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Purpose: There is no “Gold Standard” test that allows the diagnosis and classification of alterations and pathol-
ogies related to Meibomian glands (MG). A global evaluation of objective and subjective tests is necessary to
determine the final diagnosis.

In recent years, Artificial Intelligence (AI) and Machine Learning (ML) techniques have experienced great
progress in the field of health sciences, as promising techniques for predicting pathologies from data and images.
The main objective of this study has been to train ML classifiers for the classification of three groups of par-
ticipants with and without MG alterations. The secondary objective was to study the precision, specificity and
sensitivity of the ML classifiers.

Methods: A retrospective comparative study was carried out on a total of 135 participants (control, contact lens
wearers and MG pathology). Symptomatology and clinical tests were performed to evaluate the ocular surface
and adnexa. The numerical data obtained from these tests were used to train ML classifiers and the top 5 were
subsequently verified.

Results: Accuracies greater than 76 % were obtained for the training group and greater than 79 % for the
verification group, for five classifiers previously described in Matlab. Subspace KNN was the classifier with the
highest accuracies, specificities and sensitivities, these being moderate-high (greater than 79 %).

Conclusions: ML algorithms can be useful for classifying groups of participants with various meibomian gland
disorders using clinical data. A large number of participants is needed for reliable diagnostic accuracy.

1. Introduction

There are different objective and subjective tests that allow the
diagnosis and classification of alterations and pathologies related to
Meibomian glands (MG). However, there is no “Gold Standard” test, nor
a direct correlation between clinical tests and the symptoms commonly
described by patients. Therefore, it is necessary to carry out a general
evaluation and perform a variety of tests by an expert in the field which
determines the diagnosis of alterations or pathologies related to MG
[1,2].

The alterations in the morphology of the MG with more prevalence
are those related to Meibomian gland dysfunction (MGD). Also, the daily
prolonged use of contact lenses (CL) can result in changes in the MG
secretion, particularly in the composition and quality of the tear film
layer. In addition, it has been reported [3,4] that contact lens usage also
has an impact on the morphology and function of MG.

Nowadays, the use of Artificial Intelligence, through Deep Learning
and Machine Learning techniques represents an advance in the world of
biomedical sciences by providing data-driven, objective prediction
tools. These techniques help professionals from different areas to
develop objective prediction data-based methods, whether numerical or
images, for the diagnosis and monitoring of diseases [5]. Historically,
before the introduction of generative artificial intelligence techniques,
the use of artificial intelligence techniques in clinical research was pri-
marily focused on classification and regression tasks. Classification is
particularly useful in clinical fields such as computer aided diagnosis,
analysis of medical images, monitoring of clinical essays, etc. Regression
enables modelling complex biomedical systems from experimental data.
Machine Learning algorithms are particularly suited for analysing
datasets with moderate amounts of data presenting medium to low
complexity [6,7]. In clinical applications, machine learning algorithms
have been employed in assisting autistic patients’ triage [8],
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enhancement of biomedical imaging analysis and interpretation [9,10],
analysing bio-signals through Brain and Body Machine Interfaces [11],
and may other applications [12]. In ophthalmology, deep learning and
machine learning algorithms range from image analysis of cornea dis-
eases [13] to diagnosis of retinal conditions from OCT images [14].

Focusing on the application of deep learning and machine leaning
techniques in the context of Dry Eye Disease and tear alterations, recent
studies have developed artificial intelligence models to detect diseases
related to MGD [15-21]. These studies use artificial Intelligence to
analyse meibography images, automatically segmenting glands, and
detecting morphological anomalies related to MG dysfunction such as
gland length, width, and atrophy. Other studies employ machine
learning algorithms to predict outcomes of new therapies for Dry Eye
Disease [22] and to automatically grade MG loss from meibography
images [23]. Clearly, artificial intelligence applications in the diagnosis
and treatment of Dry Eye Disease and similar pathologies represent a
promising research field.

Most previous work has focused on machine learning and deep
learning techniques for analysing MG images. Recently, Graham et al.
[24] introduced a novel approach that combines meibography image
analysis with clinical symptom data to predict MG dysfunction, aqueous
deficiency, and blepharitis. The Graham et al. [24] study highlights the
importance of gland morphology in predicting signs and symptoms of
dry eye disease and suggests that combining clinical data with gland
morphology analysis could improve automatic diagnostic accuracy, as is
standard in manual diagnosis.

