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Abstract— Feature selection is referred to the process of 
obtaining a subset from an original feature set according to 
certain feature selection criterion, which selects the relevant 
features of the dataset. It plays a role in compressing the data 
processing scale, where the redundant and irrelevant features 
are removed. Feature selection techniques show that more 
information is not always good in machine learning 
applications. Apply different algorithms for the data at hand 
and with baseline classification performance values we can 
select a final feature selection algorithm. In this paper, we 
propose a hybrid classification model, which has correlation 
based filter feature selection algorithm and Machine learning 
as classifiers. The objective of this study is to select relevant 
features and analyze the outperform machine learning 
algorithms in order to train our model, predict and compare 
their classification performance. In this method, features are 
ordered according to their Absolute correlation value with 
respect to the class attribute. Then top K Features are selected 
from ordered list of features to form a reduced dataset. This 
proposed classifier model is applied to our smart meter 
datasets. To measure the performance of these selected 
features; seven benchmark classifier are used; Random Forest 
(RF), Logistic Regression (LR), k-Nearest Neighbor (kNN), 
Naïve Bayes (NB), Decision Tree (DT), Linear Discriminant 
Analysis (LDA) and Support Vector Machine (SVM). This 
paper then analyzes the performance of all classifiers with 
feature selection in term of accuracy, sensitivity, F-Measure, 
Specificity, Precision, and MCC. From our experiment, we 
found that Random Forest classifier performed higher than 
other used classifiers. 

Keywords- Feature selection; Feature Extraction; smart 
meter data sets; machine learning.  

I. INTRODUCTION 

Smart meter data sets as Environment data sets in real-
world are characterized by the large quantity of noise, 
redundant or irrelevant misleading features that may affect 
model classification measures. With these factors removed, 
learning from data mining and machine learning techniques 
can benefit greatly. A high dimensional dataset increases the 

risks that data mining algorithms find wrong patterns that 
are void in general. Most techniques involve some degree of 
reduction. This is necessary in order to manage with large 
amounts of data. Machine learning methods are very 
difficult to handle with the large number of high 
dimensional data found. Data pre-processing is a necessary 
step in the use of effective machine learning methods. 
Feature selection is an important technique used in data pre-
processing. The main aim of feature selection is to 
determine the minimum number of feature subsets from a 
problem domain while retaining a high classification 
measures in representing the original features [1].

When the number of features selected is rather small, 
chances of information content may be low. On the other 
hand, the presence of noise as also irrelevant data will be 
highly probable when many features are selected. Hence, 
feature selection should be on the right selection of subsets, 
avoiding too large or too small number of features. There 
are many benefits of an ideal feature selection, such as data 
visualization, data understanding, reduction of the memory 
storage and training time, reduce the dimensionality which 
may improve prediction and classification performance. 
Thus, feature selection methods reduce the features present 
in the data set without changing them [2]. 

Nowadays many systems in a variety of fields deal with 
large data sets with high dimensionality. Feature selection, 
which has been a research topic in methodology and 
practice for decades, is used in many fields, such as image 
recognition [3, 4], image retrieval [5], text mining [6], 
intrusion detection [7, 8], bioinformatics data analysis [9,10, 
11], fault diagnosis [12, 13], and so on.

According to the theoretical principle, feature selection 
methods can be based on statistics [14-17], information 
theory [18, 19], manifold [20], and rough set [21-24], and 
can be categorized according to various standards.
a) According to the utilized train (labeled, unlabeled, or 
partially labeled), feature selection methods can be divided 
into supervised, unsupervised, and semi-supervised models.
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b) According to their relationship with learning methods, 
feature selection methods can be classified into filter, 
wrapper, and embedded models.
c) According to the evaluation criterion, feature selection 
methods can be derived from correlation, Euclidean distance, 
consistency, dependence, and information measure.
d) According to the search strategies, feature selection 
methods can be divided into forward increase, backward 
deletion, random, and hybrid models.
e) According to the type of the output, feature selection 
methods can be divided into feature rank (weighting) and 
subset selection models.

