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ARTICLE INFO ABSTRACT

Keywords: Metastasis is the leading cause of cancer-related deaths. During this process, cancer cells are likely to navigate
Deep léammg discrete tissue-tissue interfaces, enabling them to infiltrate and spread throughout the body. Three-dimensional
Spheroid (3D) spheroid modeling is receiving more attention due to its strengths in studying the invasive behavior of
Interfacial invasion . . . . . . I . . . .

DIC i metastatic cancer cells. While microscopy is a conventional approach for investigating 3D invasion, post-invasion

images . . . . . . . N pe .

Image prgocessing image analysis, which is a time-consuming process, remains a significant challenge for researchers. In this study,
Diepafitaxis we presented an image processing pipeline that utilized a deep learning (DL) solution, with an encoder-decoder

architecture, to assess and characterize the invasion dynamics of tumor spheroids. The developed models,
equipped with feature extraction and measurement capabilities, could be successfully utilized for the automated
segmentation of the invasive protrusions as well as the core region of spheroids situated within interfacial mi-
croenvironments with distinct mechanochemical factors. Our findings suggest that a combination of the spheroid
culture and DL-based image analysis enable identification of time-lapse migratory patterns for tumor spheroids
above matrix-substrate interfaces, thus paving the foundation for delineating the mechanism of local invasion
during cancer metastasis.

1. Introduction

Metastasis, a major cause of mortality in patients with advanced
cancer, refers to the dissemination of cancer cells from a primary tumor
to distant tissues and organs, where development of secondary tumors
takes place [1]. Indeed, metastatic progression is a multistep process
that includes a series of distinct and stepwise events: (a) local invasion (i.
e., escape of cancer cells from the primary lesion and infiltration into the
surrounding stroma), (b) intravasation (i.e., ingress of malignant cells
into the circulatory system), (c) surviving in the bloodstream, (d)
extravasation (i.e., egress of circulating malignant cells from the
bloodstream into adjacent normal tissues), and (e) proliferation,

colonization and establishment of overt metastases [2]. In the course of
metastatic spread, though being able to navigate either as single cells or
via collective means through stromal and vascular microenvironments
[3], collective invasion has been suggested to be a clinically relevant
mode of invasive outgrowth for the majority of solid tumors [4]. Studies
have revealed that clusters of cancer cells, compared to their single-cell
counterparts, are not merely more aggressive and metastatic, but also
display enhanced chemoresistance [5]. In this sense, the modes of cancer
cell invasion are thus related to patient prognosis and therapeutic effi-
cacy [6]. In addition to intrinsic (e.g., genetic) factors, tumor microen-
vironments also play a significant role in driving the switch between
different invasion modes exhibited by the cancer cells [7]. It is
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consequently of great interest to explore the influence of physical and
chemical microenvironmental attributes on their invasive and meta-
static behaviors.

The application of 3D multicellular tumor spheroids has recently
made significant advancements in the fields of oncogenesis and tissue
engineering, notably enhancing our understanding and progress in these
areas [8]. The spheroid cultures effectively resemble in vivo avascular
tissue-like cellular characteristics in morphology, signal transmission,
cell-cell communication, metastasis, and mechanical stimulation when
compared to monolayer cultures [9]. Although several pieces of soft-
ware have been created to analyze the invasive and migratory behaviors
of spheroids using microscopic data, these tools can only extract
particular cell morphologies at two- or three-time points during the
time-lapse observation process [10-17]. On the other hand, researchers
used to visualize the details of spheroid structures and track the status of
their migration and invasion under confocal fluorescence microscopy
[18-21]. However, this technique may adversely cause tissue heating,
photobleaching, and phototoxic effects [22-25]. With both
fluorescence-free and non-destructive detection advantages, differential
interference contrast (DIC) microscopy instead is a much more
commonly used approach to observe live cells and follow their pro-
gression dynamics in a temporal manner [26-28]. Besides, it enables
adequately high imaging resolution that can discriminate spatial orga-
nization of spheroids and identify the contrasting aspects of their inva-
sive and migratory patterns [29,30]. However, analyzing spheroid DIC
images is a time-consuming process, and it remains challenging to
automatically extract and analyze the model objectively. The supervised
machine learning frameworks have contributed to major breakthroughs
in achieving more precise segmentation accuracy in recent decades, and,
in particular, deep convolutional neural networks (CNNs) deliver the
cutting-edge solutions that enhance performance of semantic image
segmentation [31]. Several deep learning (DL)-based variants (e.g.,
spatial pyramid pooling and encoder-decoder structure) that can exploit
contextual information have been proposed for executing image seg-
mentation [32]. The encoder-decoder networks have been shown to lend
themselves to efficient computation because they consist of an encoder
module that gradually decreases the feature maps and a decoder module
that gradually recovers spatial information [33]. In this sense, they can
capture greater semantic information and restore sharp object borders,
thus showing potential applicability for analyzing spheroid behavior on
DIC brightfield images.

