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Abstract

BACKGROUND: Ovarian cancer is the number eight cause of cancer-related mortality in women around the
world and has an incidence of more than 295 000 and mortality of almost 158 000. The most important prog-
nostic factor for the survival of advanced-stage ovarian cancer is the complete resection of all microscopic
tumour tissue during cytoreductive surgery. Still, even after complete CRS and removal of all visible and pal-
pable tumours, more than two-thirds of women with advanced-stage ovarian cancer experience recurrence
due to microscopic residual tumour. Therefore, an intraoperative visualisation technique is of great impor-
tance to detect these microscopic tumours. In this pilot study, the feasibility of NIR hyperspectral imaging for
the detection of malignant ovarian cancer metastases was evaluated ex vivo.

METHOD: Patients with suspected primary ovarian cancer planned for cytoreductive surgery were en-
rolled in the study. Hyperspectral images from the resected tissue were acquired in the wavelength range
of 665-975 nm. All hyperspectral data was preprocessed by image calibration, min-max normalisation and
noise filtering. The the most important features were selected before implementing the hyperspectral data in
the classifier. The linear SVM, RBF SVM, and a k-NN classifier were used to discriminate malignant ovarian
tissue from the surrounding tissue. The performance of the classifier was evaluated by leave-one-out cross-
validation.

RESULTS: Ten patients were included in the study. The linear SVM classifiers had the highest performance
with a sensitivity of 0.81, a specificity of 0.75, AUC of 0.83 and MCC of 0.41. Thereafter came the RBF SVM
classifier followed by the k-NN classifier.

CONCLUSION: This pilot study shows that hyperspectral imaging with the use of a linear SVM classifier is
a promising technique to discriminate malignant ovarian tissue from the surrounding tissue. Hyperspectral
imaging can scan a whole area, is fast, non-contact, non-invasive and can be used inside the operation room.
However, before HSI can be implemented in real practice, further validation is required in vivo and technical
enhancements need to be made such as enlarging the training data set, evaluate the SWIR wavelength range,
include a registration algorithm which accounts for elastic deformation of the tissue, evaluate several feature
selection methods, and compare other classifiers.

Keywords: Hyperspectral imaging, ovarian cancer, classification
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1
Introduction

1.1. Ovarian cancer
Ovarian cancer is the number eight cause of cancer-related mortality in women around the world with an
incidence of 295 414 and mortality of 184 799 in 2018 [5]. Prodromal symptoms tend to be vague and can in-
clude pain in the abdomen or pelvis, distended non-tender abdomen, constipation, fatigue, weight loss, pal-
pable mass, tachycardia, and deep vein thrombosis [36]. There are many types of ovarian cancer. The World
Health Organisation (WHO) classifies ovarian cancer into several different groups according to the tissue of
origin. These include surface epithelial ovarian tumours (65%) which develop from cells on the outer surface
of the ovary, germ cell ovarian tumours (15%) which develop from cells that produce ova, sex cord-stromal
ovarian tumours (10%) which develop from connective tissue inside the ovaries, metastases (5%), and miscel-
laneous (5%). These groups can be subdivided into cell types and atypia (benign, borderline, malignant)[40]
[31][8]. The different types of ovarian cancer according to the tissue of origin can be seen in Figure 1.1.

Figure 1.1: The types of ovarian cancer are: 1. Surface epithelial ovarian tumour, which develop from cells on the outer surface of the
ovary 2. Germ cell ovarian tumour, which develop from cells that produce ova 3. Sex cord-stromal ovarian tumour, which develop from
connective tissue inside the ovaries 4. metastases 5. Miscellaneous, with each their own cell types (adapted from [16])

Ovarian cancer is staged using the International Federation of Gynaecology and Obstetrics (FIGO) staging
system. The stages of ovarian cancer are based on the extension of the tumour, the spread to the lymph nodes
and the spread to distant sites. At FIGO stage I, the tumour is confined to ovaries or fallopian tubes. At FIGO
stage II the tumour involves one or both ovaries or fallopian tubes with pelvic extension below the pelvic
brim or primary peritoneal cancer. At FIGO stage III, the tumour involves one or both ovaries or fallopian
tubes, or primary peritoneal cancer, with spread to the peritoneum outside the pelvis and/or metastasis to the
retroperitoneal lymph nodes. And at FIGO stage IV the tumour includes distant metastasis in the liver, spleen,
intestines, lungs or other tissue [31]. The FIGO stages of ovarian cancer can be seen in Figure 1.2. The ovarian
cancer cells are graded by comparing the tumour cells with healthy cells and is based on the combined scores

1



2 1. Introduction

for architecture nuclear atypia, and mitotic activity. Low-grade (grade 1) or well-differentiated tumour cells
look similar to normal cells, usually grow slowly and are less likely to spread. Intermediate-grade (grade 2) or
moderately differentiated tumour cells look more abnormal and are slightly-fast growing, high-grade (grade
3) or poorly differentiated cancer cells look very different from normal cells and may grow more quickly [16].
Due to the difficult presentation of ovarian cancer, 75% of women are diagnosed at an advanced stage (FIGO
IIIB - IV) [50]. The approximate 5-year survival rate is dependent on the stage of ovarian cancer. The 5-year
survival rate of stage I is 90%, stage II is 65%, stage III is 40% and stage IV is 18% [1].

Figure 1.2: Stages of ovarian cancer are: I Ovaries or fallopian tubes II one or both ovaries or fallopian tubes with a pelvic extension below
the pelvic brim or primary peritoneal cancer III One or both ovaries or fallopian tubes, or primary peritoneal cancer, with spread to the
peritoneum outside the pelvis and/or metastasis to the retroperitoneal lymph nodes IV Distant metastasis (adapted from [16])

1.2. Treatment of ovarian cancer
When ovarian cancer is suspected, primary evaluation consists of physical examination, imaging of the ab-
domen, pelvis, and chest with computed tomography (CT), magnetic resonance imaging (MRI) or positron
emission tomography (PET) and laparotomy or laparoscopy with biopsy to evaluate the extent of the disease,
determine the feasibility of surgical resection and confirm the diagnosis [50]. When early-stage ovarian can-
cer is detected, laparotomic or laparoscopic comprehensive surgical staging is recommended. Dependent
on the presence of complete surgical staging and the stage of the disease, adjuvant chemotherapy treatment
is recommended. The comprehensive surgical staging usually includes peritoneal washings, removal of the
uterus (hysterectomy), both ovaries (bilateral salpingo-oophorectomy), omentum (omentectomy) and pelvic
and para-aortic lymph nodes. Furthermore, the peritoneal surfaces of the diaphragm, paracolic gutters, and
pelvis are examined or sampled. In some cases conservative sparing surgery is possible. A common interven-
tion for advanced staged ovarian cancer is a comprehensive surgical debulking with maximal cytoreductive
surgery (CRS) of all visible tumours and chemotherapy [36]. During CRS, the whole peritoneal cavity is ex-
posed and all tumours are inspected and palpated. Thereafter, all tumour tissue is removed. If the tumours
are extended to the splenic hilum, the omentum and spleen, they are resected together en bloc. Tumours in
the pelvis, including tumour at the uterus, ovaries, and rectum, are resected en bloc. Tumours at the small
bowel, colon, and paracolic gutter are resected individually or together with other surgical procedures [24].
Primary debulking surgery (PDS) before initiation of chemotherapy can be done. In the case of FIGO stage III
disease and cytoreductive surgery until lesions <2,5 mm also heated intraperitoneal chemotherapy (HIPEC)
during surgery can be given. In case of a low likelihood to achieve complete cytoreductive surgery or in case
of FIGO stage IV disease, neoadjuvant chemotherapy (NACT) followed by interval cytoreductive surgery (ICS)
is recommended [50].

1.3. Problem definition
Complete resection of all macroscopic disease is the strongest independent variable in predicting overall sur-
vival [24]. However, even after complete CRS and removal of all visible and palpable tumours, more than
two-thirds of the women with advanced epithelial ovarian cancer experience recurrence. Microscopic resid-
ual tumour seems to be the source of peritoneal recurrence. If microscopic, invisible and non-palpable tu-
mour could be detected by an intraoperative imaging technique and resected completely during surgery, the
progression-free survival can be increased [24]. Furthermore, when no microscopic tumour is detected, re-
section is not necessary. As a result, the duration of surgery and recovery can be shortened, and the patient
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can (re) start chemotherapy earlier.

There are currently several intraoperative visualisation techniques in use or development for the detec-
tion of ovarian cancer metastasis. Cryosection is a widely used intraoperative diagnostic technique where a
small piece of the suspicious tissue is sent to the pathology lab where the tissue is frozen with Cryostat, sliced
in sections of 7 to 8 µm, stained with hematoxylin, eosin and toluidine blue, and microscopically examined
by the pathologist. Disadvantages of this technique are that it can only be performed on a small section and
outside the operation room[38]. Another technique which is currently in development and clinically tested
is fluorescent imaging. Fluorescent agents such as folate-FITC, 5-aminolevulinic acid (5-ALA), indocyanine
green (ICG), and OTL38 are intravenously injected or orally taken in by the patient. These fluorescent agents
accumulate in malignant tumour cell and can be detected by an imaging system intraoperatively. Disadvan-
tages of this technique are that mild adverse effects of OTL38, 5-ALA and folate-FITC such as gastrointestinal
disorder, nausea, vomiting, effusion, lose of apatite, diarrhoea and abdominal pain can occur when the agents
is taken in [47][25][51][15][41], and the low specificity of ICG [46][39][48].

In other oncological fields, hyperspectral imaging (HSI) is also used as an imaging technique to detect
malignant tissue. Hyperspectral imaging captures several reflectance images in contiguous spectral bands
of the underlying tissue. The measured reflectance is related to the absorption and scattering properties of
the illuminated tissue. This spectral signature of the underlying tissue can be used for the classification of
tumour and non-tissue [11][27][20]. Compared to fluorescent imaging, HSI does not need an imaging agent
and is therefor label-free, non-invasive, non-contact and non-ionising [13][21]. The first clinical trials suggest
that HSI has comparable results as OLT38 and 5-ALA and outperforms ICG. Furthermore, HSI is significantly
faster than average intraoperative pathologist consult (5 min vs 45 min respectively)[13] and can scan an en-
tire surface, which can’t be done with other pathological margin detection techniques with the same accuracy
as HSI such as cryosection (accuracy of 84%–98%). Also, HSI has the potential to be performed in the oper-
ating room, which could allow near real-time diagnostic feedback of the resected specimen to the surgeon
[26][7][20][21].

Figure 1.3: Difference between RGB image and HS image: An RGB image consists of 3 wavebands red (564–580 nm), green (534–545 nm)
and blue (420–440 nm). An HSI consists of narrow contiguous and adjacent spectral bands(adapted from [30]).

