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Abstract: Classification of Erythmato-Squamous Diseases (ESD) is a major challenge in the field of dermatology. The ESD
diseases are classified into six categories. The aim of this paper is to use the Artificial Neural Network to classify the six classes
of ESD with high accuracy. We used the JustNN tool which a backpropagation feed forward methodology for the classification of
ESD for modeling. For this purpose, the dermatology dataset was collected from UCI machine learning repository. In order to
evaluate the proposed model we trained and validated it using the pre-process dataset. The proposed model achieved an accuracy
of 98.36%. Results indicated that the proposed classifier is useful.
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Introduction

Erythema (from the Greek erythros, meaning red) is redness of the skin or mucous membranes, caused by hyperemia (increased
blood flow) in superficial capillaries. It occurs with any skin injury, infection, or inflammation. Examples of erythema not
associated with pathology include nervous blushes [1].

It can be caused by infection, massage, electrical treatment, acne medication, allergies, exercise, solar radiation (sunburn),
photosensitization, acute radiation syndrome, mercury toxicity, blister agents, niacin administration, or waxing and tweezing of the
hairs—any of which can cause the capillaries to dilate, resulting in redness. Erythema is a common side effect of radiotherapy
treatment due to patient exposure to ionizing radiation [2].

Erythema disappears on finger pressure (blanching), while purpura or bleeding in the skin and pigmentation do not. There is no
temperature elevation, unless it is associated with the dilation of arteries in the deeper layer of the skin [2].

In the field of dermatology, differential diagnosis of Erythmato-Squamous Diseases (ESD) is difficult. The six important types of
ESD are: psoriasis, seborrheic dermatitis, lichen planus, pityriasis rosea, chronic dermatitis and pityriasis rubra pilaris. All of them
have similar clinical and histopathology features such as erythema and scaling which makes it difficult to detect them even with
biopsy [3]. However, biopsy is necessary to achieve a correct diagnosis [4]. Usually, clinicians detects these diseases using some
clinical features, such as the degree of erythema and scaling, border of lesion, the presence of itching, koebner phenomenon, the
formation of papule, involvement of oral mucosa, elbows, knees and the scalp and family history [5].

Artificial Neural Network

An Artificial Neural Network (ANN) is a mathematical model that is driven by the functional feature of biological neural
networks[6-16]. A neural network contains an interconnected set of artificial neurons, and it processes information using a
connectionist form to computation. As a rule, an ANN is an adaptive system that adjusts its structure based on external or internal
data that runs over the network during the learning process. Current neural networks are non-linear numerical data modeling
tools[17-27]. They are usually used to model tricky relationships among inputs and outputs or to uncover patterns in data. ANN
has been applied in several applications with significant accomplishment. For example, ANN has been effectively applied in the
area of prediction, and handwritten character recognition [28-32].

Neurons are often come together into layers. Layers are groups of neurons that perform similar functions. There are three kinds of
layers. The input layer is the layer of neurons that take input from the user program. The layer of neurons that send data to the user
program is the output layer. Between the input layer and output layer there are hidden layers. Hidden layer neurons are connected
only to other neurons and never directly interact with the user program. The input and output layers are not just there as interface
points. Every neuron in a neural network has the opportunity to affect processing. Processing can occur at any layer in the neural
network. Not every neural network has this many layers. The hidden layer is optional. The input and output layers are required, but
it is possible to have a layer that act as both an input and output layer [33-40].

ANN learning can be either supervised or unsupervised. Supervised training is accomplished by giving the neural network a set of
sample data along with the expected outputs from each of these samples. Supervised training is the most common form of neural
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network training. As supervised training proceeds, the neural network is taken through several iterations, or epochs, until the actual
output of the neural network matches the expected output, with a reasonably small error. Each epoch is one pass through the
training samples. Unsupervised training is similar to supervised training except that no expected outputs are provided.
Unsupervised training usually occurs when the neural network is to classify the inputs into several groups[41-46].

The training progresses through many epochs, just as in supervised training. As training progresses, the classification groups are
“discovered” by the neural network [47-50]. Training is the process by which these connection weights are assigned. Most training
algorithms begin by assigning random numbers to the weight matrix. Then the validity of the neural network is tested. Next, the
weights are adjusted based on validation results. This process is repeated until the validation error is within an acceptable limit
[51-53]. Validation of the system is done once a neural network has been trained and it must be evaluated to see if it is ready for
actual use. This final step is important so that it can be determined if additional training is required. To properly validate a neural
network validation data must be set aside that is completely separate from the training data [54-55].

