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Evaluation of Approximate Rank-Order Clustering 

using Matthews Correlation Coefficient 

Aman Dubey, Sandhya Tarar 

Abstract: In this postulation, we proposed a technical review of 

different strategies that are generally used to evaluate the 

accuracy of calculations, accuracy and F measure. We briefly 

discussed the points of interest and detriments of each approach. 

For grouping errands, we firstly made neighbors of each picture 

in dataset utilizing KD Tree and afterward bunching them 

utilizing Approximate Rank Order Clustering. Algorithm and 

watched and demonstrate a few outcomes relating accuracy, 

sensitivity, specificity, F-measure and after that used Matthews 

Correlation Coefficient (MCC). Since MCC is based on the four 

components formed in confusion matrix it is more accurate to get 

the overall understanding of any algorithm over some dataset. 

Index Terms: Face Recognition, Face Clustering, Deep 

Learning, Scalability, Cluster Validity.  

I. INTRODUCTION 

  A considerable data of faces can be assembled from 

various sources yet that data is futile without proper analysis 

to acquire valuable data-sets. Clustering is an errand of 

finding homogeneous pairs within the given set. Data 

clustering is a technique for gathering similar kind of objects 

based on their traits are put together. So that each element 

within the set that have same characteristics will be grouped 

as one whereas elements having unlike characteristics will 

be grouped separately. It is acknowledged as an 

unsupervised learning approach in which elements are 

grouped in obscure groups.    Information clustering is a 

standout amongst the most vital issues in information 

mining and machine learning. Bunching is an errand of 

finding homogeneous sets of the studied objects. As of late, 

numerous significant grouping calculations are creating. The 

most issue in grouping is the decision of information 

parameters, for example, the quantity of clusters, number of 

closest neighbors and different factors in these calculations 

make the grouping more test capable subject. In this way, 

any off base decision of these parameters yields awful 

bunching outcomes. Also, the utilization of lacking 

performance measurements, for example, accuracy, prompt 

poor speculation comes about on the grounds that the 

classifiers have a tendency to anticipate the biggest size 

class. One of the great ways to deal with manage this issue 

is to optimize execution measurements that are intended to 

deal with information unevenness. Now-a-days Matthews 

Correlation Coefficient (MCC) is broadly utilized as an 

execution metric.    
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An illustration example of image analysis before clustering 

shown in Fig 1 whereas Fig 2 shows clustering. 

 

Figure 1: How Unlabeled Faces Dataset Looks Like 

 
Figure 2: Clustered Faces 

Many clustering techniques are being devised but not a 

single can be perfect for all situations and each evaluation 

metric predict different results. As the size of dataset 

changes the results show drastic increase or decrease.  The 

best way for that is to use confusion matrix.  So, we wanted 

to introduced an evaluation metric that uses all the measures 

of the confusion matrix i.e. true positive, true negative, false 

positive, false negative. 

II. PROCEDURE FOR PAPER SUBMISSION 

Otto et al, [1] has taken a huge batch of unlabeled face 

image, they refer the subject of putting faces into an obscure 

no. of groups. This issue is of enthusiasm for online life, law 

implementation, and different applications, where the no. of 

appearances can be of the demand of a few million, while 

the no. of characters (groups) can stretch out from two or 

three thousand to millions.  
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To deal with the difficulties of process-time adaptable 

