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Distinguishing between renal oncocytoma and
chromophobe renal cell carcinoma using
Raman molecular imaging
Shona Stewart,a* Heather Kirschner,a Patrick J. Treado,a Ryan Priore,b

Maria Tretiakovac and Jeffrey K. Cohend
Raman molecular imaging was evaluated as a tool for differentiating between kidney tumors which are sometimes confused
using conventional histopathological methods.
Renal oncocytoma and chromophobe renal cell carcinoma are two kidney tumors which occasionally possess overlapping
histological features. There is no reliable alternative method to routine histologic examination for differentiating these neo-
plasms. However, a conclusive diagnosis is important, as renal oncocytoma is benign and chromophobe renal cell carcinoma
has malignant potential, requiring different treatment options.

In an investigation based on 88 patients, a partial least squares discriminant analysis model generated from Raman molec-
ular images distinguished between chromophobe renal cell carcinoma and renal oncocytoma with a performance of 86% sen-
sitivity and 81% specificity.

These initial observations suggest that Raman molecular imaging may be applied not only to the differentiation of these
kidney tumors but also to other applications for which conventional histological methods are not sufficient for a conclusive
diagnosis. Copyright © 2014 John Wiley & Sons, Ltd.

Additional supporting information may be found in the online version of this article at the publisher’s web site.
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Introduction

The use of digital technology in disease diagnosis is currently mak-
ing a significant impact in medicine. Amongst the emerging digital
technologies, Raman imaging techniques promise rapid analysis of
tissue without the use of additional reagents or staining.

Raman spectroscopy is routinely employed as an analytical
tool in a variety of industries such as pharmaceuticals and poly-
mer manufacturing. The technology has also been applied to
cells and tissues, is potentially capable of being employed
in vivo, and in recent studies has shown promise in identifying
disease progression. These applications, in addition to molecu-
lar-level specificity and sample preparation without reagents,
make Raman technology an appealing addition to the more
conventional analysis methods used in medicine today. Raman
spectroscopy has been evaluated as a diagnostic tool for a large
number of medical applications. It has been applied to cancer
and precancer diagnosis and detection in a variety of organs such
as breast,[1,2] esophagus,[3] cervix,[4] oral cavity,[5] stomach,[6]

skin,[7] prostate,[8,9] colon,[10] kidney,[11–13] and brain.[14] The
majority of these investigations has focused on identifying the
presence[1,2,7,10–14] or early detection[3–6] of disease in humans.
In vivo Raman measurements have been demonstrated in a
number of reports.[11,12] In many cases, diagnostic sensitivity
and specificity are high. For example, Lyng and coworkers
obtained 98.5% sensitivity and 99% specificity for the
identification of invasive cervical carcinoma.[4] Furthermore,
Raman sampling is versatile enough for application to both fresh
tissues and formalin-fixed paraffin-embedded (FFPE) tissues.
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Evidence that Raman spectral features can be correlated with
molecular composition and structure associated with the disease
state of a tissue is convincing. Raman molecular imaging (RMI)
combines the sensitivity and specificity of Raman spectroscopy
with digital imaging technology, yielding a methodology for visu-
alizing both the morphological and chemical compositions of a
material simultaneously.[15] RMI offers the ease of interpretation
Copyright © 2014 John Wiley & Sons, Ltd.
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of a digital imaging method with the high molecular specificity of
Raman measurements.
One particularly challenging problem for pathologists is

differentiating between two specific kidney neoplasms.
Chromophobe renal cell carcinoma (ChRCC) is a subtype of renal
cell carcinoma which comprises approximately 5% of all renal
tumors.[16] Renal oncocytoma (ONC) is a common benign
neoplasm, characterized by large numbers of mitochondria in
its granular cytoplasm.[17] In the eosinophilic form, ChRCC tumor
cells also have a granular cytoplasm which resembles that of ONC
tumor cells but are composed of cytoplasmic microvesicles and
abnormal mitochondria. As a result, the two neoplasms can have
overlapping histological features. The ‘gold standard’ method for
identifying ChRCC is histological examination. A number of
special stains and immunohistochemical markers, such as Hale’s
colloidal iron stain, have been employed to differentiate ChRCC
from ONC. However, none of these is substantially specific to ei-
ther tumor type,[18,19] and some can be technically challenging
to perform, with results which are difficult to interpret.[20] In cases
where ChRCC cannot be histologically distinguished from ONC, a
patient will be treated as if there were a malignancy, resulting in
more aggressive or invasive treatment than may be necessary. A
method to distinguish between ONC and ChRCC in cases of
histological overlap would conceivably reduce the number of
unnecessary surgeries.
This study evaluates RMI for distinguishing between ChRCC

