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Chapter 1 | Introduction

BREAST CANCER SURGERY
Up to the 1970s, patients suffering from breast cancer were treated with a so-called Halsted
radical mastectomy. During this type of surgery, the entire breast was removed, with
surrounding tissue such as skin, underlying chest muscles and lymph nodes in the axilla. This
mutilating procedure was abandoned with the introduction of breast-conserving treatment
which aims at conserving the shape of the breast by resecting only a small portion of the
breast including the tumor (breast-conserving surgery) followed by radiation therapy.[1]
Nowadays, the majority of patients with small tumors undergo breast-conserving surgery
after thorough research had shown that breast-conserving surgery in combination with
postoperative radiation therapy results in similar survival as resection of the entire breast.[29] Furthermore, due to the improved efficacy of neo-adjuvant treatment regimes, more and
more patients that are diagnosed with large tumors become eligible for breast-conserving
surgery after successful neoadjuvant systemic treatment.[10-12] The great benefit of breastconserving treatment opposed to a mastectomy is the improved cosmetic outcome, which
results in a better quality of life for the patient.[13-19] However, there is one very important
condition that has to be met during breast-conserving surgery in order to minimize the risk
of a local recurrence, which is complete removal of the tumor, or in other words, the absence
of positive resection margins. [20-26]

RESECTION MARGIN ASSESSMENT
Positive resection margins can be found by a pathologist during histopathological evaluation
of the resected tissue which can be performed a few days after surgery. To enable this type
of assessment, samples of the tissue are fixed in formalin, embedded in paraffin, and cut in
one-cell layer thick slices which, after staining, can be viewed underneath the microscope.
Depending on the type of staining that was used, different cell structures can be visualized
which are used to distinguish the different cell types. Pathology paint, which was applied on
the margin of the specimen before it was fixed, and which does not disintegrate during the
processing of the tissue, allows the pathologist to recognize the margin of the specimen in
the microscopy section. Subsequently, the pathologist can assess the distance between the
inked margin and the malignant tissue and determines if a margin is considered ‘positive’
and eventually needs additional therapy. The definition of a positive margin depends on
the type of malignancy, specifically whether the tissue is invasive carcinoma or ductal
carcinoma in situ.
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The definition of a positive margin in the case of invasive carcinoma has been heavily
debated over the past years. It has shifted over time progressively to smaller distances
between the tumor border and the edge of the resection specimen, to the currently used
definition of ‘no ink on tumor’. This implies that as long as pathology ink is not touching
the invasive carcinoma cells, the margin is negative. In a large meta-analysis by Moran et
al. it was concluded that this definition of a positive resection margin minimizes the risk of
a local recurrence and can thus be used as the standard for invasive carcinoma.[27] In this
study it was furthermore concluded that wider margins do not significantly lower the risk
of developing a local recurrence and therefore obtaining wider margins than ‘no ink on
tumor’ is not indicated for invasive carcinoma. In the Netherlands, there is a tendency to an
even more liberal definition than ‘no ink on tumor’ as research has shown that re-excision of
focally positive resection margins does not affect survival.[28] Focally involved margins are
defined as a margin in which the tumor is touching the margin ink over a distance of up to 4
mm. A re-excision is only indicated when the margin is more than focally positive, meaning
that the tumor is touching the margin ink over a distance of more than 4 mm.[29]
As the definition of a positive resection margin is different from country to country and
has shifted over time, providing a number of positive resection margins is difficult, but in
general the reported number of positive resection margins for invasive carcinoma range
between 3.5 and 11%.[30-32]

1

INVASIVE CARCINOMA

DCIS
As previously mentioned the definition of a positive resection margin is also dependent
on the type of malignancy. Some patients are diagnosed with a precursor stage of invasive
carcinoma, so-called Ductal Carcinoma In Situ (DCIS). DCIS has the potential to evolve in
invasive carcinoma and although that is not always the case, surgical treatment is often
indicated for these patients.[33] During surgery DCIS is more difficult to detect as the volume
of DCIS is often smaller than areas of invasive carcinoma, and its growth pattern is more
discontinuous.[33] Due to these biological differences, the definition of a positive resection
margin for DCIS is different from invasive carcinoma. A margin is considered positive when
DCIS is present within a 2 mm distance from the resection margin, albeit that this definition
is also under debate. [34-37] Using this definition, positive resection margins are found in
a range between 4 and 52% of patients that were treated with breast-conserving surgery.
[30, 38-40] Again, in the Netherlands the definition is more liberal as here no ink on DCIS is
considered a negative margin.
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Another reason why DCIS is clinically a more challenging disease as it is often not
discovered pre-operatively but may coexist with invasive carcinoma. It then becomes
apparent during the histopathologic evaluation of the resection specimen. This explains
why the majority of re-operations is performed in patients with margins that were positive
for DCIS.[41]

THE CONSEQUENCE OF POSITIVE RESECTION MARGINS
In current day practice, patients with positive resection margins receive additional therapy
with re-excision or boost radiation therapy depending on the extent of the positive resection
margin. Reexcision rates of up to 20% are reported worldwide.[42-47] Both re-excision and
boost radiation therapy negatively affect the cosmetic outcome and patient satisfaction
after breast-conserving surgery and induce additional morbidity.[48-57] Besides the patient
discomfort and potential impact on the cosmetic outcome, secondary surgery also affects
healthcare budgets.[44, 58] Additionally, in 20-70% of the patients that have a secondary
surgery no tumor deposits are found in the re-excision specimen.[59-61] Because the
primary motivation for choosing BCS over mastectomy is the improved cosmetic outcome
the surgeon obviously wishes to avoid re-operation or boost radiation therapy and strives
to obtain the best cosmetic outcome as possible by resecting the entire tumor during the
initial surgery.

IN THE OPERATING THEATER…
In the operating theater, a surgeon is faced with finding the balance between resecting
the entire tumor, to avoid additional therapy, while limiting the excision volume as much
as possible, to have the best possible cosmetic outcome. This is a major challenge since
discriminating tumor tissue from healthy tissue during surgery can be extremely difficult
as it often looks and feels the same. Currently, available margin assessment technologies
have limitations. For example, they are time-consuming because they lack the possibility of
real-time feedback (touch imprint cytology, frozen section analysis), have limited sensitivity
(intra-operative ultrasound, touch imprint cytology), damage the tissue (frozen section
analysis), or require skilled personnel (intra-operative ultrasound, touch imprint cytology
and frozen section analysis).[62-65]
In practice, the surgeon aims at placing his/her resection plane at a distance of 1.0 cm
from the border of the tumor as this eventually will yield a microscopic margin of 1 to 5 mm
in the pathological analysis.[66] This has consequences for the amount of healthy tissue that
is resected. A study by Haloua et al that assessed the margin status in relation to the amount
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of healthy breast tissue that was resected found that the volume of the excised tissue was
2.3 times as much as the optimal resection volume. Even in the case of a tumor involved
margin, the resection volume was 1.5 times bigger than the ideal volume. Also, in 33.8% of
cases, the tumor was eccentrically located in the specimen.[31]
The fact that 1) surgeons aim for a larger rim of healthy tissue than necessary (1.0 cm),
2) excision volumes are larger than necessary, 3) in one third of patients the tumor is not
centrally located in the specimen and 4) a positive resection margin is found in up to 52%
of patients emphasize that there is a clinical need for real-time tissue characterization of the
resection plane during breast-conserving surgery.

1
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DIFFUSE REFLECTANCE SPECTROSCOPY
Diffuse Reflectance Spectroscopy (DRS) is an optical technology that reflects the composition
and morphology of tissue by measuring the interaction between light and tissue. Light from
a broadband light source is used to illuminate the tissue. After the light has interacted with
the tissue, the collected light is acquired with spectrometers which can resolve the spectral
response in the visible and near-infrared wavelength range. The magnitude and shape of
the acquired spectrum represent the absorption and scattering properties of the tissue.
These optical characteristics can be used to characterize tissue and discriminate different
tissue types.
The advantages of DRS are that it is non-destructive, does not require exogenous contrast
with dyes, and has the potential to be performed real-time. In practice, DRS measurements
can be performed by means of a camera (hyperspectral imaging) or a fiber-optic probe
(point measurements). In hyperspectral imaging, hypercubes are generated, which are 3D
datasets in which two dimensions contain spatial information and one dimension contains
spectral information.[67] This technology has the ability to acquire the optical properties
of tissue over a large field of view in a relatively short amount of time. For the fiber-optic
setting, measurements are performed with optical fibers, for example, embedded in a
probe or needle. One of the fibers is used for illuminating the tissue, whereas another fiber
is used for detecting the light after it has interacted with the tissue. The distance between
the illuminating and detecting fiber typically range from 1 to 8 mm and will influence the
volume of the tissue that is measured. By bringing the tool in contact with the tissue a point
measurement can be performed. Fiber-optic DRS has been investigated thoroughly for
discriminating healthy tissue from tumor tissue in several organs.
There are several methods to analyze a DRS measurement. One approach is to use an
analytical fit model to quantify the spectrum. Such a model is based on the diffusion theory
that describes light propagation through tissue. With the known scattering and absorption
characteristics of tissue constituents and the measured DRS spectrum, the fit model can
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quantify the presence of these constituents in the measurement volume. Main substances
that are included in the model are fat, water, oxyhemoglobin, deoxyhemoglobin. The
benefit of this approach is that the derived optical parameters can be directly linked to
the biology of the tissue. The main drawback of this method is that it will only be useful
when all assumptions of the diffusion theory are met. An important assumption is that the
photons undergo several scattering events before collection, which in practice means that
the distance between the illuminating and collecting fiber should be big enough. However,
when the distance between the illuminating fiber and detecting fiber becomes too large
the measurement volume becomes inhomogeneous. In this case, another requirement
of diffusion theory is violated which states that the measurement volume has to be
homogeneous. Use of diffusion theory-based models can thus not be applied in all cases.
Another method is to analyze the optical spectra without relating them to biological
components. With such an approach, datasets are analyzed using the measured intensity
or other spectral features to discriminate different tissue types. This method does not
require any a priori knowledge about the composition of the tissue but also does not allow
quantifying a spectrum in terms of biological substances.
Previous research investigated the use of DRS in breast cancer for chemotherapy response
monitoring[68-70], biopsy guidance[71, 72], and margin assessment[73, 74]. It is hypothesized
that adding DRS to a surgical tool can help the surgeon in characterizing the tissue and
thereby provide guidance during breast-conserving surgery. The aim of this thesis was to
address some of the challenges that hamper progressing DRS into the OR room for the
detection of positive resection margins during breast-conserving surgery. Specifically, we
will investigate:
How to use DRS for discriminating between healthy tissue and tumor tissue (invasive
carcinoma)
The first step is to investigate if DRS measurements differ between healthy tissue and tumor
tissue. Then, if spectra differ, the next question is how these differences can be used to
actually discriminate healthy breast tissue from tumor tissue.
Differences between in vivo and ex vivo measurements
Initial accuracy of the technology for discriminating healthy tissue from tumor tissue is
often investigated in a controlled ex vivo setting. The ultimate goal though is to detect a
positive resection margin in vivo, at the time of resection during surgery. It is thus important
to investigate if the time of measurement (i.e. in vivo or ex vivo), affects the ability of DRS to
discriminate healthy tissue from tumor tissue.
The potential influence of patient-specific characteristics
Besides the time of measuring also patient-specific characteristics might influence the
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1

optical contrast between tumor tissue and healthy breast tissue. These patient-specific
characteristics include the menopausal status of the patient, as well as treatment with
chemotherapy prior to surgery. Especially the influence of neoadjuvant chemotherapy is
relevant as, due to improved efficacy of chemotherapeutics, the number of patients that
receive neoadjuvant chemotherapy increases.
The inhomogeneous structure of breast tissue
The fourth challenge is related to the often inhomogeneous structure of breast cancer. In
the breast, different tissue types are often mixed within a small tissue volume. To be able
to investigate not only ‘pure’ measurement locations but also locations that contain a
mixture of tissue types, accurate correlation of measurement locations with histopathology
is imperative. This challenge is also directly related to the development of classification
models that require robust data input.
Measuring DCIS
A fifth major challenge for successfully identifying positive resection margins is the detection
of DCIS. This tissue type accounts for the majority of positive resection margins and is often
not discovered until microscopic evaluation by the pathologist. It is therefore important
to acquire DRS measurements of areas with DCIS. This requires an accurate method of
registering histopathology to optical measurements and inclusion of a large number of
patients as often DCIS is missed because of its diffuse and scattered growth pattern.
Translating the technology into the clinical workflow
The last challenge considers the use of DRS technology in the clinical workflow. In the final
application, we envision that DRS will be used in the operating room, in vivo, at the time of
resection. It is therefore important to consider if DRS can measure (near) real-time and if
these measurements can be classified correctly.

OUTLINE
Ultimately overcoming the previously mentioned challenges should advance the technology
further towards the ultimate goal of developing a tool that can be used by the surgeon for
margin assessment. The challenges are addressed throughout the chapters in this thesis.
The outline of the thesis is as follows:
Chapter 2 involves a review regarding the current position of optical spectroscopy and the
challenges encountered in translating DRS technology to the clinic and how to overcome
these hurdles.
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In Chapter 3 the results of an ex vivo study that focused on the detection of tumor
boundaries in ex vivo breast specimens are presented. The first aim was to examine which
optical parameters provided the best discrimination between healthy tissue and tumor
tissue. The second aim was to investigate the ability of this optical parameter to detect the
tumor boundary.
The difference between DRS measurements that were acquired in vivo and DRS
measurements that were acquired ex vivo are researched in Chapter 4. In the analysis also
patient-specific characteristics such as neoadjuvant treatment with chemotherapy and
menopausal status were included.
As previously stated, attaining accurate correlation between optical measurements and
histopathology is important when using the technology in inhomogeneous tissue as breast
tissue. To enable evaluation of the DRS for the detection of DCIS and mixture locations a
method that improved registration between the optical and histopathology is presented
and evaluated in Chapter 5.
Chapter 6 reports on the assessment of the influence of chemotherapy on the DRS spectra
as well as the optical parameters in a large ex vivo dataset.
With the used of the improved registration method in Chapter 5, it was possible to
examine the spectral difference between invasive carcinoma and DCIS (Chapter 7). Next,
we investigated the influence of the purity of the measurements on classification model
performance. One classification model was selected and with this model, the locations with
a mix of tissue types are classified.
In Chapter 8 we present the results of an in vivo study in which an optical biopsy needle
is used to perform DRS measurements during routine breast biopsy procedures. With
this dataset which was well-correlated to histopathology, a classification algorithm was
developed that was used to classify the measurements that were acquired in a continuous
mode in an additional five patients.
The general discussion and future perspectives are presented in Chapter 9.
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Innovations in optical spectroscopy have helped the technology reach a
point where performance previously seen only in laboratory settings can
be translated and tested in real-world applications. In the field of oncology,
spectral tissue sensing (STS) by means of optical spectroscopy is considered
to have major potential for improving diagnostics and optimizing treatment
outcome. The concept has been investigated for more than two decades and
yet spectral tissue sensing is not commonly employed in routine medical
practice. It is therefore important to understand what is needed to translate
technological advances and insights generated through basic scientific
research in this field into clinical practice. The aim of the discussion presented
here is not to provide a comprehensive review of all work published over the
last decades but rather to highlight some of the challenges found in literature
and encountered by our group in the quest to translate optical technologies
into useful clinical tools. Furthermore, an outlook is proposed on how
translational researchers could proceed to eventually have STS incorporated
in the process of clinical decision making.

Abstract

Keywords: Fiber-optic, optical spectroscopy, tissue diagnosis, clinical trans
lation, progress

PSM 20190228 Proefschrift Lisanne de Boer BW.indd 24

23-04-19 19:08

Review: in vivo optical spectral tissue sensing | Chapter 2

The interaction of light within tissue to recognize disease has been widely researched since
the mid-19th century when Joseph von Fraunhofer developed diffraction grating. A large
number of scientists have brought optical spectroscopy forward and enabled it to become
a precise and quantitative scientific technology. In recent years, improvements made to
spectrometers, software and overall design positively affected instrument characteristics
such as speed, sensitivity, size, and price. These technological advances, combined with
increased awareness of the potential of optical spectroscopy have led to the development
of optical systems which were usable for clinical research purposes and allowed further
exploration of the potential applications. In the medical field, the technology has gained
interest for numerous biomedical applications for its advantages over existing conventional
techniques. Optical spectroscopy at infrared and visible wavelengths avoids the use of
ionizing radiation, is non-destructive, utilizes relatively inexpensive equipment and can be
performed near real-time without pharmaceutical means to enhance contrast, i.e. contrast
agents. Several spectroscopic techniques have been applied for tissue characterization,
including; diffuse reflectance spectroscopy (DRS); autofluorescence spectroscopy (FS);
elastic scattering spectroscopy (ESS); and Raman Spectroscopy (RS). All of these methods
rely on the same underlying principle: tissue characterization is performed by measuring the
spectral response after the tissue is illuminated with a selected spectral band of light. This
spectral response contains specific quantitative morphologic, compositional, and functional
information about the probed tissue, thereby enabling tissue discrimination. Especially in
the field of oncology, characterization of human tissues by optical spectroscopy (spectral
tissue sensing; STS) is considered to have major potential. Various STS methods already have
been used for tissue assessment in several organs for years with promising results.[1-11]

2

INTRODUCTION

HOW TO TRANSFER OPTICAL SPECTROSCOPY RESEARCH TO CLINICAL
PRACTICE
Despite these technological advancements and promising results, fiber-optic STS technology
has not (yet) found widespread clinical acceptance in medical practice. This gap between
original research and final clinical implementation is not specific for STS. It is considered to
be one of the key aspects of translational research in general, as it can take more than two
decades before the findings of original research become part of routine clinical practice.
[12, 13] However, awareness of the causes of the gap and potential bridging strategies could
help the field of STS avoiding unnecessary delay in the evolution of this technology into
clinically useful tools.
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For example, research in this field is often not focused on the potential application or clinical
relevance.[14] This might not come across as a problem since indeed, many transformative
discoveries leading to inventions that are now used in daily clinical practice did not
originate from application-directed research.[15, 16] However, in the case of STS, the field
has become mature technologically and reached a point where spectral tissue sensing in
its current form is ready to enter the clinical arena. Since translating novel technologies
into clinical applications is a very time-consuming and expensive process, it is important to
assess the clinical relevance of an application and keep this under constant review during
clinical research as this will eventually be a dominating force in the process of successful
implementation in the clinic.[17, 18] Furthermore, the success of an intended application
will also partly depend on the extent of additional improvements in detection sensitivity
and specificity in combination with instrument cost. Expensive techniques that are slightly
better compared to well-established methods will be more difficult to implement in the
hospital. It can be highly rewarding to perform a cost-benefit analysis in a very early stage
and understand the preferences and drivers of the various stakeholders (e.g. patients,
health insurances, health care providers, regulatory bodies).[16, 19] In addition to the clinical
relevance, also the extent to which the clinical workflow needs to be adapted is a major factor
determining the feasibility of a new method in clinical practice. Techniques that are not
compatible with the existing clinical routines are likely to encounter more resistance from
physicians during implementation than those that can easily be added to the accustomed
process. Moreover, modification of the accepted workflow can generate secondary effects
on the outcome of the procedure that may counteract the intended benefits. On the other
hand, when a new method significantly improves procedure outcome or shortens procedure
time, disrupting the existing clinical workflow is likely to be a smaller obstacle. Researchers
should be aware of this important trade-off in an early stage of clinical research.
Besides these clinical aspects, it should be noted that optical spectroscopy is a very
broad concept including many settings and configurations. The range of different optical
technologies and available hardware choices lead to a complicated process of convergence
upon the optimal system for each specific clinical need. For example, for reflectance
spectroscopy, the distance between the source and detection fibers to a large extent
defines the probing depth and spatial resolution and therefore determines the feasibility
of a system for a certain clinical application. Since challenges in the biomedical field are
extremely versatile, developing a universal solution applicable to each clinical problem
is unlikely to be possible. As a consequence, the clinical success of optical spectroscopy,
in general, is highly dependent on finding the best modality with appropriate optical
geometry for a specific application.
Seeking in-depth collaboration with medical physicians may help basic and translational
scientists to acquire a greater understanding of both the medical aspects and the optics of
the clinical problem, and design a solution appropriate for the specific clinical problem.[19,
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20] Comprehensive collaboration is not only important to elucidate the relevant details of
the clinical problem[18], but also for tackling other non-scientific challenges (i.e. previously
mentioned barriers such as workflow issues and clinical acceptance as well as regulation
issues) that translational researchers are faced with.[21, 22] Invariably, extensive expertise
is needed as technology develops from the preclinical stage towards increasingly complex
and demanding phases of clinical testing, where patient safety and clinical usability become
major determinants for progress. Furthermore, similar to the process of translating drug
discoveries, the participation of industrial partners, especially during testing in clinical trials,
can help financing the often costly trials and help to reflect on the feasibility of implementing
an application in terms of cost-effectiveness.[23, 24] Therefore, close collaboration and
continuous communication between researchers (basic and translational), clinicians, and
industry professionals are required, even if individuals’ needs, motivations, and research
attitudes may differ.[21, 24-26] Because the perspectives of co-operating partners may be
different and might even change during the development of an application it is difficult
to set up a network of co-operating partners. However, this interactive multidisciplinary
approach is the only way to properly match technology and clinical problem and give
direction to clinically valuable research which can ultimately lead to an accepted clinical
application.
Translating technology into clinical applications is not confined to taking into account
the previously described non-technical barriers and establishing an optimal environment for
translational research. Conducting translational optical research in a medical environment
brings some typical challenges and potential pitfalls that are likely to be universal across the
biomedical optical research field. To our knowledge, few investigators have undertaken the
task of describing these key challenges. In the following sections, we attempt to provide an
overview of the practical challenges that were found in literature as well as those that the
authors encountered during nearly a decade of clinical testing and evaluation. The first four
key challenges presented are related to the struggles encountered during the acquisition of
reliable optical data and interpretation of it. The last key challenge discusses how fiber-optic
STS can impact clinical decision making which is the ultimate goal of translational research.

2
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KEY CHALLENGES
Proper study design
Obviously, the design of a study is important as it influences the quality and relevance of
study results. Preclinical studies on animals or ex vivo measurements on human specimens
may serve as a surrogate for in vivo measurements and usually provide useful information
in the first phase of development. However, when it comes to human disease applicability,
they do not necessarily reflect the in vivo status of human tissue for all applications. For
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example, given the differences between in vivo and ex vivo tissues, validating a database
from ex vivo data and applying it to in vivo data may not work as various tissue parameters
(e.g. blood content, oxygenation) might change once the tissue has been removed from the
patient’s body.[27] On the contrary, research also suggests that these differences are limited
to the blood-related wavelengths and for example, the near-infrared wavelengths are not
affected by tissue status. Furthermore, in vivo studies gathering spectral tissue data in a wellcontrolled setting can be limited because this data might not be representative for a realworld situation. For instance, estimates for blood content and associated oxygenation levels
might show promising differences when measured in vivo during surgery. However, once
measured during a percutaneous biopsy procedure, these parameters do not necessarily
reflect the true physiological composition of the measured tissue due to pooling of blood
around the needle tip.[28] Similarly, blood present on top of the surface of a resection
margin may be a major obstacle for resection margin assessment by STS.[29] All these
circumstances should be taken into consideration when interpreting measurements but
also in a later stage during the designing and constructing of a clinical STS tool.
Much of the research reported to date has been based on observational studies, and a
large portion of the scientific knowledge in this field comes from analyzing spectroscopic
data observational studies. Data from such studies may help to prove clinical feasibility and
develop new trials by determining sample size requirements and optimal design but may
be confounded when data used for algorithm training is also used for validation.
Once early-phase human studies have been conducted, research efforts generally
move to larger clinical trials. Such studies and subsequent clinical implementation require
that the equipment and analytical algorithms have been optimized and fitted to be used in
the clinical routine. Especially in this stage of clinical validation, it is important that the basic
principles and potential pitfalls of diagnostic test development are well understood. For
instance, as clearly elaborated by M. Fitzmaurice[30], unintentional bias in selecting patients
for study groups may lead to the conclusion that a new optical technique is a better or
worse diagnostic tool than it really is. Furthermore, measures of test performance, such as
sensitivity and specificity are not only influenced by the definition of the threshold between
positive and negative results but also disease prevalence. For instance, if a new diagnostic
tool is tested in a high prevalence setting, it is more likely that persons who test positive,
truly have the disease than if the test is performed in a population with low prevalence.
In addition, selection of patients based on visual clues may lead to serious optical bias in
a dataset. For instance, in a study described by de Veld et al. on oral cancer an apparently
excellent sensitivity and specificity for distinguishing a visually detected suspect lesion
from normal mucosa was reported, while the clinically relevant question: can we distinguish
malignant lesions from benign lesions could not be answered.[31]
Thus, researchers have to concede the restrictive nature of testing in a preclinical and
in well-controlled clinical settings when it comes to real-world applicability. Eventually,
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Co-registration between spectral measurements and histology
Histology remains the gold standard for diagnosis and staging in oncology, making it, in
essence, a ground truth for new technologies attempting to measure and quantify these
pathologies. Once registered, histopathology provides valuable information regarding the
structure and composition of tissues and is often used to understand the physiological
mechanisms behind spectral contrasts.
Consequently, registration of histology serves as an important and necessary validation
step for novel optical spectroscopy based diagnostic techniques. However, the use of
histopathology as the benchmark does suffer from a number of critical limitations. Coregistration of separate optical and physical biopsies is subject to imperfect spatial correlation
of the optical reading and the tissue sample removed for histopathological analysis.[30, 32]
Several methods have been employed to achieve sufficient accurate co-registration. To
facilitate registration, usually, a tissue sample is removed from the measurement spot after
spectral measurements are completed or a marker is left behind, such as a dye or suture.
These methods are susceptible to location mismatch that can be particularly challenging
in the case of micro-environmental heterogeneity. Even more difficulties in co-registration
arise when the tissue site being investigated is not directly accessible to the operator. For
example, in cases that in vivo measurements are obtained through the working channel
of an endoscope or through a hollow needle at deep located tissue. In these cases, the
tissue sample for histopathological evaluation is generally obtained by a second needle
after retracting the fiber-optic probe used for spectral measurements. Linking spectral data
with such a “best estimate” of the spectral measurement spot leads to inherent registration
inaccuracies.
An approach to address discrepancies between spectral data and histology is to
integrate fiber-optics into standard tissue-sampling tools, such as a core biopsy needle
or endoscopic biopsy forceps[32-34], thereby linking spectral tissue sensing and biopsy
functionality in a single instrument. A few examples are shown in Figure 1.
These integrated fiber-optic instruments represent a major step forward for clinical
evaluation of new spectral tissue sensing techniques by greatly increasing the spatial
correlation of physical biopsies with spectral measurement spots and simplifying study
procedures. Beyond validation studies, the developed integrated fiber-optic tools could be
clinically useful for increasing the pre-biopsy probability of obtaining representative tissue
samples in diagnostic biopsy procedures (Figure 2).
Despite (almost) perfect co-registration between the optical and physical biopsy with
integrated fiber-optic tools, the histopathological analysis still is fundamentally limited in
accuracy. With the use of fiber-optic probes tissue volumes of approximately 1 mm3 can be

2

performing well-designed large-scale clinical trials will help to gain trust in the actual
performance of new optical technologies.
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(a)

(b)

(c)

Figure 1. Integrated fiber-optics in clinical biopsy tools allow 1:1 correlation between spectral data
and biopsy sample. (a) The WavSTAT biopsy forceps for optical diagnosis based on laser-induced
autofluorescence spectroscopy. Image courtesy of SpectraScience Inc., San Diego, California, USA).
(b) Elastic scattering spectroscopy through an integrated endoscopic tool for use in a range of
applications suitable to the upper gastrointestinal (GI) tract and the colon. Image courtesy of I.J.
Bigio, Boston University. (c) Added quantitative spectral functionality during routine percutaneous
biopsy procedures using a fiber-optic core biopsy needle (Philips Research, Eindhoven, the
Netherlands).

Figure 2. Example of spectral tissue sensing functionality integrated into a “smart” clinical
instrument. Real-time tissue characterization of the tissue at the needle tip is performed during
lung biopsy, thereby providing guidance to the physician. This could help to increase successful
biopsy yield. Image courtesy of Clinical Cancer Research. [28]

interrogated, whereas usually, the conventional biopsy samples are larger than this. Another
complicating factor is the fact that histopathological evaluation of specimens is performed
on the two-dimensional histological section whereas optical measurements yield
information of three-dimensional tissue volumes. Finding and orienting a representative
two-dimensional histological section in a three-dimensional ex vivo tissue volume can,
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therefore, be challenging. Especially when taken into consideration that during the proces
sing of the tissue deformation and cutting artifacts are also common.[35]
To make the problem even more complex, histopathological tissue diagnosis by
pathologists is subject to significant inter- and intra-observer variability. This is a particularly
difficult problem in the diagnosis and grading of dysplasia, a premalignant lesion seen in
patients at high risk for development of carcinoma.
Furthermore, in the case of STS, the acquired information from the tissue is from a
different nature compared to the information provided by histopathologic assessment. For
example, STS can provide quantified measures of substances present in tissue whereas the
pathologist regards tissue in terms of normal or tumorous. Classifying STS measurements
based on these historically developed pathologic definitions can lead to erroneous
classification. This mismatch between information types requires translational scientists to
fully comprehend the limitations and biases of the gold standard as it will seriously hamper
clinical acceptance of a novel method.
Thus, the apparent diagnostic performance of a new technology will, therefore, depend
not only on its ability to detect abnormalities but also on the (in)accuracy of the gold
standard. Even if a novel technology is 100% sensitive and 100% specific, it may appear
inaccurate when either the golden standard is imperfect or incorrectly applied. Therefore,
careful attention should be paid to the adequacy of tissue samples, correlation with
measured tissue sites, and consistency of pathology reporting terminology. Although the
comparison between STS and histopathology is challenged in many ways, this should not
be interpreted or used as an argument to stop the efforts of translating STS to the clinic.

2
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Inter-patient and intra-patient variation
Characterizing and differentiating between various tissues by an optical spectroscopy
system relies on the measurement of the absolute or relative differences in intensity or
spectral contrasts between the tissue types of interest. However, sources of variation such
as inter- and intra-patient variability may outweigh the difference between the tissue types
of interest leading to hampered diagnostic performance. Tumor tissue is well known for its
heterogeneity[36], but also in healthy tissues non-uniformity is a common phenomenon[37,
38]. In particular breast tissue is a well-known example of inter and intra-patient variation.
[39, 40] The optical contrast between healthy and tumorous tissue can be manipulated by
other sources of contrast which are related to biological processes such as menopausal
status and the phase of the menstrual cycle.[41] This does not necessarily have to be the
case, but researchers should be aware of these potential disturbing factors. Including patient
demographics to the databases with reference measurements can circumvent the unwanted
blurring of optical contrast by sources not related to the difference between normal and
tumor tissue.[39] However, this might also require further extending the database with a
comprehensive amount of reference measurements to comprise the influence of all patient
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characteristics. Another approach is to measure optical characteristics at a distant location
from the tissue site under evaluation and use these measurements as an internal reference.
In this case, instead of the absolute values, relative changes between tissue sites are used.
Taroni et al.[42], Laughney et al.[43] and Spliethoff et al.[44] found that such methods could
be applied to account for the tissue- and patient heterogeneity in breast and lung tissue. This
indicates that using the patient’ measurement as its own reference is effective in reducing
the influence of inter-patient variation. Such a method might be very useful in a clinical
setting since heterogeneity is also reported in studies of other tissues such as prostate and
nasopharyngeal tissue.[45, 46]
For biopsy procedures, STS measurements can also be performed in a continuous
mode. Opposed to points measurements of the different tissue types a continuous series of
measurements has the advantage of providing a full overview of the tissue characterization
along the needle path and allows an evaluation of the local changes, rather than a comparison
to a cohort-based reference value. Recently, Nachabé et al. demonstrated the potential of
real-time tissue characterization by diffuse optical spectroscopy measurements at the tip of
a needle during percutaneous interventions.[47] Such continuous measurements may be
of great relevance during percutaneous procedures because they enable detection of the
transition from healthy tissue to tumor based on the clinical parameters derived from STS
measurements.
Thus, several investigators have shown the benefit of deriving relative diagnostic criteria
by calculating differential spectral tissue parameters between the tumor and a reference
tissue. The use of relative tissue parameters may help to define more effective detection
criteria that are less sensitive to inter-patient variations and tissue heterogeneities.
Spectral analysis and classification methods
There is no substitute for good study design and proper data collection, but after proper
data collection, pre-processing of raw spectral data is often an important subsequent step.
The goal of pre-processing of raw spectral data is to apply the calibrations to remove devicespecific features of the data. After preprocessing, the data can be interpreted by performing
further analysis on the spectral data which ultimately enables classification of the measured
tissue sites.
One method for tissue classification is to use pattern recognition by supervised
machine learning methods. This method correlates spectral features directly to tissue type
labels, thereby enabling identification of unknown tissue based on the measured spectra
without the need for extensive data processing. Various approaches of spectral analysis
have been developed, including multivariate statistical data analysis[3], partial least squares
discriminant analysis[48], support vector machines and statistical learning[48], k-nearest
neighbor classification[49], as well as neural network methods[50, 51]. Due to the nature
of the supervised machine-learning approaches, the diagnostic performance is usually
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compromised when the number of classes increases. Theoretically, discriminating tumor
from surrounding healthy tissue is a two-class problem (healthy versus malignant). However,
in practice tumor tissue is surrounded by many tissue types, both healthy and diseased, and
this demands identification of a wider variety of tissue pathologies, including histological
tumor subtypes, inflammation, and fibrosis. Having to deal with this tissue heterogeneity
poses a true challenge in the development of machine learning approaches.[52, 53] To
overcome this difficulty a comprehensive high-quality spectral database is required con
taining any healthy or diseased tissue type that is likely to be encountered during a clinical
procedure.[54]
Several investigators have analyzed the spectral information in a different manner
by applying mathematical models based on knowledge of light propagation in tissue
to determine the scattering and absorption properties within the tissue.[1, 55, 56] Each
measured spectra is, in fact, a combination of the spectral signatures of various tissue
chromophores present in the probed volume. Meaningful estimation of these components
can be extracted by using the known absorption spectra of these biologically relevant
chromophores. The main benefit of this approach is that it uses a priori knowledge of lighttissue interaction that can help to understand the underlying biological composition and
physiological processes that determine the spectral shape. Over the years, the differences
in composition between malignant and normal tissues have been extensively researched
by this approach. Understanding which biological substances could potentially play a role
in the identification of abnormal tissue may be very useful. In our own group, we found that
the biological chromophore bile is significantly higher in healthy liver tissue as opposed
to colorectal liver metastases.[5, 57] In the same way breast tumor tissue has shown to
contain far less fat and more water compared to surrounding healthy tissue.[58] The oftenused diffusion theory has proven to be sufficiently realistic to describe light transport in
many different human tissues. But it should be noticed that these diffusion theory based
fit models require that the optical properties of the tissue are either homogeneous or
close to homogeneous as well as sufficient source-detector distance. Care should be taken
when basic assumptions of the theory are violated. Highly inhomogeneous tissue (for
example layered tissue) or tissue with high absorption and low scattering (for example
when a substantial amount of blood is present) may result in unrealistic estimations of the
tissue composition. And, even when the criteria are met, a realistic estimation of the true
composition of the tissue can only be obtained when all the absorption spectra of tissue
chromophores actually present in the measurement are included in this process. However,
adding absent or too many chromophores in this method may lead to erroneous estimations
of the tissue characteristics.
Over the years, a variety of advanced computational methods has been developed to
improve the quantitative and qualitative diagnostic capability of spectral tissue sensing.
The occurrence and co-occurrence of specific spectral signatures depend on the underlying
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physical, morphological, and biochemical tissue composition. Whatever method is used for
interpretation of the spectral data, expert knowledge should be employed throughout the
various stages of clinical research such that robust tissue discrimination algorithms can be
developed.
Impacting clinical decision making
The objective of each new technology is to support clinicians in reaching a decision regarding
diagnosis or treatment of a disease and ultimately fundamentally improve patient care. In
order to help in the process of decision making it is important to consider at which point in
the workflow the technology can play a central role, based on its strengths and weaknesses.
The main advantage of STS methods that use endogenous contrast is the possibility to
perform real-time tissue characterization in a non-destructive manner at multiple points
in time. This enables to obtain optical measurements without obstructing pathological
examination protocols and allows optical tissue sensing to be employed as a pre-pathology
modality by surgeons and radiologist while performing a procedure. Furthermore, since
the technology can be integrated into needles or probes, STS can be combined with other
complementary modalities. In combination with the versatility of configurations that STS
can have this permits a wide range of different applications. These strong qualities provide
STS with the power to make a difference in cancer treatment.
As mentioned previously, spectral tissue sensing technologies have been researched
for several oncological applications. The question is which applications at which point in
oncological care (e.g. prevention, screening, diagnosis, treatment, management, surveil
lance) have the greatest potential to contribute substantially to clinical decision making.
Application of STS in different stages of this process also demands different requirements
in order to provide useful input for clinical decision making. For example, a screening
application is likely to affect the entire care path of a patient. This can improve the prognosis
for the patient tremendously since successful early detection of cancer enables curative
treatment and hence, result in a considerable gain for the patient.[59] Unfortunately, the
implementation of early detection methods is also challenging since the information
provided by the new technology can alter the entire workflow of patient care as a
consequence. Introducing an end-of-line application on the other hand, will likely change
the procedure of cancer management less radically and by leaving the current workflow
intact the much needed clinical acceptance can be acquired faster.
Another important consideration when preparing a tool for clinical use is the tradeoff between sensitivity and specificity. Depending on the intended application, higher
sensitivity or specificity is desired. Furthermore, in order to optimize the diagnostic
performance, it may be necessary to adjust the decision threshold, based on the specific
type of patient studied. The same diagnostic tool may need different decision thresholds
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when used in high-risk patients (high disease prevalence) than when used as a screening
test in the general population (low disease prevalence).[30]
Ultimately, cost-effectiveness and the impact on procedure outcome are major impor
tant considerations for successful clinical application. It is crucial to view the expected
added clinical value of a new clinical method in the context of the evolving landscape of
medical practice (need for increased productivity and improved patient outcomes) and
the macroeconomic health care environment (cost constraints). From a clinical application
perspective, it makes sense to start with the development of applications that can be used
as adjunct tools to other established imaging modalities in oncology. Because STS can be
integrated into familiar clinical instruments, it could be easily adopted as an “add-on” to the
existing protocols with minimal impact on procedure flow. For instance, in the case of biopsy
guidance, STS can be used in conjunction with conventional imaging modalities thereby
exploiting the complementary strengths of each method. We anticipate that STS will also
find its way to clinical settings where no good tools exist today, especially in situations
where under-treatment has a significant negative impact. For example, in the case of guided
surgery, STS has the potential to influence “on-table” decision-making during treatment.
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OUTLOOK
Spectral tissue sensing research holds tremendous promise for the development of novel
diagnostic and therapeutic tools for many oncological applications. After a quarter century
of rapid advances, spectroscopic research has generated a rich body of ideas, insights, and
discoveries as well as the necessary technical improvements. As in all areas of medicine,
the maturation of an experimental, early-phase technological concept into a useful clinical
tool is a long and complex process usually involving many years of rigorous preclinical and
clinical testing and many setbacks and failures. The goal of this article is to raise awareness
among the optical community about some key challenges that should be acknowledged
in the process of translating STS technology towards the clinic, and thus contribute to the
clinical implementation of STS. In order to realize the potential of spectral tissue sensing,
there are still hurdles to overcome to bridge the gap between technological advances and
clinical practice. These issues are clearly surmountable although this does require effort from
the entire scientific, medical, and industrial community. Without any claim of completeness,
we highlighted various challenges faced by translational researchers as they move from
the proof-of-concept stage through the translational stage and into the clinical setting. We
believe that a broad-based, multidisciplinary effort and in-depth collaboration between
biomedical researchers and clinicians as well as the involvement of industrial partners with
a clear focus on a well-defined clinical problem can help to address these key challenges.
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Purpose: Recognition of the tumor during breast-conserving surgery (BCS)
can be very difficult and currently, a robust method of margin assessment for
the surgical setting is not available. As a result, tumor-positive margins, which
require additional treatment, are not found until histopathologic evaluation.
Methods: With Diffuse Reflectance Spectroscopy (DRS), tissue can be
characterized during surgery based on optical parameters that are related to
the tissue morphology and composition. Here we investigate which optical
parameters are able to detect tumor in an area with a mixture of healthy
and tumor tissue and hence which parameters are most suitable for intraoperative margin assessment. DRS spectra (400-1600 nm) were obtained from
ex vivo lumpectomy specimens from healthy, tumor border, and tumor tissue.
Results: The optical parameter related to the absorption of fat and water in
the Near-Infra Red (NIR) wavelength region provided the best discrimination
between healthy and tumor sites resulting in a sensitivity and specificity of
100%. Per patient, the F/W-ratio clearly decreased when the measurement
positions moved from grossly healthy tissue towards the tumor. A benefit of
using the NIR wavelength region is the absence of light absorption by blood,
making it more suitable for an intra-operative surgical application.
Conclusions: Based on the F/W-ratio, DRS produced a surgical resection
plane that nearly overlapped with a 2 mm rim of healthy tissue, 2 mm being
the most widely accepted definition of a negative margin. This work shows
the potential for DRS to guide the surgeon during breast-conserving surgery.

