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The last thirty-five years have seen several acrimonious debates over the nature, malleability, and importance of intelligence.  The most recent controversy involved Richard J. Herrnstein's and Charles Murray's The Bell Curve (1994), which argued that variation in general intelligence is a major and growing source of overall and between-group inequality and that much of its importance derives from genetic influence.  The arguments of The Bell Curve were also raised in the earlier battles, and met similar reactions (see Jensen, 1969; Herrnstein, 1973; Jensen, 1980).  In the social-scientific community, many are deeply skeptical of the concept of general intelligence and of IQ testing (e.g., Fischer et. al., 1996).


This paper assesses the methods of intelligence measurement, or psychometrics, as practiced by researchers working in the classical tradition that has been most prominent in the IQ debates.
  It argues that the case for the existence and importance of something corresponding with general intelligence has been unduly maligned by many social scientists, though the question is more complicated than is generally acknowledged by psychometricians.  I briefly summarize the challenges that psychometricians must overcome in attempting to measure "intelligence" before exploring each of these issues in detail.  Finally, I close with a summary of the critique and offer concluding thoughts on the place of intelligence research in sociology.

Measuring Intelligence -- Three Psychometric Challenges.


"Intelligence" is a socially constructed attribute.  The attempt to measure something that corresponds to a construct, which itself is unobservable, involves a number of problems.  As the branch of psychology that is concerned with estimating levels of unobservable, or latent, psychological traits, psychometrics faces three major challenges:


The Sampling Problem.  The fundamental premise of psychometrics is that one can infer individuals' latent trait levels by observing their responses to a set of items on some assessment.  An individual's responses to the items are conceived as a sample of her responses to a hypothetical complete domain of items that elicit the latent trait(s).  For example, one's score on a spelling test that included a random sample of words culled from a dictionary would indicate one's mastery of spelling across the entire domain of words in a given language.  The domain from which most actual tests "sample", however, can only be conceived in fairly abstract terms.  What constitutes a representative sample of item responses that indicates a person's intelligence?  How does one construct an assessment to elicit this representative sample of responses?  These questions reflect psychometricians' sampling problem.


The Representation Problem.  Given a set of item responses, the psychometrician must translate test performance into a measurement of the latent trait of interest.  The latent trait, however, may not be amenable to quantitative representation.  It might make little sense, for instance, to think of people as being ordered along a continuum of intelligence.  Even if intelligence can be represented quantitatively, it may be multidimensional (e.g., involving on the one hand the facility with which one learns things and on the other the amount of knowledge accumulated over one's lifetime).  High values on one dimension might not imply high values on the others.  That is, it may be necessary to represent intelligence not as a single value but as a vector of values.  A more concrete question is how to compute a trait value or vector from test performance.  In some cases, as with spelling tests, the proportion correct may be an appropriate measure, but it is far less obvious in most cases that proportion-correct or total scores are appropriate estimates of latent traits.  Depending on how they are to be applied, one must justify that trait estimates are measured on an appropriate scale level. For example, the SAT has been developed so that in theory, a score of 800 implies just as favorable a performance compared to a score of 700 as a score of 600 implies versus a score of 500.  In both cases, the difference is 100 points.  But a score of 800 does not imply that an examinee did twice as well as someone scoring 400.


The Validity Problem.  How does one know whether the estimated trait level is meaningful in any practical sense?  Psychometricians might claim that an IQ score represents a person's intelligence level, but why should anyone believe them?  Psychometricians must justify that they have measured something corresponding to the initial construct.

Test Construction and the Sampling Problem

Psychometricians have few options regarding the sampling problem.  When the test to be designed is a scholastic achievement test, they can consult with educators and educational researchers during the process of test construction.  The resulting sample of test items might be representative in a rough sense in that it reflects the consensus of education professionals regarding what students in a particular grade ought to know.  However, test construction unavoidably involves some subjectivity on the part of the designer, and this is truer of intelligence tests than of achievement tests.  

Psychometricians do "try out" their items during the process of test construction, and they take pains, if they are rigorous, to analyze individual items for ambiguity and gender, ethnoracial, regional, and class bias.  Many critics of IQ testing assert that test items are biased against particular groups.  In terms of the sampling problem, a vocabulary subtest that systematically samples words unlikely to be used by persons in certain geographic areas or by members of particular socioeconomic backgrounds, holding true vocabulary size constant, would not be a fair assessment of vocabulary size.  Furthermore, it is true that the development of test items for new IQ tests relies on the types of items that were included in earlier tests that are thought to "work".  If earlier IQ tests were biased, then the bias would tend to carry forward to the next generation of tests in the absence of corrective measures.  

Psychometricians have done much more work in the area of "content bias" than test score critics imagine.  The best review of such research can be found in Arthur Jensen's Bias in Mental Testing (1980).  Psychometricians evaluate individual test items by comparing the relationships between item responses and overall test scores across different groups of people.  If white and black test-takers with similar overall test scores tend to have different probabilities of a correct response on an item, this suggests a possibly biased item.  Another indicator of potential bias occurs when ordering of items by average difficulty varies for two groups.  Similarly, if an item does not discriminate between high-scorers and low-scorers equally well for two groups, bias may be to blame.  These methods have been greatly facilitated by item response theory, which allows the researcher to model the probability of a correct response to each item on a test as a function of item difficulty and discrimination and of a test-taker's latent ability.

