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Abstract

Triple-negative breast cancer (TNBC) is an aggressive subset of breast cancer that is more 

common in African-American and Hispanic women. Early detection followed by intensive 

treatment is critical to improving poor survival rates. The current standard to diagnose TNBC from 

histopathology of biopsy samples is invasive and time-consuming. Imaging methods such as 
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mammography and magnetic resonance (MR) imaging, while covering the entire breast, lack the 

spatial resolution and specificity to capture the molecular features that identify TNBC. Two 

nonlinear optical modalities of second harmonic generation (SHG) imaging of collagen, and 

resonance Raman spectroscopy (RRS) potentially offer novel rapid, label-free detection of 

molecular and morphological features that characterize cancerous breast tissue at subcellular 

resolution. In this study, we first applied MR methods to measure the whole-tumor characteristics 

of metastatic TNBC (4T1) and nonmetastatic estrogen receptor positive breast cancer (67NR) 

models, including tumor lactate concentration and vascularity. Subsequently, we employed for the 

first time in vivo SHG imaging of collagen and ex vivo RRS of biomolecules to detect different 

microenvironmental features of these two tumor models. We achieved high sensitivity and 

accuracy for discrimination between these two cancer types by quantitative morphometric analysis 

and nonnegative matrix factorization along with support vector machine. Our study proposes a 

new method to combine SHG and RRS together as a promising novel photonic and optical method 

for early detection of TNBC.

Graphical Abstract
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1 | INTRODUCTION

Triple-negative breast cancer (TNBC) is an aggressive subtype of breast cancer, 

characterized by a lack of estrogen receptor (ER), progesterone receptor (PR), and human 

epidermal growth factor receptor type 2 (HER2) expression [1]. It accounts for 12% of 

breast cancer cases and for ~22% of cases in African-American women [1, 2]. TNBC carries 

a poor prognosis when compared with other subtypes of breast cancer [3]. It has been shown 

to respond well to neoadjuvant chemotherapy; however, the recurrence and death rates are 

still higher for TNBC than for non-TNBC cancers, especially in the first 2 years of 

postcancer diagnosis [4]. Thus, early diagnosis of TNBC is essential to improve survival by 

starting patients early on intensive treatment before the development of micrometastases.

Breast cancer is a heterogeneous disease and the heterogeneity of the tumor 

microenvironment is now recognized as a critical factor in tumor progression and therapeutic 

response [5]. The breast cancer microenvironment is composed of extracellular matrix 
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(ECM), newly developed vascular system and various stromal cell types, such as endothelial 

and immune cells, fibroblasts, and adipocytes [6]. TNBCs have a significant increase in the 

number of fibroblasts, which drive ECM remodeling by increasing matrix stiffness [7]. 

Increases in ECM production and breast tissue density reflect a greater abundance of 

collagen, the most abundant component of the ECM, and have been correlated with 

increased risk of breast cancer [8]. In patient-derived xenograft models, TNBC exhibited 

collagen accumulation [9]. ECM remodeling is crucial for tumor malignancy and metastatic 

progression, which ultimately cause over 90% of deaths from cancer. Besides ECM, 

microvascular density, a prognostic factor in invasive breast cancer, in both basal-like breast 

cancer and TNBC is significantly higher than in nonbasal-like breast cancer and non-TNBC 

[10]. The metabolic profile of TNBC is abnormal and may reveal potential biomarkers [11]. 

Thus, developing novel diagnostic imaging method and translating our current 

understanding of breast tissue microenvironment may provide accurate TNBC detection and 

prediction of prognosis, and understanding the unique characteristics of TNBC may shed 

light on the heterogeneity of this tumor and provide valuable clinical data.

Current imaging methods used for TNBC detection include mammography, ultrasound, and 

magnetic resonance imaging (MRI) [12]. While these techniques have a high sensitivity for 

TNBC detection, they also tend to result in many false positives [13]. Even when TNBC is 

detected from one of the above imaging modalities, confirmation ultimately requires a 

biopsy and the removal of tissue from potentially cancerous lesions, followed by histological 

and immunohistochemical examination by a trained pathologist. A promising alternative 

method for TNBC diagnosis is based on nonlinear optics and optical spectroscopy [14–17]. 

The field of using various optical spectroscopy techniques for biomedical samples has been 

called “optical biopsy” and is becoming a commonplace method to determine the state of 

tissue ex vivo and in vivo, label-free and with real-time efficiency [18, 19].

To characterize the specific chemical fingerprints associated with breast cancer subtypes, 

one focus in optical biopsy is to measure Raman spectra of tissues [20]. Raman spectroscopy 

is a spectroscopic technique based on light scattering to study molecular vibrational modes 

[16]. Infrared (IR) and Raman spectroscopy have been used to distinguish breast cancer 

from normal tissue by providing information on molecular metabolism, which can detect 

early changes of molecular composition and structure that occur in tumor lesions or cancer 

cell lines [14–17]. They are becoming more common investigative methods to determine the 

state of tissue in vivo and ex vivo based on metabolic and molecular differences between 

tissue types [20–22]. For instance, Bi et al. used IR and Raman spectra to differentiate HER2 

expression status in HER2+ and HER2− breast cancer cell lines based on spectral differences 

in nucleic acid, amide III, phenylalanine, tryptophan/tyrosine, and lipids [23]. However, 

these vibrational modes are not sufficient to accurately classify breast cancer subtypes. 

Additional vibrational modes of other biomolecules are needed, which will be presented in 

this study.

