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* RECETOX

biomarkeru z omics
experimentu ! "




Cil kurzu

...podrobné seznamit posluchace s hlavnimi
principy analyzy dat z molekularnich 'omics
experimentu (mikroCipy, hmotnostni
spektrometrie, NGS,...), se zvlastnim dlrazem na
planovani experimentu a validaci vysledku pfi
detekci biomarkert.... a z nich odvozenych
modela.



Biologicky marker (biomarker):

Charakteristika, ktera je objektivné mérena a
hodnocena jako indikator normalnich
biologickych procest, patogennich procest nebo
farmakologickych odpovédi na terapeuticky
zasah.

biomarker?

Biomarkers Definitions Working Group (March 2001). "Biomarkers and surrogate endpoints: preferred
definitions and conceptual framework". Clin. Pharmacol. Ther. (Review). 69 (3): 89-95.




Biomarkerem

muze byt

i v

Molekula a jeji stav Aktivita bunék v Pfitomnost
(mutace DNA, konkrétnich mikroorganizmu
hodnota exprese oblastech (lymfocyty
miRNA, zvysena v invazivnim frontu
hladina proteinu...) nadoru)

+

Proces (zvysena Vyuziti jednotlivych
proliferace, U biomarker@ v
pritomnost stromalni rozhodovacim
reakce v nadoru, ...) PRAVIDLE

(modelu/testu)
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Jaké je riziko

onemocheéni u
zdravého jedince?

Zhorsuje se
nemoc?

/_ Jak bude nemoc
probihat?

V0| Biomarkery |

Jaka je Sance, ze se

nemoc vrati?

Bude terapie
uspesna?

Predikee



Co musi biomarker
(nebo model)
splnovat

Musi byt pouzitelny rutinné v praxi:

. . 7

* presny (dostatecné citlivy a dostatecné
specificky)

* robustni (co nejméné omezen technologii
meéreni)

* reproducibilni (obecné platny i na jiné
populaci se stejnymi charakteristikami nez
na té na které byl vytvoren)
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Archge,omics _
._Epigenomics
Morphomics
Toxicogenomics P Regulomics

Secretomics

Proteomics- -Genomics
Transcriptomics "

Orfeomics

Alternatomics
- Glycomics
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Interactomics

Vsechny “omics™?
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Data z omics experimentu

Moderni vysoce pokryvné molekularni technologie produkuji obrovske tabulky

komplexnich dat
MikrocCipy
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Data omics experimentu
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The Human
Genome Project

" Retézec genetickych kouski v zdsadé obsahuje
dlouho hledand tajemstvi lidského vyvoje,
fvziologie a mediciny. V praxi je nase schopnost
transformovat tyto informace do porozuméni
Zalostné nedostatecna ".

The Genome International Sequencing Consortium,
”Initial sequencing and analysis of the human genome,”

Nature 409: 860-921 (2001)
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sena?




Obsahuji mnozstvi Sumu (technicka i biologicka variabilita)

Nejsou skutecnymi hodnotami (koncentrace, pocty) sledovanych molekul

Pochazeji z komplexnich technologii, které byvaji velice citlivé na vnéjsi vlivy

Jejich predzpracovani pro statistickou analyzu je narocné a vysoce specifické pro dany typ platformy
Pocet vzorkl je mnohem mensi nez pocet sledovanych proménnych.

Zkoumané promeénné jsou casto korelované a maji mezi sebou komplexni vztahy (geny, proteiny...)

Specifika dat z omics
experimentu
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... analyza techto d:
vytvareni omics
biomarkerovych
modelu ma sva
specifika




Skandal na

Duke university

Severni Karolina, USA




2006 — Anil Potti, nadéjny veédec z Duke University publikuje
v Nature Medicine s kolegy clanek o biomarkerech
rezistence na chemoterapeutika v onkologii.

Genomickeé signatury byly odvozeny z analyzy exprese
(mikroCipy) senzitivnich a rezistentnich bunécénych linii,
vysledky validovany na pacientech.

