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ABSTRACT

The overall goal of this thesis was to determine whether optical tomographic
imaging can be employed to predict treatment outcome in women with breast cancer (BC)
who undergo neoadjuvant chemotherapy (NACT). NACT is widely applied as a standard
treatment for patients with newly diagnosed operable invasive BC. Only about 13-30%
of women have a response to this treatment. Furthermore, NACT is an expensive and
toxic treatment that takes several months to completely administer. In order to know the
response of the patient, physicians usually need to wait until the months of NACT has
finished and the patient has undergo surgery in which they receive the pathology. If the
long-term treatment response could be predicted early into the treatment regimen, the
patient would be relieved of any unnecessary side effects and alternative treatments
could be initiated. We have used a novel dynamic DOT system to study the effects of
targeted NACT. Unlike X-ray imaging, which requires potentially harmful ionizing
radiation, DOT can be applied without side effects, which is particularly important in the
case of multiple imaging sessions to be performed over the course of treatment. We have
tracked 40 subjects and imaged them at 6 different time points during their NACT. For
this study, two different types of data were collected: static (single 3D image) and dynamic
(3D movies). The combination of the data may be used to accurately determine the
response of the patient. With non-invasive, non-ionizing DOT imaging we have been able
to determine within two weeks if the patient will respond to treatment with an accuracy as

high as 94.1%.



Acknowledgments

| need to thank my advisor Dr. Hielscher, who allowed me to join his lab straight
out of undergrad and gave me the daunting responsibility of managing the breast cancer
project. | never thought | would end up at an Ivy League school to get a degree, let alone
my PhD. He has been an amazing mentor and teacher and | am eternally grateful to him
for giving me this opportunity.

| also need to thank Dr. Hyun Keol Kim, whose constant guidance and assistance
during my PhD has been much appreciated. | cannot thank him enough for patiently
listening and helping me with my project and any issues that | have had with research or
school.

Thank you so much to the rest of my committee, Dr. Liane, Dr. Konofagou, and Dr.
Hershman for their support and advice on this project. | especially need to thank Dr.
Hershman for persistent enthusiasm for this project and our collaboration.

| would also like to thank our other amazing collaborators, Dr. Kalinsky, and Dr.
Lim, whose enthusiasm for this project has been a boon.

| would not have been able to do any of this research if it was not for the amazing
team of women that | have worked with over the years. Our study saw three research
coordinators: Mindy Brown, Susan Refice, and Jessica Campbell. Between scheduling,
coordinating, and imaging patients, they helped keep this research going every week. |
want to specifically thank Susan who was with us the longest stretch of the study and did
such an amazing job.

Thank you to all the women who let me image them throughout the years and

greatly contributed to this study. This thesis would not have been possible without their



time and commitment to breast cancer research. They have inspired me greatly
throughout the years.

| would like to thank all my amazing lab mates: Molly, Ludguier, Michael, Chris,
Jingfei, Jen, Martina, Lukas, Jonghwan, Allessandro, Willis, and Mirella. | need to thank
Ludguier specifically, who was the one who convinced me to join Dr. Hielscher lab, when
| had no idea what diffuse optical tomography was. | also need to thank Molly, who had
been a patient lab mate and mentor for me when | knew so little about the field and was
a great help when | was acclimating to the PhD environment. Additionally, she built the
system that basically gave me my PhD thesis topic and for that | am ever so grateful. |
need to thank Jonghwan who has helped me a lot during these five years, whether if it
was finding the tools in the lab or listening to me ramble about possible ideas and give
me feedback, he has been an incredible friend and colleague to have during this time.
Also, thanks to Mirella, for these eight months of work that helped me keep on track and
catch up with all the data this project had.

Thank you to all my friends who supported me constantly throughout my five year.
Specifically, to Kelly and Tiffany who always believed | was capable of completing this
overwhelming task. Thanks to Tala and Shih-ying for not only staying up late with me to
finish homework assignments, but also imparting so much wisdom. | would like to thank
all the people | have met at Intervarsity and their constant prayers for my work and
research, especially Hon, Grace, Ariane, and Rubens. Also, | would like to thank CCM,
Fr. Dan, and all my housemates at Ford Hall over the last two years: Gabiriella,

Chryshanie, Fran, Andy, Riccardo, Emily, Macrina, Christina, Paulette, Peter, Meli, Kevin,



Chris, Miguel, Kathy, Luisa, Shannon, Rebecca, Dylan, Elisa, Alyssa, Michelle, and Rosa.
Thank you for your all your prayers and thank you for all the laughs.

| have to thank my parents who have constantly supported me throughout this
entire journey and told me | could do this. | thank my sister Rebecca, who also supported
me with both love and candy. | also need to thank the whole Gunther family for believing
in me. | would like to specifically thank my grandfather, who was an engineer and has
always been an inspiration to me. He told me when | was ten | should be an engineering
and | stubbornly told him no. So I thank my grandfather, for believing | had what it took
to become an engineer and do something great.

Finally, I need to thank the Good Lord for everything. In lumine Tuo videbimus

lumen.



Dedication:
For my Lord
For my family

And for my friends



TABLE OF CONTENTS

CHAPTER 1: INTRODUCGTION ....cooiiiiiiieee ettt ettt e e e ettt e e e e e s s et e e e e e e e s s et aaeeeaeeeas 1
1.1 OVERALL GOAL AND SPECIFIC ALMS .. .otiituiiiieiiittiiis s e e s s ettt s e e et s ettt s s e e s s essbb s s eesseaabbbsseeeseessses 1
SPECITIC ATM | ..ttt e sttt e st e et e e stee e snbe e snbeeenbeeenbeeesnbeennbeeans 2

R L= ) 1o AN 1 1 RSB TSRP 3
SPECITIC ATM T ...ttt sttt e et e et e e snbe e snbe e s sbeeenaeeesnteennbeeans 3
SPECITIC AIM TV ..ottt ettt ettt e et e et e e sabe e snbeeesbeeenneeesnbeesnbeeans 4
1.2 BREAST CANCER EPIDEMIOLOGY ...uiiiiiiiiiiiiii ettt e ettt e e e s sttt e e e s s e et b s e e e s s eaabbb s e eesseeebaes 4
1.3 BREAST CANCER PATHOLOGY ..ovvttuiiiiiiiiiiiiiieeeeeeetttiesseeessetataa s sesssetsbaaa s eeessessbba s seesseassbaassessseessses 7
1.4 BREAST CANCER IMAGING .....cotttttiiiiieiiiiiiie e e e ettt e e e s ettt s e e e e s e et seeessee s bbb s s eesseaa bbb seeeseeesrses 9
R G -\ A - T4 oo = o] TR 9
T4, 2 UITASOUN .....ceeiiiiieeieeeieeee ettt ettt ettt ettt ettt st s e s s s s s s s s s st e s assssannnnnnnnns 10
1.4.3 Magnetic ReSONANCE IMAGING ... .eeveiiiiitieitieitie ettt 12
1.4.4 Positron Emission TOMOGIaPNY ........ccuoiiiiiiiiiiiciiciee e 13
1.4.5 Experimental Imaging MOGalities ...........ccoiiiiiiiiiiiii s 14
1.4.6 Problems with Current Imaging Modalities for Breast Cancer ..........coccovvveveereennenneniennenenns 15
L.5 OPTICAL IMAGING ...covvvttiiee e ettt e e ettt e e e e ettt s e e e s e et bbbt s e e e s e eab bbb s e eessees bbb s eeesseas bbb eeeesaes 16
1.5.1 Light and TiSSUE INEIACTION ........eeiviiiiiiiiiiiieitie ittt 17
1.5.2 Optical IMaging SYSIEMS ......ccvieiieeiie ettt sr e snte e st e et e e sneeesnaeennneeans 18
1.5.3 lterative Image Reconstruction AIGOrithms ...........cocoiiiiiiiiii e 21
1.5.4 Light Propagation MOUEIS .........cccuiiiieiiiee ettt snae e snae e e e ans 22
1.5.5 Chromophore CONCENTIALION ........coueiitiiiiiitieitie ittt 24
1.6 DIFFUSE OPTICAL TOMOGRAPHIC BREAST IMAGING ...vviiiiiiiiiiieieeee ettt e e et e e e s e eerbi s eeenees 24
1.7 MONITORING NEOADIUVANT CHEMOTHERAPY ....ctttttuiiieeetietttiiitseeesseestsisssesssesssissseesssssssinsseeesees 26
1.7.1 Monitoring Neoadjuvant Chemotherapy using Traditional Imaging ..........ccccceveeevieeriieeiinnnns 26
1.7.2 Optical Tomographic Imaging for Neoadjuvant .............ccocccevreeiiiee e e 28
1.8 OVERVIEW OF THIS THESIS..uuuuuuuuuuuruuuruuusssssresssssssssssssssssssssssssssssssssssssssssnsssssssssssssssssnssssssssnnsnnsnnnnnns 29
(O VN o I = U D B T ] 1] 30
22 I N 270 016 o T 30
2.2 CLINICAL STUDY OVERVIEW. ...t ii ittt ettt 30
2.2.1 Patient Recruitment and TreatMeNt..........oovovviiieei e e e e eabbree e e e e 30
2.2.2 BASEIINE BIOMAIKEIS. ... .vvviiiiiei ittt e ettt e e e s s e e e e e e e s s eab bbb e e e e e e e s s sabbbaaeeeeeeeas 32
2.2.3 Clinical EXam MEASUIEIMENTS ........vvviiiieeiiiiiiiiiiieee e e s siatiie e e e e e s s sabb e e s s e s e s s eabb b b ae s e e e s s ssabbbaeeeeeeenas 32
A s o [V E= B O=Ta (o gl =0 o (=] 1O 33
2.3 OVERVIEW OF DOT IMAGING .....ccoiii ittt 34
2.3.1 Instrumentation and Patient INTEITaCE.........cc.vvviiiiii e 34

P I o= {11 0 11T o 11T OSSR 36
PR IR I\ (=TS T O 41 1 (1 o £ o o [ 38
2.3.4 RECONSIIUCTIONS ......ciiiittttiii e e e e e ettt e e e e e ettt e e e e s s s s bbbt e e s e eesssbb bbb e e s sessssbbbbbaeseeessssbbbbaeeseessas 39
Y I S 1 [0 T 39
P S 7 T [0 = 0 ) K= ) (o 39
2.4.2 SENSILIVILY ANGIYSIS.....eiiiiiiiii ittt e s e e et e e e e b e e sa e e s e e e nre e e nrreennae s 40
2.5 SUMMARY OF SUBJECT POPULATION ....coiiiiiii i 42
2.6 NOVELTY AND UNIQUENESS OF STUDY ... oiiiiiiieie ettt 43
P O] N[0 I U L] (o] N 45
CHAPTER 3: STATIC PROCESSING ... ..ottt ettt e s e sabbaae s e e 46
K A [N 2 T0] 010 o 1 o] 46
3.2 CHALLENGES TO OVERCOME ....coiiii ittt ettt ettt ettt 46
3.3 PRE-PROCESSING ... et eee ettt ettt 47
IR TN O YT Y/ =LY AR 47
3.3.2 EVOIULIONANY SErALEOY .. eevieiieiieitieitieitie ittt sttt sttt e sbeenbeesbeenbe e b e 48

RS I D=\ - W a0 (g1 =] [<Tox £ R 51



3.4 DCT TRANSFORM RECONSTRUCTIONS ..uuuuutiiiiiiitiitiiieeistettsiseessssssssssseesssssssssssseeessesssssseeessesssnes 55

3.5 STATIC IMAGE IMPROVEMENT ...eiiiiiiiititttitte e e s es ettt ae e e e e e e s s stbt b e e e e e e s s sabb e e e e e e e s sanbbba e e e e eeessnnabbbaeeaaeenas 56
3.6 POST-PROCESSING ...1vtteieiiisiittteteeeesssiitttseeeeeesssssttssseeeeesssssssssseeeeeessssabbeeeeeeeessssbbeeeeaeeessassbaaeeeaeenss 57
3.6.1 Volume Of INterest SEIECHION .....ccoiuviii i e 57

B I T (U] = SRR PRRR 58

K A0 ] [ox I U] o SRR 58
CHAPTER 4: STATIC RESULTS ..ottt ettt ettt ettt be e rs 60
N o 51U o TN SRR 60
Y = 0 LTSRS 62
I (=] TSRS 63
e o L LT 0100111 1T LRSS 63
4.3.2 CASE STULIES. ... ueeiiiiiiie et e e e st e e e st e e e s st e e e s eab e e e s bt e e e s abbe e e e st aeeeeaaraeeeaans 63
4.3.3 Optical Features during Neoadjuvant Chemotherapy..........cccooveeieiieeiieieeiee e 65
4.3.4 Baseline and Week 2 Correlation COeffiCient ..........cccooiiiii i 68
4.3.5 Percent change from Baseline IMaging ..........coocoiiiiiiiiiiii e 69
4.3.6 Correlation Coefficient of the Percent Change...........cooceeiieiiiiiiiec e 72
4.3.7 LONGITUAINAL TIENAS ....eeeiieeiiie ettt et e et esnae e snte e reeenees 74
4.3.8 Predicting TUMOE RESPONSE ... .ooitiiiieiieie ettt 75
1 101 1511 [ N R 76
4.4 SUMMATY Of RESUILS .....eeeiieciie ettt e st et esnae e snteeennee e e 76
4.4.2 Physiological EXPlaNation............cocuiiiieeiiiiiie e ee e ste et e e sree e snae e e e nnaeeenees 77
e R o (o] [V 1Y [ D OO PP PRSPt 78
CHAPTER 5: DYNAMIC PROCESSING .....cootiiiiiieiei ettt etae st ae e e 80
oI 1N =00 0] U o i T N SRR 80
ST O 7 = = S 80
5.3 PRE-PROCESSING ....ccutttteestiteesitteeestteeeessttaeesssteeeesssseeeessssaeessnsseeesanseeeeassseeessnsseeesanseeeenasseneennnnenens 82
EoTRC TN A©1=T qTOSTE 82
IR I AU (0] 41T 1 =10 [ (0o - o OSSR 83
5.3.3 MOify INPUL FIIES ....vveeiiie ettt e sne e et e e nneeennee s 86
5.4 IMAGE RECONSTRUCTION ALGORITHMS ... .vvitieittiteesietireestteeessssreeessnsseessssesessnssesessssesesssseseesnsseees 88
5.5 POST-PROCESSING: IMAGE ANALYSIS AND QUANTIFICATION ..vvvieeeiiiiiiireeeeeessiinnnrrneeeeessssnnsnnseeeeenns 89
5.6 BREATH HOLD TRACE IMPROVEMENT ..iiiiutiiiisittieeesiitteeesttesessntteeessnsseeesssaeessnsseeessnsneeessssensssssenes 90
5.7 FEATURE EXTRACTION L.iiiiittiiieeeeissiittiitee e e e s s sitbbbeee e e e s s sibbb e ee s e e e s s ssbbb e e e e e e e s ssbb b e e e e e e e e s s anbbbbeeeeeeenas 94
S IR 1 @] Lo I U T S 92
CHAPTER 6: DYNAMIC RESULTS ..ottt ettt ste et e nnae e nnae e snnee e 96
LG T80 I 1N 0 ] 560 10 ] NS 96
5.2 RESULTS ..tttteettiteeesttee e sttt e e ettt e e e sttt e e e st e e e ettt e e e e st e e e e s nte e e e ans e e e e snteeeeenteeeeannbeeeeentaeeennnteeeeannreeens 97
6.2.1 PatiENt SUMMAIY ....c.vviiiiie ettt s e et e et e e snb e e s ste e et e e e sneeesnbeesnteeateeesneeennee s 98
I O T I (1o [T TSRS 98
6.2.3 Statistical Analysis of Hemodynamic Parameters...........cccoovveiiieiiie s 100
6.2.3.1 Analysis of Hemoglobin Traces observed at Week 2............cccceevieiiieiiie v, 100

6.2.3.2 ROC Curves for Selected Week 2 FEALUIES .........ccvveiiiieiiiie et 103

6.2.4 Analysis of Differences between Baseline and Week 2 Imaging..........cccocvvveeeveive e siveeenn, 105
LTRCTE I 1101151 [0 ] SR 108
6.3.1 SUMMANY OF RESUILS ....eeiiii et sr e e s e e e re e e 108
6.3.2 Physiology Basis of Observed PheNOMENaA...........ccooviiiiiiiieiiie e 110

(G RR @a] Tox IU£ []  SR R 112
CHAPTER 7: COMBINED ANALYSIS ...ttt ettt re e 114
% N 1 N 3000 U o i o | N PP PPTT T UTPPRP 114
70 Y/ 1 T o SRR 117
7.2.1 Patient POPUIBLION .......ooiiiiiiiecie ettt et 117
7.2.2 Pathological, Static, and Dynamic Parameters ..........ccevvveieeieeieeie e 117



7.2.3 DISCHMINANT ANGIYSIS ....eeiiiiieieie ettt e sree e snbe e e reeeees 118

T3 RESULTS ..ttt ettt h ettt e e b et 119
7.3. 1 UNIVANAIE ANGIYSIS ..ottt ettt be e s e e et e e sbee e snbeeanreeenees 119
7.3.2 MURIVATTAE ANGIYSIS .....veieiieeeieie ettt e et et e e snbe e e nbeeenees 122
7.3.3 Multivariate Analysis With Pathology............cooooiiiiiiiiiii e 123
7.3.4 Combining Baseline and Week 2 FEAtUIES .........cccooiiiiiiiiiieee e 124
7.3.5 Combining Static and DYNamiC FEATUIES ...........cceeiuiiiiiiiiie et 124

T4 DISCUSSION. ....ccuttteitiesitte sttt h etttk et e bt e h e ekt e s st e e b et e b e e skt e s e e e n e e e ne e e b e e nine e 125

CHAPTER 8: SUMMARY AND FUTURE WORK ..ottt e 128

SECTION 8.1: SUMMARY ..ottt ettt sttt b ettt e b e nb ekt e s e e st e nbe e e nnneenare e 128

SECTION 8.2 FUTURE WORK .....ttiiuiiteireesittestee et ettt sttt ekt nin e me e nbe e skt e nn e e nn e nne e e neneenane e 129
8.2.1 Hardware DeVEIOPMENL.........coiiiiiiie ettt ettt e e e 129
8.2.2 Static Imaging IMPrOVEMENTS. ..ottt 131
8.2.3 DYNAMIC IMAGING ... vteeeiieeitie ettt ettt et et e e srae e snbeesnbe e e nbeeesneeesneeeanteeenees 131
8.2.4 PatIENt COMIOIT.....uviiiiiieiie ettt e b e bbb 132
8.2.5 Imager Software DEVEIOPMENT ..........ooiiiiiiiee e 133

8.2.5.1 Pre-processing and POSt-ProCeSSING.........c.eurviiiiaiieieeie ettt 134

8.2.5.2 Real-TIMe IMAGING +.veiveeiiieeiieeciee ettt e et e sreeesraeennneeans 134

8.2.6 INterventional STUTIES.........c.oiiiiiiiie e 135
8.2.7 Multi-Center CINICAl THIAIS .....cooviiiiiieeee e 135
8.2.8 Modelling HemodynamiC TrENAS .......ccveiiiiiiiiiiecie e 136
8.2.9 Additional Data ANGIYSIS........cciuriiiieiiie et nes 136
SECTION 8.3 CONCLUSIONS ...ttieniitetteesitee ettt ettt ekt ekt e et e ekt enb e s e e e e e e nne e e nnneenaneenn 136
REFERENCES. ..ottt ettt et s et e s tesae e s e besbe e st e tesbeabeene e beneesaeeneeneeneas 138

LIST OF FIGURES

CHAPTER 1: INTRODUCTION

FIGURE 1.1 FEMALE BREAST CANCER INCIDENCE AND MORTALITY RATES BY RACE AND ETHNICITY, US, 2006-

220 O 5
FIGURE 1.2 FIVE-YEAR RELATIVE SURVIVAL BASED ON STAGE OF DISEASE ....uuvuvi s 6
FIGURE 1.3 BASIC ANATOMY OF THE BREAST ...uuutuuuuuusususssssssssssssssssssssssssssssssssssssssssssssssnssssssssnsssnssnsnnnnnnns 8

FIGURE 1.4 BREAST CANCER SPECIFIC MORTALITY FROM CANCERS DIAGNOSED IN SCREENING PERIOD, BY
ASSIGNMENT TO MAMMOGRAPHY OR CONTROL ARMS ..ottt 16

FIGURE 1.5 THE MOLAR EXTINCTION COEFFICIENTS FOR OXYHEMOGLOBIN AND DEOXY-HEMOGLOBIN FOR LIGHT IN
THE NEAR INFRARED RANGE ... ittt s 18

FIGURE 1.6 FLOW DIAGRAM OF THE OPTIMIZATION ALGORITHM FOR THE INVERSE PROBLEM ...........cc..... 21

FIGURE 1.7 STATISTICAL ANALYSIS OF THE DIFFERENCES IN A[HB]% BETWEEN HEALTHY , BENIGN, AND TUMOR-
BEARING BREASTS 15 SECONDS AFTER THE END OF A BREATH=HOLD ....uuuvuuuuieiiiiiriiesiisinassnnnanns 25

CHAPTER 2: STUDY DESIGN

FIGURE 2.1 TIMELINE FOR SUBJECT TREATMENT AND IMAGING ....uuvuuruniiriiiiiiniinnssssssssssssssssssssnnsssansssnnnes 31

FIGURE 2.2 IMAGE OF THE DOT BREAST IMAGER WITH TRANSLATING RING INTERFACE.....cceeeeeeeeerennnne 36



FIGURE 2.3 TIMELINE FOR SUBJECT IMAGING AND AN EXAMPLE OF HOW DATA IS SELECTED TO RECONSTRUCT

1Y X =TT 37
FIGURE 2.4 COMPUTER RENDERING OF TRANSLATING RING INTERFACE ......cvvviiiiiiiiiiiiiiiiiieeeseesriiinsneeenens 38
FIGURE 2.5 A TEMPLATE FOR A CONFUSION MATRIX ...cevttuuniiieeiiiistiiiieeessessssissseessesssisseesssssssinsseeesees 40

FIGURE 2.6 EXAMPLES OF ROC CURVES WITH THE SENSITIVITY AND SPECIFICITY AT THE YOUDEN INDEX41
CHAPTER 3: STATIC PROCESSING

FIGURE 3.1 OVERVIEW OF PRE-PROCESSING STEPS TO RUN STATIC RECONSTRUCTIONS .....eeeiivvviiiineeenes 48

FIGURE 3.2 EVOLUTION STRATEGY USES AN ITERATIVE PROCESS OF RECOMBINATION, MUTATION, AND SELECTION
OF A SET OF INDIVIDUALS Py TO DETERMINE OPTICAL PROPERTIES .. ..citvvvttiiiieeeiieeiiiiissseeseesssiisseeessessnnns 49

FIGURE 3.3 AN EXAMPLE OF A NON-PROBLEMATIC STATIC DATA SET (LEFT) AND A PROBLEMATIC STATIC DATA SET
.......................................................................................................................................................... 52

FIGURE 3.4 CORONAL SLICES OF THE SAME PATIENT SEEN IN FIGURE 3.3B BEFORE AND AFTER SOURCE 11 HAD BEEN
REMOVED FROM THE INPUT FILES ...tttuttttteeeittttttiieeeessestsaassessssssssssnsssesssssstssssssssssessssssseeessesssinsseeerees 52

FIGURE 3.5 COMPARISONS OF TRADITIONAL IMAGING METHODS, DOT IMAGES, AND IMPROVEMENTS MADE TO THE
RECONSTRUCTION SCHEME. .vuuteietiittttttseeesettttstassessssesssasssesessessssssssessseesssansssesseesssssreessessssansseeesees 56

FIGURE 3.6 FLOW DIAGRAM OF QUANTIFICATION OF STATIC IMAGES ....uvuuuiiieiiieiiennnnnensnnsnesnnnnnnnnnnnnns 57
CHAPTER 4: STATIC RESULTS
FIGURE 4.1 TWO CASE STUDIES OF A SUBJECT WITH AN RCB OF 0 AND A SUBJECT WITH AN RCB OF 2.7 . 64

FIGURE 4.2 BASELINE IMAGING COMPARING VALUES FOR [HBO](t/m), [HBT] (1), AND SO2% 11y BETWEEN PCR
AND NON-PCR SUBJIECTS ...vtiurieiiieiieeiie ettt ettt re e me e re e reenneenreenreenneenreenreenreenneenn 67

FIGURE 4.3 COMPARISON OF PCR AND NON-PCR SUBJECTS AT WEEK 2 USING IMAGING PARAMETERS THAT SHOWED
THE HIGHEST CORRELATION TO RCB SCORE INTABLE 3. .o 67

FIGURE 4.4 LINEAR REGRESSIONS OF THE RCB SCORE VERSUS [HBO2](t/H) AT BASELINE IMAGING AND WEEK 2
.......................................................................................................................................................... 69

FIGURE 4.5 LONGITUDINAL LINE PLOTS OF PCR AND NON-PCR SUBJECTS FOR %A[HBO:], %A[HB] ,%A[HBT], AND
QOASO2YD0. ettt E e R Rt e e e b e e b e e ab e e na e re e e 71

FIGURE 4.6 LINEAR REGRESSION OF THE RCB SCORE VERSUS THE %A[HBO?] i), YoAWF i), Yo A[HBT] (i),
QOASO2YO(TINT) + e+ttt ettt ettt 74

FIGURE 4.7 THE PERCENT CHANGE FROM BASELINE IMAGING OF [HBO,]t/vt) OVER THE COURSE OF NACT FOR RCB

0 (PCR) suUBJECTS, RCB | AND 11 SUBJECTS, AND RCB I SUBJECTS......ccoiviiiieiiieeeirieestre et sie e 75

CHAPTER 5: DYNAMIC PROCESSING

FIGURE 5.1 FLOW DIAGRAM OF HOW DATA IS PROCESSED BEFORE THE RECONSTRUCTIONS ARE RUN........ 82

FIGURE 5.2 FLOW DIAGRAM OF MATLAB PROGRAM TO CREATE TEXT FILES FOR RECONSTRUCTION INPUT 84



FIGURE 5.3 VISUALIZATION OF EACH RAW SIGNAL FOR AN ENTIRE IMAGING FROM EACH SOURCE DETECTOR PAIR
FOR EACH WAVELENGTH FOR THE LEFT AND RIGHT BREAST ...t 85

FIGURE 5.4 TIME TRACES FOR EACH BREATH HOLD THAT SHOWS THE NORMALIZED SUMMATION OF ALL THE
DETECTORS FOR EACH WAVELENGTH FOR EACH BREAST . «.iviiiiiiii s 86

FIGURE 5.5 VISUALIZATION OF INPUT FILE DATA FOR EACH SOURCE DETECTOR PAIR SIGNAL FOR EACH
WAVELENGTH FOR EACH BREAST ...citttttitiieetititttitseeesttstssssessssessssesseessssstssaseesssessssseeesseesinnreessne 87

FIGURE 5.6 TIME TRACE OF THE RECONSTRUCTED RESULTS OF THE DATA SEEN IN FIGURE 4.6 OF THE SAME BREATH
HOLD WITH AND WITHOUT DETECTOR 54 REMOVED .....ccvvvuiiiiiiiiiiiiiiiieeeseeitiis s e e s s eestbas s eessssasbaansseeesans 88

FIGURE 5.7 A VISUAL OF HOW TIME TRACES ARE ACQUIRED FROM 3D IMAGING ......ccevveeeiiiiiiiieeeeeeniinnns 89

FIGURE 5.8 AN EXAMPLE OF A NON-PROBLEMATIC STATIC DATA SET (LEFT) AND A PROBLEMATIC STATIC DATA SET
.......................................................................................................................................................... 90

FIGURE 5.9 AN EXAMPLE OF A BREATH HOLD FOR BOTH THE TUMOR AND HEALTHY UNDERGOING FEATURE
QI 2Y Yo 1 [0 TR 91

FIGURE 5.10 AN EXAMPLE HOW SEVERAL FEATURES ARE TAKEN FROM THE TIME TRACE FOR A SINGLE BREAST

CHAPTER 6: DYNAMIC RESULTS

FIGURE 6.1 THE TOP ROW SHOWS IMAGING RESULTS FROM A PATIENT WITH A PATHOLOGICAL COMPLETE RESPONSE
(RCB-0); THE BOTTOM ROW SHOWS IMAGING RESULTS FROM A PATIENT WITH NO RESPONSE (RCB-111) TO NACT

.......................................................................................................................................................... 99
FIGURE 6.2 COMPARISON OF DIFFERENT GROUPINGS FOR STATISTICALLY SIGNIFICANT FEATURES AT WEEK 2
......................................................................................................................................................... 101
FIGURE 6.3 WEEK 2 TraL COEFFICIENT FOR SUBJECTS THAT HAD PCR COMPARED TO NON-PCR.............. 103

FIGURE 6.4 COMPARISON OF PCR AND NON-PCR FOR AMgise, AMeaLL, BETWEEN BASELINE AND WEEK 2
IMAGING ... e e e 107

FIGURE 6.5 ROC CURVES FOR SELECT PARAMETERS FROM TABLE 4 IN WHICH THE RCB 0 WERE COMPARED TO

RCB-I, -Il, AND —I11 suBJECTS (A AND B), THE RCB 0&1 WERE COMPARED TO RCB-I1&I11 (C), AND LAST WHERE
THE RCB-0, -1, AND —I| WERE COMPARED TO RCB-111 SUBJECT (D). ..cccvvvvieiiiiiiiie e ee e 108

FIGURE 6.6 THE WEEK 0 WASHOUT RATE RATIO (TTumor! THeaLriy) FOR BOTH SHe AND SHe0, WERE STATISTICALLY
SIGNIFICANT DIFFERENT FROM THE VALUE 1 WITH P <0.01 FOREACH GROUP ......ccooeviiiiiiiiiiieieeeeeeeeee 111

CHAPTER 7: COMBINED ANALYSIS
FIGURE 7.1 ROC CURVES OF PATHOLOGIC BIOMARKERS ER, PR, AND KIB7.......ccooooviiiiiiiii 120

FIGURE 7.2 ROC CURVES OF BEST DOT FEATURES FROM UNIVARIATE ANALYSIS ..uvuueieinnenns 121

CHAPTER 8: SUMMARY AND FUTURE WORK



LIST OF TABLES

CHAPTER 1: INTRODUCTION

TABLE 1.1 FIVE YEAR CAUSE SPECIFIC BREAST CANCER SURVIVAL BY RACE 2003-2009 SURVIVAL RATES ARE
BASED ON PATIENT DIAGNOSED BETWEEN 2003 AND 2009 AND FOLLED THROUGH 2010........cccoovveeevrvennee 6

TABLE 1.2 RECOMMENDED SCREENING FOR PATIENTS DEPENDING ON RISK OF CANCER .....uuvvveeeiiivviiennnn. 13

TABLE 1.3 SUMMARY OF THE SENSITIVITY AND SPECIFICITY OF DITI, EIS, AND USE FROM LITERARY SEARCH.

