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Abstract
Oculomics leverages retinal vascular biomarkers to noninvasively
assess systemic disease burden, offering a scalable and cost effective
alternative to conventional diagnostics. However, the real world
clinical utility of oculomics is hindered by variability in retinal fea-
tures extracted from different imaging devices, which limits repro-
ducibility and comparability. In this study, we propose a regression
based framework to standardize vascular biomarker measurements
across devices by translating features into a common reference
space. Using paired retinal images from two fundus cameras, Top-
con Triton and TopconMaestro2, sourced from the AIREADI dataset
(N=764), we define the Triton as the standard camera space and
develop both univariate and multivariate regression models to map
features extracted from Maestro2 into this space. Vascular features
were extracted using the AutoMorph pipeline, and rigorous left
right eye validation was employed to ensure subject independence
during training and evaluation. A range of supervised learning algo-
rithms, including linear, kernel based, and ensemble models, were
evaluated. Our results demonstrate that the proposed translation
approach significantly reduces inter-device variability and enables
consistent and comparable quantification of retinal biomarkers.
This work highlights the importance of addressing device induced
variability and presents a scalable solution for harmonizing retinal
feature analysis in large scale oculomics studies.
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1 Introduction
Oculomics is an emerging field which utilizes retinal biomarkers to
non-invasively assess systemic disease burden, offering a portable
and cost-effective alternative to conventional diagnostic techniques.
The retina, as a direct extension of the central nervous and vas-
cular systems, provides a unique and non-invasive window into
microvascular health. Several studies have demonstrated the strong
diagnostic and prognostic relevance of retinal biomarkers such as
vessel tortuosity, fractal dimension, and the arteriovenous ratio as
predictors of systemic diseases. These vascular features capture
microvascular changes that have been consistently associated with
a range of chronic conditions, including chronic kidney disease [19],
type 2 diabetes [14], cardiovascular events [4], and neurological
disorders [7]. For example, lower fractal dimension has been linked
to an increased risk of stroke and mortality [8, 9], while elevated
vessel tortuosity has been associated with early manifestations of
atherosclerosis [15]. In addition, a reduced arteriovenous ratio has
been shown to predict the likelihood of stroke and coronary artery
disease. These associations are further supported by evidence of
shared genetic markers between retinal vascular complexity and
coronary artery disease [17]. Collectively, this evidence highlights
the value of retinal imaging as a promising non-invasive tool for
systemic disease assessment.

While oculomics presents significant potential, initial methods
for retinal feature extraction heavily relied on manual analysis,
making overall process slow, labor-intensive, and prone to subjec-
tive bias, thus limiting its real-world clinical application. Although
recent advances in vessel segmentation and feature extraction, in-
cluding deep learning methods [6, 13, 16], have improved accuracy
in controlled settings, their integration into large-scale clinical re-
search and practice has faced persistent limitations. A primary
challenge is the narrow scope of many existing tools, which of-
ten perform only isolated tasks and exhibit poor generalizability
when applied to diverse clinical datasets containing variations in
imaging devices and pathologies [2, 5, 10, 11, 20]. Furthermore,
widespread platforms like RA, IVAN [1], and VAMPIRE [12] re-
main semi-automated, requiring substantial manual review that
introduces subjective bias and limits scalability [1, 3, 12, 18]. Con-
sequently, despite the established strong associations between reti-
nal vascular features and systemic conditions, its full potential
remains under-utilized in large-scale clinical settings. To address
these methodological limitations, a fully automated deep learning
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based framework AutoMorph [21] was proposed in 2022, integrat-
ing image preprocessing, quality control, anatomical segmentation,
and comprehensive extraction of morphological features into a
unified pipeline. This end-to-end system facilitates precise and scal-
able analysis of retinal vascular structures, thereby improving the
translational potential of oculomics in both research and clinical
settings.

