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In this review, we explore the physical mechanisms of biological processes such as protein folding and recognition,
ligand binding, and systems biology, including cell cycle, stem cell, cancer, evolution, ecology, and neural networks. Our
approach is based on the landscape and flux theory for nonequilibrium dynamical systems. This theory provides a unifying
principle and foundation for investigating the underlying mechanisms and physical quantification of biological systems.
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1. Introduction

Biological systems are typically complex nonequilibrium
systems across many scales, ranging from the function and
recognition of proteins,!~7! to the cellular networks of macro-

[8-211 apd even

molecular complexes and regulatory pathways,
the populations of organisms.*>-2*!' A biological system usu-
ally consists of a complex network of components working to-
gether to perform specific functions shaped by evolution. The
function of a biological system resides not only in the indi-
vidual components, but also, more importantly, in their inter-
actions and collective behaviors. The challenge is how to ex-
plore the complex dynamics of nonequilibrium biological sys-
tems and uncover the underlying physical mechanisms. Var-
ious experimental, theoretical, and computational approaches
have been developed to meet the challenge. [°-2123-3]
Physical and mathematical modeling of biological sys-
tems can give a quantitative description of the dynamical be-

(3-58-111 Tt complements intu-

havior of biological processes.
itive observations and limited resolutions of experimental in-
vestigations. Ordinary differential equations can be used to
model the deterministic dynamics of biological systems. For a
system under the influence of stochastic fluctuations, which
is typically the case for biological systems, Langevin and
Fokker—Planck equations are usually able to reasonably de-
scribe the system’s stochastic dynamics. 81140431 With ap-
propriate tools of statistical mechanics, the energy landscape
theory offers a quantitative global approach to investigate the
structure, function, and behavior of biological systems. Quan-
titative results and predictions from the energy landscape the-
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ory have been confirmed by both laboratory experiments and
detailed simulations.!'8] The landscape and flux theory, as a
further development and an important extension of the energy
landscape theory, brings out the indispensable role of the curl
flux in nonequilibrium systems complementary to the potential
landscape, which facilitates the unveiling of fundamental prin-
ciples and physical mechanisms governing nonequilibrium bi-
ological systems with complex behaviors and varied functions
across multiple scales.

On the molecular scale, the puzzle of how a denatured
protein refolds to its native state (the Levinthal’s paradox [441)
has been resolved by the funnel-like energy landscape.l!7]
The concept of funneled energy landscapes goes beyond
the folding of protein monomers. Binding processes of
biomolecules also have funneled landscapes whose topogra-
phies determine the binding mechanisms.>*>~#7] Protein fold-
ing can be regarded as a diffusion process on the energy land-
scape which eventually reaches the native state. As a result,
the folding thermodynamics and kinetics can be inferred from
the knowledge of the energy landscape. The energy land-
scape theory has been been further extended and applied to
protein binding and conformational dynamics.[?%43-501 Signif-
icant progresses have been made on interpreting the results

51-331 Hence, the en-

from the energy landscape perspectives. !
ergy landscape theory gives a quantitative description with
physical insights into the dynamics at the molecular level and
has enhanced our knowledge of the corresponding biological
processes.

In order to have a concrete understanding of the en-
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ergy landscape concept, we have used molecular dynamics
simulations and equilibrium statistical mechanics to quan-
tify the energy landscape of protein folding and binding
dynamics.!?*33] The connections between theories and ex-
periments have been established with quantified energy land-
scapes. We have explored a wide variety of models based on
the energy landscape theory to investigate various biomolecu-
lar dynamics, including multi-domain protein folding,>®! in-
trinsically disordered proteins’ (IDPs’) binding—folding,37-621
and protein conformational changes.!®3-%81 The simulation re-
sults are consistent with the experiments in many ways, iden-
tifying the critical role of the energy landscape in biological
processes.

Further, the energy landscape theory allows us to use
bioinformatics input to learn the rules of energetic interac-
tions that govern protein folding and ligand binding. The
energy landscape theory has been used to quantify not only
the affinity but also the specificity for molecular recogni-

26,28.69-711 Protein structures

tion critical for drug discovery.!
and binding complexes have been predicted successfully us-
ing optimized energy functions based on the energy landscape
theory, [26:28.30-38.69-71]

At the scales encompassed by systems biology, research
on the dynamics, function, and stability of nonequilibrium bi-

d [9-19,23,24,39-41,72-78] In par-

ological networks has progresse
ticular, the landscape and flux theory, which we have devel-
oped and applied to explore a variety of biological systems, is
our contribution to the advancement of this field.[%19:23:24.391
The general theoretical framework of landscape and flux con-
sists of several components inherently interlinked by the cen-
tral idea of the driving force decomposition for nonequilibrium
dynamical systems. We have discovered that, in contrast to the
equilibrium dynamics of biological systems determined only
by the potential landscape, there are two essential parts that
constitute the driving force of nonequilibrium biological sys-
tems: the gradient potential force and the curl flux force. More
specifically, the potential here means the nonequilibrium po-
tential landscape quantifiable via the steady-state probability
distribution, and the flux refers to the steady-state probabil-
ity flux, a signature of detailed balance breaking that indicates
the system’s nonequilibrium feature in the steady state. Both
parts are required to give a complete characterization of the
nonequilibrium dynamics of biological systems. Based on the
driving force decomposition, other components in the land-
scape and flux framework, including the nonequilibrium ther-
modynamics, the fluctuation—dissipation theorem, the fluctua-
tion theorem, the gauge field, and the path integral with kinetic
paths and rates, become integral parts of a coherent theoretical
framework.

We have applied the general landscape and flux
framework to investigate a wide range of more spe-

cific nonequilibrium systems with biological significan-
ce. [9-12,14.16,18,19.22-24.39] Ty the investigation of the cell cy-
cle process, cell cycle phases and cell cycle checkpoints have
been identified, respectively, as the local attractor basins on
the landscape and the transition states between them, along
the path of cell cycle oscillation.®~''l The Waddington land-
scape and path for stem cell development, differentiation, and
reprogramming have been quantified in the landscape and flux
framework.[121416:18:191 Cancer has been proposed to be a dis-
ease of cellular states associated with the underlying gene reg-
ulatory network, where the multiple cellular states are iden-
tified as the attractor basins on the landscape; we have stud-
ied the transitions between the normal state and the can-
cer state quantitatively.'*®) From the perspective of the land-
scape and flux theory, evolution dynamics that goes beyond
Wright and Fisher has been formulated and the red queen
phenomennon has been explained.>’! Ecosystems have also
been investigated in the landscape and flux framework, with
the global stability of ecological systems quantified.??) Neu-
ral networks with asymmetrical connections have been stud-
ied for learning and memory.>*! In addition, the non-adiabatic
dynamics of gene expression,!!”) self regulating genes,!!”-”"]
chaotic strange attractor, 3% and spacial development with pat-
tern formation -84 have also been explored.

The rest of this article is structured as follows. In Section
2, we discuss the folding, binding, and conformational dynam-
ics of biomolecules in the framework of the energy landscape.
In Section 3, we address the intrinsic specificity and kinetic
specificity for ligand binding as well as their applications in
drug discovery and design in the context of the energy land-
scape theory. In Section 4, we review the general theoretical
framework of landscape and flux and explore its more specific
applications in cell cycle, stem cell, cancer, evolution, ecol-
ogy, and neural networks. The conclusion is given in Section
5.

2. Folding, binding, and conformational dynam-
ics of biomolecules

2.1. Intrinsic energy landscape quantification of protein
folding and binding

Although the concept of an energy landscape is
widespread, researchers in the field of molecular biology of-
ten use the energy landscape theory in a qualitative way. This
is mainly due to the fact that the energy landscape, reflecting
the delicate relationship of energy, entropy, and structural in-
formation, cannot be explicitly measured by experiments. On
the other hand, experimental measurements, such as the ther-
modynamic temperature and kinetic rate, cannot be well pre-
dicted by theories. Consequently, the relationship between the
topography of the energy landscape and the thermodynamics
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and kinetics of biomolecular dynamics is ambiguous. To meet
the challenge, molecular simulation is proposed to serve as the
meeting point, aiming to bridge the gap between theories and
experiments.

Conventionally, molecular simulations are often per-
formed under constant temperature, corresponding to the
canonical ensemble. However, the energy landscape, which
reflects the underlying intrinsic interactions of the system,
is not supposed to be dependent on temperature explic-
itly.  Therefore, one has to transform the temperature-
dependent distribution of energies from the canonical en-
semble (n(E,T)) into the micro-canonical ensemble (n(E)).
This can be done using the Boltzmann relation n(E) ~
n(E,T)ef/®T asencoded in the weighted histogram analysis
method (WHAM). 83! The distribution of the micro-canonical
ensemble, referring to the density of states, corresponds to the
intrinsic energy landscape.

In theories, there are three quantities describing the to-
pography of the energy landscape:[>*>%] energy gap SE be-
tween the native state and the average of non-native states,
measuring the slope of the funnel;®%%7] energy roughness AE,
quantifying the bumpiness of the funnel; entropy S, describ-
ing the size of the funnel. These three quantities result in a
dimensionless ratio A, expressed as the energy gap versus en-
ergy roughness and entropy 8E /(AE+/2S). As a characteristic
of the energy landscape topography, A is a physical quantity
measuring the funneled quantity of the energy landscape. All
the topography quantities of the energy landscape can be cal-
culated directly from the density of states.

We quantified the intrinsic energy landscapes of protein
folding and presented the quantitative funnel diagrams.[>*
The relationship of energy, entropy, and structure can be illus-
trated quantitatively from the energy landscapes (Fig. 1). On
the thermodynamic aspect, there are two critical temperatures
controlling protein folding: one is the folding temperature 7,
at which the folding and unfolding states are equal in proba-
bility; the other is the glass transition temperature T, at which
the system becomes frozen with folding stagnation.®8] For a
foldable chain, the folding temperature has to be higher than
the glass transition temperature. On the kinetic aspect, the
kinetic efficiency is often represented as the folding rate. In
practice, both the thermodynamic temperature and the kinetic
rate can be measured explicitly by experiments.

We found that the energy landscape topography A has
a strong positive correlation with the thermodynamic stabil-
ity (versus glass trapping) and kinetic rate. In other words, a
more funneled energy landscape leads to more stable folding
and a faster rate. Thus we have established the quantitative
relationship between an energy landscape and folding thermo-
dynamics and kinetics.

We then quantified the energy landscapes of protein

binding.!?*! For flexible biomolecular recognition, the central
issue that needs to be addressed is the binding mechanism. We
picked out 15 different homodimers and classified them into
two groups based on different binding mechanisms found by
experiments: 2-state “coupled binding—folding” homodimers
and 3-state “folding prior to binding” homodimers. By quan-
tifying the individual binding, folding, and global binding—

entropy

(a) (b) (c)

Fig. 1. Quantitative illustrations of protein folding funnels for (a) villin
headpiece, (b) CI2, and (c) P13 from simulations. The Z axis is energy.
The area of each ellipsoid stratum represents entropy. The semimajor axis
of the ellipsoid at each stratum is /(1 — Q)S;, where Q is similar to na-
tive structure and Sy is a constant. The quantitative relationship of en-
ergy, entropy, and structure can be inferred from the quantified energy

landscapes.>4]

effective foldlng effective folding
= effective binding

energy gap O0F

global binding—folding energy landscape

(a)

effective folding effective folding

effective

binding
folding ‘ l.H ‘ folding

global binding—folding energy landscape
(b)
Fig. 2. Energy landscape quantifications during flexible recognition for (a)
2-state and (b) 3-state homodimers. Each homodimer has two individual
monomeric folding energy landscapes, one individual interfacial binding
energy landscape, and a combined global binding—folding energy land-
scape. The funnel plot details are the same as Fig. 1.2]
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folding energy landscapes (Fig. 2), we found that the 3-state
homodimer has a more significant folding-versus-binding en-
ergy landscape funnel than the 2-state homodimer. We pro-
posed a ratio expressed as the energy landscape topography
of binding versus folding, A" /Al to measure the bind-
ing mechanism quantitatively. Thus we classified the binding
mechanisms successfully through the quantified energy land-
scape approach.

