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ABSTRACT

Epithelial cancers are among the most dangerous forms of cancer. Of this broad

group of disease, ovarian and esophageal cancer are particularly deadly, with five-

year survival rates of less than 50% and 20% respectively. The primary cause of

this low survival rate is due to predominantly late diagnosis. Diagnosis at early

stages leads to over 90% 5-year survival rates for ovarian cancer and over 40% for

esophageal cancer, but fewer than 15% of cases for these two cancers are detected

early. Screening is complicated by non-specific or complete lack of symptoms, as well

as the heterogeneity of the diseases.

For both esophageal and ovarian cancers, many screening tests including imag-

ing, physical examination, and blood markers tests have been investigated; however,

at this time no routine screening is recommended in average-risk patients. This

study evaluates the feasibility and design of instruments to use multimodal optical

imaging to improve ovarian and esophageal cancer screening. This includes opti-

cal coherence tomography (OCT), multiphoton microscopy (MPM), and wide-field

fluorescence imaging.

The study is subdivided into four sections. In the first two sections, advanced

algorithms and processing techniques are presented for rapid analysis and quantitative

diagnostic evaluation for optical coherence tomography images of ovarian cancer. The

results show promise for automatic processing of OCT images using segmentation,

combined with highly accurate diagnostic performance in identifying diseased tissue

using texture features of OCT images.

The third section details the application of MPM and wide-field fluorescence imag-

ing using exogenous contrast agents to evaluate and classify tissue health. Two tissue

studies using a mouse model of ovarian cancer are presented: one ex vivo and one in

12



vivo study. The results of both demonstrate that these modalities provide high con-

trast for identifying diseased tissue and that the combination of these two modalities

show an improvement in diagnostic performance over a single modality.

Finally, the study concludes with the design for a multimodal forward-viewing

esophageal endoscope using optical coherence tomography and autofluorescence imag-

ing. The design implements a piezo-scanning fiber to deliver the light, and spatially

separates the OCT and fluorescence return signal. The design provides high resolu-

tion and is compatible with working channels in existing gastroscopes to enable easy

clinical translation.
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1: INTRODUCTION

1.1 Motivation

Epithelial cancers, also known as carcinomas, are among the most dangerous forms

of cancer. A carcinoma, or epithelial cancer, begins in a tissue that lines the inner or

outer surfaces of the body [1]. Of this broad group of disease, ovarian and esophageal

cancer are particularly deadly, with five-year survival rates of less than 50% and 20%

respectively [2].

Despite concerted efforts to improve patient outcomes, ovarian cancer remains

the deadliest gynecologic malignancy in the United States. Ovarian cancer is not

particularly common, with an incidence of approximately 22,000 per year in the US.

However, the disease maintains a high mortality rate, with median five-year survival

less than 45% [3], due to a high proportion of advanced disease at the time of pre-

sentation. In fact, a substantial majority of patients have already experienced spread

of their disease to local or distant tissues at initial diagnosis, corresponding to FIGO

(International Federation of Gynecology and Obstetrics) stages III or IV, and confer-

ring a significantly poorer prognosis [4]. This insidious pattern of disease progression

has led to strong interest in the area of ovarian cancer screening, with the goal of

identifying asymptomatic tumors in their early stages and allowing more effective

treatment.

Similarly, malignancies of the gastrointestinal tract are responsible for more cancer-

related deaths than any other organ system in the body [5]. Taking the esophagus as

14



an example, disease incidence has increased up to 10-fold over the past 40 years and

to make matters worse, this disease has less than 10% survival over 5 years due to late

diagnosis [6]. Esophageal cancer is the 6th leading cause of death from cancer and

the 8th most common cancer in the world [7]. Esophageal cancer is often preceded by

dysplasia, an area of tissue composed of proliferating abnormal cells. Patients at high

risk of developing esophageal cancer (e.g. those with Barrett’s esophagus, a condition

that arises from chronic acid reflux) are enrolled in surveillance for dysplasia, in which

they undergo endoscopy and tissue sampling (for pathology) every 3-5 years.

As both ovarian and esophageal cancer occur in epithelial tissues, the mechanisms

of early tissue changes are similar. In both cases, dysplastic tissue begins to form, pro-

ducing local changes in tissue microstructure and biochemistry [8]. If left untreated,

dysplasia can potentially lead to the development of malignant tumors, which can

metastasize [9]. Rapidly identifying early dysplastic lesions in at risk patient groups

would reduce incidence and burden of the cancers, since resection or ablation of the

early lesion is curative. Early detection and treatment of dysplasia and early-stage tu-

mors has shown to increase five-year survival rates to over 40% for esophageal cancer,

and 90% for ovarian cancer [10].

For both esophageal and ovarian cancers, many screening tests including imag-

ing, physical examination, and blood markers tests have been investigated; however,

at this time no routine screening is recommended in average-risk patients [11]. As

such, there remains a strong need for a high-quality, minimally invasive modality for

effective detection of early-stage ovarian and esophageal malignancies. One potential

solution that has shown much promise is multimodal optical imaging, which provides

high-resolution information of both tissue microstructure and biochemistry [12].

This work focuses on the application of multimodal optical imaging toward early

detection of ovarian and esophageal cancer. Specifically, the imaging techniques of

optical coherence tomography (OCT), multispectral fluorescence (MFI) imaging, and
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multiphoton imaging (MPM) are considered. Respectively, OCT and MPM pro-

vide high resolution three-dimensional images of tissue microstructure and intrinsic

biomarkers. Unfortunately, both OCT and MPM have a small field of view, limiting

utility for survey and navigation. MFI complements these techniques by providing

wide-field navigational imaging. The fluorescent excitation and emission wavelengths

can be chosen to target specific intrinsic or extrinsically-applied fluorophores with

fluorescence signal dependent on tissue pathology. Thus MFI provides a wide field of

view surveillance modality with enhanced contrast for targeted biomolecule concen-

trations.

In this dissertation, a brief introduction to the characteristics and current screen-

ing methods for ovarian and esophageal cancer is provided. This is followed by an

overview of the OCT, MFI, and MPM and how contrast is generated by each in tissue.

Task-based image analysis is then discussed with application to quantitative tissue

assessment and classification. Following this introduction, present work is presented

including advances in image processing methods for OCT, MFI, and MPM. Several

animal studies of ovarian cancer are examined, as well as the design of a multimodal

endoscope for esophageal cancer screening. Future work and the integration of col-

laborative efforts with the University of Cambridge are then discussed. Finally, the

dissertation concludes with a series of appendices of published work relating to these

topics.

1.2 Epithelial Cancers

1.2.1 Hallmarks of Cancer

Cancer is a general term to describe a number of diseases with similar characteris-

tics. Cancer research over the past several decades has lead to the discovery and

categorization of a series of so-called "hallmarks," which are common among most
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cancers. Eight are widely accepted: in seminal publications by Hanahan, six hall-

marks were initially described in 2000 and then two were added later in a follow-up

in 2011 [13, 14].

Of the hallmarks, those that contribute to the development of the tumor microen-

vironment are highly relevant to optical imaging. One hallmark that contributes to

this is sustained proliferative signalling, causing cells to continuously replicate. Work-

ing in conjunction with the hallmarks that cells gain replicative immortality and resist

cell death leads to unchecked tissue growth, ultimately resulting in a tumor. For the

tumor to continue to grow to macroscopic scales, two other hallmarks are required.

First is that cancer cells induce angiogenesis, or the generation of new blood vessels to

sustain the rampant tissue growth. This increases the presence of blood and oxygena-

tion local to the tumor. Finally, cancer cells evade growth suppressor signals, which

allows the tissue to continue to grow and proliferate. Ultimately, the creation of a

tumor produces optical contrast in regards to the tissue microstructure. Through this

process, the extracellular matrix and associated collagen network is disrupted. Imag-

ing techniques such as OCT and MPM can generate signal from collagen fibrils; thus,

investigating the regularity of the collagen network using these modalities can provide

information about tissue microstructure. Furthermore, the generation of new blood

vessels can produce contrast using imaging technique such as photoacoustic imaging,

which is briefly discussed in Section 1.2.6. Angiogenesis can also influence signal ac-

quired with fluorescence imaging, as the variations in the abundance of hemoglobin

can affect the absorption and emission spectra of tissues.

In addition to visualizing tissue microstructure, optical imaging is also relevant to

probing cellular metabolism and biochemistry. In this case, the relevant hallmark of

cancer is that cellular energetics are disrupted. This can take on number of forms but

in general, biochemical signalling pathways are either up or down-regulated, leading

to the over or under-expression of specific biomolecules. One such example is the
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over-expression of the folate receptor α in ovarian cancer. Folic acid is an essential

component to cell energy production and thus the over-expression of this receptor

indicates increased cell metabolism. Using imaging techniques such as MPM or MFI,

biomarkers of interest can be targeted by exciting specific fluorescent signatures of

the intrinsic molecules, or injecting a contrast agent which binds to the biomarker of

interest.

1.2.2 Characteristics of Ovarian Cancer

Ovarian cancer refers to a group of malignancies affecting the ovary. Ovarian cancer

may begin on the ovary itself or in the Fallopian tubes, but in contrast to primary

Fallopian tube cancers, the tumor cells migrate to the ovary, where they continue to

develop. Tumors usually develop from epithelial cells, sex cord-stromal cells or germ

cells [15]. For ovarian cancer, tumors developing from epithelial cells account for 60%

of total tumors, but are the most likely to become malignant, accounting for 90% of

malignancies [15]. Sex cord-stromal and germ cell tumors are far less common and

respectively account for only 7% and 3% malignancies [16]. Sex cord-stromal and

germ cells are found on the interior of the ovary, making imaging and non-invasive

detection more challenging. In contrast, epithelial cells cover the surface of the ovary

and Fallopian tube. Multiple types of cancers can develop from each of the three

cell types. Each subtype of ovarian cancer has unique morphological, physiological,

molecular, and genetic features [17]. The heterogeneity of this disease poses major

challenges for the detection, treatment and monitoring of ovarian cancer. Recent

studies have also shown that some ovarian cancers may originate in the Fallopian

tubes [18, 19].

Generally, ovarian cancers can be classified into type I and type II tumors. Type I

tumors are often less aggressive and detected at earlier stages. Type II tumors, such

as high-grade serous and high-grade endometrioid carcinomas, can be very aggres-
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sive, albeit asymptomatic, and are typically not detected until later stages. Type II

tumors are most commonly epithelial and account for 75% of all ovarian epithelial

carcinomas [17]. These cancers can originate in the epithelial lining of either the

ovary or the Fallopian tube, particularly the terminating end featuring Fimbriae. In

normal conditions, the epithelium on the surfaces of the ovary and Fallopian tube is

approximately 100 microns thick. Early lesions preceding ovarian cancer that develop

in the Fallopian tube epithelium may be as small as 5 cell layers, which amounts to

approximately 50 microns, and can cause some epithelial thickening [20]. As such,

minimally-invasive depth-resolved imaging techniques such as OCT are positioned

well when implemented endoscopically for screening the epithelial layer with high

resolution to detect early-stage tissue changes.

1.2.3 Current Screening Methods for Ovarian Cancer

Screening modalities that have been investigated in the scope of ovarian cancer include

physical examination, transvaginal ultrasound (TVUS), and serum tumor marker

measurement (most commonly CA-125) [21]. Annual bimanual pelvic examination

has been shown to have little value as a screening test, with low sensitivity leading to a

positive predictive value (PPV) of only 1% in an asymptomatic screening population

[22]. Ultrasound examination provides favorable sensitivity and specificity, but also

does not reach adequate PPV in screening populations [23, 24]. Although tumor

markers such as CA-125 have utility in monitoring response to treatment in previously

diagnosed cancers, it is not useful as a screening test. Only 80% of early stage ovarian

cancers produce an elevation in CA-125, and multiple other conditions can produce

elevated levels, leading to poor sensitivity and specificity [25]. At this time, the

US Preventive Services Task Force continues to recommend no routine screening in

average-risk patients [26].
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1.2.4 Characteristics of Esophageal Cancer

Esophageal cancer includes three sub-types: adenocarcinoma, squamous cell carci-

noma, and small cell carcinoma. Squamous cell carcinoma is the predominant his-

tological type worldwide. However, at present, in countries like United States, Aus-

tralia, United Kingdom and Western Europe (Finland, France, Norway), there is a

preponderance of the adenocarcinoma subtype [7] .

Esophageal adenocarcinoma (EAC) is the most deadly form of esophageal cancer,

and one of increasing preponderance in western societies [7]. Adenocarcinomas typ-

ically originate in glandular cells, which are not normally not present in the lining

of the esophagus. One major risk factor for EAC is gastroesophageal reflux disease,

which occurs in 10-20% of Western populations [27, 28]. This condition can produce

EAC directly or, more commonly, through an intermediate pre-neoplastic lesion, Bar-

rett’s esophagus (BE) [29, 30]. Patients with BE have over a 30-fold increase in risk

for developing adenocarcinoma [31, 32, 33]; thus, routine screening is a worldwide clin-

ical practice [34]. The chronic reflux of gastric acid and bile at the gastroesophageal

junction and the subsequent damage to the esophagus has been implicated in the

pathogenesis of Barrett metaplasia [30], but the exact nature of the metaplasia still

remains to be determined. The metaplastic tissue then evolves to low-grade dysplasia,

high grade dysplasia, and finally adenocarcinoma. EAC occurs at the lower end of

the esophagus and the upper part of the stomach, near the gastroesophageal junction

in over 75% of cases [35].

The most common form of esophageal cancer worldwide is squamous cell carci-

noma (SSC) [35]. It begins when squamous cells (thin, flat cells lining the inside of the

esophagus) begin to grow uncontrollably. Squamous cell carcinoma of the esophagus

is strongly linked with excessive smoking and alcohol consumption [36]. The mecha-

nism of how tobacco and alcohol in combination lead to increased risk of SCC has been

extensively studied. Alcohol can damage the cellular DNA by decreasing metabolic
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activity within the cell and therefore reduce detoxification function while promoting

oxidation [37]. Alcohol is a solvent, specifically of fat-soluble compounds. Therefore,

the hazardous carcinogens within tobacco are able to penetrate the esophageal ep-

ithelium easier [38]. Some of the carcinogens in tobacco include aromatic amines,

nitrosamines, polycyclic aromatic hydrocarbons, aldehydes and phenols.

A third, rarest type of esophageal cancer is small cell carcinoma. It begins in

neuroendocrine cells, a type of cell that releases hormones into the bloodstream in

response to signals from nerves. Less than 1% to 2% of all esophageal cancers are

sarcomas or small cell carcinomas [39]. Rarely, other types of cancers including lym-

phomas, carcinoids, and melanomas may arise in the esophagus.

1.2.5 Current Screening Methods for Esophageal Cancer

Patients at high risk of developing esophageal adenocarcinoma (e.g. those Barrett’s

esophagus or gastroesophageal reflux disease) are enrolled in surveillance for dysplasia,

in which they undergo endoscopy and tissue sampling (for pathology) every 3-5 years

[40]. In this process, an endoscope is inserted through the patient’s mouth and the

physician visually inspects the lining of the esophageal wall. If a suspicious region

is identified, a biopsy can be taken and evaluated by a pathologist. One of the

limitations of this strategy is the difficulty in detecting early neoplastic lesions with

conventional white light imaging. Recommended sampling protocol only covers 3.5%

of the tissue surface, which can clearly miss any malignancy that may reside in the

remaining 96.5% [41].

Chromoendoscopy is a procedure in which a dye is sprayed onto the lining of the

esophagus before or during endoscopy [42]. The three most commonly used dyes are

acetic acid, methylene blue, and indigo carmine [40]. Increased staining of certain

areas of the lining may be a sign of early Barrett’s esophagus. This is often used

for squamous cell carcinoma screening as well. Chromoendoscopy is not widely used
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in the routine assessment of patients at risk. This is primarily due to the patchy

evidence as well as practical limitations. These include the extra time required both

in preparing for and performing the procedure. The procedure itself can be messy

and some of the dyes have safety and toxicity concerns. The outcomes are dependent

on the experience and expertise of the individual endoscopist [40].

Narrow band imaging (NBI) is also applied in the context of esophageal cancer

screening [40], often in combination with standard endoscopy[43]. NBI is based on

the wavelength-dependence of light penetration through tissue. Shorter wavelengths,

such as blue, only superficially penetrates the mucosa. This results in primarily illu-

minating the detail of the mucosal surface. Longer wavelengths penetrate a greater

depth of the mucosa, allowing visualization of deeper tissue components. In NBI,

the relative intensity of blue light is increased and other wavelengths are reduced

(green) or eliminated (red). This enhances visualization of the superficial mucosal

structures and improves contrast of the vasculature. Unfortunately, results are con-

flicting regarding whether NBI has a significant improvement of detection capabilities

[43, 44].

A non-imaging approach is to conduct cytology. This is a procedure in which cells

are brushed from the lining of the esophagus and viewed under a microscope to see if

they are abnormal [45]. Cytology can be done during endoscopy using an instrument

channel on the endoscope. In addition, balloon cytology is another variation where

a deflated balloon is swallowed by the patient [46]. The balloon is then inflated and

pulled out of the esophagus, collecting cells as it scrapes against the esophageal wall.

Studies have shown promising results for the sensitivity and specificity of cytology, as

well as its low cost [47]. Unfortunately, cytology is time-intensive given that the cells

must be transferred for processing. Therefore it is not sustainable for surveillance of

average-risk patients.

As there are presently no highly-sensitive methods of screening for EAC, there
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remains a dire need to develop better screening tools and surveillance procedures.

One potential solution is to develop and integrate advanced imaging technologies.

Coupling complementary imaging technologies in a multimodal approach has recently

shown much promise across biomedicine.

1.2.6 Multimodal Optical Imaging for Disease Diagnosis

Optical imaging methods are excellent for visualizing tissue changes due to the high

resolution and high sensitivity to tissue changes. Due to the abundance of different

modalities, optical imaging enables the flexibility of imaging scales from wide field to

narrow field (higher resolution) as well as imaging either intrinsic or extrinsic contrast

sources, including fluorophores and scatterers. Tissue fluorophores absorb incident

light and subsequently emit light, generally of a longer wavelength. The wavelengths

and intensity of the remitted light are related to the quantity, type, and distribution

of fluorophores present.

Optical imaging techniques that have shown promise for detection of cancer in-

clude fluorescence imaging [48], multispectral imaging [49], confocal imaging [50], mul-

tiphoton microscopy [51, 52], photoacoustic imaging (PAI) [53], and optical coherence

tomography (OCT) [54], among others. Reflectance and fluorescence spectroscopy

can differentiate normal and neoplastic tissue but typically has poor resolution [55].

OCT visualizes details of tissue microstructure such as surface epithelium, follicles,

cysts, collagen bundles, and vessels as well as potentially abnormal changes such as

invaginations and changes in tissue density, but has inadequate resolution for cellular

changes [56, 57]. Confocal microscopy produces subcellular-resolution images that

can be used to identify cancer occurring on the surface of the organs, but the depth

of imaging is limited [50, 58]. PAI has the largest depth of imaging (2 to 3 cm) and,

owing to differences in absorption properties, can visualize large structures such as

buried glands and lesions (for the esophagus), as well as corpora lutea, follicles, and
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blood vessels (for the ovaries) [59, 60]. PAI has further relevance for ovarian cancer,

as malignant and normal ovaries in postmenopausal women can be distinguished by

their different absorption properties. However, PAI has relatively low resolution and

may be confounded by benign conditions with high vascularity or hemorrhage, or

early-stage cancers without significant vascularity changes [61].

Since each of these modalities has limitations of resolution, field of view, and use

different contrast mechanisms to provide sensitivity and specificity to different mark-

ers of early disease, multimodal imaging has shown tremendous promise for quantita-

tive tissue characterization and disease diagnosis [12]. In this dissertation, three main

imaging modalities that have shown much success in cancer imaging are discussed:

optical coherence tomography, fluorescence imaging, and multiphoton microscopy.

Despite the fact that many proposed approaches for the advanced screening of

early-stage EAC have shown promise in laboratory and preliminary tissue studies,

there has yet to be widespread clinical success and adoption [62, 63, 64]. One major

challenge of translating this technology to the clinic is the lack of integration into

existing protocols. As many advanced imaging modalities, particularly multimodal

systems, provide data unintelligible to a non-expert, it becomes challenging to replace

standard methods that endoscopists are comfortable with. Furthermore, practical

complexities arise with large instrumentation, lengthy data acquisition, as well as

the data reconstruction challenges to provide real-time comprehensible data. This

dissertation also discusses image processing, analysis, and visualization aspects, as

well as a discussion of future outlook regarding the miniaturization and practical

implementation of multimodal imaging in compact and robust endoscope packages.
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1.3 Optical Coherence Tomography

Optical coherence tomography (OCT) is an interferometric imaging technique first

introduced in 1991 [65] that yields depth-resolved, high-resolution images of tissue,

providing information about the tomography and microstructure. Historically, OCT

has been applied with much success to biological imaging in the human eye [66, 67, 68],

the lung [69, 70], the esophagus [71], the coronary artery [72, 73], in addition to a

number of other organs including the ovaries [74, 57, 75]. The physical principle of

OCT systems is similar to that of ultrasound, except that OCT systems measure time-

resolved backscattered light instead of sound waves [76]. In this section, the working

principle of OCT is discussed, followed by the biological relevance, and finally the

optical design considerations of OCT systems.

1.3.1 Interferometry and Coherence of Light

Light is an electromagnetic wave. When satisfying certain conditions of coherence,

a superposition of light waves can undergo interference and either constructively or

destructively combine. Coherence refers to the spatial or temporal scale over which

the light remains correlated with itself. Over these scales, there will be little random

variation in the phase of the light, enabling the superposition and interference between

the two waves. Interferometry is the process of using the interference of light to

extract information about an object. When examining the interference pattern of light

(interferogram), variations in the brightness of the pattern are due to phase differences

between the waves. For each wave, phase is altered by each optical element it interacts

with via reflection, refraction, transmission, or simply propagation. Interferometry

is commonly used to measure the specifications of an optical element by combining

a reference wavefront (i.e., that produced by a "perfect" element) and the wavefront

produced by the element being tested. Deviations from the reference wavefront will
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induce a measureable phase change that can be quantified with very high precision in

the interference pattern. Different configurations of interferometers exist for a variety

of applications.

In the scope of Optical Coherence Tomography (OCT), the principle of interfer-

ometry is used to measure tissue properties such as reflection and scattering. OCT

systems operate with low coherence light, and can be conceptualized in a Michel-

son interferometer architecture (Figure 1.1a). Here, the beam from a light source is

split into two paths; one "arm" of the interferometer strikes a reference mirror and

is reflected back with known optical path. The other arm is directed to strike the

sample. The beams are then recombined and the interference is measured with a

sensor. The sample can be scanned to acquire data for a two or three-dimensional

object (Figure 1.1b). In practice, axial scanning is rarely used and other methods,

such as Fourier-Domain OCT is used to obtain depth information, as discussed below.

Figure 1.1 Standard configuration for a Michaelson interferometer, which
can be used to understand the basic working principle of optical coherence
tomography (a). Scanning the point-measurement system results in two or
three-dimensional image data (b).

The spectral profile of a light source used in an interferometer determines the

temporal coherence, and ultimately the coherence length, which dictates how far two

waves of light originating from the same source can travel before losing correlation
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with one another. A fully monochromatic light source theoretically has infinite tem-

poral coherence. In other words, the interferogram produced by the superposition of

two waves from a monochromatic source would be independent of any integer wave-

length difference between the path lengths of the two waves undergoing superposition.

However, each light source will have different spectral profiles in practice. The greater

the optical path difference (OPD) deviates from zero between the two waves being

superimposed, the farther out of phase each source frequency becomes. At some

threshold the OPD will become significant enough that the constructive and destruc-

tive interference from the source frequencies will negate each other and interference

fringes will cease to be visible.

Selecting the coherence length of a source depends largely on the application and

required specifications. For measurement of precision optics with small surface devi-

ations, a nearly monochromatic source and thus long coherence length is preferred.

These "high coherence" interferometry measurements can be used to directly calculate

height deviations from the interference patterns with sub-angstrom axial resolutions.

However, such techniques are not suitable for probing discrete reflectors and scatter-

ers in an inhomogeneous medium such as tissue. High coherence techniques can only

measure fractional wavelength changes in OPD; sudden changes in the interference

pattern may indicate a discontinuity in surface height but the size of the discontinuity

is ambiguous. In the scope of tissue optics, sources of contrast for OCT can exist

on a scale equal to or several times greater than the wavelength of light; hence, high

coherence techniques would not be suitable for these measurements.

In contrast, broadband sources (∆λ ≈ 100 nm) have relatively low coherence. The

consequence is that interference is only observable within the coherence length around

zero OPD between the sample and reference arm in an interferometer. A source

of contrast in the sample will have maximum fringe visibility in the interferogram

when there is no OPD between the sample and reference arm. The known optical
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path length of the reference arm can thus be used to calculate the depth of the

object. This allows accurate measurements of axial locations of discrete reflectors in

an inhomogeneous medium such as tissue.

The Fourier transform of the power spectrum of the source is known as the coher-

ence function. The coherence length lc, or the distance over which two waves remain

correlated, is derived from the coherence function by being defined as the full-width at

half-maximum (FWHM). For OCT, the coherence length defines the axial resolution

of the system, ∆z. Common sources used in OCT exhibit Gaussian power spectral

densities. With central wavelength λ0, and a bandwidth defined as the FWHM ∆λ,

the coherence length, and subsequently the axial resolution is given below in Equa-

tion 1.1. Axial resolution is generally on the order of a few microns in typical OCT

systems.

∆z = lc =
2 ln(2)λ20
π∆λ

(1.1)

1.3.2 Light-Tissue Interaction

Light propagating through biological tissue undergoes multiple scattering and absorp-

tion events as it travels through the medium [77]. In general, tissues have spatially

heterogeneous optical properties; scattering occurs when light travels through spatial

variations in the refractive index [78]. Two primary types of scattering are found

in biological tissue: Rayleigh and Mie scattering. Rayleigh scattering is caused by

particles on a scale much smaller than the wavelength of light. Cellular tissues dense

with lysosomes or other membrane-bound organelles will exhibit Rayleigh scattering

due to the high density of lipid membranes [79, 80, 81]. Furthermore, tissues high

in collagen concentration produce large amounts of Rayleigh scattering due to the

70 nm periodic density of collagen fibrils [82, 83]. Alternatively, Mie scattering is

produced by particles on a similar scale to the wavelength of light. In cellular me-
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dia, the primary Mie scatterers are subcellular organelles, whose size varies between

100 nm to 6 µm. The most prevalent of these organelles is the mitochondria, which

measures on the order 1 µm and is responsible for energy generation in cells [81].

On a scale larger than the wavelength of light, scattering can occur through support

tissues composed of proteins such as elastin or collagen; this scattering is produced

by large-scale structural variations and small-scale inhomogeneities.

Generally, contrast in OCT is generated by an interface between two materials

that have different indices of refraction. The return signal is produced by Fresnel

reflections, and backscattering. In a biological context, contrast could be the interface

between two materials such as fat and muscle tissue. Within the scope of cancer

detection, OCT creates a microstructural scattering map of the organ of interest,

exhibiting physiological features (such as follicles and corpora lutea in the ovary, and

buried glands in the esophagus), which are altered with the onset of cancer. As such,

investigating the tissue microstructure has high potential for providing sensitivity to

early tissue changes.

1.3.3 Optical Design Considerations

In addition to the axial resolution, which is defined by the source characteristics (as

shown in Equation 1.1), other major system design considerations include lateral

resolution, depth of focus, and penetration depth. Note that here the term depth

of focus refers to the distance over which the beam is considered to be "in focus"

in the sample volume. This is different than the photographic definition of depth of

focus, which refers to sensor position in image space. Lateral resolution and depth of

focus are determined by the optical components used to focus the light and there is

a fundamental trade-off between the two parameters. Using the Rayleigh resolution

definition, the diffraction limited resolution of an optical system is given by
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∆x ≈ 0.61λ0
πNA

, (1.2)

where NA is the numerical aperture of the optics, and λ0 is the wavelength. Given

that OCT systems tend to have relatively low numerical aperture optics, and nar-

rowband light sources, this approximation is relatively accurate. However, to obtain

a more accurate measurement of resolution and to assess depth of focus, Gaussian

beam propagation can be used to model the beam in the sample arm. In the scope

of endoscopic OCT, the sample arm is usually a single-mode fiber, with an approx-

imately Gaussian output. With an output beam waist of w0, a Gaussian beam can

be modeled over a propagation distance z using a complex beam parameter q(z):

1

q(z)
=

1

R(z)
− i λ0

πnw(z)
. (1.3)

Here, R(z) refers to the radius of curvature, w(z) is the beam radius, and n is the

index of refraction. The beam radius is connected to the beam waist by the equation

w(z) = w0

√
1 + (z/zR)2 (1.4)

where zR is the Rayleigh range, defined as the propagation distance to observe a
√

2 increase in waist size. Figure 1.2 below shows a diagram of these parameters in

relation to Gaussian beam geometry.

The q parameter will be altered by each optical element that it propagates through.

For an OCT system, the q parameter can be propagated through each element in the

optical system and the final Gaussian beam can be assessed for resolution, depth of

focus, and location of the focus. The location of the beam focus is defined as the

location of the beam waist. With the beam waist defined as the radius at which there

30



Figure 1.2 Diagram illustrating Gaussian Beam parameters.

is a 1/e amplitude fall-off of the beam profile, the final resolution of the system can

be expressed as twice the beam waist:

∆x ≈ 2λ0
πNA

. (1.5)

Note that the expression for resolution in Equation 1.5 above is similar to that

shown in Equation 1.2 except for a constant factor. The expression in 1.5 is more

accurate for OCT imaging as it assumes a Gaussian beam profile, whereas 1.2 assumes

a uniform beam profile at the pupil. In addition to resolution, the depth of focus is

defined as twice (±) the Rayleigh range and determines the range over which near

diffraction limited imaging occurs. This can be expressed as

DOF = ±zr = ± 2λ0
π(NA)2

. (1.6)

A final consideration is the penetration depth. This is primarily dictated by the

strong scattering of light at lower wavelengths, as well as tissue absorption. Due to

absorption and scattering in the upper layers less light will reach the lower layers and

backscattered light from lower layers is attenuated on its return path again [84]. In

tissue, Mie scattering is the primary source of signal attenuation, though there is some

influence from Rayleigh scattering as well. The reduced scattering coefficient (µ′s) is
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a parameter to quantify the attenuation of light due to scattering in an analogous

manner to the absorption coefficient. It can generally be modeled as

µ′s(λ) ∝ (fR(
λ

500nm
)−4 + (1− fR)(

λ

500nm
)−bMie), (1.7)

where the wavelength λ is normalized to a reference wavelength to produce a

dimensionless value. The term fR is the fraction of Rayleigh scattering and (1 −

fR) is the fraction of Mie scattering [85]. Rayleigh scattering is well-known to be

proportional to λ−4; however, the power of Mie scattering (bMie) varies significantly

depending on the tissue type. Published values for organs including the skin, brain,

breast, bone, and other soft, fatty and fibrous tissues range from 0.32 to 1.09. Values

of fR also range significantly, between 0.15 and 0.4. Reference [85] provides a summary

of various tissue scattering measurements, with some examples shown in Figure 1.3b

below. Considering the vast range of scattering parameters within tissues, the reduced

scattering coefficient is extremely difficult to predict. However, given the clear inverse

dependence on wavelength, it can be concluded that longer wavelengths provides

deeper penetration depths.

Absorption also influences penetration depth. The primary tissue constituents

that are responsible for light absorption include water, melanin, and hemoglobin [86].

Figure 1.3b illustrates the spectral absorption profiles of these molecules. Given these

properties, maximum penetration depth is achieved using light in the wavelength re-

gion of 800 nm - 1000 nm, which can extend up to 5 mm in the tissue. A common

wavelength for OCT systems is 1310 nm, which has approximately 2 mm of penetra-

tion depth. Depending on the feature of interest, source wavelength must be chosen

to balance axial resolution and penetration depth.

In the context of ovarian cancer, it is commonly thought that the epithelial can-

cers begin in the topmost 100 µm of the tissue [87]. For esophageal cancer, the early

neoplasia begins on the surface of the tissue, or buried glands are typically found
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Figure 1.3 Reduced scattering coefficient measured for different tissue types
(a) and relative spectral extinction coefficient for common tissue absorbers
including water, melanin, Hb and HbO2 (b).

within the uppermost 2 mm of epithelial tissue [88]. Feature sizes for buried glands

in esophageal cancer is on the order of 100 µm - 200 µm [89], and in ovarian cancer,

early-stage disease is characterized on an even larger scale such that OCT provides ex-

cellent resolution [57]. For example, assuming a standard 890 nm wavelength sources

with 0.065 NA focusing optics, the lateral resolution of an OCT system would theo-

retically be less than 10 µm with a depth of focus of 150 µm, and an axial resolution

of approximately 4 µm. Thus, this would provide high resolution throughout the

epithelial layer, allowing the detect neoplastic and metaplastic lesions.

1.3.4 Endoscopic Implementations of OCT

Applying OCT with an endoscopic architecture generally relies on an optical fiber-

based geometry. The use of fiber optics enables a more robust, compact, and portable

system. The sample arm in Figure 1.1 is the endoscope probe itself, with an analo-

gous reference arm measured from a similar length of fiber. Often, these OCT sys-

tems are operated in a Fourier-Domain configuration, where the combined light from

the reference and sample arms is dispersed and recorded in the spectral domain via

spectroscopy. Applying the Fourier transform to the spectrum yields depth-encoded

information in what is known as an A-scan. Within a single A-scan is the depth
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information for a single point, e.g, f(z). A B-scan is a transverse scan of A-scans

in a single spatial dimension, creating a cross-sectional image, e.g, f(x, z). Further

scanning and data acquisition in the orthogonal spatial dimension can be used to

generate an volumetric dataset, e.g, f(x, y, z). This can be sliced to produce en face

images that resemble standard 2D imaging geometries, which are known as C-scans

[90]. Examples of each of these scans is shown below in Figure 1.4a-c.

In the context of endoscopy, many OCT systems operate as helical scanning sys-

tems, which can be used to generate three-dimensional data cubes for long swaths of

internal luminal organs such as the esophagus. The endoscope probe is designed as

a side-viewing probe (Figure 1.4d), The distal optics for these probe focus the beam

while also redirecting it perpendicularly to the probe’s long axis [91]. To achieve

circumferential scanning, side-viewing probes often require optical rotary junctions

to couple light from a fixed source fiber connected to the light source to a rotating

optical fiber within the probe [92, 93, 94]. A mechanism for longitudinal translation

is also required to achieve the helical scanning pattern, which could be manual or

mechanical. More recently, micro-motors have been integrated onto the tip of endo-

scope probes to achieve helical scanning, with the advantage of being more robust to

probe bending, and yielding higher image acquisition rates [95, 96, 97].

For non-luminal organs, or for applications such as guided biopsy, forward-viewing

probes can be more appropriate, as the plane of interest is directly in front and perpen-

dicular to the endoscope (Figure Figure 1.4e). Endoscopic techniques for scanning in

the forward-viewing configuration have been implemented using fiber scanning sys-

tems [98, 99] to directly deflect the fiber tip at the distal end, as well as MEMS

scanning mirrors [100, 101, 102], and using Risley prisms [103] for beam deflection.

Various trade-offs between the different methods exist including scanning rate, sam-

pling resolution, and non-uniform sampling patterns over a field of view.

In both architectures, OCT endoscopes can be thought of as proximal-scanning
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probes and distal-scanning probes. Proximal-scanning probes are generally more cost-

effective and more compact, while distal-scanning probes offer significantly improved

beam scanning speeds, while also minimizing bending and stress-induced refractive

index variations in a rotating fiber. This ultimately reduces distortions of OCT signals

and yields better quality data.

Figure 1.4 Example A-Scan (a), B-Scan (b), and en face images (c) acquired
using OCT, and the relation to one another. Diagram of architectures for
helical scanning and side-viewing OCT probe (d), and forward-facing OCT
probe (e).

Distal optics for OCT endoscopes are designed to achieve a particular lateral

resolution at a given working distance. Given the small diameter and common need

to steer endoscopes, size is a critical design constraint, both in terms of diameter

and rigid tip length. Miniaturized optics permit easy integration into existing clinical

instruments by passing the probe through a working channel (for example, 2.8 mm

and 3.2 mm are common channel diameters). Short rigid lengths are required to

enable steering and navigation through tortuous paths within the body. One of the

most common optical elements in OCT endoscope distal design is a gradient index

(GRIN) lens. Glass rods and spacers are often integrated to enable beam expansion

prior to passing through the focusing lens [104, 105]. Some OCT endoscopes have

been demonstrated using a completely fiber-based system where different fibers can
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be thermally spliced together and fused to a ball lens for focusing [106]. More recently,

advances in miniaturized optics including 3D printing have enabled advanced optical

designs that employ a series of lenses and filters in a classical imaging configuration

to provide high resolution while also integrating multiple other modalities [107].

On the proximal end, fiber-based OCT systems include a dispersion compensating

element, and a polarization correction element to balance the effects of light passing

through a fiber. Light traveling through a fiber will undergo dispersion due to the

wavelength-dependent refractive index of the fiber core. Dispersion must be corrected

to maintain axial resolution and can be corrected with an adjustable dispersive prism

in the reference arm (Figure 1.5). Depending on the fiber optics, the polarization

state of the light source may not be maintained by the fibers. Matching polariza-

tions are required to produce the maximum interference visibility. One solution is to

incorporate polarization paddles in one of the arms in order to correct the mismatch.

Figure 1.5 Endoscopic OCT system (a) and probe tip (b) based on Fourier-
Domain OCT.
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1.4 Multispectral Fluorescence Imaging

Multispectral fluorescence imaging (MFI) covers a broad range of imaging systems

that select specific wavelengths of light for illumination and detection. These frequen-

cies are selected to probe intrinsic or extrinsic fluorophores to provide quantitative

diagnostic information. MFI often is used with a wide field-of-view, illuminate a

large area of tissue for rapid imaging with little or no scanning. A series of different

light sources and/or filters are be used to separate the excitation and emission of the

fluorophores of interest.

In general, multispectral imaging has found wide application in the fields of as-

tronomy, geology, agriculture, industry, and forensics. With the vast advancement

of filters, detectors, image processing and analysis techniques, interdisciplinary ap-

proaches, and fluorescent dyes, using multispectral imaging to probe fluorescent con-

trast is a rapidly growing practice in biomedicine with applications in cell biology,

preclinical drug development, and clinical pathology [108, 109]. Examples in the pre-

clinical domain include using MFI to assess tumor vascularization and to monitor

therapeutic response to anti-angiogneic treatments [110, 111]. MFI has also been

applied to differentiate tissue types and to provide cellular-level diagnostic informa-

tion [112, 113, 114], as well as been combined with quantum dots to detect molecular

targets in vivo [115, 116]. Clinically, MFI has shown promise for tumor detection

when combined with multiphoton microscopy [117, 113, 114]. Autofluorescent MFI

has shown promise in oral cancer screening [118], assessment of macular degeneration

[119], as well as lymph node assessment in gastric cancers [120]. Numerous other

applications of MFI have been demonstrated; ultimately, MFI has strong potential to

impact cancer screening and diagnostics, as well as other facets of biomedicine, when

used to probe both intrinsic and extrinsic sources of fluorescence.

In this section, a brief discussion of the physics behind fluorescence is discussed,

followed by common fluorophores in biological imaging, and finally a discussion of
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common MFI system architectures.

1.4.1 Fluorescence Process

When light is absorbed by tissue, the energy is converted either to heat or radiated

through the process of luminescence when the excited energy state is relaxed[78, 121,

122]. As most tissue excitation has a short lifetime, this radiation is categorised as

fluorescence as opposed to phosphorescence, which has a much longer lifetime on the

order of milliseconds.

Generally, fluorescence signal is produced by molecules absorbing photons to pro-

mote electrons to higher energy states. Over time, some energy is lost due to vi-

brational relaxations. Eventually, the electrons return to the ground energy state,

with the remaining energy being converted to fluorescent emission (Figure 1.6a). The

particular frequencies of light that are absorbed correspond to the specific molecules

present in the tissue.

Figure 1.6 Energy diagrams illustrating standard fluorescence (a), two-
photon excited fluorescence (b) and second harmonic generation (c).
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1.4.2 Intrinsic and Extrinsic Fluorescence

Tissue fluorescence can originate either from an intrinsic chromophore, called aut-

ofluorescence, or from an externally-applied fluorescent dye. Of the intrinsic chro-

mophores, most are associated with structural tissue or cellular metabolic path-

ways [78, 123]. Collagen and elastin are the most prevalent structurally-related

chromophores, while metabolic chromophores include nicotinamide adenine dinu-

cleotide (NADH), flavin adenine dinucleotide (FAD), and lipopigments (Figure 1.7a)

[124, 108]. Fluorescence from these constituents varies in magnitude as well as exci-

tation and emission spectra across the visible and ultraviolet spectrum, for example

experimental measurements can be used to unmix a combined signal when the com-

ponent signals vary by an order of magnitude (Figure 1.7b) [124, 125]. Importantly,

autofluorescence can be an intrinsic marker for disease state. Throughout the pro-

gression of disease, cell structure and metabolic rate can vary; this results in different

concentrations of intrinsic chromophores, varying the fluorescence emission spectra.

Hence, investigating autofluorescence has potential for disease diagnosis in real time

without injecting fluorescent dyes [78].

Figure 1.7 Normalized spectral profiles of endogenous autofluorescent com-
pounds found in tissues for an excitation wavelength of 366 nm (a). Exam-
ple of fitting a measured autofluorescent spectrum to individual endogenous
components (b). Figure created based on original from [124] under CC BY
License.
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1.4.3 Multispectral Fluorescence Imaging Systems

MFI systems can be implemented with a wide variety of optical specifications, ranging

from microscopic resolutions and fields of view in endoscopes, to wider-field benchtop

imaging systems. Fluorescence signal is incoherent and thus the emission signal from

an increased abundance of fluorophores, or increased excitation light to the limit of

photobleaching, will add proportionally. As such, this imaging modality has few con-

straints in the optical design and can be tuned to the specific application. Generally

speaking, MFI systems fall under the broader category of spectral imaging systems,

which could be applied to any source of light and are not constrained to fluorescent

signal.

Figure 1.8 Different scanning architectures for spectral imaging systems,
including point-scan (a), line-scan (b), wavelength scanning (c) and snapshot
imaging systems (d). Figure created based on original from [126] under CC
BY License.

MFI systems must consider trade-offs between spatial, spectral, and temporal res-
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olution. To image an object with extent, there are three dimensions of data that

must be recorded: two spatial dimensions (x,y) and one spectral (λ). Acquiring this

3D "data cube" can be accomplished using various methods of scanning (Figure 1.8).

One approach is point scanning probes that measure spectral signal at a single spatial

location; fiber optic-based probes are extremely suitable for this type of MFI system.

These systems often act as a spectrometer with the object point effectively acting

as the entrance slit. Point-scan systems can achieve very high spectral resolution, or

even be coupled with specialized detectors to probe fluorescence lifetime. Tunable or

filtered light sources, or coupling several sources, enables the excitation of various flu-

orophores. Unfortunately, the need to scan over the sample in two spatial dimensions

can be time-intensive if the spatial extent is large.

Therefore, in order to provide rapid imaging over a wide field of view (on the order

of centimeters), the MFI system typically has some mechanism to record fluorescence

information from multiple spatial points simultaneously, at the cost of spectral res-

olution. Various scanning architectures beyond point-scanning exist and are shown

in Figure 1.8. One possibility is to record a single line of spatial data, dispersing it

spectrally and recording the two-dimensional result. These "line-scanning" systems

reduce the scanning dimension to one. A further possibility is to record a full two-

dimensional image, while scanning through wavelength using filters or tunable light

sources. There are some "snapshot" spectral imaging cameras that can be used to

rapidly acquire spatial and spectral resolution, though these are often large, costly,

and require multiple sensors operating simultaneously [126, 127].

Regardless of the system architecture, MFI systems must possess an illumination

system capable of producing multiple illumination wavelengths to excite different

fluorophores. This can be done using a broadband light sources with a series of filters,

or by multiplexing a variety of narrowband sources such as LEDs or laser diodes.

Mechanical shutters and high speed electronic switching can be used to alternate
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between illumination sources as needed. The detection system for an MFI system

must also be able to isolate specific emission bands of light. As discussed earlier, this

could be done using a single 2D detector array coupled with a filter wheel (spectral

scanning), or by dispersing the spectrum on one portion of a detector and scanning

spatially.

Snapshot systems to simultaneously detect spatial and spectral information are

generally more costly to implement and less flexible for prototyping and miniaturiza-

tion. However, with known emission bands based on reference data, a simultaneous

collection system is more desirable, as acquisition time is decreased and tissue mo-

tion between sequentially acquired spectral images is eliminated. Furthermore, it has

been shown that biochemical sensitivity can be maintained using a subset of the most

relevant spectral bands [128, 129]. Recent advances in nanofabrication have given rise

to specialized sensors that filter different wavelengths on a pixel-by-pixel basis. These

"multispectral filter arrays" have enabled snapshot spectral imaging systems in minia-

turized packaging [130]. There is an inherent trade-off between spatial and spectral

resolution for these devices, as increasing the number of filters will cause a larger

mosaic pattern, effectively degrading the spatial resolution. Even with advanced de-

mosaicking methods, the effective spatial resolution will be reduced, particularly in

the case where there is little spectral correlation. While commercial sensors can rou-

tinely reach 40 Megapixels, with pixel sizes nearing 1 µm, there is also a challenge

with registering the filter array on the sensor with a smaller pixel size. As such, most

filter arrays are limited to a 4 x 4 mosaic size or smaller in order to maintain spa-

tial resolution with a commercial sensor. A significant effort is presently being made

toward implementing these for endoscopic cancer diagnosis and is discussed in more

detail in Section 3.3.
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1.5 Multiphoton Microscopy

Multiphoton microscopy (MPM) is based on the molecules in tissue interacting with

more than one photon simultaneously, allowing for signal generation at a higher en-

ergy than the illuminating light. MPM holds inherent advantages for imaging living

tissues by improving depth penetration and reducing photodamage. This is a direct

result of employing longer wavelength (e.g., red to NIR) femtosecond lasers to gener-

ate observable nonlinear signals in the visible range (400 nm - 780 nm). The longer

excitation wavelength enhances the ability to image deeper into a sample through a

reduction light scattering proportional to the fourth power of the excitation wave-

length, as well as taking advantage of the low absorption of water, which begins to

increase above 1000 nm. MPM systems have small fields of view and microscopic

resolutions, enabling precision tissue inspection and analysis.

Given the imaging advantages of MPM, it is no surprise that it has found tremen-

dous success in biomedical imaging. Examples of use in biomedicine include pathol-

ogy identification [131], oncology [132], as well as a label-free method for generating

a histological analog [133]. Specifically in the scope of cancer diagnosis, MPM has

shown high sensitivity for distinguishing cancer of the ovaries [113, 114], the pan-

creas [134, 135], the esophagus [136, 137], among many others. Providing a label-free

method of high-resolution, depth-resolved microscopic imaging makes MPM an excel-

lent tool for biomedical tissue characterization. Recent work has focused on applying

MPM through endoscopes to enable point-of-care tissue characterization and assess-

ment [138, 139, 107].

This section presents a brief discussion of multiphoton processes and the relation

to biomedicine, as well as MPM imaging systems and design considerations.
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1.5.1 Multiphoton Processes

One type of MPM is two-photon excited fluorescence (2PEF), in which a fluorophore

absorbs two photons essentially simultaneously to generate fluorescence emission at

a higher frequency than the incident light (Figure 1.6b). Due to vibrational relax-

ations and other losses, the frequency of the fluorescent light undergoes a Stokes

shift to slightly less than twice the illumination frequency. While extrinsic contrast

can be injected and probed with MPM, 2PEF allows for utilization of natural flu-

orescence, eliminating the possibility of toxicity or other side effects from injected

contrast agents, and simplifying the imaging procedure.

Another form of MPM is second-harmonic generation (SHG), in which contrast

is formed by the nonlinear scattering of non- centrosymmetric structures [140]. The

nonlinear nature of the scattering in SHG results in emission light with precisely twice

the frequency of the excitation light (Figure 1.6c). SHG is coherent, nearly instan-

taneous, and preserves polarization. SHG is not an absorptive and emissive process

like fluorescence, which can temporarily saturate the fluorophore, or permanently

photobleaches.

