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Abstract

Surgical guidance applications using Raman spectroscopy are being

developed at a rapid pace in oncology to ensure safe and complete tumor

resection during surgery. Clinical translation of these approaches relies

on the acquisition of large spectral and histopathological data sets to

train classification models. Data calibration must ensure compatibility

across Raman systems and predictive model transferability to allow

multi-centric studies to be conducted. This paper addresses issues relat-

ing to Raman measurement standardization by first comparing Raman

spectral measurements made on an optical phantom and acquired with

nine distinct point probe systems and one wide-field imaging instru-

ment. Data standardization method led to normalized root-mean-square

deviations between instruments of 2%. A classification model discrimi-

nating between white and gray matter was trained with one point probe

system. When used to classify independent data sets acquired with the

other systems, model predictions led to >95% accuracy, preliminarily

demonstrating model transferability across different biomedical Raman

spectroscopy instruments.

KEYWORD S

cancer, classification models, medical imaging, Raman spectroscopy

1 | INTRODUCTION

Raman spectroscopy (RS) is an optical technique which
can assess a sample's molecular content by probing its
vibrational states. Over the last decades, it has been used
in the medical field, in particular toward the develop-
ment of imaging systems to detect pathologies [1–3]. The
technique was used to guide tumor resection where the

Abbreviations: (N)RMSD, (normalized) root-mean-square deviation;

CCD, charged-coupled device; FOV, field of view; FP, fingerprint;

HWN, high wavenumber; LOPOCV, leave one patient out cross-

validation; PBS, phosphate-buffered saline; PCA-LDA, principal

component analysis linear discriminant analysis; PLS-DA, partial least-

square discriminant analysis; QF, quality factor; RS, Raman

spectroscopy; SNV, standard normalized value; SORS, spatially offset

Raman spectroscopy; SVM, support vector machine; WF, wide-field.
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objective was to use the vibrational spectroscopy informa-
tion in combination with machine learning technology to
maximize the volume of resected malignant tissue while
preserving healthy tissue. Raman spectroscopy also
showed promises in other clinical applications such as
guided biopsy procedures in prostate surgery and neuro-
surgery [4, 5]. In 2011, Vargis et al presented a Raman
probe used in an ex vivo human study [6] to discriminate
between normal, benign and malignant areas of the cer-
vix, leading the way towards in vivo diagnosis. These
results were followed in 2014 by another group, Shaikh
et al, which was able to diagnose in vivo cervix cancer tis-
sue with an accuracy superior to 95% [7]. Additional
in vivo human diagnostic applications using RS can be
found for multiple pathologies and especially multiple
cancer types, such as gastrointestinal cancers [8–14] and
malignant ulcers [15], lung cancers [16, 17], skin cancers
[18–21], oral cancers [22, 23] and brain cancers
[4, 24–28]. The number of patients in these studies varies
greatly, ranging from 2 [17] to 848 [20], but in most cases
does not exceed 100. A remarkable feat is that most RS
studies consistently reported classification accuracies
superior to 80%, while the lowest sensitivity and specific-
ity reported were 75% [9] and 65% [16]. Most of these
results were obtained by training a classification algo-
rithm, usually combined with a leave-one-patient-out
cross-validation (LOPOCV). Principal component analy-
sis combined with linear discriminant analysis (PCA-
LDA) and partial least-square analysis combined with
discriminant analysis (PLS-DA) stands as the most com-
mon algorithms used.

An emergent method to improve Raman imaging sys-
tems is to take advantage of a complementary signature
to the fingerprint (FP) domain, that is, the high
wavenumber (HWN) range between 2500 and 3400 cm−1.
This was achieved in 2016 for oral [29] and colon [30]
cancers and in a swine brain model in 2018 demonstrat-
ing its feasibility for human brain surgery [31]. Innova-
tive clinical applications of RS, with in vivo human
surgery potential, are still in development. It is partially
done by conducting new animal experiments [32] and by
designing new hardware systems, including Raman wide-
field imaging systems [33, 34] as well as fused navigation
platforms with Raman probe [5]. Overall, RS has demon-
strated its great potential as an assisting diagnosis tool in
the clinical environment. However, there are still rela-
tively few large-scale trials in the literature which not
only limit the performance of the statistical models built
but also mitigate their transferability to new trials.