Obrovsky ohlas, v roce 2006 ¢lanek zarazen mezi
“The Top 6 Genetic Stories of 2006”




:waw.nature.comfnaturemedicine

ARTICLES

namre,, .
medicine

Genomic signatures to guide the use of
chemotherapeutics

Anil Potti'?, Holly K Dressman’?, Andrea Bild'?, Richard F Riedel2, Gina Chan®, Robyn Sayer,
Janiel Cragun®, Hope Cottrill*, Michael ] Kelley?, Rebecca Petersen®, David Harpole®, Jeffrey Marks?,
Andrew Berchuck'®, Geoffrey S Ginsburg"?, Phillip Febbo'~, Johnathan Lancaster” &

Joseph R Nevins!~

Using in vitro drug sensitivity data coupled with Affymetrix microarray data, we developed gene expression signatures that predict
sensitivity to individual chemotherapeutic drugs. Each signature was validated with response data from an independent set of cell



2006 — Biostatistici K. Coombes, J. Wang
and K.A. Baggerly se snazi o aplikaci
signatur na data vyzkumnik( z jejich
univerzity, ovsem bez Uspéchu.

Aktivné konzultuji s autory ¢lanku.

Cim vice se nofi do dat, tim vice maji
pochybnosti o validité zavéru a
spravnosti samotnych dat!




2007 — Coombes a kol. publikuji v Nature Medicine dopis zpochybnujici Pottiho
vyzkum

(Coombes, Wang, Baggerly. Microarrays: retracing steps, Nature Medicine, 2007)

Reportuji tyto chyby:

tabulka se seznamem Autorsky SW (algoritmus),

vyznamnych genu a jejich Model rezistence na doxacel kterV Potti DOUZ VA, Dracuie s
sond obsahuje — podafrilo se zreprodukovat va\I/ida(”:nl’rai ; tes’éopvacinjﬁ
oznaceni senzitivnich a systematickou chybu (posun pouze 31 z 50 genl datv spoleiné. Po korekei
rezistentnich bunécnych linii o policko) — geny nesedi se publikovanych v ¢lanku, tétz CF;] b 'so.u wsledk
nesedi! sondami, po korekci tabulky ostatnich 19 bylo zfejmé . yDY 150U VySIeOKy
y. Y. 1 v v u validace klasifikatord Spatné
se podafrilo reprodukovat pridano rucné “aby byla _ na validaénich datech
pouze 3 ze 7 seznamu a validace Uspésna”

. . e témeér rovné nahodeé.
vysledku senzitivity




Blood (2006), NEJM
(2006), JCO (2007), Lancet
Oncology (2007), JAMA
(2008), PLOS (2008), PNAS
(2008), Clin Can Res (2009)

Mezitim vychazeji dalsi
clanky:

V roce 2009 jiz 212 citaci, V roce 2010 — Anil Potti

nékolik klinickych studii, obvinén z falzifikace
stovky lécenych pacientu vysledkl a vySetrovan

Trva 4 roky a mnoho usili,
nez jsou chyby uznany a
clanky stazeny!




ANIL POITTI

CASHEROGRESSION

JULY [=nd JAN 23
2010 z n‘l 5
LY Potti resigns
LAWSUIT SET

Vice info: https://ori.hhs.gov/content/case-summary-potti-anil



Jak skandal zmeénil svet omicsoveho
vyzkumu

Cervenec 2010 — feditel National Cancer
Institute (NCI) Harold Varmus obdrzel
dopis od vice nez 30 statistikl a
bioinformatikl, ve kterém vyjadrili své
obavy nad pouZzitim nékolika test(
zalozenych na genové expresi, které se
pouzivali v jiz probihajicich klinickych
studiich na Duke University k predikci
odpovedi na chemoteranpii.

V dusledku vznikla komise Institutu
mediciny (IOM), cilem které bylo sepsani
doporuceni pro vyvoj testl z
omicsovych studii



Evolution of Translational Omics: Lessons Learned and the

— Fath Forward
OMICS

Christine M. Micheel, Sharly J. Nass, and Gilbert 5. Omenn, Editors;

%ﬂmﬁ Committee on the Review of Omics-Based Tests for Predicting Patient
Outcomes in Clinical Trials: Board on Health Care Services: Board on
gﬂfEF'EE'EE Health Sciences Policy: Institute of Medicine

PAPERBACK (2012)

|IOM (Institute of Medicine). 2012. Evolution of Translational Omics: Lessons Learned and
the Path Forward. Washington, DC: The National Academies Press.



PERSPECTIVE

doi:10.1038/naturel2564

Criteria for the use of omics-based
predictors in clinical trials

Lisa M. McShane', Margaret M. Cavenagh', Tracy G. Lively', David A. Eberhard?, William L. Bigbee?, P. Mickey Williams®*,
Jill P. Mesirov®, Mei-Yin C. Polleyl, Kelly Y. Kim!, James V. Tricolit, J eremy M. G. Taylorf’, Deborah J. Shuman®, Richard M. Simon’,

Tames H. Doroshow! & Barbara A. Conley?

