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Abstract

Alzheimer’s Disease (AD) is a debilitating neurodegenerative disease that affects 47.5 million people worldwide.

AD is characterised by the formation of plaques containing extracellular amyloid-f (AB) and neurofibrillary tan-

gles composed of hyper-phosphorylated tau proteins (pTau). AR gradually accumulates in the brain up to 20 years
before the clinical onset of dementia, making it a compelling candidate for early detection of AD. It has been shown
that there is increased deposition of ABs in AD patients'retinas. However, little is known about microglia’s ability

to function and clear AR within the retina of AD and control eyes. We labelled microglia with ionised calcium-binding
adaptor molecule 1 (IBA-1) in AD and age-matched control donor retinas. We then used interactive machine learning
to segment individual microglia in 3D. In the temporal mid-peripheral region, we found that the number of micro-
glia was significantly lower in AD retinas compared to controls. Unexpectedly, the size of the microglia was signifi-
cantly larger in the AD retinas compared to controls. We also labelled retinal microglia for Cluster of Differentiation

68 (CD68), a transmembrane glycoprotein expressed by cells in the monocyte lineage and a marker of phagocytic
activity and activated microglia. The size of CD68 + cells was statistically different between AD and control microglial,
with CD68 + cells being larger in AD. In contrast, there was no difference in either size or shape for CD68- microglia
between the two groups, suggesting an important difference in the active states of CD68+ microglia in AD retina.
There was also significantly increased CD68 immunoreactivity in individual microglia within the AD group. Overall,
this study reveals unique differences in the size and activity of the retinal microglia, which may relate to their potential
chronic activation due to increased levels of ABs in the AD retina.
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Introduction

Alzheimer’s Disease (AD) is a neurodegenerative disease
that affects older adults, especially those over the age of
65 [1]. The risk of developing AD rises significantly with
age [1, 2]. Dementia affects 55 million people world-
wide, with AD contributing to 60-70% of all cases [3].
The prevalence is 5-7% in most countries, and the global
annual cost incurred by dementia is $1.3 trillion USD [3,
4]. Despite AD first being described more than 120 years
ago, there has been no effective treatment that can cure
or slow the cognitive decline or severity of dementia seen
in AD [2]. However, recent FDA-approved drugs (Aduca-
numab, Donanemab, and Lecanemab) have been shown
to remove amyloid-p (A) from the brain and reduce cog-
nitive and functional decline in people living with early
AD [5, 6]. The prevalence and socio-economic impact of
AD accentuates the need for further research.

AD is characterised by the formation of plaques con-
taining extracellular AP and neurofibrillary tangles
composed of hyper-phosphorylated tau proteins (pTau)
in the central nervous system (CNS). Given that A
gradually accumulates in the brain starting as early as
20 years before the clinical presentation of dementia,
it is a compelling candidate for early detection of AD.
Unfortunately, conventional structural imaging such as
Computed Tomography (CT) and Magnetic Resonance
Imaging (MRI), though not invasive, lack sensitivity [7,
8]. Alternatively, Positron Emission Tomography (PET)
with 'C-radioisotope 11 labelled Pittsburgh compound
B—which detects cerebral AP deposition—has been
shown to distinguish AP levels in AD and non-AD brains,
but this method is costly, invasive, and not feasible to
deploy in community settings [9].

The retina shares many features with the brain and
exhibits manifestations of AD, such as AP deposition,
highlighting its potential as a tool for assessing AD devel-
opment and progression. Being an extension of the CNS,
the retina can be imaged and studied using non-invasive
methods such as Optical Coherence Tomography (OCT)
and Scanning Laser Ophthalmoscopy (SLO) [10, 11].

One of the essential cells that helps maintain homeo-
stasis within the retina and the CNS is microglia. Micro-
glia serve a critical function in the retina and CNS, acting
as the primary immune defence cell, in constant surveil-
lance for signs of distress. Their morphology reflects their
state of activation; when not activated, they assume a
ramified morphology, whereas they become de-ramified
and amoeboid when activated—triggered by detection
of any foreign particles or damage-associated molecular
patterns (DAMPs). When activated, they phagocytose
cellular debris, pathogens, and dead neurons, and thereby
maintain a healthy neural environment. Microglia are
also activated by and phagocytose AP peptides that are
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toxic to surrounding neurons [12-14]. However, pro-
longed AP exposure can lead microglia to dysregulation
and death, which leads to compromised AP clearance,
neurotoxicity, and neurodegeneration [15, 16].

Though microglia have distinct morphology for their
active and resting states, there exists a spectrum of
morphologies between its states. Guo et al. [17] pos-
tulated that microglia change shape from least active
to most active in the following stages: ramified, hyper-
ramified, activated, and then amoeboid. There exists
manual and machine learning based approaches to clas-
sifying microglia morphology. Though manual image
analysis has been the standard for many years in biol-
ogy, it is prone to observer subjectivity whereas machine
learning approaches offer a more objective assessment
with appropriate overhead if used properly. The cur-
rent machine learning approaches use cluster analysis,
or more recently support vector machines which were
trained on large datasets to classify microglia. A recent
review by Reddaway et al. [18] provides an overview of
microglial morphometric analysis approaches in the
literature.

In this study, we examine IBA-1 and CD68-labelled
microglia morphology in age-matched control and AD
human retinas. Rather than focusing on classifying
microglia, we accurately delineated 3D microglia using
voxel segmentation with active learning in Ilastik [19],
coupled with robust post-processing and quality control
steps, and computed various shape parameters for group
comparison. Active learning [20] is machine learning
approach where the algorithm can be supervised interac-
tively. This method offers several advantages: compared
to manual labelling, an automated method can provide
detailed segmentation of 3D microglia with reduced rater
bias and time cost. Given the small sample size of donor
retinal tissues with pathology and significant inter-sub-
ject variability even with consistent sample processing,
immunofluorescence labelling, and image acquisition
parameters, using an off-the-shelf segmentation tool
was impractical. Additionally, generating training data
through detailed manual segmentation of 3D microglia is
both difficult and time-consuming. Ilastik’s active learn-
ing workflow for voxel segmentation enabled optimized
data utilization through supervised training and iterative
performance improvement based on real-time results.
The resulting semantic segmentation was fed into a cus-
tom Python pipeline for post-processing and identifica-
tion of individual microglia.

To date, no study has thoroughly examined 3D micro-
glial morphology and activity state in the context of
AD in the retina. Given that the AD retina displays ele-
vated AP deposition, and activated microglial cells are
involved in AP clearance, dysfunctional AP clearance in
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the AD retina may be due to an impaired activation and a
reduced population of microglial cells.

Methods

Neuropathological assessment of Alzheimer’s disease

This study was approved by the clinical ethics research
board of the University of British Columbia and strictly
adhered to the Declaration of Helsinki. AD retinas were
dissected from the post-mortem eyes of donors whose
brains were neuropathologically assessed in accordance
with the National Institute on Aging Alzheimer’s Asso-
ciation guidelines for the neuropathologic assessment of
Alzheimer’s disease [21]. Sample demographics and diag-
nostic details can be found in Table 1. The Department of
Pathology and Laboratory Medicine at Vancouver Gen-
eral Hospital (VGH) provided the eyes from AD donors.
Control eyes were provided by the Eye Bank of British
Columbia. Exclusion criteria for the control eyes were
CNS disorders including AD, Parkinson’s disease, multi-
ple sclerosis, and amyotrophic lateral sclerosis and reti-
nal diseases including age-related macular degeneration
and glaucoma. The ages of AD and control eyes ranged
from 62 to 82 years. Control donors’ mean age was 71.75
(N=4). AD donors’ mean age was 71.20 (N=5). There
was no significant difference between the mean ages of
the two groups (Mann—Whitney, p=0.385).

