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ABSTRACT

Texture analysis of light scattering in tissue is proposed to obtain diagnostic information from breast cancer specimens.
Light scattering measurements are minimally invasive, and allow the estimation of tissue morphology to guide the
surgeon in resection surgeries. The usability of scatter signatures acquired with a micro-sampling reflectance spectral
imaging system was improved utilizing an empirical approximation to the Mie theory to estimate the scattering power on
a per-pixel basis. Co-occurrence analysis is then applied to the scattering power images to extract the textural features. A
statistical analysis of the features demonstrated the suitability of the autocorrelation for the classification of not-
malignant (normal epithelia and stroma, benign epithelia and stroma, inflammation), malignant (DCIS, IDC, ILC) and
adipose tissue, since it reveals morphological information of tissue. Non-malignant tissue shows higher autocorrelation
values while adipose tissue presents a very low autocorrelation on its scatter texture, being malignant the middle ground.
Consequently, a fast linear classifier based on the consideration of just one straightforward feature is enough for
providing relevant diagnostic information. A leave-one-out validation of the linear classifier on 29 samples with 48
regions of interest showed classification accuracies of 98.74% on adipose tissue, 82.67% on non-malignant tissue and
72.37% on malignant tissue, in comparison with the biopsy H&E gold standard. This demonstrates that autocorrelation
analysis of scatter signatures is a very computationally efficient and automated approach to provide pathological
information in real-time to guide surgeon during tissue resection.
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1. INTRODUCTION

Breast cancer is the most frequent cancer and the more deaths-related between women worldwide [1], although the
survival-incidence rate is quite optimistic due to the good prospective of early stage detection. Breast conserving therapy
(BCT) is the standard of care for patients with early and advanced disease (stages I to III) [2], whereas its major
limitation is the current inability to asses accurate tumor margins. Margin assessment is routinely conducted post-
operatively by standard histology and an intraoperative alternative lacks standardization. BCT has been demonstrated to
be as safe as mastectomy when surgical margins are clear of disease [3]. An optimized intraoperative imaging system to
discriminate between cancer and normal tissue could substantially reduce the psychological effects of mastectomy or
repeated surgery, as well as the risk and costs of reappearance of the disease, which causes a significant detriment in
patient prognosis. Optical scattering spectroscopy is an effective intraoperative alternative to routine paraphine
histopathology [4]. This paper explores the spatial distribution of tissue scattering and how its natural heterogeneity
relates to tissue morphology, which in turn generates different textures in the collected scattering images. A scanning in
situ spectroscopy platform is used to sample the reflectance response of breast cancer specimens, to finally explore
textural features to design a fast classifier.

Texture analysis has been previously proven to be an effective morphology descriptor in breast tissue characterization
[5-9]. Most work focused on the detection of tumor masses in mammograms [5-6], ultrasound captures [7-8], and
histopathology images [9] Optical spectroscopy provides higher resolution than mammography and is additionally less



invasive, while histopathology requires extraction and tissue staining. Texture analysis of spectroscopy data has also
been reported for the identification of morphological information of tissue [10], including cancer behavior [11].

We propose textural analysis of light scattering images for an easy and accurate detection of malignancy regions. The
diagnostic capability of the textural features allows that malignancy regions are readily identified with a linear threshold
classifier. The process of analysis is summarized on Figure 1. Scattering images of fresh tissue specimens excised are
initially acquired. Texture analysis of these images consisted in the local calculation of the grey level co-occurrence
matrix (GLCM) is per pixel within a sliding window. The autocorrelation of these co-occurrence matrices is the
indicator to decide the diagnosis of the pixel under analysis, just deciding whether its value is higher or lower than a
threshold.
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Figure 1. Procedure sequence for tissue diagnosis.

2. MATERIALS AND METHODS
2.1 Localized reflectance spectroscopy

Surgical breast tissue specimens were imaged with a custom-built reflectance system, developed in a previous study
[12]. It consists of a confocal spectroscopic set-up and a raster-scanning sample platform built using translation stages.
Tissue samples are hydrated with a phosphate buffer solution during the measurement procedure. The system employs a
quasi-confocal illumination and detection to constrain the overlapping illumination and detection spot sizes within
approximately one scattering distance in tissue (~100 pm in the visible). The optical and electromechanical subsystems
are integrated via a custom developed LabVIEW interface. The background response, Ry, ,(4) , is subtracted from the
measured spectra, R,;..(4), and the data is normalized, R(1), with respect to a diffuse reflectance standard

(Spectralon, Labsphere, Inc., North Sutton, New Hampshire), as shown in Eq. 1.
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An empirical approximation to Mie theory is used and a Beer’s Law attenuation factor to describe the reflectance, R(L)
[13], as shown on (Eq.2).

