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Abstract
The most prevalent human diseases, such as cancer, diabetes, and obesity, involve
abnormal metabolic states that lead to severe tissue dysfunction. Noninvasive methods
that provide spatially resolved metabolic information could substantially advance our
understanding of these diseases, leading to better detection and treatment methods. Here,
we report on the capabilities of nonlinear microscopy as a high-resolution, label-free
optical tool for characterization of cells and tissues. Specifically, we assess healthy and
precancerous human papillomavirus (HPV) models with the goal of associating
functional tissue changes with optical biomarkers. Through the endogenous fluorescence
of keratins, lipids, and nicotinamide and flavin adenine dinucleotides (NADH and FAD,
respectively), we quantify modifications in tissue structure as well as the optical redox
ratio of FAD/(NADH+FAD), which reflects cell metabolic state. To date, direct
comparison between detected optical redox and actual biochemical changes have been
elusive. We show NADH and FAD fluorescence signals are strongly correlated to NADH
and FAD concentrations as measured by liquid chromatography-tandem mass
spectrometry (LC-MS/MS). Furthermore, since NADH fluorescence emanates primarily
from mitochondria, we present a novel Fourier-based image processing method to probe
fine changes in mitochondrial features. Due to the interdependence of mitochondrial
structure and function, these mitochondrial metrics provide a complimentary measure of
cell function. We demonstrate that together, these optical parameters are sensitive to
structural and functional changes induced by differentiation, disease, and aberrant cell
signaling. Such methods could significantly contribute to the elucidation of cellular and
extracellular events that incite and support cancer progression, leading to better methods
for detection and treatment.
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SHEDDING LIGHT ON CANCER:
Noninvasive fluorescence-based approaches for detecting and
assessing functional events associated with pre-cancers

1

1 Cancer and the human papilloma virus (HPV)
Cancer remains the leading cause of death worldwide. The earliest documented case
of cancer hails from Egypt around 1500 b.c. (Prates et al. 2011). It is only in the past
century that scientists and physicians have uncovered some of the genetic and
environmental factors that incite carcinogenic transformations, which has contributed to
the development of better detection and treatment methods (Cuzick et al. 2008; Wright et
al. 2007). At the same time, we have come to discover that early detection is the most
critical prognostic factor, especially for the most common cancers, which are epithelial in
origin (Marks 2006). Since over 90% of all human cancers originate in epithelial tissues
(Alberts et al. 2002), understanding the factors that contribute to epithelial cancer with
the goal of developing better methods to detect and treat it, is a top priority.
1.1

HPV and epithelial cancer:

Over 20 million people are currently infected with HPV in the United States (Saslow
et al. 2012), which is frightening given that HPV infection is considered a major risk
factor for the development of a broad range of cancers (Duensing and Münger 2004).
Worldwide, HPV DNA is found in 10% of all human cancers, appearing in over 30% of
cancers of the vulva and penis, 60% of oral cancers, and in almost 100% of cervical
cancers (Zur Hausen and De Villiers 1994). Of more than 120 different HPV types,
HPV-16 alone accounts for approximately half of all cervical cancers (Zur Hausen and
De Villiers 1994; Zur Hausen 1996).
HPVs are double stranded small DNA viruses that have the unique ability to establish
and maintain a benign and persistent state in their host, which are basal keratinocytes of
2

human stratified epithelia (Davey et al. 2007; Shadan and Villarreal 1995). Human
epithelial tissues are classified based on their structure and cellular differentiation
patterns as simple/columnar, transitional, or stratified (Fig. 1.1). Columnar epithelial
tissues contain a single layer of tightly packed, polarized cells that are all in contact with
the underlying basement membrane (for example, the secretory cells that line a gland). In
transitional epithelial tissues at least some cells attached to the basement membrane and
some extend to the surface of the epithelium. Stratified epithelial tissues maintain a
specialized multilayered structure where only the basal cells are attached to the basement
membrane and able to proliferate. Upon division, daughter basal cells detach from the
basement membrane and exit the cell cycle. As these cells are pushed up to the top of the
epithelium, they begin to differentiate and produce keratins (keratinize) (Candi et al.
2005). Keratinocytes in the top layer of a stratified epithelium may or may not form a
dead, protective layer called the stratum corneum (cornify) (Bragulla and Homberger
2009). Human skin is an example of a cornifying stratified epithelium, while the cervical
mucosa is a keratinizing stratified epithelium. At the very top of all stratified epithelia,
desquamation occurs enabling the tissue to continuously renew.

3

Figure 1.1 Types of epithelia: 1-2) Stratified squamous epithelium, 3-4) Transitional epithelium, 5-6)
Simple epithelium. Lines represent the boundaries of the epithelial tissue. Histology from human cervical
explants

Due to this constant turnover, the stratified epithelium is a challenging environment
for a persistent infection. To survive, HPVs have evolved to maintain a low-profile
presence within the nuclei of the more permanent basal cells (between 20-100 episomal
copies per basal cell) (Conway and Meyers 2009). Viral amplification and assembly
occurs only in the upper layers of the epithelium (Conway and Meyers 2009). As infected
basal cells replicate, viral DNA is equally partitioned during mitosis, and the original
infected cell remains attached to the basement membrane, while the infected daughter
cell leaves the basal layer destined to differentiate (Fig. 1.2). As mentioned above, it is at
this point that healthy cells withdraw from the cell cycle to begin the process of
differentiation. Instead, during HPV infection, the productive phase of the viral life cycle
begins.

4

Figure 1.2 The life cycle of the human papilloma virus (HPV): Uninfected epithelium (left) and HPVinfected epithelium (right). During infection, the viral genomes are replicated in synchrony with normal
basal cell DNA replication. As HPV-positive daughter cells undergo differentiation, the productive phase
of the viral life cycle begins including the coordinated expression of E6 and E7 and allowing viral genome
amplification. The late-phase L1 and L2 proteins are involved in assembly and virion (red hexagons)
release. Reprinted by permission from Macmillan Publishers Ltd: Nature Reviews Cancer (Moody and
Laimins 2010), © 2010.

The exact mechanisms by which the host cell differentiation program activates the
productive phase of the viral life cycle remain unclear, but it is known that upon leaving
the basal layer, HPV decouples the cell differentiation program from cell cycle
withdrawal (Moody and Laimins 2010). In this way, a subset of infected suprabasal cells
can continue to replicate DNA by re-entering synthesis (S) phase at the top of the
epithelium (Zur Hausen and De Villiers 1994).

Some speculate that cell cycle

withdrawal may provide better conditions for large scale viral replication (Shadan and
Villarreal 1995). For example, in some lower eukaryokes and early embryonic cells a
process called endoreduplication is observed in non-cycling cells where regions of DNA
effectively over-replicate. Additionally, a link between terminal differentiation and viral
replication may serve to enable the virus to evade immune system clearance by remaining
undetectable in the basal cells in an episomal, non-replicative state (McLaughlin-Drubin
and Münger 2009). In this way, HPV takes control of host cell replication machinery to
5

amplify viral DNA, synthesize capsid proteins, and assemble virions. Finally, virions are
shed from their host tissue during desquamation, enabling viral release.
1.2

The E6 and E7 oncoproteins:

The HPV genome codes for six early (E1-E2, and E4-E7) and two late (L1 and L2)
proteins. The genome also contains a non-coding region, commonly referred to as the
long control region (LCR). Regulation of viral gene expression is controlled by both viral
and host cell proteins interacting with the LCR. For example, HPV regulates gene
expression from within via expression of the E2 protein, which can bind to multiple sites
within the LCR to initiate viral replication (Hausen 1996). From the host cell, proteins
like epidermal octamer-binding factor 1 (Epoc-1), which is linked to keratin 10
production in differentiated keratinocytes, can also regulate viral transcription by binding
to the LCR (Yukawa 1996). In these ways, the viral life cycle is dependent on intact
expression of the HPV genes and is intimately linked to the differentiation program of
epithelial tissues.
During a productive HPV infection, the expression levels and timing of the early and
late genes are carefully regulated. With the exception of the E4 protein, which has been
reported to induce the collapse of cytokeratin networks during the late stages of viral life
cycle (Bryan and Brown 2000), the early proteins code for regulatory functions related to
viral persistence and amplification. The L1 and L2 proteins are mainly responsible for
mediating efficient virus infectivity (Doorbar 2006). Notably, the expression of E6 and
E7 proteins enable infected cells to overcome negative growth regulation, which
increases the number of cells that can go on to produce infectious viruses (Middleton et
al. 2003).
6

HPV-related cancer transformation represents a dead-end for the virus, because the
ability to produce viral progeny is abolished (McLaughlin-Drubin and Münger 2009). It
is thought that when a productive infection cannot be fully supported, virus-induced
cancers may arise. For example, many HPV-related cancers arise in the transformation
zone of the cervical epithelium, where columnar meets stratified epithelium. HPV may
not be able to properly regulate a productive viral life cycle in the transformation zone
leading to variation in the timing and expression of HPV genes, which could underlie the
development of cancer (Doorbar 2006). Alternatively, in women who maintain an active
and persistent HPV infection, the continuous over-stimulation of DNA replication and
subversion of DNA repair pathways, which are integral to the HPV life cycle, can induce
genomic instability (McLaughlin-Drubin and Münger 2009) and increase the probability
that secondary cancer-initiating mutations will occur (Fig. 1.3).1

Figure 1.3 Schematic of HPV viral persistence as it relates to progression to cervical cancer

Genomic instability promotes integration of HPV DNA into host cell DNA, which is
correlated to malignant transformation (Jeon and Lambert 1995). For example, in low-

This could also be a mechanism that increases the plasticity of the host cell genome
to facilitate the evolution of a cell population that supports long-term viral persistence.
1

7

grade precancerous lesions, most HPV genomes persist in an episomal state whereas, in
many high-grade lesions, genomes are found integrated into the host chromosomes
(Moody and Laimins 2010). During integration, most of the viral DNA is either deleted
or disturbed with the exception of the E6 and E7 viral genes (Baker et al. 1987). Of note
is the disruption to E2 translation, which normally regulates E6 and E7 expression
(Hausen 1996).
1.3

Structural and functional alterations related to E6 and E7

expression
E6 and E7 are multifunctional proteins that interfere with critical cell signaling
pathways in order to subvert cell cycle checkpoints that promote immortalization and
extensive cell growth (Duensing and Münger 2004, Hausen 2002; Münger 2002). E6 and
E7 are well known for their interactions with the p53 pathway and the reintoblastoma
(pRb) family of proteins, respectively. Their interference manifests at the cellular and
tissue level as structural and functional abnormalities that have become valuable targets
for the detection and diagnosis of cervical cancer. Due to the widespread dysfunction of
these signaling pathways during oncogenesis (Murphree and Benedict 1984), E6- and E7related abnormalities may be relevant to detection and diagnosis of a broad set of cancers.
In the subsequent paragraphs, the known mechanisms that contribute to the oncogenic
potential of E6 and E7 are briefly reviewed.
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Figure 1.4 HPV-mediated progression to cervical cancer: During initial infection, viral DNA
replicates from episomal DNA (purple nuclei). Low- grade intraepithelial lesions support productive viral
replication. The progression to high-grade lesions or invasive cancer is associated with the integration of
the HPV genomes (red nuclei), with disruption of E2, and subsequent upregulation of E6 and E7 oncogene
expression. LCR, long control region. Reprinted by permission from Macmillan Publishers Ltd: Nature
Reviews Cancer (Woodman et al. 2007) © 2007.

To promote aberrant and extensive cell growth within epithelial tissues, high-risk E7
can degrade the pRb family of proteins, consisting of p105 (RB), p107, and p130
(McLaughlin-Drubin and Münger 2009). 2 Normally, pRb proteins mediate cellular
differentiation and prevent excessive growth by inhibiting cell cycle progression (Du and
Pogoriler 2006). Specifically, degradation of pRB induces a cell committed to
differentiation to re-enter the cell cycle and progress to synthesis (S) phase. In a normal
cell, this inappropriate reentry would be counteracted by the p53 tumor suppressor, which
detects abnormal cell cycle progression and subsequently initiates growth arrest and
apoptosis. As a result, high risk E6 proteins have evolved to target p53 for degradation
(Thomas et al. 2008; Mantovani and Banks 2001). E6 can also label the proapoptotic

2

E7 can uncouple differentiation from cell cycle arrest by interacting with the cyclin
dependent kinase inhibitors (CDKIs), p21 and p27(Arimura et al. 2006; McLaughlin-Drubin and
Münger 2009).
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protein Bak as a target for degradation (Thomas and Banks 1998), which is an integral
protein in the p53-independent apoptotic cascade and is expressed at high levels in the
upper epithelial layers.
In addition to augmenting cell growth, E6 and E7 can interfere with distinct signaling
pathways to sustain it. For example, when cells undergo extensive proliferation, telomere
erosion is common. 3

E6 has evolved to activate human telomerase reverse

transcriptase (hTERT) transcription, which enables cellular immortalization by
preventing the shortening of telomeres (Ganguly and Parihar 2009). E6 has been reported
to enhance mammalian target of the rapamycin complex 1 (mTORC1) activity, which
plays a role in glucose uptake and lipid catabolism by increasing nucleotide translation
and thus, promoting anabolism of RNA, DNA and proteins (Gibbons et al. 2009; Spangle
and Münger 2010; Jiang et al. 2013). Furthermore, E6 and E7 have been reported to have
opposing effects on the Myc protein, which stimulates proliferation and altered substrate
consumption (Gross-Mesilaty et al. 1998; Münger et al. 2001). E7 has been shown to
interfere with the growth inhibitor, TGF-β, which normally suppresses Myc expression
(Münger et al. 2001; Vivide Tuan-Chyan Chang 2009). In direct contrast, E6 can
accelerate the degradation of Myc (Gross-Mesilaty et al. 1998; Tungteakkhun and
Duerksen-Hughes 2008). During cell cycle arrest or nutrient limitations, apoptosis can be
induced by high levels of Myc. Knowing this, E6 mediated degradation of Myc may
contribute towards maintaining equilibrium between cell survival and E7-mediated

3

Telomeres are the terminal caps of chromosomes that become shorter with oxidative stress
or aging.
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proliferation (Mantovani and Banks 2001).
E6 and E7 can interfere with a diverse set of cell pathways that regulate epithelial
organization and terminal differentiation. For example, E6 expression induces loss of
basal cell polarity as well as cell-cell contact through adherin junctions (Ghittoni et al.
2010). Furthermore, E6 and E7 act as mitotic mutators, (McLaughlin-Drubin and Münger
2009), which, at the cellular level, can manifest as abnormal nuclear shapes (Gisselsson
et al. 2001). Through interactions with the calcium binding protein, E6BP, E6 expression
has been shown to increase the resistance of keratinocytes to calcium-induced
differentiation (Mantovani and Banks 2001) and to inhibit terminal differentiation in
transgenic models of epithelia, delaying keratinization and causing an expansion of the
undifferentiated epithelial compartment (Song et al. 1999).
By interfering with cell signaling pathways, E6 and E7 directly and indirectly affect
cell metabolism. For example, E7 has been reported to alter the formation of the pyruvate
kinase type M2 (M2-PK), which modulates the ability of the cell to coordinate glucose
and glutamine catabolism (discussed in more detail in section 4.2) (Mazurek 2011;
Mazurek et al. 2001). Very little is known about the direct metabolic consequences of E6expression. It is possible that through its ability to degrade p53 (Thomas et al. 2008) or
Myc (Tungteakkhun and Duerksen-Hughes 2008), E6 could indirectly effect glucose
uptake. For example, by inactivating the p53 tumor suppressor, which normally downregulates expression of glucose transporters and decreases glycolytic metabolism
(Khutornenko et al. 2010; Schwartzenberg et al. 2004; Kessis et al. 1993), E6 expression
may result in enhanced glucose uptake and accelerated flux through glycolysis (Noch and
Khalili 2012). Myc expression can regulate genes important in glucose and glutamine
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catabolism (Weinberg and Chandel 2009) and is thought to cause glutamine-addiction
when expressed at oncogenic levels (Wise et al. 2008). It is possible that by interacting
with Myc or p53, E6 is able to modulate the relative levels of glucose and glutamine
consumption (perhaps, by specifically counteracting Myc-related E7-induced glutamine
uptake). More work is needed to elucidate the metabolic consequences of HPV infection
and unregulated E6 and E7 expression.

Understanding the associated metabolic

alterations may provide a deeper understanding of HPV’s oncogenic pathogenesis and
provide new fronts for treatment and detection.
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2 Current screening, detection, and diagnosis of HPV-related
cervical cancers:
Despite highly successful treatment if detected early, cervical cancer is still the
second leading cause of cancer deaths in women worldwide (Moody and Laimins 2010).
This may be related to the infrastructure and resources needed to successfully implement
conventional screening protocols. For example, approximately one-half of cervical
cancers diagnosed in the United States are in a subpopulation of women linked by
socioeconomic, geographic, and racial disparities that have never been screened (Saslow
et al. 2012). Generally, these women reside in medically-underserved regions. The 2012
report on guidelines for clinical screening from the American Society for Colposcopy and
Cervical Pathology (ASCCP) asserts that the largest immediate gain in reducing the
burden of cervical cancer incidence and mortality could be attained by increasing access
to screening (Saslow et al. 2012; Ji et al. 2008). Technologies that are non-invasive,
relatively cheap, and that do not require the expertise of multiple medical professionals
could address these limitations.
Additionally, the ASCCP stresses that the incorporation of HPV testing could be
useful for women who are screened very infrequently since, compared to cytology, HPV
testing provides longer-term safety following a negative test (Saslow et al. 2012). An
increased understanding of the association between HPV and cervical cancer has led to
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the development of molecular tests for HPV, but tests can be expensive,4 require similar
medical infrastructure as conventional screening methods, and remain resource intensive
(Holmes et al. 2005; Cuzick et al. 2006). Developing alternative methods for detecting
HPV infection in real time at the tissue site, non-invasively could have significant impact
on screening access. Since E6 and E7 proteins have been identified as sensitive markers
for HPV-associated cancers in excised tumor tissue (Ganguly and Parihar 2009, Ronco
et al. 2010), methods that can correlate distinct structural and functional alterations with
expression of E6 and E7 may be of value.
2.1

The pathological grading of cervical cancers:

Current screening methods generally consist of two stages: The first stage consists of
routine pre-screening methods, such as the Papanicolau (Pap) or the ThinPrep test, which
search for very early cancerous changes. Both the Pap and ThinPrep test are simple,
quick, and relatively painless tests. During a Pap test, a sample of cells from a woman's
cervix is collected and spread on a microscope slide. Recently, the ThinPrep test was
developed as an improved liquid-based version of the Pap test. Compared to a traditional
Pap test, the ThinPrep method preserves more cervical cells, while minimizing cell
overlap, blood, mucus, and inflammation (Dawson 2004). In both cases, cells are
examined under a microscope by a cytologist to look for precancerous changes.
The Bethesda System is a common system for reporting Pap diagnoses in which the
term squamous intraepithelial lesion (SIL) is used together with low-grade (LSIL) or

4

In the first world, HPV tests are generally considered to be cost-effective.
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high-grade (HSIL) to characterize the precancerous changes. As part of the Bethesda
System, a Pap can have the results of atypical squamous cells of undetermined
significance (ASCUS), which is the most common and least reproducible abnormal Pap
result (Wright et al. 2007).
If a Pap test is positive for precancerous cells, the physician can either recommend a
follow-up Pap in 6 months or a colposcopy examination can be immediately performed.
During colposcopy the physician examines the cervix with a colposcope before and after
the application of 3-5% acetic acid solution. A colposcope can provide from 3-15 fold
magnification of the cervix, using both white and green light (Drezek et al. 2003).
Through the colposcope, the cervix can be evaluated by direct visualization (or from a
recorded image) making the assessment heavily dependent on the expertise of the
physician (Park et al. 2010). Abnormal cervical areas that stain white (acetowhite lesions)
or contain vascular abnormalities, known as mosaicism, can be biopsied and sent to a
pathologist for further disease classification.
Following biopsy, the excised specimen is fixed, sectioned, and strained, in
preparation for an evaluation by a pathologist, who can grade the specimen based on
histological hallmarks of cancer. At this stage, abnormal specimens can be considered
pre-invasive cervical SILs, which comprise a morphological spectrum known as cervical
intraepithelial neoplasia (CIN). CIN is traditionally sub-divided into CIN 1, CIN 2, and
CIN 3. CIN is generally graded by the degree of cellular maturation and stratification
within a tissue (Anderson et al. 1991). Generally, tissue alterations due to a productive
HPV infection manifest as cervical condylomas (benign warts associated with low risk
HPVs) and CIN 1, while high-grade precancerous changes, which often contain
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integrated HPV DNA, are associated with CIN 2 and CIN 3 and require follow-up
treatment (Arends et al. 1998).

Figure 2.1 HPV-related genetic modifications and clinical effect: Modified from Zur Hausen
(Hausen 1996)

2.2

Traditional cancerous features in cervical tissue

Normal cervical tissue is parakeratotic, which means the top-most layer is made up of
keratinizing cells that retain a condensed nuclear structure. SILs are commonly
hyperplastic and contain focally orthokeratotic regions, which contain anuclear
keratinizing cells (Arends, et al. 1998). Besides tissue-level changes, cellular alterations
are similar to those discussed previously upon E6 and E7 expression, and can include loss
of cell polarity, presence of abnormal mitotic features, individual/isolated cell
keratinization, multinucleation, nuclear atypia, and koilocytotic atypia (Arends et al.
1998; Price et al. 2003). Koilocytes are abnormal cells that have enlarged nuclei,
hyperchromasia, and perinuclear vacuoles.
In practice, high-grade lesions are distinguished from low-grade lesions by the depthdependent presence of these dysplastic changes (Fig. 2.2). For example, in CIN 1,
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cytoplasmic maturation (i.e. decreased nuclear: cytoplasm ratio) occurs in the superficial
two thirds of the epithelium, while in CIN 3 cytoplasmic maturation is minimal,
occurring only in the most superficial third of the epithelia, if at all (Anderson et al.
1991).

Figure 2.2 Morphological progression associated with various stages of cancer. Reprinted by
permission from Macmillan Publishers Ltd: Nature Reviews Cancer (Thekkek and Richards-Kortum 2008),
© 2008.

The histological grading of CIN is particularly difficult, resulting in poor agreement
among observers (Palma et al. 2009; Middleton et al. 2003).

Difficulties in the

interpretation of these reports may arise for 3 reasons. First, the morphologic features of
precancerous lesions are a continuum. Evidence indicates that CIN 3 may be the true
cervical cancer precursor (i.e. associated with viral DNA integration) (Kalof and Cooper
2006), but the meaning of CIN 2 diagnosis is not as clear (Castle et al. 2007). Second,
some non-neoplastic abnormalities such as inflammation or immature squamous
metaplasia (common during puberty, pregnancy, and postpartum) can mimic CIN
(Wright et al. 2007; Regauer and Reich 2007). Third, although considered the gold
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standard by the clinical field, histologic slides are not optimal for visualizing tissue
abnormalities. Often, these slides are not clearly oriented, contain artifacts related to
fixation, sectioning, and/or tissue damage during the biopsy procedure.

Further,

histology slides only provide a static 2D snapshot of a small slice of the epithelium,
without any inherent functional information.
Accurate histopathological diagnosis determines patient management, treatment, and
follow-up. Not only do these procedures directly impact patient care, but also histology
reports are generally used to measure the impact of new screening and vaccine
technologies (Palma et al. 2009). A method that precludes artifacts related to tissue
excision or processing and results in more quantitative, precise, and objective
classification of CIN can be of value.
2.3

Addressing the limitations of conventional diagnostics with

computer-aided diagnostics (CAD):
Although Pap-based tests have reduced the incidence of cervical cancer by over 80%
in the United States (Moody and Laimins 2010), these methods are prone to samplequality variation and false-negative results, which are mostly due to either failure to
transfer dysplastic cells to the slide or failure of the cytologist to recognize abnormal cells
(Jin et al. 2011). Automated imaging procedures, such as the ThinPrep Imaging System,
have been developed that employ computer algorithms to detect abnormal cells in a
ThinPrep slide based on cellular and nuclear shape, clustering characteristics, and optical
density (Biscotti et al. 2005). These imaging systems are FDA approved to be used as
part of a dual review process, involving both the results of the automated scan and the
cytologist.
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Recent evidence suggests these computer-aided diagnostic (CAD) techniques are
decreasing the false-negative rate of cervical cancer screening at the Pap stage (Davey et
al. 2007). As these methods become more sophisticated, their impact is likely to further
improve the diagnostic process (Dawson et al. 2004). For example, more robust
multispectral imaging approaches that combine spectroscopy with digital image
processing have been developed, which provide spectral information from Pap slides that
cannot be acquired with conventional color-based techniques (Zhang et al. 2006).
For colposcopy, in expert hands, the sensitivity to differentiate healthy from abnormal
tissues can be as high as 96%, but the specificity is generally below 50% (Srinivasan et
al. 2009). The creation of automated diagnostic systems utilizing existing colposcopic
technology are emerging and showing success (Park et al. 2010; Dickman et al. 2001). A
recent paper, (Park et al. 2010), compared standard physician annotations to a developed
automated diagnostic method in 48 patients undergoing colposcopy (using histology as
the ground truth) and demonstrated their algorithm has a sensitivity of 70% and
specificity of 80% in detecting neoplastic areas. These techniques rely on low-level
features, such as the color changes induced by aceotowhite regions and atypical
vasculature. Providing microstructural and functional features could enhance image
contrast, which is likely to further improve the accuracy of these automated diagnostic
methods.
Optical spectroscopic methods could be employed to provide another layer of
information. For example, D. Ferris and colleagues have presented methods for detecting
abnormalities due to CIN using hyperspectral fluorescence and reflectance spectroscopy
(Ferris et al. 2005; Lange and Ferris 2012). These frameworks are designed to suggest
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biopsy sites in real time, guiding physicians to suspicious lesions (i.e. directed biopsy).
However, the diagnostic parameters that these frameworks utilize remain on the tissuelevel (i.e. blood vessels, acetowhite, and lesion margins) and thus, do not provide
sensitivity to microscopic precancerous changes.
The histological grading of biopsies by pathologists is also prone to observation bias
that may be well served by similar quantitative approaches that employ machine vision
(Palma et al. 2009; Mount et al. 2003). Automated CAD methods that assess histology
slides are being developed that target conventional pathological hallmarks of dysplasia
such as nuclear atypia, depth-dependent cell morphology, and tissue structure. These
methods have been developed to objectively assess tissue architecture in histology slides
by quantifying patterns of nuclear distribution and levels of nuclear crowding (Keenan et
al. 2000; Miranda et al. 2012). The accuracy of these methods to correctly diagnose CIN
was reported to be between 62-88% (Keenan et al. 2000; Miranda et al. 2012).
Despite these advances in screening, greater than $6 billion is spent annually in the
U.S. in managing low-grade cervical lesions, of which a significant amount is consumed
in monitoring and treating lesions unlikely to progress to malignancy (Drezek et al.
2003). Better screening methods that accurately identify lesions that are high-risk would
drastically cut the cost of care.

With the incorporation of digital images, more

quantitative examination methods based on image processing algorithms will increase
(Park et al. 2010). These methods have the ability to decrease subjectivity, enable more
reliable and repeatable disease classification, and even aid in improving quality of record
keeping for medial reports (also contributing to the development of picture archiving and
communication systems (PACS)). Thus, these quantitative methods have the dual
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potential to improve the specificity of existing techniques and to eventually minimize the
need for an expert medical provider, enabling use in resource-poor regions, where
medical expertise is scarce.
2.4

Automated image analysis beyond cervical cancer screening:

In the past 20 years, routine clinical imaging modalities have begun incorporating
automated image-processing techniques to aid in detection and diagnosis of a broad set of
cancers. In the Unites States, CAD is becoming part of clinical detection of breast cancers
during mammography, specifically finding utility for the detection of masses and
clustered microcalcifications (Nishikawa et al. 1995; Huo et al. 2000). The use of CAD is
increasing the rates of breast cancer detection, especially detection of small (<1cm)
invasive tumors (Cupples and Cunningham 2005). CAD has been developed to aid
radiologists in reading chest radiographs for the detection of microscopic nodules in lung
cancer (Ishida et al. 2002). It has also been applied to CT colonography (Regge et al.
2009), as well as detection of abnormalities in the brain (Arimura et al. 2006) and skeletal
systems (Kagan et al. 1986). By targeting both macroscopic and microscopic image
features, including geometric patterns, textures, and intensity fluctuations, and relating
these features to alterations induced by oncogenesis, the computer output provided by
CAD is improving diagnostic performance (Jiang et al. 1999; Doi et al. 2007). It is likely
that cervical cancer detection can benefit from the development of more robust CAD
techniques, especially by targeting microscopic optical changes that occur at very early
stages of cancer (Levitt et al. 2011; Chang et al. 2009).
2.5

Optical promise for real time diagnostics using intrinsic contrast

Conventional cervical cancer screening methods have high rates of reporting errors
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(Jin et al. 2011), are susceptible to physician bias (Palma et al. 2009), and cannot provide
microscopic information with relevant tissue architecture non-invasively or in real time.
Furthermore, the gold standard of diagnosis is histopathology, which allows only static
visualization, consumes time and materials, and can be subject to processing artifacts and
pathologist subjectivity. These factors limit detection and diagnosis efforts and also
greatly impede the discovery of contributing factors and invasion mechanisms relating to
cancer progression.

Figure 2.3 Current and future cervical screening approaches: Schematic representing current
approaches to detect and treat cervical precancers (a) compared to future approaches (b) employing nonlinear microscopy. Future approaches might include lower-magnification imaging to locate suspicious
lesions and subsequently probe those suspicious areas with higher magnification. Schematic adapted with
original images from Thekkek et al. (Thekkek and Richards-Kortum 2008), using images from our studies.

Optical spectroscopy, including fluorescence and reflectance spectroscopy, as well as
confocal and multiphoton microscopy, can address many of the pitfalls of histopathology
because they are capable of non-destructive, high-resolution imaging that is sensitive to
biochemical and microstructural tissue parameters. This may be of particular value for
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cervical cancer screening, of which a major goal is to detect early microscopic changes
(Fig. 2.3). Implementing optical techniques, which are by nature non-invasive and have
the potential to work in real-time, pre-cancer detection and treatment could occur in just
one patient visit. Furthermore, optical methods possess several unique advantages that
make them attractive in clinical cancer management compared to established noninvasive imaging modalities used commonly in oncology, such as ultrasonography, X-ray
computed tomography (CT) and magnetic resonance imaging (MRI).

For example,

compared to CT, optical irradiation is non-ionizing and thus, multiple and long exposures
do not present a health hazard to patients. Another advantage of optical spectroscopy is
that it can utilize endogenous sources of contrast, making it highly sensitive to
biochemical and morphological changes at the subcellular and tissue level without the use
of contrast-enhancing dyes.
The penetration depth of optical spectroscopy is limited compared to ultrasound, CT,
or MRI, and can range from a few hundred microns to several centimeters, depending on
the wavelength and source detector configuration (Arifler et al. 2006). Fortunately,
epithelial tissues are on the size order of this optical limit, making them well suited to
optical spectroscopic measurements. For inaccessible tissues, such as internal organs, the
development of optical probes will enable light delivery with minimally invasive systems
(Rivera et al. 2011).
The next section will discuss the principles of optical spectroscopy, with a focus on
fluorescence imaging and multiphoton techniques.
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3 Principles of optical spectroscopy
Optical spectroscopy is a means to study tissues or biomolecules based on how they
interact with ultraviolet, visible, or infrared light (Georgakoudi et al. 2008). These
interactions include absorption, scattering, and fluorescence. The major tissue absorbers
are hemoglobin, water and lipids, which can provide information on blood oxygenation,
vascularity, and tissue content (Chilakapati et al. 2008). Tissue scattering can be divided
into inelastic processes (Raman scattering), where the incident light changes frequency
upon interacting with molecules, and elastic processes, where there is no frequency
change in light.

Major elastic tissue scatterers include nuclei, mitochondria, and

collagen, while inelastic scatterers include cell cytoplasm, nuclei, fat, collagen,
cholesterol-like lipid deposits, and water (Chilakapati et al. 2008).
Raman scattering provides highly specific and rich information related to the
biochemical composition of a molecule as well as molecular conformations (Chilakapati
et al. 2008). However, Raman scattered signal is very weak and can be subject to low
signal-to-noise ratios, necessitating highly sensitive and optimized instruments
(Chilakapati et al. 2008). Absorption spectroscopy is highly specific, but for biological
specimens contrast is limited to vascular changes or changes in bulk tissue properties
(Richards-Kortum 1996).
Both reflectance and/or fluorescence spectroscopy have received the most attention
for probing biological specimens due to their ability to assess the microstructure and
biochemical composition. By exploiting biomolecules that are intrinsically fluorescent,
such as nicotinamide adenine dinucleotide (NADH), flavin adenine dinucleotide (FAD),
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keratins, lipids, tryptophan, collagen crosslinks, and more (Zipfel et al. 2003) and due to
advances in instrumentation and the availability of multiple sources of intrinsic contrast,
fluorescence spectroscopy has become the most widespread optical method for assessing
living biological specimens.
3.1

Principles of fluorescence

Fluorescence is a process that can be divided into three phases, absorption, excitedstate, and emission. The typical way of displaying energy transitions involved in the
fluorescence process is with a Jablonski diagram (Fig. 3.1). During fluorescence, a
molecule absorbs an incident photon, which excites the molecule, causing an electron in
the outermost orbits to move to an excited singlet state.5 Since the energy levels within a
molecule are finite, the energy difference between the excited and the ground state must
match the energy absorbed by the molecule (i.e. the wavelength of the incident light).
Equation 1 describes this relationship, where E is energy, h is Planck’s constant, v is the
frequency of light, λ is the wavelength of light, and c is the speed of light in a vacuum:
Equation 1

E= hv = hc/λ

When excited, the molecule remains in the excited state from picoseconds to
nanoseconds, when it can undergo vibrational relaxation or interact with its environment.
In the case that the energy of the photon absorbed is greater than the exact energy needed

5

On average, the electron is moved to an orbital farther from the nucleus than its

original orbital.
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to excite the molecule to the first excited state, the molecule can undergo an internal
conversion, which commonly is accompanied by vibrational relaxation. During this time,
the molecule can partially relax to an intermediate energy level (relaxed singlet state),
dissipating energy as heat. From the intermediate level, the molecule can fully relax to
the ground state and fluoresce by emitting a photon of lower energy than the incident
photon absorbed. The energy dissipation from the excited state to the relaxed singlet state
causes a shift between incident and emitted photons, known as the Stokes shift.

Figure 3.1 Fundamentals of fluorescence: Jablonski diagram (a) showing the various steps of
fluorescence excitation and emission with respect to time in which these steps occur. Jablonski diagram (b)
displaying the energy states of a molecule. The spectral characteristics related to absorption and emission
of energy by a molecule (c) as it is related to the size of the energy steps needed to bring a molecule from
one energy level to another for the common fluorophore FITC. Of note is the symmetry in the absorption
and emission spectra due to the energy similarities in vibrational levels of the S0 and S1 states. Reprinted by
permission from Macmillan Publishers Ltd: Nature Methods (Lichtman and Conchello 2005), © 2005.

Of the incident photons absorbed by the molecule, the majority will not be matched
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with emission of a photon during molecular relaxation. While the most common nonradiative process is vibrational relaxation resulting in energy dissipation as heat,
intersystem crossing (involving an uncommon change in electronic spin) or fluorescence
resonance energy transfer (FRET) can also depopulate the excited state. The quantum
yield (Φf) is the ratio of fluorescence intensity emitted to intensity of light absorbed (as
such, it is always less than 1), and is dependent on the energy levels of a molecule, the
incident wavelength, as well as the pH and temperature of the surrounding environment
(Lichtman and Conchello 2005). Many times, because of the wavelength-dependence,
quantum yield is helpful for determining the optimal excitation wavelengths for
separating fluorescence contributions from distinct molecules within a heterogeneous
population.
The energy levels of a molecule are defined by its electronic configuration, which is
determined by the molecular bonding configuration. Molecules that contain aromatic
rings or contain a number of conjugated bonds distribute outer-orbital electrons over a
wide area. Due to the electronic delocalization within these molecules, the energy
differences between excited state and ground state orbitals are small enough that
relatively low-energy photons (UV or visible light) can be used to excite electrons into
excited states. (Lichtman and Conchello 2005). Specifically, the more conjugated bonds
in a molecule, the lower the energy gap between electronic states (because the electron is
delocalized over a wider area). As a consequence, lower energy (longer wavelength) light
can be absorbed. In fluorescence microscopy of biological molecules, the use of lower
energy light is important in order to avoid destructive light-molecule interactions (such as
UV-induced DNA damage). Somewhat related to this, high-intensity illumination also
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contributes to irreversible molecular destruction, termed photobleaching of the excited
molecule, which can occur through various photochemical reactions (Widengren et al.
2007; Ji et al. 2008)
Since absorption is wavelength dependent, the probability that a molecule will absorb
a photon at a particular wavelength is described by the molar extinction coefficient (ε in
M-1 cm-1), the sample path length (l in cm), and concentration of the sample (C in M),
which can be described in the context of the absorption cross section (σ) of which the
units are cm2. In this way, the Beer-Lambert law can relate the absorption cross section to
absorbance (A):
Equation 2

A = log (I0 / IT) = ε C l

with

Equation 3

ln (I0 / IT) = σ N l

such that

σ = 2.303 ε C / N
Where IT is transmitted intensity, I0 incident intensity, N is number of absorbing
molecules (molecules per cm3).
The intensity of fluorescence (If) can be described with respect to the absorbed
intensity (IA) and the quantum yield (Φf).
Equation 4

If = Φf IA

The absorbed intensity (IA) is dependent on the incident intensity (I0), absorption
cross section (σ), the sample path length (l), and the density of absorbing molecules in the
sample (N) with the equation:
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Equation 5

IA = I0 – IT = I0 - I0 e-σNl = I0 (1- e-σNl )

By combining Equations 4 and 5, we arrive at Equation 6, which describes the
fluorescence intensity as a function of concentration and incident intensity:
Equation 6

If = Φf IA = Φf I0 (1- e-σNl)

From this equation, the relationship between fluorescence intensity and fluorophore
concentration (i.e. N, the density of absorbing molecules) is established. This expression
can be expanded to a Maclaurin series. At low concentrations, the two-term Maclaurin
series approximation (e-x = 1 - x) can be used to simplify Equation 6, allowing us to
approximate the fluorescence response as a linear function of concentration.
Equation 7

If = Φf I0 (1- e-σNl) = Φf I0 (σ N l )

This allows for quantitative assessment of fluorophore concentration based on optical
fluorescence characterization.
In a thick sample, loss of measured fluorescence intensity from the predicted
fluorescence intensity can arise during light delivery as well as during collection of
emission. These losses can be estimated by assuming the sample is a homogenous
medium, with defined scattering and absorption properties. The loss of light during
excitation can be estimated with Equation 8:
Equation 8

I0 = I0’ e -(µa(λ1) + µs(λ1)) l

Where I0’ is the original measured incident intensity, I0 is the intensity that reaches
the target molecule (after attenuation), µa(λ1) and µs(λ1) are the absorption and scattering
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coefficients of the medium at the incident wavelength (λ1), and l is the depth in the tissue.
A similar equation can describe the attenuation of the emitted intensity (If) for µa(λ2) and
µs(λ2) defined at the emission wavelength (λ2):
If’ = If e -(µa(λ2) + µs(λ2)) l

Equation 9

Thus, the total measureable fluorescence intensity (If’) is related to the incident
intensity (I0’) and density of the absorbing molecules (N) by combining Equations 7, 8,
and 9 to form Equation 10:
Equation 10
3.2

If’ = Φf [I0’ e -(µa(λ1) + µs(λ1)) l ] (σ N l ) [e -(µa(λ2) + µs(λ2)) l ]

Principles of fluorescence and confocal microscopy

In a fluorescent microscope, by selecting appropriate excitation wavelengths and
emission filter combinations, specific fluorescent molecules can be targeted for
observation and/or quantification. To do this, cubes that contain dichroic filters are
located between the light source and the objective lens (Fig. 3.2). These mirrors allow
only specific wavelengths of light to pass, while other wavelengths of light are reflected.
The incident light passes through the dichroic mirror and is delivered to the sample plane
by the objective lens. The emitted or scattered light is collected by the objective lens and
allowed to pass through the dichroic mirror and is delivered to the eyepiece or camera
(Lichtman and Conchello 2005).
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Figure 3.2 Standard fluorescence microscope. Upright microscope (a) with arc lamp source sends light
to dichroic (within filter cube) that illuminates the specimen with selected wavelengths (green).
Fluorescence (red) is collected by the objective passes through the dichroic, where it hits a barrier filter
before the eye-piece or camera. Cube details (b) showing the dichroic mirror (3) reflects and transmits
between the absorption and emission peaks of the fluorophore (fluorophore spectra in blue, shown for
GFP). Reprinted by permission from Macmillan Publishers Ltd: Nature Methods (Lichtman and Conchello
2005), © 2005.

One of the major drawbacks of standard microscopes is the lack of ability to resolve
fluorescence from thick samples. This inability is due to increased contributions from
fluorescence emission outside of the focal plane and increased scattering in the sample
reaching the detector and causing image distortion. This problem is particularly
burdening when imaging thick, multilayered samples because more that 90% of the
collected fluorescence can be from out of focus light (Conchello and Lichtman 2005).
One approach to enhance the ability to reject out of focus and scattered fluorescence light
is the implementation of confocal detection.
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Figure 3.3 Principles of Confocal microscopy: Basic confocal microscope schematic (a) showing the
excitation light (green) being directed by a scanning mirror to be focused on a specimen. Emission
generated from the specimen is descanned and passes through a dichroic and band-pass filter where in
focus light passes through the pinhole onto the PMT. A schematic (b) showing the basic principle of
excluding out of focus light (dotted line) which is generated from the specimen. Reprinted by permission
from Macmillan Publishers Ltd: Nature Methods ( Conchello and Lichtman 2005), © 2005.

Confocal microscopes are distinct from standard fluorescence microscopes because
they are designed to acquire depth-resolved images through thick biological samples
(Conchello and Lichtman 2005). In a confocal microscope a pinhole aperture is in the
conjugate plane of the focus, which allows only focused light to pass through the aperture
and reach the detector (Fig. 3.3). Confocal microscopes use lasers, which are high-power
coherent light sources, to illuminate the specimen. Incident light is focused onto an area
as a high-intensity point and raster-scanned across the specimen using galvanometer
mirrors at a user-defined frequency. Emitted fluorescent from the point illumination
passes back through the objective lens and must be descanned (by hitting the scanning
mirrors they arrived through) and subsequently separated from the emission light by
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passing through a dichroic filter. For confocal detection with stationary detectors,
collected light must be descanned in order to eliminate out of focus light. Next, light
passes through selective filters, before it reaches photomultiplier tube (PMT) detectors
that convert detected photons into an electrical current through the generation of
electrons.
Certain parameters of the microscope systems help determine the quality of the
formed image. The numerical aperture (NA) is a parameter that refers to the angle of light
that can be accepted by a lens. The NA is defined by the equation:
Equation 11

NA=η sin(θ),

where η is the refractive index of the medium from which light is entering the lens
and θ is the maximum angle at which light rays can enter the lens. The refractive index is
a measure of how much the speed of light is attenuated once entering a specific medium.
Based on this equation it is clear that the NA of an objective can be increased most
dramatically by increasing the refractive index of the medium from which light is
entering the lens (sin(θ) cannot be larger than 1). The use of immersion medium is a
technique that is used to increase the NA of an objective with a higher refractive index
than air. Objectives with NA greater than one are common when imaging biological
samples because water is usually the primary component in the biological sample.
The objective lens can collect at least portion of the light emitted from a point source
and collimate the light into parallel rays. A second lens can then be used to refocus the
collimated light on the detector. The size of the cone of light that can be collected by an
objective lens (as defined through the NA) will contribute to the resolving power of the
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objective lens. The resolution of a lens is the minimum distance (d) at which two adjacent
particles in the sample plan can appear as separate entities in the imaging focal plane:
Equation 11

d = 1.22(λ/2NA)

(Conchello and Lichtman 2005).