A limitation of the Graham et al. [24] study, however, is the
complexity of the analysis, which relies on a deep learning model
trained to extract gland morphology from images. Designing and
training such networks require vast amounts of data, large patient
numbers, and substantial expertise in programming. In contrast, ma-
chine learning algorithms generally require less data and can be
implemented using accessible software such as MATLAB or BigML
[BIGML], which offers user-friendly applications that don’t require
extensive programming knowledge. Given that most clinical data on dry
eye are obtained from standardized tests routinely carried out by prac-
titioners and since Graham et al. [24] identify gland loss—a feature
easily assessed in clinical exams—as a significant morphological
parameter. For this reason, the proposed approach to automatically
classify patients based on standard clinical data is believed to be feasible
and beneficial.

The method presented in this paper offers several significant benefits
for clinical practice and research. First, it provides an objective and data-
driven classification of patients, which can significantly reduce inter-
observer variability in MGD diagnosis, particularly in early stages
before more pronounced symptoms appear. Second, it serves as a
diagnostic aid for clinicians, enhancing the diagnostic process by iden-
tifying complex patterns within high-dimensional clinical data that
might not be immediately apparent. Third, it can provide a tool for less
experienced practitioners, such as early graduates or general practi-
tioners in remote or underserved areas, to systematically assess patients
with dry eye symptoms or discomfort from contact lens use, serving as
an educational and preliminary diagnostic aid. Fourth, by streamlining
the diagnostic workflow, it contributes to more efficient patient man-
agement and can potentially guide personalized diagnostics and treat-
ments. Finally, this work lays foundational groundwork for future
clinical decision support systems; the combination and customization of
different AI technologies, including this machine learning model, can
form the basis for powerful comprehensive tools, especially given the
emergence of generative artificial intelligence algorithms like Large
Language Models. The usefulness of the present work lies in demon-
strating the feasibility of Machine Learning as a practical tool to assist
clinicians in the classification of patients based on diverse test results,
by, for example, indicating which machine learning models could be
more promising for classifying clinical data. While training a machine
learning model can be a complex task, this is increasingly mitigated by
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the availability of user-friendly platforms that allow for the design,
interaction, and usage of machine learning models without extensive
programming knowledge [BIGML].

Therefore, the main objective of the present study has been testing
the feasibility of using some of the machine learning classifiers described
in the literature to classify a set of subjects in three groups, subjects free
of MG pathology, subjects presenting MG pathology and CL wearers
from the numerical clinical data obtained through the performance of
the tests used for the assessment of MG [5]. The second objective has
been to study the accuracy, specificity, and sensitivity of machine
learning classifiers in three different groups of participants.

2. Materials and methods

A retrospective comparative study was carried out from the data
collected in previous clinical trials. The results were taken from 135
subjects including both eyes in the analysis so a total of 270 eyes were
used to train and verify the machine learning classifiers (130 control, 68
with MGD and 72CL users). The database was obtained from previous
studies approved by the Ethics Committee of the Hospital Clinico San
Carlos, Madrid, Spain C.P. EO4/DPI2016-75272-R- C.I. 16/550-E and C.
I. 21/176-E which adhered to the procedures described by the Decla-
ration of Helsinki.

The participants were classified into three groups: a control group
made up of healthy participants, another group with pathology made up
of participants with alterations in MG, specifically MGD, and a third
group made up of CL wearers. The inclusion criteria for the control
group were being older than 18 years of age, not being CL users, having a
score on the OSDI test <15 points, and not having a confirmed diagnosis
of MG-related disorders [25]. For the pathology group, the inclusion
criteria were being over than 18 years of age, having a score on the OSDI
test >15 points, and having a diagnosis of MGD confirmed by a specialist
[25]. The diagnosis was made by the ophthalmologist from the Clinic of
Optometry of the Faculty of Optics and Optometry from UCM Dr. Cris-
tina Nino Rueda. The ophthalmology diagnosis was based on the anal-
ysis of ocular symptomatology, observation of the eyelid structures and
adnexa (irregularity and eyelid vascularization, eyelashes, tarsal con-
junctiva), meibography images and meiboscores.

