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Cell migration plays a central role in tumor progression and metastasis, making it a critical parameter 
in both cancer biology and therapeutic evaluation. A range of in vitro migration assays are commonly 
used to assess treatment-induced effects on motility, each with distinct advantages and limitations 
that must be considered when interpreting results. In this study, we systematically compared four 
migration assay formats—scratch, zone-exclusion (Z-E), transwell, and single-cell tracking—across 
five melanoma cell lines treated with the multi-kinase inhibitor nintedanib. Migration inhibition 
was quantified for each assay, alongside machine learning-based classification to evaluate the 
discriminative power of assay-derived features in detecting treatment effects. All assays detected 
inhibitory effects of nintedanib, although response magnitude varied across formats. The transwell 
assay demonstrated clear inhibition in most lines but was sensitive to morphological changes. Gap 
closure assay-based migration rankings were influenced by cell size, underscoring the importance of 
size normalization. Scratch assays exhibited greater variability and potential confounding due to cell 
damage, while Z-E assays generated more uniform gaps without mechanical disruption. Single-cell 
tracking enabled high-resolution phenotypic profiling, including cell-specific features such as size and 
shape, resulting in consistently high classification accuracy. These findings highlight the importance 
of selecting appropriate assay formats to accurately evaluate migration behavior and the therapeutic 
efficacy of anti-migratory compounds.
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Cell migration is a fundamental cellular process that enables the formation, remodeling, defense, and repair 
of multicellular organisms1. It is essential to key biological processes, including embryogenesis2,3, neural 
development4, immune system function5 and tissue homeostasis6,7. Cell migration relies on actin filaments’ 
dynamic assembly and disassembly, which drives the movement8. Generally, cell migration can be described 
as a 4-step process. Firstly, the cells become polarized, and a protrusion forms at the leading edge, generating 
new adhesions through integrins. Subsequently, the cell body is pulled forward over these adhesions, while the 
trailing edge’s adhesions are disassembled to facilitate retraction9–11.

Aberrant regulation of cell migration can contribute to pathological conditions, including autoimmune 
diseases12,13 and metastasis formation14–17. Cancer cells can migrate from the tumor-stroma interface either 
individually or collectively14. While individual migration is more common, collective invasion, though less 
frequent, is often more efficient in initiating metastatic spread18. As metastasis is the leading cause of cancer-
related death15, cancer cell migration is a heavily researched area19–23. Therapies targeting cell migration have 
become a key focus in efforts to inhibit metastatic progression24–27. Several 2D methods exist for analyzing cell 
migration, with the most common approaches focused on measuring distinct cell behaviors28.

Wound healing assays are widely used in cancer research to assess cell migration29–32. These assays can be 
performed by manually creating wounds in a confluent cell monolayer33 or by using inserts to form defined cell-
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free gaps, known as cell exclusion zones34–36. While manual scratching is a simple technique that requires no 
specialized equipment, it often produces uneven wound edges and leaves dead cells or debris that can interfere 
with analysis. In contrast, cell exclusion zone methods offer more consistent and reproducible outcomes by 
avoiding these complications28. In wound healing and cell exclusion assays, cell migration is monitored over 
time via microscopy until the gap or scratch is fully closed32. A similar technique, the fence assay, involves 
seeding cells within a circular ring, allowing them to spread outward37,38. Less commonly, microbead-based 
methods are used, where cells are seeded on microbeads and placed into a well; after bead removal, migration 
is assessed based on cell coverage of the plate39. Microfluidic chambers also serve as tools for analyzing cell 
motility, relying on chemoattractants to direct migration40,41. These chambers have the advantage of requiring 
only small numbers of cells and treatment agents, but frequent media changes are often necessary due to the 
limited volume40,41. Transwell assays are another common approach that employs chemoattractants42, such as 
FBS43 or fibronectin44 to drive migration. Cells are seeded in the upper chamber and migrate through membrane 
pores toward the lower chamber, where the chemoattractant is located. After a set incubation period, migrated 
cells on the lower membrane surface are quantified, making the transwell assay an endpoint measurement29,42.

However, these assays share several limitations. They often confound cell migration with proliferation, 
survival, and invasion, combining these distinct processes into a single measured parameter. Additionally, they 
measure migration in only one direction and do not capture the dynamic properties of cell movement28,29,45,46. 
Furthermore, with microfluidic chambers and transwell inserts, cell size and the ability to deform through pores 
or channels become important factors influencing the results47.

 On the other hand, tracking individual cells using time-lapse video microscopy provides detailed insights 
into cell motility dynamics. Moreover, they are free from confounding factors such as proliferation, viability, 
invasion, and variations in cell size and shape; additionally, treatment agents can spread evenly on the cells48. 
From these tracks, a range of migration-related parameters can be calculated, including: (1) path-based 
parameters such as total travelled distance, velocity, and average velocity; (2) displacement-based parameters, 
like mean square displacement (MSD), displacement, and maximum displacement; and (3) directionality-based 
parameters, such as directionality ratio and turning angle49.

 Understanding cancer cell migration is critical, as metastasis accounts for 90% of cancer-related deaths15. 
Comparing commonly used migration assays is essential to ascertain whether a treatment specifically targets 
migration, rather than other cellular processes. Inhibiting migration, as the initial step in metastasis, represents 
a promising therapeutic approach in cancer treatment. However, the accuracy and reliability of assays are vital 
for determining whether migration is genuinely impeded. To investigate this phenomenon, we focused on 
melanoma cell lines, given melanoma’s highly metastatic nature50,51and the pronounced migratory capacity of 
its cells52.

 While nintedanib (BIBF1120) is known as a potent multi-kinase inhibitor targeting VEGFR, FGFR, and 
PDGFR pathways53, its effect on melanoma migration remains largely unexplored. Most studies to date have 
focused on its anti-fibrotic and anti-angiogenic properties, especially in the context of resistance to targeted 
therapies. For example, in BRAF mutant melanoma models, nintedanib has been shown to decrease the 
expression of ECM remodeling markers and delay tumor relapse by suppressing a pro-fibrotic mesenchymal-like 
state driven by the miR-143/145 cluster54. Another study demonstrated that combining nintedanib with immune 
checkpoint blockade enhanced anti-tumor immunity through cancer-associated fibroblast (CAF) suppression 
and increased CD8 + T cell infiltration, suggesting a key role in modulating the tumor microenvironment55. 
Additionally, novel delivery systems co-packaging nintedanib with epigenetic inhibitors like ARV-825, have 
shown promising results in reducing vasculogenic mimicry and clonogenic capacity in vemurafenib-resistant 
melanoma cells56. Moreover, nintedanib treatment of uveal melanoma cells showed reduced metabolic activity 
and induction of oxidative stress57.

