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Preliminary study demonstrating
cancer cells detection at the
margins of whole glioblastoma
specimens with Raman
spectroscopy imaging

Frangois Daoust?, Frédérick Dallaire’?, Hugo Tavera®?, Katherine Ember'?,
Marie-Christine Guiot?, Kevin Petrecca* & Frederic Leblond®25>

Intraoperative Raman spectroscopy uses near-infrared laser light to gain molecular information
without causing damage. It can be used in vivo or ex vivo without exogenous contrast agents.
Clinically, the technique was primarily used with machine learning for in situ tumor detection with
fiberoptics probes analyzing tissue at sub-millimeter scales one point at the time. Here we report the
development of a whole-specimen spectroscopic imaging system designed to detect cancer cells at
the margins of surgical specimens. The system has a field of view covering a square area of side one
centimeter with a pixel size of a quarter of a millimeter . First, a tumor detection model was developed
from data acquired using a point-probe in 24 glioblastoma patients that had a detection sensitivity

of 90% and a specificity of 95%. That model was then used to produce cancer prediction maps of nine
glioblastoma specimens from five patients with validation based on histopathology analyses. The
results preliminarily demonstrate the instrument was able to detect tissue areas associated with cancer
cells from the Raman peaks associated with the amino acids phenylalanine and tryptophan as well as
the relative concentration of lipids and proteins linked with deformations of the CH, and CH, bonds.

It is estimated that approximately 45 million surgical procedures are performed annually, with surgical
intervention representing a primary treatment option for numerous cancers'. The objective of surgical oncology
is to excise tumors and guarantee a secure margin of surrounding tissue while preserving as much healthy tissue
and organ function as is feasible. The removal of the primary tumor remains a fundamental aspect of surgical
oncology and cancer treatment?. The original cancerous lesion is excised, and in the case of many cancers, the
surgical margins are examined by histopathology after surgery to ascertain the absence of residual cancer cells.
A residual tumor is indicative of a positive surgical margin and often necessitates a second surgical procedure
to reduce the risk of recurrence®*. However, the analysis of tissue samples by histopathology is a challenging
process that requires significant time and expertise>®. The involvement of trained pathologists, who are in
high demand, further complicates the intraoperative assessment of surgical margins’. Currently, there is a lack
of decision support tools available during surgical procedures®, particularly those that can provide real-time
feedback without the need for the administration of exogenous contrast agents or the time-consuming process
of tissue staining’.

In the context of surgical interventions for brain cancers, it is of particular importance to achieve a balance
between complete tumor removal and the minimization of impact on normal tissue, with a view to improving
survival and quality of life!®"12. This is particularly crucial in the context of gliomas, which are characterized
by the presence of infiltrative cancer cells, i.e. cells that have extended beyond the boundaries of the primary
tumor mass into the surrounding brain tissue. This infiltrative behavior is a defining characteristic of gliomas
of all World Health Organization (WHO) grades, including Grade II-III oligodendrogliomas and astrocytomas,
as well as glioblastomas (WHO Grade IV). As a result, complete surgical removal is a challenging endeavor.
Gliomas constitute approximately 24.5 percent of all primary brain tumors'® and 80% of all primary malignant

Polytechnique Montréal, Montreal, Canada. 2Centre de Recherche du Centre Hospitalier de I'Université de Montréal,
Montreal, Canada. 3Division of Neuropathology, Department of Pathology, Montreal Neurological Institute-
Hospital, McGill University, Montreal, Canada. “Montreal Neurological Institute-Hospital, McGill University,
Montreal, Canada. °Institut du Cancer de Montréal, Montreal, Canada. “email: frederic.leblond@polymtl.ca

Scientific Reports | (2025) 15:6453 | https://doi.org/10.1038/s41598-025-87109-1 nature portfolio


http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-025-87109-1&domain=pdf&date_stamp=2025-2-21

www.nature.com/scientificreports/

brain tumors!*. Glioblastomas are the most aggressive form, representing approximately 49% of all malignant
brain tumors!'®. The time from surgery to tumor recurrence for glioblastomas (progression-free survival) and
patient life expectancy are inversely correlated with the volume of tumor remaining after surgery'>. Moreover,
the presence of residual tumor may necessitate further surgical intervention!®!”. Nevertheless, resections that
extend beyond the margins of the tumor into the adjacent brain can result in neurological deficits, which may
have an adverse impact on the quality of life and overall survival of the patient!®. In the case of brain cancers,
post-surgery margin assessment is done through magnetic resonance imaging (MRI) scans. In instances where
residual tumor is identified, a follow-up surgery may be necessary. This approach is costly, time-consuming and
carries an additional risk to the patient'®?. New surgical tools are needed to help detect tumor tissue during a
procedure.

Near-infrared Raman spectroscopy is a potential solution allowing real-time tissue analyses and tumor
margin detection?"?2. It is an analytical technique that uses laser light to gain molecular information about a
sample. The application of Raman spectroscopy in an intraoperative setting does not require the administration
of an exogenous contrast agent and, when used in pathology for surgical specimen inspection, does not require
tissue staining. The inelastic (Raman) scattering of laser light by a sample is dependent on vibrational states
and thus the structure and bonding of molecules. As molecular composition of biological samples can alter in
disease states such as cancer and ischemia, samples may be classified based on their Raman spectral profiles. The
energetic differences between the incident near-infrared light and the inelastically scattered light can be plotted
on the x-axis to form a spectrum with the intensity of Raman scattering at a particular wavenumber given on
the y-axis. The peak position of the x-axis gives information about molecular identity whilst the peak height
gives information about relative molecular concentrations. A single Raman peak may have contributions from
different types of biomolecules if they have molecular bonds with similar vibrational states.

