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The molecular mechanisms governing internal fluctuations in intrinsically disordered
protein (IDP) assemblies are crucial to the stability and dynamics of both regulated and
aberrant toxic cellular aggregates, but remain poorly understood. By comprehensively
combining high-resolution quasi-elastic neutron scattering with all-atom molecular
dynamics simulations, we probe the motions of �-casein, a model IDP, inside
its assemblies. We uncover a previously unresolved slow relaxation process with
phenomenological characteristics of anomalous non-Fickian diffusion. This anomalous
signature emerges from a continuous mobility gradient governed by density and
crowding within the assemblies; the core is denser and more compact, and mobility
increases progressively toward the exterior. This dynamical heterogeneity underlies
the non-Gaussian behavior and accounts for the observed spectral broadening. Our
findings provide insight into how disorder and extreme local crowding within IDP
assemblies can result in a fundamentally different behavior compared to, e.g., clusters
of well-folded proteins. The deviations from Fickian diffusion arise from dynamic
heterogeneity and can be captured within the framework by a model typically used for
the jump diffusion observed in liquids, thereby extending its applicability.

intrinsically disordered protein | self-assembly | short-time self-diffusion |
high-resolution neutron spectroscopy | molecular dynamics simulations

Proteins are fundamental macromolecules present in living systems, responsible for a wide
range of biological functions, from enzymatic activity to structural support and cellular
signaling (1). Their dynamic behavior is crucial for their function, as proteins must fold,
interact, and diffuse within complex, crowded cellular environments (2–6). While many
proteins adopt well-defined three-dimensional structures, others, known as intrinsically
disordered proteins (IDPs), do not adopt unique stable conformations under physio-
logical conditions. This structural flexibility enables IDPs to bind to diverse partners
and regulate key cellular processes, including genome organization, signal transduction,
stress response, and formation of membraneless organelles (7–11). However, aberrant
or irreversible aggregation of IDPs is implicated in neurodegenerative conditions such
as Alzheimer’s, Parkinson’s, and Huntington’s (12–14). Understanding the dynamics of
IDP assemblies is therefore relevant both to elucidating potential functional roles and to
underpinning strategies to mitigate pathological aggregation (15, 16).

Considerable progress has been made in characterizing the phase behavior and
structural organization of IDP assemblies (17–20). Many IDPs form assemblies whose
size, morphology, and stability are highly sensitive to environmental factors such as
concentration, temperature, solvent conditions, and pH (21). These assemblies typically
comprise tens to thousands of chains and display marked polydispersity. Long-time
large-scale properties have been widely studied using approaches such as fluorescence
microscopy, fluorescence recovery after photobleaching (FRAP) (21, 22) and dynamic
light scattering (DLS), which revealed insights into aggregate size distributions (23),
conformational variability, and their environmental dependence. Neutron scattering
techniques, including neutron spin echo (NSE), have further clarified collective relaxation
dynamics (24, 25). Together, these studies have shown that IDP assemblies remain far
more dynamic than folded protein complexes (26).

Yet a crucial aspect of IDP behavior remains poorly understood, in particular, the
local fluctuations on pico- to nanosecond timescales. These ultrafast motions, directly
accessible by high-resolution quasi-elastic neutron scattering (QENS) (27–29), are
particularly important because they govern how disordered chains fluctuate within
crowded assemblies, shaping aggregate stability, maturation, surface interactions, and
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potential toxicity. Unlike folded proteins, which remain largely
rigid on these timescales, IDP assemblies retain short-time flexi-
bility (26). Despite their importance, such fast dynamics within
assemblies have been extremely difficult to probe experimentally,
leaving a major gap in our understanding of how molecular
fluctuations give rise to the emergent properties of IDP-based
assemblies.

Here, we address this challenge by combining high-resolution
QENS using a latest-generation spectrometer, with all-atom
molecular dynamics (MD) simulations in explicit solvent to
probe the internal dynamics of IDP assemblies. Using the milk
protein β-casein in aqueous solution as a representative model
system (30–37), relaxation processes across multiple length and
time scales are resolved by measuring and simulating the total
dynamic structure factor S(q,!). This approach separates fast
local fluctuations from slower internal modes; S(q,!) is analyzed
as a function of q and ℏ!, where q denotes the absolute value of
the scattering wave-vector related to the momentum transfer ℏq,
and ℏ! the energy transfer. In hydrogen-rich systems, includ-
ing proteins with their approximately homogeneous hydrogen
distribution throughout their structure, S(q,!) is dominated
by nuclear spin-incoherent scattering, reflecting single-particle
self-dynamics (27). We uncover a previously unresolved self-
diffusion process where the spectral width shows a nonquadratic
dependence on q, inconsistent with Fickian diffusion (38–40).
This finding indicates that the motion within the assemblies
deviates fundamentally from simple diffusion. Similar non-
Fickian dynamics have been reported for folded proteins under
conditions of extreme macromolecular crowding, created in
experiments, e.g., by centrifuge removal of solvent water (41, 42),
but their microscopic origin has remained elusive. Our MD
simulations reproduce this behavior upon assembly, implicating
dynamic heterogeneity within the assemblies as the origin of the
anomalous dynamics.