The performance of the feature selection method is 
usually evaluated by the machine learning algorithms. The 
commonly used includes Naïve Bayes, KNN, C4.5, SVM, 
BP-NN, RBF-NN, K-means, Hierarchical clustering, 
Density based clustering and so on [25, 26, 27]. A good 
feature selection method should have high learning accuracy 
but less computational overhead (time     complexity     and     
space complexity). Although   there   have been   solid 
reviews   on feature selection [28-33], they mainly focus on 
specific research fields in feature selection.

Feature selection is a technique that has an ability to 
decrease the number of attribute by eliminating the least 
significant features [34]. However, the problem in feature 
selection is finding the optimum features. Most of the 
features in data sets that did not contribute to end result are 
unknown. Some unimportant or irrelevant features need to 
be diminished in order to reduce the classification 
complexity and time processing [35]. As feature selection 
becomes the important process in order to improve the 
classification performance, not all the feature selection
techniques reduce the same feature in dataset. For that 
reason, choosing the feature selection techniques is crucial
when subset feature is needed for dimensionality reduction 
and gives better performance in classification.

In this study we used hybrid model of Correlation-based 
Filter attribute Evaluation (CBF) as a conventional 
technique and machine learning algorithms commonly used, 
as one of the possible solutions to resolve the data mining 
problems such as feature selection and classification.
The aim of this study is to select relevant features and
analyze the outperform machine learning algorithms in 
order to train our model, predict and compare their 
classification performance.

The main contribution of this study is to run the 
experiment on our smart meter dataset 1) to select the 
relevant features using Correlation-based attribute 
Evaluation (CB) as a conventional technique, 2) to analyze 
the outperform machine learning algorithms commonly used 
and evaluate the performance of selected features by using 
six performance measures accuracy, sensitivity, F-Measure, 
Specificity, Precision, and MCC. 

II. RELATED RESEARCH
The problem of Dimensionality Reduction [35] can be 

decomposed into two steps: feature extraction and feature 

selection. Feature extraction is a preprocessing 
transformation over the feature space [36]. In turn, feature 
selection aims to select relevant and informative features, 
considering distinct criteria, such as enhancement of 
performance or classification effectiveness [37]. The premise 
is that, usually, datasets contain features that are irrelevant, 
redundant or noisy and, hence, may be removed without loss 
of useful information. 

Indeed, many studies have showed that a proper feature 
selection may improve efficiency or even effectiveness of 
learning methods, since they simplify the resulting models 
and reduce chances of overfitting [38]. Thus, the goal is to 
filter out the maximum number of ‘unnecessary’ features 
from the input space. This filtering process determines 
feature space projections that represent subsets of features 
able to better describe the data, by defining a score for each 
feature in order to assess its discriminative power in the 
learning task.

Feature selection techniques can be divided into three 
groups: (1) filter methods, corresponding to strategies that 
select features without using a learning predictor; (2) 
wrapper methods, which use learning algorithms as “black 
boxes” to score a subset of features according to the 
classification effectiveness; and (3) embedding methods that 
adopt learning predictors to perform feature selection, but in 
this case, the selection process is injected into the training of 
a learning classifier. In [39], a comprehensive study is 
presented comparing different types of feature selection 
approaches. The authors show that filters are usually faster 
than wrappers, although the latter using a simple 
classification algorithm many authors show that filters are 
usually faster than wrappers, although the latter using a 
simple classification algorithm may be faster than the 
former.  
A. Feature Selection measures and metrics 

Feature selection is a process where features can 
automatically be selected in the data that contribute most to 
the prediction variable. Having irrelevant features in the data 
can decrease the performance measure of many models.
Three benefits of performing feature selection before 
modeling the data are: Reduce overfitting, improve accuracy 
and reduce training time. 

