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ABSTRACT. We investigated the use of narrowband Raman spectra for rapid label-free
molecular imaging aimed at cell classification using principal component regression and linear
discriminant analysis. In the classification of breast non-tumorigenic epithelial and cancer cell
lines, the classification accuracies using a spectral range of 100cm™ were equivalent to or better
than that with using the fingerprint and high-wavenumber regions. Narrowing the Raman
spectral range for analysis allows reduction of the CCD pixels required for spectrum detection,
resulting in the improvement of image acquisition speed with adequate classification accuracy.

Our measurements revealed that the wavenumber region at 1397-1501 cm’!

can provide
molecular information sufficient for cell classification without causing notable errors in the
baseline-correction. A spectral resolution of ~9 cm™ was found to be sufficient to provide high
accuracy in cell classification, which allowed us to apply pixel binning at the CCD readout for
further acceleration of the imaging speed. As a result, the acquisition time for a 1200 x 1500

' was reduced to 21 min. Under this

pixels Raman hyperspectral image at 1397-1501 cm’
condition, different cell lines were classified at accuracies higher than 90%. The presented

approach will improve throughput of cell and tissue analysis and classification using Raman

spectroscopy and extend practical uses of Raman imaging in biology and medicine.

Introduction

In cell biology, quantitative molecular analysis and imaging are essential for understanding
functions as well as states of cells. Raman scattering microscopy is a powerful tool enabling such
analysis and imaging. A Raman scattering spectrum represents the molecular composition of a

cell and a tissue.! With spectral analysis, the cell function as well as the state of cell and tissue



can be identified accurately.!”

When spectral analysis is combined with microscopy,
distributions of molecules, cells, and tissues are visualized without any specific labeling of a
target."!%!! Raman images can provide information that is not obtained from Raman spectra in
analyzing the function, state and type of a cell.'>!> However, the acquisition of a Raman image
takes several tens of minutes or even hours in general.!''*!5 Despite many technological

advances made in the past twenty years!'®?! to tackle this issue, Raman imaging is still much

slower than other cell analysis techniques such as fluorescence imaging®? and flow cytometry.?

Here, we demonstrate the narrowband and low-spectral resolution analysis for high-speed
Raman imaging. Narrowband and low-spectral resolution Raman hyperspectral imaging allows
reduction of the CCD pixels of the detector for capturing the spectrum, resulting to 10- to 20-fold
improvement of the image acquisition time. Although the Raman spectrum contains
comprehensive information of intracellular molecules, the use of wideband and high-spectral-
resolution Raman spectra are not always necessary and practical depending on the application.>*
32 In this research, we investigate the use of narrowband and low-spectral-resolution Raman
spectra for classifying breast non-tumorigenic epithelial and cancer cell lines. By using the result
of the analysis, we demonstrated high-speed and wide field-of-view Raman imaging of live cells.
Our technique can improve throughput of cell and tissue analysis and classification based on

Raman imaging and expand the applications of label-free imaging in biology and medicine.

Materials and Methods

We used a human breast cancer cell line (MCF-7) and a human breast non-tumorigenic epithelial

cell (MCF-10A). The cells were cultured on a calcium fluoride (CaF,) substrate. Prior to Raman



imaging, the culturing medium was replaced by a Tyrode’s buffer solution. Raman imaging was

performed within 2 hours after the cells were taken out of the incubator.

The cells cultured on the CaF: substrate was set at the sample plane of an inverted
microscope as a part of a homebuilt line-illumination Raman microscope. The basic

configuration of the Raman microscope is described elsewhere.!"'®!” Briefly, 1 = 532 nm laser

beam was focused with a cylindrical lens and an objective lens (25%, NA1.1) into a line-shaped
beam at the sample. The scattered light was collected by the same objective lens and delivered to
the entrance slit of a spectrometer equipped with a grating (600 g/mm). The dispersed light was
detected with a cooled CCD camera. The readout rate of the camera was set to 100 kHz for the
narrowband and/or low-spectral-resolution measurements, while it was set to 2 MHz for the
wideband measurement. The readout chips were reduced from the full dimension (2048 x 2048)
to 1200 x 1200 and 1200 x 50 pixels for the wideband and narrowband measurements,
respectively. For low-resolution and narrowband measurement, each four pixels of the camera

along the wavenumber axis were binned and 1200 x 13 pixels were read out.

