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a b s t r a c t
The mutualism theory of general intelligence (g) posits that the positive manifold arises because of mutually beneﬁcial interactions between originally orthogonal cognitive abilities, rather than because of a genuine general
construct. In a recent investigation, Gignac (2014) reported that the strength of g was largely constant from
the ages of 2.5 to 90 years, which was interpreted as an indirect failure to conﬁrm the mutualism theory of g.
In this investigation, a second indirect test of the mutualism theory of g was performed. Speciﬁcally, it was hypothesized that, if the extended mutualism theory of g is plausible, then there should be some consistent, positive
associations between group-level factors, controlling for the effects of a general factor. To examine this possibility,
the associations between cognitive ability group-level factors were estimated across a series of seven relatively
large and relatively representative samples of intelligence battery data. Next, seven single-factor models were
estimated against the seven group-level inter-correlation matrices. The corresponding single-factor residual
correlation matrices were observed to yield an approximately equal number of positive and negative residual
correlations and an overall mean of zero. Furthermore, the only moderately consistent residual effect was a
negative association between crystallised intelligence and processing speed. Although only an indirect test, the
results are interpreted to be more supportive of g factor theory than mutualism.
© 2016 Elsevier Inc. All rights reserved.

For many years, debates about the validity of the general factor of
intelligence (g) revolved around statistical issues in the context of
unrestricted factor analysis. For example, evidence in favor or against
the g factor could be variously reported, contingent upon the decision
to rotate a solution orthogonally, obliquely, or not all (Humphreys,
1979). With the advent of structural equation modeling (SEM), the
thorny issue of rotation was circumvented, as the researcher was
required to specify a particular structure: a structure which could then
be tested against data and evaluated for plausibility, in part, via model
ﬁt indices (Bollen, 1989). Based on a number of empirical SEM investigations, there is now broad consensus on the plausibility of a psychometric g factor (Sternberg, 2003). However, the precise nature of g
remains a contentious issue. In particular, some contend that g is a genuine construct representative of a meaningful and important human
characteristic (Gottfredson, 2002; Jensen, 1998). By contrast, others
have contended that the psychometric g factor is essentially an
epiphenomenon that emerges during development: the mutualism theory of g (van der Maas et al., 2006). The purpose of this investigation
was to test empirically these two competing theories via an indirect
method: residual group-level factor inter-associations.
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1. g Factor theory vs. mutualism theory of g
The g factor was originally proposed as a causal explanation for the
positive manifold, consistently positive correlations between a diverse
collection of cognitive ability tests (Spearman, 1904). Contemporary
representations of g factor theory do not assert that there is a single factor of intelligence, as originally contended by Spearman (1904, 1923).
Instead, it is widely acknowledged that there are approximately 10
group-level factors of intelligence, in addition to g (Carroll, 2003).
Although the group-level factors of intelligence are a source of active
research (e.g., Brunner, 2008; Crawford, Deary, Allan, & Gustafsson,
1998; Frisby & Beaujean, 2015; Tommasi et al., 2015), the g factor has
been observed to be the most dominant construct associated with a
battery of cognitive ability tests, as well the most important with
respect to predictive validity (Gottfredson, 2002; Jensen, 2006).
Spearman (1927) theorised that g arises due to individual
differences in mental energy. Picking up form Spearman (1927);
Lykken (2005) contended that g arises from individual differences in
the ability for sustained concentration, which, presumably, would be
aligned closely with the expenditure of mental energy. Based on a series
of factor and multidimensional analyses, Marshalek, Lohman, and Snow
(1983) argued that the fundamental basis of g was cognitive complexity. Jensen (1998, 2006) contended that g is probably best not
conceptualised as a process. Instead, it is best considered a reﬂection
of physical properties of the brain, which have yet to be identiﬁed.
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Correspondingly, psychometric g has been reported to be approximately 60% heritable in young adulthood (Haworth et al., 2010). It has also
been reported to correlate approximately .30 with brain volume
(McDaniel, 2005; Ritchie et al., 2015). Finally, functional neural imaging
studies have found that brains that can process information more
efﬁciently tend to be associated with individuals with higher levels of
g (Haier, 2011).
Several alternatives to g factor theory have been articulated over the
years (e.g., Anderson, 1992; Bartholomew, Allerhand, & Deary, 2013;
Gardner, 1987; Sternberg, 1985; Thomson, 1951). Perhaps the most
compelling alternative is the mutualism theory of g (van der Maas
et al., 2006). The mutualism theory of g postulates that the positive
manifold arises not because of some general process, but, instead, due
to the mutually beneﬁcial interactions that emerge during development
between originally orthogonal cognitive processes. Consequently, as the
capability of one cognitive process grows, so do others in a mutually
beneﬁcial manner through reciprocal causation.
The empirical establishment of the mutualism theory of g would
have profound implications for the manner in which intelligence is
conceptualised and modeled, as it disputes the notion that the positive
manifold is caused by a construct (van der Maas et al., 2006). Consequently, a general factor latent variable is considered an inappropriate
representation of the positive manifold, according to the mutualism
theory of g. Instead, a formative model is considered a more acceptable
representation of the positive manifold (van der Maas, Kan, &
Borsboom, 2014). A formative model does not posit the presence of an
entity theorised to explain the observation of a pattern of correlations
between subtests (i.e., a construct). Instead, in a formative model, an
optimally weighted sum of score based on a battery of subtests is simply
a convenient method to create an index. Thus, the observation of a
factor with positive loadings of varying magnitudes across several cognitive ability subtests is considered completely meaningless, according
to the mutualism theory of g. Consequently, an overall intelligence
index score based on an optimally weighted sum of cognitive ability
subtest scores should be viewed as no more theoretically meaningful
than the composite value associated with the Dow Jones Industrial
Average index, for example (van der Maas et al., 2014).
Evidently, g factor theory and the mutualism theory of g are at odds
with each other in a fundamental manner. One of the limitations associated with the mutualism theory of g is that there are no known methods
to test the theory empirically, at least not directly (van der Maas et al.,
2006). However, one implication of the mutualism theory of g is that
the strength of the positive manifold should increase across development, particularly early development, as the mutually beneﬁcial interactions begin to emerge (van der Maas et al., 2006). To test this
possibility, Gignac (2014) estimated the strength of the g factor
(omega hierarchical; Ωh) across the Wechsler batteries from the ages
of 2.5 to 90 years (N = 5200). Gignac (2014) reported a largely equally
strong g factor across age, although the Ωh index did suggest some increase in the strength of the g factor from the ages of 2.5 to 7 years.
However, when controlling for the number of subtests within a battery
(a characteristic which impacts Ωh positively), the reduction in the
strength of the positive manifold was no longer observed. In fact, the
strength of the positive manifold was observed to decrease from about
2.5 to 7 years, which would be inconsistent with the mutualism theory
of g. Gignac (2014) interpreted the results of his investigation to suggest
that the indirect empirical test failed to support the mutualism theory of
g. Gignac (2014) encouraged others to generate additional approaches
to test the mutualism theory of g, even if indirectly, in order to evaluate
the theory from alternative perspectives.
2. A proposed second indirect test
As a fundamental feature associated with the dynamic mutualism
theory of g pertains to the mutually beneﬁcial inter-actions between
cognitive abilities, it may be suggested that, in order to help evaluate

