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Abstract: We report a change of the imaging biomarker distribution of circulating tumor cell (CTC)
clusters in blood over time using an on-chip multi-imaging flow cytometry system, which can
obtain morphometric parameters of cells and those clusters, such as cell number, perimeter, total
cross-sectional area, aspect ratio, number of nuclei, and size of nuclei, as “imaging biomarkers”.
Both bright-field (BF) and fluorescent (FL) images were acquired at 200 frames per second and
analyzed within the intervals for real-time cell sorting. A green fluorescent protein-transfected
prostate cancer cell line (MAT-LyLu-GFP) was implanted into Copenhagen rats, and the blood
samples of these rats were collected 2 to 11 days later and measured using the system. The results
showed that cells having BF area of 90 µm2 or larger increased in number seven days after the
cancer cell implantation, which was specifically detected as a shift of the cell size distribution for
blood samples of implanted rats, in comparison with that for control blood. All cells with BF area of
150 µm2 or larger were arranged in cell clusters composed of at least two cells, as confirmed by FL
nucleus number and area measurements, and they constituted more than 1% of all white blood cells.
These results indicate that the mapping of cell size distribution is useful for identifying an increase of
irregular cells such as cell clusters in blood, and show that CTC clusters become more abundant in
blood over time after malignant tumor formation. The results also reveal that a blood sample of only
50 µL is sufficient to acquire a stable size distribution map of all blood cells to predict the presence of
CTC clusters.

Keywords: imaging biomarker; circulating tumor cell (CTC); multi-imaging cell sorter; cell cluster;
size distribution analysis
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1. Introduction

Circulating tumor cells (CTCs) are considered to play a major role in the formation of additional
metastatic tumors as seeds for subsequent tumor growth [1–3]. Reliable technologies for the
quantitative detection of CTCs in blood [4–8] have the potential to achieve minimally invasive cancer
diagnostics, called liquid biopsies, in contrast to conventional biopsies.

One of the most common approaches for finding target cells is to use molecules specific to such cells,
namely, molecular biomarkers, on the cell surface [1,3,6,9,10]. However, this approach sometimes produces
false-negative results because of the variety of molecular expression of the targeted cells. For example,
when aiming to identify the epithelial–mesenchymal transition (EMT) and its intermediate states in human
disease, as crucial drivers of organ fibrosis and tumor progression, there is a need for caution when
performing phenotypic identification using molecular biomarkers [11,12].

Because of the functional limitations of conventional molecular biomarker approaches,
other physical characteristics such as the size of cells [13,14] or biophysical characteristics such as the
difference of affinity of cell surfaces [15–17]. In our previous studies, we proposed an original approach
for CTC detection in blood based on analyses of the morphometric parameters of cells without any
antibody staining, with these parameters acting as “imaging biomarkers” [18,19]. For this approach,
we developed a high-speed cell image recognition and analysis system to identify the target cells using
their morphological characteristics during their flow within a narrow microfluidic pathway for sorting.
We also improved this system and developed an on-chip multi-imaging flow cytometry system [20,21],
which allows the simultaneous acquisition of both bright-field (BF) and fluorescent (FL) images when
scanning all cells in blood. Using this system, clustered CTCs were specifically detected for identifying
not only their cluster sizes but also their nucleus shapes and numbers within clusters simultaneously
in the blood of cancer cell-implanted rats.

Combining this powerful complementary pair of imaging biomarkers, BF and FL images, for single
cells is one option for identifying CTCs without the need for antibody labeling. For example, larger
cellular sizes are thought to be indicative of tumor cells [22–25], and a larger nucleus and multiple
nuclei in single cells are also morphometric phenotypes of cancer cells [26–32]. Hence, the search
for target cells using the combination of two imaging biomarkers simultaneously, especially using
cell size and nucleus conformation, should be useful for identifying tumor cells without antibody
staining. In particular, as it is difficult to distinguish larger single cells and clustered cells by diffraction
detection, this combination of two imaging biomarkers is a simple but powerful alternative approach
for CTC cluster identification [20].

Numerous cellular analytical technologies using microfluidic devices have been developed
recently, for both biological and medical diagnoses [7,24,33–38]. Recently, the change of morphological
characteristics of cells as they pass through the cell cycle was used for sorting of particular yeasts in a
fully automated low-cost imaging cell sorter with a cell detection rate of 5 s [39]. A low-cost microfluidic
eight-way simultaneous image data-based sorting system mounted on a fluorescence microscope was
also demonstrated with a sorting rate of 0.5 s resolution [40]. A deep-learning-assisted imaging cell
sorter system has also been reported [41], in which the abilities of image analysis and cell identification
were significantly improved, while maintaining a time resolution on the sub-second order.

Previous reports on CTC detection suggested that CTCs may show a tendency to form
clusters [7,20]. However, clear evidence of this has not yet been presented and, to the best of our
knowledge, there have been no quantitative studies on the identification of clustered cells in the blood,
such as on their frequency among blood cells and their relationship with the progression of metastatic
cancer. To estimate the size of the population of such cells in the blood, we need to measure the total
number of all of those cells over time during the progression of metastatic cancer.

