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Significance

Nanoparticles (NPs) have shown 
great potential for cancer 
diagnosis and treatment. 
However, poor delivery efficiency 
of NPs has been proved in the 
tumor extracellular matrix (ECM) 
in vivo. Though various methods 
(e.g., modulation of NP size, 
shape, surface charge, rigidity, or 
tumor microenvironment) have 
been developed to enhance NP 
diffusion, the efficiency is still 
unsatisfying and the underlying 
mechanism of the influence of 
tumor ECM physical properties 
on NPs diffusion remains 
unexplored. In this work, we 
performed molecular dynamics 
(MD) simulations and in vitro 
experiments to explore the 
diffusion mechanism of NPs in 
tumor ECM with different 
density, stiffness, and structure. 
And, we proposed an estimation 
matrix to predict NP diffusion 
efficiency according to clinical 
tumor physical properties.
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Nanoparticles (NPs) are confronted with limited and disappointing delivery efficiency 
in tumors clinically. The tumor extracellular matrix (ECM), whose physical traits have 
recently been recognized as new hallmarks of cancer, forms a main steric obstacle for 
NP diffusion, yet the role of tumor ECM physical traits in NP diffusion remains largely 
unexplored. Here, we characterized the physical properties of clinical gastric tumor sam-
ples and observed limited distribution of NPs in decellularized tumor tissues. We also 
performed molecular dynamics simulations and in vitro hydrogel experiments through 
single-particle tracking to investigate the diffusion mechanism of NPs and understand 
the influence of tumor ECM physical properties on NP diffusion both individually and 
collectively. Furthermore, we developed an estimation matrix model with evaluation 
scores of NP diffusion efficiency through comprehensive analyses of the data. Thus, 
beyond finding that loose and soft ECM with aligned structure contribute to efficient 
diffusion, we now have a systemic model to predict NP diffusion efficiency based on 
ECM physical traits and provide critical guidance for personalized tumor diagnosis 
and treatment.

physical microenvironment | tumor extracellular matrix | nanoparticle diffusion

Nanoparticles (NPs), as an effective platform to deliver medical agents to tumor tissues, 
have shown great potential for cancer diagnostics and treatment (1–3). However, the 
therapeutic efficacy in vivo is limited by the poor efficiency of NPs’ targeted delivery. A 
large meta-analysis showed that only 0.7% of the administered dose of NPs can accumulate 
in solid tumors (1) and experimental results showed that even fewer NPs (~0.0014%) 
could reach tumor cells (4). Therefore, improving NP transport in tumor tissues is crucial 
for cancer therapy. NPs undergo complex transport processes in vivo to enter target cells 
(5), while tumor microenvironment (TME) brings diverse barriers to NP transport. For 
instance, excessive proliferation of cells and production of extracellular matrix (ECM) 
components lead to direct steric obstacles for NP transport (5, 6). Furthermore, immature 
and leaky tumor microvessels, collapsed lymphatics, and, consequently, elevated interstitial 
fluid pressure induce an impaired or even disappeared convention in the stromal space; 
thus, NPs can only rely on diffusion in such a dense stroma (5, 7, 8). Additionally, com-
pression and heterogeneity of tumor vasculature give rise to insufficient blood perfusion 
to certain tumor regions, which causes heterogeneity of NP diffusion and distribution in 
the TME (5, 9–11).

Among various barriers, tumor ECM forms a main steric obstacle for NP diffusion. 
In vivo studies have demonstrated that a majority of NPs are restricted near the perivascular 
region and trapped in the tumor ECM instead of diffusing successfully into the deep 
tumor area (4, 12). Tumor ECM is a complex, porous, and highly adhesive network 
composed of a variety of biological macromolecules (e.g., collagens, proteoglycans, and 
hyaluronan) (13, 14). Compared with normal tissues, tumor ECM is associated with a 
series of complex and gradual pathological changes (15, 16). For instance, tumor ECM 
shows an excessive deposition due to the loss of homeostasis of ECM component produc-
tion and degradation, leading to significantly increased ECM density and decreased pore 
size (16, 17). Elevated collagen deposition and fiber cross-linking significantly increase 
tumor ECM stiffness (16, 18, 19). Besides, tumor ECM shows structural changes as a 
result of ECM remodeling. Due to the increased cell contraction, fibroblast activation, 
and collagen cross-linking enzyme expression, fine and twisted collagen fibers are gradually 
reorganized, forming a highly aligned and elongated architecture (16, 20–23). These ECM 
physical features have recently been recognized as new hallmarks of tumors (24). More 
importantly, abnormal ECM properties are closely related to tumor progression. The 
tumor ECM presents as a lax and porous structure with few collagen fibers and a minimal 
increase in stiffness in the early stage. Increased collagen deposition and cross-linking of 
reticular fibers induce enhanced stiffness with tumor growth, while a rigid and aligned 
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ECM is generated in the late grade (25). All the changes in tumor 
ECM physical properties give rise to inevitable resistance to NP 
diffusion. Therefore, it is of great importance to understand the 
effect of tumor ECM physical properties on NP diffusion in solid 
tumors.

A variety of methods have been developed to enhance NP dif-
fusion in solid tumors. For instance, effective enhancement of 
NP diffusion in tumor ECM has been obtained by modulating 
the physiochemical properties of NPs, such as particle size (26, 
27), shape (28), surface charge (29, 30), and rigidity (31, 32). In 
addition, with the understanding of tumor pathology, an increas-
ing number of studies have focused on the modulation of the 
TME (33). Physical and chemical methods have been used to 
degrade tumor ECM. For example, NPs diffuse into deep tumor 
tissues more efficiently through surface modification with func-
tionalized collagenase or hyaluronidase to degrade the tumor 
ECM (34, 35). The pulsed high-intensity focused ultrasound (36) 
and hyperthermia (37) are also used to damage ECM components, 
especially collagen, to improve the NP diffusion efficiency. 
However, due to the complicated tumor structure, various tumor 
types, and different growth stages and physiological states, the 
underlying NP diffusion mechanism in tumor ECM remains elu-
sive (Fig. 1).

In this study, we characterized the clinical gastric tumor samples 
to observe the pathological and physical properties of tumor 
ECM, and then we performed experiments on NP distribution 
in decellularized clinical tumor tissues to confirm the limited NP 
transport. Furthermore, we performed molecular dynamics (MD) 
simulations (38, 39) and in vitro single-particle tracking experi-
ments in collagen to investigate the NP diffusion mechanism in 
tumor ECM with different physical properties. Finally, we devel-
oped an estimation matrix model with evaluation scores of NP 

diffusion through comprehensive analyses of parameters. We 
aimed to illuminate how ECM physical properties influence par-
ticle diffusion performance, reveal the underlying motion mech-
anism, and predict NP diffusion ability to guide personalized 
tumor diagnosis and treatment.