1.4. Study aim
Hyperspectral imaging is a promising technique to detect malignant tissue. Nevertheless, to the best of our
knowledge, studies about the feasibility and performance of hyperspectral imaging for the detection of ma-
lignant ovarian cancer metastasis are still limited. The aim of this study is to determine the feasibility of
malignant ovarian cancer metastases detection using NIR HSI ex vivo.
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The research questions are:

• What is the workflow of malignant ovarian cancer metastases detection using HSI?

• What is the performance of malignant ovarian cancer metastases detection using HSI?

• What is the difference in performance of malignant ovarian cancer metastases detection using HI com-
pared to current used or developed techniques?

• What are the knowledge gaps and future direction of malignant ovarian cancer metastases detection
using HSI?

The outcome and design of this pilot can be used future use of hyperspectral imaging during cytoreduc-
tive surgery to detect malignant ovarian cancer metastases intraoperative and accomplish complete resection
of tumour tissue.



2
Method

To evaluate the performance of HSI in ovarian cancer metastases, an ex vivo observational pilot study was
done on resected specimen after cytoreductive surgery. The non-WMO research protocol was approved by
Erasmus MC, Rotterdam, Netherlands, and can be found in Appendix A. The approach of this study consists
out of several steps, including data acquisition, preprocessing, feature extraction, classification with patho-
logical ground truth, training SVM classifier and classification with trained SVM classifier. The steps will be
discussed in this chapter.

2.1. Data acquisition
Participants
The recruitment of participants took place at Erasmus MC, Rotterdam, the Netherlands. Patients with the
age of 18 years and older with known or high clinical suspicion of primary ovarian cancer planned for either
primary cytoreductive surgery (PCS) or interval cytoreductive surgery (ICS), and who were able and willing to
comply with the study procedure were enrolled into the study. All participants signed an informed consent
before any study-related procedure was performed (see Appendix B for informed consent).

Instrumentation
The hyperspectral (HS) images were acquired with a hyperspectral camera containing a snapshot mosaic 5x5
hyperspectral imaging sensor (IMEC, Leuven, Belgium). This camera can capture an entire scene containing
multi-spectral imaging at video rate. The CMOS sensor captures 25 spectral bands with a spectral bandwidth
of <15 nm in the NIR range (665-975nm). The spectral bands are arranged in a 5x5 mosaic grid and have a
spatial resolution of 409x218 for each band and a total resolution of 2050x1080. The hyperspectral camera is
controlled with a desktop PC. The parameters were set at a frame rate of 10 HS cubes per second, an exposure
time of 10 milliseconds and a colour gain of 10. The camera and several halogen light sources to illuminate
the samples were mounted on a vertical rigid stage. The halogen lights were placed under an angle of 45◦ to
minimise glare pixels. The samples were placed on the black paper underneath the camera. The system is
illustrated in Figure 2.1.

Protocol
After cytoreductive surgery, the resected specimen of the ovaries, fallopian tubes, uterus, omentum and/or
part of the intestines were brought to the pathology department. From each resected organ, one tissue slice
of 20x40x3 mm containing both tumour and non-tumour tissue was taken and placed on black paper. If the
tissue contained no tumour tissue, a slice containing only non-tumour tissue was taken and placed on black
paper. First, an RGB image was collected with a normal camera, thereafter a light reference image, a dark
reference image and HS images of the tissue were collected with the HS camera. After the imaging procedure,
the tissue samples were placed on a macro cassette, placed in formaldehyde and processed according to
standard protocol.

5



6 2. Method

Figure 2.1: Hyperspectral data acquisition system: 1. Vertical rigid stage 2. Halogen light source 3. Hyperspectral camera 4. Plateau with
black paper

2.2. Preprocessing of hyperspectral data
All hyperspectral data was preprocessed by image calibration, min-max normalisation and noise filtering.
Preprocessing was done with the use of Python and MATLAB (Mathworks Inc.) software. The Python and
MATLAB code can be found in Appendix C.

Image calibration
Image calibration calculates the relative reflectance and corrects for the signal variation between images due
to the non-uniform illumination system and the focal plane array of the camera (pattern noise). The raw
data is calibrated by using a white reference image and a dark reference image. The dark reference image
was acquired by the HS system by keeping the shutter of the camera closed and is used to account for the
internal noise, caused by the dark current. The white reference image was acquired by taking a picture of a
white paper and is used to account for the light distribution. This ensures the consistency and reproducibility
of data, independent of the surroundings [9][26][35]. The relative reflectance image is calculated using the
following formula:

Ir e f (x, y,λ) = Ir aw (x, y,λ)− Id ar k (x, y,λ)

Iwhi te (x, y,λ)− Id ar k (x, y,λ)
(2.1)

Where Ir e f (x, y,λ) is the relative reflectance image, Ir aw (x, y,λ) is the raw spectral image, Id ar k (x, y,λ) is
the dark reference image, and Iwhi te (x, y,λ) is the white reference image at the sample pixel location (x, y)
and wavelength band λ [26].

Min-max normalisation
Min-max normalisation normalises the range of all features by re-scaling the range of the data to the interval
[mi n(xnew ),max(xnew )] and corrects for disproportional feature contributions due to tissue morphology
effects. This ensures that the classification algorithm will perform classification based on the shape of the
spectral signature and not the amplitude [9]. The normalised image is calculated using the following formula:

x̂i = x −mi n(xi )

max(xi )−mi n(xi )
∗ (max(xnew )−mi n(xnew ))+mi n(xnew ) (2.2)

Where x̂i is the normalised image, x the relative reflectance image, mi n(xi ) the minimum value of x,
max(xi ) the maximum value of x, mi n(xnew the new minimum value of x and max(xnew the new maximum
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value of x [43]. When the image is normalised by re-scaling the range of the data to the interval [0,1], the
formula converges to the following formula:

x̂i = xi −mi n(xi )

max(xi )−mi n(xi )
(2.3)

Noise filtering
Raw HS images can contain pixels that do not contain useful spectral information for tissue classification
and reduce the performance of the system, such as background pixels and glare pixels. Several images under
different configurations were taken with the hyperspectral camera and images with the least glare were in-
cluded in the data set. The remaining glare pixels and background pixels were removed from the hypercube
by intensity thresholding. Furthermore, the hypercube was divided into a grid of 20x20 pixels. Within each
block, the spectra were averaged to increase the robustness to spectral noise and decrease the computational
time.

2.3. Patholgical ground truth
The pathological diagnosis was used as the golden standard to label the spectral images. A few days after the
operation, the tissue slices were processed in hematoxylin and eosin (H&E) and digitised. The digitised his-
tological images of all specimen were annotated to outline tumour tissue, connective tissue, ovarian stromal
tissue, fat tissue, lymphoid tissue, necrotic tissue, epithelial tissue of the intestines and muscle tissue by an
experienced pathologist. Areas which were difficult to classify into one group were left out. The annotated
images were transformed to the same configuration as the RGB image via a non-rigid registration algorithm
in MATLAB (Mathworks Inc.) with approximately 20 control points. This was also done with the HSI. In this
way, the HSI and masks have the same configuration. The area of the tumour tissue and the area of non-
tumour tissue were selected via HSV colour thresholding to make a tumour tissue and non-tumour tissue
mask. These masks served as ground truth for the classification of the HS images. To obtain the labelled
tumour and the non-tumour HS images for training the SVM classifier, the HS images were multiplied by the
tumour mask and non-tumour mask respectively. Thereafter, the HS images were patched and features were
extracted. The workflow can be seen in Figure 2.2.

(a) Raw HSI (b) Preprocessed HSI (c) Annotated pathological
image

(d) Preprocessed annotated
pathological image

(e) Tumour mask (f) Tumour mask on HSI (g) Tumour tissue (h) Patched tumour tissue

Figure 2.2: Workflow (a.) The HS images were acquired after cytoreduction. (b.) HS images were preprocessed by calibration, min-max
normalisation and noise filtering and transformed (c.) The digitised pathological images were annotated. (d.) The annotated images
were transformed. Tumour tissue was filled with the colour bordeaux and the non-tumour tissue was filled with the colour blue. (e.)
Tumour tissue and non-tumour tissue were selected via HSV colour thresholding to make masks (f.) Selection of the tumour tissue and
non-tumour tissue was made with the mask (g.) The HS images were multiplied by the mask to obtain tumour tissue and non-tumour
tissue (h.) The HS images were patched and features were extracted.
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2.4. Classification of hyperspectral data
Feature extraction
The HS camera captures 25 reflectance images in adjacent spectral bands of 15 nm. The intensities, deriva-
tives and normalised intensities were extracted and formed the feature set.

Support vector machine classifier
The support vector machine (SVM) classifier with linear kernel function (linear SVM) and Gaussian radial
based kernel function (RBF SVM) were used to classify tumour tissue and non-tumour tissue. The SVM clas-
sifier finds the best hyperplane that separates the data points of tumour tissue from the non-tumour class
with the largest margin between the hyperplane and any data point. For inseparable classes, the objective is
the same, but the algorithm imposes a penalty on the length of the margin for every observation that is on
the wrong side of its class boundary. The support vectors are the data points that are closest to the separating
hyperplane.

The optimal hyperplane for the linear SVM can be determined as the solution of the following dual prob-
lem: {

Maximise:
∑N

i=1αi − 1
2

∑N
i=1

∑N
j=1αiα j yi y j (xi , x j )

Subjected to:
∑N

i=1αi yi = 0 and 0 ≤αi ≤C , i = 1,2, ..., N .
(2.4)

The discriminant function associated with the hyperplane is defined as:

f (x) = ∑
i∈S

αi yi (xi , x)+b (2.5)

Where αi are the Lagrange multipliers, xi is set of data points with their labels yi , C is a constant repre-
senting the regularisation parameter to control the penalty assigned to errors and S is the subset of training
sample corresponding to nonzero Lagrange multipliers αi [32].

The optimal hyperplane for the non-linear SVM can be determined as the solution of the following dual
problem: {

Maximise:
∑N

i=1αi − 1
2

∑N
i=1

∑N
j=1αiα j yi y j K (xi , x j )

Subjected to:
∑N

i=1αi yi = 0 and 0 ≤αi ≤C , i = 1,2, ..., N .
(2.6)

The discriminant function associated with the hyperplane is defined as:

f (x) = ∑
i∈S

αi yi K (xi , x)+b (2.7)

Where K is the kernel function. The kernel for the Gaussian radial based function is defined as K (xi , x) =
exp(−γ||xi −x||2) [32].

K-nearest neighbour classifier
The k-nearest neighbour (k-NN) classifier finds the nearest k data points xi to the test sample y according
to a given distance measure, such as the Euclidean distance. Majority voting is employed to assigns the class
label to the test sample [23]. The Euclidean distance can be calculated by:

d(xi , y) = ||xi − y ||22 (2.8)

To compensate for the unbalanced data-set, weighting factors have been assigned to the tissue classes in
all classifiers.

