
(Tables 18 and 19). They include secreted
hormones and growth factors, receptors, in-
tracellular signaling molecules, and transcrip-
tion factors.

Developmental signaling molecules that are
enriched in the human genome include growth
factors such as wnt, transforming growth fac-
tor–b (TGF-b), fibroblast growth factor (FGF),
nerve growth factor, platelet derived growth
factor (PDGF), and ephrins. These growth fac-
tors affect tissue differentiation and a wide
range of cellular processes involving actin-cy-
toskeletal and nuclear regulation. The corre-
sponding receptors of these developmental li-
gands are also expanded in humans. For exam-
ple, our analysis suggests at least 8 human
ephrin genes (2 in the fly, 4 in the worm) and 12
ephrin receptors (2 in the fly, 1 in the worm). In
the wnt signaling pathway, we find 18 wnt
family genes (6 in the fly, 5 in the worm) and
12 frizzled receptors (6 in the fly, 5 in the
worm). The Groucho family of transcriptional
corepressors downstream in the wnt pathway
are even more markedly expanded, with 13
predicted members in humans (2 in the fly, 1 in
the worm).

Extracellular adhesion molecules involved
in signaling are expanded in the human genome
(Tables 18 and 19). The interactions of several
of these adhesion domains with extracellular
matrix proteoglycans play a critical role in host
defense, morphogenesis, and tissue repair
(131). Consistent with the well-defined role of
heparan sulfate proteoglycans in modulating
these interactions (132), we observe an expan-
sion of the heparin sulfate sulfotransferases in
the human genome relative to worm and fly.
These sulfotransferases modulate tissue differ-
entiation (133). A similar expansion in humans
is noted in structural proteins that constitute the
actin-cytoskeletal architecture. Compared with
the fly and worm, we observe an explosive
expansion of the nebulin (35 domains per pro-
tein on average), aggrecan (12 domains per
protein on average), and plectin (5 domains per
protein on average) repeats in humans. These
repeats are present in proteins involved in mod-
ulating the actin-cytoskeleton with predominant
expression in neuronal, muscle, and vascular
tissues.

Comparison across the five sequenced eu-
karyotic organisms revealed several expand-
ed protein families and domains involved in
cytoplasmic signal transduction (Table 18).
In particular, signal transduction pathways
playing roles in developmental regulation and
acquired immunity were substantially en-
riched. There is a factor of 2 or greater ex-
pansion in humans in the Ras superfamily
GTPases and the GTPase activator and GTP
exchange factors associated with them. Al-
though there are about the same number of
tyrosine kinases in the human and C. elegans
genomes, in humans there is an increase in
the SH2, PTB, and ITAM domains involved
in phosphotyrosine signal transduction. Fur-
ther, there is a twofold expansion of phos-
phodiesterases in the human genome com-
pared with either the worm or fly genomes.

The downstream effectors of the intracellu-
lar signaling molecules include the transcription
factors that transduce developmental fates. Sig-
nificant expansions are noted in the ligand-
binding nuclear hormone receptor class of tran-
scription factors compared with the fly genome,
although not to the extent observed in the worm
(Tables 18 and 19). Perhaps the most striking
expansion in humans is in the C2H2 zinc finger
transcription factors. Pfam detects a total of
4500 C2H2 zinc finger domains in 564 human
proteins, compared with 771 in 234 fly proteins.
This means that there has been a dramatic
expansion not only in the number of C2H2
transcription factors, but also in the number of
these DNA-binding motifs per transcription
factor (8 on average in humans, 3.3 on average
in the fly, and 2.3 on average in the worm).
Furthermore, many of these transcription fac-
tors contain either the KRAB or SCAN do-
mains, which are not found in the fly or worm
genomes. These domains are involved in the
oligomerization of transcription factors and in-
crease the combinatorial partnering of these
factors. In general, most of the transcription
factor domains are shared between the three
animal genomes, but the reassortment of these
domains results in organism-specific transcrip-
tion factor families. The domain combinations
found in the human, fly, and worm include the
BTB with C2H2 in the fly and humans, and

homeodomains alone or in combination with
Pou and LIM domains in all of the animal
genomes. In plants, however, a different set of
transcription factors are expanded, namely, the
myb family, and a unique set that includes VP1
and AP2 domain–containing proteins (134).
The yeast genome has a paucity of transcription
factors compared with the multicellular eu-
karyotes, and its repertoire is limited to the
expansion of the yeast-specific C6 transcription
factor family involved in metabolic regulation.

While we have illustrated expansions in a
subset of signal transduction molecules in the
human genome compared with the other eu-
karyotic genomes, it should be noted that
most of the protein domains are highly con-
served. An interesting observation is that
worms and humans have approximately the
same number of both tyrosine kinases and
serine/threonine kinases (Table 19). It is im-
portant to note, however, that these are mere-
ly counts of the catalytic domain; the proteins
that contain these domains also display a
wide repertoire of interaction domains with
significant combinatorial diversity.

