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« 2020-.., Hassas Tip ve lleri Analitik Arastirma Grubu Lideri | Erciyes Univ

Hassas tip, tanisal ve prognostik modelleme, metabolomik, multi-omik modeller
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Diyagnostik, Prognostik ve Prediktif Tip

AMAC

Kiside bir hastalik var mi

DIYAGNOSTIK TIP

yok mu?

Hastalik gelisimi, seyri veya
. sonucu hakkinda 6ngortde
PROGNOSTIK TIP

bulunur (hastalik zaten vardir,

nasil ilerleyecek?)

Belli bir tedaviye hastanin
nasil yanit verecegini
ongorir (kisiye 6zgi tedavi

planlamasinda kritik)

VERI TiPI

Semptomlar, fizik
muayene, laboratuvar

testleri, goruntileme

Tani konmus hastalara ait

klinik/omiks veriler

Genetik, metabolomik,
farmakogenomik, klinik

veriler + tedavi bilgisi

Kaynak: https.//manhattancenterforgynecology.com/precision-medicine/

Siniflandirma modelleri
(6rn. COVID-19 (+) vs (-))
ROC analizi, duyarhlhk,

secicilik, vs.

Siniflandirma, sagkalim analizi
(6rn. ICU ihtiyaci, 6lum riski)
ROC egrisi, AUC, Kaplan-Meier,
yapay zeka yaklasimlari

Klinik arastirmalar,
biyoinformatik ve yapay

zeka yaklasimlari

CRP + akciger BT ile
COVID-19 tanisi

Sepsis tanisi konmusg bir
hastada 7 glin iginde organ

yetmezligi riski

Karbapenem grubu
antibiyotiklerden kim
fayda gorur, kimde direng

gelisme riski yuksektir?

j

probability of survival

-
o
0

drug A drugB
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Hassas Tip

Traditional Medicine Precision Medicine

One Treatment Fits All More Personalized Diagnostics

/ Qz\)
)r”v Effect i %\ o
F Therapy \

/
<
o 5>
; %‘% = 1
\ No effect
Therapy \
\\\ Cancer patients with Blood, DNA,
\\ e.g. colon cancer Urine and Tissue Analysis

Cancer patients with \\‘z'_"g
e.g. colon cancer 1

Adverse effects

L ———

Effect

Kaynak: https.//manhattancenterforgynecology.com/precision-medicine/
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Infeksiyon Hastaliklarinda Prognoz Ongériisti

» Covid-19 hastalarinda deksametazon uygulamasi sonrasi hastaligin prognostik seyri nasil
degisir? Hangi hastalarda &lum riskini azaltir?

Girdi: Inflamatuvar belirtecler (IL-6, ferritin, CRP), oksijen ihtiyaci, -omiks veriler
Cikte: Mortalite, enttibasyon ihtiyaci

« Kinm-Kongo Kanamali Atesi hastaliginda ribavirin hangi hastalarda daha iyi yanit verebilir?

Girdi: Klinik basvuru bilgileri, laboratuvar verileri, genomik & metabolomik verileri
Ciktr: Yogun bakim yatis, mortalite

« HBV tedavisinde entekavir mi, tenofovir mi? Hangi hastalarda virolojik yanit daha iyi?

Girdi: HBV DNA seviyesi, karaciger fonksiyon testleri, genotip
Cikti: 48 haftada virolojik yanit

Prof. Dr. Gokmen ZARARSIZ AGUH 2025 Temel Egitim Programi



Omiks Bilimleri

A"imrma Uniyersits

Analysis

Integration of multi-omics data

Y. .. i

Metabolomics l -l» /,

Proteomics /

Firrrer

Transcriptomics _4‘_

~
74 ’l/‘

p7, _—
Epigenomics Lt &
r-
-‘.':;, 9 - X : :
Genomics B, lenvironment

Organization
(organelle, cell, organ, organism)

Kaynak: Kim ve ark. (2016). Toward Systems Understanding of Leaf Senescence: An Integrated Multi-Omics Perspective on Leaf Senescence Research. Mol Plant; 9(6):813-25.
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Infeksiyon Hastaliklarinda Transkriptomik Analizler

Infeksiyon hastaliklarin molekiler mekanizmasinin anlasiimasi ve muicadeleye ydnelik yeni
stratejilerin gelistirilmesi

