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SA

bstract—Refining phenotypes for the study of neuropsychi-
tric disorders is of paramount importance in neuroscience.
oor phenotype definition provides the greatest obstacle for
aking progress in disorders like schizophrenia, bipolar dis-

rder, Attention Deficit/Hyperactivity Disorder (ADHD), and
utism. Using freely available informatics tools developed by
he Consortium for Neuropsychiatric Phenomics (CNP), we
rovide a framework for defining and refining latent con-
tructs used in neuroscience research and then apply this
trategy to review known genetic contributions to memory
nd intelligence in healthy individuals. This approach can
elp us begin to build multi-level phenotype models that
xpress the interactions between constructs necessary to
nderstand complex neuropsychiatric diseases. These re-
ults are available online through the http://www.phenowiki.
rg database. Further work needs to be done in order to
rovide consensus-building applications for the broadly de-
ned constructs used in neuroscience research. © 2009

BRO. Published by Elsevier Ltd. All rights reserved.
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n the wake of mapping the human genome, the most
ignificant challenge for Neuroscience is mapping the hu-
an phenome—the expression of a complex interaction of
enes and environment observed at molecular, cellular,
ystems, and behavioral levels [(Freimer and Sabatti,
003; Bearden and Freimer, 2006); see also Bilder et al.,
009 for more detailed exposition of the “phenomics” strat-
gy]. Without links from genome to multiple levels of phe-
omic data, advances in genetics will not be fully utilized.
he challenge of finding genetic determinants for latent
henotypic constructs depends first on our ability to ade-
uately define and refine these phenotypes. Once this
ccurs, we can begin to build complex multivariate pheno-
ypic maps that may more adequately address the complex
nteraction between phenome and genome currently being
nvestigated in the field of neuroscience. The first genera-
ion of genome-wide association studies (GWAS) makes it
lear that psychiatric diagnostic phenotypes may not offer
he most traction for gene discovery. This has prompted
any investigators in the field to pursue endophenotypes,
henotypes presumably “intermediate” between the overt
xpression of the syndromes themselves, and more basic

evels of gene expression. In this review, we propose that
next step, multivariate multi-level models that flesh out

he relationships between numerous intermediate pheno-
ypes, will be essential to identify the complex unfolding of
iological paths from genome to syndrome.

The discovery of the key components of the phenome

hat reflect critical paths to human disease is of paramount
s reserved.

http://www.phenowiki.org
http://www.phenowiki.org
mailto:fsabb@ucla.edu
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mportance, but further and often ignored, we must recog-
ize that the labeling and operational definition of these
henotypes poses a high hurdle. Only through objective
onstruct definition can we hope to determine the validity
f these constructs, and so far there is often argument
ven about the labels of constructs, much less their full
perational definitions. The lack of an agreed upon phe-
otype lexicon undermines our progress. While genomics
as begun to develop agreed-upon lexica, such as the

erminology adopted for the Gene Ontology project [(Ash-
urner et al., 2000); http://www.geneontology.org/], re-
earchers in neuroscience are left to speculate about the
elationships between different processes and concepts.
eveloping a phenotype ontology or lexicon is a major
ndertaking, but is necessary for our field to make
rogress in connecting the genome to the phenome.

Latent phenotypes used in neuroscience are often ill-
efined in the literature and reflect a combination of folk
sychology and popular buzz-words, often lacking detailed
onstruct validity. For instance, we previously found that
sage of the term “cognitive control” in the literature grew
xponentially over the last 10 years, even while it was still
eing measured with the same cognitive tasks used to
escribe other cognitive concepts (such as working mem-
ry, task switching/set shifting, response inhibition, and
esponse selection). These findings suggest that the latent
onstruct had been re-framed without equal advances in
aradigm development (Sabb et al., 2008). A poor litera-
ure definition for a construct can pose challenges when
nvestigators seek to link that phenotype to other pheno-
ypes (in order to better define a multivariate phenotype) or
o genotype (in order to define a genetic association).
oorly defined phenotypes can lead to negative results
nd failures to replicate findings, as is frequently seen in
sychiatric research.

While poorly defined phenotypes are most clearly ev-
dent at the level of cognitive concepts, ill-defined pheno-
ypes occur between all levels of inquiry, including neural
ystems (e.g. mirror neuron’s role in language) and signal-
ng pathways (e.g. RAS role in learning). Neuroscience is

sufficiently new field, where discovery requires some
peculative inference. In an effort to explain results, corre-
ations or causal links are suggested where they may not
xist (e.g. “reverse inference,” in functional neuroimaging
Poldrack, 2006). New tools will be necessary to highlight
elationships in models that are tenuous and can be further
ested empirically.

The benefit of good phenotype definition can be seen
n the recent successes of GWAS outside the field of
euroscience. For instance, in studies of type 1 diabetes,
ecent advances in technology and knowledge have al-
owed researchers to determine four new genes from
WAS, by examining a clear (endo)phenotype in immune
ystem cell histocompatibility antigen molecules (Nepom,
995; Ueda et al., 2003; Barratt et al., 2004; Vella et al.,
005; Bottini et al., 2006; Lowe et al., 2007; Qu et al.,
007). Thus even with a polygenic disease, a coherent
henotype for diabetes has allowed the genetic contribu-

ions to be fully realized in these association studies. f
In order to achieve adequate phenotype definitions for
enetic studies, we must construct multivariate phenotypic
odels. Current approaches to phenotype definition lack
n ability to differentiate between disagreements that re-
ult from (a) different theoretical interpretations of data
ersus, (b) non-comparable datasets that are inappropri-
tely compared. Explicitly modeling phenotypes can ex-
ose quantitative relationships between phenotypic ele-
ents to allow consensus building. These rich phenotypic
etworks that contain quantitative relationships between
etwork nodes (i.e. a quantology [Parker et al., submitted
or publication]) can then be compared to genotypic data.
ere we provide a framework and tools including http://
ubatlas.org for (PubMed) knowledge representation and
he http://phenowiki.org knowledge base in order to sup-
ort this phenotypic modeling of quantitative effects.

In order to identify phenotype constructs that may ulti-
ately be successful in genetic association studies, the

eld needs to move beyond the now traditional endophe-
otype approach and begin to build and refine multivariate
ultilevel phenotype models. These models may help ex-
ose the complex interactions between phenotypes and
heir relationship to underlying genetic architecture (Sabb
t al., 2008). As neuropsychiatric syndromes are most

ikely caused by many genes with many small effects,
nderstanding the relationships between multiple pheno-
ypes is even more important.

Using more sophisticated bioinformatics tools to exam-
ne patterns in the literature through text mining can lead to

more objective definition of the components (“nodes”) of
model and the general patterns of interaction between

odes (“edges”). The current literature in neuroscience is
oo vast for the reader to objectively digest based on the
esults simple PubMed searches. Performing data reduc-
ion from a single perspective can lead to bias. For in-
tance, we found that a number of papers use the Mini-
ental State Exam (MMSE) as a measure of memory.
hile most researchers may disagree with this operational

efinition, searching the literature for “genes and memory”
ould provide hits for these manuscripts. In conducting a
eta-analysis or review, it is then up to the personal perspec-

ive of the author as to whether to include these findings.
sing bio-informatics literature-based approaches can pro-
ide an objective account of the literature, which will serve as
n initial lexicon from which the field can build consensus on
hat operational definitions are relevant for particular la-

ent constructs. A common criticism of bioinformatics is
eferred to as the “garbage in/garbage out” problem, which
tates that it is difficult to draw conclusions from inade-
uate data. We propose, however, that a larger problem in
euroscience is the inability to digest the relevant informa-
ion to draw any conclusions. Rather than using our ap-
roach to reach conclusions, we provide a way of organiz-

ng and visualizing the data that allows researchers to draw
he conclusions. In essence, we think it is important to
raw the entire map, but not tell the field how to get from
oint A to point B. These tools can provide better methods

or culminating current findings and progressively building

http://www.geneontology.org/
http://pubatlas.org
http://pubatlas.org
http://phenowiki.org
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n previous research (i.e. meta-analyses), which, as noted
y Rosenthal (1984), is a significant challenge in research.

