AEITOUPYIKN YOVIOIWUATIKN



AgLt. FOVISLWHOTLKD

AEITOUPVIKN YoVIOIwWPATIKA: TI gival

[MpooTraBei va KaTavornoel TIG AEITOUpPYiEC TwV BIOAOYIKWY PJopiwy, O€
ETTITTEO0 OAOKANPOU TOU YOVIOIWMUATOG.

[ivovTal JETPAOEIC YIa TO OUVOAO TwV YoVIOiwYV, OE MIQ CUYKEKPIYEVN
OTIYUN 1N KaTAoTOON.

APXIKQ, Ol HETPNOEIG YivovTav yia Eva BIOPOPIO. ZAMEPA MEAETAUE TNV
OUMTTEPIPOPA OAOKANPOU TOU CUCTIMATOC.

H pueAETN TNG PETAYPOAEPNG TOU CUVOAOU TWV YoVIQiwv ovopadeTal
METAYPAPWMATIKN N transcriptomics.



AgLt. FOVISLWHOTLKD

Transcriptomics

Expressed sequence tags (ESTs)

Serial analysis of gene expression (SAGE)
MikpoouaoTolxiec (microarrays)

RNA-seq (whole transcriptome shotgun sequencing)



MRNA abundance ratios versus protein-abundance ratios.

protein abundance ratio (log 10)

protein abundance ratio (log 10)

Griffin T J et al. Mol Cell Proteomics 2002;1:323-333

mRNA versus protein abundance ratios, Gal/Eth

GAL3
.

0
mRNA abundance ratio (log1o)

Differentially expressed genes, Gal/Eth

*e
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R 0 1
mRNA abundance ratio (log1o)




AlapopIKN EKPPACN YOVIOIWV

Microarrays & RNA-Sequencing



MIKPOOUGOTOIXIEC
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RNA-SEQ

low-quality reads ==

v

I FASTQ files l

corrupted FASTQ files

-

reads with uncalled bases P

Quality control

FASTQC & FASTX
\.

) Contamination:

= - Bacterial (Vertebrates);

o - Microbes and Fungi (Plants)

NNACGANNNN

f

Reference genome
(FASTA format) X

Alighment
HISAT2

GTF/GFF file
with gene model
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[ BAM/CRAM files ](
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Gene expression

quantification
featureCounts
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BASELINE EXPRESSION

[ Quantile normalization ]
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DIFFERENTIAL EXPRESSION

Differential
analysis
DESeq2




Reference assembly/alignment

EmavaAnyn 1 Movadikr trepioxn 1 EmavaAnyn 2 Movadikr Treploxn 2 EmravaAnyn 3
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Short read aligners

Bowtie
BWA
STAR

RPKM — Reads per
kilobase million

FPKM — fragments per
kilobase million

TPM - Transcripts per
million (TPM)

Reference assembly

Sample A Reads Sample B Reads
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Log2

Av 1O yoVidlo ekppaleTal TTEPICCOTEPO OTNV A cUVBAKN (KOKKIVI XPWOTIKA)
atrd o1 oTnVv control (TTpdoivn XPWOTIKN), TOTE 0 AOyog auvBnikn_A/control
(KOKKIVN/TTpAOIvN) Ba civar A>1, aANiwg o€ avTiBeTn TTepiTrTwaon 0<A<1.

Av 1O yovidlo ekppaleTal e OITTAACIO £vTaon 0TV ouvenkn A, o€ oxEon JE
TNV ouvonkn control, TOTE 0 AOyog Ba cival A=2.

Av 1O yovidlo ek@padleTal UE TN MIOT €viaon OoTnv ouvelnkn A, o€ oxéon Pe
TNV ouveOnkn control, ToTe 0 Adyog Ba gival A=0.5.
MeTtaTtpEtrovtag Toug AOyoug ae log,, EXOUE:

— A=2 -> log,A=1

— A=0.5 -> log,A=-1

— Me tnv Kavovikotroinan o€ log, Ta dedopéva yivovTal CUPMPETPIKA.



