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xiv  Helmuth Nyborg

The photo of Art Jensen is taken in his studio at home in 1969 — right at the time
his famous Harvard Educational Review article came out. That article changed his life
as well as the fields of education, psychometrics, differential psychology and behavior
genetics forever.

The Man

Arthur Robert Jensen is a great scientist but he will probably never “. . . receive the kind
of recognition others with even lesser accomplishments have been given. He will not
receive the honors his work merits from organizations like the American Psychological
Association, The National Academy of Science, or the National Association for the
Advancement of Science, to name a few. The reasons for this lack of recognition are
obvious. He has taken controversial and politically unpopular stands on issues that are
important to the study of intelligence”.

These thought-provoking words by editor Douglas K. Detterman open a special
honorary issue — A king among Men: Arthur Jensen — appearing in the journal
Intelligence (1998).

There is, of course, nothing new in clashes between eminent scientists and the
Establishment. Pioneers are by definition ahead of their time and they often stray far
beyond the prevailing Zeitgeist. However, in the case of Arthur Jensen the controversy
soon turned into a remarkably vicious sequence of events, that started immediately after
he made public, in the (in)famous article in 1969, that he now felt obliged to
acknowledge, contra his previous view, that certain genetic restrictions affected
development — after inspecting a mountain of largely neglected evidence, that he had
stumbled upon almost by accident.

Jensen’s change of mind elicited nothing less than an academic disaster, and marked
a sharp turning point in his professional career. From being considered by most as a well
recognized, honest, exclusively data-oriented scientist, perhaps a bit boring, but very
clever educational psychologist who specialized in the not too emotionally arousing area
of serial learning effects, Jensen suddenly found his work grossly distorted and
misrepresented, and himself threatened and ridiculed. Colleagues low and high
competed for stabbing him in the back, influential professional organizations published
issue statements against him, and not few asked for his removal from office. Over a short
time a massive opposition developed and began to form the sinister contours of a well-
organized, widespread, self-reinforcing, collective fraud in modern academia. Later
analyses suggest that the infection actually had begun to infect deep layers of academia
and the public press since the early 1930s, but its full impact became particularly
obvious in connection with the publication of Jensen’s 1969 article. It spread and now
threatens academic freedom in many modern universities in the United States and
elsewhere.

The photo (opposite) is taken when controversy encircled Jensen, and shows one of
the first graphical illustrations of the different IQ distributions for blacks and whites.

I know Art well enough to appreciate that he personally prefers to entirely side-step
all emotionally and politically motivated controversy, and to get on with what really
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xvi Helmuth Nyborg

to his life and family by hoards of angry politically correct ideologues drawing their
nourishment from the prevailing Zeitgeist.

His Friends

It has been said: If you have no enemies, you have no point of view. Art has many
enemies, and I will describe some of the more prominent in Chapter 20 in this volume.
Fortunately, he also has friends. What do they say about him?

Sandra Scarr (1998), herself certainly no stranger to controversy, understands quite
well that Art Jensen was bound to run into trouble because he “relentlessly pursues a
hard-edged, hypothetic-deductive science that treads on a more emotional, humanistic
psychology. Art has no sympathy for mushy thinking. For him, impressions and feelings
are not data and have no place in psychology . . .” (p. 227).

The friends (and fiends) know immediately that emotionality is no important part of
Art. All who watch Art at close quarters recognize that he always looks opponents
straight in the face, listens carefully and patiently, and then pours out counter data if
there are any, or surprisingly readily admits to total agnosticism in the matter — or he
begins to speculate aloud on the best way to find a solution. Data and analysis, not
emotions, are what matters. Art spent three years working at the late Hans Eysenck’s
Psychology Department in the University of London’s Institute of Psychiatry. Hans once
remarked with a smile that he probably had “high emotional stimulus value”, as judged
by the violent reactions of many of his critics that often went berserk when they saw,
heard, or read anything from or about him. I think this applies in spades to Art as well.
While Art is always cool, he easily gets critics boiling over his sharpness.

The photo of Art (opposite) is taken when he visited Hans in London in 1971.

It was Hans who introduced Art to the details of Galton, Spearman, and Thurstone’s
works and thus provided “. . . a much needed antidote to the predominantly Freudian or
psychoanalytic concepts that informed my clinical work™ (Jensen 1998: 184). It was
Hans who planted Art’s view of psychology as a natural science branch of biology, and
it was Hans who made Art believe that “. . . differential psychology, broadly conceived,
was exactly the path for me.”

Hans and Art were invited to present the Fink Memorial lectures at the University of
Melbourne in Australia in September 1977, and that tour ended in a disaster. Art was to
talk first, but his lecture was disrupted by bullies, and he had to run for his life, protected
by at least 50 police officers. Hans was scheduled to talk the next day, but he was bullied
t00, and nobody could hear a word. The photo on page xviii was taken on that occasion
by professor Brian Start, in his office.

If Art is loyal to data, he is entirely unfaithful to theory. I know this comes as a
surprise to many of his opponents, who claim he is square, preconceived, and
immovable. “In fact” writes Detterman (1998: 177) “I have never known anybody with
fewer prejudices . . . Jensen has no loyalty whatsoever to any theory or hypotheses even
if they come from his own ideas.”

Allow me to give a recent example of this. Art has long been of the opinion that the
sexes do not differ in g, and further that those who nevertheless find a difference are not
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xx Helmuth Nyborg

Art is meticulous (bordering on the pedantic, I dare say)! Alan S. Kaufman tells an
instructive story about Art’s insistence on data rather than emotion and opinion in
scientific matters (1998: 249-250). Alan was preparing a rebuttal to 13 articles,
commenting on the Kaufman Assessment Battery for Children, and felt rather well after
reading the first dozen articles by several notabilities in psychology . . . filled with test,
opinion, and sometimes emotion”. Then, when Kaufman “. . . got to Jensen’s article . . .
[he] began to sweat ... Jensen buttressed his text with original data analyses that
occupied four new tables and six new figures. He used these analyses to challenge and
provoke, to some extent, but mostly to inquire, to seek the truth.” I think not only Alan
but anybody who has worked with Art, or had him review one’s work, will recognize his
extreme meticulousness, if perhaps not always at first with gratitude.

Art is obsessed with work, and it shows! The eminent twin researcher Thomas J.
Bouchard, Jr. (1998) characterized Art’s bibliography as *... breathtaking and his
scientific work as intensive, detailed, exhaustive, fair-minded, temperate, and coura-
geous.” At the time Tom wrote this, Jensen’s biography reflected, that: a) he is the first
author on 357 of the 384 items, b) he is the sole author of 319 of the 384 items, c) he
has four citation classics, d) he has published nearly 10 items a year (including books)
since 1962, e) there is no indication that he is slowing down, and f) the quality is not
only superb, it is getting better! One disconcerting feature of the bibliography is the
paucity of items that have been reprinted”, Tom adds (p. 283). The reader may consult
the updated bibliography at the end of this volume and see that Art keeps up the
stunning pace.

Art is gracious! Bouchard wonders why so few of Art’s works have been reprinted,
and provides the following answer: “He had dared to study and speak straight forwardly
about important issues that most other social scientists only whisper about — race and
class differences in 1Q, lack of bias in intelligence testing, the biological basis of general
intelligence, genetic influences on intelligence, and the fallacious research methods in
developmental psychology.” Like everybody who knows Art, Tom is duly impressed by
Jensen’s personality: “For someone who has been attacked so vituperatively, both in
public and in the published literature, I continue to be astounded at the lack of anger and
hostility in his replies and the astuteness with which he dissects the arguments of his
critics” (p. 285).

When invited to say a few words at a commemorative event at the Institute of
Psychiatry in London in connection with the all too early death of Hans Eysenck in
1997, I draw attention to the fact that if the audience went to any good library or well-
assorted book store, they would inevitably find the collected works of Freud, Marx,
Gould, and other popular writers, but would seek in vain for the collected works of
Hans. I could have added: and the collected works of Art Jensen. We here see another
manifestation of the ugly collective intellectual fraud (to be exposed in Chapter 20), of
neglecting or avoiding politically incorrect literature.

In stark contrast, Art Jensen’s critics are not only legion, but they are often also quite
popular in professional circles and quite powerful there. The recently deceased Steven
Jay Gould was one such person, and he certainly never missed any occasion to fire a
broadside on Arthur Jensen or his work. In his The Mismeasure of Man (1981/1996)
Gould thus wrote: “The chimerical nature of g is the rotten core of Jensen’s edifice, and
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of the entire hereditarian school” (p. 320; see Chapter 20 for details). This book sold
125,000 copies, was translated into 10 languages, and became required reading for
undergraduate and even graduate classes in anthropology, psychology and sociology
(Rushton 1997). Gould eventually became president of the prestigious American
Academy for the Advancement of Science. Another critic, Robert Sternberg, teases
Arthur Jensen by calling him a g-ocentrist, or compares him to a naive little boy, too
afraid to leave his own little g house and visit other and more interesting (I suppose:
Triarchic) houses, so he is still under the illusion that his little g house is the best of all
houses (see Chapter 17 in this volume). Bob has received many awards and honors over
the years, and has recently been elected the 2003 president of the American
Psychological Association. One of Bob’s priorities for the APA is to infuse more
psychology in schools and “. . . propose a set of standards of accountability — a school
children’s bill of right”, to counter the fact that “Schools are becoming factories for test-
taking”. (Daw 2002). For other rebuttals, see Dennett (1995), Gross (2002), and Jensen
(1982).

Most of Art’s enemies come from the academic left, or from the associated post-
modernist quarter. These critics are well-known for their resistance to notions of
individual and group differences in IQ and inheritance (see Chapter 20 in this volume).
Art has no difficulty in competing with them for professional citations, but they
completely overpower Art by several factors in media mentioning. Gould is thus number
9 among the 10 public intellectuals most cited in the States, the others being in rank
order: Michel Foucault, Pierre Bourdieu, Jiirgen Habermas, Jackques Derrida, Noam
Chomsky, Max Weber, Gary Becker, Anthony Giddens and Richard Posner.

Art has a phenomenal memory. Once Art was asked to a meeting in order to prepare
for an invited speech to the House of Lords in London. As I stayed for a couple of days
in the apartment, his lovely wife Barbara and 1 were left alone for the evening, and we
began to wonder what to eat for dinner. Then, just before Art left, Barbara asked him
about the details of an Indian receipt. In a great hurry, Art leaned over the dinner table,
hastily scribbled down all the 32 ingredients that went into that particular course and
then, on the run to the door, gave several pieces of advice as how to prepare the meal,
and off he went. Likewise, in professional conversation his association horizon is
remarkably broad. Anybody, who has had the pleasure of hearing him talk about some
of the many outstanding people he has met throughout his long career, are stunned by
the richness of the details. Just ask him to say a few words about Wagner, Toscanini,
Gandhi, Eysenck, William Shockley, or many others, and you will have enlightening
entertainment for hours. When working, I have seen him sitting in deep concentration
without a word for 10 or more minutes, carefully running over, and over again, a large
number of raw data, tables, and figures, then suddenly raise his head and exclaim: Yes,
now I have got it all. Now, I can write it up. It all clicks in my head! And then it all really
is in there! Writing it up is the least part of it.

Art is a devoted music lover. He is on print for saying: “. . . my interest in music has
never been second to my interest in psychology, though I have necessarily devoted more
time to the latter, of course, since it has been my livelihood. When I wasn’t on Columbia
campus, chances are I was hanging out in Camegie Hall, either at a concert or a
rehearsal” (Jensen 1998: 183). When attending out-of-town conferences he usually
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Wagner’s music, so I bought Deutsche Grammonphon’s 14 compact disc version of
Karajan’s Der Ring Des Nibelungen to get an idea of what was in store. Art was not too
happy with my choice, though. “I wish”, he said, “that you had begun our study of
Wagner with Die Meistersinger, which is more easily accessible than the Ring. The
Karajan version of Meistersinger is probably the best available, although the one by
Varviso (recorded at a live performance at Beyreuth) is also excellent. Solti also does a
fine job, but doesn’t have quite the “gemiitlichkeit” that Karajan brings and which is
needed for this warm opera. The great pianist Paderewski considered Meistersinger the
greatest work of art (of any kind) ever created. The score is certainly a work of
incredible genius and for it, I think, Wagner can be forgiven all his personal faults! The
Ring is a whole world of its own and takes a while to get used to. “The Ring
Resounding” by Robert Culshaw is an excellent brief introduction to the whole thing.
Die Walkiire (especially Act 1) is probably the most easily grasped part of the whole
Ring. The finale of Gotterdimmerung is marvelous. One wonders how a composer
would end such a tremendous work as the Ring, and it’s always a thrill to see how only
a genius would have done it — as of course Wagner did. No lesser genius could have,
or would have, done it as Wagner did. But I hope you get a chance to see the whole Ring
to get the full impact. It’s especially worth the trouble even to go considerably out of
your way, to see a live performance of Meistersinger. Worth a trip to Copenhagen, at
least.” Thank you for all this, Art!

Eysenck once remarked with a smile that he probably had “high emotional stimulus
value”, as judged by the violent reactions of many of his critics that often went berserk
when they saw, heard, or read anything from or about him. I think this applies in spades
to Art as well, even if he looks quite peaceful in the photo (opposite). It is taken in
Berkeley in 1993, the year before his formal — but certainly not practical —
retirement.

Senior editor Frank Miele of Skeptic Magazine (2002) has written a wonderful book
about his conversations with Art, and the reader is well advised to consult it. In dialog
form, Art here answers all the hard questions pertaining to his view on general
intelligence, race differences, cultural test bias, heredity, public policy and affirmative
action, in a clear, non-technical language.

This Book

This book arose out of conversation with many colleagues, some of them differential
psychologist, some educational psychologists, neuropsychologists, clinical psycholo-
gists, occupational psychologists, behavioral geneticists, brain imaging specialists,
sociologists or general psychologists. A consensus to produce a tribute to Arthur R.
Jensen was a prerequisite for these discussions, and it was soon envisioned that the book
would reflect an attempt to cover all essential aspects of Jensen’s work, even if this task
seemed daunting.

We thus wanted the book to trace the historical roots of general intelligence g as well
as the incredible controversy surrounding Jensen’s work. We wanted the book to provide
the most recent account of the hierarchical structure of cognitive abilities, and to
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document the transition from a hopelessly confused concept of intelligence in general,
IQ, to the development of an objective measure of general intelligence, g. We wanted
the book to scrutinize the best available evidence on individual and group differences in
g. We wanted the book to illustrate the impressive power g has with respect to predicting
educational achievement, getting an attractive job, or social stratification in general, and
we wanted the book to document what we know today about the molecular basis of g.
We even wanted to take intelligence testing into the courtroom and inspect how it
fared.

Each single author’s task was defined much along the line Irene Martin suggested for
Nyborg’s (1997) The Scientific Study of Human Nature: Tribute to Hans J. Eysenck.
First describe Art’s contribution to the field (including theory where relevant); then what
research has developed from it, and what kinds of amendments/modifications/additions
to his work (theory) are appropriate; and, finally, describe your thoughts about the future
of the field. Not every author followed the scheme, but then, it is a free country.

I further asked Rosalin Arden to write a non-academic chapter on her changing
impressions of Art, and Anthony Vernon to collect the memories of former students,
who have had Art as a teacher or mentor.

L, in fact, also asked a number of outspoken opponents of g-theory to write a chapter,
and reserved a full part of the book for them, with the explicit purpose of seeking a
balanced presentation of g theory. Unfortunately, I did not have much success in
reaching this goal. One opponent said he had over the years had so many occasions to
criticize g that he would consider it inappropriate to once more present his critical points
in a book of this kind. He nobly added that his respect for Arthur Jensen was so great
that he would rather see the book appear as laudatory as could be. Other opponents were
rather brisk: “I do not want to contribute to such a book”. Still others, such as Howard
Gardner and Daniel Goleman, could neither find the time nor the motive to write a
chapter. From the balance point of view, this is regrettable because science progresses
best by first presenting all the pros and cons and then making an informed decision. But
then again, it is a free country. Perhaps Robert Sternberg from Yale University is not
directly opposing g theory, but he has his reservations, so I asked him to write a chapter
for this honorary volume for Arthur Jensen. Surely he did. He paid back by comparing
Arthur Jensen to a naive little boy living in his little house of g, too afraid to leave his
narrow site and find out that the world outside has many more houses, that are much
more interesting and, not to forget, also Sternberg’s own tower! As an editor I welcomed
the scientific aspects of Bob’s chapter, but I must admit that it caused me personal grief
to see the undeserving ad hominem remarks about Art’s immaturity, in particular in a
tribute such as the present. I decided, nevertheless, to include Bob’s chapter, and will
invite the reader to form his/her own judgment in the matter.

The book is divided into 6 parts. The introduction to each part provides an abstract,
which allows the reader a quick overview of the full content of that part.

However, to point out the overall organization of the book — Part I presents the most
recent higher-stratum analysis of cognitive abilities. Part II deals with biological aspects
of g, such as research on brain imaging, glucose uptake, working memory, reaction time,
inspection time, and other biological correlates, and concludes with the latest findings
in g-related molecular genetics. Part III addresses demographic aspects of g, such as
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geographic-, race-, and sex differences, and introduces differential psychological
aspects as well. Part IV concentrates on the g nexus, and relates such highly diverse
topics as sociology, genius, retardation, training, education, jobs, and crime to g. Part V
contains chapters critical of research on g and of its genetic relationship, and also
presents a rejoinder. Part VI mediates a number of personal impressions of one of the
greatest contemporary psychologists, Professor Emeritus Arthur R. Jensen as a public
figure, teacher, and mentor.

The Gratefully Acknowledged

It takes two to tango. It takes many more for a book. Let me first thank two colleagues
for their never failing and enthusiastic help in launching this book — Linda Gottfredson
and Phil Rushton. Thanks also to the many distinguished contributors who so willingly
took the time off to honor Art. Thanks to the very able people at Elsevier in Oxford —
Fiona Barron, Diane Cogan, Charlotte Dewhearst, Dianna Jones, and Deborah Raven
for their expert assistance and immense patience, and thanks to Sarah Medford, Ph.D.
student, for her linguistic services. Thanks to my wife, Mette, for being so
understanding when I despaired, and for her teaching Art the Tango. Thanks to Rosalind
Arden for sharing her admiration for Art with us, and for being such a lovely person in
general. Thanks to Tony Vernon for undertaking the not so easy task of locating and
organizing contributions from Art’s former students. Finally, thanks to my secretary
through many years, Lone Hansen. Frankly, I do not know where this book would have
landed without her unfailing personal and professional assistance. Du bist ein Schatz,
Lone.

Thanks to Art for lending me the photos used in the introduction. I am grateful to
Pergamon for allowing me to design the cover. Not really trusting the articulateness of
my varying artistic talent, I perhaps ought to spell out the details. Spread out over the
brain, and by and large in place, are the various main components of the hierarchical g
model. The differently colored eyes refer to the moderate average sex difference in g
(Chapter 10, if you are a non-believer). The nose roughly represents the proportional
black and white IQ distributions, and the mouth spells out the formula for heritability,
or that part of the population variance in a trait that can be ascribed to genes. The ears
could have signaled, that the positive effect of compensatory education depends to a
large extent on the level of g, but that would probably be to push the matter too far.

Let me conclude this introduction by admitting that it has been a privilege to edit this
tribute to Arthur R. Jensen. We all wanted to pay back in each our small way the
inspiration and headship you — Art — have provided over half a century for all of us
in the fields of differential psychology, educational psychology, psychometrics, or
behavioral genetics. We wanted to express our admiration for the guidance you have
provided in terms of honest science, never failing supportiveness, courage, and personal
integrity.

May your molecules be with you for many years to come, Art!

Helmuth Nyborg

University of Aarhus
Risskov, Denmark
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Part I — Introduction

John Carroll is unquestionably a world authority on factor analysis and g modeling. I
therefore asked him to specifically comment on higher-stratum structure models for
cognitive abilities, to see whether the classical model of general intelligence would still
stand strong in the light of current and new evidence.

Carroll begins chapter 1 by considering three somewhat different views about the
higher-stratum structure of cognitive abilities: (a) The classical view of Spearman,
Thurstone (in his later years), Jensen, Carroll, and many others. This view says that a
general factor of intelligence g exists and can be confirmed, along with a series of about
10 broad second-stratum factors, including factors called G; and G,, defined by
specifiable types of variables; (b) The view of Gustafsson, Undheim, and some
others, that a general factor of intelligence exists and can be confirmed (along
with various second-stratum factors), but that it is highly or even perfectly correlated
with a second-stratum factor G, as proposed by others; and (c) The view of Horn and
some others, that there is “no such thing” as a general factor of intelligence, because it
cannot be properly conceived or experimentally demonstrated. However, the factors G,
and G, exist as second-stratum factors (along with about 8 others) and can be
confirmed.

Carroll then analyzes datasets, assembled and studied by McGrew, Werder and
Woodcock, by both exploratory and confirmatory factoring methods, in order to
investigate the statistical hypotheses implied in the above mentioned three views. The
re-analyses of these datasets suggests the following conclusions:

(a) Classical hypotheses, claiming a general factor g and, orthogonal to it and to
each other, two or more second-stratum factors, can be confirmed even when the
second-stratum factors include G, The existence of G, as a second-stratum factor
separate from g is no longer doubtful, but there may be problems in validly
measuring it.

(b) The notion (favored by Gustafsson) that there exists a general factor of intelligence
g in addition to broad second-stratum factors, including a factor G; with which it is
highly or perfectly correlated, can be accepted, with the provision that in some
datasets, G can be clearly distingnished from g.

(c) The notion (favored by Hom) that factor ¢ does not exist cannot be accepted. It
ignores the fact that with the use of confirmatory analysis techniques in which a
general intelligence factor is postulated, such a factor can easily be confirmed,
even when G; and G, factors independent of g can be shown to be present. If
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suitable test variables are present in the test battery analyzed, factor g shows

significant loadings on a great variety of mental tests (though not necessarily all
such tests).

However, John cautiously stresses that it remains to verify these conclusions by analyses
of further datasets.



Chapter 1

The Higher-stratum Structure of Cognitive
Abilities: Current Evidence Supports g and
About Ten Broad Factors

John B. Carroll

1. Introduction

As T proposed in my volume Human Cognitive Abilities (Carroll 1993), cognitive
abilities may be assumed to exist at three principal levels or strata: a first, lower-order
stratam comprising some 50 to 60 or more narrow abilities that are linearly independent
of each other (that is, possibly inter-correlated but with clearly separated vectors in the
factorial space); a second stratum comprising approximately 8 to 10 or more broad
abilities, also linearly independent of each other; and a third still higher stratum
containing only a single, general intellectual ability commonly termed g. (For
consistency with the custom observed in the literature, I use only the lower case letter
to refer to the supposed factor g occupying the highest level.) The present chapter is
concerned with the structure of the two higher levels, that is, with questions about
whether there actually exist two higher-order levels, and with what factors can be shown
to occupy each of these levels.

The title of the present volume of essays written in tribute to Arthur Jensen, as well
as the title of Jensen’s most recent masterwork, The G Factor (Jensen 1998), would
appear to guarantee definitively that there exists a unitary factor of cognitive ability (or
“intelligence”) that can be termed g. Indeed, ever since the publication of Charles
Spearman’s seminal writings on intelligence (1904, 1923, 1927) the almost universally
accepted assumption among many psychologists, educators, and even popular writers
has been that there does indeed exist a single general factor of intelligence, possibly
along with other, more specialized dimensions of ability (Eysenck 1994). The assertion
that a general factor of intelligence exists would be the principal statement to make
about the higher-stratum structure of cognitive abilities.

At the time of writing Human Cognitive Abilities, 1 did not think it reasonable to
question the existence of a general factor because I tended to accord with the

The Scientific Study of General Intelligence: Tribute to Arthur R. Jensen
Copyright © 2003 by Elsevier Science Ltd.
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widespread acceptance of such a factor in the psychometric research community.
Nevertheless, even in the several decades after the publication of Spearman’s writings
about a general factor in 1904 and later, concern (reviewed by Burt 1949a, 1949b) about
the genuine existence of such a factor began to appear, particularly in England.
However, considerable evidence for a general factor was accumulated in the early years
of the nineteenth century, and Holzinger (1936) and even Thurstone & Thurstone
(1941), who had endorsed the existence of first-order “primary” factors, published
evidence supporting a g factor. In his book on technical considerations in performing
multiple factor analyses, Thurstone (1947: 421) included a chapter on the computation
of second-order factors, one of which, he thought, might be a general factor similar to
that espoused by Spearman.

In recent times the most pertinent developments concerning the higher-order structure
of cognitive abilities have been based on technical advances in factor-analytic
methodology, in particular the development of confirmatory factor analysis as opposed
to the exploratory factor analysis techniques formulated earlier by Thurstone (1938,
1947) and many others. In confirmatory factor analysis (Joreskog & Sorbom 1989), it
has become possible readily to apply statistical significance tests to factorial results in
order to confer on them a greater degree of scientific plausibility. Using structural
equation models involved in confirmatory factor analysis, Gustafsson and others
(Gustafsson 1984, 1989, 2001; Gustafsson & Balke 1993; Gustafsson & Undheim 1996)
have consistently found what they interpret as a general factor g, but they also have
found and confirmed two factors similar to those proposed by Cattell as early as 1941
(Cattell 1941) and later studied by Cattell (1971) and Cattell & Horn (1978; see also
Horn 1965), namely, a G; (fluid intelligence) factor and a G, (crystallized intelligence)
factor. Gustafsson and his colleagues report that their factor tends to be highly or even
perfectly correlated with g, but Cattell and Horn have tended to reject the notion of a
general factor at a third stratum in the hierarchy of abilities. Further, Gustafsson and
colleagues found and confirmed what they call a cultural knowledge factor G, as
previously described by Cattell (1971) and Cattell & Horn (1978). Such findings at least
raise questions about the interpretation and even the existence of a general factor.

In the early writings of Cattell and Horn, there was already an insistence that the type
of g factor identified by Spearman and many others, including Thurstone, might be
suspect and not confirmable. For example, Chapter 5 in Cattell’s (1971) treatise on
cognitive abilities was an extensive attempt to discredit the Spearman g factor, chiefly
because, in Cattell’s opinion, it could not be supported within the theory of rotated
factors. Cattell and Horn’s rejection of a Spearman-type g factor has been carried
forward to recent articles by Horn (1991, 1998; Horn & Noll 1994, 1997), which
summarize Horn’s current views.

2. Three Somewhat Different Views

In the present chapter, then, we may consider three somewhat different views about the
higher-order structure of cognitive abilities:
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(1) The classic view of Spearman (1927, or particularly in a book published
posthumously, Spearman & Wynn Jones 1950), Thurstone & Thurstone (1941),
Jensen (1998), and many others, that one can accept the existence of a general factor
and of a series of non-general “broad” factors that together contribute variance to a
wide variety of mental performances, but not necessarily to all of them. This is the
view adopted by the present author (Carroll 1993) in proposing that all human
cognitive abilities can be classified as occupying one of three hierarchical strata, as
mentioned previously. I call this the “standard multifactorial view” of cognitive
abilities.

(2) The view of Gustafsson and others (Gustafsson 1984, 1989, 2001; Gustafsson &
Balke 1993; Gustafsson & Undheim 1996) that a general factor exists but is
essentially identical to, or highly correlated with, a second-order fluid intelligence
factor G, but linearly independent of a second-order crystallized intelligence factor
G, and other possible second-order factors. For present purposes, 1 call this the
“limited structural analysis view”.

(3) The view of Horn and some others (Cattell 1971: 87; Horn 1998; Horn & Noll
1994) that there is “no such thing” (as Horn likes to phrase it) as a general factor,
but that non-zero inter-correlations among lower-stratum factors can be explained
by accepting the existence of two or more second-stratum factors, mainly Gyand G..
Because this view denies the existence of a third stratum, it may be termed the
“second-stratum multiplicity view”.

In this relatively brief chapter, I assemble and analyze sample data and arguments
favoring or disfavoring each of these alternative views, eventually to permit drawing
conclusions as to which of them is most nearly correct in terms of logical
reasonableness and closeness of fit to a wide range of empirical data. Some of these data
and arguments appeared in previous publications (Carroll 1993, 1995, 1997a, 1997b),
which may be consulted for more detailed information. It is, however, my present belief
that although currently available evidence tends to favor the standard multi-factorial
view, we still do not have enough objective evidence to permit making any final decision
on which view merits acceptance over the others.

