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The morpho-kinetic landscape of
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Macrophages play an essential role in wound healing due to their dynamic nature and functional
plasticity, exhibiting highly heterogeneous morpho-kinetic behaviors depending on their activation
states. However, quantitative analysis of macrophage behavior in in vivo settings remains limited,
largely due to the complexity of their diverse morphologies and motility patterns over time. In

this study, we present an analytic workflow to investigate macrophage dynamics in zebrafish.

By computing a comprehensive set of morpho-kinetic features, we observe that M1-like (pro-
inflammatory) and M2-like (anti-inflammatory) macrophages exhibit distinct behaviors, such as
reduced shape elongation, more directed movement, and less random-like motion in M1-like compared
to M2-like macrophages. Based on these features, we classify macrophages in the transition period
into cM1-like (classified M1-like) and cM2-like (classified M2-like) groups. We compare and analyze their
behaviors, which allows us to estimate the timing of the phenotypic switch. In addition, macrophages
not expressing Tumor Necrosis Factor (TNF) are located significantly farther from the wound compared
to M1-like macrophages. While macrophages unstimulated by wound signaling exhibit some cM2-like
features, they differ notably in shape elongation and migration speed. In summary, this study provides
a quantitative analysis of macrophage behavior during wound healing and suggests distinct behavioral
landscapes across different macrophage activation states.

Wound healing is a fundamental biological process that restores tissue integrity following injury and provides
protection against pathogens. Efficient healing is therefore fundamental for maintaining overall health,
preventing infections, and reducing healthcare burdens!. Among the various immune cells involved in wound
healing, macrophages are essential to wound healing, given their dynamic nature and functional plasticity. As
key components of the innate immune system, macrophages take on the role of frontline defenders against
pathogens and contribute to tissue homeostasis, repair, and the progression of various diseases, including cancer,
chronic inflammation, and infections®.

Traditionally, macrophages in wound healing have been described in two main phases?: the early recruitment
of pro-inflammatory M1 macrophages, followed by a transition to anti-inflammatory M2 macrophages. M1-like
macrophages dominate the initial inflammatory phase, producing cytokines such as Tumor Necrosis Factor
(TNF) and Interleukin-6 (IL-6), and exhibiting strong phagocytic activity to clear pathogens and debris*®. As
inflammation subsides, macrophages shift toward the M2-like phenotype, supporting tissue repair and resolution
through factors like Transforming Growth Factor-81 (TGF-/31)%7. It has been observed that their polarization
state correlates with distinct morphological and migratory features across different model systems®!!. In murine
models, M1-like macrophages are typically rounded and flattened, while M2-like macrophages are elongated.
Correspondingly, studies in human macrophages and monocytes have shown that M1-like cells predominantly
use fast, adhesion-independent amoeboid migration, whereas M2-like cells exhibit slower, adhesion-dependent
mesenchymal movement™'2. However, it has been reported that macrophage activation occurs along a
continuum, including intermediate and non-classical phenotypes, shaped by local environmental cues and
not strictly conforming to the M1/M2 framework!*>-15. A comprehensive understanding of this spectrum of
macrophage modes is therefore crucial, as it provides valuable insights into macrophage functions during tissue
repair and helps guide therapeutic strategies for inflammatory and wound healing disorders.

Invivo experiments provide unique opportunities to observe the temporal and spatial dynamics of macrophage
plasticity and responsiveness during wound healing, offering valuable insights into their functional dynamics and
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regulatory mechanisms. While several studies in zebrafish have quantitatively analyzed macrophage dynamics
in in vivo settings'®"'%, detailed quantitative analysis of the relationship between macrophage activation states
and morpho-kinetic changes remains challenging. A major obstacle is the complexity inherent in analyzing
macrophages in dynamic in vivo environments, where cells exhibit heterogeneous morphologies and diverse
motility patterns over time.

In this paper, we investigate various aspects of macrophage behavior in vivo using the zebrafish model during
wound healing. We examine not only the classical M1-like and M2-like phenotypes but also macrophages that
do not express TNF (NonM1-like), unstimulated macrophages (unM), and macrophages in the transitional
phase from M1-like to M2-like. To understand the landscape of macrophage behavior, we analyze it from a
morpho-Kkinetic perspective that captures both morphological and dynamic features. This approach has been
demonstrated to be effective for characterizing and clustering the behavior of neutrophils and dendritic cells under
inflammatory conditions'®. Each macrophage mode is quantitatively characterized through detailed morpho-
kinetic analysis using advanced image processing techniques tailored to capture complex cellular dynamics.
These methods include macrophage segmentation and tracking®, as well as the extraction of directional versus
random-like motion?!. From time-lapse imaging data, we extract morpho-kinetic features that distinguish
macrophage behaviors across modes. Additionally, we apply classification methods?>?* to identify M1-like and
M2-like phenotypes specifically during the transition period. This comprehensive analysis reveals key morpho-
kinetic features associated with each macrophage mode and elucidates their relationships. We further identify
distinguishing characteristics of M1-like and M2-like macrophages during the transition period and estimate
the temporal range of the phenotypic shift. Ultimately, this work offers insights into macrophage dynamics
during wound healing and establishes a quantitative framework for analyzing macrophage behavior in vivo.

Results
Definition of macrophage modes in this study
To investigate macrophage morpho-kinetic behavior during wound healing in vivo, we employed the zebrafish
larval fin fold amputation model. M1-like macrophages were tracked using the double transgenic line
Tg(mfap4:mCherry-F/tnfa:GFP-f), in which all macrophages express a membrane-bound red fluorescent
protein, and those expressing TNE, a hallmark of M1 polarization, also express membrane-localized GFP. We
previously demonstrated that GFP™ macrophages in this model express tnfa alongside other M1-associated
markers, including tnfb, il6, and illb, during the early wound response’®. Although no M2-specific reporter
line was available, prior work showed that GFP" M1-like macrophages undergo in situ phenotypic conversion
into an M2-like state, characterized by expression of tgfbl, ccr2, and cxcr4b during the resolution phase!®.
Transcriptomic profiling further supported the inflammatory nature of early wound macrophages and the
reparative profile of later-stage macrophages??.

