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3-methylglutaconicaciduria

Aarskog-Scott
syndrome

ABCD
syndrome

Abetalipoproteinemia

26

Achondrogenesis_Ib

Achondroplasia

Achromatopsia

Acquired
long_QT_syndrome

Acromegaly

Adenocarcinoma

Adenoma,
periampullary

Adenomas

Adenosine_deaminase
deficiency

Adrenocortical
carcinoma

Adult_i
phenotype

Afibrinogenemia

Alagille
syndrome

Albinism

Alcohol
dependence

Alexander
disease

Allergic
rhinitis

96

Alzheimer
disease

Amyloid
neuropathy

Amyloidosis

Amyotrophic
lateral

sclerosis

Androgen
insensitivity

Anemia

Angelman
syndrome

Angiofibroma,
sporadic

117

Aniridia,
type_II

Anorexia
nervosa

126

129

Aortic
aneurysm

Apert
syndrome

Apolipoprotein
deficiency

137

Aquaporin-1
deficiency

144

Arthropathy

Asperger
syndrome

Asthma

Ataxia

Ataxia-telangiectasia

Atelosteogenesis

Atherosclerosis

Atopy

Atrial
fibrillation

Atrioventricular
block

Autism

Autoimmune
disease

Axenfeld
anomaly

182

Bare_lymphocyte
syndrome

Barth
syndrome

Bart-Pumphrey
syndrome

Basal_cell
carcinoma

192

Becker
muscular
dystrophy

Benzene
toxicity

198

Birt-Hogg-Dube
syndrome

Bladder
cancer

Blood
group

217

Bothnia
retinal

dystrophy

Branchiootic
syndrome

Breast
cancer

Brugada
syndrome

Butterfly
dystrophy,

retinal

Complement_component
deficiency

Cafe-au-lait
spots

Caffey
disease

Cancer
susceptibility

Capillary
malformations

Carcinoid
tumors,

intestinal

Cardiomyopathy

Carney
complex

275

Cataract

287

Cerebellar
ataxia

Cerebral
amyloid

angiopathy

Cervical
carcinoma

Charcot-Marie-Tooth
disease

Cleft
palate

Coats
disease

Coffin-Lowry
syndrome

Coloboma,
ocular

Colon
cancer

347

Cone
dystrophy

Convulsions

Corneal
dystrophy

Coronary
artery

disease

Costello
syndrome

Coumarin
resistance

Cowden
disease

CPT
deficiency,

hepatic

Cramps,
potassium-aggravated

377

378

379

Craniosynostosis

Creatine
phosphokinase

Creutzfeldt-Jakob
disease

Crouzon
syndrome

Cutis
laxa

396

Deafness

Dejerine-Sottas
disease

Dementia

Dentin
dysplasia,

type_II
418

Denys-Drash
syndrome

422

Desmoid
disease

Diabetes
mellitus

Diastrophic
dysplasia

434

439

441

Duchenne
muscular
dystrophy

Dyserythropoietic
anemia

Dysfibrinogenemia
463

EBD

Ectodermal
dysplasia

Ectopia

Ehlers-Danlos
syndrome

Elliptocytosis

474

Emphysema

Endometrial
carcinoma

Enhanced
S-cone

syndrome

Enlarged
vestibular
aqueduct

Epidermolysis
bullosa

Epidermolytic
hyperkeratosis

Epilepsy

Epiphyseal
dysplasia

Episodic
ataxia

Epstein
syndrome

Erythrokeratoderma

Esophageal
cancer

Estrogen
resistance

Exudative
vitreoretinopathy

Eye
anomalies

Factor_x
deficiency

Fanconi
anemia

Fanconi-Bickel
syndrome

Favism

Fechtner
syndrome

Foveal
hypoplasia

549

Frasier
syndrome

558

Fundus
albipunctatus

G6PD
deficiency

Gardner
syndrome

Gastric
cancer

Gastrointestinal
stromal
tumor

Germ_cell
tumor

Gerstmann-Straussler
disease

Giant-cell
fibroblastoma

Glaucoma

Glioblastoma

594

604

Goiter

GRACILE
syndrome

Graft-versus-host
disease

Graves
disease

Growth
hormone

HDL_cholesterol
level_QTL

Heart
block

Hemangioblastoma,
cerebellar

Hematopoiesis,
cyclic

Hemiplegic_migraine,
familial

Hemolytic
anemia

Hemolytic-uremic
syndrome

Hemorrhagic
diathesis

665

Hepatic
adenoma

Hirschsprung
disease

Histiocytoma

HIV

Holoprosencephaly

Homocystinuria

Huntington
disease

Hypercholanemia

Hypercholesterolemia

Hypereosinophilic
syndrome

Hyperinsulinism

733

Hyperlipoproteinemia

Hyperostosis,
endosteal

Hyperparathyroidism

Hyperproinsulinemia

Hyperprolinemia

Hyperproreninemia

Hypertension

Hyperthroidism

Hyperthyroidism

Hypertriglyceridemia

Hypoalphalipoproteinemia

Hypobetalipoproteinemia

Hypocalcemia

Hypocalciuric
hypercalcemia

Hypoceruloplasminemia

Hypochondroplasia

Hypodontia

Hypofibrinogenemia

Hypoglycemia

Hypokalemic
periodic
paralysis

Hypothyroidism

792

Ichthyosiform
erythroderma Ichthyosis

IgE_levels
QTL

803

Incontinentia
pigmenti

Infantile_spasm
syndrome

809

Insensitivity
to_pain

Insomnia

Insulin
resistance

Intervertebral_disc
disease

Iridogoniodysgenesis

Iris_hypoplasia
and_glaucoma

Jackson-Weiss
syndrome

Jensen
syndrome

830

833

Kallmann
syndrome

Keratitis

843

Keratoconus

845

847

Kniest
dysplasia

Larson
syndrome

868

Leanness,
inherited

Leber
congenital_amaurosis

Leigh
syndrome

Leopard
syndrome

Leprechaunism

Leprosy

Leukemia

Lhermitte-Duclos
syndrome

Liddle
syndrome

Li
Fraumeni
syndrome

Li-Fraumeni
syndrome

Lipodystrophy

Lipoma

Lissencephaly

Listeria
monocytogenes

Loeys-Dietz
syndrome

Long_QT
syndrome

913

Lung
cancer

Lymphoma

930

Macrocytic
anemia

Macrothrombocytopenia

Macular
degeneration

Maculopathy,
bull’s-eye

Malaria

942

Maple_syrup_urine
disease

Marfan
syndrome

Marshall
syndrome

MASS
syndrome

Mast_cell
leukemia

959

May-Hegglin
anomaly

McCune-Albright
syndrome

Medulloblastoma

Melanoma Memory
impairment

Meniere
disease

Meningioma

Menkes
disease

Mental
retardation

Merkel_cell
carcinoma

Mesangial
sclerosis

Mesothelioma

Migraine

1016

Miyoshi
myopathy

MODY

Mohr-Tranebjaerg
syndrome

Morning
glory
disc

anomaly

Muenke
syndrome

Muir-Torre
syndrome

Multiple
endocrine
neoplasia

Muscular
dystrophy

Myasthenic
syndrome

Myelodysplastic
syndrome

Myelofibrosis,
idiopathic

Myelogenous
leukemia

Myeloperoxidase
deficiency

Myocardial
infarction

Myoclonic
epilepsy

1056

1057

Myopathy

Myotilinopathy

Myotonia
congenita

Myxoma,
intracardiac

Nasopharyngeal
carcinoma

Nephropathy-hypertension

Netherton
syndrome

Neuroblastoma

Neuroectodermal
tumors

Neurofibromatosis

1096

Neurofibromatosis

Neurofibrosarcoma

Neuropathy

Neutropenia

Nevo
syndrome

1104
1105

Nicotine
addiction

Night
blindness

Nijmegen_breakage
syndrome

1113

Non-Hodgkin
lymphoma

Nonsmall_cell
lung_cancer

Noonan
syndrome

Norrie
disease

Obesity

Obsessive-compulsive
disorder

Occipital_horn
syndrome

Oculodentodigital
dysplasia

Oligodendroglioma

Oligodontia

1140

Omenn
syndrome

Optic
atrophy

Orolaryngeal
cancer

OSMED
syndrome

Osseous
heteroplasia

1153

Osteoarthritis

Osteogenesis
imperfecta

Osteopetrosis

Osteoporosis 1164

Osteosarcoma

Ovarian
cancer

1174

Pancreatic
cancer

1183

Paragangliomas

Paramyotonia
congenita

Parathyroid
adenoma

Parietal
foramina

Parkes_Weber
syndrome

Parkinson
disease

Partington
syndrome

PCWH

Pelizaeus-Merzbacher
disease

Pendred
syndrome

Perineal
hypospadias

Peters
anomaly

Peutz-Jeghers
syndrome

Pfeiffer
syndrome

Pheochromocytoma

Pick
disease

Piebaldism

1229

Pilomatricoma

1232

Placental
abruption

Platelet
defect/deficiency

1239

Polycythemia

Polyposis

PPM-X
syndrome

Preeclampsia

Primary
lateral_sclerosis

1263

1267

Prostate
cancer

Proud
syndrome

Pseudoachondroplasia

Pseudohypoaldosteronism

Pseudohypoparathyroidism

Pyropoikilocytosis

1297

Rabson-Mendenhall
syndrome

Renal_cell
carcinoma

Retinal_cone
dsytrophy

Retinitis
pigmentosa

Retinoblastoma

Rett
syndrome

Rhabdomyosarcoma

Rheumatoid
arthritis

Rh-mod
syndrome

Rh-negative
blood_type

Rieger
syndrome

Ring_dermoid
of_cornea

Rippling_muscle
disease

Roussy-Levy
syndrome

Rubenstein-Taybi
syndrome

Saethre-Chotzen
syndrome

Salivary
adenoma

1347

SARS,
progression_of

Schizophrenia

Schwannomatosis

Sea-blue_histiocyte
disease

Seasonal
affective_disorder

Sebastian
syndrome

Self-healing
collodion_baby

Sepsis

1383

Sezary
syndrome

Shah-Waardenburg
syndrome

Shprintzen-Goldberg
syndrome

Sick_sinus
syndrome

1396

Simpson-Golabi-Behmel
syndrome

1401

SMED
Strudwick_type

1414

Somatotrophinoma

Spastic_ataxia
/paraplegia

Spherocytosis

Spinal_muscular
atrophy

Spinocereballar
ataxia

1432

Spondyloepiphyseal
dysplasia

Squamous_cell
carcinoma

Stargardt
disease

Stickler
syndrome

Stomach
cancer

Stroke

1456

Supranuclear
palsy

Supravalvar_aortic
stenosis

Syndactyly

Systemic_lupus
erythematosus

Tangier
disease

1476

T-cell
lymphoblastic

leukemia

Tetralogy
of_Fallot

1490

Thrombocythemia

Thrombocytopenia

Thrombophilia

Thyroid
carcinoma

Thyrotoxic
periodic
paralysis

Tietz
syndrome

Toenail
dystrophy,

isolated

1518

1528

Turcot
syndrome

1545

Urolithiasise

Usher
syndrome

Uterine
leiomyoma

van_Buchem
disease

1555

Ventricular
tachycardia

Vertical
talus

Viral
infection

Vitelliform
macular

dystrophy

Vohwinkel
syndrome

von_Hippel-Lindau
syndrome

Waardenburg-Shah
syndrome

Waardenburg
syndrome

Wagner
syndrome

WAGR
syndrome

Walker-Warburg
syndrome

Watson
syndrome

Wegener
granulomatosis

Weill-Marchesani
syndrome

1586

Williams-Beuren
syndrome

Wilms
tumor

Wiskott-Aldrich
syndrome

Witkop
syndrome

Wolff-Parkinson-White
syndrome

1614

Zlotogora-Ogur
syndrome

Adrenal
adenoma

Adrenal_cortical
carcinoma

Aneurysm,
familial_arterial

Autoimmune
thyroid
disease

Basal_cell
nevus_syndrome

Carcinoid_tumor
of_lung

Central_core
disease

Coronary
spasms

2385

2785

Macular
dystrophy

Medullary_thyroid
carcinoma

Pancreatic
agenesis

3212

3229

Thyroid
hormone
resistance

3512

3558

Combined
immunodeficiency

Multiple
malignancy
syndrome

Optic_nerve
hypoplasia/aplasia

5233

Renal
tubular
acidosis

Multiple
sclerosis

Renal
tubular

dysgenesis

ABCA1

ABCA4

ADA

ADRB2

AGRP

JAG1

AGTAGTR1

ALOX5

ALOX5AP

APC

APOA1

APOA2

APOB

APOE

APPFAS

AQP1

AR

STS

ATM

ATP1A2

ATP7A

BAX

CCND1

BCS1L

BDNF

BMPR1A

BRCA1

BRAF

BRCA2

C6

CACNA1A

CACNA1S

CACNB4

CASP8

CASP10

CASR

CAV3

RUNX1

CBS

CD36

CDH1

CDKN2A

CHRNA4

COL1A1

COL1A2

COL2A1

COL3A1

COL7A1

COL8A2

COL9A2

COL9A3

COL11A1

COL11A2

COMP

KLF6

COX15

CP

CPT2

CRX

CRYAB

NKX2-5

CTLA4

CTNNB1

CYP1B1

CYP2A6

DBH

ACE

DCTN1

DCX

DES

TIMM8A

COCH

NQO1

DMD
DSP

DSPP

SLC26A2

ECE1

EDN3

EDNRB

EGFR

EGR2

ELA2

ELN

EP300

EPHX1ERBB2

EYA4

ESR1

EYA1

F5

F7

FBN1

FCGR3A

FCMD

FGA

FGB

FGD1

FGFR1

FGFR3

FGFR2

FGG

FOXC1

FLNB

G6PD

GABRG2

GARS

GATA1

GCK

GCNT2

GCSL

GDNF

GJA1

GJB2

GJB3

GPC3

GNAI2
GNAS

GSS

MSH6

GYPC

GUCY2D

HEXB

CFH

HNF4A

HOXD10

HRAS

HSD11B2

HSPB1

HTR2A

IL2RG

IL10

IL13

INS

INSR

IPF1

IRF1

JAK2

KCNE1

KCNH2

KCNJ11

KCNQ1

KCNQ2

KIT

KRAS

KRT1

KRT10

LAMA3

LMNA

LOR

LPP

LRP5

SMAD4

MAPT

MATN3

MECP2

MEN1

MET

CIITA

MITF

MLH1 NR3C2

MPO

MPZ

MSH2

MSX1

MSX2

MUTYH

MXI1

MYF6
MYH6

MYH7

MYH8

MYH9

MYO7A

NBN

NDP

NDUFV1

NDUFS4

NF1

NF2

NOS3

NRL

NTRK1

OPA1

SLC22A18

PAFAH1B1

PARK2

PAX3

PAX6

PAX9

PDGFB

PDGFRA

PDGFRL

PDE6B

PDHA1

ENPP1

SLC26A4

PGK1

SERPINA1

PIK3CA

PITX2 PITX3

PLEC1

PLOD1

PLP1

PMP22

PMS2

PPARG

PRKAR1A

PRNP

PRODH

PSEN1

PTCH

PTEN

PTPN11

PTPRC

PVRL1

RAG1

RAG2

RASA1

RB1

RDS

REN

RET

RHAG

RHCE

RHO

RLBP1

RP1

RPGR

RPE65

RPS6KA3

RYR1

RYR2

SCN4A

SCN5A

SCNN1B

SCNN1G

SDHA

SDHBSDHD

SGCD

SHH

SLC2A2

SLC4A1

SLC6A4

SLC6A8

SLC34A1

SNCA

SOX3

SOX10

SPTA1

SPTB

STAT5B

ELOVL4

STK11

ABCC8

TAP2

TAZ

TBP

TCF1

TCF2

TG

TGFBR2

TGM1

THBD

TNF

TP53

TPO

TSHR

TTN

TTR

TYR

USH2A

VHL

VMD2

WAS

WT1

XRCC3

PLA2G7

HMGA2

DYSF

AXIN2

MAD1L1

RAD54L

IKBKG

TCAP

PTCH2

WISP3

BCL10

PHOX2B

LGI1

VAPB

MYOT

KCNE2

NR2E3

USH1C

FBLN5

POMT1

GJB6

SPINK5

CHEK2

ACSL6

CRB1

AIPL1

RAD54B

PTPN22

BSCL2

VSX1
FOXP3

PHF11

PRKAG2

NLGN3

CNGB3

RETN

RPGRIP1

NLGN4X

ALS2

CDH23

DCLRE1C

PCDH15

CDC73

OPA3

BRIP1

MASS1

ARX

FLCN

Abacavir
hypersensitivity

18

Acrocallosal
syndrome

Acrocapitofemoral
dysplasia

Acrokeratosis
verruciformis

Acromesomelic
dysplasia

53

Adrenoleukodystrophy

Adrenomyeloneuropathy

ADULT
syndrome

Agammaglobulinemia

AIDS

77

Aldosteronism
Alopecia

universalis

Alpers
syndrome

87

Alpha-actinin-3
deficiency

92

Alport
syndrome

Amelogenesis
imperfecta

Analbuminemia

107

Anderson
disease

Anhaptoglobinemia

Ankylosing
spoldylitis

Antley-Bixler
syndrome

Aplastic
anemia

Aromatase
deficiency

Arthrogryposis

162

Atransferrinemia

Atrichia w/
papular lesions

171

Bardet-Biedl
syndrome

BCG
infection

Beckwith-Wiedemann
syndrome

Bernard-Soulier
syndrome

Bethlem
myopathy

Blau
syndrome

210

Blepharospasm

Blue-cone
monochromacy

Bombay
phenotype

Bosley-Salih-Alorainy
syndrome

Brachydactyly

Buschke-Ollendorff
syndrome

Calcinosis,
tumoral

Campomelic
dysplasia

Cartilage-hair
hypoplasia

279

292

294
Ceroid

lipofuscinosis

Ceroid-lipofuscinosis

CETP
deficiency

Cholelithiasis

Cholestasis

313

Chondrocalcinosis

Chondrosarcoma

Chorea,
hereditary

benign

320

Chudley-Lowry
syndrome

329

Chylomicron
retention
disease

Ciliary
dyskinesia

CINCA
syndrome

Cleidocranial
dysplasia

Cockayne
syndrome

Codeine
sensitivity

344

Colorblindness

Congestive
heart
failure

Conjunctivitis,
ligneous

357

Coproporphyria

Craniometaphyseal
dysplasia

CRASH
syndrome

Crigler-Najjar
syndrome

Crohn
disease

Cystathioninuria

Cystic
fibrosis

Cystinuria
Darier
disease

Debrisoquine
sensitivity

Dental
anomalies,

isolated

Dent
disease

De Sanctis-Cacchione
syndrome

DiGeorge
syndrome

438

Dosage-sensitive
sex

reversal

Double-outlet
right ventricle

Down
syndrome

452

453

Dyskeratosis

Dysprothrombinemia

461

Dystonia

EEC syndrome

471

Ellis-
van Creveld
syndrome

Enchondromatosis

Erythremias

Erythrocytosis

Ewing
sarcoma

Exostoses

527

Fertile
eunuch

syndrome

535

Fibromatosisl

539

Fish-eye
disease

Fitzgerald factor
deficiency

544

545

Frontometaphyseal
dysplasia

Fumarase
deficiency

Gaucher
disease

584

Gilbert
syndrome

GM-gangliosidosis

Greenberg
dysplasia

626

Guttmacher
syndrome

Haim-Munk
syndrome

Hand-foot-uterus
syndrome

Harderoporphyrinuria

HARP
syndrome

Hay-Wells
syndrome

646

Heinz
body

anemia

HELLP
syndrome

Hemangioma

Hematuria,
familial_benign

Hemochromatosis

Hemoglobi_H
disease

Hemophilia

Heterotaxy

Heterotopia

Hex_A
pseudodeficiency

679

Homocysteine
plasma

level

699 701

Hoyeraal-Hreidarsson
syndrome

HPFH

HPRT-related
gout

H._pylori
infection

Hyalinosis,
infantile
systemic

Hydrocephalus

Hyperalphalipoproteinemia

Hyperandrogenism

Hyperbilirubinemia

Hyperekplexia

727

Hyper-IgD
syndrome

734

Hypermethioninemia

Hyperphenylalaninemia

Hyperprothrombinemia

Hypertrypsinemia

Hyperuricemic
nephropathy

Hypoaldosteronism

Hypochromic
microcytic

anemia

Hypogonadotropic
hypogonadism

Hypohaptoglobinemia

Hypolactasia,
adult
type

780

Hypophosphatasia

Hypophosphatemia

Hypophosphatemic
rickets

785

Hypoprothrombinemia

Inclusion
body

myopathy

Iron
overload/deficiency

Joubert
syndrome

Juberg-Marsidi
syndrome

Kanzaki
disease

Kartagener
syndrome

Kenny-Caffey
syndrome-1

Kininogen
deficiency

Langer
mesomelic
dysplasia

Laron
dwarfism

LCHAD
deficiency

Lead
poisoning

Leiomyomatosis

Leri-Weill
dyschondrosteosis

Lesch-Nyhan
syndrome,

891

Leydig
cell

adenoma

LIG4
syndrome

Limb-mammary
syndrome

Lipoprotein
lipase

deficiency

Longevity

Lowe
syndrome

Low renin
hypertension

Lymphangioleiomyomatosis

Lymphedema

945

MASA
syndrome

McKusick-Kaufman
syndrome

969

Melnick-Needles
syndrome

982

Meningococcal
disease

Mephenytoin
poor metabolizer

Metachromatic
leukodystrophy

Metaphyseal
chondrodysplasia

Methemoglobinemia

1001
1002

Mevalonicaciduria

Microcephaly

Micropenis

Microphthalmia

Muckle-Wells
syndrome

Mucopolysaccharidosis

Mycobacterial
infection

Myelokathexis,
isolated

1050

Myeloproliferative
disorder

Nemaline
myopathy

1080

Nephrolithiasis

Nephronophthisis

1090

Neurodegeneration

Nonaka
myopathy

Norum
disease

1119

Ocular
albinism

1133

Odontohypophosphatasia

Opremazole
poor metabolizer

Orofacial cleft

Osteolysis

Osteopoikilosis

Otopalatodigital
syndrome

Ovarioleukodystrophy

Pachyonychia
congenita

Paget
disease

Pallister-Hall
syndrome

Palmoplantar
keratoderma

Pancreatitis

Papillon-Lefevre
syndrome

Pelger-Huet
anomaly

Periodontitis

Phenylketonuria

1227 Plasminogen
deficiency

1238

Polydactyly

Popliteal
pterygium
syndrome

Porphyria

Precocious
puberty,

male

Premature
ovarian
failure

1265

Proguanil
poor metabolizer

Proteinuria

Pseudohermaphroditism,
male

Psoraisis

Pulmonary
fibrosis

RAPADILINO
syndrome

Rapp-Hodgkin
syndrome

Red hair/
fair skin

Refsum
disease

Resting
heart
rate

Restrictive
dermopathy,

lethal

1325

1335

Rothmund-Thomson
syndrome

Salla
disease

Sarcoidosis

Schindler
disease

1361

Senior-Loken
syndrome

1376

Septooptic
dysplasia

Sex
reversal

Short
stature

Sialidosis

Sialuria

Sickle
cell

anemia

Situs
ambiguus

Smith-Fineman-Myers
syndrome

Smith-McCort
dysplasia

Sotos
syndrome

Spina
bifida

Split-hand/foot
malformation

Spondylometaphyseal
dysplasia

1438

Startle
disease

STAT1
deficiency

Steatocystoma
multiplex

1446
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Supporting Information Figure 13 | Bipartite-graph representation of the diseasome. A disorder (circle) and a gene (rectangle) are connected if the gene is implicated in the disorder. The size of the circle represents the number of distinct genes associated with the disorder. Isolated disorders (disorders having no links to other disorders) are not shown. Also, only genes connecting disorders are shown.

