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ARTICLE INFO ABSTRACT
Keywords: Developing a rapid and quantitative method to accurately evaluate the physiological abilities of
Long-term living cells is critical for tumor control. Many experiments have been conducted in the field of

Real-time and labelfree live cell image pro- biology in an attempt to measure the proliferation and movement abilities of cells, but existing

gessing methods cannot provide real-time and objective data for label-free cells. The quantitative imaging
Cell proliferation . . . . . . o
Cytotoxicity technique, including an automatic segmentation algorithm for individual label-free cells, has been

a breakthrough in this regard. In this study, we develop a combined automatic image processing
algorithm of CellPose and watershed segmentation for the long-term and real-time imaging of
label-free cells. This method shows strong reliability in cell identification regardless of cell
densities, allowing us to obtain accurate information about the number and proliferation ability
of the target cells. Additionally, our results also suggest that this method is a reliable way to assess
real-time data on drug cytotoxicity, cell morphology, and cell movement ability.

Cell movement

1. Introduction

One of the major challenges in current medical and clinical research is the development of a rapid and quantitative method for
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evaluating the physiological properties of cells, including their proliferation and migration ability [1,2]. Conventional evaluation
methods for cellular physiological states are mainly based on biochemistry assays, which belong to end-point detection [3-5]. Since
cells are killed and their structures are destroyed during these detection methods, the true properties of the living cells cannot be
reflected directly and accurately [5]. Moreover, these methods cannot meet the needs of high-throughput data analysis because of the
cumbersome relevant statistical analysis [6]. In order to solve these problems, researchers have proposed a new approach that can
provide detailed information on the entire lifecycle of cells by observing and tracking them in real-time and in situ [7-9]. This method
not only greatly deepens our understanding of the physiological properties of cells but can also accelerate drug development processes
as it allows us to assess drug cytotoxicity directly and rapidly [3].

Quantitative imaging offers magnificent spatial and temporal resolutions in the measurement of biological phenomena, especially
in two-dimensional (2D) cell monolayer models, and it now being widely used in both cell biology and biomedical research [6].
Quantitative imaging allows one to observe the core physiological properties of cells, e.g., cell proliferation, morphology, and
migration, at a single-cell level during the cell culture process and therefore to quantify the influence of the external interventions [6,
10,11]. Nevertheless, quantitative imaging analysis relies heavily on corresponding recognition and segmentation algorithms, which
are usually based on fluorescent labels such as fluorescent proteins and fluorescein in images [12]. However, mounting evidence
indicates that the use of fluorescent sensors alters biological responses by affecting the cells’ physiological properties [13]. Specifically,
the fluorescent proteins have been reported to correlate with the increased cell mortality [14], reactive oxygen species accumulation,
and the mitotic arrest [15]; the interruption of critical cell signaling pathways [16]; and the impairment of actin-myosin interactions
[17]. Therefore, it is highly crucial to develop a quantitative analysis for label-free cell imaging in order to avoid these shortcomings
and obtain more reliable results in the observation of cellular physiological states for future research [6,10].

The first prerequisite of establishing a quantitative analysis method for the long-term and real-time imaging of label-free living cells
is to segment the cells accurately [18]. However, the various shapes of cells and their continuous morphology changes during the
imaging process present major challenges for the corresponding segmentation algorithms in quantitative analysis [19]. There have
been a variety of segmentation algorithms developed for images of label-free cells, including watershed segmentation method [20],
edge recognition [21], deep learning algorithms [22], etc. The watershed algorithm is one of the classical segmentation methods used
for imaging processing, in which different cells can be found according to their gray level [23-25]. However, segmentation by the
watershed algorithm is affected by many errors, especially for images in brightfield mode with low contrast, and cannot meet the high
requirements of quantitative experiments. On the other hand, deep learning methods, i.e., the convolutional neural network (CNN)
algorithm, are widely applicated in quantitative imaging due to their excellent recognition and great universality [26,27]. Never-
theless, the high-quality training datasets including a wide variety of unlabeled objects are critical to obtain well-segmented results in
image processing [28]. The dataset of the LIVECell algorithm released by Christopher Edlund et al. includes 1.6 million cells of 8
different types and the algorithm shows good segmentation ability at the early seeding [6]. The CellPose algorithm has been trained on
datasets of about 70,000 segmented objects, mainly including images of fluorescent-labeled cells with few images in brightfield modes
[10]. However, there are still some cells that cannot be identified by CNN methods, especially for cells growing to confluence, and in
some cases, even only 30% of cells can be found in the images. This suggests the necessity of building a better training dataset with a
wider range of cell morphology.