There are analogous three-photon (and theoretically higher-order) processes to

both 2PEF and SHG; however, this dissertation is focused primarily on the application

of two-photon imaging and therefore high-order multiphoton events are not discussed

in detail.

1.5.2 Light-Tissue Interaction

In two-photon excited fluorescence (2PEF), two photons are simultaneously absorbed

by a fluorophore and then emitted as one photon at a higher frequency than the

incident light. Using excitation light near 800 nm, endogenous fluorophores that can

be visualized with 2PEF include proteins, metabolic co-factors such as NADH and
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FAD, structural proteins such as collagen and elastin, and a variety of other molecules

including vitamins and lipopigments [141, 142]. Other natural fluorophores can be

targeted by tuning the excitation wavelength and emission filters in an MPM system.

Figure 1.7 shows some of the most common intrinsic fluorophores in biomedicine.

Resulting 2PEF images create a microscopic map of the local tissue metabolism and

biochemical abundances, which are known to vary with the onset of cancer. As such,

it provides localized functional information of the tissue, which yields highly useful

quantitative diagnostic information for disease analysis.

In second harmonic generation (SHG), phase matching of photons in non- cen-

trosymmetric structures results in a scattering event in which two photons are com-

bined into a single photon at twice the frequency of the incident light [140]. SHG is

primarily used for visualization of collagen. The onset and proliferation of cancer is

shown to disrupt the collagen matrix of tissue; therefore, SHG imaging provides sensi-

tivity to microstuctural changes that may be induced with early cancer development.

Figure 1.9 illustrates example MPM images of ovarian tissue both for 2PEF (Figure

1.9a), SHG (Figure 1.9b), and the two modalities superimposed (Figure 1.9c).

Figure 1.9 Example images for ovarian tissue acquired with two-photon
fluorescence (a), second harmonic generation (b), and the two modalities
superimposed (c).
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1.5.3 Multiphoton Imaging Systems

In MPM, femtosecond pulsed laser light is focused with high numerical aperture optics

to create a high instantaneous power density in a small volume of tissue, enabling

multi-photon events that result in sub-micron resolution imaging with insignificant

signal generation out of the focal volume. MPM using near-infrared light has the

ability to image the same fluorophores hundreds of microns deeper than confocal

microscopy using ultraviolet or visible light. The laser is scanned in two dimensions

while the sample is moved in the third dimension to create a 3-D image set. Light

collected from 2PEF and SHG are separated using bandpass filters.

One advantage of MPM is that, due to the nonlinear nature of the process, the

probability of a multiphoton event is proportional to the square (for two-photon

events) of the power of the illuminating light, shown below in Equation 1.8. τ is the

pulse width, f is the repetition rate, δ is the excitation cross section, and h, c, λ are

the Planck constant, speed of light and wavelength, respectively. We can also see

that there is a strong dependence on the numerical aperture. The implication of this

relationship is that there is only appreciable signal produced in a thin slice of depth

around the focal point. This is known as optical sectioning, and scanning in the axial

dimension enables three-dimensional image acquisition.

P ∝ δ(
P 2
avg

τf 2
)(π

(NA)2

hcλ
) (1.8)

For MPM, the lateral resolution and depth of focus can be derived from well-known

expressions in optical design. Starting with the Rayleigh criterion for resolution, the

lateral resolution and depth of focus (analogous to axial resolution):

∆x =
0.61λ

NA
, (1.9)
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∆z =
2nλ

(NA)2
. (1.10)

For a two-photon event, Equation 1.8 shows the probability of absorption is pro-

portional to the power squared, and proportional to the power N for general N-order

nonlinear processes. Thus, the point spread function will effectively be "raised to

the power of N" as the contrast generation will possess this power-law dependence.

Therefore, the expressions for lateral and axial resolution will be scaled by a factor

of 1/
√
N , ultimately resulting in the expressions below [143]:

∆x(N) =
1√
N

0.61λ

NA
, (1.11)

∆z(N) =
1√
N

2nλ

(NA)2
. (1.12)

Given these considerations, MPM systems often employ high NA optics. Note that

Equations 1.9 - 1.12 are based on paraxial assumptions, and begin to deviate from

the non-paraxial scalar and vector calculations when the NA exceeds 0.7. Given that

the NA of MPM systems frequently exceeds 0.7, this deviation should be taken into

consideration and more advanced optical design and simulations should be conducted

for a true assessment of resolution.

In addition to high NA optics, MPM systems frequently employ femtosecond

pulsed laser sources to increase the probability of observing a multiphoton event.

Selection of a source wavelength is dependent on the sources of contrast that are of

interest, as well as the desired penetration depth. MPM can be done both using

a benchtop microscopy system (Figure 1.10a), or via fiber-based implementations

through endoscopes (Figure 1.10b) [144, 145].
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Figure 1.10 Example system diagrams of benchtop multiphoton microscopes
(a), and endoscopic implementations (b). Figures created based on originals
from [144] and [145] under CC BY License. BP: Bandpass, PMT: Photomul-
tiplier Tube, ETL: Electrically tunable lens.

One of the most common light sources used with MPM is titanium sapphire

(Ti:sapphire) solid-state lasers. Owing to its broad gain bandwidth and decades of

oscillator development, there are Ti:sapphire lasers available for nearly all biological

imaging needs. While the Ti:sapphire laser is an excellent choice for benchtop MPM

systems, endoscopic implementations of MPM lend itself to more compact and robust

light sources, such as fiber lasers. While more modular, these sources do not have

as flexible an output spectrum. However, recent advances have enabled broadening

and wavelength selection in the scope of fiber lasers, making them more feasible for

endoscopic OCT. For example, erbium-doped fiber lasers with self-phase modulation

have been demonstrated for MPM applications in human tissue [146]. Other advances

include using four-wave mixing and stimulated Raman scattering to red-shift a 1064

nm diode laser [147]. Developing advanced and flexible laser light sources for MPM

remains a vibrant field of interest to further enable biological imaging.
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1.6 Biomedical Image Analysis

The field of radiomics aims to extract quantitative and diagnostically-relevant infor-

mation from images data [148]. The processes within radiomics can be divided into

distinct steps with definable inputs and outputs including: image acquisition and

reconstruction, image segmentation, feature extraction and analysis, model building,

and classification (Figure 1.11). Classical radiomics techniques and algorithms imple-

ment advanced statistical and morphological methods to achieve the goals of image

analysis and processing. However, recent advancements in machine learning and arti-

ficial intelligence have demonstrated incredible performance and could potentially lead

to a revolution in standard biomedical image processing techniques. In this section, a

discussion of classical and modern image analysis techniques is presented. First, the

process of image segmentation is discussed, followed by image feature extraction, and

finally classification. Image acquisition and reconstruction are not discussed in this

section, as they are accomplished using the different imaging instruments described

in the previous sections.

Figure 1.11 Common steps involved in radiomics include image acquisition
and reconstruction, pre-processing and segmentation, feature extraction and
analysis, model building, and classification.

1.6.1 Image Segmentation

Image segmentation is the process of separating a specific region of interest in an image

from a background. Segmentation allows the relevant image content to be extracted

and analyzed, mitigating corruption from background features. For example, for
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cancer screening, the region of interest may be a suspicious lesion, superimposed on a

healthy tissue background. When the field-of-view is larger than the region of interest,

segmentation is required. The need for segmentation is not unique to cancer imaging

and screening: segmentation is a common challenge in medical imaging [149, 150],

and more generally, remote sensing. Unfortunately, pre-existing solutions are tuned

to a given application and do not translate well between imaging modalities [151].

Thus, it is necessary to tune a segmentation algorithm to a specific application.

Many different approaches to segmentation have been proposed in the scope of

medical image processing [149, 151, 152], and can be categorized according to the

underlying mathematical approach. Classical segmentation techniques partition the

image into non-overlapping, continuous, segments based on the value of some features,

such as brightness or texture [153, 154, 155]. Pixel classification methods are an

extension of classical approaches, albeit the constraint on region continuity is relaxed.

Thresholding the image remains one of the simplest and most intuitive approaches to

segmentation. In this case, a histogram is created to cluster pixels according to some

feature, such as pixel intensity or a texture parameter. The thresholds are selected

to partition the histogram, where the pixels residing in a given partition are assigned

a label for segmentation. Depending on the feature represented in the histogram,

thresholding can be used to segment based on edges or regions; other methods use a

combination of the two and are referred to as hybrid algorithms [156]. For example,

the watershed algorithm is a widely-used technique where regions of different classes

are first seeded based on finding maxima in a distance-transform of the image; the

regions are then grown until the sources meet [157]. The resulting boundary between

sources is taken then as the segmentation.

Pattern recognition algorithms can perform segmentation by identifying inherent

structure in an image. These algorithms can either be supervised or unsupervised;

in either case, the algorithm identifies patterns in the image, which are then used to
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partition the image area. Supervised approaches are first trained on a set of manu-

ally segmented images that are used as reference; examples include artificial neural

networks and support vector machines (SVM) [158, 159]. Recently, deep learning

methods have found increasingly widespread application for segmentation and anal-

ysis. The most notable is the U-Net, which was developed specifically for biological

image segmentation [160]. Unsupervised methods, also known as clustering methods,

do not need training data; however, properly initializing the algorithm parameters

is essential for accuracy [161, 162, 163]. Another class of segmentation algorithms is

referred to as global optimization methods, which are based on energy minimization

techniques. One such example is graph cutting, where the image is represented as

an adjacency graph [164, 165]. In this graph, the vertices represent pixels of an im-

age and the weight between two vertices is the similarity between two given pixels.

The graph is then partitioned by cutting the vertex connections to create different

groups. The optimization minimizes the summation of the weights that are cut,

which can be thought of as minimizing the energy in the system. Another form of

energy-minimization is to fit a model to the image, which takes advantage of morpho-

logic or structural characteristics. Examples of this include fitting deformable models

and parametric curves to an image [166, 167]. Recently, one such technique known

as the active contour model has found much success in medical image segmentation

[168, 169, 170]. An active contour model is applied by initializing a so-called snake,

which is a two-dimensional path within the image. This path can be constrained with

different boundary conditions and the algorithm proceeds by fitting this path to the

contours in the image. This deformable path is an energy minimizing spline influ-

enced by image forces, defined to pull it towards object contours, which are balanced

by internal forces that resist deformation. The internal energy forces can be defined

as the continuity of the contour added to the smoothness of the contour. The image

energy forces includes a term for edges (based on the image gradient), a term for lines
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(based on the image intensity), and a term for corners, or terminations (based on the

difference in orthogonal gradients). Each term can be weighted with a positive or

negative coefficient to define whether it is drawn toward or repelled from the salient

features. Optimization of the contour by minimizing the energy can then be done

through gradient descent, or other optimization algorithms. Active contours may be

understood as a special case of the general technique of matching a deformable model

to an image by means of energy minimization. While quite robust, the active contour

approach does require knowledge of the desired contour shape beforehand to properly

initialize the path.

Other classes of segmentation exist that are found less frequently in medical image

analysis; for example, registration-based methods such as ATLAS warping [171, 172],

other machine learning models including active appearance modeling [173, 158, 174],

and a method known as locally excitatory globally inhibitory oscillator network, which

is based on a biologically plausible computational framework inspired by a biological

oscillator network [175, 176].

1.6.2 Feature Extraction and Texture Analysis

Feature extraction is the process of identifying relevant characteristics and describing

data in an image [177, 178]. Features can be qualitative; which are used frequently

within and outside the field of medical imaging. While intuitive, qualitative features

depend on the perception of the observer and often are extremely sensitive to op-

erator experience. Quantitative features are descriptors extracted from image data

using mathematical algorithms and analysis. Quantitative features are becoming

more commonplace as image data increases in dimensionality and size, and moves

toward multimodality. These features can be selected to describe different levels of

complexity, including properties such as shape, intensity, local variations in intensity

(texture), and higher-order properties as well. Quantitative processing can be applied
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directly to raw image data or after applying pre-processing or analytics filters and

transforms [178].

Shape features describe the morphological characteristics of a region of interest

(ROI) and its geometric properties such as volume, maximum extent, surface area,

sphericity, etc. [179]. Features based on the first-order statistics consider the distri-

bution of individual pixel (or voxel) values without considering spatial relationships.

These extracted from image histograms and report the mean, median, maximum,

minimum values of the intensities on the image, as well as their statistical moments

include skewness, kurtosis, uniformity, and randomness. Second-order statistics fea-

tures include so-called texture features, which can be extracted using texture analysis,

and is described in more detail below. Higher-order statistics features are obtained

by statistical methods after applying filters or mathematical transforms to the im-

ages; for example, with the aim of identifying repetitive or non-repetitive patterns,

suppressing noise, or highlighting details.

Texture analysis in image processing is a general method to describe the local

variations in image brightness. Often used in conjunction with the concept of tone,

which is related to the varying levels of image brightness, texture characterizes the

spatial distribution of the tones in an image [180]. A number of techniques have

been developed for texture analysis of images, which can be generally categorized

into three groups: statistical, spectral, and structural methods. Statistical methods

are based on analyzing image histograms by computing their statistical moments and

other properties [181]. These approaches are best suited to characterize features such

as inhomogeneity and contrast. Spectral methods apply autocorrelation and Fourier

analysis to evaluate periodic features of an image. Finally, structural approaches de-

compose the image into a set of sub-patterns, arranged according to certain placement

rules.

One widespread method of texture analysis is based on constructing and analyzing
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the Grey-level co-occurrence matrix (GLCM) [180]. The GLCM is a spatial histogram

that describes the distribution of grey-level values in an image. Each entry in the

GLCM, p(i, j|d, θ), corresponds to the probability of a pixel with a grey-level of (i)

being a distance (d) pixels away from a neighboring pixel with a grey-level of (j) in

the (θ) direction. With an image quantized into Ng grey levels, the GLCM is an

Ng ×Ng matrix. For a two dimensional image, four directions for (θ) are possible: 0

degrees, 45 degrees, 90 degrees, 135 degrees. Treating the three-dimensional case gives

rise to an additional nine directions in addition to these four to total thirteen. After

computing the GLCM for an image, features are extracted using a set of statistical

measures and mathematical formulae. Details of these expressions can be found in

Appendix B. These features are often averaged for the different directions of the

GLCM to produce a single set of features; by averaging over the different directions,

the features are made rotationally-invariant, which is important when dealing with

unconstrained objects such as biological tissue.

Another common approach to assess image texture is to analyze the spatial fre-

quency domain of an image by taking the discrete Fast Fourier Transform (FFT).

Images that are highly homogeneous would have higher energy density associated

with lower spatial frequencies. On the other hand, images with more inhomogeneity

or edges would have more energy density corresponding to higher spatial frequency.

Features can thus be created by quantifying the distribution of spatial frequencies by

integrating over frequency bands or fitting the distribution to a curve.

1.6.3 Model Building and Classification

Classification in general refers to categorizing data according to certain labels and

using quantitative and/or qualitative criteria to determine which category unknown

data belongs to. As with segmentation and feature extraction, classification can be

achieved qualitatively or quantitatively. For the latter, classification of data is based
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on constructing a mathematical or statistical model based on image features.

Prior to building a classification model using extracted features, feature redun-

dancy must be addressed. Generally, many quantitative features are highly correlated

and inclusion of all features in a model may increase numerical instability and noise.

Hence, initial efforts prior to model building include dimensionality reduction and

feature selection. There are robust automated (or unsupervised) methods to achieve

this including cluster analysis [182, 183] and principal component analysis (PCA)

[184, 185]. Cluster analysis aims to create groups of similar features with high intra-

group correlation and low inter-group correlation. A single feature may be selected

from each cluster and used for subsequent analysis. PCA creates a smaller set of

uncorrelated variables by transforming the data into a new coordinate space. The

most information dense variables (those that explain the most variance in the data)

are then selected. In both cases, the result is a subset of features that are minimally

correlated and have the most descriptive power.

Following dimension reduction and feature selection, the data can then be used to

build a model to predict an outcome or response variable. In the scope of biomedical

imaging, this could be predicting whether tissue is healthy or diseased, or attempt-

ing to quantify the levels of blood oxygenation. An abundance of different analysis

approaches exist, and the choice of specific methodology depends on the purpose

of the study and the outcome category, ranging from statistical methods to data-

mining/machine-learning approaches. Some notable examples include random forest

classifiers [183, 186], neural networks [187], linear regression [187, 188], logistic re-

gression [189], least absolute shrinkage operator [190], among many others.

In biomedical image analysis, one often encounters a situation where multiple

comparisons are made. This poses a challenge when using standard statistical com-

parisons such as a t-test, since these are often based on the premise of false positive

rate. When conducting multiple comparisons, the statistical power is lowered by the
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increased probability of a false positive simply by conducting many attempts. A

number of techniques exist to overcome this issue, most commonly by applying the

Bonferroni correction or using false discovery rate corrections [191]. In any case, the

stability and reproducibility of a predictive mathematical model must be assessed

before application in a clinical setting. It is well known that model fitting is optimal

in the training set used to build the model, while validation in an external cohort

provides more reliable fitting estimates [192]. The first step in model validation is in-

ternal cross-validation. However, the best way to assess the potential clinical value of

a model is validation with prospectively collected independent cohorts, ideally within

clinical trials. Ultimately, classification and prediction is the final step in the pipeline

of biomedical image acquisition and analysis.
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2: PRESENT STUDY

The present study provides evidence to support multimodal imaging for cancer screen-

ing and diagnosis, and also provides the preliminary design for a multimodal endo-

scope designed for esophageal cancer screening. The major contributions to the field of

multimodal optical imaging tissue characterization and disease diagnosis are 1) the de-

velopment of novel segmentation and 2) quantitative feature extraction algorithms for

optical coherence tomography, 3) evaluating the potential of multiphoton microscopy

and multispectral fluorescence imaging for disease screening by using a mouse model

of ovarian cancer, and 4) the preliminary optical design for a miniaturized OCT-

fluorescence endoscope for esophageal cancer screening, including the demonstration

of liquid crystal polarization gratings for high throughput spectroscopy. The specific

background, methods, results and conclusions for each contribution are attached in

the appendices and this chapter serves to provide an overview of the scope, major

findings, and innovations included in each.

2.1 Present and Anticipated Disease Focus

The present study, particularly, the tissue studies conducted with a mouse model, are

primarily focused on ovarian cancer. Nevertheless, given the similarities between the

two epithelial cancers, it can be expected that the conclusions can be generalized to

some degree. Moving forward, my work will focus on translating these modalities to

application in the esophagus.
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2.2 Evaluation of Segmentation Techniques for OCT

Images

While image segmentation has been rigorously investigated among different fields of

medical imaging, further optimization and study was required to apply these methods

to OCT images of the ovaries. In particular, by using a mouse model, the OCT image

data of the ovaries subtended a fraction of the field of view; thus, segmentation was

necessary to avoid contaminating image data with background noise and irrelevant or-

gans. Given that OCT images are three-dimensional, manual segmentation becomes

intractable. Furthermore, the depth-dependent image statistics of OCT image data

present challenges for classical segmentation techniques that rely on image intensity.

This project focused on addressing these challenge by assessing a set of automatic

segmentation techniques for OCT images ranging from classical algorithms to ma-

chine learning-based. The published manuscript, along with additional details on the

algorithms, can be found in Appendix A.

2.2.1 Scope

This project involved using a mouse model of ovarian cancer as the source of data,

and was highly collaborative over multiple institutions. For these studies, we used a

transgenic mouse model in which females spontaneously develop bilateral epithelial

ovarian cancer. The TgMISIIR-TAg (TAg) mouse was obtained from Dr. Denise Con-

nolly and colleagues at Fox Chase Cancer Center in Philadelphia, PA. A 2x2x2 study

design was used with this mouse model. The variables included age (four week; eight

week), genotype (wild type - control; TAg - disease), and dosing to simulate repro-

ductive status (sesame oil - control; 4-Vinylcyclohexene diepoxide (VCD) - simulate

menopause). Contributing authors Koevary and Rice performed mouse surgeries to

explant reproductive tracts and acquire OCT images (for ex vivo study), or directly
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imaged mouse ovaries and Fallopian tubes (for in vivo study). In this study, only the

ex vivo data were used, as the in vivo data was limited in size and had sources of

noise such as motion artifacts that might prevent its combination with the ex vivo

dataset.

For the image segmentation project, contributing author Dr. Sawyer (MD) and

I conducted manual segmentation of all ex vivo images to separate the ovaries and

Fallopian tubes from the image background. I then developed custom Python scripts

to segment and assess the performance of six different segmentation methods to deter-

mine which yielded the most accurate result for this image data type by comparing

to the manual "gold standard." In addition, I performed statistical analysis using

Analysis of Variance (ANOVA) to determine statistical significance. This study also

included an assessment of different pre-processing techniques to examine the perfor-

mance of each. The published manuscript contains the results and detailed method-

ology for each segmentation method [193].

2.2.2 Major Findings

Results indicated that the most effective segmentation technique was to use an active

contour algorithm to deform a shape to fit to the ovary. In this case, the algorithm

was developed such that the segmentation could be completed for the full three-

dimensional data set by propagating the active contour shape throughout the depth

of the image data. With an initial circular shape defined for the first slice, the shape

is then deformed and used as the initial contour for the subsequent slices. The results

demonstrated that this approach maintained high accuracy through the image depth,

where variations in intensity and noise caused other approaches to fail. Furthermore,

the results suggested that using a Gaussian filter to suppress noise was the most

effective for improving segmentation accuracy, though all pre-processing techniques

showed similar improvement. To facilitate the use of this algorithm, a graphic user
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interface was programmed in MATLAB. Details are included in Appendix A.

2.2.3 Innovation and Contributions

The outcomes of this project included assessing a wide range of segmentation algo-

rithms, as well as to develop and optimize a novel approach to three-dimensional

segmentation of OCT image data. These results are of wide interest to the OCT

community, as they could enable more efficient and accurate data processing. Fur-

thermore, the tools developed in this project will be of use in future projects involving

acquiring and analyzing OCT image data, both within the scope of ex vivo and in

vivo tissue studies.

2.3 Three-dimensional Texture Analysis of OCT Im-

ages

Given the ubiquity of OCT imaging in biomedicine, a number of analysis techniques

for feature extraction have been investigated. One that has shown particular promise

for extracting quantitative diagnostic information is texture analysis. Despite the po-

tential of texture analysis, most work has been limited to assessing two-dimensional

slices of OCT image data, discarding a tremendous amount of information contained

in the full three-dimensional image. This project aimed to improve classical ap-

proaches by developing novel three-dimensional texture analysis algorithms. The

published manuscript of this work, as well as a conference proceeding, can be found

in Appendix B.
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2.3.1 Scope

The source of data for this project was the same OCT image data set acquired as

described previously in Section 2.2. In this study, both ex vivo and in vivo image

sets were assessed. In this project, contributing author Chandra conducted texture

analysis on the OCT image data sets using a standard technique of extracting a small,

square (40 pixel by 40 pixel), two-dimensional region of interest (ROI), and comput-

ing texture features based on the grey level co-occurrence matrix. I developed a novel

algorithm to compute the grey level co-occurrence features for three-dimensional data

using the segmented image data produced in the segmentation project. I compared

this three-dimensional technique with the standard square ROT technique, as well as

for a case where the full segmented data was used as the ROI for two-dimensional

analysis. I also applied a method of texture analysis based on analyzing the spatial

frequency content to each set. Using the features obtained from each method, I built

a classification model to differentiate different experimental groups using dimension

reduction and linear discriminant analysis (LDA) to compare the performance of each

feature extraction technique. LDA was used for classification, as opposed to the sup-

port vector machine used in the segmentation project, due to the need to classify more

than two classes. While both are linear classifiers, LDA generally has been shown

to be more effective than SVM when considering more than two classes. Generally,

LDA is a transformation of the data to maximize separability, while the SVM will

only focus on generating a decision boundary on points that are similar. This makes

LDA more appropriate for multi-class classification and SVM suited well to segmen-

tation. The published manuscript contains the results and detailed methodology for

the developed algorithm [188].
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2.3.2 Major Findings

The results indicate that the 3D application of texture analysis is most effective for

differentiating tissue types, yielding an average classification accuracy of 78.6%. This

is followed by the analysis in 2D with the segmented image volume, yielding an average

accuracy of 71.5%. Both of these improve on the traditional approach of extracting

square regions of interest, which yield an average classification accuracy of 67.8%.

Considering these results, we conclude that applying texture analysis in 3D with a

fully segmented image volume is the most robust approach to characterize ovarian

tissue. We also find that the features derived from the frequency distribution yield

high statistical significance, suggesting that the method proposed here is an effective

approach to quantitative tissue characterization.

2.3.3 Innovation and Contributions

The primary advancements in this project include the development of the novel three-

dimensional texture analysis algorithm which demonstrated marked improvement over

standard techniques. Coupled with the automatic segmentation algorithm described

in Section 2.2, this project completes a pipeline for OCT image analysis. Further-

more, the classification model developed in this project is generalizable to any type of

imaging modality and feature input and therefore provides the foundation for future

application beyond OCT imaging. Indeed, this model was subsequently used with

multiphoton and fluorescence imaging, as described below in Section 2.4. Ultimately,

these outcomes provide valuable evidence that texture analysis of OCT images yields

quantitative diagnostic information for tissue characterization and detection of ovar-

ian cancer.
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2.4 Multiphoton and Fluorescence Imaging Tissue

Studies

As with OCT, MPM and fluorescence imaging are widely used in biomedicine for

quantitative tissue imaging, but there is limited evidence to support the effectiveness

in the scope of ovarian cancer. In addition, multimodal imaging is often assumed

to provide significantly improved results over single modality imaging, though there

are some studies that demonstrate to the contrary. It is necessary to validate multi-

modal imaging for a particular application before advanced system development and

clinical application. In these studies, we aimed to assess the suitability of MPM and

fluorescence imaging for detecting early changes in tissue with the onset of ovarian

cancer. We also evaluated whether using multimodal image data provided improved

performance over individual modalities. Two published manuscripts were produced

from this work and can be found in Appendices C and D.

2.4.1 Scope

Two projects were conducted involving multiphoton and fluorescence imaging of tis-

sue. One was focused on the analysis of ex vivo tissue data, and one was focused on

the analysis of in vivo tissue data. The same mouse model as described previously

was used, although in this case, contributing authors Koevary and Rice conducted

multiphoton imaging and wide-field fluorescence imaging (including dye application)

of the organs. Dyes were selected to bind to the folate recepter α, matrix metallo-

proteinases (MMPs), and integrins. Authors Austin and Howard assisted with the

imaging, and authors Connolly and Cai conducted extensive histological analysis on

the resulting tissues.

In these projects, I managed the data storage and organization, as well as con-

ducted texture analysis using the previously developed Python algorithms. Author
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Koevary computed first-order statistics for the fluorescence images, which was coupled

with the texture features of MPM images and input into the previously developed clas-

sification model to assess performance. I also conducted advanced statistical analysis

of results using ANOVA and a linear mixed model. The latter was used to attempt

to offset the confounding effects of the multiple experimental groups, for example,

unequal variance among groups. It is also a tool to assess an overall influence of age,

treatment, or genotype that may not be apparent between two individual groups.

Appendix C.3.2 includes a brief discussion of the difference between the two tests.

From these results, I drew conclusions about the biological and physiological sources

of contrast, and what the image data suggests about the underlying tissue health.

The published manuscripts details the results and methodology used in each study

[113, 114].

2.4.2 Major Findings

The results demonstrated that it is possible to differentiate between experimental

groups (age, genotype and reproductive status) with high statistical significance

(p<0.001) using features derived from MPM images. We also see significant changes

in the signal collected by wide-field fluorescent imaging for the folate receptor α,

as well as that produced by MMPs, between experimental groups (p<0.01). Using

the features to build a classification algorithm using linear discriminant analysis, the

results showed that it is possible to classify different ages, genotypes, and dosing

statuses with high accuracy.

2.4.3 Innovation and Contributions

By using multiphoton and fluorescence imaging, we investigated a wide range of po-

tential contrast sources for detecting early changes in ovarian tissue. The results are

of wide interest to the biomedical imaging community, and in particular, those inter-
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ested in ovarian cancer. We demonstrated that the folate receptor and MMPs could

be used to sense early changes in a wide-field architecture, and MPM could be used

to detect microstructural (from second harmonic generation) and functional changes

(from two-photon fluorescence) at a microscopic level. More important, we demon-

strated that using features from multiple modalities yields the highest performance,

indicating that multimodal imaging is a promising approach for detecting early ovar-

ian tissue changes. This is an important confirmation of the general philosophy that

multimodal imaging can be used to combine complementary information.

2.5 Multimodal Endoscope for Esophageal Cancer

Screening

The various studies detailed above demonstrate that multimodal imaging can be ex-

tremely effective for cancer diagnostics. To advance this concept toward application in

the context of esophageal cancer, I designed a multimodal gastroscope to implement

optical coherence tomography and autofluorescence imaging. While there is an abun-

dance of work detailing the application of OCT to esophageal cancer, this is typically

done in a helix scanning pattern to sample the entire esophageal wall. While com-

prehensive, an alternative approach would be to sample a specific area of suspicious

tissue an "optical biopsy" to enable more accurate tissue sampling. Coupling OCT

with autofluorescence imaging enables both structural and functional information to

be acquired.

2.5.1 Scope

The endoscope project included the preliminary design of the multi-modal gastroscope

including optical and mechanical design of the probe, and also the design and testing

of a novel spectroscopy system based on using liquid crystal polarization gratings
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(LCPGs). Compared to standard diffraction gratings, LCPGs have the effect of only

diffracting light into the +1, -1, or 0 orders. While this limits the tunability, the

overall efficiency of LCPGs can be optimized to very high levels, nearing 99%. As

with standard gratings, the grating pitch can be adjusted to vary the diffraction angle.

One obvious difference is that LCPGs will diffract light depending on the polarization

state, while standard gratings do not behave in this way. Therefore, LCPGs offer a

good solution for spectroscopic applications where moderate spectral resolution and

high efficiency is desired.

The endoscope probe was designed as a forward-facing probe to fit within the 3.2-

mm working channel of a commercial gastroscope, and includes optical paths for both

OCT illumination and detection, as well as fluorescence illumination and detection.

The probe is meant to be operated as a contact probe, where the tip is pressed to be

in contact with the tissue to reduce motion artifacts. Acquiring spatial information is

accomplished with a scanning fiber architecture using a piezo-electric tube to vibrate

a single mode fiber at its resonant frequencies. A ring of collection fibers surrounds the

center lens system to collect autofluorescence signal and is coupled to a spectrometer

on the proximal end of the device.

The spectroscopy system is designed to provide high throughput measurements,

as tissue autofluorescence presents low signal power. An LCPG is used to disperse the

light equally into the +1 and -1 orders. A novel prism system was designed and tested

to fold the two orders onto one another, enabling the detection of the entire signal with

high spectral resolution. The detailed design of the endoscope probe and spectrometer

is presented in Appendix E. I modeled each system in Zemax, as well as conducted

experimental measurements to validate the performance of the spectroscopy system

and prism folding system using reference light sources. Two conference presentations

were produced from this work, along with an SPIE proceeding, which is included in

Appendix E.2.
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2.5.2 Innovation and Contributions

This preliminary design introduced several novel concepts. The design of the distal

probe is useful to inform the development of a multimodal endoscope to fit in the

instrument channel of an existing gastroscope. This approach to instrument develop-

ment overcomes many challenges associated with clinical translation by leveraging the

existing architectures and procedures used by endoscopes. The design demonstrates

that high quality imaging can be accomplishing using commercial components, re-

ducing cost and making a potentially disposable instrument more feasible.

In terms of the proximal optics, the primary novelty lies within the innovations of

the autofluorescence spectroscopy system. The spectrometer is the first demonstra-

tion of using LCPGs for high-throughput spectroscopy, and the prism folding system

is novel in itself as this particular obstacle is unique to this encountered elsewhere.

These components will be of wide interest to the optical design community, as well as

researchers involved in fluorescence imaging of biological and non-biological materials.
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3: FUTURE WORK

The ultimate goal of this research is to improve methods for the early detection of

ovarian and esophageal cancers. Each of the projects presented in this dissertation add

to the body of knowledge to advance toward this scientific goal. While the results are

extremely promising, there remains significant work that must be completed before

these concepts can be applied clinically.

3.1 Image Analysis and Tissue Studies

This work builds on a long history of image analysis in the scope of biomedical

imaging to advance quantitative analysis of OCT, MPM, and fluorescence images. In

particular, this work demonstrated that multimodal imaging can be effective when

combining two methods of imaging that provide complementary information. Despite

these positive results, there are a number of practical considerations to extend this

work more generally. For example, different modalities yield different resolutions,

fields of view, and regions of interest. As a result, the image data collected by

one modality may not directly register to another. To more robustly validate the

effectiveness of multimodal imaging, studies must be conducted to ensure that each

modality is capturing the same region of tissue and thus can be correlated directly.

Another aim of future work is to extend the texture analysis algorithm based

on the grey-level co-occurrence matrix (GLCM) to accommodate multimodal data.

Challenges with this include co-registration between modalities, as well as varying

resolution and field of view. A simple solution would be to compute a series of
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GLCMs, one for each modality. To leverage potential information contained between

modalities, one potential strategy is to first leverage correlations between different

channels in the multimodal data, for example using the spectral differences algorithm

used in image demosaicking. Then, a cross-modality GLCM could be made for each

pair of channels, leveraging the correlation to determine whether the information is

redundant with a single-channel GLCM.

A further area of future research is the integration of more advanced machine

learning techniques for image analysis and pre-processing. Recent advances in convo-

lutional neural networks and other artificial intelligence techniques have demonstrated

remarkable success in tissue classification tasks. Applying these methods to multi-

modal data sets of ovarian and esophageal cancer is of great interest, and is the next

logical step, in improving the quantitative diagnostic capabilities. Machine learning

generally requires very large (1000+) image datasets, which is very challenging to

achieve with biomedical imaging. However, recent advances in generative models and

transfer learning have enabled very high performance with datasets of limited size.

The size of dataset depends on a number of factors including the particular modelling

challenge, as well as the algorithm being used. For a simple case of classifying tissue

into two groups (healthy and diseased) using a convolutional neural network, a robust

model may be feasible with a dataset on the scale of a hundred images by leveraging

advanced generative models and transfer learning. For more complex classification

tasks, additional data would be required. While still extensive, this scale of dataset

is feasible when working in close collaboration with machine learning experts and

clinicians who are performing a standard procedure, such as a surveillance endoscopy.

Indeed, towards this aim we have established a collaboration with Dr. Gregory Ditzler

in the Electrical and Computer Engineering Department, who specializes in machine

learning analysis. Ongoing work with the Ditzler lab in Computer Engineering is

focused with implementing machine learning techniques to analyze these data sets.
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Finally, as mentioned earlier, the tissue studies presented in this dissertation fo-

cus on ovarian tissue. Given the dire need for esophageal cancer screening, additional

studies should be conducted to validate the results in the esophagus. Following the

defense of this dissertation, I will enter a position as Assistant Professor of Opti-

cal Sciences, where my laboratory will work directly with the Gastroenterology and

Hepatology Division at Banner-University Medical Center to acquire and characterize

esophageal tissue using multimodal imaging.

3.2 Multimodal Endoscope for Esophageal Cancer

Screening

This project produced a robust design for a multimodal endoscope. Using funding

from the American Society of Lasers in Surgery and Medicine, parts were acquired to

construct a prototype of the probe tip. Therefore the next steps include the initial

assembly and testing of the distal optics. The subsystem would be tested for imaging

performance, throughout, and also integrated with a piezo-electric tube to achieve

spatial scanning. Once performance has been validated in a laboratory setup, ex vivo

tissue studies would follow, along with the development of the packaging to enable

robust in vivo clinical use and testing.

Another area of future research includes optimization of the scanning mechanism.

Currently, using pizeo-electric tubes to vibrate the fiber optic and scan over an area

has several challenges. For example, desirable scanning frequencies for OCT and

fluorescence imaging can vary by an order of magnitude. One solution of this is to

vibrate the fiber optic in orthogonal axes with different frequencies. One axis, the “fast

axis” enables OCT acquisition at a rapid rate, while a “slow axis” is tuned such that

fluorescence image data can be acquired. To accomplish this, the harmonic resonant

frequencies of the fiber optic must be such that a lower harmonic is a suitably small
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frequency (e.g, 100 Hz), while a higher harmonic is a suitable high frequency (e.g,

3000 Hz). Toward this aim, existing and future work in the Barton lab is focused on

investigating the placement of specific masses on the fiber to provide control over the

resonant frequencies of the fiber optic. Much work remains to be done to optimize

this approach, as non-linearities and repeatability continue to pose challenges. Spiral

scanning is an option for two-dimensional area sampling, though this has issues such

as unequal sampling and forces both modalities to scan at the same rate. In summary,

the optimal method for scanning remains an open question and future work will focus

on assessing the trade-offs and determining a robust solution.

One novel outcome of this work was the demonstration of using liquid crystal

polarization gratings (LCPGs) for spectroscopy. The preliminary results from this

work were very promising, and future work will investigate using an LCPG-based

spectrometer to acquire experimental data of tissue fluorescence. Comparing results

against standard methods for spectroscopy will elucidate the advantages and disad-

vantages of this particular technology. Other applications of LCPGs that are being

investigated are using these optical elements for beam steering in endoscopes.

3.3 Integration of Collaborative Works

Throughout my PhD, I have maintained active collaborations with several interna-

tional research groups to advance my scientific goals of improving cancer screening

methods. A significant focus of my future work as an investigator will be to integrate

my collaborative works with the work presented in this dissertation.

For example, I have conducted work toward implementing phase and polarimet-

ric imaging in endoscope architectures, including capsule endoscopes [194, 195, 196].

Future projects will investigate combining these modalities with OCT, MPM and/or

fluorescence imaging to assess the value of phase and polarimetric imaging in multi-
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modal instruments.

Another major focus of my collaborative works has been the design and opti-

mization of multispectral filter arrays for targeted detection of biological substances

[128, 129]. This work has great potential for spectral imaging in endoscopy, as a cus-

tom sensor could be fabricated that is tuned to provide the highest contrast for iden-

tifying a specific biological or pathological target, for example early-stage esophageal

cancer. Ongoing work is focused on integrating polarization-resolved pixels into these

devices to enhance the contrast and flexibility. Future work will involve conducting

tissue studies of esophageal tissue to obtain a robust reference database of spectral

and polarimetric properties. From this data, a custom multispectral filter array will

be fabricated and integrated into a chip-on-tip endoscope that can couple to the work-

ing channel of an existing gastroscope. Ultimately, this device will be tested in vivo

as an approach for targeted biopsy and improved screening and surveillance. Figure

3.1 illustrates the working concept of the proposed direction for future work.

Figure 3.1 Working principle of proposed multispectral and polarization-
sensitive endoscope proposed for esophageal cancer screening.
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A: Evaluation of Segmentation

Techniques for OCT Images
This Appendix includes all supporting work for the segmentation evaluation and

optimization project. This includes the published manuscript, a description of raw

and processed data locations, and also the programming developed through the course

of the project.

A.1 Accepted Manuscript

In this section, a copy of the accepted manuscript is shown. The publication can be

found at Journal of Medical Imaging.

Note that the merit function in the manuscript in Equation 1 below could be

adjusted such that the labels for each class are 1 and -1 respectively, which would

provide equal weighting for true negatives and true positives. However, this would

enable the possibility of a negative merit function, which may lead to ill-behaved

optimization. Perhaps a better option would be to change the numerator to sum the

number of nonzero entries where S == I.
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Abstract. Ovarian cancer has the lowest survival rate among all gynecologic cancers predominantly due to late
diagnosis. Early detection of ovarian cancer can increase 5-year survival rates from 40% up to 92%, yet no reliable
early detection techniques exist. Optical coherence tomography (OCT) is an emerging technique that provides depth-
resolved, high-resolution images of biological tissue in real time and demonstrates great potential for imaging of
ovarian tissue. Mouse models are crucial to quantitatively assess the diagnostic potential of OCT for ovarian cancer
imaging; however, due to small organ size, the ovaries must first be separated from the image background using the
process of segmentation. Manual segmentation is time-intensive, as OCT yields three-dimensional data. Furthermore,
speckle noise complicates OCT images, frustrating many processing techniques. While much work has investigated
noise-reduction and automated segmentation for retinal OCT imaging, little has considered the application to the
ovaries, which exhibit higher variance and inhomogeneity than the retina. To address these challenges, we evaluated
a set of algorithms to segment OCT images of mouse ovaries. We examined five pre-processing techniques and
seven segmentation algorithms. While all pre-processing methods improve segmentation, Gaussian filtering is most
effective, showing an improvement of 32% ± 1.2%. Of the segmentation algorithms, active contours performs best,
segmenting with an accuracy of 94.8% ± 1.2% compared with manual segmentation. Even so, further optimization
could lead to maximizing the performance for segmenting OCT images of the ovaries.

Keywords: optical coherence tomography, image segmentation, image processing, ovarian cancer.
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1 Introduction

1.1 Burden of Ovarian Cancer

Despite concerted efforts to improve patient outcomes, ovarian cancer remains the deadliest gy-

necologic malignancy in the United States. While ovarian cancer is not exceedingly common, the

disease maintains a high mortality rate, with median five-year survival less than 45%.1 One cause

of this is the fact that ovarian cancer can grow to a large size before causing signs or symptoms,

leading to a high proportion of advanced disease at the time of detection. In fact, a large major-

ity of patients have already experienced spread of their disease to local or distant tissues at initial

diagnosis, resulting in a significantly poorer prognosis.2
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This insidious pattern of disease progression has led to strong interest in the area of ovarian

cancer screening, with the ultimate goal of identifying early stage tumors, while the patient is still

asymptomatic, allowing more effective treatment. Various screening modalities have been investi-

gated to reduce the burden of the disease including physical examination, transvaginal ultrasound

(TVUS), and serum tumor marker measurement (most commonly Ca-125).3 Other screening tests

and multimodal protocols have also been investigated; however, at this time no routine screening

is recommended in average-risk patients.4 As such, there remains a strong need for a high-quality,

minimally invasive modality for effective detection of early-stage ovarian malignancies.

1.2 Optical Coherence Tomography

Optical coherence tomography (OCT) is an interferometric imaging technique first introduced in

19915 that yields depth-resolved, high-resolution images of tissue, providing information about

the tomography and microstructure. Historically, OCT has been successfully applied to biological

imaging in the human eye,6–8 the lung,9, 10 the esophagus,11 the coronary artery,12, 13 in addition

to a number of other organs including the ovaries.14–18 The physical principle of OCT systems

is similar to that of ultrasound, except that OCT systems measure time-resolved backscattered

light instead of sound waves.19 A complicating factor of OCT is the depth dependence of the

system performance. Lateral resolution varies throughout the sample depth. In addition, the axial

resolution degrades in deeper tissue as a result of breaking the assumption of single-scattering of

light; furthermore, absorption by the tissue attenuates the signal. Ultimately, the image statistics

vary as a function of depth, which can frustrate attempts at quantitative analysis. Despite these

drawbacks, OCT is a widely-applied and robust approach to characterizing tissue microstructure.

In particular, OCT has shown great potential for disease diagnostics and tissue classification in
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the ovaries by imaging a wealth of microstructural features, including the stroma, epithelium, and

collagen.14–17, 20

A myriad of different image analysis techniques have recently been investigated in the scope

of classifying tissue health based on OCT images. Some examples include structure and texture

analysis,21–25 convolutional neural networks,13, 26, 27 and other machine-learning techniques.10, 28, 29

Quantitatively characterizing tissue with such approaches has shown great promise as a diagnostic

aid. One important step to test and evaluate the suitability of different methods relies on mouse

models, which are critical to provide a systematic control in which to observe biological variations.

However, in the scope of ovarian OCT imaging, the mouse ovaries must first be separated from the

image background due to the small organ size relative to a typical OCT system field of view. This

process, known as image segmentation, allows the relevant image content to be extracted and an-

alyzed, preventing corruption from background features. The need for segmentation is not unique

to ovarian OCT imaging: segmentation is a common challenge in medical imaging.30, 31 Unfor-

tunately, pre-existing solutions are tuned to a given application and do not translate well between

imaging modalities.32 Segmentation can be accomplished either manually, or automatically. While

accurate, manual segmentation is time-intensive, particularly when OCT yields three-dimensional

data. Also of importance, appropriate preprocessing is required to suppress noise in order to best

segment the image. Much work has investigated noise-reduction and automated segmentation for

retinal OCT imaging;33 however, little has considered the application to the ovaries, which ex-

hibit higher structural variance and inherent inhomogeneity than the retina. Hence, to efficiently

evaluate quantitative analysis methods for ovarian OCT imaging, finding an effective approach

to automatic segmentation is critical. A robust segmentation algorithm would widely inform the

field of OCT imaging as the application has expanded to organs such as the esophagus,11 colon,34
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and coronary artery,12 where segmentation is required to quantitatively assess tissue health.35, 36

Here we evaluate a set of preprocessing techniques and segmentation algorithms for the purpose

of segmenting OCT images of the ovaries.

1.3 Image Segmentation Methods

Many different approaches to segmentation have been proposed in the scope of medical image

processing.30, 32, 33 These methods can be separated into different groups, depending on the under-

lying mathematics involved (Fig. 1). Classical segmentation techniques partition the image into

non-overlapping, continuous, segments based on the value of some features, such as brightness

or texture.37–39 Pixel classification methods are an extension of classical approaches, albeit the

constraint on region continuity is relaxed. Thresholding the image remains one of the simplest and

most intuitive approaches to segmentation. In this case, a histogram is created to cluster pixels ac-

cording to some feature, such as pixel intensity or a texture parameter. The thresholds are selected

to partition the histogram, where the pixels residing in a given partition are assigned a label for

segmentation. Depending on the feature represented in the histogram, thresholding can be used to

segment based on edges or regions; other methods use a combination of the two and are referred

to as hybrid algorithms.40 For example, the watershed algorithm is a widely-used technique where

regions of different classes are first seeded based on finding maxima in a distance-transform of

the image; the regions are then grown until the sources meet.41 The resulting boundary between

sources is taken then as the segmentation.

Pattern recognition algorithms can perform segmentation by identifying inherent structure in

an image. These algorithms can either be supervised or unsupervised; in either case, the algo-

rithm identifies patterns in the image, which are then used to partition the image area. Supervised
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Fig 1 Image segmentation algorithms can be decomposed into different classes, depending on the mathematics in-
volved. We test seven of the most commonly found techniques for medical image segmentation, each of which
belongs to a different class of algorithm.

approaches are first trained on a set of manually segmented images that are used as reference; ex-

amples include artificial neural networks and support vector machines (SVM).42, 43 Recently, deep

learning methods have found increasingly widespread application for segmentation and analysis.

The most notable is the U-Net, which was developed specifically for biological image segmenta-

tion.44 Unsupervised methods, also known as clustering methods, do not need training data; how-
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ever, properly initializing the algorithm parameters is essential for accuracy.45–47 Another class of

segmentation algorithms is referred to as global optimization methods, which are based on energy

minimization techniques. One such example is graph cutting, where the image is represented as

an adjacency graph.48, 49 In this graph, the vertices represent pixels of an image and the weight

between two vertices is the similarity between two given pixels. The graph is then partitioned by

cutting the vertex connections to create different groups. The optimization minimizes the summa-

tion of the weights that are cut, which can be thought of as minimizing the energy in the system.

Another form of energy-minimization is to fit a model to the image, which takes advantage of

morphologic or structural characteristics. Examples of this include fitting deformable models and

parametric curves to an image.50, 51 Recently, one such technique known as the active contour

model has found much success in medical image segmentation.52–54 An active contour model is

applied by initializing a so-called snake, which is a two-dimensional path within the image. This

path can be constrained with different boundary conditions and the algorithm proceeds by fitting

this path to the contours in the image. This deformable path is an energy minimizing spline influ-

enced by image forces, defined to pull it towards object contours, which are balanced by internal

forces that resist deformation. Active contours may be understood as a special case of the general

technique of matching a deformable model to an image by means of energy minimization. While

quite robust, the active contour approach does require knowledge of the desired contour shape

beforehand to properly initialize the path.