Immunofluorescence dual labelling for IBA-1 and CD68

Temporal mid-peripheral wholemount punches (3.5 mm
diameter) were processed as described in our earlier
studies [22, 23]. Briefly, the samples were prepared for
IBA-1 and CD68 immunofluorescence. The CD68 anti-
body (Cat# ab955, Abcam) was diluted at 1:500 dilution
ratio with 3% normal goat serum in 1% Triton X-100
(TX-100) phosphate buffered saline (PBS) (pH 7.2). Free-
floating retina punches were incubated at room tempera-
ture (RT) for 3 h, followed by overnight incubation at

Table 1 Demographics of the samples studied
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4 °C. Next, after another series of rinses, punches were
incubated with 300 pL of secondary goat anti-mouse
Alexa Fluor'" 546 IgG1 antibody (Cat# A21123, Invit-
rogen) diluted at a 1:400 dilution ratio with 1X PBS (pH
7.2) for 45 min at RT. The punches were then rinsed and
incubated with 300 pL of primary rabbit IgG IBA-1 anti-
body (Cat# 019-19741, Wako) for 2 h at RT. Following
another round of rinses, punches were incubated with
300 pL of secondary goat anti-rabbit Alexa Fluor 488
IgG H+L antibody (Cat# A11070, Invitrogen) diluted at
a 1:500 dilution ratio with 1X PBS (pH 7.2) for 45 min at
RT. Sections were then labelled with DAPI, rinsed in PBS,
and coverslipped. Figure 1 summarises the preparation of
wholemount retina punches.

Confocal microscopy and imaging

Wholemount punches were imaged using a Zeiss 800
confocal microscope with Zen Blue 3.6 software. Z-stacks
were produced by capturing the NFL to the upper limit of
the ONL (Fig. 1B), with digital slices of 1 pm in thickness.
The averaging was set to 4X, the mode set to repeat per
line, the method set to mean intensity, and the bits per
pixels set to 16. The resolution for each stack was set at
2048 %2048 pixels, with the scaled image size being set
at 319.45 pm X 319.45 um. Nuclear labelling by DAPI was
imaged at 405 nm. CD68 labelling by Alexa Fluor'™" 546
was imaged at an excitation wavelength of 561 nm, and
IBA-1 labelling by Alexa Fluor 488 was imaged at an exci-
tation wavelength of 488 nm.

Microglia segmentation and analysis with machine
learning

Retinal microglia immunolabelled for IBA1 were first
segmented using a 3D random forest voxel classi-
fier [25] in Ilastik [19], an interactive machine-learning
image analysis software. The random forest classifier
labelled each voxel in an image stack by estimating the

Donor ID Age Sex Primary path Dx Additional path Dx A-beta Braak stage Neuritic plaque Diffuse
(Thal) (1-5)  (1-6) (CERAD, Biel) plaque
(CERAD, Biel)
Casel 62 M AD - 5 6 Frequent Frequent
Case2 70 M AD, DLB CVvD 5 6 Frequent Frequent
Case3 72 M AD, LBD - 5 5 Moderate Frequent
Case4 70 F AD CHR CB Degen 5 6 Frequent Frequent
Case5 82 M AD, LBD CVD, SDH 5 5 Frequent Frequent
Control1 71 M N/A N/A N/A N/A N/A N/A
Control2 72 F N/A N/A N/A N/A N/A N/A
Control3 73 M N/A N/A N/A N/A N/A N/A
Control4 71 M N/A N/A N/A N/A N/A N/A
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Fig. 1 Post-mortem human retinal wholemount preparation and layers in cross sectional view. A Schematic displaying the preparation of temporal
mid-peripheral wholemount retina punches (3.5 mm in diameter) from human eyes. The figure depicts a punch biopsy in the mid-peripheral
of region of the temporal sections 8,9, and 10. B Retinal layers in cross section [24]. The red underlines are indicative of the regions and layers

prioritised in the study. Schematics are not to scale

probabilities that the voxel belonged in user-defined
classes. In this case, the classes were defined as ‘micro-
glia, ‘vasculature; and ‘background. The features used
by the classifier were voxel intensity, edge, and texture
descriptors. Features were extracted using a variety of
image filters, such as Gaussian smoothing, Laplacian of

Gaussian, Gaussian gradient magnitude, difference of
Gaussians, structure tensor eigenvalues, and Hessian of
Gaussian eigenvalues, each applied at sigma values of 0.3,
0.7, 1.0, 1.6, 3.5, 5.0, and 10.

For training the classifier, reference labels were gen-
erated by expert annotation on image stacks, creating
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sparse labels for the background, vasculature, and micro-
glia (Fig. 2A). Sparse labels mark only a small portion
of voxels in an image, rather than labelling every voxel
in the entire image stack. Annotation was performed in
3D and across 22 image stacks. Annotators were blind
to the experimental conditions while labelling to ensure
unbiased results. A randomly selected subset of microglia
from each stack was labelled, providing a representative
sample that was satisfactory to train the classifier. Using
Ilastik’s live prediction feedback, expert labellers itera-
tively optimized the segmentation for accuracy across the
three classes until the result was satisfactory from visual
inspection. Including the third class for vasculature aided
the model in converging to an accurate prediction for
microglia pixels and helped generate the final microglia
labels.

Once trained, the classifier was incorporated into a
Python-based pipeline using the scikit-image package
[26] to identify individual microglia. This allowed for
rapid generation of regions of interest (ROIs) for further
morphological analysis. Specifically, the trained random
forest classifier provided per-voxel probability values for
each label class The microglia probability map was then
smoothed with a Gaussian filter (sigma=1) to reduce
noise, and thresholded to isolate high-confidence voxels
representing microglia. The threshold value was deter-
mined using the scikit-image implementation of the Otsu
method. To improve segmentation accuracy, voxels with
a high probability of belonging to the vasculature class
were excluded as vascular structures fluoresced in the
same channel used to image the IBA1 stain, potentially
confounding the microglia labelling. This step removed
most false positives for the final microglia segmenta-
tion. The remaining probability map was binarized, and
the Sobel edge detection method was applied. After this
step, the binary image and edges were used in a water-
shed algorithm (scikit-image) to separate individual
microglia. ROIs were refined by applying a size filter that
removed labels smaller than typical microglia to mini-
mize any remaining false positives. After the automated
processing, each microglia ROI was inspected by expert
annotators to identify and exclude any remaining false
positives or low-quality segmentations from the pipeline.
No microglia met these exclusion criteria.

Morphological measures included cell count density,
cell volume, cell perimeter, convex hull volume, convex
hull perimeter, cell solidity, cell convexity, cell circular-
ity, minor axis length, major axis length, and axis ratio.
For metrics requiring two dimensions (e.g., cell perim-
eter, convex hull perimeter, cell convexity, cell circular-
ity, minor axis length, major axis length, and axis ratio),
a z-projection of the microglia ROI was used. Detailed
descriptions of these parameters are provided in the
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study by Leyh et al. [27], with a summary of calculations
in Fig. 2B. Student’s t-tests were used to analyze statisti-
cal differences between control and AD retinal microglia.
Normality was tested in each dataset using the Shapiro—
Wilk test to determine whether a parametric or non-par-
ametric test was appropriate.

