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Characterization of malignant brain tumor
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Abstract. We report a pilot study designed to test elastic light-scattering (ELS) spectroscopy for characterizing normal, tumor,
and tumor-infiltrated brain tissues. ELS spectra were measured from 393 sites on 36 ex vivo tissue specimen obtained from 29
patients. We employed and compared the performances of three methods of spectral classification for tissue characterization,
including spectral slope analysis, principle component analysis (PCA), and artificial neural network (ANN) classification. The
ANN classifier yielded the best correlation between spectral pattern and histopathological diagnosis, with a typical sensitivity of
80% and specificity of 93% for differentiating tumor from normal brain tissues. We also demonstrate that all three classification
methods discriminate between tumor and normal tissue and have the potential to identify and quantitatively characterize tumor-
infiltrated brain tissues.
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1. Introduction

Malignant brain tumors continue to trouble the
neuro-oncology community with their poor prognosis
despite aggressive surgical and adjuvant therapy [1].
Initial surgical intervention remains the standard of care
for these patients, which accomplishes several goals:
to establish histopathological diagnosis, to relieve mass
effect from adjacent brain, and to cytoreduce, or de-
crease the tumor burden, in preparation for postsurgi-
cal adjuvant therapy. One of the variables shown to
result in longer patient survival and improved quality
of life after the diagnosis of malignant brain tumor is
maximal tumor resection at the time of surgery [2,3].
Thus, neurosurgeons have sought tools that will com-
plement their own intraoperative clinical impression to
help achieve maximal resection while maintaining pa-
tient safety and neurological function.

Many resources are currently available to the neuro-
surgeon to optimize operative resection; however, each
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strategy has limitations with regard to sensitivity, reso-
lution, cost, and additional surgical time. For example,
the intraoperative ultrasonography machine is a fairly
inexpensive tool and offers the surgical team real-time
anatomic analysis capabilities; however, it is hampered
by the lack of sensitivity and resolution, especially ad-
jacent to dense bony structures [4–7]. With the advent
of the computed tomography (CT), many investigators
studied its utility in the operating room. However, the
intraoperative CT units were costly to install, had lim-
ited soft tissue discrimination, and exposed the surgical
team to x-radiation [8–11]. The magnetic resonance
imaging (MRI) technology offers superior soft tissue
resolution than ultrasonography or CT, and real-time
surgical navigation tools were developed that allowed
surgeons to verify the position of a surgical instrument
in relation to structures seen on the imaging study [12].
Nevertheless, due to the static nature of the image,
acquired prior to commencing surgery, the navigation
system lost reliability with the onset of brain “shift”
during surgery [13], at times resulting in shift of tumor
margins by more than a centimeter in imaging space
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compared to their actual locations [5]. In 1999, utility
of the first-generation intraoperative MRI unit was re-
ported. This technology brought the most sophisticat-
ed imaging modality to the operating room; however,
it has not gained widespread use, owing to its initial
profound cost, time required to acquire the images, and
somewhat limited resolution due to smaller magnetic
coils compared to conventional diagnostic MRI ma-
chines [14–17]. Lastly, the traditional method of con-
sulting the pathologist to analyze surgical specimen re-
mains an important but labor-intensive option that also
requires the repeated removal of tissue, lengthy wait-
ing periods, variable inter-observer reliability, and cost.
Therefore, the innovation of a novel technique that reli-
ably discriminates tumor from normal tissues while al-
lowing real-time analysis of the tissue in the operating
room would be a valuable contribution to patient care.

At the same time, for one of the most challenging cat-
egories of brain tumors, the malignant glioma, the ther-
apeutic failure is also to a large extent due to the diffuse
growth pattern of this cancer, which infiltrates exten-
sively into the surrounding brain tissue. As significant
research effort is underway to understand the pattern
and molecular mechanism of glioma cell migration, in
vivo identification and imaging of the infiltrating front
of the tumors may have important prognostic and ther-
apeutic implications. Currently, however, radiograph-
ic visualization of the tumor-infiltrated brain region is
extremely difficult, often resulting in significant un-
derestimation of the extent of glioma growth [18,19].
The inaccurate estimation of the infiltration makes it
difficult to make patient-specific optimized decisions
during both surgical intervention and adjuvant therapy.
Postsurgically, there are non-invasive imaging modal-
ities being studied to tailor adjuvant therapy that may
also help predict the pattern of recurrent glioma [20].
Thus, if regions at highest risk for recurrent tumor can
be identified intraoperatively, it would again contribute
significantly to surgeons’ decision-making process and
to the patients’ care.