Since the process of early tumor metastasis involves multiple phases,
the ability to properly simulate tumor-stromal interactions in vivo is
critical for developing superior in vitro models with pathophysiological
implications [34,35]. In terms of adhesion molecule and extracellular
matrix (ECM) protein profiles, a spheroid culture system itself can create
an extracellular environments that are closely comparable to tumor
microenvironments in vivo [36,37]. Furthermore, embedding spheroids
in biomimetic ECM scaffolds, with proper levels of deposition,
cross-linking, and remodeling, also paves the way to a more realistic
tumor progression model [38,39]. It has been noted that tumor-induced
collagen fibril re-alignment can promote early cancer cell metastasis
[40]. More recently, a clinical research has shown that metastatic tumor
cells preferentially navigate through the pre-existing bone cavities or
gaps between adipocytes [41], which also implicates that the structural
organization of the ECM may facilitate cell dispersion. As a matter of
fact, Roach et al. also postulated that the discrete space between het-
erogeneous structures can serve as an “interfacial” track, by which
cancer cells prefer migrating on a ventral two-dimensional surface [42].
Nevertheless, there still exists a controversy regarding the mechanism of
how the overall interfacial stiffness and adhesive strength between
interfacial structures affect cell translocation processes [43,44]. There-
fore, it emphasizes the importance of establishing a reliable analytic
strategy, with the existence of a robust in vitro model that replicates
these parametric aspects, to characterize such unsettled issue. In this
study, we proposed a DL pipeline that begins with processing of DIC
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images extracted from an open-source database (URL/DOI: https://doi.
org/10.17632/4v625rp3cj.1), followed by using an encoder-decoder
architecture to segment the core region and invasive protrusions of
the spheroids as well as the detached single cells automatically, and
eventually produces the parametric results. This DL-based platform
could profoundly reduce the time taken to segment and track spheroids
and dissociated cells on DIC images. Besides, the analytical data indi-
cated that a matrix-substrate interfacial boundary, with higher stiffness
and lower adhesive strength, led to enhancement of spheroid invasive-
ness and single-cell migration.

2. Materials and methods
2.1. Data acquisition

Our previous work have employed DIC microscopy to characterize
the invasive behaviors of MDA-MB-231 tumor spheroids positioned
above interfaces with varying stiffness and topographic properties (i.e.,
interfacial adhesive strengths) [45]. In short, the spheroids generated
from 4-day cultures in microwells [46] were embedded within the rat
tail type I collagen scaffolds over glass and polydimethylsiloxane
(PDMS) substrates, with Young’s moduli of 69.3 GPa and 2.85 + 0.001
MPa, respectively. The structural design of this culture device aimed to
replicate heterogeneous interfaces characterized by different stiffness
levels. Besides, assorted treatments of the PDMS substrate surface by two
coating agents, pluronic 127 and glutaraldehyde (GA), together with the
untreated counterpart, further resulted in a range of adhesive strengths
at the matrix-substrate interface. Eventually, time-lapse DIC microscopy
was conducted to record the invasive outgrowth of tumor spheroids
under the above-mentioned interfacial conditions. In this study, the
imaging data obtained from the interfacial spheroid invasion assay were
utilized for training of our DL-based automated image segmentation
model and its further validation. These data were extracted from the
following  open-source  portal  (https://doi.org/10.17632/4v6
25rp3cj.2). The detailed experimental procedures for the results pre-
sented in Supplementary Fig. 2, specifically the 3D tumor spheroid in-
vasion assay and melanoma spheroid interfacial invasion assay, are
provided in the supplementary document.

2.2. Data preparation

The DIC images were pre-processed before being passed as an input
to the DL model. The pixel size of these images consisted of three
channels: red, green, and blue. However, the information contained in
these channels was identical, so merely one of them was selected for
analysis. The intensity of each pixel in the DIC image was normalized
with the mean and standard deviation of the raw pixel intensities
(Equation (1)). Normalization was necessary to ensure that the image
pixels had a consistent data distribution.

:I*ﬂl
oy

1, Equation 1

where I refers to the raw intensity of a certain pixel in the original DIC
image, yy and o] respectively refer to the mean and standard deviation of
the raw pixel intensities in this image, and I, refers to the normalized
intensity value of the above-specified pixel.

