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Stretched exponential distributions of nonequilibrium steady-state fluctuations are ubiquitous in living
and nonliving systems alike, yet their microscopic origins have remained elusive. In this Letter, we track the
motion of three types of vesicles across different cell types and find that their trajectories undergo random
transitions between directed runs (on state) and diffusionlike jiggling (off state) in the highly dynamic,
heterogeneous cytoplasm. The dwell times in these two states follow a stretched exponential distribution,
which arises from a continuous weighted sum of simple exponential distributions that align with the
unbinding kinetics of motor proteins traversing the cytoskeletal filaments in vitro. Our findings illuminate
the profound connection between stretched exponential statistics and dynamic heterogeneity, shedding new
light on the complex spatiotemporal landscape of cargo transport within cells.
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How proteins navigate and function in densely packed
cells is an outstanding issue in cell biology, which has been
the subject of ongoing debate [1–6]. There exist two
physical modes of intracellular transport [7]: passive
diffusion of biomolecules at short distances (nm − μm
scale) and active, motor-driven transport of vesicular
cargoes over long distances (μm to the cell’s size). For
normal diffusion at equilibrium, the central limit theorem
guarantees that the probability density function (PDF)
PðΔxÞ of particle displacement ΔxðtÞ follows the
Gaussian distribution, and deviations (when present) decay
with lag time t. Thermal motion in crowded or hetero-
geneous environments, such as protein diffusion in cells
[8–12], commonly produces non-Gaussian (typically expo-
nential) displacement distributions even when the mean-
squared displacement remains linear in time [13–15].
Various models have been proposed to explain the

non-Gaussian behavior in terms of heterogeneity, broad
diffusivity distributions, trapping, or Lévy-type jumps
[16–19]. Among them, a compelling hypothesis suggests
that the non-Gaussian PDF PðΔxÞmay arise from dynamic
heterogeneity in cells, such as from a protein’s diffusivity
D. In this case, the PDF PðΔxÞ can be written as a
superposition of the “fundamental modes” (or conditional
PDF) GðΔxjDÞ [11,20–22],

PðΔxÞ ¼
Z

∞

0

GðΔxjDÞpðDÞdD; ð1Þ

where GðΔxjDÞ is a Gaussian for protein diffusion at a
given value of D, and pðDÞ is a distribution function of D.
When D has a broad distribution, such as an exponential
distribution, pðDÞ ∝ expð−D=D0Þ, the resulting PðΔxÞ
exhibits a long exponential tail [11,20–22], which falls
off much slower than a Gaussian. Recent experimental
studies on protein diffusion on live cell membranes have
confirmed this mechanism [11,12].
In contrast, motor-driven cargo transport is characterized

by persistent directed motion interrupted by intermittent
“pauses,” during which the vesicles exhibit jiggling motion
[23–28]. Because multiple molecular motors introduce
persistent temporal correlations while cooperatively pulling
the vesicle, the dwell times in both the active (“on”) state
and the pausing (“off”) state become key observables for
characterizing nonequilibrium cargo transport. These dwell
times are positive random variables. They would follow
Poisson statistics with a simple exponential distribution, if
the underlying switching kinetics were purely random,
homogeneous, and statistically independent (without cor-
relations). Deviations from this exponential behavior, there-
fore, signal the presence of nontrivial collective dynamics
and new underlying physics.
Here, we show that the dwell time statistics for the

vesicles in both the on and off states follow a stretched
exponential distribution, PðτÞ ∝ expð−τ=τ0Þβ, where τ is a
dwell time with τ0 being its characteristic value and the
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exponent 0 < β < 1. The stretched exponential distribution
is non-Gaussian but for mechanistically different reasons,
as will be shown below. It has been widely used to
characterize relaxations in disordered systems and non-
equilibrium fluctuations in steady states [29,30]. Thus far,
the stretched exponential distribution is mainly used as a
phenomenological description, and understanding its
physical origin remains a challenge. Previous efforts to
explain stretched exponential relaxation as a continuous
weighted sum of simple exponential decays originating
from Debye relaxations [31–34] have yet to be experi-
mentally validated. The applicability of this argument to
nonequilibrium steady states is still an open question.
In this Letter, we employ advanced single-particle

