PSY 513 – Lecture 2
Validity

Validity is one of the most overused words in statistics and research methods.
We’ve already encountered statistical conclusion validity, internal validity, construct validity I, and external validity.  

Now we’ll introduce criterion related validity, concurrent validity, predictive validity, construct validity II, convergent validity, discriminant validity, and content validity.  Whew!

A general conceptualization of the “validities” we’ll consider here . . .

All but content validity are concerned with the extent to which scores on a test correlate with positions of people on some dimension of interest to us or some other test..
Specific types of Validity
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I.  Criterion Related Validity

“Dimension of interest” is performance on some task or other job, e.g., job performance.

So Criterion Related Validity is typically used to refer to the extent to which pre-employment or pre-admission test scores correlate with performance on some measurable criterion.  
This is the type of validity that is most important for I/O selection specialists.

But it is also applicable to schools deciding among applicants for admission, for example.

When someone uses the term, “validity coefficient” he/she is most likely referring to criterion related validity.  It’s the actual correlation between test scores and the criterion measure.

Two specific types of criterion related validity often used in I/O psychology when choosing pre-employment tests to predict performance on the job.
A.  Concurrent Validity

The correlation of test scores with job performance of current employees.

The test scores and the criterion scores are obtained at the same time, e.g., from current employees of an organization.

B.  Predictive Validity.

The correlation of test scores with later job performance scores of persons just hired.

The test scores are obtained prior to hiring.  Criterion scores are obtained after those who took the pretest have been hired.

Validation Study.

A study carried out by an organization in order to assess the validity of a test.

Factors affecting validity coefficients in selection of employees or students
1.  Problems with the selection test.
A.  Test is deficient - doesn't predict all that affects the job

Test may predict one thing.  Job may require something else.

Example:  

Job:  Manager:

Requirements
Cognitive ability





Conscientiousness





Interpersonal Skills

Test:  Cognitive Ability Test









B.  Test is contaminated  - affected by factors other than the factors important for the job

Example

Job:  Small parts assembly


Requirements


Manual Dexterity

Test:  Computerized Manual dexterity Test
Manual dexterity







Computer skills 






2.  Reliability of the Test and Reliability of the criterion
This was covered in the section on reliability ceiling









3.  Range differences between the validation sample and the population in which the test will be used.

If the range (difference between largest and smallest) within the sample used for validation does not equal the range of scores in the population for which the test will be used, the validity coefficient obtained in the validation study will be different from that which would be obtained in use of the test.

A.  Validation sample range is restricted relative to the population for which the test will be used- the typical case.

e.g. Test is validated using current employees.  It will then be used for the applicant pool consisting of persons from all walks of life, some of whom would not been capable enough to be hired.







The result is the correlation coefficient computed from the validation group will be smaller than that which would have been computed had the whole applicant pool been included in the validation study.

Why do we care about differences in range?  When choosing tests, comparing different advertised validities requires that the testing conditions be comparable.  A bad predictor validated on a heterogeneous sample may have a larger r than a good predictor validated on a homogenous sample.

B.  Validation sample range is larger than that of the population for which the test will be used - less often encountered.

A test of mechanical ability is validated on a sample from the general college population, including liberal arts majors.

But the test is used for an applicant pool consisting of only persons who believe they have the capability to perform the job which requires considerable mechanical skill.  So the range of scores in the applicant pool will be restricted relative to the range in the validation sample.


Criterion-related validity is the bottom line.  It’s the most important characteristic of a pre-employment test.
Comments on reliance on criterion related validity when doing selection.
Mindless empiricism.  Note that the issue of criterion related validity of a measure has nothing to do with that measure’s intrinsic relationship to the criterion.  A test may be a good predictor of job performance even though the content of the test bears no relationship to the content of the job.  This means that it does not have to make sense that a given test is a good predictor of the criterion.  The bottom line in the evaluation of a predictor is the correlation coefficient.  If it is sufficiently large, then that’s good.  If it’s not large enough, that’s not good.  Whether there is any theoretical or obvious reason for a high correlation is not the issue here.