Based on these molecular characteristics and temporal contexts, we defined macrophage modes for this study
as follows:

o MI-like (early wound phase) GFP' macrophages present within the first 6 hours post-amputation (hpa)

o M2-like (late wound/resolution phase) macrophages emerging after 10.5 hpa, representing cells transitioning
from the M1-like state

o cMI-like Classified M1-like macrophages (GFP™) observed during the transition period (6-10.5 hpa)

o cM2-like Classified M2-like macrophages (GFP) observed during the transition period (6-10.5 hpa)

o NonMI1-like (absence of TNF signaling) Macrophages lacking GFP expression within the first 6 hpa

o unM (unstimulated) Homeostatic macrophages in uninjured larvae (GFP ™)

This GFP-based reporter system enabled continuous tracking of macrophage activation states as they
dynamically adapted their roles during wound repair. Live imaging of fin folds was performed using spinning
disk microscopy at defined time points, and macrophage behaviors observed in the recordings were annotated
according to these six modes.

Comparative analysis of morpho-kinetic behaviors in M1-like and M2-like macrophages

Using annotated microscopy videos of M1-like (up to 6 hours post-amputation, hpa) and M2-like (10.5-16
hpa) macrophages, we compared their morpho-kinetic features (see Materials and methods for details on video
annotation and feature extraction). Based on macrophage segmentation, tracking (Fig. 1A), and trajectory
smoothing (Fig. 1B), we computed 63 features (see Supplementary Fig. 7) from 55 macrophage trajectories in
M1-like videos (totaling 3308 segmented macrophages across all time frames) and 60 trajectories in M2-like
videos (totaling 3034 segmented macrophages across all time frames). Across multiple features, M1-like and
M2-like macrophages displayed distinct characteristics, including differences in cell morphology, movement
directionality, proximity to the wound site, trajectory shapes, and patterns of random-like motion.

Mean circularity of cell shapes per trajectory revealed that M1-like macrophages generally exhibited higher
circularity than M2-like macrophages (Fig. 1C, top-left panel), indicating that M2-like macrophages tend to
have more elongated and complex shapes. This observation is consistent with previously reported findings'®.

To assess movement directionality, we used the “Tangent Projection Metric” (TPM); a detailed mathematical
definition is available in the Supplementary Information. A TPM value closer to 1 indicates movement toward
the wound (along the normal vector of the wound line), while a value closer to -1 indicates movement away. We
computed TPM for the original trajectories, indicated by the suffix “ori” in the figure. As shown in the top-right
panel of Fig. 1C, the mean TPM for most M1-like trajectories was positive, whereas many M2-like trajectories
had negative TPM values. The average TPM thus showed a clear difference between the two phenotypes,
suggesting that M1-like macrophages exhibit stronger directional migration toward the wound.
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Figure 1. Quantitative analysis of morphology and movement in M1-like vs. M2-like macrophages. (A)
Examples of macrophage segmentation and tracking from annotated M1-like (GFP™, 0-6 h post amputation)
and M2-like (GFP™, 10.5-16 post amputation) videos, with vertical violet lines indicating the wound site.
The first column shows original images at a single time frame (top: M1-like; bottom: M2-like). The second
column shows the results after macrophage segmentation and tracking, where segmented macrophages are
displayed in white and individual trajectories are color-coded. (B) Smoothed trajectories (red) overlaid on
original extracted trajectories (black) from an M1-like (left) and an M2-like (right) trajectory. (C) Comparison
of features between M1-like and M2-like macrophages: mean circularity of cell shapes (mean_cir), mean
Tangent Projection Metric (mean_TPM_ori; positive values indicate movement toward the wound, negative
values away from it), minimum distance to the wound (min_distW_ori), meander ratio (M_TPM_ori),

and proportion of random-like motion (rseg). For direct comparison, M1-like and M2-like trajectories are
presented together. Trajectories from all M1-like videos (55 trajectories total) are shown to the left of the
vertical gray dashed line, while trajectories from all M2-like videos (60 trajectories total) are shown to the
right. Abbreviations for the feature names are described in detail in the Supplementary Information. The
horizontal axis represents macrophage trajectory indices, with M1-like on the left and M2-like on the right

of the vertical divider. Dashed yellow and blue lines indicate the average values for M1-like and M2-like,
respectively. Features with the “ori” suffix were computed from original (unsmoothed) trajectories.

We also examined how closely macrophages approached the wound. The mean distance can be misleading; for
example, when a macrophage moves from a distant location to the wound or vice versa, the resulting average
may fall in the mid-range despite the cell having reached the wound. Therefore, we used the minimum distance
in each trajectory as a more reliable indicator of wound proximity. In the middle-left panel of Fig. 1C, the
minimum distances from the wound site for the original trajectories (indicated by the suffix “ori”) are shown
for each M1-like and M2-like trajectory. The average minimum distance (dashed lines) was smaller for M1-
like macrophages than for M2-like, suggesting that M1-like macrophages are more frequently located near the
wound site. Note that although a macrophage that begins near the wound and migrates away would also yield a
low minimum distance, this measure still reflects the overall accumulation tendency near the wound.

Trajectory linearity was assessed using the meander ratio, defined mathematically in the Supplementary
Information. A value of 1 indicates a perfectly straight path, while higher values reflect increasingly winding
trajectories. In the middle-right panel of Fig. 1C, the original trajectories from M1-like showed lower meander
ratios than M2-like, implying that M1-like macrophages move in a more directed and linear manner.
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Finally, we quantified the portion of each trajectory exhibiting random-like trajectories using the feature,
I'seg. This measurement quantifies the proportion of time a macrophage spends in random-like motion relative
to the total duration of its trajectory. Random-like motion is identified by self-intersections within the trajectory,
where the macrophage’s path crosses over itself, which can also indicate looping behavior. Higher values suggest
that a larger portion of the trajectory involves looping or non-directional movement. As shown in the bottom
panel of Fig. 1C, M2-like macrophages had higher values of rscg, indicating that they spent more time in patterns
of looping motion. This finding is consistent with the higher meander ratios observed in M2-like macrophages.