Abstract

Keywords: Diffuse Reflectance Spectroscopy (DRS), resection margins, breast
cancer, Near-Infrared (NIR)
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Patients with early-stage breast cancer can be treated with Breast-Conserving Surgery (BCS)
in combination with adjuvant radiation therapy. This results in long term survival comparable
to mastectomies, with the advantage of a better cosmetic outcome and a better quality
of life.[1, 2] A strict condition for successful BCS is the removal of the entire tumor with a
rim of healthy tissue, hence, the absence of positive resection margins.[3-10] Unfortunately,
BCS is often inadequate; 10-60% of patients treated with BCS require additional surgery
to obtain negative margins.[11-17] Remarkably, the definition of a negative margin differs
between institutions, ranging from 1 cm of healthy tissue around the tumor to no pathology
ink touching the tumor.[18-21] Although under debate, the most widely accepted safe
standard, currently used is a distance of 2 mm between the border of the tumor and the
resection margin.[7, 21]
To date, there are no robust methods to help the surgeon identify tumor tissue at
the resection margin during surgery. Intra-operative margin assessment by imprint cyto
logy and frozen section analysis can reduce the number of re-excisions[22-24], but both
techniques experience major disadvantages. They require additional operation time
and a skilled on-site pathologist to correctly interpret the results.[25, 26] In addition, the
reliability of imprint cytology is hampered by drying, cautery, and irregularity of the tissue
surface[9, 27]; while frozen section analysis damages the resection specimen and is prone to
artifacts and sampling errors[15, 28]. Besides these techniques, measurements of electrical
impedance can also be used to detect tumor tissue at the resection margin, as is done
with the MarginProbe® (Dune Medical Devices). Assessing resection specimens with this
technique and, in case of a positive reading, performing additional cavity shaving, 6% of
positive resection margins could be avoided.[29] However, this FDA-approved device has
not (yet) been researched for in vivo use.
An alternative for in vivo margin assessment may be the use of optically-based
techniques.[30-40]. One of these techniques is DRS, which measures the amount of
diffusely reflected light after it has undergone multiple scattering and absorption events
within the tissue. Each DRS spectrum, therefore, has a specific ‘optical fingerprint’ reflecting
the composition and morphology of the tissue within the probing volume. DRS has been
widely investigated for the purpose of margin assessment. Within the visible wavelength
region oxygen saturation[30, 36, 38], β-carotene[30, 36], and light scattering[30, 36, 38, 41]
have proved to be able to discriminate tumor tissue from healthy tissue. However, in this
wavelength range blood is one of the predominant absorbers. The blood that is present at
the tissue surface during surgery can hamper the reliability of intra-operative in vivo DRS
measurements based on the visible wavelength region. In the NIR wavelengths, absorption
of light by the blood is negligible, making this region more robust for an in vivo surgical
application.

3
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The first aim of this study was to determine the best optical parameters within the NIR
region that would allow intra-operative discrimination of healthy and malignant breast
tissue. Furthermore, previous research mainly focused on comparing measurements of
100% healthy locations with 100% tumor locations. However, at the resection border, the
probed tissue volume will likely contain a mixture of these tissue types. Therefore, the
second goal of this study was to investigate the ability of these optical parameters to detect
tumor at a margin where a mixture of healthy and tumor tissue is present. Such an ability
would enable finding an optimal surgical plane during breast-conserving surgery.

MATERIALS & METHODS
In the first part of the study, we investigated the performance of various optical parameters
in recognizing tumor tissue by obtaining DRS spectra from ex vivo lumpectomy specimens.
In the second part of the study, a custom-made grid was used to acquire DRS measurements
in a structured manner on a breast tissue sample of a mastectomy specimen, thereby
mimicking the use of DRS for potentially delineating a tumor. All measurements were
performed at the pathology department (Dutch Cancer Institute - Antoni van Leeuwenhoek)
with minimal interference in the standard pathology protocol. Lumpectomy specimens with
a tumor size > 1.0 cm were included. Specimens from patients with a radiological complete
or favorable response after neoadjuvant chemotherapy were excluded. The margins were
inked, the specimen was cooled and hardened in the freezer, and then sliced. One of the
slices (~5 mm thickness) containing both healthy tissue and tumor tissue was used for the
DRS measurements. Three classes of measurement sites were defined: healthy locations (>
1 cm from the tumor), border locations (at the edge of the tumor) and tumor locations (in
the middle of the tumor). These locations were chosen in consultation with a pathologist,
based on the macroscopic appearance of the tissue. At each measurement location, three
DRS spectra were obtained which were averaged for further analysis. To make a comparison
between patients, the locations with the same classification of one patient were averaged,
resulting in an average value for the healthy, border and tumor tissue for each patient.
Correlation with histopathology
The histology of the slices of the lumpectomy specimens from the first part of the study could
only be obtained by cutting the lumpectomy slices into separate sections for histological
staining because they were too large to fit in one cassette. Thus, multiple sections formed
the one measured slice of the lumpectomy specimen. To create one microscopic image of
the measured lumpectomy slice, the H&E sections of the sections were digitalized (Aperio
Scanscope, Leica Biosystems, Wetzlar, Germany) and merged (Adobe Photoshop CS5)
(Figure 1a). To correlate the measurement locations with histopathology, photographs were
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(a)

(b)

3

(c)

Figure 1. Procedure for matching the overview photograph (macroscopic image) with
histopathology (microscopic image). (a) Microscopic images of the sections. (b) Measurement
locations located on the overview photograph. (c) Matching the microscopic image with the
overview photograph which provides the histology of the measurement locations

taken of the probe at each measurement location, as well as one overview photograph of
the entire specimen. With these photographs, the measurement locations were marked
in the overview photograph (Figure 1b). The macroscopic overview photograph and
the microscopic image were matched enabling correlation with histopathology at the
measurement locations (Figure 1c).
Grid measurements
In the second part of the study, we wanted to acquire DRS spectra over a larger surface to
determine a potential resection line around the tumor tissue. To this end, the tissue sample
was placed in a cassette with the custom-made grid on top of it. The small holes in the grid
were the exact shape of the tip of the probe strictly defining probe positions and limiting
movement during the measurements. Once the measurements were done, the tissue
remained in the cassette and was fixated in the same position. This ensured an accurate
correlation of the histopathology with the measured spectra.
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Instrumentation
The light source in the measurement set-up was a broadband Tungsten halogen light. Two
spectrometers were used, one with a silicon detector resolving the visual light between
400 and 1100 nm (Andor Technology, DU420A-BRDD) and one with an InGaAs detector
resolving light in the NIR region from 800 to 1700 nm (Andor Technology, DU492A-1.7).[42]
The spectrometers were in contact with the tissue via an optical probe that was shaped
like a pencil with a blunt end to avoid damaging the tissue. The probe tip incorporating the
optical fibers was 1.75 mm in diameter with a distance between the emitting fiber and the
collecting fiber of 1.5 mm. The probing volume of this optical probe is approximately 1-3
mm3.
Fit model
The measured spectra were fit with an analytical model based on diffusion theory to
calculate the optical characteristics of the probed volume.[42-44] The analytical model
uses known absorption and scattering characteristics of substances present in the probed
volume to translate the measured spectrum into estimations of these substances. To this
end the absorption coefficients of oxyhemoglobin (HbO2), deoxyhemoglobin (Hb), fat,
water, β-carotene and collagen were provided as a prior knowledge to the model, resulting
in estimations of volumes (i.e. blood fraction, fat fraction, total volume of fat and water,
collagen fraction), oxygen saturation (StO2), β-carotene concentration, and the scattering
parameters (i.e. the reduced scattering coefficient at 800 nm (s800), Mie scattering (fmie)).
The absorption coefficients of fat and water were not included separately in the formula
for total absorption to avoid covariance since both substances absorb light over the same
wavelength range. Instead, the two were combined in the total volume of fat and water
(Fat+Water) and the fat fraction in that volume (Fat/(Fat+Water)) resulting in a more stable
fit.[42] From these optical parameters the fat percentage and water percentage was derived
and by dividing the fat percentage by the water percentage the ratio between the two was
calculated (F/W-ratio).
To account for light absorption by the Patent blue dye that was injected peri-tumorally
in some patients, the absorption coefficient of Patent blue was also included in the fit. For
the same reason, the absorption coefficients of red, yellow, and blue pathology ink (Electron
Microscopy Sciences Tissue Marking Dyes, Hatfield, Pennsylvania, USA.) were included in
the fitting process, although areas with ink were avoided some small spots may have still
been present at the measurement locations.
Statistics
Tumor tissue and healthy breast tissue were compared for each optical parameter using a
generalized estimating equation (GEE) method which accounts for the correlation between
multiple measurements obtained from one specimen.[45] To represent the within-patient
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dependencies a correlation matrix was used which assumed all pairwise correlations to
be equal. It was furthermore assumed that the parameters were normally distributed. The
analyses were performed in Matlab software (MATLAB R2014a) using the GEEQBOX toolbox
and p-values smaller than 0.01 were considered significant.

The first goal of this study was to determine which optical parameters provided the best
discrimination between healthy tissue and tumor tissue with a special emphasis on the
optical parameters in the NIR region. A total of 16 specimens were analyzed which resulted
in 169 different locations used for analysis; 42 locations were from healthy tissue, 25 locations
from tumor tissue, and 102 locations from the border of the tumor.
First, a collective analysis was performed, comparing all the healthy locations with tumor
locations. In Figure 2 the total absorption of light in healthy and tumor tissue over both the
visible and NIR wavelengths is displayed. This figure also depicts the wavelength regions
where the absorption by blood (HbO2 & Hb), fat and water take place. The lower wavelengths
are predominantly influenced by absorption through blood, while the higher wavelengths
are predominantly influenced by absorption through fat and water. For intra-operative
use of DRS, contamination of blood at the resection margin will impair the reliability of the
visual wavelengths making the NIR region more suitable for this application. In addition, the
differences between healthy and malignant tissue are clearly more profound in the higher
wavelengths which further emphasizes the preference for parameters such as water and fat
in the NIR wavelength region.
The best discrimination between normal and tumor tissue was obtained for the optical
parameters, F/W-ratio (p < 1.0*10 -7); Mie scattering (p = 1.3*10 -7) and StO2 (p = 0.004).
(Figure 3) The p-values of the other parameters were higher and therefore not significant;
β-carotene (p = 0.23), blood (p = 0.13), scattering at 800 nm (p = 0.12), and collagen (p = 0.02).
The best performing optical parameter was F/W-ratio, proving that fat and water content
differ the most between healthy and malignant tissue.
The F/W-ratios of all healthy and tumor locations are depicted in Figure 4. All the F/Wratios of the healthy locations were higher than 1, whereas all the F/W-ratios of the tumor
locations were lower than 1. Thus, by calculating the ratio of fat divided by water, tumor
tissue can be separated from normal tissue with a sensitivity and specificity of 100% if F/Wratio < 1 is used as a threshold.
Subsequently, in a per-patient analysis, the measurements obtained at the border of the
tumor were included. Figure 5a displays the average F/W-ratio of each tissue class for each
specimen. The F/W-ratio of healthy tissue varied considerably between specimens. However,
more importantly in nearly every specimen the F/W-ratio clearly decreased when moving

3
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Figure 2. The green and red lines represent the total absorbance of light in healthy and tumor
tissue with their 95 % confidence intervals. The data are normalized at 800 nm. The insets show
the known absorption coefficients that are included in the fit model. The left grey area (within
the visible wavelength region) indicates the part of the spectrum influenced by the presence of
blood substances, β-carotene, and collagen, the right grey area (within the NR wavelength region)
displays the wavelengths influenced by the presence of fat, water, and also collagen.

from grossly healthy tissue, across the tumor boundary, to the tumor. In only two specimens
(12.5%) the F/W-ratio of the border locations was slightly higher than in the healthy locations.
To account for inter-patient variability the F/W-ratio was scaled by setting the F/W-ratio in
healthy tissue to 1. (Figure 5b) The F/W-ratio of the border locations of the two specimens
that did not decrease have a scaled F/W-ratio higher than 1. All other scaled F/W-ratios of
the border sites are below a value of 0.58. For further analysis, this value was accepted as the
threshold for distinguishing where healthy tissue starts to mix with tumor tissue.
In the second part of the study, we investigated if it was possible to construct a safe
surgical plane, based on the DRS measurements. To this end, 55 locations were measured
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Figure 3. Boxplots with healthy and tumor locations for the significant optical parameters: Fat/
Water ratio (a), Mie scattering (b), and oxygen saturation (c).
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Figure 4. Bar graph displaying F/W-ratio of all healthy and tumor locations. The blue line represents
a F/W-ratio of 1. The F/W-ratio of all normal locations is higher than 1, whereas the F/W-ratio of all
tumor locations is lower than 1 (sensitivity and specificity of 100 %).

on a tissue sample using the custom-made grid. In Figure 6 the histology image is overlaid
with dots depicting the scaled F/W-ratio of all measurement locations. Due to an artifact
in the H&E section, histology of one location is not available (grey dot). The dots with a
scaled F/W-ratio > 0.58 are colored green, locations with a F/W-ratio < 0.58 are colored
in shades ranging from green to orange to red depending on the F/W-ratio. The red dots
correlate to the area where tumor tissue is present in the microscopic image; the dots that
are colored orange-yellow are located at the border of the tumor. At the orange-yellow
locations, according to the microscopic image, a mixture of healthy tissue and tumor tissue
is present. The difference in scaled F/W-ratio between absolutely healthy breast tissue and
absolutely tumor tissue was considerable as should be noted from the bar graphs in Figure
6. Out of 54 measurement locations with available histology, the F/W-ratio of four dots did
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Figure 5. The average ratios of each specimen (n = 16) plotted per tissue type (a). In the right graph
(b), the average ratios are scaled the F/W-ratio in healthy tissue to 1. The blue line represents a
threshold of 0.58.
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Figure 6. Overview of grid measurements. The colors of the dots in the H&E section (a) correspond
to the measurement ratio of fat/water. The 2-mm zone around the tumor is depicted with the black
line. The dotted line displays where the surgical plane would have been if DRS would have been
as a guide. Two dots marked with the asterisk have yellow/orange color but are located in an area
suspected for tumor. The two orange dots that are situated in healthy tissue are marked with a
hashtag. Histopathology is not available for one location (grey dot) due to the artifact in the H&E
section. The profile of the measurement within one line, marked with a number, is displayed on the
right (b). In the right bottom (c), the cassette with the grid is depicted.
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not completely match with the underlying tissue (7.4%). There are two orange dots located
in an area suspected for tumor (marked with an asterisk) and two orange dots seem to be
situated in healthy tissue (marked with a hashtag). By connecting the dots with a scaled
F/W-ratio ≥ 0.58 a surgical plane was defined that should be safe according to the DRS
measurements (black dotted line). The black solid line depicted in the image represents
the most widely used definition of a negative margin (2 mm). In theory, avoiding this area
can prevent a positive resection margin. The potential surgical plane indicated by DRS is in
accordance with the commonly used definition of a safe surgical plane, or slightly exceeds
this 2 mm zone as shown in Figure 6.

3

DISCUSSION
Adequate in vivo intraoperative margin assessment during BCS is still not widely available.
This makes it difficult for surgeons to judge the most optimal surgical plane. Both, the need
for re-excision in the case of a positive resection margin and resecting more tissue than is
strictly necessary, have a negative result on the cosmetic outcome. Several research groups
have shown the feasibility of DRS in discriminating healthy and tumor tissue, thus, making it
a good candidate for margin assessment. Here we bring the technology one step closer to an
intra-operative clinical application by investigating the best performing optical parameters,
with special emphasis on the NIR region, and their behavior around the boundary of the
tumor. Previous research by our group reported that based on their absorption peaks
in the higher NIR wavelength region, fat and water can be quantified by measuring a
wavelength range up to 1600 nm.[42, 44] Since healthy breast tissue is fattier compared to
tumor tissue and tumor tissue contains more water probably due to biological processes
(increased metabolic activity, vascularization, necrosis or inflammation) DRS was expected
to discriminate healthy breast tissue from tumor tissue. Indeed, the F/W-ratio discriminated
healthy tissue from tumor tissue with a sensitivity and specificity of 100%, making it the
best performing parameter. Previous papers, which were limited to the visible wavelength
region, reported other optical parameters (scattering, β-carotene, and hemoglobin) to
provide the best discrimination.[30, 36, 38]. In the present study differences in absolute
absorbance between healthy and tumor tissue were seen both in the wavelength region
between 400-650 nm, related to light absorption through hemoglobin and β-carotene, as
well as in the wavelength range between 1000-1600 nm, related to the presence of fat and
water. The absorbance difference in the NIR wavelength region was larger, which explains
why the F/W-ratio was the best performing parameter. Our results, based on the absorption
of fat and water in the NIR wavelength region, are in line with publications by other groups
like Laughney et al. in which spatial frequency domain imaging with NIR wavelengths was
performed[41], and Taroni et al. in which DRS spectra were measured up to 1100 nm[46].
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An advantage of using the NIR wavelength region over the visible wavelength region is the
absence of light absorption through blood. Especially in an intraoperative setting, visual
wavelengths can be impaired by the contamination of blood on the resection surface
making the F/W-ratio more suitable for a surgical application.
The average healthy F/W-ratios of the lumpectomy specimens varied. This is related to
the heterogenic nature of healthy breast tissue.[36] However, in all measurements going
from healthy to tumor tissue, a decreasing trend in the F/W-ratios was clearly present in all
specimens. The F/W-ratio measured in tumor tissue was for each specimen less than the F/Wratio measured in the healthy locations. With respect to the border locations, only two cases
had a higher F/W-ratio compared to the F/W-ratio of the healthy locations. A more detailed
look at the histopathology of these two specimens revealed that multiple border locations
contained > 90% fat. The registration of the overview photograph and the histopathology
image may have been not absolutely perfect in these cases, and consequently, the volumes
measured at these locations contained only healthy tissue thus explaining the high F/Wratio.
Since there is considerable variance in the F/W-ratio of healthy tissue between patients,
setting a threshold for the F/W-ratio which is applicable in all patients may not be possible.
Therefore, these ratios should be scaled using the F/W-ratio of healthy tissue as a reference.
In practice, for an intra-operative setting, this will not be an obstacle since the surgeon is
able to measure some healthy locations, determining a patient-specific reference, before
assessing the margin.
In the second part of the study, measurements were obtained with a grid in a very
controlled setting, providing the highest possible accuracy for matching with the histo
pathology. In Figure 6 a comparison was made between a 2 mm surgical demarcation zone,
regarded as safe according to current surgical standards, and the plane as indicated by the
DRS measurements of the scaled F/W-ratio. The line indicated by the DRS measurements
nearly overlaps with the 2 mm zone around the tumor and more importantly does not
touch the tumor anywhere. This suggests the ability of DRS to indicate a safe surgical margin
based on the fat and water content of the tissue.
Contrary to margin assessment techniques currently used in the operating room, DRS
cannot detect individual tumor cells because the changes in optical spectra caused by a few
random tumor cells in the probed volume are too subtle. However, the need for detecting
individual cells in order to improve patient care is debatable. First, because adjuvant therapies
which are part of the current standard of care will tackle small deposits of tumor cells; and
second, aiming for resection of random tumor cells will lead to sacrificing additional healthy
tissue, thus deteriorating cosmetic outcome. Current guidelines prescribe that re-excision
is indicated for positive resection margins, defined as tumor touching ink over an area of 2
mm or more. Furthermore, a 2 mm rim of healthy tissue around the tumor is recommended
to obtain a negative surgical margin. Here we prove that DRS can discriminate tumor tissue
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from normal tissue thereby detecting resection margins that are considered positive.
Moreover, DRS can recognize the tumor border helping to guide the surgeon in placing the
resection at a safe distance from the tumor to obtain negative resection margins without
resecting more healthy tissue than needed.
In this study, we explored the NIR wavelength region for tissue discrimination in breast
cancer. It was observed that absorption related to fat and water content in the NIR region
provided the best discrimination between tumor tissue and healthy breast tissue. Using the
NIR wavelengths reduces the influence of light absorption by blood making the technique
more suitable for in vivo use during surgical procedures. We demonstrated that the scaled
F/W-ratio can detect relative changes that are related to the presence of tumor near the
potential resection border of the tumor. In this way, DRS shows the potential to guide
surgeons during breast-conserving surgery. Further studies should concentrate on the
robustness of the technique in general practice.
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Successful breast-conserving surgery consists of complete removal of the
tumor while sparing healthy surrounding tissue. Despite currently available
imaging and margin assessment tools, recognizing tumor tissue at a resection
margin during surgery is challenging. Diffuse reflectance spectroscopy (DRS),
which uses light for tissue characterization, can potentially guide surgeons
to prevent tumor-positive margins. However, inter-patient variation and
changes in tissue physiology occurring during the resection might hamper
this light-based technology. Here we investigate how inter-patient variation
and tissue status (in vivo vs ex vivo) affect the performance of the DRS optical
parameters. In vivo and ex vivo measurements of 45 breast cancer patients
were obtained and quantified with an analytical model to acquire the optical
parameters. The optical parameter representing the ratio between fat and
water provided the best discrimination between normal and tumor tissue,
with an area under the receiver operating characteristic curve of 0.94. There
was no substantial influence of other patient factors such as menopausal
status on optical measurements. Contrary to expectations, normalization
of the optical parameters did not improve the discriminative power.
Furthermore, measurements taken in vivo were not significantly different
from the measurements taken ex vivo. These findings indicate that DRS is a
robust technology for the detection of tumor tissue during breast-conserving
surgery.

Abstract

Keywords: Spectroscopy, Fiber optics, Tissue characterization.
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There is an unmet clinical need for intra-operative detection of tumor deposits on resection
margins during breast-conserving surgery. Presently, surgeons still have to rely on their
visual and tactile abilities when determining the optimal resection plane. Since tumor tissue
in the breast is difficult to feel or see, the surgeon’s capability to distinguish tumor tissue
from normal tissue during surgery is often compromised. Leaving tumor tissue behind
during surgery will increase the chance of developing local recurrence, and for this reason,
in patients with tumor-positive resection margins additional measures such as re-excision
or boost radiation therapy may be indicated. On the other hand, removing too much
normal breast tissue will impair the cosmetic outcome. To guide the surgeon in this delicate
balance, several margin assessment techniques are currently available. Traditionally used
microscopic techniques, such as frozen section analysis and imprint cytology, however,
proved to have limited accuracy [1]. Imaging methods, like intra-operative ultrasound,
decrease the number of positive resection margins but still lack sensitivity for small tumor
deposits [2]. A recently introduced margin evaluation tool is the MarginProbe® (DUNE
Medical Devices, Paoli, PA, United States), which uses radiofrequency spectroscopy for
positive resection margin detection. Currently, this technology is under evaluation for more
widespread intraoperative use during breast-conserving surgery (BCS). First results indicate
that with this device the number of re-excisions decreases although also larger volumes of
tissue are resected [3, 4].
In an attempt to characterize tissue and perform margin assessment, optical tech
nologies such as Raman spectroscopy [5, 6], fluorescence spectroscopy [7], optical coherence
spectroscopy [8], and diffuse reflectance spectroscopy (DRS) [9-12], have been investigated.
These optical technologies build on the principle of measuring optical responses, which are
influenced by the structure and composition of the underlying tissue. Specifically, DRS with
its ability to perform near real-time tissue characterization of tissue volumes of several mm3,
without the need for exogenous contrast agents, seems a suitable candidate for margin
assessment during breast-conserving surgery.
Much of the previously published data demonstrates the potential of DRS to discrimi
nate normal tissue from tumor tissue with high sensitivity (74-79%) and specificity (7893%). However, many of these studies have been conducted in a well-controlled ex vivo
setting which does not necessarily resemble intra-operative circumstances when trying to
discriminate normal tissue from tumor tissue in an individual patient.
One of the challenges that need to be addressed is the non-uniformity of breast
tissue both in an individual patient and between patients. In previous publications, the
heterogeneity of normal breast tissue is reported to range between 20%-40% for absorption
(μa) and 5%-20% for scattering (μs) [13, 14]. Besides this intra-subject variation, also intersubject variation is present in optical measurements of breast tissue [15, 16]. Various publica
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tions report on the influence of menopausal status on breast tissue, many of them indicating
that breast tissue of pre-menopausal women has higher scattering values, water content,
and concentrations of hemoglobin in comparison to post-menopausal women, whereas
in the post-menopausal group lipid content is reduced [13, 14, 17, 18]. Furthermore, large
inter-subject variation is found [19]. Such inter-patient variation could negatively affect the
potential of optical DRS parameters to discriminate normal tissue from tumor tissue.
Another challenge may be the physiological differences between in vivo and ex vivo
measurement. Due to the loss of blood flow and exposure to air, tissue physiology will be
different in resected tissue. Such phenomena could impair optical parameters, especially
those that are related to blood, thereby hindering one-on-one translation of ex vivo results
to an in vivo setting [20, 21].
Both aspects, the inter-patient variation and changing physiology during the resection
of the tissue, can hamper the use of optical spectroscopy for the detection of tumor tissue
at a resection margin during breast-conserving surgery. To further investigate whether
these aspects could hamper future clinical implementation of DRS in BCS we evaluated the
optical parameters derived from the DRS measurements for the discrimination of normal
tissue from tumor tissue and assessed the influence of inter-patient variation. Furthermore,
we explore the potential of data normalization to diminish this phenomenon. Finally, we
examined the influence of tissue status (in vivo vs ex vivo) on the optical measurements to
investigate if the physiological changes occurring in tissue during surgery impede the use
of DRS as an intra-operative tool.

MATERIALS & METHODS
Spectroscopy system
The optical system used for the spectroscopic measurements consisted of a broadband
light source and two spectrometers for 1) the visual wavelength region (Andor Technology,
DU420A-BRDD), and 2) the near-infrared wavelength region (Andor Technology, DU492A-1.7).
The spectrometers and light source were controlled on an attached laptop with LabView
and allowed measuring diffuse reflectance spectra between 400 and 1600 nm [22]. The
measurement set-up was approved for use in the operating theater. The measurements
were obtained through a beveled optical needle (18°) with a fiber distance of approximately
0.17 cm between the illuminating and collecting fiber at the tip of the needle (Figure 1). This
needle allows to obtain optical data of tissue volumes of a few mm3.
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Figure 1. Schematic image of data acquisition. A cannula with the optical needle is placed in
normal tissue to acquire spectra at the first measurement location (a) and subsequently at the
second measurement location (b). Afterward the second measurement location is marked with
a twistmarker (c). The optical needle is then again introduced to obtain measurements of tumor
tissue (d & e) and similarly, the second tumor measurement is marked with a twistmarker (f).

Data acquisition
Female patients diagnosed with an invasive carcinoma or in situ carcinoma, ductal or lobular,
were included. The Medical Ethics Committee of the Netherlands Cancer Institute – Antoni
van Leeuwenhoek approved the study and all patients signed informed consent.
Under ultrasound guidance, a coaxial 15/14G needle cannula (Invivo, Schwerin, Ger
many) was placed at the first measurement location. Through the cannula, the optical
needle was inserted to collect in vivo measurements of non-malignant tissue at a distance
of a few centimeters from the tumor. Once data acquisition at the first location had finished
the cannula and the optical needle were moved forward to the second measurement
location in normal tissue. After the spectra of the second measurement location had been
acquired, the optical needle was retracted and through the same cannula, a twistmarker
(BARD GmbH, Karlsruhe, Germany) was inserted to mark the second measurement location.
Next, the optical needle was introduced a second time and the tip of the cannula and
optical needle were positioned in the tumor. Similar to the measurements in normal tissue,
two tumor locations were measured followed by the insertion of a second twistmarker
(Figure 1). During the histopathologic evaluation, the pathologist, who was blinded for the
outcome of the spectroscopic measurements, sampled tissue around the twistmarkers to
confirm histopathology at the measurement locations (twistmarker verification). However,
to facilitate straightforward correlation between histopathology and the measurement
locations the study protocol was amended halfway allowing biopsies to be taken from the
measurement locations (biopsy verification). Needle biopsies were obtained of the second
normal measurement location and the second tumor measurement location.
Once the specimen was resected, the ex vivo measurements were obtained, using
ultrasound to guide needle placement in normal and tumor measurement locations.
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Data processing
The obtained spectra were quantified with an analytical model that was derived from the
diffusion theory and has been described extensively in previous publications [22, 23]. In
short, the acquired optical spectra of tissue and absorption spectra of known absorbers
in the breast are provided as input to the model which uses a Trust Region algorithm to
translate the obtained spectra into estimations of optical parameters (Matlab 2015a). Optical
parameters evaluated by the model were; blood (%), oxygen saturation (%), scattering at
800 nm (cm-1), fraction Mie scattering, β-carotene concentration, collagen fraction, fraction
of fat ([fat]/([water] + [fat])), and total volume of water and fat ([water] + [fat]). The latter two
were used to calculate the ratio between fat and water (F/W-ratio).
The spectra with more than 20% blood or more than 10% patent blue according to the
fit results were excluded. More than 20% blood indicates pooling of blood around the tip
of the optical needle whereas patent blue, a dye injected peritumoral for sentinel node
detection, may confound data analysis even when included in the fitting model.
Analysis
Each optical parameter was modeled using the Generalized Estimating Equation (GEE)
with clustering of all measurements obtained in the same individual subject and assuming
equicorrelated structure of the covariance matrix for correlated measurements. This
GEE method allows taking into account relations within individual measurements when
assessing the association between optical parameters and covariates [24]. The GEE model
evaluates a certain optical parameter by comparing two instances (e.g. normal vs tumor
or in vivo vs ex vivo) while fixing all other covariates. For each optical parameter, the model
returns a β-value and a p-value indicating significance. The β-value reflects the change
of the optical parameter comparing the two instances. In example, a β-value of 10 of the
optical parameter blood in the comparison of normal tissue with tumor tissue means that
the average percentage blood increases with 10% between the measurements in normal
tissue and the measurements in tumor tissue. Visa versa a negative β-value indicates a
decrease. For each optical parameter, the β-values for the covariates can be compared.
Covariates included in these models were; ‘Tissue Type’ (normal or tumor tissue);
‘Histological verification method’ (twistmarker or biopsy); ‘Tissue Status’ (in vivo or ex
vivo); ‘Menopausal Status’ (pre- or post-menopausal); ‘Chemotherapy’ (neo-adjuvant
chemotherapy or not); and ‘Hormonal Therapy’ (neo-adjuvant hormonal therapy or not).
Both neo-adjuvant chemotherapy and hormonal therapy were provided as covariates to the
model because in literature effects of these treatments are described for both tumor tissue as
well as non-tumor bearing breast tissue [25-30]. Patients who were peri-menopausal (n = 7)
were included in the pre-menopausal group. A p-value of 0.05 or smaller was considered
significant; all analyses were performed using Matlab R2015a software.
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Table 1. Patient characteristics

Mean age (SD)
Menopausal status
Previous treatment

Invasive carcinoma

Biopsy verification

(n = 25)
55.9 year (8.5)
13
12
4
1
21
23*
3*

(n = 20)
58.3 year (12.1)
6
14
5
2
17
17
3

in one patient histopathological evaluation showed a mixture of ductal and lobular carcinoma in situ.

For all optical parameters that were significant in the GEE analysis, median values were
calculated at each measurement location and used to evaluate ROC curves and associated
95% confidence intervals in MedCalc. For calculation and comparison of the ROC, the
methodology as described by DeLong et al. was used. [31]
To nullify the potential influence of inter-patient variation and thereby improve the
discriminative power of the optical parameters, the optical measurements were normalized
by using the patient as her own reference. Normalized data was computed by dividing the
measurements from a certain location with the median of all the normal measurement of
the same patient.