A single camera exposure provides a one-dimensional hyperspectral image (x and A) of
the locations irradiated with the line-shaped beam. To obtain a two-dimensional Raman
hyperspectral image (x, y, and A), the cells were scanned by the line-shaped beam with a scan
step of 440 nm that corresponds to the pixel size of Raman images along the slit. The laser

intensity of the beam at the sample was set at 3.2 mW/um?>.

We measured the Raman spectrum of ethanol and calibrating the wavenumber axis by
seven bands of the ethanol spectrum.’® A least-square third-order polynomial function was

obtained for approximating the relationship between detector position and wavenumber of the



reference bands. After the wavenumber calibration, we calibrated the spectral responses of

detection with a spectrum of light from a standard lamp.

Prior to Raman spectral analysis, the pixels exposed to cosmic rays were processed by 2D
median filtering. After the cosmic ray removal, we applied interpolation and decimation to the
spectra so that the spectra obtained on different days can be compared along the exactly same
wavenumber axis (pixels). Spline curves were used for the interpolation and decimation. For
correcting the baseline, we applied iterative alternative-least-square polynomial function fitting
to the individual spectra. From the baseline corrected spectra, we reconstructed the Raman

images.

From the reconstructed Raman images, we analyzed the mean spectra of nuclei,
cytoplasm, and whole cell. Individual mean spectra were normalized by the L2 norms of the

wavenumber region of interests.

We applied principal component analysis to the set of normalized spectra. The regression

coefficients Crc were calculated by the following equation,

Cpc = Ssampie = SpcT + (Spc + Spc’)!,

where Ssampie was a spectrum set of MCF-7 or MCF-10A, and Spc was the component
loading used.?* We used the obtained coefficients for classifying MCF-7 and MCF-10A. A linear
discriminant curve was drawn at the line where values of probability density of individual

datasets equaled each other.

We also calculated the signal-to-background ratio (SBR) of the Raman hyperspectral

dataset obtained in the wideband, narrowband and low-spectral-resolution conditions by dividing



the root mean square of the intensity at the region of 1432-1458 cm™! for the pixels corresponding

to regions of cells (n > 50) by that of non-cell regions.

Further details of experiments and data analyses can be found in Supporting Information.

Results

Figure 1(a) shows typical nucleus and cytoplasm spectra. The fingerprint region (728-1786 cm”
) and CH region (2823-3017 cm™) contain different characteristic Raman bands. A band
assigned to CH> stretching mode at 2856 cm™! represents lipid because CH: is largely contained
in phospholipid.'® Lipid also contributes to 1450 cm™ of CHa vibrations.!® There is a contribution
of lipid to the 1660 cm™ band assigned to C=C stretching mode.!¢ The 1450 and 1660 cm™! bands
can also be assigned to protein.!®** Protein is also represented by the CH3 stretching mode at
2941 cm! and the ring-breathing mode of phenylalanine at 1005 ¢cm™.!*> These molecules are
observed in both the nucleus and cytoplasm spectra. In contrast, reduced forms of cytochromes!®
are seen only in the cytoplasm spectrum. In this experiment, the signal from the reduced
cytochromes were localized in mitochondria. Typical distributions of the reduced cytochrome
(749-760 + 1125-1138 cm™') in MCF-7 and MCF-10A are shown in Fig. 1(b), together with
those of lipid (2851-2860 cm!) and protein (2924-2946 cm™). MCF-7 cells contain more
cytochrome and protein than MCF-10A cells, while MCF-10A cells contain more lipid than
MCEF-7 cells. Figure 1(c) shows average spectra of nucleus, cytoplasm, and whole cell (nucleus
+ cytoplasm) regions for two cell types, as well as the averages plus/minus standard deviations.

1

In the cytoplasm spectra, the cytochrome bands at 755 and 1133 cm™ and the protein band at



2941 cm™! are more intense for MCF-7 than MCF-10A. There are also other wavenumber regions

where two cell types show differences in the spectra.

To classify two cell types, we first performed principal component analysis (PCA) in
order to highlight the variation of the spectral data. We used the loadings that account 90% of the
total variance of individual spectra sets by considering the cumulative portions to account for the
variance within each dataset (Fig. S1). The first to sixth loadings account for 90% of the total
variance of the nucleus spectra within all the MCF-7 and MCF-10A cells. Similarly, the first to
third loadings explain 90% of the total variance of cytoplasm and whole cell spectra. These

loadings and their scores for all the spectra are shown also in Fig. S1.

