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* Yapay Zeka Uygulamalari

 Daha etkili, daha hizli, daha erken, daha hassas

e Gelismis Goruntuleme Teknikleri
« Daha yuksek cozunurluk, kontrast ve hassasiyet

e Uzaktan Goruntuleme ve Teletip
« Uzak bolgelerdeki hastalara erisim....
* Kisisellestirilmis Tip

» Genetik bilgi ve 6zel durumlara dayali teshis surecleri
ve tedavi planlari

e Egitim ve Uzmanlik Gelisimi
« Uzmanlik alanlarinda cesitlenme

Ancak, bu ongoruler

iInovasyonlara ve toplumsal
gereksinimlere

bagli olarak degisebilir.




Goruntuleme teknolojilerinin evrimi

*Tibbi goruntulemenin evrimi,
temel bilimin tipta devrimsel . @
uygulamalari Seklinde
olmustur.

*BT ve MRG goruntulemenin
ana cercevesidir

* Peki ya ESI, MSI, EIM, CIT, APT,
MWCT, PCXRI?
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6 % increase in total
gaze fixations

3 % increase in time to
fixate on fractures

Kaynak: TMC



Kuresel veri hacmi (zettabayt cinsinden)

181

Kiresel 6lgcekteki 2 trilyon tibbi gériintl de dahil

Dijital evrendeki bilgi bitlerinin
sayisinin, fiziksel evrendeki
yildiz sayisini (1,8 Z) asmasi.

Kaynak: Statista



Tibbi verilerin hacminin iki katina
clkma suresi

Yakin ge¢cmis Glinumuz Yakin gelecek

2,5

AY




000000 D
0000
00000O0®
60000600
0000006

Buyuk veri

Verilerin temel boyutlarinin, dogru ve zamaninda karar vermek igin bir sistemin
depolama ve/veya hesaplama kapasitesini agmasi
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Biiyiik hacimli/cesitli/hizli veriler, belirli bir zaman
diliminde geleneksel bir yaklasimla saklanamaz ve
islenemez.
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FDA APPROVALS FOR ARTIFICIAL INTELLIGENCE-
BASED ALGORITHMS IN MEDICINE
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Radyoloji is akisinda yapay zeka

Appropriate Optimized St i e Context-aware Auto-
ordering of protocoling, = ‘i)stration 9 case preparation populated

imaging personalized image han 3‘ rotoc':ols and study quantitative

studies acquisition ging p interpretation study reports
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Smart facility Automated Data-supported Closed-loop multi-

Smart patient triaging,

booking and . ; image feature | diagnostic inference disciplinary
: worklist assignment, - :
patient P L SR detection and and care pathway collaboration and
scheduling analysis navigation communication

Frost & Sullivan 2018
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YZ'nin vaatleri

A1SI0N ERROR RATE N\

Mgarahms

Humans

200 bittion Euros

In annual savings

1.8 billion hours

freed up every year




Saglikta yapay zeka

Bireysel diizey Bolum diizeyi Sunucu duzeyi

Al Result PatientID. Name Surname Descripion  Date

POSITVE ) 400-608-4467 Johnston Lucinda Leftanide Thursday 0810-2019 10034 AM
POSITIVE ) 4016121256 ji Smith Pelvis Thursday 08-10-2019 10h12AM
Dorminic Walls RightHand ~ Thursday 08-10-2019 10h01 AM

Nicdlas Hamiton LeftFoot Thursday 08-10-2019 09

NEGATIVE 2 Eli Cook. Spine 2019 09h34 AM

NEGATIVE 8-0003 Francis Rib Cage




Bireysel diizey: Hastalik tanilama
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NUTRITIONAL ANEMIA
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. Progressive personalized risk score (PPRS)

. Dynamic personalized probability score (DPPS) R
immundefektusok

. Proposed further medical tests gt i il
Mapetegsegen

. Common acute and chronic conditions

. Malignant conditions

. Rare (metabolic) conditions

Smartreport, Hungary

Taplalkozasi anémisk
Egyeb anemask
Gyulladascs bélbetegségek

Zsiranyagcsere belegsegek
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Bélum duzeyi: Akilli randevu

Personalized

Machine learning models trained on your own site scheduling data from up to one year to account
for seasonality.

Engaged
Advisory servi gagements up to 12 times a year to monitor progress, if there is a need to retrain
the model, and help define common definitions of key metrics used in scheduling.