As d gets smaller (or NA gets larger) the resolving power of the lens increases. The
working distance of an objective is the distance between the apex of the curvature of the
lens and the focal plane. The working distance is closely tied to the NA and is related to
the maximum width of the cone of the light that the lens can accept. As the NA increases,
the working distance decreases.
The axial resolution daxial of a confocal microscope is determined by the incident
wavelength, λ and the NA of the objective, described by Equation 12:

Equation 12
3.3

daxial = 2λη/ (NA) 2

(Pawley 2006).

Nonlinear optical techniques

Similar to confocal microscopy, nonlinear optical techniques such as multiphoton
microscopy (MPM) can address the limitation of conventional fluorescence microscopy.
Multiphoton methods such as two-photon excited fluorescence (TPEF) and second
harmonic generation (SHG) involve the interaction of two low energy photons with a
molecule yielding either fluorescence (TPEF) or scattering (SHG) of a single photon
(Helmchen and Denk 2005). Since the probability of multiple photon absorption is low,
excitation is intrinsically limited to the focal plane of the objective where the intensity is
highest. Thus, emission pinholes and descanning optics are not necessary to achieve axial
depth resolution, which allows for improved signal detection as compared to single34

photon techniques (Zipfel et al. 2003; Helmchen and Denk 2005). In addition to the
inherent ability on nonlinear techniques to optically section 3D specimens, the excitation
wavelengths used are typically in the near-infrared (NIR), where tissue absorption and
scattering is reduced and thus, thermal and photo-damage outside of the focal volume is
minimized and potential penetration depth is maximized (Zipfel et al. 2003).

Figure 3.4 Principles of two-photon excited fluorescence (TPEF): Experiment showing two objectives
delivering one- (left) and two-photon (right) excitation in Fluorescein solution (b). Two-photon excitation
generates fluorescence exclusively in the focal volume. Jablonski diagram (c) showing the one-photon and
two-photon excitation of a molecule and the subsequent fluorescence emission. Panels a/b reprinted by
permission from Macmillan Publishers Ltd: Nature Biotechnology (Zipfel et al. 2003), © 2003.

At longer wavelengths scattering is significantly reduced and it is possible to image
thicker specimens. It is important to note that a drawback of using longer wavelengths is
the decrease of resolving power (see Equations 11 and 12). Although the resolution is
affected by the wavelength, the numerical aperture has a greater effect on the focal
volume size (therefore the resolving power). Due to the dependence of two-photon
excitation on the intensity squared, the axial resolution is significantly more influenced
by the numerical aperture than in single-photon excitation (Rubart 2004).6

6

From (Rubart 2004): a 4-fold reduction in the numerical aperture of the objective
35

In TPEF, a laser is point-scanned across a sample. Pulsed lasers are used because they
have high peak power but low average power, which allows for non-destructive imaging
(Rubart 2004). The probability of a nonlinear interaction between the excitation light
beam and a fluorescent molecule depends on its molecular two- or multi photon crosssection (σMPEF) (Diaspro et al. 2005). In the case of TPEF, cross-sections are given in GM
units (1 GM=10-50 cm4 s photon-1) (Diaspro et al. 2005). The molecular TPE action
cross-sections and emission spectra of common intrinsically fluorescent molecules have
been established (Zipfel et al. 2003). For TPE, the number of fluorescence photons
emitted per unit time, ITPE, is proportional to the square of the incident photon flux
density (ρ) in photons cm-2 sec-1, the molecular two photon absorption cross-section σTPE
and to the quantum yield, Φf.
Equation 13

ITPE α Φf ρ 2 σTPE .

In addition to endogenous fluorescence, intrinsic polarization can be used to image
tissue-relevant components such as fibrous collagen (Stoller et al. 2003). Intrinsic
polarization, namely SHG, arises from a nonlinear, second-order polarization of the
incident light upon interaction with non-centrosymetric molecules. SHG from fibrous
collagen is possible only with intact fibrils and is therefore sensitive to remodeling (Raub
et al. 2007; Provenzano et al. 2009). During SHG two photons interact with a material

will increase the spread of the excitation volume ~22 fold axially and ~4-fold laterally
leading to an increase in the focal volume of over two orders of magnitude. Increasing the
excitation wavelength from 700 to 1000nm will only increase the focal volume ~3-fold.
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and generate a photon of half the wavelength and twice the frequency. SHG is a coherent
process and is sensitive to both the amplitude of the illumination field and to its phase,
leading to an intricate dependence of SHG on both the excitation beam focus and the
sample susceptibility distribution (Stoller et al. 2003; Chu et al. 2007; LaComb et al.
2008). Therefore, in addition to information about the macroscopic distribution of fibers,
SHG microscopy can provide information about the molecular structure of SHG
scatterers such as fibril diameter, fibril spacing within a fiber, and the regularity of that
spacing (Chu et al. 2007; LaComb et al. 2008). Consequently, SHG imaging can reveal
information about the underlying structure of the epithelial stroma, and hence offers a
new window for detection of disease (Provenzano et al. 2008).
The combination of TPEF and SHG provides a powerful tool for imaging biological
tissues because they can be simultaneously executed and differentiated based on their
distinct emissions.
3.4

Optical imaging of cervical cancers

Fluorescence microscopy has the ability to provide morphological and biochemical
information that is relevant to structural and functional changes that occur during cancer
transformation (Palero et al. 2007; Walsh et al. 2012; Levitt, Georgakoudi et al. 2002;
Chang et al. 2002). Many fluorescence studies examine cancer models with the goal of
identifying optical biomarkers that will be useful for the detection of early malignant
lesions or as a guide defining tumor borders during treatment. There are various imaging
techniques used within these instrumentation setups, ranging from broadband UV
excitation (Chang et al. 2009) to advanced multispectral imaging (Radosevich et al.
2008).
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The earliest studies using fluorescence imaging, frequently employed fluorescence
markers using externally added fluorophores, which bind to specific targets in tissues.
These experiments were performed as early as 1900, when Raab and Hausmann used
porphyrins to sensitize organisms to visible light (to be seen with the unaided eye)
(Cardenas-Turanzas et al. 2007). Similar studies persisted until the mid 1990’s,
examining substances such as phthalocyanines, rhodamines, and delta-amino levulinic
acid (ALA) (Andersson-Engels et al. 1999), which are substances that are fairly specific
to transformed cells, but have a strong photosensitizing capacity, which was a drawback
for in vivo application during diagnostic techniques. For observation, these dyes were
mostly examined with a coarse microscope or, in some cases, the unaided eye. Over a
century later, the combination of low-power microscopy and exogenous contrast agents
are still in use, notably for the detection of cervical cancer when physicians apply acetic
acid as a contrast agent to suspicious tissues before examining with a colposcope. Acetic
acid affects the scattering properties of tissues, causing precancerous tissues to scatter
white light more efficiently compared to normal tissues (Drezek et al. 2003).
One of the first clinical fluorescence instruments to exploit unperturbed human tissue
was a bronchoscope using a mercury arc lamp and white light (Profio and Balchum
1985). Restriction to detection of a single emission bandwidth was limiting, which
spurred the development of imaging instruments with spectral resolution. In the early
1990’s, investigators began to examine the potential of spectroscopy for the detection and
diagnosis of cervical cancers, mostly by exploiting tissue autofluorescence. The first
group to measure spectra of normal and malignant cervical tissues was led by R.R.
Kortum (Ramanujam et al. 1994; Richards-Kortum 1996). In these studies Kortum
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demonstrated that by exciting cervical tissue and examining the intensity at multiple
emission wavelengths, normal and pathological conditions could be differentiated.
Specifically, fluorescence spectra from normal and dysplastic tissues was shown to have
inherent differences that can use used to discriminate between normal/inflamed tissue and
HPV-infected/CIN with sensitivity of 92%, specificity of 90%, and a positive predictive
value of 88% (Ramanujam et al. 1994). Furthermore, the ability to distinguish between
CIN, HPV -infection and inflammation had a positive predictive value of 74%.7
Kortum’s group examined the incorporation of multiple excitation wavelengths which
were found optimize the sensitivity and specificity in a larger, more recent study,
measuring optical signatures of cervical dysplasia. Specifically, Chang et al. performed a
cross validation study measuring fluorescence excitation-emission matrices (EEMs) in
vivo from 141 different patients to find the best excitation wavelength combination that
could discriminate between normal epithelia and high-grade cervical dysplasia, finding
that excitation combinations of 350 nm and 430 nm have the highest combined sensitivity
and specificity (.68 and .86, respectively) (Chang et al. 2002). The biological origins of
these changes can be attributed to changes in nicotinamide adenine dinucleotide (NADH)
and flavin adenine dinucleotide (FAD) fluorescence, decreased stromal collagen crosslink fluorescence, and increased hemoglobin absorption, which reflect metabolism, tissue
architecture, angiogenesis, and epithelial/stromal interactions (Richards-Kortum 1996;

7

This study was done in vivo and the results were compared to previous work done in vitro,
showing that predictive algorithms developed in vitro and subsequently applied in vivo have
positive predictive value of 83%, which is within 5% of the positive predictive value of
algorithms developed and applied in vivo. This is promising for the clinical translation of our in
vitro work.
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Georgakoudi et al. 2002; Pavlova et al. 2003).
Of the studies that have been performed on cervical tissue, some have recommended
that future studies could benefit from stratifying study populations with respect to age
and menstrual cycle, because these factors seem to effect fluorescence characteristics of
the cervix (Chang et al. 2002; Chang et al. 2002b; Drezek et al. 2003). Yet, most studies
report that the menstrual cycle and age do not affect the diagnostic power of fluorescence
analysis. For example, post-menopausal status and increasing age were found to be
connected to higher fluorescence intensity, likely due to changes in collagen-crosslinking,
but were found to not have a strong effect on diagnostic power of spectral analysis
(Brookner et al. 2003; Atkinson 2005). Hormones that fluctuate throughout the menstrual
cycle have been shown to affect the metabolism of epithelial cells in the cervix (Chang et
al. 2002; MacAulay et al. 2002). Specifically, NADH was found to increase during the
proliferating phase of the cycle and decrease during the secretory phase, while FAD
showed opposite trends. Still, with the exception of the period of menstrual bleeding,
these studies found that menstrual-related fluctuations were not a critical factor to
account for in diagnostic algorithms (Chang et al. 2002; MacAulay et al. 2002).
Due to their success and promise, clinical instruments have been developed based on
fluorescence studies discussed above, which have shown to increase the true-positive rate
for Pap tests of LSIL or ASCUS as compared with colposcopy alone by 26.8% (Alvarez
and Wright 2007).

However, these wide-field imaging instruments usually achieve

between 50–100 µm spatial resolution, which is mostly useful for highlighting suspicious
regions of tissue (Silva and Richards-Kortum 1994). Point-probe techniques, which use a
small fiber-optic probe placed in contact with the tissue surface, can be used to
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interrogate suspicious areas with higher spatial or spectral resolution. Like some widefield imaging studies, point probes have incorporated reflectance spectroscopy, which
measures the intensity of reflected light as a function of incident wavelength. Increased
scattering from cells can occur as a result of increased nuclear size, increased DNA
content, and hyperchromasia with coarse and irregular chromatin clumping (Arifler et al.
2006). Furthermore, in addition to cellular sources of scattering, increased scattering in
tissues can arise from changes in collagen architecture (Georgekoudi et al. 2002).
In a relatively recent meta-analysis of 188 publications, the performance of combined
fluorescence and reflectance spectroscopy for cervical cancer screening was evaluated
against a multispectral wide-field imaging approach (Cardenas-Turanzas et al. 2007).
Ultimately, the meta-analysis concluded that of the studies that exist, the reflectance and
fluorescence-based point probe approach is the most appropriate for cervical screening
applications. The point-probe approach has shown similar sensitivity and specificity to
colposcopy for CIN diagnosis (Georgakoudi et al. 2002).
A major problem in cervical cancer diagnostics is accurately discriminating between
inflammation and precancers (Pavlova et al. 2008). Depth-resolved spectroscopy may
give rise to better specificity (Wu and Qu 2006; Wu et al. 2005). Wu et al., examined the
correlation between epithelial fluorescence and tissue pathology by calculating the
average peak intensity of the depth-resolved fluorescence spectra between tissues
grouped as normal, HPV-infection, and CIN (including I, II, and III), finding differences
in depth-resolved fluorescence in dysplastic tissue (Wu et al. 2005).
High-resolution optical techniques, such as video-rate confocal microscopy, can
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image tissue with subcellular resolution to probe changes in tissue structure and cell
morphology (Collier et al. 2000). Confocal microscopy is limited by high rates of
photobleaching due to out of focus excitation caused by the illumination cone. Thus,
despite these advances, more efforts need to be made to improve sensitivity and
specificity of optical methods to discriminate normal, inflamed, and precancerous lesions
(Thekkek and Richards-Kortum 2008).
3.5

MPM promise for clinical use

MPM continues to find an increasing number of applications in biology and
medicine. MPM excitation provides deeper tissue penetration, and results in less
photobleaching and photodamage outside the focal volume than single-photon techniques
(Zipfel et al. 2003; Ustione and Piston 2011). MPM can image thick specimens with submicrometer resolution down to a depth of approximately 1mm within biological
specimens (Ustione and Piston 2011). Many studies have validated the ability of
multiphoton imaging as a means of distinguishing between normal and diseased tissue
with sub-micron resolution (Li et al. 2010; Breunig et al. 2010; Masters et al. 1997; Skala
et al. 2005; Hall et al. 2009; Palero 2009). In this way MPM has a proven record in
effectively setting apart diseased cells based on their morphology and biochemical
compositions (Wang et al. 2010).

Notably, the multiphoton-capable instrument

DermaInspect has been used to perform the first MPM clinical studies on the early
detection of skin cancer based on non-invasive optical sectioning of skin, finding
cancerous tissues showed significant morphological differences compared to normal skin
layers (König et al. 2006). Despite the fact that the DermaInspect system consists of a
modified bench-top geometry, which limits its use to superficial and/or accessible tissues,
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skin studies have continued over the past 5 years showing excellent promise for future
clinical use for diagnosing skin disease (König et al. 2011; Breunig et al. 2010; Koehler
et al. 2006).
Conventional MPM systems generally use bench-top microscopes to image samples,
which are not suitable for intravital deep tissue imaging. Recently, there has been
tremendous effort to develop compact multiphoton systems for in vivo deep tissue
imaging for clinical application (Tang et al. 2009). P. So’s group developed a
multiphoton biopsy probe based on a high-speed handheld multifocal multiphoton
microscope (MMM) using a miniaturized scanning system (Kim et al. 2005). Other
miniature multiphoton-capable scanning fiber-based systems have been developed
demonstrating real-time TPEF and SHG imaging of rat tail tendon and skin (Wu et al.
2008). These systems have comparable resolution to standard bench-top systems, with
some systems delivering up to 1.1µm lateral resolution and over 400µm field of view
(Rivera et al. 2011; Rivera et al. 2012).
While probes are becoming more precise and smaller, the sources that MPM relies on
are still the traditional Ti:sapphire lasers which are bulky and expensive (Tang et al.
2009). Femtosecond fiber lasers have emerged as a promising compact light source for
MPM applications that are more promising than Ti:Sapphire lasers in that they are more
compact and portable (Murari et al. 2011). In the past few years, compact fiber laserbased MPM probes have been reported that have tunability between 1000-1300nm
excitation and deliver average powers up to 200 mW (Liu et al. 2010). Although laser
technology continues to improve, Ti:sapphire lasers are still the standard source for
MPM, which is limiting MPM’s use in clinical and research settings (Ustione and Piston
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2011). The development of less expensive, more compact, portable, and tunable ultrafast
laser sources will enhance the impact of MPM for research and clinical studies.
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4 The value of endogenous fluorescence
An advantage of using fluorescence techniques for non-destructive imaging is not
only that the location of the fluorophores can be spatially mapped, but also that the
concentration of the fluorophores can be quantified and used to assess biochemicallyregulated cellular processes. The use of exogenous fluorophores to label biological
molecules is often resource intensive, can be subject to inadvertent labeling, and pollutes
specimens with unnatural substances (Rudin et al. 2005). Furthermore, some cellular
structures are very difficult to label: for example, cell membranes can be impermeable to
certain antibodies or large molecular dyes. In addition to the challenges associated with
exogenous labeling, the introduction of chemical substances into tissues can complicate
clinical procedures and have unwanted consequences on patient health.

Alternative

approaches to visualize biomolecules based on florescent gene marking have been
developed, however, these methods require genetic transfection and thus, are not
clinically feasible. In this context, fluorescence techniques that exploit endogenous
fluorophores show great promise for the future of clinical fluorescence microscopy.
4.1

Sources of intrinsic contrast

Many naturally fluorescing biological molecules have UV absorption bands, which
make them ideal targets for MPM methods employing NIR light. These intrinsically
fluorescing biomolecules include NADH, FAD, keratins and lipids, and the pyridinoline
crosslinks of collagen and elastins (Li et al. 2010).

Other biological fluororphores

include melanin, lipofuscin, retinol, tyrosine, tryptophan, dopamine, and indoleamines
(i.e. serotonin and melatonin)), however, excitation of serotonin, tyrosine, tryptophan,
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and dopamine require three-photon excitation with a NIR light source. In the past, these
endogenous sources of contrast were generally disregarded due to their small excitation
cross-sections and thus, relatively weak fluorescence (Zipfel et al. 2003). With the advent
of high-powered and tunable NIR light sources and highly sensitive detectors,
endogenous sources of contrast have become an attractive alternative to exogenous dyes.
Many MPM studies examine endogenous fluorescence emanating from epithelial
tissues because epithelia are optically accessible and often the origins of early disease.
Within epithelial tissues, intracellular sources of endogenous fluorescence include
NADH, and FAD, which are localized primarily to the mitochondria (Rice et al. 2010;
Levitt et al. 2011). In this way, from the NADH and FAD fluorescence signal, the
structure and biochemical composition of mitochondria can be assessed. Additionally,
cell and nuclear morphology can be visualized. For example, in endogenous NADH
fluorescence images nuclei are displayed near the center of a cell as dark, round
structures surrounded by bright mitochondria (Fig. 4.1).

Figure 4.1 Endogenous signal from cells and matrix: In-house images of autofluorescence (a) from a
monoculture of keratinocytes and fibroblasts and second harmonic generation (b) from a bovine collagen
matrix.
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In epithelial tissues, extracellular sources of fluorescence include keratins and the
crosslinks of elastin and collagen. Elastin is an extracellular matrix protein that is
primarily localized to connective tissues and blood vessels. It is efficiently excited with
TPE between 700-740 nm (Zipfel et al. 2003). Generally, studies examining skin aging
have shown elastin fluorescence increases with age (Koehler et al. 2006; Kollias et al.
1998). In the context of cancer progression, elastin fluorescence has been shown to
decrease in peri-tumoral regions of non-melanoma skin cancer (Brancaleon et al. 2007).
More work is needed to characterize the relationship between premalignant changes and
elastin structure or content. Future studies could identify early and subtle changes in
matrix remodeling or vascularity, but, at the same time, must overcome challenges
related to penetration depth of incident light, given limitations related to epidermal
attenuation of shorter wavelength irradiation (at wavelengths less than 310nm, over 90%
of incident radiation has been reported to be absorbed in the first layers of the skin
(Kollias et al. 1998)).
Elucidating optical differences reflecting changes in collagen structure may be an
important marker of early cancer progression since alterations in collagen fluorescence
intensity and fiber reorganization have been connected to progression of tumors (Zhuo et
al. 2010; Zhuo et al. 2010; Cicchi et al. 2009; Georgakoudi et al. 2002). Fluorescence
intensity of collagen crosslinks can be used as a measure of collagen crosslinking density
(Lutz et al. 2011), while SHG provides high-resolution images that enable analysis of
collagen structure (Helmchen and Denk 2005; Zipfel et al. 2003). Provenzano et al.
provide evidence of cancerous cells interacting with and remodeling collagen matrix
during breast cancer progression, suggesting that densely packed, radially aligned
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collagen fibrils surrounding the cell may promote cancerous cell invasion into other
tissues (Provenzano et al. 2008; Provenzano, et al. 2009).

The observed matrix

remodeling patterns may be specific to tissue sites, as generally, in cervical tissue, a
decrease in collagen fluorescence has been observed in connection with cervical
dysplasia (Georgakoudi et al. 2002; Drezek et al. 2001; Ramanujam et al. 1994).
Furthermore, recent studies detect alterations in healthy and precancerous cervical
collagen structure using SHG. These studies find that that precancerous cervical
specimens contain less dense, slightly looser, unorganized collagen matrix with less
linear, shorter, and less structured fibrils compared to healthy tissue (Zhuo et al. 2010).
With the emergence of image analysis methods that quantify subtle changes in collagen
structure (Bayan et al. 2009) as well as studies that connect endogenous collagen
signatures with defects in cell signaling and tissue mechanical properties (Lutz et al.
2011; Raub et al. 2007), the pathological origins of these carcinogenic changes should
become more clear.
Keratins are fibrous structural proteins that autofluoresce in their most mature form,
which is within keratinocytes that are localized to the outer-most layer of epithelial
tissues (König and Riemann 2003; Lee et al. 2008). These keratinocytes (sometimes
termed corneocytes) are bound together by intercellular lipids, forming a protective
barrier. The majority of optical studies attribute the fluorescence of this protective barrier
solely to keratin (Wu et al. 2005; Levitt et al. 2011; Wu and Qu 2006; Li et al. 2010).
However, to date, no studies have directly elucidated the biological origins of
fluorescence emanating from the upper layers of intact epithelia. Pena et al. examined the
autofluorescence characteristics of solutions of keratin isolated from human skin as well
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as outer epithelial regions from fixed and embedded tissue sections finding they have
similar TPEF properties (Pena et al. 2005). Solutions and fixed tissue sections are not
optimal models for determining the fluorescence properties of epithelial-derived keratin
proteins, because keratins are either disassembled or perturbed in these specimens.
An informative optical study on the biological origins of keratin fluorescence can be
found in the work by Lee et al., in which the primary focus was characterizing the action
of depilatory agent treatments of human skin (Lee et al. 2008). In this work, changes in
keratin and intercellular lipid are examined by MPM (780nm excitation and 500-550nm
emission), histology, Nile red staining (specific for lipids), and electron microscopy.
Autofluorescence patterns were correlated to alterations in the structural integrity of
keratin and lipids lamellae (Fig. 4.2). Most importantly, Lee et al. showed that by
breaking di-sulfide bonds with a depilatory treatment, intracellular bubbles (voids, with
no fluorescence) could be seen that were attributed to the disruption of intracellular
keratin networks. Nile red staining showed that the treatment also disrupted intercellular
lipid organization suggesting that intact lipid/ keratin structures are sources of epithelial
autofluorescence.
In epithelial cancers, specific keratin patterns can be used as diagnostic tumor
markers. Specifically, knowing the type, structure, and localization of keratins present in
a tumor are considered valuable indicators of disease (Karantza 2010). Our group has
optically isolated the fluorescence of keratin/lipid structures from that of intracellular
autofluorescence based on differences in fluorescence intensity (Levitt et al. 2011),
demonstrating that the localization of keratin/lipid fluorescence is altered during HPVrelated precancer. More work is needed to elucidate the biological origins of endogenous
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keratin/lipid signals in order to fully exploit their potential diagnostic value.

Figure 4.2 Autofluorescence images of the stratum corneum of untreated and depilatory agent–treated
specimens: From experiments by Lee et al. (Lee et al. 2008) showing autofluorescence from the
corneocytes from an (a) untreated specimen and (b-c) depilatory agent–treated skin specimens. The treated
specimens have disrupted lipid packing and keratin organization as observed with electron microscopy. As
a result the fluorescence appears homogenized (b) or corneocytes detached (c, arrow). Reprinted by
permission from Macmillan Publishers Ltd: Journal of Investigative Dermatology (Lee et al. 2008), ©
2008.

4.2

NADH, FAD, and metabolism

Many optical studies that assess epithelial tissues exploit the naturally fluorescing
biomolecules NADH and FAD, which serve as coenzymes that donate and accept
electrons, respectively, during glycolysis, the tricarboxylic acid cycle (TCA), and
oxidative phosphorylation. Since the 1950’s conventional biochemical studies have
demonstrated that the concentrations of these naturally fluorescent coenzymes correlate
with the metabolic and physiological states of cells (Veech 2006). These conventional
methods are limited in that they inherently require the destruction of cells (or tissues) and
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only yield snapshots of the redox state of cells without any morphological context.
Optical methods are non-invasive, have spatio-temporal resolution, and can provide
multiple redox measurements in real time. Furthermore, redox imaging on the basis of
the autofluorescence is the only clinically-translatable method that can achieve 3D
imaging of tissue redox state at a submillimeter resolution (Li 2012).
Due to their differential fluorescence between oxidized and reduced states, NADH
and FAD fluorescence can provide microscopic information related to cellular metabolic
status through the comparison of their relative concentrations (i.e. the redox ratio, [FAD]/
([NADH] + [FAD]) (Georgakoudi and Quinn 2012; Rice et al. 2010). NADH excitation
has been reported at 337 nm (Konig et al. 1997), 350 nm (Villette et al. 2006), and 365
(Wu et al. 2006). Environment-induced changes, such as pH, or binding differences can
affect NADH excitation action cross sections and their wavelength dependence as well as
peak emission. 8 Early on, Chance reported that bound NADH is significantly more
fluorescent than unbound NADH in the cytoplasm (Chance and Thorell 1959; Chance et
al. 1964). For example, emission of NADH is altered depending on NADH binding state
such that bound NADH consistently emits more intensely and peak emission is blueshifted approximately 10 nm (Konig et al. 1997; Villette et al. 2006; Wu et al. 2006).
Konig et al. reported that at 337 nm excitation, free NADH emits at 445 nm while bound

8

Furthermore, decreased temperature can enhance the fluorescence of both NADH
and FAD (Chance et al. 1979), which underscores the importance of maintaining constant
temperatures when quantifying the intensity of fluorescence signals over time or when
comparing multiple specimens.
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NADH emits at 455 nm (Konig et al. 1997). Within the aforementioned excitation range,
NADH emits most efficiently between 440 nm and 470 nm, whereas FAD is typically
excited around 450 nm and emits maximally at approximately 520 nm (Chance et al.
1979; Richards-Kortum 1996). Conveniently, the TPE action cross section of NADH
decreases by three orders of magnitude in the excitation range from 700-850 nm, while
the TPE action cross-section of FAD remains constant over the excitation range of 700900 nm (Zipfel et al 2003). Due to these differences in fluorescence characteristics, it is
possible to selectively collect NADH and FAD fluorescence with optimized
combinations of excitation sources and emission optics. Ratiometric analysis of NADH
and FAD intensities are usually assessed, which, in principle, are less susceptible to
artifacts related to depth-dependent tissue scattering, blood absorption, mitochondrial
density variations, or to changes in instrumentation performance over time (Skala et al.
2007).
Understanding the functional roles of NADH and FAD is essential to interpreting the
relationship between fluorescence based redox ratio and cell metabolism.

During

metabolic processes such as glycolysis, the tricarboxylic acid cycle (TCA), and oxidative
phosphorylation, carbon sources such as glucose and glutamine are catabolized,
producing ATP and biosynthetic precursors that are needed for anabolic cellular
activities.
Glycolysis: In the cytoplasm during glycolysis, glucose is broken down into pyruvate,
generating NADH with the following net reaction:
Glucose + 2NAD+ + 2Pi + 2ADP à 2pyruvate +2ATP + 2NADH +2H+
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In order for glycolysis to proceed, NAD+ must be regenerated. Under anaerobic
conditions, this can occur by reduction of pyruvate to lactate, which is catalyzed by
lactate dehydrogenase (Heikal 2010).

Under aerobic conditions, the electrons from

cytosolic NADH can be shuttled into the inner membrane of the mitochondria directly to
the respiratory chain, using the malate-aspartate and glycerol-3-phosphate shuttles
(Heikal 2010), which couple glycolysis with mitochondrial energy metabolism.
Glycolysis consists of ten steps, of which the major steps are summarized in Figure
4.3. By using phosphate from an ATP molecule, glucose is converted into glucose-6phophate (G-6P), which is rearranged enzymatically into fructose-6-phosphate (F-6P).
Next, another phosphate from an ATP molecule is transferred to F-6P to form fructose 1,
6-biphosphate, which is subsequently split into two molecules of glyceraldehyde
phosphate.

NAD+ catalyzes the transformation of one molecule of glyceraldehyde

phosphate into two 1,3-biphosphoglycerate molecules, and in the process, accepts a
proton generating two NADH molecules. The phosphates of 1,3-biphosphoglycerate are
transferred back to ADP by phosphoglycerokinase, forming two ATPs. Extra phosphates
and water are subsequently removed, forming two molecules of phosphoenolpyruvic acid
(PEP). Next pyruvate kinase catalyzes the transformation of two PEP to two pyruvate
molecules, forming two ATPs (Mazurek et al. 2005). The net gain of the catabolism of
one glucose molecule is two ATP, NADH, and pyruvate molecules.

53

Figure 4.3 Schematic of cell metabolism: Schematic of the major steps of cell metabolic pathways in
the cytosol (white) and the mitochondrion (pink) which include glycolysis, the tricarboxylic acid cycle
(TCA), and oxidative phosphorylation by means of the electron transport chain (ETC). Pentose phosphate
pathway (PPP), malic enzyme (ME), lactate dehydrogenase (LDH), phosphoenolpyruvic acid (PEP),
fructose-biphosphate (FBP), 3-biphosphoglycerate (3-P-G), glucose-6-phophate (G-6P), pyruvate
dehydrogenase (PDH) or pyruvate carboxylase (PC), oxaloacetate (OAA), malate dehydrogenase (MDH).

During glycolysis, metabolites can be diverted into other anabolic pathways, such as
the pentose phosphate pathway (PPP). The PPP oxidizes glucose to make NADPH and
other carbohydrates needed for biosynthesis. Specifically G-6P can be fed into the PPP
and oxidized by NADP+ to form NADPH and ribose-5-phosphate, which is needed for
synthesis of proteins and nucleotides. Subsequently, NADPH can be used in reductive
biosynthesis of fatty acids or in detoxification.
A high flux through glycolysis is thought to occur in rapidly proliferating cells, which
54

have a greater need for a ready supply of the building blocks necessary for the synthesis
of macromolecules (nucleotides, protein, lipids) (Georgakoudi and Quinn 2012). As a
consequence, an increase in lactate production often accompanies elevated rates of
glycolysis or PPP.
The TCA cycle: Following glycolysis, inside the mitochondrial matrix, the TCA
cycle begins with the transport and subsequent oxidation of pyruvate within
mitochondria. Pyruvate can enter the TCA cycle through pyruvate dehydrogenase (PDH)
or pyruvate carboxylase (PC), with the entry via PDH being more common in certain
cancer cells (DeBerardinis et al. 2007). PDH metabolism generates acetyl-CoA, which is
oxidized in the TCA cycle.
Acetyl-CoA + 2Pi + GDP + 2NAD+ + FAD à CoA-SH + 2CO2 + 3NADH + FADH2 +GTP

The oxidation of acetyl-CoA, generates a net of 3NADH and FADH2, which can be
subsequently fed into the oxidative phosphorylation system. MPM studies have shown to
be sensitive to a transient rise in NADH fluorescence when pyruvate enters cells (Bennett
et al. 1996). In oxidative phosphorylation, NADH molecules can donate their electrons to
the ETC and revert back to NAD+. For each NADH molecule, approximately three ATP
molecules can be produced by the electron transport chain (ETC). A lack of oxygen or a
rise in the ATP/ADP ratio slows the ETC and can result in accumulation of NADH.
PDH catalyzes the irreversible conversion of pyruvate to acetyl-CoA. Acetyl-CoA
concentrations must to be balanced by formation of oxaloacetate (OAA) in order to form
TCA cycle intermediates, like citrate, which are needed for the TCA cycle to proceed
(see Figure 4.3). Thus, high levels of acetyl-CoA can inactivate PDH. Pyruvate can enter
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the TCA cycle by direct conversion to OAA through PC-dependent metabolism
(consuming ATP and without producing NADH), which promotes the formation of
citrate (Schuit 1997). Citrate can either proceed in the TCA cycle or exit the TCA cycle
as a substrate for fatty acid or nucleotide synthesis.
The diversion of citrate from the TCA cycle is controlled by the irreversible reaction
catalyzed by isocitrate dehydrogenase (IDH), which is an NAD-dependent enzyme that
catalyzes the decarboxylation of citrate to α -ketoglutarate. The conversion of citrate to
α-ketoglutarate generates two NADH molecules. If ATP or NADH levels are high, IDH
will not promote the formation of α -ketoglutarate.
If formed, α-ketoglutarate can either continue within the TCA cycle to eventually be
converted to malate, or it can be used for the synthesis of glutamate, which is crucial
substrate for amino acid synthesis.

Malate can be converted to OAA by malate

dehydrogenase, or the reverse reaction can occur, making malate from OAA. Malate
dehydrogenase activity is indirectly proportional to the [NADH] / [NAD+] ratio, meaning
that depletion of NADH will promote the formation of OAA from malate. If NADH
levels are high (for example if there was a lack of oxygen and the ETC cannot run), OAA
can be converted to malate, oxidizing NADH to NAD+, and malate can be transported
out of the mitochondria.
Glutaminolysis: Substrate availability is a major regulator of the TCA cycle,
including the availability of acetyl-CoA, NAD+, and TCA cycle intermediates. In the
case of substrate imbalances, glutamine can enter the TCA cycle. For example, studies of
cell proliferation in the absence of glucose have demonstrated that HeLa cells, early
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passage human fibroblasts, and primary chicken embryo fibroblasts can grow indefinitely
at near-maximal growth rates without glucose as long as they are supplemented with
glutamine and uridine (Reitzer et al. 1979; Board et al. 1990).
Glutamine is similar to glucose in that it can be metabolized through a variety of
pathways that support bioenergetics and biosynthesis. Glutamine can be oxidized in the
TCA cycle to produce energy (i.e. to form NADH and ATP) or it can fuel the TCA cycle
with carbon needed for malate or citrate export (anaplerosis). Malate can be transported
to the cytoplasm with the goal of either 1) restoring NADH imbalances within the
mitochondria or 2) for the production of NADPH in the cytoplasm (Dang 2010). Once in
the cytoplasm, malate can be converted to pyruvate, which can then reenter the TCA
cycle or be excreted as lactate.
4.3

Metabolic changes associated with cancer

Thousands of cancer-related genetic mutations have been discovered over the past
quarter century (Stratton et al. 2009). Detailed bioinformatics studies have suggested that
these cancer-related mutations effect approximately a dozen core signaling pathways, of
which many converge to adapt tumor cell metabolism to support cell growth and survival
(Cairns et al. 2011). It has been proposed that cancer cells strive metabolically to satisfy
three basic needs: maintenance of energy status by rapid ATP generation, increased
synthesis of biosynthetic precursors, and heightened control of cellular redox status
(Cairns et al. 2011). Similar needs must be met in normal rapidly proliferating cells,
however the key difference between growing cells and cancer, is that cancer cells do not
respond to physiological growth signals and thus, must overcome cellular checkpoints to
sustain their metabolic adaptations (Tatum et al. 2006). Thus, cancer cells have evolved
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to regulate their metabolic phenotypes to be maximally resourceful in constantly
changing and challenging environments.
Despite the fact that most in vitro studies inherently lack dynamic or limiting in vivo
conditions,9 there has been valuable progress in understanding the molecular events that
regulate cancer cell metabolism. Specifically, the expression and/or interference of major
oncoproteins and tumor suppressors, such as HIF, p53, Myc, pRb, and pyruvate kinases
(PK), have been established as determinants of tumor metabolic phenotype. Because
oxygen and nutrient availability can greatly affect metabolism, the development of
methods that can measure cell metabolism in vivo is critical in order to gain a better
understanding of the true behavior of these oncogenic determinants, which may be useful
for developing or evaluating therapies and even support advances in personalized therapy
(Li 2012; Vander Heiden et al. 2009).
The optical redox status of cells can reflect metabolic alterations induced by
oncogenesis. For example, the most well-known metabolic phenotype is the Warburg
effect, in which cancer cells consume copious amounts of glucose, despite availability of
oxygen, elevating the NADH/NAD+ ratio (DeBerardinis et al. 2007; Warburg 1923;
Wise and Thompson 2010). Consistently, the majority of optical redox studies have
reported a decrease in the redox ratio (increase in NADH) during cancer transformation.
In studies of cervical biopsies, increases in NADH fluorescence have been observed in

The potential role of the heterogeneous and dynamic nature of the tumor
microenvironment has been largely masked by studies in vitro, where there is often an
excess of oxygen and nutrients. More in vivo studies should address tumor metabolism in
a natural tumor environment to assess true metabolic implications.
9
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dysplastic epithelia (Drezek et al. 2003; Pavlova et al. 2003, Georgakoudi et al. 2002).
Further, reports examining precancerous oral, epithelial, ovarian, and breast models
detect similar decreases in the optical redox ratio at the onset of cancer (Skala et al. 2007;
Levitt et al. 2011; Ostrander et al. 2010; Kirkpatrick et al. 2007). These studies explain
the observed changes in redox ratio with the Warburg effect, pointing to increased rates
of glycolysis relative to oxidative phosphorylation.
It was initially thought that the Warburg effect occurred in cancer cells due to
malfunctioning of mitochondrial metabolism. Accordingly, to elucidate the origins of the
optical changes observed in these precancerous models, many studies treated cells with
potassium cyanide or induced hypoxia to support the idea that an increase in NADH
autofluorescence results from the disruption of respiratory-chain activities (Vishwasrao et
al. 2005). A study by Noda et al. shows that reduced expression of the mitochondrial
electron transport chain (ETC) enzymes causes NADH accumulation in the β-cells,
while facilitating anaerobic glucose metabolism (Noda et al. 2002). For cancers in which
the p53 pathway is inactivated, the favoring of glycolysis over mitochondrial metabolism
may be justified. p53 plays a critical role in the DNA damage response and apoptosis
(Vousden and Ryan 2009) and promotes the conversion of glucose to G-6P, which can be
used to produce ATP or siphoned into the PPP (Mathupala et al. 1997). The inactivation
of p53 can increase the levels of glycolytic activators downstream of G-6P (promoting
full flux through glycolysis) and at the same time suppress oxidative phosphorylation by
interfering with components of the ETC (Matoba et al. 2006).
In reality, the relationship between redox ratio and oncogenic metabolism is not so
simple. For example, although there has been speculation that ETC disruption leads to
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increased NADH fluorescence in cervical cancers (Drezek et al. 2001; Pavlova et al.
2003; Wu and Qu 2006; Levitt et al. 2011), early reports by Reitzer and colleagues
demonstrated cervical cancer cells can adapt to substrate limited environments by using
oxidative phosphorylation preferentially to glycolysis (Reitzer et al. 1979). The
sensitivity of optical redox measurements to these adaptations remains unclear, but could
be useful for the development of tools that can evaluate the metabolic character of
heterogeneous cancerous lesions or to monitor the efficacy of novel drugs and
therapeutics.
It is now understood that elevated rates of glycolysis do not generally occur in
response to mitochondrial defects, instead it has been recognized that high glycolytic flux
confers a growth advantage to cells enabling them to generate the metabolic
intermediates needed for the biosynthesis of macromolecules that are essential to support
highly active cell proliferation (Anastasiou and Cantley 2012; Vander Heiden et al.
2009). In many cancers, modification of mitochondrial metabolism are indispensable for
cancer cell survival and success (DeBerardinis et al. 2007; Wise and Thompson 2010).
Specifically, mitochondrial glutamine metabolism has been recognized for its critical role
in a subset of cancers (DeBerardinis and Cheng 2009; DeBerardinis et al. 2008). For
example, in certain prostate tumor cells, the flux through the conversion of αketoglutarate to OAA is much greater than from acetyl-CoA to OAA (which may be
more optimal for fatty acid synthesis), owing to the high rate of glutaminolysis in these
cells (Board et al. 1990). Noninvasive methods that are capable of identifying these
metabolic differences between tumor types could improve detection techniques, promote
a deeper understanding of carcinogenic origins, and provide the ability to grade neoplasia
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on the basis of metabolism, which could facilitate more effective and personalized
treatment plans.
Tissue models in which the pyruvate kinases (PKs) are affected may be optimal for
examining the sensitivity of the optical redox ratio to these metabolic differences. There
are multiple isoenzymes of PKs that regulate the final ATP-generating steps of glycolysis
(PEPàpyruvate), including M1-PK and M2-PK, of which M2-PK is generally present in
self-renewing cells (including both stem cells and tumor cells) (Mazurek et al. 2005). In
tumor cells, the conformation of M2-PK has been reported to control whether glucose is
converted to pyruvate (inactive dimeric form) or if pyruvate formation is blocked
(tetrameric form) (Mazurek et al. 2001). Blocking the formation of pyruvate enables
accumulation of early glycolytic phosphometabolite pools needed for amino acid and
NADPH synthesis (Dell’Antone 2012). However, the lack of glucose-derived pyruvate
depletes the TCA cycle of carbon (Dell’Antone 2012). To replenish the TCA cycle,
glutamine can be an important source of energy, which then enters the TCA cycle as αketoglutarate (DeBerardinis et al. 2008; Anastasiou and Cantley 2012). Since almost half
of NADH generation during the TCA cycle occurs during the conversion of pyruvate to
α-ketoglutarate (via PDH) and glutaminolysis essentially skips these steps, optical redox
measurements are likely sensitive to this metabolic shift. An increase in redox ratio
(caused by a decrease in mitochondrial NADH generation) could be a novel optical redox
signature of glutamine-dependent cancer cells.
Similarly, precancerous models in which Myc and HIF obstruct the entrance of
glucose-derived pyruvate into the TCA cycle may be useful for exploring the sensitivity
of the optical redox ratio. Myc has also been shown to promote the expression of M2-PK
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over M1-PK (David et al. 2009). HIF1 activates the pyruvate dehydrogenase kinases
(PDKs), which reduce the flow of glucose-derived pyruvate into the TCA cycle (Kim et
al. 2006). In addition to activation of glucose transporters, glycolytic enzymes, and
lactate dehydrogenase which support ‘shunted’ glycolysis, Myc expression can increase
the rate of glutamine uptake and metabolism (Wise et al. 2008; Dang et al. 2009).
While it is tempting to link optical redox changes with distinct metabolic pathways, it
is possible to converge at similar redox values in cells undergoing different processes.
For example, Kirkpatrick et al. examined redox changes in cancer cells upon
chemotherapy treatment, finding increased redox ratio is linked to decreased synthesis
phase (Kirkpatrick et al. 2005), where normally glycolytic enzyme activities, lactate
production, and DNA synthesis reach maximum levels (Marjanovic et al. 1988).
Furthermore, similar to the Warburg effect, decreases in redox ratio have been observed
at the onset of cell apoptosis (Levitt et al. 2006), Specifically, the level of intracellular
NADH increased at the beginning of the apoptotic process and then decreased
continuously until cell death. Thus, as of now, optical redox must be interpreted with
some prior knowledge of the biological system.
4.4

Mitochondrial organization and cell status

In addition to metabolic status, NADH and FAD fluorescence can provide
morphological information related to mitochondrial organization, tissue structure, as well
as cellular and nuclear features. For example, different morphologies within stratified
epithelial tissues layers can be clearly discerned using only NADH and FAD signal
(Palero et al. 2008; Palero et al. 2007; Radosevich et al. 2008). Of particular interest is
the ability to use endogenous fluorescence to quantify organization of the mitochondria,
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which has conventionally been assessed with the use of mitochondrial-specific dyes
(Benard and Rossignol 2008). Notably in addition to metabolic functions (such as ATP
production, the citric acid cycle, and β-oxidation of fatty acids (Westermann 2010)),
mitochondria help coordinate apoptosis (Lyamzaev et al. 2004; Visch 2004; Perkins et al.
2009; Youle and Karbowski 2005), cell division (Margineantu et al. 2002),
exocytosis,(Kaftan et al. 2000) and even act as slow-release buffers for cytosolic calcium
ions concentration (Babcock et al. 1997; Visch 2004).
In the past two decades, fluorescence microscopy and mitochondrial specific probes
have enabled assessment of the relationship between cell function and alterations in
mitochondrial structure. Investigators have begun to characterize the variable
morphology of the mitochondrial network during cell processes and disease, finding that
the functional and morphological behavior of mitochondrial networks largely influence as
well as reflect the status of the entire cellular, tissue, and organ, ensembles (Benard and
Rossignol 2008; Bereiter-Hahn et al. 1994).