Macrophage behavior during the transition period

To investigate macrophage behavior during the transition period (TP), we analyzed videos recorded between
6 and 10.5 hpa. We extracted trajectories from this period and classified them as cM1-like or cM2-like, based
on features previously obtained from annotated M1-like and M2-like videos. For classification, we applied a
nonlinear graph diffusion-based method?*?? (see Materials and methods). To optimize the model parameters, we
used the feature matrix from the reference M1-like and M2-like datasets (Supplementary Fig. 7) as the training
set for the model. The 113 trajectories extracted from the TP, containing 5743 totaling segmented macrophages
across all time frames, were then classified by the trained model.

The classification was performed in a reduced feature space, where the original 63 features were projected
onto 6 dimensions based on the pattern of the eigenvalue decay from principal component analysis (PCA), as
shown in the top panel of Fig. 2A. The bottom-left panel of Fig. 2A shows that PCA of labeled M1-like and M2-
like videos results in a largely distinct separation along the first two principal components (PC1-PC2), with some
overlap. Interestingly, some trajectories in the TP located in the overlapping region of the PC1-PC2 plane (e.g.,
the 32™¢ trajectory, highlighted with a red square) become distinguishable when additional dimensions, such
as PC2-PC3 (bottom-right panel of Fig. 2A), are considered. Incorporating additional dimensions improved
classification performance, with a training accuracy of 90.4%. As a result, the 113 trajectories from the TP were
classified as cM1-like (37 trajectories), cM2-like (75 trajectories), and unclassified (1 trajectory).

Temporal dynamics of several key features were analyzed across the cM1- and cM2-like trajectories (Fig.
2B). Trajectory data were binned into 20-minute intervals, and the mean feature values were calculated for each
bin. To ensure statistical robustness, we excluded outliers using the 1.5xIQR criterion and required a minimum
average of 12 observations per time frame within each time bin. For instance, a time bin spanning 20 minutes
with 2.5-minute sampling intervals contains 8 frames and thus requires >96 observations (12 x 8). The top-left
panel of Fig. 2B displays the mean TPM, indicating movement directionality relative to the wound. Around
460 minutes post-amputation (mpa), the classified M2-like trajectories begin to exhibit TPM < 0, suggesting
reduced migration toward the wound, while cM1-like trajectories maintain directional movement. The top-right
panel shows mean distance to the wound, where the cM2-like begin to migrate away from the wound around 550
mpa. In the bottom-left panel, the circularity sharply declines within the same time bin (~ 550 mpa), suggesting
a morphological shift toward more elongated cell shapes. Additionally, cM1-like trajectories exhibit a similar
range of speeds during the TP and higher speeds prior to 500 mpa (bottom-right panel). After this time point,
cM2-like trajectories exceed them and achieve maximum speed around 550 mpa when active reverse migration
begins, followed by a decrease in speed.

To further examine relationships between morpho-kinetic features over time, we generated two-dimensional
feature plots for each time bin, represented by semi-transparent points and lines annotated with time bin labels
(Fig. 2C). To enhance the visualization of temporal trends, moving averages were calculated using a three-bin
sliding window (i.e., averaged over every three consecutive time bins) and are shown as thicker lines in Fig.
2C. The top two panels show that the mean circularity of cM2-like trajectories during the TP begins to decline
as they reduce their active migration toward the wound. The bottom two panels show distinct speed patterns
between cM1-like and cM2-like macrophages during the TP: cM2-like macrophages accelerate during the phase
when active migration to the wound decreases, whereas cM1-like macrophages slow down. Notably, the mean
speed of classified cM2-like macrophages appears to be inversely correlated with circularity, as shown in the
rightmost panel.

NonM1-like macrophages in comparison with activated M1-like states

The morphologies and trajectories of nonM1-like macrophages, defined as macrophages that do not express the
tnfa:GFP-f (green) transgene, were extracted as shown in Fig. 3A (see Materials and methods and Supplementary
Fig. 1 for details of the extraction process). We extracted totaling 5266 segmented macrophages across all time
frames from 118 trajectories. A total of 63 morpho-kinetic features were computed and projected into PCA
planes derived from labeled M1-like and M2-like macrophage data as shown in Fig. 3B. In this PCA plane, many
NonM1-like trajectories are positioned closer to the M1-like region, particularly along the PC1-PC2 plane,
suggesting that NonM1-like macrophages generally exhibit morpho-kinetic characteristics more similar to M1-
like than to M2-like. However, several key features distinguish NonM1-like from activated M1-like macrophages.
As shown in Fig. 3C, both M1-like and NonM1-like macrophages migrate toward the wound (similar TPM
range); however, NonM1-like macrophages tend to remain at significantly greater distances from the wound
site. In terms of morphology, NonM1-like macrophages maintain relatively stable circularity over time, whereas
M1-like macrophages become progressively more elongated (lower circularity) as they migrate. Additionally,
M1-like macrophages show a gradual increase in speed over time, whereas NonM1-like macrophages accelerate
shortly after amputation but slow down later. To explore relationships between features, Fig. 3D shows the two-
dimensional plot of mean speed versus circularity for M1-like and NonM1-like macrophages. In general, both
modes show an inverse relationship between circularity and speed. In NonM1-like macrophages, circularity
tends to decrease as speed increases during the early phase following amputation; however, circularity begins to
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Figure 2. Analysis of macrophage states during the transition period (6-10.5 hours-post-amputation). (A
PCA-based analysis: eigenvalue decay (top), trajectory projection in PC1-PC2 (bottom-left) and PC2-PC3
(bottom-right) planes. A TP trajectory better separated in PC2-PC3 is marked with a red square (32™¢ point).
(B) Temporal trends of key features in cM1-like and cM2-like trajectories from all TP videos, analyzed in 20
min bins: mean TPM (positive values indicate movement toward the wound, negative values away from it),
distance to the wound, circularity of cell shapes, and speed. (C) Pairwise relationships between features over
time, showing mean values for the following pairs: TPM vs. circularity, circularity vs. distance to the wound,
TPM vs. speed, and circularity vs. speed. Bold lines represent moving averages using a three-bin sliding
window, and annotated numbers indicate the median value of each time bin. The last temporal point of the
moving average is marked slightly larger with a black edge.
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Figure 3. Morpho-kinetic comparison of NonM1-like and M1-like macrophages (0-6 hours-post-amputation)
(A) Examples of macrophage segmentation and tracking from an annotated NonM1-like video, with vertical
violet lines indicating the wound site. The top panel shows an original image at a single time frame (with both
red and green channels). The bottom panel shows the result after macrophage segmentation and tracking of
NonM1-like macrophages (identified by the absence of green signaling), where segmented macrophages are
displayed in white and individual trajectories are color-coded. (B) Projection of NonM1-like trajectories onto
the PCA planes derived from labeled M1-like and M2-like data. (C) Temporal trends of selected features for
M1-like and NonM1-like macrophages from all M1-like and NonM1-like videos, analyzed in 20 min bins:
mean TPM (top-left; positive values indicate movement toward the wound, negative values away from it),
mean distance to the wound (top-right), mean circularity (bottom-left), and mean speed (bottom-right).