By calculating the global binding—folding energy land-
scape topography A% we found that A#°% s strongly cor-
related with the thermodynamics and kinetics of protein bind-
ing, similar to the situation in protein folding. Our findings
show that the energy landscape controls the pathway, thermo-
dynamic feasibility, and kinetic efficiency of protein to realize
its function.

Using molecular simulations, we demonstrated the cru-
cial role of the energy landscape in biomolecular dynamics.
The thermodynamics and kinetics of protein folding and bind-
ing can be predicted well with the quantified energy land-
scape due to the strong correlation between them. On the
other hand, with experimental measurements on thermody-
namics and kinetics, the energy landscape can be portrayed ac-
curately. These results bridge the gap between theories and ex-
periments, providing a novel way to understand the biomolec-
ular dynamics by combining the results from both theories and
experiments.

2.2. Binding—folding free energy landscape quantification
of intrinsically disordered proteins

The long-standing paradigm that a biomolecular function
is determined by a unique folded structure is challenged by
intrinsically disordered proteins (IDPs).[8-°11 An IDP lacks
a unique tertiary structure in an isolated state, either entirely
or in parts, but often folds upon binding to its partners.[®>%3
This “binding induced folding” scenario gives IDPs many

94951 including fast association/disssociation rate,

advantages,|
multiple binding targets, low affinity but high specificity, etc,
resulting in IDPs’ presence in many critical cellular activities,
such as transcription, signaling, and regulation.°*=8! Under-
standing IDPs’ binding—folding will refresh our view on pro-
tein folding and contributes to our knowledge of molecular
biology.

The structure-based model (SBM) is a simplified molec-
ular simulation model, derived from the energy landscape
theory.[*”! The SBM only takes into account native interac-
tions, leading to a perfect funneled energy landscape. The va-
lidity of SBM is supported by the “principle of minimal frus-
tration” indicating that the native structural topography con-
trols the folding mechanism, and also the increasing reports in
which the simulation results are consistent with experiments
in many ways.[?79%191 IDPs’ binding—folding processes were
investigated extensively by a coarse-grained SBM, [P3:101-103]

built on the basis of the final binding complex structure located
at the bottom of the energy landscape, which reproduced the
binding—folding mechanism very well in agreement with ex-
periments. Huang et al. applied a plain coarse-grained SBM,
which modulates the strengths of the native contacts, to exam-
ine the kinetic advantage of IDPs’ binding.!'®*! The thermo-
dynamic free energy landscapes and kinetic rates were ana-
lyzed comprehensively from the simulation results. The anal-
ysis led to the conclusion that, compared to ordered chains,
the flexibility in IDPs endows them with a stronger tendency
to form the bound complex from an encounter complex with
the partners, thus providing a practical explanation for the “fly-
casting” mechanism. %!

Recently, we developed a two-bead SBM with explicit
incorporation of electrostatic interactions to investigate IDP
histone chaperone Chz1 binding—folding to histone H2A.Z-
H2B!%0! (Fig. 3). By analyzing the interactions in the transi-
tion state ensemble, we found that the interactions are charge-
oriented, indicating that the electrostatic interactions serve as
the driving force at the early stage of the recognition, con-
sistent with experiments.!!®>! We also found that Chzl col-
lapses to a non-native conformation at low salt concentra-
tion due to the strong intra-chain electrostatic interactions.
Although the collapsed structures in IDPs are widely found

[106-108] their effects on IDPs’ function re-

in experiments,
main unclear. We found that it consumes time to unravel the
collapsed structure in Chzl during binding. Therefore, we
proposed opposite roles of electrostatic interactions in IDPs’
binding—folding: the inter-chain interactions facilitate binding
through the fly-casting mechanism, while the intra-chain in-
teractions impede the binding via local collapsing or trapping.
We argued that IDP itself is able to optimize the two effects to
ensure its functional performance.

Although the coarse-grained SBM has made significant
progress on the description of IDPs’ binding—folding pro-
cesses, molecular simulation at the atomic level is in ur-
gent need. However, due to the limit of computational re-
sources, atomistic simulations are often focused on a class
of small single-domain proteins on specifically-designed
computers.19%1101 To overcome the difficulty, a variety of
multi-scale molecular simulations were developed by combin-
ing the coarse-grained and atomistic simulations to explore
biological processes at a wide range of spatial and tempo-
ral scales. We used a multi-scale molecular simulation ap-
proach combining coarse-grained SBM and atomistic optimal
path calculation method to explore the binding—folding pro-
cess of IDP inhibitor IA3 to its target enzyme (Fig. 4).1>!
With the analysis of the kinetic data from laser temperature-
jump fluorescence spectroscopy and fluorescence resonance
energy transfer (FRET), experimentalists concluded that bind-
ing is prior to folding for IA3.!''!] Our coarse-grained model
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Fig. 3. Free energy landscape quantifications and kinetic analyses of Chz1 binding—folding to histone H2A.Z-H2B. (a) The charged property of the Chz1-
H2A.Z-H2B system. Positively and negatively charged residues are colored by blue and red, respectively. (b) Two parallel binding pathways from free
energy landscapes. (c) Collapsed structure in Chz1 at low salt concentrations. The radius of gyration R, and the inter-residue distance describe the degree
of collapsed structure at different salt concentrations. (d) Schematic illustration of two parallel binding pathways. (e) Binding rates with different salt
concentrations. (001
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Fig. 4. Free energy landscape, contact map, and kinetic pathway analyses of IA3 binding—folding to its target enzyme. (a) Free energy landscape projected
onto the reaction coordinates of binding (Rcom, distance between the center of mass of IA3 and the enzyme) and folding (Qfa3, fraction of the native
contacts). (b) Contact map at the transition state ensemble. Colored circles represent contacts formed in the transition states and red points indicate
native contacts in the final complex. (c) Starting structures in the atomistic path simulation. (d)—(f) Three typical binding—folding pathways for atomistic
simulations. 3!
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generated thermodynamic free energy landscapes, which con-
firmed the binding mechanism. Further analysis on the con-
tact map in the transition state underlined the important role of
non-native interactions in the binding—folding process. With
the quantified optimal pathways at the atomic level, we ana-
lyzed in detail the binding prior to folding mechanism by the
formation of a helix in IA3 after going through significant non-
native interactions. We argued that the transient non-native
interactions can shrink the entropy of the energy landscape,
leading to an efficient binding—folding process.

With our recently developed hybrid all-atom model and
multi-scale simulation approach, we explored the binding—
folding process of an IDP in measles virus nucleoprotein (o-
MORE) to its target.[®!l ¢-MoRE, regarded as an IDP, forms a
perfect a helix during its molecular recognition.!!1>~114] Ex-
periments revealed that a-MoRE in solution is not an ideal
random coil but in rapid interconversion between the unfolded
state and multiple partially helix formed states.!! 5] We first set
up an REMD simulation with a Charmm?22* force field!!!%!
to explore the inter-chain dynamics of &-MoRE in solution.
Through clustering analysis,!”! we found that -MoRE dom-
inates at a series of partially helix formed clusters (Fig. 5),
consistent with the experimental findings. Additionally, the
simulations and experiments are strongly correlated by fitting
chemical shift data, confirming the existence of the dynamic

a-MoRE

(a‘) GSQDSRRSADALLRLQAMAGI!

r T T
401 484 504

Nraw
:
525

(d)

conformational equilibrium of -MoRE in solution. Then we
combined the empirical force field and the SBM potential to-
gether, constructing a novel hybrid SBM. The empirical force
field describes the precise local-in-sequence interactions, aim-
ing to capture the secondary formed structure in ¢&-MoRE,
while the SBM potential describes the non-local or long-range
interactions, aiming to accelerate the recognition process in
simulations. With quantified free energy landscapes, we pro-
posed a “conformational selection followed by induced-fit”
binding scenario for ot-MoRE. We argued that this binding
scenario will facilitate IDPs’ binding via a “kinetic divide-
and-conquer” mechanism to ensure a fast rate of association
and dissociation, in favor of IDPs’ biological function.

The quantified multi-dimensional free energy landscapes
along various reaction coordinates provide clear pictures on
how the binding—folding process in IDPs occurs. Analyses
from free energy landscapes, such as interactions and clus-
tering, give comprehensive explanations on the role of non-
native interactions, collapsed structure, downhill folding, in-
trinsic disorder, and molten globule in IDPs’ biological func-
tion. Based on the energy landscape theory, SBM is sufficient
to capture the characteristic of IDPs’ binding—folding, indi-

cating that the theory can be applied to proteins with even

weakly-funneled or anti-funneled energy landscapes.
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Fig. 5. Free energy landscape quantifications of a-MoRE binding—folding to its partner. (a) Schematic representations of @-MoRE in solution and binding
complex with its partner. (b) Cluster analysis of o-MoRE derived from REMD simulations and chemical shift compared with experiments. The top eight
clusters are shown to occupy 70.5% of the population of the trajectory at 298 K. (c) Binding—folding free energy landscape from hybrid SBM. (d) Schematic

illustration of kinetic divide-and-conquer binding for IDPs.[01]
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2.3. Functional free energy landscape quantification of
large-scale conformational dynamics

Protein realizes its function by binding to its part-
ners. During recognition, protein often undergoes large-
scale conformational changes to achieve its specific biologi-
cal function.!!!8! Even in isolated states, protein does not al-
ways possess a single well-defined structure. Instead, protein
often fluctuates among multiple states to facilitate its biologi-
cal function, implying there are multiple basins on the energy
landscapes. [43-4%-119:120] T understand how protein realizes its
function, it is essential to understand how functional structural
rearrangements occur at the molecular level. Recent develop-
ments in experimental techniques, such as single-molecule and
nuclear magnetic resonance (NMR) measurements, have im-
proved our knowledge of biomolecular dynamics significantly.
However, due to limited spatial and temporal scales, it is still
challenging to characterize functional conformational dynam-
ics experimentally. Hence, various molecular simulations have
been developed to quantify free energy landscapes.

The basic strategy in simulation is to build a multi-basin
SBM potential function. There are three classes of models at
different levels: macroscopic model,['>!:12?] where multiple
potentials, each of which has a single energy minimum unam-
biguously defined by a prior structure, are connected smoothly

Experimental Shift
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AMP+ATP,

-
Substrate-free
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(b)
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at the joined point, resulting in a multi-basin energy function;
microscopic model,[03-931 where the elementary potential be-
tween two atoms in proteins is modeled to have multiple min-
ima, corresponding to multiple structures; mesoscopic model

[66.67.123] \where individual

Or microscopic mixing contact map,
energy terms (usually native contacts) from multiple structures
are mixed separately with different mixing protocols.

