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Abstract—AMP-activated protein kinase (AMPK), a cellular
energy sensor in response to changes in the ADP/ATP ratio,
has been proven to not only play roles in metabolic actions
but also holds pivotal roles in neurodegenerative diseases such
as Alzheimer’s disease (AD), Parkinson’s disease, and Lewy
body dementia. However, the downstream effectors regulated
by AMPK and its specific contributions to the pathology of
these diseases remain elusive. In this study, we combine the
power of systems biology and neuroscience to understand the
dynamics and regulatory effects of AMPK under the progression
of AD. Particularly, our study develops a regulatory protein
network that seeks to demystify this intricate protein-protein
interaction, placing particular emphasis on the role of AMPK
in the pathology of AD. By focusing on two important cellular
activities, mRNA translation and autophagy, our model explores
the underlying effects of the central governance of a change in
AMPK activity and concludes that eEF2-controlled translation
is more sensitive to the perturbation. Additionally, we adjust
various kinetic parameters to restore proteins affected by the
disease to their baseline levels, with the goal of identifying
potential new drug targets. The model accurately captures the
regulatory effect of AMPK, provides the temporal dynamics of
key regulators in AD progression, contributes to the understand-
ing of the disease’s pathophysiology, and potentially generalizes
the function of AMPK into other neurodegenerative diseases.

I. INTRODUCTION

Neurodegenerative diseases, such as Alzheimer’s disease
(AD), are of mounting concern due to an aging global
population and the profound impact these conditions have
on quality of life. AD, the predominant cause of dementia,
is characterized by progressive cognitive decline, functional
impairments, and behavioral changes. Its pathology is marked
by the presence of Amyloid 8 (Af) senile plaques, neurofib-
rillary tangles (NFTs), and neuroinflammation [10]. While A3
has been one of the focal point of AD research since its
identification as a hallmark in 1984, therapeutic interventions
targeting its aggregation or enhancing its clearance have not
consistently yielded anticipated outcomes. This has prompted
a shift in focus towards downstream effectors of A/3. Notably,
AMP-activated protein kinase (AMPK), a metabolic sensor
monitoring the ATP to ADP ratio, is emerging as a potential
determinant in neurodegenerative processes and may offer a
novel avenue for AD therapeutic development [6], [32].

AMPK is a heterotrimeric complex consisting of a cat-
alytic a-subunit and two regulatory 3 and - subunit. Several
isoforms exist for these subunits (al, a2; 51, 52; 71, 2,
~3), enabling the creation of varied AMPK complexes with
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unique cellular roles [28]. AMPK is activated in response
to stresses that deplete cellular ATP supplies such as low
glucose, hypoxia, ischemia, and heat shock. Once the energy
deprivation state is detected by AMPK, it switches off the
anabolic pathway including fatty acid beta oxidation, fatty
acid synthesis, and cholesterol synthesis, and switches on the
catabolic pathway by sending more glucose transporter to the
cell surface and promoting more glucose intake to generate
extra ATP in order to compensate for the energy imbalance
[11]. Currently, studies have demonstrated a linkage between
the production of neurotoxic A5 plaque with the oxidative
stress that it produces, which ultimately leads to the activation
of the AMPK by phosphorylating threonine 172 residue lo-
cated in the a-subunit activation loop [28]. Numerous cellular
activities are modulated by activated AMPK, either directly
or through its crosstalk with other pathways. Notably, among
these cellular processes, autophagy and mRNA translation are
particularly significant potential contributors to the pathology
of neurodegenerative diseases and serve as the focal points of
our research discussion.

The mammalian target of rapamycin complex (mTORCI)
is a central downstream target of AMPK, controlling cell
growth, cell proliferation, and survival. An optimal level of
mTORC activity is crucial for the survival and function of
neuronal cells. However, both excessively high and abnormally
low activities can be detrimental to neurons [5]. Autophagy,
a cell self-degradation process that eliminates the senile and
damaged cell parts, allowing the recycled parts to be utilized
as energy sources or as building blocks of the new cell is well
controlled by the upregulation of the activated AMPK [5].
While a hypoactive mTROC system may benefit the patient
by upregulating the autophagy process to clear out neurotoxic
amyloid beta peptide, cells may become desensitized to the
AMPK activation signal under prolonged periods. This could
reduce the effectiveness of the A3-AMPK-autophagy pathway
over time. On the other hand, a prolonged hyperactive mTROC
system is also detrimental since neurons are generally non-
mitotic. Cell cycle machinery is activated while cells do not
replicate, causing cellular senescence and ultimately apoptosis.
Without further replenishment, the number of available neu-
rons decreases, making it harder for a long-lasting strength-
ening of synapses between two adjacent neurons [12]. This
synaptic strengthening, namely long-term potentiation (LTP),
represents a form of neural plasticity and is considered one
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of the major cellular mechanisms that underlie forming and
retrieving memories.

