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ABSTRACT 

The aim of this study is to develop a system to recognize most important risk factors which can help to predict 

outcomes such as mortality or morbidity before performing the specific surgery by the integration a standard 

assessment checklist based on theoretical considerations and methodological aspects to evaluate the study quality of 

each publication, fuzzy analytic hierarchy process (FAHP) to order the risk factors, and fuzzy c-means clustering in 

order to classification. A fundamental idea of this study for applying FAHP was to consider scoring systems as 

experts to decision making and use of triangular fuzzy number (TFNs) to represent pairwise comparison of odd 

ratios in order to capture the vagueness. To illustrate the system implementation, the information of scoring systems 

developed to predict early mortality after CABG (Coronary artery bypass graft) is considered as input and the 

reasonable results are concluded. This implementation demonstrates the effectiveness and feasibility of the proposed 

system. 
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1.    INTRODUCTION 

Risk assessment is increasingly seen as standard practice to monitor and evaluate surgical performance with 

allowing the physician to define the possibility of adverse outcomes in individuals in a variety of situations by 

developing risk prediction models for post-operative adverse outcomes. So, Preoperative risk assessment can be an 

effective method of quality assurance. During the last decades, several risk scoring systems have been developed to 

predict complications of patient after surgery to aid the surgeon for choosing effective, safe and reliable methods of 

treatment [1]; [2]. Although several scoring model were developed to predict the outcome after procedures or 

interventions, no consistent set of significant risk factors have been attained among them. The aim of this study is to 

develop a system by the integration of fuzzy concept and analytical hierarchy process method in order to recognize 

most important risk factors which can help to predict mortality or morbidity before performing the specific surgery 

as well as fuzzy clustering to classify them. In this paper the system is implemented for classifying early mortality 

risk factors after CABG.  

CABG is the most common type of open-heart surgery in the world. It accounts for a significant portion of the total 

health care expenditure and more resources expended in cardiovascular medicine than any other single procedure [3] 

;[4]. Therefore most of the methods developed to stratify cardiac risk were focused on this kind of surgery.  

In spite of importance of consistency between significant risk factors, few published studies have been presented to 

define it for early mortality risk factors after CABG. For example, Jones and associates has categorized 44 clinical 

variables into 3 level to reflect their relative importance in determining short-term mortality after CABG according 

to result of two consensus panel meeting [5]. Also, Tu and associates [6] and Hannan and associates [7]compare the 

importance of the predictors using logistic regression analysis. The result of published studies is based on 

comprehensive database and they are data-centric. However, present study has been concluded base on the extracted 

information of scoring systems and the results of them are considered as an input of our system. 

2.    MATERIALS & METHODS 

We developed a system in which extracted information from different scoring system is considered as an input and 

classification of risk factors as an output. The process unit of this system consists of “Quality Appraisal” module to 

evaluate the study quality of each publication, “Fuzzy AHP Analysis” module to order the risk factors and “Fuzzy 

C-means clustering” module in order to classify risk factors. The elements of the system are summarized in the 

following subsections. Early mortality as an outcome and CABG surgery as a procedure is considered to describe 

the concepts in detail. Figure 1 shows the system architecture. Entity relationship diagram (ER Diagram) of system 

is presented in Appendix 1. 
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Figure1. The system architecture  

2.1. INPUT 

A literature search from 1980 to January 2013 is performed using the MEDLINE and Science Direct database 

because of comprehensive nature of these databases. Language restriction was enforced and non–English-language 

articles were not translated. For screening the articles some inclusion and exclusion criteria is considered. For this 

research, it was required that studies reported on risk models to be used for estimating the risk of early mortality for 

CABG surgery, either with or without concomitant procedure. Moreover, prevalence of patients undergoing isolated 

CABG had to be reported more than 60 percent. In addition to, we included models exclusively focused on adults 

and had been presented the association (Odd Ratios with corresponding 95% Confidence Interval (CI)) of predictor 

factors with the outcome. 

Then data of the prognostic studies is extracted including information about scoring systems (study population 

number and related characteristics, start and end time of data collection, Year of publication), outcome measures, the 

type of procedure, information for quality appraisal, measure of C-index and multivariate association calculated 

between predictor factors and outcome in terms of Odds Ratios with 95% CI. 

