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Abstract

! Recent evidence that g is asymmetric, being weaker at high levels of intelligence than at

low levels of intelligence.

! Implications for the use of g as a predictor of performance.

" Additive model of g and specific abilities is inadequate.

" Declining g implies an interactive model between g and specific ability.

! Barriers to the adequate assessment of the multiplicative model (non linear scale

transformation, multicollinearity, differential reliability).

! Requirements for further research.
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1 Note that the within cell variances were higher than the variance due to sampling
error. This is probably a consequence of a) the extremity of the selection, b) the measures used,
and c) the classification scales used.

The underlying assumption in much of the work on intelligence is that, with increasing g,

there is increasing ability to do many different things. A number of researchers have recently

rediscovered a challenge to this point of view: the so-called Divergence Hypothesis.

! The Divergence Hypothesis

" History

It was as far back as 1927 that Spearman first noted that g followed a law of diminishing

returns (Spearman, 1927: p. 219). He labeled this the divergence hypothesis. This states that at

high levels of g, abilities are not as closely associated as they are at lower levels of g. Evans

(1999) notes that: 

One can visualize this in three dimensions by imagining the

various abilities as flowers arranged in a narrow vase – at the

bottom, they are bound together tightly, at the top they spread out

broadly. (p. 1059)

Despite the enormous amount of research on intelligence and the arguments about

whether or not single (Jensen, 1998) or multiple factors (Gardner, 1983) are required to assess

intelligence, the divergence hypothesis was lost sight of until fairly recently. This despite the fact

that such a hypothesis implies the presence of a single factor at the lower end of the g spectrum

and multiple factors at the higher end of the g spectrum.

" Results from modern tests

 Detterman & Daniel (1989) were the first, albeit inadvertently (Deary & Pagliari, 1991)

to rediscover this law of diminishing returns. At high levels of g they found low intercorrelations

between tests in the WAIS-R and the WISC-R. Their work was followed by a number of other

investigators using a variety of different intelligence tests (ASVAB, DAT-T, etc.). We

summarize these in Table 1 and a summary chart (Figure 1) based on a meta-analysis of the data1. 

These data show clearly that as g increases, the intercorrelation between the various scales

decreases. The pattern is fairly consistent for the many different ways in which g was measured

(i.e., how the sample was classified to identify the high and low g groups). This was usually done

by rotating through all the scales in the test as the classifier and looking at the correlations
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2 One of the highly g-loaded scales in Deary et al. (1996), Analytic Reasoning, showed an
“increasing returns” effect. When this was omitted from the high g analysis, the results were no
different. 

3 My expectation is that this is true when jobs requiring a high level of ability are
involved.

between the remaining tests in the high and low groups. Only Evans (1999) tried to find

independent assessments of g that were not part of the test battery under investigation. Most

authors have argued that classification on scales that are highly g-loaded result in a stronger

divergence effect. This meta-analysis does not support this position.2

! Implications for predictive validity

If g is no longer homogeneous but becomes less strong as intelligence increases, new

implications for the prediction of job performance emerge: at high levels of g, relevant specific

abilities may come into their own as predictors.3

" Conventional wisdom.

Work over the past decade on validity generalization suggests that a single predictor –

intelligence – is associated with performance in a variety of different jobs (Hunter, 1986). This

work has been undertaken in large sample studies that included both civilian  (Pearlman,

Schmidt, & Hunter, 1980) and military occupations  (McHenry, Hough, Toquam, Hanson, &

Ashworth, 1990; Olea & Ree, 1994; Ree, Earles, & Teachout, 1994).

" Differential predictions

There are two ways of exploring differential prediction: an additive model and an

interactive multiplicative model. In the additive model, performance would be viewed as a

Additive Model: Perf. = Fu (g, s)

Multiplicative Model: Perf. = Fu (g, s, g*s)
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4 This is assessed as the first principal component of a factor analysis

5 The use of the components of a principal axis analysis ensures that the general
factor is extracted from all scales and that all components extracted are orthogonal. This ensures
that subsequent analysis adds unique variance in a regression equation. The use of real tests
ensures that meaningful subsets of skill and ability are used, when g is extracted, subsequent
components do not seem to reflect particular bundles of competencies; though the use of a
Vernon-like hierarchical structure would enable both g and meaningful components to be used –
no analyses used this technique. 

consequence of g and specific abilities (ss). In the interactive model, we would expect that g

would predict performance when g is low while the ss would predict performance when g is

high. This implies that performance is a function of g*ss. So the declining positive manifold

implies an interactive rather than an additive differential prediction model.