We performed linear discriminant analysis using the selected principal component
loadings. Table 1 summarizes the results. For all cell regions, true classifications exceed 90% of

all the 112 spectra.

In the experiments mentioned above, Raman hyperspectral images containing 300,000
spectra were obtained in 24 minutes. Each image typically contains 30 and 10 cells for MCF-7
and MCF-10A respectively. The throughput of cell classification was about 1 cell/min. To
increase the throughput of Raman imaging of cells, we reduced the number of readout pixels of
the detector. The number of readout pixels for one-dimensional hyperspectral imaging (x and 1)
was 1,440,000. At a readout rate of 1 MHz, the readout time reached as long as 1.44 seconds.
This accounts for 22% of all the acquisition time (signal accumulation time of 5 seconds + the

readout time of 1.44 seconds).

In principle, if we reduced the number of readout pixels, the readout time could become

shorter. This approach becomes realistic if we can classify two cell types by using narrowband



spectra. To confirm this approach, we used narrowband spectra chosen from the wideband
spectra obtained in the experiments and performed principal component and regression analysis
with it. The results are summarized in Table S1. The number of principal components used was
determined accounting for 90% of the variance of the dataset. The accuracies of cell
classifications using the narrowband spectra (e.g., 1009-1117 cm™ for the nucleus, 1073-1181,
1333-1441, 1527-1635, and 2845-2953 cm’' for the cytoplasm, and 1073-1181, 1397-1505,
1549-1657, and 2845-2953 cm’! for the whole cell) were similar to or even better than the results
using the wideband spectra. These results indicate that narrowband spectra contain information

sufficient to distinguish two cell types.

Based on the results in Table S1, we determined candidate wavenumber regions for
narrowband Raman hyperspectral imaging aimed at high-throughput cell classification. We
focused on wavenumber regions where accuracies were higher than 95% for any of three cell
regions. Such wavenumber regions include 749-857, 987-1203, 1289-1700, and 2823-3017 cm™.
Among them, we exclude the following specific regions from the analysis. The signals at the
regions of 749-857, and 1527-1700 cm™ are significantly influenced by Raman scattering of
glass, water and/or oxygen, respectively. Additionally, several narrow regions, such as 1019-
1029, 1182-1203, 1502-1526, and 2823-2841 cm™!, do not contain significant cell signals, which
are relevant from the Raman images (Fig. S2). Hence, we chose 1030-1181, 1289-1441, 1397-
1501, and 2842-3017 cm™ for the narrowband spectral analysis to achieve high-throughput
Raman imaging. These regions contain remarkable bands at 1133 (cytochrome), 1342 (adenine
and guanine),!! 1450 (lipid and protein), 2856 (lipid) and 2941 cm™ (protein). Raman images of

these bands are shown in Figs. 1(b) and S2.




We also investigated the effects of baseline subtraction to cell classification. In
narrowband measurements, a baseline has to be estimated in a narrow wavenumber region,
which may provide a result different from the actual baseline. Because the widths of spectra in
the regions (1030-1181, 1289-1441, 1397-1501, and 2842-3017 cm™) are far narrower than that
of a typical fluorescence spectrum (> 1000 cm™), a baseline estimated from high-order (e.g.,
sixth-order) polynomial function is not adequate for the narrowband spectrum, and consequently
Raman bands are denatured after baseline subtraction. We compared the spectral shape between a
narrowband spectrum whose baseline was estimated from the wideband spectrum by using the
sixth-order polynomial fitting function and one whose baseline was estimated from the
narrowband spectrum. Because the bandwidth is small, we used a linear function for estimating
baselines from the narrowband spectra. In order to quantify the differences, we calculated the
Euclidean distance between two spectra. Prior to this calculation, we subtracted minimal values
from individual spectra and normalized the bias-corrected spectra by their L2 norms to make a

fair comparison between spectral shapes.