Predictive

Use up to 40 different data factors to best understand patient probabilities for missing appointments.

Smart Scheduling takes the power of artificial intelligence and utilizes data factors, both internal and external to

a customer’s practice, to help determine probabilities of a patient’s arrival to their scheduled examinations on time.
It utilizes the data aggregation of Imaging Insights Radiology Operations Module. When combined, it helps capture
full visibility of the practice that enables meaningful changes that assists driving relevant outcomes.
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Kurulus diizeyi: Operasyonel farkindalik
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* Plug & Play

1. Smar - . o ! o Tether.free communcaton

* Seron network

kins Capacity Command Center

'R HOPKINS ACCESS LINE (HAL)
anagement medical director works * Role: The Hopkins Access Line
snter’s administrator to ensure the connects outside providers with
m >mmand center as related to patient providers at The Johns Hopkins
ik
- d implement strategies that improve Hospital and Johns Hopkins Bayview
{0 E— : supports day-to-day activities of the Medical Center, including facilitating
1ding refining operating mechanisms, patient transfers.
flow and resolving service assignment « Peak Staffing: 9

.

Schneider Electric-powered General Electric-powered T Sise Cam Fab AS
Unified Command Center Capacity Command Center Command Center



YZ'nin temel onerisi uretkenlig
arttirmaktir

fhe US Productivity Decline and Rebound Median family income, 1947-2007
[ 3.5%
meemid ] 100,000
S0z T Solid line: actual
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Source: United States Department of Labor, Bureau of Labor Statistics, Labor Productivity and Costs Database, Yea'

Annual Data, November 2012. http://www.bls.gov/Ipc/



s Hakki M. Karakas
" ® Prof | MD | MBA | Director of Medical Imaging Services of Istanbul Province

Yapay zekamin temel deger onerisi doktorun
zamamm titketen ve hasta ile arasindaki bagh
koparan is ve islemleri yerine getirmek ve
onlara mesleki yasamlarinda kaybettikleri
anlamlar geri kazandirmak.




Difficulty




Kuantum Bilgisayarlar

Bilim adamlari, insan
beyninin avantajlarini
bilisim sisteminin
cabuklugu ile birlestiren,
insan gibi dusidnebilen
yeni bir bilgisayar turinu
yaratmak icin cabaliyorlar.




Firsat ne kadar buyuk?

Global GDP ~$70 Trillion

Developing Advanced
Economies Economies
$29 Trillion $41 Trillion

Non Industrial

Ceonoimy
$18.1 Trillion

Oth

Other ther
$14.3 Trillion $23.1 Trillion

Transportaticn  Heclthcare  Other Industrial - Manufacturing Manufacturing Other Industrial Trenspertation  Healthcare
$2.2 Trillion $1.7 rillion  $5.3 Trillion $6.1 Trilion $3.6 Trillion $2.6 Trillion  $5.3 Trilion

Kiresel saglik harcamalari : $ 7T
Verimsizlik: %10 (40’a kadar ¢ikabilir) = $ 700 B
Klinik/operasyonel verimsizlik : %59 = $ 413 B
Beklenen iyilesme : %25 =% 103 B
Toplam YZ satislari (2021): $ 8B

Kaynak: Curea Advisors; Frost & Sullivan
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M2 Money Supply
Mthly Avg. Seasonally Adj. Jan. 1959 - May 2023 (FRB)
- Year-to-Year % Change — M2 ($Trillions)
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Firsatlar (kolay)

Derin 6grenme cok kolay bir
Seymis gibi gordulebilir:

«Tak ve ¢alistir!»

Guncel bir Verileri
enjekte et

mimari seg

YZ modelini
elde et!

an appropriate methodology

Choose

Clean the data

Develop a model

Implement the model in (an) appropriate language(s)

Validate the model

Present the result in a standard form
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Gulsah Yildirim, Yasar Alper Ozkaya, Hakki M. Karakas. Development of an Artificial
Intelligence Method to Detect COVID-19 Pneumonia in CT Images: A Multiplanar and
CNN Based Approach. European Congress of Radiology, ECR 2021 RPS-105

PRESIDENCYOF
THE REPUBLIC OF TURKIYE

F INVESTMENT
OFFICE

NEWS FROM TURKIi

Tiirkiye

Tirkiye's CUREA
Software Develop

The University of Health Sciences Health Te
artificial intelligence (Al) in medical imagin¢

A distinguished group of clinicians, radiolog
established CUREA company, has teamed u
The cooperation between CUREA and GE Hi
Tlrkiye.

