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Abstract

Cryptochromes (CRYs) are key flavoproteins involved in biological processes such as circadian rhythm
regulation and magnetoreception. Type IV CRYs have been identified as primary candidates for avian
magnetoreception. However, their structural flexibility, particularly within the cryptochrome C-terminal
extension (CCE) and phosphate-binding loop (PBL), remains poorly understood. In this study, we
employed temperature replica exchange molecular dynamics (T-REMD) simulations combined with
advanced dimensionality reduction techniques, including autoencoder and time-lagged independent com-
ponent analysis (t-ICA), to explore the conformational space of Columba livia cryptochrome 4 (CICRY4),
as the only available crystal structure of Type IV CRYs to date. By using Drosophila cryptochrome (dCRY)
as a reference structure, we assessed the reliability of T-REMD sampling in capturing key states of
CICRY4. Our results indicate that the CCE region of CICRY4 displays unique conformational dynamics
and cooperative interactions with the PBL, highlighting the need for further investigation. The clustering
analysis of CICRY4 conformations revealed multiple structural states, underscoring the functional signif-
icance of its intrinsically disordered regions (IDRs). This study provides a novel computational approach
for studies of CRYs dynamics, through which the modeling of one CRY with full structure could be used to
benchmark the computational study of another CRY only with partial structural information available.

© 2025 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://crea-
tivecommons.org/licenses/by-nc-nd/4.0/).

Introduction

Intrinsically disordered regions (IDRs) of signaling
proteins are increasingly recognized as essential
regulators in signal transduction pathways, where
they often impart dynamic, environmentally
sensitive regulation of protein—protein interactions
or recognition of small molecule effectors [1-6].
IDRs often mediate transient yet highly specific

* This article is part of a special issue entitled: ‘Allostery in
disease (2025)’ published in Journal of Molecular Biology.

protein—protein interactions, making them central
to signal integration, timing, and feedback in com-
plex biological networks. However, due to their
dynamic, stimuli-dependent conformational land-
scape, these regulatory regions remain enigmatic,
due to the lack of experimental approaches capable
of delineating their structure [2,7]. Currently, the
lack of experimentally defined structures of IDRs
also limits the effectiveness of computational
approaches in developing small molecules that
target specific conformational sub-states within
their dynamic ensembles [4].
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The cryptochrome (CRY) proteins [8—10] of the
CRY-photolyase family (CPF) offer a compelling
case study for examining the role of IDRs in signal
transduction. CRYs are evolutionarily derived from
photolyases that employ a flavin adenine dinu-
cleotide (FAD) cofactor and an antenna chro-
mophore to mediate light-dependent DNA repair
[11]. Structurally, CRYs retain a photolyase homol-
ogy region (PHR), which consists of an N-terminal
o/p domain and a C-terminal a-helical domain con-
nected through a flexible linker [10]. During evolu-
tion, CPF members diversified into multiple CRY
subtypes that are differentiated by their ability to
bind FAD and through species and isoform specific
cryptochrome C-terminal extensions (CCEs) [9].
These CCE domains vary between 50 and 250
amino acids, providing a diverse and complex con-
formational landscape, which has been implicated
in protein—protein interactions, signal transduction,
regulation of photochemical activity, and in mediat-
ing isoform selective drug design in non-
photoactive CRYs [9,12,13].

It is generally accepted that CCE domains lack
defined secondary structure and play an essential
role in modulating interactions with the PHR
through flexible loop regions termed the protrusion
motif (PM) and phosphate binding loop (PBL) that
cradle either FAD (Type | and IV) [10] or small mole-
cule regulators as treatments for diabetes and can-
cer (Type Il) [14]. Dynamic regulation of the flexible
loop regions is coupled to CCE dynamics, which
facilitates the regulation of protein—protein interac-
tions involved in controlling circadian rhythms (Type
I and II), magnetoreception (Type IV), and many
others, highlighting their functional significance in
CRY-mediated processes [9]. Despite their impor-
tance, the dynamic nature of these flexible loop
regions and CCE makes their structural characteri-
zation challenging through experimental techniques
[15]. Currently, only Type | Drosophila CRY (dCRY)
has a full-length structure [16], where structures of
Type Il and IV CRYs are limited to the isolated
PHR domains that often lack defined structures of
the PM or PBL [17], thereby limiting our ability to
decipher how changes in amino acid sequence dic-
tates the conformational landscape of the CCE and
flexible loop regions.

Recent drug discovery efforts targeting
mammalian Type Il CRYs [18-20] have provided
new insights into this problem. Biophysical studies
suggest that the conformational dynamics of apo-
CRYs, particularly in the loop regions flanking the
primary pocket, are not static but vary significantly
between isoforms, even in the absence of cofactors
or ligands [21,22]. These findings imply that the
intrinsic sequence of CRY proteins can encode dis-
tinct dynamic landscapes that shape their interac-
tion profiles and signaling outputs. However, such
comparative apo-state studies across the broader
CPF remain sparse. As a result, it is essential to
develop improved computational approaches

capable of predicting both the structure and dynam-
ics of CCE regions, as well as their coupling to apo
(Type II) and FAD-binding (Type | and IV) CRYs. In
the present work, we propose to employ photoac-
tive Type | (Drosophila CRY: dCRY) [23] and Type
IV (Columba livia CRY4: CICRY4) [15] as model
systems to examine whether the knowledge of
dCRY can be leveraged to predict conformational
dynamics in other CRYs and whether these predic-
tions can be extended to apo-CRYs as models of
Type Il CRY regulation.

