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Profiling extracellular matrix-
driven heterogeneity of single cell
migration and morphology

Euichul Shin*, Jihun Han%*, Ara Jung?, Jahangir Khan?, lanY. Wong®? & Bomi Gweon'**

Cell migration and morphology are fundamental to various biological processes, including tissue
development, wound healing, and cancer progression. In this study, we investigated the migration
and morphological characteristics of HeLa cells cultured on different extracellular matrix (ECM)
components—laminin (Ln), collagen 1 (Col1), and collagen 3 (Col3)—using machine learning-based
image analysis. Cells on Ln exhibited significantly higher motility, increased turning angles, and
reduced directional persistence compared to those on Coll and Col3. Morphologically, these cells
showed larger areas and higher solidity, suggesting a distinct attachment pattern compared to those
on collagens. In addition, principal component analysis (PCA) effectively classified cells based on
motility parameters, with cells on Ln forming a clearly separate cluster in PCA space. Further biological
assays demonstrated that cells on Ln exhibited increased cell-cell interactions and smaller but more
numerous focal adhesions, indicating that Ln promotes enhanced migratory plasticity and intercellular
interactions. These biological factors were identified as key contributors to the distinctions observed

in PCA classification. This study highlights the differential effects of ECM components on cellular
behavior and demonstrates the value of integrating machine learning-based quantitative analysis with
biological interpretation to advance our understanding of cell-microenvironment interactions.
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Cellular properties, such as morphology and migration, are vital for understanding cellular physiology'~’.
These properties reflect fundamental cellular processes, including adhesion, proliferation, and differentiation,
as well as are involved in various complex events such as embryonic development, wound healing, and cancer
progression!~!!. In cancer pathophysiology, for example, changes in cell morphology and migration are closely
associated to epithelial-to-mesenchymal transition (EMT), a critical process that facilitates invasion and
metastasis'?~!8. Similarly, cell migration is indispensable for tissue formation during development and wound
repair. Given their significance, various techniques have been developed to investigate cellular behavior through
the analysis of morphology and migration.

Many classical image analysis methods are based on image thresholding to detect and segment cells from
the background!®-?2. One of the pioneering approaches was introduced by Prewitt et al., who developed
early computational methods for segmenting cell nuclei from images!°. Since then, techniques such as Otsu’s
method, iterative thresholding, and adaptive thresholding have been widely used to determine optimal intensity
thresholds for segmentation?!~2°. These methods numerically detect cell or nuclear edges based on intensity
profiles and have been applied to images acquired through various modalities, including fluorescence, bright-
field, and phase-contrast microscopy?*?°-?°. They enable quantitative analysis of cellular morphology and
facilitate automated assessments of cell migration. For example, these approaches have been used to quantify
cell shape and alignment within cellular monolayers?”-?%, track melanocyte migration under the influence of
cell division®’, and automate cell tracking for drug testing®!*2. While these thresholding-based techniques have
significantly advanced cell segmentation and tracking, they have inherent limitations in capturing the complexity
and dynamic nature of cellular behaviors. They often struggle with variable cell shapes, overlapping structures,
and inconsistencies in image intensity profiles due to variations in illumination, contrast, and various optical
properties.

Recent advancements in artificial intelligence (AI) have greatly enhanced cell image analysis methodologies.
Machine learning and deep learning approaches have addressed challenges related to segmentation variability
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and improved the accuracy of automated quantification. These Al-based techniques enable accurate, high-
throughput analyses of cellular morphology and classification. For instance, convolutional neural networks
(CNNs) were employed to automatically identify cell types and classify thousands of cells in a label-free
manner®?, as well as to track cell cycle progression in phase-contrast images*. In addition, deep learning-based
semantic segmentation models incorporating CNN have been developed to identify differentiated cells by
predicting smooth muscle actin formation in fibroblasts®. AI has also demonstrated great potential in tracking
migration and analyzing dynamic cellular behaviors. Kesapragada et al. employed a machine learning method
to classify macrophage subtypes by integrating motility patterns with morphological features, demonstrating
the feasibility of Al-based methods in distinguishing functional cell states*®. These approaches have also been
applied to predict cancer cell migration, as demonstrated by Garcia-Moreno et al., who employed deep learning
to model the dynamics of breast cancer cell migration®”.

As such, with the Al-based image analysis, high-throughput data processing has become feasible, which
has facilitated large-scale data collection and improved the ability to analyze heterogeneous populations. These
advances have supported the capture of subtle variations in cell behavior, particularly when combined with
robust statistical analyses. Notably, integrating Al-assisted cell detection and tracking with statistical approaches
such as principal component analysis (PCA), and uniform manifold approximation and projection (UMAP) has
demonstrated a synergistic effect in uncovering underlying features and distinguishing subtle differences among
heterogeneous cell populations®®~*!. These statistical models have been particularly effective in capturing high-
dimensional morphological and motility data, aiding in more precise classification of cell states. For instance,
PCA has been applied to classify cells undergoing EMT based on morphodynamic phenotypes, demonstrating
its potential in identifying morphological changes linked to metastatic behavior®. Alizadeh et al. utilized PCA
to quantify morphological metrics in breast cancer and osteosarcoma cell lines and achieved high accuracy in
distinguishing metastatic cells from non-cancerous cells**. In addition, Kang et al. integrated PCA with deep
learning to analyze cancer-associated fibroblasts (CAFs) and demonstrated that morphodynamic and motile
features can effectively classify heterogeneous CAF phenotypes?!.

