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Abstract

Disturbed protein homeostasis is a hallmark of aging and many neurodegenerative disorders,

reflecting imbalances in protein synthesis and clearance. The interplay of these processes

defines protein turnover and maintains a functional proteome. Protein turnover regulation

remains challenging to quantify, particularly in post-mitotic human neurons and at a scale

compatible with small molecule or genetic screening. In this PhD thesis, we established

a live-cell imaging platform based on a fluorescent timer to perturb and quantify protein

turnover in stem cell–derived human neurons and to identify pharmacological modulators in

a disease-relevant context.

We generated human induced neurons expressing the fluorescent timer which allows quanti-

tative determination of protein turnover. We then implemented the timer in the context of a

high-content imaging workflow suitable for phenotypic screening. A primary screen of 6,000

small molecules identified compounds that enhanced protein turnover. The dose–response

profiling of the prioritized candidates yielded a set of robust modulators spanning diverse

target classes. From this group, we selected three hits: CI-994, CGP-52411 and AS-252424.

We performed RNA-seq and LFQ proteomics of drug-treated neurons, which converged on

translation- and ribosome-associated signatures, whereas the abundance of proteasome and

canonical autophagy components remained largely unchanged, suggesting that turnover en-

hancement can arise from functional regulation of existing protein quality control machinery

rather than increased abundance.

To relate turnover modulation to proteotoxic stress, selected compounds were tested in an

α-synuclein (aSyn) preformed-fibril seeding model in mouse primary neurons and human

dopaminergic neurons. Pathology was quantified by high-content imaging of phosphorylated

aSyn (pS129) and confirmed by immunoblotting. All three compounds suppressed the pS129

pathology in a concentration-dependent manner without altering fibril uptake, consistent

with modulation of early aggregation and/or neuronal stress responses.

In summary, this work describes a scalable single-cell imaging framework for protein turnover-

focused screening in human neurons, provides candidate small-molecule modulators, and

establishes an experimental basis to dissect how neuronal protein turnover can be tuned

under basal and proteotoxic conditions. While the causal links between protein turnover mod-

ulation, long-term neuronal health, and neuroprotection require further study, the platform

generalizes beyond Parkinson’s disease and enables systematic exploration of proteostasis-

targeting strategies across diverse conditions.
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Résumé

Une altération de l’homéostasie protéique constitue une caractéristique majeure du vieillis-

sement et de nombreuses maladies neurodégénératives, reflétant des déséquilibres entre

la synthèse et la dégradation des protéines. L’interaction entre ces processus définit le re-

nouvellement protéique et permet de maintenir un protéome fonctionnel. La régulation du

renouvellement protéique reste difficile à quantifier, en particulier dans les neurones humains

post-mitotiques et à une échelle compatible avec des criblages pharmacologiques ou géné-

tiques. Dans cette thèse de doctorat, nous avons établi une plateforme d’imagerie en cellules

vivantes basée sur un minuteur fluorescent afin de perturber et de quantifier le renouvelle-

ment protéique dans des neurones humains dérivés de cellules souches, et d’identifier des

modulateurs pharmacologiques dans un contexte pertinent pour la maladie. Nous avons

généré des neurones humains induits exprimant ce minuteur fluorescent, permettant une

détermination quantitative du renouvellement protéique. Nous avons ensuite intégré cet outil

dans un flux de travail d’imagerie à haut contenu adapté au criblage phénotypique. Un criblage

primaire d’environ 6 000 petites molécules a permis d’identifier des composés augmentant le

renouvellement protéique. L’établissement de profils dose–réponse des candidats prioritaires

a conduit à un ensemble de modulateurs robustes couvrant diverses classes de cibles. Parmi

ceux-ci, nous avons sélectionné trois composés : CI-994, CGP-52411 et AS-252424. Nous avons

réalisé des analyses de transcriptomique (RNA-seq) et de protéomique quantitative sans mar-

quage (LFQ) sur des neurones traités, révélant des signatures associées à la traduction et

aux ribosomes, tandis que l’abondance des composants du protéasome et de l’autophagie

canonique restait globalement inchangée, suggérant que l’augmentation du renouvellement

peut résulter d’une régulation fonctionnelle des mécanismes existants de contrôle qualité des

protéines plutôt que d’une augmentation de leur abondance. Afin de relier la modulation du

renouvellement protéique au stress protéotoxique, les composés sélectionnés ont été testés

dans un modèle d’ensemencement par fibrilles préformées d’α-synucléine (aSyn), dans des

neurones primaires murins et des neurones dopaminergiques humains. La pathologie a été

quantifiée par imagerie à haut contenu de l’aSyn phosphorylée (pS129) et confirmée par

immunoblot. Les trois composés ont réduit la pathologie pS129 de manière dose-dépendante

sans altérer l’absorption des fibrilles, ce qui est cohérent avec une modulation des étapes

précoces de l’agrégation et/ou des réponses neuronales au stress. En résumé, ce travail décrit

une plateforme d’imagerie unicellulaire évolutive pour le criblage axé sur le renouvellement

protéique dans les neurones humains, fournit des modulateurs candidats de petites molé-

cules, et établit une base expérimentale pour analyser comment le renouvellement protéique
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Résumé

neuronal peut être modulé dans des conditions basales et protéotoxiques. Bien que les liens

causaux entre la modulation du renouvellement protéique, la santé neuronale à long terme

et la neuroprotection nécessitent des investigations supplémentaires, cette plateforme est

généralisable au-delà de la maladie de Parkinson et permet une exploration systématique de

stratégies ciblant la protéostasie dans divers contextes pathologiques.

Mots-clés : criblage, renouvellement protéique, minuteur fluorescent, neurones, protéostasie

neuronale, maladie de Parkinson, ensemencement d’alpha-synucléine, pS129, CI-994, CGP-

52411, AS-252424
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1 Introduction

They are in you and in me;

they created us, body and mind...

— Richard Dawkins

1.1. Proteome & Protein Turnover

Proteins are essential macromolecules and the primary functional building blocks of living

organisms. A human cell contains approximately 1–10×1010 protein molecules, accounting for

roughly 60% of cellular dry mass (Neurohr and Amon 2020; Milo 2013). Together, these proteins

constitute the cellular proteome, whose integrity and function are fundamental to normal

physiology. Maintaining a functional proteome requires protein homeostasis (proteostasis),

an interconnected network of processes that includes (but is not limited to) protein synthesis,

post-translational modifications, folding and refolding, trafficking, and degradation (Figure

1.1). Proteostasis is inherently dynamic, continuously adapting to internal states and external

cues. A central component of proteostasis is protein turnover, the tightly regulated balance

between protein production and decay that preserves proteome function over time. Although

the proteome defines cellular identity, individual proteins are constantly turned over, and

synthesis and degradation must be coordinated to match the demands of the cell’s state. For

example, self-renewing stem cells maintain relatively low protein levels through increased

degradation and reduced synthesis compared to more committed cell types (Signer et al.

2014). In dividing and differentiating cells such as progenitors, net protein synthesis must

exceed net protein degradation to support growth and accommodate the demands of changing

identity (Signer et al. 2014; Kristensen et al. 2013). In contrast, in terminally mature cells,

protein synthesis and degradation must remain balanced to maintain proteostasis in non-

dividing, non-growing cells. Challenging the dynamics of protein synthesis and degradation

1



Introduction

can therefore reveal how these processes are co-regulated (Ross et al. 2021).

Protein turnover is not uniform across biological scales. Across species, differences in protein

turnover have been linked to life expectancy, longer-lived mammals tend to display slower

turnover of abundant proteins (Swovick et al. 2021) Additionally, protein turnover defines

organismal tempo, including developmental timing and circadian rhythms; for example,

mouse cells generally exhibit faster turnover than human cells (Diaz-Cuadros et al. 2023;

Matsuda et al. 2020). Within an organism, turnover rates also vary markedly between tissues:

the brain exhibits slower baseline protein turnover than many other organs (Fornasiero et al.

2018; Hammond et al. 2016; Price et al. 2010). The brain is composed of diverse cell types

including long-lived neurons and glial cells. Protein turnover rates differ between these

cell types and their subcellular compartments, with neuronal proteins generally turning

over more slowly than the same proteins in glia, and with additional compartment-specific

patterns within neurons that point to specialized regulation of degradation across the soma,

neurites, and synaptic compartments (Dörrbaum et al. 2018). Consistent with this, multiple

studies report that synaptic proteins can be particularly long-lived compared with proteins in

neuritic or bulk cytosolic fractions (Dörrbaum et al. 2018; Kluever et al. 2022; Heo et al. 2018).

In addition, sex-dependent differences in protein stability have been detected in synaptic

hippocampal neurons in mice, indicating that biological variables such as sex can influence

proteome dynamics (Heo et al. 2025).

Figure 1.1: The protein homeostasis network. Protein production and maintenance depend
on the proteostasis network, which governs protein synthesis, folding, maturation, and proper
intracellular targeting, as well as their eventual degradation via the ubiquitin–proteasome
system (UPS) or autophagy. Reprinted from (Hetz 2021) with permission from Elsevier.
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1.1 Proteome & Protein Turnover

Finally, proteostasis capacity is challenged in aging and disease. Declining proteostasis is a

hallmark of aging and is accompanied by changes in protein turnover and quality-control

pathways (Hetz 2021; Fornasiero and Savas 2022). Dysregulated protein turnover has been

implicated across diverse pathologies, including neurodegeneration as well as proliferative and

metabolic diseases such as heart hypertrophy, pancreatic cancer, and leukemia, underscoring

the broad relevance of measuring and mechanistically dissecting proteome dynamics in

physiological and disease contexts (Signer et al. 2014; Ross et al. 2024; Ross et al. 2021; Lau

et al. 2018). In this thesis, I will focus in particular on neurons as a typical post-mitotic system,

where the absence of cell division and extreme longevity place especially stringent demands

on protein quality control.

1.1.1. Protein Production

During protein synthesis, polypeptide chains are synthesized on ribosomes using mRNA as a

template. Consequently, the capacity of protein synthesis depends on both mRNA abundance

and translational efficiency, which together determine the rate at which a given transcript is

converted into protein. While mRNA levels are shaped by transcription and mRNA turnover,

translational efficiency is regulated at multiple steps, including initiation, elongation, and

termination, and can change rapidly in response to cellular state.

From genes to proteins

Historically, gene expression has been studied predominantly at the transcript level, and

transcriptomics has been widely used to define cell identity and disease-associated states. In

contrast, large-scale measurements of proteins and metabolites remained behind for technical

reasons, but have accelerated with methodological advances over the last decade (Aebersold

and Mann 2016; Johnson et al. 2016; Jiang et al. 2020; Li et al. 2025; Skinnider et al. 2021).

Importantly, transcription represents only an early step in the flow of information from genes

to function, and mRNA abundance alone cannot capture many regulatory processes that

ultimately shape cellular phenotypes. Discrepancies between RNA and protein levels arise be-

cause protein abundance reflects not only transcript availability, but also post-transcriptional

regulation, including translation, post-tranlational modifications (PTMs) and protein turnover

(Johnson et al. 2022). In a mouse hippocampus, short-lived proteins involved in neuronal

structure and RNA regulatory complexes showed stronger local mRNA–protein correlation,

whereas long-lived proteostasis/translation machinery proteins remained comparatively sta-

ble despite local mRNA differences, increasing apparent RNA–protein decoupling across

compartments (Kaulich et al. 2025). Moreover, cells rapidly reorganize gene expression and

signaling by redistributing existing RNAs and proteins into biomolecular condensates such

as stress granules, a process that can occur on minute time scales and does not necessar-

ily require changes in total RNA or protein abundance, although it is frequently coupled to

translational repression and altered mRNA fate (Banani et al. 2017; Youn et al. 2019). Such

mechanisms highlight that regulation can occur through localization and physical state, not

3



Introduction

only through changes in expression levels.

The decoupling between transcripts and proteins appears particularly pronounced in the brain

and becomes more evident with aging and disease. In animal models, multi-omic profiling

of aging killfish brains showed increasing RNA–protein discordance, including protein-level

declines not matched by mRNA changes, while in amyloid mouse models longitudinal pro-

teomics and turnover measurements indicated that altered protein turnover contributed to

proteome–transcriptome mismatch during disease progression (Di Fraia et al. 2025; Yarbro

et al. 2025). Consistent with this, quantitative human tissue profiling has shown that many

transcripts did not exhibit tissue-enriched patterns that match those of their encoded proteins;

for example, multiple transport proteins involved in signaling and neurotransmission were

highly enriched in brain at the protein level without corresponding RNA enrichment (Jiang

et al. 2020). Across human tissues, mRNA abundance explains much of mean protein abun-

dance, yet tissue-to-tissue protein differences often deviate from RNA changes, consistent

with reproducible post-transcriptional regulation reflected in shifting protein-to-mRNA ratios

(Franks et al. 2017). In large human post-mortem Alzheimer’s disease (AD) brain cohorts,

proteomics combined with RNA-sequencing revealed protein modules and disease-associated

changes that were weakly captured by transcript-level patterns, highlighting substantial post-

transcriptional regulation (Johnson et al. 2022). Similarly, in human AD post-mortem cortex,

disease-associated protein alterations and inferred pathway changes were not directly pre-

dictable from RNA measurements and the corresponding transcripts alone, consistent with

earlier reports (Katayama et al. 2025). In amyloid mouse models, longitudinal brain proteomic

profiling has reinforced transcriptome-based observations yet additionally highlighted plaque-

associated and lysosome/autophagy-related protein changes that were not explained by RNA

levels alone, including altered protein degradation dynamics and shifts in protein turnover

as pathology advances (Yarbro et al. 2025). These observations and discrepancies in RNA-

protein levels motivate approaches that directly measure translation and protein dynamics,

particularly in neuronal systems where post-transcriptional regulation is prominent.

Synthesis of proteins

Protein synthesis occurs through mRNA translation in ribosomes and is continuously active

in cells, yet tightly regulated to match biosynthetic demand, stress conditions, and nutrient

availability. Translation proceeds through three main stages, i.e. initiation, elongation, and

termination. Initiation is a rate limiting step and it is controlled by the eukaryotic initiation

factor 2 (eIF2) pathway, which modulates initiation by delivering the initiator tRNA to the ribo-

some and thereby rapidly tunes the overall translational output. During elongation, ribosomes

decode the mRNA while elongation factors coordinate tRNA selection and ribosomal translo-

cation, making elongation speed and pausing key determinants of co-translational folding

and proteome quality control. Finally, termination occurs when a stop codon is recognized by

release factors, triggering hydrolysis of the peptidyl-tRNA bond, release of the nascent chain,

and recycling of the ribosomal subunits for subsequent rounds of translation. Newly synthe-
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1.1 Proteome & Protein Turnover

sized polypeptides must acquire their functional three-dimensional structure and are guided

through spontaneous folding as well as chaperone-assisted folding and refolding mostly with

Hsp70-family chaperones and chaperonins such as Hsp60 (Bukau and Horwich 1998). After

synthesis, proteins are further submitted to post-translational modifications (PTMs) such as

phosphorylation, ubiquitination, or glycosylation, that can strongly influence protein stability

and turnover. Phosphorylation has been shown to exert widespread and sometimes coun-

terintuitive effects on protein turnover, with many phosphosites globally delaying turnover;

in contrast, phosphosites that accelerate turnover appear to be preferentially maintained for

cellular fitness (Wu et al. 2021). Ubiquitination provides an additional major layer of control by

tagging proteins for degradation via the ubiquitin-proteasome system (UPS), thereby coupling

signaling and quality control to proteome renewal.

At the mechanistic level, protein synthesis rates are determined by two principal factors:

mRNA abundance and translation efficiency (the number of proteins produced per mRNA

per unit time). Because each transcript can be translated at a distinct efficiency, it is useful

to distinguish gene-specific translation from the global protein synthesis rate, defined as

the total rate of new protein production across the proteome within a cell. Global protein

synthesis can change rapidly with cellular state and varies across developmental and differen-

tiation stages (Signer et al. 2014). During differentiation, modulation of protein synthesis has

been proposed as a dominant driver shaping protein expression programs (Kristensen et al.

2013), and translational output can influence fate decisions, including in neocortical neurons

(Borisova et al. 2024). At the organismal level, protein synthesis is also tuned by systemic

physiology, increasing with nutrient availability (feeding) and decreasing during fasting, and

is further modulated by exercise, which redistributes resources and remodels proteostatic

demand across tissues (Saxton and Sabatini 2017).

Protein synthesis pathologies

Protein synthesis is a crucial determinant of cellular fitness; therefore, it is not surprising

that prolonged inhibition of protein synthesis has been linked to cell death. With age, ribo-

some stalling becomes more prevalent in yeast and nematodes, leading to a surplus of de

novo synthesized polypeptides and disruption of proteostasis (Stein et al. 2022). In the aging

brain, proteome regulation is further shaped by loss of ribosome stoichiometry, aberrant

translational elongation, together with post-translational signaling layers: age-dependent

phosphoproteome remodeling affects proteins implicated in neurodegeneration, and en-

compasses pathways linked to senescence, inflammation, including p53 and cytokines, and

cell-cycle regulation (Di Fraia et al. 2025; Mohallem et al. 2024). These observations highlight

that age-associated dysfunction is not only reflected in changes in protein abundance, but also

in altered translational control and post-translational modification states that can reprogram

protein activity, interactions, and stability.

Against this aging backdrop, neurodegenerative diseases (ND) often exhibit more pronounced

5
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Introduction

and disease-specific disruptions of translational capacity, as the translation machinery is

remodeled. In Parkinson’s disease (PD), pathological α-synuclein has been reported to impair

mRNA stability and disruptions in mRNA decay kinetics in disease-relevant pathways in PD

post-mortem brains and patients-derived neurons (Hallacli et al. 2022). In addition, leucine-

rich repeat kinase 2 (LRRK2), a regulator of endolysosomal trafficking, commonly mutated

in familial and sporadic PD, is associated with suppressed translation, as demonstrated by

nascent-synthesis assays and phosphorylation readouts in rodent models and patient fibrob-

lasts (Deshpande et al. n.d.; Rui et al. 2018). However, earlier reports showed that mutant

LRRK2 variants can also increase protein synthesis in vivo in Drosophila melanogaster and in

human neurons (Martin et al. 2014). Consistent with altered translational capacity in human

disease, post-mortem PD brains across Braak stages displayed region- and stage-dependent

changes in nucleolar/rRNA/ribosomal factors and initiation/elongation components that

followed α-synuclein oligomers (Garcia-Esparcia et al. 2015). In addition, proteomics of

human substantia nigra identified the ribosome pathway as a of the most affected, driven

largely by downregulation of mitochondrial ribosomal proteins (Jang et al. 2023). Moreover,

pathogenic α-synuclein has been reported to activate mechanistic Target Of Rapamycin

Complex 1 (mTORC1) and augment protein synthesis in transgenic D. melanogaster and PD

post-mortem brain tissue (Khan et al. 2023).

During amyloi d −β (Aβ) accumulation, pulse-labeling with azidohomoalanine (AHA) cou-

pled to quantitative mass spectrometry revealed age-dependent shifts in newly synthesized

proteins, with early and persistent dysregulation of vesicle-transport networks and mitochon-

drial respiratory-chain components in cortex and hippocampus of APP/PS1 mice (Ma et al.