The ophthalmologist verified that all participants from the group
with pathology had symptoms and signs compatible with dry eye and
had a degree of glandular loss >25 % which is equivalent to grade 2 on
the scale described by Pult et al. [26]. The inclusion criteria for the CL
wearers group were: being over 18 years of age, being a user of monthly
soft CL for a period of more than two years, and not having a confirmed
diagnosis of MG disorders. The criterion for duration of CL wear was
based on the articles by Alghamdi et al. [27] and Arita et al. [4] which
showed that changes in MG morphology and function are not reversible
after 2 years of wear. The following participants were excluded from the
study: those with presence of ocular inflammation, disease that
compromised ocular health, participants with a history of ocular trauma
or surgery (including refractive surgery), and those with ocular or sys-
temic medication, in addition to those who did not meet the inclusion
criteria for each group. The sequence of the clinical tests performed on
each participant is described in Table 1. In Table 1 K5M stands for
Keratograph 5M (Oculus GmbH, Germany) and ETDRS for Early Dia-
betic Retinopathy Study, which was the chart used for assessing the
patients’ visual acuity.

2.1. Machine learning algorithms

Machine Learning is defined as a set of programmed algorithms that
receive and analyse input data to predict output values. Its main feature
is that the performance and optimization of the algorithms increase with
experience that is, a greater number of input data implies better per-
formance for predicting output values within an acceptable range.
Therefore, a machine learning algorithm can be contrived as an
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Table 1
Description of the clinical tests carried out on the participants.

Visit 0

Information on the characteristics of the study and signing of the informed consent
Inclusion/exclusion criteria
Visit 1
Ophthalmological evaluation
Symptomatology test (OSDI and VAS) [25,28]
Clinical measures
Visual Acuity (ETDRS 4 m) [29]
Tear meniscus height (K5M) [30]
Tear Break Up Time (TBUT) [31]
Slit lamp examination of the ocular surface and adnexa [32]
o Corneal staining
o Conjunctival staining
o Eyelid irregularity
o Eyelid vascularity
o MG exploration [32]
= Meibum quality
= Meibum expression
Meibography of both eyelids with K5SM [32]

algorithm designed to carry out a task whose performance increases
with the acquired experience [5,33].

Machine Learning Algorithms can be categorized into classification
algorithms and regression algorithms. Classification algorithms aim to
create models capable of taking input data, identifying patterns, and
making predictions based on these characteristics. In contrast, regres-
sion models predict continuous numerical output while classification
models predict discrete categorical output. The most widely used
learning processes include supervised, unsupervised, and reinforcement
learning [34-36].

2.2. Classification of numerical data using machine learning techniques

The Matlab® (Mathworks Inc, United States) program was used to
classify the data collected from previous studies. Specifically, the Clas-
sification Learner application was used for this task [37]. This app trains
data classification models and allows users to perform a supervised
machine learning sequence using multiple classifiers, analyse the data,
train models, evaluate results or select features. With the Classification
Learner app, the user can simultaneously train several machine learning
models, grouped by families of algorithms such as classification trees.
This allows for the comparison of the performance of various machine
learning algorithms using the same data set during both the training and
validation stages. After training and validation, the app sorts the ma-
chine learning algorithms based on the accuracy, enabling the user to
select the best-suited model for their data.

A total of 24 machine learning classifiers already programmed in
Matlab® were trained using this app. To do so, dataset was split into two
subsets: training and test. The training set was used to train and validate
the models; to do so, Matlab® Classification Learner app internally
partitioned the training set into a proper training set and a validation set.
Therefore, this initial training set will henceforth be referred to as the
train/validation set. Once trained, the five classifiers that yielded the
highest accuracy in the training/validation set were tested with the test
set.

2.3. Data used for training and testing of machine learning classifiers

Forty-four numerical clinical variables were used for the training and
testing of the machine learning classifiers. The variables were those
obtained from the symptomatology and ocular surface tests, and from
grading of meibographic images. The description of the 44 variables
used for the training and testing of the machine learning classifiers is
shown in Table 2.
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3. Data analysis

To analyse the accuracies of the classifiers, the Matlab® program and
the Statistics and Machine Learning Toolbox were used [38]. Given the
high number of variables compared to the number of cases, a Principal
Component Analysis (PCA) was carried out to try to detect correlations
between variables and thus reduce the dimensionality (number of var-
iables) of the problem [39]. This analysis gave a negative result,
meaning that no linear combination of variables was found that could
substitute several variables with a single linear combination of vari-
ables. Thus, all the variables were used in the training and testing of the
machine learning classifiers. The accuracies of the 24 machine learning
classifiers were calculated, and the five with best accuracies were
selected. These top five were later verified against the test data set. Due
to the multiclass nature of the data, the confusion matrices obtained for
the five best classifiers were analysed through the micro-averaging
analysis, from which the precision, sensitivity and specificity were
calculated, to evaluate the effectiveness of the classifiers [40].