(D) Pairwise feature relationship over time: mean speed versus circularity for M1-like (left) and NonM1-like
(right). The last temporal point of the moving average is marked slightly larger with a black edge.
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rise around 170 mpa, accompanied by a decrease in speed. In contrast, M1-like macrophages exhibit progressively
higher speeds and decreasing circularity over the observed period.

Macrophage behavior in the absence of wound signal

We analyzed the behavior of unM macrophages, defined as macrophages not exposed to a wound signal, from a
morpho-kinetic perspective. The steps of video processing were consistent with previous analyses; however, only
the mfap4:mCherryF (red) channel was used (top panel of Fig. 4A), since no inflammation was induced therefore
the tnfa:GFP-f (green) transgene was not expressed. In these unwounded conditions, macrophages tended to
accumulate in specific regions (see Supplementary Fig. 3). For reasonable analysis, we excluded trajectories in
which cells remained within such an accumulation zone for more than five consecutive time frames (see bottom
panel of Fig. 4A and Materials and Methods for details). As a result, totaling 9917 segmented unM macrophages
across all time frames were extracted with 132 trajectories. To compute features related to the wound site, such
as movement direction (TPM) and distance to the wound, a reference line corresponding to the site of wound
is required. However, since unM macrophages are from unwounded cases, we defined a vertical line closely
matching the location of the caudal fin fold to maintain consistency with the wounded condition, as amputations
in this study were performed in the caudal fin fold. Using 63 morpho-kinetic features, we projected the unM
trajectories onto the PCA planes derived from labeled M1-like and M2-like macrophages. As shown in Fig. 4B,
many unM trajectories cluster near the M2-like region in the PC1-PC2 plane, suggesting that unM macrophages
share greater similarity with M2-like than with M1-like in terms of overall morpho-kinetic behavior.

In Fig. 4C, the violin plots show the similarities and differences between unM macrophages and other
activation states, and also provide a comprehensive overview of the distributional differences across all
activation states. In the top-left panel, TPM (computed from original trajectories) for unM is close to zero, and
many unM trajectories are distributed near this value, indicating a lack of clear directionality. The median value
of mean TPM for unM closely resembles that of M2-like macrophages. However, the M2-like macrophages
exhibit a longer tail in the negative TPM range, reflecting the active reverse migration described earlier (see
second Results section). In the middle-left panel, the meander ratio was computed from original trajectories. For
unM macrophages, it is higher than for M1-like and NonM1-like and more closely resembles that of M2-like,
indicating more curved and less directed trajectories. The bottom-left and top-right panels show results for two
features capturing random-like movement: rien, representing the proportion of a trajectory’s length involved
in self-intersecting trajectories, and rseg, representing the proportion of time spent in such patterns. Both
measurements are significantly higher in unM macrophages than in M1-like and NonM1-like, and are similar
to M2-like values, further indicating a predominance of random patterns of circuitous motion. Despite these
similarities with M2-like macrophages, unM macrophages also exhibit distinct features, as shown in the middle-
and bottom-right panels. In the middle-right panel, unM macrophages show the highest mean circularity among
all modes, indicating the most rounded morphology, in contrast to the highly elongated shapes observed in
M2-like macrophages. Furthermore, in the bottom-right panel, unM macrophages exhibit the lowest median of
speed (computed from original trajectories) among all activation states, suggesting a relatively inactive or weakly
migratory state.

Discussion

In this study, we investigated distinct behavioral modes of macrophages during wound healing in a zebrafish
model. Using a comprehensive analysis pipeline, we computed 63 morpho-kinetic features to characterize
macrophage behavior in a high-dimensional feature space (see Supplementary Information, Supplementary Fig.
8, for the full analytic workflow).

We quantitatively compared M1-like and M2-like macrophages across several aspects, including morphology,
movement directionality, proximity to the wound, and trajectory shape. Our results showed that M2-like
macrophages are more elongated, exhibit less directed migration toward the wound (and in some cases reverse
migration), maintain higher meander ratios (indicating circuitous paths), and tend to remain farther from the
wound site. These findings suggest that M2-like macrophages may be responding to a weaker or diminishing
chemoattractant signal, resulting in less targeted movement toward the wound.