A Raman spectroscopy system has already been developed for in situ detection of brain tumors during
surgery?>?*. This system has proven able to detect glioblastoma, meningioma, and brain metastases
intraoperatively with greater than 90% accuracy based on data from 67 neurosurgical cases?. Whilst this was
achieved rapidly and in a reagent-free way, this single-point device gains molecular information from a relatively
small portion of tissue (0.25 cm?) with no imaging capability. To gain biomolecular information from larger
tissue areas and to create a molecular map of tumor margins, a line-scanning imaging system was developed.
This allowed illumination and molecular analysis of an area of 1 cm??®%”. Here, we present a pilot study with
that system demonstrating detection of residual cancer cells on the surface of surgical specimens. At the core
of the device is a whole-specimen Raman spectroscopy unit for real-time reagent-free molecular analysis.
This relies on a tumor detection machine learning model which was trained in vivo on the pre-existing single-
point system data, from 24 patients undergoing glioblastoma surgery?>. Equipped with this model, the large
field-of-view Raman imaging device was tested on brain specimens from five glioblastoma patients, including
tumor and non-tumor tissue. The results from that technique were validated based on histopathology analyses
and could potentially be generalized to other cancers to allow intra-operative margins inspection in surgical
specimens?128-30,

Results

Hyperspectral Raman imaging instrument

A Raman spectroscopy imaging system was developed to detect residual cancer cells in the surgical margin
(Fig. 1). The device was tested on surgically excised tumor specimens, including specimens from the bulk of the
tumor and samples from its edge (peripheral samples). The instrument included a portable imaging probe with
a field-of-view (FOV) of 1 cm??%%’, The cart-mounted system was portable and allowed its deployment directly
into the operating room for testing in fresh brain specimens from glioblastoma patients. Tumor was resected
during neurosurgery and specimens were immediately analyzed by Raman imaging. Spectral images and co-
located brightfield images were acquired for each specimen, both with a square-shaped field-of-view of 1 cm by
1 cm. The Raman images contained 1,440 pixels (40 by 36 pixels, each of size 200 um by 250 um). Each pixel was
associated with one individual Raman spectrum of spectral resolution 8 cm™ with a spectral domain ranging
from 400 to 1800 cm™!.

Each spectrum contained biomolecular tissue information from more than 30 distinguishable peaks of
known biomolecular origin. All peaks were associated with different molecular bonds. Intensity of Raman
scattering was proportional to the concentration of molecules within a sample®!. Therefore, the intensity of one
biomolecular peak relative to all other peaks in a single spectrum was used as a semi-quantitative readout of the
concentration of different families of biomolecules. The molecular origin of the peaks could be traced back to
protein backbones, aromatic amino acids (phenylalanine, tryptophane, tyrosine), different classes of lipids, and
the structural units of nucleic acids***>.

Tumor detection machine learning model

A glioblastoma detection machine learning model (herein referred to as the Tumor detection model) was created
using data from a well-validated “single-point system”. The single-point system illuminated a spot of tissue of 0.5
mm diameter circular area and obtained a single Raman spectrum from the region under interrogation (Fig. 1).
Spectroscopic data was acquired independently using this system in the scope of a multi-center clinical study?.
Briefly, the tumor detection model was developed using support vector machines (SVM) and five-fold cross-
validation (Methods). It was trained/validated and tested using 352 spectra from 24 patients (glioblastoma:
n =248, normal brain: n=104). The spectral data associated with normal brain was on average composed of an
equal proportion of measurements sampling normal grey matter, normal white matter, or a mixture of both. All
spectra were acquired in vivo during tumor resection and prior to tissue removal.
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Fig. 1. Graphical depiction of the workflow leading to cancer prediction maps of specimens resected from
glioblastoma patients that were imaged using the Raman spectroscopy imaging system. (A) The experimental
workflow showcases how glioblastoma and normal brain Raman spectra were collected. Spectral fingerprint
measurements were acquired using a single-point probe during neurosurgery. (B) Biopsy workflow showing
how histopathology data was linked with each spectral measurement. A biopsy was recovered immediately
following the Raman measurement, the specimen was prepared and then annotated by a neuropathologist.

(C) The combination of Raman spectra and their histological labels allowed the creation of machine learning
classifiers based on a select number of differentiating Raman features. The phenylalanine band (1004 cm™!), the
tryptophan band (1340 cm™) and the protein/lipid band (1430-1460 cm™") were used to create a cancer (i.e.,
glioblastoma) detection model. In (D), schematic depiction of the imaging system using line scanning to image
freshly resected brain specimen. (E) The cancer prediction model was applied to each pixel on the Raman
images to recover a cancer likelihood map that can detect tumor tissue (red) and areas of non-tumoral brain
(blue).
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The resulting predictive model was integrated into the data processing and operating software of the large
field-of-view Raman imaging instrument, hereafter named the “Raman imaging system”. Each time a Raman
image was acquired from an excised brain specimen using the Raman imaging system, the tumor detection
model was directly applied to each individual spectrum within that image. Each image pixel had an output
consisting of a predictive metric between 0 and 1. Values closer to 0 were more likely taken from tissue associated
with Normal brain, while values closer to 1 had spectral features consistent with Tumor tissue. Each image was
hence a map of the Cancer Likelihood metric, showing the spatial distribution within specimens in terms of
Normal brain or Tumor likelihood (“Methods”).

Spectral features originating from three Raman bands were selected through the machine learning model
development process: 1004 cm™, 1340 cm™, and 1430-1460 cm™! (Fig. 1). These peaks were chosen because
they are part of the five key peaks identified by Ember et al. and they did not exhibit deviations likely due to
intrinsic differences between Raman systems. Other studies have demonstrated the phenotypic relevance of
these spectral regions and explained their biological origin. The Raman peak at 1004 cm™! is related to the
concentration of the amino acid phenylalanine’>*** and the inelastic scattering signal in the spectral region
around 1340 cm™! is associated with the protein collagen and the amino acid tryptophan®23¢. The peak covering
the 1430-1460 cm™! spectral domain contains information on the relative concentration of lipids and proteins
and is related to the deformations of the CH, and CH, molecular bonds*>**. The glioblastoma model previously
published by our group used features from the same three bands but also included features from the band
around 1300 cm™! associated with CH, saturated bonds of lipids. However, that band was excluded from the
machine learning model development process (along with the bands around 1620 cm™ and 1660 cm™) because
of observed inter-systems discrepancies (see explanations below) in those regions. However, this minimally
impacted the cross-validation performance of the tumor detection SVM classifier. The performance of the model
used as part of the work here was 91% accuracy, 90% sensitivity and 95% specificity, while the performance
reported in our other work?® was 91% accuracy, 91% sensitivity and 91% specificity.