R(A)= (M

— ~T* HbT1{StO,* & ppp, A)+(1-5t0; )* A
R(ﬂ) = Ax™ exp [HbT {510 *¢ 1jp0, (A)+(1=5102)*s 1 (A)} 2)

where I refers to the mean optical path-length (dependent on the illumination and detection geometry), [HbT] is the
total hemoglobin concentration, S0, is the oxygen saturation factor (ratio of oxygenated to total hemoglobin), &,

and &,, refer to the molar extinction coefficients of these two chromophores, respectively (Oregon Medical Laser



Center Database, [14]). A and b are scattering amplitude and scattering power and both depend on the size and number
density of scattering centers in the tissue volume , thereby reflecting variations in breast tissue morphology. The
scattering spectrum is relatively featureless compared with absorption spectrum but its spatial distribution is
heterogeneous. In a previous publication [15] we verified that the scattering power parameter, b , provided better tissue
discrimination capability than all other scattering parameters. Consequently, this will be the employed parameter to
extract the diagnostic morphology in the present study.

We imaged 29 specimens of breast tissue [13], with 48 different Regions of Interest (ROIs) corresponding to 3 different
diagnosis categories: non-malignant, malignant and adipose. All the data is summarized in Table 1.

Table 1. Distribution of the analyzed categories of breast tissue.

Tissue type No of ROIs
Non-Malignant 25
Malignant 14
Adipose 9
Total ROI 48

2.2 Co-occurrence texture analysis

The heterogeneity of the spatial distribution of scattering power allows extracting region-based signatures of diagnostic
morphology, such as texture features. In image analysis a texture is defined [16] as the spatial variation in pixel
intensities, in this case, the spatial variation of the scattering parameter power values. These features may differ from a
tissue types to another, since adipose tissues have large scatterers leading tolower scattering power, whereas fibrous
tissues have more cellular and collagen-based structures that lead to higher scattering power [17]. The scattering power
can be interpreted as a gray-level variation that differs from one tissue to another, Table 2.

Table 2. Illustration of how textures of different diagnosis look different.

Scattering Power Tissue diagnosis
Map

Non-Malignant

Malignant

- Adipose

To be able to define texture properties, the grey-level co-occurrence matrix is employed [16]. This matrix represents the
probability of a simultaneous occurrence of a pair of grey pixels in a certain position, combining all possible positions.
The matriz C(k,l;d,¢) in equation 3 counts for the simultaneous occurrence of pixel k and 1 with a distance d on a
direction give by the angle ¢. This process is repeated all along the grey values considered, where g(i,j) is the grey value
of the pair pixel position (i,j). Figure 2 illustrates the meaning of the parameters showed on equation 3.

Clk,L;d, )= 0k — g(i, j)o(l — g(i + d cos g, j + d sin $)) (3)
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Figure 2. Representation of co-occurrence. The central pixel, k is separated from pixel 1 with the parameters described on equation 3.

The process consists in checking the repetition of this patron along across the whole image, collecting the results in a 2D matrix, as a
histogram. This matrix is dubbed grey level co-occurrence matrix (GLCM)

A simplified example of the co-occurrence process is shown on Figure 3. Eight gray level values are considered to map
the whole range of scattering power values. Studies performed on the scattering power maps have shown that the
computation angle, ¢, and the distance, d, between pixels are neither determinant nor conclusive in the scattering power
textures, so a distance of one pixel and an averaged of different angles have been used. Texture analysis also requires the
definition of a spatial domain around the pixel to be able to compute the co-occurrence matrix and their associated
metrics. A study about the optimum spatial size [13] lead to a 5x5 pixel window; corresponding to a 500 pm square
window. Then, as shown of Figure 4, a sliding window of 5x5 pixels is centered on each pixel to consider the texture of
enough tissue to be correctly diagnosed, but not too much so it is safely bounded.
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Figure 3. An example of one step in co-occurrence calculation. A 3-bit image (b) with 8 grey levels is represented. The GLCM will be
8x8 to collect all possible combinations. On this particular example the patrons to be searched are pixel value 3 with distance 1 and
angle 0, which is third row on the GLCM (a). The result is similar to a 2D histogram.
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Figure 4. Sliding window to locally calculate texture features. The window of analysis slides from (a) to (b) and in succession, until all
image is covered. The resulting texture features of the window correspond to the central pixel.



