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ABSTRACT: Cervical cancer is the fourth most common cancer in women
worldwide, and early detection of its precancerous lesions can decrease
mortality. Cytopathology, HPV testing, and histopathology are the most
commonly used tools in clinical practice. However, these methods suﬀer from
many limitations such as subjectivity, cost, and time. Therefore, there is an
unmet clinical need to develop new noninvasive methods for the early
detection of cervical cancer. Here, a novel noninvasive, fast, and label-free
approach with high accuracy is presented using liquid-based cytology Pap
smears. CARS and SHG/TPF imaging was performed at one wavenumber on
the Pap smears from patients with specimens negative for intraepithelial
lesions or malignancy (NILM), and low-grade (LSIL) and high-grade (HSIL)
squamous intraepithelial lesions. The normal, LSIL, and HSIL cells were
selected on the basis of the ratio of the nucleus to the cytoplasm and cell
morphology. Raman spectral imaging of single cells from the same smears was also performed to provide integral biochemical
information of cells. Deep convolutional neural networks (DCNNs) were trained independently with CARS, SHG/TPF, and
Raman images, taking into account both morphotextural and spectral information. DCNNs based on CARS, SHG/TPF, or
Raman images have discriminated between normal and cancerous Pap smears with 100% accuracy. These results demonstrate
that CARS/SHG/TPF microscopy has a prospective use as a label-free imaging technique for the fast screening of a large
number of cells in cytopathological samples.

C

with human papillomavirus (HPV) is the major risk factor for
the development of cervical cancer.8 An HPV-DNA test is used
to screen for HPV-DNA fragments and determine whether the
patient is infected with one of the HPV high-risk types.
Although the HPV-DNA test has a higher sensitivity (∼95%),
it suﬀers from low speciﬁcity (∼84%) and is also expensive.9
Therefore, there is an unmet clinical need to develop a new
noninvasive method for cervical cancer screening.
Raman spectroscopic methods including conventional
Raman spectroscopy, coherent anti-Stokes Raman scattering
(CARS), and stimulated Raman scattering (SRS) are emerging
biophotonic tools in the bioanalysis and imaging of
biomaterials such as body ﬂuids, cells, and tissues.10−21
These methods are nondestructive and label-free approaches
with a spectroscopic capability to probe diﬀerent biomolecules
and monitor their changes with the progression of cancer or
neurodegenerative diseases. Conventional Raman spectroscopy
has been applied extensively to cervical cancer specimens,
especially tissues and cell lines; however, limited applications