tracking and sorting algorithms to capture the moving
trajectory of various vesicles driven by motor proteins, such
as dynein and kinesin, along with cytoskeletal filaments
inside a cell at a spatial resolution of ∼20 nm [12,35]. The
vesicles under investigation include late-stage endocytic
vesicles containing epidermal growth factor receptors
(EGFR endosomes), early endosomes (EEs), and lyso-
somes. These vesicles cover a wide range of organelles,
which are transported by distinct sets of microtubule
motors and regulators [36,37]. The cell types examined
cover both normal and cancerous epithelial cells from
various tissue origins, including the human bronchial
epithelial cell line (BEAS-2B), the human cervical cancer
cell line (HeLa), and human retinal pigment epithelial-1
cells (RPE-1). By analyzing the recorded vesicle positions
rðtÞ over time t, we collect an extensive dataset of
vesicle trajectories from over 485 cells, covering a wide
range of sampling times and traveling distances across the
entire cell (see Sec. I in Supplemental Material for more
details [38]).

Figure 1(a) shows a collection of 3-min-long mobile
trajectories of EGFR endosomes in RPE-1 cells. The
trajectories of individual vesicles all exhibit irregular
motion patterns, including intermittent runs (“on state“),
pauses (“off state”), and reversals, as illustrated in
Figs. 1(b) and 1(c). The on state is characterized by
directed motion along relatively straight and extended
paths, while the off state involves jiggling or diffusionlike
movement with minimal displacement. Although such a
two-state motion has been previously reported for specific
endosomes, lysosomes, and secretory vesicles at certain
intracellular positions [23–28], our Letter reveals that the
two-state transport is a common feature for various motor-
driven vesicles across different cell types and over a wide
range of travel distances across the entire cell.
To analyze the statistical properties of the on-state and

off-state trajectory segments separately, we employ an
automated selection algorithm developed by Röding et al.
[50] to distinguish between the two states in each trajectory
(see Supplemental Material, Sec. I for details [38]). Once
the segments are identified, we label each vesicle trajectory
with its on-state probability pon, defined by the fractional
time spent in the on state. The entire set of vesicle
trajectories can then be categorized into two groups: the
immobile group with pon ¼ 0 and the mobile group with
pon > 0.
Figure 1(c) displays 11 representative mobile lysosome

trajectories with different values of pon. The vesicles
demonstrate considerable dynamic heterogeneity, as evi-
denced by significant variation in trajectory shapes and
sizes; some are mobile [illustrated by the colored trajecto-
ries in Fig. 1(a)], while others are nearly immobile (not
shown here). Among the mobile vesicles, some exhibit
rapid movement (long trajectories), while others move
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FIG. 1. Cargo transport in a living cell. (a) A total of 258 representative mobile trajectories (colored lines) superimposed on a
simultaneously taken bright-field image of a BEAS-2B cell, showing the intracellular motion of lysosomes. The trajectories are
computed over 1800 time steps (180 s long). The white dashed line indicates the cell periphery, and the blue ellipse indicates the cell
nucleus. The scale bar is 10 μm. (b) A representative mobile trajectory of a lysosome showing intermittent switching between the on
state (red) and off state (green). The inset provides a magnified view of a section of the trajectory. The scale bar is 2 μm. (c) A total of 11
representative mobile trajectories of lysosomes with varying on-state probabilities pon, as marked by a nearby number. The scale bar is
5 μm.
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more slowly (shorter trajectories). The values of pon
for these trajectories range widely from 0 to 1. For
EGFR endosomes in RPE-1 cells, we observe that the
immobile group comprises approximately half of the
trajectories (49� 13%, averaging across 42 cells) and is
predominantly trapped in the perinuclear region. In con-
trast, the mobile group generally exhibits a radial pattern
around the cell nucleus [see Fig. 1(a)], closely resembling
the microtubule arrangement in a cell. These mobile
trajectories are highly heterogeneous, with faster-moving
vesicles (and large values of pon) primarily localized near
the cell’s periphery.
From the extensive collection of extracted on-state and

off-state segments, we compute the statistics of the on-state
dwell time ton and off-state dwell time toff for various
vesicles across different cell types. Typically, we find 3–15
moving segments in each trajectory, from which we
compute ton for each segment and the mean value htonii
for that (the i th) trajectory. The probability density
functions (PDFs) PonðtonÞ, as shown in Fig. 2(a), are
averaged over an ensemble of trajectories from multiple
cells of the same type cultured under the same experimental
conditions. Table I (End Matter) shows the number of cells
and trajectories obtained under each experimental condi-
tion and the total number of cells (485 cells) and mobile
trajectories (94,603 trajectories) used in the analysis. The
five datasets exhibit considerable overlap, with slight
deviations in the tail part of the PDFs. They can all be
described by a stretched exponential distribution,