The US National Canc
‘omics’-based test d
omics-based tests foi
mathematical model
encouraged to consic
checklist will be use
therapy.

Clinical Chemistry 60:10
12561257 (2014)

Perspective

Where Are All the New Omics-Based Tests?

Patrick M. Bossuyt'”

“Why?” is the inevitable question. Why have so few bio-
markers made it to everyday clinical care? Why, despite
billions of dollars worldwide in omics-based research? We
have been promised multiple breakthroughs, and numer-
ous biomarker discoveries have been announced, but it is
fair to say that, up to this day, clinical medicine has not

issues. A working group then developed a checklist on
the basis of the key principles in the [OM report and the
results of the NCI workshop (2). A short version ap-
peared in Nature last year, and a version with a longer

explanation and elaboration was published in BMC
Medicine (3).

Y wol pspeojumo



|OM komise:
Specifika testu
zalozenych na
omics

Testy na bazi omics a ve skutecnosti vSechny
klinické laboratorni testy podléhaji odliSnému
regula¢nimu ramci nez léky

Absence jasného biologického zdlivodnéni na
rozdil od vétsSiny ostatnich klinickych
laboratornich testl zaloZzenych na jediném
analytu

Slozitost omicsového vyzkumu ztézuje sdileni
komplexnich datovych souborti a vypocetnich
modell, coZz omezuje schopnost ostatnich
védcl replikovat a ovérovat zjisSténi a zavéry
téchto studii




Biologické zduvodnéni testu s jednim analytem je casto

zcela zrejmé: Test je uziteCny, protoze gen, RNA, protein
nebo metabolit hraje pochopitelnou roli v patologii
onemocneéni nebo jiném vysSetrovaném biologickém

Absence jasneho procesu.
biologického

I“ oduvodnéni testu
omics biomarkert

Ptiklady:
Testovani karcinomu prsu lidskym Méreni hladiny cholesterolu
epidermalnim rastovym faktorem 2 lipoprotein( s nizkou hustotou (LDL)

(HER2) pro hodnoceni srdec¢niho rizika




Absence jasneho
biologického
oduvodnéni testl
omics biomarkeru —
proc je to problem

Kdyz se neda test zalozeny na omics
viomarkerech biologicky odUvodnit,
jeoto duIe2|teJS| ho spravné
VYTVORIT a poté spravné VALIDOVAT,
aby byla zajisténa veédecka
spolehlivost!

Z duvodu vyssiho rizika
,pretrénovani” téchto testu je
potreba prisnych kritérii, validace a
odpovednosti jesteé vyssi nez u
samostatnych testu zaloZzenych na
biomarkerech.



K dispozici jsou databazové ulozisté pro soubory
omicsovych dat, ale sdileni dat neni rutinni a bez
pristupu k datdm a presné definovanému
vypocetnimu modelu je replikace a ovéreni obtiznéjsi
nez pro biomarkery zaloZzené na jednotlivych
analytech.

=
-—

| kdyZ nezavislé validacCni studie jsou drahé, potreba
replikace v omicsovych studiich je nutna vzhledem ke
sloZitosti dat, které mohou vést k chybam (od
jednoduchych chyb spravy dat az po nespravné
navrzené vypocetni modely).

Problém (ne)

sdileni komplexnich
datovych souboru a
vypocetnich modelu

Tato Uroven slozitosti neexistuje pro vyzkum, vyvoj a
validaci testl s jednim biomarkerem.