Resonance Raman spectroscopy (RRS) provides a potential solution to detect adequate 

vibration peaks associated with specific chemical and protein secondary structures to 

distinguish TNBC from other subtypes. The underlying principle of RRS is that the Raman 

scattering intensity will greatly increase when the incident laser frequency is close to a 
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molecule’s electronic transition frequency, and the sharp peaks from key molecules can be 

observed from chemical bond vibrations due to RR scattering [20]. Using a 532-nm 

wavelength laser, which falls in the tail of the absorption spectrum for flavin adenine 

dinucleotide, RRS enables the simultaneous detection of multiple molecules including 

collagen, fatty acid, amide, carotenoids, tryptophan, metalloprotein, mitochondrial electron 

transport protein [20, 24–26], including those that exist at very low concentrations and are 

otherwise masked by high abundance molecules. The RR scattering signal is not 

overwhelmed by autofluorescence that is commonly observed in native tissues. In addition, 

due to the shorter wavelength used for excitation to more local region, there is less signal 

mixing from deeper tissue when compared with the more conventional 785-nm wavelength 

[20, 27, 28].

Second harmonic generation (SHG) has been used to image collagen fibers, which provides 

the visual information on collagen morphology in the tumor environment and greatly 

enhances our understanding of the ECM [29–32]. SHG has also been employed with 

coherent antiStokes Raman scattering imaging for detecting colon cancer tissue ex vivo [30].

MR spectroscopy (MRS) and spectroscopic imaging (MRSI) have been used as two 

preclinical and clinical tools to assess the abnormal lactate metabolism in cancer [33–37]. 

Dynamic contrast-enhanced MRI (DCE-MRI) provides critical information regarding 

perfusion/permeability in tumors and normal tissue by dynamic measurement of signal 

change after injection of a contrast agent (CA) [38–40]. From the changes in the 

characteristic signal intensity-time curve, the vascular perfusion and permeability 

information of a tumor can be obtained from tracer kinetic modeling [41–43]. While MRS, 

MRSI, and DCE-MRI have the ability to image the whole tumor, they also have a much 

coarser spatial resolution than optical imaging methods [44]. Thus, these methods average 

out the cell-level microenvironmental characteristics in tumor tissue.

The objective of this study was to employ both in vivo SHG imaging of collagen using 

multiphoton microscopy and ex vivo RRS of biomolecules as novel, rapid, and label-free 

techniques for the distinction of metastatic TNBC and nonmetastatic breast cancer. We 

hypothesized that in vivo whole-tumor characteristics, such as tumor lactate concentration 

and vascularity that can be measured by MR methods, may reflect observations from optical 

imaging on a microscopic level at selected tumor locations. We further hypothesized that 

differences in the microenvironments in TNBC and nonmetastatic tumor tissues would result 

in different collagen morphology, as well as cellular and chemical composition, which can 

be detected by SHG imaging and RRS, respectively.

2 | RESULTS

2.1 | Tumor lactate and vascularity by in vivo MR

The whole-tumor lactate concentration was found to be similar between metastatic TNBC 

(4T1) and non-metastatic (67NR) tumors grown in BALB/c mice (Figure 1A) and was 

independent of tumor size for the size range (VCal < 250 mm3) evaluated (Figure 1B). 

Lactate is detectable in viable tissue, but barely to not detectable in mainly necrotic voxels 

(Figures 2 and S1). It is distributed heterogeneously across the tissue in both tumor types. Of 
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note is that the tumor volume determined by MRI methods was consistently larger than that 

determined by caliper (Figure S2) and more accurately reflected the actual tumor volume as 

the tumor grew deeper into the body. Thus, the tumor volume determined by MRI, 

specifically the volume determined from a single-slice reference MRI covering the lactate 

slice (VMRSI), was used for the quantification of lactate by substitution method [45, 46].

We evaluated tumor vascularity and the associated tumor microenvironment by DCE-MRI as 

before [47–49]. For the 67NR tumors, well-perfused (P), hypoxic (H) and necrotic (N) 

tumor areas and areas that contained two or more of these environmental characteristics 

were present in all tumors (Figure S3A). In contrast, among eight 4T1 tumors, only one 

displayed all three environmental characteristics, while three did not have detectable necrotic 

areas by DCE-MRI, one was entirely hypoxic, and three displayed no discernible hypoxic 

tumor areas (Figure S3A). The respective volume fractions, %VH + N and %VP + H + N, 

differed significantly (P < .05, unpaired, two-tailed t test) between 67NR and 4T1 tumors, 

demonstrating the variations of tumor vascular heterogeneity between the two tumor models 

(Figure S3A). Overall the vascular heterogeneity, as depicted by the different Akep values (a 

measure of vascular blood flow and permeability) for well-perfused, hypoxic, and necrotic 

tumor fractions, is lost when assessing the median Akep for the whole-tumor Akep 

(Akep[whT]) (Figure S3B).

As the optical imaging was performed on the tumor tissue right below the skin, we also 

analyzed the outermost 1 mm slice of the DCE-MRI data separately as the imaging plane 

most closely aligned to the optical imaging plane in Figure 2. The in-plane vasculature is 

spatially less heterogeneous for the 4T1 tumor than for the 67NR tumors, with most of the 

well-perfused tumor area (high Akep values) located at the rim of the 4T1 tumor. As for the 

whole tumor (Figure S3), 4T1 tumors have generally fewer voxels that are represented by 

more than 1 microenvironment than 67NR tumors in the outermost DCE-MRI slice (Figure 

3A). Also, the outermost slice tends to have fewer CA uptake patterns reflecting the 

microenvironment than the whole tumor (Figures 3A and S3A). Overall, the volume 

fractions and Akep values of the vascular-based microenvironmental features for the entire 

outermost slice were similar between the two tumor types (Figure 3). This potentially 

masked spatial differences of the in-plane vascular heterogeneity seen typically between the 

two tumor types (Figure 2).

2.2 | In vivo SHG imaging by multiphoton microscopy detects distinct collagen structures 
in breast cancer subtypes

After the MR measurements, SHG imaging was conducted in vivo on the orthotopically 

implanted murine 4T1 (TNBC) and 67NR (ER+) lower right mammary fat pad tumors of the 

mice.

