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Abstract

Spectroscopic analysis of biological tissues can provide insight into changes in structure and
function due to disease or injury. Depth resolved spectroscopic measurements can be implemented
for tissue imaging using optical coherence tomography (OCT). Here spectroscopic OCT is applied
to in vivo measurement of burn injury in a mouse model. Data processing and analysis methods
are compared for their accuracy. Overall accuracy in classifying burned tissue was found to be as
high as 91%, producing an area under the curve of a receiver operator characteristic curve of 0.97.
The origins of the spectral changes are identified by correlation with histopathology.

Evaluation of burn severity is a significant clinical problem. There are over 2 million burns
reported each year in the United States, and for U.S. military personnel, a significant
fraction of injuries are thermally related [1]. These injuries are estimated to cost $7.5 billion/
year [2]. The magnitude of this clinical need has inspired development of many technologies
to assess burn depth, which can range from superficial first-degree burns affecting only the
epidermis to full thickness third-degree burns that extend through the entire dermis.
Unfortunately, none of these burn assessment technologies have been widely adopted and
clinical judgment still relies primarily on visual inspection, with an accuracy of about 70%

[3].

A number of optical methods have been developed to evaluate burn injuries including laser
Doppler imaging for assessing blood flow [4] and photoacoustic imaging for measuring
blood coagulation [5]. Near infrared (NIR) spectroscopy offers another compelling approach
for burn assessment. NIR spectroscopy studies have revealed changes in oxygen saturation
and total hemoglobin that are dependent upon the severity of the burn [6] and shown that
multispectral imaging can accurately predict the time needed for intermediate-depth burn
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wounds to heal [7], but there has yet to be an implementation with depth-resolved
measurements.

One approach that has been used to acquire depth-resolved, NIR spectra is spectroscopic
optical coherence tomography (OCT) [8, 9]. Spectroscopic OCT has primarily been utilized
to measure wavelength-dependent absorption [10-14], but it can also be used to measure
tissue scattering spectra [15, 16] which have been leveraged to detect early cancerous
changes in epithelial tissues [17]. Previous applications of non-spectroscopic OCT to burn
evaluation have focused primarily on polarization-sensitive imaging [18-20], which can
detect changes in collagen organization. Another recent study of burn injury combined OCT
with reflectance confocal measurements [21] but did not include spectroscopic contrast.

In this study, we used spectroscopic OCT to evaluate burned animal tissues in vivo. The
depth-resolved spectral data were obtained by processing the OCT signal with a short time
Fourier transform (STFT) or the recently developed dual window (DW) method [22]. The
spectral data were used to classify the tissue as burned or healthy based upon coefficients
derived from power-law fitting or a logistic regression classification model. The accuracy of
these two approaches was compared for both the STFT and DW processing methods.

Experimental OCT imaging was accomplished using a commercial OCT system (Ag = 850
nm, A\ = 155 nm; Spark DRC, Wasatch Photonics Inc., Durham, NC) that offered an
imaging range, axial resolution, and lateral resolution in air of 2 mm, 2.1 um, and 8 um,
respectively. The animal studies outlined below were approved by the Institutional Animal
Care and Use Committee at Duke University. First, mice were anesthetized, shaved, and
placed in a custom, insulated mold with an 8-mm diameter opening that exposed the shaved
dorsal skin. Next, burn injuries were induced at the opening by immersing the mold in 60°C
water for 25 seconds [23]. This produced third degree burns affecting the epidermis, dermis,
and subdermal adipose layers. The tissue was imaged immediately following burn induction
and was marked with India ink to enable registration with histopathology.

Figure 1 shows typical OCT images of healthy and burned mouse tissues obtained in vivo
alongside histopathology from the same site. The healthy tissues show regular structures in
the OCT image (note horizontal axis has been compressed to allow display of OCT image)
while the burned tissue appears more irregular. The histopathology in Fig. 1(c) shows the
epidermis at the surface above the collagenous dermis. Beneath the dermis are layers of
adipose tissue and muscle. In contrast, the burned tissue [Fig. 1(d)] shows a pink layer of
necrotic tissue atop a layer of darkly stained cell nuclei, which is indicative of inflammation.
The fat cells are no longer confined beneath the dermis and appear in the superficial layers
as well.

