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Abstract: Diabetic foot complications are a burden to 

the Indian population which affects both financially and 

physically. The complications could be prevented if the risk of 

diabetic foot are detected well in advance before the peripheral 

nerves are damaged leading to amputation and limb loss. The 

quantification of severity plays an important role in timely 

intervention, delivery of appropriate treatment and prevention of 

amputation. This can be modeled as a classification problem 

where the risk category is stratified into different levels of severity. 

This paper is an approach to build such a system, capable of 

classifying the risk category of diabetic patients for suitable 

follow-up and care. Decision trees are used for the same with 

features selected using bio-inspired evolutionary algorithms like 

Particle Swarm Optimization (PSO), Genetic Algorithm (GA), 

Cuckoo Search (CS), FireFly (FF), Dragon Fly (DF) and 

Gravitational Search Algorithm (GSA). The overall accuracy is 

77% but it identifies the low risk and high risk cases effectively 

with 97% and 89% respectively. 

 

Keywords: Diabetic foot risk classification, Decision Tree,  

Feature Selection, Bio-Inspired algorithms  

I. INTRODUCTION 

India which is the second in diabetic population in the 

world as observed by IDF [1] has higher risk of foot 

amputation. There are lot of complications that could arise 

due to long term prevalence and poor management of 

diabetes. The most common are the Diabetic Peripheral 

Neuropathy (DPN), Diabetic Nephropathy (DN), Diabetic 

Retinopathy and Peripheral Vascular disease (PVD). The 

type and severity of complication determines the quality of 

life of diabetic patients. The worst complication among these 

is the diabetic foot complication as it affects mobility of the 

patient and hence his/her confidence and leads to depression. 

In every 30 seconds, a lower limb is lost somewhere in the 

world as a consequence of diabetes [2]. Amputation of the 

lower extremity or part of it is usually preceded by a foot 

ulcer. A strategy that includes prevention, patient and staff 

education, multidisciplinary treatment of foot ulcers, and 

close monitoring can reduce amputation rates by 49–85% [3].  
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Although the spectrum of foot lesions varies in different 

regions of the world, the pathways to ulceration are probably 

identical in most patients. Diabetic foot lesions frequently 

result from two or more risk factors occurring together. In the 

majority of patients, diabetic peripheral neuropathy plays a 

central role: up to 50% of people with type 2 diabetes have 

neuropathy and at-risk feet. Neuropathy leads to an 

insensitive and sometimes deformed foot, often with an 

abnormal walking pattern. In people with neuropathy, minor 

trauma – caused, for example, by ill-fitting shoes, walking 

barefoot, or an acute injury – can precipitate a chronic ulcer. 

Loss of sensation, foot deformities, and limited joint mobility 

can result in abnormal biomechanical loading of the foot. 

Thickened skin (callus) forms as a result of this loading. This 

leads to a further increase of the abnormal loading and, often, 

subcutaneous hemorrhage. Whatever be the primary cause, 

the patient continues walking on the insensitive foot, 

impairing subsequent healing. Peripheral vascular disease, 

usually in conjunction with minor trauma, may result in a 

painful, purely ischemic foot ulcer. However, in patients with 

neuropathy and ischemia (neuro-ischemic ulcer), symptoms 

may be absent, despite severe peripheral ischemia. The work 

in [4] shows a manual risk classification scheme based on 

decision trees. 

Many non-healing ulcers are a result of poor or 

inadequate assessment of foot at-risk. Appropriate risk 

classification of diabetic foot leads to treatment of the various 

foot complications at right time and hence better outcome of 

treatment leading to salvage of foot from amputation. Most of 

the times, the risk category is not correctly identified leading 

to poor outcome of treatment. Thus decision trees could serve 

as an automatic risk classification tool based on various 

clinical history and parameters. This study explores the use of 

automatically built decision trees for automatic risk 

classification of foot and also the type and severity of 

neuropathy. The use of theme based partitioning of features 

based on different themes and feature selection based on 

different bio-inspired evolutionary algorithms is explored.  

 

The main contributions towards this paper are: 

1. Clinical data collection and preparation of the dataset 

suitable for building predictive model using machine 

learning algorithms. 

2. Automation of risk classification of diabetic foot 

using Decision Tree and validation of the same with 

clinical classification. 
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II. RELATED WORK 

Most of the research concerning diabetic foot follows these 

two main directions: 

 Improve the early diagnosis of diabetic foot in 

hospitals, 

 Reduce ulcers occurrence and related amputation in 

diabetic foot. 