Log Mean Signal

Kowvovikorotnon KALLOKOLG
Scale normalization

|
T
—

T T | | | T T T | |
3 4 5 6 7 8 9 10 11 12

Channel

Data after Median Centering and Scale
Normalizing




YTreP/UTTO-EK@PPOON

» [10T1E Bewpoupe OTI Eva yovidlo UTTEP/UTTO-eK@PAleTal OE UIA
OUYKEKPIMMEVN OUVONAKN.

— Log,A > 1 i Log,A < -1 (d1ITTAGO10/UTTODITTAGCIO EKQPAC OE OXEON WE TN
ouvenkn control).

— Me oTaTioTikEG HEBODOUC (t-test, ANOVA).



Volcano Plot

double
filtering

double
filtering

FC only

FC only
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Ouadotroinon yovidiwv/ouvonkwy
UE TNV 1010 CUUTTEPIPOPA.

XpelalOPaoTe aApKETA anueia (OIaQOPETIKEC OUVONKES 1 XPOVIKEC
OTIYMEG)

Me ueBddouc aTTooTAcEWY, OTTOU OI UETPHOEIC EVOC yovidiou yia
OIAPOPETIKEC OUVONKEC aTTOTEAOUV £va dIAVUC Q.

YT1roAoyidoupe atToOOTACEIC METAEU DIAPOPETIKWY OIAVUOUATWY
(yovidiwv).

— EukAcgidia amréoTtaon

— 2UVTEAEOTNAG ouoxETiong Pearson (Pearson correlation
coefficient).

— Anuioupyeital Tivakag atTooTACEWY METAEU TWV YOVIOIWV.

— To avTioToIXO MTTOPEI va YivEl Kal YIa VO OJAdOTIOINCOUME KOIVEG
OUVONKEG.



O Distance Measures in Data

Science

The advantages and pitfalls of common distance measures
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Distance Measures. Image by the author.

towardsdatascience.com




Conditionl |Condition2
Genel 1 -3
Gene2 _7 2
Gene3 2 1
Gened 10 10
Gene5 _2 9
Geneb -6 6
Gene7 2 1
Gene8 -3 -8
Gene9 _10 0
Genel0 _2 4
Genell _2 _2
Genel2 -6 ~10
Genel3 2 -8
Geneld -7 -9
Genel5 -6 4
Genelb6 -5 2
Genel?7 8 _2
Genel8 2 9
Genel9 _3 _1
Gene20 10 4

Conditionl |Condition2 |Condition3 |Condition4 |Condition5
Genel 1 -3 10 0 0
Gene2 _7 _2 -1 10 -8
Gene3 2 1 9 -9 5
Gene4 10 10 -4 0 -9
Gene5 _2 9 _7 0 7
Geneb _6 6 _5 -3 9
Gene?7 2 1 8 _1 2
Gene8 _3 _8 21 _6 2
Gene9 ~10 0 9 6 0
Genel0 2 4 5 _7 -6
Genell _2 _2 0 -9 10
Genel2 _6 ~10 _5 8 5
Genel3 2 _8 1 _1 2
Genel4 _7 -9 _7 1 1
Genel5 -6 4 -8 _1 -6
Genelb6 -5 2 _5 8 -8
Genel7 8 _2 _7 0 2
Genel8 2 9 -9 9 3
Genel9 -3 _1 7 _1 6
Gene20 10 4 3 -3 -1
Conditionl |Condition2 |Condition3 |Condition4 |Condition5
Genel 1 -3 10 0 0
Gene2 _7 2 -1 10 -8
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Condition3

Condition4

Condition5
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0

0

Gene?2

2

-1

10

-8

Genel |Gene2
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Conditionl |Condition2
Genel 1 -3
Gene2 _7 _2
Gene3 2 1
Gened 10 10
Gene5 2 9
Geneb -6 6
Gene7 2 1
Gene$8 -3 -8
Gene9 ~10 0
Genel0 2 4
Genell 2 2
Genel2 -6 ~10
Genel3 2 -8
Genel4 7 9
Genel5 -6 4
Genel6 _5 2
Genel?7 8 2
Genel8 2 9
Genel9 -3 _1
Gene20 10 4
Conditionl |Condition2 |Condition3 |Condition4 |Condition5

Conditionl

Condition2

Condition3

Condition4

Condition5




®uloyéveon

UPGMA

A B C
B 0.40
C 0351045

D | 0.60 070 ] 0.55

1. Using a distance matrix involving four taxa, A, B, C, and D, the
UPGMA method first joins two closest taxa together which are A and

C (0.35 in grey). Because all taxa are equidistant from the node, the
branch length for A to the node is AC/2 = 0.35/2 = 0.175.

