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Seenomir  2-Genoma de referencia

) genomicdata

Posicion 1 23 4567 89 10 11 1213141516 17 18 19 20
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zoeeme Actividad génica - Transcriptdémica

/

Conocer solo la secuencia el ADN no siempre alcanza - Perfiles de expression génica

b

GGACCTGGAATATGGCGAGA...
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zoememe Actividad génica: Transcriptoma

Samples
zampleld Sample 14% Sample 155 Sample 1 Sample 1 Sample 1 Sample £ Sample 1 Sample £ Sample 1 Sampls £

4586 -1.26 -14 -1.54 -1.24 -1.53 0.66 -15 -0.13 -1.23 -0.1

ga21 -0.17 -0.1 -0.14 -0.04  -0.14 01z -2.0 01z -0.31 0.27

E¥7SE -0.74 -0.78 -0.71 -0eE 132 -0.1 -086 0T -0E4 0.7

996 -0.21 -0.1 -0.04  -005 -004 007 -003 007 -0.13 0.03

e —— 4085 -0.37 -0.31 -0.41 -0.38 -032 003 -058 0.3 -0.35 053
0 3488 -0.27 -0.33 -0.36 -03d4 -03 003 -057 -012 -0.4 0.36
2033 -0.89 -1.03 -1.25 -1.01 -1.41 0.34 -113 0.35 =113 0.3%

E2d1 -0.36 -0.213 -0.17 -0.33  -026 018 -0.14 0.43 -0.5 0.1z

2064 -0.84 -0.83 -084 -08d4 -083 063 -085 045 -0.532 089

i : G 3872 -0.6 -0.37 -0.4 -0.37 -045 121 -0.61 .45 -0BE 035
== 2339 -0.72 -0.2 -0.13 -0.37 -0.35 036 -0.E1 0.25 -0.37 034
s e 2296 -0.59 -0.77 -0.61 -0.61 -0.56 0E7 -0.71 -00d -0 -0.31
22974 -0.27 -0.24 -0.2¢4 -027  -026 022 -0.15 0.27 -0.38 023

n JEET -0.49 -0.53 -0.52 -04z2 -044 009 -0.4 0.03 -0E3 026

10350 -0.27 -0.37 -0.14 -0.36 -0E 0.38 -0.1 024 -0.34 038

e 2391 -0.28 -0.53 0.3 -0.3 -043 032 -0.17 0.34 -0.15 0.27

830 -0.13 -0.1 -0.z22 -01 -0.24 06 -0.1 0.0% -0.13 0.03

S 5214 -0.64 -0.63 -064 -038 -045 037 -0.76 04 -0.41 0.38

1514 -0.23 -0.23 -0.17 -0.03 -019 0.05 -0.23 026 -0.13 0.1

TIEEZ -0.03 -0.22 -0.17 SER225 o5 0.0s -0.13 0.0z -026 0

\ # B730 -0.537 -0.15 -0.4 -0.15 -0.31 025 -043 056 -0.2 0.05
T272 017 -0.21 -0.13 -024  -023 036 -0.18 013 -0.13 0.28

4502 -0.27 -0.23 -0.21 -0.2 -0.25 005 -0.51 0.34 -0.26 027

2625 -0.55 -0.23 -0.14 -0.25  -052 (036 -065 034 -0.15 0.43

3313 -0.15 -01E -0.41 -0d43 -0.33 008 022 005 -0.27 043

56 -0.33 -0.28 -0.27  -0.28 -032 04 -0.28 003 -0.41 0.03

I7ET -0.26 -0.1 -0.28 -0058 -003 025 -0.12 0.23 -0.z25 017

1033 -0.14 -0.1 -0.15 -032 -028 0 -0.21 01z -0.21 0.0

3433 -0.1 -0.07 -0.25 -007 -027 002 -0.15 0.28 -015 0.2z
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Investigadores y becarios CAETI
Investigadores Conicet

Tesistas Maestria UBA

Egresados, tesistas y doctorando UNLP




Z,genomit Recorrido: publicacion en Bioinformatics

BioPlat: a software for human cancer
biomarker discovery

Matias D. Butti, Hernan Chanfreau, Diego Martinez, Diego Garcia,

Ezequiel Lacunza, Martin C. Abba &

Impact factor 7.307 https://doi.org/10.1093/bioinformatics/btul11

(2016)

Breast Cancer Biomarker
Discovery in the Functional
Genomic Age: A Systematic
Review of 42 Gene Expression

Signatures.