2.2. PROCESS 

Firstly, the study quality of the publications which have presented a new scoring model was evaluated using 

standard assessment checklist. Mentioned checklist developed base on theoretical considerations and 

methodological aspects, comprises 5 categories, study population, treatment, outcome, prognostic factors and data 

presentation, and also includes items on validity, precision of method and clinical aspect of study design. Quality 

appraisal is providing valid assessment of primary studies which is essential process of systematic reviews and 

meta-analysis in medical research. Authors should include these quality assessments into their synthesis of evidence 

about prognosis. Therefore, we will benefit of applying this idea to assess the influence degree of scoring models in 

decision making incorporated in fuzzy AHP modules in our system. The checklist and some additional explanation 

are provided at [8]. 

Secondly, AHP and clustering methods are used in fuzzy environment to prioritize and order the risk factors. The 

Analytic Hierarchy Process, via providing a plausible framework, is a popular decision making technique that has 

proven to be applicable for complex decisions; when there are many factors for prioritizing among multiple criteria. 

This methodology has been used in various settings to make decisions [9]. Moreover, AHP has seen widespread 

applications across numerous fields in health care and medical decision making [10]. Nowhere in the field of 

biosciences is the need for tools to deal with uncertainty more critical than in medicine and epidemiology [11]. The 

descriptions of the uncertainties in the risk analysis confirm the suitability of the fuzzy methodologies. There are 

different applications, where the statistical methods and fuzzy technologies are combined or compared to achieve 

better results [12]. The use of newer approaches, such as fuzzy logic seems to better address the challenge of 

increasing complexity predisposing factors linked to the occurrence of mortality events data after open heart 

surgery. The use of fuzzy sets to describe the risk factors and fuzzy-based decision techniques to help incorporate 

inherent imprecision, uncertainties and subjectivity of available data, as well as to propagate these attributes 
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throughout the model, yield more realistic results [9]. So, to deal with vagueness, fuzzy version of AHP should be 

used in spite of its complexity. In fuzzy AHP, triangular fuzzy numbers are used to represent pairwise comparison of 

odd ratios and overcome ambiguities involved in the statistical data. A triangular fuzzy number (TFN) is the special 

class of fuzzy number whose membership is defined by three real numbers, expressed as (l; m; u). A fundamental 

idea of applying FAHP is to consider scoring systems as experts to decision making and use of triangular fuzzy 

number (TFNs) to represent pairwise comparison of odd ratios in order to capture the vagueness. In other word, we 

employ calculated odd ratios in scoring systems as importance degree of risk factors.  

As mentioned earlier, in order to attain the priorities of risk factors a fuzzy AHP method is considered to account the 

uncertainty and vagueness involved in fuzzy decision- making environment. In this work, Chang’s extent analysis 

method [13] is utilized. Taking into consideration the purpose and method of this study, criteria and factors were 

identified. The risk scoring models were the criteria in this decision model while the significant risk factors of 

mortality after CABG were the alternatives. Each scoring system provides a different odd ratio for included risk 

factors according to the determined population. On the other hand, performance measures of these scoring systems 

describe their precision. TFNs are used to represent pairwise comparison of odd ratios in order to capture the 

vagueness. 

The steps of Chang’s extent analysis, [13], can be detailed as follows: Assuming p risk factors and q scoring models, 

the pairwise comparison of factor i with factor j yields a square matrix A (p*p) as follow: 

 (1) 

It denotes the comparative importance of risk factor i with respect to risk factor j for model and calculated as 

follow: Consider two TFNs,  and  where,  and , So 

      (2) 

The value of fuzzy synthetic extent with respect to  risk factor is defined as: 

  (3) 

Where, 

 (4) 

And,  

[  ] = [    (5) 

The degree of possibility   is defined as: 

   (6) 

Since  and  are convex fuzzy numbers, these can equivalently be expressed as follows: 

   (7) 

Where d is the ordinate of the highest intersection point D between , and (see figure 2). 

When , the ordinate of D is given by Eq. (8). 

  (8) 

To compare , we need both the values of   
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Figure 2.The intersection between . 

This step is calculated for each scoring model . The degree possibility for a convex fuzzy number to be 

greater than k convex fuzzy numbers can be defined by: 

 

     (9) 

Assume that, 

  (10) 

So, the weight vector of risk factors in h
th

 scoring model matrix is given by: 

    (11) 

Via normalization, we get the normalized weight vector, denoted by: 

    (12) 

Where,  is a non-fuzzy number. 