4

*

Pre
Post
Chemotherapy
Hormonal therapy
None
Ductal
Lobular

Twistmarker verification

RESULTS
Table 1 lists the characteristics of all patients (n = 45) used for analysis. Across these patients,
1394 DRS spectra were obtained from 263 locations. The coefficient of variation of the
spectra at a measurement locations was <25% for 82% of the measurement sites.
Measurement were obtained of normal tissue in vivo (n = 85 locations), normal tissue ex
vivo (n = 73 locations), tumor tissue in vivo (n = 60 locations) and tumor tissue ex vivo (n = 45
locations). In incidental cases, the tumor could not be clearly identified in the ex vivo setting
and in some cases, fewer measurements were obtained due to time restraints in the ORschedule.
The β-values calculated in the GEE analysis are displayed in Table 2, in which the scorings
of each covariate can be compared with each other for each optical parameter.
It is shown that the parameters F/W-ratio, β-carotene, blood, scattering at 800 nm, and
fraction Mie scattering, significantly varied between tissue types (first column of Table 2).
The optical parameters blood and scattering at 800 nm were higher for tumor tissue
measurements than for normal tissue measurements. Conversely, F/W-ratio, β-carotene,
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Table 2. β-values of the covariates in the GEE analysis. An asterisk indicates significance.
Parameter
F/W-ratio
β-carotene (μM)
Blood (%)
Scat. 800 nm (cm-1)
Mie scat. fraction
Collagen (μM)
StO2 (%)

Tissue Typea
-9.11*
-4.37*
3.06*
9.19*
-0.08*
0.04
-2.12

Menopausal
Statusb
1.56
-0.93
0.36
-3.85
-0.01
-0.02
-6.21

Chemotherapyc
-1.25
0.69
-0.33
0.43
0.01
-0.02
1.79

Hormonal
Therapyc
-3.17*
1.07
-0.76
-1.37
-0.09*
0.03
4.69

Verification
methodd
-2.40*
-1.36
-0.21
3.07
0.03
0.03
6.55

Tissue
Statuse
0.86
0.90
0.14
-0.31
-0.01
-0.03
-5.92

Comparing tumor tissue to normal tissue, bComparing postmenopausal measurements to premenopausal measurements,
Comparing neo-adjuvant therapy to no neo-adjuvant therapy, dComparing biopsy verification to twistmarker verification,
e
Comparing ex vivo measurements to in vivo measurements.
a
c

and fraction Mie scattering were higher for normal tissue than for tumor tissue. Other optical
parameters, StO2, and collagen, were not significantly different between normal tissue and
tumor tissue.
There were no significant differences between the optical measurements obtained in
pre-menopausal and post-menopausal patients (second column Table 2).
F/W-ratio and Mie scattering fraction were significantly different comparing patients
with hormonal therapy to those without hormonal therapy. However, the groups of patients
who received neoadjuvant chemotherapy (n = 9) or hormonal therapy (n = 3) are small.
The comparison between the two verification methods (twistmarker or biopsy) was
only significant for the F/W-ratio (fifth column Table 2), suggesting that measurements in the
biopsy study were less fatty and/or contained more water. A more detailed analysis of the
data revealed that the difference in F/W-ratio between the studies was mainly induced by
the measurements of normal tissue. No specific reason for this difference could be identified.
Figure 2 illustrates the medians of all measurement locations obtained in an in vivo and
ex vivo setting, represented as a boxplot as well as a scatter plot and obtained for the optical
parameters that were significant in the GEE analysis. These graphs capture differences
between the normal and tumor measurements but also demonstrate that there is variation
in the measured values.
To evaluate the true potential of the optical parameters in this dataset to discriminate
normal tissue from tumor tissue the Receiver Operator Characteristic (ROC) curves and
corresponding Area Under Curve (AUC) values were calculated for the optical parameters
that were significant in the GEE analysis (Figure 3). The F/W-ratio was able to discriminate
normal tissue from tumor tissue with the highest value of the AUC of 0.943. The AUC values
for β-carotene, blood, scattering at 800 nm and fraction Mie scattering were 0.824; 0.746;
0.715; and 0.679 respectively.
The data was normalized in an attempt to limit the influence of inter-patient variation.
The ROC curves of the normalized data are depicted in Figure 4. Similar to the absolute data
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Figure 2. Boxplot and scatter plot of the five parameters that were significant in the GEE analysis
(F/W-ratio (a), β-carotene (b), blood (c), scattering at 800 nm (d), and fraction Mie scattering (e)). The
figures comprise the medians from all measurement locations categorized based on the type of
tissue (normal or tumor) and tissue status (in vivo or ex vivo).
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Figure 3. ROC curves of the optical parameters that were significant in the GEE analysis (F/W-ratio
(a), β-carotene (b), blood (c), scattering at 800 nm (d), and fraction Mie scattering (e)). The dotted
lines around the ROC represent the 95% confidence intervals.

80

80

80

60
40
20
0

Sensitivity

(c) 100

Sensitivity

(b)100

Sensitivity

(a) 100

60
40
20

0

20

0

40 60 80 100
1- Specificity

0

80
Sensitivity

80
Sensitivity

(e) 100

40
20
0

20

40 60 80 100
1- Specificity

20

40 60 80 100
1- Specificity

0

20

40 60 80 100
1- Specificity

β-Carotene
AUC = 0.826

60

Blood
AUC = 0.751

40

0

0

F/W-ratio
AUC = 0.951

20
0

40
20

(d) 100

60

60

Scattering at 800nm
AUC = 0.752

0

20

40 60 80 100
1- Specificity

Fraction Mie scattering
AUC = 0.647

Figure 4. The ROC curves of the normalized data of the optical parameters (F/W-ratio (a), β-carotene
(b), blood (c), scattering at 800 nm (d), and fraction Mie scattering (e)). The dotted lines represent
the 95% confidence intervals.
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Figure 5. The F/W-ratio ROC curves of the in vivo measurements (green) and the ex vivo
measurements (red). The dotted lines represent the 95% confidence interval.

the F/W-ratio was the best discriminator in the normalized data with an AUC of 0.951. All
other optical parameters performed slightly worse with AUCs of; 0.826 (β-carotene); 0.751
(blood); 0.752 (scattering at 800 nm); and 0.647 (fraction Mie scattering).
The AUCs of the absolute data and the normalized data were compared in MedCalc with
a ROC comparison method [31], to investigate the benefit of normalization. The p-values for
the comparison between the absolute data and the normalized data were; 0.68 (F/W-ratio),
0.96 (β-carotene), 0.91 (blood), 0.43 (scattering at 800 nm) and, 0.53 (fraction Mie scattering);
indicating that there were no significant differences between the AUC of the absolute data
and the normalized data.
Since tissue status (in vivo or ex vivo) could potentially be a confounding factor in the
discrimination between normal tissue and tumor tissue this variable was also included in
the GEE analysis. The sixth column of Table 2 comprises the results for the comparison
between the in vivo and ex vivo data and presents no significant differences in all the optical
parameters. As can be seen in Figure 5 the ROC curves and the 95% confidence intervals
of the in vivo and ex vivo data of the F/W-ratio almost entirely overlap (p-value: 0.20) which
confirms that discriminative power is not significantly different between the in vivo and ex
vivo data.

DISCUSSION
In this study, we investigated the usability of optical spectroscopy for margin assessment
during breast-conserving surgery by evaluating the discriminative power of optical
parameters for tissue differentiation between normal breast tissue and tumor tissue. In this
evaluation, we took in consideration confounding factors such as menopausal status (pre69
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or post-menopausal), previous treatments (neo-adjuvant chemotherapy/hormonal therapy
or not), verification method (twistmarker or biopsy) and tissue status (in vivo or ex vivo) that
might have an influence on the optical parameters. ROC-curves were calculated of those
optical parameters that were significant in the GEE analysis to consider the true potential to
discriminate normal tissue from tumor tissue in this dataset. Additionally, the focus was on
the effect of data normalization to improve discriminative power of the optical parameters,
as well as on the effect of a change in tissue status (from in vivo to ex vivo).
The optical parameter F/W-ratio provided the best discrimination between normal
tissue and tumor tissue in this study, which is in line with previously published results [32,
33]. Other optical parameters, i.e. β-carotene, blood, scattering at 800 nm and fraction Mie
scattering displayed significance in the GEE analysis and revealed AUC values in ROC curves
between 0.647 and 0.826. This demonstrates that these optical parameters have some
potential to discriminate measurements of normal tissue from measurements of tumor
tissue but are less distinctive than the F/W-ratio.
Experience learned that sometimes the twistmarker was difficult to find for the
pathologist. To avoid problems, the measurement protocol was amended and thereafter
biopsies were taken from measurement sites. The influence of this alteration in protocol
was assessed by incorporating verification method as a covariate in the GEE analysis. Except
for F/W-ratio, all optical parameters were comparable between data acquired in the two
protocols. Since the significant difference between the twistmarker verification and the
biopsy verification was only present in the measurements of normal tissue, we hypothesize
that the density of the breast tissue of the women in the biopsy study might have been
higher compared to the density of those women in the twistmarker study despite their
comparability in age (Table 1).
Menopausal status, although highly correlated with involution of glandular tissue in the
breast, did not significantly influence our results, similar to the results of Pogue et al [19].
Potentially this is caused by the fact that, although involution of glandular tissue is correlated
to menopausal status this does not necessarily imply that post-menopausal women cannot
have dense breast tissue. Stomper et al. reported a parenchymal breast density of >50% in
26% of cases in a group of women aged 55 years and above. [34]
We included both neo-adjuvant chemo- and hormonal therapy in the analysis since
previous research found an influence of these therapies on the optical characteristics of both
the normal breast tissue and tumor tissue. Whereas F/W-ratio and fraction Mie scattering
were correlated with previous hormonal therapy, previous chemotherapy did not affect
any of the optical parameters. The number of patients in both groups was small and any
definitive conclusions on the influence of neo-adjuvant therapy on optical measurements
cannot be drawn from these numbers. It should be noted that the primary goal of this
study was not to assess the influence of menopausal status or neo-adjuvant therapy on
the optical parameters as these factors were only included to control the differences in
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optical parameters between normal and tumor tissue. In other words, incorporating them
as covariates in the GEE analysis ensured the potential influence of these factors was not
falsely attributed to optical differences between normal and tumor tissue. In other studies,
also BMI and breast density information were used in covariate adjustment [35], however,
for the patients included in this study, this information was not available. In future studies,
we will record both BMI and breast density for all patients.
To improve the discriminative power of the optical parameters and nullify the influence
of inter-patient variation we normalized the individual patient data. Previous work by our
group used a similar approach and found an increase in both sensitivity and specificity in the
individual patient data analysis compared to the cohort data analysis [33]. However, in this
research, a Classification and Regression tree (CART) algorithm with Leave-One-Out (LOO)
cross-validation was used which can be prone to biased parameter selection resulting in
improved sensitivity and specificity that is not necessarily associated with differences in optical
characteristics of normal tissue and tumor tissue. In the current study, the measurements
were normalized by dividing them with the average value of normal tissue of the patient, the
CART classification was omitted, and instead, ROC curves were calculated and compared. In
contrast to what was expected, the normalization step did not improve or deteriorate the
ability of any of the optical parameters to discriminate normal tissue from tumor tissue. This
could suggest that the influence of inter-patient variation is negligible in this dataset since
otherwise, the normalization step would have improved the discriminative power. However,
potentially not only inter-patient variation but also intra-patient variation influences the
optical measurements since the composition and structure of breast tissue types in each
individual may vary as well. The performed normalization step did contribute to diminishing
the influence of inter-patient variation but did not fully address the heterogeneity observed
in tissue types of an individual patient, which might be a more important factor. Although
research by Taroni et al. concludes that the optically derived parameters of a single point
time-resolved measurement at a central position in the breast are comparable to a full
scan of the breast [35], this probably did not apply to the measurements in this research.
Presumably the fact that the measurement volumes of a single measurement in the study
of Taroni et al. were much larger compared to the probed volume in this study can explain
why in the current study using a single measurement as a reference could not account for all
intra-patient variation. Obtaining measurements on a number of sites might be necessary to
address the intra-patient heterogeneity with our optical measurement set-up.
As for tissue status, measuring in vivo or ex vivo did not result in significantly different
measurements for any of the optical parameters. The ROC curve and confidence intervals of
the F/W-ratio of the in vivo measurements overlap with those of the ex vivo measurements
indicating that this optical parameter had the same outstanding performance in both
settings. A direct one-on-one comparison of the in vivo with ex vivo measurements could,
however, not be performed since the sites measured ex vivo on the tissue sample were not
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exactly the same as the locations of the in vivo measurements. This is a clear limitation of the
study.
Comparisons between in vivo and ex vivo DRS measurements of normal and tumor
tissue are sparse in literature. Many studies are performed in animals comprising only
measurements of normal tissue [20, 21], or data is obtained with different optical technology
such as Raman [36], fluorescence [21] or electrical and impedance spectroscopy [37]. Optical
differences between in vivo and ex vivo measurements that are described in these studies
are mainly attributed to the change of oxygenation state of hemoglobin and blood loss
of the tissue. In a study comparing site-matched in vivo and ex vivo, DRS measurements of
adenocarcinoma and normal tissue in pancreatic cancer patients the measurements of the
two tissue statuses were found to be qualitatively and quantitatively in agreement [38]. To
our knowledge, the difference between in vivo and ex vivo measurements of breast tissue,
both normal tissue, and tumor tissue has not been investigated before. Bydlon et al. did
comment on the use of hemoglobin saturation as a parameter for margin assessment. Since
excessive changes in oxygenated and deoxygenated hemoglobin were found post-excision,
due to oxygen being consumed by metabolic active tissue immediately after excision, they
concluded that hemoglobin saturation is an unreliable parameter for this purpose [39]. In
this study, measurements were obtained directly after resection, which might be different to
other studies where the time between resection and measurement is longer. It should also
be noted that it is difficult to determine whether a measurement should be considered as in
vivo or ex vivo since tissue characteristics will alter immediately when tissue is manipulated
during the resection (e.g. changes in blood flow, secretion of cytokines).
Besides the previous limitations regarding the changes in protocol and the fact that the
in vivo and ex vivo measurements were not acquired at the exact same measurement spot,
another important limitation is the correlation with the histopathology. In the twistmarker
study tissue for histopathological evaluation was obtained close to the twistmaker, however,
this might not have been the exact same location. Something similar concerns the biopsy
study when two different needles were used for measuring and taking the biopsy. Tissue
can be classified reliably as ‘normal’ or ‘tumor’ since ultrasound imaging was used to guide
the needle and confirm placement in the targeted tissue. Direct correlation between the
optical measurements and the actual histopathology at a measurement site, however, was
not possible. This was an important reason why the measurements were not subdivided
into more detailed groups than normal and tumor. Since normal tissue consists of both
fatty tissue and fibrous/glandular tissue in varying ratios, classifying all these measurement
locations as normal might be considered as somewhat limited. To be able to claim that DRS
can also be used for discriminating all types of tissue present in the breast a more refined
classification of the measurement locations based on the direct correlation between optical
measurements and histopathology is necessary. The fact that normal measurements can
have different underlying tissue types may also explain the heterogeneity seen in the
normal tissues as described previously in the discussion.
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The results of the current study indicate that the F/W-ratio outperformed all other
optical parameters in discriminating between normal tissue and tumor tissue with an AUC
of 0.94. Furthermore, it was concluded that this parameter was not affected by tissue status
because the performance in the in vivo and ex vivo setting was similar. For the application
of DRS as a margin assessment tool, these results imply that DRS technology based on
F/W-ratios is a suitable candidate for intra-operative use, even if during the resection
tissue physiology will change. The data was normalized in an attempt to overcome interpatient variation. However, the normalization of data did not result in the hypostasized
enhanced performance of the optical parameters. Potentially increasing the number of
normal measurement that is used for determining a reference value can help in establishing
a more robust baseline measurement of normal tissue. The results of this study support
the potential use of DRS during breast-conserving surgery for the detection of tumor on
resection margins.
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For the validation of novel optical diagnostic technologies, experimental
results need to be benchmarked against the gold standard. Currently, the
gold standard for tissue characterization is assessment of H&E sections by
a pathologist. When processing tissue into hematoxylin and eosin (H&E)
stained sections, the shape of the tissue deforms with respect to the initial
shape when it was optically measured. In this study, we demonstrate the
importance of accounting for these tissue deformations when correlating
optical measurement with histopathology. We propose a method to register
the tissue in the H&E sections to the optical measurements, which corrects for
these tissue deformations. We compare the registered H&E sections to H&E
sections that were registered with an algorithm that does not account for tissue
deformations by evaluating both the shape and the composition of the tissue
and using micro-computer tomography data as an independent measure.
The proposed method, which did account for tissue deformations, was more
accurate than the method that did not account for tissue deformations. These
results emphasize the need for a registration method that accounts for tissue
deformations, such as the method presented in this study, which can aid in
validating optical techniques for clinical use.

Abstract

Keywords: gold standard, histopathology, diffuse reflectance, registration
algorithm, optical techniques, validation
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Optical technologies can potentially be used for tissue characterization in, for example,
the detection of positive resection margins during cancer surgery. These technologies are
based on the principle that light, which has undergone interaction with the tissue, contains
information regarding the composition, morphology, and microvasculature of the tissue that
can be used to discriminate different tissue types. Validation of these optical measurements
is done by comparing the experimental results with the gold standard.[1] Currently, the
gold standard for tissue characterization is an assessment of microscopy sections, which
are stained with hematoxylin and eosin (H&E), by a pathologist. However, the tissue in the
H&E sections, used for histopathological assessment, is profoundly deformed compared
to the appearance of the tissue during the optical measurements. These deformations are
introduced when the tissue is processed into H&E sections as explained and illustrated in
Figure 1. Consequently, overlaying a digitalized H&E sections over images that reflect optical
measurements is prone to registration errors.[2-5]
In our research group, we use Diffuse Reflectance Spectroscopy (DRS) for tissue
characterization by means of a camera (HyperSpectral Imaging (HSI)) or fiber-optic probe
(point measurements). With this optical technology, diffusely reflected light is measured
after it has undergone multiple absorption and scattering events in the tissue. Therefore,
a DRS measurement will contain information regarding the composition, morphology, and
microvasculature of the tissue.
Registration errors between a DRS measurement and histopathology could negatively
affect the assessment of the accuracy of this technology. The problem becomes even
more relevant when developing classification algorithms, in which adding the correct
histopathology label to each measurement is crucial. Accurate correlation between the
optical measurements and histopathology is acknowledged as an important challenge
encountered during clinical validation of optical technologies.[1, 6, 7] However, there is only
limited literature focusing on correlating optical measurements with histopathology,[8-10]
and when a method for correlation the optical data to histopathology is described, the
reported registration methods do not seem to correct for tissue deformation.[11-13]
In this article, we demonstrate the importance of accounting for tissue deformations when
correlating optical measurements with histopathology. We propose a registration method
that takes into account these tissue deformations. For this purpose, data were obtained from
fresh ex vivo breast tissue slices: the optical measurements (both hyperspectral images and
fiber-optic probe measurements) and a white light image were acquired simultaneously.
In addition, micro-computed tomography (μCT) data was obtained right after the optical
measurements. Therefore, we assumed that the tissue did not deform between the
acquisition of the optical measurements, the white light image, and the μCT data. As such,
both the optical measurements and μCT data were registered to the white light images.

5

INTRODUCTION
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(a) Shape of tissue:
(b) Shape of tissue:
as optically measured
in parrafin

(c)

Shape of tissue:
in H&E section

Figure 1. Histopathological processing of the tissue. After arrival at the pathology department,
the margins of the specimen are colored and the tissue is dissected into tissue slices (~3 mm
thick). (a) shows the white light image of the tissue slice that is selected for optical measurements.
After these measurements, the slice is imaged with the μCT and brought back to the pathology
department, fixed in formalin, and embedded in paraffin. (b) shows the white light image of the
paraffin embedded tissue slice. From this paraffin embedded tissue slice, ~3μm thin sections are
cut, which are stained with H&E stain. (c) shows the H&E section of the tissue slice, which is available
a few days after surgery. Due to the histopathological processing of the tissue, (c) is deformed in
comparison to (a).

A few days after the optical measurements, histopathological information (H&E section)
was available. Our proposed registration method consists of registering the H&E section
to the white light image using a combination of an affine and deformable registration. We
compared the correlation accuracy of our proposed registration method with the correlation
accuracy after using only an affine registration method, which does not account for tissue
deformations. We quantified this accuracy using the μCT data as an independent modality.
Finally, we compared the registered H&E sections using both registration methods with
our optical measurements, and show that for an accurate correlation, tissue deformations
should be taken into account when correlating optical measurements with histopathology.

MATERIALS & METHODS
Study procedure
Breast specimens were obtained from patients undergoing breast surgery, either breastconserving or mastectomy, at the Antoni van Leeuwenhoek Hospital. The study was
approved by the Institutional Review Board of the Netherlands Cancer Institute/Antoni
van Leeuwenhoek, and according to Dutch law (WMO) no written informed consent was
required. The specimens were brought to the pathology department immediately after
surgery. There, after coloring of the resection margins, the specimens were frozen and sliced
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in a bread-loafed manner. One tissue slice was placed in a macrocassette. Black rubber was
placed underneath the tissue to ensure that measured spectra only originated from the
tissue.

DRS measurements
Hyperspectral imaging
Hyperspectral images were obtained with a push-broom hyperspectral imaging setup
(VLNIR CL-350-N17E, Specim, Spectral Imaging Ltd., Finland) that captures light in the nearinfrared (~900-1700 nm, 256 wavelength bands, 5 nm increments) with an InGaAs sensor (320
x 256 pixels). The measurement set-up (shown in Figure 2a) and measurement calibration
is described in a prior publication.[14] In short, the tissue is placed under the camera and
imaged line-by-line through moving the imaged scene. Thereby a 3D hypercube is obtained
that contains multiple 2D images of the tissue at different wavelengths, i.e. each pixel in
the 2D image contains a full diffuse reflectance spectrum (Figure 2b). Raw hyperspectral
data obtained from the tissue was normalized to a diffuse reflectance percentage relative to
Spectralon® (SRT-99-100, Labsphere, Inc., Northern Sutton, New Hampshire).

5

White light images
Prior to the DRS measurements, an overview white light image was acquired of the specimen
in the macrocassette. This image was used as a reference to register the H&E image; because
the tissue remained in the macrocassette between capturing this white light image and the
DRS measurements, the tissue did not deform.

Fiber-optic probe
Fiber-optic point measurements were acquired with a measurement set-up (Figure 2b)
including a broadband light source, a spectrometer for the visual wavelength region (Andor
Technology DU420A-BRDD) and a spectrometer for the near-infrared region (Andor Techno
logy, DU492A-1.7). A fiber-optic probe was attached to the measurement set-up to measure
diffuse reflectance spectra between 400 and 1600 nm (Figure 2d).[15, 16] The distance
between the illuminating and collecting fiber at the tip of the probe was 1 mm. Before measuring, the set-up was calibrated by acquiring a white reference measurement of Spectralon®
(SRT-99-100, Labsphere, Inc., Northern Sutton, New Hampshire) in a calibration cap.
To acquire a DRS measurement, the probe was brought in contact with the tissue.
During the probe measurements, a custom-made grid with holes (consisting of 2 pieces and
shown in Figure 2c) was placed on top of the tissue to gently fixate the tissue in the cassette
and allow correlation between the measurement locations and H&E section afterward.
The grid was 3D printed and transparent. In addition, the grid stabilized the probe while
ensuring contact between the probe and the tissue and restraining it from moving during
measurements.
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Figure 2. Optical measurement set-ups. (a) The tissue was placed on the translation stage and
imaged line-by-line through moving the stage. Thereby, a 3D hypercube was obtained in which
each pixels contains a diffuse reflectance spectrum (b). Next, the tissue was measured with the
fiber-optic probe (c). To retrieve measurement locations on the H&E section, two custom-made
grids with holes of the exact size of the optical probe were used. Thereby, a diffuse reflectance
spectrum was obtained (d).

Micro-computed tomography (μCT) data
After the optical measurements, the grid was removed and the μCT data was acquired. During
the optical measurements and μCT imaging, the tissue remained in the macrocassette and
the black rubber was not removed. With the SkyScan® 1275B (Bruker, Kontich, Belgium), μCT
data was acquired using either 40 kV source voltage and 250 μA source current, or 50 kV
source voltage and 200 μA source current and a 1 mm Aluminum filter. The exposure time
varied between 39 and 105 ms, and one scan consisted of 1801 (0.2° increments) to 901
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H&E image
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Figure 3. The steps required to register the H&E image to the white light (WL) image.

H&E sections
After measuring, the tissue slice was brought back to the pathology department and
processed in H&E sections according to standard protocol. The side of the specimen used
for the optical measurements was marked with methylene blue to ensure that the H&E
section was taken from the same side. After digitalizing the H&E sections with the Aperio®
ScanScope AT2 (Leica Biosystems, Wetzlar, Germany), tumor tissue was labeled in the H&E
images by a pathologist. The remaining tissue in the H&E sections, fat tissue, and connective
tissue, was labeled by thresholding the RGB channels of the H&E images since fat tissue is
transparent and therefore white in H&E sections and connective tissue colors pink.

5

(0.4° increments) projections. Reconstruction of the data was performed with 30-50 μm
resolution using SkyScan’s NRecon software.

Registration of H&E section
The registration of H&E sections to the optical measurements required multiple steps, which
are shown in Figure 3. All image registrations were made using MATLAB 2018a® (MathWorks,
Natick, Massachusetts, United States). To prevent possible bias, the H&E image without the
tissue labels was used throughout the process. Subsequently, after finishing the registration,
the same registration steps were applied to the H&E image with the tissue labels. First, the
background of both the H&E image and the white light image was manually removed
(Figure 3, step 1). Second, the H&E image was rescaled using the shape of the tissue in both
images such that the size of the tissue matched the size of the tissue in the white light image
(Figure 3, step 2).
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Affine registration
To compensate for rotation between the H&E image and the white light image, an affine
registration was made between the two images. This was accomplished by using the shape
of the tissue on both images and cubic interpolation (Figure 3, step 3). The registration error,
which was minimized using the least squares nonlinear solver in MATLAB, was defined as
the sum of the difference between the shape of the tissue on the white light image and the
registered H&E image.
Affine + deformable registration
For the affine + deformable registration, an additional step was applied after the affine
registration (Figure 3, step 4). First, control points were manually selected in both the H&E
image (moving image) and the overview white light image (fixed image). Thereby, each
control point in the H&E image had a corresponding point in the white light image. Two
persons manually selected control points independently to make two registrations. In
addition, the control points of both observers were combined to form the basis of one mean
registration.
Figure 4 shows the control points selected by observer 1 in one representative example.
First, control points were placed on distinctive features in both the H&E image and the white
light image (Figure 4c and 4d). After assigning points to these features, additional points
were placed in large areas of the images without any control points. These additional control
points included four points in the corners of the images and a number of points surrounding
the tissue. Without the additional control points, the algorithm is unable to accurately
perform the local weighted mean transformation. For the deformable registration, a nonrigid local weighted mean transformation with 12 and 24 neighboring control points for
the individual and mean registration respectively was applied using the built-in MATLAB
function ‘fitgeotrans.m’.
Registration of optical measurements to white light images
The optical measurements were registered to the white light image to bring both
histopathological and optical data into the same coordinate system. In the case of the
hyperspectral images, a simple affine registration based on the shape of the tissue in both
the hyperspectral image and white light image sufficed.
For the fiber-optic probe measurements, a more extensive registration was required.
To retrieve the probe measurement locations in the overview white light image, we used
I) a schematic image of the grid, II) a white light image of the tissue with the grid on top,
and III) the overview white light image (Figure 5). First, the schematic image of the grid
was registered to the white light image including the grid using a projective registration
(Figure 5a). This was done by aligning the measurement locations in the four corners of
the grid in both images. Second, to account for small deformations to the tissue caused
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(a)

(d)

5

(c)

(b)

Figure 4. Representative example of control points (green and blue dots) selected by observer 1
in (a) the H&E image and (b) the white light image. The yellow squares in (a & b) correspond to the
magnified squares (c & d).

by the grid, the white light image including the grid, was registered to the overview white
light image using a deformable registration (similar to the registration method presented in
Section 2.6.2). The calculated transformation matrices from both registrations were applied
to the schematic image of the grid. With the final result (Figure 5b, IV), each measured probe
location can be defined in relation to the overview white light image. All registrations were
made using MATLAB 2018a® (MathWorks, Natick, Massachusetts, United States).
Data analysis
To quantify the registration performance after affine registration and affine + deformable
registration, two measures were used. First, the shape of the tissue in the H&E image with
respect to the shape of the tissue in the white light image was analyzed using the Dice
similarity coefficient (DICE).[17] DICE is a measure for comparing the similarity of two images
by measuring the overlap of the shape of the contour. Second, the tissue composition based
on the H&E image was compared with the tissue composition in the μCT data by using the
point biserial correlation coefficient (rpb).[18] This is a special case of the Pearsons Correlation
Coefficient (PCC) suitable for calculating the correlation between a continuously measured
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Figure 5. Measurement locations of the fiber-optic probe measurements. (a) A schematic image of
the under grid (I) was registered to a white light image of the tissue with the grid on top (II) using
a projective registration. (b) Subsequently the white light image with the grid (II) was registered to
the overview white light image (III) with a non-rigid (deformable) registration. The result after both
registrations is the overview white light image with a projection of the measurement locations (IV).

variable (μCT) and a dichotomous variable (H&E section). An absolute rpb of 1 indicates a
perfect linear correlation, whereas an rpb of 0 indicates no correlation. In addition, we
compared the composition of the tissue in the H&E image with the composition estimated
with the optical measurements using the PCC. To compare the composition of the tissue in
all modalities, we focused on discriminating fat from non-fat tissue since these tissue types
can be well discriminated in all modalities.

Fat percentage in μCT data
Even though with μCT data no actual fat percentage could be obtained, a lower µCT gray
value is related to a higher fat percentage.[19] Since the 3D μCT data will be correlated to 2D
data (the 2D H&E image and the 2D estimated fat percentage of the optical measurements),
the 3D data was reduced to a 2D image. For this purpose, first, the height of the tissue in the
3D μCT volume was determined to obtain the superficial cross-section. To prevent imaging
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(a)

Sideview μCT

(b) Average gray value between cross sections

5

1 cm
Figure 6. Determination of the average fat percentage within 1 mm of the tissues surface. (a) shows
the side view of a μCT image with two red lines that indicate the superficial cross section, located
0.15 mm underneath the tissue height, and the deeper cross section, located 1 mm underneath
the superficial cross section. The side view corresponds to the dotted line in the 2D image (b) that
represents the average gray value of the tissue within the two cross sections.

artifacts at the transition of non-tissue to tissue, the superficial cross section was defined at
0.15 mm underneath the determined tissue height as shown in Figure 6a. Subsequently, a
second deeper cross section was defined at 1 mm underneath the first cross-section. Third,
over this 1 mm distance, an average was calculated per pixel. Thereby, a 2D image was
obtained that represents the average µCT gray value over that 1 mm tissue thickness. An
example of such a 2D image is shown in Figure 6b.

Fat percentage in H&E image
With the labels of the H&E image, the tissue in the H&E image was binary divided into fat
and non-fat tissue in MATLAB. The latter group contained tumor, connective tissue, and
healthy glandular ducts. The entire binary image was compared to the 2D image of the μCT
data. In addition, for comparing the fat percentage in the H&E image with the estimated fat
percentage from the optical measurements, the average fat percentage of the measurement
locations of the probe was calculated. This percentage was the percentage of fat pixels
within a circle (diameter = 2 mm) around the centroid of the measurement location.
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Fat percentage in optical measurements
Optical measurements were spectrally fitted with an analytical model that was derived from
diffusion theory using a Levenberg-Marquardt nonlinear inversion algorithm in MATLAB.
For the fiber-optic probe, each measurement location was fitted and for the hyperspectral
measurements, each pixel in the image that contained tissue was fitted. For the optical
probe, this analytical model was described elsewhere.[15, 16] For the hyperspectral camera,
the analytical model used is given by [20]
(1)
where
and.
is the internal reflection coefficient for diffuse light
and depends on the refractive index of the sample, which was calculated as
and
are respectively the scattering and absorption coefficients and
+ 0.14 . [lipid].
given by
, and

(2)
,(3)

where a is the reduced scattering at 1197 nm and b the scatter power.
is the fraction of
water and lipid in the tissue and assumed to be 100% in the near-infrared wavelength region
because water and lipid are the dominant absorbers in this wavelength region.
and
are respectively the absorption coefficients of water and lipid, and [lipid] and
[water] correspond to the concentration of lipid and water.

RESULTS
Acquired data
Optical measurements and μCT data were acquired of 13 specimens. One specimen was
excluded from further analysis because the slice was not thick enough to obtain a reliable
2D μCT image. Table 1 lists the characteristics of the tissue slices.
Registration of H&E section

Shape of the tissue: DICE
Figure 7 shows an example of an H&E image after affine registration and after affine
+ deformable registration (mean registration of both observers) and the effect of the
transformations. The affine registration only scaled and rotated the H&E section, and hardly
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Table 1. Characteristics of included specimens.

1
2
3
4
5
6
7
8
9
10
11
12

Size (mm)
(height * width)
62 * 38
43 * 32
60 * 43
64 * 46
50 * 33
35 * 28
48 * 25
45 * 46
45 * 17
46 * 35
47 * 43
60 * 35

Slice thickness (mm)
(depth)
3.5
2.5
3.0
6.6
2.7
2.8
3.4
3.8
3.2
4.5
5.5
3.2

any deformations are observed between the striped H&E section before (Figure 7c) and
after affine registration (Figure 7d). The DICE coefficient was 0.93 for this registration. After
affine + deformable mean registration (Figure 7e) however, a large transformation can be
observed which increased the DICE coefficient from 0.93 (Figure 7g) to 0.97 (Figure 7h).

5

Specimen

Composition of the tissue: rpb
In addition to the DICE coefficient, we used the rpb coefficient to compare the composition
of the tissue in the H&E image with the composition of the tissue in the μCT data. Inspecting
the structures in the tissue that are easy to distinguish (orange arrows in Figure 7i, Figure
7j, and Figure 7k) reveals that, the composition of the tissue in the H&E section did not
match the composition of the tissue in the μCT data after only affine registration. This was
corrected for after registering the H&E section with both the affine + deformable algorithm
(Figure 7k). The rpb coefficient increased from 0.24 to 0.53.
As can be seen in Table 2, averaged over all specimens, the rpb increased substantially
from the affine registration to the affine + deformable registration. Furthermore, when
comparing the affine registration with the affine + deformable registration, on average over
all specimens, 23% of the pixels had a different label (fat versus non-fat). Of these pixels,
before the deformable registration step, 49% were labeled as non-fat, and 51% were labeled
as fat.
Practical consequence of the proposed registration method: required time and operator
dependence
The required time for registration depended on 1) the size of the tissue, and 2) the number of
distinctive features in both images when selecting the control points. On average, the time
required for removing the background in both the H&E image and the white light image was
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(c) orig. H&E section

(f ) white light image

(i)

µCT

H&E section

(d)

striped H&E

(g)

DICE (0.93)

(j)

rpb (0.24)

(b)

H&E section

(e)

striped H&E

(h)

DICE (0.97)

(k)

rpb (0.53)

Affine & deformable registration

Affine registration

(a)

Figure 7. Example of one of the tissue slices after affine registration (a) and affine + deformable
registration (b). The second column shows the shape of the original H&E section with a striped
pattern (c), and its transformation after both registrations (d & e). The third column shows the
white light image (f), which was used to calculate the DICE coefficient (g & h). The fourth column
shows the average μCT intensity between the cross sections (i) and the rpb coefficient with the H&E
sections after both registrations (j & k). The arrow indicates a structure that is easy to distinguish
on both the μCT and the H&E image that respectively did and did not match after affine and affine
+ deformable registration. The values between brackets in (g, h, j & k) correspond to the DICE and
rpb coefficient respectively.

approximately 10 minutes. Rescaling the H&E image to the white light images and applying
the affine registration was fast and took less than one minute. The most time-consuming
part of the registration was the selection of control points in both images. This took around
15 minutes per observer. The registration of the optical measurement to the white light
images required less than one minute for the hyperspectral images and approximately
15 minutes for the fiber-optic probe measurements.
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Table 2. shows the DICE coefficient after both registrations, given as the average of all samples and
the standard deviation (std). For all samples, this DICE coefficient was high after both registrations.
On average, the highest DICE coefficient was obtained using the affine + deformable registration.
Shape:
DICE

Composition:
rpb

Mean

Std

Mean

Std

0,91

0,03

0,36

0,20

0,94

0,02

0,47

0,18

Observer 1 (#cp = 157 ± 41)

0,94

0,02

0,46

0,18

Observer 2 (#cp = 80 ± 27)

0,93

0,03

0,47

0,17

Affine registration
Mean

(#cp = 233 ± 35)

In this study, two observers, both experienced in registering H&E sections to white light
images, selected control point pairs to perform the deformable registration. To assess the
operator dependence of the affine + deformable registration method, the registrations of
the two observers separately were compared. As shown in Table 2, the number of control
point pairs varied between the registration of both observers and the mean registration (in
which the control points of the two observers were combined). However, the differences
between the mean registration, the registration of observer 1, and the registration of
observer 2 are minimal for both the DICE and rpb.

