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ABSTRACT - PART 1

Anterior segment optical coherence tomography (AS-OCT) allows the exploration not
only of the anterior chamber but also of the front part of the vitreous cavity. Our cross-
sectional single-centre study investigated whether AS-OCT can distinguish between
vitreous involvement due to vitreoretinal lymphoma (VRL) or vitritis in uveitis. We
studied AS-OCT images from 28 patients (11 with biopsy-proven VRL and 17 with
differential diagnosis uveitis) using publicly available radiomics software written in
MATLAB. Patients were divided into two balanced groups: training and testing. Overall,
3260/3705 (88%) AS-OCT images met our defined quality criteria, making them eligible
for analysis. We studied five different sets of grey-level samplings (16, 32, 64, 128, and
256 levels), finding that 128 grey levels performed the best. We selected the five most
effective radiomic features ranked by the ability to predict the class (VRL or uveitis). We
built a classification model using the xgboost Python function; through our model, 87%
of eyes were correctly diagnosed as VRL or uveitis, regardless of exam technique or lens
status. Areas under the receiver operating characteristic curves (AUC) in the 128 grey-
level model were 0.95 [CI 0.94, 0.96] and 0.84 for training and testing datasets,
respectively. This preliminary retrospective study highlights how AS-OCT can support

ophthalmologists when there is clinical suspicion of VRL.

ABSTRACT - PART 2

The primary aim of the study was to explore the ability of a radiomics-based classification
model to identify AS-OCT image features compatible with active VRL. The secondary
aim was to investigate the possible association between the results of this non-invasive
method and the aqueous tap molecular biomarkers currently used to determine VRL
disease activity. We conducted a retrospective single-centre study of patients with biopsy-
proven VRL, and at least one series of baseline or follow-up AS-OCT image scans and
an aqueous tap. We extracted radiomic features from OCT images, five were selected and
trained xgboost classifiers with leave-two-patients-out cross-validation (L2PO) to
distinguish active (defined as the presence of lymphoma cells in anterior or vitreous
chamber) from inactive disease (AUC as performance metric). If present, interleukin (IL)-
10:IL-6 ratios were correlated with imaging features using logistic regression. Eight

patients (22 visits total, 43 eyes) were analysed. From the L2PO analysis, we obtained an



AUC metric of 0.74 with a 95% confidence interval (CI) of 0.68—0.81. GLRLM LRLGE
was the feature most consistently associated with disease activity. When IL-10:1L-6 >1
was used as the outcome, the association weakened (all p-values >0.05), though mean
and median values showed the same direction of effect. This pilot study explored the
potential innovative role of radiomics to analyse VRL activity status using AS-OCT
images. Although it is currently far from being a diagnostic tool, radiomic analysis could
be the subject of future investigations aiming to refine non-invasive diagnostic strategies

and treatment response assessment.
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1. INTRODUCTION (VITREORETINAL LYMPHOMA)

Vitreoretinal lymphoma (VRL) is defined as malignant lymphoproliferation involving the
retina, the vitreous, and/or the optic nerve head. Primary VRL (PVRL) is regarded as a
variant of primary central nervous system lymphoma (PCNSL) based on frequent
synchronous or metachronous manifestations at both sites and similar clinical behaviour
with rare dissemination outside of the central nervous system (CNS). The majority of
PCNSL and 95% of VRL are classified as diffuse large B-cell lymphoma (DLBCL),
which is also the most common non-Hodgkin lymphoma overall. Secondary VRL mostly
occurs in the setting of PCNSL and is less frequent following systemic DLBCL, of which
testicular lymphoma is the most common. PVRL is now recognized as the most frequent

primary intraocular lymphoma.!

1.1 Epidemiology

The incidence is low, estimated at fewer than one case per million annually, yet its clinical
impact is disproportionate given its masquerading presentation and high risk of CNS
progression.? In the past three decades, the incidence of PCNSL appears to have tripled,
as seen in the Finnish Cancer Registry and in the USA. It is not clear whether this
observation is due to better diagnosis or an actual increase in numbers.?

Whereas PCSNL accounts for 4-6% of all brain tumors and <1% of all non-Hodgkin
lymphomas, VRL is rare, constituting <0.01% of all ocular diseases.

At diagnosis, CNS involvement is present in 16-34% of VRL cases.* Between 50% and
90% of patients with VRL subsequently develop CNS disease (brain and/or spinal cord)
within 16-24 months, while 15-20% of patients with PCNSL have concomitant VRL at
presentation.>%

VRL typically occurs in older individuals between 50 and 70 years of age, with a median

age of 60 years. Regarding sex predilection, the data are conflicting.!

1.2 Pathogenesis

The etiology of VRL remains incompletely defined. A key unresolved question is whether

lymphomatous cells enter the retina via retinal vessels, the optic nerve, or the choroid.



Two principal, non—mutually exclusive hypotheses have been advanced: an infectious
model and a hematologic dissemination model.”

The infectious hypothesis posits that Epstein-Barr Virus (EBV) or Human
Immunodeficiency Virus (HIV) infects Ilymphoid cells, triggering neoplastic
transformation within the eye or the CNS. This view is supported by the frequent isolation
of EBV in patients with acquired immunodeficiency syndrome (AIDS) and by the
typically more aggressive clinical phenotype in this setting.®

The hematologic hypothesis emphasizes hematogenous spread of neoplastic lymphocytes
from nodal or extranodal sites to the CNS and the eye.’

Given the association between VRL and PCNSL, lymphomatous cells may migrate along
the optic nerve to reach the vitreous cavity, even though the optic nerve is only rarely

involved clinically.’

1.3 Diagnosis

VRL is a real diagnostic challenge, often clinically mistaken for an inflammatory
intraocular disease, and it is described as the most common uveitis masquerade syndrome.
The insidious clinical presentation as chronic/recurrent uveitis, combined with the
transient response to steroids, which are lymphocytolytic, causes a delay in diagnosis and
appropriate treatment, often resulting in a poor prognosis with high mortality if CNS is
involved.!?

More than 80% of VRL patients have bilateral involvement, often asymmetrical.'!-!?
Because anterior segment inflammation is usually minimal, conjunctival injection, pain,
and photophobia are uncommon. Non-granulomatous keratic precipitates (KPs) may be
scattered across the corneal endothelium and can assume a dendriform appearance in
some cases. Occasionally, large aggregates of lymphoma cells on the endothelium mimic
granulomatous KPs; corneal edema, pseudohypopyon, and pupillary distortion may
occur, but are not frequent.'?

In VRL, lymphoma cells infiltrate the vitreous body, the retina, or both.

Vitreous involvement occurs in the majority of patients affected by VRL. Clinically,
vitreous cells can organize into sheet-like aggregates; compared with inflammatory

vitritis, the cells tend to be larger but less dense, producing a “muddy” vitreous (Figure

1). Three vitreous haze patterns have been described: the “aurora borealis” pattern (46%),



a non-specific pattern (38%), and a “string-of-pearls” pattern (23%). The aurora borealis
pattern—the most common—features opacification due to large lymphoma cells aligned

in a radial, undulating fashion along peripheral vitreous fibrils (Figure 2).!413

Figure 1. Anterior vitreous of a patient with vitreoretinal ymphoma showing a “muddy”
appearance, with sheet-like aggregates.

Figure 2. Multifocal white-yellowish retinal lesions (left image) and vitreous aurora
borealis pattern (right image).

Multifocal white-yellow or cream-colored retinal or subretinal lesions strongly suggest
VRL; migration of lymphoma cells beneath the retinal pigmented epithelium (RPE) and
solid, irregular RPE detachments are considered pathognomonic (Figure 2). Such lesions
occur in ~50% of cases and may cluster across the fundus, enlarge, or regress
spontaneously, leaving RPE atrophy and subretinal fibrosis. Over time, retinal and

subretinal lesions can develop a “leopard-skin” appearance in autofluorescence, due to



pigment deposition overlying prior foci. Other less common findings include necrotizing
retinal infiltrates and retinal vasculitis.'® In general, lymphoma cells can localize at any

level of the retina, from the preretinal area to the sub-RPE (Figure 3).

Preretinal deposits

Optic disc

1 o \

Intraretinal

|

Subretinal infiltration

Sub RPE infiltration

Figure 3. Optical coherence tomography image demonstrating infiltration of
lymphomatous cells in several retinal areas.

Diagnosing VRL is challenging and frequently delayed, with consequent increases in
mortality and morbidity. Diagnostic confirmation of the clinical suspicion is required
through examination of the vitreous fluid obtained by vitrectomy. The cytological
analysis of vitreous fluid is considered the gold standard for PVRL diagnosis. However,
a limited volume of vitreous sample, low numbers of lymphoma cells, poor cellular
preservation, and degenerative changes caused by steroid use for presumed uveitis are the
principal reasons for the rather variable (31-87.5%) and sometimes low diagnostic
sensitivity of cytology alone. Various laboratory techniques have been employed to
improve the diagnostic yield, including flow cytometry, immunocytochemistry, cytokine
analyses, and molecular tests. Although diagnostic vitrectomy (pars plana) is
conventional, anterior-chamber paracentesis is simpler, less invasive, and increasingly
used with acceptable sensitivity—particularly for follow-up.?