To ensure high accuracy surgical guidance for a real-
time human in situ application, the clinical translation
relies on the quality and quantity of spectral and histo-
pathological data sets from numerous patients. Due to

the rapid pace of the RS development in oncology, multi-
centric studies stand out as the best way to build these
large-scale data sets. As a result, data calibration must
ensure compatibility across Raman imaging systems. To
answer this problem, we present in this paper a quantita-
tive evaluation of the Raman data reproducibility when
measurements are acquired and processed using multiple
systems with different optical designs. This study's scope
is limited to the compatibility of Raman biomedical spec-
troscopy systems regardless of the particularities of their
clinical application. Hence, the assessment is focusing on
the inter-system deviation when comparing Raman spec-
tra on a reference nylon phantom and the diagnosis error
of a classification model trained with one system and
then exported and tested on multiple other systems.

2 | METHODS

2.1 | Imaging systems and acquisition
protocol

2.1.1 | Point probe systems

Single-point interrogation in this study was performed
using the fiber optics probe system developed by our
group for neurosurgical applications [28]. Briefly, the
hand-held probe (Emvision, LLC) was connected to a
785 nm laser source (Innovative Photonics Solution) and
a spectrometer (Emvision, LLC) with a resolution of
≈ 2 cm−1. The probe had an outer diameter of 2.1 mm
and was designed for tissue interrogation in reflectance.
It integrated a central 272 μm (diameter) core excitation
fiber surrounded by seven 300 μm core detection fibers.
To minimize the Raman signature of the silica in the
fibers, a short-pass filter and a notch filter were disposed
of in front of the illumination fiber and the detection
fibers, respectively. Furthermore, a two-component lens
was placed at the probe tip to ensure overlap between the
excitation and detection areas, and a 3-m long fiber bun-
dle connected the probe to the laser and the spectrome-
ter. Three probes, three spectrometers and one laser
source were combined to assemble a total of nine distinct
systems, labeled #1 to #9 (Figure 1). The optical design
and fabrication process was the same for all probe sys-
tems but the spectrometers differed in their slit width:
100 μm for systems #1 to #6 and 75 μm for systems #7
to #9.

All systems were controlled by a computer and the
acquisition parameters were pre-set using a custom
Matlab (Mathworks) software. The laser power, P and
the number of repeat measurements at each point, n,
were set at 50 mW and 20, respectively. The exposure
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time per spectrum, T, was computed and adjusted auto-
matically to ensure raw detected light intensity (photon
count) >85% of the charged-coupled device (CCD) cam-
era dynamic range, while avoiding saturation. The fol-
lowing measurements were made for normalization
purposes: a dark count measurement with the laser off,
an acetaminophen (DiN 00789801, Trianon inc, Canada)
measurement for x-axis calibration, and a measurement
on a relative intensity RS standard for excitation at
785 nm (NIST2241, NIST).

2.1.2 | Wide-field Raman imaging
system

The wide-field RS system used in this study was a modi-
fied version of a custom line-scanning instrument devel-
oped by our group [34]. The improvements made in the
new system included the addition of a bright-field reflec-
tance channel and a series of optical components in the
light path to the spectrometer. The new optics effectively
decreased image size at the spectrometer slit and
increased the signal-to-noise ratio (SNR). Briefly, the sys-
tem consisted of a portable imaging instrument with a
working distance of 40 mm, a FOV of 4 × 4 mm2 and a
dichroic beam-splitter (LP02-785RE-25, Semrock) com-
bining the excitation and collection optical paths. Raman
excitation was achieved using a 785 nm laser (Innovative
Photonics Solution) with an average laser intensity of
6.0 W/cm2 at the sample along a single line scanned over

the sample. Light detection was done through a series of
collection optics, including a notch filter to eliminate
elastic scattering from the excitation source and a 91 cm
long coherent imaging bundle with a 4 × 4 mm2 light-
sensitive area (IG-154, Schott). The imaging bundle con-
veyed images through a flexible conduit of fiber optics to
the collection branch of the system. The collection
branch employed a series of optics and a scanning
dichroic mirror to separate Raman scattering (810 to
922 nm) from the bright field signal (400 to 700 nm).
Spectroscopic images were acquired through line scan-
ning across the 75 μm slit of the spectrometer (HT model,
EmVision LLC) and the spectral content of each line was
collected using a − 60�C cooled CCD camera (Newton
920, Oxford Instruments). A bright-field reflectance
image was collected with a high-sensitivity CMOS cam-
era (DCC1240C, Thorlabs) upon sample excitation with
an exterior white light source (LED lamp).