There has been some testing of the joint impact of general and specific ability using the

additive model. Ree and his associates have been notable in their attempt to examine

psychometric g4 as a predictor; others (Pearlman et al., 1980; McHenry et al., 1990) have used

specific test clusters from well-validated tests. Both groups of researchers find only a small

increment in predictive validity for both training scores and performance ratings ()r = .02)5 when

specific ability is added to an equation containing general ability. As these researchers use an

additive model, it may not be surprising that the incremental validity is low. The appropriate

model, implied by the declining positive manifold, is something quite different: an interactive

model in which g is both a predictor of performance and a moderator of  the relationship between

a specific ability and performance. We expect that the best predictor will be the set: g, task

relevant specific ability, and the product of g and the specific ability. When g is low, we would

not expect the specific ability(ies) to contribute to predictability, when g is high, we would

expect the specific abilities to have additional predictive power.

" Barriers to an Assessment of Differential Validity based on the Multiplicative

Model.

-  Busemeyer & Jones (1983) argue that the analysis of interaction effects

through the typical moderated hierarchical regression (Evans, 1991;

Saunders, 1956; Zedeck, 1971) is fatally flawed because there may be
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nonlinear transformations between the concept and the scale used to

measure it. This makes it difficult to unequivocally determine whether or

not the multiplicative model is supported by the data.  Following their

suggestions, (Lubinski & Humphreys, 1990) were the only researchers to

specifically test the hypothesis that two types of intelligence might interact

in the prediction of performance. In this case, they looked at the suggestion

that high mathematical ability and high spatial visualization ability was

required for the highest levels of mathematical performance. Although

their initial analysis suggested support for this idea in that the product term

(mathematics * spatial) added significantly to predictability over and

above the main effects (mathematics, spatial), subsequent analysis that

looked at the square of mathematical reasoning was found to fit the data

better. Of course, the interpretation is ambiguous: the transformation from

concept to measure might be nonlinear, or the relation between

performance and mathematical ability might be curvilinear (see also the

next point). 

- level of correlation between g and specific ability. As the correlation

between general and specific abilities increases, it becomes more and more

difficult to distinguish between a model incorporating g2 and a model

incorporating g*s. For example, in the Lubinski and Humphrey’s paper

correlations between the square of the mathematical test and the product of

the mathematical and spatial tests ranges, depending on grade level,

between 0.92 and 0.933, This is a very high degree of multicollinearity. It

is very likely that order of entry of these two terms is quite unstable. Of

course, this concern would not apply to the work of Ree and his coauthors

who used the principal (orthogonal) components of the test battery.

However, they have yet to undertake a test of the multiplicative model.

- the differential reliability of intelligence tests at different levels of g. An

alternative cause for the observed asymmetry lies in the possibility of

differential reliability of the specific abilities at low and high levels of g

(Deary & Pagliari, 1991). Deary et al (1996) demonstrated clearly that this
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6 By this I mean the level of ability required, not the kind of ability required which
is what is addressed in  Jones and Ree (1998)

was not the case for the British DAT tests. Evans (1999) has argued that

this is unlikely to be the case for the Armed Services Vocational Aptitude

Battery, but he has no evidence to support this.

Conclusion

This is what is needed for further advance in this area: critical tests of the g only model

and of the two incremental validity models, additive and interactive. This will require:

! a range of jobs, some with low job complexity and ability requirements; others with high

job complexity and ability requirements6. My expectation is that the multiplicative

differential effects will only occur in the latter situation.