Manual microglia segmentation and analysis

Another set of confocal Z-stacks images—from the same
donor eyes, but from a different field of view of the speci-
men—was used for the manual analysis. Image ] was used
for the segmentation. To expedite the time-consuming
task of manually labelling microglia stained with IBA-1,
Z-projections were used to segment microglia, and 3-4
microglia were randomly selected from each Z-projec-
tion. For random selection, a 10x 10 grid was placed over
the Z-projections, labelled 1-100, and a random number
generator was used to select a grid. The microglia that
coincided with that grid was selected for segmentation,
and this random selection was done 3—4 times for each
Z-projection. Morphological analysis consisted of 2D
metrics such as cell area, perimeter, convex hull area,
convex hull perimeter, cell solidity, cell convexity, cell
circularity, minor axis length, major axis length, and axis
ratio (Fig. 2B). Finally, phagocytic cups—sites of phago-
cytosis in microglia [28]—were also manually labelled for
quantification. T-tests were used to analyse the statistical
relationship between control and AD retinal microglia. In
each dataset, normality was tested to determine whether
to use parametric or non-parametric statistical tests.

Statistical analysis

All statistical analyses were conducted on GraphPad
Prism 10.2.3 Statistics software, with significance being
defined as ****=p<0.0001, **=p<0.001, *=p<0.01,
and *=p<0.05. Datasets with one independent variable
utilised either a Student’s t-test or a Mann—Whitney U
test. Datasets with two independent variables utilised a
two-way ANOVA with Bonferroni’s multiple compari-
son test. Refer to each experiment’s figure captions to see
what type of statistical test was performed. All the graphs
displaying data were produced using GraphPad Prism
10.2.3.

Results

Microglia were characterised from wholemount retina
punches from AD and age-matched control donor retinas
(Fig. 1). Microglia were labelled with IBA-1, and Z-stacks
were taken with confocal microscopy. A set of micro-
glia Z-stacks was then analysed using machine learn-
ing (Fig. 2A) and another set of Z-stacks was analysed
manually. Calculated metrics are shown in Fig. 2B. Ana-
lysing different sets of Z-stacks with different methods
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Fig. 2 Schematic showing the machine learning pipeline and the different microglia measurements extracted from the analysis. A Schematic
visualising the microglia labelling using machine learning. In panel A (left), the red label indicates microglia, the blue label indicates blood

vessels, and the yellow label indicates the background of the images. The red label was used as inclusion criteria, and the other two labels were
used as exclusion criteria for microglia labelling.. The microglia circled in yellow in panel A (right) was used as the microglia model for panel B. B
Schematic depicting a visual representation of the measurements extracted from our machine learning analysis and manual analysis. Machine
learning metrics included 3D metrics like cell volume, convex hull volume, and cell solidity (cell volume divided by convex hull volume), and 2D
metrics like cell perimeter, convex hull perimeter, cell convexity, cell circularity, minor axis length, major axis length, and axis ratio. Manual analysis
only allowed for 2D metrics to be analysed such as cell area, perimeter, convex hull area, convex hull perimeter, cell solidity (cell area divided

by convex hull area) cell convexity, cell circularity, minor axis length, major axis length, and axis ratio. The schematic in B was designed in CorelDRAW
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(machine learning vs manual) would help strengthen our
conclusions regarding retinal microglia morphology and
activity state in AD.

AD retina exhibit lower microglia counts than control
retina

To determine if impaired AP clearance in the AD retina
is due to a reduced population of microglial cells, we
imaged IBA-1-labelled microglia (Fig. 3A) and quanti-
fied them manually (Fig. 3B left) and through automatic
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segmentation using machine learning (Fig. 3B right).
For all figures, graphs with purple or red columns were
from manually segmented data, and graphs with blue
or green columns were from automatically segmented
data using machine learning. The manually segmented
method showed lower microglia counts in the AD retina
(manual control: 242.4 + 24.50 count/mm? (mean + SEM);
manual AD: 165.0+3.633 count/mm? (mean +SEM);
p=0.0095), whereas the machine learning segmented
method showed a trend of decreased microglia count
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Fig. 3 Retinal microglia counts between AD and controls. A Example image of an age-matched control (left) and an AD (right) retina with microglia
labelled with IBA-1 (green) and CD68 (red) a transmembrane glycoprotein embedded in lysosomal membrane. B Column graphs comparing

the average microglia count between the control and AD retina using manual (left) and machine learning (right). Points represent individual subject
averages and error bars represent the standard error of the mean. P-values for Mann-Whitney U test are below their respective column graphs. *
means p <0.05; **** means p<0.0001. (For manual data: Ctrl, n=4 subjects; AD, n=5 subjects) (For machine learning data: Ctrl, n =4 subjects; AD,

n=5 subjects) (Ctrl=Control; AD=Alzheimer’s disease)
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per mm® (machine control: 12,213+1378 count/mm?
(mean+SEM); machine AD: 8441+799.6 count/mm?>
(mean + SEM); p=0.0635).

AD retinas exhibit larger microglia than control
counterparts

To investigate whether impaired activation of micro-
glial cells contributes to AP clearance in the AD retina,
we analysed their morphology, which is indicative of
microglia activation states. Specifically, we examined
microglia size by measuring cell area or volume manu-
ally and via machine learning, as well as cell perimeter
and their convex hull equivalents. We first studied the
size of microglia by measuring the cell area or volume
analysed manually and via machine learning respec-
tively, and the cell perimeter and their convex hull
equivalents (Fig. 4A). Cell volume (Fig. 4B, left); machine
control: 1085+64.56 um® (mean+SEM); machine
AD: 1754+90.67 um® (mean+SEM); p<0.0001) and
area (Fig. 4C, left); manual control: 196.1+17.70 pm2
(mean+SEM); manual AD: 280.7+19.81 pm?
(mean = SEM); p=0.0034) (Fig. 4C, right); machine con-
trol: 2017.1+11.16 um? (mean+SEM); machine AD:
332.1+16.69 pm? (mean+SEM); p<0.0001) were all
larger in AD retinal microglia. Though the manual perim-
eter was not significantly different between control and
AD, there was a trend of larger perimeters in AD (Fig. 4E,
left); manual control: 248.2+32.11 pum (mean+tSEM);
manual AD: 299.9+21.54 um (mean + SEM); p=0.1732),
the machine learning analysed perimeter showed larger
microglia in the AD retina (Fig. 4E, right); machine
control: 222.5+10.12 um (mean+SEM); manual AD:
270.6+13.40 um (mean+ SEM); p=0.0043). The convex
hull measurements largely follow the cell area/volume
measurements and will be primarily used to calculate the
morphological features in the following sections.

