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Abstract 
Background: Almost all diabetic patients develop diabetic retinopathy. Interpersonal diversity 
contributes significantly to the susceptibility of serious manifestations of diabetic retinopathy leading 
to impaired vision. Further, insufficient studies have been performed on the diagnosis of molecular 
biomarkers for diabetic retinopathy using machine learning. Hence, this study proposed an approach 
for gene selection in microarray data.
Material and Methods: The proposed method involves a primary filter approach that uses  the results 
of different gene expression analyzes, thereby reducing the primary genes and thus the complexity 
of space and search time. A set of genes that improve classification accuracy are then identified 
using the Ant Colony Optimization (ACO) method based on the heuristic approach. Selected genes 
in the final phase are evaluated using a ROC curve (receptor function trait) to determine the most 
effective while the smallest subset of traits. The classifier evaluated in the proposed framework is the 
K-nearest neighbor. A set of diabetic retinopathy microarrays is used to test the proposed approach.
Results: The results of the experiment reveal that the our suggested method obtained a high accuracy 
rate with 9 highly informative genes. Furthermore, we found four genes including ANKDD1A, 
ZNF786, SNORA3B and, C14orf2 as novel potential molecular biomarker in diabetic retinopathy.
Conclusion: The results showed that the other heuristic algorithms can be used in eye diseases for 
gene selection. Also, it is worthwhile evaluating them through biological research and experimentation 
because of the good discrimination power of the selected genes.
Keywords: K-nearest Neighbor Classification; Gene Selection; Microarray Data; Diabetic 
Retinopathy, Ant Colony Optimization.
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Introduction

Nearly all diabetes patients develop diabetic 
retinopathy 1. The leading cause of blindness 
in workers in the United States is diabetic 
retinopathy. Inter-individual variation 
significantly contributes to the susceptibility 
of serious manifestations of diabetic 
retinopathy, resulting in impaired vision. 
Epidemiological studies indicate two main 
risk factors affecting phenotypic variation: 
diabetes duration,glycemia, andHbA1c of an 
individual 2. 
However, the risk of an individual developing 
diabetes retinopathy is not fully explained 
by these two factors. Together, these 
observations in association with the high 
concordance between family members of 
diabetic retinopathy promote the underlying 
genetic mechanism. Family aggregation and 
twin studies are estimated to account for 25 to 
50 % of an individual’s risk of serious diabetic 
retinopathy 3, 4. There is unfortunately little 
knowledge of the genetic architecture which 
helps make diabetes retinopathy susceptible. 
Genetic studies show a highly polygenic 
feature influenced by multiple small effect 
genetic variants.
However, such studies have had limited 
success, probably as the insufficient samples 
and diabetic retinopathy has a phenotypical 
heterogeneity.
In particular, the majority of genetic variants 
nominally related to diabetic retinopathy 5-7 are 
located in intronic or intergenic regions, as are 
other complex disease traits 8, 9, including age-
based macular degeneration 5. In regulating 
gene expression, most of these variants appear 
to have critical functional role 10.
In order to discover the genes involved in 
diabetic retinopathy, we evaluated gene 
expression data from three groups of people: 
non-diabetics, diabetics without retinopathy, 

and diabetics with retinopathy. We suggested 
a heuristic method for selecting the smallest 
group of genes with the best classifier 
performance 11. This approach consists of two 
phases. In the first phase, genes that expressed 
differences were identified, and among them, 
200 genes with smallest adjusted P value were 
selected and fed to the heuristic approach 
(second phase) which is based on the ant colony 
optimization 12, 13, a probabilistic technique for 
solving computational problems which can be 
reduced to finding good paths through graphs, 
and K nearest neighbors (KNN) 14, a supervised 
classification method. At the end best genes’ 
subset identify by ROC curve, a performance 
measurement for the classification problems at 
various threshold settings.
The rest of this paper is organized as follows. 
Section 2 introduces the suggested approach’s 
main materials, such as ant colony optimization 
and K nearest neighbors. The experimental 
results are summarized in Section 3. Section 4 
concludes with comments and a guidance for 
feature works.