Collagen, which is remodeled during carcinogenesis and tumor progression [40–52], is one 

of the key molecules of interest in demonstrating the distinct morphological characteristics 

of tumors. However, current breast cancer classification is based on the histological analysis 

of ex vivo biopsy samples by a trained pathologist [53]. Classification accuracy is therefore 

dependent on the experience and skill of the pathologist [54]. In addition, the standard 

pathology sample thickness of 5 to 10 μm limits the ability to investigate the spatial 3D 
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morphology of ECM components, such as collagen. As demonstrated by hematoxylin and 

eosin (H&E) staining of 14-μm thick 4T1 and 67NR tumor tissue slices (Figure 4A,E), no 

obvious difference in collagen morphology could be observed between these tissues. SHG 

imaging of collagen can provide the submicrometer resolution necessary to study the 3D 

architecture of collagen in the ECM. Thus, we performed in vivo SHG imaging of collagen 

on the lower right mammary fat pads of mice and observed that collagen fibers in 67NR 

tumors have a greater curvature than the long, straight fibers in 4T1 tumors. Furthermore, 

the fibers in 4T1 tumors are more aligned in groups (bundled) than the more randomly 

distributed fibers in 67NR tumors (Figure 4B,F).

To quantify whether 67NR fibrils exhibited this morphological feature at a significantly 

greater degree, the local entropy of each SHG image was obtained. Entropy is often used as 

a metric of randomness or information content [55]. The calculated entropy value at any 

given region of interest is highly dependent on the amount of information contained in it. 

Redundant values are multiplied by a scaled fraction and are thus weighted less. Given 

67NR’s highly unstructured fibril morphology, one would expect a correspondingly large 

variation in the entropy values across the image plane compared with those obtained from 

4T1 (Figure 4C,G).

Furthermore, 2D Hessian matrix operations have provided highly sensitive feature extraction 

capabilities in numerous applications on note, such as blood vessel segmentation [56], 

automated detection of vessel tree abnormalities for ophthalmoscopy [57] among others. The 

second-order information obtained via the Hessian operation and the corresponding 

eigenvalues provide sensitive and highly interpretable information regarding fibril 

morphology [58]. These features include orientation, curvature, and edge strength and thus, 

we employed 2D Hessian to characterize further the structural collagen characteristics of 

these two tumor types (Figure 4D,H). Further analysis related to the eigenvalue 

decomposition can be found in Figure S4.

To evaluate how well SHG images can be used to distinguish between 4T1 and 67NR 

tissues, a support vector machine (SVM) was used along with two entropy-derived values 

(average and SD) and Hessian cross-term (Figure 4I, each data point corresponding to a 

value across entire nonzero image plane). By evaluating the SVM’s performance, we were 

able to identify correctly 219 out of total 224 images of 4T1 and 67NR all together, in which 

95 out of 97 of 4T1 were correctly identified (2 incorrect) and 124 out of 127 of 67NR were 

correctly identified (3 incorrect), respectively.

Our SHG imaging and image analysis confirmed that literalized and stiffened collagen 

morphology in 4T1 tumor can be used as a marker for metastatic potential [52]. Unlike these 

more aggressive tumors, nonmetastatic 67NR tumors lack this more organized structure and 

fibril density.

2.3 | Ex vivo RRS on breast cancer tissue

After in vivo SHG imaging, we excised the tumors from the mice and performed ex vivo 

RRS. Using RRS, we obtained biochemical information in a near-realistic environment 

containing proteins with the full range of amino acids, fatty acids and lipids, DNA and RNA, 
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saccharides, primary metabolites, and other important components in the biological 

environment, such as carotenoids, ascorbic acid, riboflavin, and glutamine. Figure 5A 

compares the RR spectra averaged over all 4T1 and 67NR tumors. The most significant 

differences between the two spectra are in the peaks at 1090, 1339, 1358, 1395, 1444, 1557, 

1588, 1608, 140, and 1658 cm−1. Each spectral peak is attributed to the vibrations of a 

specific chemical bond or functional group and is assigned in Table 1. The main spectral 

differences are due to lipid modes, including fatty acids, triglycerides, and phospholipids at 

1090, 1339, 1444, and 1658 cm−1, proteins at 1358 cm−1, CH rocking at 1395 cm−1, CH2 

bending in protein and lipids at 1444 cm−1, amide II at 1557 cm−1, C—C mode of 

phenylalanine or hydroxyproline at 1588 cm−1, cytosine at 1608 cm−1, amide I at 1640 and 

1658 cm−1. Lipids are the primary component of the cell membrane, and thus, altered lipid 

composition and metabolism of the cell membranes combined with active increased cell 

proliferation have been observed to be related to aggressive cancers [60–63]. Collagen is the 

most abundant protein in the body [64] and is a major component of breast tissue ECM, with 

hydroxyproline being one of the primary amino acids in collagen [64]. The amide I bands 

peaks are also associated with collagen [65, 66]. Changes in the collagen structure of the 

tumor environment are associated with increased metastatic potential [67]. The differences 

between the RR spectra for peaks associated with lipids and collagen indicate different 

metabolic activities and structures in metastatic 4T1 and nonmetastatic 67NR tumors.

To evaluate the performance of the classification between the spectra of 4T1 and 67NR 

tissues, we performed nonnegative matrix factorization (NMF) [68, 69] analyses on RRS 

results. NMF was performed using an extracted wavenumber region (750-2200 cm−1) in a 

similar fashion to a prior work that utilized it to achieve high discriminative performance 

between normal and cancerous breast tissue samples [70]. Differences between groups of 

data can be determined by an algorithm analyzing how the weights of each feature spectrum 

tend to differ between groups. Total 80 spectra of 4T1 and 67NR were analyzed and 73 were 

correctly identified. Among these, 57 out of 59 spectra of 4T1 were corrected identified (2 

incorrect) and 16 out of 21 spectra 67NR were correctly identified (5 incorrect), respectively. 

