
Chapter 2
What Is Fluid Intelligence? Can It Be
Improved?

Patrick Kyllonen and Harrison Kell

Abstract General fluid intelligence (Gf) is the ability used in inductive and deductive
reasoning, particularly with novel material. It can be contrasted with general crys-
tallized ability (Gc) which reflects schooling and acculturated learning, and the two
abilities have different developmental trajectories, with Gf peaking earlier in the
lifespan. Gustafsson has made key contributions to our understanding of Gf. He
(Gustafsson 1984) introduced hierarchical confirmatory factor analytic models to
reconcile Thurstonian (non-hierarchical) and Spearman and Cattell-Horn (hierar-
chical) models of intelligence and in so doing identified Gf as a second-order factor
which perfectly correlated with the third-order factor, general ability (g). This has
important implications for understanding the nature of general cognitive skill.
Subsequent research showed that Gf can be identified separately from g through
variation in culture-related opportunities to learn (Valentin Kvist and Gustafsson
2008). Gf has served both as a predictor (Gustafsson and Balke 1993) and outcome
(Cliffordson andGustafsson 2008) in the developmental, cognitive training, cognitive
aging, international comparative assessment, genetics, neuropsychopharmacological,
human capital theory, and behavioral economics literatures. Understanding the nature
offluid intelligence and how to improve it has become a topic of renewed and general
interest for optimizing human performance in school and in the workplace.

2.1 Introduction

General fluid ability (Gf) is commonly defined as the ability to solve problems in
unfamiliar domains using general reasoning methods (Carroll 1993; Cattell 1963).
It is typically contrasted with general crystallized ability (Gc), which is the ability to
answer questions or solve problems in familiar domains using knowledge and
strategies acquired through education, training, or acculturation. These two broad
abilities are highly correlated, suggesting a common or general factor (g). One
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explanation for the Gf-Gc correlation is given by investment theory (Cattell 1987)
which suggests that Gf is invested in learning so that the rate of learning different
tasks depends on Gf (along with motivation and opportunities to learn). Therefore
school achievement (Gc), reflecting the rate of learning, is related to Gf. Thorsen
et al. (2014) found support for this idea, and further showed that Gf is invested in
Gc not just initially, but continually throughout the school years. They showed that
Gf measured in 3rd grade predicted Gc measured in 9th grade after controlling for
Gc measured in 6th grade.

Stated this way it might be presumed that Gf is an important ability, as solving
novel problems is a hallmark of intelligence. It is also essential to learning in
school, performance on the job, and in life generally. Empirical studies confirm this
intuition. Gf, as measured by various tests, has been shown in meta-analyses to
predict school grades, and job training and job performance, particularly for high
compared to medium complexity (Postlethwaite 2011). Studies based on repre-
sentative samples show moderate to high correlations between Gf (measured by
Raven’s Progressive Matrices) and national achievement examinations (Pind et al.
2003). Gf predicts school achievement, and growth in school achievement, but is
not by itself notably affected by the quality of schools (Finn et al. 2014). Gf also
predicts life outcomes such as earnings, criminality, civic participation, and edu-
cational attainment (Borghans et al. 2008; Lindqvist and Vestman 2011). It also is
an ability characterizing so called super-forecasters (Mellers et al. 2015), people
who consistently make accurate predictions about future geopolitical events across
a wide range of topics.

In this chapter we address several issues pertaining to general fluid ability. These
are (a) what is it? How is it identified? (b) is it distinguishable from g? from Gc?,
(c) does it improve, and can we improve it?

2.2 What Is an Ability?

The concept or construct of general fluid ability arises from the abilities model, or
psychometric model of intelligence (e.g., Hunt 2011). It is based on the empirical
observation that if a group of people are administered a variety of cognitive tests,
such as samples of school tasks, intellectual puzzles, problems to solve, or in
general, anything that requires learning, memory, or thought, then the most suc-
cessful people on one test will tend to be the most successful on another, that is,
there is a common factor. The factor model formalizes this relationship by positing
a common, unobserved (latent) factor to account for correlations among test scores.
If there are four tests, there are six (n * [n − 1]/2, n = 4) correlations among them.
But a factor model posits a single latent factor (x, serving as an independent vari-
able) with a regression coefficient (factor loading) for each of the four tests (y1–y4,
serving as separate dependent variables), thereby accounting for the six observed
data points with only four parameters, a savings of two parameters, and therefore a
more parsimonious representation of their relationships. Fractal-like, this
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relationship can be repeated for clusters of tests; and empirically it turns out that
there are clusters of tests (e.g., spatial tests, verbal tests) whose interrelationships
cannot be completely accounted for by the general factor. This necessitates addi-
tional group factors, one for each cluster.

This model of accounting for test inter-correlations parsimoniously through the
positing of latent factors is the fundamental basis by which we say that people have
abilities. Abilities are the unobserved latent variables. There is a general ability
(g) and there are group abilities. Carroll (1993, p. 23) refers to a cognitive ability as
“an intervening variable, i.e., a calculation convenience, as it were, in linking
together a particular series of observations.” The abilities concept is not completely
dependent on a factor model—other methods of representing the empirical fact of
clustering of test-score variables, such as hierarchical clustering or multidimensional
scaling also invoke an abilities explanation (Corno et al. 2002, p. 66; Snow et al.
1984). However, the factor model may more easily represent hierarchies of abilities.
It was once thought that the general factor (Spearman 1927) and group abilities
theories (Thurstone 1938) represented different abilities models, but Gustafsson
(1984) showed that both views could be accommodated in the same hierarchical
model which provided a better summary of their empirical relationships.