Tissues with specialized functions

(Battersby and Moyes 1998), variable energy demands (Benard et al. 2006), or
differences in energy substrate consumption (Rossignol et al. 2004) have mitochondria
that reflect these differences. For example, in cardiac (Jahangir et al. 2001) and skeletal
muscle (Lombardi et al. 2000; Battersby and Moyes 1998) cells, two distinct populations
of mitochondria are proposed to exist, with differing biochemical and respiratory
properties.
The observed variation in mitochondrial configurations suggests an intimate
connection between the network structure and function. For example, the mitochondrial
network of mammalian interphase cells in culture was observed to fragment before the
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cells enter mitosis and undergo cytokinesis (Taguchi et al. 2007). Other studies have
examined mitochondrial morphology after treatment with mitochondrial inhibitors
finding dramatic fragmentation in mitochondrial structure independently of ATP
depletion or apoptotic events (Lyamzaev et al. 2004). Mitochondria were observed to
swell significantly with the treatment of mitochondrial uncouplers, which suggests that
mitochondria structure is tightly coupled to functioning of the metabolic machinery.
These observations could have implications for understanding the interdependence
between metabolism and disease.
Deficiency of complex I (NADH:ubiquinone oxidoreductase) is associated with
numerous clinical syndromes (Visch 2004). The effects of complex I defects on
mitochondrial structure were demonstrated in human skin fibroblasts treated with a
complex I inhibitor, which transiently reduced mitochondrial branching and area
(Koopman et al. 2006). Gilkerson et al. compared the mitochondrial structure of
oxidative-impaired human fibroblasts and 143B osteosarcoma cell lines (depleted of
mtDNA) and observed a disruption of the mitochondrial reticular organization to more
vesicular-like organelles (Gilkerson et al. 2000). Further, early work by Hackenbrock
showed that mitochondrial networks rapidly become more condensed in liver cells in
which oxidative phosphorylation was inactivated (Hackenbrock 1966; Hackenbrock
1968; Hackenbrock et al. 1971). In contrast, some cancer cells have been reported to have
thin and higher mitochondrial networking order connected to their ability to derive
energy when glucose is no longer available, through glutaminolysis (Rossignol et al.
2004).
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Figure 4.4 Mitochondrial morphology reflects cell bioenergetics: Panels from the work of Benard et
al.(Benard et al. 2007) showing MRC5 fibroblasts have elongated and thin mitochondria (left).
Mitochondria become vesicular upon treatment with rotenone, a cell respiration inhibitor (right).
Mitochondrial signal from transfection with mitochondrial targeted GFP. Reprinted with permission from
the Journal of Cell Science.

More detailed knowledge of the coupling between mitochondrial structure and
function is necessary to reconcile the morphological changes that can occur in
mitochondria in the context of disease and bioenergetics. All of the studies mentioned
thus far depend on fluorescently labeled dyes, with the majority relying on qualitative
visual inspection or manual tracing of two-dimensional images of the mitochondrial
network.

Several approaches to characterize mitochondrial organization have been

described that use three-dimensional reconstructions of mitochondria (Collins et al. 2002;
Pham et al. 2004), but very few methods describe

non-biased methods for rapid

mitochondrial classification. The automated attempts to look at structure, specifically
focus on the degree of branching (form factor) and the tubule length (aspect ratio) of the
mitochondria (Kaftan 2000; Koopman et al. 2006). For example, previous work revealed
that chronic treatment of human skin fibroblasts with rotenone inhibited the activity of
complex I by 80% and was paralleled by a quantitative decrease in mitochondrial
branching (Koopman et al. 2005). The approaches used to quantify mitochondrial
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morphology in this study are valuable, but limited, in that they require extremely low
noise images, signal binarization, and evaluate each cell as a separate object (determined
by user-input) (Koopman et al. 2005).
Numerous other groups have reported on the fractal nature of subcellular features,
inclusive, but not limited to mitochondria, and their variation with disease state (BereiterHahn et al. 1994; Einstein et al. 1998; Kartazayeva et al. 2005; Sullivan et al. 2011;
Schmitt and Kumar 1996; Chalut et al. 2009). For example, automated approaches based
on light-scattering from MCF-7 cells report changes in the fractal dimension of
subcellular structures at several time points after treatment with chemotherapeutic agents
(Benard and Rossignol 2008; Chalut et al. 2009). Many of these studies are based on light
scattering properties of cells and tissues, providing an indirect (not image-based/nonsingular) determination of subcellular morphology.

To better understand the

mechanisms involved in mitochondrial morphogenesis and cancer initiation, quantitative
studies that assess fine changes in mitochondrial network architecture in unperturbed 3D
tissues would be useful. Specifically, the development of a non-biased methodology that
automatically discriminates normal structures from abnormal and pathological structures
based on tissue autofluorescence would be particularly effective for addressing the
limitations discussed previously of current methods for cervical cancer detection.
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5 Dissertation Outlook
The metabolic transformations that enable cancer cells to proliferate and survive
remain poorly understood. The ability to noninvasively measure spatiotemporal patterns
that reflect functional alterations in cells and tissues could significantly contribute to our
understanding of cancer progression and disease The objective of this dissertation is to
establish endogenous optical microscopy as a sensitive and accurate tool for monitoring
subtle changes in tissue structure, cellular and subcellular morphology, and metabolism
that occur during epithelial differentiation and early cancer transitions. By quantifying
intrinsic optical changes and elucidating the biological origins of these changes, we
hypothesize that endogenous fluorescence can measure distinct modifications to cell
metabolism that are highly relevant to a broad range of cancers. In this way, the presented
work demonstrates that endogenous optical biomarkers can foster a deeper understanding
of the mechanisms that incite and sustain cancerous transformations.
To accomplish this objective, in Chapter 6 we set out to identify endogenous optical
biomarkers, which reflect the molecular, biochemical and structural changes that occur in
early epithelial cancers. We examine changes using cells immortalized with HPV 16,
which is the causative agent of many epithelial cancers, as well as cells expressing HPV
16 E6 and/or E7 oncoproteins, which are the primary viral proteins associated with
initiation and progression of HPV-related cancers. E6 and E7 proteins interfere with key
cell signaling pathways that are rendered dysfunctional in a broad set of cancers, which
regulate cell proliferation, metabolism, and survival. Consequently, it is important to
assess the sensitivity of optical methods to structural and functional changes associated
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with E6 and E7 cell models. Since the papillomavirus life cycle is absolutely dependent
on epithelial differentiation, studies of the oncogenicity of the virus necessitate
organotypic rafts cultures, which are the best in vitro models available to recapitulate the
structure and polarity of the human epithelium.
We develop a set of quantitative image parameters that can be probed automatically.
Our metrics are based on fluorescence intensity patterns, which reflect both structural and
functional changes in 3D. Specifically, we assess depth-dependent alterations in keratin
and lipid localization, cell and nuclear morphology, and metabolic activity. To evaluate
changes in metabolic activity, we exploit endogenous fluroescence emanating from
NADH and FAD, which are biomolecules involved in energy metabolism. The intensity
ratio of fluorescence emanating from NADH over the sum of fluorescence emanating
from NADH and FAD (the optical redox ratio) reveals distinct biochemical fluctuations
connected to HPV 16 immortalization and E6/E7 expression. These optical redox
differences reflect altered metabolic preferences related to E6-, E7-, E6E7-expression,
and expression of the full HPV genome, such as the switch to glycolysis or
glutaminolysis. To validate that our optical measurements are reflective of true
biochemical changes, we measure biological concentrations of NADH and FAD within
tissues with liquid chromatography-mass spectrometry (LC-MS), finding a strong
correlation between the optical and LC-MS redox ratios. This is the first time such a
direct correlation has been reported.
We apply our optical techniques to assess healthy and precancerous human cervical
explants, simultaneously evaluating changes that occur on multiple biological scales:
Large-scale tissue structural changes, such as cell morphological changes and keratin
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localization, as well as biochemical information through the optical redox ratio. We show
the optical signatures of precancerous human cervical explants are similar to the optical
biomarkers observed in our precancerous models immortalized with high risk HPV.
The interdependence between the structure and function of mitochondrial networks
has been established and can be exploited to reveal functional information related to
cancerous tissues. In Chapter 7 we develop and test a novel Fourier-based image
analysis method for measuring the organization of subcellular features. We explore the
capacity of this method for quantitative assessment of intracellular fractal morphology of
mitochondrial networks in autofluorescence images of normal and HPV-infected
epithelial tissues. Using a combination of simulated fractal images and endogenous twophoton excited fluorescence (TPEF) microscopy, we validate the sensitivity of this
method to accurately characterize fine features of NADH fluorescence images in the
presence of artifacts that arise due to cellular and nuclear borders.
We extend this analysis to assess fine changes in mitochondrial organization as they
are related to metabolic penchants of HPV-related oncogenes. In Chapter 8 we find
distinct mitochondrial organization is associated with functions related to metabolic
alterations, differentiation, or aberrant cell transformation in normal tissues as well as
those expressing E6, E7, E6E7, or the full HPV genome. By quantifying tissue structure
as well as the organizational levels of the mitochondria, we are able to discriminate
normal tissues from those expressing E6, E7, E6E7, or the full HPV genome.
Furthermore, these optical biomarkers allow us to establish dynamic interdependencies of
molecular, cellular and tissue aspects related to HPV that we correlate with the presence
of pre-malignant lesions in ex vivo cervical specimens.
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In Chapter 9, we demonstrate that some of these biomarkers are broadly relevant to
various stages and types of cancer by assessing a model related to invasion and
metastasis. In addition to TPEF of endogenous cellular fluorescence, we use SHG
imaging to characterize matrix features associated with the motility and invasive potential
of tumor cells in 3D tissues. We find distinct patterns of organization exist both within
the cells and the matrix, which depend on the adhesive abilities of the cells as well as
factors attributed to adjacent fibroblasts.
In Chapter 10, we discuss the implications of this work and recommend future
directions of study.

By establishing interdependencies between the established

quantitative optical metrics and the disruption of distinct cellular pathways in our models,
we provide insight into cellular metabolism that otherwise could not be attained with
traditional analytical techniques. This insight may have future diagnostic implications for
automated real-time tissue characterization of cancer with endogenous optical techniques.
Since, the methods we have developed provide structural and functional information
simultaneously, can be implemented in living specimens without perturbing the natural
tissue state, and are faster than current tissue characterization methods, we ultimately
expect derivatives of this work to improve the sensitivity and specificity of clinical
disease detection at the microscopic scale.

70

6 Quantitative imaging using endogenous fluorescence for
detecting metabolic changes associated with precancer
Non-invasive methods capable of providing spatially-resolved metabolic
information could advance our understanding of the mechanisms that underlie important
tissue transformations, such as development, healing, and disease. Here, we specifically
demonstrate how such methods could be sensitive to subtle metabolic changes in key
pathways often perturbed during cancer development. We use nonlinear optical
microscopy relying on endogenous nicotinamide and flavin dinucleotide (NADH and
FAD) fluorescence to acquire high-resolution, three-dimensional images of epithelial
tissues in which cell signaling pathways are disturbed by the expression of the full human
papilloma virus 16 (HPV16) or by the isolated expression of HPV16 oncoproteins, E6
and/or E7. These tissue models enable us to assess the individual contributions of these
oncoproteins to cell metabolism and premalignant transformations. We identify unique
depth-dependent metabolic profiles for each epithelial tissue type by calculating an
optical redox ratio defined as FAD/(NADH+FAD) fluorescence.

Using liquid

chromatography / tandem mass spectrometry (LC/MS-MS) and biochemical substrate
assays we demonstrate that the optical redox ratio can be sensitive to distinct changes in
major metabolic pathways, such as glycolysis and oxidative phosphorylation. Finally, we
image precancerous human specimens to assess the potential of these biomarkers for
clinical translation. Together, these studies suggest that optical non-invasive methods can
provide important insights into dynamic spatiotemporal patterns of altered metabolism
during the development of cancer that may improve treatment and detection efforts. In
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this way, these methods could be extended more broadly to probe a number of metabolic
diseases.
6.1

Understanding

bioenergetics

demands

with

endogenous

fluorescence
The most prevalent human diseases, such as cancer, diabetes, and obesity, involve
abnormal metabolic states that lead to severe tissue dysfunction. This has driven research
in metabolism prompting the identification of numerous mechanisms that link cell
signaling to metabolic regulation (Ward and Thompson 2012; Cairns, Harris, and Mak
2011; Krishna, Low, and Pervaiz 2011). Cancer has been considered a paradigm for
examining how perturbed cell metabolism contributes to disease due to the abilities of
cancer cells to restructure bioenergetic and biosynthetic processes to support aggressive
tumor growth (DeBerardinis and Thompson 2012; Hanahan and Weinberg 2011;
Anastasiou and Cantley 2012; Metallo et al. 2011; Gameiro, Metallo, and
Stephanopoulos 2012). Key advancements have been made in vitro with characterization
techniques that evaluate small molecule metabolite concentrations or by tracking the
metabolism of substrates labeled with

13

C (Ward and Thompson 2012; Cairns, Harris,

and Mak 2011; Krishna, Low, and Pervaiz 2011; Anastasiou and Cantley 2012; Metallo
et al. 2011; Gameiro, Metallo, and Stephanopoulos 2012). Currently, these techniques
cannot provide spatial resolution at the cellular level and it is difficult to precisely assess
metabolite concentrations in vivo. Since cancer cells often exist in heterogeneous
populations and behave differently in the human body (DeBerardinis and Thompson
2012; Kitano 2004; Hanahan and Weinberg 2011; Li 2012; Anastasiou and Cantley 2012;
Metallo et al. 2011; Gameiro, Metallo, and Stephanopoulos 2012), methods that are
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noninvasive and can provide spatially-resolved metabolic information could advance our
understanding of cancer transformations.
Optical methods relying on endogenous fluorescence are well-suited to address
these limitations because of their high resolution and ability to noninvasively detect
microstructural and functional cellular changes. For epithelial tissues, where the majority
of human cancers originate, endogenous signal emanates mainly from fibrous keratin and
keratin-associated lipids, as well as two key biomolecules involved in cell metabolism,
reduced nicotinamide adenine dinucleotide (NADH) and oxidized flavin adenine
dinucleotide (FAD) (Levitt et al. 2011; Palero et al. 2007). NADH and FAD facilitate
oxidation-reduction reactions within virtually all major metabolic pathways, but their
fluorescence may predominantly reflect changes confined to the mitochondrial
compartment (Chance and Thorell 1959; Chance et al 1964). Numerous studies have
identified endogenous optical changes in NADH and FAD fluorescence between normal
and cancer cells (Li 2012; Skala et al. 2007; Skala 2005; Kirkpatrick et al. 2007; Levitt et
al. 2011; Huang, Heikal, and Webb 2002; Ostrander et al. 2010; Steenkeste et al. 2007;
Bird et al. 2005; Wu and Qu 2006; Drezek et al. 2001; Drezek et al. 2003; Zhuo et al.
2010) that are likely related to the ability of cancer cells to reduce mitochondrial
oxidative phosphorylation. Furthermore, recent studies have shown that certain cancer
cells have diverse bioenergetic demands that are met by engaging mitochondria through
glutaminolysis (DeBerardinis and Thompson 2012; Anastasiou and Cantley 2012;
Gameiro, Metallo, and Stephanopoulos 2012). More direct comparisons between detected
optical changes and biochemical alterations could enhance our understanding of the
sensitivity and dependence of these optical signals to distinct metabolic changes.
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The goal of this study was to establish unique optical and/or biochemical
biomarkers that could be associated with cell immortalization and/or subtle genotypic
differences of precancerous epithelial tissues. We examine three-dimensional (3D)
epithelial models consisting of normal, high-risk human papilloma virus (HPV16)immortalized, and early-passage HPV16 E6 and/or HPV16 E7 expressing keratinocytes.
The HPV16-immortalized keratinocytes are a good model for high-grade premalignant
lesions, given they are non-tumorigenic and derived from a cell line in which mRNA
expression analysis has shown is similar to cervical carcinoma cells (de Wilde J et al.
2008). E6 and E7 expression is required for initiation and maintenance of HPV-induced
cancer (Jeon and Lambert 1995; Duensing and Münger 2004) and affects a number of
cell signaling events, notably the p53 and pRb pathways, which become dysfunctional in
the vast majority of human solid tumors (Münger 2002; Mazurek et al. 2001;
McLaughlin-Drubin and Münger 2009; Hausen 1991). Characterization of the HPV16 E6
and/or E7 models enables us to identify the structural and metabolic adjustments that may
precede and/or contribute to premalignant transformation. For imaging, we employ twophoton excited fluorescence (TPEF) microscopy, which is capable of intrinsic depth
sectioning and enables enhanced imaging depth compared to traditional non-invasive
approaches for 3D specimens (Huang, Heikal, and Webb 2002). Following imaging, we
use destructive mass spectrometry to demonstrate there is a quantitative relationship
between an optical redox ratio of FAD/ (NADH + FAD) fluorescence and the cell redox
state, traditionally defined in biochemical studies as the ratio of NAD+ to NADH.
Additionally, we use biochemical substrate assays to illustrate how the balance between
key metabolic pathways are reflected in our optical measurements. Finally, to assess the
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potential translational value of this work, we examined freshly excised human cervical
tissues and identified significant similarities with the engineered tissue findings.
Together, these models enable us to demonstrate the sensitivity of optical methods to
different functional modifications that may be useful for diagnosing a range of cancerous
transformations.
6.2
6.2.1

Methods

Engineered Tissues

To model pre-cancer, we used the HKc/DR cell line, which was established by
immortalization of HFKs derived from a single donor by expression of a head-to-tail
dimer of the full length HPV16 genome followed by selection for TGF- β and
differentiation resistance (Pirisi et al. 1992). HKc/DR cells are non-tumorigenic, but
mRNA expression analysis has shown that they are similar to cervical carcinoma cells
(Wan et al. 2008). As a control, we used primary HFKs isolated from neonates grown in
keratinocyte serum free medium (KSFM, GIBCO) as previously described (Jones, Alani,
and Münger 1997). Primary HFKs with stable expression of HPV16 E7, HPV16 E6, and
HPV16 E6/E7 were generated by infection with appropriate retroviral vectors as
described previously (McLaughlin-Drubin, Huh, and Münger 2008).

EETEs were

constructed from each of the five cell types using established protocols (Meyers et al.
1992) and will be referred to as C HFK (control HFK), 16E6 HFK, 16E7 HFK, 16E6E7
HFK and HKc/DR EETEs. For a detailed tissue engineering protocol, see Chapter 14 of
Human Papillomaviruses: Methods and Protocols (McLaughlin-Drubin and Meyers
2005). For the exact protocol used in this study, see the Appendix section 11.5.
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6.2.2

Cervical specimens

Protocols for the acquisition of freshly excised human cervical tissue specimens were
approved by the Institutional Review Board of Tufts Medical Center and Tufts
University, and informed consent was obtained from each subject. A normal ectocervical
tissue specimen was obtained immediately following surgery from the discarded cervical
tissue of a patient undergoing a hysterectomy procedure for non-malignant indications.
Precancerous cervical tissues were excised from colposcopically abnormal regions of the
cervical transformation zone of three patients undergoing a loop electrosurgical excision
procedure (LEEP). The excised tissues were placed in Ringer’s solution and transported
to the imaging facility within two hours. Four to five regions of each specimen were
imaged. Histology was performed following imaging and the specimens in this study
were classified by an experience pathologist as cervical intraepithelial neoplasia (CIN) 1,
focal CIN 2, CIN 2 of the surface epithelium.
6.2.3

TPEF data acquisition

TPEF images were acquired on a Leica TCS SP2 confocal microscope (Wetzlar,
Germany) equipped with a Ti:sapphire laser (Spectra Physics, Mountain View, CA).
Samples were placed on glass coverslips, excited with 755nm, 800nm, and 860nm
(TPEF) light and imaged using a 63x/1.2 NA water immersion objective, which yields
12-bit, 512 x 512 pixel images of 238 x 238µm2, in approximately 1s. TPEF Z-stacks
were acquired in 2µm depth increments. The microscope was equipped with a custom
microincubation system that keeps samples in a humid chamber maintained at 37°C and
5% CO2 (Okolabs, Ottaviano, Italy). TPEF images were acquired by non-descanned
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PMTs with a filter cube containing a 700 nm short pass filter (Chroma SPC700bp) a
dichroic mirror (Chroma 495dcxr), and emitter bandpass filters centered at 460 nm
(Chroma 460bp40) and 525nm (Chroma 525bp50). This 755/460nm and 860/525nm
combinations allow collection of fluorescence signal emanating primarily from NADH
and FAD, respectively (Rice et al. 2010; Zipfel et al. 2003). Two to four regions from 50
independent tissues (nHFK=12, nHPV=4, nE6=11, nE7= 8, nE6E7=15) were imaged and
assessed. PMT gain and laser power were adjusted to optimize fluorescence signal
collection (PMT Offset was kept constant at zero). To compare images acquired with
different laser powers and PMT gains, image pixel intensities with different instrument
settings were calibrated using fluorescein solutions. Figure 6.0 contains the calibration
curve of PMT settings and fluorescein solutions. Fluorescence intensities at each pixel
were normalized to µM of fluorescein based on the recorded PMT gain and laser power.
All TPEF images were normalized for PMT gain and laser power in MATLAB
(Mathworks).

Figure 6.0: Calibration of fluorescence intensity and PMT gain (Quinn et al. In Review)
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6.2.4

Keratin and lipid fluorescence identification
In epithelial tissues, natural fluorescence emanates mainly from NADH, FAD,

lipids, and keratins (Levitt et al. 2011; Palero et al. 2007). In their most mature form,
keratins are autofluorescent proteins localized to corneocytes that are bound together by
intercellular lipids (Lee et al. 2008; König and Riemann 2003). Together, the keratins and
lipids make up the outer-most layer of epithelial tissues, serving as a protective barrier
and, as such, are not involved in metabolic processes. To evaluate fluorescence changes
related to cell metabolism, we isolated mitochondrial signal from keratin-associated
fluorescence based on linear discriminant analysis (LDA) (Figs. 6.1 and 6.2).
Specifically, the average normalized fluorescence intensities from the six different
excitation and emission combinations were calculated for a training set of 2,296 userspecified regions from three independent C HFK and three independent 16E7 EETEs.
Based on the training set, a combination of five metrics was used to differentiate keratin
and cells:

the ratio of fluorescence intensities between the 755nm/460nm and

860nm/525nm channels, the intensity from the 755nm/460nm channel, and the intensities
from all three 525nm emission channels (755nm, 800nm, and 860n excitation). The LDA
equations used are as follows:
Variable definitions:
NDD1_755 = 755nm/460nm channel
NDD2_755 = 755nm/525nm channel
NDD1_800 = 800nm/525nm channel
NDD1_860 = 860nm/525nm channel
NDDRATIO860755 = NDD1_860 / NDD1_755
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Figure 6.1 Schematic of fluorescence analysis for keratin localization and redox calculation For
imaging, tissues were excited with 755nm, 800nm, and 860nm light (TPEF) and fluorescence emission was
collected with two non-descanned PMT after passing through bandpass filters centered at 460nm and
525nm. Gain and laser power were adjusted to optimize fluorescence signal collection. Un-normalized
images are displayed in the top row of the schematic above. To compare images acquired with different
laser powers and PMT gains, image pixel intensities with different instrument settings were calibrated
using fluorescein solutions. Fluorescence intensities at each pixel were normalized to µM of fluorescein
based on the recorded PMT gain and laser power. To evaluate fluorescence changes related to cell
metabolism, mitochondrial signal was isolated from keratin and lipid fluorescence based on linear
discriminant analysis (LDA). After all keratin/lipid positive pixels were excluded, the average redox ratio
from the remaining pixels in each field was determined by using the 755/460nm and 860/525nm
excitation/emission combinations, which allow collection of fluorescence signal emanating primarily from
NADH and FAD, respectively.
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LDA equations (also included in Appendix of Codes):
Sq0= 22.6353990080887 * NDD1_755 * NDD1_755 + -32.8741289496737 * NDD2_755
NDD1_755 + 101.009582341565 * NDD2_755 * NDD2_755 + -10.1088955797848 * NDD1_860
NDD1_755 + -26.2423530458217 * NDD1_860 * NDD2_755 + 5.39539357835769 * NDD1_860
NDD1_860 + 15.3306134203065 * NDDRATIO860755 * NDD1_755 + 174.430315020946
NDDRATIO860755 * NDD2_755 + -45.8423297990348 * NDDRATIO860755 * NDD1_860
172.402676860094 * NDDRATIO860755 * NDDRATIO860755 + 8.22415910936469
NDDRATIO755800 * NDD1_755 + -9.07424773068964 * NDDRATIO755800 * NDD2_755 +
2.66193643346261 * NDDRATIO755800 * NDD1_860 + 85.5647701989694 * NDDRATIO755800
NDDRATIO860755+ 42.8743185355053 * NDDRATIO755800 * NDDRATIO755800;

*
*
*
*
+
*
*

SqDistE= Sq0 + -3.95430721172549 * NDD1_755+-103.049565069255 * NDD2_755 +
20.3930369497897 * NDD1_860+-141.264735341016 * NDDRATIO860755 + -23.764819177212 *
NDDRATIO755800 + 36.0312530749117;
SqDistK= Sq0 + -14.2586545975127 * NDD1_755 + -128.847071577397 * NDD2_755 +
27.5731753816737 * NDD1_860 + -189.102873751371 * NDDRATIO860755 + -18.2614714686905 *
NDDRATIO755800 + 68.1518587564494;
SqDistK_E7= Sq0 + -2.47213418628888.*NDD1_755 + -127.095741506867 * NDD2_755 +
23.3434327344039 * NDD1_860 + -201.105814317524 * NDDRATIO860755 + -35.7515193977285 *
NDDRATIO755800 + 69.5126751132488;
Prob0= exp(-0.5 * SqDistE)+exp(-0.5 *SqDistK)+exp(-0.5 *SqDistK_E7);
ProbE=(1./(1+((exp(-0.5 *(SqDistK-SqDistE)))+(exp(-0.5 *(SqDistK_E7-SqDistE))))));
ProbK=(1./(1+((exp(-0.5 *(SqDistE-SqDistK)))+(exp(-0.5 *(SqDistK_E7-SqDistK))))));
ProbK_E7=(1/(1+((exp(-0.5*(SqDistE-SqDistK_E7)))+(exp(-0.5*(SqDistK-SqDistK_E7))))));
A pixel was considered a cell if (ProbE>ProbK)&(ProbE>ProbK_E7);
A pixel was considered Keratin if (ProbK>ProbE)&(ProbK>ProbK_E7) or if
(ProbK_E7>ProbE)&(ProbK_E7>ProbK);

Based on these LDA input parameters, there was a 7.97% misclassification rate from the
training set using JMP 8 (SAS; Cary, NC) (Fig. 6.2). Most of this error was due to
misclassifying cells as keratin (the misclassification of keratin regions as cells was only
2.35%). The LDA equations derived using JMP were exported to Matlab, where each
pixel in every TPEF image was automatically classified as either keratin or cell according
to the equations above. Within JMP, a centroid plot representing two canonical variables
is displayed identifying points used to derive the LDA equation (Figure 6.2). The
80

canonicals axis were generated with the following linear combination of the LDA
variables:
Canonical 1 = 3.76313456819268 * NDD2_755 + 0.783212067122131 *NDD1_755 + 0.796251358684406 * NDD2_800 + -0.971420285086558 * NDD2_860 + 6.54937265052494
*NDD1_860/NDD2_755
Canonical 2 = 3.23781792137002 * NDD2_755 + -3.79237897570039 * NDD1_755 + 2.92808215915183 * NDD2_800 + 3.61124923728552 * NDD2_860 + 2.30829532622911 *
NDD1_860/NDD2_755

Next, keratin delocalization was defined as the percent of the epithelial tissue volume
from the tissue surface where 80% of all of the keratin positive pixels were identified.
Therefore, high levels of keratin delocalization at the surface of the tissue corresponded
to lower values of this parameter. In addition to quantifying keratin localization, the total
tissue volume occupied by keratin fluorescence signal is quantified as a measure of
cumulative keratin synthesis. Keratin tissue volume (VKeratin) was calculated as the sum of
keratin-on pixels (PKeratin) between the first tissue-layer and the deepest basal layer
analyzed ( > 90% cells) for each optical stack such that, VKeratin = Σ PKeratin .

Figure 6.2 Details of linear discriminant analysis (LDA) for keratin-associated fluorescence
identification: Based on the training set, a combination of five metrics was used to differentiate keratin and
cells: the ratio of fluorescence intensities between the 755nm/460nm and 860nm/525nm channels, the
intensity from the 755nm/460nm channel, and the intensity from all the 525nm emission channels (755nm,
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800nm, and 860n excitation). The figure above shows a canonical plot with points from fluorescence
regions of epithelial cells in green and keratin in red.

6.2.5

Calculation of the Redox Ratio
The fluorescence positive pixels that did not contain keratin were identified as

pixels that could contain NADH and/or FAD fluorescence (Fig. 6.1). Specifically, the
signal detected at 755nm excitation and 460 nm emission was attributed to NADH, while
the signal detected in the 525 nm range upon 860 nm excitation was attributed to FAD,
consistent with previous studies performed by our group and others. The redox ratio was
computed on a pixel-by-pixel basis as the normalized fluorescence intensity contributions
from FAD over the sum of the normalized fluorescence intensity contributions from
NADH and FAD (Normalization here refers to the PMT gain and incident power
normalization discussed above).
Since most EETEs contained upper layers largely occupied by keratin and very
few cells, we report redox ratio assessments that started at optical fields within the
superficial layers containing cells in at least 80% of the area, and continued to the deepest
sections covered with cells in at least 90% of the field. The average redox ratio for each
optical section acquired within a stack that traversed the epithelium was calculated based
on individual pixel redox ratio estimates. The values representing the redox ratio as a
function of depth for each stack of images was interpolated to 45 points. Therefore, it was
possible to report mean and standard errors from the depth-dependent redox ratios
acquired from EETEs with varying thicknesses in a more standardized manner. For the
calculations reporting layer-based mean values, the interpolated redox ratio was divided
into three equal sections representing signal primarily from the superficial (S), parabasal
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(PB) and basal (B) layers. The redox data as a function of depth in each section was fit
using linear regression and the slope and intercept were recorded.
To enhance cellular feature visualization, redox images were weighted by the sum
of the normalized intensity of the NADH and FAD fluorescence channels. All 3D image
rendering was done after this weighting in OsiriX (v3.0.2). This processing was done
only for visualization purposes and was performed following analysis.
The redox ratio was computed on a pixel-by-pixel basis as the normalized
fluorescence intensity contributions from FAD over the sum of the normalized
fluorescence intensity contributions from NADH and FAD (see above for
excitation/emission bandwidths). To enhance cellular feature visualization, redox images
were weighted by the sum of the normalized intensity of the NADH and FAD
fluorescence channels.

6.2.6

LC/MS-MS and Biochemical Assays

To validate our optical sensitivity to the cofactors NADH and FAD, intracellular
metabolites were extracted and measured through liquid chromatography / mass
spectrometry (LC/MS-MS). To extract intracellular metabolites tissues (n=15) were cut
in half prior to imaging. One half was imaged and subsequently fixed for histology. The
epithelium of the second half was peeled from the dermis and flash-frozen in preparation
for a modified version of a previously established extraction protocol (Sellick et al.
2010). Briefly, a 2:1 mixture of methanol:chloroform by volume (500µL) was added to
each tissue. The tissues were flash frozen in liquid nitrogen for 30 seconds and allowed
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to thaw, followed by a brief 10-second vortex. This freeze/thaw step was repeated twice,
and 200µL of ice cold water was added to each sample. Samples were centrifuged for 1
minute at 15,000 g to form a biphasic mixture, and the upper (polar) phase was collected
for LC/MS-MS analysis.
The LC/MS-MS analysis was performed using a 3200 QTRAP Hybrid Triple
Quadrupole Linear Ion Trap mass spectrometer (AB SCIEX, Foster City, CA) coupled to
a 1200 Series Binary LC System (Agilent Technologies, Santa Clara, CA). To establish
standard curves for NAD+, NADH, and FAD, 0.01g of each compound was dissolved in
10mL of 50:50 v% methanol:water to obtain a 1g/L stock solution. The stock solutions
were diluted 100-fold, and subsequently serially diluted to obtain a set of standards
ranging from 1-10mg/L. All compounds and solvents were purchased from SigmaAldrich (St. Louis, MO). For both the standards and tissue extracts, the areas under the
NAD+, NADH, and FAD peaks were quantified using Analyst software (Version 1.5, AB
Sciex). Standard curves exceeding R2=0.9 were achieved, and used to calculate the
concentration of each cofactor (Fig. 6.3). Based on the measured concentrations, redox
ratios of FAD/(NADH+FAD) and NAD+/(NADH+NAD+) were computed for each
tissue, and a linear regression with the optical redox ratio was performed with
corresponding optical data. Correlations were assessed in Matlab. For the correlation,
one point was considered an outlier based on an erroneous LC/MS-MS reading and
excluded from the fit.
To assess tissue substrate consumption, fresh media was provided to the EETE
cultures 24 hours before imaging. Fresh media and cultured media was collected 2-3
hours before imaging and frozen at 4°C. Samples were defrosted and standard glucose
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(Pointe Scientific, G7519-1L) and lactate reagents (Trinity Biotech, 753-11) were used to
measure the glucose and lactate concentration in the fresh and cultured media with a
fluorescence microplate reader. Glutamine was quantified from the media using a similar
method as described above using LC/MS-MS. Glutamine consumption measurements
were normalized by thickness of the epithelial cell layer measured optically in order to
compare consumption data across EETE groups.

Figure 6.3 LC/MS-MS representative co-factor peaks (top) in counts per second (cps) for NADH,
FAD, and NAD+ and standard curves (bottom).

6.2.7

Histology and immunohistochemistry

Tissues were fixed in 10% neutral buffered formalin and paraffin embedded. Serial 8µm
sections were stained with either hematoxylin-eosin or anti-Proliferating Cell Nuclear
Antigen (PCNA) antibodies (Abcam, ab29) with a secondary antibody conjugated to
Dylight488 (Abcam, ab96879). For keratin staining, sections were stained with K10
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(Abcam ab9026), K14 (Abcam ab7800), involucrin (Abcam ab53112). All sections were
mounted using Vectashield H- 1200 Mounting Medium with DAPI (Vector Labs) and
imaged. All sections were mounted using Vectashield H-1200 Mounting Medium with
DAPI (Vector Labs) and imaged.
6.2.8

Statistics

To assess statistical significance of differences between groups, we used ANOVA
and the Tukey Honestly Significant Different (HSD) test in Jmp 8 SAS (Cary, NC). Bestfit ellipsoids were calculated with the parametric analysis function with an ellipsoid
equation in Origin9 (OriginLab) using a subset of the data that included 15 fields that had
redox values closest to median redox values for each tissue group (N = 75). The
parametric analysis was fit to three optical metrics: average tissue redox ratio,
keratin/lipid localization, and superficial layer redox slope. Initial guesses and constraints
were kept constant for each ellipsoid fit.
6.3
6.3.1

Results

Redox ratio images enable visualization of functional biochemical differences
between normal and pre-cancerous EETEs
In epithelial tissues, endogenous fluorescence signal emanates mainly from

fibrous keratin and lipids as well as two key biomolecules involved in cell metabolism,
reduced NADH and oxidized FAD (Palero et al. 2007; Levitt et al. 2011).

These

fluorophores enable observation of cell morphology, tissue structure, and degree of tissue
stratification. Furthermore, by computing the fluorescence-based optical redox ratio as
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FAD/(NADH + FAD), metabolic activity can be monitored (Levitt et al. 2011; Quinn et
al. 2012; Skala et al. 2007; Walsh et al. 2012; Ostrander et al. 2010). Here, we imaged
these fluorophores by employing a titanium:sapphire laser source coupled through an
inverted Leica microscope. Two non-descanned photomultipliers with bandwidths
corresponding to NADH and FAD emissions were employed to detect fluorescence as
outlined in Figure 6.1.
Depth-dependent, TPEF images of EETEs relying entirely on detection of
endogenous contrast detected at a combination of excitation (755, 800 and 860 nm) and
emission (460±20nm and 525±25 nm) wavelengths can be analyzed to identify and
quantify the signals emanating primarily from NADH, FAD and keratin (Fig. 6.1). The
corresponding images reveal subcellular morphological and organizational features that
change as a function of depth (Fig. 6.4). Furthermore, tissue depth could be estimated
such that the mean measured depth of the epithelium of the C HFK, 16E6, 16E7, 16E6E7
and HKc/DR EETEs was 59±11µm, 54±6µm, 77±15µm, 56±13µm, and 35±5µm,
respectively. The morphological and organizational features prominent in the
corresponding images also contain functional biochemical information regarding keratin
content and localization as well as the optical redox ratio, defined as the ratio of FAD to
the sum of NADH and FAD fluorescence (Fig. 6.4). For example, highly differentiated
keratinocytes, with a large cytoplasmic area appear green/yellow, indicating they are of
intermediate redox ratio values in the superficial layer of C HFK EETEs (Fig. 6.4, left
column). The cytoplasmic region of the cells within the deeper parabasal layers becomes
smaller and exhibit blue hues around 0.5, corresponding to lower redox ratio values. This
trend continues with the cells of the basal layer, which consists of small cells that appear
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of similar redox ratio values. Small amounts of keratin fluorescence are detected in all
layers, but most of the keratin signal is confined to the upper cornified layer that is easily
visible in the corresponding 3D projection of all the optical sections acquired across the
depth of this C HFK EETE (Fig. 6.4b). The profile of these changes is very different for
HKc/DR EETEs that model cervical pre-cancerous lesions, as the HKc/DR cells are
immortalized cells that express the full HPV 16 genome (Fig 6.4, right column). These
EETEs consist of cells with small cytoplasmic regions, surrounding prominent dark
nuclei throughout the depth of the epithelium, which is generally thinner and has fairly
prominent keratin fluorescence in all layers but lacks a well-defined keratin layer.
Interestingly, the redox ratio of these cells has characteristically low values. This loss of
depth-dependent morphological changes is also evident in 16E7 and 16E6E7 HFK
EETEs, even though the 16E6E7 cells appear larger than the 16E7 cells throughout the
depth of the epithelium. In addition, both of these EETE types have a well-defined
keratin layer that is easily visible in the 3D optical stacks and projections (Fig. 6.4b). The
16E6 HFK EETEs on the other hand exhibit depth-dependent cell morphological changes
that are similar to those of the C HFK EETEs (Fig 6.4 a-b). Nevertheless, it should be
noted that the 16E6, 16E7 and 16E6E7 HFK EETEs exhibit redox ratios that have
consistently higher redox values than both C HFK and HKc/DR EETEs.
These differences in keratinization and depth-dependent cell morphological
features are also evident in traditional hematoxylin and eosin stained sections that
traverse the thickness of these EETEs (Fig. 6.4c). In addition, immunohistochemical
staining with the PCNA proliferation marker indicates that proliferation is confined to the
basal layer only for the C and 16E6 HFK EETEs that exhibit the most prominent depth88

dependent morphological changes. On the other hand, proliferative cells are found not
only in the basal layer, but also in more superficial layers for the other EETEs,
presumably amidst differentiating cells. This correlation between cell morphological
features and differentiation is further supported by the variations we observe in the
patterns of staining of different keratins, such as cytokeratin 14, cytokeratin 10, and
involucrin (Fig. 6.5). For example, while cytokeratin 14 and involucrin are well confined
in the basal and superficial layers, respectively, of the C HFK EETEs, cytokeratin 14 is
expressed throughout the depth of the HKc/DR EETEs, while involucrin expression is
minimal and spotty in appearance. Both cytokeratin 14 and cytokeratin 10 are prominent
throughout the depth of the 16E6E7 HFK EETEs, with involucrin present predominantly
within the superficial layers of the 16E6, 16E7 and 16E6E7 EETEs.
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Figure 6.4 Redox ratio assessed with endogenous fluorescence: Representative depth-resolved 2D
redox-coded autofluorescence images (a) and 3D rendered optical stacks (b) of EETEs and corresponding
hematoxylin and eosin staining (c) and PCNA staining. Keratin is colored magenta. Color bar represents
optical redox value and scale bar is 50µm for optical images and 100µm for histology.

6.3.2

The isolated expression of E6 and/or E7 results in distinct optical metabolic
biomarkers
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The qualitative redox ratio trends depicted in Figure 6.4a, are presented in a highly
quantitative manner in Figure 6.6. The mean redox ratio values are shown from a number
C HFK (nHFK=12), 16E6 HFK (n16E6=11), 16E7 HFK (n16E7= 8), 16E6E7 HFK
(n16E6E7=15), and HKc/DR (nHKc/DR=4) EETEs as a function of depth from the superficial
(S) to the parabasal (P) and basal (B) layer (Fig. 6.6a). The overall redox ratio of the
HKc/DR EETEs is significantly lower than all other EETEs (p ≤ 0.05) (Fig. 6.6b).
Interestingly, the 16E7 HFK and 16E6E7 HFK EETEs exhibit an increased redox ratio
compared to C HFK EETEs (p ≤ 0.05), suggesting that metabolic alterations induced
when E7 is expressed alone or co-expressed with E6 are distinct from those occurring
when the full HPV genome is expressed. The 16E6 HFK EETEs have also a slightly
higher redox ratio compared to C HFK EETEs, but the difference is not significant.