3. How Decide Among These Views?

Each of the three views cited above can be expressed as a series of statements that could
be put to the test by statistical analyses of appropriate datasets either newly designed for
the purpose or drawn from the literature on human cognitive abilities — datasets
containing measurements of a large number of people on a suitable variety of tests or
other measurements of these abilities. The people for whom measurements are obtained
should be a respectable sample of some defined population — preferably one that could
be regarded as representative of an important segment of the general population of, say,
English-speaking inhabitants of the United States of America or of some other country,
within some defined age range. Furthermore, the tests should be reliable and valid
measurements of the main types of known cognitive abilities at the first stratum — that
is, tests designed to measure narrow abilities as opposed to broader or more general
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abilities, which show up only in correlations among different types of narrow abilities.
Any dataset chosen for analysis should contain a table of the actual or estimated
population inter-correlations of all the tests used in the dataset. It is desirable that there
be at least three somewhat different tests of each narrow ability that the dataset was
designed to measure, in order to insure that the ability is adequately defined for logical
and statistical analysis.

3.1. First Dataset

A dataset that would be truly adequate for studying the higher-stratum structure of
cognitive abilities would probably be too large, in terms of its number of test variables,
to include in this necessarily brief chapter to illustrate a possible solution to the problem
posed. There is a real question whether any such dataset yet exists in the literature. In
its place, it may be sufficient, for drawing conclusions about the higher-stratum structure
of cognitive abilities, to portray the application of factorial methods to two relatively
small datasets developed and analyzed by McGrew et al. (1991). It is a dataset that was
designed to test factorial structure only at a second or higher stratum, as suggested by
Carroll (1993: 579), in that it has sufficient test variables to define several second-
stratum factors, as well as the single third-stratum factor, but not necessarily any
first-stratum factors. Table 1.1 shows the inter-correlations among the 16 variables used
in the first of these datasets, derived from data from the administration of the Woodcock-
Johnson Psycho-Educational Battery — Revised (McGrew et al. 1991, Appendix I,
Table I-1) to 2,261 persons of both sexes from kindergarten to adult educational levels.
The developers of this battery had the specific objective of preparing a series of tests that
would reliably and validly measure the more important general and special abilities that
had been discovered in the past fifty or sixty years of research on cognitive abilities. I
therefore consider the data shown in Table 1.1 to be appropriate for analysis in order to
draw at least tentative conclusions about the structure of higher-stratum cognitive
abilities by testing the statistical hypotheses implied by the different views of that
structure that I have been considering.

My intention is to perform what I consider to be appropriate exploratory and/or
confirmatory analyses of the correlations shown in Table 1.1 (and later, the correlations
from a related dataset shown in Table 1.4). From the results, it should be possible to
reach the desired conclusions.

All analyses presented here assume that the factors obtained can be represented as
completely orthogonal to each other; this is true not only for analyses made by the
exploratory Schmid & Leiman (1957) technique described below but also for analyses
made by the confirmatory LISREL 7 factor analysis program (Joreskog & Sorbom
1989), which can provide factor loadings on orthogonal factors by allowing the user to
specify that the matrix of correlations among factors at the highest level of analysis is
to be an identity matrix (a square matrix containing 1’s in all diagonal entries, Os
elsewhere; or, in the language of the program, PH=1ID). This method of representing
factors is theoretically sound even though it is impossible to compute, from empirical
data, error-free and uncorrelated estimates of factor scores on orthogonal factors. It has



Table 1.1: Pearsonian intercorrelation matrix, combined kindergarten to adult sample (decimals omitted). 16 variables from the
Woodcock-Johnson psycho-educational battery — revised. N=2261 (correlations corrected for age).

Variable: 1 2 3 4 5 6 7 8 9 10 1m 12 13 14 15 16
Memory for Name 1 1000

Memory for Sentences 2 310 1000

Visual Matching 3 271 269 1000

Incomplete Words 4 246 347 295 1000

Visual Closure 5 239 160 310 291 1000

Picture Vocabulary 6 396 413 331 381 378 1000

Analysis-Synthesis 7 331 369 351 321 276 396 1000

Visual-Auditory Learning 8 561 349 316 290 338 424 464 1000

Memory for Words 9 235 562 244 298 126 258 286 297 1000

Cross Out 10 248 271 671 293 354 365 364 336 221 1000

Sound Blending 11 283 372 326 486 268 433 356 410 358 355 1000

Picture Recognition 12 334 239 297 248 338 320 327 377 205 321 269 1000

Oral Vocabulary 13 400 523 406 410 350 706 502 479 387 407 492 347 1000

Concept Formation 14 367 417 354 324 289 404 541 445 283 370 356 330 516 1000
Calculation 15 292 341 496 241 246 453 464 403 278 433 380 264 586 460 1000
Applied Problems 16 353 433 456 300 264 548 502 447 342 424 432 304 672 537 702 1000

Note: Reprinted with permission: McGrew, K. S., Werder, J. K. & Woodcock, R. W. (1991). WJ-R Technical Manual (p. 345). Allen, TX: DLM.
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the advantage that conceptualizing results does not require consideration of possible
correlations among factors at different levels of analysis. Also, it is mathematically
equivalent to other procedures of analysis in that all these procedures seek to predict the
matrix of empirical correlations found for a dataset. That matrix can be predicted from
either orthogonal or oblique factor matrices, but if orthogonal matrices are used, it is not
necessary to take account of correlations among the factors.

For exploratory factor analysis, Schmid & Leiman (1957) developed a procedure
whereby data on different orders (or strata) of factors could be represented in a single
matrix showing the predicted loadings of tests on orthogonal factors at different strata.
Typically, just one factor would be found at the highest stratum, and such a factor might
be considered to be a “general factor” when the tests or variables which had substantial
loadings on it were sufficiently diverse, and preferably, identical or similar to tests or
variables having loadings on general factors in other datasets. I used the exploratory
factor analysis Schmid/Leiman procedure, incorporated in a factor analysis program I
developed (Carroll 1989), to produce Table 1.2, which shows factor loadings of the 16
tests on a third-stratum g factor and eight second-stratum factors. All tests have
substantial loadings on factor 1, which can be regarded as a general factor because the
16 tests that have substantial loadings on it are quite diverse in terms of test content and
required mental operations. The eight second-stratum factors generally have substantial
loadings on only two tests each, indicating that they cover restricted types of content and
mental operation. Other loadings on these factors approach zero except for a few values
that are still strikingly different from zero, though not as high as the two values that
mainly define a given factor. From this, it is clear that the results support the classical
or standard multifactorial view that postulates a general factor g at the third stratum and
a series of broad abilities at the second stratum.

It may help the reader unfamiliar with factor analysis to realize that “cross-
multiplying” any two rows of the factor-loading table (ordinarily termed a “factor
matrix”) should yield a fairly good estimate of the correlation between the two variables
involved. (Cross-multiplying means finding the sum, over the number of entries in each
row, of the products of the two values in a given column. Cross-multiplying a row by
itself yields the value of the “communality” (h*) or amount of common factor variance
associated with a given variable.) The last two rows of the table (labeled SMSQ and
%CCV) provide information on the relative weight of the factors in determining the
predicted correlations. The entries labeled SMSQ are the sums of squared values in a
given column, indicating the amount of variance contributed by a given factor, and the
entries labeled %CCV are percents of common factor variance for that factor. The
SMSQ values are highest for the factor g, and the percentage of common covariance is
51.07 for that factor, in contrast to the relatively low values for each of the second-
stratum factors. At the same time, sizable loadings of particular tests on second-stratum
factors are seen. For example, note the loadings of the Analysis-Synthesis Test and the
Concept Formation Test on the so-called Gf, Fluid Reasoning factor, 0.310 and 0.403,
respectively. In factor analysis, it is often shown that tests have loadings on more than
one factor, indicating that their scores are to be regarded as functions of two or more
latent abilities. Thus, it is not at all surprising to find, in Table 1.2, tests with substantial
loadings on two or more factors. The “substantial” loadings are printed in bold. In
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exploratory factor analysis, loadings are customarily computed for all entries in matrices
of results; many of these, of course, are very close to zero, confirming the “simple
structure” principle that is one of the bases of exploratory factor analysis. It is common
to find that values close to zero are simply not shown in tables of factor-analytic results
in the literature, but they are, of course, shown in Table 1.2.

Table 1.2: Orthogonal hierarchical exploratory factor matrix for 16 variables and 9
factors: Factor loadings (decimals omitted).

Stratum: 3 2 2 2 2 2 2 2 2

Factor: g Glr Gsm Gs Ga Gv Gec Gf Gq b?
Factor No.: 1 2 3 4 5 6 7 8 9

Var.

1 MEMNAM 511 585 -012 -001 002 003 014 002 -014 604
2 MEMSEN 544 014 466 027 -020 -174 275 166 016 649
3 VISMAT 595 016 004 779 -012 -000 002 001 -004 961
4 INCWDS 481 061 109 087 238 022 193 132 -117 380
5 VISCLO 434 002 -015 -002 -013 531 020 001 -002 471
6 PICTVO 597 027 -001 003 007 OI1 639 001 381 912
7 ANLSYN 632 023 001 -016 O0l6 058 -023 316 025 501
8 VISAUD 625 434 008 -092 076 193 -135 051 031 652
9 MEMWDS 451 06 670 -015 014 000 004 001 -010 653

10 CRSOUT 564 -025 -002 410 030 164 -001 055 019 518
11 SNDBND 612 004 001 003 732 -006 002 001 -003 910
12 PICREC 460 152 033 020 -005 264 044 073 049 316
13 ORALVO 710 -020 103 -013 008 -023 490 085 407 930
14 CNCPTF 662 001 -012 003 -008 -016 025 403 -028 602
15 CALCUL 626 000 -019 029 -004 097 002 003 3566 723
16 APLPRB 689 -001 026 -016 -004 015 149 078 524 779

SMSQ 5394 561 692 794 600 460 806 328 926 10561

%CCV 51.07 5.31 655 7.51 568 435 7.63 3.10 876 100.00

Note: Based on the correlation matrix of Table 1.1, which see for full names of variables. Salient
loadings of variables on common factors are shown in bold. Factor Names: g: General Intellectual
Ability; Glr: Long-Term Retrieval; Gsm: Short-Term Memory; Gs: Processing Speed; Ga:
Auditory Processing; Gv: Visual-Spatial Thinking; Ge: Comprehension-Knowledge; Gf: Fluid
Reasoning; Gq: Mathematics; h*: Communality. SMSQ: Sums of Squares.%CCV: Percentages of
Common Covariance.
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Literally hundreds of tables of exploratory factor-analytic results based on the
classical view of factor structure were published in the 20th century from about 1940 to
about 1990. The present author (Carroll 1993) reported re-analyses of about 450 of the
datasets that generated these tables. The main advantage of the author’s re-analyses was
that they were based on a largely uniform exploratory methodology that was believed to
be the best available at the time these analyses were conducted (Carroll 1995). The chief
disadvantage of this methodology was that it suffered from a lack of adequate
procedures for establishing the statistical significance of findings. Nevertheless, it is
probable that most of the many g factors found in Carroll’s analyses would be found
statistically significant if the corresponding data could be submitted to appropriate
analyses.

When the correlation matrix shown in Table 1.1 was submitted to confirmatory
analysis with the Joreskog & Sorbom (1989) LISREL 7 program, the resulting
maximum likelihood estimates of the factor loadings are shown in Table 1.3, the general
pattern of which is comparable in many ways to that of Table 1.2. The confirmatory
analysis procedure requires the researcher to specify the general form of the model to
be tested (for example, the number of factors to be assumed and whether the factors are
to be uncorrelated or correlated), and exactly which variables are hypothesized to
measure each factor (either positively or negatively); the researcher is not required to
specify a value or even a range of possible values for factor loadings. The actual
determination of each specified value is accomplished by iterative computational
procedures leading to an approximation of the empirically observed correlation matrix
as predicted from the LISREL estimates. Occasionally the iterations cannot be
completed after a programmed number of them have taken place, because of improperly
selected hypotheses about the structure. For further understanding of the procedure used
here, see useful articles by Keith (1997) and Gustafsson (2001).

In the present case, the model that was tested assumed (or hypothesized) that the
correlations could be explained by loadings (weights) on a single third-stratum general
factor g plus a series of eight second-stratum factors, each of which was to be defined
by 2 or 3 tests that previous research with these tests suggested would load on a given
factor. It was also specified that the factors were to be orthogonal to each other. In the
hope of attaining a complete solution for all factors, an attempt was made to find values
of loadings on at least 3 variables for each of the second-stratum factors, but it was
found not easily possible to do this for all of these factors, most likely because the
battery was in fact not designed to include tests such that there would be more than two
significant loadings on each second-order factors. For each factor found not easily
possible to define in this way, the loadings for each of the two variables known (from
previous research) to define the factor were set equal to each other (as indicated by
asterisks placed next to certain values in the table). The principal difference from Table
1.2 was that information on the statistical significance of the results was provided. All
non-zero loadings presented in Table 1.3 (i.e. those not shown as “—") were statistically
significant at p <0.001, and the goodness of fit indices (noted at the end of Table 1.3)
for the whole model were at levels deemed to indicate satisfactory fit.

As found with Table 1.2, all variables (tests) had very substantial loadings on the
third-order g factor, leaving only so much room, as it were, for high loadings on second-
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Table 1.3: LISREL estimates of orthogonal factor loadings for 16 variables on 9 factors
(decimals omitted).

Stratum: 3 2 2 2 2 2 2 2 2
Factor: g GIr Gm Gs Ga Gv Gec Gf Ggq h?
Factor No.: 1 2 3 4 5 6 7 8 9

1 MEMNAM 504 488* — — — _ — — —_— 492
2 MEMSEN 566 — 551* — — — 136 — — 642
3 VISMAT 551 — — 4% — - @ — — — 550
4 INCWDS 485 — — — M5 — @ — —  — 433
5 VISCLO 418 — — 152 — 402 — — — 359
6 PICTVO 66 — - - — — 311 — — 595
7 ANLSYN 646 — - — — — — 33* — 530
8 VISAUD 623 488* — — - 172 — — — 656
9 MEMWDS 457 — 551 — _— —_ — —_— — 512
10 CRSOUT 49 — — 143 - - — — — 853
11 SNDBND 594 — — —  445*% — — — — 551
12 PICREC 461 — — — — 334 — — — 316
13 ORALVO 812 — - - — — 425 — — 840
14 CNCPTF 663 — — — — — — 336* — 602
15 CALCUL 684 — - — — — — — 415 640
16 APLPRB 774 — — — — S — —  415% 771
SMSQ 5762 476 607 821 396 303 337 226 344 9302
%CCV 6194 5.11 6.52 8.82 425 325 362 242 3.69 100.00

Measures of goodness of fit for the whole model:
CHI-square with 90 degrees of freedom =798.90 (p =0.000)
Goodness of fit index =0.959

Adjusted goodness of fit index =0.938

Root mean square residual =0.035

Note: Based on the correlation matrix of Table 1.1, which see for full names of variables, and
Table 1.2 for full names of factors. h%: Communality or Squared Multiple Correlation. SMSQ:
Sums of Squares.%CCV: Percentages of Common Factor Covariance. “*”: Loadings equated
within factor.

order factors (because the sum of squares of the 2 loadings for a given variable could
not exceed 1.000). Overall, however, the second-order loadings conformed to
expectations, and the results suggested that the hypothesized model for the dataset was
valid, confirming the classical view of higher-stratum factorial structure.
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The results show that there is indeed a factor Gf (Fluid Reasoning) that is significantly
separate and different from factor g, tending to disconfirm any view that Gf is identical
to g. If provisions for factor loadings of g are removed from the hypothesized pattern
of factor loadings (leaving only 8 orthogonal factors), the goodness of fit of the model
deteriorates significantly. Specifically, in this case the value of chi-square increases to
7108.02 with 106 degrees of freedom, and the Goodness of Fit Index decreases to 0.601,
casting doubt on the validity of any view that denies the existence of a factor g. Because
the model without g is nested within the model that includes g, the statistical
significance of this finding is captured in the change of 6309.12 in the chi-square value,
associated with a change of 16 in the number of degrees of freedom, making it clearly
significant at p <0.0005. Alternatively, the model tested could be specified as PH=ST,
meaning that the second-order factors could be estimated as being correlated. In this
case, chi-square with 78 degrees of freedom becomes 479.02, with a Goodness of Fit
Index of 0.974. The change in the chi-square value is 319.88 with 12 degrees of
freedom, clearly significant with a virtually zero probability. With correlated factors, it
would be possible to assume at least one third-order factor. But it has already been
demonstrated, above, that the existence of a third-order general factor in the first-order
correlations can be accepted; it is unnecessary to perform further calculations unless one
is interested in further third-order factors.

There is still a problem with Gf, namely, that it appears to be a rather weak, poorly
defined factor, at least in the dataset examined here. Note the relatively small factor
loadings for the two tests indicated as measuring Gf'in both Table 1.2 and Table 1.3, also
the relatively low values of %CCV for Gf in these tables (3.1% and 2.42%,
respectively). In view of the undoubtedly careful and persistent efforts that were made
in constructing these tests at the time the battery was being developed, the low Gf factor
loadings most likely indicate that factor Gf is inherently difficult to measure reliably
independently of its dependence on g (as indicated by the high g loadings for these
tests). This may account for the finding by Gustafsson (1989, 2001; see also Gustafsson
& Balke 1993; Gustafsson & Undheim 1996) that it is often difficult to distinguish Gf
from g. Thus, Gustafsson’s views on factor structure may be affected more by
characteristics of tests than by factor structure as such. I have been tempted to suggest,
on the basis of these and similar findings in other studies, that the reality of a Fluid
Reasoning factor independent of g is at least questionable, and that Horn’s (1998)
support for a Gf factor can possibly be conceived of as support for a g factor (when no
other factor interpretable as g is present in a given dataset).

3.2. Another Dataset

To provide information illustrating the generality of the higher-stratum structure found
with the analysis of the correlation matrix shown in Table 1.1, a correlation matrix from
a related dataset is presented in Table 1.4 and its confirmatory factor analysis is shown
in Table 1.5. The 29-variable correlation matrix and a confirmatory factor analysis of it
were published by McGrew et al. (1991), in the Technical Manual pertaining to the 1989
version of the Woodcock-Johnson Psycho-Educational Battery — Revised. The



Table 1.4: Pearsonian intercorrelation matrix, combined kindergarten to adult sample (decimals omitted). 29 variables from the

Woodcock-Johnson psycho-educational battery — revised, N= 1425 (correlations corrected for age).

Variable: 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29
Memory for Names 1 1000

Memory for Sentences 2 279 1000

Visual Matching 3 213 254 1000

Incomplete Words 4 167 255 191 1000

Visual Closure 5 148 103 178 176 1000

Picture Vocabulary 6 404 403 202 267 229 1000

Analysis-Synthesis 7 275 324 280 205 161 323 1000

Visual-Auditory Learning 8 542 343 267 192 205 382 376 1000

Memory for Words 9 208 559 221 245 046 225 215 246 1000

Cross Out 10 170 241 621 168 241 242 291 265 203 1000

Sound Blending 11 245 323 245 367 133 323 265 332 335 246 1000

Picture Recognition 12293 216 212 123 234 256 233 299 155 257 212 1000

Oral Vocabulary 13 3838 534 310 319 234 632 419 405 364 315 389 304 1000

Concept Formation 14 306 382 306 236 206 325 484 376 227 305 275 269 458 1000

Memory for Names 15 721 236 155 168 129 383 269 460 173 123 242 236 359 284 1000

(Delayed Recall)

Visual-Auditory Learning 16 345 164 162 120 192 255 269 460 110 168 192 275 271 323 446 1000

(Delayed Recall)

Numbers Reversed 17 259 416 384 227 129 255 368 321 401 309 316 206 396 354 225 182 1000

Sound Patterns 18 233 257 204 221 109 269 271 259 243 229 294 168 331 299 222 214 282 1000

Spatial Relations 19 280 266 278 158 265 317 389 369 189 343 225 288 388 404 240 289 311 294 1000

Listening Comprehension 20 331 469 266 334 204 576 349 344 279 263 351 256 642 375 294 221 308 274 320 1000

Verbal Analogies 21 379 454 334 228 242 522 455 445 310 344 355 322 639 496 377 330 403 304 465 526 1000

Calculation 22 256 331 435 142 132 299 423 347 252 358 293 208 471 401 249 242 413 257 376 374 483 1000

Applied Problems 23 337 416 419 206 175 439 470 388 312 388 360 273 603 489 313 268 438 315 486 524 631 655 1000

Science 24 380 437 260 285 233 633 368 364 246 280 323 246 658 389 362 270 336 260 385 619 544 440 570 1000

Social Studies 25 371 477 298 262 200 626 386 374 270 278 323 255 693 411 348 245 332 256 344 638 595 508 617 702 1000
Humanities 26 390 447 308 281 252 622 343 414 297 284 355 283 665 359 368 283 326 282 340 572 598 427 536 633 672 1000
Word Attack 27 281 370 356 263 119 316 303 366 322 255 484 202 468 329 269 228 398 316 312 326 415 422 450 346 354 398 1000
Quantitative Concepts 28 342 427 408 205 162 497 437 416 309 361 320 244 615 413 337 280 433 299 440 SI3 624 656 728 602 637 576 471 1000
Writing Fluency 29 225 350 494 193 123 260 309 347 266 410 358 196 398 335 197 194 365 229 276 285 394 420 426 293 336 409 488 434 1000

Note: Reprinted with permission: McGrew, K

. 8., Werder, J. K. & Woodcock, R. W. (1991). WJ-R Technical Manual (p. 345). Allen, TX: DLM.
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Table 1.5: LISREL estimates of orthogonal factor loadings for 29 variables on 10
factors (decimals omitted).

Stratum: 3 2 2 2 2 2 2 2 2 2

Factor: g Glr Gsm Gs Ga Gv Gc Gf Gq Lang I
Factor No.: 1 2 3 4 5 6 7 8 9 10

01 MEMNAM 478 695 — - - - @ — @ — - — 712
02 MEMSEN 587 — 3% — — - - — — — 501
03 VISMAT 499 — — 709 - - - - — — 752
04 INCWDS 340 — —- — 308 - - — — — 210
05 VISCLO 279 — — — — 472 — —  — — 301
06 PICVOC 566 — _ - - - 531 — — — 602
07 ANLSYN 591 — — e — 213 — — 395
08 VISAUD 579 343 — @ - @ - - @ — @ — - — 453
09 MEMWDS 24 - 782 — - - - - — — 791
10 CRSOUT 478 — - 53 - - - — - — 519
11 SNDBND 490 — —_ — 42 — - — — — 652
12 PICREC 398 — _ - — 260 - — — — 226
13 ORALVO 749 — _ —_ = = 3! - — — 703
14 CNCPTF 623 — —_ - - — — 543 — — 683
15 MMNADR 439 729 @ - @ — @ - - - — - — 724
16 VSAUDR 404 320 - - - - @ - @ — - — 266
17 NMRVRS 51 — 23 — @ — - @ — @ — — — 367
18 SNDPAT 4436 — —_ - 144 - - - — — 211
19 SPAREL 580 — _ = - 219 - - - — 384
20 LISCMP 619 — —_ = - — 424 — — — 563
21 VBLANL 761 — _ - = — 162 052 — — 608
22 CALCUL 652 — —_ = - = = — 432 — 612
23 APLPRB 783 — —_ = - = - — 335 — 725
24 SCIENC 651 — —_ = - — 491 — — — 665
25 SOCSTU 686 — _ - — — 488 — — — 709
26 HUMANI 661 — _ = = — 448 — — 107 649
27 WDATCK 587 — - - 2713 - - — — 197 458
28 QUANCN 743 — _ - - — 177 — 400 — 743
29 WRIFLU 549 — — 286 — — — — — 685 852
SMSQ 9515 1235 810 875 602 338 1341 343 459 519 16037
%CCV 5933 7.70 505 545 375 210 836 2.13 223 323 100.00

Measures of goodness of fit for the whole model:

CHI-square with 343 degrees of freedom = 1488.60 (p =0.000)
Goodness of fit index =0.931; Adjusted goodness of fit index =0.912
Root mean square residual =0.039

Note: Analysis of the correlation matrix of Table 1.4, which see for full names of variables. Factor Names
(as given by McGrew er al., 1991): g: General Intellectual Ability; Glr: Long-Term Retrieval; Gsm: Short-
Term Memory; Gs: Processing Speed; Ga: Auditory Processing; Gv: Visual-Spatial Thinking; Ge:
Comprehension-Knowledge; Gf: Fluid Reasoning: Gq: Mathematics; Lang: Language. h*: Communality or
Squared Multiple Correlation; SMSQ: Sums of Squares; %CCV: Percentages of Common Factor
Covariance.
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confirmatory factor analysis presented here was run by the present author from the
original correlations (Table 1.4) with a slightly different model from that employed by
McGrew et al., with computations to parallel the analysis presented in Table 1.2;
specifically, there was provision for determining the factor loadings of all 29 variables
on a general factor g and for computing data on the relative importance of the factors.

The results in Table 1.5 confirm the classical, standard multifactorial model of the
higher-stratum structure even more clearly than the results in Table 1.2. That is, the
presence and generality of a g factor for all 29 tests is supported, and the existence,
separate from g, of nine second-stratum factors (including G and G,) is shown, each
with from 3 to 8 significant loadings on a specific group of tests, which help to define
the nature of the factor. One of these factors, labeled “Lang” (Language), was not
present in the previous dataset; its presence here invites further research on the nature
of this factor.

At the same time, the results in Table 1.5 tend to disconfirm other views on the
higher-stratum structure of cognitive abilities. They deny the view that a factor g does
not exist, and some doubt is cast on the view that emphasizes the importance of a G;
factor, in view of the relatively low factor loadings of some tests (numbered 07 and 21)
on this factor. Thus, these data tend to discredit the limited structural analysis view and
the second-stratum multiplicity view.

4. Discussion

There is need for consideration of certain important features of recent publications —
tests, test manuals, and writings concerned with the higher-stratum structure of
cognitive abilities.

In some of the literature that has been cited, one finds a consistent bias against full
acknowledgment of the existence of a general factor and its role in commonly used tests
of cognitive ability. Consider, for example, the technical manual of the 1991 version of
the Woodcock-Johnson cognitive test battery — the WJ-R (McGrew et al. 1991), from
which the correlational data of Tables 1.1 and 1.4 were taken and further analyzed in the
present chapter. Over many of its pages, this manual reveals a studious neglect of the
role of any kind of general factor in the WJ-R. Confirmatory factor analyses of
correlational data either are based on orthogonal structures (e.g. Table 6-27, p. 166) or
assume oblique structure, with correlations between factors presented (e.g. Table 6-28,
p. 167), but there is no mention of a possible general factor, despite the fact that
appropriate analysis would have revealed an important role of what I would call a third-
order general factor (as shown in Table 1.3 of the present chapter). On page 170 is found
Figure 6-5, a path diagram which on page 169 is described as providing “a highly
restricted and parsimonious representation of the factor structure of the WJ-R”, but
Figure 6-5 contains no representation of a general factor. Only on page 171 could one
find a statement about the possibility that a hierarchical g factor might influence what
were (erroneously) called first-order factors, but with a comparison of fit statistics said
to be obtained with a hierarchical g model versus a “GrG, model” (that did not include)
the reader would be left with the impression that the G-G. model was in every way
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superior to a “hierarchical g model”. This impression would have been reinforced by
Horn’s (1991) essay, constituting Chapter 7 of the manual, that reviewed theory on the
measurement of intellectual capabilities and emphasized the presumed superiority of the
GG, theory. Thus for some ten years before a further revision of the WJ-R became
available, users of the WJ-R were left largely uninformed of the fact that scores on the
subtests in the battery were likely to be heavily influenced by a general factor of
ability.

Fortunately, this situation changed in 2001 when a new version of the test, its scoring,
and its technical manual became available (McGrew & Woodcock 2001), introducing a
so-called CHC (Cattell-Horn-Carroll) theory of cognitive abilities that supplemented
Hom’s GG, theory with essentially a three-stratum theory similar to that proposed by
the present writer (Carroll 1993).

Even though I was to some extent involved in this change (as an occasional consultant
to the authors and publisher), I am still not quite sure what caused or motivated it. For
a number of years, Horn had espoused the so-called GG, theory, and had written a
number of papers that included criticisms of a hierarchical g theory (Horn & Noll 1994,
1997). For example, as he reported:

“Carroll (1993) identified a general factor at the third stratum in 33
separate analyses in his reanalysis of the data of 461 studies. These
factors are general in the sense that they are defined at the highest order
in higher-order analyses, and each is defined by non-chance correlations
with many different cognitive tests. The problem for theory of general
intelligence is that the factors are not the same from one study to another.
For example, in one case (an analysis labeled ARNOO1) the factor is
defined by lexical knowledge, spatial relations, memory span, general
interest, and an unidentified first-order factor, whereas in another case
(analysis DENTO1) the factor is defined by reasoning, number, word
fluency, short-term memory, and perceptual speed. The different general
factors do not meet the requirements for the weakest form of invariance
(Horm & McArdle 1992) or satisfy the conditions of the Spearman model.
The general factors represent different mixture measures, not one general
intelligence” (Horn & Noll 1997: 68).