So a lot of researchers have worked in this direction to 

determine the risk category of patients. This classification 

enables the podiatrists to identify people at risk and ensure 

proper assessment at regular intervals to prevent amputations. 

Patients come to specialized centers after a foot complication 

has gone to a state where it cannot be managed by a general 

physician. This delay increases the rate of amputation. This is 

attributed to the misclassification/ underestimation of the risk 

category of the foot.  Hence, there should be an automated 

risk classification system that assesses the foot of patient 

based on various clinical features, past history and present 

symptoms. There are different guidelines for the risk 

classification of diabetic foot. Gustav Jarl [4] identified two 

such guidelines [5] and [6] based on which they have built two 

decision trees. Each node represents the level of risk and 

consists of simple questions. Based on yes/no for each of 

these questions, the foot is classified into a particular 

category. This is constructed manually. The IDF has also 

classified the risk category of diabetic foot and have made it 

available as a pocket screening card [7] based on different 

clinical observations and symptoms. But it is too simple to 

include all conditions. In [8] the authors have built a decision 

tree based classifier for amputation risk assessment of limb. 

They observed that the Doppler flow measurements and 

Wagner based ulcer grading were the most important features 

that contributed to the classification. They have not 

considered the clinical foot assessment tests done to evaluate 

the risk of neuropathy. This article focuses on these tests 

conducted in the foot care center and the proposed 

classification system matches with those recommended by the 

various schemes [7-8]. 

III. METHODOLOGY 

An automated system for risk classification of diabetic foot is 

proposed using machine learning algorithm. The predictive 

modeling pipeline for the risk classification is shown in Fig 1. 

But the automated system built should be easy to use, easily 

understandable and without any ambiguity. It should also be 

flexible enough to add more features as and when there is a 

need. It should be a white box which is transparent and clearly 

explains the decision made. One algorithm that comes as a 

natural choice which satisfies all these conditions is the 

decision tree which is easily interpretable and readable. 

Simple if-then conditions are readily accepted by medical 

experts as it easily captures the mechanism followed by a 

medical expert to arrive at the decision. Fig. 1 shows the 

predictive modeling pipeline for risk classification of diabetic 

foot. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 1. Predictive modeling pipeline for the risk 

classification of diabetic foot 

It combines all the features mentioned in the guidelines [7-8] 

that mimics the decision process followed by medical experts. 

Data Collection 

The decision tree for risk classification is learnt and built from 

the data using CART (Classification and Regression Trees) 

algorithm. The tree is built and evaluated on the clinical data 

set consisting of 32 features collected from 112 diabetic 

patients. All the data was collected at Karnataka Institute of 

Endocrinology and Research (KIER), Bangalore, Karnataka, 

India. Written informed consent was taken from all the study 

participants. The identity and privacy of the participants is 

protected in all aspects. The study was approved by the 

Institutional Review Board (IRB) of KIER. Subjects with 

Diabetes Mellitus type 1 or type 2, with or without existing 

complications were included in this study. The clinical data 

consisting of 32 features collected from 112 instances is 

detailed in Table I below.  

Table I. Attributes/Data collected 

1. Age 

2. Gender, 

3. Type of Diabetes 

4. Duration of Diabetes 

5. HBA1C 

6. Numbness  

7. Pain 

8. Burning 

9. Monofilament R 

10. Monofilament L 

11. Vibration Perception 

Test R 

12. Vibration Perception 

Test L 

13. Cold Perception Test R  

14. Cold Perception Test L  

15. Hot Perception Test R 

16. Hot Perception Test L 

17.   Swelling 

18. Deformation 

19. Skin Discoloration 

20. Dry Skin 

21. Trauma 

22. Heredity 

23. Training 

24. Training retention  

25. Amputation 

26. Special Footwear 

27. Previous other 

Complications 

28. Present foot 

complications 

29. Ankle Brachial Index R 

30. Ankle Brachial Index L 

31. Peak Pressure R 

32. Peak Pressure L 

 

R stands for Right foot and L stands for Left Foot in the above 

features. The number of classes targeted is 5: Active – Class 

4, Very High Risk - Class 3, High Risk - Class 2, Moderate 

Risk - Class 1 and Low Risk – Class 0 based on the 

combination of both the schemes in [7, 8]. 
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Data Preprocessing 

Integer encoding is followed for the features Gender, 

Numbness, Burning, Swelling, Deformation, Skin 

Discoloration, Trauma, heredity, Foot Care training, Previous 

Amputation, Special Footwear and Previous other 

complications. The “present foot complications” feature has 

different values such as infection, ulcer, callus, corn etc. 