Typically, spectroscopic OCT images are formed by processing the raw interferometric data
with an STFT [8, 9]. This approach yields depth-resolved spectral information, but results in
a loss of spatial resolution because resolution in one domain is exchanged for knowledge in
the other. The DW method, on the other hand, uses the product of two STFTSs, one
calculated with a narrow window, to provide good spectral resolution, and the other
calculated with a broad window to maintain depth resolution [22]. In this study, the DW
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method was applied using window sizes of 1400 cm! (wide) and 75 cm™ (narrow). The
wide window provides an axial resolution of 3 um in air while the narrow window produces
a spectral resolution of approximately 5 nm. For the STFT processing, a spectral window of
75 cm~1 was applied, resulting in a spectral resolution of 5 nm, but a degraded axial
resolution of 60 um.

Data were analyzed from 6 burned and 4 healthy sites, comprising 77807 total spectra.
Figure 2(a) shows the average spectrum obtained for all sites of each type using the DW
method. These average spectra as well as those from each individual tissue location were fit
to a power law of the form A A2 where ) is the wavelength and A b are fitted parameters.
Figure 2(b) shows the distribution of the power law exponents for the two tissue types. A
statistically significant difference was observed with the healthy tissue showing an exponent
of b= 7.8 compared to b = 1.2 for the burned tissue. Note that the healthy tissue spectrum in
Fig. 2(a) is monotonically decreasing over almost the entire spectral range while the burned
tissue spectrum shows several oscillatory features that are similar to the absorption spectrum
of adipose tissue [24]. This observation is supported by the histopathology of the burned
tissue sample displayed in Fig. 1(d), which shows that the fat cells are no longer confined
beneath the dermis.

To demonstrate the diagnostic utility of the spectral data, the OCT images shown in Fig. 1
were color coded based on the power law exponent b [Fig. 3 (a) & (¢)]. For comparison, the
spectral data were also analyzed using principal component analysis followed by logistic
regression to form a binary predictor of tissue health ¢ [Fig. 3 (b) & (d)]. The color coded
images show healthy tissue with mostly light-beige coloring and burned tissue with mostly
red coloring.

To quantitatively compare the performance of the two analysis methods, receiver operator
characteristic (ROC) curves were created (Fig. 4). These were compared by evaluating the
area under the curve (AUC) which was 0.83 for the power law exponent and 0.87 for the
logistic regression analysis indicating similar performances. The overall accuracy of 76%
(power law exponent) and 80% (logistic regression) for these two methods are reasonable
but not sufficiently robust to serve as a basis for a diagnostic method where visual inspection
can already achieve 70% accuracy. Upon studying Fig. 3, it is evident that each tissue type
has a few misclassified pixels within areas that are mostly classified as correct.

In an effort to improve the overall accuracy, the images were spatially averaged by
processing the raw interferometric data with an STFT and mean filtering in the lateral
dimension. The resulting OCT images [Fig. 5 (a) and (b)] have noticeably degraded depth
and lateral resolutions of 60 and 40 um, respectively. Figure 5(c) shows the average
spectrum obtained for all sites of each type using the STFT method. Figure 5(d) shows the
distribution of the power law exponents for the two tissue types. The difference in the
exponents was again statistically significant with the healthy tissue showing an average
exponent of b = 6.0 compared to b = 0.9 for the burned tissue. Although the average
exponents are not identical to those observed with the DW-processed data [Fig. 2(a)], the
spectra are qualitatively similar, with the burned tissues again showing oscillatory features.
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To compare the diagnostic utility of the STFT analysis, the OCT images were again color
coded based on the power law exponent b [Fig. 6 (a) & (c)] or logistic regression predictor ¢
[Fig. 6 (b) & (d)]. The color coded images again show healthy and burned tissue with mostly
light-beige and red coloring, respectively, but the colors are more uniform than what is seen
in Fig. 3.