Figure 6.5 Histological staining of differentiation and cornification markers: K14, K10, and
Involucrin Representative histological staining of cytokeratin 14 (K14), cytokeratin 10 (K10), and
involucrin (INV) for each type of EETE. K14, which is usually expressed in mitotically
active basal cells, is not localized to the lower layers of 16E7, 16E6E7, and HKc/DR EETEs, while
K10, found usually in differentiating cells, is dispersed throughout the depths of HKc/DR EETEs.
Involucrin contributes to cornified envelope formation and localization patterns are consistent with
fluorescence-based keratin localization measurements.

91

c)

0.6
0.55
0.5
0.45
0.4

S

P
B
Relative Tissue Depth

d)

0.7

Redox Ratio

0.7
0.65

*"
*"

0.6
0.55
0.5
0.45
0.4

0.004

Superficial

0.65

Parabasal

0.6

Basal

0.55
0.5
0.45
0.4

Superficial

0.002

Parabasal

0

Basal

-0.002
-0.004
-0.006

f)

0.7
0.6
0.5
0.4
0.3
0.2
0.1

*"

1.2

FAD normalized Intensity

e)
NADH normalized Intensity

Redox Ratio: FAD / (NADH + FAD)

b)

0.7
0.65

Redox Ratio Slope

Redox Ratio: FAD / (NADH + FAD)

a)

0

1

*"

*"

0.8
0.6
0.4
0.2
0

Figure 6.6 Redox ratio trends over depth: (a) Average redox ratio is quantified for each EETE tissue
type and (b) as a function of depth per tissue. Borders designating the superficial (S), parabasal (P), and
basal (B) regions are indicated by the dotted lines in (b). (c) Average redox ratio and (d) slope of redox
ratio over depth per tissue region. (e-f) Depth-averaged NADH and FAD cofactor concentrations: After
intensity normalization based on the recorded PMT gain and laser power and exclusion of keratin positive
pixels, the average NADH and FAD intensities from the remaining pixels in each field was determined.
The depth-averaged fluorescence intensity value was computed with the field-averaged fluorescence
intensity values from a subset of each of the included optical sections. 16E6 and 16E7 HFK EETEs
exhibited significantly lower mean FAD intensities than C HFK, 16E6, and HKc/DR EETEs (p<0.05).
16E7 EETEs exhibited significant lower mean NADH intensities than HKc/DR EETEs.

A simple means to quantify these redox trends in a more depth-dependent manner
the observed changes is shown in panels 6.6c and 6.6d. The mean redox ratio along with
the slope of a line fit to the depth-dependent redox ratio values within the superificial,
parabasal and basal regions are displayed. The layer dependent mean redox ratios follow
closely the overall trends reported in panel 6.6b, with the 16E7 and 16E6E7 HFK EETEs
exhibiting the highest redox ratio and the HKc/DR EETEs having the lowest values.
Statistically significant differences are observed when we consider the average redox
ratio of just the superficial layer for the same groups of tissues as when the average redox
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ratio of the entire epithelial depth is considered (i.e. as in Fig. 6.6b). When the average
redox ratio of the superficial region is combined with the redox ratio slope of this region
using linear discriminant analysis-based canonical functions, statistically significant
differences are observed also between the 16E6 and 16E7 HFK EETEs, in addition to the
group differences observed based on the average redox ratio value alone. This suggests
that using this redox-ratio based approach, acquisition of information even from a limited
region of the epithelium may be sufficient to assess subtle metabolic differences.
While the redox ratio is used to account for depth-dependent tissue scattering and
absorption that may asymmetrically affect NADH or FAD fluorescence, we also
quantified the mean NADH and FAD fluorescence intensities for each EETE group
finding that there were significant decreases in FAD fluorescence only among 16E7 and
16E6E7 EETEs relative to C HFK, 16E6, and HKcDR EETEs (Fig 6.6e-f; p < 0.05). The
structural differences, which may alter tissue scattering and absorption between groups,
complicate metabolic interpretation.
6.3.3

The optical redox ratio is correlated with metabolic biomarkers assessed via
invasive biochemical assays

The finding that the 16E6 and/or E7 HFK EETEs were characterized by redox ratio
values that were higher than those of the C HFK EETEs motivated us to examine the
correlation of the optical redox ratio to more traditional and biochemically robust (albeit
invasive) metabolic assessments. To this end, we used LC-MS/MS to determine the
concentration of NAD+, NADH and FAD within a subset of tissues examined optically
(n=15) (Fig. 6.7). The significant correlation between the optical and biochemically
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assessed redox ratio is shown in Fig. 6.7a (R=0.726, p = 0.003). However, a potentially
more interesting finding is that the optical redox ratio, defined by the fluorescence
contributions of FAD and NADH was even more highly correlated to the corresponding
redox ratio biochemically assessed using the more traditional redox metabolic markers,
NAD+ and NADH (i.e. the optical FAD/(NADH+FAD) redox ratio was correlated to the
biochemical NAD+/(NADH+NAD+) redox ratio) (Fig. 6.7b, R=0.777, p = 0.003).
Given the excellent correlation of the optical redox ratio with a traditional
metabolic biomarker, we sought to examine the potential origins of the redox ratio
differences between the different EETE types we examined. A traditional assay that
provides information regarding the relative levels of glucose consumption via glycolysis
is based on the assessment of the ratio of glucose consumption relative to lactate
production (G/L), since lactate is the end product of glycolysis. This ratio is lowest for
the HKc/DR EETEs (Fig. 6.7c) (p ≤ 0.021), indicating that these tissues have the highest
amounts of lactate produced for a given amount of consumed glucose, and thus, represent
the most glycolytically active tissues. In fact, the G/L values mimic the differences we
observe between different tissue types with the mean optical redox ratio. A potential clue
for the origins of the increased redox ratio for the EETEs constructed with the 16E7 and
16E6E7 is provided by the levels of glutamine consumption, which is highest for these
tissues (Fig. 6.7d, p ≤ 0.050). Mean epithelial tissue thickness for the subset of tissue
analyzed and glutamine consumption in micromoles is reported in Table 6.1.
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Figure 6.7 Biochemical analysis provides mechanism for optical redox changes in EETE:
Regression analysis between optical TPEF and LC/MS-MS measurements for both (a)
NADH/FAD and (b) NADH/NAD+ (n=15). Assessment of (c) glucose consumption to lactate
production (G/L ratio) and (d) glutamine consumption (µMol / tissue volume) from cell culture
media assay. Bar plots display the mean and standard error of G/L ratios and glutamine
consumption for each EETE group from a subset of tissues (N=20).

Table 6.1 Mean Epithelial Tissue Layer Thickness and Glutamine Consumption
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6.3.4

Keratin localization and content represent additional potential biochemical
biomarkers of pre-cancerous lesions
While identification of keratin fluorescence is critical for quantitative and

sensitive evaluation of the redox ratio, it may also offer an additional set of pre-cancerous
biomarkers (Fig. 6.8a). For example, we find that the tissue depth to which 80% of the
keratin fluorescence is confined is the shallowest for the C HFK EETEs (p < 0.001),
followed by the 16E7 HFK EETEs (Fig. 6.8b). The total amount of keratin-associated
fluorescence is highest for the 16E6 and/or 16E7 HFK EETEs (p ≤ 0.001), while,
interestingly, the overall amount of keratin positive pixels is similar for C HFK and
HKc/DR EETEs (Fig. 6.8c). While the localization patterns of keratin fluorescence are
most consistent with those of involucrin staining (Fig. 6.5), the keratin content
comparison suggests that at least some of the fluorescence is emanating from less mature
keratins. Additional studies that examine keratin fluorescence in more detail in terms of
spectral and/or lifetime characteristics could help address such questions, but are beyond
the scope of this study.
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Figure 6.8 Keratin localization and redox metrics reflect distinct tissue changes related to oncogene
expression and HPV immortalization: Schematic in (a) shows a representative HFK 3D-rendered redox
image and the same image with only keratin positive areas (displayed in blue). Keratin-associated
fluorescence is quantified in (b) as the percent of the epithelial tissue depth from the tissue surface where
80% of the total keratin signal can be located. The sum of keratin pixels was determined (c) for each tissue
as an estimate of tissue volume occupied by keratin. Average keratin-positive pixels per EETE type are
displayed with standard errors. Scale bar is 50µm. Using keratin localization in combination with average
redox per tissue and superficial redox slope, a 3D plot demonstrates the discriminatory power of these
endogenous metrics (d). Best-fit ellipsoids were calculated with a parametric analysis based on the three
optical metrics.

6.3.5

Optical metabolic and keratin biomarkers show promise for identification of
human epithelial pre-cancerous lesions
To assess whether the automated quantitative analysis methods we developed

using the EETEs can provide biochemically meaningful and potentially diagnostically
useful information, we examined three to four distinct sites from one normal and three
cervical intraepithelial neoplasia (CIN) freshly excised human cervical tissue specimens.
Representative optical cross sections and 3D projections of a region from a normal and a
CIN tissue section are shown in Fig. 6.9a. A prominent architectural feature of the human
tissue specimens that we do not observe in the EETEs is the presence of papillae. Papillae
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are fingerlike projections of the dermis into the epidermal region, which result in a more
complicated tissue organization, with the basal layer in particular not being a flat 2D
layer but having significant 3D features. As a result, depending on the location within a
normal specimen we can detect a gradient of differentiation within the same optical
section, with small undifferentiated cells seen as circles that surround the papilla, and
cells becoming increasing larger further away from the papilla. Therefore, changes in cell
morphology occur both as a function of depth and across a given optical section. In
addition, the optical signal detected was limited significantly before reaching the dermis,
thus we were not able to image the full epidermal layer. Despite these limitations, we
applied the data analysis approach we developed using the EETEs to the data acquired
from the human tissues. Interestingly, we find that the redox ratio of the CIN tissues is
significantly lower than the redox ratio we observe for the normal tissues (Fig. 6.9b). In
addition, keratin-associated fluorescence was more confined within the upper tissue
layers for the normal than the CIN tissues (Fig. 6.9c). We should note, that the cervical
epithelium is not a keratinizing epithelium. However, we do detect signal, whose
fluorescence is consistent with the signal we identify as keratin in the EETEs. This
suggests that keratin-associated fluorescence, arising likely from immature keratins, can
be detected even in non-keratinizing epithelia.
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Figure 6.9 Optical redox ratio of living cervical explants: (a) 3D autofluorescence image stacks of
representative fields from healthy and CIN 2 ex vivo cervical specimen and (b) average redox ratios with
standard error bars as function of normalized tissue depth from superficial (S) to basal (B) layers. Color bar
represents optical redox values from 0 (blue) to 1 (red) and scale bar is 50µm for optical images. (c)
Keratin-associated fluorescence as the percent of the epithelial tissue depth from the tissue surface where
80% of the total keratin signal can be located. Similar to the engineered tissues, CIN specimens have
decreased redox ratios and more delocalized keratin-associated fluorescence than the healthy specimen. See
Supplemental Figure 6.12 for 3D reconstructions of these representative specimens.

6.4

Discussion

This report demonstrates that quantitative optical techniques are capable of
assessing metabolic and structural changes related to cancer initiation and abnormal gene
expression. Such noninvasive methods are broadly valuable for examining mechanisms
that underlie tissue transformations, such as healing or disease. Here, we showcase the
potential of these optical methods for 1) early cancer diagnostics as well as 2) for the
study of functional modifications in the context of differentiation and disease by
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assessing healthy, oncogene-expressing, and precancerous epithelial models. We offer
strong evidence that the optical redox ratio is sensitive to distinct metabolic states by
correlating fluorescence-based redox measurements to biochemical concentrations of
NADH, NAD+, and FAD and by measuring nutrient consumption. This work lays the
foundation for future optical studies that aim to simultaneously quantify structural and
functional characteristics of 3D tissues, noninvasively and in real-time.
The described studies show that optical read-outs based on endogenous
fluorescence can provide high-content spatiotemporally-resolved information regarding
the functional status of epithelial tissues. Specifically, we use standard techniques, such
as LC-MS/MS and substrate assays, to confirm the specificity and sensitivity of the
optical redox ratio to biochemical concentrations of NADH, NAD+, and FAD, as well as
to relative levels of glycolysis and glutaminolysis in 3D epithelial tissues. By
characterizing HPV16-immortalized and early-passage HPV16 E6 and/or E7 EETEs, we
show that the assessment these natural fluorescence signals can help elucidate
microstructural changes and associated metabolic adjustments of cells that may be
relevant for cancer detection.
While NADH is involved in several pathways in different cellular compartments
(Ying 2008), protein-bound NADH within the mitochondria emits the majority of
fluorescence compared to unbound NADH or NADPH in the cytosol (Eng, Lynch, and
Balaban 1989). Within the mitochondria, NADH is generated during the tricarboxlyic
acid (TCA) cycle, while NADH is oxidized to NAD+ during oxidative phosphorylation to
yield ATP (See Figure 4.3 for cell metabolism schematic in the context of NADH and
FAD fluorescence). Here, we show that optical redox ratio is both sensitive and specific
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to

variations

in

NADH

concentrations

through

correlation

of

the

optical

FAD/(NADH+FAD) ratio to the LC/MS-MS NAD+/(NADH+NAD+) ratio (R = 0.777, p
=0.001) as well as the LC/MS-MS ratio of FAD/(NADH+FAD) (R=0.726, p =0.003).
The improved correlation with the LC/MS-MS NAD+/(NADH+NAD+) ratio suggests that
FAD fluorescence measurements may be more directly related to total intracellular NAD+
concentrations. While this was to some extent surprising, the majority of proteins that
bind to FAD can quench FAD fluorescence, which could weaken the correlation between
FAD fluorescence and intracellular FAD concentration (Kunz and Kunz 1985).
Furthermore, half of the detectable FAD fluorescence has been estimated to emanate
from FAD bound to lipoamide dehydrogenase (LipDH)-containing enzyme complexes,
such as the pyruvate dehydrogenase (PDH) or oxoglutarate dehydrogenase complexes
(Kunz and Kunz 1985), which are in direct equilibrium with the ratio of NAD+/NADH.
While the NADH and FAD fluorescence intensities have been shown to be
sensitive to qualitative perturbations in metabolism through the use of poisons, such as
NaCN and FCCP (Huang, Heikal, and Webb 2002; Eng, Lynch, and Balaban 1989), we
show there is a direct quantitative correlation between optical redox ratio and intracellular
NADH and FAD concentrations. These optical redox ratio perturbations are likely
reflective of altered cell metabolism. For example, when comparing tissues that are
expected to exhibit enhanced rates of glycolysis compared to normal tissues, such as
HKc/DR EETEs to C HFK EETEs (Fig. 6.4 and 6.6) and precancerous human cervical
tissues to healthy cervical tissue (Fig. 6.9), a lower redox ratio is detected. In line with
these observations, various other optical studies have reported decreases in redox ratios
upon precancerous transformation (Li 2012; Skala et al. 2007; Skala 2005; Kirkpatrick et
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al. 2007; Levitt et al. 2011; Huang, Heikal, and Webb 2002; Ostrander et al. 2010;
Steenkeste et al. 2007; Bird et al. 2005; Wu and Qu 2006; Drezek et al. 2001; Drezek et
al. 2003; Zhuo et al. 2010). The mechanisms underlying these metabolic patterns have
traditionally been attributed to the Warburg effect, which describes the tendency of
cancer cells to ferment glucose anaerobically (via glycolysis), despite the availability of
adequate oxygen (Warburg 1956).
While the exact mechanisms remain unclear, it is thought that the Warburg effect
enables cancer cells to meet synthetic and bioenergetics requirements to sustain high rates
of proliferation (Vander Heiden, Cantley, and Thompson 2009). Since glycolysis
generates a net gain of cytoplasmic NADH and is inhibited by excessively low ratios of
NAD+/NADH, to sustain high glycolytic flux, a cell must quickly regenerate cytoplasmic
NAD+ though conversion of pyruvate to lactate (Vander Heiden, Cantley, and Thompson
2009; DeBerardinis et al. 2008). In fact, decreased rates of glucose consumed to lactate
produced (G/L ratio) are demonstrated in HKc/DR EETEs relative to C HFK EETEs,
suggesting that the decrease in optical redox ratio may be associated with the Warburg
effect. Furthermore, assuming a low redox ratio is reflective of enhanced glycolysis
relative to oxidative phosphorylation, we would expect to observe a plenteous supply of
pyruvate for the TCA cycle. The NADH generated by pyruvate oxidation in the TCA
cycle could be used for oxidative phosphorylation, enabling the production of an
abundant supply of ATP. Interestingly, in support of this hypothesis, actively replicating
cells have been observed to exhibit high ATP/ADP ratios along with low NAD+/NADH
ratios (Christofk et al. 2008; DeBerardinis et al. 2008).
While cell metabolism is complex, similarities in the variation of the G/L ratio
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and the optical redox ratio among EETE groups suggest that these metrics may be
sensitive to perturbations in associated bioenergetic pathways. For example, unlike
HKc/DR EETEs, higher overall redox ratios and G/L ratios were observed for 16E6
and/or 16E7 EETEs (Fig. 6.7c). In direct contrast to the trends observed for HKc/DR
EETEs, the 16E6 and/or 16E7 EETEs G/L and optical redox ratios may signify increased
rates of oxidative phosphorylation relative to glycolysis. For example, its possible that
the demand for ATP, which may drive the enhanced rates of oxidative phosphorylation,
are due to keratin protein synthesis and assembly (Jewett et al. 2009). To test this
hypothesis, we detected higher relative levels of fluorescent keratin protein in 16E6,
16E7 and 16E6E7 EETEs compared to C HFK and HKc/DR EETEs. The increased level
of keratin fluorescence may reflect enhanced levels of protein synthesis and/or assembly
(ATP-consuming).
Protein synthesis can require glutamine as a nitrogen source (DeBerardinis and
Cheng 2009), and glutamine is consumed more substantially by 16E7 and 16E6E7
EETEs (Fig. 6.6d). While this may suggest glutamine serves as a nitrogen source for the
putative increase in keratin production by these tissues, no differences were observed in
glutamine consumption between C HFK and 16E6 EETEs. Rather, glutamine
consumption trends among oncoprotein-expressing EETEs matches more closely with
differences in redox ratios and G/L ratios (Fig. 6.6 and 6.7), suggesting glutamine
consumption may be directly related to intracellular redox ratio. In fact, if glycoslysis
cannot provide adequate pyruvate to the TCA cycle and the ratio of ADP/ATP increases,
glutamine can become an important alternative source of carbon in a process termed
anaplerosis (Dell’Antone 2012; DeBerardinis et al. 2008; Christofk et al. 2008; Gameiro,
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Metallo, and Stephanopoulos 2012). Glutamine anaplerosis would not be a surprising
mechanism with the reported inactivation of pyruvate kinase type (M2-PK) by E7, which
leads to a decrease in the transport of glucose-derived carbon into the mitochondria
(Mazurek et al. 2001; Mazurek 2011). The reports of M2-PK inactivation and reduced
pyruvate availability by E7 expression are consistent with the higher G/L ratios (lack of
lactate production) and elevated redox ratio detected in 16E7 and 16E6E7 EETEs in this
study (Figs. 6.6 and 6.7). In summary, our metabolic outcomes suggest HPV16 E7expression produces a distinct optical phenotype that manifests as increased redox ratio
compared to C HFK EETEs.

This distinct optical phenotype may be reflective of

decreased ATP/ADP ratios, increased NAD+/NADH ratios and associated glutamine
anaplerosis.
While we are unable to pinpoint G/L ratios and glutamine consumption within
distinct layers of the epithelium, we identify dynamic changes in the balance of metabolic
pathways based on depth-dependent redox changes within EETEs. For example,
proliferation in normal epithelia is confined to the basal cell layer (Watt 2002). Upon
detachment from the dermal layer, keratinocytes halt proliferation and begin to
differentiate, and we detect a slight decrease in the redox ratio (Fig. 6.6). This decrease in
redox may be due to altered biosynthetic demands related to differentiation, namely for
the synthesis of lipids that ultimately make up the cornified envelope (Candi, Schmidt,
and Melino 2005; Levitt et al. 2011). In fact, a decrease in the optical redox ratio has
been associated directly with lipid synthesis in a recent model of adipogenic
mesenchymal stem cell differentiation (Quinn et al. 2012).
As the cells reach the terminal differentiation stages, the redox ratio may rise as a
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result of an increased rate of oxidative phosphorylation and a reduction in biosynthetic
demand. ATP production may be a priority at this stage to support protein synthesis and
assembly or simply for cell maintenance as cornification proceeds (Fig. 6.5). The redox
ratio is highest in the superficial layers of all EETEs with the exception of 16E6 and
16E6E7 tissues (Fig. 6.6a). The E6-oncoprotein has been reported to facilitate the evasion
of programmed cell death through the degradation of apoptosis-related proteins Bak, p53
and/or myc (Garnett and Duerksen-Hughes 2006).

Since p53 and myc are central

modulators of glucose and glutamine catabolism (DeBerardinis et al. 2008; Jiang et al.
2013; Khutornenko et al. 2010; Schwartzenberg-Bar-Yoseph 2004; Kessis 1993), it is
possible that by coordinating their activity, HPV16 E6-expression may enable cells to
avoid cell senescence and continue biosynthesis in the upper layers of the epithelium.
Though comparisons with metabolite concentrations, we have validated the use of
a non-invasive optical microscopy to detect distinct metabolic changes and provide
microstructural metrics that reflect traditional biomarkers of early cancer. In addition to
detecting robust metabolic and structural differences between healthy and precancerous
tissues, we demonstrate an ability to distinguish HPV16 E6/E7-expressing tissues from
HPV16 tissues through our optical redox ratio, despite similar depth-dependent
morphological features (Figs. 6.4 and 6.6). Furthermore, we observe many of the same
differences in optical outcomes among healthy and CIN human cervical tissues, such as
decreased redox ratios, delocalized keratin-associated fluorescence, and less variable cell
morphology, highlighting the potential of these biomarkers for evaluation of human
disease. These structural features are critical indicators of tissue health and employed
routinely in cancer grading, but implementation of optical redox measurements may
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improve the specificity of detection techniques. Although previous studies have
suggested lower optical redox ratios associated with precancer (Li 2012; Skala et al.
2007; Skala 2005; Kirkpatrick et al. 2007; Levitt et al. 2011; Huang, Heikal, and Webb
2002; Ostrander et al. 2010; Steenkeste et al. 2007; Bird et al. 2005; Wu and Qu 2006;
Drezek et al. 2001; Drezek et al. 2003; Zhuo et al. 2010), we demonstrate that the
oncoprotein expression, which can precede and accompany early cancer transformation,
produces distinctly elevated redox ratios.

This detectable difference in metabolism

between tissues expressing specific HPV oncoproteins and tissues that are premalignant
will be an important consideration as these biomarkers are refined for clinical use.
Ultimately, with the development of suitable clinical systems and probes, the approaches
we outline in this study will enable extraction of quantitative, functional information that
can serve as in vivo biomarkers of different stages of disease.
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Figure 6.10 3D optical redox images of EETEs and cervical explants
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7 Improved Fourier-based characterization of intracellular
fractal features
A novel Fourier-based image analysis method for measuring fractal features is
presented which can significantly reduce artifacts due to non-fractal edge effects. The
technique is broadly applicable to the quantitative characterization of internal
morphology (texture) of image features with well-defined borders. In this study, we
explore the capacity of this method for quantitative assessment of intracellular fractal
morphology of mitochondrial networks in images of normal and diseased (precancerous)
epithelial tissues. Using a combination of simulated fractal images and endogenous twophoton excited fluorescence (TPEF) microscopy, our method is shown to more accurately
characterize the exponent of the high-frequency power spectral density (PSD) of these
images in the presence of artifacts that arise due to cellular and nuclear borders.
7.1

Introduction

The analysis of biomedical images is critical for detection of abnormalities and
disease, but it is often subject to the interpretation of a medical professional. Starting as
early as the 1960s, efforts have been made to develop quantitative tools based on
automated image analysis algorithms to assist physicians and researchers in
characterizing tissue properties (Doi 2007). Optimization and development of these
methods is still underway, and more groups are recognizing the utility of these techniques
for extracting patterns and information from biomedical images. Uncovering this image
information is likely to lead to the discovery of novel and objective diagnostic criteria,
improving diagnostic sensitivity and enabling earlier disease detection. In this way,
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widespread application and optimization of quantitative image analysis techniques has
great potential to impact the performance of clinical diagnostics and basic research that
relies on interpretation of biomedical images.
Fourier-based techniques have wide-range applications in signal and image
assessment and are gaining a more critical role in tissue characterization. For example,
these techniques have been implemented to characterize bone structure in computed
tomography images (Dougherty and Henebry 2001) and to detect cardiac arrhythmias in
electrocardiogram signals (Gothwal et al. 2011). The squared amplitude of the Fourier
transform (FT) is referred to as the power spectral density (PSD). Biomedical images of
cells and tissues often exhibit PSDs with inverse power-law frequency dependence (i.e.,
proportional to k-β, where k is spatial frequency and β is the power-law exponent), which
can indicate a scale-invariant (fractal) organization of the imaged features (Turcotte
1997). Scale-invariance describes features or patterns that persist over multiple length
scales. These features must satisfy conditions of self-similarity; meaning a fractal object
is similar to a subset of itself. In special cases, fractal can be considered self-affine if
variation in one direction scales differently than variation in another direction (Turcotte
1997; Meakin 1998; Mandelbrot 2000).
Fractals are present in a wide variety of natural systems, (Meakin 1998; Mandelbrot
2000) including rock strain distributions (Wu 1993), microvascular networks (Gazit et al
1995), and chromatin aggregation (Einstein et al 1998). Numerous groups have reported
on the fractal nature of subcellular inhomogeneities and their variation with disease state
(Einstein et al. 1998; Kartazayeva et al 2005; Schmitt and Kumar 1996; Sullivan et al.
2001; Hunter et al. 2006; Levitt et al 2007; Rogers et al. 2009; Chanut et al. 2009.
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However, many of these studies are based on light scattering properties of cells and
tissues, providing an indirect (and non-singular) determination of cell and tissue
morphology. Quantitative characterization of fractal features can thus vary with the
particular model assumed for subcellular or tissue density fluctuations; for example,
whether these features exhibit von Kármán (Schmitt and Kumar 1996; Hunter et al.
2006), exponential (Kartazayeva et al 2005; Moscoso et al. 2001) or stretched
exponential spatial correlations (Chalut et al. 2006). Furthermore, direct analysis of
subcellular features is often attained by invasive methods, such as by histological staining
(Moscoso et al. 2001) or electron microscopy (Bartek et al. 2006), which may alter
morphology from its nascent state.
Biomedical images of living cells or tissues obtained via fluorescence microscopy, on
the other hand, have the advantage of providing a direct and noninvasive means for
determining cell morphology down to submicron length scales.

In this study, we

characterize images that rely on intrinsic fluorescence from nicotinamide adenine
dinucleotide (NADH), which emanates from cell mitochondria (Chance et al 1962).
Mitochondria are the main energy-converting organelles of mammalian cells (Alberts et
al. 2002). Metrics that quantitatively assess the degree of correlation of mitochondrial
networks could serve as useful indicators of cellular health status. For example, early
work by Hackenbrock showed that mitochondrial networks rapidly become more
condensed in liver cells in which oxidative phosphorylation was activated (Hackenbrock
1968; Hackenbrock 1966; Hackenbrock 1971). More recent work has focused on the
thinning and branching of the mitochondrial networks upon the switch from glycolytic to
oxidative energy metabolism, which is thought to be a critical indicator of cell growth or
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differentiation (Mortiboys et al. 2008; Rossignol et al. 2004).
For PSD-based analysis, as the measured power-law exponent (β) of an image
increases, the fractal metrics we assess indicate the mitochondrial networks become more
correlated. Generally, when the PSD spectral content is flat (β=0), the signal is
uncorrelated, white Gaussian noise (Table 7.1). Images that contain features
characterized by power exponent values ranging between 0 < β < 2 are considered
fractional Gaussian noises (fGNs), whereas fractional Brownian motions (fBMs) are
characterized by exponent values between 2 < β < 4 (Turcotte 1997). fBMs are distinct
from fGNs in that they have long-range correlation (“memory”), which has been
described as a statistical relation between the increments of dataset values (Turcotte
1997). Visually, these long-range correlations result in progressively more clustering as
the power-law exponent increases.
Table 7.1: β values and corresponding statistical processes
Power-law exponent
(β)

Description

β=0

white Gaussian noise

0<β<2

fractional Gaussian noise (fGN)

2<β<4

fractional Brownian motion (fBM)

In practice, most PSD-based analyses that assess the fractal nature of biomedical
images do not account for artifacts that can be produced by edge effects from cellular and
nuclear borders (Levitt et al. 2007; Levitt et al. 2011). To overcome these artifacts, some
studies have focused on small regions inside cells, which requires sub-image selection
and drastically limits resolution and field of view. Others have discussed in a geological
context how power spectral estimates of scale-invariant datasets depend on factors other
than the fractal characteristics of the given dataset, such as sampling, noise, and, edge
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effects (Wilson et al. 1997).
The objective of our study is to develop an automated, PSD-based analysis for the
quantitative characterization of internal morphology (texture) of image features with
well-defined borders that overcomes the limitations introduced by the presence of these
borders, in order to develop more robust diagnostic biomarkers of organizational
attributes. We present a mechanistic computational study in which we evaluate simulated
images of scale-invariant (fractal) patterns combined with controlled cell-shaped features
to show that these cell-shaped features and image background have predictable effects on
PSD power-law decays. Based on this evaluation, we quantify the manner in which the
presence of cell- and nuclear-shaped features hinders the ability of PSD-based methods to
accurately assess intracellular patterns. To overcome this limitation, we have developed a
digital object cloning (DOC) method for use prior to traditional PSD analysis. We
characterize simulated images that contain structures and textures common to epithelial
tissues and compare the ability of PSD-based methods to accurately quantify intracellular
texture both with and without DOC pre-processing. Finally, to showcase the diagnostic
utility of this improved technique, we apply it to characterize experimentally acquired
autofluorescence images from engineered normal and pre-cancerous epithelial tissues
7.2

Methods

7.2.1 Simulations of scale-invariant images
To test the ability of PSD-based approaches to sense changes in fractal scaling,
simulated fractal images,


S(r ) ,

of size N×N and which have power spectral density that

scales as a power-law with pixel values represented by the vector
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r

,


r = xi + y j

, are

generated in MATLAB based on Voss’s inverse Fourier filtering method (Voss et al.
1985). In order to construct a fractal image using this approach, white noise,


W (r ) ,

is

generated with a mean of 0 and a standard deviation of 1 with the randn function in


MATLAB. The discrete Fourier transform, F! F(k ) , as a function of radial spatial
frequency,


k







, where k = k x + k y and for


W (r )

is taken as:




N −1
N −1
1
 −2 π i(N kir )
F( k ) = 2 ∑ x=0 ∑ y=0 W (r )e
.
N



Next, the phase, Φ(k ) , of the Fourier transform of


W (r )

(1)
is computed by dividing the

Fourier transform (real and imaginary parts) by its magnitude. For

f! = Τ f *


F(k ) ≠ 0 :

!!

(2)

!!

The phase is filtered with a transfer function,


T (k ) ,

to produce the random function,




Φ'( k ) = T ( k )∗ Φ( k ),

(3)


which is retransformed into the spatial domain to produce a fractal image, W '(r ) ,
where


 −2 π i( kir )
N −1
N −1
1

W (r ) = 2 ∑ k =0 ∑ k =0 Φ'( k )e N .
x
y
N
To generate inverse power-law dependent PSD scaling from

 
T ( k ) = k − β /2 ,

(4)

W '(r )

requires that:

(5)

where β is the exponent of the power-law decay and for β values ranging from 0 to 4
(Voss et al. 1985). For each generated image, Eq. (6) is fit to the radial (angularlyaveraged) power spectral density (PSD):
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R( k ) = Ak − β ,


where R( k ) is the fit to the radial PSD and

(6)

k

is the radial spatial frequency. To allow

direct comparison to acquired two-photon excited fluorescence (TPEF) images, radial
spatial frequency of simulated images is reported in inverse microns (two pixels
correspond to one micron in length). A short, high frequency tail appears in all power
spectra of images containing cell-shaped objects. To avoid fitting this tail, the maximum
and minimum PSD values are determined. The high frequency region that contains
values greater than the second percentile of the PSD amplitude are excluded from the fit.
This high frequency limit (LHF), is used to restrict the fits to the frequency range 0.1 µm−1
<


k

k< LHF. This is the region in which inverse power-law behavior of the PSD spectra

has been typically observed in previous work with autofluorescent images of epithelial
tissues (Levitt et al 2007).
7.2.2

Engineered tissue constructs and TPEF data acquisition

Organotypic rafts cultured with normal human foreskin keratinocytes (HFKs) allow
for generation of multilayered tissues that mimic the gradient of differentiation of native
epithelium and are grown as described in detail previously (Meyers et al. 1997). Briefly,
keratinocytes are plated on top of a neutralized bovine type I collagen (~4mg/ml) matrix
with dermal fibroblasts, and raised to an air-liquid interface. The tissues are provided
nutrients from below to simulate natural nutrient delivery by a vasculature bed for 10
days, at which point they are imaged. For pre-cancerous tissues, human-papillomavirus
(HPV-) immortalized epithelial cells are used in place of normal HFKs as detailed
previously (Levitt et al 2007). TPEF images are acquired on a Leica TCS SP2 confocal
microscope (Wetzlar, Germany) equipped with a Ti:sapphire laser (Spectra Physics,
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Mountain View, CA). Samples are placed on glass coverslips, excited with 755nm
(TPEF) light and imaged using a 63x/1.2 NA water immersion objective, which yields 8bit, 512 x 512 pixel images of 238 x 238 µm2, in approximately 1 s. TPEF images are
acquired by a non-descanned PMT with a filter cube containing a 700 nm short pass filter
(Chroma SPC700bp) a dichroic mirror (Chroma 495dcxr), and an emitter bandpass filter
centered at 460 nm (Chroma 460bp40). This excitation and emission filter combination
allows collection of fluorescence signal emanating primarily from mitochondrial NADH
(Levitt et al. 2007; Rice et al. 2010). Five regions from three different tissue constructs
for the diseased and healthy tissues are assessed with PSD analysis.
7.2.3

Creation of simulated cell objects (SCOs):

Images of simulated cell objects (SCOs) were created in order to characterize the
effect of nuclear and cell border shape on the PSD power-law decay. To achieve this,
binary images of randomly positioned circles on the size order of cells and nuclei are
created in MATLAB that model spatial features of autofluorescence images acquired
previously (Xylas et al. 2010) and in this study. First, the MATLAB randi function is
used to generate a 512x512 matrix with uncorrelated random values. To randomize circle
location and control circle density, one value, which is repeated randomly throughout the
matrix, is designated for circle location. To simulate nuclei, the same pixel locations are
mapped and a second circle of smaller radius is drawn at the specified location.

To

investigate PSD sensitivity to a nuclear feature, 20 individual images are generated that
contain 60, 35-micron diameter circles. This is repeated in a second set of simulations,
which include a second smaller circle, the ‘nucleus,’ with a diameter of 12 microns. In
biomedical images, variance in cell size is common, so a Gaussian distribution of circles
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with diameter variance equivalent to 2 microns is evaluated in every case, which is
relevant to our previous investigation of biomedical images of cells in a 3D collagen
matrix (Xylas et al. 2010).
The Fourier transform of a uniform circular object yields a Jinc function, which is
related to a Bessel function of the first kind. According to the mathematical properties of
the Jinc function, the distance from the first point to the first minimum in the Fourier
spectrum will be 1.22/d, where the diameter of the circle is d (Blahut 2004). To assess
PSD sensitivity to circle size in our FT analyses, first minima of angularly-averaged PSD


spectra, R( k ) are found by locating the first zero crossing of the second derivative of the
PSD.
In the high frequency limit, the PSD of a Jinc function is known to have oscillations
that decay as an inverse power-law with a power exponent equal to 3. In order to examine
the possible interference of the behavior of a Jinc function with the measurement of
intracellular texture from cellular images, fractal images with known power-law decay
values are digitally applied to the circular regions of the simulated images. To explore the
sensitivity of this analysis to cell morphology and nuclear structures, we fit the PSD of
the simulated images with Eq. (6) and the exponent of the fit is compared with input
exponents of the fractal that has been digitally applied. To weaken contributions from
background signal and edge effects, background is set to the average value of the
intracircular signal when indicated in the text.
7.2.4

Identification of cell and nuclear borders for cloning TPEF images

In order to isolate the effect of cell and nuclear borders on PSD-based intracellular
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assessment, it is necessary to create a mask that separates intracellular regions from
image background.

Five TPEF images from each of the cell layers (superficial, para-

basal, and basal) of three independent engineered epithelia from healthy and diseased
groups are segmented so that only the cellular regions remain. Specifically, for each
image, a set of binary images for every whole threshold value (0-255) for an 8-bit scale is
produced in MATLAB. The power spectral density is then computed for each of the
binarized images (Quinn et al. 2012). The binarization threshold value that creates an
image with the highest peak power spectral intensity is defined as the optimal threshold
to segment the cells from the background, because high peak power spectral intensity is
related to the presence of low frequency image features. Finally, groups of pixels that
consist of less than 80 interconnected pixels are removed. This process effectively creates
a mask that isolates large image objects, such as cells.
7.2.5

Creation of simulated fractal images with defined borders

Using the mask determined as described above, fractal images with known PSD
power-law decay values (β = 0-4) are digitally applied to the intracellular regions
according to this mask. The digital application of a fractal image is repeated four times,
yielding a total of 60 simulated images with known intracellular texture (we start with
five images from each of the three main epithelial tissue layers). To assess the
contributions from the image background, a black background or the average value of the
intracellular foreground is digitally applied to background regions. Power-law exponents
are determined from fits to the power-law region of the radial PSD for all synthesized
images. Measured exponents are then compared to input exponents from fractals that are
simulated and digitally applied to the intracellular regions.
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7.2.6

Digital object cloning (DOC)

We develop a randomized digital object cloning (DOC) method that isolates
intracellular regions and clones these regions into the image background. This method
automatically reduces artifacts related to image background as well as larger, periodic
non-fractal features, such as cell size and intercellular tissue organization. Regions of
signal are isolated using the aforementioned thresholding technique. In order to randomly
fill the background of each thresholded image, two vectors with random values ranging
from -512 to 512 are generated using the MATLAB randi function, which creates a
matrix of uniformly distributed pseudorandom integers. Using the MATLAB function
circshift, which circularly shifts the values in an array, a parallel image is created with the
original foreground values shifted according to the values in the two vectors. The regions
in the shifted, parallel image that overlap with background regions from the original
image are added to the original image, filling the background and leaving the original
signal in the foreground. This process is iteratively repeated until no original background
pixels remain. Generally, five to ten iterations are needed to fill the image background.
7.2.7

Statistical testing and β error calculation

The correlation between measured and input β values for TPEF images is assessed via
the Tukey Honestly Significant Different (HSD) test in JMP statistical software. Average
β-error is calculated as the average of the absolute value of the difference between the
input β value and the measured β value for each simulated image for β’s between 0 and 2.
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7.3
7.3.1

Results

Simulated cell objects (SCOs) hinder the ability of PSD-based methods to
accurately assess intracellular patterns

To demonstrate the baseline sensitivity of the PSD-based approach for recovering
power-law exponents (β) that describe the fractal character of images, we evaluate the
PSD of square fractal images generated as described in Methods. Figure 7.1 displays
angularly-averaged radial PSDs (in log-log scale, Panel (a)) that correspond to simulated
fractal images (Panels (b-f)), which become more clustered in gross-appearance with
increasing power exponents (β). Measured power exponents, determined by fitting Eq.
(6), match input exponents used in fractal simulations with negligible associated error (R2
> .99).
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Radially Averaged Frequency (µm-1)

β= 4

Figure 7.1. (a) Power spectral density of generated scale invariant
images of varying fractal character with fits (shown in panels b-f)
for β = 0, 1, 2, 3, 4.

To assess whether variations in cell-shaped features impact PSD-based outcomes, we
generated binary image models of simulated cell objects (SCOs) that consist of uniform
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circles on the size order of cells and nuclei. We digitally apply fractals generated with
varying β values to model SCO images containing SCOs of 35µm diameter (Fig. 7.2(a)),
without nuclei, and a homogenous black background. Figure 7.2(b) displays the
angularly-averaged radial PSDs for SCO images that are created with fractals that have β
values of 1, 1.5, 2, 2.5, 3, and 4 as indicated. As input β value increases, the measured
slope of the power-law decay (βM) trends toward the expected value. For values greater
than 3, the characteristic decay of the Jinc function (βJinc= 3) dominates entirely over the
fractal pattern decay. In all cases except β=3, βM values are far from the true intracellular
input β value, showing that the presence of SCOs hinders accurate intracellular texture
characterization.
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Figure 7.2 (a) Split panel of two representative simulated cell object (SCO) images without (left) and
with a nuclear structure (right) (b) PSD spectra from SCO images with digitally applied fractals and a black
background showing there is no sensitivity to β values greater than 3. (c) PSD spectra from SCO images
without (black) and with nuclear structures (gray) containing SCOs that have 35 µm and 12µm for cell and
nuclear diameters, respectively, the average value of the foreground in the background, and a β=2.8. A
shoulder that can be attributed to the nuclear border can be seen in the spectrum of the model images with
nuclear structures. The spectrum is smoother than in (b) as a result of the change in background value.

In biomedical images an inner nuclear structure is present within each cell and such
images are generated as described in Methods (Fig. 7.2(c)). The addition of a nuclear
structure affects the lower frequency region of the PSD spectrum as observed by the
emerging shoulder in the representative spectrum (Fig. 7.2(c), gray arrow). The
frequency region corresponding to this shoulder is related to the diameter of the nucleus,
with a nucleus of 12 microns creating a local minimum at a frequency equal to 0.102 µm120

1

(see Methods) and an increase in PSD at the lower frequency shoulder bordering the

local minimum. The addition of a nucleus also impacts the slope of the high frequency
region (βM) (Table 7.2) and skews it further to a value near 3 for all input β values.
Table 7.2: Impact of nuclear structure on βM values from representative SCO images

Average
βM

βInput

0

0.5

1

1.5

2

2.5

3

4

SCO

1.78
±.07

1.68
±.06

1.79
±.07

2.10
±.07

2.47
±.01

2.75
±.03

2.84
±.03

2.86
±.01

SCO
w/
nucleus

2.01
±.04

1.96
±.02

2.12
±.01

2.35
±.00

2.62
±.01

2.82
±.01

2.85
±.01

2.84
±.02

* Averages have been calculated from 5 SCO images consisting of 35µm cells and 12µm nuclei with a
black background

7.3.2

PSD-based characterization of simulated images containing epithelial
structures

To examine more biologically relevant cell structures we threshold TPEF images of
epithelial tissues, thereby isolating natural cell borders. We examine three layers of the
epithelium, which have distinct morphologies: the differentiated (superficial),
differentiating (para-basal), and undifferentiated (basal) layers (Fig. 7.3(a-c)). We find
that the average β exponents from fits to the PSD spectra of the original TPEF images of
the superficial, para-basal and basal layers are 1.02±0.18, 1.26±0.20, and 2.01±0.30,
respectively. Differences between the exponents measured from the basal layers and the
other layers are statistically different (p ≤ 0.003). To assess whether the differences in β
exponents measured from these images originate from morphological variation between
the cell layers and/or intracellular texture, TPEF binary masks generated by thresholding
the images are analyzed. We find the average β exponents from fits to the superficial
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(2.30±.03), para-basal (2.48±.11), and basal (2.73±.13) layers of the masks are
significantly different (p ≤ 0.032). This shift is related to cell morphology since there is
an absence of intracellular texture in these images (Fig. 7.3(e-h)). For example, in our
analysis of the basal layer images, the increased power of the PSD at frequencies
corresponding to cell size, which is on the order of 0.1 µm−1, causes an increase in the
slope of the power-law decay.
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Figure 7.3(a-c) Representative original TPEF images from superficial, para-basal, and basal layers,
respectively and (d) measured β exponents from corresponding PSD spectra and fits. Binary masks of cell
borders (e-f) and corresponding PSD spectra and fits (h) demonstrating that a clear association of β
exponents to morphology persists in the absence of high frequency spatial information. All images are 238
x 238 µm2.

