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ARTICLE INFO ABSTRACT

Keywords: Background: Early detection of hematological malignancies improves long-term survival but remains a critical
Hematological cancers challenge due to heterogeneity in clinical presentation. Chronic inflammation is a key driver in hematologic
Leukemia

cancers and is known to induce compensatory microvascular changes. High-resolution, non-invasive retinal

I]t’;};sg’}z;a imaging can allow the quantification of microvascular changes for the early detection of hematological
Retinal biomarkers mal1gnanc1e.s. . C . . .

Oculomics Methods: This study evaluated RetHemo, an explainable Al tool predicting hematological malignancy onset up to
Proteomics 10 years before diagnosis using retinal imaging in 1237 UK Biobank patients. Retinal vasculature features

(curvature, tortuosity, branching angles) were extracted from segmented vessels, arteries, and veins, enabling
high-risk subgroup identification and outperforming traditional clinical predictors.

Results: RetHemo demonstrated significant predictive performance for leukemia (c-index = 0.611, HR = 2.45,
95 % CI: 1.27-4.75, p = 0.027), myeloma (c-index = 0.636, HR = 6.69, 95 % CI: 2.06-21.65, p = 0.006).
Unsupervised hierarchical clustering based on retinal vasculature features identified distinct high-risk subgroups
for leukemia (p = 0.013), myeloma (p < 0.001), and lymphoma (p = 0.034). Serum proteomics analysis revealed
significantly elevated levels of inflammatory proteins, including ITGAL and SLAMF7, in high-risk patients.
Comparison with clinical variables showed that RetHemo outperformed traditional clinical and hematologic
parameters in stratifying at-risk individuals.

Conclusion: These findings support the potential of Al-driven retinal biomarkers as a novel prognostic tool for
early detection of hematological malignancies, enabling timely intervention and improved patient outcomes.

lymphoma, remain challenging to detect early due to their variable
Statement of Significance clinical presentations and often subtle early symptoms. These cancers,
among the most lethal, account for roughly 10 % of all malignancies,
imaging predict the 10-year risk of leukemia, myeloma, and with mortality rates exceeding. those of more COMmMON cancers like
lymphoma, providing a novel approach for early detection and prostate and breast cancer. Despite advances in treatment, survival rates
risk stratification of hematological malignancies. remain suboptimal, particularly in myeloma and leukemia. Diagnostic
delays, often due to a combination of patient, systemic, and social fac-
tors, can worsen prognosis, with emergency diagnoses showing notably
lower 3-year survival rates (40 %) compared to primary care diagnoses
1. Introduction (77 %). [1,2] Thus, early identification and monitoring of high-risk in-
dividuals are crucial to enable timely intervention, prevent organ

Al-driven retinal biomarkers derived from non-invasive fundus

Hematological malignancies, including leukemia, myeloma, and
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damage, and ultimately improve survival outcomes.
Chronic inflammation is a key driver in hematological cancer and is
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have been reported in newly diagnosed acute leukemia, [6,7] remission
of acute leukemia without overt retinopathy, [8] and newly diagnosed

multiple myeloma patients using OCTA. [9] The presence of ocular
manifestations at the time of diagnosis suggests that precursor stages of
hematological cancer might manifest as microvascular remodeling in
the retina.

Recent advances in Al and deep learning have enabled the detection

known to induce compensatory microvascular changes. [3,4] Increasing
evidence suggests the presence of early ocular manifestations in hema-
tological malignancies. Recent U.S. claims data (2011-2020) revealed
that about 40 % of newly diagnosed multiple myeloma patients present
with pre-existing ocular alterations. [5] Retinal vessel density changes
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Fig. 1. (a) Conceptual diagram of the pathophysiology of retinal changes in hematological cancer. (b) Case(red) - control (blue) distribution for leukemia, myeloma,
and lymphoma cohort (left to right) (c) KM curve for RetHemoy ey (d) KM curve for RetHemoyyel (€) KM curve for RetHemoyym, on (f) C-index and Hazard ratios for
different models (g) Unsupervised clustering reveals oculomics based clustering of patients at risk of developing leukemia, myeloma, and lymphoma. (h) KM curves
and multivariate long rank tests for groups based on unsupervised clustering (i) Differential expression in proteomics based on RetHemo groups (where size: p-value,
red: significant).
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and diagnosis of different systemic diseases from ocular imaging.
[10-12] Color fundus imaging provides a non-invasive and accessible
approach for visualizing and quantifying retinal microvascular
morphology. In this context, we introduce RetHemo, an interpretable
Al-driven retinal vasculature risk score designed to assess the likelihood
of the onset of hematological malignancies for up to 10 years. To eval-
uate the association of RetHemo with these malignancies, we use mul-
tiple approaches, including supervised and unsupervised classification,
followed by correlation analysis with proteomics to assess the biological
basis of RetHemo predictions.