Literature Review
In the following previous studies the dermatology dataset was used.

The study in [56] presented a classifier algorithm, the voting feature intervals-5. The accuracy of the classifier was 96.2%. In [57]
an ensemble of SVM based on random subspace (RS) and feature selection were employed for diagnosis of ESD. It is stated that
classifiers using different features offers complementary information about the classifiable patterns. In [58], they investigated the
performance of boosting decision tree as an ensemble strategy for the diagnosis of ESD. The result illustrated that the ensemble of
un-pruned decision tree had a better accuracy 96.72% than other methods such as genetic algorithm (GA) and k-means clustering
in other studies.

In [59] they developed a Support Vector Machine (SVM) model with a novel hybrid feature selection method, called Improved F-
score and Sequential Forward Floating Search (IFSFFS) which was a combination of Sequential Forward Floating Search (SFFS)
and Improved F-score (IF) to carry out the optimal feature subset selection. The IF and SFFS based on SVM are evaluation criteria
for filters and wrappers, respectively. They calculated the accuracy of training and testing data set for different splits. The average
testing accuracy was 97.58%.

In [60] they proposed and implemented a novel identification model for diagnosis of ESD based on Extreme Learning Machine
(ELM). The new model compared with classic Artificial Neural Networks (ANN). ELM had some advantages, such as higher
learning speed, the best performance and ease of implementation. Results showed that the ELM had greater degree of performance
than classic ANN in both training and testing data set.

In [61] they used a Fuzzy Extreme Learning Machine (FELM) method to purpose ESD classification. FELM consists of two
methods: Fuzzy Logic and ELM. The achieved accuracy of the FELM was 92.84%, which was better than other methods in terms
of accuracy. In [62] they combined C4.5 method with one-against-all method and the accuracy was 96.71% was. In [63] an expert
system based on three classifier method including decision tree, fuzzy weighted pre-processing and k-NN based weighted pre-
processing has been designed in order to help physicians for diagnosis of ESD. In [64] the Adaptive neuro-fuzzy inference system
(ANFIS) was used as a classifier and the achieved accuracy reported as 85.5%.

Methodology

We have collected the dataset from UCI Machine Learning repository that was developed by University of California, School of
Information and Computer Science [65]. This dataset was prepared by N. llter from Gazi University and H.A. Guvenir from
Bilkent University [65].

Input and output Features

The dermatology dataset consists of 366 samples and 34 features. Twelve features are clinical and 22 are histopathological
features. The features, age and family history are continuous and ranged between zero - one, respectively. All other features
(clinical and histopathological) were given a degree ranged from zero to three in which, zero indicates the absence of the feature,
three indicates the maximum degree possible, and one, two indicate intermediate degree values (as shown in Table 1). Table 2
outlines the possible values for the output attribute and its distributions.

Tablel: Input Attribute Information

. Possible .
S.N. | Attribute vValues Type of Attribute
1 erythema 0,123 Clinical
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2 scaling 0,123 Clinical
3 definite borders 0,123 Clinical
4 itching 0,123 Clinical
5 koebner phenomenon 0,123 Clinical
6 polygonal papules 0,123 Clinical
7 follicular papules 0,123 Clinical
8 oral mucosal involvement 0,123 Clinical
9 knee and elbow involvement 0,123 Clinical
10 scalp involvement 0,123 Clinical
11 family history Oorl Clinical
12 melanin incontinence 0,123 Histopathological
13 eosinophils in the infiltrate 0,123 Histopathological
14 PNL infiltrate 0,123 Histopathological
15 fibrosis of the papillary dermis 0,123 Histopathological
16 exocytosis 0,123 Histopathological
17 acanthosis 0,123 Histopathological
18 hyperkeratosis 0,123 Histopathological
19 parakeratosis 0,123 Histopathological
20 clubbing of the rete ridges 0,123 Histopathological
21 elongation of the rete ridges 0,123 Histopathological
22 thinning of the suprapapillary epidermis 0,1,2,3 Histopathological
23 spongiform pustule 0,123 Histopathological
24 munro microabcess 0,123 Histopathological
25 focal hypergranulosis 0,123 Histopathological
26 disappearance of the granular layer 0,123 Histopathological
27 vacuolisation and damage of basal layer 0,1,2,3 Histopathological
28 spongiosis 0,123 Histopathological
29 saw-tooth appearance of retes 0,123 Histopathological
30 follicular horn plug 0,123 Histopathological
31 perifollicular parakeratosis 0,123 Histopathological
32 inflammatory monoluclear inflitrate 0,123 Histopathological
33 band-like infiltrate 0,123 Histopathological
34 Age linear Clinical