Building these models, we feel, provides significant
alue to the neuroscience community. Using these tech-
iques can improve our ability to digest the large amounts of
ata generated every day in neuroscience journals, share
nowledge by developing free online tools to build collabora-
ive meta-analytic models, build consensus among currently
ebated latent constructs like cognitive control, and expose

nteractions between phenotypes that may mediate correla-
ions. Ultimately, these models may expose weak links in
urrent hypotheses and drive hypothesis testing of partic-
larly tenuous relationships.

In this meta-analytic review, we begin to build a multi-
ariate multilevel model of two complex phenotypes (mem-
ry and intelligence) and examine current cognitive, neu-
al, and genetic associations. Our methods detail a strat-
gy for using informatics procedures to help refine and
uild consensus for poorly defined phenotypes, which can
ltimately drive hypothesis testing to pursue novel genetic
ssociations. Through collaborative use of these free tools,
e ultimately aim to build a neuroscience knowledge base.
his proof of concept example reveals overlap in genes,
athways, and neural systems between these two puta-
ively disparate latent constructs.

METHODS

Memory” and “intelligence” are broad phenotypes that are
sed in a variety of ways in the literature. Rather than

mpose a single perspective on each of these phenotypes
y having the authors define the construct, we used a more
nbiased approach that considers the current landscape of

he literature to aid in our definition and construction of
hese phenotypes. Using similar methods described previ-
usly (Sabb et al., 2008), we constructed each phenotype

o include its co-occurrence with other terms in the litera-
ure. This provides a construct definition based on existing
nowledge across the field, and not solely from the per-
pective of these authors, which still represents a crucial
bstacle in building consensus in neuroscience.

NP lexica

or both constructs we used two lexica under development
y the CNP and freely available online (http://phenomics.
cla.edu) in order to help drive our phenotype definition
nd paper selection.

In order to build the most comprehensive lexica, we
tarted with a large list (2387 concepts, and 3824 tasks)
cquired from index sections of textbooks (Handel, 1989;
evelt, 1993; Hunt and Ellis, 2004; Medin et al., 2005;
eisberg, 2005; Sternberg and Mio, 2006), the World Wide
eb (WWW), and previous experience by the authors.
hile not exhaustive, we hope these lexica can provide

he groundwork, which can be further refined through col-
aborative editing by the entire field.

Lexica were refined using stemming tools (Lovins,
968), with which we grouped syntactically similar terms

ogether and ordered them by their prefixes and suffixes. o
uch regrouping greatly eases review by domain experts
y helping them identify and categorize the latent cognitive
oncepts or tasks. Initial domain expert review centered on

dentifying those terms that reflected “concepts” and
tasks” separately, while dropping terms that referred to
effects” or “theories.” The terms that were categorized as
oncepts by two of the three authors (R.M.B., R.A.P.,
.W.S.) were selected as concept lexicon candidates. Fur-

her, these candidate terms were examined for hits in the
ubMed database. Those that had at least one hit were
ept in the lexicon, yielding 900 terms. A similar procedure
as used to create a list of candidate cognitive tasks. It
hould be emphasized that these lexica are meant to serve
s starting points rather than comprehensive or finished
roducts. Given the aim of these projects is to develop
ollaborative tools for cognitive phenotype definition, it is
oped that investigators seeking to use these tools will add
he concept terms and specific tasks of interest to them,
nd that some of the existing terms may ultimately be
pruned” if these are not used.

ubAtlas

sing PubAtlas, a freely available web-based tool for
nowledge representation of the PubMed database, these
erms and tasks were then examined for their relationship
o the phenotype of interest (memory or IQ). PubAtlas (see
ttp://pubatlas.org) interrogates the PubMed literature and
rovides “heat maps” of Jaccard coefficients (a co-occur-
ence statistic based on the union and intersection of
erms) for any set of terms in an easy to use and flexible
eb-interface.

We selected the top five concepts most frequently
sed in conjunction with our phenotypes to provide cohe-
ive and manageable sets for review (Table 1). These
ollections of concepts refined our phenotype selection
enriched concept phenotype) and were then compared
ith our task lexicon. We chose the top six tasks from this

able 1. Co-occurrence statistics for concepts and tasks

Task Total hits Intersection Jaccard

emory
(4237)

Fluency 1871 81 �4.31

Paired Associates 2735 78 �4.48
AVLT 360 34 �4.9
CVLT 441 34 �4.92
MMSE 3650 42 �5.23
WMS 702 27 �5.23

ntelligence
(7730)

WAIS 2528 1862 �3.74

VIQ 915 915 �4.44
FSIQ 874 854 �4.51
WISC 702 675 �4.74
Stanford-Binet 475 381 �5.31
WCST 1204 321 �5.5

Output from PubAtlas reflecting co-occurrence strength for concepts
nd tasks. Gives total hits for each concept, total hits for each task, the
umber of hits for the intersection of concept and task, and the Jaccard
oefficient, a measure based on the intersection divided by the union

f sets.

http://phenomics.ucla.edu
http://phenomics.ucla.edu
http://pubatlas.org
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xpanded concept phenotype to establish an enriched task
henotype description (see methods flow chart, Fig. 1,
able 1). Several strong Jaccard coefficients for items

nitially in our task lexicon were not considered in this
eview, including “Naming” and “Digit-Span.” “Naming”
as judged to be a family of tasks and not a specific task,
hile we have previously shown “Digit-Span” was more
trongly correlated with “working memory” (Sabb et al.,
008).

Finally, tasks and concepts were used in PubMed
earches with keywords related to genetics in order to find
he best recall and precision to evaluate the genetic find-
ngs for these phenotypes (it may be noted that in literature

ining and web search, the term “recall” is used to signify
sensitivity” or complete retrieval of all relevant material,
hile “precision” signifies “specificity” or retrieval of only

elevant material, without irrelevant material). Along with
he relevant cognitive/behavioral terms (related to either
emory or IQ), we added a conjunction (AND) for genetic

eywords: “haplotype” OR “SNP” OR “single nucleotide
olymorphism” OR “gene” OR “linkage disequilibrium” OR
“genetic” AND (“association” OR “linkage”)) OR “GWAS”
R heritab*.

onstruct operational definitions

n this manuscript, we made several choices given the

ig. 1. Methods flow chart. We used two lexica underdevelopment as
e performed two steps in parallel for concept (depicted on the left) a

he narrow phenotype definitions of memory and intelligence (in blue b
ith step 3, we reduced this list by excluding references that did no

ndividuals.
readth of the literature that has been investigated related g
o these topics. We decided to look at genes related only to
ealthy function. We also look only at the human behav-

oral studies; we excluded neuroimaging studies, as other
ontributions for this special issue feature neuroimaging.
pecific constructs are defined in each section below.

henowiki

henowiki (http://phenowiki.org) is an online collaborative
atabase for phenotype interrogation, annotation, evalua-
ion, and selection. Phenowiki currently provides a collab-
rative web site for description, background, validity, and
ther important characteristics about tasks used in neuro-
cience. Further, it provides a semi-structured database
or user-inputted quantitative data about relationships be-
ween tasks and other phenotypes related to neuropsychi-
try. Quantitative data including effect sizes used in this
eview have been added to the Phenowiki database.
hese data are used to build a “hypothesis web” of the
emory and intelligence phenotypes. This “quantology,”
s we describe them, allows visualization of quantitative
elationships between related entities (Parker et al., sub-
itted for publication).

ethods caveats

deally, these methods provide a framework for using in-
ormatics to identify, examine, and refine, eventually en-

e PubAtlas web-tool to arrive at our final reviewed set of publications.
(on the right) to find concepts and tasks that frequently co-occur with
hese were then intersected with common gene search terms. Finally,
n genetic or behavior focus, or did not contain a sample of healthy
well as th
nd task
oxes). T
aging in an iterative process of task refinement to opti-

http://phenowiki.org
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ize measurement of a specific phenotype. There do re-
ain some current limitations to this approach. Firstly, our

exica are works in progress. They are not exhaustive, and
ithout help from the community can never reach that
oint. Improved lexica will provide better representation of

he literature and improve recall on PubMed searches. Our
econd caveat is that the current literature mining was
one on titles and abstracts in the PubMed database.
hile the PubMed database is extensive, it is not exhaus-

ive, and similarly, titles and abstracts do not contain the
ichness of full text. Expanding to richer datasets is cur-
ently under development. Finally, while we aim to provide

fully objective literature-based representation of these
onstructs, as we develop this proof of concept example
ome subjective decisions must be made. We chose arbi-
rary Jaccard thresholds and similarly decided not to re-
iew procedural or working memory. These were done
argely to reduce the scope of this review, but future work
ould expand this scope to yield fuller definition of specific
onstructs.