We first focused on an excellent allosteric model, adeny-
late kinase (ADK), which is composed of a core domain
(CORE), an ATP-binding domain (LID), and a nucleoside
monophosphate binding domain (NMP). During its catalytic
function, ADK undergoes large-scale domain arrangement
from open to closed state.['?*!23] To explore the conforma-
tional dynamics of ADK, both microscopic and mesoscopic
models were investigated in our group. The microscopic
model was developed to explore the intrinsic dynamics of
ADK.[%3] Using free energy landscapes and contact maps, we
addressed the critical dynamical interplay between LID and
NMP domain and characterized the hot residues controlling
the intrinsic dynamics. Furthermore, the mesoscopic model
developed recently with explicit consideration of substrates
(AMP and ATP) has made a great contribution to the global
understanding of intrinsic and functional dynamics in ADK
(Fig. 6).17]
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Fig. 6. Functional free energy landscape and kinetic analyses of ADK with substrates binding. (a) Comparison of the simulation results with the experimental
measurements on the LID-CORE distance distributions, which is used to distinguish the open and closed states of ADK. (b) Free energy landscapes of ADK
induced by substrates binding. (c) Illustrations of the four-state kinetic model. (d), (e) Kinetic analyses of rates and fluxes during the process of ADK

realizing its function with substrates binding.[*”!
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Combining both models, we proposed that only with
binding can ADK be induced to a dominate closed state, con-
firming the pivotal role of substrates on the functional dynam-
ics of ADK. In addition, we found that there are two parallel
binding pathways with two intermediates from the quantified
energy landscapes. Based on the thermodynamic and kinetic
results, we concluded that the motion of the NMP domain is
the rate-limiting step for ADK’s conformational change. The
remarkable degree of fluctuating intrinsic dynamics in ADK is
supposed to favor the functional conformational changes dur-
ing substrates binding.

Then we explored the functional dynamics of DNA Y-
family polymerase IV (DPO4) binding to its target DNA.[68]
Structural analysis reveals that DPO4 exhibits distinct confor-
mations in the apo and DNA bound state, implying that DPO4
undergoes a large-scale conformational transition during its
binding to DNA.['26 Accordingly, we built a two-basin meso-
scopic SBM, aiming to capture the details of flexible protein-
DNA recognition. From thermodynamic free energy land-
scapes, we found that the DPO4-DNA recognition process un-
dergoes four different kinetically connected stages: unbinding

I-state

state (US), encounter complex (EC), intermediate state (IS),
and binding state (BS) (Fig. 7). Furthermore, we found that
at different stages, DPO4 itself has different conformational
distributions among the apo state (A-state), DNA-bound state
(B-state), and intermediate state (I-state). Therefore, we drew
a dynamic picture of DPO4-DNA binding accompanied with
the distributions of the DPO4 conformations varying at differ-
ent binding stages. With the calculated kinetic rates at each
step, we found that the conformational dynamics or flexibility
in DPO4 contributes to the efficiency of DNA recognition. In-
triguingly, DPOA4 is still in the conformational equilibrium be-
tween I- and B-state at the final protein-DNA complex, leading
to fluctuating interactions between protein and DNA. DPO4
is a typical Y-family polymerase, responsible for low-fidelity
of DNA synthesis.[!?’! The flexible transient interactions be-
tween DPO4 and DNA may have implications on DPO4 ac-
commodating the bypass of various DNA lesions. The theo-
retical investigations on DPO4 binding to DNA offer a unique

insight on the conformational dynamics affecting the protein’s

catalytic function.

w

QD ys

I A-state
[ I-state 12
—] B-state |

Free energy
(kT)

Fig. 7. Functional free energy landscape of DPO4 binding to its target DNA. Structural illustrations of DPO4 in (a) apo-state, (b) intermediate state, and (c)
DNA-bound state. (d) Free energy landscape of DPO4 binding to DNA, with pie-charts representing the population distributions of DPO4 in the three states

at each binding stage. (e)—(g) Free energy landscapes of DPO4 in US, EC, IS, and BS binding stages.

[68]
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Built on the energy landscape theory, the multi-basin
SBM can explore the functional conformational dynamics in
protein during its binding. The multi-basin model aims to
capture the intrinsic conformational fluctuation in protein and
its role in protein’s function. With the quantified free energy
landscapes and kinetic rate/flux analysis, we can gain a global
picture of the functional conformational dynamics, giving a
deeper understanding of the protein dynamics.

3. Ligand binding specificity and drug discovery

3.1. The intrinsic specificity and its applications in drug
discovery

Specificity refers to the discrimination of the same lig-
and binding to its partner against other possible receptors
(Fig. 8(a)). In thermodynamics, it is the relative difference
in the affinity between the specific binding complex and other

128-131] 1y terms of Boltzmann distri-

competitive complexes.|
bution (P ~ exp[—F /kgT]), the populations of different con-
formations depend on the binding free energy exponentially.
As a result, the binding free energy gap between the specific
complex and the competitive ones can result in a large popu-
lation distinction in equilibrium. In practice, it is challenging
to quantify this conventional concept of specificity since the
receptor universe is too large and the information about them
is usually limited.

To circumvent the challenge, an alternative way to de-
termine quantitatively the ligand—receptor binding specificity
was proposed.[?%-2836] In a thought experiment, one can as-
sume that the N and C terminus of each protein receptor of the
protein universe are connected by linkers. In this sense, multi-
ple individual receptors connected by the linkers are equal to a
single large composite receptor. The conventional specificity
discriminating a ligand binding to a specific receptor against
other receptors (Fig. 8(a)) becomes the discrimination of a lig-
and binding to a specific site (mode) against other binding
sites (modes) of the large composite receptor (Fig. 8(b)). In

Density of State (N(E))

other words, the large target receptor can be viewed as many
small receptors linked together. In this way, the quantitative
description of specificity refers to the gap of binding energy
between the specific binding mode and other competitive bind-
ing modes, rather than the gap between the specific binding
partner and other competitive binding complexes. Similarly, a
receptor with diverse binding modes by a ligand (Fig. 8(b)) is
equivalent to that of the ligand universe binding to the same
receptor (Fig. 8(c)), under the assumption that the receptor is
large enough. Thus, exploring the binding interactions via di-
verse sites of the receptor (Fig. 8(b)) and exploring the bind-
ing interactions via sequences (diverse receptors in Fig. 8(a)
or diverse ligands in Fig. 8(c)) are equivalent. With the as-
sumption of a large target receptor, one can term this criterion
for specificity as the intrinsic specificity, in contrast with the
conventional concept of specificity.

) ® - = ® 4
Ve *1Ve "I
o E— E:;j o ——
L L B

(a) (b) (c)

Fig. 8. Schematic view illustrating the specificity. (a) Conventional speci-
ficity: the same ligand (red) binding to diverse receptors (green) with the
corresponding energy spectrum. (b) Intrinsic specificity: a particular lig-
and binding to diverse binding states (modes) of its receptor. (c) Conven-
tional specificity: the same receptor with diverse ligands. 3!

The process of receptor-ligand binding can be described
and physically quantified by the funnel-like energy landscape,
with the native binding mode at the bottom and the bind-

[25-291 From the

ing roughness located in the binding paths.
funnel-like energy landscape, the native conformation has the
lowest binding energy (Figs. 9(a) and 9(b)) and the energies of

the non-native conformations are determined by the statistical

Entropy (S)
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Fig. 9. Funneled energy landscape and energy spectrum of ligand binding. (a) Diverse docking conformations of the target COX-2 with a drug SC-558, the
native binding pose (sticks in red); other decoys (lines in blue). (b) The energy spectrum for decoy ensemble. (c) The resultant binding energy distribution,
where AE is the variance of energy, (Ep) is the average of energy of decoy ensemble, and 8E is the energy gap. (d) Binding energy landscape with a funnel

shape pointing to the native state. ¢!
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Gaussian distribution (Fig. 9(c)). A dimensionless quantity
ISR (intrinsic specificity ratio) is proposed to quantify the
magnitude of intrinsic specificity (Figs. 9(c) and 9(d)), which
is proportional to the ratio of the binding temperature and the
trapping temperature (73, /7). [26] The formula to calculate ISR
is given by
SOE

ISR = aE, (1
where « scales the entropy contribution (1/+/2S) to the speci-
ficity; 8F represents the gap between the native conformation
En and the decoy ensemble (Ep); and AE represents the en-
ergy roughness of the decoys. Mathematically,

OE = (Ep) — En, 2

AE = \/(E}) — (Ep)?, 3)

where (-) is the average over decoy ensemble. A larger ISR
suggests a higher discrimination for the native binding state
against the decoys, therefore a higher intrinsic specificity. ISR
gives a quantitative description of the intrinsic specificity with-
out assessing the conventional specificity that requires the ex-
ploration of the ligand or receptor universe.

It is known that specificity and affinity are both required
for efficient and specific biomolecular recognition. How-
ever, most quantitative descriptions of biomolecular recog-
nition were focused on improving the computation of affin-
ity while lacking the quantification of specificity. Based on
the intrinsic specificity and the corresponding intrinsic speci-
ficity ratio (ISR),?8! Liu e al. explored and characterized
the binding modes of levamlodipine and human serum albu-
min (HAS), validating a high ISR value for the binding site of

132

levamlodipine.!'3?! Furthermore, Wang et al. developed two-

dimensional computational drug screening considering both
affinity and intrinsic specificity as the selection criteria. %]
By using the two-dimensional virtual screening with ISR and
affinity, Wang et al. successfully identified three active hits

[133-137] Yang et al. further studied the tar-

against Ras protein.
get Ache using two-dimensional virtual screening for poten-
tial inhibitors.[””) Combined ligand screening of the shape and
electrostatic similarity as well as local binding site similarity
was also applied to search for known drugs against cognitive
deficits. For the first time, we found that pazopanib, known
as a tyrosine kinase inhibitor for cancer treatment, can inhibit
acetylcholinesterase (AchE) activities at the sub-micromolar
concentration.

To improve the accuracy of binding affinity prediction,
Yan et al. developed the novel scoring functions of protein—
ligand, protein—protein and protein—nucleic acid interactions,
named SPA,[®! SPA-PP,*"] and SPA-PN,[*%! respectively.
The optimization strategy is to maximize the performances
on intrinsic specificity and affinity predictions simultaneously

by tuning the energy parameters according to the funnel-like
energy landscape. In addition, Zheng et al. performed two-
dimensional virtual screening with ISR and affinity evaluated
by the scoring function SPAR®! against flexible Ras protein

and protein—protein interactions involving the Ras protein.!138]

3.2. The kinetic specificity and its applications in drug dis-
covery

In the equilibrium condition, the binding free energy in
vitro can be computed by the kinetic rate constants according
to the equation quantifying the relation between the kinetic
constants and the thermodynamic features in vitro. However,
the condition in vivo is usually a nonequilibrium condition.
Consequently, the effectiveness of ligand binding may be af-
fected not only by the thermodynamic properties, but also by
the dissociation rate (off-rate constant) determining the resi-
dence time (half life).[!3%1401 The longer the residence time is,
the more potent the drug is on the the receptor in vivo. There-
fore, not only the thermodynamic affinity and specificity, but
also the residence time of the drug on the receptor quantified
as the kinetic specificity, determine the duration and effective-
ness of the drug.