Annotations were required for all DIC images in order to create the
ground truth masks. To accommodate the DL model, which only accepts
binary masks, the ground truth masks were transferred into a binarized
format of 0 and 1. Data augmentation was applied to the training
datasets to enhance the data variability, allowing the model to learn
more effectively and become more robust. Two genres of augmentation
functions were used geometric and generic augmentation. Geometric
augmentation encompassed operations such as flipping, rotation,
random grid shuffle and elastic transformation. On the other hand,
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generic augmentation involved random resizing and cropping, random
brightness contrast, sharpening and blurring [47]. Geometric augmen-
tation functions were employed to boost the morphological variability of
the spheroid, enabling the model to learn robust features related to the
irregular invasion characteristics. Meanwhile, generic augmentation
functions were utilized to enhance the texture variability of the
spheroid. This augmentation aimed to improve the model’s ability to
distinguish between the spheroid and the background by capturing a
wider range of texture patterns. The same augmentation function was
applied for each pair of input DIC images and ground truth masks,
ensuring that the input DIC image correctly aligned with its corre-
sponding output ground truth mask.
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2.3. Deep learning model architecture design

An overview of the framework was presented in Fig. 1A. For the
invasive area model, EfficientNet, a convolutional neural network
(CNN), was implemented in the encoder for computer vision tasks [48].
The encoder transformed the image information into a latent space and
then transmitted the embeddings to the decoder. Unet++ with a
squeeze-and-excitation layer was employed as the decoder model [49].
The PReLU function was employed in the encoder-decoder model as its
activation function. Besides, pretrained weights from ImageNet were
used for the encoder to promote the model’s robustness and facilitate the
training process [50]. Since the use of EfficientNet B7 and Unet++
yielded the highest IoU values for the invasive area model (Table 1), the
same architecture was used for the spheroid core model.

For the single-cell DL model, the RegNetY320 and Feature Pyramid
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Fig. 1. The segmentation results of the model output for the invasive protrusions and core region of the spheroids as well as the detached single cells. (A) The
comprehensive DIC image segmentation pipeline for assessing spheroid’s invasiveness (B, C) The post-processing processes for quantifying variables to analyze the
metastatic pattern of tumor spheroids. The scale bar represents 50 pm.
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Table 1
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The mean Intersection over Union (IoU) values for the invasive area, spheroid core, and single-cell models. These values represent the mean and standard deviation
across the 5-fold cross-validation results. The model with the highest IoU is indicated in bold.

Threshold = 0.35

Threshold = 0.50

Threshold = 0.75

Threshold = 0.95

0.7574 £ 0.0180
0.7659 £ 0.0095
0.7599 £+ 0.0118

Encoder Decoder Intersection over Union (IoU)
Threshold = 0.25
Invasive model
EfficientNet B4 Unet++ 0.7577 + 0.0181
EfficientNet B6 Unet++ 0.7657 + 0.0098
EfficientNet B7 Unet++ 0.7600 + 0.0118
Unet++ 0.7745 + 0.0184

Decoder Channel: (256, 128, 128, 64, 64)
Spheroid core model
EfficientNet B7 Unet++ 0.7497 £ 0.0002

Decoder Channel: (256, 128, 128, 64, 64)
Single-cell model
EfficientNet B7 Unet++ 0.4089 + 0.1607
Decoder Channel: (256, 128, 128, 64, 64)
Feature Pyramid Network (FPN)

RegNetY320 0.4779 £ 0.0556

0.7744 £ 0.0186

0.7570 £+ 0.0179
0.7658 + 0.0092
0.7597 + 0.0119
0.7742 + 0.0188

0.7565 £ 0.0178
0.7657 £ 0.009
0.7594 £ 0.012
0.7740 £ 0.0189

0.7555 £+ 0.0177
0.7651 + 0.0087
0.7588 + 0.0123
0.7735 £ 0.019

0.7497 £ 0.0002 0.7497 + 0.0002 07496 + 0.0002 0.7495 + 0.0002

0.4113 £ 0.1589 0.3894 + 0.1687 0.4065 + 0.1698 0.4043 £ 0.1689

0.4677 £ 0.0558 0.4705 £ 0.0673 0.4652 + 0.0786 0.4622 + 0.0725

**All the Unet++ decoders are configured with decoder channels of (256, 128, 64,

Network (FPN) were used in the encoder and decoder, respectively.
RegNetY320 was equipped with streamlined networks that were both
simple and fast, making them highly efficient across a wide range of
computational capabilities. This design choice allowed for powerful
feature extraction in various flop regimes [51]. The FPN was introduced
into the single-cell model to address the inherent detection disparities
between the single-cell model and the spheroid core and invasive area
models. By capturing objects at various scales of feature maps, the FPN
improved the detection performance, particularly in scenarios involving
small objects [52].

2.4. Training the deep learning model

All models were trained for 20 epochs, with a batch size of 2, and a
learning rate of 2e-4. To improve training efficiency, gradient accumu-
lation was implemented every 2 steps, resulting in backpropagation
updates occurring merely once every 2 steps. This approach involved
accumulating gradients over 2 steps before updating the model’s
weights. A weight decay of 1e-3, along with a cosine decay schedule and
an AdamW optimizer, was used during the training process. Dice Loss
(Lpice ) were utilized as the loss function, as described in Equation (2).