Hence this is elaborated into different features using one hot 

encoding. Thus these features are added. Also, these can be 

present now or it has been in the past. Hence these features are 

added to the present foot complications feature. Thus when 

there is a current complication, the present foot complication 

feature will have a value 1 corresponding to that instance and 

a 0/1 in the additional feature specific to the complication 

present. Thus there are 36 features. 

 

Theme Based Partitioning 

A decision tree was built using all the features of the dataset. 

Two classification decision tree models are considered here. 

The decision tree (CART) classifier and an ensemble 

classifier – the Random Forest. Since the dataset is small, 

over-fitting is a problem. Hence to ensure fair decision 

making and to improve the accuracy, the dataset is split into 

train and test data using 5-fold cross validation and leave one 

out cross validation (LOOCV) techniques. This takes care of 

the over-fitting problem. The default gini index criteria is 

used for node splitting. All the algorithms are implemented in 

python 3 using numpy, pandas and sklearn libraries. 

Matplotlib and excel is used for plotting the results. The tree 

built was huge as seen in Fig. 2 with lot of nodes which is very 

confusing and not easily interpretable by health care 

professionals. Also the accuracy was only 57% with 

DT-LOOCV and 55% with RF-CV5.  In-fact, to get at this 

value, not all the features is used. Also, the features 

contributing to different conditions were spread all over the 

tree and are mixed up which confuses the decision made. For 

example, CPT, ABI, PP are seen in the middle sub tree and 

also CPT which contributes to neuropathy is seen in the right 

sub tree which contribute to neuropathy. Hence we explored 

ways for partitioning the tree such that a subset of features 

represents neuropathy.  

 
Fig. 2. Tree built using raw data 

We implemented the theme based partitioning method 

presented by Shankru [9] with slight modification to suit our 

requirement. Consider N training data instances with m 

features, which are denoted by (D) N×m [D1 D2 ... DN], where i
th

 

data instance is given by (Di)m×1  [di
1
, di

2
, ... di

m
 ]. The theme 

identified here is Neuropathy and hence we grouped features 

that contribute to Neuropathy and a partition is created for this 

theme. Thus there are two subsets or partitions in total. 

Partition the features of Di into subsets {D
1

i, D
2
i }, where Di ⊇ 

D
j
i ; j = 1, 2. Here, the number of themes is 2 and hence the no. 

of subsets is 2. Note that the number of features in a subset, D 
j
i, is equal to or greater than 2. 

1. Build a local decision tree for the theme (Hj) N×mj 

; j = 1 using CART and RandomForest 

2. Follow the same for the test data instances. For 

each test data instance, I: (a) Create a subset, I1, 

and I2 based on the theme, in the same way as 

given in Step 1. (b) Classify each subset, Ij, 

using the local decision tree, Tj, as given by 

(pj)c×1  = predict(Ij ,Tj ); j = 1 

3. For each test instance, compute final class. In the 

original dataset replace all the features selected 

for creating the theme Neuropathy by its class 

prediction. 

4. Repeat 4(b) such that the prediction is the class 

prediction of the entire dataset. 

The same is explained below: 

11 features with 8 clinical physiological assessment data 

(Monofilament, Vibration Perception, Hot and Cold 

Perception test results (two each) for the left and right foot) 

and 3 features based on 3 symptomatic data such as pain, 

burning and numbness were identified. Thus the dataset was 

split into two subsets, one with only these 11 features and the 

remaining features + 1 feature (the Neuropathy subset class 

prediction) as another subset. Decision tree was built using 

these 11 features to classify the instances as Class 0 - 

No_DPN, Class 1 - Small Fibre Neuropathy,  Class 2 - Large 

Fibre Neuroapthy and Class 3 - Polyneuropathy. 

Subset of features selected for partition 1: Numbness, Pain, 

Burning, MF R, MF L, VPT R, VPT L, CPT R, CPT L, HPT 

R and HPT L = 11 features.  

