
PNAS  2025  Vol. 122  No. 47 e2424047122� https://doi.org/10.1073/pnas.2424047122 1 of 12

RESEARCH ARTICLE | 

Significance

 The mechanical forces cells 
generate govern behaviors from 
embryonic development to cancer 
metastasis. Nearly all knowledge 
of these forces comes from cells 
on flat surfaces, environments that 
poorly represent the fibrous 
architecture of real tissues. We 
found that in fibrous 
environments, cells follow different 
mechanical rules: They form 
force-generating attachments 
throughout their body rather than 
just at edges, and they respond 
more strongly to the directionality 
of tension than to matrix stiffness. 
We develop nondisruptive, live-cell, 
and real-time measurement of 
forces exerted on fibers to uncover 
force signatures during migration 
and stem cell differentiation. 
These findings overturn 
conventional understanding of 
cellular mechanosensitivity, 
revealing principles that govern 
cell behavior in health and disease.
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Cells in tissues navigate fibrous environments fundamentally differently than they do 
on flat substrates, but the establishment of cell forces in physiological fibrous settings 
remains poorly understood. Although factors such as the stiffness of the extracellular 
matrix (ECM) are known to drive behaviors, including cell motility on flat nonfibrous 
substrates, the interplay between fiber architecture and stiffness in fibrous ECM is not 
known. Here, we find that in fibrous environments, the directionality of mechanical 
forces overrides ECM stiffness as the primary regulator of contractility in migrating 
cells. Using an approach combining phase microscopy with deep learning to map forces 
in real time, termed deep learning-enabled live-cell fiber-force microscopy (DLFM), 
we reveal that when cells transition between anisotropic and isotropic stress fields, 
their contractility significantly drops despite encountering stiffer ECM, contrary to 
the behavior of cells on flat nonfibrous substrates. Unlike the peripheral adhesions 
observed on flat nonfibrous substrates, cells in fibrous matrices form force-generating 
adhesions throughout their body, stabilized by out-of-plane mechanical components 
unique to fiber geometry. Cells exhibit distinct force signatures during migration, 
division, and differentiation, with temporal signatures that predict stem cell fate. These 
findings, enabled by combining deep learning and the mechanics of cells and fibers, 
explain long-standing paradoxical behavior of cells navigating deformable fibrous 
environments, how they can pull and tug at them, and identify tension anisotropy 
as a master regulator of cell behavior, with implications for cancer invasion, tissue 
engineering, and regenerative medicine.

traction force microscopy | cell-fiber interactions | mechanobiology | focal adhesions |  
machine learning

 Cells generate mechanical forces to migrate, divide, and maintain tissue architecture in 
fibrous environments, but our understanding of these forces comes almost entirely from 
studies on flat, continuous substrates that bear little resemblance to the fibrous networks 
of living tissues ( 1           – 7 ). This disconnect has left fundamental questions unanswered, includ-
ing how force dynamics relate to fiber architecture and stiffness in critical cellular decisions 
like differentiation, and how cells in three-dimensional (3D) matrices form adhesions in 
locations that would be unstable on two-dimensional (2D) surfaces. Addressing these 
questions has been impossible because existing methods require either killing cells, para-
lyzing them with drugs, or labeling them with fluorescent markers, all of which can alter 
the behaviors we seek to understand.

 The challenge is particularly acute for understanding focal adhesions, the force- 
transmitting structures that connect cells to their surroundings. On flat substrates, these 
adhesions form exclusively at cell edges where shear forces stabilize them ( 8 ). However, 
cells in fibrous matrices display a fundamentally different pattern, with adhesions often 
appearing far from the cell periphery ( 9                 – 18 ), which causes differences in force patterns. 
Traditional traction force microscopy ( 19         – 24 ), while being powerful for studying cells on 
continuous substrates, cannot resolve the mechanical interactions between living cells and 
individual fibers. Methods adapted for 3D hydrogels ( 25 ) provide spatial resolution but 
use materials that differ substantially from native fibrous ECM, while approaches for 
fibrous systems lack the resolution to track adhesion dynamics or require endpoint meas-
urements that miss critical temporal information ( 9 ,  10 ,  18 ,  26       – 30 ).

 The inability to measure forces in real time has obscured another fundamental aspect 
of cellular mechanics: How the directionality of mechanical signals influences cell behavior. 
Recent evidence suggests that differences in mechanical tension between directions (“ten-
sion anisotropy”) may be as important as absolute stiffness in regulating cell fate ( 31 ). 
However, testing this hypothesis requires tracking forces continuously as cells navigate D
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between regions of different mechanical properties, something 
current methods cannot achieve.

 To measure cellular forces in real time as cells migrate through 
fibrous matrices, we developed a method called deep learning- 
enabled live-cell fiber-force microscopy (DLFM). This technique 
uncovered principles of cellular mechanics. DLFM integrates 
standard phase-contrast microscopy with deep learning algorithms 
trained to simultaneously track both cells and fiber deformations, 
enabling continuous, label-free force measurements without 
chemical perturbations.

 Developing DLFM involved addressing several key challenges. 
Most deep learning methods can track deformation on static back-
grounds ( 32       – 36 ), but segmenting semitransparent, moving cells 
on a similarly deforming, fibrous background requires much 
higher resolution than previously available ( 37 ). Furthermore, 
conventional segmentation methods each have limitations: Deep 
learning-based segmentation requires large, annotated datasets 
( 38 ); optical flow techniques struggle when both the foreground 
and background are semitransparent and deforming ( 39 ); active 
contour models perform poorly with partially transparent objects 
( 40 ); and generative adversarial networks (GANs), though pow-
erful, are computationally intensive and often unstable when 
modeling subtle transparency and deformation ( 41 ).