2. Methods
2.1. Study population

1370 hematological cancer patients were identified based on ICD 10
codes (Leukemia: lymphoid leukemia C91, myeloid leukemia C92;
Myeloma: multiple myeloma C90; Lymphoma: diffuse non-Hodgkin
C83, other non-Hodgkin lymphoma C85) from the UK Biobank cohort.
To understand the risk of developing hematological cancer, only pa-
tients with pre-diagnosis fundus scans were selected. Since cardiovas-
cular diseases are known to cause changes in retinal vasculature,
patients with any major cardiovascular event before the retinal scan
were excluded from the analysis. Controls were selected via 1:3 patient
matching using patient age, sex, hypertension, and diabetes status.
Psmpy version 0.3.13 (python) module was used for patient matching.
The patient selection process is summarized in supplementary Figure S1.

Scans were randomly divided into 50-50 splits to create a train
(D1reuk, Dlwmyel, Dlrymp) and a holdout set (D2reuk, D2myel, D21ymp)-
After patient matching, a total of 1237 patients were included in the
analysis. (see Fig. 1) The leukemia cohort included 440 patients (Dreuk),
with 208 (53 %) males, the myeloma cohort (Dyye) had 314 patients
with 179 (57 %) males, and the lymphoma cohort (Drymp) had 440 pa-
tients with 279 (58 %) males. The average time to diagnosis was 4.89
years, with a maximum of 10.1 years. Table 1 describes the baseline
patient demographics for case and matched control patients in each
cohort.

For the leukemia cohort, patients were identified using the following
ICD10 codes: lymphoid leukemia (C91, C910, C911, C912, C913, C914,
C915, C916, C917, C918, C919) and myeloid leukemia (C92, C920,
€921, C922, C923, €924, C925, C926, C927, C928, C929). Myeloma
patients were selected using the ICD10 codes C900, C901, C902, and
C903. For the lymphoma cohort, patients were identified using ICD10
codes for diffuse non-Hodgkin lymphoma (C83, C830, C831, C832,
C833, €834, C835, €836, C837, €838, €839) and other non-Hodgkin
lymphoma (C85, C850, C851, C852, C857, C859).

Table 1
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2.2. Feature extraction

The scans were randomly divided into two equal splits, with 50 % as
the training set (D1euk, D1myel, D1rymp) and the remaining 50 % as the
holdout set (D2reuk, D2myel, D21ymp) for model training and final vali-
dation, respectively. Retinal scans were automatically segmented for
vessels, arteries, and veins using a pre-trained convolutional neural
network [25]. A Resnet50 convolutional neural network was trained to
detect the fovea location and create concentric zones around the foveal
center, allowing us to capture parafoveal microvasculature near the
fovea avascular zone. We further segment the optic disk and optic cup
using an ensemble of pre-trained convolutional neural networks to
create zones around the optic disk to capture larger vessels near the optic
disk. Two concentric zones were created around the optic disk, using
optic disk diameter to capture larger vessels near the optic disk. Retinal
vasculature features like curvature, tortuosity, and branching angle
features were extracted separately for all types of vasculatures (vessel,
artery, and vein) and with masked zone vasculature around the fovea
and optic disk. Features were aggregated using summary statistics. The
top three oculomics features were selected using only the train set. A Cox
proportional regression model was trained on training sets (D1peyk,
Dlmyel, Dlpymp) to generate corresponding models (RetHemoyeyk,
RetHemoyyel, RetHemorymp) on the holdout sets (D2reqk, D2wmyel,
D21ymp). C-index and hazard ratio were used to compare the predictive
performance of each model.