Our analysis further traces the non-Fickian behavior to a radial
mean-squared displacement (MSD) gradient. The suppressed
displacements in the dense core and enhanced displacements
at the periphery generate dynamic heterogeneity within the
assembly.

Together, these results establish a general framework for
understanding how assembly-induced crowding and dynamic
heterogeneity shape IDP dynamics. β-casein serves here as a
concrete example, but the principles likely extend broadly across
disordered proteins and polyampholytes. Our findings unify
anomalous diffusion (43, 44) observed in crowded biological
systems with the internal fluctuations of IDP assemblies, offering
insights into how disorder, crowding, and self-assembly combine
to regulate protein dynamics in health and disease.

β-casein belongs to the IDP family of milk caseins comprising
four major components, �s1-, �s2-, β-, and �-casein, which in
native milk assemble into large, hydrated colloidal micelles (45).
These micelles, typically tens to hundreds of nanometers in size,
are stabilized by hydrophobic interactions among casein chains
and by ionic cross-linking mediated via amorphous calcium
phosphate nanoclusters coordinated to phosphorylated residues.
These highly dynamic, structurally heterogeneous assemblies
play a central biological role in the transport and storage
of calcium and phosphate. They can undergo reorganization,
swelling, dissociation, or gelation depending on environmental
conditions (46). β-casein is amphiphilic and, when isolated from
the other casein components, retains the ability to self-associate
into micelle-like assemblies in aqueous solution above a low
critical micelle concentration, typically in the range of 0.5 to

2 mg mL−1 depending on solution conditions (36, 47, 48).
These β-casein IDP assemblies are fundamentally different from
native milk casein micelles: They are smaller and structurally
simpler, lack the multicomponent protein composition and
the inorganic calcium phosphate nanoclusters, and are there-
fore not stabilized by calcium–phosphate cross-linking (49).
Instead, their self-assembly is driven predominantly by protein–
protein interactions (50). Despite this reduced compositional
complexity, β-casein assemblies remain polydisperse and sensitive
to environmental conditions (37, 51). Under conditions very
similar to those investigated here, previous studies have reported
a characteristic mean size of the order of 8 to 15 nm for
these assemblies (37, 47). In the present study, we focus
exclusively on isolated β-casein assemblies, thereby enabling a
direct investigation of the dynamics of a single intrinsically
disordered protein species within its self-assembled structure. In
the literature, the term “micelle” has been employed for these
structures (52). However, since casein assemblies do not form
surfactant-type micelles (37), in the following, we will use the
term “assembly” for an object formed by more than one β-casein
monomer chain. The high local density of these assemblies
provides an element of conceptual resemblance to condensates
and aggregates.

Results

Quasielastic Spectra and Non-Fickian Diffusion. We conducted
a series of QENS measurements on β-casein samples at 280 K
[Experiment 9-13-1046 (53)] using the IN16B spectrometer
in BATS mode at the Institut Laue-Langevin (ILL). Sample
concentrations ranged between 25 and 200 mg mL−1 in D2O,
which are well above the reported critical micelle concentration
(CMC) of β-casein (0.5 to 2 mg mL−1) (48). To complement
the experimental data and obtain atomistic resolution of the
assemblies, we performed all-atom molecular dynamics (MD)
simulations with explicit solvent combining the AMBER99SB-
ILDN force field and the TIP4P-D water model (54, 55).
Simulated QENS spectra were generated with the MDANSE
software (56), using protein trajectories as the input.

Fig. 1A provides an overview of both approaches showing the
experimental sample with expected polydisperse assemblies on
the Left, and the simulated five-chain oligomer on the Right. We
show a typical experimental spectrum S(q,!) in Fig. 1B. The
wide range of 0.19 Å−1

≤ q ≤ 1.9 Å−1 in IN16B resolves self-
diffusion of the sample across multiple length scales (SI Appendix,
Fig. S1). Alongside the experimental data, we present a simulated
spectrum from an oligomer of five chains at a similar intermediate
value of q = 1 Å−1. Both spectra exhibit characteristic quasi-
elastic broadening, which originates from multiscale dynamic
behavior at the microscopic level. The spectral broadening in
simulations originates solely from protein fluctuations, whereas
the experimental spectra also contain solvent water and sample
container contributions. The faster solvent motion explains the
broad component in Fig. 1B fitted by the dotted line.

