.69 (95% CI, 0.39-0.98) and an accuracy of 0.71. Given the wide
confidence interval, these results should be interpreted cautiously and suggest that FAF

radiomics alone may have limited ability to distinguish acute from chronic CSCR.



CSCR is characterized by SRF resulting from choroidal vascular hyperpermeability and RPE
dysfunction. Although most cases resolve spontaneously, a subset progresses to recurrent or
chronic disease, leading to areas of hyper- or hypo-autofluorescence on FAF secondary to
RPE damage. '* CSCR is commonly categorized as acute versus chronic based on the
duration of disease activity, or simple versus complex according to the extent of RPE
involvement. ® Previous research on the application of artificial intelligence in CSCR has
explored several key domains of automated image analysis. *° These include SRF
segmentation 2' >3, leakage point detection >, choroidal and retinal vessel segmentation **%,
segmentation of neurosensory retinal detachment, pigment epithelial detachment, and

hyperreflective foci ****, as well as predictive modeling for CSCR recurrence and prognosis.

34-36

In this study, radiomics features extracted from FAF images were associated with
distinct CSCR phenotypes. These features reflect differences in autofluorescence intensity
distribution and textural heterogeneity related to RPE dysfunction and disease chronicity.
While clinicians can qualitatively recognize areas of hyper- or hypo-autofluorescence on
FAF, radiomics enables objective quantification of subtle spatial patterns that are difficult to
assess visually. From a clinical perspective, this approach may support more standardized
phenotypic classification, improve longitudinal monitoring of RPE alterations over time, and
provide an adjunctive tool for reinote follow-up or telemedicine-based assessment where
rapid, noninvasive imaging 1s desirable. The stronger performance observed for simple versus
complex CSCR suggests that FAF radiomics may be particularly useful in identifying the
extent of RPE involvement, which is clinically relevant for disease characterization and
follow-up. In contrast, the relatively modest performance for acute versus chronic CSCR
indicates that FAF-based texture features alone may be insufficient for this distinction, likely
because chronicity is influenced by factors that are better captured through multimodal
imaging and longitudinal clinical assessment. Therefore, FAF radiomics should currently be
considered a complementary quantitative tool rather than a standalone method for clinical
decision-making. Larger prospective studies integrating multimodal imaging will be

important to determine its ultimate utility in patient management.

Unlike deep learning, radiomics-based feature extraction itself does not require model
training, as predefined quantitative descriptors are directly computed from the images.
However, when these extracted features are used for classification, the subsequent machine

learning models still require training on labeled datasets. > Radiomics has been applied to



retinal diseases for diagnostic screening, predicting treatment response, differential diagnosis,
staging, and monitoring. Most work focuses on AMD, diabetic retinopathy, CSCR, and other
macular disorders, using OCT, OCTA, fundus photography, and ultra-widefield angiography

12,15,16,18 xx7:11-
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to extract quantitative features that improve disease characterization.
al. used radiomic feature extraction on OCT scans from patients with CSCR to identify
biomarkers that distinguish healthy from diseased eyes. "> In our study, we applied radiomic
analysis to FAF images of CSCR patients and found that a logistic regression model achieved
acceptable accuracy in differentiating simple from complex CSCR, offering potential value

for patient follow-up and understanding disease progression over time.

The main limitations of this study include its cross-sectional, retrospective design,
small sample size, and absence of wide-field imaging. Axial length data were unavailable and
could not be analyzed, which may have influenced radiomic features and model performance.
Also, all included images were acquired using a single imaging platform (Heidelberg
Spectralis), and the applicability of these findings to other FAF devices remains uncertain.
Images were also filtered for quality, and those with artifacts or poor image quality were
excluded; therefore, model performance may be lower when applied to datasets with a
broader range of image qualities. In addition, aithough the dataset was assembled from
multiple centers and likely included participants from diverse racial and ethnic backgrounds,
standardized race and ethnicity data were not consistently available and therefore could not
be analyzed, which may limit assessment of model generalizability across specific
populations. Larger longitudinal studies will be required to validate these findings and
demonstrate their potential to support the development of clinical decision-making tools that

improve patient management across diverse chorioretinal diseases.