5

Affine + deformable registration

Correlation with optical measurements
The fat percentage derived from the H&E sections was compared to the fat percentage
derived from the optical measurements to assess the effect of accounting for tissue
deformations in the correlation between histopathology and optical measurements. A clear
distinction was made between ‘unaltered’ and ‘altered’ points. In the altered points, the
averaged fat percentage derived from the H&E section varied with more than 20% before
and after deformable registration. The unaltered points are the remaining points. In case
of a perfect correlation between optical measurements and histopathological information,
the fat percentages in both modalities would be equal and therefore the PCC will equal 1.
In the representative tissue slice shown Figure 8, 7 out of 17 probe measurements are
‘altered’ points (cyan circles). Of these seven locations, the fitted fat percentage of the optical
measurements was plotted against the fat percentage according to the histopathology after
affine registration (Figure 8d) and after affine + deformable registration (Figure 8e). The fit
results of both optical modalities have small confidence intervals and are similar. Figure
8d & 8e show that the linear correlation between the optical and the histopathological fat
percentage improved substantially after adding the deformable registration for both the
probe and the camera. The PCC improved from 0.08 to 0.93 and from 0.01 to 0.93, for the
probe and the camera respectively.
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Figure 8. Comparison of registered H&E sections with optical results in one representative
specimen. (a) displays the H&E section after affine registration and (b) depicts the H&E section after
affine + deformable registration. In (c) the fitted fat percentage derived from the HSI and the probe
measurements is shown. In this figure, the probe measurement locations are indicated with circles
and the color of circles represents the fat percentage according to the fit. In (a) and (b) the black
circles indicate that the ratio of fat and non-fat tissue in both H&E sections differed less than 20%.
If the ratio between fat and non-fat tissue differed more than 20% between the two registration
methods the measurement location was marked with a cyan circle. For the cyan colored locations,
the fat percentage as obtained with the optical measurements (as demonstrated in (c)) is plotted
against the fat percentage obtained after affine registration (d) and affine + deformable registration
(e). The error bars represent the standard deviation of the fitted fat percentages. The dotted lines
represent the linear fitted line through the measurements.

Of all 234 locations that were measured with the fiber-optic probe, we compared
the fat percentage of the optical measurements with the fat percentage according to the
histopathology after affine registration and after affine + deformable registration (Table 3).
We did this for the fitted fat percentages derived from both the probe and the hyperspectral
measurements. Even though these fat percentages were not equal, they were similar and
highly correlated with a PCC of 0.87.
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Table 3. Comparison of the fat percentage according to the optical measurements and the histopathology after both registrations using the Pearson Correlation Coefficient (PCC). The altered
points represent points in which the averaged fat percentage derived from the H&E section varied
with more than 20% before and after deformable registration.

Altered points

Affine registration
Affine + deformable registration
Affine registration
Affine + deformable registration

HSI
PCC
0,86
0,89
0,36
0,61

For the 186 ‘unaltered’ points, the PCC is not different before and after adding the
deformable registration. For these points, using only affine registration, the PCC was 0.90
and 0.86, for the probe and HSI data respectively. Adding the deformable registration
step produced a PCC of 0.91 for the probe measurements and 0.89 for HSI data. Thus, as
the deformable registration resulted only in slightly higher PCC’s, correcting for tissue
deformations was considered not necessary for these measurement locations. For the
48 ‘altered’ points, however, adding the deformable registration strongly enhanced the
correlation between the optical measurements and histopathological information. The
PCC increased from 0.36 to 0.61 for the HSI measurements, and from 0.36 to 0.66 for the
probe measurements. These findings confirm the importance of accounting for tissue
deformations when correlating optical measurements with histopathology.

5

Unaltered points

Probe
PCC
0,90
0,91
0,36
0,66

DISCUSSION
Co-registration between optical measurements and histopathology is extremely important
for validation of a novel optical diagnostic technology. Due to deformation of the tissue
during histopathology processing, accurate correlation between optical measurements
and the gold standard requires registration of H&E images to the optical measurements.
Especially in tissue with an inhomogeneous character, like breast tissue, this correlation
is crucial for validating the optical measurements with the current gold standard. In this
manuscript, we highlight the importance of accounting for tissue deformations when
correlating optical measurement with histopathology. As such, we present a methodology
for making a registration between optical measurements and the gold standard using an
affine + deformable registration method. In this process, the H&E images were registered
to a white light image that was taken simultaneously to the optical measurements. This
registration approach was compared to a simple registration method using only an affine
registration that does not account of tissue deformations. The performance of both
registration methods was quantified using a different independent imaging modality, μCT.
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The registrations were assessed by first, comparing the shape of the tissue by calculating
the DICE for each registration, and second, by comparing the composition of the tissue
by calculating the rpb. Although both registration methods have high DICE coefficients (>
0.90), the affine + deformable registration provides the highest registration accuracy when
evaluating both the shape (DICE) and the composition of the tissue (rpb).
H&E sections after affine registration and after affine + deformable registration were
compared to µCT data to see which registration method results in the smallest registration
errors between histopathology and optical measurements. We showed that accounting
for tissue deformations is important for reducing the registration error between optical
measurements and histopathology. It should be noted, however, that in all cases the H&E
section remains a 2D image of a few cell layers thick whereas the optical measurements
represent the optical properties of a volume of several mm3. Therefore, differences in depth
will not be expressed in the H&E section, although such differences will affect the optical
measurements. In addition, the thickness of the tissue within a tissue slice varies, as can
be seen in Figure 6. In practice, the pathology technician will keep slicing sections from
the paraffin-embedded tissue until a section is obtained that encloses the complete shape
of the tissue slice. Therefore, the H&E section does not necessarily represent exactly the
surface of the tissue as it was measured with the optical techniques. To account for this,
we compared the registered H&E sections with µCT data over a tissue thickness of 1 mm
underneath the tissue’s surface. The fact that the H&E sections are only a cell layer thick, and
the height of the tissue differs over the surface, are explanations why a registration accuracy
of 100% can never be obtained.
A limitation of the affine + deformable registration method as currently described is the
manual input that was required, which makes it time-consuming. In addition, the method
can be operator-dependent as the observers have to manually place points in both the H&E
image and the overview white light image based on distinctive features that they recognize
in both images.
In this study, registrations were made by two observers, with the same experience in
registering H&E images to white light images. We showed that, even though the number
of selected control point pairs varied between both observers, the registration accuracy
was similar (Table 2). Therefore, registering the white light image with the H&E section
using only the input of one of the two observers would also have resulted in an accurate
registration. However, care should be taken when observers are less experienced. Also, we
did not investigate how the number of neighboring control points that were used in the
local weighted mean transformation impacted the registration. Optimization might be
possible by using more or less neighboring points.
To reduce processing time, Naranjo et al. presented several registration methods to
register infrared images with H&E stained sections, with the ultimate goal to automatically
segment regions in the infrared data.[8] However, in their study, H&E stained sections

96

PSM 20190228 Proefschrift Lisanne de Boer BW.indd 96

23-04-19 19:08

needed to be registered to sections of the tissue samples that are only a few cell layers
thick, whereas in our study the tissue samples are ~3 mm thick. Furthermore, the total area
of tissue that was registered to an H&E section in Naranjo’s research was much smaller
than the surface that was registered in this study. Due to these differences, their automatic
key point selection method, which was based on finding the centroids of cells, was not
applicable to our data. In their study, the projective transformation is reported to provide
the best registration. This generalization of an affine transformation is a much less complex
registration method compared to the affine + deformable method as proposed in this
research. The projective transformation was sufficient in their study probably because the
tissue slices were much smaller and therefore less deformation was present.
As shown in Table 2 and Figure 7, the rpb increased substantially from affine registration
to affine + deformable registration. Also, when comparing the labels of the H&E after affine
registration and the H&E section after affine + deformable registration, on average 23% of
the pixels obtained a different label. This result is confirmed by comparing the PCC of only
affine registration or affine + deformable registration of the altered points (Figure 8 & Table
3). Thus, using a different registration method leads to different labeling of a substantial
part of the optical measurements. This potentially has a strong effect on the maximum
classification performance that can be obtained with the optical techniques.
Although, the fit results of the two optical modalities used are not exactly the same,
the linear correlation between the fat percentage derived from the optical measurements
and the histopathological fat percentage improved for both optical modalities after adding
the deformable registration method to the affine registration. Differences between the
fit results of the optical techniques can be explained by a difference in the measurement
configuration: the distance between the illuminating and collecting fiber determines the
measured volume with the fiber-optic probe, whereas for the hyperspectral camera the
volume is mainly depended upon the tissue properties. Therefore, both configurations
might measure a different volume, resulting in a difference between the obtained fat
percentages. Nevertheless, the linear correlation between the fat percentages derived from
the probe and the camera measurements is high with a PCC of 0.87.
In this study, we used μCT as an independent 3D modality to quantify both registration
methods. Abe et al. has reported on using MRI for imaging of pathology slices and showed
good image quality.[21] In our study, we did attempt to quantify the registration methods
with MRI using the mDIXON-Quant sequence. This sequence was chosen as it can make
excellent discrimination between fat and non-fat tissue.[22-24] However, the resolution,
although acquired with a relatively high-resolution voxel size of 0.6 x 0.6 x 0.9 mm, proved
to be too low for quantifying the registration methods. In the study of Abe et al., an animal
MRI with a higher magnetic field (9.4T) was available than the clinical human wide-bore
3T MRI available in this study. For this reason, in this study, MRI data could not be used for
quantifying the co-registrations and was thus not included in the analysis.

5
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A disadvantage of using only μCT data was that we could only discriminate fat from
non-fat tissue. In which the latter included both connective tissue and tumor tissue. One of
the reasons was the low contrast between tumor and healthy fibro-glandular breast tissue
in the µCT scans. This has been reported by previous research as well.[25] Other studies
indicate that this differentiation should be possible.[19] However, in that specific study,
biopsy specimens were imaged with a much higher resolution than the resolution that
could be obtained in this study. Nevertheless, the use of µCT did allow us to quantify the
registration accuracy of H&E images based on the presence or absence of fat in the tissue.
It should be noted that this research was conducted mainly to improve the validation
of optical measurements based on the current gold standard. As previously explained, the
H&E section remains a 2D image of a few cell layer thick and will, therefore, no matter which
registration method is used, never completely represent the volume measured with the
optical modalities. In addition, histopathology can also suffer from other potential flaws
arising from factors such as intra-observer variation[26-28], inter-observer variation[29, 30],
under sampling[31, 32], and specimen handling and reporting[33-36]. Nevertheless, there
is no way in validating the technology without considering the current gold standard.
Therefore, once established as a robust diagnostic technology, the true potential of optical
measurements in clinical practice should be assessed with evaluation of clinical end-points
like, for breast cancer surgery, a decrease in positive resection margins or decrease in excised
specimen volumes.
In conclusion, for an accurate correlation between histopathological information and
optical measurements, tissue deformations should be taken into account in the registration.
The proposed registration method in this study, which does account for these tissue
deformations, shows a better correlation with the optical measurements. Although it is
labor intensive, adding the deformable registration step can aid in validating the optical
measurements with the current gold standard.
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Diffuse Reflectance Spectroscopy (DRS) can discriminate different tissue
types based on optical characteristics. Since this technology has the ability
to detect tumor tissue several groups have proposed to use DRS for margin
assessment during breast-conserving surgery. Nowadays, an increasing
number of patients is being treated by neoadjuvant chemotherapy. Limited
research has been published on the influence of neoadjuvant chemotherapy
on the optical characteristics of the tissue. Hence, it is unclear if DRS is feasible
for margin assessment in this specific group of patients. Here we investigate
the effect of neoadjuvant chemotherapy on optical measurements of breast
tissue. To this end, DRS measurements were performed on ex vivo lumpectomy
specimens of patients with or without prior neoadjuvant chemotherapy.
Generalized estimating equation (GEE) models were generated, comparing
measurements of patients with and without neoadjuvant chemotherapy
in datasets of different tissue types. As input for the GEE-models either the
intensity at a specific wavelength or a fit parameter, which was derived from
the spectrum, were used. In the evaluation of the intensity, no influence of
chemotherapy was found since none of the wavelengths were significantly
different between the measurements with and without chemotherapy in
any of the datasets. These results were confirmed by the analysis of the fit
parameters which showed only a significant difference for the amount of
collagen in one dataset. All other fit parameters did not show significance for
any of the datasets. These findings indicate that assessment of the resection
margin with DRS may also be feasible in the growing population of breast
cancer patients that receive neoadjuvant chemotherapy.

Abstract

Keywords: chemotherapy, diffuse reflectance spectroscopy, margin assess
ment
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Diffuse Reflectance Spectroscopy (DRS) is an optical technology that measures the com
position and morphology of tissue based on absorption and scattering of light. A DRS
measurement of tissue can be used to discriminate tissue types as the optical characteristics
differ between tissue types. Previous research showed the potential of this technology to
provide surgical guidance during breast-conserving surgery based on the ability of DRS
to discriminate healthy breast tissue from tumor tissue.[1-5] The reported accuracies for
discriminating healthy breast tissue from tumor tissue reach up to 92% in vivo. These results
have generally been obtained with measurements of women undergoing immediate breastconserving surgery, without any pre-operative treatment with chemotherapy. However,
nowadays, there is an increasing tendency to treat breast cancer patients with neoadjuvant
chemotherapy before surgery.[6] Reported benefits consist of improved cosmetic outcomes,
since less extensive surgery is required, buying time for testing on germline mutations
that may influence the surgical plan, the possibility of monitoring therapy response and
eradicating already present, but undetected micro-metastasis.[7-11]
Chemotherapy is aimed at attacking the tumor tissue, and will thus induce morphologic
changes such as decreased cellularity, increased fibrosis, increased tubular features, and
decreased nuclear pleomorphism.[12-14] For example, the (previous) tumor bed may contain
newly formed fibrosis with fibroblasts and inflammatory cells induced by chemotherapy.
[12] Besides the impact on tumor tissue, chemotherapy therapy may also affect healthy
breast tissue. Since these drugs suppress ovarian function, the excretion of sex hormones is
changed with results in decreased breast density. [15] This change in density appears in the
healthy tissue as a reduction of lobular acini, sclerosis and the attenuation of the lobular and
ductal epithelium, which can be seen under the microscope. [13, 14, 16, 17]
Currently, it is unclear whether DRS measurements will be affected by the previously
described morphological changes in the tissue, and thus if DRS can be used for
margin detection during surgery in patients who have been treated with neoadjuvant
chemotherapy. A preliminary study on the influence of chemotherapy by our group did
not find any differences between patients with and without chemotherapy, however, the
number of included patients was limited (n = 9) as well as the number of measurements per
patient.[18]
Since our ultimate goal is to use DRS technology during surgery for the detection of
tumor deposits at the resection edge, it is essential to consider if the changes induced by the
chemotherapy will affect the DRS measurements. If so, resection margin assessment using
DRS might then be less feasible for patients after neoadjuvant chemotherapy. Secondly,
such an outcome has implications for the development of classification algorithms that are
intended to be used for classifying the DRS measurements. If measurements of a specific
tissue type differ between untreated patients and patients treated with neoadjuvant
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chemotherapy, the treatment history should be included as input for the diagnostic
algorithm.
In the present study, we evaluate whether chemotherapy induces changes in the breast
tissue that may hamper the use of DRS for margin detection. For this purpose, we evaluate
optical measurements of surgical breast cancer specimens in a large dataset of patients with
and without chemotherapy (n = 92).

MATERIALS AND METHODS
DRS measurements

Specimens
All measurements were performed on ex vivo breast samples from either breast-conserving
surgeries or mastectomy procedures. Fresh specimens were brought to the pathology
department where, after inking of the margins and slicing the specimen in a bread-loafed
manner, one slice was provided for the optical measurements. Before measuring, the tissue
was placed on top of a piece of black rubber in a macrocassette.
Optical measurements
DRS measurements were obtained between 400 and 1600 nm. Details on the measurement
set up can be found in [19, 20]. In short, the light of a halogen light source was transferred
to the tissue by means of the illuminating fiber that is integrated into a fiber-optic probe.
Two other integrated fibers were attached to two spectrometers, one covering the visual
wavelength range (Andor Technology, DU420A-BRDD, 400-1000 nm) and one covering
the near-infrared wavelength range (Andor Technology, DU492A-1.7, 900-1600 nm), which
both collected the photons after interaction with the tissue. The set-up was controlled
with Labview software that automatically performed a white calibration and combined
the output of both spectrographs to form one continuous spectrum from 400 to 1600 nm.
The fiber distance between the emitting and collecting fiber was 1 mm. Raw spectra were
normalized with a calibration cap with Spectralon® (SRT-99-100, Labsphere, Inc., Northern
Sutton, New Hampshire) at the bottom, to calculate the relative diffuse reflectance.
Grid
During the measurements, a custom-made grid was used to ensure a robust correlation
between the locations of the optical measurements and the corresponding histopathology.
The grid with 64 holes comprised of two parts, an ‘under-grid’ that was placed directly on
top of the tissue and an ‘upper-grid’ that together with a small extension piece fixated the
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Figure 1. Schematic overview of method for correlating the histopathology with the optical
measurement locations. A registration is made between the H&E section (a) and the white light
overview image (c). The transformation matrix obtained after this registration procedure is applied
to the H&E section with annotations (b). This way the annotated image is corrected for deformations
in the H&E section induced during the processing of the tissue at the pathology department.
Using a white light image with the grid (d) the measurement locations are retrieved. The retrieved
measurement locations (e) can be projected on the H&E section (as both are registered to the white
light image). The end result is an image including the measurement locations, that is corrected for
tissue deformation, and in which each pixel is annotated (f).

probe during measurement. Before the fiber-optic measurement, two white light images
were acquired of 1) the tissue in the cassette with the grid and 2) without the grid. After
the optical measurements, the grid was removed and tissue was processed according to
standard protocol resulting in an H&E stained section of the entire tissue slice.
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Correlating DRS measurement to histopathology
The entire H&E section (Figure 1a) was evaluated by a pathologist who annotated areas
with invasive carcinoma and areas with DCIS as well as glandular ducts. The section and
annotations of the pathologist were digitalized and, with thresholding, in Matlab, all other
pixels in the H&E image were labeled as ‘fat’ or ‘connective’, based on the fact that fat
areas appear white in the H&E section whereas connective tissue will stain pink. Glandular
tissue was included in the ‘connective’ tissue class. The result was an image in which each
pixel had a label corresponding to a tissue type (fat, connective, tumor, and DCIS) (Figure
1b). The histopathology was registered with the white light image (Figure 1c) to adjust for
tissue deformation which was introduced during histopathological processing. Another
registration was made between the white light image and a white light image including the
grid (Figure 1d) to retrieve the actual measurement locations in the white light image (Figure
1e). Combining both registrations then allowed to project the measurement locations in
the annotated H&E section which was corrected for tissue deformation. (Figure 1f) This
registration method is described in more detail in another paper.[21](Chapter 5) With the
final result for each measurement location, an estimate of the presence of each tissue type
can be made.
Optical data
Although the measurements were acquired over the wavelengths between 400 and
1600 nm, the part of the spectrum between 400 and 850 nm was excluded in the analysis as
pathology ink, present on the specimens, strongly influenced the reflection measurements
of the wavelengths below 850 nm. For the first analysis, the spectral analysis, the intensities
measured between 850 and 1600 nm are used. For the second analysis, the fit parameter
analysis, the spectra were fitted with an analytical fit model which was described in previous
publications. [19, 20] This model estimated the composition of the measurement volumes
based on diffusion theory using the measured spectrum and the absorption spectra of
substances known to be present in the tissue. Included in the model were: oxygenated
and deoxygenated hemoglobin, fat, water, and collagen. The fit parameters, derived from
the spectra with the analytical fit model, which were used in the analysis were: F/W-ratio,
fraction Mie scattering, Collagen, α, and b. The latter two define the amplitude (α) and slope
(b) in the function that describes the reduced scattering.[19]
At each measurement location, three DRS measurements were acquired. Both for the
spectral data as well as the fit parameter data the mean of the measurements was calculated
for each measurement location.
Composition of measurement locations
To prevent bias in tissue selection, first, the composition of the tissue in all H&E sections
of the specimens with and without neoadjuvant chemotherapy was examined by
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calculating the mean percentage of all tissue types (fat, connective, tumor cells, and DCIS).
Subsequently, the composition of the measurement locations at which DRS measurements
were performed was compared to the composition of the entire H&E sections to ensure that
the measurement locations were a good representation of the tissue composition of the
specimens.

6

Figure 2. Datasets used in the analyses. Locations were selected from the specimens of patient
with and without chemotherapy, which consisted of >95% fat tissue (Dataset 1), >95% connective
tissue (Dataset 2), a mixture of fat and connective tissue (Dataset 3) or a mixture of tumor cells and
connective tissue (Dataset 4). With each dataset two analyses were performed, either based on the
spectra (850-1600 nm) or fit parameters, in which the measure-ments of patient with and without
chemotherapy are compared.

Statistics
The influence of chemotherapy on the optical characteristics of the tissue was evaluated
by comparing the optical data of untreated patients with data of pre-treated patients in
datasets with the same histopathology. Dataset 1 and dataset 2 consisted of locations
that were respectively >95% fat tissue, or >95% connective tissue. Dataset 3 consisted of
measurement locations that were a mixture of fat tissue and connective tissue. The last
dataset, dataset 4 comprised of all locations that contained tumor cells in combination
with some connective tissue. (Figure 2) To select the measurements for each dataset
the estimated percentages of fat, connective, and tumor cells were used, as described in
section ‘Composition of measurement locations’.
In each of the four datasets, the difference between measurements with and without
chemotherapy was assessed by performing two analyses. For the first analysis, the intensities
measured between 850 and 1600 nm were used, for the second analysis, the fit parameters
which were derived from this part of the DRS spectrum were used.
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Subsequently, in both analyses, these datasets were evaluated one by one via Generalized
Estimating Equation (GEE) models. This statistical test is specifically suitable for modeling
correlated data, such as repeat measurements in one patient or repeat measurements of
tissue types in multiple patients. In such a case, incorporating within-subject and betweensubject variation in the statistical analysis is important.[22] A GEE-model evaluates the
association between measurements and covariates while taking into account the relations
between measurements that are from one patient.[23] In the GEE-models, an equicorrelated
structure was used to describe the variance and covariance between the measurements.
In the first analysis, a GEE-model was generated for each wavelength whereas in the
second analysis a GEE-model was generated for each fit parameter. Covariates included
in the models were ‘Neo-adjuvant chemotherapy’ (‘yes’ / ’no’), as well as ‘Menopausal
Status’ (‘premenopausal or perimenopausal’ / ’postmenopausal’). Menopausal status was
incorporated in the models as this factor is known to be related to breast density.[24, 25]
Omitting this patient characteristic in the analysis could lead to falsely attributing differences
to another covariate, e.g. neoadjuvant chemotherapy.
Dataset 3 and 4 contained measurements that were a mixture of connective tissue in
combination with either fat tissue or tumor cells. Since the ratio between the two tissue
types can affect the spectrum, the percentage connective tissue estimated from the
annotated H&E section was added as an extra covariate in the GEE-models of these datasets
to take into account this effect.
The analyses were performed in SPSS software with help of the SPSS Python plugin
module that provided the possibility to iterate over either the wavelengths or fit parameters,
making a GEE-model for each one of them. The α-level was set to 0.05 for all the GEE-models.

RESULTS
In this study measurements from 92 patients were used of which 62 patients did not have
any neoadjuvant chemotherapy and 30 patients were pre-treated with chemotherapy.
The patient characteristics are listed in Table 1. The mean age of the group of pre-treated
patients was slightly younger compared to the mean age of the group of patients without
chemotherapy. Furthermore, the majority of patients that were treated with chemotherapy
received a combination of different types of chemotherapeutics (anthracycline, alkylating
agents, taxanes, and, antimetabolites).
Composition of the tissue section
Figure 3a and Figure 3b show the mean percentages and standard deviation of the tissue
types present in the entire H&E section from patients without and with chemotherapy. The
mean percentage of fat is similar in both datasets. However, the amount of connective tissue
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Table 1. Patient characteristics of specimens that were used in the analysis.

Age (std)
Menopausal Status
Premenopausal
Perimenopausal
Postmenopausal
Chemotherapy
AC
AC + P
AC +CP +P
AC + P + C
AC + CP
AC + T
AC + CP + P + C
PTC
FEC + PTC
TAC
P
AC + P + CP + CAP

No Chemo
(n = 61)
58 (10,6)

Chemo
(n = 30)
51 (11,5)

22 (36.1%)
5 (8.2%)
34 (55.7%)

13 (43.3%)
3 (10%)
14 (46.7%)

-

6 (20%)
7 (23.2%)
3 (10%)
1 (3.3%)
1 (3.3%)
1 (3.3%)
1 (3.3%)
5 (16.7%)
1 (3.3%)
1 (3.3%)
2 (6.6%)
1 (3.3%)

is slightly higher in the neoadjuvant chemotherapy group, whereas the amount of tumor
and DCIS is lower in this group.
Figure 3c and Figure 3d depict the mean percentages and standard deviations of the
measurement locations that were measured with the fiber-optic probe. Although the
standard deviations are larger, the same trends as for the composition of the entire section
are seen here, thus the probe measurements can be seen as a good representation of the
tissue that is present in the entire section.
Table 2 lists the number of measurements with and without chemotherapy in each of
the four datasets, as well as the number of patients the measurements originated from. The
datasets including measurements of pure connective tissue (dataset 2) and measurements
of a mixture of connective and tumor cells (dataset 4) are relatively small. Although the
mean percentage of connective tissue is rather high (Figure 3), locations of >95% connective
tissue are quite rare. More often connective tissue is present in combination with fat tissue
and/or connective tissue.

6

A = Adimycine, C = Cyclofosfamide, P = Paclitaxel, CP = Carboplatin, T = Docetaxel, F = 5-fluorouracil, E = epirubicine, CAP =
Capcitabine

Intensity measured between 850-1600 nm (analysis 1)
The results of the GEE-models for the pure datasets (pure fat and pure connective tissue) are
shown in Figure 4. In Figure 4a and Figure 4b, none of the wavelengths reaches a p-value
of 0.05 or lower. Thus, for pure fat or pure connective tissue, there are no wavelengths that
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Figure 3. Composition of HE section and the measurement locations from specimens of patients
with and without chemotherapy. The upper two graphs represent the mean percentage fat tissue,
connective tissue, tumor cells and DCIS cells in the entire HE section from all patients without
chemotherapy (a) and all patients with chemotherapy (b). The bottom two graphs represent the
mean percentage of each tissue type in the measurement locations from which DRS spectra were
obtained, from patients without chemotherapy (c) and with chemotherapy (d).
Table 2. Datasets used in the two analyses.

Dataset 1: Fat
Dataset 2: Connective
Dataset 3: Fat/Connective
Dataset 4: Tumor cells/Connective
Total # measurements

No neo-adjuvant
chemotherapy
222 (49)
19 (13)
316 (56)
43 (21)
600

With neo-adjuvant
chemotherapy
144 (24)
32 (9)
236 (30)
13 (6)
425

Number of measurements in each of the four datasets which were used for making the GEE-models. The number between
brackets indicates the number of patients that the measurements originate from.
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have a significantly different intensity due to chemotherapy. Furthermore, between pre-/
perimenopausal and postmenopausal women also no significant difference is seen.
In Figure 5, the results of the GEE-models for the mixture datasets are displayed. Figure
5a shows the results for the GEE-models of the measurements of connective tissue in
combination with fat tissue. There was no significant difference in intensity measured at
any of the wavelengths in the group with chemotherapy compared to the group without
chemotherapy. Neither did the menopausal status of the patient result in a difference in
intensity measured for any of the wavelengths. As explained in the methods section, in
the GEE-models of the mixture datasets the percentage of connective tissue was added
as an extra covariate. In the dataset including a mixture of fat and connective tissue, the
percentage of connective tissue in the measurement location was significant for the
wavelengths above 950 nm. In other words, the intensity measured at these wavelengths is
dependent on the amount of connective tissue in the measurement. This is in line with the
expectations, as there are clear biological differences between fat tissue and connective
tissue that are displayed in the higher wavelength range. (Figure 5a)
In the other mixture dataset, with measurement locations that included tumor cells in
combination with connective tissue (dataset 4), neoadjuvant chemotherapy also did not
affect the intensity at any of the wavelengths nor did the menopausal status. In contrast to
the other mixed tissue data set (dataset 3), the percentage connective tissue, or vice versa,
in this case, the percentage of tumor cells, did not result in a different intensity at any of the
wavelengths. This means that, unlike the clear difference between fat and connective tissue,
discriminating connective tissue from tumor cells is much more difficult.

6

Figure 4. Result of GEE-models p-values for pure fat (dataset 1) and pure connective tissue (dataset
2). P-values calculated for the datasets of fat (a) and connective (b). None of the wavelengths are
significant for either two datasets comparing the intensities measured in patients with and without
chemotherapy, or comparing postmenopausal patients with pre-/perimenopausal patients.
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Figure 5. Result of GEE-models in p-values for the two mixture datasets, with connective in
combination with fat tissue (dataset 3) and tumor cells (dataset 4). In (a) the results of the dataset
consisting of measurement locations that were a mixture of fat and connective tissue (dataset 3).
Chemotherapy and menopausal status was not significantly different for any of the wavelengths.
The percentage connective tissue in the measurement location was significant for wavelengths
above 950 nm. The results of the dataset that consisted of measurement locations with tumor cells
and connective tissue (dataset 4) are displayed in (b). Here, neither chemotherapy, nor menopausal
status, nor the percentage connective tissue in the measurement location resulted in a significantly
different measured intensity.

Fit parameters (analysis 2)
For each of the fit parameters that were deduced from the DRS spectrum, a GEE-model
was generated for each dataset. The p-values obtained for each of the fit parameters from
the dataset with fat measurements (dataset 1) and the dataset composed of connective
measurements (dataset 2) are listed in Table 3.
In the fat measurements (dataset 1), none of the fit parameters were significantly diffe
rent due to neoadjuvant chemotherapy or menopausal status of the patient. As for the
connective dataset (dataset 2), similarly, no significant differences were found for any of the
fit parameters between the group of patients with or without chemotherapy treatment, or
between the groups of patients that were pre-/perimenopausal or postmenopausal.
Table 4 includes the p-values for the mixture datasets, in which connective tissue
is mixed with either fat tissue (dataset 3) or tumor cells (dataset 4). In the analysis of the
dataset composed of connective tissue mixed with fat, none of the fit parameters were
significantly different when comparing the measurements of patients with chemotherapy
with the measurements of the patients without chemotherapy. Also, the menopausal status
of the patient did not have a significant influence on any of the five fit parameters. The
percentage of connective tissue was highly significant for all fit parameters, thus the amount
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Table 3. Result in p-values of the GEE-models of fit parameters of the datasets of fat tissue (dataset
1) and connective tissue (dataset 2).

Fit parameter
F/W-ratio
Fraction Mie scat.
Collagen (μM)
α
b

Fat dataset
Neo-adjuvant
Menopausal
chemo
status
0.51
0.43
0.52
0.99
0.07
0.73
0.49
0.19
0.88
0.63

Connective dataset
Neo-adjuvant
Menopausal
chemo
status
0.19
0.77
0.48
0.82
0.61
0.24
0.12
0.94
1.00
0.66

Table 4, Result in p-values of the analysis of fit parameters for the mixture datasets of a combination
of connective tissue with fat, or tumor cells (dataset 3 & dataset 4).

Fit parameter
F/W-ratio
Fraction Mie scat.
Collagen (μM)
α
b

Fat & Connective dataset
Neo%
adjuvant
Menopausal connective
chemo
status
tissue
0.21
0.41
0.00*
0.13
0.22
0.054*
0.26
0.48
0.00*
0.56
0.10
0.00*
0.44
0.08
0.00*

Tumor cells & Connective dataset
Neo%
adjuvant
Menopausal connective
chemo
status
tissue
0.11
0.40
0.36
0.64
0.32
0.39
0.00*
0.01*
0.03*
0.87
0.32
0.34
0.91
0.28
0.99

of connective tissue in the measurement location had a clear effect on the fit parameters,
which is in line with the results of the analysis with the measured intensities (analysis 1).
The analysis of the dataset with measurements of tumor cells in combination with con
nective tissue (dataset 4) showed that neoadjuvant chemotherapy and menopausal status
had again no influence on four of the five fit parameters (F/W-ratio, fraction Mie scattering,
α, and b). Also, the amount of connective tissue had no influence on these fit parameters.
These findings are in line with the results of the spectral analysis in which chemotherapy,
menopausal status, and connective tissue content had no influence on the spectral
intensity. The fact that the fit parameter that describes the amount of collagen was related
to chemotherapy and menopausal status, as well as the amount of connective tissue,
may reflect differences in connective tissue content between patients with and without
chemotherapy, and menopausal status.