In this study, as a follow-up to our earlier experiment [20], an on-chip multi-imaging cell sorting
system was applied to measure the changes in cell size, number of cell clusters, and their distribution
over time after a green fluorescent protein (GFP)-transfected prostate cancer cell line (MAT-LyLu-GFP)
had been implanted into rats. Acquisition of the change over time of the distribution of imaging
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biomarkers in whole positive and control blood samples accompanying the progression of metastasis
cancer should also provide insights about a possible or desirable index of CTC capture.

2. Materials and Methods

2.1. On-Chip Multi-Imaging Flow Cytometry System with Agarose Gel Electrodes

Figure 1a shows a schematic image of the on-chip multi-imaging flow cytometry system
improved from our previous system [20], which was composed of the following eight major modules:
(i) microfluidic chip, (ii) LED bright-field (BF) light source (625-nm wavelength), (iii) fluorescent (FL)
excitation light source (375 nm for Hoechst 33342 reversible staining of nuclei), (iv) objective lens
with image magnification optics for depth of field extension, (v) multi-view unit, (vi) high-speed
digital charge-coupled device (CCD) camera, (vii) sorting DC voltage pulse source, and (viii) image
analysis and sorting controller (Figure 1a). The major changes from our previous system are as follows:
(iii) FL excitation light source and (iv) objective lens with extended depth of field. To reduce the loss of
fluorescence intensity, we reduced the five dichroic mirrors for multi-fluorescence detection prior to
the multi-view module to one dichroic mirror for a single fluorescent light source. For the extension of
the depth of field of cell images in the microfluidic pathway, we also added the image magnification
optics to the objective lens having 20× magnification and a 0.75 numerical aperture [42].

Figure 1. Set-up of the on-chip multi-imaging cell sorter system. (a) summary of the on-chip multi-imaging
flow cytometry system. The system was composed of eight major modules: (i) microfluidic chip,
(ii) bright-field (BF) light source, (iii) fluorescent (FL) light source, (iv) objective lens with image
magnification optics for depth of field extension, (v) multi-view unit, (vi) high-speed charge-coupled
device (CCD) camera, (vii) sorting DC voltage source, and (viii) controller, as numbered in the figure;
(b) schematic of the multi-view module.

Figure 1b shows the simultaneous BF and FL image acquisition pathway in the multi-view
unit [21,43]. In brief, sample images acquired with 1/2 CCD capture component size are separated
with dichroic mirror A and introduced into the optical paths of BF (red dashed line) and FL (blue
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dashed line) lights. The angles of mirrors A and B are adjusted to place BF and FL images onto each
half of the CCD capture component and two images are simultaneously acquired on the CCD camera.
The same captured cell images of BF and FL wavelengths are compared to enable estimation of the
number and size of nuclei in each cell with BF position matching of cells in the image analysis.

After the setting of suitable thresholds for the imaging biomarker parameters, feedback signals
were sent to the sorting module. In addition, DC pulse voltages (typically 40 V and 100 µs in length)
were applied to sort target cells flowing in the microchannel of the chip through the pair of agarose gel
electrodes in the microfluidic chip to shift the course of flow of the cells. Finally, this shifting led them
to be introduced into the collection channel instead of the discarding channel.

2.2. Microfluidic Chip

A disposable microfluidic chip was fabricated with poly(dimethylsiloxane) (PDMS, SYLGARD
184 silicon elastomer; Dow Corning Co., Midland, MI, USA) attached to a thin glass slide by the
same procedure as we reported previously [20], and was used for monitoring and sorting of cells.
The designs of microfluidic flow pathways and agarose gel electrodes in the chip were also kept the
same as in the chip in the previous report to maintain the consistency of the procedures [20] (Figure 2a).
As shown in Figure 2a,b, the upper stream was divided into three channels; the central one was used
for the sample inlet and the remaining two side channels were used for sheath buffer inlets. After the
meeting of sample and sheath flows, the width of the sample flow was focused by hydrodynamic
focusing, which allowed imaging of each single cell upon the arrangement of all of the cells in a straight
line. The hydrodynamic focusing in this chip design conferred several advantages for cell sorting,
such as (1) centering the samples in the microfluidic flow, (2) adding spaces between neighboring
samples when lining them up, and (3) aligning the orientation of samples in the direction of flow.
Advantage (2) in particular contributed to the separation of neighboring cells with enough additional
space to be able to distinguish cell clusters from gathering isolated cells.

2.3. Agarose Gel Electrodes for Cell Sorting

Agarose gel electrodes have several advantages compared with metal electrode arrays.
For example, they can generate ion currents and hence prevent bubble formation from electrolysis in
the microfluidic flow, even when higher voltages are applied. Our agarose gel electrode cell sorting in
a microfluidic chip can be briefly described as follows (Figure 2b) [18,20,44]: (i) a direct ion current
pulse is generated by applying a pulsed DC voltage between a pair of agarose gel electrodes, which are
designed to contact two side walls of a microfluidic flow channel when a target cell is recognized; (ii) the
position of the target cells is shifted from the center of the microfluidic flow due to the electrophoretic
force; and (iii) the target cells flow into the collection outlet. In this system, cells were applied to a
sample inlet and introduced into the observation area of the microchannel (Figure 2b–d). The flow
speed was controlled by the air pressure of the upper stream. The channel width (d) and height were
50 µm and 22 µm, respectively, and the position of cells flowing from the sample inlet was set on the
channel center with hydrodynamic focusing of the two side sheath flows. The downstream part of
the chip was divided into two channels: a “discard” outlet and a “collection” outlet. When the cells
were shifted more than 8.3 µm (∆) from the center of the channel, cells flowed into the “collection”
outlet. Otherwise, all cells were transported to the “discard” outlet. Once a direct current voltage was
applied to the agarose gel electrodes (13 µm in width and 22 µm in height), the cells were shifted in
the direction of the collection outlet branch by an electrophoretic force.
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Figure 2. Three-inlet two-outlet agarose gel electrode microfluidic chip design. (a) schematic image of
the top of the chip (same design as we reported in a previous paper [20]); (b) schematic drawing of the
cell analysis and site of separation of the microfluidic pathway; (c) bird’s eye view of the whole chip
design, and (d) a cross-sectional image of the chip.