Furthermore, The cell segmentation algorithms primarily on morphological characteristics. Under the influence of pharmaceutical
agents, these characteristics often manifest discernible alterations. Hence, the applicability of segmentation algorithms in analyzing
the dynamic responses of cells under distinct drug conditions is of paramount significance. In clinical contexts, cisplatin is one of the
commonly used drugs for gastric cancer chemotherapy and has shown definite efficacy against gastric cancer by interfering with DNA
replication and transcription processes. Currently, there are two common administration methods, transient high-concentration
administration and continuous low-concentration administration, for this drug. The direct discernment of disparities between these
two modes of administration remains a pivotal focus of current investigation, facilitated through quantitative image analysis
methodologies.

In this study, we combined a deep learning algorithm with the watershed segmentation method to segment approximately
21,600,000 label-free BGC-823 and MGC-803 cells in about 55,000 images. We explored cell proliferative ability, morphological
characteristics, and movement ability under drug treatment. The results obtained from different analyses are consistent with each
other, which verifies the reliability of our algorithm.

2. Materials and methods
2.1. Cell culture and CCK-8 assay

BGC-823 and MGC-803 cell lines used in this experiment were obtained from the Shanghai Institute of Digestive Surgery, Ruijin
Hospital, Shanghai Jiao Tong University. The cells were initially cultured in Dulbecco’s Modified Eagle Medium (DMEM) (Dalian
Meilun Biotechnology Co. LTD) supplemented with 10% fetal bovine serum (FBS) and 1% penicillin-streptomycin (YEASEN Biotech
Co. Ltd) at 37 °C with 5% CO,. Approximately 10,000 cells of each type were seeded onto 96-well plates and incubated in a cell
incubator for 24 h. The BGC-823 cells were treated with varying concentrations of cisplatin (0, 10, 20, and 40 pg/mL) for a duration of
2 h. Subsequently, the cells underwent two cycles of Phosphate-Buffered Saline (PBS) washing to eliminate the cisplatin-containing
medium, and then cultured in fresh medium for an additional 24 h before conducting the CCK-8 assay. The control group was
treated with 0 pg/mL cisplatin, while the experimental groups were exposed to concentrations of 10, 20, and 40 pg/mL groups. As for
MGC-803 cells, we adopted a continuous low-dose administration approach, treating the cells with 0, 16, 32, 64, 256, and 512 ng/mL
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of cisplatin. The control group received no cisplatin (0 pg/mL), whereas the experimental groups were exposed to more concentrations.
Unlike BGC-823 cells, the same medium with cisplatin was used for subsequent imaging to evaluate the results of different drug
delivery methods. The absorbance value (0.D. (450 nm)) of the CCK-8 solution was detected at 450 nm, measured by a microplate
reader (Tecan Sunrise). PBS (Phosphate-Buffered Saline) was used as the vehicle to administer the drugs. For the CCK-8 experiment, 5
independent replicate wells will be set up at each concentration to ensure the accuracy of the experiment. Two-way ANOVA was
utilized for the analysis of CCK-8 assays assessing cell viability. For comparisons involving multiple groups, one-way ANOVA was
employed. All outcomes were reported as the mean + standard deviation (SD) derived from triplicate experiments.

Based on the O.D. values obtained from the enzyme-linked immunosorbent assay (ELISA) reader, the drug concentration versus cell
viability curves were plotted using GraphPad Prism (version 9.0.0, GraphPad Software, San Diego, California, USA). The drug con-
centration was plotted on the x-axis, and cell viability was plotted on the y-axis. By visualizing the curve, the impact of drug con-
centration on cell viability could be observed. The drug concentration that led to a 50% decrease in cell viability was determined by
analyzing the curve, and this point represents the IC50 value. Typically, curve-fitting software, such as logistic regression, is used to
calculate the IC50 value from the data. Note that in the current study, the time point for calculating the IC50 is after 48 h of cell culture.