2020). This is in line with findings from AD post-mortem brains, where proteins associated

with ribosomes, translation and RNA metabolism were downregulated (Cai et al. 2025). In

tauopathies, translation changes appear stage- and pathway-dependent: tau can directly

interact with ribosomal proteins, which is associated with reduced ribosome biogenesis and

impaired ribosome function (Koren et al. 2019; Evans et al. 2019), whereas tauopathy fruit fly

models showed globally elevated translation rates at early disease stages, including translation

of transcripts that are typically poorly translated under basal conditions (Zuniga et al. 2024).

Altered translation is also evident in other protein-misfolding disorders. In prion-diseased

mice, 35S-methionine incorporation and polysome profiling linked sustained eIF2α phospho-

rylation to prolonged translational repression (Moreno et al. 2012). In TDP-43 amyotrophic

lateral sclerosis (ALS) models, ribosome and polysome profiling supported a cascading im-

balance driven by disrupted ribosome dynamics and altered mRNA localization (Lauria et al.

2025).

Beyond changes in translational output, PTMs add an additional layer of regulation by modu-

lating protein activity, interactions, aggregation propensity, and clearance. Phosphorylation

of aggregation-prone proteins has been linked to synaptic dysfunction and pathological

self-assembly, including tau in tauopathies (Tai et al. 2012). Consistent with this frame-

work, systems-level interactome mapping in a tauopathy mouse model similarly reveals early,
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1.1 Proteome & Protein Turnover

phosphorylation-dependent rewiring of thousands of soluble protein complexes that precedes

neuronal loss, emphasizing that neurodegeneration involves global remodeling of protein

interaction networks rather than isolated changes in protein abundance (Lin et al. 2025).

In synucleinopathies, phosphorylation of α-synuclein at Ser129 (pS129) is widely used as a

marker of pathology, and additional PTMs such as nitration and ubiquitination have been

detected in disease models and in PD post-mortem brains (Walker et al. 2013; Kellie et al. 2014;

Mahul-Mellier et al. 2020), however, the full scope and the function of these modifications

remain unclear.

Given this context and model-dependent increases and decreases in translational output,

modulation of protein synthesis has been proposed as a therapeutic strategy (Charif et al. 2022).

For example, in models with excessive LRRK2-associated translation, anisomycin-mediated

suppression of protein synthesis alleviated neurodegeneration, and targeting the unfolded

protein response via eIF2α modulation rescued disease phenotypes in mouse models of tau-

related frontotemporal dementia (FTD) (Charif et al. 2022; Martin et al. 2014; Halliday et al.

2017).

1.1.2. Protein Clearance

When a protein no longer performs its function, it must be removed to preserve cellular

integrity. In eukaryotic cells, protein clearance occurs primarily through the ubiquitin–

proteasome system (UPS) and the autophagy–lysosome pathway (Blair et al. 2017; Pohl and

Dikic 2019). Together, these machineries eliminate damaged, old, or dysfunctional proteins,

recycle their building blocks into amino acids for cellular metabolism, and enable replacement

with newly synthesized functional equivalents, thereby maintaining proteostasis. Protein

removal is commonly described by a decay rate constant, k (units of time−1), which quantifies

how rapidly a protein is cleared.

Interestingly, k can vary across proteoforms encoded by the same gene, for example due to

alternative RNA splicing, and is further modulated by post-translational modifications that

alter stability or degradation targeting (Leduc et al. 2025; Li et al. 2025). Recent proteome-

wide studies using advanced metabolic pulse-labeling and proteomics methods indicate that

half-lives of individual proteins extend from sub-day to multi-day timescales (Leduc et al.

2025; Schwanhäusser et al. 2011; Li et al. 2025; Fornasiero et al. 2018; Mathieson et al. 2018;

Dörrbaum et al. 2018). Proteins such as transcription factors are turned over rapidly, whereas

structural components such as myelin basic protein and scaffold nucleoporins/histones can

persist for months in mammalian brain (Alber et al. 2018; Fornasiero et al. 2018; Dörrbaum

et al. 2018). Protein interactions further shape degradation kinetics: proteins incorporated

into the same multi-protein complexes tend to exhibit more similar half-lives than expected

by chance, and complex assembly/disassembly dynamics correlate with the turnover of their

constituents (Dörrbaum et al. 2018; Kelmer Sacramento et al. 2020; Cavarischia-Rega et al.

2024). It should be noted that protein lifetime is determined not only by intrinsic sequence
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features and post-translational regulation, but also by subcellular context and incorporation

into macromolecular assemblies.

In proliferating cells, apparent protein loss also reflects dilution by cell division, which be-

comes particularly relevant for long-lived proteins whose half-lives exceed the cell-cycle length.

Consistent with this, growth-dependent dilution has been reported to explain a substantial

fraction of protein concentration changes across conditions (Leduc et al. 2025). By contrast,

in non-proliferative contexts, degradation rate can explain around one third of variance in

protein abundance in non-growing, primary mammalian cells, while leaving substantial room

for additional determinants, including protein-specific synthesis rates and other regulatory

factors (Mathieson et al. 2018; Leduc et al. 2025).

Protein degradation is also regulated across physiological states and aging. Proteome mainte-

nance capacity declines with age, and reduced protein turnover is a recognized feature of aging

proteostasis (Kluever et al. 2022). Across mammals, degradation rates of abundant proteins

have been reported to inversely correlate with species lifespan, raising the possibility that

slower baseline turnover in long-lived organisms may represent an energy-efficient strategy

that is nevertheless compatible with proteome stability (Swovick et al. 2021). Indeed, quiescent

cells from long-lived organisms appear more resistant to proteotoxic stress than those from

short-lived organisms with higher protein degradation rates (Swovick et al. 2021). In particular,

as cells exit the cell cycle, long-lived proteins can become a disproportionate proteostatic bur-

den, since reduced dilution would otherwise favor their accumulation. Fibroblasts entering

quiescence globally reduce protein synthesis while increasing degradation to compensate for

the absence of growth (Welle et al. 2016).

Finally, protein quality control pathways exhibit functional redundancy and flexibility. Many

substrates can engage more than one clearance route depending on cellular conditions;

for example, when one degradative pathway is pharmacologically blocked, proteins can

be rerouted to alternative mechanisms (Cui et al. 2024). In addition, some substrates can

undergo both ubiquitin-dependent and ubiquitin-independent proteasomal degradation,

further expanding the repertoire of protein clearance strategies available to the cell (Erales

and Coffino 2014).

Degradation via Ubiquitin-Proteasome System

Ubiquitination is a central post-translational modification that labels soluble proteins, in-

cluding misfolded or damaged species, for recognition by the ubiquitin–proteasome system

(UPS) and, in many cases, subsequent degradation by the proteasome (Pohl and Dikic 2019).

Collectively, the UPS degrades the majority of intracellular proteins (Rock et al. 1994).
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Ubiquitination

Ubiquitin is conjugated to substrates through a hierarchical enzyme cascade: an ATP-dependent

ubiquitin-activating enzyme (E1) forms an intermediate binding with ubiquitin, transfers

ubiquitin to a ubiquitin-conjugating enzyme (E2), and a ubiquitin ligase (E3) catalyzes ubiqui-

tin transfer from the E2 to specific substrate proteins. Mono-ubiquitination can be followed

by addition of additional ubiquitin molecules to generate polyubiquitin chains. Large number

of E3 ligases ensures substrate specificity and selectivity of the UPS (Tai and Schuman 2008).

Ubiquitin contains seven lysine residues that can serve as linkage sites for chain extension,

enabling distinct chain topologies with different functional consequences (Tai and Schuman

2008). In general, K48-linked chains are the canonical signal for degradation by the 26S pro-

teasome, while K63-linked chains together with mono-ubiquitination more often mediate

non-proteolytic functions such as trafficking and endocytosis, although ubiquitin signaling

can be context-dependent and it is not fully understood (Tai and Schuman 2008). Ubiquitin

signaling is further shaped by deubiquitinating enzymes (DUBs), which remove or edit ubiqui-

tin chains, and by accessory factors including chaperones and shuttling proteins that help

deliver ubiquitinated substrates to the proteasome.

Consistent with the importance of ubiquitin-dependent quality control in the nervous system,

disruption of the E3 ligase LISTERIN causes severe, early-stage and progressively worsening

neurological impairment accompanied by marked motor deficits in mice (Chu et al. 2009).

Moreover, ubiquitin-positive aggregates are a hallmark of multiple neurodegenerative dis-

orders; ubiquitin is frequently detected in Lewy bodies and co-localizes with pathological

α-synuclein in cellular models of pS129 α-synuclein pathology and PD post-mortem brains

(Mahul-Mellier et al. 2020). The coordinated, bidirectional changes in the abundance of spe-

cific ubiquitin enzymes allowed to distinguish between disease and non-disease state (Collins

et al. 2025).

Proteasome

In the UPS, the proteasome serves as the proteolytic core that degrades a broad range of

soluble proteins and recycles their constituent amino acids. The proteasome is a dynamic,

multi-subunit complex whose activity is regulated not only by total abundance but also by the

stoichiometry and assembly of distinct core and regulatory particles (Fabre et al. 2014). The

substrates must be unfolded to pass through the narrow entry channel of the core particle,

which makes intrinsically disordered regions or accessible unstructured segments particularly

important for efficient degradation.

The 20S core proteasome subunit consists of four stacked heptameric rings, and its catalytic β

subunits harbor caspase-, trypsin-, and chymotrypsin-like activities. The 20S core can degrade

certain substrates in a ubiquitin-independent manner, producing short peptide fragments

without requiring ATP-dependent ubiquitin recognition (Fabre et al. 2014). In several human
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cell lines and in the rodent nervous system, uncapped 20S particles have been reported to

represent a major fraction of total proteasome complexes (Fabre et al. 2014; Ramachandran

and Margolis 2017). The 20S core subunit can associate with regulatory particles, including the

19S subunit to form the ATP-dependent 26S proteasome (single-capped) or 30S proteasome

(double-capped) (Türker et al. 2023), as well as alternative regulators such as PA200 and PA28

family activators (Fabre et al. 2014). More generally, proteasome activators bind to the α-

subunit ring and promote gate opening, thereby facilitating substrate entry (Thibaudeau et al.

2018).

Degradation by 26S/30S proteasomes requires ATP and typically begins with polyubiquitinated

substrates binding to the 19S regulatory particle, which engages, deubiquitinates, unfolds,

and translocates substrates into the 20S core. Substrate-intrinsic features strongly influence

degradability, including the length of unstructured initiation regions, amino-acid composition

biases, the position at which degradation is initiated, and the stability of the folded domain

(Collins et al. 2023). Proteasome function is also shaped by accessory factors, including

chaperones and ubiquitin enzymes that regulate ubiquitin chain editing and substrate delivery

(Fabre et al. 2014). Importantly, proteasome abundance does not necessarily reflect proteolytic

flux: in intact hippocampal neurons under basal conditions, only about one fifth of 26S

proteasomes were engaged in substrate processing, consistent with spare degradative capacity

that can mitigate transient increases in proteotoxicity (Asano et al. 2015). However, the fraction

of actively processing proteasomes in different cellular contexts remains incompletely defined.

Proteasome complex composition and localization further suggest specialized functions. Pro-

teasome subunits can be unevenly distributed across subcellular compartments, for instance

in neurons, where 19S components are enriched in neuronal projections and synaptic regions,

whereas 20S subunits are more abundant in the soma and at the plasma membrane (Sun

et al. 2023; Ramachandran and Margolis 2017). Consistent with functional specialization,

individual subunits can display distinct half-lives and exhibit specialized activity, e.g., free

19S complexes at synapses deubiquitinate synaptic proteins, thereby supporting neuronal

transmission (Dörrbaum et al. 2018; Sun et al. 2023).

Proteasome activity can be modulated by altering subunit expression and complex assembly.

For example, overexpression of the catalytic subunit PSMB5 increases the abundance of active

20S/26S complexes (Chocron et al. 2022). Similarly, human embryonic stem cells exhibit

higher chymotrypsin-like proteasomal activity than neural progenitors and neurons, which

has been attributed to elevated levels of the 19S subunit PSMD11 and enhanced assembly of

26S/30S proteasomes (Vilchez et al. 2012). At the level of substrate processing, some regulatory

subunits are selectively required: PSMD1 has been reported to be necessary for degradation

by the 26S proteasome but dispensable for 20S-mediated degradation (Makaros et al. 2023).

Proteasome activity can also be altered by small molecules, which I will discuss in Section 1.4.

Although the UPS relies heavily on ubiquitination, ubiquitin-independent degradation by the

proteasome is also well documented (Erales and Coffino 2014; Makaros et al. 2023; Collins
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et al. 2023). In some cases, degradation is promoted by specific sequence elements (degrons)

that are sufficient to trigger recognition and proteolysis (Makaros et al. 2023). In addition to

canonical pathways, the midnolin–proteasome pathway has been proposed as an alternative

route for ubiquitin-independent substrate turnover (Gu et al. 2023). A widely known example

of ubiquitin-independent rapid turnover is mouse ornithine decarboxylase (ODC1), whose C-

terminal sequence destabilizes the protein and promotes proteasomal degradation, mutations

in this region can prolong its otherwise short half-life (Collins et al. 2023; Takeuchi et al. 2008).

More broadly, degrons can be fused to proteins of interest to tune protein half-life, providing a

versatile strategy to experimentally modulate protein stability (Collins et al. 2023; Makaros

et al. 2023).

Autophagy-lysosome pathway

A second major conserved degradative system is the autophagy-lysosome pathway. In this

process, cytosolic material is sequestered into double-membrane vesicles, termed autophago-

somes, which subsequently fuse with lysosomes where the cargo is degraded by hydrolytic

enzymes. Autophagy can proceed in a bulk or selective manner and is particularly important

for the clearance of long-lived proteins, damaged organelles such as mitochondria, and pro-

tein aggregates that are not efficiently removed by the ubiquitin-proteasome system (UPS)

(Pohl and Dikic 2019; Hommen et al. 2021).

A key route of autophagy induction is inhibition of mTORC1, which relieves repression of

the autophagy-initiation machinery and promotes autophagosome formation (Jaeger and

Wyss-Coray 2009). This regulatory link underscores the close inverse relationship between

autophagy and protein synthesis through mTOR pathway, as conditions that suppress anabolic

activity tend to favor intracellular recycling. Beyond its role in bulk degradation, autophagy

therefore contributes both to cellular quality control and to metabolic adaptation under stress.

The autophagy-lysosome pathway is also functionally connected to the UPS. Ubiquitin can

serve as a signal for degradation in both systems, and adaptor proteins such as p62 link

ubiquitinated cargo to both the proteasome and the autophagic membrane (Pohl and Dikic

2019). This interplay indicates that the two pathways act as interconnected components

of the broader proteostasis network rather than as fully independent systems. Consistent

with this view, mTORC1 inhibition can redirect certain proteins toward either proteasomal or

autophagic degradation depending on the available capacity of each pathway (Cui et al. 2024).

Importantly, autophagy is regulated in a cell type-dependent manner, including within the

brain. In astrocytes, autophagy can be strongly induced by nutrient deprivation or mTOR

inhibition (Kulkarni et al. 2020). In contrast, neurons appear comparatively insensitive to

these canonical stimuli, suggesting a stronger dependence on constitutive autophagy for

basal homeostasis (Maday and Holzbaur 2016; Kulkarni et al. 2020). A similar tendency has

been described in quiescent and senescent cells, which also show limited responsiveness to

starvation or mTOR inhibition and instead appear to rely more heavily on basal autophagic
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activity (Zhang et al. 2017; Carroll and Korolchuk 2018). Together, these observations highlight

that the contribution of autophagy to proteostasis is highly context-dependent and shaped by

both cell identity and physiological state.

Protein degradation pathologies

While findings on translational dysregulation in ND can be heterogeneous and context-

dependent, evidence for impaired protein clearance is comparatively more consistent. ND

are frequently described as proteinopathies, characterized by disturbances in protein quality

control and the accumulation of aggregation-prone species, underscoring the importance

of protein turnover (dys)regulation for neuronal health (Hommen et al. 2021). Deregulated

protein degradation has been implicated in AD, PD, and Huntington’s disease (HD), among

others (Chocron et al. 2022; Myeku et al. 2016; Riguet et al. 2021). Importantly, abnormalities

in proteasomal function are not restricted to neuron-related disorders but have also been

reported in diverse conditions such as cancer, type 2 diabetes mellitus, and cardiac injury,

highlighting how central regulated protein quality control is for cellular metabolism (Zhou

et al. 2024; Wang, Luo, et al. 2025; Li and Wang 2011; Collins et al. 2023; Lau et al. 2018).

The late-life onset of many ND strengthens the view that proteostasis networks can buffer

pathogenic stressors early in life, but become less resilient with aging (Hetz 2021). During

aging, the proteome undergoes substantial alterations, and loss of proteostasis is considered a

hallmark of aging that has been associated with reduced proteasome activity (Kluever et al.

2022; Kelmer Sacramento et al. 2020; Hetz 2021). Moreover, age-related changes in protein

production and maturation can be compounded by an increased burden of misfolded proteins,

which promotes aggregation and potentially further compromises clearance pathways (Di

Fraia et al. 2025; Stein et al. 2022; Mohallem et al. 2024).

The UPS plays a critical role in clearing persistently misfolded proteins through poly- ubiq-

uitination and proteosomal degradation (Hommen et al. 2021). A proposed convergent

mechanism in several neurodegenerative proteinopathies is that toxic, aggregation-prone

proteins can impair proteasome function, for example by allostericaly interfering with the 20S

core (Thibaudeau et al. 2018). In AD, which is characterized by extracellular amyloid plaques

composed of amyloid-β (Aβ) peptides and intracellular tau fibrils, Aβ and tau oligomers have

been reported to directly inhibit proteasome activity, and UPS dysfunction may in turn exac-

erbate amyloid and tau pathology (Chocron et al. 2022; Myeku et al. 2016; Thibaudeau et al.

2018). Consistent with this, reduced proteasome activity has been detected in post-mortem

AD brains and negatively correlates with Braak stage severity (Chocron et al. 2022). Lower

levels of 20S core proteasome and its disturbed stoichiometry between subunits were shown

in brains of AD patients (Collins et al. 2025). In PD, Lewy bodies composed of aggregated

α-synuclein are a pathological hallmark, and progressive α-synuclein accumulation has been

linked to disruption of both the UPS and autophagy pathways (Lindersson et al. 2004; Xilouri

et al. 2009). Similarly, in HD, cytoplasmic and nuclear inclusions are observed, largely driven

by expanded polyglutamine repeats in huntingtin (HTT) (Riguet et al. 2021). Pharmacolog-
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ical proteasome inhibition with lactacystin increases HTT aggregation, supporting a direct

link between impaired degradation and inclusion formation (Waelter et al. 2001). Proteomic

analyses of inclusions in cellular models expressing mutant HTT and familial AD mice models

further identified enrichment of proteins involved in protein quality control machinery such

as degradation, protein folding, and translation, consistent with the idea that sequestration

of proteostasis components into aggregates can further perturb cellular protein homeostasis

(Riguet et al. 2021; Yarbro et al. 2025).