Disorder Class

Disorder Name

Bone
Cancer
Cardiovascular
Connective tissue disorder
Dermatological
Developmental
Ear, Nose, Throat
Endocrine
Gastrointestinal
Hematological
Immunological
Metabolic
Muscular
Neurological
Nutritional
Ophthamological
Psychiatric
Renal
Respiratory
Skeletal
multiple
Unclassified

5233 Placental steroid sulfatase deficiency
5170 Ovarian hyperstimulation syndrome
4291 Cerebral cavernous malformations
3558 Ventricular fibrillation, idiopathic
3512 Total iodide organification defect
3260 Premature chromosome condensation w/ microcephaly, mental retardation
3229 Pigmented adrenocortical disease, primary isolated
3212 Persistent hyperinsulinemic hypoglycemia of infancy
3144 Optic nerve coloboma with renal disease
3037 Multiple cutaneous and uterine leiomyomata
2785 Hypoplastic left heart syndrome
2385 Creatine deficiency syndrome, X-linked
2354 Congenital bilateral absence of vas deferens
2327 Chronic infections, due to opsonin defect
1614 Yemenite deaf-blind hypopigmentation syndrome
1611 XLA and isolated growth hormone deficiency
1586 Weissenbacher-Zweymuller syndrome
1580 Warfarin resistance/sensitivity
1565 Vitamin K-dependent coagulation defect
1555 VATER association with hydrocephalus
1545 Unna-Thost disease, nonepidermolytic
1542 Ullrich congenital muscular dystrophy
1528 Trismus-pseudocomptodactyly syndrome
1526 Trifunctional protein deficiency
1519 Transposition of great arteries, dextro-looped
1518 Transient bullous of the newborn
1490 Thanatophoric dysplasia, types I and II
1476 Tauopathy and respiratory failure
1475 Tarsal-carpal coalition syndrome
1466 Sweat chloride elevation without CF
1456 Subcortical laminar heterotopia
1446 Stevens-Johnson syndrome, carbamazepine-induced
1438 Stapes ankylosis syndrome without symphalangism
1432 Spondylocarpotarsal synostosis syndrome
1414 Solitary median maxillary central incisor
1401 Skin fragility-woolly hair syndrome
1396 Silver spastic paraplegia syndrome
1383 Severe combined immunodeficiency
1376 Sensory ataxic neuropathy, dysarthria, and ophthalmoparesis
1361 Schwartz-Jampel syndrome, type 1
1347 Sandhoff disease, infantile, juvenile, and adult forms
1335 Robinow syndrome, autosomal recessive
1325 Rhizomelic chondrodysplasia punctata
1297 Pyruvate dehydrogenase deficiency
1267 Prolactinoma, hyperparathyroidism, carcinoid syndrome
1265 Progressive external ophthalmoplegia with mitochondrial DNA deletions
1263 Prion disease with protracted course
1239 Pneumothorax, primary spontaneous
1238 Pneumonitis, desquamative interstitial
1232 Pituitary ACTH-secreting adenoma
1229 Pigmented paravenous chorioretinal atrophy
1227 Pigmentation of hair, skin, and eyes, variation in
1183 Papillary serous carcinoma of the peritoneum
1174 Pallidopontonigral degeneration
1164 Osteoporosis-pseudoglioma syndrome
1153 Ossification of the posterior longitudinal spinal ligaments
1140 Oligodontia-colorectal cancer syndrome
1133 Oculofaciocardiodental syndrome
1119 Norwalk virus infection, resistance to
1113 Noncompaction of left ventricular myocardium
1105 Newfoundland rod-cone dystrophy
1104 Nevus, epidermal, epidermolytic hyperkeratotic type
1096 Neurofibromatosis-Noonan syndrome
1090 Neural tube defects, maternal risk of
1080 Nephrogenic syndrome of inappropriate antidiuresis
1057 Myokymia with neonatal epilepsy
1056 Myoglobinuria/hemolysis due to PGK deficiency
1050 Myelomonocytic leukemia, chronic
1016 Mitochondrial complex deficiency
1002 Methylcobalamin deficiency, cblG type
1001 Methionine adenosyltransferase deficiency, autosomal recessive
982 Melorheostosis with osteopoikilosis
969 Medullary cystic kidney disease
959 Mastocytosis with associated hematologic disorder
945 Mandibuloacral dysplasia with type B lipodystrophy
942 Malignant hyperthermia susceptibility
930 Lynch cancer family syndrome II
913 Lower motor neuron disease, progressive, without sensory symptoms
891 Leukoencephalopathy with vanishing white matter
868 Laryngoonychocutaneous syndrome
847 Keratosis palmoplantaria striata
845 Keratoderma, palmoplantar, with deafness
843 Keratitis-ichthyosis-deafness syndrome
833 Juvenile polyposis/hereditary hemorrhagic telangiectasia syndrome
830 Jervell and Lange-Nielsen syndrome
809 Infundibular hypoplasia and hypopituitarism
803 Immunodysregulation, polyendocrinopathy, and enteropathy, X-linked
792 Hystrix-like ichthyosis with deafness
785 Hypoplastic enamel pitting, localized
780 Hypoparathyroidism-retardation-dysmorphism syndrome
734 Hyperkeratotic cutaneous capillary-venous malformations
733 Hyperkalemic periodic paralysis
727 Hyperferritinemia-cataract syndrome
701 Homozygous 2p16 deletion syndrome
699 Homocystinuria-megaloblastic anemia, cbl E type
679 High-molecular-weight kininogen deficiency
665 Hemosiderosis, systemic, due to aceruloplasminemia
646 Hearing loss, low-frequency sensorineural
626 Greig cephalopolysyndactyly syndrome
604 Glutathione synthetase deficiency
594 Glomerulocystic kidney disease, hypoplastic
584 Giant platelet disorder, isolated
558 Fuchs endothelial corneal dystrophy
549 Foveomacular dystrophy, adult-onset, with choroidal neovascularization
545 Focal cortical dysplasia, Taylor balloon cell type
544 Fluorouracil toxicity, sensitivity to
539 Fibular hypoplasia and complex brachydactyly
535 Fibrocalculous pancreatic diabetes
527 Fatty liver, acute, of pregnancy
474 Emery-Dreifuss muscular dystrophy
471 Elite sprint athletic performance
463 Dystransthyretinemic hyperthyroxinemia
461 Dyssegmental dysplasia, Silverman-Handmaker type
453 Dysalbuminemic hyperthyroxinemia
452 Dyggve-Melchior-Clausen disease
441 Dopamine beta-hydroxylase deficiency
439 Dissection of cervical arteries
438 Disordered steroidogenesis, isolated
434 Dilated cardiomyopathy with woolly hair and keratoderma
422 Dermatofibrosarcoma protuberans
418 Dentinogenesis imperfecta, Shields type
396 Cyclic ichthyosis with epidermolytic hyperkeratosis
379 Craniofacial-skeletal-dermatologic dysplasia
378 Craniofacial-deafness-hand syndrome
377 Craniofacial anomalies, empty sella turcica, corneal endothelial changes
357 Conotruncal anomaly face syndrome
347 Colonic aganglionosis, total, with small bowel involvement
344 Cold-induced autoinflammatory syndrome
329 Chylomicronemia syndrome, familial
320 Choreoathetosis, hypothyroidism, and respiratory distress
313 Cholesteryl ester storage disease
294 Cerebrovascular disease, occlusive
292 Cerebrooculofacioskeletal syndrome
287 Central hypoventilation syndrome
279 Cavernous malformations of CNS and retina
275 Carpal tunnel syndrome, familial
217 Bone mineral density variability
210 Blepharophimosis, epicanthus inversus, and ptosis
198 Beta-2-adrenoreceptor agonist, reduced response to
192 Beare-Stevenson cutis gyrata syndrome
182 Bannayan-Riley-Ruvalcaba syndrome
171 Attention-deficit hyperactivity disorder
162 Athabaskan brainstem dysgenesis syndrome
144 Arrhythmogenic right ventricular dysplasia
137 Apparent mineralocorticoid excess, hypertension due to
129 Anxiety-related personality traits
126 Anterior segment anomalies and cataract
117 Angiotensin I-converting enzyme
107 Analgesia from kappa-opioid receptor agonist, female-specific
96 Alternating hemiplegia of childhood
92 Alpha-thalassemia/mental retardation syndrome
87 Alpha-1-antichymotrypsin deficiency
77 Aldosterone to renin ratio raised
53 Adrenal hyperplasia, congenital
26 Achondrogenesis-hypochondrogenesis, type II
18 Acampomelic campolelic dysplasia



The Human Disease Network, whose 
nodes are diseases connected if they 
have common genetic origin. Published 
as a supplement of the Proceedings of 
the National Academy of Sciences [1], the 
map was created to illustrate the genetic 
interconnectedness of apparently dis-
tinct diseases. With time it crossed dis-
ciplinary boundaries, taking up a life of 
its own. The New York Times created an 
interactive version of the map and the 
London-based Serpentine Gallery, one 
of the top contemporary art galleries in 
the world, have exhibited it part of their 
focus on networks and maps [2]. It is also 
featured in numerous books on design 
and maps [3, 4, 5].
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(a) A contemporary map of Königsberg (now 
Kaliningrad, Russia) during Euler’s time.

(b) A schematic illustration of Königsberg’s 
four land pieces and the seven bridges 
across them.

 
(c) Euler constructed a graph that has four 

nodes (A, B, C, D), each corresponding to a 
patch of land, and seven links, each corre-
sponding to a bridge. He then showed that 
there is no continuous path that would 
cross the seven bridges while never cross-
ing the same bridge twice. The people of 
Königsberg gave up their fruitless search 
and in 1875 built a new bridge between B 
and C, increasing the number of links of 
these two nodes to four. Now only one node 
was left with an odd number of links. Con-
sequently we should be able to find the de-
sired path. Can you find one yourself?

Figure  2.1
The Bridges of Königsberg

SECTION 2.1

Few research fields can trace their birth to a single moment and place in 

history. Graph theory, the mathematical scaffold behind network science, 

can. Its roots go back to 1735 in Königsberg, the capital of Eastern Prussia, 

a thriving merchant city of its time. The trade supported by its busy fleet 

of ships allowed city officials to build seven bridges across the river Pregel 

that surrounded the town. Five of these connected to the mainland the el-

egant island Kneiphof, caught between the two branches of the Pregel. The 

remaining two crossed the two branches of the river (Figure 2.1). This pecu-

liar arrangement gave birth to a contemporary puzzle: Can one walk across 

all seven bridges and never cross the same one twice? Despite many at-

tempts, no one could find such path. The problem remained unsolved until 

1735, when Leonard Euler, a Swiss born mathematician, offered a rigorous 

mathematical proof that such path does not exist [6, 7].

Euler represented each of the four land areas separated by the river 

with letters A, B, C, and D (Figure 2.1). Next he connected with lines each 

piece of land that had a bridge between them. He thus built a graph, whose 

nodes were pieces of land and links were the bridges. Then Euler made a 

simple observation: if there is a path crossing all bridges, but never the 

same bridge twice, then nodes with odd number of links must be either the 

starting or the end point of this path. Indeed, if you arrive to a node with 

an odd number of links, you may find yourself having no unused link for 

you to leave it. 

A walking path that goes through all bridges can have only one starting 

and one end point. Thus such a path cannot exist on a graph that has more 

than two nodes with an odd number of links. The Königsberg graph had 

four nodes with an odd number of links, A, B, C, and D, so no path could 

satisfy the problem.

Euler’s proof was the first time someone solved a mathematical prob-

lem using a graph. For us the proof has two important messages: The first 

is that some problems become simpler and more tractable if they are rep-

resented as a graph. The second is that the existence of the path does not 

The bridges
of Königsberg
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Online Resource 2.1

Watch a short video introducing the Könis-
berg problem and Euler’s solution.

The Bridges of Königsberg

depend on our ingenuity to find it. Rather, it is a property of the graph. 

Indeed, given the structure of the Königsberg graph, no matter how smart 

we are, we will never find the desired path. In other words, networks have 

properties encoded in their structure that limit or enhance their behavior. 

To understand the many ways networks can affect the properties of a 

system, we need to become familiar with graph theory, a branch of math-

ematics that grew out of Euler’s proof. In this chapter we learn how to rep-

resent a network as a graph and introduce the elementary characteristics 

of networks, from degrees to degree distributions, from paths to distances 

and learn to distinguish weighted, directed and bipartite networks. We 

will introduce a graph-theoretic formalism and language that will be used 

throughout this book. 

4GRAPH THEORY the bridge of Königsberg
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The figure shows a small subset of (a) the In-
ternet, where routers (specialized computers) 
are connected to each other; (b) the Hollywood 
actor network, where two actors are con-
nected if they played in the same movie; (c) 
a protein-protein interaction network, where 
two proteins are connected if there is experi-
mental evidence that they can bind to each 
other in the cell. While the nature of the nodes 
and the links differs, these networks have the 
same graph representation, consisting of N = 
4 nodes and L = 4 links, shown in (d).

Figure  2.2
Different Networks, Same Graph

Networks
and graphs

SECTION 2.2

If we want to understand a complex system, we first need to know how 

its components interact with each other. In other words we need a map of 

its wiring diagram. A network is a catalog of a system’s components often 

called nodes or vertices and the direct interactions between them, called 

links or edges (Box 2.1). This network representation offers a common lan-

guage to study systems that may differ greatly in nature, appearance, or 

scope. Indeed, as shown in Figure 2.2, three rather different systems have 

exactly the same network representation.

Figure 2.2 introduces two basic network parameters:

 

Number of nodes, or N, represents the number of components in the 

system. We will often call N the size of the network. To distinguish the 

nodes, we label them with i = 1, 2, ..., N. 

Number of links, which we denote with L, represents the total number 

of interactions between the nodes. Links are rarely labeled, as they can 

be identified through the nodes they connect. For example, the (2, 4) 

link connects nodes 2 and 4. 

The networks shown in Figure 2.2 have N = 4 and L = 4. 

The links of a network can be directed or undirected. Some systems have 

directed links, like the WWW, whose uniform resource locators (URL) point 

from one web document to the other, or phone calls, where one person calls 

the other. Other systems have undirected links, like romantic ties: if I date 

Janet, Janet also dates me, or like transmission lines on the power grid, on 

which the electric current can flow in both directions.

A network is called directed (or digraph) if all of its links are directed; it 

is called undirected if all of its links are undirected. Some networks simul-

taneously have directed and undirected links. For example in the metabol-

ic network some reactions are reversible (i.e., bidirectional or undirected) 

and others are irreversible, taking place in only one direction (directed). 

5GRAPH THEORY
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BOX 2.1
Networks or graphs?

In the scientific literature the 

terms network and graph are 

used interchangeably:

 Network Science       Graph Theory

  Network	                  Graph

  Node	                  Vertex

  Link	                  Edge

Yet, there is a subtle distinction 

between the two terminologies: 

the {network, node, link} combi-

nation often refers to real sys-

tems: The WWW is a network of 

web documents linked by URLs; 

society is a network of individu-

als linked by family, friend-

ship or professional ties; the 

metabolic network is the sum 

of all chemical reactions that 

take place in a cell. In contrast, 

we use the terms {graph, ver-
tex, edge} when we discuss the 

mathematical representation of 

these networks: We talk about 

the web graph, the social graph 

(a term made popular by Face-

book), or the metabolic graph. 

Yet, this distinction is rarely 

made, so these two terminolo-

gies are often synonyms of each 

other.

The choices we make when we represent a system as a network will 

determine our ability to use network science successfully to solve a 

particular problem. For example, the way we define the links between 

two individuals dictates the nature of the questions we can explore:

(a) By  connecting individuals that regularly interact with each 

other in the context of their work, we obtain the organizational 
or professional network, that plays a key role in the success of 

a company or an institution, and is of major interest to organi-

zational research (Figure 1.7).

(b) By linking friends to each other, we obtain the friendship net-
work, that plays an important role in the spread of ideas, prod-

ucts and habits and is of major interest to sociology, marketing 

and health sciences.

(c) By  connecting individuals that have an intimate relationship, 

we obtain the sexual network, of key importance for the spread 

of sexually transmitted diseases, like AIDS, and of major inter-

est for epidemiology.

(d) By  using phone and email records to connect individuals that 

call or email each other, we obtain the acquaintance network, 

capturing a mixture of professional, friendship or intimate 

links, of importance to communications and marketing.

While   many links in these four networks overlap (some coworkers may 

be friends or may have an intimate relationship), these networks have dif-

ferent uses and purposes. 

We can also build networks that may be valid from a graph theoretic 

perspective, but may have little practical utility. For example, if we link 

all individuals with the same first name, Johns with Johns and Marys with 

Marys, we do obtain a well-defined graph, whose properties can be ana-

lyzed with the tools of network science. Its utility is questionable, however. 

Hence in order to apply network theory to a system, careful considerations 

must precede our choice of nodes and links, ensuring their significance to 

the problem we wish to explore.

Throughout this book we will use ten networks to illustrate the tools of 

network science. These reference networks, listed in Table 2.1, span social 

systems (mobile call graph or email network), collaboration and affiliation 

networks (science collaboration network, Hollywood actor network), infor-

mation systems (WWW), technological and infrastructural systems (Inter-

net and power grid), biological systems (protein interaction and metabolic 

network), and reference networks (citations). They differ widely in their 

sizes, from as few as N =1,039 nodes in the E. coli metabolism, to almost 

half million nodes in the citation network. They cover several areas where 

networks are actively applied, representing ‘canonical’ datasets frequently 

6GRAPH THEORY networks and graphs



The basic characteristics of ten networks used 
throughout this book to illustrate the tools of 
network science. The table lists the nature of 
their nodes and links, indicating if links are 
directed or undirected, the number of nodes 
(N) and links (L), and the average degree for 
each network. For directed networks the av-
erage degree shown is the average in- or out-
degrees <k> = <kin>=<kout> (see Equation (2.5)).

Table 2.1
Canonical Network Maps

used by researchers to illustrate key network properties. As we indicate in 

Table 2.1, some of them are directed, others are undirected. In the coming 

chapters we will discuss in detail the nature and the characteristics of each 

of these datasets, turning them into the guinea pigs of our journey to un-

derstand complex networks.

7GRAPH THEORY networks and graphs

NETWORK NODES LINKS N L kDIRECTED
UNDIRECTED

WWW

Power Grid

Mobile Phone Calls

Email

Science Collaboration

Actor Network

Citation Network

E. Coli Metabolism

Protein Interactions

Webpages

Power plants, transformers

Subscribers

Email addresses

Scientists

Actors

Paper

Metabolites

Proteins

Links

Cables

Calls

Emails

Co-authorship

Co-acting

Citations

Chemical reactions

Binding interactions

Directed

Undirected

Directed

Directed

Undirected

Undirected

Directed

Directed

Undirected

325,729

4,941

36,595

57,194

23,133

702,388

449,673

1,039

2,018

1,497,134

6,594

91,826

103,731

93,439

29,397,908

4,689,479

5,802

2,930

Internet Routers Internet connections Undirected 192,244 609,066 6.34

4.60 

2.67

2.51

1.81

8.08

83.71

10.43

5.58

2.90



BOX 2.2
Brief Statistics Review

Four key quantities characterize 

a sample of N values x1, ... , xN : 

Average (mean):

The nth moment:

￼		 

	

Standard deviation:

Distribution of x:

￼				   

where px follows 

A key property of each node is its degree, representing the number of 

links it has to other nodes. The degree can represent the number of mobile 

phone contacts an individual has in the call graph (i.e. the number of dif-

ferent individuals the person has talked to), or the number of citations a 

research paper gets in the citation network. 

Degree
We denote with ki the degree of the ith node in the network. For ex-

ample, for the undirected networks shown in Figure 2.2 we have k1=2, k2=3, 

k3=2, k4=1. In an undirected network the total number of links, L, can be 

expressed as the sum of the node degrees: 

				￼					       

					      .

Here the 1/2 factor corrects for the fact that in the sum (2.1) each link is 

counted twice. For example, the link connecting the nodes 2 and 4 in Figure 
2.2 will be counted once in the degree of node 1 and once in the degree of 

node 4. 

Average Degree
An important property of a network is its average degree (Box 2.2), which 

for an undirected network is

			￼						       

				  

In directed networks we distinguish between incoming degree, ki
in, rep-

resenting the number of links that point to node i, and outgoing degree,        

ki
out, representing the number of links that point from node i to other 

nodes. Finally, a node’s total degree, ki, is given by

			￼						       

				  

For example, on the WWW the number of pages a given document 

points to represents its outgoing degree, kout, and the number of docu-

ments that point to it represents its incoming degree, kin. The total number 

(2.1)

(2.2)

(2.3)

Degree, average degree,
and degree distribution

SECTION 2.3
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of links in a directed network is￼

The 1/2 factor seen in (2.1) is now absent, as for directed networks the 

two sums in (2.4) separately count the outgoing and the incoming degrees.  

The average degree of a directed network is￼			  

					          

Degree Distribution
The degree distribution, pk, provides the probability that a randomly se-

lected node in the network has degree k. Since pk is a probability, it must be 

normalized, i.e.    ￼        

			 

For a network with N nodes the degree distribution is the normalized 

histogram (Figure 2.3) is given by

where Nk is the number of degree-k nodes. Hence the number of degree-k 

nodes can be obtained from the degree distribution as Nk = Npk. 

The degree distribution has assumed a central role in network theory 

following the discovery of scale-free networks [8]. One reason is that the 

calculation of most network properties requires us to know pk. For exam-

ple, the average degree of a network can be written as

The other reason is that the precise functional form of pk determines 

many network phenomena, from network robustness to the spread of vi-

ruses.

(2.5)

(2.6)

(2.7)

(2.8)

(2.4)

The  degree distribution of a network is pro-
vided by the ratio (2.7). 

(a) For the network in (a) with N = 4 the degree 
distribution is shown in (b).

 (b) We have p1 = 1/4 (one of the four nodes has 
degree k1 = 1), p2 = 1/2 (two nodes have k3 
= k4 = 2), and p3 = 1/4 (as k2 = 3). As we lack 
nodes with degree k > 3, pk = 0 for any k > 3. 

(c) A one dimensional lattice for which each 
node has the same degree k = 2.

(d) The degree distribution of (c) is a Kroneck-
er’s delta function, pk = δ(k - 2).

Figure 2.3

Degree Distribution
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Figure 2.4
Degree Distribution of a Real Network

In real networks the node degrees can vary-
widely. 

(a) A layout of the protein interaction network 
of yeast (Table 2.1). Each node corresponds 
to a yeast protein and links correspond to 
experimentally detected binding interac-
tions. Note that the proteins shown on the 
bottom have self-loops, hence for them  
k=2.