and ONC on conventional FFPE tissues. A technique which can
be used to assist in diagnosis of ONC and ChRCC would have
an invaluable impact on the physical and emotional welfare of
patients, in addition to reducing the burden of decision faced
by clinicians.
Materials and methods

Tissues

ONC and ChRCC tissue sections were provided by two sources.
Conventional histological tissue sections from 20 patients diag-
nosed with ONC and 14 patients diagnosed with ChRCC were
provided by the Allegheny General Hospital (Pittsburgh, PA)
Pathology Department. Tissue microarray (TMA) sections from
17 patients diagnosed with ONC, 37 patients diagnosed with
ChRCC, and 9 patients diagnosed as normal were obtained from
the University of Chicago Medical Center (Chicago, IL) Depart-
ment of Pathology. Many of these latter tissue sections were
obtained in replicate and triplicate. All samples were obtained
under appropriate Institutional Review Board (IRB) regulations.
Tissues were sectioned into 4-μm-thick slices from paraffin

blocks. For each tissue, adjacent sections were placed on both
glass and aluminum-coated microscope slides. Tissue sections
on glass slides were stained with hematoxylin and eosin (H & E)
for histopathological examination, while tissue sections for
Raman experiments were placed on aluminum-coated slides,
deparaffinized and left without a cover slip.

Raman molecular imaging

Raman molecular images were generated on a FALCON II™ Wide-
Field Raman Chemical Imaging System (ChemImage Corp.,
Pittsburgh, PA). A Nd:YAG laser lasing at 532 nm was utilized for
excitation, and a Multi-conjugate filter (MCF, ChemImage, Corp.,
Pittsburgh, PA) was employed as the imaging spectrometer.
wileyonlinelibrary.com/journal/jrs Copyright © 201
The excitation light was directed through a 50× microscope
objective to the tissue sample, then the Raman scattered light
was directed back through the microscope to an electron
multiplying charge-coupled device (EMCCD, Andor Technology,
South Windsor, CT), which detected the Raman photons with a
spectral resolution of 9 cm�1 FWHM. This mode of image collec-
tion is also known as wide-field or hyperspectral imaging.
Brightfield (i.e. RGB) images of unstained and H & E stained
tissues were collected using a μEye® 1460-C video camera
(Imaging Development Systems, Obersulm, Germany) housed
on the Falcon II system. Instrument control and data processing
were performed with commercially available software programs,
ChemImage Xpert™ (CIXpert, ChemImage, Corp., Pittsburgh, PA)
and MATLAB® (Mathworks, Natick, MA).

Raman molecular images were collected over the range
600–3200 cm�1 at high spectral resolution, resulting in a total
of 391 frames (or Raman shifts) in each image. At each Raman
shift, the tissue was exposed to the laser at a power of 100mW
for 9 s. Over each sample field of view (FOV), the laser power den-
sity was 5669Wcm�2. A dark current contribution was measured
in advance and subtracted from the images as they were
acquired. Raman molecular images from several adjacent FOVs
at 50× magnification were digitally concatenated to create larger
regions of interest (ROI) ranging between 120μm×120μm and
200μm×200μm.
Experimental methodology

For each tissue section imaged, the following steps were
performed:

a. Regions of tumor cells were identified on the H & E stained tis-
sue. For conventional histological sections, these regions were
identified by a pathologist. In some cases, the unstained tis-
sue was stained with H & E post-Raman image acquisition.

b. The corresponding area on the unstained adjacent tissue sec-
tion was located.