 Nintedanib has been shown to inhibit migration and invasion in other tumor types, including pancreatic 
cancer58, glioblastoma59, lung cancer60 and mesothelioma61. However, studies directly addressing nintedanib’s 
effect on the intrinsic migratory behavior of melanoma cells are limited. Thus, our study not only compares 
commonly used migration assays, but also provides new insight into the direct effects of nintedanib on melanoma 
cell motility, a previously uncharacterized but clinically relevant mechanism of action.

Methods
Cell lines and culturing
The A2058 melanoma cell line is available through ATCC, while the WM983B cell line, derived from a metastatic 
site, is accessible from the Wistar Institute, Philadelphia, PA. Mel Pt-3 pre and Mel Pt-3 post cell lines were 
derived from the same patient, before and during vemurafenib treatment, respectively. The Mel Pt-4 post cell 
line was similarly isolated from a patient undergoing vemurafenib therapy at the time of cell collection. The 
three Mel Pt cell lines were established and kindly provided by Professor Peter Hersey from the Oncology and 
Immunology Unit, Calvary Mater Newcastle Hospital, and the Kolling Institute, Royal North Shore Hospital, 
University of Sydney, NSW, Australia62.

 All cell lines were cultured in DMEM (4.5 g/L glucose with L-glutamine and sodium pyruvate, Capricorn-
Scientific) supplemented with 10% fetal bovine serum (FBS, EuroClone) and 1% penicillin-streptomycin-
amphotericin (Lonza) at 37 °C in a humidified atmosphere of 5% CO2, unless otherwise indicated.

Cell viability assay
The sensitivity of cell lines to nintedanib (Sigma-Aldrich, St. Louis, MO, USA) was quantitatively assessed using 
a Sulforhodamine B (SRB) assay, in order to determine the optimal concentration for subsequent migration 
experiments. Briefly, 3000 cells per well were seeded in 96-well plates and treated with serial dilutions of 
nintedanib (1–8 µM) in DMEM supplemented with 10% FBS for 72 h. After incubation, cells were fixed with 
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10% trichloroacetic acid (TCA), and residual TCA was removed by washing. Plates were then air-dried, and 
cells were stained with SRB dye for 15 min. Excess dye was removed by washing with 1% acetic acid, followed by 
a second drying step. Protein-bound SRB was solubilized in 10 mM Tris-HCl buffer (pH 8.0), and absorbance 
was measured at 570 nm to assess cell viability. Based on the SRB viability results (Fig. S1), IC50 values were 
determined by nonlinear regression analysis using GraphPad Prism. Across all melanoma cell lines, the IC50 
values were above the concentrations applied in migration assays. Accordingly, we selected 1 µM and 2 µM 
nintedanib for migration assays to minimize cytotoxic effects while enabling detection of migration-specific 
responses. These concentrations caused minimal viability reduction across the majority of cell lines, allowing for 
the assessment of motility changes with minimal cofounding from treatment-induced cell death.

Gap closure assays
Two types of gap closure assays were performed: a conventional wound healing assay, in which a scratch was 
manually introduced into a confluent cell monolayer, and a zone-exclusion (Z-E) assay, utilizing a silicone-based 
insert (2-well silicone inserts, Ibidi GmbH) to create a defined cell-free gap.

For the scratch assay, 30,000 cells per well were seeded in a 96-well plate to achieve a confluent monolayer. 
On the following day, scratch regions were created using a sterile pipette tip. The wells were then washed twice 
with PBS to remove detached cells, and the remaining adherent cells were treated with 1 or 2 µM nintedanib in 
150 µL of DMEM supplemented with 10% FBS.

In the insert-based Z-E assay, 2-well silicone inserts were placed in a 24-well plate, and 15,000 cells were 
seeded into each chamber of the insert in 70–70 µl of DMEM supplemented with 10% FBS. After overnight 
incubation to promote cell attachment and monolayer formation, the inserts were carefully removed, generating 
a well-defined insert gap. Following two washes with PBS, the cells were treated with 1 or 2 µM nintedanib in 150 
µL of DMEM supplemented with 10% FBS.

Both assay plates were placed on an inverted phase-contrast microscope equipped with an automated 
motorized stage and a temperature- and CO2-controlled incubation chamber (37  °C, 5% CO2). For the 
scratch assay, four independent experiments were performed on separate plates, with three replicate wells per 
condition and two non-overlapping images acquired per scratch. For the zone-exclusion assay, four independent 
experiments were performed with one insert per condition per plate and three fields of view recorded per well. 
Time-lapse images were captured every 4 h over 72 h.

Image analysis was performed manually using ImageJ software. The cell-free area of each scratch region and 
insert gap was delineated by hand, and the gap areas were measured at each time point until complete closure 
was achieved. Fold change in gap area (relative gap area or relative scratch/Z-E area) was calculated as the ratio 
of the initial gap area to the area at each time point (relative gap area = A0/At), such that values > 1 indicate 
progressive gap closure. For clarity, this metric is referred to as relative scratch area in the scratch assay and as 
relative Z-E area in the zone-exclusion assay throughout the manuscript. To enable statistical comparison of 
closure dynamics, the area under the curve (AUC) was determined from the time-dependent change in gap area 
curves.

To account for variability in initial gap area and cell size, gap closure relative to cell size was calculated as 
the difference between the initial and the given timepoint gap area, normalized to the average cell area (Gap 
closure relative to cell size = (A0 – At)/Acell). Average cell area (Acell) was determined exclusively from single-cell 
videomicroscopy experiments, since cells in gap closure assays were too confluent for reliable size measurement. 
This value was used as a constant to correct for differences in average cell size between cell lines.

Mean gap closure velocity was calculated as the change in gap area between consecutive time points, divided 
by the time interval (4 h), and averaged over the observation period (Gap closure velocity = (At – At+1)/Δt).

To quantify the inhibitory effect of nintedanib, Inhibition% was calculated by comparing the AUC of the 
relative gap area between treated and control conditions: 

	
Inhibition% = 100 ∗

(
1 − Mean AUCcontrol

AUC treated

)
� (1)

Here, the mean operator applies only to the control condition, where the AUC values from all replicates were 
averaged to provide a robust baseline. Each individual treated sample was then normalized to this averaged 
control value, ensuring both a consistent reference and sufficient variance representation across conditions.

Statistical analysis was performed using the Kruskal–Wallis test for all comparisons. Statistical significance 
was considered at p < 0.05.

