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Eastern Africa
Numbers 221,076
Cervix uteri 14%
Kaposi sarcoma 11%
Breast 8%
Oesophagus 7%

Southern Africa
Numbers 79,179
Breast 11%
Prostate 10%
Oesophagus 9%
Cervix uteri 8%

Middle Africa
Numbers 66,895
Liver  16%
Breast  12%
Cervix uteri               12%
Prostate                 6%

Western Africa
Numbers 184,071
Breast 16%
Cervix uteri 16%
Liver 11%
Prostate 7%

Central and Eastern Europe
Numbers 983,408
Lung 14%
Colorectum 13%
Breast 12%
Stomach 7%

Central America
Numbers 176,564
Prostate 12%
Breast 10%
Cervix uteri 9%
Stomach 8%

Northern Africa
Numbers 164,350
Breast 17%
Lung 7%
Bladder 7%
Non-Hodgkin lymphoma 7%

Southern Europe
Numbers 713,401
Colorectum 14%
Breast 13%
Lung 12%
Prostate 11%

Western Europe
Numbers 1,029,993
Prostate 16%
Breast 14%
Colorectum 13%
Lung 11%

South-Central Asia
Numbers 1,423,213
Cervix uteri 12%
Breast 12%
Lung 7%
Lip, oral cavity 7%

Northern America
Numbers 1,603,870

Northern Europe
Numbers 482,080

Prostate 13%
Breast 15%

Colorectum 13%
Lung 12%

South America
Numbers 650,097
Breast 14%
Prostate 13%
Lung 8%
Colorectum 7%

Eastern Asia
Numbers 3,720,658
Lung 17%
Stomach 16%
Liver 13%
Colorectum 10%

South-Eastern Asia
Numbers 725,446
Lung 14%
Breast 12%
Liver 10%
Colorectum 9%

Australia/New Zealand
Numbers 127,022
Prostate 17%
Colorectum 14%
Breast 13%
Melanoma of skin 11%

Caribbean
Numbers 79,347
Prostate 20%
Breast 11%
Lung 11%
Colorectum 9%

Cancer Incidence Worldwide
Breakdown of the estimated 12.7 million new cases, World-age 
standardised incidence rates and the most commonly diagnosed 
cancers by the different regions of the world, 2008.

Western Asia
Numbers 223,042
Breast 13%
Lung 12%
Colorectum 8%
Stomach 7%
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Melanesia
Numbers 7,028
Lip, oral cavity 12%
Cervix uteri 10%
Breast 9%
Liver 7%
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Lung 15%
Prostate 13%
Breast 13%
Colorectum 11%



Incidence	  of	  Cancer	  
•  This	  year:	  

– Approximately	  12.7	  million	  cases	  of	  cancer	  will	  be	  
diagnosed	  worldwide.	  

– 8	  million	  people	  will	  die	  of	  cancer	  worldwide	  
(2012).	  (15%	  of	  deaths)	  

–  In	  United	  States,	  about	  600,000	  people	  will	  die	  of	  
cancer	  (about	  1	  in	  4	  deaths).	  

•  It	  is	  esQmated	  that	  during	  their	  lifeQme	  	  
– 1	  in	  2	  men	  will	  be	  diagnosed	  with	  cancer.	  
– 1	  in	  3	  women	  will	  be	  diagnosed	  with	  cancer.	  
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Cancer	  StaQsQcs	  
• 	  	  Most	  commonly	  diagnosed	  cancers:	  

• 	  	  Lung	  
• 	  	  Breast	  
• 	  	  Colorectal	  

• 	  	  Most	  common	  causes	  of	  cancer	  death	  
• 	  	  Lung	  
• 	  	  Stomach	  
• 	  	  Liver	  

Age	  Standardized	  Rate	   From	  Globocan	  2008	  



Causes	  of	  Cancer	  
•  Genes	  (family	  history	  maZers,	  but	  some	  cancers	  are	  geneQcally	  

heterogeneous)	  
•  Environment	  	  

–  Carcinogens	  
–  RadiaQon	  
–  Sunlight	  

•  Lifestyle	  
–  Diet	  (lack	  of	  fruit	  and	  veggies,	  excess	  salt	  increase	  cancer	  risk)	  
–  Alcohol	  
–  Smoking	  
–  Body	  weight	  
–  OccupaQon	  (chemical	  exposure,	  asbestos,	  night	  shi])	  

•  InfecQous	  agents	  (viruses	  and	  bacteria)	  caused	  16%	  of	  cancers	  in	  2008,	  e.g.,	  
–  Human	  Papilloma	  Virus	  (HPV)	  can	  cause	  cervical	  cancer.	  
–  HepaQQs	  B	  and	  C	  increases	  the	  risk	  of	  liver	  cancer.	  
–  HTLV1	  causes	  leukemia.	  
–  H.	  Pylori	  (ulcers)	  increases	  the	  risk	  of	  stomach	  cancer.	  
–  Epstein-‐Barr	  can	  cause	  BurkiZ’s	  lymphoma	  and	  nasopharyngeal	  cancer.	  



Cancer	  Death	  Rates	  SaturaQng	  

Siegel	  et	  al.,	  CA:	  A	  Journal	  for	  Clinicians	  (2011)	  In	  United	  States	  
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What	  can	  be	  done	  about	  lowering	  
cancer	  mortality?	  

•  PrevenQon	  	  
– Healthy	  lifestyle:	  Don’t	  smoke,	  eat	  healthy,	  exercise	  
–  Vaccine	  (Gardasil	  prevents	  cervical	  cancer)	  

•  Early	  detecQon	  
–  PSA	  test	  for	  prostate	  cancer	  
–  Colonoscopy	  for	  colorectal	  cancer	  
– Mammograms	  for	  breast	  cancer	  

•  New	  scienQfic	  advances	  
– New	  approaches	  
– New	  technologies	  
– Greater	  exchange	  of	  research	  informaQon	  

•  Preprint	  library	  



90%	  of	  cancer	  research	  
results	  are	  not	  
reproducible	  
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Physical	  Sciences	  Oncology	  Centers	  
hZp://physics.cancer.gov	  

•  In	  2009,	  the	  NaQonal	  Cancer	  InsQtute	  (NCI)	  
decided	  physicists	  should	  look	  at	  cancer.	  

•  $150	  million	  was	  used	  to	  start	  12	  Physical	  
Sciences	  Oncology	  Centers.	  



LocaQon,	  LocaQon,	  LocaQon	  



LocaQon	  QuesQon	  
•  Why	  are	  some	  cancers	  more	  prevalent	  in	  
some	  parts	  of	  the	  world	  than	  others?	  
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Prostate	  Cancer	  



Age-‐
Standardized	  
Breast	  Cancer	  
Incidence	  and	  
Mortality	  
Rates	  by	  World	  
Area.	  Source:	  
GLOBOCAN	  
2008	  
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Liver	  Cancer	  



Why	  do	  tumors	  
metastasize	  to	  some	  
organs	  but	  not	  to	  

others?	  
•  Tumors	  spread	  to	  other	  
organs	  via	  lymph	  fluid	  and	  
blood	  vessels	  

•  For	  example,	  breast	  cancer	  
metastasizes	  to	  lymph	  
nodes,	  lungs,	  liver,	  bones,	  
and	  brain	  

from	  www.care2.com	  



Tumor	  LocaQon	  QuesQon	  
•  Why	  does	  a	  tumor	  start	  where	  it	  does	  in	  an	  organ?	  	  

Lung	  Tumor	  

Brain	  
Tumor	   Crypts	  with	  

stem	  cells	  are	  
found	  in	  both	  
colon	  and	  small	  
intesQne,	  but	  
colon	  cancer	  is	  
common	  while	  
small	  intesQne	  
cancer	  is	  rare.	  
Why?	  



	  
Why	  does	  a	  tumor	  usually	  start	  in	  the	  
upper	  outer	  quadrant	  of	  the	  breast?	  

	  

S.	  L.	  Kwong,	  Breast	  Cancer	  in	  California,	  2003,	  Ch.	  9	  	  



Breast	  Cancer	  

It	  is	  esQmated	  that	  in	  the	  United	  States	  this	  year:	  
• 	  Over	  200,000	  women	  will	  be	  diagnosed	  with	  invasive	  
breast	  cancer.	  
• 	  About	  60,000	  women	  will	  be	  diagnosed	  with	  in	  situ	  
(stage	  0)	  breast	  cancer.	  
• 	  About	  40,000	  women	  will	  die	  of	  breast	  cancer.	  
• 	  About	  2000	  men	  diagnosed	  with	  breast	  cancer.	  	  	  