Expanding on these statistical approaches, recent advancements in deep-learning-based representation
learning have introduced powerful alternatives for lower-dimensional feature extraction. These include GMVAE,
TS2Vec?*3, and other unsupervised deep clustering or self-supervised frameworks such as VaDE, DEC, and
Barlow Twins*%, These methods learn nonlinear transformation of the data that can enhance separability by
jointly optimizing latent cluster structures (GMVAE, VaDE, DEC) or by enforcing invariance across augmented
views or temporal contexts (Barlow Twins, TS2Vec)?2-1°. However, such approaches generally require substantial
training data, careful hyperparameter tuning, and may produce inconsistent or non-reproducible results due to
the stochastic nature of deep neural network optimization. Most importantly, the resulting latent representations
are typically difficult to interpret biologically, as the learned nonlinear manifolds do not map transparently
onto morphological or migratory variables. In contrast, the PCA-based approach used in this study provides
transparent, reproducible, and direct interpretable axes of variations that can be directly related to underlying
morphological and migration features, which is essential for mechanical insight.

Despite the power of unsupervised classification methods like PCA and UMAP in identifying clusters and
classifying heterogeneous cell populations, these methods do not inherently reveal the underlying biological
factors responsible for such distinctions. Therefore, the biological rationale behind clustering and classification
remains challenging to interpret solely through statistical models. In this study, we investigated the impact of
different extracellular matrix (ECM) environments—laminin (Ln), collagen 1 (Coll), and collagen 3 (Col3)—
on HelLa cell migration and morphology. As different ECM proteins provide different physical and chemical
cues, cells on different ECM proteins behave differently?”. Our results demonstrated that cells on Ln exhibited
significantly higher motility, increased turning angles, and reduced directional persistence, indicating an
exploratory migration pattern. In contrast, cells on Coll and Col3 demonstrated more directed migration with
greater net displacement. Morphologically, cells on Ln showed larger areas and higher solidity, while those on
Coll and Col3 displayed more elongated shapes.

To systematically classify these differences, we applied PCA and effectively distinguished cells based on
their motility characteristics. Analysis of PCA loadings identified key migration parameters—including
turning angle, pause time, and displacement—as primary contributors to the differences between cells on Ln
and collagens. Additionally, immunofluorescence imaging and cell-cell interaction analyses revealed distinct
behavioral patterns among these groups. Building on these observations, we integrated PCA with biological
phenotype analysis, including cytoskeletal and focal adhesion organization, to establish a systematic approach for
classifying cell populations while uncovering the biological factors driving these distinctions. This methodology
offers a framework for extracting meaningful biological insights from Al-assisted classification, addressing a key
challenge in data-driven cellular analysis. Expanding this framework to models with defined pathophysiological
characteristics could further enhance our understanding of cellular heterogeneity in disease, and therapeutic
responses.

Results

Characteristics of migration on different ECMs

To investigate cellular migration and morphology across different ECMs—Ln, Coll, and Col3—we used HeLa
cells. Given that ECM components play a crucial role in regulating cell adhesion, migration, and morphology,
we anticipated that modifying the ECM would provide a straightforward yet effective way to influence these
characteristics?”. Cells were seeded on ECM-coated dishes and imaged for 12 h using a microscope equipped
with an incubator. Cell detection and tracking in the time-lapse images were performed using YOLOv7 and the
SORT algorithm. Detailed methodology is provided in the “Materials and methods” Section.
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Figure 1 shows an analysis of cell migration trajectories and motility parameters on Ln, Coll, and Col3.
Figure 1A displays representative migration trajectories, where cells on Ln appear to migrate within a more
confined area compared to those on Coll and Col3. To quantitatively evaluate migration dynamics, key
parameters such as total migration distance, displacement, directness, turning angle, velocity variability, and
minimum enclosing circle diameter (MEC) diameter were extracted from the trajectories (Fig. 1B-L). Schematic
illustrations of these migration-associated parameters and turning angle calculations, along with their detailed
definitions and numerical values, are provided in Supplementary Fig. S1, Tables S1, and S2.
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Fig. 1. Quantitative analysis of HeLa cell migration dynamics on Laminin (Ln) and Collagen (Coll, Col3)
substrates. (A) Representative trajectories of HeLa cells migrating on Ln, Coll, and Col3-coated surfaces
(n=54 cells randomly selected per group). (B-L) Violin plots illustrating the distributions of 11 migration-
associated parameters. Data were pooled from three independent experiments (Total cells analyzed: Ln,
n=1,960; Coll, n=1,602; Col3, n=1,680). Significant differences are marked by *P<0.05, **P<0.01, and
***P<0.001, whereas n.s. represents non-significant results.
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Contrary to the initial visual impression from the trajectories, Fig. 1B shows that cells on Ln exhibited
significantly greater motility, with a total migration distance of 493.84 +121.3 um, which is approximately 14%
and 15% greater than the distances on Coll (430.38+107.64 um) and Col3 (428.58 +106.35 um), respectively.
However, as shown in Fig. 1C, the net displacement of cells on Ln was markedly lower than on Coll and Col3.
This discrepancy suggests that cells on Ln exhibited less directional migration, and this trend was corroborated
by the significantly reduced directness observed in Fig. 1D. Turning angle and mean squared displacement
(MSD) analysis further supports these findings. Cells on Ln exhibited an increased mean turning angle of
86.1+12.6°, compared to 69.0+14.7° on Coll and 70+ 13.7° on Col3 (Fig. 1E). The higher turning angle reflects
more frequent directional changes, as visualized in rose plots (Supplementary Fig. S2A). These trends were
also evident in the MSD analysis, where the computed slope was 0.91 for cells on Ln, indicating sub-diffusive
migration, compared to 1.17 and 1.22 for Coll and Col3, respectively (Supplementary Fig. S2B).