Videomicroscopy for single-cell tracking, cell size, and morphology analyses
For single-cell migration analyses, cells were seeded at a density of 1000 cells per well in 96-well plates. This 
low-density seeding allowed for multidirectional migration to be observed over an extended period. Following 
approximately 24 h of incubation to allow for cell attachment, treatment with 1 or 2 µM nintedanib was initiated, 
while control wells received only DMEM supplemented with 10% FBS. Plates were placed on an inverted 
phase-contrast microscope equipped with an automated motorized stage and an on-stage incubation chamber 
maintaining standard incubation conditions (37 °C, 5% CO2). Images were acquired at 10-min intervals over 
a total period of 72 h. Three independent experiments were performed on separate plates, with three replicate 
wells per condition, and two distinct fields of view imaged per well. Prior to cell tracking, time-lapse images 
were pre-processed using ImageJ. The first frame of each recording was smoothed with a Gaussian blur (σ = 
1.4) to reduce noise. Background was then removed via a rolling ball algorithm (12-pixel radius), followed by 
image inversion and contrast enhancement with a saturation threshold of 0.06. Cell migration trajectories were 
subsequently analyzed using the semi-automated CellTracker software63. The software detects individual cells 
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in each frame based on intensity and size, and links their centroids across consecutive images to reconstruct 
trajectories. Two initialization parameters are required: average cell size and average cell velocity (in pixels), for 
which the software’s default values were applied. Tracking continuity was manually verified, then time-resolved 
x–y coordinates were extracted for each individual cell. The number of trackable cells per field varied depending 
on the field of view, but we aimed to follow at least ten cells in each image. From these data, several quantitative 
parameters were calculated: mean velocity, displacement, directionality ratio, and mean squared displacement 
(MSD).

 Average velocity was determined by computing the displacement between each pair of consecutive time 
points and averaging the resulting instantaneous velocities (i.e., distance divided by time) over the entire 
trajectory. Displacement was defined as the Euclidean distance between the initial position and the cell’s position 
at a given time point along the trajectory. The directionality ratio was calculated by dividing the net displacement 
(the straight-line distance between the starting and the end points) by the total path length (the sum of all 
segmental displacements), providing a measure of path linearity. The ratio approaching 1 indicates straight-line 
migration, while values closer to 0 reflect more random or circuitous movement. MSD was calculated for each 
time lag by averaging the squared displacements between all position pairs separated by that time interval. The 
area under the curve (AUC) for both displacement and MSD over time was computed for each individual cell 
trajectory using the built-in trapz() function in MATLAB.

 In parallel, cell size, morphological characteristics, and proliferation were quantified from the same time-
lapse image sets using ImageJ. For this analysis, at least ten individual cells were manually outlined in each of six 
representative fields of view at the 24-h time point. In the case of Mel Pt-4 post cells, an additional measurement 
was also performed at 4 h to assess early morphological changes, since this cell line reached excessive 
confluency at later time points in the Transwell assay. Based on these outlines, ImageJ automatically extracted 
several morphological parameters. Although cell area can vary with cell cycle phase, analyzing multiple cells 
across different fields of view helped to average out such variability. All experiments were performed under 
standardized seeding density (1000 cells/well), which minimized potential confluency-related artifacts. The 
cell size represented the two-dimensional surface covered by each cell. Since morphological parameters were 
obtained from manually outlined cells, potential bias due to user selection cannot be entirely excluded. To 
minimize this effect, cells were chosen from multiple independent fields of view, and a relatively large number 
were analyzed: at least 20 cells from a minimum of five different images per cell line, and up to 44 cells from six 
images when available. This sampling strategy was intended to reduce subjectivity, as averaging across ≥ 20 cells 
provides a more robust estimate of morphological feature. Circularity was calculated as 4π multiplied by the area 
divided by the square of the perimeter, providing a value close to 1 for cells with a circular shape. The aspect 
ratio (AR) was determined as the ratio of the major to minor axis of the best-fit ellipse, indicating cell elongation. 
Roundness was computed as 4 times the area divided by π times the square of the major axis, similarly reflecting 
circular symmetry. Solidity quantified cell boundary regularity as the ratio between the cell area and its convex 
hull area.

 Within the same image sequences, cells were manually counted at the beginning of the recording (0 h) and 
again at 24 and 48 h. Proliferation rate was calculated by dividing the number of cells at these final time points 
by the number at baseline, allowing comparison across conditions regardless of incubation duration.

 The assess the inhibition effect of nintedanib on cell migration, Inhibition% based on MSD parameter was 
calculated as:  

	
Inhibition% = 100 ∗

(
1 − MSD AUCtreated

Mean MSD AUCcontrol

)
� (2)

 
Statistical analysis was performed using the Kruskal–Wallis test for all comparisons. Statistical significance 

was considered at p < 0.05.

Transwell assay
This migration assay was conducted using hanging cell culture inserts with 8 μm pore size (Sigma-Aldrich). For 
the transwell assay, inserts were placed into 24-well plates, and 30,000 cells were seeded in the upper chamber 
in 100 µL of serum-free DMEM. The lower chamber contained 750 µL of DMEM supplemented with 1% FBS 
to establish a chemoattractant gradient. A low serum concentration was chosen to provide sufficient directional 
stimulus while minimizing diffusion into the upper chamber. At higher concentrations, rapid equilibration 
would abolish the gradient and thereby reduce the directional drive for migration. In treatment conditions, 
both the upper and lower compartments received the same concentration of nintedanib (1 or 2 µM). For A2058, 
WM983B, Mel Pt-3 pre, and Mel Pt-3 post cell lines, the assay was terminated after 24 h. However, for Mel Pt-4 
post cells, the incubation was limited to 4 h due to excessive migration at 24 h, which resulted in near-complete 
membrane coverage, precluding accurate quantification. Non-migrated cells on the upper surface of the insert 
membrane were gently removed using cotton swabs. Membranes were then washed with PBS, and cells were 
fixed with 1 mL of 10% TCA in a 24-well plate. Migrated cells on the lower surface were stained with SRB, and 
three representative images were captured from randomly selected fields using an inverted microscope equipped 
with a 10× objective. At least three independent experiments were performed on separate plates, with one insert 
per condition in each experiment.

Image analysis was performed using ImageJ software. Briefly, images were first split into RGB channels, 
and the green channel was selected for analysis. As SRB staining produces a pink coloration, the green channel 
provided high contrast, appearing dark where cells were present, thus allowing for more accurate cell detection. 
A fixed threshold value of 0.63 was then applied to enhance contrast and facilitate quantification. To reduce 
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background noise, a minimum filter with a radius of 2–3 pixels was applied, thus particles smaller than that were 
excluded to eliminate debris and artifacts. Subsequently, particle analysis was conducted to count the number 
of cells based on the remaining objects. Due to insufficient contrast in WM983B images, cell counts for this 
line were determined manually. To validate the automated counts, a representative subset of images from each 
cell line was also analyzed manually. Automated and manual results showed close agreement, with an average 
deviation of ~ 5% (range − 18% to + 11%), confirming the reliability of the automated workflow.

To quantify migratory capacity, the migration rate was calculated by dividing the number of cells that 
migrated through the membrane by the incubation time (migration rate = number of cells/t). This normalization 
allowed direct comparison between conditions with different incubation durations.

The relative migration was calculated as the ratio of the number of migrated treated cells to the number of 
migrated control cells (relative migration = treated cell number/control cell number).

To assess the inhibitory effect of nintedanib, the Inhibition% was calculated as follows: 

	
Inhibition% = 100 ∗

(
1 − Relative migratontreated

Mean relative migrationcontrol

)
� (3)

Statistical analysis was performed using the Kruskal–Wallis test for all comparisons. Statistical significance was 
considered at p < 0.05.

