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Chapter 4 

STATISTICALLY COMBINED 

ABSORPTION AND FLUORESCENCE 

The results on phantom measurement presented in this chapter were published in 
“Optical mammography: improved sensitivity by combined absorption and 
fluorescence analysis”, Anaïs Leproux, Marjolein van der Voort, Rik Harbers, Wim 
Verhaegh, Leon Bakker, Tim Nielsen, Bernhard Brendel, Martin van der Mark, proc. 
SPIE Photonics West, pp. 7174-37 (2009)  
 
 

Abstract 
 
We present a method to enhance tumor detectability in breasts imaged with our 
optical fluorescence mammography system. During a measurement, transmission data 
at 4 wavelengths and fluorescence data for excitation at 1 wavelength are collected 
after injection of an optical contrast agent. The data are reconstructed into 3D images 
of the absorption and fluorescence distributions. Using a statistical method, the linear 
discriminant analysis, we explore the existence of patterns in the datasets to 
characterize and separate various breast tissue compounds. Here, we first investigate 
the relevance of the statistical method in phantom experiments. We then apply the 
method to patients’ measurements. 
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4.1 Introduction 
 
Diffuse Optical Tomography (DOT) imaging is an emerging technique for imaging the 
body. It generates absorption images using measurements of visible or near-infrared 
light through rather large amount of biological tissue. A potential application of DOT is 
breast cancer imaging [1]. Besides, DOT imaging is used more and more by research 
groups in combination with modalities, such as X-ray mammography [2, 3], ultrasound 
[4, 5], MRI [6, 7] or fluorescence imaging [8, 9].   
Philips has recently developed a technology for imaging of breast cancer that exploits 
the combination of a diffuse optical tomography system and a fluorescent contrast 
agent [10]. A clinical trial has been conducted with the Philips system in order to study 
its clinical relevance and the performance of the contrast agent used. 
Here, a statistical method is investigated to enhance the sensitivity of the Philips DOT 
system. Therefore, a linear discriminant analysis tool is employed in which the 
combined data is used to detect suspicious regions. This article presents the results of 
the investigation with this statistical method on phantom and patient measurements. 
 
 

4.2 Materials and methods 
 

4.2.1 Instrumentation 
 
A description of the Philips scanner used in this chapter, fDOT system, is presented in 
[10] and in section 2.1.2. This scanner combines a DOT system and a fluorescent 
contrast agent. During a measurement, the patient who received an injection of dye, is 
lying on a bed, with one breast hanging freely in a cup containing an optical matching 
fluid. The breast is illuminated sequentially from all sides via 253 optical fibers that are 
mounted on the surface of the measurement cup. Another 254 fibers are used for 
parallel probing of the light emanating from the breast for each illumination position. 
The system uses near-infrared light of continuous wave solid-state lasers to illuminate 
the breast at four different wavelengths (690, 730, 780, and 850 nm). A complete 
measurement involves five breast scans: transmission data are collected for the four 
wavelengths, and fluorescence data for excitation at one wavelength. The excitation 
light is filtered from the fluorescent light emitted by the contrast agent. At last, the 
detected signals are reconstructed into three-dimensional absorption images –one 
image per wavelength, and into a three-dimensional image of the fluorescence 
emission. 
 

4.2.2 Fluorescent contrast agent: Omocianine 
 
The fDOT system and the fluorescent contrast agent omocianine have been used in a 
clinical trial with patients. This non-targeted contrast agent has been tested for 
efficacy and safety. The absorption and emission wavelengths ranges of the 
omocianine are in the near-infrared, see Figure 1. The wavelength 730 nm is used as 

excitation wavelength for the omocianine. [11] 
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Figure 1. Normalized absorption, solid line, and emission, dotted line, spectra of omocianine 
dissolved in human serum. The 730 nm wavelength used as excitation is indicated by the 
vertical line. 

 

4.2.3 Phantom measurements 
 
Figure 2 (a) shows the two hollow Delrin objects with a double-cone shape that were 
used as phantom-lesions in this study. The large phantom-lesion (L) has a diameter of 
20 mm and volume of 2.1 ml. The medium sized phantom-lesion (M) has a diameter of 
15 mm and a volume of 0.9 ml.  
 