2.2. Laser scanning confocal microscopy (LSCM) imaging

We utilized a laser scanning confocal microscope (CSU-W1) to perform long-term living cell imaging in the brightfield mode. The
microscope had a specified magnification of 10 x or 20 x objective. Each imaging field captured an area of approximately 1.2 x 1.5
mm? on the dish. Specifically, for BGC-823 cells treated with different concentrations of cisplatin, we randomly selected three non-
overlapping imaging fields for each intervention concentration. Consequently, a total of 12 imaging fields of cells were collected to
ensure adequate data for subsequent cell segmentation. For MGC-803 cells, 52 imaging fields were chosen for each concentration (0, 4,
16, 64, 128, and 512 ng/mL). The total imaging duration was 60 h for BGC-823 cells, with a time interval of 5 min between two images,
and for MGC-803 cells, the total imaging duration was 48 h with a time interval of 30 min between two images.

2.3. Cell doubling time analysis

The cell doubling time is a common measure used to assess the rate of cell proliferation in cell culture experiments. It is typically
calculated using the following formula:

log(2)
= gt N

where t; and t, are the time at the start and end of cell counting respectively, and N is the number of cells at the corresponding time
point. We perform cell counts at two different time points during the exponential growth phase of the cells to calculate the cell
doubling time. By plugging the appropriate values into the formula, we can determine the time how long it takes for the cell population
to double. It is essential to ensure that the cells are in the exponential growth phase and that the time points chosen for cell counting
accurately represent this phase for accurate doubling time calculations.

2.4. Imaging processing

In this study, we use three algorithms for image processing, they are watershed segmentation algorithm, CellPose deep learning
algorithm, and our self-developed algorithm which combines the two methods. Initially, we employed the watershed segmentation
algorithm using MATLAB for image processing. Prior to the formal segmentation process, a series of preprocessing steps are applied to
the images. Initially, we employed MATLAB’s top-hat transformation to ensure uniform brightness by calculating the morphological
opening of the image and subtracting the results from the original image. However, since cell brightness is not uniform, in the sub-
sequent step, we utilized MATLAB’s built-in adaptive local thresholding to perform binary image conversion. Once this result is ob-
tained, we applied minor standard opening and closing transformations to remove noise from the image. At this stage, a notable
challenge arises due to the intricate cellular structures, including distorted boundaries. To address this, we applied more extensive
opening and closing transformations to achieve smoother boundaries. Lastly, we utilized the standard marker-based watershed seg-
mentation algorithm provided by MATLAB to segment the cells. When employing the Cellpose method as the sole labeling technique,
we adhered to the developers’ established procedure. Initially, we selected a small set of images and manually delineated the shapes
and boundaries of cells within these images. In CellPose, the only parameter we need to set is the average diameter of the cell, about 60
pixels. Following the preliminary training of the model, we were able to employ this model to automatically segment a larger number
of cells. However, the initial segmentation results often required refinement, necessitating manual adjustments to align the automated
labels with the actual cell shapes. This iterative process was repeated approximately 5-6 times, resulting in the development of a robust
training model for accurate cell identification. Subsequently, we train a new segmentation model through the standard protocols of
CellPose using the extremely huge dataset obtained by watershed segmentation and then apply this model to process all the images. For
cells that were not adequately segmented, mainly due to their complex morphology, we further processed the remaining regions using
the watershed algorithm after removing the segmented cells.
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Fig. 1. Combined CellPose and watershed segmentation algorithm for long-term, real-time imaging of label-free cells. A. Schematic of the
workflow of the combined deep learning and watershed segmentation algorithm for cell image processing. B. The respective segmentation results
obtained by the watershed segmentation algorithm, CellPose and our combined algorithm. C. The cells in the division process have brighter bodies
with more distinct black edges in ROI. D and E. The confocal images of label-free images and the corresponding segmentation results of the
Eombined algorithm for BGC-823 and MGC-803 cells in different time points (¢t = 0, 24, 48 h).

3. Results
3.1. Combined CellPose and watershed segmentation algorithm for long-term, real-time imaging of label-free cells

In this study, we combined a deep learning algorithm and the watershed segmentation method to accurately and rapidly segment
about 21,600,000 label-free BGC-823 and MGC-803 cells in approximately 55,000 images (Fig. 1A). Before completing the imaging
processing and cell segmentation, we observed that a few cells undergoing division appeared brighter with a more distinct black edge
(Fig. 1B and see more details in Supplementary S1). This distinct morphological difference arises because these cells moved away from
the bottom surface of the medium and into an upper layer during the division process. Note that we did not include these cells in our
cell counting or analysis since these morphological differences are not primarily indicative of changes in the physiological properties of
the cells themselves. By excluding these cells from our analysis, the remaining cells are representative of their physiological state and
facilitate more accurate and reliable quantitative analyses of the cell population under study.