It has been extensively demonstrated that intrinsic
optical properties of biological tissue can be utilized
to conduct in vivo tissue characterization for several
organs [21–31]. Optical techniques that have been de-
veloped in the past decades to characterize tumor and
normal brain tissue include optical coherence tomog-
raphy [32–34], optical imaging enhanced with fluo-
rescent dyes and other contrast agents [35–39], aut-
ofluorescence spectroscopy [40–42], and a combina-
tion of autofluorescence and diffuse reflectance spec-
troscopy [43–46]. In particular, a hand-held optical

spectroscopic probe was developed to measure autoflu-
orescence and diffuse reflectance spectra to intraoper-
atively characterize solid tumor and infiltrating tumor
margins [46]. These initial measurements strongly in-
dicate the feasibility of using intrinsic optical properties
as contrast mechanism for characterizing brain tissues.

In this paper, we explore the use of elastic light-
scattering spectroscopy (ELS) to characterize normal,
tumor, and tumor-infiltrated brain. Compared to dif-
fuse reflectance spectroscopy, the ELS technique has
the distinctive feature of measuring single-scattering
photons, instead of measuring photons that have been
scattered multiple times. It has been observed that
single-scattering photons, which are the main contri-
bution of ELS spectra, are affected by tissue architec-
tures in the micro-nano scales, and therefore offers the
potential to provide quantitative information about bi-
ological structures without the need for tissue biopsy,
fixation and staining, or other processing. We have
previously theoretically demonstrated how backscatter-
ing spectra are sensitive to nanoscale perturbations at
scales from tens of nanometers to microns [47,48], thus
encompassing a spectrum of structures ranging from
macromolecular complexes to whole cells. Promising
early-stage clinical research on colon carcinogenesis
has also demonstrated the feasibility of detecting car-
cinogenesis far earlier than conventional strategies us-
ing ELS signatures [29,30,49,50], which further indi-
cates the sensitivity afforded by the ELS technique. In-
terestingly, ELS appears to provide quantitative char-
acterization of the progression of carcinogenesis [30,
50] and therefore offers the potential to quantify the
infiltrating region of diffuse glioma, where tumor cells
tend to invade individually or in small groups into the
surrounding tissue, away from the main tumor mass.

In the study presented in this paper, we measured
ELS spectra of ex vivo tissue specimen for a variety of
brain tissues and correlated the spectral features with
different tissue types. We employed and compared the
performance of three methods of spectral classifica-
tion for tissue characterization, including spectral slope
analysis, principle component analysis (PCA), and arti-
ficial neural network (ANN) classification. As demon-
strated in Section 3, the ANN classifier yielded the best
correlation between spectral pattern and histopatholog-
ical diagnosis, with a typical sensitivity of 80% and
specificity of 93% for differentiating tumor from nor-
mal brain tissue. We also demonstrate that all three
classification methods have the potential to identify and
characterize tumor-infiltrated brain tissue.
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2. Materials and methods

Ex vivo brain tissue specimen were collected by sur-
geons in the Department of Neurological Surgery at
Northwestern University Feinberg School of Medicine.
Brain tissues were excised during elective cranial
surgery and transferred to the Biomedical Engineering
Department for ELS measurement. The protocol of
this study was approved by the Northwestern Universi-
ty Institutional Review Board. Data analysis and clas-
sification based on ELS spectra were compared with
histopathological diagnosis.

2.1. Specimen preparation

Tumor specimen (brain tumor and tumor-infiltrated
brain) and normal brain matter were obtained from pa-
tients undergoing surgical treatment for brain tumor or
epilepsy. The specimen were collected after informed
consent was obtained for this study and for the North-
western University Feinberg School of Medicine Path-
CORE tumor banking program. We collected 25 brain
tumors, 8 normal brain and 3 tumor-infiltrated brain
specimen from 29 patients, as shown in Table 1. All
specimen were kept in 0.9% saline immediately after
excision and stored at 4◦C. Optical measurement was
conducted in the Biomedical Engineering Department
within 48 h after resection. After measurement, the
specimen were fixed in 10% formalin solution.

