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Network medicine

Social networks in human disease

Complex disease genetics

Transcriptomics network

Post-translational modifications of the proteome
Epigenetics and network medicine
Metabolomics

N O Uk e

Integrative approaches

“Network Medicine: Complex Systems in Human Disease and Therapeutics.”
Book edited by Loscalzo, Barabasi and Silverman, 2017.




Social Networks in Disease
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Social Networks in Disease

0 = Index patient
1-22 = Sequence of onset

Interpretation

Characteristic
- Input
Nodes
Edges
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Interview metadata
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Social Networks in Disease

Culture:
* norms and values

* social cohesion
* racism
® sexism

* competition/cooperation

Socioeconomic factors:
* relations of production

inequality

discrimination

conflict

labor market structure
* poverty

Politics:

laws

public policy
differential political
enfranchisement/
participation

political culture

Social change:
urbanization

war/ civil unrest

economic “depression”

Berkman et al. Social Science & Medicine, 2000.

r
Social-
condition the
structural sy
Conditions and nature of...
(Macro)
\

Social
Networks
(Mezz0)

which provides
opportunities

for...

Psychosocial
Mechanisms
(Micro)

which impacts
health through
these...

Pathways

Social network structure:
. size
* range
* density
o boundedness
* proximity
* homogeneity
o reachability

Social support:

Characteristics of
network ties:
o frequency of face-to-face contact
 frequency of nonvisual contact
o frequency of organizational
participation (attendance)
® reciprocity of ties
o multiplexity
o duration

* intimacy

o instrumental & financial
® informational
* appraisal
o emotional
Social influence:
o constraining/enabling infl es on

health behaviors
norms toward help-seeking/ adherence
peer pressure

social comparison processes

Health behavioral pathways:
* smoking
* alcohol consumption
* diet
* exercise
o adherence to medical treatments

* help-seeking behavior

Social engagement:
physical/ cognitive exercise
reinforcement of meaningful social roles
bonding/ interpersonal attachment
“handling " effects (children)
“grooming " effects (adulis)

Psychological pathways:
self-efficacy

self-esteem

coping effectiveness

depression/ distress

sense of well-being

Person-to-person contact:
close personal contact

intimate contact (sexual, IDU, eltc)

Access to resources &
material goods:

jobs/ economic opportunity

access to health care
housing
human capital

referrals/ institutional contacts

Physiologic pathways:
HPA axis response

.

allostatic load

.

immune system function

cardiovascular reactivity

cardiopulmonary fitness

transmission of infectious disease




Social Networks in Disease
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with people all over the
ward—in an outbreak, their
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https://www.scientificamerican.com/article/rfid-tags-track-possible-outbreak-pathways-in-hospital/




Social Networks in Disease
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Complex disease genetics

 Definition of complex disease:

e Caused by a combination of genetic, environmental, and lifestyle
factors

* Majority of diseases fall into this category, including several
congenital defects and adult-onset diseases

 Examples includes Alzheimer’s disease, asthma, Parkinson’s disease,
multiple sclerosis, autoimmune diseases...

Craig, J. (2008) Complex diseases: Research and applications. Nature Education.



GWAS Help Unravel Complex Traits

Identification of susceptibility variants

/ \

Novel biological insights Improved measures of individual
l aetiological processes

| Clinical advances |
/ 1\

Therapeutic | | Biomarkers | | Prevention i ics. ics| |T ic
targets optimization

Craig, J. (2008) Complex diseases: Research and applications. Nature Education.




Complex disease genetics
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111,326 AD cases and 677,663 controls
75 risk loci, of which 42 were new at the time of analysis *°

Bellenguez et al. Nat Genetics, 2022



Complex disease genetics

"Healthy"
Loss/gain of O
. . None
interaction
Alter interaction Loss of many
strength O interactions
Loscalzo, Barabasi, Silverman. Network Medicine Book, 2017. O

Figure created with Biorender.
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Complex disease genetics

Etiology Rational

Common genetic variants Common variants are likely to be found in GWAS with larger sample sizes.
Rare genetics variants Resequencing studies could identify rare genetic determinants.
Interactions Gene-gene and gene-environment interactions are likely important.

Inaccurate heritability estimates  Heritability estimates are usually generated under assumptions of no gene-
gene or gene-environment interactions.

Phenotypic heterogeneity Most complex diseases are likely to be syndromes with multiple disease
subtypes.

