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* Motivasi

 Komunitas dan Komorbiditas
 Deteksi Komunitas
 Material, Metode, dan Hasil
« Kesimpulan

(;¢$gi) IPB University Departemen llmu Komputer, FMIPA, IPB

s — Bogor Indonesia — Pusat Studi Biofarmaka Tropika, LPPM, IPB

~060%~



Departemen
- IPB University  iimu Komputer
— BogorIndonesia — http://cs.ipb.ac.id/

MOTIVASI

X PER

3?; > IPB UﬂIV€FSIty Departemen Iimu Komputer
. 5 — Bogor Indonesia — Fakultas Matematika dan llmu Pengetahuan Alam



Data-Intensive Scientific Discovery

Growth of GenBank
(1982 - 2008)

J Pergeseran dari
paradigma
komputasi ke "
paradigma data T o £
Q Terobosan saintifik £ *| :
dan komputasi : ARADIGM
tingkat tinggi = & it Sommmmne Disciras
memacu eksplorasi 1
data

Tony Hey, Stewart Tansley, Kristin Tolle
Published by Microsoft Research, 2009
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Jejaring dan Analisisnya
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Contoh Jejaring dan Analisisnya: ijah.apps.cs.ipb.ac.id

Menemukan protein

yang memiliki peran
penting terkait penyakit

* Topologi

* Skyline

* Klustering (Markoy,
ClusterOne, fuzzy)
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Memprediksi
hubungan/interaksi dari
jejaring senyawa-protein

ool
Herbal

Link prediction

*  BLM-NII

* Deep learning
Similarity measure

* GA

Imbalance data

* SMOTE, Deep Learning
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MODEL OMICS UNTUK PENGEMBANGAN PRECISION MEDICINE
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L. Koumakis, Deep learning models in genomics; are we there yet?, Computational and Structural Biotechnology Journal 18 (2020) 1466—-1473
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KANKER

Penyakit yang ditandai
dengan pertumbuhan
yvang tidak terkendali dan
penyebaran sel abnormal
yang dapat
mengakibatkan kematian

Kanker menjadi salah
satu penyebab kematian
utama sebelum usia 70
tahun di 112 negara pada
2019
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Ranking of cancer
Premature mortality (0-69)

1st (57)
2nd (55)
3rd - 4th (23) w0
5th-9th (48)
I Nodata [ ] Not applicable
7 N
The boundaries and names shown and the designations used on this map do not imply the expression of any opinion whatsoever Data source: GHE 2020 é/ ' \t), World Health
on the part of the World Health Organization concerning the legal status of any country, territory, city or area or of its authorities, Map production: CSU \li\ Al/ Organi zation
——

or concerning the delimitation of its frontiers or boundaries. Dotted and dashed lines on maps represent approximate border lines

World Health Organization
for which there may not yet be full agreement.

© WHO 2020. All rights reserved

H. Sung et al., “Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for

36 cancers in 185 countries,” CA. Cancer J. Clin., p. caac.21660, Feb. 2021, doi: 10.3322/caac.21660.
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KANKER PARU DAN KOMORBIDITASNYA

COPD 29 16 8 1 7 9 58 5 7 5
Diabetes (18 20 10 12 9 15 > - 4 8 9 4
CVD 10 23 22 15 11 14 TS ‘ 4 10 4
CHF 7 32 26 14 13 25 p 4 8 23 3
PVD 11 28 27 14 17 19 74 6 15 5
COPD 31 15 7 10 7 8 56 5 6 5
Diabetes 17 18 8 10 7 11 73 7 8 5
cVvD 14 20 18 12 9 10 71 3 g 5
CHF 8 33 26 14 13 21 76 8 19 4 ee
PVD 12 27 23 12 16 15 75 6 15 5
Rectum
lung
COPD 31 13 ] 11 11 8 53 4 8 4
Hodegk
Diabetes (10 40 12 14 15 15 74 7 12 5 ool
cVvD 10 42 18 14 17 13 69 3 11 4
CHF 5 56 24 16 18 24 74 7 24 3
PVD 9 47 21 16 16 16 71 4 16 5
COPD 55 1 6 5 4 5 32 5 5 3 H. Fowler et al., “Comorbidity
laleds 19 20 1 8 7 1 &9 12 8 6 prevalence among cancer
_— 0 S o e g i = - & 5 patients: A populatlon-based”
cohort study of four cancers,
CHF 1 50 27 18 12 27 7 1 v 5 BMC Cancer, vol. 20, no. 1,
PVD 17 27 28 10 15 15 72 7 17 7 pp. 1-15, Jan. 2020, doi:
10.1186/s12885-019-6472-9.
as a single also had also had also had also had also had also had also had also had also had had also had
comorbidity COPD diabetes CcVvD CHF PVD renal disease hypertension obesity MI  previous malignancy
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COMMUNITY (KOMUNITAS)