Regarding differences in measured IQ between blacks and whites, Jensen cites evidence that the size of the black-white gap does not have much to do with the cultural content of test items.  Thus, McGurk (1975), in a large meta-analytic study, found that black-white IQ gaps were at least as large on non-verbal IQ subtests than on verbal subtests.  McGurk (1951) also conducted a study in which he had a panel of 78 judges classify a number of test items according to how culture-laden they believed the items to be.  The judges consisted of psychology and sociology professors, graduate students, educators, and guidance counselors.  McGurk found that black-white IQ gaps were larger on those items that were judged to be least culture-laden, even after adjusting for the difficulty levels of the items.  Finally, some of the largest black-white test-score differences show up on Raven's Progressive Matrices, one of the most culture-free tests available.  The Matrices consist of, for instance, a complex wallpaper-like pattern with an arbitrary section removed.  Examinees then choose the correct section from a number of subtly different choices.  Thus, the Matrices do not even require literacy in a particular language.

On the other hand, it is also true that test items are selected and retained on the assumption that there are no male-female differences in general intelligence.  Items that produce large male-female differences are discarded during the process of test construction.  Why shouldn't psychometricians also do the same for items that produce large black-white differences?  The answer is that "sex-by-item interactions" (sex-varying item difficulties) tend to roughly cancel each other out on tests of general intelligence, so that the average difference in item difficulty is small.  For blacks and whites, on the other hand, race-by-item interactions tend to be small relative to mean differences in item difficulty.  That is to say, whites generally have higher probabilities of success across items, and this pattern tends to overwhelm any differences in how particular items "behave".  When items with large race by item interactions are removed, the psychometric properties of a test (the reliability and validity, which I discuss momentarily) tend to suffer.  Furthermore, the removal has only a small effect on the size of the black-white gap (Jensen, 1980, p. 631-2).

Before leaving the question of content bias, it is worth introducing the concepts of internal-consistency reliability and of construct and predictive validity.  A test's reliability indicates the extent to which its subtests or items are measuring the same thing -- the extent to which item responses are correlated.  A test's construct validity is the extent to which its patterns of subtest and item inter-correlations or its distribution of scores conforms to psychometric theory.  For instance, it is expected that certain subtests will correlate highly with one another based on their content, while others will instead correlate with different subtests.  Furthermore, psychometricians might expect that three such "factors" will be sufficient to explain the bulk of inter-correlation between all of the subtests.  In addition, psychometric theory often suggests that IQ scores should be distributed in a particular way.  These ideas should become clearer in the discussion of factor analysis below.  Predictive validity is the extent to which an IQ score correlates with variables that are hypothesized to be related to intelligence.  In terms of content bias, if a number of items are biased to the extent that they affect the accuracy of measured IQ for certain groups, the construct or predictive validities of the IQ test or its reliability would be expected to differ between different groups.  Many studies have considered these issues, which are quite complex.  For the most-frequently used IQ tests, there is remarkably little evidence of bias.  The late Stephen Jay Gould, a vocal critic of psychometrics, affirmed his agreement with this conclusion, arguing that "bias" is relevant not in a statistical (psychometric) sense, but in the sense that societal prejudice and discrimination could lead to the black-white test score gaps that are typically observed on IQ tests (Gould, 1981, 1994).

Test construction, in practice, involves selecting test items based on several conflicting criteria.  For example, it is desirable that a test should discriminate well among the members of a population; that is, it should allow us to make fine distinctions between test-takers' trait levels.  The best way to discriminate among test-takers is to add questions to a test, but long tests might burden test-takers and affect the accuracy of scores.  On the other hand, it is also desirable that a test has a high reliability, so that correct responses on one item are associated with correct responses on others.  If test items do not correlate with each other, they measure completely different things, and estimation of underlying trait levels is impractical.  Perfect item inter-correlation, however, would mean that every test item but one would be redundant: each test-taker would either get every question right or every question wrong.  This test would not discriminate well at all.

In determining how to trade off these criteria, psychometricians typically seek to construct tests that yield a normal distribution of test scores.  A test that maximized the number of discriminations made would produce a rectangular (flat) distribution of scores -- no two people would have the same score.  However, random error enters into test scores and test items also involve "item specificity" (variance that is due to items' uniqueness relative to other items).  These two components push the distribution of test scores away from a rectangular distribution and toward a normal distribution.  In fact, a normal distribution of test scores often results without the explicit intention of the test designer if the test has a wide range of item difficulties with no marked gaps, a large number of items and variety of content, and items that are positively correlated with total score (Jensen, 1980).

Psychometricians researching IQ in the classical test theory tradition, however, seek a normal distribution of test scores for a more fundamental reason: they assume that the underlying trait, intelligence, is normally distributed in the population.  This assumption is crucial for classical methods because it provides a partial answer to the second issue facing psychometricians, the representation problem.  To understand why the assumption that intelligence is normally distributed is fundamental to this question, it is necessary to consider the measurement scale issues related to test score interpretation.  This sampling problem will require revisiting on the basis of this discussion, but before delving in, I first turn to the other aspects of the representation problem.

The Representation Problem I. -- Quantification and Dimensionality

The entire field of psychometrics assumes that underlying traits of interest are quantitative in nature.  If a latent trait, such as intelligence, is not quantitative it makes little sense to estimate scores for individuals and make quantitative comparisons between them.  Many critics of IQ tests argue that there are multiple kinds of intelligence and that variation in "intelligence" is as much qualitative as it is quantitative.
  Psychometricians take a pragmatic view and ask whether there is something that corresponds to our ideas of intelligence that can be measured quantitatively.  IQ scores have been shown to predict numerous socioeconomic outcomes, implying that they measure something quantitative in nature.
  Psychometricians call this "something" general intelligence, but this is just a label that stands in for the specific quantitative variable(s) IQ taps into, such as the number of neural connections in the brain or the amount of exposure to complex ideas, to name two possibilities.  The fundamental idea is that persons with more of this "something" answer more – and more difficult – test items correctly.