2.3 What Is General Fluid Ability?

Given that there is empirical clustering, what is the nature of those clusters? This
can be explored by studying the common features of the tests that are the best
representatives of those clusters, that is, the ones that have high factor loadings.
A limitation is that factors from factor analysis simply represent what is common to
a group of variables studied, and so if a kind of test is never studied then a factor
underlying performance on such a test would never be identified; conversely, if a
particular kind of test appears in many studies, a factor will be identified to account
for that fact. However, reviews of studies that have been conducted on tests and
their interrelationships reflect what many researchers have thought important
enough to conduct a study on, and therefore the findings that emerge in such
reviews will be important in the sense of warranting attention.

One such review was Carroll’s (1993) meta-analysis of 460 datasets. He found
241 instances where a reasoning factor (these subsequently were labeled fluid
ability tests by Carroll) was identified. Carroll then classified these factors into three
categories based on his analysis of their common and unique features. The 236
factors, i.e., the ones that occurred more than once and had relatively high loadings,
fell into the categories of

(a) sequential or deductive reasoning factors (e.g., categorical syllogisms [“Some
dogs don’t bark, Fido is not a dog, can he bark?“], linear syllogisms [Fred is
taller than Sam, but shorter than Joe, who’s tallest?]), general verbal reasoning
[e.g., deductive reasoning, as in identifying a logical conclusion based on
verbally stated problem situation],
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(b) inductive reasoning factors (e.g., rule discovery, number or letter series tasks,
multiple exemplars tasks, matrix tasks, odd element or “odd man out” tasks,
and analogies tasks); and

(c) quantitative reasoning factors (these are typically inductive or deductive rea-
soning tasks but involve quantitative elements, such as number series).

Carroll found that these three main categories of fluid reasoning tests were
difficult to distinguish empirically, although there was some tendency for Induction
and Sequential Reasoning to be more correlated with Gf factors, and Quantitative
reasoning to be relatively more related to Gc factors. Commercial tests reflect this
inconsistency. The Number Series test (Test 24) in the Woodcock-Johnson® III (WJ
III®) (Woodcock et al. 2001) test battery is classified both as measuring Fluid
Reasoning (Gf) and as measuring narrower Mathematics Knowledge and
Quantitative Reasoning factors (Schrank 2006). The Woodcock Johnson classifi-
cation is based on what has come to be known as the Cattell-Horn-Carroll (CHC)
theory (McGrew 2005).

Carroll (1993) classified number series tests (Series Tasks more generally) as
Inductive Tasks (p. 211), but also pointed out that they can be made more difficult
and “thus classifiable as a quantitative task” (p. 213). Wilhelm (2006) reviewed
Carroll’s classification (and the separation of deductive and inductive reasoning) and
pointed out that Carroll viewed series tests as tentative markers of induction due to
the fact that analyses are often based on studies that have weak designs and show a
single-factor solution. Wilhelm also pointed out that there is often a “content con-
found,” with deductive tasks being primarily verbal, and inductive tasks often being
spatial in content. This breakdown suggests that Carroll’s Inductive-Deductive
(Sequential)-Quantitative split is confounded with a Verbal-Spatial-Quantitative
split. A study by Wilhelm (2000) (in German, but reviewed in Wilhelm 2006)
suggested that a better representation of relationships is that there is a general fluid
ability (Gf) factor with Verbal, Figural, and Quantitative sub-factors, and that
Number Series was more closely aligned with two deductive measures, Solving
Equations and Arithmetic Reasoning, than with other inductive measures with other
contents, such as Figural Classifications and Figural Matrices.

2.4 Explorations of Measures of General Fluid Ability

In addition to identifying common features of tests that cluster in factor analyses,
another approach taken to understand fluid ability has been to explore more sys-
tematically features of tasks that are good measures of (have a high correlation
with) fluid ability. This approach must be taken with caution as particular measures
have considerable task-specific variance (Gustafsson 2002). Nevertheless it can be
informative to study several tests in such a way and examine potential underlying
commonalities.
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2.4.1 Complexity

An example is the complexity hypothesis (e.g., Stankov and Schweizer 2007), which
is that because intelligence, particularly Gf, is the ability to deal with complexity in
some sense, more complex tests must be better measures of intelligence. For
example, Stankov and Schweizer (2007) defined complexity as the number of steps
needed to reach a solution (their Swaps test), or the level of embedding of a rule used
to sort number strings into two categories (their Triplets test), and found that thereby
increasing complexity increased task difficulty and led to higher correlations with a
Gf measure, Raven’s progressive matrices. However, Gustafsson (1999) found that
an equally plausible measure of complexity—having to switch problem solving sets
on every item due to heterogeneous versus homogeneous item type groupings (using
figural “odd man out,” figure series, and Bongard figure classification tasks)—did
not result in higher loadings. In fact, homogeneous groupings tended to lead to
higher factor loadings, a result he attributed to the opportunities afforded by
homogeneous grouping for within-task learning. He also invoked a working-
memory explanation to account for his findings.

Informal approaches to defining complexity might be criticized [akin to Boring’s
(1923, p. 37) definition of intelligence “as what the tests of intelligence test”].
Halford et al. (1998) proposed a formal specification of the relationship between
task features and cognitive complexity called relational complexity. Birney and
Bowman (2009) applied this framework to both the Swaps and Triplets task as well
as to a Latin Square and simple sentence comprehension task. However, they found
no advantages to this particular framework over others in predicting Gf correlations.