nature and character group quality, they exhibit a surmised 

Rank-Order clustering algorithms that performs superior to 

mainstream ones. Clustering comes about are examined as 

far as outside (which is face marks) and inside (obscure face 

names) aspect ratios, and run-time. They produced a F1-

measure of 0.87 configuring the LFW benchmarks (thirteen 

thousand appearances of 5,749 people) measure is produced 

to rank individual bunches for manual investigation of 

astounding groups that are minimized and secluded.. C. Zhu 

et al,  [2] present the calculations for tagging a picture 

dataset. This is new uniqueness, called R.O.D., that can be 

found between 2 faces knowing their closest neighbors data 

in the dataset. R.O.D. depends on the way that countenances 

of a similar individual more often than not share their best 

neighbors. In this way, for each face, they create a top 

neighbor list. Then, the R.O.D. of two appearances is 

computed utilizing their positioning requests. Subsequently, 

another bunching calculation is created to aggregate all 

appearances into few groups for compelling labeling. Xiang 

Wu et al,  [3] presented a light CNN system for getting the 

hang of inserting on the dataset with loud labels. They 

initially clarify the idea of max out actuation into each level 

of CNN, which brings about a Max-Feature-Map. MFM 

stifles a neuron by an aggressive relationship. MFM can tell 

boisterous and instructive signs apart, help in highlight 

choice. They likewise made a system of five convolution 

layers and 4(NIN) layers for lessening the no. of measures 

and enhance execution. Finally, a bootstrapping technique is 

in like manner intended to influence the forecast of the 

models to be better predictable with loud names. They 

tentatively demonstrated that the light CNN structure can 

use the huge scale loud information to take in a light model 

as far as both computational cost and storage room. The 

learned single model with a 256-D portrayal accomplishes 

best in class comes about on five face benchmarks without 

calibrating. B. W. Matthews et al in [4] first time introduces 

a correlation coefficient and expectations of the auxiliary 

structure ofT4 phage lysozyme, made by a number of 

examiners based on the amino corrosive succession, are 

contrasted and the structure of the protein decided 

tentatively by X-beam crystallography. For eleven diverse 

helix expectations, the coefficients giving the relationship 

between forecast and perception go from 0.14 to 0.42. The 

exactness of the forecasts or both fl-sheet locales and for 

turns are for the most part lower than for the helices, and in 

various occurrences the understanding amongst expectation 

and perception is no better than would be normal for an 

arbitrary choice of deposits. David M W Powers et al, [5] 

tells that normally utilized performance checking assets like  

Precision,Rand Accuracy, Recall and F1-score are one-sided 

and can only be utilized alongside definite comprehension 

of the inclinations, also relating distinguishing proof for shot 

or fundamental suits for levels of the measurement. Utilizing 

such methods a framework which gives more terrible in the 

target feeling of Informedness, will give good results using 

normally utilized evaluations. They examined a few ideas 

and give results which mirrors likelihood whose forecast is 

educated against shot. Informedness & present markedness 

as a double evaluation criteria for the likelihood whose 

forecast is checked against shot. At long last they exhibit 

rich associations among the ideas of  Correlation, 

Markedness, Informedness and Significance and also their 

natural associations with Recall and Precision. S. B. 

Boughorbel et al in [6] tells that improper information is 

oftentimes experienced in biomedical uses. Re-examining 

procedures can be utilized as a part of paired order to handle 

this issue. One of the great ways to deal with manage this 

issue is to enhance execution measurements that are 

intended to deal with information irregularity. Matthews 

Correlation Coefficient (MCC) is generally utilized as a part 

of Bioinformatics as an execution metric. They are occupied 

with building up another classifier in view of the MCC 

metric to deal with imbalanced information.  D. Chicco et al 

in [7] first tells that machine learning has turned into a 

critical instrument for some tasks in computational science, 

bioinformatics, and wellbeing informatics. All things 

considered, novices and biomedical specialists frequently 

don't have enough understanding to run an information 

mining venture viably, and in this way can take after 

erroneous practices, that may prompt basic mix-ups or over-

idealistic outcomes. With this survey, they display ten fast 

tips to exploit machine learning in any computational 

science setting, by dodging some basic blunders that they 

watched in numerous bioinformatics ventures. They said 

that their ten recommendations can firmly help any machine 

learning expert to bear on a fruitful undertaking in 

computational science and related sciences. 

III. FACE CLUSTERING AND EVALUATION 

The whole task can be divided into different subsections of 

implementations which are: 

● Extracting deep feature highlights for each face in 

the dataset 

● Calculate an arrangement for acquaintances using 

K-NN for every picture in the dataset  

● Calculate pairwise separation among every face 

and its pinnacle k-NN using Approximate R.O.C. 

and transitively combine all sets of appearances 

with separations beneath a threshold 

● Finally, measuring of Approximate R.O.C. on F1-

score and proposed Matthew Corelation 

Coefficient 

 
Figure 3: Flowchart of Research Methodology 
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Unconstrained face dataset utilized as a part of this 

postulation is Labeled Faces in the Wild or LFW. It is used 

as a collection of the unconstrained face acknowledgment. 

The informational index contains in overall of 13,000 

pictures of appearances gathered using the net. Sets has been 

constructed and labeled with the true identity of people 

selected. More than 1600 of the community envisioned have 

at least 2 particular pictures in the dataset. The LFW dataset 

is very diverse as it contains faces from all over the world of 

various famous personalities sometimes even at different 

ages. Some faces are captured from different angles for the 

same person and some faces are even tilted. These 

diversities make LFW standard set to work with. 

