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ABSTRACT
Principal component analysis (PCA) is widely used to characterize collective protein motions from molecular dynamics (MD) simulations. 

While PCA identifies the dominant modes of structural fluctuation, it does not reveal whether different principal components (PCs) causally 

influence each other. Here, we investigate this question using a recently introduced causal-discovery framework [V. D. Tatto et al., Proc. Natl. 

Acad. Sci. U. S. A. 121, e2317256121 (2024)], which allows us to infer putative causal asymmetries between high-dimensional time series. We 

apply this approach to long-timescale MD trajectories of two proteins. By analyzing relationships among PCs, we construct directed networks 

describing how PCs influence one another across time scales. These directional relationships, whose existence is a necessary condition for the 

presence of a causal link, are not captured by conventional covariance-based analyses and provide information that is complementary to PCA 

and time-lagged independent component analysis. Our results suggest that our causal inference approach can uncover previously hidden 

aspects of the dynamical organization of protein motions and offer a new perspective on this very popular class of collective variables.

© 2026 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license 

(https://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0349449

I. INTRODUCTION

Understanding how collective motions in proteins are orga-
nized across multiple time scales remains a central challenge in 

molecular biophysics. 

1–9 Molecular dynamics (MD) simulations 

now routinely generate trajectories of sufficient length and resolu-
tion to characterize fluctuations ranging from fast local motions to 

rare conformational transitions, 

10–18 enabling the investigation of 

both thermodynamic and kinetic properties. In particular, equilib-
rium trajectories of small proteins extending to biologically relevant 

time scales are now available, 

12,19,20 providing unprecedented oppor-
tunities to study the relationship between structure, dynamics, and 

function.
One of the most widely used approaches for analyzing pro-

tein dynamics in the folded state is Principal Component Analysis 

(PCA). 

21–32 In its standard formulation, PCA is performed by com-
puting the covariance matrix of the positions of a selected subset

of protein atoms (for example, backbone α carbon atoms) after 

removing overall translational and rotational motions. The princi-
pal components (PCs) are the eigenvectors of this covariance matrix, 

while the corresponding eigenvalues quantify the variance along 

each component. 

26,28,30,32–35 When only a small number of eigen-
values account for a large fraction of the total variance, protein 

motions can be represented in a reduced-dimensional basis spanned 

by the leading PCs. In this basis, the covariance matrix is diago-
nal by construction, meaning that fluctuations along different PCs 

are uncorrelated at zero time lag. Owing to its ability to provide a 

compact description of collective structural fluctuations and to iden-
tify large-amplitude motions, PCA has become a standard tool for 

characterizing conformational landscapes and functionally relevant 

motions in proteins. 

29,30,32,34,36–46

When the focus shifts from structural characterization to 

dynamical behavior, Time-lagged Independent Component Analy-
sis (TICA) provides a natural extension of PCA. 

47–50 While principal
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components are uncorrelated at zero lag time, correlations gener-
ally arise between them when the system is observed at a finite time 

delay, τ. C(τ) denotes the time-lagged covariance matrix between 

the centered and aligned atomic coordinates at times 0 and τ. 

In the PCA basis, the corresponding lagged covariance matrix is 

given by Γ(τ) = C 

−1 

(0)C(τ). 

47,49,51,52 This matrix would remain 

diagonal for all values of τ only in the idealized case of purely 

harmonic dynamics. For realistic protein motions, Γ(τ) is gener-
ally non-diagonal, reflecting dynamical couplings between different 

PCs. The eigenvectors of Γ(τ), commonly referred to as time-lagged 

independent components (ICs), identify collective coordinates asso-
ciated with the slowest dynamical processes. As a result, they 

are widely employed to characterize long-timescale conformational 

changes, construct kinetic models, and define collective variables for 

enhanced-sampling simulations. 

49–51,53–56

These developments raise a natural question: can collective 

structural fluctuations identified by PCA exert asymmetric dynam-
ical influences on one another? More specifically, can principal 

components extracted from protein MD trajectories cause each 

other? 

57–59 In the language of causal inference, stating that, for exam-
ple, PC 2 

is a putative cause of PC 4 
means that knowledge of the 

present state of PC 2 
improves the prediction of the future evolution 

of PC 4 
beyond what can be inferred from the history of PC 4 

alone. 