Altered autophagic flux can have dual consequences in post-mitotic cells: reduced autophagy

may compromise protein and organelle clearance, whereas excessive autophagic activity

can also be harmful and contribute to cell death, underscoring the need for tight regulation

of autophagy (Jaeger and Wyss-Coray 2009). Autophagy is therefore particularly important

for long-lived proteins, damaged organelles, and aggregates that are inefficiently handled

by the UPS (Pohl and Dikic 2019; Hommen et al. 2021). Consistent with an age-associated

decline in proteome maintenance, aging wild-type mice show a widespread reduction in

protein recycling that coincides with reduced autophagic flux (Andrews et al. 2022). In AD

and related tauopathies, evidence from patient brains, mouse models, and cell culture sys-

tems indicates hyperactivation of autophagy-inhibiting mTORC1 together with inhibition

of the downstream autophagy-promoting ULK1 complex, providing a mechanistic frame-

work for impaired autophagy in neurodegenerative pathology (Palmer et al. 2025). Beyond

macroautophagy, pathological α-synuclein can inhibit chaperone-mediated autophagy, fur-

ther limiting selective lysosomal clearance pathways in synucleinopathies (Xilouri et al. 2009).

Conversely, pharmacological activation of macroautophagy has been shown to ameliorate

neurodegenerative phenotypes in tauopathy and prionopathy models, supporting autophagy

enhancement as a therapeutic strategy when appropriately tuned (Yoon et al. 2022).

Despite major advances in turnover measurements and extensive evidence for proteostasis

dysfunction, how protein degradation rates shift across neurodegenerative conditions remains

incompletely defined, in part because effects can be cell-type-, pathway-, and stage-specific.

In a dementia-relevant cellular model (progranulin knock-out) and FTD patient-derived

i 3Neurons, metabolic labeling and subsequent proteomics showed reduced degradative ca-

pacity and altered protein turnover (Cavarischia-Rega et al. 2024). Although the mean protein

half-life was largely unchanged, approximately 25% of proteins displayed significantly shifted

half-lives, including functional trends such as slower turnover of proteins linked to axons

and protein polymerization, alongside faster turnover of proteins involved in RNA catabolic

processes (Cavarischia-Rega et al. 2024). In AD models, turnover changes likewise appear

context-dependent: in the AppNL-F knock-in mouse, cortex at symptomatic age displayed

altered labeling patterns consistent with increased turnover for proteins related to synaptic

vesicle recycling and mitochondria, likely reflecting combined changes in synthesis and degra-

dation; however, these conclusions were drawn from 15N/K6 incorporation proxies rather

than direct half-life estimation and were not evident at pre-symptomatic stages (Andrews

et al. 2022). In contrast, direct proteome-wide turnover analysis in 5xFAD mice quantified
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turnover of 8,492 brain proteins and showed that proteins associated with the amyloid plaque

formation have slower degradation, for example, Aβ-binding proteins or autophagy/lysoso-

mal components, linking plaque-associated microenvironments to locally impaired protein

clearance during disease progression (Yarbro et al. 2025).

Genetic strategies that enhance protein clearance by boosting lysosomal/autophagy or pro-

teasomal capacity have shown therapeutic promise in multiple neurodegeneration models

(Jaeger and Wyss-Coray 2009; Pohl and Dikic 2019; Palmer et al. 2025). Increasing activity of

transcription factor EB (TFEB), which is a regulator of the autophagy-lysosomal pathway, or

Beclin-1, a key protein in autophagosome, promotes lysosome biogenesis and autophagic

flux and has been reported to protect neurons from α-synuclein– and Aβ-driven toxicity and

to preserve nigrostriatal function in PD and AD mice (Decressac et al. 2013; Xiao et al. 2015;

Pickford et al. 2008). In parallel, genetic enhancement of the proteasome, for example, by

increasing PSMD11/RPN6 to promote 26S assembly or by overexpressing catalytic subunits

such as PSMB5—can elevate proteasome activity and improve AD-like phenotypes in vivo

(Vilchez et al. 2012; Chocron et al. 2022). Finally, a recent finding suggests that activating

PA200/Blm10-dependent 20S proteasomes may promote α-synuclein degradation even under

conditions of proteasome inhibition (Ali et al. 2026). The pharmacological enhancement of

protein clearance is discussed in Section 1.4.

1.1.3. Pathways Governing Protein Turnover

Protein turnover is governed by an extensive protein quality-control network that integrates

synthesis, folding, trafficking, and clearance. Systematic efforts have catalogued more than

2,000 proteins directly linked to proteostasis control, spanning chaperones, degradation ma-

chineries, and regulatory factors; nevertheless, this number is likely an underestimate, and

new components and connections continue to emerge, such as for example the midnolin–

proteasome pathway (Jayaraj et al. 2020; Hetz 2021; Gu et al. 2023). A comprehensive dis-

cussion of all pathways is therefore beyond the scope of this thesis. Instead, the sections

below focus on key regulatory principles relevant to protein turnover, and more specifically in

neurons.

A central feature of proteostasis control is the engagement of adaptive signaling pathways

under stress that coordinate multiple arms of the network to preserve folding and clearance

capacity. These include the integrated stress response (ISR), the unfolded protein response

(UPR), and heat-shock responses, which initially act as protective mechanisms by tuning trans-

lation, chaperone availability, and degradation. However, when stress is severe or prolonged,

the same pathways can become maladaptive, shifting from homeostatic compensation toward

irreversible outcomes such as apoptosis (Hetz 2021).

Beyond classical stress pathways, nutrient- and growth-sensing signaling exerts major control

over turnover, with mTORC1 acting as a central hub that promotes protein synthesis while

suppressing autophagy, thereby coupling anabolic and catabolic aspects of proteostasis (Liu
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and Sabatini 2020). More broadly, synthesis and degradation are interdependent: changes

in one process can trigger compensatory adjustments in the other, shaping the net turnover

state and, in some contexts, driving cells toward a new steady-state rather than restoring the

original equilibrium (Hetz 2021; Sun et al. 2025).

Coordination of Protein Synthesis and Degradation

Protein synthesis and protein degradation are tightly interconnected, and changes in one arm

of proteostasis often elicit compensatory responses in the other. Nevertheless, these processes

are frequently interrogated in isolation, for example, by focusing only on translation with

ribosome/polysome profiling (Moreno et al. 2012; Lauria et al. 2025) or by quantifying only

clearance capacity using proteasome- or autophagy-centered assays (Chocron et al. 2022).

Proteomics-based turnover measurements and emerging dynamic labeling strategies increas-

ingly enable joint, proteome-wide estimation of synthesis and decay, helping to disentangle

how these fluxes co-vary (Ross et al. 2021; Li et al. 2025; Leduc et al. 2025). Coordination is

also evident at the single-cell level: synthesis and degradation rates inferred from a tandem

fluorescent timer were correlated across individual cells, supporting the existence of cell-to-

cell co-regulation of the two rates (Alber et al. 2018). Several observations illustrate functional

interdependence between synthesis and degradation. In vivo, translation inhibition with

anisomycin impairs fear learning in mice, but co-inhibition of the proteasome with lactacystin

can restore performance, consistent with the idea that neuronal function depends on main-

taining a balanced relationship between production and clearance (Lee et al. 2008). At the

systems level, reductions in proteasome activity have also been linked to altered ribosome

stoichiometry, suggesting that impaired clearance can feed back onto the translational appa-

ratus (Sung et al. 2016; Kelmer Sacramento et al. 2020). Moreover, signaling-driven anabolic

programs can be accompanied by matched increases in degradation for subsets of proteins, as

observed during EGF activation where a pulse of protein synthesis coincided with a transient

increase in degradation for part of the proteome (Golan-Lavi et al. 2017).

A recent study from our group directly addressed how mammalian cells coordinate synthe-

sis and decay upon global perturbations of translation (Sun et al. 2025). Using quantitative

live-cell imaging with the tandem fluorescent timer, computational modeling, and comple-

mentary proteomics, we found that protein decay rates systematically adjust when protein

synthesis rates are altered, in multiple cell types, including human cells and post-mitotic

neurons (Sun et al. 2025). This coordination is explained in large part by a core passive adap-

tation mechanism: when synthesis is decreased, cellular protein concentrations fall, and

the effective decay rate correspondingly decreases in a manner that buffers the changes in

protein abundance that would otherwise occur. Importantly, this adaptation is partial rather

than perfectly homeostatic, implying that cells often reach a new steady state with altered

turnover parameters rather than restoring the original equilibrium (Sun et al. 2025). The

adjustment of the decay is not instantaneous; instead, it unfolds over several hours, meaning

that short-lived proteins are less affected by delayed adaptation, while long-lived proteins
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can be substantially influenced by the evolving decay rate (Sun et al. 2025). This behavior

represents a structural buffering mechanism that helps stabilize proteome levels, but comes

with a trade-off: lowering global decay reduces the responsiveness of the proteome to future

stimuli, as rapid turnover is required for fast remodeling (Schwanhäusser et al. 2011; Sun et al.

2025). Interestingly, this passive mechanism was not recapitulated in naïve pluripotent mouse

stem cells, which instead achieved near-complete compensation of decay rate in response to

synthesis inhibition through an mTOR-dependent enhancement of degradation (Sun et al.

2025). This distinctive behavior may therefore reflect a proteostasis strategy associated with

the naïve pluripotent state, which corresponds to an earlier, preimplantation developmental

stage than conventional cell lines (Tesar et al. 2007; Nichols and Smith 2009).

Mechanistic/Mammalian Target of Rapamycin (mTOR) pathway

Mechanistic/Mammalian Target of Rapamycin (mTOR) is a conserved serine/threonine kinase

that integrates nutrient availability, energy status, and growth-factor signaling to coordinate

cellular growth with metabolic and proteostatic demand (Saxton and Sabatini 2017; Liu and

Sabatini 2020). In mammals, mTOR is the catalytic core of two multi-protein complexes:

mTOR complex 1 (mTORC1) and mTOR complex 2 (mTORC2), which differ in composition,

upstream regulation, substrate specificity, and rapamycin sensitivity (Liu and Sabatini 2020;

Saxton and Sabatini 2017). Because mTOR simultaneously promotes anabolic processes

(including translation, nucleotide synthesis, lipid synthesis) through enhanced glycolysis and

restrains some catabolic pathways, for instance autophagy, it provides a canonical example of

a signaling axis that couples protein synthesis and protein clearance, thereby shaping protein

turnover at the systems level (Saxton and Sabatini 2017; Zhao et al. 2015).

mTORC1 is defined by the scaffold RAPTOR and is acutely sensitive to rapamycin, whereas

mTORC2 contains RICTOR and is typically less sensitive to acute rapamycin exposure (Liu

and Sabatini 2020). Functionally, mTORC1 promotes protein synthesis by phosphorylating

key translation regulators, including 4E-binding proteins (4E-BPs) and S6 kinases, thereby en-

hancing cap-dependent initiation and supporting ribosome biogenesis and broader anabolic

programs (Hara et al. 1997; Saxton and Sabatini 2017). In parallel, mTORC1 suppresses au-

tophagy and lysosome-related programs, e.g., via inhibitory control of the ULK1 complex and

lysosomal biogenesis regulators, biasing the cell toward growth when nutrients and growth

signals are abundant (Saxton and Sabatini 2017; Palmer et al. 2025). By contrast, mTORC2 is

best known for regulating cytoskeletal organization, metabolism, and survival pathways, in

part through phosphorylation of AGC-family kinases (including Akt), thereby linking growth-

factor inputs to downstream cellular remodeling programs (Liu and Sabatini 2020; Saxton and

Sabatini 2017).

A central consequence of mTOR inhibition is a coordinated shift from anabolism to catabolism:

global translation decreases while proteolytic pathways increase (Saxton and Sabatini 2017;

Zhao et al. 2015). Notably, pharmacologic inhibition of mTOR, e.g., rapamycin or Torin1,

can rapidly increase degradation of long-lived proteins by stimulating both autophagy and
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proteasomal proteolysis (Zhao et al. 2015). Proteome-wide studies further suggest that mTOR

inhibition triggers broad changes in ubiquitination and remodels translation programs, con-

sistent with a global reallocation of resources from growth-related biosynthesis toward stress

adaptation and proteome maintenance (Cui et al. 2024).

Upstream mTOR pathway, growth factors such as insulin/IGF and EGF-family ligands activate

receptor tyrosine kinases, e.g. EGFR, engaging Phosphoinositide 3-kinases (PI3K) to generate

lipid second messengers such as Phosphatidylinositol 3,4,5-trisphosphate (PIP3) that recruit

and activate Protein Kinase B (PKB/Akt) (Liu and Sabatini 2020; Saxton and Sabatini 2017).

Activated Akt promotes mTORC1 signaling in part by inhibiting the Tuberous sclerosis com-

plex (TSC1/2) which is a key negative regulator upstream of mTORC1, thereby facilitating

mTORC1 activation under pro-growth conditions (Harrington et al. 2004; Liu and Sabatini

2020). mTOR signaling also participates in feedback control: mTORC1 effectors, e.g., S6K,

can dampen upstream insulin–PI3K–Akt signaling through inhibitory feedback on insulin

receptor substrate proteins (IRS1), which has important implications for pathway dynamics

under chronic stimulation or pharmacologic intervention (Harrington et al. 2004). Consistent

with disease-relevant dysregulation in human models, activation of the PI3K/Akt/mTOR axis

together with increased mTOR phosphorylation were reported in AD patient-derived iPSC

spheroids and correlated with disease severity (Cai et al. 2025).

Although much of mTOR biology was established in proliferating systems, mTOR remains

highly relevant in post-mitotic contexts where long-term proteome maintenance and compart-

ment specific proteostasis are critical. In non-dividing or senescent states, mTORC1 regulation

can become uncoupled from normal nutrient and growth-factor sensing, illustrating how

persistent mTORC1 (hyper)activity may reshape proteostasis demands over time (Carroll et al.

2017). At the organismal level, partial mTOR inhibition provides a benefit, probably due to its

hyperactivity. Genetic and pharmacological blockage has been repeatedly linked to increased

lifespan and improved aspects of healthspan in mammals, consistent with the idea that dialing

down energetically expensive anabolic programs (including translation) can be beneficial

when balanced against tissue function and repair (Harrison et al. 2009; Wu et al. 2013; Bitto

et al. 2016).

In ND contexts, mTOR dysregulation is frequently discussed as a convergence point for al-

tered translation, impaired clearance, and maladaptive stress responses. In AD and related

tauopathies, evidence from patient tissues, mouse models, and cellular systems supports

aberrant activation of autophagy-inhibiting mTORC1 signaling and downstream suppres-

sion of autophagy-promoting modules, potentially contributing to impaired clearance of

aggregation-prone material (Palmer et al. 2025; Davoody et al. 2024). In PD transgenic fruit fly

model and PD patients post-mortem brain tissue, pathological α-synuclein has been reported

to engage the TSC–mTORC1 axis, elevating mTORC1 activity and protein synthesis; impor-

tantly, genetic or pharmacologic inhibition of mTORC1/translation mitigated degeneration

phenotypes in these settings (Khan et al. 2023). Because chronic mTOR inhibition can have

systemic consequences, there is also strong interest in mTOR-independent strategies that en-
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hance autophagic clearance; for example, an mTOR-independent macroautophagy activator

was shown to reduce pathological tau burden and improve phenotypes in cellular models of

tauopathy and prionopathy (Yoon et al. 2022).

Integrated Stress Response

The integrated stress response (ISR) is a central adaptive program that is engaged by diverse

stressors, including endoplasmic reticulum (ER) stress, nutrient or amino-acid limitation,

oxidative/mitochondrial stress, among others. A common molecular output of these inputs

is phosphorylation of eIF2α by one of four stress-sensing kinases (Protein Kinase R-like ER

Kinase (PERK), general control nonderepressible 2 (GCN2), protein kinase R (PKR), or haem-

regulated inhibitor (HRI)), which suppresses global cap-dependent translation initiation while

enabling selective translation of stress-responsive mRNAs such as ATF4 (Wang and Kaufman

2016; Hetz 2021). ATF4-driven transcription promotes proteostasis-supporting outputs such

as chaperone programs, amino-acid and redox metabolism, and autophagy-related pathways,

but sustained ISR activation can become maladaptive and shift toward pro-death signaling

(Wang and Kaufman 2016). In post-mitotic neurons, ISR engagement is increasingly implicated

in aging and disease: for example, accumulation of cytoplasmic double-stranded RNA (dsRNA)

in aged neurons was reported to activate PKR, trigger eIF2α phosphorylation, and promote

dsRNA seclusion into stress granules (Rhine et al. 2025). Pharmacologic ISR modulation can

therefore have functional consequences; notably, ISRIB (ISR InhiBitor) was shown to relieve

translational repression and improve synaptic plasticity and memory-related outcomes in

cellular models and mice (Sidrauski et al. 2013). Consistent with the pathological impact

of chronic ISR signaling, sustained eIF2α phosphorylation has been linked to prolonged

translational repression and neurodegeneration in prion disease models (Moreno et al. 2012).

Unfolded Protein Response

The unfolded protein response (UPR) is an ER-centered stress response that overlaps mecha-

nistically with the ISR but is initiated by ER proteostasis disruption. Conditions that increase

the burden of unfolded or misfolded proteins in the ER (including altered calcium or lipid

homeostasis, high secretory load, and expression of disease-associated proteins) activate ER

stress sensors serine/threonine-protein kinase/endoribonuclease (IRE1), activating transcrip-

tion factor 6 (ATF6), and PERK, in part through changes in BiP/GRP78 engagement (Hetz 2021).

UPR outputs combine rapid translational attenuation via PERK–eIF2α with transcriptional

reprogramming mediated by ATF4, spliced X-box binding protein 1 (XBP1), and cleaved ATF6,

which together enhance ER folding capacity, ER-associated degradation (ERAD), autophagy-

linked programs, and broader quality-control pathways; if homeostasis cannot be restored,

UPR signaling can also promote apoptosis (Hetz 2021). Importantly, UPR activation can

reshape proteome dynamics beyond bulk translation shutdown: under thapsigargin-induced

ER stress, proteome-wide turnover measurements reported an overall slowdown while selec-

tively accelerating ER/Golgi stress-response proteins (Currie et al. 2024). Neurons can also
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exhibit distinct modes of translational control during ER stress; for instance, PERK-deficient

neurons retained the ability to reduce global protein synthesis, but showed diminished ATF4

induction, with compensatory translational control supported by HRI/eIF2α signaling and

angiogenin-dependent mechanisms (Wolzak et al. 2022). Finally, ER stress responses are com-

plemented by cytosolic proteostasis programs such as the heat-shock response (HSR), which

induces molecular chaperones and other quality-control components to limit aggregation

and promote refolding or degradation via the UPS (Jayaraj et al. 2020; Hetz 2021).

1.2. Monitoring Protein Turnover

Protein turnover reflects the dynamic balance between protein production and protein clear-

ance. In quantitative terms, turnover is described by the protein synthesis rate s and the

protein decay rate k. In practice, the term protein turnover is often used more narrowly to

refer to protein degradation, largely because many classical experimental approaches were

designed primarily to measure protein decay (Ross et al. 2021). In this thesis, however, protein

turnover rates are used in the broader sense to encompass both protein synthesis and protein

decay rate.