Patient specimens and histology

Between one and three tumor specimens were analyzed from each of five glioblastoma patients undergoing
tumor resection surgery at the Montreal Neurological Institute and Hospital. The samples were prepared and
imaged using the Raman imaging system (“Methods”). In total, nine specimens were analyzed, each labeled with
a code consisting of a patient identification number (P5 to P9) and a set of letters (SPA, SPB or SPC) identifying
each individual specimen acquired from the same patient (Table 1). A brightfield image of each specimen was
acquired (Fig. 2: first column) and a digitized H&E histology map generated for each specimen (Fig. 2: third
column), which was co-located with the Raman data by a trained neuropathologist (“Methods”).

The Cancer Likelihood images obtained from the Raman imaging system were produced (Fig. 2: second
column) as well as a Cellular Density Map from each H&E image. The latter quantified the number of cells
for each imaged pixel (Fig. 2, fourth column). Cellularity colormaps were produced by counting the number
of nuclei per unit area in the stained histology section (“Methods”). Each specimen was classified by the
neuropathologist as belonging to one of four histological categories. Specimens P7 SPA-SPC were labeled All
Tumor because they were composed of only tumor tissue. Specimens P5 SPA-B and P6 SPA were labeled All
Tumor with Extensive Necrosis because necrosis was observed over approximately 20% of the surface area. The
remaining three specimens were either associated with a low density of cancer cells spread throughout the tissue
(Low Cellularity Tumor: P9 SPA-B) or consisted of normal brain mixed with tissue having a low density of cancer
cells (Normal brain with Infiltration: P8 SPB).

Biomolecular information content and inter-system spectral discrepancies

The Raman imaging dataset consisted of 11,361 spectra acquired from 9 specimens and the tumor detection
model was applied to each spectrum. All spectra that had a Cancer Likelihood value higher than 0.8 were assigned
to the Turmor category, whilst all other spectra were assigned to the Normal brain category. Overall, the classifier

Specimen ID | Sex | Age | Histological label Cancer likelihood metric (avg+SD) | Cellular density (cells/m?) (avg+ SD)
P5 SPA F 83 | All tumor with extensive necrosis | 0.88+0.19 600+ 600
P5 SPB F 83 | All tumor with extensive necrosis | 0.96+0.10 1000+ 600
P6 SPA M |83 | All tumor with extensive necrosis | 0.98£0.07 2500+1200
P7 SPA F 67 All tumor 0.98+0.08 3000+ 800
P7 SPB F 67 All tumor 0.99+0.04 3400+700
P7 SPC F 67 All tumor 0.98+0.09 2400+800
P8 SPB M |61 | Normal brain with infiltration 0.30£0.19 900+ 300
P9 SPA F 59 | Low cellularity tumor 0.52+0.30 1500+ 300
P9 SPB F 59 | Low cellularity tumor 0.56£0.28 1400+ 300

Table 1. Information associated with the patients (sex, age) and pathology of the glioblastoma specimens. P5
to P9 refer to patient identification numbers, while SPX (X : A, B or C) refers to different specimens from the

same patient. Other information include the histopathological assessment for each specimen, the average and
standard deviation (SD) of the Cancer likelihood metric computed for all pixels within the Raman images, and

the corresponding values of the cellular density in units of cells per mm?2.
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Fig. 2. Glioblastoma specimens with corresponding photograph (first column), machine learning predictions
from a tumor model trained using in vivo point probe Raman spectroscopy data (second column),
haematoxylin and eosin (H&E) stained digital scan (third column) and cellular density map (fourth column).
Cancer likelihood predictions gave a score from 0 (blue) to 1 (red) where 1 corresponded to the highest
probability of cancer cells while 0 corresponded to the lowest probability of cancer (normal brain prediction).
Cellular density maps were produced by counting the number of nuclei per surface area (per mm?) with black
areas labelled as necrotic tissue.
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predicted that 8,071 pixels (71% of all image data points) were associated with Tumor, and 3,290 pixels (29% of
all image data points) were associated with Normal brain.

A visual comparison of the spectra acquired with the Raman imaging and single-point systems demonstrated
that the detected biomolecular features were mostly consistent between the two systems (Fig. 3). The mean
Tumor spectrum from the imaging system showed similarities with the mean glioblastoma spectrum from the
single-point system dataset (Fig. 3a). The mean Normal brain imaging spectrum also showed similarities with
the mean normal brain spectrum taken using the single-point system (Fig. 3b). The spectra acquired with both
systems prior to background removal were also shown (Supplementary Fig. 2). For both systems, the prominent
Raman peaks observed for the glioblastoma and Normal brain categories were at 1004, 1064, 1090, 1128, 1300,
1340, 1430-1460, 1620 and 1660 cm™! (Fig. 3: red, green, and blue highlights), each with its own molecular
interpretation (Supplemental Table 1). The consistency of spectra acquired with the Raman imaging system and
the single-point probe was studied and quantified as part of another study using synthetic material and ex vivo

porcine brain tissue®’.