The decision tree for this subset of features to classify the type 

of neuropathy was constructed using CART with Leave One 

out cross validation (LOOCV) and Random Forest with 5 fold 

cross validation and LOOCV. LOOCV was chosen since this 

takes care of the class imbalance and also the small size of the 

data to prevent over-fitting. Also Random forests help in 

tackling over-fitting by using ensembling approach.     

The importance of each feature in decision making is shown 

below in Table for DT-LOOCV, RF-CV5 and RF-LOOCV. 

 

Table II. Feature importances under various models for 

Neuropathy Classification 

Bias, Variance And Class Imbalance 

CHARACTE-RISTICS DT-LOOCV RF-

CV5 

RF-L

OOC

V 

Accuracy 98.11 91.4

6 

91.5 

No. of Features for 

95% importance 

2 6 6 

Importance MF R 0 0.27 0 

MF L 0 0.26 0.01 



Diabetic Foot Risk Classification Using Decision Tree and Bio-Inspired Evolutionary Algorithms 

 

235 

Published By: 

Blue Eyes Intelligence Engineering 

& Sciences Publication  

Retrieval Number: B10811292S19/2019©BEIESP 

DOI: 10.35940/ijitee.B1081.1292S19 

HPT R 0.03 0.01 0.27 

HPT L 0.55 0.01 0.28 

CPT R 0 0 0.11 

CPT L 0 0.11 0.01 

VPT R 0 0 0.12 

VPT L 0.42 0 0.16 

Numbness 0 0.16 0.01 

Burning 0 0.06 0 

Pain 0 0.12 0.02 

 

Clearly from the above table, it can be seen that the accuracy 

is high in the case of DT-LOOCV and it takes only two 

features to arrive at a decision. This is an example of high 

variance. This is due to the fact that only one instance is tested 

against the rest. Numbness, burning and pain are additional 

contributing factors but considering only these symptoms 

with normal clinical diagnostic values, one cannot quantify or 

classify neuropathy which is the case observed. It may be 

useful if it is a binary classification. On the other hand, 

RF-CV5 uses 6 features including symptomatic ones but it is 

not consistent with the feature importances of DT-LOOCV. 

Also the accuracy reduces to 91.46%. RF-LOOCV models the 

data in a similar way as DT-LOOCV but variance is reduced 

and the feature importances are retained as that of 

DT-LOOCV. This is because the model takes care of both 

bias and variance. But accuracy is almost the same as that of it 

cv5 counterpart.  This model would be able to captures all 

possibilities well in future also. Thus, RF-LOOCV gives a 

very stable model that can be used for early prediction. Even 

though the accuracy is less, this is the model that should be 

considered as valid as it overcomes over-fitting and 

under-fitting. Accuracy as an outcome measure will lead to a 

wrong conclusion as discussed in [10]. This is even more 

appropriate when there is class imbalance as in our case. 

The section below shows python code generated for the 

decision tree built. This function can be embedded in any 

python code to do the classification. So, once the model is  

built and corrected for various performances, this code is 

sufficient to run as part of another big system computer aided 

diagnostic system. This makes it simple to get the output of a 

single instance in real time without fitting the model again.  

 

def tree(Numbness, Pain, Burning, MF R, MF L, VPT R, VPT 

L, CPT R, CPT L, HPT R, HPT L): 

  if HPT L <= 42.25: 

    if VPT L <= 15.5: 

      if HPT R <= 42.5: 

        return [[55.  0.  0.  0.]] 

      else:  # if HPT R > 42.5 

        return [[0. 1. 0. 0.]] 

    else:  # if VPT L > 15.5 

      return [[0. 0. 2. 0.]] 

  else:  # if HPT L > 42.25 

    if VPT L <= 15.5: 

      return [[ 0. 26.  0.  0.]] 

    else:  # if VPT L > 15.5 

      return [[ 0.  0.  0. 21.]] 

 

The accuracy of CART is the highest with 98.11%. The 

wrongly classified instances are shown below: 
 

Table III. Misclassified instances

Numbness Pain Burning MF R MF L VPT R VPT L CPT R CPT L HPT R HPT L Type Pred 

0 0 0 1 1 10 10 21.4 21 42.6 40.7 1 0 

1 8 0 1 1 16 16 21.1 21.5 41.3 41.7 2 0 
 

 

These are the border values that are misclassified. Feature 

values that cause the misclassification are highlighted in bold. 