Our analyses reveal that a single characteristic process is
insufficient to describe the relaxation of the IDP assembly.
Moreover, we find that the best-fitting model for both spectra
separates the faster and slower dynamics within the assembly
following

S(q,!) =R⊗
{
� [A0L(
 ,!) + (1− A0)L(
 + Γ,!)]

+ �D2OL(
D2O,!) + �can�(!)
}

+ B, [1]
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B

D E
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Fig. 1. (A) Schematic representation of experiments carried out on a sample
with large assemblies in solution (Left) and simulations carried out on
one small assembly of 5 chains (Right). (B) Experimental QENS spectrum
for a 75 mg mL−1 β-casein sample at q = 1.07 Å−1 and (C) an MD-
simulated spectrum for an assembly of 5 protein chains at q = 1 Å−1 and
T = 280 K. In both spectra, the solid blue curve represents the slower
contribution and the dash-dotted green curve the faster contribution; the
pink dashed curve corresponds to the resolution function, and the solid
orange curve to the total fit. In the experimental spectrum, solid gray
and dotted red curves indicate the container and solvent contributions,
respectively. (D) Wave-vector q2-dependence of the half-width at half-
maximum (HWHM), 
(q), of the Lorentzian function corresponding to the
slow relaxation from the experimental fit, and (E) from the MD simulation.
The red dotted line represents the fit assuming Fickian diffusion (Eq. 2),
while the black solid line corresponds to the fit using the Singwi-Sjölander
model (Eq. 3).

where L denotes a Lorentzian function. The model includes
the Gaussian instrumental resolution function R, which was
measured using vanadium in the experiments and fixed accord-
ingly in the simulations. For simulations, no background and
water contributions are needed, i.e., B = 0 and �D2O = 0. The
q-dependent scalar parameters �(q) and A0(q) account for the
spectral amplitude and the elastic incoherent structure factor
(EISF), respectively. For the experimental data, the additional
term �D2O(q)LD2O(
D2O(q),!) represents the contribution
from the solvent, while �can(q)�(!) with the Dirac �-function
accounts for sample container contribution with the amplitude
�can(q) (SI Appendix, Fig. S3). These terms were not subtracted
but fixed based on measurements of the pure solvent and the
empty container. The scalar B(q) represents an apparent flat
background contribution to capture ultrafast motions that lie
beyond the energy range of the spectrometer.

Finally, the linewidths 
 and Γ corresponding to the half-
width at half-maximum (HWHM) of the two Lorentzian
components, L(
(q),!) and L(
(q) + Γ(q),!), are generally
associated with distinct dynamical processes in proteins occurring
at different time scales (24, 57–60). The broader HWHM
Γ is typically linked to rapid internal motions, whereas the
narrower component 
 often reflects the global diffusion of the
entire protein (27). However, these interpretations are based on
previous studies on folded globular proteins (FGPs), and the
specific dynamics of β-casein might deviate due to its unique
assembly properties and its intrinsically disordered nature.

Fig. 1 D and E depicts 
(q) obtained from the fits using Eq. 1,
with the experimental data on the left and the simulation results
on the right. In both cases, we observe a clear deviation from
Fickian behavior, which corresponds to


(q) = Dq2. [2]

The data were successfully fitted using the Singwi-Sjölander
model (61),


(q) =
Dq2

1 + (Dq2�)
, [3]

which was previously successfully applied, inter alia, to describe
the self-diffusion of liquid water (62). Therein, D is the longer-
range diffusion coefficient which is recovered as q → 0 and �
is a parameter that captures the deviation from Fickian diffusion
at smaller scales. In our QENS data, this deviation is observed
in all samples across the concentration range measured and at all
temperatures studied (SI Appendix, Fig. S2).

Onset of Non-Fickian Diffusion and Dynamic Heterogeneity
with Assembly. To identify the origin of the anomalous dif-
fusion, we numerically probe the differences in the dynamics for

Fig. 2. q-dependence of the half-width at half-maximum (HWHM), 
(q),
of the Lorentzian corresponding to the slow contribution from the MD
simulations for different protein chain assemblies (single chain in green,
round symbols; N = 2 in orange, square symbols; N = 3 in violet, hexagonal
symbols; N = 4 in brown, triangle symbols; and N = 5 in black, diamond
symbols). Solid lines, in matching colors, represent the fits for each system,
using Eq. 2 for the single chain and Eq. 3 for N = 2, 3, 4, and 5. The Inset
provides a schematic representation of the transition from a single chain to
an N = 5 assembly, illustrating the different systems analyzed.
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a single chain in isolation and in assembly. We systematically
increase the number of chains to N = 5, and study the effect
on the profiles of 
(q), see Fig. 2. An isolated protein (N = 1)
exhibits purely Fickian 
(q), whereas, as the number of chains
increases, the deviation from Fickian diffusion becomes promi-
nent (SI Appendix, Fig. S5). Moreover, D becomes smaller with
increasingN , indicating a slower dynamics (SI Appendix, Fig. S5).