Overall, our results show that radiomics texture analysis of FAF images can identify
features distinguishing simple from complex CSCR, with logistic regression demonstrating
promising classification performance. Although XGBoost showed the highest performance
for differentiating acute and chronic CSCR, the discriminative ability was modest and
associated with a wide confidence interval, indicating substantial uncertainty. Therefore, FAF
radiomics alone may be insufficient for reliable acute-versus-chronic classification and
should be interpreted as a complementary rather than standalone approach. These findings
suggest that radiomics features capture meaningful RPE alterations in CSCR and may have

potential utility for future disease characterization and follow-up.



Method

Data Acquisition

We conducted a retrospective study utilizing 55° FAF images acquired with the
Heidelberg Spectralis system (Heidelberg Engineering, Heidelberg, Germany) to collect high-
quality images from patients diagnosed with CSCR exhibiting RPE damage. Only one image
per patient was included. All participants gave written informed consent. The patients did not
receive any financial compensation for their participation. The patients were advised that the
data collected was used for scientific purposes, and they gave their consent for publication.
The study adhered to the tenets of the Declaration of Helsinki and received approval from the
Institutional Review Board of the University of Pittsburgh. All methods were performed in

accordance with the relevant guidelines and regulations.

A total of 178 FAF images were initially reviewed for eligibility. Images were
screened by an expert ophthalmologist for device compatibility, imaging protocol
consistency, and image quality prior to radiomic analysis. To maintain technical uniformity,
45 images acquired using devices other than the Heidelberg Spectralis system were excluded.
An additional 15 images were excluded because ot a different field of view than the required
55° acquisition setting. Eighteen images were excluded because of poor image quality or
artifacts, including shadowing, motion blur, poor focus, or other factors considered likely to
interfere with reliable radiomuiic feature extraction from the full image. In 4 images, the model
was not able to extract LTE features. Following this process, 96 FAF images from 96 patients

were included in the final analysis.

Commonly, CSCR is further classified as acute or chronic based on the duration of
neurosensory detachment, which persists for more than 3 to 6 months and is considered
indicative of chronic CSCR. > CSCR cases were broadly categorized into simple and complex
subtypes, with a 2-disc—area diameter of RPE atrophy defined as the threshold for
classification. ® A total of 96 FAF images were included in the following quality assessment,
comprising 47 simple (48.9%) and 49 complex (51.1%) CSCR cases. Among these, 47 cases
(48.9%) were categorized as acute CSCR, whereas 49 cases (51.1%) were chronic CSCR. All
classifications were performed through clinical examination and evaluation of available

multimodal imaging by expert retina surgeons. (Figure 6)



Exclusion criteria were applied to omit eyes with concomitant vitreoretinal
pathologies, including age-related macular degeneration (AMD), uveitis, retinal vascular
occlusion, and epiretinal membrane. Eyes with refractive error greater than £2.5 diopters
were also excluded. Eyes with other conditions that could compromise image quality, such as
vitreous opacities or vitreous detachment, were also excluded. Images exhibiting artifacts,
motion blur, or shadowing that could interfere with image acquisition or texture analysis were
also excluded. Using the same device minimizes pixel-level variability between images. All
included FAF images had uniform dimensions, an identical 55° field of view, and were

confirmed to be of consistently high quality.
Feature Extractions

Radiomics feature extraction was performed on the entire 55° FAF images using Pyfeats, a
Python-based radiomics library *’. A total of 52 quantitative texture features were extracted
from each image, encompassing four major categories: first-order statistics (FOS), gray-level

co-occurrence matrix (GLCM), Gabor texture (GT), and Law’s texture energy (LTE) ***!:

e FOS features (n = 16): quantified the intensity distribution of pixels, including
percentiles (10th, 25th, 75th, and 90th), coetiicient of variation, energy, entropy,
histogram width, kurtosis, mean, median, mode, skewness, and variance. These
features describe the global brighiness and intensity variability across the image.