ervical cancer is the fourth most common cancer in
women worldwide, with 266 000 deaths in 2012.1,2 The
peak rate of cervical cancer cases is found in middle-aged
women between 35 and 44 years of age. Early detection of the
precancer stage is necessary to reduce the mortality associated
with cervical cancer signiﬁcantly. Mostly, cervical cancer
develops in the basal layer of cells lining the cervix and
progresses gradually, revealing several dysplastic changes that
can lead to invasive cancer. The Papanicolaou (Pap) test or socalled Pap smear is the most common screening method for
identifying an abnormality in the cervix.3 Abnormal Pap smears
are followed by colposcopy, biopsy, and histopathological
investigation to conﬁrm the diagnosis.
The Pap test is a noninvasive method, extensively accepted,
and its results include the following categories according to the
Bethesda system:4 negatives for intraepithelial lesions or
malignancy (NILM), atypical squamous cells of undetermined
signiﬁcance (ASCUS), low-grade squamous intraepithelial
lesions (LSIL), and high-grade squamous intraepithelial lesions
(HSIL). This cytology method depends on the visual
evaluation of individual cell morphology and detects cancer
and precancer cells, making it highly subjective with a large
variation in the sensitivity (50−96%).5−7 Persistent infection
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on cervix cytology were reported.22−27 For instance, Raman
spectroscopy was used to diﬀerentiate between HPV-positive
and HPV-negative Pap smears with high accuracy.22 On the
other hand, the classiﬁcation of normal and cancerous Pap
smears was achieved with lower accuracy (80%).23 This is
most likely because Raman spectra were acquired using cell
pellets instead of individual cells, leading to sample
heterogeneity.
Recent studies have shown that few Raman spectra from the
nuclei of single cells can discriminate between normal and
abnormal Pap smears with high accuracy using principal
component analysis−linear discriminant analysis (PCA−LDA)
and partial least-squares discriminant analysis (PLS−DA).25,26
However, these few spectra neither represent the integral
biochemical composition of cells nor allow access to the
morphological or textural features of cells because of the lack
of a Raman imaging modality.25,26 In addition, the use of
conventional chemometric approaches such as PCA-LDA and
PLS-DA does not consider the morphological or textural
features of cells.
Coherent Raman techniques such as CARS and SRS
imaging have been used recently in many biomedical
applications. These methods are much faster than conventional
Raman spectroscopy and can be performed at a speed of up to
a video rate, allowing fast diagnosis.10,11,19,28−30 We have
recently used a combination of CARS and second harmonic
generation (SHG) imaging as a fast tool for prescreening
urothelial cells in urine sediments.10 Afterward, Raman spectral
imaging of the selected cells was performed to diﬀerentiate
between noncancerous and cancerous urothelial cells using
deep convolutional neural networks (DCNNs). The results
have shown the advantage of DCNN for Raman data
compared to the conventional chemometric methods.31,32
This is because the DCNN classiﬁcations were based on not
only the spectral information but also the morphological
features of the cell. Thus, a combination of CARS imaging,
much faster than Raman imaging, and DCNNs would be a
perfect candidate for a fast label-free imaging approach for the
diagnosis of cancer using cytopathological samples. Such
combination was used for the detection of lung and head and
neck carcinoma using only tissue sections that were collected
invasively from patients but not using liquid-based cytology.33,34
Here, we report for the ﬁrst time fast CARS, SHG, and twophoton excited autoﬂuorescence (TPF) imaging of liquidbased cytology including normal, LSIL, and HSIL Pap smears
that were collected noninvasively from patients. Cells were
screened within a very short time. Raman spectral imaging of
single cells from the same Pap smears was also acquired, and
the results provided not only integral biochemical information
of single cells but also morphological features of cells. DCNNs
were used to discriminate with very high accuracy among
normal, LSIL, and HSIL cells in Pap smears based on
morphological features extracted from CARS, SHG/TPF, and
Raman microscopic images. Finally, the results demonstrate
that CARS and SHG/TPF imaging has the potential to be a
fast and noninvasive method for the diagnosis of cervical
cancer with high accuracy.

Cytology and Immune Cytochemistry; Dortmund, Germany).
Institutional review board approval (IRB 16-5654) and written
informed consent from all patients have been obtained. Pap
smears were provided using liquid-based cytology. For this
method, samples from the cervix uteri were collected using a
cervical sampler and deposited into preservative liquid. This
technique allows accurate results because of the removal of
mucus, blood, and other elements. The preparation of Pap
smears for Raman and CARS/SHG/TPF measurements is
shown in the Supporting Information (SI).
CARS and SHG Microscopic Imaging. CARS and SHG
images were acquired using a commercial setup (TCS SP5 II
CARS; Leica Microsystems, Heidelberg, Germany) consisting
of a picosecond pulsed laser setup (APE picoEmerald, Berlin,
Germany). It generates and synchronizes two collinearly
aligned beams to a confocal inverted microscope as reported
previously.10,28 The pump and Stokes wavelengths were
adjusted to 810.5 and 1064 nm, respectively. Laser beams
are focused on the microscope using a water-immersion
objective (HCX IRAPO L, 25X/0.95 W, Leica Microsystems).
CARS and SHG/TPF images of Pap smears from 30 patients
were acquired simultaneously at 2935 cm−1 with a pixel dwell
time of 180 μs and a pixel resolution of 250 nm. CARS imaging
is displayed in one channel, while SHG and TPF imaging is
shown in another channel.
Raman Spectral Imaging. Raman spectral imaging of cells
in Pap smears was measured using an alpha300 RA confocal
Raman microscope (WITec, Ulm, Germany) as described
previously.12−14,35−37 A frequency-doubled Nd:YAG laser
operating at 532 nm (Crystal Laser, Reno, NV, USA) is the
Raman excitation source. The laser beam is coupled into a
microscope using a single-mode optical ﬁber, and it is
collimated and then focused on the sample through a Nikon
NIR APO (60x/1.00 NA) water-immersion objective. Raman
measurements were performed using a raster scanning laser
beam over cervical cells in order to measure full Raman spectra
(0.5 s per pixel) with a pixel resolution of 500 nm. The Raman
measured 82 normal cells, 32 LSIL cells, and 41 HSIL cells that
were selected from 30 patients and produced 590 676, 80 183,
and 73 574 Raman spectra, respectively.
Deep Learning/Minimal Net (MNi). We devised a
minimal topology with i = 1 spectral bands in the input layer
and one with i = 6 spectral bands, both including six hidden
layers. The topology of MNi was described previously.31
Varying the number i of spectral bands allowed us to
investigate the impact of including diﬀerent amounts of
spectral information for classiﬁcation, where i = 6 was
previously shown to be the best selection for Raman images.31
Implementation. The MNi networks were implemented
in Python 3.6 using the Keras 2.0.9 and TensorFlow 1.4.0 deep
learning frameworks. Preprocessing of Raman spectra was
based on implementations, and the training of the networks is
described in the SI. Experiments were run on a server with 20
CPUs and 1 Nvidia GTX Titan X graphics card running
Ubuntu 16.04.