2.5. Performance of classifiers
Training and validation of the classifiers
The SVM classifiers were validated using leave-one-out cross-validation. The classification algorithm was
trained on a training set of all spectral images from 9 of the 10 patients with the known class label, based
on the pathological ground truth. The patient who was left out was used in the validation data set. The
binary classified images from the test set were compared with the pathological ground truth to determine the
performance of the classifier.
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Performance metric
The performance of the classifiers was evaluated with sensitivity, specificity, positive predictive value (PPV)
and negative predicted value (NPV) based on the confusion matrix of the optimal threshold point of the
receiver operating characteristic (ROC) curve. The optimal threshold point of the ROC curve was calculated
by using the maximal Youden index. The sensitivity defines how many correct tumour pixels are classified
along all classified tumour pixels. The specificity defines how many correct non-tumour pixels are classified
along all classified non-tumour pixels. The PPV defines how many correct tumour pixels are classified along
all predicted tumour pixels. And the NPV defines how many correct non-tumour pixels are classified along
all predicted non-tumour pixels. The sensitivity, specificity, PPV and NPV and can be determined using the
following equations:

Sensi t i vi t y = T P

T P +F N
(2.9)

Speci f i ci t y = T N

T N +F P
(2.10)

PPV = T P

T P +F P
(2.11)

N PV = T N

T N +F N
(2.12)

Because the sensitivity, specificity, PPV and NPV are dependent on the threshold value of the ROC curve,
the area under the ROC curve (AUC) and the Matthews correlation coefficient (MMC) have been calculated
to represent the scalar measurement for the quality of the classification. The AUC represents how good the
model is in distinguishing between two classes, in this case, tumour tissue and healthy tissue. A perfect clas-
sifier has an AUC of 1, a classifier that randomly assigns observations to a class has an AUC of 0.5. The MCC
returns a value from 1 to 1, where 1 indicates a perfect prediction, 0 means no better than randomly pre-
diction and 1 indicates a total disagreement between prediction and ground truth. The MMC is determined
using the following equation:

MCC = T P xT N −F P xF Np
(T P +F N )(T P +F N )(T N +F P )(T N +F N )

(2.13)

Where T N (T ) is true negative, T P (T ) is true positive, F P (T ) is false positive, and F N (T ) is false negative
dependent of the threshold value T [26].
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Results

3.1. Participants and pathology
In total 11 patients were enrolled in the study. The mean age was 58 years (median:58, range 30-78). Eight pa-
tient underwent interval debulking operation and three patients primary debulking operation. Eight patients
presented high-grade serous adenocarcinoma, one patient low-grade serous adenocarcinoma, one patient
serous carcinoma and one patient high and low-grade mucinous adenocarcinoma. Eight patients had a FIGO
stage IV ovarian cancer, three patients had FIGO stage IIIC ovarian cancer. In total ten patients were included
in the study. Patient 5 was left out because the primary location of the tumour was uncertain. The patient
characteristics can be seen in Tabel 3.1.

Table 3.1: Patient characteristics

Patient
number

Age
Primary
location

Histology Grade
FIGO
Stage

Procedure Tissue type

1 72 Ovarian
Serous
adenocarcinoma

3 IIIC PDS
A: Ovarian, B: Ovarian
C: Ovarian, D: Omentum

2 78 Ovarian Serous carcinoma IV IDS A: Mesenterium

3 64 Ovarian
Serous
adenocarcinoma

3 IV IDS A: Omentum, B: Ovarian

4 56 Ovarian
Serous
adenocarcinoma

3 IV IDS
A: Omentum, B: Omentum
C: Intestines

5 56
Mucinous
adenocarcinoma

1 / 3 IV PDS A: Omentum

6 67 Ovarian
Serous
adenocarcinoma

3 IIIC IDS
A: Ovarian, B: Ovarian
C: Intestines, D: Omentum
E: Omentum

7 58 Ovarian
Serous
adenocarcinoma

3 IV IDS
A: Omentum, B: Ovarian
C: Ovarian

8 65 Ovarian
Serous
adenocarcinoma

3 IIIC IDS A: Omentum, B: Ovarian

9 46 Ovarian
Serous
adenocarcinoma

3 IV IDS
A: Ovarian
B: Ovarian

10 50 Ovarian
Serous
adenocarcinoma

3 IV IDS
A: Ovarian, B: Omentum
C: Ovarian

11 30 Ovarian
Serous
adenocarcinoma

1 IV PDS A: Omentum

PSD:Primary debulking surgery, IDS: interval debulking surgery

11
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3.2. Spectral signature
In this study, 27 tissues samples were imaged, including tissue from the ovarian (13 samples), omentum (11
samples), mesenterium (1 sample) and intestines (2 samples). All the processed tissue samples can be seen in
Appendix D. The samples contained different tissue types such as connective tissue, necrotic tissue, ovarian
stromal tissue, adipose tissue, lymphoid tissue, muscle tissue, epithelial tissue of the intestines and tumour
tissue. In Figure 3.1a spectral signature of the different tissue types can be seen. For the classification of
tissue, the tissue types connective tissue, necrotic tissue, ovarian stromal tissue, adipose tissue, lymphoid
tissue, muscle tissue and epithelial tissue of the intestines were grouped in the non-tumour tissue class. In
Figure 3.1b, the average spectra of these tissue types combined are shown.

The measured spectra for all tumour tissue differed significantly (P<0.005) from that of non-tumour tissue
except the spectra with the wavelength of 786 nm, 930 nm and 943 nm. The spectra showed large within-class
variations which may primarily be attributed to the heterogeneity. The measured reflectance is related to the
absorption and scattering properties of the illuminated tissue e.g. cellular crowding, amount of blood flow
and metabolic activity, substrates and type of tissue [4]. This can be seen as intensity dips in the spectral
signature [11][27]. The NIR region has several scattering dominant region for biological tissues such as fat
lipids, collagen, and water. When we look at Figure 3.1 we see a relatively low-intensity value after 923 nm for
non-tumour and tumour tissue. An explanation can be due to the lipid absorption peak around 930 nm. We
also see a small intensity dip at 760 nm in non-tumour tissue. This can be due to the presence of deoxygenated
blood [17][42].

(a) Intensity value of included tissue types types (b) Intensity value of tumour tissue and non-tumour tissue

Figure 3.1: Intensity value of included tissue types

3.3. Tissue classification
Feature selection
The feature set consisted out of 674 features. The p-score of these features can be seen in Appendix E. The
features with a p-score >0.05 were removed from the data set. The most influencing features have been
chosen for the classification of tumour tissue and non-tumour tissue. In total 19 of the 674 features were
selected for the classification of tumour tissue and non-tumour tissue. Box-plots of the most relevant features
can be seen in Figure 3.2. The features included were the intensities 697 nm, 775 nm, 799 nm, 823 nm, 863
nm, 872 nm, 901 nm, 910 nm, 923 nm, the derivatives between 684-697 nm, 882-892 nm, 923-930 nm, 943-
954 nm and the normalised intensity of 676/910 nm, 697/910 nm, 762/910 nm, 872/910 nm, 923/910 nm, and
930/910 nm.
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Figure 3.2: Boxplots of the most relevant features

Performance of the classifiers
In Table 3.2, classification results of tumour tissue and non-tumour tissue with the use of the linear SVM,
RBF SVM, and k-NN classifiers can be seen. The linear SVM had the best results with a sensitivity of 0.806,
specificity of 0.747, PPV of 0.530, NPV of 0.816, AUC of 0.827 and MCC of 0.412. The second was the RBF SVM
classifier with a sensitivity of 0.836, a specificity of 0.725, PPV of 0.502, NPV of 0.799, AUC of 0.836 and MCC
of 0.386. The classification result of the k-NN classifier was slightly lower compared to the SVM classifiers
and had a sensitivity, specificity, PPV, NPV, AUC and MCC of 0.675, 0.722, 0.474, 0.735, 0.722, and 0.268. The
full results can be seen in Appendix F. The data set of patient 2,3 4, and 8 only consisted out of non-tumour
tissue, therefore it was only included in the training set.

Table 3.2: Performance of the classifiers

Classification method Sensitivity Specificity PPV NPV AUC MCC
Linear SVM 0.806 0.747 0.530 0.816 0.827 0.412
RBF SVM 0.836 0.725 0.502 0.799 0.836 0.386
k-NN 0.675 0.722 0.474 0.735 0.722 0.268
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Discussion

The most important prognostic factor for the survival of advanced-stage ovarian cancer is the complete re-
section of all microscopic tumour tissue during cytoreductive surgery[24]. Still, even after complete CRS and
removal of all visible and palpable tumours, more than two-thirds of women with advanced-stage ovarian
cancer experience recurrence due to microscopic residual tumour. Therefore, an intraoperative visualisation
technique is of great importance to detect these microscopic tumours. In this pilot study, the feasibility of
NIR hyperspectral imaging for the detection of malignant ovarian cancer metastases was tested ex vivo. The
linear SVM classifier had the highest performance with a sensitivity of 0.81, a specificity of 0.75, AUC of 0.83
and MCC of 0.41 for the detection of tumour tissue. The second best was the RBF SVM classifier which had a
sensitivity of 0.84, a specificity of 0.72, AUC of 0.84 and MCC of 0.39. And last was the k-NN classifier with a
sensitivity of 0.68, a specificity of 0.72, AUC of 0.72 and MCC of 0.27.

4.1. Comparison to current used or developed techniques
When we compare the results of HSI with the commonly used intraoperative cryosection diagnosis, dis-
cussed in the study of Palakklan et al. [38], we see that hyperspectral imaging still performs less accurate
than cryosection. During cryosection a small piece of the suspicious tissue is sent to the pathology lab where
it is frozen, sliced in sections and microscopically examined by the pathologist. The study of Palakklan et
al. [38] found a sensitivity of 0.90, a specificity of 0.97, PPV of 0.90 and NPV of 0.97 for malignant ovarian
tumours, which is significantly higher than the results found in this study. Nevertheless, HSI has a faster
imaging time. Classification only took several seconds in our study, where cryosection takes approximately
20 minutes. Also, HSI can scan a whole area, where cryosection can only be applied on a small resected area
outside of the operation room [13][21][7]. In the study of Hoogstins et al.[15] and Randall et al.[41], intraop-
erative fluorescent imaging with the use of the fluorophore OTL38 was evaluated. OTL38 is active fluorescent
agents which target folate receptors. The study of Randall et al. [41] found a sensitivity of 0.84, a specificity
of 0.12, PPV of 0.85 and NPV of 0.10 in patients with ovarian cancer when no correlation between lesions
within patients was assumed. The sensitivity is slightly better in comparison with the current study, but the
specificity was lower. This was especially in lymph nodes (52%), likely due to active macrophages with FR-β
receptors which are also a binding receptor of OTL38. Other locations of false positives were to FR-α on the
apical membrane of noncancerous epithelial cells in the uterus and fallopian tubes [15]. OTL38 also gave
several mild adverse events such as gastrointestinal disorder, nausea, vomiting and abdominal pain (18.2%)
[15][41], infusion-related reactions (11.4%) sneezing and increase lacrimation (2.3%) [41], which is not the
case for HSI. In the studies of Liu et al.[25] and Yonemura et al.[51], intraoperative fluorescent imaging with
the use of the fluorophore 5-ALA was evaluated. 5-ALA is a pro-drug, precursor of protoporphyrin IX and
is enzyme-activated/micro-environment activated agent. Also here a higher performance compared to the
current study was found. In the study of Liu et al.[25], a sensitivity of 0.93, a specificity of 1.00, PPV of 1.00
and NPV of 92.5 for the detection of peritoneal metastases from ovarian cancer and primary peritoneal can-
cer was found. In the study of Yonemura et al.[51] a sensitivity of 0.89, a specificity of 1.00, PPV of 1.00 and
NPV of 0.90 for the detection of peritoneal metastases from epitelial ovarian cancer was found. Neverthe-
less, some small adverse effects occurred during the intake of 5-ALA such as pleural effusion (n=2), loss of