The significant peaks of the feature spectra are correlated with tyrosine/collagen at 859 cm
−1, C—H out-of-plane deformation at 975 cm−1, lipids at 1338 cm−1, CH2 in lipids at 1441 

cm−1, tyrosine/phenylalanine at 1607 cm−1, amide I/proteins at 1656 and 1658 cm−1. Figure 

5B displays the NMF extracted feature spectra. The 2D scatter plot in Figure 5C shows the 

weights corresponding to both NMF extracted components and the corresponding SVM 

separation line. The area under the receiver operating characteristic curve (AUROC) in 

Figure 5D measures the prediction power of the characterization method (see Section 4) [20, 

70]. Most of the modes found to be significantly different between the cancer subtypes were 

consistent with previous breast cancer studies [20, 70].

The NMF extracted spectra (Figure 5C) possess much higher sparsity than the processed 

input spectra (Figure 5A), with a few distinct wavenumber peaks. The relatively shallow 

slope of the separation line in Figure 5C suggests that NMF feature 3 contributes most 

strongly to the differentiation between 4T1 and 67NR RR spectra. The modes that contribute 

to differences between 4T1 and 67NR spectra suggest that most of the differences in signal 

are due to collagen and lipids (Table 1). These results are consistent with the analysis on 

SHG images, which confirms the distinct collagen signatures for the two breast cancer 

Bendau et al. Page 8

J Biophotonics. Author manuscript; available in PMC 2020 August 18.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



models (Figures 4 and S4). The classification accuracy obtained through the chosen 

workflow indicates that RR spectra are potential new method to differentiate TNBC from 

non-TNBC cancers.

3 | DISCUSSION

The microenvironment of tumors significantly influences their malignant behavior and 

growth, as well as participation in reprogramming of stromal cells, which might otherwise 

counteract the progression of cancer cells [71–74]. Thus, understanding the characterization 

of the tumor microenvironment may provide accurate prediction of breast cancer prognosis, 

and studying the unique characteristics of TNBC may shed light on the heterogeneity of this 

tumor type, treatment options, and prognosis.

We used a 532-nm excitation RRS for TNBC and non-TNBC cancer tissues and found 

different vibrational modes than previously observed [19]. Previous studies [20, 75] have 

compared the vibrational modes by IR Raman spectroscopy and RRS. Liu et al. [20] stated 

that the methyl group peaks in the spectra collected from breast cancer tissue were identified 

with enhanced intensity at 1378 cm−1, and another methyl group on an aromatic ring with 

one peak near 2935 cm−1 was due to the in-phase symmetric methyl (—CH3) stretching 

vibration and a vibration in Fermi resonance with the —CH3 1460 cm−1 deformation peak 

overtone—a weaker vibration in the spectra collected from breast cancer tissues. Surmacki’s 

work [75] showed that peaks for carotenoids were significantly enhanced with 532 nm 

excitation, while its peaks were hardly seen with 785 nm excitation. Peaks at 745, 877, and 

958 cm−1 became significantly detectable with 532 nm excitation. Surmacki’s study also 

repeated Liu’s results that 1304, 1378, 1440, 1460, 1520 cm−1 peaks were in noise level 

with 785 nm excitation but were significantly enhanced with 532 nm excitation. RRS 

process for flavins in tissue arises from the in band transitions (in the wings of absorption) 

and out band transitions (arising from emission) resonance [76]. The Raman resonance 

effect for nicotinamide adenine dinucleotide + hydrogen might be due to the laser 

wavelength falling in the tail of its emission spectrum. Besides the resonance effect, another 

enhancement in the RRS signal compared to near infrared radiation (NIR) nonresonant 

Raman is due to the use of a shorter excitation wavelength which also increases the Raman 

scattering cross section. The enhancement in tryptophan is unclear. One hypothesized 

mechanism was two-photon absorption in ref. [76]. Since we used 532 nm, a shorter 

wavelength compared to 785 nm NIR wavelength, all Raman signals could be enhanced due 

to the increase in the Raman scattering cross section, which could be part of or the main 

reason for the observed enhancement in collagen and tryptophan peaks.

Early detection of TNBC relies on the ability to discern the microenvironmental molecular, 

morphological, and metabolic features that distinguish this subtype from other types of 

breast cancer. Previous studies have shown that the lactate concentration in a central slice of 

67NR and 4T1 tumors grown in athymic nude mice differed significantly and were 

dependent on tumor size [37]. Here, no such difference could be detected for the whole 

tumor. The main differences between the two studies were (a) the host, (b) interrogating 

slice versus whole tumor, and (c) the specific implementation of the lactate substitution 

method for quantitation, most notably the use of an updated transverse and longitudinal 
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magnetic resonance relaxation times correction factor [45, 46]. The previous study [37] used 

tumors implanted in mice with a compromised immune system, while this study used a 

syngeneic model. This might impact metabolic cooperation with stromal cells [44, 77, 78] as 

well as vasculature, which in turn would impact the washout of lactate. Specifically, even at 

small tumor sizes, 4T1 tumors develop a central surface necrotic patch when grown in 

BALB/c mice with regrowth at larger tumor sizes [79], while they develop a necrotic core at 

tumor sizes above 150 mm3 when grown in athymic nude mice [37]. Secondly, in this study 

we used the tumor volume determined by MR instead of the caliper volume to quantify 

lactate and acquired data for the entire tumor, instead of a 5-mm central slice which would 

cover the whole tumor for small tumors (<150 mm3 by caliper), but not for medium 

(150-400 mm3) or large (>400 mm3) tumors. This resulted in a more accurate determination 

of tumor volume and quantification of whole-tumor lactate, in contrast to the previous study. 