Using the features extracted from annotated MIl-like and M2-like data, we classified macrophage
trajectories from the transitional period (6-10.5 h post-amputation, hpa) into cM1-like or cM2-like groups.
The classification indicates that the cM1-like and cM2-like groups closely resembled the annotated M1-like and
M2-like trajectories, respectively, in terms of morpho-kinetic properties averaged over the observation period
for each trajectory. The extracted trajectories during the transition period (TP) originate from macrophages
that have been or are currently expressing the tnfa:GFP-f transgene. The classifier was trained to distinguish
only between cM1-like and cM2-like behaviors based on these average features within the TP; therefore, the
assigned labels reflect the dominant phenotype of each trajectory rather than the timing of the M1-like-to-
M2-like switch. As a result, some trajectories classified as cM1-like may exhibit cM2-like behavior in the later
part of the TP, while some cM2-like trajectories may include cM1-like behavior in the early part of the TP. To
better capture the temporal dynamics of the M1-like-to-M2-like transition, we analyzed the classified groups
by dividing their trajectories into time bins (Fig. 2B,C). This allowed us to investigate temporal patterns of
morpho-kinetic behavior within each group, providing a more detailed view of their dynamic changes over
time. With this temporal analysis of the classified cM1-like and cM2-like groups, we were able to estimate the
approximate timing of the M1-like-to-M2-like shift. The cM2-like macrophages begin to show TPM values <
0 (indicating loss of directed movement toward the wound) around 460 minutes post-amputation (mpa), with
reverse migration observed after 550 mpa. Therefore, the time range of 460-550 mpa likely corresponds to
the point at which M1-like macrophages begin transitioning to the M2-like mode. Moreover, pairwise feature
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Figure 4. Morpho-kinetic analysis of unM macrophages in the absence of wound signal. (A) Examples of
macrophage segmentation and tracking from an annotated unM video. The top panel shows an original image
at a single time frame (with red channel). The bottom panel shows the result after macrophage segmentation
and tracking of unM macrophages, where segmented macrophages are displayed in white and individual
trajectories are color-coded. Transparent violet regions (bottom) indicate manually defined macrophage
accumulation zones. (B) Projection of unM trajectories onto the PCA planes derived from labeled M1-like and
M2-like macrophages. (C) Comparison of unM and other macrophage modes across all videos of each mode
for selected features: mean Tangent Projection Metric (top-left panel; mean_TPM_ori; positive values indicate
movement toward the wound, negative values away from it), proportion of random-like motion in terms of
time frames (top-right; r'seg), meander ratio (middle-left; Meander ratio_ori), mean circularity of cell shapes
(middle-right; mean_cir), proportion of random-like motion in terms of trajectory length (bottom-left; rien),
and median speed (bottom-right; med_speed_ori). Abbreviations for the feature names are described in detail
in the Supplementary Information. Features with the “ori” suffix were computed from original (unsmoothed)
trajectories.
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analysis revealed that cM2-like macrophages exhibit increased speed and elongation during reverse migration,
providing further insight into the dynamics of this shift.

We also analyzed NonMIl-like macrophages that do not express TNE Although most NonM1-like
macrophages clustered near M1-like macrophages in the PCA planes based on morpho-kinetic features, they
exhibited a significantly greater distance to the wound, indicating that they were located farther away. This
suggests that TNF transcriptional activation, indicated by tnfa:GFP-f expression, is spatially associated with
wound proximity. Finally, we examined unM macrophages (those not exposed to wound signals). These
macrophages displayed no clear directionality, exhibited similar patterns of random-like movement to M2-like
macrophages, but maintained high circularity and low speed, indicating a rounded and minimally migratory
phenotype.

Collectively, in the context of wound healing, our study measures 63 morpho-kinetic features encompassing
both morphological properties (such as shape descriptors) and kinetic behaviors (including trajectory
characteristics, directional versus random-like motion patterns, and spatial dynamics relative to the wound). This
comprehensive feature set, combined with automated classification methods, enabled us to characterize distinct
macrophage modes, estimate the timing of phenotypic transitions, and establish a quantitative framework for
analyzing macrophage behavior during wound healing in vivo.

Recent in vivo studies have demonstrated that morphological parameters and motility measurements
can provide quantitative descriptors of macrophage functional states. One study showed that morphological
parameters measured over time can differentiate resident tissue macrophages in response to chemical
activation®. Another study examining speed and circularity over time revealed that macrophages of the same
activation state but with distinct morphologies can exhibit similar functional behaviors, highlighting the complex
relationship between form and function?. Complementing these in vivo findings, several in vitro studies have
explored macrophage classification using morphology and movement. For example, in a study using primary
murine bone marrow-derived macrophages”, cells were maintained in the unM state, or polarized toward M1-
like or M2-like states, and they were tracked under time-lapse imaging. A deep learning model trained only on
cell trajectories achieved over 90% classification accuracy, demonstrating that kinetic patterns are informative
for distinguishing macrophage modes. Also, the authors interpreted characteristic migratory behaviors for
each macrophage subtype e.g., unM macrophages were described as “jiggling in place”, which is consistent
with our observation of low-motility unM macrophages in vivo. Another study focused on morphological
features, using macrophages differentiated from human monocytes?®. The authors extracted shape descriptors
(area, eccentricity, etc.) and were able to classify M1-like and M2-like cells, and distinguish them from naive
macrophages and monocytes, with approximately 90% accuracy. This indicates that cell morphology differs
significantly between polarization states and can be used as significant features to distinguish them. In addition,
a study using two-photon fluorescence lifetime imaging (2P-FLIM) on human macrophages* demonstrated
that M1-like and M2-like macrophages exhibit distinct metabolic dynamics. By analyzing fluorescence lifetime
parameters reflecting metabolic activity and applying a random forest classifier, an accuracy score up to 0.94 was
achieved. This work highlights that metabolic behavior, similarly to motility and morphology, is a discriminative
feature of macrophage polarization. These studies collectively demonstrate that macrophage polarization differs
not only in gene expression, but also in morphological, kinetic, and metabolic characteristics, implying that each
of these can be used as a key descriptor for classification.

Our study opens several directions for future research. The development of a method to register identical cells
between the red channel (mfap4:mCherry-F) and green channel (tnfa:GFP-f) would enable analysis of the exact
timing of macrophage activation and reveal the relationship between activation timing and spatial positioning.
In addition, advanced multi-dimensional interpretation methods that reveal complex interactions among
multiple features simultaneously could provide additional insights into macrophage behavior across modes.
Our study employed multi-dimensional analyses using all 63 morpho-kinetic features, including PCA-based
dimensionality reduction in 6-dimensional space and automated classification during the transition period, to
capture the full behavioral landscape of each macrophage mode. For interpretability and clarity, we presented
results by examining individual or pairwise features to highlight specific behavioral characteristics that distinguish
each mode. Future studies could complement this approach with methods that quantify and visualize feature
interactions, potentially revealing emergent behavioral signatures not apparent from individual feature analysis.
Lastly, we classified cM1- and cM2-like trajectories during the TP using a classifier with 90.4% accuracy and
analyzed their temporal behavioral differences based on the classified trajectories. Although this approach can
estimate the timing of phenotypic switching (from M1-like to M2-like), finer temporal resolution would enhance
our understanding of the behavioral changes during switching. Because our method computed five statistics
(mean, median, standard deviation, minimum, maximum) for each trajectory over its entire duration, it captures
overall behavioral patterns rather than precise transition dynamics. To achieve finer temporal resolution, future
approaches could develop classifiers capable of operating on shorter trajectory segments, allowing individual
trajectories to be split into time windows and each segment classified independently. Additionally, methods that
incorporate temporal information directly into the feature set, or employ soft clustering to identify intermediate
phenotypes, could better capture gradual transitions. These approaches would enable more precise estimation
of when individual macrophages undergo phenotypic switching, providing deeper insights into the dynamics of
macrophage behavioral transitions during wound healing.