15
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appetite (n=1), diarrhoea (n=1), abnormal lab results [25], nausea (n=1) and vomiting (n=1) [25][51] In the
studies Tummers et al.[46], Pop et al.[39], and Veys et al.[48], the intraoperative fluorescent imaging with the
use of the fluorophore ICG was evaluated. ICG binds to serum proteins and passively accumulates in tumour
tissue due to the enhanced vascular permeability and retention (EPR) effect. HSI had a better performance
than fluorescent ICG due to the low sensitivity of the EPR effect. In the study of Tummers et al.[46] a sensi-
tivity of 1.00 and a specificity of 0.38 was found for patients with ovarian cancer. The study of Pop et al.[39]
found a sensitivity of 0.80, a specificity of 0.41, PPV of 0.03 and NPV of 0.99 for retroperitoneal lymph nodes.
The study of Veys et al.[48] found a sensitivity between 0.50-0.73, specificity between 0.50-0.57, and PPV of
0.57-0.77 for peritoneal residual scar tissue or malignant ovarian tumour tissue.

In most of the mentioned studies, there are differences in tumour types, FIGO stages and study designs
included in the data set in comparison with the current study. This could alter the performance and does
not represent a perfect comparison between the current study and other studies in the field of intraopera-
tive detection of malignant ovarian cancer metastases. Nevertheless, it gives a good comparison of what is
already done in the field and what the target performance needs to be. For now, 5-ALA is the biggest com-
petitor for intraoperative visualisation. Cryosection has a very good performance but is not suitable for real-
time intraoperative visualisation of a whole are. There are also other intraoperative detection techniques for
the detection of malignant ovarian cancer metastasis such as Raman imaging (SERS or SERRS) [18][37], aut-
ofluorescent imaging and reflectance spectroscopy [29][45], gamma probes [6][49], intraoperative MRI [22],
intraoperative ultrasound [33], touch impression cytology [19], other fluorescent agents (single-walled car-
bon nanotubes, quantum dots and lanthanide-based nanoparticles) [49][28], and more [44]. These are not
clinically tested yet.

4.2. Limitations and recommendations
This pilot study had several limitations which are listed in the following.

Data set
This study contained a limited data set for training of the classifier. It is not yet known if there is any difference
in performance for other histological types, tissue types, procedures or premenopausal/postmenopausal
patients[34]. The influence of these characteristics on the performance still needs to be investigated.

Hyperspectral camera
The HS camera contains a snapshot mosaic 5x5 hyperspectral imaging sensor (IMEC, Leuven Belgium) which
can capture an entire scene in a few seconds without spatial and spectral aliasing artefacts. It is therefore ca-
pable of imaging moving object, which is useful for future in vivo use [11]. The drawbacks of this camera are
that it has a lower spatial and spectral resolution compared to whisk-broom (point-scanning) cameras, push-
broom (line-scanning) cameras, spectral scanning (area-scanning or plane-scanning) cameras, and only has
25 spectral bandwidths of <15 nm. This makes in detail research of optical tissue properties more difficult,
due to less feature extraction [11].

The camera captures images in the NIR range from 665 nm till 975 nm. In this region, several chro-
mophores such as blood, water, melanin, fat, bilirubin, and beta-carotene contribute to the absorption of
light and therefore the spectral signature of diverse tissues [17]. In this study, an intensity dip in the spectrum
of non-tumour tissue can be seen at 760 nm (see Figure 3.1). This can be due to the presence of deoxygenated
haemoglobin, which has an absorption peak at 760 nm. What stands out is that the spectral signature of
tumour tissue does not have this dip, which was not expected due to angiogenesis in tumour tissue. Also
around 930 nm, an intensity dip in non-tumour tissue can be seen. This can be due to the presence of adi-
pose tissue such as tissue from the omentum. When we compare the spectral signature of this study to other
studies[2][3][14], we see a dip between 850 nm and 900 nm in the spectrum of this study which is not present
in the other studies. The dip is present in all tissue types and can be due to noise in the system. Because
all the tissue types are subjected to the noise, it does not affect the outcome within this data set, only when
compared to outcomes with the use of other systems.

An advantage of the NIR wavelength range of the camera is that it can measure up several millimetres
and is scattering dominant for biological tissue, which leads to more detectable differences between tissue



4.2. Limitations and recommendations 17

types [11][7][10][21]. The visual (VIS) wavelength range for the detection of tumour tissue is also evaluated
in the study of Baltussen et al.[2] and Kho et al. [20]. Both studies found that the combination of VIS and
NIR wavelength range had the best result, because of the combined features that can be made. However,
in in vivo studies, the visual wavelength range (400-700 nm) which is scattering dominant for haemoglobin,
is not preferred due to the presence of blood [17][2]. The study of Beaulieu et al. [4] also looked into the
use of the SWIR wavelength range (900-2500 nm) and found that the performance was significantly better in
comparison to the combined visual and NIR wavelength range and suggest that there may be tumour specific
signals in the SWIR wavelength range. According to [17], the SWIR wavelength has scattering dominants for
water and adipose tissue. This can be of added value for the detection of tumour tissue in adipose regions
such as the omentum.

Histological discrepancies
The annotated tumour tissue contained largely tumour but also included small amounts of connective tis-
sue, calcification and other types of non-tumour tissue. This influences the performance of the classifier
negatively. Furthermore, there was a discrepancy between the measured volume of the HS camera and the
pathological ground truth. The HS camera can image a volume of a few millimetres, but the H&E section
only provides information about the superficial cell layers [10][20][21]. In addition, for the first 4 patients, the
bottom of the tissue slide instead of the top of the tissue slide was inspected due to the wrong configuration
of the tissue in the pathological tray.

Preprocessing errors
During noise reduction, most of the background pixels and glare pixels were removed. Nevertheless, not all
the pixels were removed due to the differences in HSV value of the background. In some cases, also some
parts of the tissue were removed. Furthermore, normalisation was done before noise filtering. To enhance
the influence of normalisation, normalisation as last step can be tried.

Registration errors
Registration errors occurred when the pathological ground truth was registered on the HS image, due to
tissue-deformation during the tissue processing. During this study, non-rigid registration algorithm was used
with approximately 20 control points. In this method, elastic deformation within the tissue is not accounted
for. This can be included in future studies. The study of Kho et al.[20] tried to lower the discrepancies be-
tween the histological ground truth and HSI by adding a group where all the tissue edges were removed up to
1 mm from the edge. Edges are more likely to contain mixed spectra due to errors in histological annotation
because of the small pixel size, registration errors, discrepancies between the measured volume of HSI and
H&E and influence of the surrounding reflectance spectra on the pixel. In general, the classification perfor-
mance of the data set where the edges were removed was higher than in the data set where the edges were
not removed.

Feature extraction
For the feature extraction, only the intensity, derivative and the normalisation were used. Furthermore, not all
possible combinations between the features were made. First, the best derivatives were selected, thereafter
the best intensities, then the best norm was selected and the best wavelengths of this norm were added. In the
future, a principle component analysis (PCA) or other feature selection procedures can be used to optimise
this procedure and find new features.

Classifier
In this study, the linear SVM, RBF SVM, and k-NN classifiers have been evaluated. The linear SVM classifier
had the best results, closely followed by the RBF SVM classifier, and last was the k-NN classifier. Based on
these results, the linear SVM classifier would be good for future research. Nevertheless, the data was lim-
ited and more research needs to confirm these results. In the future, other classification methods can be
investigated for the classification of ovarian cancer. In literature, several other classifiers have been used to
classify tumour tissue. In the study of Lu et al.[26], QDA, linear discriminant analysis (LDA), ensemble LDA,
RBF SVM, and random forest (RF) were evaluated for the detection of head and neck squamous cell carci-
noma. Ensemble LDA had the overall best performance followed by LDA, linear SVM, RF, RBF SVM and last
quadratic discriminant analyse (QDA). The study of Maktabi et al.[27] compared the RF, SVM, multilayer per-
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ceptron (MLP) and k-NN classifiers. They found that the SVM classifier with oversampling performed best
in two tissue classification of oesophageal carcinoma. In the study of Halicek et al.[12] convolutional neu-
ral network (CNN) based classifiers were compared with the SVM based classifiers. CNN based classifiers
outperformed SVM based classifiers in the classification of neck squamous cell carcinoma. Fabelo et al.[9]
compared CNN, deep neural network (DNN) and SVM based classification algorithm with each other. The
DNN algorithm achieved the best results in the binary classification of glioblastoma. However, deep learning
can be prone to over-fitting if there is insufficient data, and the results can be more difficult to interpret [11].

To compensate for the unbalanced data-set, weighting factors were implemented during classification
which assigns different weights to tissue classes[21]. Other methods that can be used are oversampling,
which generate synthetic samples based on the k-nearest neighbour [27] and under-sampling which ran-
domly select as many spectra as the smallest class [4]. The use of weighting factors has been chosen over
under-sampling due to the limited data set.

4.3. Future direction
This pilot study is done as a first step towards hyperspectral imaging for the detection of ovarian cancer
metastasis. The ultimate goal is to use hyperspectral imaging during cytoreductive surgery to detect ma-
lignant ovarian cancer metastases intraoperatively and accomplish complete resection of tumour tissue in a
short time. However, before HSI can be implemented in real practice, further validation in vivo is required.
The environmental factors change during in vivo evaluation which change the spectral signature of the tis-
sue and can influence the performance. Also, the workflow will change during cytoreductive surgery when
hyperspectral imaging is implemented. Questions about the ease of use, time of use, the learning curve of
the new device, and the cut off value for the procedure may rise. Furthermore, the intraoperative device still
needs to be developed. Trade-offs between the precision of the system versus the cost of the system need to
be made.
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Conclusion

All in all, this pilot study shows that HSI is a promising technique that can improve the detection of malignant
ovarian metastasis and increase the progression-free survival of patients with ovarian cancer. The linear SVM
classifier had the highest performance with a sensitivity of 0.81, a specificity of 0.75, AUC of 0.83 and MCC of
0.41 for the detection of tumour tissue. When we compare the results of HSI with the commonly used intra-
operative cryosection diagnosis, we see that cryosection still performs more accurate than HSI. Nevertheless,
HSI can scan a whole area, is faster, non-contact and non-invasive and can be used inside the operation
room. When we compare HSI to fluorescent imaging we see that HSI has better accuracy than OTL38 and
ICG, but worse than 5-ALA. Nevertheless, some small adverse effects occurred during the intake of 5-ALA.