■

RESULTS AND DISCUSSION
Workﬂow for the Identiﬁcation of Cervical Cancer
Cells in Pap Smears. A workﬂow including Raman spectral
imaging, CARS/SHG/TPF imaging, cluster analysis, and
DCNNs was established to identify cervical cancer cells in
Pap smears of patients diagnosed with negative for intraepithelial lesion or malignancy (NILM), low-grade squamous

■

EXPERIMENTAL SECTION
Pap Smears. Pap smears were collected from 10 healthy
women, 10 patients diagnosed with LSIL, and 10 patients
diagnosed with HSIL by ZYDOLAB (Institute for Clinical
B
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Figure 1. Workﬂow for the detection of cervical cancer cells in Pap smears using deep learning.

Figure 2. Unstained CARS (A) and SHG/TPF (B) images and a Papanicolaou-stained image (C) of the same HSIL Pap smear.

because the cell nuclei were visible in these images as shown in
Figure 2. Cancer cells were detected in all cancer samples
measured by CARS/SHG/TPF imaging. After CARS/SHG/
TPF and Raman measurements, Papanicolaou staining was
performed and the annotation of these cells was conﬁrmed by
a cytologist (Z.H.) using the stained images of the same cells.
It is noted that Pap smears contain intermediate and
superﬁcial cells and these cells cannot be diﬀerentiated in
unstained slides (Figure 2A,B). In the stained image (Figure
2C), the intermediate and superﬁcial cells are blue and orange
to pink, respectively, in color. It was reported that a mixed
population of superﬁcial and intermediate cell types can be
used for the classiﬁcation based on Raman spectra of diﬀerent
Pap smears.26 In the present study, a mixed population of cell
types was used, but most of the measured cells are
intermediate cells.
A representative example of diﬀerent imaging results of a cell
from one patient’s Pap smear of each type is shown in Figure 3.
CARS (A, F, K) and SHG/TPF (B, G, L) images of normal
and LSIL and HSIL cells are displayed, respectively. CARS
microscopic imaging at 2935 cm−1 monitors mainly the
distribution of proteins in cells.10,11,40 On the other hand, SHG
visualizes the collagen and myosin structures in cells.41 Myosin
is present in the cell nuclei and is involved in several nuclear
functions.42 TPF shows the distribution of nicotinamide
adenine dinucleotide (NADH) and ﬂavins/ﬂavoproteins.43

intraepithelial lesions (LSIL), and high-grade squamous
intraepithelial lesions (HSIL). As shown in Figure 1, fast
CARS and SHG/TPF imaging techniques were ﬁrst used to
acquire images of Pap smears in order to identify cervical
cancer cells. Subsequently, the identiﬁed cells were measured
by Raman spectral imaging. These images or spectral images
were used to train DCNNs.
CARS is a nonlinear method that depends on high-intensity
excitation pulses to produce an eﬃcient signal. Consequently,
additional nonlinear eﬀects such as SHG and TPF are
simultaneously generated.11,29 CARS and SHG/TPF images
of Pap smears were measured simultaneously within a short
time covering a large area as shown in Figure S1 and were used
for the fast screening of cervical cancer cells. A similar
approach was applied recently to the screening of urothelial
cancer cells in urine sediments.10 The nucleus to cytoplasm
ratio is the main feature used to distinguish normal, LSIL, and
HSIL cervical cancer cells in addition to the color of the
cytoplasm and cell shape in Papanicolaou-stained images.
Slater et al. suggested calculating this ratio by utilizing the
mean diameter of the cytoplasm rather than the increasing size
of the nucleus.38,39 Accordingly, a cell with a nucleus-tocytoplasm ratio of less than 25% is considered to be a normal
intermediate cell, a cell with <50% as LSIL and >50% as HSIL.
A similar approach was applied here to identify normal, LSIL,
and HSIL cells using label-free CARS/SHG/TPF images
C
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Figure 3. Multimodal imaging techniques of normal (A−E), LSIL
(F−J), and HSIL (K−O) cells in Pap smears. CARS images (A, F, K).
SHG/TPF images (B, G, L). Integrated Raman intensities of cells in
the 2850−3050 cm−1 region (C, H, M) and in the 785−805 cm−1
region (D, I, N). Papanicolaou-stained images (E, J, O).