To assess whether PSD-based techniques are sensitive to differences in subcellular
texture in addition to cell morphology, fractals of varying β exponents are digitally
applied to the intracellular regions of thresholded TPEF images from each tissue layer
(Fig. 7.4). Figure 7.4 displays nomograms comparing the measured power-law exponents
from fits to the PSDs of these simulated images to the input β exponents used in image
generation. By digitally applying either a black background (high contrast, strong edge
intensity) or the mean value of the image foreground (low contrast, weak edge intensity)
to the background region, we are able to explore the effects of image feature edges on β
exponent sensitivity. We find there is limited sensitivity of PSD-based methods to
122

quantify intracellular texture in images containing a black background (Fig. 7.4(a-c),
green lines) by observing that the measured power-law exponents of the fits varied
marginally and non-linearly with input β exponents (Fig. 7.3). The average β-error, the
average difference between βinput and βM for 0 < β < 2, for each tissue layer with a black
background is 1.20 ± 0.74, 1.28 ± 0.75, and 1.63 ± 0.78 for the superficial, para-basal,
and basal layers, respectively. By including the average value of the foreground in the
background of the simulated images (Fig. 7.4(a-c); blue dashed lines), the sensitivity to
input β values improves and average β-error is calculated to be 0.70 ± 0.32, 0.51 ± 0.32,
and 0.69 ± 0.42 for the superficial, para-basal, and basal layers, respectively. However, in
spite of this improvement, measured β values from the average value of the foreground in
the background do not correspond linearly to input β values and are overestimated for β
values lower than 3 and underestimated for β values greater than 3 for all tissue layers.
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Figure 7.4 Nomograms of measured β parameters for superficial (a), parabasal (b), and basal (c)
epithelial layers of normal tissue. Plotted are input versus measured power-law exponents from linear fits
of the radially-sampled PSDs for simulated images of varying input β parameters and background.
Representative images with black background (green, solid lines), with the average value of the foreground
in the background (blue, dashed lines) and images that have been clone stamped (red, dotted lines).

In order to obtain reliable sensitivity to a range of β parameters, a method to improve
PSD sensitivity to input β values in the presence of cell features is necessary. Sensitivity
to the correct β value depends on input β values, cell size, presence of a nucleus, and
image background, which suggests that image features other than intracellular texture are
contributing to the measurement of accurate power-law decay values. To recover β values
that represent only the fractal nature of the intracellular signal, a digital object cloning
(DOC) method is applied. DOC improves the accuracy of PSD-based characterization of
intracellular structure. With DOC, fractal variation from simulated images can be
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recovered for β exponents that are less than the measured β exponents from the respective
TPEF image masks (Fig. 7.4(a-c); red dotted lines).

This limitation is tissue layer

specific according to the measured β values from the image masks (Fig. 7.3). With DOC,
relative average β-error decreases significantly to 0.06 ± 0.04, 0.05 ± 0.03, and 0.04 ±
0.04 for the superficial, para-basal, and basal layers, respectively.
7.3.3

DOC improves the accuracy of PSD-based characterization of intracellular
texture allowing separation of normal and pre-cancerous tissues based on
subcellular structure

After isolating cell features via thresholding, the DOC technique is applied to the
original TPEF images from normal epithelial tissues. After DOC, the superficial, parabasal and basal layers (Fig. 7.5(a)) have respective β values of 0.67 ± 0.13, 0. 69 ± 0.19,
and 0.82 ± 0.14. β values between the layers are not statistically different (p ≥ 0.995).
DOC and subsequent PSD-analysis is applied to HPV-immortalized epithelial tissues
(Fig. 7.5(a)). β values of original HPV tissue layers, shown in Fig. 7.5(a), are respectively
2.04 ± 0.20, 2.05 ± 0.08, and 1.98 ± 0.20 for the superficial, para-basal, and basal layers.
After DOC, these values are 1.72 ± 0.19, 1.47 ± 0.15, and 1.53 ± 0.20 and are not
statistically different from each other (p ≥ 0.227).
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Figure 7.5(a) Representative original and DOC-corrected TPEF images of superficial, para-basal, and
basal layers of epithelial tissues made with healthy human foreskin keratinocytes (HFK) and HPVtransfected keratinocytes with the average β values for 5 different fields for each group displayed under
each image with standard deviations. (b) β values from each HFK (green) and HPV (red) tissue sorted by
tissue layer, before and after DOC.

To visualize the effects of DOC across the tissue groups and layers, we plot the
measured β values from TPEF images of each layer of five normal (Fig. 7.5(b), green)
and five HPV (Fig. 7.5(b), red) tissues before and after DOC is applied. Before DOC is
applied, there is not a significant difference between β values measured from HPV tissues
layers and β values measured from the basal layer of normal tissue (p ≥ 0.963), which is
most likely due to similarities in morphology and cell size. Remarkably, DOC corrects
for tissue layer-dependent changes in β values for normal tissues by lessening the scaledependent artifacts due to feature edges as well as image background. In this way, DOC
enables targeted quantification of the fractal nature of subcellular structure, which is
significantly different between the normal and the HPV-infected tissues layers after DOC
is applied (p < 0.001). Although we find significant difference between tissue groups
with a relatively small sample size, additional studies with larger samples sizes may
provide insight into the diagnostic significance. In this way, DOC in combination with
126

PSD-based methods shows great utility for biomedical image analysis, specifically with
the goal of correlating subcellular structure to tissue health and disease status.
7.4

Discussion

This study demonstrates that Fourier-based analysis, relying on the PSD, is well
suited to the characterization of high-resolution biomedical images for the assessment of
intracellular structure. We specifically show that quantification of the β exponent of
fractal biological features, such as mitochondrial organization, can be employed as an
indicator of health and disease status. Assessment of mitochondrial structure may help
elucidate mechanisms of normal and diseased tissue development, specifically in the
context of cell metabolism. However, biomedical images generally contain a mix of
fractal organization (e.g., intracellular morphology) and scale-dependent features (e.g.,
quasi-circular cellular and nuclear borders). The presence of nuclear and cell boundaries
introduces edge-effect errors in PSD-based estimates of fractal character, which is clear
when comparing pure fractal images (Fig. 7.1) with fractal images confined to circular
shapes (Fig. 7.2).

The images containing both scale-dependent and scale-invariant

features require further processing to enable accurate characterization of the intracellular
fractal patterns (Fig. 7.4). After standard thresholding-based processing of these images,
fractal patterns with power-law decays greater than the power-law decay of the fractal
pattern’s confining borders cannot be accurately measured due to edge artifacts.
However, an additional DOC step allows reasonably accurate recovery of subcellular
fractal organizational features.
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7.4.1

DOC enables direct comparison of intracellular scale invariance among images
with different large-scale features

Boundary effects due to overall cellular and nuclear shape, must be minimized in
order to accurately quantify the fractal nature of intracellular structures. Decreasing the
change in intensity at the edges of the cells by thresholding and applying the average
intensity value of the foreground to the background (2-fold decrease in β-error) or
thresholding and DOC (26-fold decrease in β-error) allows for more accurate PSD-based
fractal characterization for β < 2. Despite the application of DOC pre-processing
techniques to overcome edge artifacts, there is a drop-off in sensitivity to scale-invariant
patterns characterized by power-law exponents greater than 2 compared to pure scaleinvariant patterns (Fig. 7.4). Specifically, this occurs because our DOC method becomes
less efficient at weakening edges within progressively more clustered images (β > 2),
which have large deviations in local average intensity and are thus, more susceptible to
DOC-induced edge artifacts (Fig. 7.1(e and f)).
Fortunately, the variation of intracellular organization observed from our analysis of
experimentally-acquired TPEF images of engineered epithelial tissue occurs over a range
of β values where PSD methods are highly accurate following DOC (β ≤ 2). In this
regime, DOC reduces the contribution from the non-fractal features, allowing direct
comparison of subcellular scale-invariance between images that contain large-scale, nonfractal variation. This is useful when evaluating different epithelial tissue layers that
have varying characteristic cell sizes.
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7.4.2

Comparison with other techniques

It is particularly advantageous to use DOC pre-processing to reduce edge effects
because DOC does not sacrifice signal resolution, as with, for example, Fourier
‘windowing’ techniques (Harris 1978). Another Fourier-based technique developed with
the goal of circumventing the limitation of Fourier analysis to rectangular images has
been applied to the fractal analysis of nuclear chromatin distribution in benign and
malignant breast cells (Einstein et al 1998). This method fills the non-fractal region
surrounding nuclear features using an iterative algorithm that terminates when the
background region has similar statistical properties to the inner fractal region. For this
method, it is difficult to obtain the background properties similar to the foreground, with
10% of samples unable to converge to the appropriate solution.

Furthermore, the

accuracy of the technique was evaluated using a single β value (β =1.5), and it is
unknown whether the method can perform as well with other β values.
Another method that is used frequently to determine fractal character is the boxcounting approach (Lopes and Betrouni 2009; Normant and Tricot 1991). The box
counting technique assesses the area that a binary signal covers at different scales. The
method is performed by covering a thresholded image with a mesh of identical squares
and counting the number of squares, N, that contain part of the image. This count is
repeated for increasingly small squares (of size L) within the mesh. In this approach, a
log plot N versus L is employed to investigate the scaling behavior of the putative fractal.
This method is popular for its computational simplicity and for its ability to assess
irregularly shaped images. However grid effects are known to interfere with computing
the fractal dimension (Lopes and Betrouni 2009). Further, box-counting methods often
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require total signal binarization using a simple threshold that must capture variations in
fractal texture. It can be challenging to determine a single threshold value across a large
dataset (Normant and Tricot 1991). Finally, fractal images with β in the range between 2
- 4 correspond to fractional Brownian functions for which box-counting methods are
known to be inapplicable (Voss et al. 1985).
7.4.3

Diagnostic utility of combined DOC and PSD methods

Given the advantages of DOC for PSD analysis of intracellular texture in our
simulations, we apply DOC to our original TPEF images. Using DOC, we find that PSD
assessment of TPEF images has great promise for identifying diseased and healthy cells
based on the ability to characterize the fractal nature of intracellular structures (Fig.
7.5(b)). When we compare the layers within normal tissues without DOC, we find
significant β value differences between the healthy tissue layers. The β values measured
from the HPV tissues do not change with tissue depth, but are statistically similar to the β
values measured from the healthy basal tissue layer (p ≥ 0.963). Our simulation work
suggests that this difference primarily arises from alterations in cell morphology, which is
further supported by the similarities in morphology and β values between the basal layer
of the normal tissues and all HPV tissue layers (Fig. 7.3). By assessing TPEF data after
DOC, we find that that tissue disease status is related to the corresponding power-law
exponent, with all normal tissue layers having significantly lower exponent values than
HPV tissues (p < 0.001). Thus, the β value has potential to be used as a unique and
valuable indicator of disease.
In the absence of edge effects, the β value represents the character of the fractal
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component of the image, which, in the context of this analysis, physically represents the
organization of the mitochondria. We target mitochondrial organization by assessing
images of NADH autofluorescence and by our choice of a fitting range that represents
image structures on the size order of mitochondrial networks (< 10µm) (Levitt et al
2007). We find an increase in β values measured from the analysis of precancerous
(HPV) tissues, which reflects more correlated mitochondrial networks, as compared to
the mitochondrial networks from normal tissues (Turcotte 2002).
7.4.4

Disease progression and cell metabolism are related to mitochondrial
autofluorescence patterns

Quantitatively assessing the nature of cellular mitochondrial networks and
interpreting the physical meaning of the results has the potential to provide unique insight
into the cell’s ability to satisfy its metabolic demands. Precancerous tissues are known to
prefer glycolysis to oxidative phosphorylation, which we hypothesize is related to the
increase in measured β values from our study (Warburg et al. 1956). Others have revealed
that mitochondrial structure and internal organization is altered in response to the
metabolic switch from glycolysis to oxidative phosphorylation (Rossignol et al. 2004).
From analysis of mitochondrial morphology using electron microscopy and fluorescence
dyes, it was shown that a switch to oxidative phosphorylation is accompanied by higher
order networking and an extension of the mitochondria into a more reticular form
throughout the cell (Rossignol et al. 2004). This is thought to be important in generating
ATP at all parts of the cells. During glycolysis, the mitochondria were observed to
cluster around the peri-nuclear area and were generally thicker. Thus, the increase of the
β values throughout the layers of the pre-cancerous tissues could potentially provide
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insight on the altered metabolic demands of these cells towards a more glucose-oriented
metabolism. This quantitative information provides insight into cellular metabolism that
otherwise could not be attained with conventional analytical techniques and may have
future diagnostic implications for automated real-time tissue characterization.
In addition to diagnostic implications, PSD-based quantification of biomedical
images can help characterize complex biological patterns that may be essential to our
understanding of the mechanisms behind differentiation, metabolism, and disease
progression. Understanding the sensitivities and susceptibilities of these techniques to
certain β value ranges and to image edges and feature morphology is essential in order to
accurately assess images.

Furthermore, in combination with non-invasive imaging

techniques, this analysis enables quantification of subcellular patterns in live tissues
without the use of added chemicals or contrast agents. The results of our analysis of
autofluorescence images demonstrates that disease progression is related to the patterns
intrinsically emanating from mitochondria, and that quantitative mitochondrial analysis
may be useful for diagnostic purposes.
7.5

Conclusion

Fractals have become valuable descriptors of natural processes. Thus, there is a need
for accessible analytical techniques whose limitations are fully understood, and at the
same time, have the ability to accurately quantify scale-invariance found in nature. We
find that the accuracy of the PSD-based techniques to characterize changes in fractal
features within epithelial tissues is limited by the presence of nuclear and cell borders and
image background signal. We develop a DOC technique that corrects for measurement
inaccuracies induced by these edge effects, which results in a 26-fold decrease in
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measurement error and enables us to more accurately characterize naturally occurring
mitochondrial fluorescence. By assessing the organization of mitochondrial networks, we
are able to differentiate normal and precancerous epithelial tissues. We infer that these
differences in organization are due to alterations in cell metabolic preferences. This
technique could potentially be employed to correct other medical images with similar
scale-dependent limitations, such as tissue histology or x-rays. Together, DOC and the
PSD method have the ability to quantify the organization of a wide range of irregularlyshaped biomedical images and, more importantly, to isolate features of possible
diagnostic significance. This could have applications in the development of automated
disease detection software and computer vision (Gothwal et al. 2011).
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organization as a biomarker of pre-cancerous tissue
changes
Mitochondrial organization is often altered to accommodate specific energy-related
functions. Alterations in metabolism are a hallmark of cancer; thus, the interdependence
between mitochondrial function and organization could be exploited to improve detection
and understanding of cancer progression. In this study, we present a novel, quantitative
method to assess mitochondrial organization in three-dimensional tissues using
exclusively endogenous fluorescence. We examine the overall and depth-dependent
organization of mitochondria within fully differentiated engineered epithelial tissue
equivalents (EETEs) consisting of human foreskin keratinocytes (HFKs). We compare
them to EETEs that contain HFKs that were immortalized following expression of the
full high-risk HPV16 viral genome and exhibit loss of differentiation and a phenotype
similar to that of cervical pre-cancers. In addition, we characterize EETEs constructed
with HFKs that express the high-risk HPV16 oncoproteins E6 and E7, which inhibit the
p53 and pRB tumor suppressor pathways, respectively, that are mutated in many human
cancers. Thus, these EETEs may also model non-HPV associated pre-cancers. We
identify unique patterns of mitochondrial organization in each of the EETE types we
examine, and we demonstrate that they provide complementary, and potentially more
sensitive, organizational information when compared to traditional morphological precancerous hallmarks related to larger features, such as cell nuclei. Finally, we present
evidence that these mitochondrial organization biomarkers are relevant for the
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characterization of normal and pre-cancerous ex vivo human cervical tissue specimens,
thus illustrating the potential for translation as a useful diagnostic or treatmentmonitoring tool.
8.1

Non-invasive characterization of mitochondrial organization in

early cancer
Fundamental differences in metabolic preferences between healthy and cancerous
tissues have been observed, leading to the recognition that metabolic alterations are
important cancer hallmarks (as reviewed in (Cairns, Harris, and Mak 2011; Hanahan and
Weinberg 2011)). These metabolic modifications confer advantages to cancer cells by
activating pathways that support cell proliferation and promote survival (Cairns, Harris,
and Mak 2011; Hanahan and Weinberg 2011; Vander Heiden, Cantley, and Thompson
2009). Many of these pathways engage mitochondria, which are key energy-producing
organelles, are involved in processes leading to the production of important biosynthetic
substrates and signaling molecules, and play a role in the integration of death signals
during apoptosis (Wallace 2012). Therefore, alterations in mitochondrial function are
implicated in the development of numerous diseases, with the Warburg effect during
cancer development as a prominent example (Vander Heiden, Cantley, and Thompson
2009). Changes in mitochondrial function have been associated with changes in
mitochondrial structure and organization (Lyamzaev et al. 2004; Hackenbrock et al.
1971; Westermann 2010). Therefore, mitochondrial organization could serve as useful
biomarker for early, pre-cancerous lesions.
Mitochondria are typically organized as tubular networks that have the ability to
change dynamically through fusion and fission (Westermann 2010; Bereiter-Hahn et al.
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1994).

The factors that affect mitochondrial organization and their impact on cell

function are diverse and not thoroughly understood. However, a number of studies
performed with cancer and stem cells have indicated the formation of more extensive
mitochondrial networks when oxidative phosphorylation levels increase relative to
glycolysis, as a result of substrate changes or during differentiation (Rossignol et al.
2004; Varum et al. 2011; Van Blerkom 2009; Benard et al. 2007; Folmes et al. 2012;
Gilkerson et al. 2000).

To date, the majority of studies examining mitochondrial

morphology employ electron microscopy or mitochondria-specific fluorescent dyes
(Benard et al. 2007; Rossignol et al. 2004; Rambold et al. 2011; Van Blerkom 2009;
Varum et al. 2011; Hom et al. 2011). These methods can give rise to artifacts and cannot
be translated to a clinical setting. Furthermore, most analytical approaches to assess
mitochondrial organization rely on qualitative visual inspection or crude manual tracing
of mitochondrial networks (Rossignol et al. 2004; Lyamzaev et al. 2004; Hom et al.
2011; Hackenbrock et al. 1971; Varum et al. 2011; Rambold et al. 2011).
To address these limitations, we considered the automated analysis of endogenous
two-photon excited fluorescence (TPEF) images as a means to quantify depth-resolved
mitochondrial organization in three-dimensional (3D) tissue specimens. We have
previously used such images to assess the redox state of epithelial tissues, relying on the
natural fluorescence detected from two co-enzymes, nicotinamide adenine dinucleotide
(NADH) and flavin adenine dinucleotide (FAD) (Levitt et al. 2011). NADH fluorescence
images are sensitive predominantly to the bound NADH form residing within
mitochondria (Eng, Lynch, and Balaban 1989; Chance and Thorell 1959). Thus, the
features in these images represent essentially mitochondria, with cell borders and nuclei
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typically appearing as prominent dark features, since they have few or no mitochondria,
respectively. Together, these mitochondrial and larger-scale subcellular morphological
features provide complementary functional and structural information that may be of high
diagnostic value. Therefore, our goal was to determine whether mitochondrial
organization can be assessed by analyzing intrinsic NADH fluorescence and to further
examine its potential as a biomarker of early pre-cancerous changes.
Using high-resolution, TPEF microscopy, we collected NADH fluorescence from
three-dimensional (3D) engineered epithelial tissue equivalents (EETEs) constructed with
primary human foreskin keratinocytes (HFKs) as well as with HFKs that are
immortalized following expression of the full high-risk human papillomavirus (HPV) 16
genome (HKc/DRs) or primary HFKs that have been engineered to express the HPV16
E6 (16E6 HFKs), E7 (16E7 HFKs), and E6/E7 (16E6E7 HFKs) oncoproteins. HKc/DR
EETEs are considered a good in vitro model for high-grade premalignant squamous
intraepithelial lesions (SILs), since these cells show an mRNA expression profile that is
similar to that of HPV16 positive cervical lesions and cancers (Wan et al. 2008).
Expression of the HPV E6/E7 oncoproteins is necessary, but not sufficient, for induction
of the transformed phenotype, and the biological activities of these two proteins have
been studied in great detail. For example, it is well established that E6 and E7 inhibit the
p53 and pRB tumor suppressor pathways, respectively, that can affect cell apoptosis,
differentiation and proliferation and are mutated in a large number of human tumors
(Moody and Laimins 2010). Hence EETEs made with HPV E6 and/or E7 expressing
HFKs may be models for non-HPV associated lesions and/or tumors that have suffered
mutations in these pathways. Finally, to illustrate that these biomarkers have potential
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diagnostic value in patients, we present initial results acquired from freshly excised
normal and precancerous human cervical tissue specimens.
8.2
8.2.1

Methods:

Engineered Tissues

To model pre-cancer, we used the HKc/DR cell line, which was established by
immortalization of HFKs derived from a single donor by expression of a head-to-tail
dimer of the full length HPV16 genome followed by selection for TGF- β and
differentiation resistance (Pirisi et al. 1992). HKc/DR cells are non-tumorigenic, but
mRNA expression analysis has shown that they are similar to cervical carcinoma cells
(Wan et al. 2008). As a control, we used primary HFKs isolated from neonates grown in
keratinocyte serum free medium (KSFM, GIBCO) as previously described (Jones, Alani,
and Münger 1997). Primary HFKs with stable expression of HPV16 E7, HPV16 E6, and
HPV16 E6/E7 were generated by infection with appropriate retroviral vectors as
described previously (McLaughlin-Drubin, Huh, and Münger 2008).

EETEs were

constructed from each of the five cell types using established protocols (Meyers et al.
1992) and will be referred to as C HFK (control HFK), 16E6 HFK, 16E7 HFK, 16E6E7
HFK and HKc/DR EETEs.
8.2.2

Cervical specimens

TPEF images were acquired on a Leica TCS SP2 confocal microscope (Wetzlar,
Germany) equipped with a Ti:sapphire laser (Spectra Physics, Mountain View, CA).
Samples were placed on glass coverslips, excited with 755 nm, 800 nm, and 860 nm light
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and imaged using a 63x/1.2 NA water immersion objective. Images of 238 x 238 µm2
fields were acquired in approximately 1second. The microscope was equipped with a
microincubation system that kept samples in a humid chamber maintained at 37 °C and
5% CO2 (Okolabs, Ottaviano, Italy). TPEF images were acquired by non-descanned
PMTs with a filter cube containing a 700 nm short pass filter (Chroma SPC700bp) a
dichroic mirror (Chroma 495dcxr), and emitter bandpass filters centered at 460 nm
(Chroma 460bp40) and 525 nm (Chroma 525bp50). Image stacks from one to four
regions from 43 independent EETE tissues (nC_HFK=10, nHKc/DR=4, n16E6_HFK=10,
n16E7_HFK= 6, n16E6E7_HFK=13) were acquired using 2 µm steps. TPEF 3D images were
rendered in ImageJ (v10.2) and OsiriX (v3.0.2).
8.2.3

TPEF data acquisition

All human tissue investigations were approved by the Institutional Review Board of
Tufts Medical Center and Tufts University, and informed consent was obtained from
each subject. Two normal ectocervical specimens were obtained from the discarded
cervical tissue acquired immediately following hysterectomy of two patients with no
known cervical tissue abnormalities. Abnormal cervical specimens were excised from the
transformation zone of the uterine cervix of three patients undergoing colposcopy before
a loop electrosurgical excision procedure. Upon tissue excision, each specimen was
placed in Ringer’s solution and imaged within two hours. Three to four regions of each
specimen were imaged yielding a total of 7 and 10 stacks from the normal and CIN
specimens, respectively. Histology was performed following imaging and a pathologist
classified the first abnormal specimen as cervical intraepithelial neoplasia (CIN) 1, the
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second as focal CIN 2, and the third as CIN 2 of the surface epithelium.
8.2.4

Morphological Quantification

To assess more traditional changes in tissue organization, we quantified the depthdependent variation of TPEF image features with sizes on the order of individual cells
and cell nuclei using a Fourier-based analysis approach (Xylas et al. 2012). Since most
EETEs contained upper layers largely occupied by keratin and very few cells, we began
this analysis at the uppermost optical field containing superficial cells in at least 80% of
its area, and continued to the deepest field covered by more than 90% with cells (Fig.
8.1a; panel i). We analyzed the TPEF images acquired at 460 nm (755 nm excitation),
which contained signal emanating primarily from mitochondrial NADH (Rice, Kaplan,
and Georgakoudi 2010). Specifically, we computed the squared amplitude of the twodimensional Fourier transform of each image (Fig 8.1a, panels ii-iii) and averaged the
values for each spatial frequency (e.g. values along circles such as the blue and red ones
shown in panel iii) to yield a power spectral density (PSD), denoted as R(k), where, k
refers to spatial frequency (Fig. 8.1a; Panel iv) (Xylas et al. 2012). The PSD quantifies
the prevalence of morphological features of different length scales within an image. For
example, an image dominated by micron-level inhomogeneities would exhibit a PSD
spectrum peaking at relatively high spatial frequencies (k > 0.1 µm-1), whereas an image
whose most prevalent features are on the order of 10 µm (e.g., cell or nuclei diameters)
would show high PSD values at a lower spatial frequency range (k ≈ 0.1 µm-1). To
measure variation in cell morphology as a function of depth, the PSDs of NADH images
were computed for image slices at each depth within a tissue volume (Fig. 8.1a, panel v).
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The variance as a function of tissue depth at each PSD spatial frequency (referred to as
PSD variation) was calculated (Fig. 8.1a; Panel vi). Because background image noise was
assumed to be consistent throughout the depth, PSD variation was normalized to the PSD
variation at the highest spatial frequency (Levitt et al. 2011). To quantify variation in
features with sizes on the order of cell and nuclear diameters as a function of depth within
the tissue, the PSD variation was averaged over a spatial frequency range corresponding
to features on the order of 8-12 µm.
To directly relate PSD variation measurements to spatial changes in nuclear structure
over depth, the mean nuclear diameter was measured using the line tool in ImageJ for a
subset of the dataset. Five nuclei were randomly selected by a user in fields from the
superficial, parabasal, and basal layers of three representative tissue stacks per EETE
group (nC_HFK=3, nHKc/DR=3, n16E6_HFK=3, n16E7_HFK= 3, n16E6E7_HFK=3).
8.2.5

Mitochondrial feature isolation in EETEs and cervical tissues

EETE intrinsic fluorescence, emanates predominantly from NADH, flavin adenine
dinucleotide (FAD), and keratin (Palero et al. 2007). NADH and FAD fluorescence is
localized largely in cell mitochondria (Eng, Lynch, and Balaban 1989; Chance and
Thorell 1959), while keratin is a structural protein that makes up the outer layer of human
skin (Karantza 2010; Candi, Schmidt, and Melino 2005). To extract robust metrics of
mitochondrial organization, it was important to remove keratin-associated fluorescence.
For this purpose, images were segmented into cell or keratin regions based on linear
discriminant analysis (LDA) of fluorescence intensities acquired at each excitation and
emission range (Fig. 8.1b, panel i). The LDA equations derived using JMP were exported
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to Matlab, where each pixel in every image was automatically classified as either keratin
(Fig. 8.1b; panel ii) or cell (Fig. 8.1b; panel iii).
8.2.6

Assessment of mitochondrial clustering

To assess mitochondrial organization in a robust manner, a series of image preprocessing steps was necessary following keratin removal. To ensure that the voids in
image intensity created following elimination of the keratin signal did not introduce
artifacts in the analysis, these keratin regions within the image were filled in randomly
with image features present in the areas occupied by cells using a digital object cloning
procedure, described previously (Xylas et al. 2012). Next, we employed a thresholdbased algorithm that distinguished mitochondria-rich intra-cytoplasmic regions from
intranuclear and extracellular regions (Fig. 8.1b, panel iv). The latter were filled
randomly once more with intra-cytoplasmic image features using digital object cloning
(Fig. 8.1b; Panel v) (Xylas et al. 2012). Thus, the final image consisted of signal
emanating predominantly from mitochondrial structures.
To quantify mitochondrial organization, we computed the PSDs of these
processed NADH images as a function of spatial frequency and depth (Fig. 8.1c, panel i).
The morphology of biological cells and tissue often exhibits PSDs with an inverse power
-

law relationship with spatial frequency (i.e. R(k)∝k β). The power law exponent, β, is a
constant typically in the range 0 < β < 4, with increasing values correlating to an
increased degree of clustering in the image features. For example, β = 0 corresponds to a
spectrally flat (“white”) Gaussian noise, whereas a value of β = 4 corresponds to an
image with high intensities clustered together (Xylas et al. 2012; Turcotte 1997). A
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power law frequency dependence of a PSD is evidenced by linear portions of a PSD
spectrum when plotted in log-log space (as in the high frequency region of Fig. 8.1c,
panel iii, for k<0.1 µm-1). The PSD region where k<0.1 µm-1 corresponds to features
smaller than 10 µm, such as mitochondrial networks. Changes in the slope of a line fit to
this linear regime can be used to quantify differences in the degree of clustering of these
images, as shown for two pre-processed TPEF images in Panels ii-iii of Figure 8.1c.
Thus, to assess clustering, we fit the PSD in the region where k<0.1 µm-1 with an
-β

equation of the form R(k)= Ak , where k is spatial frequency, A is a constant, and β is
the exponent of the power law decay. β was computed for each mitochondrial image. Due
to variable sample thicknesses, β was assessed as a function of relative tissue depth (i.e.
depth normalized to tissue thickness). After normalization, the depth of each tissue area
was divided into three equal sections considered the superficial (S), parabasal (PB) and
basal (B) layers.
8.2.7

Histology and immunohistochemistry

Tissues were fixed in 10% neutral buffered formalin and paraffin embedded. Serial 8
µm sections were stained with either hematoxylin-eosin or anti-Proliferating Cell Nuclear
Antigen (PCNA) antibodies (Abcam, ab29) with a secondary antibody conjugated to
Dylight488 (Abcam, ab96879). All sections were mounted using Vectashield H-1200
Mounting Medium with DAPI (Vector Labs) and imaged using a standard fluorescence
microscope equipped with a Leica DFC 340 or a Leica DFC 295 camera (Wetzlar,
Germany).
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Figure 8.1 Schematic for power spectral density (PSD)-based methods and mitochondrial signal
isolation: Image processing steps involved in: (a) assessing the depth dependent variation of image features
in the 1 to 20 µm scale, (b) isolation of image features predominantly associated with mitochondria, and (c)
characterization of these processed images to assess mitochondrial clustering.

8.2.8

Statistics

To assess the significance of the differences between the five EETE groups, an
ANOVA of mean β and an ANOVA for mean COV was used with the post-hoc Tukey
Honestly Significant Different (HSD) test in Jmp 8 SAS (Cary, NC). For each ANOVA,
the design considered individual imaged fields as random effects, nested within derived
samples from each tissue group.
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8.3
8.3.1

Results:

Cellular differentiation gradient is disrupted in 16E6 and 16E6E7 HFK
EETEs and lost in HKc/DR EETEs:

The intrinsic fluorescence from NADH and keratin enables assessments of cellular
morphology and tissue organization, which reveals substantial differences between C
HFK, 16E6 HFK, 16E7 HFK, 16E6E7 HFK, and HKc/DR EETEs (Fig. 8.2a). For C
HFK EETEs, a gradient of morphological changes is observed from the basal to the
superficial layers, as demonstrated by a gradually decreasing nuclear to cytoplasm ratio,
increased cell size (Fig. 8.2a), and a high level of keratin fluorescence in the top-most,
cornified layer (Fig. 8.2b-c). Co-staining of DAPI and proliferating cell nuclear antigen
(PCNA) localized to the basal layer confirms that C HFK EETEs have proliferation
confined to the basal layer, as expected (Fig. 8.2c). Generally, 16E6 HFK EETEs exhibit
a similar, but overall less pronounced morphological changes with respect to depth
compared to the C HFK EETEs (Fig. 8.2a). This is consistent with the corresponding
transverse histological cross sections and PCNA staining that remains primarily confined
to the basal layer (Fig. 8.2c). In contrast, 16E7 and 16E6E7 HFK EETEs consist of
irregularly shaped and arranged cells throughout the depth of the epithelium (Fig. 8.2a).
Despite an absence of the clear morphological changes in cell size and shape as a
function of depth that we observe in differentiating C HFK EETEs, these EETEs
maintain a cornified layer, as shown by the high level of keratin fluorescence confined to
the top-most tissue layers (Fig. 8.2b) and confirmed by H and E staining (Fig. 8.2c).
Furthermore, 16E7 and 16E6E7 HFK EETEs stain positive for PCNA throughout the
basal and parabasal epithelial layers, indicating delocalized proliferation. In HKc/DR
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EETEs, low levels of cellular differentiation (Fig. 8.2a) are apparent along with
proliferation in upper epithelial layers (Fig. 8.2c), as well as abnormal and spotty
keratinization (Fig. 8.2b).

Figure 8.2 (a) Representative endogenous TPEF images from distinct depths of all the types of EETEs
examined. NADH TPEF is pseudo-colored green, while keratin positive pixels are shown in magenta. (b)
Corresponding 3D projections of optical stacks. (c) Corresponding sections following hematoxylin and
eosin staining and (d) PCNA (red) and DAPI (green) co-staining. Scale bar =15 µm in (a) and 100 µm in
(c,d).

8.3.2

Disruption of tissue organization can be quantified from endogenous
fluorescence images using Fourier-based analysis:

Since the PSD describes the prevalence of image features of different length scales,
its corresponding variation is a metric of the image feature changes that occur as a
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function of depth. Thus, the PSD variation corresponding to the 1 - 0.05 µm-1 spatial
frequency range reflects the observable differences in depth-dependent morphological
features that occur at characteristic lengths that vary from approximately 1 - 20 µm
among C HFK, 16E6 HFK, 16E7 HFK, 16E6E7 HFK, and HKc/DR EETEs (Fig. 8.3a).
We note that the mean PSD variation over the frequency range corresponding to image
features on the order of 8-12 µm (shaded light yellow in Fig. 8.3a) is over four-times
greater within C HFK EETEs compared to 16E7, 16E6E7 HFK, and HKc/DR EETEs
(p<0.001; Fig. 8.3b). Since cell nuclei, which appear characteristically dark in our
images, are the most prominent image features with diameters in this length range (Fig.
8.2a), the PSD variation is greater for C HFK EETEs because the cell nuclear diameters
vary the most as a function of depth within these EETEs (Fig. 8.2a). 16E6 HFK EETEs
exhibit PSD variation in this size range that is also statistically greater than that of 16E7
HFK, 16E6E7 HFK and HKc/DR (p≤0.05) EETEs, but smaller, even though not
significantly different (p=0.182), than that of C HFK EETEs. Nuclear diameters were
measured for a subset of the data, confirming within this length scale, we expect to
observe morevariation in C HFK and 16E6 EETEs compared to 16E7, 16E6E7, and
HKc/DR EETEs (Fig. 8.2c). Thus, the depth-dependent PSD variations of endogenous
fluorescence images within the appropriate length scale (8-12 µm in our studies) can
serve as a sensitive, quantitative biomarker of changes in nuclear morphology with
respect to depth that occur within pre-cancerous squamous epithelial lesions.
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Figure 8.3 (a) Mean normalized PSD depth-dependent variation as a function of spatial frequency for
each tissue type. Error bars represent standard error (SE) values. (b) Mean (+/- SE) normalized PSD
variation of features on the order of 8-12 µm. (c) Mean (+/- SE) of nuclear diameter measured in ImageJ.
Data presented included analysis from tissue subset (n=15).

8.3.3

Mitochondrial clustering is increased in 16E6 and/or 16E7 HFK and HKc/DR
EETEs

To characterize intensity fluctuations that are influenced primarily by the organization
of the mitochondria themselves, we need to pre-process the images in order to remove
keratin fluorescence and the larger scale variations associated with nuclear and cell
features (Methods and Fig. 8.1b). Representative images extracted as a result of this
processing are shown in Fig. 8.4a from the superficial, parabasal, and basal layers for
each EETE group we examined. The corresponding values of the parameter that
describes the level of characteristic mitochondrial organization (i.e. clustering) in these
images, β, is also depicted (Fig. 8.4a). The detailed depth-dependence of this clustering
parameter exhibits distinct patterns for the different types of EETEs we examined (Fig.
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8.4b). Specifically, EETEs constructed with C HFKs exhibit a gradual increase in
mitochondrial clustering from the superficial to the basal layer (Fig. 8.4b). Less variable
clustering values, similar in magnitude to those found in the basal layer of the C HFK
EETEs, are observed within HKc/DR EETEs (Fig. 8.4b).

This trend results in a

significant (p<0.05) increase in the overall mitochondrial clustering features observed in
the HKc/DR EETEs compared to C HFK EETEs (Fig. 8.4c).
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Figure 8.4 (a) Representative extracted images containing predominantly mitochondrial organization
features from distinct epithelial layers with corresponding mitochondrial clustering values, β. (b) Mean
mitochondrial clustering as a function of normalized depth, from the basal to the upper-most superficial
layer for each EETE type we examined. (c) Mean overall mitochondrial clustering for each EETE group.
Error bars indicate standard error for each group. Statistical significance is indicated for p < 0.05.
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8.3.4

Mitochondrial network organization is distinctly altered in 16E6 and/or 16E7
HFK EETEs as compared to HKc/DR EETEs

Expression of E6 or E7 within the cells of the 16E6 and/or 16E7 HFK EETEs
resulted in distinct patterns of mitochondrial organization. Specifically, similar to C HFK
EETEs, 16E6 HFK EETEs exhibit a gradual increase in clustering from the superficial to
the basal layer (Fig. 8.4b). The overall clustering is also similar in magnitude to that of C
HFK EETEs and significantly lower (p<0.05) than that of HKc/DR EETEs (Fig. 8.4c).
16E7 HFK EETEs and 16E6E7 HFK EETEs also have overall lower mitochondrial
clustering than what is observed for the HKc/DR EETEs (p≤0.01; (Fig. 8.4c).
Interestingly, the 16E6E7 HFK EETEs are characterized by the lowest overall levels of
clustering (Fig. 8.4c).
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Figure 8.5 Mean overall mitochondrial clustering as a function of the mean normalized depthdependent PSD variation for features on the order of 8-12 µm, for each EETE group. Error bars indicate
standard deviation for each group.
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8.3.5

Integration of mitochondrial and cell/nuclear organization metrics:

The complementary nature of fine-scale mitochondrial and larger-scale cellular
organization metrics is revealed in the plot of the mean mitochondrial clustering as a
function of the depth-dependent variation of 8-12µm features (corresponding to nuclear
diameters in our images) for each EETE group (Fig. 8.5). The lack of covariance between
the two metrics for the different EETEs suggests that these two metrics may be sensitive
to different cellular and tissue features that can change at the onset of cancer
development. It is particularly interesting that the mitochondrial organization metrics
exhibit greater differences among the EETEs constructed with HKc/DR, 16 E6E7, and
16E7 HFKs, while the nuclear morphology-based biomarker distinguishes to a higher
extent the C and 16E6 HFK EETEs from the remaining groups.
8.3.6

Mitochondrial organization within human cervical tissues shows promise as a
biomarker for precancer:

To demonstrate that the biomarkers we developed are relevant to the characterization
of human tissues, we performed a proof-of-principle study on a small cohort of normal
(n=2) and pre-cancerous human cervical tissue specimens (n=3) using image acquisition
and analysis approaches that we developed for the analysis of the EETEs (Fig. 8.6).
Although, human cervical tissues are structurally similar to the EETEs, the cervical
stroma extends intermittently towards the surface epithelium such that basal cells may
reside adjacent to invaginating stromal tissue (Fig. 8.6a-b). Thus, in the healthy
specimens, differentiation advances as a function of distance from the dermal papillae
(axially and laterally). The epithelium of the CIN specimens lacks fully differentiated
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superficial cells and contains round basal-like cells in the lower and middle tissue layers
(Fig. 8.6a-b). Histological staining confirms these findings (Fig. 8.6c). Although the
methods we have developed with the EETEs do not account for papillae architecture yet,
depth-dependent organization differences can be detected in endogenous TPEF images
(Fig. 8.6d). Similar to C HFK EETEs, mitochondria become increasingly clustered within
the normal cervical tissues as a function of depth from the surface, while the
mitochondrial clustering in the CIN specimens remains constant throughout the full
thickness of the epithelium.