Feature selection has been an active and fruitful field of 
research area in pattern recognition, machine learning, 
statistics and data mining communities [40]. It is a 
dimensionally reduction technique whose main goal is to 
reduce irrelevant data and find features that increase 
classification performance measure. The main objective of 
feature selection is to choose a subset of input variables by 
eliminating features, which are irrelevant or of no predictive 
information. It has been proven in both theory and practice 
to be effective in enhancing learning efficiency, increasing 
predictive accuracy and reducing complexity of learned 
results [41, 42]. 
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Figure.1: Feature selection process [43].

There are four basic steps in a typical feature selection 
process as shown in Fig. 1 [43]. The process of feature 
selection is as below;

The generation procedure to generate the next 
candidate subset from original feature set.
The evaluation function to evaluate the subset to 
determine the relevancy towards the classification 
task using measure for instances distance, 
dependency, information and consistency.
Stopping criteria to decide when to stop. This is 
where it determines the relevant subset or optimal 
feature subset.
Validation procedure is to check whether the 
selected feature subset is valid.

The feature measure or evaluation criterions play an 
important role in feature selection, which forms the basis of 
feature selection [44]. In the context of classification 
problems, optimal criterion would be the Bayesian error rate 
E(S) shown in formula (1) under the continuous or discrete 
condition, where is a class from all the possible 
classes C exist in the data [45].
E(S) = (1)

Or
As can be seen from formula (1), is in the form of 
sum, and , Is non-linear 
and non-negative. It has an upper bound shown in formula 
(2), where is the conditional entropy of C given 
S.

          (2)
It is hard to calculate directly because S is the 

combination of features. Researchers prefer to use other 
measures, such as correlation, dependency and distance. 
Here, we show some general and representative evaluation 
measures as follows.

Let a and b be two features;
Correlation coefficient:

                               (3)

Where , is the covariance of a and b, and 
is the variance.

Pearson correlation coefficient:

(4)

Mutual information:

(5)

Where is the probability density function.
Symmetric uncertainty (SU):

                                 (6)

Where is the entropy of the feature.
Information distance:

                              (7)

Where is the conditional entropy of a given b
Euclidiean distance:

(8)

These measures are often used in transformation for 
special applications. Moreover, there are other measures, 
such as Laplacian score, Fisher score, dependency index in 
rough set theory, and so on. Generally, information measures 
require the feature in discrete type, thus the feature 
discretization should be implemented before feature 
selection. Discretization methods include Equal-Depth, 
Equal-Width and manual setting, and etc. [46].

The relevance and applicability of feature selection 
metrics in practice have boosted the number of studies on 
this topic recently [47]. Thus, many distinct metrics have 
been proposed. Four distinct metrics (one and two-sided) 
widely used for this task are; Information Gain [48, 49]
which quantifies how much information we obtain about a 
class when we know that a certain feature exists or not in a 
sample. Chi-square χ2 [50] used in statistical analysis to test 
whether two events are independent. In the context of 
feature selection, it is used to measure the association 
between features and classes. Odds-Ratio [51] measures the 
chances of a feature occur in the positive class normalized 
by that of the negative class and Correlation Coefficient [52, 
53] used to estimate the correlation between classes and the 
interrelation among features. 

B. Recent works 
There exists several feature selection methods that are 

used by researchers. Some researchers trend to employ 
conventional method such as information gain and chi-
square for instance [54, 55]. In the other researches,
heuristic methods such as genetic algorithm [56] ACO [57] 
and [58] in memetic feature selection, noisy data, spam 
email, binary variables are used; respectively.

Feature selection also involves an active field of research 
such as in pattern recognition, machine learning and data 
mining area [59, 60]. Feature selection objective is to reduce 
irrelevant data and finding the most relevant features that 
would increase classification performance measures. It has 
been proven in both theory and practice to be effective in 
enhancing learning efficiency, increasing predictive 
accuracy and reducing complexity of learned results [61].
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A wrapper feature selection approach based on BA and 
Optimum Path Forest had been proposed by Nakamura [62]. 
This approach modeled a problem of feature selection as a 
binary based optimization technique. Six datasets have been 
used in experiments that demonstrated that the proposed 
approach provides statistically significant more compact 
sets and in some cases it indeed improves the classification 
effectiveness.