 Physics-based models can simplify AI algorithms ( 42 ), but they 
are less effective when the underlying biophysical processes, such 
as those governing cell migration, are not well understood. 
However, prior work has shown that integrating phase-contrast 
microscopy with GANs can enhance image quality ( 43 ), and pre-
dict fluorescent labeling patterns in unlabeled cells ( 32 ,  44 ,  45 ). 
Based on this, we designed DLFM using a GAN architecture. 
Using a system of parallel labeled training image datasets, we side-
stepped issues of cell translucency and simultaneous foreground 
and background deformation.

 We developed the DLFM method using a well-defined crosshatch 
network of fibers, which allowed us to vary the interfiber spacing, 
thus achieving robust control on diverse cell shapes ( 30 ). The DLFM 
platform revealed three surprising findings that reshape our under-
standing of how cells interact with their mechanical environment. 
First, we found that tension anisotropy dominates over ECM stiff-
ness in controlling cellular contractility ( 31 ). Cells migrating from 
anisotropic to isotropic stress fields reduced their forces, despite 
moving into regions of higher overall stiffness, in contrast to the 
prevailing view that stiffer environments always promote stronger 
cellular forces. Second, we found that out-of-plane mechanical com-
ponents unique to fibrous geometries enable cells to form stable 
focal adhesions throughout their body, not just at their periphery. 
Integrated experiments and computational modeling demonstrated 
how these interior adhesions arise from the 3D nature of cell–fiber 
interactions. Finally, we resolve force signatures during migration, 
cell–cell interactions, and differentiation. These temporal dynamics, 
invisible to endpoint measurements, revealed that stem cells under-
going adipogenic differentiation suppress forces early, while those 
undergoing osteogenic differentiation enhance forces late, suggest-
ing mechanical signatures of cell fate decisions. Together, these 
findings establish tension anisotropy as a master regulator of the 
interactions of migrating cells with fibrous networks and demon-
strate how real-time force measurements can uncover biological 
principles hidden from traditional approaches. 

Results

Nonuniform, Out-of-Plane Stresses Enable Adhesions to 
Form Away from the Cell Periphery. To understand how cells 
exert forces on their surroundings, we first examined how they 

form connections with the extracellular matrix (ECM). Cells 
generate forces through focal adhesions, molecular assemblies 
that physically anchor the cell to the ECM. While previous 
studies using flat surfaces (2D nonfibrous hydrogels) showed that 
these adhesions form primarily at the cell edge, a fundamentally 
different pattern emerged in our fibrous environments. These were 
evident in human mesenchymal stem cells (hMSCs) on networks 
of orthogonal fibers, which, unlike flat nonfibrous 2D substrates, 
exhibited focal adhesions distributed across the entire cell surface, 
including regions far from the cell periphery (Fig. 1 A and B).

 We used a chemomechanical cell model to investigate the mech-
anisms behind this distinct focal adhesion formation in fibrous 
ECMs, previously validated on 2D nonfibrous ECMs (SI Appendix, 
Fig. S1 ) ( 46 ). The model incorporates key cytoskeletal compo-
nents involved in adhesion, including myosin, actin, microtubules, 
and focal adhesions (SI Appendix, Notes  1 and 2  and Materials and 
Methods ). Central to the model is the hypothesis that actomyosin 
contractility and focal adhesion formation are regulated by 
mechanical tension generated within the cytoskeleton and at the 
cell–ECM interface, respectively.

 Simulations began with two initial conditions: i) uniform and 
isotropic cell contraction, reflecting a uniform initial distribution 
of myosin and actin densities, both spatially and in terms of ori-
entation distribution, and ii) a uniform, compliant layer of focal 
adhesions, modeling immature adhesions and weak cell–ECM 
connections ( Fig. 1C  ). Starting from these conditions, the model 
predicted that cell contraction would stretch immature focal adhe-
sions ( Fig. 1C  ). Prolonged stretching matured the adhesions to a 
stiffer state, creating a stronger link between the cell and ECM 
that resisted further contraction and upregulated cytoskeletal ten-
sion. This tension promoted actomyosin contractility ( 47 ), stiff-
ening actin along the direction of maximum principal stress and 
representing actin filament formation ( Fig. 1C  ), matching exper-
iments on aligned fibers ( 18 ).

 Consistent with our experimental observations on crosshatch 
networks, the simulations showed that mature focal adhesions 
were not limited to the cell periphery and could form at a consid-
erable distance from the cell periphery along nanofibers ( Fig. 1 D  
and E   and Movie M1 ). The model revealed that the formation of 
these nonperipheral focal adhesions was regulated by out-of-plane 
stresses exerted on nanofibers. Suppressing this by restricting cells 
to 2D nonfibrous ECM or by allowing only in-plane stresses at 
the cell–fiber interface in the simulations caused focal adhesions 
to organize to the cell periphery (SI Appendix, Fig. S2 ), as seen on 
traditional 2D nonfibrous substrates ( 46 ,  48 ,  49 ). The existence 
of out-of-plane, cell-generated forces on 2D planar hydrogels has 
been previously demonstrated using 2.5D traction force micros-
copy, which revealed upward and downward tractions localized 
around focal adhesions near the cell edge, generating rotational 
moments at the periphery ( 50 ). However, here we show that such 
out-of-plane forces can arise at locations far from the cell periphery 
in fibrous environments and regulate the formation of focal adhe-
sions in these nonperipheral regions. This behavior is not observed 
on classical 2D hydrogels, where out-of-plane forces and focal 
adhesions remain confined to peripheral zones, as we showed in 
﻿SI Appendix, Fig. S2  and consistent with previous findings ( 50 ).

 The model also predicted that actin fibers would form in the 
directions of maximum principal stress. We found close agreement 
between predicted orientations and experimental images ( Fig. 1 D  
and E   and SI Appendix, Figs. S3 and S4 ), further validating the 
model and supporting our hypothesis on the central role of mechan-
ical tension in directing cell–ECM interactions. However, our sim-
ulations demonstrated that mechanical stress (and consequently, the 
formation of focal adhesions and actin networks) is highly dynamic, D
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changing continuously as cells adjust their spreading area and shape 
during migration ( Fig. 1F  ). However, no existing approach allows 
for real-time measurement of cell-generated stress on fibrous ECMs. 
This limitation motivated us to develop a real-time technique to 
measure cell traction forces in fibrous matrices.  