In the first case, HPT R > 42.4 which is categorized as mild 

small fiber neuropathy – Class 1 but still the DT-LOOCV 

model predicts it as non neuropathic – Class 0. The second 

case is diagnosed as mild large fibre neuropathy – Class 2 but 

was wrongly classified as non neuropathic – Class 0. But, 

since these are only mild cases and as per literature these 

values are not considered to classify them as neuropathic. 

This is the beauty of the model. It models real world scenario 

based on the cases reported in the institute. 

 

The second case is also misclassified as non-neuropathic by 

RF. But this depends on the test instances selected by the 

random forest. And the accuracy of Random Forest is always 

less at all times compared to the DT-LOOCV owing to the 

small size of the dataset. Since the interest lies in using this  

output as one of the features for modeling the next level tree, 

maximum accuracy in the predicted result is desired. The 

subset of features that contribute to the presence or absence of 

diabetic peripheral neuropathy as this is considered the most 

important contributing factor for high risk of amputation 

along with the presence of other co morbidities. This is like 

splitting a decision tree into sub-trees that do a particular task 

with ease and increased accuracy. Hence in our dataset, the 

theme identified was that of neuropathy and the contributing 

features to neuropathy. The decision/ outcome from this 

subset of features can be fed as a feature for the construction 

of the next higher level tree. Thus the 11 features are replaced 

by a single feature. This in-fact reduces the number of features 

to be considered for final decision making. This subset is  

 

 

trained on two different target variables, one being the type of  

neuropathy and the other being the severity of neuropathy.  

 

This gives flexibility to the health care professionals to assess 

the type and also the severity of neuropathy based on the same 

dataset. The classifications are thus one of the type of diabetic 

peripheral neuropathy – small fiber/large 

fibre/polyneuropathy or severity of neuropathy - 

low/moderate/high. Small fibre neurotpathy is reversible [11] 

and it also contributes to polyneuropathy [12] and hence it 

would be more useful when it can be detected well in advance. 

Thus the labels predicted by the DT-LOOCV classifier were 

kept in place of the 11 features from the original dataset.  
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Thus in the final dataset after partitioning, there are 36 – 11 + 

1= 26 features. The decision trees CART-LOOCV and 

Random forest with LOOCV were employed to see the 

accuracy. But much to our dismay, the accuracy further 

reduced to 39.62 and 43.35%. Precision and recall values are 

also 0.41 and 0.44 respectively. Hence features had to be 

selected based on the importance and relevance to the 

classification. There are two options here. Either ask the 

expert – the podiatrist in our case or do it automatically using 

evolutionary algorithms.  The authors podiatrist suggested 

removing heredity, foot care training, special footwear and 

complication of eyes from this set as these were not 

contributing to either neuropathy or to any foot complication. 

So there are total of 22 features.  

 

Feature Selection using Evolutionary Algorithms 

Automation of feature selection was done using different 

evolutionary algorithms  shown in [13, 14] such as Particle 

Swarm Optimization (PSO), Genetic Algorithm (GA), 

Cuckoo Search (CS), FireFly (FF), Dragon Fly (DF) and 

Gravitational Search Algorithm (GSA). Since every 

algorithm gives a different set of features in each run, the 

features are selected by running each algorithm for seven 

times and the features with mode>3 are selected under each 

algorithm. Here the classifier accuracy or more precisely, the 

misclassification rate was used as the fitness function. Thus is 

thus a minimization function. The number of features selected 

in each run of the algorithm is shown in Fig 3. 

 

 
Fig 3. No. of features selected by various evolutionary 

algorithms 

 

From Fig.3 it can be seen that the Genetic Algorithm and Bat 

Algorithm gave consistent results considering the number of 

features selected each time. To select the final set of features 

based on these algorithms, the count of the number of each 

features under all algorithms is computed and the features 

which are consistently selected is found by taking mode>20. 

Thus the total no. of features selected was 12. They are Type 

of Diabetes, Duration of Diabetes, Deformation, Skin 

Discoloration, Trauma, Previous Foot Complication, Current 

Infection, Ulcer, Kidney, Dry skin, Neuropathy and ABI. The 

deviation of the features selected by each feature selection 

algorithm against the final set of features is shown in Fig. 4. 