Komunitas adalah subgraf yang memiliki
keterhubungan lokal yang padat dalam suatu
jaringan.

Hipotesis keterhubungan:

e Setiap komunitas berkorespondensi dengan sebuah
subgraf yang memiliki keterhubungan lokal

* Jika sebuah network memiliki dua komponen yang
terisolasi, maka setiap komunitas hanya menjadi
bagian dari satu komponen

* Pada komponen yang sama, suatu komunitas tidak
memiliki dua subgraf

Hipotesis Kepadatan:

* Node pada komunitas cenderung untuk terhubung
dengan node yang lain pada komunitas yang sama
dibandingkan dengan node pada komunitas yang lain
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COMMORSBIDITY (KOMORBIDITAS)

Comorbidity is associated with worse health outcomes, more complex clinical management, and increased
health care costs. There is no agreement, however, on the meaning of the term, and related constructs, such
as multimorbidity, morbidity burden, and patient complexity, are not well conceptualized.

£\

Risk Factor 1 Risk Factor 2 Associated risk factors

The risk factors for each disease
are correlated, eg, Risk Factor

I [RF1) = smoking; Risk Factor
Z [RF2) = alcohol; O = chronic
pulmonary obstructive diseaase;
DZ = lver cirrhosis.

No etiological association: th
is no eticlogical association beti
the diseases.

Disease 1 Disease #

Disease 1

Fisk Factor | Risk Factor 2

: : Risk Factor 1 Risk Factor 2 Heterogeneity
Diirect Eﬂ-u!ﬂ.tlﬂﬂ Thee risk factors for esch diseases
One of the diseases may cawe are not correlated, but each one
aither, e, Disease 1 (D1} = diatn of themn can cause either diseae,

eg, RF1 = smoking; RFZ = age;
D1 = ischemic heart disesse;
DZ = lung cancer

mellitus, Disease 2 (D2) = catara

Disease 1

Disease 1 Disease 2

Valderas JM, Starfield B, Sibbald B, Salisbury C, Roland M. Defining comorbidity: implications for understanding health and
health services. Ann Fam Med. 2009 Jul-Aug;7(4):357-63. doi: 10.1370/afm.983. PMID: 19597174; PMCID: PMC2713155.



KOMUNITAS dan KOMORBIDITAS
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J. H. Ohn, “The landscape of genetic susceptibility correlations among diseases and traits,” J. Am. Med. Informatics Assoc., vol. 24, no. 5, pp. 921-926, Sep. 2017, doi:
10.1093/jamia/ocx026
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Table 8 Comparison of comorbidity network studies

PENELITIAN/STUDI JEJARING KOMORBIDITAS

Author Data

Network
constructed

Analysis

Faling et al. (2010) Medical records of
| 462 patients

Ljubic et al. (2020} S0 California inpa-
tient database (ICD-9)

Chmiel et al. {2014) Database of the Main  Common

Association of Aus
trian Social Security
Inestitutions and lext
Mining Pubmed

Renteria-ramos et al.  Three independ-

(2018) ent administrative
databases Rizsaralda
pravirece (201 1-2016)

Moratalla-MNavarro 285,342 patients

et al. (2020) in Catalonia, Spain,
(period: 2006—2017)