Estimation of Cellular Forces from Phase Contrast Images. The 
initial step in quantifying cellular forces requires measuring the 
deformation of ECM fibers induced by cell-generated forces. To 
resolve deformations of an initially orthogonal fiber network with 
hMSCs migrating on it, we developed a conditional generative 
adversarial network (cGAN) deep learning model for reconstituting 
fiber geometry from phase contrast images (Fig. 2A and Movies 
M2 and M3). We developed a “pix2pix” cGAN to resolve the fiber 
deformations by training the model on paired phase contrast and 
fluorescence microscopy images of cells deforming fluorescently 
labeled fibers (51–53) (Figs. 2 B, i and 3 A, i). Phase contrast 
images of fibers were obscured by cells, but fluorescence images 
were not (Fig. 2 A, i and ii). The cGAN’s generator, G : x → y  , was 
trained to map a phase contrast input image x  to a fluorescence 
image y  . The cGAN’s discriminator, D  , was trained to distinguish 
between real images y  and reconstituted images G(x)  . After 
training the cGAN on a manually curated dataset (SI Appendix, 
Note 3), it robustly reconstituted fluorescent images of deformed 
fiber networks from experimental phase-contrast images (Fig. 3 
A, ii and Movies M4 and M5).

 These reconstituted images were analyzed to identify fiber inter-
section “nodes” (red dots,  Fig. 3 B  , i ) and to track them across 
frames ( Fig. 2 B  , ii ) using the deep learning–based object detection 
model RetinaNet  ( 54 ). To improve accuracy, we developed a bidi-
rectional tracking algorithm. For each timeframe  ti  , a 
cross-correlation based forward nodal tracking algorithm ( Fig. 3 
﻿B  , ii ) was used to estimate nodal mapping using positions from 
the previous timeframe  ti−1  . Candidate cross-correlated nodes 
were combined with nodes detected by RetinaNet  using a match-
ing algorithm (SI Appendix, Fig. S5 ) that mapped intersections 
from  ti−1  to  ti  . This was repeated to map intersections from  ti+1  
back to  ti  , resulting in a complete bidirectional tracking algorithm 
( Fig. 3 B  , iii ; see Materials and Methods  for details). Nodal posi-
tions were then used to calculate fiber deformations, which showed 
a decrease in displacement away from the cell body (SI Appendix, 
Figs. S6 and S7 ). An inverse problem was solved to estimate force 
fields from these fiber deformations ( Fig. 2C  ). These analyses, 
shown in SI Appendix, Figs. S6 and S7 , examine how displacement 
magnitudes ( u  ) decay with distance ( �  ) from the center of the 
force pattern. The displacement field generated by a simple force 
dipole shown in SI Appendix, Fig. S6A﻿  exhibits the characteristic 
features of the decay response observed in all cases. For small  �  , 
below about 3 times the dipole separation, the slower decay is 
characterized by  u ∼ �−�  with  𝛼 < 1  . Whereas for large  �  , the 
decay is faster with  �  between 1 and 2, depending on the meas-
urement direction. Similar trends are observed for simulated quad-
rupole (SI Appendix, Fig. S6B﻿ ) and representative experimental 
examples (SI Appendix, Fig. S7 ). Overall, due to the sparse archi-
tecture of our nanofiber networks, the deformation decay is much 
slower when compared to thick 2D or 3D linear gels ( 3 ,  10 ,  55 , 
 56 ), especially for smaller  �   .

 To assess the effectiveness of node tracking, we analyzed syn-
thetically generated images. Precision and recall ( 57 ) were com-
puted, with precision defined as the ratio of the number of 
correctly identified nodes to the total number of nodes identified 
and recall defined as the ratio of the number of nodes correctly 
identified to the actual number of nodes (ground truth). Precision 
and recall were both near the ideal value of 1 for seventeen videos 

Fig. 1.   Tensile stresses generated within the cytoskeleton and at the cell–
matrix interface regulate the formation of actomyosin structures and mature 
focal adhesions. (A and B) By staining focal adhesions with paxillin, we observed 
that unlike cells cultured on 2D flat substrates, where mature focal adhesions 
were primarily localized at the cell periphery, cells cultured on networks of 
orthogonal fibers exhibited focal adhesions distributed throughout the entire 
cell surface, including regions distant from the cell edges. (C) Using an active 
contractile cell model, we simulated cell contraction on crosshatch fiber 
networks. Simulations began with two initial conditions: i) uniform, isotropic 
cell contraction, with a uniform distribution of myosin and actin densities 
throughout the cell in all directions, and ii) a uniform and compliant layer of 
immature focal adhesions with weak cell–fiber connections. After that, cell 
contraction generated nonuniform tension within the cytoskeleton and at the 
cell–matrix interface, depending on cell morphology and spreading, promoting 
actomyosin expression and actin fiber formation in the direction of maximum 
principal cytoskeletal stress. Tension at the cell–fiber interface matured focal 
adhesions connecting the cell to the fibers. (D and E) Simulation results 
for two representative cells, one elongated and one well-spread. The Top 
panels depict the direction of maximum principal stress in the cytoskeleton, 
indicating the orientation of actin fiber formation in the model. The middle 
panels show a heatmap of maximum principal stress at the cell–fiber interface, 
demonstrating the formation of mature focal adhesions in the model. Model 
predictions for the formation of actin and focal adhesions were validated 
against staining for actin (phalloidin) and paxillin, respectively. These results 
confirmed that actin forms along the direction of maximum principal stress, 
and unlike focal adhesions on 2D hydrogels, which typically form at the cell 
periphery, focal adhesions in fibrous networks can also form at locations 
distant from the cell edge. Notably, the mechanical stresses generated by cell 
contraction regulate both actin organization and focal adhesion formation. 
(F) Our model showed that these mechanical stresses and, consequently, the 
formation of focal adhesions and actin networks, are highly dynamic, changing 
significantly as cells alter their spreading area and shape.D
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analyzed ( Fig. 3 B  , iv ), demonstrating accurate node detection 
and tracking.