No morphological differences between retinal microglia

of AD and controls

To further investigate the morphology of microglia,
we analysed their ramification by calculating the cell
solidity, circularity, convexity, and axis ratio as shown
in Fig. 5A. These calculated values range from 0 to 1.
Cell solidity and convexity are related to the micro-
glia’s degree of ramification or amoeboid-ness; a value
closer to 1 suggests closer to an amoeboid shape and
reduced ramification. Cell circularity and axis ratio are
related to the microglia’s spatial symmetry or direction-
ality; a value closer to 1 suggests closer to a circle. We
found that there was no difference between AD and
control retinal microglia in cell solidity (Fig. 5B, left);
manual control: 0.3189+0.03319 (mean + SEM); man-
ual AD: 0.2820+0.02784 (mean+SEM); p=0.3862)
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(Fig. 5B, right); machine control: 0.3321+0.008101
(mean+SEM);  manual AD:  0.3424+0.009785
(mean + SEM); p=0.4168), convexity (Fig. 5C, left);
manual control: 0.5122+0.02150 (mean + SEM); man-
ual AD: 0.4807+0.01631 (mean+SEM); p=0.2414)
(Fig. 5C, right); machine control: 0.4731+0.008217
(mean+SEM); machine AD: 0.5075+0.008643
(mean + SEM); p=0.0035), and circularity (Fig. 5D, left);
manual control: 0.06778 +0.01121 (mean = SEM); man-
ual AD: 0.05534+0.01094 (mean+SEM); p=0.4374)
(Fig. 5C, right); machine control: 0.08705+0.004478
(mean + SEM); machine AD: 0.09625 +0.005982
(mean + SEM); p=0.2186).

We also assessed whether the microglia were
more elongated in one group by calculating the axis
ratio (Fig. 5A, bottom left panel). There was no dif-
ference in the axis ratio between retinal AD and
control retinal microglia (Fig. 5E, right); machine con-
trol: 0.7182+0.01047 (mean+SEM); machine AD:
0.7097 £0.01101 (mean + SEM); p =0.6665).

Larger microglia seen in AD retina are restricted

to CD68 + cells

To investigate the potential reasons for the observed
increase in microglia size, we hypothesized that larger
microglia might contain more lysosomes due to the
increased demand for clearing AB. To test this, we
labeled CD68, a transmembrane glycoprotein pre-
sent in lysosomal membranes, with Alexa Fluor 546.
Figure 6A depicts a schematic of the lysosomes in the
microglia. First, we observed that the proportion of
the microglia containing CD68 labelling (CD68+) was
simlar between the AD and control retina (Fig. 6B;
machine control: 88.12+1.229 (mean + SEM); machine
AD: 92.46+3.488% (mean+SEM); p=0.2857). Inter-
estingly, a higher volume of CD68 labelling was found
on average in each retinal microglia in AD compared
to control (Fig. 6C; machine control: 14.66 + 1.533 pm?
(mean+SEM); machine AD: 28.76+2.365 um?®
(mean + SEM); p<0.0001), and this increase persisted
even after normalising to the microglia volume (Fig. 6D;
machine control: 0.01320+0.001396 (mean+ SEM);
machine AD: 0.01715+0.001451 (mean+ SEM);
»<0.0001). Furthermore, the larger microglia seen
in the AD retina were restricted to the CD68 + popu-
lation, and were larger than CD68- microglia (in AD)
as well as the CD68 + microglia (in controls) (Fig. 6E;
CD68 + control: 1141.293+71.504 um? (mean + SEM);
CD68- control: 640.486 +60.079 pm> (mean+ SEM);
CD68+AD: 1860.064+96.137 um?® (mean+ SEM);
CD68- AD: 622.622 +83.165 um® (mean + SEM); p-val-
ues found in Fig. 6E (right)).
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Fig. 4 Retinal microglia size between AD and controls. A A schematic depicting the parameters in the column graphs B-F. B Column graphs
comparing the average microglia volume (left) and convex hull volume (right) between control and AD retina using machine learning. C Column
graphs comparing the average microglia area between control and AD retina using manual analysis (left) or machine learning (right). D Column
graphs comparing the average microglia convex hull area between control and AD retina using manual analysis (left) or machine learning (right). E
Column graphs comparing the average microglia perimeter between control and AD retina using manual analysis (left) or machine learning (right).
F Column graphs comparing the average microglia convex hull perimeter between control and AD retina using manual analysis (left) or machine
learning (right). Points represent individual microglia and error bars represent standard error of the mean. P-values for Mann-Whitney U test are
below their respective column graphs. * means p <0.05; ** means p<0.01; **** means p <0.0001. (For manual data: Ctrl, n=21 cells (4 subjects);
AD, n=27 cells (5 subjects)) (For machine learning data: Ctrl, n =278 cells (4 subjects); AD, n=268 cells (5 subjects)) (Ctrl=Control; AD=Alzheimer’s

disease)
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Microglia phagocytic cups were similar between AD

and control retina

We also quantified phagocytic cups, which are bowl-like
structures formed by microglia during the process of
phagocytosis. Figure 7A is a representative image show-
ing phagocytic cups indicated with yellow arrows. The
number of phagocytic cups may suggest the level of acti-
vation of microglia as well. We did not identify any dif-
ference in the average number of cups per microglia
(Fig. 7B; manual control: 0.06170 +0.02799 cups/micro-
glia (mean+SEM); manual AD: 0.05172 +0.02574 cups/
microglia (mean + SEM); p=0.7937), the average number
of CD68+ cups per microglia (Fig. 7C; manual control:
0.02930+0.01507 CD68+ cups/microglia (mean + SEM);
manual AD: 0.03092+0.01383 CD68+ cups/micro-
glia (mean+SEM); p>0.9999), and the proportion of
phagocytic cups containing CD68 (Fig. 7D; manual
control: 0.6333+0.2728 (mean+SEM); manual AD:
0.5083 +0.2043 (mean + SEM); p=0.7143).

Discussion

The role of microglia in AD pathophysiology is complex
due to their diverse phenotypes and various activation
pathways [29]. In the early stages of disease progression,
microglia are considered beneficial as they proliferate,
change morphology, and phagocytose harmful sub-
stances, including AB plaques and dead cells, after the
surveillance and perception of neuronal damage in their
microenvironment [16, 23]. Furthermore, microglia have
been shown to provide protection and facilitate the repair
of damaged neurons by secreting trophic factors [16].
However, activated microglia also trigger inflammatory
pathways, resulting in the production of cytokines. This
promotes further AP production, leading to excessive
accumulation of harmful substances, reduces the release
of trophic factors, and accelerates neuronal apoptosis and
degenerative changes during the later stages of disease
progression [30, 31]. Moreover, it has been shown that
pTau could also negatively affect the phagocytic function
of microglia by promoting their senescence, which leads
to their dysfunctional phagocytic activity, exacerbates the
accumulation of tau proteins and AP, and promotes neu-
ronal damage and disease progression [32—-34].

(See figure on next page.)
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In this study, we explored the differences in the micro-
glial populations between AD and healthy controls in
the inferior and superior temporal regions of the inner
retina. Our study showed a significantly reduced micro-
glia population in AD retina compared to controls in the
manual data (p=0.0095). There was similar difference in
the machine learning data but without reaching statisti-
cal significance (p=0.0635). This difference may be due
to the combination of the use of different fields of view
(and thus different images) in the same set of specimens
for the manual and machine learning data and the small
sample size (n=4 for control, and n=5 for AD). Varia-
bility was also much lower in the manually obtained AD
cell count. Due to this discrepancy between our manual
and machine learning data, we cannot rule out the poten-
tial for a type I or type II error with our microglia count
data. If microglia are indeed decreased in the AD retina,
this finding might result from increased senescence and
apoptosis of microglia secondary to the presence of tau
proteins and neuroinflammation, and the reduction of
microglia population could contribute to the decreased
clearance of AB and NFTs in the neurons.