 

Figure 4: Bar Graph Representation of Number of 

Images Present for a Face for How Many Persons 

There are presently four unique arrangements of LFW 

pictures having 3 distinct kinds of ” aligned” pictures. The 

aligned pictures incorporate “funneled images” (ICCV 

2007), LFW-A, which utilizes unorganized way for 

arrangement, and ”profound piped” pictures (NIPS 2012). 

 Among these, LFW-an and the profound deep funneled 

deliver prevalent outcomes for most face check algorithms 

over the first pictures and over the funneled pictures (ICCV 

2007). Fig 4  shows number of images present for a face to 

how many times same number of images are present for 

various faces in LFW dataset. 

A. Extracting Deep Feature 

The first task at hand is to extract features from our LFW 

dataset. Because we're clustering faces stuck with candour 

settings, we use a profound CNN for our face portrayal 

following the accomplishment of such techniques. 

Numerous profound approaches are effectively connected 

via LFW benchmark; be that as it may, most use private 

preparing sets. For our situation, we use the design 

delineated in [3]. 

   In regards with CNN, MFM (Max-Feature-Map) task 

plays a comparable part to nearby component choice in 

biometrics. MFM chooses the precise element at each region 

found out by several filters. It brings approximately two 

values zero and 1 to energize or supress one neuron amid 

lower back proliferation. These two values perform 

comparisions and also used in categorization which is 

widely utilized as part of biometrics. 

  It also can get a minimized portrayal about if the 

inclinations of MFM layers are inadequate. Because of the 

inadequate inclination of MFM, from one perspective, while 

again doing proliferation in preparing stage, stochastic 

gradient descent (SGD) can just make impacts on the 

reaction factors; then again, while separating highlights for 

testing, MFM can get many ambitious nodes out of past 

convolution layers by enacting most extreme of 2 feature 

maps. These perceptions exhibit the significant virtues of 

MFM, i.e., MFM can act as highlight determination 

furthermore, encourage to produce sparse connections 

  From this step we will obtain a vector file that store 

extracted feature measures using light CNN. On LFW 

dataset, 256 features are extracted and labeled with its actual 

image number. These 256 features are further used as input 

in KD tree for classifications. 

 

Figure 5: Shows Vector file that Stores Extracted 

Features of Images in LFW Dataset. 

B. Finding Approximate Nearest Neighbors 

    This section is concerned about the issue of Approximate 

KNN based spatial grouping. The idea depends on clustering 

spatial focuses that are the closest and have similar 

properties into one cluster. With a specific end goal to find 

the nearest neighbors, a straightforward brute force can be 

utilized. Be that as it may, with a specific end goal to deal 

with huge volumes of spatial information organizing in high 

dimensions for which brute force will be too moderate. In 

this way, the need emerges for the randomized k-d tree is 

picked as the information structure to file spatial points. For 

the effectiveness of the K-d tree, it is applied on different 

data size, various dimensions, and numerous k values. 

    The k-d tree is traversed in search of an approximate NN. 

It yields the k neighbor lists, and the squared distances of 

the point from list of its neighbor first argument. The 

technique utilised in resolving the k-d tree is surmised 

adjustment of what is represented in [22] 

    The randomized KD tree algorithm, is a roughly modified 

version of KD tree that constructs various randomized KD 

trees that are produced simultaneously. This algorithm 

works in a comparable way to the simple KD tree, but is 

distinct as when the simple KD-tree algorithm parts 

information based on measurement of the most deviation, 

this algorithm splits dimension is picked arbitrarily from the 

best ND dimensions with the most deviation. 

https://www.openaccess.nl/en/open-publications
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Figure 6: Shows a Randomized KD-trees with Two 

Query Points. 

   The motivation behind any KD tree dependably is that to 

disintegrate space into numerous modest number of parts 

utilizing paired trees to such an extent that no part contains 

an excessive number of info objects. This is why it presents 

a quick way to get entry to any object through function. We 

pass down the tree hierarchically till the cell containing the 

specified object isn't always found. To find one NN in a kd 

tree with inconstantly dispersed focuses takes O(log n) time 

and large. Therefore, for k-NN complexity becomes O 

(k.logn).      

   If we have to find a closest point then we can see that for 

first query point the closest one is not in the same 

compartment but in the compartment below to it. 

 

Figure 7: Illustrating Nearest Neighbor and Their 

Separation Matrices. 