Binary Bat Algorithm (BBA) was one of the inspired 
binary version feature selection that proposed to find the 
most significant feature in a search space [63]. BBA was 
proposed to associate each bat a set of binary coordinates 
that indicate whether that feature belongs to the final set of 
features or not. It combined the power of bat algorithm and 
Optimum Path Forest in finding the set of features that 
maximizes the accuracy of validating sets. It has been 
proved that the proposed techniques can outperform other 
well-known techniques such as PSO, FFA and GSA.

From [64] proposed bio-inspired method called Bat 
Algorithm hybridized with a Naive Bayes classifier (BANB). 
Twelve benchmarks datasets from different domains have 
been used in experiments to compare their performance 
measures with three well known feature selection techniques; 
GA, PSO and GPSO in term of the number of selected 
features from the original datasets. It shows that BANB 
significantly outperformed other algorithms in selecting 
significant number of features and lead to maintaining and 
improving classification accuracy.

As stated earlier, selection of a subset of features from 
existing set of features without a single extra effort 
(processing) is known as feature selection. Feature selection 
can be broadly done via filter, wrapper, and embedded 
approaches [65]. Minimum Redundancy Maximum 
Relevance, Fast Correlation-based Feature Selection 
(FCBF), and Correlation-based Feature Selection [65] are 
some filter methods used for feature selection. The 
Optimization algorithms are also employed for selection of 
good subsets.

Generally, these studies found that feature selection 
techniques are capable to improve the performance of 
learning algorithms thru increasing the accuracy of the 
classifier by removing irrelevant attributes. Therefore, with 
high quality features, it makes the classification process 
accurate, comprehensible and produces better results. For 
that reason, this research will conduct the experiment that 
focuses to analyze the outperform techniques among 
conventional and heuristic techniques.

C.  Classification measures: 
After doing the usual Feature Selection, and 

implementing a model and getting some output in forms of a 
probability or a class, the next step is to find out how 
effective is the model based on some metric using test 
datasets. Different performance metrics are used to evaluate 
different Machine Learning Algorithms for classification 
problems. We can use classification performance metrics 
such as Log-Loss, Accuracy, AUC (Area under Curve) etc. 
Another example of metric for evaluation of machine 
learning algorithms is precision, recall, etc. which can be 

used for sorting algorithms primarily used by search engines. 
The metrics that you choose to evaluate your machine 
learning model is very important. Choice of metrics 
influences how the performance of machine learning 
algorithms is measured and compared.

1) Confusion Matrix: 
The Confusion matrix is one of the most intuitive and 

easiest metrics used for finding the correctness and accuracy 
of the model. It is used for Classification problem where the 
output can be of two or more types of classes. The
confusion matrix is a table with two dimensions (“Actual” 
and “Predicted”), and sets of “classes” in both dimensions. 
The Actual classifications are columns and Predicted ones 
are Rows.

Actual
Positive(1) Negative(0)

Pr
ed

ic
to

r Positive(1) TP FP

Negative(0) FN TN

Figure 2: Confusion Matrix

The Confusion matrix in itself is not a performance
measure as such, but almost all of the performance metrics 
are based on Confusion Matrix and the numbers inside it.
Let;
TP (True Positives); Denotes the number of positive 
patterns classified as positive. True positives are the cases 
when the actual class of the data point was 1 (True) and the 
predicted is also 1 (True).
TN (True Negatives); Denotes the number of negative 
patterns classified as negative. True negatives are the cases 
when the actual class of the data point was 0 (False) and the 
predicted is also 0 (False).
FP (False Positives); Denotes the number of negative 
patterns declared positive. False positives are the cases 
when the actual class of the data point was 0 (False) and the 
predicted is 1 (True). False is because the model has 
predicted incorrectly and positive because the class 
predicted was a positive one. (1)
FN (False Negatives); Denotes the number of positive 
patterns declared negative. False negatives are the cases 
when the actual class of the data point was 1(True) and the 
predicted is 0(False). False is because the model has 
predicted incorrectly and negative because the class 
predicted was a negative one. (0)