To quantify the accuracy of the segmentation at different cell densities, we compared the number of cells identified by our seg-
mentation program with that of manual marking at different time points. In the manual marking method, we printed the cellular
images, and a red dot was utilized to indicate each enumerated cell until all cells in the image were marked. We recorded the number of
cells that had been marked, ensuring a comprehensive cell count. The manual detection was performed by two researchers, each
repeating the process twice to ensure consistency. In the subsequent analysis of the accurate identification rates, we randomly selected
5 images at each time point (0, 24, 48 h) for two types of cell and three segmentation algorithms, totaling 90 marking results for 30
images. Initially, we can carry out the in-house watershed segmentation program of MATLAB to segment different cells, and about
1,400,000 BGC-823 cells in 8640 images, and about 7,000,000 MGC-803 cells in 18,655 images are initially labeled. However, due to
the high noise and low contrast in label-free images, only about 80% of the cells could be well segmented using the watershed al-
gorithm alone (Fig. 1C). To improve the segmentation of cells with complex morphology, we employed the CellPose deep learning
algorithm, which significantly enhanced cell segmentation, identifying more than 92% of cells in the region of interest (ROI) (Fig. 1C).
Subsequently, we train a new segmentation model through the standard protocols of CellPose using the extremely huge dataset ob-
tained by watershed segmentation, and then apply this model to process all the images (Fig. 1C). The CNN algorithm can not only find
those cells that have been labeled by watershed segmentation, proving the reliability of our model but also identify many new cells. In
fact, the shapes and coordinates of more than 92% of the cells in the ROI can be obtained through this method, leaving about 8% of the
cells unidentified. For cells that were not adequately segmented, mainly due to their complex morphology, we further processed the
remaining regions using the watershed algorithm after removing the segmented cells. This additional step resulted in the successful
segmentation of more than 95% of the cells (Fig. 1C). As a result, we could accurately identify about 1,600,000 BGC-823 cells in 8640
images and about 20,000,000 MGC-803 cells in 47,320 images using our combined algorithm.

Since it is difficult to display the results of all segmentation results simultaneously, we selected 1 image of each time point and cell
type as examples (Fig. 1D and E) to provide further evidence and listed the counting results of different detection methods in Table 1.
Note that the reported standard deviation (SD) was obtained through four independent manual detections while the automatic
combined segmentation algorithm always got the same counting number. In actuality, we perceive that the standard error of the
automated algorithm is the distinction between the automated algorithm and human counting, which is approximately within 10
counts. This high accuracy and reliability make our algorithm well-suited for subsequent quantitative statistical analyses of real-time
living cell images.

Additionally, we applied the transient high-concentration of cisplatin to BGC-823 cells and the continuous low-concentration to
MGC-803 cells, providing data on cell morphology changes at different rates. This approach allowed us to obtain precise segmentation
results under distinct drug conditions, showcasing the sensitivity and accuracy of our algorithm in capturing cell morphology changes.
During the course of cell culture with cisplatin, the cells gradually underwent cell death. For simplicity and quantitative analysis, we
classified cells as either living or dying based on their morphological and luminance differences, without considering intermediate
states (Fig. 2A and B). Dying cells initially underwent shrinkage, leading to a significant decrease in their area (S). As the cell death
process continued, the dying cells further disintegrated into smaller fragments, signifying the loss of normal form and the cell
shrinkage process, a well-described phenomenon in biology. The probability distribution function (PDF) of the area of all cells,