Nuclei are clearly visible in both CARS and SHG/TPF images,
and not only the size of the nucleus is increasing with the
progression of cancer but also the nucleus-to-cytoplasm ratio
as mentioned before.
Raman microspectroscopy of these cells was acquired
afterward, and the integrated intensity images in the C−H
stretching region (2850−3050 cm−1) of the normal, LSIL, and
HSIL cells are depicted in panels C, H, and M, respectively.
Raman spectra were collected from each cell with a pixel
resolution of 500 nm providing thousands of spectra per cell.
These spectra enable the label-free imaging of the cell based on
its biochemical composition. This approach is diﬀerent than
that used in the previous Raman studies of Pap smears in
which few spectra from cell nuclei were measured from single
cells, lacking the imaging modality.25,26 The integrated Raman
intensity images near 790 cm−1, a DNA marker band,10,13 show
the nuclei of cells as indicated in panels D, I, and N. After
Raman measurements, cells were stained with Papanicolaou
staining and a cytologist (Z.H.) annotated these stained cells
shown in panels E, J, and O as normal, LSIL, and HSIL cells,
respectively. The cell nuclei displayed by label-free CARS (A,
F, K), SHG/TPF (B, G, L), and Raman (D, I, N) images agree
well with Papanicolaou-stained images (E, J, O). Therefore,
label-free Raman, CARS, and SHG/TPF imaging can be used
for the screening of cancerous cervical cells in Pap smears
based on morphological features of the cell and the ratio of the
nucleus to the cytoplasm. Because CARS/SHG/TPF imaging
at one wavenumber is much faster than Raman spectral
imaging, it allows fast screening of a large number of cells
within a short time.
Molecular Diﬀerences among Normal, LSIL, and HSIL
Smears. The average Raman spectra for normal (a), LSIL (b),
and HSIL (c) cells from several Pap smears are shown in
Figure 4. These spectra represent an integration of the
biochemical composition of the cells in each smear type.
Raman bands are observed at 790 (DNA: O−P−O;
pyrimidine ring breathing mode), 853 (proteins: tyrosine and
proline), 940 (proteins: proline and valine), 1008 (proteins:
phenylalanine), 1130 (lipids), 1172 (nucleic acids), 1213
(proteins: tryptophan and phenylalanine), 1247 (proteins:
amide III), 1308 (collagen and lipids), 1344 (collagen, nucleic
acids, and tryptophan), 1452 (CH2CH3 bending mode in
proteins and lipids), 1591 (nucleic acids and phenylalanine),
and 1657 (proteins: amide I) and in the C−H stretching

Figure 4. Average Raman spectra for normal (a), LSIL (b), and HSIL
(c) cells from several Pap smears used to train DCNN. The shading
represents the standard deviation. The spectra are oﬀset for clarity.

region from 2850 to 2935 cm−1 (lipids and proteins).16,26,44−46
These are the main Raman bands accompanied by their
tentative assignments. It is noted that a little blood
contamination of the smears may contribute to the Raman
band at ∼1591 cm−1, which originates from the heme of the
hemoglobin.10,47
To detect the changes in the cellular biochemical
composition as a result of cervical cancer progression,
Raman diﬀerence spectra between normal and cancerous
cervical cells were calculated and are shown in Figure 5. The
Raman diﬀerence spectrum of normal−LSIL (a) reveals large
spectral changes near 790, 849, 936, 973, 1010, 1177, 1203,
1226, 1297, 1337, 1375, 1425, 1445, 1566, 1588, 1625, 1657,