Cur research Pubtatar text mining

C_ommon

Colorectal cancer

Comman

Hypo thyroidism

Lurg Cancer

Occurrence in
patient and ralative
risk

g-correlation and
Ralative Risk (RE)
Statistical multiplex
netwark

k-_ommunities

Comarbidity net-
weoirks using logistic
reqression models

Dhisease Sirmilarity

Association rule

Centrality measure-
ment

Evalution disease
network

Intensity analysis and
motif coherence

Multivariate logistic
regression with LASS0

Cammunity Network
and Centrality meas-
urement
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MODULARITAS

Modularitas adalah
ukuran yang
menunjukkan
kerapatan
hubungan dalam
suatu modul atau
komunitas

Community 1:

Community 2:

Community 3:
H
5 | L
M=) |=-
L

2
) =0.1775

‘)2 =0.19

2
) =0.1375

M= 0.505

&% 1PB University

— Bogor Indonesia —

18



MODULARITAS

(a)

(c)

OPTIMAL PARTITION
M =0.41

SINGLE COMMUNITY
M =0

(b)

(d)

SUBOPTIMAL PARTITION
M =0.22

NEGATIVE MODULARITY
M= -012

Partisi optimal, yang
memaksimalkan
modularitas.

Sub-optimal tetapi positif.

Zero/single modularity:
Menempatkan semua
node ke community yang
sama

Modularitas Negatif: Jika
setiap node berbeda
community

&7® IPB University 1
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ALGORITME DETEKSI KOMUNITAS

Table 1 Briel summarization of communaty detection algormhms

Type ol communily detec- Author {year) Approach Paramelers Type of commumaly iy pe ol
tion algorithms nelwork
Modulanty algorithms Mewman 1] Mosdlulariny maximmnzalxon Muodularity Mon-owverlapmngfSanc

Infrmation thearelic algie-

rithms

Merwork algorithms

Mittal, R., Bhatia, M.P.S.
Classification and Comparative
Evaluation of Community
Detection Algorithms. Arch
Computat Methods Eng 28,
1417-1428 (2021).
https://doi.org/10.1007/s11831
-020-09421-5

Hisrarchacal algorithms

Chauset et al. |22

Yu and g | 23]

Aprarwal el al. [24)

Lancwchames et al. [27)

Kie et al. [28)

Ciuam-yu et al. [29]

Huang et al. [31)

Mewmsan &l al. |37

[Dang et al. | 34]

Frociarnds et al. |41

Baghwan et al. [42)

Ciuang Xu |43)

Fallaeral [45]

Cireedy oplimizsism of
Muosbularary

Mormalized mosdulariny

Cptimezed modulanly using
heuristic search

Local oplimnzatson ol the
litne=ss funclaom

Veclor space model
Mappang vertex inbo vedclor
Local tnghimess expansion
CONCA

Verlex smmilarity

Edge betweenness

Label propagalson

Latent oomamumaly discoy-

£ry

E-Clhigue

Edges, vertices, modulariy
Muodularity, speciral clusier-
ing

a—{ancison

Liscal Bilness meisure

Cosine lunchion
Weclor

Tighiness Tunction, sirmlar-
iy measure

Edge berweenness, split
beelweenmess

K-nearest neighbor

Timee serves

Misdlee, edges
Pareto pnmciple

melwiork
Mon-owverlapmngfSanc
melwork
Non-overlappingfaale
melwork
Mon-owverlapmngfSanc
Merwiork
Non-overlappingfaale
melwork
Non-owverlappingfweighied
nelwork
Mon-owverlapmngfSanc
Merwiork
Mon-overlapmnag/dymamac
melwork

Non-overlappingfaale
melwork

Non-owverlappingfweighied
Merwiork

Non-owverlappingfweighied
Melwork

Dafusion’dynamac network

Creerlapping/dynamic
nelwork

Creerlapping/siabne network 20




CONTOH ALGORITME DETEKSI KOMUNITAS

Greedy Modularity Label Propagation

B e“oq: - .qaq ° %‘go - %ﬁgo
o“aqeo - e'.“ﬁa_ ° %'g' - 3;%0
©°

© O Label propagation algoritme semi-
e © supervised machine learning yang melabeli
N data yang tak berlabel berdsarkan subset
e data yang memiliki labelto previously
Mittal, R., Bhatia, M.P.S. Classification and Comparative Evaluation of Community unlabeled data pOintS.