Cognitive scientists such as Earl Hunt prefer to emphasize qualitative differences in problem-solving strategies rather than pondering the mysteries of some hypothesized latent quantitative trait (Hunt, 1997, 2001).  Thus, two people might use different strategies to solve a given problem, and differences in these strategies might lead to more or less success on IQ tests.  Hunt and his colleagues have shown that it is possible to boost test scores by explicitly teaching students more successful problem-solving strategies.  Viewed in this way, IQ scores might be seen as measuring two different quantitative variables – the probability, conditional on some latent ability, that one's problem-solving approach will yield correct answers, and one's latent ability "level".  This formulation draws attention to the sampling problem – certain types of items are more amenable to different problem-solving strategies – and also highlights the representation problem of dimensionality, to which I turn next. 

Psychometricians rely on the tools of factor analysis and principal components analysis to determine the dimensionality of trait estimates.  These related statistical techniques allow one to examine the pattern of correlations among test items or subtests of IQ test batteries to determine the number of independent dimensions ("factors") that are needed to account for the observed item/subtest inter-correlations and variance in item response and test performance.  To the extent that a test or a battery of tests measures some unitary "intelligence", a single factor will account for a substantial proportion of variance in test performance and in performance on most items and subtests.

As an analogy, we are unlikely to agree on a formal definition as to what constitutes athletic ability, but we can measure how fast an individual runs, how much weight she can lift, and whether she can execute a difficult dive from a springboard.  If the same people tended to do well on each of these and other tests, we would have reason to believe that there was "something" common to all of the performances, which we might think of as a general "athletic ability".  Of course, it might turn out that the same people tended to do well on certain tests but that different people tended to do well on others.  We might end up concluding that it is more useful to speak of multiple athletic abilities such as endurance, hand-eye coordination, and leg strength.  Or we might find that each test mostly measured a unique ability.  The point is that something objective and measured would underlie the conclusion.

Factor analysis provides a way to statistically "find" the underlying relationships between performances on different tests.  In the case of intelligence, psychometricians administer a battery of mental tests to a group of subjects and then examine the correlations between scores on the different subtests.  Using these correlations, they can calculate the extent to which test score inequality for a particular subtest is accounted for by factors that also explain test score inequality for one or more of the other subtests.  

Factor analyses invariably find that the factors that explain most of the test score variance in one subtest also explain most of the variance in the other subtests.  Furthermore, it is generally the case that a substantial proportion of the variance of most subtests is accounted for by a single factor common to all of the subtests.  Psychometricians call this factor the "general factor", or simply "g".  Strictly speaking, it is a person's "score" on this general factor that represents his or her general intelligence.  To the extent that a general factor does not explain most of the variance in a set of test scores, the test battery is tapping multiple traits or attributes that differ among examinees, weakening the claim that scores from a test battery are measuring some unitary intelligence.

The details of factor analysis are too technical to discuss here, but a brief description is necessary to assess its strengths and weaknesses.
  Factor analysis expresses the variation in a set of variables in terms of a smaller number of theoretical dimensions (factors).  A factor is simply a linear combination of the original variables and is conceived as a source of variance in the original variables.  Factor analysis transforms a matrix of correlations among subtest scores to a matrix showing the correlation of each subtest with one or more such factors.

It should be clear that a factor is only a statistical construct, but factor analysis provides a way to more parsimoniously describe the way that subtests are related to each other.  Practically, psychometricians usually construct factors so that each additional factor explains the greatest possible proportion of variance remaining in the set of subtest scores (after the variance explained by preceding factors is accounted for).  For a given number of factors that explain some proportion of variance, however, there are an infinite number of other ways to linearly combine the original subtest scores so that the same number of factors results in the same explained variance.  The initial factors, which are orthogonal to each other (not correlated), are arbitrary constructions.  For the sake of interpretation, it is usually preferable to transform these orthogonal factors so that the new factors tend to explain either much of the variance or very little of the variance in individual subtests.  This makes it easier to label each of the factors as measuring a skill elicited by particular tests.  Whether or not these statistically constructed factors correspond with their labels is an empirical problem of validity.

Finally, a factor matrix may itself be factor analyzed to extract one or more higher-order factors.  A single g factor is one such possibility, although it is theoretically possible that an IQ test contains no general factor or multiple general factors.  The most common model of intelligence places g at the third level of factors -- that is, g accounts for the inter-correlation of two or more factors, which each account for the inter-correlation of two or more lower-order factors, which each account for the inter-correlation of two or more subtests.  