The other important pathway under AMPK is the eukaryotic
elongation factor 2 kinase (eEF2K)—eukaryotic elongation
factor 2 (eEF2) pathway. eEF2 is an essential component of
the protein synthesis machinery in eukaryotic cells. It plays a
pivotal role in the process of translation, specifically during
the elongation phase [20]. Extensive studies over the past
few decades have established that de novo protein synthesis
is indispensable for long-lasting forms of synaptic plasticity
and memory [2]. AMPK activation modulates eEF2K via two
distinct pathways: 1) by suppressing mTORCI activity, and 2)
through the direct phosphorylation of eEF2K, predominantly
at the Ser 398 site, a process that operates independently
of mTORCI signaling [4]. Phosphorylated eEF2K phospho-
rylates eEF2 and inhibits it from protein synthesis (Fig. 1).
Experiments have shown that suppression of eEF2K has the
ability to correct some of the deficiencies and symptoms
brought by AD, and the de novo protein synthesis also
improves with the suppression. Mass spectrometry analysis
revealed that proteins augmented by genetic downregulation
of eEF2K play pivotal roles in synaptic functionality, calcium
homeostasis, mitochondrial operations, and ATP production.
These proteins are instrumental in facilitating LTP and over-
seeing the structural and functional integrity of dendritic spine
morphology [1].

In the complex landscape of Alzheimer’s disease, our re-
search focuses on the pivotal role of AMPK and its down-
stream effectors, mM"TORC1 and eEF2, which are key regulators
of cellular autophagy and mRNA translation, respectively.
Utilizing a robust computational model, we aim to establish
a quantitative relationship between Af and specific cellular
activities involved in AD progression. This approach allows
us to predict cellular activity changes and propose potential
intervention strategies, providing insights into the intricate
network of interactions in AD. Our work underscores the
significance of AMPK in the diagnostic and therapeutic realm
of AD, supported by a rigorous computational model that
generates reliable predictions for future experimental work.
Ultimately, through this integration of computational modeling
and experimental research, our study contributes to a deeper
understanding of the mechanisms underpinning AD and the
development of more effective diagnostic and treatment strate-
gies.

II. RELATED WORK

The complex interplay of pathways and mechanisms under-
lying neurodegenerative diseases comes to light, thanks to ad-
vancements in molecular biology and neurology. [24] highlight
the pivotal role of AMPK activation and its downstream effec-
tors in neurodegenerative diseases, paving the way for further
research into potential effectors like Akt, mMTORC, S6K1, and
others. Building on this, [25] elucidates the intricate balance
and connectivity between AMPK activation and mTORC in-
hibition under different energy stress conditions, and [7] takes
the discussion to another level by connecting this signaling
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pathway with cell biogenesis, regeneration, and autophagy.
Another avenue of exploration, as presented in a study [29],
concerns the surge in intracellular calcium levels and its
subsequent effects on AMPK and mTORC signaling. Addi-
tionally, [6] elaborates on the interrelation of AMPK activation
with Af production and tau phosphorylation. Furthermore, the
attenuation of eEF2K activity, influenced substantially by the
mTORC complex, AMPK, and MEK/ERK [17], demonstrates
potential in mitigating pathophysiological symptoms in AD
model mice [1]. Such insights lead us to formulate an AMPK
network that integrates the eEF2 and mTORC pathways, in-
tending to enhance our grasp of the mechanisms underpinning
AD.

Previously mentioned and other molecular experiments have
accumulated abundant data on AMPK regulatory pathways,
which provides a broad foundation for mathematically mod-
eling the AMPK-regulated mechanisms of neurodegenerative
pathologies. From the structural perspective, [23] demonstrate
using both computational prediction and in vivo experiment
to demonstrate how AS and AMPK misfolding contribute
to the toxicity of neurodegnerative disease. By modeling the
dynamics of regulatory proteins under different conditions,
[17] explains the combined interactions of Ca?* and eEF2K
in neurons and [25] describes the response to environmental
stimuli via AMPK-regulated pathways. The study in [33], [34]
provides a meticulous analysis of the vulnerability of individ-
ual brain regions by simulating the production, degradation,
and diffusion dynamics of AD biomarkers in a spatiotemporal
way. Similarly, the research in [19] meticulously crafts a model
elucidating synaptic signaling dynamics leading to the activa-
tion of AMPK and mTORC across distinct brain subregions.
Nevertheless, there has been limited modeling effort directed
towards elucidating the regulatory network of AMPK during
AD progression. Additionally, insights into protein interactions
under varying degrees of AD severity remain relatively scarce.