(b) The degree distribution of the protein inter-
action network shown in (a). The observed 
degrees vary between k=0 (isolated nodes) 
and k=92, which is the degree of the most 
connected node, called a hub. There are 
also wide differences in the number of 
nodes with different degrees: Almost half 
of the nodes have degree one (i.e. p1=0.48), 
while we have only one copy of the biggest 
node (i.e. p92 = 1/N=0.0005).  

(c) The degree distribution is often shown on 
a log-log plot, in which we either plot log 
pk in function of ln k, or, as we do in (c), or 
we use logarithmic axes. The advantages of 
this representation are discussed in Chap-
ter 4. 
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Adjacency Matrix
SECTION 2.4

A complete description of a network requires us to keep track of its 

links. The simplest way to achieve this is to provide a complete list of the 

links. For example, the network of Figure 2.2 is uniquely described by listing 

its four links: {(1, 2), (1, 3), (2, 3), (2, 4)}. For mathematical purposes we often 

represent a network through its adjacency matrix. The adjacency matrix 

of a directed network of N nodes has N rows and N columns, its elements 

being:

Aij = 1 if there is a link pointing from node j to node i
Aij = 0 if nodes i and j are not connected to each other

The adjacency matrix of an undirected  network has two entries for 

each link, e.g. link (1, 2) is represented as A12 = 1 and A21 = 1. Hence, the ad-

jacency matrix of an undirected network is symmetric, Aij = Aji (Figure 2.5b). 

The degree ki of node i can be directly obtained from the elements of the 

adjacency matrix. For undirected networks a node’s degree is a sum over 

either the rows or the columns of the matrix, i.e.

For directed networks the sums over the adjacency matrix’ rows and 

columns provide the incoming and outgoing degrees, respectively

Given that in an undirected network the number of outgoing links 

equals the number of incoming links, we have

	

The number of nonzero elements of the adjacency matrix is 2L, or twice 

the number of links. Indeed, an undirected link connecting nodes i and j 
appears in two entries: Aij = 1, a link pointing from node j to node i, and Aji 

= 1, a link pointing from i to j (Figure 2.5b).

(2.9)

(2.10)

(2.11)
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(a) The labeling of the elements of the adjacen-
cy matrix. 

(b) The adjacency matrix of an undirected net-
work. The figure shows that the degree of a 
node (in this case node 2) can be expressed 
as the sum over the appropriate column 
or the row of the adjacency matrix. It also 
shows a few basic network characteristics, 
like the total number of links, L, and aver-
age degree, <k>, expressed in terms of the 
elements of the adjacency matrix.

(c) The same as in (b) but for a directed network.

Figure 2.5

The Adjacency Matrix
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A complete graph with N = 16 nodes and Lmax = 
120 links, as predicted by (2.12). The adjacency 
matrix of a complete graph is Aij = 1 for all i, j = 
1, .... N and Aii = 0. The average degree of a com-
plete graph is <k> = N - 1. A complete graph 
is often called a clique, a term frequently used 
in community identification, a problem dis-
cussed in CHAPTER 9.

Figure 2.6
Complete Graph

Real networks
are sparse

SECTION 2.5

In real networks the number of nodes (N) and links (L) can vary wide-

ly. For example, the neural network of the worm C. elegans, the only fully 

mapped nervous system of a living organism, has N = 302 neurons (nodes). 

In contrast the human brain is estimated to have about a hundred billion 

(N ≈ 1011) neurons. The genetic network of a human cell has about 20,000 

genes as nodes; the social network consists of seven billion individuals (N 

≈ 7×109) and the WWW is estimated to have over a trillion web documents 

(N > 1012). 

These wide differences in size are noticeable in Table 2.1, which lists N 

and L for several network maps. Some of these maps offer a complete wir-

ing diagram of the system they describe (like the actor network or the E. 

coli metabolism), while others are only samples, representing a subset of 

the full network (like the WWW or the mobile call graph).

Table 2.1 indicates that the number of links also varies widely. In a net-

work of N nodes the number of links can change between L = 0 and Lmax, 

where  

is the total number of links present in a complete graph of size N (Figure 2.6). 

In a complete graph each node is connected to every other node.

In real networks L is much smaller than Lmax, reflecting the fact that 

most real networks are sparse. We call a network sparse if L<< Lmax.   For 

example, the WWW graph in Table 2.1 has about 1.5 million links. Yet, if the 

WWW were to be a complete graph, it should have Lmax ≈ 5x1010 links ac-

cording to (2.12). Consequently the web graph has only a 3x10-5 fraction of 

the links it could have. This is true for all of the networks in Table 2.1: One 

can check that their number of links is only a tiny fraction of the expected 

number of links for a complete graph of the same number of nodes. 

(2.12)
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The adjacency matrix of the yeast protein-pro-
tein interaction network, consisting of 2,018 
nodes, each representing a yeast protein (Table 
2.1). A dot is placed on each position of the ad-
jacent matrix for which Aij = 1, indicating the 
presence of an interaction. There are no dots 
for Aij = 0. The small fraction of dots illustrates 
the sparse nature of the protein-protein inter-
action network.

Figure 2.7

The Adjacency Matrix is Sparse

The sparsity of real networks implies that the adjacency matrices are 

also sparse. Indeed, a complete network has Aij = 1, for all (i, j), i.e. each of its 

matrix elements are equal to one. In contrast in real networks only a tiny 

fraction of the matrix elements are nonzero. This is illustrated in Figure 2.7, 

which shows the adjacency matrix of the protein-protein interaction net-

work listed in Table 2.1 and shown in Figure 2.4a. One can see that the matrix 

is nearly empty. 

Sparseness has important consequences on the way we explore and 

store real networks. For example, when we store a large network in our 

computer, it is better to store only the list of links (i.e. elements for which 

Aij ≠ 0), rather than the full adjacency matrix, as an overwhelming fraction 

of the Aij elements are zero. Hence the matrix representation will block a 

huge chunk of memory, filled mainly with zeros (Figure 2.7).



Weighted networks

So far we discussed only networks for which all links have the same 

weight, i.e. Aij = 1. In many applications we need to study weighted net-
works, where each link (i, j) has a unique weight wij.  In mobile call networks 

the weight can represent the total number of minutes two individuals talk 

with each other on the phone; on the power grid the weight is the amount 

of current flowing through a transmission line. 

For weighted networks the elements of the adjacency matrix carry the 

weight of the link as

					￼      				  

	

Most  networks of scientific interest are weighted, but we can not always 

measure the appropriate weights. Consequently we often approximate 

these networks with an unweighted graph. In this book we predominantly 

focus on unweighted networks, but whenever appropriate, we discuss how 

the weights alter the corresponding network property (Box 2.3).

(2.13)

SECTION 2.6
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BOX 2.3
Metcalfe’s Law: The value of a network

Metcalfe’s law states that the value of a network is proportional to the 

square of the number of its nodes, i.e. N2. Formulated around 1980 in 

the context of communication devices by Robert M. Metcalfe [9], the 

idea behind Metcalfe’s law is that the more individuals use a network, 

the more valuable it becomes. Indeed, the more of your friends use 

email, the more valuable the service is to you.

During the Internet boom of the late 1990s Metcalfe’s law was fre-

quently used to offer a quantitative valuation for Internet companies. 

It suggested that the value of a service is proportional to the number 

of connections it can create, which is the square of the number of its 

users. In contrast the cost grows only linearly with N. Hence if the 

service attracts sufficient number of users, it will inevitably become 

profitable, as N2 will surpass N at some large N (Figure 2.8). Metcalfe’s 

Law therefore supported a “build it and they will come” mentality [10], 

offering credibility to growth over profits.

Metcalfe’s law is based on (2.12), telling us that if all links of a commu-

nication network with N users are equally valuable, the total value of 

the network is proportional to N(N - 1)/2, that is, roughly, N2. If a net-

work has N = 10 consumers, there are Lmax = 45 different possible con-

nections between them. If the network doubles in size to N = 20, the 

number of connections doesn’t merely double but roughly quadruples 

to 190, a phenomenon called network externality in economics.

Two issues limit the validity of Metcalfe’s law: 

(a) Most real networks are sparse, which means that only a very small 

fraction of the links are present. Hence the value of the network 

does not grow like N2, but increases only linearly with N. 

(b) As the links have weights, not all links are of equal value. Some links 

are used heavily while the vast majority of links are rarely utilized.

According to Metcalfe’s law the cost of 
network based services increases linearly 
with the number of nodes (users or de-
vices). In contrast the benefits or income 
are driven by the number of links Lmax the 
technology makes possible, which grows 
like N2 according to (2.12). Hence once the 
number of users or devices exceeds some 
critical mass, the technology becomes 
profitable.

Figure 2.8

Metcalfe’s Law
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A bipartite network has two sets of nodes, U 
and V. Nodes in the U-set connect directly only 
to nodes in the V-set. Hence there are no di-
rect U-U or V-V links. The figure shows the two 
projections we can generate from any bipar-
tite network. Projection U is obtained by con-
necting two U-nodes to each other if they link 
to the same V-node in the bipartite represen-
tation. Projection V is obtained by connecting 
two V-nodes to each other if they link to the 
same U-node in the bipartite network.

Figure 2.9
Bipartite Network

Online Resource 2.2
Human Disease Network

Download the high resolution version of the 
Human Disease Network [1], or explore it us-
ing the online interface built by the New York 
Times.

A bipartite graph (or bigraph) is a network whose nodes can be divided 

into two disjoint sets U and V such that each link connects a U-node to a V-

node. In other words, if we color the U-nodes green and the V-nodes purple, 

then each link must connect nodes of different colors (Figure 2.9).

We can generate two projections for each bipartite network. The first 

projection connects two U-nodes by a link if they are linked to the same 

V-node in the bipartite representation. The second projection connects the 

V-nodes by a link if they connect to the same U-node (Figure 2.9).

In network theory we encounter numerous bipartite networks. A well-

known example is the Hollywood actor network, in which one set of nodes 

corresponds to movies (U), and the other to actors (V). A movie is connected 

to an actor if the actor plays in that movie. One projection of this bipartite 

network is the actor network, in which two nodes are connected to each 

other if they played in the same movie. This is the network listed in Table 
2.1. The other projection is the movie network, in which two movies are con-

nected if they share at least one actor in their cast. 

Medicine offers another prominent example of a bipartite network: The 

Human Disease Network connects diseases to the genes whose mutations 

are known to cause or effect the corresponding disease (Figure 2.10). 

Finally, one can also define  multipartite networks, like the tripartite 

recipe-ingredient-compound network shown in Figure 2.11.

bipartite networks
SECTION 2.7

17GRAPH THEORY

2

1

3

4

5

6

7

A

A

B

C D

B

C

D

PROJECTION U PROJECTION VU VU

1

2 3

4 5

6 7

>

>



(d
) T

h
e 

fu
ll

 d
is

ea
se

om
e,

 c
on

n
ec

ti
n

g 
1,

28
3 

d
is

or
d

er
s 

vi
a 

1,
77

7 
sh

ar
ed

 d
is

ea
se

 g
en

es
. A

ft
er

 [1
].

 S
ee

 O
n

-
li

n
e 

R
es

ou
rc

e 
2.

2 
fo

r 
th

e 
d

et
ai

le
d

 m
ap

.

(a
) 

O
n

e 
p

ro
je

ct
io

n
 o

f 
th

e 
d

is
ea

se
om

e 
is

 t
h

e 
di

s-
ea

se
 n

et
w

or
k,

 w
h

os
e 

n
od

es
 a

re
 d

is
ea

se
s.

 T
w

o 
d

is
ea

se
s 

ar
e 

co
n

n
ec

te
d

 i
f 

th
e 

sa
m

e 
ge

n
es

 a
re

 
as

so
ci

at
ed

 w
it

h
 t

h
em

, i
n

d
ic

at
in

g 
th

at
 t

h
e 

tw
o 

d
is

ea
se

s 
h

av
e 

co
m

m
on

 g
en

et
ic

 o
ri

gi
n

. F
ig

u
re

s 
(a

)-
(c

) 
sh

ow
s 

a 
su

bs
et

 o
f 

th
e 

d
is

ea
se

om
e,

 f
o-

cu
si

n
g 

on
 c

an
ce

rs
.

(b
) T

h
e 

H
u

m
an

 D
is

ea
se

 N
et

w
or

k 
(o

r 
di

se
as

eo
m

e)
 is

 
a 

bi
p

ar
ti

te
 n

et
w

or
k,

 w
h

os
e 

n
od

es
 a

re
 d

is
ea

se
s 

(U
) 

an
d

 g
en

es
 (

V
). 

A
 d

is
ea

se
 i

s 
co

n
n

ec
te

d
 t

o 
a 

ge
n

e 
if

 m
u

ta
ti

on
s 

in
 t

h
at

 g
en

e 
ar

e 
kn

ow
n

 t
o 

af
fe

ct
 t

h
e 

p
ar

ti
cu

la
r 

d
is

ea
se

 [4
].

(c
) 

Th
e 

se
co

n
d

 p
ro

je
ct

io
n

 i
s 

th
e 

ge
ne

 
ne

tw
or

k,
 

w
h

os
e 

n
od

es
 a

re
 g

en
es

, a
n

d
 w

h
er

e 
tw

o 
ge

n
es

 
ar

e 
co

n
n

ec
te

d
 i

f 
th

ey
 a

re
 a

ss
oc

ia
te

d
 w

it
h

 t
h

e 
sa

m
e 

d
is

ea
se

. 