Loscalzo, Barabasi, Silverman. Network Medicine Book, 2017.
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There are 319 vertices and 255 edges. The network
has 79 connected components and the largest one has
39 vertices. The width of an edge and the size of a
vertex are in proportion to their weights. The length of
an edge is for layout purposes only.

Epistesis network created with a panel of 1422 SNPs
from patients with bladder cancer.

Integration of
genetic variants
with single
Omics approach

4

Hu et al, BMC Bioinformatics, 2011.
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Characteristic

Interpretation

Input

Nodes

SNP panel of 1422 variants
Bladder cancer patients

Genes

Built incrementally adding edges
between SNPs if the strength of
their pairwise interactions was
greater than a given threshold

Scale-free

06

Figure 5 Vertex degree distribution of network @0.013. The red -

points show the observed values and the line in black is the fitting  ©
o @ power-law curve of p(d) = 0615 x d2°".

Hu et al, BMC Bioinformatics, 2011.
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Complex disease genetics

First Generation Genetic Studies

Genetic
Variants

Second Generation Genetic Studies

Genetic
Variants

Third Generation Genetic Studies

Genetic

Variants

Silverman and Loscalzo. Discovery Medicine, 2012.
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Single
-Omics Data
Type
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Disease

??

Disease
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Subtypes
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Complex disease genetics

Network constructed from eQTL SNPs in type | Diabetes

ERG

‘ HLA-DRA, AL662796.6

TMEM154
rs9268645 (6p21.32) Strong co-expression

in peripheral blood (r>=0.19)

LA-DRBS, HLA-DRB1

[ trans-eQTL effect (FDR 0.05)
rs2647044 (6p21.32)
-~ me  Cis-eQTL effect (FDR 0.05)
TAP2 .
\ HLA-DQA1, HLA- (

rs9272346 (6p21.32)
\: "'".A-DRBS

LIMS1 796764

&

Fehrmann et al. Plos Genetics, 2011. 16




Transcriptomics network

* Defined as the collection of all RNA molecules in the cell,
including messenger RNA (mRNA)

*The abundance level of these molecules are commonly
referred to as “gene expression”

* The reads are aligned to a reference genome -> counts are
guantified by sample -> Joined in a matrix -> Normalizad and
adjusted = How much a gene is expressed in a sample?



Transcriptomics network

Neuropathology ¥ Cognitive decline & Gene expression
Multi-region Ap and tau Multi-domain, longitudinal Consensus modules

. >
Time (years)
b Combine into.... Module—trait network
Identifies direct connections
Zoom into specific:
‘ system...
< Perturbations and functional assays Gene network Sl

verifying predictions Prioritizes key genes

Mostafavi, Gaiteri et al. Nat Genetics, 2018.



Transcriptomics network
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Transcriptomics network
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Post-translational modifications of the proteome

* Johnson et al. Nat Neuroscience, 2022 analyzed the
proteome from ROSMAP

* They used WGCNA to create co-expression networks
* 8,619 proteins measured with TMT
* 516 individuals for the RNASeq



Post-translational modifications of the proteome

Mass spec Protein levels Proteomic network
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Johnson et al. Nat Neuroscience, 2022. 22



Post-translational modifications of the proteome
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Post-translational modifications of the proteome

b Protein-RNA network preservation

Protein modules not Correlation
17.5 - ¢ Preserved in RNA network Path Cog
M7 MAPK/metabolism 0.37 -0.42
15.0 —O M13 RNA splicing 0.03 -0.10
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Tasks

* Q1: What is one example of a network without Omics data?

* Q2: Besides network, what other data analysis can be done in
the context of System’s Biology?




Epigenetics and network medicine

* Epigenetic marks include (not limited to):
* Noncoding RNAs

* Histone modifications
* DNA methylation

*The complexity of methylation and demethylation
events, and the interplay between the different
epigenetic marks, supports the relevance of placing
these observations in a network context.

Book edited by Loscalzo, Barabasi and Silverman, Network Medicine 2017.