Machine learning evaluation for comparison of migration assays under nintedanib Inhibition
Direct comparison of migration assays is challenging, as they differ in measured parameters, scales, and units. 
To provide an independent benchmark of assay reliability, we applied a machine learning-based classification 
approach. The rationale was that assays with higher sensitivity to drug effects should enable more accurate 
discrimination between control and nintedanib-treated samples. All analyses were conducted using Python. 
Data storage and processing were performed with the pandas library64, and machine learning models were 
implemented using the scikit-learn package65.

 For the scratch and Z-E assays, the input data for the machine learning pipeline consisted of gap areas 
(µm2) measured every 4 h until complete gap closure. From these data, the reduction in gap area between two 
consecutive time points was calculated. To generate additional features, we calculated the mean and standard 
deviation of the gap area, as well as the kurtosis and skewness of the gap area distribution to capture shape-related 
characteristics. The time point of complete gap closure was also included. All these features were combined with 
the original gap area data to form the final dataset.

 For single-cell tracking, x–y coordinates over time were transformed such that all trajectories originated 
from the point (0,0) by subtracting the initial position from each time point. These relative x-y coordinates 
were used to calculate: (I) path-based parameters: total travelled distance, mean and standard deviation 
of distances between two consecutive coordinates, average velocity; (II) displacement-based parameters: 
maximum displacement, MSD; and (III) directionality-based parameters: directionality ratio, the mean and 
standard deviation of absolute turning angles and their zero-crossing rate, both between consecutive positions 
and relative to the initial point. In addition, cell profile normalized data were generated by dividing each feature 
by the corresponding morphological parameters, as cell size, circularity, AR, roundness, and solidity.

 With respect to the classification part of the machine learning pipeline, both datasets are handled equivalently. 
A 10-times five-fold cross-validation approach66 was employed to train and evaluate the classification accuracy 
of a random forest model, which contained 500 decision trees as estimators. At the start of the five-fold cross-
validation, the data is randomly split into 5 parts. In each fold, one-fifth of the data is reserved for the test step, 
while the remaining data is used as the training set. After each fold, the classification accuracy of the test set was 
recorded, and the final accuracy was determined as the mean of all accuracy values obtained across the 10-times 
5-fold cross-validation runs. A schematic overview of the machine learning workflow is provided in Fig. S2.

Results
Evaluating the cell lines’ migratory capacity with gap closure assays
Two types of gap closure assays were performed: the scratch assay, where scratch areas were manually created 
with a pipette tip, and the zone-exclusion (Z-E) assay, where Z-E areas were formed using silicone culture inserts. 
Manual scratching resulted in variable scratch areas (Fig. 1A) and less defined edges (Fig. S3). In contrast, culture 
inserts produced more defined and consistent Z-E areas (Fig. S4) with wider gaps, although 2 out of 60 inserts 
generated gap sizes larger than mean ± 2 SD and were therefore excluded from further analysis (Fig. 1B).

The fold change in gap area (relative scratch/Z-E area) varied among the different cell lines. Mel Pt-4 post 
cells demonstrated the most rapid gap closure, with complete closure observed in both assays within 16 h. The 
A2058 and Mel Pt-3 pre cells displayed comparable kinetics, reaching complete closure in the scratch assay 
by 28 h and approaching closure in the Z-E assay by the end of the experiment. Mel Pt-3 post cells achieved 
complete closure in the scratch assay by 44 h, but did not fully close the Z-E gap within 72 h. WM983B cells 
showed the slowest migration, with scratch closure occurring by 72 h, while the Z-E area remained only partially 
closed (Fig. 1C,D). These trends were also reflected in the area under the curve (AUC) values calculated from the 
gap area reduction curves (Fig. 1E,F). Delayed closure in the Z-E assays is likely attributable to the larger initial 
gap area compared to the scratch assay.

Evaluating the cell lines’ migration dynamics with single-cell tracking
Individual cell tracking enabled the quantitative assessment of multidirectional migration dynamics across 
cell lines. Four migration parameters were derived from the x-y coordinates: mean velocity, displacement, 
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directionality ratio, and mean squared displacement (MSD). While mean velocity and directionality were 
represented as single averaged values per cell line, displacement and MSD were analyzed as time-dependent 
curves, and their area under the curve was used for quantitative comparisons (Fig. 2).

Among the cell lines, Mel Pt-3 pre cells exhibited the highest mean velocity, followed by Mel Pt-3 post and 
Mel Pt-4 post cells, which showed comparable speeds. A2058 cells migrated more slowly, while WM983B cells 
displayed the slowest mean velocity. Regarding displacement, Mel Pt-4 post cells covered the longest distance 
at 24 h; however, at later time points, A2058 cells surpassed all others, reflecting a more sustained migration 
behavior over time. Other cell lines showed relatively stable displacement dynamics throughout the observation 
period. The directionality ratio, reflecting the linearity of the cell movement, was the highest in A2058 cells, 
indicating that these cells migrated more linearly compared to the other cell lines. This tendency for straighter 
movement likely contributed to their greater displacement over time. Analysis of the mean squared displacement, 
which integrates both velocity and directionality, revealed dynamic shifts in migration capability. At 24 h, Mel 
Pt-4 post cells showed the highest MSD, followed by Mel Pt-3 pre, A2058, Mel Pt-3 post, and WM983B cells. By 
48 h, A2058 cells exhibited a higher MSD than both Mel Pt-4 post and Mel Pt-3 pre cells.

Evaluating the cell lines’ migratory capacity with the transwell assay
To assess directional chemotactic migration, a transwell assay was performed with a serum gradient, where 
cells migrated from a serum-free upper chamber toward a lower chamber containing 1% serum. Migration was 
evaluated after 24 h for all cell lines, except for Mel Pt-4 post, which was analyzed at 4 h. Migration rates were 
calculated by normalizing the number of migrated cells to incubation time, allowing direct comparison across 
conditions (Fig. 3).

In the transwell assay, Mel Pt-4 post cells have the highest migratory capacity. Due to extensive membrane 
coverage, incubation time for this cell line was limited to 4 h, as longer exposure resulted in confluence that 
hindered reliable quantification. Among the remaining cell lines assessed over 24 h, A2058 cells demonstrated 
the highest migration rate, followed by Mel Pt-3 pre, Mel Pt-3 post, and WM983B cells, in descending order.