the plausibility of the theory, some focus should be placed upon an examination of the inter-associations between the group-level factors.
More speciﬁcally, if the mutualism theory of g is plausible, then it
would seem very unlikely that the postulated pattern of mutually beneﬁcial interactions between group-level factors occur in a manner that
is captured perfectly, or nearly so, by a single factor. Instead, one
would expect some level of shared variance between one or more
pairs of group-level factors, independently of a general factor. Furthermore, most of the residual group-level factor associations would be
expected to be positive in direction, rather than negative, if the grouplevel factor associations are the result of mutually beneﬁcial interactions. Admittedly, the conventional correlated factor model is not an entirely accurate representation of mutualism (van der Maas et al., 2006),
as only the associations between the group-level factors are estimated
in a correlated factor model, rather than their interactions. If there
were a SEM model that could be speciﬁed to represent the mutualism
theory of g, the theory could be tested directly. It is in this context that
the proposed test described here is considered to be an indirect test of
the extended mutualism theory of g (see Fig. 1c, van der Maas et al.,
2006).
Somewhat surprisingly, very little systematic research relevant to
the inter-associations between group-level factors, independent of g,
has been conducted. Without providing references, Humphreys
(1979) asserted that when tested against a heterogeneous battery of
cognitive ability tests, a general factor model yields residual correlations
mostly near zero. There are, of course, many higher-order model
conﬁrmatory factor analytic investigations which have included some
group-level factor residual correlations in their models of intelligence.
For example, in Gustafsson's (1984) third-order factor model of intelligence, four correlated residuals were included between the lower-order
factor residuals. Invariably, however, past studies have included only a
small percentage of the total possible correlated group-level factor
residual correlations in their higher-order models of intelligence.
Moreover, the added residual correlations are typically included in a relatively ad-hoc manner, i.e., in order to simply achieve satisfactory model
ﬁt. Consequently, it is difﬁcult, if not impossible, to evaluate the current
literature with respect to the associations between group-level factors,
independent of g, in a comprehensive or systematic manner.
In a recent investigation, Gignac and Watkins (2015) were speciﬁcally interested in the unique latent variable association between ﬂuid
intelligence and working memory capacity, independently of g. In
particular, Gignac and Watkins (2015) hypothesized that some level
of positive shared variance should be observed between the ﬂuid intelligence and working memory capacity lower-order factor residuals, if
the association between these two constructs is special, as commonly
asserted (e.g., Carpenter, Just, & Shell, 1990; Fry & Hale, 1996;
Oberauer, Su, Wilhelm, & Sander, 2007). Based on a higher-order
model and the Wechsler Intelligence Scale for Children — V normative
sample (Wechsler, 2014), Gignac and Watkins (2015) reported a nonsigniﬁcant ﬂuid intelligence and working memory capacity residual
correlation of −.10 (p = .152). Thus, the hypothesis of a special or
unique association between ﬂuid intelligence and working memory
capacity was not considered supported. From the perspective of the
mutualism theory of g, the absence of a unique association between
ﬂuid intelligence and working memory capacity may be considered at
least somewhat inconsistent, as it may be suggested that these two constructs, in particular, would be expected to develop some level of
uniquely beneﬁcial interactions over the course of human development.
As it was not the focus of their investigation, Gignac and Watkins (2015)
did not report any results relevant to the other group-level factor interassociations, independently of g.
Perhaps part of the reason why the unique associations between
group-level factors, independent of g, have not been examined previously in a comprehensive manner is because it is not possible to identify
a higher-order model which includes correlated terms between all of
the lower-order factor residuals (Schmiedek & Li, 2004). Such a model
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Fig. 1. Correlated factor models: Model 1 = WAIS-III; Model 2 = WAIS-IV & WISC-V; Model 3 = WISC-IV; Model 4 = Marshalek et al.; Model 5 = MISTRA; Model 6 = WJ-R; gc =
crystallised; gf = ﬂuid; gsm = short-term memory; gs = processing speed; gq = quantitative reasoning; gv = visual; gr = mental rotation; gﬂ = ﬂuency.