Epigenetics and network medicine

a DNA methylation Maintenance DNMT de novo DNMT

Hemimethylated DNA Recruited by EZH2 and G9A (HMTs) |

Interaction with nucleosomes
containing methylated DNA

It is recruited to methylated
DNA by URHF1

Directly repressed by miR-29b
Indirectly repressed by miR-29b,

through SP1 DNMT3A is recruited by HRR3me

/ /
: S Acetylation Methylation Phosphorylation
b Histone modifications y ¥ Gl
HDAC1 and 2 can be SETDB1 and Suv39h H3S10ph blocks H3K9me
recruited by MeCP2 (HMTs) are recruited
by MBD1 i
@ . LMigy Y Kinase | 13510ph facilitates H3

MO TS (e KDM1B (HDM) i required recognition by GCN5 (HAT)

to establish maternal g
genomic imprint \\ JAK2 phosphorylates H3,
~ releasing HP1«

SET7 (HMT) regulates

A DMy LSD1 is a subunit of the
among others... NuRD complex

) ) SWI/SNF ISWI Mi-2 INO80
C Chromatin remodeling
miR-9* and miR-124 mediate NURF recognizes the CHDS5 expression is SWR1 removes the H2A-H2B |
the BAF to npBAF switch H3K4me3 repressed by CpG island dimmers and replaces them
methylation with H2A.Z-H2B dimmers

H4K16ac inhibits chromatin

BRM is recruited by MeCP2 remodeling by ISWI MBD3 is an integral

subunit of Mi-2/NurD PROhasIETactvEy
ISW2 excludes SWI/SNF SET domains (HMT)
from promoters by recognize ISWI-remodeled HDAC and 2 are integral H2Aph enhances INO80
postioning nucleosomes nucleosomal species components of Mi-2/NuRD recruitment

Portela & Esteller. Epigenetic modifications and human disease. Nat Biotech, 2010.
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Epigenetics and network medicine

Table 1 Epigenetic

modifications in human diseases

Aberrant epigenetic mark Alteration

Consequences

Examples of genes affected and/or
resulting disease

Cancer

DNA methylation

Histone modification

Nucleosome positioning

CpG island hypermethylation

CpG island hypomethylation

CpG island shore hypermethylation

Repetitive sequences hypomethylation

Loss of H3 and H4 acetylation
Loss of H3K4me3

Loss of H4K20me3

Gain of H3K9me and H3K2/7/me3

Silencing and/or mutation of remodeler
subunits

Aberrant recruitment of remodelers

Histone variants replacement

Transcription repression

Transcription activation

Transcription repression

Transposition, recombination genomic
instability

Transcription repression
Transcription repression
Loss of heterochromatic structure
Transcription repression

Diverse, leading to oncogenic transformation

Transcription repression

MLH1 (colon, endometrium, stomach!l),
BRCAI (breast, ovaryll), MGMT (several
tumor types!l), p16/NK4a (colonll)

MASPIN (pancreas®2), SIOOP (pancreas®?),
SNCG (breast and ovary92), MAGE
(melanomas®2)

HOXAZ2 (colon20), GATA2 (colon?0)
L1 (ref. 11), IAPLL, Sat2 (ref. 107)

p21WAFI (also known as CDKN1A)11
HOX genes

Sat2, D474 (ref. 107)

CDKNZA, RASSF1I (refs. 115-116)
BRG1, CHD5 (refs. 127-131)

PLM-RARa93 recruits NuRD

Diverse (promotion cell cycle/destabilization H2A.Z overexpression/loss

of chromosomal boundaries)

Portela & Esteller. Epigenetic modifications and human disease. Nat Biotech, 2010. 28




Epigenetics and network medicine

Neurological disorders

DNA methylation

Histone modification

Nucleosome positioning

CpG island hypermethylation
CpG island hypomethylation
Repetitive sequences aberrant methylation

Aberrant acetylation
Aberrant methylation

Aberrant phosphorylation
Misposition in trinucleotide repeats

Transcription repression
Transcription activation

Transposition, recombination genomic
instability

Diverse
Diverse

Diverse

Creation of a ‘closed’ chromatin domain

Alzheimer’s disease (NEP)13
Multiple sclerosis (PADI2)135

ATRX syndrome (subtelomeric repeats)13°,143

Parkinson’s and Huntington’s diseases!3®

Huntington’s disease and Friedreich’s
alaxiat s

Alzheimer’s diseasel3®
Congenital myotonic dystrophy!®!

