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Abstract
Background: Association of T2DM and OS disorders addresses a human eye metagenome drift. 
Despite the clarity of diabetic retinopathy, process of involvement of conjunctival sac microbiota 
is still ambiguous. We seek predictive value of OS microbiota using ML-based methods, since the 
early diagnosis of diabetic retinopathy and conjunctival sac microbiome diabetic dysbiosis could be 
beneficial both for clinical and research purposes. 
Material and Methods: 16S rRNA characterization of human eye metagenome for samples of 192 
patients (with mean age of 66 years and 56 % females) with different onsets of T2DM is analyzed 
using various metrics including abundance and diversity indices and LDA at phyla, families, and 
genera levels. We took advantage of variance threshold, Chi-squared significance, and LDA Effect 
Size (LEfSe) feature selection strategies for inclusion of predictive families and genera in the 
T2DM prediction model. ML models with different algorithms including RF, GB, SVM, and ANN 
are implemented. Generalizability and robust performance of the models are also ensured using a 
5-fold cross-validation process. DeLong’s test is also used to investigate different performance of 
the methods. 
Results: Microbiome analyses revealed that eye metagenome profiles of the patients with <15 years 
of T2DM history show significantly higher richness and diversity. ML model performance shows 
ROC-AUC of ~0.8. ML model with the superior performance exhibit sensitivity and accuracy of 
0.86 and 0.68, respectively, in the prediction of T2DM occurrence. 
Conclusion: significant correlation and co-occurrence of T2DM and eye microbiome dysbiosis is 
trackable and well-optimized ML-strategies can predict T2DM onsets based on the microbiome of 
conjunctival sac.
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Introduction

Diabetes is one of the most prevalent diseases 
worldwide and numerous studies has shown 
that Type 2 Diabetes Mellitus (T2DM), 
which forms up near 90 percent of the total 
diabetes mellitus incidences 1, is strongly 
correlated with other disorders and diseases, 
as the T2DM plays the role of common soil 
for many disorders including but not limited to 
cardiovascular 2, hepatic 3, oral 4, renal 5, ocular 
and retinal 6–8, pulmonary 9, and neurological 
disorders 10.
Retinal and Ocular Surface (OS) disorders in 
many cases have shown correlation with the 
onset of T2DM. Dry eye syndrome 11, tear-film 
dysfunction 12, diabetic papillopathy, glaucoma, 
and cataract are merely some of diabetes 
mellitus associated ocular complications 13. 
However, it should be considered that the 
T2DM is not solely the disorder itself, but 
includes a complete lifestyle of its own. 
Diabetic lifestyle may alter one’s diet, use 
of medicine, consumption of other narcotics, 
and generally its life, in many aspects. Hence, 
speaking of T2DM highlights the diabetic 
lifestyle as general, not the disease itself, since 
the patients suffering the T2DM might have 
lived entirely different or even might have not 
been aware of their condition 14.
Development and progression of diabetic 
retinopathy and ocular disorders is affected 
by patients’ demographic features, onset of 
T2DM and many other factors. As a result, 
diagnosis of T2DM and monitoring the 
situation of OS during the T2DM, specifically 
in elders, is of great importance and concern. 
Non-invasive and inexpensive laboratory 
tests or In-Vitro-Diagnostic (IVD) devices 
are required to screen OS regularly and detect 
diabetic retinopathy as initial signs of OS 
dysbiosis emerge.
Diabetic retinopathy itself and necessity of 

required cares including consuming antibiotics 
in order to protect ocular surface from 
microbial infections, impacts the microbial 
community of the ocular surface 7,15,16 and a 
hypothetical dysbiosis is assumed, either as 
a result from T2DM retinopathy and lifestyle 
or as a cause for T2DM retinopathy. Higher 
frequency of positive cultures 17, overgrowth 
and colonization by potential pathogenic 
bacteria 18, and higher alpha diversity of 
microbiota associated with the conjunctival 
surface of diabetic patients 16 are mentioned 
previously. Hence, investigating conjunctival 
microbiome is of great importance and 
potential correlations are hypothesized.  
In this study, we have shown that T2DM is in 
correlation with higher richness and diversity 
in microbial composition of Conjunctival 
Sac (CS) and we have developed a Machine-
Learning (ML) model which is capable of 
classifying healthy and T2DM records based 
on their eye metagenome with outstanding 
performance. 