2.2. ELS measurements

The system we used to conduct the ELS measure-
ments is similar as described in [49]. Briefly, as Fig. 1
shows, a collimated light source (LS) was polarized by
a linear polarizer (P1). The sample was illuminated
over an approximate area of 2 mm2. The light scattered
by the sample is collected by a lens (L1). A second
polarizer (P2) is used to select the polarization state of
the scattered light so that the co-polarized component
(I||) and the cross-polarized component (I⊥) of the
backscattered light could be recorded separately. The
entrance slit of the spectrograph SP2150 (Princeton In-
strument, Inc) is placed on the focal plane of the lens,
which focuses light from different scattering angles to
the entrance slit. The system covered visible light rang-
ing from 400-700nm in wavelength. A CoolSnap CCD
camera (Princeton Instrument, Inc) is used to collect a
2D map of scattering intensity with the x axis as wave-
length (λ) and y axis as scattering angle. The exposure
time was set as 5 s. A single spectrum was obtained
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Fig. 1. ELS system configuration. Collimated white light coming
from light source (LS) module was linearly polarized by polarizer
(P1) and then illuminated brain specimen. Elastic light scattered was
redirected by beam splitter (BS) and gated by another polarizer (P2).
The distance between lens (L1) and spectrograph was a focal length
then L1 focused light scattered from different zenithal angle to en-
trance slit of SG, which further disperse light into spectrum. There-
fore, CCD collected 2D frame with respect to scattering zenithal
angle and wavelength.

for each exposure by averaging the scattering map for
an angular range of 4◦ centered at the backscattering
direction. Depending on the size of the specimen, we
made 3 to 20 backscattering measurements at different
spots in order to make as much coverage as possible,
recording both co-polarized and cross-polarized spec-
tra for each. Background spectra while no sample was
placed, and white standard backscattering spectra were
recorded and used to minimize the effect of stray light
and limited spectral bandwidth of the system. Back-
ground spectra was recoded without sample and sub-
tracted from raw spectra to exclude the effect of stray
light; and then white standard backscattering spectra
were recorded to characterize the spectral profile of the
light source.

2.3. Preprocessing of light scattering spectra

After the background extraction and white standard
normalization, we obtained the co-polarized and cross-
polarized backscattering spectra (I||(λ) and I⊥(λ))
from the specimen. Then we took several steps to pre-
process the spectra so that they are suitable for further
analysis. First, we applied polarization gating to selec-
tively enhance contribution from single-scattering pho-
tons. This can be simply achieved by subtracting the
cross-polarized spectrum I⊥(λ) from the correspond-
ing co-polarized spectrum I||(λ) based on the fact that
multiple scattering depolarizes light [49,51,52].

Next, we removed the effect of hemoglobin ab-
sorption features from the spectra. There is usually
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Table 1
Types and quantities of brain tissue samples

Disease Number Number of Number of Number of
of patients tumor samples normal samples infiltrating samples

Tumor – glioma 17 17 2 3
Tumor – metastasis 6 6 2 0
Tumor – nonglial 2 2 0 0
Seizure 4 0 4 0
Total 29 25 8 3

blood remaining on the tissues to be tested, and the
hemoglobin component introduces absorption spectral
features, which may affect the spectral features used for
diagnostics and thus should be removed before further
analysis. The two types of hemoglobin concerned in
our tests – namely the oxygenated hemoglobin (HbO 2)

and deoxygenated hemoglobin (Hb) – generate dis-
tinct absorption features throughout the spectral range
of 500–600 nm in the backscattering spectra. As
it has been previously observed that attenuation due
to absorption of both hemoglobin components have
an inverse exponential relationship to their concentra-
tion [53], the back-scattered spectrum from a small por-
tion of the bloody sample can be approximated as [53]:

i(λ) = (aλ + b) exp[−oO(λ) − dD(λ)] (1)

where o, O,d and D are the concentration and spectral
absorption coefficient of HbO2 and Hb, respectively,
and a, b are coefficients determined by the spectral char-
acteristics of the source, detector and sample scattering
properties. Since the backscattered light we detected
originates from a range of depths and lateral positions
inside of the specimen, we model the corresponding
spectrum as a summed contribution of multiple i(λ)’s:

I(λ) =
∑

j

(ajλ + bj)

(2)
exp[−ojO(λ) − djD(λ)]

We used 2nd-order Taylor series to approximate this
I (λ) while neglecting higher-order terms, with the
practical assumption that oO << 1,dD << 1.