Material and methods

Gene Expression Dataset

The data is downloaded from gene expression 
omnibus (GEO), an international public 
repository that archives high-throughput 
gene expression and other functional 
genomics data sets 15, with accession number 
GSE146615 16. It consisted of the 144 samples 
from 22 individuals’ gene expression [ 7 
individuals with no diabetes (H), 7 with type 
1 diabetes mellitus (T1D) with no retinopathy 
(DWoC) and 8 with T1D with proliferative 
diabetic retinopathy (DWC)] in conditions of 
standard glucose (11mM of glucose) and high 
glucose (30mM of glucose). Gene expression 
was assessed three biological replicates 
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for each individual (for three individuals it 
was assessed five biological replicates). All 
individuals were Caucasian, and 60 % were 
female. Table 1 summarized demographic 
features of individuals.
Data normalization (normalize Quantiles) has 
been done by the R package limma 4.0.3 17. After 
data quantile normalization 18-20, a technique 
for making two distributions identical in 
statistical properties 21; in order to analyze 
the gene expression in high glucose condition, 
we proposed a method consisting of three 
main stages include: gene ranking using 
adjusted P value criterion, optimum gene 
subset selection using ant colony optimization, 
and final gene determination using Receiver 
Operating Characteristics (ROC).

Gene ranking using adjusted P value criterion

In this stage, in order to eliminate the 
insignificant genes, we utilized an adjusted 
P value as a ranking method. The present 
generation of biological data is massive, 
leading not only to an avalanche of raw 
data but to several hypotheses being tested 
22. Inferential statistics are applied for the 
test of these hypotheses, leading to further 
biological insights and potential findings 11, 23. 
We removed genes with the P value more than 
0.01.

Functional enrichment

In order to find the gene ontology and pathway 
terms, a Enrichr web tool (https://maayanlab.
cloud/Enrichr/) was utilized 11, 24-27. The 
significant terms were identified based on the 
adjusted P value which was less than 0.01.

Gene selection by ant colony optimization

We used the average of the adjusted P values as 
heuristic information (initial predictions of gene 
(feature) performance) and the initial amount 

of pheromones, which is a chemical substance 
produced and released into the environment by 
an animal, particularly a mammal or an insect, 
that affects the behavior or physiology of other 
animals of the same species. In the equation, 
the ant employs the probability rule 1. to select 
features The number of features that each ant 
is allowed to select is determined at random 28. 
The classifier’s performance is determined by 
the features that each ant selects and is used to 
update the local pheromone.
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φ  Local evaporation coefficient.
Sk(t)  Accuracy of the cell’s classifier.
|. | The number of chosen features by the kth  
ant.
N  The total number of features.
After updating the global pheromone, the 
current and previous iterations’ information 
is compared, and the ant with the best 
performance is saved as the algorithm’s final 
solution up to this iteration. The algorithm 
runs until it reaches the maximum number of 
iterations, denoted by T.
The ROC curve is now used to identify the final 
features. The sensitiveness versus specificity 
of the ROC curve is demonstrated.
Sensitivity shows the ratio between the 
correctly classified positive samples and the 
true positive samples.

                     Correctly classified positive samples
Sensitivity = ______________________________ 4

                                  True positive samples

Specificity shows the ratio between the 
correctly classified negative samples and the 
true negative samples.

                     Correctly classified negative samples
Specificity = ______________________________ 5

                                  True negative samples

We divided the dataset samples into two groups 
using the 10-fold cross validation technique: 

train and test. For each best feature set, we 
plotted the ROC curve and calculated the area 
under the curve (AUC). The feature with the 
highest AUC is in the last feature set.

Results

As mentioned before, the 144 samples from 22 
individuals (i.e. 3 replicates for each individual, 
except 3 individuals with 5 replicates) were 
reported in gene expression data. Two 
conditions, standard glucose and high glucose, 
were examined for the expression of genes.
In this study, we looked at gene expression in 
non-diabetic people, type 1 diabetic patients 
without Retinopathy, and type 1 diabetic 
patients with Retinopathy under high-glucose 
(30mM) conditions. This condition is passed 
by 72 out of 144 samples [21 with no diabetes 
(H), 25 with T1D with no retinopathy (DWoC), 
and 26 with T1D with proliferative diabetic 
retinopathy (DWC)].
In the experimental study, we exclude probes 
with no annotated genes or with NaN values. 
The total number of probes falls from 47282 
to 10262. Then gene expression has been 
transformed by log2 (gene expresion + 1).
In order to quality control, we examine the 
correlation of samples, samples distribution 
and principal component analysis (PCA). 
Principal component analysis (PCA) of gene 
expression was run with the prcomp function 
in R. Figure 1 shows that the first three PC can 

Table 1: Data Set. Demographic features of Individuals in the study

Class 
Names

Number of 
individuals

Ethnicity Female ( %) Age (years, std) Mean duration of 
type 1 diabetes in 

months (years, std)