would also not be identiﬁed in the bifactor case, where correlated terms
are added between all of the nested factors (Jennrich & Bentler, 2012).
A possible solution to the identiﬁcation problem, in this context,
would be to estimate all of the inter-latent variable associations
between the group-level factors based on a conventional correlated
factor model. Then, use those inter-latent variable correlations as
input to estimate (1) a general factor, and (2) the residual correlations
between the group-level indicators associated with the general factor
solution. Such a procedure is equivalent to the method used to estimate
a higher-order model solution via unrestricted factor analysis (Gorsuch,
1974). However, for the purposes of addressing the question posed in
this investigation, particular focus would be placed upon an examination of the residual correlation matrix. More speciﬁcally, if g factor
theory is more plausible, then the residual correlation matrix would
be expected to be associated with relatively small values and a mean
of zero (Humphreys, 1979). Such an observation would imply that the
pattern of inter-latent variable correlations between group-level factors
is accounted for completely by a single phenomenon (i.e., g). By contrast, if the extended mutualism theory of g is more plausible, then at
least some consistent, positive associations between the group-level indicators within the residual correlation matrix should be observed
across samples. Such an observation would imply that a single factor
fails to capture all of the covariance between group-level factors, possibly because that covariance arises from the complex, mutually beneﬁcial interplay between the group-level factors during development, as
described to occur by the extended mutualism theory of g (van der
Maas et al., 2006). Stated alternatively, it would seem very unlikely
that the pattern of mutually beneﬁcial interactions between grouplevel cognitive ability factors arise precisely in a manner that their latent
variable inter-associations can be accounted for by a single latent
variable. Instead, some residual effects should remain, if the extended
mutualism theory of g is valid. Furthermore, those residual correlations
would be expected to be positive in direction, rather than negative, if
the interactions are beneﬁcial in nature.
To a large degree, the procedure described here is essentially akin to
Spearman's vanishing tetrad differences test (Spearman & Holzinger,
1925). However, whereas Spearman and others attempted to prove
the plausibility of g, and only g, based on the application of the tetrad
differences test on the inter-subtest correlation matrix, a method that

ultimately led to some acknowledgement of the presence of group
factors (Spearman, 1927), the focus in this investigation is upon the
associations between group-level factors, which is the level at which
the interactions are theorised to occur in the extended mutualism
model (van der Maas et al., 2006).
In light of the above, the purpose of this investigation was to
estimate and test for statistical signiﬁcance the residual correlations
between group-level factors, controlling for the effects of a single factor,
across several batteries of cognitive ability and relatively large and representative samples. Such an investigation was considered a second indirect test of the mutualism theory of g, alongside Gignac's (2014)
indirect test. In the event that little or no positive residual correlations
between group-level factors are observed, then greater support for g
factor theory would be implied. By contrast, if some statistically signiﬁcant positive residual correlations are observed consistently between
some group-level factors, independently of the variance captured by a
single factor, then support for the extended mutualism theory of g
would be suggested.
3. Method
3.1. Samples & measures
All analyses were performed on seven previously published sample
correlation matrices. The samples were selected based principally on
the following ﬁve characteristics: (1) relatively large samples (i.e., N =
200+); (2) relatively representative of the population (e.g., not university students); (3) relatively well-known factor structures based on previously published investigations; (4) associated with a minimum of four
group-level factors,1 and (5) could be used to create correlated factor
models with group-level factors deﬁned by, typically, four good quality
subtests.
Four of the seven correlation matrices were derived from the
Wechsler scale normative samples: the Wechsler Adult Intelligence
Scale — IV (WAIS-IV; Wechsler, 2008; N = 1800), the Wechsler Adult
Intelligence Scale — III (WAIS-III; Wechsler, 1997; N = 2450), the
1
A general factor based on only three indicators necessarily yields a residual correlation
matrix with values of .00 exclusively.
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Wechsler Intelligence Scale for Children — V (WISC-V; Wechsler, 2014;
N = 2200), and the Wechsler Intelligence Scale for Children — IV
(WISC-IV; Wechsler, 2003; N = 2200). All four of the Wechsler normative samples were obtained based on a stratiﬁed sampling strategy to
reﬂect the US census results relevant to gender, age, race/ethnicity, education, and geographic location. Although the Wechsler scale technical
manuals use a different nomenclature (e.g., Verbal Comprehension,
Perceptual Reasoning), for the purposes of this investigation, the four
Wechsler scales included in the current investigation were broadly
considered to be measures of four group-level factors: crystallised
intelligence, gc (Vocabulary, Information, Similarities, Comprehension);
ﬂuid intelligence, gf (Matrix Reasoning, Figure Weights, Picture Completion, Block Design, Visual Puzzles); short-term memory, gsm (Digit Span
Forward, Digit Span Backward, Digit Span Sequencing, Letter-Number
Sequencing, Arithmetic); and processing speed, gs (Symbol Search,
Coding, Cancelation).2
Next, the correlation matrix associated with Marshalek et al.'s
(1983) investigation was used (N = 241).3 Unfortunately, there are
few published details associated with the Marshalek et al. (1983) sample. However, it is known that the sample was comprised of high school
students, which suggests that it was relatively diverse in nature. The
Marshalek et al. cognitive ability test battery consisted of a total of 34
tests. However, for the purposes of this investigation, only 19 of the subtests were selected for the analysis, as the subtest battery was reported
to measure a total of only ﬁve group-level factors (Marshalek et al.,
1983): four subtests were selected as indicators of gc (Terman Concept
Mastery, Reading Comprehension, Reading Vocabulary, Vocabulary),
four subtests were selected as indicators of gf (Advanced Progressive
Matrices, Surface Development, Paper Form Board, Paper Folding),
three subtests as indicators of gsm (Auditory Letter Span, Visual Number
Span, Digit Span), four subtests as indicators of gs (Identical Pictures,
Find As, Number Comparison, Digit Symbol), and, ﬁnally, four subtests
as indicators of gq (Necessary Arithmetic Operations, Arithmetic
Computation, Arithmetic Concepts, Arithmetic Applications).
Next, the Minnesota Study of Twins Reared Apart (MISTRA; Johnson
& Bouchard, 2011) sample correlation matrix based on 433 adults (combination of twin pairs, family members, and friends; age range: 18–79)
was used. Participants in the MISTRA study were administered a total of
three intelligence batteries (42 subtests in total). For the purposes of
this investigation, 26 of the subtests were selected to represent the
seven group-level factors associated with the correlation matrix: gc
(Spelling, Proverbs, Vocabulary, Comprehension), visual intelligence,
gv (Picture Completion, Picture Arrangement, Object Assembly, Block
Design), gr (Card Rotation, Rotation, Cubes, Spatial), quantitative
reasoning, gq (Arithmetic I, Arithmetic II, Numerical), gsm, (Immediate
Visual Memory, Delayed Visual Memory, Meaningful Memory, Associative Memory), gs (Closure, Perceptual Speed, Lines and Dots, Identiﬁcation of Pictures), and verbal ﬂuency, gﬂ (Fluency, Words, Categories). It
will be noted that four subtests (Raven's, Inductive, Pedigrees, Uses)
were originally selected from the MISTRA data (thus, 30 out of 42) to
represent an eighth group-level factor (gf). However, the correlated factor model which included the gf latent variable yielded a non-positive
deﬁnite matrix (i.e., several of the standardised covariances with gf
were very large). Consequently, the gf latent variable was omitted
from the correlated factor model and subsequent analyses.
Finally, the age corrected normative sample (N = 1425) correlation
matrix associated with the Woodcock-Johnson-Revised (WJ-R;
McGrew, Werder, & Woodcock, 1991) published in Carroll (2003) was
used. The WJ-R consists of 29 subtests designed to measure a total of
eight group-level factors: gc (Picture Vocabulary, Oral Vocabulary,
2