2.4.2 Reasoning Ability and Working-Memory Capacity

The complexity hypothesis, and relational complexity, are essentially working-
memory explanations. Working memory is the notion of a limited, short-term system
in which temporary storage and information processing of the current focus of
thought occurs (Baddeley 2003). The idea that individual differences in working
memory capacity might underlie general fluid ability was originally suggested by
Kyllonen and Christal (1990), who found correlations above r = 0.80 between latent
factors of fluid ability and latent factors of working memory. The primary value of
the study was to show that tests could be developed to measure working memory
capacity using Baddeley and Hitch’s (1974) simple definition (tasks that require
simultaneous storage and processing of information, such as mental addition) and
that capacity measures from those tasks correlated highly with established measures
of fluid ability (such as sets, series, and matrices tests).

However, the question of whether the two factors are the same has been an issue
addressed. Many factors influence the correlation estimate including measurement
error (e.g., correlations between tests vs. latent factors), contents (e.g., verbal,
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spatial, numerical), item types (e.g., series, matrices, span), speededness,
task-specific factors, strategies, and so on. If two large sets of reasoning and
working memory measures do not confound these factors, then the latent factor
inter-correlation will tend towards unity (e.g., Kyllonen 1995). On the other hand, if
random working memory tests are correlated with random reasoning tests without
attention to confounding of content, test type, and other factors, then the correla-
tions will be lower. This finding has been evaluated in numerous studies since with
a variety of methodologies (Conway et al. 2007; Unsworth et al. 2014). The general
view now seems to be that the two factors are highly correlated but not the same
(e.g., Kane et al. 2004). One meta-analytic estimate of that correlation is q = 0.85
(Oberauer et al. 2005), which is based on but higher than Ackerman et al.’s (2005)
meta-analytic estimate of q = 0.63 (between working memory and Gf, controlling
for content; p. 38). Much of the source for the distinction between typical reasoning
and typical working memory tasks is in content (e.g., Wilhelm 2006) and to a lesser
extent, speededness (Ackerman et al. 2005). Chuderski (2015) found that Gf tested
under time pressure overlapped considerably with working memory (83 % vari-
ance) whereas Gf tested without time limits overlapped considerably less (58 %).

The findings in this literature are at least consistent with the idea that working
memory capacity explains or contributes to differences in Gf task performance, but
that other task effects (e.g., content, paradigm, speededness) also affect both Gf and
working-memory task performance and may differentiate the two categories. It is
not clear that factor analysis of tasks that are labeled as Gf or working memory tasks
is the best method for addressing the issue. The systematic manipulation approach
controlling for other factors such as what was done to explore the complexity
hypothesis may be more appropriate. Analyses of Raven’s Progressive Matrices
have been conducted in this spirit.

2.4.3 Raven’s Progressive Matrices

Progressive matrices, in particular, Raven’s progressive matrices, has long been
considered one of, if not the single best measure of general cognitive ability and
general fluid ability (Gustafsson 1998). For example, Snow et al. (1984) summarized
various studies of cognitive measures that showed Raven at the center of a multidi-
mensional scaling representation, corresponding to having the highest general factor
loading. This prompted Carpenter et al. (1990) to conduct a detailed information
processing analysis of what the RPM measures, which they found to be the ability to
encode and induce relationships between elements and to manage this in working
memory. On the applied testing side, the literature findings concerning the matrix test
led to the development and inclusion of a new matrix test for the WAIS-III and
WAIS-IV IQ tests, the most widely used today. Embretson (2002) developed an
adaptive version of a figural matrix test called the adaptive reasoning test (ART),
based on the rules identified by Carpenter et al. (1990). Preckel and Thiemann
(Preckel 2003; Preckel and Thiemann 2003) also have developed versions.
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It is possible in principle to produce a matrix test with materials other than the
simple geometric forms used in the Raven’s Progressive Matrices (RPM) test.
However, in practice the geometric forms work quite well, as Embretson (2002)
showed, and as the adoption of a figural matrix test into the WAIS establishes. An
advantage of the figural stimuli in the RPM, with regard to it being a good measure
of Gf, is that their use and the rules that operate on them are novel, which means
that cultural and educational effects are reduced relative to what they might be if for
example numbers (and numerical relations) or words (and semantic relations) were
used instead.

A question is whether inducing rules or keeping relations in mind (active in
working memory) is the major source of difficulty on Raven’s Progressive Matrices,
or on inductive tasks in general. If there were many potential rules linking elements
to one another then this might suggest that discovering those rules would be major
source of difficulty. But Jacobs and Vandeventer (1972) examined 166 intelligence
tests listed in the Buros (1965) Mental Measurement Yearbook and 35 additional
tests in the ETS test collection library that fell into Guilford’s (1967) category of
cognition of figural relations (CFR), which overlaps considerably with Carroll’s Gf
category, subject to the stimuli being primarily figural (as opposed to verbal or
numerical). Their purpose was to categorize all the rules (relationships between
elements in the problem) that were used in such tests. They found that almost all
relations between two elements in the 1335 item pool fell into 12 categories such as
shape change (a change of form, e.g., square to circle, solid to dotted; 53 % of all
relations); elements of a set (i.e., each element appears three times in a 3 � 3
matrix, 35 % of relations); movement in a plane (e.g., rotating 30°) (28 %).

Carpenter et al.’s (1990) analysis of Raven’s Progressive Matrices (RPM)
resulted in a set of just five rules, which exhaust those used in the RPM (and which
map to Jacobs and Vandeventer’s 1972, rules; see also, Diehl 2002; Embretson
2002). These were “constant in a row” (element is the same across columns)
(53 %), “distribution of three” (element appears once in each row, once in each
column) (35 %), “distribution of two” (same as distribution of three with one being
a “null” element) (28 %), “pairwise progression” (an element changes across rows
and columns) (26 %), and “figure addition/subtraction” (two entries visually sum to
a third entry) (24 %). Carpenter et al. (1990) suggest that most problems can be
described by identifying the specific elements within a 3 � 3 matrix cell, then
applying one of the five rules to that element.