Each component of the system was controlled via a
custom software developed using LabVIEW (LabVIEW
2017, National Instruments). Control and synchroniza-
tion of the main system components (laser, galvanome-
ter, cameras) were achieved using a digital acquisition
device (150099A-04L, Texas Instruments). Exposure time
was kept at 4 seconds per line and laser intensity was set
at its maximum value for each measurement. A total of
3 hyperspectral images were acquired and averaged for
measurements on tissue phantoms while a total of
5 images were acquired and averaged for measurements
on ex vivo tissue samples. Raman images were

FIGURE 1 Three hand-held

probes, one portable wide-field

imaging instrument (labeled WF),

three spectrometers and one 785 nm

laser source were combined to build

a total of 10 different Raman

spectroscopy systems
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reconstructed by scanning 20 lines across a 16 mm2 FOV.
Pixels of the CCD camera were binned over 6 pixels along
the spatial direction and 3 pixels along the spectral axis
using the camera software (Solis S, Oxford Instruments).
This led to an instrument spatial resolution of 250 μm
and a spectral resolution of 6 cm−1. Room lights and the
system's white light source were turned off during all
spectroscopic measurements. White light images were
acquired before every Raman image acquisition and the
spectral data were processed in the same manner as the
point probe systems. Table 1 summarizes the main imag-
ing specifications distinguishing the imaging system from
the point probe systems. The sampling depth for the
Raman systems is estimated for both types of systems to
~500 μm based on [35].

2.2 | Tissue phantom experiment

Nylon is associated with a distinctive Raman signature in
the 400-1800 cm−1 region [36]. A pure nylon disk (diame-
ter = 5 cm, thickness = 1 cm) was cut and used as an
optical phantom to evaluate signal variability between all
10 Raman systems. For the point probe systems, three
measurements were made at three different locations on
the phantom with the instrument placed in contact with
the surface. The wide-field system was used to acquire a
Raman image of the phantom and a nylon spectrum
computed by averaging over three randomly selected
pixels. The intra-system and inter-system deviations were
computed as outlined in section 2.5.

2.3 | Ex vivo experiment

Six cynomolgus monkey (Macaca fascicularis) brains
were used for ex vivo tissue experiments. The brains were
cut into 52 slices (thickness = 1 mm), with each slice pre-
senting visually distinguishable white matter and gray
matter structural features. Sample preparation and

storage were done at the CERVO Brain Research Centre.
Immediately after animal death, the brains were collected
and fixed by immersion, at 4�C, in 4% paraformaldehyde
for 24 hours. The organs were then sliced using a
vibratome and preserved in phosphate-buffered saline
(PBS). This procedure was approved by the animal pro-
tection committee of Université Laval, in accordance
with the Canadian Council on Animal Cares Guide and
Use of Experimental Animals. All animals included in
this study served in other experiments prior to our study.

The brain samples were used in an experiment evalu-
ating classifier transferability between different RS sys-
tems based on a binary classification model (white matter
vs gray matter). To minimize background contributions
from nontissue specific Raman signals, slices were
imaged on low Raman activity aluminum slides. System
#1 was used to build the classification model using a
400 point-measurement data set. Measurements were dis-
tributed equally between white matter and gray matter
across the 52 slices. Point probe systems #2 to #9 and the
wide-field imaging system were then used to acquire a
testing data set to evaluate the classification performance
of the model. In total, 100 point measurements were
acquired with the remaining point probe systems (#2 to
#9), for a total of 800 points ensuring equal distribution
between white matter and gray matter. All point mea-
surements were acquired using a 1D linear stage to hold
the probe and manually modify its position. Every point
measurement required ~30s (~1.5 seconds per spectrum
for a total of 20 spectra per point measurement). Overall,
the duration of the experiment was approximately
20 hours.

