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Abstract. Medicine research based in machine learning methods allows the im-

provement of diagnosis in complex diseases.  Age related Macular Degeneration 

(AMD) is one of them. AMD is the leading cause of blindness in the world. It 

causes the 8.7% of blind people. A set of case and controls study could be devel-

oped by machine-learning methods to find the relation between Single Nucleo-

tide Polymorphisms (SNPs) SNP_A,  SNP_B, SNP_C  and AMD. In this paper 

we present a machine-learning based analysis to determine the relation of three 

single nucleotide SNPs and the AMD disease. The SNPs  SNP_B,   SNP_C     re-

mained in the top four relevant features with ophthalmologic surgeries and bilat-

eral cataract. We aim also to determine the best set of features for the classifica-

tion process. 

Keywords: Single Nucleotide Polymorphisms, Macular Degeneration, machine 

learning, polymorphism relation 

1   Introduction 

Age related macular degeneration (AMD) is the leading cause of visual dysfunction 

and blindness in developed countries, and a rising cause in underdeveloped countries. 

In the United States, its prevalence in the population over age 65 years is 9% and in-

creases to 28% in those over 75 years[1][2]. AMD is characterized by progressive de-

generation of the macula, causing central field vision loss. A characteristic feature of 

AMD is the formation of deposits in the macula, called drusen, which may progress to 

either geographic atrophy (dry form) or subretinal neovascularization (wet form), man-

ifestations of late AMD. Several genetic and environmental risk factors influence dis-

ease susceptibility.  AMD is a multifactorial disease, typically caused by many genetic 
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variants, each with modest effect on the risk and also influenced by non-genetic/envi-

ronmental factors, such as diet and smoking[3]. 

Multiple studies have assessed the role of genetic variants on AMD risk and pro-

gression. Some of them are consistently associated with the disease in Caucasians[4], 

[5],  and in ethnic groups with a complex admixture of ancestral populations such as 

Mexican mestizos [6].  Sivakumaran et al. [7] have identified a set of SNPs for relation 

with AMD. This is evidence that the aforementioned genes may confer increased risk 

for AMD.  

The prevalence of AMD varies widely across different ethnic groups in the world. 

However, it has been observed that in the United States is estimated there are more than 

7 million individuals with early changes in the retina that places them at high risk to 

develop the disease. Thirty per cent of them could develop macular degeneration con-

sistent with the early form of AMD [3]. 

In other populations such as Oriental, it has also become a health problem due to 

demographic changes, senescence and lifestyle [8]–[10]. It is estimated that by 2020, 

at least 80 million people globally, may be affected with AMD [11]. 

This substantial increase in public health burden could lead to a collapse in health 

systems worldwide. Not only envisages the poor response of these systems to care for 

these patients, and the AMD has a tremendous impact not only on physical health, also 

in mental health and in the economy of the geriatric population and their families[12], 

[13]. 

One of the factors that make this disease a problem of major health is that its inci-

dence continues to rise due to the increasing number of elderly people in the world. 

AMD is also the leading cause of lower disability, affecting progressively central vi-

sion. 

There are few studies on Mexican population. It is important to study the relation 

between the genetic variation in populations not traditionally studied to find  the rela-

tion between ethnic differences in each genetic variants to modify disease risk[6],[14]. 

Usually the relation is determined by statistics techniques. Obtaining the odds ratio 

and p value which indicates the risk or protection against the disease[3]. 

Machine learning methods have been used to study the relation between SNPs and 

complex diseases such as cancer[15], schizophrenia[16], even AMD [17] some SNPs 

for Caucasian population mainly. 

Currently medical research is made to relate mutations in some particular genes 

associated with this disease. In order to establish the relationship between risk factors 

and AMD, statistical information management is usually used. These studies asses the 

presence of Single Nucleotide Polymorphisms (SNPs) to establish the relation between 

them and the disease, but the results of this analysis only give the possibilities of having 

the disease. An improved model can be generated using machine learning techniques. 

This will allow more reliable and accurate predictions for the risk of developing the 

disease. 