III. METHODOLOGY

In this section, we introduce a protein regulatory framework
revolving around AMPK to emulate the dynamic neurodegen-
erative processes within neural cells. Our objective is to delve
into the complex pathology of AD by examining the intricate
interplay of proteins and the consequential cellular activities
governed by these multifaceted interactions.

A. AMPK regulatory network

Our schematic network begins with the abnormal production
of the amyloid precursor protein (APP), which leads to an
over-accumulation of amyloid-beta monomers. Through hy-
drogen bonding, these monomers aggregate into oligomers
and plaques, which permeate cerebral cells via multiple re-
ceptors. This process results in the activation of AMPK
[28], which converts a large proportion of the AMPK into
its phosphorylated state (Fig. 1). Subsequently, the activated
AMPK governs two interconnected but distinct pathways:
the mTROCI1 system and the eEF2 pathway. Upon activa-
tion, AMPK phosphorylates and activates Tuberous Sclerosis
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Complex 2 (TSC2), a crucial component of the TSC protein
complex. This complex, also comprised of TSCI, acts as a
critical regulator of mTORCI1. The TSC complex functions
as a GTPase-activating protein (GAP) for the small G-protein
Ras homolog enriched in the brain (RHEB). When TSC2 is
phosphorylated and activated by AMPK, it enhances the GAP
activity of the TSC complex, promoting the conversion of
active GTP-bound RHEB to its inactive GDP-bound state. This
process decreases the activation level of mTORCI1 due to the
reduced level of RHEB-GTP [25]. Consequently, the reduced
mTORCI activity leads to a decrease in the phosphorylation
of protein phosphatase 2A (PP2A), therefore maintaining
more PP2A in its active form. This active PP2A can then
dephosphorylate ribosomal protein S6 kinase beta-1 (S6K1)
and eEF2K, effectively reducing their activity. On the other
side, as a kinase, AMPK directly activates eEF2K, enhancing
its activity. eEF2, the only known substrate for eEF2K, is
directly phosphorylated by eEF2K. As a result, the mRNA
translation rate is diminished due to the decreased availability
of eEF2 in its active (dephosphorylated) state [1].

B. Mathematical Model

To illustrate the relative relationship between each pair of
protein and their protein modification state, we model each
individual protein into two states, either phosphorylated or
dephosphorylated state.

Vmax : [S]

rate = ——
K +[5]

ey

The Michaelis-Menten equation is used to model the relation-
ship between a kinase and its substrate [27]. Instead of the
regular law of mass equation, the Michaelis-Menten equation
describes the saturation behavior of enzymes, as it assumes
that there is a finite number of enzyme molecules in the sys-
tem. As substrate concentration increases, the reaction rate in-
creases but eventually plateaus at V},,,x reflecting the enzyme’s
saturation. Also, the Michaelis-Menten equation takes into
account the formation of an enzyme-substrate complex, which
is often a crucial step in enzyme-catalyzed reactions. On top
of that, Vihax can be expressed by the product of the turnover
number (k.,t) and the total enzyme concentration ([Eliotal)-
The turnover number, also known as the catalytic constant,
represents the maximum number of substrate molecules that
an enzyme molecule can convert to a product per unit of time.
Thus, the equation is:

Vinax = Keat - [E]total 2
This equation is often used to relate the macroscopic properties
of an enzyme-catalyzed reaction (the maximum reaction rate)
to its microscopic properties (the turnover number). It assumes
that all of the enzymes are in the active form and that the
substrate concentration is saturating, which are the conditions
under which Vj,,., and k.4 are typically measured. Thus, the
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Michaelis-Menten equation used in our modeling takes the
form of

kcal : [E]total . [S]

rate = Km + [ S} )

3)
where the upper k¢, represents in our model to what extent
the substrate gets phosphorylated or dephosphorylated by
the upstream enzyme. As the value for k.,; increases, a
greater proportion of the substrate undergoes phosphorylation
or dephosphorylation. The lower k,, measures the quickness
of the reaction completion. As the value for &y, increases, the
reaction between enzyme and substrate takes a longer time to
reach completion.
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Fig. 1: Diagram of AMPK-regulated AD pathology. The
protein interaction pathway starts from the accumulation of
the extracellular AS diffusing into the neuronal cell through
different receptors. Activated AMPK regulates two major
pathways, mTROCI1 and eEF2. (Created with BioRender.com)

