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American

2015 % £ 7% JE %ot 3B |, Sneer

Estimated New Cases Estimated Deaths

Males Females Males Females

| Prostate 220,800 26% | |Breast 231,840 29% | Lung & bronchus 86,380 28% Lung & bronchus 71,660 26%

Lung & bronchus 115,610 14% Lung & bronchus 105,590 13% [Prostate 27,540 %] [ Breast 20,290 i |

Colon & rectum 69,090 8% Colon & rectum 63,610 8% Colon & rectum 26,100 8% Colon & rectum 23,600 9%

Urinary bladder 56,320 % Uterine corpus 54,870 7% Pancreas 20,710 % Pancreas 19,850 7%
Melnomaoftheskn 42670 5% T Ham 6% Liver & intrahepaficbile duct 17,080 5% Ovary 14180 5%
Non-Hodgkin lymphoma 39,850 5% Non-Hodgkin lymphoma 32,000 4% Posilmis 14210 5% Leukemia 10,240 4%
Kidney & renal pelvis 38,270 5% Melanoma of the skin 31,200 4% Esophagus 12,600 4% Uterine corpus 10,170 4%
LOral cavity & pharynx 32570 %] Pancreas AN 3% Urinary bladder 11,510 4% Non-Hodgkin lymphoma 8,310 3%
LRl SN R R sl NonHodgkin lymphoma 11480 4% Liver & intrahepatic bile duct 750 3%

Liver & intrahepatic bile duct 25,510 3% Kidney & renal pelvis 23,290 3% Kidney & renal pelvis 9,070 3% Brain & other nervous system 6,380 29
Mo 2R 105 AllSxios Bl 1 AllSites 312150  100% Al Sites 277,280 100%

20155 2 337 ¥ J& i 5/ 7114007, 718007 ;

AT R 4297 (30%), #&T281.47% (35%, 66%)

i 16677 (12%), T 597 (7%, 36%)
W% BRI R RAe L TR B T VLB T R Y e B AL ¥ mls R AP

g Ry ik, KHEZ RATH X Fo 55 B BEAR 09 R AE =) 2,

Chen, W., et al., Cancer statistics in China, 2015. CA: A Cancer Journal for Clinicians, 2016.
Siegel, R.L., K.D. Miller, and A. Jemal, Cancer statistics, 2015. CA: A Cancer Journal for Clinicians, 2015. 65(1): p. 5-29. ’
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G: 132 -
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KEY CONCEPTS
= Aremake of pathology,

cessed samples the same
‘wiay for more than 100
years, is long averdue.

a prafession that has pra-

A Better Lens on

DISEASE

Computerized pathology slides may help

doctors make faster and

more accurate diagnoses

n the late 1990s Dirk G. Soenksen imagined

a new future for pathology. At the time, pa-

thologists often sat on tddephone books to get
a good view through their microscopes, yet
Soenksen’s children viewed high-resolution
monitors when merely playing Nintendo. “Why
«can’t microscopists look at computer monitors,
oo™ he wondered.

That question sent Socnkscn on an extended
journey, beginning in his garage. After 18 months
of intense laboring, he emerged as the head of 2
newly created digital-pathology company called
Aperio, which he now runs in Vista, Calif, Be-
yond merely moving images of diseased tissues
from microscopes o computers, his technolo-
gy—as well as that of other start-ups and cven es-

BY MIKE MAY

likely to be able to inspect a sampleasa
file. Ingeneral, today’s pathologists lack th
ity to make or obtain digitiredslides, and o
of such slides is approved by the UL, Fod
Drug Administration for onlya few medid
plications, all related to breast cancer.
For now, the hundreds of millions of p
oy dides prepared annually get handled 3
have for more than 100 years. A tissuc 5|
gets cutingo paper-thin, or thinner, section|
a stain brings out specific features. Then,
thologist puts the glass slide under a micro:
In a breast cancer biopsy, for example, a pf
ogist looks for a range of features in the
including the number of abnormal cells
section and the tumor grade, the latter de
ingon h as cell structure. =No

gtechmigues st tablished health care ises o
SR make jcal pathology, which involves the
i = ion of hiopsics, far more quantitative
lated i novel ways. “This advance should, in turn, enhance the accu-
© Ultimatety dlai racy of diagnosing discases and help physicians

is done by eyes over the microscope, lool
every lirtle poine,” says George K. Michal
bos, chair of the department of pathology

Uniwersity of Fittsburgh.