Candidate” genes vs. GWAS

here will soon be results from large GWAS to provide
icher knowledge about genetic associations with intelli-
ence and memory constructs. Although some commen-

ary suggests that these studies of cognitive phenotypes
ay be disappointing (Wade N, see NYT article Septem-
er 2008), it remains unclear to what extent this may just
eflect problems with sample size or problems with pheno-
ype definition as proposed here. Indeed, Maher et al.
2008) very recently noted two new “adequately powered”
WAS studies for bipolar disorder and schizophrenia with
ample sizes above 10,000, which may provide a “boost”
or neuropsychiatry genetics work.

A majority of the existing literature for genetic associ-
tion reflects studies of specific “candidate” genes, usually

nterrogated based on putative association with a disorder
r signaling pathway. The possibility that evidence for
ssociation in these genes represents false-positive find-

ngs has been reviewed in detail elsewhere (Glatt and
reimer, 2002; Flint and Munafo, 2007); in brief, so far
one of these genetic loci passes significance testing at

he genome-wide level. Of note, the “adequately powered”
WAS studies noted above did not illuminate the usual
ast of characters seen from typical candidate gene work
Maher et al., 2008). Below we review specific genes
aised by our PubMed query and their relationship to our
onstructs of interest. Thus this review undoubtedly con-
ains some inappropriate genetic targets, but we believe
evertheless this multivariate strategy will be important in
etecting which genes (or neural systems, concepts, etc.)
re inappropriate and which require greater efforts. We
ecognize the irony in reviewing this work after being crit-
cal of its approach; however, we feel the aggregation of
hese data is important in building models that represent
he current state of knowledge in neuroscience. In this
eview, we remain agnostic as to the current strength of the
nding as more than a few studies still have very small

ample sizes and report very weak associations making it t
asier to understand why some of these studies were
ifficult to replicate. Recent studies using whole-genome
uggest P-values at least on the order of 10�7 may be
eeded in order to survive correction across the genome,
hich should make them easier to replicate (Glatt and
reimer, 2002). This highlights another significant problem
f the “candidate” gene approach, demonstrating the iner-
ia in neuropsychiatric genetics as the same loci are tested
ime and time again, without correcting for genome-wide
ignificance.

INTELLIGENCE

ntelligence is a poorly defined and often disputed con-
truct, yet it is arguably the most well-studied behavioral
henotype in humans. Here we will avoid questions about
ontroversy/dispute of its theoretical (construct) validity
ith respect to genetic findings, but point the reader to an
xcellent discussion of some of these issues (Sternberg et
l., 2005).

Behaviorally, intelligence is a complex phenotype in-
olving many well-validated tests (e.g. WAIS), however
pparent shared variance among a variety of tests in all
reas of cognition led researchers to propose “g.” The
oncept of g (for “general cognitive ability”) was proposed
early a century ago to acknowledge the substantial co-
ariance among diverse psychometric tests of cognitive
bility (Spearman, 1904). In a meta-analysis of 322 stud-

es, the average correlation among diverse tests (e.g. ab-
tract reasoning, spatial abilities, and verbal fluency) is
bout 0.30 (Carroll, 1993), suggesting support for a single
nderlying latent factor such as “g.” The construct of “in-
elligence” continues to be measured today following par-
digms largely established before 1918 [(Boake, 2002);
ee also Bilder et al. (in press)]. There remains controversy
bout the most appropriate definition of the intelligence
onstruct broadly, whether it is best represented as “g,” as
g” with secondary “specific” intelligences, or best concep-
ualized as a “positive manifold” of multiple discrete sub-
onstructs (van der Maas et al., 2006). A full review of the
ehavioral manifestation of the construct is beyond the
cope of this review, but we point the reader to a number
f recent reviews that consider both the behavioral con-
tructs (Neisser et al., 1996; Gottfredson, 1997).

atent construct definition

ur review method yielded 56 hits for the enriched task
efinition of intelligence (see Fig. 1) and 123 hits for the
nriched concept definition that served as our operational
efinition (see Figs. 1 and 2, Table 2). For the intelligence
onstruct there was significant overlap between hits in the
ask and concept suggesting a fairly common set of tasks
sed to examine this construct. This resulted in the final list
f reviewed papers for the intelligence construct of 75
rticles. From these, we reduced the list to only include
ealthy behavioral studies, leading us to tabulate 34 dif-
erent effects of gene function on intelligence.

Despite the ambiguity in the validity of this construct,

here is relatively consistent evidence that IQ has demon-
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trated moderate heritability. Meta-analyses based on
ore than 10,000 twin pairs, 8000 parent-offspring pairs
nd 25,000 sibling pairs yield heritability of about 50%
McGuffin et al., 2001). This is an important, yet sometimes
urprisingly overlooked, characteristic of cognitive pheno-
ypes if they are to be investigated in studies for genetic
eterminants.

Intelligence shows strong covariance with almost every

ig. 2. Phenotype construct maps. Graphical depictions of our en
o-occurrence strength. Dotted line represents concepts chosen to de
ncluded in our phenotype definition.
spect of cognition. This makes literature-based mining for e
erm-frequency measures somewhat more challenging as
ften studies report controlling for IQ. This challenge, how-
ver, reinforces the fact that it is difficult to dissociate

ntelligence from any aspect of cognition.

eural systems

he neural correlates of intelligence have not been clearly

oncept phenotype definitions. Distance from the center suggests
onstruct. Blue circles represent other frequent concepts that were not
riched c
fine the c
lucidated. There are, however, a number of brain regions



Table 2. Parameters for memory and intelligence effect (sizes)

# 1st Author PMID Source Gene SNP Task Indicator (condition) Statistic Stat
value

P-value N Cohen’s d

Memory effects

1 Gondo 16095668 Task 5-HTT S/L allele MMSE Cognitive function Not reported 265

2 Reynolds 17564514 Concept 5-HTT U79746 [exon 1B �925
T/G]

Thurston Picture Memory Quadratic change
score at age 65

F(,) 3.13 0.05 112 0.31

3 Roiser 16893493 Concept 5-HTT S/L allele/tryptophan
depletion

CANTAB pattern recognition Percent correct P-value only 0.05 30 0.62

4 Strange 18614671 Concept 5-HTT S/L allele Word Perception Task # Items recalled F(1,26) 4.865 0.036 28 0.71

5 Mannie 18775088 Direct 5-HTT S/L allele RAVLT Delayed recall No stats, ES derived from
means/SD

31 0.32

5-HT avg 0.41

6 Albert 17402816 Concept APOE Presence of e4 composite Episodic memory Mixed
model

0.89 0.001 327 0.34

7 Andersson 17124416 Concept APOE Presence of e4 RAVLT Delayed recall score
used for group
assignment

Not reported 124

8 Andersson 17124416 Concept APOE Presence of e4 MMSE Cognitive status P-value only 0.01 124 0.42

9 Deary 15222832 Task APOE Presence of e4 WMS-R logical memory Delayed recall F(1,457) 7.84 0.005 462 0.24

10 Ferguson 12502505 Task APOE Presence of e4 Borkowski verbal fluency # Of items in 60 s P-value only 0.063 96 0.31

11 Fiocco 18374494 Concept APOE Presence of e4 Unrelated word pairs (not
normed)

Total recall of word
pairs

Not reported 63

12 de Frias 17379671 Concept APOE Presence of e4 Episodic memory (from
factor structure
�nyberg03)

Recall composite
score

t () 5.69 0.001 524 0.27

13 de Frias 17379671 Concept APOE Presence of e4 episodic memory (from
factor structure
�nyberg03)

Recognition
composite score

t () 6.2 0.001 524 0.27

14 de Frias 17379671 Concept APOE Presence of e4 Episodic memory (from
factor structure
�nyberg03)