To calculate the residence time practically, a diffusion
process on the energy landscape was used to model the ligand—
receptor binding/unbinding kinetics.!'*!! In this way, the res-
idence time can be obtained approximately from the kinetic
time via the diffusion dynamics. The driving force of this pro-
cess is determined by the gradient of the free energy landscape.
By projecting the free energy onto a reaction coordinate or or-
der parameter, the binding/unbinding kinetics on the energy
landscape can be modeled by the following one-dimensional

diffusion equation: [14%143]

gt = 5 ot | 2550

ot or or
+P(r,t)a(F(3’{kBT)]}, “4)

where P(r,t) is the probability distribution of the binding con-
formation with specific » (RMSD, root mean square displace-
ment) at time ¢, D(r) denotes the diffusion coefficient which is
in general a function of r (for simplicity, we consider constant
diffusion coefficient D in the following calculation), and F (r)
represents the free energy of the binding system at a given r.
The residence time (RT) for the native binding conformation
can then be calculated by integrating the above diffusion equa-
tion

F(r 4(/)}

ru Y exp {#
RT:/ dr/ dy ————4. )
r n D

At r, = 0 where the system is in the native state, the reflecting
boundary condition is imposed. At r, where the binding is in
the “non-native” states, the absorbing condition is used. Note
that the choice of ry is system-specific.
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The kinetic specificity quantified by the calculated resi-
dence time showed moderate correlations with both thermo-
dynamic stability and specificity,!'*!! indicating the thermo-
dynamics and kinetics of ligand binding can be optimized si-
multaneously. Practically, the intrinsic specificity ratio ISR
is less difficult to obtain computationally than experimentally.
In contrast, the kinetic specificity is less difficult to obtain ex-
perimentally than computationally. The microscopic molec-
ular modeling (molecular dynamics or Monte Carlo simula-
tions) demands tremendous computational time. The coarse-
grained diffusion approach here is relatively fast and provides
qualitative/semi-quantitative results, although not as accurate
as MD or Monte Carlo simulations. The connection of ther-
modynamics and kinetics bridges a gap in the understanding of
drug efficacy. It is also helpful for drug discovery and design.
In drug screening, both experimentally and computationally,
efforts to identify new lead compounds often concentrated
merely on the optimization of the affinity.['#4! Such a strategy
neglected the importance of kinetic and thermodynamic speci-
ficities. Based on the previous studies on two-dimensional
virtual screenings relying on thermodynamic specificity and
binding affinity against the Ras protein and Ache protein,
Wang et al. have further developed three-dimensional virtual
screening taking into account the residence time describing the
kinetic specificity. In the drug—target binding system, what de-
termines the residence time of a drug residing in its target is the
gap of binding affinity between the native state and the transi-
tion state, [13%140.145-148] Therefore, improving the stability of
the native state could decrease the drug potency in vivo, if the
affinity change of the transition state is larger than that of the
native state. Also, improvement of the affinity may decrease
the thermodynamic specificity, if the affinity gap between the
native and non-native modes is reduced. This demonstrates
the importance of taking the thermodynamic specificity and
kinetic specificity as additional criteria for drug discovery.

Based on the energy landscape theory, ISR as quan-
tified thermodynamic specificity and the residence time
as quantified kinetic specificity were both quantified
computationally.['#!] This gives a quantitative means to
choose and optimize the lead compounds computationally
with multi-dimensional drug screening strategy by consid-
Yan et al.!%) has

tested this strategy on the drug targets COXs.

ering both affinity and specificities.
As seen in
Fig. 10(a), two- or three-dimensional drug screenings (E+ISR,
E+RT, or E+ISR+RT) are superior to any single parame-
ter in discriminating the target COX-2 against COX-1 when
binding with the selective drugs for COX-2.
three-dimensional screening shows more capability than two-

In addition,

dimensional screening in discriminating COX-2 against COX-
1. Also, two- or three-dimensional drug screening enhances
discrimination between the selective and non-selective drugs

when binding onto COX-2 (Fig. 10(b)). Therefore, it is
promising to conduct multi-dimensional (such as two- or
three-dimensional) drug screening and target identification by
incorporating the thermodynamic and kinetic specificities as
selection criteria, instead of using affinity alone. Specificity
can be used as an indicator in addition to affinity in drug

screening to avoid side effects and seek more specific lead

compounds.
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Fig. 10. Two- and three-dimensional drug and target screening. (a) Tar-
get screening: the KS statistic for the discrimination of the COX-2 against
COX-1 when complexing with the selective drugs for COX-2. (b) Drug
screening: the KS statistic of discrimination of the selective drugs against
non-selective drugs when complexing with COX-2.11411

4. Landscape and flux theory and its applica-
tions to biological networks

4.1. Landscape and flux theory for nonequilibrium sys-
tems

In general, biological systems are nonequilibrium
dynamical systems with complex behaviors and varied
functions. [%-10-13:15.40-43.72-78] The deterministic dynamics of
a generic class of nonequilibrium biological networks can be
mathematically modeled by a set of ordinary differential equa-

tions, which can be written in the compact form
& =F(z), (6)

where @ is a short notation for da/dz, the vector & denotes
the collection of variables characterizing the system state, and
F(x) is the driving force governing the system’s deterministic
dynamics.

In reality, biological environments are noisy and full of
intrinsic and external fluctuations. Taking into account the ef-
fects of fluctuations, the Langevin equation usually gives a rea-

sonable description of the system’s stochastic dynamics!40—+3!

& =F(x)+&(x,1). 7
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In addition to the deterministic driving force F'(x), there is
also the stochastic force £(a, ). It has the statistical properties
(&(x,1)) =0and (&(x,1)€T (z,t)) =2 D(x)5(t —1'), where
€ is a scale factor characterizing the fluctuation strength (not
necessarily small) and D () is the diffusion matrix character-
izing the fluctuation correlations. 403

Corresponding to the stochastic dynamics described by
the Langevin equation which traces a stochastic trajectory,
the probability distribution evolves according to the Fokker—
Planck equation (or diffusion equation), which in Ito’s pre-

scription reads (40431

d

5, P(@.1) ==V {F(2)P(z,1) —eV-[D(x)P(z,1)]}. 8)
Interpreting this equation as a continuity equation d,P(x,t) +
V - J(z,t) = 0, which represents the probability conservation,
the probability flux is identified as

J(x,t) = F(x)P(x,t) — eV - [D(x)P(x,t)]. )

In the long time limit, in general, the system settles in the
steady state, P (), which does not vary with time: J,Ps =
0.[40431 Accordingly, the steady-state probability flux satis-
fies V - Ji = 0, namely, the divergence-free condition. There
are two physically distinct ways for Jg to have vanishing di-
vergence. One way is that the steady-state flux itself is zero,
Jss = 0, which indicates no flux in or out of the ensemble
and characterizes the equilibrium condition satisfying detailed
balance.[*0*3] The other way is that the steady-state flux Ji it-
self does not vanish although its divergence is identically zero.
Nonvanishing steady-state probability flux Js quantifies the
nonequilibrium characteristics of the steady state with detailed

9.10.40-43.831 Dye to the divergence-free condi-

balance broken. !
tion, Jg has a curl nature; its field lines typically circulate in
loops (though they can also extend into infinity).

Applying Eq. (9) to the steady state, the driving force de-

composition follows!%-10-83,1491

F=—-¢D-VU+Vi+€eV-D, (10)

where U = — In Py is the potential landscape and Vi = Jis/Pys
is the flux velocity. Thus the driving force of nonequilib-
rium dynamical systems is decomposed into three parts: the
gradient-like force of the potential landscape U related to the
steady-state probability distribution Py; the curl-like force of
the flux velocity Vs connected to the steady-state probabil-
ity flux Jg; and the fluctuation-induced force arising from
the dependence of fluctuations on state variables, which dis-
appears when D does not depend on . For equilibrium sys-
tems, in which Jg and thus Vi vanish, the equilibrium po-
tential landscape characterizes the system’s global stability of
the system, while the gradient of the landscape determines the
system’s dynamics. For nonequilibrium systems, in which Jg

and thus Vi, do not vanish, the nonequilibrium potential land-
scape characterizes the system’s global stability, while both
the gradient force of the potential landscape and the curl force
of the flux velocity determine the system’s dynamics.

In the small fluctuation regime, the stochastic dynamics
of the system can be investigated using the WKB method. The
Fokker—Planck equation is expanded in terms of the fluctua-
tion strength parameter €. The zero-fluctuation limit results in

the following Hamilton—Jacobian equation: (222341831301

F-V¢o+V¢o-D -V =0, (11)

where @9 = (€U )|¢—0 is called the intrinsic potential. Follow-
ing the deterministic dynamics & = F', it can be shown that ¢g
decreases monotonically with time

dgo(z)/dt =F -Vgo=—-V¢o-D -V <0. (12)

The equality holds when V ¢y = 0, i.e., ¢ has reached its ex-
tremum. This means ¢y is a Lyapunov function, well suited
to studying the global stability of deterministic nonequilib-

5.[22.2341.83.1501 \Moreover, Vi can also be ex-

rium system
panded in terms of the fluctuation strength €. The leading
order is shown to be Vi = F + D - V¢,?>2383130] yhere
Vo = Visleso = (Jss/Pss)|e—o 18 the intrinsic flux velocity.

Equation (11) shows that
Vo- Vo =0, (13)

which means the gradient of the intrinsic potential and the
intrinsic flux velocity are perpendicular to each other. In
the zero-fluctuation limit, the driving force decomposition, in

terms of the intrinsic potential ¢y and the intrinsic flux velocity
Vo, reads[22:23:41,83,150]

F=-D -V§+V. (14)

Hence, both the intrinsic potential landscape and the intrin-
sic flux velocity contribute to the deterministic dynamics of
nonequilibrium systems. Furthermore, the dynamical decom-
position of the driving force into the potential landscape and
the flux velocity has been further generalized to accommo-
date transient processes, time-dependent external conditions,
multiple state-transition mechanisms, and spatially extended
systems, of which we refer to Refs. [82] and [83] for a more
complete presentation.

Based on the potential-flux dynamical decomposition,
we investigated and extended the fluctuation—dissipation
theorem, nonequilibrium thermodynamics, and gauge field

formulation.[!5:83

[15,151-154

I When generalized to the nonequilibrium
regime, | the fluctuation—dissipation theorem for an
observable ©Q and perturbation on component i of the driving

force reads!!”
R (1—1") = —(Q(t);InP)
—(Q(1)Dy (") F(t"))
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+ (D (! WVi(r"), (15)

where J; = d/dx;, F, = F — djDy; is the effective driving
force, and V; = J; /P is the transient flux velocity.!3*! The Ein-
stein notation of summing over repeated indices is used. (-)
represents the average over the ensemble distribution P. We
have also set € = 1 (the same as below unless specified other-
wise). Note that the probability flux (velocity) defined here in
the Fokker—Planck equation differs from that used in Ref. [15]
by a minus sign (the sign used here agrees with the convention
in physics). The left-hand side of the equation is the response
function of the observable to perturbation. On the right-hand
side of the equation, the first term is the correlation function
of the observable with the effective driving force, representing
the fluctuation properties of the system (similar to the equilib-
rium case); the second term arises from the flux force breaking
detailed balance which characterizes the nonequilibrium con-
dition (including the nonequilibrium transient process). 83!

To make contact with the nonequilibrium thermodynam-
ics, we choose the observable 2 = V; and take the equal time
limit r = ¢’ in Eq. (15), which gives!!”!