.......................................................................................................................................................... 15
TABLE 1.4 SUMMARY OF TYPES OPTICAL SYSTEMS ....uutttiiiieeeiiiitiieeeeeeesssssttsesseessssnssssseeseessssnsnsssssssesss 19
TABLE 1.5 SUMMARY OF CLINICAL OPTICAL BREAST IMAGERS .....vvviiiieeiiiiiiiiieeeeesssiirrneeseeesssnsnnneeseeenns 20
TABLE 1.6 RESULTS OF DATA SYNTHESIS TO PREDICT TUMOR RESPONSE ....vvvviieeiiiiiiiiieeeeessiiiiineeeeeen 27

CHAPTER 2: STUDY DESIGN
TABLE 2.1 SUMMARY OF DOT BREAST IMAGER PARAMETERS ... .uuvvitiieeeiitiiieeeeeesssnsnnnreeseesssssnnnnseseennns 35
TABLE 2.2 SUBJECT SUMMARY AND PATHOLOGIES .....uvvvvireeeeeiiiiiiieeeeeeessiisssseeesessssnsnsssesssessssnsssssesseens 42
TABLE 2.3 NUMBER OF SUBJECTS IN EACH RESPONSE CATEGORY FOR EACH WEEK .....cvvvveeeeeiiiiiiiieeeeennn, 43

CHAPTER 3: STATIC PROCESSING

CHAPTER 4: STATIC RESULTS

TABLE 4.1 SUMMARY OF FEATURES FOR EACH TIME POINT AND THE P-VALUE FOR THE T-TEST BETWEEN PCR AND
NTO] N =T = ST U= =0 T 66

TABLE 4.2 SUMMARY OF CORRELATION COEFFICIENTS, AND P-VALUES OF THE LINEAR REGRESSION OF THE RCB
SCORES VERSUS THE BASELINE AND WEEK 2 PARAMETERS IN THE TUMOR REGION AND NORMALIZED (T/H AND
L1745V 1) SRS 68

TABLE 4.3 SUMMARY OF THE PERCENT CHANGE OF EACH PARAMETER FROM THE BASELINE AND THE STATISTICAL
ANALYSIS OF PCR VERSUS NON-PCR SUBJECTS ....coiiiiiiiieeieeee e 70

TABLE 4.4 SUMMARY OF LINEAR REGRESSION ANALYSIS OF RCB SCORE VERSUS THE PERCENT CHANGE FROM
BASELINE IMAGING OF EACH PARAMETER FOR EACH TIME POINT ..o, 73

TABLE 4.5 SUMMARY OF PARAMETERS WITH THE HIGHEST YOUDEN INDEX VALUES FOR BASELINE AND WEEK 2
IIMAGING ...eeiiteteeteee ettt ettt ettt ettt ettt ettt ettt ettt ettt e et et et et e et et e e et e et e e e e e s e e ettt ettt e e ettt s ettt e ettt e et et et teatataeeertnaerrrrnernrrres 76

CHAPTER 5: DYNAMIC PROCESSING

CHAPTER 6: DYNAMIC RESULTS

TABLE 6.1 SUMMARY OF FEATURES DERIVED FROM TIME TRACES OF THE HEMODYNAMIC RESPONSES OBTAINED 2
WEEKS AFTER THE INITIAL TREATMENT WITH TAXANE ...t 101

Vi



TABLE 6.2 SUMMARY OF BINARY CLASSIFICATION TEST FOR THE THREE FEATURES THAT SHOW THE STATISTICALLY
MOST SIGNIFICANT DIFFERENCES BETWEEN PATIENTS ...uiviiiiiiii e 104

TABLE 6.3 SUMMARY OF THE DIFFERENCES IN FEATURES BETWEEN BASELINE AND TWO WEEKS AFTER THE INITIAL
TREATMENT WITH TAXANE (WEEK 2 — BASELINE). ..ceviitiitieitieiiee ettt 106

CHAPTER 7: COMBINED ANALYSIS

TABLE 7.1 SUMMARY OF FEATURES WHERE X COULD BE ANY OF THE FEATURES ABOVE AND Y IS ANY FEATURE
ABOVE OR ANY FEATURE INVOLVING X ..\iiiiiiiiiiiiiiiieeieitiiiesee e s e ettt s sessseasbbaaseessssasbasnssessssssssanssseesees 118

TABLE 7.2 SENSITIVITY ANALYSIS OF ROC CURVES IN FIGURE 7.1 FOR ER,PR, AND KIB7 ........cevvvnenn. 120

TABLE 7.3 SUMMARY OF UNIVARIATE ANALYSIS FOR EACH DATA SET WITH THE FEATURE WITH THE GREATEST
018 5] = N 1] =5 TN 121

TABLE 7.4 SUMMARY OF SENSITIVITY ANALYSIS OF THE BEST SELECT FEATURES FROM THE UNIVARIATE ANALYSIS
LS =S NI N I =TI 0 TR 122

TABLE 7.5 SUMMARY OF LDA AND QDA FOR EACH DATA SET WITH THE FEATURES WITH THE GREATEST YOUDEN

1] =5 T ORI PP PPN 122
TABLE 7.6 SUMMARY OF LDA AND QDA FOR PATHOLOGY COMBINED WITH DOT FEATURES ............... 123
TABLE 7.7 SUMMARY OF LDA AND QDA FOR BASELINE VERSUS WEEK 2 FEATURES ....cccovuviveeiiieeeninnnn 124
TABLE 7.8 SUMMARY OF LDA AND QDA FOR STATIC VERSUS DYNAMIC FEATURES ......c.cvvveeeeeeniinnvnnnens 124

CHAPTER 8: SUMMARY AND FUTURE WORK

Vii



Acronyms

2D: two-dimensional
3D: three-dimensional
AC: alternating current

AC: doxorubicin and cyclophosphamide

ANOVA: analysis of variance

APD:

AUC: area under the curve

BC: breast cancer

BH: breath hold

BMI: body mass index

CC: correlation coefficient

CE: clinical exam

CW: continuous wave

DAQ: data acquisition

DC: direct current

DCIS: ductal carcinoma in situ

DCT: discrete cosine transform
DDOT: dynamic diffuse optical
tomography

DITI: digital infrared thermal imaging
DOS: diffuse optical spectroscopy
DOT: diffuse optical tomography
EIS: electrical impedance scanning
EPI: electronic palpation imaging
ER: estrogen receptor

ES: evolution strategy

FD: frequency domain

FDG: fluorodeoxyglucose

FN: false negative

FP: false positive

Hb: deoxy-hemoglobin

[Hb]: deoxy-hemoglobin concentration
HbO2: oxy-hemoglobin

[HbO2]: oxy-hemoglobin concentration
HbT: total hemoglobin

[HbT]: total hemoglobin concentration

HER2: HER-2/neu

IE: initial enhancement

IFP: interstitial fluid pressure

ILC: invasive lobular carcinoma
ILC: invasive lobular carcinoma
LCIS: lobular carcinoma in situ
LDA: linear discriminant analysis
MG: x-ray mammography

MRI: magnetic resonance imaging
NACT: neoadjuvant chemotherapy
NMPV: normalized maximum peak
value

NPV: negative predictive value

Ol: optical imaging

pCR: pathological complete response
PDE: partial differential equation
PET: positron emission tomography
PIE: post-initial enhancement

PMT: photo multiplying tube

PPV: positive predictive value

PR: progesterone receptors

QDA: quadratic discriminant analysis
RCB: residual cancer burden

ROC: receiver operating curve

SD: source-detector

SNR: signal to noise ratio

S0O2%: oxygen saturation percentage
TD: time domain

TN: true negative

TP: true positive

US: ultrasound

USE: ultrasound elastography
VOI: volume of interest

WEF: water fraction

YI: Youden index

viii



Publications

J. E. Gunther*, Emerson Lim* Hyun Keol Kim, Molly Flexman, Jessica Campbell, Hanina
Hibshoosh, Katherine Crew, Kevin Kalinsky, Dawn Hershman, and Andreas H. Hielscher “Dynamic
diffuse optical tomography for monitoring neoadjuvant chemotherapy in breast cancer patients”
(Submitted to Radiology)

Emerson Lim*, J. E. Gunther*, Hyun Keol Kim, Molly Flexman, Hanina Hibshoosh, Kevin Kalinsky,
Katherine Crew, Bret Taback, Jessica Campbell, Andreas H. Hielscher, and Dawn Hershman,
“Diffuse optical tomography changes correlate with residual cancer burden after neoadjuvant
chemotherapy in breast cancer patients.” (Submitted to JAMA)

J. E. Gunther, Emerson Lim, Hyun Keol Kim, Molly Flexman, Kevin Kalinsky, Dawn Hershman,
and Andreas H. Hielscher “Combination of static and dynamic optical tomographic imaging features
to predict tumor response in breast cancer patients” (in preparation).

J. E. Gunther, Emerson Lim, Hyun Keol Kim, Molly Flexman, Kevin Kalinsky, Dawn Hershman,
and Andreas H. Hielscher “Monitoring breast tumor progression during neoadjuvant chemotherapy
using diffuse optical tomographic imaging” (in preparation).

M.L. Flexman, H.K. Kim, J.E. Gunther, E.A. Lim, M.C. Alvarez, E. Desperito, D.L. Hershman and
A.H. Hielscher. “Optical biomarkers for breast cancer derived from dynamic diffuse optical

tomography.” Breast Cancer Research. Journal of Biomedical Optics. 18(9), 096012, September
2013.

*Co-first authors

Presentations and Conference Proceedings

J.E. Gunther, E. Lim, H. Kim, M. Altoe, S. Refrice, M. Brown, K. Kalinsky, D. Hershman, A.H.
Hielscher. “5-Month Monitoring of Tumor Response in Patients with Breast Cancer who undergo
Neoadjuvent Therapy with Diffuse Optical Tomography” in Biomedical Optics, OSA Technical
Digest (Optical Society of America, 2016) CM4A.2

J.E. Gunther, E. Lim, H. Kim, M. Flexman, L. Zweck, S. Arora, S. Refice, M. Brown, K. Kalinsky,
D. Hershman, and A.H. Hielscher. Combined dynamic and static optical tomography for prediction
of treatment outcome in breast cancer patients. Proc. SPIE 9538, Diffuse Optical Imaging V,
953811 (July 16, 2015); doi:10.1117/12.2183996.

J.E. Gunther, E. Lim, H. Kim, M. Brown, S. Refice, K. Kalinsky, D. Hershman, and A.H. Hielscher,
Dynamic diffuse optical tomography for assessing changes of breast tumors during neoadjuvant
chemotherapy. Proc. SPIE 9319, Optical Tomography and Spectroscopy of Tissue Xl, 93190C
(March 12, 2015); doi:10.1117/12.2079435.

Hyun K. Kim, J.E. Gunther, J. Hoi, A.H. Hielscher “A reduced-space basis function neural network
method for diffuse optical tomography”. Proc. SPIE 9319, Optical Tomography and Spectroscopy
of Tissue Xl, 931925 (March 5, 2015); doi:10.1117/12.2080550.

J. E. Gunther, E Lim, H. Kim, M. Flexman, M. Brown, S. Refice, K. Kalinsky, D. L. Hershman, and
A.H. Hielscher. “Chemotherapy Monitoring of Breast Cancer Patients with a Dual-Breast Dynamic
Optical Tomography System.” in Biomedical Optics, OSA Technical Digest (Optical Society of
America, 2014) BW4B.4.



E. Lim, J.E. Gunther, M. Flexman, H. Kim, H. Hibshoosh, K, Kalinsky, K. Crew, M. Maurer, B.
Taback, S. Feldman, M. Brown, S. Refice, M.C. Alvarez, A.H. Hielscher, D.L. Hershman. “Two-
Week Change in Optical Tomography Predicts Residual Cancer Burden Score in Women Treated
with Neoadjuvant Chemotherapy.” San Antonio Breast Cancer Symposium. Dec 2013.

J. E. Gunther, E Lim, H. Kim, M. Flexman, M. Brown, S. Refice, K. Kalinsky, D. L. Hershman, and
A.H. Hielscher. “Predicting Tumor Response in Breast Cancer Patients Using Diffuse Optical
Tomography.” In Diffuse Optical Imaging IV, Proceedings of SPIE Vol. 8799 (SPIE, Bellingham,
WA 2013), 87990P (June 14, 2013).

J. E. Gunther, E Lim, H. Kim, M. Flexman, M. Brown, S. Refice, K. Kalinsky, D. L. Hershman, and
A.H. Hielscher. “A diffuse optical tomography imaging system for monitoring tumor response to
neoadjuvant chemotherapy in breast cancer patients.” Photonics West. Feb 2013.

J. E. Gunther, E Lim, H. Kim, M. Flexman, M. Brown, S. Refice, K. Kalinsky, D. L. Hershman, and
A.H. Hielscher. “Diffuse Optical Tomography Imaging System for Neoadjuvant Chemotherapy
Monitoring for Breast Cancer.” IEEE EMBS Healthcare Technology Conference Nov 2012.

M. Flexman, J. E. Gunther, H. K. Kim, E. Lim, E. Desperito, R. L. Barbour, D. Hershman, and A.
H. Hielscher, "Diffuse Optical Tomography Imaging of the Hemodynamic Response to a Breath
Hold for Use in Breast Cancer Detection," in Biomedical Optics, OSA Technical Digest (Optical
Society of America, 2012), paper JM3A.69.

J. E. Gunther, M. Flexman, E. Lim, H. K. Kim, M. Brown, D. Hershman, and A. H. Hielscher,
"Diffuse Optical Tomography Imaging System for Monitoring Breast Tumor Response to
Neoadjuvant Chemotherapy," in Biomedical Optics, OSA Technical Digest (Optical Society of
America, 2012), paper BW3A.6.

M. Flexman, H.K. Kim, J. Gunther, E. Lim, E. Desperito, R. Barbour, D. Hershman, A.H. Hielscher,
“Dynamic Optical Tomographic Breast Cancer Imaging.” Poster presented at the Inverse Problems
Workshop at Rensselaer Polytechnic Institute; 2011 October 27-28; Troy, New York.



CHAPTER 1: INTRODUCTION

1.1 Overall Goal and Specific Aims

The overall goal of this thesis is to determine whether optical tomographic imaging
biomarkers can be employed to predict treatment outcome in women with breast cancer
(BC) who undergo neoadjuvant chemotherapy (NACT). BC affects 1 in 8 women in their
lifetime. In the United States, there are approximately 230,000 women with invasive BC
and almost 40,000 die every year. NACT is widely applied as standard treatment for
patients with newly diagnosed invasive BC. The goal of NACT is a pathologic complete
response (pCR) at definitive surgery which typically is performed at ~6 months after
treatment initiation. A pCR is associated with a substantial increase in 5-year survival and
reduction in distant metastatic recurrences. However, a pCR is achieved in only 15-40%
of women.*3 Furthermore, NACT is an expensive and toxic treatment that takes several
months to completely administer, and major efforts are underway to find new drugs that
increase pathologic response and ultimately improve survival. If the long-term treatment
response could be predicted early into the treatment regimen, unnecessary side effects
could be minimized, and alternative treatments could be initiated. 13

Diffuse optical tomography (DOT) has the potential for becoming an early
outcome-prediction tool. Over the last decade, DOT has been shown to be very sensitive
to vascular changes in BC and other diseases. As a result, several groups have started
to study NACT monitoring using DOT. However, so far the patient-enrollment numbers
have been relatively small and the few patients that participated in these studies have
received a wide variety of different NACT regimens. Since the different drugs may affect

the optical signals in different ways, the studies might have confounding results.



Furthermore, none of the previous studies have involved a full tomographic imaging
system that images both breast at the same time, and very few studies have looked at
hemodynamic changes in the tumor bearing breast.

To overcome the limitations of these previous studies, | had proposed to employ a
novel dynamic DOT system to study the effects of targeted NACT. Unlike any other optical
breast imager, this system provides full three-dimensional tomographic images of both
breasts simultaneously. Furthermore, the system allows for the study of static and
hemodynamic effects, which is achieved through relatively fast data acquisition frame
rates. The goal was then to use the system to perform the largest clinical pilot study to
date and only enroll patients that are on the same standard NACT regimen. To test and
evaluate the potential of DOT imaging in the NACT setting, | have completed the following

4 aims.

Specific Aim I: Performed a 40-patient clinical NACT-monitoring study to

demonstrate that 2-week changes in DOT-derived imaging biomarkers
corresponds with pCR

Challenge: To determine if DOT can predict treatment response of breast tumors to
NACT.

Approach: We have previously built and utilized a DOT system to image subjects with
malignant and benign tumors, as well as, healthy breast tissue. We found that biomarkers
such as oxy-hemoglobin [HbO2], deoxy-hemoglobin [Hb], and total hemoglobin [HbT]
concentrations, as well as their dynamic responses to a breath-hold, can be used to detect

tumors. Employing the same system in this monitoring study, | hypothesized that these



biomarkers will change substantially at the beginning of the treatment and indicate if a
patient will obtain a pCR.
Impact: Finding imaging biomarkers that can predict treatment outcome early on, will help

physicians in designing more effective treatment strategies.

Specific Aim _|I: Developed a pre-processing and post-processing protocols for

analyzing “static data” acquired from NACT imaging and to monitor how different
chromophores change over the course of treatment.

Challenge: Artifacts at the tissue-air interface are very common in optical images and
therefore can effect automated quantification. Additionally pre-processing and post-
processing must be similar for all imaging time points.

Approach: Created custom algorithms via MatLab to pre-process data, to extract volume
geometries that contain the tumor region, and to track the region of interest over time.
Impact: The static data shows absolute concentrations of hemoglobin and water fraction.
Observations of these parameters show changes over time for subjects that have a good

or partial response to treatment, and can be used to monitor treatment.

Specific Aim lll: Develop a pre-processing and post-processing protocol for

analyzing “dynamic data” acquired from NACT imaging.

Challenge: We can collect dynamic information over time, and are able to view the
hemodynamic changes in the breast when a stimulus is applied (e.g. a 30-second breath
hold). Therefore the challenge lies in how to use an intrinsic contrast to see tumor

response.



Approach: Extracted features from dynamic breath hold images to determine different
hemodynamic qualities of the vasculature of the tumor.
Impact: The dynamic optical imaging can show how blood flow changes in the tumor

region during NACT.

Specific_Aim_IV: Combined static and dynamic data analysis schemes for

discriminant analysis, which can be used to find a combination of imaging
biomarkers that most accurately predict tumor response to NACT.

Challenge: Finding effective combination of physiological parameters that describe the
response of the tumor and can distinguish response.

Approach: Used promising metrics from both the static and dynamic analyses to perform
linear or quadratic discriminant analysis.

Impact: Determining a way to predict tumor response accurately using optical imaging.

1.2. Breast Cancer Epidemiology

The chance of a woman in the United States being diagnosed with breast cancer has
increased to 1 in 8 (12.3%) from 1 in 11 women since the 1970’s. The increase in
prevalence is likely caused by several environmental factors that have change in the
United States over the past 40 years. Some of these factors include the increase in
obesity, increase life expectancy, changes in reproductive patterns (women having
children at later ages), increase breast cancer screening, etc. Another factor for the
increase in breast cancer cases may simply be the increase in breast cancer screening

between 1979 and 1987. 4 The estimated number of incidences for 2014 is 232,670. The



number of new cancer cases has increased by 14% since 2000. Accordingly, the number
deaths caused by breast cancer in 2014 has also increased and is estimated to be about
40,000 deaths or 6.8% of all cancer deaths.> However, as seen in Figure 1, the incidence
and mortality rate can be very dependent on the race and ethnicity of the individual. There
is usually a higher incidence of breast cancer in the non-Hispanic White population, yet

the mortality rate is the highest among African Americans.*
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Figure 1.1 Female Breast Cancer Incidence and Mortality Rates by Race* and
Ethnicity, US, 2006-2010.4

The overall 5-year survival rate is about 89% among all populations in the United
States.* > Yet, the 5-year survival rate can vary between 78.9% and 92.8% depending
on race. As seenin Table 1.1, Asian women have the highest 5-year survival rate, while

the African American population tends to have lowest survival rate. African American



women tend to be diagnosed with more aggressive cancers that have poor prognosis.
Also, there are lower 5-year survival rates among populations that have low incomes,
which prevent them from receiving the medical attention they require. Since in low income
subgroups, there may be the lack of health care or funds to receive proper treatment.*
Table 1.1 Five Year Cause Specific Breast Cancer Survival by Race 2003-2009

*Survival rates are based on patient diagnosed between 2003 and 2009 and folled
through 2010.4

Race 5-year Survival Rate \
Non-Hispanic White 88.6%
African American 78.9%
Hispanic 87.0%
Asian 91.4%
Pacific Islander 86.8%

The stage of the cancer can affect the 5-year survival rate of the woman. Usually,
when breast cancer is caught in its earlier stages, then the prognosis of the patient is
much better. Therefore, as seen in Figure 2, localized cancer cases have the highest 5-
year relative survival. While, distant or metastatic cancer usually has a poorer prognosis

and a lower survival rate.®
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Figure 1.2 Five-year Relative Survival based on Stage of Disease®



Since the 1980’s, the decrease in mortality rate has been contributed to increase
screening using mammography (MG). However, in 2010, 51% of women over the age of
40 received a MG in the last year and 61% of women received a MG in the past two years.
Additionally, this percentage changes depending on income and age. For non-poor
women between 74%-83% received a MG within the last two years. While only 46%-57%
of women who are poor or near-poor received a MG in the past two years.* Therefore,
there is a clinical need to decrease the cost BC screening in order to increase the number
of women who routine screening.

There are other factors that can prevent BC screening. | have spoken to women
over the past 5 years about the process of breast cancer screening and treatment and
many have communicated their dislike of various imaging modalities. Some women
refuse to get MG imaging done because the compression is too painful. Other women
have said that they are afraid that the radiation will cause breast cancer in the future.
Some women have refused MRI because they are uncomfortable or claustrophobic.
Despite the risk of a having BC, many women still refuse to undergo the recommended
procedures for tumor detection or monitoring. Hence, BC imaging has other facets that

need improvement to encourage women to get routine screening.

1.3 Breast Cancer Pathology

Breast tissue is mostly consistent of adipose, fibrous, and glandular tissue. Each
breast has about 15-20 lobes, which each has up to 40 lobules.® ” The lobules are further
divided into 10-100 alveoli, which secrete milk. The alveoli are connected to a lactiferous

tubule, which is connected to a lactiferous duct. These ducts are basically conduits that



bring milk from the milk producing cells to the nipple. Last, the glandular complexes are

surrounded by adipose tissue.®
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Figure 1.3 Basic anatomy of the breast.®

Breast cancer typically originates in either the lobules or the ducts of the breast.
The four most common types of breast cancer are invasive ductal carcinoma (IDC),
invasive lobular carcinoma (ILC), ductal carcinoma in situ (DCIS), and lobular carcinoma
in situ (LCIS). DCIS originates in the duct of the breast, while LCIS originates in the
lobules. In situ type cancers arises when abnormal cells grow and proliferate within the
ducts or lobules without invading the basement membrane.® IDC occurs when tumor
cells have invaded the basement membrane. Therefore DCIS is often a precursor for
IDC.8° Similarly, ILC occurs when infiltrates the stroma of the breast and happens to be
much more difficult to detect.®

Cancer, in general, starts in an avascular stage where the tumor will grow to
between 1-2 mm and then reach an equilibrium of growth and apoptosis. Tumors cannot

8



grow more than a couple millimeters without some conduit to receive nutrients. Hence,
tumors need to recruit blood vessels in order to progress. Hypoxia in the tumor region
can also induce these new blood vessels.!°

Tumor angiogenesis is much different from normal physiological angiogenesis.
Tumor blood vessels are irregularly shaped, dilated, have dead ends, and have increased
permeability.1® Also, blood vessels in the tumor are poorly organized, are compressed
by surrounding tumor tissue, and provide limited delivery of oxygen and nutrients, and
have irregular blow flow.'! Additionally, the blood vessels are forced apart due to the

growing tumor, which can prevent proper drug penetration.*!

1.4 Breast Cancer Imaging

There are several different methods for imaging breast tissue and identifying
breast cancer. Traditional methods include X-ray mammography (MG), ultrasound (US),
magnetic resonance tomography (MRI), and positron emission tomography (PET).
However, there have been experimental imaging modalities that have been developed,
such as optical imaging (Ol). To better understand how OI can be utilized in the clinic,
we must examine the imaging modalities that currently exist and how these methods are
being utilized in the breast cancer setting.
1.4.1 X-ray Mammography

Over the last 25 years, the gold standard for breast cancer detection has been X-
ray mammography (MG). In the late nineties, there have been some reports of a ~25%
reduction in breast-cancer mortality; More recent studies done in 2012 showed a

reduction between 7%-23% in Europe and Canada over the last couple of decades.'? 13



In general this drop has been attributed to an increase in screening over the previous
decades. However, it should be noted that during the same time period there has also
been an increase in adjuvant chemotherapies which, some argue, may have contributed
to two thirds of the mortality rate decrease.* Yet another major study done in Canada
suggested that MG has no effect on the mortality rate, and overall there seems to be no
clear consensus about the advantages and disadvantages of X-Ray imaging in breast
cancer detection .1°

While there are conflicting results about the effect of MG on the mortality of breast
cancer patients, there is no doubt about the diagnostic capabilities of X-ray imaging.
According to the United States screening program MG has a sensitivity of 75%. The
sensitivity decreases to 30%-40% with a false negative (FN) rate of 4%-34% for women
with denser breasts. >3 Therefore, MG is currently suggested for women over the age
of 40 years, since the sensitivity of MG increases as breast density decreases with age
and a postmenopausal status.'? 16

The general guidelines suggest that women between the ages of 40-49 receive
biennial MG screenings, while women between the ages of 50-74 should receive annual
screenings. 2 13 In the state of New York screening coverage laws allow baseline
imaging at 35-39 years of age and every year over the age of 40 or with a physician
recommendation. Insurance coverage for MG screening varies from state to state within
the United States.!’
1.4.2 Ultrasound

In general, US is not recommended as a screening tool and is usually not covered

by insurance. Yet, US is employed as an adjunct imaging method to MG. Also US is

10



considered if the patient is at high risk and cannot tolerate MRI, or if they have an
intermediate risk with dense parenchyma or dense breasts. High resolution US can also
be used to detect occult cancers or be useful with patients with dense breasts. However,
there is limited detection of DCIS and microcalcifications. Additionally, a negative US
never supersedes the results of a MG, and negative US result does not indicate the lack
of a tumor.

Studies have shown that US detects 2.7-4.6 cancers per 1000 asymptomatic
women who have dense breast or negative MG findings. Yet, the use of US imaging
leads to a high false positive rate and a low positive predictive value (PPV) of 8.8%-11%.?

A 2002 study looking at 27,825 patient examinations (11,130 asymptomatic
women) found 246 cancers in 221 women. The addition of US screening allowed for the
detection of smaller and lower stages of cancer than physical examination (PE) and
increase detection in occult cancer. The sensitivities for the study were 77.6%, 27%, and
75.3% for MG, PE, and US, respectively. Sensitivity of US was more or less unaffected
by breast density or age. From the women with non-palpable invasive cancer, 42% of
cancers were detected with US only. From the subgroup of US only detected cancer 70%
were <1 cm and 89% were node negative, which would give the best prognosis and the
largest number of options for treatment. However, the authors mention that the benefits
of the screening must be weighed against the false positive (FP) rate of 2.4%. Also rate
of positive biopsy due to US detection is much lower than in MG. 16

Another study done in Germany in 2012 suggests that there is little or marginal
benefit to US screening. They were able to detect additional cancers that MG did not, but

the PPV for the study was 0.21%.18
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Therefore, US seems has some benefits as a screening tool, but at the risk of
additional FPs and unnecessary biopsies. Additionally, US is highly operator
dependent.’> ¥ However, US has been useful as a follow-up imaging modality for
patients with dense breasts or at high risk.