Additionally, the maximum distance traveled from the initial position (i.e., maximum displacement, Fig. 1F)
was shortest for cells on Ln, reflecting their constrained migratory behavior. Cells on Ln exhibited the shortest
pause time and the smallest speed variability. Additionally, their peak velocity, defined as the highest speed
reached by each cell during the observation period, was the lowest among the three conditions, consistent with
a relatively moderate but stable migration pattern (Fig. 1G and H, and 1I). Consistent with these observations,
cells on Ln exhibited the lowest persistence time (Fig. 1), MEC diameter (Fig. 1K), and path persistence (Fig. 1L)
compared to those on Coll and Col3. These results reinforce that cells on Ln undergo frequent directional
changes and occupy a smaller spatial region during migration. Interestingly, while significant migratory
differences were observed between cells on Ln and those on Coll and Col3, the differences between Coll and
Col3 were minimal overall. Although the turning angle and maximum displacement differences between Col 1
and Col 3 were statistically significant, these differences were minor and did not substantially alter the overall
similarity in their migratory behaviors. Thus, the migratory characteristics of cells on Col 1 and Col 3 remained
largely comparable, yet distinct from those on Ln.

Characteristics of morphology on different ECMs

From the same time-lapse images used in the migration analysis, cellular morphology was assessed at the 12-
hour time point, corresponding to the final frame of the time-lapse sequence. Cell segmentation was performed
using the Cellpose 2.0 algorithm (cellpose.org), which was customized for enhanced accuracy by training with a
dataset of 362 manually annotated phase-contrast images of HeLa cells obtained from independent experiments.
A detailed description of the Cellpose 2.0-based segmentation methodology is provided in the “Materials and
methods” Section. The segmented cell boundaries are shown in Fig. 2C, corresponding to the phase-contrast
images in Fig. 2B. As shown in Fig. 2A, cells on Ln exhibited a more spread-out morphology with broader
attachment to the surface, resulting in larger, less elongated shapes compared to cells on Coll and Col3. To
quantitatively evaluate these morphological differences, parameters including cell area, perimeter, solidity, and
aspect ratio were extracted from binary cell segmentation masks (Fig. 2D-G).

As can be seen in Fig. 2D, cells on Ln had the largest area (2194.9+989.2 um?), significantly greater by
approximately 22% and 28% than those on Coll (1721.5+954.9 um?®) and Col3 (1754.0+£979.3 um?),
respectively. Similarly, the perimeter of cells on Ln (247.1+77.3 um) was greater by 8% and 6% compared to
Coll (228.7+97.3 um) and Col3 (232.4+101.0 pm), respectively (Fig. 2E). In addition, solidity was highest
in cells on Ln. The solidity of cells on Ln (0.72) was approximately 3% higher than that of cells on Coll (0.70)
and Col3 (0.70) (Fig. 2F). Figure 2G demonstrates that cells on Ln had the lowest aspect ratio, indicating a less
elongated morphology. While the differences in both solidity and aspect ratio were relatively small, the large
sample size—approximately 1600 cells per experimental group—provided robust statistical power to confirm
these differences as significant. Overall, these results suggest a meaningful relationship between substrate
type and cell morphology. Furthermore, these quantitative findings are consistent with the morphological
observations in Fig. 2A, where cells on Ln appear larger and less elongated compared to those on Coll and Col3.

PCA of migration and morphology parameters

The results demonstrate significant differences in migration and morphology parameters among the experimental
groups, particularly between Ln and collagens (Coll and Col3). Cells on Ln exhibit fast yet sub-diffusive
migration and larger spreading areas with a more rounded morphology, which distinguish them from cells on
Colland Col3. These observations motivated us to employ an integrative method to classify the experimental
groups by utilizing 18 distinct parameters representing migration and morphology.

To analyze these 18-dimensional features of migration and morphology across three groups, we applied
Principal Component Analysis (PCA), a dimensionality reduction method that projects high-dimensional
data into a lower-dimensional space defined by principal components (PCs). PCA identifies the directions of
maximum variance within the data. The first two components, PC1 and PC2, accounted for 27.95% and 22.68%
of the total variance, respectively (Fig. 3A). Feature weightings (Fig. 3B) revealed that PCI is primarily influenced
by morphological traits such as circularity, solidity, perimeter, and complexity, while PC2 is dominated by
migration features, including tortuosity, turning angle, and maximum distance. These contributions are further
visualized in the correlation biplot (Fig. S3).

Figure 3C shows the distribution of data in pairs of PCs, with covariance ellipses for each group drawn at a
standard deviation of 2. Covariance ellipses represent the region where approximately 95% of the data points
are expected to lie, based on the spread and orientation of the data in the PC space. In the PC1-PC2 space, Ln
exhibited a distribution that overlapped substantially with collagens along the PC1 axis but was notably distinct
along the PC2 axis (Fig. 3C). This positioning suggests that Ln shares characteristics with the collagens in terms
of PCI1 (morphology) while being distinct in PC2, with motion patterns characterized by higher tortuosity and
turning behavior.
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Fig. 2. Morphological changes in HeLa cells. (A) Phase-contrast images of HeLa cells on different ECM
proteins with dotted boxes indicating magnified regions. Scale bar, 50 um. (B) Magnified views of cells showing
detailed morphology. Scale bar, 50 pm. (C) Segmentation of HeLa cells detected using Cellpose, trained on 362
manually annotated HeLa cell images. (D-G) Violin plots illustrate key morphological characteristics of cells.
Total cell numbers analyzed were 1,957 cells for Ln, 1,601 cells for Coll, and 1,680 cells for Col3, obtained from
three independent experiments.
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Fig. 3. Embedding of 18 combined migration and morphology features into a 4-dimensional principal
component (PC) space. (A) Variance explained by each of the first four PCs, illustrating their contributions