Mike May, A better lens on disease, Scientific American, 2010, 302(5):74-77.
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Traditional slide preparation:
Tisstesample sectioned and stained
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A Better Lens on |

ay

Side is sent to primary pathokgist
fsubjective anall:‘

siz)

Digitized slide is
screened by computer
objective analysis)

»

‘ﬁ. A
A2
ANEN

Side may b= serit, in series by mail,
toone ar mare consultants (subjective
analysis), delaying diagnosis

Multiple reviewsrs
can simultaneously
see and discuss
digitized slides
and supporting
decuments
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Computerized pathology slides may help na
doctors make faster and RS ‘-
more accurate diagnoses « BY MIKE MAY

KEY CONCEPTS

= Aremake of pathology,
a paafession that has pra-
cessed samples the same
way for more than 100
‘years, is long overdue.

= Emerging techniques al-

low camputerized mages  make anatomical pathalogy, which involvesthe  is dane by eyes aver the micrascope, lool

of biopsies to be manipu- interpretation of biopsics. far more quantitative.  every little point,” says George K. Michall

lated in nvel ways. This advance shoukd, in turn, enhance the accu-  bos, chair of the department of pathology
S racy of disgnosing discases and help physicians  University of Pittsburgh.

n the late 1990s Dirk G. Soenksen imagined
a new future for pathology. At the time, pa-
thalogists often sat on telephone books t get

ing Nint
can't microscapists look at computer monitors,
t00#” he wondered,

That question scnt Socnksen on an cxtended
journcy, beginning in his garage. After 18 months
of intense laboring, he emerged as the head of a
newly created digital-pathology company called
Aperio, which he now runs in Vista, Calif. Be-
yond merely moving images of diseased tissues
from microscopes to computers, his technolo-
gy—as well asthat of other start-ups and evenes-
tablished health care companies—promises to

likely to be able to inspect a sample asa
filc. In general, today's pathologists Lack e
ity to make or obtain digitizedslides, and
of S. For

For now, the hundreds ¢ ||Imns<:lp
oy dides preparcd anmually get handled
have for more than 100 years. A tissuc
ECts cut into paper-thin, or thinner, scction]
a stain brings o specific features. Then|
thologist puts the glass slide under a micro)
Ina breast cancer biopsy, for example, a p
ogist looks for a range of features in the
including the number of aboormal cells
section and the tumor grade, the latter d

ing on features such ascell structure. “Noj

Elactronic
decument with

specimen file

patient history and
warious test results
can b= linked tothe

Mike Mav, A better lens on disease, Scientific American, 2010, 302(5):74-77.
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INNOVATIONS

KEY CONCEPTS

m Aremake of pathology,
a profaession that has pro-
cessed samples the same
wiay for more than 100
years, is long overdue.

Emerging techniques al-

lpw computerized mages
of biopsies to be manipu-
lated in nowel ways.

n Uitimatelv. digital pathol-

5/2010

A Better Lens o

DISEASE

Computerized pathology slides may help

doctors make faster and

more accurate diagnoses

n the late 1990s Dirk G. Soenksen imagined

a new future for pathology. At the time, pa-

thologists often sar on telephone books to ger
a good view through their microscopes, yet
Socnksen’s children viewed high-resolution
monitors when merely playing Mintendo. “Why
can't microscopists look at comparter monitors,
too?™ he wondered.

That question sent Soenksen on an extended
journey, beginning in his garage. After 18 months
of intense laboring, he emerged as the head of a
newly created digital-pathology company called
Aperio, which he now runs in Vista, Calif. Be-
yond merely moving images of discased tissucs
from microscopes to computers, his rechnobo-
gy—as well asthat of other start-ups and even es-
tablished health care companies—promises to
make anatomical pathology, which invalves the
interpretation of biopsies, far more quantitative.
This advance should, in tern, enhance the aco-
racy of diagnosing discases and help physicians

BY MIKE MAY

likely to be able to inspect a sampleasa«
file. Ingeneral, today’s pathologists lack th
ity to make or obtain digitized slides, and
of such slides is approved by the 1.5, Foo
Drrug Administration for only a few medic
plications, all related to breast cancer.