 

 
Fig. 4. Deviation of features selected from final set of 

features 

 

The features selected by PSO, Firefly algorithm and Bat 

Algorithm shows minimal deviation and hence are consistent 

with the final set of features. The model is evaluated for the 

different set of features using One Vs Rest Classifier using 

Random Forest with 5 fold cross validation. This classifier 

gives better results compared to the traditional multiclass 

classifiers. Accuracy of the model based on different FS 

algorithms is shown in Fig 4. The model built on features 

selected by Firefly algorithm gives the highest accuracy 

followed by PSO. The standard deviation of the features 

selected by each algorithm from the global set of features 

selected is shown in Fig 5. Seven evolutionary algorithms are 

run seven times and the mode > 3 is used for selecting the 

features under each algorithm. Finally, the features that have 

mode >2 by summing up all the features from each algorithm 

is selected. Thus there are 12 features. 

 

 
Fig. 5. Accuracy of the classification model using features 

from different evolutionary algorithms 

IV. RESULTS AND DISCUSSION 

ROC Curves of all the classes using 22 features is shown in 

Fig. 6(a). ROC Curves of all classes using the 12 features 

selected based on the mode of the features from all the seven 

evolutionary algorithms is shown in Fig. 6(b).  
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Fig 6. ROC curves of the classifier for all classes (a) 22 

features (b) 12 features. 
 

The features selected by podiatrist and also based on the 

schemes in [8, 9] is 10. Finally, Deformation, Amputation, 

Previous Foot Complication, Current Infection, Ulcer, Callus, 

Kidney, Heart, Neuropathy and ABI were identified as the 

main contributors to the risk classification in accordance with 

the risk classification schemes. Note that ABI L and ABI R 

were replaced with a single feature – ABI which takes a value 

1 if either of the foot has abnormal ABI. Hence instead of all 

the features, features that had less importance in the decision 

tree building were removed. Age, gender (M/F), HbA1c, Skin 

Discoloration, Dry skin, Type of Diabetes, swelling, Duration 

of Diabetes, Peak Pressures, trauma  were found to be of less 

importance and also not in accordance with the features used 

for risk classification schemes. So finally there are 22-11-1 

=10 features. The ROC curves of the classifier considering 

these features is shown in Fig 7. It can be seen that there is a 

significant improvement in accuracy of all the classes. But 

still the performance of the features selected by the system is 

in comparison to the expert. 

 
Fig.7 (a) ROC of the classifier using features selected by 

podiatrist (b) Feature Importances of features by 

RF_LOOCV using the features from EA 

       
Fig 7. (b) Feature importances 

 

From Fig 7(b) it can be seen that the feature importances 

match the feature importances by a podiatrist which shows 

that the classifier models the data appropriately and precisely 

as done by a podiatrist in accordance with the schemes in 

[7,8].  The precision-recall curves of the classification with 22 

features, 12 features and 10 features are shown in Fig. 8(a), 

8(b) and 8(c). 

 
Fig. 8.(a) 
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Fig. 8. (b) 

 
Fig. 8. (c) 

Fig. 8(a), (b), (c) Precision-Recall Curves of all classes for 

22, 12 and 10 features respectively 
 

The precision-recall curves show that the average precision 

for all classes increases with the features selected by the 

evolutionary algorithms and further with the features selected 

by podiatrist. The features are good in detecting low risk, high 

risk and active cases. Even though the model is not effective 

in detecting medium risk and very high risk, it detects low risk 

and high risk cases effectively which is important to identify 

cases well in advance before it progresses to very high risk 

category.  

V. CONCLUSION 

The study in [11] shows that small fiber neuropathy is 

reversible and hence should be given at most importance in 

the prevention of DFU. So, this study shows how to detect the 

presence of Small fibre neuropathy using decision tree. Also, 

theme based partitioning captures the themes in set of features 

and was explored to detect the category of neuropathy. 

Feature selection was done using Binary PSO, Genetic 

algorithm, Cuckoo Search, FireFly, Dragon Fly, Bat and 

Gravitational Search algorithms. It was found that the PSO, 

Firefly and Bat algorithms gave consistent results and better 

accuracy. Thus feature set reduction increases the accuracy of 

classification. The classifiers OneVsRest and Random Forest 

with Leave One Out Cross Validation gave better accuracy. 

The ROC curves and precision-recall curves shows that the 

features selected by the evolutionary algorithms is in 

comparison with the features selected by podiatrist. The final 

feature importances mimic the real world situation of 

importance given to various attributes contributing to the final 

classification as in the two schemes. 
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