 The spatial accuracy of node tracking, defined as the average 
root mean squared error (RMSE) of the Euclidean distance 
between experimentally estimated and ground truth node posi-
tions ( Fig. 3 B  , v ), was below 2 pixels, on the order of expected 
human measurement error (SI Appendix, Fig. S8 ). RMSE was 
relatively small for nodes with a high “Node Detection” confidence 
score (>0.7) generated by RetinaNet  and the RMSE across all 
44,852 detected nodes ( Fig. 3 B  , vi ), prompting us to eliminate 
detected nodes with a confidence score less than 0.7 in subsequent 
analyses.

 We needed a reference map of where the fibers would be with-
out any cell-generated forces to calculate how much cells deformed 
the fibers. We created this reference map by taking advantage of 
the precise geometric pattern of our crosshatch fiber networks 

(SI Appendix, Fig. S9 and Note  4 ). This represents a key advantage 
over traditional force measurement methods, which require adding 
drugs to temporarily paralyze cells to obtain such reference 
measurements.  

Estimation of Forces by an Inverse Mechanics Formulation. 
We developed an inverse formulation to infer forces from the 
nodal displacements and deformed fiber shapes (Materials and 
Methods). To validate this and test its accuracy, we generated 
nodal displacement data ( u

m
  ) at grid intersections by applying 

representative force patterns to a computational model of the 
crosshatch fiber network (red arrows, Fig.  4A) and simulated 
measurement errors (SI Appendix, Fig. S8) by adding zero-mean 
Gaussian noise of varying strength ( �e  = {0.0 μm, 0.1 μm, 0.2 μm, 
0.5 μm}) to u

m
  . An example of the recovered force pattern obtained 

by solving the regularized inverse problem for �e  = 0.2 μm  

Fig. 2.   Cell force computation algorithm. (A) Cells migrate over suspended crosshatch fiber networks, deforming the underlying fiber network, as seen in 
experimentally obtained phase-contrast (i and iii) and corresponding fluorescence microscopy images (ii and iv). Experimental fluorescent images were used 
exclusively to train the deep learning modules. (B) (i) Phase contrast images were transformed into synthetically generated fluorescent images through a deep 
learning–based model (pix2pix). (ii) A deep learning–based object detection model, RetinaNet, and a bidirectional tracking algorithm identified nodal intersection 
points of the fiber network (red dots added for visualization). (C) Displacement fields were calculated using the extracted nodal points (yellow arrows). Cell forces 
computed from displacement fields were represented as line tension (green arrows). Force polarity maps ( C� , Inset) captured the orientational distribution of 
cellular forces. (Scale bar: 50 µm, Yellow arrow: 5 µm, Green arrow: 35 mN/m).
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Fig. 3.   Deep learning–based image reconstruction and feature extraction. (A) (i) Schematic representation of our pix2pix model, which generates fluorescent 
images from input phase-contrast experimental images. (ii) An example of a synthetically generated fluorescent image obtained from a trained pix2pix model. 
(Scale bar: 50 µm.) (B) (i) Node Detection Module that uses a deep learning–based object detection model called RetinaNet to identify grid intersections/nodes 
from synthetically generated fluorescent images. (ii) An illustration of the forward pass of the node tracking algorithm, (iii) A schematic representation of the 
forward and backward passes of the proposed bidirectional Tracking algorithm, (iv) Precision and Recall values of the predicted nodes after node detection 
and tracking are close to ~1 across all 17 videos, indicating close to ideal performance. (v) The distribution of Nodal Errors observed after node detection and 
tracking in each video shows that the average nodal error is less than 2 pixels, comparable to human measurement error. (vi) The scatter plot of node detection 
confidence scores vs nodal errors shows high confidence (greater than 0.7) of the RetinaNet for most of the predicted nodes with low nodal errors.
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Fig. 4.   Inverse formulation to estimate forces on crosshatch fiber networks. (A) Validation of the inverse formulation with a representative radial contractile 
force pattern (red arrows) generating the displacements u

m
 at grid intersections. The inverse problem is solved using u

m
 with zero-mean Gaussian noise of SD 

�
e
 . The solution obtained for a typical noise strength �

e
= 0.2 μm is shown with green arrows. (B) Analysis of the validation example in (A) for different �

e
 . (i) The 

L-curves showing the magnitude of the force pattern | | f | | as a function of the displacement matching error | |u − u
m
| | normalized by the number of measured 

nodes N
m

 for a range of regularization parameter � from 10 to 10−3 nN/μm. (ii) Recovery of forces as a function of � for different �
e
 . The forces are compared 

after summing up within a patch of 20 μm radius (SI Appendix, Note 5). (C) Line tension map of the cell (i) under control condition, presence of Latrunculin B (actin 
inhibitor) after (ii) 90 min, and (iii) 255 min. (iv) Force polarity maps capturing the orientational distribution of cellular forces. (D) Line tension map of the cell (i) 
under control condition, (ii) in the presence of Y27632 drug (ROCK inhibitor), and (iii) after drug wash-off showing recovered contractility. (iv) Force polarity maps 
for cases i–iii. (E) i–iii. Line tension map of cells migrating in aligned morphology on rectangular crosshatch fibers tracked over tens of minutes. (iv) Force polarity 
maps capturing the horizontal alignment of cellular forces. The force measurements in (C–E) depict a single representative cell; similar results were observed in 
multiple cells (N = 3) across three independent experiments. Green tension scale arrow: (A) 25 mN/m, (C–E) 35 mN/m. Black/White scale bars: (A and C–E) 50 μm.
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(green arrows, Fig. 4A) recovered force patterns with less than 
10% error (Fig.  4 B, ii), where the forces are compared after 
summing within a circular patch of 20 μm radius. Averaged 
measurements of the force patterns (overall contractility C  , see 
Materials and Methods) were recovered with even higher accuracy 
than pointwise measurements (SI Appendix, Note 5). Note that 
we define contractility C  as the scalar sum of contractile force 
magnitudes across the cell–matrix interface, reflecting the overall 
magnitude of cellular force generation. This metric is particularly 
useful for comparing cells across different conditions or time 
points, as it integrates a complex traction pattern into a single 
representative value.