There are minor subtest compositional differences across the four Wechsler scales included in this investigation. For example, the WAIS-III does not include the Visual Puzzles
subtest.
3
The correlation matrix used in this investigation was obtained from a report prepared
by Meng (2005).

Listening Comprehension, Science, Social Studies, Humanities), gf
(Analysis-Synthesis, Concept Formation, Verbal Analogies), gsm (Memory for Sentences, Memory for Words, Numbers Reversed), gs (Visual
Matching, Cross Out, Writing Fluency), long-term retrieval, glr (Memory
for Names, Visual–Auditory Learning, Memory for Names Delayed
Recall, Visual–Auditory Learning Delayed Recall), gv (Visual Closure,
Picture Recognition, Spatial Relations), auditory processing, ga (Word
Attack, Sound Blending, Sound Patterns, Incomplete Words), and gq
(Calculation, Applied Problems, Quantitative Concepts).
3.2. Data analysis
First, a series of seven correlated factor models were speciﬁed, in
order to estimate the correlations between the group-level factors
(see Figs. 1 and 2). Then, the inter-correlations between the grouplevel factors were used as input for the purposes of testing a series of
seven single-factor models (see Fig. 3). Particular focus was placed
upon estimating the residual correlation matrices associated with the
single-factor models. If the mutualism theory of g is plausible, it was expected that some positive residual correlations would be observed between two or more of the group-level factors across the samples. The
residual correlations were estimated within the SPSS factor analysis
utility by extracting a single factor (maximum likelihood estimation).
In order to test the statistical signiﬁcance of the residual correlations,
the corresponding normalised residual correlations were estimated in
Amos 21 (Arbuckle, 2012).4 Normalised residual correlations correspond to the z-distribution. Consequently, values greater than | 1.96 |
imply statistical signiﬁcance (Arbuckle, 2012).
4. Results
As can be seen in Table 1 (top half), all of the correlated factor
models ﬁt reasonably well. However, there was a greater level of
model misﬁt associated with the three larger correlated factors models
(Fig. 1, Models 4 and 5; and Fig. 2, Model 6). For the purposes of estimating the associations between the group-level latent variables, the level
of ﬁt associated with the correlated factors models was considered sufﬁcient. Next, the single-factor models (see Fig. 3) were ﬁtted against the
group-level factor inter-latent variable correlations obtained from the
correlated factor model solutions (available upon request). As can be
seen in Table 1 (bottom half), none of the single factor models ﬁt
perfectly (i.e., statistically signiﬁcant χ2 values). Even from a close-ﬁt
perspective, there was a notable amount of unmodeled covariance
associated with some of the models, which suggested the possibility of
appreciable correlated residuals between the group-level factor
indicators.5 As can be seen in Table 2, all of the single-factor model
solutions were associated with group-level indicator loadings that
were positive, appreciable in magnitude, and statistically signiﬁcant
(p b .001).
With respect to the four Wechsler scales, it can be seen that there
were six statistically signiﬁcant residual correlations within the four
residual correlation matrices (see Table 3). The residual correlation between gc and gs was negative and statistically signiﬁcant across all four
samples (WAIS-IV: r = −.06, p = .038; WAIS-III: r = −.07, p = .005;
WISC-IV: r = − .08, p = .002; WISC-V: r = − .08, p = .010). Thus,
controlling for individual differences in g, higher levels of processing
speed were associated with lower levels of crystallised intelligence.
With respect to the Marshalek et al. sample, none of the residual correlations were found to be statistically signiﬁcant (see Table 4).
4
Amos 21 estimates only residual covariances and normalised residual correlations,
consequently, the residual correlations were estimated in SPSS.
5
Some of the RMSEA values appear to be rather large given the corresponding incremental ﬁt index values. However, it has been shown that RMSEA is an invalid indicator
of model ﬁt when the degrees of freedom are very low (b5; Kenny, Kaniskan, & McCoach,
2014).
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Fig. 2. Correlated factor model tested on the WJ-R data; ga = auditory processing; glr = long-term retrieval; see Fig. 1 caption for remaining group-level factor acronym spellings.