The spectra after baseline subtraction are shown in Fig. 2(a). The spectra at 2842-3017

cm’!

are clearly different from the spectra whose baselines were estimated through sixth-order
polynomial function fitting to the wideband spectra (Fig. 1(c)). Figure 2(b) plots the Euclidean
distances for all the 336 spectra from 3 cell regions of 112 cells, as well as their averages and
standard deviations. A large difference of the spectra in 2842-3017 cm™! between two baseline
subtraction methods was well reflected by this plot. This plot also indicates that the narrow-
region baseline subtraction in 1397-1501 cm™ provides spectra, which resemble the ones

processed by the wideband baseline subtraction. This region is rich in information on the species

of endogenous molecules. It contains remarkable signals from both protein and lipid as shown in



Fig. S2. A weak band at 1427 cm’!, which can be assigned to adenine and guanine,*® is also

found in this region.

We performed line-illumination Raman imaging of MCF-7 and MCF-10A cells in order
to demonstrate high-throughput Raman imaging with narrowband detection. We have set the
region of interest of the detector to measure 1397-1501 cm™! for acquiring a narrowband Raman
hyperspectral image. The image acquisition time (1200 x 250 pixels) was reduced to 15 minutes.
Figure 3(a) shows typical Raman images (1200 % 250 pixels) reconstructed by average intensity
of 1432-1458 cm™ for MCF-7 and MCF-10A. Because the intensity of this region is attributable
to lipid and protein, '° the images reflect the distributions of lipid and protein, highlighting the
nucleus and cytoplasm clearly. The representative spectra of nucleus and cytoplasm are shown in
Fig. 3(b). They exhibit different characteristics although they look quite similar. The width of the
main band at 1450 cm™ is broader for the cytoplasm spectrum than that of the nucleus spectrum.
The cytoplasm spectrum exhibits a shoulder band at around 1440 cm™'. We found that this band
was intense for lipid-rich regions, which are only found in the cytoplasm but not in the nucleus.
In the nucleus spectrum, this shoulder band is not observed. In contrast, the nucleus spectrum
shows a weak band at 1427 cm’!. This band can be assigned to nucleotide bases,*® which are

contained densely in the nuclei.

We obtained mean spectra of nucleus and cytoplasm from Raman images of MCF-7 (54
cells) and MCF-10A (53 cells). Averages and standard deviations of these spectra are shown in
Fig. 3(c). The nucleus spectra of MCF-7 and MCF-10A are quite similar to each other. In
contrast, the cytoplasm and whole cell spectra of MCF-10A are broader than those of MCF-7.
We performed principal component analysis to the nucleus, cytoplasm, and whole cell spectra.

The results are summarized in Table 2. As anticipated, the nucleus spectra did not well

10



discriminate MCF-7 and MCF-10A, while the cytoplasm and whole cell spectra did well.
Accurate classification of two cell types with cytoplasm and whole cell spectra needed the same
number of loadings as used in the analysis whose results are shown in Table S1. Particularly,
with the cytoplasm spectra only the first and second loadings discriminated well the two cell
types (Table 2). These loadings and their scores for all the spectra are shown in Fig. 3(d). Two
cell types are classified along the first loading. The first loading has one positive and two
negative peaks. All the MCF-7 spectra have negative scores of the first loading while the MCF-
10A spectra are distributed around zero. These results indicate that all the MCF-7 spectra have
larger differences between the positive and negative peaks than the MCF-10A spectra. This
indication matches with the tendency that the average spectra from MCF-10A are broader than

that from MCF-7.

For the narrowband Raman imaging, the signal accumulation time was reduced from 5 to
3 seconds without sacrificing the SBR (Table 3) since the readout noise was reduced by setting
the readout rate at 100 kHz. Because of the small number of readout pixels along the
wavenumber axis (50 pixels), the readout of 1200 spectra acquired by a single exposure took
only 0.6 seconds for the narrowband measurement. This was far shorter than the readout time for
acquiring 1200 wideband spectra at 100 kHz (14.4 sec) and was even shorter than that at 2 MHz
(0.72 sec). The readout time at 2 MHz for acquiring 1200 narrowband spectra was much shorter
(0.03 seconds), but the signal accumulation time for acquiring sufficient signal was much longer
than this time, and narrowband imaging does not do much to accelerate measurement at 2 MHz.
Rather than using the 2 MHz readout rate, the 100 kHz readout rate and 3 seconds exposure
spectral measurement effectively accelerate imaging by 1.6 times, gaining an even higher SBR in