While AutoMorph significantly advances automated retinal vas-
cular feature extraction via a standardized pipeline [21], its perfor-
mance is sensitive to variability across imaging devices, modalities,
and acquisition conditions. This inherent variability introduces in-
consistencies in extracted features when applied to data from cam-
eras different from its training set, challenging the validation and
reliable application in diverse real-world clinical settings. Therefore,
addressing this camera-induced variability is crucial for reliable
interpretation of retinal biomarkers across diverse clinical settings.
This study proposes a framework for aligning features extracted
from different imaging systems by establishing one camera system
as a "standard space" and framing the problem as a space translation
task. Using regression-based mapping, we translate AutoMorph
extracted features from other camera systems into this standard-
ized camera space. Analogous to converting measurements from
disparate units into a single standard unit, this approach utilizes
camera-specific mapping models for each retinal feature to trans-
late its value into the standard space, thereby enabling consistent
and comparable retinal biomarker analysis across diverse imag-
ing platforms, irrespective of the source camera. We conducted
our analyses using data from two retinal imaging devices, Topcon
Triton and Topcon Maestro2, involving 764 individuals sourced
from the AIREADI dataset. Standard supervised learning models
were trained using vascular parameters extracted from the left eye,
while corresponding features from the right eye were reserved for
evaluation, thereby ensuring independence between training and
testing sets. Since we are focusing on vascular features such as
vessel caliber, fractal dimension, and tortuosity which are influ-
enced by systemic factors like blood pressure and auto-regulatory
mechanisms, the left–right eye split serves as an effective strategy
to prevent data leakage. It enables testing on a cohort with a sim-
ilar physiological distribution while ensuring that the evaluation
remains independent of the training data, thus preserving the in-
tegrity of the model validation process. The major contributions of
this paper could be summarized as follows:

• We propose a regression-based framework to standardize
retinal vascular features, addressing device-specific variabil-
ity in automated oculomics by projecting measurements into
a unified space.

• Using real-world retinal images from two different imaging
systems and a rigorous left-right eye validation protocol, we
demonstrate the effectiveness of our approach in achieving
consistent and comparable biomarker quantification across
devices.

2 Methodology
2.1 Problem Definition
Given a paired retinal dataset D = {X𝑆 ,X𝑇 }, where X𝑆 ∈ R𝑁×𝑑

denotes vascular features extracted from the source camera and

X𝑇 ∈ R𝑁×𝑑 represents the corresponding features obtained from
a standard target camera, the objective is to learn a supervised
regression-based mapping from the source feature space to the
target space. Each row inX𝑆 andX𝑇 corresponds to a𝑑-dimensional
vector of retinal vascular measurements such as central retinal
arteriolar equivalent (CRAE), central retinal venular equivalent
(CRVE), arteriovenous ratio (AVR), vessel tortuosity, and fractal
dimensions.

x̂(𝑖 )
𝑇

= 𝑓𝜃 (x
(𝑖 )
𝑆

) (1)

To perform this translation, we learn a parametric function 𝑓𝜃 ,
with learnable parameters 𝜃 , that maps each input feature vector
from the source domain to the target domain. The predicted target
feature vector for the 𝑖-th subject is given by Eq. 1. The model is
trained to minimize the discrepancy between the predicted and
true target feature vectors. We adopt the root mean squared er-
ror (RMSE) loss as the objective function, which penalizes larger
errors more heavily and encourages consistency in the learned
mapping across the dataset. This loss function is defined in Eq. 2.
Minimizing this objective enables the model to perform accurate
space translation, effectively mitigating device-induced variability
in retinal measurements. Such standardization is essential for en-
suring reliable downstream analysis across datasets collected using
heterogeneous imaging systems.
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2.2 Supervised Space Translation
To accomplish the translation of retinal vascular features from the
source space to the standard target space, a range of regression-
based supervised learning algorithms were employed. These in-
cluded both linear and nonlinear models such as simple linear
regression, ridge regression, polynomial regression, support vector
regression (SVR), decision trees (DT), random forest (RF), XGBoost,
and gradient boosting regression. The goal was to evaluate the
effectiveness of each method in learning the mapping between
feature spaces derived from different retinal imaging devices. All
models were evaluated under two distinct settings: univariate and
multivariate. In the univariate setting, each target feature was pre-
dicted independently using only its corresponding feature from
the source stream. In contrast, the multivariate setting leveraged
the entire set of source features to predict each target feature, in
order to examine the effect of auxiliary biomarkers on predictive
performance.