1.4.3 Magnetic Resonance Imaging

MRI has been used for staging and treatment planning and has shown to be helpful
at screening high risk patients.'? 13 19 As seen in Table 1.2, there are different
recommendations for screening depending on the cancer risk of the patient. Women who
are at high risk are encouraged to get annual MG and MRI imaging done. Annual MRI
screening can start as early as age 30. High-risk patients usually are carriers of
deleterious BRCA genes, have first-degree relatives with BRCA mutation, or received
chest irradiation between 10-30 years of age. > 12 High-risk women tend to have an
earlier onset of cancer and therefore, may benefit from earlier screening using MR, since
MG would have lower sensitivity in patients under the age of 40. MRI is usually not
recommended for average risk patients even if they have dense breasts.!?

MRI shows higher sensitive of over 90%. Yet, there is still a low specificity of 40%-
80%. Sensitivity tends to be greater in invasive carcinomas compared to DCIS. When
combined with MG there is a 58% increase in sensitivity and a 44% increase when

combined with MG and US compared to MG alone.*®
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Table 1. 2 Recommended screening for patients depending on risk of cancer.*3

Risk Population

Recommendation

Women with <15% lifetime risk for
breast cancer
BRCAL1 or BRCAZ2 carriers, untested first
degree relatives of BRCA mutation
carriers

Average risk

Women with >20% lifetime risk for
breast cancer on the basis of family

High risk history

History of chest irradiation received
between the ages of 10 and 30

Personal history of breast cancer,
ovarian cancer, or biopsy diagnosis of
lobular neoplasia or atypical ductal
Intermediated risk e s
Women with dense breasts as the only
risk factor

Annual MG starting at age 40

Annual MG and MRI starting by age 30
but not before age 25

Annual MG and MRI starting by age 30
but not before the age 25, or 10 years
before the age of the youngest affected
relative, whichever is later.

Annual MG and MRI starting 8 years
after treatment; MG is not recommended
before age 25.

Annual MG from time of diagnosis; either
annual MRI or US can also be
considered

The addition of US to screening MG may
be useful for incremental cancer
detection.

Overall, MRI can detect cancers that are not visible via other modalities due to its
higher sensitivity, especially DCIS and ILC. Although MRI can be used for screening high
risk patients, it has also been utilized for staging and treatment planning for new
diagnosed patients. However, preoperative or perioperative MRl may not be beneficial
for patient care since it can lead to a higher false positive rate, delay in treatment, higher
costs. Also, there is no significant effect on the long-term survival of the patients due to
MRI results compared to standard imaging methods. Additionally, there is evidence in
the literature to suggest that perioperative MRI has led to an increase in mastectomies.*®
1.4.4 Positron Emission Tomography

PET is a non-invasive exploratory technique for breast imaging, which uses
radioactive tracers such as fluorodeoxyglucose (FDG) to obtain information about the
uptake and metabolism of glucose. Malignant tissue tends to have both a higher uptake

of glucose and a fast metabolism, and allows for detection via PET. For detecting primary
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tumors FDG-PET, the review article reports a range of 48-95.7%. However, sensitivity
reduces when the tumor is sub-centimeter due to a decrease uptake in FDG. FDG-PET
seems to be a more reliable modality compared to conventional techniques (MG, US,
etc.), but does not out preform magnetic resonance mammography and MRI when
diagnosing primary tumors. Yet, FDG-PET can only be recommended for the detection
of metastases and recurrent disease. Compared to conventional imaging, FDG-PET
shows increased efficacy and similar sensitivity, but with lower false positives.?°

1.4.5 Experimental Imaging Modalities

There are additional imaging modalities that are still within the experimental stages
and have not been widely used in a clinical setting yet, according to Vreugdenburg, et. al.
A few of these imaging modalities include digital infrared thermal imaging (DITI), electrical
impedance scanning (EIS), and elastography, which include electronic palpation imaging
(EPI) and ultrasound elastography (USE).

DITI produces a heat map or thermogram of the breast and is captured using
infrared cameras. Usually, DITI has a very low sensitivity, but with development of high
resolution infrared cameras the topic has been revisited. Tumors can be detected by DITI
due to localized increase in skin temperature, since tumor display increased vascularity,
vasodilation, and recruitment of inflammatory cells.

Cancer cells have increased electrical conductivity and lower impedance
compared to healthy cells. Therefore, EIS has also been utilized to locate breast tumors.

EPI creates pressure maps of the breast where the tumor is a more rigid structure
compared to healthy tissue. USE compares the strain between healthy and cancerous

tissue.
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However, for this review article, the authors mention that a few studies have been
done on asymptomatic patients and therefore they do not recommend including these
particular imaging modalities as screening tools for the time being.?°

Table 1.3 Summary of the sensitivity and specificity of DITI, EIS, and USE from literary
search. 20

Modality Sensitivity (Median) Specificity (Median)
DITI 25.0-96.7% (82%) 11.8-84.9% (55%)
EIS 62.0-97.5% (83%) 42.0-80.9% (68%)
USE 35.4-100% (84%) 21.1-98.9% (88%)

1.4.6 Problems with Current Imaging Modalities for Breast Cancer

Despite the multiple imaging modalities available and years of screening studies
done in the field of breast cancer detection, there is still room for improvement. The
overall goals are to reduce the rate of late-stage disease, decrease cancer mortality, and
detect aggressive tumors early. As mentioned previously, MG tends to lead to FPs, which
leads to the problem of overdiagnosis. Overdiagnosis is the detection of cancer that if
left untreated would not be clinically significant or detrimental. As a result, overdiagnosis
can then lead to overtreatment. 4 21

In a Canadian study involving 89,835 women being screened for breast cancer,
there was one over-diagnosed breast cancer for every 424 patient who received MG
imaging. Additionally they found that annual MG for women 40-59 did not reduce the
mortality rate. As seen in Figure 1.4, there is very little difference between the survival
probability between the group of women that received MG screening and the control
group that did not receive imaging. '® The results found in this study seem contrary to

what has been reported in the literature previously. Nevertheless, the report has sparked
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media attention in the United States, and has women asking if MG is necessary or

worthwhile.
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Figure 1.4 Breast cancer specific mortality from cancers diagnosed in screening period,
by assignment to mammography or control arms.*®

Survival rates for breast cancer have improved over the past few decades.
However, the reason behind this trend can be debated. The decrease in mortality rate
may be due mostly to the development of adjuvant therapies and better treatment plans
for patients and not so much the early detection of cancer. Therefore, there is a need for
early detection of aggressive tumors before it progresses or form metastases. However,
there is the issue of the preconceived notion among doctors and patients of not doing
enough for a patient even if the cancer is indolent.?!  Additionally, there is a need for

imaging technology that can differentiate between benign and malignant tumors.

1.5 Optical Imaging
Since there are areas of breast cancer imaging that need improvement, Ol imaging

methods, such as diffuse optical tomography (DOT), have emerged as a novel imaging
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modality for this setting. DOT uses optical transmission measurements with non-ionizing,
low-intensity, near-infrared light to generate three-dimensional maps of various tissue
parameters. Optical property contrast from endogenous chromophores [oxyhemoglobin
(HbO32), deoxyhemoglobin (Hb), water, and lipid] can distinguish malignant from normal
tissue.??25 For example, it has been reported that total hemoglobin (HbT) levels, which
relate to tumor blood vessel density, are double those in benign breast lesions?%; and
vascular changes precede measurable structural changes in mouse models.?’

DOT works on the principles that govern light interaction in biological tissue.
Different types of optical imaging systems can be employed to capture this light
interaction. Afterwards, light propagation models and optimization algorithms can be
utilized to reconstruct the optical properties and chromophore concentration in the tissue.
1.5.1 Light and Tissue Interactions

Biological tissue is optically strongly scattering and tends to be weakly absorbing
especially within the 400-1350 nm spectral region. Absorption and scattering are light
phenomena that occur when light is shined through a medium. Absorption refers to a
decrease in intensity of light as it travels a certain path distance (x) as shown by equation
1.1.

[(x) = [,e Ha* (1.2)
I(x) is the intensity of light after it has travelled distance x. lo is the initial intensity of light
and pa is the absorption coefficient. Major causes of absorption in biological tissue come
from hemoglobin, melanin, and water.?® Figure 1.5 shows oxy- and deoxy-hemoglobin

absorption spectrum in the near-infrared range.
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Figure 1.5 The molar extinction coefficients for oxyhemoglobin (HbO2) and deoxy-
hemoglobin (Hb) for light in the near infrared range.?®

Scattering is when light changes direction due to some obstacle or media of
different optical properties. The scattering coefficient us is the probability that a photon
will scatter per unit length. Beer’s law describes the probability of transmittance (T)
through distance x (Equation 1.2).

T(x) = e Hs* (1.2)

Scattering in biological tissue usually occurs when light interacts with structures such as
nuclei.?®
1.5.2 Optical Imaging Systems

After understanding light interaction in biological tissue, optical systems can be
developed to capture this phenomenon. There are three types of optical systems: time
domain (TD), frequency domain (FD), and continuous wave (CW). Table 1.4 shows a

summary of the different optical systems.
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Table 1.4 Summary of types optical systems.?®

Type of Imaging  Source Light Detection Design
System

Information-rich but slow

Time Domain Impulse Photon counter DAQ and most expensive
, Amplitude- Amplitude a_md Faster and less
Frequency Domain phase of emitted :
modulated light expensive than TD.
. Fast DAQ
SO N DC Amplitude Dynamic imaging

(Steady State) Least Expensive

TD systems work by sending short light pulses through a medium and detecting
the light as a function of time using a photon counter.?® 3% 31 The resulting signal has a
lower peak amplitude and has a broader curve than the input signal. The peak of the
detected signal yields information about the path length of the light. A highly scattering
medium would have a later peak due to the longer path length. The decreasing slope of
the signal gives information about the absorption of the medium. A sharper slope would
mean higher absorption.*

FD systems use lasers that modulate light in the 100-1000 MHz range. The system
detects the amplitude and the phase shift of the signal, which can be used to determine
absorption and scatter. The same information as TD systems is acquired, but FD systems
cost much less.28 3031

Last, CW systems use unmodulated or low modulated (<10 kHz) light that detects
only the amplitude of the signal. Some of the advantages are that these systems are low
cost and can be used for dynamic imaging.?® 3% 31 However, it is difficult to distinguish

absorption from scattering effects by using this approach.3!
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Table 1.5 Summary of clinical optical breast imagers.

3 frequency-encoded
Tomographic optical lasers
breast imaging Cor:;g:;s e 1st CW - Galvo scanner ?1?7? %’;0 ?#1)
Boas® system. between - 110 points (200ms 32 APD ’ 45 s for more
MGH Combined Optical and source (20 cm per point) than
Mammography; x 18 cm) and ond CW 26 frequency-encoded 685 nm, 830 one source scan
X-ray used for mesh lasers nm
eneration BB (AT 685 nm, 830
g FD 40 8 APD e 70 MHz
1stsystem: 12 8 ‘;i;?r"e' 780 Tan 830 - 50 MHz 5to 8 minutes
Zhu® Combined US and Handheld D - - 140 MHz for 10 to 20 data
UConn Optical system probe 2nd system: 9 10 Sl‘a?”el 68{)0:1?:1},/[)7%0 - 350 MHz sets a; i‘:;\elesion
nm 830 nm
661nm measurement
752 nm with 6
34 . : open breast :
Pogue Combined Optics and coil inside FD 16 (6 laser diodes) 15 parallel 785 nm, 100 MHz wavelengths
(Dartmouth) MRI system PMT 805 nm, takes
the MRI .
829 nm, approximately 4
849 nm min
672 nm, 800
7 amplitude- . nm, 806 nm, 251 modulation
8—12 min (for 852 nm, :

Handheld FD modulated one breast) 896 nm. 913 frequencies from 20 |
an e_ diode lasers ' 100 to 700 MHz S per sample
probe; nm, and 978 (30 s for

35 . source to nm FD and 10 s for
-I(-{J%n}?\ﬁ;%) Comblngdslt:eDmand cw detector: fiber-coupled Cw);
¥ 21.5mm (FD) spectrograph Take 20 minutes
and 24mm with a linear to 1 hours to
(Cw) Ccw 150-W halogen lamp CCD 650-1000 nm image
detector from
525 to 1155
nm
45 sources (4 laser 3 x 3 grid 690 nm, 750
FD diodes); (FD and CW- nm, 786 nm, 70 MHz
arallel-plate
P (“sligﬁt 9 x 5 grid pattern mode) and 830 nm
36 - 8-12 min (for
el FD and CW system e eElen) lens-coupled one breast)
(UPenn) Y built-in 45 sources (2 laser 16-bit C‘():D 650 nm. 905
Intralid/Ink fluid CW diodes); ’
tank 9 x 5 grid pattern camera_(41 X nm
24 grid)
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Table 1.5 shows a summary of clinical optical imagers from several optical imaging

groups that are investigating breast cancer in the clinical setting. As for the groups led

by Boas, Zhu, and Pogue, they combine traditional imaging modalities with optical

imaging (MG, US, and MRI).%23* Tromberg’s system is a DOS system that has one

source and one detector. The DOS system is used to create line scans of the tumor

region, which can be used to create 2D surface maps of optical parameters.®® Last,

Yodh’s group does DOT imaging with a parallel plate design and is capable of creating

3D tomographic images.=®

1.5.3 Iterative Image Reconstruction Algorithm

Experiment Initial Guess
Measurement Forward Model |e——
Data (&™) (®°)
NEdrror New Guess:
i=1 Parameters
Yes l No
Final 1.2 >
Image < Tolerance.|)( i1 — X n| < threshold

Figure 1.6 Flow diagram of the optimization algorithm for the inverse problem.3°
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After the data has been collected the images are reconstructed. The first
component of the image reconstruction algorithm is the initial guess, which is an estimate
of the spatial parameters of ya and us (see Figure 1.6). The forward model is run to predict
how light will travel through the medium with the parameters from the initial guess. From
there the prediction model is compared to the experimental data and the error between
these two measurements is found. If the error is not below a certain threshold the optical
parameters are changed and updated and the forward model run again. The updating
phase of the algorithm takes place until the predicted model and experimental
measurements are less than a designated threshold in which the final image is
presented.3°
1.5.4 Light Propagation Models

In order to run the iterative scheme, there needs to be a forward model in place.
The forward model is the light propagation model that predicts how light will travel through
a medium of certain optical properties. The most basic form of light propagation through

a medium is the radiative transform equation (RTE) and is seen in equation 1.4.

R0 = —§-VO(F,3,0) — e ®(F,5,0) + iy [, 75, 0Op(8' - $)dQ +SF 5D (1.3)

The spectral radiance, @, is the energy rate per area per solid angle (W m=2 sr).
The spectral radiance is terms of position (r), the unit direction vector (s), and time (t).
The source term is denoted by S and p: is the summation of yaand ps’. The function S is
the spectral radiance of the source. The function, p, is the probability that light will
probability of photons scattering from $;,, to s,,,; and is defined by the Henyey-Greenstein

phase function:

1 1-g2
41 (1+g2%-2gcos0)2/3

p(gin ' §out) = (1-4)
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where g is anisotropy. Anisotropy can range from -1 to 1 with a value of zero would
indicate isotropy. For most biological tissue g=0.9, which indicates that the medium is
highly forward scattering.

However, for light modelling in biological tissue such as breast tissue the diffusion
approximation is used since the medium is highly scattering. The diffusion approximation
is derived from the RTE. To obtain the diffusion approximation there are a two of
assumptions made:

1. The medium is nearly isotropic
2. Ma<<Us.

After extensive derivation the diffusion approximation is:

HEDL 4 I (7,8) = V- [DVIGF, )] = S, £) (1.5)

If we are concerned with steady state where &;—i‘t) = 0 then the diffusion approximation

is:
uI (7, t) = V- [DVI(#, t)] = q(7, t) (1.6)

where | is the intensity (W m) and can also be defined as:
I#t) = [, ®,3,t)dQ (1.7)
Since | has no dependency on angle, the light is isotropic. The source term expressed

as an intensity is g. D is the diffusion coefficient and is calculated using:

1
"~ 3(uatul)

(1.8)
In a discretized space, each unit (voxel) has designated optical properties (Ha, Us’)
for each wavelength being observed. When the reconstruction algorithm updates, it is

updating the optical properties of each unit to closer mimic the optical properties from the

imaged volume. After the updating the optical properties, this information is used again
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to determine how the light travels through the medium and what the intensity will be on
the surface of the medium where the measurements take place. Therefore, optical
properties such as pa, Js, and D are vectors that denote value for each voxel. Essentially,
the reconstruction will develop a three-dimensional map of the optical properties.
1.5.5 Chromophore Concentration

After the optical properties are determined using the reconstruction algorithm, the
concentration of a chromophore can be found using Beer-Lamberts Law, which is defined
as:

ua(D) = T, elC; (1.9)

where A is the wavelength being employed, € is the extinction coefficient, and C denotes

the concentration.?8

1.6 DOT Breast Imaging

DOT uses optical transmission measurements with non-ionizing, low-intensity
near-infrared light to generate three-dimensional maps of various tissue parameters.
Optical property contrast from endogenous chromophores can distinguish malignant from
normal tissue® 37-3° For example, it has been reported that total hemoglobin (HbT)
levels, which relate to tumor blood vessel density, are double those in benign breast
lesions?®; and vascular changes precede measurable structural changes in mouse
models.?’

In a systematic review, Leff et. al. looked at several studies that involved 2,000
women in total and found that about 85% of tumors were detectable by using optical

techniques. They determined that hemoglobin concentration and oxygen saturation were
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the two important factors for determining breast disease. Combining the studies they
found that the average [HbT] for malignant disease was 6535 ymol/l and SO>% was
661+24%. For fibroadenomas the average was 54+13 pmol/l and 69 + 3% for [HbT] and
S0O2%, respectively. In healthy tissue, [HbT] was 21 + 6 ymol/l and SO,% was 68 + 5.3¢
The [HbT] for malignant disease were much higher than healthy tissue, while SO2% had
similar levels. However, there are still some difficulties at distinguishing between
malignant and benign tumors. The best results for tumor differentiation seem to be with

FD systems with US or MRI components.3!
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Figure 1.7 Statistical analysis of the differences in A[Hb]% between healthy (n = 6),
benign (n = 8), and tumor-bearing (n =14) breasts 15 seconds after the end of a breath-
hold. (a) Mean value and standard deviations of the average A[Hb]% in a 1-cm-sphere
around the point of peak hemoglobin change. #°

In a previous study, our group at Columbia University used dynamic diffuse optical
tomography (DOT) imaging to observe the hemodynamics of different tumors to
determine if a subject had a benign or malignant tumor, or was healthy. The contrast
mechanism that was used for the pilot and current study was a simple breath hold. When

a subject holds their breath there is an increase in intrathoracic pressure, which

decreases the venous return of blood to the heart. Hence, there is an increase in blood
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volume in the breast and when the subject breathes normally the blood volume returns to
normal. The quantified hemodynamic time traces showed variation between the healthy
and tumor bearing breasts of a subject compared to that of a healthy subject who showed
similar traces for both breast. Additionally, there were slower recovery times for the
tumor-bearing breast and higher A[Hb]% at the 15 second post breath hold image as

seen in Figure 1.7 4°

1.7 Monitoring Neoadjuvant Chemotherapy
1.7.1Monitoring NACT using Traditional Imaging

NACT is widely applied as standard treatment for patients with newly diagnosed
operable invasive BC.#! The goal of NACT is shrink the breast tumor as much as possible
before surgical intervention. In this way an inoperable cancer may become operable, or
an operable cancer can be converted from mastectomy to breast conserving therapy.
Ideally a pathological complete response (pCR), meaning the complete disappearance of
the tumor before surgery, is achieved. Studies have shown that patients with a pCR have
a 90-95% five-year survival rate, while five-year survival rates for patients with no pCR
are typically below 80%.4? Depending upon the exact definition, pCR is achieved in only
15-40% of women. Recent studies have shown that changing therapy in patients that do
not show an early response may benefit from a change in treatment regimen.%-4’
Therefore, it would be highly desirable to reliably determine who will and will not respond
to NACT early in the treatment.3 48

Most NACT monitoring studies have concentrated on baseline and pre-surgical

imaging to observe any residual cancer and estimate the size of the remaining tumor.
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This is more or less for surgical planning purposes to assist physicians on whether breast
conserving surgery is the best option or preform a full mastectomy. The goal is to predict
which patients received a pathological complete response and prevent surgery all
together. However, none of the traditional methods, such as clinical exam (CE), MG, and
US seem to be accurate enough to estimate the pathological response or size of the
residual tumor.2 4954 Some imaging studies have shown that MRI is more accurate than
other imaging methods®® 52, yet other studies have seen little difference or have not been
able to reliable predict response.? 53 A meta-analysis of forty-four studies with 2050
patients showed the MRI had a higher accuracy than CE or MG, but no difference
between MRI and US. The median sensitivity from the meta-analysis for MRI was 92%
and the median specificity was 60%.%*

Croshaw et. al. combined retrospective data with 6 other studies to determine the
efficacy of CE, MG, US, and MRI, as seen in Table 1.6. US has the best sensitivity of all
the imaging modalities, but consequently the lowest specificity, which was the result of
the highest number of false positives. CE had the lowest sensitivity at 50% but the highest
specificity of 82%. Last, MRI showed the highest accuracy when determining pCR.>3

Table 1.6 Results of Data Synthesis to Predict Tumor Response.>?

CE Digital MG us MRI
Total Patients 259 255 301 230
Sensitivity 50% 81% 90% 86%
Specificity 82% 48% 33% 79%
Accuracy 57% 74% 79% 84%

One study did imaging at the mid-treatment time point to see if tumor response to
NACT could be predicted before surgery. When predicting the response of the tumor at
the mid-time point the accuracy of CE, MG, US, and MRI was 58%, 56%, 63%, and 67%,

respectively.>! Not only do none of these methods seem better than the others including
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CE, but also none of these methods have a high enough accuracy to be clinically useful
in predicting response at the mid-time point.
1.7.2 Optical Tomographic Imaging for Neoadjuvant Chemotherapy

Although there have been several tumor diagnosis Ol and DOT studies?>: 26: 36 55,
% including our own?® that show promising results, the technology has found a niche in
NACT monitoring.®  Since traditional method lack the accuracy or the feasibility for
treatment monitoring or predicting response, DOT has emerged as a promising novel
imaging modality for this important application

There are several advantages to using optical imaging (Ol) to monitor breast tumor
response over conventional imaging techniques. For example, Ol using non-ionizing light
sources that allow for multiple imaging session within a short period of time. Therefore,
measurements can be taken a few weeks to a few days apart from each other with no
adverse effect. Ol is also sensitive to parameters that change over the course of
treatment, such as tissue vascularity or hypoxia.> 4 Several studies have shown that
there is a change in optical properties over time during the course of neoadjuvant
chemotherapy. 48 5760 The purpose of these monitoring studies is to determine early
within the treatment whether the patient will respond to the therapy or not. Therefore,
more personalized treatments could be developed to optimize the patient outcome of
those who do not respond. 348

Some studies have demonstrated that there is a decrease in total hemoglobin
concentrations ([HbT]) time for subjects that had received a pathological complete
response (pCR) or near-pCR.>"%8 Another study using spectroscopic methods examined

34 women and found significant difference mid-treatment time point between pCR and
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non-pCR subjects where the pCR subjects had a larger decrease in normalized
deoxyhemoglobin concentrations ([Hb]).>® Additionally, the same group was able to
predict tumor response to NACT using the baseline measurements and determined that
oxygen saturation was higher in patients that were going to receive a pCR.%°

Since optical imaging has been shown to predict tumor response we performed a

clinical study monitoring tumor response using our dynamic optical imaging system.

1.8 Overview of this Thesis

This work aimed to employ an existing dynamic diffuse optical imaging system to
image breast cancer patients undergoing NACT. For the study, two different types of
data were collected: static data (single 3D image) and dynamic data (3D movies). The
goal was to find imaging biomarkers that could be used to accurately predict treatment
response of the patient as early as two weeks after treatment initiation. Currently
physicians need to wait until the 5 months of NACT has been completed and the patient
had undergone surgery, to find out if a patient had a good response to treatment. If not,
it is often too late to start a new therapy. With non-invasive, non-ionizing DOT imaging
we may be able to determine within weeks of treatment if the tumor will disappear in 5
months; giving the physician and patient new options in therapy before expensive drugs

with considerable side effects have been used for month.
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Chapter 2: Study Design

2.1 Introduction

Neoadjuvant chemotherapy (NACT) is widely applied as standard treatment for
patients with newly diagnosed operable invasive BC.4* The goal of NACT is to shrink
the size of the breast tumor as much as possible before surgical intervention. In this way
an inoperable tumor may become operable, or breast conserving surgery can be
performed instead of a mastectomy. The best outcome would be a pathological complete
response (pCR), in which there is no residual cancer after treatment. Studies have shown
that patients with a pCR have a 90-95% five-year survival rate, while five-year survival
rates for patients with no pCR are typically below 80%.4’ Depending upon the exact
definition, pCR is achieved in only 15-40% of women. Recent studies have shown that
changing therapy in patients that do not show an early response may benefit from a
change in treatment regimen.***” Therefore, it would be highly desirable to reliably
determine early in the treatment, who will and will not respond to NACT.3 48

Our NACT monitoring study consists of imaging 40 women at six different time points
during their treatment. We have hypothesized that DOT imaging can determine early
within treatment whether the patient will or will not have a pathological response to the
chemotherapy. For this chapter, we provide the methods and overview of the clinical pilot

study.

2.2 Clinical Study Overview

2.2.1 Patient Recruitment and Treatment
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The study was approved by The Columbia University Institutional Review Board
and is HIPPA compliant. Written consent was obtained by each subject. Women over
the age of 18 who were diagnosed with stage Il or stage Ill breast cancer and were to
undergo NACT were eligible for the study. The primary tumor had to be at least 1 cm in
diameter and women with metastases were not eligible. Each patient receives twelve
weekly treatments of Paclitaxel followed by four cycles of doxorubicin and
cyclophosphamide (AC) given every other week. There are six DOT imaging time points:

baseline, cycle 3 and 5 of Paclitaxel, before AC, cycle 1 and 2 of AC, and before surgery

(Fig 2.1).
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Figure 2.1 Timeline for subject treatment and imaging.

These imaging time points were chosen for two reasons. First, we wanted to study
tumor progression as a patient received chemotherapy throughout the entire course of
treatment. Second, we wanted to observe if there are time points during chemotherapy
that can be used to predict the overall pathological response of the subject. Imaging time
points were selected close to the beginning of treatment and at points when the

chemotherapy agents were changed. This was designed so that we could observe the
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beginning of each treatment to analyze early effects. Response to treatment was based
on histology performed after surgery.
2.2.2 Baseline Biomarker

Before the beginning of treatment, diagnostic biopsies for each patient were tested
for specific biomarkers that may assist in determining optimal treatment. Current clinical
care for breast cancer patients include determining biomarkers, such as estrogen
receptor (ER), progesterone receptors (PR), and amplification of HER-2/neu (HER2),as
well as, a widely used test of Ki67 staining.

ER and PR are hormone receptors and are used to predict the response to anti-
estrogen therapy.5? Specifically, ER-a, an isoform of ER, is responsible for mammary
gland development and tumorigenesis.®? Positive ER and PR statuses have a fairly good
clinical prognosis, while negative ER and PR status have a poor prognosis. HERZ2 is an
oncogene, which is linked to negative ER/PR status. HER?Z is also part of the standard
work-up on newly diagnosed patients. Amplification of HER2 is associated with a poor
prognosis.® Another biomarker we observe for this study is Ki67, which is a measure of
cell proliferation in the cancer. This is a widely used biomarker that has been used to
predict response to chemotherapy. 6

There has been sufficient evidence to support that the pathologic response
predicts improved clinical outcome in specific BC subtypes, such as triple negative BCs
(negative for ER, PR, and HER2).53 Therefore, combining these biomarkers with optical
imaging features may increase the accuracy of our prediction models to help determine
the pathological response to treatment before surgery.

