Overview of Validity and Reliability Measurements using Stata
 

I. Estimation of Validity - Sensitivity and Specificity

	
	Test “probable value”

	Gold Standard “true value”
	disease present ( + )
	disease absent   ( - )
	

	   disease present ( + )
	a (true positives)
	b (false negatives)
	a + b

	   disease absent   ( - )
	c (false positives)
	d (true negatives)
	c + d

	
	a + c
	b + d
	


We define the following terminology (Lilienfeld, 1994, p. 118-124), expressed as percents:

     sensitivity 
= (true positives)/(true positives plus false negatives)



= (true positives)/(all those with the disease)



= a / (a + b) (100 

                 specificity
= (true negatives)/(true negatives plus false positives)




= (true negatives)/(all those without the disease)




= d / (c + d) ( 100

Sensitivity and specificity provide information about the accuracy (validity) of a test.  Positive and negative predictive values provide information about the meaning to the test results.  

The probability of disease being present given a positive test result is the positive predictive value:

      positive predictive value 
= (true positives)/(true positives plus false positives)





= (true positives)/(all those with a positive test result)





= a / (a + c) ( 100

The probability of no disease being present given a negative test result is the negative predictive value.

      negative predictive value 
= (true negatives)/(true negatives plus false negatives)





= (true negatives)/(all those with a negative test result)





= d / (b + d) ( 100

“Unlike sensitivity and specificity, the positive and negative predictive values of a test depend on the prevalence rate of disease in the population. …For a test of given sensitivity and specificity, the higher the prevalence of the disease, the greater the positive predictive value and the lower the negative predictive value.” (Lilienfeld, 1994, p. 122-123)
Stata Commands -- Diagnostic Test Statistics

To compute test characteristics (sensitivity, specificity, positive predictive value, and negative predictive value, etc.) in Stata, the diagt commmand is used.

If the data are in Stata as variables, you use:

diagt goldvar testvar

Alternatively, you can enter the data directly as cell counts, using the “immediate” form of the diagt command:

diagti #a #b #c #d  
where the a, b, c, d, correspond to the cell frequencies in the following table:
	
	Test “probable value”

	Gold Standard “true value”
	disease present ( + )
	disease absent   ( - )
	

	   disease present ( + )
	a (true positives)
	b (false negatives)
	a + b

	   disease absent   ( - )
	c (false positives)
	d (true negatives)
	c + d

	
	a + c
	b + d
	


Installing the diagt and diagti commands in Stata

The diagt and diagti commands must first be installed, since they are user contributed commands.

In the command window, run 

	findit diagt


     SJ-4-4  sbe36_2 . . . . . . . . . . . . . . . . . .  Software update for diagt
             (help diagt if installed) . . . . . . . . . . P. T. Seed and A. Tobias    
             Q4/04   SJ 4(4):490
             new options added to diagt
then click on sbe36_2 to install.

Additional examples – see Appendix Example 1.
II. Estimation of Reliability – Cohen’s Kappa

Internal consistency –“Estimates of reliability based on the average correlation among items within a test are said to concern the “internal consistency.”  This is partly a misnomer, because the size of the reliability coefficient is based on both the average correlation among items (the internal consistency) and the number of items.  Coefficient alpha is the basic formula for determining the reliability based on internal consistency.  It, or the special version applicable to dichotomous items (KR-20), should be applied to all new measurement methods.  Even if other estimates of reliability should be made for particular instruments, coefficient alpha should be obtained first.” (Nunnally, p. 229-230)

Alternative forms—“In addition to computing coefficient alpha, with most measures it also is informative to correlate alternative forms.” (Nunnally, p.230)

Example:  “An example would be constructing two vocabulary tests, each of which would be an alternative form for the other.” (Nunnally, p.228)

Use of Reliability Coefficients

“The major use of reliability coefficients is in communicating the extent to which the results obtained from a measurement method are repeatable.  The reliability coefficient is one index of the effectiveness of an instrument, reliability being a necessary but not sufficient condition for any type of validity.” (Nunnally, p.237)

The choice of a reliability coefficient is based on level of measurement.  Like correlations coefficients, they range between 0 and 1, with 0 indicating no reproducibility (no rater agreement) and 1 indicating perfect reproducibility (perfect rater agreement).
Kappa Statistic and Weighted Kappa Statistic
The Kappa statistic is the most widely used reliability coefficient when the variables being compared for agreement are unordered categorical (nominal level of measurement).  