6

* = significant

DISCUSSION
This research was focused on investigating if DRS measurements of breast tissue are
affected by neoadjuvant chemotherapy. First, the composition of tissue types of sections
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from patients with and without neoadjuvant chemotherapy was analyzed, as well as the
composition of the tissue volumes that were measured with DRS. The compositions were
compared in order to evaluate any possible selection bias in measurement locations.
Next, the DRS measurements of the ex vivo specimens of treated and untreated patients
were compared by analyzing both the intensity data over the spectrum between 850
and 1600 nm (analysis 1) as well as the fit parameter data (analysis 2). Both analyses were
performed with GEE-models that are suitable for assessing correlated data. In the GEEmodels, besides treatment with chemotherapy, other confounding factors were included
such as the menopausal status, and for the mixture datasets, the amount of connective
tissue, as these could also affect the DRS measurement.
We found that the composition of the H&E sections from specimens from patients with
neoadjuvant chemotherapy contained slightly more connective tissue and less DCIS. Both
results are in agreement with our expectations as one of the effects of chemotherapy is the
formation of fibrosis and thus an increase in connective tissue. The lower percentage DCIS
in the neoadjuvant chemotherapy patients can be explained by the fact that DCIS is not
routinely treated with neoadjuvant chemotherapy and hence DCIS will be under-presented
in the group treated with neoadjuvant chemotherapy. Comparing the composition of the
DRS measurement locations with the composition of the entire H&E section showed that
these were similar suggesting that the probe measurements (which in essence are a subset
of the sections) are a good representation of the tissue in both the patient’s groups, without
and with neoadjuvant chemotherapy.
Subsequently, we used the intensity data (analysis 1) to asses if there were wavelengths
that were significantly different between the patients treated with neoadjuvant chemo
therapy and those without neoadjuvant chemotherapy. This was done in four separate
datasets that had similar histopathology. Significance was absent in all four datasets based
on the measured intensity, indicating that there were no intensity differences related to neoadjuvant chemotherapy at any of the wavelengths from 850 to 1600 nm. In the analysis also
the menopausal status was not significant for any of the wavelengths in any of the datasets.
In the mixture datasets consisting of connective tissue in combination with fat (dataset
3) or tumor cells (dataset 4), the percentage of connective tissue in the measurement was
included as a covariate. In the dataset that included connective tissue with fat (dataset 3),
this covariate was significant for wavelengths above 950 nm. However, in the other dataset in
which connective tissue was mixed with tumor cells, none of the wavelengths were significant.
This finding suggests that discriminating connective tissue from tumor cells is more difficult
than discriminating connective tissue from fat tissue. For discriminating fat from connective,
the observed wavelengths can be used. For discriminating connective tissue from tumor
cells, no such clear individual wavelengths could be identified by this approach, probably due
to the fact that connective/glandular tissue can resemble tumor tissue. [26, 27] Potentially,
a combination of wavelengths, that individually are not significant, could discriminate
connective tissue from tumor cells, however, this is not investigated with the analysis.
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The fit parameters that were derived from the measured spectra by using an analytical fit
model were also evaluated with GEE-models (analysis 2). Only fit parameters related to wave
lengths above 850 nm were assessed. As for the datasets of pure fat tissue and pure connec
tive tissue (dataset 1 & dataset 2), none of the fit parameters were significantly different in
the groups with or without chemotherapy, and the groups of pre-/perimenopausal or post
menopausal patients. For these datasets, the results of analysis 1 and analysis 2 are the same.
In the analysis of the mixture dataset that consisted of a combination of fat tissue
and connective tissue (dataset 3), the fit parameters were also not significantly different
in the patient groups with and without chemotherapy, or pre-/perimenopausal and post
menopausal. The percentage of connective tissue was significant for all fit parameters,
indicating that all fit parameters changed significantly if the percentage of connective tissue
changed and can thus be used to discriminate fat tissue from connective tissue. For this
dataset, the outcomes of analysis 1 and analysis 2 are again the same. This is also in line
with the expectations as the absorption coefficient of connective tissue is different from the
absorption coefficient of fat.
As for the last dataset, with measurements of tumor cells and connective tissue, four
out of five fit parameters were not significant, confirming the results of the first analysis
performed with the measured intensities. However, the fit parameter representing the
amount of collagen in a measurement location appeared significant for all three covariates
(chemotherapy, menopausal status, and % connective tissue). The fact that this parameter
was directly related to the amount of connective tissue, may suggest that the observed
differences in chemotherapy status and menopausal status may be related to differences
in connective tissue content in the measurement locations. It should also be noted that the
fiber distance of 1 mm might be at the border of what can be used in diffusion theory.
There is a large number of publications on the use of Diffuse Optical Spectroscopy
(DOS) for monitoring therapy, and even predicting therapy response. [10, 28-31] However,
their main focus is on comparing measurements of individual patients, pre and postchemotherapy, whereas we are interested in comparing the group of patients with and
without neoadjuvant chemotherapy. The results presented in this paper show that there
is hardly any effect of chemotherapy on the optical measurements. This does certainly not
imply that chemotherapy response monitoring is not possible using DRS. It merely means
that the contrast between healthy tissue and tumor tissue is not altered as a consequence of
the chemotherapy. In other words, due to the chemotherapy, the composition of the tissue
might change, but the tissue types itself do not have a significantly different spectrum from
the spectra measured in patients without chemotherapy.
There is a study by Laughney et al. which uses spectral frequency domain imaging
for margin assessment in which five patients were included that had neoadjuvant
chemotherapy. They found that measurement of tumor tissue that had been treated with
neoadjuvant chemotherapy had an increased scattering slope, which was suggested to be
related to cell shrinkage. [32] This is different from our results as no difference was found
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for the scattering parameters. In another study by Keller et al spectra of patients with and
without neo-adjuvant chemotherapy were measured and compared. [33] They were able
to discriminate normal measurements of patients with neoadjuvant chemotherapy from
normal measurements of patients without chemotherapy, suggesting that there might be
an influence of the chemotherapy. However, in both studies, the analysis was based on a
very limited number of patients (n = 5 and n = 3).
To the author’s knowledge, this is the first research in which the effect of chemotherapy
is assessed using a large number of patients. Despite a large number of patients, the datasets
of pure connective tissue and connective tissue in combination with tumor cells can still be
considered as small, thus conclusions should be drawn with some reservation. The response
according to pathology and/or radiology was not included as a covariate in the GEE-models
as the definition of response can be complicated and subjective.[12] Furthermore, patients
were not subdivided based on chemotherapy regime since, in current day practice, many
patients are treated with a combination chemotherapeutics that have different mechanisms
of action thus all types of reactions are potentially present in each patient.
Since measurements were taken from ex vivo samples after some processing at the
pathology department, there was contamination of pathology ink in the measurements.
By excluding all wavelengths below 850 nm and fit parameters of this wavelength region
influence of pathology ink was reduced as much as possible. However, as a consequence,
the impact of chemotherapy on the visual wavelength range could not be investigated.
Another limitation of the study is that we did not consider patients that were treated with
neoadjuvant hormonal therapy. From the literature, it is known that this type of therapy
can also induce tissue changes.[34-36] However, the number of patients with neo-adjuvant
hormonal therapy that were included during the time of this study was very limited which
hindered including this group of patients in the analyses.
In conclusion, we used two different analysis (intensity at a specific wavelength, and fit
parameter data) to assess the influence of chemotherapy on optical characteristics in four
different datasets. Additionally, also the influence of menopausal status on the measurements
was assessed. The measured intensity was not significantly different in patients with or without
chemotherapy in any of the four datasets. Also, comparing the intensity in the measurements
of the group of patients that were postmenopausal to those that were pre-/perimenopausal
also no significant differences were found in any of the wavelengths. These data were
confirmed by the analysis of the fit parameters. All fit parameters in the different datasets
were not affected by neoadjuvant chemotherapy, except for the fit parameter that reflects
the amount of collagen which showed a significant difference in only one dataset that was
comprised of measurements of tumor cells in combination with connective tissue. From these
findings, it can be concluded that the impact of neoadjuvant chemotherapy on the optical
characteristics of breast cancer tissue and healthy breast tissue is negligible. This means that
also after neoadjuvant chemotherapy, margin assessment by DRS during breast-conserving
surgery seems feasible.
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Abstract

Intra-operative margin assessment can aid in the detection of positive resection
margins during breast-conserving surgery. Diffuse Reflectance Spectroscopy
(DRS) that can measure the optical characteristics of tissue could be useful
for detecting these positive resection margins. Although previous results are
promising, two challenges are yet to be solved. The first challenge considers
the detection of DCIS (ductal carcinoma in situ) at the resection margins,
as this type of malignancy accounts for the majority of positive resection
margins. The second challenge involves the classification of locations that are
a mixture of tissue types. Here we investigate 1) if DCIS can be detected by
DRS, and 2) how accurate mixture locations can be classified by a classification
model, as well as how the performance of this model depends on the purity of
the measurements used for the development of the model. For this purpose,
measurements were obtained from 107 ex vivo breast surgery specimens and
were correlated to histopathology. Measurements of DCIS locations were
compared with measurements of healthy tissue and invasive carcinoma to
assess the ability of DRS to detect DCIS. For the detection of mixed locations,
classification models were developed with different definitions of ‘healthy’ and
‘tumor’. As for defining the healthy locations, the percentage of connective
tissue that was allowed in the measurement volume ranged between 0%
and 100%. For the definition of tumor locations, the percentage of fat tissue
that was allowed in the measurement volume ranged between 0% and 90%.
Regarding our first research question related to the detection of DCIS, it was
found that the differences between healthy tissue and invasive carcinoma
are similar to the differences between healthy tissue and DCIS. And, there
was no difference in the DRS measurements of invasive carcinoma cells with
connective tissue, and DCIS cells with connective tissue. With regard to the
second challenge we found that, all classification models with 0-20% fat tissue
allowed in the measurements defined as ‘tumor’, and 0-20% of connective
tissue allowed in the measurements defined as ‘healthy’, showed good
performance on the test dataset that included other ‘healthy’ and ‘tumor’
measurements. When using these models on the locations with a mixture of
tissue types, the model in which no fat was present in the ‘tumor’ locations
and no connective tissue was present in the ‘healthy’ locations outperformed
the other models with less pure data. The accuracy of the correct classification
of the measurement locations was dependent on the percentage of tumor
cells in the measurement location. Nevertheless, all measurement locations
with >75% of tumor cells were correctly classified. When assessing the
performance on invasive carcinoma measurement locations compared to
DCIS measurement locations, it was concluded that the percentage of tumor
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cells was more important for correct classification of a measurement location
than whether these locations contained invasive carcinoma cells or DCIS
cells. These results indicate that DRS may be a feasible technology for margin
assessment in breast conserving surgery. Even in difficult cases where DCIS
or mixed locations will be present at the resection edge, DRS may perform
well. The next step will be to test the technique in vivo during the surgical
procedure.

7

Keywords: resection margin assessment, diffuse reflectance spectroscopy,
DCIS, classification models
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INTRODUCTION
The majority of patients that are diagnosed with a breast tumor is treated with breastconserving surgery that aims at resecting a subvolume of the breast that includes the entire
tumor. During surgery, the surgeon tries to ensure that the entire tumor has been removed,
but since tumor tissue can be difficult to see or feel, it can be challenging to judge if indeed
all tumor tissue is resected. Histopathological evaluation, which takes place a few days after
surgery, has to confirm whether all tumor tissue is removed adequately. If a so-called positive
resection margin is found, this is an indication that tumor tissue might be left behind.
The definition of a positive resection margin has been under heavy debate over the
past years and nowadays varies from country to country as well as between institutes and
surgeons.[1, 2] For invasive carcinoma the ‘no ink on tumor’ margin is the most widely
accepted definition of an adequate margin. Regarding DCIS, a positive margin is defined as
the presence of tumor within a distance of 2 mm from the margin. In comparison to invasive
carcinoma, DCIS is more difficult to detect, as pockets of DCIS tend to be smaller.
Of all patients treated with breast-conserving surgery, up to 10-20% require re-excision
due to a positive resection margin.[1, 3-7] This has great implications for both the patient,
in terms of cosmetic outcome and discomfort, as well as for healthcare budgets.[3] In the
current clinical setting, there is no technology that can provide real-time feedback on the
margin status, thereby helping surgeons in achieving adequate margins without sacrificing
too much healthy tissue.
Diffuse Reflectance Spectroscopy (DRS) has the ability to measure tissue characteristics
based on the interaction between light and tissue. This technology is non-destructive, does
not rely on exogenous contrast agents and can be performed real-time. There have been
previous publications in which DRS spectra are used for margin assessment.[8-11] These
papers are based on the extensive literature showing a high accuracy of DRS measurements
for differentiating healthy breast tissue from tumor tissue. However, for successful application
of the technology in clinical practice still, several fundamental issues need to be resolved.
First of all specific data on whether DRS is able to recognize DCIS is scarce. In some
papers, DCIS measurements are included, however, the number of DCIS measurements is
often small and the wavelength range that was included during the measurements was
often limited to the visual wavelengths.[9, 12-14]
Second, breast tissue can be very inhomogeneous. For example, although healthy tissue
predominantly consists of fat tissue, connective tissue can be present as well. Meanwhile,
connective tissue is also present in breast cancer tumors, which comprise of tumor cells
surrounded by connective tissue in various ratios. In addition, in the case of a positive
resection margin, an area with tumor cells and accompanied connective tissue might be
also surrounded by fat tissue. Thus, a fiber-optic measurement acquired from breast tissue,
also when taken from the resection margin, may consist of a mixture of tissue types. At this
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stage, it is still unclear how accurate the measurements that are taken from such mixed
locations can be classified, and how the classification accuracy depends on the purity of the
data that is used for developing the classification model.
To resolve the current uncertainties the first aim of this paper is to evaluate if DRS is able
to detect DCIS. For this purpose measurement of DCIS are compared with the measurements
of healthy tissue as well as the measurements of invasive carcinoma. The second goal is
to determine if DRS measurements of locations with a mixture of tissue types can be
correctly classified. In order to answer this research question, we first investigated how the
classification performance of a model dependents on the purity of the measurements that
were used for developing the model. By changing the definition of ‘healthy’ and ‘tumor’,
more measurements that were a mixture of tissue types were included in the dataset used
for developing the classification model. The performance of that classification model was
then tested by classifying a portion of the ‘healthy’ and ‘tumor’ measurements (test dataset)
that were not used for model development. Classification models with good performance
on these test datasets were subsequently used to classify all other locations that were
not defined as ‘healthy’ or ‘tumor’ (mix dataset) to assess what the performance of the
classification models was on measurements of mixtures of tissue types.

Measurements on tissue slices
Fiber-optic diffuse reflectance spectra were acquired from slices from resection specimens
of 107 patients who had undergone breast surgery, either mastectomy or breast-conserving
surgery, in the Netherlands Cancer Institute. The study was approved by the hospital and
according to Dutch guidelines and confirmed by the Local Ethics Committee, no informed
consent had to be acquired.
Directly after surgery, at the pathology department, a pathologist inked the margins
and cut the specimen in slices with a thickness between 3 and 10 mm. One of the slices
from the middle of the specimen was placed in a macrocassette with a piece of black rubber
underneath it, to ensure the spectral data originated from the tissue only. Subsequently,
a custom made grid, that was placed on top of the specimen, defined the fiber-optic
measurement locations and enabled accurate correlation with histopathology afterward.

7

MATERIALS & METHODS

Measurement set-up
The measurement set up consisted of two spectrometers (Andor Technology DU420A-BRDD
and Andor Technology, DU492A-1.7) covering the wavelength range between 400 and
1600 nm. A blunt probe was attached to this measurement set-up with fibers that allowed
to obtain a DRS measurement with a fiber distance of 1 mm between the illuminating and
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collecting fiber. A calibration cap with a Spectralon reference standard at the bottom was
used to white-calibrate the system prior to each measuring session. This measurement setup has been described in detail elsewhere.[15, 16]
Histopathology and registration with optical measurements
After measuring, the tissue was further processed according to standard protocol in H&E
sections that were later digitalized using the Aperio® ScanScope AT2 (Leica Biosystems,
Wetzlar, Germany).
A pathologist assessed each H&E section, and circumscribed areas with invasive
carcinoma, DCIS, and glandular ducts. The other tissue types, connective tissue and fat
tissue stain respectively pink or white in the H&E section and were annotated automatically
by digital thresholding the image of the H&E section. Eventually, the glandular ducts were
included in the connective tissue class. The result was an image in which each pixel has a
histopathology label; IC, DCIS, Connective or Fat.
The procedure was described in detail elsewhere[17] (Chapter 5), in short, first, the
image of the H&E section (without annotations) was registered to an overview white light
image of the tissue in the macrocassette. The transformation matrix derived from this
registration allowed correcting for tissue deformations in the H&E section that occurred
during the histopathology processing. This transformation matrix was applied to the image
of the H&E section including the tissue type labels. The result was an image in which each
pixel is labeled, that is corrected for deformations. With a second white light image of the
tissue with the grid on top, it was possible to retrieve the measurement locations in the
labeled image and thus finding the tissue labels of the pixels at each measurement location.
Additionally, the measurement locations that were located in areas that were defined
as invasive carcinoma or DCIS were assessed a second time by a pathologist to have a more
detailed estimation of the percentage tumor cells in each of those measurement locations.
The result was a scoring of the percentage of fat, connective tissue, invasive carcinoma cells,
and DCIS cells in each of the locations that were measured.
Extraction of spectral features from spectra
Although spectra were acquired between 400 and 1600 nm only the wavelengths above
850 nm were used in the analysis as the wavelengths below 850 nm were affected by
pathology paint that was present on the specimen at the time of measuring. Second, the
number of features in the measurements was reduced by quantifying a number of visible
spectral features in specific wavelength ranges of the spectrum, specifically: I) spectral
slopes, II) dips in the spectra and III) the wavelength of these dips. (Figure 1) Areas that
were interesting were selected by visual inspection of the spectra of ‘pure’ measurement
locations. (Figure 1a) The ‘pure’ spectra were based on locations with >95% fat tissue, >95%
connective tissue, and locations with >90% tumor cells. The slopes in these areas were
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Figure 1. Reduction of features. The mean spectra and standard deviations of pure measurement
locations are used to select wavelength areas (a). In (b) an example of how a spectral features was
calculated from the ‘dip’ between 1100 nm and 1280 nm. The parts of the spectra that are colored
red are the first and last 25% of the wavelength range. The black dots represent the maxima in these
areas. Three types of spectral features are derived from the spectra, the slope (I), the maximum
difference (II), and the wavelength of the maximum difference (III). The slopes of 12 areas derived
from a typical fat spectrum (c) and a typical connective spectrum (d). The ‘dips’ of 4 areas in a
typical fat spectrum (e) and a typical connective spectrum (f)

determined by first calculating the maximum intensity in the first 25% of the wavelength
range, as well as the maximum intensity in the last 25% of the wavelength range.
Then, between these two maxima, the slope was calculated and used as a spectral
feature (I) (Figure 1b). In some areas were a ‘dip’ was seen in the spectra another two spectral
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Table 1. Overview of areas selected for spectral feature reduction.
Area
865-1070 nm
900-1050 nm
930-1048 nm
990-1052 nm
1060-1126 nm
1100-1265 nm
1130-1155 nm
1210-1242 nm
1265-1440 nm
1300-1365 nm
1335-1400 nm
1365-1440 nm
1385-1450 nm
1385-1600 nm
1440-1600 nm
1500-1600 nm

Slope (I)
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x
x

Maximum difference
(II)

Wavelength of
max. difference (III)

x
x

x
x

x

x

x

x

features were derived from the selected wavelength range. The first was the maximum
difference between the slope and the measured spectrum (II). The second spectral feature
was the wavelength of the maximum difference between the slope and measured spectrum
(III). All spectral features that were acquired from the spectra are listed in Table 1. In total
24 spectral features were derived from each measured spectrum. (Figure 1c, Figur 1d,
Figure 1e & Figure 1f)
Measurements of DCIS
To investigate the ability of DRS to detect DCIS, we compared the spectra of ‘pure’ invasive
carcinoma, ‘pure’ DCIS and healthy tissue. For this purpose, we selected three groups, one
group with measurements in which 95% or more of the volume included connective tissue
with DCIS, one group of measurements that for 95% or more included invasive carcinoma
with connective tissue, and one group of measurements of ‘pure’ healthy tissue. This last
group includes all locations without invasive carcinoma or DCIS which thus consist of fat
tissue and/or connective tissue. First, we analysed the differences between measurements
of invasive carcinoma and healthy tissue and the differences between the measurements of
the DCIS locations and healthy tissue. Second, the differences in the measurements of the
invasive carcinoma and DCIS locations are compared. For the comparisons, a Wilcoxon ranked
sum test is used to evaluate either 1) the measured intensities at every single wavelength or
2) the spectral features derived from the spectrum as described in the section ‘Extraction of
spectral features from spectra’. The α-level for all statistical tests was set to 0.05.
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Development of classification models
To assess how model performance dependents on the purity of the measurements used
for the development of the model, different definitions of ‘healthy’ and ‘tumor’ were used.
For the healthy locations the definition was that 1) no tumor cells were present, and 2)
the percentage of connective tissue at the measurement location did not exceed maxcon,
in which maxcon was set to either 0%, 10%, 20%, 30%, 40%, 50%, 60%, 70%, 80%, 90% or
100%. Similarly, locations were defined as ‘tumor’ if the following two criteria were met, 1)
presence of tumor cells and 2) the percentage of fat tissue at the measurement location did
not exceed max fat, in which max fat was set to either 0%, 10%, 20%, 30%, 40%, 50%, 60%,
70%, 80% or 90%. There were no models generated with a max fat of 100%, as based on this
definition tumor locations were allowed to contain 100% fat tissue and thus these locations
would meet the definition of both ‘healthy’ and ‘tumor’.
The classification models were built with a linear support vector machine (SVM) as
classifier, that was weighted based on the portion of locations that were defined as ‘healthy’
and ‘tumor’. First, five-fold cross-validation was used to split the data in a dataset used for
developing the classification model and a test dataset. Subsequently, a second five-fold
cross-validation step was used to split the development dataset a second time in a dataset
for training the model and a dataset for optimizing the SVM. (Figure 2)
Since for each combination of max fat and maxcon a classification model was con
structed, the total number of classification models was 110 (10 possibilities of max fat, and 11
possibilities of maxcon).
Measurements from one patient were either used for training, or optimizing, or testing.
Performance of the models was evaluated with the sensitivity, specificity, and Matthews
Correlation Coefficient (MCC) of the test data. The classification models were assessed
on overfitting, by comparing the performance of the model on the test dataset with the
performance of the model on the dataset used for developing the model (dataset for
training plus optimizing dataset).

7
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Classification of mixed locations
All measurements that did not meet the definition of either ‘healthy’ or ‘tumor’, were
labeled as ‘mix’ (mix dataset). Since the definitions for locations that were used for model
development (those locations defined as ‘tumor’ or ‘healthy’) changed, also the composition
of the dataset with mixture locations changed. Thus, performance on mixture locations also
depended on which locations are used for model development. Only mix measurements of
patients that were in the test dataset were classified by the model. To assess the performance
of the classification models on the mixture dataset the classification output (‘healthy’ or
‘tumor’) was plotted against the percentage of tumor cells in the measurement volume (0%,
1-25%, 26-50%, 51-75%, 76-100%).
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Dataset
Measured on tissue slices

‘Healthy’
- 0% tumor cells
- maxcon% connective

Dataset for
training*

Tumor
‘Tumor’
- > 0% tumor cells
- maxfat% fat

Dataset for
optimization*

SVM model

‘Mix’
- not ‘Healthy’
- not ‘Tumor’

Dataset for
testing

SVM model
optimized

Dataset ‘used for testing’ classified
Data used for model development classified
Dataset ‘Mix’ classified

5 fold cross-validation
5 fold cross-validation

* data used for development of the classifcation model

Figure 2. Flow chart of classification model development. The colored boxes represent data that is
classified by the optimized support vector machine. Model performance is evaluating by calculating
the sensitivity, specificity and MCC of the test dataset (light green). To check for overfitting, these
metrics are compared with the sensitivity, specificity and MCC of the dataset used for model
development (turquoise). The mix dataset (orange) that is classified by the model only consists of
mix measurements from patients that were not used in the training data or optimizing data.

RESULTS
Measurements of DCIS
To investigate the ability of DRS to detect DCIS, we analyzed the spectra of tumor locations
that consisted either of IC or DCIS with surrounding connective tissue and compared those
with the measurements of pure healthy measurement locations. In Figure 3 an example of
an H&E section of both a location with invasive carcinoma (Figure 3a) and DCIS (Figure 3b)
are displayed.
In both locations, the estimated amount of connective tissue was 50%. To evaluate a
possible bias with regard to connective tissue content between invasive carcinoma and
DCIS samples we first analyzed the histological composition of both sets of locations. All
locations that were included in the analysis are represented by a bar in either Figure 3c
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Figure 3. Comparison of invasive carcinoma with DCIS. Image of an H&E section of a measurement
location consisting of 50% tumor cells and 50% connective tissue (a). In (b) an example of an
H&E section of a measurement location with 50% DCIS cells, and 50% connective tissue. The
composition of all measurement locations that included invasive carcinoma cells in combination
with connective tissue depicted in (c), and the composition of all measurement locations that
included DCIS cells in combination with connective tissue are displayed in (d). A few locations
had some inflammation or scattered fat cells (<5%) which are represented in gray (‘other’). In (e)
mean spectra and standard deviation of invasive carcinoma with connective tissue (red), DCIS
with connective tissue (magenta), and all healthy locations without any invasive carcinoma or
DCIS (grey). The results of the Wilcoxon ranked sum test over all wavelengths are displayed in (f).
None of the wavelengths is reaches significance for the comparison of invasive carcinoma versus
DCIS locations, whereas for the comparisons of both invasive carcinoma and DCIS with all healthy
locations the majority of the wavelengths are significant.
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(invasive carcinoma) or Figure 3d (DCIS). In total 69 locations (n = 32 patients) consisted of
invasive carcinoma with some connective tissue surrounding the tumor cells whereas there
were 26 locations (n = 11 patients) that consisted of only DCIS and connective tissue. To
assure that the groups were comparable, the mean percentage and standard deviation of
the percentage of connective tissue in the measurement locations were calculated for both
groups. In the invasive carcinoma group 59.4% (25.0%) was connective tissue, and in the
DCIS measurements on an average 51.0% (22.6%) connective tissue was present.
The mean spectra of the invasive carcinoma locations, DCIS locations, and healthy
locations are depicted in Figure 3e. The spectra of the invasive carcinoma locations and DCIS
locations are very similar, and standard deviations overlap almost entirely. The two mean
spectra of the malignant tissue types show distinct differences with the mean spectrum of
healthy tissue.
The results of the Wilcoxon ranked sum test for the comparisons of the measurements
of invasive carcinoma versus healthy (red line), DCIS versus healthy (magenta line), and
invasive carcinoma versus DCIS (grey line) are depicted in Figure 3f. The red line and
magenta line reach both below the α-level (dashed line) for many of the same wavelengths.
This result indicates that the spectral difference between invasive carcinoma locations and
healthy locations is comparable to the spectral difference between DCIS locations and
healthy locations. The intensity differences between invasive carcinoma and DCIS locations
were also compared with a Wilcoxon ranked sum test. The result of this is displayed with
the black line, which was not significant for any of the wavelengths. (Figure 3f) Thus, the
measured intensities do not significantly differ between the invasive carcinoma and DCIS
measurements for any of the wavelengths, and discriminating the two tissue types based
on the measured intensity at a certain wavelength will not be possible.
In addition, the same statistical test was used with respect to the spectral features, again
comparing invasive carcinoma locations with healthy measurements, comparing DCIS with
healthy measurements, and comparing invasive carcinoma locations with DCIS locations.
The Wilcoxon ranked sum test was performed with each spectral feature and the results
are listed in Table 2. The significant spectral features are marked with an asterisk (*). When
comparing the spectral features of invasive carcinoma with healthy tissue measurements 19
of the 24 spectral features were significantly different. Similarly, 22 spectral features were
significantly different when comparing the spectral features of DCIS measurements with the
spectral features in healthy tissue locations.
The majority of the spectral features are highly significant in both comparisons. On the
other hand, none of the spectral features are significantly different in the invasive carcinoma
measurements compared to the DCIS measurements.
These data show that DRS measurements of areas with DCIS combined with connective
tissue are not significantly different from the spectra measured in areas of invasive carcinoma
combined with connective tissue. Also, the difference between measurements of healthy
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Table 2. P-values of Wilcoxon ranked sum test on spectral features. Features marked with an
asterisk (*) are significant.

Area
865-1070 nm
900-1050 nm
930-1048 nm
990-1052 nm
1060-1126 nm
1100-1265 nm
1130-1155 nm
1210-1242 nm
1265-1440 nm
1300-1365 nm
1335-1400 nm
1365-1440 nm
1385-1450 nm
1385-1600 nm
1440-1600 nm
1500-1600 nm

Slope (I)
DCIS
IC vs H
vs H
0.00*
0.00*
0.00*
0.00*
0.00*
0.00*
0.00*
0.00*
0.00*
0.00*
0.00*
0.00*
0.00*
0.00*
0.00*
0.00*
0.00*
0.10
0.00*
0.00*
0.00*
0.00*
0.10
0.00*
0.72
0.00*
0.00*
0.00*
0.22
0.00*
0.53
0.00*

IC vs
DCIS
0.12
0.12
0.06
0.27
0.10
0.06
0.19
0.11
0.25
0.24
0.28
0.29
0.26
0.08
0.39
0.38

Maximum difference (II)
DCIS
IC vs
IC vs H
vs H
DCIS

Wl. of max. difference (III)
DCIS
IC vs
IC vs H
vs H
DCIS

0.00*
0.00*

0.00*
0.00*

0.08
0.07

0.00*
0.01*

0.00*
0.49

0.22
0.30

0.01*

0.00*

0.37

0.00*

0.00*

0.96

0.99

0.00*

0.14

0.00*

0.00*

0.55

tissue and invasive carcinoma is comparable to the difference between measurements of
healthy tissue and DCIS.
According to these results, for the remainder of this study, we will combine the data of
the locations of invasive carcinoma with DCIS and will express, the percentage of invasive
carcinoma cells and DCIS cells by the percentage of tumor cells.

7

IC = invasive carcinoma, H = healthy, DCIS = ductal carcinoma in situ.

Classification model performance
The second goal of this research was to investigate if DRS measurements of locations with
a mixture of tissue types could be classified correctly. In order to do so, first, the impact of
using locations that are a mixture of tissue types in the classification model development
is assessed. For this purpose, classification models are generated with different definitions
of ‘healthy’ and ‘tumor’. Through cross-validation, the models are tested with part of
the measurements that were defined as ‘healthy’ or ‘tumor’ (test dataset). The average
performances of all the classification models with the different definitions of ‘healthy’ and
‘tumor’ are displayed in Figure 4. In each graph, one square belongs to one model with a
combination of max fat and maxcon. The model based on a max fat of 90% and a maxcon of
100% could not be generated as almost all data was used for development of the model,
and too little data was left to test the model. The left side of the figure show respectively
the sensitivity (Figure 4a), specificity (Figure 4c) and MCC (Figure 4e) of the test data, and
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Figure 4. Performance of classification models in terms of sensitivity ((a) & (b)), specificity ((c) & (d)),
and MCC value ((e) & (f)). The left part of the figure displays the results on the test data ((a), (c), & (e)),
whereas the right part of the figure displays the results on the dataset used in model development
((b), (d), & (f)). The dashed line indicated the models with max fat between 0 and 20%, and a maxcon
between 0 and 20%. The model with max fat = 90% and maxcon = 100% could not be generated as
there was too little data left for testing.
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Classification of mixed tissue locations
To assess the accuracy of the classification models for the mixture locations (i.e. locations
that were not considered ‘healthy’ or ‘tumor’, and were thus labeled as ‘mix’), these locations
were classified separately. As the results of the test dataset that were previously presented
showed that the models with a max fat ranging between 0% and 20% and a maxcon ranging
between 0% and 20% had good performance on the test data, four models in this range
were used for classifying these mixed data. In Figure 5 the performances of the four models
used for classifying the mixture data are depicted (Figure 5a: max fat = 0% and maxcon = 0%,
Figure 5b: max fat = 0% and maxcon = 20%, Figure 5c: max fat = 20% and maxcon = 0%, Figure 5d:
max fat = 20% and maxcon = 20%). These are the models in the corners of the dashed box in
Figure 4. Each graph displays the mean percentage of locations that are classified as healthy
(green bars above the x-axis) and that is classified as tumor (red bars below the x-axis). The
locations are grouped based on the percentage of tumor cells in the location (0%, 1-25%,
26-50%, 51-75%, and 76-100%), which are displayed as separate bars. In the ideal situation
all locations with 0% tumor tissue are depicted as a green bar, and all locations with tumor
cells, thus all other bars, are depicted in red.
The model generated with a max fat of 0% and maxcon of 0% (Figure 5a), classified an
average of 20.7% of measurement locations that did not have any tumor cells as tumor (left
bar). Measurements in the group 1-25% tumor cells are classified as tumor in 35.7% of cases
on an average. The group of measurements that contains 26- 50% tumor cells is classified
as tumor in 54.8% of cases on an average, and for the group with 51-75% tumor cells on an

7

the right side of the figure show the sensitivity (Figure 4b), specificity (Figure 4d) and
MCC (Figure 4f) of the data that was used for developing the model. Since the sensitivity,
specificity, and MCC values on the test dataset and model development dataset are almost
similar for all models, it can be concluded that none of the models suffer from overfitting.
The best performance is obtained when the definition of tumor measurements and
healthy measurements is most strict (maxfat = 0% and maxcon = 0%). In this scenario, no fat
tissue is allowed in the measurements defined as ‘tumor’, and no connective tissue is allowed
in the measurements defined as ‘healthy’. With both allowing more fat in the definition of
tumor and more connective in the definition of healthy, the performance of the models
deteriorate. However, in general, the classification models in which, up to 20% connective
tissue is allowed in the healthy measurements, and up to 20% of fat tissue in the healthy
measurements show good performance. The MCC is 0.96, 0.95, 0.91 and 0.90 respectively
for the models with max fat = 0% & maxcon = 0%, max fat = 0% & maxcon = 20%, max fat = 20% &
maxcon = 0%, and maxfat = 20% & maxcon = 20%. Sensitivity for the classification model in the
same order was 0.97, 0.96, 0.95, and 0.89. And similarly, the specificity was 0.99, 0.99, 0.97, and
0.99 for the classification models in the previously used order. These models correspond to
the corners of the dashed box as displayed in Figure 4.
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Figure 5. Results of classifying the mixture locations with different max fat and maxcon. In Figure
5a: max fat = 0% and maxcon = 0%. In Figure 5b: max fat = 0% and maxcon = 20%. In Figure 5c: max fat =
20% and maxcon = 0%. In Figure 5d: max fat = 20% and maxcon = 20%. Each bar in a graph represents
a group of measurement locations with either 0% tumor cells, 1-25% tumor cells, 26-50% tumor
cells, 51-75% tumor cells, or 76-100% tumor cells. The height of the green bars depict the average
percentage of measurement locations classified as healthy, the red bars depict the average
percentage of measurement locations that are classified as tumor.

average 69.9% of cases are classified as tumor. All locations with a 76 to 100% tumor cells
were classified as tumor. Thus, with an increasing percentage of tumor cells, the number of
locations are classified as tumor increases.
Figure 5b shows the effect of allowing more connective tissue in the healthy locations.
Using this model the average percentage of locations without tumor cells that are classified
as tumor is higher (33.7%), compared to the model with a maxcon of 0% (20.7%). At the
same time, in the groups with some tumor cells, more locations are classified as healthy.
Comparing Figure 5a with 5b the average percentages of locations that were classified
as healthy in the groups 1-25% tumor cells, 26-50% tumor cells, and 51-75% tumor cells,
increased with respectively 2.5% (from 64.3% to 66.8%), 19.7% (from 45.2% to 64.9%), and
26.6% (from 30.1% to 56.7%). Despite, the decline in performance of the locations with 1-75%
tumor cells, still, none of the locations that contained between 76% and 100% of tumor cells
were classified as healthy. The changed definition of ‘healthy’ also led to a decrease in the
average percentage of locations that have no tumor cells and are classified as healthy.
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In Figure 5c the effect of allowing more fat tissue in the definition of a tumor location is
assessed on the classification of the mix dataset. In this scenario, all locations that contain
76 to 100% tumor cells are used in the model development and will thus not fall in the
mixture dataset. Compared to the model with maxfat of 0% and maxcon of 0% (Figure 5a),
more locations with tumor cells are classified as tumor. In the group with 1-25% tumor cells,
the average percentage that is classified as tumor increased from 35.7% to 41.4%. Similarly,
in the group with 26-50% tumor cells the average percentage increases from 54.8% to
76.1%, and in the group of 51%-75%, the average percentage raised from 69.9% % to 100%.
However, also the average percentage of locations with 0% tumor cells that are classified as
tumor is 33.7%, whereas this was only 20.7% in the model with max fat = 0%.
In the scenario in which max fat is set to 20% and maxcon is set to 20% (Figure 5d), similar
to Figure 5c the group of measurements with 75-100% tumor cells is no longer present in
the mix dataset. The average percentage of locations without tumor cells that are classified
as healthy increased in comparison to Figure 5a (44.8% compared to 20.7%). On the other
hand, the average percentages of locations with some tumor cells that are classified as
tumor, decreases for the group with 1-25% tumor cells (35.7% versus 21.1%), decreases
slightly for the group with 26-50% tumor cells (54.8% versus 53.3%), and decreases severely
for the measurement locations with 51-75% tumor cells (69.9% versus 50.0%). As can be seen
in the figure, the standard deviation of this last group is quite large.
Altogether the performance of this last model seems to suffer from the impurity of
both the healthy locations as well as the tumor locations. This is an indication that using
more mixture locations in the development of the classification model does not improve
the correct classification of locations that have a mixture of tissue types. From these data
it is concluded that for model development, the purest measurements (max fat = 0% and
maxcon = 0%) provided the best model for classifying both the test dataset as well as the mix
measurements dataset.

7
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DCIS vs IC
To examine if the detection of tumor tissue depends on the actual tissue type, the
measurements with invasive carcinoma were split from the measurements with DCIS. All
measurements with either one of these tissue types were classified using the model with
max fat = 0% and maxcon = 0%. Figure 6 depicts the classification results on measurements
with invasive carcinoma (a) or DCIS (b). Both graphs show the same trend, with an increasing
amount of tumor cells (either invasive carcinoma or DCIS) the average percentage of
locations that are classified as tumor increases. In both groups, locations with more than
76% of tumor cells are always classified correctly. Similarly, locations with 51-75% of DCIS
cells were always classified correctly, however, it should be noted that this group was very
small with only three locations.
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Figure 6. The classification results of the classification model with max fat = 0% and maxcon = 0%
separated based on tissue type. The average percentage of locations that are classified as healthy
of tumor for each of the groups with increasing percentage of invasive carcinoma (a), and DCIS (b).

These results confirm that DCIS can be classified correctly by the classification model,
similar to invasive carcinoma. The classification accuracy is more dependent on the volume
that is occupied by tumor cells, than the actual tissue type.