Comparison of gap closure, single-cell tracking, and transwell assays
As gap closure dynamics depend on the initial gap area and cell size (Fig. S5), relative gap closure to 0 h was 
normalized to cell size (Fig. 4A). This metric increases over time as the gap closes, with faster-closing cell lines 

Fig. 1.  Evaluating cell lines’ migratory capacity with scratch and zone-exclusion (Z-E) assay. (A) Manually 
created scratch areas. Initial scratch area(n = 180) in the scratch assay; red lines indicate the mean ± SD. (B) Z-E 
areas formed with silicone inserts. Initial Z-E areas (n = 60) in the Z-E assay; red lines represent the mean ± SD. 
(C) Relative scratch area over time for each cell line (mean ± SEM, based on N = 24 replicates across four 
independent experiments). (D) Relative Z-E area over time for each cell line(mean ± SEM,, based on N = 12 
replicates across four independent experiments). (E) AUC of relative scratch area reduction (mean ± SEM, 
N = 24). (F) AUC of relative Z-E area reduction (mean ± SEM, N = 12). Replicates with gap sizes outside 
mean ± 2 SD were excluded as outliers. Statistical analysis was performed using the Kruskal–Wallis test; p < 0.05 
was considered statistically significant.
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Fig. 2.  Evaluating the cell lines’ migration dynamics by single-cell tracking. Cell migration was monitored over 
72 h, and individual cell trajectories were analyzed using semi-automated tracking in CellTracker. Quantitative 
parameters – Mean velocity, Displacement (AUC), Directionality ratio, and MSD (AUC) – were calculated. 
Data represent the mean ± SEM (N ≈ 200–270 cells per condition; 3 plates × 3 wells × 2 fields, number of 
trackable cells varied by image). Statistical analysis was performed using the Kruskal–Wallis test; p < 0.05 was 
considered statistically significant.
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Fig. 4.  Comparison of the different migration assays. (A) Comparison of scratch and zone-exclusion (Z-
E) assays. Gap closure was measured relative to cell size using the mean area obtained from single-cell 
experiments, to avoid effects of the initial gap area on closure rates. (B) Z-score normalized comparison of 
24-h migration metrics derived from single-cell MSD and velocity, scratch assay velocity, Z-E assay velocity, 
and transwell assay results. (C) Heat map showing relative cell line rankings across 24-hour migration metrics 
from single-cell MSD and velocity, scratch assay velocity, Z-E assay velocity, and transwell assay results.

 

Fig. 3.  Evaluating the cell lines’ migratory capacity with the transwell assay. (A) Cells migrated through an 
8 μm pore membrane toward 1% serum for 24 h (4 h for Mel Pt-4 post). Data represent the mean ± SEM of 
migration rates from at least three independent experiments (at least N = 9). Statistical analysis was performed 
using the Kruskal–Wallis test; p < 0.05 was considered statistically significant. (B) Representative microscopy 
images of migrated cells at 24 h (4 h for Mel Pt-4 post).
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exhibiting steeper, earlier rises in the curve, followed by a plateau as closure nears completion. Closure progression 
typically slows as the remaining open area diminishes, an overall trend observable across all cell lines. This 
effect is particularly evident in those that achieved full closure within the 72-h observation period, as the entire 
closure trajectory, including the deceleration phase, is captured. Across all cell lines, gap closure proceeded 
more slowly in the Z-E assay compared to the scratch assay, although the overall trends were consistent between 
methods. Mel Pt-4 post cells exhibited the fastest closure dynamics, with minimal difference between the two 
assays. A2058 and Mel Pt-3 pre cells followed closely behind, showing similarly efficient closure. In contrast, Mel 
Pt-3 post and particularly WM983B cells displayed substantially slower progression, with WM983B consistently 
demonstrating the lowest migratory capacity across both assay types. To assess reproducibility within each 
assay, Z-score normalization was applied to all quantitative migration metrics (Fig. 4B). In this approach, values 
are expressed as deviations from the mean of the respective assay, thereby standardizing the distribution and 
minimizing the influence of absolute scale differences. Importantly, this procedure does not allow direct cross-
assay comparison, since the measured parameters differ in units and magnitude; rather, it enables evaluation of 
variability and consistency within each assay format. The normalized values show relatively modest differences 
between the various methods and cell lines. Notably, Mel Pt-4 samples appear to exhibit lower variance from the 
mean across most assays, which may point to more consistent migratory behavior in this cell line.

To enable direct comparison across assay formats, we established relative migration rankings by ordering cell 
lines according to their 24-h migration metrics (scratch and Z-E closure velocity, transwell counts, single-cell 
MSD and velocity). This approach allowed us to assess not only absolute values but also the relative consistency 
of rankings between methods. Migration rankings derived from MSD via single-cell tracking and Z-E velocity 
yielded similar cell line rankings, closely mirrored by transwell assay, with the only notable difference being 
the order of Mel Pt-3 pre and A2058 cells (Fig. 4C). Notably, the elevated motility of A2058 observed in the 
transwell assay aligns with its characteristically linear migration pattern. Mean single-cell velocity and scratch 
assay velocity displayed a comparable hierarchy, with Mel Pt-4 post and Mel Pt-3 post cells switched in rank. 
WM983B consistently showed the lowest migratory capacity across all assays. Mel Pt-3 pre and Mel Pt-4 post 
cells exhibited the highest migratory capacity in 24  h; however, Mel Pt-3 pre cells were less invasive in the 
transwell assay. Despite appearing slower in the scratch assay, Mel Pt-4 post cells achieved rapid gap closure 
due to their large size and high migration capacity, though closure time was highly variable and only modestly 
different from Mel Pt-3 pre and Mel Pt-3 post cells.

Evaluation of nintedanib-induced Inhibition of cell migration using gap closure assays
The sensitivity of each cell line to nintedanib was initially assessed using a total protein-based Sulforhodamine 
B (SRB) assay (Fig. S1) across a concentration range of 1–8 µM. For migration-specific investigations, where 
cytotoxicity is not desired, 1 and 2 µM concentrations were selected for further analysis. At these concentrations, 
relative proliferation rates derived from videomicroscopy confirmed a reduction in proliferation only in A2058 
cells at 2 µM, while other cell lines remained largely unaffected (Fig. S6). This approach allowed evaluation of 
dose-dependent effects of nintedanib on cell migration without substantial impact on cell viability.

To assess the anti-migratory effects of nintedanib, scratch and Z-E assays were repeated under treatment 
conditions (1 and 2 µM). Relative gap closure was calculated for each time point by normalizing to the initial gap 
size at t = 0 (At/A0), thereby quantifying closure independently of absolute starting dimensions. Area under the 
curve (AUC) values were then calculated to quantify treatment-induced changes.

Nintedanib consistently reduced cell migration across all cell lines and in both gap closure assays, with 
measurable effects evident as early as 24  h post-treatment. In both the scratch and Z-E assays, nintedanib 
treatment led to a dose-dependent delay in gap closure (Fig.  5). In the scratch assay, Mel Pt-3 pre and Mel 
Pt-4 post cells completed wound closure within 24 h, limiting the detectable impact of 1 µM nintedanib, as no 
significant inhibition or dose-dependent effect was observed at this early time point (Fig. 5A). Similarly, A2058 
cells closed the scratch area by approximately 32 h, and no marked differences was observed between 1 and 2 
µM treatments (Fig. 5A). However, in cell lines requiring up to 48 h for closure under control conditions, both 
nintedanib concentrations significantly reduced migration, with a more pronounced effect observed at 2 µM 
(Fig. 5A).