comparison to the 2 MHz readout rate and 5 seconds exposure spectral measurement.
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To further reduce the number of readout pixels, we applied binning to the detector along
the wavenumber axis. By applying binning to each 4 pixels, we reduced the number of pixels for
acquiring 1200 narrowband spectra at 1397-1501 cm™ from 1200 x 50 to 1200 x 13 pixels,
resulting in the reduction of the image acquisition time from 15 to 13.2 minutes. In addition, a
large detector binning is advantageous in improving SBR because the number of photons
detected is increased in a single binned pixel in comparison to a non-binned pixel while the
readout noise is maintained. With binning of 4 pixels, using a shorter exposure time of 0.7
seconds (less than 25% of the non-binning condition) even increased SBR as shown in Table 3.
As a result, the image acquisition time (1200 x 250 pixels) was reduced from 15 to 3.6 minutes,
and hence, a wide-field-of-view Raman image (1200 x 1500 pixels) was taken in only 21
minutes. Figure 4(a) shows the representative wide-field-of-view Raman images of MCF-7 and

MCF-10A obtained with the narrowband detection and the pixel binning.

One of the disadvantages in using pixel binning is to sacrifice the spectral resolution. It

30,31 and

was recently reported that low spectral resolution is not an issue in classifying cells
tissues.>**? We also evaluated the capability of the low-spectral-resolution detection for
classifying MCF-7 and MCF-10A. The results of principal component regression analysis for
cytoplasm spectra of MCF-7 (100 cells) and MCF-10A (100 cells) are shown in Fig. 4(b). The
score distributions and loadings are similar to those of the dataset without the pixel binning (Fig.

3(d)). The linear discriminant analysis using the first and second loading scores classified the two

cell types with accuracy of 90.5%.

Discussion
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The presented approach can be optimized for improving the image acquisition speed further. One
way is to expand the detection region along the entrance slit of the spectrometer. In our current
setup, the vertical pixels of the CCD camera were not fully used due to the limitation of
illumination and imaging optics (only 1200 of 2048 pixels were used). By using all the pixels of
the CCD camera along the slit direction, the number of cells measured per unit time can be
increased by 71% whereas an increase in the image acquisition speed is only 13%. It is also
possible to extend the area for simultaneous Raman measurement in the direction perpendicular
to the slit. Since there are unused detector areas in the narrowband and/or low-spectral-resolution

detection modes, we can increase the number of line-illumination in order to enhance the parallel

detection capability of Raman spectra.’® Assuming that 20 illumination lines are used, the two-

dimensional Raman hyperspectral image with 1500 lines can be acquired in 4.8 minutes while
maintaining the SBR the same as the experimental results in Fig. 4(a), where the total throughput

for cell imaging can be increased up to 50 cells/min.

The technique demonstrated in the article can be further enhanced for high-throughput
cell classification or screening. In the experiments, we set the number of pixels for binning to 4.
This value can be increased as long as cells could be classified. At a larger binning value, we can
further decrease the number of readout pixels, i.e., readout time. Additionally, since the number
of photons incident to a binned pixel of the detector is increased, the signal accumulation time
can also be reduced without diminishing SBR. In considering SBR, we need to also consider the
thermal noise that is accumulated by the pixel binning of the detector, but in the experiments the
thermal noise was negligibly small with an exposure time of several seconds or less. The SBR
can be also improved by increasing the excitation intensity. Although the increase in excitation

intensity is limited by cell damage, there is still room to explore since we were able to decrease
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the signal accumulation time from 5 to 0.7 seconds at the narrowband and low-spectral-
resolution measurement, and for such a short-time exposure, cells can tolerate higher irradiation

intensity.

Another approach to increase the throughput is through reduction of the spatial resolution.
In the experiments, we used a 25x objective lens and the pixel sizes of the images were 440 nm.
To measure a biological cell, of which the size is about 10 um in diameter, a larger pixel size of
an image (e.g., 1 um) can still show variations of spectra in the intracellular space that can
provide information on cell function as well as cell state and cell type. With twice lower spatial

resolution, 4-times larger area can be analyzed in a single Raman imaging acquisition. Similarly,

sparse sampling can also accelerate measurement.?*3*4 One possible drawback of low-spatial-

resolution and sparse sampling measurements is that the spatial information is sacrificed. It is
essential to optimize a spatial resolution for the sample of interest. To aid this issue, sparse
sampling Raman microscopy was recently combined with a compressed sensing algorithm so

that the loss of spatial information was suppressed while the volume of the data acquired was

reduced.*!