We constructed a dataset with 119 patients and 137 healthily subjects. Criteria for 

patient inclusion were as follows: (1) age 60 years or older, (2) diagnosis by a retina 

specialist of AMD grades 4 or 5 in both eyes or AMD grades 4 or 5 in one eye and any 

type of drusen in the fellow eye, (3) no relation with other retinal disease, and (4) a 

negative history of vitreous-retinal surgery. Subjects were classified according to Clin-

ical Age Related Maculopathy Staging System (CARMS) where grade 4 corresponds 
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to geographic atrophy, while grade 5 corresponds to choroidal neovascularization 

[18],[3]. The AMD stage assigned was based on the most affected eye at the time of 

recruitment. Control subjects were enrolled from the outpatient department throughout 

routine ophthalmic examination. They were aged 60 years or older, had no drusen or 

retinal pigment epithelium (RPE) changes under dilated fundus examination, and in-

formed a negative family history of AMD. Informed consent was signed by all subjects 

before they participated in the study 

In this paper we present a machine-learning based analysis to determine the relation 

of three single nucleotide SNPs and the AMD disease. One hundred and nineteen pa-

tients and 137 controls — persons without visual injury— were recruited following a 

standard ophthalmologic examination protocol. This investigation was a hospital-

based, case-control relation study done in a Mexican population. We included 30 clin-

ical features for each one of the cases and controls. 

We found an accuracy of 85.5% in the supervised analysis for the three Single Nu-

cleotide Polymorphism (SNPs) to predict the disease. It is a promising result which 

motivates us to continue studying and testing with larger databases to improve the pre-

dictability of the disease. 

The rest of the paper is as follows. A brief state of the art of the analysis of associ-

ations in complex diseases is presented in section 2. In section 3, we propose our ma-

chine-based analysis to determine the relation of three single nucleotide SNPs and the 

AMD disease. In section 4, experiments and results are shown and discussed. Section 

5 concludes the paper and highlights future work in this context. 

2. Determining Relation between SNPs and Complex Diseases 

A complex disease is the medical condition that arises from an intricate interaction of 

inherited nature and environmental factors.  Examples of them are cancer, AMD, bipo-

lar disorder, obesity, and schizophrenia [19]. 

Traditionally statistical analysis is applied to determining the association between 

SNPs in genes and complex diseases. Various features should be considered to analyze 

a complex disease for sick and healthy subjects. In the main, continuous variables are 

compared with the Student t test, and corrected chi- square statistics are applied for 

categorical variables. Univariate and multivariate non conditional logistic regressions 

are developed to determine risk magnitude comparing each allele and genotype with 

the main effect employed as the binary variable[20].  

Machine learning is also used to detect patterns and relations between SNPs and 

AMD[21].  Machine learning models generate inference rules that serve to generate 

new knowledge from initial data collections. The accuracy of the model will be propor-

tional to the amount of data. Those models will predict with high accuracy the cases 

where the disease is present in a patient[22].  

Machine learning models consider relationships among input data that cannot al-

ways be recognized by conventional analyses. In the future, complex medical diagnos-

tic and treatment decisions will be increasingly based in machine learning models[23].  
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The growing interest in individualized medicine reinforces the role of predictive 

models, particularly of diagnostic processes. These are intended to establish a relation-

ship between a set of variables and dependence of them have AMD, to make reliable 

and accurate predictions of the risks of developing the disease.  

It is important to determine the risk of having the disease as soon as possible given 

that, as it appears in elderly subjects, it leaves us a long time to prevent the disease. 

 Until today machine learning methods have been used to study the relation between 

SNPs and complex diseases such as cancer[15], schizophrenia[16] and AMD [21]. 

3. Machine Learning Based Method for Relation of SNPs and AMD  

In order to find the relation of single nucleotide polymorphisms SNP_A, SNP_B, and    

SNP_C we followed the procedure shown in figure 1. 

 
Fig. 1. Procedure to determine the relation  

3.1 Data Collection Procedure 

The first step was to obtain the blood samples from patients and healthy subjects in the 

ophthalmologic hospital. 

Then genomic DNA was extracted from peripheral- blood leukocytes using the QI-

Aamp DNA Blood Maxi Kit (Qiagen, Hilden, Germany).    
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The next step was to genotyping DNA samples with Taqman probes (Applied Bio-

systems). All genotypes were determined in a Real Time PCR instrument PikoReal 

(Thermo Scientific). The probes were acquired directly from tests on demand service 

Applied Biosystems as quality control verification process for genotyping. The assay 

was done for all samples twice. 