I(λ) ≈ p00 + p01λ + p10O + p11D + p12Oλ
+p13Dλ + p20O2 + p21D2 + p22OD
+p23O2λ + p24D2λ + p25ODλ

(3)

Here the unknown coefficients pxx can be estimat-
ed using min-variance optimal solution from the equa-
tion by discretizing the measured spectra in wavelength
range of 500–600 nm, and the hemoglobin-free spec-
trum is calculated by applying calculated p10 ∼ p25

to the whole spectral range (e.g. 460–670 nm for our
tests):

InoHb(λ) = I(λ) − p10O− p11D− p12Oλ
−p13Dλ − p20O2 − p21D2 − p22OD
−p23O2λ − p24D2λ − p25ODλ

(4)

Finally, all the InoHb(λ)were normalized to unit
power to eliminate the effect of the fluctuation of source
power, hemoglobin absorption loss and CCD sensitiv-
ity.

2.4. Methods of data analysis

We employed and compared the performance of
three methods of spectral classification for brain tis-
sue characterization based on the ELS measurements,
including spectral slope analysis, principle component
analysis (PCA), and artificial neural network (ANN)
classification.

Spectral slope of ELS spectra has been associated
with intracellular particle size distribution and density
of intracellular particles ranging from macromolecules
to organelles [21,30,31,50] and have been demonstrat-
ed to be a quantitative marker for tissue characteriza-
tion. After preprocessing, we divided each ELS spec-
trum measured from the tissue samples to five rela-
tively linear segments with wavelength ranges of 460–
480 nm, 480–520 nm, 520–560 nm, 560–600 nm and
600–670 nm. The spectral slope for each spectrum
segment was calculated as the coefficient of the linear
fit to the spectrum. During data analysis, we observed
that spectral slope of the 600–670 nm segment gave the
most accurate classification of tissue types, and there-
fore this wavelength range was empirically chosen for
statistical analysis for diagnosis.

Principal components analysis (PCA) may effective-
ly reduce multidimensional data sets to lower dimen-
sions, and has been widely used in diagnosis when there
is no definite physical model available to describe the
data. The spectral principal components for all the pre-
processed spectra were calculated with Matlab statis-
tics toolbox version 7.5 (The Mathworks, Inc). Here,
the entire measured spectral range (400–700 nm) was
used and each spectrum was represented as a set of in-
tensities (PCA variables) as input, and the projections
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Table 2
Comparison of performance for spectral slope, PCA, and ANN methods

Spectral slope Projection to PC1 ANN leave-one-sample

AUC 0.78 0.72 0.92
(Sensitivity,specificity) (80%, 63%) (80%, 49%) (80%, 93%)

of the preprocessed spectra to different spectral princi-
pal components were used as the scores to distinguish
tumor and normal brain samples.

For classification involving complex and nonlinear
models, ANN has been demonstrated to have superior
performance due to its versatility and ability to be cus-
tomized to specific applications and its ability to cope
with nonlinear problems [21]. Here, we implemented
a 3-layered feed-forward ANN to estimate the relation
between the spectral features and the histopathological
diagnosis. The band of 460–670 nm was divided into
ten equal segments, and the mean of each segment cor-
responds to one nodes in the input layer of the ANN.
There are, in total, 10 nodes in the input layer. The
number of nodes in the middle layer was set to seven af-
ter trial tests, since the corresponding ANN is compli-
cated enough to approximate the target input-output re-
lation, and is not too complicated to suppress the input
noise. The output layer contains a single node which
represents the type of the sample and is pre-defined as 0
for normal sample and 1 for tumor sample. An input for
the ANN contains a preprocessed ELS spectrum, rep-
resented by a ten-element array from the mean intensi-
ties of its ten segments. For ANN training, each input
also contains a score from the known histopathological
diagnosis. A back-propagation gradient descent algo-
rithm with momentum term (implemented with Matlab
7.0 ANN toolbox) was used to train the ANN iterative-
ly to minimize the error between the pre-defined output
scores and the simulated output scores. After training,
we estimated the performance of the trained ANN by
comparing ANN output with histopathological diagno-
sis for test data set containing ELS spectra that have
not been used for the ANN training.