The wavenumber range, the spectral resolution, and the spatial resolution should be
carefully chosen to obtain an accurate result in cell classification. To select a wavenumber region,
the accuracy of background subtraction and contributions of signals from non-cell components
such as optics, substrate for cell culture, and water in a sample should be important. As shown in
our experiments, it is possible to minimize contributions of the spectra from non-cell components
and attain reliability in the cell classification using narrowband spectra. Indeed, we chose 1397-

1501 cm™ because this region is not influenced by water, substrate, and optical components. In
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contrast, the wideband spectra analysis actually was influenced by non-cell components. The
first loadings of principal component analysis of the wideband spectra show negative bands at
770-830 and 1570-1710 cm™ assigned to optical components and water, respectively (Fig. S1).
The first loadings reflect the ratio of the signal from cell components to contributions from non-
cell components. A similar issue can be found in analyzing the CH region at 2800-3200 c¢cm'!
because the spectra in this wavenumber region are influenced by the intense and complicated
water bands. To use this wavenumber, the spectral baseline attributable to water has to be

correctly compensated by measuring a relatively wider wavenumber region (e.g., 400 cm™).

Conclusions

We successfully classified two cell types by narrowband and low-spectral-resolution imaging at
1397-1501 cm™!. This approach improved the throughput of MCF-7/MCF-10A classification by

spontaneous Raman hyperspectral imaging up to 10 cells/min with high spatial resolution.

The presented and discussed approaches to high-speed Raman hyperspectral imaging will

boost practical uses of Raman spectral analysis and imaging in biology and medicine for label-

8,39,40,42

free cell and tissue diagnosis as well as a variety of label-free assays such as evaluation of

7 41,43 44,45

differentiation/undifferentiation,*®’ activation/inactivation, and viability of cells. For
such practical applications, a higher imaging speed is demanded. Further acceleration of Raman
imaging and classification can be realized if above-mentioned approaches were combined with

coherent Raman imaging techniques, which have enabled fast Raman imaging'®2! but difficult to

obtain high spectral resolution and wideband spectra.
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SUPPORTING INFORMATION

The Supporting Information is available free of charge on the ACS Publications website at DOI:
xxxxxxxxxxxX. Details of materials and methods, principal component analysis of the wideband
spectra dataset (Fig. S1), cell classification using narrowband spectra in various regions (Table

S1), and Raman images in candidate regions for narrowband Raman imaging (Fig. S2).
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Figure 1. Experimental results of Raman hyperspectral imaging of MCF-7 and MCF-10A. (a)
Representative spectra of the cell lines. Assignments and wavenumbers of remarkable vibration
bands are shown. (b) Representative Raman images (1200 x 250 pixels) reconstructed with
intensity of cytochrome, lipid, and protein bands. The scale bar shows 50 um. In producing these
images, singular value decomposition (SVD) was not applied to the spectra for removing the
noise. (c) Mean spectra of the nucleus, cytoplasm, and whole cell of 60 MCF-7 and 52 MCF-10A

and their standard deviations.
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Figure 2. (a) Raman spectra of candidate regions for narrowband imaging. The spectra were
shown after subtraction of the baseline estimated by fitting a linear function. N, C, and W
indicate nucleus, cytoplasm, and whole cell, respectively. (b) Euclidean distances between the
spectra after base-line corrections using polynomial (wideband) and linear (narrow region)
functions, which were calculated using the 336 spectra from the 112 different cells. Averages and

standard deviations of the plots are also shown.
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Figure 3. Narrowband imaging with the detection window of 1397-1501 c¢cm™ for high-
throughput classification of MCF-7 and MCF-10A. (a) Typical Raman images (1200 x 250
pixels) reconstructed by the average intensity of 1432-1458 cm™!. The scale bar shows 50 pm. In
producing these images, SVD was not applied to the spectra. (b) Representative spectra of
nucleus and cytoplasm of the cell lines. (¢) Mean spectra of the nucleus, cytoplasm, and whole
cell of 54 MCF-7 and 53 MCF-10A and their standard deviations. (d) Results of principal
component and regression analysis. The regression coefficients to the first and second loadings,
cec1 and ceci, are plotted for all the cytoplasm spectra at the left. At the right, the first and second