Fi
g

u
re

 2
.1

0
H

u
m

an
 D

is
ea

se
 N

et
w

or
k

18

3
-m

e
th

y
lg

lu
ta

c
o
n

ic
a
c
id

u
ri

a

A
a
rs

k
o
g
-S

c
o
tt

s
y
n

d
ro

m
e

A
B

C
D

s
y
n

d
ro

m
e

A
b
e
ta

li
p
o
p
ro

te
in

e
m

ia

2
6

A
c
h

o
n

d
ro

g
e
n

e
s
is

_
Ib

A
c
h

o
n

d
ro

p
la

s
ia

A
c
h

ro
m

a
to

p
s
ia

A
c
q
u

ir
e
d

lo
n

g
_
Q

T
_
s
y
n

d
ro

m
e

A
c
ro

m
e
g
a
ly

A
d
e
n

o
c
a
rc

in
o
m

a

A
d
e
n

o
m

a
,

p
e
ri

a
m

p
u

ll
a
ry

A
d
e
n

o
m

a
s

A
d
e
n

o
s
in

e
_
d
e
a
m

in
a
s
e

d
e
fi
c
ie

n
c
y

A
d
re

n
o
c
o
rt

ic
a
l

c
a
rc

in
o
m

a

A
d
u

lt
_
i

p
h

e
n

o
ty

p
e

A
fi
b
ri

n
o
g
e
n

e
m

ia

A
la

g
il
le

s
y
n

d
ro

m
e

A
lb

in
is

m

A
lc

o
h

o
l

d
e
p
e
n

d
e
n

c
e

A
le

x
a
n

d
e
r

d
is

e
a
s
e

A
ll
e
rg

ic
rh

in
it

is

9
6

A
lz

h
e
im

e
r

d
is

e
a
s
e

A
m

y
lo

id
n

e
u

ro
p
a
th

y

A
m

y
lo

id
o
s
is

A
m

y
o
tr

o
p
h

ic
la

te
ra

l
s
c
le

ro
s
is

A
n

d
ro

g
e
n

in
s
e
n

s
it

iv
it

y

A
n

e
m

ia

A
n

g
e
lm

a
n

s
y
n

d
ro

m
e

A
n

g
io

fi
b
ro

m
a
,

s
p
o
ra

d
ic

1
1
7

A
n

ir
id

ia
,

ty
p
e
_
II

A
n

o
re

x
ia

n
e
rv

o
s
a

1
2
6

1
2
9

A
o
rt

ic
a
n

e
u

ry
s
m

A
p
e
rt

s
y
n

d
ro

m
e

A
p
o
li
p
o
p
ro

te
in

d
e
fi
c
ie

n
c
y

1
3
7

A
q
u

a
p
o
ri

n
-1

d
e
fi
c
ie

n
c
y

1
4
4

A
rt

h
ro

p
a
th

y

A
s
p
e
rg

e
r

s
y
n

d
ro

m
e

A
s
th

m
a

A
ta

x
ia

A
ta

x
ia

-t
e
la

n
g
ie

c
ta

s
ia

A
te

lo
s
te

o
g
e
n

e
s
is

A
th

e
ro

s
c
le

ro
s
is

A
to

p
y

A
tr

ia
l

fi
b
ri

ll
a
ti

o
n

A
tr

io
v
e
n

tr
ic

u
la

r
b
lo

c
k

A
u

ti
s
m

A
u

to
im

m
u

n
e

d
is

e
a
s
e

A
x
e
n

fe
ld

a
n

o
m

a
ly

1
8
2

B
a
re

_
ly

m
p
h

o
c
y
te

s
y
n

d
ro

m
e

B
a
rt

h
s
y
n

d
ro

m
e

B
a
rt

-P
u

m
p
h

re
y

s
y
n

d
ro

m
e

B
a
s
a
l_

c
e
ll

c
a
rc

in
o
m

a

1
9
2

B
e
c
k
e
r

m
u

s
c
u

la
r

d
y
s
tr

o
p
h

y

B
e
n

ze
n

e
to

x
ic

it
y

1
9
8

B
ir

t-
H

o
g
g
-D

u
b
e

s
y
n

d
ro

m
e

B
la

d
d
e
r

c
a
n

c
e
r

B
lo

o
d

g
ro

u
p

2
1
7

B
o
th

n
ia

re
ti

n
a
l

d
y
s
tr

o
p
h

y

B
ra

n
c
h

io
o
ti

c
s
y
n

d
ro

m
e

B
re

a
s
t

c
a
n

c
e
r

B
ru

g
a
d
a

s
y
n

d
ro

m
e

B
u

tt
e
rf

ly
d
y
s
tr

o
p
h

y
,

re
ti

n
a
l

C
o
m

p
le

m
e
n

t_
c
o
m

p
o
n

e
n

t
d
e
fi
c
ie

n
c
y

C
a
fe

-a
u

-l
a
it

s
p
o
ts

C
a
ff

e
y

d
is

e
a
s
e

C
a
n

c
e
r

s
u

s
c
e
p
ti

b
il
it

y

C
a
p
il
la

ry
m

a
lf
o
rm

a
ti

o
n

s

C
a
rc

in
o
id

tu
m

o
rs

,
in

te
s
ti

n
a
l

C
a
rd

io
m

y
o
p
a
th

y

C
a
rn

e
y

c
o
m

p
le

x

2
7
5

C
a
ta

ra
c
t

2
8
7

C
e
re

b
e
ll
a
r

a
ta

x
ia

C
e
re

b
ra

l
a
m

y
lo

id
a
n

g
io

p
a
th

y

C
e
rv

ic
a
l

c
a
rc

in
o
m

a

C
h

a
rc

o
t-

M
a
ri

e
-T

o
o
th

d
is

e
a
s
e

C
le

ft
p
a
la

te

C
o
a
ts

d
is

e
a
s
e

C
o
ff

in
-L

o
w

ry
s
y
n

d
ro

m
e

C
o
lo

b
o
m

a
,

o
c
u

la
r

C
o
lo

n
c
a
n

c
e
r

3
4
7

C
o
n

e
d
y
s
tr

o
p
h

y

C
o
n

v
u

ls
io

n
s

C
o
rn

e
a
l

d
y
s
tr

o
p
h

y

C
o
ro

n
a
ry

a
rt

e
ry

d
is

e
a
s
e

C
o
s
te

ll
o

s
y
n

d
ro

m
e

C
o
u

m
a
ri

n
re

s
is

ta
n

c
e

C
o
w

d
e
n

d
is

e
a
s
e

C
P
T

d
e
fi
c
ie

n
c
y
,

h
e
p
a
ti

c

C
ra

m
p
s
,

p
o
ta

s
s
iu

m
-a

g
g
ra

v
a
te

d

3
7
7

3
7
8

3
7
9

C
ra

n
io

s
y
n

o
s
to

s
is

C
re

a
ti

n
e

p
h

o
s
p
h

o
k
in

a
s
e

C
re

u
tz

fe
ld

t-
J
a
k
o
b

d
is

e
a
s
e

C
ro

u
zo

n
s
y
n

d
ro

m
e

C
u

ti
s

la
x
a

3
9
6

D
e
a
fn

e
s
s

D
e
je

ri
n

e
-S

o
tt

a
s

d
is

e
a
s
e

D
e
m

e
n

ti
a

D
e
n

ti
n

d
y
s
p
la

s
ia

,
ty

p
e
_
II

4
1
8

D
e
n

y
s
-D

ra
s
h

s
y
n

d
ro

m
e

4
2
2

D
e
s
m

o
id

d
is

e
a
s
e

D
ia

b
e
te

s
m

e
ll
it

u
s

D
ia

s
tr

o
p
h

ic
d
y
s
p
la

s
ia

4
3
4

4
3
9

4
4
1

D
u

c
h

e
n

n
e

m
u

s
c
u

la
r

d
y
s
tr

o
p
h

y

D
y
s
e
ry

th
ro

p
o
ie

ti
c

a
n

e
m

ia

D
y
s
fi
b
ri

n
o
g
e
n

e
m

ia
4
6
3

E
B

D

E
c
to

d
e
rm

a
l

d
y
s
p
la

s
ia

E
c
to

p
ia

E
h

le
rs

-D
a
n

lo
s

s
y
n

d
ro

m
e

E
ll
ip

to
c
y
to

s
is

4
7
4

E
m

p
h

y
s
e
m

a

E
n

d
o
m

e
tr

ia
l

c
a
rc

in
o
m

a

E
n

h
a
n

c
e
d

S
-c

o
n

e
s
y
n

d
ro

m
e

E
n

la
rg

e
d

v
e
s
ti

b
u

la
r

a
q
u

e
d
u

c
t

E
p
id

e
rm

o
ly

s
is

b
u

ll
o
s
a

E
p
id

e
rm

o
ly

ti
c

h
y
p
e
rk

e
ra

to
s
is

E
p
il
e
p
s
y

E
p
ip

h
y
s
e
a
l

d
y
s
p
la

s
ia

E
p
is

o
d
ic

a
ta

x
ia

E
p
s
te

in
s
y
n

d
ro

m
e

E
ry

th
ro

k
e
ra

to
d
e
rm

a

E
s
o
p
h

a
g
e
a
l

c
a
n

c
e
r

E
s
tr

o
g
e
n

re
s
is

ta
n

c
e

E
x
u

d
a
ti

v
e

v
it

re
o
re

ti
n

o
p
a
th

y

E
y
e

a
n

o
m

a
li
e
s

F
a
c
to

r_
x

d
e
fi
c
ie

n
c
y

F
a
n

c
o
n

i
a
n

e
m

ia

F
a
n

c
o
n

i-
B

ic
k
e
l

s
y
n

d
ro

m
e

F
a
v
is

m

F
e
c
h

tn
e
r

s
y
n

d
ro

m
e

F
o
v
e
a
l

h
y
p
o
p
la

s
ia

5
4
9

F
ra

s
ie

r
s
y
n

d
ro

m
e

5
5
8

F
u

n
d
u

s
a
lb

ip
u

n
c
ta

tu
s

G
6
P
D

d
e
fi
c
ie

n
c
y

G
a
rd

n
e
r

s
y
n

d
ro

m
e

G
a
s
tr

ic
c
a
n

c
e
r

G
a
s
tr

o
in

te
s
ti

n
a
l

s
tr

o
m

a
l

tu
m

o
r

G
e
rm

_
c
e
ll

tu
m

o
r

G
e
rs

tm
a
n

n
-S

tr
a
u

s
s
le

r
d
is

e
a
s
e

G
ia

n
t-

c
e
ll

fi
b
ro

b
la

s
to

m
a

G
la

u
c
o
m

a

G
li
o
b
la

s
to

m
a

5
9
4

6
0
4

G
o
it

e
r

G
R

A
C

IL
E

s
y
n

d
ro

m
e

G
ra

ft
-v

e
rs

u
s
-h

o
s
t

d
is

e
a
s
e

G
ra

v
e
s

d
is

e
a
s
e

G
ro

w
th

h
o
rm

o
n

e

H
D

L
_
c
h

o
le

s
te

ro
l

le
v
e
l_

Q
T
L

H
e
a
rt

b
lo

c
k

H
e
m

a
n

g
io

b
la

s
to

m
a
,

c
e
re

b
e
ll
a
r

H
e
m

a
to

p
o
ie

s
is

,
c
y
c
li
c

H
e
m

ip
le

g
ic

_
m

ig
ra

in
e
,

fa
m

il
ia

l

H
e
m

o
ly

ti
c

a
n

e
m

ia

H
e
m

o
ly

ti
c
-u

re
m

ic
s
y
n

d
ro

m
e

H
e
m

o
rr

h
a
g
ic

d
ia

th
e
s
is

6
6
5

H
e
p
a
ti

c
a
d
e
n

o
m

a

H
ir

s
c
h

s
p
ru

n
g

d
is

e
a
s
e

H
is

ti
o
c
y
to

m
a

H
IV

H
o
lo

p
ro

s
e
n

c
e
p
h

a
ly

H
o
m

o
c
y
s
ti

n
u

ri
a

H
u

n
ti

n
g
to

n
d
is

e
a
s
e

H
y
p
e
rc

h
o
la

n
e
m

ia

H
y
p
e
rc

h
o
le

s
te

ro
le

m
ia

H
y
p
e
re

o
s
in

o
p
h

il
ic

s
y
n

d
ro

m
e

H
y
p
e
ri

n
s
u

li
n

is
m

7
3
3

H
y
p
e
rl

ip
o
p
ro

te
in

e
m

ia

H
y
p
e
ro

s
to

s
is

,
e
n

d
o
s
te

a
l

H
y
p
e
rp

a
ra

th
y
ro

id
is

m

H
y
p
e
rp

ro
in

s
u

li
n

e
m

ia

H
y
p
e
rp

ro
li
n

e
m

ia

H
y
p
e
rp

ro
re

n
in

e
m

ia H
y
p
e
rt

e
n

s
io

n

H
y
p
e
rt

h
ro

id
is

m

H
y
p
e
rt

h
y
ro

id
is

m

H
y
p
e
rt

ri
g
ly

c
e
ri

d
e
m

ia

H
y
p
o
a
lp

h
a
li
p
o
p
ro

te
in

e
m

ia

H
y
p
o
b
e
ta

li
p
o
p
ro

te
in

e
m

ia

H
y
p
o
c
a
lc

e
m

ia

H
y
p
o
c
a
lc

iu
ri

c
h

y
p
e
rc

a
lc

e
m

ia

H
y
p
o
c
e
ru

lo
p
la

s
m

in
e
m

ia

H
y
p
o
c
h

o
n

d
ro

p
la

s
ia

H
y
p
o
d
o
n

ti
a

H
y
p
o
fi
b
ri

n
o
g
e
n

e
m

ia

H
y
p
o
g
ly

c
e
m

ia

H
y
p
o
k
a
le

m
ic

p
e
ri

o
d
ic

p
a
ra

ly
s
is

H
y
p
o
th

y
ro

id
is

m

7
9
2

Ic
h

th
y
o
s
if
o
rm

e
ry

th
ro

d
e
rm

a
Ic

h
th

y
o
s
is

Ig
E

_
le

v
e
ls

Q
T
L

8
0
3

In
c
o
n

ti
n

e
n

ti
a

p
ig

m
e
n

ti

In
fa

n
ti

le
_
s
p
a
s
m

s
y
n

d
ro

m
e

8
0
9

In
s
e
n

s
it

iv
it

y
to

_
p
a
in

In
s
o
m

n
ia

In
s
u

li
n

re
s
is

ta
n

c
e

In
te

rv
e
rt

e
b
ra

l_
d
is

c
d
is

e
a
s
e

Ir
id

o
g
o
n

io
d
y
s
g
e
n

e
s
is

Ir
is

_
h

y
p
o
p
la

s
ia

a
n

d
_
g
la

u
c
o
m

a

J
a
c
k
s
o
n

-W
e
is

s
s
y
n

d
ro

m
e

J
e
n

s
e
n

s
y
n

d
ro

m
e

8
3
0

8
3
3

K
a
ll
m

a
n

n
s
y
n

d
ro

m
e

K
e
ra

ti
ti

s

8
4
3

K
e
ra

to
c
o
n

u
s

8
4
5

8
4
7

K
n

ie
s
t

d
y
s
p
la

s
ia

L
a
rs

o
n

s
y
n

d
ro

m
e

8
6
8

L
e
a
n

n
e
s
s
,

in
h

e
ri

te
d

L
e
b
e
r

c
o
n

g
e
n

it
a
l_

a
m

a
u

ro
s
is

L
e
ig

h
s
y
n

d
ro

m
e

L
e
o
p
a
rd

s
y
n

d
ro

m
e

L
e
p
re

c
h

a
u

n
is

m

L
e
p
ro

s
y

L
e
u

k
e
m

ia

L
h

e
rm

it
te

-D
u

c
lo

s
s
y
n

d
ro

m
e

L
id

d
le

s
y
n

d
ro

m
e

L
i

F
ra

u
m

e
n

i
s
y
n

d
ro

m
e

L
i-

F
ra

u
m

e
n

i
s
y
n

d
ro

m
e

L
ip

o
d
y
s
tr

o
p
h

y

L
ip

o
m

a

L
is

s
e
n

c
e
p
h

a
ly

L
is

te
ri

a
m

o
n

o
c
y
to

g
e
n

e
s

L
o
e
y
s
-D

ie
tz

s
y
n

d
ro

m
e

L
o
n

g
_
Q

T
s
y
n

d
ro

m
e

9
1
3

L
u

n
g

c
a
n

c
e
r

L
y
m

p
h

o
m

a

9
3
0

M
a
c
ro

c
y
ti

c
a
n

e
m

ia

M
a
c
ro

th
ro

m
b
o
c
y
to

p
e
n

ia

M
a
c
u

la
r

d
e
g
e
n

e
ra

ti
o
n

M
a
c
u

lo
p
a
th

y
,

b
u

ll
’s

-e
y
e

M
a
la

ri
a

9
4
2

M
a
p
le

_
s
y
ru

p
_
u

ri
n

e
d
is

e
a
s
e

M
a
rf

a
n

s
y
n

d
ro

m
e

M
a
rs

h
a
ll

s
y
n

d
ro

m
e

M
A

S
S

s
y
n

d
ro

m
e

M
a
s
t_

c
e
ll

le
u

k
e
m

ia
9
5
9

M
a
y
-H

e
g
g
li
n

a
n

o
m

a
ly

M
c
C

u
n

e
-A

lb
ri

g
h

t
s
y
n

d
ro

m
e

M
e
d
u

ll
o
b
la

s
to

m
a

M
e
la

n
o
m

a
M

e
m

o
ry

im
p
a
ir

m
e
n

t

M
e
n

ie
re

d
is

e
a
s
e

M
e
n

in
g
io

m
a

M
e
n

k
e
s

d
is

e
a
s
e

M
e
n

ta
l

re
ta

rd
a
ti

o
n

M
e
rk

e
l_

c
e
ll

c
a
rc

in
o
m

a

M
e
s
a
n

g
ia

l
s
c
le

ro
s
is

M
e
s
o
th

e
li
o
m

a

M
ig

ra
in

e

1
0
1
6

M
iy

o
s
h

i
m

y
o
p
a
th

y

M
O

D
Y

M
o
h

r-
T
ra

n
e
b
ja

e
rg

s
y
n

d
ro

m
e

M
o
rn

in
g

g
lo

ry
d
is

c
a
n

o
m

a
ly

M
u

e
n

k
e

s
y
n

d
ro

m
e

M
u

ir
-T

o
rr

e
s
y
n

d
ro

m
e

M
u

lt
ip

le
e
n

d
o
c
ri

n
e

n
e
o
p
la

s
ia

M
u

s
c
u

la
r

d
y
s
tr

o
p
h

y

M
y
a
s
th

e
n

ic
s
y
n

d
ro

m
e

M
y
e
lo

d
y
s
p
la

s
ti

c
s
y
n

d
ro

m
e

M
y
e
lo

fi
b
ro

s
is

,
id

io
p
a
th

ic

M
y
e
lo

g
e
n

o
u

s
le

u
k
e
m

ia

M
y
e
lo

p
e
ro

x
id

a
s
e

d
e
fi
c
ie

n
c
y

M
y
o
c
a
rd

ia
l

in
fa

rc
ti

o
n

M
y
o
c
lo

n
ic

e
p
il
e
p
s
y

1
0
5
6

1
0
5
7

M
y
o
p
a
th

y

M
y
o
ti

li
n

o
p
a
th

y

M
y
o
to

n
ia

c
o
n

g
e
n

it
a

M
y
x
o
m

a
,

in
tr

a
c
a
rd

ia
c

N
a
s
o
p
h

a
ry

n
g
e
a
l

c
a
rc

in
o
m

a

N
e
p
h

ro
p
a
th

y
-h

y
p
e
rt

e
n

s
io

n

N
e
th

e
rt

o
n

s
y
n

d
ro

m
e

N
e
u

ro
b
la

s
to

m
a

N
e
u

ro
e
c
to

d
e
rm

a
l

tu
m

o
rs

N
e
u

ro
fi
b
ro

m
a
to

s
is

1
0
9
6

N
e
u

ro
fi
b
ro

m
a
to

s
is

N
e
u

ro
fi
b
ro

s
a
rc

o
m

a

N
e
u

ro
p
a
th

y

N
e
u

tr
o
p
e
n

ia

N
e
v
o

s
y
n

d
ro

m
e

1
1
0
4

1
1
0
5

N
ic

o
ti

n
e

a
d
d
ic

ti
o
n

N
ig

h
t

b
li
n

d
n

e
s
s

N
ij
m

e
g
e
n

_
b
re

a
k
a
g
e

s
y
n

d
ro

m
e

1
1
1
3

N
o
n

-H
o
d
g
k
in

ly
m

p
h

o
m

a N
o
n

s
m

a
ll
_
c
e
ll

lu
n

g
_
c
a
n

c
e
r

N
o
o
n

a
n

s
y
n

d
ro

m
e

N
o
rr

ie
d
is

e
a
s
e

O
b
e
s
it

y

O
b
s
e
s
s
iv

e
-c

o
m

p
u

ls
iv

e
d
is

o
rd

e
r

O
c
c
ip

it
a
l_

h
o
rn

s
y
n

d
ro

m
e

O
c
u

lo
d
e
n

to
d
ig

it
a
l

d
y
s
p
la

s
ia

O
li
g
o
d
e
n

d
ro

g
li
o
m

a

O
li
g
o
d
o
n

ti
a

1
1
4
0

O
m

e
n

n
s
y
n

d
ro

m
e

O
p
ti

c
a
tr

o
p
h

y

O
ro

la
ry

n
g
e
a
l

c
a
n

c
e
r

O
S

M
E

D
s
y
n

d
ro

m
e

O
s
s
e
o
u

s
h

e
te

ro
p
la

s
ia

1
1
5
3

O
s
te

o
a
rt

h
ri

ti
s

O
s
te

o
g
e
n

e
s
is

im
p
e
rf

e
c
ta

O
s
te

o
p
e
tr

o
s
is

O
s
te

o
p
o
ro

s
is

1
1
6
4

O
s
te

o
s
a
rc

o
m

a

O
v
a
ri

a
n

c
a
n

c
e
r

1
1
7
4

P
a
n

c
re

a
ti

c
c
a
n

c
e
r

1
1
8
3

P
a
ra

g
a
n

g
li
o
m

a
s

P
a
ra

m
y
o
to

n
ia

c
o
n

g
e
n

it
a

P
a
ra

th
y
ro

id
a
d
e
n

o
m

a

P
a
ri

e
ta

l
fo

ra
m

in
a

P
a
rk

e
s
_
W

e
b
e
r

s
y
n

d
ro

m
e

P
a
rk

in
s
o
n

d
is

e
a
s
e

P
a
rt

in
g
to

n
s
y
n

d
ro

m
e

P
C

W
H

P
e
li
za

e
u

s
-M

e
rz

b
a
c
h

e
r

d
is

e
a
s
e

P
e
n

d
re

d
s
y
n

d
ro

m
e

P
e
ri

n
e
a