Thus, this is a very empirical approach to the study of relationships of tests to criteria, with the primary emphasis on the correlation, and little thought given to the theory of the relationship.

Such a focus gets psychologists in trouble with those to whom they’re trying to explain the results.  Consider the Miller Analogies Test (MAT) for example.  Example item:  “Lead is to a pencil as bullet is to a) lead, b) gun, c) killing d) national health care policy.”  How do you explain to the parent of a student denied admission that the student’s failure to correctly identify enough analogies in the Miller Analogies Test prevents the student from being admitted to a graduate nursing program?  There is a positive and significant correlation between (MAT) scores and performance in nursing programs, but the reason, if known, is very difficult to explain.

Do companies conduct validation studies?
Many do not – because they lack expertise, because they don’t see the value, because of small sample sizes, or because of difficulty in getting the criterion scores, to name four reasons.

Correcting validity coefficients for reliability differences and range effects
Why correct?

1.  If I’m evaluating a new predictor, I want to compare it with others on a “level” playing field.  That includes removing the effects of unreliability and of range differences between the different samples.

So the corrections here permit comparisons with correlations computed in difference circumstances.

Corrections are in the spirit of removing confounds whenever we can.  Examples are standard scores and standardized tests.  Both remove specific characteristics of the test from the report of performance.

2.  In meta-analyses, the correlations that are aggregated must be “equivalent”

When comparing different selection tests validated on different samples, we need equivalence.

Standard corrections

1.  Correcting for unreliability of the measures





rXY

rtX,tY(1) = ----------------------------------




sqrt(rXX’)sqrt(rYY’)

The corrected r is labeled (1) because there is a 2nd correction, shown below, that is typically made.

Suppose rXY = .6, but assume rXX’ = .9 and rYY’ = .8.
Then rtX,tY would be .6/sqrt(.9)sqrt(.8) = .6 / (.95)(.89) = .6 / .85 = .71.  This is 18% larger than the observed r.
Caution:  The reliabilities and the observed r have to be good estimates of the population values, otherwise correction can result in absurd estimates of the true correlation.

In selection situations, we correct for unreliability in the criterion measure only.


We don’t correct for unreliability in the test because in selection situations, the observed test is what is used.  We might be interested in the true scores on the dimension represented by the test, but in selection, we can’t use the true scores, we can only use the observed scores.  However, differences in employees on the true dimension of performance will be important over a period of time with the company, so we correct for the unreliability of a single measure of that true performance.
So, in selection situations, the correction for unreliability is





   rXY

rX,tY(1)= ----------------------------------------





sqrt(rYY’)

Note that the corrected correlation is labeled rX,tY, not rtX,tY to indicate that it is corrected only for unreliability of the criterion, Y.

2.  Correcting for Range Differences on the criterion variable.
This is applicable in some selection situations.
After correcting for unreliability of X and Y, a 2nd correction, for range differences, is made.


SUse

rtX,tY(1) * ------------


SVal
rtX,tY(2) = -------------------------------------------------------------------

S2Use

sqrt(1 -  r2tX,tY(1) + r2tX,tY(1)-----------)

S2Val
In this formula,

rtX,tY(1) is the correlation corrected for unreliability from the previous page.
SUse is the standard deviation of Y in the population in which the test will be used.
SVal is the standard deviation of Y in the validation sample.

3.  Other corrections.
There is a growing literature on corrections in meta analyses and in selection situations.

References . . .
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II.  Construct Validity II
Definition:  the extent to which observable test scores represent positions of people on underlying, not directly observable, dimensions.

This is similar to an earlier definition, denoted Construct Validity I here, covered in PSY 510/511 on The Validities:  The extent to which the content of a test reflects the actual dimension of interest.  

Why are we interested in this?
1.  In Selection.

For many, particularly high level jobs, it is felt that performance is determined by certain attributes which are not directly observable, such as leadership ability, intelligence, motivating potential, initiative, extraversion, agreeableness, conscientiousness, emotional stability, etc.  Look at managerial job descriptions for examples of such constructs.
So it is felt that if we can measure these traits, then we can identify persons who will be good managers, leaders, sales persons, etc.