to the total variability. (B) Feature weightings for each PC, representing the contributions of the 18 migration
and morphology features. (C) Two-dimensional projections of the data onto each pair of PCs, visualized

with covariance ellipses to indicate group distributions (red: Ln, green: Coll, blue: Col3). Total cell numbers
analyzed were 1,957 cells for Ln, 1,601 cells for Coll, and 1,680 cells for Col3, obtained from three independent
experiments.

Separate PCA of each of migration and morphology parameters

Given that Ln was more distinct from collagens along the PC2 axis in the previous analysis, we hypothesized
that migration features, which dominate PC2, contribute more significantly to differentiating Ln from Coll and
Col3. To explore this hypothesis, we analyzed migration, and morphology features separately in the principal
component space, as illustrated in Fig. S4. In both cases, Coll and Col3 exhibit similar distributions that are
broader, and more variable compared to Ln. For morphology features (Fig. S4A), Ln’s distribution is almost
entirely contained within that of the collagens, indicating that Ln shares a subset of morphological characteristics
with Coll and Col3. In contrast, for migration features, Ln’s distribution is more distinct from the collagens. Ln
clearly separates from Coll and Col3 in the PC1-PC2 space (top left panel of Fig. S4B or Fig. 4C), with similarly
sized covariance ellipses and collagens and Ln’s centroids are positioned in the second and fourth quadrants,
respectively, suggesting distinct migration patterns.

Figure 4 provides details of the PCA results for migration features. Figure 4A illustrates the variance
explained by the first four principal components, with PC1 and PC2 accounting for 38.16% and 16.49% of the
total variance, respectively, capturing a substantial portion of the migration data variability. Figure 4B shows
the weightings of individual features, indicating their contributions to each principal component. Figure 4C
visualizes the data projection in the PC1-PC2 space.

PCl1 distinguishes between features such as displacement, maximum distance, and directness, which
correspond to lower PC1 values, and turning angle and tortuosity, which are associated with higher PC1 values.
Thus, cells with higher PC1 values can be considered to exhibit more curved, tortuous movement patterns,
while those with lower PCI values can be considered to demonstrate linear, longer-distance motion. PC2
captures variations where lower PC2 values are linked to greater total distance traveled, and higher PC2 values
correspond to increased pause time, directness, and variability in velocity. Therefore, movements with higher
PC2 values can be considered to involve frequent pausing and variable speeds, while lower values reflect more
continuous and uniform motion.
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Fig. 4. PCA for migration features. (A) Variance explained by each of the first four PCs, representing their
contributions to the total variability. (B) Feature weightings for each PC, highlighting the contributions of the
11 migration features. (C) Projections on PC1-PC2 space.

In the PC1-PC2 space, Coll and Col3 are predominantly located in the second quadrant (low PC1, high PC2),
indicating shorter distances, frequent pausing, and variable speeds, characteristic of confined or intermittent
motion. Ln, in contrast, is primarily found in the fourth quadrant (high PC1 and low PC2), reflecting movements
with greater tortuosity and frequent turning but reduced overall distances traveled. These distinctions reveal the
behavioral differences captured by the PCA and are consistent with our earlier findings: cells on Ln exhibit
exploratory migration with increased turning angles and reduced directional persistence, while cells on Coll
and Col3 display more directed movement. To further accentuate these divergent characteristics, we focused
on representative subsets within the PCA space, which yielded a more distinct separation of migration profiles
between the groups (Figs. S5 and S6).

Validation of PCA as a classifying method between cells on different ECMs

We applied kernel density estimation (KDE), a non-parametric technique, to estimate the probability density
of each group. This approach provides a more detailed understanding of the data distribution beyond what
is captured by covariance ellipses. Figure 5 presents the KDE results, showing the separation between Ln and
collagens. In addition, the peak densities distinctly located in the second and fourth quadrants, consistent with
the distributions observed through covariance ellipses in the PCA plot. This consistency reinforces the validity
of our approach using covariance ellipses to capture group separation in the PCA space.

To further validate the KDE results, we applied the same method to an independent dataset, depicted as
dashed lines in Fig. 5. This independent dataset was obtained under slightly different experimental conditions,
where twice as many cells (2 x 10 cells/dish) were seeded compared to the experiments earlier (1 x 10* cells/dish).
This change in cell density may have influenced the distance between cells. Despite the altered experimental
conditions, the KDE results for the independent dataset intriguingly show a similar separation between the
groups and comparable marginal distributions along PC1 and PC2, confirming the robustness and reliability of
our classification methods via PCA. This KDE results confirm the distinct characteristics of Ln and collagens in
migration and morphology, effectively revealing the underlying structure of the data.