2.3. Modeling

A Cox proportional regression model was trained using top three
selected oculomics features on each respective training set (D1peuk,
Dlmyel, Dlrymp) to generate risk scores (RetHemopeyx, RetHemoyyel,
RetHemopyn) that were subsequently validated on the corresponding
holdout sets (D2reuk, D2Mmyel, D21ymp). C-index and hazard ratio were
used to compare the predictive performance of each model. We also
performed an unsupervised hierarchical clustering analysis on vascula-
ture features to identify distinct retinal phenotype clusters associated
with unique risk profiles. Multivariate and univariate log-rank tests were
performed to compare the risk status of clusters. Finally, we compared
RetHemo predictions with antibody-based serum protein expression
levels measured using the OLINK Proximity Extension Assay.

2.4. Model comparison

Clinical model RetHemogjinica1 (built using patient age, sex, hyper-
tension, and diabetes status) and blood cell counts) and Blood cell based
model RetHemogjooq (built using RBC, lymphocyte, monocyte, neutro-
phil, eosinophil, and basophil) at the time of imaging were trained and
validated on respective training and validation sets.

Baseline characteristics of patients included in three cohorts, with mean age of 65 years. Data are n (%) or median (range).

Leukemia (Dyeyk)

Myeloma (Dyyer)

Lymphoma (Dyymp)

Overall

Count: N 440 314

65(44/78)

179 (57 %)135 (43 %)
100 (32 %)

Age(yrs): mean(min/max)
Sex Male Female: N
Hypertension: N (%)

65(45/78)
208 (53 %)232 (47 %)
185 (42 %)

483

65(44/77)

279 (58 %)204 (42 %)
181 (37 %)

Diabetes: N (%) 44 (10 %) 7 (2 %) 12 (3 %)

Ethnicity (Black) N (%) 5 (1 %) 1 (<1 %) 4 (~1 %)

Subgroups Cases Controls Cases Controls Cases Controls

Count (N) 113 327 83 231 128 355

Age(yrs): mean(min/max) 66(45/78) 67(45/78) 66(45/78) 66(45/78) 66(44/75) 65(44/75)

Sex Male: N (%) Female: N (%) 56 (51 %)57 (49 %) 176 (54 %)151 (46 %) 46 (56 %)37 (44 %) 133 (57 %)98 (43 %) 70 (54 %)58 (45%) 209 (59 %)146 (41 %)
Hypertension: N (%) 71 (37 %) 143 (44 %) 24 (29 %) 76 (32 %) 42 (33 %) 139 (39 %)

Diabetes: N (%) 10 (9 %) 34 (10 %) 4 (4 %) 4 (2 %) 3(2%) 10 (3 %)
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2.5. Unsupervised clustering

For unsupervised hierarchical clustering, we used the clustergram
package from MATLAB R2024b (RRID:SCR_001622), to find distinct
retinal biomarker patterns associated with varying risk profiles in the
entire cohort (i.e., Dreuk, DMyel, Drymp)- First, the differential risk of
developing different malignancies in all patient clusters was compared
using the multivariate log-rank test. Subsequently, a univariate log-rank
test was performed by merging subclusters with a prevalence higher
than the mean prevalence as high-risk cohorts and others as low-risk
cohorts. We report the hazard ratio along with its confidence interval
and p-value of significance for both comparisons.

Proteomic analysis: The UK Biobank study encompasses 58,718
blood plasma samples with population-normalized measurements for
over 2923 proteins, obtained using the antibody-based Olink Explore
3072 Proximity Extension Assay (PEA) platform. We identified eligible
participants from our cohorts, i.e., 40 in D¢k (RetHemo-+/- N = 20/19),
36 in Dyyel (RetHemo+/- N = 10/25), and 44 in Dyymp, (RetHemo-+/-
N = 15/27). For this study, we selected 22 protein markers previously
demonstrated to have prognostic significance in leukemia and myeloma
(Table S2) [13-15]. Missing values were removed, and no
post-processing was done. To understand the differential expression of
proteomic markers, we compared RetHemo +ve and -ve groups using a
t-test. Given the relatively small sample size of patients with available
proteomic data, we considered 0.1 or lower as the threshold to attain
statistical significance.