* Hucre veya dokudan elde edilen 6rneklerden tim RNA molekullerin kimesi olan transkriptom
» Transkriptom teknolojileri: mikroarray, RNA-dizileme ve rtPCR

« Konak-patojen etkilesimleri sirasinda olusan gen ifadesindeki dinamik degisikliklerin tespit
edilmesi

« Konak bagisiklik tepkisi ve patojen virllans faktorlerinin arastiriimasi

Prognoz ve tedavi yaniti icin biyobelirtecler, ilac kesfi ve asi gelistirme icin potansiyel hedefler
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Infeksiyon Hastaliklarinda Metabolomik Analizler

Metabolomik: Fenotiple en yakindan iliskili —omiks yéntemi

« Infeksiyon hastaliklarinin patofizyolojisinin daha iyi anlasiimasi ve yeni tani/prognoz stratejilerinin
gelistirilmesi

« Konak-patojen etkilesimleri sirasinda meydana gelen metabolik yanitlarin tespiti
« Konak immun yaniti, enerji metabolizmasi, oksidatif stres gibi streclerin dinamik izlenmesi
« Tanisal ve prognostik biyobelirteclerin belirlenmesi, kisisellestirilmis tedavi hedeflerinin kesfi

* Yeni ilac hedefleri ve asi adjuvanlar gelistirme streclerine katki

Prof. Dr. Gokmen ZARARSIZ AGUH 2025 Temel Egitim Programi



Omiks Verileri ve Analizleri

miRNA Non-tumor samples Tumeor samples Total
Sample-1  Sample-2  Sample-3 ... Sample-29  Sample-30  Sample-31  Sample-32 ..

s 865 RI0 S305 % 3343 w0 5192 3
let-Tg 447 173 1922 126 737 3,760
miR-125h 1,038 5,007 2,595 106 181 201
miR-18s 5 4 10 0 10 9 56 0 64
miR-29 320 447 904 4 413 4,619 1,398 1 134,382
miR-490-3p 0 | 0 0 0 1] 0 0 19
miR-874 2 4 9 0 4 ] 3 ) S9
miRk-93 10 I8 126 0 36 133 211 0 7028
miR-99b 24 92 97 177 36 62 9 20 11,718
Total 22449 39,798 N 8,034 58362 311247 84,850 16,338 13,701,148
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Infeksiyon Hastaliklarinda Prognoz Ongéristine Yonelik Veri Analizi Yaklagimlar

Klinik verilerin biyoistatistik hipotez testleri ile analizlerinin gerceklestirilmesi ve klinik biyobelirteclerin
belirlenmesi

Omiks verilerinde anlamlilik analizlerinin yapilmasi ile prognoz ile iliskili gen, protein, metabolitlerin

ve prognoz Uzerinde etkili biyolojik yolaklarin tespit edilmesi
Kimeleme analizleri ile hastalik alt gruplarinin belirlenmesi . .
Y,
[y =
| S8
Sagkalim modellemeleri ile hastaligin ilerleyisinin kestirilmesi A ? (Y § m
e ONTTS S
0%31, ;fm f«-'

Yapay zeka yaklasimlari ile prognostik omiks biyobelirteclerinin kesfi \ e /

Multi-omiks yaklasim ile klinik ve omiks verilerinin entegrasyonu
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Hastalik Ciktilarinin Kestirimi

219912 s at

102

098

slow progression rapid progression

Kaynak: Chen G (2013). Machine Learning for Bioinformatics using R. BGI Bioinformatics Workshop
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Hastalik Ciktilarinin Kestirimi
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Kaynak: Chen G (2013). Machine Learning for Bioinformatics using R. BGI Bioinformatics Workshop
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Hastalik Ciktilarinin Kestirimi
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Kaynak: Chen G (2013). Machine Learning for Bioinformatics using R. BGI Bioinformatics Workshop
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Yapay Zeka ve Makine Ogrenmesi

( Machine Learning )

Supervised Learning

. ® ® . . <>
. * I.': Y ! Lo N ® A
SO D2t oy °“ A
e s B
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Yapay Zeka ve Makine Ogrenmesi

