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Introduction: The Intraclass Correlation (ICC) is widely used in the assessment of agreement between different 

measurement methods. Asessing agreement between variables assumes that the variables measure the same construct. 

In health science research, ICC are widely used to test intrarater and interrater reliability.  

Objectives: The objective of the study is to determine the agreement between the two methods on microorganism data 

set in order to determine if they can be used interchangeable and to estimate the fuzzy regression and bootstrap method 

parameter of the models.  

Methods:This methodology discovers the agreement between predicted data and original data for assessing crossness 

agreement of two observation. In this paper, linear regression and fuzzy regression have been applied using the SAS 

algorithm procedure. The ICC was used to measures the agreement and consistency among two quantitative variables.  

Results: The value of ICC by using a linear equation is 0.98569 (almost perfect agreement) while the value of ICC 

using fuzzy regression equation is 0.91212 (almost perfect agreement). 

Conclusion: This article also instructs readers on what to look for when encountering ICC in a piece of writing. This 

study may also motivate researchers to reveal more about their ICC studies, as well as encourage reviewers and editors 

to demand complete and precise information from authors. 

 

Introduction 
 

Technology in the biological sector is constantly changing at a quick pace, as seen by the regular 

manufacture of new instruments. One common issue is how the new instrument relates to existing 

instruments and tests. Instruments provide indirect measurements rather than direct measurements for the 

eyeA measurement could have been made with a different instrument, with subjective judgement from a 

human rater, or in a different dataset with a different approach (Streiner and Norman, 2008).  

 

Consistency of measurement can be critical in both research and clinical settings in the health sciences. 

When measuring equipment provide inconsistent results due to instrumentation flaws, when a single rater 

produces various measurements of a steady phenomena at different time points, or when different raters 

produce inconsistent readings among themselves, problems develop (Franco et al., 2014). Inconsistent 

measurement cannot be overlooked because accurate measurements are frequently required to determine 

things like appropriate referrals, the extent of disease progression, whether people are amenable to treatment 

or would be best served by specific types of interventions, and whether people have responded to 
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interventions (Hallgren, 2012). In order to minimise under- and over-diagnosing, measurement consistency 

is also required, which is difficult to achieve if the assessment bases shift unpredictably. As a result, 

consistency can be a significant and difficult issue for researchers and physicians. It can be fascinating as 

well (Haven et al., 2007).  

 

An intra-class correlation coefficient (ICC) and a confidence interval are common ways to evaluate the 

reliability of measurement processes (Gisev et al., 2013). This method is widely used in biomedical research 

to determine whether measurements made by raters, labs, technicians or devices are reproducible. The 

purpose of this study was to observe the agreement between the two methods on microorganism data set in 

order to determine if they can be interchangeable and to estimate the fuzzy regression and bootstrap method 

parameters of the models. 

 

Literature Review 
 

Exponential Regression 

 

Exponential growth or decay modeling is a technique for nonlinear regression to study the original nature 

of the fundamental principles of two variables. In a real world, the exponential growth is often used to 

model population growth as such cell growth while the exponential decay is often to a model population 

with declining or decreases in size (Rohim et al., 2020). Exponential growth is often used to model the 

growth of populations of the organism in a resource-rich environment. Here ‘resource-rich’ means that there 

is plenty of food and other resources necessary for the population to grow. For example, the initial growth 

of a cell bacteria in a mouth is often modeled as exponential. The justification for this model is that the rate 

at which a population of organisms grows should be proportional to the number of organisms, assuming that 

the organisms reproduce at a constant rate. For example, if you double the size of a population, then this 

should precisely double the rate at which the population bears offspring, and should, therefore, double the 

rate at which the size of the population increases. What this means is that the population A of a given 

organism in a resource-rich environment should satisfy the differential equation value is some 

constant that depends on the rate of reproduction. Thus the population grows exponentially . 

This model predicts that the population A  will grow indefinitely, which cannot be true in any real situation. 

Eventually, any population will run out of resources such as food or space to grow. However, the exponential 

model often gives fairly accurate results in cases where the short-term growth of a population is not inhibited 

by limited resources (Kreft et al., 1998).  