The Raman peaks around 1064 cm™ and 1090 cm™ were associated with the carbon skeletal stretching of
lipids®® while the inelastic scattering signal at 1128 cm™" was associated with the CH, wagging mode found in
lipids*. The peak at 1004 cm™! was linked with the phenylalanine tissue content and the Raman band around
1300 cm™" was linked to CH, twist and wag as well as with the Amide I1I band of proteins®®. Similarly, the band
at 1660 cm™! was associated with the Amide I band of proteins, more specifically sourced from the carbon-
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Fig. 3. Average Raman spectra from the single-point probe (solid lines) and the imaging system (dashed lines)
datasets: (A) glioblastoma, (B) normal brain. Bands highlighted in red represent spectral regions containing
the features used by the machine learning tumor model. Bands highlighted in green showcase regions where
systematic differences between the point-probe and the imaging system were observed. Bands highlighted in
blue are regions showing similar signatures between the two systems but that were not exploited by the tumor
detection model.
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oxygen double bond in peptide bonds*. The band around 1340 cm ! was linked with tryptophan and CH,/
CH, deformations in lipids and protein. The band around 1620 cm™" was associated with contributions from the
aromatic amino acids: tyrosine, tryptophane and phenylalanine®*-*!. The band located in the 1430-1460 cm™!
range included several vibrational modes involving carbon and hydrogen linked to protein and lipid content*!42.
Whilst the spectra detected with both systems showed the same Raman bands, differences in peak intensities
were observed between the two imaging configurations. These mostly occurred within the protein bands around
1300, 1620 and 1660 cm™! (Fig. 3: red highlights). The single-point measurements were taken in vivo, whilst the
imaging measurements were taken ex vivo. Therefore, the differences could be attributed to tissue deterioration
(e.g., denaturation of the proteins) from environmental changes. These differences may also be linked to the
automated application of the fluorescence background removal algorithm (“Methods”), which may have caused
overfitting under some peaks. Importantly, none of the spectral features utilized by the tumor detection machine
learning model were associated with the bands that had been identified as due to intrinsic differences between
the Raman systems (Fig. 3: green highlights). Statistics associated with the intensity of individual Raman bands
provides a more quantitative assessment of the overlap between spectra acquired with the two systems (Fig. 4).

Consistency between machine learning predictions and histology

The Raman imaging system was able to correctly detect the different types of tumorous and non-tumorous
tissue that were sampled by the neurosurgeon. The predictive power of the tumor detection machine learning
model was evaluated using the co-located histology and cellular density maps that were here considered as
the as gold standard for histopathological assessment (Fig. 2). Specimens P7 SPA, P7 SPB and P7 SPC were all
classified as pure tumor based on histopathology analyses. The cellular density maps exhibited hypercellularity,
i.e. cell density higher than in normal brain. Pathology analyses revealed multiple other features consistent
with glioblastoma, including microvascular proliferation and pseudopalisading necrosis. This latter feature is
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Fig. 4. Differences between the intensity of inelastic scattering bands for the spectra shown in Fig. 3 that were
acquired with the single-point probe system and the Raman imaging system. Boxplots are shown that were
associated with the Raman band intensity of all spectra at 1004, 1064, 1090, 1128, 1300, 1340, 1442, 1620 and
1660 cm™!. The boxplots displayed the dataset minimum, first quartile (Q1), median (Q2), third quartile (Q3),
and maximum values. The box spans Q1 to Q3, showing the interquartile range (IQR), while the line inside
marks the median (Q2). The whiskers extend to the minimum and maximum within 1.5 times the IQR, and
any points beyond are plotted individually as outliers.
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a hallmark of glioblastoma associated with cells migrating from the necrotic tumor core. The Raman imaging
system correctly predicted that these specimens contained tumor tissue across the whole field-of-view. The
average Cancer Likelihood was high at 0.98 with a standard deviation (0.07) that was consistent with a mostly
homogenous specimen.

Specimens P5 SPA, P5 SPB and P6 SPA were tumor tissue that contained necrotic tissue. They all exhibited
hypercellularity within some regions, whilst other regions had additional histological features typical of
glioblastoma, including microvascular proliferation and extensive areas of necrosis. Necrotic areas were
associated with a low cell density, confirmed by the absence of cellular architecture and nuclei on the histology
maps. These histological features suggest that the specimens were taken in the vicinity of the necrotic core of the
tumor. Despite the difference in morphology and cell density compared to the P7 tumor features, the Raman
imaging system correctly predicted that most of the area of these specimens were tumor tissue. However, the
specimens had a slightly lower average Cancer Likelihood metric and were more heterogenous when compared
to P7 samples. The average Cancer Likelihood for these samples was 0.94 with a standard deviation of 0.13. This
slightly lower Cancer Likelihood could be because the surface area of the specimens was associated with a larger
fraction of necrotic tissue. Of note, the tumor detection model was trained from data acquired with the single-
point system which did not contain measurements associated with necrotic tissue. This may explain why this
model did not appear to be able to distinguish tissue containing necrotic regions from tissue containing cancer
cells (Fig. 2).

The histological features associated with specimens P9 SPA and P9 SPB were different compared with
specimens from P5, P6 and P7. They exhibited hypercellularity in some areas but only limited microvascular
proliferation with no areas associated with necrosis nor pseudopalisading necrosis. In addition, a reduction in
cellularity compared to other tumor specimens was observed in both P9 SPA and P9 SPB that was associated
with an organized tissue architecture characteristic of normal brain. These features were consistent with
specimens resected at the periphery of the tumor, i.e. towards the outer edge the MRI-enhancing ring of the
glioblastoma. Specifically, the Raman images were consistent with what would be expected from samples with
a mixture of normal and cancer cells. The average Cancer Likelihood for these two specimens was 0.54 with a
standard deviation of 0.29, consistent with a highly heterogenous specimen. The Raman images showed areas of
predicted tumor mixed with normal brain areas.

The last specimen considered —-P8 SPB- mostly consisted of normal brain, with histology features consistent
with an organized cellular architecture. It also had a cellularity that was low compared to all other specimens.
The specimen only had a few signs of tissue infiltration with cancer cells, low mitotic activity, and a low level
of nuclear atypia. It had none of the distinguishing features found in glioblastoma such as microvascular
proliferation and necrosis. The average Cancer Likelihood was low at 0.30 with a standard deviation consistent
with moderate tissue heterogeneity 0.19.