From	  American	  Cancer	  Society	  



Structure	  of	  Mammary	  Gland	  (Breast)	  

from	  www.breastcancer.org	  

Normal	  bilayer	  
architecture	  
in	  fixed	  cross	  

secQon.	  
(Tlsty	  lab)	  

Myoeps	  /	  Luminal	  eps	  

Epithelial	  cells	  line	  caviQes	  and	  surfaces	  in	  the	  
body.	  
Basement	  membrane	  is	  tough	  outer	  layer.	  It’s	  
an	  example	  of	  extracellular	  matrix.	  

Cross	  SecQon	  
of	  Milk	  Duct	  



Genes are not the only 
important factor in cancer 

 
After 30 years of extensive genomic studies, there is no 
genetic smoking gun that can explain 95% of breast 
cancers. 
 
Very Heterogeneous Genetically: Whole genome 
sequencing of 50 (ER+) breast cancer tumors found 1700 
gene mutations of which only 3 appeared in ≥10% of the 
tumors (American Association of Cancer Research 
meeting, 2011). 
 
(A gene is a strand of DNA that codes for a protein.  
 A protein is a chain of amino acids.) 



The	  Importance	  of	  the	  Tumor	  
Microenvironment	  

Changes	  to	  microenvironment	  can	  unleash	  premalignant	  cells!	  

Dolberg	  and	  Bissell,	  Nature,	  1984	  

Barcellos-‐Hoff	  Can	  Res	  2000	  

0	  Gy	  

4	  Gy	  

Cancer-‐Causing	  Virus	  (RSV)	  +	  wound	  ètumor	  
RadiaQon	  changes	  stroma	  

Damaging	  the	  microenvironment	  can	  cause	  premalignant	  cells	  to	  become	  malignant.	  

Also	  Mintz	  and	  Illmensee,	  PNAS	  (1975)	  



	  
Why	  does	  a	  tumor	  usually	  start	  in	  the	  
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S.	  L.	  Kwong,	  Breast	  Cancer	  in	  California,	  2003,	  Ch.	  9	  	  



Why	  are	  more	  than	  50%	  of	  breast	  tumors	  found	  in	  the	  
upper	  outer	  quadrant	  (near	  armpit)?	  

S.	  L.	  Kwong,	  Breast	  Cancer	  in	  California,	  2003,	  Ch.	  9	  	  

Upper	  Outer	  
Quadrant	  

Other	  parts	  of	  breast	  

Nipple	  

Upper	  Outer	   Upper	  Inner	   Lower	  Outer	   Lower	  Inner	   Central	  Por?on,	  
Nipple,	  Areola	  

57%	   15	  %	   10%	   8	  %	   11	  %	  

137,000	  CA	  PaQents,	  1988-‐1999	  
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57%	   15	  %	   10%	   8	  %	   11	  %	  

Why	  is	  this	  an	  important	  quesQon?	  
•  Because	  it	  implies	  something	  is	  causing	  tumors	  

that	  we	  are	  not	  aware	  of	  –	  unknown	  risk	  factor.	  
•  Genes	  and	  toxins,	  which	  are	  the	  	  
	  same	  throughout	  the	  breast,	  cannot	  	  
	  explain	  this.	  



Why	  do	  most	  tumors	  occur	  in	  the	  upper	  
outer	  quadrant	  near	  the	  arm	  pit?	  

•  35-‐40%	  of	  breast	  Qssue	  in	  upper	  outer	  quadrant	  but	  over	  
50%	  of	  tumors	  occur	  there	  (breast	  is	  teardrop	  shaped)	  

•  Large	  breasts	  do	  not	  seem	  to	  have	  higher	  risk	  than	  small	  
breasts	  (large	  breasts	  have	  more	  fat	  but	  roughly	  the	  same	  
amount	  of	  fibroglandular	  Qssue)	  

•  Higher	  incidence	  in	  upper	  outer	  quadrant	  in	  3rd	  world	  
countries	  (Trinidad,	  Brazil,	  India,	  Nigeria)	  	  and	  from	  
1927-‐1946	  in	  Costa	  Rica	  –	  not	  due	  to	  modern	  food	  
addiQves	  and	  pollutants	  

•  Incidence	  in	  upper	  outer	  quadrant	  increased	  from	  48%	  in	  
1979	  to	  53%	  in	  2000	  in	  England	  and	  Wales.	  

•  Cancer	  that	  metastasizes	  to	  the	  breast	  (primary	  tumor	  
elsewhere)	  has	  higher	  incidence	  in	  upper	  outer	  quadrant	  

•  In	  mice,	  rats,	  cats,	  and	  dogs,	  most	  mammary	  tumors	  occur	  
near	  the	  limbs	  



Breast	  Tumor	  Incidence	  in	  Upper	  
Outer	  Quadrant	  Increased	  With	  Time	  

Materials and Methods

Data collection for England and Wales. The incidence of breast
cancer in England and Wales is recorded by the Regional Cancer
Registeries and collated on a national basis. From 1979 to 1994,
this was recorded collectively by the Office of National Statistics in
London, UK. Since 1995, the London Office has continued to
record data from England, while the data from Wales has been
recorded separately by the Welsh Cancer Intelligence and
Surveillance Unit in Cardiff. Since 1979, incidence data has been
requested annually according to quadrant under the fourth digit
ICD9 codes for 174 (1979-1994) or ICD10 codes for 50 (1995-
2000). The information was separated into seven regions of the
breast under the following codes: ICD174.0 / 50.0 nipple and
areola, ICD174.1 / 50.1 central portion, ICD174.2 / 50.2 upper
inner quadrant, ICD174.3 / 50.3 lower inner quadrant, ICD174.4 /
50.4 upper outer quadrant, ICD174.5 / 50.5 lower outer quadrant,
ICD174.6 / 50.6 axillary tail. Total incidence data for England and
Wales from 1979 to 2000 was returned with quadrant information
under the ICD9/10 codes 174.0/50.0 – 174.6/50.6 in 212,677 returns.

Data collection for Scotland. The incidence of breast cancer in
Scotland is recorded independently by the Cancer Intelligence
Group, NHS Scotland in Edinburgh. Incidence data has been
requested annually according to quadrant since 1980. Incidence data
from 1980 to 2001 was returned with quadrant information in 17,911
returns. The information was recorded using the same coding system
of the breast as for the data from the London and Cardiff offices.

Between the years 1980 and 1996, there was an annual lack of
compliance with quadrant information in an overall average of 82.5%
(± SD 2.53%) of cases. However, as a result of reorganization of
cancer registration procedures, the lack of compliance has decreased
sharply since 1997 to an overall average between 1997 and 2001 of
47.8% (± SD 2.54%).

Data analysis. All data were analysed and statistical parameters
calculated using Origin 7 (Microcal Software Inc., Northampton,
MA, USA). Linear regression analysis (by the method of least
squares) was used to calculate the slope of the line, its standard
error and the correlation coefficient (R) together with the standard
deviation of the fit (±SD). The probability (p value) that R is zero
was obtained from the F distribution.

ANTICANCER RESEARCH 25: 2543-2550 (2005)

2544

Figure 1. England and Wales: Trend in proportional annual incidence of female breast cancer in the upper outer quadrant (UOQ) of the breast from
1979 to 2000. Each point represents the ratio of recorded incidence in UOQ to the total incidence recorded in that year with site-specific information.
Linear regression analysis was used to calculate a line of best fit. Table I gives the slope of the line, its standard error and the correlation coefficient (R)
together with the standard deviation (SD) of the fit; the probability (p value) that R is zero was obtained from the F distribution.

Darbre	  et	  al.,	  AnQcancer	  Res.	  (2005)	  



Why	  do	  most	  tumors	  occur	  in	  the	  upper	  
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Why	  do	  most	  tumors	  occur	  in	  the	  
upper	  outer	  quadrant?	  

•  AnQperspirants?	  No	  evidence	  for	  this.	  Doesn’t	  explain	  
animals	  or	  3rd	  world	  countries	  

•  Arm	  moQon?	  Probably	  not	  due	  to	  mechanical	  stress/strain	  
because	  tumor	  incidence	  is	  not	  higher	  (or	  lower)	  near	  chest	  
(pectoral)	  muscle	  

•  Temperature?	  Probably	  not.	  Upper	  outer	  quadrant	  not	  
warmer	  or	  colder	  than	  other	  quadrants.	  

•  Increased	  mammographic	  density?	  	  
•  Lymph	  fluid	  carrying	  waste	  products	  from	  cells	  drains	  through	  

the	  upper	  outer	  quadrant	  to	  lymph	  nodes	  under	  the	  arm?	  
(Lymph	  is	  like	  the	  sewage	  system	  for	  cells.)	  Probably	  not.	  
Lymph	  is	  in	  lymph	  vessels.	  