For now, the hundreds of millions of p
ogy dides prepared anmuoally get handled a
have for more than 100 years. A tissue s
gets cut into paper-thin, or thinner, section
a stain brings out specific features. Then,
thologist puts the glass slide under a micro:
Ini a breast cancer biopsy, for example, ap
ogist looks for a range of features in the 1
including the number of abnormal cells
section and the tumor grade, the latter de
ingon features such as cell structure. Mo
is done by eyes over the microscope, look
every little point,™ says George K. Michal
los, chair of the department of pathology
University of Pittsburgh.
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Systematic Analysis of Breast Cancer Morphology
Uncovers Stromal Features Associated with Survival

Andrew H. Beck,"** Ankur R. Sangoi,” Samuel Leung," Robert J. Marinelli,* Torsten O. Nielsen,”

Mare J. van de Vijver,” Robert B. West," Matt van de Rijn," Daphne Kaller'™

The morphological lon of histolegic sections forms the besis of diagnosis and pre
cancer. In the diagnosls of carcinemas, pathologists perform a 1 i analysls ofac
hological foatures to d ine the cancor's histologic grade. P wse histol, grad

assessment of a carcinoma's aggressivenass and a patient's prognosis. Mevertheless, the deter
in breast cancer examines only a small set of morphological features of breast cancer epithelin
been largely unchanged since the 1920s. A comprehensive analysls of automatically quanlltm:e
features oould identify characteristics of prognostic relevance and provide an accurate and rep

far is from

| the C-Path (C,

image data. We devel

;ysr.em to measure a rich quanlltallve feature set from the breast cencer epithelium end strome

bath i of image ohiects and highar-level contextus
global lmage features. These measurements were used to construct a prognestic model. We af
system to microscopic images from twe independent cohorts of breast cancey patients [from!
Cancer Inslitute [MK) cobwort, n = 248, and the Vancower General Hos pilal [(WGH) cobort, n = 322889
nvodel score generated by our system was strongly assodated wilth overall survival in both the P74
of clinical, jical, and

cohoits (hoth log-rank £ 0,001}, This iation was i

Three stromal features were significantly associsted with survival, and this association was s
association of survival wnh epithelial d\aractenstlcs in the model, These findings implicate stromal rmorpho

logic structure as a p

for breast cancer.

Andrew Beck @ Harvard Medical School

INTRODUCTION
In the mid-19ch conury, it was flsc appreciated thar the process of
carcinogenesis produces charscterktic morphologic changes in can-
cer cells (21, Patey and Scarff shovwed in 1928 (2] that. three bistoliy
featuiea—ruliile formation, epithelial nuclear atypin, and epichelial

and momphological features [sach as stromal fibrotic focas, a scar-
ke arca In the center of a carclnoma (18)]. Thus, we scughe to de-
vilop & high-aceuracy, inage-based prodictor o identity now clinically
preictive merphilngic phemitypes of breast cancers, therehy pra
widing new insights into che Bielogical factors driving breast cancer

ritetic acivity—eonld each be seored o v, amed ths

contled b cnmbined o stratify hresst cancer patients into thiee groops
thuat shoved significant suvival differences. This scmiquantitative mor-
philngical seinving scherme T Teen refined vwer the yare (3-31 bt
sHIL renains the standand nochnkpoe for Tuskologle gradiag in imcie
breast cancer. Altheagh considerahble effort has heen devoted recently
w mlecdar prfiling for nfp i aned predictivn uf
treatnent response il cancer (6, ), microscopic image assessmoent is
still the maest commonly available (and in some places in the world,
the anfyl wal thar |s Financklly and laglstically feaslble.

Alrheugh the three epithelil featiues scered in corrent prading Ria

tems sre usefl in assessing cancer p walsale g

T he development of sach 2 syatem enuld alar addres other prob

lems relevant to the clinical treatment of breast cancer. A limitation
tiov the current grading system is that there is considerable variability
in histalogie gracing ameng pathwloglac (F7), with potentialy peg-
ative consequenses for determining treatment, An mnemated systemn
could prvide an ubsjective meshod for predicting pitient pnsgnesic
divectly trom image data, Moreever, once eatablished, this syster
conled e nzed in breast cancer clinical trialy to proside 2n acourate,
abjective means for assessing, breast cancer mopholagic character-