Biomolecular alterations between different anatomical regions

The Raman imaging system used different biomolecular features to identify tumor and non-tumor pathologies.
An analysis was performed to determine precisely which biomolecular features were characteristic of each type
of pathology. Firstly, specimens were divided into four categories based on their suspected anatomical origin and
the histology analyses. The 3,464 spectra from the samples P5 SPA, P5 SPB, P6 SPA were labeled Tumor Core.
Specimens P7 SPA, P7 SPB and P7 SPC were likely associated with the MRI-enhancing ring of the tumor with the
4,079 spectra labeled Tumor Interphase. Spectra from P8 SPB, P9 SPA and P9 SPB that had a Cancer Likelihood
metric larger than 0.8 (n=528) were labeled Tumor periphery — Cancer while all other spectra were labeled
Tumor periphery — Normal brain (n=3,290). Of note, those spectra were not all histologically confirmed to be
normal brain, but they were all predicted to belong to the normal brain category based on the tumor detection
machine learning model. Despite this limitation, these spectra were used as baseline to assess biomolecular
changes between specimens having different histology features.

The average spectrum for each tissue category was computed along with the inter-measurement standard
deviation within each class (Fig. 5a). The difference between the spectra for Tumor core, Tumor interphase
and Tumor periphery — Cancer compared to the baseline normal brain spectrum (Tumor periphery — Normal
brain) was also computed (Fig. 5b). These difference spectra allowed identification of the main Raman-predicted
biomolecular changes between different tumor tissues and tissue that had a more organized cellular architecture.
A quantitative comparison of normal brain spectra was made with samples labeled Tumor Core (i.e. All Tumor
with Extensive Necrosis) and Tumor interphase (i.e. All Tumor) that were acquired with the Raman imaging
system (Supplemental Fig. 1). This was done to assess spectral differences potentially orginating from necrotic
tissue.

There were no significant differences observed within the Raman bands used by the tumor detection
machine learning model (1004 cm™}, 1340 cm™!, 1442 cm™!) between specimens from the Tumor core—which
had extensive areas of necrosis—and those from the Tumor interphase. This meant the model was not able
to distinguish cancer from necrotic tissue. However, there were spectral regions that qualitatively showed
spectral differences between Tumor core and Tumor interphase. Those regions included, for example, the low
wavenumber range below 800 cm™' and molecular bonds associated with phospholipids and nucleic acids in the
peaks around 1100 cm™.

There were however significant differences between Tumor core/Tumor interphase, Tumor periphery - Cancer
and Tumor periphery — Normal brain for the Raman bands used by the tumor detection model. All observed
changes were consistent with a gradual decrease of the ratio of lipids to proteins, as well as the proteins and
amino acid concentration, when moving away from the Tumor core/Tumor interphase region towards areas
showing fewer distinguishing features of cancer. This is manifested by an increase - in tumor tissue — of the
intensity of the Raman peaks associated with phenylalanine (1004 cm™) and tryptophan (1340 cm™), combined
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Fig. 5. (A) Average Raman spectra (solid line) and inter-measurements standard deviation (grey shading) of
specimens that were predicted as Tumor (first three graphs) or Normal brain (fourth graph). The first graph
shows spectra associated with specimens with a mixture of cancer cells and necrotic tissue (labeled Tumor
core). The second graph shows spectra associated with the tumor interphase that were mostly cancer with no
necrotic tissue. The third and fourth graphs show spectra from mixed normal-cancer tissues areas that were
labeled Tumor periphery. The third graph shows spectra that were predicted to belong to the Tumor category
while the fourth graph shows spectra predicted as Normal brain. (B) Difference between the Raman spectra
predicted as Tumor from specimens labeled Tumor core, Tumor interphase, or Tumor periphery and the spectra
predicted as Normal brain. The standard deviation is shown in grey shading. The dashed grey line corresponds
to 0. The spectral features used in the tumor prediction model are highlighted in red. Bands highlighted in

blue show other features where differences are observed between tumor and normal brain but that were not
exploited by the machine learning model.
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with a decrease of lipid to protein ratio computed from the 1430-1460 cm™! band. Other protein bands showed
a marked decrease between tumor and normal brain, including at 1300 cm™' and 1660 cm™.

Discussion

Predicting the presence of cancer cells from large field-of-view Raman imaging was achieved, allowing sub-
millimeter resolution maps of glioblastoma specimens to be produced. The agreement between histology and the
Raman-predicted Cancer Likelihood maps suggested the method could effectively assess margins in a real-world
intraoperative context. The device detected tumor tissue from three molecular bands. Relative to normal brain,
glioblastoma exhibited a lower lipid to protein ratio based on spectral features extracted from the spectral range
1430-1460 cm™!. Glioblastoma also showed an overexpression of phenylalanine (1004 cm™) as well as collagen
and tryptophan (1340 cm™). These trends were consistent across specimens, including pure tumor associated
with a high density of cancer cells, specimens presenting with a mixture of high-density cancer cell clusters and
necrosis, as well as non-necrotic tissue associated with a low density of cancer cells.

A limitation of this study was the accuracy of the spatial registration between histopathology images (H&E
maps, cellular density images) and the images acquired with the Raman imaging system, i.e. the Cancer Likelihood
maps. The study employed a spatial registration method using inked specimen borders to allow an approximate
geometrical matching between the Raman images and the histology maps. However, the specimen preparation
protocol could have altered its shape, limiting the accuracy of the affine registration with the corresponding
Raman images. The method allowed regions of high Cancer Likelihood to be consistently associated with tumor
tissue and regions of low Cancer Likelihood with normal brain. However, precise one-to-one pixel matching
with histology images was not feasible because of the spatial registration inaccuracies. Consequently, it was not
possible to compute accuracy, sensitivity, and specificity performance metrics for the Raman imaging system on
a pixel basis. To improve pixel matching in future studies, physical registration markers (e.g., ink spots, needles)
should be placed on the specimen after Raman imaging. This approach could improve the accuracy of affine
image registration with histology, allowing to compute tumor model sensitivity and specificity when applied to
Raman imaging data.