Notably, the CCE domains of CICRY4 and dCRY
share similarities in length and structural responses
to blue-light activation [9]. In CICRY4, the CCE
undergoes structural rearrangements that may play
a role in magnetoreception, whereas in dCRY, the
CCE is released from the primary pocket upon
FAD photoreduction to the flavin reduced anionic
semiquinone state [9]. Given the importance of
CCE dynamics in cryptochrome function, extensive
sampling of CICRY4, including its CCE domain, is
crucial for understanding its photoreception mecha-
nism. The evolutionary correlation and structural
similarity between CICRY4 and dCRY suggest that
the modeling of dCRY including its CCE domain
could serve as benchmark and guidance for the
simulation of CICRY4 including its intrinsically disor-
dered CCE region. Building on such structurally
related and experimentally resolved full-length pro-
teins, novel simulation strategies can be developed
to better capture the behavior of highly dynamic and
disordered regions.

Dimensionality reduction (DR) techniques have
been increasingly employed to analyze molecular
dynamics (MD) simulations of proteins [24-26].
Among these methods, principal component analy-
sis (PCA) is a widely used linear DR method that
reduces high-dimensional data while preserving
the most significant variance in structural fluctua-
tions [27]. In addition, time-lagged independent
component analysis (t-ICA) is another linear DR
method that treats protein simulation results as
time-series data, effectively identifying slow confor-
mational changes in protein dynamics [28]. To bet-
ter capture the non-linearity inherent in protein
conformational landscapes, non-linear DR tech-
niques have been developed. Methods such as uni-
form manifold approximation and projection
(UMAP) [25,29,30] and t-distributed stochastic
neighbor embedding (--SNE) [31-33] construct
low-dimensional latent spaces that approximate
the probability distributions of high-dimensional
manifolds, providing more accurate representations
of complex conformational transitions. Additionally,
deep learning-based approaches, such as autoen-
coders [34,35], have proven particularly effective
in the analysis of protein simulations.

In this study, we hypothesize that high-quality,
crystal structure-based simulations of dCRY
(Figure 1a), including its CCE domain, can serve
as a reference for guiding and evaluating
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Figure 1. The structures of (a) dCRY (PDB ID: 4GUS5), and (b) CICRY4 (PDB ID: 6PUO0). The photolyase homology
region (PHR) is shown in gray, the cryptochrome C-terminal extension (CCE) in pink, the phosphate binding loop

(PBL) in brown, and the FAD in green.

simulations of the complete CICRY4 structure,
including its CCE domain, which is currently
unavailable. To test this approach, we employed
both conventional MD simulations at ambient
temperature and temperature replica exchange
molecular dynamics (T-REMD) simulations [36]
across a broad temperature range for dCRY and
CICRY4. T-REMD simulations are particularly
advantageous for overcoming local energy minima
and exploring a wide conformational space in an
unbiased manner. The conventional MD simula-
tions of dCRY serve as a benchmark for T-REMD
simulations of dCRY and as a reference template
to filter T-REMD simulations of CICRY4 for further
analysis. Using this novel computational protocol,
we explored the conformational and dynamical
landscapes of the complete dCRY and CICRY4
structures, including their CCE domains as IDRs,
providing insights into the regulatory mechanisms
of CCE domain flexibility in both CRYs.

Although FAD is essential for the functions of
dCRY and CICRY4, herein we examine the apo
states of these CRYs (without FAD) as a proof of
principle on whether the structure of a full-length
protein containing a defined conformation of an
IDR can be used to inform studies of closely
related proteins. Leveraging the apo-proteins, we
provide an approach to interrogate whether there
exist intrinsic differences in PHR dynamics that
couple to the CCE through flexible loop regions
near the empty primary pocket as has been
observed in Type Il mammalian CRYs [13,21,37].
Nevertheless, the redox state of FAD can signifi-
cantly influence the conformational distribution of
the CCE domain. In dCRY, the CCE domain docks
into the FAD binding cleft in the dark state and
undocks upon photoreduction [38]. In contrast, lim-
ited cryptochrome assay suggests that the CCE
region of CICRY4 becomes more stable upon light

exposure [15]. This simplified apo-proteins system
provides a platform to establish a benchmark for
future studies incorporating FAD in various oxida-
tion states. Therefore, we excluded the FAD from
the simulations in this study and focused on the cor-
relation between the PHR and CCE domains, inde-
pendent of cofactor binding.

Computational Methods

Initial structures

The dCRY crystal structure (Figure 1a) was
obtained from the Protein Data Bank (PDB ID:
4GU5) and used for conventional MD simulations.
To enhance the sampling efficiency in T-REMD
simulations, we also constructed an alternative
dCRY structure—featuring the CCE domain
positioned away from the FAD-binding pocket—
using AlphaFold [39] (Figure 2a). Our aim was to
test whether initiating T-REMD simulations with
the CCE domain outside of the pocket would allow
the system to sample conformations similar to those
observed in the crystal structure. Such a result
could provide validation for the comprehensive
sampling capability of T-REMD.

To construct the complete structure of CICRY4,
we followed the approach as below:

(1) Using the SWISS-MODEL [40] and full CICRY4
sequence as the input, we obtained the full
CICRY4 structure with the missing PBL (residues:
228-244) and CCE (residues: 498-525).

(2) We superimposed the SWISS-MODEL predicted
full CICRY4 structure with the CICRY4 crystal
structure (PDB ID: 6PUO0) (Figure 1b) and
attached the predicted PBL and CCE regions to
the crystal structure.
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Figure 2. Initial structures used for the T-REMD simulations: (a) dCRY and (b) CICRY4. PBL and CCE domains are

shown in brown and pink, respectively.