Beca Instituto Nacional de Cancer
1 tesis de grado UNLP, 1 tesis posgrado UBA

Bioinformatics, Volume 30, Issue 12, 15 June 2014, Pages 1782-1784,

Nuevos
biomarcadores
moleculares para la

deteccion del cancer
de pulmon:

una aproximacion
desde la
oncogendmica
funcional

En curso: 1 tesis de posgrado UBA, 1 tesis doctoral UNLP, 1 publicacion

Premio CIITI estudiantil
Mg. Matias Butti

matias@zoigen.com
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' genomit Objetivo de clasificar a los pacientes con
24 Tumnee .
: biomarcadores moleculares

Without Personalized Medicine: With Personalized Medicine:
Some Benefit, Some Do Not Each Patient Receives the Right Medicine For Them
. : " :
Patients T ke Patients
l | ~ Biomarker

Diagnostics

Therapy (L

Benefit No benefit Adverse
effects Each Patient Benefits From

) . Individualized Treatment.
Mg. Matias Butti matias@zoigen.com



Sgenomir  Objetivo de clasificar a los pacientes con
| biomarcadores moleculares

. 1- Marcadores pronostico: Capacidad pronostica de supervivencia.
Util para predecir recidiva de un tumor.

. 2-Marcadores predictivos (en respuesta a tratamientos
oncoldgicos). Companion diagnostics. Predecir si es candidato para
una terapia.

. 3-Entender los mecanismos moleculares de progresion tumoral, con

el objetivo de encontrar nuevos blancos terapéuticos especificos
para cada clase de tumor.

Mg. Matias Butti matias@zoigen.com
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e 1-Marcador pronostico: Ejemplo en la clinica

45%

of treatment recommendations
changed after seeing the
Oncotfype DX’ Recurrence
Score’result

Breast Cancer

Reduction in chemotherapy
use would occur
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Fa

-

D MoName  BRvarviprercsy B8 Hatzis-GSE2 5066, ooy ¢ | GencBIRCSAIZ &1 o =n
Harme .H.mis-G-SIE:?ébﬁ{.'..m Genes .54} Thiz window shows information when vou click on o gene in any gene tolle fon your left sidel. In the first
e I s Ny

1 . ming the menu WindowsviewsDther./Gene:
@ How can | do survival snalysis?. | Select a wizard — :
) | w0 Cards RMAseq Atles
v | Impart Detaset lram text file
Mame Gene Entrez 1D GEMMET 5280 CEMET5IT5 G‘Sh. L)
F CDC20 @91 BATTEAS65409265 9.94264060554287 81623 R
T CCNeZ 9133 BSTHTIA1991032 9.9944B63I55B0009  B34551 :
r  CCHBd 891 B54357133976324  89117480381714 7.1507§
T COHAZ 290 7.74470725807216  B.O1B6S12778345 775640 |~ @ Dataset
r BUBTR 7o 6, 3I5659665909T42 T7.97021932063843 616625 = byport From Béoplat Cloud
R 1 699 6.8082264512036  7.23669710447556 7.51103 # Import from TCGA project
£ BMcs EE ] 7.79475605620023 B56546219554578 70478 = Import from TXT GEO file
FoBoR 596 9346243126063 7.17833182405896 793914 [ o Gene Sspnatue
T ALURKA T i) 736208961 322006 BA6900M4E8594173 F.70002 Create a gene signatuse
©  ASPM 250066 T64961587312199 B.04282610252428 65663 i Gene expression and regulators anlaysis
4

& Genorate a motasignature
o Imgeort from databases
B Pandom gene signature

Expression dats Clinical Diata Statistic Anslysis

@ Meszages !
= b» Patients

Created 3t Message L= Evaluate using Classifier

i 1072007 You are m-ccc-:-iull'g,r conngct bo Bioglat Server

110720417, Creation af MaName{new gene signature. You can now, add genes us&:
I 10720417 .. Genes added 1o the Gene Signatuse(5 1) AR, ASPR, ALRKA, BCL2, EIR‘
I 10/20417... Dataset from file "ChUsershmatia) Desktopisilicondatasetsymama 51¢
i