In response, I will not speak of technical problems relating to invariance or the
conditions of the Spearman model. I merely point out that it is not the case that the g
factor in the ARNOOI analysis was “defined by lexical knowledge, spatial relations . . .”
as Horn claimed; it was defined by whatever was common to a series of tests or factors
at a lower stratum. Nor was the g factor in the DENTO1 study “defined by reasoning,
number, . . .”; it was defined by whatever was common to a series of factors (or tests)
at a lower stratum, namely, loadings on a g factor. All the g factors that I studied and
characterized as general factors can be considered to be the same if they indeed measure
a single factor, which they do, according to the Schmid & Leiman (1957) procedure by
which, generally, they were computed. Perhaps this conclusion can be better understood
if one looks at either Table 1.2 or Table 1.3 in the present chapter. In either case, one
notes that all the tests are shown as measuring a single factor g, along with a variety of
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second-order factors. We can doubtless agree that this factor g is the same for all 16
tests. Now, if we conduct two new analyses (either exploratory or confirmatory) of these
data, one of them using tests 1-4 and 8-11 (i.e. using tests with high loadings on factors
GlIr, Gsm, Gs and Ga) and the other using tests 5-7 and 12-16 (i.e. tests with high
loadings on factors Gv, Ge, Gf and Gq), both analyses would yield a factor g — the
“same” g in each case. It would be difficult to argue that the g factors yielded by the two
analyses are different, even though they involve different second-order factors. Horn’s
comment suggests that he conveniently forgets a fundamental principle on which factor
analysis is based (a principle of which he is undoubtedly aware) — that the nature of
a single factor discovered to account for a table of inter-correlations does not necessarily
relate to special characteristics of the variables involved in the correlation matrix; it
relates only to characteristics or underlying measurements (latent variables) that are
common to those variables. I cannot regard Horn’s comment as a sound basis for
denying the existence of a factor g, yet he succeeded in persuading himself and many
others to do exactly this for an extended period of years.

I believe I have covered the more important theoretical problems in describing the
higher-stratum structure of cognitive abilities. Researchers who are concerned with this
structure in one way or another, like Burns & Nettelbeck (in press), Case, Demetriou,
Platsidou & Kazi (2001), Deary (2000), Garlick (in press), Jensen (1998), and Plomin
(1999) can be assured that a general factor g exists, along with a series of second-order
factors that measure broad special abilities. Special facts that should be considered,
however, are that more and better tests of factor G; are needed to establish this factor as
linearly independent of factor g, if indeed this is possible, and that factor G, as a factor
in certain kinds of tests of general knowledge, is also a factor that can strongly influence
certain tests intended to measure factor g; it is suggested that this influence needs to be
statistically controlled. Indeed, it may be recommended that estimates of scores on
factor g should be based on multiple regression formulas for determining factor scores
(Gorsuch 1983) rather than simple weighted sums of scores like those recommended in
the WI-III Technical Manual (McGrew & Woodcock 2001). Further research is needed
on the best tests and procedures to use in estimating scores on all higher-stratum factors
of cognitive ability, and continued psychological and even philosophical examination of
the nature of factor g is a must.

References

Burns, N. R., & Nettelbeck, T. (in press). Inspection time in the structure of cognitive abilities:
Where does IT fit? Intelligence.

Burt, C. (1949a). The two-factor theory. British Journal of Psychology, Statistical Section, 2,
151-178.

Burt, C. (1949b). The structure of the mind: A review of the results of factor analysis. British
Journal of Educational Psychology, 19, 100-111, 176-199.

Carroll, J. B. (1989). Exploratory factor analysis programs for the IBM PC (and compatibles).
Chapel Hill, NC: The L. L. Thurstone Psychometric Laboratory, University of North Carolina
at Chapel Hill, May 1989.



20 John B. Carroll

Carroll. J. B. (1993). Human cognitive abilities: A survey of factor-analytic studies. New York:
Cambridge University Press.

Carroll, J. B. (1995). On methodology in the study of cognitive abilities. Multivariate Behavioral
Research, 30, 429-452.

Carroll, J. B. (1997a). Theoretical and technical issues in identifying a factor of general
intelligence. In: B. Devlin, S. E. Fienberg, D. P. Resnick, & K. Roeder (Eds), Intelligence,
genes, and success: Scientists respond to The Bell Curve (pp. 125-156). New York: Springer-
Verlag.

Carroll, J. B. (1997b). The three-stratum theory of cognitive abilities. In: D. P. Flanagan, J. L.
Genshaft, & P. L. Harrison (Eds), Contemporary intellectual assessment: Theories, tests, and
issues (pp. 122-130). New York: Guilford.

Case, R., Demetriou, A., Platsidou, M., & Kazi, S. (2001). Integrating concepts and tests of
intelligence from the differential and developmental traditions. Intelligence, 29, 307-336.

Cattell, R. B. (1941). Some theoretical issues in adult intelligence testing. Psychological Bulletin,
38, 592.

Cattell, R. B. (1971). Abilities: Their structure, growth, and action. Boston: Houghton Mifflin.
[Revised edition: Amsterdam: North-Holland, 1987.]

Cattell, R. B., & Horn, J. L. (1978). A check on the theory of fluid and crystallized intelligence
with description of new subtest designs. Journal of Educational Measurement, 15, 139-164.
Deary, L. J. (2000). Looking down on human intelligence: From psychometrics to the brain.

Oxford, England: Oxford University Press.

Eysenck, H. J. (1994). A biological theory of intelligence. In: D. K. Detterman (Ed.), Current
topics in human intelligence (Vol. 4), Theories of intelligence (pp. 117-149). Norwood, NI
Ablex.

Garlick, D. (in press). Understanding the nature of the general factor of intelligence: The role of
individual differences in neural plasticity as an explanatory mechanism. Psychological
Review.

Gorsuch, R. L. (1983). Factor analysis (2nd ed.). Hillsdale, NJ: Erlbaum.

Gustafsson, J-E. (1984). A unifying model for the structure of intellectual abilities. Intelligence,
8, 179-203.

Gustafsson, J-E. (1989). Broad and narrow abilities in research on learning and instruction. In: R.
Kanfer, P. L. Ackerman, & R. Cudeck (Eds), Abilities, motivation, and methodology: The
Minnesota Symposium on Learning and Individual Differences (pp. 203-237). Hillsdale, NJ:
Erlbaum.

Gustafsson, J-E. (2001). On the hierarchical structure of ability and personality. In: J. M. Collis
& S. Messick (Eds), Intelligence and personality: Bridging the gap in theory and measurement
(pp. 25-42). Mahwah, NJ: Erlbaum.

Gustafsson, J-E., & Balke, G. (1993). General and specific abilities as predictors of school
achievement. Multivariate Behavioral Research, 28, 407-434.

Gustafsson, J-E., & Undheim, J. O. (1996). Individual differences in cognitive functions. In: D.
C. Berliner & R. C. Calfee (Eds), Handbook of educational psychology (pp. 186-242). New
York: Macmillan Library Reference USA.

Holzinger, K. J. (1936). Recent research on unitary traits. Character and Personality, 4,
335-343.

Horn, J. L. (1965). Fluid and crystallized intelligence: A factor analytic study of the structure
among primary mental abilities. Unpublished doctoral dissertation, University of Illinois.
(University Microfilms 65-7113).

Horn, J. L. (1991). Measurement of intellectual capabilities: A review of theory. In: K. S.
McGrew, J. K. Werder, & R. W. Woodcock (Eds), Woodcock-Johnson technical manual: A



The Higher-stratum Structure of Cognitive Abilities 21

reference on theory and current research (pp.197-246). Allen, TX: DLM Teaching
Resources.

Horn, J. L. (1998). A basis for research on age differences in cognitive capabilities. In: J. J.
McArdle, & R. Woodcock (Eds), Human cognitive abilities in theory and practice (pp. 57-91).
Mahwah, NJ: Erlbaum.

Horn, J. L., & McArdle, J. J. (1992). A practical and theoretical guide to measurement invariance
in aging research. Experimental Aging Research, 18, 117-144.

Hom, J. L., & Noll, J. (1994). A system for understanding cognitive capabilities: A theory and the
evidence on which it is based. In: D. K. Detterman (Ed.), Current topics in human intelligence
(Vol. 4), Theories of intelligence (pp. 151-203). Norwood, NJ: Ablex.

Horn, J. L., & Noll, J. (1997). Human cognitive capabilities: Gf-Gc theory. In: D. P. Flanagan, J.
L. Genshaft, & P. L. Harrison (Eds). Contemporary intellectual assessment: Theories, tests,
and issues (pp. 53-81). New York: Guilford.

Jensen, A. R. (1998). The G factor: The science of mental ability. Westport, CT: Praeger.

Joreskog, K. G., & Sorbom, D. (1989). LISREL 7 user’s reference guide. Scientific Software,
Inc.

Keith, T. Z. (1997). Using confirmatory factor analysis to aid in understanding the constructs
measured by intelligence tests. In: D. P. Flanagan, J. L. Genshaft, & P. L. Harrison (Eds),
Contemporary intellectual assessment: Theories, tests, and issues (pp. 373—402). New York:
Guilford.

McGrew, K. S., Werder, J. K., & Woodcock, R. W. (1991). WJ-R technical manual. Allen, TX:
DLM Teaching Resources.

McGrew, K. S. & Woodcock, R. W. (2001). Woodcock-Johnson Il Technical Manual. Ttasca, IL:
Riverside Publishing Co.

Plomin, R. (1999). Genetics and general cognitive ability. Nature, 402 (Supp. 2, December), C25-
C29.

Schmid, J., & Leiman, J. M. (1957). The development of hierarchical factor solutions.
Psychometrika, 22, 53-61.

Spearman, C. (1904). “General intelligence”, objectively determined and measured. American
Journal of Psychology, 15, 201-293.

Spearman, C. (1923). The nature of ‘intelligence’ and the principles of cognition. London,
England: Macmillan.

Spearman, C. (1927). The abilities of man: Their nature and measurement. New York:
Macmillan.

Spearman, C., & Wynn Jones, L. (1950). Human ability: A continuation of “The abilities of
man”. London, England: Macmillan.

Thurstone, L. L. (1938). Primary mental abilities. Psychometric Monographs, (No. 1).

Thurstone, L. L. (1947). Multiple factor analysis: A development and expansion of The Vectors
of Mind. Chicago: University of Chicago Press.

Thurstone, L. L., & Thurstone, T. G. (1941). Factorial studies of intelligence. Psychometric
Monographs, (No. 2).



Part I1 — Introduction

This part addresses the fact that g has many biological correlates, and thereby confirms
a long-held view by Jensen and others that g is more than just a superficial product of
factor analytic abstractions. The 6 chapters deal with such various aspects of g as
research on brain imaging, glucose uptake, reaction time, working memory, inspection
time and other biological correlates, and the part concludes with the latest findings in g-
related molecular genetics.

In Chapter 2, Britt Anderson takes-a closer look at the brain size—g relationship. He
first discusses the low and variable relationships found in earlier studies using such
rough measures as external head circumference, and then presents the outcome of
studies using more exacting in vivo neuro-imaging techniques. The overall conclusion
is that anatomical and metabolic imaging techniques using magnetic resonance
technology suggest a correlation in the order of 0.35 between brain size and IQ, a
finding that is consistent across multiple experimental groups. Another important
conclusion is that the majority of individual variation in intelligence is not explained by
variation in brain volume. A third conclusion is, that we still do not know whether
specific brain regions or compartments are the principal basis for the size-IQ
correlation, and this sets the stage for further experiments exploiting the many new
capabilities of magnetic resonance imaging and other brain image techniques.

Chapter 3 treats g in the light of positron emission tomography. Richard Haier, a
pioneer in the area, tells the story of the first presentation of results from a study using
this technique to measure on line glucose uptake while subjects solve problems in a
Raven test. The first study addressed a preliminary question — where in the brain is
intelligence? — and produced informative PET images of which parts of the brain were
active in terms of glucose metabolism, taken as a proxy for neural firing. The result was
a surprise: the harder a brain area works, the lower the glucose metabolism! Haier et al.
then tested whether training lowers brain activity, and found that subjects learn which
brain areas not to use, resulting in lower glucose uptake. They also found that the
brightest subjects became the most brain efficient with learning. Further investigations
involved the use of Jensen’s correlated vector method and sophisticated research
designs. A PET study of mental retardation examined whether retardation relates to
higher than normal glucose uptake. It does! The chapter then presents a fascinating
catalogue of future studies, some of them focusing on individual differences, some on
consciousness, and concludes with a discussion of the important transition of
intelligence research from its psychometric origins to the next level of neuroscience
exploration and explanation.



26 Part Il — Introduction

Ian Deary reviews Jensen’s contributions to what is now known about the association
between reaction times and psychometric intelligence in Chapter 4, and recounts the
major evaluations and critiques of that research. He finds that several aspects of reaction
time have significant correlations of small effect size with intelligence test scores, but
also that little is known about the causes of these correlations. He suggests that the Hick
task and its slope have had unnecessary attention, but Jensen may be credited for firmly
establishing this area of research and bringing it sufficient attention to ensure its
persistence.

Chapter 5 by Ted Nettelbeck reviews the evidence for a moderately strong correlation
between a measure termed “inspection time” (IT) and scores on psychometric ability
tests. He also addresses the theoretically important issue about what this might mean in
terms of developing an improved understanding of human intelligence. Arthur Jensen’s
contribution to this work has been considerable. In a series of articles, published with
John Kranzler during the late 1980s and early 1990s, he has helped to establish the size
of this correlation at around -—0.5; and applied IT together with other chronometric
measures based on reaction times (RTs) to the task of shifting the description of
intelligence from the psychometric to a psychological level. The realization of the
potential of this exploratory approach must await an established account of what IT
measures. IT appears to measure individual differences in a capacity to detect change in
a very briefly presented stimulus array, and this may be psychologically distinct from
whatever RTs measure. However, this capacity captured by IT is also probably
influenced by more than one psychological function. Moreover, the extent to which each
of these functions is involved may depend on whether participants are children, or
young, or elderly adults, or persons with an intellectual disability. Nonetheless, Kranzler
and Jensen’s research has demonstrated that unitary psychometric general cognitive
ability is almost certainly a consequence of the contribution of several psychological
functions.

Gilles Gignac, Tony Vernon and John Wickett outline in Chapter 6 the factors that
influence the relationship between brain size and intelligence. They begin by stressing
the importance of determining whether a correlation between a physical variable and 1Q
is mediated by environmental or biological causes. If a correlation exists only between-
families, it probably is due to sociological factors, such as cross-assortative mating —
like the height-IQ correlation. Brain volume correlates about 0.40 with IQ, and the
correlation does not appear to be limited to adults. Then follows a discussion of the role
of white versus grey matter as a substrate to the biological basis of IQ, a question
leading to mixed results. The authors conclude this part of the chapter by saying that
although speed of information processing correlates with 1Q, larger or more abundant
neuronal constituents may not necessarily explain the correlation. Perhaps individual
differences in neurochemistry provide alternative or complementary explanations. They
then go on to report on correlations between the rank of a group of subtests’ factor
loadings on g with the same group of subtests’ ranked correlations with head size, and
find a positive so-called Jensen effect of 0.64, suggesting that the extent to which a given
test is correlated with head size is related positively and strongly to its correlation with
g. Gignac et al. then report on studies suggesting that between 80-90% of brain volume
is heritable, and that the genetic correlation between brain volume and IQ is 0.48.



Part Il — Introduction 27

However, as there are mixed evidence with respect to whether the brain size-1Q
relationship is a within-family or between-family phenomenon, they conclude that it
would be prudent to await the results of additional studies before any conclusion about
the causal basis for the correlation is drawn.

The final chapter in Part II, Chapter 7, deals with the molecular genetics and g, and
is written by a world authority in the area — Robert Plomin. He emphasizes, that during
the decade following Jensen’s 1969 Harvard Educational Review monograph, more
research on the genetics of g was conducted than in the previous 50 years combined, in
large part because of his monograph and the controversy and criticism it aroused. These
bigger and better twin and adoption studies confirmed the conclusions that Jensen
reached in his monograph, and also extended the field in new directions such as
multivariate genetic analysis of specific cognitive abilities, developmental genetic
research on change and continuity, and genetic research at the interface between nature
and nurture. The goal of Chapter 7 is to provide an overview of another new direction
in genetic research on g: harnessing the power of molecular genetics to begin to identify
some of the genes responsible for the substantial heritability of g.



Chapter 2
Brain Imaging and g

Britt Anderson

1. Introduction

The “super-intelligent” alien with an enlarged head is a cliché of science fiction movies.
This popular character is accepted because lay people believe a larger brain is a better
brain. At the turn of the last century this was also the scientifically accepted view (for
an example see Spitzka’s (1907) 133-page monograph on the brains of famous men).
However, popular opinion is not a particularly reliable guide to scientific truth, and
among scientists the issue has remained controversial and the debate heated. In large
measure, this was because the investigational methods were severely limited; they
consisted either of correlating the wet weight of post-mortem brains to idiosyncratic
estimates of intellectual eminence (Passingham 1979) or correlating 1Q with surrogate
measures of brain size such as height, weight, or head size (Jensen 1994). Jensen &
Sinha (1993) reviewed these data, and concluded that there was a probable correlation
in the neighborhood of 0.35 between brain size and intelligence. Their review also
provides a thoughtful critique of the methodological limitations of using surrogate
variables for brain size and the implications for observing relationships between somatic
and intellectual variables. Ultimately, and despite thoughtful analyses such as Jensen
and Sinha’s, the low and variable relationship between external head measures and brain
size left the ability-size question unresolved; until the advent of magnetic resonance
imaging (MRI).

The last twenty-five years have seen a huge leap in the technology of neuro-imaging
and it has become possible using MRI and magnetic resonance spectroscopy (MRS) to
provide excellent in vivo estimates of brain size and brain metabolites. This review will
show that these new data provide definitive evidence that there is a positive correlation
between brain size and IQ. More importantly these studies demonstrate that most of the
interindividual variance in IQ cannot be explained in this way, and thus they encourage
additional investigations, many of which could profitably use MRI and MRS, to refine
our understanding of the biological bases of normal variation in human intelligence.

The first major advance in in vivo neuro-imaging was Computed Tomography (CAT)
scanning. After reviewing the seminal study using this technology, the data on
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anatomical MR imaging will be presented. A summary of some of the recent studies
using MRS will conclude the discussion.

2. Prelude — Computed Tomography

CAT scanning uses x-rays. The “A” in CAT scan stands for “axial”. Even though scans
can be made in other planes, the use of the term CAT scan for a computed tomographic
image, regardless of the anatomical plane of reconstruction, is common parlance. In the
current generation of scanners it is common for an x-ray source to rotate through a circle
of x-ray detectors with the subject’s head at the center of this circle. The intensity of the
x-ray beam detected at each position is then used to compute and reconstruct the
physical image.

Since its dissemination to clinical centers in the mid-1970s, CAT scanning has been
reported for a variety of clinical populations in which intelligence is abnormally low. As
one example, Schofield et al. (1995) reported that intracranial size calculated from two
CAT scan slices, and used as a proxy estimate of pre-morbid brain size, correlated with
the age of onset of Alzheimer’s disease.

Studies such as these are not necessarily helpful in understanding the relationship
between IQ and brain size in normal subjects. Just because a small brain size is
associated with a pathologically low intelligence or increased susceptibility to a disease
that affects cognitive function, it does not necessarily follow that in a normal population
variation in intelligence depends on a variation in brain size; there could be a threshold
effect. Therefore, this review will focus on data from “normal” populations.

The quotations around normal in the above sentence reflect the fact that some of the
populations used have had clinical complaints not felt to be associated with an important
change in neurological functioning. For example, Yeo et al. (1987) reported a
comparison, in 41 subjects, between WAIS IQ scores and volumetric estimates of brain
and ventricle volumes calculated from CAT scans. While the CT scans were normal to
clinician review, the scans were obtained as part of the clinical evaluations of individuals
presenting for neurological symptoms such as headaches and dizziness. This study
found no relationship between brain size and intelligence, although an asymmetry
measure of hemisphere size correlated r=0.57 (p <0.001) with an asymmetry measure
of IQ (verbal IQ-performance 1Q). As pointed out by one of the authors, this early study
had significant limitations (Bigler 1995). Foremost, the CT imaging and post-imaging
processing software technology available at the time was limited. For example, the CAT
scans in this study had a slice thickness of 1 cm. It is not uncommon for MRI studies
today to use a slice thickness of 3 mm. While this study had a limited empirical impact
it did point the way for similar anatomic-ability comparisons using the technically
superior technology of MRI.

3. Anatomical MR Imaging

MRI can yield either anatomical images or metabolite profiles. In this section I focus on
the results for anatomical images.
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Anatomical MRI imaging relates primarily to the density of hydrogen protons
contained in water within a volume of tissue and the protons “relaxation” constants
which are affected by the chemical matrix in which the water molecules are embedded.
Hydrogen ions “spin” and this rotation of an electrical object produces a magnetic field
which, when a person is placed in a magnetic field, there is an alignment of protons with
the magnetic field. For the actual imaging, a radio-frequency (RF) pulse is applied to tip
the protons out of alignment. A separate “coil” is used to measure the RF emissions as
the protons return to equilibrium. How long it takes for the protons to relax back into
alignment and to return to random precession, results in the recorded RF information
that is used for image reconstruction.

The first reported comparison of intelligence and brain volume using MRI was by
Willerman et al. (1991). Forty college students were selected to represent a high and low
SAT test group. Each subject underwent MRI with 5 mm thick sections separated by
2.5 mm. Automated and manual techniques were used to delete the bone, meninges, and
other non-brain structures. This was done blind to subject IQ and sex. From this
processed data, the authors took the total number of pixels per slice as a measure of
brain size. With the sexes pooled, the IQ-brain size correlation was r=0.51 (p<0.01);
applying a statistical correction for the fact that this correlation was based on the
selection of extreme groups, the authors reported a corrected correlation of r=0.35. This
figure has held to be remarkably consistent in subsequent studies and is essentially
identical to that computed by Jensen & Sinha (1993) from their comprehensive review
of the pre-CAT/MRI literature.

Willerman et al. (1992) performed further analyses on this cohort (excluding one
woman) evaluating hemispheric effects. Using a similar MRI analysis they divided the
brain into left and right hemisphere volumes, and compared the asymmetry of
hemisphere size with the VIQ-PIQ difference and the Vocabulary—Block design subtests
from the WAIS for each sex. For men these correlations were positive and neared
significance, but for women the relationships were opposite in sign. The authors
interpreted this finding to mean that non-verbal skills were more likely
to be served by both hemispheres in women. As will be seen below, subsequent
studies have failed to find consistent hemisphere effects or different patterns for the
two sexes.

The next group to publish on the brain size-IQ association was from the University
of Towa. In their first report, Andreasen et al. (1993) imaged 67 (37 male) normal
subjects recruited through newspaper advertisements. Their scanner was a 1.5T unit and
analyses drew from two data sets, one with 5 mm thick sections and a 2.5 mm gap, and
a second set concentrating on central brain regions with 3 mm slices and 1.5 mm gaps.
Brain volumes were determined through a combination of automated edge detection and
manual tracing. For another set of measures, statistical techniques were used to segment
the brain, based on training classes, into gray matter, white matter, and cerebrospinal
fluid components.

The major finding from this study was a positive correlation between brain size and
1Q (WAIS-R), even when the data were evaluated at the level of individual brain
structures. The overall correlation for Full scale IQ and total brain volume was r=0.38
(p<0.01). Positive correlations were found for left and right hemispheres, temporal
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lobe, hippocampal, and cerebellar structures. No significant correlations were found for
caudate or intraventricular cerebrospinal fluid volumes.

One theory advanced for the positive relationship between brain structure and IQ has
been differences in the volume of myelinated structures or the characteristics of myelin
(Miller 1994). In Andreasen’s study, the significant positive correlation between brain
volume and IQ held only for the gray matter (r=0.35, p<0.01, Pearson partial
correlation with height partialed out) and not the white matter (r=0.14, p>0.01).

The Andreasen group has continued to work on this issue with their most recent data
analysis being in 1997. For this report (Flashman et al. 1997) there were 90 normal
subjects (48 male). After pre-processing, to remove the skull and other non-brain
structures, the volume rendered brains were transformed into Talairach Atlas space. This
atlas is a commonly used referent for brain imaging studies.

There were no important differences in the correlations between men and women, so
most analyses were pooled. As the population was skewed to an above average 1Q
group, a correction for restriction of range was employed. The researchers also partialed
height out of their analyses. After all these steps, a statistically significant correlation
was found for brain size and IQ (r=0.25). Both performance and verbal IQs (WAIS-R)
were positively correlated, but only performance IQ was statistically significant. In the
regional analyses, the strongest correlations were between performance IQ and the size
of the frontal and temporal regions. However, when the investigators looked to see
whether correlation coefficients for VIQ and PIQ with the same brain region were
statistically different from each other, the results were negative. No regionally specific
pattern underlying either PIQ or VIQ was determined.

Another early report was by Raz et al. (1993). This group used a permanent magnet
system (0.3T) to measure brain volume (however, the frontal and occipital poles were
excluded from their coronal imaging sequence) in 29 subjects. Intelligence tests were
Cattell’s Culture Fair (for fluid intelligence) and the Extended Vocabulary test (for
crystallized intelligence). The cross sectional area of the dorso-lateral prefrontal cortex
and the cerebral hemisphere volumes correlated (r=0.43) with the fluid intelligence
measure, but not with the crystallized intelligence measure.

The issue of correlations between IQ and specific brain regions was considered by
two groups of researchers that looked at the corpus callosum area. The corpus callosum
is the major white matter tract connecting the two cerebral hemispheres and is
principally composed of axons and their myelin sheaths. In a group of 47 epileptics,
Strauss et al. (1994) found a significant correlation between the posterior portion of the
corpus callosum (the splenium) and IQ (WAIS-R or WISC) of r=0.347 (p <0.05). This
basic result was confirmed in a group of 23 children (6-12 years of age) by Rowe et al.
(1997). They demonstrated significant correlations between the splenium of the corpus
callosum and the Information (r=0.49), Similarities (r=0.61), and Comprehension
(r=0.49) sub-tests of the WISC. As they found no significant correlations with
performance subtests they argued that the callosum was preferentially involved in verbal
ability. Despite these two callosal studies, when one looks at this literature in general,
specific relationships for particular brain regions and specific intellectual measures have
not been found consistently.
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Harvey er al. (1994) published an article on brain volumes in subjects with
psychiatric conditions which included a control group of 32 healthy volunteers solicited
from hospital staff, a Salvation Army training college, and an employment agency. IQ
was estimated with the New Adult Reading Test. This test uses the subjects’
pronunciation of words of varying frequency to estimate an IQ. MRI scanning was
conducted on a 0.5T unit. A single short inversion time (‘STIR’) sequence was used for
estimating volumes. Slice thickness was 5 mm, and the slices were interleaved. Their
imaging in the coronal plane, and the limitation to 20 slices, included all of the temporal
lobes (the region of interest for their schizophrenia study), but did not include the entire
brain. Brain size measurement was done by a single rater. For the controls, the
correlation (Spearman) between total intracranial volume and IQ was r=0.69
(p=0.001).

At about the same time, Wickett et al. (1994) reported positive results for a study of
40 normal women. The subjects were recruited through newspaper advertisements and
screened for neurological and medical diseases. Subjects were selected only if they were
right handed. The Multi-dimensional Aptitude Battery (MAB) was used as the IQ test.
For the MR imaging, 6 mm slices with 1 mm gaps were used and selection of the brain
area for measurement was manual. The correlation between Full Scale 1Q and total brain
volume was r=0.395 (p<0.05). The highest correlations were found for the verbal
components of the battery. An important incidental result from this study was that the
authors also measured external cranial size with a tape measure and found that head
circumference correlated only »=0.228 with brain volume. While a subsequent study
found a higher correlation, this study emphasizes the modest relationship between head
size and brain size.

Subsequently, Wickett ef al. (in press) pursued their analyses in 68 right-handed men.
The MAB was again used as the main intelligence test, but the Kit of Factor Referenced
Tests, Der Zahlen-Verbindungs-Test, two Reaction Time tests, Vandenberg mental
rotation test, and forward and backward digit span were also administered to broaden
the range of cognitive domains sampled. Brain imaging used a 0.5T MRI unit with 4
mm thick slices and a 0 mm gap. Image tracing was manual and the brain volumes were
computed from pixel counts. The correlation between Full Scale IQ and total brain
volume was the familiar r=0.35. With a correction for restriction for range this rose to
0.51. There were no significant results when comparing VIQ and PIQ asymmetries to
structural asymmetries between the hemispheres. The two hemispheres were themselves
highly correlated (r=0.99) in size. Verbal scores again seemed to be slightly more
correlated with brain volume measures than did performance measures. Each of the two
RT measures was significantly and negatively correlated with brain volume.