(8) To ensure structural plausibility and eliminate the
steric clashes, sidechain conformations in the
combined model were optimized using SCWRL4.0
[41]

SWISS-MODEL was selected for CICRY4
structure construction because it accurately
reproduced the CCE domain in the dCRY crystal
structure (PDB ID: 4GUS5), which served as a
benchmark, with the CCE domain correctly
docked in the FAD pocket (Figure S5). In contrast,
when using AlphaFold for prediction, the CCE
domain was placed outside the pocket. The full-
length amino acid sequence for CICRY4, including
the previously unresolved PBL and CCE regions,
was obtained from UniProt (ID: AOA2I0LZRS8) [42].
It should be noted that although the dCRY structure
generated by AlphaFold has a CCE domain confor-
mation differing from that observed in the crystal
structure, it is nevertheless ideally suited as the ini-
tial structure for T-REMD simulations. This
approach can properly equilibrate the system, miti-
gating potential inaccuracies introduced by theoret-
ical modeling while also benefiting from an
alternative representation of the CCE domain as
an intrinsically disordered region (IDR).

To reliably model the impact of FAD on the
functions of cryptochrome, high quality force field
parameters for FAD in different redox states are
necessary but beyond the scope of the current
study.

To minimize the impact of FAD force field
parameter quality and to focus on the simulation
protocol being tested with dCRY and CICRY4,
FAD was excluded from both proteins in the
simulations conducted in this study.

dCRY molecular dynamics simulations

(a) Conventional MD simulations

The dCRY crystal structure (PDB ID: 4GUS5) [43]
was used to set up conventional MD simulations.
Explicit water molecules were employed to solvate
the system. AMBER FF14SB force field [44] and
TIP3P water model [45] were employed for the sim-
ulations. Covalent bonds involving hydrogen atoms
were constrained using the SHAKE algorithm [46].
A rectangular simulation box was constructed by
adding a minimum buffer of 15 A between the cryp-
tochrome proteins and the box boundaries in all
directions, resulting in final box dimensions of 112.
2 A x 105.6 A x 95.9 A. 12 Na* ions were added
to the simulation box to neutralize the net charge
of the system. Energy minimization was performed
in two stages: the first 20 steps used the steepest
descent method, followed by the conjugate gradient
method for the remaining steps, totaling 1000 mini-
mization steps. During the heating phase, the sys-
tem was gradually heated from 100 K to 300 K
through 1 ns (ns) MD simulation, followed by a
100 ns equilibration simulation and a final 1
microsecond (us) production simulation, both in
the canonical (NVT) ensemble. A time step of 2 fem-
toseconds (fs) was used in all simulations in this
study.

(b) Temperature replica exchange molecular dynam-
ics (T-REMD) simulations

T-REMD simulations were performed to further
explore the conformational space of dCRY. The
force field parameters and SHAKE algorithm are
the same to those described above for the
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conventional MD simulations of dCRY. The starting
dCRY structure for T-REMD simulations (Figure 2a)
was immersed into a rectangular simulation box
measuring 112.2 A x 123.9 A x 97.2 A. It then
underwent energy minimization and heating
following the procedures previously described for
conventional MD simulations. The same number
of Na* ions as in the conventional MD simulation
were added to achieve charge neutrality. To
achieve sufficient sampling, 32 replicas were
generated with simulation temperatures spanning
300 K to 500 K (see Supplementary Table S1 for
specific values). Following an initial 10 ns
equilibration, each replica was subjected to 40 ns
of production simulation.

The exchange probability between two replicas at
adjacent temperatures, Pegxchange, Was calculated
using the following equation [47]:

1 1
Pexchange:exp<_(Ej_Ei) <m_m)>v (1)

where E; and E; represent the total energy of the
system in replicas j and j, respectively. T, and T;
are the corresponding temperatures, and kg is the
Boltzmann constant.

CICRY4 molecular dynamics simulations

(a) T-REMD simulations

The T-REMD simulations of CICRY4 were
conducted following the same protocol described
for dCRY. The starting conformation (Figure 2b)
was placed in a simulation box measuring 104.7 A
x 93.9 A x 128.1 A, with one Na* ion added to
neutralize the system.

(b) Conventional MD simulations

A total of 15 conventional MD simulations were
performed for CICRY4, using 15 representative
structures shown in Figure 5 (See Results for
details). These structures were selected as the
frames closest to the average RMSD values within

each of the 15 clusters identified through
clustering analysis. Each simulation was
conducted for 100 ns production run, resulting a
cumulative simulation time of 1.5 pus.

Autoencoder

An autoencoder neural network architecture
[48,49] was employed as a dimensionality reduction
method for analyzing cryptochrome simulation data.
The autoencoder is composed of two sequentially
connected components: an encoder and a decoder
(Figure 3). The encoder compresses high-
dimensional input data (x € RY into a two-
dimensional (2D) latent representation (x € R?),
while the decoder reconstructs data in high-
dimensional space from the latent space. In this
study, unless otherwise specified, the structural
coordinates from the aligned PHR region across
dCRY T-REMD, dCRY conventional MD, and
CICRY4 T-REMD simulations were used to train
the autoencoder model. The encoder is a fully con-
nected feedforward network with two hidden layers
containing 512 and 256 nodes, respectively. The
decoder mirrors this architecture. The loss function
(&) was computed as:

& = Jrecon + /L(ZLZ (2)

where % econ @and &> represent the reconstruction
loss and L, regularization term, respectively. 1 is a
weight factor and was set to 0.001 in our case.
Precon and ¥, are computed through the
following equations, respectively:

1 Y -
& recon = m § ”Xi - Xi||2 (3)
i1

1 K. e
Y=gy 2l @

where N denotes the data size of mini-batch for
training, and x;, X; refers to the original and

Encoder Latent Space Decoder
A
(o]
5
3 & o:.°
Original Protein g ® 0 Reconstructed
. . 512 £ o 512 i
(dimension d) A . 0® & o... . Prot(-_jm
P ..o .‘. (dimension d)
g . .
& @

Latent Dimension 1

Figure 3. Architecture of Autoencoder.
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reconstructed data, respectively. The term z;
represents the data in low dimensional latent space.