2.2.3 Clinical Exam Measurements
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Before each cycle of chemotherapy, patients would receive clinical exams and
have their tumors measured extrinsically, by use of calibers. The maximum dimension of
the tumor was used for analysis. The clinical measurements were taken to give the
physicians an indication of how well the patient was doing without using any imaging or
biopsy techniques. We used this information to compare to our DOT measurements to
conclude if DOT can perform better than these standardized clinical measurements.
2.2.4 Residual Cancer Burden

At the end of the treatment breast cancer surgery was performed and any
remaining tumor mass was removed and evaluated by histopathology. For each person
the residual cancer burden (RCB) score was calculated. The RCB score takes into
account the size and proportion of the residual primary tumor and number and diameter
of residual lymph nodes.%3

The following formula is used to calculate the RCB score:

0.17

RCB = 14(finpdprim)  + [4(1 — 0.75"¥)d ;17 (2.1)
where finy is the proportion of the primary tumor bed that contains invasive
carcinoma, LN is the number of axillary lymph nodes that contain cancer, d are the

dimensional measurements of the primary (dprim) Or metastatic cancer in the lymph node

(dmet). The primary tumor dimension was determined by using the two largest dimension

and calculating: d,,iq, = +/d1d,.
The RCB score is a score given on a continuous scale, but then can be further
binned into classes. A person was considered a pathologically complete responder (pCR)

if the RCB < 0.5 (RCB-0). A patient with RCB > 3.28 (RCB-IIl) was considered a non-
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responder. For values in between patients were classified as partial responders (RCB-I
for 0.5< RCB<1.36, and RCB-II for 1.36< RCB<3.28).%

Both pCR and RCB have been identified as surrogate endpoints for clinical
outcome, as pathologic response (i.e. pCR or low RCB) associate with a favorable
prognosis including longer disease free survival and overall survival.?* 6365 Yet,
pathologic response rates are low. In a pooled analysis of over 6,000 patients
administered neoadjuvant anthracycline-taxanes, pCR was achieved in only 15% in all
BC subtypes. “Responders” as determined by a RCB score of 0 or 1, occur in
approximately 40% of patients with BC after NACT, with “non-responders” (RCB = 2 or
3) identified in about 60%. RCB independently predicts for distant BC relapse-free-
survival in multivariate models that include pCR.%* Recent NACT guidelines recommend
routinely checking RCB.5®

For the NACT monitoring study, we used the RCB score and RCB class as an
endpoint to compare with our DOT features. Our goal was to correlate the RCB score

with our DOT features and to also predict pCR.

2.3 Overview of DOT Imaging
2.3.1 Instrumentation and Patient Interface

To image subjects we used a custom built digital dynamic DOT system. Our current
breast DOT system is a continuous wave dynamic imaging system that emits four
wavelengths. Two of the wavelengths (765 and 808 nm) are modulated at 5 kHz, and the
other wavelengths (827 and 905 nm) are modulated at 7 kHz. Modulated light sources

were used to implement a lock-in detection system to reduce noise.?? 66
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Due to the large geometries that are being imaged, the signals received by the
detection unit vary greatly. To combat this problem, the imaging system was designed to
have a large dynamic range (~120 dB). Each source detector pair is allocated a gain
setting that gives the acquired signal the optimal signal to noise ratio (SNR) without
saturation. The gain settings determine how much amplification is necessary for the
signal from each source-detector pair.

Table 2.1 Summary of DOT breast imager parameters.?2

Parameter Value
Sources 32 per breast, 64 total
Detectors 64 per breast, 128 total

~5mW at 765 nm,

Wavelengths 808 nm.827 nm, 905 nm

Temporal Response 1.7Hz-111 Hz
Dynamic Range ~ 108 (158 dB)

System Size 104 cm x 79 cm x 66 cm
Power Consumption 3.5 Amps @ 120 V AC

There are a total of 64 sources and 128 detectors (see Table 2.1). The patient interface
is comprised of two sets of four concentric rings that hold the source and detector fibers
in place, and can be adjusted to accommodate different breast sizes. Each set of the
rings holds a total of 64 fibers in which all fibers are detectors, but half are collocated
sources. Fibers are placed in a source-detector-source-detector pattern around each
ring. There are four rings that vary in size with a diameter of 4, 8, 12, and 16 cm and hold
8, 12, 16, and 28 fibers, respectively. The angle between the fibers also changes as the
size of the rings increase (60°, 45°, 30°, 15°) to assure fibers are normal to the tissue and
maximum coverage of the breast is assured. Larger rings can be removed to
accommodate smaller breast sizes. However, frame rate is dependent on the number of

sources and detectors used to image, so if a ring is removed the system images at a
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faster frame rate. We preform 3D imaging of both breasts simultaneously with a frame
rate of 1.7 Hz when all sources and detectors are used.??> The fast acquisition time allows
us to view hemodynamic changes that occur due to stimuli such as a breath hold (~30

sec).

Figure 2.2 Image of the DOT breast imager with translating ring interface.

Our DOT system is capable of dynamic imaging of both breast simultaneously,
which allows us to compare the healthy and tumor bearing breasts. There is no
compression or extrinsic contrast agents necessary, which allows for more comfortable
imaging experience for the patient. Also, the system has a fairly quick acquisition time
which allows us to acquire about 1000 frames within 8-10 minutes.

2.3.2 Patient Imaging

The height of each ring was adjusted for each subject to assure that all of the
optical fibers made contact with the tissue. The subject placed her breasts inside the
translating rings and the gain settings were automatically determined for each source-

detector pair through custom software written in LabView. The gain settings determine
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how much amplification is necessary for the signal from each source-detector pair. After
optimizing the gain settings for the subject, imaging began with a baseline measurement
of about 2 minutes in which the patient remained stationary. Next, the patient was
instructed to hold their breath for thirty seconds, and then was given about 90 seconds of
recovery time. Each patient performed two to three breath holds, and the total imaging
time was around 8 minutes (Figure 4). Once the subject imaging was done and she was
removed from the imaging probe, a reference solution was imaged for about a minute.
The reference solution was composed of 20 % Intralipid and 1% India ink, which was

diluted to have similar optical properties as breast tissue.

Subject

. Baseline BH Recovery BH Recovery BH Recovery Reference
Imaging

Time(min) 0 05 10 15 20 25 30 35 40 45 50 55 60 65 70 75 0 05 10

Data

Static Image Baseline for Dynamic Referencefor Static

Selection Dynamic  Images Image
Images

Figure 2.3 Timeline for subject imaging and an example of how data is selected to
reconstruct images. Baseline refers to the period of time that the subject remains
stationary. Subjects perform three breath holds (BH) for about 30 seconds and given 90
seconds to recover. Reference solution is imaged for one minute after the subject
imaging is over.

The acquired data was reconstructed to create both static and dynamic images.
Static images were reconstructed from the measurements acquired during the subject’s
baseline imaging and the reference solution imaging. By using a reference solution of
known optical properties, static 3D images of oxy-hemoglobin concentration, deoxy-
hemoglobin concentration, and water fraction were made. To create the dynamic images,

one of the breath holds was selected for reconstruction. The baseline measurement for

the dynamic images were taken 30 seconds before the patient began holding their breath
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and was used to calculate percent change of oxy-hemoglobin and deoxy-hemoglobin
concentrations for the duration of the breath hold, as well as, 30 seconds of the recovery
time. About one dynamic image per second was reconstructed so that the hemodynamic
effect of the subject’s breath hold could be analyzed.

Other studies have used the Valsalva maneuver, mechanical compression, or
contrast agent, such as ICG to observe hemodynamic effects of breast tumors®” 8,
However, these pose a couple of challenges. One group needed to exclude a third of
their subject population due to motion artifact caused by the Valsalva maneuver®. This
maneuver requires to breathe out for a certain length of time which could cause motion
issues during imaging. However, with the breath hold, the subject is not constantly
moving during the imaging. Additionally, there is no extrinsic contrast agent that could
cause some discomfort to the patient.

2.3.3 Mesh Construction
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Figure 2.4 Computer rendering of translating ring interface. The location of each source
and detector is known, as well as, the distance between rings. This information can be
used directly to create 3-dimensional meshes for reconstructions.

Meshes for image reconstructions were created using the geometry of the rings
and known locations of each source and detector (Fig 2.4). Therefore, meshes were
generated custom made for each individual subject, which improves the accuracy of the

reconstructed image. The meshes extend 2 cm past the largest ring to account for the
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effects that the chest wall might have on the reconstruction. Meshes contained
approximately 60,000 to 70,000 elements.

Meshes are 3-dimensional volumes that are segmented into voxels. Each of the
voxels are an unknown to which the reconstruction algorithm assigned a value (i.e. pa, Us,
etc.). The meshes are also used to predict how light travels through the medium that has
been assigned specific optical parameters. Mesh generation is an essential step in
reconstructing optical images, since the distance between the source and detector are
one of the key factors for predicting how light travels through the medium. Additionally,
the meshes are used to compile the final 3D DOT image.

2.3.4 Reconstructions

The imaging data was pre-processed and reconstructed to yield 3-dimensional
images and movies of the whole breast. A PDE-constrained multispectral imaging
method that uses the diffusion approximation as a model for light propagation.®® Static
and dynamic reconstructions were performed on previously developed codes within the
lab. More detail about the specifics of the reconstruction algorithms can be found in
chapters 3 and 4. Otherwise, optimization schemes similar to the reconstruction

algorithm structure explained in Chapter 1 were utilized.

2.4 Statistics
2.4.1 Standard Statistics

The mean and standard deviation were determined for each of the previously
described features. One way ANOVAs were performed for comparison of more than two

groups. Otherwise, two-way unpaired student t-tests between designated groups was
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performed. Linear regressions of the RCB score versus different DOT features in which
the correlation coefficient and p-value were determined.
2.4.2 Sensitivity Analysis

Classifier performance can be determined with the help of a confusion matrix. A
confusion matrix displays how many of a given population was predicted correctly for a
particular feature being observed (i.e. how many women were correctly diagnosed with

breast cancer using x-ray mammography). Figure 2.5 shows how the confusion matrix is

constructed.
True Class
Positive Negative
u E True Positive False Positive
(0]
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Figure 2.5 A template for a confusion matrix.”

Subijects are classified based on an experimental feature (hypothesized class), but
are compared to a gold standard of diagnoses (True Class). Using our previous example,
a true positive would be a subject that had breast cancer and was classified as having
breast cancer. A true negative would be a subject that did not have breast cancer and
was correctly classified as have no breast cancer. A false positive (FP) or false negative
(FN) were subjects that were not classified correctly. The sensitivity and specificity of the

confusion matrix are determined using:
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Sensitivity = g—P (2.2)
D

Specificity = — (2.3)

TN
Np
where TP and TN are the number of subjects that were true positive and true negative,
respectively. Pp were the number of positively diagnosed subjects and Np were the

number of negatively diagnosed subjects. The accuracy is determined by equation 2.4.

Accuracy = ;PiN (2.4)
D D

Additionally the positive predictive value (PPV) and negative predictive value (NPV) can

be calculated using:

prv =" (2.5)
PT

nNpy =X (2.6)
Nt

where Pt is the number of subjects that were classified positive and Nt were the number

of subjects tested negative.
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Figure 2.6 Examples of ROC curves with the sensitivity and specificity at the Youden
index. Anideal ROC curve with an area under the curve (AUC) of 1 (A), a standard ROC
curve with an AUC of 0.85, and a very poor ROC curve with an AUC of 0.56 (C).

Receiver operating curves (ROC) compare the specificity and sensitivity of a

diagnosis test and are efficient at determining the efficiency of classification techniques.
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The sensitivity and specificity of several threshold values within a given feature are tested
and the threshold that has the maximum value to the equation 1-(Sensitivity + Specificity)
is considered the Youden index, which is the optimal cutoff point for the classifier. The
area under the curve of the ROC can be determined. An AUC of 1 is ideal for a classifier
(Fig 2.6A). Examples of ROC can be seen in Figure 2.6 in which there are different AUCs
and the location of the Youden index are identified with the corresponding sensitivity and
specificity.

Thus, the sensitivity, specificity, accuracy, positive predictive value (PPV), and
negative predictive value (NPV) were determined from the Youden index of the ROC
curve. The sensitivity within this thesis denotes the percentage of the more responsive
group that was diagnosed correctly. Conversely, the specificity denotes the percentage
of subjects in the least responsive group that were categorized correctly.

Univariate and multivariate discriminant analysis with cross-validation was also
employed and described in Chapter 7.

2.5 Summary of Subject Population

Table 2.2 Subject summary and pathologies.
Avg + Stdev Range
Age (Years) 49 +£12 (29-73)
BMI 29.8+6.0 (18.3-44)
Tumor Size (cm) 44+27 (1.1-12)

Menopausal State
Number of Subjects

Cancer Type

Pre-Menopausal
20

Invasive Ductal Invasive

Post-Menopausal
16

Mixed Ductal &

Lobular Lobular
Number of Subjects 32 4 1
RCB Score RCBO RCB | RCB I RCB I
Number of Subjects (Percent of | 14 (38.9%) 2 (5.5%) 14 (38.9%) 6 (16.7%)

subject population)
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There were forty women recruited and imaged for the study with four subjects
being excluded due to drop outs or machine malfunctions. Four patients were excluded.
One patient completely stopped NACT after the first imaging. For 2 subjects,
instrumentation failure during the imaging session resulted in corrupted data sets that
could not be used. Finally, one subject opted to receive radiation therapy in addition to
the traditional NACT therapy and therefore was removed from the analysis.

Table 2.3 Number of subjects in each response category for each week.
# of Subjects Baseline Week?2 Week4 Week OAC Week 2AC  Pre-surgical

RCBO | 14 13 12 10 11 7
RCBI | 2 2 2 2 2 2

RCBII | 14 13 14 13 12 11

RCBI | 6 6 6 6 6 6
Total | 36 34 34 31 31 26

* Subject imaged during week 3 instead of week 2 (1 RCB 0 subject and 2 RCB |l subjects)
** Two subjects imaged at third AC cycle instead of the second cycle.

As seen in Table 1, the average age of the women was 49 + 12 in which the
youngest woman was 29 and the oldest was 73. The average body mass index (BMI)
was 29.8 + 6.0. There were 20 pre-menopausal subjects and 16 post-menopausal
women. Most women had invasive ductal carcinoma (32 subjects). There were four
women with invasive lobular carcinoma and one subject with mixed ductal and lobular.
In the discrete scale of RCB score, 14 subjects had an RCB of 0 (pCR), 2 subjects had
an RCB of |, 14 subjects had an RCB score of I, and 6 subjects had an RCB of Ill. Not
all subjects were imaged at every time point. Table 2 shows a summary of the number

of subjects that were included in the analysis for each week for each response group.

2.6 Novelty and Uniqueness of Current Study
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The current study has several features that make it unique. First, our imaging
system solely operates as an optical system. There have been studies of dual-imaging
systems that combine near-infrared imaging with US, MG, and MRI.?5 26. 58, 71-75 The
advantage is that commonly used imaging modalities that physicians are comfortable
using are being used the combined information that near-infrared imaging has to offer.
However, when it comes to treatment monitoring these imaging modalities lack the
versatility or efficacy thatis needed to image patients multiple times safely at a reasonable
cost. DOT uses non-ionizing light sources that allow for multiple imaging session within
a short period of time. Therefore, unlike x-ray imaging, frequent DOT measurements can
be performed without adverse effect. DOT is also sensitive to parameters that change
over the course of treatment, such as tissue vascularity or hypoxia.3 48

There are several facets that make our current study unique to other imaging
studies that have been published.?6: 57 59 7281 First, all subject receive the same
chemotherapy regimen. Other chemotherapy studies have subjects on different
chemotherapy regimens, which could lead to different responses and thus make
predicting the response to certain treatments difficult. Second, we have six imaging time
points spaced throughout the treatment with imaging concentrated towards the beginning
of treatment and after switching chemotherapy agents. We have recruited 40 subjects
and analyzed 36 subjects, which is one of the larger optical studies performed to date.

Most importantly we are collecting both static and dynamic information which could
lead to a more complete picture of what the tumor progression is under the treatment
circumstances. We can possibly use these two pieces of information to accurately

monitor the tumor or possibly predict the response early within the treatment.
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2.7 Conclusion

We have designed a study that allows for the collection and analysis of multiple
facets of tumor progression throughout NACT. Through the use of a versatile dynamic
DOT imaging system, we have collected static and dynamic optical information. For the
remainder of this thesis, | present how this information was processed and analyzed, as

well as, the overall results we have found from this longitudinal pilot study.
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Chapter 3: Static Data Processing

3.1 Introduction

Since DOT is sensitive to hemoglobin concentrations, it is capable of
characterizing changes in vascular structures and blood perfusion in tissue. Several
studies have shown that there is a change in optical properties over time during the course
of NACT. 26 48 57-60, 7281 \We have used a DOT breast imaging system previously
developed in our group that is capable of acquiring 3D transmission data from both
breasts simultaneously to measure spatially dependent concentrations of [HbO2], [Hb],
[HbT], and water fraction (WF), and oxygen saturation (SO2%) on subjects receiving
NACT. We plan on looking at the percent change from the baseline of these parameters
over time to track tumor progression and to correlate these changes with the pathological

response of the subject.

3.2 Challenges to overcome

Since the DDOT system was set up for dynamic imaging, our previous studies had
focused on the hemodynamics of breast cancer. However, this has been the first study
in which we planned to look at static imaging with the aid of a reference phantom.
Therefore, several adjustments had to be made and techniques developed for the current
data set to obtain accurate static images.

The original code being utilized was a PDE-constrained multispectral imaging
method that uses the diffusion approximation as a model for light propagation. However,
this code would work very well for some patients and pose huge problems for other

patients. There would be large artifacts, false positives in the contralateral breast, and
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indeterminate cancer locations in our original protocol setup. Also, the tumor-bearing
masses would display blobs in the middle of the images which would be caused the by
regularization within the reconstruction algorithm. Regularization was kept constant for
all patients but would have needed to be changed base on mesh size. There is no method
of determining this efficiently.

Once we switched to the DCT reconstruction method, the artifacts at the surface
of the images became clearer. As a result, there needed some method of artifact removal
incorporated into the pre-processing stage. We also added a method for determining the
initial conditions for each reconstruction. Last, there was no protocol put in place for the

guantification of the images, so a new method had to be developed.

3.3 Pre-processing
3.3.1 Overview

Figure 3.1 shows an overview of the pre-processing protocol. First, 30 seconds of
the raw data are averaged for the patient and reference measurement and saved to text
files. There is no additional pre-processing methods performed on the raw data.

Next the forward model was run and the input and setup files were created. The

input files are the calculated data using the following equation:

A
A _ Miar pa
Ztar = Maar Pref (3-1)
ref

where M. is the subject measurement for a specific wavelength, Mﬁef is the reference
measurement for a specific wavelength, Pﬂef is the prediction measurement for a specific

wavelength from the forward model, and zZ,,. is the input value for the reconstruction. The
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setup files contain information for the reconstruction including the initial condition. The

evolutionary strategy was run and used to change the initial condition in the setup files.

Patient
Measurement Average / Create Measurement
’ frames from
Reference raw data
Measurement

Files from Raw Data

Run Evolutionary
Strategy

Create Input and
Setup Files

v
v et fle / Run Reconstruction

Initial
Condition

Modify Setup Files
_ v

Figure 3.1 Overview of pre-processing steps to run static reconstructions.

Also, the source-detector (SD) points are analyzed, the poor points are removed,
and the input files are modify to reflect the changes. Last, the reconstruction is run. All
the time points and the left and right breasts are pre-processed and run together. This
saves time and allows all the time point images to be processed the same way.

3.3.2 Evolutionary Strategy

Before utilizing evolution strategies for the static reconstructions all patients were

given the same initial value for the reconstruction algorithm. There has been evidence to

support that the initial value can have a huge impact on the outcome of the inverse
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problem.?® Additionally, the optical properties of breast tissue can vary drastically
according to age or BMI.82 Therefore, there was a need for a more individualistic means
of inputting the initial conditions into the reconstruction algorithms. One simple solution
was to use pre-written evolutionary strategy algorithms to determine an estimate of the

breast tissue properties.

— 1 1
xy = [ag,a3 .., ap]
— 2 2 2
Pe= (Xpe%n)e Where: 2= [af.a3 ., a}]
% = [0}, 0]
First Iteration
Py = (xp X )1

Recombination

X1 X2 X1 X3 X1 Xsn
comb _— 2 .1 2 comb _ 1.3 3 comb _ =n 1 1
xf = [ay,a3, .., a5] %2 = [a1,a5 ..., ap] 55 = [a7™, a3, .., G
Mutation
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Figure 3.2 Evolution Strategy uses an iterative process of recombination, mutation, and
selection of a set of individuals Pk to determine optical properties.

The initial guess for the full tomographic images is predetermined beforehand
using evolutionary strategies. Briefly, evolution strategies uses principles of nature such
as survival of the fittest and heredity to determine the optimal solution for an ill-posed
problem. This is an iterative process that starts with a parent population of
P, = (x4, ..., X5)r Where k is the number of iterations, P is the parent population, x; is one
of the individuals of the population and n is the total number of individuals (Figure 3.2).

Each individual is represented by x; = [ay, ..., a,] Where a; is one of the optical properties

that needs to be solved out of m optical properties.
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The properties of the individual are then recombined with another individual in the
parent population. This then becomes the beginning of the child population that contains
C, = [xcombysomb  xcomb] Afterward a mutation occurs to each property for each of the
individuals in the child population where a}"”‘ = a; +g; - N;(0,1). Sigma represents the
mutation step size of the jth individual and N;(0,1) is a random number from a normalized
distribution. After the mutations are completed the forward model is run and the outcome
is compared to the measurement data taken in the experiment. The objective function
for each child is found and the n lowest objective values are chosen for the new population
for the next iteration. This is repeated until one individual reaches a threshold for the
objective function value.®

The forward model for the ES is based on reflectance measurements and is
dependent on the absorption coefficient (ua), the reduced scattering coefficient (us’), and

source-detector distance (d).

1
1 <ﬂeff+g> exp(_#eff?’l) + (§A+1)(ueff+%) exp(—ueffrz)

R(d)dc = 4_7.[#2 7,12 rzz (32)
where
1 2 EA+1 2
ry = (M—t) +d2  (3.3) n= |(Tr) +a (3.4)
Herr =  3laks (3.5) 1t = Ha T Us (3.6)

where et is the attenuation coefficient, y¢’ is the transport coefficient and A is the internal
reflection parameter that takes into account the reflective index mismatch at the air-tissue

interface.83
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To determine the initial condition of the static reconstruction only a fraction of the
subject data was used in the evolutionary strategy. The patient interface on the DDOT
system has four concentric rings. Only the data acquired from the second ring of the
patient interface was used for the ES method. The second ring was used since this was
the ring that was most likely to have the least trouble making complete contact with the
subject’s breast and therefore, would have the least artifacts so that the ES method would
not be influenced by bad data. In addition, this increases the speed of the ES code by
reconstructing a uniform 2D area instead of a 3D volume.

3.3.3 Data Point Selection

The data point selection method had a number of criteria that needed to be
considered such as:

1. Keeping the same number of data points for the tumor-bearing and healthy breast.
2. Keeping the same number of data points for all time points in the longitudinal study.

3. Identifying and removing irrelevant data points.
4. Automate the removal process.

In many cases, there are sources or detector fibers that were either not calibrated
properly, not making contact with the patient’s skin, or just not working properly. Yet, if
we look at the target measurement divided by the reference measurement, such as in
Figure 3.3, the poor data points can be identified. In Figure 3.3A, there is an example of
the calculated data for all source-detector pairings for a single wavelength. The data
seems to have not observable issues with data, and most likely would not have issue
during reconstruction. However, in Figure 3.3B, there is a whole source and detector that
seems to have very little signal. The aberrant data points would cause a large problem

in the reconstruction as seen in Figure 3.4A.
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Figure 3.3 An example of a non-problematic static data set (left) and a problematic static
data set (right). The magnitude is loglO(Mt"ar/M,"ef). The problematic data set needs
source 12 and detector 24 need to be removed from the reconstruction input.

Figure 3.4 shows the example of a phantom measurement. During the phantom
measurement, source 12 (detector 24) was covered with black material. The source
concurrently acts as a detector. In Figure 3.4A, there is an artifact in the location of the
source-detector location. After the data points that are recorded when the source was
illuminated and the data points of the corresponding detector were removed from the

reconstruction input, the artifact disappeared from the image (Fig. 3.4B).
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Figure 3.4 Coronal slices of the same phantom measurement before (A) and after (B)
source 12 (detector 24) had been removed from the input to the reconstruction algorithm.
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Therefore, we developed a series of criteria to remove poor data points. The
magnitude of the point was calculated by using loglO(Mﬁar/Mﬂef) for each source-

detector pair and was examined by the criteria. A data point was removed from the
reconstruction if they fit under the following criteria:

1. Source-detector points that were greater than Threshold) = P,y + 0 * Psgpey, OF

less than Threshold} = P,,; — 0 * Psipey, Where o is a constant for the degree

vg
above and below the mean (Payg) based on the standard deviation (Pstpev).

2. The median magnitude of the source across all detectors was calculated (S1, S2,
S3...832). All data points for a particular source that had a median greater than
Threshold? = Speqian + B * IQRsourceOr less than Thresholdg = Spegian — B *
1QRs,urce, Where B is a constant for the degree above and below the median base
on the interquartile range (IQR) and Smedan Was the median of set (S1,S2,
S3,...832).

3. The median magnitude of the source across all detectors was calculated (D1, D2,
D3...D32). All data points for a particular detector that had a median greater than
Threshold} = Dpegian + B * IQRpetectorOF l€Ss than Threshold? = Dpegian — B *
IQRpetector» Where B is a constant for the degree above and below the median

base on the interquartile range (IQR) and Dmedian Was the median of set (D1,D2,

D3,...D32).

If more than a third of the detectors for a single source meet criteria 1 then the whole
source is removed from the reconstruction for all wavelengths. If more than a third of the
sources for a single detector meet criteria 1 then the whole source is removed from the

reconstruction for all wavelengths. The corresponding detector to a removed source is
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removed. If a removed detector had a corresponding source, the source is removed. If
the difference in the percentage of data points removed was greater than 7% for any two
imaging time points, then o was decreased by 0.1 until the data removal fit the condition
or the lowest percent difference was found. The algorithm was applied to all the images
of a single patient to assure that they were pre-processed in the same way. Afterwards
the modified input files were used for the reconstruction.

The mean and standard deviation were considered for data points because using the
above thresholds would remove any outliers or near outliers from the average of the data
(criteria 1). The median of each source and detector was found to avoid influences of
single data points that would be removed by criteria 1. Then the outliers of these medians
were used to remove just sources or detectors that were vastly different from the rest of
the sources or detectors (criteria 2&3).

The percent difference was chosen around 7% since there needed to be some
flexibility on the amount of data used per image, but this percent difference still need to
be low. The overall aim was to have a percent difference less than 5%, but for the
algorithm this was increased slightly since 5% was sometimes difficult to achieve. The
percent difference was due to the different source-detector points that would be removed
from the different time points since different sources would pose problems at different
time points. Therefore, the same amount of data removal from each image was extremely
difficult to achieve. If there the same points were removed from each image, the majority
of the data would be removed and could not be used for reconstruction.

The constants o and B were tunable before starting the algorithm. The tunable

parameters were necessary for two reasons. One, not all subjects, would reach the
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percent difference between two images threshold and the initial parameters would need
to be changed. Also, if the parameters were too conservative (i.e. c =2 and = 1.5) the
majority of the data could be removed from the reconstruction, which would yield poor
results. Therefore, the recommended values for the parameters should be 0 >2 and 3 >
1.5. Otherwise, the algorithm would start removing relevant data that statistically would
not count as an outlier.
3.4 Discrete Cosine Transform Reconstructions

The traditional method for optical image reconstructions are element based, which
means the number of unknowns in the problem are the number of elements in the mesh.
However, there are usually less measurements available then unknowns in practical
applications causing a highly ill-posed problem. The element based reconstruction
methods are then sensitive to measurement noise, the initial guess, and the regularization
parameter. The regularization parameter would have to be optimized for each mesh and
since the current experiment involves multiple subjects each with different size meshes,
an efficient method for determine the regularization parameter for multiple meshes was
not possible. As seen in Figure 3.5B, the regularization parameter also caused a blob
formation within the center of the reconstructed image, which made tumor positioning
difficult to determine. Therefore, we changed over to a DCT Reconstruction method for
our static breast reconstructions.

The reduced space basis function neural network method for the DOT image
reconstruction was previously developed in our lab. Briefly, this method uses a basis
function to reduce the solution space, so instead of solving each element which can range

from the 8k to10k elements, the algorithm now solves the basis function, which reduces
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the unknowns to about 1000. The basis function of discrete cosine transformation (DCT)

was used.8

3.5 Static Image Improvement

A Pre—Thnerapy Imaging

PET-CT

us

B Original Code with Regularization [HoO,)
v O 10‘

DCT Code with Evolution Strategy Initial Condutlon

Figure 3.5 Comparisons of traditional imaging methods, DOT images, and improvements
made to the reconstruction scheme. A 47 year old pre-menopausal women who was
diagnosed with poorly differentiated ductal carcinoma with a tumor of about 2 cm located
in the 11 o’clock position 6 cm behind the nipple. (A) Images show pre-therapy images
taken from different modalities. (B) Sagittal (3 cm from center) and coronal slices (6 cm
from nipple) are shown using the original code. (C) Same sagittal and coronal slices as
above, but reconstructed using DCT code with initial condition. All images are baseline
imaging for the tumor-bearing breast (with the exception of PET).

[HDO ]
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We now use a DCT reconstruction algorithm that solves for a set number of DCT
components instead of solving for each individual mesh element. This has eliminated the
need for modifying the regularization parameter, and has increased the speed of
reconstruction. We also started to use an evolution strategy algorithm to determine the
initial condition parameters of the reconstruction. Figure 3.5 shows the how the baseline
imaging for a single patient has changed from the original to the current protocol.

In the pre-therapy images (fig. 3.5A), the tumor is visible in all three images
modalities: US, MG, and PET-CT. The tumor was located in the 11 o’clock position in the
right breast 6 cm from the nipple. In the original DOT images (fig 3.5B), the tumor appears
in the center and does not correlate with the other imaging. Yet, in Figure 3.5C, we can
see the tumor in the 11 o’clock position about 6 cm from the nipple. Therefore, the

addition of these pre-processing tools has assisted in improving the DOT static images.