C. Approximate Rank-Order Clustering Distance 

  Rank Order Clustering or ROC is almost a type of 

hierarchical clustering which is making use of a NN 

separation measures. The general path of R.O.C. is to 

provoke each individual as distinct sets, measure the 

distances among any single clusters, merge the ones separate 

clusters having distances that are underneath threshold, then 

regularly take nest cluster and find its distance to some other 

cluster, then carry out fusion to brand new separations. For 

this clustering algorithm, the space between clusters is taken 

into consideration as the least distance which is occuring 

inbetween 2 sets forming same cluster. The early distance 

metric initiated for R.O.C. can be written as 

                                 (1) 

   where fp(i) is the i-th object in the adjoined list of p, and 

Oq(fp(i)) gives the position of object fp(i) in face q’s 

neighbor list. This characterize a symmetric distance among 

faces, p and q, as: 

                      (2) 

  The R.O.D. gives minimum values in the event that both 

points are near each-other (p's positions high in q's neighbor 

rundown, and face q's positions high in p's neighbor list), 

and having adjoined faces in same aspect (high positioning 

neighbors of confront q additionally rank very in confront 

p's neighbor list). After calculating the distance, grouping is 

done by introducing each picture with same particular 

group, at that point figuring the symmetric distance between 

each group, and combining if value is beneath the threshold. 

At that point, NN records for any recently combined groups 

are merged, and distance between the remaining bunches are 

figured again and again, until no further groups can be 

blended. For this situation, as opposed to indicating the 

coveted no. of bunches C, a separation limit is determined; it 

is the a distance threshold that decides the particular 

characteristic groups for the specific dataset used, and 

threshold limit esteems are experimentally decided. So, 

Algorithm for Rank Order Distance based clustering: 

Input: N faces, R.O.D. threshold t 

Output: A paired set S 

Steps: 

1. Initiate cluster S={S1,S2,S3,...,SN}  by assuming 

every element as a set itself. 

2. Redo 

3. For every pairs Sp and Sq in S do 

4. Compute distance DR(Sp,Sq) and DN(Sp,Sq) by using 

respectively  

                      (3) 

                                        (4) 

5. If DR(Sp,Sq) < t and DN(Sp,Sq) < 1 then 

6. Denote Sp,Sq as a contenders that can join. 

7. End if 

8. End 

9. Do progression pool on all the applicant blending 

sets. 

10. Amend S and ultimate separation between clusters 

11. Until no pool is happen 

12. Retrieve S  
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Figure 8: Illustrating Parameters of Randomized KD 

Tree in Flann Library. 

    The R.O.C. technique posses an undeniable issue of 

processing NN records for each face in the set, making its 

complexity of O(n2) if processed straightforwardly. Albeit 

different algorithms exist for processing NN, they are 

regularly just ready to process a short rundown of the best 

knn proficiently, as opposed to comprehensively positioning 

the set. We utilize the FLANN library usage of the 

randomized k-d tree calculation to process a short rundown 

of closest alibi.  

   Using estimation techniques for quickly calculating NN at 

that point requires some adjustment of the first R.O.C. 

calculation. Specifically, instead of choosing all 

acquaintances within the aggregated condition, we total only 

some of prior k elements (under the presumption that group 

development depends on nearby acquaintances)., We get 

(5) 

   where Iq(z,k) can be termed as a representative work 

having value zero if confront z is in q's upper k-NN, and 1 

generally. In hone, this alteration prompts good clustering 

precision contrasted with aggregating the rank specifically. 

Adequately, this separation work infers that the nearness or 

nonattendance of same neighbors present in head of the NN 

list is imperative, while the numerical estimations of the 

rank themselves are most certainly not. 

Thus, Approximate Rank Order distance formula is: 

                       (6) 

In the figure below, calculating approximate rank order 

distance we get dm(p,q) = 3, dm(q,p) = 3, Op(q) = 6 and Oq(p) 

= 5    

Therefore, 

dm(p,q) = (3+3) / min(5,6) 

 

Figure 9: Illustrating Two Faces with Their Respective 

Nearest Neighbors. 

D. Evaluation of Clustering and Proposed Work 

In assessing clustering execution, since [1] utilize a pre-

characterized meaning of accurate grouping of faces, and 

assessing precision as far as all bunches can be compared 

with acknowledged likeness to their characters. Outside this 

the way to judge for assessing grouping predication depend 

on identity labels, they have utilized pairwise precision and 

same with recall as these can be used to figure effectively. 

  Precision is described as no. of sets of items inside th 

group which belong to the similar individuals, upon the 

summation of no. of exact cluster sets inside dataset. 

  Recall is termed as the pairs of objects within a class that 

are found in same group, upon the summation of all identity 

combinations in the dataset. 