Training Set
Learning
1 Yes Large 125K No Algorithm
2 No Medium | 100K No
3 No Small 70K No
4 Yes Medium | 120K No Indiictich
5 No Large 95K Yes
6 |No Medium | 60K No \
74 Yes Large 220K No Learn
8 No Small 85K Yes Model
9 |[No |Medium [75K  [No \
10 [ No Small 90K Yes
Model
Test Set ony |«

Mool
1 |No |Small |55k |2 /

12 | Yes Medium | 80K . Deduction
13 | Yes Large 110K

14 | No Small 95K
15 | No Large 67K

(S IS BN RS )

Kaynak: Tan, PN., Steinbach, M. and Kumar, V. (2016) Introduction to Data Mining. Pearson Education India, New Delhi
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Yapay Zeka ve Makine Ogrenmesi

Bu Ui¢ zambak tirini ayirt edebilir misiniz?
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Yapay Zeka ve Makine Ogrenmesi
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Yapay Zeka ve Makine Ogrenmesi
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sepal.Length sepal.width Petal.Length Petal.width Species
1.

Setosa
setosa
setosa
Setosa
setosa
setosa
setosa
setosa
setosa
setosa
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Destek Vektor Makineleri
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Ara o
‘astirma Oniversiest

kemel
function

input space

feature space

* For nonlinear problems, slack
variables or kernel functions are

used

Kaynak: Tan, PN., Steinbach, M. and Kumar, V. (2016) Introduction to Data Mining. Pearson Education India, New Delhi
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Veri On Isleme Siireclerindeki Zorluklar

«  Deneysel sureclerden kaynakli olusan sistematik yanhhklar

Omiks verilerine 6zgii normallestirme yaklasimlarinin uygulanmasi

«  Veride bilgi icermeyen cok sayida —omiks degiskeninin yer almasi

Bilgi icermeyen bu degiskenlerin kalite kontrol sirecinden gegirilerek filtrelenmesi

*  Veride yer alan eksik degerler

Eksik degerlerin rasgeleliginin arastirdmast. MAR & MCAR yaklasimlar.. kNN eksik deger atamast

*  Yuksek dizeyde korelasyona sahip degiskenlerin varlig

Yiiksek korelasyona sahip ve aynt biyolojik anlama sahip degiskenlerde filtreleme

» Veri setindeki asirn carpikliklar

Veri dondistimdi ile verilerin uygun bir dagiima benzer yapiya getirilmesi

*  Prognostik ciktilarda sinif dengesizligi

Yukart érnekleme, asagi érnekleme, hibrit érnekleme (SMOTE, ROSE, vb.) yaklasimlarinin uygulanmast

il

08

06

+ 04

+ 0.2

F -0.2

- -0.4

-0.6

-0.8
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Modelleme Siireglerindeki Zorluklar - Veri Turl ve Dagiimindaki Farkhhklar

astiema Oniyersisst

Gee GliNS1 G144 G166 G179 CB541 CB660 f Mikroarray verisi \

13CDNA73  3.158  2.659 1.621 1564 4.269  3.441 Siirekli dagilimlar
A2BP1 2.015 2.049 3.867 2.006 1.698  1.988 .

A2M 3.655 2.699 1966 4.526 4.658  5.124 Normal vb.
A4GALT 2.598  5.689 0.498 2.557 3.478  2.619

AAAS 4129 5254 3.698 2598 3.647  1.991

AACS 2.549 4523 4116 3.987 2386  3.447 :

AADACL1 6.251  4.256 3.698 4.251 2500 2.824 \ - J
[...]

Gen GliNS1 G144 G166 G179 CB541 CB660 ﬂNA-dizileme sayma verisi
13CDNA73 4 0 6 1 0 5 Kesikli cgélllmlar
A2BP1 19 18 20 7 1 5 $

A2M 2724 2209 13 49 193 548 Poisson, negatif binom vb.
A4GALT 0 0 48 0 0 0

AAAS 57 29 224 49 202 92

AACS 1904 1294 5073 5364 3737 3511 iy

AADACL1 3 13 239 683 158 40 \ ‘f||||I||_|...I|...;._..u:_.|||r.5|IIIE i J

[...]
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Prognostik Hastalik Gruplarinin Siniflandiriimasi