3.6 Post-processing

3.6.1 Volume of Interest Selection

_v
Choose Slice Choose Tumor Max Search Find Max Find VOI
Location

Figure 3.6 Flow diagram of quantification of static images. The VOI are all the voxels
that have a value of M-SD < Vi< M,

After the reconstructions were performed the images were analyzed. To quantify
the images, a semi-automated custom written program was used to locate the tumor. A

user would look at DOT images and asked to locate the tumor (Figure 3.6). In order to
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reduce bias, the algorithm then looked for the maximum value (M) within a 2cm radius.
The location of the maximum location was X,,ax = (Xmaxr Yimax Zmax)- Additionally, the
standard deviation (SD) of the volume was calculated. The volume of interest then
became all voxels with value V; within the region that satisfied the condition M-SD <V, <
M. Then the weighted average of the volume was taken. To calculate the healthy breast
the weighted average of the whole volume was used. The normalized values were the

tumor region divided by the healthy breast values.

3.6.2 Features
The reconstructions solve for oxy-hemoglobin ([HbOZ2]), deoxy-hemoglobin ([Hb]),
and water fraction (WF). Total hemoglobin ([HbT]) was calculated summing [HbO2] and

[Hb] ([HbT] = [HbO,] + [Hb]). Oxygen saturation (SO2%) was calculated using:

[HbO,]

0fy = — e
50;% = 100 * [HbO,]+[Hb]

(3.7)

The normalized values were calculated in two ways. First, the parameters were
divided by the parameter values for the healthy breast ([HbO2]rm, [Hb]mH, etc.). Second
the parameters were divided by the weighted average for the non-tumor region in the
tumor bearing breast ([HbOz]tmt, [Hb]mnt, €tc.). Additionally, the percent change was
calculated from the baseline imaging for both the original optical features and the

normalized values (i.e. %A[HbO2], %A[Hb]tH, etc.).

3.7 Conclusion

By utilizing the DCT code and the source-detector removal conditions the quality
and accuracy of the image was greatly improved. The automated pre-processing and
batching all of a single patients images saves time and allows for consistency.
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Additionally, we have established a method to extract the tumor region without
interference from artifacts that also reduces the bias of the user. Then we analyzed how

the above mention features correlated to the pathological response of the subject and

how they changed over time.
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Chapter 4: Static DOT Results

4.1 Introduction

Diffuse optical tomography (DOT) can create 3D maps of various tissue parameters
using transmission measurements with non-ionizing, near-infrared light. From these
measurements, endogenous chromophores such as oxyhemoglobin, deoxyhemoglobin,
water, and lipid can be used to differentiate malignant from normal tissue.?> 37-3°

Due to the sensitivity of optical imaging, multiple groups have employed this technology
for monitoring and predicting response to NACT. Ueda et. al. correlated the pCR rates
to baseline tumor oxygen saturation measurements by using a handheld spectroscopic
measurement system.® A subset of these patients received NACT combined with
bevacizumab or trastuzumab. They observed an elevated baseline oxygen saturation
(SO2%) level corresponded highly with a pCR for treatment. Zhu et. al. observed 32
subjects undergoing NACT using a combined ultrasound DOT imaging.%8 7% 78 7 Subject
received several different NACT regiments. They report higher baseline total hemoglobin
concentrations ([HbT]) values and the greatest decrease in [HbT] levels for pCR and near-
PCR subjects.>8

Pakalniskis et. al. also looked at optical changes during NACT in 11 patients who

received 4 different NACT regimens using a frequency domain DOT system.>”  They
demonstrated a longitudinal decrease in total hemoglobin levels in pCR subjects but not
non-pCR subjects. More recently Jiang et. al., looked a 19 patients that received 5
different therapies, including a subject on Avastin.®® Employing a full-tomographic
frequency domain system they reconstructed images of [HbT], SO2%, and water fraction

(WF) of the tumor bearing breast. Subjects that had a pCR showed an early percent
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decrease in [HbT]. Several groups?® 57 59 7281 ghserved that [HbT] levels significantly
decreases with pCR (p=0.001)"%74; and changes can occur as early as 1 week after
starting NACT, with tumor Hb levels dropping 33% +/-7% in responders vs. non-
responders (18% +/- 10%: z=0.008).7®

Falou et al®® observed 15 patients using diffuse optical spectroscopy for five time
points during treatment. There were various chemotherapy regimens employed including
chemoradiation for two subjects. One week after treatment they observed an initial
increase in deoxy-hemoglobin concentrations ([Hb]), oxy-hemoglobin concentrations
([HbO2]), WF, [HbT], and tissue optical index in responding patients, followed by a drop
the whole breast. Conversely, poor response patients showed an initial decrease one
week after treatment initiation followed by an increase optical parameters. A somewhat
different observation was made by Soliman et. al. and Falou et. al. Employing DOS, they
found an initial increase followed by a decrease in [HbT] during the first four weeks of
treatment in patients that achieved a pCR after 6 months of NACT."7: 86

However, all of these previous studies have included patients on multiple different
heterogeneous NACT regimens. °/0 73, 74,77, 7981, 86 gome studies even included
chemoradiation therapy. '8 Using different treatment regimens for patients in the same
cohort may confound some of the obervations. For example, different drugs have differing
anti-angiogenic effects and may affect optical signals in disparate ways. Only recently,
Schaafsma et. al.®” reported on results found in 22 patients who were all treated with the
same NACT protocol. All patients received six cycles of docetaxel, doxorubicin, and
cyclophosphamide (TAC) with or without zoledronic acid. Using a non-tomographic

diffuse optical spectroscopy system they investigated the tumor bearing breast. They
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found a statistically significant difference in the decrease in oxy-hemoglobin and deoxy-
hemoglobin concentrations after the first cycle of NACT between those that achieved a
pPCR versus those with a partial response. No response subjects had an overall percent
increase in hemoglobin concentration even to the mid treatment time point. Only 4
patients had a pCR. While results are promising, the low enrollment of complete
responders makes it less significant.®’

The study presented in this chapter differs from all previous studies in 3 major
aspects. First, all patients follow the same NACT regimen, a standard
taxane/anthracycline-based therapy. Second, the number of patients enrolled for this
project (40) is one of the largest number of patients to be evaluated in an optical imaging
NACT study to date. Third, our optical imaging system performs tomographic
measurements on both breasts simultaneously, allowing for a direct comparison of the
tumor bearing breast and the non-tumor bearing breast of the same patients.

Since there is sufficient evidence to suggest early changes in optical properties
during NACT, we designed a pilot study to monitor tumor progression at six time points
throughout treatment. We observed 40 women who all underwent the same
chemotherapy regimen using a dual breast DOT system. We examined three
dimensional tomographic images of both the tumor-bearing and contralateral breast. We
guantified and analyzed the progression of the tumor over time and correlated

chromophore concentrations to the RCB score of each patient.

4.2 Methods
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We employed methods found in chapter 3 for the data pre-processing and analysis
in this chapter. Briefly, we looked at five parameters: [HbO2], [Hb], WF, total hemoglobin
([HbT] = [HbO2] + [Hb]), and oxygen saturation (SO2% = [HbO]/ ([HbO:] + [Hb]) ). The
normalized values were divided by the parameter values for the healthy breast ([HbO 2]/,
[Hb]m, etc.) and divided by the weighted average for the non-tumor region in the tumor
bearing breast ([HbO2]rnt, [Hblrnt, etc.). Additionally, the percent change from the

baseline time point for each of the above mention parameters.

4.3 Results
4.3.1 Patient Summary

There were forty women recruited and imaged for the study with four subjects
being excluded due to drop outs or machine malfunctions. Table 2.2 show a subject
summary of the patients and their pathological response. Also, Table 2.3 show a
summary of the number of subjects that were included in the analysis for each week for
each response group.
4.3.2 Case Studies

The first subject is a 66 year old post-menopausal woman with poorly differentiated
invasive ductal carcinoma. Her baseline tumor had a maximum clinical exam dimension
of 2.3 cm. She had an RCB of 0. Her DOT images show a clear enhancement at the
baseline time point in the right tumor bearing breast (Figure 4.1A). Yet, after the baseline
imaging, there are no clear enhancements in either breast. The normalized quantified
data shows a steep decrease by week 2 for [HbO2]/m), [HB] (rm), and [HbT] my (Figure

4.1C). SO2% shows a slight decrease by week 2, but WF does not show much change
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throughout the treatment. After the beginning of AC there seems to be another decrease
in [HBO2]my), [HB](tm), and [HbT]am). The clinical exam measurement correlate well with

the change in most of the parameters in which the tumor is no longer palpable by week
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Figure 4.1 Two case studies of a subject with an RCB of 0 and a subject with an RCB of
2.7 (partial response). The DOT images for sagittal slices of the tumor bearing and
contralateral breast in for the pCR subject (A) and the subject with the partial response
(B). Quantified data showing the normalized value for each time point with the clinical
exam tumor measurements for both the pCR (C) and partial responding subject (D).

The second subject is a 46 year old pre-menopausal subject with poorly
differentiated invasive ductal carcinoma. Her baseline tumor was 3.8 cm based on clinical
exam measurements. She had a partial response to treatment with an RCB 2.7. The

DOT images for this subject show an enhancement in the left tumor bearing breast that

is visible throughout treatment (Figure 4.1B). The quantified data reveals an increase in
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all the parameters at the second time point (Figure 4.1D). Beyond week 2 the value of
each of the parameters remain steady. The clinical exam measurements show that the
tumor is no longer palpable by WOAC, but the subject still showed traces in the tumor
during the AC portion of the treatment. The remaining excised tumor was still 1.4 cm in
diameter.
4.3.3 Optical features during NACT

Table 4.1 shows a summary of of each feature for pCR and non-pCR subjects for
each imaging time point. The p-value for each t-test performed between the subject
groups is shown and highlighted in yellow if there is statistical significance. Here, we
identify what features will that assist in determining the pCR subjects. The baseline and
week 2 time points show the most features with statistical significance between response
groups.

For baseline imaging, the more promising features that showed statistical significance
between subject groups were [HbO2]xm), SO2%TmH), and SO%imt). The pCR group
showed higher normalized [HbO2]/H)and SO2%rHy compared to non-pCR with statistical
significance of p = 0.03 and p = 0.02, respectively. For normalized SO>%mnt) pPCR
subjects were 1.12 + 0.1 and non-pCR subjects were 1.06 + 0.05 with a p-value of 0.03

(p= 0.04 for WT) between the groups (Figure 4.2).
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Table 4.1 Summary of features for each time point and the p-value for the t-test between
pPCR and non-pCR subjects.

Tumor Region Normalized (T/H) Normalized (T/nT)
Time point Parameter pCR non-pCR p pCR non-pCR p pCR non-pCR p
[HbO,] 56.07+ 10.64 48.84+ 14.94  0.13 2.84 +0.80 2.20+ 0.80 0.03 2.60+ 0.61 2.18+ 0.72 | 0.08
[Hb] 19.93+ 4.05 19.30+ 6.08  0.73 2.00 +0.38 1.97+ 0.89 0.89 1.87+ 0.35 1.81+ 0.59 0.74
Baseline WF 0.53+ 0.07 0.54+0.04  0.82 1.04 +0.10 1.02+0.09 0.45 1.04+0.02 1.03+ 0.02 0.19
[HbT] 75.90+ 13.61 67.82+ 17.51  0.15 2.55 +0.63 2.12+ 0.72 | 0.07 2.35+ 0.49 2.05+ 0.61 0.14
SO,% 72.22+ 6.47  70.41+ 4.90 0.35 1.11 +0.11 1.04+0.07 0.02 1.12+ 0.10 1.06+ 0.05 0.03
[HbO,] 34.68+ 12.43 51.65+ 16.32 0.003 1.81 +0.93 2.40+ 0.88 | 0.07 1.68+ 0.53 2.31+ 0.87 0.02)
[Hb] 16.58+ 6.21  20.05+ 653  0.14 1.57 +0.56 2.01+ 0.69 | 0.06 1.55+ 0.38 1.95+ 0.63 0.05
Week 2 \WE 0.52+ 0.05 0.53+0.04 052 1.02 +0.12 1.01+0.08 0.88 1.02+ 0.02 1.04+ 0.03 0.02
[HbT] 49.39+ 16.11 70.91+ 21.06 0.004 1.66 +0.72 2.25+0.80 0.04 157+ 0.44 2.18+0.78 0.02
SO,% 68.40+ 3.60  71.19+ 3.87 0.04 1.08 +0.06 1.07+0.06 045 1.07+0.04 1.06+ 0.05 0.90
[HbO,] 41.98+14.98 41.97+13.34 100 2.10 +0.40 2.03+0.71 0.75 2.07+0.39 2.05+ 0.56 0.90
[Hb] 19.36+ 7.08  16.87+ 450  0.22 1.82 +0.65 1.79+ 0.55 0.90 1.81+ 048 1.69+ 0.37 0.39
\Week 4 \WFE 0.52+ 0.03 0.56+ 0.05 | 0.07 0.98 +0.09 1.02+0.08 0.24 1.02+0.02 1.02+ 0.01 0.90
[HbT] 60.31+ 20.01 58.62+ 16.73  0.79 1.96 +0.44 1.95+0.62 0.94 1.94+ 0.33 1.92+ 0.46 0.85
SO,% 67.60+ 3.26  69.24+ 4.56 0.28 1.09 +0.08 1.03+0.06 0.01 1.07+0.05 1.06+ 0.05 0.63
[HbO,] 33.82+ 861 4266+ 16.15 012 1.80 +0.32 215+ 1.00 0.29 1.84+0.34 2.08+0.83 0.39
[Hb] 17.36+ 6.46  18.08+ 803  0.81 1.73+0.49 1.95+1.10 055 1.67+ 045 1.84+079 0.52
Week 0AC  [wF 0.53+ 0.05 0.53+0.03  0.71 1.02 +0.12 1.00+0.08 0.59 1.01+0.01 1.02+ 0.02 0.13
[HbT] 49.73+ 12.05 60.47+22.36  0.17 1.73 +0.32 2.07+0.96 0.29 1.73+0.33 1.99+ 0.77 0.31
SO,% 66.32+ 527 69.77+4.99  0.09 1.03 +0.04 1.04+0.06 0.70 1.06+ 0.03 1.05+ 0.04 0.39
[HbO,] 38.18+ 9.33  41.24+ 1455 053 2.04 +0.65 1.92+0.68 0.65 2.02+ 0.65 1.90+ 0.59 0.61]
[Hb] 20.65+ 754 16.44+585 = 0.09 2.10 +1.06 162+ 049 0.10 1.95+ 067 1.66+0.48 0.16
Week 2AC  [WF 0.52+ 0.03 055+ 0.05  0.15 1.01 +0.04 1.03+0.12 0.60 1.02+0.01 1.02+ 0.02 0.85
[HbT] 56.98+ 12.75 57.03+18.09  0.99 1.99 +0.66 1.81+0.58 0.43 1.94+0.60 1.81+0.52 0.53
SO,% 67.08+ 3.05 70.55+3.37  0.01 1.05+0.07 1.06+0.06 0.71 1.06+0.05 1.05+0.04 0.63
[HbO,] 39.73+ 7.55  40.39+ 9.97 0.88 2.15 +0.60 1.95+ 0.56 0.43 1.80+ 0.35 1.85+ 0.50 0.82
[Hb] 14.72+ 1.94  16.08+4.49 045 1.64 +0.28 1.66+ 042 0.93 152+ 0.14 1.60+ 0.40 0.61
Pre-surgical |WF 054+ 004  054+004 099 1.01 +0.08 1.02+0.09 0.82 1.02+ 0.01 1.02+ 0.02 0.90
[HbT] 54,15+ 7.23  56.44+ 1324 067 1.98 +049 185+047 054 1.71+028 1.77+0.45 0.74
SO,% 71.67+ 432 70.37+3.32 042 1.08 +0.07 1.04+0.06 0.15 1.05+0.02 1.04+0.04 0.45
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Figure 4.2 Baseline imaging comparing values for [HBO2]m), [HBT] (1), and SO2%1/H)
between pCR and non-pCR subjects (Left). Similarly baseline values for [HBO2]nT),
[HBT] (i), and SO2% ) (Right). Asterisk denotes statistical significance (p<0.05).

Normalized Value (T/H)
Normalized Value (T/nT)

As for week 2 imaging, [HbO3], [HbT], SOx%, [HbT]rm), [HbO2]rmm, [HB]mmm),
WFamT), and [HbT]ant) were all statistically significant between response groups. For
each of these aforementioned DOT parameters, the pCR group had lower concentrations
compared to the non-pCR group (Table 4.1). Figure 4.3 shows the three features at the
week 2 time point with the lowest p-values: [HbO2], [HbT], and normalized WFnt). Each

of these parameter had higher values for the non-pCR group compared to the pCR

subjects.
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Figure 4.3 Comparison of pCR and non-pCR subjects at week 2 using imaging
parameters that showed the highest correlation to RCB score in Table 3. An asterisk (*)
denotes p< 0.05 and (#) denotes p < 0.01.
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There were two other time points besides baseline and week 2 that showed
statistical significance in a parameter. At week 4 SO>%H) Showed statistical significance
between pCR and non-pCR subjects (p=0.01). Also, at week 2AC SO>% showed
statistical significance with non-pCR subjects having higher SO2% levels than pCR
subjects.

4.3.4 Baseline and Week 2 Correlation Coefficient
Table 4.2 Summary of correlation coefficients, and p-values of the linear regression of

the RCB scores versus the baseline and week 2 parameters in the tumor region and
normalized (T/H and T/nT). Highlighted in yellow are the statistically significant p-values.

: : Normaliz
;g‘ift Darameter Tumor Region Normalized(T/H) o(T/?T)ed

R  p-value R p-value R p-value

[HbO>] -0.29 0.09 -0.36 0.03 -0.33 0.052

[Hb] -0.11 053 -0.03 0.85 -0.08 0.62
Baseline Water% -0.01 0.97 -0.07 0.67 -0.25 0.14
[HbT] -0.28 0.10 -0.29 0.08 -0.28 0.10

SO2% -0.10 057 -0.31 0.07 -0.33 0.0504

[HbO2] 0.50 0.003 0.32 0.06 0.41 0.02

[Hb] 0.15 0.40 0.21 0.23 0.23 0.18

Week 2 Water% 0.18 0.31 0.04 0.80 0.46 0.007
[HbT] 0.46 0.006 0.34 0.05 0.41 0.02

SO2% 0.36 0.04 0.02 0.92 0.07 0.68

Since most parameters showed the greatest statistical significance at baseline and
week 2 we looked at the correlation coefficient for these time points. The parameters for
the tumor region and normalized tumor region were correlated to the continuous RCB
score and the statistical significance of the correlation was calculated. For baseline

imaging the correlation that was the highest was the [HbO2]r+). This had a negative
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correlation coefficient which suggests that subjects that will have a low RCB or a pCR
have higher [HbO2]rm) -

All features in for the baseline imaging had negative slopes and the all the features
for week 2 had positive slopes. The feature [HbO2]rm) had the only statistically significant
correlation at baseline. In Figure 4.4 the linear regression analysis for RCB score versus
[HbO2](rm) is shown for both baseline and week 2 imaging. For baseline there is a
negative correlation and for week 2 there is a positive correlation between RCB score

and [HbO2]tm).

Baseline Week 2
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Figure 4.4 Linear regressions of the RCB score versus [HbO2]tH) at baseline imaging
(left) and week 2 (right).

4.3.5 Percent change from Baseline Imaging

After observing the absolute and normalized parameters, we looked at how these
parameters change over time with respect to the baseline. In Table 4.3, the percent
change (%A) of each parameter from the baseline imaging is shown. Here we can

observe not only statistical significance between pCR and non-pCR subjects for some
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features at the week 2 point but for all other time points as well, with the exception of the

pre-surgical time point. However, week 2 and week OAC have the most parameters with

statistical significance.

Table 4.3 Summary of the percent change of each parameter from the baseline and the
statistical analysis of pCR versus non-pCR subjects.

Tumor Region Normalized (T/H) Normalized (T/nT)
gg;:ﬁ Parameter pCR non-pCR o] pCR non-pCR p pCR non-pCR p
%A[HDO,] |-36.44 +23.54 19.63+69.58 0.01 -35.22+30.91 22.94+62.96 0.002-33.48 + 25.46 16.23+52.63 0.003
06A[Hb]  |-14.31+30.64 14.76+49.24 [0.07 -20.68+25.16 16.45+49.12 0.01-13.64+29.00 18.14+45.64 0.03
Week 2 [0oAWF -0.18+14.37 -0.06+9.13 098 -1.34+15.29 -0.10+11.86 0.63 -2.41+185 0.59+3.29 0.01
%A[HbT] [-33.30+£22.36 16.12+62.42 0.01 -34.03+27.44 18.93+58.11 0.003-31.43+23.32 15.33+50.14 0.004
%ASO,% | -4.64+9.19 0.99+6.68 0.05 -2.17+10.42 2.67+7.19 008 .456+7.16 -0.17+4.20 0.03
%A[HDO,] |-25.63+25.75 0.91+73.97 0.24 -25.60+19.66 6.59+66.61 0.11-19.74+2519 5.98+54.71 0.13
6A[Hb] | -2.58+31.22 -4.36+48.70 0.91 -9.26+33.54 1.98+50.88 0.58 -3.16+31.01 -0.61+36.25 0.84
Week 4 [%AWF 3204553 4.15+11.74 0.05 -3.25+13.22 0.84+11.69 0.32 -1.72+2.02 -1.09+2.72 0.48
6A[HBT] |-20.97+24.90 -1.64+66.33 0.34 -23.32+20.64 4.50+62.89 0.16-17.38+22.35 3.13+49.57 0.19
%6ASO,% | -6.60+8.17 -1.39+7.10 [0.06 -1.96+12.09 -0.78+7.21 056 -3.83+10.59 -0.18+4.35 0.16
%A[HDO,] |.37.81+19.76 -6.79+38.72 0.02 -33.24+21.70 0.04+36.19 0.01-27.66+19.06 -2.27+30.40 0.02
6A[HD] | -9.19+36.46 -6.14+27.71 0.80 -12.87+25.66 -0.55+27.02 0.38-12.12+30.73 0.90+22.25 0.19
Vg:gk OAWF | -1.89+7.91 -113+942 083 -2.05+1149 -2.13+10.88 097 2554174 -0.73+1.95 0.02
6A[HBT] |-32.32+£20.42 -8.15+32.52 0.04 -29.84+20.21 -1.51+30.87 0.02-26.71+16.79 -2.06+26.46 0.01
%0ASO,% | -8.86+11.89 -0.30+10.06 0.05 -7.92+10.25 0.45+841 002 -398+8.62 -1.43+3.85 0.2
%A[HDO,] |-26.70+31.86 -5.38+48.26 0.20 -20.58 +37.22 -2.23+39.60 0.17-19.30+30.50 -4.99+36.24 0.28
96A[Hb] 8.55+49.15 -5.71+39.99 0.39 10.17+66.68 -4.31+36.28 0.39 3.30+38.43 0.72+33.66 0.85
nggk AW F -471+6.22 2.98+12.39 0.06 -4.02+8.99 0.83+1562 0.34 -186+191 -1.11+2.38 0.38
6A[HDT] |-19.46+32.74 -7.76+42.00 0.43 -14.48+41.87 -4.99+35.07 0.47-15.74+29.92 -4.67+32.45 0.36
%0ASO,% | -7.08+9.03 0.40+8.73 0.03 -5.95+7.43 1.89+7.99 0008 -424+652 -1.25+3.44 0.10
%A[HDO,] |-20.58+29.34 0.69+76.27 0.48 -13.71+39.87 7.88+68.13 0.42-28.44+23.88 -0.25+60.54 0.25
6A[HD]  |-19.03+18.27 -2.34+62.01 0.49 -10.91+25.15 2.28+56.59 0.65-22.05+15.64 1.30+50.73 0.25
Suprgei(;al AW F -0.04+7.95 0.83+9.28 0.83 -1.88+12.55 -1.14+11.09 0.72 -1.73+267 -1.21+2.71 0.66
6A[HBT] |-20.50+24.52 -1.74+70.05 0.50 -13.18+34.90 4.69+62.78 0.51-26.71+21.26 -0.06+56.84 0.24
%0ASO,% | 0.49+5.96 0.54+10.09 0.99 -2.31+9.58 0.76+9.22 035 -326+4.41 -2.41+3.97 0.64

The non-normalized percent change tumor measurements had the most
statistically or near statistically significant features. Figure 4.5 presents the features that
were statistically significant at least at the week 2 time point. Each features shows an
increase in the percent change for the non-pCR subjects and a percent decrease for the

PCR subjects at the week 2 time point. The %A[HbO:] (Figure 4.5A) shows statistical
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significance at only the week 2 and week OAC time points. The pCR subjects seem to
not change much after the initial decrease at week 2 and then there is a slight increase
occurring after week 12 (week OAC). The %A[HDb] shows no statistical significance
beyond the second week of treatment (Figure 4.4B). The %A[HbT] (Figure 4.4C) had a
similar trend as the %A[HbO2]. Last, %AS02% shows statistical significance between
groups for all time points with the exception of the pre-surgical time point. The pCR
subjects show a decrease in %AS0,%, which begins to increase again after AC began
to be administered (week 12). The non-pCR subjects show that %AS0>% slightly

decreases by week 4 but continues to increase throughout the rest of treatment.
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Figure 4.4 Longitudinal line plots of pCR and non-pCR subjects for %A[HbO2] (A),
%A[HDb] (B),%A[HbT] (C), and %AS0O2% (D).
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At the week 2 time point, the percent change in [HbO2]my, [Hb](rm), and [HbT]r/m)
were statistically significant, as well as, all the features for the (T/nT) normalization
scheme (Table 4.3). For each of these features the pCR group experienced a percent
decrease, while non-pCR subjects demonstrated an increase in the normalized features.
For the Week OAC time point, the statistically significant features normalized to the
healthy breast for the Week OAC time points were the percent change in [HbO2]my,
[Hb](rmy, and [HbT]m). As for the (T/nT) normalization scheme, in [HbO2]r/mt), WF/ n),
and [HbT]/ n1) sShowed statistical significance between the pCR and non-pCR groups.
Last, the percent change in SO>%/H), showed statistical difference at the Week 2AC time
point.

4.3.6 Correlation Coefficient of the Percent Change

Similar to the baseline and week 2 analysis, we observed the correlation coefficient
for the percent change from the baseline imaging for all parameters. The percent change
in the tumor region is significantly correlated with the RCB score for %A[HbO2], %A[Hb],
and %A[HDbT] for week 2. The %AWF is correlated only for the week 4 and week 2AC
time point (Table 4.4).

For the (T/H) normalized parameters, the strongest correlated parameters for week 2
are %A[HbO2]my, %A[Hb2]rm), and %A[HbT]rH). However, beyond the second week,
%A[HbO2]rH) shows significant correlation at week 4 and the week 2AC time points.
Additionally, %A[HbT]mm) has significant correlation at week 4, while %ASO2%H) is
strongly correlated at Week 2AC. Only %A[Hb]m) in the pre-surgical time point showed

statistical significance.
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Table 4.4 Summary of linear regression analysis of RCB score versus the percent change

from baseline imaging of each parameter for each time point.

Time

Tumor Region

Normalized(T/H) Normalized (T/nT)

Point " arameter R pwvalue R pvalue R  p-value
%AlHbo 05 0003 051 0002 055 0001
%AHb 037 003 043 001 034 0051
Week2 o nvre 01 059 004 083 052  0.002
%AHbT] 05 0003 051 0002 052 0002
%ASO0 027 012 028 011 04 002
%AHbO;J029 01 038 003 036 004
%AHb] 011 053 024 016 014 045
Week4 o \WwE 034 005 013 046 021 024
%A[HbT] 026 014 035 004 032  0.07
%ASO% 019 028 007 069 03 0.9
%A[HbO;]0.31 009 034 007 036  0.05
g, LAHDL 011 057 025 018 025 018
OAC %AWF 013 048 003 085 034 0.6
%AHbT] 031 009 036 005 04 003
%ASO% 022 022 029 012 019  0.29
%A[HbOz] 0.35 0051 037 004 _ 039 003
%A[Hb] -0.05 077  -006 076 _ 0.06 _ 0.74
Week
2AC %AWF 051 0004 02 027 03 0.0
%AHbT] 029 011 028 013 035  0.052
%ASO% 03 010 044 001 032 008
%AHbOz] 029 016 035 008 04 004
%AHb] 033 010 039 005 042 003
suF;é?(;m %AWF 007 074 -003 0838 017 041
%AHbT] 03 013 036 007 041 004
%ASO% -0.12 055 003 09 012 057
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Figure 4.5 Linear regression of the RCB score versus the %A[HbO2]rmm (A), SAWF (r/nT)
(B), %A[HbT]rmT) (C), %ASO2%mT) (D). Solid lines show the linear fit to the data and the
dotted lines show the 95% confidence intervals (Cl) upper and lower bounds.

For the (T/nT) normalization scheme, all the parameters show high correlation at
the week 2 time point. Figure 4.5 shows the linear correlation RCB score versus
%A[HbO2)rmT) (A), %AWF 1inT), %A[HDT]TmT) , and %ASO2%rmt), which all showed
statistical significance at week 2. Each of these displayed features have a positive
correlation compared to RCB score.