Other classes of segmentation exist that are found less frequently in medical image analysis; for

example, registration-based methods such as ATLAS warping,55, 56 other machine learning models

including active appearance modeling,42, 57, 58 and a method known as locally excitatory globally

inhibitory oscillator network (LEGION), which is based on a biologically plausible computational
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framework inspired by a biological oscillator network.59, 60 In this manuscript, we test the per-

formance of seven different segmentation techniques for segmenting OCT images of the ovaries:

intensity thresholding, the watershed algorithm, k-means clustering, graph cutting, a support vector

machine, active contour modeling, and a deep neural network. While numerous other approaches

to segmentation exist, these seven methods are a representative sample of the most widespread

approaches to segmentation in medical imaging, covering a wide range of the different classes of

segmentation.

2 Methods

2.1 OCT System

Three dimensional OCT imaging was completed with a swept source OCT system (OCS1050SS,

Thorlabs). The system operates in non-contact mode with a central wavelength of 1040 nm and

spectral bandwidth of 80 nm. The axial scan rate was 16 kHz and the power on the sample was

measured as 0.36 mW . The system was set to average 4 axial scans. The OCT system has 11 µm

transverse resolution and 9 µm axial resolution in tissue. Imaging volume was 4 mm (X lateral)

× 4 mm (Y lateral) × 2 mm (Z axial) and 750 × 752 × 512 pixels (voxel size of approximately

5 µm × 5 µm × 4 µm). The image volume was exported as a series of 2D en face (X-Y) images,

or slices, and saved to disk as .tif image files.

2.2 Mouse Model

For this experiment, we used a mouse model of ovarian cancer, and imaged mice of different ages,

genotypes and reproductive statuses. Females of the transgenic mouse model (TgMISIIR-TAg)

spontaneously develop bilateral epithelial ovarian cancer.61, 62 Both transgenic females and their
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wild type female littermates were imaged. Two reproductive status groups were obtained by dos-

ing with 4-Vinylcyclohexene Diepoxide dissolved in sesame oil, which induces follicular atresia

mimicking post-menopause63 or vehicle (sesame oil). We imaged mice at four and eight weeks

of age. In total, we acquired 70 images to analyze. By examining mice at different ages, repro-

ductive status, and genotypes, we introduce biological variability into the dataset, thus creating a

challenging segmentation problem.

2.3 Image Processing

2.3.1 Manual segmentation protocol

We established a ground truth set of segmentation masks by manually segmenting each image

using the ImageJ program.64 To do so, a given 3D image stack was loaded, where each en face

slice in the stack represented a different depth. We located the first valid image by finding the

most superficial image slice where the ovaries were visible and the image was not occluded by

artifacts such as strong surface back reflections. A mask was then drawn around the ovaries using

the Create Mask tool (Fig. 2a). The result was a binary mask where the value was one within

the drawn region of interest and zero elsewhere. The image was saved to disk, and the process

was repeated every ten slices until the average brightness within the ovary dropped below 20% of

that recorded from the first valid image. Once this step was complete, the segmentation mask was

linearly interpolated between each manually segmented slice to account for the sampling step of

ten slices (Fig. 2b).

We choose to segment every ten slices to reduce the time required for a full segmentation

(approximately 100-120 slices). While this action may result in a decrease in accuracy, the shape

of the organs evolves roughly linearly on a small scale; thus the approximation by sampling every
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ten slices (4 m, less than 2 axial resolution units) is reasonable. We quantified the error introduced

by interpolating the segmentation mask during manual segmentation. To do so, we manually

segmented an ovary using every slice in the valid region. We then compared the accuracy of

this result to the segmented mask created by interpolating between every 5, 10 and 20 slices using

the performance metric defined in Sec. 2.3.4.

All images were segmented by a single observer; however, there is a degree of uncertainty as

the observer must decide where the segmentation boundary is. To evaluate the error inherent in

manual segmentation, a different individual segmented twenty-five randomly selected ovaries. We

compared the randomness introduced by a given observer by computing the similarity between the

two results. One factor that contributes to this observer error is the decreased signal though the

imaging depth. As the imaging depth increases, we expect the signal within the center of the ovaries

to decrease, as incident light propagates through more volume and absorbed more. Conversely,

light striking the edge of the roughly spherical ovaries will remain high, as it undergoes relatively

less attenuation (Fig. 2c).

2.3.2 Preprocessing techniques

Preprocessing is an essential step of OCT image analysis due to the speckle noise intrinsic to

all OCT images.65 The presence of speckle noise, among other sources of noise, reduces image

quality and can prohibitively frustrate some analysis techniques, such as texture analysis22, 29, 66 and

boundary identification.33 In the body of literature, nearly all OCT image analysis methods consist

of a preprocessing step to suppress electronic and speckle noise. The most common approach is

to apply a median filter; however, other filtering methods have been successfully applied, which

may offer advantages in preserving spatial resolution or reducing processing time.33 Of these
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Fig 2 Individual slices of the OCT image stack were manually segmented using ImageJ (a). This was repeated
throughout the image depth and interpolated to yield the final segmented volume (b). Due to the absorbing nature of
tissue, as the imaging depth increases, the signal within the tissue is expected to decrease, while the signal at the edges
will remain high (c).

possibilities, we examine five representative preprocessing techniques for the reduction of speckle

noise in OCT images (Fig. 3). These include mean and median filtering with a 5 × 5 pixel kernel

size, as well as Gaussian filtering with a standard deviation of 5 pixels. Additionally, we applied

non-linear anisotropic filtering (50 iterations; gamma=0.1) and low-pass filtering (thresholded at

50% frequency content).

The kernel size was selected to attenuate the effect of speckle in the image. Speckle caused

by multiply scattered light and electronic noise is effectively one resolution unit in size;19 there-

fore, our kernel size was chosen as two resolution units in size to eliminate the speckle. Given the
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Fig 3 Five preprocessing techniques were investigated to suppress speckle noise in OCT images of the ovaries (a). We
tested mean (b), median (c), low-pass (d), Gaussian (e) filters, in addition to anisotropic diffusion filtering (f). Each
image here is a single en face slice.

system specifications, two resolution units corresponds to approximately 4.5 pixels; leading to the

selection of a 5-pixel kernel size. This kernel size, along with the parameters for the anisotropic

diffusion filtering and low-pass filtering is consistent with what is found in the literature for ap-

plications with similar lateral resolution.5, 7, 67 To evaluate the performance of each preprocessing

technique, we calculated the average segmentation accuracy (defined in Sec. 2.3.4) across a set of

10 randomly selected test images for the seven different segmentation approaches. We also con-

ducted segmentation on the same set of 10 test images, no preprocessing. By averaging the results

of the 10 images for each preprocessing approach and taking the ratio between the processed and

unprocessed images for each segmentation approach, we compute the relative increase in perfor-

mance. In addition, we recorded the computation time to compare the speed of each technique.

We tested the statistical significance of the results using Analysis of Variance (ANOVA).
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2.3.3 Segmentation algorithms

We tested the performance of seven different segmentation techniques: intensity thresholding, the

watershed algorithm, k-means clustering, graph cutting, a support vector machine, and a deep neu-

ral network. These seven methods are a representative sample of the most widespread approaches

to segmentation in medical imaging. Each belongs to a different class of algorithm and are thus

indicative of how appropriate a given class may be for segmenting OCT images of the ovaries.

Many other approaches to segmentation exist; by examining the performance of this subset, the

results will inform further studies that may focus on a specific class of segmentation algorithms to

further optimize the performance. For each case, we first filtered the images using a Gaussian filter

with a standard deviation of 5 pixels to suppress speckle noise, which we found led to the most

accurate segmentation. We also scaled the means of each individual slice to be equal to correct

for the signal decrease caused by attenuation. This preprocessing was applied to the entire dataset

before any segmentation was attempted. We evaluate the accuracy of each algorithm throughout

the depth of the imaging volume, investigating the maximum accuracy, processing time, average

PPV and NPV, as well as how well the algorithm maintains accuracy throughout the image depth.

All image processing, including preprocessing, was completed in Python using a computer

with an Intel Core I-4710HQ CPU (2.50 GHz) and 16 GB DDR3L memory. Many segmentation

algorithms are readily available in Python; the algorithms tested here can be implemented using

the open-source scientific computing package Anaconda and other packages available on Github.

The parameters for each segmentation algorithm were determined by optimizing the performance

on the most superficial image slice on the set of ten randomly-selected images selected previously.

Thresholding was performed by assigning all pixel values within a range as the ovary; in this case,
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the threshold range was between normalized pixel values of 0.3 and 0.7. For the watershed algo-

rithm, we generated the initial seeds for each region by computing the distance transform of the

image and finding the maximum value in a local 25 pixel by 25 pixel window. The watershed

algorithm was then used to segment the image into nine sections, where these nine sections were

ordered according to the mean pixel brightness; we then discarded the two brightest and two dark-

est sections and merged the remaining five into the segmentation area. The choice to discard the

brightest and darkest sections was determined by iteratively testing combinations of the sections;

the most accurate segmentation was given by the central five sections.

Similarly, we used k-means clustering with a compactness of 0.1 to segment into nine clusters,

again where five clusters were merged to represent the ovaries using the same process as before. In

this case, we constrained each of the clusters to be contiguous, ensuring that all pixels in a group

were spatially connected. Next, we applied graph cutting using a normalized graph cut algorithm;

first the images were pre-segmented by being clustered into thirty groups. This pre-segmentation

step is a traditional step in graph cutting and the choice of thirty groups was found to improve

the overall algorithm performance. Then, the adjacency graph was constructed and the cut made

with a maximum edge value of 0.15 and a threshold of 0.05. This results in between eight to ten

segmentation areas, depending on the image, which we again merged together according to the

mean brightness.

We next trained a support vector machine (SVM) by splitting the image data equally into train-

ing and testing sets, resulting in 35 images for each set, equally distributed among genotype, age,

and treatment. For each pixel, a 5-element feature vector was constructed by recording the slice

depth, the pixel brightness, and the values of several local filters: a median filter (15 px × 15 px

kernel), mean filter (15 px × 15 px kernel) and Gaussian filter (sigma=5). We used a radial basis
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function kernel with a regularization parameter of 1.0. The SVM was then trained by fitting the

array of feature vectors to the ground truth manual segmentation images for each of the training

set. The model was then used to predict the outcome for the test set. Following the output from the

SVM, we applied a binary closing operation followed by a median filter to reduce uncharacteris-

tically bright and dim in the result. The accuracy was computed after applying the morphological

operations. Note that this median filter was applied to the post-processed image and is different

than the initial preprocessing filter.

To test the ability of deep learning for segmentation, we implemented the convolutional neural

network known as U-Net, which as been used with much success for biomedical image segmen-

tation.44 The U-Net architecture resembles an auto-encoder, where the network consists of the

repeated application of two 3x3 convolutional layers, followed by a rectified linear unit (ReLU)

and a 2x2 max pooling operation with a stride of 2. This contracts the arrays, reducing spatial infor-

mation but increasing the information contained in the features. The arrays are then expanded by

upsampling the feature map, followed applying by a 2x2 up-convolution and a concatenation with

the correspondingly cropped feature map from the contracting path, and two 3x3 convolutions,

each followed by a ReLU. The final layer is a 1x1 convolution used to map each 64-component

feature vector to the two possibly classes for binary segmentation. This is the standard architecture

for the U-Net; additional details about the network architecture can be found in the literature. The

same training and test sets used for the SVM and used here: 35 images in each set, distributed

equally among genotype, age, and treatment. Of the training set, a 10 images are selected for

validation. The network was trained for 20 epochs.

Finally, we fit an active contour model to conduct the segmentation. We initialized the snake

by selecting the most superficial manually-segmented image for a given image stack and using
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the manually-defined segmentation boundary to define the initial contour. The segmentation then

proceeds throughout the image stack by using the contour from the previous image as the new seed.

Thus, this approach requires a single manual segmentation, which is then propagated throughout

the depth of the image to yield the full 3D segmented volume. We constrained the snake to be

a closed curve, and specified two additional parameters to characterize the snake evolution: a

length parameter (alpha), for which higher values make the snake contract faster and a smoothness

parameter (beta). For this study, alpha was chosen as 0.001 and beta was chosen as 0.5. These

values were selected by logarithmically evaluating the parameter space and selecting those values

which produced the highest accuracy.

2.3.4 Performance metric

A digital image is represented in a computer as a matrix of numbers, where the magnitude of each

number represents the signal level. In the case of the OCT images in this study, the image is a

three-dimensional matrix, where the size of each dimension is represented by the pixel count in

the x, y, and z directions. A single en face image indexes the three-dimensional matrix along

the z-axis, resulting in a two-dimensional matrix. Assessing the performance of the segmentation

amounts to comparing the similarity between two separate two-dimensional matrices, one of which

represents the ground truth, and the other represents the result of the segmentation. These matrices

can subsequently be collapsed into a one-dimensional vector by concatenating the separate rows

into a single array of numbers, which has a length given by the product of the number of pixels

in the x and y directions. With this methodology, the similarity of two images is analogous to

computing the similarity between two vectors.

Taking this approach to evaluate the performance of a given segmentation method, the resulting
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segmentation mask was compared to a ground truth mask obtained from manually segmenting the

images. The comparison was made between the two binary masks that were generated during

segmentation, where the mask has a value of one corresponding to a pixel containing the ovary and

a value of zero otherwise. The images therefore can be thought of as vectors of ones and zeros.

The accuracy was measured by correlating the two images, which is analogous to taking the dot

product. Mathematically, this is expressed as

M =
S · I
|S||I| , (1)

where M is the accuracy, S is the segmented image from the algorithm and I is the ground truth

image. Scaling down by the vector magnitude of each image results in a value between one and

zero, where one indicates that the images are identical. One implication of using this metric is

that the weight associated with a true-positive result (correctly classifying an organ) is higher than

that of a true negative (correctly classifying the background). Other performance metrics exist and

can be used interchangeably; in this study we select this definition forM due to the computational

simplicity and widespread familiarity.

To gain additional insight, we also use two standard performance metrics: the positive predic-

tive value (PPV) and negative predictive value (NPV), defined as

PPV =
TP

TP + FP
, (2)
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and

NPV =
TN

TN + FN
. (3)

Other performance metrics exist and can be used interchangeably; in this study we select these

three metrics for a broad understanding of how well each algorithm performs and also for the

widespread familiarity of each metric.

3 Results and Discussion

3.1 Manual Segmentation Error

We first tested the error introduced by interpolating the segmentation mask during manual segmen-

tation. We find that the two masks yield an accuracy of 97.7% for sampling every 20 slices, 98.2%

for sampling every 10 slices and 98.3% for sampling every 5 slices. We also examined how the

choice of observer can introduce randomness into the result. Comparing manual segmentations

between two observers for ten randomly selected images yielded a similarity of 97.6%; thus, the

interpolation process does not introduce more error than what is inherent to the variation in the

observer. We also observed that there was no appreciably decrease in accuracy when observers

randomly sampled slices through the depth of an image. This error varied minimally (<2%) over

the sample of twenty-five images, which indicates that the computed error is representative of the

total population. Furthermore, the error between the segmentation algorithm results and the man-

ually segmented slices compared to the interpolated slices had no observable difference. For each

subsequent manual segmentation, we sampled every 10 slices.
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3.2 Preprocessing Techniques

The average increase in accuracy when using different preprocessing techniques (as compared to

no preprocessing), as well as the required processing time, is shown in Figure 4. The results indi-

cate that Gaussian filtering and median filtering produce the highest average improvement, with the

Gaussian filtering increasing relative accuracy by 32% when compared to segmenting an unfiltered

image. Considering processing time, the Gaussian filtering is also most rapid, completing in an

average time of 28.4 ms ± 1.4 ms; second is the low-pass filter with an average processing time

of 73.6 ms ± 1.2 ms. Taking these results with the high statistical significance of the ANOVA

testing (p<0.001), we can conclude that Gaussian filtering is most suitable for preprocessing in

our segmentation problem.

Fig 4 Average increase in segmentation accuracy (orange) and processing time (magenta) of different filtering tech-
niques. The Gaussian filter performs best in both categories, while the median filter also exhibits high accuracy and
rapid processing time.

92



3.3 Segmentation Algorithms

Figure 5 illustrates the results of applying the seven segmentation techniques, showing the maxi-

mum segmentation accuracy throughout the image depth. While each algorithm with the exception

of intensity thresholding yields high maximum accuracy (greater than 85%), the active contour

method performs best, with a maximum accuracy of 94.8%± 1.2% on average (p<0.01). Evaluat-

ing the performance as a function of image depth (Fig. 6), we see that clustering and active contour

modeling remain the most effective, while the other approaches suffer from high variations in ac-

curacy throughout the depth. In particular, the watershed algorithm, SVM, and thresholding all

significantly degrade in performance as a function of depth.

Fig 5 Highest accuracy obtained by each algorithm for a single 2D slice throughout the image depth. Active contour
modeling performs the best, followed by K-means clustering and the support vector machine.

While clustering and graph cutting perform reasonably well, active contour modeling is most

accurate. These results may be due to the high inhomogeneity of the image content for OCT im-

ages. Methods such as thresholding and the SVM classifier depend on pixel intensity; these vary

throughout the image depth and across the area of the ovary due to non-uniform attenuation of
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light in the roughly spherical ovary; furthermore, much of the connective tissue has similar levels

of intensity to the ovaries. Thus, intensity-based methods cannot discriminate well between these

tissue types, nor do they adapt well to depth-dependent intensity. One potential solution could be

to train the SVM or threshold based on local textural features, instead of intensity features. As the

local region is likely to undergo similar changes throughout depth, much of the variance could be

reduced; hence, characterizing the local texture would enable a more depth-independent feature.

Furthermore, qualitatively inspecting the OCT images, we observe that the connective tissue ex-

hibits different textural differences than the ovary; therefore texture could be a more appropriate

feature for segmentation than intensity.

Fig 6 Segmentation accuracy as a function of image depth. We see that an active contour model maintains high
accuracy throughout the depth while thresholding, the watershed algorithm and the SVM degrade rapidly throughout
the depth. Clustering and graph cutting perform reasonably well, but have a larger variation than active contours.

While clustering and graph cutting consider pixel brightness as well, they also incorporate
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spatial information by weighting the pixels based on the location and enforcing connectivity be-

tween segmented regions. Thus, this additional information provides a constraint that makes the

algorithm more resistant to the changes in image content as a function of depth. The watershed

algorithm, which also includes regional information, does not enforce connectivity and therefore

is also highly susceptible to the changes in depth. However, taken generally, we see that for the

region-based techniques, the accuracy is more consistent throughout the image depth. This is not

surprising, as the shape and contours of the organs will remain continuous throughout the depth,

making these algorithms more robust to the variations in image content throughout the depth.

Using the U-Net for deep learning, we see a marked improvement over the traditional machine

learning approach of the SVM. However, the results are not as strong as what has been observed

for other biological segmentation applications of the U-Net. This could be due to the lack of

sufficient training data. The results vary somewhat unpredictably throughout the depth; this may

indicate that the features learned by the U-Net do not appear isotropically throughout the depth.

With a more extensive dataset, these feature maps could be refined to produce a more accurate and

consistent segmentation. Other potential solutions include using a generative model to simulate

additional training data. These methods have frequently been used to supplement limited datasets

and this remains an objective for future research.

The active contour model further improves on the region-based techniques by seeding the al-

gorithm with an initial segmentation boundary curve. With this starting point, the algorithm then

deforms the boundary curve to fit the optimal shape, given the contents of the image. Considering

that the shape of the ovary changes slowly throughout the image depth, propagating the segmenta-

tion boundary throughout the depth is highly effective by providing an initial condition very close

to the final solution. As a result, we observe high accuracy throughout the entire image depth us-
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ing this approach (Fig. 7). As expected, the signal within the tissue drops as the depth increases;

however, the signal on the edges remains high, preserving the boundary. This may be the cause of

the characteristic dip in accuracy observed in Figure 6 for several of the segmentation approaches

the contrast at the organ boundary may decrease in the center of the imaging depth.

Fig 7 Propagating active contour snake throughout the tissue depth maintains high accuracy for delineating the seg-
mentation boundary throughout the tissue depth, from the most superficial slice (a) to shallow (b), mid-range (c)
and deep (d) slices. The overall signal is attenuated as the depth increases, which introduces challenges with other
segmentation techniques.

Observing the effectiveness of the active contour modeling, we then considered if the segmen-

tation could be propagated throughout the image depth by sampling every N slices, instead of using

every slice. In this case, the sampled result could be interpolated using the same approach as with
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the manual segmentation. The processing time of the approach scales linearly with the number of

slices; therefore, by increasing the sampling increment, we reduce the number of slices and hence

the processing time. Figure 8 illustrates the effects of increasing the sampling increment. While

the processing time decreases linearly, we also observe a roughly linear decrease in the average

accuracy (Fig. 8a) for each segmented slice; furthermore, we must consider the additional error

introduced through the interpolation between slices (Fig. 8b), which evolves linearly as well. Con-

sidering these factors, the processing time must be balanced with the desired accuracy to determine

the optimal sampling depth. For example, if 88% average accuracy throughout the image depth is

sufficient, a sampling depth of 8 slices would be optimal.

Fig 8 Increasing the sampling depth for propagating the active contour through the image leads to a linear decrease
in accuracy (a), as well as an added interpolation error (b). The processing time for an image stack decreases with an
increased sampling depth, suggesting that an optimal sampling depth can yield rapid processing time while maintaining
high accuracy.

Summarizing the results in Table 1, we report that active contour modeling is the most accu-

rate approach to segmenting OCT images of ovarian tissue. The results are encouraging, showing

that accurate segmentation can be achieved throughout the image depth with minimal user inter-
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action. In addition, considering that a manual segmentation required approximately 30 second

for each slice, the time required to segment the full image stack improves by approximately two

orders of magnitude. Nevertheless, we identify several objectives for future investigation. First,

while we find that active contours is most effective of the tested algorithms; other segmentation

approaches exist, particularly in the realm of machine learning, such as neural networks68 and

active appearance modeling.31 Machine learning continues to evolve and these algorithms could

lead to more time-efficient and accurate segmentation. In addition, the feature vector used to train

the SVM contains a relatively naı̈ve measure of the local image content by simply inspecting the

local mean, median, and Gaussian average. Higher accuracies could be achieved by developing

a more descriptive feature vector, such as one that incorporates texture analysis.69 Finally, with

the three-dimensionality of OCT data, traditional segmentation approaches are slow to process, as

they consider each image in the stack iteratively. Extending these algorithms to apply to a three-

dimensional image could both increase the accuracy while improving the processing time. While

processing high dimensional data is memory-intensive, recent advances in computing have low-

ered this barrier, making three-dimensional processing more feasible and an exciting frontier in

image processing.

4 Conclusions

We present the evaluation of seven different algorithms for the segmentation of OCT images of

the ovaries in addition to examining five preprocessing techniques to reduce speckle noise. While

all preprocessing methods improve segmentation, Gaussian filtering is most effective, showing an

improvement of 32% ± 1.2%. Of the segmentation algorithms, active contour modeling performs

best, segmenting with a similarity of 94.8%± 1.2% compared with manual segmentation. The time

98



Table 1 Summary of performance for each segmentation algorithm. Active contours provides both the highest maxi-
mum accuracy, as well as the most consistent accuracy throughout the depth of the tissue, as well as a rapid processing
time. Note that the processing time for the SVM does not include training.

Thresholding Watershed SVM
Graph
Cut Clustering

Active
Contour U-net

Maximum
Accuracy (%) 62.4 86.4 89.5 86.5 89.4 94.8 93.4

Depth
Variation (%) 78.1 71.6 59.3 44.3 14.2 13.9 22.1

Avg. PPV 0.324 0.921 0.831 0.743 0.907 0.892 0.861
Avg. NPV 0.866 0.890 0.955 0.926 0.982 0.956 0.923
Processing
Time (s) 0.001 0.289 14.16 1.64 0.954 0.274 0.637

Manual
Input None None

Training
set None None

Initial
contour

Training
set

required to perform the segmentation using this approach increases by approximately two orders of

magnitude. The results suggest that active contour models are most suitable for segmenting three-

dimensional image data that varies as a function of depth. While encouraging, extending these

algorithms to process three-dimensional data, as opposed to a series of two-dimensional slices,

could lead to higher accuracy and more efficient processing.
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5 Figures and Tables

List of Figures

1 Image segmentation algorithms can be decomposed into different classes, depend-

ing on the mathematics involved. We test seven of the most commonly found

techniques for medical image segmentation, each of which belongs to a different

class of algorithm.

2 Individual slices of the OCT image stack were manually segmented using ImageJ

(a). This was repeated throughout the image depth and interpolated to yield the

final segmented volume (b). Due to the absorbing nature of tissue, as the imaging

depth increases, the signal within the tissue is expected to decrease, while the signal

at the edges will remain high (c).

3 Five preprocessing techniques were investigated to suppress speckle noise in OCT

images of the ovaries (a). We tested mean (b), median (c), low-pass (d), Gaussian

(e) filters, in addition to anisotropic diffusion filtering (f). Each image here is a

single en face slice.

4 Average increase in segmentation accuracy (orange) and processing time (magenta)

of different filtering techniques. The Gaussian filter performs best in both cate-

gories, while the median filter also exhibits high accuracy and rapid processing

time.
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5 Highest accuracy obtained by each algorithm for a single 2D slice throughout the

image depth. Active contour modeling performs the best, followed by K-means

clustering and the support vector machine.

6 Segmentation accuracy as a function of image depth. We see that an active contour

model maintains high accuracy throughout the depth while thresholding, the wa-

tershed algorithm and the SVM degrade rapidly throughout the depth. Clustering

and graph cutting perform reasonably well, but have a larger variation than active

contours.

7 Propagating active contour snake throughout the tissue depth maintains high accu-

racy for delineating the segmentation boundary throughout the tissue depth, from

the most superficial slice (a) to shallow (b), mid-range (c) and deep (d) slices. The

overall signal is attenuated as the depth increases, which introduces challenges with

other segmentation techniques.

8 Increasing the sampling depth for propagating the active contour through the image

leads to a linear decrease in accuracy (a), as well as an added interpolation error

(b). The processing time for an image stack decreases with an increased sampling

depth, suggesting that an optimal sampling depth can yield rapid processing time

while maintaining high accuracy.
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List of Tables

1 Summary of performance for each segmentation algorithm. Active contours pro-

vides both the highest maximum accuracy, as well as the most consistent accuracy

throughout the depth of the tissue, as well as a rapid processing time. Note that the

processing time for the SVM does not include training.
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A.2 Data Storage

The raw data files for this are found on the Barton laboratory research drive at

the location \\engr-storage.catnet.arizona.edu\Research\Barton\Projects\

Grants\Mouse ovary 2015\Images\OCT images. The files are organized according

to date acquired. Files were later organized into temporary directories for each ex-

perimental group to facilitate analysis. Each raw data file is a stack of 512 z-stack

images.

The spreadsheet \\engr-storage.catnet.arizona.edu\Research\Barton\

Projects\Grants\Mouse ovary 2015\Mouse tracking\Mouse ovary 2016

study tracking 04-30-20.xlsx details the individual sample details including

genotype, age, treatment, and whether data is acquired ex vivo or in vivo.

A.3 Programming Scripts

This section contains the programming algorithms used to complete this study. This

includes the segmentation and pre-processing algorithms, in addition to a graphic

user interface.

A.3.1 Segmentation and Pre-processing Algorithms

1 %pylab inline

2 import glob

3 import os

4

5 import skimage

6 from skimage import filters

7 import fastaniso

8 from fastaniso import anisodiff as aniso_fil
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9 from skimage.segmentation import active_contour

10

11 from scipy import ndimage as ndi

12 from skimage import segmentation, color

13 from skimage.future import graph

14 from skimage.morphology import watershed

15 from skimage.feature import peak_local_max

16

17 from scipy.interpolate import interp1d

18 Populating the interactive namespace from numpy and matplotlib

19 import fastaniso

20 from fastaniso import anisodiff as anisodiff

21

22 def median_fil(im):

23 pim = filters.rank.median(im, ones((15,15)))

24 return pim.astype("float32")/pim.max()

25

26 def mean_fil(im):

27 pim = filters.rank.mean(im, ones((15,15)))

28 return pim.astype("float32")/pim.max()

29

30 def gauss_fil(im):

31 pim = filters.gaussian(im, 5)

32 return pim.astype("float32")/pim.max()

33

34 def aniso_fil(im):

35 pim = anisodiff(im, niter=50, gamma=0.1)

36 return pim.astype("float32")/pim.max()

37

38 # Create our own low−pass filter

39 def lp_fil(im, bound=30):

40 fft_im = fft2(im)
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41 fft_im[bound:−bound,bound:−bound] = 0.

42 pim = real(ifft2(fft_im))

43 return pim.astype("float32")/pim.max()

44

45 preproccessing = [median_fil,mean_fil,gauss_fil,aniso_fil, lp_fil]

46

47 # Define function to compare two segmentation masks

48 # by taking the dot product and finding the "angle"

49 # between them.

50

51 def compare(im,seg):

52 im = im.astype('float32')

53 seg = seg.astype('float32')

54 return sum(im*seg)/(sqrt(sum(im)*sum(seg)))

55 def threshold(im, low=0.15, high=0.3):

56 thresh = im.copy()

57

58 # Make the valid region equal to one and all else 0.

59 thresh[bitwise_or(im<low,im>high)] = 0.

60 thresh[thresh>0.1] = 1.

61 return thresh

62

63 def wshed(im, low=0.15,high=0.3, fp_size=150):

64 # Threshold the imgae first

65 thresholded = threshold(im, low=low, high=high)

66

67 # Compute distance between image and background

68 distance = ndi.distance_transform_edt(thresholded)

69

70 # Find local maxima to create watershed pools

71 local_maxi = peak_local_max(distance,

72 indices=False, footprint=ones((fp_size, fp_size)))
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73 markers = ndi.label(local_maxi)[0]

74

75 # Apply watershed algorithm

76 labels = watershed(−distance, markers, mask=thresholded)

77

78 # Only take the valid labls

79 labels[bitwise_or(labels<3,labels>9)]=0

80 labels/=labels.max()

81

82 return labels

83

84 def kmeans(im, low=0.15, high=0.3, compact=0.1, n_seg=12, ...

connected=True):

85 # Threshold the image first

86 thresholded = threshold(im, low=low, high=high)

87

88 # Compute the clusters

89 labels = segmentation.slic(thresholded,

90 compactness=compact, n_segments=n_seg, ...

enforce_connectivity=connected)

91

92 # Only take the valid labels

93 labels[bitwise_or(labels<1.,labels>1.)]=0

94 labels/=labels.max()

95

96 return labels

97 def stitch_image(im_direc):

98 # Read images and dimensions

99 ims = glob.glob(im_direc+"/*")

100 im_dims = imread(ims[0]).shape

101

102 # empty array for depth and data
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103 x = []

104 data = zeros((im_dims[0],im_dims[1],len(ims)))

105

106 for i, image in enumerate(ims):

107 # record depth

108 fname = os.path.split(os.path.abspath(image))[1]

109 x.append(int(fname.split(".")[0]))

110

111 # Load image data

112 im_data = ¬imread(image)

113 im_data /= im_data.max()

114 data[:,:,i] = im_data

115

116 x = array(x)

117

118 # empty mask to populate

119 mask = zeros((im_dims[0],im_dims[1],512))

120

121 interp_func = interp1d(x, data, axis=2)

122

123 mask[:,:,x[0]:x[−1]] = interp_func(arange(x[0],x[−1],1))

124

125 return x, mask

126

127 def stitch_manual(im_direc):

128

129 rel_path = "../manual−segmentation/"

130 print os.path.join(rel_path, "ovaries/", im_direc)

131 ox, om = stitch_image(os.path.join(rel_path, "ovaries/", ...

im_direc))

132 #fx, fm = stitch_image(os.path.join(rel_path, ...

"fallopian−tubes/", im_direc))
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133

134 manual = om #+ fm

135 manual[manual>0] = 1.

136 valid = [ox[0],ox[−1]]#[max(r_[ox[0],fx[0]]), ...

min(r_[ox[−1],fx[−1]])]

137

138 return manual, valid

139

140

141 def to_xy(im):

142 img = ¬(im − ¬ndimage.morphology.binary_erosion(im, ...

iterations=1))

143

144 x = []

145 y = []

146 for i,r in enumerate(img):

147 for j,c in enumerate(r):

148 if img[i,j] == 1.:

149 x.append(j)

150 y.append(i)

151

152 xy = np.array([x,y]).T

153

154 cent = ndimage.measurements.center_of_mass(img)

155

156 return np.array(sorted(xy, key=lambda x: ...

np.arctan2(x[1]−cent[0],x[0]−cent[1])))

157

158 def to_xy2(im):

159 img = (im − ndimage.morphology.binary_erosion(im, iterations=1))

160

161 x = []
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162 y = []

163 for i,r in enumerate(img):

164 for j,c in enumerate(r):

165 if img[i,j] == 1.:

166 x.append(j)

167 y.append(i)

168

169 xy = np.array([x,y]).T

170

171 cent = ndimage.measurements.center_of_mass(img)

172

173 return np.array(sorted(xy, key=lambda x: ...

np.arctan2(x[1]−cent[0],x[0]−cent[1])))

174

175 def segment_depth_full(im_direc,mask, valid, raw_path="../raw/", ...

mask_path="../manual−segmentation/", n=5, ...

dz=1,alpha=0.001,beta=0.05,gamma=0.01):

176 # Locate all images in the raw and mask directories

177 ims = glob.glob(os.path.join(raw_path, im_direc,"*"))

178 # Initialize empty data array

179 data = []

180

181 # Extract seed

182 seed = ...

mask[:750,:750,(valid[1]+valid[0])/2][::n,::n].astype('int')

183

184 # Make the initial snake

185 init = to_xy2(seed).astype('float32')

186

187 # Quick and dirty way to extract some slices throughout the depth

188 for i in [98,113,128,170]:#arange(valid[0],valid[1],dz):

189 # Load images

118



190 print i

191 im = ...

filters.gaussian(filters.median(imread(ims[i−1])[:750,...

192 :750][::n,::n],ones((3,3)))*1.,0.5)

193 m = mask[:750,:750,i][::n,::n].astype("int")

194

195 # Normalize

196 m[m>1] = 1.

197 im /= im.max()

198

199 # Generate active contour and convert to path

200 snake = active_contour(filters.gaussian(im, 5), init, ...

alpha=alpha, ...

201 beta=beta, gamma=gamma,w_edge=1)

202 p = matplotlib.path.Path(snake)

203 data.append((filters.gaussian(...

204 filters.median(imread(ims[i−1])[:750,:750],...

205 ones((3,3)))*1.,0.5),snake))

206 # Convert to binary mask

207 res = p.contains_points(...

208 list(ndindex(im.shape))).reshape(im.shape).T

209

210 # Compare with segmentation mask, recording the depthz

211 #data.append(compare(res,m))

212

213 return data

A.3.2 Graphic User Interface

This section includes the programming code and Standard Operating Procedure for

using the Graphic User Interface to segment OCT images and conduct simple texture

analysis.
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Standard Operating Procedure

This section includes a copy of the Standard Operating Procedure, which can be

found on the Barton research drive at the location:

\\engr-storage.catnet.arizona.edu\Research\Barton\

Standard Operating Procedures\

B10-005 Texture Analysis of OCT Images Using MATLAB.
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Standard Operating Procedures 
University of Arizona 

Biomedical Engineering Program 
SOP # B10-005 Title: Texture Analysis of OCT Images Using 

MATLAB 
Origin Date: 10/05/2020 
Revision Date: 10/30/2020 

Approval: JKB 
Date Approved: 11/11/2020 

Page 1 of 4 
Supplies 
 
None 
 
Equipment 
 
OCT System 
MATLAB 2019 or later 
Computer capable of running MATLAB 
 
Procedures 
 

Collecting Images - The first step of this procedure is to collect the images on the OCT System.   

1) Image your tissue sample under OCT system using the 3D mode, a higher average (from 1, 2, 4, and 8) 
is suggested as it will yield clearer images.   

2) The images taken will be saved as individual images, one for each slice, then compiling into an image 
stack for each sample 

3) Save the whole image stack onto a USB and then from there, to the R drive.  These images will be saved 
in the ‘.tif’ format 

4) Each image stack collected will have a unique name so it can be distinguished from other image stacks 
that are being compared.   

 
Selecting the Best Images - You must now select the best images for the analysis.  It is suggested that 
a set of around 50 images is chosen from the stack.  This step is also optional but will provide for a 
more accurate analysis.   
 

1) Duplicate your image folder so you can save the original images if they are needed later. 
2) Scan through your duplicate image stack, starting at the beginning and look for an image artifact (shown 

below).  After this goes away, this will be the beginning of the “good” images.   
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Page 2 of 4 
3) Take this image and the 49 images after (totaling to 50) and double check that they are clear. 
4) You can take these 50 images out however you want; I just deleted all images but those 50 from the 

stack. 
 

Running the GUI Code on MATLAB - Now begins the part where the images are actually analyzed 
through a MATLAB code. 
 

1) Open up “OCT_ImageAnalysis_GUI_latest.mlapp” in MATLAB.  Once it is open, click “Run”. 
2) It will open up with the following screen: 

 
3) Then click load data and select the folder from which you want to analyze. 
4) Once your data is loaded in, the screen will look like this:  

 
5) Click “Draw Initial Contour” and a separate screen will open up with the first image in your stack.   
6) You will then draw a circle around the interested area of your image.  For example, if you are imaging 

an ovary, it is best to draw the circle around the ovary so the texture analysis will not include any 
fallopian tubes or connective tissue when it is collecting data.  

7) After your circle is drawn, go back to the original screen and press “Update ROI”.  This will apply the 
circle you made to the main stain of images.   

8) There are three additional factors you may change before proceeding to the next step or after you 
segment your image and it isn’t exactly what you wanted, though not required.  The first is the “Smooth 
Factor” parameter.  This will influence how jagged or smooth the final segmented image is.  Next is the 
“Contraction Bias” parameter.  This will dictate how quickly the contour will expand or shrink.  Finally, 
the “Iterations” can be increased or decreased depending on if the contour has gone “too far” or “not far 
enough”. 
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Page 3 of 4 

 
 

9) Now click “Segment Images”.  This process will take a bit of time; after it is complete, you will see 
something like this:  

 
10) Click “Texture Analysis” for the code to scan collect the data from the image stack. 
11) Click “Save Output” and it will ask you to select a folder for your data.  Whatever you choose, it is best 

that all the data collected be saved to the same place.   
12)  After you save the data, you can go to the folder and there will be an excel file with the data inside.  The 

data will be laid out like this: 
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Page 4 of 4 
13) The data appears on the sheet unlabeled, but the order of the columns goes Contrast, Correlation, 

Energy, Homogeneity.  Each row corresponds to a different image in the stack, double check to ensure 
there at 50 rows of data.   

14) From here you can choose what to do with the data depending on the task, however the analysis portion 
is complete.   
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MATLAB Script

This section includes a copy of the MATLAB script to run the Graphic User Interface

for segmentation and texture analysis. The MATLAB script to run the Graphic User

interface can be found at the location:

\\engr-storage.catnet.arizona.edu\Research\Barton\Software\

Useful software tools\OCT_texture_analysis\

OCT_ImageAnalysis_GUI_latest.mlapp.

1 classdef OCT_ImageAnalysis_GUI_latest < matlab.apps.AppBase

2

3 % Properties that correspond to app components

4 properties (Access = public)

5 UIFigure matlab.ui.Figure

6 Image matlab.ui.control.Image

7 Image2 matlab.ui.control.Image

8 LoadDataButton matlab.ui.control.Button

9 SegmentImagesButton matlab.ui.control.Button

10 TextureAnalysisButton matlab.ui.control.Button

11 SaveOutputButton matlab.ui.control.Button

12 FolderNameLabel matlab.ui.control.Label

13 Label matlab.ui.control.Label

14 FirstSliceEditFieldLabel matlab.ui.control.Label

15 FirstSliceEditField matlab.ui.control.EditField

16 LastSliceEditFieldLabel matlab.ui.control.Label

17 LastSliceEditField matlab.ui.control.EditField

18 DrawInitialContourButton matlab.ui.control.Button

19 UpdateROIButton matlab.ui.control.Button

20 SmoothFactorLabel matlab.ui.control.Label

21 SmoothFactorEditField ...

matlab.ui.control.NumericEditField
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22 ContractionBiasEditFieldLabel matlab.ui.control.Label

23 ContractionBiasEditField ...

matlab.ui.control.NumericEditField

24 SegmentationMethodDropDownLabel matlab.ui.control.Label

25 SegmentationMethodDropDown matlab.ui.control.DropDown

26 IterationsEditFieldLabel matlab.ui.control.Label

27 IterationsEditField ...

matlab.ui.control.NumericEditField

28 StatusUpdatesGaugeLabel matlab.ui.control.Label

29 StatusUpdatesGauge matlab.ui.control.LinearGauge

30 UpdateLabel matlab.ui.control.Label

31 end

32

33

34 properties (Access = private)

35 % This defines properties that are used as global variables ...

(when things need to be used in mulitple callbacks)

36 dname % Directory path that is defined by user ...

with dialog box, just use it to open images

37 ROI % ROI circle data

38 first_slice % First valid slice

39 channels % RGB or greyscale

40 last_slice % Last valid slice

41 ims % Array of loaded image names

42 data % image data array

43 texture_params % Texture parameter array

44 segMasks % Segmentation mask array

45 CircleCenter % Circle center for segmentation

46 CircleRadius % Circle raidus for segmentation

47 end

48

49 methods (Access = private)
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50

51 function load_data(app,im_array)

52 im1 = ...

imread(fullfile(im_array(1).folder,im_array(1).name));

53 im_dims = size(im1); % Determine if RGB or greyscale

54 try

55 app.channels = im_dims(3);

56 catch

57 app.channels = 1;

58 end

59

60

61 d = zeros(length(im_array), size(im1,1),size(im1,2));

62 for i=1:length(im_array)

63 im_dat = ...

imread(fullfile(im_array(i).folder,im_array(i).name));

64 if app.channels == 3 % RGB image

65 im_dat = rgb2gray(im_dat);

66 end

67

68 d(i,:,:) = im_dat;

69 app.update_status(i,length(im_array))

70 end

71 app.update_status(100,100)

72 app.data = d;

73 end

74

75 function updateROIDrawingCirc(app)

76 % Generate array for mask

77 imageSizeX = size(app.data,3);

78 imageSizeY = size(app.data,2);

79 [columnsInImage, rowsInImage] = ...
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meshgrid(1:imageSizeX, 1:imageSizeY);

80 % Next create the circle in the image.

81

82 % Get circle dimensions

83 try

84 centerX = app.CircleCenter(1);

85 centerY = app.CircleCenter(2);

86 radius = app.CircleRadius;

87 catch % Default to center of image with half radius

88 centerX = fix(imageSizeX/2);

89 centerY = fix(imageSizeY/2);

90 if centerX < centerY

91 radius = fix(centerX/2);

92 else

93 radius = fix(centerY/2);

94 end

95 end

96

97 % CirclePixels is a 2D "logical" array.

98 circlePixels = (rowsInImage − centerY).^2 + ...

(columnsInImage − centerX).^2 ≤ radius.^2;

99 % Erode image and subtract to show boundary

100 eroded = imerode(circlePixels, strel('sphere',2));

101 mask = circlePixels − eroded;

102

103 % Reset image data with mask overlay

104 first_im = app.ims(app.first_slice+1);

105 im = imread(fullfile(first_im.folder,first_im.name));

106

107 if app.channels == 3 % RGB image

108 im = rgb2gray(im);

109 end
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110 im_data = imoverlay(im, mask, 'yellow');

111 app.Image.ImageSource = im_data;

112 end

113

114 function updateROIDrawingMasks(app)

115 % Get image size for reshaping

116 first_im = app.ims(app.first_slice+1);

117 im = imread(fullfile(first_im.folder,first_im.name));

118

119 last_im = app.ims(app.last_slice+1);

120 im2 = imread(fullfile(last_im.folder,last_im.name));

121

122 if app.channels == 3 % RGB image

123 im = rgb2gray(im);

124 im2 = rgb2gray(im2);

125 end

126

127 % Generate boundary for the segmentation masks for ...

display

128 m1 = reshape(app.segMasks(1,:,:),size(im));

129 m2 = reshape(app.segMasks(end,:,:),size(im2));

130

131 e1 = imerode(m1, strel('sphere',2));

132 e2 = imerode(m2, strel('sphere',2));

133

134 mask1 = m1 − e1;

135 mask2 = m2 − e2;

136

137 % Reset image data with mask overlay

138

139 im_data = imoverlay(im, mask1, 'yellow');

140 app.Image.ImageSource = im_data;
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141

142 im2_data = imoverlay(im2, mask2, 'yellow');

143 app.Image2.ImageSource = im2_data;

144 end

145

146 function segment_images(app)

147 % Segment images using active contour

148 num_ims = app.last_slice − app.first_slice;

149 imageSizeX = size(app.data,3);

150 imageSizeY = size(app.data,2);

151

152 % Generate initial circular mask

153 [columnsInImage, rowsInImage] = ...

meshgrid(1:imageSizeX, 1:imageSizeY);

154 % Next create the circle in the image.

155

156 % Get circle dimensions

157 try

158 centerX = app.CircleCenter(1);

159 centerY = app.CircleCenter(2);

160 radius = app.CircleRadius;

161 catch % Default to center of image with half radius

162 centerX = fix(imageSizeX/2);

163 centerY = fix(imageSizeY/2);

164 if centerX < centerY

165 radius = fix(centerX/2);

166 else

167 radius = fix(centerY/2);

168 end

169 end

170

171 % Mask is a 2D "logical" array corresponding to the ...
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circular ROI

172 mask = (rowsInImage − centerY).^2 + (columnsInImage − ...

centerX).^2 ≤ radius.^2;

173

174 % Make empty container for segmentation masks

175 SM = zeros(num_ims,imageSizeY,imageSizeX);

176

177 % Get parameters from user input

178 SF = app.SmoothFactorEditField.Value;

179 CB = app.ContractionBiasEditField.Value;

180 method = app.SegmentationMethodDropDown.Value;

181 iter = app.IterationsEditField.Value;

182

183 % Don't allow for negative iterations

184 if iter < 0

185 iter = 100;

186 end

187

188 n = 0;

189 total_steps = app.last_slice − app.first_slice;

190 for i=app.first_slice:app.last_slice

191 n = n + 1;

192 im = app.ims(i+1);

193 im_data = imread(fullfile(im.folder,im.name));

194

195 if app.channels == 3 % RGB image

196 im_data = rgb2gray(im_data);

197 end

198

199

200 % Pre−process: median filter

201 im_data = medfilt2(im_data);
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202

203 % Conduct active contour

204 segMask = activecontour(im_data,mask,iter,method,...

205 "ContractionBias",CB,'SmoothFactor',SF);

206

207 % Record array of segmentation masks

208 SM(n,:,:) = segMask;

209 app.update_status(n,total_steps);

210 drawnow;

211 end

212 app.segMasks = SM;

213 app.updateROIDrawingMasks();

214 app.update_status(100,100);

215 end

216

217 function update_status(app,n,total_steps)

218 % Function to update status bar with progress.

219

220 % Calculate progress until completion

221 prog = fix((n*100)/total_steps);

222

223 % Display status bar update

224 if prog < 100

225 app.StatusUpdatesGauge.BackgroundColor = ...

[1.00,1.00,0.07];

226 app.StatusUpdatesGauge.Value = prog;

227 app.UpdateLabel.Text = "Working...";

228 end

229 if prog == 100

230 app.StatusUpdatesGauge.BackgroundColor = ...

[0.39,0.83,0.07];

231 app.StatusUpdatesGauge.Value = prog;
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232 app.UpdateLabel.Text = 'Ready for operation';

233 end

234 drawnow; %update graphics

235 end

236

237 function texture_analysis(app)

238 % Get GLCM coefficients from image stack

239 n = 0;

240 total_steps = app.last_slice − app.first_slice;

241 texture_data = [];

242 for i=app.first_slice:app.last_slice

243 n = n + 1;

244 im = app.ims(i+1);

245 im_data = imread(fullfile(im.folder,im.name));

246

247 if app.channels == 3 % RGB image

248 im_data = rgb2gray(im_data);

249 end

250

251

252 % Pre−process: median filter

253 im_data = medfilt2(im_data);

254

255 % Segment image data. Revert to full image if no ...

masks.