In addition, to confirm whether the classifications identified through PCA are consistent with other
dimensionality reduction methods and to validate our findings, we applied t-distributed Stochastic Neighbor
Embedding (t-SNE). t-SNE is a nonlinear dimensionality reduction technique that focuses on preserving the
local structure of data. The data was embedded into a two-dimensional t-SNE space, as shown in Fig. S7. Unlike
PCA, which emphasizes capturing global variance, t-SNE focuses on preserving the local structure of the data,
making it particularly effective for revealing clusters and relationships at finer scales. Figure S7 shows the t-SNE
embedding for Ln and collagens, with data from PCA Regions 1 (Ln-exclusive) and 3 (collagens-exclusive)
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Fig. 5. Kernel density estimation (KDE) of migration features for each group in the PC1-PC2 space. Bold
lines depict the contour lines of the estimated densities, while dashed lines represent the contour lines from an
independent dataset. The side plots on the left and bottom show the marginal distributions along the PC2 and
PC1 axes, confirming the robustness of the estimated densities.

clearly separated. This distinct separation in t-SNE reinforces the observations from PCA, demonstrating that
the differentiation between Ln and collagens is robust across different dimensionality reduction methods.

To evaluate the versatility of our analytical framework, we extended the analysis to the non-cancerous
mammary epithelial cell line, MCF10A. While the overall response to the extracellular environment shared
similarities with HeLa cells, a notable cell-type-specific difference was observed in total distance; MCF10A cells
on Ln exhibited significantly shorter migration distances compared to those on collagens (Fig. S8). This behavior
likely reflects the inherent nature of normal epithelial cells, which tend to establish a more stable, stationary
phenotype upon contact with laminin, a key component of the basement membrane*®*°. Nevertheless, PCA
effectively captured the environmental influence, with MCF10A cells displaying distinct clusters on the PC1-
PC2 plane for Ln versus collagens (Fig. S9). These results demonstrate that our PCA-based analysis is an effective
tool for characterizing variations in cell migration patterns induced by different extracellular environments,
confirming its robustness across different cell models.

Biological phenotype underlying the distinct classification in PCA method

Based on the distinct separation observed in the PCA and t-SNE analyses, we aimed to investigate how the
differences between cells on Ln and collagens correlate with their underlying biological phenotypes. As
shown in Fig. 4, larger turning angles, longer pause times, and decreased displacement in cells on Ln were key
factors contributing to their separation from the cells on collagens in the PC1-PC2 space. Based on these, we
hypothesized that cells on Ln might exhibit a higher frequency of interactions with neighboring cells compared
to those on collagens. To test this, we analyzed cell-cell interaction behaviors by evaluating the frequency and
duration of contact during migration. Using time-lapse imaging of HeLa cells over a 12-hour period, we selected
a cell in the initial frame and manually counted the number of contacts and their durations (see supplementary
videos S1, S2, and S3). Time-lapse images were captured at 5-minute intervals, and cell-cell interactions were
categorized into two types: transient contacts and sustained contacts. Transient contacts were defined as direct
cell-cell contacts that were visible for less than one frame interval (i.e., less than 5 min). Sustained contacts were
defined as interactions lasting for more than two consecutive frames (i.e., lasting longer than 5 min).

In Fig. 6A, the number of contacts was significantly higher on Ln (8.1+4.3 contacts/cell) compared to
Coll (6.2+3.5 contacts/cell) and Col3 (6.1+2.8 contacts/cell). Transient contacts were most frequent on Ln
(1.08£1.13 contacts/cell) compared to Coll (0.88+1.24 contacts/cell) and Col3 (0.52+0.76 contacts/cell)
(Fig. 6B). Additionally, the duration of cell contacts was longest on Ln (281.8+176.5 min) compared to Coll
(183.3£131.1 min) and Col3 (251.4 £154.3 min) (Fig. 6C). While some differences between Ln and collagens
were not statistically significant, the overall trends confirmed our hypothesis: cells on Ln engaged in more cell-
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Fig. 6. Changes in the cytoskeleton, cell-cell interactions, and focal adhesions of HeLa cells under different
ECM conditions. (A) The Number of cell-cell contacts during 12 h of migration. (B) The number of

transient cell-cell contacts, defined as interactions lasting less than 5 min. (C) Duration of cell-cell contacts
during cell migration. (D) Proportion of cells in contact with neighboring cells, as determined from actin-
stained images. (E) Actin-stained images of HeLa cells. (F) Quantification of focal adhesions using paxillin
immunofluorescence staining. (G) Comparison of the number of focal adhesions per cell across different ECM
conditions. (H) Comparison of focal adhesion size across different ECM conditions. Data for (A-D) were
obtained from approximately 60 cells per group, and data for (G, H) were obtained from approximately 30 cells
per group.
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cell interactions by contacting neighboring cells more frequently and for longer durations compared to those
on collagens.

To examine the cellular structures involved in cell-cell interactions more closely, we then stained and imaged
actin stress fibers using phalloidin and focal adhesions using paxillin antibody. In Fig. 6E, cells on Ln exhibited
more protrusive filopodia at their periphery (indicated by white arrowheads), which extended toward neighboring
cells. In contrast, cells on collagens displayed fewer and shorter filopodia, with smoother boundaries compared
to those on Ln. To quantitatively correlate these filopodia structures and cell-cell interactions, we analyzed the
proportion of cells in contact with their neighbors through filopodia, based on the actin images. As can be seen
in Fig. 6D, cells on Ln exhibited a significantly higher proportion of filopodia mediated interactions compared
to the other groups. These results align well with previous results related to the cell-cell contact frequency and
duration.