Doporuceni IOM komise pro vyvoj testu zalozenych na
omicsovych datech

Discovery and Test Validation Stage Evaluation for Clinical Utility and Use Stage
Discovery Phase Test Validation Phase Three Potential Pathways (IRB Approval and FDA Consultation)
IRB Approval and Prospective/ Prospective Prospective
Consultation with the FDA B Retrospective Clinical Trial; Clinical Trial;
| Study with Test Does NOT Test Directs
R Archived Direct Patient Patient
: | Specimens Management Management
Define o
= ] Clinical/ G i | E
Clinical Analytical Biological H R e
i i eeded:
Confirmation of Candidate Test Validation Validation A
Omics-Based Test using: Method Using No No Yes
1. Anindependent Blinded L
Sample Set If Sample Set B FDA Approval/Clearance or LDT Process for Clinical Test
Available (preferred); | M T, ' .................................................... ' ........................ 3 . l
OR N : Additional High Quality Evidence to Evaluate Clinical Utility of the Test
Z' ﬁ subset thhe . E T, * .................................................. + ....................... n . + .
Training Set NOT Defined, Validated, and Locked Down Test 3 : S— -
Used During Training (Intended Use, Assay, Computational ; Practice Guidelines and Reimbursement
(less pl‘eferred). procedures, and lnterpretatlon Crlterl a) .........................................................................................................
................................................................ Clinical Use
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Uprava omicsovych
dat do podoby, kdy je
mozna derivace
biomarkeru trva
podstatne dele nez u
jinych dat

Data obsahuji velké mnozstvi technického i
biologického Ssumu, ktery je nutné odstranit

Protoze jedno spusténi pristroje obvykle neni
schopno analyzovat vsechny vzorky, vytvari se
nezadouci matouci efekty (efekty davky), které
je nutno odstranit

Technologie jsou velice nové (a vznikaji stale!)
a algoritmy pro optimalni zpracovani jejich dat
se vytvareji a testuji i 5-10 let - neexistuji zlaté
standardy a mnohé implementace jsou plné
chyb



- ProcC jsou
Se omicsova data
problematicka?




Obsahuji mnozstvi Sumu (technicka i biologicka variabilita)

Nejsou skutecnymi hodnotami (koncentrace, pocty) sledovanych molekul

Pochazeji z komplexnich technologii, které byvaji velice citlivé na vnéjsi vlivy

Jejich predzpracovani pro statistickou analyzu je narocné a vysoce specifické pro dany typ platformy
Pocet vzorkl je mnohem mensi nez pocet sledovanych proménnych.

Zkoumané promeénné jsou casto korelované a maji mezi sebou komplexni vztahy (geny, proteiny...)

Specifika dat z omics
experimentu






RISE OF THE RETRACTIONS

In the past decade, the number of retraction notices has shot up 10-fold (top), even as the literature
has expanded by only 449, It is likely that only about half of all retractions are for researcher
misconduct (middle). Higher-impact journals have logged more retraction notices over the past decade,
but much of the increase during 2006-10 came from lower-impact journals (bottom).
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Read more about retractions:

go.nature.com/2uweck
*Not shown: Acta Crystallographica E saw 81 retractions during 2006=10

8 300 cumm Web of Science notices T I F

Podil ¢lanku stazenych
z tisku se zvysuje

Za analyzovanou dekadu vzrostl pocet ¢lanki pouze o0 44%,
pocet retrakei ¢lanki se zvysil desetinasobné!

Pouze 0.02% clanki je stazeno z tisku!

Van Noorden, R. (2011) Science publishing: The trouble with retractions. Nature. 2011 Oct 5;478(7367):26-8.



Duvody stazeni publikaci

Analyza 2,047 stazenych biomedicinskych a prirodovédnych

- védeckych c¢lanki

A 0 B FraudSuspected Fraud

- Il Error Nejcastéjsi divod: podvod (nebo podezreni z podvodu):

[ Plagiarism 43.4%
Duplicate Publication

g 30- [ Owp
£ 21.3% ¢lanki bylo stazeno kviili ¢estné chybé (honest
E 2004 : error)

1004

Az 31.8% clanki, které byly stazeny ziistali neoznaceny

VétSina autort své stazené ¢lanky stale cituje...

Adapted Figure 1 from Fang et al. (2012) Misconduct accounts for the majority of retracted scientific publications. PNAS 2012 Oct 16; 109(42):17028-170:
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Research ethics

Retractions in the medical literature: how many
patients are put at risk by flawed research?

R Grant Steen

Bylo analyzovano 180 primarnich a 851 odvozenych klinickych studii, které
byly provedeny na zakladé vyzkumu ze stazenych publikaci.