Hemostasis. Hemostasis is regulated pri-
marily by plasma proteases of the coagulation
pathway and by the interactions that occur be-
tween the vascular endothelium and platelets.
Consistent with known anatomical and physio-
logical differences between vertebrates and in-
vertebrates, extracellular adhesion domains that
constitute proteins integral to hemostasis are
expanded in the human relative to the fly and
worm (Tables 18 and 19). We note the evolu-
tion of domains such as FIMAC, FN1, FN2,
and C1q that mediate surface interactions be-
tween hematopoeitic cells and the vascular ma-
trix. In addition, there has been extensive re-
cruitment of more-ancient animal-specific do-
mains such as VWA, VWC, VWD, kringle,
and FN3 into multidomain proteins that are
involved in hemostatic regulation. Although we
do not find a large expansion in the total num-
ber of serine proteases, this enzymatic domain
has been specifically recruited into several of
these multidomain proteins for proteolytic reg-
ulation in the vascular compartment. These are
represented in plasma proteins that belong to
the kinin and complement pathways. There is a

Table 18 (Continued )

Accession
number

Domain name Domain description H F W Y A

PF02135 Zf-TAZ TAZ finger 2 (3) 1 (2) 6 (7) 0 10 (15)
PF01285 TEA TEA domain 4 1 1 1 0
PF02176 Zf-TRAF TRAF-type zinc finger 6 (9) 1 (3) 1 0 2
PF00352 TBP Transcription factor TFIID (or TATA-binding

protein, TBP)
2 (4) 4 (8) 2 (4) 1 (2) 2 (4)

PF00567 TUDOR TUDOR domain 9 (24) 9 (19) 4 (5) 0 2
PF00642 Zf-CCCH Zinc finger C-x8-C-x5-C-x3-H type (and similar) 17 (22) 6 (8) 22 (42) 3 (5) 31 (46)
PF00096 Zf-C2H2** ZInc finger, C2H2 type 564 (4500) 234 (771) 68 (155) 34 (56) 21 (24)
PF00097 Zf-C3HC4 Zinc finger, C3HC4 type (RING finger) 135 (137) 57 88 (89) 18 298 (304)
PF00098 Zf-CCHC Zinc knuckle 9 (17) 6 (10) 17 (33) 7 (13) 68 (91)
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significant expansion in two families of matrix
metalloproteases: ADAM (a disintegrin and
metalloprotease) and MMPs (matrix metallo-
proteases) (Table 19). Proteolysis of extracel-
lular matrix (ECM) proteins is critical for tissue
development and for tissue degradation in dis-
eases such as cancer, arthritis, Alzheimer’s dis-
ease, and a variety of inflammatory conditions
(135, 136). ADAMs are a family of integral
membrane proteins with a pivotal role in fibrin-
ogenolysis and modulating interactions be-
tween hematopoietic components and the
vascular matrix components. These proteins
have been shown to cleave matrix proteins,
and even signaling molecules: ADAM-17
converts tumor necrosis factor–a, and
ADAM-10 has been implicated in the Notch
signaling pathway (135). We have identified
19 members of the matrix metalloprotease
family, and a total of 51 members of the
ADAM and ADAM-TS families.

Apoptosis. Evolutionary conservation of
some of the apoptotic pathway components
across eukarya is consistent with its central
role in developmental regulation and as a
response to pathogens and stress signals. The
signal transduction pathways involved in pro-
grammed cell death, or apoptosis, are medi-
ated by interactions between well-character-
ized domains that include extracellular do-
mains, adaptor (protein-protein interaction)
domains, and those found in effector and
regulatory enzymes (137). We enumerated
the protein counts of central adaptor and ef-
fector enzyme domains that are found only in
the apoptotic pathways to provide an estimate
of divergence across eukarya and relative
expansion in the human genome when com-
pared with the fly and worm (Table 18).
Adaptor domains found in proteins restricted
only to apoptotic regulation such as the DED
domains are vertebrate-specific, whereas oth-
ers like BIR, CARD, and Bcl2 are represent-
ed in the fly and worm (although the number
of Bcl2 family members in humans is signif-
icantly expanded). Although plants and yeast
lack the caspases, caspase-like molecules,
namely the para- and meta-caspases, have
been reported in these organisms (138). Com-
pared with other animal genomes, the human
genome shows an expansion in the adaptor
and effector domain–containing proteins in-
volved in apoptosis, as well as in the pro-
teases involved in the cascade such as the
caspase and calpain families.

Expansions of other protein families.
Metabolic enzymes. There are fewer cyto-
chrome P450 genes in humans than in either
the fly or worm. Lipoxygenases (six in hu-
mans), on the other hand, appear to be specific
to the vertebrates and plants, whereas the lip-
oxygenase-activating proteins (four in humans)
may be vertebrate-specific. Lipoxygenases are
involved in arachidonic acid metabolism, and
they and their activators have been implicated

in diverse human pathology ranging from
allergic responses to cancers. One of the most
surprising human expansions, however, is in
the number of glyceraldehyde-3-phosphate
dehydrogenase (GAPDH) genes (46 in hu-
mans, 3 in the fly, and 4 in the worm). There
is, however, evidence for many retrotrans-

posed GAPDH pseudogenes (139), which
may account for this apparent expansion.
However, it is interesting that GAPDH, long
known as a conserved enzyme involved in
basic metabolism found across all phyla from
bacteria to humans, has recently been shown
to have other functions. It has a second cat-

Table 19. Number of proteins assigned to selected Panther families or subfamilies in H. sapiens (H), D.
melanogaster (F), C. elegans (W), S. cerevisiae (Y), and A. thaliana (A).