Based on the proposed mechanistic pathway described in
Fig. 1, there is a total of 17 proteins in our model, each
represented by an ordinary differential equation that charac-
terizes their respective temporal dynamics. Our model aims to
simulate the direct one to one relationship between a kinase
and its substrate, thus, neglecting other kinds of ways that may
contribute to the change in the state of the substrate. In Table I,
take equation (15) as an example, this equation describes
the concentration change of phosphorylated state eEF2K as
a result of direct phosphorylation by the upstream kinase
and dephosphorylation by its phosphatase. The overall rate
of change for eEF2K phosphorylation is determined by two
main processes. The first is the phosphorylation from eEF2K
to peEF2K, which is proportional to the phosphorylation rate
constant and the concentration of both activated pAMPK
(kinase) and eEF2K (substrate). However, this is offset by
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TABLE I: Mathematical Representation for AMPK Regulation Network

M B =k ap — ka_ap - [AB]

d[AMPK AB]-[AMPK AMPK
Z; m{ ] 77kphos AMPK * K"h([’/[igi/f%ﬁ ;%I{APK] +kkdephos_AMPK K dephngXﬁg;][LAk{PK]
[Tsdc] phos_. AMPK[pA];'/[E(;] ‘A[‘,If‘/ISPCK]-'—[AMPK] dephos_. AMPETSIE?ephO_AI\/IPK+[pAMPK]
(4) dat = kphos TSC m + kdephos TSC m
5) d[pthSC] Ephos_TsC - % Edephos_Tsc - %

(6)  UBReb=GIP] _ kg [PTSC] - [Rheb — GTP] + ks, - [Rheb — GDP]
%) W = ki2q - [PTSC] - [Rheb — GTP] — kqa; - [Rheb — GDP]
®  UmTORCL _ g wrroc - [Rheb — GTP] - [nTORC] + kup,_mrroC - [NTROC]
[m
[

©  UmTORGal _ 4, rroc - [Rheb — GTP] - [NTORC] — kyp_mTrOC - [MTROCa]
d PPQA] [mTROCa]-[PP2A] [pPPP2A]
(10) = —Kphos_PP2A ° R phos pPoa+[PP2A] + Kdephos_PP2A - RKaepho, PP2A+[pPP2A]
1 d[pPP2A] k [mTROCa].[PP2A] . [pPP2A]
an dt = Pphos PP2A " K ppaa+[PP2A] dephos PP2A " 1 bpoa+(PPP2A]
(12) d[sff” = —Kphos_S6K1 * —IEZ;:?S;&ELS[G(I}%]H + Kdephos_S6K11 * Kaopno [Spﬁfﬁﬂ[p%m] + Kdephos_S6K12 * chﬁi?ﬁll'([fiﬁ,gﬁm]
d[pS6K1] _ [mTROCa]-[S6K1] [pS6K1] [PP2AJ-[pS6K1]
a3 dt = Kphos_seK1 - K phos_sek1+[S6K1] kdephos_sek1 - Kdepho_s6K1+[PS6K1] kdephos_sek12 - Kdephos_seK12+([PS6K1]
d[eEF2k] _ [PAMPK]:[eEF2K] [peEF2K]
(14) [e at ]7 _kphos_cEFQK . W + kdcphos_cEF2k ° [PP2A] : chpho[_c;;;F2k+][PeEF2k]
d[peEF2k AMPK]-[eEF2k eEF2k
(15) pT = kphos_eEF2K . m - kdephos eEF2k * [PPQA} . Kdepho_:;nkﬂpe];;pgk]
(16) d[eEF2] - —k . — [peEF2K]:[eEF2] + kd . EF2 - [peEF2]
dt phos_e Kphos_eEF2 +[eEF2] ephos_e Kdepho_cEF2+[PeEF2]
17 w = kphos_eEF2 : % - kdephos_eEFZ . Kdepho[zzllfji][PEEFQ]
the dephosphorylation of peEF2K back to eEF2K. This de- TABLE II: Kinetic Parameters
phosphorylation is proportional to the dephosphorylation rate b . Best Val ey ——

. arameter €S alue ange/nererence
constant and the concentration of both PP2A (phosphatase) . 0046 5 Xg10_4 5x 10°1]
and peEF2K (substrate). Equation (1) reflects the change in k:al; 0-0376 [4 % 10,4’ 4% 1071