•  More	  blood	  flow	  means	  more	  favorable	  tumor	  locaQons	  
(angiogenesis)?	  



SQffer,	  Denser	  Breasts	  Have	  a	  Higher	  Risk	  
for	  Breast	  Cancer	  

Higher	  mammographic	  density	  (white	  stuff)	  is	  
correlated	  with	  increased	  risk	  of	  breast	  cancer.	  
White	  stuff	  is	  fibroglandular	  Qssue	  (collagen).	  



Tumor	  LocaQon	  
QuesQon	  

	  	  	  	  Why	  does	  a	  tumor	  
usually	  start	  in	  the	  
upper	  outer	  
quadrant	  of	  the	  
breast?	  

S.	  L.	  Kwong,	  Breast	  Cancer	  in	  California,	  2003,	  Ch.	  9	  	  

Is	  the	  mammographic	  density	  
higher	  in	  the	  upper	  or	  outer	  
(lateral)	  half	  of	  the	  breast?	  



Mammographic	  Density	  Scales	  with	  Area	  

Seems	  that	  mammographic	  density	  does	  not	  explain	  
increase	  tumor	  incidence	  in	  upper	  outer	  quadrant	  

James	  Mitchell	  
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Why	  do	  most	  tumors	  occur	  in	  upper	  
outer	  quadrant?	  

•  AnQperspirants?	  No	  evidence	  for	  this.	  Doesn’t	  explain	  
animals	  or	  3rd	  world	  countries	  

•  Arm	  moQon?	  Probably	  not	  due	  to	  mechanical	  stress/strain	  
because	  tumor	  incidence	  is	  not	  higher	  (or	  lower)	  near	  chest	  
(pectoral)	  muscle	  

•  Temperature?	  Probably	  not.	  Upper	  outer	  quadrant	  not	  
warmer	  or	  colder	  than	  other	  quadrants.	  

•  Increased	  mammographic	  density?	  Probably	  not.	  
•  Lymph	  fluid	  carrying	  waste	  products	  from	  cells	  drains	  through	  

the	  upper	  outer	  quadrant	  to	  lymph	  nodes	  under	  the	  arm?	  
(Lymph	  is	  like	  the	  sewage	  system	  for	  cells.)	  Probably	  not.	  
Lymph	  is	  in	  lymph	  vessels.	  

•  More	  blood	  flow	  means	  more	  favorable	  tumor	  locaQons	  
(angiogenesis)?	  



Lymph	  vessels	  in	  breast	  draining	  to	  
senQnel	  lymph	  nodes	  under	  arm	  

the lymph vessel anatomy. To provide the three-
dimensional views, the female specimens were sliced
parallel to the lymph vessels as they passed towards
the axilla. These slices were then placed on their sides
and radiographed to show the position of the lym-
phatic collectors with respect to the skin and the
breast tissue.
Radiographs were photographed (Nikon D100,

Nikon Co., Japan) and transferred to the computer,
then each lymphatic collector was traced (Adobe
Photoshop CS, Adobe System Inc.) to its first-tier
node and color coded. All collectors draining to the
same first-tier node were assigned the same color after
tracing them retrogradely from the sentinel nodes.

RESULTS

Superficial Lymphatic System

Lymphatic collectors were identified in the subcu-
taneous tissues near the peripheral cut edges of the
specimens and the lateral border of the sternum. The
collectors often branched in the peripheral region
then combined to form larger collectors that re-
mained approximately uniform in diameter until they
reached the first lymph node (Figs. 3 and 4). Some
collecting lymph vessels joined with others within the
same sentinel node territory, rarely with others, be-
fore reaching the lymph node. All superficial lymph
vessels in these dissections entered a lymph node in
the axilla, which was always close to the lateral edge
of the pectoralis minor muscle. The findings were
similar in both sexes (Fig. 4). In all of the specimens
we examined, many of the lymphatic collectors that

passed over or through the breast ended by draining
into the same first-tier lymph node. In some, almost
the entire breast drained to one sentinel node. In
others however, there was at least one other node that
was the first-tier node for a collecting lymphatic that
passed through part of the breast.
The lymphatics deep to the nipple and areola area

were different from those of the other areas we
examined. Microscope-assisted dissection of the are-
olar region revealed a dense network of lymph cap-
illaries and precollectors in the dermis. This structure
is presumably the subareolar plexus identified by
Sappey. In most areas, dye injected subcutaneously
over the breast mound was not taken up by the
lymphatics. Dye injected in the nipple and areolar
region was taken up by 2 or 3 superficial lymph col-

FIG. 3. Radiographs in antero-posterior views of a male (left) and
female (right) specimen after completing injections with the lead
oxide mixture. Note that the torso lymph vessels radiate centripe-
tally towards the axilla.

FIG. 4. Tracing distally of lymphatics of both hemi upper torsos
(male: A and C, female: B and D) from each first-tier lymph node
colour coded; pectoral node (green, orange, black and yellow),
subclavicular node (light blue), and internal mammary node (red).
Note (i) that the lymph collecting vessels from the nipple and
areolar region on each specimen drain into the green-colored
lymph node; (ii) the similar pattern of chest and breast drainage
between the male and female studies; (iii) that the breast lies in the
pathway of collecting lymphatics that start peripherally and (iv)
that, although the majority of the breast drains to one sentinel node
in D, every breast area is drained by more than one first-tier node
in each study.

H. SUAMI ET AL.866

Ann. Surg. Oncol. Vol. 15, No. 3, 2008

From	  Suami	  et	  al.	  2007	  



Why	  do	  most	  tumors	  occur	  in	  upper	  
outer	  quadrant?	  

•  AnQperspirants?	  No	  evidence	  for	  this.	  Doesn’t	  explain	  
animals	  or	  3rd	  world	  countries	  

•  Arm	  moQon?	  Probably	  not	  due	  to	  mechanical	  stress/strain	  
because	  tumor	  incidence	  is	  not	  higher	  (or	  lower)	  near	  chest	  
(pectoral)	  muscle	  

•  Temperature?	  Probably	  not.	  Upper	  outer	  quadrant	  not	  
warmer	  or	  colder	  than	  other	  quadrants.	  

•  Increased	  mammographic	  density?	  Probably	  not.	  
•  Lymph	  fluid	  carrying	  waste	  products	  from	  cells	  drains	  through	  

the	  upper	  outer	  quadrant	  to	  lymph	  nodes	  under	  the	  arm?	  
(Lymph	  is	  like	  the	  sewage	  system	  for	  cells.)	  Probably	  not.	  
Lymph	  is	  in	  lymph	  vessels.	  

•  More	  blood	  flow	  means	  more	  favorable	  tumor	  locaQons	  
(angiogenesis)?	  



Could	  increased	  blood	  flow	  in	  the	  upper	  outer	  
quadrant	  of	  the	  breast	  make	  a	  more	  suitable	  

habitat	  for	  tumor	  growth?	  	  

•  More	  Qssue	  in	  the	  upper	  outer	  quadrant	  
means	  more	  blood	  supply.	  

•  Tumors	  don’t	  grow	  larger	  than	  about	  1	  mm	  
without	  a	  blood	  supply	  (vascularizaQon).	  

•  Oxygen	  diffuses	  about	  100-‐200	  μm	  from	  a	  
capillary.	  



Angiogenesis	  

•  Tumors	  enQce	  blood	  vessel	  growth	  to	  provide	  
oxygen	  and	  nutrients	  (Judah	  Folkman).	  

•  Tumors	  send	  out	  chemical	  signals	  (e.g.,	  VEGF)	  
to	  aZract	  blood	  vessels	  to	  grow	  toward	  them.	  

•  Could	  the	  larger	  number	  of	  arteries	  in	  the	  
upper	  outer	  quadrant	  mean	  there	  is	  more	  
prime	  tumor	  real	  estate?	  

Judah	  Folkman	  



Scaling	  of	  Blood	  Vessel	  Sizes	  

of finite size (section ‘‘Finite-size corrections to 3/4 allometric
scaling’’) and revisit certain assumptions of the theory (section
‘‘Making the WBE model more biologically realistic’’). In section
‘‘Comparison to empirical data’’ we compare our results to trends
detectable in empirical data. We put forward our conclusions in
the Discussion section.

Model

Assumptions of the WBE Model
The WBE model rests on eight assumptions. Some of these

assumptions posit the homogeneity of certain parameters through-
out the resource distribution network. Any actual instance of such
a network in a particular organism will presumably exhibit some
heterogeneity in these parameters. The object of the theory is a
network whose parameters are considered to be averages over the
variation that might occur in any given biological instance. For the
sake of brevity, we refer to such a network as an ‘‘averaged
network’’. The impact of parameter heterogenity on the scaling
exponent is very difficult to determine analytically. (Section
‘‘Changing branching ratio across levels’’ addresses a modest
version of this issue numerically.)