The last step was to build the data base with the data obtained from the clinical 

history of each one of subjects. The data base includes 30 features as ophthalmic sur-

gery, cataract both eyes, alcoholism, visual acuity left eye, visual acuity right eye, glau-

coma, cataract left eye, pterygium, diabetic retinopathy, altered glucose, diabetes, vit-

reous hemorrhage, age, obesity, sex, hypercholesterolemia, xerosis both eyes, cataract 

right eye, presbyopia, astigmatism, smoking, hole in macula, blepharitis, posterior vit-

reous detachment, choroidal fracture, dyslipidemia, ectropion. The last feature is group 

which values “1” for cases and “0” for controls. 

3.2 Analysis and Information Processing 

We proposed to improve the analysis with machine learning modeling.  The main rea-

son to use machine learning techniques for our investigation is that they can detect 

patterns and relations than a human, or traditional statistic cannot. In addition, ML 

methods are able to "learn" automatically without explicit programming, effectively, 

and with less cost and effort[15]. These models are evaluated by metrics widely used 

by the scientific community such as accuracy, the root mean square error (RMSE), sen-

sitivity or specificity [24]. These metrics allow not only to effectively evaluating model 

precision, but also comparing the results with the research community. 

As we must predict whether the patient will suffer the disease or not determining the 

probability with great reliability, we used supervised classification machine learning 

methods. 

 The objective of classification methods is to learn relations between entries X and 

outputs Y, where Y ∈ {1, …, C} and C represents the number of classes. 

In our experiment, models predict two outputs. Models predict the class group 

which has two values. The class has the value “1” for patients and “0” for healthy sub-

jects.  It is called binary classification or dual-case [25]. 

Among the most famous supervised classification models there are Support Vector 

Machine, Bayesian networks, Naive Bayes, Neural networks, Random Forest, C5.0, 

C4.5-like Trees, Multivariate Adaptive Regression Spline, Logistic Model Trees, and 

Boosted Logistic Regression. 

Finally, machine learning models are typically created from a set of samples known 

as training set and evaluated with a different set of samples called test set. The data sets 

are composed of the training set that usually has the major part of the data set samples 

and the test set that usually has a small part of the data set samples, depending on the 

experimentation settings. 

4 Experiments and Results 

In this work, we designed two sets of experiments. The goal of the first set was to find 
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the importance of each feature in order to determine the relevance for the classification 

process of SNP_A,  SNP_B, and SNP_C. We aim also to determine the best set of 

features for the classification process. The second set of experiments compared the per-

formance of ten well-known supervised machine learning techniques in the classifica-

tion process. The goal of these experiments is to prove the predictive power of all com-

binations of features, preferably testing SNP’s sets of features. 

4.1 Data Set 

The data set used in the experiment is composed by 256 samples. Each one has 30 

features, where “Group” variable represents the output of the model and the remaining 

29 represent the model entries. The "Group" column has the value “1" for patients or 

"0" for healthy subjects. Therefore, we have a binary classification problem. Data were 

standardized as nominal variables, except age that remained in numeric format.  

 

 
 

Fig. 2. Ranking of 30 features in relation with AMD.  
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4.2 Feature Ranking and best feature set selection 

Recursive Feature Elimination (RFE) was used in order to perform feature ranking.  

RFE method provides high quality results. This method is a wrapper type. This tech-

nique uses Random Forest to measure the quality of each combination of features. Ac-

curacy of generated models is the evaluation measure to determine the predictive power 

of the feature set in the classification process. RFE provides high levels of accuracy 

and optimal amount of time. 

    Table 1.  Feature importance and combination set accuracy 

 
 

As is shown in Figure 2, the ranking of the variables was found by RFE method. 

We can observe that the SNP_B and  SNP_C remained in the top four relevant features 

with ophthalmologic surgeries and bilateral cataract.  

In the first place, RFE algorithm fits the model to all variables. Each variable is 

classified according to the importance to the model as it can be seen in Figure 3. Then, 

the RFE algorithm begins to create models using the Si variables from i=1...S. RFE 

algorithm tries all possible combinations and keeps in a list the variables combination 

and its performance. 