Number of 
samples

H 7 Caucasian 5 (71.4) 21 (6.6) --- 42

DWoC 7 Caucasian 4 (57.1) 32 (3.9) 27 (13.4) 50

DWC 8 Caucasian 5 (62.5) 31 (8.5) 53 (43.4) 52

A Gene Selection Approach for Diabetic Retinopathy Maghsoudloo et al.
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model data variation.
In the second phase, we try to find differently 
expressed genes. The analysis was carried out 
using the R package limma 4.0.3 .
The design matrix was created; its dimension 
is equal to size of samples by size of groups. 
Each row of the matrix determines a sample’s 
group. For instance, if i-th sample in dataset 
belong to j-th group then i*j design matrix 
entry is one otherwise zero. We built a design 
matrix using the model.matrix function. Then 
a linear model was fit to data using the lmFit 
function.
We set up contrasts of interest for each pair 

of groups by make Contrasts function, then 
recalculate model coefficients using contrasts 
fit function.  For estimating importance 
of genes, we use Bayesian model (eBayes 
function). We assume that 1 % of genes are 
significant and use it as prior knowledge in 
Bayesian model. The Benjamini-Hochberg 
Procedure uses for adjusting the model. We 
construct table of top significant genes by 
applying the topTable function. At the end, the 
genes with adjusted P value ≤ 0.01 consider as 
significant genes. Only 1862 genes pass this 
criterion. All the functions in this part are in 
limma R package.

Figure 1: PCA plot. dimensional reduction by principal component analysis. red, green, and blue 
dots represent position of the DWC, DWoC, and H sample in the new space

Figure 2: Transcription analysis. TRANSFAC and JASPAR PWMs analysis of differentially 
expressed genes

A Gene Selection Approach for Diabetic RetinopathyMaghsoudloo et al.
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For more investigation, we map genes to 
TRANSFAC and JASPAR PWMs and KEGG 
datasets. Using the PWM from TRANSFAC 
and JASPAR the binding motifs were detected 
at the promoter of gene. The NRF1 (adjusted 
P value = 2.929e-8) is the most significant 
transcription factor. According to the KEGG 
2021 Human dataset, most of these genes are 
in Ubiquitin mediated proteolysis pathway 
or UPS (adjusted P value = 0.001269). This 
pathway controls cell cycles, differentiations 
and different signal transduction pathways in 
eukaryotic cells as the basis of protein quality 
control. 
UPS is essential to normal cell physiology to 
timely and selective degradation of surplus or 
aberrant proteins. Diabetic retinopathy (DR) 
and diabetic nephropathy (DN) are disrupted 
by high blood glucose or by hyperglycemia 
from diabetes in various target organs including 
the retina and kidney (DN). 
The majority of studies focused on the renal 
and gave insights into DN microvascular 
damage contribution of dysregulated UPS. 
The eye is one organ that separates a semi-fluid 
medium, the vitreous humor, from a semi-solid 
lens’ tissue, between the neural retina and their 
blood vessels. For a non-diabetic vision, the 

complexity of the eye’s cellular and molecular 
elements can require normal functioning and 
well-tuned UPS .
After finding differently expressed genes, 200 
genes with the smallest adjusted P value fed 
to ant colony optimization. The algorithm 
run 30 times, then X most frequently chosen 
by ACO consider as a top features. At the end 
we calculate AUC for determining the best 
features. Table 2 represents the parameters 
of the K nearest neighbor classifier. Based on 
the experimental results obtained in different 
implementations of the algorithm, the number 
of neighborhoods was considered 3. In Table 3, 
the result of classification by 200 genes and X 
Top gens are shown.
For calculating mean of classification accuracy 
and AUC, we apply 10-fold cross validation 
and reaped it for 10 times. Comparing the 
classification accuracy and AUC in these 
cases shows that The best results occur when 
data were classified with 200 genes or 9 genes- 
ANKDD1A, SLC30A7, DSG2, FRMD4A, 
GBF1, ZNF786, SNORA3B, FOXO1 and 
C14orf2. The results show that while a small 
sub-set of gene is selected, the selected genes 
influence the separation of different classes 
highly. The experiment shows that with 

Figure 3: Pathway analysis. KEGG 2021 Human analysis of differentially expressed genes

A Gene Selection Approach for Diabetic Retinopathy Maghsoudloo et al.
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9 highly informative genes, the proposed 
approach has achieved a high precision rate. 
In addition, the five selected genes (GBF1, 
DSG2, FRMD4A, SLC30A7 and Foxo1) have 
been found meaningfully in the biology texts.

