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Abstract

:

Raman spectroscopy has shown great potential in detecting nonmelanoma skin cancer accurately and quickly; however, little direct evidence exists on the sensitivity of measurements to the underlying anatomy. Here, we aimed to correlate Raman measurements directly to the underlying tissue anatomy. We acquired Raman spectra of ex vivo skin tissue from 25 patients undergoing Mohs surgery with a fiber probe. We utilized a previously developed biophysical model to extract key biomarkers in the skin from the Raman spectra. We then examined the correlations between the biomarkers and the major skin structures (including the dermis, sebaceous glands, hair follicles, fat, and two types of nonmelanoma skin cancer—basal cell carcinoma (BCC) and squamous cell carcinoma (SCC)). SCC had a significantly different concentration of keratin, collagen, and nucleic acid than normal structures, while ceramide differentiated BCC from normal structures. Our findings identified the key proteins, lipids, and nucleic acids that discriminate nonmelanoma tumors and healthy skin using Raman spectroscopy. These markers may be promising surgical guidance tools for detecting tumors in resection margins.
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1. Introduction


Raman spectroscopy offers a non-destructive, fast, and label-free optical approach to assess tumor margins. Several studies have reported the potential of tumor margin assessment using Raman spectroscopy in numerous types of cancer, including skin [1,2,3,4,5], oral cavity [6,7], breast [8,9], brain [10,11], lung [12,13], and stomach [14,15]. These studies can be categorized into two main instrument approaches: handheld fiber probe for single-point sampling and scanning microscopy for optical imaging. While Raman microscopy offers high resolution and good diagnostic accuracy, current systems’ acquisition times are still too long for clinical use. The fiber probe approach, on the other hand, can offer a quick diagnostic method and provide timely assistance in evaluating tumor margins.



Previous studies have shown encouraging results for classifying nonmelanoma skin cancer versus normal tissue with Raman fiber probes [16,17,18,19,20,21]. Several studies have reported high sensitivity (63–100%) and specificity (83–91%) for discriminating the major types of nonmelanoma skin cancer, basal cell carcinoma (BCC), and squamous cell carcinoma (SCC) from normal skin in vivo [16,21,22] and ex vivo [23,24]. Though high diagnostic accuracy has been demonstrated in these studies, most used statistical algorithms to transform Raman spectra to a few significant dimensions, including principal component analysis [16,17,20,21], linear discriminant analysis [23], and maximum representation and discrimination feature [18,19]. As a result, the approach did not elucidate the nature of the biochemical processes responsible for the spectral differences. Furthermore, little direct evidence exists on the sensitivity of the measurements to the underlying anatomy or the role of the healthy skin structures in tumor classification. Indeed, many of the proteins, lipids, and nucleic acids that can be sensed using Raman spectroscopy are present in both normal and tumor tissues.



Our study is the first report to correlate Raman fiber probe measurements directly with the underlying skin tissue anatomy. We characterized biomarkers in ex vivo nonmelanoma skin tissue using a biophysical human skin cancer model developed previously by our group. This model infers the skin’s biochemical makeup, such as collagen, ceramide, elastin, keratin, nucleus, triolein, and water from its Raman spectrum [25]. We first correlated the biomarkers to the proportion of skin structures within the fiber probe sampling area. We observed several correlations consistent with our previous work on the biophysical basis for tumor assessment of skin based on the Raman microscopy approach [24]. The sampling area of the microscopy approach was on the order of 1 μm2, while the probe’s sampling area in this study was 1 mm2. As a result, we observed a lesser sensitivity in this study due to more heterogeneity within the sampling volume. Though Raman microscopy offered a higher sensitivity in detecting cancer, this approach can be lengthy (5–6 hours for one skin tissue sample). Here, our study focused on the fiber probe approach, which can potentially provide the Mohs physician with quick guidance to remove the cancer tissue during the surgery.