The Carpenter et al. (1990) study did not establish whether the rules and the
processes were sufficient for creating a test that would behave well psychometrically.
However, Embretson (2002) did this, and so did Diehl (2002) in her dissertation.
Embretson (2002) developed a matrix test called the Adaptive Reasoning Test
(ART) based on the five rules and on manipulating the number of elements and rules
within an item. Embretson (2002) and Diehl (2002) also provided additional spec-
ifications for those rules, and developed a useful notation. In Embretson’s (2002)
notation, each element (e.g., shape) is represented by a letter, which can be sub-
scripted to define attributes on that element (e.g., pattern, size, shading, thickness,
orientation, number, color, etc.). In Embretson’s (2002) system, any of 22 objects
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and 7 attributes appear in any “item structure,” and an item structure was assumed to
create an item with the same difficulty level, which analysis showed is reasonable.

Increasing the number of rules and the number of elements in a matrix reasoning
test item increases processing time, beyond a simple additive function (Mulholland
et al. 1980; Primi 2001). It also leads to increased demands on working memory
(Primi 2001). Increasing difficulty by increasing the number of rules and elements is
one of the main drivers of construct-relevant increased difficulty in matrix reasoning
tests. On the other hand, perceptual complexity of the geometrical shapes in the
matrix (which affects encoding difficulty) also affects item difficulty (Meo et al.
2007; Primi 2001), but does not affect how good a measure of Gf it is (Arendasy and
Sommer 2012), and also tends to have a greater impact on the performance of
females. This is also true of the adjacent fusion phenomenon in which adjacent
elements become difficult to distinguish perceptually. This may not be a desirable
item feature to include. Hornke and Habon (1986) and Arendasy and Sommer (2005)
found that figural matrices with fused elements governed by different rules introduce
a second dimension, and reduced Gf/g saturation (Arendasy & Sommer 2012).

In summary, several methods have been used to explore the nature of general
fluid ability. These include defining common features of tests that cluster in factor
analyses, and systematically manipulating features of tests to determine which
might serve as radicals (construct-relevant difficulty-manipulating factors), or in-
cidentals (construct-irrelevant factors) to use Irvine’s (2002) terminology. Based on
these analyses it appears that working-memory capacity is an important factor
contributing to performance on tests of general fluid ability.

2.5 General Fluid Versus General Crystallized Ability

Spearman’s (1924) general factor theory was challenged by Cattell (1963) (see also
Cattell and Horn 1978) who proposed two general factors, general fluid and general
crystallized. The distinction between fluid, crystallized, and general ability is often
ignored in the literature (e.g., Herrnstein and Murray 1994; Jensen 1998; Nisbett
et al. 2012; Rindermann 2007) as well as in the lay population which does not
differentiate between them (Kaufman 2012). The proposal for a fluid-crystallized
differentiation was based on the conceptual distinction between tasks reflecting the
phenomenon in which “skilled judgment habits have become crystallized” due to
schooling or prior learning experiences (Cattell 1963, p. 2) and those requiring
adaptation to new situations (cf., Schank 1984). It was also based on the empirical
finding that over the life span performance on Gf task peaks sooner and drops more
rapidly than does performance on Gc tasks (discussed in more detail below, in
“Fluid Ability and Age”).

These findings motivated Cattell’s (1987) investment theory which posits that in
early life, a single general factor, Gf, “primarily associated with genetic factors and
neurological functioning” (Valentin Kvist and Gustafsson 2008) is invested in and
governs the rate of learning and “as a result of the fluid ability being invested in all
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kinds of complex learning situations, correlations among these acquired, crystal-
lized abilities will also be large and positive, and tend to yield a general factor”
(Cattell 1987, p. 139).

Carroll’s (1993) meta-analysis identified a number of crystallized ability factors.
These included language development, verbal and reading comprehension, lexical
knowledge, foreign language aptitude and proficiency, listening and communica-
tion abilities, spelling, grammar, and phonetic coding, and cloze ability (the ability
to infer correctly a missing word in a sentence or paragraph). It is clear that these
are language-related factors.

Postlethwaite’s (2011) meta-analysis showed even higher predictions of edu-
cational and workforce outcomes for crystallized than for fluid ability (Table 2.1).
His classification scheme was based on McGrew’s (1997) cross-battery classifica-
tion system based on the Carroll-Horn-Cattell Gf-Gc model (however, his classi-
fication is subjective, a potential limitation to the study). The analysis found that
crystallized ability predicted school grades, job training particularly for high
compared to medium complexity jobs, and job performance, particularly higher
skill jobs.

Although fluid and crystallized abilities often fail to be distinguished, there is
growing recognition in both psychology (Ackerman 1996; Hunt 2011) and

Table 2.1 Correlations of Gf, Gc, and g with outcomes (Adapted from Postlethwaite 2011,
Tables 6–14)

Fluid abilitya Crystallized abilityb General abilityc

k (N) r rho k (N) r rho k (N) r rho

Grades in
school

67 (7991) 0.26 0.40 157
(199,642)

0.36 0.65 110
(29,739)

0.47 0.68

High School 26 (4134) 0.30 0.38 18 (2100) 0.43 0.53 32 (13,290) 0.53 0.65

College 41 (3857) 0.22 0.44 139
(197,542)