. . al N El
concentration of AZ by the mutual effect of synthesis and Fophos_ampk 0.856 [5 % 1073,1]
degradation. Substrates in equation (6,7,8,9) are not subject Kpm;_ampk 635.96 [12,800]
to phosphorylation; however, they still transition from one Kdepho_ampk 02279 [3x 1074,3 x 1071]
activated state to another, represented by the law of mass Kgepho_ampk ~ 993.84 (2, 1000]
equations. Other than these, proteins are modeled in a similar Fephos_tsc 6.61x107%  [1x107°,2x 1077

Kohos_tsc 1274.99 (10, 1500]
way. phos_t )
. -3 -5 2
A total of 31 parameters (Table II) are used in our math- ’;geph"—“c 2;;16 ;810 [563 Gxoég ' 1x1077
ematical model, with seven parameter values sourced from k“e"h"-‘“ 9.746 % 10~5 { 151 0}75 3% 10-7]
existing literature and the rest 24 parameter values unknown. kfzd 1.958 x 10—4 [1.>< 10~ 27 x 1073]
. . . . t . b
We apply the genetic algorithm, specifically the nondominated Kb miore 1320 x 1074 [4x 1075,4 x 103
sorting genetic algorithm (NSGA-II) [26], to optimize the Kb miore 4.74 x 10-3 [1x1075,7.5 x 10~3]
values of unknown parameters. Experimental Western blot data Kdepho_seki1 ~ 3.51 x 10~* [5x 10755 x 1073]
is extracted using Image] [9]; each band is extracted four Kaepho_sekil ~ 966.456 [50, 1000]
times and the average intensity is used as the final value to Kphos_cef2k 0.0435 [5x1075,5 x 1072
smooth out possible discrepancies between each measurement. Kphos_cerzc 179.68 (2, 200] \ ,
The relative change between proteins is quantified and used to ’;?ep‘“’—eefz" (1)3014;9 [fg >;5100 5 x 1077
construct the mathematical equations for the objective function " dephocef2k 001 {6'; 1 0,]4 3% 10-1]
used in the algorithm. The values of unknown parameters are [gh:'emfz 15.02 (0.1, 20] '
. . . . . . . . . 0S_¢ee: . it}
optimized through iterative processes aimed at minimizing the depho wn  0.6457 (2.3 x 1074, 0.7]
difference between experimental data and simulation, with the K deph;_eefZ 35.031 [0.5, 200]
final values obtained from the last iteration. A complete list Kphos_sok1 2.9 x 104 [17]
of parameters is provided in Table II, and Table III lists the Kaepho_sek1 318 [17]
initial protein concentration at the start of each simulation. Kaepho_sek1z ~ 14.83 [17]
kphos_ppZa 12 [1 7]
IV. RESULTS Kphos pp2a 46.83 [17]
A. Dynamics of AMPK-regulated proteins Kdepho_pp2a 30.07 (17]
In this section, we first analyze protein dynamics and Ephos_pp2a 22.525 L7
Kdepho_s6k12 0.0012 [17]

interactions. This step ensured that the relative relationships
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Fig. 2: Comparison between simulated results and experimen-
tal data. Solid lines correspond to model outcome, and red
dots correspond to experimental data [13], [18], [30], [31].

TABLE III: Cellular Initial State

Protein Concentration Protein Concentration
AB 0.5 pPP2A 19.6

AMPk 22.5 pPP2A 19.6

pAMPK 18 S6K1 18

TSC 25 pS6K1 20.5

pTSC 15 eEF2K 44

Rheb-GTP 6.3 peEF2K 23

Rheb-GDP  12.5 eEF2 40

mTROC 60.25 peEF2 16.5

mTROCa 13.5

between each protein pair evolved as anticipated based on
established knowledge. Following this, it was imperative to
validate the authenticity of our simulation results. We com-
pared specific protein relationships from our model with
experimental data, focusing on the ones between Rheb-GTP
with mTORCa, pAMPK with pTSC, pAMPK with pS6Kl,
and peEF2 with pAMPK, as depicted in Fig. 2.

Both the experimental data, derived from Western blotting,
and our simulation outcomes were normalized using the Min-
Max scaling, ensuring a consistent range between 0 and 1. As
observed in Fig. 2, the simulated data (represented by the black
line) closely aligns with the experimental results (indicated
by red dots). This congruence underscores the efficacy of our
optimization methodology and the accuracy of the constructed
protein interaction pathways, ensuring that our subsequent
analyses are grounded in robust and validated data, thereby
enhancing the reliability and relevance of our findings.