2.4. Imaging Biomarker Detection

As described in detail in our previous report [20], we identified target cells by measuring the
imaging biomarkers of cells. After removing a prerecorded background image, 8-bit (256-step)
grayscale values of obtained cell images were transformed into binary images using threshold values
based on the average intensities of BF and FL images of each cell. In this study, we used the same
analysis algorithm as in our previous report [20], and acquired cell area, actual perimeter, number of
cells in a cluster, and aspect ratio from the BF image, as well as nucleus area and number of nuclei in
each cell from the FL image, with reference to the BF contour images of cells.

These calculations of imaging biomarkers were performed within an interval of 200 fps in the
image analysis and sorting controller module. In this study, manual calculations of the imaging
biomarkers, including a few modifications for apparently failed auto-calculations caused by the
failure of continuous detection of the cell number, cell perimeter, and nuclear number and contour
identification procedures, were performed as post-processing to confirm the reliability of the obtained
imaging biomarker values. To confirm the performance of this system, we set those cells that exceeded
the BF area threshold of 300 µm2 as target cells. We collected these target cells in the target collection
reservoir, in line with our previous report [20]. For the analysis of each 50-µL sample of blood,
approximately 3 h was required to acquire both the images and the imaging biomarker values of
the cells.
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2.5. Preparation of Sample Blood

This study was carried out in strict accordance with the Act on Welfare and Management of
Animals of the Ministry of the Environment, Japan. The protocol was approved by the Animal
Experiment Committee of Kanagawa Cancer Center (permit number 21-02). MAT-LyLu, a rat prostate
cancer cell line established from the original Dunning R3327 tumor [45], was a generous gift from
the original founders through Dr. Hisao Ekimoto, at the Oncology Section, Laboratory of Biology,
Nippon Kayaku Co., Ltd. Tokyo, Japan, and was maintained.

To maintain the consistency of results in the experiments, all of the procedures of sample
preparation were the same as in our previous study [20]. One difference from this former study was
GFP labeling of MAT-LyLu cells for distinguishing MAT-LyLu from other blood cells. MAT-LyLu-GFP
was established from MAT-LyLu, in which the GFP gene was transfected using a lentiviral transfection
system. The MAT-LyLu-GFP was adjusted to a concentration of 5 × 106 cells in 200 µL of cell culture
medium (RPMI 1640; Life Technologies Co., Grand Island, NY, USA) and implanted into dorsal
subcutaneous tissue of Copenhagen rats (males, 6 weeks old). Two days after implantation, 100 µL of
blood from each of six rats was collected from the subclavian vein using a collection tube containing
heparin. As controls, either the cell culture medium (Control 1) or a human ovary cancer cell line,
ES-2 (Control 2), was implanted into three individuals each, and the blood was collected in the same
manner as described above. Collected blood samples were hemolyzed on the same day without cell
fixation using commercial reagent (BD Pharm Lyse; BD Biosciences, San Jose, CA, USA) for 10 min,
washed by centrifugation, resuspended in phosphate-buffered saline (PBS) containing 10 mg/mL
bovine serum albumin (BSA) and 100 ng/mL Hoechst 33342 (Dojindo Laboratories, Kumamoto, Japan),
and incubated for 10 min to stain the nuclei. Each sample was then washed again by centrifugation,
suspended in 5% glucose containing 2 mg/mL DNase I (Roche Diagnostics K.K., Basel, Switzerland),
and applied to the sample inlet on a microchip. To observe the change over time of the population
ratio of imaging biomarkers, 100-µL blood samples were also acquired from the same 12 rats 4, 7, 9,
and 11 days after the implantation in the same manner as described above and measured.

2.6. Procedure of Imaging Flow Cytometry

The blood samples were applied to the sample inlet of the system with a sample volume of 50 µL.
The cell suspension (i.e., 5% glucose) was used for the sheath buffer. Air pressure was applied to
both sample and sheath buffer inlets simultaneously using a syringe pump to control the flow speed
of samples (Figure 2c,d). In this system, multi-imaging BF and FL observations of sample blood
having flow velocity of 3 mm/s with the application of air pressure of 1 kPa were performed with an
acquisition rate of 200 frames per second (fps) through the multi-view unit. The acquisition rate can be
accelerated up to 5000 fps by switching the image analysis from the software-based processing module
to the field programmable gate array (FPGA)-based processing module; however, the intensities of FL
images are the decision parameter for optimizing the maximum acquisition rate and flow velocity for
practical use [46].