The features %A[HBO2]mt) and %A[HbT]wmm) had statistical significance or near

statistical significance for all the time points including the pre-surgical time point.

4.3.7 Longitudinal Trends
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Figure 4.6 The percent change from baseline imaging of [HBO2]/nt) Over the course of
NACT for RCB 0 (pCR) subjects, RCB | and Il subjects, and RCB Il subjects. Error
bars represent standard error.

Since the %A[HbO2]rnt) show the greatest correlation among the all the time
points we looked at how these parameters change over the course of treatment. In figure
4.6, each subject group displays non-linear trends of how these parameters change over
the course of treatment. The RCB 0 subjects show a decrease in %A[HbO2]rmT) by week
2, but then the percent change from the baseline does not change much at the other time
points. The RCB I&Il group shows a slight percent increase by week 2, but does not
seem to change much from the baseline. However, after the WOAC time point this group
shows a percent decrease at the Week 2AC and pre-surgical time points. Last, the RCB
[Il group increases about 47%, decreases back to baseline values by Week 0AC, and

then shows about a 31% increase by the pre-surgical time point.

4.3.8 Predicting Tumor Response
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ROC curves were created for each parameter and the five parameters with the

highest Youden index for all imaging time points as seen in Table 4.5. These parameters

are all during week 2 and consist of the percent change in either oxy-hemoglobin or total

hemoglobin (normalized or otherwise). The parameter with the highest area under the

curve (AUC) is %A[HbO2]rmT), Wwhere we observed a sensitivity of 76.9% (10/13 subjects)

and a specificity of 90.5% (19/21 subjects). Therefore, the overall accuracy using a cutoff

value of -27.5% is 85.3% (29/34 subjects). The highest sensitivity was 100% (13/13

subjects) for %A[HbO>] for week 2. The specificity for this parameter was 61.9% (13/21),

an accuracy of 76.5% (26/34 subjects), a PPV of 61.9% (13/21 subjects), and a NPV of

100% (13/13 subjects).

Table 4.5 Summary of parameters with the highest Youden index values for baseline

and week 2 imaging.

Parameter Time Sensitivity Specificity Accuracy AUC PPV NPV
Point

%A[HbO2]rmt)  Week 76.9% 90.5% 85.3% 0.87 83.3% 86.0%
2

%A[HbO2]H)  Week 76.9% 90.5% 85.3% 0.86 83.3% 86.0%
2

%A[HbT]rmny  Week 84.6% 76.2% 85.3% 0.82 68.8% 89.0%
2

%AHbT]my  Week 76.9% 85.7% 82.4 0.86 76.9% 86.0%
2

%A[HbO2] Week 100% 61.9% 76.5% 0.84 61.9% 100%

2

4.4 Discussion

4.4.1 Summary of Results

The week 2 time point shows the highest correlation for [HbO] and [HbT] to the

RCB score of the subject, even when the data is normalized or the percent change of the
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normalized values are calculated. We found a statistical decrease in [HbT], which
corresponds to the multiple studies done on optical NACT monitoring.2® 48 57-60, 72-81
Additionally, the baseline SOx% ) values for pCR subjects were higher than non-pCR
subjects. This is similar to the work done by Ueda et. al., where they found an increase
in SO2% in subjects that would receive a pCR to NACT.°

However, there is statistically significant correlation between RCB score and the DOT
parameters throughout the entirety of NACT. Therefore, while the week 2 and even
baseline time points may be used to evaluate the efficacy of treatment, the other imaging
time points can also be used to determine if the subject will respond to NACT as well.
Determining response throughout therapy can be beneficial to monitor if the tumor is still
progressing or not. Therefore, there can be multiple check points within the NACT to be
able to monitor and assess treatment to assure that the patient has the optimal response
to NACT.
4.4.2 Physiological Explanation

Taxanes cause cell death by inhibited cell growth, differentiation, and proliferation

by stabilizing microtubules within the cells. Essentially taxanes cause an arrest in the G2
phase of cell division prevent further maturation and proliferation.®® 8 There has also
been evidence of taxanes inhibiting VEGF, which would suppress angiogenesis.8 0
Symmans et. al. demonstrated an increase in apoptosis and mitotic arrest in BC patient
receiving paclitaxel within days of the first dose.%! Additionally in terms of early vascular
changes, there have been studies that looked at interstitial fluid pressure (IFP) within the
breast tumors after taxane administration,®? which is caused by the massive apoptosis of

responding tumor cells.®®> The early changes that we have observed may be caused by
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these physiological phenomenon. First, there was a decrease in [Hb] and [HbO2] by the
second week of treatment for pCR subjects. This can be caused by the antiangiogenic
effects that taxanes have on tumors. Also, the massive apoptosis of cancer cells could
restore the microenvironment making the area less hypoxic and contributing to the
decrease in [Hb]. Last, we noticed that there was a decrease for pCR subject in WF )
by week 2. This could be contributed to the decrease in IFP within the tumor region
compared to the surrounding healthy tissue in the tumor bearing breast. Therefore, the
early optical response of pCR subjects may possibly be contributed to the decrease in
microvessels, hypoxia, and IFP.

Anthracyclines stop the process of replication by preventing DNA from resealing after
transcription. Cyclophamide similarly works by disrupting the DNA to prevent cell growth
and division.®® Anthracycline has shown to increase apoptosis and decrease proliferation
in breast cancer.®* During this part of the treatment there seemed to be very little change
to the pCR subject. However, the RCB I/l subjects began to decrease beyond baseline
values in [HBO2]iT), while RCB Il subjects demonstrated and increase in [HBO2]in)
after AC treatment (refer to fig 4.6). As a result, there seems to be no further change in
pPCR subject, the RCB I/ll subjects seem to benefit from the change in chemotherapy
agents, and the RCB Il subjects seem to worsen.

4.4.3 Conclusion

Early imaging time points, as other studies have suggested, are still optimal for
determining the response of the subject. Specifically we saw that the %A[HbO 2] at
week 2 time point yielding the highest sensitivity and specificity for determining a pCR or

not. Additionally, there is a positive statistically significant correlation between
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%A[HbO2]rmTy and RCB score for every time point after baseline imaging. This suggests
that it may be possible to monitor tumor progression throughout NACT, not only initially
predict response. Monitoring would be more beneficial in some patient cases. Hence, if
a subject is predicted to respond by the second week, but further monitoring shows that
she has not responded as well as originally perceived, a decision could be made on
whether to proceed with prescribe chemotherapy agent or change drugs to help optimize
the subject’s outcome. These results are promising since it could lay the ground work for

monitoring, as well as, tumor prediction.
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Chapter 5: Dynamic Data Processing

5.1 Introduction

In a previous pilot study we have shown evidence that the hemodynamic response
to a simple breath hold can be used to diagnose breast cancer. Tumors tend to have
inherently different time traces compared to healthy tissue.*® Here we hypothesize that
vascular changes occur early in the treatment process and that related hemodynamic
parameters can be used to predict NACT treatment outcome. The different features from
the hemodynamic traces that we extracted from the dynamic DOT imaging will be
correlated with the pathological response of the subject.

There are three steps that were necessary for dynamic DOT analysis: pre-

processing, image quantification, and feature extraction.

5.2 Challenges to Overcome

There were several challenges to the pre-processing procedure that needed to be
overcome. First, there needed to an efficient and quick method to automate the pre-
processing procedure. Second, there were high frequency noise that made the breath
hold trend difficult to determine. Third, each dynamic movie reconstruction took about 24
hours to complete, but not each breath hold was viable for analysis. Therefore, some
breath holds needed to be reconstructed again, so there needed to be a procedure to
determine before the reconstruction process to determine if the breath hold was usable.
Additionally, some detector signals would cause issues with the reconstructions and

would need to be removed, so there needed to be a process to determine these points.
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Last, in order to fix these issues there needed to be a means of visualizing the raw
data and the input information for the reconstructions to see how improvements could be
made to the pre-processing procedure. What made data visualizing challenging was the
enormous amount of data that we collect. If there are 32 sources, 64 detectors, 2
wavelengths, and a thousand frames then there are over 4 million data points to observe.
Therefore, there were sufficient efforts made to develop techniques to visualize all of this
data for pre-processing.

Image quantification also needed to be improved. Originally, for each frame of the
reconstruction, the location of the maximum value was found and then a 1 cm diameter
sphere around the maximum was averaged. Each average became a data point in time
and the changes in the reconstruction could be viewed over the course of about a minute.
One issue with this method is that the 1 cm sphere is free to move within the breast
volume, so the maximum value could bounce from one region to the other, which would
not occur in typical breast tumor physiology. Also, the tumor region usually is not confined
to a 1 cm sphere volume or shape. Therefore, techniques were developed to quantify the
data to determine a stationary volume that resembled the size and shape of the tumor.

For the feature extraction, we needed to determine physiological parameters that
would assist in predicting tumor response. However, one problem was that some
subjects could not hold their breath for the entire desired length of thirty second. Despite
this challenge, if a subject held their breath for only fifteen seconds, half the time
recommended, there were still clear hemodynamic effects to the breast tissue as seen
from our optical imaging. Yet, this caused a large variation in the amount of time that the

subjects could hold their breath. Therefore, certain parameters such as, time to peak or
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a certain percentage, full width half maximum, and time to recovery could not be analyzed.
As a result, we looked more a parameters that were not dependent on the breath hold

length such as normalized peak values and washout rates.

5.3 Pre-processing
5.3.1 Overview

The pre-processing procedure before running a reconstruction is outlined in Figure
5.1. First, the raw data was pre-processed by applying a discrete cosine transform (DCT)
filter that uses the first 15 coefficients to reduce high-frequency noise. Then one of the
breath holds is chosen for reconstruction and the measurement files are created.
Measurement files contain the filtered dynamic signal for each source-detector signal and
the averaged baseline signal, which were calculated from the raw data. Next, the forward
model is run in order to get the prediction measurement for the reconstruction. The input
files are created using the measurement files and the prediction measurement. There
may be an additional step in which poor detector signals are removed from the input files

directly. Last, the reconstruction was run.

Modification Run
Reconstruction

* Run Through
DCT filter * Run Forward + Remove poor
* Choose Model detector
Breath Hold signals using
* Create * Create Input the input
Measurement Files files.
Files

Figure 5.1 Flow diagram of how data is processed before the reconstructions are run.
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Similar to the static input files, the input files are created using the following
equation:
M(8)far

A
Mref

z()* = p*

where A is the wavelength, z(t) is the input to the reconstruction for time t,
M is a measurement, and P is the prediction measurement. M(t)«ar represents the
measurement at time t during the breath hold. My is the baseline measurement taking
as an average of the 30 seconds of data prior to the subject holding their breath. Then
the signals that showed a signal to noise ratio of less than 10dB were labelled for removal
from the reconstruction. These two steps gave the input files to the reconstruction.
5.3.2 Automated Program

In order to automate and quicken the pre-processing, a simple user interface was
designed to guide the user easily through the necessary steps to pre-process the data.
Figure 5.2 shows the first step where the measurement files are created. The program
covers two stages of the pre-processing procedure. First, the raw data is filtered and the
measurement files are created. Second, the calculated input files are used to remove any
potentially erroneous signals.

The first step for creating the measurement files is loading the raw data. The raw
data are kept in files that the program can automatically search through to obtain the
desired patient and time point. Next the all the data is for each wavelength is displayed
as a check to make sure there are no obvious issues with the data (i.e. missing
wavelength data due to malfunction). Figure 5.3 shows an example of the signals from

the raw data.
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Figure 5.2 Flow diagram of MatLab program to create text files for reconstruction input.

Then the program asks for the starting frames for each breath hold. The program

then performs DCT filter on each of these sections of data and displays the filtered signal

(Figure 5.4). The filtered signal display shows the negative sum of all the detector signals.

This has become an essential check in the dynamic reconstruction process. Before this

check point was established, the optimal breath hold for reconstruction was difficult to

establish. Since occasionally the patient might move after a breath hold or talk, there are

sometimes motion artifacts or other issues with the breath hold. With this MatLab

program, we can see each breath hold at once, and determine the best one for

reconstruction. Otherwise, potentially, each breath hold might need to be reconstructed
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to find the best one, which was time consuming since each reconstruction could take a

day to complete.

0 200 400 600 800 1000 0 200 400 600 800 1000
frames frames

A, Right A, Right

0 200 400 600 800 1000 0 200 400 600 800 1000
frames frames

Figure 5.3 Visualization of each raw signal for an entire imaging from each source
detector pair for each wavelength for the left and right breast.

There is an option to shift the breath hold frames one way or the other.
Occasionally, the breath hold does not start right at the beginning of the frames that we
instructed during the subject imaging. The subject could either start late (i.e. take their
time beginning the breath hold) or start before we finished giving directions. Therefore,
this option allows us to shift the data filtered a couple of frames in order to begin the

reconstruction at the start of the breath hold. Once the breath hold is filtered and chosen,
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the user can choose how to name the files and the text files are automatically saved to a

folder.

15t Breath Hold 27 Breath Hold 3rd Breath Hold

-0.887 T T

102t : : - 1. -
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200

frames frames frames

Figure 5.4 Time traces for each breath hold that shows the normalized summation of all
the detectors for each wavelength for each breast.
5.3.3 Modify Input Files

The other option for this program is to modify the input files. After the
measurement files have been created and the forward model run, then the created input
files can also be used to check for any errors in the data. Similarly to the “creating the
measurement” process of the program, the program has a “modify input file” process,
which also guides the user to correct files they wish to use. Once the files are loaded,
each frame of the breath hold can be displayed. In Figure 5.5 is an example of one frame

of data for a patient that has poor signal in one of the detectors. After the user is finished
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looking through the frames, the program prompts whether to remove any sources or
detectors from the reconstruction. From the example giving in Figure 5.5, detector 54
would need to be removed from the reconstruction, since it is showing a much lower
signal than the rest of the data. This process is important since aberrant detectors can
severely impair the quality of the dynamic reconstructions. As seen in Figure 5.6, with
the poor detector used in the reconstruction input data, there is no visible breath hold and
the magnitude is far above what is typically expected. With the detector removed, the

breath hold is visible.

Left A Left A,
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1.3 1.3
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Figure 5.5 Visualization of input file data for each source detector pair signal for each
wavelength for each breast (Left). The input signal is Miwa/Mrer. Also plots of the average
input signal for each source and each detector (Right). Sources also act as detectors.
The sources are represented by circles and overlay its corresponding detector signal.
Detector 54 on the right side for both wavelengths shows a poor signal.
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Figure 5.6 Time trace of the reconstructed results of the data seen in Figure 5.5 of the
same breath hold with and without detector 54 removed.

Despite the current Matlab program having aided in increasing the speed and
efficiency of pre-processing the dynamic data, there are still areas that could be improved.
At the moment these poor source or detector signals are visualized and removed
manually. However, the program could be improved if poor signals could be automatically

removed.

5.4 Image Reconstruction Algorithm

The resulting data set was input to a diffusion-theory based PDE-constrained
multispectral imaging algorithm.®® This algorithm produced 3-dimensional volumetric
reconstructions of various tissue parameters of both breasts. In this study we focused on
the percent change of oxy-hemoglobin concentration (%A[HbO>]) and percent change of
deoxy-hemoglobin concentration (%A[Hb]) with respect to values observed at baseline.
The baseline values were obtained as the average signal level over a period of 30

seconds prior to the patient’'s breath hold. Each frame was reconstructed using the
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previous frame as the initial guess to the reconstruction, which decreases the
reconstruction time and improves accuracy. The first frame starts with a uniform initial
condition.

5.5 Post-Processing: Image Analysis and Quantification

A ‘-7 B _Averaged 30 Image c Find average V,,,, for each
frame to create trace

o.o"‘\[ Hb]m.u

=,
% %A[HD),,,"

max
Vmau

Figure 5.7 A visual of how time traces are acquired from 3D imaging. First the frames of
the 3D images are averaged (A). The max of the averaged 3D image is found and a
volume of half of the max is determined to become the volume of interest (VOI) (B). Last,
the average of the voxels in the VOI for each frame is found and plotted (C).

After the reconstructions are completed, the movies are quantified. To identify the
area that contains the tumor in the tumor-bearing breast, we average each voxel of the
full 3-D tomographic data set over the period of the breath hold and half the recovery
time. This results in a single frame of 3D data (see Fig. 5.7). Within this single frame we
determine the location ¥,,.x = (Xmax» Ymaxr Zmax) Of the maximum percentage change in
deoxyhemoglobin (%A[Hblnex) and the value of half this change, defined as FWHM =
%A[Hb]max/2. All voxels within the vicinity of X,,,,, for which %A[Hb]2 FWHM are defined as
part of the “volume of interest” (VOI) which contains the region with the tumor. Then for

each time point t of the original breath-hold data, the %A[Hb] values of each voxel within the

VOl is averaged to get a single data point Shp(t) = %A[Hblaw(t) . This value will change from
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time point to time point and a time-dependent curve Shy(t) can be plotted (see e.g. Fig.

5.7). Similarly, the same process was used to determine Shbo:(t) = %A[HbO:]av(t).

5.6 Breath Hold Trace Improvement

Figure 5.8 shows an example of a breath hold for a patient before and after the
above techniques were established. The breath hold in the before time trace (Fig. 5.8A)
is difficult to distinguish and shows high frequencies. Figure 5.8B shows a much smother
signal with a distinguishable breath hold. This improvement was due to the use of the
DCT filter and the current post-processing methods that keep the VOI fixed for each

frame.
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Figure 5.8 Example of a dynamic reconstruction of a baseline breath hold for a patrtial
response patient using just a 10dB filter (A) and both a 10dB and DCT filter using the first
15 coefficients (B).

5.7 Feature Extraction
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With reconstructed 3D imaging data sets of the two parameters (%A[Hb] and
%A[HbOZ2]) for both breast in place, the task becomes to find suitable features in these
images that show pronounced differences between the responders and non-responders.

First, a MatLab program was created to automatically find key points in the breath

hold curve. Figure 5.9 shows the key points that were determined via this program.
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Figure 5.9 An example of a breath hold for both the tumor (red) and healthy (blue)
undergoing feature extraction. Specific points along the breath hold curve were
determined on the curves for further calculations. The maximum of the peak, the start
point for the exponential fit for the recovery portion, the post 15 second after the peak,
the initial minimum before the peak value, and the post-peak minimum value and location
were determined.

The maximum peak is found by locating the maximum value during the breath hold. The
15 second post breath hold value is determined 15 seconds after the peak. To find the
key minimum values in the graph, the local minimum before (initial) and after (post peak

minimum) the peak were located. Last, the exponential fit start point is the maximum

value before the recovery portion of the curve. This point is usually the peak value,
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however, occasionally the breath hold would have a plateau section around the peak
location (see Figure 5.9). Therefore, to properly determine the exponential fit the start
point has to occur at the edge of this plateau portion of the breath hold. After these points
were determined, the following features were determined.

Since time-dependent dynamic data was obtained during a breath hold, we first
focused on time varying features inside the tumor. Figure 5.10 shows a plot of the time-
dependent Shp values for the VOI in one of our subjects. One can see how the Shp
increases sharply before a maximum is reached. Once the patient starts breathing again
Shp decreases. To capture the features of this rise and fall in a more quantitative way, we
introduce the following parameters, many of which have been used in other dynamic
imaging modalities before: initial enhancement (IE) of the breath hold, post-initial
enhancement (PIE), normalized maximum value (NMV), rise slope (Mmiise), fall slope (mya),
rise rate (Trise), and washout rate (Tran).

Initial enhancement (IE) is a parameter often employed in functional magnetic
resonance imaging (MRI). It is a measure of how an MRI contrast agent increases in
signal intensity after injections.®® We adapted this parameter for DDOT by defining it as
the ratio of the difference between the peak signal strength, Speak, and the initial minimal

signal before the peak Siniial, divided the peak signal strength:

|E = Speak”Sinitial 1)

Speak
The post-initial enhancement (PIE) is another parameter used in contrast-
enhance MRI. It is employed to determine how fast a contrast agent leaves a region an
interest in DCE-MRI imaging. * For DDOT we define the PIE as

PIE = SpostBH 15 sec_speak (2)
Speak
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In this equation SposteH1ssec IS the [HbT] value 15 seconds post breath hold mark. In
previous studies we found that this value leads to biggest differences between non-tumor
bearing and tumor bearing breast.??> The post-15 value was determined by using the
value in the trace 15 seconds after the peak and normalizing it by the value of the peak.

The rise slope, myise, was found by using the formula for slope between two points,
where the first point was the minimum value before the peak and the second point was
the peak point. The fall slope, ma, was similarly found using the peak as the first point
and the post-15 second point as the second. A visualization of the above features can
be seen in Figure 5.10.

Breath Hold Recovery

10

5 tBH15ser

SinitiElI

0 10 20 30 40 50
time (seconds)

Figure 5.10 An example how several features are taken from the time trace for a single
breast.

The rise rate, 1ise, Was determined by fitting the rising portion of the curve to an

exponential and taking the rate coefficient by looking at the section between the minimum
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values before the peak to the peak value. Similarly, the washout rate, 121, was
determined by fitting the recovery portion of the breath hold trace to an exponential and
taking the rate coefficient. The recovery portion was defined from the maximum point of
the trace to the following minimum position. These portions of the curve were fitted to the
following equations:
Sy = Arise * e7rse’t
3)
Sy = Asau * et
Where Asise and Arai were coefficients, t was the time that has passed in seconds,
and Sx is either Shp or Shbo.. The parameters Tiise and T Were then used in the current
analysis.
The normalized maximum peak value (NMPV), was calculated using the peak
value of the tumor trace normalized by the peak value of the healthy breath hold trace.
In addition we calculated the correlation coefficient (CC) between the time traces
observed in the healthy and tumor bearing breasts between the corresponding VOI.
In addition we tried various other parameters and features, such as time to

maximum, area under the curve, etc. However, these other features did not show

promising results, and hence we focused on the 9 parameters just introduced here.

5.8 Conclusion

By introducing the DCT filter and the automated program, dynamic DOT data was
able to be processed quickly and efficiently. Also, by developing methods to visualize the
data there has been progress to create check points that assist in breath hold choice and

quality. Therefore, the methods explained above has greatly contributed to the quality of
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the dynamic breath hold time traces. Last, features were created and calculated to assist
in the data analysis to determine if the hemodynamic nature of the breath hold can be

used to determine tumor response to NACT.
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Chapter 6: Dynamic DOT Results

6.1. Introduction

In addition to the static images that we acquired using our DOT system, we had
acquired and reconstructed movies of the hemodynamics of subjects holding their breath.
This is the largest dynamic NACT DOT monitoring study at the moment. Other groups
differ in imaging modality and methodology, however, few groups have employed
dynamic techniques for the purpose of observing hemodynamic changes in the NACT
setting.

As previously mentioned, given the non-invasive character of optical imaging
modalities and its sensitivity to blood-dependent parameters and tissue vascularity,
several groups have evaluated DOT or non-tomographic diffuse optical spectroscopy
(DOS) for monitoring response to NACT. For example, Ueda et. al. correlated the pCR
rates to baseline tumor oxygen saturation measurements obtained with a handheld
spectroscopic measurement system.®® The handheld probe had only one source and one
detector that were scanned across a region of interest to take both frequency-domain and
steady-state measurements. No optical tomographic reconstruction of the entire breast
was performed. Other groups employed tomographic breast imaging systems. 36 57. 74, 80,
% This includes the Zhu group at the University of Connecticut, who performed ultrasound
guided DOT NACT monitoring studies;*® 7273 78.7% gnd Dr. Yodh’s team at UPENN, who
performed a pilot study in 3 patients undergoing NACT. They employed a combined
frequency and continuous-wave system that uses two parallel plates to hold one of the
breasts in place inside a “breast box.” The box is filled with a solution of Intralipid and

India ink that is used as matching fluid and reference medium.®¢ % These groups have
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either employed dual-modality Ol or DOS to perform NACT monitoring in which
chromophore concentrations were observed, but have not utlized any dynamic
capabilities to detect hemodynamic trends of breast tumors.

In addition to the previous mentioned aspects in Chapter 5, the study differs from
previous research in a very distinct way. We employ a full-tomographic 3-dimensional
dynamic DOT imaging that provides information about hemodynamic effects of a breath
hold in the NACT setting.

Our group has previously used a dynamic diffuse optical tomographic (DDOT)
system to observe the hemodynamics of different tumors to determine if a subject had a
benign or malignant tumor or no tumor at all. The contrast mechanism that was used for
that diagnostic study was a simple breath hold. The quantified hemodynamic time traces
showed variation between the healthy and tumor bearing breasts of subjects compared
to those of healthy subjects, which showed similar traces for both breast. Additionally,
we observed a more pronounced change in deoxy-hemoglobin (A[Hb]%) in the tumor at
the 15 second post breath hold.?3

Given these promising results, we hypothesized that we will be able to observe the
vascular changes that occur in tumors utilizing DDOT early in treatment. In particular, we
expected that information about early changes in the hemodynamics can be used to
predict the NACT response of individual patients. To test this hypothesis, we designed a
longitudinal clinical study that uses DDOT to observe tumor response to throughout 5-

months of NACT.

6.2. Results
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6.2.1 Patient Summary

There were forty women recruited and imaged for the study with four subjects
being excluded due to drop outs or machine malfunctions. Table 2.2 show a subject
summary of the patients and their pathological response.

Since for this chapter we are only concerned with the baseline and week 2 time
points. Results from 6 patients were not included in the analysis presented here. One
patient completely stopped NACT midway through the therapy and was removed from
the study. For another 2 subjects, instrumentation failure during the imaging session
resulted in corrupted data sets that could not be used. One subject opted to receive
radiation therapy in addition to the traditional NACT therapy and therefore was removed
from the analysis. Two subjects completely missed there week 2 imaging time point.
6.2.2 Case Studies

Before a full statistical analysis is provided, we present two case studies that
illustrate the overall results we obtained. The first case involves a 46 year-old post-
menopausal woman with a poorly differentiated invasive ductal carcinoma. Her baseline
tumor, located in the left breast, had an initial maximum diameter of 2.9 cm as determined
by mammography (a clinical exam found the diameter to be 5.5 cm). The patient had a
pCR to NACT (RCB-0). Figure 6.1A shows the baseline mammogram of her left breast
with calcifications in the outer quadrants. Baseline optical images shows a greater
percent change in [Hb] than in the healthy breast at the 15 second post-breath hold time
frame (Fig. 6.1B). Figure 6.1C shows the time traces of changes in deoxyhemoglobin
(Shb) in response to a breath hold obtained at baseline and 2 weeks after the start of

NACT. We observe that while the rise slopes of both curves are similar, the washout rate
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at the two-week time point (black curve) is noticeably higher compares to baseline (red

curve).
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Figure 6.1 The top row shows imaging results from a patient with a pathological complete
response (RCB-0); the bottom row shows imaging results from a patient with no response
(RCB-IIl) to NACT. Figures A and D display magnetic resonance images (MRIs) obtained
prior to chemotherapy. Figures B and E are DOT images obtained from the left and right
breasts just before therapy. The images displayed refer to a time point of 15 seconds
after the breath hold; Finally, in figures C and F we show time-dependent signal traces in
response to a 30 second breath hold for the tumor region obtained from DDOT just before
the start of NACT (baseline) and 2 weeks after treatment initiation.

The second case study involves a 61 year-old post-menopausal woman with a
moderately differentiated invasive lobular carcinoma. Employing ultrasound imaging and

X-ray mammography it was determined that she had a very large tumor of 9.5 cm in
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diameter in the left breast, at the start of the therapy. She did not respond well to NACT
and was classified as a RCB-III patient. The patient’s baseline DOT images at the 15
second post-breath hold time frame show a large enhancement in the left tumor-bearing
breast, while the healthy breast shows a very small increase in the percent change of
[Hb] (Figure 6.1E). Furthermore, there is little difference between the time-trace of Sy
obtained at baseline and 2-weeks into chemotherapy (Fig. 6.1F). Especially, the washout
rates are almost the same, which is in stark difference to the time-traces observed in the
patient with a pCR (Fig. 6.1C).
6.2.3 Statistical Analysis of Hemodynamic Parameters
6.2.3.1 Analysis of Hemoglobin Traces observed at Week 2

We start our analysis by looking at the hemodynamic traces observed 2 weeks
after the first treatment with taxane. A summary of our main findings is given in Table 6.1.
The table shows the means values for all four cohorts (RCB-0, I, II, Ill) for all 9 features
(IE, PIE, mRise, MFal, Trise, Ttall, Speak, NMPV, and CC) of both the Snp and Shno. response
curves. Furthermore the values for various ANOVA analyses and p-values are given.
Statistical significant differences are highlighted in green (0.01 < p < 0.05) and yellow (p
<0.01). The mrise, Speak, NMPV, and CC do not show any statistically significant difference
among or between any of the groups for both Sxp and Swbo. traces. The features that
show some statistically significant differences between groups are IE, PIE, My, Trise, and
Tral. AS these features promise to be good predictors for treatment outcome, we will

discuss each them in more detail in the following sections.
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Table 6.1 Summary of features derived from time traces of the hemodynamic responses
(both Shp and Shno:) obtained 2 weeks after the initial treatment with taxane. Shown are
the mean and standard deviation for 9 different hemodynamic-curve features (IE, PIE,
Mrise, Mrall, Trise, Trall, SPeak, NMPV, and CC) for all four sub-cohorts (RCB 0, 1, II, and III).
One way ANOVA'’s were performed among all four groups, then three groups with RCB |
subjects grouped with either RCB 0 or RCB Il subjects. Fields highlighted in green mark
statistical significance (p<0.05); yellow denotes “strong” statistical significance (p<0.01),
and blue fields have values of 0.05<p<0.1.