Assumption 1. The distribution network determines the
scaling relationship. The relationship between metabolic rate
and body mass is dominated by the structure and dynamics of the
resource distribution network, which for most animals is the
cardiovascular system. This assumption constitutes the core of the
WBE framework. The vascular system is directly tied to metabolic
rate, because the flow dynamics through the network and the
number of terminal points (capillaries) constrain the rates at which
cells and tissues are supplied with oxygen and nutrients needed for
maintenance. At the same time, the vascular system is directly tied
to body volume (and thus body mass), because network extent and
structure must be such that its terminal points can service (and
thus cover) the entire body volume. It follows that the relationship
between metabolic rate and body mass must be constrained - and
WBE assume it is dominated - by the structural and flow
properties of the cardiovascular system. It should be noted that
Assumption 1 could be true even if other assumptions of WBE are
false. (For a recent example with plant architecture and data, see
Price et al. [40].) In other words, even if the cardiovascular system
does not drive the particular allometry between mass and
metabolic rate, the cardiovascular system must be consistent with
the observed scaling.

Assumption 2. The distribution network is
hierarchical. To say that the cardiovascular system is
hierarchical amounts to assuming that there is a consistent
scheme for labeling different levels of vasculature (Figure 1),
proceeding from the heart (level 0) to the capillaries (level N). This
assumption is not exactly true. For example, the number of levels
from the heart to the capillaries in the coronary artery is smaller
than the number of levels from the heart to the capillaries in the
foot [54]. Yet, the hierarchical structure is evident in images of
whole-body vasculature, and is posited to constitute a good
approximation for analyzing properties of an averaged network.

Assumption 3. Vessels within the same level of the
hierarchy are equivalent. All the vessels at the same level of
the network hierarchy have the same radius, length, and flow rate.
Again, this assumption is not strictly true but provides a tractable
way to study an averaged network.

Assumption 4. The branching ratio is constant. The
number of daughter vessels at a branching junction—the
branching ratio n—is assumed to be constant both within and
across levels. By definition of the branching ratio, the total number

of vessels within level k is Nk= nk. The total number of vessels in the
previous level is Nk21 = nk21, thus n=Nk/Nk21. The constancy of n
provides a good approximation for describing the properties of an
averaged network. We will show in section ‘‘Derivation of the 3/4
scaling exponent’’ that the value of n does not affect the leading-
order scaling (infinite-size limit) of the allometry. However, it does
slightly affect the corrections to 3/4 for organisms of finite size. In
the original WBE paper, a constant branching ratio n is listed as a
consequence of Assumption 6 (below), which uses a Lagrange
multiplier calculation to minimize the energy required for fluid
flow through the vascular hierarchy. That claim is incorrect
because there are not enough Lagrange constraints to determine
this additional ratio. Although the constancy of the branching ratio
plays a pivotal role in relating vessel radii and lengths at one level
to those at the subsequent level, deviations from Assumptions 3
and 4 were not believed to have much effect on the predicted
scaling exponent based on numerical work on side branchings by
Turcotte [55].

Assumption 5. The network is space filling. Resource
distribution networks are space-filling in the sense that they must
feed (though not necessarily touch) every cell in the body. This
assumption determines how vessel lengths at one level relate to
vessel lengths at the next level. Although this assumption seems
simple and intuitively appealing, it has a precise meaning that is
not easily conveyed by this terminology. A single capillary feeds a
group of cells, which constitute the service volume, vN (N denotes
the terminal branching level), of a capillary. Since all living tissue
must be fed, the sum over all these service volumes must equal the
total volume of living tissue, Vtot =VcapvN, where Ncap is the
number of capillaries, that is, the number of vessels at the terminal
level N, NN=Ncap. This argument can be repeated for vessels one
level above the capillaries (level N21), only now each of those
vessels must service a group of capillaries that comprises some
volume, vN21. Again, the sum over all these NN21 service volumes
must equal the total volume of living tissue, Vtot =NN21vN21,
because that is the volume the capillaries must maintain. Iterating

Figure 1. Schematic vessel architecture and branching. A vessel
at level k branches into two daughter vessels at level k+1. The
branching ratio is thus n= 2. The radii, rk+1, and lengths, lk+1, of the two
daughter vessels are identical by Assumption 3. The ratios of the radii
and lengths at level k+1 to those at level k are defined as c, b. and b,
in Equations 2 and 3. The choice of b. for the radial ratio corresponds
to area-preserving branching and of b, to area-increasing branching. In
the WBE model, the cardiovascular system is composed of successive
generations of these vascular branchings, from level 0 (the heart) to
level N (the capillaries).
doi:10.1371/journal.pcbi.1000171.g001

Sizing Up Allometric Scaling Theory
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•  Blood	  vessels	  branch	  and	  get	  smaller	  
•  Scaling	  laws	  of	  branching	  arterial	  vessels	  

(Geoffrey	  West,	  Van	  Savage,	  et	  al.)	  

	  
•  Use	  scaling	  laws	  to	  esQmate	  cylindrical	  

volume	  near	  capillary	  vessels	  
•  Oxygen	  diffuses	  about	  100	  μm	  
•  Result:	  Desirable	  volume	  near	  capillaries	  

proporQonal	  to	  	  volume	  of	  Qssue	  
•  More	  Qssue,	  more	  blood	  supply	  	  
•  Cannot	  explain	  increased	  tumor	  

incidence	  in	  upper	  outer	  quadrant	  
assuming	  uniform	  perfusion	  (blood	  
supply)	  

•  But	  Qssue	  does	  not	  have	  uniform	  
perfusion…	  

Jesinger	  et	  al.,	  RadioGraphics	  (2011)	  

Savage	  et	  al.,	  PLoS	  Comp.	  Bio.	  (2008)	  	  
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More	  blood	  flow	  in	  upper	  outer	  
quadrant	  of	  the	  breast	  202 The Breast 

Table 1 Distribution of blood flow to breast regions in women with 
normal breasts 

Breast skin blood flow (mean * 1 SD) flux 
Site UOQ UIQ LOQ LIQ Central 

Right 374 f 180 294 zt 154 278 f 144 251 f 123 376 * 176 
Left 369 f 202 318 i 182 296 i 150 261 xt 150 356 zt 164 

or postoperative histology. The patient’s opposite breast 
was used as a control unless both breasts were diseased. The 
breast cancers measured between 8 and 60 mm, and most 
were grade II. The benign disease group comprised patients 
with fibroadenoma, librocystic change and epithelial hyper- 
plasia (benign breast change). 

Analysis of the images obtained from LDI was based 
on measuring the skin blood flow in five arbitrary regions 
(four quadrants and the central area). The blood flow values 
for each region were averaged as shown for patients with 
normal breasts (Table 1). The breast skin blood flow images 
from patients with abnormal breasts were assessed by com- 
puting the mean LDI perfusion values (flux), comparing a 
region of interest in the lesion and a corresponding similar 
sized area in the opposite normal breast. Statistical evalua- 
tion involved analysis of variance, and P values less than 
0.05 were considered significant. 

RESULTS 

The percentage distribution of skin blood flow from the 
analysis of the images of normal breasts assessed for the 
five breast regions in 47 patients (Table 1) showed a small 
difference between the values of average skin blood flow in 
the right and left breasts (299 f 157 and 311 f 184 flux, 
respectively). The difference is, however, statistically 
insignificant, both in non-paired (P > 0.2) and in paired 
(P > 0.3) Student t-tests. A regional variation in blood flow 
was observed on the surface of normal breasts. 

Breast skin blood flow was markedly higher in the 
presence of cancer than in benign disease. Examples of 
colour-coded images of right and left breast skin blood flow 
in patients with benign disease and breast cancer are shown 
in Figures l-3. The colours range through dark blue, blue, 
green, yellow, to red and dark red; dark blue represents the 
lowest skin blood flow range while dark red reflects the 
highest. In addition, numerical values are available by 
reading the individual pixel or averaging a population of the 
pixels. 

Figure 1A shows the graphical outline of the breasts 
corresponding to colour-coded images in figures 1B. The 
images have been normalized to the highest pixel value. In 
figure lB, the right breast of a 67-year-old woman shows a 
homogeneous high blood flow in the upper outer quadrant 

which corresponded to a 40 x 60 mm well-defined clinical 
carcinoma confirmed on histology. The flux values for 
tumour and corresponding normal side were 955 and 212 
flux, respectively. 