Table 1

The number of cells in Fig. 1D and E obtained from automatic vs. manual detection.
Cell Type BGC-823 MGC-803
Time/h 0 24 48 0 24 48
Automatic Segmentation Algorithm 208 323 650 112 505 836
Manual Detection 4+ SD 211 +£1 325+1 660 + 4 115+ 0 517 £ 2 843 + 4
Accurate Identification Rate 98.6 + 0.5% 99.4 £+ 0.3% 98.5 &+ 0.6% 97.4 + 0% 97.7 + 0.4% 99.2 + 0.5%
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Fig. 2. Living and dying cells identification. A and B. The labeled images of (A) living and (B) dying cells in which we distinguish them by their
morphological and luminance differences. C. The probability distribution function (PDF) of cell area obtained from about 4000 images containing
both living and dying cells. The dashed line is the threshold of the area S = 200 pm? between living and dying cells obtained by dividing the
two peaks.
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index of living and dying cells for the BGC-823 and MGC-803 cells, respectively.
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including both live and dead cells, is presented as a bimodal Gaussian distribution (Fig. 2C). To distinguish living and dying cells
effectively, We identified the lowest point between the two peaks of this distribution as the threshold S = 200 um? for cell recognition.
This approach enabled us to accurately differentiate between cells undergoing the cell death process and those remaining viable,
facilitating a comprehensive analysis of cisplatin’s impact on cell morphology and survival. Note that the distribution was obtained
from approximately 400,000 BGC-823 cells from 2160 images in three realizations, and about 600,000 MGC-803 cells from 2275
images in 25 realizations.

3.2. Cell proliferation and morphology

Using the extensive cell tracking and morphology data obtained from the imaging process, which combines watershed segmen-
tation and deep learning algorithms, we conducted a quantitative analysis of long-term, real-time, and label-free cell imaging. To
assess the proliferation ability of both BGC-823 and MGC-803 cells, we performed cell count statistics. Fig. 3A,B,G and H display the
number of living and dying cells for the two types of cells, respectively, revealing their respective doubling times to be approximately
36 h for BGC-823 cells and 18 h for MGC-803 cells.

Cell morphology is a crucial parameter for evaluating the health status of cells, as it is closely related to embryonic development,
wound healing, and the process of tumor metastasis [29]. Regularly inspecting cell morphology during the culture process helps in
identifying signs of contamination, nutritional status, and cell degeneration at an early stage. This continuously changing cell shapes
present a challenge for systematic morphological studies. In this experiment, we obtain cell morphology through the imaging process
and calculate morphological parameters, such as the averaged cell area (S), perimeter (P), aspect ratio (the ratio a/ b of the two ei-
genvalues (a, b) for the equivalent ellipse of the cell) [30], and shape index (P/ VS) [311 (F ig. 3C-F and 3I-L). In general, the cells will
present a more rounded shape with a smaller aspect ratio and shape index when their areas S are the same. Specifically, we find that the
BGC-823 cells mainly present an epithelioid shape in the low-density state, while MGC-803 cells tend to grow in a fibroblast-like shape.
The shape of cells also varies with the increasing cell density, where elongated cells become shorter and eventually take on an
approximate irregular hexagonal shape due to enhanced adhesion between neighboring cells. These results are consistent with the
observed reduction in morphological parameters.

3.3. Cytotoxicity assessment

We recorded the number of living cells and the morphological changes in response to different concentrations of cisplatin treatment
for both types of cells in Supplementary S2. The results revealed that, under the stimulation of a high concentration of transient
cisplatin, the number of BGC-823 cells remained steady in the first 20 h and then decreased at a constant rate thereafter. Beyond a
concentration of 10 pg/mL, very few nascent BGC-823 cells were observed (Fig. 3A). This aligns with the findings of the IC50 = 20 pg/
mL for BGC-823 cells with culture time of 48 h from the CCK-8 assay (Fig. 4A). Conversely, for concentrations less than 64 ng/mL, the
number of MGC-803 cells increased gradually at a similar rate to cells proliferating without cisplatin (Fig. 3G). In the group with a
concentration of 256 ng/mL, the cell number remained at about 400 until a large number of cells rapidly died between 24 and 32 h.
When the concentration of cisplatin increased to 512 ng/mL, the number of cells remained stable in the first several hours, after which
a large number of cells rapidly died. This result is consistent with the IC50 of 127 ng/mL for MGC803 cells. This indicates that cisplatin
not only significantly inhibits the proliferation of living cells but also exhibits considerable toxicity to cellular tissues, resulting in a
significant reduction in the number of living cells. Moreover, the time point at which a significant decrease in cell numbers occurred
was closely correlated with the drug concentration. Higher cisplatin concentrations led to an earlier onset of the decrease in cell
numbers [32]. Crumpling and disintegration of cells were also observed at the same time for cells treated with different drug con-
centrations (Fig. 3C-F and 3I-L). Furthermore, by contrasting the trends in the morphological transformations of the two cell types, we
have also discerned that transient administration of elevated concentrations precipitates rapid and marked alterations in cellular
morphology, while sustained application of lower concentrations results in a gradual evolution of cell shape over time.