The autoencoder was implemented using
CUDA-supported PyTorch 2.2.2 [50], enabling
GPU-accelerated deep learning computations.
The dataset was split into training and evaluation
sets, with 80% allocated for training and the remain-
ing 20% for evaluation. A mini-batch is a subset of
the entire training dataset used during one iteration
of the gradient descent optimization, allowing effi-
cient computation of gradients of autoencoder
model parameters. During training, a mini-batch
size of 200 frames was used. The learning rate
was set to 10~*. Model parameters were optimized
using the Adam optimizer. For activation functions,
the Rectified Linear Unit (ReLU) was applied to the
hidden layers of both encoder and decoder, while a
Sigmoid activation function was used in the
decoder's output layer to constrain the recon-
structed values within the range (0, 1).

Time-lagged independent component analysis
(t-ICA)

The t-ICA method [28,51,52] was employed as a
dimensionality reduction technique to transform and
project protein simulation data onto a 2D latent
space. Mathematically, t-ICA solves the general-
ized eigenvalue problem:

C:ri = Colifi (5)

where r; represents the independent components,
and 4; denotes the corresponding normalized
autocorrelations. C, and C; correspond to the
mean-free covariance matrix and the time-lagged
covariance matrix, respectively. The covariance
matrixes are computed as:

Co = (Xe— )" (Xe — 1) (6)
Co=(Xi = )" (Xise — 1) (7)
where X; represents the sequence of time-

dependent multivariate protein coordinate data,
and X;.. denotes the protein trajectory data at a
time lag 7. The term u corresponds to the mean
value of the entire dataset. In this study, the t-ICA
method was implemented using the PyEMMA 2
package [53]

Clustering analysis

Protein simulation data were analyzed using the
MDSCAN package [54], which provides high mem-
ory efficiency for large-scale clustering based on
root-mean-square deviation (RMSD). MDSCAN
encodes MD simulation trajectories into a
vantage-point tree (vp-tree), which accelerates the
k-nearest neighbor search process by reducing
the computational cost of RMSD or Euclidean dis-
tance calculations. The high efficiency is achieved
through triangle inequality for efficient pruning.
Additionally, a quasi-minimum spanning tree

(quasi-MST) is constructed using a dual-heap strat-
egy, in which a primary heap prioritizes nodes with
high core distances, while an auxiliary heap handles
nodes that fail to satisfy the following equation:

e (1, ) = {K (V] € (i) : k() < (i)} (8)

Term dn,(i,f) represents the mutual reachability
distance,x (i) is the core distance from node i to
its kth nearest neighbor. Term #(i) is the set of
nodes j satisfying d(i,j) < k(i). Here, d(i,j)
denotes the input RMSD or Euclidean distance.
Overall, MDSCAN leverages the vp-tree structure
and a dual-heap approach to construct the quasi-
MST, enabling efficient clustering of large MD
trajectories with minimal memory usage while
preserving accuracy.

Root-mean-square deviation (RMSD)

The RMSD was calculated to quantify the
conformational differences between two structures
using the following equation [55]:

where x;, x® represent the coordinates of the ith
atom in the given structure x and reference
structure  x™, respectively. Prior to RMSD
calculation, structural superimposition of x onto
x"" was performed. n denotes the total number of
atoms considered. Unless otherwise specified,
alpha carbon atoms (C,) along the protein
backbone were used to calculate the RMSD in this
study.

Root-mean-square fluctuation (RMSF)

The RMSF was calculated to assess the flexibility
of each residue during the simulation [56]. The fluc-
tuation of residue i, denoted as RMSF, is given by:

RMSF; = % 3 (xi(t) — x(ee0e)? (10)
t=1

where n represents the total number of frames, and
X;(t) is the coordinate of the alpha carbon, C, in
residue i at time t and x7"““% denotes the

average C, coordinate of residue jover all nframes.

Dynamic cross correlation matrix (DCCM)

To quantify dynamic couplings and collective
motions in protein MD simulations, we calculated
the DCCM [57] using the following equation:

CU: <AI’,"Af/‘> (11)

, {Ar,z><Ar/?>

where C; represents the correlation coefficient
between the motions of residues /i and j. The
terms Ar; and Ar; represent the displacements of
the corresponding C, atoms from their respective
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average positions throughout the trajectory. The
notation (...) indicates a time average over the
entire trajectory.

Results and Discussion

T-REMD simulations

In the T-REMD simulations, 40,000 exchange
attempts were performed, with 500 simulation
steps between each attempt. Frames were saved
every 1,000 steps. The average exchange rate
was 20.4% for dCRY and 20.9% for CICRY4. To
ensure sufficient sampling from the T-REMD
calculations, each of the 32 replicas underwent a
40 ns production MD simulation, resulting in a
total of 1.28 ps of sampling (640,000 snapshots)
for both dCRY and CICRY4.