2) Performance measures and metrics:
Performance of classification model is measured using 

some techniques called classification measures. 
Classification accuracy is one of the measures to determine 
the performance of classification model. Classification 
accuracy is defined as the total percentage of correctly 
classified patterns. To find classification accuracy we can 
use the formula given by equation (9). Classification 
accuracy is mostly used but in many cases it is better to get 
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some other measures to define classification measure. Other 
measures are sensitivity, specificity, Precision, Recall. It is 
very necessary that along with accuracy these measures 
must be maximized. So it is very important that the model 
should maximize all these measures. Sensnasoitivity, 
Specificity, Precision and recall can be calculated using
formula (9-14).
Accuracy = (9)

Accuracy in classification problems is the number 
of correct predictions made by the model over all 
kinds predictions made. Accuracy is a good 
measure when the target variable classes in the data 
are nearly balanced. It should never be used as a 
measure when the target variable classes in the data 
are a majority of one class.

Sensitivity/Recall = (10)

Sensitivity also known as the True Positive rate or Recall 
is calculated as, Sensitivity = No. of True Positives / (No. 
of True Positives + No. of False Negatives)

Specificity = (11)

Specificity, also known as True Negative Rate is 
calculated as, Specificity = No. of True Negatives / (No. 
of True Negatives + No. of False Positives)

Precision = (12)

Precision is a measure that tells us what portion of cases 
that are True Positive. The predicted as positive (True 
positive (TP) and False Positive (FP)) and the actually 
True Positive (TP).

F1-score / F measure = (13)

F1 score incorporates both Recall and Precision and is 
calculated as, F1 score = 2 * (Precision * Recall) / 
(Precision + Recall)

Matthews Correlation Coefficient (MCC) =

(14)

Unlike the other metrics discussed above, MCC takes all 
the cells of the Confusion Matrix into consideration in 
its formula. Similar to Correlation Coefficient, the range 
of values of MCC lie between -1 to +1. A model with a 
score of +1 is a perfect model and -1 is a poor model. 
This property is one of the key usefulness of MCC as it
leads to easy interpretability

III. METHODOLOGY
This proposed method can be divided into two sections. 

In the first section we apply a filter criterion on each feature. 
Here we take Correlation with respect to class label as 
filtering criteria. In second section after selection of features, 
it is given to classifier for classification with either only 
selected feature of the dataset or with extended features.

Let D be a dataset having M number of patterns and N 
number of features. Each feature of the dataset will have M 
number of entries and dataset class will have also M number 
of entries corresponding to each entry of feature. Via 
correlation coefficient formula we can calculate the 
correlation coefficient between the feature of dataset and the 
class column of the dataset. Here we calculate the 
correlation value for each feature of the dataset and keep its 
absolute value into an array (say array0) of N dimension. 
After we sort this array0 in descending order of values, we 
sort features of datasets in order of sorted array0; this gives
a list call sorted list as list1. We pick top K (a user defined 
number) features from sorted list1. From selected features 
we formed a reduced dataset. Now we extend dataset by 
applying some functions to each feature of reduced dataset. 
After extending features we have a new dataset. We give it 
to different machine learning algorithms for classification. 
The complete algorithm and model of hybrid classification 
method are given in Figure 3, and Figure 4.

A. The Model of the proposed Hybrid Method 

Figure 3: The Model of the proposed Hybrid Method 

B. The Algorithm for the proposed hybrid method

Machine Learning Classifiers

Extract Features

Performance Measures %

Reduced Dataset

Descending order sorted array0

Sort features according to sorted List Array0(List1)     

Select top K features from sorted feature List List1

Correlation Calculation for each feature (Array0)

Dataset
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Input: Dataset D[MxN]
K a user Defined Number
ML classifiers

Output: Classification Measures
{Accuracy, Sensitivity, F-Measure, 
Specificity,    Precision, MCC and features}

Start:
1. Array0[1, N]
2. For ii=1: N
3. COR=CORRCAL(Feature(ii), Class)
4. Array0(ii)=COR
5. End
6. Sort array0 in descending order.
7. Sort feature in order of sorted array0 call list1.
8. Select top K features from Sorted List List1 call it 
SELFS
9. Reduced dataset= D (: SELFS)
10a. Extract features from (9).
10b. Classification Measures = ML classifiers 
(Reduced Dataset)
End.