60 

A natural first attempt to address this question would be to exam-
ine the time-lagged covariance matrix between PCs, Γ(τ). If, for 

instance, the off-diagonal element Γ 2 4 
(τ) is large, one may conclude 

that PC 2 
and PC 4 

are dynamically coupled. However, dynamical 

coupling does not necessarily imply causal influence. In particular, 

causal relationships are generally directional: it may happen that 

PC 2 
influences the future evolution of PC 4 

, while the converse is 

not true. Such asymmetries, if present, cannot be inferred from Γ(τ) 

alone. For reversible equilibrium dynamics, the transfer operator is 

self-adjoint with respect to the equilibrium measure. Consequently, 

TICA identifies slow decorrelating coordinates but cannot assign 

a directional driver–response interpretation to couplings between 

pairs of PCs.
Addressing this question requires tools that go beyond covari-

ance or cross-correlation based analyses. Several approaches have 

been proposed to infer causality from molecular simulations. Early 

studies employed multivariate autoregressive models and analy-
ses inspired by Granger causality to identify directed relationships 

between coordinates or residue fluctuations. 

61–64 An information-
theoretic approach, dubbed transfer entropy, 

65,66 has also been used 

to probe directional information transfer and allosteric communica-
tion in proteins. 

67–69 More broadly, causal inference for time series 

has developed into rich theoretical frameworks aimed at predict-
ing information asymmetries, conditional dependencies, and struc-
tural causal graphs. 

57,59,60,70 In practice, however, applying these 

approaches to atomistic MD remains challenging because the sta-
tistical errors of causal estimators are typically large when the causal 

links are weak.
To address these difficulties, we recently introduced the Imbal-

ance Gain (IG), a statistical test designed to identify putative 

causal couplings in time-dependent data. 

71–73 The IG can be viewed 

as a proxy for the transfer entropy 

65,66 and can also be effi-
ciently estimated for noisy and high-dimensional data. 

72 It is also 

related to Granger causality and related methods, but, unlike those 

approaches, it does not require fitting an explicit dynamical model.

Recent studies have shown that putative causal couplings identi-
fied through the IG can robustly reveal genuine causal relationships 

even in equilibrium molecular dynamics, despite the time-reversible 

nature of the microscopic equations of motion and the stationar-
ity of the underlying distribution. 

73 The same framework has also 

uncovered non-trivial causal relationships involving translational 

and rotational degrees of freedom in liquid water. 

74 It is important 

to note that the IG and other similar approaches infer the pres-
ence of putative causal links from observational data. The presence 

of an asymmetric dynamical coupling between two variables is a 

necessary condition for the presence of a causal link between the 

two variables. However, this condition is not sufficient, since the 

two variables could be simultaneously caused by a third unobserved 

variable. Revealing the presence of confounders and building a gen-
uine causal graph 

57,59,70 in molecular modeling remains an open
challenge. 

In the present work, we use the IG framework to inves-
tigate whether the principal components describing collective 

protein motions exhibit putative causal links. We analyze two long-
timescale trajectories generated by Shaw Research: ubiquitin (PDB 

ID: 1UBQ) 

20 and NTL9 (PDB ID: 2HBA). 

12 NTL9 is a fast-folding 

protein whose trajectory samples large conformational changes and 

multiple folding and unfolding events, 

12 whereas ubiquitin repre-
sents a prototypical native-state system whose equilibrium fluc-
tuations span timescales from picoseconds to milliseconds and 

involve subtle long-range collective motions. 

20 By comparing these 

two systems, we assess whether putative causal links among PCs 

emerge, and whether such links are controlled by variance, relax-
ation timescale, or spatial collectivity. We find that both proteins 

exhibit a causal structure but with distinct physical character: in 

ubiquitin, the directionality of the putative causal link originates 

from a highly collective, protein-wide mode and affects only the next 

few leading components, whereas in NTL9, a localized slow mode 

centered on the β-turn directionally couples to several faster modes, 

including more delocalized principal components.