Results

Inefficient NP Diffusion in Decellularized Clinical Tumor 
Tissues. To identify the changes in ECM physical properties, 
we characterized the density and structure of normal and tumor 
tissues from clinical samples. Masson’s trichrome staining was 
performed in both gastric cancer tissues and paracancerous tissues 
to highlight ECM components especially collagen fibers (Fig. 2A). 
We observed loose and regular collagen fibers that form network 
structures in normal tissues while dense and disordered collagen 
fibers in tumor tissues. In particular, we found that collagen fibers 
tend to rearrange themselves into one direction and have an 
aligned appearance. To further quantify the results, we calculated 
the collagen content (Fig.  2B) of normal and tumor samples 
from five different patients and data from six visual fields were 
averaged for each sample. We observed elevated collagen content 
in tumor tissues (30.54 ± 9.96%) compared with normal tissues 
(13.90 ± 3.10%). The collagen fiber orientation distribution in 
tumor tissues shows stronger directionality than that in normal 
tissues (Fig. 2C). We also characterized the stiffness of normal and 
tumor tissues by a rheometer. Normal and tumor tissue samples 
from four different patients were analyzed, and we repeated the 
tests three times for each sample. The storage modulus (G’) of 
tumor tissues (1040.6 ± 255.5 Pa) is 4.7-fold higher than that of 
normal tissues (221.4 ± 22.7 Pa) (Fig. 2D). These results indicate, 
as expected, that tumor ECM exhibits significant changes in 

Fig. 1. Extracellular matrix (ECM) physical properties govern the diffusion of NPs in the tumor microenvironment. Schematic illustration of tumor ECM physical 
properties. Tumor ECM shows different densities, stiffness, and structure in different tumor progression stages, malignant degrees, and tumor types.
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physical properties, including increased density, elevated stiffness, 
and enhanced alignment compared with normal tissues.

To further explore whether these physical property changes 
could affect NP diffusion, NP distribution in decellularized nor-
mal and tumor tissue matrices from clinical gastric tumor samples 
(40) was visualized. In order to exclude the effect of the vascularity, 
we characterized the vascularity of the normal and tumor tissues 
before the experiments, and then we selected the tumor tissue 
samples with vascularity similar to that of the normal tissues 
(SI Appendix, Fig. S1) to perform further experiments. Polystyrene 
(PS) fluorescent NPs with a diameter of 80 nm were used in our 
experiments, whose morphology was shown in transmissionelec-
tron microscopy (TEM) images (SI Appendix, Fig. S2A). The 
average hydrodynamic diameter of the PS NPs is 112.2 ± 0.62 
nm and the average zeta-potential is −28.2 ± 0.09 mV. The fluo-
rescence intensity in tumor tissue was much weaker than that in 
normal tissue (Fig. 2E), indicating limited NP diffusion in tumor 
tissues. The result was further confirmed by fluorescence intensity 
analysis as a function of distance along the direction of from tissue 
surface to center (Fig. 2F). The diffusion ability of NPs in normal 
tissue is significantly greater than that in tumor tissue. Fluorescent 
NPs can penetrate into normal tissue at a depth of about 300 μm 
while fluorescence could only be observed on the periphery in 
tumor tissue. In addition, the overall mean fluorescence intensity 
of the whole tumor tissue area is significantly decreased from 17.08 
± 0.04 to 3.68 ± 0.03, compared with the normal tissue (Fig. 2G). 
Thus, ECM physical property changes in tumors surely have a 
great effect on the NP diffusion, but their respective influence, as 
well as the mechanism, remain to be investigated.

Dense ECM Limits NP Diffusion. Coarse-grained MD (CGMD) 
simulations were performed to explore how ECM density 
influences the NP diffusion. We constructed a model system 

composed of NPs and cross-linked polymer network and the NPs 
were randomly distributed in the network (38, 39) (Fig. 3A). 
According to the pathological characteristics of tumor ECM, 
the cross-linked networks with different densities were built by 
adjusting their mesh sizes. We constructed networks with mesh 
sizes of 4�, 6�, 8�, 10�, 12�, and 14� (1.6-fold to 5.6-fold of 
NP size), imitating the change from dense to sparse ECM with 
tumor progression. The representative network densities (4� and 
14�) are shown in Fig. 3B. The mean square displacement (MSD) 
and diffusion coefficient (D) of NPs in a network with different 
densities were calculated to describe NP diffusion ability.

The MSDs of NPs in different networks increase with decreas-
ing ECM density, though there is no significant difference in cases 
with high density (4�, 6�, and 8�) (Fig. 3C). We obtained the 
corresponding diffusion coefficients of NPs by linear fitting the 
MSDs versus the time scale from 2,000� to 10,000�. Similarly, 
the results showed low diffusion coefficients in dense networks 
(4�, 6�, and 8�). However, with a further increase in the mesh 
size (or the decrease of density), the diffusion coefficients increase 
significantly, indicating enhanced diffusion ability for NPs in a 
loose network. In particular, the diffusion coefficients in net-
work-10�, network-12�, and network-14� are about 1.5-fold, 
2.3-fold, and 4.0-fold higher than those in network-4�, respec-
tively. The simulation results demonstrate a negative relationship 
between NP diffusion ability and network density. A similar phe-
nomenon has also been observed in a previous study where the 
diffusion coefficients of nanospheres and nanorods both increased 
with the increase in mesh size (38). The results also suggest that 
NP diffusion ability will increase significantly once the pore size 
of ECM reaches a certain value that is three times larger than the 
NP size in our model. This implies that a minimum pore size (at 
least four times of the NP size) of ECM is required to effectively 
enhance NP diffusion.