3. Results and Discussion

3.1. Detection of Time-Course Change of Imaging Biomarkers of Cancer-Implanted Rat Blood

In our previous study on CTC cluster detection [20], cell clusters were specifically observed in
cancer cell-implanted blood. To evaluate this observation, a rat prostate cancer cell line in which
GFP was transfected, MAT-LyLu-GFP, was implanted into Copenhagen rats. The blood of these rats
(referred to as “positive blood” hereafter) was collected over time from 2 days (Day 2) until 11 days
(Day 11) after the implantation, and the change over time of the imaging biomarker distributions
of cells in the blood was measured using our system. As controls, two kinds of rat blood were also
measured in the same manner: one with only culture medium injected (control 1) and the other with
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implantation of a human ovary cancer cell line, ES-2 (control 2). The blood of six positive cases and
three cases from each of two controls was collected from the rats.

Figure 3 shows typical cell images acquired by our on-chip multi-imaging cell sorter system for
positive (Figure 3a), control 1 (Figure 3b), and control 2 (Figure 3c) blood. This blood had various BF
cell areas at 20-µm2 intervals from 10 µm2 at 11 days after implantation. For precise confirmation of the
configuration of cells to distinguish them from debris in the samples, FL images (i.e., configurations of
cell nuclei) were analyzed, as shown in Figure 3. The intensities of raw FL images were an order of
magnitude weaker than the BF images because we optimized the sensitivity of the CCD device for BF
images of half the CCD detection area to maximize the 8-bit, 256-step grayscale BF contrast of those
cells; under this setting of CCD device sensitivity, the peak of raw FL image intensities could be seen to
be darker and of much lower intensity than the peak of 256 steps. However, as shown in the processed
FL images in Figure 3, the recorded FL intensities were much higher than for lower 4-bit scales (lower
16 steps in a total of 256 steps of grayscale), which was sufficient for recognition as nuclei by the
digitized peak recognition processing procedures after removing a prerecorded background image.

Figure 3. Typical cell images for positive (a), control 1 (b), and control 2 (c) blood having different
BF cell areas at 20-µm2 intervals at 11 days after implantation. (left) BF; center, raw FL; and (right)
processed FL images. Orange hatched frames in FL images, no nucleus in cells, that is, debris. Bars,
10 µm.

These paired BF and FL images indicate one of the advantages of this multi-imaging simultaneous
single CCD device recording. For the position matching of FL images of nuclei with BF cell images,
those two images were acquired simultaneously on each half of the CCD detector, and the locations of
sensor unit pixels were geometrically consistent with each other. Hence, the images of the FL nucleus
should exist at just the same position in BL cell images. This entire matching process was carried out in
one CCD-image analysis procedure. Hence, we can distinguish whether each cell has a single nucleus,
multiple nuclei, or no nucleus at all. If we use two CCD cameras for BF and FL images, more digital
processing procedures are needed.
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For example, as shown in the orange hatched frames in Figure 3, none of the particles smaller
than 30 µm2 in blood had any FL-stained area. Hence, those particles appeared to be microvesicles
or large oncosomes. It can also be applied for the identification of debris in larger cell area samples.
For example, in positive samples (Figure 3a), even in larger cell clusters, the same numbers of nuclei
were observed at the right position of each cell in BF images. However, in both Control 1 and Control 2
(Figure 3b,c, respectively), the estimated number of cells and number of nuclei did not match. Most
larger clusters had no nucleus or a single nucleus. This indicates that the larger clusters in Control 1
and 2 were mostly composed of debris.

These images also showed the effectiveness of hydrodynamic focusing for the separation and
spacing of each sample. As shown in BF images, each cell or cell cluster was separated and isolated
sufficiently to avoid misjudging multiple neighboring single cells as clusters.

3.2. Time-Course Change of Cell Area

Figure 4 shows the size distribution of BF cell area in blood 2, 4, 7, 9, and 11 days after implantation
for positive (Figure 4a), control 1 (Figure 4b), and control 2 blood (Figure 4c). The left graphs present
the whole size frequency distributions, while the right ones are magnified graphs enabling observation
of the increase of larger cells in more detail.

In Figure 4, several peaks were observed in the size distributions. The BF and FL images of
those samples shown in Figure 3 revealed the following characteristics: (i) Cells having a BF area of
approximately 10 to 30 µm2 were observed. They formed a major peak in the size distribution of cells
in all three samples and represented the remains or debris of single red blood cells. (ii) Cells having
a BF area of approximately 50 to 70 µm2 formed another major peak in the size distribution in all
three samples, representing single white blood cells. (iii) Cells having a BF area of approximately 90 to
130 µm2 were found specifically in Mat-LyLu-GFP cancer cell-implanted positive blood. They increased
their population and size over time, which was detected as a shift of the peak in the distribution map
of BF cell area. These represented either single large cells or a combination of a cell with small debris
in positive blood, and only the combination of a cell with small debris in controls. (iv) Seven days after
the implantation, another minor peak corresponding to a much larger size appeared at approximately
150 to 200 µm2 only in Mat-LyLu-implanted positive blood (Figure 4a) and gradually increased as
more than twice in 11 days after the implantation. All cells having an area larger than 150 µm2 were in
the form of cell clusters, composed of at least two cells. (v) Large cell clusters composed of three or
more cells, having BF areas of 270 µm2 or larger, were specific to positive blood, while those in controls
were combinations of cells and large debris (Figures 3b,c). In contrast, (vi) the formation of a peak
corresponding to 90 to 130 µm2 was not observed in either of the two controls (Figure 4b,c).