2.2.1 Univariate Regression. In the univariate framework, each reti-
nal feature dimension was modeled separately. For a given target
feature 𝑥𝑇,𝑗 , only the corresponding source feature 𝑥𝑆,𝑗 was used
as input to the regression model. This approach prioritized inter-
pretability and isolated the device-induced variability at individual
feature level, enabling a direct analysis of how each feature behaves
across different devices. Despite its simplicity, this method serves
as a robust and interpretable baseline for assessing the performance
of feature-wise translation.
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2.2.2 Multivariate Regression. In the multivariate framework, the
complete vector of source features x𝑆 ∈ R𝑑 was utilized to pre-
dict each individual target feature 𝑥𝑇,𝑗 . This approach enables the
model to capture potential interdependencies and shared variance
across retinal biomarkers, which may contribute valuable contex-
tual information for more accurate translation. It leverages the
possibility that certain features may act as auxiliary predictors
for others, enhancing the model’s ability to handle redundancy
and noise in real-world data. By incorporating the entire source
feature set, this setting evaluates whether leveraging the joint rep-
resentation space improves regression performance relative to the
univariate baseline. For instance, features such as CRAE, CRVE,
and AVR—each indicative of vessel calibre are physiologically re-
lated and may influence one another, thus a multivariate approach
seems more suitable to capture such cross-feature dependencies
and physiological coherence.

Figure 1: Retinal fundus images of the same patient captured
using four different cameras from the AIREADI dataset: (a)
iCare Eidon, (b) Optomed Aurora, (c) Topcon Triton, and (d)
Topcon Maestro2

2.3 Hyperparameter Optimization
To ensure fair and representative performance comparisons across
the diverse set of regression models, we conducted systematic hy-
perparameter optimization for each algorithm under both univari-
ate and multivariate settings. Given the heterogeneity in model
structures and their sensitivity to factors such as initialization,
regularization, and kernel configuration, a rigorous tuning proto-
col was essential. We adopted a combination of grid search and
five-fold cross-validation on the training set to identify optimal
hyperparameters for each model. For linear models such as ridge
and polynomial regression, tuning focused on the regularization co-
efficient and polynomial degree, respectively. In the case of support
vector regression (SVR), key hyperparameters including the penalty
parameter 𝐶 , kernel type, and kernel-specific parameters (e.g., RBF
bandwidth) were systematically explored to balance model com-
plexity and generalization.

For tree-based methods like decision trees, random forests, XG-
Boost, and gradient boosting regression—we varied parameters
such as maximum tree depth, number of estimators, and minimum
samples per leaf. This optimization process was performed in con-
junction with training, with the final configuration for each model
selected based on its average cross-validation performance. The
chosen hyperparameters were then fixed and applied to the held-
out test set for evaluation. This structured and consistent tuning
strategy ensured that all models were assessed under conditions
best suited to their respective capacities, mitigating biases due to
suboptimal settings and enabling a reliable comparison of regres-
sion performance across modeling choices.

3 Experimentation
3.1 Dataset
This study uses data from theAIREADI (Artificial Intelligence Ready
and Equitably Accessible Disease Insights) initiative, a large-scale,
multi-center research program aimed at improving our understand-
ing of ocular and systemic health. The full cohort includes around
4,000 participants enrolled across three academic clinical centers,
with extensive clinical, physiological, and imaging data collected
for each individual. For this analysis, we used the currently released
subset comprising 1,067 participants. Retinal color fundus images
were captured using four non-mydriatic imaging devices: Topcon
Maestro2, Topcon Triton, Optomed Aurora, and iCare Eidon. These
devices differ in imaging protocols, field of view, and sensor char-
acteristics, leading to systematic variations in the extracted retinal
features, as illustrated in Fig. 1. A subset of participants had images
captured usingmore than one device, enabling the creation of paired
samples across imaging sources. This paired design made it possible
to directly learn supervised regression models that translate fea-
ture representations between devices, helping to address variability
caused by differences in hardware and acquisition settings.