Figure 8.6 (a) Depth-resolved endogenous TPEF images and (b) 3D rendered optical stacks of
representative fields from healthy and CIN freshly excised human cervical tissue specimens. TPEF
dominated by NADH signal is shown in green, while keratin pixels are identified as magenta. (c)
Hematoxylin and eosin stained section from the corresponding tissue specimens. (d) Mean mitochondrial
clustering as a function of depth and (e) mean overall mitochondrial clustering for normal (n=2) and CIN
(n=3) cervical tissue specimens.
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8.4

Discussion

Changes in mitochondrial function play a significant role during normal tissue
development and are implicated in the establishment and progression of a number of
diseases, including cancer (Cairns, Harris, and Mak 2011; Wallace 2012). As such, they
are considered important diagnostic biomarkers. The factors that affect mitochondrial
function and their relationship with mitochondrial structure and organization are not fully
understood. However, several lines of evidence indicate that changes in mitochondrial
structure and organization are linked to alterations in bioenergetic pathways that are
observed during pathogenic processes, including cancer (Rossignol et al. 2004; Varum et
al. 2011; Hom et al. 2011; Van Blerkom 2009; Benard et al. 2007; Rambold et al. 2011;
Gilkerson et al. 2000; Folmes et al. 2012). Typically, such mitochondrial features are
characterized using exogenous chromophores and described with qualitative assessments
of organization. Here, we present a robust, noninvasive and quantitative method for
assessing mitochondrial organization in live normal and precancerous EETEs as well as
freshly excised human cervical tissue specimens. Using only endogenous sources of
optical contrast (namely NADH TPEF) and automated analytical techniques, we show
that distinct depth-resolved mitochondrial organization patterns are detected in epithelial
tissues upon the onset of pre-cancerous changes. Furthermore, we demonstrate that the
mitochondrial clustering patterns provide complementary information relative to more
traditional cellular and tissue morphological metrics associated with nuclear and cell
shape features.
We initially established these findings using live EETEs consisting of primary
HFKs, as well as HPV16-immortalized (HKc/DR), HPV16 E6-, E7- and E6E7153

expressing HFKs. These are relevant models for cervical cancers, which are highly
associated with high-risk HPV infections, most notably HPV16, and E6 and E7 are the
major drivers of cervical cancer initiation and progression (Moody and Laimins 2010). In
addition, the 16E6 and/or E7 HFK EETEs could serve as useful 3D models for a broad
range of cancers, since it is becoming increasingly clear that expression of viral proteins,
such as E6 and E7, cause cancer by interfering with cellular networks that are also often
perturbed as a result of carcinogenic genomic variations (Moody and Laimins 2010). To
illustrate that the quantitative mitochondrial biomarkers we identify from these EETEs
have in fact potential clinical diagnostic utility, we also demonstrate differences in depthdependent mitochondrial clustering from a small set of live, freshly excised normal and
precancerous human cervical tissue specimens.
A number of interesting patterns are observed in the depth-dependence of
mitochondrial clustering features of C HFK, 16E6 HFK, 16E7 HFK, 16E6E7 HFK, and
HKc/DR EETEs. To understand potential mechanistic origins of these patterns, it is
useful to consider them in the context of the relative activity of the main cellular energy
production pathways, such as glycolysis and oxidative phosphorylation. For example, we
find that in C HFK EETEs, mitochondrial clustering is increased in the basal epithelial
layers that contain undifferentiated, actively proliferating cells compared to the more
superficial cells that undergo differentiation and withdraw from the cell division cycle.
We hypothesize that this increased level of mitochondrial clustering is associated with
enhanced levels of glycolysis that are expected to support the high biosynthetic demands
imposed upon the basal, undifferentiated cells. This hypothesis is supported by a number
of studies performed not only with highly proliferating cancer cells, but also with
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undifferentiated stem cells, which report increased glycolytic activity (Varum et al. 2011;
Folmes et al. 2012; Van Blerkom 2009). It is believed that aerobic glycolysis is preferred
in these cells as an efficient means to generate needed NADPH and intermediates for
fatty acid, nucleotide and non-essential amino acid synthesis (Folmes et al. 2012; Vander
Heiden, Cantley, and Thompson 2009). In addition, enhanced glycolysis in basal
epithelial cells compared to more differentiated superficial cells is consistent with steady
state and fluorescence lifetime imaging studies of epithelial tissues (Skala et al. 2007;
Levitt et al. 2011; Palero et al. 2007; Skala 2005) and freshly excised mouse intestinal
tissues (Stringari et al. 2012), respectively. Finally, others have reported that cells
undergoing glycolysis exhibit more clustered and vesicular mitochondrial organization
(Rossignol et al. 2004; Gilkerson et al. 2000; Folmes et al. 2012). Thus, the increased
mitochondrial clustering that we identify within the basal layers of C HFK EETEs may
serve as a biomarker of increased glycolysis relative to oxidative phosphorylation.
This hypothesis is also consistent with the increased overall mitochondrial
clustering we observe throughout the depth of HKc/DR EETEs. Many cancer cells have
been shown to rely heavily on glycolysis compared to oxidative phosphorylation (Cairns,
Harris, and Mak 2011; Vander Heiden, Cantley, and Thompson 2009; Hanahan and
Weinberg 2011; Warburg 1956), a phenomenon known as the Warburg effect, which is
thought to enable cancer cells to meet biosynthetic and bioenergetic requirements to
sustain high rates of proliferation (Vander Heiden, Cantley, and Thompson 2009; Cairns,
Harris, and Mak 2011). In fact, optical studies of the redox ratio of C HFK and HKc/DR
EETEs have also reported changes consistent with enhanced glycolytic activity relative to
oxidative phosphorylation in the HKc/DR EETEs (Levitt et al. 2011). Thus, increased
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clustering of mitochondria within HKc/DR EETEs may be associated with the presence
of a Warburg-like phenotype. While the association we can make between enhanced
aerobic glycolysis and clustered mitochondria in the HKc/DR EETEs rely entirely on
optical assessments of redox and mitochondrial organization, it is also consistent with
previous studies that have relied on more standard biochemical assessments of glycolytic
flux and stained mitochondrial images of cancer cells (Rossignol et al. 2004; Gilkerson et
al. 2000).
The largest difference in mitochondrial organization between C HFK and
HKc/DR EETEs occurs at the superficial layer, where C HFKs exhibit decreased
clustering relative to HKc/DRs. In normal squamous epithelial tissues, keratinocytes
synthesize lipids and amino acids in the upper layers of the epithelium in preparation for
the last stage of differentiation, cornification (Candi, Schmidt, and Melino 2005;
Karantza 2010). These processes still require energy, but since biosynthetic demands are
decreased relative to the basal layer, they are likely supported by enhanced levels of
oxidative phosphorylation relative to glycolysis. A shift to oxidative phosphorylationbased energy production along with the establishment of more extensive mitochondrial
networks has been observed within differentiated stem cells and cardiomyocytes (Hom et
al. 2011; Varum et al. 2011; Van Blerkom 2009). This shift may explain the decreased
mitochondrial clustering, which indicates the presence of thinner, more elongated
mitochondrial networks (Fig 8.4a-b). In addition, it is possible that this type of
organization is more optimally suited to support energy demands that are distributed
more uniformly throughout the cell.
The organization of mitochondria within 16E7 HFK and 16E6E7 HFK EETEs is
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characterized by low clustering levels throughout the epithelium (Fig. 8.4). These
patterns may also be associated with enhanced rates of oxidative phosphorylation relative
to glycolysis. It has been shown that E7 expression catalyzes the formation of the dimeric
form of pyruvate kinase type M2, which prevents pyruvate from entering the
mitochondria, requiring the use of glutamine as a substrate for the Krebs cycle via a
process typically referred to as glutaminolysis (Mazurek 2011). Additionally, high levels
of myc expression can induce glutamine-addiction and have been observed in the
presence of both HPV E6 and E7 expression (Münger 2002; McLaughlin-Drubin and
Münger 2009) Interestingly, substrate-dependent changes in mitochondrial morphology
have been reported, showing that certain cells have very thin mitochondrial networks
during periods of glucose starvation, when use of glutamine as an alternative energy
substrate is likely enhanced (Rambold et al. 2011). Taken together, these studies suggest
that mitochondrial clustering may serve as a sensitive biomarker for changes in the
balance between glycolytic and oxidative phosphorylation energy production, and it may
be further enhanced when the primary carbon source for the latter switches from glucose
(pyruvate) to glutamine. More detailed studies will be needed to assess the sensitivity of
mitochondrial clustering as a biomarker for such specific metabolic changes.
The differences in the overall and depth-dependent variation of mitochondrial
clustering among the EETE groups we examined reveal differences that are
complementary to the larger scale differences in cell and nuclear features that serve as
excellent metrics of overall tissue organization, and are more traditionally assessed in a
clinical setting (Fig. 8.5). Since cell borders and nuclei appear dark in NADH TPEF
images, variations in morphological features, such as size, as a function of depth can also
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be detected by the PSD analysis we perform (Fig. 8.3) and can be examined in tandem
with mitochondrial organization. The potential value of the combined examination of
such features is demonstrated in Fig. 8.5. For example, while the depth-dependent PSD
variation of 8-12 µm features, characteristic of nuclear diameters in our EETEs, is similar
for both HKc/DR and 16E6E7 EETEs, we find that they exhibit significantly different
mitochondrial organization patterns. Conversely, very similar overall mitochondrial
clustering values correspond to more enhanced differences between the depth-dependent
variation in cell/nuclear morphology metrics for C HFK and 16E6 HFK EETEs.
Our initial examination of human cervical tissue specimens reveals promising
results in terms of the potential for using these mitochondrial organization biomarkers to
detect differences between normal and pre-cancerous lesions. Specifically, we find that
the CIN specimens are characterized by elevated, depth-invariant mitochondrial
clustering levels, consistent with enhanced glycolytic energy production relative to
oxidative phosphorylation and a Warburg-like phenotype, as discussed above. In contrast,
the normal epithelium exhibits significant depth-dependent variations in organization
with increasing clustering from the superficial to the basal layers, suggesting a gradient in
the balance between glycolysis and oxidative phosphorylation activity, consistent with
our observations in the C HFK EETEs.
8.5

Conclusion

The mitochondrial organization biomarkers reported here can be assessed
automatically, in near real-time and without applying contrast agents, enabling
observation of specimens in an unperturbed state and the potential for clinical translation.
The depth-dependent differences that we detect in C HFK, 16E6 and/or 16E7 HFK, and
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HKc/DR EETEs suggest that the approach we have developed is sensitive to subtle
changes in the relative utilization of metabolic pathways, such as glycolysis, oxidative
phosphorylation and potentially glutaminolysis. Given the morphological similarities in
tissue organization among EETEs constructed with HKc/DRs and precancerous tissues,
we show that information regarding subtle mitochondrial modifications can enhance
traditional assessments focusing only on depth-dependent variations in cell/nuclear size
features. While the tissues we examine in this study are particularly relevant to cervical
cancer, we anticipate that the observed differences in mitochondrial organization will be
relevant for the characterization of numerous cancerous lesions that develop in stratified
squamous epithelia, as in the oral cavity and the esophagus. With the advent of compact
TPEF-capable endoscopes (Rivera et al. 2011; Murari et al. 2011; Zhang et al. 2012),
these quantitative optical biomarkers may be very useful tools for improving diagnosis or
for monitoring treatment efficacy.
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9 Intrinsic optical biomarkers associated with the invasive
potential of tumor cells in engineered tissue models
This report assesses the ability of intrinsic two-photon excited fluorescence (TPEF)
and second harmonic generation (SHG) imaging to characterize features associated with
the motility and invasive potential of epithelial tumor cells engineered in tissues. Distinct
patterns of organization are found both within the cells and the matrix that depend on the
adhesive properties of the cells as well as factors attributed to adjacent fibroblasts. TPEF
images are analyzed using automated algorithms that reveal unique features in subcellular
organization and cell spacing that correlate with the invasive potential. We expect that
such features have significant diagnostic potential for basic in vitro studies that aim to
improve our understanding of cancer development or response to treatments, and,
ultimately can be applied in prognostic evaluation.
9.1

Introduction

The development of cancerous lesions that ultimately result in distant metastases is
attributed to numerous genetic and environmental factors (Christofori 2006; Dotto et al.
1988) that often lead to changes in cell morphology, organization, growth, and adhesion
(Fusenig and Boukamp 1998; Hanahan and Weinberg 2000) . The transformation of cells
from an epithelial to an invasive phenotype is one of the key steps in cancer metastasis.
Therefore, improved identification of cancer cells at an early stage of their progression
could result in important new methods for cancer diagnosis and treatment.

One of the critical early events in the development of epithelial cancer is the loss of
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E-cadherin, whose disruption leads to loss of cell-cell adhesion (Nagafunchi and Takeichi
1988), individual cell migration (Vleminck et al 1991), and elevated N-cadherin
expression as cells undergo epithelial-to-mesenchymal transition (EMT) (Margulis et al.
2006). E-cadherin-mediated adhesion is essential for the assembly of cells into threedimensional (3D) tissues and is required to maintain normalization of tissue architecture
and homeostasis. In recent years, it has become clear that cancer is a disease of altered
tissue architecture and that neoplastic progression is a consequence of abnormal
interactions between tumor cells and their tissue microenvironment. The tissue
microenvironment is defined by the complex network of intercellular interactions that are
mediated by physical attachment, as in direct cell-cell or cell-extracellular matrix (ECM)
interactions, and by biochemical signals, mediated by soluble molecules from
surrounding cells, such as fibroblasts (Shimao et al. 1999; Nogunchi et al. 2003; Orimo
et al 2005).
In light of this, it is essential to study the impact of the tissue microenvironment on
cancer progression in tissue models that incorporate the 3D tissue context and
architecture, so as to faithfully mimic their in vivo counterparts.

Monolayer, two-

dimensional (2D) culture systems do not generate spatially-organized, 3D structures that
occur in vivo and have been of limited use in studying complex cellular responses. These
inherent limitations have compelled cancer biologists to construct 3D tissue models of
both normal and altered in vivo-like tissues that could provide novel experimental
paradigms to study cancer progression. Due to the central role of tissue architecture in
cancer progression, it is essential to study this process using techniques that preserve
tissue structure, such as nondestructive imaging methods. For example, optical, high161

resolution imaging approaches with depth-sectioning capabilities allow characterization
of tissues non-invasively and dynamically over time without affecting tissue architecture.
Two-photon imaging approaches, such as two-photon excited fluorescence (TPEF) and
second harmonic generation (SHG), are examples of such methods that yield images of
cellular and extracellular tissue components with potential submicron level resolution and
without requiring physical tissue sectioning (Zipfel et al. 2003; Zoumi et al 2002). In
TPEF, image contrast originates from fluorescent dyes or endogenous fluorophores, such
as NAD(P)H, flavins, keratin and lipofuscin, while in SHG the signal consists of light
scattered in a non-linear fashion by molecules that lack centrosymmetry, such as collagen
fibers (Campagnola and Loew 2003). Therefore, the combined acquisition of TPEF and
SHG images has the potential to characterize key cellular and extracellular features in
ways that reflect the dynamic manner in which they are remodeled and affect each other
as invasion and metastasis occur.
This article reports on the ability of two-photon laser scanning microscopy (TPLSM)
to identify changes in cell morphological and organizational features associated with
distinct cell adhesion and migratory progenitors of epithelial tumor cells. We employ 3D
tissue models, consisting of E-cadherin competent and E-cadherin deficient variants of
squamous cell carcinoma (SCC) cells grown in collagen gels that mimic the tissue
microenvironment in which these cancers progress. In addition, we examine tissue
constructs that incorporate varying numbers of fibroblasts to assess the role of soluble
factors that may affect cell phenotype and behavioral migration. We combine TPEF
imaging with novel image-processing methods to non-invasively characterize SCC
variants and assess the organization, adhesion, and migration of cells based on
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quantitative analysis of frequency domain patterns within autofluorescence images. We
demonstrate that these optical techniques have the potential to monitor the
morphological, structural, and microenvironmental changes that accompany the transition
from clusters of E-cadherin-competent, adhesive cells to E-cadherin-deficient cells that
migrate into the ECM. We anticipate that such tools could contribute significantly to
advance the understanding of cancer progression and metastasis and ultimately the
approaches used for its early detection, treatment, or prevention.
9.2
9.2.1

Materials and methods

Cell culture and retroviral infection

HaCaT-ras-II-4 (II-4) keratinocytes were grown in DMEM containing 5% fetal
bovine serum (FBS). HaCaT-ras-II-4 cells were obtained from the laboratory of Dr.
Norbert Fusenig (German Cancer Research Center, Heidelberg, Germany) in January
2007. The identity of these cells has been reconfirmed regularly and throughout the
course of these experiments by testing for expression of the val-12 activated ras oncogene
by Western blotting (Boukamp et al. 1990). Human dermal fibroblasts were derived
from newborn foreskins and grown in DMEM containing 10% FBS. These dermal
fibroblasts are checked regularly for purity by immunohistochemical staining for the
fibroblast marker Thy-1 (positive stain), for the keratinocyte marker keratin 10 (negative
stain) and for the endothelial cell marker CD-31 (negative stain). All cells were grown at
37°C in 7.5% CO2. In order to create cells with altered adhesion, II-4 cells were infected
in the presence of 4µg/mL polybrene with 293 Phoenix producer cells transfected with
either pBabe or pBabe-H-2Kd-Ecad plasmids by calcium phosphate methods (Margulis et
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al. 2005). Infected II-4 cells were maintained under puromycin selection (5µg/mL)
starting 2 days post-infection.
9.2.2

Three-dimensional tissue constructs

300,000 II-4 or H-2Kd-Ecad II-4 keratinocytes alone or with either 10,000 or 50,000
early-passage human dermal fibroblasts were added to neutralized bovine type I collagen
concentrated at 3mg/mL (Organogenesis, Canton, MA). Three milliliters of this mixture
was added to each 35-mm well insert of a deep-well six-well tray and incubated for 6-10
days in DMEM containing 10% FBS. While growing under submerged conditions, tissue
culture medium was changed every 2-3 days. Tissues were imaged after 8-10 days. For
tissue morphology, tissues were fixed in 10% formalin, embedded in paraffin, and
hemotoxylin and eosin staining was performed on 6µm tissue sections. Images were
captured with the Spot Advanced Program 4.5 using a Nikon Eclipse 80i microscope
(Nikon Instruments Inc., Melville, NY) equipped with a SPOT RT camera (Diagnostic
Instruments, Sterling Heights, MI).
9.2.3

MPLSM data acquisition

TPEF and SHG images were acquired on a Leica TCS SP2 confocal microscope
(Wetzlar, Germany) equipped with a Ti:sapphire laser (Spectra Physics, Mountain View,
CA). Samples were placed on glass coverslides, excited with 740nm (TPEF) and 800nm
(SHG) light and imaged using either a 63x/1.2 NA water immersion or a 20x/0.7 NA dry
objective. The 63x/1.2 NA and the 20x/0.7 NA objective yielded 512 x 512 pixel images
of 238 x 238 µm2 and 750 x 750 µm2 fields, respectively, in approximately 1 s. TPEF
images were acquired by a non-descanned PMT with a filter cube containing a 700 nm
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short pass filter (Chroma SPC700bp) a dichroic mirror (Chroma 495dcxr), and an emitter
bandpass filter centered at 455 nm (Chroma 455bp70). This excitation and emission
filter combination allowed collection of fluorescence signal emanating from
mitochondrial NADH (Zipfel et al. 2003; Huang et al. 2002; Skala et al 2007;Rice et al.
2010). SHG images were acquired in the forward direction through a bandpass filter
centered at 400 nm (Chroma hq400/20m-2p). Four to ten fields from each tissue construct
were examined for each experiment. Five separate experiments were conducted. Images
were merged in ImageJ (v1.37) or rendered in OsiriX (v3.0.2). Analysis was performed
with Matlab (Mathworks, Natick, MA).
9.2.4

Frequency-domain data analysis

Autofluorescence images were analyzed using a method described in detail
previously (Levitt et al. 2007). Specifically, from the two-dimensional Fourier transform
of 25 images from each group, we acquired angularly averaged power spectral density
(PSD) spectra (the PSD corresponds to the squared amplitude of the fourier transform):
F(kr) = Akr F(kr) = Akr -β + C

(1)

where F(kr) is the angularly-averaged radial PSD, kr is the radial spatial frequency and
the constant C corresponds to the high frequency noise floor of each image. The fits
were restricted to the frequency range 0.14 < kr < 1.0µm-1, where inverse power law
behavior of the PSD spectra was more evident (linear regime in log-log plots of PSD vs.
frequency).

Hurst parameters (H) were then individually derived from the power

exponent β using the expression 2H=β-2 (Voss 1986).
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9.2.5

Circularity and area data analysis

Mean cross-sectional area and circularity were calculated for a random selection of
tumor cells using ImageJ. Cell borders were identified manually by a user using the
Analyze Menu in ImageJ. Images were not thresholded or pre-processed in any way prior
to this selection. The perimeter and area of the cell were automatically calculated by
ImageJ based on the length (in pixel units) and area (in square pixel units) of the userdefined border. Cells without apparent nuclei and fibroblasts were excluded from the
analysis. Circularity was calculated from the measurements of area and perimeter with
the equation: circularity = 4π(area/perimeter2). A value of 1 indicates a perfect circle
while a value that approaches zero indicates an elongated polygon. Cross-sectional area
was converted from pixels to µm2 by scaling appropriately for 63x magnification
(238µm/512pixels). More than 95 cells were randomly selected from each group.
9.2.6

Collagen analysis

For collagen analysis the orientation index (OI) and entropy were calculated using the
algorithms developed by Bayan et al (Bayan et al. 2009). Briefly, the OI represents the
percentage of fibrils within the image parallel to a dominant fiber direction and is
calculated with Fourier-based methods.

The entropy is a measure of the distribution of

dominant lines in the image determined by the Hough transform. A lower entropy value
correlates to more organized fibers.
9.2.7

Statistical analysis

Statistical testing for all quantitative comparisons was done in Matlab. The two-tailed
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student t-test was used to assess statistical difference with p<0.05 between the mean
values of the groups.
9.3
9.3.1

Results

II-4 cells and H-2Kd-Ecad II-4 cells exhibit different morphologic
characteristics in 3D type I collagen gels

To assess the effects of distinct adhesion properties on the morphology and
organization of cells within a type I collagen matrix, we acquired depth-resolved twophoton images of collagen gels populated with ras-transformed epithelial keratinocytes
that are either E-cadherin competent (II-4 keratinocytes) or E-cadherin deficient (H-2KdE-Cad-II-4 cells). Fig. 9.1 shows histological and optical sections of endogenous cellular
NAD(P)H TPEF (green) and collagen SHG (red) of representative collagen gel constructs
at 20x (Fig. 9.1B and F) and 63x (Fig. 9.1C, D, G and H) magnifications. As seen,
TPLSM provides comparable 2D information to histological analysis, while allowing 3D
image rendering (Fig. 9.1D and H, Movie 1, and Movie 2), offering superior tissue
visualization. TPEF images display II-4 cells that maintain cell-cell contact and grow in
dense, organized spherical clusters when cultured in a 3D collagen matrix, consistent
with intact E-cadherin function (Fig. 9.1A-D). Under 20x magnification, smaller II-4 cell
clusters appear more rounded, while the larger clusters are ovoid in nature (Fig. 9.1B). In
addition, II-4 cell clusters demonstrate well-delineated borders with the surrounding
collagen matrix oriented and forming trabecular networks between adjacent clusters (Fig.
9.2B). At 63x magnification, a well-defined band of collagen that surrounds the clusters
of these cells without penetrating them is visible (Figs. 9.1 C and 9.2 A).
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Figure 9.1 TPEF shows E-cadherin deficiency causes individual tumor cell migration: II-4 and H-2KE-Cad-II-4 cells imaged with 740nm and 800nm excitation light. Scale bar 100µm for 20x and 25µm for
63x. (A, E) Histology of II-4 and H-2Kd-E-Cad-II-4 cells, respectively, show essential morphological
characteristics of SCC variants. (Inset) Higher zoom images of SCC variants. (B, F) 20x magnification of
2D optical sections of II-4 and H-2Kd-E-Cad-II-4 intrinsic NAD(P)H fluorescence (green) allows
visualization of tumor morphology at a marcroscopic scale similar to histology, without fixation or the use
of dyes. Fluorescence images confirm H-2Kd-E-Cad-II-4 cells show limited capacity to adhere to one
another, while II-4 cells demonstrate cell-cell contact and grow in dense, organized spherical clusters,
suggestive of intact E-cadherin function. (C, G) SHG images from collagen (red) overlaid with NAD(P)H
fluorescence shows II-4 cell clusters have delineated borders that are distinct from surrounding collagen
(63x magnification). (D, H) Multiphoton imaging allows for straightforward generation of 3D rendered
images, which show II-4 cells forming densely packed, round clusters as well as the diffuse, scattered
organization characteristic of H-2Kd-E-Cad-II-4cells.

These cellular and collagen organizational features can be contrasted to the
appearance of the collagen gels populated with E-cadherin-deficient H-2Kd-E-Cad-II-4
cells (Fig. 9.1E-H). Specifically, individual cells are often seen streaming off the
perimeter of loosely packed cell clusters towards unoccupied collagen matrix (Fig. 9.1F).
At 63x magnification, cells are seen either organized at the periphery of an empty lumen
(Fig. 9.1G) or as part of linear arrays of cells that migrate randomly into the surrounding
collagen without directionality or orientation (Fig. 9.1H). Collagen fibers are detected
interspersed between individual cells as expected (Figs. 9.1H and 9.2D), since loss of Ecadherin function leads to reduced cell-cell adhesion and subsequently augments cell
motility and spacing. The images of NAD(P)H fluorescence (green) and collagen SHG
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(red) in Fig. 9.2E suggest that H-2Kd-E-Cad-II-4 cells do not organize the surrounding
collagen matrix in a well-defined manner, yielding diffuse networks of fibers with no
apparent orientation, in contrast to II-4 cells that orient the matrix between adjacent
clusters of cells (Fig. 9.2B). While the apparent orientation of collagen fibers based on
SHG imaging using linearly polarized light can depend on the polarization direction of
the incident light beam (Stoller et al. 2002), our images indicate that the direction of the
orientation of the collagen fibers in our specimens in dictated mostly by the location of
the cell clusters (Fig. 9.2B). In support of this observation, quantitative analysis of the
collagen organization in the areas identified in Fig. 9.2A and D, using approaches that
have been described in detail previously (Bayan et al. 2009), yields substantially higher
orientation index (OI) and lower entropy values for the collagen immediately surrounding
II-4

cells

(OI=33%,

entropy=3.78)

than

H-2Kd-E-Cad-II-4

cells

(OI=6.3%,

entropy=3.95).
Table 9.1: Quantitative effect of fibroblasts on tumor cells in collagen gel
+10,000 fibroblasts

II-4
H-2KdEcad II-4

+50,000 fibroblasts

Circularity

Crosssectional area
(µm2)

Circularity

Crosssectional area
(µm2)

Circularity

Crosssectional area
(µm2)

.855 ± .021

443.5 ± 49.5

.804 ± .018

519.5 ± 42.7

.805 ± .021

628.3 ± 49.6

⇓ 6%

⇑ 20%

⇓ 6%

⇑ 41.6%

.762 ± .019

837.5 ± 46.3

.723 ± .022

748± 53.1

⇓ 8%

⇑ 85.5%

⇓ 12.7%

⇑ 65.7%

.828 ± .019

451.4 ± 46.8

-percentages reported as compared to tumor cells alone

To determine whether variations in matrix and cell organization were accompanied
by changes in cell morphology, the cross-sectional area and circularity of the two cell
types were quantified (Table 9.1) for random selections of cells (>95 in each group). We
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found that the average cell area was similar for II-4 and H-2Kd-E-Cad-II-4 cells, and was
443.5± 49.5µm2 and 451.4± 46.8µm2, respectively. Circularity was calculated for the
same cells and shared a value closer to 1, which represents cells that are more rounded.
We should note that the actual variation in circularity when considering the threedimensional cell volumes may be smaller than the calculations we perform based on
analysis of two-dimensional images, since we only consider cross-sections, which,
especially for a highly elliptical cell can vary depending on the cell orientation. We found
that II-4 cells have a mean circularity of 0.855±0.02 while H-2Kd-E-Cad-II-4 cells have a
significantly lower mean circularity of 0.828±0.02 (p<0.05).

Figure 9.2 SHG images from collagen suggest adhesion capability and presence of fibroblasts affect
local matrix structure: II-4 and H-2K-E-Cad-II-4 cells imaged with 740nm and 800nm excitation light.
Scale bar 100µm for 20x and 25µm for 63x. (A, D) At 63x magnification NAD(P)H fluorescence (green)
and SHG from collagen (red) show collagen organization is unique for II-4 and H-2Kd-Ecad II-4 cells.
Collagen organization is quantified for sub-images indicated with a white box as discussed in Results
section. The respective entropy and orientation index (OI) values of these images are displayed in the upper
right corner of the images demonstrating accurate collagen quantification is possible. 20x magnification of
(B) II-4 cells, (C) II-4 cells with a high concentration of fibroblasts, (E) H-2Kd-E-Cad-II-4 cells, and (F) H2Kd-E-Cad-II-4 cells with a high concentration of fibroblasts displays NAD(P)H fluorescence from cells
(green) and SHG from collagen (red). II-4 cells organize collagen in a connected trabecular formation
while H-2Kd-E-Cad-II-4 cells have diffuse, less structured fiber networks. Once fibroblasts are added, II-4
cell exhibit empty lumens (white arrow) and less structured collagen networks (C). Increased SHG signal is
suggestive of increased fiber density.
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9.3.2

Co-cultures of dermal fibroblasts with II-4 cells and H-2Kd-E-Cad-II-4 cells in
type I collagen gel affects tissue architecture

To investigate the influence that fibroblasts exert on the motility and organization of
E-cadherin-competent and E-cadherin-deficient tumor cells 10,000 or 50,000 fibroblasts
were mixed with either II-4 or H-2Kd-E-Cad-II-4 cells prior to their incorporation into the
collagen gels. From the comparison of TPEF cross-sections of II-4 cells in the absence or
presence of fibroblasts (Fig. 9.3A-C), it is observed that the motility of II-4 cells is
correlated with the amount of fibroblasts in the collagen gel. The migratory phenotype is
apparent in SHG and TPEF images at 20x magnification (Fig. 9.2C) where tissue
constructs incorporating II-4 cells and fibroblasts show formation of clusters with empty
central lumens. These structures are distinct from the H-2Kd-E-Cad-II-4 cell clusters
(Figs. 9.1G and 9.3G), where a single-cell perimeter lines a central empty lumen. II-4
central lumen structures occur at depths of 3-5 cells, which may be suggestive of cell
death at the center of the cluster (Fig. 9.2C, arrow). At 63x magnification (Fig. 9.3B and
9.C), II-4 cells demonstrate enlarged cytoplasms and nuclei and are slightly elongated in
their shape in the presence of fibroblasts, however not to the extent of H-2Kd-E-Cad-II-4
cells (Fig. 9.3H and I). Quantification of these observations shows that II-4 cells in the
presence of a low concentration of fibroblasts decrease in their circularity by 6% and do
not significantly change in cross-sectional area (p<0.05) as compared to II-4 cells alone
(Table 1). The circularity value of the II-4 cells in the presence of a high concentration of
fibroblasts remains the same as II-4 cells in the presence of a low concentration of
fibroblasts; however, a significant increase in the cell area is observed (p<0.05) compared
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to II-4 cells alone or with a low concentration of fibroblasts (Table 9.1). The circularity
value of the II-4 cells in the presence of a high concentration of fibroblasts remains the
same as II-4 cells in the presence of a low concentration of fibroblasts; however, a
significant increase in the cell area is observed (p<0.05) compared to II-4 cells alone or
with a low concentration of fibroblasts (Table 9.1). Widened intracellular gaps
accompany these morphological changes and they appear to be correlated with the
amount of fibroblasts in the collagen gel (Fig. 9.3B and C).

Movie 9.1. 3D rendering of NAD(P)H fluorescence
images from II-4 cells shows cells maintain
adhesion and form rounded clusters

Movie 9.2. 3D rendering of NAD(P)H fluorescence
image from H-2Kd-Ecad II-4 cells shows individual
migratory behavior
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From the TPEF cross-sections at 63x magnification of H-2Kd-E-Cad-II-4 cells in the
absence or presence of fibroblasts (Fig. 9.3G-I), it is clear that H-2Kd-E-Cad-II-4 cells
organize and migrate in a similar way with and without fibroblasts. However, when
fibroblasts are present, formation of cell structures with empty central lumens (Fig. 9.3G
and J) is not observed. Instead, loose groups of one or a few cells surrounded by
collagen are dispersed throughout the collagen matrix (Fig. 9.3H, I, K and L). At 63x
magnification, changes in cellular morphology of H-2Kd-E-Cad-II-4 cells in co-culture
with fibroblasts are evident in these cells as seen by the appearance of enlarged
cytoplasms and nuclei as well as elongated cell peripheries (Fig. 9.3H and I). Changes in
cell area and circularity show that H-2Kd-E-Cad-II-4 cells in the presence of a low
concentration of fibroblasts exhibit an 8% decrease in circularity and double in their size
when compared to these cells in the absence of fibroblasts (Table 9.1). When in coculture with a high concentration of fibroblasts, H-2Kd-E-Cad-II-4 cells show 12.7%
decrease in circularity while their cell area remains increased when compared to H-2KdE-Cad-II-4 cells alone (Table 9.1).
The presence of fibroblasts also affects the matrix organization by both E-cadherincompetent and E-cadherin-deficient cells. Fig. 9.2 shows that when cultured with a high
concentration of fibroblasts, both tumor cell lines are surrounded by a dense, yet
disorganized collagen environment (Fig. 9.2C and F). Furthermore, upon co-culturing
with fibroblasts the intensity of SHG from the collagen increases, indicating that either
more collagen deposition or more matrix remodeling occurs (Fig. 9.2C and F).
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Figure 9.3 Co-culture with fibroblasts influences low-grade invasive tumor cells to organize like highgrade invasive tumor cells: Scale bar 100µm for 20x and 25µm for 63x. 2D Optical sections of NAD(P)H
autofluorescence (green) and SHG of collagen type I (red) in 3D gel (A-C and G-I) and Histology (D-F and
J-L) of II-4 and H-2Kd-E-Cad-II-4 cells. (A, D) II-4 cells organize in tight bundles and do not migrate
individually from origin cluster; (G, J) H-2Kd-E-Cad-II-4 cells do not maintain cell-cell adhesion and
migrate individually as lines or hollow spheres; (B-C) II-4 cells cultured in the presence of (B) 10,000 and
(C) 50,000 fibroblasts become enlarged and exhibit H-2Kd-E-Cad-like behavior; (H-I) H-2K-E-Cad-II-4
cells cultured in the presence of fibroblasts also become enlarged and maintain individual cell migratory
behavior.

9.3.3

Co-culture of fibroblasts with II-4 cells as H-2Kd-E-Cad-II-4 cells in type I
collagen show different frequency domain characteristics

To further characterize the two tumor cell lines, we used a Fourier-based analysis
method we developed recently (Levitt et al. 2007) to automatically process NAD(P)H
autofluorescence images in order to quantify the organization of mitochondria, which are
the main sub-cellular structures yielding NAD(P)H emission (Chance et al 1979). The
power spectral density (PSD), the squared amplitude of the Fourier transform, of these
images (Voss 1986) exhibits inverse power law behavior, which is indicative of selfaffine fractal organization (Mandelbrot 2000; Dougherty and Henebry 2001). The
exponent of this inverse power law is related to the Hurst parameter, which characterizes
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the fractal spatial organization of the mitochondrial network. For our data, the Hurst
parameter was estimated in a frequency range that corresponds to features in the spatial
domain of 1.0µm to 7.2µm, which is reflective of features on the order of cell organelles
and cell-cell spacing. This power-law model was applied to each group, with
representative data and fits displayed in Fig. 9.4A. Differences in the Hurst parameter,
which is calculated from exponential fits of the PSD spectra (Fig. 9.4A), are found
between II-4 cells in the absence and presence of fibroblasts as well as between II-4 cells
and H-2Kd-Ecad II-4 cells in the absence of fibroblasts and presence of fibroblasts
(p<0.05) (Fig. 9.4B). The mean slopes and Hurst parameter values from each group are
shown with standard deviations in Table 9.2.
The results obtained indicate that this type of rapid frequency domain processing can
effectively distinguish between clusters with low-grade invasive and high-grade invasive
potential. To investigate these trends in more detail, the distribution of Hurst parameters
is represented with a box and whisker plot in Fig. 9.4B. For all groups the average value
of Hurst parameters falls within the range allowed by the self-affine model of 0<H<1. II4 cells alone exhibit a similar distribution of the interquartile range of Hurst parameters
as the other groups, but the mean value is statistically lower (p<0.05). The extent of the
interquartile range of Hurst parameters observed in II-4 cells in the presence of a low
concentration of fibroblasts is much larger than the other groups and is skewed to lower
values. The low skew is in line with the finding that II-4 cells with a low concentration of
fibroblasts are morphologically distinct from migratory groups (II-4 cells with a high
concentration of fibroblasts, H-2Kd-Ecad II-4 cells alone, and H-2Kd-Ecad II-4 cells with
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fibroblasts). Despite the low skew, these Hurst values are not statistically different from
the values of the other migratory groups (p<0.05), indicating similar subcellular
organization. Nevertheless, the low skew may suggest that II-4 cells in the presence of a
low concentration of fibroblasts have dual sub-cellular character, including qualities of II4 cells alone and those of migratory groups. The dual character may be the result of the
need for a baseline amount of fibroblasts on a per-cell basis to catalyze sub-cellular
changes. A skew to upper values is observed with H-2Kd-Ecad II-4 cells cultured alone,
suggesting that this group may also possess a distinct sub-cellular organization, different
from all other groups.

Range Of Hurst Parameters within Datasets

Power Spectral Density
10 1

$"

1.2

#"

1

10

Hurst Parameter

Power Spectral Density

10 0

-1

10 -2

0. 8

!"

0. 6
0. 4

0. 2
10 -3
0
10 -4
10

-1

Spatial Frequency (µm-1)

10

0

II-4

H-2kd -Ecad
II-4

II-4
LCF

H-2kd -Ecad
II-4 LCF

II-4
HCF

H-2kd -Ecad
II-4 HCF

!"Denotes statistical significance

Figure 9.4 Low-grade invasive tumor cells, high-grade invasive tumor cells, and fibroblasts in collagen
type I gel have distinct frequency domain characteristics: (A) Representative Power Spectral Density (PSD)
spectra with respective fits (colored dashed lines) of II-4 cells and H-2Kd-E-Cad-II-4 cells as a function of
fibroblast concentration calculated from NAD(P)H autofluorescence images. (B) Box and whisker plot
displaying the median and range of Hurst parameters extracted from 25 fields of each cell group. The mean
Hurst parameter values, shown with standard deviations in Table 8.2, are estimated from the slope (β) of
the PSD spectra in a range that corresponds to features in the spatial domain of 1.0µm to 7.2µm, which is
reflective of fluorescent features on the order of cell organelles and cell-cell spacing. Differences in the
Hurst parameter were found from the fits of the PSD spectra between II-4 cells alone and all other groups
(p<0.05) indicated by the black star (∗), demonstrating the ability of this method to identify cells with a
migratory/invasive phenotype.

9.4

Discussion

The goal of this study was to identify the optical signatures associated with the
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invasive behavior of SCC cells in a 3D collagen matrix that mimics the in vivo
microenvironment in which this cancer develops. We collected TPEF and SHG images to
assess the organization, adhesion, and morphology of SCC engineered tissue variants
upon E-cadherin abrogation and co-culture with fibroblasts. We took advantage of
endogenous non-linear cellular fluorescence and matrix scattering properties to visualize
and quantify tissues in a non-invasive manner. We demonstrate that non-invasive optical
techniques can identify the following features of SCC progression in 3D tissues that
mimic this disease in humans: a) abrogation of E-cadherin-mediated adhesion associated
with individual cell migration, b) modulation of the migratory properties of SCC cells in
response to contextual cues from fibroblasts in the surrounding microenvironment, and c)
cell invasion associated with specific subcellular organization and collagen signatures
that can be assessed in a rapid and automated way.
Table 9.2: Migratory cell behavior is characterized by higher Hurst parameter values
+10,000 fibroblasts
d

9.4.1

+50,000 fibroblasts

d

II-4

H-2K Ecad II-4

II-4

H-2K Ecad II-4

II-4

H-2KdEcad II-4

Slope (β)

2.20 ± .26

2.89 ± .59

2.61 ± .49

2.80 ± .39

2.81 ± .45

2.78 ± .49

Hurst =
(β-d)/2

0.10 ± .01

0.45 ± .09

0.31 ± .06

0.40 ± .06

0.41 ± .07

0.39 ± .07

TPLSM probes cell adhesion in the context of tumor cell invasion

While it is well established that abrogation of E-cadherin is closely related to
adhesion and migration of SCC cells (Nagafunchi and Takeichi 1988; Margulis et al.
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2006; Birchmeier and Behrens 1994; Alt-Holland et al. 2005; Gumbiner et al. 1996;
Zhang et al. 2006), we describe its distinct effect on organization of SCC cells in 3D
tissues.

We study how optical techniques can be used to dynamically monitor the

phenotype and behavior of E-cadherin-deficient and -competent SCC cells in collagen
gels. Previously, non-invasive optical techniques in conjunction with fluorescence dyes
have been used successfully to track cell migration upon epithelial-to-mesenchymal
transition (EMT) in 3D tissues without chemical fixation and tissue sectioning (Wolf et
al. 2003; Friedl et al. 1998). In order to overcome the use of fluorescent dyes,
endogenous fluorescence and scattering of tissues can be exploited with TPLSM. Other
applications have successfully characterized 3D engineered tissues and tumor tissues
using only endogenous sources of contrast (Georgakoudi et al. 2008; Provenzane et al.
2008; Schenke-Layand et al. 2006). While cellular features, such as the nuclear to
cytoplasmic ratio, which is routinely used in histopathology, have been quantified from
TPEF images (Skala et al. 2007; So et al. 1998), the characterization of subcellular
organization for diagnostic purposes has remained largely unexplored, both in the context
of histopathological and TPEF images. Furthermore, although TPEF spectral resolved
tissue imaging has been utilized for the ex vivo evaluation of human skin (So et al. 1998;
Laiho et al. 2005) as well as the in vivo characterization of mouse skin (Palero et al
2007), there is a lack of quantification of the dynamic changes that the local matrix as
well as the cellular and subcellular tissue components undergo during normal and
abnormal cellular processes.
In order to investigate the effect of E-cadherin abrogation on tumor cell morphology,
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we quantified the area and circularity of E-cadherin-competent and E-cadherin-deficient
SCC cells, using endogenous NAD(P)H TPEF images. We report that the individual cell
phenotype associated with loss of E-cadherin function is characteristically more elliptical
than its low-grade counterpart. In agreement with this finding are reports that have
demonstrated that inhibiting E-cadherin function alters the morphology of normal kidney
cells (MDCK) to a more invasive, elongated phenotype (Behrens et al. 1989).
Furthermore, SCC-derived cells (UM-SCC-11B) exhibit a more elliptical phenotype that
is consistent with decreases in E-cadherin expression, increases in N-cadherin expression,
and an invasive phenotype (Islam et al. 1996). We have previously used the 3D tissue
model described in our current study to show that E-cadherin deficient SCC cells
demonstrate a switch from expression of E-cadherin to N-cadherin in a 3D collagen gel
(Margulis et al. 2006). Since N-cadherin expression, E-cadherin abrogation, and an
elliptical phenotype are considered hallmarks of EMT, our findings that show cell
elongation and migratory behavior, demonstrate the capacity of our imaging tools to
identify SCC cells that underwent EMT (Birchmeier and Behrens 1994; Hay 1995;
Polvak and Weinberg 2009).
To further characterize tumor cells and validate that their subcellular character is a
reliable indicator of disease state, we used a Fourier-based analysis method, described in
detail previously (Levitt et al. 2007), to automatically process the NAD(P)H
autofluorescence images and assess the fractal nature of mitochondrial organization.
Several studies have shown that epithelial cells and tissues exhibit fractal morphology
(Schmitt and Kumar 1996) and that the inverse power law behavior of these fractals can
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vary significantly between normal and diseased (dysplastic) specimens (Schmitt and
Kumar 1996; Einstein et al. 1998; Hunter et al. 2006; Sedivy et al. 1999). Indirect
evidence for fractal microarchitecture of cells and tissues has also been shown in
numerous elastic light scattering experiments, which have in turn revealed significant
differences between normal and pre-cancerous or cancerous tissues (Mujat et al. 2008). In
the current work, we find that the Hurst parameter, which is related to the slope of the
inverse power law decay of the PSD and is used in this approach as a quantitative
measure of self-affine organization, is significantly different for images of E-cadherinefficient and E-cadherin-deficient cell clusters. E-cadherin-deficient cell clusters have
Hurst values closer to 0.5, which suggests more random Brownian fluctuations in
autofluorescence and translates specifically to a less organized assembly of mitochondrial
structures within these cells. These changes may also be due to more significant
variations in the spacing between E-cadherin deficient cells. An increase in the Hurst
parameter value has also been detected from endogenous fluorescence of human
papillomavirus (HPV) transfected epithelial cells, forming dysplastic 3D epithelia that
lack differentiation when compared to their normal epithelial cell counterparts that
organize in well-differentiated layers (Levitt et al. 2007).
In addition to altered subcellular organization, our data suggest that defects in cellcell adhesion caused by E-cadherin abrogation are also reflected in matrix changes
revealed by inherent optical signatures of collagen. For example, we observe a dense
border of collagen that surrounds E-cadherin-efficient SCC cells, which may suggest that
minimal breakdown of collagen is occurring near cell-matrix junctions. Consistently, data
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from other studies suggest that collagen fibers that are tangential to the epithelial cell
border may apply physical restraint that limits cell migration into the adjacent matrix
(Provnzano et al. 2006). Beyond this collagen border, we find that collagen fibers appear
significantly more aligned, forming trabecular networks between clusters of E-cadherin
competent cells, while they organize only diffusely around E-cadherin deficient cells.
This may suggest E-cadherin deficient cells are unable to create tensional forces on the
matrix (Margulis et al. 2005) resulting in poor collagen organization and observably
diffuse, weakly SH-generating fibers. Furthermore, upon E-cadherin abrogation SCC
cells have been found to up-regulate matrix metalloproteinases (MMPs), suggesting that
E-cadherin-deficient SCC cells degrade the surrounding matrix at a greater degree than
E-cadherin efficient SCC cells (Margulis et al. 2005; Friedl et al. 2003) . Thus, both weak
collagen constriction and increased collagen breakdown or turnover maybe predictive
signatures of the highly migratory phenotype we observed. In contrast, defined and
aligned collagen fibers are reported to surround migratory tumor specimens from excised
mammary tumors (Provenzano et al. 2006). The migratory E-cadherin deficient model
may not show defined fibers in aligned orientation because it is composed of solely type I
collagen matrix, which makes it distinct from in vivo conditions.
9.4.2

TPLSM detects importance of local environmental cues in cancer progression

Numerous studies have established that interactions between cancer cells and
surrounding fibroblasts play an important role in the progression of cancers (Noguchi et
al. 2003; Friedl et al. 2003). In this study, we evaluate with non-invasive techniques the
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effects of fibroblasts in regulating cellular phenotype in order to link the migration and
organization of low-grade invasive and high-grade invasive SCC cells in 3D tissues to
distinctive structures of individual cell migration.