c. Brightfield images of both ROIs were collected.
d. Raman molecular images of the unstained tissue were col-

lected and processed.
e. The Raman molecular image was ‘fused’ digitally to either the

brightfield image of the same ROI after H & E staining or the
brightfield image of the corresponding location on the H &
E stained adjacent tissue section. Digital fusion of images
matches tissue features visible in a brightfield image with
spectral data corresponding to the same features in the Ra-
man molecular image.

f. Regions of tumor cells within the stained brightfield image
were selected, enabling the extraction of Raman image spec-
tra from the fused Raman molecular image.

g. Extracted Raman image spectra were processed and analyzed
using chemometric methods.
Data preprocessing

Raman molecular images were processed post-acquisition to
correct for cosmic events, instrument response, and illumination
uniformity. Cosmic events were removed using a 5 × 5 median
kernel filter. Pixel intensities that varied more than 3 standard
deviations from the average intensity within the kernel were
replaced with the median intensity of the kernel. A standard
reference material with a known Raman response at 532 nm laser
4 John Wiley & Sons, Ltd. J. Raman Spectrosc. (2014)
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excitation (Standard Reference Material 2242), developed by the
National Institute of Standards and Technology (NIST, Gaithers-
burg, MD), was utilized to correct for instrument response and
slight illumination irregularities across the tissue.

For each case, 2 to 15 Raman image spectra were extracted. In
total, the cases are represented by 354 ONC and 774 ChRCC image
spectra. After spectral truncation to 860–1860 cm�1, image spectra
were baseline adjusted using a first order polynomial fit, then vec-
tor normalized. A calibration transfer was applied to all extracted
image spectra to take into account the non-linear spectral shift
existing between data populations due to differences in the instru-
ments over the time period of the project. This spectral alignment
was performed by applying a piecewise linear correction using
four known peaks occurring in tissue to shift and stretch the
spectra: 1002 cm�1, 1035 cm�1, 1450 cm�1, and 1672 cm�1.

Data analysis

Partial least squares discriminant analysis (PLS-DA) is a well-
known statistical method of analysis and has been explained pre-
viously for data reduction, model creation, and data classification.
Briefly, it is a supervised classification method often employed to
differentiate between known classes, with the goal of using the
resulting PLS-DA model to predict the class membership for un-
known observations.[21,22] PLS-DA was employed to create a
two-class model describing the relationship between ONC and
ChRCC image spectra and provide a means of predicting the class
membership of unknown cases. A leave-one-out cross-validation
(LOO-CV) technique was employed to validate the model. In this
method, the PLS-DA model is built repeatedly, each time leaving
out the spectral data of one case, until the image spectra corre-
sponding to all cases have been tested.

Performance of the model is assessed through a receiver operator
characteristic (ROC) curve analysis. An ROC curve is a plot showing
sensitivity versus 1-specificity of a test for a binary system. This tech-
nique of performance evaluation is used as a tool to select an optimal
threshold of a data set that maximizes sensitivity and specificity. It is
generated by calculating a PLS-DA score for each case from themea-
sured spectroscopic data followed by sweeping a threshold value
across the observed score values. The true positive, true negative,
false positive, and false negative detections as compared to a ground
truth are calculated at each threshold value to yield the sensitivity
and specificity results. The area under the ROC curve (AUROC) is a
measure that is often used to compare performance of ROC curves
with a single value. The area under a perfect ROC curve is 1.

Another way to exploit the mode of wide-field imaging is the
ability to apply a ‘digital stain’ to a Raman molecular image. In
this technique, the generated PLS-DA model is used to classify
every pixel in a Raman image as either ChRCC or ONC. When
digitally staining a Raman image as ChRCC, the pixels have values
from 0 to 1 representing a score for ChRCC, where 1 is the highest
score, and 0 is the lowest. Pixels scoring 1 are white, and those
scoring 0 are black. Therefore, a digitally stained Raman molecu-
lar image of a known ChRCC will appear to be brighter when clas-
sifying for ChRCC than when classifying for ONC.
Results and discussion

Raman molecular imaging and image spectra

To our knowledge, only one report of RMI (i.e. in wide-field mode)
for disease diagnosis has been published.[9] The unique nature of
J. Raman Spectrosc. (2014) Copyright © 2014 John Wiley
this study lies in the mode of Raman imaging and the use of FFPE
tissue sections. The ability to collect Raman data from paraffin-
embedded tissues increases the utility of RMI since FFPE tissues
are readily available in tissue banks; they archive safely, and
in most cases, provide enough tissue for preparing multiple
sections if necessary.

