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Introduction

Meibomian gland dysfunction can be characterized as ter-
minal duct obstruction and/or qualitative/quantitative chang-
es in glandular secretion. Meibomian gland dysfunction is 
caused primarily by terminal duct obstruction as a result of 
the hyperkeratinization process of the ductal epithelium and 
increased meibum viscosity. This process leads to stasis of the 
meibum inside the glands and then dilation and distortion of 
the ductal system and finally loss of tissue [1-7].

Studies have shown that Meibomian gland dysfunction is 
a major cause of symptomatic dry eye disease characterized 
by a loss of homeostasis of the tear film. It may cause ocular 
surface inflammation, damage and neurosensory abnormal-
ities [1-8]. 

Meibography techniques allow one to visualize the sil-
houette of the morphological structure of the Meibomian 
gland through the illumination of the everted eyelids [9-12]. 
The development of non-contact meibography by Arita et al. 
(2008) [13] is the beginning of a new era of meibography. 
Nowadays, there are various multifunctional ophthalmic in-
struments on the market with a built-in infrared system for 

meibography. All these factors enable meibography to be used 
routinely during an ophthalmological examination [13-17].

To classify the obtained meibography images different 
scales have been proposed. However, there is currently no 
widely accepted algorithm for detection of those image fea-
tures that are clinically useful. The technique of image analy- 
sis in meibography can help clinicians interpret the degree 
of gland loss or meibography changes in patients suffering 
from Meibomian gland dysfunction or ocular surface diseases 
associated with Meibomian gland dysfunction. 

This article presents a short review of the subjective and 
objective methods used for Meibomian gland image analysis

SUBJECTIVE METHODS OF MEIBOMIAN GLAND 
ANALYSIS 

Most early methods of Meibomian gland image classi-
fication were based on the estimation of the dropout area.  
A grading scale consisting of subjective decisions based on 
the human experts’ experience was proposed [12, 13]. 

Meibomian glands have been classified as complete or 
partial [18]. In general, complete Meibomian glands are 
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those that traverse the lid linearly roughly 3-4 mm; those 
that do not traverse the lid fully or are found in small, ir-
regular clumps are termed partial Meibomian glands [18]. 
The proposed gestalt grading scale considers the percentage 
of the image area containing partial Meibomian glands. The 
following steps were introduced: Grade 1 (no partial glands), 
Grade 2 (less than 25% of the image contains partial Meibo-
mian glands), Grade 3 (between 25% and 75% of the image 
contains partial Meibomian glands), and Grade 4 (more than 
75% of the image contains partial Meibomian glands) [18].

The second method, introduced by Nichols et al. (2008), 
was based on simply counting the number of complete Mei-
bomian glands, with no credit given for partial glands [18]. 
The results regarding the within- and between-reader relia-
bility showed a reasonable repeatability score, with the better 
results reached for the gestalt grading scale. However, there 
is a significant difference between the within-reader and be-
tween-reader reliability. The measurement error associated 
with the between-reader reliability of meibography images 
was found to be higher compared with the within-reader 
reliability [18]. This finding suggests that a reliable analysis 
of the Meibomian gland images is needed, which would be 
especially valuable in a clinical trial or epidemiological study 
in which many readers conduct image assessment. It is worth 
noting that it was the first evaluation of the reliability of the 
grading scales for meibography images [18].

The study of Arita et al. (2008, 2010) graded partial or 
complete Meibomian gland loss using the following meibog-
raphy score for each eyelid: Grade 0 (no loss of Meibomian 
glands), Grade 1 (loss of less than one-third of the total area 
of Meibomian glands), Grade 2 (loss of between one-third 
and two-thirds of the total area), and Grade 3 (loss of over 
two-thirds of the total area) [19-20]. Then, the meiboscore 
for the upper and lower eyelids was summed to obtain a score 
for each eye [19-20]. This method is fully subjective, based on 
the clinicians’ experience; there is no information available 
according to the within- and between-reader repeatability.