These differences, together with an updated relaxation time correction factor [45, 46], may 

account for the different results when compared to the previous study by Serganova et al. 

[37] In BALB/c mice, both tumor types displayed heterogeneous vascular CA uptake. In the 

imaging plane similar to the optical imaging plane, however, 67NR tumors appeared to be 

better perfused across the imaging plane, while 4T1 tumors tended to have higher rim 

perfusion. This was associated with distinct collagen signatures for these two tumor types.

Beyond in vivo MR, which has the advantages of being non-invasive, imaging the entire 

tumor, and easy clinical translation, our approach novelly uses SHG imaging and RRS, two 

optical methods that characterize biological samples, to distinguish between metastatic 

TNBC and nonmetastatic breast cancer. SHG and RRS are particularly well suited to the 

task of more accurate diagnosis; they are fast and label-free, and generate subcellular-

resolution images. RRS provides an advantage over IR spectroscopy, another vibrational 

spectroscopy method, in that it requires no sample preparation and, though not done in this 

study, can be performed in vivo. Our study shows that in vivo SHG imaging and ex vivo 

RRS are able to differentiate the collagen, molecular and metabolic features between the 

metastatic 4T1 tumors and the nonmetastatic 67NR tumors, which can be analyzed both 

quantitatively and qualitatively to determine differences between the tumor subtypes with 

high sensitivity and accuracy.

Analyses using various methods, such as those well-suited for structural feature extraction 

and spectral decomposition, allowed for effective characterization of a given tumor subtype. 

This is important for early detection of this aggressive, metastatic form of cancer to improve 

patient outcomes. SVM analysis of morphological features obtained from SHG images 

generates a very high capability (95 out of 97 and 124 out of 127 images were correctly 

identified for 4T1 and 67NR, respectively) to distinguish 4T1 and 67NR tumors. Similarly, 

RRS characterization based on NMF displayed low probabilities of TNBC misdiagnosis, but 

relatively higher probabilities of incorrectly diagnosing a 67NR tumor as a 4T1 tumor. This 

may be due to fewer spectra obtained for 67NR than for 4T1 (21 and 59 spectra, 

respectively). It is likely that the misdiagnosis of 67NR as 4T1 would decrease with higher 

67NR spectrum count coupled with a more sophisticated supervised classification approach. 

The use of both SHG and RRS in conjunction would be beneficial to ensure that samples are 

not misclassified.
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In conclusion, our study proposes SHG imaging of collagen and RRS as two rapid and label-

free optical techniques for successful detection of TNBC, by differentiating the 

morphological and molecular features between TNBC and nonmetastatic breast cancer 

tissues at subcellular resolution. The use of SHG imaging and RRS in cancer for optical 

biopsy offers exciting new opportunities for accurate diagnostic and therapeutic approaches 

to detect TNBC. Further feature analysis of the spectral components and research into the 

characteristics of TNBC that result in its collagen phenotype will be conducted. In addition, 

careful measurements of SHG images and Raman spectra from TNBC, non-TNBC, and 

healthy breast tissues may lead to a better understanding of the molecular and morphological 

differences between TNBC and non-TNBC breast cancer subtypes.

4 | MATERIALS AND METHODS

All experiments on mice were performed in accordance with protocols approved by the 

Institutional Animal Care and Use Committee (IACUC) of Memorial Sloan Kettering 

Cancer Center and the IACUC of the City College of New York.

4.1 | Cell lines and culture

The 67NR (ER+, PR−, HER2−, displays mixed luminal/basal phenotype) and 4T1 breast 

cancer cells (both cell lines kindly provided by Fred Miller, Karmanos Cancer Institute, 

Detroit, MI) were derived from a spontaneous breast tumor in a BALB/c mouse [80] and 

cultured as described by Simoes et al. [81]. Briefly, cells were cultured in Dulbecco’s 

modified Eagle’s medium containing 25 mM glucose and 6 mM glutamine, and 

supplemented with 10% fetal bovine serum, 100 U/mL penicillin, and 100 μg/mL 

streptomycin. Cells were grown at 37°C, 5% CO2 in a humidified atmosphere and 

subcultured every 2 to 3 days. For tumor implantation, cells were harvested by 

trypsinization, counted by Trypan Blue exclusion assay, and suspended at a concentration of 

2 × 106 67NR and 1 × 106 4T1 cells per 100 μL culture medium.

4.2 | Tumor model and growth

The 67NR and 4T1 cells were injected orthotopically into the lower right mammary fat pad 

of 6 to 8 weeks old mice (BALB/cAnNCrl, Charles River Laboratory, Wilmington, MA). 

Twenty mice were purchased in 2 cohorts with 10 mice each, and half of each cohort (5 

mice) were selected for injection with either 67NR or 4T1 cells. Mouse age at tumor cell 

injection was 6 weeks (67NR, cohort 1), 6.3 weeks (67NR, cohort 2), 7.1 weeks (4T1, 

cohort 1), and 6.9 weeks (4T1, cohort 2), respectively. Tumor size was calculated using the 

ellipsoid formula (l × w × d × π/6) with the three orthogonal tumor diameters l, w, d 
determined by sliding jaw caliper [82]. Tumors were used for experiments when reaching 

between 50 and 250 mm3 caliper volume (VCal). Based on available literature, tumors were 

projected to reach 150 ± 50 mm in 14 to 21 days (67NR) and 9 to 22 days (4T1) [83], that is, 

67NR and 4T1 tumors reaching imaging tumor size at approximately the same time post 

tumor implantation by injection of double the number of 67NR than 4T1 cells. Tumors were 

imaged by MR post tumor cell implantation at days 10 to 13 for 67NR and at days 11 to 14 

for 4T1 tumors, respectively. Mice with tumor growing outside the mammary fat pad or 

being moribund and requiring sacrifice were excluded from the imaging studies.
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4.3 | Animal preparation for imaging studies

For in vivo MR experiments, the mouse tail vein was catheterized to facilitate the 

administration of the CA (gadopentetate dimeglumine [Gd-DTPA], Magnevist®, Bayer 

Health Care, Leverkusen, Germany) via a home-built catheter line assembly. During the MR 

experiment, mice were anesthetized with <2% isoflurane in 100% oxygen and the breathing 

rate was kept at 50 to 90 per minute by adjusting the isoflurane percentage. The rodent core 

temperature was maintained at 31.5°C to 36° C (Figure S5), using a home-built, water-

circulating heating pad. A suture was placed through the skin, without touching the tumor, to 

ensure steady tumor positioning in the 1H MRI coil during the MR experiment.