Latent space from dimensionality reduction
analysis

Due to its superior performance in analyzing
complex high-dimensional data [34,58,59], the
autoencoder was selected as the primary dimen-
sionality reduction method in this study. For the con-
venience of comparison between dCRY and
CICRY4, a set of residues within the PHR domains,
aligned with both dCRY and CICRY4, were selected
for analysis and referred to as the common core
region. We combined the simulation data of both
dCRY and CICRY4 for dimensionality reduction
analysis using the coordinates of the common core
region. The two main components from the autoen-
coder analysis were used to construct a 2D latent
space, onto which the distribution of the production
T-REMD simulations of both dCRY and CICRY4, as
well as conventional MD simulations, were plotted

(Figure 4). The t-ICA was applied in a similar man-
ner for comparison.

dCRY conventional MD simulation

The dCRY MD simulations remain_stable, with
RMSD values consistently below 1.8 A throughout
the entire trajectory (Figure S1). The distribution of
conventional MD simulations of dCRY is plotted in
2D latent spaces of both the autoencoder and t-
ICA analyses (green regions in Figure 4a and b).
In the autoencoder latent space (Figure 4a), the
dCRY conventional MD simulations are entirely
contained within the distribution of dCRY T-REMD
simulations. However, in the t-ICA latent space
(Figure 4b), the conventional MD simulations are
positioned at the periphery of the dCRY T-REMD
distribution. Consistent with its low RMSD values,
the distribution of dCRY conventional MD
simulations is narrow, indicating a limited sampling
range within its conformational space.

dCRY T-REMD simulations

For comparison, the RMSD of dCRY T-REMD
simulations was calculated using the same
reference structure as in the RMSD analysis of
the dCRY conventional MD simulations. Most
dCRY T-REMD _simulations maintained RMSD
values below 7 A, while some replicas remained
under 7 A for the majority of the simulation, with
occasional fluctuations exceeding 8 A (Figure S2)
(Replica 4 in Figure S2a as red plot and Replica 5
in Figure S2b as blue plot). The consistency of
RMSD values across the T-REMD simulations
strongly supports the reliability of the dCRY
sampling. The distribution of dCRY T-REMD
simulations is plotted in the latent spaces derived

(a) Autoencoder Distribution of Apo dCRY and CICRY4 (b) t-ICA Distribution of Apo dCRY and C/ICRY4
0.100
0.075 9
0
0.050 °
~
~ -
Juc-;, 0.025 E’ .
c o
] aQ
&  0.000
: §
O _o.025 < _, b5
w 4 J2n
< dCRY T-REMD > dCRY T-REMD
—0.050 CICRY4 T-REMD CICRY4 T-REMD
dCRY Conventional MD dCRY Conventional MD
-0.075 CICRY4 Conventional MD -6 CICRY4 Conventional MD :,
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—0.100 Selected CICRY4 Selected CICRY4

~0.02 0.00 0.02 0.04 0.06 0.08 0.10
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t-ICA Component 1

Figure 4. Distribution of dCRY and CICRY4 simulations in the latent spaces using (a) Autoencoder (AE) and (b)
time-lagged independent component analysis (t-ICA). The latent spaces for both methods were constructed using
dCRY T-REMD (blue), CICRY4 T-REMD (brown), and dCRY conventional MD (green). Selected dCRY (red) and
CICRY4 (purple) T-REMD conformations are highlighted. The distribution of CICRY4 conventional MD simulation is

plotted in cyan.
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from both autoencoder and t-ICA analyses (blue
regions in Figure 4a and b). As expected, the T-
REMD simulations exhibit a significantly broader
distribution comparing to the conventional MD
simulations, reflecting enhanced conformational
sampling. Moreover, the complete encapsulation
of the dCRY conventional MD simulation within
the T-REMD distribution further supports the
reliability of T-REMD in accurately capturing the
conformational landscape of cryptochromes.

The dCRY T-REMD simulations were further
evaluated using dCRY conventional MD
simulations by calculating the pairwise RMSD
based on the complete dCRY structure. For each
of the 50,000 snapshots from conventional MD
simulations, the dCRY T-REMD snapshot with the
lowest RMSD was selected (the algorithm for
selecting the frames were shown in Table S3 in
SI). A total of 227 snapshots were selected from
T-REMD simulations through this process. The
distribution of the 227 snapshots selected from the
dCRY T-REMD simulations is plotted in both
latent spaces (red regions in Figure 4a and b).
The selected snapshots possess the conformation
similar to the dCRY crystal structure, validating
the thoroughness of the dCRY T-REMD
simulations initiated from the structure with CCE
positioned outside the FAD binding pocket.

CICRY4 T-REMD simulations

The RMSD values of CICRY4 T-REMD
simulations are also consistent among all replicas.
Most CICRY4 T-REMD simulations (26 replicas)
have RMSD values remain under 5 A. Among the
remaining six replicas, three replicas have RMSD
values fluctuating around 5 A and remain under
6 A during the entire simulation (Replica 5 in
Figure S3b as blue plot, Replica 20 in Figure S3e
as red plot, and Replica 27 in Figure S3g as green
plot), two replicas have RMSD fluctuating up to
6 A (Replica 15 in Figure S3d as green plot, and
Replica 32 in Figure S3h as red plot). Only one
replica has small portion of the simulation with
RMSD values exceeding 7 A (Replica 23 in
Figure S3f as green plot).

The distribution of CICRY4 T-REMD simulations
(brown area in Figure 4a) is positioned adjacent to
that of dCRY T-REMD simulations in the
autoencoder latent space, based on the common
core region. Interestingly, the CICRY4 T-REMD
distribution appears more compact than the dCRY
T-REMD distribution (blue), despite CICRY4
possessing a larger CCE domain and potentially
greater flexibility. This observation may seem
counterintuitive but could be attributed to specific
structural constraints or stabilization effects in
CICRY4. A similar trend is observed in the t-ICA
latent space, where the CICRY4 T-REMD
distribution is distinct from that of dCRY T-REMD,
with a noticeable gap between the two
(Figure 4b). In both latent spaces, the distribution

of CICRY4 T-REMD simulations is comparable in
contrast to that of dCRY T-REMD simulations.
This comparison further supports the reliability of
CICRY4 T-REMD simulations for subsequent
sampling and analysis.