 A regularization parameter  �  (i.e., parameter to penalize large, 
unphysical forces in the inverse solution) was chosen based on an 
L-curve ( Fig. 4 B  , i ) of reconstructed force magnitude  ||f||  versus 
normalized matching errors for a range of  �  values. Note that the 
L-curve method was used to determine the optimal regularization 
parameter  �  in our inverse mechanics formulation. The L-curve 
plots the norm of the solution ( ||f||  ) against the norm of the 
residuals, balancing model complexity and fitting accuracy. The 
inflection point on this curve represents an optimal tradeoff 
between overfitting and underfitting, ensuring stable and physi-
cally meaningful force estimates ( 58 ,  59 ).

 Although a typical L-curve displays a sharp increase in  ||f||  as 
﻿�  approaches zero because of overfitting the solution to noise, this 
was absent in our L-curves because the image-based fitting term 
constrains crosshatch fiber network deformations to the fluores-
cent fiber shapes. The level of noise  �e  in the measured nodal 
displacements was relatively low (vertical dotted lines,  Fig. 4 B  , 
﻿i ). The inverse solver reduced normalized matching errors within 
this noise level (see SI Appendix, Note  5  for detailed analysis and 
more validation examples).

 We applied these validated inverse methods to estimate forces 
exerted by cells migrating over crosshatch fiber networks. Phase 
contrast images were interpreted using our cGAN ( Fig. 3 ) to gen-
erate a corresponding fluorescent image to calculate nodal defor-
mations required for calculating cell forces (SI Appendix, Figs. S9 
and S10 ). Estimated nodal forces scaled with the length of finite 
elements (FEs) used to discretize the nanofibers and reported as 
line tensions (force per unit element length in mN/m, SI Appendix, 
Fig. S10C﻿ ). Line tensions in the range of 5 to 25 mN/m were 
observed, which for a representative 10 µm adhesion patch on 
fibers results in 50 to 250 nN force, in agreement with other 
reports for cells on fibers using Nanonet Force Microscopy (NFM) 
( 9 ,  18 ,  60   – 62 ), and on the same order as forces per adhesion patch 
for cells on soft gels [2 to 50 nN ( 63   – 65 )], fibrous networks [100 
to 400 nN ( 18 ,  28 ,  61 ,  66 )], and micropost arrays [1 to 80 nN 
( 63 ,  67   – 69 )]. Force polarity maps of the contractility  C�    
(SI Appendix, Fig. S10D﻿  and Materials and Methods ) showed spa-
tial organization of cellular contractility.  

Cellular Contractility during Dynamic ECM Interactions. To 
verify our method, we tested it in several biologically relevant 
scenarios. First, we verified that DLFM could detect dynamic 
changes in cell forces when we added drugs that target the cell’s 
force-generating machinery. When we disrupted the cell’s internal 
scaffolding using Latrunculin B, forces decreased as expected 
(Fig. 4C and Movie M6). Similarly, when we inhibited ROCK 
(Rho-associated kinase, a key regulator of cell contraction) using 
Y-27632, forces dropped within 30 min (Fig. 4 D, i and ii and 
Movie M7). When we removed Y-27632, cells recovered and 
restored their original force patterns and magnitudes (Fig. 4 D, iii 
and iv). Notably, unlike the peripheral force localization typically 
seen in 2D environments (49), we observed that in fibrous ECMs, 

cells consistently generated contractile forces both at the periphery 
and at locations far from the cell boundary (Fig.  4 C–E and 
SI Appendix, Fig. S10C).

 Next, we inquired how contractility varied as cells migrated and 
changed shapes. Previously, we demonstrated that the spacing of 
fibers in crosshatch fiber networks controls cell shapes and migra-
tion direction ( 30 ,  70 ). On rectangular (25 μm × 8 μm) grids 
( Fig. 4E   and Movie M8 ), cells elongated and applied forces that 
were mainly concentrated at their leading and trailing ends ( Fig. 4 
﻿E  , i –iii ), with forces transverse to the fibers lower than those par-
allel to the fibers ( Fig. 4 E  , iv ), as expected for polarized cell migra-
tion ( 71 ,  72 ). These results confirm that DLFM is capable of 
capturing both rapid and gradual changes in cell-generated forces 
in response to biochemical perturbations and cell dynamics, 
demonstrating the ability of this label-free tool to study force 
modulation during diverse cellular processes in real time.  

Tension Anisotropy Regulates Cellular Contractility. Cells in living 
tissues are exposed to mechanical signals from their ECM, including 
tension generated through cell–ECM interactions. However, this 
tension is not always equal in all directions. In many physiological 
contexts, cells experience tension anisotropy, where the magnitude 
of tension differs between directions. This can result from several 
factors, including anisotropic ECM architecture (e.g., aligned fibers 
with directional stiffness) or anisotropic cellular contractility (e.g., 
elongated cells contracting preferentially along their long axis). We 
recently revealed that this anisotropy of tension, rather than tension 
magnitude alone, is a dominant regulator of fibroblast activation 
and contractility, surpassing the well-established influence of ECM 
stiffness (31).