Materials and methods

Ethics statement

Fish husbandry, embryo collection and animal experiments were conducted by well-trained and authorized staff
at LPHI laboratory (CNRS/UMR5294), University of Montpellier, according to European Union guidelines for
handling of laboratory animals (https://ec.europa.eu/environment/chemicals/lab_animals/index_en.htm) and
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were approved by the Comité d’Ethique pour 'Expérimentation Animale under reference CEEA-LR- B4-172-37.
Developmental stages used were between 3 days post-fertilization (dpf) and 4 dpf. Specimens were euthanized
using an anesthetic overdose of buffered tricaine.

Study design

This study investigated the behavior of macrophages in zebrafish larvae following caudal fin fold amputation.
Experimental units were individual larvae, randomly assigned to wounded or unwounded conditions. The
primary comparison was between different macrophage phenotypes across time points after injury. Based on the
acquired time-lapse image data, we performed a comprehensive quantitative analysis of macrophage morpho-
kinetic behaviors. This manuscript complies with the ARRIVE guidelines 2.0. The corresponding checklist is
provided in Supplementary Table 3.

Data acquisition and macrophage annotation

The datasets used in this study consist of in vivo videos of migrating macrophages in the tail region of transgenic
Tg(mfap4:mCherry-F)umpé6 ; Tg(tnfa:GFP-F)ump5 zebrafish larvae, at 3 dpf. To induce a wound response, larvae
were first anaesthetized in zebrafish medium supplemented with 200 pg/ml tricaine (ethyl 3-aminobenzoate
methanesulfonate, MS-222 sigma # A5040). Then, the caudal fin fold was amputated with a sterile scalpel,
posterior to muscle and notochord and larvae were either transferred in their medium at 28 °C until later
imaging or mounted in 1% low-melting point agarose approximately 20 minutes after amputation (to allow
partial wound closure), as previously described!®. Intra-vital imaging was performed usingan ANDOR CSU-W1
confocal spinning disk on an inverted NIKON microscope (Ti Eclipse) with ANDOR Neo sCMOS camera (20x
air/NA 0.75 objective); lasers 488 nm (GFP) and 561 nm (mCherry). Image stacks for time-lapse movies were
acquired at 28 °C with following setups: Time steps and time ranges are indicated in Supplementary Table 1, z
step was 1 to 3 um. Macrophages were identified by the expression of the mfap4:mCherry-F transgene, allowing
the production of a membrane-localized red fluorescent protein indicating cell identity. M1-like activation
of macrophages was identified by the expression of the tnfa:GFP-f transgene, allowing the production of a
membrane-localized green fluorescent protein in cell producing TNF, a known marker of M1-like macrophages.
For the analysis, 4D files generated from time-lapse acquisitions were projected into two dimensions using the
maximum intensity projection. Macrophage behavior observed in the videos was annotated into four distinct
modes, as detailed in Table 1 of the Supplementary Information. As no specific marker for M2-like macrophages
was available in this experimental system, M1-like and M2-like annotations were assigned based on the time
post-amputation, reflecting the time-dependent polarization from M1-like to M2-like states during wound
healing in zebrafish. The annotation of macrophages considered both activation of the tnfa:GFP-f transgene and
the time after amputation. M 1-like expressed tnfa:GFP-f and were present during the first 6 hours post-activation
(hpa), corresponding to the pro-inflammatory phase with macrophages up-regulating cytokines, chemokines
and key pro-inflammatory pathways, meanwhile increasing levels of genes of glycolysis?*. M2-like were defined
as macrophages transitioning from M1-like, observed between 10.5 and 16 hpa, a time window corresponding to
inflammation resolution; macrophages from this period are known to down-regulate pro-inflammatory pathway
while expressing metalloproteinases*!. NonM1-like were macrophages that did not show TNF expression within
the first 6 hpa; and unM were macrophages in homeostasis, without any wound. Additionally, macrophages
showing TNF expressing during the transition period (6-10.5 hpa) were labeled as TP.

Sample size

A total of 10 zebrafish larvae were used in this study. Of these, 5 were used to study M1-like, NonM1-like, and TP
modes. Among them, 3 were suitable for TP analysis based on the time window. Two larvae were used to study
M2-like and TP states, and 3 unwounded larvae were used for the unM state. No formal sample size calculation
was performed. The sample sizes were determined based on previous studies using similar experimental setups.

Randomisation, blinding, and inclusion criteria

Larvae were randomly assigned to experimental conditions (wounded or unwounded) from the same
developmental batch without using a formal randomization procedure. Image annotation and macrophage
classification were performed according to predefined criteria (time window and gene expression). M1-like and
M2-like classification in the TP was performed entirely using a computational method without subjective input.
No animals or data points were excluded unless imaging was incomplete or the larvae were damaged during
mounting. These criteria were established prior to analysis.

Analysis methods

Statistical analyses were performed using R and Python. Group comparisons were tested using the Kruskal-
Wallis test, followed by Bonferroni-adjusted Dunn’s post hoc test. Moving average and pairwise spatial analyses
were conducted in Python. All numerical methods for image segmentation, tracking, trajectory smoothing, and
classification were implemented by us in C and C++-.

