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ABSTRACT 

A machine learning classification algorithm is applied to the SOLUS database to discriminate benign and malignant 

breast lesions, based on absorption and composition properties retrieved through diffuse optical tomography. The Mann-

Whitney test indicates oxy-hemoglobin (p-value = 0.0007) and lipids (0.0387) as the most significant constituents for 

lesion classification, but work is in progress for further analysis. Together with sensitivity (91%), specificity (75%) and 

the Area Under the ROC Curve (0.83), special metrics for imbalanced datasets (27% of malignant lesions) are applied to 

the machine learning outcome: balanced accuracy (83%) and Matthews Correlation Coefficient (0.65). The initial results 

underline the promising informative content of optical data. 

Keywords: Breast cancer, diffuse optical tomography, breast composition, lesion classification, machine learning, 

diffuse optics, time domain 

1. INTRODUCTION

SOLUS stands for “Smart OpticaL and UltraSound device for the diagnostics of breast cancer” [1]. The name itself 

suggests the purpose and the methods of the H2020 EU-funded project (grant n° 731877): improving the diagnosis of the 

most widespread female carcinoma with a novel multimodal probe. More in details, SOLUS aims at discriminating 

benign and malignant breast lesions non-invasively as to reduce unnecessary biopsies. 

The project included the design, development and testing in clinics of the device. Even if the project is finished, the 

feasibility study is going on and the richer and richer database allows for an initial breast composition estimation and a 

preliminary application of machine learning algorithms for lesions classification, as presented in this work. 

2. MATERIALS AND METHODS

2.1 Instrument 

SOLUS is a multimodal device that combines time-resolved multiple wavelength diffuse optical tomography (DOT, 

tissue composition), B-mode ultrasounds (US, morphology), color doppler (CD, vascularization) and shear wave 

elastography (SWE, stiffness) in a unique hand-held probe. While the ultrasound transducer is commercial (Aixplorer 

Mach 30 by Hologic SuperSonic Imagine S.A.), the 8 smart optodes are the break-through technology introduced by 

SOLUS itself (i.e., the first miniaturization of time domain multi-wavelength diffuse optics). Each of them is a stand-

alone module including 8 picosecond pulsed lasers (640, 675, 830, 905, 930, 970, 1020, 1050 nm), a large area fast-gated 

digital SiPM detector with integrated Time-to-Digital converter (Fig. 1) [2]. 



Figure 1 (Left). The SOLUS probe. Each red window corresponds to an optode, the central component is the US transducer. 

Figure 2 (Right). Acquisition positions during the SOLUS measurement. 

2.2 Clinical assessment 

The clinical validation envisions the enrollment of 40 patients, 20 with malignant and 20 with benign lesions, who signed 

a written informed consent. The SOLUS acquisition is a progression of B-mode US, CD, SWE and DOT images. For 

each patient, the sequence is repeated in 4 different locations: on the lesion main axis (A), orthogonally to the previous 

orientation (B), far from the lesion of the same breast (C) and controlaterally in the mirrored position (D), as depicted in 

Fig. 2, to estimate the contrast between lesion and healthy tissue more reliably. Also, the measurement is performed by 3 

radiologists with diverse experience, in order to assess reproducibility. Hence, each patient undergoes a total of 12 

acquisitions in about one hour. So far, 22 lesions (6 malignant and 16 benign) have been examined. 

2.3 Optical tomography 

The following preliminary analysis is limited to US-guided optical data only. In fact, from the US B-mode image, a 

lesion segmentation is obtained and extrapolated to 3D to be used as morphological prior for the optical 

reconstruction [3]. DOT reconstructions exploit the Born approximation of the heterogenous analytical solution of the 

diffusion equation to estimate the absorption coefficients of the investigated breast tissue at the 8 wavelengths [4]. The 

breast tissue composition (oxy- and deoxy-hemoglobin, water, lipids, and collagen concentrations) is later retrieved by 

applying the Lambert-Beer law. The heterogenous model is based on the contrast between the “perturbation” and the 

background, thus it needs to couple one acquisition on the lesion (A, B) and one on the healthy tissue (C, D), for a total 

of 4 possible combinations. Mean values for constituent concentrations have been derived by averaging separately inside 

and outside the region of interest defined by the 3D extrapolation from the segmentation. In this work, we will focus on 

the lesion’s properties only.  