Finally, one brain slice was randomly selected
(among the 52 that were available) and imaged using the
wide-field system. The resulting Raman spectroscopy
image was spatially registered with a white light reflec-
tance image to ensure each pixel could be assigned a tis-
sue class (white matter or gray matter) in preparation for
classification model testing.

2.4 | Spectral data processing and
statistical analysis

The raw spectroscopic data were first averaged over the
number of spectra (n) acquired for each point. A cosmic
ray removal algorithm was applied and the dark count
signal was subtracted [37]. The signal was subsequently
normalized with the NIST standard measurement and an
x-axis calibration performed using the acetaminophen
measurement. The background was finally removed
using a rolling ball algorithm [38]. In addition, a quality
factor QF(n), was computed which consists in summing

TABLE 1 Parameter differences between Raman wide-field

system and point probe systems

Parameters

Point probe

systems Imaging system

Sampling area Ø500 μm 104 × 250 μm2

per pixel

Laser power 25.5 W/cm2 6.0 W/cm2

Spectral resolution 2 cm−1 6 cm−1

Integration time T per

spectrum

~1 second per

point

4 seconds per

line
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the Raman signal-to-noise ratio SNRR over N spectral
bands:

SNRR≈

ffiffiffiffiffiffiffiffiffiffiffi

nT P
p X

N

j=1

rj
ffiffiffiffiffiffiffiffiffiffiffiffi

rj + aj
p ð1Þ

where rj and aj are the Raman signal and the background
signal (mostly instrument response and fluorescence
from the sample) within spectral band j, respectively [37].
Due to its ubiquitous presence in biological tissues [28,
39–41], the Raman peak at 1441 cm−1 was used as the
unique band for the quality factor measurement. The
final Raman spectrum R was then obtained by applying
the standard normal variate (SNV) method. The Raman
spectrum for each measurement point was then reduced
to a list of K interpretable molecular features �Rf gl=1::K ,
around known tissue Raman peaks. Each feature was
computed by integrating over many bands extending over
10 cm−1 around each peak.

The features used to produce the classification model
were limited to K = 4 bands and were associated with
common tissue molecular bonds: 1298, 1441, 1580 and
1659 cm−1 (Table 2). The bands around 1298, 1441 and
1659 cm−1 are associated with both lipids and proteins,
but the 1659 cm−1 band can also be associated with
nucleic acid content. The band around 1580 cm−1 is typi-
cally associated only with protein content, typically
phenylalanine.

The next step consisted in producing classification
models based on supervised training and testing on inde-
pendent data. In this study, a two-class model was pro-
duced to discriminate between white matter and gray
matter using the monkey brain samples by applying the
following machine learning workflow. The classification
algorithm was based on a support vector machine (SVM)
[42] from K = 4 features resulting in a three-dimensional
decision boundary; a similar modeling technique was
used in ref. [43]. Classification between white matter and
gray matter was achieved through an optimization pro-
cess using the geometrical distance of all measurement
points from the decision boundary. Specifically, training
was performed by minimizing a loss function which
depends on SVM hyperparameters, namely: a regulariza-
tion parameter, the kernel function and the kernel coeffi-
cient. The data set acquired with system #1 was divided
into a training set (75% of all data points) and a testing
set (25% of all data points). A 10-fold cross-validation pro-
cedure was then conducted using the training set to find
the optimal hyperparameters based on a grid search
method. The resulting hyperparameters obtained were
0.22 for the regularization parameter, 0.25 for the kernel
coefficient and the kernel function was set to “linear.”
The resulting model was then applied on an independent
testing set composed of data from probes #2 to #9 and
the wide-field system. The model performance was
reported in terms of classification accuracy, sensitivity
and specificity based on a receiver-operating-

TABLE 2 Raman band with molecular assignment, based on the literature, found in the current study on the monkey brain

classification model

Raman

band (cm−1) Associated bond Assigned molecules

Molecular

family References

700 Vibrational mode of sterol ring Cholesterol Lipids [45]

1001 Symmetric ring breathing|C C

stretching

Phenylalanine|collagen|heme|

carotenoid

Proteins [46]

1064 C O stretch|C O C symmetric

stretch|C-C stretch

Proline|phospholipid side chains|

cholesterol

Proteins|lipids [46]