Kaynak: Gareth James, Daniela Witten, Trevor Hastie, Robert Tibshirani. An Introduction to Statistical Learning : with Applications in R. New York :Springer, 2013
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Gelistirilen Modellerde Zayif Uyum ve Asiri Uyum Probleminin Giderilmesi

]I(;(.I') = _(](0“ < = 0].1,‘1 mope 02.[‘2) .(/(()U ~+ 01.1‘1 + 92,1'2 ([(H() -+ H|.1'| -+ (‘)-_3.1"']2

g ‘ o i N P
( g = sigmoid function) +0327 + 043 +032 _l)"j-: + 042 ,1‘-'2
+052129) +0szizs + OsziT2 + . ..
UNDERFITTING OVERFITTING
(high bias) (high variance)

Kaynak: Gareth James, Daniela Witten, Trevor Hastie, Robert Tibshirani. An Introduction to Statistical Learning : with Applications in R. New York :Springer, 2013
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Yanllik ve Varyans Arasindaki Denge
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High Bias Low Bias
Low Variance High Variance
- mr - e emmmen -

Test Sample

Prediction Error

/
7

Training Sample

Tow High

Model Complexity

Kaynak: Gareth James, Daniela Witten, Trevor Hastie, Robert Tibshirani. An Introduction to Statistical Learning : with Applications in R. New York :Springer, 2013
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Prognostik Biyobelirteclerin Tespit Edilmesi

 Differential-expression analizleri ile anlamli —omiks belirteclerinin belirlenmesi

« Forward, backward ve stepwise yaklasimlari

* Boruta, recursive feature elimination

» Lasso ve nearest-shrunken centroids gibi spars yaklasimlar

« Boyut indirgeme yontemler;

« Biyobelirteclerin dnem katsayilarinin elde edilmesi

Prof. Dr. Gokmen ZARARSIZ AGUH 2025 Temel Egitim Programi



MOFAZ2 ile Coklu Omiks Verilerinin Entegre Edilmesi ile Prognostik Biyobelirteg Tespiti

Factors Variance decomposition
n
8 4 =
o : | |
=] = ]
8 §} RZ (%)
; 3 i
5
~N 7
&
9 - -
¥ 2 Inspection of feature weights
Assay 2 \/g 5 O Individual weights Gene set enrichment analysis
- S
/ — /\ £ p53 —————— Gene expression
-
. e . - > Acth ————— Cell cycle
: Be Hoxa4 —— Ribosome assembly
YS:S, & Nanog Splicing regulation —
% Esrrb mRNA degradation
> 0 05 1 1 05 0
weight p-value
Imputation of missing values Visualisation of factors
Y
<
¢
. g

Factor 1

Argelaguet R, Arnol D, Bredikhin D, Deloro Y, Velten B, Marioni JC, Stegle O (2020). "MOFA+: a statistical framework for comprehensive integration of multi-modal single-cell data.” Genome Biology, 21.
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Sepsis Transkriptom Temelli Prognostik Modeli

& frontiers | Fonters in Immaunciogy rpiien i

®) Chwcs e cpmems Identification of a novel sepsis

opeN AccEss prognosis model and analysis of
possible drug application .

prospects: Based on scRNA-seq
and RNA-seq data

I ng

risk score = (-=0.292 x CCL5 exp)
+ (0.231 x HBD exp) + (0.442 x IRF2BP2 exp)
+ (-0.484 x LTB exp) + (0.177 x WFDC1 exp)

Prof. Dr. Gokmen ZARARSIZ

Total-RNA-Seq (n=802) ile sepsis ve saglikl bireyler arasinda 1,711 anlamli gen
belirlendi.

scCRNA-Seq (n=12) ile sepsis ve saglikli bireyler arasinda 256 anlamli gen belirlendi.
Her iki veride ortak 71 gen tespit edildi.