e GLCM features (n = 14): computed from co-occurrence matrices at a fixed pixel
offset, including angular second moment, contrast, correlation, sum of squares
variance, inverse difference moment, sum average, sum variance, sum entropy,
entropy, difference variance, difference entropy, information measures of correlation,
and maximal correlation coefficient. These parameters capture the spatial
relationships and textural regularity between neighboring pixels.

e GT (Gabor) features (n = 16): obtained by normalizing pixel values to the range of
—0.5 to 0.5 and applying Gabor filters with four orientations (0°, 45°, 90°, and 135°)
and two spatial frequencies (0.1 and 0.4 cycles/pixel). The mean and standard
deviation of the filtered outputs were computed for each orientation—frequency pair,
representing multi-scale and multi-directional texture information.

e LTE features (n = 6): derived using Law’s texture energy approach with a 3 x 3
convolution mask, capturing localized energy and directional texture patterns within

the image.



Feature Selection for Machine Learning Analysis

We analysed a total of 55 initial variables, including 52 radiomics features and three
patient-level variables (Age, Gender, and Right/Left eye). Four patients had missing
measurements for all six LTE features. Given this missingness pattern, no imputation was
performed; instead, a complete-case analysis was conducted, and these four patients were
excluded from the study. To minimize redundancy, a pairwise collinearity analysis was
performed using Pearson correlation coefficients. Variables exhibiting high collinearity (r >
0.8) were filtered, retaining only one representative variable from each correlated pair.
Feature retention was based on overall interpretability, feature stability, and representation of
the radiomic category, with preference given to variables more commonly used or more
directly interpretable in prior radiomics literature. This filtering step was performed before
model training and independently of outcome labels to reduce redundancy while avoiding
information leakage. Following this selection process, 30 features were excluded, leaving 22

radiomics features for downstream modeling.

Construction of ML models and Performance Evaluation for Predicting Simple vs. Complex

CSCR

The cohort was divided into training (80%) and testing (20%) sets using stratified
random sampling. Three machine learning algorithms were trained: Logistic Regression

(LR), Random Forest (RF), and Extreme Gradient Boosting (XGBoost).

For the Logistic Regression model, features were selected using the Least Absolute
Shrinkage and Selection Operator (LASSO). This process identified nine key predictors: Age
(years), FOS Mean, FOS Variance, FOS_Skewness, FOS MaximalGrayLevel,
GLCM_Contrast Mean, GLCM_DifferenceEntropy Mean, GT th 0.0 freq 0.4 std, and
LTE SS 3. For the Random Forest and XGBoost models, embedded feature selection was
performed automatically during training. Hyperparameters for these models were optimized
via 5-fold cross-validation on the training data. Model performance was evaluated on the
independent testing cohort. The primary metric was the Area Under the Receiver Operating
Characteristic Curve (AUC). The mean AUC and 95% confidence intervals (CI) were
calculated using image-level 1,000 bootstrap iterations. Additionally, accuracy, sensitivity,

specificity, and precision were computed for each classifier.



Construction of ML Models and Performance Evaluation for Predicting Acute vs. Chronic

CSCR

The same feature-selection and model-development process was applied to predict
acute versus chronic CSCR using FAF images. For the logistic regression model, feature
selection was performed using the Least Absolute Shrinkage and Selection Operator
(LASSO), as described for the simple-versus-complex analysis. This process identified three
predictors: FOS Variance, FOS MaximalGrayLevel, and GLCM_Contrast Mean. Random
Forest and XGBoost models were then constructed using the same training and evaluation

protocol described above.

Software

All statistical analyses, including data splitting, feature selection, and model training,

were implemented using Python (version 3.12.7).
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Figure 1. Receiver operating characteristic (ROC) curves for classification of simple

versus complex CSCR using three machine learning models with five-fold cross-

validation. Logistic regression achieved the highest discriminative performance (AUC =

0.90), followed by random forest (AUC = 0.86) and XGBoost (AUC = 0.80). The dashed

diagonal line represents chance-level discrimination (AUC = 0.5).