N
2. ZPi‘]i
Lpice = Equation 2

N
Yrita

where p; = predicted mask, g; = ground truth mask, N = number of
samples. This loss function played a crucial role in updating the model’s
weights. The goal of training was to minimize this loss function.
Therefore, a low Dice loss indicated successful performance, as it indi-
cated minimal discrepancy between the predicted mask and the ground
truth mask.

2.5. Evaluating the deep learning model

The performance of the trained DL models was evaluated using five-
fold cross-validation. Intersection over Union (IoU) in Equation (3) was
used as the evaluation metric, with a tunable threshold value. The
threshold value represented the confidence score of the DL models for
each pixel. When the pixel value exceeded or equaled the threshold, it
was set to 1, and vice versa. Five different threshold values were
investigated (refer to Table 1) to evaluate the DL model’s performance.

yny

IoU =—=

= Equation 3
yuy

where IoU is the intersection over union for the masks, y is the ground

32, 16) unless specified otherwise.

truth mask and ¥ is the predicted mask.
2.6. Post-processing

The predicted masks underwent a series of post-processing functions
for further analysis. Various measurements, including radius, area,
perimeter, and complexity were computed for both the invasive and core
regions. Additionally, for single-cell analysis, the number of detached
cells, aspect ratio, and distance from the spheroid core centroid to in-
dividual cells were calculated. OpenCV functions were employed to
compute these variables.

The formula for calculating both core complexity and invasive
complexity was:

perimeter?

Complexity = Equation 4

4z« Area
The formula for calculating the single-cell aspect ratio was:

Length
Width

Aspect ratio = Equation 5

The calculated values, except for complexity, were then scaled to a
micrometers using a predetermined scaling factor. The scaling factor
was computed prior to image resizing:

1
Scaling factor = I—R Equation 6

o

where I represents the size of resized image, and Iy represents the size
of the original image.

2.7. Statistical analysis

Statistical significance was evaluated using a two-way ANOVA, fol-
lowed by Tukey-Kramer t-test for multiple comparisons. The results
were presented as means + standard deviations. The significance level
was set at P < 0.05.

3. Results

3.1. Creation and validation of DL-based models to segment the spheroid
core, invasive area, and detached single cells

Table 1 represents the results of 5-fold cross-validation for IoU at
different thresholds, focusing on the invasive area, spheroid core, and
single cell models. The number of the encoder parameters varied across
the models:19 million for EfficientNet-B4, 43 million for EfficientNet-
B6, and 66 million for EfficientNet-B7. The evidence indicates that the
outcomes remained largely unaffected by the different threshold values
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and the number of parameters, suggesting that these factors did not have
a significant impact on the results.

The highest IoU for the invasive area model was EfficientNet-B7 and
Unet++ with decoder channels of (256, 128, 128, 64, 64), resulting in
an average IoU of 0.77. Similarly, for the spheroid core model, a com-
parable performance was attained with an average IoU of 0.75 (Table 1).
For single-cell segmentation, the model employing RegNetY320 as the
encoder and FPN as the decoder achieved an IoU of 0.48, which showed
a 17.5% improvement compared to the EfficientNet-B7 and Unet++
model. Fig. 1B showcases examples of the segmented outputs from all
three models. Besides, our trained models exhibited a robust parameter
quantification across different environmental conditions (e.g., bright-
ness, noises) and variations in z-stack images, as illustrated in Supple-
mentary Fig. 1. Moreover, we conducted an evaluation of our trained
model by employing breast cancer spheroids to assess their 3D invasion
within collagen gel and interfacial invasion in melanoma cells at the
interface between collagen matrix and glass. As depicted in Supple-
mentary Fig. 2, despite variations in environmental conditions and
spheroid size, the central region of the spheroids and the areas dis-
playing invasive behavior consistently demonstrated remarkable per-
formance across the majority of the experimental conditions. Our model
displayed exceptional precision in accurately extracting both the
spheroid core and the invasive regions. Furthermore, it successfully
captured the behavior of individual cells involved in both 3D and
interfacial invasions of melanoma spheroids. These results suggest the
robustness of our pipeline in correctly segmenting regions of interest,
making it valuable for cell morphology studies across various spheroid
conditions.
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3.2. Analysis of the invasive behavior exhibited by spheroids at interfaces
of different stiffnesses using the trained models