0.175

E :\

0.175

2. Becsuse A and C are joined into a cluster, they are treated as one
new composite taxon, which is used to create a reduced matrix. The dis-
tance of A-C cluster to every other taxa is one half of a taxon to A
and C, respectively. That means that the distance of B to A-C is (AB +
BC)/2; and that of D to A-C is (AD + CD)/2.

AC B

B |04+0.48

- ">
. = 0,42

13
D 0.5 .,+ 0.6 -

0.575] 0.70




®uloyéveon

UPGMA

A-C B

= 04258

B 0.4+ 045
Y

p |035+0.6 o2z 0.70

)
-

3. In the newly reduced-distance matrix, the smallest distance is
between B and A-C (in grey), which allows the grouping of B and A-C

to create & three-taxon cluster. The branch length for the B is one half
of B to the A-C cluster.

0.175
A
0.175 ¢
B
04252 =0212



UPGMA

4, When B and A-C are grouped and treated as a single taxon, this allows
the matrix to reduce further into only two taxa, D and B-A-C. The dis-
tance of D to the composite taxon is the average of D to every single
component which is (BD + AD + CD)/3.

B-A-C

=0.617

D |0.7+0.6+0.55
L

]

5. D is the last branch tc add to the tree, whose branch length is one
half of D to B-A-C.

0.175

A

C

D
0.6172=0.300

6. Because distance trees allow branches to be additive, the resulting
distances between taxa from the tree path can be used to create a
distance matrix. Obviously, the estimated distances do not match the
actual evolutionary distances shown, which illustrates the failure of
UPGMA to precisely reflect the experimental observation.

®uloyéveon

A B C A B C
B |042 B | 040
C [035]042 C | 035|045
D 0.62]0.62 | 0.62 D 0.60 | 0.70 | 0.55




OpuadoTtroinon

Ohr|1hr|2hr|3br|4dhrShr
GeneA| 1 | 4|86 | 8| 8|6
GeneB| 1 |06|03|01]|03]|04
GeneC| 1 2| 4 4 3|3
GeneD| 1 | 15| 2 2 |1
GeneE| 1 | 1 [05]|02]|01]02
GeneF| 1 |03|01|02| 03|04
|Gene B/Gene C|Gene D|/Gene E|Gene F
GeneA| 082 | 096 | 065 | 068 | -0.79
Gene B 085 | 086 | 066 | 067
Gene C 0.70 | 065 | 087
Gene D 041 | 072
Gene E 0.26

conversion of coefficients
1o positive distance values

|Gene B|Gene C|Gene D|Gene E Gene F
GeneA| 182 | 004 | 035 | 168 | 1.79
Gene B 185 | 186 | 034 | 033
Gene C 030 | 165 | 1.87
Gene D 1.41 1.72
Gene E 0.74

conver 1o false
colors

=
AN

logs
conversion

calculating Pearson
correlation
cocfficients
between genes

<

herarciucal
clustenng

m—

Gene A
Gene B
Gene C
Gene D
Gene E
Gene F

Time (hr)

Gene E

Ohr|1hr{2hr/3hr|4dhr|Shr
GeneA| 0 | 2 |26| 3 |26]|26
GeneB| 0 |-07|-17|33|-17|13
GeneC| 0 1 2 2 |16]|186
GeneD| O |06] 1 |16 1 0
GeneE| 0| 0 | -1 |-23|-33|-23
GeneF| 0 |-1.7|33|-23|-1.7|-13

Time (hr)
012345
Gene A
—1 !GeneC
Gena D
Gene B
—{:GeneF




OvToAoviec

www.qgeneontoloqgy.org

EAeyxOpevo ACIAGYIO IO TNV TTEPIYPAPH TWV IDIOTATWYV TWV YOVIQIiWV
KAl TWV TTPWTEIVWV.