0.36 0.65 78 (16,449) 0.42 0.72

Job training 20 (3724) 0.25 0.54 114 (38,793) 0.38 0.70 24 (7563) 0.28 0.59

Low skill jobse 11
(2658)d

0.23 0.44 29 (8152) 0.41 0.73 2 (156) 0.22 0.53

High skill jobsf 5 (569) 0.32 0.67 4 (596) 0.45 0.75 2 (2824) 0.22 0.57

Job
performance

23 (3272) 0.14 0.27 199 (18,619) 0.23 0.49 86 (8070) 0.23 0.43

Low skill jobse 2 (251) 0.01 0.01 108 (9307) 0.22 0.45 37 (3420) 0.20 0.37

High skill jobsf 2 (132) 0.31 0.64 27 (2214) 0.29 0.59 11 (861) 0.30 0.60
aMeasured by tests such as Raven’s Progressive Matrices and the Cattell Culture Fair test; bmeasured by
tests such as the Mill Hill Vocabulary test, ASVAB and AFQT, Differential Aptitude Test; cmeasured by
the g factor from the AFTQ and the GATB, Otis-Lennon, Stanford-Binet and others; dthese are values for
middle skill jobs because there were no low skill jobs; eO*NET Zone 1 and 2; fO*NET Zone 4 and 5
k number of studies; N number of test takers; r observed correlation weighted by N; rho observed
correlation weighted by N, corrected for both range restriction and criterion unreliability
Adapted from Postlethwaite (2011), Tables 6–14
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economics (e.g., Borghans et al. 2015; Heckman and Kautz 2014) that the two are
highly overlapping (correlated) but nevertheless separate and distinguishable, and
that crystallized abilities are more strongly predictive of school and workplace
outcomes.

2.6 General Fluid Ability Versus General Ability

In a series of studies involving school children and adolescents taking various
batteries of cognitive ability tests hierarchical factor analytic models were fit to the
data using both exploratory (Schmid and Leiman 1957; Undheim 1981), and
confirmatory approaches (Gustafsson 1984; Undheim and Gustafsson 1987). In
these analyses general fluid ability (Gf) was found to be indistinguishable from
general ability (g). At some level this is not a surprising result because descriptions
of general fluid ability and general ability sound similar. Spearman (1904) sug-
gested that general ability involved the “eduction of relations and correlates” which
comes close to a description of the processing involved in the progressive matrices
test, a prototypical measure of Gf, as discussed in the previous section.

As Valentin Kvist and Gustafsson (2008) pointed out, some studies have not
replicated the g = Gf finding (e.g., Carroll 2003), and others have even argued that
Gc is closer to g, on the basis of the centrality of Gc tests in particular test batteries.
It would seem that this is a difficult issue to resolve given that the makeup of the test
variable set will affect the location of factors designed to account for the relation-
ships among those variables.

However, Valentin Kvist and Gustafsson devised a novel and compelling
rationale for how the Gf = g hypothesis could be tested. The basic idea is that
according to investment theory, Gf develops into a general factor because it drives
knowledge and skill acquisition in diverse domains (e.g., vocabulary acquisition,
rule induction), causing correlations between performances in those diverse
domains. But that relationship assumes roughly equal learning opportunities. If
there are differential opportunities to learn, say, between first and second language
groups, then the relationship between g and Gf will be reduced. In their words:

This suggests a way to test both the Investment theory and the hypothesis that g equals Gf,
namely through investigating the effect of differential learning opportunities for different
subsets of a population on the relation between Gf and g. From the Investment theory
follows the prediction that within populations which are homogeneous with respect to
learning opportunities there should be a perfect relationship between Gf and g, while for
populations which are composed of subgroups who have had different learning opportu-
nities, the relation between Gf and g should be lower (p. 425).

They administered a battery of 15 tests, measuring Gf, Gc, general visualization
(Gv), and general speediness (Gs) to 3570 18–60 year olds, mostly men, registered
at a Swedish employment office. For the purposes of hypothesis testing the sample
was divided into native speakers (N = 2358), European immigrants (N = 620) and
non-European immigrants (N = 591). Hierarchical models were fit to the data with
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first order Gf, Gc, Gv, and Gs factors, and a second order g factor. When the
analyses were conducted within groups, the correlation between g and Gf was 1.0,
as expected, due to roughly equal opportunities to learn. But when the data were
pooled, which put together groups with very different learning opportunities, then
the correlation between g and Gf was 0.83. As Valentin Kvist and Gustafsson
(2008) point out, the result “provides support for the Investment theory, and for the
hypothesis that Gf is equivalent to g…however…only when the subjects have had
approximately equally good, or equally poor, opportunities to develop the knowl-
edge and skills measured” (p. 433).

The Valentin Kvist and Gustafsson (2008) finding is an important one for
understanding the relationship between g and Gf. It also is reminiscent of an
argument made almost 40 years ago by Zigler and Trickett (1978) who proposed
that IQ tests measure three distinct components, formal cognitive processes, school
learning, and motivation. If the school learning or motivation components are
unequal, then IQ tests are poor measures of cognitive processing ability (Brent
Bridgeman [personal communication, March 30, 2016] pointed this out).

2.7 Does Fluid Ability Change? Can It Be Improved?

This section addresses the issues of the natural change in Gf over the lifespan as
well as the secular effect or Flynn effect, which is the change in population cohort
Gf over time. The section also addresses ways to improve Gf, either through school,
direct training, or pharmaceutically.

2.7.1 Fluid Ability and Age

It is largely accepted that fluid ability decreases, and crystallized ability increases,
with age (Hunt 2011). Fluid ability is generally held to peak in the early to mid-20s
before declining and crystallized ability to peak in the early 30s and remain fairly
stable into the early 60s before declining (e.g., McArdle et al. 2002). Despite the
general acceptance of these trends, interpretations of age-related changes in fluid
ability are complicated by several factors.