Fig. 2A represents the distinct types of segmentation models utilized
to automatically demarcate the contour-based boundary and coverage
radius of the invasive protrusions and core region of the spheroids
cultivated at collagen matrix-glass and collagen matrix-PDMS interfaces.
As illustrated in Fig. 2B, there were no disparities in the parametric
values of the core region between Glass and PDMS (10:1) groups within
the time-lapse observation period, in terms of area, radius, perimeter,
and complexity. Compared to the PDMS (10:1) group, the spheroids
positioned above the collagen matrix-glass interface exhibited a signif-
icantly higher degree of invasive outgrowth, as evidenced by the inva-
sive area, radius, and perimeter parameters, with the difference
gradually becoming apparent starting after 8 h post-incubation
(Fig. 2C). Although both interface groups exhibited an increasing
trend in invasive complexity throughout the 24-h culture period, there
was only a marginal difference observed between the two groups during
the time frame from 16 h to 20 h post-incubation. Furthermore, the
ratios of area, radius, perimeter between the invasive protrusions and
core regions exhibited by the spheroids also demonstrated a notable
disparity between the two interface stiffness conditions (Fig. 2D), sug-
gesting that greater interface stiffness should promote tumor spheroid’s
invasiveness. In other words, the constituent cells within spheroids
located at the collagen matrix-glass interface might display a tendency
to migrate at higher velocities and travel longer distances away from
spheroid’s core compared to those within spheroids at the collagen
matrix-PDMS interface.
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Fig. 2. The quantitative results of spheroid’s invasiveness at the collagen matrix-glass and collagen matrix-PDMS interfaces (E = 69.3 GPa and 2.85 + 0.001 MPa,
separately). (A) The segmentation results of spheroids at different interface stiffness levels at Oh, 12h, and 24h post-incubation. The green line represents the contour
of invasive protrusions, the red line delineates the core region, the blue circle represents the coverage radius of invasive protrusions, and the yellow circle indicates
the coverage radius of the core region. (B) Analysis of the spheroid’s core region within 24h. (C) Analysis of spheroid’s invasive protrusions within 24h. (D) The ratios

between the invasive protrusions and core regions. The scale bar corresponds to 50 pm *P < 0.05, **P < 0.01,

P < 0.0001. (For interpretation of the references to

color in this figure legend, the reader is referred to the Web version of this article.)
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3.3. Analysis of spheroid’s invasiveness in response to distinct interfacial
adhesive strengths using the trained models

To examine the influence of interfacial adhesive strengths on a
spheroid’s invasiveness, the PDMS (10:1) substrates were separately
subjected to two distinct surface treatment agents: pluronic F127
(referred to as Pluronic) and glutaraldehyde (GA). While Pluronic in-
troduces steric repulsion into the interlayer space between collagen
matrix and PDMS substrate, GA generates chemical cross-links within
this interface region. Additionally, an uncoated PDMS substrate,
referred to as the “No coating” condition, was utilized as the control,
allowing for the electrostatic interaction with the collagen matrix. As
depicted in Fig. 3A, the developed DL-based segmentation models were
employed to accurately delineate the invasive area, core area, invasive
radius, and core radius of the spheroids positioned at collagen matrix-
PDMS interfaces with varying levels of interfacial strengths. Basically,
the segmentation boundaries were shown to steadily enlarged over time
(Oh, 12h, and 24h). In terms of the area, radius, perimeter, and
complexity parameters, there were no observable differences in the core
region of spheroids among the above-mentioned three groups (Fig. 3B).
However, the area, radius, and perimeter of invasive protrusions from
spheroids in the “Pluronic” group were significantly larger than those in
the “No coating” and “GA” groups in that order (Fig. 3C); this difference
progressively became overt after 8h of culture. When considering the
invasive complexity of spheroids, the value in the “Pluronic” group also
appeared to exhibit a notable increase compared to the other two
groups, with this divergence becoming evident exclusively once 20h had
elapsed in the incubation process. The distribution patterns of the ratios
of area, radius, perimeter, and complexity between the invasive pro-
trusions and core regions observed in the spheroids, as depicted in
Fig. 3D, were akin to those illustrated in Fig. 3C. These results indicate
that modifications in spacing, achieved by adjusting the adhesive
strength between the collagen matrix and PDMS substrate, impact the
invasive behaviors of spheroids located within interfacial
microenvironments.

3.4. Characterization of single-cell motility in relation to different
substrate stiffness

We further developed the single-cell model and employed it to track
the movement of individual cells upon detachment from spheroids at
interfaces with varying stiffness levels. As depicted in Fig. 4A, the model
respectively demarcated the contour-based boundary and coverage
radius of the cells distributed around the spheroids located on glass and
PDMS substrate surfaces at Oh, 12h, and 24h post-incubation. Regarding
the level of single-cell detachment, we did not observe any significant
difference between the two stiffness groups prior to 12 h; however,
interface stiffness enabled enhancement of this phenomenon as the
disparity progressively became noticeable, with a profound statistical
significance at 24h post-incubation (Fig. 4B). Moreover, the measure-
ment of aspect ratio possessed by detached cells revealed that substrate
stiffness at the interface also implemented an influence on the
morphological appearance of cells, causing them to elongate (Fig. 4C).
In light of the spacing between the detached cells and spheroid center, it
was observed that the glass substrate, which had higher stiffness
compared to the PDMS substrate, resulted in an increment in the average
distance (Fig. 4D). Taken together, these results suggest that the de-
tached cells at stiffer interfaces are more likely to exhibit a greater
migratory speed and adopt a mesenchymal-like mode of movement.