However, it was noted that the estimated residual correlation between
gc and gs was, again, negative in direction (r = −.07, p = .308). With
respect to the MISTRA sample, three of the residual correlations were
statistically signiﬁcant (one negative and two positive; see Table 5).
The numerically largest residual correlation at .27 (p b .001) was observed between two very similar group-level factors, gv and gr. Thus,
higher levels of visual intelligence were associated with higher levels
of mental rotation ability. Although not signiﬁcant statistically, it was
noted again that the estimated residual association between gc and gs
was negative in direction (r = −.09, p = .150).
Finally, with respect to the WJ-R sample, six of the residual correlations were observed to be statistically signiﬁcant (see Table 6). Four of
those correlations were positive in direction and two were negative in
direction. The numerically largest residual correlation was observed
between gsm and ga at .18 (p b .001). Thus, higher levels of auditory
processing were associated with higher levels of short-term memory
and processing speed, controlling for individual differences in g.
However, one of the larger statistically signiﬁcant residual correlations
was also negative in direction (gsm/gv r = −.11, p = .013). Thus, higher
levels of short-term memory were associated with lower levels of
visual/spatial intelligence, controlling for g. Additionally, the gc and gs
residual correlation was observed to be negative and statistically
signiﬁcant (−.06, p = .044).

Across all seven samples (i.e., 83 residual correlations), the mean
and median residual correlation was equal to exactly .00 (SD = .06).
Thus, an approximately equal number of residual correlations were positive and negative in direction (33 = negative, 11 = zero, and 39 = positive). The range in residual correlations was −.14 to .27. As can be seen
in Fig. 4, the distribution of residual correlations approximately reasonably closely a normal distribution. However, from a statistical perspective, the distribution was both positively skewed (skew = .97, z =
3.73, p b .001) and positively kurtotitic (kurtosis = 3.32, z = 6.38,
p b .001). Excluding the relatively large .27 residual correlation between
gv and gr, the distribution was not observed to be skewed (skew = .27,
z = 1.03, p = .303).
Finally, the issue of model misﬁt associated with the Marshalek
et al., MISTRA, and WJ-R correlated factor models was revisited
with some supplementary models. Speciﬁcally, in addition to the
correlated factor models reported above, corresponding higherorder models and bifactor models were estimated, in order to test
the possibility that such models would ﬁt the data better. As can be
seen in Table 7, none of the higher-order models were observed to
be associated with improvements in model ﬁt, as it might be
expected. However, for two out of three of the samples (Marshalek and
WJ-R), the bifactor model was found to ﬁt better than the
corresponding correlated factor models, even when a penalty for model

Fig. 3. Single factor models tested in this investigation (Models 1–4 = Wechsler normative samples; Model 5 = Marshalek sample; Model 6 = MISTRA sample; Model 7 = WJ-R
normative sample; see Figs. 1 and 2 captions for acronym spellings.
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Table 1
Correlated factor model ﬁt statistics and indices.
χ2

df

SRMR

Table 2
Completely standardised factor loadings associated with the single-factor models.
RMSEA

CFI

TLI

Correlated factor models
WAIS-IV
965.93
WAIS-III
592.35
WISC-IV
625.69
WISC-V
534.80
Marshalek et al.
342.88
MISTRA
811.23
WJ-R
1804.62

112
59
84
112
141
277
346

.042
.029
.034
.029
.057
.057
.056

.065
.061
.054
.041
.077
.067
.054

.949
.972
.967
.973
.931
.904
.927

.938
.962
.958
.968
.916
.888
.915

Single-factor models
WAIS-IV
56.88
WAIS-III
240.94
WISC-IV
228.10
WISC-V
85.35
Marshalek et al.
24.04
MISTRA
584.62
WJ-R
1246.45

2
2
2
2
5
14
20

.020
.025
.031
.025
.040
.080
.053

.124
.224
.227
.138
.126
.307
.208

.989
.971
.905
.958
.970
.798
.837

.913
.913
.968
.986
.939
.697
.883

Note. SRMR = standardised root mean residual and RMSEA = Root Mean Square Error of
Approximation (b.080 indicative of acceptable ﬁt); CFI = comparative ﬁt index and TLI =
Tucker–Lewis index (values of .950 or greater indicative of good ﬁt); AIC = Akaike Information Criterion (small values indicate better ﬁt); both AIC and TLI incorporate a penalty
for model complexity.

complexity was applied: Marshalek, ΔAIC = −66.16, ΔTLI = .028; WJ-R,
ΔAIC = −326.67, ΔTLI = .019.6
5. Discussion
Across the seven single-factor models tested in this investigation,
there were 16 statistically signiﬁcant residual correlations (out of 83)
within the corresponding residual correlation matrices. However,
there were approximately an equal number of positively and negatively
directed residual correlations. Furthermore, the 83 residual correlations
were associated with a mean of .00. Finally, the only moderately consistent residual correlation was a negative association between gc and gs.
Thus, overall, the results of this investigation may be suggested to be
supportive of g factor theory (Humphreys, 1979; Jensen, 1998) and
unsupportive of the extended mutualism theory of g (van der Maas
et al., 2006).
It will be noted that, although 16 of the 83 residual correlations were
reported to be statistically signiﬁcant, no adjustment was implemented
to manage the increased likelihood of Type I errors due to the relatively
large number of estimated correlations. It was considered relatively
harsh to implement a Bonferroni correction, in light of the fact that
some researchers implement the adjustment in their investigations,
while many others do not. Based on a Bonferroni adjustment, only six
of the 83 residual correlations (three negative and three positive)
were identiﬁed as statistically signiﬁcant (p b .05). Thus, from a more
conservative perspective, the lack of support for the mutualism theory
of g may be underscored by the Bonferroni adjusted results, as very
few of the residual correlations may be expected to have arisen for reasons other than sampling ﬂuctuations.
Although there was one relatively large positive residual correlation
(r = .27) between two group-level factors (gv and gr; MISTRA sample),
it was observed between two very similar lower-order cognitive ability
constructs: visual intelligence and mental rotation. Although there is
some evidence to suggest that visual intelligence and mental rotation
are, to some degree, distinct constructs (e.g., Johnson & Bouchard,
2005; Kaufman, 2007), they are probably much more closely aligned