Fig. 2. Characterization of NP diffusion in normal and tumor tissues from clinical samples. (A) Characterization of normal and gastric tumor tissues through 
Masson staining. (B) Collagen content of normal and tumor tissues (N = 5). (C) Representative collagen fiber orientation distribution of normal and tumor tissues. 
Stronger directionality of the tumor tissue indicates a more aligned ECM. (D) Stiffness of normal and tumor tissues (N = 4). (E) Fluorescence images exhibit the 
diffusion of NPs in decellularized normal and tumor tissues over 48 h. (Scale bar, 100 μm) (F) The fluorescence intensity distribution of NPs in decellularized 
normal and tumor tissues from the tissue periphery to center in E. (G) The mean fluorescence intensity of NPs in decellularized normal and tumor tissues in E. 
(One-way ANOVA, ∗P < 0.05; ∗∗P < 0.01; ∗∗∗P < 0.001).
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We further tracked the NP trajectory during the simulation to 
analyze the mechanism. We observed two main motion states for 
NPs in networks, which could be summarized as “confined” and 
“escape”. When NPs interact with networks, they are trapped in 
meshes and attached to polymer chains or nodes, swinging or 
rotating around the networks. Once getting rid of the confine-
ment, NPs show long-distance diffusion to pass through the 
meshes. The representative trajectories of NPs (Fig. 3D) reveal that 

NPs experience a longer constraint and more limited diffusion 
regions in dense networks while they escape from confinement 
more easily in larger meshes. Thus, we hypothesized that increased 
network density induces increased contact frequency between NPs 
and networks, which results in a stronger impediment for NP 
diffusion. To test this, we calculated the average contact time 
between NPs and network structure (Fig. 3E). The “contact time” 
is defined as when the distance between the centroid of NPs and 

Fig. 3. Effect of ECM density in tumor microenvironment on NP diffusion. (A) The molecular model in MD simulation. The enlarged drawing shows details of the 
NP model and cross-linked ECM network model. (B) Representative network densities with mesh sizes of 4σ and 14σ. (C) The MSD values and calculated diffusion 
coefficient of NPs in networks with different mesh sizes. (D) Representative trajectories of NPs in networks with increased mesh sizes. (E) The normalized contact 
time of NPs and consecutive contact time in the network during simulation. (F) Reflectance confocal images of collagen I with increased concentrations. (Scale 
bar, 50 μm) (G) Typical trajectories of NPs in collagen I with increased densities. (Scale bar, 1 μm) (H) MSD values of NPs as a function of time in collagen I. (I) 
Diffusion coefficient values of NPs in collagen I on a time scale of 0.5 s. (J) The comparison of the relative diffusion coefficient (D

r
) for the same size ratios (NP/

Pore) in experiment and MD simulation. (One-way ANOVA with Tukey’s post hoc test, n.s., no significance, P > 0.05; ∗P < 0.05; ∗∗P < 0.01; ∗∗∗P < 0.001).
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any network bead is smaller than 2σ. Furthermore, to describe 
the network confinement to NP diffusion, we calculated the con-
secutive contact time of NPs and network structure for three or 
more continuous contact frames (Fig. 3E). We observed that the 
contact time between NPs and network is shorter when the mesh 
size of the network is larger with the same stiffness and structure. 
For example, the normalized contact time and the consecutive 
contact time decrease from 1.0 to about 0.8 and 0.75, respectively, 
when mesh size increases from 4σ to 14σ. The results indicate that 
NPs tend to be impeded and blocked in the dense network due 
to frequent interactions between NPs and the network.

To verify the simulation results, NP diffusion in the hydrogel 
was examined in vitro using collagen I with different densities. 
The morphology of PS fluorescent NPs (~200 nm in diameter) 
was revealed in TEM images (SI Appendix, Fig. S2B) and their 
average hydrodynamic diameter (267.2 ± 3.97 nm) and zeta-po-
tential (−28.3 ± 1.04 mV) were also characterized. Through reflec-
tance confocal images, we observed that the density significantly 
increases with increasing collagen concentration (Fig. 3F). To 
investigate the diffusion behavior of NPs, their trajectories were 
obtained by tracking the movement of the single NP in collagen 
under a confocallaser scanning microscope (CLSM) (41, 42). The 
representative trajectories during a period of around 1.0 s for each 
case are shown in Fig. 3G. The time scale-dependent MSD values 
were quantified to evaluate the NP diffusion ability (Fig. 3H). The 
higher MSD values across all time scales in 0.5 mg/mL collagen 
indicate the stronger diffusion ability of NPs. Diffusion coeffi-
cients of individual NP were also calculated (Fig. 3I). We observed 
relatively high diffusion coefficients in less dense collagen (0.5 mg/
mL) with a mean value of approximately 0.92 ± 0.18 μm2/s. The 
diffusion coefficients decrease with increasing collagen concentra-
tions, with an average of 0.59 ± 0.13 μm2/s and 0.35 ± 0.08 μm2/s 
in collagen with concentration of 1.0 mg/mL and 2.0 mg/mL, 
respectively.

To further validate our models with significantly smaller NP 
sizes, we performed additional diffusion experiments in collagen 
I hydrogels with smaller NPs (RITC-labeled mesoporous silica 
NPs, size of 52.06 ± 3.60 nm) (SI Appendix, Fig. S3A). NPs were 
allowed to diffuse into the collagen hydrogels with concentrations 
of 0.7 mg/mL, 1.0 mg/mL, and 1.5 mg/mL in μ-slide channels. 
The diffusion of NPs at a fixed time (2 h) was imaged using CLSM, 
and we observed decreased penetration depth in the collagen chan-
nel with increasing concentration from 0.7 mg/mL to 1.5 mg/mL 
(SI Appendix, Fig. S3B). The mean fluorescence intensity of NPs 
along penetration depth is 2.4 fold and 1.9 fold higher in 0.7 mg/
mL and 1.0 mg/mL collagen hydrogels at penetration depth of 
50 μm than that in 1.5 mg/mL collagen hydrogel, respectively 
(SI Appendix, Fig. S3C). Besides, NPs in 0.7 mg/mL collagen 
hydrogel are able to diffuse deeper than 300 μm, while there is 
almost no NPs at a depth of 200 μm for 1.0 mg/mL and 1.5 mg/
mL collagen hydrogels. NPs show a diffusion coefficient (D) of 
2.67 μm2/s in 0.7 mg/mL collagen hydrogel compared to 0.92 
μm2/s in 1.0 mg/mL collagen hydrogel and 0.52 μm2/s in 1.5 mg/
mL collagen hydrogel (SI Appendix, Fig. S3D). The experimental 
results indicate that the diffusion ability of NPs increases with 
increasing ECM pore size (or the decrease of density), which 
matches well with the simulation results.

We further set up a framework to quantitatively compare the 
diffusion coefficients in simulation and experiments (SI Appendix, 
Table S1). Since direct comparison is challenging because all qual-
ities are unitless in simulations (43), the relative diffusion coeffi-
cient (Dr), which is defined as the diffusion coefficient of NPs in 
polymer network over the diffusion coefficient of NPs in water, 
has been widely used to compare the results between simulation 

and experiments (44, 45). We calculated the size ratio and Dr in 
the experiments and simulations, respectively. The pore size is 
about ~4 μm, ~2.8 μm, and ~2 μm for the collagen with a con-
centration of 0.5 mg/mL, 1.0 mg/mL, and 2.0 mg/mL, respec-
tively, as reported by a previous study (46). The NP/pore size 
ratios are thus 1/20, 1/14, and 1/10 correspondingly. We then 
performed additional simulations with network pore sizes of 
50σ, 36σ, and 24σ to obtain the same size ratio with the 
experiments.

