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Abstract: Background: Retinal texture has gained momentum as a source of biomarkers of neurode-
generation, as it is sensitive to subtle differences in the central nervous system from texture analysis of
the neuroretina. Sex differences in the retina structure, as detected by layer thickness measurements
from optical coherence tomography (OCT) data, have been discussed in the literature. However, the
effect of sex on retinal interocular differences in healthy adults has been overlooked and remains
largely unreported. Methods: We computed mean value fundus images for the neuroretina layers as
imaged by OCT of healthy individuals. Texture metrics were obtained from these images to assess
whether women and men have the same retina texture characteristics in both eyes. Texture features
were tested for group mean differences between the right and left eye. Results: Corrected texture
differences exist only in the female group. Conclusions: This work illustrates that the differences
between the right and left eyes manifest differently in females and males. This further supports the
need for tight control and minute analysis in studies where interocular asymmetry may be used as a
disease biomarker, and the potential of texture analysis applied to OCT imaging to spot differences in
the retina.

Keywords: texture analysis; neuroretina; central nervous system; sex differences; interocular
asymmetry; optical coherence tomography

1. Introduction

In light of the thoroughly researched relationship between the eye and the brain [1–4],
sex differences in brain size have been hypothesised [5] to be associated with reports
of sexual dimorphism in visual perception. Interestingly, lateral hemisphere activation
during visual perception tasks was found to be independent of sex, handedness, and ocular
dominance [6], the latter being associated with interocular retinal thickness asymmetries [7].

The difference between the right and left eyes of the same individual is a phenomenon
of interest where retinal biomarkers are concerned. The difference between the two eyes is
a key factor to consider when interpreting retinal thickness values in ocular disorders such
as glaucoma [8,9], particularly in its early stages, when both eyes still yield measurements
within normative values.

When it comes to the healthy population, a certain degree of retinal thickness sym-
metry is often assumed. While some studies confirm this symmetry assumption [8,10],
others report statistically significant differences between healthy individuals’ right and
left eyes [9,11]. Notably, Jacobsen et al. [12] found a slight age and sex effect on retinal
thickness interocular differences but advised caution in considering the magnitude of such
an effect. Furthermore, a few studies in pediatric subjects have reported no sex effects on
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interocular thickness symmetry [13–15]. Overall, sex remains largely overlooked when
comparing right and left eyes in healthy adults.

The literature on sex differences found in retinal structure is focused mostly around single-
layer or full retina thickness, as measured by optical coherence tomography (OCT) [10,16–19].
OCT is a non-invasive imaging technique used for the visualization of the microstructure
of various biological tissues in vivo and in situ. In clinical settings, OCT imaging plays
an important role in the diagnosis of ocular disorders. Furthermore, this medical imaging
technique is increasingly employed in neuroimaging research, where the potential of using
the retina as a window to the brain [1–4] for the diagnosis of neurodegenerative disorders
such as Alzheimer’s disease [20,21], Parkinson’s disease [22,23], and multiple sclerosis [24,25],
is being explored.

Several OCT-based studies have reported differences in retinal thickness between women
and men. Men are often reported to have thicker retinas than women [10,16,17], although
some conflicting results have been found [8,17]. In their study, Ooto and Yoshimura [18]
hypothesised that the increased retinal thickness in men might be associated with a relatively
larger eye size. On the other hand, Delori et al. [19] discusses how sex differences in the
shape and size of the fovea may affect thickness measurements. However, non-anatomical
factors may play an even larger role in the sexual dimorphism of the human retina. The
relationship between various retinopathies and gonadal hormones has been addressed, as
in [26,27], where the authors highlighted the role of sex hormones on the pathophysiology of
ocular disorders, such as age-related macular degeneration and diabetic retinopathy. Despite
the possible connection between gonadal hormones and the health/disease status of the retina,
the intricate interplay between sex and vision both in healthy individuals and across different
disease processes [5] suggests that observed sex differences in the retina cannot be attributed
to a single mechanism [28].