2. Materials and Methods


2.1. Instrumentation


The instrument setup has been described in detail in our previous studies [26,27]. Briefly, an 830 nm diode laser (Ondax, max power 500 mW) was coupled to an optical fiber that was bundled into a custom-designed handheld probe [28]. The laser excitation power at the surface of the tissue sample was around 60 mW. The probe was placed in contact with samples during measurement to excite and collect a Raman signal from a sampling area of 1 mm2 (a sampling depth of 1 mm) directly beneath the probe. The Raman fiber probe’s sampling depth was studied previously by our group [28,29]. Briefly, we acquired the spectra of a Raman reference (acetaminophen) submerged in a liquid phantom. This phantom contained a 1-μm diameter microbead solution that represents the absorption and scattering of human tissue (absorption coefficient of 1 cm−1 and reduced scattering coefficient of 10 cm−1 at 630 nm). As the probe moved vertically from the phantom, we monitored select Raman peaks’ spectral intensity at 1324 cm−1 and defined the sampling depth as 50% attenuation from this sigmoid relationship between spectral intensity and depth. The Raman signal from the skin was collected from the seven fibers on the probe and delivered to a custom-configured Raman spectrometer with a spectral resolution of 18 cm−1 (full width at half maximum) for a 100 μm slit (Stroker model from Wasatch Photonics). We used LabVIEW (National Instruments) to control laser exposure time and the spectrometer’s integration time. The integration time was set at 5 seconds for Raman signal acquisition.




2.2. Skin Samples


The skin tissue samples were collected following an approved Institutional Review Board (IRB) protocol at The University of Texas at Austin and the Seton Healthcare Family (#2013-07-0008). A total of 34 excised tissue blocks were collected from 25 patients who had undergone Mohs surgery, the current standard of care for nonmelanoma skin cancer [30], at the Austin Dermatologic Surgery Center. The Mohs surgical procedure involves excision of the debulked tumor with a narrow margin. This tissue layer is then examined using en face frozen section microscopic analysis to determine the presence of residual tumor cells. If tumor cells remain at surgical margins, the Mohs surgeon anesthetizes the patient’s skin again, removes another layer of tissue, and again examines excised tissue margins under the microscope after histopathologic processing. This process iterates until the surgical margins are clear. The skin samples’ thickness is in the range of 1–4 mm. We acquired 82 measurements on these tissue blocks from the excised surface. Following each Raman measurement, we marked the measurement site with a green dye for correlation in histological sections. The tissue was sectioned along the light transport direction into tissue at the center of the green dye marker. The tissue was then processed for standard, formalin-fixed hematoxylin and eosin (H&E) histology. A board-certified dermatologist and fellowship-trained Mohs micrographic surgeon (Dr. Fox) identified major tissue structures such as dermis (Der), sebaceous glands (SG), hair follicles (HF), fat, BCC tumor, and SCC tumor within the 1 mm2 sampling area (highlighted by the white dashed box) immediately below the measurement location (Figure 1). We used ImageJ (NIH) to quantify the area of these skin structures for all the measurements.



Table 1 provides a summary of the pathological assessment of all the measurements. We defined a sample as cancer (BCC or SCC) when the dermatologist identified tumors within the sampling area. Sampling areas containing healthy skin structures such as hair follicles, sebaceous glands, fat, and dermis were categorized as normal skin. Among the 82 measurements, 18 were BCC, 12 were SCC, and 52 were normal. Among the 52 normal skin measurements, all samples had dermis, 27 samples with fat, 16 samples with sebaceous glands, and 14 samples with hair follicles. We reported normal skin patients only when all the measurement sites were confirmed as normal skin by histopathology. If one of the measurements was confirmed as a tumor, the patient was counted as with a tumor.




2.3. Raman Signal Processing and Extraction of Biomarkers


The processing procedure for raw Raman spectra included wavenumber calibration, dark noise background removal, cosmic ray removal, smoothing, and a fifth-order polynomial fitting to remove tissue fluorescence background, as described in our previous studies [17]. The spectral intensity response was calibrated using an LS-1-CAL calibrated tungsten halogen lamp (Ocean Optics, Dunedin, FL, USA).



We applied a previously developed biophysical model to the data to extract the biomarkers in skin samples [25]. Our model was built based on elemental Raman spectra of key components in the skin and used linear fitting to extract these components’ contribution. For the skin samples collected in this study, we assumed seven key Raman active components for model fitting, including collagen, elastin, triolein, keratin, nucleus, ceramide, and water. Melanin was minimal within the dermis of the skin in these samples; hence it was not included in the model. All the model components were extracted from human skin and contained rich biochemical and structural information. For instance, collagen and elastin were the major constituents in the dermal extracellular matrix. The nucleus represented the nuclear material in the cell. Ceramide was an essential constituent in sebaceous lipid, while triolein existed in large amounts in subcutaneous fat.




2.4. Statistical Analysis


To compare the difference between groups of samples, we used R (RStudio 2018) to perform an analysis variance (ANOVA) combined with Tukey’s test as a post hoc analysis.