Macrophage segmentation
Macrophage segmentation was performed using a multi-step workflow consisting of space-time filtering, local
Otsu thresholding, and the Subjective Surface Segmentation (SUBSURF) method, as described in Park et al.?.
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Space-time filtering

Space-time filtering was applied to reduce noise while preserving macrophage signals by considering their
temporal coherence. For a macrophage video with time slices on the interval [0, 6], where 6 represents a
particular time slice, the space-time filtering is governed by

ou
Fri clt(u)V - (g(|VGg * u|)Vu). (1)
Here, t represents the scale (amount of filtering) and u(t, z1, z2, 6) is the unknown real function defined on
[0, Tr] x Q x [0,0F], withx = (21, 22) € Q C R?. The clt(u) function is defined as*

1

clt(u) = min W(\ < Vu,wy —wz > |+ |u(x — w1,0 — A) — u(x, 0)] + [u(x + wa, 0 + A0) — u(x,0)|), (2)
w1, w2

where w; and ws are arbitrary vectors in 2D space, A6 is the time increment between discrete time slices, and
< a, b > denotes the Euclidean scalar product. The edge detector function g is defined as

1

“ TR K20 )

g(s)

where K controls the sensitivity to s. G- is a Gaussian function with variance o used for pre-smoothing by
convolution.

Local otsu thresholding
After filtering, we applied the local Otsu’s method to identify approximate macrophage regions by adaptively
calculating thresholds for each pixel. The resulting binarized images were obtained based on

o _ [ 1,I(i,5) > T;; and Equation 5 is fulfilled
B(i,j) = { 0, otherwise, ! (4)
T Y — g (TF.
‘:U’O( 1,]) fl( z,j)' >57 (5)
NO(Ti,j)

where I(i, j) is the image intensity of a pixel (i, j). The optimal threshold 7;"; maximizes the between-class
variance

ob(T7;) = pBax a5 (Ti;),
>4y
2 (6)
ot W Tiy‘ — Ti,'w Ti/
U%(Ti,j): (Ntt 0(T3,5) — po(Ti,5)wo J)) 7

wo(T;,5) (1 = wo(Ts;))

with the following terms defined as

T;, 5 Ty, 5 L
1
wo(Tiz) = E pr, po(Tiy) = m g TPry  Htot = E TPr, (7)
r=0 ’ r=0 r=0

where p, is the probability of intensity r in the local gray-level histogram, calculated as p, = n,./N, with n,
being the number of pixels with intensity r and N the total number of pixels in the local window.

Subjective surface segmentation (SUBSURF)
To refine macrophage boundaries and remove residual noise, the SUBSURF method®! was applied to each 2D
frame independently. The SUBSURF method is described by

ou Vu
5% [VulV - (gw) (8)

where u is a level set function, g = g (|[VGo * Io|) as previously defined, and Iy denotes the original image. The
SUBSUREF equation was solved for u(t, x) with (¢, z) € [0, Tss] x €, where Q C R?.

Parameter settings and post-processing

All segmentation parameters followed those in the original article?’, except for § in the local Otsu thresholding.
Specifically, the parameter § was set to 0.4 for M1-like and TP videos, 0.3 for unM videos, and 0.5 for M2-like
videos. As a post-processing step, we applied a weighted dilation and erosion approach? to complete fragmented
macrophage segments, described by

ou
57 v Vul =0, ©)
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where v; ; = %(S’Z] + I, ), with + denoting erosion (+) and dilation (<), and S; ; = 1 — |I; ; — T}, This
process involved 10 iterations each of dilation and erosion across all videos.

Segmentation of NonM1-like macrophages

Identification of NonM1-like macrophages, those present in mfap4:mCherryF (red channel) but lacking
tnfa:GFP-f (green channel) activation, was performed by segmenting both green and red fluorescence channels
using the same procedure, Eqs. (1)-(9). The red channel used a threshold parameter § — (.3, with all other
parameters matching those of the green channel (Ml-like videos). NonM1-like macrophages were then
detected by assessing the overlap between segmented regions in the red and green channels across all time
frames. Segmented macrophages that were present exclusively in the red channel, without any corresponding
overlap in the green channel, were annotated as NonM1-like. A detailed overview of this process is illustrated in
Supplementary Fig. 1 of the Supplementary Information.

Macrophage tracking

Approximated centers and trajectory extraction

For tracking, we followed the approach outlined in Park et al?’. The process began by computing the
approximated center of each macrophage through the solution of the Eikonal equation from the boundary of
segmented regions.

Vi)l =1,  xeQ o)
d(x) =0, x € 010,
where Q denotes a segmented macrophage, 9 is its boundary, and | - | is the Euclidean norm in R?. The

center was defined as the pixel with the maximum distance to the boundary (i.e., the most interior point). Next,
partial trajectories were extracted from temporally overlapping segmented macrophages. These trajectories
were then connected based on the direction of movement. To determine whether two partial trajectories
should be connected, we estimated the cell center position res just before or after the endpoint of a trajectory by
extrapolating its path using the local slope, representing the direction of motion. A connection was established
if the estimated point was sufficiently close to the endpoint re of another trajectory, satisfying the condition:

[Pes — re| < Ar. (11)

Additionally, connections were evaluated based on whether the estimated center res was located near the start
or end point of another trajectory across multiple consecutive time frames. Two trajectories were connected if
both of the following conditions were satisfied.

[res — rj| < Arg and O, < Ary, (12)

where r; represents another trajectory close to the estimated point res, and ©. denotes the number of common
time frames between trajectories considered for connection. For all videos analyzed in this study, we set
Arg = 5. The spatial connection parameters Ar and Ars were adjusted depending on the video type. For M1-
like macrophages, we set Ar = 60 and Ars = 120. For M2-like macrophages, NonM1-like macrophages, and
unM macrophages, we used Ar = 50 and Ary = 100. For TP videos, we employed intermediate values with
Ar = 55 and Ary = 110. All remaining parameters were maintained as reported in the original method?. To
ensure robustness in tracking, only segmented regions with a maximum distance from the boundary greater
than 6.5 were considered, thereby excluding minor segmented regions.