Ultimately, studying the differences between the right and left eyes in the healthy
population helps determine the normal demographic variations, allowing pathological
deviations to be correctly identified. Indeed, for some disorders, interocular asymmetries
have been used as a biomarker of disease [29,30]. Although thickness measurements
are usually the metric of choice, interocular differences have also been identified in non-
thickness measurements, such as vessel diameter [11]. Another example is the topography
of the foveal centre mosaic, where a slight sex asymmetry was found [31].

In recent years, the use of yet another type of information–image texture–from OCT
data has been introduced [32,33]. Texture plays an important role in identifying objects
and understanding complex scenes [34,35]. The concept of image or visual texture is
challenging to define, and different definitions have been proposed in the literature. A
generally agreed-upon description for image texture defines it as the spatial arrangement
of an image’s pixels’ grey-level/intensity/brightness values or colour [36–38].

Texture analysis is thus an umbrella term encompassing different approaches aimed
at quantifying or describing the spatial distribution of grey levels or colour within an
image. The field of texture analysis has been gaining momentum as a source of valuable
biomarkers for neurodegeneration. The use of texture-based methods as a tool to assess
the central nervous system (CNS) status from medical neuroimaging data is based on the
premise that medical images contain a quantifiable texture “signature” [37] that is specific
to a particular biological process or state, be it healthy (normal) or pathological. Where
retinal OCT imaging is concerned, texture analysis methods have been employed to explore
structural alterations resulting from specific ophthalmological (e.g., glaucoma [32]) and
neurodegenerative disorders (e.g., Alzheimer’s disease and Parkinson’s disease [33], and
multiple sclerosis [24,25]), and to characterise the healthy (normal) ageing process [39].

Out of the wide variety of texture-based methods available, the grey-level co-occurrence
matrix (GLCM) method stands out for its popularity and broad applicability. This method
was first proposed by Haralick et al. [36] in 1973. Despite its early development, it re-
mains, to this day, a benchmark method in comparative studies that employ texture
ensemble approaches.



J. Imaging 2024, 10, 6 3 of 12

The GLCM texture analysis method starts by computing one or more co-occurrence
matrices from the images under study. In a co-occurrence matrix, pairs of grey-level values
of image pixels with a specific spatial relationship (e.g., two adjacent pixels in the horizontal
direction) are tabulated. Typically, four different matrices are computed for the same inter-
pixel distance, corresponding to four different pixel pair orientations: 0◦, 45◦, 90◦, and 135◦.
Texture features are then computed from these matrices to characterise the local grey-level
variations within the image.

We propose using texture metrics derived from the GLCM to assess the sex effect
on interocular differences in the healthy population, as texture-based methods can detect
discrepancies in the retina that are not conveyed by thickness measurements [24,25,32,33].

In this study, we investigate the differences in texture of the neuroretina between
healthy individuals’ right and left eyes. More specifically, we demonstrate how interocular
differences manifest differently in men and women, as quantified by retinal GLCM-based
texture features. Furthermore, focusing specifically on the six layers of the neuroretina,
these variations highlight sex differences in the CNS.

2. Materials and Methods

All image processing and statistical analysis were performed using Matlab R2022a (The
MathWorks Inc., Natick, MA, USA) running on a Ubuntu operating system desktop computer.

2.1. Data Collection

The data were gathered from the authors’ institutional database. The studies from
which data were collected were approved by the Faculty of Medicine of the University of
Coimbra Ethics Committee, performed according to the tenets laid out in the Declaration of
Helsinki [40], and informed consents were obtained from all participants. All data herein
were anonymized.

Both eyes of 98 age-matched and sex-balanced healthy controls with no known retinal
pathology were imaged by Cirrus HD-OCT 5000 (Carl Zeiss Meditec, Dublin, CA, USA)
scanner, using the 512 × 128 macular cube protocol centred on the macula. The same
operator performed all acquisitions. All participants had normal visual acuity (≥0.8 in
each eye), a sphere between ±5 diopters, and a cylinder between ±3 diopters. None of
the participants had a medical history of ophthalmological, neurological, or other systemic
diseases. For more details on group demographics, please refer to Table 1.

Table 1. Demographic data.