 

Fuzzy Linear Regression 

 

Tanaka and Watada (1988) were the first to propose fuzzy linear regression technique, which takes into 

account two factors: degree of fitness and fuzziness of data sets (Mclinden et al, 2011). When dealing with 

uncertain data, regression is critical in the Fuzzy technique. In this case, a simple regression equation with 

a single independent fuzzy variable can be utilised. 

 

According to research (Kim et al., 1996), fuzzy regression can be a better replacement for statistical 

regression when the data is variable and the model specification is insufficient. Bargiela (2007) reported 

that the regression problem was used to demonstrate the efficiency of an iterative technique for multiple 

regressions with fuzzy data using gradient descent optimization. 

 

The following is a popular representation of a fuzzy linear regression model: 

 

        (1) 

 

Ax
dx

dA
= x

bx
0eAA =

( ) X110Ir A
~

xA
~

A
~

xf
~

y~ =+==



Journal of Pharmaceutical Negative Results ¦ Volume 14 ¦ Special Issue 1 ¦ 2023 125 

 

Where  T1x,1x =  is a crisp vector of independent variables and  is the estimated fuzzy output. 

is a vector of fuzzy parameters of the fuzzy linear regression model. is presented in the 

form of symmetric triangular fuzzy numbers denoted by  where its membership 

function is shown as below:  

                (2) 

Otherwise, where is the central value of the fuzzy number and is the spread. Therefore the fuzzy 

linear regression model can be rewritten as shown below. 

                   (3) 

 

The interaction between variables and higher order factors are not taken into account in the fuzzy linear 

regression defined in (1). Interactions between variables and higher order terms are ubiquitous in physical 

systems. A simple strategy is commonly used to tackle the linear programming problem (Kreft et al., 1998). 

Linear regression is used to investigate the linear connection between a dependent variable Y and one or 

more independent variables X. The dependent variable, Y, must be a continuous variable, while the 

independent variables can be continuous, binary, or categorical.  

 

 

Materials and Methods 
 

Data Collection 

 

The data was gathered at the Microbiology Laboratory using several mediums in order to find the best 

concentration rate. The bacteria's growth rate was determined by monitoring the algal plate at the 

Microbiology Laboratory, PPSG, USM. The rate of reproduction of Lactobacillus Salivarius bacteria was 

studied at a concentration of (5x105 CFU/Ml). The bacteria samples were taken on several days (within 7 

days). Lactobacillus Salivarius is a type of anaerobic bacterium that does not require oxygen to survive. 

The dependent variable (Y) in this study was Lactobacillus Salivarius growth rate, while the independent 

variable (X) was Lactobacillus Salivarius culture days. 

 

Table 1. Sample of Bacteria 

 

 

 

 

 

 

 

 

 

 

 

Statistically Analysis 

 

The bootstrap method and fuzzy regression are employed in the main algorithm. ICC is used to calculate 

the expected and original data. The exponential equation anticipated the data, which was subsequently 

recorded in SAS programming. The analysis flowchart is shown in Figure 1. 
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1 23 25 3.14 

2 23 25 3.14 

3 40 44 3.69 

5 60 66 4.09 

9 80 88 4.38 

11 101 111 4.62 

13 140 154 4.94 
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Figure 1: Flowchart of Analysis 

 

Intra-class Correlation 

 

Intraclass correlation (ICC) is a popular measure of agreement for continuous outcomes. Like the Pearson 

correlation, the ICC requires a linear relationship between the variables. However, it differs from the 

Pearson correlation in one key respect; the ICC also takes into account differences in the means of the 

measures being considered. In addition, the ICC can be applied to situations where there are three or more 

separate raters (Lu N, 2014) 

 

The ICC test is commonly used to determine how well different measuring methods agree. First, we look 

to see if any information regarding the ICC form was reported and if the correct ICC form was used. The 

ICC assigns a rating ranging from 0 (no agreement) to 1 (perfect agreement). The ICC classification is as 

follows: (2016, Koo and Li) 

 

Table 2: Classification of Intraclass Correlation Coefficient 

 

 

 

 

 

 

 

 

 

 

 

Calculation of Fuzzy Least Squares (FLS) for 

Exponential Growth 

 

The Fuzzy Least Squares (FLS) for exponential 

growth is calculated using the algorithm below. 