Under the same size ratio, Dr in the simulation is 0.65 ± 0.08, 
0.31 ± 0.05, and 0.18 ± 0.05, which is 1.5 fold, 1.1 fold, and 1.1 
fold higher than that in the experiments (0.43 ± 0.08, 0.27 ± 0.06, 
and 0.16 ± 0.04), respectively (Fig. 3J). There are two reasons that 
may contribute to this slight difference. First, the polymer net-
works in simulations are regular ones with uniform mesh sizes, 
while the collagen hydrogels in experiments are characterized by 
heterogeneously distributed fibers and pore sizes. NPs are more 
likely to be blocked in the tiny pores (47). Thus, NP diffusion 
ability is stronger in the ideal regular network in simulations. 
Second, collagen used in the experiments is a highly hydrophilic 
biomaterial. The collagen fibers show affinity to water molecules 
to decrease their mobility, which may induce the decreased NP 
activity (48, 49). Thus, the NP diffusion coefficients in the colla-
gen in experiments are lower.

Deformation of Softer ECM Enhances NP Diffusion. The increase 
in ECM network stiffness is one hallmark of many types of 
tumor tissues (50) and is associated with the tumor progression 
(51, 52). The stiffened ECM, mainly due to the increased collagen 
deposition and cross-linking (53, 54), has also been shown to 
promote malignant transition of normal epithelial cells and 
disease progression (6, 55, 56). The physiological range of the 
ECM network stiffness in tumor is from below 0.5 kPa to over 10 
GPa (57–65), varying by tumor location [tumor core vs. tumor 
periphery (52, 58)], type [breast cancer vs. lung cancer, (57, 66)], 
and even disease progression [earlier stage vs. late stage (53)] 
due to the changes in collagen compositions and architectures. 
To assess the effect of ECM stiffness on NP diffusion, we built 
cross-linked networks with different stiffnesses by tuning the 
spring constant (1�∕�2, 10�∕�2, 100�∕�2, 1,000�∕�2, and 
10,000�∕�2). Soft networks are more relaxed and deformable 
during simulation, while stiff networks almost keep their initial 
construction, with each CG bead confined to its initial position 
(Fig. 4A). To characterize the polymer chain stiffness, we calculated 
the persistence length lp with the following equation:

[1]lp = −⟨ l ⟩∕ ln(⟨cos � ⟩ )

where l  is the bond length, and � is the bond angle (67). The 
results of polymer chains with increasing spring constants in our 
simulations are shown in SI Appendix, Fig. S4. The persistence 
length of polymer chains increases by three orders of magnitude 
from 3.20 ± 0.39 σ to 1698.36 ± 292.19 σ. The persistence length 
covers a large range from soft to rigid polymer chains (68, 69), 
which is consistent with the wide stiffness range of tumor ECM.

We observed that with increasing network stiffness, MSD and 
D of NP diffusion gradually decrease but tend to be constant when 
stiffness increases to a certain degree. NP diffusion coefficients 
decrease from 1.73 × 10−2 �2∕� to 1.21 × 10−2 �2∕�, 0.83 × 10−2 
�2∕�, 0.60 × 10−2 �2∕�, and 0.62 × 10−2 �2∕�, when the spring 
constant increases from 1 �∕�2 to 10 �∕�2 , 100 �∕�2, 1,000 
�∕�2, and 10,000 �∕�2, respectively (Fig. 4B). The results indi-
cate a negative correlation between NP diffusion ability and ECM 
network stiffness. It also suggests that NP diffusion is sensitive to 
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stiffness changes when ECM fibers are relatively soft while the 
impact gradually decreases if the stiffness increases constantly.

The experiments of NP diffusion in collagen hydrogels with 
different stiffness were performed to verify our simulations. We 
tuned the collagen hydrogel stiffness from 56.0 ± 1.0 Pa to 137.1 
± 8.6 Pa by incubation with 100 mM ribose using a previously 
reported method (70) (SI Appendix, Fig. S5A). The diffusion of 
NPs at a fixed time (10 h) was imaged using CLSM, and the 
fluorescent images indicated the decreased penetration depth in 
the stiff collagen hydrogel (SI Appendix, Fig. S5B). The mean 
fluorescence intensity of NPs along the penetration depth was also 
analyzed to examine the diffusion ability (SI Appendix, Fig. S5C). 
The intensity is higher in the soft collagen hydrogel than that in 
the stiff collagen hydrogel, within the range of the penetration 
depth from 25 to 150 μm. NPs in the stiff collagen hydrogel are 
hardly observed deeper than 100 μm, while they can diffuse to a 
depth of 200 μm in the soft collagen hydrogel. The diffusion 
coefficient (D) is 0.95 μm2/s in the soft collagen hydrogel com-
pared to 0.42 μm2/s in the stiff collagen hydrogel (SI Appendix, 
Fig. S5D). The results indicate that the soft collagen hydrogel can 
enhance the NP diffusion, which matches well with the simulation 
results qualitatively.

To further investigate the underlying mechanism of this phe-
nomenon, we tracked the network behavior during the simulation. 
We found obvious deformation in softer networks which would 
cause increased contact areas between NPs and networks; thus, 

we defined contact number as the number of network beads that 
contact with one NP during the time scale of simulation. The 
results show that the contact numbers decrease with increasing 
network stiffness (Fig. 4C). In addition, the contact numbers show 
a slowing rate of decline when the networks become stiff, which 
is consistent with the MSD and D results. Softer networks tend 
to perform larger deformation and more contact sites with NPs 
than stiffer networks due to the network deformability. A greater 
contact area induced by network deformation in softer networks 
tends to promote NP diffusion and enables them to avoid trapping 
by the network. We found from the motion trajectories (Fig. 4D) 
that NPs are also either confined by meshes or escape from them 
to walk a longer distance. The network deformation would give 
rise to fluctuations in the mesh space and interactions between 
NPs and networks. As a result, NPs in soft networks show a larger 
motion extent, and NPs more easily escape even when they are 
confined around polymer chains and nodes. We observed a slight 
increase of the contact number when spring constant increase 
from 1,000 to 10,000. To explain this, additional MD simulations 
with greater spring constant were performed and the contact num-
ber and contact time were also calculated (SI Appendix, Fig. S6). 
For the contact time, there is an obvious increase when spring 
constant increases from 100 to 10,000. The NPs are more easily 
confined in the stiff network based on the NP motion trajectories 
(Fig. 4D), which increases the contact time between the NPs and 
network. Although the contact number is affected mainly by the 