Panther family/subfamily* H F W Y A

Neural structure, function, development

Ependymin 1 0 0 0 0
Ion channels

Acetylcholine receptor 17 12 56 0 0
Amiloride-sensitive/degenerin 11 24 27 0 0
CNG/EAG 22 9 9 0 30
IRK 16 3 3 0 0
ITP/ryanodine 10 2 4 0 0
Neurotransmitter-gated 61 51 59 0 19
P2X purinoceptor 10 0 0 0 0
TASK 12 12 48 1 5
Transient receptor 15 3 3 1 0
Voltage-gated Ca21 alpha 22 4 8 2 2
Voltage-gated Ca21 alpha-2 10 3 2 0 0
Voltage-gated Ca21 beta 5 2 2 0 0
Voltage-gated Ca21 gamma 1 0 0 0 0
Voltage-gated K1 alpha 33 5 11 0 0
Voltage-gated KQT 6 2 3 0 0
Voltage-gated Na1 11 4 4 9 1

Myelin basic protein 1 0 0 0 0
Myelin PO 5 0 0 0 0
Myelin proteolipid 3 1 0 0 0
Myelin-oligodendrocyte glycoprotein 1 0 0 0 0
Neuropilin 2 0 0 0 0
Plexin 9 2 0 0 0
Semaphorin 22 6 2 0 0
Synaptotagmin 10 3 3 0 0

Immune response
Defensin 3 0 0 0 0
Cytokine† 86 14 1 0 0

GCSF 1 0 0 0 0
GMCSF 1 0 0 0 0
Intercrine alpha 15 0 0 0 0
Intercrine beta 5 0 0 0 0
Inteferon 8 0 0 0 0
Interleukin 26 1 1 0 0
Leukemia inhibitory factor 1 0 0 0 0
MCSF 1 0 0 0 0
Peptidoglycan recognition protein 2 13 0 0 0
Pre-B cell enhancing factor 1 0 0 0 0
Small inducible cytokine A 14 0 0 0 0
Sl cytokine 2 0 0 0 0
TNF 9 0 0 0 0

Cytokine receptor† 62 1 0 0 0
Bradykinin/C-C chemokine receptor 7 0 0 0 0
Fl cytokine receptor 2 0 0 0 0
Interferon receptor 3 0 0 0 0
Interleukin receptor 32 0 0 0 0
Leukocyte tyrosine kinase

receptor
3 0 0 0 0

MCSF receptor 1 0 0 0 0
TNF receptor 3 0 0 0 0

Immunoglobulin receptor† 59 0 0 0 0
T-cell receptor alpha chain 16 0 0 0 0
T-cell receptor beta chain 15 0 0 0 0
T-cell receptor gamma chain 1 0 0 0 0
T-cell receptor delta chain 1 0 0 0 0
Immunoglobulin FC receptor 8 0 0 0 0
Killer cell receptor 16 0 0 0 0
Polymeric-immunoglobulin receptor 4 0 0 0 0
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alytic activity, as a uracil DNA glycosylase
(140) and functions as a cell cycle regulator
(141) and has even been implicated in apo-
ptosis (142).

Translation. Another striking set of hu-
man expansions has occurred in certain fam-
ilies involved in the translational machinery.
We identified 28 different ribosomal subunits
that each have at least 10 copies in the ge-
nome; on average, for all ribosomal proteins
there is about an 8- to 10-fold expansion in
the number of genes relative to either the
worm or fly. Retrotransposed pseudogenes

may account for many of these expansions
[see the discussion above and (143)]. Recent
evidence suggests that a number of ribosomal
proteins have secondary functions indepen-
dent of their involvement in protein biosyn-
thesis; for example, L13a and the related L7
subunits (36 copies in humans) have been
shown to induce apoptosis (144).

There is also a four- to fivefold expansion
in the elongation factor 1-alpha family
(eEF1A; 56 human genes). Many of these
expansions likely represent intronless para-
logs that have presumably arisen from retro-

transposition, and again there is evidence that
many of these may be pseudogenes (145).
However, a second form (eEF1A2) of this
factor has been identied with tissue-specific
expression in skeletal muscle and a comple-
mentary expression pattern to the ubiquitous-
ly expressed eEF1A (146).

Ribonucleoproteins. Alternative splicing
results in multiple transcripts from a single
gene, and can therefore generate additional
diversity in an organism’s protein comple-
ment. We have identified 269 genes for ri-
bonucleoproteins. This represents over 2.5
times the number of ribonucleoprotein genes
in the worm, two times that of the fly, and
about the same as the 265 identified in the
Arabidopsis genome. Whether the diversity
of ribonucleoprotein genes in humans con-
tributes to gene regulation at either the splic-
ing or translational level is unknown.