A number of methodologies exist for Raman imaging tech-
niques for cells and tissues[7,14,23–28]; however, these are mapping
techniques which can suffer technical drawbacks not observed
when collecting Raman molecular images with a wide-field meth-
odology. Long acquisition times are a possibility with mapping,
due to the need for collecting a single Raman spectrum at very
small intervals across an ROI. Subsequent to the large time inter-
val between acquisition of spectra at the first and final locations
is the potential for background influences to be non-uniform
across the data set and therefore difficult to remove.

In contrast to images collected by mapping methods, high-def-
inition Raman molecular images are collected in a time-efficient
manner by selecting discrete Raman spectral ranges as a function
of time, capturing an image of a whole FOV with each CCD
camera integration. The collection of Raman information of all
points in a FOV reduces non-uniformity of background factors.
Furthermore, because data is collected over discrete free spectral
ranges, the total acquisition time can be minimized by the user.

To produce Raman molecular images and spectra, Raman
scattered light from the sample passes through the MCF, which
is electronically tuned to allow throughput of the light at discrete
wavelengths or Raman shifts before being imaged by the
detector. Each image frame contains Raman information from
every pixel in the FOV. Hence, both spatial and molecular
information is collected simultaneously. Consequently, each pixel
within an image contains Raman spectral information, and
observing a single pixel over the complete set of image frames
yields a Raman spectrum that describes the molecular composi-
tion of the sample in the pixel location. Spectral differences
ultimately provide the contrast in the Raman image. This enables
the conversion of a virtually featureless brightfield image into an
image showing high contrast, which may be colored to show
regions of differing spectral information.

The benefits of Raman contrast are illustrated by comparing a typ-
ical brightfield reflectance image of a stained kidney tissue section
(Fig. 1(a)) with a snapshot of the corresponding three-dimensional
Raman molecular image of the tissue section (Fig. 1(b)), which
comprises 391 frames, each representing Raman scattered light at
a different wavelength. Digital fusion of the Raman image to the
brightfield image enables a pathologist to identify regions in a
conventionally stained tissue section (Fig. 1(a)) in order to yield
Raman data describing the selected tumor cells (Fig. 1(c)).

Because the majority of biological tissues are composed of pro-
teins, lipids, carbohydrates, and nuclear material, Raman spectra
of tissues exhibit a degree of similarity. The average of the 354
ONC and 774 ChRCC image spectra shows subtle spectral differ-
ences (Fig. 2). Peaks at 1002, 1035, 1120, 1316, 1336, 1450,
1612, and 1672 cm�1 represent the major components in the kid-
ney tissue. These are typical Raman peaks in biological spectra
and have previously been attributed to the phenylalanine ring
breathing mode, phenylalanine CH ring bending mode, CC
stretching mode in lipids, CH wagging mode (both 1316 and
1336 cm�1), CH deformation mode, CC in-plane bending mode
of phenylalanine and tyrosine, and the C=O stretching
mode of Amide I, respectively.[6,29,30] This is summarized in the
table in Fig. 2. The most significant differences between the
& Sons, Ltd. wileyonlinelibrary.com/journal/jrs



Figure 1. Typical Raman molecular image and image spectra. (a) Brightfield image of a tissue section prepared for histological examination. (b) Raman
image of adjacent tissue section, unstained. (c) Extracted Raman image spectra representing highlighted cells of interest.