Lasso Cox regresyon modeli ile OS Uzerinde énemli 11 gen (coklu modelde 5 gen)

~~~~~~
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NMR ve yapay zeka ile lipidomik temelli olarak bakteriyel enfeksiyon ve Covid-19 ayrimi

Contents Lists available ar S

Heliyon )
-
journal homepage: www. o ( iyon h

Research article

Differential analysis of lipoprotein and glycoprotein profiles in
bacterial infections and COVID-19 using proton nuclear magnetic
resonance and machine learning

Simona Iftimie ™°, Niria Amigé ™", Neus Martinez-Micaelo

Ana F. Lopez-Azcona ", Cristian Martinez-Navidad ', Helena Castané ",

Andrea Jimenez-Franco ", Josep Ribalta™ "', Sandra Parra ", Antoni Castro™
Jordi Camps ™™ |, Jorge Joven ™

* Depernmenyt of dwternal Meadictne. Hogpisal Untwerzrtant die Sow Joan, bt d"tnvestipocsd Sasitirss Pere Vrpll Usiverstmt Rovire ( Virpll. R
Spam
? Deparoment of Medicme and Sargery, Useversitat Roviro 1 Virgfl, R, Spais

* CIBER of Diabetrs and Associaned Metabolic Diseaze (CIBERDEM), adnue de Safud Carles BL Modrid. Spain

* Bscafer Tesob, Reus Spatn
* Unitar de Recerca Bomedica, Hosplte! Usiversthy de Sanr Joan, nssing d'investpacss Santibeta Pere Virgdl, Untversiser Rovora 1 VIngill Reww,
Zpan

Uninar de Recerea de Lipads | Arteriosclerest, Hasgiral Unbvetainar] de Sant Joan, Manng d favesngacid Sonltevin Pere Vigll, Universttar Rowvire |
Virgili. Reva, Spain

« COVID-19'lu 124 hasta, kateterle iliskili bakteriyel enfeksiyonu olan 50
hasta ve 50 saglkl gonulltiden serum 6érnekleri alindi.

« Proton NMR ile lipoprotein ve glikolipoprotein profili ¢ikarild.
* Random forests algoritmasi ile en 6nemli degiskenler belirlendi.

« PCA analizi ile hastalik gruplari siniflandirild.

Ara o
Yastirma Onivershest

A Random forest PCA Roc Curve
Variable importance ° . 100
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B Random forest PCA Roc Curve
Variable Importance 2 . 100
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-
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Small LDL-P (nM) v o - 95% C1=0.974 - 1
PC‘ D.00
30 60 90 o
Importance Corirol - COVID-19 0.00 0.25 0.50 075 1.00
Oukcome = COVID-13 v3 Control 1 - Spectficty
C Random forest PCA Roc Curve
Variable importance ° 1 00
. - ‘ ——
VLDL-Diameter (nm A
25 ‘ 0.75
Medium LDL-P (nM v ~ /c"'— ‘L “" <
¥ A \ £
z
Large HDL-P (uM A 0.0 ) ?_; E 0.50
" 2% * " k-
%o ,. l Fe oo W
b »
YLDETRM Y. Q: * ¢ - AUC = 0.855
3 Lo 23 95% Cl = 0.75 - 0.96
LDL-Trighyce rides (mg/dL v 25 0.0
PC1 0.00
0 30 680 % S
Importance o COVD.1§ 0.00 0.25 0.50 0.75 100
Cuteome = COVID-18 vs & Bl 1 - Specificity

Fig. 5. From left to right, random forest plots, principal component analysic (PCA) and receiver component characteristics (ROC) curves when
comparing patients with bacterial infections (BI) and the control group (A), COVID-19 patients with the control group (B) and COVID-19 with Bl
patients (C). In the random forest plots, unturned triangles indicate a higher value and inverted triangles indicate a lower value in the comparicon
group. AUC: Area under the curve; C: Cholesterol; Cl: Confidence interval; HDL: High-density lipoprotein; H/W: Height to width ratio; LDL- Low-
density Lpoprotein; P: Particles; TG: Triglycerides; VLDL: Very low-density lipoprotein.
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Multi-omiks yaklasimi ile HIV-enfeksiyonlu hastalarin metabolik risk profilinin belilenmesi S

Ara o4t
‘astirma Oniversiest

= ~ A B. > D
woeLife @ L I f 2 & :
L ] o
Network-based multi-omics integration s * +Eﬁ By ¥