  Computing both values helps as, any algorithm that puts 

every object trearting it as a single element group provides 

better precision and low recall, whereas any algorithm that 

puts every object in a single group provide better recall and 

low precision. 

  F1 score predict accuracy of a test. It is formulated as 

harmonised average between recall & precision. For most 

favourable case it give 1 whereas for most unfavourable 

case it gives 0. It can be summarized as:   

  (7) 

We get F1 score of 0.87 on LFW dataset. 

   However, regardless of whether F1 score and precision are 

generally utilized in measurements, their values may be 

misdirecting, as they don't completely deals with the extent 

of all the 4 categories of the conf. mtrx. when they give end 

results. 

   Facing these difficulties we can use a new evaluation 

measure called Matthews Correlation Coefficient (Mcc). 

The MCC metric was formed by B.W. Matthews to survey 

performance of a macromolecule auxiliary 

architecture forecasting[9]. At that point, it turns into a 

generally utilized forecasting method in biomedical studies. 

MCC and region within ROC are opted for selective 

measuring system by the US FDA-drove interest MAQC-II 

which intends on reaping an settlement on the typical 

strategies for enhancement and consent of farsighted 

architectures to be used for the purpose of alternating ratios 

in the medicines.     The Matthews Correlation Coefficient is 

measured utilizing the confusion matrix so lets discuss the 

confusion matrix first.     A confusion matrix is a strategy 

for summarizing the execution of a classification algorithm. 

The number of right and inconsistent expectations are 

condensed with count values and separated by each class. 

This is the way to the confusion matrix. The confusion 

matrix demonstrates the manners by which the classification 

model is disoriented when it makes expectations. 

Classification accuracy alone can be misdirecting on the off 

chance that you have an unequal number of observations in 

each class or on the off chance that you have in excess of 

two classes in your dataset. It is this breakdown that 

overcomes the restriction of utilizing classification accuracy 

alone. 
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   Computing a confusion matrix can give you a superior 

thought of what your arrangement show is getting right and 

what sorts of mistakes it is making. 

    The following is the procedure for figuring a confusion 

matrix: 

1. it requires a test dataset or an approval dataset with 

expected result values. 

2. Make an expectation for each line in the test 

dataset. 

3. From the normal results and forecasts check:  

a. The number of right forecasts for each 

class.    

b. The number of wrong expectations for 

each class, composed by the class that was 

anticipated. 

4. The checks of correct and inaccurate classification 

are then filled into the table.   

5. The aggregate number of right expectations for a 

class go into the  given row for that class value and 

the anticipated column for that class value. 

Whereas, the aggregate number of off-base 

expectations for a class go into the given row for 

that class value and the anticipated column for that 

class value.      

Matthews Correlation Coefficient considers true and false 

positives and negatives and is commonly viewed as a 

balanced measure which can be utilized regardless of 

whether the classes are of altogether different sizes. The 

MCC is fundamentally a correlation coefficient between the 

observed and anticipated binary classifications; it produces a 

state amongst −1 and +1. A coefficient of +1 speaks to an 

impeccable forecast, 0 no superior to anything arbitrary 

expectation and −1 signify absolute contradiction amongst 

expectation and observation. 

Table 1: Four Classes of Confusion Matrix. 

 True Positive (T+): Perception is certain, however is 

anticipated valid. 

False Negative (F-): Perception is certain, yet is anticipated 

false. 

True Negative (T-): Perception is negative, yet is anticipated 

valid. 

False Positive (F+): Perception is negative, yet is anticipated 

valid.     

Matthews Correlation Coefficient can likewise be 

composed as: 

               (8) 

   Since the count of the MCC metric uses the four amounts: 

T+, T-, F+ and F-, it gives MCC a superior synopsis of the 

execution of classification algorithm.   

   Mcc takes esteems in the interim [−1, 1], with 1 

demonstrating a total understanding, −1 an entire 

contradiction, and zero demonstrating that the expectation is 

unrelated with the information submited using observation. 

On the off chance that any of the four sums in the 

denominator is zero, the denominator can be self-assertively 

set to one; this outcome in a Matthews relationship 

coefficient of zero, which can be appeared to be the correct 

limiting value. 

Using information in [11], and keeping in mind the 

need to exhibit the usefulness of MCC for imbalanced 

information, let us produced 10000 arbitrary class marks {0 

or 1} with the end goal that the extent of class 1 is 

equivalent to predefined value of class proportion< 0.5. Let 

us use three test cases: 

● T1: a test case which produces layered irregular 

expectation regarding preparation of paired groups 

● T2: a test case which dependably yields 0, i.e., the 

group with biggest size estimate, 

● T3 a test case which creates arbitrary predictions 

consistently.   