l

h
y
p
o
s
p
a
d
ia

s

P
e
te

rs
a
n

o
m

a
ly

P
e
u

tz
-J

e
g
h

e
rs

s
y
n

d
ro

m
e

P
fe

if
fe

r
s
y
n

d
ro

m
e

P
h

e
o
c
h

ro
m

o
c
y
to

m
a

P
ic

k
d
is

e
a
s
e

P
ie

b
a
ld

is
m

1
2
2
9

P
il
o
m

a
tr

ic
o
m

a

1
2
3
2

P
la

c
e
n

ta
l

a
b
ru

p
ti

o
n

P
la

te
le

t
d
e
fe

c
t/

d
e
fi
c
ie

n
c
y

1
2
3
9

P
o
ly

c
y
th

e
m

ia

P
o
ly

p
o
s
is

P
P
M

-X
s
y
n

d
ro

m
e

P
re

e
c
la

m
p
s
ia

P
ri

m
a
ry

la
te

ra
l_

s
c
le

ro
s
is

1
2
6
3

1
2
6
7

P
ro

s
ta

te
c
a
n

c
e
r

P
ro

u
d

s
y
n

d
ro

m
e

P
s
e
u

d
o
a
c
h

o
n

d
ro

p
la

s
ia

P
s
e
u

d
o
h

y
p
o
a
ld

o
s
te

ro
n

is
m

P
s
e
u

d
o
h

y
p
o
p
a
ra

th
y
ro

id
is

m

P
y
ro

p
o
ik

il
o
c
y
to

s
is

1
2
9
7

R
a
b
s
o
n

-M
e
n

d
e
n

h
a
ll

s
y
n

d
ro

m
e

R
e
n

a
l_

c
e
ll

c
a
rc

in
o
m

a

R
e
ti

n
a
l_

c
o
n

e
d
s
y
tr

o
p
h

y

R
e
ti

n
it

is
p
ig

m
e
n

to
s
a

R
e
ti

n
o
b
la

s
to

m
a

R
e
tt

s
y
n

d
ro

m
e

R
h

a
b
d
o
m

y
o
s
a
rc

o
m

a

R
h

e
u

m
a
to

id
a
rt

h
ri

ti
s

R
h

-m
o
d

s
y
n

d
ro

m
e

R
h

-n
e
g
a
ti

v
e

b
lo

o
d
_
ty

p
e

R
ie

g
e
r

s
y
n

d
ro

m
e

R
in

g
_
d
e
rm

o
id

o
f_

c
o
rn

e
a

R
ip

p
li
n

g
_
m

u
s
c
le

d
is

e
a
s
e

R
o
u

s
s
y
-L

e
v
y

s
y
n

d
ro

m
e

R
u

b
e
n

s
te

in
-T

a
y
b
i

s
y
n

d
ro

m
e

S
a
e
th

re
-C

h
o
tz

e
n

s
y
n

d
ro

m
e

S
a
li
v
a
ry

a
d
e
n

o
m

a

1
3
4
7

S
A

R
S

,
p
ro

g
re

s
s
io

n
_
o
f

S
c
h

iz
o
p
h

re
n

ia

S
c
h

w
a
n

n
o
m

a
to

s
is

S
e
a
-b

lu
e
_
h

is
ti

o
c
y
te

d
is

e
a
s
e

S
e
a
s
o
n

a
l

a
ff

e
c
ti

v
e
_
d
is

o
rd

e
r

S
e
b
a
s
ti

a
n

s
y
n

d
ro

m
e

S
e
lf
-h

e
a
li
n

g
c
o
ll
o
d
io

n
_
b
a
b
y

S
e
p
s
is

1
3
8
3

S
e
za

ry
s
y
n

d
ro

m
e

S
h

a
h

-W
a
a
rd

e
n

b
u

rg
s
y
n

d
ro

m
e

S
h

p
ri

n
tz

e
n

-G
o
ld

b
e
rg

s
y
n

d
ro

m
e

S
ic

k
_
s
in

u
s

s
y
n

d
ro

m
e

1
3
9
6

S
im

p
s
o
n

-G
o
la

b
i-

B
e
h

m
e
l

s
y
n

d
ro

m
e

1
4
0
1

S
M

E
D

S
tr

u
d
w

ic
k
_
ty

p
e

1
4
1
4

S
o
m

a
to

tr
o
p
h

in
o
m

a

S
p
a
s
ti

c
_
a
ta

x
ia

/
p
a
ra

p
le

g
ia

S
p
h

e
ro

c
y
to

s
is

S
p
in

a
l_

m
u

s
c
u

la
r

a
tr

o
p
h

y

S
p
in

o
c
e
re

b
a
ll
a
r

a
ta

x
ia

1
4
3
2

S
p
o
n

d
y
lo

e
p
ip

h
y
s
e
a
l

d
y
s
p
la

s
ia

S
q
u

a
m

o
u

s
_
c
e
ll

c
a
rc

in
o
m

a

S
ta

rg
a
rd

t
d
is

e
a
s
e

S
ti

c
k
le

r
s
y
n

d
ro

m
e

S
to

m
a
c
h

c
a
n

c
e
r

S
tr

o
k
e

1
4
5
6

S
u

p
ra

n
u

c
le

a
r

p
a
ls

y

S
u

p
ra

v
a
lv

a
r_

a
o
rt

ic
s
te

n
o
s
is

S
y
n

d
a
c
ty

ly

S
y
s
te

m
ic

_
lu

p
u

s
e
ry

th
e
m

a
to

s
u

s

T
a
n

g
ie

r
d
is

e
a
s
e

1
4
7
6

T
-c

e
ll

ly
m

p
h

o
b
la

s
ti

c
le

u
k
e
m

ia

T
e
tr

a
lo

g
y

o
f_

F
a
ll
o
t

1
4
9
0

T
h

ro
m

b
o
c
y
th

e
m

ia

T
h

ro
m

b
o
c
y
to

p
e
n

ia

T
h

ro
m

b
o
p
h

il
ia

T
h

y
ro

id
c
a
rc

in
o
m

a

T
h

y
ro

to
x
ic

p
e
ri

o
d
ic

p
a
ra

ly
s
is

T
ie

tz
s
y
n

d
ro

m
e

T
o
e
n

a
il

d
y
s
tr

o
p
h

y
,

is
o
la

te
d

1
5
1
8

1
5
2
8

T
u

rc
o
t

s
y
n

d
ro

m
e

1
5
4
5

U
ro

li
th

ia
s
is

e

U
s
h

e
r

s
y
n

d
ro

m
e

U
te

ri
n

e
le

io
m

y
o
m

a

v
a
n

_
B

u
c
h

e
m

d
is

e
a
s
e

1
5
5
5

V
e
n

tr
ic

u
la

r
ta

c
h

y
c
a
rd

ia

V
e
rt

ic
a
l

ta
lu

s

V
ir

a
l

in
fe

c
ti

o
n

V
it

e
ll
if
o
rm

m
a
c
u

la
r

d
y
s
tr

o
p
h

y

V
o
h

w
in

k
e
l

s
y
n

d
ro

m
e

v
o
n

_
H

ip
p
e
l-

L
in

d
a
u

s
y
n

d
ro

m
e

W
a
a
rd

e
n

b
u

rg
-S

h
a
h

s
y
n

d
ro

m
e

W
a
a
rd

e
n

b
u

rg
s
y
n

d
ro

m
e

W
a
g
n

e
r

s
y
n

d
ro

m
e

W
A

G
R

s
y
n

d
ro

m
e

W
a
lk

e
r-

W
a
rb

u
rg

s
y
n

d
ro

m
e

W
a
ts

o
n

s
y
n

d
ro

m
e

W
e
g
e
n

e
r

g
ra

n
u

lo
m

a
to

s
is

W
e
il
l-

M
a
rc

h
e
s
a
n

i
s
y
n

d
ro

m
e

1
5
8
6

W
il
li
a
m

s
-B

e
u

re
n

s
y
n

d
ro

m
e

W
il
m

s
tu

m
o
r

W
is

k
o
tt

-A
ld

ri
c
h

s
y
n

d
ro

m
e

W
it

k
o
p

s
y
n

d
ro

m
e

W
o
lf
f-

P
a
rk

in
s
o
n

-W
h

it
e

s
y
n

d
ro

m
e

1
6
1
4

Z
lo

to
g
o
ra

-O
g
u

r
s
y
n

d
ro

m
e

A
d
re

n
a
l

a
d
e
n

o
m

a

A
d
re

n
a
l_

c
o
rt

ic
a
l

c
a
rc

in
o
m

a

A
n

e
u

ry
s
m

,
fa

m
il
ia

l_
a
rt

e
ri

a
l

A
u

to
im

m
u

n
e

th
y
ro

id
d
is

e
a
s
e

B
a
s
a
l_

c
e
ll

n
e
v
u

s
_
s
y
n

d
ro

m
e

C
a
rc

in
o
id

_
tu

m
o
r

o
f_

lu
n

g

C
e
n

tr
a
l_

c
o
re

d
is

e
a
s
e

C
o
ro

n
a
ry

s
p
a
s
m

s

2
3
8
5

2
7
8
5

M
a
c
u

la
r

d
y
s
tr

o
p
h

y

M
e
d
u

ll
a
ry

_
th

y
ro

id
c
a
rc

in
o
m

a

P
a
n

c
re

a
ti

c
a
g
e
n

e
s
is

3
2
1
2

3
2
2
9 T
h

y
ro

id
h

o
rm

o
n

e
re

s
is

ta
n

c
e

3
5
1
2

3
5
5
8

C
o
m

b
in

e
d

im
m

u
n

o
d
e
fi
c
ie

n
c
y

M
u

lt
ip

le
m

a
li
g
n

a
n

c
y

s
y
n

d
ro

m
e

O
p
ti

c
_
n

e
rv

e
h

y
p
o
p
la

s
ia

/
a
p
la

s
ia

5
2
3
3

R
e
n

a
l

tu
b
u

la
r

a
c
id

o
s
is

M
u

lt
ip

le
s
c
le

ro
s
is

R
e
n

a
l

tu
b
u

la
r

d
y
s
g
e
n

e
s
is

A
B

C
A

1

A
B

C
A

4

A
D

A

A
D

R
B

2

A
G

R
P

J
A

G
1

A
G

T
A

G
T

R
1

A
L
O

X
5

A
L
O

X
5

A
P

A
P

C

A
P

O
A

1

A
P

O
A

2

A
P

O
B

A
P

O
E

A
P

P
F

A
S

A
Q

P
1

A
R

S
T

S

A
T

M

A
T

P
1

A
2

A
T

P
7

A

B
A

X

C
C

N
D

1

B
C

S
1

L

B
D

N
F

B
M

P
R

1
A

B
R

C
A

1

B
R

A
F

B
R

C
A

2

C
6

C
A

C
N

A
1

A

C
A

C
N

A
1

S

C
A

C
N

B
4

C
A

S
P

8

C
A

S
P

1
0

C
A

S
R

C
A

V
3

R
U

N
X

1

C
B

S

C
D

3
6

C
D

H
1

C
D

K
N

2
A

C
H

R
N

A
4

C
O

L
1

A
1

C
O

L
1

A
2

C
O

L
2

A
1

C
O

L
3

A
1

C
O

L
7

A
1

C
O

L
8

A
2

C
O

L
9

A
2

C
O

L
9

A
3

C
O

L
1

1
A

1

C
O

L
1

1
A

2

C
O

M
P

K
L
F

6

C
O

X
1

5

C
P

C
P

T
2

C
R

X

C
R

Y
A

B

N
K

X
2

-5

C
T

L
A

4

C
T

N
N

B
1

C
Y

P
1

B
1

C
Y

P
2

A
6

D
B

H

A
C

E

D
C

T
N

1

D
C

X

D
E

S

T
IM

M
8

A C
O

C
H

N
Q

O
1

D
M

D
D

S
P

D
S

P
P

S
L
C

2
6

A
2

E
C

E
1

E
D

N
3

E
D

N
R

B

E
G

F
R

E
G

R
2

E
L
A

2

E
L
N

E
P

3
0

0

E
P

H
X

1
E

R
B

B
2

E
Y

A
4

E
S

R
1

E
Y

A
1

F
5

F
7

F
B

N
1

F
C

G
R

3
A

F
C

M
D

F
G

A

F
G

B

F
G

D
1

F
G

F
R

1

F
G

F
R

3

F
G

F
R

2

F
G

G

F
O

X
C

1

F
L
N

B

G
6

P
D

G
A

B
R

G
2

G
A

R
S

G
A

T
A

1

G
C

K

G
C

N
T

2

G
C

S
L

G
D

N
F

G
J
A

1

G
J
B

2

G
J
B

3

G
P

C
3

G
N

A
I2

G
N

A
S

G
S

S

M
S

H
6

G
Y

P
C

G
U

C
Y

2
D

H
E

X
B

C
F

H

H
N

F
4

A

H
O

X
D

1
0

H
R

A
S

H
S

D
1

1
B

2

H
S

P
B

1

H
T

R
2

A

IL
2

R
G

IL
1

0

IL
1

3

IN
S

IN
S

R

IP
F

1

IR
F

1

J
A

K
2

K
C

N
E

1

K
C

N
H

2

K
C

N
J
1

1

K
C

N
Q

1

K
C

N
Q

2

K
IT

K
R

A
S

K
R

T
1

K
R

T
1

0

L
A

M
A

3

L
M

N
A

L
O

R

L
P

P

L
R

P
5

S
M

A
D

4

M
A

P
T

M
A

T
N

3

M
E

C
P

2

M
E

N
1

M
E

T

C
II

T
A

M
IT

F

M
L
H

1
N

R
3

C
2

M
P

O

M
P

Z

M
S

H
2

M
S

X
1

M
S

X
2

M
U

T
Y

H

M
X

I1

M
Y

F
6

M
Y

H
6

M
Y

H
7

M
Y

H
8

M
Y

H
9

M
Y

O
7

A

N
B

N

N
D

P

N
D

U
F

V
1

N
D

U
F

S
4

N
F

1

N
F

2

N
O

S
3

N
R

L

N
T

R
K

1

O
P

A
1

S
L
C

2
2

A
1

8

P
A

F
A

H
1

B
1

P
A

R
K

2

P
A

X
3

P
A

X
6

P
A

X
9

P
D

G
F

B

P
D

G
F

R
A

P
D

G
F

R
L

P
D

E
6

B

P
D

H
A

1

E
N

P
P

1

S
L
C

2
6

A
4

P
G

K
1

S
E

R
P

IN
A

1

P
IK

3
C

A

P
IT

X
2

P
IT

X
3

P
L
E

C
1

P
L
O

D
1

P
L
P

1

P
M

P
2

2

P
M

S
2

P
P

A
R

G

P
R

K
A

R
1

A

P
R

N
P

P
R

O
D

H

P
S

E
N

1

P
T

C
H

P
T

E
N

P
T

P
N

1
1

P
T

P
R

C

P
V

R
L
1

R
A

G
1

R
A

G
2

R
A

S
A

1

R
B

1

R
D

S

R
E

N

R
E

T

R
H

A
G

R
H

C
E

R
H

O

R
L
B

P
1

R
P

1

R
P

G
R

R
P

E
6

5

R
P

S
6

K
A

3

R
Y

R
1

R
Y

R
2

S
C

N
4

A

S
C

N
5

A

S
C

N
N

1
B

S
C

N
N

1
G

S
D

H
A

S
D

H
B

S
D

H
D

S
G

C
D

S
H

H

S
L
C

2
A

2

S
L
C

4
A

1

S
L
C

6
A

4

S
L
C

6
A

8

S
L
C

3
4

A
1

S
N

C
A

S
O

X
3

S
O

X
1

0

S
P

T
A

1

S
P

T
B

S
T

A
T

5
B

E
L
O

V
L
4

S
T

K
1

1

A
B

C
C

8

T
A

P
2

T
A

Z

T
B

P

T
C

F
1

T
C

F
2

T
G

T
G

F
B

R
2

T
G

M
1

T
H

B
D

T
N

F

T
P

5
3

T
P

O

T
S

H
R

T
T

N

T
T

R

T
Y

R

U
S

H
2

A

V
H

L

V
M

D
2

W
A

S

W
T

1

X
R

C
C

3

P
L
A

2
G

7

H
M

G
A

2

D
Y

S
F

A
X

IN
2

M
A

D
1

L
1

R
A

D
5

4
L

IK
B

K
G

T
C

A
P

P
T

C
H

2

W
IS

P
3

B
C

L
1

0

P
H

O
X

2
B

L
G

I1

V
A

P
B

M
Y

O
T

K
C

N
E

2

N
R

2
E

3

U
S

H
1

C

F
B

L
N

5

P
O

M
T

1

G
J
B

6

S
P

IN
K

5

C
H

E
K

2

A
C

S
L
6

C
R

B
1

A
IP

L
1

R
A

D
5

4
B

P
T

P
N

2
2

B
S

C
L
2

V
S

X
1

F
O

X
P

3

P
H

F
1

1

P
R

K
A

G
2

N
L
G

N
3

C
N

G
B

3

R
E

T
N

R
P

G
R

IP
1

N
L
G

N
4

X

A
L
S

2

C
D

H
2

3

D
C

L
R

E
1

C

P
C

D
H

1
5

C
D

C
7

3

O
P

A
3

B
R

IP
1

M
A

S
S

1

A
R

X

F
L
C

N

A
b
a
c
a
v
ir

h
y
p
e
rs

e
n

s
it

iv
it

y

1
8

A
c
ro

c
a
ll
o
s
a
l

s
y
n

d
ro

m
e

A
c
ro

c
a
p
it

o
fe

m
o
ra

l
d
y
s
p
la

s
ia

A
c
ro

k
e
ra

to
s
is

v
e
rr

u
c
if
o
rm

is

A
c
ro

m
e
s
o
m

e
li
c

d
y
s
p
la

s
ia

5
3

A
d
re

n
o
le

u
k
o
d
y
s
tr

o
p
h

y

A
d
re

n
o
m

y
e
lo

n
e
u

ro
p
a
th

y

A
D

U
L
T

s
y
n

d
ro

m
e

A
g
a
m

m
a
g
lo

b
u

li
n

e
m

ia

A
ID

S

7
7

A
ld

o
s
te

ro
n

is
m

A
lo

p
e
c
ia

u
n

iv
e
rs

a
li
s

A
lp

e
rs

s
y
n

d
ro

m
e

8
7

A
lp

h
a
-a

c
ti

n
in

-3
d
e
fi
c
ie

n
c
y

9
2

A
lp

o
rt

s
y
n

d
ro

m
e

A
m

e
lo

g
e
n

e
s
is

im
p
e
rf

e
c
ta

A
n

a
lb

u
m

in
e
m

ia

1
0
7

A
n

d
e
rs

o
n

d
is

e
a
s
e

A
n

h
a
p
to

g
lo

b
in

e
m

ia

A
n

k
y
lo

s
in

g
s
p
o
ld

y
li
ti

s

A
n

tl
e
y
-B

ix
le

r
s
y
n

d
ro

m
e

A
p
la

s
ti

c
a
n

e
m

ia

A
ro

m
a
ta

s
e

d
e
fi
c
ie

n
c
y

A
rt

h
ro

g
ry

p
o
s
is

1
6
2

A
tr

a
n

s
fe

rr
in

e
m

ia

A
tr

ic
h

ia
 w

/
p
a
p
u

la
r 

le
s
io

n
s

1
7
1

B
a
rd

e
t-

B
ie

d
l

s
y
n

d
ro

m
e

B
C

G
in

fe
c
ti

o
n

B
e
c
k
w

it
h

-W
ie

d
e
m

a
n

n
s
y
n

d
ro

m
e

B
e
rn

a
rd

-S
o
u

li
e
r

s
y
n

d
ro

m
e

B
e
th

le
m

m
y
o
p
a
th

y

B
la

u
s
y
n

d
ro

m
e

2
1
0

B
le

p
h

a
ro

s
p
a
s
m

B
lu

e
-c

o
n

e
m

o
n

o
c
h

ro
m

a
c
y

B
o
m

b
a
y

p
h

e
n

o
ty

p
e

B
o
s
le

y
-S

a
li
h

-A
lo

ra
in

y
s
y
n

d
ro

m
e

B
ra

c
h

y
d
a
c
ty

ly

B
u

s
c
h

k
e
-O

ll
e
n

d
o
rf

f
s
y
n

d
ro

m
e

C
a
lc

in
o
s
is

,
tu

m
o
ra

l

C
a
m

p
o
m

e
li
c

d
y
s
p
la

s
ia

C
a
rt

il
a
g
e
-h

a
ir

h
y
p
o
p
la

s
ia

2
7
9

2
9
2

2
9
4

C
e
ro

id
li
p
o
fu

s
c
in

o
s
is

C
e
ro

id
-l

ip
o
fu

s
c
in

o
s
is

C
E

T
P

d
e
fi
c
ie

n
c
y

C
h

o
le

li
th

ia
s
is

C
h

o
le

s
ta

s
is

3
1
3

C
h

o
n

d
ro

c
a
lc

in
o
s
is

C
h

o
n

d
ro

s
a
rc

o
m

a

C
h

o
re

a
,

h
e
re

d
it

a
ry

b
e
n

ig
n

3
2
0

C
h

u
d
le

y
-L

o
w

ry
s
y
n

d
ro

m
e

3
2
9

C
h

y
lo

m
ic

ro
n

re
te

n
ti

o
n

d
is

e
a
s
e

C
il
ia

ry
d
y
s
k
in

e
s
ia

C
IN

C
A

s
y
n

d
ro

m
e

C
le

id
o
c
ra

n
ia

l
d
y
s
p
la

s
ia

C
o
c
k
a
y
n

e
s
y
n

d
ro

m
e

C
o
d
e
in

e
s
e
n

s
it

iv
it

y

3
4
4

C
o
lo

rb
li
n

d
n

e
s
s

C
o
n

g
e
s
ti

v
e

h
e
a
rt

fa
il
u

re

C
o
n

ju
n

c
ti

v
it

is
,

li
g
n

e
o
u

s

3
5
7

C
o
p
ro

p
o
rp

h
y
ri

a

C
ra

n
io

m
e
ta

p
h

y
s
e
a
l

d
y
s
p
la

s
ia

C
R

A
S

H
s
y
n

d
ro

m
e

C
ri

g
le

r-
N

a
jj
a
r

s
y
n

d
ro

m
e

C
ro

h
n

d
is

e
a
s
e

C
y
s
ta

th
io

n
in

u
ri

a

C
y
s
ti

c
fi
b
ro

s
is

C
y
s
ti

n
u

ri
a

D
a
ri

e
r

d
is

e
a
s
e

D
e
b
ri

s
o
q
u

in
e

s
e
n

s