Figure 4: The Algorithm for the proposed hybrid method

IV. EXPERIMENTAL RESULTS AND ANALYSIS 
In this section, we show the experimental results of our 

real-world prepaid smart meter data sets. All experiments 
are executed on an Intel Core i5 with a 3.40GHZ processing 
speed and 8GB main memory.

A. Datasets and parameters setting 
To evaluate the usefulness of the proposed algorithm, we 

carry out experiments on our real-world prepaid smart meter 
data sets. This dataset have 21 numbers of features, 2
classes and 39249 instances, and they are used as 
representative sample of feature selection problems that the 
proposed algorithms can settle. The dataset characteristics 
are summarized in Table I. 

TABLE I. THE DISTRIBUTION OF EXPERIMENTAL
DATASETS 

Dataset # Instances # Features # classes
Prepaid SMD 39249 21 2

The classification performances of our method are
evaluated by seven machine learning classifiers with 3-fold 
cross-validation on real-world data sets through the 
experiments. The results achieved in 10 independent runs 
are similar to each other in terms of the classification 
performances of the evolved feature subsets. Therefore, the 
best results from 10 independent runs are employed in this 
paper.

B. Experiment’s Procedures 
We focused on feature visualization and selection as a 

different from other kernels. Feature selection with 
correlation methods was used with 7 machine learning 
classifiers. Apart from these, principle component analysis 
was used to observe number of components. 

The approach we used to load data for machine learning 
in python was Pandas and the pandas.read_csv() function. 
This function is very flexible and it returns a pandas 
DataFrame that we can immediately start summarizing and 
plotting. 

Before making anything like feature selection, feature 
extraction and classification, we started with basic data 
analysis, by looking at features of data; dimensions of the 
data both in terms of rows and columns, data type for each 
attribute and descriptive statistics of the data that gave us 
great insight into the shape of each attribute. Normal, the 
describe() function on the Pandas DataFrame lists 8 
statistical properties of each attribute which are count,  
mean, standard deviation, minimum value , 25th percentile , 
50th percentile (Median), 75th percentile and maximum 
value. 

Data Preprocessing is a required step, but difficulty 
because different algorithms make different assumptions 
about data and may require different transforms. Further, 
when all of the rules are followed and prepare the data, 
sometimes algorithms can deliver better results without the 
preprocessing. Generally, creating many different views and 
transforms the data, then exercise a handful of algorithms on 
each view of dataset. This can help to flush out which data 
transforms might be better at exposing the structure of the 
problem in general. 

Rescale data is to normalize and attributes into the range 
between 0 and 1. To rescale data we used scikit-learn using 
the MinMaxScaler class. After rescaling we saw that all of 
the values are in the range between 0 and 1. 

Standardize Data; Standardization is a useful technique 
to transform attributes with a Gaussian distribution and 
differing means and standard deviations to a standard 
Gaussian distribution with a mean of 0 and a standard 
deviation of 1. We used scikit-learn with the StandardScaler 
class. The values for each attribute now have had a mean 
value of 0 and a standard deviation of 1. 

Normalize Data Normalizing in scikit-learn refers to 
rescaling each observation (row) to have a length of 1 
(called a unit norm in linear algebra). We used scikit-learn 
using the Normalizer class. The rows are normalized to 
length 1. 

Binarize Data (Make Binary) you can transform your 
data using a binary threshold. All values above the 
threshold are marked 1 and all equal to or below are marked 
as 0. We used scikit-learn with the Binarizer class. 