Pars plana vitrectomy (PPV) is performed under local or general anesthesia. An undiluted
(“dry”) vitreous sample is most informative, but diluted cassette fluid should also be
collected. Cutter rates of 600—1500 cuts/min (or lower) are recommended to optimize cell
viability and diagnostic yield.'°

Lymphoma cells are fragile and undergo morphologic degradation within ~60 minutes;
therefore, samples must reach a pre-alerted pathology lab immediately for prompt

processing. Alternatively, specimens may be placed in cell-preserving medium (e.g.,



bovine serum albumin) or a gentle cytologic fixative. Aqueous sampling is performed at
the slit lamp under topical anesthesia using a 27- or 30-gauge needle. Retinal biopsy is
rarely required.!”!®

Because corticosteroids reduce activated lymphocytes in anterior chamber and vitreous,
topical and systemic steroids should be stopped for at least two weeks before vitreous
and/or aqueous sampling to improve diagnostic yield."”

Cytology remains the diagnostic gold standard. Sensitivity ranges from 31% to 87.5%,
varying with cellularity and laboratory expertise. A positive cytology confirms
lymphoma, whereas a negative result does not exclude it.>!° Malignant B cells are larger
than benign lymphocytes, with scant basophilic cytoplasm; large, irregular, often clover-
shaped hyper-segmented nuclei; coarse chromatin; and prominent nucleoli. Vitreous
samples may also contain numerous reactive lymphocytes, cellular debris, and
macrophages. Prior steroid therapy may induce degeneration and necrosis without
compromising nucleic-acid integrity—still permitting molecular studies. Immuno-
phenotyping can be performed by immunohistochemistry (IHC) or flow cytometry. A
standard THC panel identifies B cells (CD19, CD20, CD22, CD79a), T cells (CD2, CD3,
CD4, CD5, CD7, CD8), NK cells (CD56), macrophages (CD68PG), and «/A light chains.
Vitreous inflammation typically shows T-cell predominance, whereas VRL is marked by
atypical B cells expressing CD20, PAXS, or CD79a, with macrophages and debris.
Notably, statins can alter CD20 conformation and mask anti-CD20 binding; in such cases,
anti-CD79a or anti-PAXS5 antibodies should be used. Flow cytometry identifies target
populations by antibody labelling and laser-based detection of scatter/fluorescence
signals.?02!

During normal B-cell development, immunoglobulin (Ig) heavy- and light-chain genes
undergo Variable, Diversity and Joining (V[D]J) recombination; each mature B cell
produces a unique antigen-specific antibody. Polymerase chain reaction (PCR) targeting
rearranged Ig genes yields a polyclonal smear in inflammatory samples but a discrete
monoclonal product in neoplastic populations such as VRL. Determining B-cell clonality
with IgH and Igk primers is a valuable diagnostic adjunct on vitreous samples; reported
sensitivity averages 46-95%, influenced by primer choice. Because VRL frequently
harbors extensive somatic hypermutation that impairs primer binding, false-negatives

may occur even with optimal cellularity and technique. Conversely, ocular immune



privilege can favor oligoclonal/monoclonal expansions of non-neoplastic lymphoid cells,
generating false positives.???’

About two decades ago, Chan et al. reported elevated IL-10 in vitreous from VRL and
elevated IL-6 in uveitis; an IL-10/IL-6 ratio >1 favored lymphoma (sensitivity ~92%).2
IL-10 functions as a growth factor for malignant B cells, whereas IL-6 is an inflammatory
cytokine typical of uveitis. Subsequent studies have shown the IL-10/IL-6 ratio is
informative in aqueous humor as well; combining aqueous and vitreous testing improves
accuracy. Nonetheless, no universal IL-10 cutoff exists due to a diagnostic “gray zone”
and a ratio <1 does not reliably exclude VRL.?

To address these limitations, the Hopital Pitié-Salpétriere group developed the Interleukin
Score for IntraOcular Lymphoma Diagnosis (ISOLD), which estimates the probability of
intraocular lymphoma (i-IOL) from IL-10 and IL-6 levels in aqueous or vitreous:

* Aqueous ISOLD: —12.871 + 5.533 x log(IL-10 + 1) — 1.614 x log(IL-6 + 1)

* Vitreous ISOLD: —12.208 + 4.648 x log(IL-10 + 1) — 1.669 x log(IL-6 + 1)

The posterior probability of i-IOL =1 / (1 + exp[-ISOLD)). Patients are stratified as:
-Certainly not i-IOL: ISOLD < —4.6 (posterior probability < 1%);

-Probably not i-IOL: —4.6 <ISOLD < 0;

-Probably i-IOL: 0 <ISOLD < +4.6;

-Certainly i-IOL: ISOLD > +4.6 (posterior probability > 99%)(104).

This score mitigates the IL-10/IL-6 ratio’s discordance, offering high sensitivity and
specificity for B-cell VRL.3°

In VRL, MYDS88 mutations are frequent (~70% in vitreous samples), implicating Toll-
like receptor signaling; CD79B and other B-cell-receptor pathway genes are also
commonly mutated. Cani et al. reported MYDS88 gain-of-function mutations (L265P,
S243N) that constitutively activate NF-xB, a potential target of ibrutinib, a Bruton
tyrosine kinase inhibitor. MYDS88 assays have been developed for aqueous humor as well.
A pilot study suggests that combining cytology, IgH clonality testing, and MYD88

mutation analysis yields high diagnostic accuracy.3!-2



1.4 Treatment

The therapeutic goal in PVRL is twofold: eradication of intraocular disease and
prevention of CNS dissemination. Optimal management of VRL requires a
multidisciplinary approach involving Ophthalmology, Oncology, Hematology,
Neurology, and Radiology.

Intravitreal methotrexate (MTX) is effective in inducing clinical remission in isolated
primary VRL and in VRL secondary to PCNSL. In 2002, Smith et al. proposed an
intravitreal chemotherapy protocol for PCNSL with ocular involvement: an induction
phase of two injections per week for one month, using 400 pg/0.1 mL injected via the
pars plana with a 30-gauge needle; a consolidation phase of one injection weekly for two
months; and maintenance of one injection monthly for nine months. MTX induced VRL
remission under this regimen. In 2008, Frenkel et al. reported outcomes in 44 eyes (26
patients) treated with intravitreal MTX 400 pg/0.1 mL: twice weekly for 4 weeks, then
weekly for 8 weeks, and finally monthly for 9 months (total 25 injections). Clinical
remission was achieved after a mean of 6.4 injections.?-3?

Rituximab (RTX), an anti-CD20 monoclonal antibody, has been administered
intravitreally for the treatment of CD20-positive VRL. A typical regimen is 1 mg/0.1 mL
weekly for four weeks; approximately half of the patients relapse. Nevertheless, RTX
may be a reasonable alternative to MTX given its lower ocular toxicity profile.*¢

Ocular radiotherapy remains in use for isolated VRL: doses of 30—45 Gy in 15 fractions
can achieve complete remission. For patients with concomitant CNS disease who are
refractory to systemic chemotherapy and are not candidates for more aggressive therapy,
combined ocular and whole-brain irradiation can be a viable option. Risks of ocular
radiotherapy include radiation retinopathy, optic atrophy, cataract, and dry eye; cranial
irradiation carries risks of neurotoxicity, ataxia, cognitive decline, and even death. The
field continues to debate whether ocular radiotherapy or intravitreal chemotherapy should
be considered first-line.’

A persistent question is whether prophylactic systemic chemotherapy prevents CNS
involvement or prolongs CNS progression-free survival. Retrospective and prospective
studies have yielded mixed results regarding overall survival benefits. Two retrospective
series found systemic chemotherapy did not prevent CNS spread. Conversely, other

studies support a prophylactic benefit in preventing or delaying CNS involvement.3¥-4?



Although no single systemic regimen is standard, high-dose intravenous MTX is
generally considered first-line for VRL with CNS disease, avoiding orbital irradiation-
related ocular toxicity. MTX induces remission in up to 72% as monotherapy and 94—
100% in combination regimens; median survival improved from 28 to 85 months with
high-dose systemic chemotherapy. High-dose thiotepa, busulfan, and cyclophosphamide
followed by autologous peripheral blood stem-cell transplantation is reserved for poor
responders or relapsed disease. The IELSG32 trial provided high-level evidence
supporting MATRIx (MTX, cytarabine, thiotepa, RTX) as a standard for PCNSL patients
<70 years. At 30 months, complete remission was 49% with MATRIx versus 23% with
MTX-—cytarabine and 30% with MTX—cytarabine-RTX 3842

Overall, because VRL is rare and treatment protocols vary, the literature does not clearly
demonstrate that systemic therapy prevents CNS involvement in VRL. A large,

international multicenter study is needed to define the optimal regimen.

1.5 Prognosis

Diagnosis of VRL is frequently delayed: on average, ~12 months elapse from symptom
onset to diagnosis, and symptoms can precede diagnostic consideration by 2—3 years.
Contributing factors include its masquerade as nonspecific intermediate/posterior chronic
uveitis; relatively preserved visual acuity despite vitritis/floaters; and an 1initial
corticosteroid response followed by steroid-dependence or refractoriness to
immunosuppression.?

Mortality data are heterogeneous due to small cohorts, variable treatments, and limited
follow-up. Reported mortality ranges 9-18% over 12—35 months of follow-up. Five-year
overall survival is <25%, underscoring the poor prognosis. In a multicenter study across
16 centers in 7 countries, overall survival and progression-free survival were 31 and 18
months, respectively; local ocular therapy controlled intraocular disease but did not
improve survival.'?