gc
gf
gsm
gs
gq
gv
gr
gﬂ
ga
glr

WAIS-IV

WAIS-III

WISC-V

WISC-IV

Marshelak

MISTRA

WJ-R

.82
.93
.88
.72
–
–
–
–
–
–

.87
.93
.90
.80
–
–
–
–
–
–

.88
.95
.86
.52
–
–
–
–
–
–

.88
.91
.94
.70
–
–
–
–
–
–

.81
.80
.63
.56
.94
–
–
–
–
–

.87
–
.80
.86
.86
.79
.68
.87
–
–

.86
.98
.74
.65
.89
.87
–
–
.75
.60

Note. All of the factor loadings were statistically signiﬁcant (p b .05); a value of – indicates
the absence of the group-level factor within that battery.

psychometrically than other group-level factors. Consequently, the relatively large residual correlation of .27 may have been observed because
gv and gr are fundamentally similar in nature, rather than because of
mutually beneﬁcial interactions that occur during development.
Excluding the gv and gr residual correlation, there were no appreciable and/or consistently positive residual correlations observed between
any of the group-level factors. Thus, the results of this investigation may
be viewed as an extension of Gignac and Watkins (2015) who failed to
observe a unique association between gf and gsm, based on a hybrid
higher-order modeling strategy. However, whereas Gignac and
Watkins (2015) interpreted their results to suggest that there may be
nothing special about the association between gf and gsm, a commonly
asserted position (see Conway & Kovacks, 2013), the more comprehensive results of this investigation suggest that the mutualism theory of g
(van der Maas et al., 2006) may not be an accurate account of the positive manifold.
It should be made clear that the results of this investigation do not
suggest that the positive correlations between cognitive ability tests
can be accounted for by a single factor. There is previously reported evidence for the presence of group-level factors, independent of g, associated with the data analyzed in this investigation (see Carroll, 2003;
Gignac, 2006; Gignac & Watkins, 2013, 2015; Johnson, Bouchard,
Krueger, McGue, & Gottesman, 2004; Marshalek et al., 1983). Instead,
the results suggest that the positive correlations between the grouplevel factors can be (largely) accounted for by a single factor, which is,
arguably, not what would be predicted by the extended mutualism
theory of g. That is, one would expect some consistently positive associations between group-level factors, independently of what can be
accounted for by a single-factor, if these group-level factors are in fact
interacting mutually beneﬁcially during development.

Table 3
Residual correlation (lower) and normalised residual correlation (upper) matrices —
Wechsler Scales.
WAIS-IV (N = 1800)
gc
gc
gf
gsm
gs

.22
.01
.01
−.06

WAIS-III (N = 2450)

gsm

gs

.32
−.25

−2.08
.30
.79

−.01
.01

.02

WISC-V (N = 2200)
gc

6
According to Raftery (1995), smaller AIC values equal to 10 or greater may be
interpreted as an indication of ‘very strong’ evidence for a superior ﬁtting model. However,
as the AIC is very heavily inﬂuenced by sample size (Burnham & Anderson, 2004), the TLI
difference of .01 or greater recommended by Gignac (2007) may be considered a more
useful indicator of practical improvement in model ﬁt, in this context.

gf

gc
gf
gsm
gs

gf
.12

.00
.00
−.06

−.01
.01

gc

gf
.35

.01
.02
−.07

gsm

gs

.69
−.58

−2.84
.80
.84

−.02
.02

.02

WISC-IV (N = 2200)

gsm

gs

.14
−.19

−2.57
.33
2.07

.05

gc
.00
.01
−.08

gf

gsm

gs

−.01

.49
−.35

−3.08
2.27
−.03

−.01
.06

Note. Residual correlations in bold were statistically signiﬁcant (p b .05).

.00
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Table 4
Residual correlation (lower) and normalised residual correlation (upper) matrix —
Marshalek et al.
gc
gc
gf
gsm
gs
gq

−.03
.05
−.07
.01

gf

gsm

gs

gq

−.33

.74
−.33

−1.02
.82
1.55

.09
.05
−.25
−.12

−.02
.06
.00

.11
−.02

−.01

Note. N = 241; none of the residual correlations were statistically signiﬁcant (p b .05).
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Table 6
Residual correlation (lower) and normalised residual correlation (upper) Matrix — WJ-R.
gc
gc
gf
gsm
gs
glr
ga
gv
gq

.00
.05
−.06
.05
.04
−.07
.04

gf

gsm

gs

glr

ga

gv

gq

−.05

1.52
−.12

−2.01
−.60
2.15

1.63
−.05
−.11
−2.10

−2.09
−.58
5.89
4.03
1.76

1.16
.53
−3.50
1.93
.96
−.51

1.29
.01
−.15
2.41
−1.78
.37
−1.60

.00
−.02
.00
−.02
.02
.00

.06
.00
.18
−.11
.00

−.06
.12
.06
.07

.05
.03
−.05

−.02
.01

−.05

Note. N = 1425; residual correlations in bold were statistically signiﬁcant (p b .05; after
Bonferonni adjustment).