B. eEF?2 effect on AD pathology

In our pursuit to elucidate the pathology of AD through
kinetic modeling, we meticulously simulated various real-life
conditions by modulating kinetic parameters. This approach
facilitated a more nuanced understanding of the relative con-
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Fig. 3: Percent concentration of three proteins (pAMPK,
peEF2, mTROCa) compare to control under different con-
ditions. Left: Simulated results where AS synthesis rates
increase (2, 5, 10 times respectively) to simulate the different
severity of the AD condition. Right: Simulated results of
using different AMPK inhibitors to affect the system, where
kphos_ampk 1s reduced to 75, 50, 25 percent of its original level.

tribution of the mTORC complex and eEF2 to the disease
state. We adjusted the kinetic parameter ks o, to 2, 5, and
10-fold of its original level to simulate different levels of
neurodegeneration in AD progression, as suggested in [22].
As shown in the left panel of Fig. 3, this led to changes in
peEF2 concentration by 8.3%, 14.5%, and 22.3%, respectively,
compared to the control group, while the changes in mTORCa
concentration were —4.4%, —6.1%, and —7.2%. Meanwhile,
we modeled the effect of a hypothetical pAMPK inhibitor by
reducing Aphos_ ampk to 75%, 50%, and 25% of its original
level. This yielded changes in peEF2 of —5.2%, —7.8%, and
—11.5%, and changes in mTORCa of 2.3%, 3.6%, and 5.2%
compared to control.

These observations underscore a pivotal point: the mTORC
pathway, while influential, appears less susceptible to systemic
perturbations than the eEF2 pathway. Although both pathways
play significant roles in the cellular milieu, the pronounced
alterations in peEF2, juxtaposed against mTORCa’s more
subdued changes, position eEF2-controlled de novo protein
translation as a more sensitive player in AD’s pathology, and it
is cogent to postulate that the eEF2 pathway, with its profound
influence on protein translation, holds a pivotal role in the
pathological cascade of AD [21].

C. Exploration of drug targeting on protein translation

Our model robustly posits that under the influence of Ap,
there is a pronounced perturbation in cellular protein transla-
tion, potentially elucidating the underlying pathology of AD.
This prediction resonates coherently with many extant exper-
imental data. Notably, studies have documented a discernible
decline in protein translation, concomitant with a diminished
eEF2 concentration in mutant mice predisposed to aberrant
Af production [21]. Further corroborating our findings, these
empirical investigations have unveiled the therapeutic poten-
tial of modulating eEF2 pathways. Specifically, an intriguing
experiment involving the crossbreeding of AD genotype mice
with eEF2K knockout genotype revealed a salient outcome:
the resultant double mutant mice, bereft of the capability
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TABLE IV: Therapeutic Target for eEF2

Target pathway  Activity level Drug type

koa 1.467 activator

kub_mTROC Inefficacy activator

K gepho_ampk 0.283 allosteric activator

K gephos_pp2a 0.68 allosteric activator

K gephos_eef2k 0.731 allosteric activator
Kephos_eef2 0.861 allosteric activator
Kdephos_eef2 1.083 allosteric activator
Kdephos_eef2k 1.251 allosteric activator
Kdephos_pp2a 1.284 allosteric activator
Kdepho_ampk 3.376 allosteric activator
Kdephos_TSC Inefficacy allosteric activator
Kdephos_TSC Inefficacy allosteric activator
Kphos_eef2 1.235 competitive inhibitor
Kphos_cef2k 1.279 competitive inhibitor
Kphos_pp2a 1.355 competitive inhibitor

K phos_ampk 2.435 competitive inhibitor
Kphos_TSC Inefficacy competitive inhibitor
kant 0.13 inhibitor

kb_mTROC 0.744 inhibitor

Kphos_ampk 0.42 non competitive inhibitor
Kphos_pp2a 0.779 non competitive inhibitor
Kphos_eef2k 0.801 non competitive inhibitor
Kphos_eef2 0.9288 non competitive inhibitor
Kphos_Tsc Inefficacy non competitive inhibitor

to synthesize activated eEF2K, manifested a marked upsurge
in protein translation. Concomitantly, there was a discernible
alleviation in their AD pathophysiological symptoms in which
double mutant mice manifest improved ability in both novel
object recognition and old/new object preference task [1]. This
empirical evidence underscores the pivotal role of eEF2-centric
cellular processes in AD’s etiology and illuminates a novel
path of inventing potential therapeutics in targeting rescuing
the level of protein translation.