A similar four-grade percentage scale of the Meibomian 
gland loss in the upper eyelid was introduced by Pflugfelder 
et al. (1998), where meiboscore 0 means no gland dropout, 
meiboscore 1 means 33% gland dropout, meiboscore 2 means  
34-66% gland loss and meiboscore 3 more than 66% means 
gland dropout [21]. Then, in order to emphasize grading 
in meibography and to sensitize to minor changes in gland 
morphology, the 5-grade percentage scale of dropout area 
was presented [22, 23]. The grading scale describes the 
meiboscore as follows: meiboscore 1 – area of loss 0%, mei-
boscore 2 – area of loss < 25%, meiboscore 3 – area of loss  
25-50%, meiboscore 4 – area of loss 51-75% and meiboscore 
5 – area of loss > 75%.  Interestingly, the study showed better 
inter- and intra-observer agreement for the newly proposed  
5-grade scale. Moreover, the five-grade scale gave more 
consistent increments and facilitated the conversion of the 
percent gradation to the linear increments, making it more 
comparable with other subjective grading scales and/or com-
puterized analyses of Meibomian gland loss. Furthermore, 

smaller increments may enhance the detection of the cut-off 
values and changes in Meibomian gland morphology [22-23].

Other studies have introduced an application of the 
semi-computerized method of assessment. The area of the 
gland loss was measured using ImageJ software (Wayne Ras-
band, National Institutes of Health, Bethesda, MD) and then 
the relation of the gland loss to the total lid area was calculat-
ed as a Meibomian gland loss factor. It was assumed that the 
intra- and inter-observer agreement was significantly better 
using the objective assessment than the subjective grading 
scales [22]. Similar results were obtained in the study of Srin-
ivasan et al. (2012) [24]. Applying ImageJ software provid-
ed the first step in the development of the computer assisted 
methods in meibography. The study concluded that there was 
a need for a more standardized, automated and less time-con-
suming method to improve repeatability and precision of the 
evaluation [22-24].

It was realized that the gland number and the dropout 
area are not the only features that can be used as Meibo-
mian gland descriptions. Much research has been devot-
ed to quantification of the morphological changes within 
gland structure. The study of Arita et al. (2017) reported 
the distortion grading, where distortion is characterized 
by an altered morphology more than 45 degrees in at least 
1 Meibomian gland in either the upper or the lower eyelid. 
The distortion was graded 1 if it was present, and 0 if it was 
absent. The idea of an all-or-nothing score does not pro-
vide the magnitude of the distortion phenomenon. There 
is only available information about the magnitude of the 
angle of the distortion for each gland, which does not seem 
to provide valuable data for an objective classification sche-
ma [25].

The study of Pult et al. (2012) [26] proposed the use of 
ImageJ software for Meibomian gland morphology descrip-
tion, namely Meibomian gland thickness and Meibomian 
gland bending. In the performed analysis, it was assumed 
that the analysis of one of the worst glands can be consid-
ered as a representation of the general stage of Meibomian 
gland dysfunction [26].

A similar assumption was used in the study of Ban et al. 
(2012) [27]. The Meibomian gland duct length in the upper 
and lower eyelids was calculated as the average value of the 
length of the five selected central Meibomian gland ducts. 

The other method of Meibomian gland morphology 
assessment is based on the observation that the healthy 
Meibomian glands form a parallel stripe pattern through-
out the length of the tarsal plate in the eyelids. The pres-
ence (“yes”) or absence (“no”) of tortuosity or non-parallel 
nature of the glands was noted in the study of Srinivasan  
et al. (2012) [24].

The method of Meibomian gland distortion evalua-
tion presented in the study of Xiao et al. (2019) is based 
on counting the distorted glands, i.e., glands with torsion 
> 45°. The proposed method is semi-automated and it in-
troduced a cut-off value for Meibomian gland evaluation. 
The author concluded that the presence of the six distorted 
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glands was sensitive and specific for the diagnosis of Mei-
bomian gland dysfunction [28]. 

Meibomian gland morphometric features in children were 
examined in the study of Zhao et al. (2018). The study intro-
duced a 6-grade scale for distortion evaluation, providing val-
uable information regarding the magnitude of the distortion. 
There is a lack of information about the usefulness of the pro-
posed scale among the older population [29].

To date, most of the published literature has used 
subjective scales for meibography image assessment, but 
recent studies have shown that the use of objective and 
automated grading may be a more advantageous and suit-

able method. Developing an objective method of image 
analysis is challenging but may be the only way to obtain 
a reliable gland morphology interpretation. Table I pre-
sents a summary of the subjective methods of Meibomian 
gland image analysis.