Posttranslational modifications. In this
set of processes, the most prominent expan-
sion is the transglutaminases, calcium-depen-
dent enzymes that catalyze the cross-linking
of proteins in cellular processes such as he-
mostasis and apoptosis (147). The vitamin
K–dependent gamma carboxylase gene prod-
uct acts on the GLA domain (missing in the
fly and worm) found in coagulation factors,
osteocalcin, and matrix GLA protein (148).
Tyrosylprotein sulfotransferases participate
in the posttranslational modification of pro-
teins involved in inflammation and hemosta-
sis, including coagulation factors and chemo-
kine receptors (149). Although there is no
significant numerical increase in the counts
for domains involved in nuclear protein mod-
ification, there are a number of domain ar-
rangements in the predicted human proteins
that are not found in the other currently se-
quenced genomes. These include the tandem
association of two histone deacetylase do-
mains in HD6 with a ubiquitin finger domain,
a feature lacking in the fly genome. An ad-
ditional example is the co-occurrence of im-
portant nuclear regulatory enzyme PARP
(poly-ADP ribosyl transferase) domain fused
to protein-interaction domains—BRCT and
VWA in humans.

Concluding remarks. There are several
possible explanations for the differences in
phenotypic complexity observed in humans
when compared to the fly and worm. Some of
these relate to the prominent differences in
the immune system, hemostasis, neuronal,
vascular, and cytoskeletal complexity. The
finding that the human genome contains few-
er genes than previously predicted might be
compensated for by combinatorial diversity
generated at the levels of protein architecture,
transcriptional and translational control, post-
translational modification of proteins, or
posttranscriptional regulation. Extensive do-
main shuffling to increase or alter combina-
torial diversity can provide an exponential

Table 19 (Continued )

Panther family/subfamily* H F W Y A

MHC class I 22 0 0 0 0
MHC class II 20 0 0 0 0
Other immunoglobulin† 114 0 0 0 0
Toll receptor–related 10 6 0 0 0

Developmental and homeostatic regulators
Signaling molecules†

Calcitonin 3 0 0 0 0
Ephrin 8 2 4 0 0
FGF 24 1 1 0 0
Glucagon 4 0 0 0 0
Glycoprotein hormone beta chain 2 0 0 0 0
Insulin 1 0 0 0 0
Insulin-like hormone 3 0 0 0 0
Nerve growth factor 3 0 0 0 0
Neuregulin/heregulin 6 0 0 0 0
neuropeptide Y 4 0 0 0 0
PDGF 1 1 0 0 0
Relaxin 3 0 0 0 0
Stannocalcin 2 0 0 0 0
Thymopoeitin 2 0 1 0 0
Thyomosin beta 4 2 0 0 0
TGF-b 29 6 4 0 0
VEGF 4 0 0 0 0
Wnt 18 6 5 0 0

Receptors†
Ephrin receptor 12 2 1 0 0
FGF receptor 4 4 0 0 0
Frizzled receptor 12 6 5 0 0
Parathyroid hormone receptor 2 0 0 0 0
VEGF receptor 5 0 0 0 0
BDNF/NT-3 nerve growth factor

receptor
4 0 0 0 0

Kinases and phosphatases
Dual-specificity protein phosphatase 29 8 10 4 11
S/T and dual-specificity protein

kinase† 395 198 315 114 1102
S/T protein phosphatase 15 19 51 13 29
Y protein kinase† 106 47 100 5 16
Y protein phosphatase 56 22 95 5 6

Signal transduction
ARF family 55 29 27 12 45
Cyclic nucleotide phosphodiesterase 25 8 6 1 0
G protein-coupled receptors†‡ 616 146 284 0 1
G-protein alpha 27 10 22 2 5
G-protein beta 5 3 2 1 1
G-protein gamma 13 2 2 0 0
Ras superfamily 141 64 62 26 86
G-protein modulators†

ARF GTPase-activating 20 8 9 5 15
Neurofibromin 7 2 0 2 0
Ras GTPase-activating 9 3 8 1 0
Tuberin 7 3 2 0 0
Vav proto-oncogene family 35 15 13 3 0
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increase in the ability to mediate protein-
protein interactions without dramatically in-
creasing the absolute size of the protein com-
plement (150). Evolution of apparently new
(from the perspective of sequence analysis)
protein domains and increasing regulatory
complexity by domain accretion both quanti-
tatively and qualitatively (recruitment of nov-
el domains with preexisting ones) are two
features that we observe in humans. Perhaps
the best illustration of this trend is the C2H2
zinc finger–containing transcription factors,
where we see expansion in the number of
domains per protein, together with verte-
brate-specific domains such as KRAB and
SCAN. Recent reports on the prominent use
of internal ribosomal entry sites in the human
genome to regulate translation of specific
classes of proteins suggests that this is an area
that needs further research to identify the full
extent of this process in the human genome
(151). At the posttranslational level, although
we provide examples of expansions of some
protein families involved in these modifica-
tions, further experimental evidence is re-
quired to evaluate whether this is correlated
with increased complexity in protein process-
ing. Posttranscriptional processing and the
extent of isoform generation in the human
remain to be cataloged in their entirety. Given
the conserved nature of the spliceosomal ma-
chinery, further analysis will be required to
dissect regulation at this level.