For in vivo SHG imaging, five 67NR mice and nine 4–T1 mice were used. Some mice were 

excluded from optical imaging due to timing constraints on the number of mice being able to 

be imaged each day. Prior to optical imaging, the mice were anesthetized using isoflurane in 

100% oxygen, transported to the imaging stage, and fitted with a nose-cone to supply 

isoflurane in 100% oxygen throughout imaging. Reflexes were tested periodically to ensure 

deep sedation. For each tumor, the skin was incised and removed from the tumor to expose 

the tumor from surrounding tissue, while not severing any blood vessels leading to the 

tumor. Exposed tumors were secured to the mounting stage to reduce the effect of breathing 

motion on imaging. For the water-immersion objective lens, a polymer coat was applied 

around the perimeter of the tumor to hold the water.

4.4 | In vivo MR experiments

We assessed the tumor volume, lactate concentration, as well as vascular perfusion (blood 

flow and vascular permeability) in vivo using MR for seven 67NR and nine 4T1 tumors. The 

MR experiments were performed on a horizontal-bore Bruker 7T MR scanner using a home-

built, solenoid 1HMR coil. After positioning of the setup in the scanner, the coil was tuned 

and matched to 300 MHz; the line width of the tumor water signal was minimized by field-

map-based shimming.

For each tumor, we assessed tumor anatomy and volume by multislice 1HMR imaging 

(MRI). The tumor volume, obtained by outlining tumor tissue on each image and adding the 

tumor areas for all image slices, was compared to the tumor volume obtained from the 

single-slice reference image corresponding to the lactate slice and the volume of tumor 

tissue assessed for tumor vascularity (Figure S2).

We used the SelMQC sequence [33, 37] to measure whole-tumor lactate by single-slice 

MRS, and mapped in selected tumors with easily detectable lactate (three each for 67NR and 

4T1, respectively) the spatial lactate distribution by MRSI, as described previously [45, 46]. 

The slice thickness was adjusted to cover the entire tumor. Lactate spectra were processed 

and the lactate signal fitted using XsOsNMR (kindly provided by Dr Dikoma Shungu and 

Ms. Xiangling Mao). Absolute quantification of lactate was performed by phantom 

replacement method with correction factors as described previously [37, 45, 46]. Following 

the lactate spectra acquisition, we assessed tumor vascular perfusion (blood flow and 

permeability) by DCE-MRI, as described previously [48]. Only three of seven 67NR tumors 

had successful DCE-MRI scans, due to experimental issues or catheter failure, while DCE-
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MRI was successfully acquired for eight out of nine 4T1 tumors. Briefly, DCE-MRI data 

were acquired using FLASH with 15 mm × 15 mm or 16 mm × 16 mm field of view, 128 × 

128 matrix, four to seven slices (# of slices depending on tumor size) of 1 mm each. DCE-

MRI data were analyzed using principal component analysis followed by constrained NMF, 

thus, estimating the spatial distributions of well-perfused (fast CA washin/washout, well 

oxygenated) tumor areas, and tumor areas characterized by delayed CA washin/washout 

(typically associated with hypoxic tissue) and by slow or no accumulation of CA (no 

functional vasculature, typically associated with necrosis) [47–49].

4.5 | In vivo SHG imaging

The multiphoton imaging system consisted of a mode-locked femtosecond Titanium: 

sapphire (Ti:S) laser (Coherent Chameleon Ultra II, Coherent Inc., Santa Clara, CA) with a 

pulse width of 140 ± 20 ficoseconds, repetition rate of 80 MHz, energy of pulses are in nj 

range and tunable from 680 to 1080 nm. The objective lens collected SHG signals, which 

were split into two photomultiplier tube channels, corresponding to red and green 

wavelengths respectively. As all emissions of interest fell below the cutoff wavelength for 

channel 1, only signals from channel 2 were considered in this study (green wavelengths). 

The wavelength for SHG of collagen was 920 nm. Band-pass filters around 460 nm were 

used to filter the multiphoton signals. The pulse energies density is below J/cm [2] to reduce 

molecular changes from damage. Compared to conventional optical imaging techniques, 

multiphoton imaging has been known to have reduced photodamage and photobleaching due 

to the use of highly localized excitation energy.

Images were acquired by PrairieView (Prairie Technologies). The in-plane resolution for all 

images was 512 pixels × 512 pixels, with a pixel area of 0.47 μm × 0.47 μm, and a z-axis 

step size of 3 μm. For each sample, six to eight regions on the surface of the tumors were 

imaged. Following selection of a region of interest, the highest and lowest imaging depths 

were defined in PrairieView and imaging was performed at a given location by vertical 

sectioning, creating a “z-stack.” Laser intensity and/or PMT sensitivity was occasionally 

increased or decreased as required to obtain a clear signal. Mice were sacrificed immediately 

following imaging and tumors were excised for ex vivo Raman spectroscopy. The SHG 

imaging data were analyzed using entropy and Hessian operation (Section 4.7).