10720017, Dataset fram file T:‘;l.lser:{Illuliﬂumkmpﬁ.ﬁitm'\du!mﬂ:hmdm 5 1\:‘ <Dk Caneol

Ftisth

T

2i5Mof 631 8 o

1-Get your initial gene list
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7,
Start CheckConnections Operations Window
S TR E 4K

£ vanvijver.csv |EINoName |25 Hatzis-GSE25066.csv -8
Name | Hatzis-GSE25066.csv |
Author | Anonymous |

Select a wizard =
Import Dataset from TCGA project g

Name Gene Entrez ID GSM615280 GSMe GSM615736 GSM615386 GSM615724 GSI A
™ SILC38A3 10991 7.7031224365906  7.357734| Wizards: D33 7.25810504114572 7.47981845990555 7.30799811064877 7.1084
O BCL2 596 6.93462421260632 7.178331 | type filter text D62 9.17554021088901 8.33753093703788 8.04010880009257 9.2615
T CENPA 1058 7.34539025678085 8.425727| = S Dataset 159 7.85973455483936 7.62546436054157 7.67165018102568 7.4311
T FOXMT 2305 7801411570386 9734445 | 5 imort From Bioplat Cloud 932 8.9206739395105 7.6657191327019 832952417465007 7.2717
T OTFF1 7031 12.2246647645879 7.185490 | & Import from TCGA project 101 8.93970122151526 11.6579925323865 13.326706379512 8.4123
T BIRCS 332 7.71475605620923 8.565462 w Import from TXT GEQ file 187 8.08107347242021 7.83712250042256 8.11051576860763 7.5348
T RRM2 6241 10.0614696870606 11.66653| | v = Gene Signature D35 9.77543853538921 8.04461600405542 8.89771414163583 7.8650
T ESR1 2099 9.6733930848358  6.260410 i Creste a gene signature 67 11.7341784449399 9.52015579461864 12.9525143031143  12.30C
TOTPX2 22974 8.36964466188109 9.818989 G BETaSEon And Tegulaters dnlaysig 538 9.48415804543168 7.8944634400144 9.10966283755118 7.8874
T DNALI1 7802 7.99061295147227 5.695232 @ Generate a metasignature 949 7.4002001659167 6.33424523073983 6.35423653247505 6.8480
™ BUB1B 701 6.35659665909742 7.970319 = Import from databases 453 7.3976003986866 5.29794433668761 6.17892720484223 5.7494
E| KRTS 3852 8.25690734931685 12.26298 @ Random gene signature 526 7.54316873079457 7.63815732706071 8.4714339064154 7.3496
O BUB1 699 6.8082264512036 7.236697| | ¥ & Patients bS5 7.54785435507371 7.89930349599851 7.55585709512316 71.2779 ,
< > Evaluate using Classifier 3

| Expression dataiCIinicaI Data;Statistic Analysis

T 7
[0l Messages

Finish

Cancel

Ha =0

Created at Message
i 10/23/17.. You are succesfully connect to Bioplat Server
i 10/23/17.. Dataset from file "C:\Users\matia\Desktop\silicon\
@ 10/23/17... Error inesperado
i 10/23/17...
|LE_10/23/17...

Creation of NoName({new gene signature. You can now, add genes using the + button.,) was succesfully executed.

Dataset from file "C:\Users\matia\Desktop\silicon\datasets\mama 51gm\validation\Miller.csv" was imported sucessfully. G...

310Mof 621M |0

=

2-Import datasets from different sources
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2-Import datasets from different sources
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;’tart CheckConnections Operations Window - Statistic and Graphics

& dm ik v A ]

SR vanvijvercsv  [51gm = E§ Hatzis-GSE25066.csv R Miller.csy | Hatzis-GSE25066.csv-C2 e~-no

Experiment Concordance Index Log-Rank Test P-value ROC AUC Statistic an + Log Rank Test Chi-Squred (The same as Survival Curve Differences with rho = 0) gene in any gene table
T vanvijver.csv-C2 0.7609882217753519 2.052325808188371E-7 0.6540143161451668 Q @l information about the
T Hatzis-GSE25066.c5..  0.7903985507246377 5.3842610370224975... 0.6513784550086983 Q » Concordance Index other bioinformatic tools
» ROC