The tumor detection machine learning model used to produce the Cancer Likelihood maps was trained
using a different instrument, in the scope of an independent multicentric study. This model was not trained to
distinguish areas associated with a high density of cancer cells from regions with necrotic areas. However, this
did not imply there were no spectral differences between those different tissue types. Rather, this meant the
subset of spectral features used to train the tumor detection model were present in tumor tissue regardless of
the presence of necrosis. In fact, spectral changes were visually detected between tumor specimens that included
necrotic tissue and those that did not (Supplemental Fig. 1). Tissues containing necrotic areas showed elevated
inelastic scattering signal at 1128, 1442 and 1620 cm™, associated with lipids and protein and a decrease of the
peaks at 1090, 1340 and 1660 cm™! which are predominantly associated with tryptophan and amino acids. This
suggested that a machine learning model could eventually be trained specifically to detect necrosis.

The latter observation could have profound implications for the future of technology. Other clinical
studies could be designed aimed at developing more complex machine learning models detecting more subtle
phenotypes. For example, detecting the invasive gradient of glioblastoma is important in glioma surgery*. A
model could be developed aiming at detecting subtle tissue changes associated with cellular proliferation beyond
the MRI-enhancing ring of a glioblastoma. This was not attempted as part of the current study because detecting
invasive glioblastoma cells with high accuracy is difficult with conventional histology techniques. There is,
in fact, no gold standard for this because there are no definitive histological or protein markers of wildtype
glioblastoma cells. Using standard technologies, it is thus not possible to count invasive glioblastoma cells with
clinical grade accuracy, unlike astrocytoma and oligodendrogliomas in which single cells can be detected with
an antibody to the IDHR132H mutation**.

Unlocking new applications will require improvements in system design leading to enhanced signal-to-noise
ratio, i.e. super pixels associated with less stochastic noise. Here the system was only able to acquire high signal-
to-noise ratio for a subset of Raman bands, principally the three bands used to train the tumor detection model.
This was mainly due to the 30-min limit to imaging time for integration into the workflow. Thirty minutes
of imaging time per specimen aligns with the duration of frozen section pathology, which is commonly used
during glioma surgery and typically takes 15 to 30 min per specimen®’. There were also light losses due to a
2 m coherent imaging bundle used in the detection path of the system?®?’. The imaging bundle was imposed
by prior design constraints requiring the system to acquire signal at-a-distance through a hand-held imaging
probe in situ within the surgical cavity. This aspect of the design could be relaxed for ex vivo margins assessment
application, improving light collection efficiency by at least a factor 10 x . Other aspects reducing imaging times -
that would not require any modifications of the hardware - could include the reduction of the spatial resolution
along the scanning axis of the system by a factor 2, with limited impact in the ability of the system to detect the
whole surface area of the specimen. A re-design of the system could thus allow the imaging time achieved in the
current work to be reduced to 90 s. Further, keeping the same imaging time as in this current work - 30 min on
average — would lead to a signal-to-noise ratio increase of 4.5X, improving overall signal quality to increase the
number of spectral features available to develop new more complex machine learning models.

One of the most enticing aspects of the current work is the application of the system to other types of cancer
surgeries in organs where promising Raman spectroscopy studies were already published. For example, a
workflow could be developed in breast surgical oncology allowing lumpectomy specimens to be imaged during a
surgical excision procedure. If residual tumor was detected on the specimen, the surgeon could then resect extra
tissue. This could improve outcomes by reducing disease recurrence whilst minimizing damage to healthy tissue.
The same approach could apply in radical prostatectomy procedures either performed laparoscopically or using
a robotic platform?. Pilot clinical studies have already been performed using a hand-held single-point Raman
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Methods

Raman imaging system

Raman images of the specimens were acquired using the system published by Daoust et al.?’. Briefly, the imaging
system was cart-mounted and equipped with an imaging probe connected to two flexible coherent fiber optics
imaging bundles (one for excitation and one for detection) of length ~ 2 m. Excitation patterns (linear laser light
distributions) generated by the system were conveyed through the excitation bundle and probe to the sample.
Spectroscopic and white light images were captured through the detection bundle. The imaging probe, originally
designed for in situ tissue characterization within the surgical cavity, was affixed within a light-tight optical
enclosure for ex vivo imaging (Fig. 1). The system was operated in non-contact mode with a numerical aperture
of 0.22 and a working distance of 40 mm between the front lens and the specimen surface. Images consisted
of 40 lines projected from a 785 nm laser (5W, Innovative Photonic Solutions, USA) that was scanned across a
square field-of-view of side dimension 1 cm. Each line had a 200 um thickness along the scanning axis and 10
mm along the transverse direction. Images were formed by scanning the line with 0.25 mm steps. Spatial binning
was applied along the second dimension on the charge-coupled device (CCD) sensor (1,024 x 256 pixels array
with 26 um pixels) resulting in super pixels that covered a square area with a side dimension of 0.25 mm. The
resulting dimension of each Raman image was 40 super pixels along the scanning axis (i.e., 40 lines), 36 super
pixels along the transverse axis and 1,024 light intensity values along the wavenumber (cm™!) axis. Throughout
the manuscript, “pixels” refers to these super pixels. Monte Carlo simulations and experimental validations by
Akbarzadeh et al. report that for a similar sensing geometry, absorption and reduced scattering coefficients
consistent with human brain (u,=0.01 mm™ and p =1 mm™")** and 785 nm excitation wavelength, the sensing
depth of Raman signal was no more than 600 pm>*.