4.6 | Ex vivo RRS

Immediately after SHG imaging, each tumor was excised and ex vivo resonant Raman 

spectroscopy was performed using Ocean Optics ID Raman micro Raman spectrometer 

(Model# IDR-MICRO532). Prior to measurement of the tumor, the spectrometer was 

calibrated to the 992 cm−1 benzene signal. For RR, an excitation wavelength of 532 nm was 

used—a wavelength that is near the absorption wavelength of many biological tissue 

components, and thus, provides an enhanced signal. The laser beam was focused to a spot of 

~2 μm with a power of 3.5 mW using a ×40 objective. The spectra were acquired using 1-

second acquisition time, and 30 spectra averages. We did not fix the tissue with 

formaldehyde for RR measurements because fixation may cause significant Raman spectral 

changes in the amino acid fingerprint region of proteins, as formaldehyde promotes the 

cross-linkage of amino groups in collagen [84, 85].
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For each sample, a small section of the surface of the tumor, estimated 1 to 2 mm thick, was 

sliced off to avoid contaminating signal from the polymer gel used during SHG imaging. 

Between four and six regions on the exposed surface of the tumor were analyzed, with two 

to four acquisitions performed in each region to qualitatively assess reproducibility. Each 

spectrum was normalized to its own phenylalanine peak at 1006 cm−1. After discarding 

noisy and anomalous data, analysis of RRS data was performed using 21 spectra from 5 

67NR tumors and 59 spectra from 9 4T1 tumors. The RRS data were analyzed by NMF 

(Section 4.8) as described in the following sections to recover unsupervised, spectral 

characteristics separating metastatic TNBC from non-metastatic, ER+ breast cancer.

4.7 | SHG image processing

In this study, it was apparent that the collagen fibril structure varied between 4T1 and 67NR 

tumors. The obtained SHG data (22 and 10 volumetric images for 4T1 and 67NR 

respectively) each possessed between 20 and 100 image planes along the z-axis. Due to 

breathing-related motion artifacts, volumetric processing was infeasible. A median filter of 

size 3 × 3, followed by a background threshold of 300 photon count was used to eliminate 

background noise. Many z-stacks contained either (a) much fibril information on a small 

fraction of the total image plane or (b) nothing of interest and it would be nonsensical to 

treat every 2D image plane as viable for analyses. Thus, the data were further segmented 

into fourths (corners) and candidate images were obtained by extracting the two images 

from each stack that possessed the highest summed intensity.

After the preprocessing step, both entropy and second-order properties were obtained for 

discriminative quantification. Application of the 2D Hessian for the localized second-order 

features and eigenvalues at every location on the image plane was performed using 

MATLAB (Mathworks, Natick, MA) [86]. Entropy was calculated using a 7 × 7 kernel and 

MATLAB’s image processing toolbox.

4.8 | Nonnegative matrix factorization

NMF [68, 87] is an alternative matrix decomposition method which allows one to choose an 

internal dimensionality (r value) that is problem specific [68, 69]. The details of this method, 

as applied to optical imaging, are introduced by Wu et al. [70] Briefly, the problem that 

NMF attempts to solve is a multiplicative reconstruction of a given input matrix by 

minimizing the Frobenius norm, reaching a convergence in the process. Once the Frobenius 

norm reached convergence, a modified version of the input matrix, containing the 

normalized spectral data without background subtraction, was used to obtain a matrix of size 

r (characteristic spectra) × n (spectra) that related directly to the presence of the extracted 

characteristic spectra. In this study we used r = 10, so the spectral feature count was reduced 

from 1450 (the range of wavenumbers per spectrum) to 10 values. NMF is appropriate for 

analysis of Raman spectra because their data are strictly nonnegative and the resulting 

feature spectra contain only nonnegative values and are easily interpretable.

4.9 | Performance validation (SVM, leave-one-out cross-validation, AUROC)

In this study, SVM determined the line (2D) or plane (3D) which resulted in the highest 

separation accuracy given an input of features. Leave-one-out cross-validation (LOOCV) 

Bendau et al. Page 14

J Biophotonics. Author manuscript; available in PMC 2020 August 18.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



was used to validate the robustness of the separation between a seemingly high-performance 

feature combination. LOOCV is an iterative method which begins by leaving out the first 

feature combination, fitting an SVM to the remaining data, then determines and stores 

whether the not included data point would be classified correctly using the newly defined 

SVM separation. This process is performed on every data point, resulting in a much higher 

performance for feature combinations which have a high degree of separability, but will 

result in much lower performance in datasets which possess many points which lie on the 

boundary of the separation. AUROC is a commonly used graphical representation of 

classification performance in which an area under the resulting curve calculated to be 1.0 

represents perfect separation and 0.5 represents random separation.

4.10 | H&E staining

Tissue samples were collected from freshly excised specimens, frozen, and embedded in 

Optimal cutting temperature compound. The bulk tissue was cryosectioned at ~25°C with a 

Cryostat (CM1850, Leica Biosystems, Buffalo Grove, IL) into 15-μm thick sections for 

histopathological examination by H&E staining.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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FIGURE 1. 
Whole-tumor lactate concentrations for 67NR (n = 7) and 4T1 (n = 9) tumors grown in the 

mammary fat pad of BALB/c mice. A, Mean lactate concentrations over all tumors. Symbols 

• and ▪ show the lactate concentrations for single tumors in each group. Threshold depicts 

the threshold below which the determination of lactate becomes less reliable, due to residual 

lipid background in the MR spectra. B, Lactate concentration for each tumor as a function of 

the tumor volume by caliper (VCal, left) and the tumor volume in the lactate slice (VMRSI, 

right). Of note is, that while 67NR and 4T1 tumors were approximately the same size at time 

of the MR experiment, the tumor volume determined by MR imaging was consistently larger 

than the volume by caliper, with the tumors in the two 67NR cohorts (n = 7) were on 

average slightly larger than the tumors in the two 4T1 cohorts (n = 9) (Figure S2). MR, 

magnetic resonance; MRSI, MR spectroscopic imaging
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FIGURE 2. 
In vivo comparison of the spatial metabolic and vascular structural intra-tumoral 

heterogeneity of 67NR and 4T1 tumors. Spatially mapped tumor lactate concentrations and 

tumor vascularity-based characteristics for a representative 67NR (top row) and 4T1 (bottom 

row) tumor respectively, both grown orthotopically in the mammary fat pad of BALB/c mice 