To quantitatively compare the performance of the two analysis methods, ROC curves were
again created (Fig. 7). The AUC values for these curves were sharply improved compared to
those for the ROC curves in Fig. 4 with AUC = 0.95 for the power law exponent and 0.97
for logistic regression. The overall accuracy of 90% and 91% for these two methods were
excellent and point to a potentially robust diagnostic method.

Upon comparison, the STFT-based analysis performed significantly better than the DW-
based analysis. This can be understood by comparing Fig. 2(b) with Fig. 5(d). By virtue of
the larger spatial average, the width of the power-law-exponent distribution is reduced in the
STFT analysis, producing greater separation even though the mean values were similar for
both approaches. A recent analysis by Bosschaart et al. [25] similarly found that DW spectra
were not as accurate when determining bulk tissue properties. Again, the spatial averaging
serves to improve the fidelity of the spectral measurement. While the DW method can
provide useful information related to bulk tissue properties, the approach was developed for
assessing characteristic signatures of light scattered by single cellular particles [16] in an
effort to detect early cancerous changes in epithelial tissues due to changes in nuclear
morphology [17]. These signatures are not seen in STFT-processed OCT spectra due to the
spatial and spectral averaging that are necessary.

We have shown that there are clear spectral changes between healthy and third-degree
burned tissues that can be observed with spectroscopic OCT and that these changes can be
used to discriminate tissue health in vivo in a mouse burn model. Future work will focus on
differentiating between various degrees of burn injuries. We also note that some of the
spectral changes seen here may not directly be applicable to burn assessment in humans. For
example, the spectra of burned tissue [Fig. 2(a) and 5(c)] show oscillatory features
reminiscent of the absorption spectra of adipose tissue [24]. However, reference absorption
spectra are not generally available for mouse fat, burned or healthy. Further, the penetration
depth of spectroscopic OCT may preclude use in clinically assessing the health of deeper
human tissues. However, new techniques under development with improved penetration
depth [26, 27] may benefit from the spectral analysis presented herein.
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healthy burned

Fig. 1.

OgT images of (a) healthy and (b) burned mouse skin in vivo (scale bars 250 pm).
Corresponding histopathology (hematoxylin and eosin staining) is shown below each image.
(c) 10x, 100 pm scale bar. Tissue layers include E-epidermis, D-dermis, A-adipose, and M-
muscle. (d) 4x, 500 um scale bar.
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(a) Average DW spectra from healthy and burned mouse skin in vivo. Data are shown
compared to the best-fit power-law model. (b) The average power-law exponents are

significantly different (p<0.0001).
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power law exponent logistic regression

healthy
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Fig. 3.

Diagnostic capability of DW spectral analysis shown by color coding image based on power
law exponent (a,c) or via logistic regression (b,d) for healthy (a,b) and burned (c,d) tissues.
Scale bars = 250 pm.
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ROC curves for the (a) power law exponent and (b) logistic regression analyses of DW
spectra. Accuracy and AUC are similar with logistic regression showing slightly better

performance.
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OCT images of (a) healthy and (b) burned tissues after STFT processing. (c) Average STFT
spectra from healthy and burned sites. Data are shown compared to the best fit power law
model. (d) The average power law exponents are significantly different (p<0.0001).
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power law exponent logistic regression

Fig. 6.
Diagnostic capability of STFT spectral analysis shown by color coding image based on

power law exponent (a,c) or via logistic regression (b,d) for healthy (a,c) and burned (c,d)
tissues. Scale bars = 250 pm.
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ROC curves for the (a) power law exponent and (b) logistic regression analyses of STFT
spectra. Accuracy and AUC are higher than those associated with the DW analysis (Fig. 4).
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