Note the distinction between this approach and the criterion related validity approach.  With the former, we don’t really care WHY someone performs well; all we wish to do is to identify a test that correlates with performance, regardless of the causes of that performance.  It’s a very empirical approach.

Here, we definitely have a theory of why persons perform well.  So we seek tests that measure those underlying attributes that we believe contribute to good performance.  It’s a very theoretical approach.

2.  In theory construction.

Our theories are made up of relationships between theoretical constructs - attributes of people and how those attributes are related to behavior or other attributes.

Construct validity concerns how those attributes are measured.

e.g. In I-O, there are theories of the relationship of job satisfaction to performance, to turnover, and to other organizational factors.

But what is job satisfaction?

a.  A single dimension measurable by responses to a verbal questionnaire item?

b.  A single dimension measurable by responses to Faces?

c.  Multiple facets, not combinable into a single dimension?

d.  Multiple facets combinable into (representing) a single dimension?

Construct validity concerns the meaning of the concepts contained in our theories.

Assessing Construct Validity

How do we know a test measures an unobservable dimension?

This is kind of like pulling oneself up by ones own bootstraps.

Ultimately construct validity is based on a subjective consensus of opinion of persons knowledgeable about the construct under consideration.

We begin with a measure of the construct that knowledgeable people agree measures the construct.

Generally speaking, a new measure of a construct has high construct validity if

a.  the new measure correlates strongly with other purported measures of the construct - i.e., has high convergent validity, and

b.  the new measure correlates negligibly (i.e., near zero) with measures of other constructs which are unrelated (correlate zero with) the construct under consideration - i.e., has high discriminant validity.  Discriminant validity refers to lack of correlation.
Consensus comes in with respect to judgments about 
1) what the other purported measures of the construct are and 
2) what other constructs should be unrelated to the construct.

Convergent validity:  The correlation of a test with other purported measures of the same construct.

Two ways of assessing Convergent validity of a test


1.  Correlation approach:  Correlate scores on the test with other measures of same construct.

2.  Group Differences approach:  Determine if groups known to differ on the construct are significantly different on the test.  Compare successful sales people with clerks on the new measure of Extraversion.
If two groups that should be different are different, that is an indication of high convergent validity.


If two groups that should be different are not different, that’s an indication of low convergent validity.

Discrmininant validity:  The absence of correlation of a test with measures of other theoretically unrelated constructs.

Two ways of assessing Discriminant validity of a test.

1.  Correlation approach:  Correlate the test with measures of other, unrelated constructs.  Low correlations means good discriminant validity.

2.  Group Differences approach:  Determine that groups known to differ on other constructs are not 




      significantly different on the test.

So, establishing construct validity involves correlating a test with many other measures of the same construct and of different constructs.   High power required.
Path diagrams of various construct validity possibilities

Suppose the Wonderlic Personnel Test is being evaluated as a new measure of intelligence.

It should correlate with other measures of intelligence and not correlate with personality.

1.  Good convergent validity, good discriminant validity.  








2.  Poor convergent validity;  good discriminant validity.
Suppose a “head size” measure of intelligence is being evaluated.







3.  Good convergent validity, poor discriminant validity
Suppose a multiple choice measure of cognitive ability is being evaluated.








2.  Poor convergent validity, Poor discriminant validity.
Suppose a multiple choice measure of arithmetic ability is being evaluated.








 “The Good Test”  (Sundays at 10 PM on The Learning Channel)
High reliability:  Large positive reliability coefficient - .8 or better to guarantee acceptance

Good Validity

Good Convergent Validity:  Large, positive, correlations with other measure of the same construct.

Good Discriminant Validity:  Small correlations with measures of other independent constructs.