 

 
(a) (b) 

 
Figure 2. (a) Picture of the phantom lesions, L and M of 20 and 15 mm diameter. (b) 
Representation of the measurement cup. The red spots are the fibers used as sources and 
detectors. The blue double-cone represents the phantom lesion at its measurement location in 
the cup. 

 
A phantom measurement is performed with the cup filled with a combination of the 
fluorescent dye and a fluid matching the optical properties of average breast. A 
phantom lesion (see Figure 2 (a)) filled with the optical matching fluid, mixed with the 
same dye at a different concentration is suspended by a thin thread in the cup at the 
position shown in Figure 2 (b). This measurement situation, a lesion in a background, 
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imitates the case of a diseased homogeneous breast with a size fitting the 
measurement cup. 
Each of the phantom-lesions shown in Figure 2 (a) is scanned with the fDOT system. To 
mimic the specific extravasation of the dye in the tumor, the phantom-lesions are filled 
with a solution of 25 nM concentration of dye, while the concentration in the 
background is 5 nM. Our model does not include the breast morphology and anatomy, 
such as nipple and glandular tissue, and other inhomogeneities present in the breast. 
The 2 datasets (each comprising fluorescence intensity and absorption values for 690 
nm, 730 nm, 780 nm and 850 nm) obtained scanning the 2 different phantom-lesions 
M and L will be called for simplicity dataset lesion M and dataset lesion L, respectively. 
In the analysis presented in this paper, the phantom lesons are assumed to be 
sphererical. For instance, for a double cone phantom of 20*20 mm size (height and 
diameter), a 20 mm diameter sphere was used in the analysis instead, an assumption 
that is realistic due to the low resolution of DOT imaging. 
 

4.2.4 Patients 
 
We investigated the data of 4 patients previously scanned with the fDOT system during 
a clinical trial, see chapter 2 section 2.1.2. The patients presented in this chapter are 
renumbered; they correspond to patients 2 to 5 in chapter 2 and chapter 5. The study 
protocol was approved by the ethics committee, and written informed consent was 
obtained from all patients. A total of 5 invasive ductal carcinomas were determined 
pathologically with core biopsy. Patient 4 had bilateral lesions. Patients’ information is 
shown in Table 1. Since the goals of the clinical study included the assessment of the 
diagnostic efficacy and target dose of the fluorescent contrast agent Omocianine, 
different doses of drug were administrated to different patient groups. 
 
In the 4 patients, baseline optical images were acquired for both breasts. Then 
Omocianine was injected intravenously in the patient. After injection, optical images 
were acquired up to 24 hours, with 8 and 5 imaging time points for the ipsilateral and 
contralateral breasts, respectively. The ipsilateral breast was scanned immediately, 30 
minutes, 1 hour, 1.5 hours, 2 hours, 4 hours, 8 hours, and 24 hours after the dye 
injection. The contralateral breast was scanned 1 hour, 2 hours, 4 hours, 8 hours and 
24 hours after dye injection. 
 
Table 1: Patients’ information 

Patient Age Contrast agent dose (mg/kg) Lesion type Largest lesion size on MRI (mm) 

1 81 0.01 ILC 29 
2 59 0.01 IDC 18 
3 74 0.02 IDC 24 

4* 40 0.02 IDC and IDC 74 and 10 
*Bilateral lesions; IDC – Invasive Ductal Carcinoma ; ILC – Invasive Lobular Carcinoma 

 