[Mepiypa@ouyv:
— Moplakég Asitoupyieg Tou Blopopiou (1 A TTEPICCOTEPEG).
— BioAoyikég d1adIkaaieg OTIC OTTOiEC EUTTAEKETAI TO Blopoplo (11
TTEPIOOOTEPEG).
— Kuttapikd diauépIopa oTo OTToio ouvavTaTal 1o Blopopio (1 R
TTEPICOOTEPQ).



Gene ontology

REVIEWS

‘Use and misuse of the gene ontology
annotations

Seung Yon Rhee*, Valerie Wood*, Kara Dolinski® and Sorin Draghici'

Abstract | The Gene Ontology (GO) project is a collaboration among model organism
databases to describe gene products from all organisms using a consistent and computable
language. GO produces sets of explicitly defined, structured vocabularies that describe
biological processes, molecular functions and cellular components of gene products in both
a computer- and human-readable manner. Here we describe key aspects of GO, which, when
overlooked, can cause erroneous results, and address how these pitfalls can be avoided.




OvTtoAoyiec: H dopn Toug

AgiyVvel TIC OXETEIC ETALU
TWV OIAPOPETIKWY OPWV.

‘Evag 6po¢ utropei va
QTTOTEAEI TTIO
€CEIDIKEUPEVN TTEPIYPOADPN)
EVOG AAAOU Opou.

Eival kateuBuvoueva
OKUKAIKG ypagruara
(DAG).

Mapopola ue IEpapyieg.

H diagopa cival 011 €vag

KOMPBOG-aTTOyovVOoS JTTOPEI

Va EXEI TTEPIOOOTEPOUG
atrd £vav TTPoyovoud.

a Simple hierarchy b Directed acyclic ¢ Graph
graph = DAG
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Nature Reviews | Genetics
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OvtoAoyiec: H dopr) Toug

*  Oewpoupe OTI av o€ £va BIOPOPIO AVTIOTOIXEI Eva OPOG-ovToAoyia, TOTE
O€ auTO TO BIOUOPIO AVAKOUV Kal OAOI Ol TTPOYOVOI TOU OPOU-OVTOAOYIOG.
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Gene ontology

NATURE REVIEWS | GENETICS

REVIEWS

Parent

Increasing
specificity
and/or

granularity

Child

VOLUME 9 [ JULY 2008 | 509
© 2008 Macmillan Publishers Limited. All rights reserved.

< Biological
process (root)

’ .
A}
1

’
U
y Y
Transport Membrane organization
and biogenesis

Vesicle-mediated

transport

part_of \ / is_a

Vesicle fusion

Membrane fusion

Figure 1| Simple trees versus directed acyclic graphs. Boxes represent nodes and arrows represent edges. a |An
example of asimple tree, inwhich each child has only one parent and the edges are directed, that is, there is a source
(parent) and a destination (child) for each edge. b | A directed acyclic graph (DAG), in which each child can have one or
more parents. The node with multiple parents is coloured red and the additional edge is coloured grey. ¢ | An example of
anode, vesicle fusion, in the biological process ontology with multiple parentage. The dashed edges indicate that there
are other nodes not shown between the nodes and the root node (biological process). A root is a node with no incoming
edges, and at least one leaf (also called a sink). A leaf node is a node with no outgoing edges, that is, a terminal node with
no children (vesicle fusion). Similar to a simple tree, A DAG has directed edges and does not have cycles, that is, no path
starts and ends at the same node, and will always have at least one root node. The depth of a node is the length of the
longest path from the root to that node, whereas the height is the length of the longest path from that node to a leaf*.
is_a and part_of are types of relationships that link the terms in the GO ontology. More information about the
relationships between GO terms are found online (An Introduction to the Gene Ontology).



Gene ontology

Table 1 | Evidence codes used by GO

Evidence Evidence code description Source of evidence Manually Current number
code checked of annotations*
IDA Inferred from direct assay Experimental Yes 71,050
IEP Inferred from expression pattern Experimental Yes 4,508
IGI Inferred from genetic interaction Experimental Yes 8,311
IMP Inferred from mutant phenotype Experimental Yes 61,549
IPI Inferred from physical interaction Experimental Yes 17,043
ISS Inferred from sequence or structural similarity = Computational Yes 196,643
RCA Inferred from reviewed computational analysis Computational Yes 103,792
IGC Inferred from genomic context Computational Yes 4
IEA Inferred from electronic annotation Computational No 15,687,382
IC Inferred by curator Indirectly derived from experimental or computational Yes 5,167
evidence made by a curator
TAS Traceable author statement Indirectly derived from experimental or computational Yes 44,564
evidence made by the author of the published article
NAS Non-traceable author statement No ‘source of evidence’ statement given Yes 25,656
ND No biological data available No information available Yes 132,192
NR Notrecorded Unknown Yes 1,185