PonðtonÞ ∝ e−ðton=τ0Þβ : ð2Þ

The fitted values of the characteristic time τ0 and the
exponent β are reported in Table II (End Matter). The fitted

values of β are found to vary from 0.61 to 0.78 (see
Supplemental Material, Sec. III.B for details [38]).
To understand the origin of the stretched exponential

distribution, we examine the effect of dynamic hetero-
geneity in individual trajectories, which vary significantly
based on their values of pon [see Fig. 1(c)]. Figure 2(b)
shows the PDFs P0

onðton=htoniiÞ of the normalized on-state
dwell time ton=htonii. The PDFs P0

onðton=htoniiÞ for differ-
ent cell lines are found to follow the same exponential
distribution over four decades of ton=htonii once variations
in htonii among different trajectories (dynamic hetero-
geneity) are divided out:

P0
onðton=htoniiÞ ∝ e−aðton=htoniiÞ: ð3Þ

(See End Matter and Supplemental Material, Sec. II.A for
more results [38]).
The off-state dwell time toff exhibits similar statistical

properties as those of ton. The PDFs PoffðtoffÞ for various
vesicles across different cell types follow a stretched
exponential distribution akin to Eq. (2) with β ¼ 0.30�
0.04 (see Fig. 3). A smaller value of β indicates a more
stretched distribution, suggesting that toff is subjected
to greater heterogeneity. Furthermore, the PDFs
P0
offðtoff=htoffiiÞ of the normalized dwell time toff=htoffii

conform to the same exponential distribution (see
Supplemental Material, Sec. II.B for more results [38]).
The exponential distributions of the PDFs P0

onðton=htoniiÞ
and P0

offðtoff=htoffiiÞ reveal common features of intracellular
transport across different cell types and vesicles with various
biochemical markers and functions (see Table II for more
fitting results). These results suggest that transitions between
the on and off states occur randomly over time, which can be
modeled as a Poisson process with a transition rate 1=htoni

(b)(a) (c)

FIG. 2. Statistics of on-state dwell time ton. (a) Measured PDFs PonðtonÞ for EGFR endosomes in BEAS-2B cells (black circles), HeLa
cells (red diamonds), and RPE-1 cells (blue pentagons), and for early endosomes (EE, green triangles) and lysosomes (purple hexagons)
in BEAS-2B cells. The red solid line shows a representative fit of Eq. (2) to the EGFR-endosome data from RPE-1 cells with
τ0 ¼ 0.29� 0.10 s and β ¼ 0.61� 0.04. Fits to other datasets are shown in Fig. 4 (End Matter). The black dashed line shows the
calculated PonðtonÞ using Eq. (4) and the measured gðhtoniiÞ in (c) for EGFR-endosomes in RPE-1 cells. (b) Measured PDFs
P0
onðton=htoniiÞ of the normalized dwell time ton=htonii. The red solid line shows a fit of Eq. (3) to the RPE-1 data with a ¼ 1.55� 0.05.

Fits to other datasets are shown in Fig. 5 (End Matter). (c) Measured distribution functions gðhtoniiÞ of the trajectory-based
mean dwell time htonii for different vesicles across various cell types. The red solid line shows a fit of Eq. (S6) in Supplemental
Material with τ0 ¼ 0.52� 0.10 s and β ¼ 0.54� 0.04 for EGFR endosomes in RPE-1 cells (see Supplemental Material,
Sec. III.C for more details [38]).
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[51].Whenvesiclesmove alongmicrotubules, they encounter
many obstacles, which causes the transitions that are intrinsi-
cally stochastic. The on-state dwell time is primarily deter-
mined by unbinding events ofmotor proteins as they navigate
the complex cytoskeletal network. The off-state dwell time,
on the other hand, is the docking time for a motor-vesicle
assembly finding a permissive path to move along.
The actual dwell time of individual vesicles in each state

is influenced by the complex local environment in cyto-
plasm, where these transitions occur. As a result, the
unconditional PDF PðτÞ (with τ ¼ ton or toff ), which
follows a stretched exponential distribution, may arise
from a superposition of simple exponential distributions,
originating from an ensemble of independent Poissonian
binding and unbinding events of motor proteins, i.e.,