According to the literature, several studies have
reported microgliosis, or an increase in the microglia
population, in the AD retina, which contrasts with our
findings [11, 35-37]. There may be several factors con-
tributing to this discrepancy. First, most previous stud-
ies on the microglia population utilised cross-sections
of the donor retina, which may yield different results
compared to our study, which used punches of the full
thickness retina tissue. Secondly, Koronyo et al. [37] sug-
gested that their mapping of IBA-1 distribution was sig-
nificantly greater in the C subregion, while most of our
data was collected from the mid-peripheral region of the
retina. Their normalised data, adjusted for retinal thick-
ness, showed the most significant microgliosis in the
mid-peripheral region in the superior temporal, whereas
the majority of our samples were collected from the
mid-peripheral region in the inferior temporal region.
Thirdly, it should be noted that the donor demographic
differs significantly between studies. In their study, 55%
and 67% of the donors in the mild cognitive impair-
ment (MCI) and AD groups, respectively, were Braak

Fig. 5 Retinal microglia morphology between AD and controls. A A schematic depicting the parameters in the column graphs B-E. B Column
graphs comparing the average microglia solidity between control and AD retina using manual analysis (left) or machine learning (right). C Column
graphs comparing the average microglia convexity between control and AD retina using manual analysis (left) or machine learning (right). D
Column graphs comparing the average microglia circularity between control and AD retina using manual analysis (left) or machine learning (right).
E Column graphs comparing the average microglia minor axis length (left), major axis length (middle), and axis ratio (right) between control and AD
retina using machine learning. Points represent individual microglia and error bars represent standard error of the mean. P-values for Mann-Whitney
U test are below their respective column graphs. ** means p <0.01; **** means p <0.0001. (For manual data: Ctrl, n=21 cells (4 subjects); AD, n=27
cells (5 subjects)) (For machine learning data: Ctrl, n=278 cells (4 subjects); AD, n=268 cells (5 subjects)) (Ctrl=Control; AD= Alzheimer’s disease)
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Fig. 5 (Seelegend on previous page.)

stage V-VI, while 100% of the AD donors in our study progression, potentially being higher in the earlier stage
were Braak stage V-VI. One possible explanation is that and decreasing as disease severity increases. In the ini-
the microglia population may change with the disease  tial stages of the disease, microglia may be recruited to
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Fig. 6 Colocalization of microglia along with lysosome marker CD68 between AD and control retinas. A Schematic of a microglia containing
lysosomes (CD68) and depicting a visual representation for the values in the column graphs B-y. B Column graph comparing the proportion

of microglia that are CD68+ between control and AD retina using machine learning. C Column graph comparing the average CD68 volume

per microglia between control and AD retina using machine learning. D Column graph comparing the ratio of CD68 to IBA-1 signal per microglia
between control and AD retina using machine learning. E Column graph comparing the average cell volume in CD68+and CD68- microglia
between control and AD retina using machine learning. Column graphs and error bars represent the mean and standard error of the mean
respectively. Individual data points represent image averages for B or individual cells for C-D. P-values for Mann-Whitney U test or two-way ANOVA
are below (B-D) or to the right (E) of their respective column graphs. **** means p <0.0001; Mann-Whitney U test for B-D and two-way ANOVA
with Bonferroni's multiple comparison test for E. (For B: Ctrl, n=4 subjects; AD, n=5 subjects) (For C-D: Ctrl, n=278 cells (4 subjects); AD, n=268
cells (5 subjects)) (For E: CD68+: Ctrl, n=247 cells (4 subjects); CD68-: Ctrl, n=31 cells (4 subjects); CD68+: AD, n=245 cells (5 subjects); CD68-: AD,
n=23 cells (5 subjects)) (Ctrl=Control; AD= Alzheimer’s disease; CD68V=CD68 volume; IBA-1 V=IBA-1 volume)

clear A, resulting in an increase in number and activa-
tion. However, as the AP load becomes too high for the
resident microglia to effectively clear, it may lead to a loss
in microglia count and function. In fact, Koronyo et al.
[37] demonstrated that a lower proportion of microglia
in the AD retina were engaging in AP uptake compared
to normal cognition controls, implying impaired micro-
glia function.

Although there is limited knowledge about changes
in microglia population in AD, research findings from
another neurodegenerative disease, dementia with Lewy
Bodies (DLB), may provide some insights. DLB has
shown increased microglial activation in the early stages

of the disease, with significantly reduced transporter pro-
tein density indicative of microglia dystrophy in the late
stage of the disease [38, 39].

Lastly it is important to consider that most other
studies, including Koronyo et al. [37], investigated the
microgliosis using the intensity of the immunoreactivity
of the IBA-1 marker. This approach differs from count-
ing microglia, as the fluorescent intensity of the marker
is not only correlated with the microglia population but
also affected by the size of the microglia. In our previ-
ous study [11] using retinal cross-sections, we indeed
observed that there was increased IBA-1 immunoreac-
tivity in the AD retina. However, this does not directly
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Fig. 7 Differences in retinal microglia with respect to phagocytic cups between AD and controls. A Example image of an AD retina with microglia
labelled with IBA-1 (green) and CD68 (red) a transmembrane glycoprotein embedded in lysosomal membrane, with phagocytic cups indicated
with yellow arrows. B Column graph comparing the average number of cups/microglia between control and AD retina using manual analysis. C
Column graph comparing the average number of CD68 + cups/microglia between control and AD retina using manual analysis. D Column graph
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(For B-D: Ctrl, n=4 subjects; AD, n=5 subjects) (Ctrl=Control; AD=Alzheimer’s disease)

count the number of individual microglia. The current
results show that AD microglia have larger area or vol-
ume than the control microglia, which would contribute
to observation of increased amount of immunoreactivity.

Our findings revealed that the size of CD68+/IBA-1
microglia was larger in the AD compared to the con-
trols, whereas the size of the CD68-/IBA-1 microglia was
not significantly different between AD and controls. Of
note, majority of microglia population were CD68+in
both groups (88% in control and 92% in AD, no signifi-
cant difference). CD68, a transmembrane glycoprotein
embedded in lysosomal membrane, was used as a marker
of phagocytic activity. We observed a higher volume of

CD68 per microglia in AD, and it was the CD68 + micro-
glia that were enlarged in AD, whereas the CD68- micro-
glia were significantly smaller and similar between AD
and control retina. The average measurements were
greater in AD microglia than controls for all size param-
eters (cell area, cell volume, convex hull area, convex hull
volume, cell perimeter, convex hull perimeter) in both
manual and machine-learning data. The difference was
statistically significant in all machine-learning param-
eters, but only in cell area for the manual parameters.
This discrepancy in statistical significance is likely in part
due to the difference in the number of measured micro-
glia and the resulting statistical power between the two
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approaches: the manual measurements are from 3-4
sample microglia in 2D projection images whereas the
machine learning measurements are from all microglia
in entire z-stacks. There may have also been some sam-
pling bias in the 2D method. The microglia were selected
randomly using the grid method; however, the 2D pro-
jection step or the grid resolution could have resulted
in a size-based bias. In Fig. 4, we note that although the
mean values are similar between the manual and auto-
mated measurements, the distributions look quite dif-
ferent between the two methods. The machine learning
values from all microglia are often long-tail and bottom-
heavy distributed, but the manual measurement values
from select microglia are more centrally distributed. The
range of the values also differ; for example, for Cell Area
the machine learning method reports microglia of above
600 um? and close to 900 pm?, but the largest microglia
area reported by the manual method is less than 600 pm?
On the whole, the raw data points and their mean val-
ues in both manual and machine learning measurements
demonstrate a consistent trend of larger microglia in AD
than in control.