Since focal adhesions (FAs) connect the actin stress fibers to the ECMs, they play a crucial role in force
transmission and are essential for cell migration®’. The characteristics of FAs are therefore closely linked to
cellular morphology and migration. To further investigate this, we analyzed the FA properties of cells across
the three different ECMs. Paxillin, a key component of FAs, was immunostained and imaged to visualize the
structures. Figure 6F presents the immunofluorescence images of paxillin and outlines the quantification
process for FAs. To quantify the number and size of FAs, we manually annotated paxillin-positive dots from
the fluorescence images using ImageJ. These annotated regions were converted into binary masks for further
analysis. As shown in Fig. 6G and H, cells on Ln (100.7 +76.8) exhibited a significantly higher number of FAs
than those on collagens (59.4 +39.7 in Coll and 54 +29.2 in Col3). However, the size of these FAs on Ln (0.5+0.2
pm?) was significantly smaller, nearly half the size of those observed on Col1 (0.8 +0.4 pm?) and Col3 (0.9+0.3
pm?).

Discussion

This study demonstrates the impact of different ECMs—Ln, Coll, and Col3—on the migration, and morphology
of HeLa cells. Using machine learning-based analyses of migration and morphology parameters, we identified
key features of cellular behavior across these ECMs. PCA effectively classified cells, particularly based on
migration characteristics, and revealed a clear distinction between cells on Ln and those on collagens. This
classification further helped uncover latent biological patterns, such as increased cell-cell interactions and the
prominence of filopodia of the cells on Ln.

While migration parameters demonstrated a clear separation between cells on Ln and collagens, the
distinction based on morphological features was more subtle. This subtle distinction may be attributed to the
limitations of phase-contrast imaging, which provides an overall view of cell morphology through refractive
index contrast with the surrounding medium but lacks the resolution to capture fine structural details such as
filopodia and lamellipodia (Fig. 6D). Incorporating additional factors into morphological analyses, such as the
temporal changes in cell morphology over time, could provide additional insights into cellular behavior. For
instance, tracking the dynamic evolution of cell morphology during migration could reveal critical features, such
as the formation and retraction of protrusions, that are closely linked to cell-cell interaction events. Previously
Kang et al. demonstrated that cancer-associated fibroblast (CAF) subsets could be effectively classified using a
multifaceted framework that combined motility, and morphodynamic metrics!. In addition, Elbez et al. also
introduced a machine learning framework utilizing morphodynamic metrics to classify cancer cells based on
time-dependent morphology®. These studies show the potential of integrating time-resolved morphological
data to reveal the plasticity of cell states and the heterogeneity within cancer populations. Building on such
strategies, incorporating morphodynamic analyses into our PCA or other classification methods could improve
group separation and provide a more comprehensive understanding of how cells interact with and adapt to
different ECM environments.

Looking ahead, the integration of advanced computer vision architectures, such as the Vision Transformer
(ViT), could serve as a crucial framework for future studies seeking to capture these complex morphodynamics®.
Recent shifts toward generalist models, including Segment Anything (SAM), microscopy-adapted variants
(e.g., micro-sam), and hybrid pipelines like Cellpose-SAM, represent a promising shift toward more robust
and promptable segmentation in bioimage analysis®*~>>. Furthermore, as transformer-based object detectors
(e.g., DETR, DINO, and RT-DETR) and video-capable frameworks (e.g., SAM 2) continue to mature, their
future application could enable the high-accuracy automated tracking of dynamic morphological transitions
that remain challenging to capture with the analytical framework employed in this study®®->°.

In a broader biological context, the increased interactions observed between cells on Ln in this study are
consistent with findings from previous research. For instance, Noel et al. demonstrated that Ln or laminin-
enriched basement membranes promote cell-cell interactions by facilitating the formation of increased cell-
cell contacts®. Furthermore, previous studies have shown that Ln enhances filopodia formation and supports
dynamic motility through interactions with the a6p4 integrin and actin stabilization®'. This adhesive interaction
between Ln and a6p4 integrin has been identified as a critical mechanism driving tumor invasion and metastasis.
Consistent with this, multiple studies have reported that Ln is upregulated in the tumor microenvironment®2-54,
A study by Fullar indicated that this upregulation could result from increased secretion by CAFs, as observed
in cervical cancers®. Elevated Ln not only augment cancer cell adhesion and motility but also stimulates matrix
metalloproteinases (MMPs) secretion®%%>, These MMPs degrade the ECM, thereby facilitating cancer cell
invasion and significantly increasing the risk of metastasis. These findings can be linked to the studies revealing
that Ln-rich microenvironments have been shown to promote epithelial-to-mesenchymal transition (EMT), a
key process in cancer progression and dissemination®3-6.

In contrast to laminin-binding integrins, collagens are primarily recognized by integrins such as al1p1, a2f1,
and al1pl, which are crucial in mediating stable cell-ECM adhesion and tension-bearing functions®’-%. In
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particular, one of the key collagen-binding integrins, a2p1 integrin, is known to be involved in focal adhesion
formation and its role in generating cellular contractility®”’°. These prior reports align well with our observations
of increased FA size and more directed migration in cells on collagens. We speculate that the distinct migratory
phenotypes observed on Coll and Col3 may be driven by the activation of collagen-specific integrins, resulting
in a more stable adhesion-migration balance compared to the dynamic, exploratory motility supported by
laminin-a6B4 interactions.