PðτÞ ∝ e−ðτ=τ0Þβ ¼
Z

∞

0

gðτiÞe−τ=τidτi; ð4Þ

where gðτiÞ is a distribution function of the trajectory-based
mean dwell time τi.
Figure 2(c) shows the distribution function gðhtoniiÞ for

different vesicles across various cell types. The five datasets
exhibit considerable overlap, and the distribution of tra-
jectory means htonii is broad, spanning a range comparable
to that of individual ton values. Using the measured
gðhtoniiÞ for lysosomes in BEAS-2B cells, we calculate
PonðtonÞ using the second equality in Eq. (4) [black dashed
line in Fig. 2(a)], which shows a good agreement with the
measured PonðtonÞ. Equally good fittings are also obtained

for other vesicle and cell types (see Fig. 4). Figure 2, thus,
verifies the origin of stretched-exponential dwell time
statistics, as shown in Eq. (4).
To further verify the above results obtained with normal

cell types, we apply two separate cell treatments to alter the
cytoskeletal conditions through which vesicular cargoes
move across the cell (see Supplemental Material,
Sec. I for experimental details [38]). One treatment sig-
nificantly disrupts the morphology of the endoplasmic
reticulum (ER) (see Supplemental Material, Fig. S10 and
Sec. IV.A [38]). The ER is known to form an intercon-
nected network with convoluted sheetlike and tubelike
membrane structures that permeate the cytoplasm and was
shown to establish pervasive, discrete physical contact
with vesicles [52,53]. The other treatment alters cell
volume, thereby altering intracellular crowdedness (see
Supplemental Material Figs. S13 and S14 and Sec. IV.B
[38]). These two cell treatments represent two essential
biochemical and physical perturbations to the intracellular
environment and are used to identify key factors contrib-
uting to the observed heterogeneity.
Because of reduced interactions with the disrupted ER

network, the EGFR endosomes are drastically mobilized,
with their immobile ratio decreased from 49% to 19%
and their average pon increased from 0.13 to 0.17.
Figure 3 shows additional effects of disrupting the ER
network. In the treated BEAS-2B cells, the PDF PoffðtoffÞ
remains a stretched exponential form; however, the expo-
nent β is increased from 0.3 to 0.5, indicating a reduced
level of dynamic heterogeneity. The normalized PDF
P0
offðtoff=htoffiiÞ follows the same exponential distribution

as that for untreated BEAS-2B cells (see Supplemental
Material, Fig. S12 [38]).
The distribution function gðhtoffiiÞ also changes

considerably (see inset of Fig. 3). The bulk region
(4s ≤ htoffii ≤ 85 s) of the obtained gðhtoffiiÞ can be well
described by [31,32,54,55]

gðτiÞ ¼
1

2
ffiffiffiffiffiffiffiffiffiffi
πτiτ0

p e−τi=4τ0 ; ð5Þ

where τi ¼ htoffii and τ0 ¼ 3.6� 0.1 s (green solid line).
By substituting Eq. (5) into Eq. (4), one obtains an
analytical form of the stretched exponential PDF with
β ¼ 1=2 (blue dashed line in Fig. 3), which agrees well
with the experimental data. For other values of β (≤ 1), a
series expansion presentation is available [32]. The bulk
region of the obtained gðhtoniiÞ, where the experimental
data are most reliable, can be well described by the series
expansion, as shown in Fig. 2(c) (see Supplemental
Material, Sec. III.C for details [38]). The off-state results
shown in Fig. 3, as well as in Supplemental Material,
Figs. S4–S8 [38], provide further support to the physical
mechanism described in Eq. (4).