A minority of psychometricians disputes the existence of a true general intelligence, as operationalized by g.  The next-most common model of intelligence specifies two or more correlated abilities at the second level of factors (e.g., Horn and Noll, 1994).  This family of models almost always includes "fluid" and "crystallized" intelligence as two such factors.  Fluid intelligence (Gf) -- which, like general intelligence, is simply a construct arising from factor analysis -- is typically conceived as the ability to solve unfamiliar problems, while crystallized intelligence is the ability to apply previous experience to a problem.  Crystallized intelligence (Gc), then, depends on having been exposed to a type of problem -- one will not be able to solve multiplication problems without having been taught how to do multiplication.  Note that proponents of this type of model do not dispute that fluid and crystallized intelligence levels are correlated, they simply argue that extracting a higher-order g factor to represent a true general ability is not warranted.  Carroll concedes that without a dataset that sampled all of the cognitive abilities known to researchers, it is not possible to settle this disagreement (Carroll, 1997a).  He argues that confirmatory factor analysis suggests that models with a third-order g factor explain typical data sets better than the Gf-Gc model, but he admits that the g factor might simply represent non-ability sources of covariation among lower-order factors deriving from genetic or environmental influences.  

In fact, factor analysis is so technical, and so reliant on the judgment of the researcher, that it may not even be possible to adjudicate between competing models of intelligence.  Glymour (1997) demonstrates via computer simulation that popular software for conducting exploratory factor analysis may only rarely be able to correctly identify the true (by design) number of factors or their hierarchical relationships.  Perhaps the safest conclusion from the massive body of factor analytic research is that cognitive abilities tend to show consistent patterns of correlation, whereby two or more correlated meta-abilities tend to explain much of the variation in test performance.  Invariably, two meta-abilities are reflected in particular tests in such a way that they correspond to the previously mentioned definitions of fluid and crystallized intelligence.  Any general factor extracted from a dataset may represent a measure of a true, unitary general intelligence, but it may simply be a weighted indicator of a person's fluid and crystallized intelligence and other cognitive abilities.

How can we know that Gf, Gc, and other factors are true abilities?  These factors turn up time and again in factor analyses that are suitable for discovering them, as revealed most impressively by Carroll (1993) in his reanalysis of over 450 datasets spanning much of the twentieth century.  Some IQ tests are group administered while others are individually administered.  Some are given verbally while others are written.  Subtests within IQ batteries may be timed or not timed and may measure breadth of ability or depth.  The items that comprise subtests are also diverse, including, to name just a few:

· Vocabulary and sentence completion questions

· Tasks that require drawing (for young children)

· Mazes

· Tasks requiring recognition of patterns involving only geometric shapes (and that are thus culturally neutral)

· Tasks requiring recognition of anomalies in everyday scenes (e.g., a clock with its numbers rearranged)

· Math word problems

· Tasks that require the ability to draw inferences and apply logical reasoning (e.g., "Five boys are to be paired with five girls to share a snack, and each pair receives either fruit or peanuts.  Bill can only be paired with a girl whose name starts with "B".  Beth can only be paired with Phil if they receive fruit.  Sally is allergic to peanuts....")

· Analogies and tasks requiring recognition of opposites

Mental tests are designed to measure different cognitive domains, such as verbal fluency, memory, arithmetic skills, and spatial visualization.  They are designed for different age levels.  A range of diverse samples has been given test batteries for the purposes of factor analysis. For the same common factors to predictably emerge in analyses of such diverse and heterogeneous mental tests and examinee samples is powerful evidence that measures of fluid and crystallized intelligence represent real cognitive abilities (or patterns of abilities).

More problematic is the fact that in any given test battery, the extent to which common factors generally and g in particular explain test score variance depends on how diverse the tests are.  As an example, if the set of tests in a factor analysis consisted of the same assessment administered multiple times to the same examinees, g would explain the bulk of the test score variance in each administration (with a small proportion explained by factors that vary randomly across each administration).  On the other hand, if the set of tests consisted of a vocabulary test, a performance of a piano composition, and a free-throw contest, common factors would likely explain very little of the distribution of scores on each test.  The point is that the set of tests that is factor analyzed should be diverse in order for g and other common factors to be meaningful, but should consist of tests that can reasonably be considered tests of mental abilities (rather than athletic or other abilities) for the common factors to be considered measures of mental abilities. Ultimately, this is another sampling problem, but one that is recognized among the developers of the best IQ tests. 

As a concrete example of how g-based claims that one is measuring intelligence can be misused, an example involving The Bell Curve is revealing.  Herrnstein and Murray factor analyzed the ten tests that make up the Armed Services Vocational Aptitude Battery, a test battery administered to Armed Forces recruits, though not technically an IQ test.  They found that three factors explained 82 percent of the variance of the ten test scores.  The general factor explained 64 percent of the variance (Herrnstein and Murray, 1994, p. 581-583).  The ten ASVAB tests are fairly diverse, ranging from tests of science, math and paragraph comprehension to mechanical comprehension and electronics knowledge.

In contrast, Roberts et. al. (2001) gave the ASVAB to a sample of examinees along with eleven additional mental tests, selected to represent a range of abilities identified in past factor-analytic research.  They then factor analyzed the test scores.  The g extracted from the twenty-one tests explained just 26 percent of the overall variance of test scores.  The first three factors extracted explained 47 percent of the variance rather than 82 percent.  Herrnstein and Murray used a composite of scores from four of the ASVAB subtests as their measure of IQ, a modified version of the Armed Forces Qualifying Test (AFQT).  Their justification for doing so was that their measure is highly g-loaded.  Among each of the AFQT subtests, Herrnstein and Murray's g explained between 66 and 76 percent of the variance.  Roberts and his colleagues do not report the corresponding figures in their analyses, but the first five factors they extracted only explained 23 to 61 percent of the variance of the AFQT subtests when factor analysis included the eleven additional mental tests.  The authors found that the AFQT subtests load mainly on a crystallized intelligence factor, so Herrnstein and Murray's measure of general intelligence probably is overly dependent on exposure to the content tested.