Objective methods of Meibomian gland 
analysis

Recently, studies have used image analysis software, name-
ly ImageJ, for semi-computerized analysis and classification 
of Meibomian gland images [22-27, 30]. Although the user is 
still involved in identifying the region of interest, better intra- 

Table I. Summary of the subjective methods of the Meibomian gland images analysis

Extracted 
features

Author
Method Pros Cons

Complete or 
partial MGs

Nichols et al. 
(2008)

Counting the number of the 
complete MGs

Reached reasonable within-reader 
agreement score

No grading system
Low between-reader agreement score
Considering only the upper eyelid  

Nichols et al. 
(2008)

The percentage of the image 
area containing partial MGs

4 Grade scale 
Reached reasonable within-reader 
agreement score

Low between-reader agreement score
Considering only the upper eyelid  

MGs loss

Pflugfelder et 
al. (1998)

The percentage of the image 
area of the MGs loss

4 Grade scale 
Subjective evaluation
Considering only the upper eyelid  

Arita et al. 
(2008, 2010)

The part of the area of the 
MGs loss

4 Grade scale 
Considering the upper and the lower 
eyelid

Subjective evaluation

Pult et al. 
(2013)

The percentage of the image 
area of the MGs loss

5 Grade scale 
High within- and between-reader 
agreement score

Subjective evaluation
Considering only the upper eyelid  

Pult et al. 
(2013) The percentage of the image 

area of the MGs loss

4 Grade scale 
Semi-computerized method 
High within- and between-reader 
agreement score

Considering only the upper eyelid  

Arita et al. 
(2017)

Observation of the altered 
morphology more than 
45 degrees in at least 1 
Meibomian gland

Yes or no scale (0-1 scale) 
Considering the upper and the lower 
eyelid

All or nothing scale 
No information regarding the magnitude of the 
distortion
Subjective evaluation

MGs 
distortion

Arita et al. 
(2012)

Counting the MGs with 
altered morphology (with 
torsion > 45°)

3 Grade scale Subjective evaluation

Pult et al. 
(2012)

Measurements of the MGs 
bending 

Semi-computerized method 

Analysis of only one of the worst glands as  
a representation of the overall condition of the 
MGs
No information regarding the magnitude of the 
distortion 

Xiao et al. 
(2019)

Counting the number of 
the distorted glands (with 
torsion > 45°)

Proposed cut-off value of the six distorted 
glands for MGD diagnosis 
Semi-computerized method 

Considering only the upper eyelid
subjective evaluation  

Zhao et al. 
(2018)

Considering the amount of 
the distortion and the area 
of the distorted MGs  

6 Grade scale
Information regarding the magnitude of 
the distortion

Considering only the upper eyelid
Examined in the group of children  
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and inter-observer agreement have been achieved [22, 31-32]. 
Hence, a need has been expressed for a method of meibography 
image assessment that is fast, less laborious and less dependent 
on the experience of the examiners [22, 31-33].

Nonetheless, it is important to mention how challenging 
the Meibomian gland images could be for the image process-
ing tools. The difficulties consist of low contrast, out-of-focus 
and non-uniformly illuminated images. Furthermore, artifacts 
appear in the obtained images, such as specular reflection from 
the tear film or eyelashes interfering with the detection of the 
glands. Another feature of the meibographic images is that 
pixel intensity changes gradually between the background and 
glands, making gland segmentation more difficult [34-35].

The study of Koh et al. (2012) provided the first step in 
the development of an objective method of Meibomian gland 
analysis by introducing an algorithm detecting the lines along 
the center and between the glands (called the gland and in-
ter-gland lines) and the width of the glands [34]. The extrac-
tion of these features was based on finding the location of 
maximum and minimum pixel intensity of the pre-processing 
image. The gland centers and inter-gland points are located 
at the local maxima and minima of this profile, where the 
gradient of the pixel intensity vanishes. For the classification, 
the average arc length of all the lines (gland and inter-gland 
lines) was used. Furthermore, the detection of the width of 
the gland was performed using the scale-invariant feature 
transform, which allows the detection and estimation of the 
local changes in the image. The Shannon entropy (measure of 
the uniformity in distribution) method was used to capture 
the difference in the local distributions between healthy and 
unhealthy Meibomian glands and thereby two descriptive pa-
rameters of gland i.e., average entropy and average scale for 
classification, were reached. Then, a support-vector machine 
was used to combine the morphological features and to clas-
sify the gland images into two categories – healthy and un-
healthy. Satisfactory results in terms of classification efficiency 
were achieved, namely for the testing data, a specificity of 96% 
and sensitivity of 98%. However, the current algorithm failed 
to produce satisfactory results when an intermediate group 
was proposed. However, this method was not fully automated 
as the area of the eyelid interest was selected manually. The 
study considered only the upper eyelid. 