8 Conclusions

8.1 The whole-genome sequencing
approach versus BAC by BAC
Experience in applying the whole-genome
shotgun sequencing approach to a diverse
group of organisms with a wide range of
genome sizes and repeat content allows us to
assess its strengths and weaknesses. With the
success of the method for a large number of
microbial genomes, Drosophila, and now the
human, there can be no doubt concerning the
utility of this method. The large number of
microbial genomes that have been sequenced
by this method (15, 80, 152) demonstrate that
megabase-sized genomes can be sequenced
efficiently without any input other that the de
novo mate-paired sequences. With more
complex genomes like those of Drosophila or
human, map information, in the form of well-
ordered markers, has been critical for long-
range ordering of scaffolds. For joining scaf-
folds into chromosomes, the quality of the
map (in terms of the order of the markers) is
more important than the number of markers
per se. Although this mapping could have
been performed concurrently with sequenc-
ing, the prior existence of mapping data was
beneficial. During the sequencing of the A.
thaliana genome, sequencing of individual
BAC clones permitted extension of the se-

Table 19 (Continued )

Panther family/subfamily* H F W Y A

Transcription factors/chromatin organization

C2H2 zinc finger–containing† 607 232 79 28 8
COE 7 1 1 0 0
CREB 7 1 2 0 0
ETS-related 25 8 10 0 0
Forkhead-related 34 19 15 4 0
FOS 8 2 1 0 0
Groucho 13 2 1 0 0
Histone H1 5 0 1 0 0
Histone H2A 24 1 17 3 13
Histone H2B 21 1 17 2 12
Histone H3 28 2 24 2 16
Histone H4 9 1 16 1 8
Homeotic† 168 104 74 4 78

ABD-B 5 0 0 0 0
Bithoraxoid 1 8 1 0 0
Iroquois class 7 3 1 0 0
Distal-less 5 2 1 0 0
Engrailed 2 2 1 0 0
LIM-containing 17 8 3 0 0
MEIS/KNOX class 9 4 4 2 26
NK-3/NK-2 class 9 4 5 0 0
Paired box 38 28 23 0 2
Six 5 3 4 0 0

Leucine zipper 6 0 0 0 0
Nuclear hormone receptor† 59 25 183 1 4
Pou-related 15 5 4 1 0
Runt-related 3 4 2 0 0

ECM adhesion

Cadherin 113 17 16 0 0
Claudin 20 0 0 0 0
Complement receptor-related 22 8 6 0 0
Connexin 14 0 0 0 0
Galectin 12 5 22 0 0
Glypican 13 2 1 0 0
ICAM 6 0 0 0 0
Integrin alpha 24 7 4 0 1
Integrin beta 9 2 2 0 0
LDL receptor family 26 19 20 0 2
Proteoglycans 22 9 7 0 5

Apoptosis

Bcl-2 12 1 0 0 0
Calpain 22 4 11 1 3
Calpain inhibitor 4 0 0 0 1
Caspase 13 7 3 0 0

Hemostasis

ADAM/ADAMTS 51 9 12 0 0
Fibronectin 3 0 0 0 0
Globin 10 2 3 0 3
Matrix metalloprotease 19 2 7 0 3
Serum amyloid A 4 0 0 0 0
Serum amyloid P (subfamily of

Pentaxin)
2 0 0 0 0

Serum paraoxonase/arylesterase 4 0 3 0 0
Serum albumin 4 0 0 0 0
Transglutaminase 10 1 0 0 0

Other enzymes

Cytochrome p450 60 89 83 3 256
GAPDH 46 3 4 3 8
Heparan sulfotransferase 11 4 2 0 0

Splicing and translation

EF-1alpha 56 13 10 6 13
Ribonucleoproteins† 269 135 104 60 265
Ribosomal proteins† 812 111 80 117 256

*The table lists Panther families or subfamilies relevant to the text that either (i) are not specifically represented by Pfam
(Table 18) or (ii) differ in counts from the corresponding Pfam models. †This class represents a number of different
families in the same Panther molecular function subcategory. ‡This count includes only rhodopsin-class, secretin-
class, and metabotropic glutamate-class GPCRs.
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quence well into centromeric regions and al-
lowed high-quality resolution of complex re-
peat regions. Likewise, in Drosophila, the
BAC physical map was most useful in re-
gions near the highly repetitive centromeres
and telomeres. WGA has been found to de-
liver excellent-quality reconstructions of the
unique regions of the genome. As the genome
size, and more importantly the repetitive con-
tent, increases, the WGA approach delivers
less of the repetitive sequence.

The cost and overall efficiency of clone-by-
clone approaches makes them difficult to justify
as a stand-alone strategy for future large-scale
genome-sequencing projects. Specific applica-
tions of BAC-based or other clone mapping and
sequencing strategies to resolve ambiguities in
sequence assembly that cannot be efficiently
resolved with computational approaches alone
are clearly worth exploring. Hybrid approaches
to whole-genome sequencing will only work if
there is sufficient coverage in both the whole-
genome shotgun phase and the BAC clone se-
quencing phase. Our experience with human
genome assembly suggests that this will require
at least 33 coverage of both whole-genome and
BAC shotgun sequence data.