Figure 2 shows the blood flow images of the right and 
left breasts of a 21-year-old woman who had a high-grade 
invasive ductal carcinoma in the upper right breast. The 
average blood flow values were 1223 flux compared with 
250 in a corresponding normal area on the left breast. No 
flow data are shown in the areolar area in both breasts due 
to the pigmentation of the skin in a black patient, but the 
right nipple shows a high blood flow. 

Benign disease also shows higher blood flow compared 
with the corresponding normal side, and an example is 
shown in Figure 3. The colour-coded LDI of the right breast 
of a 28-year-old woman revealed increased flow in the 
whole right breast compared to the left. Ultrasound scan 
demonstrated a 13 x 15 x 9 mm discrete nodule consistent 
with a diagnosis of a fibroadenoma in the upper outer quad- 
rant (UOQ) of the right breast, subsequently confirmed on 
histology. The average perfusion values in the UOQs of 
right and left breasts were 254 and 190 flux, respectively. 

Table 2 shows the blood flow in the symptomatic site 
compared with that in the corresponding normal site, in 
patients with benign breast disease and in those with breast 
carcinoma. In 85% of patients with breast carcinoma, a high 
blood flow was detected in the skin over and around the 
tumour by means of the colour images from LDI. All of 
these carcinomas were visualized on mammography. 

DISCUSSION 

Imaging of the breast by mammography, B-mode ultra- 
sound, CT or MRI provides information on the normal 
structure or its distortion and adventitious masses, rather 
than tissue function.12”3 Breast scintigraphy by T1201 can 
clearly demonstrate palpable breast cancers and also lymph 
node metastases,14 but poor resolution remains a problem.” 
High-resolution CT is useful for the detection of occult 
lymph node metastases.16 MRI offers excellent qualitative 
diagnosis of tumours, but detection of small lesions is difli- 
cult despite the additional use of contrast mediums.“~” 
Furthermore, the signal intensities reflecting the composi- 
tion of a fibroadenoma in some instances can be higher than 
those of fat, and this may present diagnostic difficulties.” 
Similarly, conflicting signal intensities from a carcinoma 
may cause diagnostic difficulties.20 

Doppler ultrasound is used to study large vessel flow 
rather than the microcirculation.2’-23 Increasing Doppler 
signal intensity improves accuracy of blood flow velocity 
measurement by intravenous contrast injection24 but tumour 
blood flow cannot be visualized by this method.25*26 

Parbhoo	  and	  Seifalian,	  The	  Breast	  (1998)	  

•  47	  normal	  paQents	  
•  Laser	  Doppler	  Imager	  
•  Arbitrary	  units	  of	  “flux”	  



Hemoglobin	  ConcentraQon	  Varies	  
SpaQally	  Among	  Different	  Quadrants	  

2.2 Theoretical Model
The P1 approximation to the Boltzmann transport equation
was used to extract tissue absorption (!a) and reduced scat-
tering (!s!) coefficients from frequency-dependent phase and
amplitude curves.21,22 The model employs an extrapolated
boundary condition for a semi-infinite geometry.23 To deter-
mine the optical properties from a given set of frequency-
dependent data, a Marquardt-Levenburg "2 minimization al-
gorithm was used to simultaneously fit the amplitude and
phase by minimizing the difference between the measured
values and those predicted by the P1 approximation.
Physiological properties were calculated from the deter-

mined !a values measured at seven wavelengths by assuming
breast tissue is composed of four principal NIR absorbers:
deoxy-hemoglobin #Hb-R$, oxy-hemoglobin (HbO2), lipids,
and water. Melanin was not included as an absorber, since the
contribution of the epidermis to the total sampled volume of
tissue is small.
Hemoglobin concentrations are measured in !M, lipid

content is measured as a mass density percentage, and water
is calculated relative to pure water, 55.6 M. Total hemoglobin
concentration #THC$ is %Hb&!%HbO2& , and tissue hemoglo-
bin oxygen saturation (StO2) is (%HbO2&/THC)*100%. The
four chromophore concentrations are determined using a
least-squares solution to Ec"!a , where E is a 7#4 matrix
of the molar extinction coefficients and c is the concentration
of the chromophores.24–26 In matrix representation, the chro-
mophore concentration is given by: c!"(E! TE! )$1E! T!a ,
where E! T and E! $1 denote the transpose and inverse of the
matrix E! , respectively.
The spatial heterogeneity in an individual was calculated

from the normalized standard deviation #NSD$ of the values
determined at ten breast measurement locations #five positions
on each breast$. The NSD equals the standard deviation re-
flected as a percentage of the mean: ('/ x̄)*100%.

3 Results
To measure the variability in physiological and optical prop-
erties within a small subsection of tissue #3 cm$, a series of
seven measurements were made in 5-mm increments in the
upper outer quadrants of five normal premenopausal subjects.
The variability of each parameter was assessed using the nor-
malized standard deviation. The results of the right breast are
displayed in Table 1. The change over a 3-cm span is small
for !s! #less than 10%$, StO2 #less than 5%$, and lipid con-
tent #less than 11%$. Scatter power and water content are the
most variable parameters #10 to 20%$. Hemoglobin variability
#oxy-, deoxy-, and total$ for the five subjects ranges from 2 to
16%.
The spatial variations of healthy breast tissue over the en-

tire breast and age-dependent trends in tissue heterogeneity
are displayed in Figs. 3–6. Figure 3 illustrates the mean total

Fig. 3 Mean total hemoglobin concentration at each measurement
position for PRE (n"15) and POST (n"13) subject groups. Values are
determined from wavelength-dependent absorption values for seven
wavelengths ranging from 674 to 980 nm. Error bars represent the
standard deviation of the mean.

Table 1 Variation of optical and physiological properties in a small volume of tissue for five subjects.
Values represent the normalized standard deviation of seven measurements made over a 3-cm span of
tissue in the right upper outer quandrant.

Normalized standard deviation (%)

Optical/physiological
parameter Subject 1 Subject 2 Subject 3 Subject 4 Subject 5

Age 27 35 35 40 47

!s! 3 3 3 6 4

Scatter power 9 16 9 15 2

StO2 1 1 1 1 1

THC 9 16 9 14 2

Water 14 12 9 3 12

Lipid 3 5 5 5 4

Shah et al.
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Shah	  et	  al.,	  J.	  Biomed.	  OpBcs	  (2004)	  

Total	  Hemoglobin	  ConcentraQon	  (μM)	  

Svensson	  et	  al.,	  Phys.	  Med.	  Biol.	  (2005)	  	  

Characterization of breast tissue heterogeneity 2565
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Figure 6. Intrasubject variation in fixed series (F, m = 42), displacement series (D, m = 90) and
overall (O, m = 36), where m follows from study protocols and refers to the number of underlying
series. Variations are given in CV (%). Dots represent the average intrasubject CV and error bars
stretch out to ±σ , where σ is the standard deviation of the CV distribution. Data are based on
series from n = 36 volunteers.
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Figure 7. Average values versus measurement position. Volunteers are divided in two groups:
pre-menopausal (n = 29, black) and post-menopausal (n = 7, grey). 20 mm fibre separation.

occasionally are in the same order. Derived optical and physiological properties indicate that
the overall intrasubject variation is typically a factor of 2 greater than variations within
displacement series (a factor of 4 in the case of StO2). Overall intrasubject variations
in µ′

s were (14.0 ± 6.5)%, (13.2 ± 5.6)%, (15.1 ± 5.5)% and (15.3 ± 6.0)%, for 660,
786, 916 and 974 nm respectively. µa varied even more, and corresponding figures were
(23.1 ± 8.3)%, (19.8 ± 5.3)%, (11.8 ± 3.6)% and (20.4 ± 8.3)% (the largest variation was
48.7% and was registered at 974 nm, but CVs above 40% were very rare). StO2 displays the
smallest overall intrasubject variation, being (6.6 ± 2.9)% (in all cases below 14.2%).

In order to better understand these variations, the data were analysed to provide intersubject
variation with respect to positional averages. Figure 7 shows the result for haemoglobin,
oxygenation and water. In these graphs, pre-menopausal and post-menopausal volunteers
are considered as two separate groups. Concentrations of haemoglobin and water were both
approximately 1.5 times greater, on average, for pre-menopausal volunteers. On the other
hand, lipid concentration was approximately 1.4 times greater for post-menopausal volunteers.
Nonetheless, variations within the two groups cause overlap. No significant differences were
noted neither for oxygenation levels or scattering levels (not shown).

Plots	  imply	  that	  capillary	  density	  varies	  spaQally,	  
but	  not	  enough	  to	  explain	  why	  half	  of	  breast	  tumors	  
occur	  in	  the	  upper	  outer	  quadrant.	  

postmenopausal	  

premenopausal	  



Could	  tumors	  form	  at	  rare	  hot	  spots	  
where	  capillary	  concentraQon	  is	  high?	  