Finally, we compute the overall composite weight of each risk factor based on the weight of each scoring models. 

The overall weight , , is just normalization of linear combination between the weights derived,  and the 

normalized weight of scoring model  developed based on appraisal results in the third step of model.  

    (13) 

Finally, the results analysed by FAHP method, , classified into 3 levels (core, level 1and level 2) by using Fuzzy 

C-means clustering method. This algorithm focuses on minimizing the function which is calculated weighted within-

group sum of squared errors, , Subject to several constraints as follow: 

      (14) 

s.t:           (15) 
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       (16) 

where:      (17) 

         (18) 

 
The complete Fuzzy C-means algorithm is presented in Figure3. 

 

2.3. OUTPUT 

Classified risk factors according to the determined outcome (mortality or any kind of morbidity) and procedure are 

considered as the output in the system. In this work, for describing the system implementation; we presented early 

mortality as an outcome and CABG surgery as a procedure. The workflow of proposed system depicts in Figure3. 

 

3.    RESULTS 

The result of identification and screening as well as data preparation steps of the work is described in above section 

(material & method). The results of the quality assessment are presented in Table1. 

Table 1- The results of the quality assessment 

Risk Scoring Models Weight 

AusSCORE [14] 92.3% 

Amphiascore [15] 76.9% 

Carosella et al  [16] 76.9% 

JACVSD Model [17] 84.6% 

NYS II  [18] 84.6% 

NYS III  [19] 92.3% 

Pitkanen et al [20] 76.9% 

QMMI Model [21] 76.9% 

Toronto II [22] 69.2% 

THIScore [23] 

Zheng et al [24] 

84.6% 

69.2% 

 

To determine the mortality risk factors weights, Chang’s extent analysis methods is used. Pair-wise comparisons are 

performed using odd ratio’s confidence interval of risk factors as triangular fuzzy numbers (TFNs). In this study, 11 

risk scoring model as criteria and 45 risk factors as alternatives are considered to construct the fuzzy decision matrix 

matrix [14-24]. The result of the algorithm for one scoring model, AusSCORE, and one risk factor, Sever Left 

ventricular Ejection Fraction (Sever LVEF), is summarized in Table 2 to 7. 
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Figure 2- The system workflow  
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Table 2- Pairwise Matrix for i=1(Sever LVEF) and h=1 (AusSCORE) are calculated by using Equation 2. 

Risk Factor i Risk Factor j Lower Middle Upper 

LVEF -sever Urgent surgery 0.433566434 1.05 4.985075 

LVEF -sever Emergent salvage 0.198294243 0.607229 3.650273 

LVEF -sever Reoperation 0.37804878 1.100437 6.242991 

LVEF -sever Peripheral Vascular Disease 0.525423729 1.194313 5.301587 

LVEF -sever LVEF-moderate 0.488188976 1.155963 5.344 

LVEF -sever LVEF -sever 0.278443114 1 3.591398 

LVEF -sever Age 60-65 0.369781312 1.194313 7.505618 

LVEF -sever Age 65-70 0.369781312 1.194313 7.505618 

LVEF -sever Age 70-75 0.235145386 0.707865 4.175 

LVEF -sever Age 75-80 0.235145386 0.707865 4.175 

LVEF -sever Age 80-85 0.124165554 0.446018 3.13615 

LVEF -sever Age>85 0.124165554 0.446018 3.13615 

LVEF -sever NYHA
*
 class III 0.486910995 1.205742 5.808696 

LVEF -sever NYHA class IV 0.305921053 0.807692 3.690608 

*NYHA: New York Heart Association Functional Classification 

Table 3- The value of fuzzy synthetic extent for i=1to14 and h=1 (AusSCORE) are calculated by using Equation 3, 4, and 5. 