Leveraging GE Healthcare's Edison Health S
categorization and severity grading of COVI
resonance imaging (CESM).

EMEA Artificial Intelligence

GE Healthcare and Istanbul’s
CUREA to accelerate Al-based
health software development ii

Turkey

Using GE Healthcare's Edison Health Services, CUREA's tea
will first work on Al-based applications focused on COVID-

and breast cancer.

By Ahmed El Sherif

B mid east

information

HOME  SUBMIT A PRESS RELEASE PARTNER EVENTS PARTNERWITHUS  ABOUTUS v

GE Healthcare & Curea sign first
strategic collaboration in Turkey to
accelerate Al-based software
development in medical imaging

@ 164

“Dijiport

E caeriter WM vicEoLar 38 vazartar B oerciLerin

= >ENDOSTRI YATIRIM > PROSES GOZOMLER] > DIJITAL DONOSOM  ROBOTLU UYGULI

GE Saguk ve 1 EKNUPUL Istanbut
merkezli Curea, Tiirkiye'de yapay
zeka tabanli saglhik yazilimi igin
birlikte galisiyor.

GE Salik ve Curea, tibbi gérintilemede yapay zeka tabanli yaziim
geligtirme sdirecini hizlandirmak icin ilk stratejik is birligine imza atts

ENOOSTRI GONCEL

' HEALTH,
{ @ ENVIRONMENT
REVIEW
a“ HSE PPE FIRE SAFETY EVENTS TRAINING HSE F

Innovating security tech

for a quarter century

YOU ARE HERE: HOME INDUSTRIAL GE HEALTHCARE, CUREA PARTNER TO ACCELERA

GE Healthcare, Curea partner



Tuzaklar (fakat...)

* Sistematik olarak yanlis aciklamalar
* — Sistematik olarak yanhs ciktilar

e Tutarsiz aciklamalar
* — Sinirli performans

* Tim cgesitliligin kapsanmamasi
* — Gergek dliinyada basarisizlik

e GUrultuye dayaniksizlik
 — Tekrarlanan calismalarda farkh c¢iktilar

* — Gercek dunyaya uyumsuzluk —» —

IS
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Forbes Technology Council

PhD, MBA, CTO at Pacific Al. Making Al, big data & data

science solve real-world problems in healthcare, life science

What Ever Happened to IBM’S and related fields.
Watson?

IBM’s artificial intelligence was supposed to transform industries
and generate riches for the company. Neither has panned out.




Girisimcilik

Karsilanmayan o




MOST PREFERRED (FOUNDED) VERTICALS BY ENTREPRENEURS IN TURKEY

Basvuru
ya da Incelenen

#Health
Al IoT,
BigData Basanli Olan
(yatinmcisina
46 x20-30 getiri saglayan)

Kaynak: Startups.watch
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Speakers

Prof.
Hakki Muammer Karakas,
MD, MBA

Assoc. Prof.
Deniz Can Alig,
MD

Eng.
Mert Burkay Coteli,
PhD

Eng.
Recai Serdar Gemici,
BSc

ANNUAL MEETING
4+ InformaticsTECH Ex

Health Sciences University-TR.

Studied medicine, radiology and neurology at Hacettepe, Cukurova, MoH, and Bonn universities; MBA at Istanbul Technical University.
Interventional radiologist and translational cognitive neuroscientist; director of public medical imaging services of Istanbul; responsible
for the realization of more than 0.5% of the world's radiological output. Led creation of the national telemedicine system. Chairs
Medical Sector Branch of Turkish Society of Artificial Intelligence and Technology (member of AAAI); works on the creation of a
national ecosystem that will take a global role in the Al-based digital transformation of healthcare.

Acibadem Mehmet Ali Aydinlar University and Hevi Al-TR

MD and radiology residency at Istanbul University (Cerrahpasa). Engaged in high-end cardiovascular radiology applications such as
cardiac MRI and coronary CT; primary focus in the Acibadem Healthcare Group is to contribute to the group's highly developed
healthcare facilities with innovative cardiovascular imaging and Al solutions. He is also the co-founder and CEO of Hevi Al that
develops deep learning-based software solutions for medical imaging.