However, before HSI can be implemented in practice, further validation is required in vivo and technical
enhancements need to be made. Future research can focus on enlarging the training data set to enhance the
performance of the classifier. The wavelength range of the hyperspectral camera can be enhanced by includ-
ing the SWIR wavelength range. The SWIR wavelength range might include additional features which can be
combined with the relevant features in the NIR wavelength range for better performance. Furthermore, the
registration of the pathological ground truth can be enhanced by including a registration algorithm which
accounts for elastic deformation. In addition, several feature selection methods can be evaluated to find the
optimal features and other classifiers can be evaluated for the detection.
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Erasmus MC
Na- 1511
Dr. Molewaterplein 40
3015 GD Rotterdam
Tel. 010 703 33 81

Prof. Dr. J. Dankelman
Delft University of technology
Faculty of Mechanical engineering
Biomechanical engineering
Room: 34.E-1-330
Mekelweg 2
2628CD Delft
Tel. +31 15 27 85565

S.M. Perez
Delft University of technology
Faculty of Mechanical engineering
Biomedical Engineering
Mekelweg 2
2628CD Delft
Tel. +31 0646993742

Client (provider)
Dept. Gynaecological Oncology Erasmus MC Dept. Biomedical Engineering Delft University of Technology

Research data
Rational
Ovarian cancer is the second most common gynaecologic malignancy, with the highest mortality of gynaeco-
logic cancers. Most women diagnosed with ovarian cancer are diagnosed at an advanced stage (FIGO stage
III or IV), where the disease has spread throughout the peritoneal cavity. These women have a 5-year survival
of 5-30%. The cornerstone of treatment of ovarian cancer is cytoreductive surgery, combined with systemic
chemotherapy to treat microscopic disease. The completeness of cytoreductive surgery is the most important
factor for treatment success. Currently the success of surgery is defined by visual inspection by the surgeon.
Cytoreduction is considered complete when there is no visible residual tumour left. It is questionable whether
this is an objective and optimal measure. As completeness of cytoreductive surgery is the most important pre-
dicting factor for treatment success, a better method of visualisation of malignant tissue intraoperatively is
needed to optimise the chance for objectively complete cytoreduction in women with ovarian cancer.

Hyper spectral imaging (HSI) has demonstrated potential to become a powerful tool to study and identify
several diseases in the medical field, being a non-contact, non-ionizing, and a label-free imaging modality.

Goals
The aim of this pilot study is to determine whether hyperspectral imaging can be used as an imaging tool
for the detection of ovarian cancer ex vivo. The outcome and design of this pilot can be used for a follow-up
study to determine whether hyperspectral imaging can be used as an imaging tool for the detection of ovarian
cancer in vivo.

Study design
Observational study

Study population
Patients with stage III and IV ovarian cancer eligible for cytoreductive surgery.

Inclusion criteria
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• Known or high clinical suspicion of primary ovarian cancer planned for either primary cytoreductive
surgery or interval cytoreductive surgery by laparotomy

• The subject is able and willing to comply with study procedures. A signed and dated informed consent
is obtained before any study-related procedure is performed.

• Age of 18 years and older

Exclusion criteria

• Patients from whom the ovaries, fallopian tubes, uterus, omentum and part of the intestines were re-
moved.

Number of subjects / sample size
10 female participants

Each month, about 3-4 patients with stage III or IV ovarian cancer undergo cytoreduction at Erasmus MC.
When we take into account that 75% of the available patients will or can participate, inclusion of 10 patients
will most probably take around 3 months.

Recruitment subjects
The recruitment takes place at Erasmus MC. Upon planning of cytoreductive surgery, the patient will be in-
formed about the study. After informed consent is given, the patient will be enrolled.

Intervention

• The selected patient undergoes cytoreductive surgery as planned.

• Immediately after cytoreduction, the ovaries, fallopian tubes, uterus, omentum and/or part of the in-
testines (if applicable) are prepared for hyperspectral imaging.

• The hyperspectral images of the ovaries, fallopian tubes, uterus, omentum and/or part of the intestines
are collected. These resected ovaries, fallopian tubes, uterus, omentum and/or part of the intestines
consist of normal tissue and the tumor.

• Also visual images of the ovaries, fallopian tubes, uterus, omentum and/or part of the intestines are
collected.

• After imaging, the ovaries, fallopian tubes, uterus, omentum and/or part of the intestines are, according
to normal protocol, sent to the pathological laboratory for examination. Pathologic diagnosis and col-
oring is carried out by a professional pathologist and the results are compared with the hyperspectral
images and visual images.

Standard care / standard treatment
This procedure is not yet offered as standard care. In the future, this procedure could potentially be used for
visualisation of malignant tissue intraoperatively.

Study parameters

• Comparison of image characteristics from visual images of tumor tissue and healthy tissue

• Comparison of image characteristics from hyperspectral imaging of tumor tissue and healthy tissue

• Comparison of image characteristics from histopathological examination of tumour tissue and healthy
tissue

• Concordance of image characteristics of tumour tissue and healthy tissue from hyperspectral images
and histopathological examination

• Concordance of image characteristics of tumor tissue and healthy tissue from visual images and histopatho-
logical examination
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Study endpoints

• Determine the true positive, true negative, false positive and false negative of hyperspectral images
compared with histopathological examination

• Determine the accuracy, sensitivity and specificity of the detection of tumour tissue with hyperspectral
imaging compared to histopathological examination

Statistical analyses
Accuracy, sensitivity and specificity of the detection of tumour tissue with hyperspectral imaging compared
to histopathological examination.

Load for subject
There is no anticipated additional load for the participants since hyperspectral imaging is a non-invasive
imaging methods based on the interaction of tissue and light, which is done ex-vivo after the operation and
is harmless to the patient.

Risk to the subject
There is no anticipated additional risk for the participants since hyperspectral imaging is a non-invasive
imaging methods based on the interaction of tissue and light.

Benefit participation in the research
This study can be used for further development of a visualisation technique of malignant tissue intraoper-
atively to optimise the chance for objectively complete cytoreduction in women with ovarian cancer. No
beneficial effect is expected for the patients participating in this study.

Disadvantages participation in the research
None

Compensation for the subjects
None

Administrative aspects
Data, documents and body materials will be handled according to GCP principles. Data of the participants
will be coded and stored in the Erasmus MC and saved for 15 years. Body materials will be saved as usual in
the pathology archive.

Publication policy and amendments
The guidelines for publishing and authorship of Erasmus MC will be followed.

Other points of interest for the METc
None
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Gebruik van weefsel van patiënten ten behoeven van het ontwikkelen van een manier voor het beter af-
beelden van eierstokkanker bij operaties

Officiële titel: Hyperspectral imaging for detection of ovarian cancer (HSI-OC study)

Inleiding
Geachte mevrouw,

Er is bij u eierstokkanker ontdekt en er is een operatie gepland om de tumor te verwijderen. Wij vragen
u hierbij of er een extra test op het verwijderde weefsel gedaan mag worden en of wij de gegevens van uw
behandeling mogen gebruiken voor medisch wetenschappelijk onderzoek. U doet dan officieel mee aan het
onderzoek. Heeft u na het lezen van de informatie nog vragen? Dan kunt u terecht bij uw behandelend arts
of de hoofdonderzoeker die onderaan deze brief vermeld is.

1. Wat is het doel van het onderzoek?
Met dit onderzoek hopen wij een nauwkeurige manier te ontwikkelen om eierstokkanker beter te kunnen
zien tijdens een operatie. Deze test wordt gedaan op het weefsel dat bij de operatie wordt verwijderd.

2. Hoe wordt het onderzoek uitgevoerd?
Na de operatie zal het verwijderde weefsel onder een speciale camera worden gelegd. Deze camera maakt
foto’s van het weefsel. Vervolgens wordt het weefsel op de gebruikelijke manier verzonden en onderzocht
door de patholoog. De gegevens van uw behandeling en de uitslag van de patholoog worden gebruikt voor
het onderzoek.

3. Wat is meer of anders dan de reguliere behandeling(en) die u krijgt?
De behandeling is voor u hetzelfde als de standaard behandeling. De extra foto’s zijn het enige verschil. Verder
worden de gegevens van uw ingreep en de uitslag van het onderzoek door de patholoog (gecodeerd) gebruikt
voor het onderzoek.

4. Wat zijn mogelijke voor- en nadelen van deelname aan dit onderzoek?
Deelname aan dit onderzoek heeft geen nadelen. Voor de toekomst kan het onderzoek wel helpen de behan-
deling van vrouwen met eierstokkanker te verbeteren.
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5. Wat wordt er van u verwacht?
Van u wordt niks verwacht. Alleen als u toestemming geeft worden uw weefsel en gegevens over uw ziekte
bewaard en gebruikt voor dit wetenschappelijk onderzoek.

6. Wat gebeurt er als u niet wenst deel te nemen aan dit onderzoek?
U beslist zelf of u meedoet aan het onderzoek. Deelname is vrijwillig. Als u besluit niet mee te doen, dan
tekent u het formulier niet, uw gegevens worden dan niet in het onderzoek opgenomen. U hoeft niet te
zeggen waarom u niet wilt meedoen. U kunt uw toestemming ook later nog intrekken.

7. Gebruik en bewaren van uw gegevens en lichaamsmateriaal
Voor dit onderzoek worden uw persoonsgegevens en lichaamsmateriaal verzameld, gebruikt en bewaard.
Het gaat om gegevens zoals uw naam, adres, geboortedatum en om gegevens over uw gezondheid. Voor
dit onderzoek is gezond en tumorweefsel uit de eierstok nodig. Het verzamelen, gebruiken en bewaren van
uw gegevens en uw lichaamsmateriaal is nodig om de vragen die in dit onderzoek worden gesteld te kun-
nen beantwoorden en de resultaten te kunnen publiceren. Wij vragen voor het gebruik van uw gegevens en
lichaamsmateriaal uw toestemming.

Vertrouwelijkheid van uw gegevens en lichaamsmateriaal
Om uw privacy te beschermen krijgen uw gegevens en uw lichaamsmateriaal een code. Uw naam en andere
gegevens die u direct kunnen identificeren worden daarbij weggelaten. Alleen met de sleutel van de code zijn
gegevens tot u te herleiden. De sleutel van de code blijft veilig opgeborgen in de lokale onderzoeksinstelling.
De gegevens en lichaamsmateriaal die naar eventuele andere betrokken partijen worden gestuurd, bevatten
alleen de code, maar niet uw naam of andere gegevens waarmee u kunt worden geïdentificeerd. Ook in rap-
porten en publicaties over het onderzoek zijn de gegevens niet tot u te herleiden.