CICRY4 conventional MD simulations

The dCRY conventional MD simulations were
used as reference to select CICRY4 T-REMD
snapshots for further analysis. RMSD values were
calculated using the common core region shared
between dCRY and CICRY4 to guide the selection
process. Specifically, for each of the 50,000
snapshots from dCRY conventional MD
simulations, the CICRY4 T-REMD structure with
the lowest RMSD, based on the common core
region, was chosen. This selection strategy aligns
with the central hypothesis of this study—that
high-quality, crystal structure-based simulations of
dCRY can serve as a reliable reference for
guiding and evaluating simulations of the complete
CICRY4 structure. A total of 529 snapshots were
selected from the CICRY4 T-REMD simulations
with the smallest RMSD values relative to the
50,000 dCRY conventional MD simulation frames
via the algorithm listed in Table S3. The
distribution of these selected CICRY4 T-REMD
snapshots (purple regions in Figure 4) appears
largely symmetrical in relation to the distribution of
the selected dCRY T-REMD snapshots (red
regions in Figure 4), further supporting the validity
of this comparative approach.

To further investigate the structural features of the
selected conformations, we performed clustering
analysis on the 529 chosen structures using
MDSCAN. A total of 15 clusters were identified
(see MDSCAN Clustering Analysis of CICRY4 T-
REMD Simulations section in Supplementary
Materials for details). For each cluster, the
structure with the lowest RMSD relative to the
cluster's average conformation was selected as
the representative structure (Figure 5). The
clusters were ranked in descending order based
on the number of snapshots assigned to each
cluster. The population size of each cluster is
provided in Table S2 in Supplementary Materials.
Notably, the PBL and CCE regions exhibited the
highest flexibility among the selected structures,
highlighting their dynamic nature.

To investigate the conformational space and
dynamics of CICRY4 at ambient temperature, we
conducted 100 ns conventional MD simulations at
300 K for each representative structure from the
15 identified clusters. The RMSD values of these
15 CICRY4 conventional MD simulations
(Figure S4) exhibit greater consistency than those
from CICRY4 T-REMD simulations. Among these
simulations, 13 maintained RMSD values below
4 A throughout their entire trajectories. The
simulation based on Cluster 8 (Figure S4c, brown
plot) briefly exceeded 4 A, but the RMSD
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Figure 5. Representative structure of each cluster from the clustering analysis of the selected 529 CICRY4 T-
REMD snapshots. The cluster population decreases as the cluster index increases. The PHR is shown in brown and

the CCE domain is shown in pink.

remained below 3.5 A for most of the simulation.
The only exception was the simulation based on
Cluster 7 (Figure S4c, blue plot), where RMSD
values fluctuated around 4 A during the first 60%
of the trajectory before increasing above 4.5 A,
though remaining below 5 A for the entire
duration. This high level of consistency, combined
with an appropriable range of fluctuation, strongly
supports the reliability and sampling efficiency of
the CICRY4 conventional MD simulations. These
simulations provide valuable insights into the
dynamic properties of CICRY4, including its CCE
domain.

The distribution of the
conventional simulations is plotted in both
autoencoder and t-ICA latent spaces (cyan
regions in Figure 4), alongside dCRY T-REMD
and conventional MD simulations, and CICRY4 T-
REMD simulations. Notably, the distribution of the
529 selected snapshots from CICRY4 T-REMD
simulations (purple regions in Figure 4) fully
overlaps with that of the CICRY4 conventional MD
simulations.  Significantly, the distribution of
CICRY4 conventional MD simulations entirely
overlaps with the broader distribution of CICRY4
T-REMD simulations (brown regions in Figure 4).
This hierarchical inclusiveness provides strong
validation for both the T-REMD and conventional
MD simulations of CICRY4. The extensive
coverage of CICRY4 conventional MD simulations

15 ups CICRY4

within the latent spaces suggests that these
simulations further explore the conformational
landscape of CICRY4 at a biologically relevant
temperature, underscoring their efficiency in
capturing protein functional dynamics.

To further compare CICRY4 T-REMD and
conventional MD simulations, we performed
dimensionality reduction analyses using both
autoencoder and t-ICA methods, incorporating the
full protein structure, including both the PHR and
CCE domains of CICRY4 (Figure 6). The
hierarchical inclusiveness relationships among the
distributions of CICRY4 T-REMD simulations,
conventional MD simulations, and the 529
selected snapshots are preserved in the latent
spaces based on the complete CICRY4 structure.
Consistent with the analyses based on the
common core region, the CICRY4 T-REMD
simulations display the broadest distribution
(brown regions in Figure 6), indicating extensive
conformational sampling. Interestingly, the
distribution of the 529 selected snapshots from the
CICRY4 T-REMD simulations is more dispersed
than that observed in the common core region-
based analyses, likely due to substantial structural
variations in the CCE domain. This observation
highlights the influence of the CCE IDR, which
was not included in the common core region,
underscoring its role in contributing to CICRY4
conformational diversity.
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Figure 6. Distribution of CICRY4 simulations in the latent spaces using full CICRY4 structure including both PHR
and CCE domains: (a) Latent space based on autoencoder (AE) analysis; (b) Latent space based on t-ICA. The
complete CICRY4 structural coordinates from both T-REMD and conventional MD simulations were used for the

autoencoder and t-ICA analyses.

