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Pancreatic cancer

• Each tumor is unique, so 
trial-and-error determines 
treatment regimen.

• Median survival after 
diagnosis is 6-24 months.

• Poor tolerance for drug 
toxicity

This problem needs 
innovations from engineers 
& physical scientists
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New tools to image tumor heterogeneity

• New tools are needed to understand and combat 
cancer

• Tumor heterogeneity drives treatment resistance

• Optical microscopy can quantify dynamic, cellular-
level function

Waclaw, et al. Nature (2015)
Time: 38 days before treatment to 

205 days post-treatment 

4000 cells at 
25 days of 
treatment

7.3 million cells 
at 205 days of 

treatment

Mechanical 
dissociation

Organoids

Embed in 
3D matrix

Tumor

• Progress in regenerative medicine has created 
realistic “tumors in a dish” (3D tumor organoids)

• Genetic expression profiles in organoids closely 
mimic the host tumor.

• Heterogeneity and cell types of host tumor are 
maintained in organoids.

• Functional imaging tools are needed to 
understand dynamic, single-cell behavior of 
organoids. [1-3]

Boj, Clevers, Tuveson et al. Cell 2015

Tumor organoids

~200 m

1. Oldenburg et al. Optica 2015 2. Xylas, Georgakoudi et al. Int J Cancer 2014
3. Chen, Mycek et al. Biomaterials 2014
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Optical imaging of primary tumor organoids

Clinical Goal: Develop technologies to predict drug response for individualized treatment 
decisions.

Preclinical Goal: Streamline the development of effective drugs.

Tumor biopsy or 
surgical sample

Apply multiple drug 
combinations

Optical metabolic 
imaging

Efficacy of drugs & 
drug combinations

Optimal treatment 
regimen

Improved survival, 
reduced toxicity

• Cancer therapies disrupt cell metabolism

• Metabolic changes precede changes in tumor volume (standard measure)

Why use metabolism to measure cell function?

Metabolism (energy generation in a cell) presents a bottleneck 
for cancer cells to divide

Energy & biomass 
from metabolism

Signals to 
proliferate

Cell Division
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Optical Metabolic Imaging (OMI): Redox Ratio

1. Chance et al., J Biol Chem 1979  2. Georgakoudi, Ann. Rev Biomed. Eng. 2012  3. Varone, Georgakoudi, Cancer Res 2014

IFAD

INAD(P)H

Optical Redox Ratio  = 

Redox ratio = relative amounts of electron donor & acceptor in a cell

NAD+

NADH

ADP

ATP

NADH
FADH2
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FAD

ADP

Glucose

O2

H2O

Glycolysis

Oxidative 
Phosphorylation

Cytosol

Mitochondria

ATP

OMI: Fluorescence Lifetimes of NAD(P)H and FAD

Conformational change from binding affects fluorescence quenching

NADH – quenched when free (α1 = freely diffusing NADH) (α2 = bound NADH)

FAD - quenched when bound (α1 = bound FAD) (α2 = freely diffusing FAD)

I(t) = α1e
‐t/τ1+ α 2e

‐t/τ2

α1 + α2  = 1

Conformational change 
with binding

Nicotinamide 
fluoresces

Adenine does not 
quench

Nicotinamide 
fluoresces

Adenine partially 
quenches

Fluorescence lifetime = enzyme binding activity of NAD(P)H and FAD

1. Lakowicz JR, et al. P Natl Acad Sci USA. 1992;89(4):1271-5. 2. Konig K, et al. J Biomed Opt, 2003; 8:432–439. 3. Nakashima N, 
et al. J Biol Chem. 1980;255(11):5261-3. 4. Blacker, Duchen et al., Nature communications 5 (2014).
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OMI Instrumentation

2-Photon Fluorescence Microscope
• 750 nm excitation (400-480 nm emission) for NAD(P)H
• 890 nm excitation (500-600 nm emission) for FAD
• 40X/1.15 NA water immersion objective
• 4.8 μs pixel dwell time, 60 second integration
• B&H SPC150 board; GaAsP PMT Scanning Galvos

PMT

Emission Filter

Objective 
(40X oil, 1.3 NA)

Laser

60 m

1.5 ns

0.5 ns

NADH m FAD m
IFAD

INADH
Redox Ratio = 

2

0 

Time (ns)
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Two-photon fluorescence lifetime imaging (FLIM)

Data
Fit
System Response 300 m

Multiphoton FLIM of human cancer spheroids

NADH τm FAD τm
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o Imaging single cell adaptation in oncology

• Single cell analysis tools

• Tumor cells

• Fibroblasts

• Immune cells

oClinical translation

Outline

Outline

o Imaging single cell adaptation in oncology

• Single cell analysis tools

• Tumor cells

• Fibroblasts

• Immune cells

oClinical translation
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Use mask to extract for each cell:
1) NAD(P)H 1

2) NAD(P)H 2

3) NAD(P)H 1

4) FAD 1

5) FAD 2

6) FAD 1

7) NAD(P)H photon count
8) FAD photon count
Calculate combination variables: 
Redox ratio, NAD(P)H m , FAD m 