8.2 The low gene number in humans
We have sequenced and assembled ;95% of
the euchromatic sequence of H. sapiens and
used a new automated gene prediction meth-
od to produce a preliminary catalog of the
human genes. This has provided a major sur-
prise: We have found far fewer genes (26,000
to 38,000) than the earlier molecular pre-
dictions (50,000 to over 140,000). Whatever
the reasons for this current disparity, only
detailed annotation, comparative genomics
(particularly using the Mus musculus ge-
nome), and careful molecular dissection of
complex phenotypes will clarify this critical
issue of the basic “parts list” of our genome.
Certainly, the analysis is still incomplete and
considerable refinement will occur in the
years to come as the precise structure of each
transcription unit is evaluated. A good place
to start is to determine why the gene esti-
mates derived from EST data are so discor-
dant with our predictions. It is likely that the
following contribute to an inflated gene num-
ber derived from ESTs: the variable lengths
of 39- and 59-untranslated leaders and trailers;
the little-understood vagaries of RNA pro-
cessing that often leave intronic regions in an
unspliced condition; the finding that nearly
40% of human genes are alternatively spliced
(153); and finally, the unsolved technical
problems in EST library construction where
contamination from heterogeneous nuclear
RNA and genomic DNA are not uncommon.
Of course, it is possible that there are genes
that remain unpredicted owing to the absence
of EST or protein data to support them, al-
though our use of mouse genome data for

predicting genes should limit this number. As
was true at the beginning of genome sequenc-
ing, ultimately it will be necessary to measure
mRNA in specific cell types to demonstrate
the presence of a gene.

J. B. S. Haldane speculated in 1937 that a
population of organisms might have to pay a
price for the number of genes it can possibly
carry. He theorized that when the number of
genes becomes too large, each zygote carries
so many new deleterious mutations that the
population simply cannot maintain itself. On
the basis of this premise, and on the basis of
available mutation rates and x-ray–induced
mutations at specific loci, Muller, in 1967
(154), calculated that the mammalian ge-
nome would contain a maximum of not much
more than 30,000 genes (155). An estimate of
30,000 gene loci for humans was also arrived
at by Crow and Kimura (156). Muller’s esti-
mate for D. melanogaster was 10,000 genes,
compared to 13,000 derived by annotation of
the fly genome (26, 27). These arguments for
the theoretical maximum gene number were
based on simplified ideas of genetic load—
that all genes have a certain low rate of
mutation to a deleterious state. However, it is
clear that many mouse, fly, worm, and yeast
knockout mutations lead to almost no dis-
cernible phenotypic perturbations.

The modest number of human genes
means that we must look elsewhere for the
mechanisms that generate the complexities
inherent in human development and the so-
phisticated signaling systems that maintain
homeostasis. There are a large number of
ways in which the functions of individual
genes and gene products are regulated. The
degree of “openness” of chromatin structure
and hence transcriptional activity is regulated
by protein complexes that involve histone
and DNA enzymatic modifications. We enu-
merate many of the proteins that are likely
involved in nuclear regulation in Table 19.
The location, timing, and quantity of tran-
scription are intimately linked to nuclear sig-
nal transduction events as well as by the
tissue-specific expression of many of these
proteins. Equally important are regulatory
DNA elements that include insulators, re-
peats, and endogenous viruses (157); meth-
ylation of CpG islands in imprinting (158);
and promoter-enhancer and intronic regions
that modulate transcription. The spliceosomal
machinery consists of multisubunit proteins
(Table 19) as well as structural and catalytic
RNA elements (159) that regulate transcript
structure through alternative start and termi-
nation sites and splicing. Hence, there is a
need to study different classes of RNA mol-
ecules (160) such as small nucleolar RNAs,
antisense riboregulator RNA, RNA involved
in X-dosage compensation, and other struc-
tural RNAs to appreciate their precise role in
regulating gene expression. The phenomenon

of RNA editing in which coding changes
occur directly at the level of mRNA is of
clinical and biological relevance (161). Final-
ly, examples of translational control include
internal ribosomal entry sites that are found
in proteins involved in cell cycle regulation
and apoptosis (162). At the protein level,
minor alterations in the nature of protein-
protein interactions, protein modifications,
and localization can have dramatic effects on
cellular physiology (163). This dynamic sys-
tem therefore has many ways to modulate
activity, which suggests that definition of
complex systems by analysis of single genes
is unlikely to be entirely successful.

In situ studies have shown that the human
genome is asymmetrically populated with
G1C content, CpG islands, and genes (68).
However, the genes are not distributed quite
as unequally as had been predicted (Table 9)
(69). The most G1C-rich fraction of the ge-
nome, H3 isochores, constitute more of the
genome than previously thought (about 9%),
and are the most gene-dense fraction, but
contain only 25% of the genes, rather than the
predicted ;40%. The low G1C L isochores
make up 65% of the genome, and 48% of the
genes. This inhomogeneity, the net result of
millions of years of mammalian gene dupli-
cation, has been described as the “desertifi-
cation” of the vertebrate genome (71). Why
are there clustered regions of high and low
gene density, and are these accidents of his-
tory or driven by selection and evolution? If
these deserts are dispensable, it ought to be
possible to find mammalian genomes that are
far smaller in size than the human genome.
Indeed, many species of bats have genome
sizes that are much smaller than that of hu-
mans; for example, Miniopterus, a species of
Italian bat, has a genome size that is only
50% that of humans (164). Similarly, Mun-
tiacus, a species of Asian barking deer, has a
genome size that is ;70% that of humans.