In the Z-E assay, Mel Pt-3 pre cells exhibited no significant response to either nintedanib concentration 
(Fig.  5B). In contrast, the extended closure times allowed for clear detection of inhibition at 2 µM in the 
remaining four cell lines, indicating a more robust dose-dependent effects on migration in this assay (Fig. 5B).

Evaluation of nintedanib-induced Inhibition of cell migration using single-cell tracking
To investigate the temporal dynamics of nintedanib-induced migration inhibition at the single-cell level, 
time-lapse tracking was performed over 72 h. Migration parameters, including mean velocity, displacement, 
directionality ratio, and MSD, were analyzed as previously described. Here, the focus was placed on comparing 
control and nintedanib-treated cells (1 and 2 µM) over time, to assess dose-dependent effects (Fig. 6). In addition 
to the AUC-based comparisons, the full temporal profiles of displacement and MSD are provided in Figure S7, 
illustrating how inhibitory effects evolved dynamically throughout the recorded period.

Nintedanib treatment led to a progressive, dose-dependent reduction in migratory behavior over time. By 
24 h, both 1 and 2 µM concentrations significantly decreased mean velocity across most cell lines, with more 
pronounced inhibition evident at 48 and 72 h. A similar pattern was observed for displacement and MSD, where 
reduced values became more distinct over time, particularly at the higher dose.

The directionality ratio (DR) showed a more nuanced response. In four of the five cell lines (excluding A2058), 
nintedanib treatment increased DR by 24 h, indicating straighter migration paths under treatment. However, 
this effect tended to diminish by 48 and 72 h, with fewer significant differences detected. In contrast, A2058 
cells showed a distinct response: although their velocity was less affected compared to other lines, nintedanib 
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markedly reduced their directionality, likely increasing turning behavior and thus leading to a greater reduction 
in displacement.

Evaluation of nintedanib’s effect on cell migration using the transwell assay
The effect of nintedanib on cell migration was further evaluated using the more complex transwell assay, which 
enables assessment of directional chemotactic migration through a porous membrane in response to a serum 
gradient. Based on previously established protocols, cells were treated with 1 or 2 µM nintedanib, and their 
migration toward 1% serum was quantified after incubation (Fig. 7).

Nintedanib treatment resulted in significantly reduced migration in A2058, WM983B, and Mel Pt-3 post 
cells at both 1 and 2 µM nintedanib concentrations compared to controls. A clear dose-dependent inhibition 
was observed in A2058 and Mel Pt-3 pre cells, although migration in Mel Pt-3 pre cells was unaffected at 1 µM. 
Notably, in contrast to findings from other migration assays, Mel Pt-4 post cells displayed an unexpected increase 
in migration at both nintedanib concentrations, suggesting a distinct, potentially cell line-specific response in 
the transwell context. This may reflect alterations in cell morphology or deformability under treatment, enabling 
more efficient transmigration through the porous membrane.

Comparison of migration assays under nintedanib Inhibition and machine learning-based 
classification of nintedanib response
To systematically compare the sensitivity of different migration assays to nintedanib-induced inhibition, we 
computed a percentage inhibition value (Inhibition%, Eqs.  (1–3)) for all cell lines and assays. This metric 

Fig. 5.  Evaluating nintedanib effect on cell migration by gap closure assays. Relative scratch (A) and Z-E (B) 
areas were normalized to the initial gap size at t = 0 and tracked over time. Corresponding AUC values are 
shown for each cell line in the presence of 1 or 2 µM nintedanib. Data are shown as mean ± 95% CI, based on 
N = 24 replicates for scratch and N = 12 for Z-E across four independent experiment. Replicates falling outside 
± 2 SD were excluded as outliers. Statistical analysis was performed using the Kruskal–Wallis test; p < 0.05 was 
considered statistically significant.
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quantifies the extent to which nintedanib suppresses cell motility relative to untreated controls, allowing cross-
assay comparison of drug effects. Higher values correspond to stronger inhibition (Fig. 8A).

In parallel, we applied a machine learning–based classification approach to assess how effectively each assay 
could distinguish between untreated and nintedanib-treated samples. A machine learning-based random forest 
model was trained using quantitative features extracted from the scratch assay, the Z-E assay, and the single-
cell migration assay. The transwell assay was excluded due to its endpoint nature, which limits the extraction 
of temporally dynamic features required for classification. The model was built using the top 15 discriminative 
parameters, selected based on their capacity to separate control samples, and was then tested for its ability to 
classify all treatment conditions (control, 1 µM, and 2 µM nintedanib) (Fig. 8B).

Across all assays and melanoma cell lines tested, nintedanib consistently exhibited migration-inhibitory 
effects, with the sole exception observed in Mel Pt-4 post cells in the transwell assay, where an unexpected 
increase in migration was detected.

At 1 µM nintedanib, single-cell tracking showed significantly higher Inhibition% than the scratch assay for 
A2058 and Mel Pt-3 post cells. In the Mel Pt-3 post cells, the Z-E assay also showed greater inhibition than 
single-cell tracking, particularly at 2 µM. In the Mel Pt-4 post cells, the Z-E assay detected a considerably higher 
inhibition compared to single-cell tracking (Fig. 8A).

Importantly, the feature set derived from the single-cell assay was not limited to standard motility parameters. 
Unlike collective migration assays, this format allows individual cells to be tracked in isolation, enabling the 
measurement of cell-intrinsic characteristics such as size and shape. These cell-specific features provide valuable 

Fig. 6.  Evaluating nintedanib’s effect on cell migration by single-cell tracking. Cells were treated with 1 or 
2 µM nintedanib, and migration was monitored for 72 h. Single-cell trajectories were analyzed using semi-
automatic tracking (CellTracker), and migration parameters, mean velocity, displacement, directionality ratio, 
and MSD, were calculated. Data represent mean ± 95% CI (N ≈ 240–340 cells per condition; 3 plates × 3 wells × 
2 fields, number of trackable cells varied by image). Statistical analysis was performed using the Kruskal–Wallis 
test; p < 0.05 was considered statistically significant.
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additional context, as treatments can influence not only migratory behavior but also fundamental cellular 
properties. Incorporating such features into the classification model markedly enhanced its performance, 
achieving unambiguous classification accuracy (100%) across all cell lines and treatment conditions (Fig. 8B).

Notably, between the two gap closure assays, significant differences in Inhibition% were only observed in 
Mel Pt-4 post cells, where the Z-E assay detected greater inhibition than the scratch assay. In A2058 cells, both 
concentrations of nintedanib led to higher Inhibition% in the transwell assay compared to the scratch assay. 
Additionally, at 2 µM, the Z-E assay yielded lower Inhibition% than the transwell assay. Similarly, in Mel Pt-3 pre 
cells, both gap closure assays reported considerably less Inhibition% than the transwell assay (Fig. 8A).