3.5. Characterization of single cell motility in relation to distinct
interfacial adhesive strengths

Fig. 5A illustrates the utilization of the single-cell segmentation
model to delineate the cells detached from spheroids at the interfaces
with varying interfacial adhesive strengths at Oh, 12h and 24h post-
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culture. Despite observing an upward trend in cell detachment across
all three groups over the time-lapse period, the Pluronic-coated PDMS
substrate demonstrated the strongest effect in promoting this pheno-
typic behavior, followed by the uncoated and GA-coated PDMS sub-
strates, respectively (Fig. 5B). With respect to the morphological
characteristics, the cells detached and migrating over both of the un-
coated and PDMS substrates tended to display a rounded shape, with an
aspect ratio close to 1. On the flip side, the cells dislodged from spher-
oids present in the “Pluronic” group had a pronounced propensity to
assume an elongated morphology (Fig. 5C) and migrate farther away
from their central location (Fig. 5D). Overall, these findings indicate that
a higher adhesive strength between the matrix and substrate corre-
sponds to reduced cell detachment. Additionally, this adhesive interac-
tion also physically hinder the migration of detached cells, resulting in
an amoeboid-like movement.

4. Discussion

Both individual and collective cell migration modes play pivotal
roles in the progression of many diseases, notably cancer metastasis
[53-56]. Exploring the mechanisms behind migratory and invasive be-
haviors of cancer cells is critical for identifying strategies to counteract
metastasis. While the image-based spheroid invasion assay provides
many advantages for investigating cancer cell metastasis under in vitro
conditions [57,58], the concurrent image processing and analysis during
the assay period still present notable challenges. Due to the extensive
number of time-lapse brightfield DIC images, the manual processing and
analysis of these images is a time-intensive task. In addition, the unclear
differentiation between cell-cell boundaries and/or cell-ECM contacts
makes it difficult to separately delineate the cells even through the
assistance of electronic drawing boards or by means of manual seg-
mentation tools [19]. By automatically learning and extracting relevant
features from image data, DL-based models have the potential to
improve the accuracy of semantic segmentation, thus eliminating the
need for manual annotation and enabling efficient production of
analytical outputs and predictions [59,60]. In this study, we utilized an
encoder-decoder architecture to develop a DL-based image segmenta-
tion pipeline, which allowed us to effectively analyze time-lapse imag-
ing data and characterize the invasive and migratory behaviors
demonstrated by assorted cancer cell types (i.e., breast cancer and
melanoma) under diverse conditions, without any human involvement.
The inferences drawn from post-processing and analysis of the image
data, facilitated by the developed DL-based automated segmentation
models, align with those obtained via manual analysis in our previous
report [45]. Specifically, elevated interface stiffness and diminished
interfacial adhesive strength can boost the invasiveness of tumor
spheroids. Furthermore, these models also showcase their effectiveness
in accurately and reliably segmenting spheroids and individual cells
within a 3D context, even in the presence of environmental interferences
(see Supplementary Figs. 1 and 2). Taken together, the validity and
robustness of our proposed DL-based models for spheroid and single-cell
segmentation (see Fig. 1) have been confirmed through a series of
comprehensive assessments conducted in this research.

Former studies have successfully used a combination of DL and
image processing algorithms to achieve cell segmentation from DIC
microscopic images, with average IoU values ranging from 0.85 to 0.9
[61-63]. However, the majority of these algorithms were specifically
developed for segmenting round-shaped cells, resulting in contour seg-
ments characterized by smooth boundaries. In this study, the outgrowth
of spheroids gave rise to formation of structures exhibiting an irregular
morphology (Fig. 1B), which appeared as fine-grained objects in DIC
images, thus posing greater challenges in terms of image segmentation.
It is noteworthy that our proposed DL-based segmentation models for
the invasive protrusions and core region of spheroids yielded satisfac-
tory IoU results of 0.77 and 0.75, respectively. As a matter of fact,
compared to the extensive datasets commonly found in computer vision
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Fig. 3. The quantitative results of the invasiveness exhibited by spheroids grown above plain and GA- and Pluronic-modified PDMS substrates. (A) The segmentation
results of spheroids in response to different interfacial adhesive strengths at Oh, 12h, and 24h post-incubation. The green line represents the contour of invasive
protrusions, the red line delineates the core region, the blue circle represents the coverage radius of invasive protrusions, and the yellow circle indicates the coverage
radius of the core region. (B) Analysis of the spheroid’s core region within 24h. (C) Analysis of spheroid’s invasive protrusions within 24h. (D) The ratios between the
invasive protrusions and core regions. The scale bar corresponds to 50 pm *P < 0.05, **P < 0.01, ****P < 0.0001. (For interpretation of the references to color in this

figure legend, the reader is referred to the Web version of this article.)
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Fig. 4. The quantitative results of utilizing the trained single-cell model to characterize the migratory behavior exhibited by detached cells above glass or PDMS
substrates. (A) The segmentation results of detached cells in response to different substrate stiffness at Oh, 12h, and 24h post-incubation. The cyan line indicates the
contour-based boundary of a single cell, while the purple circle demarcates its coverage radius. (B) The dynamics of cell detachment from spheroids under two
stiffness conditions over a 24-h period. (C) The aspect ratio of cells detached from spheroids under two stiffness conditions at 12 and 24h post-incubation. (D) The
spacing between the detached cells and spheroid center in relation to varying interface stiffness at 24h post-incubation. The scale bar represents 50 pm *P < 0.05,