Female Male

N 49 49
Age (years): mean(std) 42.5(16.3) 42.0(16.0)
Age (years): min(max) 19(74) 20(74)

Right (left) eyes 49(49) 49(49)
Total acquisitions 98 98

2.2. Image Processing

The OCT Explorer software (Retinal Image Analysis Lab, Iowa Institute for Biomedical
Imaging, Iowa City, IA, USA) [41–43] was used to segment the six layers of the neuroretina:
the retinal nerve fibre layer (RNFL), the ganglion cell layer (GCL), the inner plexiform layer
(IPL), the inner nuclear layer (INL), the outer plexiform layer (OPL), and the outer nuclear
layer (ONL).

A 2D mean value fundus (MVF) reference image for each of the six neuroretina layers
was computed from the 3D OCT data of each eye scan, following the approach in [44]. In
this image, each pixel is the depth-wise average of the A-scan values located between the
two retinal layer interfaces that delineate the layer of interest (see Figures 1 and 2).
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Figure 1. Representation of a mean value fundus image (MVF) computed for the outer nuclear layer 
(ONL) of the right eye of a 54-year-old female participant regarding the optical coherence tomogra-
phy volumetric data acquired. These images are shown for reference purposes only; the MVF image 
projection was intensity-corrected for ease of visualisation. 

 

Figure 2. An optical coherence tomography volume (left) is shown with interfaces displayed in col-
our, e.g., the interface vitreous-retina in blue. Pseudo-colour fundus images are (right) shown for 
retinal layers of the right eye of a 54-year-old female participant: the retinal nerve fibre layer (RNFL), 
the ganglion cell layer (GCL), the inner plexiform layer (IPL), the inner nuclear layer (INL), the outer 
plexiform layer (OPL), and the outer nuclear layer (ONL). Pseudo-colour is used for the ease of 
visualisation only. 

MVF images of left eyes were flipped horizontally so that the temporal and nasal 
regions were consistent across all eye scans. This ensures that comparative analysis of the 
computed texture features considers metrics originating from the same relative position 
across eyes (see Figure 3). 

Figure 1. Representation of a mean value fundus image (MVF) computed for the outer nuclear layer
(ONL) of the right eye of a 54-year-old female participant regarding the optical coherence tomography
volumetric data acquired. These images are shown for reference purposes only; the MVF image
projection was intensity-corrected for ease of visualisation.
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Figure 2. An optical coherence tomography volume (left) is shown with interfaces displayed in
colour, e.g., the interface vitreous-retina in blue. Pseudo-colour fundus images are (right) shown
for retinal layers of the right eye of a 54-year-old female participant: the retinal nerve fibre layer
(RNFL), the ganglion cell layer (GCL), the inner plexiform layer (IPL), the inner nuclear layer (INL),
the outer plexiform layer (OPL), and the outer nuclear layer (ONL). Pseudo-colour is used for the
ease of visualisation only.

MVF images of left eyes were flipped horizontally so that the temporal and nasal
regions were consistent across all eye scans. This ensures that comparative analysis of the
computed texture features considers metrics originating from the same relative position
across eyes (see Figure 3).

2.3. Texture Analysis

In this work, GLCM-based texture features were computed for each of six neuroretina
MVF images, following the previously used approach of [33,39]. The computation of texture
metrics from fundus reference images is a unique approach to OCT data analysis–one that
is significantly distinct from the traditional approach of measuring the thickness of the
retina (or that of specific retinal layers). A prior study [33] showed that texture-based
metrics computed from retinal MVF images are not simply a surrogate for OCT thickness
measurements. It was also discussed how these texture-based features could arguably
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be more discriminative than retinal thickness measurements, as they are able to capture
multivariate information; thickness-based measurements, on the other hand, only allow for
univariate comparisons.
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Figure 3. Example of the mean value fundus (MVF) images computed for the outer nuclear layer of a
54-year-old female participant: (a) the right eye; and (b) the left eye, flipped to match the regions
of the right eye. S, T, N, and I stand for the eye’s superior, temporal, nasal, and inferior regions,
respectively. These images are shown for reference purposes only; they were intensity-corrected and
pseudo-colour-coded for ease of visualisation.

