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ABSTRACT

The funnel picture of protein folding holds that native structures are reached by a biased search down a rugged
free-energy landscape, but quantitative estimates of how much conformational entropy is actually lost along a
folding trajectory, and where in the landscape that loss is concentrated, remain scarce for realistic sequence
lengths. We applied statistical thermodynamic analysis, combining replica-exchange coarse-grained simulation with
Markov state model (MSM) reconstruction, to folding trajectories of 14 small single-domain proteins (35-76
residues) sampled at 12 temperatures between 280 K and 360 K, totalling 2.3 ms of aggregate simulation time
across 1,680 independent trajectories. Configurational entropy, estimated from the eigenvalue spectrum of the
200-state MSM transition matrix, fell from 6.8 + 0.4 kcal/(mol K) in the unfolded ensemble to 1.9 + 0.3 kcal/(mol K)
in the folded state across the protein set, a mean reduction of 72%, with 58% of the total entropy loss occurring
within a narrow free-energy window spanning the top 15% of the folding coordinate, consistent with a dominant,
entropy-limiting transition-state bottleneck rather than gradual funnel narrowing. Folding free-energy barriers,
computed from transition path theory applied to the MSMs, ranged from 2.1 to 5.7 kcal/mol and correlated with the
fraction of entropy lost at the bottleneck (Pearson r = 0.81, p < 0.001, n = 14), indicating that entropic bottleneck
sharpness, not merely landscape ruggedness, is a strong predictor of folding barrier height. Folding rates predicted
from barrier heights via transition-state theory reproduced experimental folding rates for the eight proteins with
available reference values within a factor of 3.1 on average (root-mean-square log-rate deviation of 0.61), and a
sensitivity analysis varying the MSM lag time between 20 ns and 200 ns changed estimated barrier heights by less
than 9%, indicating that the entropy-barrier correlation is robust to this key methodological choice. These results
provide a quantitative, sequence-length-independent account of where and how much conformational entropy is
lost during folding, and suggest that transition-state entropic bottleneck sharpness is a useful, computationally
accessible predictor of folding kinetics across structurally diverse small proteins.
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1. INTRODUCTION

Protein folding is often described as a search problem:
an unfolded chain samples an astronomically large
conformational space yet reliably reaches its native
structure on biologically relevant timescales, a puzzle
first articulated by Levinthal and resolved conceptually by
the notion of a funnel-shaped free-energy landscape that
biases the search toward the native basin [1,2]. The
funnel picture replaced the idea of folding as a single
well-defined pathway with a statistical ensemble of
routes, all descending, on average, toward lower free
energy and lower conformational entropy as the native
contacts form.

Within this framework, the free-energy landscape is
understood as the sum of an enthalpic term, favoring
native contacts, and an entropic term, penalizing the loss
of conformational freedom as the chain compacts [3,4].
Considerable theoretical and simulation work has
characterized the overall shape of folding funnels and the
location of rate-limiting transition states along one or two
reduced reaction coordinates, but comparatively few
studies have quantified the actual conformational entropy
lost at each stage of folding wusing a full
microstate-resolved model, or asked whether the
sharpness of entropy loss near the transition state, as
opposed to the total entropy change, predicts folding
kinetics [5,6,7].

This gap matters because two folding landscapes with
identical total entropy change from unfolded to folded
states can differ substantially in kinetics if one loses
entropy gradually across the whole folding coordinate
while the other funnels through a narrow, entropy-limiting
bottleneck; competing views in the literature have
emphasized either overall landscape ruggedness or a
single dominant transition state as the primary kinetic
determinant, and resolving this question requires entropy
estimates resolved at fine granularity along the folding
coordinate rather than aggregated end-state values

alone [8,9,10].
Here we combine coarse-grained replica-exchange
molecular simulation with Markov state model

reconstruction to estimate conformational entropy at fine
resolution along the folding coordinate for a structurally
diverse set of 14 small single-domain proteins, quantify
how much of the total folding entropy loss is
concentrated near the rate-limiting transition state, test
whether bottleneck sharpness predicts folding barrier
height and rate across the protein set, and assess the
robustness of these estimates to the MSM lag-time
parameter.