The main observation was that the intermediate group 
tends to overlap with the healthy and unhealthy class. There-
fore, a larger set of descriptive gland morphological features 
should be assessed to improve the classification of the inter-
mediate group. One of the limitations of this method is the 
necessity to use image pre-processing tools. On the other 
hand, the proposed method does not require the use of im-
age editing software to manually indicate the area of interest  
i.e. the regions with and without Meibomian glands, which 
undoubtedly makes this procedure less subjective and more 
reliable. The study highlights the need for an algorithm to 
automatically locate the area of interest. So far, users have 
drawn manually the region of the eyelid and have decided 
about the location of the regions with and without glands. 

The author suggests several possible solutions to this problem. 
The automated analysis may be achieved by simple changes 
in the imaging protocol, namely changing the magnification 
to obtain an image with a visible upper eyelid margin and the 
edge of the upper tarsal plate, then the lid margin and the 
edge can be used as the references lines to define the gland 
region [34]. It is worth adding that although admittedly the 
proposed method provides new parameters of the Meibomian 
gland morphology (central length of the detected Meibomian 
glands and spaces between neighboring glands), based on the 
previous studies, these morphological features are not nec-
essarily associated with Meibomian gland dysfunction [19].

Recently, Celik et al. (2013) [36] proposed a new fully au-
tomated approach. In this study the meibography images were 
classified into three classes. The method is based on Gabor 
wavelet filtering, which is utilized as local filtering due to its 
parameterization in shape, local spatial support, and orien-
tation. The lengths and widths of the gland and inter-gland 
structures are estimated using the mid-lines of the structures. 
The detected mid-lines of the gland and inter-gland regions 
are used to extract four descriptive parameters for a given im-
age. Next, these features were combined using support-vector 
machines for classification. The automatic classification was 
compared with the ground truth classification made by cli-
nicians. The classification performance reached 100% accu-
racy for classifying images into two (healthy and unhealthy) 
classes and 88% accuracy for classifying into three (healthy, 
intermediate and unhealthy) categories. The small number 
of samples should be taken into consideration; namely the 
classification was performed only on a set of 65 Meibomian 
gland images. The author pointed out that future work should 
focus on the segmentation of the Meibomian gland images 
into three regions representing the area of the gland, the in-
ter-gland region (i.e., healthy tissue with no glands), and areas 
of tissue loss as a further improvement of the classification 
performance [36].

A different automated morphological analysis of the Mei-
bomian gland structures was proposed by Llorens-Quintana 
et al. (2019) [37]. Additionally, using the proposed approach, 
the impact of Meibomian gland morphology changes on 
gland function and ocular surface was investigated [35]. The 
proposed method provided the area of interest, which is the 
area of the tarsal plate containing Meibomian glands. As the 
next step, the individual Meibomian glands were isolated and 
the set of morphological features, i.e., dropout area, gland 
length, gland width, number of glands, and gland irregular-
ity, was extracted. Interestingly, the length and width of the 
glands were estimated by fitting an ellipse having the same 
normalized central moment for the given gland. An ellipse 
represents the data distribution fitted to a single gland, con-
sidering it as a two-dimensional object. The length and width 
of the gland are described as an approximation to the length 
of the major and minor axis of the fitted ellipse, respectively. 
Afterwards, the mean value of both parameters for every im-
age for all the exposed glands of the tarsal conjunctiva was 
computed [35, 37]. Additionally, the study introduced meas-
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urements of gland irregularity, i.e., shape dissimilarity of each 
gland from the standardized regular gland. The standardized 
shape of the gland was determined by normalizing the edge 
coordinates of regular glands. Gland irregularity was defined 
as the differential area between the standard gland and the 
examined gland after the superposition of the shape of each 
detected gland onto the shape of the standard gland and was 
presented as the percentage area of the total regular gland, 
which can be defined as the amount of the gland that is out-
side of the regular shape. Then, the mean value for the whole 
set of glands was calculated and used for further procedures. 
As reported earlier, also in this study, in a few cases, the al-
gorithm failed to properly select the tarsal conjunctiva area, 
which again highlights the importance of the image acquisi-
tion and pre-processing [37]. Despite this fact, the method 
was highly successful in isolating the glands and performing 
quantitative analysis of the glands. This is the first time that 
an automated method has described the irregularity of the 
glands. There is a lack of information about a classification 
based on the described parameters. 