The deviation from Fickian diffusion evidenced by the
nonlinear q2-dependence of 
(q) observed in Fig. 2 can arise
due to heterogeneous mobility of the constituents of the sample
(38). We explore the presence of such dynamic heterogeneities
through the self-part of the van-Hove function (63, 64),

Gs(r, t) =
1

N · nH

〈N ·nH∑
i=1

�(ri(t)− ri(0)− r)

〉
, [4]

where ri denotes the position of the ith hydrogen atom at
time t and r = |r| the distance from the origin. Here and
below, 〈...〉 indicates time averaging over the trajectory, and
nH = 1,684 is the number of hydrogen atoms in a single β-casein
chain. Since hydrogen constitutes half of the atoms in the chain
(ntotal = 3,348), the neutron scattering signal is dominated by
the incoherent scattering (∼91% by cross-section), with 99.9%
of this contribution arising from hydrogen.

Non-Fickian diffusion results in a non-Gaussian profile of
the corresponding spherical average Gs(r, t) (assuming spherical
symmetry). We estimate such deviation through the non-
Gaussian parameter (63, 64), �2(t) = 3〈r(t)4

〉/5〈r(t)2
〉
2
− 1,

and investigate the variation of �2 with N for different values of t
(SI Appendix, Fig. S6). Evidently, the deviation from Gaussian
profile of Gs(r, t) increases with growing N . The analysis
reveals that self-assembly of IDPs drives dynamic heterogeneity,
converting simpler single chain motion into anomalous, scale-
dependent diffusion.

Crowding Effect on Protein Self-Diffusion. Fig. 3 summarizes the
classical colloid picture for concentration-dependent diffusion.
Within this framework, the effective diffusion coefficient at
volume fraction ' is given by (65–67),

D(') =
D0

1 + L(')
, [5]

where D0 = kBT /6��Rh is the diffusion coefficient at infinite
dilution, and L(') the nonlinear function of ' accounting
for the multibody hydrodynamic interactions. Here, Rh is
the hydrodynamic radius of the diffusing unit. For β-casein,
literature values from DLS and small-angle scattering give a
hydrodynamic radius of Rmicelle

h = 8 to 15 nm for micelles
(in our work referred to as assemblies) (35, 36, 68, 69). In
contrast, experimentally determining the size of monomers
is more challenging due to the low CMC of this protein,
which remains below 2 mg mL−1 under the studied conditions
(48). Simulations of isolated chains yield an average monomer
hydrodynamic radius of ∼2.0 nm (30, 31). These correspond to
dilute-limit diffusion coefficients of Dmicelle

0 ≈ 0.9 to 1.7 Å2/ns
and Dmonomer

0 ≈ 6.8 Å2/ns, respectively.
In this concentration range, large changes in D are not

expected: The prediction for assemblies is also relatively in-
variant. Still, the QENS-derived coefficients (Eqs. 1 and 3)
remain essentially concentration-independent, with a value D ≈
2.9 Å2/ns that lies between the colloidal bounds for monomers

Fig. 3. Apparent diffusion coefficient D as a function of volume fraction '
(Bottom axis) and protein concentration cp (Top axis, mg mL−1) for �-casein.
Black symbols denote experimental data; the solid black line marks the mean
experimental D. Across the explored range, the measured D lies between
the colloidal predictions for single-chain diffusion (orange dashed line) and
assembly center-of-mass motion (purple dash-dotted line).

and assemblies (Fig. 3). This intermediate magnitude indicates
that the measured D predominantly reflects the diffusion of
β-casein monomer chains within the assemblies. The alternative
interpretations as global diffusion of entire assemblies or as
diffusion of free monomers are inconsistent with the theoretical
bounds given by single-chain and assembly diffusion (dashed and
dash-dotted lines in Fig. 3, respectively).

Thus, because the assemblies as a whole diffuse too slowly
to be resolved by our QENS spectrometer, the measured
signal predominantly reflects motions within the assemblies. We
therefore interpret the observed diffusion coefficient as arising
from the effective motion of individual β-casein chains within
the assemblies, which is hindered relative to free monomers in
solution but remains significantly faster than the center-of-mass
diffusion of the assemblies themselves.