As described above, large cells having a BF area of approximately 90 to 130 µm2 were specifically
observed in positive blood, and notably increased in number over time along with cell clusters
(Figure 4a). One possible explanation for this is that these cells are single CTCs. In accordance with
the result in Figure 4a, one possible assumption about the CTC formation in this study is that, first,
CTC clusters appeared in blood at about seven days after malignant tumor formation, and second,
single CTCs drastically increased in number at 9 to 11 days after tumor formation, along with an
increase of CTC clusters.

These measurements were repeated at least twice for the 50-µL blood samples; their size
distribution maps showed the same tendencies. For example, as shown in Figure 5, analyses of
two 50-µL blood samples of Day 11 positive blood from all six rats indicated that a blood sample
volume of 50 µL was sufficient to acquire a stable size distribution map, allowing recognition of the
increase in CTCs in blood by watching the change of their size distribution map. This was particularly
the case for cells having a BF area of around 90 to 130 µm2, 150 to 200 µm2, and 270 µm2 or larger.

The results in Figures 3 and 4 also indicate that (i) the formation of large cell clusters composed
of three or more cells was specific to positive blood, (ii) the formation of cell clusters started seven
days after the cancer cell implantation in positive blood, detected as the formation of a minor peak in
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the size distribution of BF area as shown in Figure 4a, and (iii) single large cells clearly increased in
number at Day 9 and Day 11 in positive blood. This was also detected as an increase of intermediate
BF area between major and minor peaks in the size distribution shown in Figure 4a. Result (i) is also
consistent with our previous study [20], and in accordance with the conclusion in that previous study,
these cell clusters were expected to be CTCs.

As shown in Figure 4b,c, some of the cells in controls were also detected as cell clusters having a
large BF area, although these were false-positive results (i.e., combination of cells with small or large
debris, Figure 3b,c). The discrimination of true cell clusters from false-positives is in principle difficult
when counting only the cells having a BF area larger than a certain threshold. In contrast, the increase
of true cell clusters was clearly detected by observing the change in the BF area size distribution over
time, as shown in Figure 4a. This indicates that monitoring the distribution shape is useful for reliably
detecting irregular cells such as cell clusters in blood.

Figure 4. Size distribution of BF cell areas in positive (a), control 1 (b), and control 2 (c) blood. Each size
distribution map indicates 2, 4, 7, 9, or 11 days after the implantation of rat cancer cells (a, positive),
culture medium (b, control 1), or human cancer cells (c, control 2). Measurements were performed for
six rats for positive cases and three for controls. The size distribution maps on the right are magnified
versions of those on the left, to emphasize the detailed findings for large cells. Here, N represents the
total number of cells in each size distribution map.
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Figure 5. Size distribution of BF cell areas in positive blood from six individual rats 11 days after
cancer cell implantation. (a–f) indicate the results for six rats with overlaps of assays performed twice
using the same blood samples, to confirm the reproducibility of the measurements; (g–l) are magnified
versions of (a–f) to emphasize the frequency values in large cell areas (e.g., (g) is a magnified version
of (a)).

3.3. Time-Course Change of Cell and Cell Cluster Perimeter Lengths

Figure 6 shows the distribution change of one of the other imaging biomarkers, the perimeter
length distribution, of BF cell and cell cluster images in blood from Day 2 to Day 11 for positive
(Figure 6a), control 1 (Figure 6b), and control 2 blood (Figure 6c).

As shown by the whole frequency distribution graphs on the left and the magnified graphs on
the right in Figure 6, only the positive samples increased slightly from 100 µm to 200 µm over time.
As such, the change of perimeter length can be used as an imaging biomarker to detect the change of
blood cell contents during the progression of metastatic cancer. However, compared with the cell area
distribution change in Figure 4, the change in perimeter length was not as sensitive to changes in the
populations of cells of different sizes.
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Figure 6. Perimeter length distribution of BF cell areas in positive (a), control 1 (b), and control 2 (c)
blood of the same samples as in Figure 4. Each size distribution map indicates 2, 4, 7, 9, or 11 days
after the implantation of rat cancer cells (a, positive), culture medium (b, control 1), or human cancer
cells (c, control 2). Measurements were performed for six rats for positive blood and three for each
control. The perimeter length distribution graphs on the right are magnified graphs of those on the left,
to emphasize the details of the time-course changes of frequencies of larger perimeter lengths.