Some authors argue that, in isolated ocular disease, early systemic therapy—before CNS
involvement—is associated with better survival and, while not preventing CNS spread,
may delay it. Others report that combined local and systemic chemotherapy improves

progression-free survival but not overall survival, or prevents CNS involvement without

significantly improving overall survival.#3-46



Isolated VRL carries a better survival than VRL with CNS disease. Among patients who
develop PCNSL, 24-40% have an overall survival of about 1 year. On average, ~3 months
separate initial CNS symptoms from the diagnosis of CNS lymphoma. Thus, CNS
involvement is a negative prognostic factor, and sub-RPE infiltrates have also been

associated with reduced survival.*>-4¢

1.6 Anterior Segment OCT (AS-OCT) and radiomics in VRL

A key feature of VRL is the vitreous involvement represented by a characteristic
infiltration due to the invasion of lymphoma cells that form sheets or strands with vitreous
turbidity. This is evident during the ophthalmological examination when carefully
looking at the anterior vitreous. However, because this feature is difficult to recognise, it
enters the differential diagnosis with the uveitis that causes significant vitreous haze.

As such, the possibility of imaging and objectively evaluating the anterior vitreous with
AS-OCT would be a significant added value for the differentiation between vitreous haze,
making it possible to detect a particular potential pattern in VRL, and could be an
important ancillary test in its diagnosis.

AS-OCT is a fast, easy, and non-invasive imaging technique that has recently gained
prominence in the description of inflammatory changes in the anterior vitreous of patients
with uveitis. Zicarelli et al. were able to obtain OCT images of the anterior vitreous in the
area just behind the lens, which had previously been inaccessible to this imaging
technique due to its location, too forward for the posterior segment and too far back for
anterior segment OCT. These authors pushed the device towards the eye being studied
and disabled the tracking, thus not following the recommendations on its use. As a result,
the cornea was flipped onto the lens, which was in the upper part of the image, and the
structures behind it could be seen in the lower part of the scan.*’

AS-OCT has proved to be useful to identify cells with high-resolution brightness scans
(B-scan) and to indirectly quantify anterior chamber flare, thus contributing to a more
objective assessment of intraocular inflammation in patients with uveitis. Likewise,
posterior segment OCT provides high-resolution imaging that correlates well with the
clinical grading of vitreous haze, and may offer indirect evidence of disease activity in

VRL.48'50



Radiomics is a novel methodology in precision medicine that employs well-defined
mathematical formulas to describe medical images quantitatively. This approach is an
application of artificial intelligence (AI) that calculates features directly from the images’
pixel values or filtered versions of the original captures. The mathematical formulas
express the distribution and relationships between pixels and voxels within a specific
region of interest (ROI) in the images. Within a biomedical image, there are complex
details that may be beyond the human eye’s perception; this is what radiomics is based
on. Radiomic features are numerical descriptors that enable a non-invasive exploration of
potential correlations between the information derived from the images acquired during
the routine clinical pathway of the patient and the clinical or biological features seen on

the images.®

1.7 A major challenge: the detection of VRL recurrence

The diagnosis of a post-treatment recurrence of VRL remains challenging. This is due to
the inherent limitations of clinical evaluation alone in definitely diagnosing relapses, as
well as the lack of standardized international guidelines to support the ophthalmologist in
identifying suspected recurrences. To date, there are no universally accepted objective
parameters to quantify treatment response or detect any relapse in terms of tumor cell
infiltration into the vitreous and/or retina. Standard clinical ocular examination does not
always prove to be decisive in this sense. In cases where VRL recurrence is suspected, an
anterior chamber paracentesis is generally considered to be easier and more repeatable
compared to vitrectomy. This technique allows for the collection of a small amount of
aqueous humour, enabling the same molecular investigations carried out on vitreous
samples during the initial diagnostic workup. These encompass the quantification of IL-
10 and IL-6, detection of IgH gene rearrangements, and identification of the MYDS88
mutation, which is commonly associated with VRL.!°

Currently, a few reports have described the use of IL-10, IL-6 and their ratio and of
MYDS8 in the aqueous humour for monitoring the therapeutic response. Moreover, while
aqueous tap is considered a minimally invasive procedure, it nonetheless remains a
surgical intervention that might expose the patient to intra- and post-operative risks, such

as infection, hypotony, or anterior chamber trauma. Therefore, the development of a non-



invasive test would represent a useful diagnostic tool in the management of patients
affected by VRL.3>3
Nowadays, there is no validated imaging modality for the non-invasive detection of VRL

recurrence.

1.8 Purposes

The first part of this thesis aims to investigate the ability of radiomic features to perform
a differential diagnosis of the vitreous (VRL vs uveitis) using AS-OCT imaging.
Whereas the purpose of the second part is to evaluate the possible role of AS-OCT in the
identification of VRL relapse. This design is built by carrying out a correlation with the
results obtained in laboratory findings from aqueous humour samples (including IL-6 and
IL-10 quantification, MYD88 sequencing, and IgH rearrangements).

In order to achieve our goal in both parts, we tried to develop a radiomics-based
classification model capable of identifying AS-OCT image features compatible with VRL
diagnosis (first section) and relapse (second section).

The considered classification models could represent the foundation for the development
of an Al-driven diagnostic software platform capable of obviating the need for invasive
procedures in the diagnosis of VRL or its recurrence and providing a non-invasive tool

available to ophthalmologists in clinical practice.

2. MATERIALS AND METHODS

2.1 Part 1

We analysed patients evaluated at the Ocular Immunology Unit of the AUSL-IRCCS of
Reggio Emilia (Italy) between January 2019 and December 2022; we considered biopsy-
proven VRL and uveitis characterised by anterior vitritis, such as Fuchs uveitis,
sarcoidosis uveitis, Behget uveitis and uveitis of unknown origin, in differential diagnosis
with VRL. We named the latter group “vitritis”. The study was conducted in agreement

with the principles of the Declaration of Helsinki and received approval from the local



ethics committee (protocol n. 2019/0085664 Comitato Etico dell’Area Vasta Emilia
Nord, Italy).

2.1.1 Image Acquisition

The images were obtained with swept-source AS-OCT ANTERION (Heidelberg
Engineering, Heidelberg, Germany), which offers an improved signal penetration
(wavelength 1300 nm), a very high resolution (axial and transverse resolution in tissue
<10 pum and 30 um, respectively), and an enhanced depth of scan (14 £ 0.5 mm). Before
May 2022, the acquisitions were performed using the recommended acquisition settings
of the OCT device (referred to here on as “old”). Conversely, the new acquisition

technique described above will be referred to as “new”.#’

2.1.2 Imaging techniques

We extracted anonymised Digital Imaging and Communications in Medicine (DICOM)
images directly from the OCT system. Next, two experienced ophthalmologists manually
segmented the vitreous area in the images from the sub-lens region up to the end of the
visible vitreous using a rectangular-shaped ROI as shown in Figure 4. The area of these
ROIs depended on several variables, particularly the exam technique, the anatomical
localisation of the slice, and the patient’s individual clinical conditions. We performed
exams with the “old” and the “new” method of pushing the device forward, the latter one
for patients referred after May 2022. Image width depended on the relative distance from
the optical axis, and the length relied on the exam technique. If the selected area was less
than 13,500 pixels, we did not include its respective images in our analysis according to
similar results found for the radiomics predictive model applied in oncology.’* In
addition, we rejected slices with artefacts caused by the hyper-reflective bend zone

generated by the cornea shadow on the anterior vitreous cavity, as mentioned above.

2.1.3 Radiomic analysis

We used the Radiomics tool (Version 1.2.0.0 by Martin Valliéres, publicly available at

https://it.mathworks.com/matlabcentral/fileexchange/51948-radiomics, accessed on 5

July 2023) to extract radiomic features with the aforementioned image segmentations as


https://it.mathworks.com/matlabcentral/fileexchange/51948-radiomics

inputs.>> Radiomics software is a free program running on MATLAB® (Mathworks,
Natick, MA, USA). We used MATLAB version R2021b. This software was designed to
calculate 43 features: three from the image histogram (variance, skewness, and kurtosis),
nine from the Gray-Level Co-Occurrence Matrix (GLCM), 13 from the Gray-Level Run-
Length Matrix (GLRLM), 13 from the Gray-Level Size Zone Matrix (GLSZM) and five
from the Neighborhood Gray-Tone Difference Matrix (NGTDM).*3-57

It is worth noting the meaning of the radiomic features selected to build the discriminant
model. GLRLM LRHGE quantifies grey-level runs (i.e., the number of consecutive
pixels having the same grey-level value). GLCM Correlation shows the linear
dependency of grey-level values on their respective pixels in the grey-level co-occurrence
matrix (0 = perfect decorrelation, 1 = ideal correlation). NGTDM_Coarseness measures
the average difference between the central pixel’s grey level and that of its neighbour;
this is an indicator of the spatial rate of grey-level variation. A higher value means a lower
spatial change rate and a locally more uniform texture. NGTDM_ Strength measures the
primitive shapes in the image (i.e., the presence of simple elements such as arcs, squares,
or other simple shapes in the image). A higher value means the primitives are easily
defined and visible; it also means a slow change in intensity but a larger coarse difference
in grey-level tones. GLSZM_HGZE quantifies the distribution of the higher grey-level-
connected pixels that share the same grey-level intensity. A higher value indicates a
greater proportion of higher grey-level tones and size zones in the image. GLRLM_SRE
measures the distribution of short run lengths. A higher value indicates shorter run lengths
and more refined texture. NGTDM _complexity describes the presence of many primitive
components in the image; it also measures the image’s non-uniformity and rapid changes
in grey-level intensity.>>-7

Before feature extraction from 2D images, we used the following pre-processing
parameters: the number of grey levels (Ng = 16, 32, 64, 128, 256), equal quantisation
(i.e., the ROI was equalised to increase the contrast), isotropic pixel size (8.843 um), and
‘scanType’ equal to ‘Other’; no wavelet band-pass filtering was performed. The patients
were preliminarily divided into two groups: training and testing. The first set was
composed of 14 patients (seven vitritis—11 eyes—53% images of the training dataset,
and seven VRLs—11 eyes—47% images), as well as the second one (10 vitritis—17

eyes—68% images of the testing dataset, and four VRLs—eight eyes—32% images). The



dataset had a good balance in the training group in terms of acquisition method, lens type,

and outcome. The first step in the analysis consisted of feature scaling using Scikit learn.>®

2.1.4 Statistical analysis

The correlation between the variables was studied using the Pearson correlation
coefficient (r) for radiomic models built with five different sets of grey-level sampling
(16, 32, 64, 128, and 256 levels).