DISCUSSION
The aim of this study was first, to investigate if DRS measurements would be able to
detect DCIS. The second goal was to assess the performance of a classification model for
locations of mixtures of tissue types. In order to do so, the first step was to assess how model
performance depended on the purity of the measurements used for developing the model.
In other words, if using more mixture locations in the model development phase would
affect the ability of the model to correctly classify the measurements. Thus, the performance
of the models was first evaluated by comparing the output on test dataset that was labeled
as ‘healthy’ or ‘tumor’. Subsequently, the models with good performance with the test data
were used to classify the measurements that were considered ‘mix’, and which were thus
not used in model development.
As for the research question concerning the detection of DCIS, the measurements of
two groups with either connective tissue and invasive carcinoma cells or connective tissue
and DCIS cells were compared. The means percentage of connective tissue in both groups
was comparable. It was found that the spectral differences that are seen between invasive
carcinoma and healthy tissue are also seen in the comparison between DCIS locations
and healthy tissue. The wavelengths that were significantly different between healthy
tissue measurements and invasive carcinoma measurements are almost the same as the
wavelengths that were significantly different between healthy tissue measurements and
DCIS measurements. In the analysis of the spectral features also the majority of the spectral
features that were significant for the comparison between healthy and invasive carcinoma
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were also significant for the comparison between healthy and DCIS. Furthermore, the
measurements of locations with invasive carcinoma were compared with the measurements
of locations with DCIS. It was found that there were no wavelengths that had a significantly
different intensity comparing the invasive carcinoma measurements with the DCIS
measurements. Neither was any of the spectral features that were derived from the spectrum
between 850 and 1600 nm significant. The fact that DCIS and invasive carcinoma are optically
similar is not surprising as both comprise irregular cells with often less cytoplasm and
atypical nuclei. For a pathologist, in situ carcinoma turns into invasive if the myoepithelial
cells of the outer ductal layer are no longer preserved.[18] This might not be detectable
with diffuse reflectance explaining why these tissue types could not be separated based
on the DRS measurements. It was therefore concluded that the measurements of invasive
carcinoma and DCIS should be combined in one class. There have been a few reports on
DRS measurements of DCIS.[9, 12-14] In these publications measurements were acquired
over a smaller wavelength range, typically enclosing the visual wavelengths, and often the
analysis was performed with optical parameters derived from the spectrum. It is therefore
not possible to compare the results of these studies with the results of our analysis.
In total 109 classification models were developed and used for classifying data as the
model with max fat 90% and maxcon 100% could not be generated. The performance of
the classification models on the test dataset was compared with the performance of the
classification models on the dataset that was used for developing the model (Figure 4).
The sensitivity, specificity, and MCC were comparable for both datasets indicating that the
classification models are not suffering from overfitting. We found that when an increase in
the percentage of fat tissue was allowed in the tumor locations (maxfat), and the percentage
connective tissue in the healthy locations (maxcon), the performance of the classification
models deteriorates. This outcome is in line with expectations. Healthy tissue mainly consists
of fat, sometimes combined with healthy ducts (i.e. glandular tissue) and thus connective
tissue. Tumor tissue, on the other hand, is always a combination of tumor cells with to some
connective tissue. By allowing more fat in the measurements labeled as tumor it becomes
more alike healthy tissue and by allowing more connective tissue in the measurements that
were labeled as healthy it will more and more resemble tumor tissue. However, increasing
both the max fat and maxcon to 20% still allowed good discrimination between the healthy
measurements and tumor measurements that were present in the test data (i.e. other
locations that were labeled as ‘healthy’ or ‘tumor’).
Subsequently, four models were used to classify the measurements that were
considered a mix (Figure 5). The model with both the max fat and maxcon set to 0% clearly
showed that with an increasing percentage of tumor cell in the measurement volume the
average percentage of locations that are classified as tumor increased. (Figure 5a) On the
other hand, an average of 20.7% of locations without any tumor cells was falsely classified
as tumor. The model in which the percentage of connective tissue that was allowed in the
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healthy locations was set to 20% (maxcon = 20%) (Fgiure 5b) showed worse performance than
the model in which both maxcon and max fat were set to 0%. In this model, both the average
percentage of locations without tumor tissue that was classified as tumor increased, while
at the same time the average percentage of locations with some tumor (1-25%, 26-50%, and
51-75%) that were classified as tumor decreased. This could be explained by the fact that by
allowing more connective tissue in the definition of healthy, more measurement locations
with some tumor tissue (i.e. a combination of tumor cells with connective tissue) in the
measurement volume will resemble ‘healthy’. It suggests that the presence of connective
tissue is used by the classification model as an indication of the presence of tumor. The
decrease in the average percentage of locations without tumor cells that are classified as
healthy can be explained by the fact that locations with a high percentage of fat tissue and
up to 20% of connective tissue are included in the test dataset and are no longer present
in the mixture dataset. Thus, locations with 1 to 20% connective tissue and 80 to 99% fat
tissue are used in the development of the classification models and therfore not present in
the mix dataset. These locations have relatively a lot of fat which probably makes it easy to
classifiy them correctly as ‘healthy’. In that case, these locations would have contributed to
increasing the average percentage of locations without any tumor cells that are classified as
healthy. It is concluded that this model is not to be favored over the model with both maxcon
and max fat set to 0%.
Besides the impact of changing the definition of ‘healthy’ also the impact of a changed
definition of ‘tumor’ was assessed with the mixed dataset. In this case, in which max fat set to
20% (Figure 5c), the average percentage of locations with some tumor that were classified
as tumor increased. Noteworthy, in this scenario, all locations with 76%-100% tumor cells
were included in the test dataset. The negative effect of changing the definition of ‘tumor‘
was that also the average percentage of locations without tumor cells that are classified as
tumor increased substantially from 20.7% to 33.7%. The result of allowing more fat tissue
in the definition of tumor is that locations that have tumor cells but also some fat tissue are
more similar to what is defined as tumor. As a result, the average percentage of locations
with some tumor cells but also some fat that are classified as tumor increased. The increase
of locations without tumor cells that are classified as tumor can be explained since some
healthy locations will also have connective tissue, which are then identified by the model as
tumor since tumor cells are in general surrounded by connective tissue.
Finally, the classification model in which both the max fat and maxcon are set to 20% was
assessed.(Figure 5d) Results show that this classification model performs poor on the mixed
dataset, especially compared to the classification with the purest definition of ‘healthy’ and
‘tumor’ (i.e. max fat and maxcon set to 0%).
It can thus be concluded that the best classification results for the mixed locations are
obtained by using measurements without any connective tissue for the ‘healthy’ class, and
measurements without any fat for the ‘tumor’ class in developing a classification model.
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The effect of changing the definitions of ‘healthy’ and ‘tumor’ on the classification
of the mixture measurements was similar to the trends seen in the performance on the
classification of the test dataset. It should be noted, however, that in the analysis alterations
of the definition of both ‘healthy’ and ‘tumor’ affect which data is used for developing the
model, an which data is included in the mix dataset. Increasing max fat and maxcon results in
a smaller mix dataset, and more measurement locations that are used in the development
of the models. The locations that switch from mix dataset to the development dataset are
those locations that differ from pure locations maximally 20%. Most likely, these locations
are more easy to classify by the classification models than locations in which the ratio is more
fifty-fifty. However, since we were especially interested in the classification performance of
the models for the mix locations the test dataset was not combined with the mix dataset.
This way the difference in performance between the models became more apparent.
Lastly, the performance of the classification model (max fat = 0% and maxcon = 0%)
was assessed for invasive carcinoma and DCIS separately (Figure 6). The performance
of the classification model for the measurement locations that contain either invasive
carcinoma cells or DCIS cells is very comparable. Both graphs show the same trend, which
is that classification accuracy improves with an increasing percentage of tumor cells in the
measurement volume. The conclusion is that the percentage of the measurement volume
that is taken by either invasive carcinoma cells or DCIS cells is more important for the ability
to correctly classify a measurement location than the specific tissue type.
Before generating the classification models, the data was reduced by deriving so-called
spectral features for the measured spectra, which were calculated from wavelength areas
that visually seemed different between pure fat tissue, pure connective tissue, and tissue
with >90% tumor cells. Based on the reduced data, good classification model performance
was obtained, without overfitting. However, the actual contribution of each of the single
spectral features was not investigated. Further reduction of the features might be possible
by detecting redundant spectral features. Another limitation of this study is that only the
near-infra red wavelength range was included in the analysis. Potential differences between
healthy and malignant that emerge in the visual wavelength range could not be evaluated.
The classification model performance of the classification models presented in this
paper is very similar to previous studies in which also tumor could be discriminated with
high accuracy from healthy tissue.[9, 19-21] However, this is the first study in which also
mixed tissue locations are evaluated after a robust correlation with histopathology was
made. The results here indicate that fat can be easily discriminated from all other tissue
types. However, connective tissue and tumor tissue have very similar optical characteristics,
probably because part of the tumor tissue is, in fact, connective tissue (see Figure 3c
and Figure 3d). As healthy tissue can also consist of connective tissue, this explains why
a portion of the healthy locations is classified as tumor. Other groups have also reported
that connective/glandular tissue has increased water content[22], and this can hamper
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discrimination of connective/glandular tissue from tumor tissue. Vice versa some of the
locations with 1 to 75% tumor cells were classified as healthy. If besides the tumor cells the
other part of the measurement volume is fat tissue, such a ‘tumor’ location can be easily
interpreted as healthy by the classification algorithm as up to 99% can be fat tissue. The
other factor that might influence these results is that although the best possible correlation
was made between the DRS measurements and the histopathology there still might be
some inaccuracies. For example, a different tissue type is present underneath a superficial
layer of another tissue type, could result in an error of the estimates of the percentages of
each tissue type in the measurement locations.
The majority of the publications using DRS for margin assessment evaluated the entire
margin by using multi-channel probes and classifying an entire margin opposed to a single
measurement.[8, 10] This is a different setting from the fiber-optic probe measurements
used in this research in which spatial information is absent. When using an imaging setup one measurement is an image of a margin, whereas in the case of a fiber-optic probe
measurement one single spectrum is measured that is the sum of the diffuse reflectance
of multiple tissue types that were present in the probed volume. Assessing the influence
of measurements that are a mixture of tissue types is therefore important. The number of
publications that assessed point measurements of measurement locations with a mixture
of tissue types is limited. A study by Kennedy et al. evaluated the margin in a point based
method but excluded the mixed tissue locations because the fractional composition of the
measurement locations was not specified by histopathology.[12] A publication by Pappo did
include locations with a combination of tumor tissue and healthy tissue.[23] In this paper, the
MarginProbe is used similarly to the point measurements in our study. The sensitivity and
specificity for locations with more than 75% tumor tissue were 1.00 and 0.87 respectively.
However, including the mixed measurement locations sensitivity and specificity dropped
both to 0.70.
Our ultimate goal is to use DRS technology for improving surgical outcome by provi
ding margin assessment based on the optical measurements. In the study, we have
shown that classification results are dependent on the percentage of tumor cells in the
measurement volume. Although some locations without any tumor are classified as tumor,
and some locations with tumor cells are classified as healthy, overall performance on the
locations with a high percentage of tumor cells is good. Especially, considering the fact that
some registration errors could also affect these results, as well as the previously described
possibility of having different tissue type present in depth.
To assess the clinical value of the technology this outcome should be related to the
volume of tumor cells that is present in the case of a positive resection margin. In other
words, are positive resection margins comparable to the measurements in the group with
1-25% tumor cells, or the group with 76-100% tumor cells? In addition, it is important to
recognize that the definition of a positive resection margin has shifted over the years and
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is still under debate. [24] Thus, the actual impact of this technology in clinical practice can
only be assessed by performing a large clinical study in which measurements are acquired
at the true resection margin. This allows investigating the minimal amount of tumor that
is clinically important in relation to the measurement volume. Such information can also
be helpful in determining what the most suitable fiber distance between the collecting
and emitting fiber should be, as the measurement volume can be altered by changing this
distance.
The proposed study can also reveal how often at the resection margin locations are
encountered that have a lot of connective tissue and might, therefore, be difficult to classify
as healthy. Furthermore, there is a difference between what is considered a positive resection
margin for DCIS[25], compared to the definition of a positive resection margin for invasive
carcinoma[26]. Although both definitions have shifted towards a more liberal definition
the definition of a positive resection margin for DCIS is more strict than the definition for
invasive carcinoma. As discriminating the two tissue types with DRS seems impossible, this
might have implications for what is detected by DRS as a positive resection margin. This
should also be investigated in the previous suggested clinical trial.
In conclusion, in this study, we have shown that the spectral differences between
healthy tissue and either invasive carcinoma or DCIS are the same. Furthermore, there is
no significant difference in the measurements of invasive carcinoma with connective tissue
and measurements of DCIS with connective tissue. With regard to the classification model
development, it was concluded that using a model based on pure measurement locations
(no connective tissue allowed in the definition of ‘healthy’ and no fat tissue allowed in the
definition of ‘tumor’) showed good performance on both the test dataset (with locations
labeled as ‘healthy’ or ‘tumor’) as well as the locations with a mixture of tissue types (‘mix’
dataset). Furthermore, with an increasing percentage of tumor cells in the measurement
volume, a location with a mixture location was more often correctly classified as tumor.
Importantly, the classification accuracy of locations with more than 75% tumor cells was
excellent. Finally, the percentage of tumor cells is more important for correct classification
of the measurements, than whether those locations contain invasive carcinoma or DCIS.
These results thus show that detection of areas of DCIS at the resection margin is possible
with DRS. Further research should be directed to measuring DRS at the resection margin to
assess the ability of the technology to detect a positive resection margin.
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Abstract

Background: Breast cancer surgeons struggle with differentiating healthy
tissue from cancer at the resection margin during surgery. We report on the
feasibility of using Diffuse Reflectance Spectroscopy (DRS) for real-time in vivo
tissue characterization.
Methods: Evaluating the feasibility of the technology requires a setting
in which measurements, imaging and pathology have the best possible
correlation. For this purpose an optical biopsy needle was used that had
integrated optical fibers at the tip of the needle. This approach enabled the
best possible correlation between optical measurement volume and tissue
histology. With this optical biopsy needle, we acquired real-time DRS data of
normal tissue and tumor tissue in 27 patients that underwent an ultrasoundguided breast biopsy procedure. Five additional patients were measured
in continuous mode in which we obtained DRS measurements along the
entire biopsy needle trajectory. We developed and compared three different
Support Vector Machine (SVM) based classification models to classify the DRS
measurements.
Results: With DRS malignant tissue could be discriminated from healthy
tissue. The classification model that was based on eight selected wavelengths
had the highest accuracy and Matthews Correlation Coefficient (MCC) of 0.93
and 0.87, respectively. In three patients that were measured in continuous
mode and had malignant tissue in their biopsy specimen, a clear transition
was seen in the classified DRS measurements going from healthy tissue to
tumor tissue. This transition was not seen in the other two continuously
measured patients that had benign tissue in their biopsy specimen.
Conclusions: It was concluded that DRS is feasible for integration in a surgical
tool that could assist the breast surgeon in detecting positive resection
margins during breast surgery.
Trail registration: NIH U.S. National Library of Medicine – clinicaltrails.gov,
NCT01730365. Registered: 10/04/2012 https://clinicaltrials.gov/ct2/show/
study/NCT01730365
Keywords: Breast cancer surgery, intraoperative margin assessment, optical
technology, real-time
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The current primary treatment of breast cancer includes a multimodal approach with a
combination of surgery and radiotherapy, and depending on the subtype and the extent
of the disease, systemic treatment. Optimal surgical treatment is achieved when all tumor
tissue is resected, and thus histopathological evaluation of the resection specimen reveals
no tumor-positive margins. However, resecting too much healthy tissue compromises
cosmetic outcome. Since tumor-positive resection margins are associated with a higher
recurrence rate, these patients require additional treatment with boost radiotherapy
or re-excision surgery.[1, 2] Along with the impact of additional treatment on healthcare
budgets, both boost radiotherapy and secondary surgery impair cosmetic outcomes[3],
increase morbidity[4, 5] and can affect quality of life[6-8]. The surgeon is thus balancing
between completely resecting the tumor and, sparing as much healthy tissue as possible.[9]
Performing surgery while doing justice to both is difficult since visually recognizing tumor
tissue on the surgical margin is extremely challenging. In addition, all currently available
intra-operative margin assessment techniques have their own pitfalls, such as reduced
sensitivity, the requirement of skilled personnel, are labor-intensive, and can be operator
dependent.[10-12] Therefore, breast surgeons are in need of a robust margin assessment
tool that can assist them real-time in defining the optimal resection plane to ensure clear
margins, and will also help them to minimize the resected specimen volume.[13-18]
Diffuse reflectance spectroscopy (DRS), a light-based technology, has shown promising
results for discriminating normal breast tissue from tumor tissue and may address the need
for a margin assessment device.[19-22] The principle behind DRS is that light interacts
with tissue through scattering and absorption. The absorption is related to the chemical
composition of the tissue whereas the scattering is related to the subcellular morphology.
The reflected light, detected after tissue interaction, has an altered spectrum compared
to the incoming light. Thus, the diffuse reflectance spectrum represents aspects of the
composition and subcellular morphology of the measured tissue. Ultimately, incorporating
DRS technology in instruments, such as a surgical knife, could potentially provide the
surgeon with additional information that reflects the histopathology of the tissue at the
resection margin. The surgeon can use this information as guidance to determining the
optimal resection place for excising a breast tumor.
There have been some publications on the feasibility of DRS for breast biopsy
and surgery applications. [23-26] However, many of these publications struggled with
correlating the exact tissue volume measured by DRS in vivo to the proper location in the
histopathology sections processed post-operatively. This is an important factor as the ‘gold
standard’ for the evaluation of surgical margins is microscopic assessment by a pathologist.
Thus, a mismatch between the optical measurements and the histopathology hampers the
development of robust classification algorithms and validation of the technology. For the
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purpose of developing a reliable database of DRS measurements, we developed a special
biopsy needle with embedded optical fibers. [27] This tool enables DRS measurements and
subsequent biopsy of the same tissue volume as measured spectroscopically. Although it
is tempting to see this study as an attempt to perform spectroscopy guided biopsy, this
was explicitly not the purpose of this study. The robust dataset gathered in this setting
can be used for developing classification models and validating DRS technology for tissue
characterization. The paper describes how we developed and tested three predictive
classification models, based on different types of input data, to accurately classify the
DRS measurements. Furthermore, we investigated the feasibility of acquiring in vivo DRS
measurements and classifying these. To this end, DRS measurements were performed
continuously along an entire needle trajectory during ultrasound-guided breast biopsy
procedures, and classified based on a classification model.

METHODS
Study design
Patients suspected of having breast cancer (after palpation, X-ray and US-imaging) that
required diagnostic biopsies were asked to participate in this observational study that was
approved by the Institutional Review Board of the Netherlands Cancer Institute. Written
informed consent was obtained from all patients prior to the biopsy procedure. Patients
with suspected sensitivity to light (e.g. patient who have had photodynamic therapy) were
excluded, as well as patients that had received prior chemotherapy, endocrine therapy
or radiation therapy recently (i.e. within 5 years). Patients were also excluded with breast
implants and those that needed a stereotactic breast biopsy. In all patients, a biopsy was
obtained after the last measurement in tumor tissue. The biopsy specimen was colored with
pathology ink on the distal side to indicate which side had been in contact with the fibers
during measurements. The biopsy specimens were used for diagnostic assessment and to
confirm histopathology of the tumor measurement location by evaluating the first 2 mm of
the side of the biopsy specimen that had been in contact with the optical fibers. Patients
were only included when the pathology results of the lesion (including the other diagnostic
biopsy specimens) indicated the lesion was an invasive breast tumor.
Spectrometers & optical biopsy needle
DRS measurements were obtained with a specially designed optical biopsy needle (Figure
1). This optical biopsy needle, which had integrated optical fibers, combined the ability to
measure DRS spectra with biopsy functionality.[27] The 14G optical biopsy needle had one
100μm fiber for illumination and two 200μm fibers for collecting the light (Invivo); with a
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(a) Optical fibers

(e)

(b)
(d)
(c)
Optical fibers
Figure 1. Biopsy needle with integrated optical fibers. (A) In the initial phase, the tissue is in contact
with the fibers. (B) When the release button is pressed the cutting mechanism extends forward
while the fibers retract. The tissue can now enter the biopsy cavity. (C) When pressing the release
button further the outer stylet will extend forward, thereby cutting the tissue in the biopsy cavity
from its surrounding. (D) Photograph of the biopsy needle with an extended inner stylet, with the
cutting mechanism protruded similar to situation B. (E) Example of an H&E stained section of the
biopsy specimen. The side of the specimen that was not in contact with the fibers (in this case the
left side) is marked with red pathology ink directly after retrieving the biopsy specimen from the
cavity.

DRS point measurements
In 27 patients, measurements were acquired in a point-based manner, thus the measurement
needle was first held still in normal tissue, and subsequently in the breast tumor where a
biopsy was taken. At each measurement location, three DRS measurements (10 spectra
per measurement) were acquired and averaged. Performing a single measurement took
approximately 10 seconds. In this measurement time a total of 30 high-quality DRS spectra
were obtained over the full wavelength range which is necessary for building a database that
can be used for classification model development. During the time the DRS measurements
were obtained an US-image was made with the needle tip in view. These US-images were
evaluated by a radiologist to confirm correct positioning of the needle in either normal
breast tissue or tumor tissue.

8

20 mm cavity for the tissue biopsy. The collecting fibers were placed next to each other, and
the distance between the illuminating and collecting fibers was 1.36 mm, which resulted in
a penetration depth of approximately 1-2 mm. The optical biopsy needle was attached to
two spectrometers that resolved light in the visual wavelength range (DU420A-BRDD, Andor
Technology) and the near-infrared wavelength range (DU492A-1.7, Andor Technology).
After measuring, the spectra of the two spectrometers were stitched together, to form a
continuous spectrum between 400 and 1600 nm[28]. In the full spectrum and selected
wavelengths classification models the first 100 nm was removed since this wavelength
range was highly affected by noise which may influence the machine learning algorithms
that were used for the development of the models.
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DRS continuous measurements
In five additional patients, DRS measurements were obtained in a continuous mode. Here
the measurements were obtained along the entire needle trajectory starting in the normal
tissue, continuing through the transition zone of normal-tumor, and ending in the tumor. To
enable real-time acquisition of the data adjustments were made to the settings to increase
the acquisition rate. The framerate in continuous mode was approximately one spectrum
per second. The integration time was set to 0.35s for all measurements along the needle
trajectory. Prior to measuring the clocks of the US device and the laptop controlling the
DRS set-up were synchronized thus allowing the US-images to be registered to the DRS
measurements. At one location at a distance from the tumor, and at the final measurement
location (also the location of the biopsy specimen) the needle was kept still to ensure
sufficient data of both healthy tissue and tumor tissue (similar to the point measurements).
At these locations, 10 DRS measurements were acquired, as well as an US-image.
Pre-processing point measurements
At each point measurement location, three spectra were obtained which were averaged
to calculate a mean spectrum of each measurement location. Subsequently, all spectra
were normalized with the standard normal variate (SNV) method.[29] Outlier detection was
performed to ensure that the classification models were developed with reliable data.[30] A
cut-off of 3 times the standard deviation was chosen as a threshold.
Development of classification models
For development of the first classification models only the point-based measurements were
used as for these measurement US images and histopathology provided information on the
nature of the tissue in front of the needle during a measurement. For the continuous data,
this information was not available for each measurement in the trajectory.
To ensure a balanced dataset, only patients which had both the normal and tumor
measurement available after outlier detection were used. All classification models were
constructed with perClass (Academic version 5.0, PR Sys design) in Matlab (2015a, the
MathWorks). Figure 2 depicts a schematic flowchart of the approach to building the classi
fication models.
Fit parameter classification models
The input for the first classification model was optical fit parameter data. To calculate these
fit parameters from the measured DRS spectra, the measurements were quantified using an
analytical fit model based on diffusion theory. This can be considered as a feature reduction
method in which the measured spectra is translated into chemically or physiologically
meaningful parameters.[31] In order to do so, the fit model required the absorption spectra
of substances present in tissue, including: blood, fat, water, β-carotene, collagen, and
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cross-validation (100x)

Input data for
classification models:
1. fit parameters
2. full spectrum
(3. selected wavelengts)

Point data (n = 21 patients)

Bootstrap sampling
17 sets of normal and
tumor measurements
of patients

Test dataset

5-fold cross-validation

Validation dataset

Train dataset

8

Classification model
SVM linear classifier
parameter C
Classification model
Optimized SVM linear classifier
Performance
Sensitivity
Specificity
Accuracy

Figure 2. Schematic overview of training and testing of the classification model. In the inner loop
the SVM is optimized (5 fold cross-validation), this optimized model is subsequently used with the
test dataset. The outer loop is performed 100 times. The sensitivity, specificity, and accuracy are
averaged over all iterations.
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Full spectrum classification model
Full spectrum classification model
The input for the second classification model was
The input for the second classification model was the full wavelength
spectrum
without
feature reduction.
Thus,
eachany
wavelength between
feature reduction. Thus, each wavelength between 500 and 1600 nm (i.e. the full spectrum)
used as input to the model, resulting in 1100 features
was used as input to the model, resulting in 1100 features for the classification model.

Selected wavelengths classification model

Selected wavelengths classification model
The input for the third classification model consiste
The input for the third classification model consisted of a limited number of wavelengths.
selection of these wavelengths was based on the re
The selection of these wavelengths was based on the results of a two-sided Wilcoxon
(alpha = 0.05). All normal and all tumor measurement
rank sum test (alpha = 0.05). All normal and all tumor measurements were used in the
test. For each wavelength, the Wilcoxon rank sum test assesses whether two samples of
145
observations (in this case the normal measurements and the tumor measurements) are
from the same distribution. This statistical test was used to identify wavelength regions that
were significantly different between the normal and tumor spectra (mean p-value below
0.05). In each of these regions, the wavelength with the lowest p-value was selected as a
wavelength for the selected wavelengths model.
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Classifier
A linear support vector machine (SVM) formed the classifier in the classification model.
[33, 34] This machine learning technique constructed an optimal separating linear
hyperplane between two classes in a higher dimensional space by creating the biggest
margin between measurements of two classes.

Classification of continuous data
The continuous data was preprocessed, by normalizing it using the SNV method. Spectra
were not averaged and no outlier detection was performed. Along the needle trajectory, USimages were captured of the biopsy needle while it was positioned in healthy tissue during
the first measurement, and when the needle was at the final measurement location, targeting
to be in the tumor. For the classification of the continuous data, all point measurements
were used to build another three classification models with the different input data (i.e. fit
parameter, full spectrum, and selected wavelengths) (Figure 3). No measurements of the
continuously acquired data were used in the development of any of the models, they were
only provided to the classification model to be classified. Therefore these needle trajectory
measurements were not labeled based on US-imaging or pathology.

8

Bootstrap sampling and cross-validation
To avoid selection bias, a bootstrapping technique was used to randomly select 17 subsets
of (not necessarily different) patients as training data for model development. On average,
both the normal and tumor measurements of 11.9 (+/- 1.3) unique patients were used as
training data in each of the 100 iterations. The remaining patients that were not selected for
training were used for testing the model. Subsequently the SVM was optimized with a 5-fold
cross-validation of the training data to find the optimum for the regularization parameter
C. The unseen test data was then classified with the optimized SVM model. This process
was performed a hundred times in order to test the generalizability of the classification
model. Measurements provided to the classification model were classified as either
‘normal’ or ‘tumor’. With this binary output the sensitivity, specificity, and accuracy in each
bootstrap iteration were calculated for discriminating normal measurements from tumor
measurements. By averaging these model performance parameters over the 100 iterations
the mean sensitivity, mean specificity, mean accuracy, and mean Matthews Correlation
Coefficient (MCC) were determined, and these were used to compare the performance of
different classification models. Besides the binary output, the classification models could
also generate the probability of a measurement being either ‘normal’ or ‘tumor’.

159

PSM 20190228 Proefschrift Lisanne de Boer BW.indd 159

23-04-19 19:08

Chapter 8 | Real-time in vivo detection of breast cancer

Point data (n = 21 patients)
Input data for
classification models:
1. fit parameters
2. full spectrum
3. selected wavelengths

5-fold cross-validation

Validation dataset

Train dataset

Classification model
SVM linear classifier
parameter C
Continuous data (n = 5 patients)
Test dataset

Classification model
Optimized SVM linear classifier

Classified continuous data
Probabilities

Figure 3. Schematic overview of the classification model development with point measurements
to classify continuous measurements. Again, either the fit parameters data, full spectrum data or,
selected wavelengths data is used as input for the classification model development.
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Table 1. Patient characteristics of point measurements dataset and continuous measurements
dataset.
Patient characteristics
Mean age (std)
Menopausal status
Premenopausal
Perimenopausal
Postmenopausal
Unknown
Mean tumor size (US imaging) (std)
Cancer type*
Invasive ductal carcinoma
Invasive lobular carcinoma
Mucinous adenocarcinoma
*

Point measurements
(n = 21)
53.4 year (12.1)

Continuous measurements
(n = 5)
60.6 year (10.2)

8
2
10
1
25.5 mm (11.1)

1
0
4
0
37.2 mm (25.1)

19
2
0

3
1
1

The histopathology was based on the histopathology of all biopsy specimens taken in that patient

In total 32 patients were measured and had unambiguous pathology results. Of these
patients, 27 formed the point measurement dataset and 5 the continuous dataset. From
the 27 point-based measurement patients, in one patient the biopsy specimen was absent
and two patients had biopsy specimens that were clearly damaged during processing of the
tissue. In these three cases careful evaluation of the US images by a radiologist revealed that
the needle tip was certainly placed a few millimeters inside the tumor and therefore these
patients were still included in the analysis. Four patients were excluded from the analysis
because 1) the side of the biopsy specimen that had been in contact with the fibers during
the measurement consisted of healthy tissue over the extent of a few millimeters and 2)
according to the radiologist the needle was moved between the measurement and biopsy.
No patients were excluded because the tumor was too close to the skin, thus prohibiting the
acquisition of measurements of healthy tissue.
In the procedure of outlier detection, two measurement locations were detected. An
explanation for the first outlier might be that the needle tip was in a pool of blood during
the normal measurements, which was confirmed by the high blood content according
to the fit parameters. As for the second outlier, the histopathology of this measurement
location showed benign tissue in the biopsy specimen. The patients to which these locations
belonged were also excluded to ensure a balanced dataset.
Thus, in total 6 patients were excluded from the point measurement dataset. The
remaining 21 patients, in whom point measurements were obtained, were included for
further analysis. The patient characteristics of both patient datasets seem similar and are
summarized in Table 1.

8
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161

PSM 20190228 Proefschrift Lisanne de Boer BW.indd 161

23-04-19 19:08

Chapter 8 | Real-time in vivo detection of breast cancer

Table 2. Performance (mean accuracy, sensitivity, specificity, and MCC with standard deviations) of
classification models.
Type of data used as
input for the model
Fit parameters
F/W-ratio & collagen
F/W-ratio
Full spectrum
Selected wavelengths

Mean accuracy
(std)
0.85 (0.16)
0.85 (0.16)
0.92 (0.06)
0.93 (0.06)

Mean sensitivity Mean specificity
(std)
(std)
0.72 (0.33)
0.71 (0.34)
0.94 (0.10)
0.95 (0.07)

0.99 (0.03)
0.99 (0.04)
0.89 (0.11)
0.91 (0.14)

Mean MCC
(std)
0.74 (0.30)
0.72 (0.31)
0.84 (0.12)
0.87 (0.11)

Classification models based on fit parameters
In total 64 classification models that were based on combinations of fit parameters were
built. The two fit parameter combinations that generated the two classification models
with the highest accuracies are listed in Table 2. The fit parameter combination of F/W-ratio
and collagen was the combination that resulted in the classification model with the best
performance, with a mean accuracy, sensitivity, specificity and MCC of 0.85 (0.16), 0.72 (0.33),
0.99 (0.03), and 0.74 (0.30) respectively. The second best performing classification model
was based on the F/W-ratio alone, which had a slightly lower sensitivity compared with the
combination of the F/W-ratio and collagen.
Classification model based on full spectrum
The mean accuracy, sensitivity, specificity, and MCC of the model based on the full spectrum
were 0.92 (0.06), 0.94 (0.10), 0.89 (0.11), and 0.84 (0.12) respectively (Table 2). Compared to
the fit parameter model, the full spectrum model had better accuracy, sensitivity, and MCC,
whereas the specificity of the fit parameter model was better. This indicates that the full
spectrum classification model is useful for detecting all tumor tissue at the cost of classifying
some normal tissue as tumor. With the fit parameter classification model, less normal tissue
will be incorrectly classified as tumor, but also, less tumor tissue will be detected.
Classification model based on selected wavelengths
A third classification model was developed using a selection of wavelengths that were
significantly different between normal and tumor spectra according to the Wilcoxon rank
sum test (alpha = 0.05). Figure 4 shows the results of the Wilcoxon rank sum test. The grey
parts of the graph represent wavelength areas in which the p-value was lower than 0.05.
From these areas the wavelength with the lowest p-value was selected for the selected
wavelengths model (vertical dashed lines). The selected wavelengths were: 501 nm, 916 nm,
973 nm, 1145 nm, 1211 nm, 1371 nm, 1424 nm, and 1597 nm.
The classification model based on these wavelengths was tested similarly to the models
based on the fit parameters and the full spectrum. The mean accuracy, sensitivity, specificity,
and MCC of this model was 0.93 (0.06), 0.95 (0.07), 0.91 (0.14), and 0.87 (0.11) respectively
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(Table 2). Compared to the fit parameter model this model has improved mean sensitivity,
but reduced specificity. Despite the decrease in mean specificity, the mean accuracy and
MCC of the selected wavelengths model is higher in comparison to the fit parameter model.
The classification model after feature selection also outperforms the full spectrum model
as the mean accuracy, sensitivity and specificity are slightly higher. The MCC of the
classification model based on a selection of wavelengths was the highest with the lowest
standard deviation compared to the other models.
To ensure the improvement of model performance was related to the actual wavelengths
in the set of selected wavelengths, the model performance was compared to the model
performance of a subset of wavelengths that had the maximum p-value from wavelength
ranges with p-values of > 0.5. The selected wavelengths for this model were: 602 nm, 681
nm, 951 nm, 1018 nm, 1095 nm, 1174 nm, 1230 nm, 1397 nm, and 1503 nm. As for the model
with these eight selected wavelengths the mean accuracy, mean sensitivity, and mean
specificity was 0.49 (0.12), 0.48 (0.25), and 0.50 (0.27) respectively. The MCC also displayed
weak performance of this model with a mean value of 0.61 and a standard deviation of 0.32.

8

Figure 4. P-values of Wilcoxon rank sum test. Results of a two-sided Wilcoxon rank sum test (alpha
= 0.05) for each wavelength between normal and tumor measurements. The grey wavelength
ranges indicate that over these wavelengths there is a significant difference between normal and
tumor. The vertical dashed lines represent the wavelengths with the lowest p-value in each grey
area. The eight selected wavelengths were: 501 nm, 916 nm, 973 nm, 1145 nm, 1211 nm, 1371 nm,
1424 nm, and 1597 nm.