These Inhibition% patterns were reflected in the performance of the machine learning classification. 
Classification accuracy based on the scratch and Z-E assays was generally more variable and dependent on the 
cell line. The lowest classification performance was observed for Mel Pt-3 pre cells, where Inhibition% values 
were also among the lowest across all assays, suggesting that subtle treatment-induced effects result in poor 
discriminability. Conversely, the Z-E assay in Mel Pt-4 post cells, which showed pronounced and statistically 
significant inhibition differences compared to control measurements, achieved classification accuracies 
exceeding 90%. This positive correlation between the magnitude of migration inhibition and classification 
success was observed consistently across datasets (Fig. 8A).

Finally, the transwell assay demonstrated robust differences in Inhibition%, particularly at 2 µM in A2058, 
Mel Pt-3 pre, and Mel Pt-3 post cells. Interestingly, and in contrast to all other assays, Mel Pt-4 post cells 
exhibited a consistent increase in migration under treatment in the transwell assay, suggesting an assay-specific 
morphological or context-dependent effect (Fig. 8A).

Discussion
Cancer mortality is largely driven by metastatic progression, with secondary tumor formation accounting for 
the majority of cancer-related deaths. Consequently, in vitro assays that quantify cell migration are essential 
tools in cancer research and drug development, as they allow systematic evaluation of compounds that may 
interfere with metastatic spread. However, the choice of assay strongly influences how such effects are detected 
and interpreted. Understanding the relative strengths and limitations of different migration assays is therefore 
critical to selecting the most appropriate platform for preclinical studies.

This study systematically compared four widely used in vitro migration assays  –  scratch wound healing, 
zone-exclusion (Z-E), transwell, and single-cell tracking  –  across five melanoma cell lines to evaluate their 
performance in detecting migration inhibition. Nintedanib, a multi-kinase inhibitor commonly applied as a 
reference anti-migratory compound, was used to benchmark assay sensitivity. Although nintedanib has gained 
increasing attention in melanoma therapy in recent years54–57, its direct impact on melanoma cell motility 
remains poorly characterized. Our results demonstrate that nintedanib dose-dependently reduced the migratory 
capacity of melanoma cells in most of the investigated assays, which aligns with findings previously reported 
in other tumor types58–61. At the same time, we observed that the magnitude and interpretation of inhibition 
varied substantially depending on assay format, underscoring the critical impact of methodological choice when 
assessing cell motility.

Gap closure assays remain the most common format for collective migration studies, yet our results confirm 
that their reliability varies considerably. The conventional scratch assay produced higher variability in initial gap 
sizes and uneven wound edges compared to Z-E assay, reducing their reproducibility. Nevertheless, it appeared 
to show faster closure dynamics than the Z-E assay, which does not damage the adhered cells. This acceleration 
is unlikely to solely reflect intrinsic motility, as disruption of the monolayer during scratching can release 
paracrine factors from damaged cells, stimulating migration and potentially confounding treatment effects67,68. 
In contrast, the Z-E assay generated uniform gaps with minimal perturbation, providing greater standardization 
across replicates. Moreover, closure occurred more slowly, likely because the absence of damage-associated 

Fig. 7.  Evaluating nintedanib’s effect on cell migration by transwell assay. Cells were seeded in serum-free 
medium containing either 1 or 2 µM nintedanib in the upper chamber and allowed to migrate toward a lower 
chamber containing 1% serum and the corresponding nintedanib concentration. Migration was assessed after 
24 h (A2058, WM983B, Mel Pt-3 pre, Mel Pt-3 post) or 4 h (Mel Pt-4 post). Relative migration was calculated 
as the ratio of migrated treated cells to controls. Data represent mean ± 95% CI of at least three independent 
experiments (at least N = 9). Statistical analysis was performed using the Kruskal–Wallis test; p < 0.05 was 
considered statistically significant.

 

Scientific Reports |        (2025) 15:42599 12| https://doi.org/10.1038/s41598-025-26571-3

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


cues delays migration onset, and the larger, more regular gaps require more time to be invaded. Importantly, 
closure dynamics were normalized to cell size, confirming that these slower kinetics reflected assay-specific 
features rather than simply differences in average cell dimensions. A longer incubation period, therefore, appears 
necessary in Z-E assays to fully capture drug effects. Interestingly, the two gap closure formats also yielded 
different rankings of cell line motility, with one assay identifying a different line as the fastest compared to 
the other. These discrepancies emphasize that methodological differences – together with intrinsic factors such 
as cell size, which strongly influenced closure velocity69,70 – can substantially alter the relative assessment of 
migratory capacity. When tested under nintedanib treatment, both assays detected inhibition, but sensitivity 
varied across cell lines. This pattern was further evident in the machine learning-based classification, where 
accuracy in detecting treatment effects varied by assay–cell line combination. For instance, Mel Pt-3 pre 
consistently showed the lowest classification accuracy across both assays, whereas Mel Pt-4 post reached the 
highest in the Z-E format.

Single-cell tracking offered complementary insights by quantifying spontaneous, multidirectional migration at 
the level of individual cells. Multiple quantitative parameters can be extracted and classified into three categories: 
path-based (e.g., velocity), displacement-based (e.g., mean squared displacement (MSD), displacement), and 
directionality-based (e.g., directionality ratio). Although velocity is the most frequently applied parameter in 
single-cell migration studies29,71, our data underscore the importance of integrating multiple metric types. 
Indeed, rankings differed depending on the chosen parameter: for example, Mel Pt-4 post appeared highest by 
MSD, whereas velocity analysis ranked Mel Pt-3 pre ahead. These discrepancies illustrate that reliance on a single 

Fig. 8.  Comparison of different migration assays under nintedanib treatment. (A) To assess the relative 
sensitivity of each assay, Inhibition% was calculated per cell line. The calculation was based on: 24 h MSD 
AUC values for single-cell tracking, relative scratch area AUC for scratch assay, relative gap area AUC values 
for zone-exclusion (Z-E) assay, and relative migration (treated/ control cell number) for transwell assay. 
Data represent the mean ± SEM of at least three independent experiments. Statistical analysis was performed 
using the Kruskal–Wallis test; p < 0.05 was considered statistically significant. (B) Classification accuracy 
of a machine learning-based random forest model trained to distinguish between control, 1 µM, and 2 µM 
nintedanib-treated cells across different migration assays (single-cell tracking, scratch, and Z-E assay). Data 
represent mean classification accuracy per cell line; error bars indicate 95% confidence intervals based on 
cross-validation.
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metric, such as velocity, may yield an incomplete or even misleading picture of migratory capacity. In practical 
terms, cells may display high velocities but still cover limited distances if their trajectories are tortuous, while 
slower cells can achieve greater net displacement if they move more persistently. Multidimensional profiling 
is therefore essential for accurately capturing single-cell motility and for detecting subtle, treatment-induced 
changes. Under nintedanib treatment, these multidimensional readouts became even more informative. Beyond 
descriptive metrics, single-cell tracking also provided the most powerful readout for classification using machine 
learning. It achieved 100% accuracy in distinguishing treatment conditions across all cell lines, outperforming 
both gap closure formats. This superior performance likely reflects its ability to capture not only motility but 
also intrinsic phenotypic features, including cell size and morphology, which proved critical for detecting drug 
effects. Notably, single-cell tracking fundamentally differs from collective migration assays in that no external 
incentive drives movement: cells migrate spontaneously rather than in response to wound closure or chemotactic 
gradients. As a result, it reflects intrinsic motility patterns that are not directly comparable to repair-driven or 
chemotactic behaviors, which helps explain discrepancies in rankings across assay types.