1.2.1. Mathematical Representation of Protein Turnover

A minimal model describes changes in protein abundance P (t ) over time t as the difference

between synthesis and loss:

dP (t )

d t
= s −k P (t ). (1.1)

Here, synthesis is modeled as a zero-order process with units of concentration per time,

whereas protein loss is modeled as a first-order process proportional to the current protein

amount, such that k has units of time−1 (Ross et al. 2021). In dividing cells, the apparent decay

rate k includes both true molecular degradation (kdeg) and dilution by cell division (kdil):

k = kdeg +kdil. (1.2)

In non-dividing cells (neglecting dilution by growth), kdil = 0 and therefore k = kdeg.

At steady state, synthesis exactly compensates for loss and protein abundance remains con-

stant. Under this assumption,

P = s

k
. (1.3)

The corresponding half-life, t1/2, defined as the time required to remove half of the existing
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protein pool, is

t1/2 = ln(2)

k
. (1.4)

When the steady-state assumption does not hold, for example, during differentiation or in

response to perturbations, protein abundance changes over time and turnover requires a

time-dependent description. A flux-based framework was recently introduced by our group

(Martin and Suter 2022), in which turnover is formulated in terms of synthesis and removal

fluxes (amount of molecules per unit of time) acting on a protein pool P (t). Intuitively,

this representation links the ongoing metabolic activity of the system (continuous synthesis

and/or degradation) to the time needed to process an amount P (t ) of protein, while explicitly

accounting for the degree of imbalance (θ) between influx and outflux that drives changes in

P (t ) (Martin and Suter 2022). Quantifying turnover under such out-of-steady-state conditions

remains a major methodological and technical challenge (Ross et al. 2021; Martin and Suter

2022).

1.2.2. Current Methods of Monitoring

Monitoring protein turnover dynamics in cells provides key insights into diverse biological

processes, including differentiation, stress adaptation, or aging (Kristensen et al. 2013; Signer

et al. 2014; Sabatier et al. 2025). Importantly, turnover measurements aim to quantify rates

of synthesis and/or degradation rather than protein abundance alone. Many established

approaches, however, involve laborious sample preparation and are limited in temporal

resolution or throughput, motivating the development of complementary methods (Ross et al.

2021).

Measuring protein synthesis by nascent-chain labeling

Historically, global protein synthesis was quantified by incorporation of radiolabeled or

stable-isotope-labeled amino acids into nascent polypeptides. Modern, non-radioactive

alternatives include puromycin-based assays and bioorthogonal amino acid labeling (Liu

et al. 2012; Dieterich et al. 2006). Puromycin is an aminoacyl-tRNA mimic that is incorpo-

rated into elongating ribosomes, leading to premature chain termination; newly synthesized

(puromycylated) peptides can then be detected by immunoblotting or microscopy (Liu et

al. 2012). Fluorescence-based variants such as O-propargyl-puromycin (OPP) enable click-

chemistry conjugation to fluorophores, allowing imaging and quantification of nascent syn-

thesis at the single-cell level (Liu et al. 2012). A related and widely used strategy relies on

methionine analogs such as L-homopropargylglycine (HPG; alkyne) and azidohomoalanine

(AHA; azide), which are incorporated co-translationally and subsequently conjugated to fluo-

rophores or other functional moieties using copper(I)-catalyzed azide–alkyne cycloaddition

(CuAAC; so-called click chemistry) (Dieterich et al. 2006; Dieterich et al. 2010). Bioorthogo-
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nal non-canonical amino acid tagging (BONCAT) emphasizes biochemical enrichment: the

azide/alkyne handle on AHA/HPG-labeled proteins is used for immobilization on a solid

support via click chemistry, enabling affinity purification and downstream analyses such

as mass spectrometry to characterize newly synthesized proteomes (Dieterich et al. 2006).

The fluorescent-based variation of this method is fluorescent non-canonical amino acid

tagging (FUNCAT) is an imaging-forward implementation of metabolic labeling in which

AHA- or HPG-labeled proteins are detected by click conjugation to fluorescent dyes Texas

Red-PEO2-alkyne (TRA) and 5’-carboxyfluorescein–PEO8–azide (FLA), enabling readouts by

microscopy, flow cytometry, or immunoblotting (Dieterich et al. 2010; Carlisle et al. 2023).

In particular, these approaches can be used either for global synthesis quantification or for

protein-specific identification of nascent proteins, depending on whether fluorescence detec-

tion or enrichment-based workflows are applied.

Fluorescent reporters and tag-based pulse–chase approaches

Genetically encoded fluorescent reporters are widely used to track proteins of interest and

have been applied to neurodegeneration-associated proteins such as tau and huntingtin,

including HaloTag-based tau reporters that facilitate visualization of localization, trafficking,

and inclusion formation (Xiao et al. 2026; Riguet et al. 2021). In vivo, HaloTag dye–ligand

labeling has further enabled monitoring of labeled proteins in mouse brain (Mohar et al. 2022).

Fluorescent reporters can also be engineered to report on degradation capacity; for example,

short-lived GFP-based degradation reporters have been used as readouts of UPS activity

(Waelter et al. 2001). A key limitation of constitutive reporters is that changes in fluorescence

can reflect altered synthesis as well as degradation. To disentangle these contributions, pulse

and pulse–chase labeling strategies using self-labeling tags such as SNAP-tag or HaloTag allow

selective labeling of an existing protein pool at a defined time point and subsequent tracking of

its los (Alber and Suter 2018; Yousefi et al. 2021). These tag-based methods provide single-cell

access degradation kinetics, although they often require time-lapse imaging over extended

periods, which constrains throughput and yields rates that are effectively averaged over the

imaging window (Alber and Suter 2018).

Together, current methodologies offer complementary trade-offs between temporal resolution,

proteome coverage, and single-cell readouts. These limitations motivate the development of

approaches that quantify synthesis and degradation dynamics in human neurons at single-

cell resolution while capturing global proteome control rather than focusing exclusively on

individual proteins.

Tandem Fluorescent Timer as a tool of protein turnover quantification

While metabolic labeling and tag-based pulse–chase approaches provide powerful measure-

ments of synthesis and/or degradation, many of these methods are limited in throughput or

temporal resolution. An attractive complementary strategy is to encode turnover information
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directly into a genetically expressed reporter that can be read out by fluorescence in single

cells over time.

Khmelinskii et al. introduced the tandem fluorescent timer in yeast (Khmelinskii et al. 2012).

It is a protein reporter system whose emission properties evolve over time by combining two

fluorescent proteins with distinct maturation kinetics in a single translational fusion. Because

the fast- and slow-maturing fluorophores accumulate fluorescence on different time scales,

the reporter provides an estimate of the average age of the protein pool and enables detection

of acute changes in protein synthesis and/or degradation (Alber et al. 2018). The system was

later optimized for mammalian cells as the Mammalian Cell-optimized Fluorescent Timer

(MCFT) by fusing the fast-maturing sfGFP with the slower-maturing mOrange2 (Fig. 1.2) (Alber

et al. 2018).

Figure 1.2: A protein turnover sensor based on Mammalian Cell-optimized Fluorescent
Timer (MCFT). The MCFT is composed of green fluorescent protein sfGFP (cyan) and red fluo-
rescent protein mOrange2 (magenta) with distinct maturation rates, mG and mR , respectively.
Both components of the MCFT are synthesized with a common synthesis rate s and degraded
with a decay rate k, independently of maturation status.

To describe the system, four species are considered: immature (non-fluorescent) and mature

(fluorescent) forms of each fluorophore, governed by the following differential equations

(Alber et al. 2018; Sun et al. 2025):

ḂG = s − (mG +k)BG

ḂR = s − (mR +k)BR

Ġ = mG BG −kG

Ṙ = mR BR −kR

(1.5)

Here, mG and mR are the maturation rates of sfGFP and mOrange2, respectively; s is the

synthesis rate; k is the decay rate; BG and BR denote immature (non-fluorescent) sfGFP

and mOrange2, and G and R denote their mature (fluorescent) forms. Synthesis occurs at

a common rate s for both fluorophores (as they are translated as a single fusion), whereas

degradation with rate k is assumed to be independent of maturation state.

By monitoring green (sfGFP) and red (mOrange2) fluorescence and computing the green to

red ratio (G/R), synthesis and degradation rates can be inferred, as previously demonstrated in
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mammalian cells (Alber et al. 2018; Sun et al. 2025). At steady state, the G/R ratio is primarily

sensitive to degradation: when degradation increases, the slow-maturing red fluorophore has

less time to mature before the fusion protein is removed. Since sfGFP matures rapidly, it is less

affected by increased degradation and therefore the G/R ratio increases. Conversely, reduced

degradation (longer half-life) preferentially increases the contribution of the slow-maturing

red signal, lowering the G/R ratio until a new steady state is reached (Fig. 1.3, right panels).

In contrast, an acute increase in synthesis produces a transient rise in G/R because sfGFP

matures first; as mOrange2 subsequently matures and accumulates, the ratio returns toward

its baseline (Fig. 1.3, left panels). Thus, synthesis and degradation perturbations can generate

distinct ratio dynamics even when they produce similar changes in total protein abundance.

Figure 1.3: Simulated fluorescence intensity changes upon an increase in synthesis or an
increase in half-life (decrease in degradation) of sfGFP (green) and mOrange2 (red) in Mam-
malian Cell-optimized Fluorescent Timer (MCFT), using maturation half-times of 5 min for
sfGFP and 510 min for mOrange2. The blue line depicts the change in the green/red ratio.
Figure from (Alber et al. 2018).

Because changes in synthesis and degradation can be distinguished by their characteristic

effects on G/R, the MCFT provides a compact two-color readout of global turnover dynamics.

Given the green and red fluorescence signals and the maturation rates (mG and mR ), the rates

(s, k) can be computed from the model above (eq. 1.5) (Alber et al. 2018; Sun et al. 2025).

Additionally, the MCFT has also been combined with a destabilization sequence (a degron

derived from ubiquitin-independent mouse ODC), enabling its use as a reporter of the cellular

capacity for protein clearance (Rechsteiner and Rogers 1996; Alber et al. 2018; Sun et al. 2025).

Alternatively, the MCFT can be fused to a protein of interest and acts as a probe of protein-

specific dynamics (Alber et al. 2018). The MCFT is also fused to a SNAP-tag. An orthogonal

estimate of decay rate can be obtained by SNAP-tag pulse–chase labeling, which provides an

absolute decay rate that can be used to calibrate MCFT-derived parameters (Alber and Suter

2018; Sun et al. 2025). Overall, tandem fluorescent timers offer a scalable, single-cell approach

to monitor protein turnover by inferring synthesis and degradation rates from dual-color

fluorescence. At steady state for post-mitotic cells, a single snapshot provides quantitative

information, without a need for time- and work-consuming time-lapse imaging.
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Proteomics-based approaches

While fluorescent reporters enable live, single-cell readouts of turnover dynamics, proteomics-

based methods provide complementary proteome-wide, protein-specific measurements of

degradation rate, and potentially also synthesis rate. In these approaches, protein turnover

is monitored by metabolic labeling followed by mass spectrometry, most commonly using

Dynamic Stable Isotope Labeling with Amino acids in Cell culture (dSILAC) or Stable Isotope

Labeling in Mammals (SILAM) (Doherty et al. 2009; Rauniyar et al. 2013). When combined

with multiplexing strategies such as tandem mass tags (TMT) and/or semi-heavy internal

standards, these workflows can quantify large fractions of the proteome while simultaneously

reporting relative protein abundance and, depending on design, synthesis and degradation

rates (Schwanhäusser et al. 2011; Jovanovic et al. 2015; Dörrbaum et al. 2020; Ross et al. 2021).

In a typical pulse–chase design, cells (or animals) are exposed to heavy media or diet con-

taining stable isotope-labeled amino acids (e.g., 15N and/or 13C isotopes in lysine and/or

arginine), and incorporation into proteins is followed over time as unlabeled, light precursors

are replaced (Doherty et al. 2009; Rauniyar et al. 2013). Samples are then lysed, proteins

are extracted and digested to peptides, run by mass spectrometry, and old/(old+new) (or

multi-label) peptide ratios are quantified. The turnover parameters are obtained by fitting

the incorporation kinetics across time points, often using first-order models that estimate

the degradation rates and the corresponding half-lives (Ross et al. 2021). In practice, limited

sensitivity for low-abundance proteins and peptides can require additional enrichment steps

such as in-gel fractionation or chromatographic separation to increase depth and improve

quantification (Dörrbaum et al. 2022; Li et al. 2025).

In vivo labeling typically requires days to weeks to achieve sufficient incorporation, which

restricts the number of feasible sampling time points and limits throughput (Price et al. 2010;

Kluever et al. 2022). Even with current advances, the need for multiple time points and the

time required for precursor incorporation remain major bottlenecks, particularly in animal

studies that can span weeks to months (Welle et al. 2016; Price et al. 2010; Kluever et al.

2022). In cell culture, time resolution can be improved (hours to days), but measurements

are generally performed on bulk populations and require substantial cell numbers, leading to

population-averaged estimates that can mask cell-to-cell heterogeneity (Schwanhäusser et al.

2011; Dörrbaum et al. 2018).

Recent technological advances increase multiplexing capacity and move turnover measure-

ments toward medium-throughput and even single-cell resolution. The single-cell proteomics

field is rapidly scaling in depth and robustness (Slavov 2022), and first demonstrations of

dynamic SILAC measurements at the single-cell level have been reported (Sabatier et al. 2025).

Related strategies include proteome birthdating, in which multiple isotopically labeled precur-

sors (neutron-encoded amino acids), acting as barcodes, are introduced sequentially into the

same population and quantified at a single endpoint; increasing effective multiplexing beyond

typical SILAC limits (Meadow et al. 2024). Beyond amino acid labeling, deuterium-based
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strategies provide an attractive alternative because heavy water (D2O) can label multiple

amino acids (e.g., Ala, Glu, Asp, Pro) without specialized media and is not restricted to a

specific essential amino acid (Alamillo et al. 2025). Turnover workflows can also be extended

to post-translational modifications: for example, DeltaSILAC-based designs enable quantifica-

tion of phospho-turnover and have revealed systematic links between phosphorylation state

and protein stability (Wu et al. 2021; Li et al. 2025).

Extracting accurate turnover parameters depends critically on experimental design and com-

putational modeling. Modern acquisition schemes such as plexDIA increase effective through-

put by enabling multiplexed data independent acquisition (DIA) measurements across condi-

tions and time points, improving quantitative consistency in complex samples (Derks et al.

2023; Leduc et al. 2025). Importantly, turnover analysis remains sensitive to choices in kinetic

modeling, normalization, and time-point selection. Benchmarking work comparing several

alternative computational workflows emphasizes that no single analysis strategy is universally

optimal and highlights how labeling duration and sampling density can bias inferred half-lives

toward particular protein classes, motivating careful alignment of experimental design with

the biological questions and expected turnover regimes (Frankenfield et al. 2025).

Overall, proteomics-based approaches uniquely enable proteome-wide and protein-specific

quantification of turnover, but their temporal resolution and throughput often limit the ability

to capture rapid, acute changes in proteostasis. For this reason, proteomics measurements

are frequently complemented by live-imaging and reporter-based strategies when the goal is

to monitor fast responses to internal and external cues (Schwanhäusser et al. 2011; Ross et al.

2021).

1.3. Neuronal Proteostasis: experimental models and approaches

1.3.1. Protein Homeostasis in Neurons

Protein homeostasis undergoes significant alterations during aging (Kluever et al. 2022). The

brain, composed of diverse cell types including neurons and glial cells, is particularly vulnera-

ble to age-related disruptions and exhibits slower baseline protein turnover than many other

organs (Fornasiero et al. 2018; Hammond et al. 2016; Price et al. 2010; Li et al. 2025). In this con-

text, terminally differentiated neurons are especially challenged: because they cannot dilute

damaged or dysfunctional proteins through cell division, they must precisely regulate quality

control pathways to maintain proteostasis over the lifespan of the cell (Fig. 1.4). Consistent

with neuron-specific proteostatic demands, specialized degradation components have been

described, including neuron-enriched E3 ubiquitin ligases and proteasome pools localized to

distinct subcellular sites such as the plasma membrane (Upadhyay et al. 2017; Ramachandran

and Margolis 2017). Moreover, mutations in E3 ubiquitin ligases have been linked to familial

cases of PD and other neurodegenerative disorders (Chu et al. 2009; Heo et al. 2018).

Protein turnover is also heterogeneous within the brain itself. Neurons generally turn over their
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Figure 1.4: Protein turnover in proliferating versus post-mitotic cells: contributions of
synthesis, degradation, and cell division. The level of each protein is defined through its
synthesis and decay rate. In dividing cells, protein levels are additionally shaped by dilution
through cell division. In contrast, post-mitotic cells such as neurons lack this mechanism
and rely entirely on tightly regulated protein turnover to maintain proteostasis and prevent
accumulation of damaged or misfolded proteins.

proteins more slowly than glial cells, and turnover differs across subcellular compartments

within neurons, indicating that cell-type- and compartment-specific factors shape degradation

(Dörrbaum et al. 2018). Across proteome-wide, state-of-the-arts SILAC measurements, typical

median/mean protein half-lives are on the order of several days, e.g., a median t1/2 of 5.4 days

in primary hippocampal neuron/glia cultures (Dörrbaum et al. 2018), an average cortical t1/2

of 11.4 days in aged mouse brain (Kluever et al. 2022), and a median t1/2 of ∼4 days in human

iPSC-derived neurons (Hasan et al. 2023; Cavarischia-Rega et al. 2024), while primary mouse

embryonic neurons have median t1/2 of only 1.9 days (Mathieson et al. 2018). Turnover kinetics

can additionally vary across brain regions and neuronal subtypes, however, exhibiting a slow

turnover trend in general (Kluever et al. 2022; Fornasiero et al. 2018; Li et al. 2025). This spatial

complexity is amplified by neuronal morphology: dendrites and axons together constitute

more than 90% of neuronal volume, implying that a large fraction of the neuronal proteome

resides far from the soma and must be maintained in spatially separated compartments,

explaining synapse-specific differences in local protein turnover (Sun and Schuman 2022).

How post-mitotic neurons fine-tune proteome maintenance on short time scales across these

compartments, while sustaining functional activity and neurotransmission, remains incom-

pletely understood (Schwanhäusser et al. 2011; Ross et al. 2021; Sun and Schuman 2022).

Localized regulation of protein synthesis and degradation is likely to contribute. Neuronal

proteasomes are involved in rapid processes such as synaptic plasticity, neurotransimsion
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and neuronal-activity-induced calcium signaling, as well as long-term potentiation involved

in memory, among other functions (Ramachandran and Margolis 2017). Neurite-localized

mRNAs are biased toward stable transcripts and enriched for housekeeping functions, in-

cluding components of the translation machinery, supporting a constitutive basis for local

protein synthesis in neuronal processes (Loedige et al. 2023). In parallel, synaptic proteins

often exhibit increased half-lives compared to proteins in neurites or soma, and evidence

suggests that the synaptic proteome can be regulated in part by local machinery, including

compartment-specific distributions of ribosomes and proteasomes (Dörrbaum et al. 2018;

Kluever et al. 2022; Heo et al. 2018; Sun and Schuman 2022; Hetz 2021; Asano et al. 2015).