4. Results

A total of 282 eyes were recruited for the study, of which 270 were
finally included in the study. Fig. 1 shows the flow chart of the total
number of participants recruited, as well as those excluded and those
who made up each study group.

As can be seen in Fig. 1, 12 participants out of a total of 282 were
excluded because six of them had missing data/variables, two were
contact lens users and were diagnosed with blepharitis, and four were
under pharmacological treatments not compatible with the study.

Of the total of 270 eyes included, 216 (80 %) were used to train and
verify the 24 machine learning classifiers and the remaining 54 (20 %)
for testing the 5 best classifiers, that is, those that obtained the highest
precision for classifying each participant correctly in each group.
Therefore, the whole dataset of 270 observations was effectively divided
into the three customary sets of machine learning: a training set (N =
184 observations), a validation set (N = 32 observations), and a test set
(N = 54 observations). Fig. 2 shows the distribution of the participants in
the different study groups for the training/validation and test sets.

Table 2
Description of the 44 clinical numerical variables used for training and testing of
the machine learning classifiers.

44 Variables used for the analysis of the results

Demographic variables Sex &

Age

0OSDI [25]

VAS: pain, dryness, irritation, burning,
itching, photophobia, foreign body sensation
[28]

Symptomatology test

Clinical measures

Visual acuity (ETDRS a 4 m) [29]
Tear meniscus height (K5M) [30]
TBUT [31]

Slit lamp examination of the
ocular surface and adnexa [32]
MG exploration [32]
Meibography with K5M [32] ©

Palpebral irregularity %

Palpebral vascularization Y

Visibility of the MG orifices ¢

Plugging of the MG orifices ¢

Corneal staining: central, superior, inferior,
nasal and temporal.

Conjunctival staining: superior, inferior,
superior temporal, inferior temporal, superior
nasal, inferior nasal.

Conjunctival redness

Limbal redness

Eyelid redness Y

Eyelid roughness ¢

Meibum quality Y
Meibum expression o

A Categorical variables were converted to numerical variables before processing the
data, assigning a number to each category. 0 Data were taken on each eyelid
separately.




E. Fernandez-Jiménez et al.

Contact Lens and Anterior Eye xxx (Xxxx) XXX

Recruited participants

n=282

Excluded participants
n=12

Total participants included in the

study
n=270

Control group
n=130

CL group
n=72

Pathology group
n=68

Fig. 1. Flow chart showing the total number of participants recruited for the study and those who were finally included in each group.

Total observations (N=270)

103 Control 55 MGD

27 Control

Fig. 2. Distribution of the participants in the different study groups, for the training/validation and test sets.

4.1. Training of machine learning classifiers

From the first analysis of the classifiers carried out with the data of
the 216 eyes in the training/validation group, accuracies between 76 %
and 81 % were obtained for the 5 most accurate classifiers. The names
and accuracies obtained for these 5 machine learning classifiers are
listed in Table 3.

The classifier for which the highest accuracy was obtained to classify
each participant correctly for the training set, was Subspace KNN, with
an accuracy of 81.4 %. Fig. 3 shows the confusion matrix obtained for
this classifier, where the true successes are shown on the main diagonal,
observing a good-moderate result. The total errors in the classification
were 40, compared to the 176 in which it was correct classification. As
shown in Fig. 3, the most common mistakes were confusion between
controls and CL wearers, totalling 24 occurrences. Additionally, there
were 4 confusion errors in the classifications between CL and MGD, and
12 between controls and MGD.

Table 3

Full names of the 5 classifiers for which the best accuracies
were obtained with the training/validation group (n =
216). Results of the accuracies obtained for each classifier

in %.
Full Name Accuracy (%)
Subspace KNN 81.4
Bagged Trees 80.1
Boosted Trees 79.6
RUSBoosted Trees 77.3
Fine KNN 76.9

Accuracy, sensitivity and specificity are common clinical metrics to
evaluate the performance of a diagnostic test. However, for multi-class
classifiers the computation of these metrics is not straightforward. In
this work, accuracy, sensitivity and specificity metrics have been

Control . 5
»n
n
)
% cL 18 38 2
=1
L
=
MGD 7 2
Control CL MGD

Predicted Class

Fig. 3. Confusion matrix obtained for Subspace KNN classifier in the training/
validation set.
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Table 4

Accuracy, sensitivity and specificity according to the values obtained in Fig. 3
for the Subspace KNN classifier on the training/validation set. Average indicates
the average between classes or macro-average.