Istics, aﬂmu)@, abjoctive straritication of breast cancer paticnts on thw

infianmacion cin ala be dedved frem oo fwtors, induding praoper-
ties of the cancer stroma such as it muleclar characteristios (8-151

boz wl Medidre, Sle-furd LA SGIE

5,
I.uel Detzcorass Medize! Carce,

2 Buslen bad 02115, 1
wri alun o be ecihe

Covveil: b wrduastan ey

Taasis ool eriterin and Facilicating the discovery of mor-
phalngic ﬁ_.m res aanodined with respona ooospecific rhcuapcurlc
AgeTty,

RESULTS

Exnorlmonul design o\urvim

We el the O 1 Pathelogist (€3 Patk), @ machine
learning-based methed im auzomatically analyzing cancer images
amd predicting progosis, To constract and evalnate the rodel, we
acquired hemaemylin and cosln [HE&ER)-stained histelogieal lnsges
from brvast cancer tlssue micrearays (TMAs) [figs. $4 and 52). Thw

v ScienceTranslationalMedicineory 5 Movemzer 2001 Vol 3 e 108 108a1713 1
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COMPUTATIONAL MEDICINE

C-Path:

A Watson-Like Visit to the Pathology Lab

David L. Rimm

Camputer-based quantiication of tumor morpholagy has arguably salved the problem
afstandardized tumor grading (Beck ot al, this ksuel.

NMAN VERSUS MACHINE

Hiree comrputers were invenled, Lecimophiley
bave tried wo gererate a computer agorithm
st ol esential'y he” a pathnlogist, pro
widing an objestive readons for tamor grade
For the mos: part, early machines sirpy
wreasared distanes hetwesr Tealutes (such
st diameser of the modeus o micronz-
eters). Giver: that the average wristwatcs has
wrare commusing sower than mos: of those

s
|1| 1o dleeribe, hand
e wre, bard 1o

Tearm, oflen Teipuiring moere an
10 years before a nachologist can be consid-
ered “eipert”

S, it is has heen notoriously diffeult to

cunlate thar experties witha machine. Even

I ST T SRS TTAMSLATY

Dﬂp;rﬁeﬂlr\:fﬂa'l\'{u;f YaeUntariy chos of
et Higae
e ey

L paﬂmlogls:s bave sxperiss oo dif-
fereml degress, w resills e subjectiv
bty in diageosts This fact was dramatizally
|11u-m—| al by Howai when he enlec

make a specific diagrosis of-:rem.lllgra.ncw
(21 The agreement hetween the sxperis was
sm‘wmnghf low, Scanit and colleagucs re-
sponded a year later 13), showing that stan-
durclized] eriteria improved the result. B

TIge 1 LI IDINS WNALLOI, T COmEL
defieated 2 [wrmin op ponen
yand the subjectiv i

5 of its human counterpi s,

puter system a1 the tinae By the carly 1590s,
automatior. fiest entered commercial ar-
tomic: pachalosy s BAPNET a1 computer
aded screer for abrornial celle in Fap smears
(5. Ao ugh this syscem failed 1o charge
tient care, it heralded a new age in aratomic
pathotogy in which computers conld desist

Wi SeieneaTranslatianall sdicinaoty  § Novernbier 2011

u o
Hxath {1 m\l(l adﬂan.e fathedagry le-

in diagniscic eytology. Mo, around 20 yers
later, compuer-assisted gynecologic cyml-
oy sereeniing i browd g ased in insruments
gaca a5 the Focallwint (Beston Dickinson!
{6 ard the ThicPren {Hologic) (7) lmaging
sysieme. Sl i
every Lab that overaw instruments, coordi-
nate information syscems, and manage and
display images. Bt even now, 75 yo
the invemrtion of the conuires, s gl not
penetrated the realm of diagnestie anaomis
pathilogy As described by Beck and ol
leagmes, C-lath cond someday transforn:
thie e of eompulers hilagy aned medi

clue g 10

COMPUTATIONAL PATHOLOGY

One of the most <ritical subjective tumor-
evaluatinn marnreers i istologic grade
Altwough there are standardized <riteria tor
grading differen logies, |.lu: agreement

3 binary outeo

it
erands Cimesr '\mlllul»u\]mn
Ater a serics of computational va
sceps, Uue authors were abie o show
restiltan; sore was significin:ly associaed
wity gurvival in the training set
The exeiting part of This sul;, wias 0w
wel| the Fomputer
wval ont

of tissue snples fron 4

Wil 3 lase 0F T0BRA 1
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Nature 10/2013

Will machines be able to judge a patient's prognosis? This prototy pe microscope aims to do part of the job.