II. METHODS
Within the Imbalance Gain (IG) framework, 

72 a putative causal 

link between two (possibly multidimensional) collective variables 

X and Y is estimated in terms of predictive asymmetry between 

the two time series X(t) and Y(t). The IG is based on the Infor-
mation Imbalance 

71 (II), a statistical framework that provides a 

nonparametric way to compare the information content of different 

representations of the same data by exploiting the relative ordering 

of distances in the two spaces, X and Y . In particular, the II quantifies 

how well neighborhoods defined in X are preserved in Y . Denoting
by r 

X
ij the distance rank of configuration j among the neighbors of i

in space X, the II of X with respect to Y is defined as

Δ(X → Y) =
2
N
⟨rY

ij ∣ r
X
ij ≤ k⟩ =

2
N2 k

∑

i,j: rij
X≤k

rij
Y , (1)

where N is the total number of configurations and k is a small num-
ber (here set to 50, which is about 2% of N) used to restrict the 

average to the closest neighbors in space X. Δ(X → Y) yields a value 

between 0 and 1. Small values of Δ(X → Y) indicate that neighbor-
hoods in X are well preserved in Y , implying that X contains most of
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the information needed to reconstruct Y . Values closer to 1 instead 

indicate that X is minimally informative with respect to Y . The II 

framework has been used to infer non-trivial relationships between
collective variables in a wide variety of applications in molecular 

systems. 

75–78

The presence of a putative causal link is then inferred by 

estimating the II between collective variables at different times. 

Qualitatively, one estimates whether the inclusion of a candi-
date driver variable improves the prediction of a target variable 

at a future time. 

72,73 Since the information imbalance is com-
puted over a set of points, we suppose to have access to mul-
tiple replicas of the trajectory. If the available data consist of 

a single trajectory, an ensemble of replicas is constructed by 

dividing the trajectory into non-overlapping chunks. For a tar-
get variable Y(0) and a candidate driver X(0), one compares 

the II between the present state of the target and its future, 

Δ(Y(0) → Y(τ)), with the II obtained when also considering the 

putative driver in the present, Δ([αX(0), Y(0)] → Y(τ)), where
α > 0 is a variational parameter. In these equations, Y(0), X(0), 

and [αX(0), Y(0)] are shorthand notations for the Euclidean 

distance between pairs of replicas. For example, [αX(0), Y(0)]
= (α 

2 

∥X i 
(0) − X j 

(0)∥ 

2 

+ ∥Y i 
(0) − Y j 

(0)∥ 

2 

) 

1
2 , where the subscripts i

and j label different replicas.
The Imbalance Gain (IG) is then defined as

IGX→Y(τ) =
Δ(Y(0) → Y(τ)) −minαΔ([αX(0), Y(0)] → Y(τ))

Δ(Y(0) → Y(τ))
.

(2)

The optimal value of α that maximizes the IG for a given time lag τ is 

determined by searching over a grid of 500 evenly spaced values for
α ∈ [0, 10]. If IG = 0, adding the information about X(0) does not 

improve the prediction of Y(τ), since the best possible predictor is 

Y(0) alone. A positive value of the IG X→Y 
(τ) indicates instead that 

the inclusion of X(0) improves the prediction of the future state of 

Y , providing evidence for a putative causal link at lag τ. As already 

discussed, the observation of IG > 0 between two variables does not

imply that a causal link between the two exists, since both variables 

could be caused by a third unobserved variable. However, if one 

finds that IG = 0 (or small, in practical applications), one can con-
clude that the causal link does not exist. 

72 Since the IG is estimated 

using distances between configurations, it naturally accommodates 

high-dimensional descriptors and avoids the computational prob-
lems that are encountered when one attempts to infer the causal 

links from transfer entropy, which requires estimating conditional 

probability distributions in high-dimensional spaces. 

65,66

We also quantify a putative causal link between two variables 

from the integral of the IG over time (IG Total),

IGT X→Y 
= ∫ 

∞

0
IG X→Y 

(τ 

′ 

)dτ 

′ . (3)

In the present work, we apply this framework to PCs obtained 

from protein dynamics. Treating individual PCs as time-dependent 

variables, we evaluate the lag-dependent IG between pairs of com-
ponents to assess whether specific modes systematically improve the 

prediction of others. This allows us to infer the presence of putative 

causal links in principal component space. To simplify the visual-
ization and the discussion, we restrict our analysis to the top five 

PCs.