These insights provide important context for interpreting the unique FA characteristics observed in cells on
different ECM substrates. Specifically, smaller FA sizes in cells on Ln are likely associated with their enhanced
migration speed and frequent directional changes. The FAs in cells on Ln appear to remain small due to faster
turnover rates, which likely facilitate the rapid adjustments required for dynamic motility. Typically, nascent
FAs either undergo turnover or maturation, and previous studies have shown that rapid FA disassembly or
turnover is essential for efficient cell migration“‘”. In line with this, several studies also have demonstrated that
larger FAs are commonly accompanied by slower cell migration’>’>76. In our study, cells on Ln, characterized
by smaller FAs, exhibited faster migration, whereas cells on collagens, characterized by larger FAs, are shown
to have slower and more directed migration. Similarly, Meehan et al. reported that cells with larger FAs exhibits
slower and more directed migration’®. These reports support our finding in FA size and turnover in driving
adaptive migratory behaviors, especially within Ln-enriched microenvironments.

This study demonstrates the utility of a machine learning-integrated platform for analyzing cancer cell
dynamics, leveraging PCA to combine morphological and migratory parameters into a unified framework.
By effectively distinguishing cell behaviors across different extracellular matrix conditions, this method offers
a scalable and robust approach to studying complex cellular processes. The integration of high-dimensional
analysis with automated imaging and tracking techniques establishes a powerful tool for investigating cancer
cell behavior in response to microenvironmental cues. The ability of this platform to identify distinct phenotypic
patterns, such as those observed on Ln, highlights its potential for characterizing metastatic potential in cancer
cells. Beyond its current application, we believe that this methodology can be extended to drug discovery and
testing, particularly for evaluating the impact of therapeutic candidates on cell migration and adhesion dynamics.

Conclusions

In this study, we presented a versatile and quantitative platform for cell mechanics analysis, providing a robust
framework for investigating cellular heterogeneity and behavior across different microenvironmental conditions.
By integrating machine learning-based statistical analysis with biological interpretation, we provided a detailed
quantitative characterization of how ECM composition shapes cancer cell dynamics, demonstrating the
platform’s capacity to capture subtle behavioral shifts. While this methodology was applied here to simplified
ECM variations, its feasibility suggests broader applicability to more complex, physiologically relevant systems.
Moving forward, this platform could be expanded to study ECM remodeling in disease progression, tumor
metastasis, and therapeutic response. Ultimately, this work offers an effective analytical framework for advancing
our understanding of cell-microenvironment interactions, with potential for both fundamental research and
translational applications.

Materials and methods

Cell culture

HeLa cells used in this experiment were purchased from Korea Cell Line Bank. The cells were cultured in Modified
Eagle’s Medium (MEM, Welgene; #LM007-01) supplemented with 10% fetal bovine serum (FBS, Sigma; #F2442-
500 ml) and 1% antibiotic-antimycotic (genDEPOT; #CA002-010) at 37 °C in a 5% CO, environment. Cells
were maintained in 100 mm dishes and were washed with PBS and trypsinized using Trypsin-EDTA (Welgene;
#1.5010-10) every 2-3 days. Cell confluency was maintained below 80% throughout the culture period to ensure
optimal growth conditions.

Surface coating by ECM

Type | collagen (Advanced Biomatrix; #5005-B), Type 11l collagen (Advanced Biomatrix; #5021), and Laminin
(Gibco; #23017015) were coated onto confocal dishes (SPL; #101350). Each ECM solution was diluted to a
concentration of 50 pg/mL in PBS, and 465 uL was applied to the glass surface of each dish. The ECM-coated
dishes were incubated overnight at 4 °C and washed with PBS prior to cell seeding.

Live cell imaging

HeLa cells were seeded at a density of 1 x 10* cells/dish and incubated for 2 h. The dishes were then transferred
to a live-cell imaging chamber maintained at 37 °C with 5% CO, and appropriate humidity control. Imaging
was performed using a Leica DMi8 microscope (Leica, Germany) equipped with a 10x objective lens. During
each imaging session, six confocal dishes were analyzed, with approximately 15 positions per dish captured at
5-minute intervals over 12 h. This imaging procedure was repeated across three independent experiments.

Paxillin-immunofluorescence staining

HeLa cells were seeded at a density of 2x 10* cells per ECM-coated dish. After 14 h of incubation, the cells
were fixed with 3.7% paraformaldehyde (AMRESCO; #0493-500 ml) at room temperature (RT) for 15 min and
permeabilized with 0.2% Triton X-100 (Daejung; #9002-93-1) for another 15 min at RT. Blocking was performed
with 3% BSA in PBS for 1 h at RT. The primary antibody, Paxillin (GeneTex; #GTX125891), was diluted 1:1000 in
1% BSA/PBS, and 300 pL of the solution was applied to each dish for overnight incubation at 4°C. The secondary
antibody, Goat Anti-Rabbit IgG (H&L) Alexa Fluor 488 (abcam; #ab150077), was diluted 1:500 in 1% BSA/PBS
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and applied for 1 h at RT. Rhodamine phalloidin (Invitrogen; #R415) was diluted at 1:400 in PBS and applied for
30 min at RT, followed by Hoechst 33342 (Invitrogen) staining at a dilution of 1:2000 in PBS for 10 min. After
adding the mounting solution (Invitrogen; #P36980), samples were covered with glass coverslips. Between each
step, dishes were washed three times with PBS. Imaging was performed with a Leica DMi8 microscope using a
40x water immersion objective lens (Leica).

Quantitative analysis of focal adhesions

Focal adhesions were quantified from immunofluorescence images stained for paxillin”’. The analysis was
performed using Image] by manually masking focal adhesions and calculating their numbers and areas. All
focal adhesions, regardless of size or circularity, were included in the analysis. The resolution of the images used
in our analysis was 1296 x 966 pixels (346.88 um x 258.48 um), and the focal adhesion size was calculated using
a conversion factor of 0.0716 um?” per pixel.