The first factor is differences in research designs. It is mainly cohort-sequential
designs that have found that fluid ability peaks in the early 20s (Horn 1989;
Tucker-Drob and Salthouse 2011), yet these designs are prey to cohort effects,
including different cohorts being differentially affected by the Flynn Effect (the
secular growth in Gf scores over the past half century); longitudinal research
suggests that fluid ability does not decline until at least the early 60s (Schaie 2012).
Indeed, a recent longitudinal study actually found an increase in fluid ability of
about 15 points from age 12 to age 52 (Schalke et al. 2013). Longitudinal studies,
however, are susceptible to selective attrition, which can distort findings of
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construct-level changes over time. Additionally, in order to properly compare the
results of cross-sectional and longitudinal studies it is important that these inves-
tigations use the same cognitive tests, otherwise differences attributed to changes in
fluid ability over time may be confounded with test differences that do not reflect
true differences at the construct level. It has been claimed (e.g., Horn and Noll
1997) that longitudinal studies have tended to use tasks that are better characterized
as indicators of crystallized than fluid ability and after accounting for this the results
of the two research traditions are well-aligned in demonstrating the early-in-the-
lifespan decline in fluid ability.

A second methodological factor that must be accounted for is where the studies
occurred. Much of the cross-sectional and longitudinal research that is taken to be
key to understanding age-related differences in fluid ability is conducted in
Western, English-speaking countries, especially the United States. For example,
Schaie’s (2012) results are based on the Seattle Longitudinal Study and many of the
studies conducted by John L. Horn and colleagues drew participants largely from
the United States; Deary et al.’s (1998) sample was Scottish. Cultural and envi-
ronmental influences may moderate the association between differences in age and
differences in fluid ability; Schalke et al.’s (2013) study finding an increase in fluid
ability scores between 12 and 52 was conducted in Luxembourg. Instructive are
investigations finding that socioeconomic status modifies the relationship between
fluid and crystallized ability (Schmidt and Crano 1974) and the heritability of IQ
scores (Harden et al. 2007). More attention should be paid to within- and
between-country differences in changes in fluid ability over time, especially in
non-Western countries. In pursuit of discovering some “universal” law (cf.
Danziger 2009) governing the association between age and fluid ability it is cer-
tainly possible to average over all countries, all cultures, and all socioeconomic
strata, but in terms of interpretability and usefulness doing so would be comparable
to averaging a person’s blood pressure readings over the course of her entire
lifetime to derive her “true” blood pressure (cf. Sechrest 2005).

Finally, differences in test-taking motivation over time may further complicate
interpreting studies demonstrating age-related declines in fluid ability. Research in
the past several years has made clear the importance of accounting for motivation
when examining test scores conducted in low-stakes settings (e.g., Duckworth et al.
2011; Liu et al. 2012). Classic accounts of proper procedures for conducting tests of
individual differences (Fiske and Butler 1963; Terman 1924) emphasize the need to
make the testing situation as similar to an experimental one as possible, the goal
being to eliminate all between-subjects variance in all influences on test scores—
except variance in the construct that test is intended to measure. It is important to
remember that an individual’s test scores are the result of many variables (e.g.,
eyesight, psychomotor process), but the goal when measuring individual differences
is for differences in individuals’ scores to solely reflect variance in the construct
being assessed (Cronbach 1971).

When cognitive ability tests are given under high-stakes conditions it is assumed
that motivation does not play a role in determining differences in test-takers’ scores
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because they are all putting forth maximal effort (Sackett 2012). This is not the case
when tests are taken under low-stakes conditions, however, where there is little
incentive for individuals to put forth their full effort. It is important to ask why older
test-takers in-particular would be fully motivated to perform well on tests whose
defining characters include being content- and context-free (Ackerman 1999). After
exiting the fairly homogenous compulsory school curriculum, people are able to
exert more control over their environments and select themselves into situations that
will give them access to content they find (relatively) interesting. Presenting older
adults with content of no apparent real-world significance and (that is likely not
intrinsically interesting to them), after they have been able to avoid such content for
decades, and then asking them to fully engage with that content without offering
any major incentives does not appear to be a recipe for eliciting maximal effort. By
definition (Carroll 1993), cognitive ability constructs are maximal performance
variables that can only be measured when test-takers are fully motivated; to the
extent older adults are not fully motivated during fluid ability testing the construct
validity of these assessments must be questioned.

This line of reasoning suggests that more consideration should be given to the
extent to which test-taking effort plays a role in the observed decline of fluid ability
with age. If fluid ability tests are consistently administered under low-stakes con-
ditions, the major incentive for test-takers to do well on them may be reducible to
their internal sense of competitiveness, perhaps manifesting in the need to
“demonstrate one’s full potential” or simply outscore fellow test-takers; giving
test-takers an achievement motivation inventory (Freund and Holling 2011) could
potentially allow for control of some of this construct-irrelevant variance. Providing
test-takers with extrinsic incentives (Liu et al. 2012) is another option for inducing
motivation. However, finding which incentives are most effective can be chal-
lenging [e.g., calling a test a game can increase motivation (Bridgeman et al.
1974)], and incentive manipulations can have different effects on easy versus dif-
ficult tasks (e.g., Harkins 2006).