III. RESULTS
A. Ubiquitin

In the first application, we analyze the native-state dynamics
of ubiquitin using the 1 ms molecular dynamics trajectory reported
in Ref. 20. As discussed in that work, the trajectory exhibits a mild 

conformational transition at ∼0.65 ms. Since our goal is to charac-
terize causal relationships between principal components within a 

single native-state basin, we restricted the analysis to the first 0.65 ms 

of the simulation. This choice avoids mixing fluctuations associated 

with distinct conformational substates and ensures that the result-
ing PCs describe a well-defined region of the native-state ensemble. 

The eigenvalue spectrum and the explained variance of the PCs are 

shown in the supplementary material, Fig. S1.

FIG. 1. Ubiquitin: (a) the autocorrelation functions of the top 5 PCs, PC i=1,5 

, which are colored red, blue, green, orange, and purple, respectively, with shaded areas denoting 

error bars. (b) The pairwise IG curves over time between PC 1 

⇔ PC 2,3,4,5 

. The IG values are on the Y-axis, and time lag (τ) in nanoseconds is on the X-axis. Pink lines 

denote the direction PC 1 

→ PC 2,3,4,5 

, whereas green lines denote the reverse direction. Shaded areas denote error bars computed over 20 independent realizations.
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We first characterize the intrinsic relaxation timescales of the 

leading modes. In Fig. 1(a), we report the autocorrelation functions 

of the first five principal components. All five modes decorrelate 

within ∼500 ns, which is substantially shorter than the analyzed 

trajectory segment. We determine the relaxation times from the inte-
gral of the autocorrelation function. This indicates that the selected 

portion of the simulation is sufficiently long to sample the dom-
inant fluctuations associated with these PCs. Among the modes 

considered, PC 1 
is the slowest, while PC 2 

and PC 3 
decorrelate on 

comparable, shorter timescales.
Previous studies on equilibrium MD simulations have used 

apparent asymmetries in time-lagged two-body cross-correlation 

functions, E[X 0 
Y τ 
], to infer causal relationships. 

67,79 However, for 

equilibrium dynamics satisfying stationarity and time reversibility 

(as is the case for MD simulations), these correlation functions 

are invariant under exchange of the two variables. In particular,
E[X 0 

Y τ 
] = E[X −τ 

Y 0 
] = E[X τ 

Y 0 
], where the first equality follows

from stationarity and the second from time-reversibility. There-
fore, any observed asymmetry in such correlation functions can-
not be interpreted as evidence of directional causality. Instead, 

it must arise from statistical errors, numerical violations of time 

reversibility introduced by the integration scheme, or perturba-
tions associated with thermostats and barostats. The IG (or transfer 

entropy) approach is instead asymmetric and directional and can 

be viewed conceptually as a many-body cross-correlation function 

where the information of the caused variable at the present time 

breaks the symmetry otherwise seen in two-body cross-correlation 

functions. 

72,73

Therefore, we next examine putative causal links between the 

leading modes using the imbalance gain, instead of using two-body

cross-correlation functions between the PCs. In Fig. 1(b), we show 

the pairwise IG curves between PC 1 
and PC 2,3,4,5 

. The strongest 

asymmetry is observed for the pairs PC 1 
⇔ PC 2 

and PC 1 
⇔ 

PC 3 
, where the dominant direction of information transfer is PC 1

→ PC 2,3 
. This indicates that knowledge of PC 1 

improves the pre-
diction of the future evolution of PC 2 

and PC 3 
more than the 

reverse. The asymmetry becomes weaker for PC 4 
, where the driv-

ing effect from PC 1 
remains detectable but is considerably more 

modest. For PC 5 
, the IG signal is substantially reduced and becomes 

only weakly discernible. Consistently, when lower-variance PCs are 

considered, the directional signal progressively decreases and even-
tually approaches zero, as shown in the additional pairwise IG curves 

reported in the supplementary material (see Fig. S7). Overall, these 

results suggest that the dynamical influence of PC 1 
is primarily 

exerted on the other dominant modes and progressively fades for 

less important PCs. This behavior is consistent with our empirical 

observations from both Langevin-based models as well as simple 

molecular systems, in which the slowest collective variable typically 

appears as a putative causal driver. 