We find that the presence of

fibroblasts results in elimination of cell-cell adhesion and acquisition of migratory
behavior. As a consequence, the empty lumen structures that we observe with E-cadherin
deficient SCC cells alone (Figs. 9.1G and 9.4G) are no longer observed.
Since malignant transformation in tumors is often accompanied by changes in
individual cell morphology (Christofori 2006), we assessed individual tumor cells for
differences in cell cross-sectional area as a function of fibroblast co-culture. We find that
addition of fibroblasts leads to an increase in the average size of SCC cells, regardless of
E-cadherin function. This increase in average cell size upon fibroblast co-culture may
reflect increased migratory behavior associated with the presence of growth factors such
as hepatocyte growth factor (HGF) (Shimao et al. 1999; Nogunchi et al. 2003; Orimo et
al 2005). Furthermore, we find that E-cadherin-deficient cells are more sensitive to a
lower concentration of fibroblasts as compared to E-cadherin efficient SCC cells, since
they almost double in cross-sectional area (see Table 9.1). Thus, we conclude that
maintenance of E-cadherin function plays a significant role in the magnitude of cell size
increase upon co-culture with fibroblasts.
In addition, we find that fibroblast co-culture results in an elliptical or spindle-like
morphology for the SCCs that is characteristic of invasive cells and reminiscent of EMT.
In line with our observations, mesenchymal cells are characterized by the loss of cell
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polarity, which occurs because of loss of differentiated junctions and redistribution of
mitochondria (Thiery 2003). Upon co-culture with fibroblasts our analysis methods are
sensitive to changes in SCC cell junctions and mitochondrial organization as reported by
the Hurst parameter. Specifically, we find that TPEF images of all cells that exhibit a
migratory behavior are characterized by a significantly higher Hurst parameter value,
than the images of the non-migratory cells. Such increased Hurst parameter values have
been associated with a lower differentiation state of keratinocytes (Levitt et al. 2007).
9.5

Conclusion

We have established in the current study the presence of optical, non-invasive
biomarkers associated with migratory tumor cell behavior induced by changes in the
tumor cell microenvironment including the abrogation of E-cadherin-mediated cell
adhesion and fibroblast-derived soluble factors. Specifically, we have used endogenous
TPEF and SHG signals, emanating from cellular NAD(P)H and extracellular collagen, to
visualize in high-resolution 3D images the organization and morphology of epithelial
tumor cells embedded in a collagen matrix in the presence or absence of fibroblasts.
These images demonstrate that abrogation of E-cadherin and/or co-culture with
fibroblasts influence individual cell morphology, multi-cellular organization, and matrix
structure. Our findings suggest that our image analysis can reveal changes in cell
phenotype and behavior linked to altered cell-adhesion and motility and allows
monitoring of the dynamic interactions found in the tumor cell-microenvironment that
play an important role in the modulation of early invasion. The methods we have
developed are designed to enable future in vitro evaluation of engineered tissues for
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studies to elucidate processes involved in cancer development or to assess the effects of
novel drugs and therapeutic approaches. By harnessing the tremendous potential of 3D
tissue models, we will help close the loop that exists between observations gleaned from
rudimentary cell culture systems to those more linked to cancer progression in vivo. As
we have demonstrated, the complex microenvironment present in 3D tissues offers new
opportunities to efficiently develop novel optical tools for cancer detection that will lead
to their clinical application. Given advances in multiphoton microscopy that promise to
allow endoscopic or deep-tissue evaluation via minimally invasive probes (Myaing et al.
2006), we expect that the approaches that we present can be ultimately translated to in
vivo studies to detect the behavior and phenotypic progenitors of cancer cells in real-time
directly in cancerous tissues at various stages of their progression.
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10 Conclusion and Future Directions:
Despite the growing number of optical studies reporting redox differences between
healthy and abnormal tissues, a direct validation of the origins of these optical changes
and a solid understanding of the metabolic scenarios that produce alterations in optical
redox are lacking. This could significantly enhance the value of these measurements. In
this dissertation, we provide evidence that the optical redox ratio is reflective of cellular
metabolite concentrations by finding a strong correlation between the optical redox ratio
and the redox ratio as assessed with LC/MS-MS.

Furthermore, we exploit the

interdependence of mitochondrial structure and function to probe fine changes in
mitochondrial features, which provide a complementary measure of cell function. We
demonstrate that together, these optical parameters are sensitive to structural and
functional changes induced by differentiation, HPV infection, and aberrant cell signaling,
which enable us to distinguish the impact of the expression of selected oncoproteins.
This work presents MPM as a sensitive optical tool with the capability to provide
real-time high-resolution measurements of epithelial structure and metabolism, which is
useful for both understanding precancerous transformation and for automated
classification of disease. We report multiple optical parameters that are able to reveal
distinct cellular and tissue-level alterations across a broad set of epithelial models,
ranging from models of differentiation, precancerous transformation, to invasion.
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10.1

Integration of functional and structural optical metrics for the

creation of optical phenotypes that reflect altered cell metabolism
During differentiation, the developed mitochondrial metrics are sensitive to
elevated clustering (β values) in basal cells relative to superficial cells in HFK EETEs,
with the former expected to rely more on glycolysis based on their proliferative nature.
As detected by our non-invasive approach, a relative increase in mitochondrial clustering
serves as a marker of cells in which glycolysis is a significant source of energy
production compared to oxidative phosphorylation (Chapter 7 and 8), as is the case, for
example for proliferating (Chou et al. 2004; Vander Heiden et al. 2009) and certain
cancer cells (DeBerardinis et al. 2008). Enhanced rates glycolysis in these cells is thought
to provide an accumulation of early glycolytic phosphometabolite pools needed for
amino acid synthesis during active cell proliferation (Rossignol et al. 2004; Vander
Heiden et al. 2009; see schematic within Fig. 4.3).
It has been reported that proliferating cells do not have intense demand for ATP
compared to other biosynthetic precursors needed for replication and that without
demand for ATP, the activity of the ETC chain slows, which causes mitochondrial
NADH levels to rise. Specifically, actively replicating cells have been observed to exhibit
high ATP/ADP ratios along with low NAD+/NADH ratios (Christofk et al. 2008;
DeBerardinis et al. 2008). Consistent with the increased clustering of basal cell
mitochondria relative to superficial cells, it would be plausible that these proliferating
basal cells exhibit relatively lower redox ratios compared to non-proliferative cells,
resulting from increased rates of glycolysis relative to oxidative phosphorylation. Our
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redox data reveals that highly proliferative cells in the basal epithelial compartment have
slightly lower redox values compared with the non-proliferative cells in the upper
epithelial layers (Chapter 6).
Although, the most superficial keratinocytes are not actively proliferating,
production and assembly of cornified envelope proteins and lipids is functionally
important for healthy differentiation. Studies have shown that ATP is important for this
process and that glutamine can be an additional source of carbon (as opposed to glucose)
(Jewett et al. 2009; Dell’Antone 2012; DeBerardinis et al. 2008; Christofk et al. 2008;
Gameiro, Metallo, and Stephanopoulos 2012). Glutamine has further been implicated as
an important donor of nitrogen for protein synthesis (DeBerardinis and Cheng 2009).
Complementary to this concept, certain cells have been reported to have very thin and
branched mitochondrial networks connected to their ability to derive energy through
glutaminolysis (Rossignol et al. 2004). Based on these observations, the combination of
decreased clustering and the relatively increased redox ratio observed in normal
superficial cells may be a signature of enhanced glutaminolysis.
To support this concept, we optically assessed the biochemical and structural
changes induced by E7-oncoprotein expression. Through interaction with M2-PK, E7
decreases the conversion of PEP to pyruvate, effectively depleting the mitochondria of
glucose-derived pyruvate (Mazurek et al. 2001). As a consequence, dehydrogenation of
pyruvate into acetyl-CoA is decreased, reducing the amount of mitochondrial NADH
generation. In response, E7-expressing cells increase the uptake of glutamine
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(anaplerosis), which can be used to replenish the TCA cycle.

We show that E7-

expressing tissues consume more glutamine and exhibit increased optical redox ratio
(decrease in NADH fluorescence) relative to other tissues. This presents evidence that
mitochondrial cluster in combination with the redox ratio is sensitive to alterations in
mitochondrial metabolism relating to shunted glycolytic and increased glutaminolytic
flux.
E7-expressing tissues also appear to induce distinct mitochondrial reorganization,
which manifests as a thin and highly networked mitochondrial reticulum. These
mitochondrial signatures are similar to those of human foreskin superficial keratinocytes.
The appearance of these optical patterns together with the glutaminolytic preferences of
E7-expressing tissues and the potential glutaminolytic preferences of superficial
keratinocytes (discussed above) corroborate the sensitivity of our optical metrics to
metabolic shifts related to glutaminolysis.10 To validate this phenomenon, it would be
interesting to either deprive glutamine or to supply E7 cells with exogenous pyruvate to
see if the redox ratio recovers to levels similar to normal EETEs.
The optical signatures of basal cells of normal epithelia and HPV epithelial cells
are such that both have highly clustered mitochondria and lowered redox ratios, which
are characteristic of cells undergoing glycolysis (Vander Heiden, Cantley, and Thompson

10

It is also possible that we are sensitive to the reduction of glucose-derived pyruvate
availability.
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2009;). In HPV tissues we measured the production of lactate to support the connection
between glycolysis, low redox ratio, and mitochondrial clustering, showing these optical
signatures occur together with increased lactate production (a hallmark of high glycolytic
flux) relative to HFK and E7 tissues.

Thus, here, we present two distinct optical

phenotypes, which capture alterations in substrate consumption (glucose versus
glutamine) with optical parameters that describe biochemical alterations and
mitochondrial reorganization.
Very little is known of the metabolic implications of E6 expression. E6 has the
ability to subvert a broad set of pathways that may have direct or indirect impact on
metabolism and mitochondrial structure. We find that, alone, E6-expression exhibits
mitochondrial reorganization in a depth-dependent manner similar to HFK tissues.
PCNA staining reveals that proliferation is mostly confined to the basal layer, which
likely necessitates the production of early glycolytic metabolites (for nucleic acid
synthesis via the PPP shunt). In the context of cell signaling, it has been recently
established that E6-expression increases protein synthesis via the mammalian target of
the rapamycin complex 1 (mTORC1) signaling cascade, which increases RNA translation
that can augment the demand of corresponding substrates (i.e. nucleic acids) (Spangle
and Münger 2010). Furthermore, E6 expression inactivates p53, which diverts glucose to
the PPP through a number of intermediates (Jiang et al. 2013). Whether mTORC1 is
activated or p53 is inactivated in specific epithelial compartments is not known.
Regardless, globally, the increased demand for nucleic acid synthesis may be reflected in
our measured glucose/lactate ratios, which are slightly elevated compared to normal
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tissues (suggesting either an increase in glucose consumption or a reduction in lactate
output).
The optical redox values of E6 tissues, unlike HPV tissues, are decreased at the
superficial layer and increase with depth.11 These biochemical imbalances, suggest that
E6 expression is either inhibiting the formation of mitochondrial NADH or depleting
mitochondrial NADH within the E6 basal cells. This occurs due to lower levels of NADH
inside the mitochondria, which could stem from a lack of generation of NADH or
through increase in NADH depletion (i.e. through ETC or another means). Furthermore,
despite these redox trends, depth-dependent mitochondrial organization within E6
expressing cells is arranged such that they should maintain metabolic gradient similar to
normal tissues, with more clustered mitochondrial networks confined to lower, more
proliferative levels of the epithelium.
Assuming E6 basal cells are undergoing glycolysis, remaining true to the
clustered mitochondrial phenotype, the mechanisms by which mitochondrial NADH is
depleted are not immediately clear. E6-expression may channel glucose at intense rates to
the PPP, resulting in TCA cycle carbon depletion (possibly by another unknown
mechanism, besides via M2-PK conformation). Perhaps, glutamine can be used as an
alternative energy source to replenish TCA intermediates, which would explain increased

11

Average redox ratio is not significantly elevated overall in E6 tissue compared to HFK
tissues.
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redox ratios within the E6 basal cells..12 We may not be sensitive to increased glutamine
consumption with our substrate consumption measurements since this metabolic trend
occurs only in a small portion of the E6 tissue (lower proliferating layers) (Chapter 6).
Another explanation could stem from the very recent work by the DuerksenHughes lab, which claimed that the small isoform of HPV16 E6, E6*, can increase
oxidative stress in both noncancerous immortalized cells and a cervical cancer cell line
(Williams et al. 2011). In light of this work, it might be possible that NADH supplies are
depleted in E6-expressing tissues due to NADH’s role as an antioxidant (neutralizing
ROS). For example, in addition to its role as an essential co-enzyme in the mitochondria,
NADH has been shown to act as a key antioxidant (scavenging free radials), especially
within the mitochondria (Kirsch and De Groot 2001). This antioxidant role for NADH
may not be needed in E7-expressing cells. This may be related to their ability to increase
expression of catalase, a potent antioxidant (Shim et al. 2008).

Enhanced catalase

activity has not been investigated in HPV-infected or E6E7 co-expressing cells, however,

12

At the same time, NADH depletion inside the mitochondria could contribute to the lowered

redox ratios observed in proliferating E6 cells. The very recent work alluded to by the DuerksenHughes lab claimed that the small isoform of HPV16 E6, E6*, can increase oxidative stress in
both noncancerous immortalized cells and a cervical cancer cell line (Williams et al. 2011), which
could be due to augmented activity of the ETC (NADH-consuming).
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if E7 expression conserves this catalase enhancement it would be reasonable to assume
that HPV-infected, E6E7, and E7 tissues would not rely on NADH to scavenge free
radicals. While no direct evidence has shown that decreased NADH levels in E6expressing cells are related to the neutralization effects of NADH on ROS, this is a
possible mechanism that would likely conserve the mitochondrial morphology observed
in our studies and, at the same time, account for increased optical redox ratios in the basal
cell layers.
It is particularly interesting that we detect decreased redox ratios in E6 superficial
cell layers, given the aforementioned anabolic demands of differentiating keratinocytes
(i.e. protein/lipids synthesis). This may be due to the ability of E6 cells to use the
oxidative arm of the PPP, generating sufficient NADPH to support lipid synthesis (as
opposed to E7-expressing cells that accumulate FBP, which blocks the oxidative arm of
the PPP). Overall, differentiated E6-expressing cells may be adept at consuming glucose
(due to p53 inactivation) and but may be able to avoid anaplerosis due to enhanced PPP
(from enhanced mTORC1), which confers the added bonus of copious NADPH
generation, making E6 superficial cells less likely to rely on the TCA cycle than E7 or
HFK superficial cells.
Alternatively, mitochondrial NADH depletion could be related to export of
mitochondrial malate to the cytosol, which carries reducing agents to the cytoplasm that
can oxidize NAD+ or NADP+ (Chapter 6, Fig. 8). If an increase in cytoplasmic NADH
resulted, there would be inhibition of flux through glycolysis, which would likely stunt
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tissue growth and increase lactate production. Instead, if malate transferred reducing
equivalents to NADP+, NADPH generated in the cytoplasm could provide further
support (in addition to upstream glycolytic intermediates) for biosynthesis.13 In this case
of increased malate export, mitochondrial OAA would be depleted, which could spur
more pyruvate carboxylation (via PC) of glucose-derived pyruvate (subverting NADH
generation by PDH) to compensate for lost OAA.

The oxidation reaction of malate to

OAA occurs via malic enzymes (ME). Through the repression of malic enzymes (ME),
p53 regulates metabolism and biosynthesis (Jiang et al. 2013). Repression of p53 (which
occurs during E6-expression) has been shown to mostly enhance ME, which increases
levels of NADPH (Jiang et al. 2013).
Thus, the E6-expressing basal cells provide a third optical phenotype that
represents increased mitochondrial clustering accompanied by NADH depletion. The
mechanisms behind the structural and functional alterations induced by E6-expression in
these cells merits further investigation. It may be helpful to examine the role of ROS
levels in E6-expressing epithelial cells in monoculture while monitoring their optical
redox status. Perhaps by supplementing E6 tissue media with exogenous antioxidants,
NADH levels would recover. Alternatively, growth in low oxygen conditions may
decrease the generation of ROS, effectively decreasing the depletion of NADH.
However, alterations in oxygen availability likely will affect the balance between

13

NADPH is a cofactor important for cell proliferation and also is a reducing agent for
nucleotide, amino acid, and lipid biosynthesis.
193

glycolysis and oxidative metabolism, potentially stunting the ETC and causing
accumulation of NADH or preventing the oxidative arm of the PPP (stunting NADPH
generation). It may also be of value to inhibit mTORC activity with the antifungal
rapamycin, which may restore E6 tissues to a more normal baseline redox metabolism.
Alternatively, E6 may loose its advantage for producing NADPH, and perhaps rely more
strongly on glutamine metabolism. Further, measuring increased NADPH would provide
a support that reducing agents lost from the mitochondria during malate export or that
NADPH is increased due to oxidative PPP activity.
Finally, our optical metrics indicate that tissues co-expressing both the E6 and E7
oncogenes are similar to tissues expressing only E7. The only remnant of E6 expression
during E6E7 co-expression is revealed in the G/L biochemical assays showing that
glucose consumption is elevated compared to tissue expressing E7 alone. From our
observations in E6-expressing tissues, we do not expect that this increase in glucose
consumption will affect mitochondrial organization. Given glutamine uptake is increased
during E6E7 co-expression and that there are clear differences in the mitochondrial
organizational between E6 and E6E7/E7 tissues, mitochondrial organization appears to
be the most sensitive parameter to glutamine substrate consumption. This suggests that
G/L and glutamine assays may be useful minimally invasive measures that can help
elucidate the biochemical changes within cells in future applications of optical imaging
and redox.
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10.2

Collagen measurements and matrix remodeling

Elucidating optical differences that reflect changes in collagen structure may be an
important marker of early cancer progression since alterations in collagen fluorescence
intensity and fiber reorganization have been connected to progression of tumors (Zhuo et
al. 2010; Zhuo et al. 2010; Cicchi et al. 2009; Georgakoudi et al. 2002). Generally, in
cervical tissue, a decrease in collagen fluorescence has been observed in connection with
cervical dysplasia (Georgakoudi et al. 2002; Drezek et al. 2001; Ramanujam et al. 1994).
Furthermore, recent studies detect alterations in healthy and precancerous cervical
collagen structure using SHG. These studies find that that precancerous cervical
specimens contain less dense, slightly looser, unorganized collagen matrix with less
linear, shorter, and less structured fibrils compared to healthy tissue (Zhuo et al. 2010).
In addition to endogenous fluorescence, intrinsic polarization can be used to image
tissue-relevant components such as fibrous collagen. Optical non-destructive monitoring
of collagen using MPM techniques, such as SHG and TPEF can provide detailed
characterization of collagen crosslinking and structure (LaComb et al 2008; Lutz et al.
2011; Raub et al, 2008; Xylas et al, 2012). By characterizing differences in collagen
morphology between precancer models, we may be able to understand the structurefunction relationship of epithelial and stromal interactions with particular emphasis on
finding diagnostic indicators and points of local cell invasion during carcinoma
progression.
To showcase the sensitivity of MPM imaging to changes in collagen organization, we
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have collected preliminary data examining the crosslinking density of developing chick
tendon by acquiring SHG and TPEF images. We quantitatively related the intrinsic
fluorescence of collagen crosslinks and SHG from collagen molecules to tendon
crosslinking density as assessed with standard methods. We targeted lysyl oxidasemediated collagen crosslinks because it is thought that they afford mechanical and
structural integrity to tendon and they are intrinsically fluorescent. We injected live chick
embryos in ovo with β-aminopropionitrile (BAPN) (or saline as control) to inhibit lysyl
oxidase activity and new crosslink formation. After 24-hour culture, we harvested and
cryo-sectioned the tendons.

We examined collagen structure as a function of

developmental stage and BAPN dose using SHG and TPEF microscopy.14 We observed
differences in collagen fiber morphology after BAPN treatment by examining SHG
signal collected in the trans and epi configuration and related it to crosslinking status. We
found good correlation of our optical measures of crosslinking density to collagen
crosslinking density as assessed with tandem mass spectroscopy (LC-MS/MS) with
respect to BAPN treatment.
We specifically found that mean TPEF intensity emanating from trivalent HP and LP
collagen crosslinks is significantly correlated to crosslinking density as assessed with
standard techniques (R=0.89, p < .01; Fig 10.3). Furthermore, SHG images offer

14

We collected forward (F) and backward (B) emanating SHG using 800nm excitation and
400±10nm emission filters. TPEF is excited at 720nm and emission is collected in the epidirection through a 400±20nm filter. All images are normalized by laser power and PMT gain.
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important insight into the crosslinking status of collagenous tissues (Lutz et al 2011) as
well as quantitative information on collagen organization and fiber diameters (Raub et al.
2008; LaComb et al. 2008; Campagnola et al. 2002). Larger forward-to-backward (F/B)
SHG ratios indicate fiber diameters increase when fibers are on the order of the
wavelength of incident light (LaComb et al. 2008). We found good agreement of our F/B
measurements to expected changes in fiber diameters in response to drug treatment
(Oxlund et al. 2008; Lutz et al. 2011) (Figure 10.1). For fiber entropy changes we
observed an increase at early (HH35) developmental stage in response to BAPN
treatment, suggesting increased disorder in tendon matrix due to reduced crosslinking.
Entropy is unchanged at older stages (HH40) and it decreases at the oldest embryonic
stage (HH43), reflecting the ‘un-crimping’ of fibers (Figure 10.2), showing matrix
organization changes that are related to reduced crosslinking density and developmental
stage.
Thus, we show with this model that TPEF and SHG are an effective combination to
quantitatively assess the bulk structural properties in an objective, systematic, noninvasive fashion.

The methods we have developed are designed to enable future

evaluation of tissues for studies that quantify collagen crosslinks and structure perhaps in
engineered or ex vivo cervical tissues. Generally, these methods would be broadly
applicable to the majority of fibrillar collagenous tissues, and could be applied to noninvasively assess the efficacy of novel drugs and therapeutic approaches related to
pathological conditions that show altered collagen crosslinking.
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Figure 10.1 Representative SHG images fields coded by F/B ratio with mean F/B ratios for saline and
15mg/g BAPN treated embryonic tendon at different developmental stages. Here, F/B ratio increases with
increasing fiber diameter. Insets show enlarged appearance of fiber diameter expected for BAPN-treated
tissues at HH43.

Figure 10.2 Entropy increases at HH35 developmental stage in response to BAPN treatment,
suggesting increased disorder in tendon matrix due to reduced crosslinking Entropy is unchanged at HH40
and it decreases at HH43, reflecting the ‘un-crimping’ of fibers.

Figure 10.3 Collagen content as assessed by LC-MS is well correlated to mean F-SHG
intensity (R=.89, p <.01)
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10.3

Potential for optical assessment in human clinical studies

By assessing ex vivo human specimens, we demonstrate the clinical potential of our
measurements, which can be made without fluorescent dyes or disruption to cells and
matrix, to provide comparable and complimentary information as can be attained by
immunohistochemistry. In this way, our methods can enable real-time and non-invasive
assessment and contribute to the development of more precise optical diagnostic tools.
Going forward we expect to encounter challenges related to the adaption of our software
to quantify depth-dependent morphological patterns in human cervical specimen.
Specifically, due to the presence of papillae, we will have to adapt our software to
evaluate differentiation patterns with respect to the lateral and axial cell gradients.
Furthermore, in cervical specimens, it is challenging to correlate small fields of highresolution images with pathological diagnosis. Thus, we will have to adapt our imaging
protocol to acquire both low- and high-magnification images to spatially map changes to
a scale that is familiar to a clinician.
It is our hope that the established optical biomarkers will provide contrast between
cervical cancer grades that can be measured in vivo. Additionally, these biomarkers could
prove useful for characterization of tissue transformations that involve metabolic and
structural changes, such as regeneration during epithelial wound healing. In vivo, we may
have to account for added optical effects from tissue scattering. Furthermore, while not
common to epithelial imaging, for any deep tissue imaging in which there are blood
vessels in the light path, there may be a significant increase in absorption due to
hemoglobin, which was not present in the engineered tissues and present to a lesser
199

degree in the ex vivo specimens. This could decrease collection efficiency greatly. In
deep tissue imaging, depth-dependent and spatially dependent absorbers (i.e. dense
capillary beds or irregularly shaped tissue absorbing structures that are present in only
part of an optical section) could skew redox measurements. To correct for the absorption,
simultaneous reflectance images could be used to normalize the fluorescence signal, but
preliminary experiments would be necessary to confirm that the normalization approach
is suitable for the ranges of scattering and absorption scenarios.
Through the incorporation of findings from our studies, we may be able to both
characterize and elucidate the origins of some of the metabolic hallmarks of early or late
cancer in vivo.

Furthermore, our methods would be particularly well-suited for

evaluating the efficacy of therapies, such as chemotherapies, that aim to treat or prevent
cancer by targeting cell-signaling pathways. It is likely that the disruption to these
pathways manifests with metabolic and microstructural consequences.

Furthermore,

evaluating collagen structure and fluorescence lifetime may prove useful in the future.
Specifically, by uncovering the differentiation changes that occur spatially with
NAD(P)H and NADH fluorescence during cancer progression or metabolic
transformation, we may be more sensitive and specific to changes that occur in specific
cellular compartment or different anabolic pathways or during reactive oxygen species
regulation. Furthermore, FLIM can provide contrast of changes in molecular binding as
well as change in oxygen and pH, which would be interesting to simultaneously
investigate and assess during cancer transformations (Skala et al. 2007).
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In addition to cancer initiation, a number of diseases manifest as epithelial
abnormalities. These can include, but are not limited to inflammatory diseases such as
allergies, eczema, acne, dermatitis, psoriasis, or bacterial and fungal diseases. Currently,
patch testing, skin biopsies, or cell cultures (for bacterial, viral, or fungal infections) are
traditional methods of assessment. These methods are subject to similar limitations as
conventional cervical assessment methods in that they consume resources, do not
function in real time, and are subject to the opinion of a medical professional.
Quantitative evaluation of keratin localization, cell differentiation, and cell metabolism
could contribute to our understanding of the underlying mechanisms that contribute to
many of these skin diseases. In many of the same ways that these optical methods can
advance personalized medicine and side-step reliance on histology and biopsy procedures
for cancer-grading, these methods could profoundly impact dermatological diagnosis and
treatments.
Our research is designed so that others can easily adopt the methods, granted they
have access to comparable technology. In these ways, we hope that our studies will help
bring the use of real-time optical diagnostics to the forefront for both cancer research
efforts and guiding disease characterization techniques. It is our hope that the unique
capabilities and efficiency of non-destructive optical techniques and non-biased
automatic analysis for monitoring tissue is realized and implemented universally to
further understanding of the most prevalent human diseases, which involve abnormal
metabolism.
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11 Appendices
In these studies, TPEF images were acquired on a Leica TCS SP2 confocal
microscope (Wetzlar, Germany) equipped with a Ti:sapphire laser (Spectra Physics,
Mountain View, CA). Samples were excited with 755nm, 800nm, and 860nm (TPEF)
light and imaged using a 63x/1.2 NA water immersion objective, which yields 12-bit, 512
x 512 pixel images of 238 x 238µm2. TPEF images were acquired by non-descanned
PMTs with a filter cube containing a 700 nm short pass filter (Chroma SPC700bp) a
dichroic mirror (Chroma 495dcxr), and emitter bandpass filters centered at 460 nm
(Chroma 460bp40) and 525nm (Chroma 525bp50). The excitation/emission combinations
of 755/460nm and 860/525nm allow for the collection of fluorescence emanating
primarily from NADH and FAD, respectively. However, in epithelial tissues, natural
fluorescence emanates mainly from NADH, FAD, and keratins. In their most mature
form, keratins are autofluorescent proteins localized to corneocytes that are bound
together by intercellular lipids. Keratin fluorescence can be picked up in both the NADH
and FAD fluorescence channels. To evaluate fluorescence changes related to cell
metabolism and mitochondrial structure, we isolated mitochondria fluorescence from
keratin fluorescence based on linear discriminant analysis (LDA). A combination of five
metrics was used to differentiate keratin and cells: the ratio of fluorescence intensities
between the 755nm/460nm and 860nm/525nm channels, the intensity from the
755nm/460nm channel, and the intensities from all three 525nm emission channels
(755nm, 800nm, and 860n excitation). After all keratin-positive pixels were excluded, the
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average redox ratio from the remaining pixels in each field was determined. The redox
ratio was computed on a pixel-by-pixel basis as the normalized fluorescence intensity
contributions from FAD over the sum of the normalized fluorescence intensity
contributions from NADH and FAD. Next, either before or after keratin removal we can
assess the organization of the epithelial tissues by using PSD-based analysis as described
in Chapters 7 and Chapters 8 in this Dissertation.
This appendix includes codes used in the analyses described briefly above and in
detail in Chapters 6, 7, 8 and 9. The appendix can be separated into three distinct parts of
the analyses: First in Section 1 after image acquisition, all optical images are loaded into
MATLAB and normalized so that subsequent redox and morphological analysis can be
performed.

Next in Section 2, redox ratio calculations are performed (Chapter 6).

Within redox ratio calculations, keratin-positive regions are identified and removed so
that the redox can be accurately calculated. Third in Section 3, all mitochondrial PSD-

Figure 11.1 Flow chart summarizing analytical processing steps described in Chapter 11.
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based analysis is performed (Chapter 7 and 9). Another version of the PSD analysis is
included in Section 4 that removes keratin before the PSD-based analysis is performed
(Chapter 8).
11.1

Section 1: Intensity normalization and co-registration

The analysis begins with loading the image stacks into the workspace. Next,
normalization of images by detector gain, detector offset, and the power of the laser used
during image acquisition are performed. Since our measurements depend on fluorescence
ratios and are spatially-resolved, the 755, 800, and 860 fluorescence channels must be
precisely co-registered with each other by shifting the images slightly using a defined
pixel range to find the maximum channel correlation. A co-registration step is performed
because we have observed cases where either the sample has moved or been shifted
during acquisition. These aforementioned functions are all called in the sequence of
functions that is presented next. Within this sequence, loadRedoxSeries_JX.m is called
to load the image stack into the workspace. CoRegisterSeries.m co-registers the 755,
800, and 860 channels with each other. Images are changed to single format to save
memory. Authorship and contributions are indicated in the code annotations.
[NDD3_800 NDD1_860n NDD2_860n NDD2_800n NDD2_755n NDD1_755n NDD1_800n stack day well
ser755 ser860 ser800] = loadRedoxSeries_JX((‘Series 755ex number’, ‘Series 860ex
number’,‘Series 800ex number’;
% Outputs:
%NDD3_800 – intensity and gain normalized transmission channel 400nm using 800nm ex
%NDD1_860n – intensity and gain normalized epi channel 525nm using 860nm excitation
%NDD2_860n – intensity and gain normalized epi channel 460nm using 860nm excitation
%NDD2_800n – intensity and gain normalized epi channel 460nm using 800nm excitation
%NDD2_755n – intensity and gain normalized epi channel 460nm using 750nm excitation
%NDD1_755n – intensity and gain normalized epi channel 525nm using 750nm excitation
%NDD1_800n – intensity and gain normalized epi channel 525nm using 800nm excitation
%stack – number of optical slices within region that was imaged
%day - name of the folder where data is stored
%well - name of the data file
%ser755 – series number for 755 excitation scan
%ser860 – series number for 860 excitation scan
%ser800– series number for 800 excitation scan
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ser755= num2str(ser755);
ser860= num2str(ser860);
ser800= num2str(ser800);
name= [well '_'

ser755 '-' ser800 '.mat']

[NDD1_800,
NDD2_800,NDD1_755,
NDD2_755,
NDD1_860,
NDD2_860]
=
CoRegisterSeries(NDD1_800n, NDD2_800n, NDD1_755n, NDD2_755n, NDD1_860n, NDD2_860n);
% inputs:
%NDD1_860n – intensity and gain normalized epi channel 525nm using 860nm excitation
%NDD2_860n – intensity and gain normalized epi channel 460nm using 860nm excitation
%NDD2_800n – intensity and gain normalized epi channel 460nm using 800nm excitation
%NDD2_755n – intensity and gain normalized epi channel 460nm using 750nm excitation
%NDD1_755n – intensity and gain normalized epi channel 525nm using 750nm excitation
%NDD1_800n – intensity and gain normalized epi channel 525nm using 800nm excitation
% Outputs:
%NDD1_860 – co-registered and intensity and gain normalized epi channel 525nm using %
860nm excitation
%NDD2_860 – co-registered and intensity and gain normalized epi channel 460nm using %
860nm excitation
%NDD2_800 – co-registered and intensity and gain normalized epi channel 460nm using %
800nm excitation
%NDD2_755 – co-registered and intensity and gain normalized epi channel 460nm using %
750nm excitation
%NDD1_755 – co-registered and intensity and gain normalized epi channel 525nm using
%750nm excitation
%NDD1_800 – co-registered and intensity and gain normalized epi channel 525nm using
%800nm excitation
%crop images so that they are 512x512 again. Co-registration max shift is 20 pixels,
so estimate the center of the image based on co-registration max.
NDD2_860n = single(NDD2_860(26:537,26:537,:));
NDD1_860nc=single(NDD1_860(26:537,26:537,:));
NDD2_755n=single(NDD2_755(26:537,26:537,:));
NDD1_755n=single(NDD1_755(26:537,26:537,:));
NDD1_800n = single(NDD1_800(26:537,26:537,:));
NDD2_800n = single(NDD2_800(26:537,26:537,:));

	
  
11.1.1 loadRedoxSeries_JX.m
% This function is adapted from KPQ code by JX on 6-15-11 to load redox stacks in and
normalize them – the function has the file information hardcoded – such as:
%typeim – Series (ie Image Stack) or single Image
%well - name of the data file
%ser755 – series number for 755 excitation scan
%ser860 – series number for 860 excitation scan
%ser800– series number for 800 excitation scan
%ob – objective used – either 63x or 20x – only use number of magnification (ie ’63’)
function [NDD3_800 NDD1_860n NDD2_860n NDD2_800n NDD2_755n NDD1_755n NDD1_800n stack
day well ser755 ser860 ser800] = loadRedoxSeries_JX(ser755, ser860, ser800)
% Outputs:
%NDD3_800 – intensity and gain normalized transmission channel 400nm using 800nm ex
%NDD1_860n – intensity and gain normalized epi channel 525nm using 860nm excitation
%NDD2_860n – intensity and gain normalized epi channel 460nm using 860nm excitation
%NDD2_800n – intensity and gain normalized epi channel 460nm using 800nm excitation
%NDD2_755n – intensity and gain normalized epi channel 460nm using 750nm excitation
%NDD1_755n – intensity and gain normalized epi channel 525nm using 750nm excitation
%NDD1_800n – intensity and gain normalized epi channel 525nm using 800nm excitation
%stack – number of optical slices within region that was imaged
%day - name of the folder where data is stored
%well - name of the data file
%ser755 – series number for 755 excitation scan
%ser860 – series number for 860 excitation scan
%ser800– series number for 800 excitation scan
day = input('input name of the folder in single quotes
'062511';
well=input('input name of the file in single quotes ');
typeim='Series';%specify 'Image' or 'Series'
power_755= input('input POWER for 755
power_800= input('input POWER for 800

');
');
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');%

example

of

input:

power_860= input('input POWER for 860 ');
%find folder with images
cd(['/Users/joannaxylas/Documents/Data/',day, '/', well]);
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
%define the series or image number string based on ser755 variable
if strcmp(typeim, 'Series')
basestr='_Series000_z000_ch0';
if ser755>=10
basestr(9:10)=num2str(ser755);
else
basestr(10)=num2str(ser755);
end
else
basestr='_Image000_ch0';
if ser755>=10
basestr(8:9)=num2str(ser755);
else
basestr(9)=num2str(ser755);
end
end
%Load the tiffs that correspond to an Image or Series
clear NDD1_755 NDD2_755 NDD3_755
for i=1:1000
if strcmp(typeim, 'Series')
%add the correct slice number to series string
if i<=10
basestr(15)=num2str(i-1);
else
basestr(14:15)=num2str(i-1);
end
if exist([well,basestr,'0.tif'])==0
Imagename=basestr(2:10);%e.g. 'Series020'
break
end
end
%load the images
Ch0=imread([well,basestr,'0.tif']);
Ch1=imread([well,basestr,'1.tif']);
%Ch2=imread([well,basestr,'2.tif']);
NDD1_755(:,:,i)=Ch0;
NDD2_755(:,:,i)=Ch1;
%NDD3_755(:,:,i)=Ch2;
if strcmp(typeim, 'Image')
Imagename=basestr(2:9);%e.g. 'Image020'
break
end
end
%find correct objective, and date of the experiment (this is used to find the correct
power measurements)
ob = 63;
% for the 755 images, find the correct gains and offsets
Gain_NDD1_755 = Gainsearch_v2(well,Imagename,'NDD1');
Gain_NDD2_755 = Gainsearch_v2(well,Imagename,'NDD2');
Off_NDD1_755 = Offsetsearch_v2(well,Imagename,'NDD1');
Off_NDD2_755 = Offsetsearch_v2(well,Imagename,'NDD2');
disp(['image data collected at 755nm loaded'])
%label the correct string for the 860 images
if strcmp(typeim, 'Series')
basestr='_Series000_z000_ch0';
if ser860>=10
basestr(9:10)=num2str(ser860);
else
basestr(10)=num2str(ser860);
end
else
basestr='_Image000_ch0';
if ser860>=10
basestr(8:9)=num2str(ser860);
else
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basestr(9)=num2str(ser860);
end
end
%Load the 860 data
clear NDD1_860 NDD2_860 NDD3_860
%Determine how many slices there are for the 860 images based on how many were loaded
for 755
stack=i-1;
if stack ==0
stack=1;
end
for i=1:stack
if strcmp(typeim, 'Series')
%add the correct slice number to series string
if i<=10
basestr(15)=num2str(i-1);
else
basestr(14:15)=num2str(i-1);
end
Imagename=basestr(2:10);%e.g. 'Series020'
end
Ch0=imread([well,basestr,'0.tif']);
Ch1=imread([well,basestr,'1.tif']);
%Ch2=imread([well,basestr,'2.tif']);
NDD1_860(:,:,i)=Ch0;
NDD2_860(:,:,i)=Ch1;
if strcmp(typeim, 'Image')
Imagename=basestr(2:9);%e.g. 'Image020'
end
end
%for the 860 images, find the correct gains and offsets
Gain_NDD1_860 = Gainsearch_v2(well,Imagename,'NDD1');
Gain_NDD2_860 = Gainsearch_v2(well,Imagename,'NDD2');
Off_NDD1_860 = Offsetsearch_v2(well,Imagename,'NDD1');
Off_NDD2_860 = Offsetsearch_v2(well,Imagename,'NDD2');
disp(['image data collected at 860nm loaded'])
cd(['/Users/joannaxylas/Documents/Data/',day, '/', well]);
%load the 800 data
%label the correct string for the 800 images
if strcmp(typeim, 'Series')
basestr='_Series000_z000_ch0';
if ser800>=10
basestr(9:10)=num2str(ser800);
else
basestr(10)=num2str(ser800);
end
else
basestr='_Image000_ch0';
if ser800>=10
basestr(8:9)=num2str(ser800);
else
basestr(9)=num2str(ser800);
end
end
%load the 800 data
clear NDD1_800 NDD2_800 NDD3_800
for i=1:stack
if strcmp(typeim, 'Series')
%add the correct slice number to series string
if i<=10
basestr(15)=num2str(i-1);
else
basestr(14:15)=num2str(i-1);
end
Imagename=basestr(2:10);%e.g. 'Series020'
end
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Ch0=imread([well,basestr,'0.tif']);
Ch1=imread([well,basestr,'1.tif']);
Ch2=imread([well,basestr,'2.tif']);
NDD1_800(:,:,i)=Ch0;
NDD2_800(:,:,i)=Ch1;
NDD3_800(:,:,i)=Ch2;
if strcmp(typeim, 'Image')
Imagename=basestr(2:9);%e.g. 'Image020'
end
end
% for the 860 images, find the correct gains and offsets
Gain_NDD1_800 = Gainsearch_v2(well,Imagename,'NDD1');
Gain_NDD2_800 = Gainsearch_v2(well,Imagename,'NDD2');
Off_NDD1_800 = Offsetsearch_v2(well,Imagename,'NDD1');
Off_NDD2_800 = Offsetsearch_v2(well,Imagename,'NDD2');
disp(['image data collected at 800nm loaded'])
% normalize intensity data by gain, offset, power, and objective used
NDD1_755n=transferfn2(double(NDD1_755),Gain_NDD1_755,Off_NDD1_755,power_755,ob);
NDD2_755n=transferfn2(double(NDD2_755),Gain_NDD2_755,Off_NDD2_755,power_755,ob);
NDD1_860n=transferfn2(double(NDD1_860),Gain_NDD1_860,Off_NDD1_860,power_860,ob);
NDD2_860n=transferfn2(double(NDD2_860),Gain_NDD2_860,Off_NDD2_860,power_860,ob);
NDD1_800n=transferfn2(double(NDD1_800),Gain_NDD1_800,Off_NDD1_800,power_800,ob);
NDD2_800n=transferfn2(double(NDD2_800),Gain_NDD2_800,Off_NDD2_800,power_800,ob);
disp(['images normalized and filtered'])