reveals metabolic at-risk profile within . s I — 0o w w
treated HIV-infection N T o T WG e M . S

Flora Mikaeloff'*, Marco Gelp#®, Rui Benfeitas®, Andreas D Knudsen?,
Beate Vestad'®, Julie Hogh?, Johannes R Hov'**, Thomas Benfield’, PR
Daniel Murray®, Christian G Giske®, Adil Mardinoglu''", Marius Treseid"'?, Co ‘,ﬂ,;:h;;i;,,f, Wissiie
Susanne D Nielsen®', Ujjwal Neogi'*! Lipids

'The Systems Virology Lab, Division of Clinical Microbiclogy, Department of L Hiclnokis
Laboratory Medicine, Karolinska Institute, Stockholm, Sweden; *Copenhagen Pthem

-~ . Xenoblotics
University Hospital Rigshospitalet, Copenhagen, Denmark; *National Bicinformatics I

Infrastructure Sweden (NBIS}, Science for Life Laboratory, Department of LG R ?‘: ”\’x
Biochemistry and Biophysics, Stockholm University, Stockholm, Sweden; *Research 1 Mb‘&f&%
Institute of Internal Medicine, Oslo University Hospital Rikshospitalet, Oslo, ?1 %%N 4"{’;{* &
Norway; "Norwegian PSC Research Center, Oslo University Hospital Rikshospitalet, o -2 %‘h%g;\’;? ‘*\-,f"-}"
Oslo, Norway; *Institute of Clinical Medicine, University of Oslo, Oslo, Norway; %:-:?’%%; a,
'Department of Infectious Diseases, Copenhagen University Hospital - Amager %%;“g:?r@?
and Hvidovre, Hvidovre, Denmark; "“Centre of Excellence for Health, Immunity and = m.f‘&.:“"zé}»— &
Infections (CHIP), Rigshospitalet, University of Copenhagen, Copenhagen, Denmark; . 5.:m2 -’imgf‘; -
“Division of Clinical Microbiology, Department of Laboratory Medicine, Karolinska m’m”*'mﬁg‘?’mﬁ =
Institutet, Stockholm, Sweden; '"Science for Life Laboratory, KTH - Royal Institute of ‘4.:2'3;;'.3;“2}: = 2
- T |
. . . . . . . . . . oA
» Antiretroviral tedavi goren HIV ile yasayan kisilerin sistematik risk e
. T o Poerie
kategorizasyonunun eksikligi g

* Plazma lipidomik, metabolomik ve 16S mikrobiyom analizleri

« Ag analizi ve similarity network fusion algoritmasi ile SNF-1 (saglikh),
SNF-2 (siddetli risk) ve SNF-3 (hafif risk)

« Hastalik risk gruplar agisindan 6nemli metabolitler klinik parametreler ile N
iliskilendirildi. IR MR
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Prognostik —omiks temelli yapay zeka yazilimlar

 MLSeq, su anda RNA-Seq tabanli biyobelirtec

'é.i'zjcondUCtOI’ kesfi ve tahmin analizi icin en kapsamli aractir.

OPEN SOURCE SOFTWARE FOR BIOINFORMATICS

Home » Bioconducior 3.5 » Software Packages » MLSeqg

- o 17.764 farkli IP adresinden 34.035 indirme
Lais (21 Haziran 2025)

_.J.:'. downloads top 20% m

oot 01812985 biccrise [ (D * 93 makine 6grenimi modeli

Machine learning interface for RNA-Seq data

Bioconductor version: Release (3.5)

This package spplies several machine learning methods, including SWM, bagSvM, Random Forest and ° P I_ DA’ N B I_ DA’ VOO m D DA SI n I'ﬂ a n d I rI CI | a rl

CART, to RNA-Seq data.

Luthor: Gokmen Zararsiz, Dincer Goksuluk, Selcuk Korkmaz, Wahap Eldem, Izzet Parug Duru, Ahmet
Ozturk

Maintainer: Gokmen Zararsiz <gokmenzararsiz at hotmail.com=

g s/~ * SVM, RF vb. dahil olmak UGzere poptler makine
e Computer Methods and Programs in Biomedicine ;’ Ogrenimi SlnlflandlrIC”arl

Sl
prove berepemn

A comprehensive simulation study on
classification of RNA-Seq data

MLSeq: Machine learning intestace for RNA-sequencing daza "
[anicer Goksatik ~, Cokauen Zarares selcuk Korkmar = Vahup Exdem - L - o e e et
dde Btk Zacars Efdeney Ozcetin' Abettet Outurh Alwest Er ;-:;.'. -‘.:T“H 0 ey bt Tt § Ontnad 4 P v
. e
2  Derin 6grenme siniflandiricilari
o Abstract
- e e ey g - -