The zombie of validity land - Common method effects aka common method bias
Common method bias is a bias that affects all responses collected using the same method.  It may be a characteristic of the method or it may be a characteristic of the person that becomes apparent only when a particular method, such as self-report to all items, is used.  This effect causes correlations to be distorted.
A.  Common method bias may increase correlations if it affects both measures.
If all measures, either of the same construct, or of unrelated constructs, are collected using the same method, e.g., self-report, the measures may be correlated simply due to the fact that they use the same method. Example:  Consider the Big Five dimensions of Conscientiousness and Agreeableness.  
In 4 studies, the correlations between scores on the two dimensions are .36, .24, .29, and .37.  All 4 are significantly larger than 0.  Self-reports of Conscientiousness and Agreeableness were used to form the scores.
But when a tendency to response positively (present oneself positively) that was present in all the self-report questionnaires was taken into account, the correlations became .09, .11, .00, and .08.  None was significantly different from 0.
Graphically, this situation can be illustrated as follows . . .













So the problem of assessing both convergent and discriminant validity involves separating the correlations between measures which are the result of the measures tapping the same construct from the correlations which are a result of the measures involving the same method.

Example 2 – Method bias increasing correlations of measures gotten using the same method.

From Biderman, M. D., Nguyen, N. T., Cunningham, C. J. L., & Ghorbani, N.  (2011). The ubiquity of common method variance:  The case of the Big Five.  Journal of Research in Personality, 45, 417-429.
Table 7 from the paper

The top rows of correlations are of PANAS (Positive And Negative Affect Scales) Positive Affect and Negative Affect scale scores with Big Five scale scores.  Note that ALL are significantly different from 0 with ALL correlations with Positive Affect significantly larger than 0 and ALL with Negative Affect significantly less than 0.

This lead to the question:  Are ALL the dimensions of the Big Five related to affect?  If so, what does that say about personality?  About the Big Five?  In the words of a junior high student to my friend, Janet Brodsky, “That jus’ don’ make no sense, Mrs. Brodsky.”

The middle rows are correlations of Factor Scores of the Big Five dimensions with the two affect scores.  These scores have the effect of method bias removed from them.   Note that only 3 of the Big Five correlations – two from the Stability dimension – are now significant.  Note also that M – the measure of method bias = IS significantly correlated with both Positive and Negative Affect.  

We believe that method bias in this case is the tendency to present oneself positively (or negatively).  That tendency affects responses to all questionnaire items – both the Big Five and the PANAS items.  So it IS positively correlated with Positive Affectivity and negatively correlated with Negative Affectivity.  But when its effect on the Big Five items is removed, they generally are not correlated with the Affectivity scales (with the exceptions noted above).

The last two rows present the result of removal of the method bias in another way, just for the sake of completeness. 

B.  Method bias may add noise, suppressing correlations if it affects one measure but not the other.

About 200 participants were given the IPIP Big Five questionnaire and the NEO-FFI Big Five questionnaire.  Conscientiousness scale scores were computed from each questionnaire.

The conscientiousness scale scores were correlated with GPA.

First, correlations not taking method bias into account were as follows


IPIP
NEO-FFI



Neither scale correlates very highly with GPA.

Next, “purified” estimates of conscientiousness were obtained from each questionnaire with the contamination by method bias removed.
The

The “purified” estimates of C correlated much more highly with GPA than did the “contaminated” estimates.
A theoretical model for the above results for single questionnaire . . .




IPIP Questionnaire




NEO Questionnaire

If Scale C were not affected by Method Bias, it’s correlation with UGPA would be equal to the correlation of “purified” C with UGPA.
More on method bias in the next lecture.

The MultiTraitMultiMethod (MTMM) matrix.

Learning how to read a MTMM matrix will help you understand the relationships of reliability, convergent validity, and discriminant validity.
The issue:  Determining how much method bias influences correlations between traits.

Campbell and Fiske recommended putting the correlations among the measures of traits using different methods into a matrix of correlations, constructed so that the matrix could be judged by the four criteria below.  The matrix is the MTMM matrix.
What you need . . .

1.  You need a construct measured using two different methods.  For example, self vs. peer ratings would be two different methods.  Or two questionnaires – IPIP vs. NEO – would be two different methods.
2.  You need a different construct measures using the same two measures.  In most examples, the other construct is one that we would not expect to be correlated with the first construct.
So, we get 4 scores from each person
Construct A – Method 1
A1
Construct A – Method 2
A2
Construct B – Method 1
B1
Construct B – Method 2
B2
We’ll compute the following summary statistics . . .