What	  is	  the	  probability	  Pn	  that	  at	  least	  n	  
randomly	  placed	  capillaries	  are	  within,	  say,	  
200	  μm	  of	  black	  spot?	  	  
	  
Need	  the	  capillary	  density	  distribuQon.	  
Count	  number	  of	  capillaries	  in	  sampling	  
circles	  and	  make	  a	  histogram.	  
	  

capillary	  

P1 = 1− e
−ρπr2

Example:	  
Probability	  for	  at	  least	  1	  capillary	  
assuming	  Poisson	  DistribuQon	  



Could	  tumors	  form	  at	  rare	  hot	  spots	  
where	  capillary	  concentraQon	  is	  high?	  

What	  is	  the	  probability	  that	  there	  is	  
at	  least	  one	  hot	  spot	  in	  a	  region/
quadrant	  of	  the	  breast?	  	  

Hot	  spot	  =	  5	  capillaries	  in	  
circle	  of	  radius	  	  	  =	  200	  μm	  

Biggest	  region	  (upper	  outer	  
quadrant)	  has	  the	  highest	  
probability	  of	  having	  at	  
least	  one	  hot	  spot.	  
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Assumed	  capillary	  density	  obeys	  a	  Poisson	  distribuQon	  

Hot	  spot	  =	  5	  capillaries	  in	  circle	  
Radius	  =	  200	  μm	  



Could	  tumors	  form	  at	  rare	  hot	  spots	  
where	  capillary	  concentraQon	  is	  high?	  
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2 ADVANCE ONLINE PUBLICATION NATURE NEUROSCIENCE

A R T I C L E S

that preserved the size of the vessels, all 
nuclei were labeled with a DNA stain and 
neuronal nuclei were further labeled with 
antibody to NeuN, a pan-neuronal marker 
(Online Methods). The second form of data 
set encompasses all of vS1 cortex as well as 
the representation of microvibrissa, typi-
cally 60 to 70 columns, and spans from the 
pia to approximately layer 5a of vS1 cortex (n = 4 mice; Fig. 1d).  
We used intrinsic optical imaging23,24 through a transcranial  
window18 to map the responses for 20–30 vibrissa before histology 
(Online Methods). All vessels and all nuclei were labeled as above, 
and we imaged the full extent of vS1 cortex, albeit over a limited 
depth. Additional mice (n = 4) provided auxillary data.

Vessels were automatically identified and vectorized as center 
points, of degree 2 or 3, that were connected with centerlines that 
had a length and an associated radius19,25,26 (Fig. 1d). Two exceptions 
were that the centerlines of some surface vessels were traced by hand 
and the labeling of all penetrating vessels was visually confirmed. 
Consecutive centerlines were joined together to form the vectorized 
substantiation of individual vessels that preserved the tortuosity of 
the brain vasculature. The vectorized vessel was abstracted as an edge, 
whose length is the total length of the vessel and whose radius is the 
median radius associated with all centerlines (Emn; Fig. 1e). Different 
edges predominantly meet as vertices of degree 3; that is, a fraction 
of 0.93 triads and <0.07 crosses (Vm; Fig. 1e). All vectorized vessels 
of the data set of one mouse formed a weighted graph27 of edges and 
vertices, which we refer to as an angiome.

In addition to vessels, we vectorized the location of all cell nuclei19. The 
boundaries of cortical columns were based on the increased density of 
neuronal nuclei at the level of layer 4 (Fig. 1a,c), and, for purposes of ana-
lysis, columns are taken to exist only across layer 4 (Online Methods).

The microvasculature forms a highly interconnected network
We focused first on the statistical properties of the microvasculature. 
These vessels had a broad distribution of lengths between 10 and  
200 m, with a median length of 50 m, and both median  
and mean radii near 2 m (Fig. 2a). We observed no edges that spanned 
hundreds of micrometers between cortical columns or the nearly  
1-mm depth of cortex (101,992 edges across 4 brains). The radii, which 
have the greatest effect on flow, were essentially constant as a function 
of depth into cortex (Fig. 2b). Consistent with past data for mice19, 
monkeys12 and humans28, there was a broad variation in the density of 

the vasculature as a function of depth into cortex (Fig. 2c) that differed 
from the sharper variation in neuronal density (Fig. 2c).

We then examined the network properties of the microvasculature. 
These formed a multitude of loops, with an average of eight edges 
across the compact loops (Fig. 2d). The prevalence of closed paths 
was consistent with a rebalancing of flow observed after blockage of 
a single microvessel29. For comparison, the pial vasculature, which 
is confined to two dimensions, forms loops with an average of four 
edges5, in which analogous rebalancing of flow occurs after an occlu-
sion of a single surface vessel4,30.

How does the interconnectivity reveal itself? If we assign a fluid resist-
ance to each edge and view the microvasculature as a three-dimensional 
resistive network, we would expect that the resistance across pairs of 
vertices in the network should asymptote to a constant value as we span 
pairs that are progressively further apart31. In contrast, this resistance 
should increase linearly for one-dimensional networks and logarithmi-
cally for two-dimensional networks31. We used a previously described 
empirical model32 (Fig. 2a,e), which corrects the Hagen-Poiseuille law 
for the granular nature of blood, to assign resistances on the basis of 
measured radius and length of each vessels (Online Methods). We then 
calculated the network resistance across pairs of vertices33 (Fig. 2f) and 
found that resistance asymptoted as a function of the Euclidean separa-
tion distance (Fig. 2g). This implies that the microvasculature forms a 
highly interconnected irregular lattice in all directions. An asymptotic 
network resistance of 0.4 P m−3 was reached by ~150 m (Fig. 2g), 
which corresponds to thrice the median length of the microvessels 
(Fig. 2a). Numerically, the asymptotic resistance is consistent with a 
network that has the same topology and identical resistance values of 
1.6 P m−3 at each edge. For comparison, the average resistances from 
the surface to the depth of layer 4 were 0.1 and 0.2 P m−3 for penetrat-
ing arterioles and venules, respectively.

Connectivity does not covary with columnar boundaries
A highly interconnected network may have systematic variations 
in connectivity. We asked whether such variations clustered in the 

Figure 1 Examples of the vectorized data sets. 
(a,b) Example of data obtained throughout the 
full depth of cortex and extending into the white 
matter. Surface and penetrating arterioles are 
colored red, venules blue and the borders of 
cortical columns are denoted by a golden band. 
A selected slice from this data set is shown to 
illustrate the extent of penetrating vessels (b). 
(c) Example of data obtained through the upper 
half of cortex from mice used for transcranial 
imaging of intrinsic optical signals; see Figure 6. 
(d) Schematic of the make-up of edges in terms 
of individual centerlines, each with length Imn

k( ), 
where m and n label the vertices and k labels the 
consecutive centerlines between vertices, and 
radius rmn

k( ), computed as the average between  
the measured radii at vertices m and n.  
(e) Schematic of labeling of edges (Enm) and 
vertices (Vm) used for topological analyses.
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Blinder	  et	  al.	  (2013)	  

demonstrated well-delineated NFL, RGCL, IPL, and INL. In the
perifoveal region, the RGCL demonstrated several strata of cell
bodies (Fig. 1C).

Qualitative Study of Retinal Capillary Networks

Four morphologically varied retinal capillary networks were
consistently observed by the four observers. Three-dimensional
image reconstructions demonstrated the unique morphometric
configuration of each network (Fig. 4). The morphometric
features of each capillary network were as follows:

1. NFL network (Fig. 5)—characterized by long capillary
segments that were predominantly oriented parallel to
the direction of retinal ganglion cell axons. A small
number of shorter capillary segments that interconnect-
ed long radial capillaries were also seen in this network.
Interconnecting capillaries were oriented either diago-
nal or orthogonal to long segments.

2. RGCL/superficial IPL (sIPL) network (Fig. 6)—charac-
terized by a dense meshwork of 3-D vessels that were
arranged in a lattice pattern with reduced intercapillary
spaces. Capillaries in this network demonstrated looping

FIGURE 4. Three-dimensional morphometry of human perifoveal capillary networks. Contour surface-rendered images generated using Imaris
software demonstrate the complex organization of different capillary networks in the human retina from two different angles of reconstruction (A)
and (B). Arrow allows retinal orientation and indicates projection commencing at the vitreal surface and extending to the outer retina. Scale bar¼
150 lm.

5506 Chan et al. IOVS, August 2012, Vol. 53, No. 9

From	  Chan	  et	  al.	  (2012)	  

•  Need	  capillary	  density	  distribuQon	  in	  3D	  to	  calculate	  the	  probability	  of	  hot	  
spots.	  