An alternative model, which accounts for a single effective
global contribution resulting from a superposition of assembly
and free monomer diffusion, led to unphysical fit parameters
(cf. SI Appendix). Our interpretation attributing the narrow
Lorentzian 
(q) in our fits of Eq. 1 to monomer diffusion
within the assemblies is further supported by all-atom molecular
dynamics simulations of a small β-casein assembly (N = 5
chains), which yield diffusion coefficients in close agreement
with the experimental values (SI Appendix, Fig. S5). Al-
though finite-size effects and periodic boundary conditions may
slightly underestimate D, the consistency between simulations
and experiments—despite the vastly different assembly sizes—
confirms that QENS primarily probes the non-Fickian chain
diffusion within dense assemblies.

Origin of Dynamic Heterogeneity and Self-Induced Super-
crowding. For atomistic insight into the dynamic heterogeneity,
we track the MSD �r2

i (t) =
〈
[r′i(t)− r′i(0)]2

〉
with i = 1..

4 of 8 https://doi.org/10.1073/pnas.2532636123 pnas.org
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(N · nH ) of the hydrogen atoms in the assembly. To remove
the translation of the center-of-mass (COM) of the assembly, we
use coordinates in the COM frame: r′i = ri − 1/(N · nH )

∑
i ri

for the computation of �r2
i . We highlight the mobility of these

atoms, coloring them according to their �r2
i values, see Fig. 4A,

for t = 1 ns. The segments closer to the core of the assembly
seem to have low mobility, whereas the hydrogen atoms closer to
the surface display faster motion.

To quantify such radially differential mobility, we partition
the 5-chain assembly into concentric shells of equal width ΔR =
1 nm and inner radii RCOM = K · ΔR (K = 0...5) around the
COM of the assembly, see Fig. 4B. A shellK contains k = 1...NK
hydrogen atoms at distances RK = {Rk|K ·ΔR ≤ Rk < (K +1) ·
ΔR}. The MSD of the hydrogen atoms residing within a
shell Δr2

K (RCOM, t) = 1/NK
∑NK

k=1 �r
2
k (t) probes the mobility

corresponding to the shell at a distance RCOM from the COM of
the assembly. Due to internal fluctuations, atoms belonging to a
shell, particularly close to the edge, may infiltrate its neighboring
shells. However, at short times t ≈ 1 ns corresponding to
the time resolution of QENS, for the configurational average
�r2(t) := 1/(N · nH )

∑N ·nH
i=1 �r2

i we find

�r2(t) ≈

∑Rmax
COM

RCOM=0 NKΔr2(RCOM, t)∑Rmax
COM

RCOM=0 NK

[6]

(SI Appendix, Fig. S7). The proximity of the two MSD profiles
establishes that atomic movements across shells do not signifi-
cantly disrupt the shell partitioning at times under consideration.
With increasing distance from the assembly COM, a monotonic
rise of Δr2(RCOM, t) can be observed for different values of t
(SI Appendix, Fig. S7). We color the shells in Fig. 4B for t = 1 ns

A

B

Fig. 4. (A) Top Left: Mobility 〈�r2
i 〉 of the atoms within an assembly of 5

chains color-coded per the color bar on the far Right. Top Right: Shell model
describing this heterogeneous dynamics in the assembly, using the same
color code. (B) Number density �R of hydrogen atoms (black line, Left y-axis)
and number of hydrogen atoms nH (histogram, Right y-axis) per shell versus
the distance RCOM from the center-of-mass of the assembly, illustrating
the supercrowding close to the core as evidenced by the profile of �R . The
colors in the histogram reflect the shell model shown above for easier visual
correspondence and relate to the respective mobility.

to visually distinguish the mobility of different shells. Clearly, the
radial variation in mobility of the protein residues is the origin
of the observed dynamic heterogeneity in the assemblies.

To understand the heterogeneous situation within the assem-
bly, in Fig. 4B, we show the histogram of NK and variation
of number density �R = NK /4�R2

COMΔR with RCOM. The
value of �R close to the core is significantly larger than the bulk
number density in simulations nH/L3

box ≈ 1.3 nm−3. Assuming
even distribution of hydrogen atoms in the assembly, the value
of �R for RCOM = 1 nm corresponds to a mass concentration
of ∼1,093 mg/mL. This value can be compared to the highest
protein concentrations of ∼600 mg/mL for crowding studies of
FGPs (58). Thus, we see signatures of supercrowding close to
the core. The radially outward monotonic decay of �R(RCOM )
indicates structural heterogeneity within the assembly.