4.2.5 Data classification 
 
Data classification is a statistical tool to help categorizing data. Here, the so-called 
“supervised” classification is studied. “Supervised” classification means that each 
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object of the dataset (i.e. a voxel here) has a pre-assigned class-label [12]. Then the 
task consists of training the classifier to give correct data predictions. Ideally, the data 
classification would find the lesion without any prior information such as a selection of 
suspicious regions. 
The data classification is performed by the so-called Linear Discriminant Analysis (LDA) 
[13]. The purpose of Discriminant Analysis is to classify objects into one of two or more 
groups (or classes) based on a set of features that describe the objects. Here, the 
objects are the voxels, the groups are “lesion” or “non-lesion” (case of 2 classes-LDA) 
and the set of features that describe the objects, i.e. fluorescence and absorption 
values of each voxel.  
The LDA is applied for a relatively simple model as discussed in section 4.2.3 in case of 
the phantom measurements: it consists only of a lesion and a background as if the 
diseased breast was fitting entirely the measurement cup. Therefore, a 2 classes-LDA is 
used; only 2 groups are classified (“lesion” and “non-lesion”). In the case of a real 
breast measurement, a multiclass-LDA is more appropriate: other groups can then 
defined such as “areola” or “non-malignant structure”. 
Starting with various classes within a training dataset, the LDA finds a linear 
transformation defining a space where the projected classes would be the best 
separated. Figure 3 shows an example of Gaussian curves representing possible 

distributions of signal in the lesion and non-lesion areas, with lesion, non-lesion the 

centers and lesion, non-lesion the Half Width at Half Maximum of the curves. Training a 
classifier consists thus of maximizing equation (1). 
 

22

lesionnonlesion

lesionnonlesion












 (1) 

 

 
Figure 3. Two Gaussian curves defined by their center lesion and non-lesion and by their Half 

Width at Half Maximum lesion and non-lesion, and representing the distribution of the signal of 
the 2 classes in the training dataset: “lesion” and “non-lesion”. 

 
Once the classifier is trained, it is applied on the 2 (or more) classes of a test dataset. In 
other words, each class of the test dataset is projected into the space obtained during 
the training. With a perfect labeling of the test dataset, each class should be projected 
correctly on its corresponding dimension. In practice, part of the labeled voxels of the 
test dataset is classified in the wrong class, which means that the classifier predicts 
voxels in a different class than the labeling. 
In that perspective, the voxels labeled as “lesion” and predicted correctly as “lesion” 
are called True Positive (TP); the voxels labeled as “lesion” and predicted incorrectly as 
“non-lesion” are called False Negative (FN); the voxels labeled as “non-lesion” and 



Chapter 4 

 

60 
 

predicted incorrectly as “lesion” are called False Positive (FP); and the voxels labeled as 
“non-lesion” and predicted correctly as “non-lesion” are called True Negative (TN). The 
equations (2), (3) and (4) show the definition of the sensitivity, the specificity and the 
positive predictive value. 
 

Sensitivity 
FNTP

TP


  (2) 

Specificity 
FPTN

TN


  (3) 

Positive predictive value 
FPTP

TP


  (4) 

The LDA is studied here in 2 different ways. The prediction of test datasets is used to 
validate their labeling, which means that the labeled lesion of the test dataset is 
validated (or not) as being lesion in the prediction of the LDA. Another way of studying 
the results of the LDA consists of using the linear transformation calculated by the LDA. 
The absorption data at the four wavelengths and the fluorescence intensity data can 
be (linearly) combined with the coefficients of this transformation. The image resulting 
of this combination is called “combined image”. It is expected that combining the 
information from absorption and fluorescence data will help improving the sensitivity 
of the system. 
 

4.2.6 Lesion analysis 
 
To quantify the visibility of the phantom-lesion, the contrast-to-noise ratio (CNR) is 
determined: 

background

backgroundlesion II
CNR




  (5) 

With Ilesion the average parameter value inside a sphere of the lesion radius at the 
location of the center of the lesion, Ibackground the average parameter value in the 
background (i.e. area included in the measurement cup excluding the lesion) and 

background the standard deviation of the parameter value in the background. The size of 
the lesion is determined from the Full Width at Half Maximum (FWHM) measurement 
of the intensity profile along a line through the lesion center.  
The predicted lesion and non-lesion groups are defined by a certain amount of voxels. 
Therefore, the CNR is calculated a second time, in a slightly different way: using (5), 
but Ilesion is the average parameter value of the voxels predicted as lesion, Ibackground is 

the average parameter value of the voxels predicted as non-lesion and background the 
standard deviation of the parameter value of the voxels predicted as non-lesion.  
 