Blood cell count: Hematological cancers often alter peripheral
blood cell counts. Raised WBC has been shown to correlate with retinal
changes in leukemic patients. [26] Increased WBC count has also been
shown to be positively correlated with the presence of retinal infiltrates
and overall survival rate [27]. We compare the mean values of blood cell
counts amongst risk groups using the Wilcoxon rank test and compare
blood biomarker trends between RetHemo groups to actual patient
diagnosis.

2.6. Statistical analysis

The experimental design involved randomly splitting retinal fundus
scans 50:50 into training and holdout validation sets: D1peur, Dlyel,
D1pymp for training, and D2y eyk, D2Mmyel, D21ymp for validation. The study
was retrospective, and blinding was not applicable; however, the Al
model was trained without prior knowledge of clinical outcomes. No
formal power calculation was performed, as the sample size was deter-
mined based on the available UK Biobank dataset, ensuring statistical
power for subgroup analysis. Harrell’s C-index was used to evaluate
model discrimination, with hazard ratios (HR) and 95 % confidence
intervals (CI) reported to quantify risk. Multivariate and univariate log-
rank tests compared risk status among clusters, while Wilcoxon rank-
sum tests were used for blood biomarker comparisons. In unsuper-
vised clustering, multivariate log-rank tests assessed cluster risks. For
proteomic analysis, T-tests compared RetHemo +ve and -ve groups,
using a significance threshold of p < 0.1 due to the limited sample size.
Wilcoxon rank-sum tests were also applied to compare WBC, RBC, and
other hematological parameters between RetHemo risk groups and
actual cancer diagnoses.

3. Results
3.1. RetHemo performance in hematological malignancies

We evaluated the utility of RetHemo for predicting the onset of he-
matological cancer in 10 years. RetHemoy ¢yk +ve individuals exhibited a
significantly increased risk of developing leukemia, with a concordance
index (c-index) of 0.611 and a hazard ratio (HR) of 2.45 (95 % CI:
1.27-4.75, p = 0.027). Notably, when controlling for clinicopatholog-
ical variables, RetHemoe,x remained an independent prognostic
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indicator for leukemia development (HR = 1.73, 95 % CI: 1.24-2.42,
p = 0.028). On comparing clusters from unsupervised clustering, a dif-
ference in risk for developing leukemia was observed for the multivar-
iate long-rank test (HR = 1.34, 95 % CI: 1.03-1.73, p = 0.025) and
univariate log-rank test (HR = 1.60, 95 % CI: 1.10-2.33, p = 0.013). To
understand expression of serum protein markers, we selected 22 protein
markers previously demonstrated to have prognostic significance in
leukemia and myeloma [13-15]. RetHemo+ leukemia patients had a
differential expression for three proteins, including ITGAL (p = 0.01), a
lymphocyte adhesion and migration protein, and SLAMF7 (p = 0.059),
an immune modulation protein.

The RetHemopye +ve individuals had a significantly elevated risk of
developing myeloma, with a c-index of 0.636 and an HR of 6.69 (95 %
CI: 2.06-21.65, p = 0.006). Furthermore, when controlling for clinico-
pathological variables, RetHemoyye] was independently prognostic for
the onset of myeloma (HR = 3.86, 95 % CI: 2.03-7.32, p = 0.002). On
comparing clusters from unsupervised clustering, a difference in risk for
onset of myeloma was observed via the multivariate (HR = 1.42, 95 %
CI: 1.04-1.93, p = 0.023) and univariate log-rank tests (HR = 2.12, 95 %
Cl: 1.36-3.29, p < 0.001). On comparing serum protein levels,
RetHemo+ myeloma patients had a differential expression of SLAMF7
(p = 0.059). These elevated levels of immune signaling proteins suggest
the presence of inflammatory changes in high-risk myeloma patients, in
turn manifesting as vasculature changes in the retina.