Figure 2. Feature correlation heatmap of radiomic descriptors extracted from FAF images.
The matrix displays Pearson correlation coefficients (r) among 52 radiomic features. Strong
correlations (|r| > 0.8, shown in dark red) indicate redundancy among features, particularly
within the Gabor texture (GT) and Law’s texture energy (LTE) categories, with additional
correlations observed among selected gray-level co-occurrence matrix (GLCM) features.

These correlated features were removed prior to model training to reduce multicollinearity.



Figure 3. Odds ratios of selected features from the final logistic regression model for
complex CSCR. Odds ratios (ORs) from the final logistic regression model are shown for
each selected feature. Features shown in red have ORs greater than 1, indicating a positive
association with complex CSCR, whereas features shown in blue have ORs less than 1,
indicating a negative association. Features with ORs close to 1 should be interpreted as
having minimal estimated effect. The length of each bar represents the magnitude of the

estimated association.

Figure 4. Receiver operating characteristic (ROC) curves for classification of acute
versus chronic CSCR using three machine learning models with five-fold cross-
validation. XGBoost achieved the highest discriminative performance (AUC = 0.69),
followed by logistic regression (AUC = 0.61) and random forest (AUC = 0.57). The dashed

diagonal line represents chance-level discrimination (AUC = 0.5).
Figure 5. The top 15 most important features in the XGBoost classifier

Feature importance ranking derived from the XGBoost classifier, indicating the relative
contribution of each variable to model performance. Higher importance values represent
greater influence on the model’s classification of chionic CSCR. The most influential features
included GT th 0.0 freq 0.4 mean, GT th 1.0 freq 0.1 std, and

GT th 3.0 freq 0.1 mean.

Figure 6. Fundus autoflucrescerice images in acute (A) vs. chronic (B), and simple (C) vs.

complex (D) CSCR.
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ROC AUC (95% CI) Accuracy Sensitivity  Specificity Precision

Model

Logistic Regression (90 (0.71, 1.00) 0.80 0.80 0.80 0.80
Random Forest 0.86 (0.63, 1.00) 0.80 0.90 0.70 0.75
XGBoost 0.80 (0.59, 0.98) 0.70 0.80 0.60 0.67

Table 1-A: Simple vs. complex.

Classification performance of logistic regression, random forest, and XGBoost models for differentiating

CSCR phenotypes based on fundus autofluorescence (FAF) radiomics features.

Logistic Regression ~ 0-64(0.32,0.91) 0.59 0.30 1.00 1.00
Random Forest 0.57 (0.27, 0.86) 0.53 0.50 0.57 0.63
XGBoost 0.69 (0.39, 0.98) 0.71 0.70 0.71 0.78

Table 1-B: Acute vs. chronic.

Performance of radiomics-based machine learning models for classification of CSCR phenotypes using

fundus autofluorescence (FAF) images.



Feature Coefficient Odds Ratio Direction

GLCM DifferenceEntropy Mean 0.67001159 1.95425998 Higher risk
FOS_Skewness 0.54988139 1.73304744 Higher risk
LTE_SS 3 -0.1040824 0.90115108 Higher risk
GT_th_0.0_freq_0.4_std -0.0914238 0.91263083 Higher risk
Age (year) 0.0625168 1.06451234 Higher risk
FOS_MaximalGrayLevel 0.03579153 1.03643976 Higher risk
FOS_Mean -0.0016206 0.99838069 Lower risk
GLCM_Contrast Mean -0.0014048 0.99859623 Lower risk
FOS_Variance -0.0002682 0.99973187 Lower risk

Table 2. Summary of logistic regression coefficients, odds ratios, and effect directions.
Table showing the coefficients, corresponding odds ratios, and direction of effect (higher or lower risk of being

complex) for each selected feature in the final logistic regression model