. _ i _ _ b } i ; it _ucing the meny
|0OS_MONTHS ili 50 51 4 A8\47.27 5 52 55 kil 52 7
|OS_STATUS |RECURRENCE |NON REC. [NON REC. |RECURRENCE |RECURRENCE |[NON REC. |RECURRENCE |RECURRENCE |[NON REC. NON_F_%EEZ RECURRENCE
sampleld |Samplel sample2 |[sample3 |sample4d sample5 sample6 |sample?7 sample8 sample9 |samplel0|samplell
QCD68 -0.3522 -0.2522 |-0.1522 |-0.0522 -0.0422 -0.0322 |-0.0222 -0.0122 -0.0022 |0.0078 0.0178
PGR -0.6815 -0,5815 |-0.4815 |-0.3815 -0.3715 -0.3615 |-0.3515 -0.3415 -0.3315 |-0.3215 |-0.3115
EGRB7 -0.9102 -0.8102 |-0.7102 |-0.6102 -0.6002 -0.5502 |-0.5802 -0.5702 -0.5602 |-0.5502 |-0.5402
IMKI67 0.27 0.3700 0.4700 0.5700 0.5800 0.5900 0.6000 0.6100 0.6200 0.6300 0.6400
:BAGl -0.1552 -0.0552 |0.0448 0.1448 0.1548 0.1648 0.1748 0.1848 0.1948 0.2048 0.2148
|BIRCS 0.0843 0.1843 0.2843 0.3843 0.3943 0.4043 0.4143 0.4243 0.4343 0.4443 0.4543
IMYBL2 0.3349 0.4349 0.5349 0.6349 0.6449 0.6549 0.6649 0.6749 0.6849 0.6949 0.7049
§SCUBE2 -0.2055 -0,1055 |-0.0055 |0.0945 0.1045 0.1145 0.1245 0.1345 0.1445 0.1545 0.1645
%BCLZ -0.966 -0.8660 |-0.7660 |-0.6660 -0.6560 -0.6460 |-0.6360 -0.6260 -0.6160 |-0.6060 |-0.5960
fGS:rM..]:w,. “9.'.?'..682 3 WO“ZhGVSgUWO:%VGUSZWJ g.ilﬁSv% hhhhhhh 94782 0.4882 0.4982 0.5082 0.5182 0.5282 0.5382

T Optimized 5Tgmusin... 21 0.78536903984323.. 0.68057487250811... 0.80588235294117..

™ Optimized 51gmusin... 18 0.81998548270021... 0.67999101729171.. 0.18882063346839... » Kaplan-Meier

™ Optimized 51gmusin... 21 0.79189981348254... 0.63723030607124... 0.80697238099393..

™ Optimized 51gmusin... 23 0.78277050310130.. 0.62358408364798... 0.81471937104171..

™ Optimized 51gmusin... 29 0.78277050310130.. 0.58630231753718.. 0.811292270531401

™ Optimized 51gmusin... 29 0.78277050310130.. 0.58630231753718.. 0.811292270531401