S = —(Vid;InP) = —(V:iD;'F) + (V:iD'Vi),  (16)

where the index i is also summed over. The left side is the
rate of change of system entropy . = (—InP). The first
term on the right (without the minus sign) is identified as the
rate of entropy flowing from the system to the environment
S = (WD;(]I?;() Its relation to the average heat dissipation
rate in the environment (medium) is given by 2y, = T.%,
when the environmental temperature 7' is constant. The sec-
ond term on the right, which is non-negative, is identified as
the entropy production rate .%o = <V,~Di;1vk) > 0, driven by
the flux velocity. Therefore, equation (16) can be interpreted
as the entropy balance equation I = St — S 13831
Further, taking the observable as the relative flux velocity
Vl.rel =V, -V (831 and following similar procedures as above,

we obtainl15-83.151-154]

~F/T = —(VidiIn(Ps/P))
= (ViDy'Vi) = (VD 'Va), a7

where .% is the nonequilibrium free energy defined as % =
T(In(Py/P)) = % — T, with the nonequilibrium internal
energy % = T(—InP). These definitions apply when the
environmental temperature is constant and there are no time-
dependent external conditions. 3 The first term on the right
side is the total entropy production rate .%;. The second term,
which is non-negative, is identified as the adiabatic entropy
production rate .%,q = (Visleflej> = <ViSSDi’jIVJ?S> >0. Itis
related to the house keeping heat via .%q = @y /T when the
environmental temperature is constant. The term on the left

side, —F /T, is also non-negative and identified as the non-
adiabatic entropy production rate .%,, = —% /T > 0. Hence,
equation (17) can be interpreted as the entropy production
decomposition equation .Fo; = Fagq + Fa. (8] The entropy
production rate can be decomposed into the contribution of
spontaneous relaxation to the steady state from the transient
state and that of detailed balance breaking in the steady state
driven by the steady-state flux sustaining the nonequilibrium
environment, [15:83,155-158]

Moreover, a more general set of nonequilibrium thermo-
dynamic equations, taking into account time-dependent exter-
nal conditions, can be constructed directly from the potential—

flux dynamical decomposition, which includes the above two

equations as special cases!®3]
% =Vea—Dex,
j = Zot - «Zma
F = Wed — Hua, (18)
cyftot = S+ cSﬂnaa

ym = .ad+ye>(a

where . = D /T, Fad = Zii/Ts FLex = Qex/T> Fpa =
Ay /T and we have adapted the notations to those used here.
The effect of time-dependent external conditions is repre-
sented by the thermodynamic power (work per unit time) #zg.
A further extension of this set of equations and its applica-
tion in a spatial stochastic neuronal model can be found in
Ref. [83].

The connection to the gauge field theory!"! is realized
by the covariant derivative V; = d; + A;, with the gauge field
identified as A; = —Di_jlﬁj. The probability flux can be rewrit-
ten as J; = —D;;V ;P. Associated with the Abelian gauge field
A, there is an internal space with curvature R;; = [V;, V] =
diAj — djA;. R;j is gauge invariant, meaning for a gauge trans-
formation A; — A; + d;A, we have Rij — jo = R;j. For
systems with detailed balance Vi = 0, A; = J;U is a gra-
dient field and the curvature R;; = 0, indicating a flat in-
ternal space. For nonequilibrium systems with detailed bal-
ance breaking, A; = d;U — D;lejs is not a gradient field and
Rij = —[8,-(DJTkIV,fS) — 9;(D;'V*)] is non-zero indicating a
curved internal space. This gauge-invariant curvature is inti-
mately connected to the entropy flow along any closed loop!!”!

AsE = — CAi(a:)dx,-

= D
.05

1
= —E/ERijdGij. (19)

Here X represents the surface spanning the closed loop C and

)V () dx

do;; denotes the area element on X.
A further connection can be made with Q = x; in
Eq. (15), giving for constant D;; (15]

Rl —1) = D! < (a0 (1)
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7Dl.;l/dmdw'ijk(aZ’)A(%a?l,f*[,)
= Dy (e ()VE (), (20)

where A(x,x’;t — 1') = Ps(x) [ D[x]W (x,t|z',¢")][1 —
exp(—Asm)Pss(z)/Pss(2')] with W (x,t|2’,r’) denoting the
transition probability. The expression U (x,y) = exp(Asy) =
exp(— [pAidx;), where [, represents integration on the path
from x to y, is analogous to the Wilson line or Wilson
loop (for closed path) in the Abelian gauge theory. It char-
acterizes nonequilibrium irreversibility in the current con-
text. Under the gauge transformation, U(x,y) transforms as
U@,y) — explA @)U (@, y)expl—A (y)].

¥iVU(x,y) = 0, which means the covariant gradient of the
15]

It also satisfies

Wilson line integral is perpendicular to the dynamical path. !

4.2. Landscape and flux of the cell cycle

The process of the cell cycle takes place in cell replica-
tion and division. It is important for cell growth, cell devel-
opment, cell proliferation, and cell death. Studying the na-
ture of the cell cycle process is important for exploring the
cell functions. The cell cycle has some certain phases, the G1
phase, S phase, G2 phase, M phase, and some check points
regulating the process of the cell cycle. It was shown that cell
cycle gene regulatory networks control the process of a cell
cycle.[10:1120.21,159,160]

The cell cycle gene regulatory networks have been
proposed already.?%21.1591 We explored the dynamics of
the cell cycle in the landscape and flux theoretical
framework, 10111601 ysing the cell cycle gene regulatory net-
work proposed by Goldbeter.!! 20211 The state of the cell cy-
cle gene regulatory network was characterized by a vector
with 44 components. The deterministic dynamics of the net-
work was modeled by a set of nonlinear ordinary differential
equations. ']

Due to the existence of extrinsic fluctuations and intrinsic
fluctuations, the dynamics of the cell cycle network is stochas-
tic and governed by the Langevin and Fokker—Planck equa-
tion. To decrease the high dimensionality that stands as an ob-
stacle for solving the Fokker—Planck equation practically, we
applied the self-consistent mean field approximation.[!%-1118]
Then we got the probability of the steady state Py and the cor-
responding potential landscape U = — In Py.

We projected the landscape and flux, as shown in Fig. 11,
onto the two-dimensional space spanned by the concentrations
of the two proteins: cyc E and cyc A. In Fig. 11(a), the pro-
cess of the cell cycle is illustrated with the G1 phase, S phase,
G2 phase, and M phase, as well as the checkpoints.!':20-211 In
Fig. 11(b), the potential landscape U is displayed, on which
there is a closed cell cycle oscillation.!'!! Figure 11(c) shows
the two-dimensional potential landscape and flux. The curl

flux force and the negative gradient of the landscape are indi-
cated, respectively, by white arrows and red arrows.
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Fig. 11. (a) The phases with checkpoints for the cell cycle system: the G1
phase, S phase, G2 phase, M phase. (b) G1 phase, S/G2 phase, M phase,
G1 checkpoint, and S/G2 checkpoint on the potential landscape. (c) The
two-dimensional landscape (the non-zero curl flux is shown in white ar-
rows; the negative gradient of the landscape is shown in red arrows). The
diffusion parameter is set as D = 0.05.111]

The driving force is composed of the flux and the land-
scape in this nonequilibrium cell cycle dynamical system.
The curl flux force (flux velocity) is an essential compo-
nent of the nonequilibrium driving force for the cell cycle,
which characterizes the nonequilibrium nature of the cell cy-

cle network, [9-11:13-15.23

It is a rotating vector maintaining the
cell cycle oscillation. The input of energy is supplied by the
cell nutrition in the cell cycle. The potential landscape quanti-
fies the global robustness and stability for the nonequilibrium
cell cycle system, [9-11:13-15:23,149,160]

We can see from Fig. 11 that the cell states get attracted
to the Mexican-hat-like limit cycle valley by the force of the
negative gradient of the potential landscape. The local attrac-
tors on the cell cycle landscape are identified as the G1 phase,
S/G2 phase, and M phase. The transition states between dif-
ferent attractors (cell cycle phases) on the paths are identified
as the checkpoints. The dynamics is governed by the curl flux
force and local barriers between the basins along the oscilla-
tion paths in the oscillation valley. This provides a global and
quantitative approach to study the dynamics of the cell cycle
process.

We also investigated the global sensitivity analysis and
the function of this system. The barrier and the flux reflect-
ing genes and regulatory connections in the cell cycle network
can determine the cell cycle function. We show in Fig. 12(a)
the variations in the central barrier (Barrierceneer), flux, and
period when parameters are changed. In Fig. 12(b), we show
the changes in Barrierg; /s and Barriergy v as the parameters

vary. ']
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Fig. 12. Global sensitivity analysis. The barrier (Barriercepeer is for global
stability, Barrierg,/s is for the G1 checkpoint, Barrierg, )y is for the
checkpoint of S/G2), flux and period change as the parameters vary. The
horiz([)gt]al coordinates display 41 parameters. Each parameter is changed
10%.

Using the method of global sensitivity analysis, we have
identified important regulations and genes affecting the cell
cycle function. On the experimental aspect, a few key genes
and regulations of the cell cycle have been discovered and
verified. The genes and regulations we identified as being
important from global sensitivity analysis are consistent with
the results from experiments. The pRB activation can de-
crease the effect of the curl flux and increase the barrier height
Barriergy v. It can also make the process of the cell cycle
longer.!'!]

The cancer cell cycle is an uncontrollable cycling. Its pe-
riod is much shorter than that of the normal cell. The two
components of the driving force, the barrier force and the flux
force, are not balanced in the cancer cell cycle. The impact
of curl flux overcomes the landscape barrier on the oscillation
path. Therefore, decreasing the flux or increasing the barri-
ers may restore the balance between the landscape barrier and
curl flux so that the cancer cells can return to the normal state.
This process may be realized by varying the genes, the nutri-
tion supply or regulatory connections. We can apply the global
sensitivity analysis to identify these variations of gene or en-
vironment.

The potential landscape and curl flux theory has also been
applied to investigate the mammalian cell cycle. 10111601 The
barrier height on the landscape is a measurement of the global
cell cycle robustness and stability. There is a periodic oscilla-
tion with four phases and three checkpoints on the cycle path.
The gradient of landscape guides the cell cycle system to settle
on the cell cycle oscillation. Along the limit cycle, the system
is driven by the curl flux. Both landscape and flux direct the
cell cycle. Investigation on the mechanism of checkpoints has
also been conducted in the context of the landscape and flux
framework.°~'!] Global sensitivity analysis of the cell cycle
has identified important genes and regulations that determine

[9-11

the global cell cycle function. 1 Some of our results have

been confirmed in experiments, and some findings can be used
to predict potential anticancer strategies.

4.3. Landscape, paths, and kinetic rates: stem cell differ-
entiation, development, and reprogramming
4.3.1. Landscape of stem cell differentiation, develop-
ment, and reprogramming

In the 1940s, Waddington proposed a famous emblem
of the epigenetic landscape in the cell development and
differentiation.!'®!l The growing cell is analogous to a ball
rolling from the top of the landscape to the bottom in Wadding-
ton’s image. When the ball encounters a bifurcation of the
landscape every time, it will choose one of the alternative
trajectories eventually. This process was considered as a
metaphor of cell differentiation. However, the picture only
provides a qualitative understanding of the developmental pro-
cess of cells. Recently, considerable theoretical effort has been
devoted to the cell fate problem. [14:16-18,162-168]

To analyze the process of cell development and differen-
tiation quantitatively, we have utilized the landscape and flux
framework. Waddington’s landscape picture can be quanti-
fied through investigating an important example of the cell de-
velopment network consisting of a pair of self-activating and
interactively repressing genes. The gene regulatory network
governing a binary cell fate decision model has been found
in the multipotent stem cells of various tissues. The cell fate
determining model masters transcription factors, gene X; and
gene X,. The relative expression levels x; and x, of genes
X1 and X, characterize the state of the network. The dynam-
ics of the model is represented by a set of ordinary differ-

[14.165] For stochastic dynamics with fluctu-

ential equations.
ations, we can obtain the steady-state probability distribution
and derive the potential landscape U = —In P. The develop-
mental/reprogramming paths are quantified by the dominant
paths using the path integral method.