To evaluate more directly the relationship between g and brain volume, these
investigators subjected their behavioral data to a principal components analysis. The
extracted factors that correlated positively and significantly with brain volume were in
addition to the general factor, fluid ability (r=0.23), crystallized ability (r=0.31) and
memory (r=0.38). When using Jensen’s method of vector correlations the investigators
found that the more highly g loaded on a test, the more highly it correlated with brain
volume, a so-called Jensen effect.
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Reiss et al. (1996) evaluated brain development in 85 children and adolescents (21
male) by MRI. For 69 subjects, IQ data were known. The correlation of IQ to total
cerebral (not brain) volume was 0.45 (p=0.0005). Fitting a curve to their data, they
found the best fit was a second order polynomial and they concluded that there might
be an optimal brain size for the normal population with larger brains actually showing
a decline in IQ. After removing the effects of age, Reiss et al. examined by regression
techniques the predictive value for IQ of gray matter, white matter, and CSF volumes.
Again, it was the gray matter volume that was significantly correlated to IQ (more gray:
higher 1Q).

On a subset of subjects, Reiss et al. divided the total gray matter into cortical and
subcortical components. Both compartments contributed to predicting the variance in
1Q. When the gray matter was divided regionally and analyzed by a stepwise regression,
the prefrontal gray matter was the only tissue region retained in the regression
equation.

The only published study of normal subjects that has failed to find a statistically
significant correlation between MR measured brain volume and IQ is that by Tramo et
al. (1998). Their population was smaller (20 subjects) and composed of 10 identical
twin pairs. The authors found significant genotype effects on brain volume and large
intercorrelations between the anatomical measures (forebrain volume, cortical surface
area, midsaggital callosal area, and head circumference). The correlations between these
variables and Full Scale IQ (WAIS-R) ranged from —0.05 to 0.06). Addressing the
discrepancy between their work and the others, Tramo & Gazzaniga (1999) point out
that some of the other studies did not measure the entire brain, but only selected regions.
Tramo and Gazzaniga noted that for the callosal studies, only specific regions of the
callosum and not total callosal areas (such as they measured) were reported to correlate
with IQ measures. They also critiqued the other studies for using intellectual measures
which frequently were not “IQ” tests. These authors conceded the possibility of a small
positive correlation undetected by them secondary to sample size, but emphasized that
they felt questions of quality rather than quantity explained differences in general
cognitive ability.

Two more recent studies use current state of the art image analysis methods. Gur et
al. (1999) reported a study of sex differences in brain compartmental volumes that also
included subject performance measures. Subjects were 40 men and 40 women screened
to exclude cognitive, psychiatric and medical problems. Neuropsychological measures
included the WAIS-R. MRI measures came from 5 mm slices with 0 mm gaps in which
the skull was automatically “stripped” and bone marrow and eyeball components were
manually removed. The tissue of the brain was automatically segmented into white and
gray matter compartments using an adaptive Bayesian algorithm. While the focus of
their article was on differences due to sex (e.g. that women have a greater proportion of
gray matter) they also found correlations between total intracranial volume and global
performance (r=0.39 men and r=0.40 women). In contrast to the two earlier studies
that analyzed segmented white and gray matter, this group found a larger effect for
white matter volumes. Additionally, and discrepant from some earlier studies, Gur et al.
also found larger correlations for the spatial tests than the verbal tests. Despite these
differences, the overall correlation between ability and size was remarkably consistent
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with earlier studies. An important negative finding was the failure, again, to show
important relationships between structural asymmetries and patterns of cognitive
performance. The authors conclude, “It seems that sheer tissue volume, rather than
proportion, is associated with better performance.”

Pennington ez al. (2000) reported a larger twin study. They had neuropsychological
data on 9 pairs of monozygotic (MZ) and 9 pairs of dizygotic (DZ) twins which were
the control group in a larger study of reading disability (an additional 48 twin pairs were
in the reading disability group). Analyzing the control sample alone, there was a
correlation of r=0.31 between Full Scale IQ and total cerebral volume (p=0.07, two
tailed). Although the authors report a two tailed result, a one tailed test of significance
might be more appropriate given the preponderance of evidence pointing to a specific
direction for the ability-size effect.

Dividing brain volume into a cortical and subcortical factor (based on a factor
analysis of their anatomical data), the authors found greater correlations for the
subcortical factor. While the relationship between cerebral volume and IQ in twins
reported from this study is at odds with that of Tramo et al., the finding of significant
genetic effects on brain size and structure were confirmed.

The large number of MR studies replicated multiple times by independent groups has
unequivocally confirmed a relationship between brain volume and higher IQ scores for
normal men and women. The value of this correlation hovers near r=0.35. While the
studies are consistent for their global findings, they are less consistent for their details.
Most of the studies, especially the more recent studies with larger numbers of subjects
and more sophisticated imaging protocols, fail to find any important contributions of
left-right size asymmetries. The evidence for a differential effect of gray matter and
white matter volumes favors gray matter volume being more important, but the issue
cannot be considered fully resolved. No specific pattern of regional differences
correlates with a specific pattern of cognitive skills in normal subjects, but it is
important to note that the sizes of individual brain structure are themselves highly
intercorrelated. There seem to be general factors for brain size as well as intelligence.

While the consistent finding of a correlation between intelligence and total brain size
is important and reassuring, perhaps more important is the relatively small size of the
correlation. Far less of the normal variation in human intelligence is explained by brain
size than is explained because of it. This observation suggests that additional
investigations are necessary to determine the biological bases of individual differences
in intelligence and leads directly to the additional ways in which MRI can be
employed.

4. Spectroscopic MR Imaging

The technique that is used for anatomical MRI grew from the nuclear magnetic
resonance technology used in chemistry for identifying the atomic spectra of specific
compounds. This same approach can be used in MRI for determining a spectrogram
within an anatomically defined volume (voxel) of tissue. This allows measurement of
neurotransmitters, chemical constituents, and pH in the brains of normal subjects who
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have known IQ’s. The application of MRS to individual difference research has not
progressed to the state that anatomical MRI has, but its potential is greater.

One of the first applications of this technique was that of Rae et al. (1996), who
reported on a cohort of 42 boys. These children were a control group for a study on the
brain metabolic changes associated with Duchenne’s muscular dystrophy. Using the
established relationship between phophocreatinine and inorganic phosphorous as a
function of pH, these investigators calculated from the phosphorous NMR spectra the
brain intracellular pH. When compared to WISC IQ’s there was a highly significant
correlation of r=0.523 (Spearman’s ranked).

Anderson et al. (1998) were unable to replicate this result in a cohort of 33 epileptic
subjects who had undergone phosphorous NMR imaging and also had Wechsler IQ
scores. A further result of the Anderson ef al. study was a poor correlation between the
pH of the left and right temporal areas, suggesting that this physiological measure may
be quite variable and not as amenable for correlational studies as the relatively stable
measure, brain volume. There were additional differences between the two studies:
mixed gender versus all boys, adults versus children, and region of the brain used for pH
measurement. Perhaps the pH:IQ correlation is developmentally transient.

Another application of MRS is seen in two papers by Jung et al. (1999a, b) They
measured n-acetlyaspartate (NAA). This compound is a chemical constituent of
neuronal membranes. When measured from gray matter areas, it has been taken as an
index of neuronal number, although studies showing a direct correlation between NAA
levels and neuronal number in normal populations, either animal or human, are lacking.
In the Jung e al. studies, their voxel of interest was primarily white matter. They
therefore interpreted their measurements as indexing the number or size of myelinated
axonal processes. In their more recent report (Jung et al. 1999b), they recorded the
results from 46 subjects (24 women). The voxel of interest was in the left occipital-
parietal white matter. Neuropsychological measures included the Paced serial addition
test, California Verbal Learning test, and Stroop interference test. This full battery of
tests was composed of both timed and untimed components. Lower correlations were
found between the untimed tasks and NAA levels. However, when a total z score was
developed for the timed tasks it correlated r=0.65 with NAA levels.

MRS is also capable of determining the level of specific neurotransmitters. In
unpublished data, Anderson, Martin, and Kuzniecky measured levels of the inhibitory
neurotransmitter gamma-aminobutyric acid (GABA) in 17 young healthy adults who
were control subjects in a study of the effects of anti-convulsants on brain GABA levels.
In addition to their baseline scans, the subjects were also tested, prior to medication
administration, on choice reaction time tests, visual serial addition test, symbol digits
modalities test, selective reminding test, and semantic and phonemic fluency tests. Brain
GABA levels showed no consistent relationship to these behavioral variables. The
confidence intervals that were computed from these correlations put a severe constraint
on any possible GABA-behavioral relationship in the normal brain. It is unlikely
(<0.05) that variation in brain GABA can account for more than 10% of normal
variation in g, and it is possible it has no relation at all. This is despite the fact that
in pathological states or as a result of medications that perturbations of brain GABA
levels are associated with alterations of mental performance (Kuzniecky et al. 1998,;



Brain Imaging and g 37

Martin et al. 1999). These data emphasize the need to be cautious when inferring the
basis for normal variation in cognitive function from studies on clinical populations.

5. Conclusions

Anatomical and metabolic imaging techniques using magnetic resonance technology
have provided a clear answer to the question of whether brain size is correlated to
intelligence. The correlation is positive and in the order of r=0.35. This result has been
so consistent across multiple experimental groups that its veracity should not be in
dispute. Still open are questions as to whether there are specific brain regions or
compartments (e.g. gray matter versus white matter) that are the principal basis for this
relationship.

While providing a clear answer to the gross size-ability question, these studies have
also pointed out that the majority of individual variation in intelligence is not explained
by variation in brain volume. This sets the stage for further experiments using additional
capabilities of MRI and other technologies to assess the physiological function of the
brain. So far, the most dramatic result has been the correlation between white matter
NAA levels and performance on timed cognitive tasks. However, both reports of this
relationship have come from a single research group and await independent
confirmation. Other applications of MRS, such as measuring brain neurotransmitter
levels and intracellular pH, have only really been demonstrations of technical feasibility.
While these new techniques have not resolved open question about normal variation in
brain-behavior relations they light the way to a bright future for understanding the
biological bases of interindividual variation in general cognitive ability, a research
aspiration that one can trace from Spearman through Jensen to many of the authors of
the present volume, this one included.
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Chapter 3

Positron Emission Tomography Studies of
Intelligence: From Psychometrics to
Neurobiology*

Richard J. Haier

1. Genes or Environment?

Well into the 1960s, a furious debate considered whether schizophrenia had a genetic
component or not. Evidence from twin studies was strongly suggestive but always
confounded with shared environment. Then researchers funded by the American NIMH
(National Institute of Mental Health) reported the first data from the Denmark Adoption
studies (Kety er al. 1971). They found that adopted-away offspring of biological parents
with schizophrenia were more likely to have a diagnosis of schizophrenia spectrum
disorders in adulthood than adopted-away controls of normal biological parents. A
researcher opposing the genetic hypothesis literally had a heart attack at the scientific
meeting when this was presented. Although far from perfect, the Denmark studies
helped shift the debate decisively to those favoring a genetic component with the
important insight that if there were a genetic component to schizophrenia, there must be
a biological basis to the disease because genes act through biology. One impact of this
reasoning was a fundamental shift in research orientation. More federal funds were
directed at neurobiological studies of schizophrenia than ever before. In fact, at the
NIMH, the premiere center for mental illnesses research in the United States, the
Intramural Research Program’s Adult Psychiatry Branch was renamed the “Biological
Psychiatry Branch”. Now, more than 30 years later, the nature of the genetic component
to schizophrenia and the neurobiological pathways involved remain a mystery despite
an enormous worldwide research effort. Most researchers in the field, nonetheless, value
this approach as the most likely to some day solve the puzzle of schizophrenia as
measured ultimately by profound advances in treatment, cure and prevention.

* Parts of this paper were presented at the APA-sponsored conference on Models of Intelligence for the Next
Millennium, Yale University, June, 2000.
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The debate over the role of genetics in intelligence has a longer history and even more
data than the early debate over the genetic role in schizophrenia. The Public debate
about the role of genes in explaining individual differences in intellectual abilities and
general intelligence continues, at times with considerable fury. Most researchers now
interpret the findings of studies of identical twins reared apart and much other data as
showing that there is a genetic component involved in general intelligence, although
some fury is not unknown among researchers on this point. The importance of
establishing that there is a genetic component, usually estimated at about 50% of the
variance, is that there is a neurobiological basis of intelligence to be discovered. Unlike
schizophrenia research, however, no major redirection of research funds toward this end
has happened. In fact, among many researchers and policy-makers, the topic is an
unwelcome one. Arthur Jensen, partially and unintentionally, may be to blame.

2. The Problem with Intelligence

In the late 1960s Arthur Jensen reviewed attempts to raise IQ with early environmental
interventions like the federally funded Head Start pre-school program (Jensen 1969). In
so doing, he detailed the psychometric difference between blacks and whites on
measures of IQ (about one standard deviation). He argued that the failure of
compensatory education programs to close this gap suggested the gap might have a
genetic (and therefore biological) basis. Public and scientific reaction was swift, brutal,
and incessant. The turmoil continues to this day (recently reinvigorated by publication
of Hermstein and Murray’s, The Bell Curve, 1994) and one major resuit is that funding
to explore the neurobiological basis of intelligence has not been forthcoming. Even the
1990s “Decade of the Brain”, based on rapid scientific advances in the neurosciences
and driven largely by the illnesses of schizophrenia, depression, and Alzheimer’s
Disease, never included any focus on intelligence. Although it could be argued that
intelligence and 1Q are controversial, hard to measure concepts and therefore unworthy
of major research funding, the same could be said of schizophrenia. In fact, in the 1960s
some argued that schizophrenia was not an iliness at all but a convenient social myth to
label unorthodox behavior. Seymour Kety, one of the NIMH authors of the Denmark
Adoption studies, remarked that if schizophrenia was a myth, it was a myth with a
genetic component. The same might be said for intelligence. Twin and adoption data
support a genetic component to intelligence and the search for a neurobiological basis
to intelligence is certainly warranted. Such a search may have profound relevance for
treating or preventing disorders of low IQ like some forms of mental retardation, and for
developing cognitive enhancing drugs to treat Alzheimer’s Disease and other dementias.
Whether drugs can be developed to treat mental retardation or to raise IQ in general, is
an open question.

3. g and Glucose Metabolic Rate

Not surprisingly, Arthur Jensen has advocated research directed at discovering the
neurobiological basis of intelligence, especially “g”, the general factor first proposed by



Positron Emission Tomography Studies of Intelligence 43

Spearman and later defined by psychometric studies of intelligence tests. We first met
in June of 1987 at the Toronto meeting of the Society for the Study of Individual
Differences (ISSID). It was the first presentation of the results of a study using Positron
Emission Tomography (PET) aimed (naively) at the question, “where in the brain is
intelligence?” The study intended to identify areas of the brain activated while subjects
performed the Raven’s Advanced Progressive Matrices (RAPM), a test of non-verbal,
abstract reasoning highly loaded on g. PET was a new and powerful technique to image
regional brain functioning. The entire brain, including deep subcortical areas, could be
imaged based on the uptake of glucose labeled with a radioactive tracer (i.e.
flurodeoxyglucose or FDG). The harder a brain region works while performing a mental
task like the RAPM, the more glucose is used in that area since neuronal firing is
dependent on energy derived from glucose in the blood. Both glucose metabolic rate and
blood flow increase in the brain as the brain works harder. The pattern of increases and
decreases is shown by color coding so PET images look different in even the same
person depending on the mental task used during the uptake period. For glucose PET
studies, this period is about 32 minutes, so this kind of scanning has a time resolution
of 32 minutes, meaning that the images show the accumulated brain activity over this
period. By contrast, the newer technique of functional Magnetic Resonance Imaging
(fMRI) has a time resolution of about 2 seconds (see Haier 1998 for a review of brain
imaging techniques). However, in 1987, PET was the most important new tool available
to psychologists (although there were few available and it cost at least $2500 per
subject; fMRI now is available widely for about $400 per subject).

The PET/RAPM data presented at the 1987 ISSID meeting (and again in February
1988 at the AAAS meeting in Boston) were somewhat provocative (Haier et al. 1988).
We had expected to see glucose increases denoting activation of more neurons in the
areas of the brain used to solve the RAPM problems during the 32 minute uptake period
when compared to controls performing a simple attention test with no g loading. Some
brain areas were uniquely activated during the RAPM condition. Were these the “IQ”
areas of the brain? Because the 8 subjects were recruited from a list of normal
volunteers unselected for IQ, the range of RAPM scores attained during the uptake was
11 to 33 out of a total possible score of 36. We correlated these scores with glucose
metabolic rate (GMR) in each region of the cortex. By today’s standards, the anatomical
localization of cortical areas was rudimentary. Nonetheless, the results were striking.
There were statistically significant correlations between several cortical areas bilaterally
and RAPM scores but all the correlations were negative.

The higher the RAPM score, the lower the GMR. Thus, it would appear that the
harder the brain was working, the less well a subject solved the non-verbal, g-loaded
problems of the RAPM. We interpreted this as evidence for a brain efficiency model of
intelligence.

It was one of those findings that no one anticipated but that make sense post-hoc.
Some subjects mentally struggled, scored poorly but their brains seemed working very
hard whereas other subjects solved the problems accurately and apparently without
greater brain activity. A host of questions are implied — are poor performers more
anxious and does anxiety increase cerebral GMR? Is the test just easier for some who
expend less effort and therefore have lower cerebral GMR? Is the cerebral GMR at rest
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(i.e. when no mental performance is required) lower in high g people? The inverse
correlations reported in this study were one of the first and most powerful
demonstrations of how individual differences in performance of a mental task was key
to interpreting functional imaging data. When these data were presented at the Toronto
ISSID meeting, Arthur Jensen was particularly intrigued with the possibilities for new
research on g opened by the PET technology.

4. Brain Efficiency Concepts

Brain efficiency concepts have a long history in intelligence research. Early EEG
studies, for example, suggested that evoked potential waveforms generated by bright
people had shorter latencies (faster mind?) and smaller amplitudes (fewer neurons
firing?). Even some psychometric research pointed to an efficiency explanation for why
loadings on a general factor in good readers were smaller than for poor readers
(Maxwell er al. 1974; see also Detterman & Daniel 1989). Based on an earlier model
by Thompson (1939), the theory was that a general cognitive factor would reflect a large
number of neurons sampled from many brain areas, whereas, factors of more specific
abilities would reflect smaller subgroups of neurons. Assuming factor loadings estimate
the proportions of neurons involved in general and specific factors, the lower loadings
on the general factor in good readers was interpreted as showing fewer neurons
involved, consistent with a concept of brain efficiency (see Haier 1993 for a review of
these efficiency ideas). Other subsequent PET studies also reported inverse correlations
between regional GMR and performance on g-related tasks (Parks et al. 1988; Boivin
et al. 1992).

We decided our next PET study would test the concept of brain efficiency further. We
wondered whether the brain would show less activity after leaming, consistent with the
idea that learning causes the brain to become more efficient. We studied 8 new normal
male volunteers with FDG PET while they performed the computer game Tetris, a visual
spatial task. None of the subjects had ever played this game before. Each received
instruction, a brief practice session, and then were injected with FDG while they played
for the 32 minute uptake period. Each subject then practiced 4-8 weeks and, on average,
improved performance 7-fold. A second post-practice PET session was completed.
GMR decreases in several brain areas were related to improvement in Tetris
performance, consistent with a brain efficiency concept.

We concluded that with practice and improved performance, subjects learn what areas
of the brain not to use and this results in GMR decreases (Haier et al. 1992a).

5. The Conservation of g

Remarkably, in the same subjects, we found inverse correlations between degree of
GMR decreases after practice and scores on the RAPM, suggesting that the brightest
subjects become the most brain efficient with learning (Haier et al. 1992b). Scores on
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WAIS-R subtests in these subjects were also correlated with whole brain GMR. Arthur
Jensen analyzed these data using the correlated vector approach (Jensen 1998:
157-158). He reported the vector of WAIS subtest/GMR correlations was correlated
—0.79 with the corresponding vector of the subtests’ g-loadings. Thus, the largest GMR
decreases with practice were found on subtests with the highest g loadings. Jensen noted
this finding was consistent with what he termed the conservation of g. Namely, with
practice and training, tasks become more automatized and require less g. Subsequent
PET studies of learning also show functional brain decreases along with increases in
some circumstances but virtually all of these subsequent studies are designed to study
brief learning over a period of minutes rather than training over weeks (see Haier 2001
for a review).

6. More Sophisticated Designs

We undertook two additional PET studies of intelligence, each with a more
sophisticated research design to explore brain efficiency further. The first, funded by the
Office of Naval Research, addressed the role of mental effort. We screened a large
number of normal volunteer males on the RAPM and selected 14 with average scores
and 14 with high scores (Larson et al. 1996). Each subject then completed two PET
sessions performing a digit-span backward task. During one session, the digit span task
was easy because the length of the digit string to remember was kept short for a 90%
accuracy rate; during the other session (random, counterbalanced order), the string was
longer with a 75% accuracy rate. The starting number of digits to attain these rates was
predetermined for each subject. Thus, we selected high and average ability subjects
based on a g-loaded test and each was then scanned while performing an easy (low
effort) and a hard (high effort) version of the same task. The comparison of GMR among
the groups and conditions showed a significant interaction between ability and effort.
The high ability subjects had higher GMR during the hard task than the average ability
subjects. Both groups had similar GMR consumption during the easy task. In discussing
this study, Arthur Jensen wrote, “This increase in GMR by the high-IQ subjects suggests
that more neural units are involved in their level of performance on a difficult task that
is beyond the ability of the average-IQ subjects” (Jensen 1998: 159). Certainly, more
experimental data are needed, but this is a good demonstration of the importance of
using a research design that incorporates subject ability and task effort during a
functional imaging study. Without these design elements, interpretations of brain
activity and its relation to g will be difficult to interpret (see for example Ducan et al.
2000).

About the same time, we completed another PET study aimed at investigating brain
efficiency in volunteers selected for high or average mathematical reasoning ability
(Haier & Benbow 1995). This study’s design also included a comparison between men
and women. Subjects were recruited from a university population based on admission
SAT-Math scores. High ability groups were defined by SAT-M scores between 700 and
800 (n=11 men and 11 women). SAT-M scores in the 410-540 range defined average
ability groups (n=11 men and 11 women). All subjects (N=44) completed one PET
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session during which they solved a set of SAT mathematical reasoning problems. High
ability subjects were hypothesized to show lower GMR. All four groups showed similar
GMR patterns.

There were no significant main effects or interactions (ANOVA, group X sex X
hemisphere X lobe X segment). In the total sample of men (N=22), there were
significant correlations between SAT-M score attained during the FDG uptake period
and GMR in the temporal lobes (bilaterally). In the women (N=22), this comparison
showed a near zero correlation. Furthermore, in the women none of the correlations
between SAT-M score and regional GMR were significant. It would appear that high
math ability men use more neurons in the temporal lobes to solve math-reasoning
problems but women solve the problems (just as well) in some other way. Additional
experiments cry out for completion.

7. Brain Inefficiency in Mental Retardation

The final project completed in this series of PET studies of intelligence was a one-year
pilot funded by the National Institute of Child Health and Development (NICHD) to
study mental retardation. We hypothesized the counter-intuitive idea that people with
mild mental retardation of unknown etiology might have higher than normal GMR.
Based in part on the findings of high RAPM score correlated with lower GMR, we had
speculated (Haier 1993) that the neural pruning that takes place developmentally during
childhood and adolescence may fail for some reason and this could result in more
neurons and less efficient neuro-circuitry. People with this abnormality may be poor
problem solvers, score low on IQ tests, and have higher than normal cerebral GMR
during a cognitive task. We tested this in a group of 10 people with mild mental
retardation (MR) defined by WAIS-R scores between 52 and 78; seven other people with
Down Syndrome (DS) were age, sex, and IQ matched to the MR group as were 10
normal controls (Haier et al. 1995). Each subject completed an FDG PET session while
performing a version of the Continuous Performance Test (CPT) of attention. Structural
MRIs were also obtained. Both the MR and the DS groups showed higher whole brain
GMR than the normals, with the largest difference in the posterior temporal lobe
(bilaterally).

Both the MR and the DS groups showed 20% smaller brain sizes compared to
normals based on MRI measurements, whereas, overall, these groups showed about a
30% increase in GMR compared to normals. Combining all subjects into one group, the
correlation between brain size and IQ was 0.65 (p <0.005 one tailed) which became
0.36 after correction for extreme groups. IQ and GMR were correlated —0.58 (p <0.005
one tailed) and the correlation between brain size and GMR was —0.69 (p <0.005 one
tailed). Moreover, in the normals there was a pattern of correlations among GMR in
several brain areas that differed from the pattern in DS, suggesting specific functional
neuro-circuitry abnormalities in the frontal lobe (Haier er al. 1998). These intriguing
results were discussed as consistent with brain inefficiency in mental retardation.
Nonetheless, a renewal grant application for replication and extension in larger samples
with other cognitive tasks was approved but not funded (after numerous “very
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responsive” revisions), bringing a temporary end to this series of functional imaging
projects aimed at helping to understand the neurobiology of intelligence.

8. New Directions

The inclusion of the DS comparison group, however, led us in a new direction. We are
funded currently by NICHD for a five-year longitudinal study using PET and MRI to
chart the progression and sequence of brain changes as dementia develops in middle-
aged people with DS and in comparison groups of people with early Alzheimer’s
Disease and in normal controls. Since part of the data collection includes the WAIS-R,
we may generate data of interest concerning intelligence as well as dementia.

In the meantime, we have published another series of PET studies using a focus of
individual differences in combination with drug probes. These studies investigate
alcohol’s effect on divided attention (Haier et al. 1999), and the mechanism of
anesthetic drugs and their relation to the neurobiology of consciousness (Alkire et al.
1995, 1996, 1997, 1999, 2000; Alkire & Haier 2001). Individual differences also were
critical to the understanding of PET results in studies of emotional memory (Alkire et
al. 1998; Cahill et al. 1996, 2001). These studies did not include a focus on intelligence
but pilot data suggest that the IQ of the subjects in these studies may interact with main
effects of drug or cognitive condition. We are now pursuing this possibility. For
example, we are designing functional imaging studies to address questions such as, are
intelligent people more conscious than others and does the neuro-circuitry of
consciousness, as revealed by studies of anesthetic drugs, overlap with the neuro-
circuitry of intelligence? We can address these questions with new image analysis
software, PET hardware, MRI co-registration (for anatomical localization), and fMRI
techniques that were not available for our first series of studies. These new studies can
be more hypothesis driven than the earlier studies. For example, we have reviewed rat
lesion studies to compare brain areas implicated in specific and in general task ability
to results of human PET studies (Haier er al. 1993). We have also reviewed brain studies
of autism, Down syndrome, and mental retardation to generate a short list of six brain
factors with abnormalities in all these conditions where intelligence is often abnormal
(Lawrence et al., in press). Such comparisons suggest more focus for better hypothesis
testing in new studies.

9. Individual Differences

Individual differences as a mainstream discipline within psychology may be about to
reassert itself after near banishment in the wake of the controversies of the last 30 years.
This has already happened in cognitive psychology where new fMRI studies abound.
Correlating cognitive task performance with functional brain data has yielded some
spectacular results (e.g. Haier et al. 1988, 1992a, b; Cahill ez al. 1996; Nyberg et al.
1996). Such correlations are fast becoming the norm in a branch of psychology where
effects



48 Richard J. Haier

of individual differences were typically regarded as noise and error variance. Even more
dramatic is the growing attention to the profound individual differences in drug
response. Psychopharmacology may well be the most amenable field for a new
appreciation of individual differences. Virtually every psychoactive drug produces a
wide range of clinical response. Some people respond to a drug in one way and others
respond differently or not at all. Understanding the neuro-biology of these differences
is a major problem for neuroscience in the 21st century. Moreover, whereas the causes
of schizophrenia and Alzheimer’s Disease (AD) were among the major clinical
problems driving neuroscience in the last few decades, the next wave may well derive
from the problems of understanding diseases of low intelligence. The first advances may
come from research based on learning and memory studies linked to Alzheimer’s
Disease. Pharmaceutical companies are close to having drugs to treat AD which work
to improve learning and memory by boosting neurotransmitter effectiveness or even by
stimulating new neuron growth. What will be the effect of such cognitive-enhancing
drugs on normal children or adults? If the drugs increase learning and memory, will IQ
be raised? Will treatments for some forms of mental retardation follow? Why will some
people respond to these drugs more than other people?