Conventional IQ tests, in contrast to the ASVAB, are constructed so that they include a broader representation of cognitive abilities that tap Gf, Gc, and other abilities.  The best tests also rely as little as possible on printed material, which obviously requires literacy and so adds a literacy dimension to whatever else is being tested.
  In sum, the general factor extracted from factor analysis of conventional IQ tests can be presumed to measure something that is at least an indicator of at least one type of general cognitive ability that can be conceived quantitatively.  Call it "psychometric intelligence" or – like the classical psychometricians – "general intelligence".  

The IQ scores that are typically computed are not actually general factor scores however.

The Representation Problem II. – Scoring and Measurement Scale

In classical test theory, reported test scores are transformations of the total number of test items a person answers correctly.  In the case of a single test, the distribution of raw scores is standardized to have some arbitrary mean and standard deviation, sometimes after first normalizing the distribution.  To normalize test scores, the psychometrician first converts raw scores to percentiles and then assigns each person the z score corresponding to his or her percentile.  These z-score conversions may then be standardized arbitrarily.  The importance of having a normal distribution of test scores derives from the assumption that the latent trait one is measuring is normally distributed in the population of interest, an assumption the importance of which I explore below.

IQ tests are actually batteries of subtests, each measuring a particular cognitive ability.  Computation of IQ scores involves standardizing (sometimes after normalizing) subtest scores and summing the standardized scores.  Then the resulting composite is standardized to have an arbitrary mean (typically 100) and standard deviation (typically 15), sometimes after normalizing the composite scores.  Sometimes composite scores are created to represent second-order abilities, such as Gf and Gc, and then these composite scores are summed to estimate g.  In all cases, these procedures are equivalent to assuming either 1) that all of the variance in subtest or composite scores is attributable to the corresponding higher-order factor, or 2) that any variance not attributable to the higher-order factor may effectively be treated as if it were random.  

The first of these assumptions is implausible -- a review of seventy studies by one of the most classical of classical psychometricians concluded that 30 to 60 percent of the variance in test performance on the most highly regarded IQ tests is attributable to a general factor (Jensen, 1987).  Nor is there any basis for justifying the second assumption.  The priority given to IQ scores over actual g factor scores has its basis in pragmatic considerations.  To compute an IQ score, an examiner needs only consult a table that gives the conversion from raw score to standard score for each subtest, sum the standard scores, and then consult a second table providing the conversion from composite score to IQ.  In contrast, to compute a g factor score, one must multiply each subtest standard score by the subtest's g loading (the correlation between g and the subtest), and then sum the (now-weighted) standard scores before converting to IQ.  Given the historical necessity of paper-and-pencil testing and the continued reliance on it today, the extra math required to compute g factor scores places a burden on test examiners and increases the possibility of human error in score computation.  Increasingly, computers are used to administer and score IQ test batteries, and some widely used IQ tests do in fact provide for factor scores as well as composite and IQ scores.  It should be evident, however, that the pragmatic advantage of using IQ scores comes at a cost – even presuming that g corresponds with general intelligence, IQ is potentially a flawed estimate of g.

There remains the question of measurement scale.  Under the assumption that IQ scores measure some unidimensional intelligence, a person with a measured IQ of 130 can be presumed to have a higher level of intelligence than another person with an IQ of 100, who can be presumed to be more intelligent than someone with an IQ of 70.  That is to say, we can presume that our IQ scores measure the latent trait of intelligence on an ordinal scale -- a scale that orders people.  The distribution of IQ scores, however, cannot necessarily be presumed to measure intelligence on an interval scale without further justification.  It is not necessarily the case that the 30-point difference in IQ between the first and second person in this example implies the same magnitude of intelligence as the 30-point difference between the second and third person.  

As an analogy, consider a ten-item questionnaire that assesses the extent to which a person is politically liberal or conservative.  Each item requires a binary liberal/conservative choice.  We might be able to say that someone who scores as a perfect liberal -- say, ten of ten -- is more liberal than someone with a score of eight, but it would not necessarily follow that the difference in "liberalism" between these two people is equivalent to the difference between people scoring two and zero.  Depending on the particular questions asked and the different response patterns, a perfect-ten liberal might be just barely more left-leaning than a person scoring eight out of ten.  The difference between a person scoring zero versus someone scoring two might be vast.

To justify measurement on an interval scale, psychometricians assume that the latent trait of interest is normally distributed in the relevant population and then attempt to obtain a normal distribution of raw test scores or composite scores in a representative sample of the population.  If the assumption is correct, and if a normal distribution of test scores is obtained, then the resulting measurements are on an interval scale.  When members of the population subsequently take the test, their scores have interval-scale meaning with respect to other members of the population.

There are several problems with this approach, however.  Most obviously, if the assumption that general intelligence is normally distributed is wrong, the whole justification collapses.  There is, however, reasonable support for this assumption in that many physical measurements (e.g., birth weights) and abilities (e.g., running speed) are approximately normally distributed.  In addition, some mental tests that are unambiguously measured on an interval scale also yield normal distributions of scores, among them vocabulary tests and "digit span" tests that determine the longest span of numerals that an examinee can recite back to the tester correctly.  Jensen (1980) discusses other empirical and theoretical justifications for the assumption that intelligence is normally distributed.  