4.2.7 Procedure 
 
In this study we will perform the following procedure. First we will test the validity of 
the LDA on the phantom measurements data collected with the fDOT system, with the 
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purpose of improving the sensitivity of the system in 2 different ways: using the LDA as 
a statistical tool to validate the phantom-lesion seen in the absorptions or fluorescence 
images and using the LDA to combine in an optimized way the absorptions and 
fluorescence data to improve the lesion visibility (CNR). Thereto (see section 4.2.4), the 
classifier used for the data analysis needs to be trained. A dataset, the training dataset 
(M or L), is used for the training of the classifier. Then, the studied dataset, the test 
dataset (L or M), is classified with the trained classifier.   
In case that the LDA procedure does not improve the detection statistics or the 
visibuility of the lesions, an iterative method to optimize the training of the classifier 
can be utilized. The classifier is trained several times with a new definition of the 
classes at each training: the prediction of the classification of the training dataset is 
used as label for the training dataset of the new classifier. This process, depicted 
schematically in Figure 4, is repeated a couple of times. 
On the patient data set we investigate whether the tumor data contain specific 
information that can be recognized by a classifier. Therefore, from the datasets of each 
patient at 8 hours after dye injection, 75% of of the data voxels are used as training 
set, while the remaining 25% is used as testing the classifiers (tumor). Classifiers 
trained to recognize tumors should not predict the areola, normal structures and 
artefacts as tumors. To verify this, the areola and three non-malignant structures is 
tested for each patient at 8 hours after dye injection using a multi-class LDA. Finally, 
we investigate whether a LDA trained on a “standard” dataset can predict or confirm 
tumors from other datasets. Thereto, a two-class (“tumor” and “non-tumor” groups) 
LDA trained on patient 1 at 8 hours after dye injection is tested on patient 4 at 8 hours 
after dye injection. 

 
Figure 4. Process of the iterative training 

 
 

4.3 Phantom results and discussion 
 

4.3.1 Proof of principle 
 
This section studies the validity of the LDA on the phantom measurements data 
collected with the fDOT system. At first, the training dataset is the dataset lesion M 
and the test dataset is dataset lesion L.  Both datasets, training (dataset lesion M) and 



Chapter 4 

 

62 
 

test (dataset lesion L), are labeled: the voxels located in a respectively 15 mm and 20 
mm diameter spheres located at the center of the lesion are labeled as “lesion”, the 
rest of the voxels are labeled “non-lesion”. A classifier is then trained with the training 
dataset and applied to the test dataset. The prediction of this classification is studied 

and shown in Table 2. 

 
Table 2: Sensitivity, specificity and positive predictive value of the prediction of test dataset 
lesion L with a classifier trained with dataset lesion M 

 

Sensitivity 100% 

Specificity 98.7% 

Positive predictive value 10% 

 

The sensitivity of the prediction is 100%, which means that all the voxels labeled as 
lesion have been correctly predicted as lesion. The specificity is not 100%, which 
means that voxels from the non-lesion class have been predicted as lesion. However, 
due to the large amount of voxels in the non-lesion class as compared to the lesion 
class, the “few” non-lesion voxels predicted as lesion (FP) actually represent an 
important amount of voxels as compared to the number of voxels labeled and 
predicted as lesion (TP). Consequently, the positive predictive value is rather low. 
Because the number of FP is quite high compared to the TP, the sensitivity is 100% and 
this classification is able to validate the lesion as a lesion. Figure 5 shows 2 absorption 
images at 690 nm of the test dataset with in middle grey the voxels predicted as lesion 
and in dark grey the labeled lesion. The left image is at the lesion position. This image 
shows clearly that the classifier predicts the lesion around the labeled lesion inducing a 
predicted lesion larger than the labeled lesion. This could be indeed expected because 
it is the direct consequence of the low resolution of DOT. The right image is at the cup 
rim. It shows that some voxels, which represent image artifacts, are predicted as 
lesion.  
 

 

Figure 5. Absorption image at 690nm of the dataset with lesion L. The middle grey spots 
represent the voxels predicted as lesion; the dark grey spots represent the labeled lesion. On 
the left pane, cross-section located on the lesion, on the right pane, cross-section located at 
the cup rim where an accumulation of false positive corresponding to artifact stands. 