FIG. 3. Effects of ER disruption. Measured PDFs PoffðtoffÞ for
EGFR endosomes in untreated BEAS-2B cells with a normal ER
(black circles) and in treated cells with disrupted ER networks
(red triangles). The black and red solid lines show the best fits to
Eq. (2) with β ¼ 0.3� 0.04 (τ0 ¼ 0.11� 0.08 s) and β ¼ 0.5�
0.03 (τ0 ¼ 2.6� 1 s), respectively. The blue dashed line is the
calculated PoffðtoffÞ using Eqs. (4) and (5) with β ¼ 0.5 and
τ0 ¼ 3.8 s. The inset displays the measured gðhtoffiiÞ for un-
treated (black circles) and treated BEAS-2B cells (red triangles).
The green solid line is a fit of Eq. (5) to red triangles with
τ0 ¼ 3.6� 0.1 s. Slight variations in the fitted τ0 result from
fitting uncertainties in β.
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In contrast to the significant changes observed in the off
state, the statistics of the on-state dwell time ton remain
largely unaffected by ER disruption (see Supplemental
Material, Fig. S11 and Sec. IV.A [38]). As on-state EGFR
endosomes move rapidly along microtubules, they have
limited time to interact with the ER network, thereby
reducing the impact of ER disruption. By contrast, off-
state EGFR endosomes exhibit slower movement and
greater resistance due to prolonged interactions with the
ER network and other obstacles, which explains the
significant impact of ER disruption on PoffðtoffÞ.
Our results, thus, provide new insights into the intricate

interplay between motor-driven endosomal transport and
various resistive forces arising from interactions with cytoske-
leton. First, we find that on-state vesicles inhabit a local
environment that is significantly different, in terms of dynamic
heterogeneity, from that in the off state. Themeasured gðhtoniiÞ
covers a narrower range of htonii, giving rise to a larger β closer
to unity. The shape of the measured gðhtoniiÞ remains largely
unchanged across various vesicle and cell types [see Fig. 2(c)].
This stability suggests that the local environment surrounding
the microtubules facilitates a smoother pathway for motor-
driven cargo transport with a high efficiency.
Second, when vesicles encounter strong pinning forces,

such as physical tethering to the ER network [52,53],
obstructions caused by actin patches or microtubule inter-
sections [23,24,56], or opposing forces exerted by different
types of motor proteins acting on the same vesicle [57,58],
they enter the off state. In this case, the measured gðhtoffiiÞ
exhibits a broader range of htoffii, resulting in a smaller value
of β. Furthermore, the shape of gðhtoffiiÞ becomes sensitive
to vesicle types and cell lines involved (see inset of Fig. 3 and
SupplementalMaterial, Fig. S4(c) [38]). This result suggests
that variations in the off-state value of β provide a more
effective measure of their biological specificity (see Table II
and Supplemental Material, Sec. IV.A [38]).
The dependence of cargo transport on interactions with

the local environment is further illustrated by the effects of
ER network disruption, which reduces dynamic hetero-
geneity, and by reinforcing such interactions, for example,
through increased cytoplasmic crowding (see Supplemental
Material, Sec. IV.B for details [38]). These results under-
score the critical role of the intracellular context in
regulating cargo transport dynamics in both on and off
states, thereby promoting efficient cargo delivery in cells.
Intracellular cargo transport is a complex, multifaceted

process that involves motor-vesicle assemblies, their visco-
elastic interactions with the surrounding cytosol and cytos-
keleton, and specific binding interactions with microtubules.
A previous study [26] reported that the PDF PðlÞ of the
directional persistence length l exhibits a power-law tail and
attributed this behavior to truncated Lévy walks. However,
because l is a composite variable that depends on the on-state
velocity v, the dwell times ton and toff , and the effective
diffusivityD during the off state, the physical interpretation of

the conditional PDF PðlÞ is rather convoluted. In contrast,
our analysis focuses on the dwell time in the on and off states,
a simple and foundational variable in the two-state motion of
motor-driven vesicles, thereby providing a clearer physical
picture of intracellular cargo transport.
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End Matter

Summary of sample sizes—Details about the sample
sizes used in this Letter are summarized in Table I. To
build up the statistics, we typically track each type of
vesicles from more than 39 cells cultured under the
same condition so that at least 4.7 × 103 trajectories
were used for statistical analysis.

Summary of fitting results—The fitting results for on-
state dwell time ton and off-state dwell time toff are
summarized in Table II.

Statistical properties of on-state dwell time ton—
Figure 4 shows the individual plot of the PDFs PonðtonÞ

in Fig. 2(a), along with the fits for each dataset. It is
seen that the level of agreement between the
experimental results and the stretched-exponential fit
[Eq. (2)], as well as the calculated PonðtonÞ using
Eq. (4), remains equally good for each dataset.

Statistical properties of normalized on-state dwell
time ton=htonii—Figure 5 shows the individual plot of
the PDFs P0

onðton=htoniiÞ in Fig. 2(b), along with the fits
for each dataset. It is seen that the level of agreement
between the experimental results and the exponential fit
[Eq. (3)], remains equally good for each dataset.