Figure 5. Comparison among the Raman diﬀerence spectra of
normal−LSIL (a), normal−HSIL (b), and HSIL−LSIL (c). The
shading represents the standard deviation.
D
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2852, 2880, and 2931 cm−1. These bands originate from
nucleic acids, polysaccharides, proteins, and lipids. Similar
results were observed for the diﬀerence spectrum of normal−
HSIL (b). The positive and negative bands in the spectra (a, b)
indicate higher contributions from normal and cancerous
(LSIL and HSIL) cells, respectively.
The positive features in the diﬀerence spectra (a, b) can be
attributed to decreases in the levels of lipids, proteins,
polysaccharides, and nucleic acids in the cancerous cervical
cells.48,49 These results reﬂect the underlying metabolic
changes in cells upon the progression of cervical cancer. The
diﬀerence spectrum of HSIL−LSIL (c) also shows positive
bands near 1566 (nucleic acids), 1588 (nucleic acids and
phenylalanine and/or blood), 1625 (proteins), and 1657 cm−1
(proteins) as well as a negative band near 2850−2880 cm−1
(mainly lipids).25,26,48 These results suggest that the protein
levels are higher in HSIL cells, whereas those of lipids are
lower in comparison to LSIL cells.
Deep Convolutional Neural Networks of CARS/SHG/
TPF and Raman Images. We have recently shown that
DCNNs are a more powerful method for Raman microscopy
than conventional chemometric approaches which typically
ignore the morphology or texture of the sample.31 The
DCNNs of Raman spectral images discriminated between
urocystitis and high-grade cancerous urothelial cells with high
accuracy for the diagnosis of urothelial carcinoma using urine
sediments.31 In the present study, DCNNs were trained from
scratch not only on the Raman spectral images of diﬀerent
smear types but also on both CARS and SHG/TPF images. To
obtain Raman spectral images representative of a cell, the
identiﬁcation of a few Raman wavenumbers that are most
informative for diﬀerentiating among normal, LSIL, and HSIL
cells was determined using the MRMR approach as explained
in the SI.50 The selected wavenumbers based on MRMR
should also be uncorrelated so that each selected wavenumber
is expected to carry diﬀerent/additional information for
morphological feature-based classiﬁcation. This approach was
successfully applied to the Raman spectral images of urothelial
cells.32,51 For diﬀerent smear types, six wavenumbers were
selected: 1011, 1375, 1657, 2845, 3042, and 3049 cm−1.
DCNNs were trained on the resulting image of normal, LSIL,
and HSIL cells to identify these cells.
Tables 1 and S1 show the sensitivity, speciﬁcity, and
accuracy for the classiﬁcation based on per-patient cross-