72,73

The putative causal links between pairs of PCs are summarized 

in Fig. 2 using the normalized IGT values defined in Eq. (3). The 

graph highlights the dominant links between PC 1 
and PC 2,3,4,5 

. In 

agreement with the time-resolved IG curves, the strongest directed 

links correspond to PC 1 
→ PC 2 

and PC 1 
→ PC 3 

, confirming that 

the leading mode acts as the main driver of the next two domi-
nant modes. A weaker directional asymmetry is also observed for the 

PC 1 
⇔ PC 4,5 

links, which remain biased toward the PC 1 
→ PC 4,5 

direction. However, the magnitude of these links is markedly smaller 

than for PC 2 
and PC 3 

, indicating that the causal influence of PC 1 

rapidly weakens as one moves toward lower-variance PCs. As we

FIG. 2. Ubiquitin: putative causal links between PC 1 

and the remaining leading principal components. Nodes represent the first five PCs, and directed edges indicate the 

normalized integrated imbalance gain, IGT, defined in Eq. (3). For each pair, the edge length and width, as well as the numerical label, report the relative strength of the 

directional information transfer, with larger values corresponding to stronger causal links. The strongest links are observed from PC 1 

toward PC 2 

and PC 3 

, whereas the links 

involving PC 4 

and PC 5 

are substantially weaker. For each PC, the residues with the largest contributions to the corresponding eigenvector are highlighted in blue on the 

protein structure, as quantified using the Brüschweiler collectivity index. The arrows in blue show the corresponding directions of the eigenvector for the highlighted residues, 

while the rest of the protein is shown in gray.
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will see in Sec. III B, however, this is not necessarily a universal 

rule. In addition, Fig. S9 of the supplementary material shows that 

PC 2 
exhibits appreciable asymmetric IG with both PC 3 

and PC 4 
. In 

these cases, the dominant direction of information transfer is PC 2
→ PC 3,4 

, while the corresponding reverse links are noticeably 

weaker. By contrast, the IG between PC 2 
and PC 5 

is much smaller 

and only weakly directional. The same trend persists for lower-
variance PCs, for which the causal signal rapidly decreases and 

eventually becomes negligible.
In Fig. 2, we also highlight the residues that contribute most 

strongly to each principal component. These contributions were 

quantified using the Brüschweiler collectivity index, which quanti-
fies the degree to which the collective motions are delocalized in 

the protein. 

80,81 Details are provided in Fig. S5 of the supplementary 

material. This analysis shows that PC 1 
is the most delocalized mode 

among those considered, with a collectivity index of ∼0.8, indicating 

that residues distributed across the entire protein contribute sub-
stantially to this collective fluctuation. By contrast, PC 2 

–PC 5 
are 

more localized, with collectivity indices in the range 0.4–0.6. The 

dominant role of PC 1 
would suggest a scenario in which more col-

lective protein motions have a causal influence on more spatially 

localized fluctuations. In Sec. III B, we will show that this scenario 

does not hold in general.

B. NTL9
In the second application, we analyze folded-state segments 

of the NTL9 trajectory. In Ref. 12, NTL9 was simulated for
∼3 ms, during which the protein undergoes multiple reversible 

folding–unfolding transitions. Within these simulations, the pro-
tein remains folded for several extended intervals; in particular, we 

identified four independent folded segments longer than 200 μs. 