5.1. What are the residual correlations?
How to interpret the substantive meaningfulness of the small residual correlations between cognitive abilities, controlling for g, may be a
useful line of enquiry. It is not difﬁcult to generate a plausible hypothesis
that may be able to help understand the nature of the negative association between gc and gs. For example, Luciano, Leisser, Wright, and
Martin (2004) reported a correlation of −.12 between extraversion
and gc. Thus, it is possible that individuals who are more introverted
tend to spend more time engaged in solitary activities such as literary
reading (e.g., Lau & Cheung, 1988), which would be expected to help
increase their vocabulary and knowledge of worldly facts, independent
of g, to some degree.
Additionally, with respect to processing speed, Doucet and Stelmack
(1997) reported correlations of approximately −.30 to −.40 between
extraversion and movement time within the conventional reaction
time paradigm. Importantly, Doucet and Stelmack (1997) failed to
observe an association between extraversion and reaction time. Thus,
the results were interpreted to suggest that there was no beneﬁt to
being extraverted with respect to the core cognitive elements involved
with processing speed: stimulus evaluation and response selection processes. Instead, the effect was restricted to only the physical execution
of a response. In light of the results reported by Doucet and Stelmack
(1997) and those reported by Luciano et al. (2004), it is possible that
processing speed type subtests and crystallised intelligence type tests
are, to a small degree, confounded by individual differences in extraversion. Thus, the negative association between gc and gs, controlling for individual differences in g, may be mediated by extraversion — a
hypothesis that could be tested empirically relatively easily in a future
investigation. As all of the residual correlations reported in this investigation were small (excepting the gv and gr correlation), it may be
speculated that many of them, even the positive ones, are the result of
various non-intellective factors. Such a possibility established empirically would arguably be further supportive of g factor theory, rather
than the mutualism theory of g.

order models were observed to be particularly well-ﬁtting models,
based on conventional standards of model ﬁt evaluation (Marsh, Hau,
& Wen, 2004). However, in two out of three of the samples (Marshalek
and WJ-R), the bifactor model was associated with improvements in
model ﬁt based on the AIC and TLI values, both of which incorporate
penalties for model complexity (i.e., fewer degrees of freedom). Many
other samples of cognitive ability test batteries have been found to be
associated with better ﬁtting bifactor models than correlated factor
and/or higher-order models (see Canivez, in press, for review; Gignac,
2008). Precisely why the bifactor model tends to ﬁt better than the competing correlated factor and higher-order models is a contentious issue
(Morgan, Hodge, Wells, & Watkins, 2015; Murray & Johnson, 2013).
However, if the bifactor model of intelligence is ever demonstrated to
be a more accurate representation of the shared variance between cognitive ability tests, on grounds more than just model ﬁt, then it may
have negative implications for the extended mutualism theory of g, as
the bifactor model speciﬁes group-level factors which are completely
orthogonal to each other (i.e., no interactions). Analytical and theoretical work which deals explicitly with the implications of the bifactor
model in relation to the mutualism theory of g (van der Maas et al.,
2006, Fig. 1b) is encouraged.
Some may contend that the bifactor model is inconsistent with g
theory. However, such a notion would only be true for those who theorise that the correlations between group-factors are necessary for the
plausibility of the g factor (e.g., Reynolds & Keith, 2013). Spearman
(1904) theorised the existence of a single intelligence factor, which
would necessarily imply a ﬁrst-order g factor. Although Spearman
later acknowledged the presence of group-factors, they were
interpreted as method factors, not substantive factors which were
inter-correlated with each other (Spearman, 1939). Additionally,

5.2. The bifactor model and g
It will be discussed here only brieﬂy that amongst the three largest
correlation matrices examined in this investigation (Marshalek,
MISTRA, WJ-R), neither the correlated factor models nor the higher-

Table 5
Residual correlation (lower) and normalised residual correlation (upper) matrix —
MISTRA.
gc
gc
gsm
gs
gq
gv
gr
gﬂ

gsm
1.04

.06
−.09
.03
−.02
−.14
.08

−.04
−.03
.03
.01
−.03

gs

gq

gv

gr

gﬂ

−1.44
−.62

.55
−.49
.68

−.40
.60
1.41
−1.89

−2.54
.23
2.68
−1.47
4.89

1.27
−.44
−.51
.68
−1.18
−1.53

.04
.08
.15
−.03

−.11
−.08
.04

.27
−.07

−.09

Note. N = 433; residual correlations in bold were statistically signiﬁcant (p b .05).

Fig. 4. The 83 group-level factor correlated residuals across all seven single-factor models
tested in this investigation; mean = .00.
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Table 7
Model ﬁt statistics and indices associated with the Marshalek et al., MISTRA, and WJ-R
samples: correlated factor, higher-order, and bifactor models.
χ2

df

SRMR

RMSEA

CFI

TLI

AIC

Correlated factor models
Marshalek et al.
342.88
MISTRA
811.23
WJ-R
1804.62

141
277
346

.057
.057
.056

.077
.067
.054

.931
.904
.927

.916
.888
.915

440.88
959.23
1982.62

Higher-order models
Marshalek et al.
354.82
MISTRA
926.20
WJ-R
2040.73

146
291
366

.062
.067
.061

.077
.071
.057

.929
.886
.917

.916
.873
.907

442.82
1046.20
2178.73

Bifactor models
Marshalek et al.
MISTRA
WJ-R

132
272
345

.047
.065
.039

.063
.071
.048

.957
.894
.944

.944
.873
.934

374.72
1021.04
1655.95

258.72
863.04
1475.95

Note. SRMR = standardised root mean residual and RMSEA = Root Mean Square Error of
Approximation (b.080 indicative of acceptable ﬁt); CFI = comparative ﬁt index and TLI =
Tucker–Lewis index (values of .950 or greater indicative of good ﬁt); AIC = Akaike Information Criterion (small values indicate better ﬁt); both AIC and TLI incorporate a penalty
for model complexity.