0.  The reliabilities – correlations of same traits using the same methods – should be the largest correlations in the matrix.  (Not actually presented by Campbell and Fiske.)

1.  The convergent validities - correlations between identical traits measured by different methods – A1 with A2 and B1 with B2 - should be statistically significant and high enough to warrant further consideration.

2.  The singly discriminant validities - correlations between different traits measured by the same methods – A1 with B2 and A2 with B2 – should be smaller than the convergent validities.  

3.  The doubly discriminant validities – correlations between different traits measured by different methods – A1 with B2 and A2 with B1 – should be the smallest correlations in the table.

MultitraitMultiMethod Matrix with 2 Traits and 2 Methods

Validating the IPIP Conscientiousness scale against the NEO Conscientiousness scale with Openness as a discriminating trait.  Conscientiousness is Trait A; Openness is Trait B.  IPIP is Method 1.  NEO is Method 2.
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A.  Reliabilities of Measures – Estimates of correlations of tests with themselves.
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B.  Convergent Validities - Correlations between identical traits using different methods
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D.  Doubly Discriminant Validities - Correlations between different traits using different methods
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The Cassill Data MTMM Matrix

Bill Cassill chose to investigate the extent to which content analysis could be used to measure traits which are typically measured using Likert scaling techniques.  He chose student evaluations of instructors as the vehicle for this investigation.  

Old Method.  He picked a common Likert type evaluation form and created a questionnaire which included four scales on this form.  These scales measured student’s perceptions of

1)  Enthusiasm of the instructor,

2)  Learning Value - the extent to which the instructor stimulated intellectual effort

3)  Interaction - the extent to which the instructor encouraged student discussion

4)  Organization of the instructor - the extent to which the lectures followed a logical order

New Method.  In the questionnaire, Bill also included two questions to which written answers were to be given.  The first was “In what aspects to you think your instructor a good teacher?”  The second was, “In what aspects to you think your instructor needs improvement?”

For each students written responses, Bill counted the number of positive references to Enthusiasm, Learning, Interaction, and Organization.  He also counted the number of negative references to each.  Then for each student, he formed eight scale scores.  The first four were the student’s summated responses to the four Likert scales.  The second four were based on the counts of references from the written responses.  In each case it was the number of positive references minus the number of negative references.  So a positive count would mean that the student made more positive then negative comments about a teacher with respect to an attribute, such as Enthusiasm.  

Ultimately, he had an 8 column by 200+ row data matrix.  Four of the columns represented Likert scale scores.  Four represented Content Analysis scale scores.   Within each group of 4, the four traits were each represented by one column. 

The two major issues here are the following . . .

1)  Do the four scales (E, L, I, and O) represent four separate dimensions.  If so, there should be low correlations between the scales.   This is a discriminant validity issue.

2)  Do the two methods measuring the same dimension correlate with each other.  If they do, then that’s an indication that they’re both measuring the same dimension.  This is a convergent validity issue.

The Cassill 4-trait by 2-method MTMM matrix –.
Inter:  

Interaction

Enth:  
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Organization
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Convergent Validity:    Same trait, different methods..  Should be positive.

Singly-discriminant:
Different traits, same method.   Should be 0 but method bias may result in r's > 0.

Doubly-discriminant:
Different traits, different methods.  Should be 0.

The green correlations suggest that there is some convergent validity between the two ways of measuring the four dimensions.

Obviously, the orange discriminant 1 intertrait correlations obtained with the Likert Scaling technique are VERY large.  This could be due to the fact that these traits are all the same.  But it is probably the result of HUGE method effects – some participants responding to all items with high values and others responding to all items with low values, leading to large correlations among all the Likert scales.  This might be a result of halo effects – participants making a general, overall evaluation and then responding to all items based on that evaluation, disregarding the content of the items.
The Discriminant 1 correlations among the content analysis scores suggest that when content analysis is used, the traits are responded to independently.
III.  Content Validity
The extent to which test content represents the content of the dimension of interest.

Example of a test with high content validity

A test of general arithmetic ability that contains items representing all the common arithmetic operations.