*October 2007 release

510 | JULY 2008 | VOLUME 9 www.nature.com/reviews/genetics



Gene ontology

Table 2 | Distribution of gene ontology (GO) annotations for species with more than 5,000 annotations

Species (NCBI taxon ID) Genes* with
experimental
annotations*

Schizosaccharomyces pombe (4896) 4,482

Saccharomyces cerevisiae (4932) 4,047

Mouse (10090) 10,621

Caenorhabditis elegans (6239) 4614

Human' (9606) 4,780

Arabidopsis thaliana® (3702) 5,530

Rat(10116) 3,566

Fruitfly (7227)** 2,790

Candida albicans (5476) 806

Pseudomonas aeruginosa PAO1(208964) 491

Slime mold (44689) 797

Trypanosoma brucei (5691) 449

Zebrafish (7955) 1,235

Plasmodium falciparum (5833) 188

Rice (39947) 654

Chicken™(9031) 75

Cow'(9913) 96

Total
annotated
genes*

4,930
5,794
18,386
14,154
17,021
26,637
17,243
9,563
3,756
2,506
6,892
3,914
13,574
3,243
29,877
6,063
8,536

Percentage of
genes* with at least
one experimental
annotation

90.9%
85.4%
57.8%
32.6%
28.1%
20.8%
20.7%
29.2%
21.4%
19.6%
11.6%
11.5%
5.8%

5.8%

2.2%

1.2%

1.1%

Total genes*

4,930
5,794
27,289
20,163
20,887
27,029
17,993
14,141
6,166
5,568
13,625
9,154
21,322
5,420
41,908
16,737
21,756

Percentage
annotated®

100%
100%
67.4%
70.2%
81.5%
98.5%
95.8%
67.6%
60.9%
45.0%
50.6%
42.8%
63.7%
59.8%
71.3%
36.2%
39.2%

Percentage
known in
genome!l

90.9%
85.4%
38.9%
22.9%
22.9%
20.5%
19.8%
19.7%
13.0%
8.82%
5.9%

4.92%
3.7%

3.47%
1.57%
0.4%

0.4%

*Total genes in genomes include only those that encode proteins. These numbers were obtained from the databases that contribute annotations to GO and are listed on

the GO annotations download page (http://www.geneontology.org/GO.current.annotations.shtml). *Experimental annotations include those only with the following
evidence codes: IDA (inferred from direct assay), |EP (inferred from expression pattern), |Gl (inferred from genetic interaction), IMP (inferred from mutant phenotype) and
IPI (inferred from physical interaction). *Percentage annotated is determined by dividing the number of genes annotated by total genes. IPercentage known in genome is
determined by multiplying the percentage of experimentally derived annotations by the percentage of the genome annotated. This is an approximation of the extent of
knowledge about the portion of the genome that encodes proteins in an organism with a complete genome sequence that is captured by annotation.INumbers are from
the GO annotation project at the European Bioinformatics Institute, human data last updated 14 September 2007, cow data last updated 17 January 2007, chicken data
last updated 10 July 2007. *Numbers are from The Arabidopsis Information Resource (TAIR), last updated 14 December 2007. **Numbers are based on release 5.4 of the
Drosophila melanogaster genome and GO annotations from FlyBase release FB2007_03 (dated 11 January 2007). NCBI, National Center for Biotechnology Information.