Material and Methods 

Data acquisition

16S rRNA sequencing profile of eye 
conjunctival sac samples from 192 patients 
is considered for the following analysis. Data 
includes records for 29 patients with ≥ 15 years 
of Type 2 Diabetes Mellitus (T2DM) history, 
50 patients with < 15 years of T2DM history, 
and 113 samples with no T2DM history, 
considered as the ‘non-diabetic’ control group. 
Diabetic patients are divided into categories of 
diabetes duration.
It must be kept in mind that patients with 
T2DM history might vary fundamentally 
in terms of their physiological condition 
and well-being. Long history of T2DM has 
affected their lifestyles for many years and 
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as a result, deviations from normal lifestyle 
could be considered. 
Prior to the profiling of conjunctival sac 
microbiome profiling, inclusion criteria of 
having a stable blood-sugar level (fasting blood-
glucose < 8.3 mmol/L or HbA1c level ≤7 %) 
and not using eye drops from at least 3 months 
prior to the study has been applied. Samples 
with histories of lacrimal or blepharal diseases, 
corneal or conjunctival disorders, glaucoma, 
contact lens wearing, history of eye surgeries 
or with other systematic diseases other than 
T2DM were then omitted from the dataset 
with respect to the exclusion criteria 19. All 
remaining 192 samples do satisfy the inclusion 
and exclusion criteria.
Reads along with samples metadata is publicly 
available in the European Bioinformatics 
Institute (EBI) database under the accession 
number of PRJNA629667. Records with the 
sample aliases corresponding to the history of 
cataract surgery or post-surgical consumption 
of antibiotics including Levofloxacin are 
removed from the original dataset, leaving 
merely 192 samples. 

Model Input-Output correlation

Chi-squared and Fisher’s test for patients’ sex 
and age have been conducted to investigate 
whether the parameters show correlation 
with the T2DM disease stage or not. Baseline 

characteristics of the data in addition to P 
values for the statistical tests are represented 
in the table 1.

Microbiome data preprocessing

Reads for all samples are demultiplexed, 
denoised, and representative sequences are 
extracted. Then samples with frequency less 
than 50 are filtered out, leaving 187 samples. 
Representative sequences are then clustered 
to Operational Taxonomic Units (OTUs) with 
respect to a similarity threshold of 99 %, by 
utilizing a Naïve-Bayes (NB) classifier and 
the Greengenes 13.8 database. Classification 
confidence threshold of 0.7 has also been 
applied to the clustered OTUs, leaving all 187 
samples and ensuring adequate confidence in 
the OUT calling process. All preprocessing 
steps are carried out using Qiime 2.0 package 20 
and Qiime python scripts, in the Google Colab 
servers.

Microbiome data analysis

From a total 6653 unique representative 
sequences, 6070 OTUs are emerged and 
the rest are unidentified. Further analyses 
are conducted in the R environment 
(R-Studio 4.1.3). Qiime2 objects are 
converted to phyloseq class objects, an 
R-recognizable data structure, using phyloseq 
library 21. Composition of the conjunctival 

Table 1: Baseline characteristics of the variables present in the metadata

Parameter Non-diabetic < 15 years T2DM ≥ 15 years T2DM P value

Continuous variable Mean (± Standard deviation)
Fisher exact test P 

value

Age (in years) 65.37 (± 9.51) 66.26 (± 8.78) 69.17 (± 7.54) 0.1334

Categorical variable Count (Percent)
Chi-squared test P 

value

Sex (female) 61 (53.98 %) 29 (58.00 %) 18 (62.07 %) 0.8219
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sac microbial community in the patients is 
compared using relative abundance of the 
OTUs at the Phylum level. α-diversity of the 
microbial communities in non-diabetic, < 15 
years T2DM, and ≥ 15 years T2DM groups are 

investigated using various α-diversity metrics, 
including Inverse Simpson 22, Gini-Simpson 23, 
Shannon 24, Fisher 25, and Coverage 26 statistics. 
ß-diversities of the microbial communities 
in different groups are compared using 