ANOVA ANOVA ngans RCB
Features TT:;Z; RCB 0 RCB | RCB Il RCB Il ANSVA (23 (33 (F’Q)cho %?&islsl O\I/SH
groups) | 9elbe | OfgiRe | VPREE | em | REE

1
Sw | 1024028 | 092+0.04 | 0.96+0.15 | 0.71+0.34 | 0.09 | 0.04 | 004 0.1)3 015 | 0.01
| "Swor | 1032029 | 0902003 | 0962018 | 0732035 | 014 | 008 | 007 | 013 | 017 | 003
Sw | -0.89+052 | -051+0.18 | -040+0.42 | -030+0.56 | 0.04 | 002 | 001 | 0004 | 001 | 0.15
P TSwos | 0772038 | 0472021 | 0492046 | 0442048 | 030 | 024 | 015 | 0052 | 009 | 037
Sw | 0.80+0.83 | 047+0.21 | 0.70£0.49 | 0.38+0.46 | 058 | 046 | 041 | 034 | 047 | 0.22
o o | 0442047 | 0242006 | 0322020 | 017+0415 | 039 | 030 | 023 | 014 | 021 | 017
Sw | -046+0.32 | -0.41+0.31 | -0.19+0.20 | -0.01+0.34 | 0.015 | 0.005 | 0008 | 0.01 | 0.002 | 0.03
M Seer | 024£025 | 0194013 | 011£012 | 0032014 | 011 | 005 | 0054 | 003 | 002 | 0.09
Sw | 0.11+0.06 | 0.07+0.004 | 0.17+0.10 | 0.05:0.04 | 003 | 001 | 004 | 070 | 0.43 | 0.03
T Swez | 012£0.06 | 0.07£001 | 0.17£010 | 0.08£006 | 010 | 006 | 017 | 061 | 032 | 013
Sw | 0.18+0.09 | 0.07+0.02 | 0.09+0.10 | 0.07+0.07 | 0.03 | 005 | 001 | 0.003 | 0.02 | 0.16
T Gwer | 0172014 | 0072004 | 0114010 | 0114007 | 038 | 044 | 023 | 009 | 020 | 0.5
6 | St | 9242754 | 1105521 | 8612531 | 026831 | 097 | 094 | 099 | 093 | 077 | 095
Swo» | 534+529 | 562+1.66 | 434+329 | 398+3.82 | 088 | 072 | 078 | 050 | 0.42 | 0.63
\ypy | S | 183162 | 116+085 | 155+124 | 293+427 | 061 | 043 | 041 | 090 | 072 | 020
Swo» | 1.85+151 | 0.81+0.26 | 1.32+0.95 | 257+3.39 | 048 | 039 | 031 | 075 | 097 | 0.20
cc | Sw | 046+038 | 0572017 | 036034 | 0432036 | 034 | 052 | 096 | 077 | 028 | 093
Sz | 053+0.37 | 0.69+0.26 | 041+0.34 | 0.39+0.37 | 047 | 042 | 069 | 045 | 019 | 050

Since there are four response groups, there are several ways to create groupings
of the subjects. Most studies try to find the patients with a pCR (RCB-0) and group
patients in classes RCB-I, -1, and -l into one class of non-pCRs. However, if the goal is
to find patients who would benefit from a change in therapy, therefore patients that do not
respond to NACT, one could argue that finding patients that belong to the RCB-III class
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is equally important. From our statistical analysis, it is apparent that IE and rise are the
two best features for finding RCB 11l subjects. The p-values for differences between RCB-
[l and all other patients (last column in Table 6.1) are 0.01 and 0.03 for IE and Trise
determined for the Sy traces. As seen in Figure 6.2A, subjects that had some response
to NACT (RCB 0, I, &ll) have a higher IE value at week 2 compared to RCB Il subjects
for both the Sy and Shro: traces. Similarly, the responding subjects have a higher Trise,
but only the Shp traces showed a significant difference between response groups (Figure

6.2B).
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Figure 6.2 Comparison of different groupings for statistically significant features at week
2. Week 2 |IE value for subject groups responders versus no response (A). Week 2 PIE
value for pCR and non-pCR subject groups (B). Week 2 1iise coefficient for subjects that
had some response (RCB 0, I, & Il) compared to no response subjects with an RCB of |1l
(C). The my at week 2 for RCB 0&I and RCB 11&lll groups (D). Statistical significance
between the two response groups is denoted by (*) for p<0.05, (#) for p<0.01, and (&) for
p<0.001.
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If one wanted to identify RCB-II and RCB-IIl group members as candidates who
benefit from a change in treatment then the RCB 0&l versus RCB Il&lll grouping should
be used (see next to last column in Table 6.1). For this case we observed the largest
statistical significance (p<0.002) in the msa for the Spp traces. The RCB 0&I subjects
showed steeper slopes at week 2 compared to RCB Il &lll subjects for both the Snp and
Shbo. traces.

Similar to other studies we also looked for parameters and features for which pCR
subject could be distinguished best from non-pCR subjects (RCB-0 vs RCB-I, -II, -1lI). In
this case the most significant parameters were PIE (p<0.004) and Tsa1 (p<0.003). The
pPCR subjects had lower PIE values at week 2 for both the Sy (p<0.004) and Shbo:
(p<0.052) traces compared to non-pCR subjects (Figure 6.1D). Also, pCR subjects had
faster Ta1 compared to non-pCR subject, but only Sh, traces showed statistical

significance (p<0.03) (Figure 6.3).
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Figure 6.3 Week 2 1rai coefficient for subjects that had pCR compared to non-pCR. There
is only statistical significance for the Syp parameter with (#) p=0.003 (%d [HBO2]: p=0.08)
(Left). ROC curve for both Spp and Swhbo. With an area under the curve of 85 and 67,

correspondingly (Right).
6.2.3.2 ROC Curves for selected Week 2 features
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Since the difference in mrai for Snp traces between patients with a pCR and non-
PCR produced the strongest statistically significant distinction, we created a ROC curve
for this case (see Figure 6.3). The sensitivity, specificity, and accuracy for the washout
rate for Supb was 92.3% (12/13 subjects), 76% (16/21 subjects), and 82.4% (28/34
subjects), respectively (cut-off point Trar = 0.09). The area under the curve (AUC) was
0.85, and the PPV calculated to 70.6% with the NPV 94.1%. A similar ROC analysis for
mtan and PIE for Spp resulted in values shown in Table 6.2.

As for differentiating the RCB-0&I subjects from RCB-II&Ill the parameter with
smallest p-value for this analysis was msa for Spp. The corresponding ROC curve has an
AUC of 0.83 with a sensitivity of 86.7% (13/15 subjects), and specificity of 73.7% (14/19
subjects), and an accuracy of 79.4% (27/34 subjects). The PPV was 72.2% and the NPV
was 85.7%. Additionally, mrai for Snho. was statistically significant (p = 0.02) and the ROC
analysis can be found in Table 6.2.

Table 6.2 Summary of binary classification test for the three features that show the
statistically most significant differences between patients with a pCR (RCB-0) and non-
pCR patients (RCB-I, -Il, -1l), based on an analysis of the data obtained at week 2.

Sensitivity is the percent of the pCR subjects that were classified as pCR. Similarly,
specificity is the percent of the non-pCR subject that were classified as non-pCR.

pCR v non-pCR  Sensitivity Specificity Accuracy AUC PPV NPV

Miall 92.3% 76.0% 824% 085 70.6% 94.1%

PIE 53.8% 90.5% 76.5% 0.73 77.8% 76.0%

RCB 0&I v. l1&lll Sensitivity Specificity Accuracy AUC PPV NPV

Mian for Swp 86.7% 73.7% 79.4% 083 722% 87.5%

Msan for Shbo- 86.7% 63.2% 735% 0.77 65.0% 85.7%
RCB 0,I&ll v. Il Sensitivity Specificity Accuracy AUC PPV NPV |

IE for SHb 96.4% 50.0% 88.2% 0.71 90.0% 75.0%

IE for Shpo- 96.4% 50.0% 88.2% 0.66 90.0% 75.0%

Trise fOr SHb 53.6% 100% 61.8% 0.83 100.0% 31.6%

For differentiation between RCB-IIl and all other patients, the parameter IE

determined from the Spp traces produced the smallest p-value (p=0.01). The
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corresponding ROC curve has an AUC of 0.71 with an accuracy of 73.5% (30/34
subjects), sensitivity of 96.4% (27/28 subjects), and specificity of 50.0% (3/6 subjects).
The PPV is 90.0% and the NPV is 75.0%. The sensitivity represents the ability to predict
responding subjects (RCB-0, -I, and —Il) from the non-responders. The sensitivity,
specificity, accuracy, AUC, PPV, and NPV for the other statistically significant parameters
can be seen in Table 6.2.

6.2.4 Analysis of Differences between Baseline and Week 2 Imaging

In the previous section we only looked at data obtained two weeks after initiation
of the NACT protocol. To determine if additional parameters and features could be found
that yield even better separation between various RCB classes, we also analyzed
differences between data obtained at baseline (week 0) and week 2. Table 6.3 shows a
summary of each of the features.

In this table, the most notable entries are the low p-values for Amsa (Cchanges in
the fall slope) determined from Shp traces (highlighted in yellow). Of the 6 different
groupings considered, only RCB-Ill vs RCB-0, -I, -ll, shows a non-significant statistical
difference (p=0.64). All other groupings show p-values < 0.001. The features Amiise and
Amar had the lowest p-values for pCR versus non-pCR and can be seen in Figure 6.4.
All features show an increase for pCR subjects and a decrease for non-pCR subjects.
For the particularly important subgrouping of pCR versus non-pCR we find that the
sensitivity, specificity, and accuracy is 61.5% (8/13 subjects), 100% (21/21 subjects), and
85.3% (29/34 subjects) with an AUC of 0.87. The PPV was 100% and the NPV was
80.8%. The 100% specificity signifies that all the patients with a non-pCR were identified

as having a non-pCR response. This is of particular importance, as these are exactly the
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patients that would benefit form a change in therapy. The ROC curves for the significant

parameters for this grouping can be found in Figure 6.5A&B.

Table 6.3 Summary of the differences in features between baseline and two weeks after
the initial treatment with taxane (Week 2 — Baseline). Shown are the mean and standard
deviation for 9 different hemodynamic-curve features (IE, PIE, Myise, Mrall, Trise, Tral, Speak,
NMPV, and CC) for all four sub-cohorts (RCB O, I, I, and Ill). One way ANOVA’s were
performed among all four groups, then three groups with RCB | subjects grouped with
Green marks statistical significance (0.01<p=<0.05).
Yellow denotes “strong” statistical significance (p<0.01), and blue shows entries with

either RCB 0 or RCB Il subjects.

0.05<p=<0.1).

aova | avova | Pron RCB

Features | M FZngR()) RCB | RCB Il RCB Il ANEVA . O(%ps . é%ps JLAS SEE%? OF;\g |

i | G| W | S

Sw | 0.03:0.39 | -0.39%027 | -0.04:030 |-029+031 | 0.16 | 028 | 019 | 017 | 047 | 0.1

o Swoz | 0.16+0.38 | -0.35£049 | 0.03%041 | -040+0.37 [ 0.03 | 0.05 | 002 | 0055 | 018 | 001
Sw | 0.29£0.66 | 015:045 | -025%0.70 | 0.02£0.53 | 0.23 | 042 | 015 | 007 | 0.06 | 0.97

AP Swoz | 0.17+1.08 | 0.08+0.77 | -0.25+0.54 | 002064 | 063 | 042 | 048 | 028 | 026 | 087
Sw | 0.47£0.65 | -0.06£001 | -013+1.08 | -007+0.26 | 0.27 | 020 | 014 | 004 | 007 | 055

e Swoz | 0.26+0.36 | 0.003+0.001 | -0.03+0.51 | -0.07+0.14 | 0.22 | 015 | 011 | 0.03 | 0052 | 0.34
Sw | 0.33%033 | 003+0.27 | -038+056 | -0.13+0.30 | 0.003 | 0.001 | 0.002 | 0.0004 | 0.0004 | 0.64

A Soz | 016021 | -0.08+031 | -0.12+027 | -0.06+0.13 [ 0.08 | 0.03 | 001 | 0.0025 | 0.01 | 050
Sw | 0.04+014 | -01:021 | -003%0.19 |-012+022 | 0.64 | 055 | 0.60 | 069 | 094 | 031

e Swoz | 0.002£0.10 | -0.13+0.20 | 0.001%0.18 | -0.14£0.12 | 015 | 0.4 | 013 | 032 | 059 |0.05
Sw | 0.02£0.14 | -001%005 | -011+019 |-007+012 | 023 | 011 | 016 | 0.056 | 0.04 | 0.70

e Swoz | 0.01%0.19 | -0.01+0.06 | -0.14+0.19 | -0.06+0.11 | 023 | 011 | 017 | 0.08 | 0055 | 0.98
Sw | -444+496 | 132168 | 213+116 |-353+858 | 0.14 | 016 | 056 | 0.14 | 0.16 | 0.56

A5t Swoz | 2.68+3.20 | -049+236 | -0.19£6.23 | -1.27+4.30 | 020 | 0.26 | 096 | 020 | 026 | 096
Sw | 0.74+183 | 015:0.06 | -002+181 |-219+461 | 037 | 023 | 021 | 093 | 089 | 0.1
e | 0635186 | 0232023 | 0412175 | -192+3.67 | 022 | 042 | 011 | 070 | 086 | 008
Sw | 0.01:0.41 | 007+018 | 022+045 |-004+038 | 050 | 032 | 033 | 039 | 041 | 041

ace Swoz | 0.02£045 | 004027 | 007050 | 002+033 | 093 | 092 | 083 | 058 | 073 | 098
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Figure 6.4 Comparison of pCR and non-pCR for Amiise (Left), Amrai (Right), between
baseline and week 2 imaging. Statistical significance between the two response groups
is denoted by (*) for p<0.05, (#) for p<0.01, and (&) for p<0.001.

To separate RCB 0&l subjects from the RCB 11&lll subjects, Tra1 had statistical
significance for Syp traces in which RCB 11&Ill showed decreases in washout rate and
PCR subjects had an increase in washout rate. Figure 6.5C shows the ROC curve for
ATia for Sup. The AUC was 0.76 and the overall accuracy at the Youden index was 76.5%
(26/32 subjects). The corresponding sensitivity, specificity, PPV, and NPV was 73.3%
(11/15), 78.9% (15/19), 71.3%, and 78.9%.

To sort out RCB-III patients, the best features seem to be IE and Tiise for the Shpo:
traces (p=0.01, and 0.05, respectively). The AUC for IE and Tiise for the Shpo. traces was
0.83 and 0.76 (Figure 6.5D). Looking at the higher AUC, Tise for the Shbo. had a
sensitivity, specificity, and accuracy of 85.7%, 83.3%, and 85.3%, respectively. Here, the
sensitivity is the percentage of responders (RCB-0, -I, &-11) that were correctly identified.
The PPV was 96.0% and a NPV of 55.6%.

PIE, Speak, NMVP, and CC did not show any statistical significance between or

among the different response groups.
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Figure 6.5 ROC curves for select parameters from Table 6.3 in which the RCB 0 were
compared to RCB-I, -Il, and —Ill subjects (A and B), the RCB 0&I were compared to RCB-
&Il (C), and last where the RCB-O0, -I, and —Il were compared to RCB-III subject (D).
The AUC for Amyise for Snp and Shbo. was 0.71 and 0.69, respectively. For Amsq the AUC
for Sup was 0.87 and for Swpo. was 0.78. The ROC curve for Atsal for Sup had an AUC of
0.76. The AUC for the ATrise and AIE for Snpo. was 0.83 and 0.76, correspondingly.

6.3. Discussion

6.3.1 Summary of Results
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We have performed a clinical pilot study to evaluate if DDOT can be used to predict
pathologic response to NACT setting. In this study, 40 patients were enrolled, of which
dataset from 6 had to be discarded, either because the patients drop out of the study
before it was finished, or instrumentation malfunction. We evaluated a total of 9 curve
parameters for time-dependent traces of Swp and Swhbo2 recorded inside the tumor.
Recordings were obtained at baseline, just before treatment initiation (week 0) and 2
weeks after NACT started. Our study showed that tumors in patients with pCR (RCB = 0)
have higher washout rates, mrai, by week 2 compared to non-pCR (RCB-=l, II, 1) patients.
Using mrai for Snp as parameter to predict patients with a pCR, we achieved a sensitivity
of 92.3% and a specificity of 76%. Here sensitivity is defined as the ability to determine
if the patient will have a pCR, and specificity is how well the non-pCR subjects can be
determined. Additionally, the Amrise and Amran showed significant difference between pCR
and non-pCR subjects, where pCR subjects showed an increase in each parameter for
both Shp and Shno2 traces. This may possibly indicate and increase in blood flow in the
tumor. For this analysis, the highest AUC (0.87) and specificity (100%) were obtained
for Ameai (fall slope) of the Shp trace.

In comparing RCB-0/I from RCB-II/11l, the best parameter would be mya at week 2
for Sup where an accuracy of 79.4%, the highest for this grouping. However, the best test
for determining RCB 11l was using ATiise for Snboz in which the corresponding ROC curve
had the highest Youden index with a sensitivity of 85.7% and a specificity of 83.3%.

IE and PIE show very similar trends to the Trse and Trai parameters. This would be
expected since these parameters describe similar phenomena. There also seems to be

little correlation between the response of the subject and to the absolute values of the
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traces at any point. Additionally, since breath hold times between patients varied due to
the subject’s capability to hold her breath, features such as time to peak was difficult to
extract. Therefore, in this current study we focus on the overall shape of the breath hold
by looking at IE and PIE, as well as, the rise and fall time constants.

For this current analysis of dynamic features for NACT tumor response, we
observed many different features and report here our most promising parameters.
6.3.2 Physiology Basis of Observed Phenomena

Like many other chemotherapeutic drugs, taxanes disrupts the cell cycle to prevent
proliferation and causes apoptosis. In addition it has been shown that taxanes disrupts
microvessels and decreases microvascular density.® However, instead of disrupting
blood flow, studies in mice have suggested that the diameter of the tumor vessel and
blood flow velocity inside the vessels actually increase when a tumor responds to
taxanes. To explain this apparent paradox, it has been argued that solid tumors have a
naturally high interstitial fluid pressure (IFP) due to the compression of blood vessels from
surrounding tumor cells, the disorganized tumor vascular network, and the absence of
functional lymphatics.'! 2 Chemotherapy leads to a reduction of tumor cell density, which
in turn lowers IFP, and consequently increasing blood vessel diameter and blood flow
velocity. These arguments are supported by another study that demonstrated that IFP
decreased after breast cancer patients who received the taxane paclitaxel.®? Additionally,
it was demonstrated that the use of taxanes can help with drug delivery to the rest of the
tumor by increasing vascular surface area and essentially improving tumor response to

treatment.®> A Doppler sonography study in which 17 out of 30 patients received
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paclitaxel based NACT showed an initial increase in vascularity in subjects that
responded well to treatment followed by a decrease in vascularity.®’

The results obtained in our study seem to support these findings. For example, we
observed an absolute increase of mrise, and msan (Table 6.3, row 3&4, column 3) which
may be better explained by the cell death that occurs early during treatment, rather than
anti-angiogenics effects, which would suggest a decrease in blood flow and vascular

reactivity.
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Figure 6.6 The week 0 washout rate ratio (Ttumor/ THealthy) for both Shp and Shwo2 were
statistically significant different from the value 1 with p <0.01 for each group.

The tumor region in our dynamic imaging at baseline had a greater washout rate

compared to that of the contralateral breast (see Figure 6.6). This finding is in

agreement with other studies, based on color Doppler ultrasound, PET-MRI, and optical
imaging, in which it was observed that blood flow is greater in tumor regions then in
corresponding healthy breast tissue.%®101 For example, Choe et. al. used diffuse

correlation spectroscopy to observe blood flow in breast cancer patients without any
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treatment. They observed that blood flow was about twice as fast in tumor regions
compared to healthy tissue and compared to the contralateral breast.1®® Also, we saw
increases in Mrse, Mral, and mrar for pCR subjects between the baseline and week 2
imaging time point suggesting that there may be increase blood flow in the tumor.
Therefore, there is evidence in this current study to suggest that the increase apoptosis
and increase IFP in responding tumors to taxane may cause the increase in Mrse, Msall,

and mya by the second week of NACT and could be physiologically relevant parameters.

6.4 Conclusions

We have developed an imaging approach to noninvasively extract information
about the hemodynamic effects that occur in and around tumors of newly diagnosed
breast cancer patients. In this study we demonstrate that certain features of the
hemodynamic responses to a simple breath hold can be used to predict treatment
outcome in patients undergoing NACT. Using dynamic optics tomographic imaging data
from 34 patients, we evaluate time-traces of deoxy-hemoglobin concentrations, Swp, and
oxy-hemoglobin concentration Swhbo. inside the tumor. Recordings were obtained at
baseline, just before treatment initiation (week 0), and 2 weeks after treatment started.
Our study showed that tumors in patients with pCR (RCB-0) have statistically significant
higher washout rates, mrai, at week 2 compared to non-pCR (RCB-I,-Il, 1ll). Using T for
Shb as parameter to predict patients with a pCR, we achieved a sensitivity of 92.3% and
a specificity of 76%. Additionally, the difference in rise slope, miise, and fall slope, Mmra,
between the two imaging points showed significant difference between pCR and non-

pPCR subjects, where pCR subjects showed an increase in each parameter for both Sp
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and Shpo: traces. Finally, we determined that IE and rise 0f the Snp traces are the two best
features for comparing RCB-0/I/1l vs. RCB Il patients, i.e. the patients at highest risk for
breast cancer. We were able to get 100% specificity for rrise Of the Shp traces when looking
at RCB-0, I, &Il versus RCB-III, which indicates that we can identify all non-responders.
These are subjects that are least likely to respond NACT and hence may be prime

candidates for a change of therapy.
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Chapter 7: Combined Analysis

7.1 Introduction

There have been several optical and non-optical imaging studies that have
observed changes of breast tumors during or after NACT. Since few patients have a
pCR after treatment, the purpose of the studies was to identify the subjects who do not
have a good response to treatment early during NACT. Then other options for treatment
could be considered instead of continuing with a treatment that yields no result.
Therefore, more personalized treatments could be developed to optimize the patient
outcome of those who do not respond. 3 48

In Chapter 1, |1 go into more detail about monitoring using traditional methods.
Briefly, in a meta-analysis using CE, MG, US, and MRI, that had an accuracy of 57%,
74%, 79%, 84%, respectively.>® Additionally, some of these methods are not feasible for
monitor, such as MG or MRI. MG would be dangerous for multiple imaging session due
to radiation. MRI would not be feasible since it would be too expensive for multiple
imaging sessions. Since traditional method lack the accuracy or the feasibility for tumor
monitoring or predicting response, DOT has emerged as a novel imaging modality for
tumor monitoring. DOT uses optical transmission measurements with non-ionizing, low-
intensity near-infrared light to generate three-dimensional maps of various tissue
parameters.

There are several advantages to using optical imaging (Ol) to monitor breast tumor
response over conventional imaging techniques. For example, Ol uses non-ionizing light
sources that allow for multiple imaging session within a short period of time. Therefore,

measurements can be taken a few weeks to a few days apart from each other with no
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adverse effect. Ol is also sensitive to parameters that change over the course of
treatment, such as tissue vascularity or hypoxia.® 48

Several studies have shown that there is a change in optical properties over time
during the course of neoadjuvant chemotherapy. 4 5760 Ueda et. al. used discriminant
analysis to predict tumor response at the baseline with a sensitivity of 100% and
specificity of 85.7% when combining the estrogen receptor status with baseline SO2%.
Otherwise, with just using SO>% at baseline imaging there was a sensitivity of 75% and
a specificity of 73.3%. The subjects of the study received four different treatments, some
concurrent with bevacizumab and trastuzumab.®®

Zhu et. al. found that by adding optical imaging parameters of [HbO.]Jand [HbT] to
their logistic regression model, there was a significant improvement to sensitivity and
specificity for the pre-treatment time point. Using pathological variables alone they saw
an average sensitivity of 56.8% and specificity of 88.9%. By adding [HbT] the sensitivity
and specificity were 79%, and 94%, respectively. Also, by adding [HbO:] to the model,
the sensitivity became 77% and specificity was 85%. Using just the training set of data,
they were able to increase the AUC by adding the [HbT] for each cycle of chemotherapy
to the model, so that by just using the pathological variables the area under the curve was
87.9%, but combining the pathological variables with baseline [HbT], and cycle 1-3
measurements the AUC was 100%."® These analyses are based on data collected from
32 patients that received four different treatments with three patients receiving
bevacizumab.>®

Falou et. al. observed 15 patients that received several different treatments

including chemoradiotherapy and was able to determine a 100% sensitivity and 83%
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specificity with [Hb] and 75% sensitivity and 100% specificity with water percentage one
week after the beginning of NACT. They employed univariate methods without cross
validation.8®

In the previous chapters, we looked at 3D images (static data) and 3D movies
(dynamic data) individually to determine if the response of a subject could be predicted
using these DOT techniques. Both studies track the tumor progression in 34 breast
cancer patients receiving the same NACT regimen. The static DOT study observed how
concentrations of oxy-hemoglobin, deoxy-hemoglobin, water fraction, total hemoglobin,
and oxygen saturation changed over the entire course of treatment at six imaging time
points and how normalized oxy-hemoglobin correlated significantly with the residual
cancer burden throughout NACT. Our dynamic DOT study selected features from the
hemodynamic trend that occurs as a subject held their breath and that could be used to
determine the pathological response two weeks after the beginning of NACT. However,
an in depth discriminant analysis of the features acquired had not been done, which is
the focus of this chapter.

For the current study we employ discriminant analysis techniques and use baseline
biomarkers, static DOT imaging features, and dynamic DOT imaging features to improve
the accuracy, sensitivity, and specificity of our tumor prediction models. We have looked
at models that separate the pCR subjects from the non-pCR subjects. Ideally, the poorly
responding subjects (RCB-Ill) are a population of great concern, but the current number
of subjects that fall into this group is 6. Therefore, discriminant analysis with this small
number would be difficult to interpret. Also, since the goal of the study is to determine

early on within treatment whether or not NACT is effective, we have concentrated our
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feature selection to the first two imaging time points: baseline and week 2 (third cycle of
taxane). Here we show that the combination of static and dynamic features yields the

highest accuracy and out performs baseline biomarker analyses.

7.2 Methods
7.2.1 Patient population

There were 40 women with breast cancer imaged with four exclusions. Here, we
only look at the first two time points (baseline, week 2) since the largest advantage for the
patient would to be able to determine early within treatment the tumor response. A more
detailed description of the subject population can be found in Table 2.3.
7.2.1 Pathological, Static, and Dynamic Parameters

There were five data sets we incorporated for the current study: pathology,
baseline static data, week 2 static data, baseline dynamic data, and week 2 dynamic data.
These data were obtained from the results of the previous chapters. For the pathological
biomarkers, the estrogen receptor status (ER), progestogen status (PR), and Ki-67
protein percentage (Ki67) were acquired before the initiation of NACT. Four patients were
missing their baseline Ki67 tests due to outside diagnosis and testing. The static DOT
parameters include concentration of [HbO2], [Hb], WF, [HbT], SO2%, and the normalized
concentrations by both the healthy breast (T/H) and the non-tumor region in the tumor
bearing breast (T/nT). Only week 2 features have the percent change from baseline
imaging. Additionally, the percent change from the baseline was found for the normalized
values as well. These parameters are described in more detail in chapter 5. The dynamic

parameters are taken from the hemodynamic time traces of the percent change in [HbO2]
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(SHbo2) and [HDb] (Shp) during a breath hold. Some of the features include the rise slope,

fall slope, rise rate, washout rate and maximum peak value. The calculations and

descriptions of the dynamic features can be seen in chapter 4. A list of all parameters are

shown in Table 7.1.

Table 7.1 Summary of features where X could be any of the features above and Y is any

feature above or any feature involving X.

Pathological features

Estrogen Receptor

Dynamic Features

ER
percentage
PR Progestogen Receptor
percentage
Ki67 Ki-67 protein
percentage
Static Features
Oxy-hemoglobin
[HbOZ] Concentration
[Hb] Deoxy—hemoglobin
Concentration
WF Water Fraction
Total hemoglobin
[HbT] Concentration
SO2% Oxygen Saturation
X Feature X normalized
(1) to Healthy Breast
Feature X normalized
XamT) to non-Tumor region in
Tumor bearing breast
Percent change of
%AY feature Y from baseline

imaging

7.2.2 Discriminant Analysis

Discriminant analysis was performed using MatLab.

MpRise
MFall
Trise
Trall

IE
PIE

SPeak
NMPV
cC

X for Swp

X for SHboz

AY

%AY

Rise Slope

Fall slope

Rise rate

Fall rate

Initial Enhancement
Post Initial
Enhancement

Peak value
Normalized maximum
peak value
Correlation Coefficient
Parameter X for
deoxyhemoglobin
dynamic curves
Parameter X for
oxyhemoglobin
dynamic curves
Change in Y from
baseline imaging
Percent change of Y
from baseline imaging

Both univariate

and

multivariate methods were employed for calculating the accuracy, sensitivity, specificity,

positive predictive value (PPV), and negative predictive value (NPV) for determining

whether the patient had a pCR or non-pCR to treatment.