In Fig. 13, we have quantified the Waddington landscape
of cell development and differentiation. A certain stage of
the cell development is indicated by a specific value for the
self-activation parameter a. The full landscape and dynamical
paths are depicted by decreasing a. Our quantified Wadding-
ton landscape is qualitatively similar to the original Wadding-
ton picture. However, there are some important differences.
Firstly, the stem cell state in our quantified landscape is stable
with a basin of attraction, while in the Waddington picture, this
state is regarded as an unstable state at the top of the landscape.
Secondly, our development/differentiation pathways and re-
programming paths are irreversible, while in the Waddington
picture, the paths are expected to be reversible. Thirdly, in our
picture, the development/differentiation process is initiated by
induction, fluctuations, and/or genetic/environmental changes,
while in the Waddington picture, the development and differ-
entiation process is spontaneous. Finally, we have specified
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the direction of development by quantifying the changes of
specific gene regulation parameter in the developmental pro-
cess (self activation in this case), while in the Waddington pic-
ture, the direction of development is not specified. In short,
our approach provides the quantitative foundation and speci-
fies the key ingredients for the Waddington landscape.!'#!

Fig. 13. The quantified Waddington developmental landscape and
pathways.[14]

In addition, we have also studied the human embryonic
stem cell network, which is composed of nine nodes after in-
tegrating previous known networks.[1*%1701 The dynamics of
this network is represented as ordinary differential equations
with stochastic forces when fluctuations are taken into ac-
count. Within these nine nodes, NANOG is a primary stem
cell marker and its higher expression level indicates more
stemness. GATA6 and CDX2 are considered as two differ-
entiation markers. Higher GATA6 or CDX2 expression levels
indicate higher differentiation. Different combinations of gene
expression levels give rise to the stem cell state (attractor), dif-
ferentiation state, or intermediate states. This human embry-
onic stem cell network can also be studied quantitatively in the
landscape and flux framework.[1%6]

4.3.2. Paths of stem cell differentiation, development,
and reprogramming

The biological pathways of stem cell differentia-
tion/development and reprogramming can be studied using the
path integral approach. The path integral method has found
wide applications in different areas of physics and chemistry
since it was proposed. It has now been developed and ap-
plied to biological systems. Generally speaking, the dynam-
ics of a spatially homogeneous biological system is repre-
sented by a set of ordinary differential equations with stochas-
tic forces accounting for fluctuations. An insightful approach
to study stochastic dynamical systems is to consider the tran-
sition probability from the initial state x; at t = #; to the final
state of ¢ at time ¢ = #;. To avoid complications, we consider

a constant diffusion matrix. The transition probability is then

given by[!3171:172]

Plniient) = [ Zla()]ep{-Slz()])

_ /Q[w(t)]exp{—/ttrL(:c(t))dt} . @
where S[x(¢)] is the action and L(x) = (dz/dt — F(x))/4-
D !.(dx/dt — F(x))]+ V - F(x)/2 is the Lagrangian.
Roughly speaking, [ Z[x(t)] denotes summing over all pos-
sible paths with fixed end points x(#;) = x; and x(t) = xy;
the precise definition of 2[x(r)], however, requires care. This
formula is called the Onsager—Machlup functional path inte-
gral; it identifies the probability weights for paths. The action
S[x(t)] represents the weight contribution of a specific trajec-
tory x(z). Since it is on the exponent (with a minus sign), a
path with minimal action has maximal probability. The dom-
inant (or optimal) paths with maximal probability can be ob-
tained by minimizing the action. Equivalently, the dominant
paths follow the Euler-Lagrange equation associated with the
action. We can approximate the path integral with a set of
dominant paths in certain circumstances to study the paths of
stochastic biological systems.!1%7)

The term [ dz- D~ F in the action is actually — [ A;dx;
for constant D, where A; is the gauge field discussed previ-
ously. It plays an important role in distinguishing nonequi-
librium systems from equilibrium systems. In equilibrium
systems, this is a surface term only depending on the initial
and the finial states which are fixed, making no contribution
to the dynamics. As a result, the optimal equilibrium paths
are reversible and pass through the saddle point of the equi-
librium potential. In contrast, the detailed balance is bro-
ken by non-zero flux in nonequilibrium systems. As a result,
[dz- D~'F is not a surface term and it contributes to the
dynamics in nonequilibrium systems. This is where time irre-
versibility comes into play. The resulting dominant back and
forth paths are not reversible; they have different configura-
tions in the state space. In general, nonequilibrium dominant
paths do not go through the saddle point of the nonequilib-
rium landscape. Yet we can define the “global maximum along
the dominant path” characterized by the projection of D~!F
along the dominant path being zero, analogous to the saddle

point of equilibrium systems. [167]

4.3.3. Kinetic rates of stem cell differentiation, devel-
opment, and reprogramming

As is known, the equilibrium transition state or Kramers
rate is an important concept in equilibrium systems.!!”3! The
forward and backward dominant paths have identical config-
urations and go through the saddle point of the equilibrium
landscape. The equilibrium transition rate from one basin to
another for one-dimensional systems with constant diffusion
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is given by 13 = (D\/U"(8)|U"(S)| /2m) e VO -VG) where
S is the bottom of the attractor basin and $ is the saddle point.
U(x) = —InP.q is the equilibrium potential landscape and the
driving force F(x) = —DU’(x). The exponent factor is asso-
ciated with the action function. For nonequilibrium biological
systems, the driving force is not only the gradient of a poten-
tial. For the zero fluctuation limit, researchers have obtained
a formula similar to Kramers’ original one and the transition
state is the saddle point of the landscape.'7#173] But we have
found that in the finite fluctuation regime, the back and forth
dominant paths are not reversible and do not necessarily get
through the saddle point. Therefore, we derived a new ana-
lytical formula for the transition state rate by the path integral
method!'67]

rneq — A'U(S/) detM(S)
K 21\ |detM (S)]

DOM
7SHJ

(22)

As illustrated in Fig. 14, S is the minimum of an attractor, S’ is
the minimum of another attractor, § is the saddle point, and s
is a new “saddle point” defined as the “global maximum along

i/
E?M = fSS p- dx is an action which is an

the dominant path”. S
integral along the optimal path from the basin S to the point §'.
And A, (§") is the positive eigenvalue of the Jacobian matrix of
the driving force. The pre-factor can be solved by the matrix
M (S) which satisfies an algebraic equation and matrix M (S")

which satisfies a dynamic equation.

Fig. 14. The three-dimensional nonequilibrium landscape including the
gradient path (white line) and the irreversible dominant transition path-
ways between the basins S and S’ (purple lines). Here, S denotes the saddle
point and §’ denotes “the global maximum along the dominant path”.[167]

4.3.4. Direction of differentiation/development and
time reversal symmetry breaking

Both the landscape and flux guide the processes of stem

cell differentiation.!!+16:18:191 The probability curl flux is a

curling force which breaks detailed balance, leading to the

nonequilibrium state of the system. The flux force also drives

the biological dominant paths of stem cell differentiation to

deviate from the path of steepest descent. Furthermore, due
to the flux’s curl nature, the forward and backward dominant
paths of the stem cell differentiation and reprogramming pro-
cess are irreversible. They have different configurations and
usually do not pass the saddle point. Therefore, the curl flux
breaks time reversal symmetry and provides the direction of
time. The flux can even be the major driving force for dif-
ferentiation and reprogramming of the stem cell as the po-
tential landscape is relatively flat. Thus “flux-directed” pro-
cess can occur in cell development. The arrow of time in cell
development cannot be imposed by the potential landscape

12,14.19] 1t i5 the curl flux that indicates the arrow of time

alone.!
in cell development. This suggests a resolution of a long stand-

ing puzzle of the direction of time in cell development.

4.4. Landscapes and paths of cancer

Conventionally, cancer has been considered as a dis-
ease arising from mutation. The landscape and flux theory
provides a different perspective on this issue and forms a
quantitative foundation for viewing cancer as a diseased state
and associated state transformations.!!’®! The hallmarks of

176-178] have been proposed by Weinberg; these hall-

cancer!
marks can be characterized by key genes of cancer. Cancer
states originate from the interactions among genes in a cancer
gene regulatory network. These networks are general nonequi-
librium dynamical systems. We can study these systems us-
ing the potential landscape and flux theory.**! Our investiga-
tion shows that cancer can be viewed as a specific state re-
lated to the gene regulatory network. There have also been
other studies supporting the view that cancer is a disease as-
sociated with a network rather than a disease due to a single
mutation,[77-168,179-183]

We investigated the cancer mechanisms and dynamics
by the gene network.!*®! We focused on the cancer marker
genes P53, RB, P21, and PTEN. After a literature search, we
constructed a cancer gene regulatory network with 32 gene
nodes and 111 regulation edges (shown in Fig. 15).5% Ar-
rows denote activation and round end points denote repres-
sion. Three types of marker genes are shown in the figure:
green nodes represent apoptosis marker genes, magenta nodes
represent cancer marker genes, and light blue nodes represent
tumor repressor genes. Other genes are represented by brown
nodes. 3%

Ordinary differential equations can be used to describe
the deterministic cancer gene dynamics. The activation and
repression interactions among these genes are modeled by
Hill functions, which specify the 32 ODEs for this network.
We have also considered the stochastic dynamics of this can-
cer network with fluctuations.[>!%14] The distribution of the
steady-state probability and the corresponding landscape of
the cancer regulatory network can be obtained by the method
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of the self-consistent mean field approximation.

Fig. 15. The diagram of the cancer network which has 32 nodes and 111
edges. Red arrows denote activation while blue end points represent re-
pression. Green nodes represent apoptosis marker genes; magenta nodes
represent cancer marker genes; and light blue represent nodes tumor re-
pressor marker genes. The brown nodes represent other genes. The solid
black lines denote the key links, while the octagon nodes denote key genes
found by the method of global sensitivity analysis. 3!

We reduced the 32-dimensional landscape to a 2-
The three-
dimensional and two-dimensional landscapes are shown in

dimensional plane for clarity of presentation.

Fig. 16. The two-dimensional state plane is spanned by the
expression levels of two genes, AKT and RB. Figure 16(a)
shows three stable states on the tri-stability landscape. The
top, middle, and bottom attractors are identified as the cancer,
normal, and apoptosis states, respectively.’*! These three at-
tractors correspond to the normal, cancer, and apoptosis states

178] The basins in

in the cancer gene regulatory network.[!76-
the gene expression space represent some specific cell types.
These attractor states representing different cell types cannot
convert to each other easily due to the landscape barriers. We
also explored the landscape by altering the nodes (imitating
mutations) and regulation strengths (imitating environmental
influences). 3!