For ordered categorical data (ordinal level of measurement), the weighted kappa is used.
Interpreting Kappa

Landis and Koch (1977, p.165) suggested the following guideline for the evaluation of Kappa:


Interpretation of Kappa

	kappa
	interpretation

	< 0
	poor agreement

	0 - 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


Kappa is scaled such that 0 is the amount of agreement that would be expected by chance, and 1 is perfect agreement.
PABAK (Prevalence and Bias Adjusted Kappa)

When the observed cells counts in a crosstabulation table of two raters bunch up in any corner of the table, the kappa coefficient is known to produce paradoxical results.  An alternative form of kappa, called PABAK, has been proposed as a solution to this problem.

III. Estimation of Reliability – Intraclass Correlation Coefficient (ICC)

For a continuous rating (interval scale), interrater reliabity is measured with the intraclass correlation coefficient (ICC), also called the intracluster correlation coefficient (ICC), or the reliability coefficient (r or rho).  .
Interpretation of ICC (one-way random)
The interpretation is that x% of the variance in the observations was the result of “true” variance among patients (Streiner and Norman, 1995, p.111).  That is, s% of the variance is due to the background variability among patients, or patient-to-patient differences, rather than due to lack of agreement among the raters or measurement error.  That interpretation is simply consistent with the formula.  It is a round about way of describing the agreement among the raters, which is excellent agreement in this example.  This is discussed further in the “Interpreting the ICC” section below.
For ICC-1 we treat the patient as a random effect and observer as a fixed effect.  Thus, we are making an inference to the population of all patients, but only to these specific observers.  

This is called the “classical” definition of reliability (Streiner and Norman, 1995, p.111).  This is the situation where reliability is calculated to demonstrate the observers used in the particular study had good interrater reliability.  In this situation, there is no need to make an inference to other observers.

Anomalous Values of ICC
In the section above, “PABAK (Prevalence and Bias Adjusted Kappa)”, it was pointed out that when the observed cells counts in a crosstabulation table of two raters bunch up in any corner of the table, the kappa coefficient is known to produce paradoxical results.  That is, it gives values of  kappa that are much smaller than appear to be consistent with the data.  This results because of the limitations inherent in the Kappa formula.
A similar thing can occur with ICC.  When the variability among the raters is larger than the variability among the subjects, the ICC becomes negative.  Since ICC is defined to be a number between 0 and 1, most software packages, including Stata, will set the ICC to 0, indicating no agreement among the raters.  (The STATA  software allows negative ICC values, which makes interpretion difficult.)  What if your sample just happens to be a group of subjects who have very similar values of the outcome variable? If the subject similarity is closer to, but larger than, the similarity among the raters, then ICC will be a positive low value.  If this similarity is tighter than the similarity among the raters, then ICC will be 0.  Now, in a different sample of patients, using the same raters, but this time where the subjects differ from each other so that there is a wide range of values on the outcome variable, the ICC will be a high value.  These disparate results are due solely to subject variability, having nothing to do with how well the raters actually agree with each other.
Equivalence of Kappa and Intraclass Correlation Coefficient (ICC)

Unweighted Kappa

For dichotomous ratings, kappa and ICC are equivalent. 
Weighted Kappa

For order categorical (ordinal scale) ratings, the weighted kappa and ICC are equivalent, provided the weights are taken as [Fleiss, Levin, and Pai (2003, p.609); Streiner and Norman (1995, p.118)],
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        ( the “wgt(w2)” option in Stata)
Interpreting ICC

McDowell (2006, p.45) provides the Cicchetti and Sparrow (1981) guideline.  Cicchetti and Sparrow (1981) suggested the following guideline for the evaluation of ICC used to measure inter-rater agreement:


Interpretation of ICC

	ICC
	interpretation

	<0.40
	Poor agreement

	0.40 - 0.59
	fair to moderate agreement

	0.60 - 0.74
	good agreement

	0.75 - 1.00
	excellent agreement


Determining which ICC you need

ICC 1 is One-way random—unusual because normally you control the number of raters. (Most useful with very large numbers of ratings, e.g. thousands). It’s called “one-way random” because it doesn’t try to separate the effects of the rater and ratee and assumes the ratings are randomly drawn from a larger population. (It is usually the smallest ICC). 

ICC 3  is called two-way mixed in STATA, it treats rater effects as fixed (and not random). This means that the raters in your task are the only raters anyone would be interested in.  This is uncommon in coding, because theoretically your research assistants are only a few of an unlimited number of people that could make these ratings.  This means ICC(3) will also always be larger than ICC(1) and typically larger than ICC(2), and is represented in STATA as “Two-Way Mixed” because 1) it models both an effect of rater and of ratee (i.e. two effects) and 2) assumes a random effect of ratee but a fixed effect of rater (i.e. a mixed effects model). Usually the largest ICC. 