Accuracy (%) Sensitivity (%) Specificity (%)

Control 83.33 89.32 77.88
CL 87.04 65.52 94.94
MGL 92.59 83.64 95.65
Average 87.65 79.49 89.49

computed for each class using the confusion matrix data following the
micro-averaging procedure [40]. For each class, Cx(k =1,2,3), the
following metrics are computed: true positive, tpy = my, true negative,
e =Y 4 jo£kThi> false positive, fpx = Zj kMM, and false negative, i, =

> LMk, where m j(i,j=1,2,3) are the elements of the confusion
matrix. Then, for a given class, the accuracy, sensitivity and specificity

are defined as: Accuracyy, = 2%, Sensitivityy = %%kfnk and Specificityy, =

ﬁ, N being the total number of elements of the confusion matrix.

Finally, the accuracy, sensitivity and specificity indicators are averaged
across all classes to get the final values. Table 4 shows the accuracy,
sensitivity and specificity computed for the classifier Subspace KNN
obtained from the confusion matrix defined in Fig. 3, following the
procedure described above. The average sensitivity of KNN classifier
was 79.5 % and the specificity was 89.5 %.

4.2. Testing machine learning classifiers

Once the 5 best classifiers were chosen, the testing of the classifiers
was carried out with data from the 54 participants designated for this
task. An increase in the accuracy of the classifiers previously selected in
the training/validation set was obtained. The test set global accuracies
obtained for all the classifiers are shown in Table 5.

The classifier for which the highest accuracy was obtained to classify
each participant correctly for the test set was Subspace KNN, with an
accuracy of 92.6 %. Fig. 4 shows the confusion matrix obtained for this
classifier, where the true successes are shown on the main diagonal,
observing a good result. The total errors in the classification were 4,
compared to the 50 observations of the test set that were correctly
classified. As shown in Fig. 4, the most common mistakes were between
controls with CL and MGD, two errors with each group. However, these
results should be interpreted with caution. While the observed higher
accuracy on the independent test set compared to the validation set,
coupled with the relatively small dataset size (N = 270 total) and high
dimensionality (44 variables), suggests an increased potential for over-
fitting, the consistent performance of diverse machine learning algo-
rithms on the test set indicates the models’ ability to capture robust
patterns within the data. This robust performance, despite the dataset
limitations, supports the potential for these models to provide valuable
diagnostic assistance in a clinical setting.

Table 5

Full names of the 5 classifiers for which the best accuracies
were obtained with the test group (n = 54). Results of the
accuracies obtained for each classifier in %.

Full Name Accuracy (%)
Subspace KNN 92.6
Bagged Trees 81.5
Boosted Trees 82.3
RUSBoosted Trees 79.1
Fine KNN 83.3
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Control
7
17
]
(&)
o cL 2 12
>
-
-
MGD 2 1
Control CL MGD

Predicted Class

Fig. 4. Confusion matrix obtained for Subspace KNN classifier in the test set.

Table 6

Accuracy, sensitivity and specificity according to the values obtained in Fig. 4
for the Subspace KNN classifier on the test set. Average indicates the average
between classes or macro-average.

Accuracy (%) Sensitivity (%) Specificity (%)
Control 92.6 100 85.2
CL 96.3 85.7 100
MGD 96.3 84.6 100
Average 95.1 90.1 95.1

Table 5 shows the accuracy, sensitivity and specificity obtained for
the classifier Subspace KNN in which study group for the test set. The
average sensitivity was 90.1 % and the specificity was 95.1 %. The ac-
curacy, sensitivity and specificity were higher than the ones obtained for
the training/validation set (Table 6).

5. Discussion

This study analyses the use of artificial intelligence techniques,
specifically machine learning classifiers, for the classification of three
groups of participants, control, CL users and participants with MGD.
These classifiers were trained and tested with numerical data obtained
from symptomatology and clinical tests carried out on each participant.

It has been observed that it is possible to train machine learning
classifiers to classify the three groups of participants using clinical data.
Accuracies greater than 76 % have been obtained for five of the machine
learning classifiers described in Matlab® for the training/validation
data set. Specifically, the best classifier was the Subspace KNN, for
which a classification accuracy of 81.4 % and a sensitivity of 79.5 %
were obtained, which implies a high capacity of the classifier to detect
the disease in actual sick subjects. The specificity obtained for this
classifier was 89.5 %, which shows the ability of the classifier to consider
healthy cases those that really are. Subsequently, in the test set, higher
precision of 92.6 %, sensitivity of 90.1 % and specificity of 95.1 % have
been obtained for this classifier, Subspace KNN. Therefore, it is observed
that the classifier has increased its ability to discriminate between the
three groups of participants. This somewhat paradoxical result of an
increment of the algorithm precision between training and test sets may
be due to different causes: algorithm overfitting, different internal
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structures between training/validation and test sets, reduced ratio be-
tween dataset cardinality and number of variables, etc. To address this
point conclusively, further studies involving an expansion of both
training/validation and test datasets are required [41]. The Subspace
KNN or, more precisely, random Subspace KNN is a classifier well suited
to problems with a high number of features [42], such is the case of this
study where there are 44 numerical variables (features).