Example of a test with low content validity

A test of general arithmetic ability that contains only measurement of reaction time and spatial ability.

Note that the issue of whether or not a test contains the content of the dimension of interest has no direct bearing on whether or not scores on the test are correlated with position on that dimension.  

Of course, the assumption is that tests with high content validity will show high correlations with the dimensions represented by the tests.

Why bother with Content Validity?

1.  In many selection situations, it is easier to demonstrate content validity than it is criterion related validity.  A validation study designed to assess criterion related validity requires at last 200 participants.  In a small or medium-sized company, it may be impossible to gather such data in a reasonable period of time.

(The VALDAT data on the validity of the formula score as a predictor of performance in our programs has been gathered over a period of 12 years, increasing at the rate of about 20 / year.. We didn’t have 200 until 10 years into the project.)
2.  It is easier to make lay persons understand the results of a content valid test than one that has high criterion related validity but is not content valid.  This includes the courts.

Assessing Content Validity: The Content Validity Ratio

1.  Convene a panel of subject matter experts (SMEs).

2.  Have each judge rate each item on the test as a)  Essential, b) Useful, or c) Not necessary.
3.  Label the total number of judges as N.

For each item . . .

3.  Compute the number of judges rating the item as essential.  Label this count, NE.


NE – N/2

4.  For each item, compute the Content Validity Ratio (CVR) as CVR = -------------------.

N/2

5.  Compute the mean of the individual item CVRs as the test CVR.

Note that the CVR can range from +1, representing highest possible content validity to -1, representing lowest possible content validity.

Tables of “statistically significant” CVRs have been prepared.
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Job





As it should, the test measures cognitive ability which predicts part of what the job involves





Some of the variation in job scores will be due to individual differences in Conscientiousness and Interpersonal Skills.  But these differences won’t be reflected in the Test scores.





So r between Test and Job will be smaller than it should be due to deficiency of test.
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Some of the variation in Test scores will be due to individual differences in Computer Skills.  But these differences won’t be reflected in Job scores.  So the r between Test and Job will be smaller than it should be due to contamination of the test.
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Small r.  Observed validity is affected by true correlation AND by errors of measurement
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Test:  Ability
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Population:


Applicant pool consists of persons who would not have been capable enough to have been hired. - They would score low on the test and low on the job, making the overall correlation high.





Validation sample:


Current employees are a select group.





Correlation between test and job is small within that group.
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Test scores





Population.Applicants are a select group..





Correlation between test and job is small within that group.





Validation sample. Consists of a wide range of abilities, most of which are below the level appropriate for the job.





If SVal is less than SUse, the typical restriction of range situation, this r(2) will be larger than r(1).
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Convergent validity





No correlation between the new IQ measure and the measure of Conscientiousness
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No correlation between the new IQ measure and the measure of Conscientiousness
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Multiple choice CA measure
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High correlation indicates poor
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Cognitive Ability Test of arithmetic only – multiple choice
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Individual differences in tendency to agree with questionnaire items is a Method artifact that will inflate correlations.
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The relationship being tested is that of Conscientiousness to Agreeableness
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Convergent:  Same trait ; different questionnaire.


Singly Discriminant:  Different traits; same questionnaire.


Doubly Discriminant :  Different traits ; different questionnaire.





Reliabilities should be the largest values in the matrix.





Convergent:  Same trait ; different questionnaire.


Singly Discriminant:  Different traits; same questionnaire.


Doubly Discriminant :  Different traits ; different questionnaire.





Convergent validities should be the second largest values in the table.  They should be significantly different from 0.





Singly discriminant validities may be different from zero because of method bias.  This is often found in summated scales – see the following Cassill dataset for an example.





If the different traits are independent of each other, then the doubly discriminant validities should be essentially 0.





Convergent:  Same trait ; different questionnaire.


Singly Discriminant:  Different traits; same questionnaire.


Doubly Discriminant :  Different traits ; different questionnaire.





Convergent:  Same trait ; different questionnaire.


Singly Discriminant:  Different traits; same questionnaire.


Doubly Discriminant :  Different traits ; different questionnaire.
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