Within the training dataset, five features were selected for each model using the xgboost
Python function; the features were selected using feature importance greater than 0.03.
Then five models were built using the xgboost algorithm using early stopping round equal
to 100 and a learning rate equal to 0.01. The areas under the receiver operating
characteristic curves (AUCs) were calculated with their confidence interval for the
training dataset using bootstrapping methods (500 repetitions were performed). In
addition, the accuracy and precision were calculated for training and testing sets.

The models assigned to each image have the probability of belonging to the VRL class.
If this probability was less than 0.5, the image was classified as belonging to the vitritis
group, as the outcome was binary. Each eye was assigned to a group based on whether

the majority of that eye’s images were classified as VRL or as vitritis.



Clinical features considered in the statistical analysis were age at diagnosis (years), sex,

laterality, lens status (phakic or pseudophakic), and acquisition method (old and/ or new).

GLRLM_LRHGE = 359.5 L | GLRLM_LRHGE = 329.7 UVEITIS
GLSZM_HGZE = 314.8 . GLSZM_HGZE = 275.5

i NGTDM_Strength = 0.018 NGTDM_Strength = 0.013
INGTDM_Coarseness = 1.1 x 10-5 ! NGTDM_Coarseness = 7.5 x 107°
Q_I:CM_COrre_Iation = 0.35 GLCM_Correlation = 0.41

Figure 4. Comparison of two images: one patient with vitreous involvement in VRL (left)
and one with vitritis (right). The rectangular-shaped ROI shows the area where the
software calculated the radiomic features. In the upper left are shown, for example, the
numerical value of the features used by the model built using 128 grey levels.

2.2 Part 2

We retrospectively analysed patients examined at the Ocular Immunology Unit of the
AUSL-IRCCS of Reggio Emilia (Italy) between February 2022 and April 2024 who had
received a biopsy-proven diagnosis of VRL and had had at least one series of AS-OCT
image scans and an aqueous tap. All patients routinely underwent OCT in both eyes, while
an aqueous tap was performed only in the eye where there was greater suspicion of active
VRL as it is an invasive procedure. The study was conducted in agreement with the tenets
of the Declaration of Helsinki and received approval from the local ethics committee

(protocol n. 2019/0085664, Comitato Etico dell’Area Vasta Emilia Nord, Italy, and



subsequent substantial amendments, last approved on October 2025, with protocol n.

2025/0136790).

2.2.1 Imaging techniques

AS-OCT imaging was performed at baseline (i.e., prior to treatment initiation) whenever
possible, and at least every 12—15 months thereafter, or earlier in cases of clinical
worsening, in conjunction with a diagnostic aqueous tap, to identify relapses.

The main clinical outcome was active disease, defined as the presence of lymphoma cells
in the anterior chamber, vitreous cavity, or retina. The complement outcome was inactive
disease, defined as the absence of any evidence of residual disease within the anterior
chamber, vitreous cavity, or retina.>*%0

We acquired AS-OCT images with ANTERION (Heidelberg Engineering, Heidelberg,
Germany). This swept-source OCT device operates at a 1300 nm wavelength to enhance
tissue penetration, provides in-tissue axial and transverse resolutions of <10 um and ~30
um, respectively, and supports scan lengths of 14 £ 0.5 mm. We obtained OCT images
of the anterior vitreous by pushing the device towards the eye being studied. Because no
tracking solution is available to ensure identical positioning within the anterior vitreous,
we predefined a reproducible acquisition zone behind the lens up to the end of the visible
vitreous. For each eye, we collected one or more series of 25 horizontal B-scans, each 14
mm in length, spanning a total vertical extent of 6 mm, with a nominal sampling

resolution of 13.69 um.

2.2.2 Radiomic analysis

Anonymized Digital Imaging and Communications in Medicine (DICOM) files were
exported directly from the AS-OCT system. All images underwent quality control; scans
with evident artefacts, most notably the hyper-reflective bending area caused by corneal
shadowing in the anterior vitreous, were removed. Two experienced ophthalmologists
manually delineated the vitreous using rectangular ROIs extending from sub-lenticular
region to the most posterior extent of visible vitreous (Figure 5). ROI size varied
according to acquisition technique, slice location, and patient-specific clinical factors; the

image width depended on the relative distance from the optical axis. ROIs with a pixel



count <13,500 were excluded, consistent with thresholds reported for radiomics-based
predictive modelling in oncology.°!

After confirming image quality, we extracted radiomic features with the Radiomics tool
(version 1.2.0.0) using the segmented ROIs as input. The software is available free of
charge and is implemented in MATLAB® (MathWorks, Natick, MA, USA); all analyses
were performed in MATLAB R2021b. Each image went through a classification
algorithm that determined its probability of being assigned to the "inactive" or the "active"
disease category. A binary threshold of 0.5 was applied: if the cited probability was less
than 0.5, the image was classified as belonging to the inactive group. Each eye was
assigned to a group based on whether the majority of its images were classified as active
or inactive disease.

Using radiomics MATLAB software, we extracted a total of 43 features from each image
segmentation: histogram distribution (n=3), GLCM (n=9), GLRLM (n=13), GLSZM
(n=13) and NGTDM (n=5). Our radiomics pipeline consisted of the following steps: 1)
removal of correlated features (those with a Pearson’s 1? greater than 0.75); ii) splitting
into training and testing sets; iii) estimation of the optimal XGBoost parameters; iv)
fitting the XGBoost weights to the training and validation (obtained in a subsequent
splitting of the training set) data; v) evaluation of the model performance on the testing
set; vi) model’s explainability. The splitting into training and testing sets was performed
using patient information, ensuring that images of the same patient were not present in
both the training/validation and testing sets. Due to the low number of patients, we
addressed a possible bias in the splitting phase by using a cross-validation strategy
consisting of studying all possible combinations of models, leaving two patients out
(L2PO).52%3 The rationale for this was to choose a fair combination that could describe
the potential information of this method, preventing both too optimistic and overly
pessimistic scenarios. For every cluster, we selected the best features using the XGBoost
algorithm.

The primary performance metric was the area under the ROC curve computed by using
images from the two patients left out in each combination (the so-called out-of-bag
patients). To estimate the uncertainties, we used a cluster-aware bootstrap on the testing
set (within the same patient we sampled using the cluster structure), and a 95% confidence

interval (95% CI) was calculated. For each cluster, we calculated the area under the curve



(AUC) on the training and testing sets to compute the overall performance score (see Eq.

1):

score = AUCrqin — AUCest Eq. 1

Regarding the model’s explainability, we used SHapley Additive exPlanations (SHAP)
to quantify the contribution of each selected radiomic feature to the XGBoost model’s
predictions. For each subject, SHAP provides feature-level attributions relative to a
baseline (expected model output), with additive consistency: the baseline plus the sum of
SHAP values equals the model output. Global feature importance was summarized by
64-66

aggregating absolute SHAP values across subjects.

The radiomic model pipeline was executed with an in-house Python script.

2.2.3 Interleukins and mutation determinations

Concentrations of IL-6 and IL-10 in AH samples were measured using the Elecsys IL-6
immunoassay (IVD, Cobas), purchased from Roche, and the IL-10 solid phase enzyme
amplified sensitivity immunoassay (REF: EIA-4699, IVD), purchased from DRG
Instruments. The lower limits of detection of IL-6 and IL-10 were, respectively, 1.5 pg/ml
and 1.6 pg/ml. Both assays have been validated by the manufacturers on serum samples,
and the IL-6 kit also on plasma samples. References ranges are thus available only for
serum and plasma samples (0-7 pg/ml for IL-6; 0-3.3 pg/ml for IL-10). The samples were
always tested at multiple dilutions (1:10, 1:20, 1:40) to verify the linearity of the
analytical data. An IL-10:IL-6 ratio >1 is suggestive of active disease.

Regarding MYDS88, PlentiPlex™ MYDS88 L265P assay (PentaBase ApS Lumbyvej 19G
5000 Odense C, Denmark) was designed to detect the leucine-to-proline mutation in
codon 265 of the Myeloid differentiation primary response 88 protein (MYD88 L265P)
in genomic DNA (gDNA) samples. The test can detect the presence of the L265P
mutation, constituting up to 0.25% of a human gDNA sample (from formalin-fixed
paraffin-embedded tumour biopsies).

Regarding clonality B, the test is on the rearrangement of the IgH: FR1-JH, FR2-JH and
FR3-JH regions. It is a clonality search through PCR reactions, which are then run on the

sequencer with an analysis of fragments in capillary electrophoresis.



2.2.4 Statistical analysis

Summary measures (mean, median, standard deviation, 10th and 90th percentiles) were
calculated for each feature based on data collapsed at the individual-visit-eye level.
Univariate logistic regression models were built to assess the association between each
summary measure and the two determinable outcomes: clinical and molecular. Results
are reported as odds ratios (ORs) with 95% confidence intervals (Cls).