3.4. Long-term, real-time dynamic analysis

In the context of tumor metastasis research, accurately assessing cell movement ability is of paramount importance [33,34]. Recent
simulation studies have highlighted the significance of various parameters related to cell movement ability, such as single-cell motile
speed, the persistence time of cell tracks, and the target shape index of cell morphology, in governing the jamming transition of
bronchial epithelial cells [31]. However, the current lack of image processing technology capable of accurately identifying individual
cells often leads to measurement methods that rely on chemical reactions, which can confound the assessment of cells’ proliferation
and movement abilities. The average speeds and trajectories of cells are crucial parameters that represent the movement ability of cells.
Fig. 4B and C shows the average speeds of living cells under different concentrations of cisplatin, which are obtained using the tracking
algorithm to assess cell movement ability [35]. We calculated the average speed of cells at different time points. The results show that
for the BGC-823 cell treatment group with cisplatin, cell speeds significantly decrease after 24 h of culture, which aligns with the time
of decreased cell numbers. Notably, after 34 h of treatment, the curves of cell movement speeds tend to flatten, indicating that most
cells in the culture medium have already died. For MGC-803 cells, the average speed of cells remains at a high value at the beginning of
the culture but decreases rapidly thereafter. The treatment groups with different concentrations of cisplatin for both cell types exhibit
earlier time points at which cell movement speeds start to decrease rapidly, corresponding to the concentration increase of cisplatin,
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consistent with the evaluation of cell numbers. The trajectories of cells under different cisplatin concentrations are shown in Fig. 4D
and E. The cells in groups with larger cisplatin concentrations move slowly. In addition, the ranges of the cells’ movements also
gradually become smaller with the increase in the number of cells. This is because when cells undergo a jamming transition, their
movements are limited by their neighbors, and the “cage effect” occurs. This result is consistent with the conclusions of previous
studies that found that a cell’s movement is affected by its neighbors in the confluent tissue, resulting in the cells slowing down and
forming a solid-like state [36,37].

4. Discussion

Previous studies have highlighted the importance of both tumor cell proliferation and cell mobility in triggering tumor progression
[29]. Therefore, an accurate and real-time assessment of these abilities is crucial for effective tumor control [38,39]. Many experiments
have been conducted in the field of biology to measure cell proliferation and movement abilities. However, existing methods often lack
the capability to provide real-time and unbiased data for evaluating these abilities without interfering with the cells’ physiological
state [6]. Moreover, few methods have effectively integrated the measurement of both abilities within a single experiment while
maintaining a clear distinction between them. In this study, we have combined long-term living cell imaging technology, image
processing technology, and cell trajectory tracking technology to comprehensively assess the proliferation and movement abilities of
gastric cancer cells. In typical CNN-based segmentation algorithms, a well-developed training model for new biological image types
often requires a large dataset of human-labeled images. In the current study, we leveraged the classical automatic watershed seg-
mentation algorithm to initially label approximately 8,400,000 cells in about 27,000 images, constituting a substantial training
dataset. Although not all cells were perfectly segmented, this dataset proved sufficient to train the adaptive segmentation model of the
CellPose algorithm using their standard protocol based on these labeled images. It is difficult to obtain such an unprecedented
large-scale dataset manually. At the same time, we use the watershed algorithm to make up for the shortcomings of CNN algorithm and
further modify the processed images, giving more accurate segmentation results compared to ones obtained by using CNN algorithm
alone. This innovative approach allows us to obtain accurate and real-time data for evaluating these critical cell properties, providing
valuable insights for tumor control strategies.