3.4. Time-Course Change of Aspect Ratio in Cells and Cell Clusters

Figure 7 shows the aspect ratio distribution of BF cell and cell cluster images in blood over time
from Day 2 to Day 11 for positive (Figure 7a), control 1 (Figure 7b), and control 2 blood (Figure 7c).
As shown in these graphs, the ratio of the longer side to the shorter side was distributed from values
representing round shapes (aspect ratio = 1) to rod-like shapes (aspect ratio � 1), and more than 90%
of all samples were within 1.4. Moreover, although the Control 1 sample fluctuated on Day 9 and
Day 11, no significant tendencies of time-course changes were observed in both positive and control
blood not only in samples with a lower aspect ratio but also in those with a higher aspect ratio of up
to 3. This means that aspect ratio does not reflect the change of blood cell sizes and shapes over time
after implantation.
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Figure 7. Aspect ratio distribution of BF cell areas in positive (a), control 1 (b), and control 2 (c) blood
of the same samples as in Figure 4. Each size distribution map indicates 2, 4, 7, 9, or 11 days after
the implantation of rat cancer cells (a, positive), culture medium (b, control 1), or human cancer cells
(c, control 2). Measurements were performed for six rats for positive cases and three for the two types
of control. The x-axis shows 0.2 intervals, while the y-axis (frequency) value at x = 1 represents the
sample population percentage having an aspect ratio of 1 to 1.2. The graphs on the right are magnified
versions of those on the left.

The cell size dependence of the aspect ratio of BF cell and cell cluster images is replotted in
Figure 8. In the graphs, data for each sample are plotted as dots, and their size–aspect ratio distribution
is emphasized, whereas their population ratio is obscured because the magnitude of overlap of the dot
plot is not properly reflected.

In all samples, the aspect ratio was generally larger for smaller samples, and vice versa. However,
as it does not reflect the population ratio of those samples, we should regard these distributions as the
possible maximum aspect ratio in their size distributions. This might also prove that the hydrodynamic
focusing did not influence the shape of the cell clusters. If this focusing influences cluster shape
formation, the aspect ratio in larger sample areas should have more of a tendency to represent a
rod shape.
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In positive samples (Figure 8a), time-course change of their distribution was observed. The small
number of dots reflecting a larger aspect ratio for smaller samples was increased in Day 4 samples;
however, they decreased gradually over time and finally, on Day 11, their maximum plots were less
than 2.5. In larger samples, the maximum aspect ratio remained at smaller values, reflecting a similar
tendency of the larger the size, the smaller the aspect ratio. Hence, the time-course change in aspect
ratio shown in Figure 7a did not change even though the sample size distribution changed significantly
over time. The results also indicate the tendency regarding the shapes of larger clusters in positive
blood. The size of clusters increased over time and they showed a tendency to be round in shape.

In both of the two control samples (Figure 8a,b), their sample area–aspect ratio distributions were
similar and no significant changes from the tendency of a larger size being associated with a smaller
aspect ratio were observed. These results are consistent with the results in Figure 7a,b and can explain
the lack of change over time.

Figure 8. Cell size dependence of aspect ratio distribution of BF cell areas in positive (a), control 1
(b), and control 2 (c) blood of the same samples as in Figure 4. Each distribution graph is from 2, 4,
7, 9, or 11 days after the implantation of rat cancer cells (a, positive), culture medium (b, control 1),
or human cancer cells (c, control 2). Measurements were performed for six rats for positive cases and
three for controls. Each dot represents the cell size–aspect ratio of each sample.

3.5. Time-Course Changes of Cell Number, Nucleus Number, and Nucleus Area

Our cell sorter system can acquire other imaging biomarkers such as cell number from BF images,
and nucleus number and nucleus area from FL images. Figure 9 shows the time-course changes of cell
number (left graphs) and nucleus number (right graphs) in clusters in blood over time from Day 2 to
Day 11 after implantation for positive (Figure 9a), control 1 (Figure 9b), and control 2 blood (Figure 9c).

Cell number distribution (left graphs in Figure 9) showed that the population ratios (frequencies)
of cells were spread widely and did not show a particular tendency for change, but rather fluctuated
over time from Day 2 to Day 11. In particular, in those graphs, there were two to three peaks obtained
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by estimating the cell number in BF images, which was not consistent with the cell size distributions in
Figure 4. By comparison with raw BF images with these cell number counting results, debris attached
to the cells was a major cause of those cell number distributions.

Figure 9. Time-course change of cell number and nucleus number distributions in positive (a), control 1
(b), and control 2 (c) blood of the same samples as in Figure 4. Each size distribution map indicates 2, 4,
7, 9, or 11 days after the implantation of rat cancer cells (a, positive), culture medium (b, control 1),
or human cancer cells (c, control 2). Measurements were performed for six rats for positive cases and
three for controls. Left graphs are the cell number distribution from BF images and right graphs are the
nucleus number distribution from FL images.

In contrast, the distributions of the numbers of nuclei (right graphs in Figure 9) were more stable
and showed a clearer contrast between the positive samples and the two control samples. In the
positive samples, single-nucleus samples were most common in the Day 2 and Day 4 samples, and
their population peak increased to a level corresponding to two nuclei from Day 7 until Day 11.
However, in control samples, their distributions of nucleus number did not change and remained
similar over time.

These results provide some insight into cell number counting and nucleus number counting using
imaging cell sorters. First, as described above, the cell number counting in BF images was not always
consistent with the cell size distribution because of the attachment of debris. However, the distribution
of the number of nuclei in FL images was not influenced by debris. This indicates the importance
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of simultaneous measurement of BF and FL images to avoid the influence of debris on cell number
estimation, especially the importance of spatial information on the nucleus in FL images. This result
also indicates that this cell number counting algorithm and procedure should be improved for CTC
cluster measurement.