Logistic regression models were used to evaluate the association between individual
radiomic features extracted from AS-OCT images and clinical outcome (inactive vs
active disease) using five different distributional summaries: mean, median, standard
deviation and 10th and 90th percentiles. Analyses were conducted on a per-visit level,
accounting for within-subject correlation using the svy command in Stata/SE version 18
to obtain robust standard errors in the logistic regression models.

To visualize the relationship between molecular outcome and feature summaries, we
considered only the cytokine balance and plotted the IL-10:IL-6 ratio against the synthetic
summary measures of the features, grouped by clinical outcome. We did not consider in
the statistical analysis the MYD88 L265P mutation and the IgH rearrangements as

molecular outcomes because the number of available data were too low.

Figure 5. Comparison of two anterior segment optical coherence tomography (AS-OCT)
images during follow-up: one patient with active (a) and one with inactive (b) VRL disease.
The yellow rectangular-shaped region of interest (ROI) shows the area where MATLAB
software calculated the radiomic features.



3. RESULTS

3.1 Part 1

Eleven patients with biopsy-proven VRL (a total of 19 eyes) and 17 patients (a total of
28 eyes) with vitritis were included in this retrospective study. Specifically, five patients
with Fuchs uveitis, four patients with sarcoidosis uveitis, two patients with Behget uveitis,
and six patients with uveitis of uncertain origin were enrolled in the group of vitritis.
Clinical features are summarised in Table 1. In both groups, there were more bilateral
than unilateral cases, and unilateral uveitis were Fuchs uveitis or uveitis of uncertain
origin. A total of 31 eyes were phakic and 16 were pseudophakic. There were 13 males
and 15 females. The mean age of vitritis patients was 55 years old (20—79), while that of
VRL patients was 72 (51-94) years old.

Overall, 3260/3705 (88%) AS-OCT images met our defined quality criteria, making them
eligible for analysis. Specifically, 2131 images were from eyes of patients with uveitis,
while 1129 were from eyes of patients with biopsy-proven VRL.

Table 2 shows the patient stratification per eye site, acquisition method, lens type, and
sex.

Age, sex, lens type (phakic or pseudophakic) and eye site (left or right) did not
demonstrate any correlation with the outcome (r = 0.4, r = 0.1, r = 0.1, and r = 0.0,
respectively). We observed a moderate correlation (r = 0.5) between vitritis outcome and
acquisition method that was intrinsically dependent on the ROI area.

Table 3 reports the models’ results for the different sets of grey-level sampling considered
in the radiomic analysis pre-processing. The model using 128 grey levels (Dataset Ng =
128) demonstrated the best performance in terms of AUC in both the training and the
testing dataset, 0.95 [CI 0.94, 0.96] and 0.84, respectively; in this model, accuracy was
0.860 and 0.781 in the training and the testing dataset, respectively, and precision was
0.985 and 0.582 in the training and the testing dataset, respectively. Using this model,
41/47 (87%) of eyes corresponding to 23/28 (82%) of patients were correctly diagnosed
as VRL or uveitis, regardless of the exam technique used or lens status. We clarify that
we have considered a patient as correctly classified only if both eyes were properly

identified in case of bilateral involvement. The ROC curves relative to the 128 gray level



model is shown in Figure 6. Table 4 gathers the Pearson correlation coefficients among
the radiomic features employed in the 128 grey-level model since the latter is the one that

proved to perform the best.

Patient Patient Analyzed . Acquisition P . Lens Type Left Lens Type

Code Sex Images (n) Label Site Age () Method Training Testing Eye (L) Right Eye (R)
433 F 124 Vitritis (FU) RL 26 both X Phakic Phakic
434 M 98 Vitritis (OS) RL 57 new X Phakic Phakic
439 F 132 Vitritis (OS) RL 74 new X Phakic Phakic
440 M 99 Vitritis (FU) L 50 new X Phakic N.A.
444 M 97 Vitritis (FU) L 39 new X Phakic N.A.
445 M 114 Vitritis (OS) RL 52 new X Pseudo-phakic Pseudo-phakic
405 M 111 Vitritis (FU) R 38 old X N.A. Phakic
435 F 96 Vitritis (BU) R,L 20 new X Phakic Phakic
437 F 239 Vitritis (BU) RL 26 new X Phakic Phakic
438 M 95 Vitritis (OS) RL 46 new X Pseudo-phakic Pseudo-phakic
48 F 217 Vitritis (FU) RL 65 old X Phakic Phakic
410 F 109 Vitritis (UUO) RL 79 old X Pseudo-phakic Pseudo-phakic
446 F 110 Vitritis (UUO) L 66 both X Phakic N.A.
466 F 90 Vitritis (UUO) R 62 both X N.A. Phakic
468 F 124 Vitritis (UUQO) RL 78 both X Pseudo-phakic Pseudo-phakic
491 M 174 Vitritis (UUQ) R,.L 75 both X Pseudo-phakic Pseudo-phakic
493 F 102 Vitritis (UUQ) L 79 both X Pseudo-phakic N.A.
393 F 56 VRL R,L 91 New X Pseudo-phakic Pseudo-phakic
432 M 132 VRL RL 73 new X Phakic Phakic
436 M 166 VRL RL 76 new X Pseudo-phakic Phakic
442 F 62 VRL RL 88 new X Phakic Pseudo-phakic
47 M 95 VRL R 99 new X N.A. Pseudo-phakic
103 M 82 VRL R,L 55 old X Phakic Phakic
173 M 145 VRL RL 51 old X Phakic Phakic
186 M 18 VRL L 58 old X Phakic NA.
363 F 80 VRL RL 71 old X Phakic Phakic
364 F 32 VRL L 82 old X N.A. Phakic
398 F 261 VRL RL 58 old X Phakic Phakic

Table 1. Database representation showing the patient selection and images number used

for training and testing groups. The lens description per each eye site is also reported (L:
left or R: right). F: female; M: male; N.A.: not acquired; FU: Fuchs uveitis;, OS: ocular
sarcoidosis; BU: Behget uveitis, UUQ: uveitis of uncertain origin.

Site
L R
Acquisition Method Acquisition Method
New old New old
Lens Type Lens Type Lens Type Lens Type
Phakic Pseudo-Phakic Phakic Pseudo-Phakic Phakic Pseudo-Phakic Phakic Pseudo-Phakic
Sex Sex Sex Sex Sex Sex Sex Sex
M F M F M F M F M F M F M F M F
Vitritis (n) 247 326 161 44 0 40 19 98 47 432 172 27 111 113 31 64
Averageage (y) 471 463 638 78 NA 419 78 79 57 454 59 78 38 467 66 79
VRL (n) 44 37 94 0 129 191 23 39 137 0 95 25 116 182 0 17
Averageage (y) 73 88 76 NA 532 613 76 91 741 NA 94 88 524 645 NA 91

Table 2. Patients’ stratification per eye site, acquisition method, lens type, and sex. n:
number of images for each class; y: years; L: left; R: right; M: male; F: female; N.A.:
not acquired.



Accuracy Precision AUC
(Train) (Train) (Train [CI 95%]) Radiomic Features Selected
(Test) (Test) (Test)
Dataset Ng = 16 0.878 0.968 0.947[0.937-0.956]  GLCM_Homogeneity, NGTDM_Busyness, GLRLM_LRHGE,
& 0.735 0.525 0.813 NGTDM_Coarseness, GLCM_Correlation
Dataset Ng = 32 0.844 0.987 0.938 [0.928-0.949] GLRLM_LRHGE, GLCM_Contrast, NGTDM_Coarseness,
8= 0.825 0.790 0.798 GLCM_Correlation, GLCM_Homogeneity
Dataset Ng = 64 0.860 0.995 0.942[0.932-0.951] GLRLM_LRHGE, GLCM_Homogeneity, NGTDM_Coarseness,
€ 0.827 0.798 0.809 GLCM_Correlation, GLCM_Contrast
Dataset Ng = 128 0.860 0.985 0.949 [0.940-0.958] GLRLM_LRHGE, NGTDM_Strength, GLSZM_HGZE,
& 0.830 0.795 0.843 NGTDM_Coarseness, GLCM_Correlation
Dataset Ng = 256 0.853 0.990 0.945[0.935-0.954]  GLRLM_LRHGE, NGTDM_Coarseness, GLCM_Correlation,
& 0.785 0.589 0.841 GLRLM_SRE, NGTDM_Complexity

Table 3. Radiomic model performance for the different grey levels (Ng). Accuracy,
precision, and AUC are reported. The last column on the right describes the five features
selected in each model.

GLRLM_LRHGE NGTDM_Strength GLSZM_HGZE

NGTDM_Coarseness GLCM_Correlation

GLRLM_LRHGE 1.00
NGTDM_Strength 0.54 1.00
GLSZM_HGZE 043 0.81 1.00
NGTDM_Coarseness 0.59 0.86 0.59 1.00
GLCM_Correlation 0.44 0.44 0.48 0.37 1.00

Table 4. Radiomic feature Pearson correlation coefficient used in the 128 grey-level

model.
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Figure 6. ROC curves obtained in training and testing sets with relative AUCs for model
using “Dataset Ng = 128"



3.2 Part 2

The study cohort consisted of eight patients with biopsy-proven VRL (four males and
four females; mean age 74 years), with a total of 22 visits and related image acquisitions
and 43 eyes analysed (22 right, 21 left). Four patients did not have baseline OCT images
because the instrument had not been available at the time of their diagnosis. Only one
patient did not undergo the follow-up aqueous humour sampling in either eye due to death
(for other reasons) before scheduling. Overall, 22 eyes were clinically classified as active
disease, while 21 were considered inactive. We collected 15 samples of aqueous humour
for molecular analyses. An IL-10:IL-6 ratio >1 was observed in seven eyes out of 15,
whereas MYDS88 mutations were detected in eight cases out of 13 analysable samples.
IgH rearrangements were positive in all the analysable samples (eight cases), with seven
missing determinations as the test was not performed due to the scarce quantity of
aqueous humour, as in two cases for the MYDS88. These descriptive characteristics are
summarized in Table 5.