The following programming can be used to 

visualise the entire set of calculations. 

 

Proc nlp; 

min Y; 

decvar a0c a0w a1c a1w; 

bounds a0w>=0, a1w>=0; 

 

lincon  a0c+2*a1c-a0w-2*a1w<=3.14; 

lincon  a0c+1*a1c-a0w-1*a1w<=3.14; 

lincon  a0c+3*a1c-a0w-3*a1w<=3.69; 

lincon  a0c+1*a1c-a0w-1*a1w<=3.14; 

lincon  a0c+2*a1c-a0w-2*a1w<=3.14; 

lincon  a0c+1*a1c-a0w-1*a1w<=3.14; 

lincon  a0c+1*a1c-a0w-1*a1w<=3.14; 

lincon  a0c+1*a1c-a0w-1*a1w<=3.14; 

lincon  a0c+5*a1c-a0w-5*a1w<=4.09; 

lincon  a0c+2*a1c-a0w-2*a1w<=3.14; 

lincon  a0c+1*a1c-a0w-1*a1w<=3.14; 

lincon  a0c+5*a1c-a0w-5*a1w<=4.09; 

lincon  a0c+1*a1c-a0w-1*a1w<=3.14; 

lincon  a0c+13*a1c-a0w-13*a1w<=4.94; 

lincon  a0c+13*a1c-a0w-13*a1w<=4.94; 

lincon  a0c+11*a1c-a0w-11*a1w<=4.62; 

lincon  a0c+3*a1c-a0w-3*a1w<=3.69; 

ICC Explanation 

Less than 0.00 Poor Agreement 

0.01-0.20 Slight Agreement 

0.21-0.40 Fair Agreement 

0.41-0.60 Moderate Agreement 

0.61-0.80 Substantial Agreement 

0.81-1.00 Almost Perfect Agreement 
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lincon  a0c+3*a1c-a0w-3*a1w<=3.69; 

lincon  a0c+3*a1c-a0w-3*a1w<=3.69; 

lincon  a0c+5*a1c-a0w-5*a1w<=4.09; 

lincon  a0c+2*a1c-a0w-2*a1w<=3.14; 

lincon  a0c+3*a1c-a0w-3*a1w<=3.69; 

lincon  a0c+2*a1c-a0w-2*a1w<=3.14; 

lincon  a0c+5*a1c-a0w-5*a1w<=4.09; 

lincon  a0c+1*a1c-a0w-1*a1w<=3.14; 

lincon  a0c+9*a1c-a0w-9*a1w<=4.38; 

lincon  a0c+1*a1c-a0w-1*a1w<=3.14; 

lincon  a0c+9*a1c-a0w-9*a1w<=4.09; 

lincon  a0c+13*a1c-a0w-13*a1w<=4.94; 

lincon  a0c+2*a1c-a0w-2*a1w<=3.14; 

lincon  a0c+11*a1c-a0w-11*a1w<=4.62; 

lincon  a0c+2*a1c-a0w-2*a1w<=3.14; 

lincon  a0c+1*a1c-a0w-1*a1w<=3.14; 

lincon  a0c+5*a1c-a0w-5*a1w<=4.09; 

lincon  a0c+9*a1c-a0w-9*a1w<=4.38; 

lincon  a0c+2*a1c+a0w+2*a1w>=3.14; 

lincon  a0c+1*a1c+a0w+1*a1w>=3.14; 

lincon  a0c+3*a1c+a0w+3*a1w>=3.69; 

lincon  a0c+1*a1c+a0w+1*a1w>=3.14; 

lincon  a0c+2*a1c+a0w+2*a1w>=3.14; 

lincon  a0c+1*a1c+a0w+1*a1w>=3.14; 