Figure 2: Illustration of outputs across different stages of the
AutoMorph pipeline: (a) original CFP, (b) images filtred dur-
ing quality control, (c) binary vessel segmentation showing
the retinal vasculature, and (d) arteriolar–venular segmenta-
tion separating arteries and veins.

3.2 Data Preparation
Retinal feature extraction for all participants and imaging devices
was performed using the AutoMorph pipeline, an open-source
framework for automated analysis of color fundus photographs.
AutoMorph comprises a series of modules for image quality grading,
anatomical segmentation, and quantitative vascular feature extrac-
tion (Fig. 2. In this study, the official implementation1 was executed
on an NVIDIA H100 GPU to enable efficient, large-scale processing.
Although images from all four devices (Topcon Maestro2, Topcon
Triton, Optomed Aurora, and iCare Eidon) were processed through
the pipeline, a considerable number of images from Optomed Au-
rora and iCare Eidon did not pass the image quality control stage
due to poor visual quality. In the case of iCare Eidon, its wide
field of view often included peripheral retinal regions with reduced
clarity, which led to frequent exclusion by the image quality con-
trol module. Overcoming this limitation would require fine-tuning
AutoMorph on a large, annotated dataset specifically containing
wide-field fundus photographs, which was beyond the scope of
this study. Similarly, images acquired using Optomed Aurora, a
handheld mobile device, were frequently affected by motion blur
and image noise resulting from unstable capture conditions, further

1https://github.com/rmaphoh/AutoMorph

https://github.com/rmaphoh/AutoMorph
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limiting the number of high-quality samples available for analysis.
To ensure consistency and reliability in vascular feature extraction
as well as in the downstream space translation task, the final anal-
ysis was restricted to high-quality paired images obtained from
the Topcon Maestro2 and Topcon Triton cameras, both of which
consistently produced standardized outputs that aligned well with
AutoMorph’s pretrained configuration.

3.3 Training and Evaluation
Among the available imaging modalities, we used 3D Macula CFPs
from the Topcon Maestro2 and Macula 6×6 CFPs from the Topcon
Triton, as these were the most consistently acquired across partici-
pants and provided reliable views of the retinal vasculature. Retinal
feature extractionwas performed usingAutoMorph, an open-source
pipeline for automated analysis of fundus images. From the full
set of outputs, a subset of vascular features was selected to retain
clinical relevance while minimizing redundancy. Features such as
CRAE, CRVE, and AVR (all based on the Knudtson formula) were
included as they represent vessel calibre, offering insights into the
relative widths of arterioles and venules—key indicators of systemic
vascular health. Fractal dimension and vessel density were selected
to capture the geometric complexity and spatial distribution of the
vascular network, both of which are known to reflect microvascular
integrity. Distance tortuosity and tortuosity density were included
to quantify vessel curvature and its distribution, traits often asso-
ciated with hypertension, diabetes, and neurological conditions.
To further capture vessel-specific patterns, we included artery and
vein-level measurements of fractal dimension and distance tortu-
osity, enabling more granular assessment of structural variation
across vessel types. All features were extracted from Zone C, corre-
sponding to the macular region, which is commonly used for retinal
vascular analysis due to its dense vascularity, clinical importance,
and reduced sensitivity to peripheral imaging artifacts.