Fig. 4. Effect of ECM stiffness in tumor microenvironment on NP diffusion. (A) Representative network stiffness with spring constant of 1ε/σ2, 100ε/σ2, and 
10,000ε/σ2. The enlarged 3D drawing shows decreased deformation of network chains in simulation. (B) The MSD values and calculated diffusion coefficient 
of NPs in networks with different stiffness. (C) The normalized contact numbers of NPs with the network during simulation. (D) Representative trajectories of 
NPs in networks with increased spring constant. (One-way ANOVA with Tukey’s post hoc test, n.s., no significance, P > 0.05; ∗P < 0.05; ∗∗P < 0.01; ∗∗∗P < 0.001).
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deformation of soft network when the spring constant is from 1 
to 1,000, the contact number is an averaged value for the whole 
simulation process that the influence of contact time is also 
included. With the continuous increase of spring constant, the 
increase of contact time cannot be ignored, which induces an 
overall increase in contact number when spring constant increases 
from 1,000 to 10,000.

ECM Alignment Improves NP Diffusion Significantly by Increasing 
the Directionality. The changes in ECM microstructures have 
been widely acknowledged as a physical hallmark of cancer 
(71–73). Especially, the previous study has observed and defined 
three tumor-associated collagen signatures (TACS) to characterize 
the collagen density and alignment during mammary tumor 
progression (20, 74). Dense collagen fibers are straightened 
parallel to the tumor boundary in the TACS-2 and aligned 
ultimately perpendicular to the tumor boundary in the TACS-3. 
The radial alignment of collagen fibers facilitates local tumor cell 
invasion during tumor progression. Thus, the changes in ECM 
microstructures are a potential factor to promote NP diffusion.

To investigate the effect of network structure on NP diffusion, 
we built aligned networks with densities similar to network-4�, 
network-6�, and network-8� (SI Appendix, Table S2 and Fig. 5A). 
Compared with a cross-linked network structure, the MSDs and 

diffusion coefficients in an aligned structure greatly increase 
(Fig. 5B), indicating an improved NP diffusion ability. In addi-
tion, with the decrease in network density, the enhancement 
increases significantly. For instance, when the effective mesh size 
is 4�, the NP diffusion coefficient of aligned structure is 1.6-fold 
higher than that of network structure. However, when the effective 
mesh size reaches 6� and 8�, the NP diffusion coefficients of the 
aligned structure are sixfold and 15-fold higher than those of the 
network structure. The results suggest that the aligned ECM struc-
ture plays a major role in NP diffusion behavior and this influence 
is simultaneously related to structure density.

To verify the ECM alignment simulation results, we constructed 
collagen hydrogels with aligned fibers following previous protocol 
(75) and performed NP diffusion experiments (SI Appendix, Fig. 
S7A). The diffusion of NPs at a fixed time (6 h) was imaged using 
CLSM. The fluorescent images demonstrated that NPs penetrate 
deeper in the aligned collagen hydrogels than that in the nona-
ligned collagen network (SI Appendix, Fig. S7B). The mean fluo-
rescence intensity of NPs along penetration depth was also 
analyzed to examine the diffusion ability (SI Appendix, Fig. S7C). 
The intensity is higher in the aligned collagen than that in the 
nonaligned collagen network. In addition, NPs in aligned collagen 
are able to diffuse deeper than 250 μm while they are hardly 
observed at a depth of 150 μm in the collagen network. Compared 

Fig. 5. Effect of ECM alignment in tumor microenvironment on NP diffusion. (A) Representative network with an aligned structure, and it has an effective mesh 
size of 4σ. (B) The MSD values and calculated diffusion coefficient of NPs in networks with cross-linked and aligned structures. (C) Representative trajectories 
of NPs in cross-linked and aligned networks. (D) The normalized contact time of NPs and consecutive contact time in the network during simulation. (E) The 
directionality of NP motion in the aligned network. (One-way ANOVA with Tukey’s post hoc test, n.s., no significance, P > 0.05; ∗P < 0.05; ∗∗P < 0.01; ∗∗∗P < 0.001).
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to 0.10 μm2/s in the collagen network, the diffusion coefficient 
of NPs increases to 0.30 μm2/s in the aligned collagen (SI Appendix, 
Fig. S7D). The results indicate that the aligned collagen can 
enhance the NP diffusion, which matches well with the simulation 
results qualitatively.

To understand why the network structure can modulate NP 
diffusion, we analyzed the motion trajectories of NPs and revealed 
the different NP diffusion behavior in cross-linked and aligned 
networks (Fig. 5C). NPs in cross-linked networks are restricted 
by tightly arranged meshes and nodes. The isotropic structure 
provides NP motion with a relatively equal probability in all direc-
tions but limited accessible regions. For NPs in aligned networks, 
the direction of the path becomes evident. We then calculated the 
average contact time and the consecutive contact time (Fig. 5D). 
For the same effective density, NPs will undergo fewer interactions 
with aligned structures compared with the cross-linked structure. 
In addition, the difference becomes more significant with the 
increase in network mesh size, further confirming the changes in 
diffusion coefficient in Fig. 5B. Thus, the aligned structure plays 
a positive role in NP diffusion because of considerably decreased 
interactions between NPs and the network, resulting in reduced 
restrictions for NPs.

To elucidate how the aligned structure influences NP diffusion 
behavior, we calculated the diffusion coefficients of NPs displayed 
in one dimension (the same direction as aligned network chains):

[2]
D1d =

MSD(�)1d

2�

The ratio of the one-dimensional diffusion coefficient (D1d) to 
the three-dimensional diffusion coefficient was defined as the 
directionality of NP diffusion. We observed that an aligned struc-
ture could affect the directionality of diffusion, which depends on 
both network density and stiffness (Fig. 5E). For a certain density, 
directionality generally increases with increasing stiffness; for 
instance, the green line in Fig. 5E. However, the influence of 

density on directionality is different in ECM with low and high 
stiffness. At a relatively high stiffness (spring constant = 10 �∕�2 and 
100 �∕�2), the morphology of the grid is relatively stable; there-
fore, density effects dominate. NPs obtain a stronger directionality 
in the dense network (e.g., network-4�). At low stiffness (e.g., 
spring constant = 1 �∕�2), the network deformation increases and 
stiffness effects dominate. 1D diffusion is limited by network 
deformation, especially in a dense network. As a result, the direc-
tionality increases with increasing mesh size.