Regarding classification errors, there is a tendency for errors to occur
in the CL user group, which could be due to the interaction of CL with the
MG due to the morphological alterations that occur in the glands caused
by daily CL reported in some studies [3]. These alterations make vari-
ables such as those used for the classification of the three groups
(symptom test, corneal and conjunctival stains, and conjunctival or
eyelid redness) very similar in the CL and MGD groups. [3,4,27,43,44].
In contrast, other studies found no relationship between CL use and
morphological alterations in MG [45,46]. Another point to consider is
the symptoms and discomfort suffered by CL users. These symptoms may
be like those experienced by patients with MGD [47].

In the field of vision, the use of machine learning techniques for the
diagnosis of ocular pathologies has not yet been widely studied. A study
has been found that may be comparable to the one carried out in this
article. Kim et al. used machine learning techniques to aid in the diag-
nosis of glaucoma. They analysed the usefulness of the classifiers to
support the diagnosis of glaucoma. [48] Kim et al. observed that the
family of classifiers called ensemble, to which the Subspace KNN belongs,
was the one with the best precision, which is consistent with what has
been obtained in the present study [48].

Once the use of these classifiers has been analysed and verified, it
would be interesting to study, using artificial intelligence techniques,
which of the clinical parameters used to train and verify the classifiers
has the greatest clinical relevance for the classification of each partici-
pant in the study group, and be able to perform a more exhaustive
diagnosis without having to perform the complete battery of diagnostic
tests.

Among the limitations of the present study, the relatively small size
of the data set must be mentioned first. Although machine learning
model training does not always require such a huge training dataset as
deep learning models do, the size of the combined training/validation
and test dataset (N = 270 observations in total) employed in this work is
indeed reduced, particularly given the high number of independent
variables studied (44 variables). This fact directly results in several is-
sues, such as significant challenges to obtain truly unbiased estimates of
model performance, an increased overfitting risk, and potential limita-
tions in model generalization to new, unseen patient populations.

While the methodology represented in this study incorporated
standard data splitting into training, validation, and test sets to mitigate
these issues as much as possible, the absolute data scarcity inherently
impacts the robustness of the study conclusions. Unfortunately,
addressing this is a common challenge for many machine learning ap-
plications, particularly in specialized clinical fields where large, well-
curated datasets are difficult to acquire. However, techniques such as
incremental learning can be implemented to continuously improve
model performance. With these techniques, a pretrained model could
learn from more data gradually as it is added. Indeed, some machine
learning algorithms, such as decision trees, are particularly adept at this
kind of incremental training. This opens an interesting future line of
research in the application of incremental training to machine learning
classifiers of MG dysfunction

6. Conclusions

This study demonstrates the feasibility of using machine learning
classifiers to differentiate between individuals presenting Meibomian
gland dysfunction (MGD), contact lens wearers, and healthy controls
based solely on clinical data and using an easy-to-use app native from
MATLAB language. The results obtained underscore the potential of
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machine learning techniques as valuable tools in healthcare, offering
clinicians a tool for enhancing diagnostic accuracy, especially in the
diagnosis of MGD.

While not intended to replace clinical judgment, these models can
serve as reliable support, assisting specialists in diagnosing, monitoring,
and managing patients with dry eye symptoms and MGD. The use of
machine learning in this context brings distinct benefits, including
accessibility and ease of use, and could prove especially valuable in
resource-limited settings or for general practitioners working without
access to advanced imaging technologies and computational tools.

The implications of this work are potentially significant, suggesting
that machine learning can streamline routine clinical workflows in eye
care, support data-driven decision-making, and improve early inter-
vention strategies. It also further demonstrates that integration of clin-
ical and imaging data is a strategy that can yield greater benefits in the
automated diagnosis of MGD and related pathologies. Future studies
could extend this research by incorporating larger, more diverse data-
sets, ultimately contributing to broader, more robust applications of
machine learning in clinical practice.
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