10. Neurophysiology and Individual Differences in g

At the start of the 1990s Decade of the Brain, we noted (Haier 1990) that 50 core
questions were enumerated by neuroscience advocates. The word “intelligence” never
appeared but four of the fifty questions were relevant:

(1) What are the neural substrates of higher cognitive properties of the human cerebral
cortex?

(2) What essential properties of the brain give rise to conscious awareness?

(3) Why is thinking so easy for normal people and so aberrant in schizophrenics?

(4) Given the degree of homology between the human brain and those of other species,
what makes us unique?

It may be time to revisit these questions and recast them in terms familiar to intelligence
researchers. Arthur Jensen is leading the way. His most recent book (Jensen 1998)
summarizes all data and arguments concerning the g factor and ends with a discussion
of future research on the neurophysiological basis of g. He proposes the following
working hypothesis: “Individual differences in behavioral capacities do not result from
intraspecies differences in the brain’s structural operating mechanisms per se, but result
entirely from other aspects of cerebral physiology that modify the sensitivity, efficiency,
and effectiveness of the basic information processes that mediate the individual’s
response to certain aspects of the environment” (p. 579). He further notes that there are
two basic questions here — the first dealing with brain processes that allow intelligent
behavior and the second dealing with what produces individual differences. “The
highest priority in g research, therefore, is to discover how certain anatomical structures
and physiological processes of the brain cause individual differences in g” (p. 579).
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Imagine that a Foundation announced a competition for a single $25,000,000 award
to one intelligence researcher. The application was one question: “After spending our
money, what important problem about intelligence will you have solved?” Arthur’s
general hypothesis is a good starting place. I would focus on experiments using
functional brain imaging in combination with drug probes to identify neuro-circuitry
used in high level problem solving. I also have a keen interest in whether mitochondria,
the energy producing parts of cells, differ in number or efficiency within the neurons of
bright and average people. The fact that we can now consider such questions
demonstrates the transition of intelligence research from its psychometric origins (and
confines) to the next level of neuroscience exploration and explanation.

11. The Nature-Nurture Question Revisited

Moreover, this transition is forcing another dramatic and ironic shift in perspective. In
the later 20th Century, a prevalent assumption underlying the (artificial) nature versus
nurture debate was that something caused mostly by environment could be changed
relatively easily, whereas, something caused mostly by genes was essentially
immutable. As we enter the 21st Century, just the opposite may be true. We are
becoming quite expert at changing biology and genes; we still don’t improve
environments with much precision of positive outcome. To the extent that low
intelligence is genetic/biological, the prospects are increasing that neuroscience-based
manipulations over the next decades may promise improvement where environmental-
based manipulations have so far proved mostly unsuccessful.

12. The Bright Future of the Neurobiology of Intelligence and
Individual Differences

Over the last 13 years we have produced a body of work using PET to begin to explore
the neurobiological basis of intelligence. The data are intriguing and a number of
specific questions are now raised that can be addressed experimentally. We are focusing
on the neuro-circuitry of consciousness and intelligence and whether any overlap may
help understand why some people learn certain subjects better than other people do.
PET access has been so limited that little replication or extension of earlier work has
been possible, especially with the large samples normally required to address questions
of individual differences. The wide availability of fMRI may result in a surge of studies
addressing neurobiological questions about g, brain efficiency, mental effort, sex
differences and individual differences. The near future for psychology is going to be
quite exciting as this frontier expands. Additional funding for this worldwide effort is
inevitable. Arthur Jensen’s vibrant intellectual influence continues to encourage
researchers in this field as knowledge about the neurobiology of intelligence and
individual differences begins to unfold.
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Chapter 4

Reaction Time and Psychometric Intelligence:
Jensen’s Contributions

Ian J. Deary

1. Introduction

When a scientist has made a significant contribution to a field of research there occurs
the problem of writing a chapter such as the present one. It is not just that Jensen has
written so extensively on reaction time, it is that he has in addition written so much of
the field’s literature himself. The article that began the modern era of reaction time and
intelligence studies was written by Jensen (Jensen & Munro 1979), the historical
precedents, first gatherings of new data and theory came next (Jensen 1982), after that
there were detailed and thoughtful contributions on methodology and statistical issues
to do with reaction times and the study of intelligence (Jensen 1985), followed by the
first sizeable meta-analysis and rebuttings of ‘top-down’ explainings-away of the
correlation between reaction time and intelligence test scores (Jensen 1987a), comments
on the possible reasons for the correlations (Jensen 1993), and more recently a review
of the field in the context of information processing (Jensen 1998a). Add to this the
influence on his one-time Ph.D. student P. A. Vernon (e.g. Vernon 1983, 1987) and one
has covered a substantial percentage of the pioneering modern work on reaction times
and intelligence. Without Jensen’s contribution, then, one would be in a much less
confident position in stating that reaction times correlate significantly with psychometric
intelligence. And, with respect to evaluations of Jensen’s work, there are recent non-
quantitative reviews that summarise the field and do not require repeating here
(Neubauer 1997; Mackintosh 1998, Chapter 7; Nettelbeck 1998; Deary 2000,
Chapter 6).

With so much relevant material easily available in this quite-small field, the present
chapter should properly be an ‘appreciation,” which is defined both as ‘grateful
recognition’ or ‘estimation or judgement.” Given that this same word comfortably holds
these two meanings, the present contribution will attempt to do the same; highlighting
Jensen’s contributions, it shall document the main findings of the research, evaluate the
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progress in understanding of intelligence to which it has led, and pick out some newer
developments in the area.

2. The First Study

Jensen’s reviving of reaction time as a part of intelligence research began with a five-
and-a-half page paper in Intelligence in 1979 (Jensen & Munro 1979). The rationale for
the study is contained in two paragraphs which make the following points: (i)
differential psychologists prematurely abandoned the use of reaction time measures at
the turn of the 20th century; (ii) reaction time attracted new interest because of an
information theory interpretation of the lawful association between the number of
stimulus alternatives and overall reaction times (Hick 1952; Hyman 1953); and (iii) that
individual differences in the slope function — when the log of the number of stimulus
alternatives was plotted against the reaction time — were, according to Roth (1964),
correlated significantly with psychometric intelligence, whereas simple reaction time
was not. The one additional idea raised in the introduction was to separate movement
time (MT) from reaction time (RT). However, because RT often refers to the time taken
for the entire response, the latter measurement will be referred to hereinafter as decision
time (DT) except in direct quotations from Jensen.

Jensen & Munro (1979) tested 39 1415 years old schoolgirls on the ‘Jensen box’
version of the Hick device (Jensen 1987a: 108). This console has a home button and a
semicircular array of target buttons. In this original study the stimulus lights were
situated half an inch above the target pushbuttons. In later versions the stimulus lights
and the pushbuttons were one and the same (Jensen 1998a: 212). By covering up
different numbers of potential targets on the console, the size of the stimulus set was
varied to include 1, 2, 4, 6, and 8 potential targets. The order of events was as follows.
The subject placed their index finger on the home button. A warning tone sounded. After
a variable delay of between 1 and 4 seconds one of the target lights was lit. The subject’s
task was to press the switch below the corresponding target light as fast as possible. The
device had two timers. The first began at the onset of the target light, and ended when
the person lifted their finger from the home button. This measures decision time (DT;
what Jensen consistently called reaction time, RT). The second timer began with the
person lifting their finger from the home button and ended when the target stimulus light
was switched off. This measured the movement time (MT). Thirty trials were given at
each of the five stimulus set sizes. It is not stated in the article but, from what was stated
later, it appears that the order of stimulus sets was always from lesser to greater, i.e.
from simple RT progressively up to the eight-choice condition. The psychometric test
was Raven’s Standard Progressive Matrices with a one hour time limit, which was long
enough for all subjects to attempt all items.

Most subjects’ data fitted Hick’s law, with a mean Pearson correlation coefficient of
0.97 between decision time and ‘bits’ (log to the base 2 of the number of lights in the
stimulus set). The corresponding correlation with movement time was 0.54. Split-half
reliabilities for reaction and movement times were 0.90 and 0.89, respectively. Reaction
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Table 4.1: Correlations between psychometric intelligence scores and indices from the
Hick-type reaction time procedure (data from Jensen & Munro 1979).

Jensen & Munro (1979)

Uncorrected r

DT Mean -0.39
DT Slope -0.30
DT Intraindividual variability -0.31
MT Mean -0.43
MT Intraindividual variability 0.07

and movement times correlated only 0.37. Correlation within the five reaction times to
the different set sizes was 0.85, and among the five movement times was 0.77.

The key results were those between reaction time indices and Raven’s Matrices
scores, as shown in Table 4.1. The overall mean of the decision times for the five
stimulus set sizes and the overall standard deviation of the decision time showed modest
correlations with Raven scores. Surprisingly, so did the overall mean of the movement
times, though its standard deviation did not. People with higher psychometric
intelligence had, on average, faster and less variable decision times and faster movement
times. The slope of the increase in reaction time from zero to three bits of information
correlated —0.30 with Raven scores (-0.36 after correcting for unreliability of the slope
and the Raven scores); higher Raven scorers had flatter slopes. Jensen & Munro (1979)
commented:

Our expectation, from the study of Roth (1964) suggesting that the slope
of RT with increasing information is the best measure of information
processing capacity, and from consideration of the linear relationship of
RT to bits of information found in other studies (Hick 1952; Hyman
1953), was that the slope of regression of RT on bits would have the
highest correlation with Raven scores. Along the same lines, we expected
RT to show higher correlations than MT with Raven scores. The fact that
these specific expectations were not borne out seems somewhat puzzling;
at present we can offer no explanation (p. 125).

These correlations seem most interesting when one considers that the RT
and MT measures are not based on past learning or on any intellectual
content whatsoever (p. 126).

3. Developing the Field

From that small study to Jensen’s (1982) overview and review only three years later
there was enormous development. He considered that reaction time-intelligence
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research was important for two reasons. First, the correlation between the two was
evidence that intelligence was not just related to knowledge and skills. Second, it
offered a theoretical avenue for understanding differences in intelligence. This second
aspect saw Jensen strongly commenting that factor analysis was unable to help our
understanding intelligence differences and that more tractable measures like RT might
be more help in this. Jensen then reviewed the chronology of RT research as it related
to intelligence (see Table 4.2). He then described the RT apparatus that he used in the
Jensen & Munro (1979) study and in so many other studies, and summarised the
findings on, by then, about 900 subjects. Non-retarded groups and most individuals
fitted Hick’s law for DT. MT was much shorter than DT. MT showed very little increase
or correlation with increases in stimulus uncertainty. For a number of reasons —
including the zero correlation between DT and MT within individuals (paired over
trials) and the modest correlation between decision and movement times between
individuals — Jensen concluded that decision and movement times contained common
and unique sources of variance and should be kept separate, as was done by his device.
Jensen foregrounded intraindividual variability in DT, which he found to increase
linearly with the number of stimulus alternatives. He also reported details of trial-to-trial
and day-to-day variation, and the effects of age.

Jensen (1982) did not leap in with ‘the’ correlation between g and reaction time. He
noted that people with higher psychometric test scores typically had faster and less
variable reaction times, lower intercepts, and flatter slopes in cases where there were
two or more levels of RT complexity. He pointed out that there were hardly any
correlations in the wrong direction. And he pointed vaguely to an effect size of
approximately 0.35. However, it was not possible accurately to come up with an effect
size because of the day-to-day instability of RT parameters and the non-representative-
ness of almost all extant samples, which were either highly restricted (often because
they were students) or artificially wide (because they might be drawn from two different
sub-samples such as people with mental retardation and healthy people). In any case, it
is better to leave the matter of the effect size until a consideration of Jensen’s (1987a)
later review, which is more complete. In this article Jensen (1982) pointed out that, at
that time, no-one had examined the correlations between the S. Sternberg and Posner RT
procedures and intelligence test scores (for a review of these associations see Neubauer
1997). He also suggested the better prediction of intelligence test score variance that
would come with combinations of RT procedures.

In the third important part of his article, Jensen (1982) turned to the development of
a theory of RT differences as related to intelligence test scores. Refreshingly, Jensen’s
first contribution was to banish armchair formulations — ‘the bright mind is the quick
mind,” for example — and the lazy but easy assumption that brighter people have faster
speed of work throughout the mental domain:

If we invariably settle for an explanation of every new phenomenon in
terms of a few simple and familiar psychological concepts, then the
discovery and further investigation of new phenomena have no possibility
of increasing our theoretical understanding of the nature of these
phenomena, which virtually everyone agrees is inadequate. I also believe
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Table 4.2: Landmarks in the history of the research on reaction time (RT) and
psychometric intelligence (summarised from Jensen 1982).

Who? When? What?

Bessell 1823 Discovers the ‘personal equation’. Individual
differences in RT noted.

Von Helmholtz 1850 Measures of the speed of nerve conduction in frogs
and humans.

Galton 1862 Suggests reaction times as a measure of mental ability
differences.

Donders 1868 Choice RT is longer than simple RT. Devises the
‘subtraction method’.

Exner 1873 Coins term ‘reaction time’ and studies effect of
preparatory interval.

Merkel 1885 Discovers systematic increase in RT with increasing
number of choice alternatives in stimulus and response
arrangement.

Gilbert 1894 Finds relationship between RT and intelligence in
groups of children.

Wissler 1901 Finds correlation of —0.02 between reaction times and
course grades in male students at Columbia College.

Peak & Boring 1926 Find correlation of —0.9 between RT and intelligence
test scores in 5 graduate students.

Lemmon 1927 Finds correlations between RT and intelligence test
scores in 100 students: —0.25 for choice RT, and —0.08
for simple RT.

Hick 1952 Describes linear increase in RT as a function of the log
to the base 2 of the number of stimulus alternatives;
suggests that the slope indexes people’s ‘rate of gain
of information’.

Roth 1964 Finds correlation of —0.39 between Hick slope and
intelligence test scores.

Jensen & Munro 1979 Find correlations between various simple and choice

RT indices and Raven’s Matrices scores in 15-year-old
girls.
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that adequate theoretical formulations will have to involve concepts at a
molecular, neurophysiological level, rather than at just the conceptual
level of psychological factors or cognitive processes (p. 121).

But in advance of the biological information Jensen (1982) found a few serviceable
ideas to work with. Speed of mental processing might be useful in the situation of a
limited channel processor where memory traces were subject to rapid decay. He
reviewed ideas about RT that he considered to be important for examining the reaction
time-intelligence correlation.

* Individual differences in reaction times are common across a number of procedures in
different modalities, suggesting shared central processes;

* Most reaction times were much longer than the ‘irreducible minimum’ of about
100-150 ms needed for peripheral and central processing, and the individual
differences were probably more marked in these additions to the minimum;

* The facts that more intense RT stimuli resulted in faster and less variable reaction
times led Jensen to suggest that the bases of RT differences might be the number of
‘neural elements’ activated by a stimulus and ‘rate of oscillation of the excitatory-
refractory phases of the activated elements.” He called this his hypothesis of individual
differences in “hologramic neural redundancy”;

* Among groups of people taking Hick RT tasks, the intercepts, slopes and RT
variabilities were highly correlated;

* Choice-based reaction times were longer as the to-be-discriminated stimuli became
more similar;

* Reaction times are related to the length of the preparatory interval;

* RT and its variability from childhood to the teens showed a typical growth curve,
leading Jensen to speculate that, “some constant proportion of a limited number of
undeveloped or dormant neural elements gradually becomes functional during each
year of the developmental period”.

Jensen then sketched a hypothetical model of oscillating neural nodes arranged in binary
decision trees and produced evidence in accord and discord with such a model. That
such a model made relatively little contact with neuroscience is not that important. The
notable feature of this effort was that it nicely rounds off an astonishingly detailed book
chapter, which has been cited over 100 times. The historical resume, the data and the
theoretical development were all considerable, firmly founding the new study of
reaction time and intelligence.

4. Addressing Methodology

Over the next few years the methodological and empirical aspects of RT and intelligence
were developed in two more gargantuan book chapters. Jensen (1985) offered a
methodological compendium that, at the time, was one of the most substantial and
genuine attempts really to bring together cognitive-experimental psychology and
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individual differences. Jensen again went over the history of RT procedures but, as the
material came up to date, showed great awareness of RT as an experimental tool (for
divining the modal nature of cognitive processing) and a differential tool (for
parameterising individual differences in cognitive processes). There’s a passage in that
chapter that this author quoted elsewhere (Deary 2000) and needs repeating here. It
showed Jensen’s modesty with respect to the achievements and potential for the
psychometric approach to intelligence, and it demonstrated how genuine was his interest
in combining with experimental psychology. Has a cognitive psychologist ever
welcomed so humbly the differential psychology community?

For some time there has been a growing consensus among differential
psychologists that the traditional methodology of studying mental ability
in terms of classical psychometrics, factor analysis, and external
validation, over the last 75 years or so, has accumulated an impressive
amount of solid empirical facts on the range, correlational structure, and
practical consequences of IDs [individual differences] in ability, but has
not contributed to the further development of theoretical explanations of
the main abilities identified by factor analysis of psychometric tests. In
the traditional framework, explanations of IDs have not advanced beyond
statements that, to put it in the simplest form, individuals A and B differ
in performance on task X, because X is highly saturated (or loaded) with
ability factor Y, and A and B differ in ability factor Y. But ability Y is a
hypothetical or mathematical construct that is not invariant to the method
of factor analysis used to identify it. There is unfortunately nothing in the
raw psychometric data that can compel the factor theorist to explain A’s
and B’s difference in performance on task X in terms of their differing on
factor Y. Factor rotation could displace the IDs variance on factor Y and
divide it between two other factors P and Q, so that the difference
between A and B would be attributed to their differing in factors P and Q.
And factors P and Q would be different from factor Y, according to the
usual method of psychologically describing factors in terms of the
characteristics of those content-homogeneous tests that show the highest
loadings on the factor. This, in essence, is the theoretical blind alley that
differential psychologists find themselves in if they confine their
methodology to traditional psychometric tests and factor analysis. The
measurements and methods of psychometry reveal only the end products
of mental activity, and, by themselves, cannot expose the processes
between problem presentation and a subject’s response (pp. 59-60).

For the researcher wishing to get into the field of RT procedures and wishing to be aware
of the methodological and statistical pitfalls, Jensen’s (1985) chapter is still worth
reading. Its job was not to produce new data, but firmly to weld experimental and
differential psychology. Jensen knew that the field was still young, but he had high
hopes:
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It is a seemingly remarkable and almost counterintuitive fact that
chronometric variables derived from elementary cognitive tasks that
include virtually no intellectual content that would be a source of IDs
[individual differences] nevertheless show significant, even substantial,
correlations with scores on complex psychometric tests of general
intelligence and of scholastic achievement, the item contents of which
comprise a great variety of acquired knowledge and skills . . . Thus, IDs
in mental test performance must also reflect IDs in fundamental cognitive
and even neural processes that lie below the level of information content
and scholastic skills per se. Galton’s original intuition would seem to be
vindicated. But much research remains to be done. The prospect of
measuring IDs in human intelligence in terms of IDs in such basic and
content-irrelevant processes is still a major challenge for researchers in
differential psychology and mental chronometry. Research toward this
goal is still exploratory. The techniques are too undeveloped and too
lacking in sufficiently substantiated theoretical underpinnings and
construct validity for chronometric techniques to be recommended as
replacements for standard psychometric tests of intelligence (pp. 113-
114).

Is this comment somewhat off the mark? Isn’t the point of employing chronometric tests
actually to explain some of the variance in psychometric intelligence rather than to act
as replacement tests (Deary et al. 2000)? Perhaps some think that one achievement
follows the other? This seems unlikely, given the complexity of administering
chronometric tasks compared with standard psychometric tests. Nevertheless, Matar-
azzo (1992) had the same opinion of the future of testing, seeing chronometric tests,
among other biological measures, as coming in as adjuncts to psychometric tests. Jensen
(1985) envisaged progress on this front within a decade, and Matarazzo reset the
prediction to sometime in the 21st century. Progress between 1985 and the decade up to
1995 was certainly much slower than Jensen envisaged. But before examining the
reasons for that, the next major contribution by Jensen is the review of the Hick
paradigm in 1987.

5. The Comprehensive Review

Jensen’s (1987a) next comprehensive review appeared as a book chapter in Vernon’s
(1987) edited volume and is the touchstone for research on the Hick task as applied to
intelligence research. Almost 80 pages long, it is the largest document on the research
to that date. Some history and basic methodology concerning the Hick task were
covered, but the empirical substance of the article is a combined analysis of 33 study
samples of the Hick task and psychometric intelligence. The total N of the samples was
2,317 (individual N’s ranged from 10 to 182). Of the 33 samples, 24 were tested in
Jensen’s own lab (¥=1,584). A substantial proportion of the subjects were university
students or otherwise gifted, and another sizeable proportion were mentally handi-
capped. Conformity to Hick’s law was high at the group level, except for severely
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retarded people. Individual conformity to Hick’s law was high, with exceptions showing
unreliable non-conformity. By comparison with DT, MT showed very little increase
with increasing stimulus uncertainty. Thus, the equations were:

Decision time (in ms) =336 + 34*bits
Movement time (in ms) =246 + 3*bits.

A concern about the Hick apparatus as used by Jensen — which separated overall RT
into decision and movement times — was that people might move off the home button
before they had fully determined which stimulus light they were heading for (e.g. see
Smith & Carew 1987; Neubauer 1991). If this were the case, Jensen argued, it was
reasonable to suggest that, within individuals and across trials, there should be
increasingly negative correlations between decision and movement times as the number
of bits increased. He found no such consistent trend. Jensen’s separation of RT into
decision and movement time would later become a contentious issue with regard to the
optimal way forward in measuring reaction times in intelligence research (e.g. see
Neubauer 1991; Deary et al. 2001). Another, even more contentious issue would be the
effect of practice across Hick RT set sizes (Longstreth 1984; Widaman & Carlson 1989).
The Hick slope was a prime reason for studying this RT procedure. People with higher
psychometric intelligence, it was reckoned, had flatter slopes than people with lower
intelligence as they proceeded from fewer to more choices in the RT task. But Jensen’s
studies always confounded practice with stimulus complexity; people started at the
single light and went through 2, 4 and 8 lights in sequence. Therefore, it might be the
case that higher ability people simply learned faster on the task and thereby achieved a
flatter slope, this phenomenon being nothing to do with ‘rate of gain of information.’
Jensen’s own findings suggested that it was not a problematic issue:

Practice effects are nil with the present apparatus and procedure, at least
within the number of trials used in the studies of the relation of RT
parameters to 1Q. Since practice effects across trials within each set size
are nil, it is so highly improbable that practice effects would transfer
across set sizes that, so far, we have not performed a direct experimental
test for such an effect by varying the order of administering the different
set sizes (pp. 132-133).

Table 4.3 shows a ‘pocket’ version of Jensen’s (1987a) review of the associations among
parameters in the Hick procedure. First, note the redundancy among measures, even
though these associations are conservative. Second, note that the negative correlation
between the slope and the intercept is artefactual. These two measures are typically
derived from the same data and share correlated error variance that assures that, as the
slope increases the intercept goes down and vice versa. Ideally, these two parameters
should be calculated from independent data, something that Jensen explained and
performed elegantly in an undervalued paper in the same year and again later (Jensen
1987b, 1998b). Table 4.3 also shows the reliabilities of the principal Hick RT measures
that are correlated with intelligence test scores (Jensen 1987a, Table 19). The split-half
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Table 4.3: N-weighted mean correlations and corrected correlations* (Ns) among
parameters extracted from the Hick task (from Jensen 1987a, Tables 18, 19 and 25).

Median DT Hick DT, MT MT,;
DT intercept slope

Decision time intercept 0.90 —
(DT intercept) 1.0*
(125)
Hick slope 0.32 -0.06 —
041* -0.23*
(553) (537)
Decision time intraindividual 0.62 0.40 0.39 —
variability (DT,;) 0.71%* 0.49*  0.48*
(606) (375)  (698)
Movement time (MT) 0.51 0.41 0.09 0.35 —

0.59* 0.49*  0.24*% 0.44*
(787) (375)  (965) (797)

Split-half reliability 0.94 0.95 081 066 0.87 0.79
Test-retest reliability 0.84 0.72 039 040 086 0.54
N-weighted mean correlation (N) —-0.20 -0.12 -0.12 -0.21 -0.19 -0.01
with intelligence measures (1195) (774)  (1558) (1397) (1302) (1154)
Corrected correlation with -0.32 -0.25 -0.28 -048 -0.30 -0.02

intelligence measures
(Jensen 1987a: 157)

reliabilities are generally high, but the test-retest reliabilities of the slope and
intraindividual variability of the DT measures are very modest (see Jensen 1998b, for a
rescue package for the Hick slope). Note, too, that this lack of test-retest reliability
appears alongside quite different correlations with intelligence test scores: intra-
individual variability of decision times correlate higher than slope.

The most recounted data from Jensen’s (1987a) review were the correlations between
Hick measures and measures of intelligence based upon 26 independent samples. These
have been included in Table 4.3 here. The correlations with individual measures have
small effect sizes, with only the mean median DT and the intraindividual variability of
DT reaching 0.2. The theoretically interesting slope measure correlates only 0.12 with
intelligence. Table 4.3 also shows, predictably, that the DT intraindividual variability
and slope measures benefit most from correction for unreliability, with (still
conservative) estimates of their effect sizes rising to —0.48 and —0.28, respectively.
Jensen estimated the multiple correlation between Hick parameters and intelligence test
scores between 0.35 and 0.50. Jensen also reported the N-weighted mean correlations
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(based on 15 independent samples with a total N of 1129) between intelligence
measures and reaction times as the number of stimulus alternatives increased, as
follows: 1 stimulus (simple RT)=-0.18; 2 stimuli=-0.19; 4 stimuli=-0.22; and 8
stimuli =-0.23. Though the correlations increase, the increments are tiny. Across the
studies that contributed to these means, the rank order correlation between set size of RT
stimuli and correlation with intelligence was only 0.39. The fact that DT intraindividual
variability did not show increasing correlations with intelligence measures as the
stimulus set size increased was seen as a refutation of one of the suggestions of Jensen’s
(1982) oscillatory model of the neural basis of RT differences. However, because this
model is based on speculation rather than known cognitive or biological constructs, it
seems that it is better to concentrate here on data.

The last contribution in Jensen’s (1987a) masterwork on RT was to address
explanations for the association between RT and intelligence. The importance of this
task cannot be overstated. Demonstrating correlations between intelligence and
parameters from experimental procedures is important, and any replicable associations
promise an understanding of intelligence differences that is more profound than the
psychometric-level analysis can deliver. But finding and replicating correlations is a job
less than half done, because correlations do not bring with them explanations. Two
things remain undone. First, there is the problem of the causes of the correlation. Is the
experimental parameter somehow a cause of intelligence differences or is the true
account vice versa. Or are both variables caused by some other, unmeasured factor?
And, further, even where there is reasonable confidence in the direction of the
association — that it goes from experimental measure to intelligence differences —
there can only be as much insight into the nature of intelligence as the experimental
measure affords (Mackintosh 1998). If the nature of differences in reaction times is
obscure — if there is no mechanistic account of the measure and its differences — then
all that has occurred is the loose tying (a very modest association in most cases) of one
unknown to another. Jensen’s (1987a) summing up was admirable in its common sense.
He made the following points: there was no adequate theory to explain the intelligence-
Hick parameter correlations; many of the Hick parameters have similar correlations with
intelligence test scores; the same situation occurs in other RT procedures (Jensen
1987b); and the Hick intercept and MT parameters were supposedly uninteresting with
respect to human information processing differences, yet they correlate with intelligence
test scores just as well, if not better than, the Hick slope, the supposedly central
theoretical parameter. He summed up as follows:

Although it is not yet unarguable, the evidence on the Hick parameters
seems to indicate that g is more highly correlated with a general factor
common to all of the Hick RT and MT variables than with any particular
cognitive processing components that can be inferred from certain
parameters of the Hick paradigm.

In fact, much of the theoretical work in reaction time-intelligence research has been
‘defence’ rather than attack in so far as it involved refuting ‘explainings-away’ of the
correlations rather than explanatory accounts proper (see, especially, the exchange



64 lan J. Deary

between Longstreth 1984 and Jensen & Vernon 1986). The correlations are not the result
of a general speed factor in test taking, as RT parameters correlate just as highly with
unspeeded intelligence tests (Vernon 1985; Vernon & Kantor 1986). They are not the
result of speed-accuracy trade-offs. Nor are they the result of greater general motivation
or arousal on the part of the higher ability subjects, argued Jensen (1987a, 1998a; see
also Neubauer 1997 and Deary 2000, Chapter 6, for reviews of these disputes).