Functionally, disrupting localization of transcripts of ribosomal protein compromises neuritic

translation and is accompanied by reduced spontaneous network activity measured by mi-

croelectrode arrays, linking maintenance of the local translation apparatus to neuronal firing

(Loedige et al. 2023). Consistent with activity-dependent proteome regulation, suppression

of neuronal activity with tetrodotoxin slows protein turnover and increases protein stability,

whereas increased activity with bicuculline causes a modest acceleration of turnover (Heo

et al. 2018).

Long-term memory formation provides a prominent physiological example of how neuronal

function depends on precisely coordinated synaptic remodeling, requiring both protein syn-

thesis and protein degradation. Pharmacological inhibition of dephosphorylation of eIF2α,

translation, mTORC1 or proteasome blocks long-term memory consolidation, indicating

that regulated protein homeostasis is required (Flexner et al. 1963; Lopez-Salon et al. 2001;

Costa-Mattioli et al. 2007; Stoica et al. 2011). At the synaptic level, acute proteasome inhibition

rapidly dampens neuronal transmission and compromises maintenance of late-phase long-

term potentiation (LTP) (Dong et al. 2008), while combined perturbations of synthesis and

degradation recover LTP, supporting the view that these processes are functionally coupled

during plasticity (Lee et al. 2008). Consistent with this, proteome turnover measurements in

neurons indicate that activity can reshape protein turnover programs (Dörrbaum et al. 2020),

and in vivo stable isotope labeling of hippocampal postsynaptic densities revealed learning-

and sex-dependent stabilization of synaptic proteins following contextual fear conditioning

(Heo et al. 2025).

1.3.2. Experimental Models of Proteinopathies

Neuron-related disorders such as ND are frequently described as proteinopathies, in which

specific proteins misfold and accumulate as pathological aggregates (e.g., Lewy bodies in PD,

amyloid-β plaques and tau fibrils in AD, or huntingtin inclusions in HD). More broadly, many

NDs are characterized by perturbations of protein quality control, resulting in progressive

accumulation of misfolded proteins (Hetz 2021). Despite extensive work in this area, our

understanding of protein turnover capacity in healthy versus diseased human neurons remains

limited, and it is still unclear how alterations in synthesis and clearance emerge across disease

stages. Addressing these questions is challenging because access to human neuronal material
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is limited, early biomarkers remain insufficient, and many clinical trials have failed to translate

mechanistic insights into effective therapies (Kondo et al. 2017; Asher and Priefer 2022). This

gap is widely attributed to the difficulty of studying neuronal disease in its native context,

which often forces inference from post-mortem material or from model systems that only

partially capture human pathophysiology (Kondo et al. 2017). Notably, even recent therapeutic

advances can be accompanied by debate regarding clinical benefit and risk; for example,

donanemab was approved in Switzerland in February 2026 as the first disease-modifying

therapy for AD, yet remains controversial in terms of patients’ risk–benefit considerations

(Seegert 2025; Alzheimer Schweiz 2026). Post-mortem brain tissue has provided foundational

insights into disease pathology and molecular alterations, including aggregate composition

and proteostasis signatures (Kellie et al. 2014; Chocron et al. 2022). However, post-mortem

material has important limitations, including variable post-mortem intervals and potential

loss of labile assemblies. For instance, one study reported that post-mortem tissues contained

little to no 19S-capped proteasome, independent of age, sex, or disease status, underscoring

how sample handling can affect the apparent state of proteostasis machinery (Türker et

al. 2023). In parallel, the field’s strong historical focus on aggregates has been increasingly

questioned, in part because protein aggregates can also be detected in some cognitively

normal individuals and because several plaque-targeting approaches have reduced pathology

without clear cognitive improvement, motivating greater emphasis on soluble toxic species

and proteostasis network dysfunction (Jagust 2016; Hetz 2021; Asher and Priefer 2022).

Animal models remain indispensable for mechanistic work, yet they often fail to recapitulate

human-specific disease biology. As summarized by Windisch, "we can treat Alzheimer’s disease

successfully in mice but not in men" (Windisch 2014). Common AD mouse models based on

mutant human APP and PSEN1 overexpression primarily capture early aspects of pathology

and may miss human-specific features (D’Adamio 2023; Windisch 2014). Consistent with this

limitation, a recent cross-species analysis reported that widely used amyloid mouse models

(5xFAD and APP-KI) reproduce only a minority of human protein alterations (Yarbro et al.

2025). Species differences in proteostasis may contribute to this gap: proteasome activity

and protein turnover are generally higher in mice than in humans (Diaz-Cuadros et al. 2023;

Matsuda et al. 2020), while in vivo measurements indicate that many proteins have longer

lifetimes than their counterparts measured in cultured cells, emphasizing the importance of

physiological context (Fornasiero et al. 2018; Heo et al. 2018; Fornasiero and Savas 2022).

Given these constraints, selecting an appropriate cellular model for mechanistic studies and

drug screening remains a major challenge (Horvath et al. 2016). Even fundamental pathways

such as translation can appear increased or decreased depending on the model system and

perturbation, complicating interpretation across studies (Lauria et al. 2025). In addition, there

are still contradicting findings whether impaired protein degradation is a primary driver of

pathology or arises secondary to aggregation and stress. Such uncertainty may reflect, at

least in part, incomplete understanding of neuron-specific quality control mechanisms and

heterogeneity across neuronal states.
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Because primary human neurons are largely inaccessible, disease modeling has historically

relied on immortalized lines (e.g., HeLa), fibroblasts, or non-neuronal systems, which may

not capture neuron-specific proteostasis or physiology (Horvath et al. 2016; Halliday et al.

2017). Current disease-relevant cellular models increasingly use human pluripotent stem cell

(hPSC)-derived neurons. Early differentiation protocols relied on gradual maturation through

long-term small-molecule patterning, enabled by key advances in understanding neurogenesis

signaling pathways such as dual SMAD inhibition (Chambers et al. 2009). However, these

approaches last weeks to months and yield heterogeneous mixtures of neuronal subtypes

at varying developmental stages, frequently alongside glial populations (Bardy et al. 2015).

More recently, inducible neurogenesis transcription factor-based systems (e.g., neurogenin

2 - NGN2 or NGN1/NGN2) have enabled rapid neuronal conversion and can be further

tuned toward specific subtypes (Zhang et al. 2013; Busskamp et al. 2014; Sheta et al. 2022).

Nevertheless, donor- and line-dependent properties can persist; for example, proliferative

capacity of stem cells has been reported to influence subsequent differentiation efficiency in

context of motor neurons (Wang, Lende-Dorn, et al. 2025). A further limitation is that iPSC-

derived neurons often lack aging-associated features that are critical for modeling late-onset

disease biology, and direct comparisons to aged neurons highlight substantial discrepancies

in mature neuronal phenotypes (Mertens et al. 2018).

An alternative to iPSC-derived neurons are transdifferentiated (directly reprogrammed) in-

duced neurons (iNs), generated from adult somatic cells without passing through a pluripotent

state (Vierbuchen et al. 2010; Pang et al. 2011; Chou et al. 2023). By avoiding rejuvenation,

iNs can retain age-associated molecular features, e.g., spontaneous Aβ inclusions have been

reported in AD patient-derived iNs, and have shown utility for modeling age-dependent phe-

notypes in AD and HD, although yields and scalability can be limiting (Chou et al. 2023; Victor

et al. 2018; Mertens et al. 2021).

Methodological advances have also enabled the development of more complex culture sys-

tems, including co- and tri-cultures, microfluidic compartmentalization, and 3D brain-like

organoids, which better capture cell–to–cell interactions and circuit-relevant features (Park

et al. 2018; Krencik et al. 2017; Govindan et al. 2021). These approaches can be particularly

valuable because glial interactions influence neuronal proteostasis and can modulate both

turnover and pathological readouts in culture (Dörrbaum et al. 2018).

Independent of cell source, genetic engineering is widely used to model disease mechanisms.

CRISPR–Cas9 can introduce or correct disease-relevant mutations in disease-associated genes

such as APP, PSEN1, SNCA or HTT while maintaining isogenic backgrounds, enabling direct

comparison of mutant and corrected lines (Lu et al. 2021; Rahman et al. 2022; Qin et al. 2022;

An et al. 2014; Hasan et al. 2023). However, only a minority of AD and PD cases are familial,

and modeling sporadic disease remains a central challenge.

Nevertheless, stem cell–derived neurons are increasingly used directly in screening approaches,

because they retain patient genetic backgrounds and enable readouts that are difficult to cap-
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ture in immortalized cell lines (Little et al. 2019). In practice, the long and variable timelines

required to generate mature neuronal subtypes often shape screening strategy: for example,

compounds were initially screened in patient-derived neural progenitors and then confirmed

in neurons using high-content imaging assays that quantify disease-relevant phenotypes such

as mitochondrial calcium homeostasis (Lorenz et al. 2017). Similar high-content imaging

approaches have been applied to long-term differentiated iPSC-derived neurons from fa-

milial PD patients carrying the p.A53T α-synuclein mutation, in which neuronal integrity of

dopaminergic neurons was monitored via tyrosine hydroxylase immunofluorescence and used

to identify compounds that restore disease-associated phenotypes (e.g., the multi-kinase in-

hibitor BX795) (Antoniou et al. 2022). To improve scalability, transcription factor NGN2–driven

“fast” differentiation produce more homogeneous neurons suitable for screening proteostasis

pathways. For instance, dox-inducible iNGNs were used to identify Tau-lowering compounds

or track fluorescently tagged Tau turnover (Wang et al. 2017; Xiao et al. 2026). Patient-derived

cortical iNGNs with mutated PSEN have also been used to quantify AD-relevant outputs such

as Aβ40/Aβ42 secretion by the enzyme-linked immunosorbent assay (ELISA) (Kondo et al.

2017). While the maturity and aging state of iPSC-derived neurons remains an important

caveat, these systems offer a pragmatic compromise between physiological relevance and

throughput (Little et al. 2019).

Beyond genetics, fibril seeding approaches provide a complementary strategy to model ag-

gregation and propagation of aggregation-prone proteins. In this paradigm, exogenous pre-

formed fibrils (PFFs) of proteins such as α-synuclein or tau are added to cells; after uptake,

these fibrils act as templates that recruit and convert endogenous monomers into ordered

aggregates, thereby accelerating inclusion formation and recapitulating aspects of prion-like

spreading (Mahul-Mellier et al. 2020). Seeding-based pathology has been demonstrated in

both primary mouse cultures and human dopaminergic neuron models (Mahul-Mellier et al.

2020; Mahul-Mellier et al. 2025). However, in many cellular settings—particularly human

neurons—robust phenotypes often require prolonged exposure, high seed doses, or addi-

tional expression of the seeded protein to overcome limited endogenous abundance and

slow aggregation kinetics (De Cecco et al. 2020; Lam et al. 2024; Mahul-Mellier et al. 2025).

Aggregation readouts can be enhanced using fluorescent reporters such as HaloTag-based

tau constructs (Xiao et al. 2026) or Fluorescence Resonance Energy Transfer (FRET)-based

inclusion assays, co-expressing α-synuclein with synphilin-1 (Lázaro et al. 2025). However,

tags can also perturb aggregation behavior, for example, fusing a fluorescent protein directly

to an aggregation-prone HTT can alter inclusion properties (Riguet et al. 2021).

Finally, chemically induced proteotoxic stress provides a practical and scalable entry point for

probing proteostasis mechanisms. Stressors such as tunicamycin, thapsigargin, or proteasome

inhibitors can model aspects of the unfolded protein response or integrated stress response

(Halliday et al. 2017; Watts et al. 2024). Although less disease-specific, these perturbations are

still used in disease-relevant contexts (Watts et al. 2024) and offer tractable systems for screen-

ing approaches to test whether candidate compounds can rescue proteostress-challenged

neurons. Their simplicity facilitates high-throughput experimentation and combinatorial
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1.4 Modulating Protein Turnover

designs, while also enabling reductionist dissection of pathways that may be difficult to resolve

in more complex models.

1.4. Modulating Protein Turnover

Specific components of the proteostasis network can be genetically up- or downregulated,

resulting in enhanced production/clearance activity, as discussed in the previous sections.

Importantly, proteostasis is not a set of independent pathways but an interconnected system:

perturbing one arm of protein homeostasis often triggers compensatory responses in others.

Cells therefore tend to counteract internal and external disturbances through stress-adaptation

programs such as the integrated stress response or unfolded protein response, which help

re-balance synthesis, folding, and degradation capacity. However, a full return to the original

state is not always achievable; instead, cells may converge to a new steady state. Consistent

with this view, recent work from our group demonstrated a passive adaptation of protein

degradation to perturbations in synthesis across multiple cellular models, including human

neurons (Sun et al. 2025). The functional relevance of coordinated synthesis and degradation

is also supported in vivo: blocking protein synthesis with anisomycin impairs fear learning in

mice, whereas simultaneous proteasome inhibition with lactacystin can restore balance and

normalize learning performance (Lee et al. 2008). At the single-cell level, such coordination

is evident even within phenotypically homogeneous cell populations, where synthesis and

degradation rates covary and contribute to cell-to-cell variability (Alber et al. 2018).

Genetic loss-of-function approaches remain powerful for interrogating protein function, but

they are not always feasible in essential pathways. For example, deletion of the proteaso-

mal subunit Psmc1 is lethal in mice (Bedford et al. 2008). Pharmacological perturbations

therefore provide a convenient and widely used alternative for modulating protein turnover

and probing pathway function. Proteasome inhibitors are extensively used in basic research

and have therapeutic relevance in oncology, including bortezomib, lactacystin, and MG-132

(Manasanch and Orlowski 2017; Chen et al. 2011; Ross et al. 2021; Njomen and Tepe 2019).

Because proteasome activity is required for cellular viability, strong proteasome inhibition

can be toxic, and in the mammalian nervous system it has been associated with neurotoxicity,

disrupted signaling, and impaired memory formation (Türker et al. 2023; Dong et al. 2008;

Hakim et al. 2016; Zhou et al. 2024). These compounds are therefore also used experimentally

to induce or exacerbate proteotoxicity in neurodegeneration-relevant settings; for instance,

lactacystin can cause amnesia in mice and promotes HTT inclusion formation in cellular

models (Lopez-Salon et al. 2001; Waelter et al. 2001).

Similarly, protein synthesis is central to cellular fitness, genetic disruption of core translation

components can be incompatible with development, as illustrated by knockout of the 40S-

associated scaffold protein RACK1, which is lethal in mice at gastrulation (Volta et al. 2013).

As a result, translation is frequently modulated pharmacologically using compounds such as

cycloheximide (CHX), puromycin, anisomycin, or harringtonine, both as experimental tools
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and as candidates explored in cancer therapy (Ross et al. 2021; Bhat et al. 2015). As expected

for a pathway essential for viability, sustained inhibition of translation is cytotoxic and can

elicit disease-like phenotypes; for example, anisomycin impairs fear learning in mice (Lee

et al. 2008). Together, these genetic and pharmacological perturbations highlight both the

tractability of turnover pathways and the importance of dosage, timing, and cellular context

when modulating protein synthesis and degradation.

1.4.1. Protein Quality Control as a Therapeutic Target

Impaired protein quality control is a recurring feature of aging and neurodegenerative disor-

ders and affects multiple layers of the proteostasis network, including protein synthesis, pro-

teasomal degradation, and autophagy/lysosome pathways (as discussed in Sections 1.1.1,1.1.2)

(Luh and Bertolotti 2020; Hetz 2021). Consequently, targeting proteostasis has emerged as a

promising therapeutic direction for neuron-related disorders, where long-lived, post-mitotic

cells must sustain proteome function over decades (Jayaraj et al. 2020; Hommen et al. 2021).

A large fraction of therapeutic efforts has focused on the major aggregation-prone disease

proteins themselves. For example, patient-derived iPSC models have enabled compound

screening directly in human neurons, including studies identifying drug combinations that

reduce Aβ burden in familial and sporadic AD patient neurons (for more examples, see

Section 1.3.2) (Kondo et al. 2017). Targeted protein degradation approaches (e.g., PROTAC-like

chimeras) are being leveraged in neurodegeneration to accelerate clearance of pathogenic

proteins such as engineering degraders that recruit an E3 ligase (CHIP–NbSyn87) or directly

dock substrates to the 26S proteasome (Protea-Tac), thereby driving selective depletion of

disease-linked targets like mutant α-synuclein (O’Shea and Wright 2025; Park et al. 2025).

Genetic approaches can also be effective in monogenic contexts; for instance, currently in

clinical trials, ATM-130 microRNA-based gene therapy strategy that silence HTT has shown

evidence of slowing disease progression in HD patients (uniQure N.V. 2025). However, unlinke

HD, even familial cases of AD and PR are multi-genetic, and most cases are, in fact, sporadic,

which motivates broader strategies that enhance the cellular capacity to maintain proteome

integrity rather than targeting a single mutant gene product.

Beyond target-centric approaches, increasing interest has shifted toward strengthening pro-

tein quality-control systems themselves. Multiple lines of work support the rationale for

proteasome activation as a therapeutic concept, while emphasizing that mammalian nervous-

system proteasomes are more heterogeneous and regulated than often appreciated (Türker et

al. 2023; Ramachandran and Margolis 2017). Genetic interventions can enhance proteasome

function in vivo, for example by transiently increasing specific proteasome subunits PSBM5

(Chocron et al. 2022) or by engineering gate-opening conformations of the 20S core by delet-

ing N-terminus of α3 subunit (Choi et al. 2016). Pharmacological activation of proteasome

is generally more challenging than inhibition and remains comparatively underdeveloped

(Njomen et al. 2018; Njomen and Tepe 2019; Leestemaker et al. 2017). Reported strategies
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include peptide-based proteasome agonists such as the TAT-based peptidomimetics TAT1-

8,9TOD and TAT1-Dendrite, as well as small-molecule activators or so-called gate-openers, e.g.,

chlorpromazine and the p38 MAPK inhibitor PD169316, that modulate proteasome activity via

allosteric mechanisms and can reduce α-synuclein burden in neuron-based models (Chocron

et al. 2022; Jones et al. 2017; Leestemaker et al. 2017).

Additional approaches act upstream of substrate processing, such as inhibiting the deubiqui-

tinase USP14 (e.g., IU1) to enhance proteasome-dependent clearance of aggregation-prone

proteins, including tau (Lee et al. 2010; Kim et al. 2018), or acting on phospohrylation of

19S proteasome subunit by stimulation of Protein Kinase A (PKA) and cyclic AMP (cAMP)-

dependent pathways that promote proteasome function and improve cognitive phenotypes in

AD models (Park et al. 2012; Myeku et al. 2016). Importantly, the interpretation of proteasome

activation studies requires caution, because many measurements rely on fluorogenic peptide

assays in lysates that may not reflect proteasome function in intact cells (Choi et al. 2016;

Chocron et al. 2022), and some compounds show context-dependent ambivalent behavior,

acting as activators or inhibitors depending on conditions and concentrations (Tundo et al.