One of the first studies presenting software that automati-
cally calculates the ratio of Meibomian gland loss area to total 
area was presented by Arita et al. (2014) [19]. A newly devel-
oped approach determined the lid borders, and then a set of 
filters was used to automatically discriminate the Meibomian 
gland area. The preprocessing analysis consisted of applying 
a Wallis filter to enhance the areas of the low contrast, then 
a Gaussian filter to reduce the image noise. Using the set of 
sophisticated methods, the area of the everted eyelid was au-
tomatically detected. Then, the Meibomian gland area was 
extracted after using correction filters. The ratio of the Mei-
bomian gland area to the total examined area for each upper 
and lower eyelid was calculated and compared with the sub-
jective evaluation. From the entire set of the obtained images, 
only two of them required manual correction, one because 
the large area of the strong reflection wrongly classified as a 
Meibomian gland area, and the other due to extensive loss 
of the Meibomian glands. However, based on the obtained 
repeatability score, it can be concluded that the method is 
highly reliable; namely, the intra-examiner coefficients of var-
iation for the objective analysis of upper/lower Meibomian 
gland area in the  control group and in group of the patients 
with MGD were 0.59%/0.40% and 0.47/0.44%, respectively. 
Some limitations of the study could not be overcome. First, 
images with specular reflections or images presenting ex-
cessive Meibomian gland loss required manual revision and 
correction. Secondly, there is a need to clarify the variation 
of findings in the terminal part of the glands; namely, in the 
study a decrease in the image quality of the terminal part of 
the glands with age and lipid profile content was observed. 
Therefore, this finding requires further investigations [19]. In 
order to better understand the Meibomian gland morphol-
ogy changes in the course of Meibomian gland dysfunction, 
a comparison of the distal, mid and proximal zones of the 
gland regions should be conducted. Moreover, the study of 
Andrews et al. (2020) [38] showed significant differences in 

meibography grading between regional zones (nasal, central, 
temporal) and global grades. This observation also should be 
considered in further research. 

The study of Ciezar et al. (2020) [39] focused on the ex-
traction of the morphometric features of the Meibomian 
glands and improvements in the classification performance of 
the Meibomian gland images. The proposed approach is not 
based on a description at the level of individual glands, but on 
the global analysis of the whole eyelid area using a 2D Fourier 
transform of the whole set of glands. As a result, two objec-
tive grading parameters, namely gland mean frequency and 
anisotropy in gland periodicity, were obtained. Recorded im-
ages were subjectively graded by the experts and grouped into 
three categories: healthy, intermediate and unhealthy. The 
results suggest that combining more parameters in an auto- 
matic decision process can be a way of significantly improv-
ing the performance of any future classification scheme. 
Some limitations of this method result from its global char-
acter.  During the full eyelid analysis an image containing  
a structure in which glands, although forming a periodic 
structure, are inclined at various different angles may be in-
correctly characterized by a high value of the anisotropy pa-
rameter and so incorrectly classified. To solve this problem, 
a similar analysis but performed on the local scale (analyzing 
small sections of the whole image) should be considered [39].

Nowadays, the deep learning approach, a particular 
form of artificial intelligence, is gaining more attention in 
medical imaging [40-41]. Deep learning is an artificial in-
telligence function that imitates the workings of the human 
brain in processing data and creating patterns for use in 
decision-making. These advanced methods can predict fea-
tures directly from a large dataset of labeled images, without 
explicitly specifying rules or features [42-43]. A four-stage 
meiboscore was used in this study and it was found that the 
numeric percent atrophy is a better rating method than the 
four-stage meiboscore, especially for samples where the per-
cent atrophy is near the grading transition limits [44]. The 
evaluation performed by human experts was compared with 
those performed by the deep learning approach. Satisfactory 
results were obtained; namely, the accuracy of the determina-
tion of the eyelid area and atrophy area was 97.6% and 95.4%, 
respectively [44]. The results show that deep learning systems 
combined with experience-based knowledge of the clinicians 
may be the future of image-based medical diagnosis [42-44]. 
Further work should focus on the ability to predict the in-
dividual gland morphology by the deep learning approach. 