Figure 1: Composition analysis of eye microbiome at the phyla level. a) Relative abundances 
composition plot for phyla present in the eye conjunctival sac microbiome and b) Phyla relative 
abundance boxplot for the five most abundant phyla in different T2DM groups, reveal the 
Actinobacteria and Proteobacteria phyla are most abundant taxa where their distributions show 
drifts among different groups c) Phyla abundance correlation coefficient heatmap in different T2DM 

groups also reveals that some samples contain relatively higher counts of certain phyla
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unweighted UniFrac 27, and the corresponding 
Principle Component Analysis (PCoA) 28 has 
been done. Linear Discriminant Analysis 

(LDA) of the Effect size (LEfSe) 29 is then used 
to identify taxa who contribute mostly to the 
groups difference. Significance of the LEfSe 

Figure 2: Alpha and beta diversity statistics for taxa at different T2DM groups. < 15 years history of 
T2DM is associated with the significant increment of alpha-diversity, as confirmed by paired t-tests. 
t-test is implemented and P values significant at with 90, 95, and 99 percent confidence levels are 
marked with Non-significant (n.s), asterisk (*), and double-asterisk (**) signs, respectively (Top). 
Unweighted UniFrac as a Beta diversity metric in the PCoA planes for different T2DM groups. All 
combinations of three principle component axes are considered and dispersion of samples in the 

PCoA planes shows no separation between samples from different T2DM groups (Bottom)
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analysis and LDA score is then tested using 
Kruskal-Wallis rank sum test 30 and a threshold 
of 0.05 for the test’s P value is considered, 
leaving merely taxa with a significant LEfSe. 
Pearson Correlation Coefficient (PCC) is also 
calculated between taxa at different genera or 
families to find taxa with same abundance.

T2DM prediction model

Machine learning strategies are implemented 
to solve a binary classification problem 
and T2DM prediction model is an effort 
to predict diabetes mellitus based on the 
abundance of microbial composition of the 
patients’ conjunctival sac. Overall workflow 
of the T2DM prediction model is illustrated in 
figure 3.

Preprocessing

From the initial abundance matrices, OTUs of 
family and genus are aggregated by summation 
and of all abundances and abundance matrices 
are then formed for each rank. Counts of 
unique OTUs identified at each rank are 
illustrated in figure 4. Abundance matrices are 

normalized using Min-max normalization as 
described in 1. Not normalized copies of the 
abundance matrices are also kept for further 
model trainings.

                              (1)

Where  is the normalized abundance for   
which is abundance of the feature j in sample i. 
All unidentified phylum, family, and genus 
entities are merged as unidentified taxa and 
due to the absence of the missing values in the 
abundance tables, no missing value imputation 
strategy is used. Since a binary classification 
problem is considered, < 15 years T2DM 
and ≥ 15 years T2DM groups are merged, 
leaving diabetic and non-diabetic labels as 
only possible groups for each sample.  

Feature selection
Due to relevantly high number of unique 
family and genus features, feature selection 
is crucial to reduce the dimensionality and 
prevent model’s overfitting 31. On the other 
hand, it is immensely hard to track the effect of 

Figure 3: LDA Scores and direction for families (left) and genera (right) with significant LEfSe. 
Significance of LDA scores are determined using a Kruskal-Wallis rank sum test and merely features 
with P value of < 0.05 are represented here, along with their direction of discrimination in a radar-plot
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a large number of taxa at once and inferring the 
results in clinical and therapeutic applications 
becomes arduous as the number of parameters 
increase 32, making feature selection even 
more important. 
Univariate and multi-variate feature selection 
methods are utilized. A variance threshold of 
0.016 is used for all normalized features to 
omit low-variance features, selecting merely 
high-variance features and as a result, reducing 
the dimensionality. In another feature selection 
method, normalized features are subjected 
to the Chi-squared test and 15 features 
with the most significant chi2 values, with 
respect to the samples’ classes, are selected 33. 
Features whom were identified using LDA, as 
described before, are also selected as outcome 
of another feature selection procedure, since 
they have shown high contribution in inter-
group difference and are probably meaningful 
features. In addition to Chi2, High-variance, 
and LDA univariate feature selection methods, 
between-taxa correlation in family level and 
genus level features are also investigated 
using Pearson’s Correlation Coefficient 
(PCC). Features selected with the best 
univariate feature selection method, leading to 

the best performance of the model, are then 
subjected to a bi-variate feature selection 
using PCC, removing one of the features 
(typically the least significant one) from any 
pair of features who show high correlation 
coefficient (r > 0.7). Chi2 and High-variance 
feature selection procedures are implemented 
using the Scikit-learn library 34 functions in 
the python environment. 