2020). Enhancing one clearance pathway can negatively impact another: proteasome acti-

vation has been linked to reduced autophagy in certain settings, including open-gate 20S

proteasome mutants and USP14 inhibition (Choi et al. 2016; Kim et al. 2018; Njomen and Tepe

2019). Long-term upregulation of turnover pathways may carry trade-offs such as increased

energetic burden and potential cancer risk (Njomen et al. 2018).

A complementary route to improve clearance is modulation of autophagy, particularly for

aggregates and damaged organelles. Large-scale efforts (940,000 drugs) have identified

autophagy-enhancing compounds, including mTOR-independent macroautophagy activator

CCT020312, and have demonstrated efficacy in neuron-relevant models (Yoon et al. 2022). Phe-

notypic drug-discovery strategies can interrogate proteostasis at the systems level rather than

focusing exclusively on a single aggregate species. For instance, a whole-organism screen in

Caenorhabditis elegans used motor activity as a functional proxy for the organism’s proteome

fitness state following a protein-denaturing stressor, enabling identification of interventions

improving proteostasis(Vilasboas-Campos et al. 2026).

Therapeutic strategies have also explored restoring or tuning protein synthesis, for example by

targeting translation control nodes such as eIF2α or eIF2B in ALS/FTD-related settings (Charif

et al. 2022), or by identifying compounds that normalize translation under proteotoxic stress,

e.g., in UPR-activated cell models (Halliday et al. 2017). Physiologically, neuronal protein

synthesis can also be increased by signaling pathways such as brain-derived neurotrophic

factor (BDNF), which has been shown to increase nascent protein production using AHA-

based labeling approaches (Dieterich et al. 2010). Nevertheless, many interventions still focus

on either synthesis or degradation in isolation, despite extensive evidence for cross-talk and

compensatory adaptation between these processes. While it was shown, for example, in the

TDP-43 mouse model that downregulation of ubiquitin–proteasome pathway genes coincided

with destabilization of ribosomal proteins, linking defects in both clearance and translational
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capacity (Rotunno et al. 2025). Notably, after traumatic brain injury in the same animal model,

transcripts were induced without a matching restoration at the protein level, illustrating that

gene-level responses may not predict proteostatic recovery (Rotunno et al. 2025).

Taken together, these studies illustrate both the promise and the challenges of targeting

protein quality control in neurodegeneration. A major obstacle remains translation: drug-

development success rates remain low even after encouraging preclinical results, in part

due to differences between human and model systems and uncertainties in how pathway

modulation scales with dosage and cellular context (Kondo et al. 2017; Horvath et al. 2016).

These considerations motivate phenotypic screening in disease-relevant human neurons with

readouts that capture integrated proteostasis behavior. In particular, scalable approaches

that can quantify rapid changes in protein turnover remain limited, restricting systematic

evaluation of protein turnover as a therapeutic target and motivating the aims of this thesis.

1.5. Aims of the thesis

Disturbed protein homeostasis is a hallmark of aging and neurodegenerative disorders, re-

flecting imbalances in both protein synthesis and protein clearance. Although altered pro-

tein turnover is widely implicated in these conditions, scalable approaches to monitor rapid

changes in protein turnover in post-mitotic human neurons remain limited. This restricts both

mechanistic studies of neuronal proteostasis and systematic efforts to identify compounds

that modulate protein turnover in disease-relevant human cell models.

The overall goal of this thesis was therefore to establish and apply a quantitative, single-cell-

resolved, and time-resolved screening platform for protein turnover in post-mitotic human

neurons. More specifically, this work aimed to develop an approach that (i) enables discrim-

ination between contributions of protein synthesis and protein decay, (ii) can be applied

with low cell numbers and limited input material, and (iii) detects acute changes in protein

turnover in response to perturbations. This platform was then used to identify small-molecule

modulators of neuronal protein turnover.

Therefore, the following goals were addressed:

• Establishment of imaging-based screening platform for protein turnover modulators.

• Identification of small molecule modulators that enhance protein turnover in human

neurons using the established screening platform.

• Characterization of changes in the transcriptome and proteome upon treatment with

the identified protein turnover modulators.

• Evaluation of the ability of the identified protein turnover modulators to suppress

neurodegeneration-relevant phenotypes such as accumulation ofα-synuclein in cellular

models.
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2 Fluorescent timer-based screening
of protein turnover modulators in
human neurons

2.1. Contributions

This chapter consists of a pre-print version of a research paper "Fluorescent timer-based

screening of protein turnover modulators in human neurons" by Joanna Dembska, Anne-

Laure Mahul-Mellier, Armelle Tollenaere, Yiiza Jasiqi, Giovanni D’Angelo, David M. Suter.

I performed experimental and analytical work of timer-expressing human cell lines, the

screening and proteomics, under supervision of David M. Suter. Experiments related to α-

synuclein pathology model in primary neurons were performed together with Anne-Laure

Mahul-Mellier. Anne-Laure Mahul-Mellier performed iDA and a-SYN KO primary neurons

experiments. Recombinant α-synuclein were obtained and characterized by Yiiza Jasiqi, who

also performed Western Blots related to α-synuclein pathology model. RNA sequencing was

performed and analyzed by Armelle Tollenaere.

2.2. Results
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Abstract 
Disturbances in protein homeostasis are a defining feature of aging and many 
neurodegenerative conditions. The coupled balance of protein synthesis and clearance, 
collectively termed protein turnover, remains challenging to quantify and to pharmacologically 
interrogate in post-mitotic human neurons at screening scale. Here, we establish a live, single-
cell imaging platform for protein turnover perturbation based on a tandem fluorescent timer 
reporter expressed in human stem cells-derived induced neurons, and implement a high 
content workflow compatible with phenotypic screening. Screening 6,000 small molecules 
identified about 200 compounds that enhanced protein turnover. Dose response assay of 47 
prioritized candidates yielded several robust modulators spanning diverse target classes. We 
then selected three compounds to perform transcriptome profiling and label-free quantitative 
proteomics, which converged on translation and ribosome associated signatures, whereas the 
abundance of proteasome and canonical autophagy components remained largely 
unchanged. These compounds suppressed phosphorylated pS129 ɑ-synuclein pathology in 
fibril seeding models in mouse primary neurons, and one of them reduced an already 
established pS129 pathology and was effective in human dopaminergic neurons. Together, 
this work provides a scalable framework and candidate probes to systematically tune neuronal 
protein turnover in basal and proteotoxic contexts, with broad applicability beyond Parkinson’s 
disease. 
 
Keywords 
screening, protein turnover, tandem fluorescent timer, neurons, neuronal proteostasis, Parkinson’s disease, 
alpha-synuclein seeding, CI-994, CGP-52411, AS-252424
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Introduction 
Proteome homeostasis depends on the coordination of protein synthesis and protein 
clearance. The interplay between these processes ensures maintaining a sufficient rate of 
protein turnover, which preserves the functional proteome required for cellular identity and 
physiology. This requirement is especially stringent in the brain, in which protein degradation 
is slower than in other organs and is further diversified across cell types and harbors 
subcellular organization of translational and degradative machinery, with synaptic regions 
enriched in ribosomes and proteasomes (1–6). Because neurons are post-mitotic and long-
lived, they cannot dilute damaged proteins through cell division and must therefore preserve 
proteome integrity over their lifespan. 

Aging progressively destabilizes this balance: protein synthesis is altered by ribosome stalling, 
translational dysregulation, chronic activation of the integrated stress response , and broader 
signaling changes linked to senescence, inflammation, and neurodegeneration (7–11). In 
parallel, protein clearance declines in aging with reduced proteasome activity, impaired 
proteasome stoichiometry, slowed turnover of proteasome subunits, diminished autophagic 
flux, and reduced protein recycling in the brain and in peripheral organs (12–15). Consistent 
with these changes, protein lifetimes broadly increase across the proteome during aging (13, 
16). Beyond aging, protein turnover changes have been implicated in cancer, cardiac 
hypertrophy, and muscle atrophy, suggesting that turnover failure is a general feature of 
stressed or diseased cells (15, 17–20). Sequestration of proteostasis factors involved in 
degradation, trafficking, and folding into protein aggregates can further amplify cellular stress 
(21, 22), yet direct measurements of protein turnover in neurodegeneration remain limited, 
leaving it unclear whether the stage- and model-dependent turnover defects inferred from 
Alzheimer’s disease (AD) and dementia models also apply to other neurodegenerative 
diseases such as Parkinson’s disease (PD) (14, 23, 24). Regardless, defects in protein 
clearance, involving both the ubiquitin-proteasome system and lysosomal pathways, are well 
established in PD and related synucleinopathies (22, 25–27). α-Synuclein (aSyn) is cleared 
primarily by the proteasome under basal conditions; however, pathogenic aSyn species 
interfere with both degradation pathways by direct binding and lowering proteasomal activity 
in vitro and in vivo or inhibiting chaperone-mediated autophagy (22, 26, 28–30). Altered protein 
synthesis is also implicated in PD, although less uniformly: ribosomal and translation-
associated pathways are downregulated in substantia nigra of PD patients, whereas studies 
across PD-relevant and other neurodegenerative models have linked proteotoxic pathology to 
altered mRNA stability, ribosomal remodeling, and context-dependent bidirectional changes 
in protein synthesis (10, 31–40). Because protein synthesis and clearance are coordinated 
through stress-response and nutrient-sensing pathways (41–43), perturbing either process is 
expected to reshape proteome turnover. This makes turnover both a sensitive systems-level 
readout of cell state and a candidate therapeutic node: if turnover slows under proteotoxic 
stress, then restoring or enhancing it may help re-establish proteome homeostasis. Consistent 
with this idea, boosting proteasome function, modulating autophagy, restoring chaperone 
capacity, and tuning translation have all been proposed as protective strategies in 
neurodegenerative disorders (27, 44–49).  

To date, quantitative measurements of protein turnover has been relying on metabolic labeling 
and proteomics-based workflows such as dynamic stable isotope labeling with amino acids in 
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cell culture (dSILAC), proteome birthdating or heavy water (D2O) to quantify protein turnover 
(1, 50–55). However, proteomics-based approaches typically require large amounts of starting 
material and the robustness of protein decay quantification depends on the number of time 
points at which samples are collected (56). dSILAC is particularly difficult to implement in 
neuronal differentiation in human neurons that tend to be technically challenging due to culture 
fragility (23, 57, 58). This drastically limits the throughput of such approaches and makes them 
unsuitable for high throughput screening of protein turnover modulators. 
Here, we establish a quantitative, fluorescent timer-based imaging-based platform to quantify 
protein turnover in individual living human neurons derived from pluripotent stem cells. We 
combine this system with a high-throughput small-molecule screen to identify modulators of 
neuronal protein turnover, we characterize the impact of selected compounds on the 
transcriptome and proteomes, and demonstrate their ability to prevent pathological features in 
cellular models of Parkinson’s disease.   
 

Results 
Human induced neurons exhibit slow protein turnover  
To address the limitations inherent to proteomics-based approaches for measuring protein 
turnover in neurons, we employed a single cell, quantitative protein turnover reporter we 
developed in human embryonic stem cell (hESC)-derived neurons (42, 59). We used a 
recently engineered hESC line ubiquitously expressing the Mammalian Cell-optimized 
Fluorescent Timer (MCFT) (42, 59) , hereafter called FT-hESC, inserted into the CLYBL safe 
harbour locus (60) (Fig. 1A), allowing to preserve transgene expression in neurons. The MCFT 
combines two fluorescent proteins with different maturation rates: a fast-maturing green 
fluorescent protein (super-folder GFP (sfGFP)) and a slower-maturing red fluorescent protein 
(mOrange2). The ratio between the green and red fluorescence signals (G/R ratio) can be 
used to infer protein synthesis and decay rates (42, 59). The MCFT is fused to a PEST 
sequence to target it directly for proteasomal degradation, providing a measurement of the 
global cellular protein degradation capacity by the proteasome (42, 61, 62). The construct was 
fused together with a SNAP-tag that enables orthogonal measurements of decay rates through 
pulse-chase labeling, allowing to quantify absolute degradation rates to cross-validate and 
calibrate MCFT data (42, 63). To measure protein turnover in human neurons, we 
implemented a doxycycline-inducible, neurogenins-based approach which allows to obtain a 
nearly pure population of neurons (hereafter, FT-iNGNs) from FT-hESCs by overexpressing 
NGN1 and NGN2 (42, 64, 65).  For this, our FT-hESC line was engineered using a PiggyBac 
system to stably introduce doxycycline-inducible NGN1/NGN2 and an rtTA3G expression 
cassette, generating FT-NGN-hESCs (42, 64, 65). We then differentiated FT-NGN-hESC 
towards FT-iNGN (Fig. 1A) by treating them with dox for 4 days, and performed 
immunofluorescence labeling to validate neuronal differentiation of FT-iNGNs. The vast 
majority of FT-iNGNs cells were positive for the neuron-specific β3-Tubulin marker (TUBB) 
and for the dendritic marker Microtubule Associated Protein 2 (MAP2), and negative for the 
proliferation marker Ki67, confirming the successful differentiation to post-mitotic neurons 
(Figure S1A-F). For compsrison, we differentiated FT-hESCs using well-established neuronal 
differentiation protocols, without NGN1/2 overexpression (66; see Methods). Neuronal 
differentiation was likewise validated by immunofluorescence for neuronal markers (Fig. S1G). 
We then quantified the G/R ratio from the MCFT in undifferentiated FT-hESCs, FT-NGN-hESC 
differentiated to FT-iNGNs, or FT-hESCs differentiated to neuron-enriched culture (Fig. 1B-
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C). As expected, FT-iNGNs exhibited longer MCFT half-lives compared to FT-hESCs (Fig. 
1C) that were comparable to neuron-enriched culture (Fig. 1C). This indicates that the protein 
turnover regime of FT-iNGNs resembles long-term differentiated neuron-enriched culture, and 
is in line with previously reported slower protein decay in the differentiated cells and in the 
brain compared to other organs (5, 6, 67). 

High-throughput, phenotypic screening identifies protein turnover modulators in 
human neurons  
We next set out to identify small molecules that enhance protein turnover in post-mitotic FT-
iNGNs. We performed an imaging-based screen to obtain quantitative single-cell 
measurements of green and red fluorescence (Figure 2A). We pre-dispensed compounds to 
a 384-well plate with an acoustic liquid handler, added FT-iNGNs with laminin by an automatic 
cell dispenser and after 24 h incubation, imaged the plates on a high-throughput fluorescence 
microscope (see Methods). To statistically validate the feasibility of our screening approach, 
we determined a screening window coefficient (z’-factor) to assess the quality and variability 
of the data (68). Since positive controls for increased protein turnover validated in our 
experimental system were not readily available, we first tested control conditions versus 
cycloheximide (CHX) treatment, which lowers protein turnover rates (42). We compared 194 
wells of FT-iNGNs-treated with vehicle (DMSO) to 194 wells treated with 20 µM CHX 
(Methods). The screening window coefficient was determined as z’=0.68 (Figure 2B), 
qualifying the separation window of this assay as a high quality (68). We then designed the 
screening itself so that each screening plate included control, vehicle-treated wells and wells 
with CHX, allowing calculating the z’-factor to assess plate quality and perform per-plate and 
per-batch normalization. Only plates with a z’-factor above 0 were used for further analysis 
(see Table S1).  
In total, we screened 5897 compounds coming from three libraries: an in-house kinase 
inhibitors library (Supplementary file 1), a drug repurposing library (Supplementary file 2), and 
the Prestwick Chemical Library® (Prestwick Chemicals). These libraries contained mostly 
FDA-approved drugs and compounds at different stages of (pre)clinical studies, the majority 
of which have known mechanisms of action (MOA). Each compound was tested in duplicates, 
using a 10 µM concentration and a 24 h incubation time. Hits were defined as compounds that 
increase the G/R ratio more than at least three times the standard deviation of the mean of 
the vehicle (DMSO), for both replicates. The linear correlation coefficient R2 of duplicates was 
calculated as 0.722 (Figure S2A), excluding compounds from one plate that did not pass the 
quality assessment of the z’-factor (Table S1). As expected, known proteasome and protein 
synthesis inhibitors were among the 900 compounds that decreased the G/R ratio (Fig. S2B), 
and we found more than 200 compounds that increase the G/R ratio (Figure 2C).  
The secondary screening reveals potent enhancers of protein turnover  
Hits from the primary screen were manually filtered to remove false positives, such as 
compounds that precipitated or caused imaging artefacts. We removed compounds that 
caused more than a 2.5-fold decrease in cell number based on the number of segmented cells 
or that had similar chemical structure, retaining only the most active compound in each case. 
We then grouped the remaining hits by MOA. The most frequent MOA classes included growth 
factor receptor kinase inhibitors (platelet-derived, fibroblasts, vascular endothelial growth 
factor receptor (PDGFR/FGFR/VEGFR) and epidermal growth factor receptor (EGFR) 
inhibitors), histone deacetylase inhibitors (HDACis), bromodomain inhibitors (BRDi), glycogen 
synthase kinase 3 (GSK3) inhibitors, retinoic acid receptor (RAR) agonists, and histone 
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demethylase inhibitors (HDMIs), represented by 8 to 12 compounds in the most frequent 
classes and 4 compounds in the HDMI class (Fig. 2D).  For the most frequent MOA classes, 
we selected three compounds based on activity, whereas for RAR agonists and HDMIs we 
retained only the single most active compound because of their overall lower activity towards 
enhancing protein turnover. The final set was complemented with the most active compounds 
from less frequent MOA classes. Using these criteria, we selected 47 compounds for the 
secondary screen and performed a dose-response curve with 10 concentrations ranging 
between 3 nM to 40 µM. 
The experimental and analytical workflows were kept as in the primary screen. All plates had 
a z’-factor above 0.5, indicating sufficient quality (Supplementary Table S1). We again 
manually reviewed the images to exclude compounds with precipitation or imaging artifacts 
(Table S2). For the remaining compounds, we compared G/R ratio (Figure 2E), change in 
green (Fig. 2F) and red (Fig. 2G) fluorescence and cytotoxicity (Fig. 2H). By fitting our data to 
a sigmoidal function, we calculated a half-maximal effective concentration (EC50). We only 
kept compounds that i) increased the G/R ratios by at least 20%, ii) did not reduce cell number, 
iii) had an EC50 below 23 µM, iv) and showed robust dose-response fitting (R² > 0.55). Using 
these criteria, together with a literature-based evaluation of compound known biological 
properties and limited prior links to protein turnover, proteostasis, and neurodegeneration, we 
selected three compounds for further investigation: AS-252424, CGP-52411 and CI-994 with 
EC50 of 10, 23 and 3.3 µM, respectively (Fig. S2C). Interestingly, for all three compounds, the 
G/R ratio increase was driven mainly by higher green fluorescence (Fig. S2D), while red 
fluorescence (Fig. S2E) was slightly reduced in CGP-52411 and increased less strongly than 
green in AS-252424 and CI-994, without reduced cell number (Fig. S2F), except for CI-994 
above 10 µM. Increases in green fluorescence were not due to increased nucleus size (Figure 
S2G). Interestingly, numerous compounds belonging to the same mechanistic classes as AS-
252424, CGP-52411, and CI-994, that is PI3K, EGFR, and HDAC inhibitors, respectively, 
either reduced the G/R ratio or failed to alter it (Fig. S2H-J). This combined increase of green 
fluorescence and G/R ratio indicates that the compounds increased both protein synthesis 
and protein degradation, suggesting an enhancement of protein turnover without reducing 
protein content.  
Protein turnover modulators enhance expression of ribosomal protein genes 
We next sought to determine which genes are differentially expressed following 24 h of 
treatment with the selected compounds. We performed RNA sequencing on iNGNs cells 
treated with high but non-toxic concentrations of each drug (20 µM AS-252424, 20 µM CGP-
52411, and 5 µM CI-994) and in vehicle-treated (DMSO) controls. All compounds induced 
significant transcriptional changes, albeit to markedly different extents. AS-252424 treatment 
resulted in minor transcriptome changes (Fig. 3A), whereas CGP-52411 led to broader 
changes (Fig. 3B). In both treatments, most top upregulated genes were involved in 
translation, such as ribosomal proteins (RPL39, RPS3A), translation initiation factors (EIF3E, 
EIF3L) and various Small nucleolar RNA (snoRNA) (SNORA63, SNORD97, SNORA12, 
SNORA49, SNORD116-18, SNORD15B). snoRNAs were previously reported to play a role in 
rRNA/tRNA modification, pre-rRNA processing, ribosome biogenesis, and translation control 
(69–72). In contrast, CI-994 triggered a large transcriptional response, with 6004 
downregulated and 1880 upregulated genes (Fig. 3C). Thus, AS-252424 and CGP-52411 
elicited relatively modest transcriptional perturbations, while CI-994 induced widespread 
transcriptional deregulation, consistent with the known activity of CI-994 as a class I histone 
deacetylase (HDAC) inhibitor (73). While HDAC inhibition is generally expected to increase 
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gene expression through enhanced histone acetylation, the large fraction of downregulated 
genes observed here suggests that after 24h of treatment indirect and secondary regulatory 
effects likely dominate the transcriptional landscape, as shown before in the mouse brain after 
a single-dose of CI-994 treatment (74). Next, we asked which biological pathways were most 
altered by each treatment using gene ontology enrichment analysis of the differentially 
expressed genes (DEGs). AS-252424 primarily induced an enrichment of translation-related 
programs, including translation initiation and ribosome assembly (Fig. 3D) within upregulated 
genes, but no pathways were enriched in downregulated DEGs. Similarly, CGP-52411-treated 
iNGN cells were enriched for translation initiation, amino acid transport, and ribosome 
biogenesis (Fig. 3E), while pathways linked to DNA methylation and chromatin remodeling 
were depleted (Fig. S3A). In contrast, CI-994 caused broad suppression of pathways involved 
in transcription and RNA/mRNA metabolism, stress-response programs, and protein 
metabolism and modifications, alongside relative enrichment of metabolic and signaling 
pathways (including lipid-related processes, transport, and synaptic transmission) (Fig. S3B–
C). We next examined whether pathways related to protein processing and proteostasis were 
detectably affected. For AS-252424 and CGP-52411, cytosolic ribosomal protein genes 
showed a weak upward trend, whereas proteasome-associated genes tended to be reduced; 
autophagy-related genes and mTOR pathway components changed in both directions but with 
small effect sizes (Fig. 3I–N; Fig. S3D–E). In line with these modest transcriptional shifts, 
pathways closely tied to the known targets of AS-252424 (PI3K) and CGP-52411 
(EGFR/PI3K) also showed bidirectional, low-magnitude changes, arguing against strong 
pathway suppression at this 24 h time point and suggesting off-target effects (Fig. S3A–C). By 
comparison, CI-994 broadly decreased expression across the major proteostasis-related 
pathway modules examined, consistent with its global transcriptomic remodeling (Fig. 3 H,K,N; 
Fig. S3I). 