However, a normal distribution of test scores may be unrelated to any theorized normal distribution of intelligence – it could simply arise based on the intention of the test designer or based on the psychometric properties of the test items, as noted previously regarding the sampling problem. 

Beyond the validity of the assumption itself and the fact that other influences make a normal distribution of test scores relatively likely without resorting to the assumption, there is another problem with the classical justification for interval scale measurement.  This is the fact that, as noted in the previous section, it is the general factor that is associated with intelligence in the classical tradition.   Technically, then, it is the distribution of g scores that should be normally distributed in the sample, which would correspond with a theorized normal distribution of g in the population.  To the extent that items and subtests are not perfect measures of g, the distribution of test scores becomes increasingly less relevant for showing that one's sample results correspond with a theorized population distribution of intelligence.  Jensen's review implies average correlations between battery subtests and g of .55 to .77 percent, which are high but decidedly not 1.00.  To the extent that the remaining variance is variance from random error or from other factors that are both normally distributed and highly correlated with g, this problem diminishes, but we are now moving away from the original, simpler, justification for interval scale measurement.  In short, the assumption that intelligence is normally distributed is pretty weak justification that one has obtained interval scale measurement in estimating intelligence with IQ scores.

The justification of interval scale measurement within classical test theory suffers from yet another weakness, one that also relates to the sampling problem.  In classical psychometric theory, an IQ score has meaning with respect to the population on which the corresponding test was normed.  That is, one cannot compare IQ scores of two people who take tests that were standardized on different populations, except to compare the positions of the individuals relative to their own reference populations.  So one can say that an American with an IQ of 130 is "as intelligent" as a Russian with an IQ of 130 (from a Russian IQ test) in the sense that they are both two standard deviations above the mean IQ in their country.  One cannot say that an American with an IQ of 130 is more intelligent in some absolute sense than a Russian with an IQ of 120.  (What if the Russian mean on the American scale is 90?)  Nor can one validly give a test standardized on one population (Americans) to a dramatically culturally different population (Kalahari bushmen).  If a test is administered to members of a population other than that on which it was originally normed, there is little reason to believe that the resulting scores still measure what they were intended to or are on an interval scale.  Most eight-year-olds will do poorly on a test designed for seventeen-year-olds, as will most Americans on a test designed for Russians.  

A less appreciated conclusion that follows from this idea is that if people learn increasingly more over the course of generations, one cannot administer an IQ test constructed twenty years earlier to examinees and expect that the scores will still measure intelligence on an interval scale.  In fact, there is ubiquitous evidence that people are learning more over time – people score higher on out-of-date tests than individuals did when the test was current, a cross-national phenomenon known as the "Flynn Effect" (Flynn, 1987).  This means that to justify interval scale measurement of intelligence, IQ tests must be periodically revised – the sampling problem periodically revisited – so that the desired normal distribution of raw scores obtains in different generations.

The Flynn Effect, however, raises a profound challenge to the assumption that general intelligence is normally distributed in the population, for it is low-scoring individuals who generally show improving test performance over time.  Psychometricians wedded to the normality assumption can respond in one of three ways.  They can claim that the Flynn Effect is artifactual, reflecting changes in something other than intelligence (i.e., familiarity with the procedures of standardized testing).  Alternatively, they can argue that the distribution of intelligence has not really changed but that over time we must update the sample of item responses needed to reproduce the (still-true) normal distribution of intelligence.  This argument is intuitively satisfying in some respects – great thinkers from earlier epochs would probably do poorly on modern IQ tests, with their modern cultural referents, but it is difficult to argue that they were somehow "less intelligent" than today's typical American.  Still, it is not clear that over shorter periods of time, cultural change requires new test items to "reveal" the true population distribution of intelligence, and it is difficult to explain why such cultural change would only affect the lowest-scoring individuals.  Furthermore, the Flynn Effect is greatest on tests that are the least "culturally loaded".  Thus, the final response a psychometrician might offer to the Flynn Effect is to concede that the normality assumption does not, in fact, hold everywhere and in all times. 

Finally, one cannot justify interval scale measurement by pointing to a normal distribution of test scores if one does not in fact obtain a normal distribution of test scores in the test norming.  The common practice of normalizing test scores is justified on the grounds that the test scores ideally would have been distributed normally.  Claiming that one then has interval scale measurement clearly involves circular reasoning.  It should also be noted that the apparently innocuous practice of standardizing test scores can be quite problematic if the sample on which a test is standardized is not representative of the population of interest.  Using standard scores based on an idiosyncratic sample means that one is actually comparing a test-taker to the subset of the population represented by that sample.  IQ tests have historically only rarely been standardized on nationally representative samples.  Normalizing exacerbates these problems to the extent that test scores are not initially distributed as a bell curve.  Normalizing might be justified based on the normality assumption, but any gain in harmonizing one's score distribution with theory comes at the expense of reliability and validity.  The normalized scores will involve substantial measurement error to the extent that initial scores are bunched up at the low or high end of the range.  In this case, one's percentile ranking might be greatly affected by one's response to a single item.  A skewed distribution also means that many people will have perfect scores -- answering either no items or all items correctly -- so the test will be unable to discriminate among them.  This can be true even if the norming sample is representative of the population of interest.