Exclusion of short and unreliable trajectories

To ensure reliable analysis, only trajectories with a sufficient number of time points, corresponding to at
least one hour of continuous movement, were considered. For example, in videos with a temporal resolution
of 2.5 minutes per frame, only trajectories containing more than 24 points were included. Additionally, due
to macrophage accumulation at wound sites, the 2D projection of the data can result in the visual merging
of adjacent macrophages. This often leads to segmentation artifacts, where multiple cells appear as a single
connected region, potentially leading to inaccurate trajectory interpretation. To mitigate this issue, we manually
defined a macrophage accumulation zone (MAZ), indicated by violet rectangles in Fig. 2 of the Supplementary
Information. Trajectory segments in which macrophages remained within an MAZ for more than five consecutive
time frames were excluded from further analysis.

Trajectory smoothing and randomness extraction

To separately analyze directional and random-like macrophage motion, we applied the trajectory smoothing
model proposed by Lupi et al.?!, extracting segments of the random-like motion. This method is based on
evolving curves, formulated through the following partial differential equation.

% = —0(x,t)kN + A(x,1) [(xo — x) - N]N + oT. (13)

This equation describes the evolution of points x along the curve through three key components: a curvature-
based smoothing term, —kN that depends on the local curvature k; an attracting term, [(xo — x) - N]IN that
preserves the shape of the original trajectory; and a tangential component, T for numerical stability, where
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T and N denote the unit tangent and normal vectors, respectively. In this model, the parameters §(x, t) and
A(x, t) were adaptively selected based on the presence of self-intersections along the curve, and thus depend
on both spatial and temporal coordinates. Trajectory segments that lie within self-intersecting regions were
specifically targeted for smoothing. These segments, referred to as random segments, are defined as portions of
the trajectory between two self-intersection points, including all intermediate points.

Extraction of morpho-kinetic features
After the aforementioned processing steps, we computed both morphological and kinetic features for individual
macrophages from extracted trajectories.

Morphological features were computed from the segmented regions (i.e., connected regions) containing each
trajectory point and were analyzed along the full trajectories over time. For simplicity, we refer to these regions
as segmented macrophages; they were derived from binarized images obtained through the segmentation
workflow. For each segmented macrophage, we computed the area, perimeter, and circularity across all time
frames. Circularity quantifies the roundness of a shape, where a value of 1 corresponds to a perfect circle. Lower
circularity values indicate more elongated or irregular morphologies, capturing greater structural complexity.

Kinetic features focused on four main aspects: trajectory shape, directionality toward the wound, distance
to the wound, and speed. Trajectory shape was characterized using both extracted random segments and the
meander ratio. Directionality was evaluated by projecting tangent and velocity vectors at each time frame
onto the normal vector of the wound site. Distance to the wound was defined as the shortest distance to the
macrophage’s current position to the wound boundary. Speed was calculated across all time frames for each
trajectory.

The detailed mathematical formulations are described in the Supplementary Information, along with an
overview of these features (Table 2).

Classification of macrophage trajectories

To analyze macrophage behavior during the transition period, we classified M1- and M2-like trajectories
(cM1-like and cM2-like, respectively) based on extracted morpho-kinetic features. For this, we used NatNet?,
a nonlinear graph-diffusion classifier that operates in a reduced feature space. The model was trained using
annotated data consisting of trajectories labeled as M1-like or M2-like, with morpho-kinetic features computed
for each trajectory. Optimal model parameters were determined during the training process. After identifying
the optimal parameters, the classifier was applied to trajectories from the transition period to assign cM1-like or
cM2-like labels based on their similarity to the annotated trajectories. Classification is performed by solving the
graph diffusion equation, as described below.

% =V-(@VX(v,t), veV(G), telo,T] (14)
In this equation, X : G x [0, 7] — R” represents the Euclidean coordinates of vertexv € V (G) at time ¢, where
tis an abstract time variable associated with the graph diffusion process, with X (v,t) = (z1(v,t),...,2x(v,t))
and k being the dimensionality of the reduced feature space R". The equation models a diffusion process over
the directed graph G.

The diffusion coeflicient g associated with an edge e is defined as

Cus) = e(ew) . K >0, i=1,...,k
9(euw) Ty Kl lew) > (15)
where €(ey. ) depends on the type of diffusion. For edges connecting nodes of the same class, (€. ) is positive
and represents the forward diffusion that attracts the nodes to each other (typically set to 1). For edges between
nodes of different classes, £(ewv) is assigned a small negative value, representing the backward diffusion that
repels the nodes.

Here, K; are weights assigned to each coordinate I; (€., ) of the vector, [(eyo) = (l1(€uv), - - -, lk(€us)) | =
X(’U7 ) - X(uv ) = (ml(vv ) - l’l(u, ')7 cees $k(’U7 ) - mk(’u” ))T foru,v € V(G)

The accurate classification relies on appropriately tuning the parameters of the diffusion coeflicient g,
particularly the weights K;. Once optimal parameters are determined, new nodes (trajectories) can be added
to the graph and classified by propagating them through the optimized graph diffusion network. For any new
trajectory, £(eyy ) is set to a positive value such that it is attracted to all nodes of the directed graph, and it is then
assigned to the class with which it is most closely associated according to the network dynamics?.

To reduce the dimensionality of the original 63-dimensional feature space, we applied principal component
analysis (PCA). We selected the first 6 principal components, as the eigenvalues beyond the 6th component
were small and nearly uniform (see Fig. 2A). The final classification, therefore, was conducted in this reduced
6-dimensional PCA space by solving Eq. (14).

The optimal diffusion coefficient ¢ was determined using trajectories from annotated videos based on
the time period after amputation, each representing either an M1-like or M2-like trajectory. Morpho-kinetic
features from the TP videos were extracted, and trajectories in the TP were then classified by NatNet as cM1-
like or cM2-like. In this study, the optimal parameters K, fori = 1,..., 6 in Eq. (15) were obtained as follows:
K1 = 4050, K> = 3800, K3 = 50, K4 = 550, K5 = 3300, and K = 2800.
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Data availability
The raw imaging and processed datasets containing extracted macrophage trajectories and morphological fea-
tures are available at Zenodo: 10.5281/zenodo.16319732
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