Univariate analysis of RetHemorym,, yielded a c-index of 0.503 on
D2pymp and predicted high-risk cohort was not significantly higher
(p = 0.868) risk for onset of lymphoma. On comparing clusters from
unsupervised clustering, a difference in risk for onset of lymphoma was
observed on multivariate (HR = 1.60, 95 % CI: 1.02-2.52, p = 0.039)
and univariate log-rank test (HR = 1.54, 95 % CI: 1.03-2.30, p = 0.034).
On comparing serum protein levels, RetHemo+ lymphoma patients had
a differential expression of SLAMF7 (p = 0.068) and CD38, an immune
mediator protein (p = 0.092), suggesting elevated levels of immune
signaling in patients with retinal vasculature changes. Figs. 2-4 show
results from hierarchical clustering. Prevalence of disease vs healthy
group detected in each cluster and KM curves for leukemia, myeloma,
and lymphoma cohorts, respectively. Figure S2 shows qualitative visu-
alization for retinal vessel maps in peri-macular zones in RetHemoy e,
+ and RetHemoyye| + cases.

3.2. Comparison with clinical variables

Clinical parameters (patient age, sex, hypertension, diabetes status)
and blood cell counts (RBC, lymphocyte, monocyte, neutrophil, eosin-
ophil, basophil) at the time of imaging were used to train a Cox
regression model and develop RetHemoOjinicat and RetHemogiooq,
respectively. Neither RetHemociinicat (D2reuk: P = 0.54, D2pyyel:
p = 0.55, D21 ymp: p = 0.25) nor RetHemogjood (D2Leuk: P = 0.41, D2pyer:
p = 0.18, D2pynp: p = 0.28) significantly differentiated between high
and low-risk groups across the three cohorts. Table S1 shows the model
performance for all three cohorts. Univariate analysis of RetHemoy ¢k on
D2y had a c-index of 0.605, and the individuals identified as high-risk
had a significantly higher (p = 0.002) risk for developing myeloma (HR
3.40, CI 95 %: 1.21-9.62). Fig 5 shows the KM curves for different
combinations. Univariate analysis of RetHemopye] on D21eyk had a c-
index of 0.541, but the predicted high-risk cohort was not significantly
higher (p = 0.934) risk for developing leukemia. This suggests that
retinal changes in myeloma from increased abnormal protein are unique
and not found in leukemia [16]. However, leukemia-induced features
are found in both, possibly due to a common inflammatory pathway.

3.3. RetHemo correlation with proteomics and blood cells
In the Leukemia cohort, we see that RetHemo score-based groups

showed statistically significant differences in lymphocyte, neutrophil,
and neutrophil-to-lymphocyte ratio. RetHemoy ey +Vve individuals had a
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Fig. 2. Unsupervised hierarchical clustering based on retinal vasculature features on leukemia Dy cohort. (A) Each row represents a patient, and each column
represents a retinal feature. (B) multivariate and (C) univariate log-rank analysis with KM curves showing significant differences (p = 0.025 and 0.013 respectively)

in the likelihood of developing leukemia.

significantly higher (p = 0.024) lymphocyte count of 0.281 (CI 95 %:
0.248-0.309) compared to the low group, 0.228 (CI 95 %:
0.209-0.252). RetHemoycyk +Vve individuals had a significantly lower
(p = 0.022) neutrophil count of 0.666 (CI 95 %: 0.637-0.697) compared
to the low group, 0.727 (CI 95 %: 0.637-0.697). Low neutrophil counts
in leukemia have a poor prognosis. [17]. WBC count levels can be pre-
dicted using fundus imaging [18]. An increase in lymphocyte count
might increase leukemic infiltration, which is a poor prognostic factor in
leukemia. On univariate analysis of Whole blood viscosity (WBV) pa-
rameters, RetHemowye +ve patients had elevated high shear rate
(p = 0.063) and low shear rate (p = 0.071), with no significant differ-
ences in RetHemoy ek +ve and RetHemopymp +ve.