 To investigate this phenomenon dynamically and in real time, 
we used our DLFM, which allows noninvasive, real-time mapping 
of cellular contractile forces. We measured how cell-generated 
forces changed as hMSCs migrated between regions of the ECM 
that varied in fiber architecture, but not in fiber material proper-
ties. Specifically, we designed ECMs with adjacent regions of 
square (30 μm × 30 μm) and rectangular (30 μm × 15 μm) cross-
hatch fiber grids ( Fig. 5 A  and C  ).        

 On square, isotropic grids, cells generated contractile forces 
primarily along their migration direction ( Fig. 5C  ). Because the 
number of fibers, and thus the stiffness, was equal in both direc-
tions on the square grids, the anisotropic contractility of cells 
resulted in high tension anisotropy; that is, they experienced 
greater tension along their axis of contraction (vertical direction). 
However, as cells migrated vertically into the adjacent rectangular 
region, where the number of horizontal fibers (and stiffness in that 
direction) was higher, the anisotropy of the stress field experienced 
by cells decreased, even though the overall ECM stiffness increased.

 Our theoretical model predicted that this reduction in tension 
anisotropy, despite the increase in overall stiffness, would lead to 
a decrease in cell contractility, challenging the traditional assump-
tion that higher stiffness always promotes stronger contractile 
forces ( Fig. 5B  ). DLFM measurements confirmed this prediction: 
As cells transitioned from the square to rectangular region, their 
contractile forces significantly dropped ( Fig. 5C  , Movie M9 , and 
﻿SI Appendix, Fig. S11 ), despite keeping the same spreading area. 
The contractility of hMSCs was on the order of values reported 
on PDMS micropost arrays [1,000 to 5,000 nN, depending on 
cell area ( 29 ,  63 )] and polyacrylamide gels [~600 to 6,000 nN 
( 73 ,  74 ), depending on substrate stiffness].

 These findings show tension anisotropy as a key regulator of cel-
lular contractility, with effects that can outweigh the influence of 
ECM stiffness alone. Our study demonstrates how DLFM enables 
real-time interrogation of dynamic force responses as cells migrate D
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through heterogeneous environments, offering a powerful tool to 
uncover the mechanical principles governing cell behavior.  

Cellular Contractility during Cell–Cell Interaction and Differenti­
ation. Cells in vivo often exist within multicellular assemblies where 
interactions with neighboring cells may also modulate mechanical 
behavior. To investigate how cell–cell interactions impact force 
generation, we used DLFM to monitor contractile forces in cells 
migrating in close proximity. We observed that as cells approached and 
interacted with neighboring cells, their contractile forces significantly 
changed, with individual cells exhibiting dynamic fluctuations in 

force magnitude during shape changes and migration cycles (Fig. 6A 
and Movie M10). These results demonstrate that DLFM effectively 
captures real-time changes in cellular contractility associated with 
intercellular interactions.

 Finally, we show how contractility affects stem cell differentiation 
in compliant fibrous environments. Stem cell fate is well known to 
be influenced by matrix elasticity ( 75 ) and mechanical tractions ( 63 , 
 76 ,  77 ). However, the evolution of tractions during differentiation 
on a compliant fibrous ECM has yet to be reported. hMSCs treated 
with adipogenic differentiation medium for nine days (red box, 
 Fig. 6 B  , i ) exhibited a general reduction in contractility over time 

Fig. 5.   Tension anisotropy regulates cellular contractility independent of ECM stiffness. (A) Schematic of the experimental setup showing adjacent square and 
rectangular fibrous ECM regions designed to modulate tension anisotropy. (B) The model predicts that a reduction in tension anisotropy, caused by increased 
stiffness perpendicular to the direction of cell contraction, leads to reduced cellular contractility, despite increased overall ECM stiffness. Yellow vectors in our 
simulations depict the magnitude and direction of maximum principal stress in the cytoskeleton. (C) DLFM measurements of hMSC contractile forces during 
migration from the square to rectangular region. Force polarity maps C� (Insets) show the changes in the magnitude and polarity of forces generated by cells. Cells 
on square grids generated higher contractile forces along their elongation (vertical) direction. As cells transitioned to the rectangular region, contractile forces 
significantly decreased despite no change in cell spreading area. These findings reveal that tension anisotropy, not ECM stiffness alone, governs cell contractility 
and highlights DLFM’s ability to dynamically track force modulation in response to spatial changes in ECM architecture. n = 4. Green tension scale arrow:  
35 mN/m. (White scale bar: 50 μm.)
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(though statistically insignificant), whereas hMSCs treated with 
osteogenic differentiation medium for the same duration (blue box, 
 Fig. 6 B  , ii ) showed a general increase in contractility. Both responses 
were evaluated relative to control hMSCs maintained in growth 
medium for nine days ( Fig. 6 B  , iii ). We confirmed differentiation 
by staining for lipid droplets (adipogenic differentiation) using Oil 
Red ( Fig. 6 B  , i  and SI Appendix, Fig. S12 ) and alkaline phosphatase 
activity (ALP, osteogenic differentiation,  Fig. 6 B  , ii  and SI Appendix, 
Fig. S13 ). Results demonstrate our platform’s robustness to estimate 
single cell contractility across a range of biological conditions, includ-
ing cell–cell interactions, and differentiation.   

Discussion

 We present DLFM for measuring forces in live cells as they migrate 
on deformable networks, as would be expected in vivo. A key 
advantage of our approach is that it enables us to determine forces 
without chemically paralyzing cells, a requirement of traditional 
force measurement methods ( 24 ,  64 ,  78 ). Furthermore, the forces 
we measure and the resulting displacement field within the ECM 
align well with previous studies using other methods, validating 
our approach ( 10 ,  29 ,  61 ,  65 ,  66 ,  76 ,  79 ,  73 ,  80 ).