The Estimation Matrix Model to Predict NP Diffusion Efficiency. 
The ECM’s physical properties, such as density, stiffness, 
and structure, not only undergo continuous changes with 
the development of tumor progression stages and degrees of 
malignancy but also show differences in different tumor types. 
In addition, these properties are supposed to impact each other 
and change simultaneously. To obtain a comprehensive analysis of 
ECM physical property effects, we assessed the overall influence 
of these factors (Fig. 6A). The results revealed that whether in 
a cross-linked or aligned network, the diffusion coefficient of 
NPs increases with the decrease of ECM density and stiffness. In 
addition, the alignment significantly enhances NP diffusion which 
becomes more evident with the decrease of density and stiffness 
by comparing the cross-linked and aligned networks.

To evaluate whether NP diffusion ability could be predicted 
according to tumor physical characteristics, we proposed an esti-
mation matrix based on previously calculated diffusion coefficients 
(Fig. 6B). In the estimation matrix, each numerical value can be 
considered as a score that represents the diffusion ability of NPs 
in the corresponding tumor conditions. All scores are normalized 
to the diffusion coefficient value when the density and stiffness 
are 14 � and 1 �∕�2, respectively, which we considered as the 
normal ECM. First, the matrix is divided into three regions 
according to tumor ECM density and stiffness, which are relevant 
to the early, mid, and late stages of tumors. The three divided 
regions are distinguished by white lines in our figures. Furthermore, 

Fig. 6. Comprehensive analyses of tumor ECM physical properties on NP diffusion. (A) The overall presentation of NP diffusion coefficient with the influence 
of tumor physical properties. (B) Integrated influence matrix of NP diffusion ability for a given tumor physical property. All scores were obtained by normalizing 
diffusion coefficients to the value when density and stiffness are 14� and 1 �∕�2, respectively, in B(i). B(iii) Scores were calculated based on B(i) by integrating the 
effect of alignment at tumor late stages according to Eq. 3. (C) Application of the estimation matrix. The diffusion coefficient was estimated according to ECM 
physical properties in the literature. (Breast cancer: ECM density and stiffness values are from ref. 76, and alignment values are from ref. 81; Gastric cancer: 
ECM density and alignment values are from ref. 23, and stiffness values are from Fig. 2D. All values are normalized to normal ECM).
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http://www.pnas.org/lookup/doi/10.1073/pnas.2209260120#supplementary-materials


PNAS  2023  Vol. 120  No. 1  e2209260120� https://doi.org/10.1073/pnas.2209260120   9 of 12

the estimation matrix without alignment influence (Fig. 6 B, i) is 
determined by normalizing the NP diffusion coefficient, resulting 
in the cross-linked network. Similarly, the estimation matrix with 
the complete influence of the aligned structure (Fig. 6 B, ii) is 
determined by normalizing the diffusion coefficients in the aligned 
network. However, for tumor tissues, ECM structure changes 
induced by tumor progression exist to a certain degree instead of 
ideal and complete alignment. Considering the partial alignment 
and the notable diffusion ability increase in the aligned network, 
the effect of alignment could also be integrated into the final 
matrix by a weight multiplier. Eq. 3 is the summary of the esti-
mation scheme, where � is the averaged increase multiples (each 
diffusion coefficient in the aligned network divided by that in the 
cross-linked network) of diffusion coefficients in each subregion, 
� represents the weight multiplier in corresponding subregions, 
and A is the normalized value of diffusion coefficient in the cross-
linked network.

[3]
Bij = Aij[(�k − 1)�k + 1]

The results suggest that NP diffusion coefficients are closely related 
to ECM density and stiffness in ECM without fiber alignment. 
As a result, NPs exhibit the strongest diffusion ability in the early 
tumor stage and the weakest diffusion in the late stage. However, 
NP diffusion ability is greatly affected by the aligned structure 
once the alignment appears. We found that NPs show significantly 
increased diffusion ability in the late tumor stage due to 50% 
alignment (Fig. 6 B, iii). In the late tumor stage with an aligned 
structure, D increases to three times higher than that in the cross-
linked network and is even better than that in the midterm stage. 
Furthermore, if the tumor ECM is characterized by ideal and 
complete alignment in structure, there is an overall improvement 
of NP diffusion ability in all the three stages up to a 15-fold 
enhancement.

In conclusion, the estimation matrix provides an evaluation 
method for NP diffusion ability according to tumor ECM physical 
characteristics. We offered estimated relative diffusion coefficients 
of different tumor progression and tumor types of clinical speci-
mens in the literature to explain the application (Fig. 6C). Taking 
breast cancer as an example, we assumed that the density, stiffness, 
and alignment in normal tissues are 1, 1, and 0, respectively, which 
represent ECM with normalized density and stiffness and without 
alignment. Then, the dimensionless density and stiffness in different 
tumor progression stages and tumor subtypes can be obtained 
according to ECM characterization (76) (SI Appendix, Table S3). 
Collagen alignment in human breast cancer has been proven by 
many reports (20, 77–79), but it is challenging to quantify the 
alignment degree. We observed that the proportion of anisotropic 
collagen fibers varies from 0.1 to 0.35 (80, 81), so we assigned 0.15 
and 0.3 as the alignment degree according to malignant progression 
and aggression. After that, the respective normalized diffusion coef-
ficients are calculated using our estimation matrix model. Similarly, 
we also applied our model to gastric cancer according to the char-
acterization results from previous work (density and alignment) 
(23) and ours (stiffness). As the results show, the estimated D 
decreases as the tumor progresses and aggression. We suggest that 
if the estimated D is relatively low (e.g., 0.4 in breast cancer IDC), 
a pretreatment of ECM is necessary before the drug delivery.

Discussion

Given that NPs show limited delivery efficiency in biological sys-
tems, especially in tumor ECM, it is necessary to figure out how 

to achieve improved NP diffusion ability for cancer diagnosis and 
treatment (82, 83). Previous works have made great efforts in 
regulating particle size, shape, surface chemistry, and stiffness 
although NP design and engineering are complicated processes 
(84, 85). Moreover, the low delivery efficiency of NPs is still a 
huge challenge for clinical translation of cancer nanomedicines, 
although great efforts have been made to regulate NP physico-
chemical parameters (1). Recently, increasing interest and research 
on the physical properties of the TME have led us to pay more 
attention to the tumor ECM (86, 87). The physical abnormalities 
of tumor ECM induced by tumor development will in turn affect 
tumor progression and treatment resistance (54, 88). In our study, 
we explored approaches to improve NP delivery by investigating 
the influence of tumor ECM physical properties.