Fluency composite
score

t () 4.65 0.001 524 0.27

15 Halkala 7644133 Task APOE Presence of e4 Buschke’s list learning Total recalled over
six trials

P-value only 0.01 916 0.15

16 Halkala 7644133 Task APOE Presence of e4 Visual Reproduction Test Reproduce three
figures

Not reported 916

17 Harwood 12075916 Task APOE Presence of e4 MMSE Age and education
adjusted score

OR 9.5 0.004 57 0.74

18 Helkala 8938259 Concept APOE Presence of e4 Buschke’s list learning;
figure recall

Sum of word list
recall over six
trials

P-value only 0.003 632 0.22

19 Jorm 17201525 Concept APOE Presence of e4 CVLT Delayed recall P-value only 0.91 6560 0.03

20 Mondadori 17077159 Concept APOE Presence of e4 Associative encoding Delayed recall Odds ratio 1.6 0.009 340 0.26

21 Nilsson 17100509 Concept APOE Presence of e4 Composite Composite score for
recall data

F(4,1542) 6.48 0.005 657 0.20

22 Reynolds 17564514 Concept APOE Presence of e4 Thurston Picture Memory Quadratic change
score at age 65

F(,) 1.22 150

23 Schultz 18235080 Concept APOE Presence of e4 WMS-III Logical memory
subtest,
immediate and
delayed recall

F(1,617) 6.79 0.009 626 0.19

24 Strandburg 15748778 Task APOE Presence of e4 MMSE Cognitive
impairment

P-value only 0.02 357 0.22
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Table 2. continued

# 1st Author PMID Source Gene SNP Task Indicator (condition) Statistic Stat
value

P-value N Cohen’s d

25 Tagarakis 17606532 Task APOE Presence of e4 MMSE Cognitive
impairment

Not reported 137

26 Tagarakis 17606532 Task APOE Presence of e4 WMS-R Cognitive
impairment

Not reported 137

27 van Munster 17728664 Task APOE Presence of e4 MMSE Cognitive
impairment

P-value only 0.057 72 0.37

28 Yip 12205106 Task APOE Presence of e4 MMSE Dementia Adjusted
OR

1.5 2034

APOE avg 0.12

29 Egan 12553913 Concept BDNF val66met WMS-R Recall of items from
two stories after
30 min delay

F(2,591) 3.89 0.02 641 0.16

30 Dempster 15719396 Direct BDNF val66met WMS-R logical memory Delayed recall t() �2.65 0.01 114 0.44

31 Hariri 12890761 Concept BDNF val66met Scene Recognition Task Old/new judgment—
percent correct

F(1,26) 9.44 0.005 64 0.67

32 Harris 16446742 Task BDNF val66met Verbal fluency # Words in 1 min F(,) 1.3 0.28 460 0.05

33 Harris 16446742 Task BDNF val66met Logical memory Recall of items in
story

F(,) 1.7 0.19 460 0.08

34 Harris 16446742 Task BDNF val66met Moray House Test (MHT) Test of verbal
reasoning taken
at age 11

F(,) 4.2 0.016 460 0.20

35 Strauss 15626819 Concept BDNF val66met Verbal declarative memory Composite score F(4,54) 1.4 0.25 19 0.31

BDNF avg 0.23

36 Apud 17063156 Concept COMT val158met Free recall of word list # Correct/15 words Not reported 47

37 Frias 15319576 Concept COMT val158met Recall test; recognition tests # Correct/16 items
over three tests

F(2,277) 3.29 0.04 286 0.21

38 Harris 15979789 Concept COMT val158met WMS-R logical memory
portion

Recall of items in
story

F(,) 3.6 0.028 460 0.18

39 Strauss 15626819 Concept COMT val108/158met WMS Logical memory
(delayed) subtest

F(4,54) 0.49 0.15 49 0.30

40 Strauss 15626819 Concept COMT val158met Paired assoc learning Delayed score F(4,54) 0.49 0.79 49 0.23

COMT avg 0.17

41 Nacimas 18378080 Concept KIBRA T/C allele (rs 17070145) 24-h Delayed Five Words
Recall

Recall of five and
paired words
24 h delay

P-value only 0.04 70 0.42

42 Nacimas 18378080 Concept KIBRA T/C allele (rs 17070145) Short Story Immediate recall P-value only 0.03 70 0.45

43 Need 18205171 Task KIBRA T/C allele (rs 17070145) CANTAB verbal recall Not provided P-value only 0.63 319 0.04

44 Need 18205171 Task KIBRA T/C allele (rs 17070145) Story recall (Green, 2005) Not provided P-value only 0.39 319 0.03

45 Need 18205171 Task KIBRA T/C allele (rs 17070145) AVLT Delayed recall P-value only 0.56 365 0.02

46 Schaper 17353070 Concept KIBRA T/C allele (rs 17070145) Verbal Learning and
Memory Test

Total recall Effect
size d

0.74 0.004 64 0.74

47 Almeida 18194457 Direct KIBRA T/C allele (rs 17070145) CERAD Delayed recall F(,) 3.91 0.049 312 0.19

KIBRA avg 0.19

48 Luciano 19077176 DTNBP1 rs 742105 English cohort Verbal declarative memory Memory cumulative
recall

t �2.67 0.01 745 0.168

49 Luciano 19077176 DTNBP1 rs 742105 English cohort Verbal declarative memory Delayed recall t �1.93 0.05 745 0.119

50 Luciano 19077176 DTNBP1 rs 742105 English cohort Verbal declarative memory Memory factor t �2.32 0.02 745 0.149

51 Luciano 19077176 DTNBP1 6-SNP Burdick risk
haplotype ACT in
Scottish cohort

Verbal declarative memory Logical memory
immediate

F(1,1022) 4.55 0.03 1054 0.114

DTNBP1 avg 0.14
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Table 2. continued

Intelligence effects

# 1st Author PMID Source gene SNP Task Condition Statistic Stat
value

P-value N Cohen’s d

1 Turic 11166947 Con APOE apoE/�491 AT WISC High g (136)�avg g
(103)

Chi 2.599 0.761 202 0.10

2 Turic 11166947 Con APOE apoE/Th1/e47cs WISC High g (136)�avg g
(103)

Chi 3.364 0.498 202 0.00

3 Turic 11166947 Con APOE Presence of e4 WISC High g (136)�avg g
(103)

Chi 2.877 0.238 202 0.23

4 Pendleton 11983298 Con APOE Presence of e4 Heim Ah4 part 1 score t () �0.7 0.48 767 0.05

5 Ferguson 12502505 Task APOE Presence of e4 WAIS PIQ raw score P-value only 0.037 96 0.33

6 Puttonen 12886039 Con APOE Presence of e4 Mental Arithmetic Correct trials t () 57 �0.42

7 Puttonen 12886039 Con APOE Presence of e4 Mental Arithmetic Adjusted correct
trials

t () 57 �0.51

8 Puttonen 12886039 Con APOE Presence of e4 Mental Arithmetic # Of trials t () 57 �0.46

9 Deary 15222832 Task APOE Presence of e4 Ravens Correct completed F(1,457) 1.46 0.23 1462 0.11

APOE avg 0.09

10 Harris 16446742 Con BDNF val66met Ravens Correct completed F(,) 7 0.001 904 0.20

11 Harris 16446742 Con BDNF val66met Moray House Test F(,) 4.2 0.016 904 0.14

12 Tsai04 From
savitz

BDNF WAIS Piq P-value only 0.046 114 0.30

13 Goldberg 17988784 Task BDNF matched IQ Not applicable

BDNF avg 0.21

14 Comings 12556901 Con CHRM2 a-�t 1890 WAIS-R Fsiq F(,) 4.12 0.017 828 0.15

15 Dick 17160701 Task CHRM2 8 SNPS �0.05 WAIS-R Piq 8 SNPs P�05 0.05 1113 0.10

16 Gosso 17996044 Con CHRM2 rs 2061174 WAIS-R Piq Chi 9.14 0.003 391 0.28

17 Gosso 17996044 Con CHRM2 rs 323650 WISC Viq Chi 9.5 0.002 371 0.30

CHRM2 avg 0.17

18 Barnett 17202556 Direct COMT Val158Met WISC Viq F(2,1763) 9.97 0.001 8707 0.21

19 Barnett 17202556 Direct COMT Val158Met WISC Fsiq F(2,1639) 4.28 0.05 8707 0.15

20 Malhotra 11925305 Task COMT Val158Met WCST Perseverative errors F(2,70) 4.43 0.02 73 0.71

21 Reuter 16026865 Con COMT Val158Met Not reported 96

22 de Frias 16102234 Con COMT Val158Met WAIS Block design F(1,285) 4.59 0.03 292 0.25