In our quest to identify potential therapeutic targets for
modulating eEF2 levels and de novo protein synthesis, we
employed a sensitivity analysis to delineate which model
parameters exert the most profound influence on eEF2 con-
centration. Relevant parameters, implicated in the final con-
centration of eEF2, are cataloged in Table IV. Depending
on their inherent relationship with eEF2 concentration, these
parameters are conceptualized as potential targets for either
activation or inhibition. In enzymological terms, a competitive
inhibitor affects the binding affinity of substrate and enzyme,
enlarging the value of the Michealis-Menten constant (K,).
A non-competitive inhibitor affects the rate at which substrate
is turned into production, thus reducing the turnover number
(kcat) in the mathematical equation. An activator serves the
opposite as the inhibitor, enhancing k., as well as reducing
K, separately. To ascertain the sensitivity of each parameter,
our model aimed for a 10% elevation in eEF2 concentration,
subsequently determining the requisite modulation of each
parameter to achieve this desired therapeutic outcome. Owing
to the bidirectional nature of enzymatic modulation (both
enhancement and reduction), normalization was achieved by
reciprocally transforming activity levels below unity. In this
paradigm, a 10-fold increase or a 10-fold decrease in activity
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is equated to an equivalent magnitude of change. The less
pronounced the required change for a given interaction, the
more therapeutically viable it is deemed, thus marking it as a
prime candidate for drug targeting [14].

Taking Kphos_cer2 s a paradigmatic example, this parameter
governs the interaction between the substrate eEF2 and its
upstream kinase peEF2. To attain our therapeutic objective,
a diminished conversion rate of eEF2 to peEF2 is sought.
As such, the desired modulation necessitates a reduction in
the value of Kppos ce2. In this context, a non-competitive
inhibitor emerges as a potent tool. By selectively binding to the
allosteric site of peEF2 (the enzyme in this interaction), it can
attenuate its catalytic activity, thereby decelerating the con-
version of eEF2 (substrate) to its phosphorylated form, peEF2
(product). Model computations elucidate that a diminution to
92.8% of the baseline level of kpnos_cef2 is requisite to instigate
a 10% augmentation in eEF2 concentration. The normalized
value, 1.0766, underscores the potential of this interaction as
a prime therapeutic target. Interestingly, four interactions were
delineated as inefficacious within our simulation paradigm.
Such interactions either wield a minimal influence, rendering
parameter modulation insufficient to realize the desired effect,
or their modulation introduces systemic perturbations that
inadvertently invert the relational dynamics between specific
proteins. Our computational predictions transcend the straight-
forward targeting of eEF2 and its proximal kinase, eEF2K,
offering insights into more intricate upstream interactions that
might be therapeutically exploitable. A hierarchy of efficacy is
delineated in Fig. 4, with the paramount interactions positioned
to the left and the least influential ones to the right.

Remarkably, our analysis unveils that beyond the direct
modulation of eEF2, several alternative pathways exhibit com-
parable therapeutic potential, as evidenced by their capacity to
achieve a baseline modification below 150%. This revelation
broadens the therapeutic horizon, presenting a multifaceted
array of targets. For instance, having discerned the inverse
relationship between mTORCa levels and the salutary effects
of augmented autophagy, there emerges a compelling propo-
sition: the synthesis of a potent pharmaceutical agent that
simultaneously stimulates A3 autophagy and augments protein
translation through the inhibition of mTORCa. In fact, the
most well-known mTROC complex inhibitor along with many
other inhibitors, have already demonstrated their potency in
treating various neurodegenerative diseases, though clinical
trials are still limited [3], [16]. Moreover, it’s imperative to
highlight the apparent suboptimal efficacy of targeting AMPK,
a phenomenon that warrants elucidation. As illustrated in
Fig. 1, activated AMPK (pAMPK) exerts dual influences. On
one flank, it fosters the conversion of eEF2 to peEF2, while
conversely, it facilitates the reversion of peEF2 to eEF2 by
attenuating the mTORC complex. This dichotomous modula-
tion renders the AMPK pathway less amenable as a sensitive
therapeutic target, underscoring the intricacies inherent in
cellular signaling networks.

To better illustrate the effectiveness of regulating mTROC
rather than AMPK, Fig. 5 provides a simulation of protein
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Fig. 4: Simulation illustrating the modulation of specific
protein-protein interactions to achieve a desired 10% increase
in the final eEF2 concentration. The y-axis refers to the
percentage change in parameters relative to their baseline
values.