•  Capillary	  density	  =	  capillary	  length	  in	  a	  sphere	  of	  radius	  R	  ~	  diffusion	  length	  
of	  oxygen	  ~	  100	  microns	  



Most	  Breast	  Cancer	  Recurrence	  Occurs	  
Within	  2	  years	  A]er	  Surgery	  

before primary surgery but much happens afterwards.
The surgery-synchronized early relapses include new
growth from single cells and surgery-induced angiogen-
esis from existing dormant avascular micrometastases.
The late relapses (> 4 years) are not synchronized to sur-
gery and occur gradually for the remainder of the lives
of patients at risk.
Between 50% and 80% of relapses result from surgery

initiated growth. This predominant proportion increases

with the size of the primary tumor. For tumors < 1 cm
in diameter, 50% of those tumors destined to recur, did
so very early. For larger tumors the effect increased to
80%. Surgery-induced angiogenesis of dormant avascular
micrometastases occurred in 20% of premenopausal
women with positive lymph nodes. This mode of relapse
also occurred among other categories of patients. It was
2:1 more common for premenopausal compared to post-
menopausal and occurred five times more frequently
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Figure 1 Hazard of relapse for premenopausal patients treated at Istituto Nazionale Tumori in Milan, Italy. Hazard is the number of
events that occur in a time interval divided by the number of patients who enter that time as event free. Patients were treated by mastectomy
well before the routine use of adjuvant therapy. The time interval in all hazard figures used here is 3 months. Average and standard deviations
are indicated as diamonds and bars. The curve was obtained by a kernel-like smoothing procedure.
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Figure 2 Hazard of relapse for postmenopausal patients treated at Istituto Nazionale Tumori in Milan, Italy. Definitions are the same as
indicated in Figure 1 but the patient population is postmenopausal.

Retsky et al. Clinical and Translational Medicine 2012, 1:17 Page 3 of 11
http://www.clintransmed.com/content/1/1/17
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before primary surgery but much happens afterwards.
The surgery-synchronized early relapses include new
growth from single cells and surgery-induced angiogen-
esis from existing dormant avascular micrometastases.
The late relapses (> 4 years) are not synchronized to sur-
gery and occur gradually for the remainder of the lives
of patients at risk.
Between 50% and 80% of relapses result from surgery

initiated growth. This predominant proportion increases

with the size of the primary tumor. For tumors < 1 cm
in diameter, 50% of those tumors destined to recur, did
so very early. For larger tumors the effect increased to
80%. Surgery-induced angiogenesis of dormant avascular
micrometastases occurred in 20% of premenopausal
women with positive lymph nodes. This mode of relapse
also occurred among other categories of patients. It was
2:1 more common for premenopausal compared to post-
menopausal and occurred five times more frequently
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Figure 1 Hazard of relapse for premenopausal patients treated at Istituto Nazionale Tumori in Milan, Italy. Hazard is the number of
events that occur in a time interval divided by the number of patients who enter that time as event free. Patients were treated by mastectomy
well before the routine use of adjuvant therapy. The time interval in all hazard figures used here is 3 months. Average and standard deviations
are indicated as diamonds and bars. The curve was obtained by a kernel-like smoothing procedure.
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Figure 2 Hazard of relapse for postmenopausal patients treated at Istituto Nazionale Tumori in Milan, Italy. Definitions are the same as
indicated in Figure 1 but the patient population is postmenopausal.
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Non-‐Steroidal	  AnQ-‐Inflammatory	  Drug	  
(NSAID)	  Reduces	  Early	  Recurrence	  of	  Breast	  

Cancer	  

immunity via adrenergic antiinflammatory pathways and
by a central analgesic effect that reduces sympathetic
tone15; these effects are immunosuppressive in the periop-
erative period.2 The doses administered were chosen based
on the patients’ physical conditions and the fact that
mastectomy is classically considered a minor surgery14 that
induces a relatively limited “stress reaction.”1

Ketamine is a drug widely used in the perioperative
period. At subanesthetic doses, it prevents hyperalgesia
and enhances analgesia.16 Ketamine, similar to the other
analgesics, interferes with natural killer (NK) cell activity. It

possesses antiinflammatory properties in humans during
the postoperative period17 or in severe sepsis.18 In our
series, ketamine was not associated with improved onco-
logical outcome.

When considering the administration of ketorolac, these
results suggest that, given just before the surgery, it was
associated with a lower risk of breast cancer relapse. By
multivariate analysis, age was identified as a potential
confounder. Indeed, advanced age was considered a rela-
tive contraindication for NSAIDs and was consequently
associated with a lower use of NSAIDs. After adjustment
for the significant oncological predictors (histological grade
and lymph node invasion) and the potential confounder
(age), the association between ketorolac administration and
the lower risk of cancer recurrence remained significant.
Our observation is consistent with the results obtained in
previous studies that investigated the influence of NSAIDs
on antitumoral immunity. These studies identified the role
of prostaglandins in immunity and inflammation,19,20 and
the positive effect of NSAIDs on immunity and against
cancer progression in both animals and humans.21–26 In-
deed, cyclooxygenase-2 (COX-2) inhibitors are active in
some models of breast cancer, and COX-2 could play a role
in tumor development.24 In fact, overexpression of COX-2
in breast cancer leads to stimulation of epithelial cell
proliferation, inhibition of apoptosis, stimulation of angio-
genesis, immune suppression, and increases the production
of mutagens.23 This favors breast tumor growth and

Figure 1. Kaplan-Meier recurrence-free survival estimated for 319 patients receiving (or not receiving) intraoperative analgesics (sufentanil,
clonidine, ketorolac, and ketamine). Univariate analysis by log-rank tests.

Table 4. Multivariate Association with
Cancer Recurrence After Mastectomy: Cox
Regression Model

Beta
Hazard
ratio 95% CI P

Age 0.03 1.03 1–1.06 0.02
Histologic

grade
0.85 2.34 1.67–3.01 0.015

Lymph node
invasion

0.83 2.28 1.87–2.69 !0.001

Ketorolac "0.98 0.37 0–0.79 0.019
Sufentanil "0.31 0.73 0–1.83 0.57
Clonidine 0.77 2.15 0.74–3.56 0.08
Ketamine "0.56 0.57 0–1.49 0.23

Data are presented as factor effect (beta) estimated from multivariate Cox
regression model, hazard ratio (HR) and associated 95% confidence interval
(CI), and P value.
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Forget	  et	  al.,	  Anesthesia	  &	  Analgesia	  110,	  1630	  (2010)	  

Drug	  

No	  Drug	  

•  Is	  this	  due	  to	  
reducQon	  of	  
inflammaQon,	  a	  risk	  
factor	  in	  cancer?	  

•  Or,	  could	  this	  be	  due	  
to	  remodeling	  of	  
vasculature	  during	  
healing	  so	  that	  there	  
are	  no	  capillary	  hot	  
spots?	  	  



High Field Magnetic Resonance 
Imaging (MRI) 

•  Highly successful both clinically  
  and commercially—roughly 
  30,000 systems worldwide. 
•  Standard clinical system operates  
  at 1.5 T: Trend is to 3 T and     
  higher. 
•  Typical cost is about $2M. 
•  What if we lowered the field by 
  a factor of 104 to 150 mT? 
•  Could we still obtain MR images? 
•  If so, might they be better in 
  some way?  

1.5 tesla MRI scanner (GE) 

John	  Clarke	  
(Berkeley)	  



Introduction to Superconductivity 
Superconductivity was discovered in 1911 
by Kamerlingh Onnes. 
• Zero electrical resistance 



Meissner Effect 
•  Magnetic field expelled. Superconducting surface 

current ensures B=0 inside the superconductor. 



Flux Quantization 

where the “flux 
quantum” Φo is 
given by 

Φ =

B • d


A∫ = nΦo
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Explanation of Superconductivity 
Ginzburg-Landau 
Order Parameter 

  
ψ = ψ eiθ

Think of this as a 
wavefunction 
describing all the 
electrons. Phase θ 
wants to be 
spatially uniform 
(“phase rigidity”). 

TC T 

ψ



Josephson 
Effect 

If we put 2 superconductors next to each other separated by a thin 
insulating layer, the phase difference (θ2-θ1) between the 2 
superconductors will cause a superconducting current to flow 
between the superconductors. Current flow without batteries! This 
is the Josephson effect. 

  

J = Jo sin θ2 −θ1( ) = Jo sinδ  where Jo  is the critical

 current density and δ  is the phase difference.



SQUIDs 
(~ 2 slit device for superconducting 

wave functions) 

•  SQUID is a Superconducting QUantum 
Interference Device. 

•  DC SQUID is a loop with 2 Josephson 
junctions. 