Toegang tot uw gegevens voor controle
Sommige personen kunnen op de onderzoekslocatie toegang krijgen tot al uw gegevens. Ook tot de gegevens
zonder code. Dit is nodig om te kunnen controleren of het onderzoek goed en betrouwbaar is uitgevoerd. Per-
sonen die ter controle inzage krijgen in uw gegevens zijn: een controleur/monitor die voor het Erasmus MC
werkt of die door het Erasmus MC is ingehuurd en nationale toezichthoudende autoriteiten, bijvoorbeeld,
de Inspectie Gezondheidszorg en Jeugd. Zij houden uw gegevens geheim. Wij vragen u voor deze inzage
toestemming te geven.

Bewaartermijn gegevens en lichaamsmateriaal
Uw gegevens moeten 15 jaar na afloop van de studie worden bewaard op de onderzoekslocatie. Uw lichaams-
materiaal wordt niet onmiddellijk na gebruik vernietigd. Het wordt bewaard om daarop in de loop van dit
onderzoek nog nieuwe bepalingen te kunnen doen die te maken hebben met dit onderzoek. Bewaren en ge-
bruik van gegevens en lichaamsmateriaal voor ander onderzoek Uw gegevens en lichaamsmateriaal kunnen
na afloop van dit onderzoek ook nog van belang zijn voor ander wetenschappelijk onderzoek op het gebied
van eierstokkanker. Daarvoor zullen uw gegevens en lichaamsmateriaal 15 jaar worden bewaard. U kunt op
het toestemmingsformulier aangeven of u hier wel of niet mee instemt. Indien u hier niet mee instemt, kunt
u gewoon deelnemen aan het huidige onderzoek.

Intrekken toestemming
U kunt uw toestemming voor gebruik van uw persoonsgegevens altijd weer intrekken. Dit geldt voor dit on-
derzoek en ook voor het bewaren en het gebruik voor het toekomstige onderzoek. De onderzoeksgegevens
die zijn verzameld tot het moment dat u uw toestemming intrekt worden nog wel gebruikt in het onder-
zoek. Uw lichaamsmateriaal wordt na intrekking van uw toestemming vernietigd. Als er al metingen met dat
lichaamsmateriaal zijn gedaan, dan worden die gegevens nog wel gebruikt.

Voor het intrekken van uw toestemming is een intrekkingsformulier toegevoegd als laatste bijlage bij deze
informatiebrief. U kunt dit formulier afgeven aan uw behandelend arts of verpleegkundige of opsturen naar
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het Erasmus MC.

Meer informatie over uw rechten bij verwerking van gegevens Voor algemene informatie over uw rechten
bij verwerking van uw persoonsgegevens kunt u de website van de Autoriteit Persoonsgegevens raadplegen.
Bij vragen over uw rechten kunt u contact opnemen met de verantwoordelijke voor de verwerking van uw
persoonsgegevens. Voor dit onderzoek is dat het Erasmus MC (zie bijlage A voor contactgegevens). Bij vragen
of klachten over de verwerking van uw persoonsgegevens raden we u aan eerst contact op te nemen met de
onderzoekslocatie. U kunt ook contact opnemen met de Functionaris voor de Gegevensbescherming van de
instelling (zie bijlage A voor contactgegevens) of de Autoriteit Persoonsgegevens.

8. Zijn er extra kosten/is er een vergoeding wanneer u besluit aan dit on-
derzoek mee te doen?
Er zijn geen extra kosten en er is geen vergoeding bij deelname aan dit onderzoek.

9. Welke toetsingscommissie heeft dit onderzoek goedgekeurd?
De Medisch-Ethische Toetsingscommissie (METC) van het Erasmus MC heeft voor dit onderzoek een verk-
laring ‘niet WMO-plichtig onderzoek’ afgegeven. Dat betekent dat dit onderzoek door de onderzoeker is
aangemeld bij deze METC en niet valt onder de wet medisch-wetenschappelijk onderzoek met mensen.

10. Heeft u vragen?
Bij vragen kunt u contact opnemen met het onderzoeksteam. Voor onafhankelijk advies over meedoen aan
dit onderzoek kunt u terecht bij de onafhankelijke arts. Hij weet veel over het onderzoek, maar heeft niets te
maken met dit onderzoek. Indien u klachten heeft over het onderzoek, kunt u dit bespreken met de onder-
zoeker of uw behandelend arts. Wilt u dit liever niet, dan kunt u zich wenden tot de klachtenfunctionaris of
klachtencommissie van uw ziekenhuis. Alle gegevens vindt u in bijlage A: Contactgegevens.

11. Ondertekening toestemmingsformulier
Wanneer u voldoende bedenktijd heeft gehad, wordt u gevraagd te beslissen over deelname aan dit onder-
zoek. Indien u toestemming geeft, zullen wij u vragen deze op de bijbehorende toestemmingsverklaring
schriftelijk te bevestigen. Door uw schriftelijke toestemming geeft u aan dat u de informatie heeft begrepen
en instemt met deelname aan het onderzoek. Zowel uzelf als de onderzoeker ontvangen een getekende versie
van deze toestemmingsverklaring.

Met vriendelijke groet,
namens het onderzoeksteam,
Dr. H.J. van Beekhuizen, gynaecoloog-oncoloog Erasmus MC
Dr. M. Jozwiak, gynaecoloog Erasmus MC
Dr. G.M. Nieuwenhuyzen, gynaecoloog-oncoloog Erasmus MC
Prof. Dr. J. Dankelman, Biomechanical engineering
S.M. Perez, Biomedical Engineering

12. Bijlagen
A: Contactgegevens Erasmus MC
B. Toestemmingsformulier proefpersoon
C: Formulier voor intrekken eerder verleende toestemming
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Bijlage A: Contactgegevens Erasmus MC
Hoofdonderzoeker:
Drs. G.M. Nieuwenhuyzen, gynaecoloog-oncoloog
Bereikbaar via het secretariaat, tel. 010 – 703 33 81

Onderzoeksartsen:
Dr. H.J. van Beekhuizen, gynaecoloog-oncoloog
Dr. M. Józwiak, gynaecoloog
Bereikbaar via het secretariaat, tel. 010 – 703 33 81

Klachten:
De Klachtencommissie Erasmus MC is bereikbaar via tel. 010 – 703 31 98 of e-mail klachtenopvang@erasmusmc.nl.

Functionaris voor de Gegevensbescherming van de instelling:
De Functionaris voor de Gegevensbescherming van het Erasmus MC is bereikbaar via het secretariaat van de
afdeling Juridische Zaken, tel. 010- 703 49 86 of e-mail gegevensbescherming@erasmusmc.nl.

Voor meer informatie over uw rechten:
Voor meer informatie of bij vragen over uw rechten kunt u contact opnemen met de Functionaris voor de
Gegevensbescherming of met de Autoriteit Persoonsgegevens.
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Bijlage B: Toestemmingsformulier proefpersoon
Gebruik van weefsel van patiënten ten behoeven van het ontwikkelen van een manier voor het beter af-
beelden van eierstokkanker bij operaties

• Ik heb de informatiebrief gelezen. Ook kon ik vragen stellen. Mijn vragen zijn voldoende beantwoord.
Ik had genoeg tijd om te beslissen of ik meedoe.

• Ik weet dat meedoen vrijwillig is. Ook weet ik dat ik op ieder moment kan beslissen om toch niet mee
te doen of te stoppen met het onderzoek. Daarvoor hoef ik geen reden te geven.

• Ik geef toestemming voor het opvragen van informatie bij mijn huisarts/specialist(en) die mij behan-
delt.

• Ik geef toestemming voor het verzamelen en gebruiken van mijn gegevens en lichaamsmateriaal voor
de beantwoording van de onderzoeksvraag in dit onderzoek.

• Ik weet dat voor de controle van het onderzoek sommige mensen toegang tot al mijn gegevens kunnen
krijgen. Die mensen staan vermeld in deze informatiebrief. Ik geef toestemming voor die inzage door
deze personen.

• Ik geef O wel O geen
toestemming om mijn persoonsgegevens langer te bewaren en te gebruiken voor toekomstig onder-
zoek op het gebied van eierstokkanker.

• Ik geef O wel O geen
toestemming om mijn lichaamsmateriaal na dit onderzoek te bewaren en om dit later nog voor an-
der/meer onderzoek te gebruiken, zoals in de informatiebrief staat.

• Ik geef O wel O geen
toestemming om mij na dit onderzoek opnieuw te benaderen voor een vervolgonderzoek.

• Ik wil meedoen aan dit onderzoek.

Naam proefpersoon:
Handtekening:
Datum:

Ik verklaar dat ik deze proefpersoon volledig heb geïnformeerd over het genoemde onderzoek. Als er
tijdens het onderzoek informatie bekend wordt die de toestemming van de proefpersoon zou kunnen beïn-
vloeden, dan breng ik hem/haar daarvan tijdig op de hoogte.

Naam onderzoeker (of diens vertegenwoordiger):
Handtekening:
Datum:

<indien van toepassing>
Aanvullende informatie is gegeven door:
Naam:
Functie:
Handtekening:
Datum:

De proefpersoon krijgt een volledige informatiebrief mee, samen met een getekende versie van het toestem-
mingsformulier.
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Bijlage C: Formulier voor intrekken eerder verleende toestemming
Gebruik van weefsel van patiënten ten behoeven van het ontwikkelen van een manier voor het beter af-
beelden van eierstokkanker bij operaties

Ik geef hiermee te kennen dat ik mijn deelname aan de studie intrek. Dit betekent dat van mij geen medis-
che gegevens meer mogen worden verzameld voor gebruik binnen de studie.

Ik begrijp dat lichaamsmateriaal dat bij mij is afgenomen en al in een onderzoek is bewerkt, niet wordt
teruggehaald of wordt vernietigd. Voorts ben ik mij bewust dat de medische gegevens die in een onderzoek
zijn gebruikt niet worden teruggehaald of vernietigd. Dit lichaamsmateriaal en deze medische gegevens bli-
jven gecodeerd ter beschikking van degene die het onderzoek uitvoert.

Over het van mij nog opgeslagen lichaamsmateriaal ten behoeve van de studie verklaar ik dat mijn lichaams-
materiaal:

O nog steeds gebruikt mag worden volgens het door mij eerder ondertekende toestemmingsformulier;

O vernietigd moet worden.

Naam:
Geboortedatum:
Datum:
Handtekening:

Formulier opsturen naar:
Drs. G.M. Nieuwenhuyzen (hoofdonderzoeker)
Afdeling Gynaecologische Oncologie
Erasmus MC
Antwoordnummer 55
3000 WB Rotterdam

Ik verklaar kennis genomen te hebben van het intrekken van de toestemming door de bovenvermelde
patiënt en zoals hierboven omschreven.