256 try

257 mask = reshape(app.segMasks(n,:,:), ...

size(im_data));

258 catch

259 mask = ones(size(im_data));

260 end

261 im_data(mask == 0) = 0;
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262

263 glcm = graycomatrix(im_data, 'NumLevels', 255);

264

265 % Zero out the values next to zeros (segmented area)

266 glcm(:, 1) = 0;

267 glcm(1, :) = 0;

268 values = graycoprops(glcm); % Texture analysis ...

for all 4 variables

269 texture_data = [texture_data, values];

270 app.update_status(n,total_steps);

271 drawnow;

272 end

273 app.update_status(100,100);

274 app.texture_params = texture_data;

275 end

276 end

277

278

279 % Callbacks that handle component events

280 methods (Access = private)

281

282 % Button pushed function: SegmentImagesButton

283 function SegmentImagesButtonPushed(app, event)

284 % Callback for pressing segment images button

285 app.segment_images();

286 end

287

288 % Button pushed function: TextureAnalysisButton

289 function TextureAnalysisButtonPushed(app, event)

290 % Callback for pressing segment images button

291 app.texture_analysis();

292 end
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293

294 % Button pushed function: LoadDataButton

295 function LoadDataButtonPushed(app, event)

296 % This gets the path name to the file for loading ...

images (called dname)

297 dirname = uigetdir('.');

298 app.dname = dirname;

299

300 % This updates the folder name label

301 pathparts = strsplit(app.dname,filesep);

302 app.Label.Text = pathparts(end);

303 drawnow;

304

305 % Get all images

306 app.ims = [dir(fullfile(app.dname,'*.tif'));...

307 dir(fullfile(app.dname,'*.jpg'));dir(fullfile(app.dname,'*.png'))];

308 app.load_data(app.ims);

309

310 % This displays the first image in the stack

311 first_im = app.ims(1);

312 app.first_slice = 0;

313 im_data = ...

imread(fullfile(first_im.folder,first_im.name));

314

315 if app.channels == 3 % RGB image

316 im_data = rgb2gray(im_data);

317 end

318

319 app.Image.ImageSource = cat(3, im_data, im_data, ...

im_data);

320

321 % This displays the last image in the stack
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322 last_im = app.ims(end);

323 app.last_slice = length(app.ims)−1;

324 app.LastSliceEditField.Value = num2str(app.last_slice);

325

326 im2_data = ...

imread(fullfile(last_im.folder,last_im.name));

327

328 if app.channels == 3 % RGB image

329 im2_data = rgb2gray(im2_data);

330 end

331

332 app.Image2.ImageSource = cat(3, im2_data, im2_data, ...

im2_data);

333

334 end

335

336 % Value changed function: FirstSliceEditField

337 function FirstSliceEditFieldValueChanged(app, event)

338

339 value = app.FirstSliceEditField.Value;

340 app.first_slice = str2double(value);

341 if app.first_slice > 510

342 app.first_slice = 510;

343 app.FirstSliceEditField.Value = '510';

344 end

345 if app.first_slice > app.last_slice

346 app.last_slice = app.first_slice+1;

347 app.LastSliceEditField.Value = ...

num2str(app.last_slice);

348 end

349 if app.first_slice < 0

350 app.first_slice = 0;
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351 app.FirstSliceEditField.Value = '000';

352 end

353

354 % Display new images

355 new_first_im = app.ims(app.first_slice+1);

356 im_data = ...

imread(fullfile(new_first_im.folder,new_first_im.name));

357

358 if app.channels == 3 % RGB image

359 im_data = rgb2gray(im_data);

360 end

361

362 app.Image.ImageSource = cat(3, im_data, im_data, ...

im_data);

363

364 new_last_im = app.ims(app.last_slice+1);

365 im2_data = ...

imread(fullfile(new_last_im.folder,new_last_im.name));

366

367 if app.channels == 3 % RGB image

368 im2_data = rgb2gray(im2_data);

369 end

370

371 app.Image2.ImageSource = cat(3, im2_data, im2_data, ...

im2_data);

372 end

373

374 % Value changed function: LastSliceEditField

375 function LastSliceEditFieldValueChanged(app, event)

376

377 % This gets the new image name from the input field

378 value = app.LastSliceEditField.Value;
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379 app.last_slice = str2double(value);

380 if app.last_slice > 511

381 app.last_slice = 511;

382 app.LastSliceEditField.Value = '511';

383 end

384 if app.last_slice < 1

385 app.last_slice = 1;

386 app.LastSliceEditField.Value = '001';

387 app.FirstSliceEditField.Value = '000';

388 app.first_slice = 0;

389 end

390 if app.first_slice > app.last_slice

391 app.first_slice = app.last_slice − 1;

392 app.FirstSliceEditField.Value = ...

num2str(app.first_slice);

393 end

394

395 % Display new images

396 new_first_im = app.ims(app.first_slice+1);

397 im_data = ...

imread(fullfile(new_first_im.folder,new_first_im.name));

398

399 if app.channels == 3 % RGB image

400 im_data = rgb2gray(im_data);

401 end

402

403 app.Image.ImageSource = cat(3, im_data, im_data, ...

im_data);

404 new_last_im = app.ims(app.last_slice+1);

405 im2_data = ...

imread(fullfile(new_last_im.folder,new_last_im.name));

406
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407 if app.channels == 3 % RGB image

408 im2_data = rgb2gray(im2_data);

409 end

410

411 app.Image2.ImageSource = cat(3, im2_data, im2_data, ...

im2_data);

412 end

413

414 % Button pushed function: DrawInitialContourButton

415 function DrawInitialContourButtonPushed(app, event)

416 % This gets the image file that's in the First Slice ...

box and

417 % displays in a new figure window

418 % This creates the path to the new image name and sets ...

to display

419 new_first_im = app.ims(app.first_slice+1);

420 im_data = ...

imread(fullfile(new_first_im.folder,new_first_im.name));

421

422 if app.channels == 3 % RGB image

423 im_data = rgb2gray(im_data);

424 end

425

426 clf;

427 imshow(im_data);

428 hold on;

429

430 % This allows you to draw a circle :)

431 app.ROI = drawcircle;

432

433 % This saves the circle center and radius data

434 try
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435 app.CircleCenter = app.ROI.Center;

436 app.CircleRadius = app.ROI.Radius;

437 catch

438 % nothing

439 end

440 hold off

441 end

442

443 % Button pushed function: SaveOutputButton

444 function SaveOutputButtonPushed(app, event)

445

446 startingFolder = app.ims(1).folder;

447 defaultFileName = fullfile(startingFolder, '.xlsx');

448 [baseFileName, folder] = uiputfile(defaultFileName, ...

'Specify a file');

449 if baseFileName == 0

450 % User clicked the Cancel button.

451 return;

452 end

453

454 fullFileName = fullfile(folder, baseFileName);

455 try

456 data_out = struct2cell(app.texture_params);

457 dsize = size(data_out);

458

459 xlswrite(fullFileName, ...

reshape(data_out,[dsize(1),dsize(3)])');

460 catch

461 return;

462 end

463 end

464
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465 % Button pushed function: UpdateROIButton

466 function UpdateROIButtonPushed(app, event)

467 % This saves the circle center and radius data for when the

468 % circle drawn is moved/changes size

469 try

470 app.CircleCenter = app.ROI.Center;

471 app.CircleRadius = app.ROI.Radius;

472 app.updateROIDrawingCirc();

473 catch

474 end

475

476 end

477 end

478

479 % Component initialization

480 methods (Access = private)

481

482 % Create UIFigure and components

483 function createComponents(app)

484

485 % Create UIFigure and hide until all components are ...

created

486 app.UIFigure = uifigure('Visible', 'off');

487 app.UIFigure.Position = [100 100 761 585];

488 app.UIFigure.Name = 'UI Figure';

489

490 % Create Image

491 app.Image = uiimage(app.UIFigure);

492 app.Image.Tooltip = {'Display of first valid image in ...

OCT stack'};

493 app.Image.Position = [125 236 247 248];

494
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495 % Create Image2

496 app.Image2 = uiimage(app.UIFigure);

497 app.Image2.Tooltip = {'Display of last valid image in ...

OCT stack'};

498 app.Image2.Position = [401 236 250 248];

499

500 % Create LoadDataButton

501 app.LoadDataButton = uibutton(app.UIFigure, 'push');

502 app.LoadDataButton.ButtonPushedFcn = ...

createCallbackFcn(app, @LoadDataButtonPushed, true);

503 app.LoadDataButton.Tooltip = {'Load OCT Dataset'};

504 app.LoadDataButton.Position = [131 538 121 25];

505 app.LoadDataButton.Text = 'Load Data';

506

507 % Create SegmentImagesButton

508 app.SegmentImagesButton = uibutton(app.UIFigure, 'push');

509 app.SegmentImagesButton.ButtonPushedFcn = ...

createCallbackFcn(app, @SegmentImagesButtonPushed, ...

true);

510 app.SegmentImagesButton.FontSize = 14;

511 app.SegmentImagesButton.FontWeight = 'bold';

512 app.SegmentImagesButton.Tooltip = {'Segment images'};

513 app.SegmentImagesButton.Position = [288.5 32 127 26];

514 app.SegmentImagesButton.Text = 'Segment Images';

515

516 % Create TextureAnalysisButton

517 app.TextureAnalysisButton = uibutton(app.UIFigure, ...

'push');

518 app.TextureAnalysisButton.ButtonPushedFcn = ...

createCallbackFcn(app, ...

@TextureAnalysisButtonPushed, true);

519 app.TextureAnalysisButton.FontSize = 14;
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520 app.TextureAnalysisButton.FontWeight = 'bold';

521 app.TextureAnalysisButton.Tooltip = {'Extract GLCM ...

features from segmented images.'};

522 app.TextureAnalysisButton.Position = [548 112 127 26];

523 app.TextureAnalysisButton.Text = 'Texture Analysis';

524

525 % Create SaveOutputButton

526 app.SaveOutputButton = uibutton(app.UIFigure, 'push');

527 app.SaveOutputButton.ButtonPushedFcn = ...

createCallbackFcn(app, @SaveOutputButtonPushed, true);

528 app.SaveOutputButton.FontSize = 14;

529 app.SaveOutputButton.FontWeight = 'bold';

530 app.SaveOutputButton.Tooltip = {'Save output to ...

spreadsheet.'};

531 app.SaveOutputButton.Position = [548 63 124 27];

532 app.SaveOutputButton.Text = 'Save Output';

533

534 % Create FolderNameLabel

535 app.FolderNameLabel = uilabel(app.UIFigure);

536 app.FolderNameLabel.FontSize = 14;

537 app.FolderNameLabel.Position = [142 501 96 22];

538 app.FolderNameLabel.Text = 'Folder Name:';

539

540 % Create Label

541 app.Label = uilabel(app.UIFigure);

542 app.Label.FontSize = 14;

543 app.Label.Position = [237 501 135 22];

544 app.Label.Text = '';

545

546 % Create FirstSliceEditFieldLabel

547 app.FirstSliceEditFieldLabel = uilabel(app.UIFigure);

548 app.FirstSliceEditFieldLabel.HorizontalAlignment = ...
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'right';

549 app.FirstSliceEditFieldLabel.FontSize = 14;

550 app.FirstSliceEditFieldLabel.Position = [186 196 71 22];

551 app.FirstSliceEditFieldLabel.Text = 'First Slice:';

552

553 % Create FirstSliceEditField

554 app.FirstSliceEditField = uieditfield(app.UIFigure, ...

'text');

555 app.FirstSliceEditField.ValueChangedFcn = ...

createCallbackFcn(app, ...

@FirstSliceEditFieldValueChanged, true);

556 app.FirstSliceEditField.Tooltip = {'Select first ...

valid image in OCT stack'};

557 app.FirstSliceEditField.Position = [272 196 34 22];

558 app.FirstSliceEditField.Value = '000';

559

560 % Create LastSliceEditFieldLabel

561 app.LastSliceEditFieldLabel = uilabel(app.UIFigure);

562 app.LastSliceEditFieldLabel.HorizontalAlignment = ...

'right';

563 app.LastSliceEditFieldLabel.FontSize = 14;

564 app.LastSliceEditFieldLabel.Position = [463 196 70 22];

565 app.LastSliceEditFieldLabel.Text = 'Last Slice:';

566

567 % Create LastSliceEditField

568 app.LastSliceEditField = uieditfield(app.UIFigure, ...

'text');

569 app.LastSliceEditField.ValueChangedFcn = ...

createCallbackFcn(app, ...

@LastSliceEditFieldValueChanged, true);

570 app.LastSliceEditField.Tooltip = {'Select last valid ...

image in OCT stack'};

144



571 app.LastSliceEditField.Position = [548 196 34 22];

572 app.LastSliceEditField.Value = '511';

573

574 % Create DrawInitialContourButton

575 app.DrawInitialContourButton = uibutton(app.UIFigure, ...

'push');

576 app.DrawInitialContourButton.ButtonPushedFcn = ...

createCallbackFcn(app, ...

@DrawInitialContourButtonPushed, true);

577 app.DrawInitialContourButton.FontSize = 14;

578 app.DrawInitialContourButton.Tooltip = {'Draw initial ...

contour ROI'};

579 app.DrawInitialContourButton.Position = [129 141 138 25];

580 app.DrawInitialContourButton.Text = 'Draw Initial ...

Contour';

581

582 % Create UpdateROIButton

583 app.UpdateROIButton = uibutton(app.UIFigure, 'push');

584 app.UpdateROIButton.ButtonPushedFcn = ...

createCallbackFcn(app, @UpdateROIButtonPushed, true);

585 app.UpdateROIButton.FontSize = 14;

586 app.UpdateROIButton.Tooltip = {'Update initial contour'};

587 app.UpdateROIButton.Position = [291 141 107 24];

588 app.UpdateROIButton.Text = 'Update ROI';

589

590 % Create SmoothFactorLabel

591 app.SmoothFactorLabel = uilabel(app.UIFigure);

592 app.SmoothFactorLabel.HorizontalAlignment = 'right';

593 app.SmoothFactorLabel.Position = [113 102 84 22];

594 app.SmoothFactorLabel.Text = 'Smooth Factor';

595

596 % Create SmoothFactorEditField
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597 app.SmoothFactorEditField = uieditfield(app.UIFigure, ...

'numeric');

598 app.SmoothFactorEditField.Tooltip = {'Choose ...

smoothness factor for active contour segmentation'};

599 app.SmoothFactorEditField.Position = [212 102 55 22];

600 app.SmoothFactorEditField.Value = 0.3;

601

602 % Create ContractionBiasEditFieldLabel

603 app.ContractionBiasEditFieldLabel = ...

uilabel(app.UIFigure);

604 app.ContractionBiasEditFieldLabel.HorizontalAlignment ...

= 'right';

605 app.ContractionBiasEditFieldLabel.Position = [113 68 ...

94 22];

606 app.ContractionBiasEditFieldLabel.Text = 'Contraction ...

Bias';

607

608 % Create ContractionBiasEditField

609 app.ContractionBiasEditField = ...

uieditfield(app.UIFigure, 'numeric');

610 app.ContractionBiasEditField.Tooltip = {'Choose ...

contraction bias for active contour. Greater than ...

zero indicates contraction, less than zero ...

indicates expansion.'};

611 app.ContractionBiasEditField.Position = [213 68 55 22];

612 app.ContractionBiasEditField.Value = 0.3;

613

614 % Create SegmentationMethodDropDownLabel

615 app.SegmentationMethodDropDownLabel = ...

uilabel(app.UIFigure);

616 app.SegmentationMethodDropDownLabel.HorizontalAlignment ...

= 'right';
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617 app.SegmentationMethodDropDownLabel.Position = [291 ...

102 123 22];

618 app.SegmentationMethodDropDownLabel.Text = ...

'Segmentation Method';

619

620 % Create SegmentationMethodDropDown

621 app.SegmentationMethodDropDown = ...

uidropdown(app.UIFigure);

622 app.SegmentationMethodDropDown.Items = {'Chan−Vese', ...

'edge'};

623 app.SegmentationMethodDropDown.Tooltip = {'Select ...

segmentation method.'};

624 app.SegmentationMethodDropDown.Position = [303 68 100 ...

22];

625 app.SegmentationMethodDropDown.Value = 'Chan−Vese';

626

627 % Create IterationsEditFieldLabel

628 app.IterationsEditFieldLabel = uilabel(app.UIFigure);

629 app.IterationsEditFieldLabel.HorizontalAlignment = ...

'right';

630 app.IterationsEditFieldLabel.Position = [132 34 55 22];

631 app.IterationsEditFieldLabel.Text = 'Iterations';

632

633 % Create IterationsEditField

634 app.IterationsEditField = uieditfield(app.UIFigure, ...

'numeric');

635 app.IterationsEditField.Tooltip = {'Number of ...

iterations for active contour segmentation.'};

636 app.IterationsEditField.Position = [213 34 55 22];

637 app.IterationsEditField.Value = 200;

638

639 % Create StatusUpdatesGaugeLabel
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640 app.StatusUpdatesGaugeLabel = uilabel(app.UIFigure);

641 app.StatusUpdatesGaugeLabel.HorizontalAlignment = ...

'center';

642 app.StatusUpdatesGaugeLabel.Position = [429 495 91 22];

643 app.StatusUpdatesGaugeLabel.Text = 'Status Updates:';

644

645 % Create StatusUpdatesGauge

646 app.StatusUpdatesGauge = uigauge(app.UIFigure, 'linear');

647 app.StatusUpdatesGauge.BackgroundColor = [0.3882 ...

0.8314 0.0706];

648 app.StatusUpdatesGauge.Position = [429 532 210 40];

649 app.StatusUpdatesGauge.Value = 100;

650

651 % Create UpdateLabel

652 app.UpdateLabel = uilabel(app.UIFigure);

653 app.UpdateLabel.Position = [532 495 169 22];

654 app.UpdateLabel.Text = 'Ready for operation';

655

656 % Show the figure after all components are created

657 app.UIFigure.Visible = 'on';

658 end

659 end

660

661 % App creation and deletion

662 methods (Access = public)

663

664 % Construct app

665 function app = OCT_ImageAnalysis_GUI_latest

666

667 % Create UIFigure and components

668 createComponents(app)

669
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670 % Register the app with App Designer

671 registerApp(app, app.UIFigure)

672

673 if nargout == 0

674 clear app

675 end

676 end

677

678 % Code that executes before app deletion

679 function delete(app)

680

681 % Delete UIFigure when app is deleted

682 delete(app.UIFigure)

683 end

684 end

685 end
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B: Three-dimensional Texture

Analysis of OCT Images
This Appendix includes all supporting work for the three-dimensional texture analysis

project. This includes the published manuscript, a description of raw and processed

data locations, and also the programming developed through the course of the project.

B.1 Accepted Manuscript

In this section, a copy of the accepted manuscript for applying the 3D texture analysis

algorithm to OCT images of a mouse model of ovarian cancer is shown [188]. The

publication can be found at Physics in Medicine and Biology. The full citation is

listed below.

Travis W. Sawyer, Swati Chandra, Photini F. S. Rice, Jennifer W. Koevary and

Jennifer K. Barton. "Three-dimensional texture analysis of optical coherence tomog-

raphy images of ovarian tissue," Phys. Med. Biol. 63(23):235020 (4 Dec 2018);

https://doi.org/10.1088/1361-6560/aaefd2
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Abstract. Ovarian cancer has the lowest survival rate among all gynecologic cancers

due to predominantly late diagnosis. Optical Coherence Tomography (OCT) has been

applied successfully to experimentally image the ovaries in vivo; however, a robust

method for analysis is still required to provide quantitative diagnostic information.

Recently, texture analysis has proved to be a useful tool for tissue characterization;

unfortunately, existing work in the scope of OCT ovarian imaging is limited to only

analyzing 2D sub-regions of the image data, discarding information encoded in the full

image area, as well as in the depth dimension. Here we address these challenges by

testing three implementations of texture analysis for the ability to classify tissue type.

First, we test the traditional case of extracted 2D regions of interest; then we extend

this to include the entire image area by segmenting the organ from the background.

Finally, we conduct a full volumetric analysis of the image volume using 3D segmented

data. For each case, we compute features based on the grey-level co-occurrence matrix

and also by introducing a new approach that evaluates the frequency distribution in

the image by computing the energy density. We test these methods on a mouse model

of ovarian cancer to differentiate between age, genotype, and treatment. The results

show that the 3D application of texture analysis is most effective for differentiating

tissue types, yielding an average classification accuracy of 78.6%. This is followed by

the analysis in 2D with the segmented image volume, yielding an average accuracy
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of 71.5%. Both of these improve on the traditional approach of extracting square

regions of interest, which yield an average classification accuracy of 67.7%. Thus,

applying texture analysis in 3D with a fully segmented image volume is the most

robust approach to quantitatively characterizing ovarian tissue.

PACS numbers: 87.85.Pq

Keywords : optical coherence tomography, texture analysis, ovarian cancer

Submitted to: Phys. Med. Biol.

1. Introduction

Despite concerted efforts to improve patient outcomes, ovarian cancer remains the

deadliest gynecologic malignancy in the United States. Ovarian cancer is not

particularly common, with an incidence of approximately 22,000 per year in the US.

However, the disease maintains a high mortality rate, with median five-year survival

less than 45% (Barnholtz-Sloan et al., 2003), due to a high proportion of advanced

disease at the time of presentation. In fact, a substantial majority of patients have

already experienced spread of their disease to local or distant tissues at initial diagnosis,

corresponding to FIGO stages III or IV, and conferring a significantly poorer prognosis

(Maringe et al., 2012). This insidious pattern of disease progression has led to strong

interest in the area of ovarian cancer screening, with the goal of identifying asymptomatic

tumors in their early stages and allowing more effective treatment. Screening modalities

that have been investigated include physical examination, transvaginal ultrasound

(TVUS), and serum tumor marker measurement (most commonly CA-125) (Carlson,

2017). Annual bimanual pelvic examination has been shown to have little value as

a screening test, with low sensitivity leading to a positive predictive value (PPV) of

only 1% in an asymptomatic screening population (Ebell et al., 2015). Ultrasound

examination provides favorable sensitivity and specificity, but also does not reach

adequate PPV in screening populations (Menon et al., 2009; van Nagell et al., 2011).

Although tumor markers such as CA-125 have utility in monitoring response to

treatment in previously diagnosed cancers, it is not useful as a screening test. Only

80% of early stage ovarian cancers produce an elevation in CA-125, and multiple

other conditions can produce elevated levels, leading to poor sensitivity and specificity

(Bast, 2003), and may prove to be useful strategies for identifying ovarian cancer in

asymptomatic women. However, at this time the US Preventive Services Task Force

continues to recommend no routine screening in average-risk patients (Moyer, 2012).

There remains a strong need for a high-quality, minimally invasive modality for effective

detection of early-stage ovarian malignancies.
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Optical coherence tomography (OCT) is an interferometric imaging technique first

introduced in 1991 by (Huang et al., 1991) that yields depth-resolved, high-resolution

images of tissue, providing information about the tomography and microstructure.

Historically, OCT has been applied with much success to biological imaging in the

human eye (Swanson et al., 1993; Hee et al., 1995; Abràmoff et al., 2010), the lung

(Tsuboi et al., 2005; Otte et al., 2013), the esophagus (Lightdale, 2013), the coronary

artery (Ferrante et al., 2013; Abdolmanafi et al., 2017), in addition to a number of

other organs including the ovaries (Hariri et al., 2010; Wang, 2015; Drexler et al.,

2014). The physical principle of OCT systems is similar to that of ultrasound, except

that OCT systems measure time-resolved backscattered light instead of sound waves

(Schmitt, 1999). In a typical OCT configuration, a low-coherence infrared light source

is coupled into a Michelson interferometer. The reference arm light is reflected by a

mirror, while the sample arm light is focused onto the sample. The back-reflected

light from the reference and sample arms is combined and directed to a wavelength-

resolved detector. The depth-resolved reflectance of the sample is encoded in the

spectral frequency information on the detector, which can be recovered with a Fourier

transform. By scanning the beam across the sample, two- and three-dimensional images

can be acquired. Both the axial and lateral resolution depend on the source wavelength,

which commonly is in the range of 800 - 1300 nm. The axial resolution also depends

on the bandwidth of the source, whereas the lateral resolution is determined by the

numerical aperture of the focusing lens (Wang, 2015). Depending on the application,

an OCT system can be designed for a specific axial and lateral resolution; typically

these are on the order of several microns. A complicating factor of OCT is the depth

dependence of the system performance. Lateral resolution varies throughout the image

depth; furthermore, the signal is attenuated due to absorption and scattering, and the

axial resolution is effectively degraded in deeper tissue, as the assumption of single-

scattering becomes less true. Ultimately, this leads to the image statistics varying as a

function of depth, which can frustrate attempts at quantitative analysis. Despite these

drawbacks, OCT is an effective approach to characterizing tissue microstructure. In

particular, OCT has been demonstrated to image a wealth of microstructural features

in the ovaries, including the stroma, epithelium, and collagen, which show great potential

for disease diagnostics and tissue classification (Hariri et al., 2010; Wang, 2015; Welge

et al., 2014; Brewer et al., 2004; Watanabe et al., 2015)

While OCT provides an abundance of information about tissue health,

quantitatively analyzing three-dimensional OCT data of the ovaries is challenging due

to the scaling of processing time with higher-dimensional data, the depth-dependent

processes described above, the presence of speckle noise (Schmitt et al., 1999), and

also the large biological variation inherent to the ovaries. While recent advances in

computing have enabled the rapid processing of large datasets, determining a robust

analytic method that yields relevant pathological information remains a major objective.

One potential approach is to characterize the microstructural features using texture

analysis. Previously, texture analysis has been applied in medical imaging to classify
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different tissue types, in some cases with over 90% accuracy (Gossage et al., 2003;

Miller and Astley, 1992; Mostaço-Guidolin et al., 2013). It follows that analyzing the

texture of OCT images can potentially yield quantitative diagnostic information. With

this approach, two major sources of texture features arise in OCT images: first is

the biological composition of the tissue. In particular, collagen is a major source of

scattering in tissue that changes throughout the progression of cancer (Wang, 2015;

Saidi et al., 1995; Jacques, 1996). The physiological structure of the ovaries, such as the

corpora lutea, contain a rich network of collagen, giving texture analysis high potential

for tissue health assessment. Another source of texture in OCT images is the speckle

inherent to the imaging modality (Schmitt et al., 1999). While speckle is a general

characteristic of partially coherent imaging, previous work has shown that the speckle

can be characterized with texture analysis and differentiate material media (Gossage

et al., 2006). In this study, the imaging specifications are tuned such that changes in

speckle are not the primary source of texture features; thus, we focus on assessing the

texture changes introduced by disruption in the collagen matrix and microstructures.

Other scattering processes introduced by the biological changes throughout disease

progression will influence the texture as well (Beauvoit et al., 1995; Wilson et al., 2015;

Jacques, 2013), making texture an attractive target for potentially differentiating objects

and tissue types.

Texture analysis in image processing is a general method to describe the local

variations in image brightness. Often used in conjunction with the concept of tone, which

is related to the varying levels of image brightness, texture characterizes the spatial

distribution of the tones in an image (Haralick et al., 1973). A number of techniques

have been developed for texture analysis of images, which can be generally categorized

into three groups: statistical, spectral, and structural methods. Statistical methods are

based on analyzing image histograms by computing their statistical moments and other

properties (Haralick, 1979). These approaches are best suited to characterize features

such as inhomogeneity and contrast. Spectral methods apply autocorrelation and

Fourier analysis to evaluate periodic features of an image. Finally, structural approaches

decompose the image into a set of sub-patterns, arranged according to certain placement

rules. To date, there has been an abundance of work investigating the application of

different texture analysis methods to volumetric medical imaging (Depeursinge et al.,

2014). Unfortunately, very little of this work has been focused on OCT; furthermore, the

existing body of literature is either confined to two-dimensional (2D) analysis (Gossage

et al., 2003, 2006; St-Pierre et al., 2017), or applied to retinal OCT imaging (Quellec

et al., 2010; Kafieh et al., 2013). In particular, by confining the analysis to 2D, critical

pathological information could be discarded; therefore, applying three-dimensional (3D)

texture analysis could be a powerful diagnostic tool to aid physicians. A further

challenge is the selection of the image area to analyze. Traditionally, this is done by

selecting a square area within the region of interest. Unfortunately, due to the irregular

shape of the organs, this may discard valuable information that is not captured within

the selection, leading to higher variance in the analysis. Moreover, the manual selection
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of regions of interest can be time consuming for volumetric data, which would not lend

itself well to applications in computer-aided diagnosis.

Here, we address these challenges by conducting 3D texture analysis on OCT

images of a mouse model of ovarian cancer. We apply and compare three different

approaches to texture analysis techniques in both 2D and 3D to examine which is has

the highest accuracy for tissue classification. In all three cases, we compute features

based on analyzing the Grey level co-occurrence matrix, as well as using a new method

to parameterize the frequency distribution of an image. First we test the performance

of the traditional approach relying on extracting 2D square regions of interest. We then

apply the analysis to 2D images with a fully segmented organ area. Finally, the analysis

is extended to 3D, where the fully segmented organ volume is considered. To the best

of our knowledge, this is the first such study to employ these methods in 3D to analyze

the ovaries. In this manuscript, we first describe the OCT system and mouse model

used to in the experiment. Then, we provide an overview of the image pre-processing

and texture analysis methods, followed by the classification scheme. We then report the

results of the three types of analysis, showing that the 3D application of texture analysis

yields higher classification accuracy than either of the 2D cases, providing features that

can be used to differentiate between mouse populations with high statistical significance

(p < 0.001). These results suggest that texture analysis may be useful as an aid for

ovarian cancer screening.

2. Methods

2.1. OCT System

Three dimensional OCT imaging was completed with a swept source OCT system

(OCS1050SS, Thorlabs). The system operates in non-contact mode with a central

wavelength of 1040 nm and spectral bandwidth of 80 nm. A central wavelength of

1040 nm was chosen to balance penetration depth with resolution; while other common

systems operate around 1310 nm, which penetrates more deeply, we chose a slightly

shorter wavelength of 1040 nm to enable increased resolution. This allows us to capture

textural features, while retaining good penetration depth. The axial scan rate was 16

kHz and the power on the sample was measured as 0.36 mW . The system was set to

average 4 axial scans to increase the signal-to-noise ratio. The OCT system has 11 µm

transverse resolution and 9 µm axial resolution in tissue with an approximate NA of

0.055 (focal length of 36 mm). Imaging volume was (x lateral) 4 mm × (y lateral) 4

mm × (z axial) 2 mm deep and 750 × 752 × 512 pixels (pixel size of approximately 5

µm × 5 µm). The image volume was exported as a series of 2D en face (x− y) images

or slices, and saved to disk as 16-bit .tif image files.
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2.2. Mouse Model

For this experiment, we used a transgenic mouse model in which females spontaneously

develop bilateral epithelial ovarian cancer. The TgMISIIR-TAg (TAg) mouse was

obtained from Dr. Denise Connolly and colleagues at Fox Chase Cancer Center

(Connolly et al., 2003; Quinn et al., 2010). Male TAg mice were breed to female

C57Bl/6 (Wild Type) mice. This resulted in producing offspring expressing either the

TAg or Wild Type geneotype. Female offspring of both geneotypes were injected with

Vehicle (sesame oil) or 4-Vinylcyclohexene diepoxide (VCD) dissolved in sesame oil at a

concentration of 80 mg/kg for 20 days beginning at post-natal day seven. VCD was used

to destroy preantral follicles, resulting in early ovarian failure. VCD has previously been

used as a model for menopause (Romero-Aleshire et al., 2009). Mice were sacrificed at

four and eight weeks for imaging, which was performed within 30 minutes of explant.

The ovaries were rinsed with saline and covered with sterile surgical lubricant (Surgilube,

HR Pharmaceuticals, York PA). Our previous investigations, as well as experience on

this project support the assertion that OCT images have minimal changes over a 30

minute post-explant period. There should be minimal to no noticeable changes in tissue

structure over the time required for transfer. Our previous investigations support this,

as we saw minimal changes in signal over the same period of time. For brevity, we refer

to different groups in figures by abbreviating (age-genotype-treatment). For example,

4WV refers to four weeks of age, Wild Type genotype treated with VCD and 8TS refers

to eight weeks of age, TAg genotype treated with sesame oil.

With this procedure, we have eight different groups to compare (2x2x2 for age,

genotype and treatment). Four mice in each group were imaged; each of the two ovaries

are analyzed, resulting in eight samples per group except for the four-week Tag mouse

injected with sesame oil, for which seven mice were analyzed, resulting in fourteen

samples (Table 1). Within these eight groups we have three distinct class designations:

age, genotype and treatment. This poses an interesting challenge for class separation

based on image analysis, as we expect the structure of the ovary to change due to each

of these three processes. Firstly, we expect the TAg mice to spontaneously develop

ovarian cancer; however, this likely will not be visible until the mice are eight weeks

old. Secondly, the mice treated with VCD will undergo major physiological and visible

tissue changes including reduction in the number of follicles, as the treatment will mimic

menopause. Attempting to classify these images based on image content provides a

unique challenge, as the biological variation among each group may not be quantifiable

using the same feature set; thus this provides a more complex challenge in classification

than a binary comparison.

2.3. Image Preprocessing

All images (both 2D and 3D) were first filtered with a median filter (3 pixel kernel),

followed by a Gaussian filter (kernel sigma = 0.5 pixel) to minimize the influence of

noise. The median filter removes single-pixel speckle noise, and the Gaussian filter
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Table 1. Number of ovaries harvested and imaged for each of the different mouse

groups. Two ovaries were harvested for each mouse.

Age 4 Week 8 Week

Treatment VCD Sesame oil VCD Sesame oil

Genotype Wild Type 8 8 8 8

TAg 8 14 8 8

suppresses high frequency noise. 2D analysis proceeded by selecting one en face OCT

image slice from the superficial region of each ovary. For the first approach, we tested the

performance of the traditional method using manually-extracted 2D square regions of

interest (Figure 1a). Four regions of interest for each ovary were selected using ImageJ

with no overlap, each measuring 85 × 85 pixels (425 × 425 µm) (Rasband, 2012).

These regions were selected at random, but regions of fat and dark regions with no

signal were excluded. The size of these squares was chosen to ensure that the 4 regions

of interest could be contained entirely within the area of the smallest ovary. Images are

normalized to range between a value of zero and one. This ensures that the texture

features are independent of total signal strength. While the noise in the system (speckle

and shot noise) depends on the signal level, the features due to tissue morphology will

be independent.

The second two approaches involved analyzing the full image area (2D) and volume

(3D) of the image data corresponding to the ovary. We first segmented the image to

separate the organ from the background using ImageJ. The entire image stack for an

ovary was loaded into the program. We located the first image at the most superficial

location where the ovaries were visible and the image is not occluded by artifacts such

as strong surface back reflections (approximately 40 µm deep). A mask was then drawn

around the ovaries using the Create Mask tool (Figure 1a). The result was a binary

mask where the value was one within the drawn region of interest and zero elsewhere.

The mask was saved to disk, and the process was repeated approximately every ten

slices until the average brightness within the ovary dropped below 20% of that recorded

from the first superficial image. Once this step was complete, the segmentation mask

was linearly interpolated between each slice to account for the sampling step of ten slices

(Figure 1). Then the mask was applied to the image stack to isolate approximately only

the ovarian tissue. For the 2D case, analysis was conducted on each slice individually,

while for the 3D case, the entire image volume was analyzed simultaneously.

2.4. Texture Analysis

We apply two methods of texture analysis to extract features from the acquired

images. First is based on constructing and analyzing the Grey-level co-occurrence matrix

(GLCM) (Haralick et al., 1973). The GLCM is a spatial histogram that describes the

distribution of grey-level values in an image. Each entry in the GLCM, p(i, j|d, θ),
corresponds to the probability of a pixel with a grey-level of (i) being a distance (d)
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Figure 1. The ovaries are manually segmented from the image background, selecting

regions of interest (ROIs) both as square areas and as the entire ovary (a). The

segmentation is done throughout the tissue depth (b), which is then interpolated to

yield the 3D segmentation. This gives rise to three types of ROIs: 2D square, 2D

segmented and 3D segmented (c).

pixels away from a neighboring pixel with a grey-level of (j) in the (θ) direction (Figure

2a). With an image quantized into Ng grey levels, the GLCM is an Ng × Ng matrix.

For a two dimensional image, four directions for (θ) are possible: 0 degree, 45 degree,

90 degree, 135 degree (Figure 2b). Treating the three-dimensional case gives rise to an

additional nine directions in addition to these four to total thirteen (Figure 2c). In this

study, we fix (d) at one pixel, and compute the GLCM in 2D using the four relevant

directions and in 3D with all thirteen possible directions.

From the GLCM, we compute thirteen texture features originally proposed by
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Figure 2. The GLCM is constructed by measuring the probability of two pixel values

i and j occurring a distance d from one another (a). This can be done for four different

directions in 2D (b), and thirteen directions total for 3D (c ).

(Haralick et al., 1973) to describe the texture of an image as follows:

Angular Second Moment =
∑

i

∑

j

p(i, j)2, (1)

Contrast =

Ng−1∑

n=0

n2

Ng∑

i=1

Ng∑

j=1

p(i, j); n = |i− j|, (2)

Correlation =
∑

i

∑

j

(ij)p(i, j)− µxµy
σxσy

, (3)

where µx, µy, σx, σy are the mean and standard deviations of px and py, the marginal

probability density functions;

Sum of Squares: Variance =
∑

i

∑

j

(i− µ)2p(i, j), (4)

Inverse Difference Moment =
∑

i

∑

j

1

1 + (i− j)2p(i, j), (5)

Sum Average =

2Ng∑

i=2

ipx+y(i), (6)

where x and y are the row and column indices of the GLCM and px+y(i) is the

probability of the two indices summing to x+ y;

Sum Entropy = fs = −
2Ng∑

i=2

px+y(i) log(px+y(i)), (7)

Sum Variance =

2Ng∑

i=2

(i− fs)2px+y(i), (8)

Entropy = −
∑

i

∑

j

p(i, j) log(p(i, j)), (9)
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Difference Variance =

Ng−1∑

i=0

i2px−y(i), (10)

Difference Entropy = −
∑

i

∑

j

px−y(i) log(px−y(i)), (11)

IMC 1 =
Sxy − Sxy1

max(Sx, Sy)
, (12)

IMC 2 = (1− exp(−2(Sxy2 − Sxy)))1/2 (13)

where IMC is the Information Metric of Correlation, Sxy is the Entropy in 9,

Sx and Sy are the entropies of px and py, Sxy1 = −∑
i

∑
j p(i, j) log(px(i)py(i)), and

Sxy2 = −∑
i

∑
j px(i)py(j) log(px(i)py(i)).

We compute the thirteen features using (1) (2) for each GLCM corresponding to

the thirteen possible directions for (θ). We then average the features for the thirteen

directions to produce a single set of features; by averaging over the different directions,

we effectively create rotationally-invariant features, which is important when dealing

with unconstrained objects such as biological tissue.

These features can be interpreted physically to understand what properties of the

image are quantified. Here we describe five of the most common features used to describe

image texture. The Angular Second Moment, also known as energy (1), is found by

summing the squared values in the GLCM; this feature thus is a high value when the

image has a small number of intensity distributions or is homogeneous, e.g, the GLCM

has a few, large entries. The entropy (9), introduced by (Shannon, 1948), describes

the inhomogeneity of the image. By multiplying the GLCM entries by their logarithm,

smaller values are amplified, thus having the opposite effect of the Energy feature. Both

the contrast and variance (2 and 4) are well-known statistical parameters that measures

the variations in tone by providing higher weight to GLCM entries that are far from the

diagonal. Essentially the opposite of variance, the inverse-difference moment amplifies

the diagonal entries of the GLCM. Physically, this corresponds to a high feature value

for low-contrast areas, such as large patches of uniform grey-level. Each of the other

13 Haralick features provides additional information regarding image texture, and are

described in (Haralick et al., 1973).

2.5. Frequency Analysis

We compute a second set of features by analyzing the magnitude of the discrete Fast

Fourier transform (FFT) of the image, both in 2D and 3D. For both cases, the FFT

of the image data is calculated and stored in a matrix where the central value in the

matrix represents the DC frequency component. We then integrate the magnitude of the

spatial frequencies in a disk centered at the origin (Figure 3a). The value is normalized

to the total signal magnitude, representing the percentage of the total signal contained

in a given disk. The radius of this disk is then increased iteratively and the total signal
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proportion is recorded until the radius has reached 80% of the maximum, beyond which

values are very small, and may contain mainly noise. Any artifacts caused by the edge

introduced by the segmentation are also mitigated, as the edge would be characterized

by very high spatial frequencies. This is effectively the cumulative distribution function

of the energy density; taking the difference between the values for any two radii gives

the proportion of energy contained within a specific frequency band. By differentiating

the cumulative distribution function, we produce a distribution of the energy density as

a function of spatial frequency. Images that are highly homogeneous would have higher

energy density associated with lower spatial frequencies. On the other hand, images with

more inhomogeneity would have more energy density corresponding to higher spatial

frequency. We conducted an analogous procedure for the 3D case; however, as a pixel in

the axial direction (z) is a smaller physical distance than the en-face axes (x, y), the area

of integration was taken as an ellipse, where each radius for each axis was normalized

by the total axis length (Figure 3b).

Figure 3. The frequency analysis is done by integrating the fractional energy in a

disk centered at the origin of coordinates for the FFT (a). The radius of the disk is

increased until reaching 80% of the maximum value. For the 3D case, the disk becomes

an ellipse, scaled by the axis lengths in x, y and z (b).

We then parameterize the distribution by fitting the energy density curve to the

following equation:

y = αe−βx, (14)

where x is spatial frequency and y is the energy density. The frequency distribution

is thus described by the two features α and β, which are combined with the thirteen

Haralick features to create feature vectors with fifteen elements total. The choice of a

decaying exponential was arbitrary, but visually a good fit to the data. These feature

vectors were normalized along each feature axis to a value between 0 and 1 for the
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training set. The analyses were completed in Python using a computer with an Intel

Core I-4710HQ CPU (2.50 GHz) and 16 GB DDR3L memory.

2.6. Selection of Feature Subsets

Once feature vectors were created, redundant features were removed by calculating

the correlation matrix for the feature set. For each pair of features which was highly

correlated (correlation > 0.85) (Lingley-Papadopoulos et al., 2008), one feature from

the set was removed. For each correlated pair, we removed the feature which yielded

a higher average p-value using a students t-test to discriminate between the groups.

Significance was set at p < 0.05.

It is well-documented in the literature that the combination of two features may

yield high performance even when the individual features do not perform well (Lingley-

Papadopoulos et al., 2008; Duda et al., 2001).However, it is also understood that

there is some optimal number of features that balances the information content and

probability of error; thus, including an excessive number of features can in fact reduce

the performance compared to the careful selection of a subset. We exhaustively tested

the classification performance of feature subsets consisting of five or fewer features, as

the literature suggests that high performance can typically be achieved with two to five

features (Lingley-Papadopoulos et al., 2008; St-Pierre et al., 2017).

Several criteria exist to evaluate how well a set of features can separate different

classes within a cluster of data. Here we use the criteria of the trace of the ratio of the

between-class scatter (SB) and within-class scatter (Sw), which has previously been used

to this effect with much success (Lingley-Papadopoulos et al., 2008). The within-class

scatter Sw(i) for cluster i represents variance of the data points within cluster i, and

can be calculated as (Duda et al., 2001):

Sw(i) =
∑

j

(xj −mi)(xj −mi)
T , (15)

where mi is the mean vector for cluster i, and x is the set of j points in cluster i.

The total within-class scatter Sw for a group of clusters is the sum of the within-class

scatter across all clusters Sw =
∑
Sw(i).

Conversely, the between-class scatter SB for a group of classes represents the

variance separating the clusters, and may be calculated as

SB =
∑

i

ni(mi −m)(mi −m)T , (16)

where m is the mean vector for the entire data set, mi is the mean vector for

cluster i, and ni is the number of points in class i. For both Sw and SB, the result is an

N×N matrix (where N is the number of features) describing the variance between each

features for the data within each class (Sw) and between each class (SB). Thus, taking

the ratio of SB to Sw will yield a value that is large when a given feature is consistent

(low variance) within a class and different (high variance) between each class. Taking
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the trace of this ratio is equivalent to summing the magnitude of the eigenvectors,

which represent the principal components of the matrix. In this case, these eigenvalues

quantify how well a given set of features will separate two classes. Thus, maximizing

this value increases the separability of the classes.

2.7. Classification

To classify the data, we use linear discriminant analysis (Welling, 2009), which has

previously been applied in the scope of medical image classification (Lin et al., 2010;

Reshetov et al., 2016). This approach is closely tied to the criteria used to select the

feature subsets. To obtain the linear discriminants, we solve the generalized eigenvalue

problem for the matrix S−1
W SB. After this decomposition, we are left with a set of

eigenvectors and eigenvalues; in this case, the eigenvectors essentially represent the

axes which have highest variance between classes. The magnitude of each eigenvector

represents how suitable a given axis is for class separation. Following this decomposition,

we reduce the dimension of the problem by selecting the top three eigenvectors, which

we found account for at least 99% of the variance in every case. We then transform the

data to this new subspace and find the optimal decision boundary, which we generate by

fitting the class conditional densities to the data and using Bayes rule; here we assume

a Gaussian probability density distribution for each class. To validate the model, we

use leave-one-out cross-validation, which is a well-documented method to evaluate the

accuracy of such a model. This validation is conducted by iteratively removing a single

data point, training the model on the remaining points and then testing the removed

sample. By iterating through every point, we maintain independence of the test and

training data since the training set never includes the point which is tested. There are

eight groups, but only certain comparisons are necessary. We performed 12 comparisons:

for a given age and treatment, the difference between genotypes, for a given treatment

and genotype, the difference between ages, and for each genotype and age, the difference

between treatments.

3. Results and Discussion

In this section, we present the results of computing the features using both the GLCM

approach and the frequency analysis. We do so to illustrate that some individual features

yield high statistical significant between groups, while others do not. In particular, we

emphasize that the 3D analysis yields, on average, higher statistical significant for more

groups than the 2D analogs. Following this, we present the results of the classification,

beginning by inspecting the distribution of features determined to be most appropriate,

followed by the resulting linear discriminant analysis, ultimately showing that the 3D

application of texture analysis is most appropriate for tissue classification.
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3.1. GLCM Features

The results of computing the features from the GLCM in 2D (manually extracted

squares) are illustrated in Figure 4 for a representative set of features. Using these

features to perform pairwise comparison between different mouse groups, we see that

the most effective feature is the inverse difference moment, which shows statistical

significance for three different comparisons. Unfortunately, while the other features

show significance for a select few comparisons, the majority of comparisons have no

parameter that provides a statistically significant measure of difference. We observed

similar results for the 2D analysis using the entire ovary.

Evaluating the results in 3D, we see marked improvement over the 2D analog. In

this case, we observed that for pairwise comparison between most groups, more than

one feature can be used to distinguish the groups with high statistical significance.

Figure 5 illustrates a representative set of features that show high potential for tissue

classification. Entropy, for example can be used in seven different pairwise comparisons.

Broad features such as entropy compliment other more specific features that are effective

for a subset of groups, such as the difference variance for age or difference entropy for

treatment.

While we see tremendous improvement over the 2D analysis, it is not possible

to distinguish between all groups, even with 3D analysis. In particular, no feature

provided a statistically significant difference between genotype for both 4 week and 8

week mice treated with sesame oil. It is possible that this difficulty may be a result of

the large changes introduced by age and treatment, which effectively mask variations

that would be observed by the different genotype. Another potential cause may be

the lack of any biological variability. It is possible that these mouse groups do not

exhibit significant structural changes between one another, thus leading to very similar

values for the texture features (Figure 6a,b). Hence, this would result in the features

being a poor classifier between the two groups. In contrast, we observe that many

parameters are significant for differentiating between Wild Type and TAg mice at 8

weeks treated with VCD (Figure 6c,d). This suggests that this mouse population likely

has undergone a fundamental biological change that can be quantified with texture

analysis. These results are highly encouraging and indicate that texture features can

be used to quantitatively assess and classify tissue in the ovaries. With the large

number of relevant features, it remains a challenge to determine which features are

most diagnostically relevant and robust.