Analysis of cell-cell contact frequency via live cell imaging

Phalloidin-stained images containing at least four cells per frame were selected for cell-cell contact analysis. The
percentage of cell-to-cell contact was calculated from the selected images, and the overall contact percentage was
averaged across all representative images. To measure contact during cell migration, additional live-cell imaging
was performed. HeLa cells were seeded at a density of 2 x 10* cells per ECM-coated dish and imaged 2 h post-
incubation. Four randomly selected cells per position were analyzed in the acquired TIF images, and the number
and duration of contacts were manually counted using Image].

Dataset preparation and model training

To achieve high-fidelity cell detection and tracking, we implemented two object detection models trained
separately for HeLa and MCF10A cells based on the YOLOv7 (You Only Look Once, version 7) architecture,
reflecting their distinct morphological characteristics. The models were trained using in-house datasets
consisting of phase-contrast microscopy images acquired in our laboratory. For HeLa cell detection, we utilized
a dataset of approximately 5,000 images, of which~40% contained HeLa cells. For MCF10A detection, the
dataset comprised approximately 1,700 images, also with ~40% composition of MCF10A cells. All images
were manually annotated with bounding boxes using the Labellmg tool (Tzutalin, 2015). For both datasets, the
images were randomly partitioned into training (80%) and validation (20%) sets for model development and
hyperparameter optimization.

For cell segmentation aimed at morphological feature extraction, we curated a separate dataset of 362 phase-
contrast images of HeLa cells acquired in our laboratory at the same magnification (10x objective lens) as the
experimental time-lapse sequences. Pixel-level segmentation masks were manually annotated to serve as ground
truth labels for training the Cellpose model.

Cell detection and tracking

Cell detection aimed at quantifying cell motility was automated using the YOLOv7 object detection model”s.
The YOLOv7 models were trained from scratch without pretrained weights. Training was conducted for 300
epochs with a batch size of 16 and input image size of 640 x 640 pixels. Stochastic gradient descent (SGD) with
a momentum of 0.937 was used as the optimizer. The learning rate (LR) was initialized at 0.01 and decayed
to 0.001 using a cosine annealing schedule, with a warm-up period of 3 epochs. Weight decay of 0.0005 was
applied for regularization. Data augmentation was applied during training, including HSV-based photometric
adjustments (hue £ 1.5%, saturation +70%, value +40%), random geometric transformations (translation + 10%,
scaling + 50%, horizontal flipping, probability 0.5), and mosaic augmentation combining four images (probability
1.0).

Detected cells were tracked across time-lapse frames using the SORT (Simple Online and Real-time
Tracking) algorithm. SORT applies a Kalman filter for motion prediction and uses Intersection over Union (IoU)
matching of bounding boxes to maintain cell identities across frames. Cell motility parameters were calculated
from the centroid trajectories of tracked cells using custom MATLAB code. Detailed mathematical definitions
and formulations for all motility parameters are provided in supplementary table (Table S1).

Cell morphological segmentation

Cellpose 2.0 was employed for cell boundary detection and segmentation’”*’. We fine-tuned the pretrained
“cyto” model from the Cellpose 2.0 library, which was originally developed as a generalist algorithm for diverse
imaging modalities. Fine-tuning was performed for 100 epochs with Adam optimizer with a LR of 0.1 and weight
decay of 0.0001. Training utilized Cellpose’s built-in data augmentation, which includes random rotations and
intensity variations. The trained Cellpose model was applied to the final frames (12-hour time point) of the time-
lapse sequences to generate binary segmentation masks. Cell morphological features were then subsequently
computed from these masks using custom MATLAB code.

Performance evaluation

To assess YOLOv7 model performance on unseen data, we prepared an independent evaluation set comprising
more than 500 manually annotated cells from HeLa or MCF10A cell images that were not included in the
training or validation datasets. Model performance was quantified using the Jaccard index (), a cell-level, count-
form overlap metric defined as:

J TP
T TP+ FP+FN
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where TP, FP, and FN denote true positives, false positives, and false negatives at the level of individual cells,
respectively (Fig. $10). When evaluated at an IoU matching threshold of 0.5, this metric is denoted J ..

For YOLOv7 bounding box detection, raw model outputs were first filtered using a confidence threshold of
0.25. A predicted bounding box was counted as a TP if its bounding-box IoU with an unmatched ground-truth
box was > 0.5, using greedy one-to-one assignment (each ground-truth box matched at most once); unmatched
predictions were counted as FP and unmatched ground-truth boxes as FN. Using this protocol, the trained
YOLOv7 models achieved J, . values of 0.88 for HeLa cell detection and 0.85 for MCF10A cell detection.

For Cellpose instance segmentation, unlike object detection models that output per-box confidence scores,
Cellpose directly produces instance masks through pixel-level flow field clustering and does not generate per-
instance confidence scores; therefore, no confidence threshold was applied prior to evaluation. A predicted
segmentation mask was counted as a TP if its pixel-wise IoU with an unmatched ground-truth mask was >0.5,
using the same greedy one-to-one assignment. Cellpose performance was assessed on a separate test set of 882
manually annotated HeLa cells, achieving a ] . of 0.90.

Statistical analysis

Statistical significance between groups was assessed using an unpaired t-test in MATLAB. P-values lower than
0.05 were considered statistically significant, with the symbols (*), (**), and (***) denoting p-values<0.05, <
0.01, and <0.001, respectively. Non-significant results (p >0.05) were denoted as n.s.

Data availability
All data generated or analysed during this study are included in this manuscript.
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