Spearman (1939, p. 11) endorsed the bifactor method as a useful procedure for estimating a g factor in addition to group-factors (see also
Spearman, 1946, p. 120–121). Thus, it may be argued that the bifactor
model is consistent with g theory as developed by Spearman. Jensen
and Weng (1994) recommended the bifactor model as an attractive
method to estimate g. Finally, J. B. Carroll, a major contributor to the
Cattell–Horn–Carroll model of intelligence (Carroll, 1993, 2003), was
very open to modeling intelligence within the context of a bifactor
model and did so on a number of occasions (see Beaujean, 2015).
Thus, evidence in favor of the bifactor model is arguably supportive of
the plausibility of a g factor. By contrast, evidence in favor of the bifactor
model should probably be viewed as evidence against the extended
mutualism theory of g.
5.3. Limitations
It should be acknowledged that the approach used in this investigation to test the mutualism theory of g rests upon the premise that it is
unlikely that the pattern of interactions between group-level factors
described by the extended mutualism theory of g, as represented by
inter-latent variable associations, occur in such a way as to be accounted
for perfectly (or nearly so) by a single-factor. Some may disagree with
such a premise. In fact, van der Maas et al. (2006) provided an idealised
example of simulated data consistent with mutualism and a general factor without corrected residuals. However, considerations relevant to
plausibility and simplicity should be entertained in the evaluation of a
scientiﬁc theory (Beshers, 1957). That is, had consistent, positive correlated residuals been observed in this investigation, an account of the
data more complex than g factor theory would be suggested. However,
given that none were observed, g factor theory may be argued to be an
acceptable representation of the data that is much simpler theoretically
than mutualism. Thus, based Occam's razor, g factor theory may be
suggested to be more plausible than mutualism, at this stage.
Ultimately, clearly articulated and empirically testable hypotheses
which can yield unambiguous results relevant to the fundamental
nature of the positive manifold would be welcome from both g factor
theorists and mutualism theorists. As decades of research would attest,
such hypotheses may not be forthcoming anytime soon. Although the
theme of this investigation was framed within the context of an indirect
test of the extended mutualism theory of g, those who do not accept the
premise may nonetheless ﬁnd the results of this investigation of interest, as there has been very little research relevant to the nature of the
associations between group-level factors, independent of g.
Additionally, it should be acknowledged that the extended mutualism model was tested indirectly in this investigation. The extended

mutualism model predicts that the mutually beneﬁcial interactions
take place between group-level factors such as gf, gc, gsm, and gs, etc.
There is an alternative mutualism model that predicts the mutually beneﬁcial interactions take place at the observed score level (i.e., subtests;
see Fig. 1b, van der Maas et al., 2006). Consequently, the implications
of the results reported in this investigation are limited to the extended
mutualism model. Future research may consider adopting a similar
residual correlation approach to that used in this investigation for the
purposes of testing the alternative mutualism model at the observed
score level. The challenge would be to ﬁnd a sufﬁcient number of samples with very large sample sizes to potentially identify the residual effects as statistically signiﬁcant and replicable. That is, the observed score
residual effects would be expected to be even smaller in magnitude than
the negligible effects reported in this investigation, as they would be
based on observed scores, rather than latent variables.
The results reported in this investigation were not segregated across
age, because such data were not available in most cases. Consequently, a
comprehensive examination of the possibility that there may have been
some age differentiation effects was not examined. However, based on
supplementary analyses, the possibility of age effects was explored
with the WISC-V normative sample correlation matrices, which were
available in age segregated samples (Wechsler, 2014). The small, negative residual correlation between gs and gc was largely consistent across
age: r = −.05 (6 to 7 years), r = −.03 (8 to 9 years), r = −.06 (10 to
11 years), r = −.06 (12 to 13 years), r = −.07 (14 to 16 years). As the
corresponding adult correlated residual based on the WAIS-IV and
WAIS-III was estimated at −.06 and −.07, respectively, there was
arguably no clear evidence to suggest the effect was moderated by
age. No other consistent residual correlation age-based patterns were
observed.
In addition to age, sex may also play a role (moderator or mediator)
in the observation of the residual effects, as gender differences have
been observed for speciﬁc cognitive abilities. For example, Keith,
Reynolds, Roberts, Winter, and Austin (2011) found that female
children/adolescents outperformed males on a gs ﬁrst-order factor residual, based on a higher-order model of the Differential Ability Scales
(Elliott, 2007). Thus, the negative residual correlation between gs and
gc observed in this investigation may be impacted by gender. Future
research is encouraged in this area based on data for which gender is
available.
The selections of subtests used to deﬁne the latent variables were
based principally upon the factor analysis results associated with the
publications within which the correlation matrices were published. Additionally, the latent variables were considered speciﬁed in such a way
as to be largely consistent with CHC theory (McGrew, 2009). Nonetheless, it remains a possibility that alternative correlated factor models
with equal levels of model ﬁt and theoretical plausibility could be
speciﬁed. Furthermore, such models may possibly yield residual
group-factor correlations that are substantively different to those
reported in this investigation. Thus, the results reported in this investigation should be considered valid to the degree that such models are
not present within the correlation matrices.
Finally, the seven samples included in this investigation do not
represent all of the potentially relevant correlation matrices in the
literature. They were chosen based on the ﬁve criteria described in
the method section, as well as the fact that they are well known. It
remains a possibility that additional samples could be identiﬁed
which yield some consistently positive unique associations between
group-level factors. It will also be noted that most group-level factors
were deﬁned by only four indicators. It remains a possibility that
group-level factors deﬁned by more indicators may yield more
substantial residual correlations. In two of the samples (Marshalek
and MISTRA), not all of the available subtests were included in the
models. However, this was only to help deﬁne clearly interpretable
model solutions with reasonably acceptable levels of model ﬁt, and for
no other reason.
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6. Conclusion
Spearman's (1927) g is a remarkable postulated construct. On the
one hand, g has been described as “…one of the great discoveries of
psychology” (Matarazzo, 1972, p. 82). By contrast, it has also been
contended that “…the rejection of general ability theories of intelligence … may eventually be viewed as one of Psychology's greatest
achievements” Conway and Kovacks (2013, p .252). Obviously, both of
these positions cannot be correct. Based on the results of this investigation, in addition to those reported by Gignac (2014), it would appear, at
this stage, that there is more empirical support, albeit indirect, for
interpreting the positive manifold as due to a genuine construct, rather
than an epiphenomenon as described by van der Maas et al. (2006).
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