Table 2: Class feature distribution

Class code Class Number of
instances
1 psoriasis 112
2 seboreic dermatitis 61
3 lichen planus 72
4 pityriasis rosea 49
5 cronic dermatitis 52
6 pityriasis rubra pilaris 20

Dataset preprocessing

There is a 2.2% of missing in the age feature in the dermatology dataset. The missing data was replaced with average of the age
feature. We used the following equation to normalize the features in the dermatology dataset:

Xi = (XI - Xmin) / (Xman _Xmin) eq(l)
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For the age feature we have done two things:
e We grouped the age to 4 sets: 0-25, 26-35, 36-45, 46-75
e We normalized the age groups to: 0, 0.33,0.67, 1.0 using the above equation.

For all other features we normalized their values to be in range of 0 to 1 using the normalized equation stated above.

3.3 Building the ANN Model

We used Just Neural Network (JNN) tool [66] to build a multilayer ANN model. The proposed model consists of five Layers:
Input Layer with 33 nodes, First Hidden Layer with 18 nodes, Second Layer with 10 nodes, Third Layer with 6 nodes, and Output
Layer with one node as can be seen in Figure 3.

We have sat the parameters of the proposed model as follows: Learning Rate 0.6 and the Momentum to be 0.8, and Average Error
rate to be 0.01 (as shown in Figure 2).

3.4 Evaluating the ANN model

The dermatology dataset consists of 366 samples with 35 attributes as in Table 1 and Table 2. We imported the preprocessed CSV
file of the dermatology dataset into the JNN environment (as seen in Figure 1). We divided the imported dataset into two sets
(Training and Validation) randomly using the JNN tool. The Training consists of approximately 67% (244 samples) and the
validation set consists of 33% of the dataset (122 samples). After making sure that the parameter control was sat properly, we
started training the ANN model and kept eye on the learning curve, error loss and validation accuracy. We trained the ANN model
for 497 cycles. The best accuracy we got was 98.36% (as seen in Figure 4). We determined the most influential factors in the
dermatology dataset as in Figure 5. Figure 6 shows the summary of the proposed model.

Figure 1: Imported dataset into JNN environment
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Figure 3: architecture of the final ANN model
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Figure 4: Training and validation curves of the proposed ANN model

dermatology? - 98.36 497 cycles. Target error 0.0100 Average training error 0.000161
The first 34 of 34 Inputs in descending order.
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Figure 5: The most influential Feature in the proposed ANN model
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Figure 6: Details of the proposed ANN model

1. Conclusion

An Artificial Neural Network model for classifying the six categories of dermatology: Psoriasis, seboreic dermatitis, lichen planus,
pityriasis rosea, cronic dermatitis, and pityriasis rubra pilaris, using features obtained from UCI Machine Learning Repository was
presented. The model used feed forward backpropagation algorithm for training the proposed ANN model using JNN tool. The
factors for the model were obtained from dataset which represents dermatology features. The model was tested and the accuracy
rate was 98.36%. This study showed that artificial neural network is capable of classifying dermatology accurately.

www.ijeais.org/ijaar
53



International Journal of Academic and Applied Research (IJAAR)
ISSN: 2643-9603
Vol. 5 Issue 4, April - 2021, Pages: 47-55

References

1. Mosby's Medical Dictionary (9th ed.). St. Louis, Missouri: Elsevier. 2013. ISBN 978-0-323-08541-0.

2. Erythema, Mosby's Medical, Nursing & Allied Health Dictionary, Fourth Edition, Mosby-Year Book 1994, p. 570

3. Jane C. et al. (2018). "Acute-onset high-morbidity primary photosensitisation in sheep associated with consumption of the Casbah and Mauro cultivars of the pasture legume
biserrula", BMC Veterinary Research.