! measures of general and specific abilities that are:

" reliable at both ends of the g spectrum

" for the specific skills, relevant to the jobs for which they are used as predictors

! accurate measures of job performance

! situations where performance is under control of the employee  (James, Demaree, Mulaik,

& Ladd, 1992).
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Table 1:
Studies of
the
Asymmetry
of g

              

               
               
               
               
               

Investigator Date Test Classification Gender Sample
Size

Correlation Sample Correlation Sample Correlation Sample Correlation Sample Correlation

   Measure  hi Hi Upper Upper Middle Middle Lower Lower Lowest Lowest

               
Evans 1999 ASVAB Electronic

Scale
Male 214 0.54       214 0.75

   Electronic Female 214 0.39       214 0.85

   mixed set of
tests

both 160 0.59       160 0.71

   Otis both 119 0.35       119 0.51

Legree, Piper,
Grafton

1996 ASVAB Coding Speed both 1834.6 0.4 1834.6 0.45 1834.6 0.5 1834.6 0.51 1834.6 0.6

   Auto & Shop
Information

both 1834.6 0.42 1834.6 0.41 1834.6 0.46 1834.6 0.51 1834.6 0.5

   Electronics both 1834.6 0.3 1834.6 0.31 1834.6 0.36 1834.6 0.41 1834.6 0.42

   Mechanical both 1834.6 0.3 1834.6 0.30 1834.6 0.36 1834.6 0.45 1834.6 0.49

   Math
Knowledge

both 1834.6 0.24 1834.6 0.24 1834.6 0.29 1834.6 0.40 1834.6 0.41

   Arithmetic
Reasoning

both 1834.6 0.23 1834.6 0.2 1834.6 0.25 1834.6 0.36 1834.6 0.41

   General
Science

both 1834.6 0.24 1834.6 0.29 1834.6 0.35 1834.6 0.36 1834.6 0.35

   Numerical
Operations

both 1834.6 0.41 1834.6 0.44 1834.6 0.45 1834.6 0.39 1834.6 0.38

   Paragraph
Comprehension

both 1834.6 0.36 1834.6 0.36 1834.6 0.36 1834.6 0.38 1834.6 0.36

   Word
Knowledge

both 1834.6 0.32 1834.6 0.29 1834.6 0.25 1834.6 0.23 1834.6 0.3

Deary, Egan,
Gibson, Austin,
Brand, Kellaghan

1996 DAT-T
(UK)

Verbal
Reasoning

both-young   353 0.269   382 0.355   

   Verbal
Reasoning

both-old   366 0.243  . 370 0.349   

   Numerical
Ability

both-young   739 0.309   70 0.390   

   Numerical
Ability

both-old   950 0.311   1106 0.355   

   Abstract
Reasoning

both-young   207 0.406   649 0.347   

   Abstract
Reasoning

both-old   96 0.425   515 0.365   

   Clerical Speed
& Accuracy

both-young   298 0.574   389 0.550   

   Clerical Speed
& Accuracy

both-old   385 0.499   399 0.504   

   Mechanical
Reasoning

both-young   319 0.431   343 0.437   

   Mechanical
Reasoning

both-old   337 0.442   348 0.447   

   Space
Relations

both-young   238 0.366   253 0.446   
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   Space
Relations

both-old   237 0.379   252 0.454   

   Spelling both-young   311 0.409   368 0.416   
   Spelling both-old   321 0.471   101 0.457   
   Language

Usage
both-young   288 0.365   317 0.373   

   Language
Usage

both-old   308 0.356   312 0.392   

Determan &
Daniel

1989 Wais-R Information both 111 0.41 514 0.38 697 0.52 466 0.60 120 0.82

   vocabulary both 128 0.34 472 0.38 697 0.53 474 0.70 109 0.79

  WISC-R information both 168 0.28 535 0.30 842 0.39 525 0.48 130 0.55

   vocabulary both 164 0.32 525 0.30 837 0.40 518 0.36 156 0.55

Lynn 1992 WISC-R
Scotts

vocabulary both 270 0.2 270 0.14 270 0.17 270 0.38 270 0.44

Abelson (in
Spearman)

1927 ? ? both     78 0.47   22 0.782
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