A related topic is the hypothesis that much of the age-related loss of fluid
intelligence is attributable to a declining ability to maintain focused attention. Horn
(2008) summarizes several converging lines of evidence supporting this hypothesis
from studies on vigilance, selective attention, Stroop (i.e., tasks requiring one to
name the color of words, such as the word blue presented in a red font, where the
perceptual and semantic information conflict), and distracted visual search tasks.
These findings complement more recent research (e.g., Burgess et al. 2011; Melnick
et al. 2013) indicating the ability to suppress distracting information and maintain
concentration in the face of interference is associated with better performance on
fluid ability tasks. If older adults already have more difficulty concentrating, it
should come as no surprise that they score more poorly on tasks that demand
intense concentration but are of no intrinsic interest to them and scores on which
have no impact on their lives once they exit the testing session.
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2.7.2 Fluid Ability and the Flynn Effect

The Flynn Effect is a label for the phenomenon of rising cognitive ability test scores
over the past century, at an average rate of 0.3 points per year (Hunt 2011). These
gains have been demonstrated across industrialized countries and age groups and
are primarily observed on components of tests that are categorized as tapping fluid
ability (e.g., progressive matrices); scores on crystallized ability tests have either
remained constant or declined (Flynn 2007). Many different reasons for the Flynn
Effect have been put forth, ranging from increased test sophistication to better
nutrition to safer environments, but a definitive explanation has not been identified
(Hunt 2011). There is evidence that the Flynn Effect has ceased, at least in some
countries—yet there is also evidence that it continues, even among those with
cognitive abilities in the top 1 % of the distribution (Wai and Putallaz 2011).

The Flynn Effect has important implications for increasing fluid ability because
the rate at which cognitive test score gains have occurred suggest they must be
environmental in origin. This implicates learning processes. Flynn (2007), Flynn &
Weiss (2007) suggests that the rising scores are partially due to the fact that indi-
viduals have learned to think progressively more “scientifically” over the past
century. That is, individuals know to consistently map concrete objects (e.g., dawn
and dusk) onto higher-order relations (e.g., “separates night from day”), rather than
simply thinking of those objects in terms of their immediate properties (e.g., “time
of day”, “degree of brightness”; Flynn and Weiss 2007). Although this shift in
thinking may have occurred largely implicitly due to increased exposure to more
formal education and more complex environments, clearly it has occurred through
learning processes, suggesting it can be explicitly taught. Intriguingly, this theory
calls into question the stark distinction between fluid and crystallized ability, as it
posits that increases in fluid ability are rooted in knowledge that approaching
problems using abstract reasoning tends to be an effective strategy.

2.8 Can Fluid Ability Improvement Be Accelerated?

2.8.1 Through Schooling

There is evidence that fluid intelligence can be improved. Ceci (1991), Ceci and
Williams (1997) identified several different types of evidence consistent with the
idea that schooling raises IQ. Some of these are simply observational—higher test
scores accompany more time in school where differential attendance is due to
starting school late, attending intermittently, dropping out before graduation, or
conversely, staying in school longer to avoid the draft during the Vietnam war
years. Another type of evidence is the summer slump where scores go down during
the several months of summer vacation, which suggests that cognitive growth is not
solely due to maturation.
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Maturation and schooling are confounded, and so one approach to disentangle
them is to estimate the effect of maturation by comparing ability or achievement
scores of same-grade students who vary in age (because a grade will consist of
individuals who range from old for the grade, such as those almost old enough to be
eligible for the higher grade, to young for the grade, that is, those almost eligible to
be held back to a lower grade). The difference in test scores between the relatively
old and relatively young students within a grade (or the slope of the test score on
age regression line) provides the age or maturation effect on test scores. Then
separately comparing test scores of the oldest in a lower grade with the youngest in
the next higher grade, a regression discontinuity, will provide the effect of
schooling on test scores. This general approach has been used in several studies
(e.g., Cahan and Cohen 1989; Stelzl et al. 1995), with a finding that the effect of
schooling on test scores is twice as strong as the effect of age (Cliffordson 2010).

Another approach has been to investigate the effects of compulsory education on
IQ by comparing same age students who differ in schooling due to variation in age
entry requirements or mandatory attendance. An example of the latter is a study by
Brinch and Galloway (2011) who noted that in the 1960s mandatory school
attendance was changed from seventh to ninth grade in Norway. Different
Norwegian communities enforced the change at different times, and so it was
possible to compare the effects of school attendance in communities that were
largely similar, in effect a natural experiment. An abilities test given to 19 year olds
as part of mandatory military service allowed for an estimate of 3.7 IQ points per
year. (Note that this is a convenient shorthand in this literature to express school-
ing’s effect on the convenient, well known IQ scale; it does not imply that growth is
linear across grades, as there is not sufficient data to make such a claim.)

Differential effects of type of schooling have also been investigated. Gustafsson
(2001) compared performance on a mandatory military enlistment test battery given
to 18 year old males who had previously gone through different tracks in secondary
school (e.g., technical, natural science, vocational). The battery comprised measures
of Gf, Gc, and Gv. He controlled for initial differences in grades (following a
common pre-upper-secondary curriculum) and socioeconomic status. He found that
students who had completed academic tracks had higher Gf scores, technical and
science tracks had higher Gv scores, and both effects were stronger than track
effects on Gc. Becker et al. (2012) showed similar effects of academic versus
vocational tracking in Germany.

Cliffordson and Gustafsson (2008) treated test scores from measures of Gf, Gc,
and Gv as dependent variables similar to Gustafsson (2001), but they included age
and amount of schooling at the time of testing as predictors (they also included
controls for socioeconomic status, background, and school grades). They found
results generally consistent with previous findings, with the effect of schooling
double the effects of age, a schooling effect of approximately 2.7 IQ points per year,
and differences between tracks in expected directions, such as social science and
economics tracks having the highest effect on the Gf measure (4.8 points), the
technology track having the highest effect on the Technical Comprehension test (3.4
points), and only Natural Science having an effect on the Gv measure (1.6 points).
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2.8.2 Through Working Memory Training

An intriguing experiment published several years ago had individuals practice a
working memory task known as the dual n-back task (Jaeggi et al. 2008). Participants
were simultaneously shown a square appearing in one of 6 locations on a computer
screen, and heard a letter (e.g., “C”) at the same time. After 3 s, they were shown
another square, and heard another letter. This sequence repeated indefinitely. The task
was to indicate independently whether the square location and the letter were the same
as they were on the previous trial (“1-back”). If they answered correctly, then the
question was made more complex by asking whether the two items were the same as
they were 2 trials back. The task continued to adapt (1-back, 2-back, 3-back, etc.)
according to whether the respondent was correct or not. Participants engaged in this
task for anywhere between 8 and 19 training sessions, and were givenGf pretests and
posttests (e.g., Raven’s Progressive Matrices). The researchers found that treated
participants (compared to no-treatment controls) performed significantly better on the
Gf measures as a result of working memory training.