4, https://fas.org/nuke/guide/usa/doctrine/army/mmcch/Vesicant.ntm#CLINICAL

5. Weterle R, Rybakowski J (Mar—Apr 1990). "Test niacynowy w schizofrenii" [The niacin test in schizophrenia]. Psychiatr Pol. 24 (2): 116-20.

6. Abu Nada, A. M., et al. (2020). "Age and Gender Prediction and Validation Through Single User Images Using CNN." International Journal of Academic Engineering Research
(JAER) 4(8): 21-24.

7. Abu Nada, A. M., et al. (2020). "Arabic Text Summarization Using AraBERT Model Using Extractive Text Summarization Approach.” International Journal of Academic
Information Systems Research (IJAISR) 4(8): 6-9.

8. Abu-Sager, M. M., et al. (2020). "Type of Grapefruit Classification Using Deep Learning." International Journal of Academic Information Systems Research (IJAISR) 4(1): 1-5.

9. Afana, M., et al. (2018). "Artificial Neural Network for Forecasting Car Mileage per Gallon in the City." International Journal of Advanced Science and Technology 124: 51-59.

10. Al Barsh, Y. |, etal. (2020). "MPG Prediction Using Artificial Neural Network." International Journal of Academic Information Systems Research (IJAISR) 4(11): 7-16.

11.  Alajrami, E., et al. (2019). "Blood Donation Prediction using Artificial Neural Network." International Journal of Academic Engineering Research (IJAER) 3(10): 1-7.

12.  Alajrami, E., et al. (2020). "Handwritten Signature Verification using Deep Learning." International Journal of Academic Multidisciplinary Research (IJAMR) 3(12): 39-44.

13.  Al-Araj, R. S. A, etal. (2020). "Classification of Animal Species Using Neural Network." International Journal of Academic Engineering Research (IJAER) 4(10): 23-31.

14. Al-Atrash, Y. E., et al. (2020). "Modeling Cognitive Development of the Balance Scale Task Using ANN." International Journal of Academic Information Systems Research
(JAISR) 4(9): 74-81.

15.  Alghoul, A, et al. (2018). "Email Classification Using Artificial Neural Network." International Journal of Academic Engineering Research (IJAER) 2(11): 8-14.

16. Al-Kahlout, M. M., et al. (2020). "Neural Network Approach to Predict Forest Fires using Meteorological Data." International Journal of Academic Engineering Research (IJAER)
4(9): 68-72.

17.  Alkronz, E. S, et al. (2019). "Prediction of Whether Mushroom is Edible or Poisonous Using Back-propagation Neural Network." International Journal of Academic and Applied
Research (IJAAR) 3(2): 1-8.

18.  Al-Madhoun, O. S. E.-D., et al. (2020). "Low Birth Weight Prediction Using JNN." International Journal of Academic Health and Medical Research (IJAHMR) 4(11): 8-14.

19.  Al-Massri, R., et al. (2018). "Classification Prediction of SBRCTs Cancers Using Avrtificial Neural Network." International Journal of Academic Engineering Research (IJAER)
2(11): 1-7.

20. Al-Mobayed, A. A, et al. (2020). "Artificial Neural Network for Predicting Car Performance Using JNN." International Journal of Engineering and Information Systems (IJEAIS)
4(9): 139-145.

21.  Al-Mubayyed, O. M., et al. (2019). "Predicting Overall Car Performance Using Artificial Neural Network." International Journal of Academic and Applied Research (IJAAR) 3(1):
1-5.

22.  Alshawwa, I. A, et al. (2020). "Analyzing Types of Cherry Using Deep Learning." International Journal of Academic Engineering Research (IJAER) 4(1): 1-5.

23.  Al-Shawwa, M., et al. (2018). "Predicting Temperature and Humidity in the Surrounding Environment Using Artificial Neural Network." International Journal of Academic
Pedagogical Research (IJAPR) 2(9): 1-6.

24, Ashagar, B. A, etal. (2019). "Plant Seedlings Classification Using Deep Learning." International Journal of Academic Information Systems Research (IJAISR) 3(1): 7-14.

25.  Bakr, M. A. H. A,, et al. (2020). "Breast Cancer Prediction using JNN." International Journal of Academic Information Systems Research (IJAISR) 4(10): 1-8.