The computer
will see you now

From image-analysis software to lens-free microscopes
thatfit on a mobile phone, new tools are providing
pathologists with clearer and more informative images.

BY KATHERINE BOURZAC

592 | NATURE | VOL 502 | 31 OCTORER 2013

rians such as Galileo, Antonie van Leeu-

wenhoek and Robert Hooke learned to
grind lenses and make the first microscopes,
revealing the hidden landscapes of life. They
saw for the first time the cells in cork, blood
and other tissues, and van Leeuwenhoek found
swimming ‘animalcules’ in dental plague and
observed the movement of sperm.

Physicists and engineers are now trying to
bring about a similar shift in pcnpcw.twc for
microscopy. In most pathology labs, doc-
tors diagnose diseases by poring over tissue
slices on glass microscope slides — classifying
tumours, for example, based on subtle visual
cues that are difficult to quantify. But this is
starting to change. Just as lenses once revealed
vistas that were previously invisible to the
human eye, 50 software is opening up a new
window on biology.

The latest dxglla! tools make it possible to
do a visual search in microscopy images, auto-
mate diagnosis, and sync image data with the
genomic profiles of tumours. Some researchers
are even doing away with lenses altogether,
creating computational microscopes based
on inexpensive hardware that could be used
for point-of-care diagnostics, particularly in
poor areas with few doctors.

In the seventeenth century, natural histo-

BIG DATA

Pathology has remained stubbornly analogue
and qualitative, however. The experienced
pathologist’'s main tools are glass slides, a com-
pound microscope whose design has hardly
changed in more than 200 years, and eyesthat
have seen thousands of tumours. "Most of a
pathologist’s medical decisions are based on
morphology.” the structural details of cells
and tissues revealed under a microscope, says
David Rimm, a pathologist at the Yale School
of Medicine in Connecticut.

Just because a method is old is no reason to
abandon it, of course. But advocates of digital
pathology worry about inconsistencies that
can lead to false negatives and misdiagno-
ses. Experienced pathologists are better than
younger ones at identifying rare tumours, but
they often disagree with one another and even
with their own assessment of the same sample
from weeks before.

One hurdle to digitizing clinical microscopy
is the size and complexity of the images, says
Metin Gurcan, who specializes in biomedical
informatics at Ohio State University and was
an early advocate of digital pathology. First,
a biopsy is sliced into sections and placed on
multiple slides. A digital image of a single slide,
magnified under the microscope, has about 10
billion pixels and requires about 30 gigabytes
of memory. A typical prostate biopsy, for
example, uses more than 20 slides and needs
about 600 gigabytes.

That's alot of information for pathologists to
scan through — and a lot of data for software
to sift. “The number and type of cells found
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C-Path = Computerized Pathologist

Learning an image-based model to predict survival

Processed images from patients
alive at 5 years

Processed images from patients
deceased at 5 years
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Dr. Andrew Beck @
Harvard Medical School

RESCARCH ARTICLE

ImAGING
Systematic Analysis of Breast Cancer Morphology
Uncovers Stromal Features Associated with Survival

Andrew H. Beck, "** Ankur R. Sangol,™* Samuel Leung,* Robert J. Mainelli* Torsten 0. Nielsen,*
Mare 1. van de Vijver,® Robart B. West, Matt van de Rijn,’ Daphne Kolle
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Area

Blood vessel

Duct

Ductal
carcinoma in
situ (DCIS)

Fat

Inflammatory
cells

Invasive
ductal
carcinoma

Lobule

Lymph vessel

Nerve

Red Blood
cells

Stroma

20 22 R I AR AT @\ e B9 Pl X

Explanation

Either a small artery or vein. Arteries commonly have thicker walls than veins. Blood ¢

vessels are important infiltration routes for tumors.

Lactiferous ducts are tubular milk transport structures in breasts. In histopathology

slices lactiferous ducts look like holes or cylinders depending on the cut direction.