Autoimmune diseases

DNA methylation

Histone modification

Nucleosome positioning

CpG island hypermethylation
CpG island hypomethylation
Repetitive sequences aberrant methylation

Aberrant acetylation

Aberrant methylation

Aberrant phosphorylation
SNPs in the 17q12-g21 region

Histone variants replacement

Transcription repression
Transcription activation

Transposition, recombination genomic
instability

Diverse
Diverse
Diverse

Allele-specific differences in nucleosome
distribution

Interferes with proper remodeling

Rheumatoid arthritis (DR3)154,155
SLE (PRF1, CD70, CD154, AIM2)6

ICF (Sat2, Sat3), rheumatoid arthritis
(L1)152,155

SLE (CD154, IL10, IFN-y)8
Diabetes type 1 (CLTA4, IL6)159
SLE (NF-xB targets)

Diabetes type 1 (CLTA4, IL6)

Rheumatoid arthritis (histone variant
macroH2A at NF-«xB targets) !5’

Portela & Esteller. Epigenetic modifications and human disease. Nat Biotech, 2010. 29




Epigenetics and network medicine
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Epigenetics and network medicine
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Characteristic

Interpretation

Input

Nodes

Edges

Topology
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MIiRNAs in 40 tissues
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Complex diseases

Assign an edge to two diseases
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Epigenetics and network medicine

hsa-let-7f-5p: 2 shared interactions

hsa-miR-126-5p: 2 shared interactions

hsa-miR-146a-5p: 6 shared interactions

hsa-miR-17-5p: 7 shared interactions

hsa-miR-451a: 3 shared interactions

hsa-miR-486-5p: 0 shared interactions (Excluded from network)
hsa-miR-589-5p: 1 shared interactions

hsa-miR-941: 0 shared interactions (Excluded from network)

CCND1
COPS8
CDKN1A MMP2
ICAM1 BCL2
PTGS2 hsa-miR-146a-5p SMAD4 Myc

CXCL12
hsa-miR-126-5p

More than 2 interactions: nodes coloured Yellow
2 interactions: nodes coloured ‘ Blue

Lopes et al. Scientific Reports, 2018.
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Metabolomics

* The molecules include carbohydrates, sugar, fatty acids,
lipids, nucleotides, amino acids and short peptide
chains.

* The total number of metabolites remains unknown and
varies by specie.

* Challenges in measurement includes:

 Differences in physical compounds

* Analytical tools as nuclear magnetic resonance (NMR) and mass spectrometry
(MS) have a linear dynamic range but the molecule concentration will exceed this

 Differences in chemical stability

Book edited by Loscalzo, Barabasi and Silverman, Network Medicine 2017.



Metabolomics
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Metabolomics

e | - [ o

‘ Transcriptome ’ > RNA
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Book edited by Loscalzo, Barabasi and Silverman, Network Medicine 2017.
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etabolomics

Metabolic pathways

1 Monoacylglycerol (4)
2 Lysolipid (23)
3 Glycerolipid (4)
4 Fatty acid—amide (1)
5 Fatty acid—branched chain (1)
6 Fatty acid—long chain (17)
7 Fatty acid—-medium chain (9)
8 Fatty acid—short chain (1)
9 Fatty acid—dicarboxylate (5)
10 Fatty acid—essential (7)
11 Fatty acid—other (3)
12 Eicosanoid (1)
13 Carnitine (14)
14 Ketone body (1)
15 Bile acid (6)
16 Sterol or steroid (14)
17 Sphingolipid (1)
18 Inositol (2)

19 Benzoate (5) f},’
20 Food component or plant (5)

21 Sugar or starch (1) D i’
22 Xanthine (5)

28 Purine—adenine (1)

24 Purine—urate (2)

25 Purine—xanthine or inosine (4)
26 Purine—guanine (2)

27 Pyrimidine—uracil (2) @

28 NAD metabolism (1)

29 Krebs cycle (4)

30 Oxidative phosphorylation (2) S @‘
31 Fructose, mannose and galactose (4)

32 Glycolysis and gluconeogenesis (5)

33 Aminosugar (1) L .i’ -

PRRG2A zoWpw1

. Lipid O Carbohydrate
o Xenobiotic o Amino acid
O Nucleotide \) Peptide

. Energy o Cofactor or vitamin

UGT3AT7\SEPP1

)@ New locus ;® Known locus

—— Genetic association
—— Metabolic association

40 Cysteine, methionine, SAM and taurine (4)

KLKE

41 Butanoate (3)

42 Branched-chain amino acid (14)

43 Phenylalanine and tyrosine (10)
44 Glutathione (2)
45 Tryptophan (10)

46 Urea cycle, arginine and proline (8)

47 Guanidino and acetamido (1)
48 Amino fatty acid (1)

49 Polyamine metabolism (1)

50 Polypeptide (2)

51 y-glutamyl (5)