Machine Learning models

Several Machine Learning (ML) algorithms, 
including Random Forest (RF), Gradient 
Boosting (GB), Multi-Layer Perceptron 
(MLP) as a simple Neural Network (NN), and 
Support Vector Machine (SVM), are used for 
supervised binary classification of the records. 
All records are split among train and test 
groups, randomly assigning one-five of the 
records to the test group and the rest to the train 
group 35. To ensure model generalizability, this 
process is repeated five times in a 5-fold cross 
validation fashion, assigning each record to 
test set exactly once. List of ML methods 
along with their hyper parameters is present 
in table 2.

Figure 4. PCC Heatmap for families (left) and genera (right) with significant LEfSe. Pearson’s 
Correlation Coefficient indicates taxa correlation. Taxa with PCC higher than > 0.7 are omitted to 

reduce dimensionality and here we depicted taxa with no significant correlation.
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Model Performance

Performance of the models, are evaluated in 
terms of Receiver Operator Characteristics 
Area Under the Curve (ROC-AUC). For a 
total of 5 feature preparation methods and 4 
ML models, mean and standard deviation of 
5-fold cross validation ROC-AUC on the test 
data is calculated. To ensure that the models 
are performing uniquely, correlation of the 
predictions is investigated using the DeLong’s 
test 36. 

Results

Microbiome analysis
Composition Plot
Relative abundance composition plot for top 
10 phylum, with respect to phyla abundance, 
has been illustrated in figure 1. A minor 
dysbiosis in the microbiome’s composition 
is addressable through the phyla relative 
abundances. Box and whisker plot is also 
illustrated to depict the relative abundance of 

top five phyla. In addition, phyla abundance 
heat map is also representing each phylum 
propensity for presence in each group. Overall, 
relative abundance and composition analysis is 
highlighting Actinobacteria and Proteobacteria 
phyla as the most abundant phyla and a minor 
dysbiosis in the microbiome’s composition 
is addressable through the phyla relative 
abundances. 

Alpha diversity

Box and whisker plot of alpha diversity 
statistics are represented in figure 2a. 
Significant difference in alpha diversities 
between subgroups has been tested using t-test 
and the resultant P values are marked as **, *, 
and n.s for 99, 95, and 90 percent confidence 
levels, respectively. As the statistical inference 
of alpha diversities suggests, early emergence 
of the T2DM exhibits a significantly more 
diverse conjunctival microbiota in terms of 
alpha diversity, as confirmed by almost all 
alpha diversity statistics.

Table 2: Machine Learning methods and utilized hyper parameters

Method Parameter Value

Random forest Trees count 1000

Fraction of samples at each leaf 0.1 % of all samples

Used criterion Gini

Gradient bossting Total iterations of boosting 1000

Training fraction 0.8

Fraction of samples at each leaf 0.1 % of all samples

Early steps of constant gradient criterion 3

Maximum features considered during split 3

Support vector machine C 1.0

Type of the kernel RBF

Coefficient of the kernel 1/number of features

Artificial neural network Hidden layers count 3

Hidden layers’ dimensionality 16, 8, 4

Each hidden layer activation function Tanh, Tanh, Tanh, Sigmoid
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Beta diversity
Despite the higher alpha diversities, beta 
diversities show no significant difference 
between the groups. Three principle 
components are selected with respect to their 
highest explained variances (PC1: 40.2 %, 

PC2: 11.8 %, PC3: 8.9 %, of the total 
variance explained), and PCoA plots for each 
combination of these axes are represented in 
figure 2b. Ovals are sketched to address the 
central tendency and dispersion of samples for 
each group. High dispersion of the samples in 