3. Results and Discussion


The skin biophysical contribution within the sampling area was first extracted using our previously developed Raman biophysical skin model [25]. Figure 2 shows the model fit to Raman spectra from samples with dominant skin structures of BCC tumor, dermis, fat, SCC tumor, hair follicles, and sebaceous glands. The model fits the Raman skin spectra well, with mean residuals below 5%. This procedure’s outputs were fit coefficients of seven biocomponents, including collagen, elastin, triolein, keratin, nucleus, ceramide, and water representing each component in the sampling area. Even though the Raman spectra of different groups of skin tissue appear to be similar, several studies have shown that Raman signals can be resolved to a multitude of contributions from various biophysical tissue constituents [24,31,32]. Feng et al. [25] used Raman imaging and multivariate curve resolution analysis to determine the Raman spectra of the individual in situ skin constituents, which were combined linearly to fit in vivo human skin spectra. Larraona-Puy et al. [31,32] used linear discriminant analysis to build a multivariate supervised classification model of normal skin and tumors. These methods could resolve the slight differences in Raman spectra to statistical differences between normal skin and tumors.



In order to identify the key biomarkers associated with the various skin structures, we computed the Pearson correlation coefficients (PCC) between each biomarker contribution extracted from the Raman spectra versus the area of each skin structure from the histology slices (Table 2). We highlighted the pairs that resulted in strong correlation (PCC > 0.6, dark gray), moderate correlation (0.4 < PCC < 0.6, gray), and weak correlation (0.2 < PCC < 0.4, light gray). Figure 3 highlights a few key correlations. For demonstrating the correlation coefficients computed in Table 2, we divided the percentage of tissue structure equally in three sections (low, medium, and high percentage) to visualize the trends of the contribution of biomarkers across these three sections. The SCC tumor area was positively correlated with the keratin in the sampling area (Figure 3a). Keratin is a fibrous structural protein produced by keratinocytes and is abundant in the normal epidermis and dermis. The positive correlation of keratin in SCC tumors may be attributed to large keratinization areas in response to malignant cells [33]. The SCC tumor area negatively correlated with collagen in the sampling tissue (Figure 3b). Collagen is a major component in the extracellular matrix, and as SCC tumors progress, matrix metalloproteinases are involved in the fragmentation of the extracellular matrix, which eventually leads to the breakdown of collagen [34,35]. We observed a negative correlation between BCC and ceramide (Figure 3c). Ceramide, the main stratum corneum polar lipid, plays a crucial role in skin barrier function and epidermal differentiation. The lack of ceramide in the skin might result in the mutation of basal cells in the epidermis and initiation of BCC growth [36].



Other than the trends observed in tumor groups, we also recorded strong/moderate correlations in healthy skin structures such as fat vs. triolein, dermis vs. collagen, and sebaceous glands vs. ceramide (Figure 3d–f). These correlations reflect our understanding of the skin’s structural components as triolein is an important constituent in fat, collagen makes up the dermis, and sebaceous glands contain large amounts ceramide [24]. Our findings align and complement preceding studies [37,38] that examined the distinctive Raman band differences between malignant skin lesions and normal skin. Gniadecka et al. observed an increased intensity of the band around 1000 cm−1 from the phenyl ring in SCC due to hyperkeratosis as phenyl ring structure is abundant in the keratin molecule [37]. Gniadecka et al. also reported a decreased intensity of the band 1271 cm−1 of amide III of proteins (collagen, elastin) in SCC, which is consistent with our finding of the reduced elastin and collagen due to extracellular matrix reorganization in malignant tissue. By translating the spectral difference of Raman spectra into biochemical contribution differences, our study complements earlier studies by directly assigning these bands to biophysical tissue constituents.



We demonstrated statistical comparisons of each biomarker’s distribution between tumor groups from the normal group in Figure 4. The SCC group had significantly higher keratin and nucleus contributions and less contribution in collagen than the normal group. The BCC group has a significantly lower level of ceramide than the normal group. These observations in BCC and SCC are consistent with our findings from Table 2. Additional analysis to distinguish tumor (BCC or SCC) and normal group with cross validation and receiver operating characteristic curve was presented in Figure S1 (Supplemental Materials).