it

iv
it

y

D
e
n

ta
l

a
n

o
m

a
li
e
s
,

is
o
la

te
d

D
e
n

t
d
is

e
a
s
e

D
e
 S

a
n

c
ti

s
-C

a
c
c
h

io
n

e
s
y
n

d
ro

m
e

D
iG

e
o
rg

e
s
y
n

d
ro

m
e

4
3
8

D
o
s
a
g
e
-s

e
n

s
it

iv
e

s
e
x

re
v
e
rs

a
l

D
o
u

b
le

-o
u

tl
e
t

ri
g
h

t 
v
e
n

tr
ic

le

D
o
w

n
s
y
n

d
ro

m
e

4
5
2

4
5
3

D
y
s
k
e
ra

to
s
is

D
y
s
p
ro

th
ro

m
b
in

e
m

ia

4
6
1

D
y
s
to

n
ia

E
E

C
 s

y
n

d
ro

m
e

4
7
1

E
ll
is

-
v
a
n

 C
re

v
e
ld

s
y
n

d
ro

m
e

E
n

c
h

o
n

d
ro

m
a
to

s
is

E
ry

th
re

m
ia

s

E
ry

th
ro

c
y
to

s
is

E
w

in
g

s
a
rc

o
m

a

E
x
o
s
to

s
e
s 5
2
7

F
e
rt

il
e

e
u

n
u

c
h

s
y
n

d
ro

m
e

5
3
5

F
ib

ro
m

a
to

s
is

l

5
3
9

F
is

h
-e

y
e

d
is

e
a
s
e

F
it

zg
e
ra

ld
 f

a
c
to

r
d
e
fi
c
ie

n
c
y

5
4
4

5
4
5

F
ro

n
to

m
e
ta

p
h

y
s
e
a
l

d
y
s
p
la

s
ia

F
u

m
a
ra

s
e

d
e
fi
c
ie

n
c
y

G
a
u

c
h

e
r

d
is

e
a
s
e

5
8
4

G
il
b
e
rt

s
y
n

d
ro

m
e

G
M

-g
a
n

g
li
o
s
id

o
s
is

G
re

e
n

b
e
rg

d
y
s
p
la

s
ia

6
2
6

G
u

tt
m

a
c
h

e
r

s
y
n

d
ro

m
e

H
a
im

-M
u

n
k

s
y
n

d
ro

m
e

H
a
n

d
-f

o
o
t-

u
te

ru
s

s
y
n

d
ro

m
e

H
a
rd

e
ro

p
o
rp

h
y
ri

n
u

ri
a

H
A

R
P

s
y
n

d
ro

m
e

H
a
y
-W

e
ll
s

s
y
n

d
ro

m
e

6
4
6

H
e
in

z
b
o
d
y

a
n

e
m

ia

H
E

L
L
P

s
y
n

d
ro

m
e

H
e
m

a
n

g
io

m
a

H
e
m

a
tu

ri
a
,

fa
m

il
ia

l_
b
e
n

ig
n

H
e
m

o
c
h

ro
m

a
to

s
is

H
e
m

o
g
lo

b
i_

H
d
is

e
a
s
e

H
e
m

o
p
h

il
ia

H
e
te

ro
ta

x
y

H
e
te

ro
to

p
ia

H
e
x
_
A

p
s
e
u

d
o
d
e
fi
c
ie

n
c
y

6
7
9

H
o
m

o
c
y
s
te

in
e

p
la

s
m

a
le

v
e
l

6
9
9

7
0
1

H
o
y
e
ra

a
l-

H
re

id
a
rs

s
o
n

s
y
n

d
ro

m
e

H
P
F

H

H
P
R

T
-r

e
la

te
d

g
o
u

t

H
._

p
y
lo

ri
in

fe
c
ti

o
n

H
y
a
li
n

o
s
is

,
in

fa
n

ti
le

s
y
s
te

m
ic

H
y
d
ro

c
e
p
h

a
lu

s

H
y
p
e
ra

lp
h

a
li
p
o
p
ro

te
in

e
m

ia

H
y
p
e
ra

n
d
ro

g
e
n

is
m

H
y
p
e
rb

il
ir

u
b
in

e
m

ia

H
y
p
e
re

k
p
le

x
ia

7
2
7

H
y
p
e
r-

Ig
D

s
y
n

d
ro

m
e

7
3
4

H
y
p
e
rm

e
th

io
n

in
e
m

ia

H
y
p
e
rp

h
e
n

y
la

la
n

in
e
m

ia

H
y
p
e
rp

ro
th

ro
m

b
in

e
m

ia

H
y
p
e
rt

ry
p
s
in

e
m

ia

H
y
p
e
ru

ri
c
e
m

ic
n

e
p
h

ro
p
a
th

y

H
y
p
o
a
ld

o
s
te

ro
n

is
m

H
y
p
o
c
h

ro
m

ic
m

ic
ro

c
y
ti

c
a
n

e
m

ia

H
y
p
o
g
o
n

a
d
o
tr

o
p
ic

h
y
p
o
g
o
n

a
d
is

m

H
y
p
o
h

a
p
to

g
lo

b
in

e
m

ia

H
y
p
o
la

c
ta

s
ia

,
a
d
u

lt
ty

p
e

7
8
0

H
y
p
o
p
h

o
s
p
h

a
ta

s
ia

H
y
p
o
p
h

o
s
p
h

a
te

m
ia

H
y
p
o
p
h

o
s
p
h

a
te

m
ic

ri
c
k
e
ts

7
8
5

H
y
p
o
p
ro

th
ro

m
b
in

e
m

ia

In
c
lu

s
io

n
b
o
d
y

m
y
o
p
a
th

y

Ir
o
n

o
v
e
rl

o
a
d
/
d
e
fi
c
ie

n
c
y

J
o
u

b
e
rt

s
y
n

d
ro

m
e

J
u

b
e
rg

-M
a
rs

id
i

s
y
n

d
ro

m
e

K
a
n

za
k
i

d
is

e
a
s
e

K
a
rt

a
g
e
n

e
r

s
y
n

d
ro

m
e

K
e
n

n
y
-C

a
ff

e
y

s
y
n

d
ro

m
e
-1

K
in

in
o
g
e
n

d
e
fi
c
ie

n
c
y

L
a
n

g
e
r

m
e
s
o
m

e
li
c

d
y
s
p
la

s
ia

L
a
ro

n
d
w

a
rf

is
m

L
C

H
A

D
d
e
fi
c
ie

n
c
y

L
e
a
d

p
o
is

o
n

in
g

L
e
io

m
y
o
m

a
to

s
is

L
e
ri

-W
e
il
l

d
y
s
c
h

o
n

d
ro

s
te

o
s
is

L
e
s
c
h

-N
y
h

a
n

s
y
n

d
ro

m
e
,

8
9
1

L
e
y
d
ig

c
e
ll

a
d
e
n

o
m

a

L
IG

4
s
y
n

d
ro

m
e

L
im

b
-m

a
m

m
a
ry

s
y
n

d
ro

m
e

L
ip

o
p
ro

te
in

li
p
a
s
e

d
e
fi
c
ie

n
c
y

L
o
n

g
e
v
it

y

L
o
w

e
s
y
n

d
ro

m
e

L
o
w

 r
e
n

in
h

y
p
e
rt

e
n

s
io

n

L
y
m

p
h

a
n

g
io

le
io

m
y
o
m

a
to

s
is

L
y
m

p
h

e
d
e
m

a

9
4
5

M
A

S
A

s
y
n

d
ro

m
e

M
c
K

u
s
ic

k
-K

a
u

fm
a
n

s
y
n

d
ro

m
e

9
6
9

M
e
ln

ic
k
-N

e
e
d
le

s
s
y
n

d
ro

m
e

9
8
2

M
e
n

in
g
o
c
o
c
c
a
l

d
is

e
a
s
e

M
e
p
h

e
n

y
to

in
p
o
o
r 

m
e
ta

b
o
li
ze

r

M
e
ta

c
h

ro
m

a
ti

c
le

u
k
o
d
y
s
tr

o
p
h

y

M
e
ta

p
h

y
s
e
a
l

c
h

o
n

d
ro

d
y
s
p
la

s
ia

M
e
th

e
m

o
g
lo

b
in

e
m

ia

1
0
0
1

1
0
0
2

M
e
v
a
lo

n
ic

a
c
id

u
ri

a

M
ic

ro
c
e
p
h

a
ly

M
ic

ro
p
e
n

is

M
ic

ro
p
h

th
a
lm

ia

M
u

c
k
le

-W
e
ll
s

s
y
n

d
ro

m
e

M
u

c
o
p
o
ly

s
a
c
c
h

a
ri

d
o
s
is

M
y
c
o
b
a
c
te

ri
a
l

in
fe

c
ti

o
n

M
y
e
lo

k
a
th

e
x
is

,
is

o
la

te
d

1
0
5
0

M
y
e
lo

p
ro

li
fe

ra
ti

v
e

d
is

o
rd

e
r

N
e
m

a
li
n

e
m

y
o
p
a
th

y

1
0
8
0

N
e
p
h

ro
li
th

ia
s
is

N
e
p
h

ro
n

o
p
h

th
is

is

1
0
9
0

N
e
u

ro
d
e
g
e
n

e
ra

ti
o
n

N
o
n

a
k
a

m
y
o
p
a
th

y

N
o
ru

m
d
is

e
a
s
e

1
1
1
9

O
c
u

la
r

a
lb

in
is

m

1
1
3
3

O
d
o
n

to
h

y
p
o
p
h

o
s
p
h

a
ta

s
ia

O
p
re

m
a
zo

le
p
o
o
r 

m
e
ta

b
o
li
ze

rO
ro

fa
c
ia

l 
c
le

ft

O
s
te

o
ly

s
is

O
s
te

o
p
o
ik

il
o
s
is

O
to

p
a
la

to
d
ig

it
a
l

s
y
n

d
ro

m
e

O
v
a
ri

o
le

u
k
o
d
y
s
tr

o
p
h

y

P
a
c
h

y
o
n

y
c
h

ia
c
o
n

g
e
n

it
a

P
a
g
e
t

d
is

e
a
s
e

P
a
ll
is

te
r-

H
a
ll

s
y
n

d
ro

m
e

P
a
lm

o
p
la

n
ta

r
k
e
ra

to
d
e
rm

a

P
a
n

c
re

a
ti

ti
s

P
a
p
il
lo

n
-L

e
fe

v
re

s
y
n

d
ro

m
e

P
e
lg

e
r-

H
u

e
t

a
n

o
m

a
ly

P
e
ri

o
d
o
n

ti
ti

s

P
h

e
n

y
lk

e
to

n
u

ri
a

1
2
2
7

P
la

s
m

in
o
g
e
n

d
e
fi
c
ie

n
c
y

1
2
3
8

P
o
ly

d
a
c
ty

ly

P
o
p
li
te

a
l

p
te

ry
g
iu

m
s
y
n

d
ro

m
e

P
o
rp

h
y
ri

a

P
re

c
o
c
io

u
s

p
u

b
e
rt

y
,

m
a
le

P
re

m
a
tu

re
o
v
a
ri

a
n

fa
il
u

re

1
2
6
5

P
ro

g
u

a
n

il
p
o
o
r 

m
e
ta

b
o
li
ze

r

P
ro

te
in

u
ri

a

P
s
e
u

d
o
h

e
rm

a
p
h

ro
d
it

is
m

,
m

a
le

P
s
o
ra

is
is

P
u

lm
o
n

a
ry

fi
b
ro

s
is

R
A

P
A

D
IL

IN
O

s
y
n

d
ro

m
e

R
a
p
p
-H

o
d
g
k
in

s
y
n

d
ro

m
e

R
e
d
 h

a
ir

/
fa

ir
 s

k
in

R
e
fs

u
m

d
is

e
a
s
e

R
e
s
ti

n
g

h
e
a
rt

ra
te

R
e
s
tr

ic
ti

v
e

d
e
rm

o
p
a
th

y
,

le
th

a
l

1
3
2
5

1
3
3
5

R
o
th

m
u

n
d
-T

h
o
m

s
o
n

s
y
n

d
ro

m
e

S
a
ll
a

d
is

e
a
s
e

S
a
rc

o
id

o
s
is

S
c
h

in
d
le

r
d
is

e
a
s
e

1
3
6
1

S
e
n

io
r-

L
o
k
e
n

s
y
n

d
ro

m
e

1
3
7
6

S
e
p
to

o
p
ti

c
d
y
s
p
la

s
ia

S
e
x

re
v
e
rs

a
l

S
h

o
rt

s
ta

tu
re

S
ia

li
d
o
s
is

S
ia

lu
ri

a

S
ic

k
le

c
e
ll

a
n

e
m

ia

S
it

u
s

a
m

b
ig

u
u

s

S
m

it
h

-F
in

e
m

a
n

-M
y
e
rs

s
y
n

d
ro

m
e

S
m

it
h

-M
c
C

o
rt

d
y
s
p
la

s
ia

S
o
to

s
s
y
n

d
ro

m
e

S
p
in

a
b
if
id

a

S
p
li
t-

h
a
n

d
/
fo

o
t

m
a
lf
o
rm

a
ti

o
n

S
p
o
n

d
y
lo

m
e
ta

p
h

y
s
e
a
l

d
y
s
p
la

s
ia

1
4
3
8

S
ta

rt
le

d
is

e
a
s
e

S
T
A

T
1

d
e
fi
c
ie

n
c
y

S
te

a
to

c
y
s
to

m
a

m
u

lt
ip

le
x

1
4
4
6

S
u

rf
a
c
ta

n
t

d
e
fi
c
ie

n
c
y

S
u

th
e
rl

a
n

d
-H

a
a
n

s
y
n

d
ro

m
e
-l

ik
e

1
4
6
6

S
y
m

p
h

a
la

n
g
is

m
,

p
ro

x
im

a
l

S
y
n

o
s
to

s
e
s

s
y
n

d
ro

m
e

S
y
n

p
o
ly

d
a
c
ty

ly

T
a
ll

s
ta

tu
re

1
4
7
5

T
a
y
-S

a
c
h

s
d
is

e
a
s
e

T
h

a
la

s
s
e
m

ia
s

T
h

y
m

in
e
-u

ra
c
il
u

ri
a

T
o
lb

u
ta

m
id

e
p
o
o
r

m
e
ta

b
o
li
ze

r

1
5
1
9

T
ri

c
h

o
d
o
n

to
o
s
s
e
o
u

s
s
y
n

d
ro

m
e

T
ri

c
h

o
th

io
d
y
s
tr

o
p
h

y

1
5
2
6

T
ro

p
ic

a
l

c
a
lc

if
ic

p
a
n

c
re

a
ti

ti
s

T
u

b
e
rc

u
lo

s
is

T
u

b
e
ro

u
s

s
c
le

ro
s
is

T
w

in
n

in
g
,

d
iz

y
g
o
ti

c

1
5
4
2

U
V

-i
n

d
u

c
e
d

s
k
in

 d
a
m

a
g
e

V
e
lo

c
a
rd

io
fa

c
ia

l
s
y
n

d
ro

m
e

V
ir

il
iz

a
ti

o
n

1
5
6
5

1
5
8
0

W
e
a
v
e
r

s
y
n

d
ro

m
e

W
e
y
e
rs

a
c
ro

d
e
n

ta
l

d
y
s
o
s
to

s
is

W
H

IM
s
y
n

d
ro

m
e

W
o
lf
ra

m
s
y
n

d
ro

m
e

W
o
lm

a
n

d
is

e
a
s
e

X
e
ro

d
e
rm

a
p
ig

m
e
n

to
s
u

m

1
6
1
1

Y
e
ll
o
w

n
a
il

s
y
n

d
ro

m
e

Z
e
ll
w

e
g
e
r

s
y
n

d
ro

m
e

A
d
re

n
o
c
o
rt

ic
a
l

in
s
u

ff
ic

ie
n

c
y

C
h

o
n

d
ro

d
y
s
p
la

s
ia

,
G

re
b
e

ty
p
e

2
3
2
7

C
o
m

b
in

e
d

h
y
p
e
rl

ip
e
m

ia

2
3
5
4

D
ia

b
e
te

s
in

s
ip

id
u

s

3
0
3
7

3
1
4
4

O
v
a
ri

a
n

d
y
s
g
e
n

e
s
is

3
2
6
0

v
a
n

_
d
e
r_

W
o
u

d
e

s
y
n

d
ro

m
e

B
a
s
a
l

g
a
n

g
li
a

d
is

e
a
s
e

4
2
9
1

5
1
7
0

P
it

u
it

a
ry

h
o
rm

o
n

e
d
e
fi
c
ie

n
c
y

R
e
n

a
l

h
y
p
o
p
la

s
ia

,
is

o
la

te
d

O
v
a
ri

a
n

s
e
x
 c

o
rd

tu
m

o
rs

C
o
m

b
in

e
d

S
A

P
 d

e
fi
c
ie

n
c
y

M
u

lt
ip

le
m

y
e
lo

m
a

S
E

R
P

IN
A

3

A
C

T
N

3

A
D

R
B

1

N
R

0
B

1

A
L
A

D

A
L
B

A
B

C
D

1

A
L
P

L

A
T

P
2

A
2

A
T

R
X

A
V

P
R

2

F
O

X
L
2

B
T

K

R
U

N
X

2
K

R
IT

1

C
E

T
P

C
T

S
C

C
F

T
R

C
L
C

N
5

C
O

L
4

A
4

C
O

L
6

A
1

C
O

L
6

A
2

C
O

L
6

A
3

C
O

L
1

0
A

1

C
P

O
X

C
T

H

C
Y

P
2

C
1

9

C
Y

P
2

C
9

C
Y

P
2

D
6

C
Y

P
1

1
B

1

C
Y

P
1

1
B

2

C
Y

P
1

9
A

1

C
Y

P
2

1
A

2

D
K

C
1

D
L
X

3

D
N

A
H

5

D
P

Y
D

D
R

D
5

E
R

C
C

2

E
R

C
C

3

E
R

C
C

5

E
R

C
C

6

E
V

C

E
W

S
R

1

E
X

T
1

F
2

F
9

F
H

F
O

X
C

2

F
L
N

A

F
L
T

4

F
S

H
R

F
T

L

N
R

5
A

1

F
U

T
2

O
P

N
1

M
W

G
H

R

G
L
B

1

G
L
I3

G
L
R

A
1

G
N

R
H

R

G
P

1
B

B

H
A

D
H

A

H
B

A
1

H
B

A
2

H
B

B

H
E

X
A

H
F

E

H
L
A

-B

H
O

X
A

1

H
O

X
A

1
3

H
O

X
D

1
3

H
P

H
P

R
T

1

H
S

P
G

2

IF
N

G

IF
N

G
R

1

IH
H

IR
F

6

K
N

G
1

K
R

T
1

6

K
R

T
1

7

L
1

C
A

M

L
B

R

L
C

A
T

L
H

C
G

R

L
IG

4

L
IP

A

L
P

L

M
A

T
1

A

M
B

L
2

M
C

1
R

M
C

M
6

M
T

H
F

D
1

M
T

R
M

T
R

R
M

V
K

N
A

G
A

N
P

H
P

1

R
O

R
2

O
C

R
L

P
A

H

P
A

X
2

P
D

G
F

R
B

P
E

X
1

P
E

X
7

P
E

X
1

0 P
E

X
1

3

A
B

C
B

4

P
L
G

P
O

L
G

P
O

R

P
P

T
1

P
S

A
P

P
T

H
R

1

P
X

M
P

3

P
E

X
5

O
P

N
1

L
W

R
M

R
P

S
F

T
P

C

S
H

O
X

S
L
C

3
A

1

S
O

X
9

S
P

IN
K

1

S
T

A
T

1

T
B

X
1

T
B

C
E

T
E

R
C

T
F

T
IT

F
1

T
P

M
2

T
S

C
1

T
S

C
2

U
M

O
D

W
F

S
1

C
X

C
R

4

F
G

F
2

3

M
K

K
S

G
D

F
5

T
P

7
3

L

D
N

A
H

1
1

T
N

F
R

S
F

1
1

A

H
E

S
X

1

E
IF

2
B

4

E
IF

2
B

2
E

IF
2

B
5

N
O

G

R
E

C
Q

L
4

G
N

E
E

N
A

M

Z
M

P
S

T
E

2
4

L
E

M
D

3

S
L
C

1
7

A
5

D
N

A
I1

S
A

R
1

B

S
L
C

4
5

A
2

U
G

T
1

A
1

D
Y

M

B
C

O
R

P
E

X
2

6

H
R

C
F

C
1

A
N

K
H

C
A

R
D

1
5

N
S

D
1

V
K

O
R

C
1

M
C

P
H

1

P
A

N
K

2

C
IA

S
1

A
N

T
X

R
2

N
P

H
P

4

T
h

e
 h

u
m

a
n

 d
is

e
a
s
e
 n

e
t
w

o
r
k

G
o
h

 K
-I

, 
C

u
s
ic

k
 M

E
, 

V
a
ll
e
 D

, 
C

h
il
d
s
 B

, 
V

id
a
l 
M

, 
B

a
ra

b
a
s
i 
A

-L
  

(2
0
0
7
)

P
ro

c
 N

a
tl

 A
c
a

d
 S

c
i 
U

S
A

1
0
4
:8

6
8
5
-8

6
9
0

′

S
u

p
p
o
rt

in
g
 I

n
fo

rm
a
ti

o
n

 F
ig

u
re

 1
3
 |

 B
ip

a
rt

it
e
-g

ra
p
h

 r
e
p
re

s
e
n

ta
ti

o
n

 o
f 

th
e
 d

is
e
a
s
o
m

e
. 

A
 d

is
o
rd

e
r 

(c
ir

c
le

) 
a
n

d
 a

 g
e
n

e
 (
re

c
ta

n
g
le

) 
a
re

 c
o
n

n
e
c
te

d
 i
f 

th
e
 g

e
n

e
 i
s
 i
m

p
li
c
a
te

d
 i
n

 t
h

e
 d

is
o
rd

e
r.

 T
h

e
 s

iz
e
 o

f 
th

e
 c

ir
c
le

 r
e
p
re

s
e
n

ts
 t

h
e
 n

u
m

b
e
r 

o
f 

d
is

ti
n

c
t 

g
e
n

e
s
 a

s
s
o
c
ia

te
d
 w

it
h

 t
h

e
 d

is
o
rd

e
r.

 I
s
o
la

te
d
 d

is
o
rd

e
rs

 (
d
is

o
rd

e
rs

 h
a
v
in

g
 n

o
 l
in

k
s
 t

o
 o

th
e
r 

d
is

o
rd

e
rs

) 
a
re

 n
o
t 

s
h

o
w

n
. 

A
ls

o
, 

o
n

ly
 g

e
n

e
s
 c

o
n

n
e
c
ti

n
g
 d

is
o
rd

e
rs

 a
re

 s
h

o
w

n
.