The correlation between cell number and nucleus number described in Figure 10 supports the
explanation for the influence of debris on cell number counting. The same as in Figure 8, these graphs just
present the maximum spatial distribution of samples and do not express their population frequencies
because of overlap of their dot plotting.

Figure 10. Time-course changes of cell number and nucleus number distribution in positive (a), control 1
(b), and control 2 (c) blood of the same samples as in Figure 4. The cell number–nucleus number
distribution map indicates the results for 2, 4, 7, 9, and 11 days after the implantation of rat cancer cells
(a, positive), culture medium (b, control 1), or human cancer cells (c, control 2). Measurements were
performed for six rats for positive cases and three for controls. The data for each sample are plotted as
a dot in the graphs. The dashed line corresponding to y = x represents the relationship of single cell
with a single nucleus.

The spatial distributions of dots representing samples in the two controls (Figure 10b,c) were
similar and did not change significantly over time. However, the distribution of positive samples
(Figure 10a) showed an increase in the maximum number of cells over time, and also showed an
increase of larger clusters having a nucleus in each cell (y = x in graph) with up to six cells in the
clusters, and an increase of samples with multiple nuclei (y ≥ x in graph) in three- to four-cell clusters.

Focusing on the spatial distribution of the dots representing samples less than y = x dashed lines
(y ≤ x in the graph), this area represents the counted cell numbers being much larger than the numbers
of nuclei; hence, it includes the particles with no nuclei, such as debris. For example, for single-nucleus
samples, the maximum number of cells was 18 in Control 2 blood. In terms of the time-course changes
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in the distribution for both of the two positive controls, there were no significant increases over time;
instead, rather gradual decreases in number occurred.

The time-course changes of the distribution of the total area of nuclei in each sample in the
positive and two control samples are also shown in Figure 11. As shown in the graphs on the right,
their time-course changes were similar to and consistent with those of the BF sample size distributions
(Figure 4), indicating that the total area of nuclei in single clusters in positive blood also correlated
over time. In this analysis, as all of the areas of nuclei in single samples (cell or cluster) were calculated,
the acquired plotting values represent the total number of nuclei of cells or clusters that have a single
nucleus or multiple nuclei. When we can assume the typical size of nuclei in FL images, such as
20 µm2 from the value of the first peak in Figure 11, we can also estimate the number of cells in clusters
from these nuclei more easily than in BF images, although there is still a risk of overestimating the cell
numbers for cells with multiple nuclei.

Figure 11. Time-course change of the distribution of total nucleus area in positive (a), control 1 (b), and
control 2 (c) blood of the same samples as in Figure 4. Each nucleus area distribution map is from 2, 4,
7, 9, or 11 days after the implantation of rat cancer cells (a, positive), culture medium (b, control 1),
or human cancer cells (c, control 2). Measurements were performed for six rats for positive cases and
three for controls. The graphs on the right are magnified versions of those on the left.
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The above results show the potential risks associated with counting cell numbers from BF images
of cells given the uncertainty of image-based recognition of cells in clusters because of the existence of
debris. In contrast, the usage of FL images for nucleus number and total area measurement showed
more stable results. Considering all of the above conditions, the best way of measuring and identifying
irregular cells in blood should be to use BF images for cell size and cell shape boundary data acquisition,
and to use FL images for total nucleus number and area acquisition with position matching of BF
cell shape boundary data. This approach would also provide a much simpler and hence much faster
algorithm for CTC measurement than our former system. This simplification of the programming
would also provide the opportunity to apply ultra-fast FPGA analysis for the identification of target
samples in real-time cell sorting.

3.6. Correlation of Cell Size Distribution with Cell Number in Clusters

In line with our results presented above, we examined the time-course change of the cell size
distribution (using BF images) and cell numbers in those clusters (using FL images). Figure 12 shows
the detailed results of analyzing the size distribution of cell clusters and their number of component
cells within the clusters. The number of cells within a cluster was acquired from the number of nuclei
in FL images within the cell contour shapes, which was acquired from BF images of those clusters.
As shown in Figure 12a, the cluster size increased from Day 7 to Day 11, while the number of cells
within the clusters was maintained or decreased, indicating that the cells in those clusters appeared
to become larger. In contrast, the two types of control cells, as shown in Figure 12b, showed similar
distributions over time and did not change, even on Day 11.

To confirm the change in cell size in clusters, we replotted the average cell size distribution over
time. Figure 13 shows the detailed analytical results of the time-course change of the size distribution of
cells and their clusters in each individual sample rat. A tendency similar to that discussed for Figure 11
is presented in this figure. In positive blood samples (Figure 13a), their average size distributions
changed in terms of both average maximum size and number in all six rats. However, in the average
size distributions of control blood (Controls 1 and 2, in Figure 13b,c), no obvious change of their
distribution was observed in either the three rats in Control 1 or the three rats in Control 2.

These results indicate the limitation of the conventional approach of simple cell size filtration
for acquiring CTCs. As described above, even in healthy blood, cell clusters composed of single cells
along with small debris might be present. Hence, to avoid a potential false-positive judgment in such
cases, profiling of the size distribution map of blood cells as shown in Figure 13 should be performed.