%P < 0.001, ****P < 0.0001. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

domains (e.g., ImageNet) [64] that typically comprise millions of im-
ages, our study encountered the constraint of utilizing a considerably
smaller training dataset consisting of merely 400 spheroid images for a
DL segmentation task. However, despite this limitation, our model still
demonstrated impressive performance with an IoU score of 0.77. The
success in this regard could be credited to the proficient utilization of
well-established standard data augmentation and transfer learning
techniques. On the one hand, the implementation of data augmentation
techniques, such as flipping, rotating, and random adjustments of image
brightness, served to increase the variability of the training dataset,
thereby bolstering the performance of the DL model. On the other hand,
to leverage the benefits of pre-existing knowledge, transfer learning was
applied in this study by employing well-known pre-trained DL models,
namely EfficientNet, Unet++, RegNetY320, and FPN. These models
were initially trained on large datasets, enabling them to acquire valu-
able insights into low-level features such as edges and circles. Our se-
lection to use EfficientNet and RegNet-Y 320 as the encoders for our
model was driven by their remarkable performance on the ImageNet
benchmark. In our assessment, both EfficientNet-B7 and RegNet-Y320
exhibited superior accuracies compared to ResNet [65].
EfficientNet-B7 achieved an exceptional score of 86.83, while
RegNet-Y320 obtained a commendable score of 80.80. Through
continued training with our specific datasets, the model acquired the
capacity to effectively identify and understand the distinctive features

possessed by the spheroids.

Given that our model architecture comprises of only an encoder and
decoder, it can be easily modified for performance enhancement if the
suggested combination of EfficientNet and Unet++ does not yield
satisfactory results. Modifications can be made based on the code
available at [https://github.com/qubvel/segmentation_models.pytorch
]. In contrast to previous works [61,62] that employed a combination
of DL and watershed algorithms to perform semi-automatic segmenta-
tion, our pipeline distinguishes itself as a completely automated seg-
mentation solution. While the Watershed algorithm has been proposed
as a simpler alternative for spheroid segmentation, it relies heavily on
precise determination of the region of interest (ROI) center as a marker
for boundary detection, making it prone to over-segmentation when the
ROI center is inaccurate [66]. In addition, the generic algorithm for
spheroid segmentation requires fewer data and resources for training,
but it necessitates various configurations to accommodate changes in
the nature of spheroid images [67]. In comparison, our proposed pipe-
line for spheroid segmentation offers a straightforward, adaptable and
efficient solution that eliminates the demand for customized configu-
rations when dealing with images captured under varying conditions.

However, it is important to acknowledge that the current limitation
of this pipeline lies in the manual annotation requirement, which can be
a time-consuming process. In recent advancements, Self-Supervised
Learning (SSL) models have emerged as a promising approach to
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circumvent the manual annotation issue in DL tasks [68,69]. SSL models
have the capability to learn from the data itself without the need for
explicit annotations, and they have demonstrated comparable perfor-
mance to other DL models. In the future, it would be worthwhile to
explore the feasibility of SSL models in the context of spheroid seg-
mentation tasks.

The majority of researches have unraveled the effects of surface
stiffness and matrix-surface adhesive strength on cell migration in
traditional monolayer cultures [70-73]. In this manuscript, we
employed our DL-based automated segmentation pipeline to perform
post-processing and analysis of image datasets that were previously
manually segmented in our previous study [45], These datasets were
used to investigate the impact of interface stiffness and interfacial ad-
hesive strength on invasiveness of tumor spheroids. Our automated
platform outperforms the manual approach in terms of efficiency, as it
effectively reduces the time required for data processing and analysis.
On the one hand, it offers a wealth of quantitative metrics, including
area, radius, perimeter, and complexity, which greatly contribute to the
comprehensive characterization of spheroid invasiveness throughout
the duration of the time-lapse observation. On the other hand, it can
delineate single motile cells detached from the observed spheroids, and
automatically calculate their aspect ratio and migratory distance. Even
so, both segmentation measures yielded comparable conclusions
regarding enhancement of spheroid invasiveness and single-cell migra-
tion in interfacial microenvironments with higher mechanical stiffness
and weaker matrix-surface adhesive strength. It merits emphasizing that
we have introduced the term “diepafitaxis” to put forth a plausible
mechanism that elucidates the distinct interface-mediated tropism
observed in tumor spheroids situated at matrix-surface boundaries [45].
Despite the hypothetical explanation provided for this “tropistic
behavior”, we previously asserted that the stiffness and topographic