Classifying continuous data
The data from the five patients that were measured in continuous mode were tested on
the three classification models (fit parameters, full spectrum, and selected wavelengths).
To make these classification models consistent with the previous models, the fit parameter
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Figure 5. Classification of continuous data. In the left part of the image, US images taken along the
needle trajectory at ‘normal’ and ‘tumor’. The middle of the image includes the outcomes of the
classification algorithms, where the x-axis is the measurement number (≠ distance) and the y-axis is
the probability of a measurement being normal (> 0.5) or tumor (< 0.5). The green and red arrows
indicate the locations where the needle was kept still. The histopathology of the part of the biopsy
specimen that was in contact with the needle is displayed on the right side.
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model was developed with the same fit parameters as in the previous model (F/W-ratio &
Collagen) and similarly for the selected wavelengths model the same eight wavelengths
(501 nm, 916 nm, 973 nm, 1145 nm, 1211 nm, 1371 nm, 1424 nm, and 1597 nm) were used. The
results of the classification of the continuous data are represented in Figure 5.
In the left part of the figure for each patient the US images at two locations along
the needle trajectory (‘normal’ and ’tumor’) are shown. The histopathology of the part of
the biopsy specimen that was in touch with the fibers at the last measurement location
is displayed in the right side of the figure. The black bars represent a distance of 1 mm in
the histopathology image. The graphs in the center of the figure show the output of the
classification models in terms of probabilities for each measurement. A probability of >
0.5 indicates a measurement is classified as ‘normal breast tissue’ by the model, whereas a
probability of < 0.5 implies ‘tumor’. The x-axis represents the measurements in time, not in
distance. In patient 1, there are some measurements missing because these were accidently
not saved during the procedure.
The histopathologic evaluation by the pathologist revealed that there was tumor
(‘mucinous adenocarcinoma’, or ‘invasive ductal carcinoma’) in the biopsy specimen of
patient 1, 2 and 3. In the case of patient 4 and 5, the side of the biopsy specimens touching
the fibers did not contain malignant tissue according to the pathologist. In all three patients
that had invasive carcinoma in their biopsy specimen (patient 1, patient 2, and patient 3)
there is a distinct decrease in probability visible in the classified DRS measurements taken
along the trajectory from healthy tissue to tumor tissue. Furthermore, the first measurements
of patient 1 and patient 2 are classified as normal tissue (probabilities close to one), and the
final measurements are classified as tumor (probabilities close to zero) by all three models.
In both these patients, the probability of the final measurement of the trajectory calculated
by the full spectrum model and the selected wavelengths model are closer to zero than
the output of the fit parameter model, indicating more certainty of the classification. Along
the trajectory of patient 1, there is one outlier (measurement #10), which displays a distinct
decrease in probability for all classification models. The measurements of patient 3 are
classified as normal at the beginning of the trajectory and as the needle progressed to the
tumor, the probabilities, clearly and consistently over all models, decreased. However, at the
end of the trajectory, none of the three models classified the final measurements as tumor,
whereas according to the biopsy specimen the needle was placed in tumor tissue.
Two patients did not have tumor tissue in the first 2 mm of the biopsy specimen that
was in contact with the optical fibers (patient 4 and 5). In both cases, the outcomes of the
classification models classified all measurements in the needle trajectory as normal tissue.
As for patient 4, the probability of the fit parameter model does show a decrease that was
not seen in the output of the other two classification models. The transition from normal
tissue to tumor, seen in the patients with a malignancy (patient 1, patient 2, and patient 3),
is not consistently present in the classification output of all three models in patient 4 and
patient 5, whom had no malignancy in their biopsy specimens
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DISCUSSION
A large amount of evidence from in vivo and ex vivo studies around the world has proven
that DRS can be a highly powerful tool for clinical use to discriminate tissue types. However,
the technology has not been integrated with a surgical tool for real-time margin assessment.
With the goal of moving towards a real-time classification tool for surgical margin assessment
during breast surgery, we aimed at developing a classification model to accurately predict
the type of tissue in front of the DRS tool, as well as showing the feasibility of real-time use
of this technology. To reach these goals a custom made optical biopsy needle was used
enabling DRS measurements and histopathology to be assessed on the same tissue volume
which is inevitable for developing a robust classification model. It should be noted that this
research was conducted with this set-up as a step towards developing a surgical tool that
can guide the surgeon, rather than to improve the yield of breast biopsy procedures. This
research differs from previous work as it measures DRS over a broader wavelength range
extending into the near-infrared wavelengths. Furthermore, to the authors’ knowledge, it
is the first publication to test the feasibility of in vivo continuous DRS data acquisition, with
a frame rate of approximately one measurement per second, which is more similar to how
data will be acquired in the surgical setting.
We first used the point-based measurements to determine the performance of the
classification models that were based on different input data. We found that if the fit
parameter data was used as input, the combination of the F/W-ratio and collagen resulted in
a model with the highest accuracy and MCC (0.85 and 0.74) compared to other combinations
of fit parameters. Besides the fit parameter model, two other models were developed using
the full spectrum of wavelengths or a selection of wavelengths as input. The full spectrum
model had a better sensitivity compared to the fit parameter model (0.94 versus 0.72),
whereas the fit parameter model had a higher specificity (0.99 versus 0.89), suggesting that
the full spectrum model is more suitable for detecting tumor tissue, while the fit parameter
model has less misclassifications of normal tissue. Although not statistically tested, the
classification model based on a subset of selected wavelengths seems to outperform the
other two models with the highest accuracy and MCC (0.93 and 0.87).
We developed three classification models (fit parameters, full spectrum, and selected
wavelengths) based on all available point-measurements specifically to classify the con
tinuous measurements. Importantly, none of the continuous measurements were used for
the development of a classification model, they only served as test data to be classified by
the classification model (Figure 3). In all five patients, the first measurements were classified
as normal tissue by the classification models, this is expected considering the fact that
the needle trajectory starts in normal tissue going towards the suspected tumor tissue. In
patients 1, 2, 4, and 5, the classified DRS measurements of the final measurement locations are
in agreement with the pathological outcome. In patient 1, however, there is a measurement
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(#10) in the trajectory that is classified as ‘tumor’; this appears to be a ‘false positive’ since
the distance from this location to the lesion is quite far. In the surgical pathology report
following lumpectomy for this patient it was noted that there was a focus of DCIS 1.5 mm
from the tumor. It could be possible that this smaller lesion was in the trajectory of the
needle, explaining the decrease in probability.
The output by the classification models of the final measurement location was not
in accordance with histopathologic evaluation in one patient (patient 3). In this case, the
outputs of the classification models show a decrease in probability, but never reach the
threshold, and the final measurement location is classified as normal by all classification
models. It could be possible that the histopathology evaluation of this patient has been
compromised as the removal of the biopsy specimen from the needle cavity was difficult
and, since the specimen was fragmented, part of it might have been left behind. Overall, in
four out of five continuous mode patients, the classification models were able to discriminate
tumor tissue from normal tissue, although the fit parameter model was least convincing
with probabilities closer to 0.5. In three out of five patients malignant tissue was present
in the biopsy specimen and in these patients a decrease in probability of the classified
measurements is also seen along the needle trajectory. This decrease is absent in the other
two patients that had healthy tissue in their biopsy specimens. The fact that a decrease can
be detected is an important result when considering DRS as a margin assessment tool. In
a way, this trajectory can be seen as a line that at some point crosses the optimal resection
plane that is perpendicular to this line. Thus, being able to detect the upcoming tumor
could provide the surgeon with viable information for guidance.
A limitation of the continuous measurements is that a biopsy was only available from
the final measurement location of the presumed tumor area while no histopathology was
taken along the needle trajectory. However, all breast tumors were clearly visible on the US
images and could confirm that the needle was positioned in normal tissue from the start of
the measurements. Nevertheless, some uncertainty will still exist on the precise location of
the tissue border where normal tissue ends and tumor tissue starts. It should furthermore
be noted that the x-axes of the graphs in Figure 5 are related to time opposed to distance,
and thus these graphs therefore, display a change over time. Since the needle was not
moved with constant speed along the needle trajectory, it was not possible to display the
measurements as a function of the distance.
In literature many different methodologies are used for classifying reflectance spectra
of breast tissue, for example logistic regression[20, 22], classification and regression trees[35,
36], artificial neural network[24], hierarchical cluster analysis[24], k-nearest neighbor[37],
linear discriminant analysis[35], and support vector machines [35, 38-41]. In this study, a
linear SVM classifier was chosen, as this classifier is relatively insensitive to overfitting.[42-46]
Possibly a polynomial kernel SVM would have provided better results, however, because the
number of patients in the study is limited for machine learning, a linear, less complicated,
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classifier was chosen. For similar reasons the bootstrap sampling was preferred to leaveone-patient-out cross-validation, even though bootstrap methods can have the tendency to
be pessimistic. By extending the number of measurements the accuracy of the classification
of the DRS measurements will likely improve, and more sophisticated machine learning
algorithms can be used.
The SVM classification model was developed with the input of either fit parameters
(fit parameter model), or all wavelengths in the spectrum (full spectrum model), or some
selected wavelengths (selected wavelengths model). A previous publication comparing
the classification accuracy for discrimination of breast cancer of an SVM model based on
physical parameter data (equivalent to fit parameters model), with the accuracy of an SVM
classification model based on empirical data (equivalent to the selected wavelengths model)
reported similar results to this study.[38] The main advantage of using the fit parameters
is that these parameters can provide insight into the physical and structural features
that contribute to discrimination.[38, 43] However, if fit parameters cannot be estimated
accurately, for example, because the tissue has a layered structure, accuracy of classification
models based on fit parameters will be lower.[43] This can explain why the accuracy of the
fit parameter model was lower compared to the other two models.
We found that the performance of the selected wavelengths model is slightly better
compared to the performance of the full spectrum model, which is not surprising since
removing redundant wavelengths is often reported to be beneficial for classification
performance.[42] There are many ways to select or reduce features, such as partial least
squares [38], maximum representation and discrimination feature[20], or principal
component analysis (PCA)[24, 38-40]. In this study, a Wilcoxon rank sum test is performed
to find wavelengths that are significantly different between normal and tumor tissue. This
method has been described for feature selection in previous publications, although in many
cases this statistical test was preceded by PCA.[40, 46] The advantage of the Wilcoxon rank
sum test is that the selection of wavelengths is based on true spectral differences between
tissue types. The disadvantage is that wavelengths that are not discriminated according
to this statistical test are excluded in the model development, although they could have
discriminative power in combination with each other.
The wavelengths that were eventually selected are located in wavelength areas that are
related to the absorption of light by fat, water, and to a lesser extent, blood. This result is in
line with previous publications by others and our own group in which these substances also
contributed to discriminating healthy tissue from tumor tissue.[32, 38]
The DRS measurements in this study were obtained during breast biopsy procedures to
provide a correlated dataset (DRS data and histopathology) and test the feasibility of realtime data acquisition. This setting is obviously different than the surgical setting where the
goal is to classify DRS measurements of the resection margin. In that situation, the influence
of air exposure will likely affect the visual wavelength range due to differences in oxygenated
and de-oxygenated blood which have different optical absorption characteristics; whereas
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In this paper, we demonstrate the feasibility that DRS measurements can be acquired realtime and that a predictive classification model can be built to classify the measurements
as normal or tumor tissue. The classification model based on a selection of wavelengths
discriminated normal tissue from tumor tissue with the highest accuracy and MCC of 0.93
and 0.87, respectively. This performance may be sufficient for the application of detecting
positive resection margins during breast-conserving surgery. The needle trajectory
measurements show that DRS measurements can be acquired real-time and that these
measurements can be classified accurately. Furthermore, the transition from normal tissue
to tumor tissue was seen in the continuous DRS measurements.
Our current results indicate that integration of DRS in a surgical tool or knife could be
useful for characterizing breast tissue in vivo and aiding surgeons in detecting positive
resection margins during surgery. The next step is to investigate the feasibility of real-time
DRS acquisition and classification on resection margins and investigate the impact of a DRS
guided tool on surgical outcomes.

8

the near-infrared wavelength range, with predominant absorption characteristics from fat
and water, will likely be less affected by the surgical setting. Furthermore, the resection
margin can also be influenced by cauterization which was absent in the measurements
obtained in the biopsy setting, or extravascular blood on the resection surface. With regard
to the results in this study, this might imply that in the selected wavelengths model the first
wavelength that was selected (501 nm) cannot be used. The accuracy of DRS measurements
for the detection of tumor intra-operatively at the resection margin, should be investigated
in a study in which DRS measurements (including also the near-infrared wavelengths) are
acquired at the true resection margins, preferably in the surgical workflow.
Using DRS as a clinical margin assessment tool also requires that measurements can
be acquired and classified in real-time. In the continuous dataset, each spectrum required
0.35s to be acquired. If necessary this acquisition time could be decreased by a factor of 4 by
increasing the fiber diameter from 200μm to 400μm. As for the classification, this was not
performed real-time in this study. However, once a classification model is defined the tissue
can be classified in real-time as this requires little computational power.
Another important factor to consider is the influence of ambient light that might be
different in the surgical resection field compared to the setup during a biopsy. Part of this
challenge is overcome by the fact that a fiber is used which has to be in contact with the
tissue instead of a non-contact configuration. Therefore, only light that falls in the acceptance
angle of the fiber will be recorded by the spectrometer. However, in clinical practice, this
might mean that very bright light sources that are in close proximity of the fiber-optic probe
have to be dimmed to ensure interference with the DRS measurements is prevented.
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This thesis is focused on using diffuse reflectance spectroscopy for margin assessment during
breast-conserving surgery. The technology in itself has proven to be able to characterize
different tissue types but has not yet reached broad clinical acceptance (Chapter 2). We
hypothesize that DRS technology could help the surgeon in performing optimal surgery
by avoiding positive resection margins as well as providing the possibility to spare more
healthy tissue. Therefore we would ultimately like to develop a tool that can improve breastconserving surgery by intra-operatively detecting positive resection margins as well as
helping in avoiding unnecessary resection of healthy tissue. To achieve this goal in this thesis
several challenges, as proposed in the introduction, were addressed in this project and will
be discussed one by one in the following paragraphs, among some general comments.

HOW TO USE DRS FOR DISCRIMINATING BETWEEN HEALTHY TISSUE
AND TUMOR TISSUE
The first question was if DRS measurements differed between healthy tissue from tumor
tissue and how optical differences could be used for discriminating these tissue types. It was
found that several fit parameters were useful for discriminating tumor tissue from healthy
tissue. Of these fit parameters, the one describing the ratio between the amount of fat and
water (F/W-ratio) had the best performance (Chapter 3 & Chapter 4). In the first ex vivo study,
we showed that based on this parameter we were able to detect the tumor boundary in
one specimen as there was a transition seen in the F/W-ratio around the tumor. Besides
the fit parameters, also the spectral data (i.e. the intensity at a certain wavelength) allowed
discriminating tumor tissue from healthy tissue (Chapter 8). In addition, also spectral features
such as slopes and dips that are derived from certain wavelength ranges between 850 and
1600 nm were used. (Chapter 7) The literature on the optical difference between healthy
and tumor tissue is mainly limited to the visual wavelength range. Within this wavelength
range, oxygen saturation, β-carotene, and scattering are reported to be able to discriminate
healthy tissue from tumor tissue.[1-3] By including the near-infrared (NIR) wavelength range,
up to 1600 nm, also differences in the amount of fat and water could be measured. The fact
that the F/W-ratio provided such excellent discrimination between tumor tissue and healthy
tissue can be explained by the nature of healthy breast tissue and tumor tissue. Healthy
breast tissue consists predominantly of fat, whereas in tumor tissue an increased water
concentration is present. These results are supported by other papers that also included a
higher wavelength range.[4, 5] The other great benefit of using the NIR wavelength range is
that blood, which is an important absorber in the visual wavelength range, does not affect
these wavelengths. Thus, the effect of extravascular blood, which is unavoidable during
surgery and could contaminate the optical measurement, is avoided. The fact that the
F/W-ratio is independent of the visual wavelengths makes this fit parameter suitable for a
surgical application.[6]
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DIFFERENCES BETWEEN IN VIVO AND EX VIVO MEASUREMENTS
The next question was to assess if discrimination between healthy tissue and tumor tissue
was different for ex vivo and in vivo measurements. In Chapter 4 the in vivo measurements
are compared with the ex vivo measurements and there were no significant differences
in any of the fit parameters due to tissue status at the time of measuring. Comparisons
between the in vivo DRS measurements and the ex vivo DRS measurements in literature are
sparse, and either performed in pancreatic cancer patients[7] or healthy tissue from animals.
[8, 9] It should be noted that comparing in vivo measurements with ex vivo measurements is
also difficult in how to exactly define ‘in vivo’ and ‘ex vivo’. Probably from the time the tissue
is manipulated during surgery and once it is exposed to air, tissue characteristics will alter
continuously. Therefore the interpretation of the results in this study should be that the
measurements over time are relatively stable and especially that the optical fit parameters
that allowed to discriminate tumor tissue from healthy breast tissue did not change after
resection of the tissue. In this study also the menopausal status of the patient and treatment
with neoadjuvant chemotherapy were included, which initially indicated that there was no
influence of these two patient-specific characteristics.

The effect of chemotherapy and menopausal status was researched in Chapter 4 and in
Chapter 6. In Chapter 6 the analysis was performed with a much larger patient number.
In the analysis in this chapter not only the fit parameter data were included, but also
the full spectrum was evaluated. The results of this study indicated that neither the full
spectrum nor the fit parameter data, except for one fit parameter, was significantly affected
by chemotherapy. For menopausal status, no influence on the data was found. The main
conclusion from this work is that, although chemotherapy has an effect on tissue, as slightly
more connective tissue was present in the patients after chemotherapy, it did not result
in significantly different DRS measurements. This means that also in patients treated by
neoadjuvant chemotherapy, DRS could still be feasible for margin assessment. This is one
of the few papers that investigated neoadjuvant chemotherapy in a large patient group.
Thus far, studies that specifically assessed the influence of chemotherapy on optical
measurements both only evaluated patient numbers. [4, 10]
The majority of publications that included DRS measurements of patients with
neoadjuvant chemotherapy are focused on therapy monitoring.[11-15] In these papers, the
measurements acquired pre-treatment are compared with the measurements acquired posttherapy in the same patient. This is an entirely different focus than our question which was if
DRS measurements can be used for margin assessment in patients that had chemotherapy
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similarly as to the situation in which patients did not have chemotherapy. However, the fact
that in therapy monitoring studies the same fit parameters are used for discrimination in
the pre-treatment data compared to post-treatment data underlines our findings that the
influence of chemotherapy does not impair DRS measurements in discriminating healthy
tissue from tumor tissue.

THE INHOMOGENEOUS STRUCTURE OF BREAST TISSUE
Breast tissue is known for its inhomogeneous nature, which makes a robust correlation
with histopathology imperative. A registration method is presented that accounts for
deformations of the tissue that are introduced during processing at the histopathology
department. This registration method was compared with a registration method without
correction of the deformations, by validating both with an independent modality (microcomputed tomography). The proposed method that corrected for deformations provided
an improved correlation between the optical measurements and histopathology (Chapter
5). Histopathology correlation is extremely important for validating any optical technology
since an assessment of microscopy sections by a pathologist is considered the gold standard
or ground truth for tissue characterization. Although the importance of correct correlation
is acknowledged by many[16, 17], registering ex vivo measurements is often performed in a
very rudimental manner. The registration method presented in this thesis is labor intensive
but shows a distinct improvement over the rudimental registration method.
With the improved registration method, we were able to estimate the composition
of the measurement locations that were acquired ex vivo. This information enabled us
to evaluate how the purity of the measurement locations used for the development of a
classification model, influenced the performance of the model. (Chapter 7) It was found
that a classification model developed with up to 20% fat tissue in the locations defined as
‘tumor’, and up to 20% of connective tissue in the locations defined as ‘healthy’ still resulted
in an adequate performance of the model (0.90 Matthews Correlation Coefficient). Using
this model to classify the mixture locations showed that as the percentage of tumor cells in
the measurement decreased, the percentage of locations classified as ‘healthy’ increased.
On the other hand, some locations without any tumor cells were classified as ‘tumor’. This
can probably be explained by the fact that connective tissue is always present to some
extent in the tumor locations. At the same time, connective tissue can be present in healthy
tissue, thereby decreasing the optical contrast between tumor and healthy.
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MEASURING DCIS
The next challenge we addressed was the detection of DCIS with DRS. Since DCIS has a
diffuse growth pattern, detection of this tissue type is more challenging, and thus leads
to the majority of positive resection margins. Using the improved registration method
allowed us to compare the DRS measurements of DCIS and invasive carcinoma. It turned
out that DRS measurements of both tissue types were not significantly different (Chapter 7).
Since there was no difference found in the DRS measurements of invasive carcinoma sur
rounded by connective tissue and DCIS surrounded by connective tissue, the two tissue
types were combined in one class called malignant. Comparing this result to the work
of others that researched the use of DRS for the detection of DCIS is difficult as in these
papers measurements were acquired over a smaller wavelength range, typically the visual
wavelengths and often the analysis was performed with fit parameters derived from the
spectrum.[2, 10, 18, 19] Another complicating factor is the definition of a DCIS location. In
our case, we used pure locations in our analysis. Thus, locations that were a mixture of fat
tissue, connective tissue, and either invasive carcinoma or DCIS cells, were not used in the
comparison. Such locations were considered a mixture of tissue types and were on that
ground included in the mixture dataset.

The last challenge was the application of the technology in the in vivo setting. In an in vivo
study, we showed that we were able to acquire these measurements continuously and that
we were able to classify them with a high accuracy of 0.93 (Chapter 8). Similar to the result
in Chapter 3, a clear transition could be seen in the DRS measurements, this time along the
needle trajectory that reached from healthy tissue to the tumor. The continuous acquisition
of DRS measurements has not been reported on before. There have been publications on
the integration of optical technology in needle applications for breast biopsies but their
main focus was on improving the biopsy yield of these procedures.[20, 21] This is a different
goal compared to the goal of the current study which was to show the feasibility of the
technology for real-time acquisition and correct classification of these DRS measurements.
With the optical biopsy needle used in this setting, it was possible to achieve optimal
correlation with histopathology which is essential in developing an intra-operative margin
assessment tool.
Besides the interpretation of the results presented in this thesis, there is are some more
general points to discuss. These will be addressed in the following part of the discussion.

9

TRANSLATING THE TECHNOLOGY INTO THE CLINICAL WORKFLOW
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WAVELENGTH RANGE
Other groups have also reported on DRS for breast margin assessment[3, 22-24].
Measurements are predominantly acquired in the visual wavelength range, and analysis
is often performed with fit parameters derived from the spectra. The fit parameters and
wavelengths, from the visual wavelength range, that were useful for discriminating healthy
tissue and tumor tissue in our analysis are similar to the results of others. Extending the
measurements to the longer wavelength region (NIR) allowed us to use the F/W-ratio,
or wavelengths that are related to the absorption of fat and water, which proved to be
very useful. It should be noted that the F/W-ratio was extremely powerful in the first ex
vivo studies (Chapter 3 & 4), whereas in the in vivo study (Chapter 8) this parameter had a
slightly lower accuracy. In fact, in this study, the classification model based on a selection of
wavelengths, of which some were still clearly related to fat and water absorption, showed
better performance compared to the classification model based on the fit parameters.
There are a few possible explanations for this result. First, in the ex vivo study of Chapter 3,
locations were selected in consultation with a pathologist. To make sure the healthy tissue
measurements were indeed healthy; areas of macroscopic pure fat tissue were selected,
potentially creating bias by avoiding locations that macroscopically were not certainly
healthy. Secondary, in the ex vivo study presented in Chapter 3 the average F/W-ratios
were used in the analysis. If the number of locations in pure fat tissue is much higher than
the number of locations in which fat tissue is combined with some connective tissue, the
average F/W-ratio will likely be similar to the F/W-ratio measured in pure fat. In Chapter 4
both in vivo and ex vivo, two measurements were acquired of healthy tissue and tumor tissue.
The healthy measurements were acquired a few centimeters of the tumor (in vivo) or from
macroscopically healthy tissue (ex vivo). In the results, one can see that the for the ex vivo
measurement the F/W-ratio performs slightly better compared to the in vivo measurements,
probably due to the selection bias as previously explained. In the in vivo healthy locations,
potentially more connective tissue could have been present which has lower contrast to
tumor tissue than the contrast between pure fat tissue and tumor tissue.

MEASUREMENT SET UP AND HISTOPATHOLOGY CORRELATION
In this project both in vivo and ex vivo measurements were performed. The ex vivo
measurement set-up had advantages and disadvantages over the in vivo measurement setup. The ex vivo setting allowed performing more measurements per specimen, in a relatively
controlled manner. The main disadvantage, however, is that the visual wavelength range
can be hampered by pathology ink that is applied to the margins before measurements are
performed. This influence can be diminished to some extent by including the absorption
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spectra of these paints in the analytical fit model, as this will then provide an estimation
of the amount of pathology ink present in these measurements. However, when using the
measured intensities for an analysis, quantification of the influence of pathology ink on
the data is difficult. In case of the in vivo measurements, no pathology ink was present yet
which is beneficial. But in this setting, correlating the measurements with histopathology is
more challenging. The optical biopsy needle (Chapter 8) resolved this problem, but could
only be used for taking one biopsy per needle. Furthermore, as these measurements were
performed during a routine biopsy procedure, the time allowed for measuring was limited.
It is thus a balance between acquiring a large dataset with accurate pathology correlation
at the cost of pathology ink affecting the visual wavelength range, or performing these
measurements in vivo in a smaller number of patients with also constraints on the number
of measurements per patient. Especially in the case of model development of classification
models the value of a large dataset and the value of reliable histopathology labeling of the
data should not be underestimated.

In Chapter 4 we hypothesized that normalizing the measurements to the patient’s own
reference would improve the discriminative power of the fit parameters. However, this
normalization procedure did not provide better results for any of the fit parameters,
suggesting that inter-patient variation is negligible. This is a different conclusion opposed
to the conclusion from the first ex vivo study (Chapter 3). Importantly, in the first analysis for
each patient, average F/W-ratios were calculated for normal tissue, tissue at the border of
the tumor, and tumor tissue. The comparison between tumor tissue and healthy tissue was
performed with these average F/W-ratios. Possibly intra-patient variation induced some of
the variation in F/W-ratio in normal tissue between patients, which was then corrected for
by normalization. In the second study, only one measurement of healthy tissue was available
and the intra-patient variation could not be assessed. This one measurement of healthy
tissue might not have been sufficient to function as a ‘reference’. It should also be noted
that the distribution of connective tissue is not homogenous over the breast, as can be seen
in, for example, mammography. Most of the glandular tissue is in the center of the breast
whereas there is often a rim of pure fat tissue close to the skin. The actual location of the
measurement that is used as a reference could thus have an impact on this normalization
method.

9

NORMALIZATION
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FIT PARAMETERS VERSUS MEASURED INTENSITY
Over the course of this project, also focus was put on the analysis of the intensity measured
per wavelength opposed to the fit parameters that were derived from the spectrum.
As explained in the introduction, both methods have advantages and disadvantages.
However, especially when using complex machine learning algorithms overfitting can be
a threat to an accurate assessment of the performance of the model. A possible approach
to circumvent overfitting is to reduce the number of features used in machine learning. In a
sense, fitting the measurement spectrum can be seen as a way of feature reduction, similar to
selecting a number of wavelengths. However, when using wavelength selection as a feature
reduction method, different wavelengths can be selected whereas feature reduction with
fit parameters will always result in the same type of information. The wavelength selection
method that was used in the majority of analysis in this thesis was a Wilcoxon ranked sum
test with the spectra of different tissue classes. This is a relatively simple method that is
useful in pointing out the wavelengths that significantly differ between tissue types but
does not account for the potential discriminative power of the combination of wavelengths
that on their own are not able to discriminate tissue types, but become valuable if used
together. In Chapter 7 another way of feature reduction was introduced. In this case, socalled spectral features were calculated by extracting the slopes and quantifying the dips
of certain wavelength ranges. The selection of the ranges that were used was based on
visual assessment of the ‘pure’ spectra. This method could be improved by having an
algorithm select these areas. In addition, there was no analysis performed to evaluate the
actual contribution of each of the 24 selected spectral features, or combination of features,
to discriminating tissue types. Potentially some of these spectral features can be discarded
since they are redundant.

MEASURING AT THE TIME OF RESECTION
A difference between other groups using diffuse reflectance measurements for breast
margin assessment and this project is that the focus of their research is mainly directed
towards imaging the entire margin via a scanning mechanism[23-25]. The advantage of this
approach is that an entire margin can be imaged at once; however, the most important
drawback is that such an application can only be performed after resection. Adjustment of
the resection plane at the time of resection is not possible anymore. And once a positive
resection margin is detected the surgeon has to return to the patient and retrieve the
positive margin in the surgical wound, a translation step which can be prone to errors.
Therefore in this project, we aim at the development of a tool that can be used during
surgery, enabling the surgeon o change the resection plane when indicated by the DRS
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measurement. Another benefit of being able to perform measurements intra-operatively in
the surgical wound is that it allows assessing the tissue that is still inside the patient. This can
be particularly beneficial in case the tumor grows discontinuously.[26]

An important topic throughout this thesis, but also for validation of optical measurements
in general, is the correlation with histopathology. The correlation with histopathology
became more reliable as the project progressed. For the in vivo measurements, this was
achieved by the use of the optical biopsy needle that allowed sampling the tissue directly
after the DRS measurement of the tissue (Chapter 8). For the ex vivo measurements, a
registration method was developed that corrected for tissue deformation introduced
during the processing of the tissue at the pathology department, a reported on in Chapter 5.
Although the correct labeling of the optical measurement with histopathology is inevitable
for validation of DRS measurements, some comments can be made regarding the value
of histopathology. One of the issues encountered is that what is seen by the pathologist is
more than just a combination of substances. The pathologist assesses the margin by looking
at the coherence of cells and other tissue characteristics. Optical technology will measure
the composition and morphology of a small measurement volume, but cannot take into
account how this volume is related to the rest of the surrounding tissue as can be done by
a pathologist. Related to this topic, is the fact that pathological assessment is subjective
to a certain extent.[27-31] Regarding the detection of positive resection margins by the
pathologist also other issues play a role such as undersampling and processing of the tissue
that can lead to overseeing positive resection margins.[32-35]
Another way of validating a technology would be to look at different metrics such as
survival and local recurrence. The beauty of these outcome measures is that they are a
better representation of the effect of the new technology on the clinical outcome; however,
for measuring this robustly very large patient studies are required including hundreds
of patients. Such studies also allow investigating how DRS technology is utilized by the
surgeon. This was not researched during this project but is important for clinical acceptance
of a technology.

9

THE GOLD STANDARD

OTHER TECHNOLOGIES RESEARCHED FOR MARGIN ASSESSMENT
Compared to margin assessment technologies currently used in the clinic, margin assessment
with DRS has clear benefits. The fact that measurements can be performed in real-time, that
they are non-destructive and do not require skilled personnel for interpretation favors DRS
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over other technologies such as imprint cytology, frozen section analysis, and ultrasoundguided surgery.[36-39] However, DRS is not the only ‘new’ technology investigated for
intra-operative margin assessment. A recent paper of Shipp et al used a combination of
auto-fluorescence and Raman spectroscopy to detect the microscopic residual tumor at the
surface of the excised breast tissue.[40] The reported sensitivity and specificity was 95%
and 82% respectively. Yet, measuring an uncut specimen took 12 to 24 minutes which is
considered long and will not fit in the clinical workflow. Another 3D scanning instrument
based on the same combined techniques was developed by Thomas et al, but this device
has not been tested on breast cancer specimens.[41]
Optical coherence tomography (OCT) is another label-free imaging technology
based on interferometry of light that is currently investigated for intra-operative margin
assessment.[42] The sensitivity and specificity of OCT are suitable for intra-operative use
(91.7% and 92.1%) but the main drawback is that the interpretation of the images requires
expert knowledge. Although the images of the in vivo measurements appear similar to
histopathology images, interpretation of the images is still difficult and highly dependents
on the training of the operator of the device.
Currently, also fluorescence lifetime measurements are researched for margin assess
ment. Accuracy for discrimination between cancerous, fibrous, and adipose tissue was
high with 97% using automated classification[43]. This technology has not been used intraoperatively for breast applications, although it has been used in vivo during head and neck
surgery.[44]
Electrical impedance measurements have also been researched for margin assessment.
[45] At present, the MarginProbe has FDA approval for intra-operative use. Based on elec
trical impedance measurements it has a sensitivity of 70.4% and a specificity of 58.5%.[46,
47] Although, sensitivity and specificity are not as high as of the other technologies, results
of the first trails show that use of the device leads to a decrease in the number of positive
resection margins while excision volumes did not increase. [48, 49]

DETECTION LIMIT
The tumor border was detected in both the ex vivo and the in vivo measurements (Chapter
3 & Chapter 8). An important question is how the minimal amount of tumor present in the
measurement volume relates to the detectability of a positive resection margin. Thus, in
case of a positive resection margin, is the sensitivity of DRS high enough to be able to detect
this. It should be noted that this question is strongly related to the definition of a positive
resection margin. In Chapter 7 it was found that mixed locations that consist of a combination
of fat tissue and connective tissue with tumor cells were sometimes difficult to classify. The
classification accuracy was dependent first, on which locations were used for developing the
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classification model, in other words, the purity of the locations. And second, the percentage
of tumor cells in the measurement volume of the locations that were classified by the model.
With an increasing percentage of tumor cells, more locations were classified as ‘tumor’. It is
safe to say that finding a single tumor cell in the DRS measurement volume of a few mm3
will not be possible with DRS. However, such extreme sensitivity might not be necessary.
Over the course of the last years, the definition of a positive resection margin has shifted.
A positive resection margin nowadays is more seen as an indication of the tumor burden
which is left behind. Similarly, a negative resection margin is not considered as an absolute
measure of complete eradication of the tumor.[26, 32, 35] For example, research shows that
up to 46% of patients with focally positive resection margins or ‘close’ margins (‘no ink on
tumor’, but within 1 mm distance of the margin) had residual disease in their re-excision.[45]
Nevertheless, it is acknowledged that when these tumor deposits are small enough (as in
case of a focally positive margin), they can be left behind since they will be eradicated by
the postoperative radiotherapy which is standard of care in current clinical practice.[35, 50]
As for DCIS, which is more difficult to detect, a more conservative definition is used in the
guidelines. But similar to the definition of a positive resection margin for invasive carcinoma,
this definition also became more liberal over the course of time.[51, 52] This could also imply
that it is not obligatory for DRS to be able to distinguish invasive carcinoma from DCIS as
long as DCIS is detected as ‘tumor’.

One could criticize that finding positive resection margins has very limited value in clinical
practice as the overall survival of patients that are treated for early-stage breast cancer
is already very good.[53, 54] However, it should be noted that in up to 20% of patients
secondary surgery is performed[53, 55-59], which, would not have been necessary if the
resection had been optimal during the first surgery. Secondary, intra-operative guidance
could also improve cosmetic outcome as more healthy tissue can be spared and decrease
the number of patients that are treated with boost radiotherapy that is given in extension
to the already standard radiotherapy treatment. Providing adequate intra-operative margin
assessment may not fundamentally change the survival of patients, but can have a major
impact on their lives, as well as health care resources[56, 60, 61].

9

THE VALUE OF MARGIN ASSESSMENT

MEASURING AT THE RESECTION MARGIN
Ultimately, the final application we envision is that DRS measurements of the resection
margin provide the surgeon with real-time information that allows him/her to perform
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optimal surgery. However, the majority of the measurements in this thesis were acquired
from slices. It is uncertain whether these measurements on slices can be directly translated
to measurements on the resection margin as this had not been tested. In a small ex vivo
study, measurements were obtained from the actual resection margin. However, due to
the difficulty in correlating these measurements with histopathology, it was not possible
to include them in this thesis. A larger study is imperative to assess if there are effects in
the resection margin measurements that are not present in the measurements from slices,
that factually measure ‘inside’ the specimen. Another aspect that was not researched in
this project is the real-time classification of the DRS measurements. We have shown that
DRS measurements can be acquired continuously in real-time and that we could classify
them correctly afterward, but we have not done this real-time yet. Lastly, it is important to
investigate how a surgeon would use the tool intra-operatively, which was also not included
in this thesis.

OUTLOOK
Although overall survival of patients diagnosed with early-stage breast cancer is very good
there is still room for improvement, in terms of decreasing the number of re-excision,
excision volumes, and avoiding boost radiotherapy that is given additionally to the standard
radiotherapy. Fiber-optic DRS, by means of a surgical tool, seems a potential candidate to
guide a surgeon during breast-conserving surgery towards the optimal resection plane. The
next step should be to assess the sensitivity and specificity of the technology when used in
a setting identical to the envisioned application, i.e. not ex vivo, not on slices, but with the
probe on the intended resection margin, during surgery. Thus, an in vivo study should be
designed aiming at acquiring measurements at the resection margin while at the same time
ensuring measurements can be accurately correlated to histopathology. The focus should
also be put on the real-time classification of the measurements and implementation in the
clinical workflow. Ultimately, the final step would be to assess the value of DRS in terms of
the decrease in positive resection margins and influence on resection specimen volumes.
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English summary
Intra-operative tools that can accurately evaluate the resection margin during breast
cancer surgery are lacking. As a consequence positive resection margins are found during
histopathological evaluation when the pathologist assesses the microscopy sections from
the margins of the specimen. A positive resection margin is an indication that tumor tissue
was left behind during surgery. Patients in which positive resection margins are present
require re-excision or additional boost radiation therapy. This causes discomfort and affects
cosmetic outcome. Besides the impact of positive resection margins on the patients, the
additional treatments will also affect healthcare budgets.
Diffuse reflectance spectroscopy (DRS) is an optical technology that is based on the absorp
tion and scattering characteristics of the tissue. A DRS measurement will contain information
regarding the composition and morphology of the tissue, which can be used to discriminate
different tissue types. With the ability to measure the optical characteristics of tissue, DRS
is a potential candidate to use for margin assessment during breast-conserving surgery
and thereby guide the surgeon towards an optimal resection. The goal of this thesis was
to address some of the challenges that hamper the translation of this optical technology to
the clinic.

