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This paper illustrates testing directional (confirmatory) and non-directional 

(exploratory) hypotheses for an inter-rater reliability study using a three-

category ordinal measure, via the Stata package for implementing ODA. 

 

Recent papers1-23 introduce the new Stata pack-

age called oda24 for implementing ODA from 

within the Stata environment. This package is a 

wrapper for the MegaODA software system25-27, 

so the MegaODA.exe file must be loaded on the 

computer for the oda package to work.28 To 

download the oda package, at the Stata com-

mand line type: “ssc install oda” (without the 

quotation marks). This paper demonstrates use 

of the oda package to evaluate directional and 

non-directional hypotheses for a design in which 

two independent cardiologists each use a three-

level ordinal rating scale to assess the same set 

of 200 electrocardiograms. 

Methods 

Data 

Woolson29 presented hypothetical data on two 

cardiologists who independently classified a set 

of 200 electrocardiograms into one of three 

mutually exclusive and exhaustive ordinal 

diagnoses: normal (1), possibly abnormal (2), 

and abnormal (3). 

Analytic Process 

We first test the directional (“confirmatory”) 

alternative hypothesis that ratings made by the 

cardiologists are consistent—that is, fall into the 

major diagonal of the cross-classification table. 

Thus, the ratings made by cardiologist “X” (for 

lack of a better name) are directly discriminable 

(predictable) on the basis of ratings made by 

cardiologist “Y,” and vice versa. The null 

hypothesis is that this is not true.30-36 Analysis 

was accomplished using the following oda 

syntax (see the help file for oda for a complete 

description of syntax options): 
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oda ratingx ratingy,  

pathoda("C:\ ODA\")    

store("C:\Users\Ariel\Desktop\ODA\") 

iter(25000) direction(< 1 2 3) 

 

 This syntax is explained as follows. Here 

“ratingx” is the class variable and “ratingy” is 

the attribute. The order of these two variables 

could be reversed since they both have the same 

number of levels (three), and there is no specific 

difference between the raters. But, if one rater 

was an expert, and the other rater was a trainee, 

a researcher might be interested in ascertaining 

how well the novice (treated as the attribute) 

was able to correctly apply the same ratings as 

the expert (treated as the class variable). 

 Here, “C:\ODA\” is the directory path 

where the MegaODA.exe file exists on the com-

puter, and where other files generated in analy-

sis are stored; 25,000 iterations (repetitions) are 

used to obtain a permutation p-value; and the 

directional hypothesis is that the raters’ ratings 

agree.23,24 The oda package produces an extract 

of the total output produced by ODA software 

(the complete output is stored in the specified 

directory with the extension “.out”). 

 

 
 

 Effect strength for sensitivity (ESS) is 

labelled in the output as “Effect Strength PAC” 

(Percentage Accurate Classification). For the 

exploratory hypothesis ESS is 37.5%, which 

exceeds the minimum criterion (ESS25) to be 

classified as a moderate effect.30 This result is 

statistically significant: p<0.0001 (this is con-

ventional reporting: to be precise, as there were 

25,000 iterations, p<1/25000, or p<0.00004). 

The directional analysis just conducted 

tests the a priori hypothesis that rater’s ratings 

exactly agree. However, one may also evaluate 

the exploratory hypothesis that rater’s ratings 

agree, but in a discordant manner. For example, 

a rating of 1 for rater X corresponds to a rating 

of 2 for rater Y, and vice versa.32 This hypothe-

sis is evaluated using a non-directional analysis, 

and the oda code is identical to the code given 

earlier, except that the directional command 

[i.e., direction(< 1 2 3)] is deleted. When this 

analysis was conducted the results were the 

same as obtained for the confirmatory analysis. 

We believe ODA should be considered 

the preferred statistical approach vs. alternative 

methods since it avoids statistical assumptions 

required of conventional models, is insensitive 

to skewed data or outliers, and has the ability to 

handle any variable metric including categori-

cal, Likert-type integer, and real number meas-

urement scales.30 In contrast to alternative 

methods, only ODA can identify the optimal 

(maximum-accuracy) assignments (categorical 

attributes) or cutpoints (ordered attributes) that 

exist for the attribute, which in turn facilitates 

the use of measures of predictive accuracy. 

Furthermore, ODA can evaluate model 

reproducibility by multiple methods, allowing 

assessment of potential cross-generalizability of 

the model when it is applied to classify 

independent random samples.30  

For these reasons we recommend that 

researchers employ ODA and CTA frameworks 

to evaluate the statistical hypotheses which are 

explored in their laboratory and field research 

endeavors.37-56 

    Estimated p: 0.000000                        
    Iterations:  25000                           
    -------------------------------------------  
    Monte Carlo summary (Fisher randomization):  

    Effect Strength Total       37.08%            
    Effect Strength PV          36.67%            
    PV RATINGX=3                50.00%            
    PV RATINGX=2                33.33%            
    PV RATINGX=1                90.00%            
    Effect Strength PAC         37.50%            
    PAC RATINGX=3               50.00%            
    PAC RATINGX=2               50.00%            
    PAC RATINGX=1               75.00%            
    Overall Accuracy            65.00%            
    -----------------          ------             
    Performance Index           Train             
                                                  
    --------------------------------------------  
    Summary for Class RATINGX  Attribute RATINGY  

    IF 2.5 < RATINGY THEN RATINGX = 3         
    IF 1.5 < RATINGY <= 2.5 THEN RATINGX = 2  
    IF RATINGY <= 1.5 THEN RATINGX = 1        
    ----------  
    ODA model:  
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