D
is

o
r
d
e
r
 C

la
s
s

D
is

o
r
d
e
r
 N

a
m

e

B
o
n

e
C

a
n

c
e
r

C
a
rd

io
v
a
s
c
u

la
r

C
o
n

n
e
c
ti

v
e
 t

is
s
u

e
 d

is
o
rd

e
r

D
e
rm

a
to

lo
g
ic

a
l

D
e
v
e
lo

p
m

e
n

ta
l

E
a
r,

 N
o
s
e
, 

T
h

ro
a
t

E
n

d
o
c
ri

n
e

G
a
s
tr

o
in

te
s
ti

n
a
l

H
e
m

a
to

lo
g
ic

a
l

Im
m

u
n

o
lo

g
ic

a
l

M
e
ta

b
o
li
c

M
u

s
c
u

la
r

N
e
u

ro
lo

g
ic

a
l

N
u

tr
it

io
n

a
l

O
p
h

th
a
m

o
lo

g
ic

a
l

P
s
y
c
h

ia
tr

ic
R

e
n

a
l

R
e
s
p
ir

a
to

ry
S

k
e
le

ta
l

m
u

lt
ip

le
U

n
c
la

s
s
if
ie

d

5
2
3
3

P
la

c
e
n

ta
l 
s
te

ro
id

 s
u

lf
a
ta

s
e
 d

e
fi
c
ie

n
c
y

5
1
7
0

O
v
a
ri

a
n

 h
y
p
e
rs

ti
m

u
la

ti
o
n

 s
y
n

d
ro

m
e

4
2
9
1

C
e
re

b
ra

l 
c
a
v
e
rn

o
u

s
 m

a
lf
o
rm

a
ti

o
n

s
3
5
5
8

V
e
n

tr
ic

u
la

r 
fi
b
ri

ll
a
ti

o
n

, 
id

io
p
a
th

ic
3
5
1
2

T
o
ta

l 
io

d
id

e
 o

rg
a
n

if
ic

a
ti

o
n

 d
e
fe

c
t

3
2
6
0

P
re

m
a
tu

re
 c

h
ro

m
o
s
o
m

e
 c

o
n

d
e
n

s
a
ti

o
n

 w
/
 m

ic
ro

c
e
p
h

a
ly

, 
m

e
n

ta
l 
re

ta
rd

a
ti

o
n

3
2
2
9

P
ig

m
e
n

te
d
 a

d
re

n
o
c
o
rt

ic
a
l 
d
is

e
a
s
e
, 

p
ri

m
a
ry

 i
s
o
la

te
d

3
2
1
2

P
e
rs

is
te

n
t 

h
y
p
e
ri

n
s
u

li
n

e
m

ic
 h

y
p
o
g
ly

c
e
m

ia
 o

f 
in

fa
n

c
y

3
1
4
4

O
p
ti

c
 n

e
rv

e
 c

o
lo

b
o
m

a
 w

it
h

 r
e
n

a
l 
d
is

e
a
s
e

3
0
3
7

M
u

lt
ip

le
 c

u
ta

n
e
o
u

s
 a

n
d
 u

te
ri

n
e
 l
e
io

m
y
o
m

a
ta

2
7
8
5

H
y
p
o
p
la

s
ti

c
 l
e
ft

 h
e
a
rt

 s
y
n

d
ro

m
e

2
3
8
5

C
re

a
ti

n
e
 d

e
fi
c
ie

n
c
y
 s

y
n

d
ro

m
e
, 

X
-l

in
k
e
d

2
3
5
4

C
o
n

g
e
n

it
a
l 
b
il
a
te

ra
l 
a
b
s
e
n

c
e
 o

f 
v
a
s
 d

e
fe

re
n

s
2
3
2
7

C
h

ro
n

ic
 i
n

fe
c
ti

o
n

s
, 

d
u

e
 t

o
 o

p
s
o
n

in
 d

e
fe

c
t

1
6
1
4

Y
e
m

e
n

it
e
 d

e
a
f-

b
li
n

d
 h

y
p
o
p
ig

m
e
n

ta
ti

o
n

 s
y
n

d
ro

m
e

1
6
1
1

X
L
A

 a
n

d
 i
s
o
la

te
d
 g

ro
w

th
 h

o
rm

o
n

e
 d

e
fi
c
ie

n
c
y

1
5
8
6

W
e
is

s
e
n

b
a
c
h

e
r-

Z
w

e
y
m

u
ll
e
r 

s
y
n

d
ro

m
e

1
5
8
0

W
a
rf

a
ri

n
 r

e
s
is

ta
n

c
e
/
s
e
n

s
it

iv
it

y
1
5
6
5

V
it

a
m

in
 K

-d
e
p
e
n

d
e
n

t 
c
o
a
g
u

la
ti

o
n

 d
e
fe

c
t

1
5
5
5

V
A

T
E

R
 a

s
s
o
c
ia

ti
o
n

 w
it

h
 h

y
d
ro

c
e
p
h

a
lu

s
1
5
4
5

U
n

n
a
-T

h
o
s
t 

d
is

e
a
s
e
, 

n
o
n

e
p
id

e
rm

o
ly

ti
c

1
5
4
2

U
ll
ri

c
h

 c
o
n

g
e
n

it
a
l 
m

u
s
c
u

la
r 

d
y
s
tr

o
p
h

y
1
5
2
8

T
ri

s
m

u
s
-p

s
e
u

d
o
c
o
m

p
to

d
a
c
ty

ly
 s

y
n

d
ro

m
e

1
5
2
6

T
ri

fu
n

c
ti

o
n

a
l 
p
ro

te
in

 d
e
fi
c
ie

n
c
y

1
5
1
9

T
ra

n
s
p
o
s
it

io
n

 o
f 

g
re

a
t 

a
rt

e
ri

e
s
, 

d
e
x
tr

o
-l

o
o
p
e
d

1
5
1
8

T
ra

n
s
ie

n
t 

b
u

ll
o
u

s
 o

f 
th

e
 n

e
w

b
o
rn

1
4
9
0

T
h

a
n

a
to

p
h

o
ri

c
 d

y
s
p
la

s
ia

, 
ty

p
e
s
 I

 a
n

d
 I

I
1
4
7
6

T
a
u

o
p
a
th

y
 a

n
d
 r

e
s
p
ir

a
to

ry
 f

a
il
u

re
1
4
7
5

T
a
rs

a
l-

c
a
rp

a
l 
c
o
a
li
ti

o
n

 s
y
n

d
ro

m
e

1
4
6
6

S
w

e
a
t 

c
h

lo
ri

d
e
 e

le
v
a
ti

o
n

 w
it

h
o
u

t 
C

F
1
4
5
6

S
u

b
c
o
rt

ic
a
l 
la

m
in

a
r 

h
e
te

ro
to

p
ia

1
4
4
6

S
te

v
e
n

s
-J

o
h

n
s
o
n

 s
y
n

d
ro

m
e
, 

c
a
rb

a
m

a
ze

p
in

e
-i

n
d
u

c
e
d

1
4
3
8

S
ta

p
e
s
 a

n
k
y
lo

s
is

 s
y
n

d
ro

m
e
 w

it
h

o
u

t 
s
y
m

p
h

a
la

n
g
is

m
1
4
3
2

S
p
o
n

d
y
lo

c
a
rp

o
ta

rs
a
l 
s
y
n

o
s
to

s
is

 s
y
n

d
ro

m
e

1
4
1
4

S
o
li
ta

ry
 m

e
d
ia

n
 m

a
x
il
la

ry
 c

e
n

tr
a
l 
in

c
is

o
r

1
4
0
1

S
k
in

 f
ra

g
il
it

y
-w

o
o
ll
y
 h

a
ir

 s
y
n

d
ro

m
e

1
3
9
6

S
il
v
e
r 

s
p
a
s
ti

c
 p

a
ra

p
le

g
ia

 s
y
n

d
ro

m
e

1
3
8
3

S
e
v
e
re

 c
o
m

b
in

e
d
 i
m

m
u

n
o
d
e
fi
c
ie

n
c
y

1
3
7
6

S
e
n

s
o
ry

 a
ta

x
ic

 n
e
u

ro
p
a
th

y
, 

d
y
s
a
rt

h
ri

a
, 

a
n

d
 o

p
h

th
a
lm

o
p
a
re

s
is

1
3
6
1

S
c
h

w
a
rt

z-
J
a
m

p
e
l 
s
y
n

d
ro

m
e
, 

ty
p
e
 1

1
3
4
7

S
a
n

d
h

o
ff

 d
is

e
a
s
e
, 

in
fa

n
ti

le
, 

ju
v
e
n

il
e
, 

a
n

d
 a

d
u

lt
 f

o
rm

s
1
3
3
5

R
o
b
in

o
w

 s
y
n

d
ro

m
e
, 

a
u

to
s
o
m

a
l 
re

c
e
s
s
iv

e
1
3
2
5

R
h

iz
o
m

e
li
c
 c

h
o
n

d
ro

d
y
s
p
la

s
ia

 p
u

n
c
ta

ta
1
2
9
7

P
y
ru

v
a
te

 d
e
h

y
d
ro

g
e
n

a
s
e
 d

e
fi
c
ie

n
c
y

1
2
6
7

P
ro

la
c
ti

n
o
m

a
, 

h
y
p
e
rp

a
ra

th
y
ro

id
is

m
, 

c
a
rc

in
o
id

 s
y
n

d
ro

m
e

1
2
6
5

P
ro

g
re

s
s
iv

e
 e

x
te

rn
a
l 
o
p
h

th
a
lm

o
p
le

g
ia

 w
it

h
 m

it
o
c
h

o
n

d
ri

a
l 
D

N
A

 d
e
le

ti
o
n

s
1
2
6
3

P
ri

o
n

 d
is

e
a
s
e
 w

it
h

 p
ro

tr
a
c
te

d
 c

o
u

rs
e

1
2
3
9

P
n

e
u

m
o
th

o
ra

x
, 

p
ri

m
a
ry

 s
p
o
n

ta
n

e
o
u

s
1
2
3
8

P
n

e
u

m
o
n

it
is

, 
d
e
s
q
u

a
m

a
ti

v
e
 i
n

te
rs

ti
ti

a
l

1
2
3
2

P
it

u
it

a
ry

 A
C

T
H

-s
e
c
re

ti
n

g
 a

d
e
n

o
m

a
1
2
2
9

P
ig

m
e
n

te
d
 p

a
ra

v
e
n

o
u

s
 c

h
o
ri

o
re

ti
n

a
l 
a
tr

o
p
h

y
1
2
2
7

P
ig

m
e
n

ta
ti

o
n

 o
f 

h
a
ir

, 
s
k
in

, 
a
n

d
 e

y
e
s
, 

v
a
ri

a
ti

o
n

 i
n

1
1
8
3

P
a
p
il
la

ry
 s

e
ro

u
s
 c

a
rc

in
o
m

a
 o

f 
th

e
 p

e
ri

to
n

e
u

m
1
1
7
4

P
a
ll
id

o
p
o
n

to
n

ig
ra

l 
d
e
g
e
n

e
ra

ti
o
n

1
1
6
4

O
s
te

o
p
o
ro

s
is

-p
s
e
u

d
o
g
li
o
m

a
 s

y
n

d
ro

m
e

1
1
5
3

O
s
s
if
ic

a
ti

o
n

 o
f 

th
e
 p

o
s
te

ri
o
r 

lo
n

g
it

u
d
in

a
l 
s
p
in

a
l 
li
g
a
m

e
n

ts
1
1
4
0

O
li
g
o
d
o
n

ti
a
-c

o
lo

re
c
ta

l 
c
a
n

c
e
r 

s
y
n

d
ro

m
e

1
1
3
3

O
c
u

lo
fa

c
io

c
a
rd

io
d
e
n

ta
l 
s
y
n

d
ro

m
e

1
1
1
9

N
o
rw

a
lk

 v
ir

u
s
 i
n

fe
c
ti

o
n

, 
re

s
is

ta
n

c
e
 t

o
1
1
1
3

N
o
n

c
o
m

p
a
c
ti

o
n

 o
f 

le
ft

 v
e
n

tr
ic

u
la

r 
m

y
o
c
a
rd

iu
m

1
1
0
5

N
e
w

fo
u

n
d
la

n
d
 r

o
d
-c

o
n

e
 d

y
s
tr

o
p
h

y
1
1
0
4

N
e
v
u

s
, 

e
p
id

e
rm

a
l,
 e

p
id

e
rm

o
ly

ti
c
 h

y
p
e
rk

e
ra

to
ti

c
 t

y
p
e

1
0
9
6

N
e
u

ro
fi
b
ro

m
a
to

s
is

-N
o
o
n

a
n

 s
y
n

d
ro

m
e

1
0
9
0

N
e
u

ra
l 
tu

b
e
 d

e
fe

c
ts

, 
m

a
te

rn
a
l 
ri

s
k
 o

f
1
0
8
0

N
e
p
h

ro
g
e
n

ic
 s

y
n

d
ro

m
e
 o

f 
in

a
p
p
ro

p
ri

a
te

 a
n

ti
d
iu

re
s
is

1
0
5
7

M
y
o
k
y
m

ia
 w

it
h

 n
e
o
n

a
ta

l 
e
p
il
e
p
s
y

1
0
5
6

M
y
o
g
lo

b
in

u
ri

a
/
h

e
m

o
ly

s
is

 d
u

e
 t

o
 P

G
K

 d
e
fi
c
ie

n
c
y

1
0
5
0

M
y
e
lo

m
o
n

o
c
y
ti

c
 l
e
u

k
e
m

ia
, 

c
h

ro
n

ic
1
0
1
6

M
it

o
c
h

o
n

d
ri

a
l 
c
o
m

p
le

x
 d

e
fi
c
ie

n
c
y

1
0
0
2

M
e
th

y
lc

o
b
a
la

m
in

 d
e
fi
c
ie

n
c
y
, 

c
b
lG

 t
y
p
e

1
0
0
1

M
e
th

io
n

in
e
 a

d
e
n

o
s
y
lt

ra
n

s
fe

ra
s
e
 d

e
fi
c
ie

n
c
y
, 

a
u

to
s
o
m

a
l 
re

c
e
s
s
iv

e
9
8
2

M
e
lo

rh
e
o
s
to

s
is

 w
it

h
 o

s
te

o
p
o
ik

il
o
s
is

9
6
9

M
e
d
u

ll
a
ry

 c
y
s
ti

c
 k

id
n

e
y
 d

is
e
a
s
e

9
5
9

M
a
s
to

c
y
to

s
is

 w
it

h
 a

s
s
o
c
ia

te
d
 h

e
m

a
to

lo
g
ic

 d
is

o
rd

e
r

9
4
5

M
a
n

d
ib

u
lo

a
c
ra

l 
d
y
s
p
la

s
ia

 w
it

h
 t

y
p
e
 B

 l
ip

o
d
y
s
tr

o
p
h

y
9
4
2

M
a
li
g
n

a
n

t 
h

y
p
e
rt

h
e
rm

ia
 s

u
s
c
e
p
ti

b
il
it

y
9
3
0

L
y
n

c
h

 c
a
n

c
e
r 

fa
m

il
y
 s

y
n

d
ro

m
e
 I

I
9
1
3

L
o
w

e
r 

m
o
to

r 
n

e
u

ro
n

 d
is

e
a
s
e
, 

p
ro

g
re

s
s
iv

e
, 

w
it

h
o
u

t 
s
e
n

s
o
ry

 s
y
m

p
to

m
s

8
9
1

L
e
u

k
o
e
n

c
e
p
h

a
lo

p
a
th

y
 w

it
h

 v
a
n

is
h

in
g
 w

h
it

e
 m

a
tt

e
r

8
6
8

L
a
ry

n
g
o
o
n

y
c
h

o
c
u

ta
n

e
o
u

s
 s

y
n

d
ro

m
e

8
4
7

K
e
ra

to
s
is

 p
a
lm

o
p
la

n
ta

ri
a
 s

tr
ia

ta
8
4
5

K
e
ra

to
d
e
rm

a
, 

p
a
lm

o
p
la

n
ta

r,
 w

it
h

 d
e
a
fn

e
s
s

8
4
3

K
e
ra

ti
ti

s
-i

c
h

th
y
o
s
is

-d
e
a
fn

e
s
s
 s

y
n

d
ro

m
e

8
3
3

J
u

v
e
n

il
e
 p

o
ly

p
o
s
is

/
h

e
re

d
it

a
ry

 h
e
m

o
rr

h
a
g
ic

 t
e
la

n
g
ie

c
ta

s
ia

 s
y
n

d
ro

m
e

8
3
0

J
e
rv

e
ll
 a

n
d
 L

a
n

g
e
-N

ie
ls

e
n

 s
y
n

d
ro

m
e

8
0
9

In
fu

n
d
ib

u
la

r 
h

y
p
o
p
la

s
ia

 a
n

d
 h

y
p
o
p
it

u
it

a
ri

s
m

8
0
3

Im
m

u
n

o
d
y
s
re

g
u

la
ti

o
n

, 
p
o
ly

e
n

d
o
c
ri

n
o
p
a
th

y
, 

a
n

d
 e

n
te

ro
p
a
th

y
, 

X
-l

in
k
e
d

7
9
2

H
y
s
tr

ix
-l

ik
e
 i
c
h

th
y
o
s
is

 w
it

h
 d

e
a
fn

e
s
s

7
8
5

H
y
p
o
p
la

s
ti

c
 e

n
a
m

e
l 
p
it

ti
n

g
, 

lo
c
a
li
ze

d
7
8
0

H
y
p
o
p
a
ra

th
y
ro

id
is

m
-r

e
ta

rd
a
ti

o
n

-d
y
s
m

o
rp

h
is

m
 s

y
n

d
ro

m
e

7
3
4

H
y
p
e
rk

e
ra

to
ti

c
 c

u
ta

n
e
o
u

s
 c

a
p
il
la

ry
-v

e
n

o
u

s
 m

a
lf
o
rm

a
ti

o
n

s
7
3
3

H
y
p
e
rk

a
le

m
ic

 p
e
ri

o
d
ic

 p
a
ra

ly
s
is

7
2
7

H
y
p
e
rf

e
rr

it
in

e
m

ia
-c

a
ta

ra
c
t 

s
y
n

d
ro

m
e

7
0
1

H
o
m

o
zy

g
o
u

s
 2

p
1
6
 d

e
le

ti
o
n

 s
y
n

d
ro

m
e

6
9
9

H
o
m

o
c
y
s
ti

n
u

ri
a
-m

e
g
a
lo

b
la

s
ti

c
 a

n
e
m

ia
, 

c
b
l 
E

 t
y
p
e

6
7
9

H
ig

h
-m

o
le

c
u

la
r-

w
e
ig

h
t 

k
in

in
o
g
e
n

 d
e
fi
c
ie

n
c
y

6
6
5

H
e
m

o
s
id

e
ro

s
is

, 
s
y
s
te

m
ic

, 
d
u

e
 t

o
 a

c
e
ru

lo
p
la

s
m

in
e
m

ia
6
4
6

H
e
a
ri

n
g
 l
o
s
s
, 

lo
w

-f
re

q
u

e
n

c
y
 s

e
n

s
o
ri

n
e
u

ra
l

6
2
6

G
re

ig
 c

e
p
h

a
lo

p
o
ly

s
y
n

d
a
c
ty

ly
 s

y
n

d
ro

m
e

6
0
4

G
lu

ta
th

io
n

e
 s

y
n

th
e
ta

s
e
 d

e
fi
c
ie

n
c
y

5
9
4

G
lo

m
e
ru

lo
c
y
s
ti

c
 k

id
n

e
y
 d

is
e
a
s
e
, 

h
y
p
o
p
la

s
ti

c
5
8
4

G
ia

n
t 

p
la

te
le

t 
d
is

o
rd

e
r,

 i
s
o
la

te
d

5
5
8

F
u

c
h

s
 e

n
d
o
th

e
li
a
l 
c
o
rn

e
a
l 
d
y
s
tr

o
p
h

y
5
4
9

F
o
v
e
o
m

a
c
u

la
r 

d
y
s
tr

o
p
h

y
, 

a
d
u

lt
-o

n
s
e
t,

 w
it

h
 c

h
o
ro

id
a
l 
n

e
o
v
a
s
c
u

la
ri

za
ti

o
n

5
4
5

F
o
c
a
l 
c
o
rt

ic
a
l 
d
y
s
p
la

s
ia

, 
T
a
y
lo

r 
b
a
ll
o
o
n

 c
e
ll
 t

y
p
e

5
4
4

F
lu

o
ro

u
ra

c
il
 t

o
x
ic

it
y
, 

s
e
n

s
it

iv
it

y
 t

o
5
3
9

F
ib

u
la

r 
h

y
p
o
p
la

s
ia

 a
n

d
 c

o
m

p
le

x
 b

ra
c
h

y
d
a
c
ty

ly
5
3
5

F
ib

ro
c
a
lc

u
lo

u
s
 p

a
n

c
re

a
ti

c
 d

ia
b
e
te

s
5
2
7

F
a
tt

y
 l
iv

e
r,

 a
c
u

te
, 

o
f 

p
re

g
n

a
n

c
y

4
7
4

E
m

e
ry

-D
re

if
u

s
s
 m

u
s
c
u

la
r 

d
y
s
tr

o
p
h

y
4
7
1

E
li
te

 s
p
ri

n
t 

a
th

le
ti

c
 p

e
rf

o
rm

a
n

c
e

4
6
3

D
y
s
tr

a
n

s
th

y
re

ti
n

e
m

ic
 h

y
p
e
rt

h
y
ro

x
in

e
m

ia
4
6
1

D
y
s
s
e
g
m

e
n

ta
l 
d
y
s
p
la

s
ia

, 
S

il
v
e
rm

a
n

-H
a
n

d
m

a
k
e
r 

ty
p
e

4
5
3

D
y
s
a
lb

u
m

in
e
m

ic
 h

y
p
e
rt

h
y
ro

x
in

e
m

ia
4
5
2

D
y
g
g
v
e
-M

e
lc

h
io

r-
C

la
u

s
e
n

 d
is

e
a
s
e

4
4
1

D
o
p
a
m

in
e
 b

e
ta

-h
y
d
ro

x
y
la

s
e
 d

e
fi
c
ie

n
c
y

4
3
9

D
is

s
e
c
ti

o
n

 o
f 

c
e
rv

ic
a
l 
a
rt

e
ri

e
s

4
3
8

D
is

o
rd

e
re

d
 s

te
ro

id
o
g
e
n

e
s
is

, 
is

o
la

te
d

4
3
4

D
il
a
te

d
 c

a
rd

io
m

y
o
p
a
th

y
 w

it
h

 w
o
o
ll
y
 h

a
ir

 a
n

d
 k

e
ra

to
d
e
rm

a
4
2
2

D
e
rm

a
to

fi
b
ro

s
a
rc

o
m

a
 p

ro
tu

b
e
ra

n
s

4
1
8

D
e
n

ti
n

o
g
e
n

e
s
is

 i
m

p
e
rf

e
c
ta

, 
S

h
ie

ld
s
 t

y
p
e

3
9
6

C
y
c
li
c
 i
c
h

th
y
o
s
is

 w
it

h
 e

p
id

e
rm

o
ly

ti
c
 h

y
p
e
rk

e
ra

to
s
is

3
7
9

C
ra

n
io

fa
c
ia

l-
s
k
e
le

ta
l-

d
e
rm

a
to

lo
g
ic

 d
y
s
p
la

s
ia

3
7
8

C
ra

n
io

fa
c
ia

l-
d
e
a
fn

e
s
s
-h

a
n

d
 s

y
n

d
ro

m
e

3
7
7

C
ra

n
io

fa
c
ia

l 
a
n

o
m

a
li
e
s
, 

e
m

p
ty

 s
e
ll
a
 t

u
rc

ic
a
, 

c
o
rn

e
a
l 
e
n

d
o
th

e
li
a
l 
c
h

a
n

g
e
s

3
5
7

C
o
n

o
tr

u
n

c
a
l 
a
n

o
m

a
ly

 f
a
c
e
 s

y
n

d
ro

m
e

3
4
7

C
o
lo

n
ic

 a
g
a
n

g
li
o
n

o
s
is

, 
to

ta
l,
 w

it
h

 s
m

a
ll
 b

o
w

e
l 
in

v
o
lv

e
m

e
n

t
3
4
4

C
o
ld

-i
n

d
u

c
e
d
 a

u
to

in
fl
a
m

m
a
to

ry
 s

y
n

d
ro

m
e

3
2
9

C
h

y
lo

m
ic

ro
n

e
m

ia
 s

y
n

d
ro

m
e
, 

fa
m

il
ia

l
3
2
0

C
h

o
re

o
a
th

e
to

s
is

, 
h

y
p
o
th

y
ro

id
is

m
, 

a
n

d
 r

e
s
p
ir

a
to

ry
 d

is
tr

e
s
s

3
1
3

C
h

o
le

s
te

ry
l 
e
s
te

r 
s
to

ra
g
e
 d

is
e
a
s
e

2
9
4

C
e
re

b
ro

v
a
s
c
u

la
r 

d
is

e
a
s
e
, 

o
c
c
lu

s
iv

e
2
9
2

C
e
re

b
ro

o
c
u

lo
fa

c
io

s
k
e
le

ta
l 
s
y
n

d
ro

m
e

2
8
7

C
e
n

tr
a
l 
h

y
p
o
v
e
n

ti
la

ti
o
n

 s
y
n

d
ro

m
e

2
7
9

C
a
v
e
rn

o
u

s
 m

a
lf
o
rm

a
ti

o
n

s
 o

f 
C

N
S

 a
n

d
 r

e
ti

n
a

2
7
5

C
a
rp

a
l 
tu

n
n

e
l 
s
y
n

d
ro

m
e
, 

fa
m

il
ia

l
2
1
7

B
o
n

e
 m

in
e
ra

l 
d
e
n

s
it

y
 v

a
ri

a
b
il
it

y
2
1
0

B
le

p
h

a
ro

p
h

im
o
s
is

, 
e
p
ic

a
n

th
u

s
 i
n

v
e
rs

u
s
, 

a
n

d
 p

to
s
is

1
9
8

B
e
ta

-2
-a

d
re

n
o
re

c
e
p
to

r 
a
g
o
n

is
t,

 r
e
d
u

c
e
d
 r

e
s
p
o
n

s
e
 t

o
1
9
2

B
e
a
re

-S
te

v
e
n

s
o
n

 c
u

ti
s
 g

y
ra

ta
 s

y
n

d
ro

m
e

1
8
2

B
a
n

n
a
y
a
n

-R
il
e
y
-R

u
v
a
lc

a
b
a
 s

y
n

d
ro

m
e

1
7
1

A
tt

e
n

ti
o
n

-d
e
fi
c
it

 h
y
p
e
ra

c
ti

v
it

y
 d

is
o
rd

e
r

1
6
2

A
th

a
b
a
s
k
a
n

 b
ra

in
s
te

m
 d

y
s
g
e
n

e
s
is

 s
y
n

d
ro

m
e

1
4
4

A
rr

h
y
th

m
o
g
e
n

ic
 r

ig
h

t 
v
e
n

tr
ic

u
la

r 
d
y
s
p
la

s
ia

1
3
7

A
p
p
a
re

n
t 

m
in

e
ra

lo
c
o
rt

ic
o
id

 e
x
c
e
s
s
, 

h
y
p
e
rt

e
n

s
io

n
 d

u
e
 t

o
1
2
9

A
n

x
ie

ty
-r

e
la

te
d
 p

e
rs

o
n

a
li
ty

 t
ra

it
s

1
2
6

A
n

te
ri

o
r 

s
e
g
m

e
n

t 
a
n

o
m

a
li
e
s
 a

n
d
 c

a
ta

ra
c
t

1
1
7

A
n

g
io

te
n

s
in

 I
-c

o
n

v
e
rt

in
g
 e

n
zy

m
e

1
0
7

A
n

a
lg

e
s
ia

 f
ro

m
 k

a
p
p
a
-o

p
io

id
 r

e
c
e
p
to

r 
a
g
o
n

is
t,

 f
e
m

a
le

-s
p
e
c
if
ic

9
6

A
lt

e
rn

a
ti

n
g
 h

e
m

ip
le

g
ia

 o
f 

c
h

il
d
h

o
o
d

9
2

A
lp

h
a
-t

h
a
la

s
s
e
m

ia
/
m

e
n

ta
l 
re

ta
rd

a
ti

o
n

 s
y
n

d
ro

m
e

8
7

A
lp

h
a
-1

-a
n

ti
c
h

y
m

o
tr

y
p
s
in

 d
e
fi
c
ie

n
c
y

7
7

A
ld

o
s
te

ro
n

e
 t

o
 r

e
n

in
 r

a
ti

o
 r

a
is

e
d

5
3

A
d
re

n
a
l 
h

y
p
e
rp

la
s
ia

, 
c
o
n

g
e
n

it
a
l

2
6

A
c
h

o
n

d
ro

g
e
n

e
s
is

-h
y
p
o
c
h

o
n

d
ro

g
e
n

e
s
is

, 
ty

p
e
 I

I
1
8

A
c
a
m

p
o
m

e
li
c
 c

a
m

p
o
le

li
c
 d

y
s
p
la

s
ia

GRAPH THEORY bipartite network

(a
)

(b
)

(d
)

AR AT
M

B
R

CA
1

B
R

CA
2

CD
H

1

G
AR

S

H
EX

B

K
R

AS

LM
N

A

M
SH

2

P
IK

3C
A

TP
53

M
AD

1L
1

R
AD

54
L

VA
P

B

CH
EK

2

B
SC

L2

AL
S2

B
R

IP
1

AN
D

R
O

G
EN

 IN
SE

N
SI

TI
VI

TY

B
R

EA
ST

 C
AN

CE
R

P
ER

IN
EA

L 
H

YP
O

SP
AD

IA
S

P
R

O
ST

AT
E 

CA
N

CE
R

SP
IN

AL
 M

U
SC

U
LA

R
 A

TR
O

P
H

Y

AT
AX

IA
-T

EL
AN

G
IE

CT
AS

IA

LY
M

P
H

O
M

A

T-
CE

LL
 L

YM
P

H
O

B
LA

ST
IC

 L
EU

K
EM

IA

O
VA

R
IA

N
 C

AN
CE

R

P
AP

IL
LA

R
Y 

SE
R

O
U

S 
CA

R
CI

N
O

M
A

FA
N

CO
N

I A
N

EM
IA

P
AN

CR
EA

TI
C 

CA
N

CE
R

W
IL

M
S 

TU
M

O
R

CH
AR

CO
T-

M
AR

IE
-T

O
O

TH
 D

IS
EA

SE

SA
N

D
H

O
FF

 D
IS

EA
SE

LI
P

O
D

YS
TR

O
P

H
Y

AM
YO

TR
O

P
H

IC
 L

AT
ER

AL
 S

CL
ER

O
SI

S

SI
LV

ER
 S

P
AS

TI
C 

P
AR

AP
LE

G
IA

 S
YN

D
R

O
M

E

SP
AS

TI
C 

AT
AX

IA
/P

AR
AP

LE
G

IA

AR

AT
M

B
R

CA
1

B
R

CA
2

CD
H

1

G
AR

S

H
EX

B

K
R

AS

LM
N

A

M
SH

2

P
IK

3C
A

TP
53

M
AD

1L
1

R
AD

54
L

VA
P

B

CH
EK

2

B
SC

L2

AL
S2

B
R

IP
1

AN
D

R
O

G
EN

 IN
SE

N
SI

TI
VI

TY

B
R

EA
ST

 C
AN

CE
R

P
ER

IN
EA

L 
H

YP
O

SP
AD

IA
S

P
R

O
ST

AT
E 

CA
N

CE
R

SP
IN

AL
 M

U
SC

U
LA

R
 A

TR
O

P
H

Y

AT
AX

IA
-T

EL
AN

G
IE

CT
AS

IA

LY
M

P
H

O
M

A

T-
CE

LL
 L

YM
P

H
O

B
LA

ST
IC

 L
EU

K
EM

IA

O
VA

R
IA

N
 C

AN
CE

R

P
AP

IL
LA

R
Y 

SE
R

O
U

S 
CA

R
CI

N
O

M
A

FA
N

CO
N

I A
N

EM
IA

P
AN

CR
EA

TI
C 

CA
N

CE
R

W
IL

M
S 

TU
M

O
R

CH
AR

CO
T-

M
AR

IE
-T

O
O

TH
 D

IS
EA

SE SA
N

D
H

O
FF

 D
IS

EA
SE

LI
P

O
D

YS
TR

O
P

H
Y

AM
YO

TR
O

P
H

IC
 L

AT
ER

AL
 S

CL
ER

O
SI

S

SI
LV

ER
 S

P
AS

TI
C 

P
AR

AP
LE

G
IA

 S
YN

D
R

O
M

E
SP

AS
TI

C 
AT

AX
IA

/P
AR

AP
LE

G
IA

H
U

M
AN

 D
IS

EA
SE

 N
ET

W
O

R
K

D
IS

EA
SE

 G
EN

E 
N

ET
W

O
R

K

D
IS

EA
SE

 G
EN

O
M

E

D
IS

EA
SE

 P
H

EN
O

M
EDISEASOME DISEASOME

(c
)



(a) The construction of the tripartite recipe-
ingredient-compound network, in which 
one set of nodes are recipes, like Chicken 
Marsala; the second set corresponds to 
the ingredients each recipe has (like flour, 
sage, chicken, wine, and butter for Chicken 
Marsala); the third set captures the flavor 
compounds, or chemicals that contribute 
to the taste of each ingredient. 

(b)  The ingredient or the flavor network repre-
sents a projection of the tripartite network. 
Each node denotes an ingredient; the node 
color indicating the food category and node 
size indicates the ingredient’s prevalence 
in recipes. Two ingredients are connected 
if they share a significant number of flavor 
compounds. Link thickness represents the 
number of shared compounds. 

After [11].

Figure 2.11
Tripartite Network
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(a) A path between nodes i0 and in is an ordered 
list of n links P = {(i0, i1), (i1, i2), (i2, i3), ... ,(in-
1, in)}. The length of this path is n. The path 
shown in orange in (a) follows the route 
1→2→5→7→4→6, hence its length is n = 5.

(b) The shortest paths between nodes 1 and 7, 
or the distance d17, correspond to the path 
with the fewest number of links that con-
nect nodes 1 to 7. There can be multiple 
paths of the same length, as illustrated by 
the two paths shown in orange and grey. 
The network diameter is the largest dis-
tance in the network, being dmax = 3 here. 

Figure 2.12
Paths

Paths and distances
SECTION 2.8

Physical distance plays a key role in determining the interactions be-

tween the components of physical systems. For example the distance be-

tween two atoms in a crystal or between two galaxies in the universe deter-

mine the forces that act between them. 

In networks distance is a challenging concept. Indeed, what is the dis-

tance between two webpages, or between two individuals who do not know 

each other? The physical distance is not relevant here: Two webpages could 

be sitting on computers on the opposite sides of the globe, yet, have a link 

to each other. At the same time two individuals that live in the same build-

ing may not know each other. 