21IMof64oM |0 @

3-Statistical validation
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OS_MONTHS 1 50 51 4 A8\47.27 5 = 55 kil 52 7
O0S_STATUS |RECURRENCE |NON REC. |[NON REC. |[RECURRENCE |[RECURRENCE |[NON REC. |RECURRENCE |[RECURRENCE [NON REC. iNON REC. 1RECURRENCE
sampleld |Samplel sample2 |[sample3 |sample4d sample5 sample6 |sample?7 sample8 sample9 |samplel0|samplell
CD68 -0.3522 -0.2522 |-0.1522 |-0.0522 -0.0422 -0.0322 |-0.0222 -0.0122 -0.0022 |0.0078 0.0178
PGR -0.6815 -0.5815 |-0.4815 |-0.3815 -0.3715 -0.3615 |-0.3515 -0.3415 -0.3315 |-0.3215 |-0.3115
GRB7 -0.9102 -0.8102 |-0.7102 |-0.6102 -0.6002 -0.5902 |-0.5802 -0.5702 -0.5602 |-0.5502 |-0.5402
MKI67 0.27 0.3700 0.4700 0.5700 0.5800 0.5900 0.6000 0.6100 0.6200 0.6300 0.6400
BAG1 -0.1552 -0.0552 |0.0448 0.1448 0.1548 0.1648 0.1748 0.1848 0.1948 0.2048 0.2148
BIRCS 0.0843 0.1843 0.2843 0.3843 0.3943 0.4043 0.4143 0.4243 0.4343 0.4443 0.4543
MYBL2 0.3349 0.4349 0.5349 0.6349 0.6449 0.6549 0.6649 0.6749 0.6849 0.6949 0.7049
SCUBE2 -0.2055 -0.1055 |-0.0055 |0.0945 0.1045 0.1145 0.1245 0.1345 0.1445 0.1545 0.1645
BCL2 -0.966 -0.8660 |-0.7660 |-0.6660 -0.6560 -0.6460 |-0.6360 -0.6260 -0.6160 |-0.6060 |-0.5960
GSTM1 0.1682 0.2682 0.3682 0.4682 0.4782 0.4882 0.4982 0.5082 0.5182 0.5282 0.5382

3-Statistical validation
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BioPlat
Start CheckConnections Operations Window
d dmd v D
CJAUX50 [ Datamining Regulators  51gm = 3 Vanvijver.csv 83 Hatzis-GSE25066.csv 88 brca_tcga_3way_complete 52 Miller.csv

Experiment Concordance Index Log-Rank Test P-value  ROC AUC Statistic and.. View Used.. Open validating Export Gene Signature.. Copy R Sc.. Preprocess...
™ Hatzis-GSE25066.cs.. 0.7903985507246377 5.3842610370224975.. 0.6513784550086983 a a - - R (o}
™ Miller.csv-C2 0.69788835458917  0.0051804004033707... 0.5479884556492252 23 a - - R (o}
™ Vanvijver.csv-C2 0.7609882217753519 2.052325808188371E-7 0.6540143161451668 o a - - R o]
Optimum

Particle Swarm Optimization

General Statistic Analysis

o Messagesihe Result
Gene Signature name Number ... Training (Concordance index)  Testing (Concordance index)  Validation (Concordance index)
Optimized 51gmusing PSO (23 genes) 23 0.7708303861932381  0.8254746136865342 0.7509349289454001 |
Optimized 51gmusing PSO (28 genes) 28 0.747072951065746 0.8232538147431765 0.6563328033916269
™ Optimized 51gmusing PSO (25 genes) 25 0.7265434251831183 0.8070151981102643 0.6467611336032388
™ Optimized 51gmusing PSO (28 genes) 28 0.7390265750970438 0.7868611243346173 0.6960172744721689
™ Optimized 51gmusing PSO (25 genes) 25 0.72043757596805 0.7847819307702588 0.6995327102803738

585M of 708M o ¢

4-Optimization
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= genomiT
BIOMARKER PLATFORM

, genomic data

Experiment Concordance Index  Log-Rank Test P-value  ROC AUC Statistic and... View Used.. Open validating .. Export Gene Sig This window shows information when you click on a gene in any
T Hatzis-GSE25066.cs..  0.8254746136865342 7.827960502027054E-... 0. gene table (on your left side). In the first tab you will see general
T Miller.csv-C2 0.7509349289454001 1.1366936902823532.. 0.5 - information about the gene: the other tabs shows information
; 6413 Ner 1519_‘““» ] a5 provided but other bioinformatic tools about this gene.
o You can close it and then reopen it using the menu
Windowy/views/Other.../Gene.

Risk group 1:  High-risk Header String confidence NCBI Gene Cards RNAseq Atlas|
Risk group 2:  Low-risq i o (TP

Description | TPX2. microtubule-associated
EntrezlD | 22074

Ensemble Id | ENSGO0000088325
Chromosome Location | 20q11.2

S O I
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Seeremr  How it works  €yBioPlot,

’I/ genomic data BIOMARKER PLATFORM

AURKA  -0.41 .