1086 C C stretch|PO2-symmetric stretch|

C O vibration

Phospholipids|nucleic acids Lipids|DNA [46]

1129 C C stretching Skeletal of acyl backbone in lipid Lipids [47]

1262 CH2 in plane deformation Glycerophospholipid Lipids [47, 48]

1298 CH2 twist and wag|amide III Phospholipids|palmitic acid|

cholesterol|collagen

Lipids|proteins [46]

1441 CH2/CH3 deformation Lipid side chains|amino acids|

cholesterol|collagen

Lipids|proteins [46]

1580 C C bending mode of phenylalanine Phenylalanine Proteins [47]

1659 Amide I|C C stretching Nucleic acids|collagen|unsaturated

fatty acids

DNA|proteins|

lipids

[46]

Note: Bold bands were used as features to train the classification model.
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characteristic (ROC) curve analysis. All data processing
was performed using the Matlab (Mathworks) machine
learning library.

2.5 | Quantification of the intra-system
and inter-system variability

Inter-system variability was evaluated by comparing mea-
surements made on a nylon optical phantom with the
point probe systems and the imaging system. Three co-
located measurements were averaged for the point probe
systems, while for the wide-field three randomly selected
pixels across the image were averaged. These average
values were used to compare system #1 to all the others
point probe systems, and to compare system #1 to the
wide-field system. The Raman spectrum for each mea-
surement was reduced to a list of L = 14 features
�Rf gl=1::L , associated with characteristic nylon Raman

bands (491.2, 616.7, 708.0, 788.7, 861.3, 953.8, 1062, 1131,
1234, 1298, 1384, 1443, 1477, 1634 cm−1).

To compare system #1 to all the others point probe
systems we calculated the residuals between the features
�Rf gl=1::L of system #1 and of systems #2 to #9. We then

calculated the RMSD by taking the square-root of the
residuals averaged over the systems. Finally, the RMSD
was normalized by the statistical extent,
ðmax

l

�Rf gl=1::L−min
l

�Rf gl=1::LÞ of system #1, as shown in
the following equation:

NRMSD=
RMSD

max
l

�Rf gl=1::L−min
l

�Rf gl=1::L

ð2Þ

where max
l

�Rf gl=1::L and min
l

�Rf gl=1::L are the maximum
and minimum of �Rf gl=1::L over {l}l = 1. . L respectively.
Similarly, we used the three point-measurements taken
on the nylon phantom to evaluate the intra-system vari-
ability with every system. We used the same equation to
calculate the NRMSD but the residuals calculated were
between the three co-located measurements and their
average. This complementary evaluation gives a reference
for the inter-system variability to be compared with.

This procedure was repeated identically to compare
system #1 to the wide-field system.

2.6 | Quantitative evaluation of model
transferability in monkey brain
experiment

The classification model was first applied to the testing
set from system #1 and the resulting sensitivity and

specificity reported. These values were used as a compari-
son basis for the classifier's performance when applied on
data acquired with the testing probe systems (#2 to #9).
For each testing system, the entirety of the acquired data
was considered as the testing data and the resulting sensi-
tivity and specificity were averaged over 100 iterations of
the machine learning workflow described in section 2.4.
These values were then directly compared with the base
reference classifier's performance. Similarly, the classifi-
cation model was applied to all pixels within the Raman
image acquired with the wide-field system. The perfor-
mance of the model was estimated based on class labels
(white matter or gray matter) assigned from inspection of
the white light reflectance image.

3 | RESULTS

3.1 | Quantitative comparison between
systems

The inter-system variability was evaluated for all promi-
nent Raman nylon peaks [36]: (491.2, 616.7, 708.0, 788.7,
861.3, 953.8, 1062, 1131, 1234, 1298, 1384, 1443, 1477,
1634) cm−1. Figure 2 illustrates the superposition of the
nylon Raman measurements. Figure 2A-C show this
superposition when the 9 point probe systems are com-
pared with one another, while Figure 2D-F show the
comparison between the point probe system #1 and the
imaging system. The NMRSD between the 9 point probe
Raman spectra is consistently inferior to 2% (Figure 2C).
Similarly, Figure 2E shows how the Raman spectrum
acquired using a point probe system compares to one
acquired with the imaging system. The NMRSD between
the two systems is overall inferior to 6% with only the
peaks at 953.8, 1131 and 1443 cm−1 being over 4%. This
deviation is to be compared with the point probes intra-
system deviation, reaching a maximum of 5%.