We explored the dominant pathways connecting the can-
cer cell state, apoptosis cell state, and the normal cell state us-

[13.14.18.39] The dominant Kinetic

ing the path integral method.
pathway from the normal state to the cancer state is shown
by the yellow path; the magenta path denotes the dominant
kinetic pathway from the cancer state to the normal state in
Fig. 16. The dominant pathways between the cancer state and
normal states are irreversible. The black pathways represent
the dominant paths of the apoptosis processes from normal to
death and from cancer to death. We quantified the flux shown
in Fig. 16(b). The negative gradient of the landscape and the
curl flux are represented by the red arrows and white arrows,
respectively. The dynamics of the cancer system is guided by
the curl flux and potential landscape.”!

(a)

40

30
=)

10

0
1.2

Fig. 16. The potential landscape for the cancer network. The parameters
are evaluated at: degradation constant k = 1, activation strength a = 0.5,
repression strength b = 0.5, and diffusion constant D = 0.01. (a) The po-
tential landscape and the kinetic dominant pathways. (b) Two-dimensional
landscape of the cancer network. 3]

Furthermore, we reduced the system to 21 marker genes
from the original 32 marker genes and used a binary code to
represent the qualitative characteristic of gene expression lev-
els (high or low). The states and paths of the network can
be visualized using the simplified binary gene expression lev-
els (22! combinations in totality).[**! Figure 17 shows the cell
states and transition jumps on the discrete landscape. The oc-
currence probabilities of the states and paths are depicted, re-
spectively, by the sizes of nodes and edges. The blue, green,
and red nodes denote the cell states that are approaching the
normal, apoptosis, and cancer states, respectively. The largest
red, blue, and green nodes indicate, respectively, the most sig-
nificant state of cancer, normal and apoptosis states. The green
path in Fig. 17 shows the cancerization process which pro-
ceeds from MDM?2 on, CDK?2 on, RB off, and then to the can-
cer state. In the reverse pathway of the cancerization process
(the magenta path from the cancer state to the normal state in
Fig. 17), the cell proceeds from RB on, CDK2 off, CDK4 off,
and then to MDM?2 off. Hence, the cell may turn on the gene
RB at first when transforming from the cancer state to the nor-
mal state. 3]
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Fig. 17. The discrete landscape for the cancer network with parameter
a=0.5,b=0.5k=1. Each node represents a specific cell state char-
acterized by the qualitative expression levels of the corresponding marker
genes. The nodes of blue, red, and green represent, respectively, the cell
states evolving into the normal, cancer, and apoptosis states. The apoptosis
pathways are represented by the black paths. The green and magenta paths
denote, respectively, the pathways from the normal state to the cancer state
and from the cancer state to the normal state. ]

4.5. The potential and flux landscape framework of evolu-
tion
Fisher’s fundamental theorem of natural selection!!®3]

and Wright’s fitness landscape!'%4]

are widely used to in-
terpret the evolutionary adaptation as the mean fitness
maximization.!”>~771 However, the evolutionary dynamics of
non-equilibrium biological systems is complex and may no
The co-

evolving systems may enter an endless cycle rather than reach-

longer follow maximization of the mean fitness.

ing the mean fitness maximum. We studied the general evolu-
tionary dynamics with the potential and flux landscape the-
ory. We found that the conventional Fisher’s fundamental
theorem of natural selection and Wright’s fitness landscape
are based on equilibrium systems. Hence, they cannot ex-
plain many phenomena related to the nonequilibrium nature
of systems. A typical example is Van Valen’s Red Queen hy-
pothesis, which indicates that an ecosystem can enter endless
evolution processes even if the physical environment remains
unchanged. 23]

4.5.1. Adaptive landscape and generalized fundamen-
tal theorem of natural selection

The mathematical framework of evolutionary theory is
based on the description of the change in allele frequencies
x;. If the fitness w;; is not dependent on the allele fre-
quencies, the mean fitness is a Lyapunov function as indi-
cated in Fisher’s fundamental theorem of natural selection:
dw/dt = Va(w)/w > 0 (where the additive genetic variance
Va(w) = ZZ?Z]xi(Z;?:lxjwij —w)? > 0). In this sense, the
evolutionary adaptation can be seen as the mean fitness max-
imization. This picture is Wright’s fitness landscape, which
has a gradient nature corresponding to equilibrium systems.
In this frequency-independent selection case, the driving force

of natural selection is determined by the gradient of the mean
fitness w = Y} ;_; xix;w;; in the form of FS=(1/2)G-Vlnw,
where the genetic drift matrix G;; = x;(8;; —x;). The intrinsic
flux velocity Vj vanishes in this case, indicating the system is
in equilibrium for frequency-independent selections.

For general evolutionary dynamics, the system enters the
nonequilibrium regime and the mean fitness does not always
increase. The conventional evolutionary theory based on mean
fitness then breaks down.[?3! Some researchers believe that no
general potential function exists whose optima are searched

(1861 One may ask if there is a

for in the evolution dynamics.
general potential function for evolution and if so what it is.
The solution can be obtained from the potential-flux land-
scape theory. As a Lyapunov function, the intrinsic potential
@ can be used to redefine the adaptation for general evolution-
ary dynamics.??!

By including selection and genetic drift, the nonequilib-
rium intrinsic potential ¢ satisfies the Hamilton—Jacobi equa-

tion as given in Eq. (11)
F5.Voo+Vy G-V =0. (23)

The adaptive landscape ¢y for the group-help model!?*! in the
nonequilibrium regime is shown in Fig. 18. We can see the

06 0.5

Fig. 18. Landscapes of different phases (with parameters (a) § = 0.11, (b)
B =0.17). The arrows are schematic, showing the two components of the
driving force: the gradient of potential —V @ (black arrows) and the flux
Vb (purple arrows). (23]
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additional curl flux emerges and affects the dynamics of evo-
lution. We redefined the adaptive rate by d¢y/d¢ and obtained

dgo/dt = —(1/2)Va(w) /W +Vo- G- V5 <0.  (24)

This is our picture about the evolutionary adaptation in which
the adaptive landscape is measured by the intrinsic potential

o and the adaptive rates measured by d¢y/dz.1>’!

4.5.2. Red Queen hypothesis

An evolutionary system reaches its optima when
d¢p/dt = 0. In the frequency-independent selection case, the
system is in detailed balance with Vjy = 0 and thus the genetic
variance Vo(w) = 0. In the general nonequilibrium regime,
Vo # 0 leads to!??!

Va(w) =2(%)*[Vo- G~ '~ Vg >0, (25)

which implies that natural selection has effects even if the sys-
tem has reached the optima.?’]

What is the cause of the non-zero intrinsic flux velocity?
If there is no biotic interaction, the natural selection comes
from the external physical environment, as frequency indepen-
dent selection would be a gradient force given by Wright’s fit-
ness landscape. Biotic interactions can sustain a genetic vari-
ation in fitness and thus give rise to endless evolution. The ef-
fect caused by biotic interactions was indicated by Van Valen

[187) According to this hypoth-

in the Red Queen hypothesis.
esis, endless evolution can be sustained by biotic interactions
even if the physical environment remains unchanged, that is,
biotic interaction can lead to endless evolution.

In the potential-flux landscape framework, we can clearly
see the origin of the Red Queen phenomena. The endless evo-
lution comes from the non-zero flux of biotic interactions even
when the evolution potential has reached its optima. There-
fore, Van Valen’s Red Queen hypothesis is the biological ex-
pression of the intrinsic flux: the system lies in the optimum
where the gradient of potential is zero, while the intrinsic flux
drives the endless evolution. As Van Valen himself remarked,
this cannot be explained by the traditional evolutionary theory,
since the flux is the missing part in the traditional evolutionary

theory. >

4.6. The potential and flux landscape of ecology

Ecological systems interact with each other through co-
operation and competition.!'38 Exploring the stability of eco-
logical systems is essential for understanding the mecha-
nisms governing the dynamics of species and populations. 188!
Ecological systems involve numerous interactions among the
species which are generally non-linear complex dynamics.
Much effort has been devoted to studying the stability of eco-
logical systems. ['39-1921 Most of them focused on the analysis

of local linear stability. It is thus important to study the global
stability of ecological systems.

Previously, researchers have concentrated on determinis-
tic models. In reality, both extrinsic and intrinsic fluctuations
may exist in ecological systems, which can affect the global
behaviors of ecological systems. The intrinsic fluctuations
generally arise from the finite size of the ecological systems,
while the extrinsic fluctuations typically come from the en-
vironment. The analysis of global stability is important for
investigating the robustness of ecological systems under the
influence of extrinsic and intrinsic fluctuations.!1?1-19%]

Nonlinear ordinary differential equations can be used as
a mathematical model of the deterministic dynamics of eco-
logical systems with the interactions of predation, competi-
tion, and mutualism.[8%1° There are two basic types of re-
lationships between species in ecological systems: a positive
beneficial interaction (activation) and a negative compromis-
ing interaction (repression) as shown in Fig. 19. The preda-
tion model shows the repression and activation relationship
(+/-) in Fig. 19(a). It indicates that species Sa is compro-
mised while species Sg benefits. Competition shows a rela-
tionship of mutual repression (—/—) in Fig. 19(b). It indicates
that both species S and Sp are compromised by interactions
with each other. Mutualism shows a relationship of mutual ac-
tivation (+/+) in Fig. 19(c). It indicates that species Sa and Sp

benefit from interaction with each other, [!88:191.192]

@i‘@@&@i@
el e

Fig. 19. (a) Relationship of predation. (b) Relationship of competition. (c)
Relationship of mutualism.??!

The landscape and flux theory has been applied to inves-
tigate the ecological systems with predation, competition, and
mutualism for two species. We also added some restrictions
and modifications on these ecological models so that they may

be more realistic.[22-188:193

' We acquired the steady-state prob-
ability distribution Py of ecological models with stochastic
fluctuations as in real ecological systems. Then the potential
landscape is obtained from the relation: U = —InP. It can
be applied to investigate the global robustness and stability of
ecological systems.

In the past studies, it was essential to address the global
stability of the system using Lyapunov functions. In 1931,
Volterra proposed an analytical Lyapunov function for a spe-
cific model of predation.['”) Then the analytical Lyapunov
function!'?1-1921 was explored in many ecological systems. For
some simple ecological models, Lyapunov functions were ob-
tained. However, there were no general methods to find the
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Lyapunov function of more realistic ecological systems. A
more systematic approach has emerged to fill the gap of identi-
fying the Lyapunov function of general ecological systems. [?]
Hence, we can now use the Lyapunov function to investi-
gate the global robustness of a wider range of ecological
systems. [2?]

Figure 20 shows the population potential landscape U
and intrinsic potential landscape ¢o for the models of preda-
tion, competition, and mutualism. On the top row, black ar-
rows represent the negative gradient of the population poten-
tial landscape —VU. Purple arrows indicate the steady-state
flux velocity V. On the bottom row, the negative gradient of
the intrinsic potential landscape —V ¢y is represented by black
arrows. The intrinsic flux velocity Vj is denoted by purple ar-
rows. The bottom of each sub-figure shows the contour map
of the landscape and the projection of the forces represented
by arrows. In Figs. 20(a)-20(c), the purple flux velocity is
almost perpendicular to the black gradient of potential U. In
Figs. 20(d)-20(f), the purple intrinsic flux velocity is exactly
perpendicular to the black gradient of ¢y.[*?!

In the predation model, the potential landscape U with a
Mexican hat shape for small fluctuations (characterized by a
small diffusion coefficient) is shown in Fig. 20(a). It is an in-
homogeneous oscillation. The population potential landscape
U is distributed inhomogeneously along the oscillation ring.
In contrast, the intrinsic potential landscape ¢y (with the zero

fluctuation limit taken) is distributed homogeneously along the

oscillation ring shown in Fig. 20(d). The value of ¢ is con-
stant along the limit cycle.