The MVF images, originally of 512 × 128 pixels, were first down-sampled to 128 × 128
to obtain isotropic sampling in both the horizontal and vertical directions. These images
were also converted to 16 grey levels to reduce the size of the GLCM matrices.

Similar to our prior works [33,39], the down-sampled images were split into 7 × 7 non-
overlapping blocks (block size: 18 pixels in both directions), which were independently
analyzed. In each image, the central (4th) row and column of the 49-block grid square were
discarded from the analysis to exclude the image region corresponding to the fovea, where
some of the six retinal layers examined are reduced or inexistent (see Figure 4).

For each of the remaining 36 blocks on each image, four GLCMs were computed for
the pixel-pair orientations of 0◦, 45◦, 90◦, and 135◦, with angles 180◦ apart considered the
same, e.g., the pixel-pairs (i, j)/(i, j + d) and (i, j)/(i, j − d), corresponding to the angles 0◦

and 180◦, respectively, are considered to contribute to the same angle (0◦). All matrices
were computed for a pixel distance of one (d = 1).

For each block and pixel-pair orientation, 21 features were computed: (1) Autocorrela-
tion, (2) Cluster Prominence, (3) Cluster Shade, (4) Contrast, (5) Correlation, (6) Difference
Entropy, (7) Difference Variance, (8) Dissimilarity, (9) Energy, (10) Entropy, (11) Homo-
geneity, (12) Information Measure of Correlation 1 (IMC1), (13) Information Measure of
Correlation 2 (IMC2), (14) Inverse Difference, (15) Inverse Difference Moment Normalised
(IDMN), (16) Inverse Difference Normalized (IDN), (17) Maximum Probability, (18) Sum
Average, (19) Sum Entropy, (20) Sum of Squares–Variance (SSV), and (21) Sum Variance.
The definition of the texture features (1) to (3), (8), (10), and (17) can be found in [45], feature
(14) in [46], and the remaining features in [36]—except features (15) and (16), which are
simply normalized versions of features (11) and (14), respectively.

The maximum value across the four orientations for each feature in a given block
was selected as the sole feature value for the block. Blocks were then aggregated into
four groups of 3 × 3, corresponding to the temporal-superior (Q1), nasal-superior (Q2),
temporal-inferior (Q3), and nasal-inferior (Q4) quadrants. Finally, the average value of each
feature per retinal quadrant was used as the feature value for the quadrant. This resulted in
a total of 504 texture features (21 GLCM features × 6 layers × 4 quadrants) being computed
for each eye.
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were later aggregated into larger regions (shaded areas). Image axes are: x-axis (horizontal)—temporal
(left) to nasal (right) and y-axis (vertical)—superior (top) to inferior (bottom).

2.4. Statistical Analysis

The computed texture features were tested for group mean differences between female
and male participants’ right (OD) and left (OS) eyes. A pairwise correlation analysis was
first performed to exclude similar features.

Each feature was correlated (Pearson correlation) with all other features of the same
eye and group (female OD and female OS; male OD and male OS). First, all feature pairs
with a correlation coefficient |r|≥ 0.5 in both the right (rOD) and the left (rOS) eyes were
identified separately for the female and male groups. Given the list of correlated features,
they were then ordered by the decreasing number (n) of correlations with other features
for which |r|≥ 0.5 . In the case of a draw with respect to n, the largest sum of explained
variance, given by ∑n

i=1 r2
OD,i + r2

OS, i, was considered. Features were selected following this
sorted list, while all their correlated features (|r|≥ 0.5) were discarded. This process was
repeated until two subsets of texture features (one for the female and the other for the male
group) were obtained, where all pairwise correlation coefficients satisfied −0.5 < r < 0.5.

Each non-correlated feature was first tested for normality within the same eye and
group. The Shapiro–Wilk test was used at a 10% significance level for a more conservative
normality decision. If the feature presented a normal distribution for both the right- and
the left-eye groups, a paired-sample t-test was used to assess the group mean differences;
otherwise, a Wilcoxon signed rank test was applied.