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Prognostik —omiks temelli yapay zeka yazilimlar
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voomDDA: Discovery of Diagnostic Biomarkers and Classification of RNA-Seq Data (ver. 1.5)
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(i)

omBLDA ard

., Chen

voomDDA: discovery of diagnostic
biomarkers and classification of
RNA-seq data

http://biosoft.erciyes.edu.tr/app/voomDDA

RNA-Soq » a recent and efficient techmique that wses the capabilitios of next

Gokmen ZARARSIZ AGUH 2025 Temel Egitim Programi


http://biosoft.erciyes.edu.tr/app/voomDDA

Prognostik —omiks temelli yapay zeka yazilimlar

Atag S ot
Astirma (niyer e

MLMS Webtool

@ Introduction
oo

o Upload Data

Train Data:
Train Data:

® Use Example Data 1 5@ Example Data 2
Upload Data Show 10 v entries Search:
Test Data: sampleNames groups X1.6.Anhydro, beta.D.glucose X1.Methy i idh X2.Aminobutyrate X2.Hyd
@ Use Example Data 1 Use Example Data 2
Upload Data 1 NETL_003_V2 control 38.47 12,55 15.03
2 NETL_017_V1 control 22.2 20.7 785
3 NETCR_025_V2 cachexic 16.95 114.43 2.53
PIF_113 cachexic 167.34 13
NETL_004a_V1 cachexic 4.71 1113 4338
€ PIF_1 cachexic 1 12 1.5
PIF_112 ontrol 2.8 10.38 8
8 F_178 cachexic 0.8 18
PIF_089 cachexic 123,97 81.45 55.15
10 NETL_00s_\Vi cachexic 59.74 50.91 6.82
Showing 1 to 10 of 53 entries evio 1 2 3 4 5 6 Next

Test Data:

Show 10 v entries Search:
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KKKAH hastalarinda metabolomik temelli ve yapay zeka temelli prognoz éngértisi
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Exploring free amino acid profiles in Crimean-Congo
hemorrhagic fever patients: Implications for disease
progression
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Calismaya KKKA tanisi almis 115 hasta, 20 KKKA negatif
birey ve 45 kontrol bireyi dahil edildi.

KKKA hastalarinin 18'i ICU olmak Uzere 16 hasta ex oldu.
Hedefli metabolomik yaklasimi ile amino-asit dizeyleri
kantitatif olarak elde edildi.

Arjinin, histidin, taurin, glutamik asit ve glutamin
metabolitlerinin prognostik &Gnemi
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Abstract

This study investigated the intricate interplay between Crimean-Congo hemorrhagic
fever virus infection and alterations in amino acid metabolism. The primary aim is to
elucidate the impact of Crimean-Congo hemorrhagic fever (CCHF) on specific amino
acid concentrations and identify potential metabolic markers associated with viral
infection. One hundred ninety individuals participated in this study, comprising
115 CCHF patients, 30 CCHF negative patients, and 45 healthy controls. Liquid
chromatography-tandem mass spectrometry techniques were employed to quantify

amino acid concentrations. The amino acid metabolic profiles in CCHF patients
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Veri seti %70 egitim, %30 test seti olarak iki parcaya ayrildi. Tum sure¢ 30 kez tekrar edildi.

» RFE ve Boruta yontemleri ile hastaligin prognozu ile iliskili metabolitler secildi.

« Sinif dengesizliginden dolayi yukari, asagi ve SMOTE &rnekleme ydntemleri uygulandi.

« Random forests, lasso, kNN, NSC, SVM ve XGBoost yontemleri ile ICU tahmin edildi.

i
« Rasgele sagkalim ormani, sagkalim lasso ve sagkalim XGBoost ile OS tahmin edildi.
* Model parametrelerinin optimizasyonu icin 10 tekrarli, 5 parca capraz gecerlilik.
cran/mlr3proba
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KKKAH hastalarinda metabolomik temelli ve yapay zeka temelli prognoz éngérisu

Stniflandirma modelleri:

» Egri altinda kalan alan (AUC)
= Dogruluk orani (ACC)

= Duyarhlk (SENS)

= Secicilik (SPEC)

= Pozitif kestirim degeri (PPV)

= Negatif kestirim degeri (NPV)
» Pozitif olasilik orani (LR+)

= Negatif olasilik orani (LR-)

Sagkalim modelleri:

= Harrell'in uyum indeksi (C-indeksi)
= Birlestirilmis Brier skoru (IBS)

= D-kalibreli skor

Degisken Onemliligi (Variable Importance):

* Her amino asidin yogun bakim ihtiyacini belirlemede
modelin  kestirim gucune katkisini  siralamak icin
degisken 6nem analizi yapildi.

Kestirim Egrisi (Predictiveness Curve):

* Olusturulan modellerin sonucu ne kadar iyi tahmin
ettigini gorsel olarak degerlendirmek icin kestirim
eqgrileri cizildi.
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KKKAH hastalarinda metabolomik temelli ve yapay zeka temelli prognoz éngérisu
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Yogun bakim yatis durumuna gore aminoasit diizeylerinin karsilastirilmasi

Prof. Dr. Gokmen ZARARSIZ AGUH 2025 Temel Egitim Programi



KKKAH hastalarinda metabolomik temelli ve yapay zeka temelli prognoz éngérisu

Prof. Dr. Gokmen ZARARSIZ
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Makine 6grenmesi modellerinin AUC diizeylerinin karsilastirilmasi
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KKKAH hastalarinda metabolomik temelli ve yapay zeka temelli prognoz éngérisu

;;;;;;;

Dengesiz seri seti
a b c d

=t =\

Yukari 6rnekleme uygulanmis veri seti

Prof. Dr. Gokmen ZARARSIZ

SMOTE uygulanmis veri seti
a b c d

Asagi 6rnekleme uygulanmis veri seti

AGUH 2025 Temel Egitim Programi

a. RF - RFE

b. LASSO - RFE

c. KNN - RFE

d. NSC - RFE

e. SVM - RFE

f. XGBOOST - RFE

g. RF - Boruta
ozellik secimi

h. LASSO - Boruta
ozellik secimi

i. KNN - Boruta
dzellik secimi

l. NSC - Boruta
bzellik segimi

m. SVM - Boruta
ozellik secimi

n. XGBOOST -
Boruta 6zellik
secimi



KKKAH hastalarinda metabolomik temelli ve yapay zeka temelli prognoz éngérisu

g
g

XGBOOST+BORUTA XGBOOST+BORUTA+SMOTE LASSO+BORUTA+SMOTE
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LASSO+BORUTA+UP
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1

RF+BORUTA+DOWN



KKKAH hastalarinda metabolomik temelli ve yapay zeka temelli prognoz éngérisu
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KKKAH hastalarinda metabolomik temelli ve yapay zeka temelli prognoz éngérisu

Variable importance (Random Survival Forest)
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Sagkalim makine 6grenme algoritmalarinin karsilastiriimasi RFSRC modeli degisken énemlilikleri
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KKKAH hastalidi ile ilgili devam eden projeler

Klinik laboratuvar verileri ile yapay zeka destekli kapsamli prognoz éngérusu

« KKKAH yag asidi ve organik asit profilinin ortaya konmasi

« Multi-omiks yaklasimi ile yapay zeka destekli prognostik kestirimlerin elde
edilmesi

* MAS-10® ile KKKAH hedef gbozetmeyen metabolomik profilinin ¢ikariimasi

* Kisiye 6zgu klinik ve metabolomik temelli ve yapay zeka destekli hasta takip
raporunun olusturulmasi
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Hassas Tip ve Ileri Analitik Arastirma Grub

Erciyes Universitesi Arastirma Dekanligi ARGEPARK Binasi —
Kdsk Mahallesi, Fakiilte ici Kiime Evleri, No:4, 38030 Melikgazi/Kayseri

Qe 903522076666 - 12500

https://avesis.erciyes.edu.tr/arastirma-grubu/pmaa/hakkimizda

m zararsizlab@erciyes.edu.tr

, @zararsizlab

m https://www.linkedin.com/company/zararsizlab/

r@ @zararsizlab
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