6. Causal Accounts

Jensen (1993) addressed possible explanations of reaction time-g correlations at the
neural level. The use of ‘g’ in this context follows Jensen’s (1998a: 236) demonstration
that a psychometric test’s g-loading correlates highly with the task’s correlation with RT.
This is demonstrated by what Jensen called the ‘method of correlated vectors.” As a
basis of the reaction time-g correlation Jensen (1993) suggested speed of nervous
system transmission, perhaps at its most basic in peripheral and central nerve
conduction velocity. It seems unlikely, though, that nerve conduction velocity
(especially peripheral nerve conduction velocity) can fulfil this role. When differences
in conduction velocity are partialled out of the reaction time-intelligence test score
correlations, they hardly alter (Vernon & Mori 1992). The second suggestion made by
Jensen (1993) was that noise (or error rates) in neural transmission might underpin the
association between intelligence test scores and RT variability. Eysenck (1987)
considered this to be the aspect of reaction time-intelligence association of prime
interest. These two giants converging on this explanation cannot, though, be seen as
convincing. Jensen’s ideas were speculative constructions on the data themselves, and
Eysenck’s ideas were based upon the highly speculative ideas of Hendrickson (1982).
In short, Jensen’s reductionist ideas about nervous ‘speed’ and ‘oscillation’ don’t
proceed much further than the data themselves.

Jensen’s (1998a) later summary of the research on reaction times and psychometric
intelligence embraced a number of so-called ‘elementary cognitive tasks’ (ECTs) in
addition to the Hick procedure. Jensen only briefly reviewed evidence, but did touch on
a number of explanatory issues. He suggested that reaction time-intelligence
correlations: were not to do with speed of test taking; were not to do with conscious
awareness of reacting in the ECTs; intraindividual variability in RT correlates better
with intelligence than mean RT and the two do not fully overlap; and composites of
ECTs have higher correlations with intelligence than one ECT alone. There were other
substantive issues. The last of this list was Jensen’s demonstration, using a number of
data sets, that the correlations between reaction times and psychometric tests tended to
be with the g factor rather than a group factor of intelligence. There then followed
Jensen’s rebutting again various ‘blind alley’ explanations of the correlations between
ECTs and intelligence, and a stab at a biological account which drew little on data (there
are few that are relevant to date). One of the constructs addressed was working memory.
Polczyk & Necka (1997) tested and confirmed a hypothesis that the correlation between
intelligence and RT should be less in people with a relatively capacious and retentive
working memory, lending some support to Jensen’s (1998a) ideas.
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7. Evaluations of Jensen’s Reaction Time Research

7.1. Longstreth (1984)

Longstreth’s (1984) critique of Jensen’s reaction time-intelligence research raised
procedural and theoretical issues that have been prominent in the research ever since. He
raised the issues of order effects (people in Jensen’s experiments tended to take the
experimental conditions in ascending order), visual attention effects (as the set sizes
became smaller the light got closer to the centre of the display), response bias
(responses to different set sizes involved different physical responses) and other factors
such as the speed-accuracy trade-off. This critique combined with Jensen & Vernon’s
(1986) reply set out much of the research agenda for the following years. Most of
Longstreth’s comments were geared toward finding explanations for the intelligence-
reaction time association that were other than a straightforward ‘basic processes’
account.

7.2. Eysenck (1987)

Eysenck’s evaluation of the Jensen RT research was set in the context of the Galton
versus Binet approach to intelligence, with Jensen’s work being construed in the Galton
lineage of the search for the latent aspects of intelligence. Eysenck rehearsed Jensen’s
views of the limited channel information processor and the speediness of information
decay. Eysenck viewed the following findings as established: reaction times, even
simple reaction times, are correlated with psychometric measures of intelligence; the
correlation between reaction times and intelligence increases, up to a point, as the
number of choices in the reaction time condition increases (it is doubtful whether this
holds; see Deary 2000); the slope of the Hick procedure relates to intelligence; the
variability of RT relates to intelligence, and Eysenck saw this as the major finding;
including short and long term memory in the reaction time procedure (in the shape of
the S. Sternberg and Posner procedures) does not increase the correlations between
reaction times and intelligence. Eysenck concluded by stating that:

Work on reaction times demonstrates, as does even more powerfully the
recent work on the relationship between evoked potentials and IQ . . . that
there is a central core to IQ tests which is quite independent of reasoning,
judgement, problem-solving, learning, comprehension, memory, etc.
(p. 293).

Eysenck spent some time discussing neural theories on the reaction time-intelligence
association, which might be seen as too speculative to recount now, but his main theme
was that the then-current theories of intelligence would not predict such an
association.

7.3. Carroll (1987)

Carroll’s review of Jensen’s work that accompanied the Eysenck review had a different
tone:
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I have come to be somewhat astonished and disturbed by the imprecise,
oblique, and unrevealing manner in which Jensen has presented his data
and findings (p. 297).

One concern of Carroll’s was that Jensen had reported many key data in reviews rather
than empirical reports. As others did, Carroll pointed out the relatively weak evidence
for the correlation between measured intelligence and Hick slope and the increased
correlation between intelligence and increasingly complex RT conditions. Carroll also
rehearsed some of Longstreth’s objections, though he alluded to some situations in
which Jensen’s or others’ data rebutted some of those. He concluded:

The findings examined here indicate a high probability that there are
some true relations between one or more dimensions of cognitive ability
and measures derived from Jensen’s RT-MT task. The exact nature of
these relations . . . the conditions under which they arise or vary, their
stability over time, and their interpretation are matters in need of much
further investigation and clarification. The relations are small, seldom
greater than what is indicated by correlation coefficients of 0.30 to 0.40
in absolute magnitude.

My hunch is that many of the RT-MT findings can be explained by
supposing that lower IQ individuals are less capable of meeting the
attentional requirements of the RT-MT task (p. 306).

This latter comment finds agreement in Mackintosh (1998). Carroll concluded that the
reaction time-intelligence correlations were interesting but that theories of the relations
were premature. Carroll preferred a strategy that analysed cognitive test items
themselves.

Most interestingly, here was a section of Eysenck’s (1987) reply to Carroll’s (1987)
critical assessment:

Specifically, I would suggest that Jensen has succeeded in establishing
that a relationship exists between choice reaction time, variability in
reaction time and possibly other parameters of the RT experiment on the
one hand, and intelligence on the other. I believe that he is probably
wrong in thinking that the slope of the Hick line is closely related to
intelligence, or that within the choice reaction time paradigm differences
in the number of alternatives are important (p. 309).

These comments are all the more important because it was Eysenck (1967) who first
brought the possibility of the Hick slope-intelligence correlation to the English-speaking
world.

Carroll’s (1987) final word in response to Eysenck was to suggest that perhaps too
much credit was being offered to Jensen in establishing reaction times as a tool for
examining intelligence. He suggested that R. Sternberg and Hunt had been active in that
field also, but perhaps Jensen had been central in examining the relatively non-cognitive
choice reaction time task.
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7.4. Neubauer (1997)

Neubauer’s (1997) review of ‘mental speed’ approaches to intelligence covered matters
including and beyond reaction times. Within his review he examined evidence for the
three premier RT procedures used in intelligence research: the Hick, S. Sternberg and
Posner tasks. In each of these he found significant associations with psychometric
intelligence. But, crucially, the most consistent and largest correlations were not with
the cognitive components extracted using the subtractive or pure insertion methods.
Rather, the correlations tended to be with the more prosaic overall reaction times and
their variabilities. One of Neubauer’s main concerns was to examine ‘top-down’ versus
‘bottom-up’ accounts of the reaction time-intelligence association. He decided in favour
of the latter:

On the basis of the present state of knowledge, I would, therefore,
conclude that a unitary process seems to be responsible for the
relationship between psychometric intelligence and SIP [speed of
information processing] (p. 168).

7.5. Nettelbeck (1998)

Nettelbeck (1998) highlighted the sheer amount of Jensen’s research and his persistence
with a consistent procedural set-up for the study of RT and intelligence. He pointed to
the fact that theoretical expectations were sometimes found wanting: the Hick slope was
a less good correlate of intelligence than other measures and the MT aspect of the Hick
task appeared just as good a predictor of intelligence as supposedly more cognitive
aspects. Nevertheless, Nettelbeck credited Jensen with providing enough output to
convince the field, especially the sceptics, that RT indices were significantly correlated
with psychometric intelligence, at a level greater than many expected. Nettelbeck
addressed the explanation of the reaction time-intelligence correlation. He suggested
that RT procedures were ‘psychological’ rather than ‘biological’ and that the epithet
‘elementary cognitive tasks’ often applied to RT procedures was a misnomer.
Nettelbeck predicted that reaction times would be affected by higher-order cognitive
processes; he simply did not accept RT indices as being as basic as Jensen suggested
(contra Neubauer 1997). In conclusion, and in agreement with Eysenck’s review over 10
years before, Nettelbeck saw Jensen’s main contribution as the clear demonstration of
a correlation, but without having explained the association.

7.6. Mackintosh (1998)

Mackintosh (1998) would rank among the sceptics rather than advocates of the so-called
‘mental speed’ approach to intelligence. Nevertheless, he accepted that there was a
secure correlation between RT and intelligence, perhaps between —0.2 and —0.3. With
regard to explaining the reaction time-intelligence correlation Mackintosh’s opinion was
similar to Nettelbeck’s (1998), namely that RT was not the ‘simple’ variable that many
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differential psychologists had assumed and that higher order factors might cause the
correlation rather than simple mental speed or speed of nervous transmission. Apart
from pointing out that reaction times were not understood in mechanistic terms — a
prerequisite for their being informative about intelligence — Mackintosh also was
concerned that there was insufficient research on exactly the aspect of the intelligence
hierarchy to which reaction times correlated most strongly (though Jensen (1998a:
234-238) insists it is the g factor). This last point finds agreement with Roberts &
Stankov (1999) who have attempted to use multiple speed of processing tests alongside
multiple psychometric measures better to understand the associations between
intelligence and RT procedures.

7.7. Deary (2000)

Deary’s (2000) critical appraisal of reaction time-intelligence research will be briefly
summarised here. First, the accumulated evidence confirms a significant association
between reaction times and their variabilities and psychometric intelligence. However,
the main anomalies dwelt upon were that the ‘entry point’ for the Hick task’s
introduction to intelligence was the importance of the slope. Despite that, the slope
appeared to have no especial (sometimes just no) correlation with psychometric
intelligence, and even supposedly non-cognitive aspects of RT such as MT did correlate
with intelligence test scores (Barrett ez al. 1986; Deary et al. 1992; Beauducel & Brocke
1993).

Deary (2000) rehearsed Longstreth’s (1984) original suggestions that might explain-
away the reaction time-intelligence test score correlations, and reviewed research which
had countered many of these. Jensen (1998a: 238-248) also attempted to deal with these
matters, what he called “blind alley explanations of the RT-g relationship.” Of
Longstreth’s suggestions, the one that gained some support was that which pointed out
that flatter Hick slopes might arise owing to practice rather than higher 1Q, and that
Jensen’s confounding of order of conditions and practice might be a serious
methodological problem. Widaman & Carlson (1989) provided evidence that practice
was the crucial factor causing the reaction time-intelligence correlation, but see
Kranzler et al. (1988) and Widaman (1989) for an exchange on this matter. Deary
(2000), though, reckoned that this lively interchange and the subsequent studies that
addressed the slope-versus-practice issue and other Hick slope concerns were to a large
extent irrelevant. Many of Longstreth’s (1984) key comments (not all of them) were
about the Hick slope, and others related to the separation of MT and DT in the Jensen
apparatus. But the Hick slope has a less strong correlation with intelligence than do
other aspects of the Hick task, the Hick slope does not actually figure in Jensen’s own
theoretical account of the reaction time-intelligence correlation, and the correlation still
appears when RT and MT are not separated. Perhaps, then, the specific Hick-related
concerns may be removed from ‘problems’ with the reaction time-intelligence
association. Perhaps, also, the separation of movement and decision times was
unnecessary, despite the ingenuity that went into examining possible counters to the
strategies that might counter peoples’ moving from the home button too early (Smith &
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Carew 1987; Neubauer 1991; Stough et al. 1995; Bates & Stough 1998). That largely
leaves the more general, high-level factors as putative partial explanations, such as those
favoured by Nettelbeck (1998) and Mackintosh (1998) but partly refuted by Neubauer
(1997) and Jensen (1998a).

The conclusion?: that the reappearance of reaction times into intelligence research
after a long absence (see Beck 1933) in the guise of the Hick procedure might have been
a distraction. Perhaps attention should be refocused on the basics of simple and choice
reaction times (see Deary et al., 2001). These have the merits of apparent simplicity.
Another acceptable move would be to put more effort into procedures with better-
established theoretical tractability than the Hick task. Lohman (1999) suggested that the
Hick slope and other ‘difference’ or slope measures have inherent problems and cannot
be used informatively to derive measures of individual differences, though Jensen
(1987b, 1998b) suggested some means for salvaging the Hick slope from unreliability
and Bates & Stough (1998), in a small study, reported an IQ-Hick slope correlation over
-0.5.

With regard to understanding the reaction time-intelligence association, Deary (2000)
was critical of those extensions of RT-intelligence research that appear to complicate RT
even more, either by bundling together indices from multiple RT procedures (Vernon
1983) or by adding extra complications to the RT task itself as, say, found in the ‘odd
man out’ procedure (Frearson & Eysenck 1986). These procedures do, though, improve
the prediction of intelligence using RT procedures. But it must be understanding
intelligence test variance rather than grabbing it in any old fashion that drives this
research (Deary et al. 2000). More research was urged which examined: the
psychopharmacological bases of reaction times and intelligence (e.g. Bates et al. 1994),
the evoked potential correlates of reaction times and intelligence (e.g. Houlihan et al.
1994), and the shared heritability of RT and intelligence (e.g. Neubauer et al. 2000).

8. The Future of Reaction Time and Intelligence

Though some have suggested that the Hick slope has not been given a fair chance to
correlate with intelligence test scores (Jensen 1998b), it seems best to advise
retrenchment in the study of reaction times as applied to intelligence differences. Since
there does appear to be a significant correlation between even simple and four choice RT
and their variabilities and intelligence test scores it seems advisable to study these
relatively simple procedures if we are to understand the associations. Accounting for 1Q-
score variance is another matter, and certainly multiple and more complex measures do
better there. There follow three short accounts of recent studies that might suggest some
ways forward.

8.1. Back to Ordinary RT?

One of the statistics that has been called for but not forthcoming is the effect size of the
relation between psychometric intelligence and RT in the general population. In 1982
Jensen commented that:
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Although there are now quite extensive data linking RT and intelligence,
I find it virtually impossible at present to draw any firm conclusion about
the true magnitude of the relationship as it would be expressed in terms
of a coefficient of correlation. The reason for this uncertainty is mainly
two fold: (a) little, if any, RT research has been based on large
representative samples of the general population . . . (p. 94).

The other reason was to do with the stability of RT. But a study of a representative
sample has been two decades in arriving. Deary ef al. (2001) examined a sample of nine
hundred 55-year-old Scots. They had a narrow age range, almost equal numbers of men
and women, and were closely related to the nation as a whole in terms of social
characteristics. They were tested on the Alice Heim 4 test, Part 1. The RT device tested
simple and four-choice RT. The four-choice task was of the fingers-on-buttons type (cf.
Hick 1952) in which ‘decision’ and ‘movement’ times were not separated. Psychometric
intelligence scores correlated —0.31 with simple RT, —0.49 with choice RT and -0.26
with intraindividual variability in both simple and choice reaction times. The correlation
between Alice Heim scores and the difference between choice and simple reaction times
was —0.15. Separating the sample into subgroups by sex, educational level, social class
grouping and numbers of errors made on the RT task had no significant effect on the
correlations. The study might be a benchmark for the reaction time-mental ability test
score correlation at that specific age. It suggests a larger effect size than those reported
in extant studies that are often dominated by student samples with restricted ranges of
mental ability.

8.2. Psychopharmacology

An experimental rather than correlational test of the hypothesis that nerve conduction
velocity might underlie the association between RT and intelligence was carried out by
Strachan et al. (2001). They examined 16 healthy subjects in counterbalanced
hypoglycaemia (low blood glucose) and euglycaemia (normal blood glucose)
conditions. It is well known that controlled moderate hypoglycaemia of the degree
employed by Strachan et al. temporarily and reversibly deranges cognitive functions in
a widespread manner (Deary 1998). Indeed, hypoglycaemia affected, in Strachan ef al’s
study, digit symbol from the Wechsler test battery, trail-making from the Halstead
Reitan battery, and speed of information processing from the British Ability Scales.
These are all psychometric, paper-and-pencil tests. In addition, decision times and
movement times from a ‘Jensen box’-type RT device and inspection time were
significantly slowed during hypoglycaemia. Therefore, there was continuity of
derangement at the psychometric, experimental and psychophysical levels. On the other
hand, peripheral motor nerve conduction velocities in the arms and the legs were
unaffected. Though such a study is not definitive, it is hard to sustain the argument that
nerve conduction velocity might be the basis of the reaction time-intelligence
association in the face of these data.
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8.3. Animal Hick Reaction Times

The Hick phenomenon has been explored in other species, namely pigeons. In a series
of experiments, Vickrey & Neuringer (2000) found that Hick’s law of increasing
reaction times as a function of the log of the number of bits does apply. They found
evidence that practice on the Hick task reduced the intercept, though the evidence for
the slope was less clear. Perhaps contrary to a simple assumption that pigeons are less
intelligent than humans, they had flatter Hick slopes and no more variable reaction
times. Slopes and intercepts on the pigeon Hick task were affected by what the authors
called ‘response topography.’” They concluded:

Taken together, our results do not support complex RT as an index of
heritable general intelligence. Parameters are affected by training, thus
arguing against heritability; and functions for pigeons indicate an
intelligence that is higher than that of humans, thus arguing against a
generally valid measure (p. 291).

It is hard fully to go along with their view that a flatter Hick slope, or whatever, would
make another species more or less intelligent in humans. Even if the phenomenon is
related to intelligence within a species, when it comes to between species comparisons
the information processing parameters being measured are parts of different systems. If
a calculator could do some isolated function better or faster than a large computer it
would be an odd conclusion to state that the calculator, given this one isolated
advantage, was overall more powerful than the computer. The more important lesson
from this study is that RT parameters can be obtained in animals. Together with the
tentative finding that there might be a psychometric structure to animal abilities that
includes g (in mice, at least; Locurto & Scanlon 1998) we should look forward to
experiments in non-human animals that predicts their cognitive differences in terms of
information processing parameters.

Perhaps these recommendations are obvious. Employing the simplest-seeming —
those that appear theoretically most tractable — information processing tasks that
deliver the associations. More population-level studies, in order to gain trustworthy
effect sizes. More studies of the biological links — psychopharmacology, evoked
potentials, functional brain scanning — between intelligence at the psychometric level
and information processing parameters (though a possibility here is that intelligence
researchers might proceed to biology, bypassing cognitive tasks based on information
processing models; Duncan ez al. 2000). And parallel studies in non-human animals. It
must be stated clearly, though, that the principal barrier to our progress in understanding
human intelligence differences is the lack of any task of human information processing
that both correlates with intelligence differences and has a validated model of
performance based on brain processes.

9. Conclusions

A short summing up of Jensen’s contribution is attempted (for others see Carroll 1987;
Eysenck 1987; Nettelbeck 1998). Jensen made contributions to reaction time-
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intelligence research in the following fields: recalling the almost-forgotten history of the
topic, the methodology for RT measurement, the ‘theory’ of the reaction time-
intelligence association, the data sets, and the refutation of ‘confounding’ accounts. He
contributed a great deal more experimental work than people now cite (see, especially,
Jensen 1985, 1987a, 1987b). A great deal of methodological thought went into his
writings. What is needed now is more big-scale research that chases down the many
ideas generated by the reaction time-intelligence linkage; at present there are orders of
magnitude too few studies. Jensen’s speculative ideas about the intelligence-reaction
time association are still too little connected with modern cognitive or neuroscience,
though the idea of neural oscillators attracts new attention (Poppel 1994; Plenz & Kital
1999). Jensen put the topic of RT and intelligence on the research agenda, and it won’t
go away now, the way it did before. There are solid findings of correlations, but we still
do not know the population effect sizes and we still do not know what they mean.
Detterman (1987) commented on RT research and intelligence:

What is required, then, is a research program which uses multiple basic
tasks, employs extremely sophisticated measurement techniques to
collect data for each task, begins from a precise model of performance on
each task, makes predictions supported by simulation, and uses ample
sample sizes in the experimental confirmation of predictions. When such
a research program is launched, we will be well on our way to
understanding the important relationship between choice reaction time
measures and intelligence (p. 198).

The fuel for that launch is the ‘precise model of performance on each task” When
cognitive science delivers any such model perhaps the program will take off properly.
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Chapter 5

Inspection Time and g

Ted Nettelbeck

1. Introduction

This chapter examines what is known about correlation between inspection time (IT)
and IQ, and what is known about the nature of IT. The main consideration is whether
IT has revealed anything about the nature of human intelligence; and the main
conclusions are that it has; and that it may yet help to uncover more.

Arthur Jensen’s contributions to these issues have been very important. He became
interested in IT research during the late 1970s, soon after its inception and, although his
preferred tool for investigating a role for speed of information processing in explaining
human intelligence has been choice reaction time (RT), he has frequently promoted IT
as an important chronometric procedure (e.g. Jensen 1982, 1998, ch. 8). His article with
Kranzler on the nature of psychomotor g (Kranzler & Jensen 1991a) is an important
analysis of this key question. Besides such published accounts, to my certain knowledge
he has, as a self-identified referee to several pre-publication drafts, made many
insightful suggestions that have significantly improved the final products. Also, he has
been actively involved in comprehensive meta-analyses of available data. Because of the
formal rigor that these analyses have provided and because of Jensen’s standing as a
foremost scholar in the field of intelligence, these analyses have with considerable
authority set the size of the IT-IQ correlation at around —0.5, a moderately strong
outcome (Kranzler & Jensen 1989). Moreover, Jensen has consistently kept his eye on
the main prize — a testable theory about the contribution of fundamental psychological
and biological processes to human intelligence (e.g. Jensen 1998, ch. 8). This has been
a major accomplishment. Twenty years ago most cognitive psychologists would have
resoundingly dismissed a suggestion that speed of thought could play more than a
relatively trivial part in accounting for individual differences in intelligence. Despite an
age-old intuition embedded in our language in terms like “quick wit”, main stream
psychology was convinced that the pursuit of an explanation for intelligence in terms of
speed of processing was not likely to yield much of significance (e.g. Das et al. 1978:
18). Yet, Jensen’s RT research has persuaded many psychologists otherwise (Nettelbeck
1998). Reliable correlations between chronometric tasks with low performance
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requirements and conventional psychometric ability tests have confirmed that these are
relationships that beg a theoretical explanation.

From the outset it will be useful to distinguish between the measure IT and the
psychological construct purportedly estimated by the procedures involved. Douglas
Vickers (Adelaide University) developed both the initial theoretical account and the first
procedure for estimating IT around 1970. The first published report of IT research by
Vickers et al. (1972) maintained the theoretical-procedural distinction by symbolizing
their particular measure as A. This practice was discontinued beyond the late 1980s,
however, largely because of the diverse criteria used by different researchers to define
high accuracy of performance in the IT task, as well as by debate generated by
psychophysical theory about the most efficient criterion to apply (Levy 1992).
Nonetheless, as will become clear from what follows, it is an important distinction to
observe.

2. Measuring Inspection Time (IT)

The measurement of visual IT is described here because, thus far, this has been the most
widely applied version. Measures of auditory and tactile IT have also been developed
and there have been several studies involving the former but very few for the latter (refer
to Deary 2000, ch. 7 and Nettelbeck 1987, respectively). Unless otherwise stated, in
what follows “IT” refers to visual IT.

Measuring IT requires discrimination between alternatives (typically just two vertical
lines of markedly different lengths, joined horizontally across the top to form what has
commonly been described as a “pi” figure; see Figure 5.1). Without restriction to

TARGET MASK

IR EnE!

L shorter R shorter

- variable
SOA

cue target mask

»

time

Figure 5.1: Examples of the target and pattern backward masking figures and the
sequence in which these occur when measuring inspection time. Greg Evans developed
this mask (Evans & Nettelbeck 1993).
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viewing time, a decision about whether the shorter (or longer) line in the target figure
is located to left or right is so easy that no-one makes any errors, irrespective of age or
IQ level — at least within the limits tested; children as young as 5 years, adults up to
86 years and IQs in the 40s. However, having first displayed the target, a similar figure
but with vertical lines of equal length is used to overlay the target. The second figure is
termed a “backward pattern mask”. In other words, it follows the target (“backward”),
it has similar contours (“pattern”); and phenomenologically the target disappears,
becoming integrated with the “mask”. A tachistoscope was initially used to present these
figures but as computer monitors with increasingly faster refresh rates have become
available this method of display has become most common. The duration for which the
target is exposed, from target onset to mask onset, is termed the “stimulus-onset-
asynchrony” (SOA), typically measured in milliseconds (ms). Very brief exposures of
the target render the task excessively difficult.

An individual’s IT is defined as a critical SOA, specifically the SOA required to
achieve a predetermined high level of discriminative accuracy (e.g. exactly 75% correct
on all trials at that SOA).! For some participants this critical SOA (i.e. IT) will be
considerably shorter than 100 ms but there are marked and reliable individual
differences in the measure, even within relatively homogeneous age or IQ samples.
Even within an IQ distribution that specifically excludes intellectual disability some ITs
will exceed 200 ms. So defined, IT can typically be estimated with high reliability (test-
retest r’s from 0.7 to 0.8, with generally only marginally changed absolute outcomes)
within a session lasting about 10 minutes, from approximately 100-150 trials. Although
critical SOA can be estimated by a number of different procedures, the most common
method has used an adaptive staircase procedure to control and modify SOA in
accordance with ongoing performance characteristics. Detailed accounts of these and
similar procedures are available from several reviews (e.g. Deary 2000, ch. 7; Deary &
Stough 1996; Nettelbeck 1987).

It is important to note that a participant’s responses when making the required
discriminations are not time constrained, so that IT is not a direct measure of
performance speed. Instead, IT is effectively a threshold measure, reflecting some
limitation to accuracy of performance. Thus “speed of information processing” is
inferred, with shorter IT consistent with faster processing. As a measure of processing
speed, IT has advantages over more widely applied RT procedures because it excludes
the influence of both motor delays and conceptual factors reflecting a participant’s
motivation and confidence that confound the speed and accuracy of RTs. To summarize,
the measure IT is well prescribed, highly reliable and very convenient to make.
However, this preliminary description of the IT measure has scarcely addressed IT as a
theoretical construct, other than as some putative basic limitation to processing
efficiency. Suffice to acknowledge here, there has been wide debate concerning the
nature of IT and this is an issue that will be explored further in the sections to follow
on the nature of inspection time and its relationship with psychometric abilities.

' Adelaide research generally followed Vickers, Nettelbeck & Willson’s (1972) accuracy criterion of 97.5%
correct until Levy (1992) persuaded us to revise this practice.
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3. A Correlation between IT and IQ

Nettelbeck & Lally (1976) were the first to report a correlation between IT and IQ. The
aim of their study was to test an idea, previously advanced by several authors but picked
up from Savage (1970: 37), that low IQs associated with mental retardation may reflect
slow “mental speed”. A small sample (N=10) was necessary because of the clumsy and
time consuming procedures followed at that time and to maximize any IT-1Q
relationship the sample was deliberately selected to provide a very wide range of IQ; it
spanned 72 points. Although this method obviously inflated any correlation existing
between IT and IQ in a normally distributed population, the outcomes in excess of r=~
0.9 between IT and Performance IQ (PIQ) from the Wechsler Adult Intelligence Scale
(WAIS) startled many, including the authors.

Along with Christopher Brand at Edinburgh University, Arthur Jensen at the
University of California, Berkeley was quick to appreciate the potential of this initial
report. His interest having been triggered by Eysenck’s (1967) theoretical account of the
importance of mental speed to intelligence, Jensen had already established a
chronometric laboratory in his department based substantially on the Hick procedure
that tests RT as a function of stimulus-response choice (Jensen & Munro 1974). In the
late 1970s Jensen included IT as an adjunct procedure. Jensen (1982: 120) reported a
correlation of —0.31 between IT and Raven’s matrices, obtained by Tony Vernon (now
at the University of Western Ontario) with a sample of 25 university students. However,
this promising outcome was not replicated by Vernon (1983), for whose sample of 50
university students the IT-WAIS Full Scale IQ correlation was near zero.

Brand & Deary (1982) were early convinced that IT was capable of accounting for
60% and higher variance in 1Q, providing that highly reliable measuring procedures
could be developed and a fully representative, normal distribution for IQ was available.
Deary has long since revised his opinion about this effect size (e.g. “somewhere
between [negative] 0.3 and 0.5”, Deary 2000: 188) but Brand has continued to support
a substantially higher value (“around —0.75”, Brand 1996: 86). Sitting plumb in the
middle of this range, Nettelbeck (1987) concluded on the basis of his review of 29
studies (the majority at Adelaide or Edinburgh) that 16 of these addressed the IT-IQ
correlation without including participants with mental retardation who tended to inflate
outcome, and that the best estimate for an effect size corrected for restricted range in IQ
was —0.5 (without correction —0.35).