From the L2PO analysis, we obtained an AUC metric of 0.74 with a 95% CI range of
0.68-0.81, indicating that the metric remained stable for most of our patient clusters
(Figure 6). The model with the best score showed an AUC of the test set of 0.78 (95%
CI: 0.73-0.85); the model we selected is named “L2PO: test 3+7” and the five most
important features chosen in this model were: GLRLM LRLGE (IBSI: IVPO),
HISTO_ Skewness (IBSI: 88K1), GLCM_Correlation (IBSI: NI2N), HISTO_ Variance
(IBSI: CH89), GLRLM LRHGE (IBSI: 3KUM). For complete nomenclature of the

features, see https://ig-osiris.cancer.fr/ig/osiris/CodeSystem-IBSICS.html. We report the

XGBoost parameters, feature selection result, model performances, and model
explainability in Table 6 and Figures 7-9.

Overall, while some variables showed strong odds ratios, graphical inspection revealed
limited discriminative power, with several associations driven by a few extreme
observations.

GLRLM LRLGE was the feature most consistently associated with disease activity. It
showed association with clinical outcome across all statistical summaries (Table 7): mean
(OR=2.51; p=0.015), median (OR=2.74; p=0.018), standard deviation (OR=11.27;
p=0.035), 10th percentile (OR=3.26; p=0.028), and 90th percentile (OR=1.94; p=0.010).


https://ig-osiris.cancer.fr/ig/osiris/CodeSystem-IBSICS.html

When IL-10:IL-6 ratio >1 was used as the outcome, the associations weakened (all p-
values >0.05), though mean and median values showed the same direction of effect (Table
8).

In Figures 10 and 11, the active VRL group shows a mild rightward shift and greater
dispersion, yet substantial overlap with inactive eyes persists. The apparent significance
thus reflects small-sample variability rather than a strong separation, suggesting limited
clinical discriminative value despite robust ORs.

HISTO_ variance was associated with IL-10:IL-6 ratio >1 (Table 8): mean (OR=10.27;
p=0.029) and median (OR=9.34; p=0.047), though borderline results for 90th percentile
(p = 0.058). For the clinical outcome, no significant relationship was found with
HISTO variance (Table 7). Plots in Figure 10 show broad variability with one evident
outlier in the high-ratio group that strongly influences the regression, cautioning against
excessive over-interpretation. In Figure 11, distributions are wide and largely
overlapping, with only a modest rightward skew in the active disease group. Overall,
HISTO_ variance may have captured global heterogeneity in pixel intensity, but the
apparent significance was driven by few extreme values and lacked clear separation
between groups.

GLCM_ correlation showed no appreciable association with clinical outcome (Table 7),
but was weakly associated with IL-10:IL-6 ratio > 1 for mean (p=0.099) and median
(p=0.062) values (Table 8). Graphical inspection suggests slightly higher values in eyes
with elevated cytokine ratios, yet both density plots show extensive overlap, with no clear
bimodality or thresholding effect. Thus, while GLCM_correlation may reflect subtle
texture regularity differences, its predictive contribution appears negligible in this small
cohort.

Across all outcomes, HISTO skewness showed no appreciable association with either
clinical activity or cytokine ratio (Tables 7 and 8). Figure 11 reveals flat or inconsistent
relationships within IL-10:IL-6 ratio, and the density plots in Figure 12 overlap almost
entirely. This indicates that histogram asymmetry does not provide a reliable signal of
VRL activity in this dataset.

GLRLM_LRHGE showed a weak positive trend in the clinical model (OR range 1.13—
1.83; all p-values >0.3. Table 7). No appreciable association was seen for IL-10:1L-6 ratio

>1 (Table 8).



Visually, feature distributions of the groups are nearly superimposed, confirming the
absence of discriminative capacity.

Overall, GLRLM_LRLGE emerged as the most reproducible descriptor, showing
consistent though moderate associations with disease activity. HISTO variance and
GLCM correlation exhibited partial or cytokine-specific trends, whereas
HISTO_skewness and GLRLM LRHGE provided no useful signal.

Radiomic feature analysis shows that a high GLRLM_LRLGE value indicates extensive
areas with relatively low intensity. Positive HISTO skewness means a long right tail in
the grey-level histogram, while negative skewness signifies the opposite. High
GLCM_correlation values point to a strong linear relationship between grey levels,
related to smoother textures, whereas low values suggest greater randomness. Elevated
HISTO variance indicates a broader range of intensity distribution. Lastly, high
GLRLM_LRHGE values identify long runs of high-intensity pixels, highlighting large
bright regions. Overall, these parameters serve as heterogeneity indicators, each capturing
different aspects of non-uniformity in grey-level intensity and texture within the image.
Model’s explainability supported these interpretations. In the SHAP summary plot,
GLRLM LRLGE shows the largest and most consistently positive impact on the model
output, indicating that extended runs of low grey levels drive predictions toward the
positive class (active VRL). Higher GLCM_ correlation values also tend to have positive
SHAP contributions, consistent with smoother, more linearly related grey levels
influencing the decision. HISTO_skewness exhibits a similar pattern. GLRLM_LRHGE
generally shows positive contributions at higher values, in line with long homogeneous
runs of high intensity, favouring the active VRL group due to high cellular density in the
image. By contrast, higher HISTO_ variance is associated with the inactive group or
mixed SHAP values, suggesting that the model interpreted a broad intensity spread as
evidence against the active disease class. Overall, these patterns confirm that the most
influential predictors are texture-based measures capturing different facets of grey-level

non-uniformity, reinforcing their shared role as heterogeneity descriptors.



ANTERION Imaging Eye laterality Clinical outcome Paracentests  IL-10:IL-6 ratla > 1
llact!, |

patientID  Sex Ye_ar B (0=i vi eye laterality uulcal_ne I1L-10:1L-6 MYD8S 1gH
of birth date (Re=right; L=left) 1= active disease) (R=right; (0=inactivity; ratio
L=left) 1= active disease)
10/2023 R L 0 1 L - 1 1.04 Pos
001 M 1957 12/2023 R L 0 0 - - - - -
02/2024 R L 0 1 L - 1 5.23 Pos Pos
01/2022 (TOD) R L 1 1 R - 1 - 111.93 Neg Pos
04/2023 R L 1 0 -
002 F 1951
07/2023 R L 1 o L - 0 0.01 Neg
11/2023 R L 0 0 R - 0 - 0.00 Neg
12/2022 R - 0 - R - 0 - 0.00
. : 1940 01/2024 R L 0 o -
04/2022 (TOD) R L 1 1 L - 1 12.16 Pos
004 F 1964 1172022 R L 0 0 - - - -
11/2023 R L 0 0 R - 0 - 0.02 Neg Pos
11/2022 (TOD) R L 1 1 R - 0 - 0.52 Pos Pos
i B hads 02/2024 R L 1 1 L - 0 0.04 - Pos
11/2022 R L 0 0
06/2023 R L 1 1 R - 1 - 6.05 Pos
006 M 1946 10/2023 R L 1 1 -
11/2023 R L 1 1 R - 1 - 4.98 Pos Pos
02/2024 R L 1 1 R - 1 - 27.51 Pos Pos
08/2023 (TOD) R L 1 0 L - 0 0.02 Pos
007 F R 11/2023 R L 1 0 -
008 M 1961 09/2023 R L 0 0 R - 0 : 0.02 Neg  Pos

Table 5. Descriptive characteristics of the study cohort. Overall, 8 patients were
included, with 22 visits and 43 eyes evaluated (22 right, 21 left). Clinical outcome: 21
inactive diseases, 22 active diseases. IL-10:1L-6 >1 outcome: 7 cases out of 15. MYDS88
positive outcome: 8 eyes out of 13. IgH rearrangements positive outcome: 8 cases out of
8. The results of MYDS88 and IgH rearrangements were not divided into right and left
eyes because their data derive from the analysis of the same samples on which the IL-
10:1L-6 ratio was quantified and it was not possible to carry out such further molecular
analyses for all the samples.

Parameter Value
'‘colsample_bytree' 0.084829
'gamma’ 1.543222
'learning_rate' 0.099942
'min_child_weight' 8
'max_depth' 18
'n_estimators' 158
'subsample’ 0.673114
'eval_metric' 'auc’
'seed' 0

10

'early_stopping_rounds'

Table 6. Optimal XGBoost model parameter calculated.