The population potential landscape U and intrinsic po-
tential landscape ¢p for the competition model with the pa-
rameters evaluated at a;y =a, = 0.1, L; =1L, = 0.3, o = 1.0,
D = 0.01 are shown in Figs. 20(b) and 20(e).
that the population potential landscape (Fig. 20(b)) and in-

It is clear

trinsic potential landscape (Fig. 20(e)) have four locally stable
attractors. 2!

The population potential landscape U and intrinsic po-
tential landscape ¢y for the mutualism model are shown in
Figs. 20(c) and 20(f). The parameters are D = 0.01, a; =
a =0.1, a =1.0, Ly = L, = 0.5. The population poten-
tial landscape in Fig. 20(c) and intrinsic potential landscape in
Fig. 20(f) have four attractors around locally stable states. We
can see the gradient of the potential landscape attracts the eco-
logical system to the four attractors, while the curl flux curls
around in these four attractor basins. [*!

In the above, we studied three crucial ecological modes:
predation, competition, and mutualism. We can see the eco-
logical system may have multiple basins of attraction and
also a limit cycle which has a landscape of the Mexican
hat shape. We demonstrated the two key components deter-
mining the nonequilibrium dynamics of these ecological sys-
tems: the non-zero curl flux and the negative gradient of the

landscape.??!

Fig. 20. (a)—(c) The population potential landscape U ((a) model of predation; (b) model of competition; (c) model of mutualism). (d)—(f) The intrinsic
potential landscape ¢y ((d) model of predation; (e) model of competition; (f) model of mutualism). On the top row, the flux velocity and the negative gradient
of the population potential are denoted, respectively, by the purple arrows and black arrows. On the bottom row, the intrinsic flux velocity and the negative
gradient of the intrinsic potential landscape are denoted, respectively, by the purple arrows and black arrows. 2]
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We have also applied our theory to quantify the robust-
ness of ecological systems through changing parameters that
control the underlying landscape topography. We can investi-
gate a variety of parameters to search for systems with higher
stability quantified by the barrier heights of the underlying
landscape topography. Thus the stability and decision making
strategy for ecological systems can be achieved by modulating
the control parameters. The global sensitivity analysis can be
applied to investigate the effects of different values of param-
eters on the stability and robustness of ecological systems. We
can also identify the species and interactions that are important
for determining the global robustness of the ecological system
by studying the topography of the potential landscape. The
method we proposed for investigating the global robustness
and stability can be used to explore more realistic ecological

systems. [2?]

4.7. Nonequilibrium landscape and flux theory of neural
networks

Understanding the functions of the human brain is always
a grand goal of neuroscience. As a complex dynamical system,
the brain is responsible for various vital functions.[194-1991 A]-
though individual neurons have all sorts of behaviors, compli-
cated physiological and cognitive functions in the brain are im-
plemented by the neural circuits consisting of a large number
of neurons rather than individual neurons. The cognitive func-
tions such as decision-making, sensory, learning, and mem-
ory are related to special complex patterns of activities gener-

[200-2021 Degpite the significant efforts

ated by neural circuits.
in both theoretical and experimental approaches, global and
quantitative understanding of the nature of large neural net-
works is still challenging.

Many models have been suggested for exploring the
behaviors of neural circuits and corresponding biological

1951971991 The behavior of a single neuron can

functions. !
be quantitatively described by the Hodgkin—Huxley model
based on its biological features.[!”7! Hopfield developed a
model!'%%191 to uncover the global characteristics of large
neural circuits. Assuming the neural circuits are symmet-
rically connected, he constructed an energy landscape that
decreases with time.!?*!°) The dynamics of the symmetric
neural circuit is dominated by the gradient force of the en-
ergy function. Then the associative memory function of the
symmetric neural networks can be quantitatively described as
shown in Fig. 21. Different memories (complete information)
are stored in distinct basins of attraction (local minimum of
energy) in the underlying energy landscape. After being given
a cue, the system will always go downhill to the nearest attrac-
tor from the initial state with incomplete initial information.

The associative memory is retrieved. [>4]

Fig. 21. The schematic drawing of the energy landscape of a symmetric
neural network.?4!

The Hopfield model is able to show a good associative
memory property. However, this model fails to apply in gen-
eral neural networks since the connections among neurons are
mostly asymmetric rather than symmetric in realistic neural
circuits. Besides, there is evidence showing that oscillatory
behaviors with different rhythms in neural circuits play crucial
roles in cognitive processes.2°1292! Yet in Hopfield’s symmet-
ric neural networks, oscillations can never exist because the
driving force here is a pure gradient of the potential. For-
tunately, unlike the energy defined by Hopfield, the intrinsic
potential ¢o we introduced is always a Lyapunov function re-
gardless of the symmetry or asymmetry of the circuit.[>*] We
have shown that the dynamics of neural networks is driven
by both the gradient force of the potential and the curl flux

9,10,24

force. ! I The flux can provide the main driving force for

oscillations. [*4]

We applied our landscape and flux framework to a net-
work consisting of twenty model neurons.**! Then we quan-
tified the intrinsic potential ¢, which is a Lyapunov func-
tion of the system, through taking the zero fluctuation limit
of the potential landscape U. For the sake of visualizing the
multi-dimensional results in the state space, we chose two state
variables from the twenty model neurons and integrated the
other eighteen variables to map out the landscape.**! For the
symmetrically connected neural circuit, the intrinsic potential
landscape ¢g is shown in Fig. 22(a). Similar to the Hopfield
symmetric network model, we can see there are several basins
of attraction. After a cue is given, the potential ¢y of the sys-
tem will decrease with time until a local minimum is reached
eventually. However, in more general and realistic neural net-
works, the neurons are always asymmetrically connected. The
difference between Hopfield’s computational energy and the
intrinsic potential @ is that ¢y is a Lyapunov function for both
symmetric and asymmetric networks. In Fig. 22(b), we show
that oscillations can occur for asymmetric networks. The land-
scape has a Mexican-hat topography. After being attracted by
the Mexican-hat shape landscape down to the oscillation ring
(white arrows represent the driving force from the negative
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gradient of the potential landscape), the system is mainly dom-
inated by the curl flux shown by green arrows in Fig. 22(b).

(a)

2000

< 1000

Fig. 22. (a) The intrinsic potential landscape ¢p of the symmetric neu-
ral circuit. (b) The intrinsic potential landscape ¢y and the corresponding
driving force: white arrows represent the negative gradient force from the
potential landscape and green arrows represent the curl flux force. >4

As discussed, in Hopfield’s symmetric neural network,
the dynamics is only driven by the gradient force and there
is no flux. Such a symmetric network corresponds to the equi-
librium case of neural systems. In reality, the neural networks
are open systems which constantly exchange materials and en-
ergy with the environment. We found that the nonzero flux in
the asymmetric neural circuits are closely associated with the
asymmetric part of the driving force.?* The flux which breaks
the detailed balance of the dynamical system is the signature
indicating that the neural network is in a nonequilibrium state.
Our results suggest that although the number of point attrac-
tors storing memories decreases when the network becomes
more asymmetric, continuous attractors, for example, limit cy-
cles, may occur, which are able to store memory in a sequential
form. Different memories can be associated by the flux. The
flux may provide a quantitative measure to explore the compe-
tition between memory associativity and storage capacity. We
also found that the flux plays the key role in controlling repeti-
tive physiological activities and biological rhythms because of
its close association with the frequency of oscillations. To test
this, we applied our nonequilibrium landscape and flux theory
to a neural network model which can describe the dynamics

of REM sleep cycle.[?%3-2041 Based on the global quantifica-
tion of the landscape, we made a global sensitivity analysis to
investigate the effects of key factors on the stability and func-
tion of the system.[>*] Our theoretical results agree well with
experimental recordings.

5. Conclusion

This review has presented a theoretical framework of
landscape and flux theory applied to a variety of biological
systems. The energy landscape has become a powerful tool to
understand biomolecular dynamics. However, it is often dif-
ficult to directly measure the energy landscape topography in
reality. A novel way to explore the energy landscape is pre-
sented by the quantified energy landscape approach through
thermodynamic and kinetic measurements. With the quanti-
fied energy landscapes, we are able to depict the biomolecular
dynamics globally and physically. Based on the energy land-
scape theory, SBM has made a significant progress on simulat-
ing protein folding and binding processes. Even for IDPs, the
energy landscapes of which are expected to be weakly fun-
neled or anti-funneled, SBM can make excellent predictions
consistent with experiments. With some adjustments, SBM
can also be applied to investigate the large-scale conforma-
tional dynamics in an enzyme during its realization of func-
tion. Accumulating evidence stresses the crucial role of the
energy landscape in various biomolecular dynamics, strength-
ening the importance of the energy landscape theory in modern
molecular biology. A variety of simulation approaches based
on the energy landscape theory require development and the
applications are expected to have wide use in the future.

Biomolecular recognition is fundamental to the biologi-
cal activities mediated by forming complexes between ligands
and receptors. It is thus critical to study biomolecular recog-
nition in order to understand the nature of these biological
activities. Besides, such study can also find its direct use in
drug discovery and design. Generally, both affinity and speci-
ficity are required for biomolecular recognition to realize its
function, since affinity determines the stability of the complex
and specificity controls the discrimination against competi-
tive binding partners. The specificities of ligand binding can
be calculated quantitatively using the energy landscape the-
ory. Therefore, the energy landscape theory offers a practical
way to predict and optimize interactions of ligand binding by
considering the positive design (affinity) and negative design
(specificity). In addition, with the thermodynamic and kinetic
specificities quantified, multi-dimensional drug screening and
target identification are promising means to avoid the side ef-
fects of drugs and seek specific targets.

The landscape and flux theoretical framework quantifies
the global nature of the stability and dynamics of nonequilib-
rium biological systems, facilitating the discovery of physi-
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cal mechanisms and basic principles behind complex dynam-
ical behaviors of biological processes. The central idea of the
framework consists of two essential components: (i) the po-
tential landscape, obtained from the steady-state probability
distribution, which gives a global characterization of the sys-
tem’s stability; (ii) the curl flux, quantified by the steady-state
probability flux, which characterizes detailed balance break-
ing in nonequilibrium biological systems. Both the potential
landscape and the curl flux contribute to the nonequilibrium
dynamics of biological systems. The potential landscape drags
the system downward to the valleys, while the curl flux drives
the circulating process. For some, this may be reminiscent of
the Chinese Yin—Yang philosophy. The potential landscape
(Yin) and the curl flux (Yang), like a complementary pair pro-
moting and constraining each other, are both needed to give a
complete characterization of the global stability and dynamics
of nonequilibrium biological systems. We have demonstrated
the applications of the landscape and flux theory in multiple
biological systems across a wide range, including cell cycle,
stem cell, cancer, evolution, ecosystems, and neural networks.

It is challenging to understand the complex behaviors of
nonequilibrium biological systems. In this review, we have
presented our landscape and flux theoretical framework for
quantitative global study of biological systems. We have fo-
cused on the theoretical aspects of the subjects here. It is worth
noting that the theoretical explorations may be limited by our
understanding of the topics and more experiments need to be
carried out. Only through the combination of theoretical in-
vestigations and experimental studies can the field advance.
We hope our theoretical framework can further contribute to
the understanding of complex nonequilibrium biological pro-
cesses through extending its applications in both depth and
width and by making more contact with experiments.
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