Due to the large number of independent tests performed, we considered three correc-
tions for multiple comparisons: Bonferroni, Benjamini–Hochberg, and the False Discovery
Rate (FDR), as proposed by Storey [47].

3. Results
3.1. Pairwise Correlations

Out of 504 texture features, 146 (29.0%) and 148 (29.4%) were found to be non-
correlated for the female and male groups, respectively. These features are listed in an
additional file (see Supplementary Table S1).
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3.2. Normality Testing

For female participants, a non-parametric test was applied to 73 out of 146 non-
correlated texture features (50.0%), while for male participants, it was applied to 74 out of
148 features (50.0%).

3.3. Hypothesis Testing

Of the 146 non-correlated texture features in the female group, 21 (14.4%) present
statistical differences (p < 0.05 for each test) between the right and left eyes (left side
of Figure 5). Seven (33.3%) of these 21 features are distributed in Q3, and 9 (42.9%) in
Q4. Layer-wise, the GCL and IPL gather the highest number of differences: 6 (28.6%)
and 4 (19.1%) features, respectively. Of the 21 features, two stand out: Energy (IPL/Q4)
and Entropy (IPL/Q4), as they present results with a p-value < 0.001. In addition, six
distinct features show a spread-out effect across different layers and quadrants of the retina:
Dissimilarity (RNFL/Q4 and OPL/Q4), SSV(GCL/Q2 and IPL/Q1), Entropy (GCL/Q2,
IPL/Q4, and OPL/ Q2), IMC2 (GCL/Q3 and INL/Q4), Difference Variance (GCL/Q3 and
ONL/Q3), and IMC1 (INL/Q4 and OPL/Q3).
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layer (INL), the outer plexiform layer (OPL), and the outer nuclear layer (ONL). Q1 stands for the
superior-temporal quadrant, Q2 stands for the superior-nasal quadrant, Q3 stands for the inferior-
temporal quadrant, and Q4 stands for the inferior-nasal quadrant. In the features IMC1 and IMC2,
IMC stands for Information Measure of Correlation; IDMN stands for Inverse Difference Moment
Normalised; IDN stands for Inverse Difference Normalised, and SSV stands for Sum of Squares–
Variance. The grey-coloured cells indicate features that can be disregarded (for they are correlated to
other features). The colour-filled cells indicate non-correlated texture features with a p-value < 0.05
(significant difference). In contrast, the white/empty cells represent the non-correlated features with
a p-value ≥ 0.05 (non-significant difference).

Only two (1.4%) out of the 148 non-correlated texture features in the male group
show statistical differences (right side of Figure 5): Autocorrelation (INL/Q3) and SSV
(ONL/Q1).

3.4. Multiple Comparison Corrections

When correcting the pairwise tests using the Bonferroni and the Benjamini–Hochberg
correction, two statistically significant results are found in the female group: the Energy
(IPL/Q4) and Entropy (IPL/Q4). No significant differences were found for the male group.

Using Storey’s [47] method, the FDR was estimated to be ˆFDRF = 13.8% (female
group) and ˆFDRM = 100% (male group). By calculating the q-values [47] and consider-
ing a 5% cut-off, six statistically significant differences (see Figure 6 for sample distribu-
tions) can be found in the female group (out of the 21 non-correlated features, i.e., 28.6%):
(1) Contrast (RNFL/Q3), (2) Inverse Difference (RNFL/Q3), (3) Energy (IPL/Q4), (4) En-
tropy (IPL/Q4), (5) Sum Entropy (IPL/Q4), and (6) IMC2 (INL/Q4). No significant differ-
ences were found for the male group.
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Figure 6. Kernel density estimation of the inter-eye differences for six features presenting differences
between the left and right eye for women, but not for men. These features yield the most significant
texture differences in the female group, even after Storey’s multiple comparisons correction. Features
are: F1—Entropy (IPL/Q4); F2—Energy (IPL/Q4); F3—Contrast (RNFL/Q3); F4—Sum Entropy
(IPL/Q4); F5—Inverse Difference (RNFL/Q3); and F6—IMC2 (INL/Q4). Features are ordered by
increasing p-value, as per the female group analysis. The thick black line marks the zero.