Gene ontology

1,400 -

Number of annotated genes

Oé\ Yeast GO slim term

Figure 2 | Using gene ontology (GO) to bin the yeast genome into broad biological process categories. This
example was generated by downloading the go_slim_mapping.tab file from the Saccharomyces genome database ftp
site (dated 19 January 2008). This file maps every gene in the yeast genome to the yeast GO slim ontology available from
the GO website. The number of genes (6,200 in total, including RNAs but excluding ‘dubious’ genes) annotated to a
particular term in the yeast GO slim ontology is indicated on the graph. Dubious genes are those that were originally
predicted to exist, on the basis of ORF length, but that are now thought to be unlikely to encode an expressed protein,
on the basis of functional and comparative genomics data. The ‘other’ term is used when genes are annotated to terms
other than those included in the GO slim ontology, and the ‘biological process’ term, the root node in the biological
process ontology, indicates that genes annotated to it are not yet characterized. Note that because genes can be
binned to more than one category, there are more annotations (13,074) than total genes (6,200) with annotations.



OVTOAOVYIEC: OTATIOTIKN avAAUON

* [lapadeiyua:

1 yovidiwpa pe 10.000 yovidia.

1.000 yovidia eputrAékovTal 0TOV KUTTAPIKO KUKAO (GO _term: cell-cycle).
(10% TOU YOVISIWNATOG).

Av emIAéCouE TuXaia Evav apiBuod X yovidiwy, Ba trepiyévaue (atrd Tuxn)
TTEPITTOU TO 10% (M€ KATTOIEC DIOKUPAVOEIC) VA €XOUV TOV OPO “KUTTAPIKOG
KUKAOG”.

H tuxaia diakupavon ¢apTdatal atrd Tov apiBud Twv yovidiwy.

‘EoTw OTI e TO Microarrays o€ €va Treipapa Bprikaue ot X apiOuog yovidiwv
UTTEPEKPPAlOVTAL.

2.€ auTO ToV X apl1Buod, Bprkaue 011 20% Twv yovidiwv aviiKouv OToV
KUTTOPIKO KUKAO.

AuTtn n atmokAion (20% trapatnpoupevo - 10% avauevouevo) ival ota opla
TWV TUXAiWV OIOKUPAVOEWY, 1 €ival OTATIOTIKA ONUAVTIKA?

e  2TATIOTIKA ONUAVTIKA, ONUAivel OTI TA UTTEPEKPPACUEVA Yyovidla gival
EMTTAOUTIOHEVA VIO TNV KATAYOPIA “KUTTAPIKOG KUKAOG ”. AnAadr), O KUTTAPIKOG
KUKAOG €UTTAEKETAI OTNV O10OIKACIQ TTOU JEAETAE.



OVTOAOViIEC:
OTATIOTIK avAaAuon

H oTtartioTikiy avdAuon yiveTal JE TO UTTEPYEWMPETPIKO TEOT.
Maipvoupe éva p-value.
Av p-value < 0.05, 10T1€ €ival OTATIOTIKA ONUAVTIKO.

Av oTIC ovToAoyieg pag sixape 100 époug, Ba eTTavaAapBavaue Ta
TTAPATTIAVW TEOCTC YIA TOV KABE Opo.
Opwg, 600 TTEPICOCOTEPA TEAT KAVOUNE YIA TO TTEIPAPA PAG, TOOO AUEAVEL
mOavoTnTa va BPouue KATI OTATIOTIKA onNUAvTIKO (p-value < 0.05) kaBapd
atro AGBoG.
Apa, TTPETTEl va AdBoupe uttdwnv Jag TTooa TEOT OIEVEPYOUE Kal va
dlopBwooupe Ta p-values (multiple testing correction).

— False discovery rate (Benjamini-Hochberger)

— Bonferroni correction



In vitro
OIOYVWOTIKA TECT
TTou BaaoidovTal o€

UIKPOOUCOTOIYXIEC



FDA: In Vitro Diagnostic Multivariate Index
Assays (IVDMIASs)

FDA's In Vitro Diagnostic Product Database
http://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfivd/index.cfm

http://www.ivdtechnology.com/article/exploring-fda-approved-ivdmias

Some IVDMIAs are laboratory-developed tests (LDTs). LDTs are tests that are
developed by a single clinical laboratory for use only in that laboratory.

http://www.fda.gov/MedicalDevices/DeviceRegulationandGuidance/
GuidanceDocuments/ucm079148.htm

IVDMIASs raise significant issues of safety and effectiveness. These types of tests are
developed based on observed correlations between multivariate data and clinical
outcome, such that the clinical validity of the claims is not transparent to patients,
laboratorians, and clinicians who order these tests. Additionally, [VDMIAs frequently
have a high risk intended use. FDA is concerned that patients are relying upon
IVDMIAs with high risk intended uses to make critical healthcare decisions when FDA
has not ensured that the I[VDMIA has been clinically validated and the healthcare
practitioners are unable to clinically validate the test themselves. Therefore, there is a
need for FDA to regulate these devices to ensure that the IVDMIA is safe and
effective for its intended use.