dynamics during the progression of AD with respect to time by
either targeting AMPK or mTROC. Initially, the protein sys-
tem is stabilized to attain its primary equilibrium. Subsequent
to this stabilization, AD onset is mimicked by amplifying kg ap
by 5-fold at £ = 4000 minute. In both figures, we observe the
increment in AS induces a tremendous activation of AMPK,
eEF2K, and a discernible decrease in the activated eEF2 level,
contributing to a lower overall protein translation rate. After
the system reaches the second equilibrium, to revert these
proteins, particularly eEF2, back to their normal state, we sim-
ulate targeting either the deactivation of AMPK (Kgepho_ampk)
or deactivation of mTROC (Kub_miorc). Both treatments prove
to have a therapeutic effect on reverting proteins eEF2K and
eEF2 to their original level, and the only difference is that
targeting mTORC complex, a downstream effector of AMPK,
does not affect the overall activation level of AMPK, as
depicted by the trajectories in red and green in Fig. 5. Though
two simulations render comparable therapeutic level, targeting
(Kdepho_ampk) requires a 10-fold increment, whereas targeting
mTROC (kyb_miore) oOnly requires a less than 1.5-fold incre-
ment. Once again, this underscores the potential superiority of
strategizing interventions on pathways downstream of AMPK
for optimal therapeutic leverage.

V. DISCUSSION

In our comprehensive study, we combined systems biology
and neuroscience methodologies to construct and validate a
regulatory protein network focused on the role of AMPK
in AD progression. Our kinetic modeling, rigorously cross-
verified against experimental data, unveiled the complex dy-
namics of protein interactions. Interestingly, while the mTORC
pathway emerged as a significant player, it was the eEF2
pathway that stood out, revealing its paramount role in AD’s
pathological cascade. Sensitivity analyses further spotlighted
potential therapeutic targets, emphasizing the therapeutic po-
tential of modulating eEF2 levels and de novo protein syn-
thesis. These insights set the stage for exploring innovative
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Fig. 5: Simulation illustrating the initiation of AD by enlarging
the ks_ap by 5-fold at ¢ = 4000 min, followed by either AMPK-
targeted or mMTROC-targeted medication treatment at ¢ = 5500
min. Left: AMPK-targeted treatment by deactivating AMPK
through enlarging kgcpho_ampx by 10-fold. Right: mTROC-
targeted treatment by deactivating mTROC through enlarging
Kub_mtore by 1.5-fold.

therapeutic interventions, particularly those targeting the piv-
otal eEF2-centric cellular processes.

While our study offers invaluable insights into the intri-
cate protein interactions in AD progression, we recognize
some inherent limitations. Firstly, our model, despite being
robust, is a simplification of the highly complex biological
processes. As such, some nuance interactions of feedback loop
and the complex crosstalk between pathways might not be
fully represented. For instance, the tau hyperphosphorylation
cascade, another critical hallmark in AD, is regulated by var-
ious feedback mechanisms through glycogen synthase kinase
38 (GSK-3p3) and cyclin-dependent kinase 5 (CDKS5) [15].
Additionally, the amyloid precursor protein (APP) processing
pathway, which results in the production of AS peptides,
possesses intricate feedback loops that can influence AfS
production rates. Future studies can incorporate more elements
by building on the existing model, mapping out a bigger
picture of AD, and allowing a more comprehensive exploration
of the multifaceted interactions and regulatory mechanisms
inherent in the disease’s progression. Secondly, the parameter
values utilized in our model, though rigorously optimized, are
derived from existing literature and experimental data. These
values might not fully capture the diverse variability inherent
in in vivo conditions. Authenticating our findings through wet
lab validation would significantly enhance the authenticity of
our results and bolster the predictive capability of the model.

Understanding the intricacies of protein translation extends
beyond just the realm of Alzheimer’s disease; it encompasses a
broader spectrum of neurodegenerative diseases. The delicate
equilibrium of protein translation is not merely pivotal for
synaptic plasticity and neuronal functionality but also under-
pins cellular growth, differentiation, and the cellular response
to various stressors. Disruptions in this crucial balance have
repercussions that manifest in a slew of neurodegenerative
conditions, from Parkinson’s disease and Huntington’s disease
to amyotrophic lateral sclerosis (ALS) [8]. While direct inter-
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ventions targeting eEF2 have demonstrated therapeutic poten-
tial in various in vivo animal studies, the translation of these
findings into clinical practice remains embryonic. As of now,
clinical trials specifically targeting eEF2 are conspicuously
absent, underscoring the nascent stage of this research avenue.
Conversely, strategies aimed at inhibiting mTORC, which our
study suggests can emulate the therapeutic effects of eEF2
modulation, are already in the clinical trial pipeline, with some
advancing to early phase I and II stages. Thus, our findings,
combined with the success of targeting mTORC in clinical
trials, underscore the urgent need for dedicated research into
drugs that target eEF2, offering potential therapeutic avenues
for various neurodegenerative disorders.
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