CCNAZ -0.24 ;

Ccnel  -0.3 | Classifier Evaluation
CCNB2 -9.58

CDC20 -9.18

kepss -0.26

DUSPA 0.63 Select Sample to Evaluate
ESR1 -9.41
FOS 0.32

FOXA1 -0.1

KPNA2 -0.47
MELK -0.32

Sample file C\bioplat-2.4.2 winx86_64\datasets\mama 51gm\dassify new
sample\51gm\new sample 51g.txt successfully processed!

NEK2  -0.3
PRC1  -0.41
RRM2  -0.63 , : _ G = oo
SCUBE2 -0.16 0 Resultado de la invocacién a la funcién 51g-demo: ["High-risk”]

SLC3BA3 -0.02
SLC39A6 0.35

™PX2 -9.15
TRIP13 -0.26 [é
VAV3 0.34

OK

6-Evaluate classifier
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Making the most of
genomic data

How it works

BioRPlof

N
>
N BIOMARKER PLATFORM e

o
Start CheckConnections Operations Window
TR E 4R

& vanvijver.csv £2 | E 51gm

25 Hatzis-GSE25066.csv

|2& Miller.csv

=0 2 Gen:ESR1(2099) % |

o~ =0
|

Name ‘ vanvijver.csv

| Genes ‘ 50

| This window shows information when you click on a gene in any gene table (on your left side). In the first tab you will see general

Author ‘ Anonymous

| Samples ‘ 295

| information about the gene; the other tabs shows information provided but other bioinformatic tools about this gene.

© How can i do survival analysis?

You can close it and then reopen it using the menu Window/views/Other.../Gene.

Header;String confidence| |Gene CardsiRNAseq_Atlasz

é GeneCardsSuile MalaCards  LifeMap Discovery  PathCards  TGex  VarElect  GeneAnalylics  GeneAlaCart  GenesLikeMe A
Name Gene Entrez ID Sample 122 Sample 123 Sample 124 A |
T FOXM1 2305 -0.2 -0.23 -0.07
O TEF1 7031 -1.26 0.31 0.11 Advarced
m| 3 N 4
BIRCS 22 {62 (.58 0.3/ || || Home UserGuide Analysis Tools~ = News And Views = About~ My Genes LogIn / SignUp
=
Preferences
£ GCID: GCO6P151656 (7 ¥in f
T || type filter text External Information @ ¥ GIFtS: 79 @) Genes J
'_ e = % Participants
Author Urls 5
= v BiOinformatiC: t00|s YDU carlse ihe fOIIOWing VariableS to SpeCify yOUr URL : Pisorders Domains Drugs Expression Function Genomics Localization Orthologs
< v For gene signatures {genld}, {genName}, {ensemblid}) Pathways Products Proteins Sources 8 Variants
— External Urls . —
2 roteins Antibodies
a2 S For individual genes Format: ProviderName::Url 1GENE ays Genes l/‘ Vigene
@ Me = = = R e : e ShRNA T
il External Information String confidence:http://string-db.org/api/image/network?identifier={ensemblid} New.. r pRliA
Ge > Datasets NCBIzhttp://www.ncbi.nlm.nih.gov/gene/?term={genld}
m o Gene Cards:http://www.genecards.org/cgi-bin/carddisp.pl?gene={genName} Remove _
o RNAseq_Atlas:http://medicalgenomics.org/details_view_limited?gene_id={genld} u
D
- o : Estrogen Receptor Alpha E1-E2-1-2 ¢
b Down T e Estrogen Nuclear Receptor Alpha *
O O; Estrogen Receptor #
milfe} Edit... ESTRR®
mo ESRA2
= Of ERA*
e Restore Defaults Apply
r o = = v
< ] >

Companion tools
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Recorrido = genomirt

=/

:: genoml_"r Proyectos Servicios Equipo Noticias Contacto

Somos un equipo
de investigacion
aplicada

Desarrollamos herramientas para
la deteccién, prevencién y cura
de enfermedades.

:_: genomu‘ Proyectos Servicios Equipo Noticias Contacto

Un puente entre la
ciencia y lo humano

Traducimos datos genéticos en
soluciones de medicina

personalizada.
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Desarrollo de
software

- 2 o

CONICET

-
EBT
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v

Servicios de bioinformatica y ciencia de datos biolégicos.

Actualmente trabajando con 3 hospitales en problematicas que necesitaban una
solucion gendmica. Prospera colaboracion con el hospital Escuela de UAL.