 

Next, the linear combination of the absorption images and the fluorescence image of 
the test dataset together with the transformation calculated by the LDA is performed. 
The combined image resulting from that combination is shown Figure 6. In table 2, the 
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CNR of the lesion is compared to the CNR found in the absorption and fluorescence 
images. 
 

 

Figure 6. Image of the linear combination if the absorption images and the fluorescence image 
of dataset lesion L.  

 

Table 3 shows that the CNR of the lesion calculated in the combined image is higher 

than the CNR of the lesion calculated in the fluorescence or absorption images and 
higher than the predicted lesion in the fluorescence or absorption images. By 
combining the absorptions and fluorescence data with the linear transformation given 
by the LDA, the CNR of the lesion increases slightly: it is in the range of the best CNR 
given by the single images. Albeit that it has no physical meaning, it should be noticed 
that the CNR of the lesion in the combined image is negative. 
 
Table 3: Table reporting the CNR (and its standard deviation (SD) when applicable) of the 
lesion in the combined image of the test dataset lesion L (classifier trained with dataset lesion 
M) and in the fluorescence and absorption images of the dataset lesion L. 

 CNR lesion  (+/- SD) CNR predicted lesion 

Fluorescence 4.6 (+/-0.2) 3.3 

Absorption at 690 nm 2.6 (+/-0.3) 1.7 

Absorption at 730 nm 5.5 (+/-0.2) 4.7 

Absorption at 780 nm 6.8 (+/-0.2) 6.3 

Absorption at 850 nm 5.9 (+/-0.2) 4.8 

Combined image -6.9 (+/-0.1)  

 
The investigation of the opposite situation (training dataset lesion L, test dataset lesion 
M) shows that the classifier cannot predict the lesion. In certain cases, the predictions 
are not reliable. Indeed either a high amount of artifacts are predicted as lesion or 
worse, the lesion is not predicted as lesion. On the other hand, the CNR of the lesion in 
the combined image is significantly higher than the CNR of the lesion in the absorption 
or fluorescence images. The sensitivity of the fDOT system is thus improved.   
 

4.3.2 Optimization of the data classification 
 
The use of iterative training of the classifier has been investigated using a situation 
where the classifier does not predict the lesion as lesion: training dataset lesion L and 
test dataset lesion M. The classifier has been trained six times. To look at eventual 
improvements, the six classifiers resulting from the six training steps were applied on a 
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test dataset, dataset lesion M. The results of the six predictions are shown in Figure 7. 
At the first iteration of the training, the classifier clearly does not give good 
predictions: even when the specificity is 100%, the sensitivity is almost null, which 
means that the classifier does not predict the lesion. At the second iteration, the 
classifier improves significantly: the specificity decreases slightly but the sensitivity 
increases above 90%. The lesion is almost entirely predicted as lesion by the classifier. 
Then at the third iteration of the training, the sensitivity reaches 100%, and the 
specificity decreases again slightly. At that iteration, the classifier is the best trained. 
Indeed, the fourth iteration degrades the classifier: it induces only a decrease in 
specificity, the sensitivity being already at 100% since the previous step. From the fifth 
iteration, the training does not induce anymore changes, neither in sensitivity nor in 
specificity.  
 

 
Figure 7. Sensitivity versus (1-specificity) of the classifier trained six times on dataset lesion L 
and tested on dataset lesion M. 

 

From Figure 7, one can say that this iterative way of training improves considerably the 
classification. After investigation of different datasets classified by this iterative 
classification, it appeared that a minimum of 5 iterations are required.  
The absorption and fluorescence data of dataset lesion M and of the coefficient of the 
classifier trained with dataset lesion L is combined linearly for each iteration of the 

training. The CNR of the lesion in the resulting combined images for each training of 

the classifier follows the same trend as the sensitivity. It increases significantly from 
the first to the second iteration and then stabilizes for the rest of the iterations. Table 
4 shows that the CNR of the lesion in the “combined image” (at iteration 4) is higher in 
absolute value than the CNR of the lesion in the absorption and fluorescence images.  
 