3.2. Frequency Analysis

Example fits of the energy density as a function of spatial frequency are illustrated

in Figure 7, which illustrates that the energy density is distributed differently for 4

week and 8 week wild type mice treated with VCD. The results for parameterizing

the energy density as a function of frequency for all eight groups are illustrated in

Figure 8 for both 2D and 3D. We observe statistical significance for a number of
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Figure 4. Representative features from the 2d application of the GLCM. The

parameters of angular second moment (a), correlation (b), variance (c) and inverse

difference moment (d) proved to be the most statistically significant for differentiating

the mouse groups. Error bars are given by the standard deviation of the result

evaluated over the population of mice. Significance levels are represented by a triangles

for age groups, + for genotypes and * for treatments, with one and two symbols for p

<0.05 and p < 0.01, respectively.

different comparisons using the parameters. The same comparisons consistently produce

statistically significant results in both 2D and 3D, indicating that these groups exhibit

the highest degree of change in the frequency content.

We find that the there is little correlation between the feature value of alpha and

beta between the 2D and 3D calculation. Furthermore, while there are more, and

more highly significant, differences between groups, with 3D, the results are not highly

superior to 2D analysis, as was observed with the GLCM. Also, some comparisons are

significant in 2D but not in 3D. This may indicate that the frequency distribution in

2D is shaped fundamentally different than in 3D; while we observed minimal fitting

error, it still may be more appropriate to parameterize the distribution using a different

functional form. Nevertheless, the results shown here indicate that there is a quantifiable

change in the frequency distribution as the underlying biology changes.
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Figure 5. Representative features from the 3D application of the GLCM. Entropy is a

powerful feature for differentiating all groups (a). Individually, difference variance (b)

is useful for age, while difference entropy is powerful for treatment (c) and sum average

provides statistical significance for genotype (d). Error bars are given by the standard

deviation of the result evaluated over the population of mice. Significance levels are

represented by a triangles for age groups, + for genotypes and * for treatments, with

one and two symbols for p <0.05 and p < 0.01, respectively.

3.3. Feature Selection

Of the fifteen original features (thirteen texture, two frequency), three pairs of features

were found to share correlations with one another. In particular, we found high

correlation between the inverse difference moment and the angular second moment, the

sum variance and sum of squares: variance, and between the entropy and sum entropy.

In each case, the feature with the higher average p-value across all twelve comparisons

was removed. Using the trace metric to select the best features for discrimination, we

find that the selected features are distributed relatively uniformly across the set (Figure

9). This illustrates how some features may not be suitable taken alone; however, these

features may be relevant when taken with other complimentary features.

Interestingly, while we see a roughly even feature distribution for classification,

many of these features did not yield significant p-values for differentiating between

classes individually. This validates the expectation that some features are only relevant
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Figure 6. Representative images of the ovaries for mice at 4 weeks treated with sesame

oil for wild type (a) and TAg (b) genotypes. There is very little observable differences

between the two, leading to very similar texture features. In contrast, wild type (c)

and TAg (d) mice at 8 weeks while treated with VCD show clear differences, reflected

in the variation among texture features.

for separation when combined with other complimentary features, further motivating

the use of dimension reduction techniques such as LDA or principal component analysis.

After computing the linear discriminants, we found that in every case, at least 95% of the

variance was contained in the first two linear discriminants. Once the data is projected

onto these axes, we could observe clear class separation when investigating age (Figure

9), treatment (Figure 9) and genotype (Figure 9). While projecting into two dimensions

is useful to illustrate the class separability, we retain the top three linear discriminants

during classification, which accounted for over 99% of the variance for each case.
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Figure 7. The energy density is distributed differently as a function of frequency for

different mouse groups, for example 4 week (magenta + symbols) and 8 week (orange

dots) wild type mice treated with VCD. Fitting these curves to a two-parameter model

yields an additional two features for analysis. The curves shown here are for the 3D

analysis

3.4. Classification

The classification results are summarized in Table 2. We see that applying texture

analysis in 3D yields the highest accuracy on average, with an overall accuracy of

78.6%. This is followed by 2D analog using the entire area of the segmented ovary, with

an accuracy of 71.5%. Both of these cases exceed the performance of the traditional

approach, which uses 2D manually-extracted square regions of interest, yielding an

accuracy of 66.7%. These results indicate that, while manually-extracted regions of

interest may intentionally omit artifacts, the additional information contained within the

full segmentation provides a higher degree of classification accuracy. Full segmentation,

including information around the edges of the ovaries, may lead to the increased

classification accuracy if physiological changes begin around the edges of the organ,

or in the adjacent fallopian tubes, which is often the case in ovarian cancer (George

et al., 2016). Furthermore, the substantial improvement in classification rate with 3D

implies that relevant information is encoded in the depth dimension of the image data.

These results are encouraging; however, several challenges remain before bringing

the approach toward practical implementation as a physician aid. First, while the mouse

model used here is an interesting and unique classification problem, the classification of

tissue health is the ultimate goal for such a tool. Here, the mouse genotype is used as a
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Figure 8. Frequency analysis results for 2D (a,b) and 3D (c,d). In both cases, the

distribution is described using two parameters: α (a,c) and β (b,d). Error bars are

given by the standard deviation of the result evaluated over the population of mice.

Significance levels are represented by a triangles for age groups, + for genotypes and

* for treatments, with one, two, and three symbols for p <0.05, p < 0.01, and p <

0.001, respectively.

Table 2. Classification results for each of the three tested approaches for each pairing

of classes as well as the overall performance. On average, the 3D method yields the

highest classification accuracy, followed by the 2D analysis of the segmented image

area.
2D Squares 2D Segmented 3D Segmented

Ages 0.7376 0.6291 0.7940

Genotypes 0.5708 0.7292 0.8403

Treatments 0.6985 0.7872 0.7372

Overall 0.6779 0.7151 0.7860
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Figure 9. Histogram of the frequency with which features were selected (a). From

the best features, the linear discriminants were computed and the data were projected

onto these axes. Examples for which the data can be separated with high accuracy

with only 2 linear discriminants for age (b), genotype (c) and treatment (d). Red lines

are a visual aid to illustrate the axis of discrimination.

proxy for disease, since the TAg genotype is used to induce ovarian cancer. Considering

this, the classification results for genotype are of particular interest, where we see the

3D analysis is superior. Other classification approaches exist; in particular, machine

learning algorithms have shown great success in recent years for tissue classification.

While highly accurate, these are often tuned to a specific system configuration, reducing

the ability to generalize the results. Furthermore, these often require a large amount

of data for training. As our study was focused on generally assessing texture analysis

for characterizing ovarian tissue, we chose to select a more general statistical model

for classification. Nevertheless, using machine learning for classification remains an

interesting avenue to investigate, and remains an objective of future work.

Second, developing an automated segmentation protocol is essential for streamlining

the procedure. We see that using the fully segmented image area for both 2D and

3D analysis is superior to extracting regions of interest, thus a rapid and robust

segmentation algorithm would greatly improve the utility of the process. Lastly, a

major obstacle is the depth-dependent signal levels due to tissue absorption. Of the

image depth captured in OCT, only a subset (approximately 0.5 mm) of the image

data is relevant and of high enough quality to be used in analysis. In this study, we

determine the boundaries by selecting the first image with no artifacts such as back
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reflections and the final image by finding where the mean signal inside the ovary drops

to a prescribed level (20% of original). While this is suitable to conduct the study

presented here, an evaluation of the optimal range of depth to include in the analysis

would advance the approach toward clinical application by minimizing the noise included

in the computations, thus reducing variance and maximizing the statistical power.

Another challenge that remains in the scope of clinical application is obtaining

motion-free data. The respiratory rate of a human is significantly slower than mice;

therefore it is possible that a patient could hold their breath for a short amount of time,

allowing 3D scanning to take place. Due to the small field of view, visualizing the entire

ovary would involve probing the tissue at multiple locations, requiring several breath

holds. Another potential solution is to develop a probe that is in contact with the ovary,

mitigating motion artifacts in the tissue region of interest.

We have demonstrated that the effectiveness of texture analysis for classifying tissue

type in OCT images of ovarian tissue can be enhanced by conducting the analysis in

three-dimensions. In particular, we introduce three concepts that improve upon what

little work has been done to-date to apply texture analysis in this regime. In summary,

these contributions include:

(i) Utilizing the depth information in the images by computing texture parameters

for all thirteen possible directions in a three-dimensional volume of data. We

demonstrate that this increases classification rates over the 2D analog by

approximately 7%.

(ii) By first segmenting the images to isolate the relevant image volume, we avoid the

need to select a square region of interest to analyze. This provides a more true

representation of the image content, leading to a more representative analysis and

improving classification rates.

(iii) We introduce a new approach to frequency analysis that does not rely on isolating

individual frequency bands. We characterize the frequency distribution by first

computing the energy density as a function of radial frequency. By fitting this

distribution to a functional form, we parameterize the full frequency content, which

we see yields features with high statistical significance.

4. Conclusion

In this manuscript, we assess three implementations of texture analysis for the ability

to classify ovarian tissue. First, we test the traditional case of analyzing 2D square

regions of interest; then we extend this to include the entire image area by segmenting

the ovary from the background. Finally, we conduct a full 3D analysis of the image

volume using 3D segmented data. For each case, we compute features based on the

grey-level co-occurrence matrix and also by parameterizing the frequency distribution

in the image by computing the energy density. We use a transgenic mouse model

that spontaneously develops ovarian cancer and attempt to use texture features to
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differentiate between age, genotype, and treatment. The results indicate that the 3D

application of texture analysis is most effective for differentiating tissue types, yielding

an average classification accuracy of 78.6%. This is followed by the analysis in 2D with

the segmented image volume, yielding an average accuracy of 71.5%. Both of these

improve on the traditional approach of extracting square regions of interest, which yield

an average classification accuracy of 67.8%. Considering these results, we conclude that

applying texture analysis in 3D with a fully segmented image volume is the most robust

approach to characterize ovarian tissue. We also find that the features derived from

the frequency distribution yield high statistical significance, suggesting that the method

proposed here is an effective approach to quantitative tissue characterization.
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Appendix I: Tabulated Feature Data

Table 3. Tabulated data for 2D GLCM texture features shown in Figure 4. Values

are quoted as means ± standard deviations.

Group
Sum of Squares:

Variance
Correlation Energy

Inverse Difference

Moment

4WV 15.413 ± 5.607 0.8459 ± 0.0473 0.004448 ± 0.001552 0.4133 ± 0.0350

8WV 21.953 ± 7.185 0.7947 ± 0.0574 0.003733 ± 0.001300 0.3767 ± 0.0321

4WS 15.205 ± 2.192 0.8288 ± 0.0456 0.004214 ± 0.000812 0.4071 ± 0.0155

8WS 13.607 ± 2.668 0.8397 ± 0.0473 0.004621 ± 0.000895 0.4202 ± 0.0197

4TV 14.195 ± 4.419 0.8594 ± 0.0271 0.004282 ± 0.001137 0.4188 ± 0.0300

8TV 13.283 ± 1.187 0.8184 ± 0.0363 0.004952 ± 0.000782 0.4216 ± 0.0159

4TS 15.051 ± 2.336 0.8289 ± 0.0417 0.004231 ± 0.000753 0.4082 ± 0.0167

8TS 14.131 ± 1.661 0.8473 ± 0.0378 0.004190 ± 0.000716 0.4139 ± 0.0131

Table 4. Tabulated data for 3D GLCM texture features shown in Figure 5. Values

are quoted as means ± standard deviations.

Group Entropy
Difference Variance

(x 1E4)*
Difference Entropy Sum Average

4WV 12.5039 ± 0.2944 1.650 ± 0.1436 4.7823 ± 0.1157 151.801 ± 51.111

8WV 12.8917 ± 0.3332 1.384 ± 0.2142 5.0411 ± 0.1988 145.328 ± 34.672

4WS 13.0166 ± 0.1442 1.383 ± 0.1019 4.9718 ± 0.0944 167.511 ± 7.806

8WS 12.6742 ± 0.4114 1.565 ± 0.2439 4.8238 ± 0.1843 173.803 ± 27.752

4TV 12.8208 ± 0.1053 1.429 ± 0.1038 4.9233 ± 0.1023 173.615 ± 34.096

8TV 13.1429 ± 0.1458 1.385 ± 0.1051 4.9576 ± 0.0995 204.549 ± 9.824

4TS 12.9653 ± 0.1991 1.373 ± 0.1507 4.9722 ± 0.1316 170.821 ± 17.812

8TS 12.7475 ± 0.3325 1.557 ± 0.1620 4.8330 ± 0.1408 181.164 ± 13.558

Table 5. Tabulated data for the 2D and 3D frequency-based texture features shown

in Figure 8. Values are quoted as means ± standard deviations.
2D 3D

Group α (x 1E3) β α (x1E2) β

4WV 6.341 ± 0.503 0.2299 ± 0.0537 1.329 ± 0.0536 0.2706 ± 0.0414

8WV 7.038 ± 1.237 0.1633 ± 0.0745 1.245 ± 0.0333 0.3154 ± 0.0344

4WS 5.940 ± 0.281 0.2613 ± 0.0161 1.323 ± 0.0532 0.2761 ± 0.0350

8WS 6.456 ± 0.171 0.2780 ± 0.0105 1.346 ± 0.0580 0.2703 ± 0.0449

4TV 6.704 ± 0.632 0.2382 ± 0.0681 1.330 ± 0.0299 0.2606 ± 0.0225

8TV 6.433 ± 0.212 0.2657 ± 0.0139 1.345 ± 0.0222 0.2590 ± 0.0095

4TS 6.064 ± 0.264 0.2594 ± 0.0228 1.318 ± 0.0333 0.2799 ± 0.0212

8TS 6.419 ± 0.239 0.2784 ± 0.0062 1.383 ± 0.0378 0.2395 ± 0.0206
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B.2 SPIE Proceedings for In Vivo Study

This section includes the SPIE proceeding for applying the texture analysis to the in

vivo mouse model OCT data set [197]. The publication can be found at the SPIE

Digital Library. The full citation is listed below.

Travis W. Sawyer, Jennifer W. Koevary, Photini F. S. Rice, Jennifer K. Barton,

"In vivo optical coherence tomography of a mouse model of spontaneous ovarian

cancer," Proc. SPIE 11073, Clinical and Preclinical Optical Diagnostics II, 110731E

(19 July 2019); https://doi.org/10.1117/12.2525611
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In Vivo Optical Coherence Tomography of a Mouse
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Abstract: Ovarian cancer is the deadliest gynecologic cancer, but can be addressed with early
detection. We investigate optical coherence tomography for imaging ovarian cancer, finding that
tissue changes can be detected through quantitative analysis.

OCIS codes: 170.2520, 170.6935.

1. Introduction

Ovarian cancer is a devastating disease with high mortality rates due to non-specific symptoms and lack of an effective
screening test, leading to frequent late diagnosis. However, if ovarian cancer is found and treated before metastasis, the 5-
year survival rate is 94% (versus 28% for metastatic disease). Thus, a reliable early-detection technique could greatly reduce
the burden and mortality of the disease. Optical coherence tomography (OCT) is an interferometric imaging technique
first introduced in 1991 [1] that yields depth-resolved, high-resolution images of tissue, providing information about the
tomography and microstructure. Among other applications, OCT has shown great potential for differentiating cancerous
and healthy tissue in the ovaries. [2] However, little work has investigated how features derived from OCT images change
throughout disease onset. In this study, we image a mouse model that spontaneously develops ovarian cancer to evaluate
OCT for detecting changes in ovarian tissue with disease onset. Imaging is done in vivo using OCT at two time points for
both healthy and diseased animals, as well as those treated to undergo menopause. We find that texture features derived
from OCT images show statistically significant differences between experimental groups, indicating that texture analysis
and OCT have potential for assessing ovarian tissue health.

2. Methods

2.1. Mouse Model

For this experiment, we used a transgenic mouse model in which females spontaneously develop bilateral epithelial ovarian
cancer. The TgMISIIR-TAg (TAg) mouse was obtained from Dr. Denise Connolly and colleagues at Fox Chase Cancer
Center [3]. At 4 weeks, TAg animals may have microscopic disease and by 8 weeks all TAg animals have disease that
may be either microscopic, or slight ovarian enlargement. Female offspring of both geneotypes were injected with Vehicle
(sesame oil; SO) or 4-Vinylcyclohexene diepoxide (VCD) dissolved in SO at a concentration of 80 mg/kg for 20 days
beginning at post-natal day seven. VCD was used to destroy preantral follicles, mimicking a post-menopausal state. Mice
were imaged in vivo at both four and eight weeks of age, before being euthanized. 15 mice were imaged at both time points.

2.2. Imaging and Analysis

Three dimensional OCT imaging was completed with a swept source OCT system (OCS1050SS, Thorlabs). The system
operates in non-contact mode with a central wavelength of 1040 nm and spectral bandwidth of 80 nm. The axial scan rate
was 16 kHz and the power on the sample was measured as 0.36 mW . The system was set to average 4 axial scans. The
OCT system has 11 µm transverse resolution and 9 µm axial resolution in tissue. Imaging volume was (x lateral) 4 mm ×
(y lateral) 4 mm × (z axial) 2 mm deep and 750 × 752 × 512 pixels (pixel size of approximately 5 µm × 5 µm). The image
volume was exported as a series of 2D en face (x− y) images or slices, and saved to disk as .tif image files.

Morphological features were extracted from OCT images using texture analysis based on the application of the grey-
level co-occurrence matrix (GLCM) and also by quantifying the spatial frequency content using the Fourier transform
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(FT) [4]. The cumulative frequency distribution as a function of radial frequency was quantified by fitting to the equation
y = αxβ , where y is the cumulative energy and x is the radial frequency. This formula was empirically found to fit the
distribution well. Thirteen texture features [5] were extracted and combined with the two frequency-based features (α , β )
to yield a total of fifteen features. Statistical significance was tested using a linear mixed effects model with a random
intercept accounting for the within-subject dependence and three-way interactions between age, genotype and treatment.
Each group was treated independently (i.e, not pairwise) for the analysis.

3. Results

Analysis of OCT images in 3D shows significant differences between genotype for 8 week SO mice for seven GLCM
features including Difference Entropy and Contrast (Fig. 1a). These features were found to be uncorrelated, indicating
that they are not redundant. For 2D analysis, several GLCM features show significant changes between genotype (Fig.
1b); however, these have less statistical power than 3D analysis. This is consistent with our previous studies comparing
2D and 3D texture analysis [4]. Furthermore, significance was observed with the spatial frequency content between WT
and TAg ovaries at both 4 and 8 weeks of age (Fig. 1c), which appears to be attributable to more high frequency content
in TAg animals. VCD dosing has minimal effect of FT energy distribution at 4 weeks, but at 8 weeks there is a shift
in frequency content to lower frequencies (significant for TAg animals). Both VCD dosing and age produce significant
changes in multiple GLCM features, indicating that these may be a confounding factor.

Fig. 1. Example GLCM features in 3D (a) and in 2D (b) show significant differences between TAg
and Wild type animals, as do frequency-based texture features (c). Statistical significance is denoted
with * for p<0.05, and ** for p<0.001. For the groups, 4/8 refers to age, W/T refers to wild type or
TAg, and S/V refers to dosing with sesame oil or VCD.

4. Conclusion

We demonstrate with an in vivo study that OCT can be used to detect tissue changes in a mouse model of ovarian cancer.
In particular, we demonstrated that the texture features derived from the grey-level co-occurrence matrix shows significant
differences between control and diseased mouse groups. This indicates that OCT have high potential for assessing ovarian
tissue health. Next steps include testing this modality in vivo in a clinical study, and also investigating other approaches for
image analysis. However, there still remains a challenge to minimize motion artifact to maximize the data quality.
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B.3 Data Storage

The same raw data files as described in Appendix A.2 were used in this study.

Processed data files are contained in in the Barton laboratory research drive at

the location \\engr-storage.catnet.arizona.edu\Research\Barton\Projects\

Grants\Mouse ovary 2015\Analysis\OCT analysis\oct. Here, the directory has

files containing the individual feature values for each experimental group, as well as

for the two-dimensional analysis and two-dimensional square analysis, as is described

by the suffixes "-2d" and "-2d-sq."

B.4 Programming Scripts

This section contains the programming algorithms used to complete this study. These

are separated into the texture analysis algorithm, the classification algorithm, as well

as the individual statistical analysis scripts used to compare features.

B.4.1 Texture Analysis Algorithm

1 %pylab inline

2 import mahotas

3 from mahotas import features

4

5 import os, glob, skimage

6 from skimage import filters

7

8 from scipy.interpolate import interp1d

9

10

11 def stitch_image(im_direc, verbose=False, bounds=(0,−1)):
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12 # Read images and dimensions

13 ims = glob.glob(im_direc+"/*")[bounds[0]:bounds[1]]

14 im_dims = imread(ims[0]).shape

15

16 # empty array for depth and data

17 x = []

18 data = zeros((im_dims[0],im_dims[1],len(ims)))

19

20 for i, image in enumerate(ims):

21 # record depth

22 fname = os.path.split(os.path.abspath(image))[1]

23 x.append(int(fname.split(".")[0]))

24

25 # Load image data

26 im_data = ¬imread(image)

27 im_data /= im_data.max()

28 data[:,:,i] = im_data

29

30 if verbose and not i%10:

31 print "Reading image %d" %i

32

33 x = array(x)

34

35 # empty mask to populate

36 mask = zeros((im_dims[0],im_dims[1],512))

37

38 interp_func = interp1d(x, data, axis=2)

39

40 mask[:,:,x[0]:x[−1]] = interp_func(arange(x[0],x[−1],1))

41

42 return x, mask

43
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44 def stitch_manual(im_direc, rel_path="../manual−segmentation/", ...

fallopian=False):

45

46 # Stitch the masks for the ovaries and fallopian tubes separately

47 # Only take ovaries for this analysis

48 ox, om = stitch_image(os.path.join(rel_path, "ovaries/", ...

im_direc))

49 if fallopian:

50 fx, fm = stitch_image(os.path.join(rel_path, ...

"fallopian−tubes/", im_direc))

51

52 # Combine and set to one

53 manual = om #+ fm

54 manual[manual>0] = 1.

55

56 # Record the valid regionf for analysis

57 valid = [max(r_[ox[0],fx[0]]), min(r_[ox[−1],fx[−1]])]

58

59 else:

60 manual = om

61 manual[manual>0] = 1.

62

63 valid = [ox[0],ox[−1]]

64

65 return manual, valid

66

67 def stitch_real(im_direc, rel_path="../raw/", verbose=False, ...

depth_lims=None):

68 # Read images and dimensions

69 ims = glob.glob(os.path.join(rel_path, im_direc, "*"))

70 im_dims = imread(ims[0]).shape

71 if depth_lims:
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72 ims = ims[depth_lims[0]:depth_lims[−1]]

73

74 # Create empty arrays for image data and depth index

75 x = []

76 data = zeros((im_dims[0],im_dims[1],len(ims)))

77

78 for i, image in enumerate(ims):

79 # record depth

80 fname = os.path.split(os.path.abspath(image))[1]

81 x.append(int(fname.split(".")[0]))

82

83 # Load image data, smooth, and normalize

84 im_data = filters.gaussian(filters.median(imread(image),...

85 ones((3,3)))*1.,0.5)

86 im_data /= im_data.max()

87 data[:,:,i] = im_data

88

89 if verbose and not i%10:

90 print "Reading image %d" %i

91 x = array(x)

92

93 return data, x

94

95 def stitch_manual(im_direc):

96

97 rel_path = "../manual−segmentation/"

98 print os.path.join(rel_path, "ovaries/", im_direc)

99 ox, om = stitch_image(os.path.join(rel_path, "ovaries/", ...

im_direc))

100 #fx, fm = stitch_image(os.path.join(rel_path, ...

"fallopian−tubes/", im_direc))

101
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102 manual = om #+ fm

103 manual[manual>0] = 1.

104 valid = [ox[0],ox[−1]]#[max(r_[ox[0],fx[0]]), ...

min(r_[ox[−1],fx[−1]])]

105

106 return manual, valid

107

108 def compute_haralick_features(im_name):

109 # Load the real image and segmentation mask

110 print "Loading image " + im_name

111 x,i = stitch_real(im_name)

112 print "Stitching mask for " + im_name

113 m,v = stitch_manual(im_name)

114

115 # Apply the mask and threshold to the valid region

116 if x.shape != m.shape:

117 m = m[:,:,:x.shape[2]]

118 x*=m

119 x = x[:,:,v[0]:v[−1]]

120

121 # Convert to integer (required for feature computation)

122 x = (x*256).astype("int")

123

124 # Compute haralick features

125 print "Computing features for " + im_name

126 f = features.haralick(x,ignore_zeros=True)

127

128 return f

129

130 # Done

131 d1 = []

132 p1 = "4 week Wild type VCD/"
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133 n1 = ["412_L/","412_R/","415_L/","415_R/","3705_L/",...

134 "3705_R/","3706_L/","3706_R/"]

135

136 # Done

137 d2 = []

138 p2 = "8 week Wild type Sesame oil images"

139 n2 = ["3316_L/","3316_R/","3318_R/","3328_L/","3328_R",...

140 "3578_L/","3578_R/"] #"3320_L/","3320_R/",

141

142 # Done

143 d3 = []

144 p3 = "4 week Tag VCD images"

145 n3 = ["416_L/","416_R/","3509_L/","3509_R/","3710_L/",...

146 "3710_R/","3733_L/","3733_R/"] #"414_L/","414_R/",

147

148 # Done

149 d4 = []

150 p4 = "8 week Tag Sesame oil images"

151 n4 = ["3314_L/","3314_R/","3317_L/","3317_R/",...

152 "3505_L/","3505_R/","3618_L/","3618_R"]

153

154 # Done

155 d5 = []

156 p5 = "8 week Wild type VCD images"

157 n5 = ["3392_L/","3392_R/","3393_L/","3393_R/",...

158 "3515_L/","3515_R/","3516_L/","3516_R/"]

159

160 d6 = []

161 p6 = "8 week Tag VCD"

162 n6 = ["3624_L/","3624_R/","3625_L/","3625_R/",...

163 "3629_L/","3629_R/","3634_L/","3634_R/"]

164
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165 d7 = []

166 p7 = "4 week Tag Sesame oil images"

167 n7 = ["3551_L/","3551_R/","3552_L/","3552_R/","3760_L","3760_R/",...

168 "3766_L/","3766_R/","3767_L/","3767_R/",...

169 "3771_L/","3771_R/","3775_L/","3775_R/"]

170

171 d8 = []

172 p8 = "4 week Wild type Sesame oil images"

173 n8 = ["3550_L/","3550_R/","3761_L/","3761_R/","3765_L/",...

174 "3765_R/","3768_L/","3768_R/","3769_L/","3769_R/"]

175

176 for n in n1:

177 print n

178 d1.append(compute_haralick_features(os.path.join(p1,n)))

179 np.save('4−w−v.npy',d1)

180

181 for n in n2:

182 print n

183 d2.append(compute_haralick_features(os.path.join(p2,n)))

184 np.save('8−w−s.npy',d2)

185

186 for n in n3:

187 print n

188 d3.append(compute_haralick_features(os.path.join(p3,n)))

189 np.save('4−t−v.npy',d3)

190

191 for n in n4:

192 print n

193 d4.append(compute_haralick_features(os.path.join(p4,n)))

194 np.save("8−t−s.npy", d4)

195

196 for n in n5:

189



197 print n

198 d5.append(compute_haralick_features(os.path.join(p5,n)))

199 np.save("8−w−v.npy", d5)

200

201 for n in n6:

202 print n

203 d6.append(compute_haralick_features(os.path.join(p6,n)))

204 np.save("8−t−v.npy", d6)

205

206 for n in n7:

207 print n

208 d7.append(compute_haralick_features(os.path.join(p7,n)))

209 np.save("4−t−s.npy", d7)

210

211 for n in n8:

212 print n

213 d8.append(compute_haralick_features(os.path.join(p8,n)))

214 np.save("4−w−s.npy", d8)

B.4.2 Classification Algorithm

1 from matplotlib import pyplot as plt

2 import numpy as np

3 import math

4 import pandas as pd

5 from scipy.optimize import curve_fit

6

7 import itertools

8 from sklearn.discriminant_analysis import LinearDiscriminantAnalysis

9 from sklearn.preprocessing import LabelEncoder

10
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11 def func(x, A, B):

12 return A*np.exp(−x/B)

13

14 def compute_parameters(x,d,f):

15 pc, pcov = curve_fit(f, x[:−1],np.diff(d)−min(np.diff(d)))

16 return pc, np.diag(pcov)

17

18 def generate_dataframe(extra="", frequency=True):

19 # NOTE: I've switched the order from the previous notebook

20 d1 = np.load('4−w−v' + extra + '.npy').mean(axis=1)

21 d2 = np.load('8−w−v' + extra + '.npy').mean(axis=1)

22

23 d3 = np.load('4−w−s' + extra + '.npy').mean(axis=1)

24 d4 = np.load('8−w−s' + extra + '.npy').mean(axis=1)

25

26 d5 = np.load('4−t−v' + extra + '.npy').mean(axis=1)

27 d6 = np.load('8−t−v' + extra + '.npy').mean(axis=1)

28

29 d7 = np.load('4−t−s' + extra + '.npy').mean(axis=1)

30 d8 = np.load('8−t−s' + extra + '.npy').mean(axis=1)

31

32 l = ["4WV","8WV","4WS","8WS","4TV","8TV","4TS","8TS"]

33

34 # Average directions

35 data = [d1,d2,d3,d4,d5,d6,d7,d8]

36

37 # Load frequency variables

38 if frequency:

39 # NOTE: I've switched the order from the previous notebook

40 d1f = np.load('4−w−v−FT' + extra + '.npy')

41 d2f = np.load('8−w−v−FT' + extra + '.npy')

42
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43 d3f = np.load('4−w−s−FT' + extra + '.npy')

44 d4f = np.load('8−w−s−FT' + extra + '.npy')

45

46 d5f = np.load('4−t−v−FT' + extra + '.npy')

47 d6f = np.load('8−t−v−FT' + extra + '.npy')

48

49 d7f = np.load('4−t−s−FT' + extra + '.npy')

50 d8f = np.load('8−t−s−FT' + extra + '.npy')

51

52 df = [d1f,d2f,d3f,d4f,d5f,d6f,d7f,d8f]

53

54 for i, d in enumerate(data):

55 data[i] = np.c_[d, [compute_parameters(x,p,func)[0] ...

for p in df[i]]]

56

57

58 data = np.array(np.concatenate([d for d in data]))

59

60 # Normalize along feature axis [0,1]

61 data −= data.min(axis=0)

62 data /= data.max(axis=0)

63

64 labels = np.concatenate([[l[i] for v in d] for i, d in ...

enumerate([d1,d2,d3,d4,d5,d6,d7,d8])])

65

66 # Add class labels

67 #data = np.c_[data,labels]

68

69 #df = pd.DataFrame(data=data)

70 df = pd.DataFrame(data)

71 df.columns = ["F%d" %i for i in range(15)]#+ ["class label"]

72
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73 return df

74

75 df = generate_dataframe()

76

77 def compute_scatter_matrices(X,y, classes=[1,2], ...

features=range(13), verbose=False):

78 mean_vectors = []

79 for cl in classes:

80 mean_vectors.append(np.mean(X[y==cl], axis=0))

81

82 if verbose:

83 print('Mean Vector class %s: %s\n' %(cl, ...

mean_vectors[cl−1]))

84

85 n = len(features)

86

87 S_W = np.zeros((n,n))

88 for cl,mv in zip(range(1,n), mean_vectors):

89 class_sc_mat = np.zeros((n,n)) # scatter ...

matrix for every class

90 for row in X[y == cl]:

91 row, mv = row.reshape(n,1), mv.reshape(n,1) # make ...

column vectors

92 class_sc_mat += (row−mv).dot((row−mv).T)

93 S_W += class_sc_mat

94

95 overall_mean = np.mean(X, axis=0)

96

97 if verbose:

98 print 'within−class Scatter Matrix:\n', S_W

99

100 S_B = np.zeros((n,n))
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101 for i,mean_vec in enumerate(mean_vectors):

102 m = X[y==i+1,:].shape[0]

103 mean_vec = mean_vec.reshape(n,1) # make column vector

104 overall_mean = overall_mean.reshape(n,1) # make column vector

105 S_B += m * (mean_vec − overall_mean).dot((mean_vec − ...

overall_mean).T)

106

107

108 if verbose:

109 print 'between−class Scatter Matrix:\n', S_B

110

111 return S_B,S_W

112

113 def best_feature_subset(df, y, g=[1,2], features=range(13), n=3, ...

return_matrices=False):

114 mx = 0

115 best = []

116 for i in itertools.combinations(features, n):

117 X = df[list(i)].values.astype("float")

118 S_B, S_W = compute_scatter_matrices(X,y,...

119 classes=[g[0],g[1]],features=list(i))

120 tr = np.trace(S_B/S_W)

121

122 if tr > mx:

123 mx = tr

124 if return_matrices:

125 best = (list(i),S_B,S_W)

126 else:

127 best = list(i)

128

129 return best

130
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131 def compute_LDA_accuracy(df, cl=["4WV","8WV"], ...

features=range(13), n=3):

132 X = df[features].values.astype("float")

133 y = df['class label'].values

134

135 enc = LabelEncoder()

136 label_encoder = enc.fit(y)

137 y = label_encoder.transform(y) + 1

138

139 classes = label_encoder.transform(cl)+1

140 label_dict = dict(zip(y, df['class label'].values))

141

142 bf = best_feature_subset(df,y,g=classes,features=features,n=n)

143

144 X_best = df[bf].values.astype("float")

145

146

147 i_array = np.array([i in classes for i in y])

148

149 X_best = X_best[i_array]

150 y = y[i_array]

151

152 return leave_n_out(X_best,y,n=1)

153

154

155 def leave_n_out(X, y, n=1):

156 validation = []

157 training = []

158 score = []

159

160 for x in itertools.combinations(range(len(X)), len(X)−n):

161 X_train = X[list(x)]
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162 X_val = X[[i for i in range(len(X)) if i not in x]]

163 y_train = y[list(x)]

164 y_val = y[[i for i in range(len(X)) if i not in x]]

165

166 clf = LinearDiscriminantAnalysis(solver="svd")

167 clf.fit(X_train, y_train)

168

169 score.append(clf.score(X_val, ...

y_val))#clf.predict(X_best[1:][::2]),y[1:][::2]

170

171 return np.mean(score)

172

173 df = generate_dataframe()

174 df2 = generate_dataframe(extra="−2d")

175 df3 = generate_dataframe(extra="−2d−sq")

176

177 l = ["4WV","8WV","4WS","8WS","4TV","8TV","4TS","8TS"]

178 ages = [(0,1), (2,3), (4,5), (6,7)]

179 genos = [(0,4),(1,5),(2,6),(3,7)]

180 treats = [(4,6),(5,7),(0,2),(1,3)]

181

182 groups = ages + genos + treats

183

184 bf = []

185 bf2d = []

186 bf2dsq = []

187

188 n_sc = []

189

190 for n in range(4,5):

191 print n

192 for g in groups:
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193 bf2dsq.append(compute_LDA_accuracy(df3, ...

cl=[l[g[0]],l[g[1]]], ...

features=[0,1,2,3,5,7,9,10,11,12,13,14],n=n))

194 bf2d.append(compute_LDA_accuracy(df2, ...

cl=[l[g[0]],l[g[1]]], ...

features=[0,1,2,3,5,7,9,10,11,12,13,14],n=n))

195 bf.append(compute_LDA_accuracy(df, cl=[l[g[0]],l[g[1]]], ...

features=[0,1,2,3,5,7,9,10,11,12,13,14],n=n))

B.4.3 Statistical Analysis

1 %pylab inline

2 from scipy import stats

3 from statsmodels.stats.multicomp import pairwise_tukeyhsd

4 from statsmodels.stats.multicomp import MultiComparison

5 import seaborn, pandas

6

7 # NOTE: I've switched the order from the previous notebook

8 d1 = np.load('4−w−v.npy')

9 d2 = np.load("8−w−v.npy")

10

11 d3 = np.load("4−w−s.npy")

12 d4 = np.load("8−w−s.npy")

13

14 d5 = np.load("4−t−v.npy")

15 d6 = np.load("8−t−v.npy")

16

17 d7 = np.load("4−t−s.npy")

18 d8 = np.load('8−t−s.npy')

19
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20 # Index of 4 is to eliminate the four "2d" dimensions and only ...

consider the depth

21 # directions

22 m1 = abs(array(d1)[:,4:,:].mean(axis=1).mean(axis=0))

23 s1 = array(d1)[:,4:,:].std(axis=(0,1))

24

25 m2 = abs(array(d2)[:,4:,:].mean(axis=1).mean(axis=0))

26 s2 = array(d2)[:,4:,:].std(axis=(0,1))

27

28 m3 = abs(array(d3)[:,4:,:].mean(axis=1).mean(axis=0))

29 s3 = array(d3)[:,4:,:].std(axis=(0,1))

30

31 m4 = abs(array(d4)[:,4:,:].mean(axis=1).mean(axis=0))

32 s4 = array(d4)[:,4:,:].std(axis=(0,1))

33

34 m5 = abs(array(d5)[:,4:,:].mean(axis=1).mean(axis=0))

35 s5 = array(d5)[:,4:,:].std(axis=(0,1))

36

37 m6 = abs(array(d6)[:,4:,:].mean(axis=1).mean(axis=0))

38 s6 = array(d6)[:,4:,:].std(axis=(0,1))

39

40 m7 = abs(array(d7)[:,4:,:].mean(axis=1).mean(axis=0))

41 s7 = array(d7)[:,4:,:].std(axis=(0,1))

42

43 m8 = abs(array(d8)[:,4:,:].mean(axis=1).mean(axis=0))

44 s8 = array(d8)[:,4:,:].std(axis=(0,1))

45

46 data = []

47 stds = []

48 # 8,9, 10, 5

49 for d in [d1,d2,d3,d4,d5,d6,d7,d8]:

50 data.append(d[:,4:,:].mean(axis=(0,1)))
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51 stds.append(d[:,4:,:].std(axis=(0,1)))

52

53 pandas.DataFrame(array(data).T).to_csv("tex3d.csv")

54

55 def analyze_results_two(data, labels, feature_index, ...

directions=(0,−1), plot_bar=True, verbose=True):

56 figsize(8,5)

57 features = ["Angular Second Moment (Energy)",

58 "Contrast",

59 "Correlation",

60 "Sum of Squares: Variance",

61 "Inverse Difference Moment (Homogeneity)", #

62 "Sum Average",

63 "Sum Variance", #

64 "Sum Entropy",

65 "Entropy", #

66 "Difference Variance",

67 "Difference Entropy",

68 "Info. Corr. 1",

69 "Info. Corr. 2",

70 "Max Corr. Coeff"]

71

72 means = [abs(array(d)[:,directions[0]:directions[1],

73 :].mean(axis=(0,1))) for d in data]

74 stds = [abs(array(d)[:,directions[0]:directions[1],

75 :].std(axis=(0,1))) for d in data]

76 i = feature_index

77

78 labs = concatenate([[labels[n]]*len(d) for n,d in ...

enumerate(data)])

79 datas = [abs(array(d))[:,directions[0]:directions[1],

80 :].mean(axis=1)[:,i] for d in data]

199



81 mc = MultiComparison(concatenate(datas), labs)

82

83 p = stats.f_oneway(*datas).pvalue

84 result = mc.tukeyhsd()

85 if verbose:

86 print(result)

87 print p

88

89 if plot_bar:

90 figsize(8,5)

91 clf()

92 bars = bar(range(len(data)),[m[i] for m in ...

means],yerr=[s[i] for s in stds],width=0.5,

93 color=[(1.,0.498,0.313,0.8),(1.,0.498,0.313,0.2),

94 (1.,0.498,0.313,0.8),(1.,0.498,0.313,0.2),

95 (1.,0.,1.,0.8),(1.,0.,1.,0.2),

96 (1.,0.,1.,0.8),(1.,0.,1.,0.2)],ecolor='k')

97 #(0.,0.,0.,0.7),(0.,0.,0.,0.3),

98 #(0.,1.,0.,0.7),(0.,1.,0.,0.3)]

99

100

101 patterns = ('\\','\\', '', '', '\\','\\','', '','\\','\\')

102 for b, pattern in zip(bars, patterns):

103 b.set_hatch(pattern)

104

105 title(features[i], fontsize=18)

106 xlim(−0.5,len(data))

107 ylim(min((array(means)−array(stds))[:,i])*0.7,

108 max((array(means)+array(stds))[:,i])*1.2)

109 xticks(arange(len(data))+0.25, labels,fontsize=14)

110 yticks(fontsize=14)

111 tight_layout()
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112

113 return p, result

114

115 def analyze_results(data, labels, feature_index, ...

directions=(0,−1), plot_bar=True, verbose=True):

116 figsize(8,5)

117 features = ["Angular Second Moment (Energy)", ...

"Contrast","Correlation","Sum of Squares: Variance",

118 "Homogeneity", "Sum Average", "Sum Variance", ...

"Sum Entropy",

119 "Entropy", "Difference Variance", "Difference ...

Entropy", "Info. Corr. 1",

120 "Info. Corr. 2", "Max Corr. Coeff"]

121

122 means = [abs(array(d)[:,directions[0]:directions[1],

123 :].mean(axis=(0,1))) for d in data]

124 stds = [abs(array(d)[:,directions[0]:directions[1],

125 :].std(axis=(0,1))) for d in data]

126 i = feature_index

127

128 labs = concatenate([[labels[n]]*len(d) for n,d in ...

enumerate(data)])

129 datas = [abs(array(d))[:,directions[0]:directions[1],

130 :].mean(axis=1)[:,i] for d in data]

131 mc = MultiComparison(concatenate(datas), labs)

132

133 p = stats.f_oneway(*datas).pvalue

134 result = mc.tukeyhsd()

135 if verbose:

136 print(result)

137 print p

138
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139 if plot_bar:

140 figsize(8,5)

141 clf()

142 if array(means)[:,i].max() < 0.1:

143 mv = 10**ceil(log10(array(means)[:,i].max()))

144 print mv

145 else:

146 mv = 1.

147

148 bars = bar(range(len(data)),[m[i]/mv for m in ...

means],yerr=[s[i]/mv for s in stds],width=0.5,

149 color=[(1.,0.498,0.313,0.8),(1.,0.498,0.313,0.2),

150 (1.,0.498,0.313,0.8),(1.,0.498,0.313,0.2),

151 (1.,0.,1.,0.8),(1.,0.,1.,0.2),

152 (1.,0.,1.,0.8),(1.,0.,1.,0.2)],ecolor='k')

153 #(0.,0.,0.,0.7),(0.,0.,0.,0.3),

154 #(0.,1.,0.,0.7),(0.,1.,0.,0.3)]

155

156

157 patterns = ('\\','\\', '', '', '\\','\\','', '','\\','\\')

158 for b, pattern in zip(bars, patterns):

159 b.set_hatch(pattern)

160

161 #title(features[i], fontsize=18)

162 ylabel(features[i], fontsize=18)

163 xlim(−0.5,len(data))

164 ylim(min((array(means)−array(stds))[:,i])*0.7/mv,

165 max((array(means)+array(stds))[:,i])*1.2/mv)

166 xticks(arange(len(data))+0.25, labels,fontsize=14)

167 yticks(fontsize=14)

168 tight_layout()

169
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170 return p, result

171

172 ages = [(0,1), (2,3), (4,5), (6,7)]

173 genos = [(0,4),(1,5),(2,6),(3,7)]

174 treats = [(4,6),(5,7),(0,2),(1,3)]

175

176 data = [d1,d2,d3,d4,d5,d6,d7,d8]

177 labels = ["4WV","8WV","4WS","8WS","4TV","8TV","4TS","8TS"]

178

179 p_ages = []

180 for p in ages:

181 p0 = []

182 for i in range(13):

183 r = analyze_results_two([data[p[0]],data[p[1]]],

184 [labels[p[0]],labels[p[1]]], i, directions=(0,−1), ...

verbose=False, plot_bar=False);

185 p0.append(r[0])

186 p_ages.append(p0)

187

188 p_genos = []

189 for p in genos:

190 p0 = []

191 for i in range(13):

192 r = analyze_results_two([data[p[0]],data[p[1]]],

193 [labels[p[0]],labels[p[1]]], i, directions=(0,−1), ...

verbose=False, plot_bar=False);

194 p0.append(r[0])

195 p_genos.append(p0)

196

197 p_treats = []

198 for p in treats:

199 p0 = []
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200 for i in range(13):

201 r = analyze_results_two([data[p[0]],data[p[1]]],

202 [labels[p[0]],labels[p[1]]], i, directions=(0,−1), ...

verbose=False, plot_bar=False);

203 p0.append(r[0])

204 p_treats.append(p0)

205 p_vals = r_[array(p_ages),array(p_genos),array(p_treats)]

206 savetxt("pvals−all−t2.txt",p_vals)
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C: Multiphoton and Fluorescence

Imaging In Vivo Mouse Study
This Appendix includes all supporting work for the in vivo multiphoton and fluo-

rescence imaging ovarian tissue study. This includes the published manuscript, a

description of raw and processed data locations, and also the programming developed

through the course of the project.

C.1 Accepted Manuscript

In this section, a copy of the accepted manuscript is shown. The publication can be

found at Journal of Biomedical Optics.
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Quantification of multiphoton and fluorescence images of
reproductive tissues from a mouse ovarian cancer model shows
promise for early disease detection.

Travis W. Sawyera, Jennifer W. Koevaryb, Faith P. S. Riceb, Caitlin C. Howardb, Olivia J.
Austinb, Denise C. Connollyc, Kathy Q. Caic, Jennifer K. Bartona,b,*

aUniversity of Arizona, College of Optical Sciences, 1630 E. University Blvd, Tucson, AZ, 85721, USA
bUniversity of Arizona, Department of Biomedical Engineering, 1127 James E. Rogers Way, Tucson, AZ, 85721,
USA
cFox Chase Cancer Center, 333 Cottman Ave, Philadelphia, PA 19111, USA

Abstract. Ovarian cancer is the deadliest gynecologic cancer due to predominantly late diagnosis. Early detection
of ovarian cancer can increase 5-year survival rates from 40% up to 92%, yet no reliable early detection techniques
exist. Multiphoton microscopy (MPM) is a relatively new imaging technique sensitive to endogenous fluorophores,
which has tremendous potential for clinical diagnosis, though is limited in its application to the ovaries. Wide-field
fluorescence imaging has been proposed as a complimentary technique to MPM, as it offers high-resolution imagery
of the entire organ, and can be tailored to target specific biomarkers that are not captured by MPM imaging.

Here we applied texture analysis to MPM images of a mouse model of ovarian cancer. We also conducted wide-
field fluorescence imaging targeting the folate receptor and matrix metalloproteinases. We find that texture analysis of
MPM images of the ovary can differentiate between genotypes, which is a proxy for disease, with high statistical
significance (p<0.001). The wide-field fluorescence signal also changes changes significantly between genotype
(p<0.01). We use the features to classify multiple tissue groups to over 80% accuracy. These results suggest that
MPM and wide-field fluorescence imaging are promising techniques for the early detection of ovarian cancer.

Keywords: multiphoton imaging, fluorescence imaging, ovarian cancer, mouse model.

*Jennifer K. Barton, barton@email.arizona.edu

1 Introduction

1.1 Burden of Ovarian Cancer

Despite concerted efforts to improve patient outcomes, ovarian cancer remains the deadliest gyne-

cologic malignancy in the United States, with a five-year survival less than 50%.1, 2 Ovarian cancer

can become advanced before causing signs or symptoms, and a large majority of patients have

already experienced spread of their disease to local or distant tissues at initial diagnosis, resulting

in a significantly poorer prognosis.3

Therefore, there is strong interest in ovarian cancer screening, with the ultimate goal of identi-

fying early stage tumors, while the patient is still asymptomatic, allowing more effective treatment.
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Various screening modalities have been investigated to reduce the burden of the disease including

physical examination, transvaginal ultrasound (TVUS), and serum tumor marker measurement

(most commonly CA-125).4, 5 Other screening tests and multimodal protocols have also been in-

vestigated; however, at this time no routine screening is recommended in average-risk patients.6

As such, there remains a strong need for a high-quality, minimally invasive modality for effective

detection of early-stage ovarian malignancies.