It is worth noting that until now there are only a few stud-
ies using a deep learning approach for Meibomian gland dys-
function diagnosis, but the results so far are very promising. 
Success in automatic parameterization of the images based on 
dropout area gives hope that these methods will be equally 
successful in describing the Meibomian gland using different 
morphometric features. Therefore, further research should 
be aimed at searching for descriptive parameters of the Mei-
bomian gland and linking these features with ocular surface 
condition and tear film parameters. Such data would make it 
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possible, in the near future, to train the neural network to find 
more subtle changes in the meibography images and diagnose 
Meibomian gland dysfunction at an early stage. Table II pre-
sents a summary of objective methods of Meibomian gland 
images analysis.

Clinical practice
Some studies have evaluated subjective Meibomian gland 

image analysis with ocular surface parameters. However, most 
of them concentrated on the dropout area, excluding the mor-
phological features. A significant correlation of dropout area 
with ocular symptoms, lid abnormalities, fluorescein breakup 
time, and gland expressibility has been reported [23, 45-51].

Several studies have used a semi-automated Meibomian 
gland image analysis and found a relationship between drop-
out area and noninvasive breakup time and Ocular Surface 
Disease Index score [23, 26]. In only one available study us-
ing the fully automated Meibomian gland analysis algorithm, 
a positive significant correlation between dropout area and 

bulbar conjunctival hyperemia and conjunctival staining was 
found [37]. 

It should certainly be noted that the obtained results may 
vary among the studies. Several factors should be mentioned, 
i.e., the method of assessment (the level of subjectivity in the 
image analysis) and the set of obtained meibography images 
(a large mixed group of healthy and unhealthy images is de-
sirable) [35-36]. 

Even though the Meibomian gland morphology may play 
a crucial role in Meibomian gland disease, there is a limited 
number of studies investigating the influence of Meibomian 
gland morphology on Meibomian gland function, tear film 
characteristics, and ocular surface health. The study of Ban et 
al. (2013) [27] showed the correlations between gland length 
and Meibomian gland expressivity. A significant relation was 
found between the gland length and Ocular Surface Disease 
Index and non-invasive breakup time score in the study of 
Pult et al. (2012) [23-26] using the semi-automated analysis 
method. 

Table II. Summary of the objective methods of the Meibomian gland images analysis

Extracted 
features

Author
Method Pros Cons

MGs length and 
width 

Koh et al. 
(2012) Scale Invariant Feature 

Transform, Shannon Entropy

Fully automated method
Proposed MGs image classification 
into 2 classes

Obtained morphological features not necessarily 
associated with MGD
Considering only the upper eyelid  

MGs length 
and width and 
inter-gland 
structures

Celik et al. 
(2013)

Gabor wavelets filtering
Automated features extraction 
Proposed MGs image classification 
into 3 classes

Simplification of the area of interest as an ellipse
Considering only the upper eyelid  
Small number of samples  

MGs length and 
width, number 
of glands, MGs 
irregularity, 
dropout area

Llorens-
Quintana et al. 
(2019)

Set of sophisticated 
methods, including 
estimation the differences 
between standardized MGs 
and examined MGs

Fully automated method
Automated extraction of the area 
of interest
New limits for drop-out grading
Finding correlations of the 
morphometric features with ocular 
surface parameters 

Lack of the Meibomian gland image classification 
based on all extracted features 
Difficulties by extracting the area of interest, manual 
correction needed 
Considering only the upper eyelid  

Drop out area Arita et al. 
(2014)

Set of sophisticated 
methods, including 
discrimination analysis 
method, erosion image 
processing, edge detection

Fully automated method 
Automated extraction of the area 
of interest
Considering the upper and the 
lower eyelid

Manually correction needed by an excessive 
Meibomian gland loss
Difficulties by finding the border of the area of gland 
in terminal part of the glands 

Drop out area Wang et al. 
(2019, 2020)

Deep learning approach

Fully automated method 
Automated extraction of the area 
of interest
Numeric percent atrophy, no 
grading scale

Considering only the upper eyelid  
No information about the ability to predict the 
individual gland morphology 

MGs mean 
frequency and 
anisotropy 
in gland 
periodicity

Ciezar et al. 
(2020)

2D Fourier transform
Proposed Meibomian gland image 
classification into 3 classes
Automated features extraction 

Manually defined area of interest 
Global analysis of the whole set of the MGs not of 
the individual MGs morphology
Considering only the upper eyelid  
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It has been suggested that the gland irregularity may be 
related to the quality and quantity of the expressed meibum 
[24, 52]. However, there is still a need for further work in this 
area due to there being only one available study investigating 
the objective value of gland irregularity with gland function 
and ocular surface condition [37].