ICC 2 is similar to ICC 3 but treats the rater and rate effects as random. 
Reliability, generally, is the proportion of “real” information about a construct of interest captured by your measurement of it.  For example, if someone reported the reliability of their measure was .8, you could conclude that 80% of the variability in the scores captured by that measure represented the construct, and 20% represented random variation.  The more uniform your measurement, the higher reliability will be.

In the social sciences, we often have research participants complete surveys, in which case you don’t need ICCs – you would more typically use coefficient alpha.  But when you have research participants provide something about themselves from which you need to extract data, your measurement becomes what you get from that extraction.  For example, in one of my lab’s current studies, we are collecting copies of Facebook profiles from research participants, after which a team of lab assistants looks them over and makes ratings based upon their content.  This process is called coding.  Because the research assistants are creating the data, their ratings are my scale – not the original data.  Which means they 1) make mistakes and 2) vary in their ability to make those ratings.  An estimate of interrater reliability will tell me what proportion of their ratings is “real”, i.e. represents an underlying construct (or potentially a combination of constructs – there is no way to know from reliability alone – all you can conclude is that you are measuring something consistently).

An intraclass correlation (ICC) can be a useful estimate of inter-rater reliability on quantitative data because it is highly flexible.  A Pearson correlation can be a valid estimator of interrater reliability, but only when you have meaningful pairings between two and only two raters.  What if you have more?  What if your raters differ by ratee?  This is where ICC comes in (note that if you have qualitative data, e.g. categorical data or ranks, you would not use ICC).

Unfortunately, this flexibility makes ICC a little more complicated than many estimators of reliability.  There are several additional questions one must ask when computing an ICC, and one restriction. The restriction is straightforward: you must have the same number of ratings for every case rated. The questions are more complicated, and their answers are based upon how you identified your raters, and what you ultimately want to do with your reliability estimate. Here are the first two questions:

1.
Do you have consistent raters for all ratees?  For example, do the exact same 8 raters make ratings on every ratee?

2.
Do you have a sample or population of raters?

If your answer to Question 1 is no, you need ICC(1).  In STATA, this is called “One-Way Random.”  In coding tasks, this is uncommon, since you can typically control the number of raters fairly carefully.  It is most useful with massively large coding tasks.  For example, if you had 2000 ratings to make, you might assign your 10 research assistants to make 400 ratings each – each research assistant makes ratings on 2 ratees (you always have 2 ratings per case), but you counterbalance them so that a random two raters make ratings on each subject.  It’s called “One-Way Random” because 1) it makes no effort to disentangle the effects of the rater and ratee (i.e. one effect) and 2) it assumes these ratings are randomly drawn from a larger populations (i.e. a random effects model).  ICC(1) will always be the smallest of the ICCs.

If your answer to Question 1 is yes and your answer to Question 2 is “sample”, you need ICC(2).  In STATA, this is called “Two-Way Random.”  Unlike ICC(1), this ICC assumes that the variance of the raters is only adding noise to the estimate of the ratees, and that mean rater error = 0.  Or in other words, while a particular rater might rate Ratee 1 high and Ratee 2 low, it should all even out across many raters.  Like ICC(1), it assumes a random effects model for raters, but it explicitly models this effect – you can sort of think of it like “controlling for rater effects” when producing an estimate of reliability.  If you have the same raters for each case, this is generally the model to go with.  This will always be larger than ICC(1) and is represented in STATA as “Two-Way Random” because 1) it models both an effect of rater and of ratee (i.e. two effects) and 2) assumes both are drawn randomly from larger populations (i.e. a random effects model).

If your answer to Question 1 is yes and your answer to Question 2 is “population”, you need ICC(3).  In STATA, this is called “Two-Way Mixed.”  This ICC makes the same assumptions as ICC(2), but instead of treating rater effects as random, it treats them as fixed.  This means that the raters in your task are the only raters anyone would be interested in.  This is uncommon in coding, because theoretically your research assistants are only a few of an unlimited number of people that could make these ratings.  This means ICC(3) will also always be larger than ICC(1) and typically larger than ICC(2), and is represented in STATA as “Two-Way Mixed” because 1) it models both an effect of rater and of ratee (i.e. two effects) and 2) assumes a random effect of ratee but a fixed effect of rater (i.e. a mixed effects model).