The results discussed in the following are obtained by analyzing 

one representative folded segment. The same analysis performed on 

the remaining folded segments yields qualitatively consistent results, 

as reported in the supplementary material (see the section “NTL9

results for another folded trajectory fragment” and Figs. S13–S17 of 

the supplementary material). This allows us to focus specifically on 

causal relationships between PCs within the folded-state dynamics, 

rather than on the much larger structural changes associated with 

folding and unfolding. The eigenvalue spectrum and the explained 

variance of the PCs are shown in Fig. S3 of the supplementary 

material.
Figure 3(a) shows the autocorrelation functions of the first 

five principal components. In contrast to ubiquitin, where the 

leading modes decorrelate on more comparable sub-microsecond 

timescales, NTL9 displays a clearer separation between the slowest 

mode and the remaining PCs. In particular, PC 1 
decorrelates on a 

timescale of ∼1 μs, whereas PC 2,3,4,5 
relax substantially faster, with 

characteristic timescales of roughly 200 ns. This separation indicates 

that PC 1 
captures a distinct slow fluctuation within the folded-state 

ensemble of NTL9, while the remaining leading PCs describe faster 

modes embedded within the same folded basin.
We then examine whether this separation of timescales is 

reflected in the directionality of information transfer between the 

leading PCs. In Fig. 3(b), we report the pairwise IG curves between 

PC 1 
and PC 2,3,4,5 

. In all cases, the curves show a pronounced asym-
metry, with the PC 1 

→ PC 2,3,4,5 
direction consistently dominating 

over the reverse direction. Thus, knowledge of the slow coordinate 

PC 1 
substantially improves the prediction of the future evolution of 

the faster leading PCs, whereas the converse effect is much weaker. 

Compared with ubiquitin, where the directional influence of PC 1 
is 

strongest for PC 2 
and PC 3 

but rapidly decreases for lower-variance 

modes, the NTL9 folded segment exhibits a more systematic and 

persistent directional coupling from PC 1 
toward all the other PCs 

considered (see Fig. S8 of the supplementary material).
This trend is summarized in Fig. 4, where we report the puta-

tive causal links constructed from the normalized IGT values defined 

in Eq. (3). The graph confirms the behavior observed in the time-
resolved IG curves: all links involving PC 1 

are strongly asymmetric 

and predominantly oriented from PC 1 
toward PC 2,3,4,5 

. By contrast, 

when PC 2 
is taken as the reference mode, the links with PC 3,4,5 

are

FIG. 3. NTL9: (a) the autocorrelation functions of the top 5 PCs, PC i=1,5 

, which are colored red, blue, green, orange, and purple, respectively, with shaded areas denoting 

error bars. (b) The pairwise IG curves over time between PC 1 

⇔ PC 2,3,4,5 

. The IG values are on the Y-axis, and time lag (τ) in nanoseconds is on the X-axis. Pink lines 

denote the direction PC 1 

→ PC 2,3,4,5 

, whereas green lines denote the reverse direction. Shaded areas denote error bars computed over 20 independent realizations.
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FIG. 4. NTL9: putative causal links between PC 1 

and the remaining leading principal components. Nodes represent the first five PCs, and directed edges indicate the 

normalized integrated Imbalance Gain, IGT, defined in Eq. (3). For each pair, the edge length and width, as well as the numerical label, report the relative strength of the 

directional information transfer, with larger values corresponding to stronger causal links. PC 1 

displays strong directional influence toward all other leading PCs considered, 

identifying it as a dominant slow driver within the folded-state dynamics of NTL9. For each PC, the residues with the largest contributions to the corresponding eigenvector 

are highlighted in blue on the protein structure, as quantified using the Brüschweiler collectivity index. The arrows in blue show the corresponding directions of the eigenvector 

for the highlighted residues, while the rest of the protein is shown in gray.

largely reciprocal and of comparable magnitude, as shown in Fig. 

S10 of the supplementary material. Taken together, these results 

identify PC 1 
as a dominant slow mode that directionally condi-

tions the dynamics of several faster principal components within the 

folded state of NTL9.
We again use the Brüschweiler collectivity index 

80,81 to iden-
tify the residues that contribute most strongly to each principal 

component; these residues are highlighted in blue in Fig. 4. Addi-
tional details for this particular protein are provided in Fig. S6 of 

the supplementary material. This analysis reveals a trend that differs 

markedly from ubiquitin. In ubiquitin, PC 1 
is the most delocal-

ized mode, with contributions distributed across the protein. By 

contrast, in NTL9, PC 1 
is comparatively localized, with a collec-

tivity index of ∼0.4. The collectivity indices of PC 2,3,4,5 
are 0.52, 

0.38, 0.29, and 0.65, respectively. Structurally, PC 1 
is primarily local-

ized around the β-turn region of the protein, and PC 2 
, PC 3 

, and 

PC 4 
also involve motions broadly concentrated in this region, with 

additional secondary contributions. This suggests that the strong 

information transfer from PC 1 
to these modes reflects a local hier-

archy of motions, in which a slow fluctuation centered around the 

β-turn organizes faster fluctuations in the same structural region.
A particularly interesting case is PC 5 