Kranzler & Jensen (1989) subsequently carried out a series of meta-analyses of 31
studies that provided a database of more than 1,100 participants without mental
retardation. Four studies involved auditory or tactile versions of IT but numbers for
these were too small to warrant separate analyses. Kranzler and Jensen’s results
essentially supported Nettelbeck’s (1987) conclusions. The overall uncorrected average
correlation between IT and “general” IQ was —0.29. After correcting for sampling and
measurement error and for restricted range of IQ, Kranzler and Jensen’s best estimates
for the effect size were —0.49 overall, —0.54 for adults and —0.47 for children. Meta-
analyses of a subset of 25 studies that excluded those identified by Nettelbeck (1987) as
having serious methodological deficiencies returned marginally larger corrected effect
sizes of —0.56 and —0.59 for adults and children, respectively.
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Most recently, Grudnik & Kranzler (2001) have replicated these estimates on an
extended and updated sample of about 4,200 participants in 92 studies; 62 with adults
and 30 with children. Across all studies, including some for auditory IT, the uncorrected
mean effect size was ~0.30. Corrected values were —0.51 overall, —0.51 with adults and
—0.44 with children. The outcomes for visual and auditory IT separately were —0.49 and
—0.58, respectively. A word of caution about these average correlations is warranted
because, prior to correction for artifactual effects, the 95% confidence intervals for most
meta-analyses contained zero correlation. Nonetheless, the size of this sample, built up
across several laboratories using somewhat different procedures, is considerable. A
reasonable conclusion, after some 25 years of investigation into this association, is that
there is a moderately strong correlation between IT and 1Q. As Jensen (1998, ch. 8) has
noted, these effect sizes with IT are higher than any achieved by the application of
choice RT. What this might mean, however, is another matter.

4. The Nature of Inspection Time

According to the original conception, IT was thought of as a discrete, constant duration
in time that determined the rate at which proximal stimulation could be sampled,
thereby setting a limit on speed of information processing early within the visual system
(Vickers et al. 1972). Brand (1996) has consistently supported this view. Based on his
assumption that differences in speed of early apprehension of input are the major cause
of differences in intelligence, he predicted that correlations between IT and g would be
stronger among persons with lower IQ, for whom there is less differentiation in specific
abilities (Brand 1996). However, apart from those studies that provided the basis for his
discussion of this matter (Brand 1996: 81-82), his prediction finds no support from
other quarters. Kranzler & Jensen (1989) found virtually the same correlations between
IT and PIQ from the Wechsler scales among both mentally retarded and non-retarded
adults. Similarly, Nettelbeck & Kirby (1983) found about the same IT-IQ correlations
(-0.3) among samples with IQs above and below IQ 80, where the IQ range for 185
adults was from 40 to 130.

In any case, the position of Vickers ez al. (1972) has been challenged on grounds that
on a number of counts IT is psychologically complex and the particular measuring
procedures involved do not have special status (Levy 1992; White 1996). In particular,
White (1996) argued that, as with other backward masking tasks, the psychophysical
function describing typical performance accuracy as a function of increasing SOA
would be found to include two discernible stages. Burns et al. (1998) subsequently
tested this prediction, finding strong support. Chance levels of performance accuracy did
not improve until SOAs were beyond about 10 ms and longer. Beyond this initial “lag”,
performance improved rapidly as SOAs were lengthened. Thus, instead of a single
outcome measure (i.e. IT), there were two; the lag to improving performance at very
brief SOAs might reflect focused attention or vigilance, for example, whereas the rate
of accrual parameter could reflect a different psychological function, like capacity to
detect change in a briefly exposed visual array — in other words, speed of perception,
or “stimulus apprehension” as Jensen (1998: 251) has termed this capacity. One recent
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investigation of latent characteristics underpinning IT measurement is consistent with
the perceptual speed interpretation. Deary et al. (1997) examined the differences
between performances on IT, on two tasks designed to measure detection of change in
a visual array under time constraints, and on a measure of contrast sensitivity without
any time restriction. Whereas the latter task, which would require the same levels of
compliance with instructions, motivation and so on as the others, did not correlate with
1Q, the other three tasks that required processing of very briefly available information
all correlated about —0.5 with IQ; and moderately to strongly with each other.

These findings are not inconsistent with Jensen’s speculations about what IT
measures. Although he has long been committed to the theory that it is the efficiency of
some general property of neural transmission that causes or at least is substantially
responsible for individual differences in general cognitive ability (Jensen 1982), his
account of this has remained sufficiently flexible to accommodate the possibility that
different chronometric procedures may tap different psychological constructs (Jensen
1998). Thus, he has speculated that IT may principally measure speed of apprehension,
whereas choice RT may make more demands on discrimination and encoding; and, with
even more complex chronometric procedures, working memory may become increas-
ingly involved (Jensen 1998: 252). Moreover, consistent with Gf-Gc theory, he has
emphasized the important difference between speed in intellectually undemanding
circumstances (Gs) and speed that he equates with mental power (e.g. Correct Decision
Speed, Horn & Noll 1997).

Jensen’s cognitive model of information processing components (see Jensen 1998:
251) includes the critical importance of focused attention to cognitive efficiency.
Consistent with this, Nettelbeck (2001) has speculated that IT may be sensitive to low-
level strategic capacities that, although intrinsic in the sense that they are not driven by
conscious intent, set limits on executive capabilities. This idea was intended to accord
with the efficiency of some basic attentional mechanism and to be fundamentally
different therefore from suggestions that better IT performance is simply the outcome
of higher intelligence, which provides access to more effective cognitive strategies in all
manner of tasks (Mackintosh 1981), or of some other mediating variable, like task
motivation (Howe 1990). In fact, although it is very difficult to disprove such influences
absolutely, a number of versions of these ideas have been explored, without finding any
support for them (Egan 1994; Simpson & Deary 1997; Stough et al. 1996). Moreover,
although it is undoubtedly the case that some participants in IT studies have been able
to utilize cues of apparent movement when the backward pattern mask overwrites the
target figure, there is no evidence that this capacity is related to IQ (e.g. Mackenzie &
Bingham 1985). Nonetheless, there is still little empirical evidence to support
Nettelbeck’s suggestion. As Levy (1992) emphasized, the possible contribution of
various attentional factors to IT performance had not been thoroughly explored at that
time and that is still so. In fact, as Deary (2000) has stressed, there has as yet been very
little progress in identifying and understanding the psychological or biological
processes that support IT.

It is even possible that processes reflected in IT are either different in different
populations or produce differential effects for different groups. For example, Nettelbeck
& Kirby (1983) found that when their participants were subdivided into two groups,
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above and below IQ 80, the IT estimates from low IQ participants were disproportion-
ately slower than those from higher IQ participants. In other words, although IT-1Q
regression slopes were about the same in both groups, the regression intercept was
markedly higher for the low IQ group; an additive effect. A possible explanation is that
IT is more sensitive to distractibility among lower IQ participants. In principle, of
course, any distraction, either immediately prior to the appearance of the target figure
or following the appearance of the masking figure, has potential to increase errors on
this kind of task and one can readily appreciate why some mentally retarded persons —
or even very young children or very elderly persons — might do less well on an IT task
because of less focused attention. For example, as found by Lally & Nettelbeck (1980)
for mentally retarded participants, more demanding response selection requirements can
result in higher error rates and therefore longer estimates for IT. However, besides such
an obvious influence, IT is probably sensitive to a number of different psychological
functions.

It also seems probable that whatever role speed of processing plays for determining
individual differences in intelligence is more important during old age and during
childhood development than during young and middle-aged adulthood. Thus, like
Jensen (e.g. 1982), Salthouse (1985) has afforded speed of information processing a
primary causal influence on the quality of general ability. However, Salthouse has been
concerned exclusively with a theory of cognitive ageing. His critical propositions have
been, first, that slower processing speed is a generally inevitable consequence of normal
old age. Secondly, slower speed of processing directly impairs general cognitive ability.
Thirdly, the decline to general cognitive ability causes more specific abilities (other than
well learned crystallized capabilities) to decline also. Thus, if Salthouse’s theory is
correct, then processing speed as tapped by IT may occupy an important causal role —
but not necessarily sufficient (Wilson et al. 1992) — for explaining the nature of
intelligence. Of course, it is possible that IT taps different aspects of information
processing among elderly persons than among younger adults; and in any case the
situation may also be quite different among children. Hints that this could be so are
found in different patterns of correlations between IT and different combinations of
Wechsler subscales for different age groups. Thus Kranzler & Jensen’s meta-analyses
(1989) found that, unlike the results from adult samples where IT-PIQ correlation
typically exceeds IT-Verbal IQ (VIQ) correlation, IT correlations with PIQ and VIQ
among children were about the same size; although there were appreciably fewer studies
with children than with adults, from which to draw conclusions. Similarly, Nettelbeck
& Rabbitt (1992; N=104 adults aged 55 to 85 years) reported correlations between IT
and WAIS PIQ subtests that were appreciably stronger (uncorrected average r=-0.61)
than has typically been found with younger adults (c.f. Kranzler & Jensen 1989, —-0.45
for “adults™).

These are issues that require further research. Nonetheless, Salthouse (1996) has
found strong evidence for his theory that old age directly affects general cognitive
ability, which in turn influences group factors or specific abilities, rather than age
influencing these directly. And there is one dataset that implicates IT as an index for
speed of processing and supports the possibility that processing speed fulfills a causal
role in shaping individual differences in general cognitive ability. Nettelbeck & Rabbitt
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(1992) set out to test Salthouse’s prediction that all age-related cognitive decline is
mediated by speed of processing. Although Nettelbeck and Rabbitt’s results provided
strong support on the whole for Salthouse’s prediction, their interpretation focused on
an exception, whereby an aspect of long term memory performance was not mediated
by speed. However, Deary (2000: 244-246) has re-analyzed Nettelbeck and Rabbitt’s
data using structural equation modeling. His finding was that processing speed (defined
in part by IT) acted as a mediator variable between age and a general factor. Although
intriguing, however, this was not the only plausible interpretation from this re-analysis.
The general factor was derived from just three WAIS PIQ subtests and all shared
substantial age-related variance to about the same extent and there was a very high
relationship between the speed of processing latent trait and the general factor. Thus,
rather than being mediated through general cognitive ability, age may have simply
affected everything to about the same extent. Again, this is an issue for future research.
Nonetheless, Deary’s re-analysis has demonstrated one way in which speed of
processing might cause individual differences in multiple abilities, by directly
influencing general cognitive ability. A test of this idea involving a large sample of
elderly participants and large psychometric and chronometric batteries to define all
relevant constructs adequately is not difficult to envisage.

If one assumes that old age is accompanied by some reduction to brain efficiency that
slows rate of information processing to about the same extent for everyone, irrespective
of prior adulthood capacities, then performance in old age should be predicted by
younger age performance but with the former a constant multiple of the latter. This is
what Cerella (1985) and others have found for RT comparisons and this outcome is
consistent with Salthouse’s (1996) theory. Jensen (1998) has speculated about how loss
of myelin within the central nervous system (CNS) might contribute to slower rate of
information processing in old age. Noting also Kail’s (1991) report that children’s RTs
are well predicted by adult levels to which a constant is added, Jensen has pointed out
that this is what would be predicted by increasing CNS myelination during childhood
development. This theory is plausible in light of what is currently known about changes
in myelination during the life span and how myelination contributes to speed of nerve
conduction, although at the present time there is no direct evidence linking
physiological status to speed on chronometric tasks like IT or RT. However, whatever
aspects of neural activities are eventually found to be responsible for these universal
changes to intellectual capacities, the bases of individual differences within any age
cohort may be independent from such changes and require separate explanation. This is
the point emphasized by Anderson (1992), whose theory is based on the proposition that
individual differences within age cohorts (IQ) and improving capacities across
childhood (Mental Age) are driven by separate mechanisms. Anderson’s attempt to
implicate IT as a measure of an inborn, stable, basic processing capacity has raised
important theoretical issues that have scarcely yet been addressed. Anderson’s (1992)
monograph did not extend beyond a theory of childhood development to include
questions about old age but it is obviously possible that mechanisms responsible for
intellectual decline during old age could be different from those involved in childhood
developmental improvement. Again, these are important issues for future research.
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5. Inspection Time and Psychometric Abilities

As outlined above, Jensen’s view (1982, 1998) is that IT taps fundamental processes that
underpin general cognitive ability. This may well be so, although on present evidence
the IT-IQ relationship, at least for normal young adults, may reflect the speed of
processes used in relatively undemanding circumstances, rather than speed involved
with abstract problem solving and other intellectually demanding circumstances, as has
previously been supposed by several researchers (Deary & Stough 1996; Jensen 1998;
Nettelbeck 1987). Currently, the most comprehensive definition of psychometric
intelligence against which to test the role of IT is that provided by Carroll (1993a). His
comprehensive analyses of 461 large psychometric datasets, each screened to meet
stringent inclusion criteria, have returned a hierarchical “three stratum” model. This has
a large number of specific abilities at the first level but, because these were only
relatively independent from one another, they combined to define some nine factors at
the second level. These are effectively the same broad factors promoted by Gf-Gc theory
(Horn & Noll 1997). However, Carroll’s analysis found some common variance at this
level also, thereby supporting a general cognitive factor at the third level, which
accounted for substantial variance in all of the tests involved. A question, still
unresolved although there are some leads, is where within this hierarchy should IT be
located?

Kranzler & Jensen’s (1989) meta-analyses confirmed an early observation by
Nettelbeck & Lally (1976), noting that, among those studies using Wechsler Adult
Intelligence Scales (WAIS: WAIS-R), stronger correlations have generally been found
between IT and PIQ than with VIQ. Kranzler and Jensen’s best estimates for effect sizes
were —0.44 and -0.32 for IT with PIQ and VIQ, respectively. Deary (1993; N=87
adults) has since supported this outcome, reporting a reliably higher IT-PIQ correlation
(-0.42), compared with IT-VIQ (-0.19).

Consistent with earlier widely accepted interpretations of WAIS structure, this
outcome has been taken to support a suggestion that IT reflects fluid abilities
(Nettelbeck 1987), although Kranzler & Jensen (1989) early suggested that I'T appeared
to measure perceptual organization, as well as a general factor. Crawford et al. (1998;
N =184 adults) also found that IT loaded strongly on a perceptual organization factor
(-0.39), which was defined principally by the Block Design and Object Assembly
WAIS-R subtests; and less so on a general factor (-0.19).

McGrew’s (1997) recent analysis of WAIS and WAIS-R in terms of Gf-Gc theory
offers a different approach to investigating the association between IT and psychometric
structures. McGrew concluded that the Wechsler PIQ scale measures the psychometric
constructs processing speed (Gs; measured in intellectually undemanding tasks) and
visual processing (Gv; a similar construct to perceptual organization); but not fluid
reasoning (Gf). Following this suggestion, Burns et al. (1999; N =64 adults) attempted
to locate IT in terms of Gf-Gc theory. They found that IT correlated significantly with
a marker test for Gs (-0.43) but not with a marker for Gf (-0.18). Most recently,
Nettelbeck & Burns (2000, April; N =90 adults) have confirmed this result. They found
that IT loaded strongly on a well-defined Gs factor but not on Gf. However, IT also
shared about 20% variance with a strong general cognitive factor. Taken together with
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research that has investigated decline in cognitive capabilities among elderly people,
this result suggests one way in which speed of information processing may impact on
human intelligence.

A further consideration at this point is how the measure IT can be applied to exploring
whether general cognitive ability defined by psychometric tests is necessarily also
unitary at a psychological level of explanation. There is no reason why this should be
so and several theories have been based on the idea that a general psychometric factor
may reflect the extent to which all cognitive activities either sample from a range of
elementary processes or draw on the same basic functions, but to different degrees,
depending upon specific circumstances (Detterman 1982; Humphreys 1979; Snow
1986; Thomson 1939). When describing Vernon’s early correlational study (N=25
university students) of IT and Raven’s matrices, Jensen (1982: 120) noted that the
prediction of the Raven score by chronometric means was significantly increased by
adding a choice RT variable to the regression of IT on Raven. In other words, the
different speed measures each made a unique contribution to the predicted outcome,
suggesting that RT and IT were each measuring different relevant psychological
processes to some extent.

Kranzler & Jensen (1991a) subsequently followed up this lead, by examining the
performance of 101 university students on a test battery that included IT and various RT
measures, as well as Raven’s Advanced Progressive Matrices and the full Multi-
dimensional Aptitude Battery (MAB), a group test designed to assess the same abilities
as WAIS-R (Jackson 1984). With the exception of IT, the other chronometric procedures
permitted separation of a decision time from a movement time component. Different RT
tasks were designed to operationalize rate and efficiency of processing in relatively
straight forward choice situations, the speed of visual search and of short-term and long-
term memory retrieval, and speed of spatial discrimination (the *“odd-man-out”
procedure devised by Frearson & Eysenck 1986).

Kranzler and Jensen concluded that their psychometrically defined general cognitive
ability factor was psychologically complex. It was made up of four relatively
independent components that corresponded with their chronometric measures for choice
RT, short and long-term memory retrieval and IT. Each component contributed
significantly to variance in general cognitive ability. However, commenting on their
analysis, Carroll (1991a, 1991b, 1993b) disagreed with Kranzler and Jensen’s
interpretation (see also Kranzler & Jensen 1991b, 1993 for an exchange of opinions
about interpretation). Instead, Carroll presented a unitary factor solution based on a
single factor analysis of all variables, which identified a strong second order general
factor defined by all the MAB subtests and the decision components of the various RT
tasks, together with IT. There was also a second general factor loaded by the movement
times from those chronometric tasks that included separate decision and movement
times. Carroll acknowledged, however, that because the mainly decision components of
the chronometric measures loaded together with the psychometric tests on the general
cognitive factor, this tended to highlight the importance to general cognitive ability of
the speed and consistency of information processes. Nonetheless, he also emphasized
that the general factor defined by this data set differed from the factor that more
commonly emerged from batteries of exclusively psychometric tests, instead reflecting
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the large number of chronometric tasks in this battery. As Jensen (1998) has pointed out,
however, argument about the extent to which any derived g factor is more or less “pure”
(i.e. not contaminated by including non-g tests in the battery) cannot serve much
empirical purpose while it remains ultimately impossible to define with complete
confidence those tests that should or should not be included in a battery.

The study by Nettelbeck & Burns (2000, April) referred to above included the odd-
man-out RT procedure, as well as two versions of IT and another backward masking
task. Whereas both IT versions and the backward masking task loaded on Gs, the
contribution of the decision component from the odd-man-out task was different; it
loaded strongly on Gf. This outcome was therefore consistent with Jensen’s (1982: 120)
account of Vernon’s early study that found separate contributions from IT and RT to the
Raven score, commonly accepted as a good test of cognitive ability (Jensen 1998). It
was also consistent with Kranzler and Jensen’s (1991a) finding that IT and other
chronometric tasks made separate contributions to general cognitive ability.

One more study is relevant to this discussion of the contribution that speed of
processing might make to intelligence. A recent large-scale investigation (N=179
university students) by Roberts & Stankov (1999) included a large psychometric test
battery of 25 tests to define six broad factors within Gf-Gc theory. Twelve of these tests
were timed and there were also 11 additional chronometric measures. In addition to
recovering the expected broad psychometric factors defining Gf-Gc theory, and a
higher-order general cognitive ability factor, as predicted by Carroll (1993b), Roberts
and Stankov’s analyses identified nine different speed factors that combined at a higher
level to form three broad factors. They labeled these Correct Decision Speed (i.e. speed
on intellectually challenging tasks), Psychometric Speed (i.e. Gs) and Response Speed
(i.e. motor). These results therefore confirmed that various kinds of speed contribute to
an understanding of intelligence. However, by this account speed was not unitary; and
the different types of speed could not be combined to provide a sufficient account for
general cognitive ability.

6. Conclusions

Although the links are not yet understood, some 25 years of research with IT have
confirmed that this measure taps low-level aspects of psychological processes that
contribute to general cognitive ability. Essentially, IT appears to capture individual
differences in capacity to detect change in a very briefly exposed visual array. However,
whether this capacity is properly described as speed of apprehension, in the sense of
some fundamental perceptual capacity, is by no means clear. In fact, on current evidence
there must now be considerable doubt about whether the measure IT reflects a single
mechanism, as was initially proposed, or whether a number of different functions are
involved. For example, IT is probably sensitive to focused attention and can be shown
also under some circumstances to reflect decision processes that must continue beyond
the onset of the masking figure that defines the termination of an IT trial. Thus far, these
are issues that seem most important when estimating IT among persons with an
intellectual disability. Nonetheless, it is also possible that for measures made outside of
this group, IT is psychologically complex.
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There are also signs that different chronometric tasks may reflect other psychological
processes than those indexed by IT, and that these too may be equally important to the
psychological description of psychometric intelligence. Nonetheless there are many
inconsistencies across the studies reviewed in the foregoing account. In part, some of
these differences may turn out to be allied with whether participants are children,
younger adults or elderly adults. RT studies have raised the possibility that RT taps
different psychological processes in different age groups during childhood and old age.
The same possibility exists for IT. Irrespective of what is found with young adults, it is
possible that the psychological bases for an IT-1Q correlation among elderly persons or
for children or adolescents will turn out to be different. At least among normal young
adults, the correlation of IT with general cognitive ability may be mediated by speed
processes involved in performance that is less intellectually demanding, rather than by
speed required under more demanding circumstances. However, this is an issue that
requires further research to confirm or disconfirm it.

Also most researchers have continued to rely heavily on university students as
participants, thereby severely restricting the range of abilities involved. However, as
Deary (2000) has emphasized the major issue that drives all of these considerations
remains the psychological and biological bases to IT and other chronometric tasks.
Researchers have as yet scarcely begun to address the problem of adequately addressing
the construct validity of the various chronometric tasks that they devise to measure
putative underlying psychological processes. It remains the case that, as yet for any
specified population, no one can confidently identify exactly what IT is measuring.

Although Jensen’s investigations of RTs and their correlations with psychometric
abilities have more widely been recognized, he has made substantial contributions to IT
research, particularly regards the size of the IT-IQ correlation. Thus, his analyses with
Kranzler determined that the correlation between IT and general cognitive ability is
around —0.5, an effect size larger than has been found for any single parameter of RT.
Again with Kranzler he was also at the forefront of attempts to apply IT, along with
other chronometric measures, to exploring the psychological bases to psychometric
general cognitive ability. This work has been influential in advancing the proposition
that although general cognitive ability is unitary at the psychometric level of
explanation, it is not unitary at the psychological level.
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Chapter 6

Factors Influencing the Relationship Between
Brain Size and Intelligence

Gilles Gignac, Philip A. Vernon and John C. Wickett

1. Introduction

With the publication of Jensen & Sinha’s (1993) book chapter, “Physical Correlates of
Human Intelligence,” the psychological community was given the most extensive
review of the topic. In Eysenck’s (1994) review of the chapter, he writes, “... the
coverage, discussion and theoretical sophistication are impressive; nothing like it has
appeared in print before” (p. 657). In fact, it is now almost 10 years later and, although
there have been smaller, more up-to-date reviews published, none have likely made as
large an impact.

The review has a substantial emphasis on genetics. It is considered important, for
theoretical reasons, argue Jensen & Sinha (1993), to determine whether the correlation
between a physiological variable and intelligence is mediated simply by environmental
causes. This can be determined by estimating the within-family as well as the between-
family correlation between two variables. If a correlation can be found only
between-families, then the correlation has likely arisen due to sociological factors, such
as cross-assortive mating. A good example is the correlation between height and
intelligence (Jensen & Sinha 1993).

The N-weighted mean correlation between height and IQ is reported by Jensen &
Sinha (1993) to be 0.23. The within-family correlation, however, is estimated to be
essentially zero. Jensen & Sinha (1993) also note that the trend appears to be that more
recent studies (i.e. 1951-1979) have found larger between-family correlations than
those reported in an early review by Paterson (1930). Jensen & Sinha (1993) interpret
this finding as consistent with an increase in assortive mating for height and intelligence.
Thus, even though it is a significant physical correlate of intelligence, height cannot be
expected to reveal anything about the essential nature of mental abilities.

The largest section of the Jensen & Sinha (1993) chapter is devoted to the head/brain
size and IQ literature. They conclude that the correlation between brain size and IQ is
not less than 0.2 and may be considerably higher, but this could not then be determined,
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because the correlation between brain size and external cranial capacity, controlling for
body height, had yet to be established firmly (Jensen & Sinha 1993). This question is
no longer an issue. At the time of writing their chapter, only one magnetic resonance
imaging (MRI) and IQ study had been conducted. Since that time, the area of brain size
and IQ has been revolutionized by the very consistent results that this new technology
has afforded. The most important issue now appears to be whether the correlation can
be found within-families. If it cannot, the significance of the correlation will have to be
re-evaluated.

By reviewing approximately the last decade’s research in the area of brain volume
and IQ, it will become apparent that there can be little question that brain volume is
correlated positively with intelligence. Future directions for the area will be suggested.
Also, the notion that white matter volume is a more substantial mediator of intelligence
than grey matter volume will be discussed. It will be argued, from the existing data, that
this argument is untenable, but that there may be particular qualities of white matter,
other than volume, that may be contributors to intelligence. The method of correlated
vectors will also be reviewed in the context of brain volume and intelligence. Finally, the
possibility that there may be a causal relationship between brain volume and I1Q will be
assessed.

2. Brain Volume and Intelligence

The history of head size and IQ studies should be regarded as superseded greatly by the
studies that have used magnetic resonance imaging (MRI) to quantify brain volume. In
fact, head size as a proxy for brain size is far from perfect, with validity coefficients
reported to be in the area of 0.7, when using calipers (Tan et al. 1999; Wickett et al.
2000), and as low as 0.23, when using a tape measure (Wickett 1992). The number of
brain volume and IQ studies that have used neurologically normal subjects and an
established measure of cognitive ability is now up to 14 and consists of a combined total
sample size of 858 subjects. There now seems little doubt that brain volume correlates
with 1Q at approximately 0.40. Of the 14 studies, all but one has obtained a positive
correlation close to 0.4 (see Table 6.1).

The only study that did not find the expected positive correlation is that of Tramo et
al. (1998). Their subject sample consisted of 10 pairs of MZ twins. Assuming that the
true correlation between brain volume and IQ is in the area of 0.4, it is clear that a study
of this size should be considered inadequate in terms of power.

In a sample of 48 healthy adults, Egan et al. (1994) found a correlation of 0.32
between brain volume and 1Q (WAIS-R). The correlation rose to 0.48, once corrected
for restriction in IQ range (Egan er al. 1995). It was also found that white matter volume
correlated more substantially (0.27) with full-scale 1Q (FSIQ) than grey matter volume
(0.08, ns). Thus, based on this study, it appears that white matter volume may be
carrying the majority of the effect between brain volume and IQ. This differential effect
is possible, because grey matter volume and white matter volume were themselves
found to correlate only moderately (0.52). This issue will be discussed more fully
below.
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Table 6.1: Brain volume and IQ literature using neurologically normal subjects and
established psychometric tests.

Study N Age characteristics IQ test r*

Willerman et al. (1991) 40 mean=18.9 (SD=0.6) WAIS-R 0.35
Andreason et al. (1993) 67 mean=38 (SD=16) WAIS-R  0.38

Raz er al. (1993) 29 mean=43.8 (SD=21.5) CFIT 0.43

Egan et al. (1994) 48 mean=22.5 (SD=5) WAIS-R  0.32 (0.48)

Wickett et al. (1994) 40 range=20to 30 MAB 0.40 (0.54)

Reiss et al. (1996) 69 range=5to 17 WISC-R® 0.40

Flashman et al. (1998) 90 mean=27 (SD=10) WAIS-R  0.25(0.31)°

Tramo et al. (1998) 20 median=34 (24 to 43) WAIS-R -0.05

Gur et al. (1999) 80 mean=26 (SD=5.5) various 041

Tan et al. (1999) 103 range=18 to 26 CFIT 0.40

Wickett et al. (2000) 68 range=20to 35 MAB 0.35 (0.51)

Pennington et al. (2000) 36 mean=19 (SD=3.7) WISC-R/ 0.31 (0.46)
WAIS-R

Pennington et al. (2000) 96 mean=17 (SD=4.1) WISC-R/ 042 (0.57)
WAIS-R

Schoenemann et al. (2000) 72 mean=23 (SD=5.1) ‘g’ 0.45

N=2858

Unweighted mean r=0.35 (0.41)
N-weighted mean r=0.37 (0.43)

* Correlations in parentheses are corrected for restriction in IQ score range.