Risk Factor Middle Lower Upper 

Urgent surgery 0.055172414 0.003264035 0.860432381 

Emergent salvage 0.095402299 0.004457599 1.881318353 

Reoperation 0.052643678 0.002606356 0.986789584 

Peripheral Vascular Disease 0.048505747 0.003069167 0.71000714 

LVEF-moderate 0.050114943 0.003044808 0.764160227 

LVEF -sever 0.057931034 0.004530675 1.339787484 

Age 60-65 0.048505747 0.002167904 1.008851953 

Age 65-70 0.048505747 0.002167904 1.008851953 

Age 70-75 0.08183908 0.003897355 1.58648488 

Age 75-80 0.08183908 0.003897355 1.58648488 

Age 80-85 0.129885057 0.005188353 3.004493489 

Age>85 0.129885057 0.005188353 3.004493489 

NYHA class III 0.048045977 0.002801224 0.766165896 

NYHA class IV 0.071724138 0.004408882 1.219447291 

 

Table 4- Fuzzy synthetic degree values for i=1, j=1 to 14 and h=1 are calculated by using Equation 7 and 8. 

Risk Factor i Risk Factor j Fuzzy synthetic degree values 

LVEF -sever Emergent salvage 0.972704521 

LVEF -sever Reoperation 1 

LVEF -sever Peripheral Vascular Disease 1 

LVEF -sever LVEF-moderate 1 

LVEF -sever LVEF -sever 1 

LVEF -sever Age 60-65 1 

LVEF -sever Age 65-70 1 

LVEF -sever Age 70-75 0.982417945 

LVEF -sever Age 75-80 0.982417945 

LVEF -sever Age 80-85 0.948843723 

LVEF -sever Age>85 0.948843723 

LVEF -sever NYHA class III 1 

LVEF -sever NYHA class IV 0.989776614 
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Table 5- Degree of possibility for i=1 and h=1 calculated by using Equation 10 and 11 

Risk Factor Min Fuzzy synthetic degree values Normalized weight 

LVEF -sever 0.948843723 0.071734819 

 

Table 6- Overall composite weight for i=1 and h=1to 11 are calculated by using Equation 12 

Scoring Model Risk Factor 
Normalized weight of 

risk factor 
Normalized weight of Scoring 

AusSCORE LVEF -sever 0.071734819 0.10436454 

QMMI LVEF -sever 0.048980181 0.08695161 

JACVSD LVEF -sever 0.042890418 0.09565807 

Pitkanen et al LVEF -sever 0.044178926 0.08695161 

Amphiascore LVEF -sever 0.062680979 0.08695161 

Toronto II LVEF -sever 0.117425719 0.07824514 

NYS II LVEF -sever 0.088623875 0.09565807 

Carosella et al. LVEF -sever 0.04491257 0.08695161 

NYS III LVEF -sever 0.063547092 0.10436454 

 

Table 7- Overall weight of LVEF by using Equation 13 

Risk Factor Overall weight 

LVEF -sever 0.053342796 

Computations of C-means clustering is done by calling the “Cmeans” function from “e1701-1.6-1” package of R 

software version (2.15.2) into our system. The values of cluster center, Membership matrix and the value of 

objective function calculated in different iteration is summarize in Appendix 2. 

4.    DISCUSSION AND CONCLUSION 

The objective of the research was to develop a system to recognize most important risk factors which can help to 

predict the outcomes such as mortality before performing the specific surgery by the integration of Quality 

Appraisal, FAHP and fuzzy c-means clustering methods. To illustrate the system implementation, the information of 

scoring systems developed to predict early mortality after CABG is considered. Although several scoring model 

were developed to predict mortality after CABG, no consistent sets of significant risk factors have been attained 

among them. In the other hand, some studies showed that increasing the complexity of the model by using more 

predictors did not have a major effect on the prediction accuracy. In addition, it is proved that most prognostic 

information in patients undergoing cardiac surgery can be acquired by a few key variables. Therefore, it may be 

more preferable to collect essential data attentively rather than to make costly data collection efforts that may 

include insignificant information.  

In spite of potential of this topic to develop comprehensive scoring model for assessing the result of CABG, few 

published studies has been presented to define and prioritize the importance of related risk factors so far. For 

example, Jones and associates (The Working Group Panel on the Collaborative CABG Database Project) reported 

the conclusion of two consensus panel meeting to describe the importance of a set of clinical variables useful for 

monitoring and improving the short term mortality of patients undergoing CABG and has categorized 44 clinical 

variables into 7 core, 13 level 1 and 24 level 2 variables, to reflect their relative importance. This group has 

identified and proposed uniform definitions for a list of 7 core variables (i.e., age, gender, acuity of operation, poor 

Left Ventricular Ejection Fraction (LVEF), previous operation, left main coronary artery disease and number of 

diseased coronary arteries) that they consider must be present in any database of patients undergoing CABG [5]. 