Spectra were produced through spectral separation of light using a high-resolution diffraction grating
spectrometer (EH Model, EmVision, USA) coupled to a cooled CCD camera (Newton 920, Andor Technology,
Oxford Instruments, USA). The camera sensor was cooled to -60 °C prior to each measurement. The spectral
range of each spectrum was 400 to 2100 cm™ (810 to 940 nm) with a spectral resolution of approximately
8 cm™L. Laser light power at the specimen was 905 mW when measured for an entire line, resulting in an average
intensity of 22.6 W/cm?. The exposure time for each line ranged from 4 to 15 s. These exposure levels did not
lead to histological features on H&E-stained sections consistent with tissue damage. The later was optimized
to maximize usage of the CCD sensor dynamical range while avoiding saturation. This was done to maximize
the signal-to-noise ratio (SNR). The upper bound of 15 s per line was set to keep the total scan time for 40 lines
within 10 min. Each measurement consisted of a signal averaged over N=4 to 10 repetitions to further improve
SNR. Tests in brain tissue showed that beyond N =10 repetitions, SNR gains were minimal. The total imaging
time per specimen averaged 30 min, with a range from 20 to 40 min, aligning with the time typically required for
frozen section pathology (approximately 30 min). These acquisition parameters resulted in an integration time
of 30 to 60 s per super pixel. The system allowed brightfield images to be acquired that were collocated with the
hyperspectral Raman images.

Patient selection, specimen preparation and histology analyses

Five patients were recruited that had a diagnosis of glioblastoma and were scheduled for a tumor resection
procedure at the Montreal Neurological Institute and Hospital (McGill University Health Center). All participants
signed a written Information and Consent Form. Sufficient information was provided to allow each patient to
make an informed decision about their participation in the study.

A procedure was developed that allowed specimens to be harvested and prepared before being imaged
with the Raman spectroscopy imaging system (Fig. 6). Specimens were recovered during surgery that were
destined for biological waste and that had a volume ranging between 1 and 4 cm?. Each sample was immediately
soaked in phosphate buffered solution (312-651, Thermo Scientific, USA) and placed in a sterile petri dish. The
specimens were then sliced using a sterile razor blade to form two or three smaller flat samples of approximate
size 10 mm x 10 mm x 3 mm. Each specimen was then placed on an aluminum surface (Miro5011, Anomet,
Canada) because this material has limited inelastic scattering signal in the 400 to 2100 cm™ wavenumber range.
A phosphate buffer solution was regularly sprayed onto the specimen during the imaging session between image
repetitions to keep it moistened, avoid dehydration and regulate temperature. The buffer solution did not induce
noticeable changes in the Raman tissue signature.

Raman imaging was performed as described above in a vacant area next to the patient during surgery. After
the imaging session was completed, a procedure was applied to each specimen to ensure its spatial orientation
was registered. This was necessary to ensure Raman and white light images could be spatially collocated with
histopathology images. Each specimen was first immersed in paraformaldehyde 10% for 18 to 24 h. The borders
of each square-shaped specimen were then inked following three steps: 1) the fixing agent acetic acid 5% was
applied on all borders, 2) four different colors of ink were applied on each side of the specimen (top: blue, right:
red, bottom: green, left: yellow or orange), 3) the ink was left to dry for five minutes. Each specimen was then
placed in a micro-tissue pathology cassette and submerged for another 24 h in fresh paraformaldehyde 10%
before undergoing paraffin-embedding. Slices were then obtained that covered the whole top surface of the
resulting formalin-fixed paraffin-embedded (FFPE) specimen. Each slice ~with an area consistent with the field-
of-view of the Raman imaging system- was stained with hematoxylin and eosin (H&E) and digitally scanned.
Recombining all images resulted in a histopathology map co-located with Raman and white light images that
was analyzed by a neuropathologist.
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Fig. 6. Raman imaging workflow that was developed for brain tissue preparation prior to Raman spectroscopy
imaging and histopathology analyses. (A) Brain matter was resected during surgery and (B) shaped into square
specimens of dimension 10 mm by 10 mm by 3 mm. (C) Spectroscopic imaging of the specimen took between
20 and 40 min and resulted in a 40 by 36 hyperspectral Raman image. (D) A collocated brightfield image was
acquired to be used for spatial registration with histology. (E) Specimens underwent a first 18 to 24 h fixation
and (F) their border were inked to ensure spatial orientation information was retained. (G) Specimens finally
underwent standard tissue preparation consisting of formaldehyde fixation, paraffin-embedding (FFPE). (H)
The paraffin block was sliced: each slice was stained with hematoxylin and eosin (H&E) and scanned digitally.
The digital scans were oriented with the Raman images using the ink visible in the digital scan as a fiducial
marker.

Cellular density maps were formed from the digital histology scans of the H&E-stained brain specimens slices
using the open-source bioimage analysis software QuPath 0.5.0 [22]. QuPath’sCell Detection function was first
used to locate all cells within the digital scan using the default values set by the software. Then, the Create Density
Maps function was used to produce a cellular density image, i.e. a lower resolution image where each pixel
value in the image corresponds to the density of cells surrounding the pixel. Each pixel value was determined
by counting the number of cells surrounding the pixel within a radius of 282 um and dividing this cell count
by the surface area considered (i.e., 0.25 mm?). All cellular density values of pixels located in blank areas of the
histology scan (i.e. empty areas with no visible cells or tissue) were set to 0. Python 3.11.3 with Scikit-image
0.20.0 were finally used to generate the cellular density maps with colors showcasing areas of necrosis in black,
higher cellularity (> 1500 cells/mm?) in red and lower cellularity (< 1500 cells/mm?) in blue.