1.2 Multiphoton Imaging

Several different optical imaging techniques have been used to probe ovarian tissue health includ-

ing fluorescence,7 multispectral imaging,8 confocal imaging,9 photoacoustic imaging,10 and optical

coherence tomography.11 One technique that has shown promise in the identification of abnormal

ovarian tissue is multiphoton microscopy (MPM).12, 13 MPM is based on the molecules in tissue

interacting with more than one photon simultaneously, allowing for signal generation at a higher

energy than the illuminating light. One type of MPM is second-harmonic generation (SHG), in

which contrast is formed by the nonlinear scattering of non-centrosymmetric structures.14 The

nonlinear nature of the scattering in SHG results in emission light with precisely twice the fre-

quency of the excitation light.

Another form of MPM is two-photon excited fluorescence (2PEF), in which an endogenous flu-

orophore absorbs two photons nearly simultaneously to generate fluorescence emission at a higher

frequency than the incident light. Due to vibrational relaxations and other losses, the frequency of

the fluorescent light undergoes a Stokes shift to slightly less than twice the illumination frequency.

2PEF can be generated by endogenous fluorophores, eliminating the possibility of toxicity or other

side effects from exogenous contrast agents, and simplifying the imaging procedure. Endogenous
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fluorophores in the body include proteins containing aromatic amino acids (tryptophan, tyrosine,

phenylalanine), metabolic co-factors such as NADH and FAD, structural proteins such as collagen

and elastin, and a variety of other molecules including vitamins and lipopigments.15, 16

For both SHG and 2PEF, three-dimensional images are formed by scanning the focused, short-

pulsed excitation beam across the tissue. The probability of two-photon interaction scales with the

square of the irradiance.17 Due to the irradiance of the beam sharply decreasing with distance from

the beam focus, this effect allows for probing a small volume of the sample, without exciting re-

gions of the sample outside the focal plane.18 The necessity of high numerical aperture to generate

efficient two-photon processes (probability of excitation) yields lateral resolutions on the order of

hundreds of nanometers.19, 20 2PEF and SHG have the advantage of high resolution, depth resolved

imaging, with an imaging depth greater than confocal imaging. The increased depth of imaging

is achieved by using near infrared light, which penetrates deeper than the ultraviolet or visible

wavelengths typically used in single photon techniques such as confocal microscopy and surface

fluorescence imaging. Additionally, at near-infrared wavelengths there is minimal absorption and

reduced tissue damage.

1.3 Wide-field Fluorescence Imaging

MPM imaging has a limited field of view, posing challenges for application as a screening tool.

One solution is to couple MPM with a wide field-of-view modality, such as wide-field fluorescence

imaging (WFI). WFI illuminates a large area of tissue, for rapid imaging with little or no scanning.

In the case of a mouse, we are able to view the entire reproductive tract including uterus, oviducts

and ovaries in a single image. The addition of targeted fluorescent dyes can provide both qualitative

and quantitative information on desired markers in the tissue and overall tissue composition.
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A number of different light sources and filters can be used to separate the excitation and emis-

sion of fluorophores related to ligands of interest. In the scope of ovarian cancer, the folate receptor

is an interesting target, as folate binding protein is overexpressed in advanced ovarian cancers.21

Knowing this trend in late disease suggests that the protein may be altered with early disease as

well. In addition, matrix metalloproteinases (MMPs) play a pivotal role in tumor growth and the

multi-step processes of invasion and metastasis in general cancers.22

1.4 Image Analysis

Several different approaches have been applied for quantitative analysis of MPM images. One

of the most direct is to threshold the images based on brightness in order to evaluate fibrosis of

the collagen network.23, 24 Another common technique is to employ frequency analysis, which

quantifies the global spatial frequency content of an image.25–27 Recently, techniques focusing on

local image features have been applied for tissue health classification. These include wavelet28, 29

and curvelet analysis,30 and also by convolving the images with a set of filter patches at different

scales and orientations.31

MPM generates contrast that shows changes in endogenous cellular fluorescence (2PEF) and

collagen structure (SHG) as a result of ovarian cancer.32–34 For example, SHG has been used

to show that normal ovaries have thin collagen fibers organized in a net-like structure, whereas

malignant ovaries have a denser, wavy collagen structure, which may result from recruitment of

activated fibroblasts to the outer rim of the tumor.26, 32, 34, 35 Therefore, analysis of MPM images is

focused on quantitatively assessing these structural differences.

One of the most promising approaches to quantitation of MPM images of ovarian tissue is

image texture analysis. Texture analysis in image processing is a general method to describe the
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local variations in image brightness. Texture characterizes the spatial distribution of the tones in an

image.36 A number of techniques have been developed for texture analysis of images, which can

be generally categorized into three groups: statistical, spectral, and structural methods. Statistical

methods are based on analyzing image histograms by computing their statistical moments and

other properties.37 These approaches are best suited to characterize features such as inhomogeneity

and contrast. Spectral methods apply autocorrelation and Fourier analysis to evaluate periodic

features of an image. Finally, structural approaches decompose the image into a set of sub-patterns,

arranged according to certain placement rules.

Here, we use MPM and WFI to image a mouse model of ovarian cancer in vivo. WFI and MPM

images are collected for both the ovaries and the oviducts and features are extracted from MPM us-

ing texture analysis, and from WFI by calculating the magnitude of the fluorescence emission. We

find that these features can differentiate between mouse groups with high statistical significance.

These features are then used to build a tissue classifier. The results suggest that texture analysis

of MPM images and intensity of target fluorescence images may be useful as an aid for ovarian

cancer screening.

2 Methods

2.1 Mouse Model

For this experiment, we used a transgenic mouse model in which females spontaneously develop

bilateral epithelial ovarian cancer using the TgMISIIR-TAg (TAg) transgene.38, 39 This mouse

model has been shown to exhibit both genotypic and phenotypic similarities with human ovar-

ian carcinoma.40 Male TAg mice were bred to female C57Bl/6 (wild type) mice. This resulted in

production of offspring that either harbor the TAg transgene (TAg+) or are wild type. Female off-
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spring of both genotypes were injected with vehicle (sesame oil) or 4-Vinylcyclohexene diepoxide

(VCD) dissolved in sesame oil at a concentration of 80 mg/kg for 20 days beginning at post-natal

day seven. VCD was used to destroy preantral follicles, resulting in early ovarian failure. VCD has

previously been used as a model for menopause.41 The same cohort of mice were imaged at 4 and

eight weeks. For brevity, we refer to different groups in figures by abbreviating (age-genotype-

treatment). For example, 4WV refers to four weeks of age, wild type treated with VCD and 8TS

refers to eight weeks of age, TAg+ treated with sesame oil.

With this procedure, we have 8 different groups to compare (2x2x2 for age, genotype and

treatment). This poses an interesting challenge for class separation based on image analysis, as we

expect the structure of the ovary and oviduct to change due to each of these three processes. A

total of 53 mice were imaged at both time points, yielding 13 samples per group except for wild

type sesame oil-treated mice, for which there were 14 mice (Table 1).

Table 1 Number of mice for each experimental groups imaged, total mice are shown in brackets, if different. Some
images were excluded due to saturation, as described in Section 2.6.

VCD Sesame Oil
Age TAg+ Wild Type TAg+ Wild Type
4 Week 13 13 12 [13] 14
8 Week 11 [13] 13 13 14

2.2 Surgical Procedure

All procedures were performed according to an IACUC-approved protocol. Prior to surgery, Ke-

tamine (60mg/kg)/Xylazine (7.5mg/kg) was administered to mice through intraperitoneal injection

The right dorsal side of the body was shaved with clippers from the ribs to the hind limb and then

treated with Nair hair remover for less than one minute. Nair was removed using water and cotton

pads. Surgical scrub was performed with 3 alternating scrubs of chlorhexidine and alcohol with

the final being a spray or wipe of chlorhexidine.
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Mice were then placed on a custom-built heating pad where they were given isoflurane, USP

(Piramal, Mumbai India) anesthetic through a nose cone and draped with a sterile surgical drape.

Isoflurane was initially set at 1-3% volume (maintain oxygen at 0.6-0.8L/min) to ensure surgical

level of anesthesia prior to skin incision. Thereafter isoflurane level was lowered to 1.5% volume

(98.5% oxygen) for surgical maintenance. Anesthesia levels were monitored by observing the

animals’ respiration rate and pattern during surgery and imaging.

An 8 mm incision was made in skin followed by blunt dissection under the skin. Then a second

incision was made in the peritoneum. Directly under the incision, in the peritoneal cavity, is an

adipose pad attached to ovary. A suture was placed through the fat pad and the tissue gently placed

so that the ovary was facing upward (fat downward) on a sterile spoon and the suture was secured

in place using Tegaderm film (3M, Maplewood, MN). The opposite end of the spoon was secured

to stabilize the ovary and isolate the ovary from body motion for imaging. Great care was taken

to be gentle with the adipose tissues to avoid damage to blood vessels, ovaries, and surrounding

tissue. Fluorescent dyes were applied, incubated and rinsed as described below. Then a small

amount of sterile Surgilube (HR Pharmaceuticals, York, PA) was placed on the ovary and the

ovary covered with a sterile coverslip for imaging. Following imaging, the ovary was rinsed with

sterile saline, the suture clipped and the ovary returned to the anatomical position. Anti-adhesion

Seprafilm (Genxyme, Cambrige MA) was place in the incision. The peritoneum was closed with

absorbable catgut suture and the skin closed with staples. Topical antibiotic was administered to

the would. The surgical externalization and stabilization process has been described in more detail

previously.42
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2.3 Dye Application and Wide-field Fluorescence Imaging

A number of commercial fluorescent dyes are available to target tissue markers potentially up-

regulated in cancer. The dyes that were of highest interest to us for understanding the expression of

these markers in the mouse models included folate receptor (FolateRSense; Perkin Elmer, Waltham

MA),43 and matrix metalloproteinases (MMPSense 680; Perkin Elmer).44 A preliminary study

prior to this work confirmed that these dyes produced detectable signal using the protocol described

below.

Dyes were prepared according to package instructions and kept in foil wrapped tubes to protect

from ambient light. Ovaries were surgically exposed in live animals and a sterile pipette tip was

used to place 50 µL of dye on to each ovary, or 100 µL of dye into the body cavity (for control

organs), resulting in a total of 100 µL of dye per animals. Organs were allowed to incubate with

dye for 10 minutes in darkness.

WFI was then performed with an MVX10 microscope with a DP80 digital camera (Olympus,

Tokyo JP), and ImageX software. Images were taken at exposure times of 2 s (for MMPSense

dye) or 0.1 s (for FolateRSense). Magnification was set to 0.8. Each channel was set to un-gated

and a frequency of 100,000. Light was filtered using the microscope’s CY5.5 filter set, featuring

a cut-on wavelength of 685 nm, excitation band of 635 - 675 nm and emission band of 696 - 736

nm. The excitation spectrum of these dyes does not overlap with the wavelength used for MPM,

as described next; thus, there is no cross-interaction between fluorescence and MPM studies, as

confirmed by examining both stained and unstained tissues with MPM.
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2.4 Multiphoton Imaging

MPM imaging was performed with a single-beam multiphoton microscope (TrimScope, LaVision

BioTec, Bielefeld, GE) using a Titanium:Sapphire laser light source (Chameleon Ultra2, Coherent,

UK) that was coupled to the scanner unit, with a pulse width of 120 femtoseconds at the sam-

ple. The laser intensity was adjusted to 35 mW average power with an electro-optical modulator

(EOM 350-80; Conoptics, Danbury, CT). A water-immersion, coverslip-corrected, 20X magnifi-

cation, 0.95-NA objective (MRD77200 Nikon, Tokyo JP) was used for imaging. The excitation

wavelength was set to 780 nm, and SHG and 2PEF image data were recorded simultaneously.

A bandpass filter (FF01-377/50; Semrock, Rochester NY) and a dichroic mirror (Di01-R405-

25X36; Chroma, Bellows Falls, VT) were used to collect light for SHG and a bandpass filter

(HQ450/100M-2p-25; Chroma) and a dichroic mirror (505dcxr; Chroma) were used to collect

light for 2PEF. Images were taken at 5 µm depth increments from the surface of the tissue to 50

- 100 µm depth. Imaging was completed in less than five minutes per image stack. Images were

collected at the center of the ovary, at the proximal side of the ovary near the oviduct, and at the

oviduct. All images had a 400 µm× 400 µm field of view and contained 1024× 1024 pixels with

14-bit gray scale resolution.

Note that with the limited field of view of MPM, it cannot be determined whether the specific

sub-region of the organ captured by the image area contains active tumor tissue. Histology indi-

cated that mice with disease ranged from 2% to 50% tumor coverage (see Appendix I) Thus, we

cannot claim the comparisons between genotype are directly translatable to comparisons between

malignant and non-malignant tissue. While early changes may still be observed in the entire organ,

we continue to refer to the genotypes as the two experimental groups for correctness.
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2.5 Histology

Following imaging at eight weeks of age, mice were euthanized via CO2 and the entire reproduc-

tive tract was removed. Because the mice were survived from their first imaging session, no his-

tology is available for comparison to four week images. Histology from a separate cohort of mice

euthanized at four weeks (n=47, at least 10 in each combination of genotype and treatment) was

instead utilized for comparison. The organs were fixed in neutral-buffered formalin and paraffin

embedded and sectioned for analysis. Immunohistochemical (IHC) staining of mouse reproductive

tract tissue sections was performed with antibodies recognizing SV40 TAg, PAX8 and α-inhibin.

Tissues were stained with the above antibodies using established protocols for immunoperoxidase-

based detection of antibody binding (described previously in Connolly 2003 [TAg and α-inh]38

and Gabbasov 2018 [PAX8]45).

Algorithms were developed to quantify TAg or PAX8 staining across all mice. The IHC stained

sections were scanned and images acquired using the Vectra Multispectral Imaging system (Ver-

sion 2.0.8, Perkin Elmer, Waltham MA). For quantification of IHC staining, images were captured

with a 40X objective and analyzed using InForm software (Version 2.1.1, Perkin Elmer, Waltham

MA). Algorithms to segment the tissue compartments (ovary, non-ovary, oviduct and non-oviduct,

and non-tissue) and for subcellular compartment separation were created by machine learning us-

ing InForm Software. For tissue segmentation training, a small batch of approximately 20 test

images were manually identified as ovary, oviduct, or other tissue, as well as non-tissue elements

including glass histological artifacts. The cells in ovary or oviduct segments were scored to quan-

tify IHC staining for TAg and PAX8 in the nuclei only. The Inform software scores these cells

according to DAB intensity (0-3) and extent (0-100%) to compute a composite H-Score. When
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the algorithm template of segmentation and scoring for the test cases was sufficiently accurate

(>95%), it was run on all images and compared to manual scoring as a confirmation. Then all the

image H-scores were exported to excel for analysis. Prism statistical analysis software (Graph-

pad, San Diego CA) was then used to determine age- and treatment-specific differences in staining

across all groups.

The H&E, TAg and α-inhibin stained reproductive tract tissue sections were reviewed and eval-

uated for the presence and extent (percent) of tumor based on cell morphology and presence of TAg

protein. The α-inhibin staining was evaluated to confirm the absence of α-inhibin protein in tumor

tissue and its presence in residual normal follicles. The ovaries of four and eight week-old wild

type and MISIIR-TAg transgenic mice, treated with vehicle (soybean oil) or 4-vinylcyclohexene

diepoxide (VCD) were evaluated to assess the number of follicles, corpora lutea and atretic folli-

cles in each case.

2.6 Image Processing

2.6.1 Wide-field Fluorescence Imaging

Images were examined by eye and excluded from analysis if saturation occurred. Analysis was

performed using ImageJ software.46 For each organ, a 40 x 40 pixel square was placed in the

center of the organ and the mean signal intensity in the region was recorded. Each pixel was 6.45

µm in width, so the analyzed area was a 258 µm by 258 µm area.

2.6.2 Texture Analysis of Multiphoton images

We selected MPM images for analysis by selecting the image with the highest average signal

throughout the image stack in the depth (z) direction, which did not show signs of saturation.
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Three image stacks were saturated throughout the majority of the depth (80%) and were excluded

from analysis, as indicated in Table 1. Analysis was performed by an observer who was blinded to

the classification of the mice.

We applied two methods of texture analysis to extract features from the acquired MPM images.

The first is based on constructing and analyzing the Grey-Level Co-occurrence Matrix (GLCM).36

The GLCM is a spatial histogram that describes the distribution of grey-level values in an image.

Each entry in the GLCM, p(i, j|d, θ), corresponds to the probability of a pixel with a grey-level

of (i) being a distance (d) pixels away from a neighboring pixel with a grey-level of (j) in the (θ)

direction. With an image quantized intoNg grey levels, the GLCM is anNg xNg matrix. For a two-

dimensional image, four directions for (θ) are possible: 0 degree, 45 degree, 90 degree, 135 degree.

In this study, we fixed (d) at one pixel (3.9 µm in object space), and computed the GLCM for the

four possible directions. All images were normalized and quantized to 8-bit (intensity ranging

between 0 and 255). From the GLCM, we then computed thirteen texture features introduced by

Haralick in 1973,36 averaged over the four directions for θ.

We computed a second set of features by analyzing the discrete Fast Fourier transform (FFT)

of the image in 2D, which describes the distribution of spatial frequencies present in an image.

After applying the FFT, the image was normalized so that all pixel values sum to one. Then, we

summed the pixel values in a small disk centered at the origin and recorded the result. The radius

of this disk was iteratively increased and the summed pixel value within its area was recorded until

the disk radius had reached 80% of the image half-width, beyond which primarily noise remains.

This was effectively the cumulative distribution function (CDF) of the energy density as a function

of radial spatial frequency; taking the difference between the values of this curve for any two radial

frequencies gives the proportion of energy contained within a specific frequency band. Images that
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were highly homogenous had higher energy density associated with lower spatial frequencies. On

the other hand, images with more inhomogeneity had more energy density corresponding to higher

spatial frequency. We then parameterized the distribution by fitting the CDF curve to the following

equation, which we qualitatively found to fit the curve well:

y = αxβ + γ (1)

Where y is the value of the CDF for a given spatial frequency x. The frequency distribution

was thus described by the three features: α, β, and γ, which were used to differentiate between

the different experimental groups. Combining these with the thirteen Haralick features gave a set

of sixteen texture features total. The analyses were completed in Python using a computer with an

Intel Core I-4710HQ CPU (2.50 GHz) and 16 GB DDR3L memory.

2.7 Feature Selection and Classification

Once feature vectors were created, redundant features were removed by calculating the correlation

matrix for the feature set. For each pair of features that were highly correlated (correlation >

0.85),47 one feature from the set was removed (the feature which yielded a lower average p-value

using the statistical test described above). Note that the WFI image data were not used in the

classification process, as these would be more appropriate to flagging suspicious areas, which then

could be further probed with MPM.

We exhaustively tested the classification performance of feature subsets consisting of six or

fewer features, as the literature suggests that high performance can typically be achieved with two

to five features.47–49 To evaluate how well a set of features could separate different classes, we
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used the trace of the ratio of the between-class scatter (SB) and within-class scatter (Sw), which

has successfully been applied in similar scenarios.11, 47

To classify the data, we used linear discriminant analysis,50 which has been applied frequently

in the scope of medical image classification.11, 51, 52 For our classification, we reduced the dimen-

sion to the linear discriminants that account for 99% of the variance in each case, before generating

the optimal decision boundary. To validate the model, we used leave-one-out cross-validation. Ad-

ditional details regarding our classification process have been previously described.11

2.8 Statistics

Statistical analysis for the texture analysis for MPM and WFI images was completed using one-

way Analysis of Variance (ANOVA) to test differences between individual groups, as well as using

a linear mixed effects (LME) model with random intercepts in order to account for within-subject

and three-way interactions between age, genotype and treatment. The latter is used to attempt to

offset the confounding effects of the multiple experimental groups, for example, heteroscedasticity,

or unequal variance among groups. It is also a tool to assess an overall influence of age, treatment,

or genotype that may not be apparent between two individual groups. The Python statsmodel

library (Python Software Foundation, Delaware USA) is used to construct the LME model. The

resulting model produced post-estimation inference via Wald tests and confidence intervals on the

variables, profile likelihood analysis, likelihood ratio testing, and the Akaike information criterion

to assess the quality of the model. Results from LME models that did not converge were discarded.

Note that the Wald test statistic assesses the Fisher information of a variable at the Maximum-

likelihood estimation point. Essentially, the Wald test evaluates whether an explanatory variable is

significant in the construction of the model.53 This is fundamentally different than a t-test, which
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tests the likelihood of whether two means are different.

An argument could be made for conducting a paired statistical comparison between age groups,

as the same mice were imaged at both time points. However, it is not guaranteed that the same

region of the organ was imaged at both time points. Therefore, it is possible that inhomogeneity in

the tissue could result in variations in the texture features. Thus, we conducted unpaired statistical

tests. Histology results were analyzed by one-way ANOVA and the non-parametric Kruskal-Wallis

test followed by Dunns post-test. Differences were considered statistically significant for p < 0.05

(denoted *), p < 0.01 (denoted **), p < 0.001 (denoted ***), and p < 0.0001 (denoted ****).

3 Results and Discussion

3.1 Histopathology Analysis

H&E stained sections of an ovary are shown for a wild type (Figure 1a) and a TAg mouse (Figure

1b). Higher power magnification images are shown for the same wild type (Figure 1c) and TAg

(Figure 1d) tissues. The wild type ovary has normal appearance, with well-structured follicles and

corpora lutea (Figure 1a and c). In contrast, the TAg ovary has obvious infiltration of neoplastic

cells (Figure 1b and d) with hyperchromatic nuclei and eosinophilic cytoplasm. Overall, much

of the normal structure of the organ has been replaced by neoplastic cells. Immunohistochemical

staining for TAg shows the presence of the TAg protein (Figure 2), confirming the expression of

the TAg transgene in the mice with tumors. Staining for PAX8 also confirms the onset of disease

in TAg mice (Figure 3. Results from the segmentation and scoring process are shown in Figure 4

for a TAg and wild type mouse at eight weeks of age, treated with sesame oil.

Summary statistics of the H-score for TAg and PAX8 staining for wild type and TAg transgenic

mice dosed with both vehicle (sesame oil) and VCD are shown in Figure 5. We see significant
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Fig 1 H&E staining of an ovary at 4X for WT (a) and TAg (b) mouse, and at a magnification of 10X for the same
wild type (c) and TAg mouse (d). Follicles (f), corpora lutea (cl) and tumor (T) are labeled as indicated.

differences between genotype and age primarily, and also some significant differences between

treatment. Analysis of the % tumor, follicles, corpora lutea, and atretic follicles is included in

Appendix I.
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Fig 2 TAg staining of an ovary at 40X for WT mouse (a,b) and for a TAg mouse (c,d).
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Fig 3 PAX8 staining of an ovary at 40X for WT (a,b) mouse and for a TAg mouse (c,d).
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Fig 4 Tissue segmentation and immunohistochemical stain scoring. The images shown depict sections of ovaries from
an eight week sesame oil-treated MISIIR-TAg (a) and wild type (b) mice that were subjected to immunohistochemical
(IHC) staining for TAg (brown staining) and counterstained with hematoxylin (blue). The same tissue sections were
subjected to tissue segmentation to define ovary (pink), non-ovary tissue (green), glass (blue) and junk (yellow). The
ovary segment of the tissue sections were subjected to scoring of TAg staining in the nuclear compartment. The
intensity of nuclear TAg staining was scored 0-3+, where blue = 0 (no staining), yellow = 1+ to 2, orange = 2+ to 3,
and brown = 3+.
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Fig 5 Differences in H-score between mouse groups for the oviduct and ovaries for both TAg staining and PAX8
staining.
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3.2 Wide-field Fluorescence Imaging

Fig 6 Example images using WFI with MMPSense for the ovaries a wild type (a) and TAg mouse (c), both dosed
with sesame oil at eight weeks, and a wild type (b) and and TAg mouse (d), both dosed with VCD at four weeks.
Pathology indicated that the wild type mice were normal and the TAg mice had over 50% tumor cell percentage for
both the ovaries and oviducts.

Sample images for wide-field fluorescence imaging of MMPSense are shown in Figure 6 for

eight-week wild type (a) and TAg (c) mice dosed with sesame oil. There is a demonstrable increase

in the fluorescent signal for the TAg mouse. This is also observed for other experimental groups,

such as four-week mice dosed with VCD, as shown in Figure 6b and 6d. Results from the image

analysis are summarized in Figure 7. Consistent with our previous work,54 the signal generated by

the MMPSense dye shows significant changes between wild type and TAg mice both in the ovaries

and the oviducts. In addition, we see that the signal collected while using the FolateRSense dye is

also significant for the oviduct between wild type and TAg mice. We also see that the fluorescence

signal for MMPSense applied to the oviducts changes between mice treated with sesame oil and
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Fig 7 Fluorescence signal collected for TAg and wild type at eight weeks mice dosed with sesame oil, with (a)
MMPSense and (b) FolateRSense applied.

those treated with VCD at both four and eight weeks of age. MMPs have been shown histolog-

ically to be relevant for human ovarian cancer,44, 55 and targeting of the folate receptor has been

demonstrated in human metastatic ovarian cancer in vivo.8, 56 Therefore, we believe our results in

the mouse model of early ovarian cancer are likely to also be relevant to a human populaion.

These results are consistent with expectations. We expect that there would be more MMPs

with the presence of disease because cancer cells will need to break down the matrix to make

space as they grow. The folate receptor is commonly over-expressed in ovarian cancers, so we

would expect that the TAg animals, which have developed cancer by eight weeks, would have

more folate receptors and hence more fluorescent signal from the FolateRSense.

3.3 Multiphoton Images

Representative SHG and 2PEF images for the oviducts and ovaries are shown in Figure 8 for a

wild type mouse at eight weeks, as well as for a TAg mouse at eight weeks, where histopathology

analysis confirmed that approximately 50% of the volume of the ovaries and oviducts was occupied
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by malignancy. In particular, the structure of the ovaries for both SHG and 2PEF is visibly more

irregular compared to the wild type mouse. Furthermore, the collagen structure of the oviducts

appears disordered in the TAg mouse compared to the wild type.

3.4 Texture Analysis of Multiphoton Images

Selected results for features from the GLCM analysis are shown in Figure 9. Using the features to

perform pairwise comparison tests between different mouse groups, multiple features are signif-

icant in all four imaging situations: SHG and 2PEF for both the ovaries and oviducts. Given the

large number of features and comparisons, we select a subset for display. In the following section,

however, we conducted an aggregated comparisons between age, genotype and treatment using a

linear mixed model.The most sensitive features are correlation-based features of SHG and 2PEF

imaging of the ovaries (Figure 9a, b). However, we also find that other complimentary features

such as variance and entropy-based features for SHG and 2PEF imaging of the oviducts (Figure

9c, d) provide high statistical significance for separating groups. In general, age tends to yield the

highest differences between features, indicating that age may be a particularly challenging effect

to overcome. This dependence on age seems consistent with tumor phenotype, both in terms of

organ and age. In this model, there are neoplastic changes in the oviduct at four and eight weeks.

At four weeks some TAg+ tumor cells are observed in the ovary, but the tissue is predominantly

normal. At eight weeks, the number of TAg+ cells has increased to a significant degree.

Select frequency features are shown for SHG and 2PEF imaging for the ovaries (Figure 10a,b)

and the oviducts (Figure 10c,d). Not all statistical comparisons are shown for the sake of legibility;

however, Tables 3-5 in Appendix II summarize whether the individual features are significant for

each comparison. The results show that the parameters alpha and beta provide significant power
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Fig 8 Example images using SHG and 2PEF for the ovaries and oviducts collected for a wild type and TAg mouse.
Pathology indicated that the wild type mouse was normal and the TAg mouse had over 50% tumor cell percentage for
both the ovaries and oviducts.
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Fig 9 Selected GLCM texture features for (a) SHG Ovaries, (b) 2PEF Ovaries, (c) SHG oviduct, (d) 2PEF oviduct.
We see wide significance for using GLCM features to differentiate between different experimental groups. (W - wild
type, T - TAg, S - treated with vehicle (sesame oil), V - treated with VCD).

for differentiating between experimental groups. The constant offset parameter gamma does not

show statistical significance between experimental groups.

3.5 Variations by Group

The results using a linear mixed model to determine significance for texture features in MPM

images are shown in Tables 3-5 in Appendix II for age, genotype and VCD dosing, respectively.

The second of these groups has the most diagnostic relevance, as pathology indicates all TAg

mice develop ovarian cancer by eight weeks of age. 2PEF imaging of the ovaries produces six

features that have high statistical significance for modeling the genotype. The confounding effects

of age and treatment may reduce the fidelity of the feature discrimination for genotype. However,

assessing the influence of age and reproductive status is more realistic, as cancer can develop at

any stage of life, though the highest risk does occur in older women who are post-menopausal.
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Fig 10 Selected frequency-based texture features for (a) SHG Ovaries, (b) 2PEF Ovaries, (c) SHG oviduct, (d) 2PEF
oviduct. (W - wild type, T - TAg, S - treated with vehicle (sesame oil), V - treated with VCD, 4/8 - weeks of age)

SHG imaging shows no significant features for differentiating genotype; however, several features

are sensitive to both VCD dosing and age. Previous studies have shown that VCD dosing is a

good analog for menopausal status, with over 50% of eight-week mice dosed with VCD having

undergone ovarian failure or impending ovarian failure, compared to less than 20% of eight-week

mice that are dosed with sesame oil.57

While these results are encouraging, note that the statistical test used here (Wald test) assesses

whether each texture feature is significant in building a linear model of the experimental variable

using the features as explanatory variables. This is not equivalent to an ANOVA test, which is

used for individual group comparisons, for example, those shown in Figures 9 and 10. However,

quantitative tissue classification is often accomplished using a linear model, as we demonstrate in

Section 3.6. Hence, using the linear model approach shown here is relevant for assessing diagnostic

potential.
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While histology indicates that genotype is a good proxy for disease, we did not observe pre-

dictable trends in the features as the degree of tumor percentage increases in the mice. The limited

sample size poses a challenge for detecting trends in the observed results; for example, only six

mice exhibited more than 10% tumor percentage. Furthermore, only portions of the organs con-

tained tumor cells; given that MPM does not cover the entire organ, the imaging data may contain

both healthy and diseased tissue. However, there may still be early changes in the surrounding

healthy tissue that could be reflected using MPM. Conducting a more in-depth investigation into

whether trends exist in the features as a function of disease progression and tumor cell percentage

is an objective for future work.

3.6 Classification

The classification results are summarized in Table 2, where the average classification accuracy for

each type of comparison (age, genotype, treatment) is shown for different feature sets (SHG and

2PEF images of the ovary and oviduct). This classification is done using MPM features only. We

see that combining the four individual feature sets into a single large set, yields overall higher

classification accuracy, with 79.16%, 62.50%, and 71.42%, for age, genotype and treatment, re-

spectively. This is not surprising, as it was shown in the individual comparisons that the different

modalities are sensitive to different types of changes. This finding validates the expectation that

combining morphological and functional information can enhance accuracy for tissue characteriza-

tion. We also see that only a small subset of features is required to achieve maximum classification

accuracy: in each case, six features or less yielded the best accuracy. This validates the expecta-

tion that some features are only relevant for separation when combined with other complimentary

features, further motivating the use of dimension reduction techniques such as LDA or principal
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component analysis.

Features Selected Optimal # of Features Age Genotype Treatment
SHG Ovary 6 0.6490 0.3933 0.5185
2PEF Ovary 4 0.8099 0.6289 0.4593
SHG Oviduct 6 0.6547 0.5079 0.5178
2PEF Oviduct 5 0.6696 0.4206 0.5937
All 5 0.8750 0.6666 0.6250

Table 2 Average classification accuracies for age, genotype and treatment group comparisons, as well as optimal
number of features to achieve this accuracy. The results are shown for individual feature sets corresponding to each
imaging modality and organ, as well as using all features together.

Examples results for the Linear Discriminant Analysis are shown in Figure 11 for a comparison

between genotype (Figure 11a) and age (Figure 11b). While encouraging, a linear model is limited

in its capabilities and better performance may be accessible when using more complex techniques

such as machine learning. Generally, with a small number of samples, the complexity of the model

is likewise limited; however, extending the classification to a more advanced algorithm is a focus

of ongoing work. Additionally, future work is focused on applying these modalities (MPM, WFI)

to probe tissue changes in the oviducts that may occur with the early onset of ovarian cancer in

humans.

Fig 11 An example of separating two groups based on the first two linear discriminants using features from SHG
imaging of the ovaries (a), and 2PEF imaging of the ovaries (b). (W - wild type, T - TAg, S - treated with sesame oil).
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4 Conclusion

In this manuscript, we assessed the potential of multiphoton microscopy and fluorescence imag-

ing for evaluating ovarian tissue health. We imaged a transgenic mouse model that spontaneously

developed ovarian cancer in vivo using both second harmonic generation and two-photon excited

fluorescence imaging, as well as wide-field fluorescence imaging to target dyes that bound to the

folate receptor and matrix metalloproteinases. By using texture analysis of multiphoton images

based on the grey-level co-occurrence matrix, as well as features describing the frequency con-

tent of these images, we showed that it is possible to differentiate between experimental groups

(age, genotype and reproductive status) with high statistical significance (p<0.001). We also see

significant changes in the signal collected by wide-field fluorescent imaging between experimen-

tal groups (p<0.01). We then used these features to build a classification algorithm using linear

discriminant analysis, showing that we can classify different ages, genotypes and treatments with

accuracies of 79.16%, 62.50%, and 71.42%, respectively. While these results are promising, next

steps include implementing a more complex a classification scheme using methods such as ma-

chine learning. Furthermore, we used the TAg genotype as a proxy for disease. While histology

showed that all TAg mice developed some degree of disease by eight weeks, conducting a further

experiment with histopathology results is of particular interest to determine whether trends can be

established between the tissue changes observed and tumor percentage.
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Appendix I: Additional Histological Analysis

Fig 12 Histology results for complete mouse study, organized by mice treated with MMPSense (first column) and
FolateRSense (second column); 1SO - treated with sesame oil, 2VCD - treated with VCD, 3WT - wild type mice, 4TAg
- TAg transgenic mice. The analysis indicated % tumor cell (A), follicles (B), corpora lutea (C), and % atretic follicles
(D).
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Appendix II: Feature Significance for Group Comparisons

Ovaries Oviducts
Feature SHG 2PEF SHG 2PEF
Angular Second Moment - - ** -
Contrast - * - -
Correlation - *** *** *
Sum of Squares: Variance - - - -
Inverse Difference Moment - - - **
Sum Average - - - **
Sum Entropy - * - -
Sum Variance - - * **
Entropy - - - **
Difference Variance - * - - -
Difference Entropy - - - ***
Info. Measure of Correlation 1 * - *** ***
Info. Measure of Correlation 2 - *** *** -
α - *** - -
β ** *** *** -
γ - - - -

Table 3 Significance of features for each imaging modality and organ for differentiating mice by age using a linear
mixed model.
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Ovaries Oviducts
Feature SHG 2PEF SHG 2PEF
Angular Second Moment - - - -
Contrast - - - -
Correlation - *** - *
Sum of Squares: Variance - * - -
Inverse Difference Moment - - - -
Sum Average - * - -
Sum Entropy - * - -
Sum Variance - - - -
Entropy - - - -
Difference Variance - - - -
Difference Entropy - - - -
Info. Measure of Correlation 1 * - - -
Info. Measure of Correlation 2 * - - -
α - ** - -
β - ** - -
γ - - - -

Table 4 Significance of features for each imaging modality and organ for differentiating mice by genotype using a
linear mixed model.

Ovaries Oviducts
Feature SHG 2PEF SHG 2PEF
Angular Second Moment - - - -
Contrast - - - -
Correlation ** * - -
Sum of Squares: Variance - - - -
Inverse Difference Moment - - - -
Sum Average - - - -
Sum Entropy - - - -
Sum Variance - - - -
Entropy - - - -
Difference Variance - - - -
Difference Entropy - - - -
Info. Measure of Correlation 1 ** * - -
Info. Measure of Correlation 2 ** * - -
α - - - -
β - - * -
γ - - - -

Table 5 Significance of features for each imaging modality and organ for differentiating mice by VCD dosing using a
linear mixed model.
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List of Figures

1 H&E staining of an ovary at 4X for WT (a) and TAg (b) mouse, and at a magnifi-

cation of 10X for the same wild type (c) and TAg mouse (d). Follicles (f), corpora

lutea (cl) and tumor (T) are labeled as indicated.

2 TAg staining of an ovary at 40X for WT mouse (a,b) and for a TAg mouse (c,d).

3 PAX8 staining of an ovary at 40X for WT (a,b) mouse and for a TAg mouse (c,d).

4 Tissue segmentation and immunohistochemical stain scoring. The images shown

depict sections of ovaries from an eight week sesame oil-treated MISIIR-TAg (a)

and wild type (b) mice that were subjected to immunohistochemical (IHC) stain-

ing for TAg (brown staining) and counterstained with hematoxylin (blue). The

same tissue sections were subjected to tissue segmentation to define ovary (pink),

non-ovary tissue (green), glass (blue) and junk (yellow). The ovary segment of the

tissue sections were subjected to scoring of TAg staining in the nuclear compart-

ment. The intensity of nuclear TAg staining was scored 0-3+, where blue = 0 (no

staining), yellow = 1+ to 2, orange = 2+ to 3, and brown = 3+.

5 Differences in H-score between mouse groups for the oviduct and ovaries for both

TAg staining and PAX8 staining.
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6 Example images using WFI with MMPSense for the ovaries a wild type (a) and

TAg mouse (c), both dosed with sesame oil at eight weeks, and a wild type (b)

and and TAg mouse (d), both dosed with VCD at four weeks. Pathology indicated

that the wild type mice were normal and the TAg mice had over 50% tumor cell

percentage for both the ovaries and oviducts.

7 Fluorescence signal collected for TAg and wild type at eight weeks mice dosed

with sesame oil, with (a) MMPSense and (b) FolateRSense applied.

8 Example images using SHG and 2PEF for the ovaries and oviducts collected for

a wild type and TAg mouse. Pathology indicated that the wild type mouse was

normal and the TAg mouse had over 50% tumor cell percentage for both the ovaries

and oviducts.

9 Selected GLCM texture features for (a) SHG Ovaries, (b) 2PEF Ovaries, (c) SHG

oviduct, (d) 2PEF oviduct. We see wide significance for using GLCM features to

differentiate between different experimental groups. (W - wild type, T - TAg, S -

treated with vehicle (sesame oil), V - treated with VCD).

10 Selected frequency-based texture features for (a) SHG Ovaries, (b) 2PEF Ovaries,

(c) SHG oviduct, (d) 2PEF oviduct. (W - wild type, T - TAg, S - treated with

vehicle (sesame oil), V - treated with VCD, 4/8 - weeks of age)

11 An example of separating two groups based on the first two linear discriminants

using features from SHG imaging of the ovaries (a), and 2PEF imaging of the

ovaries (b). (W - wild type, T - TAg, S - treated with sesame oil).
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12 Histology results for complete mouse study, organized by mice treated with MMPSense

(first column) and FolateRSense (second column); 1SO - treated with sesame oil,

2VCD - treated with VCD, 3WT - wild type mice, 4TAg - TAg transgenic mice.

The analysis indicated % tumor cell (A), follicles (B), corpora lutea (C), and %

atretic follicles (D).

List of Tables

1 Number of mice for each experimental groups imaged, total mice are shown in

brackets, if different. Some images were excluded due to saturation, as described

in Section 2.6.

2 Average classification accuracies for age, genotype and treatment group compar-

isons, as well as optimal number of features to achieve this accuracy. The results

are shown for individual feature sets corresponding to each imaging modality and

organ, as well as using all features together.

3 Significance of features for each imaging modality and organ for differentiating

mice by age using a linear mixed model.

4 Significance of features for each imaging modality and organ for differentiating

mice by genotype using a linear mixed model.

5 Significance of features for each imaging modality and organ for differentiating

mice by VCD dosing using a linear mixed model.
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C.2 Data Storage

The raw data files for this are found on the Barton laboratory research drive at

the location \\engr-storage.catnet.arizona.edu\Research\Barton\Projects\

Grants\Mouse ovary 2015\Images\multiphoton_images\organized. The files are

organized according to age, genotype and treatment. Each raw data file is a z-stack of

images corresponding to different depths. Those files with the suffix HS_1 correspond

to second harmonic generation and HS_2 are two-photon excited fluorescence.

The spreadsheet \\engr-storage.catnet.arizona.edu\Research\Barton\

Projects\Grants\Mouse ovary 2015\Mouse tracking\Mouse ovary 2016

study tracking 04-30-20.xlsx details the individual sample details including

genotype, age, treatment, and whether data is acquired ex vivo or in vivo.

Processed data files are contained in the Barton laboratory research drive at

the location \\engr-storage.catnet.arizona.edu\Research\Barton\Projects\

Grants\Mouse ovary 2015\Analysis\Multiphoton analysis\mpm. There is an in-

dividual directory for each modality and organ, which contains spreadsheets of cal-

culated feature values.

C.3 Programming Scripts

This section contains the programming algorithms used to complete this study. This

includes analysis and classification algorithms, as well as statistical analysis.

C.3.1 Analysis and Classification Algorithms

The same analysis and classification algorithms described in Appendix B.4.1 and

B.4.2 were used for analysis and classification in this study.
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C.3.2 Statistical Analysis

In this study, a linear mixed effects model was used to account for variation in feature

value between experimental groups. The code is included below, and the manuscript

shown in Appendix C.1 provides additional details.

The linear mixed effects model was used to account for the different random and

fixed effects that can occur with the three experimental variables (age, genotype,

dosing status). This is in contrast to standard Analysis of Variance (ANOVA), where

multiple random mixed effects are not taken into account. It was unknown whether

there may be cross-effects between the different variables and as such, having a more

generalized model that can account for possible covariance was useful. Furthermore,

using ANOVA would necessarily require multiple tests and comparisons between each

group, which reduces the statistical power, and so the use of linear mixed effects was

more appropriate, as we were more interested in whether differences in the features

existed, as opposed to the absolute magnitude of the differences.

1 %pylab inline

2 from scipy import stats

3 from scipy.stats import ttest_ind

4 import pandas as pd

5

6 import os

7

8 import statsmodels.api as sm

9 import statsmodels.formula.api as smf

10 from statsmodels.stats.outliers_influence import outlier_test

11

12 d1 = pd.read_csv("SHG−ovary/4WV.csv", index_col=0, header=None)

13 d2 = pd.read_csv("SHG−ovary/8WV.csv", index_col=0, header=None)

14
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15 d3 = pd.read_csv("SHG−ovary/4WS.csv", index_col=0, header=None)

16 d4 = pd.read_csv("SHG−ovary/8WS.csv", index_col=0, header=None)

17

18 d5 = pd.read_csv("SHG−ovary/4TV.csv", index_col=0, header=None)

19 d6 = pd.read_csv("SHG−ovary/8TV.csv", index_col=0, header=None)

20

21 d7 = pd.read_csv("SHG−ovary/4TS.csv", index_col=0, header=None)

22 d8 = pd.read_csv("SHG−ovary/8TS.csv", index_col=0, header=None)

23

24 def combine_features(directory, group, header, header2):

25 d1 = pd.read_csv(os.path.join(directory,group+".csv"), ...

index_col=0, header=None,names=header)

26 d2 = ...

pd.read_csv(os.path.join(directory,group+"−freq"+".csv"), ...

index_col=0, header=None,names=header2)

27

28 for i in d2.keys():

29 d1[i] = d2[i]

30

31 return d1

32

33 def combine_datasets(directory):

34 header = ["ASM","Contrast","Correlation","SumSquaresVariance",...

35 "IDM","SumAverage","SumEntropy","SumVariance",

36 "Entropy","DiffVariance","DiffEntropy","InfoCorr1","InfoCorr2"]

37 header2 = ["alpha", "beta", "gamma"]

38

39 d1 = combine_features(directory, "4WV", header, header2)

40 d2 = combine_features(directory, "8WV", header, header2)

41

42 d3 = combine_features(directory, "4WS", header, header2)

43 d4 = combine_features(directory, "8WS", header, header2)

252



44

45 d5 = combine_features(directory, "4TV", header, header2)

46 d6 = combine_features(directory, "8TV", header, header2)

47

48 d7 = combine_features(directory, "4TS", header, header2)

49 d8 = combine_features(directory, "8TS", header, header2)

50

51 G = ["W","W","W","W","T","T","T","T"]

52 T = ["V","V","S","S","V","V","S","S"]

53 A = ["4","8","4","8","4","8","4","8"]

54

55 for i, d in enumerate([d1,d2,d3,d4,d5,d6,d7,d8]):

56 d["L1"] = [A[i]+G[i] for j in range(len(d.values))] # Age ...

and genotype

57 d["L2"] = [A[i]+T[i] for j in range(len(d.values))]

58 d["L3"] = [T[i]+G[i] for j in range(len(d.values))]

59 d["L0"] = [A[i] + G[i]+ T[i] for j in range(len(d.values))]

60 d["Genotype"] = [G[i] for j in range(len(d.values))]

61 d["Treatment"] = [T[i] for j in range(len(d.values))]

62 d["Age"] = [A[i] for j in range(len(d.values))]

63 # Generate an overall dataframe for easy plotting

64 if i > 0:

65 d1 = d1.append(d)

66

67 return d1, header+header2

68

69 data, features = combine_datasets("SHG−ovary")

70 for l in features:

71 md = smf.mixedlm("%s¬ Genotype" %l, data, groups=data["L2"]);

72 mdf = md.fit();

73

74 data, features = combine_datasets("TPEF−ovary")
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75 for l in features:

76 md = smf.mixedlm("%s¬ Genotype" %l, data, groups=data["L2"])

77 mdf = md.fit()

78

79 data, features = combine_datasets("SHG−ft")

80 for l in features:

81 md = smf.mixedlm("%s¬ Genotype" %l, data, groups=data["L2"])

82 mdf = md.fit()

83

84 data, features = combine_datasets("TPEF−ft")

85 for l in features:

86 md = smf.mixedlm("%s¬ Genotype" %l, data, groups=data["L2"])

87 mdf = md.fit()
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D: Multiphoton and Fluorescence

Imaging Ex Vivo Mouse Study
This Appendix includes all supporting work for the ex vivo multiphoton and fluo-

rescence imaging ovarian tissue study. This includes the published manuscript, a

description of raw and processed data locations, and also the programming developed

through the course of the project.

D.1 Accepted Manuscript

In this section, a copy of the accepted manuscript is shown. The publication can be

found at Journal of Lasers in Surgery and Medicine. Figure D.1 complements the

manuscript by showing the macroscopic fluorescence images for all the dyes that were

used.
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Objectives: To determine the efficacy of targeted fluores-
cent biomarkers and multiphoton imaging to characterize
early changes in ovarian tissue with the onset of cancer.
Methods: A transgenic TgMISIIR-TAg mouse was used as
an animal model for ovarian cancer. Mice were injected with
fluorescent dyes to bind to the folate receptor α, matrix met-
alloproteinases, and integrins. Half of the mice were treated
with 4-vinylcyclohexene diepoxide to simulate menopause.
Widefield fluorescence imaging and multiphoton imaging of
the ovaries and oviducts was conducted at four and eight
weeks of age. The fluorescence signal magnitude was quan-
tified, and texture features were derived from multiphoton
imaging. Linear discriminant analysis was then used to clas-
sify mouse groups.
Results: Imaging features from both fluorescence imaging
and multiphoton imaging show significant changes (p<0.01)
with age, VCD treatment, and genotype. The classification
model is able to classify different groups to accuracies of
75.53%, 69.53%, and 86.76%, for age, VCD treatment, and
genotype respectively. Building a classification model using

features from multiple modalities shows marked improve-
ment over individual modalities.
Conclusions: This study demonstrates that using widefield
fluorescence imaging with targeted biomarkers, and multi-
photon imaging with endogenous contrast shows promise for
detecting early changes in ovarian tissue with the onset of
cancer. The results indicate that multimodal imaging can
provide higher sensitivity for classifying tissue types than
using single modalities alone.
Lasers Surg. Med. 0:1–10, 2019. 2019 Wiley-Liss, Inc.

Key Words: fluorescence imaging; multiphoton imaging;
ovarian cancer;

Introduction

Ovarian Cancer

Ovarian cancer is a devastating disease with high mortality
rates because non-specific symptoms and lack of an effec-
tive screening test leads to frequent late diagnosis. In the
U.S. alone there are more than 20,000 new cases of ovarian
cancer each year and approximately 14,000 deaths per year
[1]. However, if ovarian cancer is found and treated before
metastasis, the 5-year survival rate is 94% (versus 28% for
metastatic disease) [1, 2]. Unfortunately, no reliable early
detection technique exists [3]. Owing to the challenges as-
sociated with early disease detection, there is limited data
available on women. Animal models can provide needed in-
formation that will help develop an understanding of early
cancerous changes and lead to future development of screen-
ing tests for women that are at high risk for developing ovar-
ian cancer.