2.4 Lesion classification 

A KNN supervised machine learning algorithm (K-nearest neighbors, K=1) has been applied to classify benign and 

malignant lesions. 13 predictors have been selected (absorption coefficients at the 8 wavelengths and the 5 investigated 

constituents), by using 80% of the samples for training and 20% for testing. At this stage, the 12 results (4 combinations 

for 3 radiologists) available for each patient have been considered as independent. This is not rigorously true, but still it 

is an initial practical approach to increase the database size and help statistical relevance. Together with this disclaimer, 

another remark needs special attention: the dataset is imbalanced, as only the 27% of lesions is malignant. Consequently, 

together with standard indexes such as sensitivity, specificity and the Area Under the Curve (AUC) of the Receiver 

Operating Characteristic (ROC), special metrics adequate for imbalanced datasets are applied, such as the balanced 

accuracy and the Matthews Correlation Coefficient (MCC), that represent the fair counterpart of accuracy and F1 score, 

respectively [5]. Compact definitions are reported in Table 1, but a brief description of each metrics follows: 

- Sensitivity [0, 1]: percentage of true cases correctly recognized as such.



- Specificity [0, 1]: percentage of false cases correctly recognized as such.

- AUC of ROC [0, 1]: since the ROC curve plots True Positive Rate vs False Positive Rate at different thresholds, the

AUC represents the probability that the classification model positions a random positive example higher than a

random negative one.

- Accuracy [0, 1]: fraction of correct predictions.

- Balanced accuracy [0, 1]: normalized fraction of correct predictions.

- F1 score [0, 1]: harmonic mean of precision (i.e., the probability to be really positive, in case of a positive test result)

and recall (equivalent to sensitivity). It is noticeable from the formula in Table 1 that negative cases are not

considered.

- MCC [-1, +1]: measure of informedness (i.e., quantification of how informed is the model about negative and

positive cases) and markedness (i.e., quantification of trustworthiness of negative and positive predictions), the

unbiased counterparts of precision and recall, respectively.

Finally, the Mann-Whitney U test has been applied to verify the significance of the difference between benign and 

malignant populations for each of the 13 parameters [6]. 

3. RESULTS AND DISCUSSION

As regards the constituents’ concentrations, the Mann-Whitney U test reveals that so far oxy-hemoglobin and lipids, in 

this order, are the most significant parameters for lesion classification (p-value respectively equal to 0.0007 and 0.0387). 

This could be due to the fact that in some cases the estimate of deoxy-hemoglobin, water and collagen gives null values 

with the standard approach to data analysis (estimate of absorption, followed by Lambert-Beer law to estimate tissue 

composition). Based also on the results of our previous studies, a spectrally constrained global approach [7], where the 

Lambert-Beer law is directly replaced in the diffusion equation, will be applied in the future aiming at a more robust data 

interpretation. 

The sensitivity and specificity obtained based on the results of the machine learning algorithm are respectively 91% and 

75%, while the AUC under the ROC curve is 0.83. The balanced accuracy is 83%, against 87% of the standard one. 

Moreover, the MCC value is equal to 0.65, against the F1 score which is 0.91. The metrics specific for imbalanced 

datasets (balanced accuracy and MCC) are lower than the equivalent standard measures, but still the outcomes underline 

the promising informative content of optical data. 

Table 1. Metrics definition. TP = true positive, FN = false negative, TN = true negative, FP = false positive, TPR = 

TP/(TP+FN) true positive rate, TNR = TN/(TN+FP) true negative rate, FPR = FP/(FP+TN) false positive rate. 

Sensitivity Specificity 

Accuracy 
Balanced 

accuracy 

F1 score MCC 

4. CONCLUSION

In this work, we have presented an initial breast lesion classification into benign and malignant categories through 

machine learning and the Mann-Whitney U test applied to optically derived tissue absorption and composition. Results 

are promising and we plan to further develop data analysis by including CD, SWE and testing a spectrally constrained 

global approach. In the meantime, the clinical trial is going on, thus enriching the dataset. 
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