26. Barhoom, A. M., et al. (2019). "Predicting Titanic Survivors using Artificial Neural Network." International Journal of Academic Engineering Research (IJAER) 3(9): 8-12.

27. Belbeisi, H. Z., et al. (2020). "Effect of Oxygen Consumption of Thylakoid Membranes (Chloroplasts) From Spinach after Inhibition Using JNN." International Journal of
Academic Health and Medical Research (JAHMR) 4(11): 1-7.

28. Dalffa, M. A, et al. (2019). "Tic-Tac-Toe Learning Using Artificial Neural Networks." International Journal of Engineering and Information Systems (IJJEAIS) 3(2): 9-19.

29. Dawood, K. J., et al. (2020). "Avrtificial Neural Network for Mushroom Prediction." International Journal of Academic Information Systems Research (IJAISR) 4(10): 9-17.

30. Dheir, I. M., et al. (2020). "Classifying Nuts Types Using Convolutional Neural Network." International Journal of Academic Information Systems Research (IJAISR) 3(12): 12-18.

31. El-Khatib, M. J., et al. (2019). "Glass Classification Using Avrtificial Neural Network." International Journal of Academic Pedagogical Research (IJAPR) 3(2): 25-31.

32.  El-Mahelawi, J. K., et al. (2020). "Tumor Classification Using Artificial Neural Networks." International Journal of Academic Engineering Research (IJAER) 4(11): 8-15.

33.  El-Mashharawi, H. Q., et al. (2020). "Grape Type Classification Using Deep Learning." International Journal of Academic Engineering Research (IJAER) 3(12): 41-45.

34. Elzamly, A, et al. (2015). "Classification of Software Risks with Discriminant Analysis Techniques in Software planning Development Process." International Journal of Advanced
Science and Technology 81: 35-48.

35. Elzamly, A, et al. (2015). "Predicting Software Analysis Process Risks Using Linear Stepwise Discriminant Analysis: Statistical Methods." Int. J. Adv. Inf. Sci. Technol 38(38):
108-115.

36. Elzamly, A, etal. (2017). "Predicting Critical Cloud Computing Security Issues using Artificial Neural Network (ANNs) Algorithms in Banking Organizations." International
Journal of Information Technology and Electrical Engineering 6(2): 40-45.

37. Habib, N. S., et al. (2020). "Presence of Amphibian Species Prediction Using Features Obtained from GIS and Satellite Images." International Journal of Academic and Applied
Research (IJAAR) 4(11): 13-22.

38. Harz, H. H., etal. (2020). "Artificial Neural Network for Predicting Diabetes Using JNN." International Journal of Academic Engineering Research (IJAER) 4(10): 14-22.

39. Hassanein, R. A. A, et al. (2020). "Artificial Neural Network for Predicting Workplace Absenteeism.” International Journal of Academic Engineering Research (IJAER) 4(9): 62-
67.

40. Heriz, H. H., et al. (2018). "English Alphabet Prediction Using Artificial Neural Networks." International Journal of Academic Pedagogical Research (JAPR) 2(11): 8-14.

41. Jaber, A. S., etal. (2020). "Evolving Efficient Classification Patterns in Lymphography Using EasyNN." International Journal of Academic Information Systems Research (IJAISR)
4(9): 66-73.

42.  Kashf, D. W. A,, etal. (2018). "Predicting DNA Lung Cancer using Artificial Neural Network." International Journal of Academic Pedagogical Research (IJAPR) 2(10): 6-13.

43.  Khalil, A. J., etal. (2019). "Energy Efficiency Predicting using Artificial Neural Network." International Journal of Academic Pedagogical Research (IJAPR) 3(9): 1-8.

44, Kweik, O. M. A,, et al. (2020). "Artificial Neural Network for Lung Cancer Detection." International Journal of Academic Engineering Research (IJAER) 4(11): 1-7.

45.  Maghari, A. M., et al. (2020). "Books’ Rating Prediction Using Just Neural Network." International Journal of Engineering and Information Systems (IJEAIS) 4(10): 17-22.

46. Mettleg, A. S. A,, et al. (2020). "Mango Classification Using Deep Learning." International Journal of Academic Engineering Research (IJAER) 3(12): 22-29.

47.  Metwally, N. F., et al. (2018). "Diagnosis of Hepatitis Virus Using Artificial Neural Network." International Journal of Academic Pedagogical Research (IJAPR) 2(11): 1-7.