lincon  a0c+1*a1c+a0w+1*a1w>=3.14; 

lincon  a0c+1*a1c+a0w+1*a1w>=3.14; 

lincon  a0c+5*a1c+a0w+5*a1w>=4.09; 

lincon  a0c+2*a1c+a0w+2*a1w>=3.14; 

lincon  a0c+1*a1c+a0w+1*a1w>=3.14; 

lincon  a0c+5*a1c+a0w+5*a1w>=4.09; 

lincon  a0c+1*a1c+a0w+1*a1w>=3.14; 

lincon  a0c+13*a1c+a0w+13*a1w>=4.94; 

lincon  a0c+13*a1c+a0w+13*a1w>=4.94; 

lincon  a0c+11*a1c+a0w+11*a1w>=4.62; 

lincon  a0c+3*a1c+a0w+3*a1w>=3.69; 

lincon  a0c+3*a1c+a0w+3*a1w>=3.69; 

lincon  a0c+3*a1c+a0w+3*a1w>=3.69; 

lincon  a0c+5*a1c+a0w+5*a1w>=4.09; 

lincon  a0c+2*a1c+a0w+2*a1w>=3.14; 

lincon  a0c+3*a1c+a0w+3*a1w>=3.69; 

lincon  a0c+2*a1c+a0w+2*a1w>=3.14; 

lincon  a0c+5*a1c+a0w+5*a1w>=4.09; 

lincon  a0c+1*a1c+a0w+1*a1w>=3.14; 

lincon  a0c+9*a1c+a0w+9*a1w>=4.38; 

lincon  a0c+1*a1c+a0w+1*a1w>=3.14; 

lincon  a0c+9*a1c+a0w+9*a1w>=4.09; 

lincon  a0c+13*a1c+a0w+13*a1w>=4.94; 

lincon  a0c+2*a1c+a0w+2*a1w>=3.14; 

lincon  a0c+11*a1c+a0w+11*a1w>=4.62; 

lincon  a0c+2*a1c+a0w+2*a1w>=3.14; 

lincon  a0c+1*a1c+a0w+1*a1w>=3.14; 

lincon  a0c+5*a1c+a0w+5*a1w>=4.09; 

lincon  a0c+9*a1c+a0w+9*a1w>=4.38; 

y=a0w*35+260*a1w; 

run; 

 

The Algorithm of Exponential Calculation 

 

The algorithm is an SAS programming method for adding data and measuring the quality of predicted and 

original data using interclass correlation (ICC). Two variables, Read1 and Read2, as well as pid, make up 

the data. 

 

data test_data; 

input Read1 Read2 pid; 

cards; 

25 23 1 

25 23 2 

44 40 3 

66 60 4 

88 80 5 

111 101 6 

154 140 7 

; 

run; 

data test_data; 
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set test; 

array s(2) Read:; 

do judge = 1 to 2; 

y = s(judge); 

output; 

end; 

run; 

ods output CovParms = covp; 

procmixed data = test_data; 

class judge pid; 

model y = ; 

random intercept /subject=pid; 

run; 

dataicc; 

set covp end=last; 

retain bvar; 

if subject~="" then bvar = estimate; 

 if last then icc = bvar/(bvar+estimate); 

run; 

procprint data = icc; 

run; 

 

Results 
 

The parameter estimation for Fuzzy Least Square Exponential Growth is shown in the results below (Table 

3).  

 

Table 3: Optimization Results 

No Parameter Estimate Gradient 

Objective 

Function 

Active 

Bound 

Constraint 

1 a0c 3.140000 0  

2 a0w 0.271429 35.000000  

3 a1c 0.135714 0  

4 a1w 0 260.000000 Lower BC 

       Value of Objective Function = 9.5 

 

Parameter estimates are given: a0c=3.140000, a0w=0.271429, a1c=0.135714 and a1w= 0. For an 

exponential model, the fuzzy lower limit of prediction is calculated using the following equation: 