We examined the physical property changes of human gastric 
cancer samples by comparing normal and tumor tissues. It was 
shown in Masson’s trichrome staining that there is a difference in 
ECM appearance after tumorigenesis. Further quantitative anal-
ysis suggests increased collagen content and elevated stiffness 
mainly caused by collagen accumulation in tumor regions. The 
dense ECM composition provides restricted motion space for NPs, 
implying the role of ECM physical properties in mediating NP 
diffusion. In addition, tissue carcinogenesis causes structure 
remodeling of ECM, resulting in aligned collagen fibers. Compared 
with dispersed network structures, fibers in a similar arrangement 
may act as convenient access for NP transport. NP diffusion exper-
iment in normal and tumor tissues has shown a large impediment 
for NP penetration in cancerous tissues, revealing the crucial role 
of ECM physical properties. MD simulation and in vitro experi-
ments in our work demonstrate the impact of each factors on NP 
diffusion including ECM density, stiffness, and structural changes. 
ECM density and stiffness negatively affect NP diffusion ability, 
while interestingly ECM alignment significantly increases NP 
diffusion. Generally, ECM is characterized by increased density 
and stiffness with the pathogenesis and progression of tumors, 
which suggests the benefit of early cancer diagnosis and treatment 
in the clinic. The emergence and extent of ECM alignment are 
not consistent with tumor growth. Thus, when considering align-
ment, more analysis of each specific condition is required to 
answer whether this factor influences NP diffusion and how to 
influence it.

Our findings also inspire us to determine the feasibility of per-
sonalized medicine by predicting nano-drug delivery in advance. 
For this, we developed an evaluation matrix to estimate and predict 
medication effects from a transport perspective by providing a 
diffusion score according to ECM conditions. The evaluation 
matrix would help researchers or clinicians make an early judg-
ment of drug efficiency by determining the tumor ECM’s physical 
appearance. Through our evaluation matrix obtained based on a 
series of fixed parameters, a flexible selection of weight coefficients 
for each factor makes it possible to be applied to different tumor 
progression and types. Expected practical data are supposed to 
further improve and complete the evaluation model for broader 
but more precise utilization. We look forward to the wide clinical 
application prospects of our evaluation model in guiding the quan-
titative characterization of tumor ECM and therapeutic 
strategies.

It should be noted that there are still some limitations associ-
ated with our model. A pure diffusion model is used to simulate 
and predict the NP diffusion efficiency, while other complex 
transport processes, such as the convention and tissue movement, 
are not included here (89). The regular cross-linked network in 
the model is an ideal simplification of the ECM, which is a 
porous material with heterogeneously distributed pores and 

http://www.pnas.org/lookup/doi/10.1073/pnas.2209260120#supplementary-materials


10 of 12   https://doi.org/10.1073/pnas.2209260120� pnas.org

multiscale structure in native tumor tissues (47). In addition, the 
threshold exists for the size ratio of the NP and network mesh. 
On one side, if the mesh size is equal to the NP size, in which 
the NP is confined by the mesh, the diffusion coefficient is 
approximate to zero. With the increase of the mesh size, the effect 
of the mesh on the NP diffusion decreases. The mesh size can be 
increased infinitely, but the diffusion coefficient is approximate 
to that of the NP diffusion in solvents under this condition. Last 
but not the least, we focus only on the diffusion process of NPs 
in ECM after the vascular extravasation. The vascularity is not 
considered in our simulations and the proposed estimation matrix 
model.

Conclusions

Given that nanomedicine is confronted with limited and disap-
pointing delivery efficiency in tumors clinically, an in-depth 
understanding of the diffusion mechanism is desperately required. 
Researchers have made constant efforts to develop NPs of various 
sizes, shapes, biochemical and mechanical properties. Nevertheless, 
the TME receives less attention and the role of tumor ECM phys-
ical traits in NP diffusion remains largely unexplored. In our study, 
the physical properties of tumor ECM were characterized by clin-
ical samples, and the decreased penetration depth of NPs in tumor 
tissues was also confirmed by using decellularized clinical samples. 
MD simulations and single-particle tracking experiments in col-
lagen were performed to explore the effects of ECM physical 
properties on NP diffusion. We found that NP diffusion ability 
decreases with increasing network density and stiffness, while an 
aligned network enhances NP diffusion up to 15-fold. In vitro 
experiments in which NPs diffuse in collagen confirmed the neg-
ative correlations between NP diffusion coefficient and ECM 
density. We also developed an estimation matrix model with eval-
uation scores of NP diffusion through comprehensive analyses of 
diffusion parameters. Although the efficiency needs to be demon-
strated by further implementation, our findings have inspired us 
to pay more attention to tumor hallmarks in drug delivery. Further 
investigation of the interaction between particles and ECM will 
help us to exploit innovative NP designs and TME regulation 
methods.

Materials and Methods

Reagents and Materials. Rat tail collagen I was purchased from Corning 
Incorporated. PS fluorescent NPs were purchased from BaseLine ChromTech 
Research Centre. The 1× Dulbecco’s phosphate-buffered saline (DPBS, without 
calcium and magnesium) solution was purchased from Labgic Technology Co., Ltd. 
Sodium lauryl ether sulfate (SLES, 70%) was purchased from Macklin Biochemical 
Co., Ltd. Gastric tumor and paracancerous tissues were provided by Honghui 
Hospital. The paracancerous tissues, which are physically next to the cancerous 
tissues, are widely used as the normal control to compare with tumor tissues. All 
samples were deidentified properly prior to use in the study.

MD Simulations. The coarse-grained (CG) NPs were constructed as a cubocta-
hedral structure in Materials Studio (MS) by a face-centered cubic lattice (38, 
39) with a strong bead–bead harmonic spring force (Eq. 4). Ebond was the energy 
for bond stretching of adjacent beads, and kb was the spring constant and r0 was 
the equilibrium bond length. As a result, the CG NP can be considered as a rigid 
spherical NP with a diameter of approximately 2.5 �. The regular polymer network 
was constructed to simulate the ECM structure (38). Each polymer chain was 
composed of about 72 CG beads and cross-linked by a node bead in the initial 
model. The size of the simulation box was 72×72×72 �3, and periodic boundary 
condition was used in all the three directions. The bonded interaction between 
adjacent CG beads within each polymer chain is also described by a harmonic 
spring force. And, we utilized the Lennard–Jones potential (Eq. 5) to describe 

the nonbonded interactions V (r) between two beads where � was the interaction 
strength, r  was the distance between two beads, and rc was the cutoff distance.