N° Feature Accuracy Kappa AccuracySD KappaSD

1 Ophthalmic surgery 0.7969 0.6024  0.05913  0.1130

2 SNP_B 0.8242 0.6537  0.05837  0.1129

3 Cataract both eyes 0.8332 0.6708  0.06078  0.1183

4 SNP_C 0.8245 0.653  0.06297  0.1233

5 Alcoholism 0.8258 0.6549  0.06180  0.1211

6 Visual acuity left eye 0.8184 0.6397  0.06295  0.1236

7 Visual acuity right eye 0.8188 0.6398  0.06689  0.1318

8 Glaucoma 0.8368 0.6755  0.07229  0.1432

9 Cataract left eye 0.8501 0.7012  0.06397  0.1271

10 Pterygium 0.861 0.7233  0.06167  0.1218

11 Diabetic retinopathy 0.8695 0.7405  0.05935  0.1171

12 Altered glucose 0.8683 0.7383  0.05875  0.1158

13 Diabetes 0.8699 0.7411  0.05917  0.1172

14 Vitreous hemorrhage 0.8722 0.746  0.05805  0.1146

15 Age 0.8691 0.7397  0.05900  0.1163

16 Obesity 0.8656 0.7324  0.05705  0.1127

17 Sex 0.8683 0.7377  0.05258  0.1044

18 Hypercholesterolemia 0.8707 0.7426  0.05774  0.1144

19 Xerosis both eyes 0.8715 0.744  0.05671  0.1125

20 Cataract right eye 0.8696 0.7401  0.05762  0.1144

21 Presbyopia 0.8704 0.7418  0.05670  0.1127

22 SNP_A 0.8715 0.7442  0.05557  0.1101

23 ARTERIAL HYPERTENSION 0.8735 0.7479  0.05511  0.1092

24 Astigmatism 0.868 0.7374  0.05862  0.1161

25 Smoking 0.8708 0.7425  0.05397  0.1072

26 Hole in macula 0.8708 0.7424  0.05478  0.1088

27 Blepharitis 0.8715 0.744  0.05447  0.1082

28 Posterior vitreous detachment 0.8747 0.7503  0.05358  0.1063

29 Choroidal fracture 0.8738 0.7486  0.05617  0.1114

30 Dyslipidemia 0.8743 0.7493  0.05606  0.1113

31 Ectropion 0.8758 0.7526  0.05625  0.1115
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For each iteration, all variables are again classified. At the end of the algorithm 

execution, a ranking list is done using the results of all iterations as it is shown in Table 

1. That explains why the variable order in Figure 2 is different from the variable order 

in Table 1. Finally, it is selected the combination with the highest accuracy. 

As we can see in Figure 3, from the combination of ten features, models do not 

improve significantly with the inclusion of more features. It could be useful to include 

only the set of the first ten features. Because the small number of samples we used all 

features in the classification process in section 4.3. 

 

 

Fig. 3. RFE feature sets accuracy analysis using CV 

4.3 Classification Process 

The second set of experiments compared the performance of ten well-known supervised 

machine learning techniques in the classification process: Random Forest, Neural Net-

works, Naïve Bayes, Multivariate Adaptive Regression Splines, C3.4-like Trees, Sto-

chastic Gradient Boosting and C5.0. The complete analysis were done using R software 

[27]. We performed the analysis with case and controls samples. 

We applied the cross-validation (CV) technique given the small size of our dataset, 

to obtain more reliable results. CV makes different partitions and combines these to 

generate many models. The global accuracy is calculated as the average accuracy of all 

models. Models’ performance was analyzed with the means of accuracy, sensitivity and 

specificity.   

To perform the experiments, we used the Caret package of R Studio. We use as 

measure the accuracy, because it is measuring is the most widely used classification 

models[28]. Our problem is the classification as we must predict whether a patient has 

the disease according to the features extracted. We decided to apply CV technique with 

10 partitions and 10 repetitions. The algorithm generated 100 models and the model 

accuracy was calculated as the average of the 100 created models. We used the same 

methodology and configuration for the generation of models with all selected tech-

niques. We have 4 methods, Random Forest, C5.0, Single C5.0 Ruleset, Single C5.0 

Tree, with a number of hits higher than 88%. The results of the rest of the compared 
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techniques were not very good. 

Balance accuracy, is very useful when the samples are not balanced, i.e., when we 

have a higher number of samples of one class to another. This happens in our case, as 

we have 119 and 137 by what find us interesting show this value. Giving the same 

weight to each class. On the other hand, in general gives equal importance to each ele-

ment. Have also shown the number of configurations that have been tested by the time 

expressed in thousandths of a second to build each model and each model. 