3. Results

The performance of three methods of spectral clas-
sification for brain tissue characterization described in
2.4 is summarized in Figs 2–4. Figure 2(a) shows
representative ELS spectra of tumor/normal/tumor-
infiltrated samples obtained from a single patient. Dif-
ference of the spectral slopes can be visually noted for
these three tissue types. The box plot of the spectral
slopes of all the preprocessed spectra from the same pa-

tient are shown in Fig. 2(b). The means of the spectral
slopes for tumor and normal samples separate signifi-
cantly, and the mean of the spectral slopes for tumor-
infiltrated samples falls in between. The box plot of
the spectral slopes of the spectra from all the samples
is shown in Fig. 2(c). There is more overlapping be-
tween the slopes of tumor and normal samples, since
the between-patient variations are increased for the tis-
sue type. Similar to the single-patient analysis, the
tumor-infiltrated-sample slopes fall between those of
tumor and normal brain samples.

According to the statistics of the ELS spectral slopes,
a slope threshold may be used to classify the sample
type: a spectrum is regarded as from a tumor sample
if the spectral slope of the spectrum is less than the
threshold; and as from normal sample otherwise. For
each slope threshold we may get a diagnostic sensi-
tivity and specificity when comparing the classifica-
tion to histopathological diagnosis. By changing the
threshold, a set of sensitivity and specificity values can
be calculated. The Receiver Operating Characteristic
(ROC) curve is shown as Fig. 2(d) in which the values
of Sensitivity are drawn v.s. (1-Specificity). The area
under the curve (AUC) of the ROC curve is 0.78, and
a typical pair of sensitivity and specificity is 80% and
63%.

For PCA analysis, projections to principal compo-
nent (PC) 1, i.e. PC1 scores, were used as the classifi-
cation marker for tissue types. Figure 3(a) shows the
spectrum of the PC1 component. The PC1 projection
scores from different tissue types are shown in Fig. 3(b)
for same-patient analysis and Fig. 3(c) for all-patients
analysis. Similar to spectral slope marker, the PC1
scores for tumor-infiltrated brain samples fall between
those for tumor and normal samples. The ROC curve
of the PC1 score marker is shown as Fig. 3(d). Its
AUC value is 0.72, and a typical pair of sensitivity and
specificity is 80% and 49%.

ANN analysis for tissue classification is shown in
Fig. 4. Figure 4(a) shows the result of a leave-half
test, i.e., ELS spectra from half of the tumor/normal
brain sample population (randomly chosen) were used
to train the ANN, and the other half were used for test-
ing. The bold curve gives the preset scores, either 0
or 1, and the thin curve is the output score for tests.
It is obvious that when the training data set was used
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Fig. 2a, b. ELS spectra and statistical analysis of spectral slopes for
three types of brain tissue. (a) Typical ELS spectra for normal brain
tissue, tumor, and tumor-infiltrated brain tissue. The three types of
tissue samples were obtained from a single patient. (b) Statistics
of ELS spectral slopes for three tissue types from a single patient.
Box: 1 and 3 quartiles; bars: mean ± standard deviation; cross:
median. (c) Statistics of ELS spectral slopes of the spectra from all
the patients as listed in Table 1. (d) ROC curve of using spectral
slope as a diagnostic marker

again for testing, the output scores are usually con-
sistent with the preset scores corresponding to tissue
histopathology. This proves the self-consistency and
stability of the trained ANN. When testing for the other
half sample population which were not used as train-
ing data, the output scores are also usually close to the
0/1 scores corresponding to the tissue histopathology,
demonstrating that these output scores are capable of
predicting the samples histopathology. For the purpose
of diagnosis, a threshold may be introduced where an
ELS spectrum is regarded as from a tumor sample if
the simulated score is larger than the threshold; and
otherwise as from a normal sample.