The iterative training of the classifier improves the predictions of the classification. Too 
much training degrades the specificity of the classifier but it eventually converges to a 
point where the training has no more influence on either the specificity nor the 
sensitivity. The CNR of the lesion in the combined image is improved by the iterative 
training. 
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Table 4: CNR (and its standard deviation (SD)) of the lesion in the fluorescence and absorption 
images of the dataset lesion M and in the “combined image” of the test dataset lesion M 
(classifier trained with dataset lesion L) 

 CNR lesion  (+/- 
SD) 

Fluorescence 2.3 (+/-0.2) 

Absorption at 690 nm 1.5 (+/-0.3) 

Absorption at 730 nm 3.5 (+/-0.2) 

Absorption at 780 nm 4.4 (+/-0.2) 

Absorption at 850 nm 3.4 (+/-0.2) 

Combined image - Iteration 4 -5.0 (+/-0.1) 

 

4.3.3 Discussion 
 
A two-class LDA data classification approach has been investigated on phantom 
measurements obtained with the Philips optical mammography system, fDOT system. 
A known dataset trains the classifier, which then provides a prediction on a test 
dataset. The prediction shows how many voxels from the original labeled classes are 
indeed predicted as its class label by the classifier. In the first case studied (training 
dataset lesion M, test dataset lesion L), the classification is able to predict all the voxels 
from the labeled lesion as lesion. The labeled lesion of the test dataset is validated as 
being a lesion by the classifier. This case shows that there is a possibility that this 
method, when applied to patient measurement, could confirm suspicious features as 
being lesion in very inhomogeneous images. Moreover, training various classifiers with 
appropriate dataset including different lesion types would probably specialize the 
classification to different lesion types. It means that certain classifiers would be 
dedicated to a lesion type. The aim is to permit the discrimination between benign and 
malignant lesions by comparing the predictions of the different classifiers on the 
suspicious area. Furthemore, the coefficient of the trained classifier are used to 
linearly combine the absorption and fluorescence data of the test dataset. The CNR of 
the lesion in the resulting combined image is slightly higher than the CNR of the lesion 
in the single fluorescence or absorptions images. If the CNR of the lesion can be 
enhanced with the use of the LDA, the detection of difficult lesions that were not 
visible in the single fluorescence or absorptions images will be feasible. Consequently, 
LDA would help to detect small lesions or lesions in very dense breasts. This data 
classification is nevertheless not optimized yet. Indeed, the CNR of the lesion in the 
combined image is only slightly enhanced and for certain situations, for instance in 
case of the training dataset lesion L and test dataset lesion M, the classifier cannot 
predict the lesion.  
 
A method to improve the sensitivity of the classification has been investigated using 
the phantom measurements. The method consists of iterating the training of the 
classifier using the results of the prediction as label for the next training. It shows an 
important increase of the sensitivity of the classification for each iteration of the 
training; in the case showed in this article, the sensitivity reaches 100% at the third 
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iteration. This increase in sensitivity is unfortunately coupled with a decrease in 
specificity, i.e. an increase in number of FP. Fortunately, after a couple of iterations (in 
the case showed here, at the fifth iteration), these trends converge to a point where 
the training has no more influence on the classification. This optimization of the 
training of the classifier improves significantly the sensitivity of the classification: now, 
all lesions are predicted as lesion by any classifier. Moreover, the CNR of the lesion in 
the combined images is increasing especially at the first iteration of the training of the 
classifier. As a conclusion, this optimization of the training of the classifier significantly 
improves the sensitivity of the classification in phantom measurements. 
 
 

4.4 Patients results and discussion 
 
The proof of principle has been verified in phantom measurements. We investigate in 
this section the benefit of the method in patient data. 
 

4.4.1 Tumors and normal structures discrimination 
 
To determine whether tumor data contain specific information that can be recognized 
by a classifier, training and testing classifiers on 75% and 25%, respectively, of the 
datasets of each patient at 8 hours after dye injection was performed. As depicted in 
Table 5, all lesion voxels are classified as lesion in all patients. The low PPV reflects the 
fact that the predicted lesions are larger than the true lesion sizes. This result suggests 
that the tumor has a specific pattern within the fluorescence and absorption data that 
the classifier was able to isolate during the training and reproduce for the testing. 
 