When we analyze the accompanying measurements, MCC, 

AUC, Accuracy and F1. We use these 3 test cases producing 

result without taking a gander at the data conveyed by any 

feature vector. 

These tests concluded that the accuracy and F1 

measurements gave an inconsistent performance for cases 

T1 and T2 for the distinctive values of class proportion. The 

metric F1 likewise demonstrated to some degree 

inconsistency in execution for case T3. Then again the two 

measurements AUC and MCC have demonstrated consistent 

execution for the diverse test cases. Along these lines AUC 

and MCC are powerful to uneven information. Having no 

formal way to figure out details using AUC is its largest 

drawback. Thus, MCC has a nearby frame and it is 

exceptionally appropriate to compute the values for 

unbalanced information. 

Also, in [12] Chicco took a very imbalanced set made of 

100 objects, 95 of whom were correctly marked ,and 5 of 

them are wrongly marked and there is some miscalculation 

in training classifier. Consider that developer is not able to 

identify this issue. Using following information obtained 

conf. mtrx. values are: 

T+ =95, T- =1, F+ =5 and F- =4 

Now efficiencies of various measures are F1-score = 

97.44% and accuracy=95% .These gives false hope about  

efficiency of the machine learning algorithm. 

 Despite what might be expected, we cannot 

calculate MCC because T- and F- will be zero. Computing 

MCC in place of exactness and F1 score, it is confirm that 

both of them will provide wrong paths, and there is need to 

re-examine algorithm before proceeding. 

Also, Chicco in another example took following information 

out of conf. mtrx. values: 
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t+ =90, T- =1, F+ =5 and F- =4 

Here the classifier successfully classified correct 

objects, but had issue while identifying inconsistent objects. 

Once more, execution values will be: accuracy = 91%, and 

F1 measure = 95.24%. Using case utilized before it, if a 

scientist investigate his calculation, without thinking about 

the Mcc, they had the deception of being effective. 

Then again, checking the Matthews relationship 

coefficient would be urgent by and by. Using MCC for this 

illustration, the estimation would be 0.14 (Equation 8), 

informing us about performance of the calculation which is 

same as arbitraly placing values. Going about as a caution, 

the MCC has the capacity to educate a data extraction expert 

that the algorithm in question is inadequate. 

Therefore, this thesis focused to apply Matthews 

Correlation Coefficient (MCC) to evaluate each test 

execution, instead of the precision and the F1 score, for any 

paired order issue. 

IV. CONCLUSION 

The Approximate Rank Order Clustering algorithm is 

executed and benchmarked for clustering of dataset. The 

outcomes of two evaluation measures F1 score and 

Matthews Correlation Coefficient were contrasted and 

compared below.  

 

Figure 10: Result of Confusion Matrix Are Displayed 

and Deferent Evaluations are Done using These Results. 

 

Figure 11: F1 Score Graph 

 

Figure 12: MCC Graph 

Fig 10 presents all four elements of confusion matrix with 

all the evaluation results produced upon ROC algorithm. 

The total number of pairs are divided into four sets of 

confusion matrix and then three evaluation techniques are 

performed accuracy, F1 score and MCC. Upon checking 

accuracy and F1 score which predict between range 0 to 1, 

we find that ROC is very efficient as their values 0.81 and 

0.87 respectively are very high, but when measuring MCC 

ROC is giving poor results that contradicts both accuracy 

and F1 score and even MCC score lies in range of -1 to 1, 

the score of 0.156 is not very appreciable . 

   Now, for better understanding fig 11 and fig 12 shows F1 

score and MCC values on total number of pairs respectively. 

We can see that in fig 10 for F1 score till 15000 pairs its 

value is nearly .1 itself and increases drastically which is 

inappropriate as it leads to false assumption as overall 

F1score is not nearly same but in fig 11 for MCC it gets 

approximately constant that presents stability in the score 

that in turn shows that MCC is more effective in evaluating 

algorithms than any of the previously used evaluation 

techniques. 

  Thus, this analyses demonstrate that the MCC is 

competitive and comparable in quality. In this way, MCC 

could incorporate with other measures to give more precise 

evaluations. Also, graphical data concludes that F1 score 

was fluctuating a lot whereas MCC had stable results as 

gradient was not as dynamic as F1 score’s. 
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