Disentangling Components of the Non-Fickian Diffusion. We
have established that assembly leads to strong deviations from
simple Fickian behavior in 
(q), driven by self-crowding that
produces radial variations in mobility within the assemblies. A
key question is whether such spatial heterogeneity alone can
explain the observed anomalies, or whether additional factors
are required (38, 40, 70). Previous studies on FGPs suggest
that dynamic heterogeneity by itself can give rise to anomalous
diffusion, even within a Gaussian framework (38, 40). At the
same time, research on crowded systems has shown that non-
Gaussian corrections are also crucial, as they capture deviations
from simple diffusion statistics and are hallmarks of anomalous
transport (43).

To assess the relative contributions of these factors, we analyze
the incoherent intermediate scattering function I(q, t), which is
well suited for spectral information in real time,

I(q, t) =
∫ +∞

−∞

S(q, w)e−j!td!

=
1

N · nH

N .nH∑
i=1

〈
exp

[
jq · (r′i(t)− r′i(0))

]〉
. [7]

As we extend the shell-based model for the following analyses,
we continue to work with the coordinates r′i in the COM frame
of the assembly. Assuming statistical equivalence of MSD of the
hydrogen atoms and isotropic environment within a shell, the
Gaussian approximation reduces Eq. 7 to

IHM (q, t) =
1

N · nH

∑
K

exp
[
−
q2

6
Δr2

K (RCOM, t)
]
. [8]

This formulation preserves spatial resolution at shell-level,
thereby enabling direct assessment of the impact of heterogeneous
mobility (HM) on 
(q).

Incorporating deviations from Gaussian displacement statis-
tics, the intermediate scattering function can be expanded
to include the leading-order non-Gaussian (NG) correction,
yielding

ING(q, t) =
1

N · nH

∑
K

exp
[
−

q2

6
Δr2

K (RCOM, t)

+
q4

72
�2(t)

〈
Δr2

K (RCOM, t)
〉2]

.

[9]
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Physically, this correction represents locally non-Fickian ef-
fects within the shell, including transient caging and subdiffusive
motion, which are neglected in the Gaussian approximation. To
avoid the spurious long-time growth of I(q, t) introduced by
truncating the cumulant expansion at this order, we restrict the
validity of Eq. 9 to small q, where the expansion remains well-
behaved. Within this regime, the inclusion of the non-Gaussian
term provides a more accurate characterization of dynamical
heterogeneity while preserving a tractable analytical form.

For completeness, removal of spatial resolution and non-
Gaussian correction reduces Eq. 7 to the uniform mobility (UM)
limit,

IUM (q, t) = exp(−q2�r2(t)/6), [10]

where �r2(t) =
∑N .nH

i=i �r2
i is the assembly-averaged MSD of the

hydrogen atoms. This expression assumes spatially homogeneous,
globally Fickian dynamics and therefore provides the natural
baseline against which the effects of shell-resolved dynamics
(Eqs. 8 and 9) can be compared.

Finally, the q dependent spectral broadening 
(q) in frequency
space is inversely proportional to the characteristic relaxation time
�(q) that describes the decay of I(q, t): I(q, t)=exp(−t/�(q)) =
exp(−
(q)t). We compute Ix(q, t), x = HM, NG, UM using
Eqs. 8–10. Next, we estimate 
(q) following


x(q) =
〈
d
dt

ln Ix(q, t)
〉
, [11]

with x = HM, NG, UM .
Fig. 5 compares 
(q) obtained from the three approaches

above (symbols) with values computed directly from molecular
dynamics trajectories without any analytical approximation (solid
line). The profile of 
UM (q) exhibits purely Fickian behavior. The
results directly calculated from the molecular dynamics trajecto-
ries (solid line in Fig. 5) closely follow the shell-resolved Gaussian

Fig. 5. Contributions of heterogeneous mobility (HM), non-Gaussian correc-
tions (NG), and the uniform Gaussian mobility (UM) to the observed deviation
from Fickian diffusion evidenced by the nonlinear q2-dependence of the
linewidth 
(q). Results are benchmarked against direct calculations from fully
atomistic MD trajectories using MDANSE (solid line labeled “full MD”). Here,

x(q), x = HM, NG, UM, are obtained from the corresponding intermediate
scattering functions Ix(q, t) using Eqs. 8, 9, and 11, where HM accounts
for shell-resolved mobility, NG incorporates leading-order non-Gaussian
displacement statistics, and UM assumes spatially homogeneous, globally
Fickian dynamics. While heterogeneous mobility is sufficient condition for
inducing non-Fickian diffusion, our system has non-Gaussian corrections as
well.

prediction 
HM , although they exhibit slightly greater deviations
from ideal Fickian scaling. By contrast, inclusion of only the
first-order non-Gaussian correction in 
NG yields substantially
stronger deviations, suggesting that higher-order corrections are
necessary for quantitative agreement with simulations. These
findings demonstrate that spatial heterogeneity in mobility and
non-Gaussian effects both contribute to the observed spectral
broadening. Importantly, 
(q) remains non-Fickian even when
the individual shells are modeled as purely Fickian diffusers with
diffusion coefficients consistent with their MSDs (SI Appendix,
Fig. S8), showing that an ensemble of locally Fickian components
can nonetheless produce globally non-Fickian dynamics.