48.  Mohammed, G. R., et al. (2020). "Predicting the Age of Abalone from Physical Measurements Using Artificial Neural Network." International Journal of Academic and Applied
Research (IJAAR) 4(11): 7-12.

49.  Musleh, M. M., et al. (2019). "Predicting Liver Patients using Artificial Neural Network." International Journal of Academic Information Systems Research (IJAISR) 3(10): 1-11.

50. Oriban, A. J. A, et al. (2020). "Antibiotic Susceptibility Prediction Using JNN." International Journal of Academic Information Systems Research (IJAISR) 4(11): 1-6.

51. Qwaider, S. R, et al. (2020). "Artificial Neural Network Prediction of the Academic Warning of Students in the Faculty of Engineering and Information Technology in Al-Azhar
University-Gaza." International Journal of Academic Information Systems Research (IJAISR) 4(8): 16-22.

52.  Sadek, R. M., et al. (2019). "Parkinson’s Disease Prediction Using Artificial Neural Network." International Journal of Academic Health and Medical Research (IWAHMR) 3(1): 1-
8.

53. Salah, M, et al. (2018). “Predicting Medical Expenses Using Avrtificial Neural Network." International Journal of Engineering and Information Systems (IJEAIS) 2(20): 11-17.

54.  Salman, F. M., et al. (2020). "COVID-19 Detection using Artificial Intelligence.” International Journal of Academic Engineering Research (IJAER) 4(3): 18-25.

55.  Samra, M. N. A,, et al. (2020). "ANN Model for Predicting Protein Localization Sites in Cells." International Journal of Academic and Applied Research (IJAAR) 4(9): 43-50.

56. Shawarib, M. Z. A, et al. (2020). "Breast Cancer Diagnosis and Survival Prediction Using JNN." International Journal of Engineering and Information Systems (IJEAIS) 4(10): 23-
30.

57.  Zaqout, I., et al. (2015). "Predicting Student Performance Using Artificial Neural Network: in the Faculty of Engineering and Information Technology." International Journal of

Hybrid Information Technology 8(2): 221-228.

www.ijeais.org/ijaar
54


https://en.wikipedia.org/wiki/ISBN_(identifier)
https://en.wikipedia.org/wiki/Special:BookSources/978-0-323-08541-0
https://en.wikipedia.org/wiki/Mosby%27s_Medical,_Nursing_%26_Allied_Health_Dictionary
https://fas.org/nuke/guide/usa/doctrine/army/mmcch/Vesicant.htm#CLINICAL

International Journal of Academic and Applied Research (IJAAR)
ISSN: 2643-9603
Vol. 5 Issue 4, April - 2021, Pages: 47-55

58.  Glvenir HA, Demirtz G, llter N. Learning differential diagnosis of erythemato-squamous diseases using voting feature intervals. Artificial Intelligence in
Medicine. 1998;13(3):147-65.

59. Nanni L. An ensemble of classifiers for the diagnosis of erythemato-squamous diseases. Neurocomputing. 2006;69(7):842-5.

60. Menai MEB, Altayash N. Modern Advances in Applied Intelligence. Springer; 2014. Differential Diagnosis of Erythemato-Squamous Diseases Using Ensemble of Decision Trees;
pp. 369-77.

61. XieJ, Xie W, Wang C, Gao X. A Novel Hybrid Feature Selection Method Based on IFSFFS and SVM for the Diagnosis of Erythemato-Squamous Diseases. WAPA. 2010 .

62.  Olatunji SO, Arif H. Identification of Erythemato-Squamous skin diseases using extreme learning machine and artificial neural network. ICTACT Journal of Softw
Computing. 2013;4(1):627-32.

63. Ravichandran K, Narayanamurthy B, Ganapathy G, Ravalli S, Sindhura J. An efficient approach to an automatic detection of erythemato-squamous diseases. Neural Computing and
Applications. 2014;25(1):105-14.

64. Polat K, Giines S. A novel hybrid intelligent method based on C45 decision tree classifier and one-against-all approach for multi-class classification problems. Expert Systems with
Applications. 2009;36(2):1587-92.

65.  UCI Machine Learning repository (https://archive.ics.uci.edu/ml/datasets.html)

66. EasyNN Tool

www.ijeais.org/ijaar
55


https://archive.ics.uci.edu/ml/datasets.html