To ensure robustness in downstream analyses, outlier detection
was performed on each feature individually using the interquartile
range (IQR) method. Participants with extreme values in three or
more features, as well as those with missing values, were excluded.
Following this filtering procedure, the final dataset comprised 764
participants with complete data for the left eye and 769 partici-
pants for the right eye. To perform supervised space translation,
we treated the Maestro2 feature space as the source domain and
the Triton feature space as the target domain, aiming to learn a
regression-based mapping that converts Maestro2-derived features
into their corresponding Triton representations. A range of models
were evaluated in both univariate and multivariate settings, as de-
scribed in Section 2. Model training was conducted using left-eye
data, with an 80-20 split for training and validation. Final evalu-
ation was carried out on a held-out test set comprising right-eye
data from the same participants. This left–right eye protocol was
chosen to assess the generalizability of the learned mappings un-
der anatomical symmetry. Since both eyes of an individual tend
to exhibit similar vascular characteristics, this approach enables
subject-independent evaluation while preserving distributional sim-
ilarity. Model performance was assessed using the coefficient of
determination (R2) and root mean squared error (RMSE), which

together provide complementary insights into both the consistency
and accuracy of the predicted mappings across imaging sources.
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Figure 3: Cross-Dataset Correlation Matrix between Maestro
and Triton Features

4 Results and Discussion
4.1 Univariate Analysis
We began our analysis by evaluating feature-wise translation us-
ing univariate regression, where each target feature was predicted
solely from its corresponding source-domain variable. This ap-
proach is grounded in the assumption that several vascular features
exhibit device-independent physiological relationships. The cross-
domain correlation matrix (Fig. 3) provided preliminary support
for this, showing strong positive correlations for features such as
CRAE, CRVE, AVR, and vessel density, each exceeding a Pearson
correlation of 0.75. These features are known to be stable markers
of vascular calibre and structure, which may be less sensitive to
imaging protocol differences.

Table 1: R2 scores from univariate regression models for
cross-device retinal feature translation

Feature Linear Polynomial Ridge SVR Decision Tree Random Forest Gradient Boosting XGBoost

AVR (Knudtson) 0.45 0.60 0.51 0.64 0.62 0.64 0.66 0.66
Artery Distance Tortuosity 0.21 0.22 0.21 0.21 0.11 0.09 0.21 0.23
Artery Fractal Dimension 0.17 0.15 -0.75 -0.79 -0.03 0.13 -0.11 -0.11
Average Width 0.70 0.70 0.70 0.62 0.65 0.64 0.68 0.66
CRAE (Knudtson) 0.49 0.59 0.49 0.72 0.71 0.72 0.74 0.74
CRVE (Knudtson) 0.73 0.73 0.73 0.59 0.68 0.67 0.71 0.72
Distance Tortuosity 0.36 0.36 0.36 0.41 0.29 0.21 0.35 0.37
Fractal Dimension -0.24 -0.82 -2.43 -3.70 -0.97 -0.89 -1.57 -1.48
Tortuosity Density 0.31 0.31 0.24 0.24 0.29 0.28 0.31 0.30
Vein Distance Tortuosity 0.05 0.05 0.05 0.03 -0.09 -0.13 -0.02 0.04
Vein Fractal Dimension -0.23 -0.26 -1.26 -1.10 -0.53 -0.49 -0.60 -0.63
Vessel Density 0.64 0.64 -0.08 -0.20 0.57 0.57 0.63 0.62

The regression outcomes in Table 1 validate this assumptions
across several retinal features. High 𝑅2 values were achieved for
CRVE (0.74), CRAE (0.74), and average width (0.70), across both
linear and ensemble-based models, confirming their strong transfer-
ability between Maestro2 and Triton domains. Ensemble methods,
especially XGBoost and Gradient Boosting, often outperformed
their linear counterparts, capturing mild non-linearities while main-
taining generalization. However, several localized features, particu-
larly artery and vein fractal dimensions and tortuosity-based met-
rics, exhibited low or negative 𝑅2 scores, indicating poor predictive
performance. These results suggest that such complex features are
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Figure 4: Comparison of translated feature distributions from Maestro2 with ground truth Triton distributions

highly sensitive to segmentation inconsistencies and device-specific
imaging characteristics, limiting their learnability in a univariate
framework. The overall pattern indicates that simple one-to-one
mappings are sufficient only for structurally stable, globally de-
scriptive features.