23 Starr 17548151 Task COMT Val158Met Ravens Correct completed F(2935.7) 7.92 0.001 473 0.26

24 Tsai03 12566168 Savitz COMT Val158Met WCST Perseverative errors P-value only 0.755 120 0.12

25 Tsai03 12566168 Savitz COMT Val158Met WAIS Viq P-value only 0.431 120 0.03

26 Tsai03 12566168 Savitz COMT Val158Met WAIS Piq P-value only 0.658 120 0.07

27 Tsai03 12566168 Savitz COMT Val158Met WAIS Fsiq P-value only 0.511 120 0.00

COMT avg 0.21

28 Ball 9507981 Task DRD2 TaqI A1/A2 WISC High g (136)�avg g
(105)

0.41 102 0.04

29 Rodriguez–
Jimenez

17230034 Task DRD2 C957T WCST Perseverative errors F 5.849 0.018 83 0.73

30 Han 18555060 Task DRD2 TaqI A1/A2 WCST Not reported 40

31 Tsai02 11979061 Task DRD2 TaqI A1/A2 WISC Piq 0.036 112 0.34

32 Tsai02 11979061 Task DRD2 TaqI A1/A2 WISC Viq 0.289 112 0.10

33 Petrill 9145541 Savitz DRD2 TaqI A1/A2 WISC High g (51)�avg g
(51)�low g (35)

Not significant, not reported 137
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Table 2. continued

Intelligence effects

# 1st Author PMID Source gene SNP Task Condition Statistic Stat
value

P-value N Cohen’s d

34 Berman 7755518 Savitz DRD2 TaqI A1/A2 WISC Fsiq No stats, ES derived from
means/sd

73 0.07

DRD2 avg 0.29

35 Burdick 16415041 DTNBP1 CTCTAC risk haplotype General cognitive ability Composite factor
score

F(1,125) 4.29 0.04 126 0.311

36 Luciano 19077176 DTNBP1 rs 1047631 English
cohort

Cattell Culture fair t �2.12 0.03 745 0.136

37 Luciano 19077176 DTNBP1 3-SNP Donohoe risk
haplotype ACT in
English cohort

General ability Alice heim 2 F(1,728) 3.73 0.05 745 0.119

38 Luciano 19077176 DTNBP1 3-SNP Donohoe risk
haplotype ACT in
English cohort

General ability G factor (Wave 1) F(1,688) 5.67 0.02 745 0.149

39 Luciano 19077176 DTNBP1 rs 742105 English cohort General ability G factor (Wave 2) t �2.19 0.03 745 0.136

40 Luciano 19077176 DTNBP1 6-SNP Burdick risk
haplotype ACT in
Australian cohort

Verbal ability Nart 0.04 1806 0.081

41 Luciano 19077176 DTNBP1 3-SNP Donohoe risk
haplotype ACT in
English cohort

Verbal ability Mill hill a F(1,724) 11.82 0.001 745 0.224

42 Luciano 19077176 DTNBP1 rs 2619539 English
cohort

Verbal ability Mill hill a t 2.09 0.04 745 0.127

DTNBP1 avg 0.13

Cohen’s d effect sizes were calculated from t or F statistics when degrees of freedom were provided. Otherwise, P-value and sample size were used to calculate (Cohen’s d) effect sizes. This table contains incomplete
information, only what we were able to glean from the article. All effects are available online (http://phenowiki.org), and we encourage the authors to fill in missing data for their studies. To compute averages we only chose one
effect per (independent) sample. We chose the strongest evidence for implication of that gene for the average, but this table contains additional relevant effects. “From” column, notes what method was used to find that paper
(either from our task, concept, or direct search strategy, or cross-pollination from a paper already in the list).
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F. W. Sabb et al. / Neuroscience 164 (2009) 88–10798
hat have been consistently implicated in functional and
tructural imaging studies of intelligence in humans (e.g.
haw, 2007; Thompson et al., 2002). Using our PubMed
LAST tool, PubAtlas, to extract the co-occurrence of
rain regions and cognitive concepts, we show that the
ost common brain regions implicated in intelligence are

he corpus callosum, the prefrontal cortex, the hippocam-
us, and the basal ganglia. These brain regions also cor-
espond well to neural systems targets implicated in the
enetic expression and signaling pathways for down-
tream effects of candidate genes implicated in intelli-
ence [e.g. Kovas and Plomin (2006) present an excellent
heoretical review of this work]. Thus, converging evidence
rom molecular and behavioral work highlights the impor-
ance of the PFC, HC, and BG.

A full review of the neural systems evidence for the
enes, signaling pathways, behaviors, and diseases dis-
ussed here is beyond the scope of this meta-analysis.
urther work will be required to quantify the specific effect
izes for these relationships, but until that work is com-
leted we have pointed the reader to valuable reviews of
pecific evidence for the involvement of the basal ganglia,
ippocampus, and prefrontal cortex.

enes

nterrogating the PubMed literature using the search crite-
ia described above revealed several associations using a
candidate” gene approach. Indeed there are a number of
xcellent review articles detailing the genetic findings of

ntelligence (Plomin and Petrill, 1997; de Geus et al., 2001;
lomin and Spinath, 2004). For this special issue, we
ummarize genetic association findings as part of our mul-
ivariate modeling approach. The full PubMed reference
ist returned from our search and additional details about
ach article are available on our website (http://www.
henowiki.org). As to be expected with a “candidate” gene
pproach, a number of well-known genes have been in-
estigated across a variety of disorders and linked to a
umber of “endophenotypes.” These associations are gen-
rally weak, but exposing all the interactions together may
rovide additional clarity.

APOE. The apolipoprotein E gene and associated
rotein are involved in the breakdown of beta-amyloid
eposits and has been implicated in Alzheimer’s disease
Bertram and Tanzi, 2008). Three relatively large studies
eport no significant effect of the e-4 allele on IQ using
ifferent tests (Turic et al., 2001; Pendleton et al., 2002;
eary et al., 2004). In contrast, Ferguson and colleagues

2003), reported worse performance on WAIS-R-test for
hose with a copy of e-4, however, they studied 96 women
ll with type I diabetes. One report even suggests that e-4
llele conferred better mental arithmetic, which the authors
sed as a measure of general cognitive ability (e-4 was
etter). Together these studies show weak evidence for
he role of APOE in intelligence (Cohen’s d effect size�
.09).

Brain derived neurotrophic factor (BDNF). The BDNF

ene encodes for a secretory protein involved in a number f
f important functions throughout the CNS, from glutamate
ignaling to cell survival to plasticity. Abnormal BDNF ex-
ression has been observed in patients with schizophrenia
Lu and Martinowich, 2008) and mood disorders (Marti-
owich et al., 2007; Martinowich and Lu, 2008). A previous
eview (Savitz et al., 2006) of BDNF and cognition noted
ne study that examined the WAIS-R in 114 Chinese
omen (Tsai et al., 2004). Separately, Harris and col-

eagues (2006) report a significant effect of BDNF geno-
ype on Raven’s progressive matrices measures of intelli-
ence in two large healthy cohorts. Thus, BDNF shows a
mall effect on intelligence (Cohen’s d effect size�0.21).

Catechol-O-methyltransferase (COMT). COMT is one of
he most studied genetic polymorphisms in relation to hu-
an cognition. The allure of the val158met polymorphism

s the apparent fourfold differences in COMT enzyme ac-
ivity associated with that substitution. In an older cohort,
tarr and co-authors (2007) found that COMT has an
ffect on overall cognition using a battery of tests. de Frias
nd co-workers (2005) report poorer performance on block
esign WAIS-R in those with a Val allele. Malhotra et al.
2002) report WCST errors was impacted by COMT. A
ecent review by Savitz et al. (2006) reveals one study of
ealthy subjects, who report no differences in a very small
ample (six met/met), making interpretation difficult (Tsai
t al., 2003). Overall, there is a small effect for the role of
OMT in intelligence (Cohen’s d�0.21).

Dopamine receptor d2 (DRD2). The Taq1 allelic vari-
nt of the DRD2 is important for dopamine signaling, es-
ecially in the striatum (Bowirrat and Oscar-Berman,
005). Two early studies in a healthy population from the
lomin group found no difference in allelic (A1/A2) fre-
uency using WISC-R (Petrill et al., 1997; Ball et al., 1998).
he review by Savitz et al. (2006) notes a study (Berman
nd Noble, 1995), that found no difference in WISC IQ
ssociated with Taq A1 allele in the control group (in a
tudy of alcoholism). More recently, Tsai et al.(2002)
ested 112 female Chinese participants using the WAIS-R
nd found differences in PIQ but not FIQ or VIQ.