A GLCM is obtained for each window and it has to be normalized dividing all its elements by the total number of pairs
considered. This step is needed to consider the GLCM as a joint probability density, p(i,j). Thereby, several metrics such
as the energy, correlation, entropy, homogeneity, autocorrelation, etc. can be obtained from it metrics [16-17]
In this study we compared the diagnostic capability of the textural features mentioned above, which resulted in the
autocorrelation exhibiting the most diagnostically power after a statistical analysis of the box plots representation of
theses GLMC metrics. This feature provides a measure of gray-tone linear-dependencies in the image [17], and it is
defined as:
£=22 ) pig)
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2.3 Linear classifier

Given the diagnostic capability of the autocorrelation, a straightforward classification approach can be based on a linear
threshold of this single feature, as illustrated in Figure 5. The malignancy probability is estimated per sample following a
leave-one-out method. A leave-one-out method is followed to determine the classification measures of this linear
threshold algorithm. It consists in leaving one sample “out”, whose malignancy probability is estimated using the other
samples as the training set to determine the threshold. This process is repeated over the whole data set, and the
classification measures (probabilities of detection and false alarms) are obtained considering the mean of all iterations.
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Figure 5. Linear classifier based on the study of just one feature. If a pixel value is higher than a threshold is considered as malignant
and if is lower it is not. The choice of this threshold will define the false alarm and the detection rates.

3. RESULTS AND DISCUSSION

Autocorrelation was determined as the GLCM texture feature most suitable for distinguishing normal/benign, malignant
and adipose tissue based on the scattering power images. A leave-one-out technique over the 29 different samples allows
to define a very constant threshold based on the quartiles of the autocorrelation values per tissue type. Figure 5 shows
how this threshold behaves during the leave-one out process and also the box plots of the three different tissue types
considered on this analysis.
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Figure 6. Box plots and threshold variation over the leave-one-out analysis. They are represented all together to see what a linear
classifier is based on. Box plots red bars indicate the median per diagnostic class and boxes delineate the interquartile fractions.
Dotted red line represents the threshold for malignant/non-malignant discrimination; dashed blue line represents the evolution of the
threshold for the adipose/malignant discrimination



The leave-one-out process revealed a mean sensitivity of 98.74% in adipose tissue, 82.67% in non-malignant tissue and
72.37% in malignant tissue, in comparison with the biopsy gold standard. When observing the differences betweenb ,
scattering power, itself and autocorrelation of GLCM, the latter shows more contrast to differentiate diagnosis, as shown
on Figure 7. Non-malignant tissue shows higher autocorrelation values while adipose tissue presents a very low
autocorrelation on its scatter texture, being malignant the middle ground. Consequently, a fast linear classifier based on
the consideration of just one straightforward feature is sufficient for providing relevant diagnostic information.
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Figure 7. Visual correlation between H&E slides (1% column), pathologist ROI’s (2™ column), scattering power map - 5 (3™ column)
and the autocorrelation of GLCM on a 5x5 pixel window (4™ colummn).



4. CONCLUSIONS

A relationship between tissue morphology and scattering power is established by textural analysis of the scattering
images. After considering several box plots of different features for initial comparison, autocorrelation of GLMC has
shown the best properties to be classified linearly. A sliding window texture analysis based on GLCM property
“autocorrelation” has been applied over 48 regions of interest distributed in 29 different samples of fresh breast cancer
specimens.

The images obtained from this process seem to be consistent with H&E results and present different values on different
regions of interest selected by the pathologist. This permits a linear classifier to achieve sensitivities of 98.74% in
adipose tissue, 82.67% in non-malignant tissue and 72.37% in malignant tissue, respectively.

Additionally, as the evaluation of the textural features is not an iterative process, it is perfectly parallelizable. The
scattering power images could be previously divided into different computational cores able to evaluate different image
regions to speed up the process.
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