Single Cell Segmentation & Population Modeling 

1 2 3 4 5

1. NAD(P)H 
intensity image

2. Threshold to 
identify nuclei

3. Set nuclei as 
primary objects

4. Propagate out 
from nuclei to 
identify cells

5. Cytoplasm = 
cell - nuclei

1. www.cellprofiler.org 2. Walsh et al. Proc SPIE 2014. 3. Akaike H. IEEE Transactions 1974. 4. Walsh et al., Biomed. Opt. Exp. 2015

Redox Ratio
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OMI Index

Identify cell sub-populations 
with AIC criteria3

• Validated in vitro to 
accuracy <10% [4]

Identifying quiescent, proliferating, and apoptotic cells

Proliferating Apoptotic Quiescent

Proliferating:Quiescent:Apoptotic
33% : 33% : 33% 50% : 25% : 25% 25% : 25% : 50%

50 μm

Apoptotic

Proliferating

Quiescent

Se / Sp
87.6% / 97.9%

82.3% / 95.5%

82.3% / 95.5%

1. Heaster et al., J Biophotonics 2017
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Heterogeneity Index (H-index)

′ܪ ൌ െ݈݊

ோ

ୀଵ

Shannon Diversity Index

Heterogeneity Index2

ܪ ൌ െ݈݀݊

ோ

ୀଵ

݀ଵ ݀ଶ

median

Increased Heterogeneity Index indicates 
- increased number of subpopulations
- increased equality in the weights of each subpopulation 
- increased separation in the locations of the subpopulations

pi – proportion of each subpopulation

݀ 	െ distance between the median of 
the subpopulation and the median of all 
data in the treatment group

ଵ ଶ

1

1. Maley, et al. Nature genetics, 2006. 2. Shah et al., Neoplasia, 2015

Validated in cell culture2

1300 ps

300 ps

N
A
D
H
 τ
m

50µm

48h post-treatment

In vivo H-index predicts response in FaDu xenografts

1. Shah et al., Neoplasia, 2015
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OMI Index

Population 1 (red): 
low OMI Index

Population 2 
(blue): high OMI 

Index

Organoid center of 
Mass (green)

Machine learning: spatial analysis of cellular heterogeneity
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Population distribution modeling

Intra-population proximity Inter-population proximity

Population mapping

Inter-sample localization
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Outline

o Imaging single cell adaptation in oncology

• Single cell analysis tools

• Tumor cells

• Fibroblasts

• Immune cells

oClinical translation
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Composite Variable: OMI Index

IFAD

INAD(P)H
Redox Ratio  = ܫ ݐ ൌ ௧/ఛభିݔଵ݁ߙ  ௧/ఛమିݔଶ݁ߙ  ܥ

߬ ൌ ଵ߬ଵߙ  ଶ߬ଶߙ

ݔ݁݀݊ܫ	ܫܯܱ ൌ
ோோ
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+
ே  ு	ఛ
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െ
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Relative amounts of 
electron donor & acceptor

Enzyme activity of 
NAD(P)H

Enzyme activity of 
FAD

Resistant

Responsive

1. Walsh et al., Cancer Res 2014. 2. Walsh et al. Cancer Res 2013. 3. Shah et al. Neoplasia 2015. 

Type 2Type 1 Fibroblasts

2 ns

0.5 ns

NAD(P)H m

2 ns

0.5 ns

FAD m

Redox Ratio

50 m
Typ
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1

Typ
e 

2

Fib
ro
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0.0
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1.0

1.5

2.0

****

****

****

• Type 1 & 2 organoids positive for epithelial markers, negative for stromal markers

• Two distinct organoid morphologies match those of a previous study of primary pancreatic tumor organoids[2]

o Heterogeneity in protein expression and genetics within the primary tumor is captured with the 
organoid[2]

1. Walsh et al., Pancreas 2015. 2. Boj, et al. Cell. 2015

Pancreatic tumor organoid heterogeneity

2

0 
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1. Walsh et al., Pancreas 2015  2. Castellanos et al., Gastroenterology 2015. 3. Walsh et al., Cancer Res 2014 

50 m

In vivo tumor volume

Type 1 organoids

OMI of pancreatic cancer organoids predicts in vivo drug efficacy

4 weeks

3 days

24 mice

3 mice

Cost

Cost

Gemcitabine (chemotherapy)
AZD1480 (anti-JAK)
Gemcitabine + AZD1480
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Type 2 organoids

1. Walsh et al., Pancreas 2015  2. Castellanos et al., Gastroenterology 2015. 3. Walsh et al., Cancer Res 2014 

Gemcitabine (chemotherapy)
AZD1480 (anti-JAK)
Gemcitabine + AZD1480

OMI of pancreatic cancer organoids predicts in vivo drug efficacy
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Outline

o Imaging single cell adaptation in oncology

• Single cell analysis tools

• Tumor cells

• Fibroblasts

• Immune cells

oClinical translation

The tumor microenvironment: What is it?