Figure 5: ROC-AUC Barplots for different feature preparation methods and different ML techniques. 
Mean ROC-AUC among 5-fold cross-validation iterations are represented on top of each barplot 
and error bars are demonstrating one standard deviation interval. Results for classification at both 

families (top) and genera (bottom) are depicted
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the principle component planes and confusion 
of the samples is noticeable. Significance of 
the inter-group diversity has been assessed 
using Adonis test, where P value of 0.37 
highlights no significant difference between 
groups.
LefSe analysis results assigns a LDA score to 
each genus or family, indicating how strong 
and in which direction a taxon has contributed 
to the intergroup difference. Higher values 
of LDA score in each direction implies that 
the prevalence of the corresponding taxon 
is more enriched in that direction and thus, 
exhibits a higher effect size. Radar plot of 
distinct families and genera, with significant 
Kruskal-Wallis difference (P value < 0.05), 
is depicted in figure 3. As the radar plots 
show, Propionibacteriaceae family and 
propionibacterium genus are enriched in the 
non-diabetic patients, where Methylocystaceae 
and Leptotrichiaceae families and Leptotrichia, 
Helococcus, and Catonella genera are enriched 
in the eye microbiota of the patients with < 15 

years history of T2DM.

Taxa correlation

Investigation of taxa correlation for LEfSe 
significant taxa using PCC revealed that 
some families and genera show high degrees 
of correlation and exact same abundance. 
Correlated taxa are removed and heatmaps in 
the figure 4, show that there are no correlated 
taxa left, which ensures no redundancy from 
duplicated taxa.

Using Machine Learning to predict 
diabetes mellitus based on conjunctival 
sac’s microbiome

Performance of the ML models in the 
prediction of T2DM occurrence based on 
the conjunctival sac’s microbiome, in terms 
of ROC-AUC is reported in Supplementary 
table 1. Values indicate average and standard 
deviation of ROC-AUC in overall 5-fold cross-
validation process. Higher means imply better 
performance where lower standard deviation 

Figure 7: ROC-AUC plot for different ML methods performed on LDA-selected families and genera 
features. ROC-AUC of models are represented versus the random state prediction, which is shown as 
red bisector with AUC of 0.50. SVC is out-performing other techniques with the highest ROC-AUC 

of 0.76 and 0.82 at family and genus levels, respectively
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indicate higher robustness. 
As it is also clearly depicted in figure 5, feature 
selection using LDA features improves the 
performance on one hand, and on the other 
hand, prevents model overfitting. 

Model Performance 

DeLong P values for the difference of 
the models are represented in a heatmap 
in Supplementary figure 1. ROC-AUC 
diagram in the figure 7 shows how different 
classifiers perform at the families and genera 
features selected by LDA. Once the best 
models are identified with respect to their 
highest ROC-AUC, additional performance 
metrics, including model accuracy, sensitivity, 
specificity, Negative Predictive Value (NPV), 
and Positive Predictive Value (PPV), are also 
calculated and reported for each top model, in 
Supplementary table 1. 

Discussion

From 10 phyla with highest relative 
abundances, each may contribute to diabetic 
retinopathy 
Actinobacteria, Proteobacteria, Firmicutes, 
Thermi, and Cyanobacteria, phyla which 
are the most abundant phyla in the OS 
microbiome, shows no significant difference 
between different disease stages. Alterations in 
Actinobacteria, Proteobacteria, and Firmicutes 
phyla between T2DM and healthy patients 
is negligible also in the gut microbiome 37. 
However, reduced Actinobacteria abundance 
in the patients with diabetic retinopathy 
is reported, which is differs with higher 
Actinobacteria abundance in patients 
with ≥ 15 years history of T2DM in this study, 
which might show diabetic retinopathy.
Ocular surface microbial community in 
the onset of T2DM, exhibits higher level 
of diversity as significantly higher alpha 