, which is substantially 

more delocalized than the other higher-order modes considered 

here. Despite this difference in spatial character, the PC 1 
→ PC 5 

link remains strongly asymmetric. This observation indicates that 

directional information transfer between PCs is not necessarily 

determined by localization or delocalization. In the case of NTL9, 

a localized slow fluctuation can carry predictive information about 

a more delocalized mode involving other parts of the protein. This 

result highlights the nontrivial character of information transfer in 

the PC representation and suggests that the present framework may

provide a useful route for identifying dynamical couplings between 

motions occurring in distinct regions of a protein, with potential 

relevance for future studies of allosteric communication.

IV. DISCUSSION
In this work, we have investigated the presence of putative 

causal links between principal components extracted from long 

equilibrium protein trajectories. Principal component analysis is 

most often used as a dimensionality-reduction tool, where the lead-
ing modes are interpreted in terms of variance, collectivity, and 

structural deformation. Here, we have taken a complementary per-
spective and asked whether the present value of one PC improves 

the prediction of the future evolution of another PC. By using the 

Imbalance Gain (IG) approach, 

72 we obtain a time-lagged and direc-
tional measure of information transfer between collective modes. 

Importantly, the directional information transfer identified by our 

approach cannot be identified by the TICA analysis, since the time-
delayed covariance matrix between PCs is symmetric if the dynamics 

satisfies detailed balance, as is the case for molecular dynamics.
The two systems studied here display qualitatively distinct pat-

terns of directional coupling. In ubiquitin, the leading principal 

component, which is also the slowest one, is a highly delocalized, 

protein-wide mode and exhibits the strongest information transfer 

toward PC 2 
and PC 3 

. The influence of PC 1 
becomes progressively 

weaker and more symmetric for higher-order PCs, indicating that 

in this case, the dominant collective fluctuation primarily influences 

a few leading modes. This behavior is consistent with a picture in 

which a broad native-state fluctuation provides a slowly varying 

dynamical context for more localized motions, while lower-variance 

modes become increasingly weakly coupled to the dominant PC.
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In NTL9, PC 1 
is clearly the slowest mode and displays a pro-

nounced directional influence on all the other leading PCs consid-
ered. Unlike ubiquitin, however, this dominant mode is not the most 

delocalized one. Instead, PC 1 
is localized around the β-turn region, 

while some of the modes receiving information from it, in particular, 

PC 5 
, are more spatially extended. This result shows that directional 

information transfer between PCs is not simply determined by the 

collectivity or variance of the corresponding modes. A localized slow 

fluctuation can carry predictive information about faster and more 

delocalized motions, suggesting that the causal organization of PC 

space can reveal dynamical relationships that are not apparent from 

the PCA spectrum or collectivity indices alone.
The relationship between the free-energy landscape and causal 

coupling remains an important open question. While the FES of 

the PCs of ubiquitin and NTL9 do not reveal distinct metastable 

substates within the folded basin (see Figs. S11 and S12 of the 

supplementary material), they exhibit different degrees of asym-
metry and confinement. In particular, in ubiquitin, PC 1 

displays a 

slightly more rugged profile, whereas the remaining PCs are char-
acterized by relatively smooth, valley-like free-energy landscapes. 

Instead, in NTL9, the free energy rises more steeply along PC 1 
, with 

no signs of ruggedness. As shown previously, 

73 asymmetries in the 

FES can bias dynamical couplings between collective variables. How-
ever, these free energy landscapes show that for the systems analyzed 

in this work, the landscape by itself is not a sufficient predictor of 

the asymmetries. Future studies that condition causality analyses 

on different metastable states, particularly along folding–unfolding 

landscapes, may provide further insight into how state-dependent 

relaxation processes govern causal relationships in biomolecular
dynamics. 