Figure 2. Average image spectra of ChRCC (dashed line) tumor cells, ONC (solid line) tumor cells, and the difference spectrum (dotted line). Table
shows peak assignments.
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ONC and ChRCC average spectra are at 1035, 1120, and
1612 cm�1. A smaller difference between the two average
spectra can be seen at 1560 cm�1. These spectral distinctions
are highlighted in a difference spectrum between the two
averages (Fig. 2).
Differentiation between the two neoplasms was made

possible because of the ability to extract data exclusive to
ONC and ChRCC cells from Raman molecular images and thus
eliminate background interferents. Selection of the tumor cells
and exclusion of the background elements ensures that the
Raman signal is representative of the cells of interest only.
This is illustrated in Fig. 1. The light blue highlighted region
(not used in the analysis) yields a spectrum with significantly
different peak positions as compared to the other image
spectra in the figure. This artifact is in fact a red blood cell,
whose spectral presence is not only unnecessary for analysis
of ChRCC and ONC, but it would also skew the results. This
demonstration of the versatility of RMI and the benefit of
pixel-specific spectral information makes RMI a preferred
method for tissue diagnosis.
wileyonlinelibrary.com/journal/jrs Copyright © 201
Model creation and validation

The use of multivariate statistical methods for analyzing image
data is becoming more common.[7,9,24,31,32] In previous,
unpublished work, we found that PLS-DA demonstrated higher
accuracy than other multivariate statistical analyses when classi-
fying test data.

A PLS-DA model was built using LOO-CV of 354 ONC and 774
ChRCC image spectra representing 37 ONC and 51 ChRCC
patients. The spectral region between 860 and 1860 cm�1 was
employed for data analysis. Eight factors were found to be signif-
icant to this analysis. The variance of the x- and y-blocks is
explained by 99.7% and 83.4% of the ChRCC data, respectively,
and by 99.7% and 63.5% of the ONC data, respectively. Figure 3
(a) illustrates the discriminant plot for the eight-factor PLS-DA
model. The ROC curve illustrating the performance of the model
(Fig. 3(b)) has an AUROC of 0.87. Sensitivity of the model as a test
for the malignant ChRCC condition is 86% and specificity is 81%.
This is also illustrated in the discriminant plot (Fig. 3(a)) by the
dashed line, which corresponds to a threshold producing 86%
4 John Wiley & Sons, Ltd. J. Raman Spectrosc. (2014)



Figure 3. Evaluation of an eight-factor PLS-DA model. (a) Discriminant plot and (b) ROC curve with an AUROC of 0.87, illustrating model performance.

RMI of renal oncocytoma and chromophobe renal carcinoma
sensitivity and 81% specificity. Compared to the commonly
utilized Cytokeratin 7 (CK7) IHC test for distinguishing ChRCC
and ONC, the performance of RMI is higher in specificity and
lower in sensitivity.[33] Seven ChRCC cases and seven ONC cases
were identified as outliers of the model (i.e. outside the threshold
of each class). Assessment of image spectra corresponding
to these cases revealed no evidence suggesting correlation
between the outliers.

A critical parameter when building the PLS-DA model is the
number of factors retained, as each factor sequentially describes
less important variance within the data set. It is possible to overfit
the spectroscopic data by modeling noise through the retention
of excessive PLS factors. In this study, three plots were used as
guidance when selecting the number of factors for a specific
model. The PLS-DA model is built repeatedly, varying the number
of factors retained to generate the three plots. The plots in Figs.
S1(a) and S1(b) (Supporting Information) illustrate the effect of
number of factors on the ROC curve of the test. Too few factors
do not describe the data accurately; using too many factors can
result in fitting noise to the model, which causes model inaccura-
cies. The first plot, shown in Fig. S1(a), displays the
misclassification rate of the model with a specific number of fac-
tors retained. This plot is created by assuming a case is assigned
to the class with the higher probability. In the final model, cases
are assigned to a class based on a threshold chosen from the ROC
curve. The second plot (Fig S1(b)) compares the number of
factors retained with one minus the AUROC. The ROC curve with
the greatest AUROC does not always produce the highest sensi-
tivity and specificity pair. For each number of factors, a new
ROC curve is generated, and the optimal operating point on each
ROC curve is determined as the point on the ROC curve closest to
an ideal sensor (i.e. 100% sensitivity, 100% specificity). The ROC
curve whose optimal operating point is closest to an ideal sensor
determines the number of factors employed. The three plots are
considered when choosing the number of factors to use for each
model. In the case of this study, and as indicated in Fig S1(a), the
optimum number of factors is 8.