It should be apparent from this discussion that the justification within classical psychometric theory for measuring intelligence on an interval scale is fairly weak.  Relying on raw or composite scores (or standardized or normalized scores) is theoretically less satisfactory than using g factor scores would be.  Nor is the normality assumption unproblematic.  And it is this assumption that justifies, albeit weakly, interval scale measurement.  If we cannot be sure that our measures of intelligence are measured on an interval scale, however, then it becomes problematic to perform statistical analyses with the measures, or even to make simple mathematical comparisons, such as comparing the mean IQ of different groups.  For if a ten-point difference in one part of the IQ distribution corresponds with a certain amount of intelligence and a ten-point difference in another part of the distribution represents another amount, then the utility of IQ scores beyond ordinal comparisons is limited.  Ultimately, however, the utility of any measure of a latent trait comes down to questions of empirical validity.

The Validity Problem


The last of the psychometric challenges is the validity problem -- the problem of showing that what has been measured corresponds to the initial construct.  The validity of a set of trait level estimates derived from an assessment may rest on one of four possible bases.  One might cite the process by which the test was constructed (content validity).  Achievement tests, for instance, are often designed with heavy input from educational experts with knowledge of contemporary school curricula.  Second, one might attempt to empirically demonstrate that estimated trait levels are correlated with one or more outcomes related to the trait (predictive validity).  Alternatively, the psychometrician might statistically analyze the estimates to determine if the results of the trait-level estimation confirm hypotheses that follow from the psychometric model used (construct validity).  For example, factor analysis can determine whether or not the trait that the assessment taps is unidimensional.  Finally, the psychometrician might attempt to show that estimated trait levels are highly correlated with trait levels estimated from another test that has previously been shown to have high validity (concurrent validity).  Content validity, which is one way of addressing the psychometric sampling problem, provides fairly weak evidence of a test's validity because it is inherently subjective.  Concurrent validity relies on the validity of another test and so is a secondarily important type of validity.  The previous section on measurement scale was in some sense a direct challenge to one basis of construct validity (producing a normal distribution of raw scores to correspond with a theorized normal distribution of intelligence).  In the rest of this section, I devote further attention to predictive validity, to which I have already referred multiple times in previous sections.


The succinct answer to the question of the predictive validity of IQ scores is that they universally are found to correlate strongly with educational, economic, and social outcomes that might be thought to be related to intelligence.  In this regard, Earl Hunt, who as mentioned earlier views classical psychometrics as an incomplete paradigm for considering questions of intelligence, has noted that, "The studies showing failures of intelligence as a predictor of [job] performance have been so small as to be almost anecdotes" (Hunt, 1997).   The same could be said of other educational and economic outcomes.


Reviews of the vast number of predictive validity studies relating to IQ and other test batteries such as the ASVAB may be found in Jensen (1980, Chapter 8), Herrnstein and Murray (1994, p. 71-81), and Bock and Moore (1986).  Here I briefly summarize a review by Richard Sternberg and his colleagues (2001), which I have chosen because Sternberg approaches intelligence measurement from a similar, nuanced, perspective as Hunt.  Sternberg et. al. report that correlations between IQ scores and either grades or subject achievement test scores are typically between 0.4 and 0.5.  These correlations are higher when studies use diverse samples.  In the standardization sample for the Woodcock-Johnson-Revised IQ test, the correlations ranged from 0.53 to 0.93.


The correlation between IQ and years of schooling ranged from 0.16 to 0.90 in studies reviewed by Stephen Ceci (1991).  The American Psychological Association task force charged with developing a consensus statement on intelligence measurement in the wake of The Bell Curve concluded that the correlation was 0.55 (Neisser et. al., 1996).


Sternberg et. al. cite the estimates of Hunter and Hunter (1984) to estimate that the correlations between job performance, measured in various ways, and IQ fall between 0.27 to 0.64 after correction for various sample biases.  Hartigan and Wigdor (1989) find correlations between 0.20 and 0.40 without making any corrections for restriction of the range of jobs and IQs in their samples.


Sternberg also reports that IQ is correlated with psychiatric problems among children, including behavior problems, depression, anxiety, hyperactivity, and delinquency.  Finally, the authors report that the length of time required for infants to familiarize themselves with a novel stimulus before demonstrating a preference for it is correlated with their IQ later in childhood, as is the timing of language adoption.

Herrnstein and Murray, using a composite score that (as mentioned above) may not accurately measure general intelligence per se, find correlations between their measure and poverty status, employment, out-of-wedlock childbearing, divorce, long-term welfare dependency, quality of home learning environments, child achievement, crime, and other outcomes.


The list could go on and on but the conclusion that IQ has substantial correlations with a range of outcomes is evident enough.  There are, however, two issues to which psychometricians have devoted inadequate attention.  The first is that it is not enough to know that IQ correlates with various outcomes; we should attempt a better sense of how strong the correlations are relative to other predictors.  Many studies do in fact attempt this, but psychometricians rarely have the rich data that social scientists typically use and so they have a limited number of competing predictor variables to examine.  Herrnstein and Murray, using the National Longitudinal Survey of Youth, show that their measure of cognitive ability is generally a stronger predictor of outcomes than an index of parental socioeconomic index status or educational attainment.  Other studies using the NLSY have confirmed that AFQT correlates at least as strongly with various educational and economic outcomes as most other measures typically used by social scientists.


More problematic is that demonstrating correlations does not demonstrate that IQ scores measure intelligence or that intelligence is causally important in affecting outcomes.  First, IQ may simply record other attributes of examinees beyond intelligence, attributes that may themselves be correlated with outcomes.  Such attributes might include self-confidence, patience, or persistence, to name a few.  Second, IQ scores might accurately measure intelligence but the correlation between IQ and an outcome might arise from a third variable, such as socioeconomic background or curiosity, causing both.  On the other hand, if we grant this possibility, then it is also possible that other unobserved variables might dampen the correlation between IQ and an outcome.