To visualize data, we used seaborn for diversity of plots. 
Univariate plots such as Histogram used to understand each 
attribute independently, and we used box and whisker plots 
or boxplots to review the distribution of each attribute.  

In order to compare two features deeper, we used joint 
plot. By looking at the joint plot, it is correlated where 
Pearson correlation values is 1 as highest. Therefore, 0.9 is 
looks enough to say that they are correlated. For three or 
more features comparison, we used pair grid plot or
multivariate plots such as heatmap plot method to observe 
all correlation between features. We calculated the 
correlation between each pair of attributes (correlation 
matrix). We then plotted the correlation matrix and got an 
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idea of which variables have a high correlation with each 
other. The matrix was symmetrical, i.e. the bottom left of 
the matrix is the same as the top right. This is useful as we 
saw two different views on the same data in one plot. We 
also saw that each variable is perfectly positively correlated 
with each other in the diagonal line from top left to bottom 
right. 

C. Results and Analysis
In this part we used our proposed hybrid model of 

correlation based filter feature selection and 7 different 
selected machine learning classifiers, to evaluate our model; 
we applied it on our smart meter dataset. 

Correlation between Attributes Correlation refers to the 
relationship between two variables and how they may or 
may not change together. For calculating correlation, we 
used Pearson’s Correlation Coefficient, which assumes a 
normal distribution of the attributes involved. A correlation 
of -1 or 1 shows a full negative or positive correlation 
respectively. Whereas a value of 0 shows no correlation at 
all. As such, it is a good idea to review all of the pair-wise 
correlations of the attributes in the dataset. We used the 
corr() function on the Pandas DataFrame to calculate a 
correlation matrix.  

The matrix lists all attributes across the top and down 
the side, to give correlation between all pairs of attributes 
(twice, because the matrix is symmetrical). The diagonal 
line through the matrix from the top left to bottom right 
corners of the matrix shows perfect correlation of each 
attribute with itself. Four things took our attention during 
this experiment; 1) There were some features that cannot be 
used for classification 2) LAST_AVAIL__002 feature is 
our class label 3) features includes NaN also are not needed. 
4) We did not have any idea about other feature names 
because machine learning is awesome. 

As it can be seen in below correlation matrix, there are 
not many correlated features.  

Figure 5: Correlation matrix for the correlated features.

From this figure 5, we see that there is correlation value 
0.9 but let’s see together what happens if we do not drop it. 
We choose our features but did we choose correctly? In the 
experiments, all the instances in dataset are randomly 
divided into two sets: 70% as the training set and 30% as 
the test set. By implementing our model, we used 7 
different classifiers to evaluate it and find the classification 
performances according to chosen features.

Figure 6: Classification performance Results

We compare the classification performances metrics 
against different machine learning classifiers on the number 
of features selected. The classification accuracies,
sensitivities, Specificities, precisions F measures and MCC 
are the average of seven different classifiers (RF, LR, DT, 
KNN, LDA, GNB and SVM) to reduce the bias of a specific 
classifier. The results are shown in Figures 6. The numbers 
of features selected K are 8, on X-axis represents the 
averages of classification performances for different 
parameters used. The Y-axis represents the seven different 
classifiers. Different figures represent different parameters 
classification measures for our proposed methods.

A good feature selection method can find out 
informative features accurately.  Here, the meaning of 
accuracy contains two aspects.  On one hand, the feature 
selection method should select the features that obtain the 
better classification performance.  On the other hand, it 
should select the number of features as small as possible.
 

Figure 7: Average classification Accuracies on the proposed model by all 
compared ML classifiers (The high the better). 
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Figure 8: Average classification sensitivities on the proposed model by all 
compared ML classifiers (The high the better). 

Figure 9: Average classification specificities on the proposed model by all 
compared ML classifiers (The high the better). 

Figure 10: Average classification precisions on the proposed model by all 
compared ML classifiers (The high the better). 

Figure 11: Average classification F-measures on the proposed model by all 
compared ML classifiers (The high the better). 