Another PLS-DA model, generated from normal kidney, ONC,
and ChRCC, was compared to the two-class model discriminat-
ing between the two cancers. To build the three-class model,
data from nine normal kidney cases were added to the 88
ONC and ChRCC data sets. LOO-CV was employed to create this
model. A test for ChRCC (vs a class including normal and ONC
case data) using seven factors yielded a ROC curve with an area
J. Raman Spectrosc. (2014) Copyright © 2014 John Wiley
under the curve of 0.88. The analysis also yielded 82% sensitivity
and 87% specificity.

Adding a small population of normal kidneys to the data set
improved the performance of the model. A PLS-DA model was
built with seven factors as a test for ChRCC, using Raman data
from normal, ONC and ChRCC cases as test spectra. Although
the results favor our model, we must take into consideration
the very small number of normal kidney data points compared
to data corresponding to the tumor cases. Another factor to take
into consideration is that in a pathology laboratory, a test for ONC
and ChRCC would be the test required; normal kidney would
have been diagnosed by the pathologist. Nevertheless, the per-
formance of the model containing normal kidney image spectra
is promising, with a sensitivity of 82% and specificity of 87%.

Digital ‘staining’ of a Raman molecular image for class
prediction of a neoplasm is illustrated in Fig. 4. A known ChRCC
is classified for both ChRCC and ONC with digital staining. Figure 4
(a) shows the H & E stained image of the ROI, and Fig. 4(b) is the
corresponding Raman molecular image. Figure 4(c) shows the
Raman molecular image after digital staining for ONC, and Fig. 4
(d) shows the Raman molecular image after digital staining for
ChRCC. The mean ONC score is 0.45, and the mean ChRCC score
is 0.77, correctly classifying this tissue as ChRCC.

Our results show that digital imaging in combination with Raman
spectroscopy can overcome the limitations sometimes experienced
when using staining methods. Discrimination of ONC and ChRCC
by RMI is achieved specifically because of features unique to RMI.
The chemical specificity of Raman spectroscopy allows the detection
of molecular differences between ONC and ChRCC. The most signif-
icant spectral difference between average ONC and ChRCC image
spectra is the peak at 1035 cm�1, corresponding to the phenylala-
nine ring bend mode. Spectral evidence suggests that chromo-
phobes have a higher phenylalanine content than oncocytomas.
To our knowledge, there is no biological evidence suggesting this
phenomenon. The broad envelope peaking at 1672 cm�1 is
recognized as representative primarily of the C=O stretching mode
of the Amide I bond in proteins.[2,26,34,35] The peak at 1612 cm�1

exhibits shape and characteristics of that previously assigned to the
CC in-plane bending mode of tyrosine and phenylalanine.[29,36] Both
peaks have been associated with the Raman spectrum of
mitochondria.[28,37] Comparison of average ONC and ChRCC image
spectra shows that both peaks are more intense in the ONC
spectrum (Fig. 3). This finding supports the fact that ONC cells are
known to contain higher levels of mitochondria in the cytoplasm.[17]
& Sons, Ltd. wileyonlinelibrary.com/journal/jrs



Figure 4. Digital ‘staining’ of Raman molecular images using the PLS-DA model. (a) Brightfield image of stained known chromophobe; (b) Raman mo-
lecular image of same ROI; (c) Raman image digitally stained for ONC; (d) Raman image digitally stained for ChRCC; (e) entire TMA section stained with H
& E.

S. Stewart et al.
Conclusions

When a tissue biopsy is not conclusive based upon histopatholog-
ical techniques, a pathologist may turn to ancillary tests to make a
more specific diagnosis. In the difficult differential diagnosis of
ChRCC versus ONC, a reliable test to distinguish these two kidney
neoplasms is necessary. The positive results obtained in this study
are significant. Not only can RMI assist pathologists in difficult
cases of ONC and ChRCC, it is evident that this technology has a
place in the pathology laboratory for other cases which may prove
histologically difficult to diagnose.
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