Ductal carcinoma in situ stands for the most common noninvasive breast cancer that
originates from a lactiferous duct. DCIS is a preliminary stage of cancer where cells
already seem malignant and contain genetic changes but the cells are still contained
inside the duct and have not invaded the stroma.

Fat looks like empty drops because the fat dissolves in the slice preparation process
before the cutting and dyeing of paraffin blocks.

Inflammatory tissue contains lymphocytes, neutrophils and eosinophils.
Lymphocytes look like dark, little and round cells and their dark nucleus fills almost
the whole cell body.

Invasive ductal carcinoma is a malignant breast cancer which originates from a
lactiferous duct and invades the stroma.

Lobule (terminal duct-lobular unit (benign)) is a unit in the end of lactiferous duct
from which milk is secreted. Lobule consists of little glands, which form a round
structure, and of the small distal part of the duct.

Lymph vessels are part of the lymphatic system where lymph passes through lymph |

nodes and returns to bloodstream. Lymph vessels have a thin wall. Lymph vessels are
important infiltration routes for tumors.

Nerves are important structures in tumor diagnostics because benign changes do not
normally grow near the nerves. Invasion to a nerve surrounding traditionally means
that the tumor is malign, even though there are exceptions.

Red blood cells have a biconcave disc shape. They are red cells that do not have

nuclei. Red blood cells have a diameter of 5 micrometers and they are usually found
in the lumen of blood vessels.

Stroma consists of connective tissue surrounding and supporting biological tissues,
cells and organs. Whereas parenchyma refers to the functional parts of the tissue (e.g.
the actual mutant cells).

Tissue sample
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Basavanhally, A, Xu J, Ganesan S, Madabhushi A. 2009. Computer-aided Prognosis (CAP) of ER+ Breast Cancer Histopathology and Correlating Surviva§3
Outcome with Oncotype Dx Assay. IEEE International Symposium on Biomedical Imaging. :851-854.



b afaar%wz $5. 414 44 1 WESERY

. ESERVE

2T

b UA;,:}/,’ ..IT .' &4*“ \\\ sst a6 | JNIVERSITY
e L Y T gl u,,,,;; o
ESRL T3 dm % &' * VoronoiDiagram

* Polygon area
5 * Polygon perimeter
AN B * Polygon chord length

* Delaunay Triangulation
* Triangle side length
* Triangle area

* Minimum Spanning Tree
* Edge length

54
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Cruz-Roa A, Xu J, Madabhushi A, “A note on the stability and discriminability of graph based features for classification problems in digital pathology”, Proc. SPIE 9287,

10th International Symposium on Medical Information Processing and Analysis, 2015.
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NN

o

Output layer: Softmax classifier detect
input patches as nuclei or non-nuclei
patches

o Input layer
(d, X Tunits)

Input pixel intensities of
selected patch with sliding
windows

Softmax classifier for nuclei detection

Xu J, et al. “Stacked Sparse Autoencoder (SSAE) based Framework for Nuclei Patch Classification on Breast Cancer Histopathology”, ISBI2014.
Xu J, et al. “Stacked Sparse Autoencoder (SSAE) for Nuclei Detection on Breast Cancer Histopathology”. IEEE Trans. on Medical Imaging, 2016 7
Zhang X, Dou H, Xu J, Zhang S, “Fusing Heterogeneous Features for the Image-Guided Diagnosis of Intraductal Breast Lesions”, IEEE Journal of Biomedical and Health Informatics, 2(5)16



N7k 241 )%

Nanjing University of Information Science & Technology

Xu J, et al. “Stacked Sparse Autoencoder (SSAE) based Framework for Nuclei Patch Cla55|f|cat|on on Breast Cancer Hlstopathology ISBI2014.
Xu J, et al. “Stacked Sparse Autoencoder (SSAE) for Nuclei Detection on Breast Cancer Histopathology”. IEEE Trans. on Medical Imaging, 2016



P A% 7 4k 32 ) 5 o # 4 HE 32 B B 3 7




=

o« 28 8m I BAR AT 5 SR 0 T H LA B S B B UG

AT 7 B I

60



=/ Nanjing University of Information Science & Technology

vas defergns Prostate gland

Prostate in the male body Normal prostate Cancerous prostate
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A tissue image showing the cancer glands in a cancer region annotated by a pathologist (green

contour); normal glands are present in the region outside the green contour.
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Head and Neck Cancer
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Any Questions or Comments?
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