® Reiss (2000), personal communication.

¢ Corrected for restriction in IQ score range by the first author using Guilford & Fruchter
(1978).

Of particular note is that a serendipitous correlation of 0.60 was found between
cerebral spinal fluid (CSF) and FSIQ (Egan et al. 1994). Because CSF and total brain
volume were found to correlate only at 0.30, CSF should be regarded as a unique
predictor of FSIQ. A possible explanation of the CSF/IQ correlation is that CSF volume
is a proxy for cortical surface area (Egan et al. 1995). That is, the human brain is
extensively convoluted and CSF fills the subarachnoid space which envelopes the brain.
Consequently, the more convoluted a particular brain is, the more CSF that brain likely
has enveloping the cortical surface area.

The hypothesis follows that a brain with above average cortical surface area likely
also has an above average number of neurons, which would allow for greater cognitive
capacity. In fact, Haug (1987) estimated the within human species correlation between
brain volume and number of neurons to be only moderate (0.48). This moderate
correlation allows cortical surface area to be a potentially much better estimator of
neuron number, because brain volume and cortical surface area were found to correlate
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at only 0.59 (Haug 1987). Unfortunately, Haug (1987) did not correlate cortical surface
area with total amount of neurons. In another study (Pakkenberg & Gundersen 1997),
however, a correlation of 0.73 was found between brain weight and pial surface area,
which is synonymous with cortical surface area (Pakkenberg, personal communication
2000). There was also a correlation of 0.73 between pial surface area and total number
of neurons. As would be expected, the correlation of 0.73 was much higher than the
correlation between brain weight and total number of neurons (0.56), a difference of
22% in terms of percentage of variance accounted for. Thus, if brain volume is
correlated with intelligence because it is a proxy for neuron number, then the correlation
between cortical surface and 1Q should be larger than 0.4.

With the publication of Haier et al.’s (1995) study (see Chapter 3 in this volume), that
combined both brain volume and glucose metabolic rate (GMR), it has become possible
to hypothesise that brain volume may be mediating a substantial proportion of the
effects reported in the glucose uptake and IQ literature. Haier er al. (1995) found a
correlation of —0.58 between GMR and IQ, suggesting that more intelligent individuals
have more efficient brains. A correlation of 0.65 was also found between brain volume
and IQ, as would be predicted from previous studies (corrected for extreme groups, the
correlation fell to 0.36). Of particular interest is that a correlation of —0.69 was found
between brain volume and GMR, i.e. larger brains tend to be more efficient. This finding
replicated a previous study that found a similar correlation of —0.75 between brain
volume and GMR (Hatawa et al. 1987). Based on these data, the correlation between
GMR and 1Q, controlling for brain volume, can be estimated to be reduced to —0.24.
Evidence from electrophysiology suggests that the relationship between brain volume
and GMR is not an artefact of PET (e.g. pixel count). Blumberg (1989) found a
correlation of —0.92 between brain volume and theta frequency (known to be associated
with energy use) in a between-species analysis: humans had the lowest theta frequency
and mice the highest. It is difficult to determine the significance (or direction of
influence) of the correlation between brain volume and GMR, because of the non-
experimental nature of the data. However, it appears doubtful that both brain volume
and GMR (at rest) are independent correlates of intelligence.

The correlation between brain volume and 1Q does not appear limited to adults. In
Reiss et al’s study (1996), children aged 5 to 17 had their brain volumes and IQs
estimated: a correlation of 0.4 between brain volume and IQ, controlling for gender and
age, was reported. Age did not have an appreciable effect on the correlation, because
there was no correlation between age and brain size. This should come as no surprise,
because 92% of adult brain weight is achieved by age 6 (Ho er al. 1980). The fact that
children possess brain volumes of almost the same magnitude as adults is important to
note, because it stresses the fact that the relationship between brain volume and IQ is not
simple: six-year-old children, for example, do not have the intellectual capacity of
normal 25-year-old adults.

Reiss et al. (1996) also found a negative correlation of —0.44 between age and grey
matter volume. Consequently, one must consider the fact that adults manifest greater
cognitive capacity with less grey matter and possibly fewer neurons. The reason there
is no developmental loss in total brain volume is because white matter volume is
correlated positively with age (0.40), during the developmental period from 5 to 17
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years of age. After the age of 30, however, brain volume begins to decrease (Ho et al.
1980) at a rate of approximately 2 grams per year until the age of 80, after which the
loss increases to 5 grams per year. The weight loss appears to be due both to neuronal
loss and to a reduction in white matter volume. For instance, Pakkenberg & Gundersen
(1997) found that, from the age of 20 to 90, a 12.3% reduction in neocortical volume
could be expected. Similarly, a 28% reduction in white matter volume was observed in
the same age group. The loss in neocortical volume appears to be due to the loss of
neurons (as opposed to shrinking), because a reduction of 9.5% in neuron number was
established. Further support for a concomitant decrease in both grey matter and white
matter during adulthood has been provided by Raz er al. (1993), who found a negative
correlation of —~0.43 between dorsolateral prefrontal cortex volume and age, as well as
a negative correlation of —0.36 between prefrontal white matter and age. This is
important to note, because IQ (or fluid intelligence) is known to begin its decrease in
adults at around the age of 30, precisely the time at which brain volume (grey and white)
begins to decrease.

3. White Matter Versus Grey Matter

Miller (1994) has proposed that the substrate to the biological basis of intelligence is
mediated by white matter and not grey matter. Essentially, his thesis is that there should
be a positive correlation between the amount of myelin sheaths, which are wrapped
around neuronal axons, and intelligence, because more myelin should allow for faster
information processing. A recent factor analytic study (Pennington et al. 2000) provides
some support for Miller’s (1994) thesis.

Pennington et al. (2000) estimated brain volume in two groups: (1) a reading
disordered (RD) group, comprised of 25 pairs of MZ twins and 23 pairs of DZ twins;
and (2) a control sample comprised of 9 pairs of normal MZ twins and 9 pairs of normal
DZ twins. As would be expected from previous research, a correlation of 0.42 was found
between brain volume and IQ in the RD sample (0.57 corrected for restriction in IQ
range) and 0.31 (0.46 corrected) in the control group. Unlike any other brain volume and
IQ study, the authors estimated the size of various structures of the brain and then
performed a factor analysis on the data. Two factors were extracted: a cortical factor and
a subcortical factor. Both factors combined accounted for 64% of the variance. What is
particularly intriguing is that white matter had a factor loading of essentially zero
(-0.002) on the cortical factor and a loading near unity (0.911) on the subcortical factor.
Consequently, the amount of white matter in a particular brain appears to be
independent of the amount of cortical grey matter. Thus, whereas there is a positive
correlation between all cognitive ability tests, there is not an analogous positive
manifold in brain anatomy. Of perhaps even greater significance is that the two factors
correlated with IQ differentially. The cortical factor correlated with IQ at 0.16 in the RD
sample, while the subcortical factor correlated 0.41. In the control group, the same effect
proved apparent, with the cortical factor correlating with IQ at 0.13 and the subcortical
factor correlating at 0.34. These results suggest that white matter is carrying the weight
of the relationship between brain volume and IQ.
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Table 6.2: White matter volume and grey matter volume correlations with IQ.

Study White Matter Volume Grey Matter Volume
Andreason et al. (1993) 0.14 0.35
Raz et al. (1993) 0.32 0.51
Egan et al. (1994) 0.27 0.08
Gur et al. (1999) 0.36 0.34
Pennington et al. (2000) 0.34 0.13
Pennington et al. (2000) 0.41 0.16
Schoenemann et al. (2000) 0.31 0.31
Unweighted mean r= 0.31 0.27

However, the results of a more comprehensive survey of the brain volume and
intelligence studies that obtained estimates of grey and white matter separately do not
substantiate Miller’s (1994) claim. For instance, Andreason et al. (1993) found white
matter to correlate with FSIQ at 0.14. In contrast, grey matter correlated with FSIQ at
0.35. Schoenemann et al. (2000) found grey and white matter to correlate with g at
approximately the same magnitude, 0.23 and 28, respectively. Gur et al. (1999) also
found grey and white matter to correlate at virtually the same magnitude: 0.34 and 0.36,
respectively. Listed in Table 6.2 are the brain volume and IQ studies that estimated both
white and grey matter and reported separate correlations between each of these and 1Q.
Two studies found that grey matter tended to correlate with IQ to a greater extent than
did white matter, two studies found grey matter and white matter to correlate at
approximately the same magnitude, and three studies found that white matter correlated
more highly with IQ than did grey matter. Across all seven samples, the average
correlation between white matter and IQ is 0.31. The average correlation between grey
matter volume and IQ is so similar in magnitude at 0.27 that one cannot consider
Miller’s hypothesis tenable.

The hypothesis that white matter plays a potentially larger role in mediating
intelligence does receive support from studies that have examined particular qualities of
myelin other than volume. For instance, Willerman e? al. (1991) measured the degree of
contrast between a particular brain’s grey and white matter. That is, there exist
individual differences in the intensity with which white and grey matter are depicted in
an MRI image, with white and grey matter appearing darker when there is more water
bound to membrane surfaces. For white matter, an increase in water bound to
membranes is interpreted by Willerman et al. (1991) as an increase in myelin sheaths
wrapped around axons. A correlation of 0.54 between white/grey matter contrast and
FSIQ was found. This is a study that Miller (1994) cites in support of his “white matter
hypothesis”. However, Willerman et al. (1991) acknowledge that other variables (e.g.
biochemical) can also affect the degree of white/grey matter contrast. Magnetic
Resonance Spectroscopy (MRS) is a procedure that can measure some of these
biochemicals more accurately.
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The principles of operation underlying MRS are the same as those underlying MRI
(Orrison et al. 1995). Effectively, the difference is that the signal derived and analysed
by MRS produces a frequency spectrum that allows researchers to quantify in vivo
concentrations of particular neurometabolites in a particular area of the brain.

The first study to use MRS in intelligence research with neurologically normal
subjects (Rae et al. 1996), estimated occipitalparietal white matter intracellular pH
levels in a sample of 42 boys (mean age=10). pH was estimated by “using the
difference in chemical shift between phosphocreatine resonance and inorganic
phosphate” (Rae et al. 1996: 1061). The WISC-III was administered to determine the
subjects’ 1Qs. A correlation of 0.52 was found between pH level and FSIQ, indicating
that a higher pH level was associated with greater intelligence. The effect of pH levels
on the nervous system is far ranging. For instance, experimental in vitro research on rats
(Elis 1969) has shown a very close correspondence between pH level and nerve action
potential amplitude (0.92) and conduction time (~0.86). Consequently, Rae et al. (1996)
interpreted their result in the context of the neural efficiency theory, implicating higher
intelligence as associated with faster conductivity and transmission.

In another MRS study (Jung er al. 1999), levels of N-acetylaspartate (NAA) and
choline (Cho) were measured in 26 male and female college students. The authors chose
NAA because it has been shown to be positively related to neuronal injury and death.
Further, the authors report, levels of Cho appear to be related positively to
demyelination (that may or may not appear on MRI brain images), because increased
levels have been observed in patients with stroke and multiple sclerosis. Intelligence
was assessed with the WAIS-ITI. NAA and Cho correlated with FSIQ at 0.52 and —0.32,
respectively. A multiple R of 0.67 was obtained with a multiple regression using NAA
and Cho as predictors of 1Q.

Thus, although speed of information processing is a well-replicated correlate of 1Q
(Vernon 1987), it does not appear to necessarily hinge upon an exclusive theory of larger
or more abundant neuronal constituents, such as myelin sheaths. Rather, individual
differences in neurochemistry provide an alternative or complementary perspective to
the area.

4. Method of Correlated Vectors

Because an individual’s factor score based on a factor analysis of cognitive ability tests
is an estimate of a person’s level of g (and not a person’s true level of g), there is the
likelihood that a group of subjects’ factor scores will be contaminated by processes
other than g (e.g. Performance IQ, Verbal IQ, test specificity). To accommodate this
problem, Jensen (1998) proposed the method of correlated vectors. This procedure
consists of correlating the rank of a group of subtests’ factor loadings on g with that
same group of subtests’ ranked correlations with a particular physiological or
chronometric variable. Thus, if g is really mediating the correlation between a cognitive
and a non-cognitive variable (a so-called Jensen effect — see Chapter 9 in this volume),
the correlation between the subtests’ correlation with the g factor (i.e. its factor loading)
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and the respective subtests’ correlation with the physiological or chronometric variable
should be larger than the simple correlation between the variable of interest and g.

The first study to apply the method of correlated vectors to a head size study is that
of Jensen (1994). The data were obtained from Osborne (1980) and came from 286
subjects. A g factor was extracted from an extensive battery of 17 well-known cognitive
ability tests (e.g. PMA reasoning, Cattell Culture Fair). The correlation between head
circumference and g was estimated at 0.19. The method of correlated vectors revealed
a vector correlation of 0.64. Thus, the extent to which a given test is correlated with head
size is related positively and strongly to its correlation with g.

Thus far, there have been only two brain volume and IQ studies to apply the method
of correlated vectors. This is unfortunate, because most studies have administered a
large enough battery of cognitive ability tests to extract a g factor, which would have
permitted the requisite calculations. In Wickett ez al. (2000), brain volume via MRI was
estimated in 68 adult subjects. A g factor was extracted from an extensive cognitive
ability battery that was comprised also of the subjects’ mean and standard deviation
reaction times. Reaction time (RT) mean and RT sd loaded at 0.79 and 0.74 on g,
respectively. Total brain volume correlated with g at 0.38. The method of correlated
vectors estimated a correlation of 0.59 between a subtest’s g loading and its correlation
with brain volume. A very similar study, that also included reaction time tasks in the g
factor, is that of Schoenemann e al. (2000). They obtained a correlation of 0.45 between
brain volume and g. Jensen (1998) calculated the vector correlation to be 0.51, which
is remarkably similar to the vector correlation of 0.59 found by Wickett et al. (2000).

5. The Heritability of Brain Volume and the Possible Causal
Relationship between Brain Volume and Intelligence

In Pennington et al’s (2000) MZ/DZ study, the heritability of total brain volume was
estimated to be 97% in the reading disordered (RD) sample. No variance was found to
be accounted for by shared environment, while 3% was accounted for by unique
environment and/or error. In the control sample, heritability of total brain volume was
estimated to be somewhat lower at 80%. Shared environment in this sample was
estimated to account for 18% of the variance and unique environment and/or error was
estimated at 2%. In another MZ/DZ study (Bartley et al. 1997), it was estimated that
94% of the variance in total brain volume could be accounted for by additive genetic
effects. Similarly to the RD sample above, shared environmental influences could not be
found to account for any of the variability in brain volume. Consequently, it is
reasonable to contend that at the very least 80% and likely closer to 90% of brain
volume is heritable. The bivariate heritability between brain volume and IQ was
estimated to be 0.32. Using a formula provided by Falconer & Mackay (1996),
Pennington ez al. (2000) estimated that the genetic correlation between brain volume
and IQ is 0.48. The authors also estimated that about 80% of the phenotypic brain
volume and IQ correlation is mediated by common genetic effects.

As has been argued previously (Jensen 1998), it is important to establish a correlation
between a physiological variable and a cognitive variable within- as well as between-
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families. An effect found only between families (e.g. height and 1Q) suggests that there
is no pleitropic (i.e. two or more phenotypically unique traits mediated by the same
gene) or causal effect between the two variables. In one within-family study
(Schoenemann et al. 2000), a battery of cognitive and RT tasks were administered to
female sibling pairs. The scores on all of these tasks were subjected to a principal
components analysis, from which a ‘g’ factor was extracted. To circumvent violating the
assumption of within-group independence, the authors averaged each sibling pairs’
factor score (“g’) and brain volume and correlated these means. A correlation of 0.45
was found between sibling-average brain volume and sibling-average g, further
replicating previous work.

In contrast to Pennington ef al. (2000), a suggestive causal relation between brain
volume and IQ was not found. The within-family correlation between brain volume and
g was found to be virtually zero (—0.05). If the relationship between brain volume and
1Q does not exist within families then one would hypothesise, the authors reasoned, that
perhaps a between-family variable such as socioeconomic status (SES) may mediate
some of the variation in brain volume. The Schoenemann et al. (2000) study in fact had
SES data on their subjects, which permitted the testing of this hypothesis: the hypothesis
was not supported — SES did not correlate (0.05, ns) with brain volume. The fact that
no correlation was found supports the previously cited twin studies that found that
shared environment did not have an influence on brain volume.

In our own research (Wickett ez al. 2000), a battery of intelligence, paper-and-pencil
tests of mental ability, and computerized RT tests were administered to a sample of 34
right-handed, adult male siblings. These measures yielded a FSIQ score and, through
factor analysis, factor scores on a g factor, fluid and crystallized intelligence factors, a
spatial factor, and a memory factor. The subjects’ head perimeter was measured with a
tape measure, and their head length, width and height were measured with callipers.
Right- and left-hemisphere as well as total brain volume were measured in 32 pairs of
these siblings using MRI. Tables 6.3 and 6.4 show the between- and within-family
correlations between brain volume (Table 6.3), head size (Table 6.4), and the several
measures and factors of intelligence, both before and (in italics) after correction for
attenuation. These particular results have not been previously published.

Inspection of Table 6.3 reveals that the phenotypic correlations between brain volume
and mental ability reported by Wickett er al. (2000) have both a between- and a within-
family component. The between-family correlations are somewhat larger than the
corresponding within-family correlations but, in combination, they indicate that both
between- and within-family factors are important in the relation between brain volume
and intelligence. Thus, families with larger brains overall tend also to have higher 1Qs
and, within a family, the siblings with the larger brains tend to be the more intelligent.
This is particularly the case for the g, the fluid intelligence, and the memory factors.

Overall, the ratio of within- to between-family correlations is 0.63, indicating that a
substantial portion of the correlation between brain volume and mental abilities occurs
within a family, and so must be functional in nature. This further suggests that such
between-family factors as nutrition, SES, and cross-assortative mating are not the main
causes of the brain volume/IQ correlation, although they may contribute. Rather, the
results suggest that brain volume is causally related to 1Q, with pleiotropy being the
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Table 6.3: Within- and between-family correlations between brain volume and IQ and
factor scores.

Brain volume

right left total
FSIQ rg 0302 0307 0320 0325 0311 0.3i6
rw 0.145 0155 0.145 0155 0.146 0.156
G rg 0356 0.360 0376 0380 0366 0.370
Fw 0230 0240 0226 0235 0229 0.238
Fluid Ability s 0335 0.341 0344 0351 0340 0.347

Ty 0248 0.259 0248 0.259 0249 0.260

Crystallized Ability r, 0.198 0.202 0200 0203 0199 0.203
Tw 0082 0087 0110 0117 0097 0102

Spatial Imaging rs  -0.115 —0.119 -0.105 -0.108 -0.110 -0.114
ry  -0207 —0.223 -0282 -0.303 -0246 -0.264

Memory ry 0246  0.253 0273 0.282 0260 0.268
r'w 0.197 0212 0218 0236 0208 0225

Note: P<0.05 for ry and ry greater than 0.345 (in bold). N=32 (number of sibships).
Disattenuated correlations (in italics) do not have significance levels associated with them.

likely agent considering the high heritabilities of both IQ and brain volume. Although
some aspect of a within-family correlation may be environmental, it is unlikely that
environmental factors exert much influence on the relations observed in this study.
Within-family environmental effects have to be unique or non-shared and what makes
it unlikely that non-shared environmental factors are operating here is that the same
factor(s) would have to lead both to a change in brain volume and to a change in the
same direction in intelligence. Nutrition could have such an effect, but is unlikely
because siblings in the same family typically receive similar levels of nutrition. Illness
is another possibility, leading to a developmental delay in both brain growth and
intelligence, but the subjects in Wickett et al. (2000) were carefully screened to exclude
any with pathologies of the type that could affect either cognitive ability or brain
development. Again, then, it appears much more likely that genetic factors contribute to
the relation between brain size and intelligence.

Table 6.4 shows a similar pattern of results for the head size measures. The
correlations here are typically small but a within-family component is evident more
often than not. With FSIQ and with g there is a significant within-family correlation with
head width (0.398 and 0.371, respectively); width also shows smaller (and non-
significant) within-family correlations with the fluid and crystallized factors, and to a



Table 6.4: Within- and between-family correlations between head size and IQ and factor scores.

Head size
perimeter height length width
FSIQ rg 0.026 0.026 —0.146 -0.148 —0.029 -0.029 0.097 0.098
Iy 0.095 0.101 —0.170 ~0.182 -0.082 ~0.088 0.398 0.426
g rs 0.057 0.058 -0.127 —0.128 —0.004 —0.004 0.159 0.161
rw 0.118 0.123 -0.124 —-0.129 -0.017 -0.018 0.371 0.386
Fluid Ability Is 0.159 0.162 —0.188 —0.192 0.049 0.050 0.312 0.318
Iy 0.164 0.172 —-0.003 -0.003 0.173 0.180 0.215 0.224
Crystallized Ability Iy -0.024 -0.024 -0.123 —0.125 ~0.090 -0.092 0.097 0.099
rw 0.130 0.138 0.001 0.001 -0.037 -0.039 0.291 0.309
Spatial Imaging rs -0.249 —-0.256 -0.031 —0.032 -0.207 —0.212 —-0.268 -0.276
rw -0.209 -0.225 —0.206 -0.222 -0.217 -0.233 -0.081 -0.087
Memory rs 0.171 0.176 0.174 0.179 0.239 0.246 0.039 0.040
rw 0.008 0.009 —0.095 -0.102 —-0.087 —0.094 0.173 0.187

Note: P<0.05 for ry and ry greater than 0.335 (in bold). N=34 (number of sibships). Disattenuated correlations (in italics) do not have
significance levels associated with them.

€OI  2ouaSipa1uy puv 2215 uIpdg udamiag diysuonpay Yy SuduIMur $40300.4



104  Gilles Gignac, Philip A. Vernon and John C. Wickett

lesser extent with memory. The other head size variables typically do not show
correlations large enough to be taken as meaningful.

6. Conclusion

In conclusion, as Jensen & Sinha (1993) predicted, there is now no question that brain
volume and IQ are significantly and positively correlated, with the best estimate being
a correlation of approximately 0.40. In addition to this phenotypic correlation, there is
also evidence that brain volume and IQ have a genetic correlation (Pennington et al.
2000). Jensen & Sinha (1993) also emphasised the importance of establishing whether
the correlation between brain volume and intelligence occurred both within- as well as
between-families. The sibling data from Wickett et al. (2000) strongly suggest that a
within-family relationship does exist but, given the contrary results of Schoenemann et
al. (2000), it would be prudent to await the results of additional studies. A large-scale
twin study would be ideal because this would also allow Pennington et al’s (2000)
results regarding the genetic correlation between brain volume and IQ to be replicated.
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Chapter 7

Molecular Genetics and g

Robert Plomin

1. Introduction

Although a review of behavioral genetic research on g was published in Science in 1963
(Erlenmeyer-Kimling & Jarvik 1963), it was Arthur Jensen’s Harvard Educational
Review monograph (Jensen 1969) that made it no longer possible to avoid the issue in
the social and behavioral sciences. He clearly and carefully described quantitative
genetic theory with a minimum of jargon, reviewed the data, and concluded that
individual differences in IQ scores are substantially due to genetic differences. The
section of the monograph entitled ‘The Inheritance of Intelligence’ (pp. 28-59) is still
one of the best introductions to the genetics of g. I especially like his section ‘Common
Misconceptions about Heritability’ (pp. 42—46). What is most impressive to me is that
this monograph was written only one year after his first article on behavioral genetics
appeared (Jensen 1967). In his 1981 book Straight Talk About Mental Tests, Jensen
admirably explains research on the genetics of g for readers with no technical
background.

An autobiographical statement (Jensen 1972) reminds us of the extent to which
genetic influences on g were ignored just three decades ago and also provides interesting
insights into his reasons for writing about genetic influences on g:

What struck me as most peculiar as I worked my way through the vast
bulk of literature on the disadvantaged was the almost complete lack of
any mention of the possible role of genetic factors in individual
differences in intelligence and scholastic performance. In the few
instances where genetics was mentioned, it was usually to dismiss the
issue as outmoded, irrelevant, or unimportant, or to denigrate the genetic
study of human differences and to proclaim the all-importance of the
social and cultural environment as the only source of individual and
group differences in the mental abilities relevant to scholastic perform-
ance. So strongly expressed was this bias in some cases, and so
inadequately buttressed by any evidence, that I began to surmise that the
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topic of genetics was ignored more because of the particular author’s
social philosophy than because the importance of genetic factors in
human differences had been scientifically disproved. It seemed obvious
to me that a book dealing with the culturally disadvantaged would have
to include a chapter that honestly comes to grips scientifically with the
influence of genetic factors on differences in mental ability (Jensen 1972:
7-8).

The case for substantial genetic influence on g is stronger than for any other
(Mackintosh 1998) human characteristic. As Jensen says in his overview of genetic
research in The g Factor, “the following concatenation of several overwhelmingly well-
established facts in behavioral genetics is impossible to explain or understand without
invoking a substantial degree of broad heritability of IQ” (Jensen 1998: 177).
Correlations for first-degree relatives living together average 0.43 for more than 8000
parent-offspring pairs and 0.49 for more than 27,000 pairs of siblings. However, g might
run in families for reasons of nurture or of nature. In studies involving more than 10,000
pairs of twins, the average g correlations are 0.86 for identical twins and 0.60 for same-
sex fraternal twins. These twin data suggest a genetic effect size (heritability) that
explains about half of the total variance in g scores. Adoption studies also yield
estimates of substantial heritability. For example, in two recent studies, identical twins
reared apart are almost as similar for g as are identical twins reared together, with an
average correlation of 0.78 for 93 such pairs (Bouchard et al. 1990; Pedersen et al.
1992). Adoption studies of other first-degree relatives also indicate substantial
heritability, as illustrated by recent results from the longitudinal 25-year Colorado
Adoption Project (Plomin ez al. 1997). All the data converge on the conclusion that the
heritability of ‘g’ is about 50%, that is, genes account for about half of the variance in
‘g’ scores (Bouchard, Jr & McGue 1981; Plomin et al. 1997). Even an attempt to
explain as much of the variance of ‘g’ as possible in terms of prenatal effects
nonetheless yielded a heritability estimate of 48% (Devlin et al. 1997; McGue 1997).
Although heritability could differ in different cultures, moderate heritability of g has
been found, not only in twin studies in North American and western European countries,
but also in Moscow, former East Germany, rural India, urban India, and Japan.

During the decade following Jensen’s 1969 monograph, more research on the
genetics of g was conducted than in the previous 50 years combined in large part
because of the monograph and the controversy and criticism it aroused. These bigger
and better twin and adoption studies confirmed the conclusions that Jensen reached in
his monograph and also extended the field in new directions such as multivariate genetic
analysis of specific cognitive abilities, developmental genetic research on change and
continuity, and genetic research at the interface between nature and nurture (Plomin
1999a).

Jensen has made other important contributions to genetic theory and methodology
such as genotype-environment correlation (Jensen 1976), assortative mating (Jensen
1978), and inbreeding (Jensen 1983). The chapter on the heritability of g in Jensen’s
definitive tome The g Factor (Jensen 1998) extends his thinking on each of these topics.
Rather than repackaging some of his previous reviews on the topic, Jensen begins by
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using his important distinction of between-family and within-family variance to ask
whether the same g factor emerges between and within families. For first-degree
relatives whose genetic relatedness is 50%, genetic factors operate equally to create
differences between and within families. In contrast, different environmental factors
operate between and within families. For example, socioeconomic status affects
differences between families but is largely the same for two children growing up in the
same family. Thus, if the factor structure of g is the same between and within families,
this suggests that between-family factors such as socioeconomic factors cannot be
responsible for the factor structure of g. Using data from his large sibling study, Jensen
shows that the g factor structures derived from sibling sums (an index of between-family
factors) and sibling differences (within-family factors) are virtually identical with
congruence coefficients in excess of 0.98 (Jensen 1980), a finding replicated in another
sibling study (Nagoshi & Johnson 1987). Multivariate genetic research, mentioned later,
pins down the implication from these findings that the factor structure of g is almost
entirely due to genetic factors.

In his chapter on heritability in The g Factor, Jensen also notes one of the most
surprising findings from behavioral genetics research: the heritability of g increases
throughout development and the importance of shared environmental factors that make
family members similar decreases. His hypothesis to explain this fascinating finding
involves genotype-environment correlation:

“From early childhood to late adolescence the predominant component of
the GE covariance gradually shifts from passive to reactive to active,
which makes for increasing phenotypic expression of individuals’
genotypically conditioned characteristics. In other words, as people
approach maturity they seek out and even create their own experiential
environment. With respect to mental abilities, a ‘good’ environment, in
general, is one that affords the greatest freedom and the widest variety