4.2 Multivariate Analysis
To address the limitations of univariate models, we extended the
analysis to multivariate regression, where each target feature was
predicted using the full set of source-domain variables. This ap-
proach is particularly suited for capturing inter-feature dependen-
cies and compensating for potential noise in any single predictor.
The cross-domain correlation matrix revealed several off-diagonal
correlations, suggesting that multiple auxiliary features may con-
tribute to more accurate translation beyond direct one-to-one map-
pings. As shown in Table 2, multivariate models achieved improved
or comparable performance across nearly all features. Notably,
CRAE and CRVE reached 𝑅2 values of 0.81 and 0.87 respectively
using Ridge regression, surpassing their univariate baselines. Sur-
prisingly, even basic linear models performed competitively when
sufficient predictive redundancy was present in the source fea-
ture space. Ensemble models, particularly XGBoost, consistently
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Figure 5: Normalized feature importance for XGBoostmodels
across targets

performed well, achieving top scores for AVR (0.66), CRAE (0.79),
and average width (0.66), benefiting from their ability to capture
complex interactions. The XGBoost feature importance radar plot
(Fig. 5) reinforces this view, confirming that while the correspond-
ing source feature often plays a major role in prediction, auxiliary
inputs contribute meaningfully for moderately stable targets.

Poorly performing features in the univariate setting showed
moderate gains with multivariate inputs. For example, artery dis-
tance tortuosity showed modest improvement, reaching an 𝑅2 of
0.23, but artery and vein fractal dimensions remained difficult to
predict even with multivariate inputs. This persistent underperfor-
mance highlights a combination of factors. On the data side, these
features are highly sensitive to image quality, segmentation fidelity,
and vessel-type labeling, all of which are prone to variability across
imaging devices. Such noise reduces the signal consistency needed
for effective learning. While multivariate inputs help leverage corre-
lated features, they cannot fully overcome cases where the primary
signal is unstable or poorly defined. Ultimately, no model structure
was sufficient to resolve the challenges posed by high-variance,
morphology-dependent features.

Table 2: R2 scores from multivariate regression models for
cross-device retinal feature translation

Feature Linear Polynomial Ridge SVR Decision Tree Random Forest Gradient Boosting XGBoost

AVR (Knudtson) 0.72 -5.27 0.72 0.65 0.58 0.69 0.67 0.71
Artery Distance Tortuosity 0.42 -10.14 0.42 -0.06 0.32 0.40 0.43 0.44
Artery Fractal Dimension 0.58 -3.44 0.48 0.13 0.50 0.58 0.57 0.57
Average Width 0.59 -2.03 0.60 0.15 0.51 0.57 0.55 0.58
CRAE (Knudtson) 0.81 -0.81 0.81 0.36 0.71 0.76 0.78 0.79
CRVE (Knudtson) 0.86 -2.72 0.87 0.42 0.81 0.83 0.80 0.82
Distance Tortuosity 0.37 -7.38 0.39 0.06 0.19 0.32 0.38 0.35
Fractal Dimension 0.51 -4.86 0.45 0.00 0.41 0.48 0.49 0.51
Tortuosity Density 0.48 -7.79 0.38 0.00 0.42 0.42 0.42 0.42
Vein Distance Tortuosity 0.24 -7.70 0.25 -0.06 0.23 0.26 0.27 0.25
Vein Fractal Dimension 0.52 -6.60 0.46 0.11 0.44 0.49 0.49 0.51
Vessel Density 0.80 -5.12 0.59 0.00 0.68 0.77 0.78 0.79

This trend is further reflected in the regression plots (Fig. 6),
where global vascular features such as CRVE, CRAE, and AVR show
strong alignment with the identity line, indicating consistent rela-
tionships and successful cross-device translation. In contrast, fea-
tures like vein fractal dimension display scattered predictions with
no clear structure, reflecting a combination of model uncertainty
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Figure 6: Regression plots illustrating the model fit for each of the 12 retinal features using the best-performing multivariate
regression model for the respective feature

andweak underlying patterns. The same distinction is evident in the
feature distribution plots (Fig. 4), where well-performing features
yield overlapping predicted and true distributions, while poorly
performing ones exhibit skew, dispersion, or systematic shifts. In
particular, distributions with long tails or asymmetric profiles of-
ten indicate high inter-subject variability or segmentation artifacts
that vary significantly across devices. Such irregular distributions
reduce the effective signal-to-noise ratio and lead to unstable re-
gression fits, as the model struggles to learn consistent mappings.
These discrepancies suggest that the observed performance gaps
arise from both high intrinsic data variance and limited model fit,
especially in the presence of segmentation noise or inconsistent
feature extraction.