 Our findings reveal that cells in fibrous environments operate 
under fundamentally different mechanical principles than those 
established from decades of studies on flat substrates. The finding 

that tension anisotropy overrides ECM stiffness in regulating the 
contractility of migrating cells challenges a central dogma of mech-
anobiology and has fascinating implications for understanding 
cell behavior in health and disease. 

Tension Anisotropy as a Master Regulator of Behavior in Migrating 
Cells. DLFM-enabled observation that cells significantly reduce 
their contractile forces when migrating into a less anisotropic stress 
field, despite encountering increased stiffness, represents a paradigm 
shift in mechanobiology. This finding suggests explanations for 
several longstanding puzzles, such as why wound healing proceeds 
differently in tissues with oriented versus random collagen, and 
why certain cancers preferentially invade along aligned fiber tracks 
(81, 82). Results suggest that cells integrate directional mechanical 
information more sensitively than absolute stiffness values. This 
makes biological sense: In  vivo, cells rarely encounter uniform 
mechanical environments, instead navigating landscapes where 
mechanical properties vary directionally due to ECM organization, 
neighboring cells, and tissue boundaries. The ability to sense and 
respond to tension anisotropy may therefore be more physiologically 
relevant than responding to isotropic stiffness changes.

Interior Focal Adhesions Redefine Cell–Matrix Interactions. The 
formation of force-generating adhesions throughout the cell body, 
rather than exclusively at the periphery, is a feature of how cells 

Fig. 6.   Forces in cell interactions and stem cell differentiation. (A) Time evolution of contractility of two interacting cells and line tension maps for selected 
frames i-iv. Force polarity maps C� (Insets) depict the evolution of the force patterns of interacting cells along the direction of respective cell motion. The force 
measurements shown in (A) represent a single illustrative case of cell–cell interaction; however, similar trends were consistently observed across multiple cells 
in at least three independent experiments, demonstrating that as cells approached and interacted with neighboring cells, their contractile forces changed 
significantly, with individual cells exhibiting dynamic fluctuations in force magnitude during shape remodeling and migration cycles. Green tension scale arrow: 
35 mN/m. (White scale bar: 50 μm.) (B) i. The total area covered by Oil Red O stained lipid droplets quantified for cells treated with adipogenic medium vs 
growth medium (control) confirms adipogenic differentiation. n = 58 (N = 5) for Adipogenic, n = 25 (N = 2) for Control. The image in the black box represents a 
cell on Day 0, and the image in the red box represents a cell on Day 9. ii. ALP activity of cells in osteogenic medium vs. growth medium (control) expressed in 
arbitrary units indicates osteogenic differentiation. n = 33 (N = 4) for Osteogenic, n = 32 (N = 2) for Control. The image in the black box represents a cell on Day 
0, and the image in the blue box represents a cell on Day 9. iii. Cells in the growth medium (control) maintain contractility magnitudes over 9 d. Cells undergoing 
adipogenic differentiation exhibit lower contractility than those in growth medium (control) and those undergoing osteogenic differentiation. n = 15 (N = 2) for 
Control Day-0, n = 10 (N = 5) for Adipogenic, n = 6 (N = 4) for Osteogenic and Control Day-9. n = number of cells, N = number of independent samples (2 sets of 
independent experiments were performed for all the data). (White scale bar: 50 μm.)
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anchor themselves in 3D environments (83, 84). Our combined 
experimental and computational approach revealed that out-of-
plane force components, unique to fibrous geometries, stabilize 
these interior adhesions. This mechanism might contribute to 
ways that cells maintain mechanical integrity while navigating 
discontinuous spaces in ECM-mimicking fibrous networks, a 
challenge that does not exist on continuous 2D substrates.

Force Oscillations Encode Cellular Decisions. The dramatic force 
fluctuations we observed, with up to 10-fold changes during 
migration, reveal a previously hidden dynamic landscape of cell 
mechanics. The distinct temporal signatures during adipogenic 
versus osteogenic differentiation suggest that mechanical forces 
may contribute to cell fate decisions. The ability to capture 
these dynamics in real-time without disrupting cells through 
labeling or chemical treatments was crucial. Previous endpoint 
measurements would have averaged these oscillations, missing 
the rich temporal information. Our findings suggest that the 
magnitude of force at any single time point may be less informative 
than the pattern of force evolution over time, analogous to how 
dynamic transcriptional patterns, rather than static expression 
levels, often control cell fate.

Implications for Human Health. These findings have relevance 
for multiple areas of medicine. From the perspective of cancer 
metastasis, the dominance of tension anisotropy over stiffness may 
explain why cancer cells can invade efficiently along aligned collagen 
fibers even when the overall tissue is soft (85), which would suggest 
alternate therapeutic strategies focused on disrupting directional 
mechanical cues. From the perspective of tissue engineering, results 
suggest that controlling mechanical anisotropy may be equally 
or more important than matching tissue stiffness when guiding 
cell behavior and tissue regeneration (31). Similarly, for stem cell 
therapy, the mechanical signatures of differentiation we identified 
could enable noninvasive monitoring of stem cell fate in real 
time (86, 87). For fibrotic diseases, which often involve aberrant 
ECM alignment, understanding how tension anisotropy drives 
cell behavior could reveal why some fibrotic processes are self-
reinforcing and suggest interventions to break these mechanical 
feedback loops (88).

Conclusions

 The technical advancement from our work entails mapping 
deformable networks to a high precision using machine learning. 
This allowed us to watch living cells pull on their fibrous surround-
ings in real time, thus uncovering mechanical principles that govern 
cell behavior in tissue-like environments. Three key findings 
emerge from this work. First, tension anisotropy, not stiffness 
alone, controls how much force cells generate. This finding over-
turns the prevailing view that stiffer always means stronger when 
it comes to cellular forces and suggests that the directionality of 
mechanical signals may be the primary factor organizing cell behav-
ior in aligned tissues. Second, cells in fibrous environments can 
form and maintain force-generating adhesions throughout their 
body by utilizing out-of-plane mechanical components unavailable 
on flat surfaces. This finding resolves the long-standing paradox of 
how interior focal adhesions remain stable without peripheral shear 
forces. Third, cellular forces oscillate dramatically during migra-
tion, interaction, and differentiation, with temporal patterns that 
predict cell fate and behavior. These dynamics, invisible to tradi-
tional endpoint measurements, reveal that force generation is not 
a steady state but a dynamic process encoding cellular decisions.