52 Dipeptide (9)

53 Fibrinogen cleavage peptide (3)
54 Ascorbate and aldarate (3)
55 Tocopherol (2)

56 Hemoglobin and porphyrin (5)
57 Vitamin Bg (1)

58 Pantothenate and CoA (1)

34 Creatine (2)

35 Glycine, serine and threonine (6) ‘43' .

36 Lysine (3)

37 Glutamate (3)

38 Alanine and aspartate (4)

39 Histidine (2) ﬁ R4
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Characteristic Interpretation

Input Combined genetic associations with
metabolite concentrations

Nodes Circular = set of metabolites
belonging to the same pathway
Diamond = Genetic locus

Edges Gaussian graphical model (GGN)
results. At least one connection in
the underlying metabolite network
between two metabolites

Topology Scale-free

Numbers associated with each pathway name indicate the
number of metabolites contained within each pathway node.
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Medical and pharmacological relevance of metabolomic associations

Inborn error

Drug target, metabolizing of metabolism

enzyme or transporter

ACADL, ACADM,
ACADS, ALDH18A1,
PARSA, 4VCPT2,
ETFDH, GCDH,
GGT1, IVD, MCCC1,
PHGDH, PRODH,
PSPH, SLC6A20

ABO, 9VALPL, APOAS5, “'CETP, F12, °FADS,
FUT2,®GCKR, KNG1, LIPC, “"LIPG, MARCHS,
NAT8, PDXDC1, RAB3GAP1, SGPP1, SH2B3,
SLC2A9, SLC16A9, ®°SLC6A13, SLC17A3,
SUCLG2, ZNF259

Complex trait/disease or drug response

Shin et al. Nat Genetics, 2013.

Enzyme
bABP1, ACMSD, ACSM2A, ACSMS5,
bADHFE1, AGXT, PALOX12, ANPEP, ASPG,
PBHMT, °CCBL1, CRAT, ECI2, ELOVL2,
GADL1, GBA3, GLS2, GMPR, GOT2,
PHAO2, PIDO1, ISYNA1, °NT5E, OPLAH,
PAOX, PPM1K, RNF167, 9¢VSCD, SKIV2L,
SPTLC3, ®TDO2, THEM4, “®'TKT, UGT3A1

Transporter
devABCC1, ANKH, "OSTalpha, SLC5AS6,
devg] C7A5, SLC13A5, SLC16A10, PSLC1A4,
bSLC27A2, *'SLC5A11, PSLC6A12, SLC7A6

Growth factor
ANGPTL3

lon channel
PEX5L

Transcriptional regulator
ALX3, DMBX1, SNAI2

Other
CCDC57, DIP2C, HEATR4, HPS5, bLACTB,
MBOAT7, NASP, NUBP2, PM20D2,
PRRC2A, PYROXD2, SCAPER, WDR66,
ZCWPW1
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Tasks

* Q1: List the networks we talked about today.

* Q2: Why network is widely used in Systems Biology?




Modeling the enigma of complex disease etiology

Genetics Environmental Drivers
Unknown
molecular mechanisms of 272 O chemicals, smoking,
disease, diet, alcohol,
susceptibility (risk) or Genetics —— @ sun exposure,
modifier E infection/infectious
genes/variants, Enwronment disease
genomic & somatic Complex Disease .‘Q w
variants, phenotypes, symptoms, | o5 @ #
SNPs, CNV, INdels, endotypes W
mode of inheritance, '
o & ot o
disease features & Host Factors
Epigenetics nomenclature may change 2 time, age,
Epigenetics over time ‘l * microbiome,
methylation, obesity, nutrition,
miRNA, retroviruses, m g inflammation,
regulatory events, Social ..‘. ~ immune system,
gene rearrangements, .a‘ Immune response,
gene expression stage of development at
exposure

social setting, communication barriers, access to healthcare,
cultural, economic status, adverse childhood experiences

Social Determinants of Health

Schriml et al. Journal of Translational Medicine, 2023. 40




Network of networks

ORGAN INDIVIDUAL SOCIAL NETWORKS
NETWORKS

o CELLULAR
NETWORKS

https://isbscience.org/about/what-is-systems-biology/
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Thank you!

katiaplopes@gmail.com
@lopeskp