Increase in microglia size may reflect the accumula-
tion of harmful pTau proteins and A in the lysosomes,
given the elevated levels of toxic AP and pTau present in
the AD retina [40, 41], and the increased uptake of AP
[37] and pTau [42, 43] by microglia in these conditions.
Furthermore, it is established that the soma of microglia
become enlarged when they are activated in an amoe-
boid morphology, as opposed to the ramified shape with
a smaller soma. The proportion of CD68+ microglia is
similar in both AD and control retinas at approximately
90%, and the number of CD68+and CD68- phagocytic
cups per microglia also does not differ between the two
groups. However, increased CD68 immunoreactivity
in individual microglia within the AD group suggests a
higher level of activation in response to AD pathology.
This highlights subtle but potentially important differ-
ences in microglial behavior between AD and control
retinas. Our study provides a comprehensive, multi-fac-
eted characterization of microglial activation. Another
study showed that microgliosis occurs during AD, with
increased AP deposits causing an increase in the num-
ber of microglia, while also a much fewer number of
them are involved in AB uptake compared with normal
controls [37]. Although many studies have examined the
evidence of upregulated microglial responses in retina
tissues from AD patients, our understanding of retinal
microglial responses remains limited. Further research is
needed to investigate the mechanisms and timeline of the
changes in microglial population and size.

Microglia exhibit a variety of different morphologies
that are associated with distinctive functions [44]. Their
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morphology has been shown to drastically change in
different parts of the brain and with ageing [45]. Neuro-
degenerative diseases such as AD have also been associ-
ated with different microglia morphology [45]. The most
abundant type of microglia morphology in a healthy
adult CNS is the ramified phenotype, typically recog-
nised with a small microglial soma connected to several
long and ramified processes that are usually several times
larger than the cell body itself [46]. The ramified micro-
glia are responsible for surveillance during steady-state
conditions [47], and they utilise their highly dynamic and
mobile branches to survey their surroundings and detect
any changes in the microenvironment. Once neuronal
damage or toxic substances have been sensed, ramified
microglia undergo an activation process and become
ameboid-shaped with round and large cell bodies devoid
of cell processes [44]. Unlike the ramified microglia for
surveillance, the amoeboid morphology may allow for
better mobility to the injured brain area and capacity for
phagocytosis [47]. It has been shown that the morpho-
logical change between ramified to amoeboid microglia
takes only 30—60 min in the brain [48, 49]. Other distinc-
tive morphologies include hypertrophic/hyper-ramified,
rod, dystrophic, and satellite microglia [44].

Previous studies have reported that there was an
increased level of amoeboid microglia in the hippocam-
pus and cerebral cortex in the AD brain [38, 50], and
other studies have shown increased rod, hypertrophic/
hyper-ramified, and dystrophic microglia during AD
pathogenesis [44, 45]. However, there is a lack of reports
of similar findings in the AD retina, which provides the
rationale for this study, which focuses on the morphol-
ogy of retinal IBA-1 labelled microglia within the AD eye
of post-mortem donors using confocal microscopy. We
investigated morphological features such as cell solidity,
convexity, circularity, and phagocytic cup count between
AD and control, and found no significant difference
between the groups. It is worthwhile to mention that the
microglia morphological changes are associated with
specific retinal locations and the progression of neurode-
generative disease [45], and therefore, it is possible that
the microglia morphology may be different between the
inferior temporal of the mid-peripheral retina we used
and other retinal regions. It is also important to consider
that our study used AD donor tissues from Braak stage
V-VI. Therefore, future studies investigating the micro-
glia morphology in other regions of the retina and at dif-
ferent disease stages are warranted.

Conclusions

Here, we studied cell solidity, convexity, and circular-
ity, foundational parameters to examine cell morphol-
ogy, however it should be noted that Choi et al. utilised
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supervised machine learning with support vector
machine to accurately and reproducibly quantify and
categorise five distinctive retinal microglial cell mor-
phologies [51]. Their group reported statistically signif-
icant group differences among morphotypes with shape
descriptors, which enables accurate description of the
entire population of microglial cells [51].

Our study highlighted that the increased size of
microglia in AD eyes may be a valuable addition to the
diagnostic toolkit for ocular in-vivo imaging of AD.
Wahl et al. demonstrated the use of sensorless adaptive
optics (SAO) for non-invasive single-cell imaging in
the retina of wild-type (C57BL/6]) and transgenic mice
with green fluorescent protein (GFP)-labelled microglia
(Cx3cr1-GFP). This high-resolution technique allowed
for clear observation of the dynamics of microglial
branches [52]. The ability to count and measure reti-
nal microglia in vivo will enhance our understanding
of the changes that occur with AD progression and the
efficacy of AP-lowering drugs. Coupled with studies
revealing the presence of AP in the retina and tears of
AD patients [53], the role of ocular non-invasive tech-
niques in diagnosing and monitoring AD progression
may become crucial in the future.

Abbreviations

AB Amyloid-B

AD Alzheimer's disease

CD68 Cluster of differentiation 68

CNS Central nervous system

cT Computed tomography

Ctrl Control

DAMPS  Damage-associated molecular patterns
DLB Dementia with lewy bodies

GFP Green fluorescent protein

IBA-1 lonised calcium-binding adaptor molecule 1
MClI Mild cognitive impairment

MRI Magnetic resonance imaging
oCT Optical coherence tomography
PBS Phosphate buffered saline

PET Positron emission tomography
plau Tau proteins

RT Room temperature

SAO Sensorless adaptive optics

SEM Standard error of the mean

SLO Scanning laser ophthalmoscopy
TX-100  Triton X-100

VGH Vancouver General Hospital

Acknowledgements
Not applicable.

Author contributions

W.N. and H.L. wrote the main manuscript text. H.L, LI, J.O, collected the data.
S.L, PW, W.P.and J.M. supervised and conceptualized the project and secured
funding. W.N. prepared Figs. 1-7, and conducted the analysis. W.N. and PH.
conducted the machine learning aspect of the project. H.L. and L.I. conducted
the manual aspect of the project. G-Y. RH. supervised UBC Clinic for Alzhei-
mer’s and Related Disorders and patient consent. .M., V.H,, collected the retinal
samples. All authors contributed intellectually and reviewed the manuscript.

(2024) 12:202

Page 150f 16

Funding

This research was funded by CIHR (trainee funding), NSERC (trainee funding),
Fighting Blindness Canada (trainee funding and general supplies), and the
Vancouver Coastal Health Research Institute (VCHRI) (general supplies).

Availability of data and materials
Data is provided within the manuscript.

Code availability

Code used for the automated segmentation and analysis of the retinal
microglia are available for download on GitHub at https://github.com/Peter-
Hogg/Retinal-Microglia-Segmentation. The llastik project files are stored on
the Open Science Framework at https://osf.io/euspt/?view_only=755c79f38a
d245908d3aa8b5620c4863.

Declarations

Ethics approval and consent to participate
This study was approved by the clinical ethics research board of the University
of British Columbia and strictly adhered to the Declaration of Helsinki.

Consent for publication
Consent was obtained.

Competing interests
J.AM.is a co-editor for the collection “Neuropathology and Neurodegenera-
tion in the Retina!"The authors declare no competing interests.