8.3 Human DNA sequence variation
and its distribution across the genome
This is the first eukaryotic genome in which a
nearly uniform ascertainment of polymorphism
has been completed. Although we have identi-
fied and mapped more than 3 million SNPs, this
by no means implies that the task of finding and
cataloging SNPs is complete. These represent
only a fraction of the SNPs present in the
human population as a whole. Nevertheless,
this first glimpse at genome-wide variation has
revealed strong inhomogeneities in the distribu-
tion of SNPs across the genome. Polymorphism
in DNA carries with it a snapshot of the past
operation of population genetic forces, includ-
ing mutation, migration, selection, and genetic
drift. The availability of a dense array of SNPs
will allow questions related to each of these
factors to be addressed on a genome-wide basis.
SNP studies can establish the range of haplo-
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types present in subjects of different ethnogeo-
graphic origins, providing insights into popula-
tion history and migration patterns. Although
such studies have suggested that modern human
lineages derive from Africa, many important
questions regarding human origins remain un-
answered, and more analyses using detailed
SNP maps will be needed to settle these con-
troversies. In addition to providing evidence for
population expansions, migration, and admix-
ture, SNPs can serve as markers for the extent
of evolutionary constraint acting on particular
genes. The correlation between patterns of in-
traspecies and interspecies genetic variation
may prove to be especially informative to iden-
tify sites of reduced genetic diversity that may
mark loci where sequence variations are not
tolerated.

The remarkable heterogeneity in SNP
density implies that there are a variety of
forces acting on polymorphism—sparse re-
gions may have lower SNP density because
the mutation rate is lower, because most of
those regions have a lower fraction of muta-
tions that are tolerated, or because recent
strong selection in favor of a newly arisen
allele “swept” the linked variation out of the
population (165). The effect of random ge-
netic drift also varies widely across the ge-
nome. The nonrecombining portion of the Y
chromosome faces the strongest pressure
from random drift because there are roughly
one-quarter as many Y chromosomes in the
population as there are autosomal chromo-
somes, and the level of polymorphism on the
Y is correspondingly less. Similarly, the X
chromosome has a smaller effective popu-
lation size than the autosomes, and its nu-
cleotide diversity is also reduced. But even
across a single autosome, the effective pop-
ulation size can vary because the density of
deleterious mutations may vary. Regions of
high density of deleterious mutations will
see a greater rate of elimination by selec-
tion, and the effective population size will
be smaller (166 ). As a result, the density of
even completely neutral SNPs will be lower
in such regions. There is a large literature
on the association between SNP density
and local recombination rates in Drosoph-
ila, and it remains an important task to
assess the strength of this association in the
human genome, because of its impact on
the design of local SNP densities for dis-
ease-association studies. It also remains an
important task to validate SNPs on a
genomic scale in order to assess the degree
of heterogeneity among geographic and
ethnic populations.

8.4 Genome complexity
We will soon be in a position to move away
from the cataloging of individual compo-
nents of the system, and beyond the sim-
plistic notions of “this binds to that, which

then docks on this, and then the complex
moves there. . . .” (167 ) to the exciting area
of network perturbations, nonlinear re-
sponses and thresholds, and their pivotal
role in human diseases.

The enumeration of other “parts lists” re-
veals that in organisms with complex nervous
systems, neither gene number, neuron number,
nor number of cell types correlates in any
meaningful manner with even simplistic mea-
sures of structural or behavioral complexity.
Nor would they be expected to; this is the realm
of nonlinearities and epigenesis (168). The 520
million neurons of the common octopus exceed
the neuronal number in the brain of a mouse by
an order of magnitude. It is apparent from a
comparison of genomic data on the mouse and
human, and from comparative mammalian neu-
roanatomy (169), that the morphological and
behavioral diversity found in mammals is un-
derpinned by a similar gene repertoire and sim-
ilar neuroanatomies. For example, when one
compares a pygmy marmoset (which is only 4
inches tall and weighs about 6 ounces) to a
chimpanzee, the brain volume of this minute
primate is found to be only about 1.5 cm3, two
orders of magnitude less than that of a chimp
and three orders less than that of humans. Yet
the neuroanatomies of all three brains are strik-
ingly similar, and the behavioral characteristics
of the pygmy marmoset are little different from
those of chimpanzees. Between humans and
chimpanzees, the gene number, gene structures
and functions, chromosomal and genomic or-
ganizations, and cell types and neuroanatomies
are almost indistinguishable, yet the develop-
mental modifications that predisposed human
lineages to cortical expansion and development
of the larynx, giving rise to language, culminat-
ed in a massive singularity that by even the
simplest of criteria made humans more com-
plex in a behavioral sense.