Comparison of dCRY and CICRY4
conventional simulations

The RMSF of each residue’s alpha carbon, Cao,
was calculated for both dCRY and CICRY4 based
on their conventional MD simulations (Figure 7).
For comparison, RMSF values were also
computed based on the T-REMD simulations of
both systems. In dCRY conventional MD
simulations, the CCE domain and PBL exhibit
minimal fluctuations (Figure 7a). In T-REMD
simulations, the dCRY CCE domain displays
significantly higher fluctuations, with peak values
approaching 16 A. Two regions within the dCRY
PHR domain, including the PBL (residues 249-
263) and the protrusion motif (residues 288-306),
display increased flexibility, with peak RMSF
values ranging between 7 and 8 A. These

differences may result from a combination of
factors, including the limited sampling efficiency of
dCRY conventional MD simulations and the
enhanced conformational exploration facilitated by
higher temperatures in T-REMD simulations.

The RMSF profiles of CICRY4 remain consistent
between conventional MD simulations and T-
REMD simulations (Figure 7b). This result is
expected, as the CICRY4 conventional MD
simulations were initiated from 15 representative
structures selected from the T-REMD simulations.
Considering that the distribution of dCRY
conventional MD simulations is significantly
narrower than that of the dCRY T-REMD
simulations (Figure 7a), the close agreement in
RMSF values further underscores the sampling
efficiency and reliability of our protocol. This
finding validates the approach of using T-REMD

(a) RMSF of dCRY (b) RMSF of CICRY4
16 T-REMD Conventional MD
Conventional MD 144 T-REMD
141
12 12
Z 107 319
% o w0
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£ ¢ £ 64
41 41
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Residue Index Residue Index
Figure 7. RMSF plots of conventional MD and T-REMD simulations. (a) dCRY; (b) CICRY4. PBL region is labeled

in orange, EEE region is labeled in green, and CCE region is labeled in pink.
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simulations to guide the selection of initial
conformations for conventional MD simulations,
ensuring robust and representative sampling of
CICRY4 conformational dynamics.

The dynamic couplings and correlations among
residues in dCRY and CICRY4 were assessed
using the DCCM based on conventional MD
simulations for each system. The residue
correlation maps derived from DCCM are plotted
for both dCRY and CICRY4 (Figure 8), in which
blue indicates negative correlations between
corresponding residues, and red indicates positive
correlations. In dCRY, the correlation between the
CCE and the PHR domains, particularly the PBL
region in the PHR domain, is not pronounced. A
closer examination reveals that interactions
between the CCE domain and PBL in dCRY
display a mix of positive and negative correlations
(Figure 8a), suggesting weak and heterogeneous
coupling between these regions. In contrast,
CICRY4 displays a stronger correlation between
its CCE and PHR domains. Notably, the first half
of the CICRY4 CCE domain shows a
predominantly positive correlation with the PBL,
while the second half shows negative correlations
(Figure 8b). Among the residues in the CICRY4
PBL domain, Arg236, Thr237, and Pro244 show
the strongest positive correlation with the CCE,
whereas Asn240, Ser241, and Leu242 show the
strongest negative correlation.

Based on the DCCM, we calculated the average
absolute correlation coefficients between the PBL
and CCE domains, which are 0.15 and 0.06 for
CICRY4 and dCRY, respectively, showing a
stronger coupling between the two domains in
CICRY4. To probe the origins of such correlation,
we analyzed the distribution of the closest residue
pair distance between the PBL and CCE domains
from conventional MD simulations of both CICRY4
and dCRY (Figure S7). Overall, the distance
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Figure 8.

Dynamic cross correlation matrix (DCCM) plots of conventional MD simulations:
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distribution of CICRY4 is closer than that of dCRY.
This observation aligns with the stronger dynamic
correlation between the CCE and PBL domains in
CICRY4 than in dCRY. These differences suggest
distinct modes of intramolecular communication
between the CCE and PHR domains in dCRY and
CICRY4, potentially influencing their regulatory
mechanisms.

To examine the conformational space of the CCE
domain, dimensionality reduction analyses were
performed separately for dCRY and CICRY4 using
the full region, including PHR and CCE domains,
from their respective conventional MD simulations.
The distribution and population density for dCRY
and CICRY4 are plotted in Figures 9 and 11,
respectively. In the latent space generated from
the autoencoder analysis, a single population
density maximum is observed for dCRY
(Figure 9b), whereas t-ICA analysis reveals three
distinct maxima (Figure 9d). These local maxima
in the population density distribution correspond to
local minima in the free-energy landscape, which
we refer to as attraction basins. These basins
represent regions where the system has a non-
trivial probability of remaining before transitioning
to other states.

The representative dCRY structures
corresponding to these attraction basins were
identified separately within the t-ICA latent space
and autoencoder latent space. Notably, these
structures display minimal structural differences,
including the CCE and PBL domains, as reflected
by the low RMSD values between the structures
derived from the t-ICA and autoencoder analyses
(Table S5). Structural comparisons further confirm
the high similarity among these conformations
(Figure 10). Across all identified structures, the
helical orientation of the CCE domain remains
approximately perpendicular to the PBL backbone,
indicating a conserved structural arrangement.
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Figure 9. Dimensionality reduction analyses of dCRY conventional simulations. (a) Distribution and (b) population
density on the autoencoder latent space. (c) Distribution and (d) population density on the t-ICA latent space. The
local maxima are marked as green stars. The dCRY structural coordinates from the conventional MD simulations

were used for the autoencoder and t-ICA analyses.
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Figure 10. Representative structures of dCRY in the attraction basins in distribution density map based on
autoencoder and t-ICA methods. The PBL is shown in brown and the CCE domain is shown in pink.