3.2 | Quantitative evaluation of model
transferability in ex vivo experiment

The ex vivo experiment illustrate classification model per-
formances on multiple systems is presented in Figure 3.
Figure 3A and B show the sensitivity and specificity of
the classifier when applied on the testing sets acquired
with both point probe system #1 (training system) and
point probe systems #2 to #9 (testing systems). Figure 3C
shows that the average quality factor, which is a function
of n, varies from ~5 to a maximum comprised between
45 and 65 for all systems #1 to #9. As a result, which sys-
tem is used only has a weak impact on the data quality
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factor. In contrast, the quality factor is highly dependent
on the interrogated tissue type. As shown in Figure 3D,
the quality factor averaged on all gray matter sample
reaches only a maximum of 15 compared with 100 for
white matter. When tested on the testing set acquired
with the training system, the classification model has a
sensitivity of 99%, regardless of n. Its average sensitivity
on data from the testing systems increases from 95% to
98% when n increases from 1 to 5 and is constant other-
wise (Figure 3A), meaning the optimum number of mea-
surement per point for the brain classifier is n = 5 even
though the quality factor increases for greater n values.
Furthermore, the specificity for the training data are con-
stant at 100% and is on average superior to 99% for the
testing data with a deviation smaller than 5% (Figure 3B).
As a result, when exported from the training system to
the testing systems, the model accuracy drops by less
than 5% and remains >95%.

The classification model trained using system #1 suc-
cessfully classified white matter vs gray matter in the
Raman image acquired using system #10, as shown in
Figure 4A. Figure 4B displays the white light reflectance
image used as a gold standard to identify the tissue classes
and Figure 4C shows the quality factor for every pixel, with
an average of 20 and 60 for gray and white matter pixels,
respectively. Nine pixels presented a factor of 0 because of a
hardware fault during the acquisition. These pixels were
systematically classified as gray matter pixels in the Raman
map displayed in Figure 4A, leading to 6 of them, located
in the white matter area, to be misclassified. Aside from
these misclassified pixels due to a hardware fault, a 500 μm
band of gray matter is misclassified as white matter consis-
tently along the border between tissue type. Otherwise, the
rest of the image is classified accurately, demonstrating
the transferability of the classification model, built with the
training system, toward the wide-field system.

FIGURE 2 Quantitative comparison between point probe and wide field systems. Spectra comparison for point probe systems #1 to

#9: A, raw spectra, B, processed Raman spectra, C, inter-system normalized root-mean-square deviation (NRMSD) for nylon features.

Spectra comparison between point-probe system #1 and the wide-field system: D, raw spectra, E, processed Raman spectra, F, inter-system

NRMSD for extracted features
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Finally, Figure 4D and F show the average spectra
measured on white and gray matter using the point probe
and the wide-field imaging systems. The main difference
in the molecular composition of white and gray matter is
a higher myelin content in white matter [44], resulting in
a higher lipid concentration. This explains why white
matter overall shares the same Raman peaks as gray mat-
ter (Table 2). However, the higher signal-to-noise ratio in
white matter is partly associated with the strong Raman
cross-section of lipids, as evidenced by the higher white
matter quality factor in Figure 3.

4 | DISCUSSION

Using the nylon phantom experiment, we can compare
the intra- and inter-system deviations to assess the vari-
ous systems measurement reproducibility. The intra-
system deviation was typically below 3% for systems #1
to #9 and below 5% for the wide-field system, while these

values were similar at 2% and 6% for the inter-system
deviations of the multiple point probe systems and point
probe vs wide-field systems, respectively. These devia-
tions give, as a result, strong evidence for phantom mea-
surement reproducibility regardless of the system used.

The ex vivo experiment on monkey brain demon-
strates that a classification model can be exported from a
training to a testing system with a low accuracy loss in
the process, while the performance loss is higher in terms
of sensitivity than specificity in the ex vivo point probe
experiment. In this context, where sensitivity quantify
the model ability to detect white matter, we expected that
the highest quality factor associated with white matter
measurements would be associated with a lower perfor-
mance loss in sensitivity when transferring the model to
other systems compared to the performance loss in speci-
ficity. However, due to the tissue identification error
being overall negligible, the quantitative correlation
between the quality factor and the performance metrics
may not be relevant for this association.