Clinical outcome
inactive disease active disease

n=21 n=22 OR p-value 95% CI

mean (SD) mean (SD)
mean
glem_correlation -0.21 (1.20) -0.43 (0.73) 0.789 0.467 0.079 1.747
histo_skewness 0.33 (0.13) 0.06 (0.59) 0.709 0.389 0315 1.60
histo_variance -0.08 (0.95) -0.28 (0.54) 0.690 0436 0.261 1.826
glrim_Irhge -0.00 (1.08) 0.26 (1.14) 1.255 0.409 0.717 2.196
glrim_lIrige -0.17 (0.45) 0.58 (1.28) 2510 0.015 1.221 5.159
median
glem_correlation -0.17(1.23) -0.42 (0.80) 0.787 0436 0419 1.474
histo_skewness 0.28 (0.12) -0.03 (0.59) 0.668 0315 0.296 1.509
histo_variance -0.08 (0.96) -0.32 (0.50) 0.646 0.351 0.249 1.676
glrim_Irhge -0.06 (1.05) 0.25(1.19) 1.300 0317 0.763 2217
glrim_lIrige -0.23 (0.41) 046 (1.21) 2.735 0.018 1.207 6.196
standard deviation
glem_correlation 0.33 (0.17) 0.42 (0.19) 17.791 0.159 0294  1,077.770
histo_skewness 0.44 (0.22) 0.49 (0.19) 3339 0.442 0.136 81.893
histo_variance 0.26 (0.32) 0.25(0.27) 0928 0.957 0.054 15.808
glrim_Irhge 0.30 (0.35) 0.37 (0.36) 1.828 0.570 0.208 16.073
glrlm_lIrlge 0.25 (0.17) 0.55(0.53) 11.268 0.035 1214 104.592
10th percentile
glem_correlation -0.60 (1.16) -0.94 (0.69) 0.676 0226 0.357 1.299
histo_skewness -0.21 (1.03) -0.47 (0.47) 0.643 0356 0.243 1.701
histo_variance -0.40 (0.62) -0.60 (0.22) 0324 0.181 0.059 1.765
glrlm_Irhge -0.31 (0.80) -0.21 (0.64) 1.223 0.648 0.489 3.083
glrlm_lIrlge -0.40 (0.36) 0.04 (0.82) 3.261 0.028 1.147 9.273
90th percentile
glem_correlation 0.15 (1.23) 0.12 (0.73) 0973 0.937 0477 1.984
histo_skewness 0.90 (1.35) 0.76 (0.83) 0.886 0.699 0.467 1.698
histo_variance 0.27 (1.36) 0.07 (0.93) 0.858 0.646 0.434 1.698
glrlm_Irhge 0.45 (1.52) 0.72 (1.53) 1.130 0.569 0.728 1.754
glrim_Irige 0.13 (0.55) 1.29 (1.89) 1.944 0.010 1.194 3.165

Table 7. Univariate logistic regression models for clinical outcome (inactive vs. active
disease). Odds ratios (OR) with 95% confidence intervals (CI) and p-values are reported
for each radiomic feature across different statistical measures (mean, median, standard
deviation, 10th percentile and 90th percentile).



IL10:IL6 ratio >1
inactive disease active disease

n=8 n=7 OR p-value 95% Cl

mean (SD) mean (SD)
mean
glem_correlation -0.72 (0.67) -0.17 (0.66) 4.267 0.099 0.734 24.799
histo_skewness 0.40 (0.54) 0.15 (0.82) 0.542 0.428 0.108 2.712
histo_variance -0.54 (0.12) -0.19 (0.66) 10.271 0.029 1.319 79.973
glrlm_Irhge 0.06 (1.24) 0.10(1.10) 1.038 0.939 0.365 2.958
glrim_Irlge 0.18 (1.05) 0.40(1.11) 1.247 0.693 0.386 4.026
median
glem_correlation -0.71 (0.69) -0.10 (0.62) 5.134 0.062 0.910 28.967
histo_skewness 0.32(0.55) 0.07 (0.80) 0.536 0.422 0.107 2.698
histo_variance -0.55 (0.12) -0.25 (0.60) 9.336 0.047 1.038 84.008
glrim_Irhge 0.02(1.21) 0.07 (1.10) 1.037 0.943 0.358 3.004
glrlm_Irige 0.09 (1.01) 0.31(1.02) 1.275 0.685 0.362 4.492
standard deviation
glem_correlation 0.34 (0.21) 0.40 (0.18) 4.531 0.605 0.009 2,085.853
histo_skewness 0.47(0.20) 0.58 (0.25) 12.666 0316 0.067 2,374.786
histo_wariance 0.14 (0.05) 0.29 (0.29) 194.925 0.075 0.544  69,825.720
glrlm_Irhge 0.27(0.32) 0.32 (0.33) 1.816 0.744 0.039 83.915
glrlm_Irlge 0.42 (0.43) 041(031) 0.859 0918 0.038 19.267
10th percentile
glem_correlation -1.10 (0.57) -0.71 (0.69) 3.028 0.342 0.270 33.905
histo_skewness -0.13 (0.39) -0.53 (0.64) 0.176 0.109 0.020 1.549
histo_variance -0.69 (0.07) -0.53 (0.31) 63.059 0.085 0.523 7,604.937
glrlm_Irhge -0.24 (0.92) -0.27 (0.69) 0.941 0.929 0.221 4.012
glrlm_Irlge -0.22 (0.63) -0.04 (0.82) 1.458 0.632 0.279 7.621
90th percentile
glem_correlation -0.33 (0.86) 0.32 (0.67) 3.541 0.066 0.908 13.800
histo_skewness 1.03 (0.76) 1.02 (1.15) 0.984 0.980 0.264 3.670
histo_variance -0.38 (0.16) 0.23 (1.06) 6.429 0.058 0.933 44.304
glrlm _lIrhge 0.40 (1.60) 0.54 (1.49) 1.069 0.858 0.483 2.370
glrim_Irlge 0.64 (1.50) 1.04 (1.69) 1.119 0.632 0.541 2.660

Table 8. Univariate logistic regression models for IL10:1L6 ratio outcome (inactive vs.
active disease). Odds ratios (OR) with 95% confidence intervals (CI) and p-values are
reported for each radiomic feature across different statistical measures (mean, median,
standard deviation, 10th percentile and 90th percentile).
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Figure 7. Performance across leave-two-patients-out (L2PO) cross-validation. Each
horizontal bar reports the AUC with 95% CI for the test fold defined by the two held-out
patients (listed at left); the model was trained on all remaining patients (n—2) for each
fold to avoid subject leakage. The diamond shows the overall AUC pooled across folds
using a random-effects model. Vertical dashed lines mark AUC = (0.25, 0.5, and 1.0.
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Figure 8. Feature importance.
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Black points indicate active disease, and grey points indicate inactive disease.
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percentile of the selected radiomic features. Darker grey refers to inactive disease.

4. DISCUSSION

4.1 Part 1

The incidence of VRL has increased over the last decades thanks to improvements in
diagnostics and advances in health care, resulting in longer life expectancies. It must be
emphasised that patients later found to be affected by VRL are being referred more
frequently to a uveitis specialist because these tumours may mimic inflammatory eye
disease. For this reason, recognising VRL, especially, in differential diagnosis with
uveitis is a great challenge; the high rate of diagnostic delay worsens not only the visual
prognosis, it also, and more importantly, shortens the patient’s life. It is important to
objectively discriminate between vitreous infiltration in VRL and vitreous inflammation
inuveitis. Indeed, the former has characteristics that are so beyond clinical uveitis grading
that it can be defined as “muddy”, corresponding to aurora borealis and string of pearls

in ultrawide-field imaging. Vitreous morphological characteristics are traceable to two



different etiopathogenic pathways: inflammation in the case of uveitis and cancer in the
case of VRL.!?

Multimodal imaging could aid in detecting “muddy” vitreous. The only imaging valuable
for diagnosing VRL is currently that of the posterior segment.>! Our study evaluated the
possible usefulness of the AS-OCT in diagnosing this rare but dangerous tumour. To
obtain this result, we based our predictive model on biopsy-proven lymphomatous cases
to distinguish between vitreous involvement in VRL and vitritis. To verify the accuracy
of AS-OCT, data from 28 patients (11 with biopsy-proven VRL and 17 with differential
diagnosis uveitis) were used to train and test our model’s performance.

Our results show that age did not influence the model outcome. On the one hand, it is true
that the vitreous undergoes morphological changes with age, leading to an increase in
opacities perceived as floaters, which sometimes functionally disturb vision (the so-
called “vision degrading myodesopsia”).®” On the other hand, it has recently been
highlighted that the structural and morphological alterations of the anterior vitreous can
be analysed with OCT, which is able to distinguish between the vitreous cisterns and
lacunae, which are hyporeflective, and the hyper-reflective macromolecular aggregates
of collagen that form the bundles of linear fibrils typical of the aging vitreous.®

This is the first study that evaluates radiomics in uveitis. However, in ophthalmology,
radiomic models have been preliminarily studied in diabetic retinopathy, retinal venous
occlusions, and relative response to anti-vascular endothelial growth factors (VEGF).”%7!
The basis of radiomics consists of extracting well-defined, hand-crafted features from the
image pixels in order to grasp what is not explainable using the clinician’s eye.”>”?
Indeed, looking at the OCT scans of the anterior vitreous, clinicians would not be able to
distinguish between vitreous involvement due to VRL or vitritis. On the contrary,
radiomics performs a mathematical analysis on each single OCT capture, so it is able to
catch differences in the pattern of all analysed images. It allowed us to reach the correct
diagnosis in 87% of eyes and in 82% of patients. Our study shows that radiomic
processing of the AS-OCT images could be an important supportive test helping the
clinician in the diagnostic pathway of VRL.

It is important to note that we did not use the acquisition method as a feature to train the
models because it would have been a bias, given the retrospective nature of this study.

Due to the rarity of VRL, it is very difficult to collect a sizable cohort of these patients.