U 180 primarnich studii bylo 1éceno 9189 pacientti (z vice nez 28 tisic)
U 851 odvozenych studii bylo 1é¢eno 70 501 pacientii (z vice nez 400 tisic)

Studie, které byly stazeny pro podvod, 1é¢ily statisticky vyznamné vice pacienti,
nez studie, které byly stazeny pro chybu.
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Microbiome analyses of blood and tissues suggest
cancer diagnostic approach
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Systematic characterization of the cancer microbiome provides the opportunity to develop
techniques that exploit non-human, microorganism-derived molecules in the diagnosis of a

major human disease. Following recent demonstrations that some types of cancer show

substantial microbial contributionst-2-3436.78.210 l\ye re-examined whole-genome and whole-

transcriptome sequencing studies in 1he Cancer Genome AtlasZ (TCGA) bf 33 types of

cancer from treatment-naive patients (a total of 18,116 samples) for microbial reads, and

found unique microbial signatures in tissue and blood|within and between most major types

of cancer. These TCGA blood signatures remained predictive Wwhen applied to patients with
stage la-Ilc cancer and cancers lacking any genomic alterations currently measured on two
commercial-grade cell-free tumour DNA platforms, despite the use of very stringent

decontamination analyses that discarded up to 92.3% of total sequence data. In addition, we

could discriminate among samples from healthy, cancer-free individuals (n = 69) and those
from patients with multiple types of cancer (prostate, lung, and melanoma; 100 samplesin

total) solely using plasma-derived, cell-free microbial nucleic acids. This potential

microbiome-based oncology diagnostic tool warrants further exploration.



Fig. 3: Classifier performance for cancer discrimination using mbDNA in blood and as

a complementary diagnostic approach for cancer ‘liquid’ biopsies.
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a, Model performance heatmap analogous to Fig. 1f-h to predict one cancer type versus all others

using blood mbDNA with TCGA study IDs on the right (Extended Data Fig. 1a); at least 20 samples were


https://www.nature.com/articles/s41586-020-2095-1
https://www.nature.com/articles/s41586-020-2095-1
https://www.nature.com/articles/s41586-020-2095-1
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Caution regarding the specificities of pan-cancer bioxRiv

microbial structure Posted January 18, 2023.

Abraham Gihawi'*, Colin S. Cooper' and Daniel S. Brewer'?

Abstract

Results published in an article by Poore et al. (Nature. 2020;579:567-574) suggested that machine learning models can almost
| perfectly distinguish between tumour types based on their microbial compositior] using machine learning models. Whilst we
believe that the-re is the potential for microbial compaosition to be used in this manner, we have concerns with the paper that
make us question the certainty of the conclusions drawn. We believe there arg issues in the areas of the contribution of con-
tamination, handling of baich effects, false positive classitications and LUmitations in the machine learning approaches used.|
This makes it difficult to identify whether the authors have identified true biological signal and how robust these models would
be in use as clinical biomarkers. We commend Poore et al. on their approach to open data and reproducibility that has enabled

this analysis. We hope that this discourse assists the future development of machine learning models and hypothesis genera-
tion in microbiome research.




Most models do not perform any better than models constructed using no information 0GY

DOl 101099/ .0.001088 o1 OPEN
mgen 5DATA GACCESS

Models pronounce nonsensical genera are informative of tumour type

Yelarivirus Cenilancer - Grpevineismaturaibost®)l 3 [f| - The models are trained on unbalanced data bioxRiv

Tritimovirus Colon Cancer Known to infect cereals[9]

Dinovernavirus V Renal Clear Cell Contains insect viruses[10] POStEd Januar}f I 8’ 2023
Carcinoma

Bacillarnavirus Lung Squamous Infects algae[11] [ S BI'EWEF"z

Cell Carcinoma

Rymovirus Ovarian serous Infects species of grass[12]

Ignicoccus Prostate Identified in marine
hydrothermal vents[13]

Salinimicrobium Testicular Cancer  Halophilic genus identified from 3ture. 2020,579:567-574) suggested that machine learning models can almost
. ; . el ied on their microbial composition using machine learning models. Whilst we

| holieve that there ic the nntential far mirrnhial composition to be used in this manner, we have concerns with the paper that
Potential for read misclassification |ons drawn. We believe there are issues in the areas of the contribution of con-
sitive classifications and limitations in the machine learning approaches used.
This makes it difficult to identify whether the authors have identified true biological signal and how robust these models would
koo es e allnleal blosmaclace e cavmenan o Desco ot ol anthole soncans bt=a=gen data and reproducibility that has enabled

Normalization introduces variance and permits modelling |ine learning models and hypothesis genera-
I
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THE PREPRINT SERVER FOR BIOLOGY

Abstract

The cancer microbiome field tremendously accelerated following the release of our
manuscript nearly three years ago!, including direct validation of our cancer type-
specific conclusions in independent, international cohorts?:* and the tumor

Cenfirmatory Results A Follow this preprin microbiome’s adoption into the hallmarks of cancer®. Disentangling contamination

[ Reply to: Caution Regarding the Specificities of Pan-Cancer Microbial Structure [ signals from biological signals is an important consideration for this research field.