Fibroblasts

Collagen

Blood vessels
Immune cells
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Vehicle

AZD1480

Gem

AZD1480 + 
Gem

Treatment group

MALDI-MS/MS image
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In vivo drug delivery Fibroblasts

OMI of pancreatic cancer fibroblasts predicts in vivo drug delivery

50 m

1. Walsh et al., Pancreas 2015  2. Castellanos et al., Gastroenterology 2015 

Green = drug 
penetration

Human mammary fibroblasts

MCF10A cells generate the
mammary lumen

DCIS cell inside the lumen mimick
the tumor

• Breast cancer initiates in the duct and invades the surrounding tissue

• Fibroblasts promote tumor invasion

• Use microdevice to study metabolic cooperation between tumor cells & 
fibroblasts

Monitoring breast cancer invasion
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Fibroblasts promote breast cancer invasion

Human mammary fibroblasts.

MCF10A cells generate the
mammary lumen.

DCIS cell inside the lumen mimick
the tumor. NAD(P)H FLIM

NADH
FAD
Collagen NAD(P)H FLIM

F F

F

2 
ho

ur
s

3 
da

ys

NADH
FAD
Collagen

1 ns

1.75 ns

1 ns

1.75 ns

100µm

Outline

o Imaging single cell adaptation in oncology

• Single cell analysis tools

• Tumor cells

• Fibroblasts

• Immune cells

oClinical translation
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Immune cells in the tumor: macrophages

GOAL: Observe metabolic changes in macrophages with migration to the tumor

Anti-tumor:

Pro-tumor:

M1-like 
macrophage

↑ Glycolysis

↑ Fatty Acid Oxidation
↑ OxPhos

M2-like 
macrophage

Fibroblasts

Collagen

Blood vessels
Immune cells

Polarization conditions [1]

Cytokine 
stimuli:

RPMI 1640 + 10 ng/ml IFN-γ (M1)

RPMI 1640 + 20 ng/ml IL-4+IL-13 (M2)

0.5 ns

1.5 ns

50µm

M1 macrophages M2 macrophages

FLIM of NAD(P)H discriminates M1 and M2 macrophages
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Acquire lifetime images at 24 and 
48 hours

Acquire intensity images at 
multiple z-positions 

Three-layer microdevice generation:

1) Collagen polymerization
2) Tumor cell seeding
3) Macrophage seeding

Macrophage stimulation with tumor cells in 3D

without tumor 24 hours 48 hours
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Metabolic changes in macrophage co-culture

**p<0.01
***p<0.001
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Metabolic mapping of macrophages in vivo

FLIM NADHGFP SHG

FILTER
FILTER

103ps 1407 ps

NADH (FLIM)

Szulczewski , Keely et al, 2016, 
Sci Reports, 6:25086 

Patricia Keely (UW Madison)
John Condeelis (Einstein)

Julio Aguirre-Ghiso (Mt Sinai)
James Castracane (CNSE)

Patti Keely, University of 
Wisconsin

Outline

o Imaging single cell adaptation in oncology

• Single cell analysis tools

• Tumor cells

• Fibroblasts

• Immune cells

oClinical translation
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Patient referral

356 genetic alterations:
• TP53 – 49 variants
• KRAS
• ARID1A
• PIK3CA
• KRAS
• EGFR

Genomic report PMMTB review
PMMTB 

recommendations

1. Clinical trial
2. Off-label treatment
3. Standard treatment 

(not targeted)

Organoid cultures

organoids

Tumor biopsy

Human translation: Precision Medicine Molecular Tumor 
Board (PMMTB) 

Validation & implications

Patient tumor

Surgical resection 
& pathology

Wait weeks to 
months

Patient undergoes 
prescribed treatment

Validate OMI 
predictions with 
gold standard 

surgical pathology

Apply prescribed 
treatment to 
organoids

Optical metabolic 
imaging

Predict efficacy of 
drug combinations

Quantitative microscopy and primary tumor organoids for 
streamlined drug development and personalized treatment planning
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OMI of primary human pancreatic tumor organoids

• 5FU & gemcitabine are standard chemotherapies

• MLN0128 is an mTOR inhibitor (for PIK3CA-mutated cancers)

• ABT263 is a pro-apoptotic drug, targets Bcl-2, Bcl-xL, and Bcl-w
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Pancreas Cancer Patient #1
72 hours

Representative OMI data across two patients

Both patients currently receiving G+F

OMI index resolves drug-induced metabolism 
changes in organoids derived from patient 
pancreatic tumors, across 9 patients so far.
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OMI Index predicts Patient #1 may benefit more from adjuvant G+F therapy than Patient #2

0 1 2

0.5

1.0

1.5

OMI Index

Control
G+F

0 1 2

0.5

1.0

1.5

OMI Index

Pancreas Cancer Patient #2
72 hours

Pancreas Cancer Patient #1
72 hours

Single cell response reveals heterogeneity across patients

Future Directions

After validating the OMI-organoid screening platform in PDAC, we aim to 
validate this approach across multiple cancers at multiple medical centers.

0.3 ns

1.7 ns

Breast Cancer

0.8 ns

1.4 ns

Oral Cancer

0.5 ns

2.0 ns

PDAC

0.9 ns

1.5 ns

Neuroendocrine

0.8 ns

1.9 ns

Colon Cancer
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