Author details

'Faculty of Medicine, The University of British Columbia, Vancouver, BC,
Canada. “Department of Ophthalmology and Visual Sciences, The Univer-
sity of British Columbia, 2550 Willow St. Room 375, Vancouver, BC V5Z 3N9,
Canada. *Department of Cellular and Physiological Sciences, The University
of British Columbia, Vancouver, BC, Canada. “Department of Pathology

and Laboratory Medicine, The University of British Columbia, Vancouver, BC,
Canada. *Vanderbilt University School of Medicine, Vanderbilt University Insti-
tute of Imaging Science, Nashville, TN, USA. ®Simon Fraser University School
of Engineering Science, Burnaby, BC, Canada. ’Mental Health and Clinical
Neurosciences, School of Medicine, University of Nottingham, Nottingham,
UK. ®Division of Neurology, Department of Medicine, The University of British
Columbia, Vancouver, BC, Canada.

Received: 18 August 2024 Accepted: 25 November 2024
Published online: 24 December 2024

References

1. Reitz C, Brayne C, Mayeux R (2011) Epidemiology of Alzheimer disease.
Nat Rev Neurol 7:137-152

2. Better MA (2023) Alzheimer’s disease facts and figures. Alzheimers
Dement 19:1598-1695

3. World Health Organization. (2022) Dementia. Available from: https://
www.who.int/news-room/fact-sheets/detail/dementia

4. Alzheimer's Association (2019) Alzheimer’s disease facts and figures.
Alzheimers Dement 15:321-387

5. Medications for memory, cognition and dementia-related behaviors
[Internet]. Alzheimer’s disease and dementia. [cited 3 Aug 2024]. Avail-
able from: https://www.alz.org/alzheimers-dementia/treatments/medic
ations-for-memory

6. Center for Drug Evaluation, Research (2024) FDA approves treatment for
adults with Alzheimer’s disease [Internet]. U.S. Food and Drug Administra-
tion. FDA, [cited 2024 Aug 3]. Available from: https://www.fda.gov/drugs/
news-events-human-drugs/fda-approves-treatment-adults-alzheimers-
disease

7. Jack CRJr, Lowe VJ, Weigand SD, Wiste HJ, Senjem ML, Knopman DS
et al (2009) Serial PIB and MRI in normal, mild cognitive impairment and
Alzheimer's disease: implications for sequence of pathological events in
Alzheimer's disease. Brain 132:1355-1365


https://github.com/Peter-Hogg/Retinal-Microglia-Segmentation
https://github.com/Peter-Hogg/Retinal-Microglia-Segmentation
https://osf.io/euspt/?view_only=755c79f38ad245908d3aa8b5620c4863
https://osf.io/euspt/?view_only=755c79f38ad245908d3aa8b5620c4863
https://www.who.int/news-room/fact-sheets/detail/dementia
https://www.who.int/news-room/fact-sheets/detail/dementia
https://www.alz.org/alzheimers-dementia/treatments/medications-for-memory
https://www.alz.org/alzheimers-dementia/treatments/medications-for-memory
https://www.fda.gov/drugs/news-events-human-drugs/fda-approves-treatment-adults-alzheimers-disease
https://www.fda.gov/drugs/news-events-human-drugs/fda-approves-treatment-adults-alzheimers-disease
https://www.fda.gov/drugs/news-events-human-drugs/fda-approves-treatment-adults-alzheimers-disease

Nassrallah et al. Acta Neuropathologica Communications

20.

21.

22.

23.

24,

25.
26.

27.

28.

29.

30.

31.
32

33.

Olsson B, Lautner R, Andreasson U, Ohrfelt A, Portelius E, Bjerke M et al
(2016) CSF and blood biomarkers for the diagnosis of Alzheimer’s disease: a
systematic review and meta-analysis. Lancet Neurol 15:673-684

Jack CR Jr, Knopman DS, Jagust WJ, Shaw LM, Aisen PS, Weiner MW et al
(2010) Hypothetical model of dynamic biomarkers of the Alzheimer’s
pathological cascade. Lancet Neurol 9:119-128

London A, Benhar I, Schwartz M (2013) The retina as a window to the brain-
from eye research to CNS disorders. Nat Rev Neurol 9:44-53

. Xu QA, Boerkoel P, Hirsch-Reinshagen V, Mackenzie IR, Hsiung G-YR, Charm

G et al (2022) Mller cell degeneration and microglial dysfunction in the
Alzheimer’s retina. Acta Neuropathol Commun 10:145

Lull ME, Block ML (2010) Microglial activation and chronic neurodegenera-
tion. Neurotherapeutics 7:354-365

Kettenmann H, Hanisch U-K, Noda M, Verkhratsky A (2011) Physiology of
microglia. Physiol Rev 91:461-553

Spangenberg E, Severson PL, Hohsfield LA, Crapser J, Zhang J, Burton EA
etal (2019) Sustained microglial depletion with CSF1R inhibitor impairs
parenchymal plague development in an Alzheimer’s disease model. Nat
Commun 10:3758

. Varnum MM, lkezu T (2012) The classification of microglial activation pheno-

types on neurodegeneration and regeneration in Alzheimer’s disease brain.
Arch Immunol Ther Exp 60:251-266

Sarlus H, Heneka MT (2017) Microglia in Alzheimer’s disease. J Clin Invest
127:3240-3249

Guo L, Choi S, Bikkannavar P, Cordeiro MF (2022) Microglia: key players in
retinal ageing and neurodegeneration. Front Cell Neurosci 16:804782
Reddaway J, Richardson PE, Bevan RJ, Stoneman J, Palombo M (2023) Micro-
glial morphometric analysis: so many options, so little consistency. Front
Neuroinform 17:1211188

Berg S, Kutra D, Kroeger T, Straehle CN, Kausler BX, Haubold C et al (2019)
ilastik: interactive machine learning for (bio)image analysis. Nat Methods.
https://doi.org/10.1038/541592-019-0582-9

Konyushkova K, Sznitman R, Fua P (2015) Introducing geometry in active
learning for image segmentation. In: Proceedings of the IEEE international
conference on computer vision, p 2974-2982

Hyman BT, Phelps CH, Beach TG, Bigio EH, Cairns NJ, Carrillo MC et al (2012)
National Institute on Aging-Alzheimer’s Association guidelines for the neu-
ropathologic assessment of Alzheimer’s disease. Alzheimers Dement 8:1-13
Lee S, Jiang K, Mclimoyle B, To E, Xu QA, Hirsch-Reinshagen V et al (2020)
Amyloid beta immunoreactivity in the retinal ganglion cell layer of the
Alzheimer’s eye. Front Neurosci 14:758

Wijesinghe P, Whitmore CA, Campbell M, Li C, Tsuyuki M, To E et al (2023)
Ergothioneine, a dietary antioxidant improves amyloid beta clearance in
the neuroretina of a mouse model of Alzheimer’s disease. Front Neurosci
17:1107436

Calvo JL (2024) Human retina. From top: nerve fibre, ganglion cell, inner
plexiform, inner nuclear, outer plexiform, outer nuclear, rods and cones, and
pigment epithelium layers. Shutterstock [Internet]. Available from: https://
www.shutterstock.com/image-photo/human-retina-top-nerve-fibre-gang!
ion-2412616613

Breiman L (2001) Random forests. Mach Learn 45:5-32

van der Walt S, Schonberger JL, Nunez-Iglesias J, Boulogne F, Warner JD,
Yager N et al (2014) scikit-image: image processing in Python. Peer] 2:e453
Leyh J, Paeschke S, Mages B, Michalski D, Nowicki M, Bechmann I et al (2021)
Classification of microglial morphological phenotypes using machine learn-
ing. Front Cell Neurosci 15:701673

Podlesny-Drabiniok A, Marcora E, Goate AM (2020) Microglial phagocytosis:
a disease-associated process emerging from Alzheimer’s disease genetics.
Trends Neurosci 43:965-979