The transwell format captured yet another dimension of migration, namely chemotaxis and the ability to 
deform through pores. Unlike gap closure or single-cell assays, this setup introduces a quasi-3D constraint: 
cells must actively squeeze through a porous membrane, engaging deformation-based mechanics in addition 
to motility. While this does not fully recapitulate the complexity of 3D ECM invasion, it provides an 
intermediate perspective between 2D assays and true 3D models. At baseline, results showed a broadly similar 
but not identical hierarchy compared to gap closure and single-cell assays: Mel Pt-4 post displayed the highest 
migration, while WM983B consistently remained the lowest. This underscores that transwell migration reflects 
distinct aspects of motility, particularly chemotactic responsiveness and invasive potential. Under nintedanib 
treatment, the transwell assay revealed the strongest inhibitory effects across most cell lines. However, Mel Pt-4 
post paradoxically displayed increased migration, in contrast to the other assays. This anomaly likely reflects 
treatment-induced morphology: whereas nintedanib enlarged most cell lines, Mel Pt-4 post cells instead 
became smaller (Fig. S6), thereby likely facilitating passage through pores. Nintedanib has previously been 
shown to induce marked changes in cell morphology, including alterations in size and shape71–74, supporting 
this explanation. Combined with the intrinsically high motility of Mel Pt-4 post, derived from a vemurafenib-
treated patient, this distinct morphological response likely amplified variability and masked inhibitory effects in 
the transwell assay. Importantly, we deliberately applied sub-cytotoxic concentrations of nintedanib (1–2 µM) 
to assess migration independently of viability effects (Supplementary Fig. 4). While this strategy minimized 
confounding by cell death, it may also have increased stochastic variability, particularly in highly motile lines 
such as Mel Pt-4 post, where random fluctuations could partially obscure treatment responses. A more detailed 
exploration of cytoskeletal organization and mechanical adaptation in Mel Pt-4 post cells would likely provide 
further mechanistic insight, but was beyond the scope of this study.

Taken together, our results emphasize that no single assay captures the full complexity of migration and 
its pharmacological modulation. Baseline motility and drug-induced inhibition did not always correlate 
across formats, reflecting that each assay highlights distinct biological processes—such as collective closure, 
chemotaxis, or spontaneous motility—and therefore emphasizes different dimensions of cellular behavior. 
These considerations are critical when selecting an appropriate method for evaluating anti-migratory effects. 
To facilitate assay selection in future studies, we provide a comparative overview of strengths, limitations, and 
contexts of use based on our experimental findings (Table 1).

Several limitations must be acknowledged. First, only five melanoma cell lines were studied. These were chosen 
for their robust migratory behavior, which enabled meaningful quantitative comparisons; many carcinoma lines 
(e.g., breast or colon cancer) migrate poorly under comparable conditions, limiting their suitability for such 
analyses. While our results may not generalize across all tumor types, the methodological insights are broadly 
applicable. Second, all assays were performed in 2D environments, which cannot fully recapitulate the spatial 

Assay Strengths Limitations Context of use

Scratch 
wound

Simple, rapid setup; consistently showed faster apparent closure 
than Z-E in both control and nintedanib-treated conditions; 
inhibition effects appeared relatively consistent across cell lines

High variability in initial gap size and 
uneven edges; paracrine stimulation from 
damaged cells may confound drug-specific 
inhibition

Suitable for preliminary screening and when 
throughput is important, but interpretation should 
account for potential overstimulation artifacts

Zone-
exclusion 
(Z-E)

Reproducible and uniform gaps; minimized artifacts from cell 
damage; in some lines (e.g. Mel Pt-4 post) provided the clearest 
detection of inhibition

Slower closure dynamics; requires longer 
incubation; inhibitory effects varied by cell 
line rather than being uniformly strong

More controlled alternative to scratch; useful when 
minimizing variability and cell damage is critical

Single-cell 
tracking

Richest dataset (velocity, MSD, directionality); inhibition by 
nintedanib was robust across parameters; machine learning 
achieved 100% accuracy; uniquely allowed quantification of 
individual cell size and morphology

Labor- and data-intensive; scalability 
limited; spontaneous migration differs 
conceptually from collective closure or 
chemotactic responses

Best suited for precise dissection of drug effects 
at the single-cell level; the only format that 
isolates pure migratory behavior, independent 
of proliferation (gap closure) or deformability 
(transwell); particularly valuable when cell-intrinsic 
motility and morphology are central questions

Transwell
Captured chemotaxis and pore traversal (quasi-3D constraint); 
revealed strongest inhibitory effects overall, except paradoxical 
increase in Mel Pt-4 post due to reduced cell size (Fig. S6)

Highly sensitive to morphology and cell 
size; pore passage may mask true inhibitory 
effects; results less reproducible when image 
numbers are low

Valuable for invasion- or chemotaxis-focused 
studies; important to interpret results together with 
morphological readouts

Table 1.  Comparative summary of migration assay performance in this study. Strengths, limitations, and 
recommended contexts of use are summarized for each assay type based on our experimental results with five 
melanoma cell lines under nintedanib treatment.
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and mechanical constraints of 3D tissues, where migration depends on ECM remodeling, protease activity, and 
deformation through confined spaces75–80. Indeed, several groups have shown that cells migrate more slowly 
but with greater directional persistence in 3D compared to 2D [75, 69], and that pharmacological inhibition 
can yield divergent outcomes between the two settings78,79. These differences highlight that while our transwell 
assay introduces a quasi-3D element, true 3D systems capture additional matrix-dependent constraints that 
may critically influence drug responses. Third, although morphology was quantified from multiple fields and 
averaged across several cells to reduce variability, potential bias introduced by manual outlining cannot be 
entirely excluded. Finally, while single-cell tracking proved most informative, its labor intensity limits scalability 
for high-throughput drug discovery, though recent automation efforts may improve feasibility.

This research was funded by the RRF-2.3.1-21-2022-00004 grant of the National Research, Development and 
Innovation Office in Hungary.
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Experimental raw data (e.g.: video microscopy recordings) used and analyzed during the current study are avail-
able from the corresponding author on reasonable request.
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