The number of statistically significant texture features in the female and male groups,
before and after the three multiple comparisons correction methods were applied, are
summarised in Table 2.

Table 2. Number of statistically significant texture features before and after correcting for multiple
comparisons.

Females Males

Non-corrected results 21 2
Bonferroni 2 0
Benjamini-Hochberg 2 0
False Discovery Rate 6 0
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Initial uncorrected results showed that interocular retinal texture asymmetries were
mainly present in women and showed a larger effect size than in men. After correcting for
multiple comparisons, all three correction methods revealed that interocular texture differ-
ences were, in fact, only present in the female group, while the eyes of men were similar.

4. Discussion

The present work focuses on sex differences between the right and left eye in healthy
adults, as identified by neuroretina tissue texture analysis. The decision to specifically
address sex differences was informed by our previous work [39], in which texture features
revealed statistically significant differences between the retinas of the two sexes. Further-
more, texture features computed from the retina have been shown to be able to inform
about the CNS status in different neurodegenerative disorders [24,25,33].

The rationale behind the analysis of these texture features is that each conveys quanti-
tative information on the arrangement of the retina. Although a single texture feature, on
its own, does not translate into a meaningful interpretation per participant/eye scan, we
can quantify statistical differences between groups by combining several of these features.

The hypothesis tests performed illustrate a clear pattern of significant differences
between the two eyes in the female group, with texture differences spreading across all six
layers of the neuroretina. In contrast, only a few significant differences were found in the
male group.

However, one must correct the pairwise tests due to the high number of comparisons.
Considering the Benjamini–Hochberg correction, one finds the higher k, such that

∼
pk <

kα
m ,

where
∼
pk are the ascending sorted p-values pk. Both this correction and the highly conserva-

tive Bonferroni method resulted in no statistically significant differences in the male group
and two in the female group.

We also considered the correction by FDR introduced by Storey [47], which is regarded
as the most robust method of the three herein. In this approach, one starts by estimating
the FDR in each group, resulting in the estimates F̂DRF = 13.8% and F̂DRM = 100%.
Although both estimates are above the desired 5%, it is clear that in the female group, the
F̂DRF is closer to the desired 5% than the F̂DRM, which is much larger. This indicates
that some of the 21 significant differences (p < 0.05) found in the female group are indeed
statistically significant.

In contrast, all the significant differences found in the male group are false positives.
This conjecture is confirmed by calculating the q-values in both cases and considering a 5%
cut-off, which results in six significant differences in the female group (from the 21 pairwise
ones) and none in the male group. This way, the corrected results confirm that texture
differences are found only in the female group.

To the authors’ knowledge, the literature regarding the differences between the right
and left eyes is mainly based on thickness assessments, and sex differences are seldom
investigated in the healthy adult population—apart from [12], where a slight sex- and
age-effect on retinal differences between the right and left eyes was reported.

The strong point of this study is the reporting of a previously undocumented difference
between women and men, which offers a unique contribution to determining normative
sex differences. Texture metrics appear to be sensitive to these differences while raising the
question of why such differences occur, how they might vary over the lifespan, and any
potential evolutive advantage. A limitation of the present study is the absence of a stratified
analysis per age group. However, such an analysis could not be performed because a
reduced sample size in the study would negatively impact the statistical robustness of the
reported results.

This work highlights the potential of texture analysis to spot differences in the retina.
Our findings suggest that special care should be taken when designing research protocols
that assess retina differences, particularly when texture-based assessments are involved.
On the one hand, the participant groups being compared should be sex-balanced—a good
practice that was shown to be relevant in vision research [28]. On the other hand, beyond
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accounting for sex differences, studies should also control the interocular discrepancies
that may be present in healthy individuals and patients diagnosed with ophthalmological
or neurodegenerative disorders.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/jimaging10010006/s1, Table S1: Non-correlated texture features
in the female and male groups, sorted by increasing p-value.
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