11.1.2 CoRegisterSeries.m
%Co-registration code from KP Quinn
function
[NDD1_800,
NDD2_800,NDD1_755,
NDD2_755,
NDD1_860,
NDD2_860]
CoRegisterSeries(NDD1_800n, NDD2_800n, NDD1_755n, NDD2_755n, NDD1_860n, NDD2_860n)

=

% inputs:
%NDD1_860n – intensity and gain normalized epi channel 525nm using 860nm excitation
%NDD2_860n – intensity and gain normalized epi channel 460nm using 860nm excitation
%NDD2_800n – intensity and gain normalized epi channel 460nm using 800nm excitation
%NDD2_755n – intensity and gain normalized epi channel 460nm using 750nm excitation
%NDD1_755n – intensity and gain normalized epi channel 525nm using 750nm excitation
%NDD1_800n – intensity and gain normalized epi channel 525nm using 800nm excitation
% Outputs:
%NDD1_860 – co-registered and intensity and gain normalized epi channel 525nm using %
860nm excitation
%NDD2_860 – co-registered and intensity and gain normalized epi channel 460nm using %
860nm excitation
%NDD2_800 – co-registered and intensity and gain normalized epi channel 460nm using %
800nm excitation
%NDD2_755 – co-registered and intensity and gain normalized epi channel 460nm using %
750nm excitation
%NDD1_755 – co-registered and intensity and gain normalized epi channel 525nm using
%750nm excitation
%NDD1_800 – co-registered and intensity and gain normalized epi channel 525nm using
%800nm excitation
% Hardcoded variables:
% sp - max shift applied to find optimal co-registration
% For registering STACKS- senses the shift based on the mismatch between the 755
%and 860 images and applies the same shift of the 860 to the 800 image
NDD1_755p=NDD1_755;
NDD2_755p=NDD2_755;
NDD1_860p=NDD1_860;
NDD2_860p=NDD2_860;
NDD1_800p=NDD1_800;
NDD2_800p=NDD2_800;
%register images
sp=20; % max shift for co-registration
NDD1_755=zeros(2*sp+1+512,2*sp+1+512,size(NDD1_755p,3));
NDD2_755=zeros(2*sp+1+512,2*sp+1+512,size(NDD1_755p,3));
NDD1_860=zeros(2*sp+1+512,2*sp+1+512,size(NDD1_755p,3));
NDD2_860=zeros(2*sp+1+512,2*sp+1+512,size(NDD1_755p,3));
NDD1_800=zeros(2*sp+1+512,2*sp+1+512,size(NDD1_755p,3));
NDD2_800=zeros(2*sp+1+512,2*sp+1+512,size(NDD1_755p,3));
NDD1_755(sp+1:sp+512,sp+1:sp+512,:)=NDD1_755p;
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NDD2_755(sp+1:sp+512,sp+1:sp+512,:)=NDD2_755p;
%register images
disp(['image registration']);
i7=NDD1_755p+NDD2_755p;
i8=NDD1_860p+NDD2_860p;
[xq,yq] = meshgrid(-sp:1:sp,-sp:1:sp);
clear Rv
for i=1:size(i7,3)
for xd=-sp:1:sp
for yd=-sp:1:sp
Rv(xd+sp+1,yd+sp+1,i)=corr2(i7(sp+1:512-sp,sp+1:4:512-sp,i),i8(sp+1+xd:512sp+xd,sp+1+yd:4:512-sp+yd,i));
end
end
xqq=reshape(xq,1,[]);
yqq=reshape(yq,1,[]);
Rvq=reshape(Rv(:,:,i),1,[]);
[m ind]=max(Rvq);
disp(['displacement: ',num2str((xqq(ind).^2+yqq(ind).^2).^.5)]);
%disp(['correlation: ',num2str(m)]);
NDD1_860(sp+1-yqq(ind):sp+512-yqq(ind),sp+1-xqq(ind):sp+512xqq(ind),i)=NDD1_860p(:,:,i);
NDD2_860(sp+1-yqq(ind):sp+512-yqq(ind),sp+1-xqq(ind):sp+512xqq(ind),i)=NDD2_860p(:,:,i);
NDD1_800(sp+1-yqq(ind):sp+512-yqq(ind),sp+1-xqq(ind):sp+512xqq(ind),i)=NDD1_800p(:,:,i);
NDD2_800(sp+1-yqq(ind):sp+512-yqq(ind),sp+1-xqq(ind):sp+512xqq(ind),i)=NDD2_800p(:,:,i);
end

11.1.3 Gainsearch_v2.m
%Finds gain, code from KP Quinn
function Gain = Gainsearch_v2(filename,imagename,NDD);
%finds the gain (V) for a given NDD channel reported in the Leica text file.
%filename is the leica text file without the ".txt"
%imagename is the name of the image or series (eg. Series003)
basestr=imagename;
fid=fopen([filename,'.txt']);
fgetl(fid); flag=0;
while 1
tline = fgetl(fid);
if ~ischar(tline)
break
end
k = findstr(tline,basestr);
if length(k)>0
%disp(tline)
flag=1;
end
if flag==1
k2 = findstr(tline,['PMT ',NDD,' (HV)']);
if length(k2)>0
% disp(tline)
tlinec=tline;
tlinec(1:15)=[];
Gain=str2num(tlinec);
break
end
end
end

11.1.4 transferfn2.m
%Transfer function code from KP Quinn
function conc2 = transferfn2(I,gain,off,P,obj)
%Normalizes Intensity vased on gain, offset, power, objective
%inputs: 8bit intensity, gain (V), offset (% x2), power (mW), and
%objective (63 or 20)
%outputs: normalized intensity based on uM of fluorescein
%convert offset from the % reported in text file to 8bit intensity
offset=off*3;%10% on GUI during acquisition=20% on .txt file=60/255 shift
%convert gain from V to a multiplication factor (assume 20x obj)
g= 0.0000000000000000003311384307*gain.^6.24166276187023;
%calculate concentration
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conc=((I-offset)./(P.^2))./g;
%correct concentration by (NA/NA)^4 if 63x objective used
ofactor=(obj==63)/8.6364+(obj==20);
conc2=conc.*ofactor;

11.1.5 Offsetsearch_v2.m
%Finds offset, code from KP Quinn
function Off = Offsetsearch_v2(filename,imagename,NDD);
%finds the % offset for a given NDD channel reported in the Leica text file.
%filename is the leica text file without the ".txt"
%imagename is the name of the image or series (eg. Series003)
%the text file reports offset from -100 to 100%
basestr=imagename;
fid=fopen([filename,'.txt']);
fgetl(fid); flag=0;
while 1
tline = fgetl(fid);
if ~ischar(tline)
break
end
k = findstr(tline,basestr);
if length(k)>0
% disp(tline)
flag=1;
end
if flag==1
k2 = findstr(tline,['PMT ',NDD,' (Offs.)']);
if length(k2)>0
% disp(tline)
tlinec=tline;
tlinec(1:18)=[];
Off=str2num(tlinec);
break
end
end
end

210

11.2

Section 2: Keratin Identification and Redox Calculation

In this section, the normalized images are assessed with the goal of identifying
keratin-positive regions and for calculating the redox ratio. First, tissue start and end is
designated by the user and input into the program, Redox_Calc2012.m. Since most
tissues contain upper layers largely occupied by keratin and very few cells, the
designation of the tissue start and end in the analysis began at the uppermost optical field
containing superficial cells in at least 80% of its area, and continued to the deepest field
covered

by

more

than

90%

with

cells.

Next

within

Redox_Calc2012.m,

LDA_keratinCalc_E7K_v3CA.m is called to locate keratin-positive regions. These
regions are removed and the redox ratio is calculated and displayed on a pixel-by-pixel
basis. Authorship and contributions are indicated in the code annotations.
11.2.1 Redox_Calc2012.m
% This program takes two stacks and calculates the redox also- it will save three
stacks as 1, 2, and 3 of nadh, fad, and collagen which are already normalized to the
power and gain
% Assembled by J Xylas FEB 2012
function [NDD2_755n NDD1_860n stack yREDOX meanVALKeratin roi2 roiK roiK_E7]
Redox_Calc2012(NDD1_755n, NDD2_755n, NDD1_860n, NDD1_800n, stack2, stack3)
% Inputs:
%
Data that is co-registered and intensity normalized
%
NDD1_860n – 860 excitation/525 emission
%
NDD2_755n– 755 excitation/460 emission
%
NDD1_755n– 755 excitation/525 emission
%
NDD1_800n– 800 excitation/525 emission
%
stack2 is the beginning of cell layer (first superficial cell
%
layer)
%
stack3 is the end of cell layer (last basal cell layer)

=

% Outputs:
%
Data that is co-registered and intensity normalized
%
NDD1_860n – 860 excitation/525 emission
%
NDD2_755n– 755 excitation/460 emission
%
yREDOX – redox ratio per depth
%
meanVALKeratin – stack in tissue where 80% of keratin is localized above
%
roi2 – cell mask
%
roiK – keratin mask found to match HFK keratin profile (see LDA description Chp 6)
%
roiK_E7 – keratin mask found to match E7 keratin profile (see LDA description Chp 6)
%
stack is the end of the tissue
stack=stack3;
clear roi
clear clear NDD1_860n
%removes Keratin
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[NDD1_860n1
NDD2_755n1
roi2
roiK
roiK_E7]=LDA_keratinCalc_E7K_v3CA(NDD1_755n,
NDD2_755n, NDD1_860n, NDD1_800n, stack3);
%
Inputs:
%
NDD1_860n – 860 excitation/525 emission
%
NDD2_755n– 755 excitation/460 emission
%
NDD1_755n– 755 excitation/525 emission
%
NDD1_800n– 800 excitation/525 emission
%
stack3 is the end of cell layer (last basal cell layer)
%
%
%
%
%
%

Outputs:
NDD1_860n1 – 860 excitation/525 emission - smoothed
NDD2_755n1– 755 excitation/460 emission- smoothed
roi2 – cell mask
roiK – keratin mask found to match HFK keratin profile (see LDA description Chp 6)
roiK_E7 – keratin mask found to match E7 keratin profile (see LDA description Chp 6)

totpix= 262144;%total number of pixels in a field, 512x512
for i=1:stack3
v(i)= sum(sum(roiK(:,:,i)));
v2(i)= sum(sum(roiK_E7(:,:,i)));
v3(i)= v(i)+v2(i);
end
n=sum(v3);
r=0;
for k= 1:stack3
r=r+v3(k);
if r >= (n*.8) % percent localization of keratin (i.e. .8 = 80%)
meanVALKeratin=k
break
end
end
x1= 1:stack3;
%This part of the code is what calculates and plots an approximate redox ratio
redox2= ((NDD1_860n(:,:,:))./ (((NDD1_860n(:,:,:)))+((NDD2_755n(:,:,:)))));
redox2(isnan(redox2))=0;
%% TO DISPLAY REDOX IMAGE
% to display the image, first mask out keratin, pick the 99th and first percentile to
scale the intensity values and then color the image with a jet color map so that each
color corresponds to a certain intensity value (64 colors)
Keratin=1-roi2;
NDD1_860ncK= NDD1_860nc(:,:,1:stack).*(1-(Keratin(:,:,1:stack)));
NDD2_755nK= NDD2_755n(:,:,1:stack).*(1-(Keratin(:,:,1:stack)));
avgi=(NDD1_860ncK(:,:,:)+NDD2_755nK(:,:,:))/2;
ImR=sort(reshape(nonzeros(avgi),1,[]),'descend');
uplim=ImR(round(.01*length(ImR))); %pick up 99th and first percentile
botlim=ImR(round(.99*length(ImR))); % lowest values
%facc=ImR(round(.01*length(ImR)));
avgi2=(avgi-botlim)/(uplim-botlim); %setting bottom limit to zero and top limit to 1
avgi2=avgi2.*(avgi2<1)+(avgi2>=1);
avgi2=avgi2.*(avgi2>=0);
NDD1_860ncKplus= NDD1_860n(:,:,1:stack).*((Keratin(:,:,1:stack))); % create image
with masked out keratin
NDD2_755nKplus= NDD2_755n(:,:,1:stack).*((Keratin(:,:,1:stack))); % create image with
mask out keratin
for istack=1:stack%
istack
h = fspecial('gaussian',[5 5],1);
redoxf=(redox2(:,:,istack));
clear Im
cmj=jet;
uplim=1;
botlim=0;
redoxfn=(redoxf-botlim)/(uplim-botlim);
redoxfn=redoxfn.*(redoxfn<1)+(redoxfn>=1);
redoxfn=round(63*(redoxfn.*(redoxfn>=0)))+1;
Im=zeros(size(redoxfn,1),size(redoxfn,2),3);
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for i=1:64
imm=(redoxfn==i);%for each of the 64 colors
Im(:,:,1)=Im(:,:,1)+cmj(i,1).*imm.*avgi2(:,:,istack);%
Im(:,:,2)=Im(:,:,2)+cmj(i,2).*imm.*avgi2(:,:,istack);%
Im(:,:,3)=Im(:,:,3)+cmj(i,3).*imm.*avgi2(:,:,istack);%
end
figure (11);
image(Im);axis image;axis off;
end
clear y
for l=stack2:stack3
i=l-stack2+1
%find the amount of on-pixels in redox2 per slice
onpixels= find(redox2(:,:,l)) ;
onpix= size(onpixels);
yREDOX(i)= (sum(sum(redox2(:,:,l)))) / (onpix(1));
end
yREDOX(isnan(yREDOX))=0;
yREDOX(isinf(yREDOX))=0;
end
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11.2.2 LDA_keratinCalc_E7K_v3CA.m
% LDA keratin removal algorithm modified (vectorized) by C Alonzo for speed from
LDA_keratinCalc_E7K_v2.m originally written by J Xylas
function
[NDD1_860n1
NDD2_755n1
isacell3S
isKeratinS
isKeratinE7S]=LDA_keratinCalc_E7K_v2CA(Im755_NDD1, Im755_NDD2, Im860, Im800, stack)
% LDA keratin removal algorithm based on LDA_keratinCalc_E7K_v2.m by JX
% Masks are applied to Gaussian smoothed data
% Fully vectorized for faster execution
%INPUTS
% Im755_NDD1 - 525/755 channel
% Im755_NDD2 - 460/755 channel
% Im860 - 860 /460 channel
% Im800 - 800/ 460 channel
% stack is the length of the stack
%OUTPUTS
% NDD1_860n1 - 755nm 525 channel
% NDD2_755n1 -755nm 460 channel
% isacell3S - cell mask
% isKeratinS - HFK keratin mask
% isKeratinE7S - E7 mask
%% Gaussian smoothing of input image stacks
h=fspecial('gaussian', [5 5], 1);
NDD1_755n1= imfilter(Im755_NDD1, h);
NDD2_755n1= imfilter(Im755_NDD2, h);
NDD1_800n1= imfilter(Im800, h);
NDD1_860n1= imfilter(Im860, h);
%% Apply LDA formula to create masks
% nearest neighbor averaging
h = fspecial('average');
NDD1_755 = imfilter(NDD1_755n1,h);
NDD2_755 = imfilter(NDD2_755n1,h);
NDD1_860 = imfilter(NDD1_860n1,h);
NDD1_800 = imfilter(NDD1_800n1,h);
% apply LDA formula
NDDRATIO860755=log10((NDD1_860+1e-22)./(NDD2_755+1e-22));
NDDRATIO755800=log10((NDD2_755+1e-22)./(NDD1_800+1e-22));
Sq0= 22.6353990080887.*NDD1_755.*NDD1_755 +...
-32.8741289496737.*NDD2_755.*NDD1_755 +...
101.009582341565 .* NDD2_755.*NDD2_755 +...
-10.1088955797848.*NDD1_860.*NDD1_755 +...
-26.2423530458217.*NDD1_860.*NDD2_755 +...
5.39539357835769.*NDD1_860.*NDD1_860 +...
15.3306134203065.*NDDRATIO860755.*NDD1_755 +...
174.430315020946.* NDDRATIO860755.*NDD2_755 +...
-45.8423297990348.* NDDRATIO860755.*NDD1_860 +...
172.402676860094.* NDDRATIO860755.*NDDRATIO860755 +...
8.22415910936469.* NDDRATIO755800.*NDD1_755 +...
-9.07424773068964.* NDDRATIO755800.*NDD2_755 +...
-2.66193643346261.* NDDRATIO755800.*NDD1_860 +...
85.5647701989694.* NDDRATIO755800.*NDDRATIO860755+...
42.8743185355053.* NDDRATIO755800.*NDDRATIO755800;
SqDistE= Sq0+ -3.95430721172549.*NDD1_755+-103.049565069255.*NDD2_755 +...
20.3930369497897.*NDD1_860+-141.264735341016.*NDDRATIO860755 +...
-23.764819177212.* NDDRATIO755800 + 36.0312530749117;
SqDistK= Sq0+ -14.2586545975127.*NDD1_755+-128.847071577397.*NDD2_755 +...
27.5731753816737.*NDD1_860+-189.102873751371.*NDDRATIO860755 +...
-18.2614714686905.*NDDRATIO755800+68.1518587564494;
SqDistK_E7= Sq0+ -2.47213418628888.*NDD1_755 + -127.095741506867.*NDD2_755 +...
23.3434327344039.* NDD1_860 + -201.105814317524 .* NDDRATIO860755 +...
-35.7515193977285.* NDDRATIO755800 + 69.5126751132488;
Prob0= exp(-0.5.*SqDistE)+exp(-0.5.*SqDistK)+exp(-0.5.*SqDistK_E7);
ProbE=(1./(1+((exp(-0.5 .*(SqDistK-SqDistE)))+(exp(-0.5.*(SqDistK_E7-SqDistE))))));
ProbK=(1./(1+((exp(-0.5 .*(SqDistE-SqDistK)))+(exp(-0.5.*(SqDistK_E7-SqDistK))))));
ProbK_E7=(1./(1+((exp(-0.5 .*(SqDistE-SqDistK_E7)))+(exp(-0.5.*(SqDistK-SqDistK_E7))))));
% construct masks
isacell3S=(ProbE>ProbK)&(ProbE>ProbK_E7);
isKeratinS=(ProbK>ProbE)&(ProbK>ProbK_E7);
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isKeratinE7S=(ProbK_E7>ProbE)&(ProbK_E7>ProbK);
%% Multiply NADH and FAD channels by cell masks, i.e. keratin removal
NDD2_755n1= NDD2_755n1.*isacell3S;
NDD1_860n1= NDD1_860n1.*isacell3S;

11.3

Section 3: Cloning and PSD Analysis

The third part of the analysis is where mitochondrial PSD-based analysis is
performed. First, cloning and image analysis is described. The script clone_img_fit.m
clones images using findsignal_v4p2.m to find cell borders and then uses
clonestompzero.m to clone the images. Another version of this sequence of code is
included in Section 4 that removes keratin before this cloning step is performed.
Depending on if you want to remove keratin before you analyze the data, the analysis can
be performed either way. Next, PSD_2012_v2.m is called to calculates the PSD and fit
the high frequency region ( > .1 inverse microns) of the PSD. This high frequency region
is hardcoded within the fitting code below. PSD_2012_v2.m is the PSD-based main-file
within clone_img_fit.m. Radial_PSD_updated.m is the sub-program that actually
performs the PSD and calculates the fit. Authorship and contributions are indicated in the
code annotations.
11.3.1 clone_img_fit.m
%written by J Xylas
function [roi slope_org slope_cloned log_radial_freq radial_PSD_cloned radial_PSD_org
imFINAL2 PSDvarN PSDvarN_cloned] = clone_img_fit(im, stack2, stack3)
% INPUTS
%
stack2-the beginning of cell layer (first superficial cell layer)
%
stack3- the end of cell layer (last basal cell layer)
%
Im - the image to be cloned
% OUTPUTS
%
roi – the cell mask
%
slope_org – slope of the psd of the original images
%
slope_cloned – slope of the psd of the cloned images
%
log_radial_freq – the radial frequency (x-axis)
%
radial_PSD_cloned – the radial PSD of each cloned image (same length as image stack)
%
radial_PSD_org- the radial PSD of each of the original images in the image stack
%
imFINAL2 – the cloned version of the image stack
%
PSDvarN –variance of the PSDs over depth for image stack, normalized to highest freq
%
PSDvarN_cloned –variance of the PSDs over depth for cloned image stack, normalized to
%
highest freq
disp(['starting cloning and fitting Beta Values'])
count=1
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for i=stack2:stack3
im_org=im(:,:,i);
figure (1), imagesc(im_org), colormap jet;
roi(:,:,i) = findsignal_v4p2(im_org,15);
figure (2), imagesc(roi(:,:,i));
AVal= mean(mean(roi(:,:,i)));
img_uncorr= im_org.*roi(:,:,i);
[imFINAL2(:,:,count)]=clonestompzeros(img_uncorr);
% INPUT image to be cloned
% OUTPUT is imaged that is cloned.
[cfun2 gof2 log_radial_freq log_radial_psd2 h2] = PSD_2012_v2(im_org,512, .98);
[cfun1
gof1
log_radial_freq
log_radial_psd1
h1]
=PSD_2012_v2(imFINAL2(:,:,count),512, .98);
% INPUTS FOR ABOVE
%
img_org = the original image was input
%
imFINAL2-the cloned image was input to PSD
%
N= size of image, i.e. 512
%
percent1= the percent of the PSD that you want to fit (i.e. 98% means you exclude the
%
highest 2% of the PSD – based on amplitude of the PSD
% OUTPUTS
%
cfun – the fitting function
%
gof – the goodness of fit
%
log_radial_freq – the radial frequency (x-axis)
%
log_radial_psd_N - the radial PSD of image
%
h= the frequency point corresponding to the highest frequency fit, based on percent1
radial_PSD_cloned(count, :)= log_radial_psd1;
radial_PSD_org(count, :)= log_radial_psd2;
slope_cloned(count)= cfun1.b
slope_org(count)= cfun2.b
count=count+1
end

11.3.2 clonestompzeros.m
%written by KP Quinn
function [im]=clonestompzeros(im)
% INPUT image to be cloned
%OUTPUT is imaged that is cloned.
%copy cell and assign to a random location
for i=1:100
rn=round(rand*1024-512);
rn2=round(rand*1024-512);
imold=im;
im2 = circshift(im,[rn rn2]);
imnew= imold.*(imold>0)+(imold==0).*im2;
%figure, imagesc(imnew);
%colormap gray
im=imnew;
if sum(sum(im==0))==0
break
end
%pause
end
disp(['clone stamped image in ',num2str(i),' iterations'])

11.3.3 findsignal_v4p2.m
%
written by KP Quinn
function [mask, thr, Im2]=findsignal_v4p2(Im2,mincelldiam)
% INPUT
% Im2 – image to find borders
% mincelldiam – minimum radius need to define object/feature kept in image
%OUTPUT
% Im2 original image
% mask- mask of feature borders
% thr= threshold found to find cell borders
Im2=double(Im2);% Im2 is the intensity image used to find the mask
Im2=(Im2)-min(min(Im2));
Im2=Im2/max(max(Im2))*255;
f=1;
mask=[];
[x y]=meshgrid(1:size(Im2,1),1:size(Im2,2));
xc=-x+(mean(mean(x)));
yc=y-(mean(mean(y)));
[THETA,RHO] = cart2pol(xc,yc);%determine distance of each pixel from center
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ang=reshape(THETA-pi/2,1,[]);
rad=reshape(RHO,1,[]);
ind=find(rad>(max(max(xc))+.5)); %find pixels outside of max radius inside square
ang(ind)=[];
rad(ind)=[];
d=rad;
dr=round(d/f)*f;%round distance to nearest pixel
vals=f:f:(max(max(xc))+.5);%define bin size to make psd
il=0:1:255;
di=zeros(length(il),length(vals));
ffi=zeros(length(il),length(vals));
ffi2=zeros(length(il),length(vals));
for i=1:length(il)
im2=(((Im2)>il(i)));
cm=gray;
shgfft=fft2(double(im2));
y1 = fftshift(shgfft);
psd1 = y1.*conj(y1);
ff=reshape((psd1),1,[]);
ff(ind)=[];
for j=1:length(vals)
ind2=find((dr==vals(j)));
di(i,j)=mean(dr(ind2));
ffi(i,j)=mean(ff(ind2));
% fffi(i,j)=mean(fff(ind2));
end
if i>min(min(Im2))+10%3
[m indx]=max(max(log10(ffi(:,2:end)),[],2));
if (i>(indx+30)&(il(i)>median(reshape(Im2,1,[])))&(indx~=1))
disp(i)
disp('is max')
h = fspecial('gaussian',[5 5],3);
ims=imfilter(Im2,h);
mask=ims>(il(indx));
thr=il(indx);
break
end
if i==length(il)
mv=max(max(log10(ffi(1:end,2:end)),[],2));
findt=(max(log10(ffi(1:end,2:end)),[],2))==mv;
thr=find(findt,1,'last');
h = fspecial('gaussian',[5 5],3);
ims=imfilter(Im2,h); %Im2 is the unfiltered image
threshold
mask=ims>(thr);
end
end
end
nob=(mask.*ims);%
[L,NUM] = bwlabel(nob,4);
val=histc(reshape(L,1,[]),1:NUM);
ind=find((val<(pi*(mincelldiam/2)^2)));%|(val>10000));
for ii=ind
L=L.*(1-(L==ii));
end
mask=(L>0);

used

to

define

the

11.3.4 PSD_2012_v2.m
%This program will take the PSD of an image and fit it
%most updated as of Jan 2012
function [cfun gof log_radial_freq log_radial_psd_N h ]= PSD_2012_v2(im, N, percent1)
% This function calculates the PSD of an image and then fits the PSD three times with random
% initializations of fit parameters to find the fit with the best r-squared value.
% INPUTS
%
im-the image to analyzed for PSD
%
N= size of image, i.e. 512
%
percent1= the percent of the PSD that you want to fit (i.e. 98% means you exclude the
%
highest 2% of the PSD – based on amplitude of the PSD
% OUTPUTS
%
cfun – the fitting function
%
gof – the goodness of fit
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%
%
%

log_radial_freq – the radial frequency (x-axis)
log_radial_psd_N - the radial PSD of image
h= the frequency point corresponding to the highest frequency fit, based on percent1

%figure, imagesc(im), colormap gray;
%take PSD
[log_radial_freq log_radial_psd] = Radial_PSD_updated(im, N , 1/2);
% INPUTS
%
im= image input
%
N= image size – i.e. 512x512
%
vox_size = pixels per micron i.e. 1/2
% OUTPUTS
%
log_radial_psd= radial psd amplitude spectrum (psd y-axis)
%
log_radial_freq= radial psd frequency spectrum (x-axis)
%normalize by mean
m3= mean(log_radial_psd);
log_radial_psd_N= log_radial_psd./m3;
domainMAX = .1;
log_radial_psd_N= smooth(smooth((log_radial_psd_N)));
ffun = fittype('power1');
log_radial_freqROT3= rot90(log_radial_freq);
log_radial_psdROT3= rot90(rot90(log_radial_psd_N));%rot90???
PSDmax = max(log10(log_radial_psdROT3));
PSDmin= min(log10(log_radial_psdROT3));
range1=PSDmax-PSDmin;
percentRange= percent1*range1;
PSDminCalc=PSDmax-percentRange;
newMIN=10^PSDminCalc;
%find where the high frequency values become larger than noise floor
PSDminCalc_x = find(log_radial_psdROT3 > newMIN);
PSDminCalc_xcoor=min(PSDminCalc_x);
h= log_radial_freqROT3(PSDminCalc_xcoor);
outliers
=
excludedata(log_radial_freqROT3,log_radial_psdROT3,'domain',[domainMAX
%includes only the specified domain

h]);

%initalize a random matrix for variables
alpha= rand.*2;
beta= rand.*-5;
% %fit and plot
[cfun1,gof1,output] = fit(log_radial_freqROT3, log_radial_psdROT3, ffun, 'Exclude', outliers,
'Startpoint', [alpha,beta], 'MaxFunEvals', 1e+100, 'MaxIter',1e+100 , 'Robust', 'LAR',
'Lower', [0 -inf],'Upper', [2 1]);
alpha= rand.*2;
beta= rand.*-5;
% %fit and plot
[cfun2,gof2,output] = fit(log_radial_freqROT3, log_radial_psdROT3, ffun, 'Exclude', outliers,
'Startpoint', [alpha,beta], 'MaxFunEvals', 1e+100, 'MaxIter',1e+100 , 'Robust', 'LAR',
'Lower', [0 -inf],'Upper', [2 1]);
alpha= rand.*2;
beta= rand.*-5;
% %fit and plot
[cfun3,gof3,output] = fit(log_radial_freqROT3, log_radial_psdROT3, ffun, 'Exclude', outliers,
'Startpoint', [alpha,beta], 'MaxFunEvals', 1e+100, 'MaxIter',1e+100 , 'Robust', 'LAR',
'Lower', [0 -inf],'Upper', [2 1]);
if gof3.rsquare>=gof2.rsquare && gof3.rsquare>=gof1.rsquare
cfun=cfun3;
gof=gof3;
end
if gof2.rsquare>=gof3.rsquare && gof2.rsquare>=gof1.rsquare
cfun=cfun2;
gof=gof2;
end
if gof1.rsquare>=gof2.rsquare && gof1.rsquare>=gof3.rsquare
cfun=cfun1;
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gof=gof1;
end
figure(5),loglog(log_radial_freq, log_radial_psd_N), hold on;
figure(5),plot(cfun, 'cyan');
cfun
figure (5), plot(h,newMIN, '*', 'MarkerSize', 20)

11.3.5 Radial_PSD_updated.m
%radial FFT analysis written by KP Quinn and JX 4-11-11
function [log_radial_freq log_radial_psd] = Radial_PSD_updated(xcol,N,vox_size)
% INPUTS
%
xcol= image input
%
N= image size – i.e. 512x512
%
vox_size = pixels per micron
% OUTPUTS
%
log_radial_psd= radial psd amplitude spectrum (psd y-axis)
%
log_radial_freq= radial psd frequency spectrum (x-axis)
figure (30),imagesc(xcol), hold on;
A= (N/2)-1;
%evaluate 2D FFT
y1 = fft2(double(xcol));
psd = y1.*conj(y1);
psd_n = fftshift(psd); %shift to center for easier radial analysis
S2=log(1+abs(psd_n)); % use abs to compute the magnitude and use log to brighten display
% define (Cartesian) spatial frequency of 2D PSD image
maxfreq = 1/(2*vox_size);
freq=linspace(0,maxfreq,(N/2));
% define radial frequency parameters for annular integration of 2D PSD
delta_freq = maxfreq/A;
freq_annulus = linspace(delta_freq/2,maxfreq-delta_freq/2,A);
radial_freq = zeros(N/2);
annular_psd = linspace(0,0,A);
pixel_count = linspace(0,0,A);
[i,j] = meshgrid(1:N,1:N);
i= i - mean(mean(i));
j= j - mean(mean(j));
[THETA,RHO] = cart2pol(i,j);
rho= round(RHO);
theta= round(THETA);
for x =1:A
mask= double(rho == x);
pixel_count(x) = sum(sum(mask));
temp = psd_n .* mask ;
inten_count(x)= sum(sum(temp));
end
radial_psd= (inten_count./pixel_count);
% normalize PSD by annuli area to obtain radial PSD
radial_psd_unnormalized=radial_psd(2:A); %ignore first point (high annulus error)
radial_psd_final=radial_psd_unnormalized/sum(radial_psd_unnormalized);
% % send output radial PSD parameters in loglog form
%log_radial_freq = log10(freq_annulus(2:A));
%log_radial_psd = log10(radial_psd_final);
% send output radial PSD parameters in normal form
log_radial_freq = freq_annulus(2:A);
log_radial_psd = radial_psd_final;

11.4

Section 4: Cloning and PSD analysis with keratin removed

The next section includes code for removing keratin and cloning images and
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doing PSD analysis. This main-file finds keratin-positive regions from original NADH
images. After removing these keratin-positive regions and filling the voids left over with
signal, the main-file calculates the cell borders as described in Section 3. Next, the main
file removes the cell borders from the keratin-free image and this image is cloned as
described in Section 3 with clone_img_fit.m. After this cloning the analysis proceeds
with calculating the PSD and fitting the high frequency region of the PSD.
Additionally here, the variance of the PSD per depth is calculated from the
original NADH images. The variance of the PSD per depth of the original images is used
for the analysis of morphological changes per depth.
Since all the m-files called within this version of PSD analysis are identical to
those described in Section 3 the m-files are not repeatedly included. Authorship and
contributions are indicated in the code annotations.
11.4.1 Keratin-removed version main-file using clone_img_fit.m
%	
  Written	
  by	
  JX	
  2013.	
  	
  	
  
% For this code to run:
% In workspace:
%
Data that is co-registered and intensity normalized
%
NDD1_860n- 860 excitation/525 emission
%
NDD2_755n – 755 excitation/ 460 emission
%
NDD1_755n- 755 excitation/ 525 emission
%
NDD1_800n- 800 excitation / 525 emission
% Input these variables below
%
stack2, which is the begining of cell layer (first superficial cell
%
layer)
%
stack3, which is the end of cell layer (last basal cell layer)
% M files called here:
%
LDA_keratinCalc_E7K_v3CA
%
clone_img_fit
%
clonestompzeros
%
PSD_2012_v2
%
Radial_PSD_updated
close all
stack2= %this is first slice of the stack that has cells - i.e. the superficial layer
stack3= %this is length of the stack - i.e. the basal layer
% remove keratin
[NDD1_860n1 NDD2_755n1 roi2
NDD1_860nc, NDD1_800n, stack);
totalK= roiK + roiK_E7;

roiK

roiK_E7]=LDA_keratinCalc_E7K_v3CA(NDD1_755n,

% % This next section of code will clone keratin-free image and get PSD stats
%
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NDD2_755n,

%
%
%
%
%
%
%
%
%
%
%
%
%
%

stack2-the beginning of cell layer (first superficial cell layer)
stack3- the end of cell layer (last basal cell layer)
slope_org1 is the uncloned image betas and slope_cloned1 is the cloned image betas
roi21 is the mask of the cell borders (without keratin being removed)
radial_PSD_org1 is the PSD stack which contains the PSD of each image stack (for the
original images and is eventually used for the PSD variance analysis
stackCLONED1 is the image stack cloned
totalK and keratinmask are the same variable, but inverse of each other-the keratin masks
img_kremoved is the original image with the keratin removed
img_kcloned is img_kremoved that has all regions where keratin has been removed filled with
cell signal- img_kcloned is used to find the cell borders.
roi_cellmorph is the mask of the keratin-free image, which has the cell borders found.
finalMask is roi_cellmorph that has been applied to the keratin-free image (img_kremoved)
imFINAL3 is the cloned version of finalMask. imFINAL3 is used to fit the PSD slope.

count=1
for i=stack2:stack3
%Get keratin masked image:
img_kremoved(:,:,i) = (keratinmask(:,:,i)).*NDD2_755n(:,:,i);
%clone stamp keratin-free images to get rid of voids from keratin removal
[img_kcloned(:,:,i)]=clonestompzeros(img_kremoved(:,:,i));
%apply morphology threshold to cloned k-removed image and get cell border mask
roi_cellmorph(:,:,i) = findsignal_v4p2(img_kcloned(:,:,i),15);
%add cell border mask back to the keratin-free image
finalMask(:,:,i)= roi_cellmorph(:,:,i).*img_kremoved(:,:,i);
%apply mask to NADH Image and clone it
[imFINAL(:,:,i)]=clonestompzeros(finalMask(:,:,i));
imFINAL3(:,:,count)= imFINAL(:,:,i);
figure(2), imagesc(imFINAL3(:,:,count)), colormap jet;
[cfun3 gof3 log_radial_freq log_radial_psd3 h3] = PSD_2012_v2(imFINAL3(:,:,count),512,
.98);% clone stamped
% INPUTS
%
imFINAL3-the image to analyzed for PSD – i.e. the cloned image
%
N= size of image, i.e. 512
%
percent1= the percent of the PSD that you want to fit (i.e. 98% means you exclude the
%
highest 2% of the PSD – based on amplitude of the PSD
% OUTPUTS
%
cfun3 – the fitting function
%
gof3– the goodness of fit
%
log_radial_freq – the radial frequency (x-axis)
%
log_radial_psd3 - the radial PSD of image
%
h3= the frequency point corresponding to the highest frequency fit, based on percent1
radial_PSD_cloned_K_removed(count, :)= log_radial_psd3;
slope_cloned_K_removed(count)= cfun3.b;
count=count+1
end
%to plot PSD variance over depth of ORIGINAL images for morphological analysis
figure (3),
PSDvar= var(log10(radial_PSD_org1)); %of the original image
PSDvar_Cloned_noK= var(log10(radial_PSD_cloned_K_removed)); %of the original
keratin or cell morphology
%get rid of first point
PSDvar1=PSDvar(1:254);
PSDvar2=PSDvar_Cloned_noK(1:254);
freq1=log_radial_freq(1,1:254);
%normalize variance to highest frequency
PSDv=PSDvar1(254); %find highest frequency point
PSDvarN=PSDvar./PSDv; %normalized by highest frequency point
plot(freq1(1:254),PSDvarN), hold on; %plot PSDvar
PSDv2=PSDvar2(254);
PSDvarN2=PSDvar2./PSDv2;
plot(freq1(1:254),PSDvarN2);
set(gca,'xscale','log'); % ...
xlabel('Spatial Frequency \mum^-^1')
figure (3), hold on;
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11.5

Protocol

for

Constructing

Engineered

Epithelial

Tissue

Equivalents (EETEs)
The following protocol describes the process for construction of an organotypic
culture system that mimics the structure of human epidermis in vitro. This protocol has
been adapted from Human Papillomaviruses: Methods and Protocols (McLaughlinDrubin and Meyers 2005).
11.5.1 Keratinocyte Growth Media Preparation
Stock Solution Preparation:
Make stock solution of 1.8 x 10‐1 M adenine by dissolving 486 mg of adenine (Sigma
A2786‐5G) in 15 mL sterile distilled water. Next, add approximately 10 drops of
concentrated HCL until the adenine is dissolved. Add water to bring volume up to 20mL.
Make stock solution of 5mg/mL insulin by dissolving 100mg of insulin (Sigma I-6634) in
20mL of 0.1 N HCl.
Make stock solution of 5mg/mL transferrin by dissolving 100mg of transferrin (Sigma
T2036‐100MG) in 20mL sterile PBS.
Make stock solution 2 x10‐8 M T3 by dissolving 13.6mg of T3 (T6397‐100MG) in
100mL of 0.02 N NaOH. Add 0.1mL of this solution in 99mL of sterile PBS.
Make stock solution 0.4mg/mL hydrocortisone by dissolving 25mg of hydrocortisone in
5mL of 100% ethanol. Dilute 4.8mL of this solution in 55.2mL of 1 M HEPES buffer, pH
7.0.
Make stock solution 0.01 mg/mL cholera enterotoxin by dissolving 1mg cholera
enterotoxin in 100mL sterile distilled water.
All stock solutions can be stored at ‐20C for up to 1 year.
Preparation of Keratinocyte Growth Media:
Dissolve 200.55 g powdered DMEM (Gibco 12100‐046) in 1 L distilled/deionized water.
Next, dissolve 53.13g powdered F‐12 (Gibco 21700‐075) in 1 L distilled/deionized water.
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When powders are completely dissolved add to 20L carboy with 16.25 L of
distilled/deionized water. Add 61.37 g of tissue‐culture‐grade sodium bicarbonate. Using
your stock solutions, first heat 20mL of 1.8 x 10‐1 M adenine so that precipitate goes into
solution and add to carboy. Add 20mL of 5mg/mL insulin, 20mL of 5mg/mL transferrin,
20mL 2x10‐8 M T3, 200mL of pen‐strep (10,000 U/mL and 10,000 µg/mL), 20mL
0.4mg/mL hydrocortisone, 20mL of 0.01mg/mL cholera enterotoxin, and 6.25mL
concentrated HCl. Mix the solution and bring solution up to 20L.
Filter 950mL into a sterile 1L bottles using a low‐protein‐binding 0.2‐µm filter. Add
50mL heat‐inactivated fetal bovine serum and 10mL amphotericin B to each bottle prior
to use. This solution can be stored at 4C for up to 6 months.
11.5.2 Preparation of EETE constructs
Dermal layer preparation
Materials:
6 well, 25mm diameter Transwell dishes (Mattek)
Approximately 2.625 x106 J2 fibroblast cells
10 N NaOH
10x DMEM
Collagen I (approximately 4mg/mL)
Reconstitution Buffer
Prepare Reconstitution buffer by dissolving 2.2g tissue culture grade sodium bicarbonate
and 4.7 g HEPES in 75mL of 0.062 N NaOH. Bring final volume to 100mL with 0.062 N
NaOH. Adjust pH to 8.2. Filter sterile aliquots. Reconstitution buffer can be stored at ‐
20C for up to a year.
Construct the acellular collagen layer:
Quickly mix 3.92mL of Collagen I with .49mL 10x DMEM, .49mL Reconstitution buffer
and 11.76µL of 10 N NaOH. Add .7mL of this solution to each well and incubate at 37C
for 2-4 hours.
Construct the cellular dermal layer:
Suspend 2.625 x106 J2 fibroblast cells in 1.05 mL of Reconstitution buffer. Quickly mix
8.4mL of Collagen I with 1.05mL 10x DMEM, 1.05mL Cell/Reconstitution buffer
solution and add 20.16µL of 10 N NaOH. Swiftly add 1.5mL of this solution to each
well and incubate at 37C for 2 hour. Add 2mL of keratinocyte growth media and incubate
for 8-12 hours.
223

Epidermal layer preparation
Aspirate keratinocyte growth media from each well from the top of the dermal layer.
Suspend 6-7 million human foreskin keratinocytes (HFKs) in 8mL of keratinocyte
growth media and add 45µL of epidermal growth factor (EGF). Add 1.25mL of the
cell/media solution to each well. Incubate for 2 hours. Raise the construct to the air
liquid interface by aspirating media within the transwell compartment. Add 2.5mL of
fresh keratinocyte growth media (without EGF) to the outer compartment of the
transwell.
16E6, 16E7, and 16E6E7 HFKs (as described in Chapters 6 and 8) were constructed with
identical seeding protocol to control HFKs. The author experimented with a variation of
human foreskin keratinocyte concentration at time of seeding. Specifically, a
concentration of 3-4 million HFKs was compared with 6-7 million HFKs for seeding.
Lowering the concentration of cells at the time of seeding was not a successful
modification to promote growth of the EETE constructs.
For constructing EETEs with HPV-immortalized HFKs, follow the same seeding without
the addition of EGF. After initial seeding, incubate for 48 hours at 37C. Raise the
construct to the air liquid interface by aspirating media within the transwell compartment.
Add 2.5mL of fresh keratinocyte growth media with a PKC inhibitor such as C8 to the
outer compartment of the transwell. The addition of C8 promotes more complete tissue
differentiation.
Maintenance
Maintain EETEs for 10-12 days by replacing the media in the outer compartment of the
transwell dish every 48 hours.
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