[4]Ebond(r) =
1
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The detailed interaction parameters of Eqs. 4 and 5 are listed in SI Appendix, 
Table S4. The dimensionless units � (bead radius), m (bead mass), �, and � are 
the units of length, mass, time, and energy, respectively. In the simulation, the 
Velocity-Verlet algorithm was utilized to perform the time integration with a time 
integration of Δt = 0.002�. We performed constant number–volume–energy 
integration updates of position and velocity for beads during simulations. A 
Langevin thermostat was applied to control the system temperature at KbT = 1.0� 
where Kb is the Boltzmann constant, and T  is temperature. The total simulation 
time was 10,000 � and four times were repeated for each case, then the mean 
MSD of the NPs was obtained. The MSD curve was liner fitted from 2,000 � to 
10,000 � and the slope (k) of the fitting line was calculated. Then, the diffusion 
coefficient D was obtained by D = k ∕6. All MD simulations were performed using 
the Large-scale Atomic/Molecular Massively Parallel Simulator package.

Network density was regulated by adjusting the mesh size which was changed 
from 4� to 14� (i.e., 4�, 6�, 8�, 10�, 12�, 14�). A spring force was applied to 
each CG bead of the network to constrain its initial position during simulation, 
which restricted network fiber deformation and controlled network stiffness. To 
regulate the stiffness of the ECM network model, the spring constant was set as 
1�∕�2, 10�∕�2, 100�∕�2, 1,000�∕�2, and 10,000�∕�2 to adjust the network 
from a considerable soft state to quite stiff. The soft network was more relaxed 
and deformable during simulation, while the stiff network was restricted and 
practically maintained its initial construction. We changed the available cross-
linked network formation into an aligned and parallel arrangement to modulate 
the network structure. In an aligned network structure, all polymer chains lined 
up in the same direction and there were no node beads connecting them. To 
ensure a density comparable to that of the previous network and keep the system 
a cube at the same time, we selected proper square numbers as the numbers 
of polymer chains to adjust them to be as constant as possible with cross-linked 
networks (SI Appendix, Table S2).

NP Diffusion in Decellularized Tumor Tissues.
Characterization of the gastric tumor and paracancerous tissues. The gas-
tric tumor and paracancerous (normal) tissues collected from clinical surgery 
were kept in PBS solution at 4 °C and transferred to the lab within 4 h. Then, 
they were cut into 3.0 × 3.0 × 3.0 mm3 sections and freeze-sectioned into 
10 μm slices for Masson trichrome staining. Collagen content and fiber ori-
entation distribution were analyzed using ImageJ software (SI Appendix, Fig. 
S8). The image was imported into ImageJ and converted to 8-bit grayscale 
format. Then, an appropriate threshold was determined to select collagen 
fiber area as complete as possible. The collagen area was measured and the 
fraction of the collagen area in the whole image was considered as the colla-
gen content. For fiber orientation distribution, the image to be analyzed was 
similarly imported into ImageJ and converted to 8-bit grayscale format. The 
plugin OrientationJ-Distribution was applied to analyze the fiber orientation 
distribution automatically. The generated data sheet was used to develop the 
distribution probability–direction profile.

Tissues were cut into 4 mm diameters and 1.5 mm thicknesses for rheology 
tests using a rheometer (Anton Paar, MCR302, Austria). Frequency tests were 
performed with a shear strain of 1% and an angular frequency ranging from 
0.562 to 100 rad/s for normal and tumor tissues. The storage modulus G’ and 
loss modulus G’’ were recorded while G’ is related to the Young’s modulus of 
the tissues. All tests were repeated three times for each sample. The final G’ was 
calculated by averaging the modulus values of the last three recorded frequencies, 
with G’ remaining stable.
NP diffusion in decellularized tissues. Tumor tissues were decellularized follow-
ing the method described in the literature (40). Briefly, the collected gastric tumor 
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tissues and paracancerous tissues were cut into 3.0 × 3.0 × 3.0 mm3 sections 
followed by the removal of blood cells in DPBS solution for 4 h. Then, the tissues 
were transferred into 1% SLES solution with gentle shaking on an orbital shaker for 
24 h. After that, the tissues were washed using sterilized water and DPBS solution 
with gentle shaking for 8 × 2 h to remove residual SLES. Finally, the decellularized 
tumor tissues were kept in DPBS solution at 4 °C for the following use.

NP size and surface property were characterized before our in vitro experi-
ments. Morphological images were captured using a JEOL JEM-2100Plus TEM 
while hydrodynamic diameters and zeta-potentials were measured using a 
Malvern Zetasizer Nano ZSE. For the NP diffusion experiment, 1% fluorescence 
NPs of 80 nm in diameter were dispersed in PBS for 1 h using an ultrasonic 
cleaner followed by culture with the decellularized tissues for 48 h. Then, the 
tissues were freeze-sectioned into 10 μm slices at the center position for imaging. 
We obtained the fluorescence images of NP diffusion and analyzed the fluores-
cence intensity and tumor tissue area using the ImageJ software.

Single-Particle Tracking Experiments.
Preparation of collagen hydrogel. Collagen I hydrogel was prepared accord-
ing to the product instructions. Briefly, rat tail collagen I was added to a cen-
trifuge tube placed in an ice bath, followed by the addition of deionized 
water. Then, the mixture was added to 0.2 mol/L NaOH solution and mixed 
immediately. Then, the 10× PBS was added and fully mixed to form the final 
mixture. The collagen was transferred to a 96-well plate and put into a 37 °C 
incubator for 50 min for cross-linking.
Single-particle tracking. Collagen was prepared as described above. For NP 
tracking, fluorescent PS (200 nm) particles were added to collagen and incubated 
for 20 min. Then, a volume of 40 μL collagen-containing NPs was transferred on a 
glass bottom dish and a coverslip was placed slightly. NP diffusion was observed 
and measured under a CLSM following the procedure from the literature (41, 42). 
Briefly, the motions of the particles within the collagen were recorded at a temporal 

resolution of 33.3 ms for 10 s. Approximately N = 15 particles were tracked for each 
experiment, and their trajectories were analyzed using ImageJ. MSD and D of these 
particles were then calculated as follows:

[6]
MSD(�) =

∑
[(x� −x0)

2 + (y� −y0)
2]

N

[7]D =
MSD(�)

4�

Data, Materials, and Software Availability. All study data are included in the 
article and/or SI Appendix.
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