TABLE I. Summary of cell treatments and sample sizes. The columns, from left to right, provide information on the cell types used,
the types of vesicles imaged, the treatments applied to the cells, the number of cells that were imaged, and the total number of mobile
trajectories included in the statistical analysis.

Cell type Vesicle type Cell treatment No. of cells No. of mobile trajectories

BEAS-2B EGFR endosome No treatment 83 9946
BEAS-2B EGFR endosome ER disruption 66 9673
BEAS-2B Early endosome No treatment 39 20,780
BEAS-2B Lysosome No treatment 42 17,465
BEAS-2B EGFR endosome Hypotonic 63 9217
BEAS-2B EGFR endosome Isotonic 49 8846
BEAS-2B EGFR endosome Hypertonic 48 4752
HeLa EGFR endosome No treatment 51 6007
RPE-1 EGFR endosome No treatment 44 7917

Total: 485 94,603

TABLE II. Summary of fitting results. The first two rows present the best-fit values of the parameters β and τ0 for the stretched
exponential distribution in Eq. (2) and Supplemental Material, Eq. (S1), applied to the measured PDFs from various vesicle types, cell
lines, and cell treatments. The last two rows provide the best-fit values of the parameter a for the exponential distribution in Eq. (3) and
Supplemental Material, Eq. (S2), applied to the measured PDFs from various vesicle types, cell lines, and cell treatments. Error bars
indicate the fitting uncertainties.

EGFR
endosome
BEAS-2B

Lysosome
BEAS-2B

Early
endosome
BEAS-2B

EGFR
endosome
HeLa

EGFR
endosome
RPE-1

EGFR endosome
BEAS-2B ER
disruption

BEAS-2B EGFR
endosome
hypotonic

BEAS-2B EGFR
endosome isotonic

BEAS-2B EGFR
endosome
hypertonic

ton β 0.78� 0.05 0.72� 0.04 0.72� 0.03 0.70� 0.03 0.61� 0.04 0.70� 0.05 0.75� 0.05 0.64� 0.04 0.57� 0.04
ton τ0 ðsÞ 0.84� 0.10 0.56� 0.10 0.54� 0.10 0.49� 0.10 0.29� 0.10 0.56� 0.10 0.70� 0.10 0.38� 0.10 0.23� 0.07
toff β 0.30� 0.04 0.46� 0.04 0.39� 0.03 0.42� 0.04 0.36� 0.03 0.50� 0.03 0.48� 0.04 0.38� 0.04 0.32� 0.04
toff τ0 ðsÞ 0.11� 0.08 1.70� 0.70 0.65� 0.30 1.11� 0.50 0.48� 0.20 2.60� 1.00 2.00� 0.80 0.54� 0.30 0.26� 0.20
ton=htonii a 1.60� 0.04 1.70� 0.05 1.60� 0.05 1.68� 0.06 1.55� 0.05 1.58� 0.05 1.62� 0.07 1.59� 0.06 1.61� 0.06
toff=htoffii a 0.99� 0.04 1.25� 0.05 1.10� 0.05 0.97� 0.06 1.02� 0.06 1.03� 0.05 1.11� 0.07 1.00� 0.07 1.00� 0.07
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(a) (b) (c)

(d) (e)

FIG. 5. Statistics of normalized on-state dwell time ton=htonii. Individual plot of the measured PDFs P0
onðton=htoniiÞ in Fig. 2(b): EGFR

endosomes in (a) BEAS-2B, (b) HeLa, and (c) RPE-1 cells; (d) early endosomes (EE) and (e) lysosomes in BEAS-2B cells. The red
solid lines show the exponential fits [Eq. (3)] to each dataset. The fitting parameters for all the datasets are reported in Table II.

FIG. 4. Statistics of on-state dwell time ton. Individual plot of the measured PDFs PonðtonÞ in Fig. 2(a): EGFR endosomes in (a) BEAS-
2B, (b) HeLa, and (c) RPE-1 cells; (d) early endosomes (EE) and (e) lysosomes in BEAS-2B cells. The red solid lines show the stretched
exponential fits [Eq. (2)] to each dataset. The black dashed lines show the calculated PonðtonÞ using Eq. (4) for each dataset. The fitting
parameters for all the datasets are reported in Table II.
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