Several researchers have also used the Wisconsin
ard Sorting Task as a measure of general functioning.
his task is very complex and often shows significant
orrelation with more traditional measures of intelligence
e.g.; Ardila et al., 2000], and while it is unclear how well it
verlaps with the construct, it is frequently associated with
eneral ability (in the literature). Rodriguez-Jimenez and
olleagues (2006) used the WCST as a measure of ab-
tract reasoning ability and found more perseverative er-
ors. Han and colleagues (2008) also found no effect in

CST errors in a control group (vs. meth abuse), but did
ot report any statistics for the control sample.

CHRM2. CHRM2 is a gene that encodes a cholin-
rgic/muscarinic type 2 receptor. Located on chromosome
q, it contains a number of SNPs studied in neuropsychi-
try. This receptor is primarily a presynaptic auto-receptor
hat modulates release (Luo et al., 2007). Three studies

rom two different groups (Gosso et al., 2006b; Dick et al.,

http://www.phenowiki.org
http://www.phenowiki.org
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007b) report several SNPs on the CHRM2 gene are
ssociated with intelligence. In relatively large samples,
oth Gosso et al. (2006b) and Dick et al. (2007b) found
odulation in this gene on WAIS-R at a number of different
NP locations. More recent fine mapping of the CHRM2
ene by Gosso et al. (2006b) confirmed two SNPs from
heir previous study and found two new ones. These stud-
es suggest a very small effect size (Cohen’s d�0.17) for
he role of this gene in intelligence.

Dysbindin-1 (DTNBP1). DTNBP1 encodes dystro-
revin-binding protein, which is expressed downstream in
ynaptic terminals in a number of subcortical and cortical
egions including the hippocampus, the frontal lobe, the
emporal lobe, and the midbrain. There is also growing
vidence that suggests increased risk for schizophrenia is
ssociated with dysbindin’s influence on cognitive and pre-
rontal function (Posthuma et al., 2005; Burdick et al.,
006; Donohoe et al., 2007). Burdick and colleagues
2006) first reported an association between DTNPB1 six-
ocus haplotype (CTCTAC) and (g) in two independent
amples of patients with schizophrenia and healthy con-
rols. Another group found a relationship between WAIS-III
Q scores and several single SNPs in healthy controls, pa-
ients with schizophrenia, and their siblings but did not report
tatistics for these groups separately (Zinkstok et al., 2007). A
ery recent report that employed a diverse range of cognitive
asks and SNPs in three large independent samples of
ealthy individuals composed of Australian, English, and
cottish descent provides a large number of association re-
ults for dysbindin (Luciano et al., 2009). These associations
iffered across study population and cognitive measure, but
enerally supported a relationship between DTNBP1 geno-
ype and cognitive ability, although most effect sizes for mem-
ry and IQ were quite small. Luciano and colleagues (2009)
est a large number of SNPs and cognitive measures, of
hich those that passed a nominal P-value threshold of
�0.05 are included in Table 2, and the remaining effects
vailable online through http://phenowiki.org (http://www.
henowiki.org). Even when including just the significant ef-
ects in the report by Luciano et al. (2009), the average
eighted effect size for DTNBP1 in intelligence is only 0.13

Cohen’s d). These authors, however, did replicate the
ssociation between general cognitive ability and the orig-

nal 6-SNP haplotype (Burdick et al., 2006). Thus, there is
onsistent but very weak evidence beyond the initial asso-
iation study for the role of dysbindin in intelligence in the
ealthy population.

WAS or GW linkage reports

lomin’s group and his research colleagues have champi-
ned the QTL strategy. In a genome-wide allelic (or
pooled”) association method, pools of DNA are formed by
ombining samples from individuals differing in mean
core on IQ, and then a comparison is made of the fre-
uency of alleles for each marker between the comparison
roups. Recently, this group reported association for gen-
ral cognitive ability (g) taken at age 7 in a sample of 6000

wins (Butcher et al., 2005). Five of the 10,000 typed single 5
ucleotide polymorphisms (SNPs) (located on chromo-
omes 2, 6, 7, 11, and 18) showed replicable association
ut together accounted for less than 1% of ability variance.
hough these associations were confirmed by individual
enotyping, a meta-analysis across six population sam-
les did not support an association between the 5-SNP set
nd (g); (Luciano et al., 2008). Of course, at the time this
tudy was conducted, the prevailing technology was far

ess developed than today, thus prompting both the use of
he pooled DNA method and genotyping at “only” 10,000
NPs, while today GWAS routinely genotype each individ-
al case at more than 350,000 SNPs.

Five genome-wide studies converge to identify regions
n chromosomes 2, 6, and 14 as explaining some of the
ariance in intelligence (Luciano et al., 2005; Wainwright
nd Jordan, 2005; Buyske et al., 2006; Dick et al., 2007a).
ost recently, Butcher et al. (2008) further explored a
enome-wide association scan employing a 500,000 SNP
icroarray (Butcher et al., 2005). They found six SNPs that

ielded significant associations with (g), although again the
ffect size explained less than 1% of the phenotypic vari-
nce. This has led some to suggest that effect sizes may
e much smaller than previously considered (Meaburn et
l., 2006).

Plomin and Kovas (2005) have argued for a “generalist
ene” hypothesis, to explain how the phenotypic relation-
hip with (g) is largely mediated genetically, where the
enes for individual variation in intelligence are often gen-
ral in their effects. This hypothesis is grounded in consid-
rable multivariate genetic research showing that there is
ubstantial genetic overlap between broad areas of cogni-
ion such as language, reading, mathematics, and general
ognitive ability [see; Deary et al., 2006 for review]. One
nalysis (Luo et al., 1994) using 17 ability measures from
wo intelligence test batteries found that all the tests were
nfluenced by genetic sources common to all tests. Another
tudy (Rijsdijk et al., 2002) investigated correlations using
he Raven’s Progressive Matrices and the WAIS in 194
wins. The authors found that the covariation among the

AIS subtests and between the subtests and Raven’s was
redominantly influenced by a second-order genetic factor,

ending support to the notion of a biological basis for (g).
hese data substantiate the notion that specific cognitive
bilities are influenced by a pervasive genetic factor whose
ontribution to each phenotypic measure does not differ
ignificantly.

ntelligence construct conclusions

andidate genes have not provided us much traction, as
hey explain little of the variance in this phenotypic con-
truct. If we look at the average effect size for each of the
andidate genes provided here and what percentage of
ariance that explains, we can calculate a liberal approxi-
ation of how much variance we may currently be able to
xplain. This is assuming a very simple additive model with
o interaction between genes, so it is unlikely to be as
trong as suggested here. These five genes might explain

.5% of the variance in a construct that shows very strong

http://phenowiki.org
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eritability (at least 50%). Thus, a large portion of the
ariance has yet to be explained.

There are other genes that may warrant consideration
nce evidence for their association is replicated by inde-
endent groups. These genes may shed additional light on
he complex interaction of the multivariate representation
f intelligence. Cathepsin D, a protease implicated in AD,
as been studied in a large cohort of older adults using the
eim Intelligence Test (Payton et al., 2003). SNAP-25
odes for a membrane protein that is essential for vesicle
ocking at the presynaptic terminal. Two papers by Gosso
nd colleagues (2006a, 2008) show WISC scores differed
or different SNAP-25 SNPs. Another interesting study by
euter et al. (2005) found an interaction between
OMT/D2 and the Stroop test. This highlights the chal-

enges facing neuroscience going forward as we aim to
nderstand the role of specific genes and the interactions
etween these genes in the pursuit of association with
omplex phenotypes.