We next performed label-free quantitative (LFQ) proteomics on iNGNs using the same 
experimental workflow as for RNA-seq. Changes in the proteome remained much more limited 
than transcriptome changes after 24 h of treatment for all three compounds (Fig. 4A–C). 
Although no individual proteins reached statistical significance, we examined predefined 
functional categories to assess potential directional trends. Ribosomal proteins displayed a 
consistent increase across all conditions (Fig. 4D–F, S4A-C). In contrast, components of the 
protein degradation machinery, including proteasomal and autophagy-related proteins, were 
largely unchanged or showed a slight downward trend (Fig. 4D–F, S4D-I), indicating a minimal 
response at the level of protein abundance. Taken together, our data suggest that the 
observed modulation of protein turnover is likely to be partially driven by increased levels of 
the core translational machinery, while the increase in protein degradation is more likely to be 
mediated by changes at the level of the assembly or activity of the proteasome.  

Protein turnover modulators suppress seeding initiation and pS129 pathology in a 
neuronal aSyn aggregation assay  
We reasoned that modulating the activity of the protein turnover machinery without substantial 
alteration of the cellular proteome may provide a way to eliminate misfolded proteins involved 
in neurodegenerative diseases, while minimizing broader perturbations. We thus tested 
whether the modulators of neuronal protein turnover we identified in our screen affect 
accumulation of pathological aggregates of neuronal aSyn. Intracellular aSyn assemblies are 
a defining pathological hallmark of synucleinopathies, including PD, multiple system atrophy, 
and dementia with Lewy bodies (75). To model seeded aSyn aggregation, aSyn preformed 
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fibrils (PFFs) were generated and characterized by Coomassie-stained SDS-PAGE, Thioflavin 
T fluorescence assay and transmission electron microscopy, confirming that both mouse and 
human aSyn PFFs consist of β-sheet-rich amyloid fibrils and are efficiently fragmented by 
sonication into short seeds suitable for neuronal seeding assays (Fig. S5). Primary mouse 
neurons were exposed to mouse aSyn PFFs, driving progressive intracellular aggregation of 
endogenous aSyn marked by phosphorylation at serine 129 (pS129) (30, 76–80). To 
determine whether selected protein turnover modulators affect the initiation of aggregation, 
primary mouse hippocampal neurons were co-treated with PBS (vehicle control) or 70 nM of 
mouse aSyn PFF and increasing concentrations of each compound or DMSO. The level of 
pS129-aSyn pathology was quantified by immunocytochemistry combined with high-content 
imaging analyses (HCA) (see Methods) 10 days post-treatment (Figures 5 and S6). The 
multiparametric staining strategy enabled quantitative discrimination of pS129-positive aSyn 
pathology within neuronal somata and MAP2-positive neurites (Fig. 5B), assessing the impact 
of aggregation on neuronal survival (NeuN⁺/DAPI⁺), neuritic network integrity, and non-
neuronal cell populations (DAPI⁺/NeuN⁻) (Fig. S6G).  
Co-incubation of primary neurons with aSyn PFFs and CGP-52411 or AS25224 resulted in a 
significant suppression of pS129 pathology at 10 µM or higher concentrations, consistent 
across all pS129 readouts, including total pS129 signal (Figure 5C-D), as well as 
compartment-specific measurements within neuronal soma (Figure S6A,C) and MAP2-
positive neuritic processes (Figure S6B,D). CI-994 also robustly reduced pS129 pathology in 
a concentration-dependent manner already at 3 µM (Figure 5B and 5E) and was comparable 
between the neuronal soma (Figure S6E) and MAP2-positive neuritic processes (Figure S6F). 
Quantifications of the number of neurons, glial cells and neurites revealed only marginal 
changes induced by the different compounds, except for a modest decrease in the total 
number of neurons at the highest CI-994 concentrations (Fig.S5H-P). These observations 
indicate that the suppression of pS129 pathology is not caused by cellular toxicity.   
To independently validate the imaging-based findings, pS129 pathology was next assessed 
biochemically by Western Blot (WB) analysis of detergent-insoluble fractions, which are 
enriched in aggregated aSyn species (Figure S6Q-W). Consistent with the HCA results, co-
treatment with all compounds resulted in a pronounced reduction in pS129 immunoreactivity 
within the detergent-insoluble fraction (Fig. S6Q-V). The pS129 signal appeared as multiple 
bands, reflecting distinct phosphorylated aSyn species, a pattern characteristic of aggregated 
aSyn and comparable to that reported in human synucleinopathy brain tissue (81) and 
aggregation in the neuronal seeding models (30, 77–80).  
Endogenous aSyn levels determine the amount of substrate available for seeded aggregation, 
therefore, we next examined whether drugs influence endogenous aSyn levels. Endogenous 
aSyn levels were quantified in PBS-treated neurons using the SYN-1 antibody to detect total 
endogenous aSyn at the single-cell level by immunocytochemistry combined with HCA (Figure 
S6W). CI-994 induced a concentration-dependent reduction in endogenous aSyn levels, 
which was however less pronounced than its ability to reduce pS129 (Figure S6X). AS-252424 
induced a small reduction in endogenous aSyn levels (~20%) at the higher concentration 
tested (10 and 20 µM) (Figure S6Y) and CGP-52411 did not induce detectable changes in 
endogenous aSyn levels across the concentration range tested (Figure S6Z). Taken together, 
these results suggest that changes in endogenous aSyn levels do not account for the 
suppression of aggregation mediated by the compounds. 
Having established that these drugs suppress seeded aggregation when co-applied with 
fibrils, we next asked whether they could also modulate aSyn pathology once aggregation had 
already been initiated. This question is particularly relevant in a therapeutic context, as disease 
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symptoms are more likely to become visible only after pathological aggregates have begun to 
accumulate. To address this, we employed a delayed-treatment paradigm in which aSyn PFFs 
were applied to primary neurons at days in vitro (DIV)13 to induce seeded aggregation, and 
compounds were added only after pathology had begun to develop. CI-994, AS-252424, or 
CGP-52411 were introduced 7 days after PFFs exposure and maintained for an additional 6 
days, allowing assessment of their ability to limit the accumulation or persistence of 
established aggregates (Fig. 5F). Using this delayed-treatment paradigm, pS129 pathology 
was quantified by HCA using the same multiparametric readouts described above. CI-994 
reduced pS129 pathology in a concentration-dependent manner, with an approximately 40% 
reduction in total pathology at 6 µM (Fig.5G-H). Compartment-specific analyses revealed a 
stronger effect within neuronal soma than in neuritic processes (Fig.5I and S7A). Importantly, 
CI-994 did not induce detectable toxicity in this delayed-treatment paradigm, as neuronal 
counts, neuritic network density, and glial cell numbers remained comparable to PFF-treated 
DMSO controls (Figure S7H-K). Under the same conditions, CI-994 also partially (~40%) 
reduced endogenous aSyn levels (Fig. S7R-S). In contrast, delayed application of AS-252424 
and CGP-52411 did not significantly reduce pS129 pathology at any of the concentrations 
tested (Figure S7B-G). Total, somatic, and neuritic pS129 levels remained comparable to PFF-
treated DMSO controls across all conditions. No compound-induced toxicity was detected in 
PBS-treated or PFF-treated cultures under these conditions (Figure S7L-Q), and endogenous 
aSyn levels remained unaltered (Figure S7U-T). Together, these results indicate that only CI-
994 suppresses aggregation both when present during the initiation phase and once 
aggregation has progressed.  

We next asked whether this effect could arise from altered uptake or intracellular handling of 
aSyn PFFs rather than from modulation of seeded aggregation itself. To do so, we used aSyn 
knockout (KO) neurons, which lack endogenous aSyn and therefore cannot support templated 
aggregation (77, 80). aSyn KO neurons were exposed at DIV13 to aSyn PFFs in the presence 
or absence of drugs, and intracellular fibril levels were quantified over time by WB (Figure 
S7V-AA). In DMSO-treated cultures, internalized PFFs were readily detected and underwent 
progressive intracellular processing and clearance, including characteristic proteolytic 
truncation into lower-molecular-weight C-terminal fragments, reflecting proteolytic processing 
of internalized seeds (S7V-X) as previously described (80). None of the compounds altered 
the amount of internalized PFFs at early time points or impact their subsequent processing or 
degradation, suggesting their activity on the initiation phase of aggregation rather than fibril 
uptake.  

CI-994 suppresses seeded aSyn aggregation in human iPSC-derived dopaminergic 
neurons 
To assess whether the effects observed in primary mouse neurons are conserved across 
neuronal systems, we next tested CI-994 in induced pluripotent stem cells (iPSC)-derived 
dopaminergic (iDA) neurons (82, 83). In this model, aSyn PFFs were applied at day 9 together 
with CI-994 at 6 µM and maintained for 21 days (day 30) (Figure 5J). Consistent with previous 
reports using this system (83), seeded aggregates in iDA neurons developed more slowly than 
in primary mouse neurons and were initially and predominantly localized to neuritic 
compartments, with comparatively lower accumulation within neuronal soma at this time point 
(84–87). In these conditions, CI-994 treatment resulted in a robust reduction of pS129 
pathology across all independent biological replicates (Figure 5K). Quantitative analysis 
revealed a pronounced decrease in total pS129 signal (Figure 5L,M), most prominently within 
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neuritic processes, where pathological aggregates are preferentially localized in iDA neurons 
at day 21.  Altogether, CI-994 emerged as the most therapeutically promising compound due 
to its efficacy against suppressing pS129 pathology in both primary mice neurons and human 
iDA as well as against already established pS129 pathology.  

Discussion 
Here we describe a live-cell imaging approach to quantify global protein turnover in human 
neurons. The single-cell, quantitative nature of the readout obtained using a single microscopy 
snapshot makes this approach highly amenable to high-throughput screenings starting from 
limited amounts of material. A single researcher can easily screen 2000 compounds per week 
in duplicates, a throughput vastly exceeding what is currently possible with proteomics-based 
approaches. Its applicability to any cell type that can be genetically engineered makes it 
uniquely suitable to screen for modulators of protein turnover in human pluripotent stem cell-
derived differentiated cells in various developmental, disease, or perturbation conditions. 
Our screen identified dozens of compounds increasing protein turnover, and we found the 
most promising molecules to increase the expression of most ribosomal subunits providing a 
potential explanation for their ability to increase protein synthesis rate. Surprisingly, even 
though CI-994 caused an increase in protein levels of a large number of ribosomal proteins, it 
did not increase their expression at the mRNA level. Such RNA–protein decoupling is well 
documented in the brain and reflects post-transcriptional regulation, including differences in 
translation, trafficking, and protein turnover (11, 24, 88, 89). We did not see consistent change 
in the expression of mRNAs and proteins involved in protein degradation by the proteasome 
or by autophagy, suggesting that the increase in protein degradation we measured is mediated 
by changes in the activity of the degradation machinery. Proteasome activity can be tuned 
through assembly and accessory regulation such as regulator/cap binding, chaperones, 
substrate ubiquitination, and/or proteasome PTMs without coordinated transcriptional 
changes (90, 91), consistent with unchanged proteasome mRNAs and proteins in our data. 
This is in line with evidence that proteasome abundance is not a reliable proxy for degradative 
capacity, particularly for chymotrypsin-like activity in quiescent cells (92). It was also shown 
that hippocampal neurons maintain considerable spare capacity: only ~20% of 26S 
proteasomes actively process substrates, and proteasome activity can be pharmacologically 
modulated without detectable changes in subunit levels or global ubiquitination (45). 
How do the three selected compounds modulate protein turnover in human neurons? AS-
252424 is a selective PI3Kγ inhibitor (93), while CGP-52411 is an EGFR kinase inhibitor (94), 
both acting within the PI3K/Akt/mTORC1 signaling axis, a central regulator of growth and 
protein synthesis (43, 95). EGFR functions also upstream of Ras/Erk, which can feed into 
mTORC1 and further support anabolic programs (43, 96). PI3K signaling also interfaces with 
mTORC2, including reported effects on mTORC2–ribosome association (97, 98). EGFR/PI3K 
inhibition would be expected to dampen mTORC1-driven protein synthesis, with potential 
secondary engagement of catabolic programs through reduced mTORC1/C2 activity. In 
contrast, in senescent cells, mTORC1 regulation can become uncoupled from normal nutrient 
and growth factor sensing, resulting in persistent mTORC1 activity despite upstream 
deprivation (99). Although our system is distinct from senescence, this observation illustrates 
how altered pathway coupling in nondividing cells may reshape proteostasis in ways not 
readily inferred from proliferating cellular models. Consistent with this idea, we did not observe 
downregulation of genes related to the mTOR pathway by CGP-52411 or AS-252424, while 
they both increased ribosomal genes and proteins, suggesting that both compounds may 
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enhance the protein turnover phenotype, at least in part through shared pathway modulation. 
The specific signaling nodes underlying this effect remain to be defined. CI-994 is a class I 
HDAC inhibitor (73), and our observation of broad transcriptional reprogramming with 
comparatively limited proteome-level changes suggests a regulation downstream of 
transcriptional programs that prevents large shifts in steady-state protein abundance. Recent 
evidence linking CI-994 to Wnt/β-catenin signaling (100), which activates mTORC1 and 
promotes translation (101, 102), provides a potential mechanism coupling transcriptional 
changes to increased protein synthesis. HDAC inhibition has also been reported to increase 
acetylation of 20S proteasome subunits (103), enhancing proteolytic capacity, and in some 
contexts to activate TFEB-dependent lysosomal biogenesis (104).  
Interestingly, in neurons, both class I HDAC inhibition, including CI-994, and perturbation of 
the PI3K/mTOR pathway have been linked to activity- and plasticity-related phenotypes (74, 
100, 105–107), albeit in distinct experimental contexts. Memory consolidation depends on 
regulated protein homeostasis, including de novo protein synthesis, mTORC1 signaling, and 
efficient UPS function (107–110). Consistent with this framework, neuronal activity and 
plasticity are accompanied by enhanced remodeling of protein turnover programs and 
changes in synaptic protein stability (4, 111–113). Although we did not investigate this 
connection directly, these observations raise the possibility that these apparently distinct 
mechanisms intersect at the level of neuronal proteostasis. Nevertheless, it is plausible that 
these compounds exert broader, off-target activities beyond their canonical targets as effects 
independent of the main mechanism of action were previously reported for these compounds 
(100, 114, 115). 
Importantly, while all three compounds and especially CI-994 induced major transcriptional 
changes, changes in the neuronal proteome were relatively limited. This suggests that the 
selected compounds do not cause a major alteration of cellular phenotype, at least upon acute 
treatment, even though they robustly increase protein turnover. CI-994 efficacy in suppressing 
the pathological features in vitro models of PD further is consistent with its neuroprotective 
effects in other preclinical settings, as CI-994 promoted functional recovery after traumatic 
brain injury and reduced tau phosphorylation in cellular AD models (100, 105). These findings 
position CI-994 as a compound of potential translational relevance and motivate further work 
to disentangle how CI-994 reshapes neuronal stress and proteostasis pathways. 

Limitations of this study  
One important limitation of our study is the use of in vitro, iNGN-generated neurons to measure 
the impact of small molecules on protein turnover. We cannot exclude that more mature 
neurons and/or different neuronal subtypes found in the human brain may react differently to 
these compounds. However, the efficacy of CI-994 in erasing pathological features of 
Parkinson’s disease both in mouse primary neurons and iPSC-derived dopaminergic neurons 
suggest its broad applicability to increase protein turnover in neurons. We assumed that the 
24-h post-perturbation time point approximates steady state conditions, enabling protein 
turnover to be inferred from a single snapshot of the timer. However, we cannot exclude that 
the activity of some pathways or the level of specific proteins may still be dynamically changing 
at this time point.  
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experiments involving hESC were approved by the Canton of Vaud Ethics committee on 
human research (https://www.cer-vd.ch).  