FIGURE 3 Classification model compatibility between the point probe systems and the wide-field imaging system. Average

sensitivity, A, and specificity, B, of the classification model built with system #1 and tested on data acquired systems #2 to #9. The average

and SD were calculated over 100 iterations of the machine learning workflow. C, Quality factor QF(n) depending on number of spectra per

acquisition for systems #1 to #9. D, Quality factor QF(n) depending on number of spectra per acquisition for the two classes white/Gy

matter. The average and SD were calculated over data measurements acquired per system, C, and per class, D
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The Raman map shown in Figure 4A returns a non-
symmetrical margin error for diagnosis between white
and gray matter, which is similar to results from another
study where this system was used [34]. A plausible expla-
nation to this phenomenon is the spatially offset Raman
spectroscopy (SORS) effect caused by the wide-field illu-
mination simultaneously to the line-scanning detection.
To extract a depth-resolved Raman signature, this Raman
imaging technique takes advantage of the spatial distance
between the light collection occurring at the tissue sur-
face and the point source Raman scattering event. In
2011, an in vitro study demonstrated Raman photons
could be reliably detected over a distance of ≈ 2 mm
through tissue [49]. This effect explains why the more
prominent white matter signature, with higher lipids
content, is detected over gray matter in a 500 μm margin
band along the border between white and gray matter.

As a result, the Raman map margin error displayed in
Figure 4A is probably not due to the classification model
or to the data calibration and processing, but instead to
the wide-field system detection design. A solution to this
limitation was recently proposed and consists in includ-
ing optical measurements, from the border between tis-
sues, in the training set so that the resulting classification
model discriminates the biomolecular features from this
region more accurately [50].

The Raman SNR and the corresponding quality factor
extracted from the measurements appear to be critical for
the development of high accuracy and generalizability of
classification models. Optimizing these metrics mitigates
Raman spectra deviations due to photonic noise and thus
promotes increased ability of the Raman signature to sep-
arate between tissue classes. This is exemplified in our
study by the difference of quality factor between white

FIGURE 4 Ex vivo classification experimental results. A, Raman map of white matter (white pixels) and gray matter (black pixels)

acquired with the wide-field system (#WF) and classified with the model built using the training system #1. B, White light reflectance image

of the monkey brain acquired with the wide-field system (#WF). C, Quality factor map. D, Average and SD white matter spectra for system

#1 and the wide-field system. E, Average and deviation gray matter spectra for system #1 and the wide-field system. The average and SD

were calculated over data measurements acquired for the white matter, D, and for gray matter, E
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and gray matter. A significant improvement of the acqui-
sition method for these systems would be an automated
acquisition parameter control to ensure a minimum qual-
ity factor value set by the user, regardless of the interro-
gated tissue. This would allow for consistent quality
Raman signal across the entire data set.

This study presented preliminary evidence that stan-
dardized data calibration and processing enable the train-
ing of low complexity classification models, based on few
spectral bands and their high transferability towards new
data collected with different imaging systems. However,
future work should focus on demonstrating the same
results for more complex models, including more spectral
bands. It should also investigate the classifier's transfer-
ability problematic in more challenging clinical problems
such as in vivo human brain cancer detection for which
spectral signature differences between tissues are more
subtle [4, 24, 28].

5 | CONCLUSION

Ten Raman spectroscopy systems, including nine based
on hand-held probes and one portable imaging instru-
ment, were used to measure Raman signals on a nylon
phantom and on monkey brain samples to evaluate the
inter-system signal deviation and its effect on classifica-
tion problems. Low inter-system deviations were
observed and, using our standardized data calibration
method, we also demonstrated that a two-class classifica-
tion model can be trained using a training point probe-
based system and transferred to an imaging-based system
without significant increase of tissue identification error.
These results demonstrate the feasibility of combining
measurements from multiple Raman imaging systems in
a centralized databank, opening the possibility of future
training of statistical models based on a new scale of
human clinical data set.
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