•  Phase difference around the loop 
proportional to magnetic flux through loop. 

•  Current through the SQUID is modulated by 
the magnetic flux through loop. 

•  SQUIDs are sensitive detectors of the 
amount of magnetic flux Φ through the loop. 

JJ JJ 



Magnetic Resonance Imaging (MRI) 



Nuclear	  MagneQc	  Resonance	  (NMR)	  or	  
	  MagneQc	  Resonance	  Imaging	  (MRI)	  

•  Nuclear	  spin	  μ	  in	  a	  staQc	  magneQc	  field	  H0	  
precesses	  at	  the	  Larmor	  frequency	  ω0	  

!!

ω0 = γH0

γ = !gyromagnetic!ratio

 !!H
!
0

 µ
!"



T1	  =	  Spin	  RelaxaQon	  Time	  
•  T1	  is	  the	  characterisQc	  Qme	  for	  the	  spin	  to	  relax	  and	  
align	  with	  the	  magneQc	  field	  H0	  

•  1/T1	  =	  Spin	  RelaxaQon	  Rate	  
•  MagneQzaQon	  M	  	  and	  T1	  can	  be	  measured	  by	  SQUIDs.	  

H0	  

μ	  



T1	  =	  Spin	  RelaxaQon	  Time	  
•  T1	  is	  the	  characterisQc	  Qme	  for	  the	  spin	  to	  relax	  
and	  align	  with	  the	  magneQc	  field	  H0	  

•  1/T1	  =	  Spin	  RelaxaQon	  Rate	  
•  MagneQzaQon	  M	  can	  be	  measured	  by	  SQUIDs	  

H0	  



Dependence of T1 on Larmor Frequency ω0 and Correlation Time τc 

•  T1 contrast is enhanced in low fields.         

contrast in high frequency 
contrast in low frequency 

!!
S(ω 0 )= Bloc

2 ⋅
2τ c

1+ (ω 0τ c )
2

•  Spectral density of fluctuations         
   in local magnetic field: 

•  Relaxation rate:                                            for  ω0 << 1/τc,   
•  ω0=γH0 = Larmor frequency 

ω0 0 

1/T1 

1/ c1 τ 

1/ c2 

Area under S(ω0) curves is 
conserved for different τc 

τ 

τc1  > τc2 

!!1/T1 ∝S(ω 0 )∝τ c



T1	  contrast	  at	  low	  field	  	  

T1-‐Weighted	  Contrast:	  	  
Relaxa?on	  Rate	  1/T1	  Different	  in	  Different	  Tissues	  

Sample:	  Water	  columns	  	  
in	  agarose	  gel,	  
1	  –	  6	  mm	  diameter	  

T1	  dispersion	  of	  	  
water	  and	  	  
agarose	  gel	  

S-‐K.	  Lee	  et	  al.,	  	  
Mag.	  Res.	  Med.	  	  
53,	  9	  (2005)	  
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•  Greater	  contrast	  
(1/T1	  difference)	  
at	  lower	  
magne?c	  fields	  

•  (High	  field	  MRI	  
contrast	  =	  Gd)	  	  

132	  µT	  



Prostate	  Cancer	  
•  Approximately	  230,000	  new	  cases	  in	  the	  U.S	  each	  year	  

• 	  60%	  of	  prostate	  cancer	  diagnoses	  in	  men	  over	  65	  	  
• 	  Over	  90%	  of	  men	  over	  80	  have	  prostate	  cancer	  

• 	  Approximately	  30,000	  men	  die	  of	  prostate	  cancer	  each	  year	  
• 	  Broad	  range	  of	  malignancy	  resulQng	  in	  wide	  range	  of	  treatment:	  

• 	  Surgery	  
• 	  RadiaQon	  
• 	  Cryosurgery	  
• 	  AcQve	  surveillance	  (“watchful	  waiQng”)	  

• 	  Accurate	  diagnosis	  and	  opQmum	  treatment	  requires	  knowledge	  
of	  locaQon	  and	  extent	  of	  the	  disease	  
• 	  Prostate	  cancer:	  heterogeneous	  mixture	  of	  cancer	  and	  non-‐
cancerous	  cells	  
• 	  Imaging	  is	  difficult	  at	  best;	  for	  example,	  high	  field	  MRI	  shows	  no	  
T1	  contrast	  even	  with	  a	  contrast	  agent.	  	  



Ultra-‐Low	  Field	  Measurements	  of	  T1	  in	  Ex	  Vivo	  
Prostate	  Tissue	  

•  Malignant	  prostate	  removed	  surgically	  at	  UCSF	  hospital.	  
•  Pathologist	  cuts	  two	  small	  Qssue	  samples,	  one	  healthy	  and	  

one	  cancerous	  (Blind:	  they	  did	  not	  know	  which	  is	  which).	  
•  Samples	  rushed	  to	  Berkeley	  in	  a	  biohazard	  bag	  placed	  on	  ice	  
•  About	  two	  hours	  a]er	  surgery,	  the	  relaxaQon	  Qmes	  of	  the	  two	  

samples	  are	  measured	  simultaneously.	  
•  The	  next	  day,	  the	  specimens	  are	  returned	  to	  UCSF	  and	  the	  

pathologist	  characterizes	  a	  thin	  slice	  of	  each	  specimen.	  
•  Specimen	  pairs	  obtained	  from	  35	  paQents.	  



Ultra-‐Low	  Field	  MRI	  Prostate	  Cancer	  Results	  
Agree	  Well	  With	  Pathology	  

T1(100%	  normal)	  =	  (1.43	  ±	  0.10)	  T1(100%	  tumor)	  
	  

δ 
= 

•  T1A	  (normal)	  >	  T1B	  (cancer)	  
• 	  Line	  is	  linear	  regression	  fit	  to	  
data	  	  
• 	  Outliers:	  Possibly	  the	  	  
%	  tumor	  in	  the	  thin	  histology	  
slice	  is	  not	  representaQve	  of	  	  
the	  original	  thicker	  slice	  (%	  tumor)B	  −	  (%	  tumor)A	  

	  (T
1A
	  −
	  T

1B
)/
T 1

A	  

Sarah	  Busch	  et	  al.,	  Magn.	  Reson.	  Med.	  67,	  1138	  (2012)	  	  

Contrast	  (T1A	  −	  T1B)/T1A	  vs.	  
%	  Difference	  in	  	  
Tumor	  for	  Each	  Specimen	  
Pair:	  35	  Pa?ents 

Pathology	  
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Summary	  

•  Why	  do	  tumors	  start	  where	  they	  do	  in	  an	  organ?	  (Not	  
known.)	  
–  Why	  do	  over	  half	  of	  breast	  tumors	  start	  in	  the	  upper	  outer	  
quadrant?	  

•  Do	  tumors	  prefer	  to	  start	  where	  there	  is	  a	  high	  
concentraQon	  of	  capillaries?	  

•  Ultra-‐low	  field	  MRI	  has	  the	  potenQal	  to	  image	  prostate	  
cancer,	  which	  currently	  is	  poorly	  done,	  and	  be	  substanQally	  
less	  expensive.	  	  

demonstrated well-delineated NFL, RGCL, IPL, and INL. In the
perifoveal region, the RGCL demonstrated several strata of cell
bodies (Fig. 1C).

Qualitative Study of Retinal Capillary Networks

Four morphologically varied retinal capillary networks were
consistently observed by the four observers. Three-dimensional
image reconstructions demonstrated the unique morphometric
configuration of each network (Fig. 4). The morphometric
features of each capillary network were as follows:

1. NFL network (Fig. 5)—characterized by long capillary
segments that were predominantly oriented parallel to
the direction of retinal ganglion cell axons. A small
number of shorter capillary segments that interconnect-
ed long radial capillaries were also seen in this network.
Interconnecting capillaries were oriented either diago-
nal or orthogonal to long segments.

2. RGCL/superficial IPL (sIPL) network (Fig. 6)—charac-
terized by a dense meshwork of 3-D vessels that were
arranged in a lattice pattern with reduced intercapillary
spaces. Capillaries in this network demonstrated looping

FIGURE 4. Three-dimensional morphometry of human perifoveal capillary networks. Contour surface-rendered images generated using Imaris
software demonstrate the complex organization of different capillary networks in the human retina from two different angles of reconstruction (A)
and (B). Arrow allows retinal orientation and indicates projection commencing at the vitreal surface and extending to the outer retina. Scale bar¼
150 lm.
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THE	  END	  
•  Recommended	  book	  on	  
cancer:	  	  

Emperor	  of	  All	  Maladies:	  
A	  Biography	  of	  Cancer	  

By	  
Siddhartha	  Mukherjee	  
(won	  Pulitzer	  Prize)	  