Figure 12: Average classification MCC on the proposed model by all 
compared ML classifiers (The high the better). 

 
In figure 6, according to the number of selected features 

K, we list the highest value of the average classification 
parameters attained by seven classifiers on our data set 
using the features selected by our proposed feature selection 
method. Figure 6 shows that the highest accuracies of the 
proposed method is 99% for RF classifier, the highest 
sensitivities are 99% for RF and DT classifiers, the highest 
specificities is 99.4% for RF, the highest precisions and F1 
scores are  99% for RF and DT and the highest MCC is 
56.1% for RF.

Our method achieves the highest classification accuracy,
sensitivity, specificity, precision, F1 scores and MCC for RF.
Additionally, we can discover that our method outperforms
in terms of the highest accuracies on seven classifiers.
Seven benchmark classifier; RF, LR, DT, kNN, LDA, G NB 
and SVM were applied in these experiments to evaluate the 
performance of selected features by using six performance 
measures accuracy, sensitivity, specificity, precision, F-
Measure and MCC.

In general, selected features by the proposed method got
the good classification performance for all classifier as 
shown from figure 7, 8, 9 until 11.

From Figure 7, Average classification Accuracies on the 
proposed model by all compared ML classifiers show that 
RF outperform with 99%, against DT with 98.9%, kNN 
with 93.4, SVM with 92.1%, LDA with 79.7%, LR with
67.6% and GNB with 63.7%. 

From Figure 8, Average classification sensitivities on the 
proposed model by all compared ML classifiers show that 
RF and DT outperform with 99%, against kNN with 93%, 
SVM with 92%, LDA with 80%, LR with 68% and GNB 
with 64%.

From Figure 9, Average classification specificities on the 
proposed model by all compared ML classifiers show that 
RF outperform with 99.4%, against DT with 47.4%, kNN 
with 40.5%, SVM with 36.6%, LDA with 41.1%, LR with 
0% and GNB with 42%.

From Figure 10, Average classification precisions on the 
proposed model by all compared ML classifiers show that 
RF and DT outperform with 99%, against kNN with 93%, 
SVM with 93%, LDA with 80%, LR with 46% and GNB 
with 76%.

From Figure 11, Average classification F-measures on 
the proposed model by all compared ML classifiers show 
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that RF and DT outperform with 99%, against kNN with 
93%, SVM with 92%, LDA with 80%, LR with 55% and 
GNB with 64%.

From Figure 12, Average classification MCC on the 
proposed model by all compared ML classifiers show that 
RF outperform with 56.1%, against DT with 46.2%, kNN 
with 42.4%, SVM with 41.7%, LDA with 34.7%, LR with 
0% and GNB with 28.2%. 

V. CONCLUSION AND FUTURE WORKS 
We proposed a hybrid model of correlation based filter

feature selection and machine learning classifiers. The aim 
of this study was to select relevant features and analyze the 
outperform machine learning algorithms in order to train our 
model, predict and compare their classification performance. 
In this study we ran the experiment on our smart meter 
dataset, using Correlation-based attribute Evaluation (CB) 
as a conventional technique to select the relevant features 
and to analyze the outperform machine learning algorithms 
commonly used by evaluating the performance of selected 
features using six performance measures accuracy, 
sensitivity, F-Measure, Specificity, Precision, and MCC. 
Since the purpose of feature selection method is not only to 
improve the classification accuracy but also to minimize the 
number of selected features. Additionally, we can discover 
that in the proposed method in terms of the associated 
number of selected features the RF outperforms with the 
highest classification performance on our data sets. In order 
to understand intuitively, we show the highest average 
classification performances of seven classifiers (RF, LR, DT, 
kNN, LDA, SVM, and NB) and the associated number of 
selected features are eight. Overall, our method outperforms 
better in all classifiers compared.

In the future work, we are planning to propose a fraud 
detection model and apply it to the extracted dataset, do 
feature engineering and compare the performances of the 
model. 
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