There is no easy way to resolve this question, and psychometricians have not expended much effort trying.  One cannot simply control for other variables and claim to have solved the problem.  For instance, assume that socioeconomic background has no causal effect on intelligence or on a particular outcome and that parental genes influence both a child's socioeconomic background and his intelligence.  In that case, controlling for socioeconomic status will partial out part of the true effect of intelligence on an outcome.  Alternatively, if additional schooling increases intelligence but having greater intelligence influences decisions about how much schooling to get, then controlling for years of education will also partial out too much (see Winship and Korenman, 1999).


In sum, while it is indisputable that IQ scores are highly useful predictors of a wide range of outcomes – perhaps the most accurate predictors we have – it is quite another thing to use correlations as proof that an IQ score measures intelligence per se.  Psychometricians are to some extent aware of this problem, and many are exploring associations between IQ scores and biological variables and elementary cognitive tasks to attempt to find more convincing correlative evidence (Jensen, 1998).  Most, however, do not expend much time worrying about the question.

Conclusion


Psychometricians should be given credit for the techniques that they have developed to address the methodologically thorny problem of measuring an unobservable attribute -- or better, a mix of attributes – that is presumably important in explaining variation among people.  They have developed ways to differentiate individuals along a continuum, using their responses to test items that elicit the unobservable attribute of interest.  They have also advanced methods to attempt the teasing out of the attribute of interest from other influences on item response.  In short they have developed logical, defensible ways to address the sampling challenge and the dimensionality aspect of the representational challenge.


Their attempts to compute practical intelligence "scores" with interval scale meaning, however, may have real shortcomings.  IQ scores, while easier to compute than g factor scores, are imperfect measures of the latter.  And the justification for interval scale measurement relies on a faulty chain of logic that links the problematic assumption of a normal distribution of intelligence with a transformed score that is not a pure indicator of that construct.


Still, the predictive validity results practically scream out to social scientists for greater attention.  IQ and other aptitude scores really are among the best predictors available for economic and educational outcomes, which is why they are utilized in educational and employment selection decisions (though the latter is far less common since the Supreme Court decision in Griggs vs. Duke Power Co. (1971) made IQ testing in the workplace largely impossible).  Social scientists should be devoting much more attention to the methodological issues of measurement scale and to the empirical questions of IQ-outcome associations.  Regarding the former, it is important to understand what types of comparisons between IQ scores are valid, both for selection purposes (how big is the difference between two candidates) and for social-scientific reasons (how big is the average difference between blacks and whites in measured IQ)
.  And the nature of observed associations is fundamental to ethical questions (if IQ scores are mostly proxies for other attributes, this would change what we as a society should make of them) and to empirical questions (how important is general intelligence or other cognitive abilities? how important are other aspects of family background?)
.  Social scientists who are reflexively mistrustful of intelligence research need to become engaged with the field so that we can better – and sooner – understand these important questions.
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� Due to space limitations, I am unable to critique the alternative and more recent psychometric paradigm known as item response theory (IRT), which differs from the classical tradition in important ways. IRT methods impose a logit or probit model to relate the probability of a correct item response to properties of each item and the underlying latent ability of interest.  Maximum likelihood and other iterative methods are then used to estimate all of the item properties as well as the latent abilities of each examinee.  As will become apparent, this is a distinct alternative to the classical paradigm, though it too must address the same methodological challenges I describe here.


� Many social scientists have also failed to appreciate quantitative geneticists’ evidence that genetic variation explains much of the variation in measured IQ scores.  The methods of quantitative genetics are complex enough to merit their own assessment, and I do not consider them here.  It should be noted that many psychometricians have badly misinterpreted the results of quantitative genetics and have also made unsound claims around the issue of intelligence's malleability.


� See, for example, Gardner (1983), who argues that there are seven discrete intelligences.  Most psychometricians would argue that this disagreement is mostly a semantic one -- they would characterize most of Gardner's intelligences as "talents", while Gardner counters that he would agree to this characterization as long as psychometric intelligence is also viewed as a talent.


� See the section on predictive validity below.


� See Carroll (1993), from which I draw on in the following discussion.


� Since Herrnstein and Murray use the sum of z-score transformations of the four subtests (first summing the two verbal scores together), and then nonlinearly transform this measure so that it is normally distributed, it remains quite possible that their final version of AFQT is a better measure of g than Roberts et. al.'s analysis would suggest.  Herrnstein and Murray show, for instance, that their "zAFQT" scores correlate strongly with respondents' scores on conventional IQ tests measured years earlier.  But the justification cannot be the correlation of zAFQT with the ASVAB's general factor.  Also, while Herrnstein and Murray used a nationally representative sample, Roberts et. al. examined relatively small samples of armed services personnel.  Thus, their analyses may suffer from "restriction of range" -- failure to represent persons at all points in the distribution of mental abilities.  The sample on which a factor analysis is based also affects the results obtained.


� Note, however, that literacy and IQ levels are highly correlated (Carroll, 1997b).


� Of course, the "liberal/conservative" construct is likely to be multidimensional -- involving fiscal and social dimensions, for example.


� See various chapters in Jencks and Phillips (1998).


� See Korenman and Winship (2000), which shows that Herrnstein and Murray's AFQT measure still has strong effects on outcomes even when controlling all things that siblings share in common.