Detection Algorithms. Arch Computat Methods Eng 28, 1417-1428 (2021).
https://doi.org/10.1007/s11831-020-09421-5
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HASIL
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AKUISISI DATA

e Akuisisi data

* List penyakit melalui text mining naskah di PubMed melalui Pubtator Central (PTC)
https://www.ncbi.nlm.nih.gov/research/pubtator/

* PTC melakukan anotasi otomatis untuk memberikan enam biokonsep: penyakit, gen, spesies,
mutasi, kimia, dan garis sel (Wei et al. 2019).

* Praproses data

 Membersihkan data dan mengidentifikasi komorbiditas; menghapus kata/penyakit: death,
mortality, etc.

* Mencari DOID melalui https://disease-ontology.org/

Table 1 Disease ontology data on pneumonia

Metadata Data

Marme Prneumonia
Alternates DO 10509 DOIDT 1742 DOIGSETT

Sy OrTyIm Acute pneurmonia [EXACT |

It has one main DOID and three alternates DOID. All of them refer 1o same disease 23


https://www.ncbi.nlm.nih.gov/research/pubtator/
https://disease-ontology.org/

METODE

« Membangun jejaring berdasarkan perhitungan similaritas antar penyakit
» Perhitungan matriks similaritas menggunakan library DOSE, bahasa R
 Menggunakan 5 algoritme: Wang, Jiang, Lin, Resnik dan Rel.

* Elemen matriks berkisar dari O hingga 1; semakin mendekati 1 berarti
semakin similar;

* 0: dengan 0 menunjukkan bahwa kedua komorbiditas tidak identik dan
1 menunjukkan bahwa keduanya. Selanjutnya, matriks dianalisis
menggunakan ambang batas yang diterapkan.

 Dengan ambang batas tertentu; dibangun network menggunakan
Cytoscape

-3 IPB University 24
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ILUSTRASI PERHITUNGAN SIMILARITAS

SyA)=1
Cellular component: 0005575 S4(f) = max{w, + S()|¢ € childrenof(1)} if ¢ # A
o.z/ ‘Ns
Cell: 0005623 Organelle: 0043226
’ \ Cellular component: 0005575
! 0.8
, 0.6 / \8
Intracellular: 0005622 Membrane-bound 0.8
A organelle: 0043227 Cell: 0005623 Organelle: 0043226
~ 0.6 0.8
0 4
Intracellular organelle:
0043229 o 2 0.5
' Intracellular: 0005622
0.8 v\ 0.8
Intracellular membrance-bound Q.6
organelle: 0043231 >
Intracellular organelle:
0043229
— IsA:0.8 GO terms SV (A)
0043231 1 GO terms SV(B)
-===%  Partof:0.6
0043229 0.8 0043229 1
0043227 0.8 0005622 0.8
2, 51O+ 550 e 0.48 ANB <—— ooos623 0.36 =0.6*06
S" A.'B — fely I3 °
co(A.B) SV(A) + SVB) 0005623 0.288 __—» 0043396 e
QbE=225 0:64 0005575 0.64 =max (0.6*0.6*0.8,0.8 *0.8)
0005575 0.512
=(2.72 +3.44)/(4.52+3.44) SV(B) 3.44
SV(A) 4.52 SB(t) 3.44
=0.7727 SA(t) 572 SV(A)y =" Sa(0)

R 1PB University
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JEJARING HASIL PERHITUNGAN SIMILARITAS PENYAKIT

* Network didasarkan
perhitungan matriks similarity;
338 nodes

« Ditentukan komunitas pada
glant component

» Giant component node

Non giam comp()nent node
Fig. 3 Netwoark formation using Cytoscape. Each node represents a disease, and the link represents a similar
relationship between diseases. There is a giant companent, with the number of nodes = 144