∼95% accuracy using PLS-DA based on a few Raman spectra
measured from single cell nuclei.26
Furthermore, DCNNs were also trained from scratch on
both CARS and SHG/TPF images at one wavenumber (2935
cm−1) and on their combination, and the classiﬁcation results
are shown in Tables 1 and S1. Accuracies of 100 and 95% were
achieved to diﬀerentiate between the normal and cancerous
cells in the case of CARS and SHG/TPF, respectively, similar
to those obtained with Raman spectral images using six
wavenumbers (Table 1). In addition, the accuracy for the
diﬀerentiation among normal, LSIL, and HSIL in the case of
CARS/SHG/TPF (90%) images is close to that observed for
the Raman results (94%). Interestingly, using CARS or SHG/
TPF images at one wavenumber (2935 cm−1) produces
accuracy similar to that observed for Raman images produced
using six wavenumbers. This is most likely attributed to the
higher spatial resolution of CARS compared to Raman
imaging.11,29 In addition, the pixel resolution in CARS and
SHG/TPF (250 nm) images is higher than that in Raman
images (500 nm), providing images with more morphotextural
features.
Potential of Raman and CARS/SHG/TPF Microscopy
in Cervical Cancer Diagnosis. Raman spectroscopy has
been applied in the diagnosis of cervical cancer for almost two
decades.52 For instance, it has been used for the in vivo
detection of cervical precancer with an accuracy of ∼85% using
a ﬁber optic probe.53−55 Several studies have also shown that
Raman spectroscopy can diﬀerentiate between normal and
malignant cervical ex vivo tissues with high accuracy.52,56,57
However, these biopsies were taken from patients invasively
during colposcopy.
The previous and present studies have also revealed the
potential of Raman spectroscopy as a noninvasive diagnostic
tool using easily accessible Pap smears taken from patients, in
contrast to the aforementioned invasive methods. For example,
normal, LSIL, and HSIL smears were classiﬁed with ∼95%
accuracy using conventional chemometric methods based on a
few Raman spectra from single cell nuclei.25,26 In the present
study, Raman spectral imaging of cells, representing the
integral biochemical composition of cells, was used in
combination with DCNNs to discriminate among diﬀerent
smear types with 100% accuracy.
One disadvantage of the conventional Raman spectroscopy
is that the Raman intensity is weak. This leads to a longer
accumulation time to improve the signal-to-noise ratio of the
Raman signals. To overcome this issue, coherent Raman
techniques such as CARS or SRS imaging at single wavenumbers that can be performed at a speed of up to the video
rate have to be used.10,11,19,28−30 In addition, fast multiplex/
broadband CARS or SRS microspectroscopy, in which the
acquired vibrational spectra would allow the detection of a
larger number of biochemical molecules, can be used.20,58−60
In the present study, we have established a new noninvasive
diagnostic method based on Pap smears using a combination
of CARS/SHG/TPF imaging and DCNNs. With this,
cancerous cervical cells were discriminated from noncancerous
cells with 100% accuracy.
Papanicolaou and HPV-DNA tests are the most commonly
used noninvasive tests in clinical practice using Pap smears for
the early detection of cervical cancer.3,8,9 However, the HPVDNA test is expensive and has lower speciﬁcity (∼84%).9 In
addition, the Papanicolaou test suﬀers from a large variation in
the sensitivity (50−96%). 6,7 There is also a lack of

Table 1. Classiﬁcation of Diﬀerent Pap Smears by Applying
DCNNs to Diﬀerent Imaging Modalities
classiﬁcation
(accuracy)

normal/
LSIL (%)

normal/
HSIL (%)

LSIL/
HSIL
(%)

normal/LSIL/
HSIL (%)

Raman
CARS
SHG/TPF
CARS/SHG/TPF

100
100
95
100

100
100
100
100

100
85
90
85

94
90
83
90

validation with deep learning of the Raman spectral images.
The diﬀerentiation between normal and cancerous cells was
achieved with high accuracy. For instance, the binary
classiﬁcation results indicate that LSIL or HSIL cells can be
diﬀerentiated from the normal cells with 100% accuracy. The
diﬀerentiation between LSIL and HSIL is also achieved with
100% accuracy. These results are better than those obtained
for the discrimination between normal and HSIL smears with
E
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North-Rhine Westphalia, Germany (grant number 2331.08.03.03-031-68079).

cytopathologists in the labor market because training in
cytopathology is a deep specialization in public health, where
we have a general lack of skilled employees. Therefore, the
present label-free CARS approach that automatically detects
cervical cancer cells appears to be superior to the other
conventional tests and it is also much faster than the Raman
spectroscopic approach.

■

■

CONCLUSIONS
CARS, SHG/TPF, Raman spectral imaging, and DCNNs were
used for the label-free detection of cancerous cervical cells in
Pap smears. The discrimination between normal and cancerous
cells was achieved automatically with 100% accuracy. This
classiﬁcation is based on morphotextural information, which is
obtained from CARS/SHG/TPF images at one wavenumber
using leave-one-patient-out cross-validation. Similar accuracy
was obtained when the classiﬁcations were performed on the
basis of both morphotextural and spectral information
obtained from Raman spectral images of the same Pap smears
at six wavenumbers. These results demonstrate that high
accuracy for discrimination among diﬀerent Pap smears is still
achieved even if the number of spectral images is reduced to
one, as in the case of CARS/SHG/TPF imaging (2935 cm−1).
Thus, CARS/SHG/TPF microscopy has the potential to be a
fast, label-free imaging tool for screening large numbers of cells
in Pap smears. Finally, the present study reports on a cohort at
a single tertiary academic center. In the future, a multiinstitution approach will be required to further validate the
ﬁndings of this report in a prospective setting in LSIL and
HSIL as well as healthy controls using fast CARS, SHG, and
TPF imaging tools.
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