Gregory D. Sepich-Poore, Evguenia Kopylova, Qiyun Zhu, Carolina Carpenter, Serena Fraraccio, Stephen Wandro Therefo re, des pite numerous, h 19 h-im pact, peer- reviewed research papers that either

Tomasz Kosciolek, Stefan Janssen, Jessica Metcalf, Se Jin Song, Jad Kanbar, Sandrine Mille-Montgomery,
Robert Heaton, Rana Mckay, Sandip Pravin Patel, Austin D Swafford, Rob Knight

doi: https/doi.org/ 10,1 101/2023.02.10.528049 considered criticism raised by Gihawi et al. about potential mishandling of

This article is a preprint and has not been certified by peer review [what does this mean?].

validated our conclusions or extended them using data we released?> 13Jwe carefully |

cohtaminants, batch effects, and machine learning approaches—all of whichjwere

ENERCDNENERERER central topics in our manuscript. Nonetheless, a close examination of each concern

Abstract | Full Text | Info/History  Metrics 0 Preview PDF alongside the original manuscript and re-analyses of our published data strongly

demonstrates the robustness of the original findings. To remove all doubt, howeer,
we have reproduced all key conclusions from the original manuscript using only
Posted Februar}r |3, 2023. overlapping bacterial genera identified in a highly decontaminated, multi-cancer,
international cohort (Weizmann Institute of Science, WIS)?Z, with or without batch

correction, and with multiclass machine learning analyses to mitigate class

imbalances. Our published pan-cancer mycobiome manuscript® also affirms these

findings using updated, state-of-the-art methods. We also note that every analysis

shown here was possible using public data and code that we had already provided.
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THE PREPRINT SERVER FOR BIOLOGY

Contradictory Results A Follow this preprint We re-analyzed the data from a recent large-scale study that reported strong
Major data analysis errors invalidate cancer microbiome findings correlations between microbial organisms and 33 different cancer types, and that
(% Abraham Gihawi,Yuchen Ge, Jennifer Lu, Daniela Puiu, Amanda Xu, Colin 5. Cooper, Daniel S. Brewer, created machine Iearr'“ng pred|ct0rs with near-pe rfect accu racy at d|st|ng L“sh”"]g

Mihaela Pertea,@ Steven L. Salzberg

doi: https/doi.org/10.1101/2023.07.28.550993 among cancers. We found at least two fundamental flaws in the reported data and in

This article is a preprint and has not been certified by peer review [what does this mean?].

he methods: (1) errors in the genome database and the associated computational

ENERNCAIEN ERIENEE

Abstract Full Text Info/History Metrics [3 Preview PDF

methods led to millions of false positive findings of bacterial reads across all samples,

largely because most of the sequences identified as bacteria were instead human; and

(2) errors in transformation of the raw data created an artificial signature, even for

Posted July 31,2023.

microbes with no reads detected, tagging each tumor type with a distinct signal that

the machine learning programs then used to create an apparently accurate classifier.

Each of these problems invalidates the results, leading to the conclusion that the

microbiome-based classifiers for identifying cancer presented in the study are entirely|
wrong. These flaws have subsequently affected more than a dozen additional

published studies that used the same data and whose results are likely invalid as well.




() Zapamatujme si:
O Biomarkery z omicsovych dat

Jsou casto komplexni: Pochazeji z dat:

Slozené z vice charakteristik (vice gend, zatizenych vyznamnym technickym Sumem z
proteind...) raznych zdrojl
Bez jasné definovaného biologického analyzovanych metodami, které nejsou
zdUvodnéni standardizované

které jsou pouze korelované s mérenou
proménnou (napf. nejsou koncentrace ani pocty
molekul)

které jsou komplexni a obtizné se sdileji



Co dal?

* \V prubéhu semestru si ukazeme
hlavni principy hledani
jednotlivych biomarkert a na
nich zaloZzenych modell (testa),
s dlrazem na reproducibilitu,
robustnost a validaci

* VSe budeme ilustrovat na
konkrétnich prikladech z praxe

* Budete mit moznost
konzultovat vlastni experimenty