MantiScope-TR

B.Sc. and M.Sc. in electrical and electronics engineering and the Ph.D. in information systems from the Middle East Technical
University- Ankara/TR; industry experience of 13 years in defense and medical sectors; founded of MantiScope which creates
medical technologies on digital hematology and pathology; researches interests on image-based artificial intelligence,
microphone array signal processing and acoustic scene analysis.

Albert Health-TR

B.Sc. in industrial engineering from Bogazici University-Istanbul/TR; several years of experience in pharmaceuticals sector and in
strategy and business development at Siemens; founded Albert Health who implements NLP and medical voice recognition
technologies. Albert Health has successfully collaborated with multinational pharma companies to reach hundreds of thousands
patients by now.






Basarihli bir irin aragstirma ya da
miihendislikle degil (fakat) uygulama
(tatbikat) ile ilgilidir!



Urtinlesme sirecine ust duzey

bakis

Define Model scope [ age, geography, Img. type, Xk machise etc) £ F| cinal pstcation for erformance Requirements m""»"""..".m"'"-'
Provide Initial Image Dataset High-evel valdation plan Model Validatien Plan and Procedure
Defiae algoeithm performance matrics, hardware and execution time constraists Create & validate batch infereacing tosl and metric
Identify relevant subgroups of data (data source, comorbidities, demographics, ) ol el e ot ) Brisorioyen ing ¥
E Define error scenarios Validation Report

Visual review of initial dataset to snderstand the problem Companent Req Specs | CRS)

Define data requirements (number and type of images, etc.) Reguirements Traceblity

Collect Images according to data requirements Architectore and Detailed Design
Create tracker with all the avalable images Al Quality Standard Conformance Plan

Partition data (Train/Validation/Test) Fallure Mode & Effects Asalysis
i Perform Statistical anadysis (Data visuadization)

\

——

LUierature search for state of art sokstions + potential methods

Implement a few prototypes 1o check feasidilty «» baseline post-processing 10 pet final outputs
Evalaate various prototypes {both internal and final metrics), select promising directions
Analye faure cases - update data, sugmentation oc model design as necessary

Measure park in various subgroups, verify model penerakuability

(Check execution time and memory footprint

(heck that Tralsing data Is sufficient to given model

(heck model robustness with sugmentation dering test{ e.g. noise, Image processing, rotation, etc.)
Analyze Model interactions with existing models

1p Search 10 check extstiag patents aad competitor benchmark

Identify risks: User-level failure modes, data/training/project ritks

Develop concept

|| Concest Techaical Design Review
\is o

Define
Annctation

Develop detalled annotation guidelnes

Validate guidelines asd initial annotations

Create Data Ansotation Plan

Measare repeoducibiity of annotations & buman pert.

| Vre—

| [[owomm |

Imple-
ment

I

Define logging needs

Compde Engineering Test dataset, provide reference cutputy
Create and validate verification tools

Design Vertfication Plan

Verification procedares

Execute verification

Design Verification Repaet

Al Quality Standard Conformance Assessment

Select final model design + Optimize Hyperparameters

Select final model, archive trainisg code

Verify trainiag reproduciilty

Repeat all evaluations: performance metrics, sebgroup analysis, rodustaess analysis, exec time
Evaluation Technical Design Review

@ Sepport validation activities: tools, expertise
Define model cutputs dllowing to evaluate performance

metrics
Model Implementation ( Pre-, Postprocessing, Unit Tests,
logging & exception handling)



Basarili inovasyon, uygulama ile degil
(fakat) ticarilestirilebilirlik ve
olceklenebilirlik ile ilgilidir.



Albert Health

Al-driven Voice-based Digital Health Platform



jce-based Digital Health Platform

Medical voice recognition and
language processing

Telehealth

Video Calling with Doctor
Appointment Management
Payment Service

Disease Management

Adherence Programs
Medication Tracking
Patient Diary
Document Management

Post-op Tracking ° Rational Use of Drug

Prospectus Info
Side Effects
Drug-drug Interaction

Bridge between doctor and
patient during post-op period
Defining specialized patient
journey

Caregiver & Doctor Connection Symptom Checking

o

Reports and Reminders for
Caregiver
Sending Messages and
Advices by Doctors

Voice based Symptom
Tracking
Triage

Albert Health, May 2022



IIII

hew
O a 117 7 m—

DEEP LEARNING. SIMPLE.