Similarly, Tu and associates [6], using clinical data for all 5,517 patients undergoing isolated CABG in Ontario, 

developed 12 increasingly comprehensive risk-adjustment models using logistic regression analysis according to 6 

of the Panel’s core variables and 6 of the Panel’s level1 variables. They have also suggested a limited set of six core 

variables (age, gender, emergency operation, previous CABG or redo surgery, LVEF and left main disease) appear 

to be sufficient for fairly comparing hospital risk-adjusted mortality rates after CABG in Ontario. Hannan and 

associates [7] compared the ability of a clinical and administrative data base in New York State to predict in-hospital 

mortality and to assess hospital performance for CABG. The results indicated that the clinical database is 
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substantially better at predicting case-specific mortality than the administrative data base. Also, correlations between 

hospital mortality rates that are risk-adjusted using the two systems were only moderately high. In addition, they 

concluded that left ventricular ejection fraction, reoperation, and left main disease have an important impact on 

hospital risk-adjusted mortality rates and that these factors should be part of any risk adjustment model for assessing 

the short-term results of CABG.  

Aylin and associates [25] used logistic regression to fit three models for CABG, repair of abdominal aortic 

aneurysm, and colorectal excision for cancer. simple model include year, age, and sex only, the intermediate model 

include year, age, sex, method of admission, diagnostic, or operation subgroup and a complex model include more 

appropriate variables such as number of arteries replaced, previous ischemic heart disease, previous myocardial 

infarction, Reoperation and so on. The power of the complex predictive model according to ROC curve scores was 

compared in against intermediate and simple model and the values of c-index were computed 0.77, 0.72 and 0.69, 

respectively which is proved that there was no significant difference between results. Totally, Preoperative risk 

factors such as advanced age, reoperation, poor LVEF and emergency surgery identified as core risk factor for early 

mortality as has been reported by our study. 

However, Left main coronary artery disease, in this work, was only reported by Torento II scoring model [22] and 

the evidence on its relative importance remains questionable. In contrast, female gender was presented in several 

scoring models but the importance of this predictor was lower than another risk factors. Our results proved that 

Creatinin level unambiguously related to operative mortality, although this predictor is considered as level one 

variable by Jones and associates. But, Ranucci and associates [26], included serum Creatinine were highly 

statistically significant predictor of early mortality after CABG for elective patient. Beside, these researchers 

concluded the model limited to this predictor as well as advanced age and poor LVEF had an accuracy equivalent to 

or better compared with more complex risk scores. Therefore, the results of our study do not conflict with presented 

works. In against, there are some differences which will be described. 

The first and major difference between presented works and our study is that while prior researches have been 

mainly data driven, our study tested the feasibility of (and showed promising results for) employing extracted 

information of scoring models to find important risk factors. In other words, they have concluded according to 

comprehensive database and they provided methods which operate on data which it may be not available in the most 

of the hospitals. Because collecting data as well as accuracy in gathering is a challenging task for many hospitals, we 

believe that our system, or a similar system, could have promising results effortlessly. 

Second advantage of using this system is its generalizability. The proposed system can be extended for every 

outcome or procedure due to the fact that it focused on the extracted information of different scoring model which is 

available in literature whereas prior researches depend on regional and specific data. 

In addition to, we described confidence interval of odd ratio as input of system by using triangular fuzzy number 

because of fuzzy nature of them. In recent literature, confidence intervals of odd ratios have been reported by 

adjusted mean as crisp data, to the best of our knowledge. Nevertheless they provide useful information for more 

accurate analysis and concluding. Finally, it is important to point out that, a system for comparing the importance of 

predictors of mortality as well as morbidity after surgery with its specific characteristics is the novel contribution 

and the similar work is not reported in the literature. 

The result of this research may be helpful for clinicians to gather important information in order to determine the 

probability and degree to which a patient may be dead or suffer complication in the future. Besides, it could open 

new research lines which may allow researcher to keep on with different application. For example, his study could 

be extended to weight identified risk factors of CABG morbidity or extended length of stay in ICU. Furthermore, 

predictors of adverse outcome following valve surgery (include aortic, mitral, Tricuspid and multiple valve surgery), 

Surgery on thoracic aorta, Heart Transplantation or cardiac intervention such as PCI can be prioritized in the same 

way. Therefore further studies will be required to follow this work.  