To confirm the obtained findings, cell clusters of 200 µm2 or larger were collected by our cell
sorting system, and their GFP fluorescence was observed with a fluorescence optical microscope.
It was confirmed that they were implanted cancer cells because of their green fluorescence, that is,
CTCs with GFP fluorescence (Figures 14 and 15). Therefore, we concluded that CTCs started to form
large clusters from Day 7 and increased in number over time.
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Figure 12. Relationship of cluster size and cell number within the clusters in positive blood (a),
and combined results of control 1 and control 2 blood (b). Each graph shows the results 2, 4, 7, 9, or
11 days after the implantation of rat cancer cells (A–F, positive), culture medium (G–I, Control 1), or
human cancer cells (J–L, Control 2).



Micromachines 2019, 10, 154 19 of 24

Figure 13. Time-course change of average size distribution of cells in positive (a), control 1 (b),
and control 2 blood (c). Each value represents 2, 4, 7, 9, or 11 days after the implantation of rat cancer
cells (A–F, six positive rats), culture medium (G–I, three rats of control 1), or human cancer cells
(J–L, three rats of control 2). For each case, the x-axis represents the population at each average cell or
cell cluster size on the y-axis.

Figure 14. Three typical cell cluster images in positive cases (a–c) and a cell image in control 1 (d). Left,
BF, and right, FL images. All FL images were taken with the same camera conditions. Bars, 50 µm.
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Figure 15. Photographs of cells for positive (a), control 1 (b), and control 2 blood (c) in wide
areas. On the left are optical (BF) images of cells, while on the right are fluorescent (FL) images
of corresponding positions. Arrowheads in (a) indicate cell clusters. Bars, 50 µm.

3.7. Ability and Limitation of On-Chip Imaging Cell Sorter for CTC Screening

In this study, as a follow-up examination of our previous work [20], to resolve the important issue
of what happens in blood during progression in metastatic cancer, we examined the time-course change
of CTC clusters of GFP-MAT-LyLu in positive rat blood over time after implantation. Their increase
was detected by monitoring the time-course change of the distribution of imaging biomarkers as
shown in Figures 4–13.

The results in this study showed that CTC clusters clearly increased in number from Day 7.
Those changes were monitored for several imaging biomarkers, such as cell size (Figure 4), perimeter
length (Figure 6), nucleus number (Figure 9), and total nucleus area (Figure 11). In particular, the combined
information of cell size and nucleus number (Figure 12) and average cell size distribution in clusters
(Figure 13) gave us insights into how CTC cells and clusters grow during progression in metastatic cancer.
These results indicate one of the abilities of imaging biomarkers for cancer diagnostics.

The results also provide some insight about the benefits and limitations of imaging biomarkers
for CTC detection. For example, the index of the aspect ratio in BF images might not be suitable for
identifying CTC clusters, especially for larger clusters. The results also recommend the use of cell
size information combined with FL image information of nucleus number or total area because the
existence of debris was sometimes the cause of larger-sized samples, even in the control sample blood.
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Another finding in this study is that the numbers of CTCs and CTC clusters were greater than we
expected. The size distribution analysis of whole blood samples provided important insights into the
CTC population ratio in blood. Under the conventional understanding, the population of CTCs is very
small and a blood sample on the order of mL is required for their detection. However, in our study,
the population of irregular cells was greater than 1% even on Day 4, which means that around 1% of
white blood cells were CTCs. If this assumption is correct, the required volume of blood for metastasis
screening to acquire the size distribution of cells and for cell sorting should be only 10 to 100 µL, even
for acquiring a sufficient number of target cells for the subsequent copy number analysis.

The limitation of our multi-imaging cell sorter is its time resolution. As the capturing of BF and
FL images was simplified using a multi-image view unit for single CCD processing, image acquisition
intervals were improved up to 10,000 fps. The software-based processing speed of simultaneous BF
and FL image analysis including detailed BF cell number estimation was 200 fps in our system, whereas
the simple FL nucleus number and area estimation procedure can be processed in the FPGA-based unit
and accelerated to 5000–10,000 fps. Even if the hardware and software limitations were overcome, the
limitation of FL intensity remained as a critical issue for the time resolution of the multi-imaging cell
sorter. In our present light pathway set-up, weak fluorescence was hardly used for 5000-fps resolution.
However, if the required volume of sample blood is 10 to 100 µL, the time required by the imaging cell
sorter for analysis and cell sorting should be within a few hours, even using 200-fps mode.

In this paper, we present a novel antibody label-free approach for detecting irregular cells in
blood using image-based recognition. In this work, morphometric parameters of cell clusters were
measured and the validity of this approach for predictive CTC diagnostics was evaluated using
microdroplet-sized blood samples.

4. Conclusions

In this study, a method for identifying irregular cells in blood by monitoring the distribution
of imaging biomarkers in a 50-µL blood sample using on-chip multi-imaging flow cytometry was
examined for monitoring the time-course change of their distributions during the progression of
metastatic cancer. Using this method, significant increases in the number and size of CTC clusters were
detected in blood of cancer cell-implanted rats, with them constituting more than 1% of whole white
blood cells from four days after implantation of the GFP-MAT-LyLu cell line into rats. In contrast,
no significant change was observed in control blood. These results indicate that the imaging biomarker
detection of CTC clusters with a multi-imaging flow cytometry system is useful for the detection of
irregular cells in blood, even with 50-µL blood samples, as a liquid biopsy for monitoring progression
in metastatic cancer.
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