@ ChestView

Pathologies

Pneumothorax
Pleural Effusion
Nedule
Mediastinal Mass
Alveolar Syndrom

AP & PA Aduits &
Bedside acquisitions Children
|
L R - e 02
o (1
Pastormed GLEAMER -
PNEUMOTHORAX YES 2y
PLEURAL EFFUSION YES ()

@ =
® GLEAMER r=n @ GDPR 220 HIPAA



hChestXR

Al-Based
Chest X-Ray Reading

o Rapid and accurate chest X-ray
interpretation using Al.

o ldentifies 10 most common pathologies,
significantly reducing radiologists'
workload.

e
——— . -

- - ——— .

. ———

o Seamless PACS infegration ensures
efficient access and updates. Set for
release in Q1 2024.
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A.l. Powered LVO Detection

| \
r it |
W Vi Workflow
: Viz VO
v ? " ? A.l. Powered LVO Detection
YA Viz LVO uses artificial intelligence and
v deop learni ng to automatically identify
suspected LVOs on CTA imaging in your
v
network and to alert your on-call stroke
v ' ; physician within minutes
v

Al. Powered LVO Detection

Automated Maximum Intensity Projections (MIP)

A Complete Solution from
Automated Detection to
Timely Treatment




hSiroke

Al-based Smart Emergency Triaging

o Employs deep learning for rapid and accurate
neuroimaging diagnostics.

o ldentifies brain hemorrhages, vessel occlusion, and
iIschemic stroke.

o Seamless PACS integration for efficient collaborafion
and result review.,

/' 15:30

Johnny Moody




hStroke

Al-Powered Triaging For
the Most Critical
Medical Emergency

hProstate

Al-Powered
MRI Reading for the Most
Common Cancer In Men

hBreastMMG

Al-Powered
Mammography Reading
for the Most Common
Cancer In Women

hChestXR

Al-Powered Reading For
the Most Frequently
Used Diagnostic
Modality






Our vision for the future of diagnostics

Scalable and cost-effective diagnostics

( service (For primary healthcare organizations)

=
Decrease the total diagnosis time

$ Early diagnosis to decrease the treatment costs

P SIIVI2;

SIIM22.0RG | #SIIM22 | @SIIM_TWEETS 48
NNUAL MEETIN




The 5 Levels
of Automation In
Medical Procedures

H : : . .

Only * YZ'nin temel fonksivonu:

a2 Insan goziiyle gorilebilir ve bazi durumlarda yalnizca yazilim
- tarafindan gorilebilen durumlarda

Shadow e . . .

Mode asiri bilgi yiklemesini dnlemek igin

Bl | karar destegi

A.l o G

Assistance N

Sl * YZ 6nce Sunlari basarmali:

Partial Farkhliklarla baga c¢ikabilmeli

Automation | Uriinler anlamli bir biitiin halinde birlestirilmeli

gl o 22 * Teshis ve dlgme gibi basit gdrevleri bagarmali

Full
Automation

gl




Telesaglik

Teledisiplin




Tanim(lar)
« Uzaktan saglik

* Herhangi bir nedenle yerel bir saglik tesisine gidemeyen bir hastanin ayni
fiziki ortamda bulunmayan saglik ¢aligsanlarinca tani ve tedavi islemleri

» Mektupla diyet danigmanhgi «» uzayda robotik cerrahi

 Telesaglik
 Uzaktan saglik hizmetinde bilgi ve iletisim teknolojilerinin kullaniimasi

« Kapsami klinik hizmetler, hastalarin ve ¢aliganlarin saglkla ilgili egitimi,
halk saghgi ve saglik yonetiminin desteklenmesi olarak giincellenmistir

 Teletip

» Hastalara bilgi ve iletisim teknolojileri kullanarak uzaktan tani, tedavi ve
monitorizasyon hizmeti sunmak (DSO)

kins Capacity Command Center

pi nd Johns Hopkins Bayview
Medical Center, including facilitating
patient transfers.