 Together, these findings suggest principles governing how cells 
navigate the fibrous architecture of real tissues. In the body’s 
fibrous landscapes, cells follow different rules: They sense direc-
tionality over magnitude, anchor throughout rather than just at 
edges, and generate dynamic rather than steady forces. Broadly, 
our results demonstrate how a methodological innovation that 
preserves natural cell behavior can reveal biological principles 
invisible to traditional approaches. DLFM opens a window into 
the mechanical feedback between cells and their environment.  

Materials and Methods

Crosshatch Fiber Network Manufacturing. Suspended orthogonal fiber net-
works were generated without electrospinning using “Spinneret-based tuned 
engineered polymers” (STEP) (89–92). Briefly, nonelectrospun ~250 nm diameter 
polystyrene (Scientific Polymer Products, Ontario, NY) fibers dissolved in xylene 
solution (Thermo Fisher Scientific, Waltham, MA) were suspended in two orthog-
onal layers with defined fiber spacings, typically a 25 × 25 µm square grid or a 
25 × 5-8 µm rectangular grid. For GAN training dataset generation, fibers were 
immersed in 4 µg/mL rhodamine-tagged fibronectin (Cytoskeleton Inc., CO).

Cell Culture, Staining, Imaging, and Quantification of Focal Adhesion 
Spatial Distribution. Human mesenchymal stem cells (hMSCs, Lonza) were cul-
tured on fiber scaffolds in 5% CO2 at 37 °C. To quantify the spatial distribution of 
focal adhesions, we first identified all focal adhesion clusters with an area ≥3 μm2, 
following established criteria (93). See SI Appendix, Note 6 for details on cell culture, 
immunostaining, differentiation media composition, protocols for Oil Red O, ALP 
staining, analysis of the obtained RGB images, and focal adhesion quantification.

Phase to Fluorescent Image Translation Using Pix2pix. We used a pix2pix 
GAN model to translate the phase contrast images to fluorescent images. Details 
of the pix2pix model are provided in SI Appendix, Note 3. Our pix2pix model was 
trained on a pristine phase and fluorescent image pair set (SI Appendix, Note 3).

Node Detection and Tracking. We used RetinaNet to detect grid intersections 
from the synthetically generated fluorescent images. We further developed a bidi-
rectional tracking algorithm to recover nodes that the RetinaNet did not detect. 
Additional details of RetinaNet are provided in SI Appendix, Note 3.

FE-Based Inverse Formulation. We developed a FE–based inverse formulation 
to infer cellular traction forces on nanofiber networks. Nanofibers are modeled 
as pretensed corotational beams (94), and the inverse problem is posed as a 
regularized minimization of the mismatch between measured and simulated 
deformations. The objective combines nodal displacement errors, fiber shape 
alignment in artificial fluorescence images (95, 96), and a force-magnitude based 
regularization term. Minimization is performed using the Broyden–Fletcher–
Goldfarb–Shanno algorithm (97) with gradients obtained using the adjoint-set 
method (98, 99, 100). The detailed formulation and validation are provided in 
SI Appendix, Note 5.

Contractility and Force Polarity Maps. To quantify the force patterns, we com-
puted the overall cell contractility by summing up the component of forces directed 
toward the epicenter of the force pattern. We also assessed the orientational organ-
ization of the force patterns by calculating the angular distribution of contractility, 
which are visualized as force polarity maps (Fig. 4 C–E, iv) to reveal preferential 
alignment of contractile forces. The details are described in SI Appendix, Note 4.

Cell Model. We used a 3D finite elemental model of the cellular cytoskeleton 
(26, 46, 101) (details in SI Appendix, Notes 1and 2) as a continuous structure 
composed of i) the myosin molecular motors, ii) the actin filament network, and 
iii) the microtubule network. Focal adhesions are modeled as a thin, initially soft 
layer, which undergoes local stiffening when tensile forces at a particular location 
exceed a specific threshold.

Our simulations imposed symmetry about the X-Y plane, consistent with 
our experimental findings that cells wrap around fibers (102, 103, 104). This 
wrapping results in nearly symmetrical cytoskeletal distribution above and 
below the fiber network, leading to out-of-plane contractility that generated an 
almost symmetrical stress field about the X-Y plane. Although the magnitude of 
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these out-of-plane stresses can be significant, their symmetry minimized the 
out-of-plane deformations of fibers, consistent with our experimental observa-
tions where deformations were primarily in-plane and instances of significant 
nonplanar deformations were rare.

Decay of ECM Deformation Fields. We quantified ECM deformation fields 
using FEs simulations of nanonets and experimental data (SI Appendix, Note 4). 
Displacement magnitudes u at fiber intersections were measured as a function 
of the distance � from the cell centroid to examine power-law decay of the form 
u ∼ �−� , where � is the scaling exponent.

Statistical Analysis. Statistical analysis was performed using GraphPad Prism 
(GraphPad Software, La Jolla, CA) software. Statistical comparisons among multi-
ple groups were performed using one-way ANOVA and Tukey’s honest significant 
difference test. Pairwise statistical comparisons were performed using Student’s 
t test. Error bars in scatter data plots indicate SD. *, **, ***, and **** represent 
P < 0.05, 0.01, 0.001, and 0.0001, respectively.

Data, Materials, and Software Availability. The code developed for DLFM 
as well as the FE code used for modeling cell mechanics is publicly available on 
GitHub at https://github.com/nain430/DLFM (105). All other data are included 
in the manuscript and/or supporting information.
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