Chapter 2
Chapter 2 reviews the current position of optical spectroscopy as a technology that has
proven to be able to discriminate different tissue types, but has not reached broad clinical
acceptance yet. Some of the key challenges faced by translational researchers are presented
and addressed. This chapter does not only concern the application of DRS for margin
assessment during surgery, but the more general use of spectroscopic tissue sensing. In
this chapter also an outlook is proposed on how translational researchers could proceed to
succeed in implementing optical technologies for clinical decision making.
Chapter 3
Chapter 3 involves the first measurements that were performed on ex vivo breast tissue
specimens at the pathology department. Measurements were acquired of healthy tissue,
tissue at the border of the tumor, and tumor tissue. After measuring, once the microscopy
section of the tissue was available, a simple registration between the optical measurements
and the H&E (hematoxylin and eosin stain) microscopy section was made to be able to
confirm that measurements indeed were taken from healthy tissue, tumor tissue, or at the
border of the two. The optical measurements were quantified with an analytical fit model
that is based on the diffusion theory to extract the fit parameters from the measured spectra.
The fit parameters were analyzed and several optical fit parameters were significantly
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Chapter 4
Chapter 4 reports on how the change in physiology due to resection of the tissue (in vivo
versus ex vivo) may impact DRS measurements, as well as the influence of inter-patient
variation. This chapter elaborates on if these factors hamper the use of optical spectroscopy
for the detection of tumor tissue and if normalization of the measurements using the patient
as its own reference can improve the accuracy.
In this study measurements of both tumor tissue and normal tissue were acquired in
45 patients before (in vivo) and after resection (ex vivo) of the specimen using a fiber-optic
needle. To confirm the needle had been correctly placed in either healthy tissue or tumor
tissue during the measurements in the first half of the study a twistmarker was left behind
at the measurement location which allowed the pathologist to sample and evaluate the
tissue around the measurement location. In the second half of the study, a biopsy was
taken with a separate biopsy needle after the DRS measurements were acquired, which was
then assessed by the pathologist. Similar to the previous ex vivo study the measurements
were quantified with the analytical fit model to extract the fit parameters from the DRS
spectra. The analysis with the fit parameters was performed with a Generalized Estimating
Equation (GEE) model which is a statistical test that allows taking into account relations
between individual measurements when assessing the association between a variable
(e.g. a fitparameter) and a covariate (e.g. tissue type ‘healthy’ or ‘tumor’). Besides, the tissue
type (‘healthy’ or ‘tumor’) and tissue status (‘in vivo’ or ‘ex vivo’), patient characteristics such
as menopausal status (‘pre-/perimenopausal’ or ‘post menopausal’) and treatment with
chemotherapy or hormonal therapy prior to surgery (‘yes’ or ‘no’) were also included in the
analysis as a covariate to be able to assess the influence of inter-patient variation.
It was found that some of the assessed fit parameters were significantly different in
healthy tissue and tumor tissue (F/W-ratio, β-carotene (μM), blood (%), reduced scattering at
800 nm, and fraction Mie scattering). Again the F/W-ratio provided the best discrimination
between normal and tumor tissue for both the in vivo as well as the ex vivo measurements.

A

different in normal tissue and tumor tissue. The fit parameter that describes the ratio
between fat and water (F/W-ratio) provided the best discrimination between these tissue
types. Although also other fit parameters were useful in discriminating healthy tissue from
tumor tissue these were all outperformed by the F/W-ratio.
To account for inter-patient variation the F/W-ratio was scaled by the F/W-ratio of all
healthy measurements in the specimen. This scaled F/W-ratio decreased in the border
measurements of all but two patients, which is an indication that a transition from normal
tissue to tumor tissue could be detected by the F/W-ratio. Based on the measurements of all
patients a threshold was defined that could separate tumor tissue from healthy tissue. With
this threshold, the measurements acquired in the specimen of one patient were assessed
which demonstrated that with DRS the tumor boundary could be detected.
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None of the fit parameters was significantly affected by the moment at which measurements
were acquired (‘in vivo’ or ‘ex vivo’). Furthermore, comparing the results of the F/W-ratio for
the in vivo measurements with the results in the ex vivo measurements no difference in
performance was found.
As for the menopausal status, no effect on any of the fit parameters was found, neither
was there an effect of neoadjuvant chemotherapy although the number of patients which
received chemotherapy prior to surgery was limited.
In an attempt to limit the influence of inter-patient variation the fit parameter data were
normalized by using the normal measurements of a patient as a reference. However, this did
not improve the discriminative power of the optical fit parameters in distinguishing healthy
tissue from tumor tissue.

Chapter 5
In Chapter 5 the focus is on how to accurately correlate the optical measurements acquired
ex vivo with the histopathology of the microscopy section (H&E). The validation of optical
technology with this current golden standard is very important but difficult. Processing of
the tissue at the pathology department causes deformations in the tissue that can hinder
the labeling of the optical measurements with the correct tissue type. Incorrect labeling
can lead to inaccurate assessment of the performance of the technology. In this chapter,
we present a method that accounts for the deformation of the tissue during pathology
processing, and subsequently compare this method (affine + deformable registration) with
another registration method (only affine registration) in which no correction for the tissue
deformations is applied. The H&E section with correction for tissue deformation and the H&E
section without correction for the tissue deformations are both evaluated by comparing
the shape and composition of the tissue with an in independent modality (micro-computer
tomography).
It was found that the H&E section registered with the method that accounted for
tissue deformation was more accurate than the method that did not account for these
deformations. The result of the affine + deformable registration method was also evaluated
by comparing the fat percentage in the measurement volume according to the H&E
section with the fat percentage in the DRS measurement. Measurement locations in which
the averaged fat percentage according to the H&E section before and after deformable
registration changed more than 20% were selected. This group of measurement locations
with an altered pathology label (‘altered’ points) was compared to the locations in which the
fat percentage in the H&E section did not change after applying the deformable registration
step (‘unaltered’ points). It was found that in this ‘unaltered’ group the correlation between
the optical measurements and the registered H&E section as registered with the affine
registration was not better or worse compared to the correlation between the optical
measurements and the registered H&E section that was registered including the affine +
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Chapter 6
With an increasing number of patients receiving chemotherapy prior to their surgery,
it is important to research how this might affect the optical measurements. If optical
characteristics of tissue alter due to the pre-operative treatment this could hamper the
use of DRS for margin assessment in patients that were treated with this neoadjuvant
chemotherapy. The previous analysis regarding this topic was performed with a dataset of a
limited number of patients (Chapter 4). In the analysis in Chapter 6, a large number of patients
was included (n = 92). Again a GEE model is used for analysis, but this time datasets are
constructed of measurements with similar histopathology (i.e. datasets of ‘fat’, ’connective’,
’connective tissue combined with fat’, and ’tumor cells combined with connective’). Besides
the pre-operative treatment with chemotherapy also menopausal status was included
as a covariate in the models. For the datasets with a mixture of tissue types (‘connective
combined with fat’ and ‘connective combined with tumor cells’) the percentage connective
tissue was also added as a covariate.
The analysis was performed with both the intensities measured at each wavelength
between 850 and 1600 nm as well as the fit parameters derived from the spectra. None
of the wavelengths had a significantly different intensity measured in the patients with
and without chemotherapy in any of the four datasets. These results were confirmed by
the analysis of the fit parameters. The fit parameters were not affected by neoadjuvant
chemotherapy, except for the fit parameter (collagen) which showed a significant difference
in only one dataset that was comprised of measurements of tumor cells in combination
with connective tissue. Regarding the influence of the menopausal status, the influence was
considered negligible, as similar to the results of neoadjuvant chemotherapy, none of the
wavelengths was significant for any of the datasets between the two menopausal status
groups. And again, only the collagen fit parameter was significant in the dataset comprised
of measurements of tumor cells with connective tissue.
Noteworthy, the percentage of connective tissue in the measurement location did
influence the optical measurements in the dataset in which the measurements consisted of
a combination of fat tissue with connective tissue as both in the analysis of the intensities as
well as the fit parameters significance was found. However, in the dataset in which connective
tissue was combined with tumor cells, this was not the case. In this analysis the covariable
was not significant. This indicated that discriminating between fat and connective tissue

A

deformable registration method. However, in the ‘altered’ group the correlation with the
optical measurements strongly enhanced after including the deformable registration step.
It was concluded that tissue deformations should be taken into account when making a
registration between optical measurements and microscopy sections. And, although the
presented registration method can be considered as labor intensive, this deformable
registration method is helpful in validating the optical measurements.
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is possible with the DRS measurements whereas discriminating between tumor cells and
connective tissue seems more difficult.
It was concluded that the impact of neoadjuvant chemotherapy on the optical charac
teristics of breast tissue and breast cancer tissue as measured with DRS is limited and that
margin assessment with DRS seems also feasible in patients after neoadjuvant chemo
therapy.

Chapter 7
In Chapter 7 two challenges that might influence the ability of DRS technology to detect
positive resection margins are addressed. The first challenge considers the detection of
ductal carcinoma in situ (DCIS) which can be a precursor of invasive carcinoma. Being able to
also identify areas of DCIS is important as this type of malignancy accounts for the majority
of positive resection margins. The second challenge involves the accurate classification of
locations that are a mixture of tissue types. Breast tissue is inhomogeneous in the sense
that healthy tissue predominantly consists of fat tissue, but there can be connective tissue
present as well. Meanwhile, connective tissue is also present in breast cancer tumors, which
comprise of tumor cells surrounded by connective tissue in various ratios. Additionally, in
the measurements that are acquired at the resection margin tumor cells with accompanied
connective tissue might be surrounded by fat tissue. For successful resection margin
assessment, it is important to consider if measurement locations with a mixture of tissue
types can be classified accurately.
To research both these questions, DRS measurements were obtained from 107 ex vivo
breast surgery specimens. The optical measurements were correlated with histopathology
using the registration method that accounts for tissue deformation which was presented in
Chapter 5. Furthermore, instead of using the fit parameters or the intensities measured at
each wavelength, so-called spectral features were derived from the spectra and used in the
analysis. The spectral features described slopes and dips form specific wavelength ranges
in the spectrum.
With regard to the detection of DCIS, the results indicated that this tissue type differs
from healthy tissue measurements similarly to the difference between invasive carcinoma
and healthy tissue. Comparing the measurements of DCIS with the measurements of
invasive carcinoma no significant differences were found.
As for the classification of the mix locations, first, we assessed the influence of using
different definitions of ‘healthy’ and ‘tumor’ on the performance of the classification model.
Locations that were not defined as ‘healthy’ or ‘tumor’ were considered ‘mix’ and were only
classified by the classification models, and not used for developing the models. Allowing up
to 20% of connective tissue in the definition of ‘healthy’ and allowing up to 20% of fat tissue
in the definition of ‘tumor’ provided excellent performance in the classification of ‘healthy’
and ‘tumor’ locations. However, for the classification of the ‘mix’ locations, the classification
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Chapter 8
In this chapter, the results of an in vivo study are presented. DRS technology was applied
in the clinical workflow during routine breast biopsy procedures. An optical biopsy needle
was used that allowed to perform the optical measurements and subsequently, using the
same needle, take a biopsy of the tissue that was measured. In 27 patients that underwent
an ultrasound-guided breast biopsy procedure optical measurements were acquired from a
location at a distance from the suspect lesion and from a location in the lesion. Additionally,
in five patients measurements were obtained continuously along the entire biopsy needle
trajectory.
Subsequently, classification models were developed to classify the DRS measurements
as normal or healthy. The models were based either on the fit parameter data, or the full
DRS spectrum, or a subset of wavelengths from the spectrum. The wavelengths were
selected by choosing one wavelength with the lowest p-value from wavelength ranges that
were significantly different in the spectra from healthy tissue compared to the spectra of
tumor tissue. The performance of the classification model that was based on these selected
wavelengths demonstrated the best performance.
The continuous measurements of the needle trajectory showed the transition from
healthy tissue to tumor tissue. These measurements were classified with the classification
models and results showed that in four out of five patients the output of the model based
on a selection of wavelengths was in agreement with the pathological outcome. In one
patient the output of the classification models indicated normal tissue whereas the biopsy
specimen did contain tumor tissue. However, since the specimen was fragmented this might
have hampered correct correlation with the tissue volume that was actually measured.
It was concluded that the DRS measurements can be classified with high accuracy
based on a selection of wavelengths. Furthermore, the continuous measurements showed
that DRS measurements can be acquired real-time and that these measurements can be
classified correctly.

A

model with the purest data (no connective in ‘healthy’ and no fat in ‘tumor’) was best.
With an increasing percentage of tumor cells in the measurement volume classification
performance improved, and in case of more than 75% tumor cells in a measurement location
classification accuracy was excellent.
The results also showed that the percentage of tumor cells in the measurement volume
was more important for correct classification than whether those locations contained
invasive carcinoma or DCIS. Based on the results it was concluded that detection of areas of
invasive carcinoma or DCIS at the resection margin is possible with DRS.
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Intra-operatieve hulpmiddelen die gebruikt kunnen worden voor betrouwbare marge
evaluatie tijdens borst chirurgie zijn momenteel niet beschikbaar. Het gevolg daarvan is
dat tijdens het histopathologisch onderzoek van de microscopie coupes door de patholoog
positieve resectie marges worden gevonden. Een positieve resectie marge kan erop duiden
dat er tumor in het lichaam van de patiënt is achter gebleven en deze patiënten hebben
daarom een re-excisie of extra radiotherapie nodig. Dit is oncomfortabel voor de patiënt en
beïnvloed het cosmetisch resultaat. Naast de impact die een extra behandeling heeft op de
patiënt, drukken extra behandelingen ook op gezondheidszorg budgetten.
Diffuse reflectie spectroscopie (DRS) is een optische techniek die gebaseerd is op de
absorptie- en verstrooiingseigenschappen van weefsel. Een DRS meting bevat informatie
over de compositie en morfologie van het weefsel, en op basis daarvan is het mogelijk om
verschillende weefseltypes te onderscheiden. Met het vermogen om onderscheid te kunnen
maken tussen verschillende weefsels is DRS een potentiele optie om marges te evalueren
tijdens borst chirurgie en daarmee de chirurg te helpen in het uitvoeren van een optimale
resectie. In deze thesis worden een aantal vraagstukken onderzocht die het gebruik van
deze technologie voor resectie marge evaluatie tijdens borst chirurgie in de weg staan.

Hoofdstuk 2
Hoofdstuk 2 bevat een review over de huidige positie van optische spectroscopie als
technologie die aantoonbaar weefsels kan onderscheiden, maar nog niet breed wordt
toegepast in de kliniek. Een aantal van de belangrijkste uitdagingen waar onderzoekers
die translationeel onderzoek doen mee te maken krijgen worden gepresenteerd en
besproken. Dit hoofdstuk gaat niet exclusief over het gebruik van DRS voor marge
evaluatie, maar behandelt het gebruik van spectroscopie in de medische oncologie in het
algemeen. Daarnaast wordt besproken hoe translationeel onderzoekers in het optische
onderzoeksveld verder te werk zouden kunnen gaan om ervoor te zorgen dat optische
technologie succesvol ingezet kan worden in de kliniek.
Hoofdstuk 3
Hoofdstuk 3 gaat over de eerste metingen die verkregen werden van ex vivo borst
preparaten op de pathologie afdeling. Er werden metingen gedaan op gezond weefsel,
weefsel op de rand van de tumor en van de tumor zelf. Na afloop van de metingen, wanneer
de microscopische coupes van het weefsel beschikbaar waren, werd een simpele registratie
gemaakt tussen de optische metingen en de H&E (hemotoxyline & eosine) microscopie
coupe om te bevestigen dat de metingen inderdaad waren verkregen in gezond weefsel,
de tumor, of op de rand van de tumor. De optische metingen werden gekwantificeerd met
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Hoofdstuk 4
In hoofdstuk 4 wordt onderzocht of het uit het lichaam halen van het weefsel invloed heeft
op de DRS metingen (dus verschil in in vivo en ex vivo metingen) en wat de invloed is van
inter-patient variatie. Het hoofdstuk gaat in op of het contrast tussen tumor weefsel en
gezond weefsel beïnvloed wordt door het moment van meten, en er wordt uitgezocht of
het normaliseren van de optische metingen op basis van gezond metingen van de patiënt
helpt in het onderscheiden van tumor weefsel en gezond weefsel.
In de studie werden met behulp van een fiber-optische naald metingen gedaan in 45
patiënten voordat het weefsel uit het lichaam gesneden was (in vivo) en van het resectie
preparaat van de patiënt (ex vivo) na afloop van de operatie. Om te kunnen bevestigingen
dat daadwerkelijk gezond weefsel of tumor weefsel gemeten was tijdens de metingen
werd in de eerste helft van het aantal geïncludeerde patiënten een twistmarker op de meet
locaties achter gelaten. De patholoog onderzocht in het resectie preparaat vervolgens het
weefsel rond deze twistmarker. In het tweede deel van de studie werd gelijk na het meten
met een bioptnaald op de meet locatie een stukje weefsel gebiopteerd dat later werd
beoordeeld door de patholoog.
Vergelijkbaar met de eerdere ex vivo studie werden de metingen gefit met het
analytische fit model om de fitparameters in de meting te berekenen. De analyse van de
fit parameters werd gedaan met een ‘Generalized Estimating Equation’ (GEE) model. Dit is
een statistische test die het mogelijk maak het verband tussen een variabele (in dit geval
een fit parameter) en een covariabele (bijvoorbeeld weefsel type, ‘gezond’ of ‘tumor’) te
onderzoeken waarbij rekening wordt gehouden met de relatie tussen individuele metingen.

A

een analytisch fit model, dat is gebaseerd op de diffusie theorie, om de fit parameters van
het gemeten spectrum te bepalen.
De fit parameters werden geanalyseerd en een aantal fit parameters waren significant
anders in gezond weefsel ten opzichte van tumor weefsel. De fit parameter die de ratio
tussen vet en water beschrijft (F/W-ratio) was het best in staat om gezond weefsel van
tumor weefsel te onderscheiden. Ondanks dat andere fit parameters ook bruikbaar waren,
was geen enkele fit parameter zo goed als de F/W-ratio. Deze F/W-ratio werd geschaald
met behulp van alle F/W-ratio’s gemeten in gezond weefsel om het effect van inter-patient
variatie weg te nemen. De geschaalde F/W-ratio verminderde in de grens metingen in
vergelijking tot de gezond metingen bij alle patiënten op twee na. Dit is een aanwijzing dat
met behulp van de F/W-ratio een grens gebied rond de tumor gedetecteerd kan worden.
Door analyse van de metingen van alle patiënten werd een drempelwaarde bepaald die
bruikbaar was voor het uit elkaar houden van gezond weefsel en tumor weefsel. Met
behulp van deze drempelwaarde werden de metingen van het preparaat van één patiënt
beoordeeld. De resultaten lieten zien dat het in dit preparaat mogelijk was om de grens van
de tumor te zien.
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Naast het weefseltype (‘gezond’ of ‘tumor’) en moment van meten (‘in vivo’ of ‘ex vivo’)
werden ook covariabelen aan het model toegevoegd die gerelateerd waren aan patiënt
karakteristieken zoals menopausale status (‘pre-/perimenopausaal’ of ‘post menopausaal’),
en behandeling met chemotherapie of hormonale therapie voorafgaand aan de operatie
(‘ja’ of ‘nee’).
De resultaten lieten zien dat sommige van de onderzochte fit parameters significant
verschillend waren in gezond weefsel en tumor weefsel (F/W-ratio, β-caroteen (μM),
bloed(%), gereduceerde verstrooiing op 800 nm en de fractie Mie verstrooiing). Wederom
gaf de F/W-ratio het beste het verschil tussen gezond weefsel en tumor weefsel in zowel
de in vivo metingen als de ex vivo metingen. Geen van de fit parameters was significant
verschillend in de groep metingen die in vivo dan wel ex vivo verkregen waren. Daarnaast
bleek het vermogen van de F/W-ratio om onderscheid te maken in de in vivo metingen en
in de ex vivo metingen vergelijkbaar.
Er was geen effect van de menopausale status van de patiënt op de fit parameters, net
als dat er geen invloed was van chemotherapie op de fit parameters, maar in deze laatste
analyse zaten maar een beperkt aantal patiënten.
Door de metingen te normaliseren met de gezonde metingen van een patiënt
werd getracht om een eventuele invloed van inter-patient variatie te verwaarlozen. De
genormaliseerde fit parameters waren niet beter in staat om onderscheid te maken tussen
gezond en tumor dan de niet-genormaliseerde fit parameters.

Hoofdstuk 5
In dit hoofdstuk ligt de focus op het betrouwbaar correleren van ex vivo verkregen optische
metingen met de histopathologie van de microscopie coupes (H&E). Het valideren van
optische metingen met deze gouden standaard is erg belangrijk maar moeilijk. Tijdens
het verwerken van het weefsel op de pathologie afdeling vervormd het weefsel. Deze
vervorming van het weefsel is een belangrijke reden waarom het complex is om te bepalen
welke weefseltypes aanwezig waren in de meetvolumes waarvan DRS metingen zijn
verkregen. Het gevolg van het incorrect labelen van meetlocaties met histopathologie
kan leiden tot een onbetrouwbare validatie van de technologie. In dit hoofdstuk wordt
een methode gepresenteerd die rekening houdt met de vervorming van het weefsel
tijdens het verwerken (‘affine + deformable’ registratie methode). Vervolgens wordt deze
registratie methode vergeleken met een registratie methode waarin vervorming niet wordt
meegenomen (‘affine’ registratie methode) en wordt het resultaat van beide registraties
geëvalueerd door deze op basis van de vorm en compositie van het weefsel te vergelijken
met een onafhankelijke modaliteit (micro-computer tomografie).
De uitkomsten laten zien dat de H&E coupe die geregistreerd was met de methode die
rekening houdt met vervorming nauwkeuriger was dan de methode waarin de vervorming
niet werd meegenomen. Het resultaat van de registratie met vervorming werd ook
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Hoofdstuk 6
Omdat het aantal patiënten dat voorafgaand aan hun operatie chemotherapie krijgt steeds
groter wordt is het belangrijk om te onderzoeken wat de invloed is van chemotherapie op de
DRS metingen. Indien de optische karakteristieken van weefsel veranderen als gevolg van
de pre-operatieve behandeling, kan dit het gebruik van DRS voor resectie marge evaluatie
in patiënten na neoadjuvante chemotherapie bemoeilijken. De eerdere analyse aangaande
deze onderzoeksvraag werd gedaan met een dataset met een beperkt aantal patiënten
(Hoofdstuk 4). In de analyse in Hoofdstuk 6 werd een groot aantal patiënten geïncludeerd.
In deze analyse werd wederom een GEE model gebruikt, echter in plaats van alle metingen
bij elkaar te voegen werden vier datasets geconstrueerd van metingen met allemaal
dezelfde pathologie (te weten de volgende datasets: ’vet’, ‘Bindweefsel’, ’Bindweefsel
gecombineerd met vet’ en ‘Bindweefsel gecombineerd met tumorcellen’). Zowel
neoadjuvante chemotherapie als menopausale status werden in het model geïncludeerd
als covariabelen. In de analyse van de datasets waarin bindweefsel gecombineerd was met
of vet of tumorcellen werd ook het percentage bindweefsel als covariabele aan het model
toegevoegd.
De analyse werd uitgevoerd met zowel de intensiteiten gemeten op iedere golflengte
tussen 850 en 1600 nm als de fit parameters verkregen uit de spectra. Geen van de gemeten
intensiteiten op de verschillende golflengtes was significant verschillend in de metingen
van patiënten met en zonder behandeling van chemotherapie. Dit resultaat werd bevestigd

A

beoordeeld door het vet percentage in de meetlocatie van de H&E coupe te vergelijken met
het vet percentage zoals dat gemeten was met DRS. Meetlocaties waarin het gemiddelde vet
percentage in de H&E coupes meer dan 20% afweek tussen de registratie zonder vervorming
(‘affine’) en de registratie met vervorming werden geselecteerd (‘affine + deformable’). Deze
groep van meetlocaties waarin het pathologie label veranderde werden vergeleken met de
groep van overige meetlocaties waarin het pathologie label niet veranderde naar aanleiding
van het gebruik maken van de registratie methode die corrigeert voor weefselvervorming.
Voor deze groep metingen met onveranderd histopathologie label was de correlatie tussen
de optische metingen en de H&E coupe geregistreerd met de ‘affine’ registratie methode
net zo goed als de correlatie tussen de optische metingen en de H&E coupe die was
geregistreerd met de ‘affine + deformable’ registratie methode. Dit in tegenstelling tot de
correlatie tussen de optische metingen en de H&E coupes voor de meetlocaties waarin het
histopathologie label wel veranderde. In deze groep met meetlocaties werd de correlatie
aanzienlijk beter door rekening te houden met de vervorming van het weefsel.
Er werd geconcludeerd dat bij het registreren van de H&E coupe met de optische
metingen rekening moet worden gehouden met weefselvervorming. Daarnaast werd
geconcludeerd dat ondanks dat de gepresenteerde methode arbeidsintensief is deze wel
behulpzaam is voor het valideren van de optische metingen.
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in de analyse van de fit parameters. De fit parameters werden ook niet beïnvloed door de
neoadjuvante chemotherapie, op één fit parameter (collageen) die significant verschillend
was in één van de datasets. Wat betreft de invloed van menopausale status op de optische
metingen werd geconcludeerd dat deze verwaarloosbaar was omdat vergelijkbaar met de
resultaten wat betreft neoadjuvante chemotherapie geen van de golflengtes significant
verschillend was in de vergelijking van de verschillende menopausale status groepen.
En tevens was alleen de collageen fit parameter significant verschillend in de pre-/
perimenopausale groep ten opzichte van de post menopausale status groep.
Het percentage bindweefsel in de meetlocaties had wel invloed op de optische
metingen in de datasets waarin bindweefsel gecombineerd was met vet. Deze covariabele
was significant in zowel de analyse met de gemeten intensiteiten als de analyse met de fit
parameters. Tegelijkertijd werd in de andere dataset met een mix van twee weefseltypes
(‘bindweefsel gecombineerd met tumorcellen’) het tegenovergestelde resultaat gevonden.
In deze analyse was de covariabele niet significant. Dit is een aanwijzing dat het moeilijker is
om onderscheid te maken tussen bindweefsel en tumorcellen met DRS dan om onderscheid
te maken tussen bindweefsel en vet.
Er werd geconcludeerd dat de impact van neoadjuvante chemotherapie op de optische
karakteristieken zoals deze gemeten werden in gezond borstweefsel en tumor weefsel
beperkt was en dat marge evaluatie met DRS in patiënten na neoadjuvante chemotherapie
haalbaar is.

Hoofdstuk 7
In hoofdstuk 7 wordt onderzoek gedaan naar twee uitdagingen die het detecteren
van positieve resectie marges door DRS in de weg kunnen staan. De eerste uitdaging is
gerelateerd aan het kunnen detecteren van ductal carcinoma in situ (DCIS) wat een voorloper
van een invasief carcinoom kan zijn. Het is belangrijk om ook gebieden van DCIS te kunnen
detecteren omdat het merendeel van de positieve resectie marges wordt veroorzaakt
omdat er DCIS in de marge van het resectie preparaat zit. De tweede uitdaging is het correct
kunnen classificeren van locaties die een mix zijn van meerdere weefseltypes. Borstweefsel
is erg inhomogeen omdat ondanks het feit dat het voornamelijk uit vet weefsel bestaat
daarin ook bindweefsel aanwezig kan zijn. Tegelijkertijd is bindweefsel ook aanwezig in
borstkanker, die gekarakteriseerd worden door tumorcellen met daarom heen bindweefsel.
Daarnaast is het zo dat in metingen die verkregen worden op de resectiemarge tumorcellen
en bindweefsel aanwezig is dat omringd wordt door vet weefsel. Om succesvol een marge
te kunnen beoordelen is het daarom belangrijk om te onderzoeken of meetlocaties die uit
een combinatie van weefsel types bestaan correct geclassificeerd kunnen worden.
Om deze beide onderzoeksvragen te kunnen beantwoorden werden DRS metingen
gedaan op 107 ex vivo borst preparaten. De optische metingen werden gecorreleerd
met histopathologie zoals beschreven in Hoofdstuk 5. In deze analyse werden geen fit
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Hoofdstuk 8
In dit hoofdstuk worden de resultaten van een in vivo studie gepresenteerd. DRS werd
gebruikt in de klinische workflow tijdens een procedure waarbij een biopt werd afgenomen
bij patiënten met een tumor in de borst. Daarvoor werd een optische bioptnaald gebruikt
die het mogelijk maakte om DRS metingen te doen en vervolgens met deze zelfde naald
een biopt te nemen van het gemeten weefsel. In 27 patiënten die een biopsie procedure
ondergingen werden optische metingen verkregen van een locatie op een afstand van de
tumor en van een locatie in de tumor. Daarnaast werden in vijf extra patiënten continue
metingen gedaan langs het hele traject dat de bioptnaald aflegde.
Vervolgens werden er classificatie modellen gemaakt om de metingen te classificeren
als ‘gezond’ of ‘tumor’. Deze classificatie modellen werden gebaseerd op of de fit parameter
data, of de intensiteiten gemeten over alle golflengtes, of op basis van de gemeten
intensiteiten bij een paar golflengtes. Deze golflengtes werden geselecteerd door in
golflengte gebieden die significant verschilden tussen gezonde metingen en tumor

A

parameters of intensiteiten bij bepaalde golflengtes gebruik, maar zogenaamde spectrale
features. Deze spectrale features zijn een alternatieve manier om de meting te kwantificeren
door het spectrum te beschrijven aan de hand van hellingen en ‘dips’ in specifieke
golflengtegebieden.
Met betrekking tot het kunnen detecteren van DCIS lieten de resultaten zien dat dit
weefsel type van gezond weefsel verschilt op dezelfde manier als invasief carcinoom van
gezond weefsel verschilt. Daarnaast werden er geen significante verschillen gezien tussen
de metingen van DCIS en invasief carcinoom.
Met betrekking tot het classificeren van de mix locaties werd eerst onderzocht wat de
invloed was van het aanpassen van de definitie van ‘gezond’ en ‘tumor’ op de prestaties
van het classificatie model. Meetlocaties die buiten de definitie van ‘gezond’ en ‘tumor’
vielen werden samengevoegd in de dataset ‘mix’, en deze werden niet gebruikt voor
het ontwikkelen van de modellen, maar alleen om geclassificeerd te worden door de
modellen. Classificatie modellen presteerde goed wanneer tot maximaal 20% bindweefsel
in de ‘gezond’ metingen aanwezig was en tot maximaal 20% vet in de ‘tumor’ metingen.
Echter, voor het classificeren van de ‘mix’ locaties was het model met de puurste data (geen
bindweefsel in ‘gezond’ en geen vet in ‘tumor’) het best. Wanneer er meer tumorcellen in
de meting aanwezig waren werd het classificatie model accurater, en wanneer er meer dan
75% tumorcellen aanwezig waren was het resultaat van het classificatie model perfect.
De resultaten lieten ook zien dat het percentage tumor cellen in het meetvolume
belangrijker was voor het correct classificeren van de metingen dan of deze locaties
bestonden uit invasief carcinoom cellen of DCIS cellen. Gebaseerd op deze resultaten werd
geconcludeerd dat het mogelijk is om met DRS gebieden van invasief carcinoom of DCIS op
de resectie marge te detecteren.
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metingen, de golflengte te kiezen met de laagste p-waarde. Het model dat gemaakt was
met deze geselecteerde golflengtes presteerde het best.
De continue metingen verkregen van het traject van de naald werden ook geclassificeerd
met de modellen en het resultaat liet zien dat in vier van de vijf patiënten de output van het
classificatie model gebaseerd op de geselecteerde golflengtes in overeenstemming was
met de histopathologie. In één patiënt gaf het model aan dat de naald in gezond weefsel
was geplaatst terwijl er volgens de patholoog tumor in het biopt zat. Dit biopt was echter
beschadigd wat een mogelijke verklaring voor het gevonden resultaat kan zijn.
Er werd geconcludeerd dat de DRS metingen met grote betrouwbaarheid geclassificeerd
konden worden op basis van een selectie van golflengtes. Daarnaast was het mogelijk om
real-time DRS metingen te verkrijgen en deze vervolgens correct te classificeren.
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aanmoedigden.
Prof. Dr. Ruers, beste Theo, bedankt voor deze promotie en de kansen die je mij hebt
gegeven om mezelf op zoveel vlakken te ontwikkelen. Ik heb veel geleerd van het optimisme
en de voortvarendheid waarmee jij te werk gaat. Daarnaast heb ik het erg gewaardeerd dat
er veel ruimte was voor discussie, en dat daarbij ook vaak gelachen werd.
Prof. Dr. Hendriks, beste Benno, ondanks dat de belangen van het bedrijfsleven en
het ziekenhuis soms weleens uiteenliepen heb ik onze samenwerking altijd als erg prettig
ervaren. Jouw feedback was altijd ‘spot on’ en heeft mij vaak aan het denken gezet. Je
hebt mij veel kennis gegeven over hoe complex het eigenlijk is om de stap te zetten van
onderzoek naar klinische praktijk.
Dr. Vrancken-Peeters, beste Marie-Jeanne, als mammachirurg ben jij eigenlijk het
startpunt van het project. Jouw klinische blik op de vraagstelling zette het klinische
probleem in perspectief en heeft me veel bijgebracht over de voorwaarden waaraan een
oplossing moet voldoen om in de kliniek toepasbaar te zijn. En ondanks een overvolle
agenda wilde je altijd mee denken over het project.
Geachte leden van de promotiecommissie, hartelijk dank voor de tijd die jullie in het
bestuderen en beoordelen van dit proefschrift hebben gestoken. Prof. Dr. Sterenborg,
beste Dick, bedankt voor je dagelijkse begeleiding en het delen van een schat aan ervaring
in dit onderzoeksgebied.
Beste collega’s en oud-collega’s, jullie bijdrage aan deze promotie zit hem zowel in de
inhoud als in de vorm. Enerzijds hebben jullie kritische vragen en de gevoerde discussies
eraan bijgedragen dat de kwaliteit van het werk beter is geworden. Anderzijds was er
ook tijd en ruimte voor gezelligheid waardoor ik met zo veel plezier naar mijn werk ging.
Daarnaast wil ik ook graag alle mensen van Philips bedanken voor hun ondersteuning
en waardevolle inbreng in dit project en niet te vergeten alle mensen van de pathologie,
radiologie, klinische fysica en de OK voor alle inzet en praktische hulp.
Lieve paranimfen, dank voor jullie hulp bij mijn promotie! Anne-Sophie, jou ken ik vanaf
de eerste dag van de introductie bij Technische Geneeskunde. Ik denk met een glimlach op
mijn gezicht terug aan borrels, feestjes, vakanties en etentjes met jou en de rest van 17 die
daarop volgden. Wie van ons had dat ooit verwacht toen we nog lieve sjaarsjes waren? Esther,
met jou heb ik het laatste deel van mijn promotie met heel erg veel plezier samengewerkt.
Dank voor al je inspanningen, onder andere tijdens al die ellelange meetdagen, en ook alle
lol daar omheen.
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Lieve vrienden en familie, jullie zijn met te veel om met naam en toenaam te noemen,
en het risico op die manier iemand te vergeten wil ik niet lopen. Deze alinea wijd ik aan jullie
met een korte lofzang over jullie bijdrage. Stuk voor stuk hebben jullie allemaal een steentje
of kei bijgedragen. Ik heb met jullie genoten, gelachen, gegeten, gedronken, gefeest,
(vakantie) gevierd, gefietst, gerend, gepraat, gediscussieerd en gedanst. Jullie waren er
in opgewekte en verdrietige tijden, met zowel woorden als daden. Dank daarvoor! Jullie
bijdrage mag niet onderschat worden want zonder jullie waren de afgelopen jaren een stuk
minder leuk geweest.
Lieve Eric, deze alinea gaat geen recht doen aan waarvoor ik je allemaal zou moeten
bedanken. Hoe ook te beginnen als iemand je op de wereld heeft gezet en groot heeft
gebracht. Laat ik toch een poging wagen: ik ben jou en Marja, heel erg dankbaar voor een
onbezorgde jeugd met veel vrijheid en veel uitdaging om dingen te leren en begrijpen. Dit
heeft er ongetwijfeld aan bijgedragen dat ik ben gaan promoveren en nu dit proefschrift
ga verdedigen. Ik heb mij altijd volop gesteund gevoeld en ben blij dat we het behalen van
deze titel, waarin jij ook een groot aandeel hebt, samen kunnen vieren.
Lieve Ivo, waar ik soms twijfelde had jij rotsvast vertrouwen in mij en een goede afloop.
Dit oneindige vertrouwen gecombineerd met jouw onbezorgde blik op de wereld heeft
mijn bijzonder goed geholpen de afgelopen jaren. Jouw steun kwam in vele vormen door
bijvoorbeeld een spreekwoordelijk duwtje in de rug, door te helpen met praktische zaken
of door wat bemoedigende woorden en niet te vergeten: woordgrappen. Deze laatste
categorie ook vaak in herhaalde vorm en onder het motto “10 uit 8”, maar altijd uit een goed
hart en dat is eigenlijk het enige dat titelt. (Jouw beurt. Ik voel dat hier meer in zit.)
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Lisanne de Boer was born on February 20th in 1988 in Amster
dam. She grew up in Purmerend where she went to primary
and secondary school. With both an interest in Medicine as well
as physics she went to Enschede to study Technical Medicine
at the University Twente. After finishing her bachelor she
specialized in her masters in ‘Robotics and Imaging’. During her
master program she fulfilled five internships in four different
hospitals. The focus of these internships was on both clinical
activities and research. Her final internship was in the Netherlands Cancer Institute where
she proceeded with a PhD project.
After her PhD she will work as a postdoctoral researcher in the Image-guided surgery
research group.
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