- Peak Staffing: 9




Teleacil
Telenitrisyon
Telehemsirelik
Telefarmasi
Telediscilik
Teleodyoloji
Telenoroloji
Telenoérocerrahi
Telepsikoloji
Telerehabilitasyon
Teletravma bakimi
Telekardiyoloji
Telepsikiyatri
Teleradyoloji
Telepatoloji
Teledermatoloji
Teleoftalmoloji
Telecerrahi
Telekdirtaj

Teledisiplin




Sayilarla Ulusal Teletip Sistemi

- - — - - - I -

~

{ e 2014+ kamu ve 6zel *Yilda 16+ M hasta ve
hastane birbirlerine bagli 129+ K hekim tarafindan

{
erisim

J 1 *342+ M radyolojik

inceleme e Toplamda 134+M yerlesik +
tarafindan eriSim

* 169+ M radyoloji raporu

Source: Karakas H. Turkey’s National Telemedicine System: Insights and the Future @SIIM21






Sayisal hastaneler




Pandemi donemi sayilari

* ABD’'de uzaktan birinci basamak poliklinik sayisi:
1.4 M (2018 Q2) — 35 M (2020 Q2)

 Telesaglik pazari 2021°de %40 buyumustur.

* Ingiltere’de aile hekimliginde uzaktan poliklinik
kullanimi %20 — %380’e cikti.

« Hasta ve ¢alisan memnuniyeti ~%70

Kaynak: IQVIA



Kaynaklarin kit oimadigi kosullarda bile sanal hizmet sunumuna
ihtiyacg var.

Hastalarin hastaneye mumkun oldugunca

getiriimemesi.

Bu durum, sik ama rutin bir hizmete intiya¢ duyan, fakat saglik
tesislerine erisimi zor yashlar icin 6zellikle bnem arz ediyor.




Firsat ne kadar buyuk?

Global GDP ~$70 Trillion

1.5% Reduction

Kiresel saglik harcamalari: $ 7T
Verimsizlik: %10 (ila %40)% = $ 700 B
Klinik/Operasyonel verimsizilik : %59 =$ 413 B
Beklenen (Bekledigim) iyilesme: %25 = $ 26 B
Toplam telesaglik pazari (2020): $ 34B

Kaynak: Curea Advisors



Uzaktan saglik sistemlerinin vaatleri

Hastalar

Hizmete eri§imin
saglanmasi

Gercek hasta
merkezlilik

Calisanlar

Calisanlarin
guclendirilmesi
Calisanlarin zamanini
tiiketen ve hasta ile
arasindaki bagi
koparan siireglerin
azaltiimasi

Sistem

aill

Verimlilik
artisi

Milyarlarca lira
tasarruf



‘Uzaktan Saglik‘ hastanelerin ve saglhk
¢aligsanlarinin yerini almayacak.
Aksine, uzaktan saghgin giiciinden
yararlanan hastaneler ve saglk
¢alisanlari, ondan yararlanmayanlarin
verini alabilecek!




Gelecek

* Teletlp, bulaSlcl hastallklarin tedavisinde Gok daha yoQun kullanllacak
* Salgln kontrolU

* Teletip, ameliyatlara ve acile yapilan fiziksel basvurularin yerini almayacak

* Teletibbin kigisel olmadigi diislincesi azalacak
* Teletlp — korkulanin aksine- hastalar ve uygulaylcllar arasindaki iliSkileri guClendirmek iCin
kullanllacak.
» Bakim sirekliliginde aksamalarin 6niline gecilecek
* Surekliligin zarar gérmemesi icin hastalarin ayni saglik profesyonelleriyle baglantida
olmasi saglanacak

* Hastalarln daha dUz_gnIi kontrollere gitmeye teSvikiyle ciddi sorunlarin daha erken
teShis edilmesi ve bOylece potansiyel olarak birGok hayat kurtarlimasinl saflanacak

* Hastalar kendilerini hasta hissettiklerinde veya bir Seylerden siphelendiklerinde hekime
kolaylkla ulasabilecekler



Cok kanalli hizmet sunumu

FiZIKSEL SAGLIK

HiZMETLERI
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UZAKTAN SAGLIK HIZMETLERI
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Will Computers Replace Radiologists?
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Employees of the F
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-Herseyin bir mevsimi ve gokytzinin altindaki

herseyin bir zamani vardir.

-Ekmenin bir zamani ve ekileni foplamanin bir zamani.
-Dogmanin bir zamani ve 6lmenin bir zamanu.

Ecclesiastes