It is important to remark that PCA and the IG between PCs 

probe two different aspects. PCA identifies directions of large-
amplitude structural variance, whereas IG asks whether fluctuations 

along one such direction improve the prediction of another at later 

times. The first criterion is geometric and instantaneous, while the 

second is dynamical and time-lagged. Therefore, the most infor-
mative causal driver need not be the PC with the largest variance 

or the most spatially delocalized eigenvector. In ubiquitin, these 

properties approximately coincide: the most collective mode is also 

the dominant source of directional information transfer. In NTL9, 

they separate: the slowest and most predictive mode is relatively 

localized, yet it influences both localized and more distributed fluc-
tuations. This distinction highlights the value of studying causal 

structure in PC space rather than relying exclusively on variance, 

relaxation times, or spatial collectivity. In the systems analyzed so 

far, we observe several cases in which the IGT values are broadly 

symmetric between pairs of PCs (e.g., between PC 2 
⇔ PC 3,4,5 

in 

NTL9, see Fig. S10 of the supplementary material). However, we 

have not yet identified a case in which the dominant causal direc-
tion is inverted relative to the ordering of explained variance; that 

is, we do not observe lower-variance PCs acting as stronger causal 

drivers of higher-variance PCs.
The present results suggest several natural extensions. One 

direction is to move from pairwise causal graphs toward multi-
variate formulations in which the influence of a PC is assessed 

while accounting for the simultaneous effects of other modes. The 

approach introduced in Ref. 82 might allow us to perform this anal-
ysis, with the caveat that the statistical uncertainty of the inferred

collective links should be carefully controlled. Performing this anal-
ysis would help distinguish whether the observed links correspond 

to direct dynamical couplings or are mediated by intermediate PCs. 

A second direction is to connect PC-level causality to residue-level 

or structural mechanisms, for example, by combining IG with mode 

localization, contact maps, or residue-wise dynamical descriptors. 

This would be particularly useful for systems such as NTL9, where 

a localized slow fluctuation appears to influence more extended 

protein motions.
Our results suggest an interpretation of the directional coupling 

in terms of the residues that contribute to each PC. In simple terms, 

there are certain residue fluctuations that can have an asymmetric 

influence on other residue fluctuations. Our analysis should be con-
sidered a first step toward an approach for identifying those residues. 

The causal asymmetry observed between PCs also suggests a route 

toward experimentally testable interventions in protein dynamics. 

Because each PC can be decomposed into residue-level contribu-
tions, residues with large contributions to a putative driver PC 

constitute candidate sites for localized perturbations whose effects 

may subsequently emerge in the motion described by a driven PC. 

In this sense, the inferred directionality predicts how perturbing one 

collective mode may alter the future evolution of another and iden-
tifies the timescale over which that response becomes detectable. 

This perspective could be applied to proteins with known allosteric 

regulation, ligand binding, or conformational switching, where 

directional couplings between collective modes may provide a com-
pact description of how local perturbations propagate through the 

protein. 

4,67,83–92 Applied without prior assumptions about known 

allosteric sites or pathways, the approach could help identify protein 

regions that may initiate an allosteric response and characterize how 

the resulting dynamical influence propagates through the structure. 

Similarly, an optical probe placed on specific sites on the protein 

surface could provide an experimentally accessible measure of a 

particular asymmetric influence between different protein regions. 

Monitoring its response after the photoexcitation of a chromophore 

would offer a way to test the predicted directional coupling, and our 

approach could guide the selection of perturbation and observation 

sites in future experiments.

SUPPLEMENTARY MATERIAL

The supplementary material includes a discussion of the dif-
ferent MD trajectories that are analyzed, a description of the 

Brüschweiler collectivity index, results for NTL9 from another 

trajectory fragment that show the consistency of the results, 

supplementary material figures that show the PCA eigenvalue spec-
tra, the cosine similarity of PCs between two halves of the analyzed 

trajectories to show consistency of the PCs across both halves, the 

Brüschweiler collectivity index plots, the IG curves from PC 1 
⇔ 

PC 6,7,8,9 
, and the IG curves and corresponding IGT graphs from 

PC 2 
⇔ PC 3,4,5 

for both systems.
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