Around ten local attraction basins are identified in
both autoencoder and t-ICA analyses for CICRY4.
Because the attraction basins in the autoencoder
latent space are more uniformly distributed
comparing to those in the t-ICA latent space and
considering that the autoencoder projection
method displays a lower reconstruction error
(Table S6), representative CICRY4 structures
were selected based on the autoencoder latent
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space (Figure 12). The CCE domain conformation
varies significantly among these structures. In five
attraction basins (1, 2, 4, 5, and 7 in Figure 11b),
the CICRY4 CCE domain adopts an orientation
with its C-terminal pointing inward, and the helical
structure of the CCE domain remains stable
(structures 1, 2, 4, 5, and 7 in Figure 12). In
contrast, in attraction basin 3, the CCE domain
helix undergoes significant unfolding, although the
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autoencoder method. The PBL is shown in brown and the CCE domain is shown in pink.
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C-terminal still points in the same direction as in the
above five basins. In attraction basins 6, 9, and 10,
the CCE domain adopts an orientation opposite to
that observed in the six basins described above,
yet its helical structure remains stable. Notably, in
attraction basin 8, the CCE domain helix adopts a
unique position distinct from all other states,
suggesting an alternative conformational state that
may play a role in CICRY4 dynamics. As for
basins 9 and 10, the CCE helix orients close to
so-called EEE region, which is considered as
active region promoting the signal transduction
[60,61]. The EEE region contains a motif of three
consecutive glutamic acids (E) as residues 450 to
452 and it was observed as an IDR in previous
study [62]. The RMSF values for the EEE region
form a peak close to the CCE domain (Figure 7b).
The PBL regions for the selected 10 conformations
in Figure 12, only 7 and 8 display open-gate confor-
mation while others display close-gate conforma-
tion. Among the 10 representative CICRY4
structures, only conformations 7 and 8 exhibit an
open-gate conformation in the PBL regions, while
the others display a closed-gate conformation. This
observation is consistent with the previous finding
that in dark condition the PBL is in close-gate shape
[62].

Given the fundamental  methodological
differences between the autoencoder and t-ICA
approaches, the distributions of the simulation on
these latent spaces differ. Specifically, t-ICA is a
linear dimensionality reduction technique that
explicitly leverages temporal correlations to
identify slow collective motions, while the
autoencoder utilizes a nonlinear neural-network-
based approach to Ilearn a data-driven
representation without explicitly incorporating
temporal sequence information. Consequently, the
distributions of conformations and the positions of
attraction basins (distinct maxima of density
distribution) identified by the two methods may
differ significantly.

A 2D latent space was used as a balance
between interpretability and fidelity. Although
higher-dimensional embeddings can retain more
structural information, clearer and more intuitive
visualization of protein conformational distributions
is provided by 2D representations, which are
commonly adopted in related studies [25,63,64].
To assess information loss, reconstruction accu-
racy was evaluated across different latent dimen-
sions, revealing that while mean squared error
(MSE) decreases with increasing dimensionality of
latent space, the improvement from 2D to 3D was
relatively modest (Table S6).

Concluding Remark

In this study, we combined conventional
molecular dynamics (MD) simulations at ambient
temperature and temperature replica exchange
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molecular dynamics (T-REMD) simulations with
advanced dimensionality reduction techniques to
investigate the conformational landscape of
Columba livia cryptochrome 4 (CICRY4).
Particular attention was given to its cryptochrome
C-terminal extension (CCE) domain and its
interactions with the phosphate binding loop
(PBL). By using the high-resolution Drosophila
cryptochrome (dCRY) structure as a reference, we
validated the sampling efficiency of T-REMD and
demonstrated the robustness of our computational
framework in  capturing wide range of
conformational states of CRYs.

The comparative analysis of dCRY and CICRY4
presented in this study revealed key structural and
dynamic differences, particularly in the CCE
domain, which may be critical for their functional
divergence. Clustering analysis of selected
CICRY4 T-REMD snapshots, using dCRY
conventional MD simulation as a reference,
identified multiple conformational states,
highlighting the intrinsic flexibility of the CCE
domain. This proof-of-concept study offers a
comprehensive computational perspective on
sampling the structure of the full CICRY4,
revealing that the CCE domain displays more
prominent correlation with PBL than in dCRY. In
addition, CICRY4 CCE domain displaces wide
range of distribution in its conformational space
with significantly different orientations which are
likely key to CICRY4 function.

It is important to note that our current simulations
do not account for the presence of FAD, whose
redox state can significantly influence the
conformational distribution of the CCE domain.
Given the intrinsically disordered nature of the
CCE domain, further computational studies
incorporating various redox states of FAD are
necessary to elucidate the behavior of the CCE
domain and to wunderstand the underlying
mechanisms of FAD-mediated photoreception in
CRYs. It should also be noted that the current
study is limited to comparing structural
relationships among CRYs with similarly sized
CCE domains. lts applicability to CRYs with
significantly longer CCE regions—such as
mammalian CRY1 [65] or Platynereis dumerilii L-
CRY [66]—remains to be evaluated.

Overall, the proposed simulation procedure could
serve as novel computational protocol for further
study of CICRY4 and other CRYs by leveraging
the conformational space of available high-
resolution structure of CRYs. This could pave the
road for studies to provide insights into CRY
structural dynamics and potential functional
implications in magnetoreception. Furthermore, it
holds broader applicability in exploring intrinsically
disordered regions in proteins, enhancing our
understanding of their dynamic behavior and
elucidating their roles in biological signaling and
functional regulation.
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