Discussion

IDPs are increasingly being recognized as the central components
in cellular organizations, where their assemblies drive both
functional compartmentalization and pathological aggregation.
A major unresolved question has been how pico- to nanoseconds
internal relaxations of these assemblies shape their emergent
dynamics. By combining high-resolution QENS and atomistic
MD simulations, we demonstrate that IDP assemblies naturally
generate self-diffusion coefficients given by Eq. 3 rather than by
Eq. 2, a defining signature of non-Fickian diffusion. Such features
were previously observed in systems of well-folded proteins
and colloids with high bulk or external crowding but lacked
mechanistic insights.

Our results show that assembly itself is sufficient to induce
such anomalous diffusion by compartmentalizing a crowded
environment, even in the absence of bulk crowding. Our
simulations reveal that the observed non-Fickian behavior arises
from a direct coupling between structural and dynamic het-
erogeneity within the assemblies. The dense, solvent-excluded
core creates a supercrowded environment where fluctuations are
strongly suppressed, while residues near the periphery remain
more mobile. This radial gradient in density and mobility
produces heterogeneous dynamics that cannot be captured by
a simple Gaussian description. To account for these deviations,
non-Gaussian corrections become essential. These corrections
quantify departures from random-walk statistics, highlight the
role of intermittent or rare events, and expose higher-order
correlations that shape transport in crowded systems. Together,
the interplay of structural confinement and dynamic heterogene-
ity, amplified by non-Gaussian effects, explains the anomalous
spectral broadening and establishes assembly-induced crowding
as a robust route to non-Fickian diffusion.

These findings establish a unifying framework for interpreting
anomalous diffusion in protein systems. They suggest that
signatures of non-Fickian dynamics experimentally observed
earlier in artificially solvent water-depleted solutions of folded
proteins (41, 42, 71), may arise from the same physical principle
of crowding-induced spatial heterogeneity in mobility. IDP
assemblies provide a natural testbed for this phenomenon because
they reproduce the essential features of supercrowded environ-
ments while retaining short-time flexibility. The mentioned
previous reports of non-Fickian 
(q) profiles have typically
been associated with systems at extremely high concentrations,
created, e.g., by solvent water depletion through centrifuging,
suggesting that these extreme crowding effects may underlie such
behavior (41, 42, 71). Simultaneously, for several FGPs, this
concentration dependence has been successfully described within
a colloid framework when the proteins were fully dissolved: In-
creasing protein concentration (self-crowding) or adding external
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crowding agents both reduce the effective diffusion coefficient,
while remaining consistent with Fickian diffusion over a broad
range around physiological total volume fractions (3, 58).
This consistency with the colloid picture also holds when the
FGPs form clusters, both experimentally (59, 72, 73) and in
simulations (74). In these studies investigating inter alia lysozyme,
bovine serum albumin, β-lactoglobulin, as well as monoclonal
antibody solutions, the FGP clusters were found rigid on the
nanosecond time scale, while being possibly transient on much
longer time scales (59, 72, 74, 75). In contrast, our system
of β-casein assemblies constitutes a model where dynamical
heterogeneity naturally governs protein chain diffusion within
these assemblies already on the nanosecond time scale, which
we attribute to the flexibility of the IDP chains compared to
the relative rigidity of clusters formed by FGPs. Deviations from
Fickian diffusion due to cage effects for crowded FGP solutions
have only been observed on much longer time scales (76).