Naam:
Datum:
Handtekening:
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Calibration
A python algorithm was used to calibrate the HSI, sort the hypercube from lowest wavelength to highest
wavelength and convert the HS cube from *.pgm format to *.mat struct.

\ l s t i n p u t l i s t i n g { c a l i b r a t i o n . py }

Normalisation
Thereafter the image was preprocessed by min-max normalisation

1 function [ p_training , p_label ]= acquisit ion ( p_HSI_or , p_RGB, p_PA_or , fixedPoints_p_HSI ,
movingPoints_p_HSI , fixedPoints_p_PA , movingPoints_p_PA )

2 p_HSI_norm = [ ] ;
3 for k = 1 : s i z e ( p_HSI_or , 3 )
4 %Load image
5 image_p=p_HSI_or ( : , : , k ) ;
6 %Scaling : SD [ 0 , 1 ] (min−max normalisation )
7 image_norm=(image_p−min(min( image_p ) ) ) . / (max(max( image_p ) ) −min(min( image_p ) )

) ;
8 %Collection of the hypercube
9 p_HSI_norm = cat ( 3 ,p_HSI_norm , image_norm) ;

10 end

Transformation
In order to be able to match the HSI with the pathological ground both the HSI image and PA image were
transformed with the cp select tool within Matlab. Around 20 control points were selected.

1 % Affine control points based transofrmation HSI ( moving) and PA ( moving ) on RGB (
f ixed ) with function cpselect ( moving , f ixed ) .

2 %cpselect ( p_HSI_or ( : , : , 1 ) ,p_RGB)
3 %cpselect ( p_PA_or ,p_RGB)
4 %a f f i n e transformation
5 tform_HSI = f i t g e o t r a n s ( movingPoints_p_HSI , fixedPoints_p_HSI , ’ a f f i n e ’ ) ;
6 tform_PA = f i t g e o t r a n s ( movingPoints_p_PA , fixedPoints_p_PA , ’ a f f i n e ’ ) ;
7

8 %HS and patholgical registered
9 p_HSI_adapted = [ ] ;

10 for k = 1 : s i z e ( p_HSI_or , 3 )
11 movingRegistered_HSI = imwarp(p_HSI_norm ( : , : , k ) , tform_HSI , ’ OutputView ’ ,

imref2d ( s i z e (p_RGB) ) ) ;
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12 p_HSI_adapted= cat ( 3 , p_HSI_adapted , movingRegistered_HSI ) ;
13 end
14 p_PA_adapted=imwarp( p_PA_or , tform_PA , ’ OutputView ’ , imref2d ( s i z e (p_RGB) ) ) ;

Noise filtering
Noise was filtering by HSV thresholding.

1 %%Mask no noise
2 image = p_HSI_adapted ;
3 % Define thresholds for ’Hue ’ . Modify these values to f i l t e r out d i f f e r e n t range of

colors .
4 channel1Min_a = 0 . 1 4 0 ;
5 channel1Max_a = 0 . 8 0 0 ;
6 % Define thresholds for ’ Saturation ’
7 channel2Min_a = 0 . 2 1 0 ;
8 channel2Max_a = 0 . 8 0 0 ;
9 % Define thresholds for ’ Value ’

10 channel3Min_a = 0 . 1 4 0 ;
11 channel3Max_a = 0 . 8 0 0 ;
12 % Create mask based on chosen histogram thresholds
13 p_a_mask= ( ( image ( : , : , 1 ) >= channel1Min_a ) | ( image ( : , : , 1 ) <= channel1Max_a ) ) &

. . .
14 ( image ( : , : , 1 ) >= channel2Min_a ) & ( image ( : , : , 1 ) <= channel2Max_a ) & . . .
15 ( image ( : , : , 1 ) >= channel3Min_a ) & ( image ( : , : , 1 ) <= channel3Max_a ) ;
16

17 %Create dataset healthy and tumour t i s s u e
18 p_HSI_nn = [ ] ;
19 for k = 1 : s i z e ( p_HSI_adapted , 3 )
20 HSI_nn=p_HSI_adapted ( : , : , k ) . * p_a_mask ;
21 p_HSI_nn=cat ( 3 , p_HSI_nn , HSI_nn ) ;
22 end

Segmentation

1 %Mask tumour t i s s u e
2 image = rgb2hsv ( p_PA_adapted ) ;
3 % Define thresholds for ’Hue ’ . Modify these values to f i l t e r out d i f f e r e n t range of

colors .
4 channel1Min_t = 0 . 3 4 7 ;
5 channel1Max_t = 0 . 3 4 8 ;
6 % Define thresholds for ’ Saturation ’
7 channel2Min_t = 0 . 8 1 5 ;
8 channel2Max_t = 0 . 8 2 0 ;
9 % Define thresholds for ’ Value ’

10 channel3Min_t = 0 . 3 6 0 ;
11 channel3Max_t = 0 . 3 6 9 ;
12 % Create mask based on chosen histogram thresholds
13 p_t_mask= ( ( image ( : , : , 1 ) >= channel1Min_t ) | ( image ( : , : , 1 ) <= channel1Max_t ) ) &

. . .
14 ( image ( : , : , 2 ) >= channel2Min_t ) & ( image ( : , : , 2 ) <= channel2Max_t ) & . . .
15 ( image ( : , : , 3 ) >= channel3Min_t ) & ( image ( : , : , 3 ) <= channel3Max_t ) ;
16

17 %Mask healthy t i s s u e
18 % Define thresholds for ’Hue ’ . Modify these values to f i l t e r out d i f f e r e n t range of

colors .
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19 channel1Min_h = 0 . 1 9 2 ;
20 channel1Max_h = 0 . 1 9 4 ;
21 % Define thresholds for ’ Saturation ’
22 channel2Min_h = 0 . 9 9 9 ;
23 channel2Max_h = 1 . 0 0 0 ;
24 % Define thresholds for ’ Value ’
25 channel3Min_h = 0 . 8 3 9 ;
26 channel3Max_h = 0 . 8 4 1 ;
27 % Create mask based on chosen histogram thresholds
28 p_h_mask= ( ( image ( : , : , 1 ) >= channel1Min_h ) | ( image ( : , : , 1 ) <= channel1Max_h ) ) &

. . .
29 ( image ( : , : , 2 ) >= channel2Min_h ) & ( image ( : , : , 2 ) <= channel2Max_h ) & . . .
30 ( image ( : , : , 3 ) >= channel3Min_h ) & ( image ( : , : , 3 ) <= channel3Max_h ) ;
31

32 %Create dataset healthy and tumour t i s s u e
33 p_HSI_t = [ ] ;
34 p_HSI_h = [ ] ;
35 for k = 1 : s i z e ( p_HSI_nn , 3 )
36 HSI_t=p_HSI_nn ( : , : , k ) . * p_t_mask ;
37 HSI_h=p_HSI_nn ( : , : , k ) . * p_h_mask ;
38 p_HSI_t=cat ( 3 , p_HSI_t , HSI_t ) ;
39 p_HSI_h=cat ( 3 , p_HSI_h , HSI_h ) ;
40 end

Generation of patches

1 fun=@( theBlockStructure ) mean( double ( theBlockStructure . data ( : ) ) ) ;
2 p_HSI_tb = [ ] ;
3 p_HSI_hb = [ ] ;
4 for k =1: s i z e ( p_HSI_t , 3 )
5 block_t=blockproc ( p_HSI_t ( : , : , k ) , [20 20] , fun ) ;
6 block_h=blockproc ( p_HSI_h ( : , : , k ) , [20 20] , fun ) ;
7 p_HSI_tb=cat ( 3 , p_HSI_tb , block_t ) ;
8 p_HSI_hb=cat ( 3 , p_HSI_hb , block_h ) ;
9 end

Formation of training set

1 % Create training set and l ab e l for tumour t i s s u e
2 p_intensi ty_t = reshape ( p_HSI_tb , ( s i z e ( p_HSI_tb , 1 ) * s i z e ( p_HSI_tb , 2 ) ) , s i z e ( p_HSI_tb

, 3 ) ) ;
3 p_intensi ty_t ( a l l (~ p_intensity_t , 2 ) , : ) = [ ] ; %remove rows of 0
4 l a b e l _ t =ones ( s i z e ( p_intensity_t , 1 ) , 1 ) ;
5

6 % Create training set and l ab e l for healthy t i s s u e
7 p_intensity_h = reshape ( p_HSI_hb , ( s i z e ( p_HSI_hb , 1 ) * s i z e ( p_HSI_hb , 2 ) ) , s i z e ( p_HSI_hb

, 3 ) ) ;
8 p_intensity_h ( a l l (~ p_intensity_h , 2 ) , : ) = [ ] ; %remove rows of 0
9 label_h=ones ( s i z e ( p_intensity_h , 1 ) , 1 ) . * 2 ;

10

11 % Make training dataset
12 p_intensity =[ p_intensi ty_t ; p_intensity_h ] ;
13 p_der =( d i f f ( p_intensity ’ ) ) ’ ;
14 p_norm1=p_intensity . / p_intensity ( : , 1 ) ;
15 p_norm2=p_intensity . / p_intensity ( : , 2 ) ;
16 p_norm3=p_intensity . / p_intensity ( : , 3 ) ;
17 p_norm4=p_intensity . / p_intensity ( : , 4 ) ;
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18 p_norm5=p_intensity . / p_intensity ( : , 5 ) ;
19 p_norm6=p_intensity . / p_intensity ( : , 6 ) ;
20 p_norm7=p_intensity . / p_intensity ( : , 7 ) ;
21 p_norm8=p_intensity . / p_intensity ( : , 8 ) ;
22 p_norm9=p_intensity . / p_intensity ( : , 9 ) ;
23 p_norm10=p_intensity . / p_intensity ( : , 1 0 ) ;
24 p_norm11=p_intensity . / p_intensity ( : , 1 1 ) ;
25 p_norm12=p_intensity . / p_intensity ( : , 1 2 ) ;
26 p_norm13=p_intensity . / p_intensity ( : , 1 3 ) ;
27 p_norm14=p_intensity . / p_intensity ( : , 1 4 ) ;
28 p_norm15=p_intensity . / p_intensity ( : , 1 5 ) ;
29 p_norm16=p_intensity . / p_intensity ( : , 1 6 ) ;
30 p_norm17=p_intensity . / p_intensity ( : , 1 7 ) ;
31 p_norm18=p_intensity . / p_intensity ( : , 1 8 ) ;
32 p_norm19=p_intensity . / p_intensity ( : , 1 9 ) ;
33 p_norm20=p_intensity . / p_intensity ( : , 2 0 ) ;
34 p_norm21=p_intensity . / p_intensity ( : , 2 1 ) ;
35 p_norm22=p_intensity . / p_intensity ( : , 2 2 ) ;
36 p_norm23=p_intensity . / p_intensity ( : , 2 3 ) ;
37 p_norm24=p_intensity . / p_intensity ( : , 2 4 ) ;
38 p_norm25=p_intensity . / p_intensity ( : , 2 5 ) ;
39 %p_avg=mean( p_intensity , 2 ) ;
40 %p_k=( kurtosis ( p_intensity ’ ) ) ’ ;
41