The most common type of ovarian malignancy is derived
from epithelial cells and is more likely to occur in post-
menopausal women. In addition, recent studies have shown
that some ovarian cancers may originate in the fallopian
tubes[4]. Thus, both the ovaries and fallopian tubes may
exhibit early tissue changes with the onset of cancer.

In this study we combine a menopausal mouse model
and transgenic ovarian cancer model and characterize ovar-

∗Correspondence to: Send correspondence to author JKB. Tel.:
+1 520.626.0314
E-mail: barton@email.arizona.edu

2011 Wiley-Liss, Inc.
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ian and fallopian tube tissues in these models using opti-
cal imaging techniques. The information on tissue changes
observed in these models will be helpful for future studies
examining neoplastic and cancerous changes. We find that
using structural and functional imaging techniques such as
multiphoton microscopy and widefield fluorescence imaging,
it is possible to detect changes in ovarian tissue.

Imaging Modalities

Optical imaging methods are excellent for visualizing tissue
changes due to the high resolution and high sensitivity to
tissue changes. Due to the abundance of different modali-
ties, optical imaging enables the flexibility of imaging scales
from wide field to narrow field (higher resolution) as well as
imaging either endogenous or exogenous contrast sources,
including fluorophores and scatterers. Tissue fluorophores
absorb incident light and subsequently emit light, generally
of a longer wavelength. The wavelengths and intensity of the
remitted light are related to the quantity, type, and distri-
bution of fluorophores present.

Optical imaging techniques that have shown promise for
detection of ovarian cancer include fluorescence imaging [5],
multispectral imaging [6], confocal imaging [7], multiphoton
microscopy [8, 9], photoacoustic imaging (PAI) [10], and op-
tical coherence tomography (OCT) [11], among others. Re-
flectance and fluorescence spectroscopy can differentiate nor-
mal and neoplastic ovarian tissue but typically has poor res-
olution [12]. OCT visualizes details of tissue microstructure
such as surface epithelium, follicles, cysts, collagen bundles,
and vessels as well as potentially abnormal changes such
as invaginations and changes in tissue density, but has in-
adequate resolution for cellular changes [13, 14]. Confocal
microscopy produces subcellular-resolution images that can
be used to identify cancer occurring on the surface of the
ovary, but the depth of imaging is limited [7, 15]. PAI has
the largest depth of imaging (2 to 3 cm) and, owing to differ-
ences in absorption properties, can visualize large structures
such as corpora lutea, follicles, and blood vessels [16, 17].
Likewise, malignant and normal ovaries in postmenopausal
women can be distinguished by their different absorption
properties. However, PAI has relatively low resolution and
may be confounded by benign conditions with high vascular-
ity or hemorrhage, or early-stage cancers without significant
vascularity changes [18].

Since each of these modalities has limitations of resolu-
tion, field of view, and use different contrast mechanisms
to provide sensitivity and specificity to different markers of
early disease, we propose to use multiple modalities, specif-
ically, widefield fluorescence imaging and multiphoton mi-
croscopy, to get both large field of view and high resolution.
Furthermore, these techniques enable visualization of exoge-
nous and endogenous fluorophores, respectively.

Widefield Fluorescence Imaging and Dye Selec-
tion. Widefield fluorescence imaging (WFI) illuminates a
large area of tissue, so that high resolution information from
entire organs can be viewed quickly, with little or no scan-
ning. In the case of a mouse, we are able to view the entire
reproductive tract including uterus, oviducts (murine equiv-

alent of fallopian tubes), and ovaries in a single image. The
addition of targeted fluorescent dyes can provide both qual-
itative and quantitative information on desired markers in
the tissue and overall tissue composition. A number of dif-
ferent light sources and filters can be used to separate the
excitation and emission of fluorophores of interest.

A number of commercial fluorescent dyes are available
for tissue characterization. We are most interested in tissue
markers that are potentially upregulated in cancer so that
we can understand the expression of these markers in the
mouse models that we use. The tissue markers that were of
highest interest to us and commercially available included
folic acid, matrix metalloproteinases and integrins.

Folic acid is an essential nutrient required by all living cells
for cellular division. Uptake of folic acid is necessary for the
metabolism of tumor cells. Folate receptor alpha (FR-α) is
a protein that uptakes folic acid by endocytosis and can be
over-expressed in ovarian epithelial cancers [19, 20]. Little
to no folate receptor expression was found in nonepithelial
tumors and in normal tissues, while significantly higher ex-
pression was found in ovarian carcinomas [21]. FR-α pro-
motes growth of tumors by its modulation of folate uptake
or regulatory signals [22]. The expression of FR-α is nor-
mally restricted to certain tissues where the receptor does
not come in direct contact with the circulating folate [22].
In cancerous tissues, FR-α is available to circulating folate.
It is suggested that the expression FR-α is regulated by es-
trogen receptor (ER) expression in tumors. The expression
of elevated estrogen receptors in gynecological malignancies
such as cervical and ovarian cancer cell lines is suggested to
repress the expression of FR-α [23]. The activation of FR-α
is associated with the activation of signaling pathways that
induce oncogenic transformation, such as the activation of
oncogene signal transducer and activator of transcription 3
(i.e., STAT3) that can promote growth, proliferation, and
survival of cancerous cells [24].

Matrix metalloproteinases (MMPs) also have an impor-
tant role in ovarian malignancies. MMPs interact with com-
ponent of the extracellular matrix to carry out tissue re-
modeling pathways [25]. During ovulation, the extracellu-
lar matrix is degraded; MMPs mediate the breakdown of
the basement membrane which is required for the release
of the oocyte. Certain MMPs also help in the atresia pro-
cess. There are approximately twenty-three members in the
MMP family and they are grouped based on their function
and structure. Increased expression of MMP2 and MMP9
was found in epithelial ovarian cancer cell lines, significantly
higher expression was found in advanced cancer stages [26].
Previous studies have also indicated that MMP-2 and MMP-
9 can be overexpressed early in cancer progression of human
ovarian carcinomas. It is suggested that there is a differ-
ence in expression of mRNA levels of MMP-9 in samples
of normal ovaries and polycystic ovaries of postmenopausal
women. Lower levels of MMP-9 mRNA were found in normal
ovaries of postmenopausal women in comparison to polycys-
tic ovaries [27]. MMP-9 and MMP-2 expression in ovarian
cancer relates to the ability of cancer cells to invade and
metastasize [28, 29]. Silencing of MMP-9 decreased the abil-
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WFI AND MPM IMAGING OF OVARIAN CANCER 3

ity of cancer cells to invade [26]. One of the main path-
ways that is altered by MMPs in cancer cells is the tumor
growth factor (TGF) - β signaling pathway, which is known
to be activated both MMP-2 and MMP-9. Altered expres-
sion levels of MMPs are known to affect the activity of other
MMPs, growth factors, cytokines and epidermal growth fac-
tor (EGF) that induce oncogenic transformation of cells [30].

Integrins are cell surface receptor proteins that regulate
signal transduction between cells and the extracellular ma-
trix. These receptor proteins are composed of two subunits,
the α subunit and the β subunit. The two subunits can com-
bine to create twenty-four integrin receptors [31]. Integrins
play an important role in integrating the extracellular ma-
trix and the cytoskeleton of cells. Overall, integrins have
been known to be interrelated with metastasis [32]. One in-
tegrin known to be associated with cancer cell lines is ανβ3.
Integrin ανβ3 can be upregulated in tumor cells and is as-
sociated with survival and angiogenesis [33, 34]. The ex-
pression of integrin is found to be associated with epithelial
cadherin (E-cadherin). E-cadherin is an important adhesion
molecule that forms cellular junction and is expressed in
epithelial cells. Elevated levels of E-cadherin expressed in
ovarian cancer cell lines were silenced to test its effects on
the integrin expression. It was found that loss of E-cadherin
up regulates αν integrin expression [35]. The resulting ele-
vated levels ofαν integrin, due to loss or down-regulation of
E-cadherin, play a role in the activation of signaling path-
ways involved in adhesion and metastasis [35]. The ability of
cancer cells to establish themselves in distant sites is largely
regulated by integrins. Integrins of ovarian cancer cell lines
mediate the adhesion to fibronectin, laminin and collagen
which aid in further invasion and tumor growth [36].

Multiphoton Microscopy. In multiphoton microscopy
(MPM), femtosecond pulsed laser light is focused with high
numerical aperture optics to create a high instantaneous
power density in a small volume of tissue, enabling multi-
photon events that result in submicron resolution imaging
with little out of focus signal generation. MPM using near-
infrared light has the ability to image the same fluorophores
hundreds of microns deeper than confocal microscopy using
ultraviolet or visible light. The laser is scanned in two di-
mensions while the sample is moved in the third dimension
to create a 3-D image set. In two-photon excited fluores-
cence (2PEF), two photons are simultaneously absorbed by
a fluorophore and then emitted as one photon at a higher
frequency than the incident light. Using excitation light
near 800 nm, endogenous fluorophores that can be visual-
ized with 2PEF include proteins containing aromatic amino
acids (tryptophan, tyrosine, phenylalanine), metabolic co-
factors such as NADH and FAD, structural proteins such
as collagen and elastin, and a variety of other molecules
including vitamins and lipopigments [37, 38]. In second har-
monic generation (SHG), phase matching of photons in non-
centrosymmetric structures results in a scattering event in
which two photons are combined into a single photon at
twice the frequency of the incident light [39]. SHG is pri-
marily used for visualization of collagen. Light collected from
2PEF and SHG are separated using bandpass filters. MPM

enables visualization of changes in endogenous cellular fluo-
rescence and collagen structure resulting from ovarian tissue
changes, including cancer. Likewise, SHG enables visualiza-
tion of changes in collagen fibers resulting from ovarian tis-
sue changes.

Animal Model. The syngeneic TgMISIIR-TAg (TAg)
mouse [40, 41] expresses the transforming region of poly-
omavirus simian virus 40 (i.e., SV40) under control of the
Müllerian inhibitory substance type II receptor gene pro-
moter, which is expressed in ovarian epithelial cells, includ-
ing fallopian tube and endometrium [42]. All TAg positive
(TAg+) TgMISIIR-TAg female mice develop bilateral ep-
ithelial ovarian cancer, with invasive tumors in the ovaries
evident in nearly all mice by 8 weeks of age [43].

Repeated exposure to the chemical 4-vinylcyclohexene
diepoxide (VCD) has been shown to accelerate the rate of
atresia in small follicles in the ovaries of rats and mice and
lead to early ovarian failure [44, 45, 46]. Thus, VCD has
been useful for generating an animal model for menopause,
even in young animals. In a previous study we have shown
that VCD dosing will cause ovarian failure in TAg+ mice
and their non syngeneic counterparts.

Materials and Methods

Animals

All experiments were performed per NIH guidelines, and
protocols were approved by the University of Arizona In-
stitutional Animal Care and Use Committee. C57Bl/6 wild
type (WT) female breeder mice 8 weeks of age were pur-
chased from Jackson Laboratory. Six initial TAg+ males
were obtained from the Fox Chase Cancer Center to start
the colony. Animals were housed in microisolators per NIH
guidelines and allowed a 7-day acclimation period before ini-
tiating the experiment. One to three C57Bl/6 females were
housed with one TAg+ male for mating. Pregnancy in fe-
males was determined by the presence of a copulatory plug.
Pups were born on days 20 - 21 following mating. Pups were
evaluated for sex, and tail tips were collected from females
for genotyping at either the University of Arizona Genetics
Core or TransnetXY. An average of 4 females/litter were
obtained. Approximately one half the females carried the
transgene (TAg+) and one half did not (WT).

Dosing

On post-natal day 7, dosing of females with sesame oil
(S3547; Sigma Chemical Company, St. Louis MO), or sesame
oil containing 80 mg/kg VCD (94956; Sigma Chemical Com-
pany, St. Louis MO), 2.5 ml/kg body weight, was adminis-
tered by intraperitoneal injection. Daily dosing with sesame
oil and VCD was continued for 15 days or 20 days.

Dye Application

Fluorescent imaging dyes included IntegriSense 680
(NEV10645; PerkinElmer, Waltham MA), FolateRSense 680
(NEV10040; PerkinElmer, Waltham MA) and MMPSense
680 (NEV10126; PerkinElmer, Waltham MA). Dyes were
prepared according to package instructions and kept in foil
wrapped tubes to protect from ambient light. Ovaries were
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surgically exposed in live animals as described below and
a sterile pipette tip was used to place 50 uL of dye on to
each ovary, or 100uL of dye into the body cavity (for control
organs), resulting in a total of 100uL of dye per animals.
Organs were allowed to incubate with dye for 10 minutes in
darkness by turning off lights in the room and covering ani-
mal organs with an elevated black drape (not in contact with
the animal). Following incubation, mice were euthanized by
CO2 inhalation and organs were explanted.

Organ Explant and Tissue Processing

Entire reproductive tracts (including uterus, oviducts
and ovaries) were explanted, thoroughly rinsed in saline,
weighed, and placed on a non-reflective black pad for imag-
ing. Widefield fluorescence imaging was performed first, fol-
lowed by multiphoton imaging. Imaging was completed in
approximately 30 minutes post-explant. Orientation was
carefully maintained from explant to imaging, fixation,
paraffin embedding, and sectioning, by maintaining anatom-
ical orientation at explant and placing the reproductive
tract ventral side up on filter paper indicating left-right and
superior-inferior locations. After imaging, the tracts were
fixed in 10% Buffered formalin solution for 20 - 24 hrs, trans-
ferred to 70% ethanol, dehydrated, embedded in paraffin
blocks, and sectioned at 6µm thickness. Histology sections
were taken parallel to the area imaged, allowing an enface
view of the imaged area.

Table 1 summarizes the number of mice imaged and ana-
lyzed for MPM and WFI of fluorescent dyes. The same mice
are imaged for both MPM and WFI, though some exhibiting
image artifacts were excluded from analysis, as described in
the following sections, which results in different totals be-
tween MPM and WFI.

Widefield Fluorescence Imaging

Widefield fluorescence imaging (WFI) was performed with
an MVX10 microscope with a DP80 digital camera (Olym-
pus, Tokyo JP), and ImageX software. Images were taken
at exposure times of 2 s (for MMPSense dye), 0.1 s (for
FolateRSense), or 0.2 s (for Integrisense). Magnification was
set to 0.8. Each channel was set to un-gated and a frequency
of 100,000. Light was filtered using the microscope’s CY5.5
filter set, featuring a cut-on wavelength of 685 nm, excita-
tion band of 635 - 675 nm and emission band of 696 - 736
nm. The excitation spectrum of these dyes does not over-
lap with the wavelength used for MPM, as described next;
thus, there is no cross-interaction between fluorescence and
MPM studies, as confirmed by examining both stained and
unstained tissues with MPM.

Widefield Fluorescence Image Analysis

Images were examined by eye and excluded from analysis if
saturation occurred. Based on prior pilot analysis the images
with the best exposure times for each dye were selected to
maximize the signal without observing saturation. Analysis
was performed using ImageJ software [47]. For each organ,
a 40×40 pixel square was placed in the center of the organ
and the mean signal intensity in the region was recorded.
This was done for both left and right ovaries and oviducts.

Multiphoton Imaging

MPM imaging was performed with a single-beam multi-
photon microscope (TrimScope, LaVision BioTec, Biele-
feld, GE) using a Titanium:Sapphire laser light source
(Chameleon Ultra2, Coherent, UK) that was coupled to
the scanner unit, with a pulse width of 120 femtosec-
onds at the sample. The laser intensity was adjusted to
35 mW average power with an electro-optical modula-
tor (EOM 350-80; Conoptics, Danbury, CT). A water-
immersion, coverslip-corrected, 20X magnification, 0.95-NA
objective (MRD77200 Nikon, Tokyo JP) was used for imag-
ing. The excitation wavelength was set to 780 nm, and
SHG and 2PEF image data were recorded simultaneously.
A bandpass filter (FF01-377/50; Semrock, Rochester NY)
and a dichroic mirror (Di01-R405-25X36; Chroma, Bellows
Falls, VT) were used to collect light for SHG and a bandpass
filter (HQ450/100M-2p-25; Chroma) and a dichroic mirror
(505dcxr; Chroma) were used to collect light for 2PEF. Im-
ages were taken at 5 µm depth increments from the surface
of the tissue to 50 - 100 µm depth. Imaging was completed in
less than five minutes per image stack Two image volumes
were collected from two locations on the ovary. The first
image value was approximately in the center of the ovary
and the second was between the center of the ovary and the
oviduct. Two image volumes were also collected from two
separate locations the oviduct: the first near the ovary and
the second farther away from the ovary. All images had a
400 µm × 400 µm field of view and contained 1024 × 1024
pixels with 14-bit gray scale resolution.

Multiphoton Image Analysis

Images were examined by eye and excluded from analysis
if they had artifacts (e.g. debris, fur in the image) or had
signal in less than approximately 50% of the image area.
On the basis of visual examination of cellular and collagen
features, it was expected that previously developed analysis
algorithms using computation of spatial frequency content
and standard gray-level co-occurrence matrix (GLCM) pa-
rameters and Fourier transform parameters may be able to
quantify the tissue variations observed by eye.

Images were quantized to 8-bit before analysis. We ap-
plied two methods of texture analysis to extract features
from the acquired MPM images. The first is based on con-
structing and analyzing the Grey-Level Co-occurrence Ma-
trix (GLCM) [48]. The GLCM is a spatial histogram that
describes the distribution of grey-level values in an image.
Each entry in the GLCM, p(i, j|d, θ), corresponds to the
probability of a pixel with a grey-level of (i) being a distance
(d) pixels away from a neighboring pixel with a grey-level of
(j) in the (θ) direction. With an image quantized into Ng
grey levels, the GLCM is an Ng x Ng matrix. For a two-
dimensional image, four directions for (θ) are possible: 0 de-
gree, 45 degree, 90 degree, 135 degree. In this study, we fixed
(d) at one pixel (3.9 µm in object space), and computed the
GLCM for the four possible directions. All images were nor-
malized and quantized to 8-bit (intensity ranging between 0
and 255). From the GLCM, we then computed thirteen tex-
ture features introduced by Haralick in 1973 [48], averaged
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TABLE 1. Number of mice imaged and analyzed for multiphoton and widefield imaging of fluorescent dyes. The

same mice are imaged for both MPM and WFI, though some exhibiting image artifacts were excluded from

analysis (hence different totals). (4 - four weeks age, 8 - eight weeks age, W - wild type, T - TAg+, S - treated

with vehicle sesame oil, V - treated with VCD).

4WS 4TS 4WV 4TV 8WS 8TS 8WV 8TV

MPM Ovary 14 12 13 13 13 13 11 8

MPM Oviduct 14 12 13 13 13 13 11 8

MMPSense Ovary 8 8 5 7 12 9 5 5

MMPSense Oviduct 7 8 5 7 11 9 5 5

FolateRSense Ovary 5 5 5 5 6 8 5 5

FolateRSense Oviduct 5 5 5 5 6 8 5 5

Integrisense Ovary 5 6 5 5 5 5 5 5

Integrisense Oviduct 4 6 5 2 5 5 5 3

over the four directions for θ.
We computed a second set of features by analyzing the

discrete Fast Fourier transform (FFT) of the image in
2D, which describes the distribution of spatial frequencies
present in an image. After applying the FFT, the image was
normalized so that all pixel values summed to one. Then,
we summed the pixel values in a small disk centered at the
origin and recorded the result. The radius of this disk was
iteratively increased and the summed pixel value within its
area was recorded until the disk radius had reached 80%
of the image half-width, beyond which primarily noise re-
mains. This was effectively the cumulative distribution func-
tion (CDF) of the energy density as a function of radial spa-
tial frequency; taking the difference between the values of
this curve for any two radial frequencies gives the propor-
tion of energy contained within a specific frequency band.
Images that were highly homogenous had higher energy den-
sity associated with lower spatial frequencies. On the other
hand, images with more inhomogeneity had more energy
density corresponding to higher spatial frequency. We then
parameterized the distribution by fitting the CDF curve to
the following equation, which we qualitatively found to fit
the curve well:

y = axb + c (1)

Where y is the value of the CDF for a given spatial fre-
quency x. The frequency distribution was thus described by
the three features: a, b, and c, which were used to differen-
tiate between the different experimental groups. Combining
these with the thirteen Haralick features gave a set of six-
teen texture features total. The analyses were completed in
Python using a computer with an Intel Core I-4710HQ CPU
(2.50 GHz) and 16 GB DDR3L memory.

Statistical Analysis

In this study, two types of statistical analyses were used to
determine whether differences in imaging features could be
observed between experimental groups. First, feature val-
ues between individual mouse groups were compared using
a Student’s t-test. Equal variance was not assumed. For each
experimental variable (age, treatment, genotype), four pair-
wise comparisons can be assessed, totaling twelve compar-
isons. Table 2 summarizes the different comparisons that are

investigated for each variable.
To adjust the analysis for the multiple comparisons, the

Benjamini-Hochberg technique is applied [49]. For a given
false discovery rate (FDR), the Benjamini-Hochberg critical
value is calculated for each comparison and compared to the
p-value to determine which comparisons are significant [50].
All twelve comparisons shown in Table 2 were considered
to be part of a single family. Differences were considered
statistically significant for an FDR of 0.1. For those features
within this threshold, the significance is denoted on figures
using the standard notation of p < 0.05 (denoted *), p <
0.01 (denoted **), p < 0.001 (denoted ***).

TABLE 2. Statistical significance is assessed for four

comparisons for each experimental variable.

Classification models are built for each of four

comparisons within a variable. (4 - four weeks age, 8 -

eight weeks age, W - wild type, T - TAg+, S - treated

with vehicle sesame oil, V - treated with VCD).

Age Treatment Genotype

Comparisons

4WS - 8WS 4WS - 4WV 4WS - 4TS

4WV - 8WV 4TS - 4TV 4WV - 4TV

4TS - 8TS 8WS - 8WV 8WS - 8TS

4TV - 8TV 8TS - 8TV 8WV - 8TV

Next, a classification model is built to classify mice into
separate groups using linear discriminant analysis. The same
twelve comparisons shown in Table 2 are considered. For
each, a separate classification model is built as described
below. Ultimately, the classification performance is averaged
for each variable to assess the overall ability of the imaging
features to discriminate tissue for a given variable. Separate
classifications are attempted using features produced from
individual imaging modalities, as well as one attempt where
all features are combined into a single set.

Feature Selection and Classification

Classifications were first attempted using five feature sets,
each derived from a separate modality: two for SHG of
the ovaries and oviducts, two for 2PEF of the ovaries and
oviducts, and one for WFI both of the ovaries and oviducts.
The features from both organs are combined in WFI since
only two features are available. In addition, a classification
was attempted using a feature set containing all features
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Fig. 1. Example images taken using MMPSense dye for wild type

(a) and TAg+ (b) female mice at eight weeks dosed with sesame

oil.

combined.
For each classification model using features from SHG or

2PEF, sixteen features are available to use in the classifica-
tion model, as described above in Section 1. Two features
are available for the WFI classification: mean signal for the
ovaries, and mean signal for the oviducts. In addition, a clas-
sification model was built using a selection from all available
features: the sixteen features from each of the four MPM
modalities are combined with two features from WFI. In
this case, the total number of features is 64.

For each feature set, the classification proceeded by first
removing redundant by calculating the correlation matrix
for the feature set. For each pair of features that were highly
correlated (correlation > 0.85) [51, 52], one feature from the
set was removed (the feature which yielded a lower average
p-value using the statistical test described above).

We exhaustively tested the classification performance of
feature subsets consisting of six or fewer features, as the
literature suggests that high performance can typically be
achieved with two to five features [51, 53, 54]. To evaluate
how well a set of features could separate different classes, we
used the trace of the ratio of the between-class scatter (SB)

and within-class scatter (Sw), which has successfully been
applied in similar scenarios.

To classify the data, we used linear discriminant analysis
[55], which has been applied frequently in the scope of med-
ical image classification[56, 57, 11]. For our classification,
we reduced the dimension to the number of linear discrim-
inants that account for 99% of the variance in each case,
before generating the optimal decision boundary. To vali-
date the model, we used leave-one-out cross-validation. The
accuracy for classifying based on age, genotype and treat-
ment was calculated for all four possible comparisons for
each variable (Table 2), and averaged to yield the final re-
sult. Additional details regarding our classification process
have been previously described [11, 52].

Results

Widefield Fluorescence Imaging

Example images for WFI are shown in Fig. 1 for WT (a)
and TAg+ (b) mice using MMPSense. It is visually ap-
parent in these images that the fluorescence magnitude for
TAg+ mouse ovaries and oviducts is significantly higher
than WT. Results for quantifying the WFI signal in the
ovaries and oviducts, along with analysis of differences be-
tween genotype are summarized in Fig. 2 for MMPSense
(a) FolateRSense (c), and Integrisense (c). The results show
that all three dyes significantly change in signal magnitude
for eight week old mice dosed with sesame oil. In addi-
tion, MMPSense is significantly elevated for four-week VCD-
dosed mice, and Integrisense is elevated for eight-week VCD-
dosed mice. These results were observed for both ovaries and
oviducts. A comprehensive comparison between individual
experimental groups is summarized in Appendix 1.

Multiphoton Imaging

Fig. 3 shows composite MPM images for an ovary deep
within the organ (a), and at a more superficial depth in
the organ (b), as well as MPM images of an oviduct (c:
deep, d: superficial). At different depths, the images show
significantly different features, such as the organization of
the collagen matrix (represented by SHG imaging in green
in Fig. 3), as well as local metabolic activity and lipofuscin
concentration (represented by 2PEF imaging in red).

Fig. 4 shows individual MPM images for a wild type and
TAg+ mouse at eight weeks, dosed with sesame oil. Visu-
ally, the SHG images seem to exhibit a more disordered col-
lagen structure in the TAg+ mice, which would be quan-
tified with texture analysis. Furthermore, the 2PEF im-
ages, particularly those of the ovaries, seem to show local
metabolic changes. The brighter signal could suggest en-
hanced metabolic activity, or may indicate increase accu-
mulation of lipofuscin, which has been observed to increase
both due to age and the presence of disease [8].

The texture analysis results showed that many texture
features were significant for comparisons between each vari-
able. Table 3 summarizes the number of features for each
modality that were significant for at least one comparison
for each variable (see Table 2). Each MPM modality yielded
an appreciable number of features that were significant for

261



WFI AND MPM IMAGING OF OVARIAN CANCER 7

Fig. 2. Signal intensity for widefield fluorescence imaging using MMPSense (a), FolateRSense (b), and Integrisense (c). (4 - four weeks

age, 8 - eight weeks age, W - wild type, T - TAg+, S - treated with vehicle sesame oil, V - treated with VCD). Statistical significance

is only denoted for comparisons between genotype groups. Differences were considered statistically significant for p < 0.05 (denoted

*), p < 0.01 (denoted **), p < 0.001 (denoted ***).

at least one comparison of each variable. Comparisons of
tissue changes due to age yielded the highest number of
significant features overall. SHG imaging of the oviducts
was most sensitive to tissue changes caused by VCD treat-
ment, with 10 features showing significance. 2PEF imaging
of the oviducts also showed many features that were sig-
nificant to the variable of VCD treatment. SHG imaging
of the oviducts and 2PEF imaging of the ovaries yielded
many features that showed significant differences between
genotype groups. This may suggest that early tissue changes

occur in the oviducts, primarily structurally, whereas early
metabolic changes are observed in the ovaries, but the tissue
microstructure is affected to a smaller degree. Appendix II
includes a comprehensive list of feature values and standard
deviations for each modality, categorized by mouse group.

Fig. 5 shows an example texture feature’s ability to dif-
ferentiate between genotype for SHG and 2PEF imaging of
the ovaries and oviducts. There is a wide variety of features
that show high statistical power, depending on which two
experimental groups are of interest. In Fig. 5, statistical sig-
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Fig. 3. Composite MPM images (green – SHG, red – 2PEF) for

different depths for an eight-week wild type mouse. The ovaries

deep (a), and superficial (b). The oviducts deep (c), and superfi-

cial (d).

TABLE 3. Number of texture features for each MPM

modality that are statistically significant for at least

one comparison for each variable. The comparisons are

listed in Table 2.

Age Treatment Genotype

SHG Ovaries 6 4 4

2PEF Ovaries 7 3 6

SHG Oviducts 11 10 10

2PEF Oviducts 4 6 5

nificance is only shown for genotype comparisons, as those
are most clinically relevant.

Classification

Classification models were built for each comparison shown
in Table 2, using features from SHG and 2PEF imaging of
the ovaries and oviducts, as well as WFI imaging of both
organs. Additionally, a classification model was built with
all features combined into a single set. The classification re-
sults are summarized in Table 4 below, averaging across the
four comparisons for each variable. Parenthesis in Table 4
represent the number of features used to build the model
achieving the stated accuracy. We see that in no case is six
features needed; four and five features is the most common.
For the classification using all features, we see that four fea-
tures yields the highest accuracy.

When combining all features into a single set, the highest
classification accuracy is achieved for classifying based on
age and genotype, though we see that slightly higher accu-
racy can be achieved for treatment classification using either
2PEF ovary or SHG oviduct features. This may be due to

Fig. 4. Sample SHG and 2PEF images for a wild type (a) and

TAg+ (b) female mouse at eight weeks, both dosed with sesame

oil.

the metric used for feature selection not directly translat-
ing to classification accuracy. Unsurprisingly, features from
SHG ovary imaging yielded the poorest results, which can
be expected, given the poor ability for discrimination using
individual features. The classification performance did not
vary significantly between individual comparisons for geno-
type or age; though, it was observed that classifying four-
week treatment groups (4WS-4WV) and (4TS-4TV) mice
performed substantially worse than the eight-week compar-
isons (by approximately 30%).

Fig. 6 illustrates an example of using the set of features for
2PEF of the ovaries to classify mice based on genotype (four
week mice dosed with sesame oil) using linear discriminant
analysis. Fig. 6a shows the results of projecting the sam-
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Fig. 5. One example texture feature chosen for each: (a) SHG ovaries, (b) SHG oviducts, (c) 2PEF ovaries, (d) 2PEF oviduct. (4 -

four weeks age, 8 - eight weeks age, W - wild type, T - TAg+, S - treated with vehicle sesame oil, V - treated with VCD). Statistical

significance is only denoted for comparisons between genotype groups. Differences were considered statistically significant for p <

0.05 (denoted *), p < 0.01 (denoted **), p < 0.001 (denoted ***).

TABLE 4. Classification results between experimental

groups when using linear discriminant analysis. The

number of features used to build the model for each

case are shown in parenthesis next to the accuracy.

Four comparisons exist for each variable. The results

shown here are averaged over all four.

Age Treatment Genotype

SHG Ovaries 0.711 (5) 0.614 (5) 0.572 (5)

2PEF Ovaries 0.718 (5) 0.728 (5) 0.503 (4)

SHG Oviducts 0.747 (5) 0.716 (5) 0.725 (4)

2PEF Oviducts 0.733 (5) 0.698 (5) 0.561 (4)

WFI 0.572 (2) 0.589 (2) 0.581 (2)

All Features 0.755 (4) 0.695 (4) 0.868 (4)

ples onto the first two linear discriminants. Fig. 6b shows
the corresponding ROC curve for this classification using all
four linear discriminants. In this case, the result is shown
using two discriminants for visualization purposes, when all
classification models performed best with at least four (with
the exception of WFI, where only two are available).

Appendix II contains a table showing the features that
are selected to build the classification model when using the

feature set including all modalities. There are twelve com-
parisons total (four for each age, genotype, and treatment).
Highest accuracy was achieved when using four features for
each variable. This results in 48 total features being selected
over the twelve possible comparisons. The majority of fea-
tures used in the classification models were texture features
of 2PEF imaging. Features from the oviducts and ovaries
seem to be equally represented. There are several compar-
isons that use SHG features of the oviduct, but ultimately
no classification model used SHG features of the ovary, and
WFI intensity of the ovaries was only represented in two
classification models.

Discussion

Widefield Fluorescence Imaging

The results show that VCD dosing does not have a pro-
nounced effect on MMPSense and FolateRSense signal at
four weeks of age, but at eight weeks of age VCD dos-
ing significantly reduced the amount of MMPSense and Fo-
lateRSense signal in both genotypes and organs. Similarly,
VCD dosing changed the Integrisense signal in both organs
and genotypes at four and eight weeks. This may suggest
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Fig. 6. Example of the classification model between four-week

wild type and four-week TAg+ female mice, both dosed with

sesame oil (a), and the corresponding ROC curve for the deci-

sion boundary (b) to differentiate mice into different genotypes.

that integrins are more rapidly and strongly affected by the
menopausal tissue changes induced by VCD dosing.

In all three dyes, the genotypic changes in the fluorescence
signal is most sensitive for eight-week old mice, particularly
those dosed with sesame oil, for all three dyes. VCD-dosed
mice show changes in MMPSense signal at four weeks, and
Integrisense signal at eight weeks. This may suggest that
MMPs or FR-α may have more utility as a biomarker for
pre-menopausal women, whereas changes in integrins could
be observed both pre- and post-menopause. Interestingly,
the Integrisense signal decreases for TAg+ mice at eight
weeks with sesame oil, whereas it is elevated for VCD mice,
further suggesting that VCD dosing has a strong influence
on the integrin concentration.

Multiphoton Imaging

General trends in the results indicate that the SHG signal
tends to be altered primarily with age, and less so geno-
type or treatment, whereas the 2PEF signal changes roughly
equally with all variables. In the oviducts, there are many
changes in both SHG and 2PEF signal observed for all vari-
ables. Of the different genotype comparisons, that between
eight-week old mice dosed with VCD yielded the most tex-
ture features that were statistically significant. This group in
particular may be most representative of post-menopausal

older women, where risk of ovarian cancer is elevated.
Contrast generation for SHG signal is well-known to be

dominated by collagen [58, 59], directly tying the image tex-
ture to the tissue microstructure. In previous studies, we
confirmed the presence of lipofuscin in mouse ovaries pro-
ducing 2PEF signal [8]. In particular, local deposition of
lipofuscin increased with age, which is expected, as lipofus-
cin is a known marker of senescence and lipid oxidization
[60]. Lipofuscin has also been observed in primates and hu-
man reproductive physiology, suggesting a similar biochemi-
cal composition [61, 62]. The fluorescence excitation of lipo-
fuscin falls between 340 - 395 nm and peaks in emission
between 430 - 460 nm [63], which would be excited by two-
photon events with the 780 nm laser in this study, and col-
lected with out filter set. A number of other endogenous flu-
orophores, including FAD, NADH, collagen, and elastin, can
experience two-photon excitation using the laser wavelength
of 780 nm [63]. FAD does not have appreciable fluorescence
within the bandwidth of our filter set. However, NADH, a
cofactor used in metabolic processes in the mitochondria,
has an emission peak between 440 - 460 nm, which is within
our filter range. Therefore, we expect to see 2PEF signal
originating from the NADH in the cell cytoplasm. Collagen
and elastin are both found in connective tissue and have
broad excitation and emission spectra; hence, some signal is
expected from these sources. Given the relatively low abun-
dance of elastin, collagen will be the predominant source of
fluorescence from connective tissue [64, 65]. Based on the
relative abundances of each fluorophore, as well as the ex-
citation and emission spectra, the majority of our 2PEF
signal is expected to originate from NADH and lipofuscin,
in addition to a component from collagen. Considering the
physiological role of these fluorophores, the signal in 2PEF
images can be attributed to each of these by observing the
texture and pattern of the signal. Hence, this suggests that
the signal collected by this modality describes local cellular
and lipid metabolism, as well as levels of age-related degen-
eration.

These results are generally consistent with observations in
our previous in vivo study, where ovaries and oviducts were
surgically externalized for imaging at four weeks, the mice
were survived, and a second surgery externalized the ovaries
and oviducts for imaging at eight weeks. In both studies,
many texture features for SHG and 2PEF showed signifi-
cance between age groups. Both studies found that treat-
ment changes could be observed in SHG and 2PEF, though
fewer features were significant in the past study compared to
this one. Additionally, the in vivo study showed that 2PEF
imaging of the ovaries was significant to changes in genotype,
which is supported here. In this study we also see signifi-
cant changes with genotype in the SHG and 2PEF images
of the oviduct. Overall, this ex vivo study has more signif-
icant features for all variables than for the in vivo study.
One potential cause of discrepancy is that at eight weeks
of age, mice imaged in vivo will have significant scar tissue
due to the surgery for imaging at four weeks of age, which
may mask feature changes. Another potential source of dis-
crepancy is that the initial surgery to apply fluorescent dyes
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was more invasive in this ex vivo study in order to incubate
both ovaries, whereas only one ovary was incubated for the
in vivo study. However, no scarring was observed and little
inflammation can occur in the short time period over which
the study was conducted.

Even so, we see that age tends to have the largest influ-
ence on the image texture, as we see that many different
features are significant. This dependence on age however, is
consistent with tumor phenotype, both in terms of organ
and age. In this model, there are neoplastic changes in the
oviduct at four and eight weeks [43]. At four weeks some
TAg+ tumor cells are observed in the ovary, but the tis-
sue is predominantly normal. At eight weeks, the extent of
TAg+ cell has increased to a significant degree. Histology
on this mouse model previously reported showed that up to
50% of the ovary could be invaded by TAg+ cells by eight
weeks of age [43].

Classification

The positive results suggest that using multiple modalities
can provide complementary information, allowing for im-
proved performance in tissue classification. In particular, the
genotype classification accuracy improved tremendously us-
ing the multimodal feature set.

Interestingly, the specific 2PEF texture features for both
the oviduct and the ovary are similar. The top four fea-
tures are Difference Variance, and Angular Second Moment
(ASM), or Energy, for 2PEF images of the ovaries and
oviducts. The presence of the same texture feature occurring
for both organs is somewhat surprising, as it could be ex-
pected that these contain redundant information. However,
this is not the case, as the first step in the feature selection is
to remove correlated features. In general, ASM is a measure
of homogeneity. These results suggest that the homogene-
ity for the 2PEF signal in both the ovaries and oviducts
changes significantly for all three variables. This may indi-
cate that the underlying tissue metabolism and lipofuscin
concentrations are affected under different conditions, with
some variables lending themselves to higher homogeneity.
Difference Variance is a measure of dispersion of the signal
level differences relative to the mean. High values for this
feature indicate that adjacent pixels have high probability
of having substantially different values. Seeing this feature
occur in many classification models could suggest that the
microscopic fluctuations in the 2PEF signal are generated by
the different experimental variables. Considering that these
features are useful for classifying samples for all three vari-
ables indicates that they contain an abundance of informa-
tion about tissue changes with regards to age, treatment and
genotype.

While these results are promising, next steps include im-
plementing a more complex classification scheme, for exam-
ple using machine learning. Furthermore, we used the TAg
genotype as a proxy for disease, since all TAg+ female mice
developed some disease by eight weeks Further experimen-
tation may be able to determine if trends can be established
between imaging features and the severity and extent of dis-
ease.

Conclusion

In this manuscript, we assessed the potential of multiphoton
microscopy and fluorescence imaging for evaluating ovarian
tissue health. We imaged ex vivo a transgenic mouse model
that developed ovarian cancer using WFI with targeted dyes
that bound to the folate receptor, integrins, and matrix met-
alloproteinases, as well as MPM (SHG and 2PEF imaging).
In both the signal magnitude collected by WFI, and in tex-
ture analysis features of MPM images based on the grey-level
co-occurrence matrix, as well as features describing the fre-
quency content of these images, we showed that it is possible
to differentiate between experimental groups (age, genotype
and reproductive status) with high statistical significance
(p<0.01). We then used a combination of features from all
modalities to build a classification algorithm using linear
discriminant analysis, showing that we can classify differ-
ent ages, VCD treatments, and genotypes with accuracies
of 75.53%, 69.53%, and 86.76%, respectively. Using features
from multiple modalities yields the highest performance, in-
dicating that multimodal imaging is a promising approach
for detecting early ovarian tissue changes.
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Appendix I: Widefield Fluorescence Imaging Re-
sults
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TABLE 5. Widefield fluorescence signal intensity (± the associated standard deviation) for different fluorescent

dyes applied to the ovaries and oviducts all eight mouse groups.

4WS 4TS 4WV 4TV 8WS 8TS 8WV 8TV

MMPSense Ovary
3976 ±
1443

6372 ±
4836

4045 ±
4836

8847 ±
4617

7303 ±
2751

11041 ±
2353

5469 ±
1525

6122 ±
3167

MMPSense Oviduct
4391 ±
1720

8206 ±
5521

3849 ±
1423

8084 ±
4728

8773 ±
2351

12879 ±
1530

7029 ±
2436

7680 ±
2378

FolateRSense Ovary
4872 ±
122

4427±
2421

2726 ±
1331

4473 ±
2425

4127 ±
1783

7243 ±
2701

3835 ±
1551

4471 ±
692

FolateRSense Oviduct
7374 ±
2476

7051 ±
3713

3318 ±
656

4908 ±
2784

6445 ±
3192

9890 ±
2988

6069 ±
3111

6457 ±
1764

Integrisense Ovary
4134 ±
1604

4825 ±
2294

7297 ±
2621

9194 ±
4339

9315 ±
2890

4921 ±
2360

3302 ±
1715

10612 ±
3648

Integrisense Oviduct
5250 ±
1782

6424 ±
2650

8390 ±
2739

10101 ±
4775

9821 ±
1872

6162 ±
2273

3446 ±
1555

13896 ±
1688
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TABLE 6. Names of texture features computed from

the GLCM. Additional information can be found in the

literature.

Feature Number Feature Name

F1 Angular Second Moment (Energy)

F2 Contrast

F3 Correlation

F4 Sum of Squares: Variance

F5 Inverse Difference Moment

F6 Sum Average

F7 Sum Variance

F8 Sum Entropy

F9 Entropy

F10 Difference Variance

F11 Difference Entropy

F12 Information Metric of Correlation 1

F13 Information Metric of Correlation 2

Appendix II: Multiphoton Imaging Texture Analy-
sis Results
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TABLE 7. Individual multiphoton texture feature values and associated standard deviation for four-week mice.

Modality & Feature 4WS 4TS 4WV 4TV

SHG Ovary F1 4.11E-2 ± 5.86E-2 8.94E-2 ± 1.18E-1 7.25E-2 ± 5.70E-2 4.64E-2 ± 5.24E-2

SHG Ovary F2 1.42E+2 ± 1.02E+2 9.94E+1 ± 8.23E+1 7.54E+1 ± 7.36E+1 6.92E+1 ± 5.71E+1

SHG Ovary F3 8.27E-1 ± 6.35E-2 7.94E-1 ± 7.82E-2 8.00E-1 ± 6.78E-2 8.26E-1 ± 5.39E-2

SHG Ovary F4 5.73E+2 ± 4.05E+2 3.68E+2 ± 3.33E+2 2.92E+2 ± 3.58E+2 2.41E+2 ± 2.10E+2

SHG Ovary F5 3.26E-1 ± 1.40E-1 3.94E-1 ± 1.71E-1 4.08E-1 ± 1.29E-1 3.66E-1 ± 1.21E-1

SHG Ovary F6 6.28E+1 ± 2.07E+1 5.01E+1 ± 1.79E+1 5.44E+1 ± 1.44E+1 5.60E+1 ± 1.47E+1

SHG Ovary F7 2.15E+3 ± 1.53E+3 1.37E+3 ± 1.26E+3 1.09E+3 ± 1.36E+3 8.95E+2 ± 7.83E+2

SHG Ovary F8 5.99 ± 1.17 5.26 ± 1.39 5.23 ± 1.08 5.54 ± 1.06

SHG Ovary F9 9.08 ± 2.07 7.90 ± 2.40 7.77 ± 1.85 8.27 ± 1.77

SHG Ovary F10 1.11E-3 ± 1.35E-3 1.15E-3 ± 1.16E-3 9.96E-4 ± 6.44E-4 9.56E-4 ± 1.19E-3

SHG Ovary F11 3.78 ± 8.75E-1 3.42 ± 9.08E-1 3.39 ± 6.99E-1 3.49 ± 6.67E-1

SHG Ovary F12 -2.06E-1 ± 3.67E-2 -1.89E-1 ± 5.25E-2 -2.08E-1 ± 4.59E-2 -2.09E-1 ± 4.16E-2

SHG Ovary F13 9.04E-1 ± 7.16E-2 8.42E-1 ± 1.14E-1 8.81E-1 ± 6.93E-2 8.98E-1 ± 7.38E-2

2PEF Ovary F1 2.89E-2 ± 1.84E-2 2.96E-2 ± 2.26E-2 2.32E-1 ± 2.56E-1 8.48E-2 ± 9.28E-2

2PEF Ovary F2 3.06E+1 ± 4.12E+1 3.09E+1 ± 3.69E+1 5.36 ± 4.35 8.84 ± 6.59

2PEF Ovary F3 7.47E-1 ± 1.24E-1 7.09E-1 ± 1.16E-1 6.12E-1 ± 1.40E-1 7.14E-1 ± 1.11E-1

2PEF Ovary F4 9.14E+1 ± 8.71E+1 1.27E+2 ± 1.74E+2 1.25E+1 ± 1.33E+1 3.81E+1 ± 3.78E+1

2PEF Ovary F5 4.06E-1 ± 1.42E-1 3.97E-1 ± 1.25E-1 6.18E-1 ± 2.07E-1 5.16E-1 ± 1.34E-1

2PEF Ovary F6 4.28E+1 ± 8.12 4.25E+1 ± 7.68 3.60E+1 ± 4.25 3.80E+1 ± 4.02

2PEF Ovary F7 3.35E+2 ± 3.17E+2 4.77E+2 ± 6.74E+2 4.46E+1 ± 4.90E+1 1.44E+2 ± 1.46E+2

2PEF Ovary F8 4.47 ± 9.53E-1 4.51 ± 8.86E-1 2.98 ± 1.41 3.73 ± 9.93E-1

2PEF Ovary F9 6.81 ± 1.83 6.87 ± 1.62 4.32 ± 2.26 5.46 ± 1.60

2PEF Ovary F10 1.50E-3 ± 9.45E-4 1.24E-3 ± 7.40E-4 5.55E-3 ± 6.21E-3 2.04E-3 ± 1.36E-3

2PEF Ovary F11 2.81 ± 8.46E-1 2.84 ± 7.31E-1 1.83 ± 7.98E-1 2.23 ± 4.64E-1

2PEF Ovary F12 -1.19E-1 ± 4.87E-2 -1.15E-1 ± 5.48E-2 -1.11E-1 ± 3.54E-2 -1.26E-1 ± 5.43E-2

2PEF Ovary F13 7.17E-1 ± 9.96E-2 6.92E-1 ± 1.26E-1 5.73E-1 ± 1.87E-1 6.68E-1 ± 1.55E-1

SHG Oviduct F1 1.17E-1 ± 5.97E-2 1.15E-1 ± 1.20E-1 2.26E-1 ± 1.21E-1 8.67E-2 ± 4.04E-2

SHG Oviduct F2 1.06E+2 ± 8.79E+1 1.28E+2 ± 1.19E+2 7.06E+1 ± 5.21E+1 9.68E+1 ± 7.76E+1

SHG Oviduct F3 9.10E-1 ± 1.66E-2 8.55E-1 ± 6.95E-2 8.55E-1 ± 8.58E-2 8.80E-1 ± 2.33E-2

SHG Oviduct F4 6.61E+2 ± 5.25E+2 6.46E+2 ± 7.81E+2 4.24E+2 ± 4.07E+2 4.47E+2 ± 3.58E+2

SHG Oviduct F5 4.94E-1 ± 1.05E-1 4.54E-1 ± 1.61E-1 5.78E-1 ± 1.21E-1 4.59E-1 ± 8.42E-2

SHG Oviduct F6 5.25E+1 ± 1.60E+1 5.46E+1 ± 2.32E+1 5.16E+1 ± 9.37 5.85E+1 ± 1.32E+1

SHG Oviduct F7 2.54E+3 ± 2.01E+3 2.45E+3 ± 3.01E+3 1.63E+3 ± 1.58E+3 1.69E+3 ± 1.35E+3

SHG Oviduct F8 5.14 ± 8.65E-1 5.25 ± 1.41 4.35 ± 1.07 5.41 ± 7.07E-1

SHG Oviduct F9 7.35 ± 1.49 7.69 ± 2.33 6.19 ± 1.68 7.82 ± 1.23

SHG Oviduct F10 9.29E-4 ± 3.76E-4 1.16E-3 ± 1.03E-3 2.18E-3 ± 2.91E-3 7.81E-4 ± 2.88E-4

SHG Oviduct F11 3.27 ± 6.44E-1 3.42 ± 9.27E-1 2.91 ± 6.67E-1 3.46 ± 5.69E-1

SHG Oviduct F12 -3.07E-1 ± 3.88E-2 -2.61E-1 ± 5.17E-2 -2.94E-1 ± 3.64E-2 -2.91E-1 ± 3.42E-2

SHG Oviduct F13 9.56E-1 ± 1.50E-2 9.15E-1 ± 7.50E-2 9.04E-1 ± 9.96E-2 9.60E-1 ± 1.35E-2

2PEF Oviduct F1 5.13E-2 ± 2.90E-2 5.01E-2 ± 3.04E-2 3.16E-1 ± 2.98E-1 1.05E-1 ± 1.07E-1

2PEF Oviduct F2 2.32E+1 ± 3.35E+1 1.64E+1 ± 2.71E+1 3.46 ± 2.73 4.98 ± 3.28

2PEF Oviduct F3 7.21E-1 ± 8.41E-2 6.72E-1 ± 1.02E-1 6.93E-1 ± 1.91E-1 6.44E-1 ± 1.65E-1

2PEF Oviduct F4 4.73E+1 ± 5.43E+1 2.75E+1 ± 3.79E+1 9.55 ± 8.82 1.24E+1 ± 1.20E+1

2PEF Oviduct F5 4.74E-1 ± 1.31E-1 4.76E-1 ± 1.06E-1 7.02E-1 ± 1.90E-1 5.74E-1 ± 1.12E-1

2PEF Oviduct F6 3.97E+1 ± 5.98 3.70E+1 ± 4.87 3.41E+1 ± 2.52 3.57E+1 ± 2.33

2PEF Oviduct F7 1.66E+2 ± 1.85E+2 9.36E+1 ± 1.26E+2 3.48E+1 ± 3.35E+1 4.45E+1 ± 4.51E+1

2PEF Oviduct F8 4.20 ± 8.25E-1 4.08 ± 6.84E-1 2.56 ± 1.41 3.52 ± 9.14E-1

2PEF Oviduct F9 6.17 ± 1.55 5.99 ± 1.27 3.55 ± 2.13 4.99 ± 1.39

2PEF Oviduct F10 1.35E-3 ± 7.79E-4 1.35E-3 ± 6.66E-4 4.78E-3 ± 4.53E-3 2.12E-3 ± 1.08E-3

2PEF Oviduct F11 2.62 ± 7.97E-1 2.56 ± 6.37E-1 1.59 ± 7.83E-1 2.08 ± 4.35E-1

2PEF Oviduct F12 -1.55E-1 ± 4.41E-2 -1.37E-1 ± 4.65E-2 -1.55E-1 ± 5.14E-2 -1.58E-1 ± 7.20E-2

2PEF Oviduct F13 7.77E-1 ± 5.59E-2 7.30E-1 ± 9.36E-2 6.04E-1 ± 2.24E-1 7.03E-1 ± 1.96E-1

SHG Ovary α 9.95E-1 ± 7.38E-4 9.95E-1 ± 1.11E-3 9.95E-1 ± 1.04E-3 9.95E-1 ± 2.02E-3

SHG Ovary β 1.89 ± 1.39E-2 1.90 ± 1.86E-2 1.90 ± 2.23E-2 1.89 ± 2.65E-2

SHG Ovary γ -3.22E-4 ± 6.06E-4 4.99E-05 ± 9.63E-4 1.92E-4 ± 1.03E-3 1.39E-4 ± 1.61E-3

2PEF Ovary α 9.91E-1 ± 1.53E-3 9.92E-1 ± 1.35E-3 9.92E-1 ± 1.04E-3 9.91E-1 ± 1.33E-3

2PEF Ovary β 1.93 ± 3.12E-2 1.92 ± 3.25E-2 1.94 ± 2.93E-2 1.91 ± 3.03E-2

2PEF Ovary γ 3.36E-3 ± 6.74E-4 2.91E-3 ± 9.29E-4 3.12E-3 ± 1.10E-3 2.80E-3 ± 1.15E-3

SHG Oviduct α 9.96E-1 ± 8.00E-4 9.96E-1 ± 1.49E-3 9.95E-1 ± 1.26E-3 9.96E-1 ± 1.58E-3

SHG Oviduct β 1.88 ± 1.52E-2 1.88 ± 1.94E-2 1.89 ± 1.80E-2 1.87 ± 2.22E-2

SHG Oviduct γ -6.55E-4 ± 6.02E-4 -7.33E-4 ± 9.88E-4 -2.06E-4 ± 8.46E-4 -8.68E-4 ± 1.23E-3

2PEF Oviduct α 9.92E-1 ± 1.69E-3 9.92E-1 ± 1.45E-3 9.92E-1 ± 1.37E-3 9.92E-1 ± 1.66E-3

2PEF Oviduct β 1.93 ± 2.44E-2 1.95 ± 1.83E-2 1.91 ± 6.70E-2 1.93 ± 2.08E-2

2PEF Oviduct γ 2.84E-3 ± 9.77E-4 2.93E-3 ± 8.22E-4 2.37E-3 ± 1.82E-3 2.59E-3 ± 1.06E-3
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TABLE 8. Individual multiphoton texture feature values and associated standard deviation for eight-week mice.