More broadly, our work highlights how the interplay of
disorder, crowding, and self-assembly creates complex dynamical
behavior that deviates from classical diffusion theory. Thus, the
framework we propose bridges protein biophysics with concepts
from polymer and soft-matter physics such as dynamic hetero-
geneity (77), self-assembly (78), and multiscale diffusion (16),
offering a general picture of how anomalous signatures emerge
in extremely crowded biomolecular systems. The non-Fickian
diffusion in extremely dense IDP assemblies, thus, adds an
important complement to the colloid picture holding in a
wide range around average physiological concentration of FGPs.
The simultaneous access to spatial and time correlations on
the nanosecond time and nanometer length scale permits to
quantify a non-Fickian diffusion mechanism relevant for the
contemporary discussion of anomalous transport in biological
cells (44). In addition to quantitatively describing a diffusion
mechanism, our work also confirms the highly dynamical
character of a very dense IDP assembly. This rapid dynamics has
been identified as a requirement for biomolecular rearrangements
underlying efficient reactions at the molecular scale (15). The
importance of this nanoscale dynamics for permitting biological
function has been further pointed out, e.g., for biomolecular
condensates consisting of IDPs (16). The non-Fickian diffusion
within dense assemblies of disordered proteins may be assumed
to impact on biochemical reaction rates, signal transduction, and
intracellular organization.

Materials and Methods

β-casein from bovine milk (Prod. No. C6905, BioUltra ≥98% purity) was
purchased as lyophilized powder from Sigma-Aldrich of Merck KGaA (Darmstadt,
Germany). The product contains at least 75% protein by the Biuret method, with
over 98% of that protein being pure β-casein, resulting in a minimum of 73.5%
β-casein in the total product. Mass spectrometry measurements confirmed the
purity of the proteins. The samples were prepared by dissolving the protein in
25 mM sodium phosphate buffer prepared in D2O without agitation at 5 ◦C.
The total dissolution time is 24 h on average. The pD was adjusted to 7.3± 0.1
using small amounts of 1 M DCl or 1 M NaOD, at final protein concentrations
ranging from 25 to 200 mg mL−1. Just before the measurements, the samples
were loaded into aluminum cylindrical sample holders (15 mm outer diameter,
0.3 mm gap) and brought to the measurement temperature of 280 K.

Neutron Backscattering. We used the cold neutron backscattering spectrom-
eter IN16B (28, 79, 80) at the Institut Laue-Langevin in Grenoble, France, in
the inverted time-of-flight (BATS) configuration with Si(111)-analyzer crys-
tals (Exp. 9-13-1046) with a chopper setting achieving ∼3.5 μeV FWHM
Gaussian energy resolution at an elastic wavelength of 6.27 Å.

Atomistic Molecular Dynamic Simulations. We performed all-atoms MD
simulations at T = 280 K in explicit water using GROMACS 2023 package (81).
The interactions in simulations were set using AMBER99SB-ILDN force-field
in combination with the TIP4P-D water model. The simulation with N = 5
chains starts from an assembled conformation in a simulation box of size
Lbox ≈ 18.62 nm, obtained from a preliminary simulation which started with
the chains being randomly placed in the box. This is followed by a 500 ns run in
an NPT ensemble (SI Appendix, Fig. S4). We present results for the work from
two subsequent 500 ns long simulation starting from randomly chosen initial
configurations from the simulations in NPT ensemble. We use the NVT ensemble
to avoid box artifacts of length fluctuations on dynamic observables.

Initial configurations for simulations with N < 5 are generated by
removing appropriate number of proteins from 5 chain assemblies. We initiate
the simulations in cubic boxes with at least 2.5 nm distance between the
configuration and the walls, solvate the box with water and add counterions
(8 Na+ ions for each protein molecule) to attain charge neutrality. The resulting
system passes through energy minimization, and short NVT and NPT runs to find
a local minimum to stabilize the simulation. We use NPT equilibration runs for
at least 150, 200, 300, and 400 ns for N = 1, 2, 3, and 4, respectively. Once
again, the dynamic data are extracted from following NVT simulations.

All bonds were constrained using the LINCS algorithm. The Verlet leapfrog
algorithm was used to numerically integrate the equations of motion with a time
step of 2 fs. A cutoff of 1.2 nm was used for short-range electrostatic and Lennard-
Jones interactions. Long-range electrostatic interactions were calculated by
particle–mesh Ewald summation with a fourth-order interpolation and a grid
spacing of 0.16 nm. The solute and the solvent were coupled separately to a
temperature bath of 280 K using a velocity-rescaling thermostat with a relaxation
time of 0.1 ps. For NPT simulations, the pressure was fixed at 1 bar using the
Parrinello–Rahman algorithm with a relaxation time of 2 ps and isothermal
compressibility of 4.5 × 10−5 bar−1. In NVT simulations, we turned off the
pressure coupling.

We transformed and analyzed the trajectory using inbuilt modules of gmx
in GROMACS. BATS like spectra were generated using MDANSE software (56).
For drawing simulation snapshots, we utilized VMD. Alongside, home-grown
Python code has been used to read the files, interpret results, and generate
plots.

Data, Materials, and Software Availability. Allneutrondataarepermanently
curated by the ILL and accessible under DOI: 10.5291/ill-data.9-13-1046 (53).
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