loadings are shown.
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Figure 4. Narrowband (1397-1501 cm™) and low-spectral-resolution (the binning of 4 pixels)
imaging of MCF-7 and MCF-10A. (a) Typical Raman images (1200 x 1500 pixels) reconstructed
by average intensity of 1432-1458 cm™'. The scale bar shows 50 pm. In producing these images,
SVD was not applied to the spectra. (b) Results of principal component and regression analysis.
The regression coefficients to the first and second loadings, cpci and cpci, are plotted for all the
cytoplasm spectra for 100 MCF-7 and 100 MCF-10A cells at the left. At the right, the first and

second loadings are shown.
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TABLES

Table 1. Results of principal component and regression analysis for cell classification using
wavenumbers in the region: 728-1786 & 2823-3017 cm’".

. PC cumulative TP+TN)/ TP/ TN/
cellregion  \ocd  portion (%) | © N TN FP (TPiFNJrTN)+FP) (TP+FN)  (TN*FP)
—— 16 903 60 0 50 2 0.982 I 0.962
cytoplasm 13 927 56 4 49 3 0.938 0.933 0.942
whole cell 13 933 57 3 50 2 0.955 0.95 0.962

PC: principal component, TP: true positive, FN: true negative, TN: true negative, and FP: false positive. “Positive”
and “negative” means positive and negative predictions of the cancer cell lines, respectively.

Table 2. Results of principal component regression and linear discriminant analysis using the
1397-1501 cm! spectra measured by narrowband Raman hyperspectral imaging

. PC cumulative TP+TN)/ TP/ TN/
cellregion  icd  portion (%) T N TN FP (TP+(FN+TN)+FP) (TP+FN)  (TN*FP)
nucleus .15 904 48 6 44 9 0.860 0.889 0.830

cytoplasm 19 913 54 0 45 8 0.925 I 0.849
whole cell 18 905 53 1 48 5 0.944 0.981 0.906

nucleus 110 818 49 5 41 12 0.841 0.907 0.774
cytoplasm 1-5 826 54 0 47 6 0.944 i 0.887
whole cell 14 787 53 1 43 10 0.897 0.981 0811
cytoplasm 12 635 54 0 4 11 0.897 I 0.792

PC: principal component, TP: true positive, FN: true negative, TN: true negative, and FP: false positive. “Positive”
and “negative” means positive and negative predictions of the cancer cell lines, respectively.

Table 3. Speed and SBR for wideband, narrowband, and/or low-resolution Raman hyperspectral
imaging in different conditions.

readout +

spectral  readout readout readout exposure readout
. . . . exposure a . Detector
region rate pixels time time time SBR noise binning
o i . . b
(cm™) (MHz) (/line) (s/line)  (s/line) (m/image) (rms)
1.77 (MMCF-7) 4.8 1
1397-1501 0.1 1200 x 50 0.6 3 15 1.43 (MCF-10A)
1.77 MMCF-7) 4.8 1
536-3132 0.1 1200 x 1200 144 3 72.5 1.43 (MCF-10A)
1.52 (MCF-7) 8.9 1
536-3132 2 1200 x 1200  0.72 5 23.8 1.28 (MCF-10A)
1.52 (MCF-7) 8.9 1
1397-1501 2 1200 x 50 0.03 5 21.0 1.28 (MCF-10A)
1.31 (MCF-7) 8.9 1
1397-1501 2 1200 x 50 0.03 3 12.6 1.17 (MCF-10A)
1397-1501 0.1 1200 x 13 0.156 0.7 3.6 3.38 (MCF-7) 8 !

2.43 (MCF-10A)

aThe values of SBR for the second and fourth rows were adopted from the first or third rows since the readout rates,
exposure times, and detector binning for the second and fourth rows were the same as those of the first or third rows.
The value of SBR for the fifth row was calculated by using the value of the fifth row and compensating the
difference of the exposure time.

"The values of readout noise for the second, fourth, fifth, and sixth rows were adopted from the first or third rows
since the readout rates for the second, fourth, fifth, and sixth rows were the same as those of the first or third rows.
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