The following comparison experiments were designed to determine the relevance 

of the three SNPs in the classification process: 

1) ALL. – Experiment includes all features. 

2) A. - Experiment includes only SNP_A 

3) B. - Experiment includes only SNP_B 

4) C. - Experiment includes only SNP_C 

5) AC. - Experiment includes SNP_A and SNP_C 

6) AB. – Experiment includes SNP_A and SNP_B 

7) AC. – Experiment includes SNP_A and SNP_C 

8) BC. – Experiment includes SNP_B and SNP_C 

9) ABC. - Experiment includes SNP_A, SNP_B, and SNP_C 

 

Table 2 shows only the best model resulting of each comparative experiment. Ran-

dom Forest method is better because it has the highest accuracy, specificity and sensi-

tivity. A good binary classification test always results with high values for all the three 

factors whereas a poor binary classification test results with low values for all. 

“If Sensitivity is high and Specificity is low then, there is no need to worry about 

the excellent candidates but the poor candidates must be reexamined to eliminate false 

positives. If Sensitivity is low and Specificity is high, there is no need to bother about 

the poor candidates but the excellent candidates must be reexamined to eliminate false 

negatives. An average binary classification test always results with average values 

which are almost similar for all the three factors.”[26] 

Table 2. Comparative experiment results (A=SNP_A, B= SNP_B, C= SNP_C) 

 
 

It is remarkable the BC experiment (which includes only SNP_B and SNP_C) be-

cause it has high predictive power with 73.17% Accuracy, 54.88% Sensitivity, and 

89.07% Specificity.  

 

 

Method Acc Sens Spec Prec F1 B.Acc Conf Time(ms)

ALL Random Forest 0.8585 0.9045 0.8188 0.8528 0.8779 0.8616 3 231.0

A Neural Network 0.5666 0.4397 0.6769 0.6103 0.5112 0.5583 9 15.3

B Naive Bayes 0.5548 0.9579 0.2046 0.5809 0.7232 0.5812 2 20.3

C Multivariate Adaptive Regression Splines 0.6761 0.5549 0.7814 0.7450 0.6361 0.6682 1 21.2

AC C4.5-like Trees 0.6757 0.5543 0.7812 0.7446 0.6355 0.6678 1 100.4

AB Stochastic Gradient Boosting 0.5912 0.4438 0.7192 0.6453 0.5259 0.5815 9 8.4

AC C4.5-like Trees 0.6757 0.5543 0.7812 0.7446 0.6355 0.6678 1 100.4

BC Random Forest 0.7317 0.5488 0.8907 0.8525 0.6677 0.7197 1 80.1

ABC C5.0 0.7305 0.5465 0.8904 0.8516 0.6658 0.7185 12 7.8

(A=rs1329428), (B=rs203687) and (C=rs11200638)
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The combination of the SNP_A and SNP_B shows the same behavior of them sep-

arately. Which means that they are correlated and show the same information: 59.12% 

accuracy. It was found that the combination of  SNP_B and SNP_C results 67.57% 

accuracy, which means that 67.57% of the tests in the diagnosis hit AMD. As it was 

expected. 

5 Conclusions 

In this work, we used a machine learning method to develop a classification model to 

determine if an individual is likely to suffer AMD disease. We also proved the rele-

vance of  SNP_A,  SNP_B,  and  SNP_C to the classification process and hence to 

predict if an individual will have the disease or not. For this purpose, we designed two 

sets of experiments. The first experiment we performed a feature ranking with RFE. 

The SNPs  SNP_B,  and SNP_C  remained in the top four relevant features with oph-

thalmologic surgeries and bilateral cataract. The best combination is the one that in-

cludes all the variables, based on measurements of accuracy, sensitivity and specificity. 

It was obtained by the Random Forest technique using all features. The second set of 

experiments compared the performance of ten well-known supervised machine learning 

techniques in the classification process. Random Forest method is best because it has 

the highest accuracy, specificity and sensitivity. 

Based on our results, we conclude that models generated with machine learning 

techniques support the diagnosis of AMD disease. This shows a promising scenario for 

the handling of large amounts of data and inference of more precise results. 

For future work, we will intend to improve our model including a larger data set. It 

may help to refine the model and allow to improve the prediction disease. Future studies 

should evaluate the possibility of extending this model to other diseases. 
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