Mammaprint - Tissue of origin

http://www.ivdtechnology.com/article/exploring-fda-approved-ivdmias

MammaPrint.

The first IVDMIA, the MammaPrint system, made by Agendia Inc., is a
qualitative VD test service performed in a single lab outside the United States
using a 70-gene expression profile of fresh frozen breast cancer tissue samples
to assess a breast cancer patient1s risk for distant metastasis. FDA approved
MammaPrint in February 2007 under de novo classification procedures.

Tissue of Origin Test

In July 2008, the Tissue of Origin Test, made by Pathwork Diagnostics, was
cleared. This microarray RNA profiling test is to be used on clinical, formalin-
fixed, paraffin-embedded (FFPE) biopsy tissue to aid in the classification of the
origin of the tumor tissue. In June 2010 a second clearance introduced a
different specimen and specimen-preparation method, and the algorithm for
analysis of the expression data to create a diagnostics report and interpretation.
The test uses microarray technology by Affymetrix Inc. and advanced analytics
to measure the gene-expression patterns of challenging tumors, including
metastatic, poorly differentiated, and undifferentiated cancer. It is intended to
measure the degree of S|m|Iar|ty between the RNA expression patterns in a
patient” s tumor tissue with the RNA expression patterns in a database of fifteen
known tumor types.
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KapKivol ayvVwaoToU TTPOEAEUCEWC

e 2€ KATTOIEG TTEPITITWOEIC EMPAVIONS/ETTAVEUPAVIONG KAPKIVOU
gival ayvwaoTtn n TpwTtapXIkn TNy (1I0T6G), akOPa Kal JETA ATTO
MIa o€Ipa dlayVWOTIKWYV TECT/Bloyia.

* AuUTO dev €ITPETTEI VO XpNOIMOTToINBEl Eva KataAAnAo
BepatTeuTIKO OXAMA.

e OI MIKPOOUOTOIXIEC ETTITPETTOUV Va dNUIoupyNnOEi TO TTPOPIA

YOVIQIOKNAG €KPPOAONG TOU OUYKEKPIMEVOU KAPKIVOU Kal VA
OUYKPIOEI JE TO TTPOPIA KAPKiVWV YVWOTAC TTPOEAEUONG.



KapKivol ayvVwaoToU TTPOEAEUCEWC

Anuioupyeital pia Baon atrd 0edoUEVA HETAYPAPWMPIKNG
(a1rO AAAEC Baoeic dedouEVWY Kal BIBAIoypaia).

Ta dedopeEva gival atro YVwaToUC KAPKIVOUG, KAVOVIKOUG
I0TOUG, KAl aTTO AAAEC QOOEVEIEG.

Ta 0edOPEVA PIATPAPOVTAI, KOVOVIKOTTOIOUVTAI.
2TN OUVEXEIQ YivETAl OUYKPION.



KapKivol ayvwaoTou TTPOEAEUTEWC

http://genomemedicine.com/content/3/9/63/abstract

Classification of unknown primary tumors with a data-driven method based on
a large microarray reference database

Kalle A Ojala, Sami K Kilpinen and Olli P Kallioniemi




IVDMIA - FDA

http://www.fda.gov/NewsEvents/Newsroom/PressAnnouncements/2007/
ucm108836.htm

The MammaPrint is the first cleared in vitro diagnostic multivariate index
assay (IVDMIA) device.

http://www.fda.gov/NewsEvents/Newsroom/PressAnnouncements/2008/
ucm116931.htm

FDA Clears Test that Helps Identify Type of Cancer in Tumor Sample

The Pathwork Tissue of Origin test compares the genetic material of a
patient's tumor with genetic information on malignant tumor types stored in
a database.lt uses a microarray technology to analyze thousands of pieces
of genetic material at one time. The test considers 15 common malignant
tumor types, including bladder, breast, and colorectal tumors.