Sensitivity in this study

represents the probability that a positive predicted condition is a true pCR. Conversely,

specificity represents the probability that a negative predicted condition is a true non-pCR.
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The data was divided into testing and training data where 25% of the data was
used for testing. The univariate and multivariate discriminant analysis was repeated 20
times with a different random portion of the data removed for testing. Then the mean and
standard deviation were calculated for the accuracy, sensitivity, specificity, PPV, and
NPV.

For the univariate method, the cutoff point/threshold for was taken at the Youden
index (Y1) of the training data and then applied to the testing data. As for the multivariate
method both linear discriminant analysis (LDA) and quadratic discriminant analysis (QDA)
were employed. These methods were used for the baseline and week 2 time points, and
the static and dynamic data. Last, the static and dynamic features were both used for
LDA and QDA.

The feature for the univariate analysis with the largest YI are was reported. For
the multivariate method, LDA and QDA were performed for every combination of features

between two sets of data and the combination with the highest Y1 was reported.

7.3 Results
7.3.1 Univariate Analysis

First, we looked at the ROC curves of the just the pathological baseline biomarkers
to determine the standard ROC that the physicians would have for this particular study.
Figure 7.1 shows the ROC curves for ER, PR, and Ki67 that have an area under the curve

(AUC) of 0.89, 0.85, and 0.53, respectively.
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Figure 7.1 ROC curves of pathologic biomarkers ER, PR, and Ki67.
ER has the highest AUC with a sensitivity of 85.7%, a specificity of 81.8%, and an
accuracy of 83.3%. The sensitivity analysis at the YI for the biomarkers can be seen in
Table 7.2. Additionally, these pathological biomarkers underwent univariate analysis with
cross validation (Table 7.3).
Table 7.2 Sensitivity analysis of ROC curves in Figure 7.1 for ER, PR, and Ki67.

Biomarker AUC Sensitivity Specificity Accuracy PPV NPV

ER 0.89 85.71% 81.82% 83.3% 75.0% 90.0%

PR 0.85 85.71% 17.27% 80.6%  70.6% 89.5%
Ki67 (n=32) 0.53 90.91% 42.86% 59.4%  45.5% 90.0%

First, univariate analysis was performed to see if a single variable would be viable
enough for tumor response prediction at the first two imaging time points during NACT.
Table 7.3 shows the features for each set of data that had the highest Youden index. Out

of the data sets shown, pathology had the highest Yl by using the ER percentage.
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Consequently, ER had the highest accuracy (72.8%) and sensitivity (64.2%). However,

the sensitivity and accuracy for any of these parameters is <75%. Therefore, multivariate

analysis was performed to see if the accuracy, sensitivity, and specificity could be

increase.

Table 7.3 Summary of univariate analysis for each data set with the feature with the
greatest Youden index.

Data Set Feature Accuracy Sensitivity Specificity PPV NPV
Pathology ER 72.8%+11.7% 64.2%+14.6% 89.6%+14.8% 91.4%+12.5% 56.9%+17.4%
Static Baseline [Hb] 46.1%+15.4%  25.0%+44.4%  75.0%+44.4% 51.1%+14.9% 44.4%+15.7%
Static Week 2 %A[HbO2]mm  71.3%+11.9%  53.3%+20.7%  96.6%+8.2% 95.3%+12.6% 61.2%+14.7%
Dynamic Baseline | Trise for Stpo2 50.0%+13.7%  21.8%+12.8%  96.5%+9.0% 88.9%+27.4%  43.2%+15.2%
Dynamic Week 2 | PIE for St 70.0%+14.5% 62.3%+22.1% 85.5%+14.2% 87.0%x12.5% 61.2%+22.2%
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Figure 7.2 ROC curves of best DOT features from univariate analysis.

Figure 7.2 shows ROC curves for the best DOT features from the univariate

analysis.

Here the highest area under the curve is the week 2 static feature of
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%A[HbO2]rmt). This features has a sensitivity of 76.9% and specificity of 90.5% (see

Table 7.4). Additionally, %A[HbO2]mt) has the highest accuracy of the features (85.5%),

which is higher than the ER ROC analysis.

sensitivity than ER.

However, %A[HbO2]rmt) has a lower

Table 7.4 Summary of sensitivity analysis of the best select features from the univariate
analysis seen in Table 7.3

Feature AUC Sensitivity Specificity Accuracy PPV NPV
Baseline Static:[Hb] | 0.56 = 64.3% 727% | 69.4% | 60.0% | 76.2%
Week 2 Static: 0 0 0 0 0

AHEO e, | 087 | 76.9% 90.5% | 85.5% | 83.3% | 86.4%
Baseline Dynamic: | 54 ' 21406 | 100.0% | 69.4% | 100.0% | 66.7%
Trise fOr SHbo2
Week 2 Dynamic: | ) 7 | g5 304 61.9% | 735% | 60.0% | 92.9%
PIE for S

7.3.2 Multivariate Analysis

Table 7.5 Summary of LDA and QDA for each data set with the features with the greatest

Youden index.

Data Set Type Feature | Feature Il Accuracy Sensitivity Specificity PPV NPV
.8%+15.5%  80.0%%20.3%  638.7/%+138.2%  62.7/%x23.2%  83.7/%+14.6%
LDA ER PR 72.8%+15.5% 80.0%+*20.3% 68.7%x18.2% 62.7%*23.2%  83.7%*14.6%
Pathology
QDA ER PR 75.0%+21.3%  78.3%+37.5% 57.5%+43.8% 72.5%%25.0% 82.3%%35.2%
S | LDA [HBT]rmm [HbO2]m 70.6%+14.1%  43.4%+30.5% 89.1%+19.5% 79.6%%32.1% 72.6%%14.5%
tatic Baseline
(TnT) (TIH) B8%x17.6% 42.8%x21.2% 37./%x13.8% /7.6%%£33.1% 64.4%+20.6%
QDA [Hb] [HbT] 67.8%+17.6% 42.8%+21.2% 87.7%x18.8% 77.6%%33.1% 64.4%*20.6%
LDA  SO2%nm %A[HbO2]T/H) 82.5%+16.4% 80.8%+28.2% 85.5%+18.4% 73.7%%33.2%  90.3%*14.5%
Static Week 2
QDA %AS0:% %AW F (tnm) 81.3%+11.1% 84.4%+22.5% 83.7%x15.5% 72.3%x24.7%  90.0%*13.7%
LDA Fs Swp NMPV for Spp ~ 65.6%+16.5%  48.4%+27.0% 83.6%+19.7%  72.1%+27.8% 68.1%+19.3%
Dynamic Baseline
QDA  Fsfor Swp Trise fOr Shp 78.3%+14.2%  92.7%+19.7%  70.2%x23.3%  73.1%+21.5% 93.3%*16.7%
Dynamic LDA AFs Swp PIE for S 88.8%+13.4% 81.3%+28.5% 92.1%+12.4% 82.1%+29.4% 91.7%*11.5%
Week 2 QDA  Traifor Swp  ASpeak fOr Smoz  88.1%+7.6%  89.0%+16.3% 87.9%+10.4% 82.6%+15.9%  93.0%+10.0%

In Table 7.5 is a summary the features that had the highest Yl of the discriminant

analysis for each data set using both LDA and QDA. The QDA for dynamic week 2 data

has the highest YI, where accuracy is 88.1%, sensitivity is 89.0%, specificity is 87.9%,

PPV is 82.6%, and NPV is 93.0%. However, the LDA for dynamic week 2 had a higher
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accuracy (88.8%). Both the static and dynamic week 2 data set had the highest
accuracies (>80%) among the analyzed data sets.

The best performing test for the baseline data sets was the dynamic data set with
QDA where the accuracy was 78.3%, the sensitivity was 92.7% (the largest sensitivity
from Table 7.5), and a specificity of 70.2% .

This is alarge increase in accuracy compared to the univariate analysis. LDA and
QDA vyield similar results for each of the data sets, in which QDA only occasionally
increases accuracy or the YI.
7.3.3 Multivariate Analysis with Pathology

Table 7.6 Summary of LDA and QDA for pathology combined with DOT features.

Data Set Type Pathology Feature DOT Feature Accuracy Sensitivity Specificity PPV NPV
LDA ER S02% 75.6%+15.1% 81.9%+24.8%  75.8%+15.0% 68.2%+19.5% 84.7%+18.7%
Static Baseline
QDA ER [HbT] 75.6%+17.1% 82.0%+21.1%  75.9%+23.8% 68.0%126.6% 86.8%+16.4%
LDA PR %A[HbO2] 85.0%+11.2% 86.8%+25.2%  83.9%+14.0% 75.5%+19.3% 92.9%+12.1%
Static Week 2
QDA ER %A[HbT]mr  85.0%+10.4%  80.3%+18.0% 88.2%+15.3% 82.9%+21.0% 88.2%+10.2%
LDA PR Mea for Hb 82.2%+12.2% 86.3%+18.8% 82.0%+18.7% 76.7%x22.7%  90.1%+14.4%
Dynamic Baseline
QDA ER IE for Hb 78.9%+12.4%  85.6%+17.4%  76.3%+18.9% 73.7%x21.2% 86.5%+15.7%
Dynamic LDA ER Amgai for Hb 85.6%+11.7%  81.5%+22.2%  90.5%+12.6% 85.8%+18.8% 87.5%*16.7%
Week 2 QDA PR %Atran for Hb - 84.4%+9.0%  76.3%+24.1% 91.6%+11.1% 86.7%x17.4% 86.0%+12.4%

Since there was still room for improvement for the YI and accuracy, we combined
each of the DOT parameters with the pathology of the subject. Table 7.6 shows the
combination of features with the highest Y| for each data set. The best performing test
was the LDA of pathology combined with dynamic week 2. This combination has an
accuracy of 85.6% with a sensitivity and specificity of 81.5% and 90.5%, respectively.
The next best performing test is the QDA for the combination of pathology features and
static week 2 features, where the accuracy, sensitivity, and specificity are 85.0%, 80.3%,

and 88.2%, correspondingly. The best performing pathology and baseline data set
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combination was LDA for dynamic week 2 with an accuracy of 82.2%, sensitivity of 86.3%,

and specificity of 82.0%.

The top results from the multivariate analysis are an improvement from the

univariate analysis of the pathology.

7.3.4 Combining Baseline and Week 2 features

Table 7.7 Summary of LDA and QDA for baseline versus week 2 features.

Type Baseline Feature Week 2 Feature  Accuracy Sensitivity Specificity PPV NPV
_ LDA  WFmm %A[HbT]ernm) 81.3%+13.1% 81.7%*23.5% 84.2%+13.4%  73.8%*22.6% 87.7%+15.4%
Statie QDA  [HbJam [HbT] 75.0%+18.6%  82.0%+31.6% 75.5%+20.4%  65.1%+28.5% 87.5%+20.8%
) LDA  NMPV for Shbo2 Ampgai for Swp 86.3%+10.7% 76.3%+32.0% 90.7%x11.1%  77.2%+29.9% 90.4%+11.4%
bynamie QDA mrai for Swp Tral for Swp 83.1%+10.2% 81.7%+22.1% 85.5%+11.3% 71.9%+22.1% 89.0%+14.4%

In order to see if the static or dynamic data sets could be used individually, LDA
and QDA were used to combine baseline a week 2 features. The highest YI index was
the dynamic QDA test where the accuracy was 83.1%, sensitivity was 81.7%, and
specificity was 85.5% using the Fs for Sup and Tran for Shp as the features.  However,
the highest accuracy and specificity was from the dynamic LDA test (accuracy 86.3%,
specificity 90.7%).

Besides the baseline parameters, this analysis does not yield higher accuracies or
Y| from the multivariate analysis using only one data set at a time.

7.3.5 Combining Static and Dynamic features

Table 7.8 Summary of LDA and QDA for static versus dynamic features.

Type  Static Dynamic Accuracy Sensitivity Specificity PPV NPV
) LDA  [HbO2]mmn NMPV for Sppoz  63.3%+17.3%  39.9%+34.5%  83.5%+17.7% 55.2%+35.3%  71.2%+20.5%
Paselne QDA SO2%qamm) Fs for St 67.2%+13.2% 54.0%+27.7%  82.1%+21.4%  73.3%+24.3% 71.5%+19.5%
LDA  %A[HbO2]mm)  Trai for Swo 91.3%+10.8% 89.7%+15.6%  95.0%+11.3% 91.7%+19.3% 92.0%+*11.6%
Weekz QDA %A[HbO2] Tran fOr Swo 93.1%+8.6% 87.1%+25.4% 94.4%+10.5% 90.6%+17.4%  94.8%%9.9%
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The static and dynamic parameters were combined and the test with the highest
Y1 was LDA for week 2, but the highest accuracy was QDA for week 2. The LDA for week
2 had an accuracy of 91.3%, a sensitivity of 89.7%, and a specificity of 95.0%. Also, the
week 2 LDA test had a PPV of 91.7% and a NPV of 92.0%. As for the QDA, there was
an accuracy of 93.1%, which is the highest accuracy out of all the previous discriminant
analyses. The combination of data sets can be seen in Figure 7.3, where a non-validated
QDA was performed. Here the accuracy, sensitivity, specificity, PPV, and NPV were
94.1%, 92.3%, 95.2%, 92.3%, and 95.2%, respectively.

04F : 7 : : . ——
' * pCR
N ¥ non-pCR

0.35 ;

DYNAMIC
Teal for [Hb]
[ ]

50 100 150 200 250
%A[HbO, ]
STATIC

Figure 7.3 QDA without validation of the week 2 features from the static and dynamic
data sets. The accuracy, sensitivity, specificity, PPV, and NPV were 94.1%, 92.3%,
95.2%, 92.3%, and 95.2%, respectively.

7.4. Discussion
The univariate analysis showed that the pathology had the best YI, but was not

clinically useful. Yet, the analysis gave us a standard in which we needed to exceed in
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which ER status had a sensitivity of 64.2% and a specificity of 89.6%. The multivariate
analysis for both week 2 static and dynamic data sets performed much better than the
univariate analysis. The week 2 data sets had accuracies that were all over >80%. From
the baseline data sets the dynamic QDA had the highest Y| and sensitivity (92.7%), which
may be helpful at determining pCR at the baseline imaging. However, the multivariate
analysis was most accurate when the week 2 data was taken into consideration.

The best baseline testing was the combination of pathology and dynamic features,
which yielded an accuracy of 82.2% for LDA (see Table 7.6). Here, since the accuracy,
sensitivity, specificity, PPV, and NPV are all >75.0%, this test may be viable for baseline
screening of NACT effectiveness before the first dose is administered. However, the
analysis clearly shows that the week 2 time point yields better testing options that give
higher accuracies, sensitivities, etc. The best week 2 performing combination would be
between the static and dynamic features, where an accuracy of 91.3% was acquired from
LDA, and an accuracy of 93.1% was acquired from QDA. Therefore, the QDA model may
be used tumor response prediction (see Figure 7.3). Future studies could consist of using
this model to determine which patients will not have a pCR and possibly add or change
the agents used from their current treatment protocol.

The physiological features that yielded the highest accuracy from our discriminant
analysis test were %A[HbO] and the washout rate Tra at the week 2 time point. The
physiological basis of each of these parameters has been explained before in sections
5.4 and 6.4 of this thesis. Briefly, there is a tendency for pCR subjects to have a decrease
in [HbO2] levels by the second week of NACT initiation. Also, we have observed that pCR

subjects have a higher washout rate by week 2 compared to non-pCR subjects. As a
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result, the pCR subjects tend to cluster in the top left portion of the graph that compares
these two features (see Figure 2). While the non-pCR subjects tend to have little change
or anincrease in [HbO2] levels, as well as, a slower washout rate at the week 2 time point.
Therefore, the combination of the features yields a very good prediction model for tumor
response to NACT.

The result with the highest YI was the LDA with the week 2 static and dynamic
data combined. With an accuracy of 91.3%, a sensitivity of 89.7%, and a specificity of
95.0%, our model outperformed the traditional methods seen in Table 1.6. Even MRI,
which had the accuracy of 84% was still lower than the current results we have obtained.
Therefore, using dynamic and static information can plausibly predict tumor response to
NACT treatment.

Overall, the discriminant analysis for pathology, static features, and dynamic
features have yielded promising results that could potentially be used in interventional
studies to improve the outcome of the patient, based on their DOT imaging. Especially,
combining the static and dynamic capabilities of our imaging system to obtain different
features to use in simple discriminant analysis techniques has acquired a prediction

accuracy as high as 93.1%.
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Chapter 8

8.1 Summary

Our current DOT breast imager is capable of dual breast dynamic and static
imaging. Therefore, there is a vast array of information we can utilize to observe tumor
vascular changes. The static images are capable of locating the tumor position, as well
as showing changes over treatment that correspond to the pathological response of the
patient. Additionally there are visible changes in the dynamic traces of the patient breath
hold that also can be analyzed to determine if the subject has a good response. The
combination of this information has been utilized to further assist in determining response.
Ultimately the goal was to use the week 2 information to predict whether early in the
treatment if there is a response and change the treatment plan accordingly to optimize
the patients’ outcomes.

There were 40 subjects have been recruited for this current study with 36 subjects
that have been used for the overall analysis of this NACT monitoring study. The number
of patients in our study that have a pCR was about 38.9%, which corresponds to similar
numbers in the literature.> 3 Our analysis has shown promising results, with significant
difference in percent change of [HbT] at the week 2 time point. Our results correspond
with previous studies where pCR patients show a drop in [HbT] after the first few weeks
of treatment. However, in other studies, subjects received different chemotherapy
regimens or have taken additional cancer drugs.1%12 1520 Here, we look at subjects that
have all undergone the same treatment, throughout the length of their therapy.

The static images with different chromophore concentrations that were observed

indicate that the baseline and week 2 time points were the most opportune chance for
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determining a pCR or not to treatment. We also observed that baseline [HbO2]mh)
significantly correlates with RCB score. Additionally, several parameters for week 2
showed significant correlations. When the percent change from the baseline was
calculated, %A[HbO]rmT) show significant correlation throughout each of the imaging
time points with the RCB score.

The hemodynamic effects visualized in this study were acquired by using non-
invasive methods to understand the vasculature of healthy and diseased tissue. Our
analysis shows how the hemodynamics of breast cancer changes as a patient receives
treatment over two weeks. This information could be beneficial to physicians as a method
of tumor monitoring and treatment evaluation. For pCR subjects, we observed that there
is an increase in the washout rate, fall slope, and rise rate by the second imaging time
point. The possible physiological reason could be the increase in apoptosis which
decreases IFP and allows an increase of blood flow.

Last by combining the static and dynamic data sets and performing simple
discriminant analysis methods, we were able to obtain an accuracy as high as 93.1% at

determine pCR subjects from non-pCR subjects.

8.2 Future Work
8.2.1 Hardware Development

There are several possible modifications to the current imaging system that could
be made to increase the accuracy and quality of the images and the overall amount of
information acquired. There could be the addition of wavelengths that could assist with

image reconstructions to better visualize chromophore concentrations, such as lipid.
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Also, there could be a frequency domain (FD) component added to increase the accuracy
of the scattering coefficient and the overall reconstruction image. Last, the patient
interface could undergo minor modification to help to ensure contact.

Currently, lipid cannot be reconstructed using the current wavelengths that the
system has. While, important chromophores such as oxy and deoxy-hemoglobin can still
be visualized, adding another feature to the analysis could help determine the response
of the subject over the course of treatment. Additionally, having more laser wavelengths
than chromophores could increase the accuracy of the reconstruction algorithm by
decreasing the ill-posedness of the solution.1%?

Since the breast imager is a continuous wave system, there is no phase
component recorded. The phase component of the signal usually helps distinguish
between the absorption and scattering coefficient!?2. A FD component could be added
in order to get a baseline image of the subject. Then the system could be switched to
CW mode and continue with the dynamic imaging.®> 35 36  Then the baseline FD
measurement can be used to determine the initial scattering coefficient and could be used
for the static measurements.

For the patient interface, there could be pressure sensors setup along the rings of
the interface. These pressure sensors could be coupled with the computer and give a
binary signal in which it indicates good or bad contact with the detector fibers.
Occasionally, proper contact with the patient interface is hard to determine. The pressure
sensors could take out some of the guess work for optimal patient positioning and
increase the quality of the image, since (as shown in chapter 3) poor contact leads to

artifacts in the image.
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8.2.2. Static Imaging Improvements

The current static reference poses some logistical problems. The liquid phantoms
only last about a month before they are no longer useful. The intralipid for these
phantoms are also relatively expensive and could cost about $80 per phantom. Solid
phantoms would be more cost effective. The upfront cost (~$3,000) would be relatively
expensive, but would pay for its self over time, since it would not need to be replaced.
The solid phantom could be shaped to each of the rings of the patient interface, which
would prevent any contact issues with the detectors. Also, there would be no variability
between phantoms since the same one would be used for all imaging. Additionally, the
solid phantoms would be key in multi-center studies in order to remove the variability of
liquid phantom preparation by different groups. Therefore, with solid phantoms, the
accuracy of the static images could increase and possible artifacts could be avoided.
8.2.3 Dynamic Imaging

One issue that the dynamic portion of the study has run into is knowing when a
patient holding their breath. We depend on the honesty of the patient to tell us when they
begin breathing again, but sometimes it is apparent that the patient is not holding her
breath. Also, when they begin or end the breath hold is up to them and we cannot always
observe these timings. To fix this issue, there may be two possibilities: have the patient
breath in different gasses or have the patient wear a strain gage that tracks their
breathing.

There has been a study where the patient breathes in a different combination of
gasses and the tumor can be distinguished.'®® This would be one way of controlling the

experiment and making sure that each patient underwent the same protocol. With the
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breath hold method, each patient holds their breath for a different length of time, but there
would be more control over the timing with the inhalation of timed gasses. However, this
does introduce and extrinsic element that patients may not appreciate.

Also, there is a simple strain gage device that can be placed around the chest
(below the breasts) that can measure the expansion and relaxation of the muscles around
the lungs. The strain gage device can provide a signal to the computer and recorded in
tandem with the optical imaging. Hence, the breathing of the patient and the optical
imaging data could be digitally match up and possibly automatically segmented to show
just the breath hold data. This is a simple solution that would not add an extrinsic factor
to the patient, such as the different gasses. However, the downside would be that the
breath hold times could still range from subject to subject.

8.2.4 Patient comfort

Patient comfort is often neglected in scientific articles, but | feel that itis somewhat
worth mentioning since the system was designed to allow the patient to be as comfortable
as possible. Our current system and study can provide a comfortable and fairly quick
means of imaging patients with breast cancer. There is no need for painful compression
that is required by mammography. Also, the actual imaging takes about 10-12 minutes
(maybe 20 minutes with setup time), which would be much quicker than a patient would
experience in a MRI system. Additionally, when we examine the hemodynamic
phenomena caused by the tumor vasculature, we look at intrinsic contrasts that occur
during a simple breath hold so there is no need for injections of contrast agents.

| believe these factors have had a large impact on our capability to maintain

constant accrual of patients on the study and to have them return for all or most their
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imaging sessions. However, there are still improvements that can be made to ensure the
comfort of the patient. First, one of the biggest complaints | get about the system is that
the patient’s back or neck will hurt from the hunch over position that they are in. There
was even a point in the study where we stopped using a chair and had the patients stand
throughout the imaging since they were uncomfortable and there was a lack of space in
the new imaging room. However, this problem is still occurring, especially when the
patient already had a preexisting condition that involves shoulder or back pain. This
problem could be eradicated with a system that was set up like a bed. A bed interface
would be more comfortable, could possible lead to better contact with the patient
interface, and lead to less motion from the patient who may adjust themselves during
imaging to be more comfortable.
8.2.5 Imager Software Development

Currently, the DDOT breast imager has a LabView GUI that controls the system.
This system is difficult to navigate. An engineer that has been trained in LabView can
use the DDOT GUI interface. However, for a research coordinator, clinician, or physician
the interface could be confusing and takes a while to train a single person on how the
program works. Therefore, to increase the ease of use of the system the GUI should be
rearranged. The best way might be to have a series of windows that prompt the user to
enter the necessary information. For example, at the beginning the program, it prompts
the user to enter the number of sources and detectors for the subject. Afterwards, the
program could ask if the patient is in position and then automatically configure the gain

bits. Then the subject information could be entered and then automatically begin imaging.
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Overall, a more user friendly interface is needed in order to increase personnel that can
operate the system. For multi-center studies this would be essential.
8.2.5.1 Pre-processing and Post-processing

The short comings of some of the pre- and post-processing techniques have been
explained in previous chapters. Yet, | would like to mention that there are still work to be
done with this regard. Overall, these pre- and post-processing tools could be placed into
a single MatLab program or GUI for both the dynamic and static data, which would
increase the ease of use and decrease the time spent on processing.
8.2.5.2 Real-Time Imaging

A key facet and long term goal of DOT imaging would to obtain real time images.
The current set up lets us take the data a reconstruct the images over a day. However,
with most imaging systems such as US, imaging can be viewed in real time. The limiting
factor for DOT are the reconstruction algorithms. Our current study reconstructs 3D
images and custom designed meshes. However, fast 2D images may be possible to
procure. Since the rings of the breast imager are fixed, the mesh for each ring will always
remain the same. Hence, 2D meshes could be generated once and used for real-time
reconstruction. Also, 2D reconstructions are much faster than 3D reconstructions since
there are many less units of space needed to solve the inverse problem. Additionally, to
increase the speed the first three or four iterations could be used as the final image
(instead of waiting for 9-10 iterations). As result, we could get images within minutes
instead of hours for a single imaging. Later, full tomographic images could be created in
order to increase the accuracy and understanding of the data (tumor location,

hemodynamic effects, etc.). The real-time imaging could aid in quick diagnosis and tumor
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response predictions that could help the physician and patient move forward with
treatment.
8.2.6 Interventional Studies

By using the current data set and developing a model for discriminating the
response groups at the baseline or early treatment time point such as the second week,
interventional studies could be developed. The interventional study could consist of
baseline imaging and initial assessment. We have develop discriminant analysis models
that can have a sensitivity as high as 94.1% at determining a pCR. Therefore, these
subjects would unlikely need further monitoring.

For the subjects that seem like they will not have a pCR, DOT can further monitor
at week 2 to check for a pCR status. Also, we can compare the DOT values to the linear
regressions of the static data and estimate the RCB score at each time point. Further
analysis would be needed to determine specifically the RCB-IIl subjects (subjects with no
response) since the aforementioned study had only 6 subjects in this group.

8.2.7 Multi-Center Clinical Trials

The NACT DOT imaging study is considered a Phase Il clinical trial, where a set
of subjects are studied for an initial analysis of an experimental imaging system. The next
step would be to go to a Phase Il clinical study where there would be multiple imaging
systems and collaborators at other institutions or hospitals involved. The advantage of
this study is threefold. First, this would give us a different subject population that we were
not capable of reaching at New York Presbyterian Hospital, which would valuable to know
if the imaging system could work on this subject population as well. Second, that the

imaging system is user independent and that similar results could be obtained from
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different locations, which would show the consistency of the system. Last, patients could
be recruited regularly and would yield a much bigger data set than a single center study.

Organizing and performing a successful multi-center trial could yield results that
could help obtain FDA approval and ultimately allow for clinicians to use the DOT system
within the hospital to help monitor breast cancer.
8.2.8 Modelling Hemodynamic Trends

Now that we have developed a method to acquire and analyze the hemodynamic
traces from the breath hold imaging, we can look at ways to model these trends. As |
have looked at these breath hold traces, | have noticed a variety of differences among
the curves. Yet, we do not understand fully what causes these different features to occur.
Therefore, by modelling theses traces using mock circuit designs, such as the Windkessel
model, we can possibly mimic the trends occurring in the vasculature and come to a better
understanding of the physiology. Last, once we have developed these models, we can
use them as another method to predict the outcome of NACT based on the resistance or
capacitance of different sections of the model.
8.2.9 Additional Data Analysis

Due to the large quantity of data, there is still data that needs to be processed. For
example, the dynamic data for all time points must still be reconstructed and analyzed to
view any possible trends in the hemodynamics over time. Additionally, discriminant

analysis can be performed on all time points and prediction models could be developed.

8.3 Conclusion
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Both the optical properties and hemodynamic trends of breast tumors can indicate
how a patient will respond to NACT. Additionally, DDOT can easily be employed to safely
and inexpensively image a patient several times over the course of treatment and their
tumors can be monitored throughout each stage. We have observed that the
%A[HbO2]rmT) correlates with the RCB score of the patient population at each imaging
time point. The dynamic study shows that there is an increase in rise slope, fall slope,
and washout rate in pCR subjects by week 2, which could be explained by the increase
in blood flow due to the apoptosis of the tumor and decrease of IFP. Additionally,
combining the static and dynamic data, we have developed prediction models that are
capable of predicting the response of the subject at the week 2 imaging time point with
an accuracy of 94.1%. Therefore, DDOT static and dynamic capabilities can be utilized
to observe malignant tumors, predict treatment outcome, and monitor tumor response
throughout NACT. As a result, DDOT is a viable imaging modality for an area of breast

cancer treatment that does not currently exist.
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