RetHemopye +ve individuals had a significantly lower (p = 0.013)
monocyte count of 0.342, CI 95 %: [0.307-0.378] compared to the low
group 0.411, CI95 %: [0.369-0.448]. Fig. 6.a and b illustrate the final p-
values across the three cohorts and the volcano plots for the analysis,
respectively. Interestingly, expression trends in RetHemopyel+ groups
closely align with protein expression patterns observed based on actual
myeloma diagnoses of patients. Multiple myeloma has a significantly
lower classical monocyte count. [19], higher non-classical monocytes
[20], and was of prognostic value. While multiple myeloma normally
results in elevated levels of monocytes at diagnosis, 82 % of multiple
myeloma patients have monoclonal gammopathy of undetermined sig-
nificance (MGUS) 8 years before multiple myeloma diagnosis. [16].
Trafficking of immune cells to the BM and localization to the tumor site
is one of the first critical steps to shape the multiple myeloma micro-
environment and may affect disease development and progression. [21].
Cytokines from tumors attract and recruit circulating monocytes to
generate TAMs at the tumor site. [22]. TAMs promote plasma cell pro-
liferation and angiogenesis, which supports MM progression [3]. We

hypothesize that this monocyte trafficking to the tumor site is a potential
reason for the reduced monocyte count found in this high-risk group.

3.4. Classification and time to event prediction

To understand the discriminative nature of retinal features, we train
a classification model to predict if a patient would develop hematolog-
ical cancer. Similar to Cox models, we use training sets (D1reuk, D1myel,
D1pymp), followed by validation on the holdout sets (D2peu, D2wmyel,
D21ymp). On the holdout set D2peur, the Xgboost classifier model
demonstrated an AUC of 0.595 (95 % CIL: 0.525-0.696) in detecting
leukemia, with a sensitivity of 0.452 (CI 95 % 0.318-0.569) and a
specificity of 0.699 (CI 95 % 0.623-0.768). To assess the predictive
value of the classification signature, a kaplan-meier analysis was per-
formed using the machine learning-derived probabilities as a risk score.
On univariate analysis, high-risk patients on D2Leuk had a significantly
elevated risk of developing leukemia (HR 3.16, 95 % CI: 1.42-7.06;
p = 0.029) with a c-index of 0.582. Although trained solely for classi-
fication, the prediction probabilities effectively identified an increased
risk of leukemia onset. Conversely, the Xgboost models for myeloma and
lymphoma failed to prognosticate disease onset, with AUC values of
0.518 (95 % CI: 0.427-0.618) for myeloma and 0.539 (95 % CL:
0.461-0.620) for lymphoma.

4. Discussion

This study introduces RetHemo, an Al-driven retinal vasculature
biomarker for predicting the 10-year risk of hematological malignancies
based on fundus imaging. Leveraging non-invasive fundus images from
the UK Biobank, RetHemo demonstrated significant prognostic
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Fig. 3. Unsupervised hierarchical clustering based on retinal vasculature features on myeloma Dy cohort. (A) Each row represents a patient, and each column
represents a retinal vasculature feature. (B) multivariate and (C) univariate log-rank analysis with KM curves showing significant differences (p = 0.023 and <0.001

respectively) in the likelihood of developing myeloma.

capabilities for leukemia, myeloma, and lymphoma. We compare the
regions of signature across different hematological cancers and cross-
test signatures between diseases. Finally, we explore the correlation of
RetHemo with clinical parameters and serum protein levels to under-
stand its biological underpinning in disease development. By enabling
early detection and insights into immune-tumor interactions, RetHemo
has the potential to advance prognostic strategies for hematological
malignancies.

RetHemo shows promising results in differentiating patients with a
high risk of developing leukemia and myeloma. RetHemo +ve patients
had a two-fold higher risk of developing leukemia and six times higher
risk of developing myeloma. To reduce the bias of feature selection, we
repeat the experiment using unsupervised clustering. Clusters generated
using retinal vascular features had a differential risk of developing
leukemia, myeloma, and lymphoma on multivariate analysis. This
signature stays independently prognostic of risk after adjusting for
clinical variables. The non-invasive nature of fundus imaging for retinal
vasculature quantification makes it an appropriate modality for
detecting vascular changes and risk assessment in hematological cancer.