One limitation of this study is that we used single H&E-stained cross-section images to correlate to the Raman signals collected from the tissue volume. Future studies should consider several H&E sections spaced apart to enable volumetric reconstruction of the sampling volume of the measurement, which will result in a more precise correlation between the Raman signal and underlying tissue. Another limitation of this study is that it simplified the model to only seven Raman active components. We originally reported a skin model with fifteen components in a prior study, but we decided to reduce the number of components to seven to avoid collinearity issues and reduce fitting variance [25]. Regardless, we acknowledged that there are far more molecules in the skin, and our seven-component-model may underestimate the contribution of other molecules to the Raman signal. The biophysical model we used in this study was built based on seven skin active biomarkers with different Raman scattering cross-sections. Several biomarkers that pathologically correlated with tumors (nucleus, collagen, and elastin) had lower Raman cross-sections than triolein. Hence, the detectability of nucleus, collagen, and elastin can be limited or sometimes overwhelmed by the triolein in the sampling volume. The biophysical model used in this study contains seven biomarkers, including collagen, elastin, triolein, nucleus, keratin, ceramide, and water, that are suitable for excised skin tissue. For future intraoperative studies, additional biomarkers such as plasma and blood cells should be added to the biophysical model to account for the operative condition. Another consideration for future research is to examine the high wavenumber region of the skin tissue Raman spectra (2400–3800 cm−1). Previous studies have shown high cancer detection capabilities when using the high wavenumber region alone [39] or in combination with the fingerprint region (400–1800 cm−1) [40].




4. Conclusions


We used a fiber probe to acquire Raman spectra on ex vivo skin tissue from Mohs surgery patients. Through a biophysical model previously developed by our group, we extracted the contribution of critical biomarkers in the skin from the Raman spectra. We then examined the correlations between the biomarkers and the major skin structures (including the dermis, sebaceous glands, hair follicles, fat, BCC, and SCC) within the sampling area. We observed strong correlations in healthy skin structures such as fat vs. triolein, dermis vs. collagen, and sebaceous glands vs. ceramide. Our results also showed that SCC had a significantly different concentration of keratin, collagen, and nucleus when compared to normal structures, while BCC showed lower amounts of ceramide than normal structures. Our findings demonstrate the ability of Raman spectroscopy to measure skin biophysical contribution, which varies greatly across skin structures and pathologies. This information may impact future studies and approaches using Raman spectroscopy as diagnostic and surgical guidance tools.
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Figure 1. Examples of tissue structure within the sampling area of the fiber probe with the main area of (a) dermis (Der), (b) sebaceous glands (SG), (c) hair follicles (HF), (d) fat, (e) BCC tumor, and (f) SCC tumor. The green dye on skin tissue (marked by the black arrow) shows the location of Raman acquisition, and the white dashed box highlights the sampling area of 1 mm2. Scale bar: 200 µm. 
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Figure 2. Examples of fitting of Raman spectra of skin samples that are dominant with BCC tumor, dermis (Der), Fat, SCC tumor, hair follicles (HF), and sebaceous glands (SG). Black bold solid lines represent Raman signal from skin samples, red dotted lines show model fitting, and black lines at the bottom are residuals from fitting. 
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Figure 3. Contribution of biomarkers extracted from Raman spectra versus the percentage of tissue structures from histological analysis (total number of measurements is 82) in (a) Keratin vs. SCC, (b) Collagen vs. SCC, (c) Ceramide vs. BCC, (d) Triolein vs. Fat, (e) Collagen vs. Dermis and (f) Ceramide vs. SG. The percentages of tissue structures were divided equally into three sections for distribution comparison. Statistical analysis was performed via analysis of variance (ANOVA) combined with Tukey’s test as a post hoc analysis. Statistical significance notion: * p ≤ 0.05, ** p ≤ 0.01, *** p ≤ 0.001, **** p ≤ 0.0001. 
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Figure 4. Statistical analysis to compare differences in the contribution of biomarkers in the tumor (BCC or SCC) and normal skin (including the dermis, hair follicles, sebaceous glands, and fat) Statistical analysis was performed via analysis of variance (ANOVA) combined with Tukey’s test as a post hoc analysis. Statistical significance notion: * p ≤ 0.05, ** p ≤ 0.01, *** p ≤ 0.001, **** p ≤ 0.0001. 
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Table 1. Summary of samples’ pathological assessment.
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	Normal
	BCC
	SCC





	Number of measurements
	52
	18
	12



	Number of patients
	11
	8
	6
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Table 2. Pearson correlation coefficients between biocomponents and tissue structures.
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	Fat
	SG
	HF
	Der
	BCC
	SCC





	Triolein
	0.61
	−0.07
	−0.12
	−0.08
	−0.08
	−0.13



	Collagen
	−0.04
	−0.12
	−0.14
	0.40
	−0.08
	−0.36



	Elastin
	0.09
	0.12
	0.01
	0.11
	−0.01
	−0.24



	Nucleus
	−0.26
	−0.17
	0.02
	−0.03
	−0.04
	0.20



	Keratin
	−0.49
	0.09
	0.06
	−0.27
	−0.06
	0.55



	Ceramide
	0.06
	0.45
	0.13
	−0.05
	−0.29
	0.00



	Water
	−0.54
	0.03
	0.09
	−0.14
	0.09
	0.37
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