Apoyamos desde la empresa el grupo de investigacion de “bioinformatica en
oncogendmica funcional”.

Diseno de estudios genéticos para médicos derivantes o pacientes directamente.

Paneles de genes de terceros: cancer y fertilidad con la interpretacion y el
asesoramiento genético pertinente.

Octubre 2018: Expansion de Zoigen a Chile.

2019: Capitales privados.
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Proceso Bioinformatico

v" Preprocesamiento para cada una de las tecnologias de
secuenciacion que utilizamos.
v' Imputacion de genotipos

fiil T

-

Algoritmo de Interpretacion Machine learning
v Algoritmo definido de forma interdisciplnaria para v' Base de datos genémica
interpretacion de informacion genémica v" Machine learning sobre datos
v' Generacion del reporte para el medico que realiza gendmicos y clinicos

la devolucion

Desarrollo web

Sistemas de gestion interna

; . S!stemas web para meQicos J C/ Zinbig _ _
Mg, Matias Butti Sistemas web para pacientes matlas@zmgen.com
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CARRIER GEN
z"baby Se analizan cientos de genes
relacionados con enfermedades
recesivas. El 5o% de las personas es
portadora de al menos una mutacion
de aste tipo, y 2 a 5% de las parejas
comparten mutacicnes en el mismo
gen.

Realizar estudio

CorionGen

TEST DEL MATERIAL DE ABORTO

Estudio en matenal de aborto.

Daterminacion de anomalias cromosdmicas en ef

producto del embarazo para evitar estudios y

tratamientos innecesarics.

@ Sabermas

ScreenGen

TEST POSTNATAL

Estudio posnatal.
Deteccion de enfermedades heraditariaz en
neonatos pasibles de tratamiento precoz para

evitar la aparicion de sintomas.

@ Saber mas

‘% BabyGen O
TEST PREMNATAL MO INVASIVO

ADN fetal en sangre materna.
Estudio prenatal ra invasivo. Deteccion de
anomalias cromosdmicas fetales durante &

embarazo.

@ Saber mas

. TEST DE PATERNIDAD
' NO INVASIVO

Estudio prenatal no invasivo
para definicion de la pateridad durante el

embarazao.

(¥} Sabermas

EmbryoGen

TEST PREIMPLANTATORIO

Estudio preimplantatorio (PGD).

Deteccidn de alteraciones gendticas en
embriones logrados por fecundacidn in vitro
para optimizar los resultados reproductivos y

reducir riezgos pars lz descendencia.

@ Saber mas
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FIBROSIS QUISTICA

Indicado para pacientes con
antecedentes familiares de |a
enfermedad o varones con falta de
produccion de espermatozoides de
causa obstructiva.

(3) Realizar estudio

” FertillityGeln!_

Test de fertilidad masculino

Busca causas genéticas por la que vos o tu

pareja estan teniendo dificultades reproductivas.

® saber més

)  FRAGILIDAD DEL X

Estudio molecular para Fragilidad del X.
Determinacidn de expansiones en gen FMR1

mediante métodos de alta sensibilidad.

(#) saber més

() FertilityGen

Test de fertilidad femenino
Busca causas genéticas por la que vos o tu

pareja estan teniendo dificultades reproductivas.

@ Saber mas

.\I DELECIONES DEL
"/ CROMOSOMAY

Estudio molecular para microdeleciones del
cromosoma Y.
Determinacion de la presencia o ausencia de

genes AZF,

@ Saber mas

KaryoGen

Estudio molecular del cariotipo.
Analisis del carictipo para descartar anomalias

cromosdmicas.

(¥ saber més
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% zoigen

CONOCE TU ADN.
DESCUBRITE.

Con Zoigen podés conoc

genético y mejorar tu cali

Accedé a nuestros estudios y alcanza
tus objetivos.

& Comprar

O
4
O
z.fit

Servicios Nosotros Contacto

Registrarme | MiPerfil @

jHola! - ; Te puedo ayudar?




W

Recorrido = genomir

2,

Mira el video de Zoigen-Z. fit

VISIT US

\Lzmgen

r DNA

 WWWZOIGENCOM



GGracias por su
atencion!

a5
3

matias@zoigen.com

sebastian@zoigen.com