42 %p_training =[ p_intensity , p_der , p_norm1 , p_norm2 , p_norm3 , p_norm4 , p_norm5 , p_norm6 ,
p_norm7 , p_norm8 , p_norm9 , p_norm10 , p_norm11 , p_norm12 , p_norm13 , p_norm14 , p_norm15 ,
p_norm16 , p_norm17 , p_norm18 , p_norm19 , p_norm20 , p_norm21 , p_norm22 , p_norm23 , p_norm24 ,
p_norm25 ] ;

43 p_training= [ p_der ( : , [ 2 17 21 24]) , p_intensity ( : , [ 3 8 10 12 15 16 19 20 21]) ,
p_norm20 ( : , [ 1 3 7 16 21 22]) ] ;

44 p_label =[ l a b e l _ t ; label_h ] ;
45 end

SVM classifier

1 function [ fpr , tpr , auc , TP ,FN, FP ,TN, spec , sen , PPV,NPV,MCC]=SVM( training_set ,
training_label , t e s t _ s e t , t e s t _ l a b e l )

2 t =sum( t r a i n i n g _ l a b e l ==1) ;
3 h=sum( t r a i n i n g _ l a b e l ==2) ;
4 w=[ ones ( t , 1 ) ; ones (h , 1 ) * ( t /h) ] ;
5

6

7 %C l a s s i f i c a t i o n models
8 SVM_model = fitcsvm ( training_set , training_label , ’ KernelFunction ’ , ’ l i n e a r ’ , ’ Weights ’ ,

w) ;
9 RBFSVM_model = fitcsvm ( training_set , training_label , ’ KernelFunction ’ , ’ rbf ’ , ’

ClassNames ’ , ’ Weights ’ ,w) ;
10 kNN_model = fitcknn ( training_set , training_label , ’NumNeighbors ’ ,66 , ’ Weights ’ ,w) ;
11

12 [ label , score ] =predict (SVM_model, t e s t _ s e t ) ;
13 [ fpr , tpr , T , auc ] = perfcurve ( t e s t _ l a b e l , score ( : , 1 ) , 1 ) ;
14

15 %Youden s t a t i s t i c
16 sen=tpr ;
17 spec=1−fpr ;
18 j =sen+spec −1;
19 [~ ,B]=max( j ) ;



35

20

21 %Performance
22 [ TP_all , FN_all ] = perfcurve ( t e s t _ l a b e l , score ( : , 1 ) ,1 , ’ XCrit ’ , ’ tp ’ , ’ yCri t ’ , ’ fn ’ ) ;
23 [ FP_all , TN_all ] = perfcurve ( t e s t _ l a b e l , score ( : , 1 ) ,1 , ’ XCrit ’ , ’ fp ’ , ’ yCri t ’ , ’ tn ’ ) ;
24 TP=TP_all (B, 1 ) ;
25 FN=FN_all (B, 1 ) ;
26 FP=FP_all (B, 1 ) ;
27 TN=TN_all (B, 1 ) ;
28

29 spec=TN/(TN+FP) ;
30 sen=TP/(TP+FN) ;
31 PPV=TP/ (TP+FP) ;
32 NPV=TN/ (TN+FN) ;
33 MCC= ( (TP*TN) −(FP*FN) ) / sqrt ( ( TP+FP) * (TP+FN) * (TN+FP) * (TN+FN) ) ;
34

35 end
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Appendix: Results Matlab

Patient 1 tissue A

Figure D.1: Patient 1 tissue A
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Patient 1 tissue B

Figure D.2: Patient 1 tissue B

Patient 1 tissue C

Figure D.3: Patient 1 tissue C
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Patient 1 tissue D

Figure D.4: Patient 1 tissue D

Patient 2 tissue A

Figure D.5: Patient 2 tissue A
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Patient 3 tissue A

Figure D.6: Patient 3 tissue A

Patient 3 tissue B

Figure D.7: Patient 3 tissue B
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Patient 4 tissue A

Figure D.8: Patient 4 tissue A

Patient 4 tissue B

Figure D.9: Patient 4 tissue B
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Patient 4 tissue C

Figure D.10: Patient 4 tissue C

Patient 6 tissue A

Figure D.11: Patient 6 tissue A
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Patient 6 tissue B

Figure D.12: Patient 6 tissue B

Patient 6 tissue C

Figure D.13: Patient 6 tissue C
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Patient 6 tissue D

Figure D.14: Patient 6 tissue D

Patient 6 tissue E

Figure D.15: Patient 6 tissue E
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Patient 7 tissue A

Figure D.16: Patient 7 tissue A

Patient 7 tissue B

Figure D.17: Patient 7 tissue B
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Patient 7 tissue C

Figure D.18: Patient 7 tissue C

Patient 8 tissue A

Figure D.19: Patient 8 tissue A
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Patient 8 tissue B

Figure D.20: Patient 8 tissue B

Patient 9 tissue A

Figure D.21: Patient 9 tissue A
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Patient 9 tissue B

Figure D.22: Patient 9 tissue B

Patient 10 tissue A

Figure D.23: Patient 10 tissue A
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Patient 10 tissue B

Figure D.24: Patient 10 tissue B

Patient 10 tissue C

Figure D.25: Patient 10 tissue C
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Patient 11 tissue A

Figure D.26: Patient 11 tissue A
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Table E.1: P-score of features

WL [nm] Int Der Norm676 Norm684 Norm679 Norm711 Norm735 Norm749 Norm762
676 <0.001 <0.001 - <0.001 <0.001 <0.001 <0.001 0.087 <0.001
684 <0.001 <0.001 <0.001 - <0.001 <0.001 <0.001 <0.001 <0.001
697 <0.001 <0.001 <0.001 <0.001 - <0.001 0.022 <0.001 <0.001
711 <0.001 <0.001 <0.001 <0.001 <0.001 - <0.001 <0.001 <0.001
735 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 - <0.001 <0.001
749 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 - <0.001
762 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 -
775 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
786 0.066 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
799 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
811 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
823 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
841 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
852 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
863 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
872 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
882 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
892 0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
901 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
910 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
923 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
930 0.621 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
938 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 0.009 <0.001
943 0.356 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
954 <0.001 - <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 0.028
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Table E.2: P-score of features

Wavelength Norm8 Norm9 Norm10 Norm11 Norm12 Norm13 Norm14 Norm15 Norm16
676 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
684 0.002 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
697 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
711 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
735 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
749 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
762 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
775 - <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
786 <0.001 - <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
799 <0.001 <0.001 - <0.001 0.007 <0.001 <0.001 <0.001 <0.001
811 <0.001 <0.001 <0.001 - <0.001 <0.001 <0.001 <0.001 <0.001
823 <0.001 <0.001 0.408 <0.001 - <0.001 <0.001 <0.001 <0.001
841 <0.001 <0.001 <0.001 <0.001 <0.001 - <0.001 <0.001 <0.001
852 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 - <0.001 <0.001
863 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 - <0.001
872 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 -
882 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
892 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
901 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 0.309 <0.001 <0.001
910 <0.001 <0.001 <0.001 0.041 <0.001 <0.001 <0.001 <0.001 <0.001
923 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
930 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
938 <0.001 <0.001 <0.001 <0.001 <0.001 0.099 <0.001 <0.001 <0.001
943 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
954 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
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Table E.3: P-score of features

Wavelength Norm17 Norm18 Norm19 Norm20 Norm21 Norm22 Norm23 Norm24 Norm25
676 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
684 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
697 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
711 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
735 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
749 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 0.051 <0.001 <0.001
762 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
775 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
786 <0.001 <0.001 0.012 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
799 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
811 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
823 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
841 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 0.001 <0.001 <0.001
852 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
863 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
872 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
882 - <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
892 <0.001 - <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
901 <0.001 <0.001 - <0.001 <0.001 <0.001 <0.001 <0.001 <0.001
910 <0.001 <0.001 <0.001 - <0.001 <0.001 <0.001 <0.001 <0.001
923 <0.001 <0.001 <0.001 <0.001 - <0.001 <0.001 <0.001 <0.001
930 <0.001 <0.001 <0.001 <0.001 <0.001 - <0.001 <0.001 <0.001
938 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 - <0.001 <0.001
943 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 - <0.001
954 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 -
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Performance linear SVM

Figure F.1: ROC curve from linear SVM

Table F.1: Performance of linear SVM classification

Patient TP FN FP TN Sen Spec PPV NPV AUC MCC
1 4616 499 1235 1519 0.911 0.552 0.789 0.772 0.761 0.510
6 561 451 766 5324 0.554 0.874 0.423 0.922 0.792 0.384
7 292 148 164 632 0.664 0.794 0.640 0.810 0.784 0.454
9 29 2 513 1020 0.946 0.665 0.054 0.998 0.844 0.176
10 68 12 158 1144 0.850 0.879 0.301 0.990 0.889 0.460
11 627 61 16 41 0.911 0.719 0.975 0.402 0.893 0.488
Mean 0.806 0.747 0.530 0.816 0.827 0.412

55



56 F. Appendix: Performance of classifiers

Performance RBF SVM

Figure F.2: ROC curve from RBF SVM

Table F.2: Performance of radial basis function SVM classification

Patient TP FN FP TN Sen Spec PPV NPV AUC MCC
1 4659 406 1323 1431 0.920 0.520 0.779 0.779 0.786 0.495
6 867 145 2334 3756 0.857 0.617 0.271 0.963 0.809 0.333
7 306 134 184 610 0.670 0.766 0.622 0.820 0.781 0.452
9 28 3 349 1184 0.903 0.772 0.074 0.998 0.871 0.220
10 70 10 175 1127 0.875 0.866 0.286 0.991 0.902 0.453
11 544 144 11 46 0.791 0.807 0.980 0.242 0.867 0.364
Mean 0.836 0.725 0.502 0.799 0.836 0.386
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Performance k-NN

Figure F.3: ROC curve from k-NN classifier

Table F.3: Performance of k-NN classification

Patient TP FN FP TN Sen Spec PPV NPV AUC MCC
1 4049 1016 1347 1407 0.799 0.511 0.750 0.581 0.649 0.321
6 670 342 2319 3771 0.662 0.619 0.224 0.917 0.647 0.199
7 349 91 277 519 0.793 0.652 0.558 0.851 0.758 0.426
9 29 2 409 1124 0.936 0.733 0.066 0.998 0.903 0.208
10 57 23 144 1158 0.713 0.889 0.284 0.981 0.866 0.399
11 53 589 4 53 0.144 0.930 0.961 0.083 0.514 0.057
Mean 0.675 0.722 0.474 0.735 0.722 0.268
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