Table 5: Mean, standard deviation and range of sensitivity, specificity and positive predictive 
value of LDA trained and tested on dataset at 8 hours after dye injection for all patients  

sensitivity 
100±0 

(100-100) 

specificity 
99.6±0.1 

(99.6-99.8) 

PPV 
15.5±12 

(5.7-32.9) 

 
Ideally, the LDA method would be able to validate tumors in heterogeneous breast. 
Classifiers trained to recognize tumors should thus not predict the areola, normal 
structures and artefacts as tumors. To verify this, the areola and three non-malignant 
structures were tested for each patient at 8 hours after dye injection using a multi-
class LDA. Figure 4 shows an example of the 3 artefacts tested by the classifier for 
patient 2. In patient 1, 2 and 3, all the non-malignant structures were predicted as non-
malignant. About 9% of a structure in patient 4 was predicted as malignant. This 
structure corresponds to the glandular tissue. The lesion appears to be connected to 
the glandular structure in the MRI. This may explain the difficult discrimination 
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between part of the structure and the lesion. For all patients, no lesion was predicted 
as any of the non-malignant structures.  
 

 
 

 
 

Figure 4. Patient 2: fluorescence images at 8 hour after dye injection. The arrows point at dark 
grey areas (fake colorscale) corresponding to three non-malignant structures used to test the 
specificity of the classifier. 

 

4.4.2 Lesion detection 
 
We want to investigate here whether a LDA trained on a “standard” dataset could 
predict or confirm tumors from other datasets. A two-class (“tumor” and “non-tumor” 
groups) LDA was trained on patient 1 at 8 hours after dye injection and was tested on 
patient 4 at 8 hours after dye injection. It was found that 63% of the background 
normal tissue of patient 4 was predicted as tumor. In addition, the areola and 3 non-
malignant structures were all 100 % predicted as tumor. The iterative training does not 
help optimizing the prediction.  
Random combinations of patient dataset were performed to train and test different 
classifiers. None of them were conclusive. The iterative LDA training and the use of 
multi-class LDA did not seem to improve the classification technique. 
 

4.4.3 Discussion 
 
The LDA in patient was first trained and tested within unique datasets. We observed in 
the 5 patients that a classifier trained on 75% of a dataset could validate a tumor in the 
25% of the dataset left with 100 % sensitivity and very high specificity. The high 
sensitivity indicates that there are underlying characteristics of malignancy that the 
classifier is able to use for discrimination. The PPV can be as low as about 6%; this is 
due to the fact that the predicted lesions are larger than the true lesion sizes. The LDA 
was able to accurately predict normal structures as non-malignant in the case of 
relatively fatty breast. We observe in patient 4, a 40 y.o. patient, that the performance 
of the LDA was limited in the presence of glandular tissue: part of the glandular tissue 
was classified as tumor. The use of a three-class LDA, (“tumor”, “glandular tissue” and 
“rest”) may improve the specificity of the classifier. This would be an interesting point 
to investigate further in more patients with dense breasts.  
The inter-patient classification was inconclusive. The data seemed to be uncorrelated 
from patient to patient. In the 5 studied patients, 2 different doses of contrast agent 
were administered. The patients’ age varied from 40 to 81, resulting in different 
normal physiology [14]. This may explain the failure of the LDA to classify patient with 
one another. By accounting for individual physiological variations, such as variations in 
breast density, a general pattern in the data should exist and would thus permit the 
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discrimination of tumors from background in any patients. More work and a larger 
patient population are required to achieve this, and before LDA can be used for lesion 
detection. 
 
 

4.5 Conclusion 
 
In this article, a two-class LDA data classification approach is investigated in phantoms 
in order to improve the sensitivity of the Philips DOT scanner. The LDA, with specific 
optimizations, can validate the presence of phantom-lesions. Besides, the linear 
combination of the absorptions and fluorescence data using the LDA coefficient 
increases the CNR of the phantom-lesion, enhancing the sensitivity of the system. 
Applied to patients, the LDA trained and tested on a unique dataset can validate 
tumors and rule out normal structures as malignant with high sensitivity and 
specificity. The performance of the LDA is limited for inter-patients classification. 
 
This work is supported by a European Commission Marie Curie contract MEST-CT-
2004-007832. 
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