MEMORY

emory is a broad and multifactorial concept (Squire,
992). The intuitive concept of memory, involving the rec-
llection of previous events or facts, is most often identified
ith the declarative memory system, which is in turn often
onsidered to rely upon the medial temporal lobe (hip-
ocampus and related structures) as well as other brain
egions including the prefrontal cortex, but clearly involves

broad range of cellular processes widely distributed
hroughout the brain. Declarative memory is often subdi-
ided into three processes; encoding (the creation of mem-
ry traces based on experience), consolidation (the fixa-

ion of those memory traces into a longer-term store) and
etrieval (the recollection of stored information). The con-
truct (Fig. 2) defined by the results of our informatics
rocedures suggests a close relation between declarative
emory and declarative knowledge, memory consolidation,

pisodic memory, and episodic learning in the literature. Al-
hough in the literature declarative memory is frequently
lso associated with procedural memory and learning, as
ell as non-declarative memory, we chose not to include

hose constructs here, as largely agreed to represent dif-
erent forms of memory that have different tasks, disor-
ers, and neural substrates.

atent construct definition

or the declarative memory construct (see Fig. 2, Table 1),
ur procedure led to 50 hits for the enriched task definition
nd 118 hits for the enriched concept definition. As with the
Q construct, we reduced this list by excluding papers that
id not include either genetics or behavior. We note here
hat we also did not consider “working memory” or “short-
erm memory,” as these may be more related to attention/
ontrol processes than memory (Sabb et al., 2008), and
e did not consider “procedural memory” in an effort to

educe the scope of review. We did find that “declarative
emory” and “episodic memory” showed a very high over-
ap in papers, suggesting these terms are used inter- a
hangeably in the literature. There was very little overlap in
he task and concept lists, suggesting less uniformity in the
asks used to measure (declarative) memory, and consis-
ent with the idea that “memory” has not been measured as
unitary construct. Somewhat surprisingly, several papers
sed the MMSE as a test of memory. Although widely
ccessible, this might not be the most accurate indicator of
eclarative memory, and it highlights the need for better
onsideration of phenotype measures for latent cognitive
onstructs. Overall, we report 47 effects of genes on memory
erformance in the healthy population. For each construct, a

ull list of hits for the original queries and the pruned lists of
its are available online at http://phenowiki.org.

As mentioned above, although sometimes overlooked
n establishing phenotype definition, examining the herita-
ility of the construct and especially the tasks that measure
hem is an important step (Gottesman and Gould, 2003).
everal studies confirm the heritability of declarative mem-
ry. In 1997, McClearn reported the heritability of memory
t �50% using the WAIS (McClearn et al., 1997). In an
ged population, Johansson and colleagues (1999) found
he heritability of episodic memory ranged from 0.04 to
.49, depending on the specific indicator used.

eural level

he neural correlates of memory are well studied in neu-
opsychology, functional imaging, and molecular neuro-
cience. Seminal work by Knowlton and Squire (Squire et
l., 1993) developed a model that dissociates declarative
nd non-declarative memory systems. These systems are
erved by different brain networks, with declarative puta-
ively driven by the medial temporal lobe including the
ippocampus, while non-declarative forms of memory are
utatively served by the basal ganglia (Knowlton et al.,
996). These brain regions are consistent with those im-
licated in intelligence (especially when one considers that
he PFC is largely implicated in working memory studies).
s with intelligence, there is good convergence between
ifferent approaches that implicate the same brain regions,
s these regions are presumed to be the focus of disorders

ike schizophrenia (Gothelf et al., 2000), and show molec-
lar mechanisms putatively involved in memory [i.e. long
erm potentiation (LTP)] (Pelletier and Lacaille, 2008). We
ope with further work in building models like these, the
eld can begin to quantitatively describe the specific rela-
ionships between these nodes. This may help to elucidate
imilarities and more importantly the differences in critical
athways between disease and genes.

enes

s with IQ, our search criteria revealed several putative
ssociations with candidate genes in the PubMed litera-
ure. A majority of the papers studying genetics effects of
emory have focused on the APOE gene, with most of

hem reporting significant differences for those with the e4
llele. Here we review briefly review APOE and those with
t least two reports in healthy samples as recovered using
ur search criteria. Again, the full PubMed reference list is

vailable on our website (http://www.phenowiki.org).

http://phenowiki.org
http://www.phenowiki.org
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APOE. The APOE e-4 allele is a known risk factor for
D but its role in normal memory is still debated. Of the 22
apers examined here, only five failed to report a signifi-
ant effect on memory for carriers of the e4 allele (Yip et
l., 2002; Jorm et al., 2007; Tagarakis et al., 2007b; van
unster et al., 2007; Fiocco et al., 2008). The remaining

tudies found that those with the APOE e-4 allele had
oorer memory performance using a variety of different
asks.

Several studies used a rather tenuous operational def-
nition of memory in the MMSE (Haan et al., 1999; Har-
ood et al., 2002; Yip et al., 2002; Strandberg et al., 2005;
ndersson et al., 2007; Tagarakis et al., 2007a; van Mun-
ter et al., 2007). Across these studies, however, lower
MSE scores were seen for those with a copy of the e-4
llele than those without the e-4 allele. As mentioned
bove, the total MMSE score may not be the most reliable

ndicator of declarative memory performance. A study by
nderson et al. (2007) lends support to this, by using both

he MMSE and the Rey Auditory Verbal Learning Test
RAVLT). They found e4 carriers performed worse on the
MSE but not on RAVLT.

Other studies used well-established memory batteries
WMS, Buschke) to assess the relationship between
POE and memory. Two studies from the same group
sed Buschke’s tests. Helkala studied a large sample of
on-demented elderly subjects and found APOE e4 carri-
rs scored significantly lower on Buschke’s list learning
est (Helkala et al., 1995), and in the same cohort found
hose with the e-4 allele were poorest at a three year
ollow-up on Buschke’s selective reminding test (Helkala et
l., 1996). Deary et al. (2004) reported poor WMS (logical
emory portion) scores, and Schultz et al. (2008) found

ignificantly lower scores across WMS-III measures for e4
arriers after controlling for IQ.

Some studies used more general memory tasks, like
ondadori et al. (2007), who found better episodic mem-
ry in a young sample of e4 carriers on an associative
ncoding task, which led the authors to propose that e4
ay be associated with better neural efficiency in younger
ersons. Ferguson et al. (2003) reported a trend towards
ignificantly worse performance on Borkowski’s verbal Flu-
ncy task in e-4 carriers. Reynolds et al. (2007) found
ignificant relationships between the e4 allele of APOE as
ell as 5HTT on the Thurston Picture Memory Test.

Finally, a number of studies examined composite mea-
ures or batteries of tests. de Frias et al. (2007) found
hose e-4 carriers with higher cholesterol levels had
reater declines in episodic memory over 10 years on
omposite scores for tests of recall, recognition, and flu-
ncy. Similarly, Nilsson et al. (2006) found significantly
oorer performance on tests of free recall, cued recall,
ord/face/name recognition. Albert et al. (2007) examined

ongitudinal change in cognitive performance among indi-
iduals with mild cognitive impairment and found individu-
ls with APOE e4 allele scored significantly lower on a
attery of tasks [CVLT; Free & Cued Selective Reminding

est; Rey-O; Delayed Word Recall; WMS]. t
BDNF. BDNF was important for both intelligence and
emory constructs, with respect to its role in memory,
gan and colleagues (2003) reported poorer episodic
emory as well as abnormal hippocampal activation using

MRI. Two other studies included in this review also found
n effect of this genetic variant on declarative memory
Hariri et al., 2003; Harris et al., 2006), while one study
ound no effect (Strauss et al., 2004).

COMT. COMT was also shared between memory
nd intelligence construct. Four studies examined the role
f COMT in declarative memory. Two of these studies
eport no effect of the val158met genotype on verbal epi-
odic memory (Apud et al., 2007), or logical memory and
aired associate word learning (Strauss et al., 2004). Two
ther studies report positive findings where one found
et/met subjects performed best on recall and recognition

ests of episodic memory (de Frias et al., 2004) and one
ound heterozygotes had significantly higher scores on the
ogical memory portion of the WMS test (Harris et al.,
005).

Kidney and brain expressed protein (KIBRA). Initially
iscovered in a whole genome study, the KIBRA gene
ncodes a phosphoprotein. It has subsequently been
hown to be involved in memory retrieval, and is ex-
ressed in hippocampus (Papassotiropoulos et al., 2006).
ur search revealed two studies that concurred with orig-

nal reports of the KIBRA gene’s role in memory (Need et
l., 2008; Schaper et al., 2008). Another study, however,

ndicated the opposite effect; a positive effect on memory
erformance for the C-allele (Nacmias et al., 2008). The
uthors suggest the KIBRA genotype could affect subjects
omplaining of memory deficits differentially from subjects
ho do not.