After you’ve determined which kind of ICC you need, there is a second decision to be made: are you interested in the reliability of a single rater, or of their mean?  If you’re coding for research, you’re probably going to use the mean rating.  If you’re coding to determine how accurate a single person would be if they made the ratings on their own, you’re interested in the reliability of a single rater.  For example, in our Facebook study, we want to know both.  First, we might ask “what is the reliability of our ratings?”  Second, we might ask “if one person were to make these judgments from a Facebook profile, how accurate would that person be?”  We add “,k” to the ICC rating when looking at means, or “,1″ when looking at the reliability of single raters.  For example, if you computed an ICC(2) with 8 raters, you’d be computing ICC(2,8).  If you computed an ICC(1) with the same 16 raters for every case but were interested in a single rater, you’d still be computing ICC(2,1). For ICC(#,1), a large number of raters will produce a narrower confidence interval around your reliability estimate than a small number of raters, which is why you’d still want a large number of raters, if possible, when estimating ICC(#,1).

After you’ve determined which specificity you need, the third decision is to figure out whether you need a measure of absolute agreement or consistency.  If you’ve studied correlation, you’re probably already familiar with this concept: if two variables are perfectly consistent, they don’t necessarily agree.  For example, consider Variable 1 with values 1, 2, 3 and Variable 2 with values 7, 8, 9.  Even though these scores are very different, the correlation between them is 1 – so they are highly consistent but don’t agree.  If using a mean [ICC(#, k)], consistency is typically fine, especially for coding tasks, as mean differences between raters won’t affect subsequent analyses on that data.  But if you are interested in determining the reliability for a single individual, you probably want to know how well that score will assess the real value.

Once you know what kind of ICC you want, it’s pretty easy in STATA.  First, create a dataset with columns representing raters (e.g. if you had 8 raters, you’d have 8 columns) and rows representing cases.  You’ll need a complete dataset for each variable you are interested in.  So if you wanted to assess the reliability for 8 raters on 50 cases across 10 variables being rated, you’d have 10 datasets containing 8 columns and 50 rows (400 cases per dataset, 4000 total points of data).

A special note for those of you using surveys: if you’re interested in the inter-rater reliability of a scale mean, compute ICC on that scale mean – not the individual items. For example, if you have a 10-item unidimensional scale, calculate the scale mean for each of your rater/target combinations first (i.e. one mean score per rater per ratee), and then use that scale mean as the target of your computation of ICC. Don’t worry about the inter-rater reliability of the individual items unless you are doing so as part of a scale development process, i.e. you are assessing scale reliability in a pilot sample in order to cut some items from your final scale, which you will later cross-validate in a second sample.

In each dataset, you then need to open the Analyze menu, select Scale, and click on Reliability Analysis.  Move all of your rater variables to the right for analysis. Click Statistics and check Intraclass correlation coefficient at the bottom.  Specify your model (One-Way Random, Two-Way Random, or Two-Way Mixed) and type (Consistency or Absolute Agreement).  Click Continue and OK.  You should end up with something like this:

Results of a Two-Way Random Consistency ICC Calculation in STATA
In this example, I computed an ICC(2) with 4 raters across 20 ratees.  You can find the ICC(2,1) in the first line – ICC(2,1) = .169.  That means ICC(2, k), which in this case is ICC(2, 4) = .449.  Therefore, 44.9% of the variance in the mean of these raters is “real”.

So here’s the summary of this whole process:

1.
Decide which category of ICC you need.

1.
Determine if you have consistent raters across all ratees (e.g. always 3 raters, and always the same 3 raters).  If not, use ICC(1), which is a “One-way Random” model. Stata command: . icc rating target
2.
Determine if you have a population of raters but you are only using a few which are of interest to you.  If yes, use ICC(3) , which is a “Two-Way Mixed” model. Stata command: . icc rating target judge, mixed.

3.
If you didn’t use ICC(1) or ICC(3), you need ICC(2), which assumes a sample of raters. The same team of judges rated each target and the judges were drawn randomly from the population, which is a “Two-Way Random” model. Stata command: . icc rating target judge.

2.
Determine which value you will ultimately use.

1.
If a single individual, you want to quote the ICC under “Individual” rating.

2.
If the mean, you want to quote the ICC under “Average” rating.
3.
Determine which set of values you ultimately want the reliability for.

1.
If you want to use the subsequent values for other analyses, you probably want to assess consistency.

2.
If you want to know the reliability of individual scores, you probably want to assess absolute agreement.
� Source: Stoddard GJ. Biostatistics and Epidemiology Using Stata: A Course Manual [unpublished manuscript] University of Utah School of Medicine, 2010. See a complete write-up here: https://www.ctspedia.org/wiki/pub/CTSpedia/StoddardCh2S16/


�For more information, see Kappa – Interrater Agreement. Stata tutorial.


� For more information, see ICC – Intraclass Correlation. Stata tutorial.
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