Simple examination of the number of neu-
rons, cell types, or genes or of the genome
size does not alone account for the differenc-
es in complexity that we observe. Rather, it is
the interactions within and among these sets
that result in such great variation. In addition,
it is possible that there are “special cases” of
regulatory gene networks that have a dispro-
portionate effect on the overall system. We
have presented several examples of “regula-
tory genes” that are significantly increased in
the human genome compared with the fly and
worm. These include extracellular ligands
and their cognate receptors (e.g., wnt, friz-
zled, TGF-b, ephrins, and connexins), as well
as nuclear regulators (e.g., the KRAB and
homeodomain transcription factor families),
where a few proteins control broad develop-
mental processes. The answers to these
“complexities” perhaps lie in these expanded
gene families and differences in the regulato-
ry control of ancient genes, proteins, path-
ways, and cells.

8.5 Beyond single components
While few would disagree with the intuitive
conclusion that Einstein’s brain was more
complex than that of Drosophila, closer com-
parisons such as whether the set of predicted
human proteins is more complex than the
protein set of Drosophila, and if so, to what
degree, are not straightforward, since protein,
protein domain, or protein-protein interaction
measures do not capture context-dependent
interactions that underpin the dynamics un-
derlying phenotype.

Currently, there are more than 30 different
mathematical descriptions of complexity (170).
However, we have yet to understand the math-
ematical dependency relating the number of
genes with organism complexity. One pragmat-
ic approach to the analysis of biological sys-
tems, which are composed of nonidentical ele-
ments (proteins, protein complexes, interacting
cell types, and interacting neuronal popula-
tions), is through graph theory (171). The ele-
ments of the system can be represented by the
vertices of complex topographies, with the edg-
es representing the interactions between them.
Examination of large networks reveals that they
can self-organize, but more important, they can
be particularly robust. This robustness is not
due to redundancy, but is a property of inho-
mogeneously wired networks. The error toler-
ance of such networks comes with a price; they
are vulnerable to the selection or removal of a
few nodes that contribute disproportionately to
network stability. Gene knockouts provide an
illustration. Some knockouts may have minor
effects, whereas others have catastrophic effects
on the system. In the case of vimentin, a sup-
posedly critical component of the cytoplasmic
intermediate filament network of mammals, the
knockout of the gene in mice reveals them to be
reproductively normal, with no obvious pheno-
typic effects (172), and yet the usually conspic-
uous vimentin network is completely absent.
On the other hand, ;30% of knockouts in
Drosophila and mice correspond to critical
nodes whose reduction in gene product, or total
elimination, causes the network to crash most
of the time, although even in some of these
cases, phenotypic normalcy ensues, given the
appropriate genetic background. Thus, there are
no “good” genes or “bad” genes, but only net-
works that exist at various levels and at differ-
ent connectivities, and at different states of
sensitivity to perturbation. Sophisticated math-
ematical analysis needs to be constantly evalu-
ated against hard biological data sets that spe-
cifically address network dynamics. Nowhere is
this more critical than in attempts to come to
grips with “complexity,” particularly because
deconvoluting and correcting complex net-
works that have undergone perturbation, and
have resulted in human diseases, is the greatest
significant challenge now facing us.

It has been predicted for the last 15 years
that complete sequencing of the human ge-
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nome would open up new strategies for hu-
man biological research and would have a
major impact on medicine, and through med-
icine and public health, on society. Effects on
biomedical research are already being felt.
This assembly of the human genome se-
quence is but a first, hesitant step on a long
and exciting journey toward understanding
the role of the genome in human biology. It
has been possible only because of innova-
tions in instrumentation and software that
have allowed automation of almost every step
of the process from DNA preparation to an-
notation. The next steps are clear: We must
define the complexity that ensues when this
relatively modest set of about 30,000 genes is
expressed. The sequence provides the frame-
work upon which all the genetics, biochem-
istry, physiology, and ultimately phenotype
depend. It provides the boundaries for scien-
tific inquiry. The sequence is only the first
level of understanding of the genome. All
genes and their control elements must be
identified; their functions, in concert as well
as in isolation, defined; their sequence varia-
tion worldwide described; and the relation
between genome variation and specific phe-
notypic characteristics determined. Now we
know what we have to explain.

Another paramount challenge awaits:
public discussion of this information and its
potential for improvement of personal health.
Many diverse sources of data have shown
that any two individuals are more than 99.9%
identical in sequence, which means that all
the glorious differences among individuals in
our species that can be attributed to genes
falls in a mere 0.1% of the sequence. There
are two fallacies to be avoided: determinism,
the idea that all characteristics of the person
are “hard-wired” by the genome; and reduc-
tionism, the view that with complete knowl-
edge of the human genome sequence, it is
only a matter of time before our understand-
ing of gene functions and interactions will
provide a complete causal description of hu-
man variability. The real challenge of human
biology, beyond the task of finding out how
genes orchestrate the construction and main-
tenance of the miraculous mechanism of our
bodies, will lie ahead as we seek to explain
how our minds have come to organize
thoughts sufficiently well to investigate our
own existence.
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