This study has been replicated a number of times and a recent meta-analysis
suggested that there was consistent evidence that several weeks of working memory
training, specifically based on the n-back task, transfers to fluid ability tasks (Au
et al. 2015). However, another meta-analysis suggested that while working-memory
training did produce reliable short-term improvements in working-memory skills,
there was no evidence that working-memory training transferred to other skills such
as Gf, attention, word decoding, or arithmetic (Melby-Lervåg and Hulme 2012).
There also seems to be little evidence that “brain training” tasks of a more com-
mercial variety transfer to fluid tests (Owen et al. 2010).

2.8.3 Through Pharmaceutical Agents

Use of pharmaceutical agents to enhance intelligence is a growing area of research
(Dance 2016). One wakefulness promoting agent in particular, modafinil, which is
FDA approved for treating sleeping disorders, such as narcolepsy, shift-work sleep
disorder, and general sleepiness is known as a smart drug for non-sleep-deprived
individuals (Geggel 2015). A recent meta-analysis on its effects showed that
modafinil enhanced attention, executive functions, learning, and memory, but did
not affect creativity or working memory (Battleday and Brem 2015).

2.8.4 Through Attentional Control

A common theme of many efforts to enhance fluid ability is a focus on increasing
concentration and attentional control (Nisbett et al. 2012). This accords well with
Horn’s (2008) hypothesis that declines in these abilities explain much of the
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age-related decay in performance on fluid tasks and that age is associated with
deteriorating performance in jobs with intense attentional demands (Kanfer and
Ackerman 2004; Sells et al. 1984). To what extent should these findings inform
how we conceptualize the construct of fluid intelligence? Should we consider
attentional control and concentration “part of” the fluid ability construct or simply
“channels” that assist or undermine its deployment? If the former, this implies that
given unlimited time individuals should be able to complete fluid ability tasks of
any difficulty level, since by removing time constraints individual differences in
concentration and vigilance would be eliminated. This seems absurd, however, as it
further implies that individuals’ basic problem-solving abilities do not practically
differ once differences in their concentration have been accounted for—yet it seems
unlikely that all individuals could, for example, derive complex mathematical
formulae given even unlimited time.

If the ability to maintain concentrated attention for long periods is not taken as
being an aspect of fluid intelligence but simply a facilitator of it this implies that
many of the efforts to enhance fluid ability do not actually do so but instead merely
allow people to more fully take advantage of their current abstract reasoning skills.
Assume that performance on a reasoning test is a function of both current abstract
reasoning skills and ability to maintain concentrated attention for long periods,
which could be a kind of motivation or personality effect. Perhaps one of the major
reasons that fluid ability scores increase with each passing grade but decline with
age after leaving school is that schooling implicitly trains people to concentrate
their attention for long periods of time on content that they do not necessarily find
particularly interesting—and the effects of this training decay after individuals have
completed their compulsory schooling and are able to exert more control over their
environments and choose content they find more intrinsically interesting to interact
with. This line of reasoning suggests that training non-cognitive skills such as
self-regulation and self-discipline (Nisbett et al. 2012) could increase scores on
fluid ability tasks—but also that such training does not enhance individuals’ fluid
ability itself, merely the extent to which they are able to take advantage of it.

2.9 Conclusions

General fluid ability is an important and influential concept in psychology, in
education, and in policy. The purpose of this chapter was to address the issue of its
nature, its measurement, how and whether it is distinguishable from other abilities,
such as crystallized ability and general ability, and how it can be improved. Jan-Eric
Gustafsson has made key contributions to our understanding of fluid ability with
respect to all these topics.

In this chapter we reviewed what we know and what we are learning about fluid
intelligence. Fluid ability is the ability to solve problems in novel contexts, using
deductive or inductive reasoning such as in letter series problems, or with pro-
gressive matrices problems. It is contrasted with crystallized ability, which reflects
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the ability to apply knowledge acquired in school or through acculturation, as
reflected in vocabulary and reading comprehension tests. Fluid ability is sometimes
empirically indistinguishable from general cognitive ability, although this depends
on test takers having roughly comparable opportunities to learn. Fluid ability peaks
earlier than crystallized ability over the lifespan. Test scores on measures of fluid
ability have increased in successive cohorts over the past 50 years, a phenomenon
known as the Flynn effect, although there is some indication that this is no longer
happening, at least in the most developed countries. Fluid ability is highly corre-
lated with working memory capacity, and there is some suggestion that
working-memory training, particularly on the n-back task, may transfer to perfor-
mance on fluid ability tasks. There is evidence from various sources that schooling
may improve fluid ability, although much of the evidence is based on observational
data. There is also some evidence that particular school tracks, such as academic,
and social science, may be particularly associated with improvements in fluid
ability. There also is some, albeit mixed evidence that pharmaceutical agents,
particularly a wakefulness promoting agent, modafinil, improve fluid ability. There
are other influences on test scores besides abilities, such as motivation and atten-
tion, and these may be the factors responsible for some of the improvements in fluid
ability test scores due to schooling, training, and other variables.

Fluid ability is now a firmly established construct in education, psychology, and
the social sciences more generally. It is likely to continue to draw research attention
into the foreseeable future just as it has over the past 50 years.
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