Modality & Feature 8WS 8TS 8WV 8TV

SHG Ovary F1 1.31E-1 ± 1.44E-1 1.06E-1 ± 1.31E-1 9.18E-2 ± 4.76E-2 5.69E-2 ± 5.41E-2

SHG Ovary F2 3.90E+1 ± 4.58E+1 3.02E+1 ± 2.89E+1 4.48E+1 ± 4.09E+1 1.10E+2 ± 1.11E+2

SHG Ovary F3 8.07E-1 ± 1.26E-1 8.29E-1 ± 7.73E-2 8.43E-1 ± 1.20E-1 8.65E-1 ± 5.47E-2

SHG Ovary F4 2.69E+2 ± 4.21E+2 2.37E+2 ± 3.70E+2 2.37E+2 ± 2.30E+2 5.31E+2 ± 5.94E+2

SHG Ovary F5 5.25E-1 ± 1.77E-1 5.14E-1 ± 1.56E-1 5.07E-1 ± 1.04E-1 3.78E-1 ± 1.39E-1

SHG Ovary F6 4.10E+1 ± 1.48E+1 4.34E+1 ± 1.39E+1 4.35E+1 ± 9.12 5.82E+1 ± 2.54E+1

SHG Ovary F7 1.04E+3 ± 1.64E+3 9.19E+2 ± 1.46E+3 9.05E+2 ± 8.84E+2 2.02E+3 ± 2.27E+3

SHG Ovary F8 4.51 ± 1.40 4.63 ± 1.30 4.79 ± 8.50E-1 5.64 ± 1.33

SHG Ovary F9 6.41 ± 2.28 6.54 ± 2.06 6.78 ± 1.39 8.38 ± 2.26

SHG Ovary F10 4.43E-3 ± 5.87E-3 3.59E-3 ± 4.35E-3 2.04E-3 ± 1.68E-3 7.35E-4 ± 4.45E-4

SHG Ovary F11 2.63 ± 9.40E-1 2.63 ± 7.99E-1 2.81 ± 6.16E-1 3.54 ± 8.61E-1

SHG Ovary F12 -2.53E-1 ± 4.39E-2 -2.57E-1 ± 4.69E-2 -2.73E-1 ± 9.25E-2 -2.22E-1 ± 3.83E-2

SHG Ovary F13 8.55E-1 ± 1.25E-1 8.71E-1 ± 1.05E-1 8.92E-1 ± 1.07E-1 9.01E-1 ± 9.16E-2

2PEF Ovary F1 1.20E-1 ± 1.12E-1 1.82E-1 ± 1.78E-1 9.79E-2 ± 1.07E-1 1.44E-2 ± 9.87E-3

2PEF Ovary F2 9.53 ± 1.19E+1 1.01E+1 ± 1.34E+1 1.57E+1 ± 1.76E+1 2.84E+1 ± 1.26E+1

2PEF Ovary F3 7.32E-1 ± 1.16E-1 7.89E-1 ± 1.29E-1 7.53E-1 ± 1.10E-1 7.90E-1 ± 5.44E-2

2PEF Ovary F4 7.23E+1 ± 1.13E+2 9.79E+1 ± 1.51E+2 8.52E+1 ± 1.70E+2 1.58E+2 ± 1.50E+2

2PEF Ovary F5 5.88E-1 ± 1.20E-1 6.42E-1 ± 1.78E-1 5.26E-1 ± 2.13E-1 3.30E-1 ± 8.48E-2

2PEF Ovary F6 3.50E+1 ± 8.26 3.47E+1 ± 8.55 3.92E+1 ± 7.67 4.62E+1 ± 6.29

2PEF Ovary F7 2.80E+2 ± 4.39E+2 3.82E+2 ± 5.91E+2 3.25E+2 ± 6.64E+2 6.03E+2 ± 5.89E+2

2PEF Ovary F8 3.54 ± 8.41E-1 3.33 ± 1.24 3.97 ± 1.19 5.01 ± 5.51E-1

2PEF Ovary F9 4.97 ± 1.32 4.57 ± 1.99 5.72 ± 2.17 7.72 ± 9.93E-1

2PEF Ovary F10 3.16E-3 ± 2.20E-3 3.07E-3 ± 2.25E-3 3.49E-3 ± 4.59E-3 7.20E-4 ± 3.51E-4

2PEF Ovary F11 2.01 ± 5.32E-1 1.84 ± 7.87E-1 2.32 ± 9.60E-1 3.13 ± 4.19E-1

2PEF Ovary F12 -1.75E-1 ± 7.74E-2 -2.11E-1 ± 9.03E-2 -1.83E-1 ± 7.46E-2 -1.32E-1 ± 5.40E-2

2PEF Ovary F13 7.06E-1 ± 1.42E-1 7.33E-1 ± 1.57E-1 7.67E-1 ± 8.65E-2 7.72E-1 ± 1.01E-1

SHG Oviduct F1 1.70E-1 ± 1.14E-1 1.10E-1 ± 9.74E-2 1.13E-1 ± 5.65E-2 6.46E-2 ± 2.64E-2

SHG Oviduct F2 2.27E+1 ± 2.71E+1 3.67E+1 ± 3.09E+1 5.29E+1 ± 5.44E+1 1.46E+2 ± 7.99E+1

SHG Oviduct F3 8.81E-1 ± 3.75E-2 8.87E-1 ± 4.01E-2 9.19E-1 ± 2.06E-2 9.09E-1 ± 1.71E-2

SHG Oviduct F4 1.45E+2 ± 1.92E+2 2.26E+2 ± 2.26E+2 4.15E+2 ± 5.44E+2 9.44E+2 ± 6.35E+2

SHG Oviduct F5 6.19E-1 ± 1.40E-1 5.41E-1 ± 1.37E-1 5.51E-1 ± 8.98E-2 4.09E-1 ± 7.96E-2

SHG Oviduct F6 3.40E+1 ± 8.14 4.28E+1 ± 1.19E+1 4.32E+1 ± 1.24E+1 6.72E+1 ± 1.92E+1

SHG Oviduct F7 5.59E+2 ± 7.44E+2 8.68E+2 ± 8.78E+2 1.61E+3 ± 2.12E+3 3.63E+3 ± 2.47E+3

SHG Oviduct F8 3.93 ± 1.03 4.73 ± 1.12 4.67 ± 6.55E-1 5.87 ± 7.43E-1

SHG Oviduct F9 5.37 ± 1.68 6.57 ± 1.81 6.45 ± 1.10 8.56 ± 1.28

SHG Oviduct F10 3.36E-3 ± 2.67E-3 1.79E-3 ± 1.84E-3 1.42E-3 ± 9.40E-4 6.74E-4 ± 2.88E-4

SHG Oviduct F11 2.30 ± 7.39E-1 2.72 ± 7.66E-1 2.75 ± 5.30E-1 3.72 ± 5.73E-1

SHG Oviduct F12 -3.19E-1 ± 6.14E-2 -3.21E-1 ± 5.08E-2 -3.34E-1 ± 5.26E-2 -2.89E-1 ± 3.37E-2

SHG Oviduct F13 9.13E-1 ± 3.85E-2 9.38E-1 ± 4.85E-2 9.51E-1 ± 2.18E-2 9.63E-1 ± 1.41E-2

2PEF Oviduct F1 1.48E-1 ± 1.03E-1 2.07E-1 ± 1.71E-1 1.29E-1 ± 1.03E-1 2.76E-2 ± 1.56E-2

2PEF Oviduct F2 5.81 ± 4.42 4.62 ± 5.45 9.23 ± 8.28 1.70E+1 ± 8.38

2PEF Oviduct F3 7.85E-1 ± 1.30E-1 7.16E-1 ± 1.54E-1 7.66E-1 ± 9.42E-2 7.46E-1 ± 6.52E-2

2PEF Oviduct F4 4.94E+1 ± 6.93E+1 2.71E+1 ± 5.74E+1 2.62E+1 ± 2.11E+1 4.73E+1 ± 3.26E+1

2PEF Oviduct F5 6.45E-1 ± 9.50E-2 6.90E-1 ± 1.55E-1 5.96E-1 ± 1.74E-1 4.05E-1 ± 8.19E-2

2PEF Oviduct F6 3.35E+1 ± 9.19 3.23E+1 ± 8.13 3.55E+1 ± 4.04 4.07E+1 ± 3.15

2PEF Oviduct F7 1.92E+2 ± 2.74E+2 1.04E+2 ± 2.27E+2 9.56E+1 ± 7.66E+1 1.72E+2 ± 1.23E+2

2PEF Oviduct F8 3.31 ± 8.74E-1 3.04 ± 1.13 3.54 ± 9.99E-1 4.66 ± 4.27E-1

2PEF Oviduct F9 4.48 ± 1.23 4.06 ± 1.74 4.94 ± 1.76 6.96 ± 8.16E-1

2PEF Oviduct F10 2.79E-3 ± 2.01E-3 4.60E-3 ± 5.35E-3 2.41E-3 ± 2.57E-3 7.57E-4 ± 2.58E-4

2PEF Oviduct F11 1.88 ± 4.53E-1 1.65 ± 7.08E-1 2.10 ± 8.14E-1 2.90 ± 3.91E-1

2PEF Oviduct F12 -2.05E-1 ± 1.06E-1 -2.21E-1 ± 1.04E-1 -1.99E-1 ± 6.58E-2 -1.56E-1 ± 4.63E-2

2PEF Oviduct F13 7.41E-1 ± 1.47E-1 7.27E-1 ± 1.57E-1 7.77E-1 ± 8.86E-2 8.13E-1 ± 5.79E-2

SHG Ovary α 9.94E-1 ± 1.23E-3 9.94E-1 ± 1.47E-3 9.94E-1 ± 2.31E-3 9.94E-1 ± 1.19E-3

SHG Ovary β 1.90 ± 1.70E-2 1.89 ± 2.52E-2 1.89 ± 3.02E-2 1.89 ± 2.61E-2

SHG Ovary γ 1.09E-3 ± 7.62E-4 1.00E-3 ± 1.31E-3 5.51E-4 ± 1.61E-3 3.93E-4 ± 1.25E-3

2PEF Ovary α 9.91E-1 ± 1.57E-3 9.90E-1 ± 1.96E-3 9.91E-1 ± 1.14E-3 9.91E-1 ± 4.83E-4

2PEF Ovary β 1.92 ± 2.56E-2 1.90 ± 4.12E-2 1.94 ± 3.21E-2 1.93 ± 1.70E-2

2PEF Ovary γ 3.14E-3 ± 1.23E-3 3.27E-3 ± 1.51E-3 3.98E-3 ± 9.28E-4 3.58E-3 ± 4.12E-4

SHG Oviduct α 9.93E-1 ± 9.75E-4 9.94E-1 ± 2.51E-3 9.94E-1 ± 2.11E-3 9.95E-1 ± 1.69E-3

SHG Oviduct β 1.89 ± 1.73E-2 1.87 ± 2.22E-2 1.87 ± 2.90E-2 1.87 ± 1.90E-2

SHG Oviduct γ 1.35E-3 ± 8.41E-4 1.86E-4 ± 1.83E-3 1.95E-4 ± 1.47E-3 -4.55E-4 ± 1.14E-3

2PEF Oviduct α 9.90E-1 ± 2.25E-3 9.91E-1 ± 2.22E-3 9.91E-1 ± 1.37E-3 9.91E-1 ± 1.16E-3

2PEF Oviduct β 1.91 ± 4.32E-2 1.92 ± 4.20E-2 1.92 ± 5.44E-2 1.94 ± 1.41E-2

2PEF Oviduct γ 3.95E-3 ± 1.87E-3 3.52E-3 ± 1.47E-3 3.30E-3 ± 1.16E-3 3.53E-3 ± 5.17E-4
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WFI AND MPM IMAGING OF OVARIAN CANCER 19

TABLE 9. Optimal features selected for classification in order of frequency used. Four classifications were tested

for each variable (12 comparison), where four features are used in each case. This produces forty-eight total

features selected when using the feature set composed of all available features.

Number of classifications using each feature

Modality Feature Age Genotype Treatment

2PEF Oviduct Difference Variance 3 3 3

2PEF Ovary ASM / Energy 2 3 2

2PEF Oviduct ASM / Energy 3 2 1

2PEF Ovary Difference Variance 1 1 2

2PEF Oviduct Sum Average 1 1 1

2PEF Oviduct IDM 1 1 1

SHG Oviduct Difference Variance 1 1 1

2PEF Ovary Correlation 1 1 1

2PEF Ovary Sum Average 1 0 1

SHG Oviduct Alpha 1 0 1

WFI Ovary Intensity 1 1 0

2PEF Ovary IDM 1 0 1

SHG Oviduct ASM 0 1 0

2PEF Ovary α 0 1 0
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Figure D.1 Example fluorescence images for folate and MMP dyes.

D.2 Data Storage

The raw and processed data used in this study is contained in the same location and

described in Appendix C.2. As before, for the processed data, there is an individual

directory for each modality and organ, which contains spreadsheets of calculated

feature values.

D.3 Programming Scripts

This section contains the programming algorithms used to complete this study. This

includes analysis and classification algorithms, as well as statistical analysis.
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D.3.1 Analysis and Classification Algorithms

The same analysis and classification algorithms described in Appendix B.4.1 and

B.4.2 were used for analysis and classification in this study.

D.3.2 Statistical Analysis

Standard statistics were used in this study as described in Appendix B.4.3. An

additional correction for multiple comparisons was integrated as described in the

manuscript included in Appendix D.1.
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E: Multimodal Endoscope for

Esophageal Cancer Screening

This Appendix includes all supporting work for the multimodal gastroscope project.

This includes a preliminary design of the distal endoscope, as well as the spectrometer

on the proximal end. Additionally, a detailed technical report is included that presents

the use of liquid crystal polarization gratings for spectroscopy, as well as a novel prism

system to increase throughput of such instruments.

E.1 Preliminary Design for OCT-Fluorescence En-

doscope

This section presents the preliminary design for the OCT-fluorescence multimodal

endoscope. First, the system requirements and specifications are presented, before a

detailed design of the endoscope objective and a custom spectrometer for the proximal

end.

E.1.1 System Requirements and Specifications

The endoscope is designed to couple to an existing gastroscope with a 3.2 mm diam-

eter working channel. This device follows the "optical biopsy" model - the physician

may identify a suspicious area by inspection with white light endoscope and wish to

investigate this region further. Necessarily, the device is forward-facing and is re-

quired to obtain OCT and autofluorescent (AFI) images. A summary of mechanical

and optical specifications are listed below.
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Specification Value Rational

Mechanical

Rigid tip length 50 mm Flexibility requirement

Max. Outer Diameter 3.2 mm Olympus 190 Working Channel

Optical

Lateral resolution 16 µm Detect irregular features

Axial resolution 15 µm Detect irregular features

Field of View 3 mm circular Optical biopsy

OCT Imaging depth 1.0 mm Detect buried glands

Imaging speed 30 frames per second Video rate imaging

OCT Wavelength 890 nm ± 70 nm Available in lab

AFI Detection Band 350 nm – 700 nm Endogenous fluorophores [198]

AFI Illumination Band 300 nm – 600 nm Endogenous fluorophores [198]

AFI Spectral Resolution 10 nm Separate overlapping signals

Table E.1 Mechanical and optical specifications for the esophageal endo-
scope.

E.1.2 Distal Design

The distal design includes a central tube housing the imaging lenses, surrounded by

a larger tube that acts as the sheath (Figure E.1). Between the two tubes are a

set of collection fibers used for collecting autofluorescent light (Figure E.2a). Light

delivery is accomplished with a single-mode fiber (SMF), scanned using a quartered

piezo-electric tube. Return OCT light is also collected by the central SMF.

Imaging is completed using an achromatic doublet coupled with a plano-convex

lens, both off-the-shelf items (Figure E.2b). Using the achromatic doublet alone

produces a significant amount of astigmatism; the initial plano-convex lens balances

this astigmatism to produce high performance (less than 13.1 µm RMS spot size)

over the field of view. The system stop is located at the front surface of the doublet,

and the system is designed for an NA of 0.05 to yield the appropriate resolution.
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Figure E.1 Rendering of the final endoscope design.

To achieve this NA, a length of GRIN fiber will be bonded to the end of the SMF,

reducing the NA.

Figure E.2 Cross-sectional diagram of the front of the endoscope not in-
cluding the cover glass (a), and the lens design using two off-the-shelf lenses
(b).

A 125-µm thick cover glass is fixed on the front of the endoscope and is pressed

against the tissue to prevent motion. The system is designed such that the nominal

focus lies approximately 0.1 mm into the depth of the tissue. The spot diagram of

the imaging system is shown in Figure E.3, with the MTF plot shown in Figure E.4.
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Figure E.3 Spot diagram for endoscope objective using off-the-shelf lenses.

Figure E.4 MTF plot for endoscope objective using off-the-shelf lenses.
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Optical Design Prescription

The Zemax Opticstudio file can be found on the Barton research drive at the location

\\engr-storage.catnet.arizona.edu\Research\Barton\People\

Travis Sawyer\esophageal_endoscope\optical-design\

spectrometer\20200211_ZMX_Spectrometer_Final.zmx.

All associated mechanical models, drawings and renderings can be found on the

Barton research drive in the directory

\\engr-storage.catnet.arizona.edu\Research\Barton\People\

Travis Sawyer\esophageal_endoscope\SOLIDWORKS.

Surf Type Radius Thickness Glass Clear Diam Mech Diam

OBJ STANDARD Infinity 0.55 0.8 0.8

STO STANDARD 3.4 0.5 N-LASF9 2 2

2 STANDARD Infinity 4.259814 2 2

3 STANDARD 2.26 1 N-PSK53A 2 2

4 STANDARD -2.26 1 N-LASF9 2 2

5 STANDARD -10 14.2 2 2

6 EVENASPH Infinity 0.15 N-BK7 2.9 2.9

7 STANDARD Infinity 0.1022064 2.720695 2.9

IMA STANDARD Infinity 2.741088 2.741088

Table E.2 Lens design prescription for multimodal endoscope objective.

Shown next is the lens and system data from the Zemax file.
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1 GENERAL LENS DATA:

2

3 Surfaces : 8

4 Stop : 1

5 System Aperture : Object Space NA = 0.06

6 Fast Semi−Diameters : On

7 Telecentric Object Space: On

8 Field Unpolarized : On

9 Convert thin film phase to ray equivalent : On

10 J/E Conversion Method : X Axis Reference

11 Glass Catalogs : SCHOTT

12 Ray Aiming : Off

13 Apodization : Uniform, factor = 0.00000E+00

14 Reference OPD : Exit Pupil

15 Paraxial Rays Setting : Ignore Coordinate Breaks

16 Method to Compute F/# : Tracing Rays

17 Method to Compute Huygens Integral : Auto

18 Print Coordinate Breaks : On

19 Multi−Threading : On

20 OPD Modulo 2 Pi : Off

21 Temperature (C) : 2.00000E+01

22 Pressure (ATM) : 1.00000E+00

23 Adjust Index Data To Environment : Off

24 Effective Focal Length : 4.794267 (in air at system ...

temperature and pressure)

25 Effective Focal Length : 4.794267 (in image space)

26 Back Focal Length : −16.00451

27 Total Track : 21.21202

28 Image Space F/# : 3.988024e−09

29 Paraxial Working F/# : 30.04365

30 Working F/# : 28.74714

31 Image Space NA : 0.01664015
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32 Object Space NA : 0.06

33 Stop Radius : 0.03305956

34 Paraxial Image Height : 1.444698

35 Paraxial Magnification : −3.611745

36 Entrance Pupil Diameter : 1.202166e+09

37 Entrance Pupil Position : 1e+10

38 Exit Pupil Diameter : 0.5763509

39 Exit Pupil Position : −16.10673

40 Field Type : Object height in Millimeters

41 Maximum Radial Field : 0.4

42 Primary Wavelength [microns] : 0.89

43 Angular Magnification : 2.085825e+09

44 Lens Units : Millimeters

45 Source Units : Watts

46 Analysis Units : Watts/cm^2

47 Afocal Mode Units : milliradians

48 MTF Units : cycles/millimeter

49 Include Calculated Data in Session File : On

50 Include Calculated Data in Session File : On

51

52 Fields : 3

53 Field Type : Object height in Millimeters

54 # X−Value Y−Value Weight

55 1 0.000000 0.000000 1.000000

56 2 0.000000 0.200000 1.000000

57 3 0.000000 0.400000 1.000000

58

59 Vignetting Factors

60 # VDX VDY VCX VCY VAN

61 1 0.000000 0.000000 0.000000 0.000000 0.000000

62 2 0.000000 0.000000 0.000000 0.000000 0.000000

63 3 0.000000 0.000000 0.700000 0.700000 0.000000
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64

65 Wavelengths : 4

66 Units: microns

67 # Value Weight

68 1 0.890000 1.000000

69 2 0.400000 1.000000

70 3 0.550000 1.000000

71 4 0.650000 1.000000

72

73 Predicted coordinate ABCD matrix:

74 A = −3.36

75 B = 0

76 C = 0

77 D = −3.36

E.1.3 Proximal Design

OCT imaging will be completed with a custom spectral domain OCT system centered

at a wavelength of 890 nm, with a bandwidth of 100 nm. This theoretically yields

axial and lateral resolutions of up to 5 µm and 11.33 µm, respectively, along with

a DOF of 1.0 mm. The lens design produces a spot size of 13.1 µm at full-field,

satisfying the resolution requirement. The system will be coupled to the endoscope

with the SMF used to deliver the light.

The fluorescence signal from the collection fibers will be coupled into a custom

spectrometer employing a liquid-crystal polarization grating (LCPG). LCPG’s are

optical elements that diffract light into the ± 1 diffraction order depending on whether

the incident polarization is right-hand circular or left-hand circular. Unpolarized

light will therefore be diffracted equally into both orders. The diffraction angle (θ) is

determined using the diffraction equation, shown below, where m is the order, λ is

the wavelength, and d is the grating pitch.
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Figure E.5 Spectrometer geometry used to determine design parameters.
wslit and wd are slit width and detector width, respectively. α and β are
angles of incidence and diffraction, and fc and ff are focal lengths of the
focus and collimation lenses.

mλ = d sin(θ) (E.1)

These gratings boast over 90% broadband efficiency, with the remaining being

transmitted into the 0 order, assuming high-efficiency AR coatings are applied. High

efficiency over a broad spectral band is essential to collect autofluorescence light,

where the signal is very low. The grating possesses a pitch of 8.5 µm, yielding a

diffraction angle (β) of ±2.36 degrees to ±4.39 degrees between 350 nm and 700 nm.

Figure E.5 shows the spectrometer geometry used to compute the design pa-

rameters [199]. For simplicity the grating is used at normal incidance (α=0). The

spectrometer sensor is a PIXUS camera, with a sensor size of 13.3 mm × 13.3 mm.

The focal length of the focusing lens is selected as 300 mm such that one order of

the spectrum will fill the sensor width by simply using the formula h = f tan(θ).

An identical achromatic collimation lens is used for both collimation and focusing to

produce a symmetric design (Figure E.6a) with a magnification of one (fc = ff ). The

required slit width (wslit) is then calculated using
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wslit =
∆λLc

d cos(α)
(E.2)

where ∆λ is the required spectral resolution of 10 nm. To yield a spectral res-

olution of 10 nm, the slit width was calculated to be 360 µm. To achieve this, the

collection fibers are reshaped into a rectangular orientation, as shown in Figure E.6b.

Each collection fiber is a 200-µm diameter, 0.66-NA fiber with a Schott F2 core and

Schott 8250 cladding. A physical aperture will be used to limit the slit size to the

prescribed width.

Figure E.6 Zemax layout of the spectrometer (a), which uses identical
lenses for collimating and focusing, and the slit geometry (b) accomplished
by reshaping the collection fiber bundle.

The performance of the spectrometer was evaluated, and the full-field spot dia-

grams are shown in Figures E.7 - E.10. These results suggest the system will achieve

the expected spectral resolution. Furthermore, the footprint diagram illustrating how

the spectrum falls on the sensor area is shown in Figure E.11, verifying the design

parameters were selected to maximize the sensor characteristics.
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Figure E.7 Spot diagrams over the field of view (slit area) for the spec-
tometer at a wavelength of 400 nm.

Figure E.8 Spot diagrams over the field of view (slit area) for the spec-
tometer at a wavelength of 500 nm.
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Figure E.9 Spot diagrams over the field of view (slit area) for the spec-
tometer at a wavelength of 600 nm.

Figure E.10 Spot diagrams over the field of view (slit area) for the spec-
tometer at a wavelength of 700 nm.
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Figure E.11 Footprint diagram of dispersed specturm over the sensor area.
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Optical Design Prescription

The Zemax Opticstudio file named can be found on the Barton research drive at the

location \\engr-storage.catnet.arizona.edu\Research\Barton\People\

Travis Sawyer\esophageal_endoscope\optical-design\

spectrometer\20200211_ZMX_Spectrometer_Final.zmx.

Surf Type Radius Thickness Glass Clear Diam Mech Diam

OBJ STANDARD Infinity 298.2569 10.008 10.008

1 STANDARD 557.4 2 N-SF2 25 25

2 STANDARD 137.1 4 N-BK7 25 25

STO STANDARD -165.2 40 25 25

4 COORDBRK - 0 - -

5 STANDARD Infinity 0 MIRROR 28.26721 28.26721

6 COORDBRK - -40 - -

7 DGRATING Infinity -1 N-BK7 25 25

8 STANDARD Infinity -40 22.62472 22.62472

9 COORDBRK - 0 - -

10 STANDARD Infinity 0 MIRROR 36.83375 36.83375

11 COORDBRK - 40 - -

12 STANDARD 165.2 4 N-BK7 25 25

13 STANDARD -137.1 2 N-SF2 25 25

14 STANDARD -557.4 293.8441 25 25

IMA STANDARD Infinity 16.28718 16.28718

Table E.3 Lens design prescription for multimodal endoscope spectrometer.

Shown next is the lens and system data from the Zemax file.
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1 GENERAL LENS DATA:

2

3 Surfaces : 15

4 Stop : 3

5 System Aperture : Entrance Pupil Diameter = 20

6 Fast Semi−Diameters : On

7 Field Unpolarized : On

8 Convert thin film phase to ray equivalent : On

9 J/E Conversion Method : X Axis Reference

10 Glass Catalogs : SCHOTT

11 Ray Aiming : Off

12 Apodization : Uniform, factor = 0.00000E+00

13 Reference OPD : Exit Pupil

14 Paraxial Rays Setting : Ignore Coordinate Breaks

15 Method to Compute F/# : Tracing Rays

16 Method to Compute Huygens Integral : Auto

17 Print Coordinate Breaks : On

18 Multi−Threading : On

19 OPD Modulo 2 Pi : Off

20 Temperature (C) : 2.00000E+01

21 Pressure (ATM) : 1.00000E+00

22 Adjust Index Data To Environment : Off

23 Effective Focal Length : 205.4597 (in air at system ...

temperature and pressure)

24 Effective Focal Length : 205.4597 (in image space)

25 Back Focal Length : 91.43955

26 Total Track : 339.8441

27 Image Space F/# : 10.27298

28 Paraxial Working F/# : 15.00595

29 Working F/# : 14.98511

30 Image Space NA : 0.03330163

31 Object Space NA : 0.03308326
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32 Stop Radius : 9.980987

33 Paraxial Image Height : 4.97115

34 Paraxial Magnification : −0.9934355

35 Entrance Pupil Diameter : 20

36 Entrance Pupil Position : 3.845297

37 Exit Pupil Diameter : 43.30185

38 Exit Pupil Position : −645.8878

39 Field Type : Object height in Millimeters

40 Maximum Radial Field : 5.003998

41 Primary Wavelength [microns] : 0.5

42 Angular Magnification : 0.4637643

43 Lens Units : Millimeters

44 Source Units : Watts

45 Analysis Units : Watts/cm^2

46 Afocal Mode Units : milliradians

47 MTF Units : cycles/millimeter

48 Include Calculated Data in Session File : On

49 Include Calculated Data in Session File : On

50

51 Fields : 10

52 Field Type : Object height in Millimeters

53 # X−Value Y−Value Weight

54 1 0.000000 0.000000 1.000000

55 2 0.000000 0.200000 1.000000

56 3 2.000000 0.000000 1.000000

57 4 −2.000000 0.000000 1.000000

58 5 2.000000 0.200000 1.000000

59 6 −2.000000 0.200000 1.000000

60 7 5.000000 0.000000 1.000000

61 8 −5.000000 0.000000 1.000000

62 9 5.000000 0.200000 1.000000

63 10 −5.000000 0.200000 1.000000
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64

65 Vignetting Factors

66 # VDX VDY VCX VCY VAN

67 1 0.000000 0.000000 0.000000 0.000000 0.000000

68 2 0.000000 0.000000 0.000000 0.000000 0.000000

69 3 0.000000 0.000000 0.000000 0.000000 0.000000

70 4 0.000000 0.000000 0.000000 0.000000 0.000000

71 5 0.000000 0.000000 0.000000 0.000000 0.000000

72 6 0.000000 0.000000 0.000000 0.000000 0.000000

73 7 0.000000 0.000000 0.000000 0.000000 0.000000

74 8 0.000000 0.000000 0.000000 0.000000 0.000000

75 9 0.000000 0.000000 0.000000 0.000000 0.000000

76 10 0.000000 0.000000 0.000000 0.000000 0.000000

77

78 Wavelengths : 4

79 Units: microns

80 # Value Weight

81 1 0.500000 1.000000

82 2 0.700000 1.000000

83 3 0.400000 1.000000

84 4 0.600000 1.000000

85

86 Predicted coordinate ABCD matrix:

87 A = −0.991

88 B = 0

89 C = 0

90 D = −0.9927
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E.2 Liquid Crystal Polarization Grating Spectroscopy

This section includes additional details about the construction and testing of the

spectrometer designed for the multimodal endoscope. Preliminary work was presented

at the ASLMS Annual Conference and a conference proceeding was submitted to

Photonics West 2021. The conference proceeding is included in this section.

E.2.1 Conference Proceeding

The following report is written following SPIE guidelines for submission as a technical

paper or conference proceeding.
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Enabling high-throughput spectroscopy with liquid crystal
polarization gratings

Travis W. Sawyera and Jennifer K. Bartona,b

aUniversity of Arizona, College of Optical Sciences, 1630 E. University Blvd, Tucson, AZ
bUniversity of Arizona, Biomedical Engineering, 1127 James E. Rogers Way, Tucson, AZ

ABSTRACT

Autofluorescence (AF) spectroscopy and imaging are used widely in the field of biomedicine for disease diagnosis
and screening. Concentrations of many intrinsic fluorophores share a strict relationship with morphological and
functional characteristics of tissue, making AF spectroscopy a powerful tool to directly monitor tissue health.

One major challenge with AF imaging is maintaining high signal-to-noise ratios, as emission levels are low
due to poor fluorophore quantum efficiencies and low illumination power levels. As a result, maximizing the
throughput of the measurement system is critical to mitigate losses. Diffraction gratings are commonly used for
spectroscopy for dispersion, but rarely exhibit efficiencies above 80%, limiting the system performance.

Liquid crystal polarization gratings (LCPGs) are a relatively new technology that possess extremely high
efficiency, typically over 90% for the design wavelength, and in some cases up to 99%, making it an attractive
option for AF spectroscopy. However, with unpolarized autofluorescent light, the grating would split the light
equally into two orders, only one of which could be collected with a standard detector array.

Here, we present the first design and demonstration of a visible light spectrometer using a LCPG. To overcome
the loss of 50% of incoming unpolarized light being split into separate orders, we report a novel prism system
used to merge the two orders into a single spectrum with minimal degradation of spectral resolution. Our results
indicate that that using LCPGs could increase signal levels by up to 20%, significantly improving the performance
of spectrometers used for biomedical AF imaging.

1. INTRODUCTION

High-resolution spectroscopy is used to extract detailed spectral information from an object. Through the use
of dispersive elements such as prisms and diffraction gratings, the constituent wavelengths of the input light
are spread spatially, allowing for the detection and mapping between spatial position and wavelength.1 With
this information, spectroscopy enables one to extract information about the sample composition, origin, and
functionality.

Spectroscopy is an enabling technology in many fields including astronomy,2–4 materials science,5,6 environ-
mental science,7 and biomedicine.8,9 The two main approaches for dispersing light is to use prisms or diffraction
gratings. Generally, prisms have low spectral resolution with high throughput, while diffraction gratings have
high spectral resolution with lower throughput. A standard commercially-available diffraction grating typical
exhibits efficiencies of up to 80% for the design wavelength. This does not include alignment losses or interface
and bulk material losses that will occur due to other system components.

Recent advances in liquid crystal technology have given rise to a new type of diffraction grating, liquid crystal
polarization gratings (LCPGs). These optical elements arrange liquid nematic crystals in a spatially periodic
pattern, causing light to be diffracted based on its circular polarization into either the +1 or -1 order (Figure 1).
LCPGs possess extremely high efficiency, typically over 90% for the design wavelength, and in some cases up to
99%.10

Active LCPGs allow the alignment of the liquid crystals to be switched on or off depending on an applied
voltage. As such, LCPGs are often used in non-mechanical beam steering applications.12 Passive LCPGs are

Further author information: (Send correspondence to J.K.B.)
J.K.B.: E-mail: barton@email.arizona.edu, Telephone: 1 520 621 4116
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Figure 1. Behavior of LCPG, where incident linear or unpolarized light splits equally into the two first orders (a); incident
left-hand (b) and right-hand (c) circularly polarized light diffracts fully into only one of the first orders. Figure adapted
from.11

296



fixed in a given orientation, effectively operating as a blazed diffraction grating. Other fields generating interest
in LCPG-based instrumentation include polarimetry,11 circular dichroism spectroscopy,13 and telecommunica-
tion.14,15

Due to the high efficiency, passive LCPGs could be used in traditional spectroscopic applications to simulta-
neously achieve high resolution and high system throughput. This would be extremely attractive for applications
where signal levels are low, such as in autofluorescence tissue imaging,8 astronomical spectroscopy,2 or low tem-
perature plasma spectroscopy.16 Unfortunately, these sources of spectroscopic interest often produce unpolarized
light, which implies that the light will be split by the LCPG equally between the +1 and -1 orders. With standard
detector arrays, only a single order, or half the light, can be captured while maintaining high spectral resolution.
As such, due to this fundamental limitation, no work has reported the use of LCPG for traditional spectroscopy.

In this letter, we present the first such design and demonstration of a traditional visible light spectrometer
using a LCPG. To overcome the loss of 50% of the incoming unpolarized light being split into separate orders, we
report a novel prism system used to fold the +1 and -1 orders onto one another to yield a single spectrum with
minimal degradation of spectral resolution. The system is validated using a white light LED, and the spectral
resolution is maintained with minimal degradation. The total system throughput is measured at approximately
75% including reflection and other losses, which could be improved to nearly 90% with optimized components.
For comparison, a standard grating in place of an LCPG in this optimized system would yield 70% throughput,
showing that LCPGs could increase signal levels by 20%. The results demonstrate that LCPGs can be used to
achieve compact, robust spectrometers that yield both high throughput and spectral resolution.

2. SYSTEM DESIGN

A system was designed to test the LCPG for use in a traditional spectrometer, and is diagrammed in Figure 2.
A white light LED (Thorlabs MCWHF2, Newton NJ) was connected to a multimode fiber patch cable (Thorlabs
XE25C8) and a 50 µm pinhole (Thorlabs P50D) is illuminated to serve as the entrance slit. The light was then
collimated using a 300-mm focal length, 1-inch diameter achromatic doublet (L1; Thorlabs AC254-300-A-M).
The LCPG (Boulder Nonlinear, Lafayette CO) is then used to disperse the spectrum. An LCPG with a large
bandwidth (400 - 1000 nm) was selected to enable application to detecting a broad range of sources. As a result,
the average efficiency is approximately 90%. For a smaller bandwidth (e.g, 400 - 700 nm), the grating could
be optimized up to 99% efficiency. Note that the dispersion direction is perpendicular to both the propagation
direction and the plane containing the optical system in order to invert its parity using the prism system.

Following the LCPG, a quarter-wave plate (QWP; Edmund Optics (EO) 39-032, Barrington NJ) oriented with
its fast axis at 45-degrees with respect to the dispersion direction was used to convert the the right-hand circular
(+1 order) and left-hand circular (-1 order) polarizations exiting the LCPG to orthogonal linear polarization (p,
s). A 300-mm focal length, 1-inch diameter achromatic doublet (L2; Thorlabs AC254-300-A-M) is then used to
focus the two spectrums.

To fold the separate spectrums onto one another, the two polarizations were split using a polarizing beam-
splitter (PBS; EO 49-002). The transmitted polarization (p) was redirected using a 90-degree prism (EO 84-519).
The reflected polarization (s) was redirected using an Amici roof prism (EO 45-261), which also inverts the par-
ity of the spectrum. An optical window (W; EO 43-424) was inserted for the s-polarization path to equalize
the optical path length. The beams are then recombined with a polarizing beamsplitter (EO 49-002) to focus
simultaneously in a single spectrum. The final spectrum was detected using a monochrome CCD camera (EO
62-691). Measurements were made for the spectrum in a single order prior to the addition of the prism system, as
well as individual p and s spectra after the prism system by horizontally offsetting the two, and finally the total
combined spectrum when p and s are aligned. Exposure time was set to 10 ms for all measurements. Wavelength
calibration was conducted and spectral resolution was assessed using a mercury calibration source (Ocean Optics
HG-1, Amersham UK).

3. RESULTS AND DISCUSSION

With the orders folded by the prism system, the overall throughput of the spectrometer is increased compared
to detecting the spectrum from a single order. Table 1 summarizes the expected throughput for the system
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Figure 2. Diagram of spectrometer and order-folding prism system. MMF - multimode fiber; L1/L2 - 300 mm focal length,
1-inch diameter achromatic doublets; LCPG - liquid crystal polarization grating; QWP - achromatic quarter-wave plate
with fast axis at 45 degrees; PBS - polarizing beam splitter; W - optical window; CCD - monochrome CCD camera.

using the folding prism system, compared to the case with no folding. There is an expected increase in relative
throughput of up to 70% while using the folding system.

Table 1. Optical power transmission characteristics for elements in path-folded spectrometer system, compared with
measuring a single order alone.

s p Average
L1 0.980 0.980 0.980

LCPG 0.900 0.900 0.900
QWP 0.980 0.980 0.980

L2 0.980 0.980 0.980
PBS 0.980 0.890 0.935

Folding Prism 0.980 0.990 0.985
PBS 0.980 0.890 0.935

Total (without folding) 0 0.864 0.432
Total (with folding) 0.805 0.664 0.735

Figure 3 illustrates sample spectra taken for a single order with no prism system (a), for s and p-polarizations
separately after passing through the prism system (b), and for the folded spectrum containing both s and p-
polarizations (c). These images are for visualization and are not quantitative. Note that image (b) has been
cropped and digitally magnified compared to (a) and (c) for better visualization; the spectra are physically all
the same size.
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Figure 3. Spectrometer footprint with no prism system (a), s and p-polarizations folded and offset (b), and when s and
p-polarizations are folded into a single spectrum. Extracted spectra for each are shown in (d). Note that image (b) has
been cropped and digitally magnified compared to (a) and (c); the spectra are physically all the same size.
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A residual -1 order is visible in Figure 3c. The PBS only has 90% efficiency for p-polarization transmission;
thus, there is a small portion of power in that spectrum that follows the path of the s-polarization, resulting in
a parity change and resulting in this residual. This could be reduced using a higher transmission beamsplitter,
or removed using a light baffle.

Figure 3d shows quantitative measurements for each of the spectra shown in Figures 3a-c. These measure-
ments illustrate how the folding of the orders can improve system efficiency by approximately 50% over the
single-spectrum case. This was calculated as the total integrated signal over the bandwidth. While this is less
improvement than the theoretical maximum increase of 70%, there were vignetting losses for the s-polarization
path due to the limited size of the Amici prism. With a larger prism, this could be avoided.

Interestingly, the single path spectrum (corresponding to the order that becomes the s-polarization when
passed through the QWP) shows a higher distribution of power on the 500-nm side of the large broadband
peak. This is consistent with the measured data for the s-polarization spectrum. The p-polarization spectrum
shows a higher distribution on the 600-nm side of the broadband peak. These observations indicate that the
polarization splitting has some chromatic dependence. The LCPG may have different wavelength-dependent
diffraction efficiencies for each of the two orders. Another possibility is a chromatic dependence of the QWP.

Table 2 shows the measured spectral resolutions for each configuration. This was done by measuring the
full-width at half max (FWHM) of the 546.07 nm spectral line of a mercury source. We see a slight degradation
in spectral resolution for the merged paths compared to the single-path case (approximately 6.5% increase in
FWHM), which is likely due to imperfect alignment. In particular, if any optical path difference exists between
the two paths, the focal plane will not be coincident, causing a blurring effect. Practically, this could be mitigated
using a custom mount to fix the optical path length for each polarization path.

Table 2. Measured spectral resolution for each configuration of the LCPG spectrometer.

Single s p Merged
Spectral Resolution (nm) 4.31 4.50 4.22 4.62

For this demonstration, the system design and components were selected for ease of alignment and high
throughput. The system design could be adjusted to accommodate sub-nanometer spectral resolution using
commercially available components by using a smaller slit (e.g, 20 µm), with a higher detector pixellation (e.g,
2048 pixels),1 or more complicated system designs. With increased spectral resolution, system alignment will
become increasingly important for folding the two spectrums. To fully utilize the available throughput and
resolving power, high-tolerance mounts may be required for the prism system.

While the system presented here demonstrates that using LCPGs can be effective for high-throughput spec-
troscopy, the system design is imperfect. Further improvements to efficiency could be made with a better
optimized LCPG, which have been shown to achieve efficiencies of up to 99%. The main lossy element in the
folding system is the p-polarization transmission of the PBS. To improve this, alternative approaches to sepa-
rating the two paths could be taken using custom prisms, or higher performance optics could be used. Finally,
monolithic integration of the folding system using index-matching materials would reduce interface reflections
and alignment challenges, ultimately improving throughput. With these improvements, a total system through-
put approaching 90% could be achieved, compared to 70% with a standard grating. Incorporating an optimized
optical design, sub-nanometer spectral resolutions could easily be achieved, with the requirement of more precise
alignment. Alternatively, LCPGs with the accompanying prism system could also be implemented into exist-
ing spectrometer designs to improve overall throughput while maintaining system resolution. Ultimately, this
technology could improve performance in spectroscopy in a wide variety of scenarios.

4. CONCLUSIONS

In this letter, we present the design and demonstration of a high-throughput spectrometer based on using a
liquid crystal polarization grating. A novel prism system is presented to fold the +1 and -1 orders into a
single spectrum. With this folding process, the relative throughput is increased by nearly 50% with minimal
degradation in spectral resolution. These results suggest that LCPG-based spectrometers could be used to obtain
high resolution spectral data while maximizing light collection.
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