&% IPB University 2
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METODE

 Menentukan komunitas 1 R
menggunakan 20 Q{S.”'hrﬂ'l-'.l.lrﬂ.erf.l'W.!.lr =; EE' (":”.ﬁ - ;-H':I' : ) [l:l
algoritme dan
menghitung 5 1 (g (n; — 1))
modularity Q(S)ErdosRenyi _Eé (Hh TS ) (2)
* Menentukan penyakit | ki
komorbid signifikan A eiitbdutrty =0 2, ["""f - ﬂ]““'“"’ 3
pada setiap komunitas,
bmeet\r/.:lgegel-:]r:]ael(sasn degree Q{S-’ﬂr:l'wiufun{'rﬂwrﬁn!}' =E.; .I-:l,-_ (E{_ 2 Ak "E'-:'E-d - E,:- 2w Ak E:E'd) [4'3
closeness, dan L
eigenvector centrality. Z(C) 2ttty = —me=C s — Locec () 5

"lr"lllzn.‘ﬁ": %F“ - En:i.:lf{f_.l:':l-l}
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LIMA ALGORITME DETEKSI KOMUNITAS TERBAIK

Label Propagation 0.710 0.781 0.134  73.272 1.716
Spinglass 0.710 0.781 0.134  73.272 1.716
Chinese whispers 0.711 0.773 0.135 70.804 1.715
Louvain 0.711 0.773 0.135  70.804 1.715
RB Pots 0.711 0.773 0.135  70.804 1.715

« Komunitas ditentukan menggunakan library cdlib

« Ada lima algoritma modularitas yang digunakan, yaitu Newman Girvan, Erdos Renyi Modularity, Link
Modularity, Modularity Density, dan Z Modularity

 Lima algoritme terbaik: Label Propagation, Spinglass, Chinese berbisik, Louvain, dan RB Pots
&2 PBUniversity
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Louvain 2
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Spinglass :
S

Chlnese

* Louvain: algoritme deteksi komunitas yang menggunakan
pendekatan optimisasi greedy untuk mengoptimasi
modularitas

* Chinese whispering: metode hard clustering, randomized,
and flat clusetering

* Spinglass mengadopsia statistical mechanics approach,
dengan mendefinisikan ukuran baru untuk kekuatan
komunitas

* RbPost melakukan optimisasi fungsi kualitas yang
didefinisikan 30




DAFTAR PENYAKIT KOMORBID HASIL DETEKSI KOMUNITAS
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Fig. 7 Venn diagram among the five algorithms The numbers indicates how many comorbid diseases there
are
o

Table 7 Algorithm and significant disease

Algorithm

Disease

Label Propagation and Spinglass and Chinese whisper and
Lawreain arvd RE POTS

Lab| Propagation and Spinglass ano
Spinglass and Lawvain and BB POTS

auyain and RB POTS

Labsl Propagation and Spinglass
Label Propagation and Chinese whisper
Chinese whisper

Labal Propagation

Vascular diseases, immune systermn disease, bons
disease, pancreas disease

Disease of metabaolism, atrial heart septal defect
Interstitial lung disease

Familial atrial fibrillation

Raspiratary system disease

Diabetes mellitus, farmilial hvperipidemnia

Persistent generalized ymphadenopathy

Thiere are various lists of the came disease found in different algorithms

g IPB University 31
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kanker paru dapat
dinyatakan dalam relasi

pada disease ontology. \
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Kesimpulan

1.

Network penyakit yang dikembangkan berdasar kesamaan ontologi
penyakit dapat digunakan untuk deteksi komorbiditas dengan
algoritme deteksi komunitas

Algoritme yang relevan dalam pengelompokan komorbiditas
kanker paru adalah: Label propagation, Spinglass, Chinese
Whispering, Louvain, dan RB Pots

Komorbiditas yang signifikan adalah: vascular disease, immune
system disease, bone disease, pancreatic disease
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