2. MATERIALS AND METHODS

We  performed coarse-grained replica-exchange
molecular dynamics simulations of 14 small
single-domain proteins, constructed 200-state Markov
state models from the resulting trajectories at each of 12
temperatures, and used the MSM eigenvalue spectrum
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and transition path theory to estimate configurational
entropy and folding free-energy barriers along the folding
coordinate.

| 2.1 Protein selection and coarse-grained representation

Fourteen single-domain proteins ranging from 35 to 76
residues, spanning alpha-helical, beta-sheet, and mixed
alpha/beta topologies, were selected from the Protein
Data Bank to represent diverse folding mechanisms.
Each protein was represented using a Calpha-based
coarse-grained model with a native-structure-biased
(Go-like) potential supplemented with a generic
hydrophobic burial term, following established practice
for computationally tractable folding simulations that
retain topology-dependent folding mechanisms.

I 2.2 Replica-exchange simulation protocol

For each protein, 120 replicas were simulated in parallel
across 12 temperatures spaced between 280 K and 360
K using Langevin dynamics with periodic replica
exchanges attempted every 2,000 integration steps.
Aggregate simulation time across the full protein set
totalled 2.3 ms distributed over 1,680 independent
trajectories, with individual trajectory lengths tuned per
protein to achieve comparable numbers of folding and
unfolding events at the melting temperature.

I 2.3 Markov state model construction

Trajectories were clustered into 200 microstates per
protein using time-lagged independent component
analysis (TICA) followed by k-means clustering on the
leading four TICA coordinates. Transition probability
matrices were estimated at a reference lag time of 80 ns,
with implied timescale plots used to confirm approximate
Markovianity of the resulting model for each protein.

I 2.4 Configurational entropy estimation

Configurational entropy along the folding coordinate was
estimated from the stationary distribution and eigenvalue
spectrum of the transition matrix, binning microstates into
20 equally populated windows along the folding
coordinate (fraction of native contacts) and computing
the Shannon entropy of the conditional microstate
distribution within each window, converted to molar
entropy units.

I 2.5 Transition path theory and barrier estimation

Folding free-energy barriers and committor probabilities
were computed using transition path theory applied to
each protein's MSM, identifying the transition-state
ensemble as the set of microstates with committor
probability between 0.4 and 0.6, and estimating folding
rates via transition-state theory using the computed
barrier heights and a common prefactor calibrated
against the subset of proteins with published
experimental folding rates.

I 2.6 Sensitivity analysis and statistical methods

MSM lag time was varied between 20 ns and 200 ns to
assess sensitivity of entropy and barrier estimates to this
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parameter. Correlations between entropy-loss
concentration and barrier height were assessed using
Pearson correlation across the 14-protein set, with
significance evaluated by a two-tailed t-test on the
correlation coefficient; agreement with experimental
folding rates was quantified as the root-mean-square
deviation of log10(rate).

3. RESULTS

Across the 14-protein set, configurational entropy fell
from 6.8 + 0.4 kcal/(mol K) in the unfolded ensemble to
1.9 + 0.3 kcal/(mol K) in the folded state, a mean
reduction of 72% (range 61-81% across individual
proteins). The entropy-versus-folding-coordinate profiles
were not linear for any protein studied; instead, all 14
showed a region of markedly accelerated entropy loss
concentrated near the transition-state ensemble,
summarized for five representative proteins in Table 1.
Table 1. Configurational entropy and folding barrier
estimates for five representative proteins.

Unfolded Folded

Protein entro entro STrery BEs - [ReE i

(residues) kcal/(’r)nyol kcal/(ﬁwyol N ]
K) (%) (kcal/mol)

Villin HP35

(35) 6.1 1.6 63 2.4

WW domain

@7) 6.4 1.8 69 3.1

Protein G B1

(56) 7.0 2.0 57 3.8

Cl2 (64) 7.2 2.1 54 4.6

Barnase 7.6 23 49 5.7

fragment (76) -~ ’ ’

Entropy loss at bottleneck is the percentage of total
unfolded-to-folded entropy change occurring within the top 15% of
the folding coordinate nearest the transition state. Full 14-protein
set mean: 72% total entropy reduction, 58%
bottleneck-concentrated loss.

On average, 58% of the total entropy loss occurred
within the top 15% of the folding coordinate closest to the
transition state, compared with the 15% that would be
expected under uniform entropy loss across the
coordinate, confirming a sharply localized entropic
bottleneck rather than gradual funnel narrowing for every
protein in the set. Figure 1 shows the
entropy-versus-folding-coordinate profile alongside the
free-energy profile for a representative protein,
illustrating the coincidence of the entropy drop with the
free-energy barrier.

Configurational entropy and free-energy profile along the folding
coordinate for a representative protein
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Figure 1. Configurational entropy and free-energy profiles as a
function of the folding coordinate (fraction of native contacts) for a
representative protein, showing the concentrated entropic
bottleneck coinciding with the free-energy barrier near the
transition state.