In networks physical distance is replaced by path length. A path is a 

route that runs along the links of the network. A path’s length represents 

the number of links the path contains (Figure 2.12a). Note that some texts 

require that each node a path visits is distinct. 

In network science paths play a central role. Next we discuss some of 

their most important properties, many more being summarized in Figure 
2.13.

Shortest Path
The shortest path between nodes i and j is the path with the fewest 

number of links (Figure 2.12b). The shortest path is often called the distance 

between nodes i and j, and is denoted by dij, or simply d. We can have mul-

tiple shortest paths of the same length d between a pair of nodes (Figure 
2.12b). The shortest path never contains loops or intersects itself. 

In an undirected network dij = dji, i.e. the distance between node i and j is 

the same as the distance between node j and i. In a directed network often 

dij ≠ dji. Furthermore, in a directed network the existence of a path from 

node i to node j does not guarantee the existence of a path from j to i. 

In real networks we often need to determine the distance between two 
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Path
A sequence of nodes such that each node is con-
nected to the next node along the path by a link. 
Each path consists of n+1 nodes and n links. The 
length of a path is the number of its links, count-
ing multiple links multiple times. For example, the 
orange line 1 → 2 → 5 → 4 → 3 covers a path of 

Shortest Path (Geodesic Path, d)
The path with the shortest distance d between two 
nodes. We also call d the distance between two 
nodes. Note that the shortest path does not need 
to be unique: between nodes 1 and 4 we have two 
shortest paths, 1→ 2→ 3→ 4 (blue) and 1→ 2→ 5→ 4 
(orange), having the same length d1,4 =3.

Diameter (dmax)
The longest shortest path in a graph, or the dis-
tance between the two furthest nodes. In the graph 
shown here the diameter is between nodes 1 and 4, 
hence dmax=3.

Average Path Length (〈d〉)
The average of the shortest paths between all pairs 
of nodes. For the graph shown on the left we have 
〈d〉=1.6, whose calculation is shown next to the fig-
ure. 

Cycle
A path with the same start and end node. In the 
graph shown on the left we have only one cycle, as 
shown by the orange line.

Eulerian Path
A path that traverses each link exactly once. The 
image shows two such Eulerian paths, one in or-
ange and the other in blue.

Hamiltonian Path
A path that visits each node exactly once. We show 
two Hamiltonian paths in orange and in blue.

FIG. 2.13
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BOX 2.4
Number of Shortest Paths Between Two Nodes

The number of shortest paths, Nij, and the distance dij  between 

nodes i and j can be calculated directly from the adjacency matrix 

Aij .

dij = 1:  If there is a direct link between i and j, then Aij = 1 (Aij = 0 

otherwise).

dij = 2: If there is a path of length two between i and j, then Aik Akj =1 

(Aik Akj = 0 otherwise). The number of dij = 2 paths between 

i and j is

		￼		  

where [...]ij denotes the (ij)th element of a matrix.

dij = d:  If there is a path of length d between i and j, then Aik ... Alj = 

1 (Aik ... Alj = 0 otherwise). The number of paths of length d 

between i and j is

These equations hold for directed and undirected networks. The 

distance between nodes i and j is the path with the smallest d for 

which Nij
(d) > 0. Despite the elegancy of this approach, faced with a 

large network, it is more efficient to use the breadth-first-search 

algorithm described in Box 2.5.

nodes. For a small network, like the one shown in Figure 2.12, this is an easy 

task. For a network with millions of nodes finding the shortest path be-

tween two nodes can be rather time consuming. The length of the short-

est path and the number of such paths can be formally obtained from the 

adjacency matrix (Box 2.4). In practice we use the breadth first search (BFS) 

algorithm discussed in Box 2.5 for this purpose.

Network Diameter
The diameter of a network, denoted by dmax, is the maximum shortest 

path in the network. In other words, it is the largest distance recorded be-

tween any pair of nodes. One can verify that the diameter of the network 

shown in Figure 2.13 is dmax = 3. For larger networks the diameter can be de-

termined using the BFS algorithm described in Box 2.5.
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BOX 2.5
Breadth-First Search (BFS) Algorithm

BFS is a frequently used algorithms in network science. Similar to 

throwing a pebble in a pond and watching the ripples spread from it, 

BFS starts from a node and labels its neighbors, then the neighbors’ 

neighbors, until it reaches the target node. The number of “ripples” 

needed to reach the target provides the distance. 

The identification of the shortest path between node i and j follows the 

following steps (Figure 2.14):

1. Start at node i, that we label with “0”.

2. Find the nodes directly linked to i. Label them distance “1” and 

put them in a queue.

3. Take the first node, labeled n, out of the queue (n = 1 in the first 

step). Find the unlabeled nodes adjacent to it in the graph. Label 

them with n + 1 and put them in the queue.

4. Repeat step 3 until you find the target node j or there are no more 

nodes in the queue.

5. The distance between i and j is the label of j. If j does not have a 

label, then dij = ∞.

The computational complexity of the BFS algorithm, representing the 

approximate number of steps the computer needs to find dij  on a net-

work of N nodes and L links, is O(N + L). It is linear in N and L as each 

node needs to be entered and removed from the queue at most once, 

and each link has to be tested only once.

(a) Starting from the orange node, labeled 
”0”, we identify all its neighbors, label-
ing them ”1”. 

(b)-(d) Next we label ”2” the unlabeled 
neighbors of all nodes labeled ”1”, and 
so on, in each iteration increasing the 
label number, until no node is left unla-
beled. The length of the shortest path or 
the distance d0i between node 0 and any 
other node i in the network is given by 
the label of node i. For example, the dis-
tance between node 0 and the leftmost 
node is d = 3.

Figure 2.14
Applying the BFS Algorithm

Average Path Length
The average path length, denoted by 〈d〉, is the average distance between 

all pairs of nodes in the network. For a directed network of N nodes, 〈d〉 is 

Note that (2.14) is measured only for node pairs that are in the same 

component (Section 2.9). We can use the BFS algorithm to determine the 

average path length for a large network. For this we first determine the 

distances between the first node and all other nodes in the network us-

ing the algorithm described in Box 2.5. We then determine the distances 

between the second node and all other nodes but the first one (if the net-

work is undirected). We then repeat this procedure for all nodes. The sum 

(2.14)

23GRAPH THEORY Paths and distances in networks

(a)

(c)

(b)

(d)

0

0

0

0

1
1

1

1
1

1

2

2

1
3

3

1

1

23

2

∑〈 〉 =
− =

≠

d
N N

d1
( 1) i j

i j N
i j

,
, 1,

.



Connectedness
SECTION 2.9

A phone would be of limited use as a communication device if we could 

not call any valid phone number; email would be rather useless if we could 

send emails to only certain email addresses, and not to others. From a net-

work perspective this means that the network behind the phone or the In-

ternet must be capable of establishing a path between any two nodes. This 

is in fact the key utility of most networks: they ensure connectedness. In 

this section we discuss the graph-theoretic formulation of connectedness. 

In an undirected network nodes i and j are connected if there is a path 

between them. They are disconnected if such a path does not exist, in which 

case we have dij = ∞. This is illustrated in Figure 2.15a, which shows a network 

consisting of two disconnected clusters. While there are paths between any 

two nodes on the same cluster (for example nodes 4 and 6), there are no 

paths between nodes that belong to different clusters (nodes 1 and 6).

A network is connected if all pairs of nodes in the network are con-

nected. A network is disconnected if there is at least one pair with dij = ∞. 

Clearly the network shown in Figure 2.15a is disconnected, and we call its 

two subnetworks components or clusters. A component is a subset of nodes 

in a network, so that there is a path between any two nodes that belong to 

the component, but one cannot add any more nodes to it that would have 

the same property. 

If a network consists of two components, a properly placed single link 

can connect them, making the network connected (Figure 2.15b). Such a link 

is called a bridge. In general a bridge is any link that, if cut, disconnects the 

network. 

While for a small network visual inspection can help us decide if it is 

connected or disconnected, for a network consisting of millions of nodes 

connectedness is a challenging question. Mathematical and algorithmic 

tools can help us identify the connected components of a graph. For  ex-

ample, for a disconnected network the adjacency matrix can be rearranged 

into a block diagonal form, such that all nonzero elements in the matrix 
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BOX 2.6
Finding the connected components of a network

1. Start from a randomly chosen node i and perform a BFS (Box 
2.5). Label all nodes reached this way with n = 1. 

2. If the total number of labeled nodes equals N, then the network 

is connected. If the number of labeled nodes is smaller than N, the 

network consists of several components. To identify them, pro-

ceed to step 3.

3. Increase the label n → n + 1. Choose an unmarked node j, label 

it with n. Use BFS to find all nodes reachable from j, label them all 

with n. Return to step 2.

(a) A small network consisting of two discon-
nected components. Indeed, there is a path 
between any pair of nodes in the (1,2,3) 
component, as well in the (4,5,6,7) compo-
nent. However, there are no paths between 
nodes that belong to the different compo-
nents. 

The right panel shows the adjacently ma-
trix of the network. If the network has 
disconnected components, the adjacency 
matrix can be rearranged into a block 
diagonal form, such that all nonzero el-
ements of the matrix are contained in 
square blocks along the diagonal of the 
matrix and all other elements are zero. 

(b) The addition of a single link, called a bridge, 
shown in grey, turns a disconnected net-
work into a single connected component. 
Now there is a path between every pair of 
nodes in the network. Consequently the 
adjacency matrix cannot be written in a 
block diagonal form.

Figure 2.15

Connected and Disconnected Networks

are contained in square blocks along the matrix’ diagonal and all other 

elements are zero (Figure 2.15a). Each square block corresponds to a com-

ponent. We can use the tools of linear algebra to decide if the adjacency 

matrix is block diagonal, helping us to identify the connected components.

In  practice, for large networks the components are more efficiently 

identified using the BFS algorithm (Box 2.6).
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(a) The local clustering coefficient, Ci , of the cen-
tral node with degree ki = 4 for three different 
configurations of its neighborhood. The local 
clustering coefficient measures the local den-
sity of links in a node’s vicinity. 

(b) A small network, with the local clustering co-
efficient of each nodes shown next to it. We 
also list the network’s average clustering co-
efficient 〈C〉, according to (2.16), and its global 
clustering coefficient CΔ, defined in Section 
2.12, Eq. (2.17). Note that for nodes with degrees 
ki = 0,1, the clustering coefficient is zero. 

Figure 2.16
Clustering Coefficient

Clustering coefficient

The clustering coefficient captures the degree to which the neighbors 

of a given node link to each other.  For a node i with degree ki the local clus-
tering coefficient is defined as [12]

where Li represents the number of links between the ki neighbors of node i. 
Note that Ci is between 0 and 1 (Figure 2.16a):

•	 Ci = 0 if none of the neighbors of node i link to each other. 

•	 Ci = 1 if the neighbors of node i form a complete graph, i.e. they all 

link to each other. 

•	 Ci is the probability that two neighbors of a node link to each other. 

Consequently C = 0.5 implies that there is a 50% chance that two neigh-

bors of a node are linked. 

In summary Ci measures the network’s local link density: The more 

densely interconnected the neighborhood of node i, the higher is its local 

clustering coefficient.

The degree of clustering of a whole network is captured by the average 
clustering coefficient, 〈C〉, representing the average of Ci over all nodes i = 

1, ..., N [12],

				￼					       

			       

In line with the probabilistic interpretation 〈C〉 is the probability that 

two neighbors of a randomly selected node link to each other.  

While (2.16) is defined for undirected networks, the clustering coeffi-

cient can be generalized to directed and weighted [13, 14, 15, 16] networks 

as well. In the network literature we may encounter the global clustering 
coefficient as well, discussed in Advanced Topics 2.A.

(2.15)

(2.16)

SECTION 2.10
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summary
SECTION 2.11

The crash course offered in this chapter introduced some of the basic 

graph theoretical concepts and tools used in network science. The set of 

elementary network characteristics, summarized in Figure 2.17, offer a for-

mal language through which we can explore networks. 

Many of the networks we study in network science consist of thousands 

or even millions of nodes and links (Table 2.1). To explore them, we need to 

go beyond the small graphs shown in Figure 2.17. A glimpse of what we are 

about to encounter is offered by the protein-protein interaction network of 

yeast (Figure 2.4a). The network is too complex to understand its properties 

through a visual inspection of its wiring diagram. We therefore need to 

turn to the tools of network science to characterize its topology. 

Let us use the measures we introduced so far to explore some basic char-

acteristics of this network. The undirected network, shown in Figure 2.4a, 

has N = 2,018 proteins as nodes and L=2,930 binding interactions as links. 

Hence its average degree, according to (2.2), is 〈k〉 = 2.90, suggesting that a 

typical protein interacts with approximately two to three other proteins. 

Yet, this number is somewhat misleading. Indeed, the degree distribution 

pk shown in Figure 2.4b,c, indicates that the vast majority of nodes have only 

a few links. To be precise, in this network 69% of nodes have fewer than 

three links, i.e. for these k < 〈k〉 . These numerous nodes with few links coex-

ist with a few highly connected nodes, or hubs, the largest having as many 

as 92 links. Such wide differences in node degrees is a consequence of the 

network’s scale-free property, discussed in Chapter 4. We will see that the 

shape of the degree distribution determines a wide range of network prop-

erties, from the network’s robustness to the spread of viruses. 

The breadth-first-search algorithm (Box 2.5) helps us determine the net-

work’s diameter, finding dmax = 14. We might be tempted to expect wide 

variations in d, as some nodes are close to each other, others, however, may 

be quite far. The distance distribution (Figure 2.18a) indicates otherwise: 

pd has a prominent peak between 5 and 6, telling us that most distances 

are rather short, being in the vicinity of 〈d〉 =5.61. Also, pd decays fast for 
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The protein-protein interaction (PPI) network 
of yeast is frequently studied by biologists 
and network scientists. The detailed wiring 
diagram of the network is shown in Figure 2.4a. 
The figure indicates that the network, consist-
ing of N=2,018 nodes and L=2,930 links, has 
a large component that connects 81% of the 
proteins. We also have several smaller compo-
nents and numerous isolated proteins that do 
not interact with any other node.

(a)  The distance distribution, pd, for the PPI 
network, providing the probability that 
two randomly chosen nodes have a dis-
tance d between them (shortest path). The 
grey vertical line shows the average path 
length, which is 〈d〉 =5.61.

(b)  The  dependence of the average local clus-
tering coefficient on the node’s degree, k. 
The C(k) function is obtained by averaging 
over the local clustering coefficient of all 
nodes with the same degree k.

Figure 2.18
Characterizing a Real Network

large d, suggesting that large distances are absent. Indeed, the variance of 

the distances is σd = 1.64, indicating that most path lengths are in the close 

vicinity of 〈d〉 . These are manifestations of the small world property dis-

cussed in Chapter 3. 

The breadth first search algorithm also tells us that the protein interac-

tion network is not connected, but consists of 185 components, shown as 

isolated clusters and nodes in Figure 2.4a. The largest, called the giant com-

ponent, contains 1,647 of the 2,018 nodes; all other components are tiny. 

As we will see in the coming chapters, such fragmentation is common in 

real networks. 

The average clustering coefficient of the protein interaction network is 

〈C〉 =0.12, which, as we will come to appreciate in the coming chapters, in-

dicates a significant degree of local clustering. A further caveat is provided 

by the dependence of the clustering coefficient on the node’s degree, or 

the C(k) function (Figure 2.18b). The fact that C(k) decreases for large k indi-

cates that the local clustering coefficient of the small nodes is significantly 

higher than the local clustering coefficient of the hubs. Hence the small 

degree nodes are located in dense local network neighborhoods, while the 

neighborhood of the hubs is much sparser. This is a consequence of hierar-
chy, a network property discussed in Chapter 9. 

Finally, a visual inspection reveals an interesting pattern: hubs have a 

tendency to connect to small nodes, giving the network a hub and spoke 

character (Figure 2.4a). This is a consequence of degree correlations, dis-

cussed in Chapter 7. Such correlations influence a number of network 

based processes, from spreading phenomena to the number of driver 

nodes needed to control a network. 

Taken together, Figures 2.4 and 2.18 illustrate that the quantities we in-

troduced in this chapter can help us diagnose several key properties of real 

networks. The purpose of the coming chapters is to study systematically 

these network characteristics and understand what they tell us about a 

particular complex system.
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In network science we often distinguish networks by some elementary property of 
the underlying graph. Here we summarize the most commonly encountered net-
work types. We also list real systems that share the particular property. Note that 
many real networks combine several of these elementary network characteristics. 
For example the WWW is a directed multi-graph with self-interactions; the mobile 
call network is directed and weighted, without self-loops. 

Undirected Network
A network whose links do not have a defined direc-
tion. 
Examples: Internet, power grid, science collabora-
tion networks.

Self-loops
In many networks nodes do not interact with them-
selves, so the diagonal elements of the adjacency 
matrix are zero, Aii = 0, i = 1,..., N. In some systems 
self-interactions are allowed; in such networks, 
self-loops represent the fact that node i interacts 
with itself. 
Examples: WWW, protein interactions.

Multigraph/Simple Graphs
In a multigraph nodes are permitted to have mul-
tiple links (or parallel links) between them. Hence 
Aii  can be any positive integer. Networks that do not 
allow multiple links are called simple. 
Multigraph Examples: Social networks, where we 
distinguish friendship, family and professional 
ties.

Directed Network
A network whose links have selected directions. 
Examples: WWW, mobile phone calls, citation net-
work.

Weighted Network
A network whose links have a defined weight, 
strength or flow parameter. The elements of the 
adjacency matrix are Aij = wij if there is a link with 
weight wij between them. For unweighted (binary) 
networks, the adjacency matrix only indicates the 
presence (Aij = 1) or the absence (Aij = 0) of a link. 
Examples: Mobile phone calls, email network.

Complete Graph (Clique)
In a complete graph, or a clique, all nodes are con-
nected to each other. 
Examples: Actors in the cast of the same movie, as 
they are all linked to each other in the actor net-
work.

FIG. 2.17  graphology
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Figure 2.19

Königsberg Problem

SECTION 2.12

Homework

2.1. Königsberg Problem

Which of the icons in Figure 2.19 can be drawn without raising your 

pencil from the paper, and without drawing any line more than once? 

Why?

2.2. Matrix Formalism

Let A be the N x N adjacency matrix of an undirected unweighted net-

work, without self-loops. Let 1 be a column vector of N elements, all equal 

to 1. In other words 1 = (1, 1, ..., 1)T , where the superscript T indicates the 

transpose operation. Use the matrix formalism (multiplicative constants, 

multiplication row by column, matrix operations like transpose and trace, 

etc, but avoid the sum symbol ∑) to write expressions for:

(a) The vector k whose elements are the degrees ki of all nodes  

i = 1, 2,..., N.

(b) The total number of links, L, in the network.

(c) The number of triangles T present in the network, where a tri-

angle means three nodes, each connected by links to the other two 

(Hint: you can use the trace of a matrix).

(d) The vector knn whose element i is the sum of the degrees of node 

i's neighbors. 

(e) The vector knnn whose element i is the sum of the degrees of node 

i's second neighbors. 

2.3. Graph Representation

The adjacency matrix is a useful graph representation for many analyt-

ical calculations. However, when we need to store a network in a computer, 

we can save computer memory by offering the list of links in a Lx2 matrix, 

whose rows contain the starting and end point i and j of each link.

Construct for the networks (a) and (b) in Figure 2.20:
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Figure 2.20

Graph Representation

      (a) Undirected graph of 6 nodes and 7 links. 
(b) Directed graph of 6 nodes and 8 directed  

links.

Figure 2.21

Bipartite network

Bipartite network with 6 nodes in one set and 
5 nodes in the other, connected by 10 links.

(a) The corresponding adjacency matrices.

(b) The corresponding link lists.

(c) Determine the average clustering coefficient of the network 

shown in Figure 2.20a.

(d) If you switch the labels of nodes 5 and 6 in Figure 2.20a, how does 

that move change the adjacency matrix? And the link list?

(e) What kind of information can you not infer from the link list 

representation of the network that you can infer from the adja-

cency matrix?

(f) In the (a) network, how many paths (with possible repetition of 

nodes and links) of length 3 exist starting from node 1 and end-

ing at node 3? And in (b)?

(g) With the help of a computer, count the number of cycles of 

length 4 in both networks.

2.4. Degree, Clustering Coefficient and Components

(a) Consider an undirected network of size N in which each node 

has degree k = 1. Which condition does N have to satisfy? What is 

the degree distribution of this network? How many components 

does the network have?

(b) Consider now a network in which each node has degree k = 2 

and clustering coefficient C = 1. How does the network look like? 

What condition does N satisfy in this case?

2.5. Bipartite Networks

Consider the bipartite network of Figure 2.21

(a) Construct its adjacency matrix. Why is it a block-diagonal matrix?

(b) Construct  the adjacency matrix of its two projections, on the pur-

ple and on the green nodes, respectively.

(c) Calculate the average degree of the purple nodes and the average 

degree of the green nodes in the bipartite network.

(d) Calculate the average degree in each of the two network projec-

tions. Is it surprising that the values are different from those ob-

tained in point (c)?

(a) (b)
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2.6. Bipartite Networks - General Considerations

Consider a bipartite network with N1 and N2 nodes in the two sets.

(a) What is the maximum number of links Lmax the network can 

have?

(b) How many links cannot occur compared to a non-bipartite net-

work of size N = N1 + N2 ?

(c) If N1≪N2 , what can you say about the network density, that is the 

total number of links over the maximum number of links, Lmax?

(d) Find an expression connecting N1, N2 and the average degree for 

the two sets in the bipartite network, 〈k1〉 and 〈k2〉.
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In the network literature we ocassionally encounter the global cluster-
ing coefficient, which measures the total number of closed triangles in a 

network. Indeed, Li in (2.15) is the number of triangles that node i partic-

ipates in, as each link between two neighbors of node i closes a triangle  

(Figure 2.17). Hence the degree of a network’s global clustering can be also 

captured by the global clustering coefficient, defined as 

	

where a connected triplet is an ordered set of three nodes ABC such that A 

connects to B and B connects to C. For example, an A, B, C triangle is made 

of three triplets, ABC, BCA and CAB. In contrast a chain of connected nodes 

A, B, C, in which B connects to A and C, but A does not link to C, forms a sin-

gle open triplet ABC. The factor three in the numerator of (2.17) is due to the 

fact that each triangle is counted three times in the triplet count. The roots 

of the global clustering coefficient go back to the social network literature 

of the 1940s [17, 18], where CΔ is often called the ratio of transitive triplets.

Note that the average clustering coefficient <C> defined in (2.16) and 

the global clustering coefficient (2.17) are not equivalent. Indeed, take a 

network that is a double star, consisting of N nodes, where nodes 1 and 2 

are joined to each other and to all other nodes, and there are no other links. 

Then the local clustering coefficient Ci is 1 for i ≥ 3 and 2/(N − 1) for i = 1, 

2. It follows that the average clustering coefficient of the network is <C> = 

1−O(1), while the global clustering coefficient is CΔ ~ 1/N. In less extreme 

networks the two definitions will give more comparable values, but they 

still differ from each other [19]. For example, for the network of in Figure 
2.16b we have <C> = 0.31 and CΔ = 0.375.

SECTION 2.13

advanced topics 2.A
Global clustering coefficient

(2.17)
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