A crucial finding is characterizing the domain of the affected
vasculature. In Leukemia, an increased artery tortuosity and vessel
length in peri-macular regions was observed. These findings align with
existing literature, [6-8] reporting retinal manifestations like dilatation
and tortuosity of retinal vessels due to vascular stasis, occlusion, and
retinal ischemia in leukemia at the time of diagnosis. Retinal vessel
density changes in radial peripapillary capillaries (p < 0.001) have been
reported in newly diagnosed acute leukemia, remission acute leukemia
without overt retinopathy, and newly diagnosed multiple myeloma
cases using OCTA. Chronic inflammation is a key driver in hematologic

cancers, inducing the state of ischemia and hypoxia followed by a
compensatory increase to maintain the blood supply to the retina. [23]
Hypoxic-ischemia can induce the expression of hypoxia-inducing
factor-1a and its target genes, such as vascular endothelial growth fac-
tor (VEGF), which disrupts the blood-retinal barrier and leads to retinal
edema and microvascular changes. Bone marrow alteration in blood cell
production can increase the risk of clotting, leading to blockages and
fluid leakage in the micro-vessels of the retina, reducing blood flow and
oxygen supply. RetHemo+ leukemia patients exhibited distinct expres-
sion patterns for key immune-related proteins, including ITGAL,
involved in lymphocyte adhesion and migration, and SLAMF7, which
plays a role in immune modulation. These proteomic insights suggest
that retinal vascular changes in leukemia may be linked to immune or
inflammatory pathways. However, further research is needed to clarify
the causal mechanisms underlying these observations.

In contrast to leukemia, the myeloma signature comprises vein
length and artery branching angle changes in peri-macular regions.
Myeloma pathogenesis can sometimes start a few decades prior to the
diagnosis, with an increase in abnormal protein or paraproteinemia
during precursor stages. [16] Viscosity is a measure of blood’s internal
resistance to flow. Increased viscosity can result either from a deformity
in the shape of the red blood cells or from a pathological elevation of any
of the protein levels, and can cause reduced blood flow, tissue hypo-
perfusion, and lead to vascular leakage, and subsequent static
hypoxia-induced microvascular changes. [24]

Interestingly the unique signatures identified for the leukemia,
myeloma and were not prognostic when applied to different cancers,
suggesting the presence of unique prognostic phenotypes, specific to the
individual hematological cancers. This suggests that retinal changes in
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myeloma from increased abnormal protein are unique and not found in
leukemia. [16] However, leukemia-induced features are found in both,
possibly due to a common inflammatory pathway.

We acknowledge that our study did have its limitations. This study
was restricted to adult patients from a single-site cohort. Efforts are
underway to validate this in a multi-institutional setting. Unlike leuke-
mia and myeloma, which are characterized by widespread bone marrow
infiltration, marrow involvement in lymphoma is less common and
localized to lymph nodes, potentially explaining the lack of a prognostic
signal in lymphoma patients. This cohort was a predominately white
population. Further prospective validation across multiple sites and in a
diversity of ethnicities is needed for a more comprehensive under-
standing of RetHemo’s utility.

We acknowledge prior studies demonstrating the role of retinal
vessels in stroke, cardiovascular disease, and chronic kidney disease.
Our findings highlight the complementary role of retinal vasculature in
hematological cancers, suggesting the potential to extend existing
retinal biomarkers into broader cardio-oncological investigations.
Despite the aforementioned limitations, this study presents a novel
application of AI and retinal imaging for predicting hematological
cancer risk, providing a promising non-invasive and accessible approach
to complement traditional blood-based and clinical risk assessments. By
integrating oculomics into cancer risk evaluation, clinicians could
enhance early detection strategies, especially in asymptomatic in-
dividuals, enabling early treatment initiation, preventing disease pro-
gression, and improving outcomes. Furthermore, RetHemo’s correlation
with immune-modulatory markers highlights its promise in illuminating
cancer’s systemic effects, reinforcing its biological relevance in hema-
tological malignancies. Understanding these changes can help better

understand biological pathways associated with microvascular changes
in hematological cancers, potentially enabling the development of new
drug lines. This approach could, in turn, enable large-scale, routine
screening for early hematological cancer detection and foster deeper
exploration into the systemic and retinal manifestations of oncogenic
processes.

Code availability

The source code is available at GitHub: https://github.com/Amrit-
pal-001/RetHemo
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