diversity metrics suggest, which affirms 
previous findings 15, 19, 38. Increased microbial 
diversity with the occurrence of diabetes 
mellitus is also addressed in other microbiotas, 
including fecal 39, vaginal 40, and oral 41 
microbial communities. Presence of higher 
concentrations of blood sugar favors growth 
of the microbes, which results in the diversity 
and richness of ocular surface microbiome. 
Besides, metabolic drift in the diabetic patients 
and altered concentrations of Interleukins 
41, in response to inflammation, also show 
correlations with a more diverse flora. 
However, the causality is studies merely 42, 
and still seems unclear. 
Predictive values of features selected through 
the LDA with highest LEfSe could be 
immensely important in studying diabetic 
retinopathy and the progression of diabetes-
associated ocular diseases including dry 
eye symptoms and tear-film dysfunction 43, 
tear analysis for non-invasive detection of 
T2DM 44, tracking the dysbiosis in the ocular 
surface in following of T2DM occurrence, and 
a plethora of other vital considerations against 
diabetes mellitus. 
Significant increase in the abundance of 
Fusobacteriaceae family and in the T2DM 
patients and positive correlation of T2DM 
with the bundance of Fusobacterium genus is 
reported 45, 46 previously, and is also denoted 
in this study, as Fusobacteriaceae family 
and Fusobacterium genus features are both 
remarked with LEfSe in the direction of 
T2DM.
Propionibacteriaceae family on the other 
hand, is contributing to non-diabetic direction. 
Bacteria from the Propionibacterium genus 
are commensal bacteria which could turn into 
opportunistic pathogens in occasions 47 and 
act as main agents for the Propionibacterium 
acnes 48 and occurrence of endophthalmitis 49. 
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Since the Propionibacterium genus is directing 
to non-diabetic group, a change in the behavior 
of these bacteria in response to the diabetic 
retinopathy and associated cares 50 is possible, 
which makes the commensal-to-pathogenic 
drift in the Propionibacterium behavior. 
Hence, not merely the count and the abundance 
of the bacteria affects or is affected by the 
T2DM physiology, but this correlation could 
also make the behavior of them to undergo 
some alterations. As a result, to make this 
correlation clearer and the results more 
interpretable, additional information about 
microbial ‘omics are required.
Effect of a plethora of parameters are tried to be 
minimal to limit the results to the T2DM state. 
Chi-squared and Fisher tests are utilized to 
investigate the model input-output correlation. 
Furthermore, effect of ethnicity, geographical 
location, and sex are assumed to make no 
significant impact on the OS microbiome 51. 
But even though the correlation between input 
parameters including age and sex and the output 
parameter of T2DM state is not significant to 
affect the results and produce an input-output 
correlation bias, and inclusion and exclusion 
criteria are selected in a way to minimize life-
style bias, there could still be factors which can 
mislead the interpretations. Well-organized 
clinical trials and establishment of Design-
of-Experiment (DoE) setups are suggested 
in order to minimize the effect of unseen 
parameters and improve model robustness and 
capability. 
A common problem emerges during the 
classification of the representative sequences 
and further aggregation of features at 
taxonomical ranks. Utilized classifier and the 
corresponding database can strongly affect 
the outcome and produce a classification bias 
error. During an error-prone classification 
of features as different taxa, some features 

might get classified as a same taxon. As 
a result, distinct features with different 
abundance profiles, might correspond to same 
taxon. These features would be identified 
as duplicate records, despite their different 
patterns among different samples. Here an 
aggregation error is possible. Consider A and 
B features with 1000,1 and 1,1000 abundance 
profiles in diabetic and non-diabetic samples, 
respectively 52. After classification with a 
benchmark classifier, both could be classified 
as the genus C with unidentified species. 
After aggregation of features as the genus 
level with two popular aggregation strategies, 
aggregation by summation and aggregation 
by dropping duplicates, an information loss 
occurs, which might cause further errors. As 
genera are aggregated, differential abundance 
of A and B features are vanished, leaving no 
trails of their significance.
Sequencing profile of the V3-V4 hypervariable 
region of the 16s rRNA gene, provides 
satisfactory information on the composition 
of a microbial community and ensures 
adequate resolution due to specificity of this 
region. However, misclassification of the 
duplicate taxa, might be reduced by changing 
the sequencing region or considering more 
than one target region, which may increase 
specificity 53.

Conclusion

Regardless the unspecified causality direction, 
T2DM shows strong association with 
conjunctival sac microbiome dysbiosis and 
further ocular disorders. Here by comparing 
several feature selection strategies and 
algorithms, we proposed a ML method for 
prediction of T2DM based on the conjunctival 
sac microbial composition, which is 
performing precisely and accurately.
However, it should be kept in mind that not 
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solely the T2DM itself is in correlation with 
the eye microbiome drift, but the diabetic 
lifestyle, embedding diabetic diet, drug habits, 
abstinences and the T2DM pathogenicity 
itself, is the main reason of eye metagenome 
drift. Diabetic lifestyle components are the 
main debate and future researches may clear 
this debate.
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