The quantitative analysis of long-term, real-time imaging technology for label-free cells has found widespread applications in
various biological research fields since its initial development [3]. Image processing technology has been effectively utilized to study
cell shape, dynamics, and their relationships, as demonstrated in studies such as the jamming transition of asthma cells [7,31]. In our
study, we successfully captured the process of cell division and proliferation over an extended period without interfering with the
physiological state of the cells. Utilizing image processing technology, we accurately identified and segmented the cells, allowing us to
count the number of cells at different time points. The population doubling time obtained from our image processing approach
correlated well with the results of the CCK-8 assay, confirming the reliability of our method. Compared to traditional methods relying
on measuring cellular metabolic activity or nucleic acid concentrations, our approach offers more objectivity and convenience in
obtaining accurate data. Furthermore, we tracked the trajectories of gastric cancer cells both with and without cisplatin interference in
our study. At the initial stage of culture, the average cell speeds slowed down as the cell density increased, reflecting the cellular
jamming transition. The cell speeds decreased even more rapidly when exposed to higher concentrations of cisplatin, indicating the
impact of the drug on cell movement. Our findings shed light on the dynamic behaviors of cells and their responses to drug inter-
vention, providing valuable insights for tumor control and related research.

Accurately measuring the onset time of anti-tumor drugs for different drug administration methods is indeed a significant challenge
in cancer research. Traditional methods, such as setting time gradients in vitro experiments, have been employed to explore drug onset
time. However, these approaches heavily rely on the experience of the operator, leading to low repeatability and potential bias in the
results [7]. In this study, we use cisplatin to interfere in the proliferation of BGC-823 and MGC-803 cells. The results show that for
different drug administration methods, the number of cells does not change significantly within the first hours (see Supplementary S3
for more detailed results). After a concentration-dependent time point, most cells start to retract and leave the culture dish, resulting in
a decrease in the number of living cells. We also observed that the transient high-concentration administration led to rapid and sig-
nificant changes in cell morphology, while the continuous low-concentration administration resulted in gradual morphological
changes over time in vitro. Overall, our experimental design and cell segmentation algorithm allowed us to investigate the effects of
cisplatin under different drug administration methods, providing valuable insights into its antitumor mechanisms and potential
therapeutic applications. Compared with other chemical evaluation methods, this method can identify the onset time of the drugs
directly and save a lot of time and cost [40]. Additionally, this method demonstrates high repeatability and places minimal demands on
the experimenter’s expertise, as it relies on automated image processing technology for data analysis. Furthermore, by using image
processing technology, our method avoids the potential negative impacts on operators associated with other biological evaluation
methods that involve the use of highly carcinogenic reagents or toxic substances.

In summary, the comprehensive application of long-term and real-time imaging technology to label-free cells, combined with an
automatic image processing algorithm, proves to be an effective and user-friendly method to assess crucial physiological properties of
cells, such as their proliferation ability, morphological characteristics, and movement ability. The ease of use and high repeatability
make this approach valuable for various research applications. However, there are still certain limitations in the algorithm. Due to the
necessity for subtle parameter adjustments of the watershed segmentation algorithm when applied to different cell types, the per-
formance of this program tends to be less optimal in addressing novel cell instances. Furthermore, with undergoing two rounds of
watershed segmentation and one round of deep learning algorithm, the computational speed of this approach is comparatively slower
compared to a direct implementation of neural network algorithms. On the other hand, we focused on exploring this method with a
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preliminary experiment using gastric cancer cells (BGC-823 and MGC-803 cells). It is essential to acknowledge that tumor control is a
multifaceted challenge, involving numerous factors, such as tumor cell activity, the tumor microenvironment, immune response, and
drug metabolism [41-43]. While our in vitro experiments provided valuable insights and data on cellular properties, in vivo experi-
ments remain the most conclusive evidence for validating the responses of cells in a realistic biological context. In this preliminary
exploration, we limited our study to in vitro experiments due to the technical complexity of in vivo imaging experiments. However, the
results obtained from our study are critical for predicting real-world biological processes and can pave the way for further research. In
future studies, we plan to conduct in vivo experiments, such as organoid experiments, involving more cell types, and provide real-time
and reliable data to advance our understanding of tumor metastasis and aid in the development of anti-tumor drugs. By expanding our
research and incorporating more advanced methodologies, we aim to gain a comprehensive understanding of cellular behavior and
contribute significantly to cancer research and therapeutic strategies.

5. Conclusion

This study addresses a critical need in tumor control by developing a rapid and quantitative method to evaluate living cell
physiology accurately. Our innovative approach combines automatic image processing algorithms, CellPose, and watershed seg-
mentation, enabling real-time imaging of label-free cells with high reliability. This method provides precise data on cell proliferation
and movement abilities, drug cytotoxicity, and cell morphology. We hope this work inspires further research to advance tumor control
and benefit patients.
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