features of the interface play crucial roles in determining the spreading
dynamics of tumor spheroids. Based on the results illustrated in Fig. 2,
the spheroids exhibited a significantly higher invasive capacity, as evi-
denced by the indicated parameters, when being situated above glass
substrate, which possess a considerably greater Young’s modulus in
comparison to PDMS. Likewise, migratory cells showed much greater
detachment from spheroids located on stiffer glass substrates, resulting
in increased speed and distance of movement. Moreover, they tended to
display a larger aspect ratio (i.e., mesenchymal morphology) compared
to those positioned on softer PDMS substrates (Fig. 4). From the view-
point of geographic features, the levels of matrix-substrate interactions
arising from different substrate surface modifications also had consid-
erable impacts on spheroid outgrowth, single-cell detachment, and
migration speed and morphology of the detached single cells (Fig. 5).
Collectively, these results suggest that tissue-tissue boundaries charac-
terized by greater stiffness and weaker interactions might play a sig-
nificant role in promoting cancer invasion and metastasis.

Advances in development of DL-based algorithms from artificial
neural networks display excellent prospects in mining intricate biolog-
ical and physiological data to extract features and identify patterns [74].
The utilization of DL-based image segmentation has gained significant
popularity in clinical settings for the analysis of medical images,
including magnetic resonance imaging (MRI), radiography, X-rays, to-
mography and ultrasound, mammography. This approach plays a
crucial in the diagnosis and treatment of cancer and other diseases
[75-80]. As mentioned above, metastasis is the leading cause of
cancer-related mortality. In the course of metastasis, cancer cells
frequently traverse complex tissue microenvironments, where they
encounter diverse ECM microstructures at various interfaces. To
circumvent metastasis, it is crucial to enhance our comprehension of
how mechanical properties affect interfacial cancer cell invasion. DIC
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microscopy provides a facile way for time-lapse observation of cancer
cell-microenvironment interactions in a non-destructive and
fluorescence-free manner. By leveraging its advantages, we can gain
valuable insights into the dynamic interplay between cancer cells and
their surrounding microenvironment, shedding light on potential stra-
tegies to inhibit their invasive behavior. However, researchers still face
significant challenges in post-invasion image analysis. In this paper, we
suggest employing DL encoder-decoder models to discern the effects of
different interfacial influences on spheroid invasion dynamics. In com-
parison to the prior assessment conducted by Nakhjavani et al. [81], our
DL-based automated segmentation technique can enable detection of
alterations in the invasion patterns of MDA-MB-231 breast cancer
spheroids in 2.5 D (i.e., interfacial) or 3D conditions during the early
hours of incubation. To broaden the segmentation capability for various
types of cancer, it may be necessary to expand this DL-based pipeline by
encompassing additional cell types in the future. Even so, it is worth
highlighting that our proposed framework may showcase promise for
pre-clinical utility in expediting evaluation of the metastatic behavior of
cancer cells under physiologically-relevant in vitro conditions, while its
further advancement, by incorporating with multi-drug screening plat-
forms (e.g., phenotypic response surfaces) [82,83], can also promote, in
clinical practice, identification and development of novel synergistic
personalized cocktails against cancer metastasis. What’s more, while our
DL-based automated segmentation pipeline has been developed specif-
ically for DIC microscopic images to differentiate spheroids and de-
tached single cells under interfacial conditions, its applicability can be
extended to other imaging modalities commonly used in clinical settings
(e.g., brightfield microscopy, confocal fluorescence microscopy, and
MRI, after training the models on representative data acquired from the
specific imaging modality of interest.

5. Conclusion

In conclusion, we have successfully employed a DL-based architec-
ture to develop models for segmenting time-lapse DIC images, especially
targeting the invasive protrusions and core region of spheroids as well as
detached single cells. The adoption of this innovative approach repre-
sents a paradigm shift in the efficient processing of post-invasion
spheroid images, achieving outstanding prediction accuracy while
minimizing the time investment. Through the use of the aforementioned
models, we successfully obtained detailed insights into the interfacial
invasive and migratory behaviors displayed by breast cancer and mel-
anoma cells. Notably, these analyses were carried out in an entirely
automated manner, eliminating any requirement for human involve-
ment. The findings presented in this manuscript were consistent with the
conclusions drawn through manual assessments in our prior report. This
consistent agreement reaffirms the reliability and effectiveness of our
developed models in accurately capturing and quantifying essential
image features. Moreover, it emphasizes the promising potential of DL-
based approaches as valuable tools for image analysis in the field of
tumor research.
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