Taken together, these results demonstrate that global vascu-
lar features such as CRAE, CRVE, AVR, vessel density, and aver-
age width are reliably transferable across imaging devices. These
metrics exhibit high cross-domain correlation, robust regression
performance, and consistent distributional alignment, reflecting
both physiological stability and technical reproducibility. For such
features, the learned regression models can be distilled into trans-
formation equations or coefficient sets that may be embedded into
preprocessing pipelines. This enables real-time harmonization of
retinal features across heterogeneous imaging systems, reducing
device-induced variability and supporting standardized analysis in
multi-center clinical studies and large-scale screening programs. In
contrast, features derived from localized vessel morphology par-
ticularly tortuosity and fractal dimension remain challenging to
translate due to their sensitivity to noise, segmentation variability,
and inconsistent vessel labeling. Even with multivariate model-
ing, these features show limited generalizability. Their successful
standardization may require upstream steps such as denoising, re-
fined anatomical segmentation, or vessel-type correction to stabilize
feature values before translation. Nonetheless, the proposed super-
vised space translation framework offers a flexible, lightweight, and
interpretable solution for harmonizing retinal biomarkers, produc-
ing reusable mappings that support scalable and device-agnostic
analysis across clinical workflows.

5 Future Directions
While this study establishes a regression-based framework for trans-
lating retinal vascular features across devices, future work could ex-
plore advanced learning strategies such as autoencoders, manifold
alignment, or contrastive learning to derive robust, device-invariant
embeddings. These may improve generalizability, particularly for
morphology-sensitive features. Expanding the feature set to in-
clude optic disc, macular, or texture-based metrics could further
enhance prediction and provide a more complete assessment of reti-
nal health. Evaluating model performance across diverse cohorts
stratified by age, ethnicity, and disease status is also important for
ensuring fairness and clinical utility. Additionally, incorporating
longitudinal data may support temporal modeling of disease pro-
gression and response to treatment. Together, these directions can
significantly strengthen the scalability and clinical relevance of
retinal biomarker translation for population level oculomics.

6 Conclusion
This study proposed a supervised regression-based framework for
translating retinal vascular features across imaging devices using
paired Maestro2 and Triton data. Global vascular metrics such as
CRAE, CRVE, AVR, and vessel density were found to be highly
transferable, showing strong cross-domain correlations and predic-
tive performance. Multivariate models, especially ensemble meth-
ods like XGBoost, outperformed univariate baselines by leverag-
ing auxiliary feature dependencies and mitigating device-induced
variability. Feature importance analysis confirmed that the corre-
sponding source feature remained the strongest predictor, while
related biomarkers contributed to improved accuracy for moder-
ately stable targets. In contrast, morphology-specific features such
as tortuosity and fractal dimensions remained difficult to trans-
late due to high noise and segmentation inconsistency. For stable
features, the learned mappings can be embedded as standardized
transformations within preprocessing pipelines, enabling scalable,
device-agnostic retinal biomarker translation for oculomics appli-
cations across diverse clinical and research settings.
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A CodeReproducibility
To facilitate the reproduction of our results, we have made our code
and trained models publicly available. The repository includes a
Jupyter Notebook that offers a comprehensive, step-by-step guide
from data acquisition to the final results. You can access the reposi-
tory here: https://github.com/SparshRastogi/KDD-UMC-25

B Data Reproducibility
The data used in this study is sourced from the open-source, publicly
available AIREADI dataset. Access to this dataset can be requested
via the following link: https://aireadi.org/

https://github.com/SparshRastogi/KDD-UMC-25
https://aireadi.org/
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