We adopted a leave-one-sample test scheme to eval-
uate the performance of the ANN classification. Here,
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Fig. 2c, d. ELS spectra and statistical analysis of spectral slopes for
three types of brain tissue. (a) Typical ELS spectra for normal brain
tissue, tumor, and tumor-infiltrated brain tissue. The three types of
tissue samples were obtained from a single patient. (b) Statistics
of ELS spectral slopes for three tissue types from a single patient.
Box: 1 and 3 quartiles; bars: mean ± standard deviation; cross:
median. (c) Statistics of ELS spectral slopes of the spectra from all
the patients as listed in Table 1. (d) ROC curve of using spectral
slope as a diagnostic marker

ELS spectra from a single normal or tumor core sample
were used as testing data set, and ELS spectra from
all other tumor or normal samples were used for ANN
training. This test was then repeated to each normal or
tumor sample. By changing the cut-off threshold for
simulated scores, the ROC curve was calculated and
is shown in Fig. 4(b). Its AUC value is 0.92, and a
typical pair of sensitivity and specificity is 80% and
93%. In order to evaluate how the ANN classifier char-
acterizes infiltrating tissue, we tested the ELS spec-
tra measured from infiltrating samples against ANN
trained with normal and tumor samples. Interestingly,
as shown in Fig. 4(c) and (d), the output scores of tumor-
infiltrated brain samples may classify them as tumor,
normal, or in-between (with an output score close to
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Fig. 3a, b. PCA analysis of the ELS spectra from three types of
brain tissue. (a) Spectrum of PC1 component. b) Statistics of PC1
projection coefficients for three tissue types from a single patient.
(c) Statistics of PC1 projection coefficients for three tissue types
from all the patients listed in Table 1. (d) ROC curve of using PC1
projection coefficients as a diagnostic marker

0.5) tissue types.
Table 2 compares the performance metrics, including

AUC values from ROC curves, sensitivity, and speci-
ficity, of the three classification markers mentioned
above. We note that while slope and PC1 projection
give fair diagnostic accuracy, ANN output scores work
as an excellent marker.

4. Conclusion and discussion

In this paper, we report a pilot study designed to test
elastic light-scattering (ELS) spectroscopy for charac-
terizing normal, tumor, and tumor-infiltrated brain tis-
sues. ELS spectra were measured on 390 histology
sites on 36 ex vivo tissue specimen from 29 patients
undergoing elective cranial surgery. We employed and
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Fig. 3c, d. PCA analysis of the ELS spectra from three types of
brain tissue. (a) Spectrum of PC1 component. b) Statistics of PC1
projection coefficients for three tissue types from a single patient.
(c) Statistics of PC1 projection coefficients for three tissue types
from all the patients listed in Table 1. (d) ROC curve of using PC1
projection coefficients as a diagnostic marker

compared the performance of three methods of spec-
tral classification for tissue characterization, including
spectral slope analysis, principle component analysis
(PCA), and artificial neural network (ANN) classifica-
tion. The ANN classifier yields the best correlation be-
tween spectral pattern and histopathological diagnosis,
with a typical sensitivity of 80% and specificity of 93%
for differentiating tumor from normal brain tissue. In-
terestingly, we also demonstrate that all three classifi-
cation methods have the potential to identify and quan-
titatively characterize tumor-infiltrated brain tissues.
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Fig. 4a, b. ANN analysis results. (a) ANN output scores for a
leave-half test. Here, measurement #1 through #183 were used as
training data set, while measurement #184 through #366 were used
as test data set. b) ROC curve calculated using leave-one-sample
test of ANN analysis for classification. Here, ANN classification
was repeated for each sample while using ELS spectra of all other
samples as training data. (c) ANN output scores for using all normal
and tumor measurements as training set and all tumor-infiltrated
brain tissue samples as test set. (d) Same as (c) with alternative
x-axis range emphasizing the tumor-infiltrated brain tissue type
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samples as training data. (c) ANN output scores for using all normal
and tumor measurements as training set and all tumor-infiltrated
brain tissue samples as test set. (d) Same as (c) with alternative
x-axis range emphasizing the tumor-infiltrated brain tissue type
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