 

     ln y = (3.140000-0.271429) +(0.135714-0) x    (4) 

ln y= 2.868571+0.135714x 

 

and the upper limit of prediction interval for the exponential model is computed using the equation: 

ln y = (3.140000+0.271429) +(0.135714+0) x 

    ln y= 3.411429+0.135714x              (5) 

 

 

Evaluating Closeness Agreement of Observations using Fuzzy Regression Equation 

 

Table 4 shows the predicted values based on the fuzzy regression equation (5) 
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                 Table 4:  Original vs Predicted Data 

Original Data* Predicted Data* 

23 26 

23 39 

40 45 

60 59 

80 102 

101 134 

140 176 

 

We used the following syntax to calculate regression based on fuzzy regression for exponential growth 

using ICC: 

 

data test; 

/*Read1 is predicted data */ 

/*Read2 is original data*/ 

Input Read1 Read2 pid; 

cards; 

run; 

 

 

Table 5: Intraclass Correlation Coefficient (ICC) 

 

                   

 

 

 

  1= Predicted Data 

  2=Original Data 

 

 

Table 5 shows that the ICC value is 0.91212, which indicates that predicted and original data are almost 

perfect agreement.  

 

 

Evaluating closeness agreement of observations using linear equation 

 

Using ICC, the output displays the quality of the predicted data and the original data. Table 6 illustrates the 

ICC results in the content of agreement studies based on predicted and original data. 

 

Table 6: Intraclass Correlation Coefficient (ICC) 

Reading Covariate 

Parameter 

Estimate ICC 

1 Intercept 2066.00  

2 Residual 30.0000 0.98569 

        1= Predicted Data 

        2=Original Data 

 

 

The table 6 shows that the value of ICC is 0.98569 and this agreement is almost perfect or almost complete 

reliability for evaluating the quality of predicted data with the original data. 

Reading Covariate 

Parameter 

Estimate ICC 

1 Intercept 2342.79  

2 Residual 225.75 0.91212 
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Discussion 
 

This paper gives an explanation for the agreement between the two methods on microorganism data set in 

order to determine if they can be used interchangeable and to estimate the fuzzy regression and bootstrap 

method parameter of the models. Using linear equation, the value of ICC is 0.98569 while the value of ICC 

using fuzzy regression equation 0.91212. The results of this study show that an ICC of 0.80 or higher 

indicates a relationship between two variables that is significantly below what is reasonable for classifying 

it as outstanding, whether using the linear equation or fuzzy regression equation. The diagnostic and 

predictive situations that researchers and practitioners in podiatry would face in this case. This indicates 

that there is a good correlation between the values. 

 

According to (Robert Trevethan, 2017), this is supported by the 95 percent confidence interval, which in 

this case ranges from 0.60 to 0.80, implying that, while ICC from similar samples would differ little from 

the obtained ICC of 0.80, none of them would be as high as the value of 0.90 that would qualify them as 

acceptable within a clinical context.  Most studies of intrarater and interrater reliability appear to ignore 

these sources of variation, despite the fact that they virtually always play a role. The ICC of 0.90 in this 

study is proof of that. Previous study from (Rohim et al., 2020), reported that the exponential regression 

method by adding bootstrap and fuzzy techniques is more efficient than exponential regression technique.  

 

Limitations and Recommendations  
 

The correlation coefficient is a widely used tool for determining measuring method agreement. It is easy to 

calculate, but there are some limitations of study. The first restriction is that ICC does not provide any type 

information and is particularly sensitive to the study's range of values. Therefore, it is highly preferable to 

use Bland-Altman plots instead, as these reveal both systematics and random errors. In the case of repeated 

measurements and calibrations, Bland- Altman plots are also preferred. 

 

Conclusion 
 

In conclusion, the overall results of this study show that an ICC of 0.80 and above represents a relationship 

between two variables that is well below that seems appropriates for describing it as excellent. This article 

will instructs readers on what to look for when encountering ICC in a piece of writing. This study may also 

motivate researchers to reveal more about their ICC studies, as well as encourage reviewers and editors to 

demand complete and precise information from authors. 
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