Leng F, Edison P (2021) Neuroinflammation and microglial activation in
Alzheimer disease: Where do we go from here? Nat Rev Neurol 17:157-172
Mata-Martinez E, Diaz-Murfioz M, Vazquez-Cuevas FG (2022) Glial cells and
brain diseases: inflammasomes as relevant pathological entities. Front Cell
Neurosci 16:929529

Merighi S, Nigro M, Travagli A, Gessi S (2022) Microglia and Alzheimer's
disease. Int J Mol Sci. https://doi.org/10.3390/ijms232112990

ZhaoY, Zhao B (2013) Oxidative stress and the pathogenesis of Alzheimer’s
disease. Oxid Med Cell Longev 2013:316523

Aikawa T, Holm M-L, Kanekiyo T (2018) ABCA7 and pathogenic pathways of
Alzheimer’s disease. Brain Sci. https://doi.org/10.3390/brainsci8020027

(2024) 12:202

Page 16 of 16

34. Zhong G, Long H, Zhou T, Liu Y, Zhao J, Han J et al (2022) Blood-brain barrier
Permeable nanoparticles for Alzheimer’s disease treatment by selective
mitophagy of microglia. Biomaterials 288:121690

35. Blanks JC, Schmidt SY, Torigoe Y, Porrello KV, Hinton DR, Blanks RH (1996)
Retinal pathology in Alzheimer’s disease. II. Regional neuron loss and glial
changes in GCL. Neurobiol Aging 17:385-395

36. Grimaldi A, Pediconi N, Oieni F, Pizzarelli R, Rosito M, Giubettini M et al (2019)
Neuroinflammatory processes, A1 Astrocyte activation and protein aggre-
gation in the retina of Alzheimer’s disease patients, possible biomarkers for
early diagnosis. Front Neurosci 13:925

37. Koronyo Y, Rentsendorj A, Mirzaei N, Regis GC, Sheyn J, ShiH et al (2023)
Retinal pathological features and proteome signatures of Alzheimer’s
disease. Acta Neuropathol 145:409-438

38. Bachstetter AD, Van Eldik LJ, Schmitt FA, Neltner JH, Ighodaro ET, Webster SJ
et al (2015) Disease-related microglia heterogeneity in the hippocampus of
Alzheimer's disease, dementia with Lewy bodies, and hippocampal sclerosis
of aging. Acta Neuropathol Commun 3:32

39. XuJ, Sun J, Perrin RJ, Mach RH, Bales KR, Morris JC et al (2019) Translocator
protein in late stage Alzheimer’s disease and Dementia with Lewy bodies
brains. Ann Clin Transl Neurol 6:1423-1434

40. Koronyo-Hamaoui M, Koronyo Y, Ljubimov AV, Miller CA, Ko MK, Black KL
etal (2011) Identification of amyloid plaques in retinas from Alzheimer’s
patients and noninvasive in vivo optical imaging of retinal plaques in a
mouse model. Neuroimage 54(Suppl 1):5204-S217

41. denHaan J, Morrema THJ, Verbraak FD, de Boer JF, Scheltens P, Rozemul-
ler AJ et al (2018) Amyloid-beta and phosphorylated tau in post-mortem
Alzheimer's disease retinas. Acta Neuropathol Commun 6:147

42. Du X, Koronyo Y, Mirzaei N, Yang C, Fuchs D-T, Black KL et al (2022) Label-free
hyperspectral imaging and deep-learning prediction of retinal amyloid
B-protein and phosphorylated tau. PNAS Nexus 1:gac164

43. Nufez-Diaz C, Andersson E, Schultz N, Poceviciaté D, Hansson O, Neth-
erlands Brain Bank et al (2024) The fluorescent ligand bTVBT2 reveals
increased p-tau uptake by retinal microglia in Alzheimer’s disease patients
and AppNL-F/NL-F mice. Alzheimers Res Ther 16:4

44. Savage JC, Carrier M, Tremblay M-E (2019) Morphology of microglia across
contexts of health and disease. In: Garaschuk O, Verkhratsky A (eds) Micro-
glia: methods and protocols. Springer, New York, pp 13-26

45.  Anwar MM, Pérez-Martinez L, Pedraza-Alva G (2024) Exploring the signifi-
cance of microglial phenotypes and morphological diversity in neuroin-
flammation and neurodegenerative diseases: from mechanisms to potential
therapeutic targets. Immunol Invest 1-56

46. Jinno S, Fleischer F, Eckel S, Schmidt V, Kosaka T (2007) Spatial arrangement
of microglia in the mouse hippocampus: a stereological study in compari-
son with astrocytes. Glia 55:1334-1347

47. Boche D, Perry VH, Nicoll JAR (2013) Review: activation patterns of microglia
and their identification in the human brain. Neuropathol Appl Neurobiol
39:3-18

48. Davalos D, Grutzendler J,Yang G, Kim JV, Zuo Y, Jung S et al (2005) ATP
mediates rapid microglial response to local brain injury in vivo. Nat Neurosci
8:752-758

49. Nimmerjahn A, Kirchhoff F, Helmchen F (2005) Resting microglial cells
are highly dynamic surveillants of brain parenchyma in vivo. Science
308:1314-1318

50. Bouvier DS, Jones EV, Quesseveur G, Davoli MA, Ferreira AT, Quirion R
et al (2016) High resolution dissection of reactive Glial nets in Alzheimer’s
disease. Sci Rep 6:24544

51. Choi S, Hill D, Young J, Cordeiro MF (2024) Chapter 8—image processing
and supervised machine learning for retinal microglia characterization in
senescence. In: Petroni G, Kepp O, Galluzzi L (eds) Methods in cell biology.
Academic Press, pp 109-125

52. WahlDJ,NgR, Ju MJ, Jian Y, Sarunic MV (2019) Sensorless adaptive optics
multimodal en-face small animal retinal imaging. Biomed Opt Express
10:252-267

53. Kastelan S, Bras M, Pjevac N, Bakija |, Tomi¢ Z, Pjevac Kelemini¢ N et al (2023)
Tear biomarkers and Alzheimer’s disease. Int J Mol Sci. https://doi.org/10.
3390/ijms241713429

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


https://doi.org/10.1038/s41592-019-0582-9
https://www.shutterstock.com/image-photo/human-retina-top-nerve-fibre-ganglion-2412616613
https://www.shutterstock.com/image-photo/human-retina-top-nerve-fibre-ganglion-2412616613
https://www.shutterstock.com/image-photo/human-retina-top-nerve-fibre-ganglion-2412616613
https://doi.org/10.3390/ijms232112990
https://doi.org/10.3390/brainsci8020027
https://doi.org/10.3390/ijms241713429
https://doi.org/10.3390/ijms241713429

	3-Dimensional morphological characterization of neuroretinal microglia in Alzheimer’s disease via machine learning
	Abstract 
	Introduction
	Methods
	Neuropathological assessment of Alzheimer’s disease
	Immunofluorescence dual labelling for IBA-1 and CD68
	Confocal microscopy and imaging
	Microglia segmentation and analysis with machine learning
	Manual microglia segmentation and analysis
	Statistical analysis

	Results
	AD retina exhibit lower microglia counts than control retina
	AD retinas exhibit larger microglia than control counterparts
	No morphological differences between retinal microglia of AD and controls
	Larger microglia seen in AD retina are restricted to CD68 + cells
	Microglia phagocytic cups were similar between AD and control retina

	Discussion
	Conclusions
	Acknowledgements
	References