Spectral pre-processing

Data analysis and spectral pre-processing were done using Python 3.9.5 with Scikit-Learn 1.2.2% in combination
with code from a public repository®®. The following data pre-processing steps were applied to all spectraassociated
with the hyperspectral images: (1) filtering using a two-dimensional median filter to remove occasional cosmic
ray events, (2) wavenumber correction using a reference acetaminophen measurement, (3) averaging over N
repeat measurements, (4) instrument response correction from a NIST 785 nm Raman standard measurement,
(5) removing the system intrinsic background signal using measurements with no sample within the imaging
focal plane, (6) baseline subtraction using the BubbleFill algorithm®® with a minimum ‘bubble’ diameter of
40 cm™, (7) truncation of spectra to the range 650-1700 cm™ and interpolation in 1 cm™ steps, (8) standard
normal variate (SNV) normalization. The data from step 2, step 4 and step 5 were associated with images covering
the same field-of-view as the specimen images. This allowed calibration to be achieved on a pixel-by-pixel basis.
Further, spectral smoothing was done by averaging each pixel with its closest neighbours: 2 pixels for the corners
of the image, 3 pixels for the borders, and 4 pixels otherwise.

Finally, a metric was computed for each spectrum that allowed to evaluate their spectral quality®. The
quality factor (QF) was used to automatically dismiss poor quality spectra that were plagued with high levels of
stochastic noise. Only spectra from images with QF > 0.4 were retained in this study. The QF was defined as the
average signed squared intensity:

QF = £ 37 sqn(r) - rf,
Where L is the number of spectral bins composing each SNV-normalized spectrum and r, is the i* spectral
element.
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Tumor detection machine learning model

The spectral pre-processing procedure reduced the number of spectra retained per Raman image from 1,440
to 1,150 Raman spectra, i.e. a loss of 21% of the whole dataset. A tumor detection machine learning model was
produced using data acquired independently with a different system. That model was applied to each spectrum
associated with hyperspectral data acquired using the Raman imaging system. Briefly, inelastic scattering spectra
of glioblastoma and normal brain were recovered from a previous study that was conducted using a single-
point Raman spectroscopy probe instrument?. In situ spectroscopic measurements were acquired in vivo with
a sterilizable handheld point probe system. One biopsy specimen was extracted along with each spectroscopic
measurement ensuring spatial collocation. The probe interrogated a surface area of approximately 0.25 mm?
and the size of the biopsy specimen was approximately 1-2 mm. The specimens were formalin-fixed paraffin-
embedded (FFPE). A section of the resulting FFPE tissue was sliced, stained (H&E) and digitized for histology
analyses. Acquisition parameters with the probe system were: (1) excitation wavelength: 785 nm, (2) exposure
time: 100 ms, (3) number of repeat measurements: N=20, (4) laser intensity on the brain: 75 mW, (5) spectral
range: 400-2100 cm™! (810-940 nm). Each spectrum was labelled either as glioblastoma or Normal brain by a
neuropathologist. The dataset consisted of 104 normal brain spectra and 248 glioblastoma spectra from a total
of 24 patients.

A tumor detection classifier was produced from a dimensionally reduced dataset that was limited to the
spectral fingerprint region previously shown to have the most contrast between glioblastoma and the Normal
brain category”’: (1) the phenylalanine band at 1004 cm™!, (2) the tryptophan band region located at 1340 cm™,
3) the lipid-protein band centered around 1430-1460 cm™'. Specifically, all spectral features were associated
with the spectral bins in the regions 997-1013 cm™!, 1333-1355 cm™! and 1428-1475 cm™}, resulting in a
total of 85 spectral features (i.e. intensity values from SNV-normalized Raman spectra). The feature space was
further reduced to less than 20 individual features using a support vector machine (SVM) with a linear kernel
and L1 regularization (L1-SVM)?®. This Lasso regression technique limited the number of features to the ones
presenting the most significant contribution to inter-class separation.

The tumor detection model was then trained from the subset of features using a linear SVM algorithm.
Hyperparameters —both for the feature selection procedure described above and for the classification algorithms-
were optimized using a grid search approach. The L1-SVM regularization parameter C was varied between 0.005
and 0.05, the reduced number of features between 5 and 20, and the classification regularization parameter
C between 0.01 and 0.5. A class weight parameter corresponding to the normal/tumor class ratio was used
to account for the unbalance between the two classes and avoid classification biases. The performance of the
trained model was assessed through five-fold cross-validation where model predictions were compared to the
histopathological predictions. A receiver operating characteristic (ROC) analysis was used to determine the
set of hyperparameters yielding the best performance. The model trained using this set of hyperparameters
corresponded to the tumor detection model applied to each super pixel with the hyperspectral Raman images.

Cancer likelihood maps of Raman images
After all spectral pre-processing steps were applied, the spectral features used by the tumor detection model
were computed for all super pixels contained within the Raman images. The model was then applied to the pixels
associated with all specimen images. The output of the model was then used to generate the Cancer Likelihood
maps. The output was a probability between 0 and 1 with values close to 0 associated with Normal brain and
those closer to 1 to Tumor. A threshold optimizing sensitivity and specificity was obtained from a ROC analysis
and used to classify the pixels in binary categories: spectra with a probability lower than this threshold (0.8)
were classified as Normal brain, the other ones as Tumor. This threshold yielded to the best performance of the
tumor detection model during training based on cross-validation (i.e. 91% accuracy, 90% sensitivity and 95%
specificity).

The average of the Cancer Likelihood metric and the cellular density metric were computed over the surface
of each specimen, along with their fluctuations measured by the standard deviation within each image (Table 1).
All other information (white-light image, digitized H&E histology map, cellular density image) was displayed,
ranking the specimens in decreasing order of the average cellular density computed from the cellular density
maps (Fig. 2). This allowed differences in spatial distribution of cancer cells across different specimens to be
more easily visualized and compared.

Data availability

The main data supporting the findings of this study are available within the Article and its Supplementary Infor-
mation. The raw data generated during the study is too large to be publicly shared, yet it is available for research
purposes from the corresponding author upon reasonable request.

Code availability
Source code used in this work is available for non-commercial purposes from the corresponding author on
request.
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