Our study has some limitations. For testing the system, we omitted some scoring models which did have neither 

confidence interval of odd ratios, nor its standard deviation to compute it. Also, we were not able to include some 

related studies in the work because there is no access to the full text of them. 
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Appendix 1- Entity relationship diagram of proposed system 
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Appendix 2- The values of cluster center, Membership matrix, the value of objective function in C-mean 

clustering 

Membership matrix of c-means clustering algorithm 
10 1 2 3  1 2 3 

[1,] 6.54E-02 2.68E-02 9.08E-01 [24,] 6.06E-01 3.56E-01 3.78E-02 

[2,] 6.54E-02 2.68E-02 9.08E-01 [25,] 4.92E-01 4.71E-01 3.72E-02 

[3,] 8.37E-03 2.91E-03 9.89E-01 [26,] 3.21E-01 6.48E-01 3.10E-02 

[4,] 7.56E-03 2.62E-03 9.90E-01 [27,] 2.96E-01 6.75E-01 2.95E-02 

[5,] 2.34E-03 7.83E-04 9.97E-01 [28,] 2.13E-01 7.63E-01 2.38E-02 

[6,] 1.25E-02 3.64E-03 9.84E-01 [29,] 4.87E-02 9.44E-01 7.21E-03 

[7,] 1.63E-02 4.68E-03 9.79E-01 [30,] 1.87E-02 9.78E-01 3.04E-03 

[8,] 6.80E-02 1.74E-02 9.15E-01 [31,] 5.36E-04 9.99E-01 9.85E-05 

[9,] 1.27E-01 2.99E-02 8.43E-01 [32,] 4.80E-04 9.99E-01 9.28E-05 

[10,] 1.63E-01 3.65E-02 8.00E-01 [33,] 1.84E-03 9.98E-01 3.65E-04 

[11,] 6.50E-01 7.49E-02 2.75E-01 [34,] 2.27E-03 9.97E-01 4.51E-04 

[12,] 8.79E-01 4.56E-02 7.53E-02 [35,] 2.97E-03 9.96E-01 5.96E-04 

[13,] 9.22E-01 3.32E-02 4.43E-02 [36,] 3.30E-03 9.96E-01 6.66E-04 

[14,] 9.25E-01 3.25E-02 4.27E-02 [37,] 3.55E-03 9.96E-01 7.16E-04 

[15,] 9.81E-01 9.95E-03 8.67E-03 [38,] 4.36E-03 9.95E-01 8.87E-04 

[16,] 9.97E-01 1.92E-03 1.33E-03 [39,] 5.30E-03 9.94E-01 1.09E-03 

[17,] 9.98E-01 9.99E-04 6.60E-04 [40,] 6.35E-03 9.92E-01 1.31E-03 

[18,] 1.00E+00 2.04E-04 1.26E-04 [41,] 7.62E-03 9.91E-01 1.59E-03 

[19,] 9.97E-01 1.84E-03 9.35E-04 [42,] 8.01E-03 9.90E-01 1.68E-03 

[20,] 9.82E-01 1.29E-02 5.24E-03 [43,] 1.00E-02 9.88E-01 2.12E-03 

[21,] 9.46E-01 4.13E-02 1.30E-02 [44,] 1.22E-02 9.85E-01 2.61E-03 

[22,] 9.08E-01 7.33E-02 1.91E-02 [45,] 1.66E-02 9.80E-01 3.64E-03 

[23,] 7.79E-01 1.89E-01 3.18E-02     

 
 

Custer centroids in c-mean clustering algorithm 

[1] [2] [3] 

0.025254588 0.005680969 0.050758896 

 

Objective function values in c-mean clustering algorithm 

Iteration: Error: Iteration: Error: 

1, 7.55E-05 8, 1.73E-05 

2, 5.09E-05 9, 1.73E-05 

3, 2.59E-05 10, 1.73E-05 

4, 1.80E-05 11, 1.73E-05 

5, 1.74E-05 12, 1.73E-05 

6, 1.73E-05 13, 1.73E-05 

7, 1.73E-05 14, 1.73E-05 

 

 

 

 