In the study of Xiao et al. (2019) both dropout area and 
gland distortion were correlated with dry eye severity level, 
meibum expressibility, and meibum quality. The authors sug-
gested the necessity of Meibomian gland morphology analysis 
in MGD development. Moreover, the evaluation of Meibomi-
an gland loss and distortion provide valuable complementary 
clinical parameters to assess MGD status [28].

A significant correlation was found between Meibomian 
gland tortuosity and the lid margin score, meiboscore, mei-
bum expressibility score, and breakup time [52].

The presented studies concluded that gland distortion 
may be an early indicator of MGD and associated with pro-
gressive loss of the Meibomian glands in the advanced stage 
of MGD [28]. Similar findings in the study of Lin et al. (2020) 
suggest that Meibomian gland tortuosity may play an impor-
tant role in the diagnosis of MGD severity, especially in the 
early stage of the disease [52-53].

Interestingly, in the study of Pistilli et al. (2020) most of 
the proposed Meibomian gland morphologic features were 
not associated with the severity of the dry eye disease symp-
toms or signs, but correlations between tortuous glands and 
higher tear breakup time and longer Schirmer test length 
were noted [54].

In conclusion, according to the current knowledge, mei-
bography alone does not appear to be sufficient for Meibomi-
an gland dysfunction diagnosis, but instead should be inter-
preted in the context of the other clinical parameters [49-52, 
55]. Nonetheless, it remains unclear which of the morpho-
metric features of the glands have a significant impact on the 
gland function and ocular surface condition [36-37, 55].

Conclusions
According to what has been found in the existing research 

reports, the objective analysis of meibographic images has al-
ready proved to be a useful technique improving the treat-
ment protocol for Meibomian gland dysfunction and ocular 
surface diseases associated with Meibomian gland dysfunc-
tion [49]. Therefore, it is crucial to further develop an ob-
jective and automatic assessment system of the Meibomian 

gland images that would provide the dropout area and the 
morphologic parameters. A quantitative, less variable and 
time-consuming method for Meibomian gland evaluation 
could bring new insights for understanding and diagnosis of 
Meibomian gland dysfunction.

It is necessary to test the reproducibility of the presented 
methods. To our knowledge, there is no study comparing the 
results obtained using a different set of images. It is crucial to 
establish one general, not instrument-specific method. Prop-
erties such as obtained image size, different image resolution 
and other potential differences, such as level of illumination, 
must be considered. The proposed method should be easily 
adapted to any possible changes caused by the image acqui-
sition method. A possible future improvement is the idea to 
create an extensive open-access database of Meibomian gland 
images that will serve as a test source for future automatic 
analysis algorithms. In order to directly compare different 
analytic approaches, it would be convenient to test them with 
exactly the same set of gland images. This would allow a truly 
objective comparison between performance of the different 
algorithms and hopefully set the standard of the most proper 
Meibomian image analysis protocols.

Future work should be devoted to finding new objective 
measures of imaged gland structures and trying to connect 
them with the gland physiological condition, as well as the 
ocular surface condition and tear film parameters. Having 
knowledge of these correlations, the sophisticated machine 
learning algorithms can use such data for automatic detec-
tion of the relevant gland features and then show potential 
connections with other physiological parameters. It would be 
extremely helpful and could greatly assist in diagnostic deci-
sion making. 

Although there is strong evidence that the Meibomian im-
age contains a lot of important information, it will never be 
the only source of the information. Therefore, the diagnosis 
of Meibomian gland dysfunction will never be based solely 
on the imaging technique. However, considering the short 
time and low cost of data acquisition, informative capacity 
and the patient’s comfort during this procedure, Meibomian 
gland imaging enhanced by a proper image analysis algorithm 
has the potential to become the primary diagnostic method. 
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