Discussion

This paper proposes an approach of feature 
selection to find the most informative genes 
to select diabetic retinopathy (ACO). Diabetic 
retinopathy disease, the main goal of the 
approach proposed is to identify the smallest 
biomarker subset which can efficiently indicate 

the disease. Due to its benefits such as a higher 
convergence rate and computational efficiency, 
ACO is chosen. The ROC curve will also 
ensure the stability of the method to select the 
final subset. By stability, we mean the ability 
to extend this approach to datasets with far 
fewer samples. On a microarray dataset the 
proposed approach is evaluated.  
Finally, 9 genes (ANKDD1A, SLC30A7, 
DSG2, FRMD4A, GBF1, ZNF786, 
SNORA3B, FOXO1 and C14orf2) that had 
the greatest ability in classifying diabetic, 
diabetic retinopathic and healthy patients were 

Table 3: classification results. The classification accuracy and AUC at the end of the proposed 
algorithm

Number of features (gene symbols) Mean of 
classification 
accuracy ( %)

AUC

                  200 - 95.0 0.99

Top Genes
(Selected 
By ACO)

15 NR2F6, ANKDD1A, SLC30A7, DSG2, FRMD4A, 
GBF1, ZNF786, SNORA3B, FOXO1, C14orf2, 

ZNF652, USP32, RN7SL1, CHMP4B, MFSD14C

94.1 0.94

10 NR2F6, ANKDD1A, SLC30A7, DSG2, FRMD4A, 
GBF1, ZNF786, SNORA3B, FOXO1, C14orf2

96.1 0.99

9 ANKDD1A, SLC30A7, DSG2, FRMD4A, GBF1, 
ZNF786, SNORA3B, FOXO1, C14orf2

97.5 1

8 NR2F6, ANKDD1A, SLC30A7, DSG2, FRMD4A, 
GBF1, ZNF786, SNORA3B,

94.2 0.99

6 NR2F6, ANKDD1A, SLC30A7, DSG2, FRMD4A, 
GBF1

92.8 0.99

4 NR2F6, ANKDD1A, SLC30A7, DSG2 85 0.92

Table 2: Parameters of Classifier. Parameters value for KNN classifier

Classifier Parameters

K-nearest neighbor Distance = Standardized Euclidean distance;
number of nearest neighbors = 3

A Gene Selection Approach for Diabetic RetinopathyMaghsoudloo et al.
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introduced. Five of these genes have already 
been mentioned in the literature - GBF1, 
DSG2, FRMD4A, SLC30A7, Foxo1. Wang et 
al.  2017 claim that GBF1’s selective inhibitor 
golgicide can prevent the delivery of rhodopsin 
to the cilia without damaging the photoreceptor 
Golgi 29. DSG2 antibody and its epitope (named 
KC21) inhibits Angiogenesis and attenuates 
Hypoxia-Induced Retinopathy 30. A Signal Near 
FRMD4A is associated with lower extremity 
arterial disease in patients with Type 2 diabetes 31. 
SLC30A7 has anti-oxidant stress effects in high 
glucose-induced apoptosis via the NFE2L2/
HMOX1 signal transduction pathway 32. It is 
proof that in the absence of Foxo1, direct liver 
insulin signaling is dispensable for glucose 
metabolism in vivo 33. 
The ANKDD1A, ZNF786, SNORA3B and, 
C14orf2 genes were not directly listed in 
the literature as genes involved in diabetic 
retinopathy, but were listed on the GeneCards 
as genes influencing diabetes, obesity, 
and metabolism 34. These diseases are the 
underlying issue associated with diabetes 
retinopathy. So it is suggested that they can 
be further investigated in future biological 
research and considered as potential candidate.
ANKDD1A (ankyrin repeat and death domain 
containing 1A), Predicted to be involved in 
signal transduction. ANKDD1A interacts with 

FIH1 directly and upregulates FIH1 to inhibit 
HIF1 transcriptional activity. Furthermore, by 
upregulating FIH1, ANKDD1A reduces the 
half-life of HIF1, decreases glucose uptake 
and lactate production, inhibits glioblastoma 
multiforme (GBM) autophagy, and induces 
apoptosis in GBM cells under hypoxia. 
Furthermore, ANKDD1A is frequently 
methylated in GBM 35. ZNF786 ((Zinc Finger 
Protein 786)) is a Protein Coding gene. Gene 
Expression is one of its related pathways. 
Nucleic acid binding is among the Gene 
Ontology (GO) annotations for this gene 34. 
SNORA3B (snoRNAs) is small noncoding 
RNA involved in RNA processing 36. 
In addition, other heuristic algorithms can be 
used in future works, like artificial bee colony, 
for gene selection. Also, it is worthwhile 
evaluating them through biological research 
and experimentation because of the good 
discrimination power of the selected genes.
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