-HT transporter gene (5-HTT)

-HTT and protein are involved in the uptake of 5-HT
rom the synapse and thus in modulating serotonergic
ignaling (for review see; Aleman et al., 2008). Three
tudies in our review directly investigated short and long
llelic variants in the 5-HTT gene with different opera-

ional definitions for memory. One group found a signif-
cant effect of the s-allele on emotion-induced retro-
rade amnesia, but not emotional memory encoding
Strange et al., 2008). Another study found no genetic
ffect of this allele on MMSE performance (Gondo et al.,
005). Finally, Mannie and colleagues (2008) demon-
trated a moderately strong effect for the RAVLT. The

argest study of 5-HTT did not report finding an associ-
tion, but failed to report enough statistics to be included

n the average. The evidence for association in this gene
ighlights the need for the approach presented here.
here are multiple positive reports in the literature using

enuous phenotype definitions, and one large study that
id not present enough information for proper meta-
nalysis. Building these multilevel models will expose
he weak links in the chains of evidence.
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emory construct conclusions

urrent genetic associations provide very limited success.
ne GWAS success has come in the identification of
IBRA, however, further studies have not replicated that
nding as successfully. More work is also needed to es-
ablish the pathway between gene and expression of mem-
ry phenotypes. Several other genes that may warrant

urther investigation include MTHR, 5HT2a, CAMTA1,
OAT and GCLM. Overall, if one takes these average
ffect sizes at face value, a very small proportion of the
ariance has been explained in this construct (�7%), in
omparison to its heritability of around 50%.

GENERAL DISCUSSION

sing an informatics approach, we propose a framework
or building complex phenotypic models that provides a
ore objective definition of constructs. To highlight the
enefits of this approach, we reviewed the genetic con-
ributions to memory and intelligence in the healthy
opulation.

“Intelligence” and “memory” functions are appealing
argets for genetic study, given that these are widely ap-
reciated in their lay sense, and disorders of each have
normous public health significance. Indeed cognitive dis-
rders that impact general intelligence and memory may
e among the greatest causes of disability we face in
ental health. Both constructs have long been measured,
nd psychometric properties of many measurements (i.e.
ests) are well established. There continues to be contro-
ersy, however, about how best to measure these con-
tructs, and what their components may be. The challenge
f identifying the components of these constructs is high-

ighted by current studies, which in attempts to discern
enetic bases of behavioral phenotypes, place a focus
ore clearly on connecting abstract concepts such as

intelligence” and “memory” to specific biological pro-
esses. The initial hope that mapping these phenotypes to
enetic targets might be easy was based on the substan-
ial heritability of these constructs. Estimates of heritability
n each of these constructs suggest that approximately
0% of phenotype variance is explained by genetic varia-
ion, providing a large target for genetic analyses. Given,
owever that only small proportions of variance have been
xplained by the currently identified genes, it may be that
his initial hope was unrealistic, and that a large number of
enes are likely to contribute.

This demonstrates that current phenotype definitions
ack the specificity and complexity necessary for the study
f genetic determinants. We know neither memory nor

ntelligence is a unitary construct, and their representations
n literature co-occurrence confirms this. One important
tep towards improving phenotype definitions is the devel-
pment of neuroscience lexica. Using two lexica (one for
ognitive tasks, another for cognitive concepts), we found
ifferences between the literatures that represent task and
oncept definitions of the constructs, especially in the
emory construct, further suggesting there could be stron-

er agreement on what tasks are best used to measure t
his concept. In particular, several studies used MMSE as
n indicator of declarative memory function. Better defini-
ion of latent concepts in neuroscience, and their relation-
hip to the indicators, the actual measurement assessed,
ay help to provide researchers with more prudent ways

o select appropriate measures for their phenotypes of
nterest.

The literature is replete with genes putatively associ-
ted with these two constructs. Many of these potential
argets were not surprising as they were linked to clinical
isorders (e.g. APOE and AD), or important transmitter
ystems (e.g. COMT, DRD2 and dopamine signaling), or
olecular neuroscience hypotheses (e.g. BDNF and
TP) that have been foci of cognitive research. Our
eview also revealed that many of the same genes are
mplicated in both memory and intelligence constructs.
his may suggest several potential biases in looking for
enetic determinants.

Overall, we found relatively small portions of variance
ave been explained for either intelligence (�5.5%) or
emory (�7%) constructs. With both constructs putatively
0% heritable, this suggests the candidate gene approach
ay not be the most fruitful process in examining genetic

argets for complex phenotypic constructs like memory or
ntelligence.

This demonstrates one potential bias is highlighted in
his review. The candidate gene approach creates a low
arrier for researchers to investigate a particular gene (so
ar few “candidates” in neuropsychiatry have genome-wide
ignificance), and the field has so far lacked any system-
tic method to evaluate the relative validity of hypotheses
upporting candidacy (i.e. there remain no clear figures of
erit regarding the strength of the putative causal pathway
etween genotype and phenotype). This is another form of

nstrumentation inertia (Bilder, 2002), in which some initial
bservation leads to continued investigation without regard
o the actual strength of the findings. The number of papers
n a topic sometimes seems more influential than the
trength of these findings, both in phenotype and genotype
election. This problem may be compounded by the “file
rawer problem,” where positive results are reported widely,
ut negative results are less frequently published which
ould reveal weaker relations of putative candidate genes
ith their phenotypic targets.

One scenario that is often mentioned but not investi-
ated is that our phenotype constructs are not defined
nough to extract differences between IQ and memory. It
emains unclear whether efforts to define more discrete
rocesses that contribute to intelligence and memory can
e identified and linked more directly to gene action. How-
ver, if this is to happen, it is unlikely to be at the level of
arsing cognitive concepts, and will require firmer links to
nderlying biological processes. For example, it may well
e that we will require intermediate links at the level of
rotein structure, markers of neurodevelopmental pro-
esses, and more discrete markers of cellular and signal-

ng system function to forge paths from genome to behav-
oral phenotypes. This highlights the need for improved

ranslational models of intelligence and memory function-
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ng. Informatics strategies can help support more appro-
riate modeling of these translational constructs.

Multi-level models of phenotype constructs are neces-
ary to represent the complexity of many gene interactions
see Fig. 3). The framework provided here builds the nec-
ssary platform needed to construct multi-level models of
omplex phenotypes that can help build consensus by
xposing quantitative relationships between phenotypic
oncepts used in genetic research. Until recently, exami-
ation of genetic studies involved looking at a syndrome

evel phenotype (e.g. schizophrenia) and its relationship to
particular gene (e.g. COMT). More recent focus on en-

ophenotypes has driven researchers to examine pheno-
ypes theoretically “closer” to the genome, including every-
hing from symptoms down to proteins. A multi-level ap-
roach subscribed to by the CNP, involves examining a
omplex web of phenotypes and their inter-relationships,
s well as the overall phenotype’s relationship to the ge-
ome. We have described this as a “quantology,” a visual
epresentation of quantitative relationships between any
et of entities [Parker et al. (submitted for publication)].

Here we provided a proof of concept example for our
ulti-level approach. We provide a framework for building
ore objective literature-based models that can then be
xamined using meta-analytic approaches. This provides
he field with a larger frame of reference for hypothesis

ig. 3. Multi-level model of memory and intelligence. Complex pheno
ystems between disparate latent constructs of memory and intelligenc
nd syndrome). Grey lines represent widely held belief and references
umulative literature co-occurrence with Jaccard coefficient labels. Gre
reen line labels give average weighted effect size and cumulative s
esting of critical pathways between gene and phene, and U
elps the field build consensus in phenotype definition. We
ope the next step is to expand and connect these models
o create an effect-size knowledge base for neuroscience.
hrough visualization of these models, we can better cap-

ure the wide breadth of research results in our field and
xpose points of weakness that require further study in the
athway between gene and syndrome.

CONCLUSION

n summary, in order to make progress in linking the ge-
ome to complex neuropsychiatric disorders, we need bet-
er phenotype definitions. This will require large collabora-
ion and consensus building from the field. It will require
ew tools and new approaches that include multi-level
henotype constructs using the phenomics approach
Bilder et al., this issue). We have proposed a novel infor-
atics strategy to encourage objective definitions of phe-
otypes as a starting point and demonstrated this ap-
roach for “memory” and “intelligence.” Using these tools,
he field of neuroscience can make progress in under-
tanding the phenome, which may ultimately unlock the
enetic determinants of neuropsychiatric diseases.
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