(same tumors as shown in Figure 4). 1H MRI: 1H MRI of tumor in the slice used to map 

lactate for the entire tumor, overlaid with tumor outline (white) and pixel grid, 

corresponding to the pixels of the lactate map (cyan); Lactate: Lactate concentration map 

with a 36 and 20 mm3 pixel size for the 67NR and 4T1 tumor respectively (2 mm × 2 mm 

in-plane spatial resolution; 9- and 5-mm slice thickness for the shown 67NR and 4T1 tumor 

respectively); Patterns Merged: The spatial distribution of CA uptake patterns in the 

outermost 1-mm tumor slice of the DCE-MRI acquisition (most closely aligned to the 

optical imaging slice)—red, well perfused (fast CA washin and washout), blue: necrosis 

(slow CA washin, with no major washout) with a pixel size of 0.0137 mm3 for the 67NR and 

0.0156 mm3 for the 4T1 tumor; the inset shows the corresponding anatomical MRI of the 1-

mm tumor slice; Akep: To the pattern map corresponding Akep map. The approximate 

measure of tumor blood flow and permeability, Akep, consists of the amplitude A, depicting 

relative MR signal enhancement, and the exchange rate kep, reflecting MR signal increase 

velocity [40]. CA, contrast agent; DCE-MRI, dynamic contrast-enhanced MRI; MRI, 

magnetic resonance imaging.
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FIGURE 3. 
Tumor vascularity in the DCE-MRI slice most closely aligned to the optical imaging slice. 

A, Percent tumor volumes of well-perfused, hypoxic, and necrotic tumor areas, as well as 

mixtures of these, for the outermost 1 mm slice of three 67NR and eight 4T1 tumors 

(abbreviations as in Figure S3A). The outermost slice is more often characterized by fewer 

vascular patterns than the whole tumor (see Figure S3A) which is reflected by the fewer 

Akep values displayed in B. Five of eight 4T1 tumors did not have by DCE-MRI detectable 

necrotic tumor areas in the outermost slice (0% VNTotal) and one of eight 4T1 tumors was 

entirely well perfused in the outermost slice (100% VP). As in the whole tumor, the 

fractional tumor area with more than one CA uptake pattern tended to be higher in the 67NR 

than in the 4T1 tumors; for the latter two of eight tumors were represented by a single 

signal-time curve pattern (1 with 100% VP and 1 with 100% VH respectively). No 

significant differences between tumor types could be detected for the outermost slice. CA, 

Bendau et al. Page 21

J Biophotonics. Author manuscript; available in PMC 2020 August 18.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



contrast agent; DCE-MRI, dynamic contrast-enhanced MRI; MRI, magnetic resonance 

imaging
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FIGURE 4. 
Comparison of the structural, that is, collagen fibers, intra-tumoral heterogeneity of 67NR 

and 4T1 tumors. A,E, H&E staining of a representative tumor section; B,F, Representative 

collagen images of the same 67NR and 4T1 tumors as shown in Figure 2, captured by SHG 

imaging (920 nm excitation, 460 nm emission). The 67NR tumor showed curly, less densely 

packed fibers than the 4T1 tumor with its long, straight, and bundled fibers. The yellow 

arrows indicate the collagen fibers; C,G, Local entropy calculated for both images. D,H, The 

2D Hessian cross-term (Hxy) result obtained post-convolution with B,F. Scale bars are 20 

μm. I, 3D scatter plot of the averaged entropy, SD of entropy, and SD of the 2D Hessian 

cross-terms for each extracted SHG image, calculated across all nonzero (intensity) spatial 

locations, for both 4T1 and 67NR. J, AUROC curves and corresponding AUC scores 

obtained via two separate forms of cross-validated SVM separation using the three features 

listed above. AUC, area under the curve; AUROC, area under the receiver operating 

characteristic curve; H&E, hematoxylin and eosin; SHG, second harmonic generation; 

SVM, support vector machine
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FIGURE 5. 
NMF analysis of resonance Raman spectra identifies distinguishing features between 67NR 

and 4T1 tumors. A, Representative resonance Raman spectra of 4T1 (solid, blue) and 67NR 

tissues (dotted, red), background subtracted and normalized to the intensity at 1006 cm−1. 

Prominent peaks in both spectra have wavenumbers indicated above 4T1 spectra. 

Differences in peak intensity are most obvious for the peaks at 1090, 1339, 1358, 1395, 

1446, 1554, 1587, 1610, 1639, and 1658 cm−1. B, NMF-extracted feature spectra showing 

the two feature spectra used to obtain the highest accuracy and SVM separation. Feature 

spectrum #1 is the solid, pink line and Feature spectrum #3 is the dotted, red line. C, 2D 

SVM separation using the feature spectra displayed in B. Weights of the given feature 

spectra 1 and 3 for 67NR (red circle) and 4T1 (blue diamond) indicate degree to which a 

given RR spectrum is composed of a given feature spectrum. The shallow slope of the line 

indicated that feature spectrum #3 is the primary separator between the two tumor types. D, 

AUROC separation demonstrates a cross-validated characterization accuracy of 92.1% along 

with the sensitivity of 96.6% and specificity of 77.8% to distinguish 67NR (n = 5) from 4T1 

tumors (n = 9). AUROC, area under the receiver operating curve; NMF, nonnegative matrix 

factorization; RR, resonance Raman; SVM, support vector machine
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