Based on the results listed in Table 4, we found that several features were collinear, which
could cause a problem with the proposed radiomic model. However, the xgboost
algorithm was not affected by collinearity issues because it consisted of a decision tree
ensemble classifier.

Our research shows that using a higher number of grey levels can highlight finer
variations in the image as well as the complexity of their arrangement in the vitreous
chamber. On the contrary, too many grey levels may introduce a bias in the model
prediction caused by image noise. Decreasing the number of levels is a sort of complexity
reduction, meaning that their ability to detect different details in the vitreal cavity
diminishes. A trade-off must be considered; our analysis found it in 128 grey levels. The
selected features to build radiomic models have in common their ability to describe how
the higher number of pixels (normal vitreous tends to be represented with zero values)
are arranged, and their relative displacement is better described in models with higher
grey levels.

There has recently been an increasing number of studies employing deep learning in
differential diagnosis. However, we decided to use a machine learning method because
we did not have a sufficient number of patients/eyes available due to VRL being a rare
pathology. The optimal starting point should be to adopt machine learning methods to
assess the feasibility of using Al techniques for this unexplored kind of imaging. A future
deep learning-based study is possible, provided there are more data.”

In summary, the strength of this work is the relative simplicity of application of the
described method based on a machine learning technique that allows calculating a
probability of discrimination of VRL in a short time. Moreover, this study has some
limitations. First, the retrospective nature of the analysis limited the consistency of the
data. Second, the small sample size decreased the power of our statistical analysis. Third,
this was a single-centre study. Because of these limitations, we could not perform a
harmonisation of our data because it was not possible to apply the methods described in
the literature.”-78

In conclusion, this preliminary retrospective study highlights how the AS-OCT can
support the clinician in suspected VRL. Clearly, it should be emphasised that it is still
necessary to collect a vitreous and/or aqueous sample to confirm a diagnosis, but AS-

OCT is a quick and easy-to-use additional tool for deciding whether a diagnostic



vitrectomy is required. This makes it possible to achieve the goal of reducing diagnostic
delay, which would improve not only the patient’s visual prognosis but above all the
quoad vitam prognosis. Further multicentre studies with a larger population sample are

needed to confirm our results.

4.2 Part 2

In this exploratory study, after extracting radiomic features information from AS-OCT
images, we built predictive models to distinguish between active and inactive VRL. We
used an L2PO technique to address eventual biases and to reduce overfitting. Our models
showed a median AUC of 0.74 (95% CI: 0.68—0.81), indicating that the metric was stable
within the patient clusters used.

We identified several radiomic features that demonstrated strong associations with active
VRL. Among these, GLRLM LRLGE emerged as the most consistent descriptor,
showing strong correlations across multiple distributional summaries with active disease
status. HISTO_variance and GLCM_ correlation also displayed suggestive associations
with the IL-10:IL-6 ratio, supporting the hypothesis that local textural heterogeneity
within the analysed anterior vitreous could reflect cellular activity. However, we would
like to highlight that these features quantify the variability and spatial organization of
pixel intensities rather than any directly measurable biological property. Consequently,
their interpretation should remain strictly image-based: they represent intrinsic statistical
patterns of the OCT signal, not morphological or cellular correlates. Model explainability
(SHAP analysis) confirmed that the most influential features were those describing local
intensity dispersion and texture uniformity, reinforcing that radiomics primarily captures
heterogeneity-related aspects of image structure.

Overall, no single radiomic parameter achieved a discriminative performance sufficient
for clinical application. The partial overlap of feature distributions between active and
inactive eyes indicates that radiomics alone, in its current form, cannot reliably determine
VRL disease activity.

Importantly, across all variables, visual plots reveal that most differences were small and
often driven by isolated data points. Thus, although some features reached statistical
significance, their biological or diagnostic meaning remains uncertain, and they should

be interpreted as indicators of imaging heterogeneity rather than true disease markers.



To date, no other study has specifically explored radiomic analysis of AS-OCT images in
predicting active or inactive VRL. Previous investigations in ophthalmology have
focused on texture-based image analysis for anterior and posterior segment inflammation,
showing correlations between OCT-derived parameters and clinical grading of anterior
chamber inflammation or vitreous haze. In fact, OCT-based approaches such as anterior
chamber cells and flare quantification and posterior vitreous density mapping offer
indirect but non-invasive insight, although none have yet achieved standardization or
widespread clinical adoption in uveitis.*® Instead, in oncology, radiomics has been
extensively applied for tumour classification, response prediction, and minimal residual
disease detection, supporting the conceptual transferability of this approach to ocular
oncology.”

Alternative strategies for non-invasive VRL monitoring remain limited. Serial IL-10:1L-
6 quantification, MYD88 L265P detection, and IgH clonality testing from aqueous
humour have been proposed as surrogate biomarkers, but all require aqueous tap and
suffer from inconsistent reproducibility. In this context, our pilot study represents the first
step toward quantitative, image-based monitoring of VRL.?

The main limitation of our study is its small sample size, which is inherent to VRL studies
given the rarity of this disease; the small sample size therefore restricted both the study’s
statistical power and the generalizability of our findings.

A further challenge was that there is no universally accepted gold standard for intraocular
VRL activity assessment. We therefore adopted a pragmatic composite reference that
integrated clinical examination, laboratory results (IL-10:IL-6 ratio, MYDS8S, IgH),
physician decision to modify therapy and longitudinal follow-up. This strategy has a
strong clinical rationale but may have introduced heterogeneity as clinical decisions and
biomarker fluctuations can be context-dependent.

Another limitation is related to the radiomics pipeline itself: each AS-OCT image
represents only a portion of the anterior vitreous, and variations in scan position and
image quality can influence feature extraction. Despite implementing quality thresholds
and cross-validation, residual technical variability cannot be excluded.

Lastly, MYD88 L265P mutation and IgH clonality assays in our cohort were almost
uniformly positive whenever active disease was present. While it is tempting to interpret

this as near-perfect sensitivity, we consider it more likely an artefact of limited sample



size and homogeneity. In fact, it is known that VRL exists even in the absence of MYD88
mutation and IgH rearrangements.> Finally, since few aqueous taps were performed
because of its invasiveness, the availability of complementary biological validation was
limited.

Despite its limitations, this study also has significant strengths. First of all, the idea of
applying an artificial intelligence method in a still highly under-explored pathology such
as VRL is original. The fully quantitative non-invasive imaging approach of this study is
innovative because nowadays the quantitative determination of VRL activity is still based
on the aqueous tap. Furthermore, our study presents a reproducible processing pipeline,
as illustrated in the radiomic framework of the methods. Last but not least, seeking an
integration with biomolecular data is an important strength since these data currently
constitute a fundamental diagnostic tool for evaluating VRL activity.

Our results indicate that AS-OCT images carry latent information related to VRL activity
that can be quantitatively extracted through radiomic analysis. Although none of the
individual features achieved robust discrimination, when taken together, they showed
promising predictivity of clinical outcomes.

Future research should focus on expanding the dataset to allow the development of multi-
feature predictive models, possibly by integrating radiomic, molecular, and clinical
parameters. In fact, a combined approach that integrates radiomic features and aqueous
humour biomarkers could enhance the robustness of disease-monitoring models. If
validated, this model could help to identify patient subgroups where invasive sampling
can be avoided, for instance, in eyes whose radiomic profiles are characterized by high
positive or negative predictive value for active or inactive VRL, respectively. Any
treatment in these cases could be determined even in the absence of an aqueous tap, which
would be reserved only for those patients with residual uncertainty.

In conclusion, the findings of this pilot start-up study suggest that radiomics-based texture
analysis may hold potential for assessing VRL active disease through AS-OCT and
reinforce the hypothesis that radiomics could become a non-invasive adjunct tool for
disease monitoring, thereby supporting precision-based management in VRL. Although
partial overlap between radiomic patterns in active and inactive eyes limits definitive

discrimination at this stage, these preliminary findings indicate that radiomics could



represent a meaningful objective for future investigations aiming to refine non-invasive

diagnostic strategies.

Key points:

VRL is often mistaken for uveitis, significantly delaying the diagnosis and markedly
worsening the patient's prognosis.

Cytology remains the diagnostic gold standard for VRL, although its sensitivity is
suboptimal.

Ancillary tests on ocular fluids allow for an improved ability to diagnose vitreoretinal
lymphoma. Currently, the most widely used are the IL-10/IL-6 ratio, the presence of
mutations in the MYDS88 gene, and the presence of rearrangements in the
immunoglobulin heavy chains.

Firstly, we explored the ability of AS-OCT in distinguishing lymphocytic infiltration
from inflammatory infiltration within the anterior vitreous by using a radiomic
classification model.

We built a classification model, through which 87% of eyes were correctly diagnosed
as VRL or uveitis. AUCs in the 128 grey-level model were 0.95 [CI 0.94, 0.96] and
0.84 for training and testing datasets, respectively.

Secondly, we investigated the ability of a radiomics-based classification model to
identify AS-OCT image features compatible with active VRL (recurrence). The
secondary aim was to investigate the possible association between the results of this
non-invasive method and the aqueous tap molecular biomarkers currently used to
determine VRL disease activity.

We obtained an AUC metric of 0.74 [C1 0.68-0.81]. GLRLM_LRLGE was the feature
most consistently associated with disease activity. When IL-10:IL-6 >1 was used as
the outcome, the association weakened (all p-values >0.05), though mean and median
values showed the same direction of effect.

These are the first attempts to evaluate the capabilities of AS-OCT in the differential
diagnosis between VRL and uveitis, and in identifying the recurrence of VRL. Studies

with a larger patient cohort are necessary to confirm our results.
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