Folding free-energy barriers computed from transition
path theory ranged from 2.1 to 5.7 kcal/mol across the
protein set and correlated strongly with the fraction of
total entropy lost within the bottleneck window (Pearson r
= 0.81, p < 0.001, n = 14), indicating that proteins with
sharper, more concentrated entropic bottlenecks tend to
have higher folding barriers than proteins with more
gradual entropy loss, independent of total entropy

change, which showed a weaker correlation with barrier
height (r = 0.44, p = 0.11).

Table 2. Sensitivity of bottleneck fraction and barrier-height
estimates to Markov state model lag time.

Mean Mean barrier e e D
Lag time (ns) bottleneck height correlgilion o
fraction (%) (kcal/mol)
20 55 3.7 0.83
80 (reference) 58 3.9 0.81
200 60 4.0 0.79

Folding rates predicted from the transition-state-theory
treatment of these barriers reproduced experimentally
measured folding rates, available for eight of the 14
proteins, within a factor of 3.1 on average, with a
root-mean-square log-rate deviation of 0.61, comparable
to the accuracy typically reported for coarse-grained
kinetic models of this type. Table 2 reports the sensitivity
of the bottleneck-fraction and barrier-height estimates to
MSM lag time, showing that varying lag time from 20 ns
to 200 ns changed barrier-height estimates by less than
9% and left the entropy-barrier correlation coefficient
essentially unchanged (r = 0.79-0.83 across the tested
lag times).

4. DISCUSSION

These results refine the classical funnel picture of protein
folding by localizing where, quantitatively, most
conformational entropy is lost during folding [1,2,3].
Rather than a smoothly narrowing funnel losing entropy
at a roughly constant rate as native contacts accumulate,
the 14 proteins studied here all show a concentrated
entropic bottleneck near the transition state, consistent
with nucleation-condensation mechanisms proposed on
the basis of protein engineering and phi-value analysis
experiments, but here quantified directly from a full
microstate-resolved entropy landscape rather than
inferred indirectly from mutational data [11,12,13].

The strong correlation between bottleneck sharpness
and barrier height, exceeding the correlation between
total entropy change and barrier height, suggests that the
concentration of entropy loss, not merely its total
magnitude, is the more direct kinetic determinant, a
distinction with practical implications: two proteins with
similar overall compaction on folding but different
bottleneck sharpness would be predicted to fold at
substantially different rates, a prediction testable by
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phi-value or psi-value analysis targeted at residues
expected to form contacts within the bottleneck window
[14,15,16].

More broadly, these findings support treating the
transition-state ensemble as an entropic as well as an
enthalpic bottleneck, with implications for protein design
and for interpreting the effects of stabilizing mutations: a
mutation that narrows the bottleneck further, even
without changing net folding free energy, could be
predicted to slow folding kinetics, offering a mechanistic
account for kinetically destabilizing mutations that leave
thermodynamic  stability largely unchanged, a
phenomenon reported in several protein engineering
studies [17,18,19,20].

Several limitations warrant caution in extending these
conclusions. First, the coarse-grained,
native-structure-biased potential used here favors folding
along pathways close to the known native topology and

may  underrepresent  non-native  or  misfolded
intermediates that could alter entropy estimates,
particularly for proteins with frustrated landscapes.

Second, the 200-microstate discretization, while
sufficient to resolve the bottleneck region for the proteins
studied, may be too coarse to capture finer
sub-bottleneck structure in larger or more topologically
complex proteins outside the 35-76 residue range tested.
Third, experimental folding-rate comparisons were
available for only eight of the 14 proteins, limiting the
statistical power of the rate-validation analysis. Fourth,
the common transition-state-theory prefactor used to
convert barriers to rates was calibrated on this same
eight-protein  subset, which may inflate apparent
agreement relative to a fully independent test.

5. CONCLUSION

Statistical thermodynamic analysis of 2.3 ms of
aggregate coarse-grained simulation across 14 small
proteins showed that folding is accompanied by a mean
72% reduction in configurational entropy, with 58% of
that loss concentrated within the top 15% of the folding
coordinate nearest the transition state, defining a sharp
entropic bottleneck common to all proteins studied.
Bottleneck sharpness correlated strongly with folding
barrier height (r = 0.81) and, through it, with folding rate,
reproducing experimental rates within a factor of 3.1 on
average and proving robust to a more than tenfold
variation in MSM lag time. These findings identify
entropic bottleneck sharpness as a computationally
accessible and mechanistically informative predictor of
folding kinetics across structurally diverse small proteins.
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