Cell lines used in this study  
The generation of human embryonic stem cells (hESC) expressing the tandem fluorescent 
timer (SLT) and/or neurogenin 1 and neurogenin 2 with the TRE promoter used in this study 
has been previously described in (42). For aSyn seeding experiments, NGN2-inducible iPSCs 
(AIW002-02) was obtained from Early Drug Discovery Unit, McGill University.  

Cell culture and maintenance  
hESCs were maintained as previously described (42). Briefly, hESCs were routinely cultured 
as colonies in mTeSR Plus (STEMCELL Technologies, 100-0276) in Corning Matrigel hESC-
qualified matrix-coated cultureware (Corning, 354277) at 37 °C, 5% CO2. Cells were passaged 
once or twice per week using the enzyme-free passaging reagent ReLeSR (STEMCELL 
Technologies, 05872). For single cell dissociation, hESCs were harvested using Accutase 
(Innovative Cell Technology, AT104). After 5 min incubation at 37 °C, DMEM/F12 with 15 mM 
HEPES (STEMCELL Technologies, 36254) was added and the cell suspension was 
centrifuged 5 min at 300 x g. The supernatant was discarded and cells were resuspended in 
fresh mTeSR Plus with 10 µM ROCK Inhibitor (Y-27632) (MilliporeSigma, SCM075).  

Neuronal induction  
hESCs were induced to neurons (iNGNs) as previously described (42). Briefly, hESCs were 
cultured for at least two passages prior to the induction. hESCs were harvested as single cells 
using Accutase (Innovative Cell Technology, AT104) and plated at 5 x 104 cells/cm2 in mTeSR 
Plus medium (STEMCELL Technologies, 100-0276) supplemented with 10 µM ROCK in 
hibitor (MilliporeSigma, SCM075) in cultureware coated with 15 µg/mL Poly-L-Ornithine (PLO, 
Sigma-Aldrich, P4957) and 10 µg/mL laminin (Sigma-Aldrich, L2020), resuspended in PBS 
with Mg2+ and Ca2+. The next four days, the mTeSR Plus medium was supplemented with 1 
µg/mL doxycycline (Sigma-Aldrich, D9891) and changed daily. For the last 24 h, the medium 
was additionally supplemented with 5 µM cytosine β-D-arabinofuranoside hydrochloride 
(Sigma-Aldrich, C6645). Afterwards, iNGNs were maintained in BrainPhys™ Neuronal 
Medium (STEMCELL Technologies, 05790) or BrainPhys™ Imaging Optimized Medium 
(STEMCELL Technologies, 05796) supplemented with a final concentration of 1x N2 
Supplement-A (STEMCELL Technologies, 07152) , 1x NeuroCult™ SM1 Neuronal 
Supplement (STEMCELL Technologies, 05711), 20 ng/mL BDNF (STEMCELL Tech nologies, 
78005), 20 ng/mL GDNF (STEMCELL Technologies, 78058), 200 nM ascorbic acid 
(STEMCELL Technologies, 72132) and 1 mM dibutyryl-cAMP (STEMCELL Technologies, 
73882). Half of the medium was changed twice a week.  

Neuronal 2D long-term differentiation  
Differentiation to neural progenitor cells (NPCs) 
hESCs were maintained in culture two weeks prior to the start of differentiation, followed by 
passaging as single cells as described above and seeded at 2.5 x 105 cells/cm2 in STEMdiff 
Neural Induction Medium with 1x STEMdiff SMADi Neural Induction Supplement (STEMCELL 
Technologies, 08581) with 10 µM ROCK Inhibitor (Y-27632) (MilliporeSigma, SCM075) on 
Corning Matrigel hESC-qualified matrix-coated cultureware (Corning, 354277), accordingly to 
the manufacturer's protocol and as described earlier in (42). Medium change was performed 
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daily for three weeks. NPCs were passaged using Accutase (Innovative Cell Technology, 
AT104) once a week.  
 
Differentiation to neurons 
NPCs were differentiated to neurons as described earlier with minimal modifications (66) and 
according to the manufacturer's protocol. NPCs were passaged using Accutase (Innovative 
Cell Technology, AT104) and plated at 5 x 104 cells/cm2  in STEMdiff Neural Induction Medium 
in cultureware coated with 15 µg/mL Poly-L-Ornithine (PLO, Sigma-Aldrich, P4957) and 10 
µg/mL laminin (Sigma-Aldrich, L2020), resuspended in PBS with Mg2+ and Ca2+. The next day, 
half of the medium was changed to BrainPhys™ Neuronal Medium (STEMCELL 
Technologies, 05790) or BrainPhys™ Imaging Optimized Medium (STEMCELL Technologies, 
05796) supplemented with a final concentration of 1x N2 Supplement-A (STEMCELL 
Technologies, 07152), 1x NeuroCult™ SM1 Neuronal Supplement (STEMCELL 
Technologies, 05711), 20 ng/mL BDNF (STEMCELL Technologies, 78005), 20 ng/mL GDNF 
(STEMCELL Technologies, 78058), 200 nM ascorbic acid (STEMCELL Technologies, 72132) 
and 1 mM dibutyryl-cAMP (STEMCELL Technologies, 73882). Half-medium change was 
performed every two to three days until imaging. 

Live cell imaging  
Imaging was performed as previously described (42). 96-well black imaging plates (Perkin 
Elmer, 6055302) were coated with Corning Matrigel hESC-qualified matrix-coated cultureware 
(Corning, 354277) or PLO/laminin (Sigma-Aldrich, P4957 and L2020), respectively, for hESCs 
and iNGNs. One day prior to imaging, cells were seeded as single cells as described above. 
A snapshot image was taken with the Operetta CLS microscope (Perkin Elmer), 20× objectives 
(Air immersion, NA 0.8), at 37 °C, 5% CO2. For the green and red channels, the following 
filters were used, respectively: Ex: BP 435-460, 460-490, Em: HC 500-550 and Ex: BP 490-
515, 530-560, Em: HC 570-650.  

Immunofluorescence for validation of differentiation  
Immunofluorescence was performed as previously described (42) with minimal modifications. 
0.1 M PHEM buffer (Electron Microscopy Sciences, 11162) was added to the neuronal 
medium in equal amounts. Cells were washed twice with 0.1 M PHEM buffer (Electron 
Microscopy Sciences, 11162) and fixed with 4 % formaldehyde (Thermo Fisher Scientific, 
28906), 0.25 % glutaraldehyde (Electron Microscopy Sciences, 16220) in 0.1 M PHEM buffer 
for 15 min at room temperature. Cells were washed twice with PBS (Bioconcept, 9872L) and 
permeabilized with 0.1 % Triton X-100 (BioChemica, UN3082) in PBS for 20 min and blocked 
with 1 % BSA (Sigma-Aldrich, A7906) in PBS for 30 min. Cells were incubated overnight at 4 
°C with anti-Ki67 antibody (1:100, BD Biosciences, 550609), anti-MAP2 antibody (1:500, 
Sigma Aldrich AB5622), or anti-TUBB antibody (1:2000, eBioscience 14-4510). The next day, 
cells were washed twice with PBS (Bioconcept, 9872L) and incubated with an anti mouse 
secondary antibody conjugated to AlexaFluor647 (1:1000, LifeTechnologies, A31571) or anti-
rabbit secondary antibody conjugated to AlexaFluor647 (1:1000, LifeTechnologies, A21443) 
for 1 h at room temperature. Cells were washed twice with PBS (Bioconcept, 9872L) and 
mounted with VECTASHIELD® HardSet™ Antifade Mounting Medium with DAPI (Vector, H-
1500- 10). Cells were imaged as described above.  
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Image processing  
Image processing was performed as previously described (42). Briefly, all images were 
background-corrected by accounting for uneven illumination and auto-fluorescence of the 
medium, while the dark field signal was neglected as it was negligible. The illumination pattern 
was obtained by imaging a well containing only medium under identical exposure settings and 
normalizing the image to its mean intensity. Raw images were then divided by this reference 
to generate flat field corrected images. Auto-fluorescence was estimated for each frame 
individually by applying a thresholding method to the corrected images, creating a binary mask 
that excluded foreground fluorescence signals. The threshold was set to the fifth percentile of 
the intensity distribution of pixels within segmented cells, and the mask was expanded by 
erosion. The mean or peak pixel intensity was measured from the unmasked regions and used 
for background subtraction for each individual cell. Cell nuclei were segmented in the green 
fluorescence channel using CellPose 2.0 with the built-in “nuclei” model in Python, generating 
masks that were subsequently used to extract green and red fluorescence intensities for each 
cell (116). Microscopy figures were created using the microfilm package in Python (117).  

Quantification of  MCFT half-life  
The half-life (t1/2) of the MCFT was calculated as described (42). Briefly, the decay rate (k) 
was calculated from the following equation: 

𝑘 = 𝑚𝐺𝑚𝑅 ⋅ 1−/𝑅
𝑚𝑅𝑅−𝑚𝐺

, 

where m - maturation rate of sfGFP, mOrange2; R - green to red fluorescence ratio based on 
the integrated fluorescence intensity. Maturation rates of sfGFP and mOrange2 were taken 
from (42). Note that 𝑘 = 𝑘𝑑𝑒𝑔𝑟𝑎𝑑𝑎𝑡𝑖𝑜𝑛+𝑘𝑑𝑖𝑙𝑢𝑡𝑖𝑜𝑛 . 
Based on k, the t1/2 was computed, filtering for k>0: 

𝑡1/2 =
𝑙𝑛2
𝑘

. 

Drug Screening  
Compounds from the EPFL’s Biomolecular Screening Facility (BSF) in-house collections of 
257 Kinase Inhibitors (Table S2), 4360 molecules from in-house Drug Repurposing Library 
(selected from the Broad Institute Drug Repurposing Library, Table S3), and 1280 molecules 
from Prestwick Chemical Library (Prestwick Chemicals) were used for the drug screening. 
Compounds were provided at 10 mM stock solutions in DMSO, they were flushed with Argon 
and stored at –20 °C under dry air, protected from light. Chemical integrity of the libraries was 
controlled by HPLC-MS. Drugs were spotted to PhenoPlate™ 384-well plate (Revvity, 
6057302) using an acoustic liquid handler (Beckman Coulter Echo 655). Plates were stored 
at –20 °C.  

Screening window coefficient  
To determine the quality of the assay, the screening window coefficient (Z’-factor) was 
calculated as follows:  

𝑧′ =
1 − 3(𝜎+ + 𝜎−)

|𝜇+ − 𝜇−|
 

, where σ is a standard deviation and µ is the mean of fluorescence intensity of positive and 
negative controls, respectively Zhang et al. (1999). As a validation of the assay, z’-value was 
assessed on a z’-plate composed of 192 replicates of DMSO (negative control) and 192 
replicates of 20 µM final cycloheximide (CHX; inverse (positive) control). The quality of the 
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assay was deemed as sufficient if the obtained z’ was above 0.5. iNGN-SLT were 
differentiated as described above, harvested using Accutase (5 min, 37 °C) and resuspended 
in DMEM/F12 with 15 mM HEPES (STEMCELL Technologies, 36254), then centrifuged 5 min 
at 400 x g. The cell pellet was resuspended in Brain Phys™ Imaging Optimized Medium 
(STEMCELL Technologies, 05796) supplemented as described above at 7.5 x 105 cells/mL. 
Laminin (Sigma-Aldrich, L2020) at the final concentration of 10 µg/mL was added to the cell 
suspension to ensure cell attachment. Automatic cell seeding into 384-well imaging plates was 
performed using a Multidrop Combi (Thermo Fisher) dispenser at medium speed, dispensing 
20 µL of cell suspension per well. After 24 h incubation at 37 °C with 5% CO2, fluorescence 
snapshots of green and red channels were acquired on an Operetta high-throughput 
fluorescence microscope (Perkin Elmer) equipped with a 20x/0.8NA objective, at 37 °C with 
5% CO2. For each well, 9 fields were acquired. The primary readout considered was the mean 
intensity ratio of green versus red fluorescence channel and data was processed as explained 
in the Image processing. 

Primary screening  
Drugs were tested at a final concentration of 10 µM, in biological duplicates (on separate 
plates). Each plate contained controls used for per-plate and per-batch normalization and z’-
factor determination, two columns of each: DMSO and 20 µM CHX. Only plates with z’-factor 
above 0.25 were considered for further analysis. The plates were spotted and cells were 
seeded as described above. The list of compounds from the in-house libraries are provided in 
Supplementary file 1 and 2. 
 
Primary screening data curation  
The Laboratory Information Management System (LIMS) developed by EPFL’s BSF was used 
for data processing and statistical validation of hits. Only plates with a Z’-factor above 0.25 
were considered for further analysis as calculated based on the control wells from each plate. 
Data were normalized by assigning 0 to the mean G/R ratio of DMSO control and 1 to the G/R 
ratio of CHX. A normalized average result was calculated for each compound based on the 
duplicate. A compound was considered a validated hit if its value was different from than the 
mean of the DMSO control + 3 standard deviations and the corresponding score was assigned 
to this hit. Cell viability was assessed in parallel based on the segmented cell number, as a 
proxy for screened compounds toxicity.  

Secondary screening  
For the secondary screening, the data from the primary screen were manually curated by 
removing hits resulting from imaging artifacts, compounds decreasing the cell number by more 
than 2.5-fold as compared to DMSO control, and structural analogs. The drugs sharing the 
same mechanism of action were limited to no more than three. The selected 47 drugs were 
tested in dose-response with ten final concentrations ranging from 3 nM to 40 µM in duplicates, 
using the same protocol as for the primary screen. The half maximal effective concentrations 
(EC50) were determined for each compound by fitting the data to a sigmoidal function to 
determine the dose-response curves.  
 
Selected compounds  
For the follow-up experiments,  the selected compounds (CGP-52411 (HY-103442), AS-
252424 (HY-13532), CI-994 (HY-50934), were acquired from MedChemExpress, 
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resuspended in 99.9% DMSO (Sigma Aldrich, 900645) at 50 mM and stored in aliquots at -80 
°C.  

Label Free Quantitative (LFQ) Proteomics  
LFQ Proteomics was performed as described previously with minor modifications to adjust to 
neuronal culture (42). Proteomics experiments were performed by the Proteomics Core 
Facility at EPFL. The experiment was performed in N = 3 biological replicates.  
 
Cell culture  
Upon thawing, hESCs were maintained for two weeks as described above. iNGNs were 
induced in a 12-well plate as described above, adjusting the volumes accordingly to the well 
size. Directly after the end of induction, cells were treated with 20 µM CGP-52411 (HY-
103442), 20 µM AS-252424 (HY-13532), 5 µM CI-994 (HY-50934) or a volume of DMSO 
corresponding to the highest drug concentration resuspended in BrainPhys™ Neuronal 
Medium (STEMCELL Technologies, 05790) completed with all supplements as described 
earlier. iNGNs were incubated for 24 h at 37 °C with 5% CO2.  

 

Sample collection  
Cell culture dishes were placed on ice, the medium was aspirated and cells were washed 
twice with ice cold PBS without Mg2+ and Ca2+. Cells were then scraped in 50 µL of lysis buffer 
(100 mM Tris buffer pH 8 (PanReac AppliChem, A4577), 2% SDS (PanReac AppliChem, 
A3942), Halt Protease Inhibitor (LifeTechnologies, 78441) and collected in protein low-binding 
tubes. Benzonase nuclease (Sigma Aldrich, 70746-3) was added to each tube and incubated 
15 min at room temperature. The lysates were boiled at 90 °C for 10 min and centrifuged at 
20,000 x g for 10 min at 4 °C. The protein extracts were transferred to a new tube without 
disturbing a pellet and snap-frozen in liquid nitrogen. They were stored at - 80 °C until further 
use. The protein extract concentration was measured using Pierce™ BCA Protein Assay Kits 
(Thermofisher, 23225). 
 
Sample preparation  
Protein samples (20 µg) were processed using a filter-aided sample preparation (FASP) 
workflow with slight adaptations (Wisniewski et al., 2009). Briefly, proteins were loaded onto 
pre-washed and equilibrated Microcon®-30K centrifugal filter units (Merck AG, Zug, 
Switzerland) and centrifuged at 9,400 × g at 20 °C for 30 minutes, or until complete dryness 
was achieved. All subsequent centrifugation steps were carried out under identical conditions. 
The retained proteins were washed twice with 200 µL of urea buffer (8 M urea, 100 mM Tris-
HCl, pH 8.0). Reduction was performed by applying 100 µL of 10 mM Tris(2-
carboxyethyl)phosphine (TCEP) prepared in urea solution, followed by incubation for 60 
minutes at 37 °C with gentle agitation under light-protected conditions. The reduction solution 
was removed by centrifugation and washed twice with 200 μL urea solution. Alkylation was 
then carried out by adding 100 µL of 40 mM chloroacetamide (CAA) in the urea buffer and 
incubating for 45 minutes at 37 °C with gentle shaking in the dark. The alkylation solution was 
removed by centrifugation, followed by two additional washes with the urea buffer. 
Subsequently, two conditioning washes were performed using 200 µL of 5 mM Tris-HCl (pH 
8.0) to prepare the samples for enzymatic digestion. Proteins were digested overnight at 37 
°C by adding 100 µL of a protease mixture containing endoproteinase Lys-C and trypsin 
(Trypsin Gold) at an enzyme-to-protein ratio of 1:50 (w/w), prepared in 5 mM Tris-HCl 
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supplemented with 10 mM CaCl₂. Peptides were recovered by centrifugation and further 
eluted with two sequential additions of 50 µL 4% trifluoroacetic acid. The resulting peptide 
mixtures were desalted using SDB-RPS StageTips (118) and dried by vacuum centrifugation 
prior to LC–MS/MS analysis. 
 
Mass Spectrometry  
Dried peptide samples were resuspended in 2% acetonitrile (Biosolve) containing 0.1% formic 
acid. Peptide separation was performed using a Dionex Ultimate 3000 RSLC nano-UPLC 
system (Thermo Fisher Scientific) coupled online to an Orbitrap Ascend mass spectrometer 
(Thermo Fisher Scientific). Samples were first loaded onto a trapping column (Acclaim 
PepMap C18, 3 µm, 100 Å, 2 cm × 75 µm internal diameter (ID)) for desalting and 
concentration. Analytical separation was achieved on a 50 cm capillary column (75 µm ID), 
packed in-house with ReproSil-Pur C18-AQ 1.9 µm silica particles (Dr. Maisch), using a flow 
rate of 250 nL/min and a 150-minute biphasic gradient. Data acquisition was performed in Top 
Speed data-dependent acquisition (DDA) mode with a cycle time of 2 seconds. Full MS scans 
were recorded at a resolution of 60,000 (at m/z 200). The most intense precursor ions were 
selected for fragmentation by higher-energy collisional dissociation (HCD) using a normalized 
collision energy (NCE) of 30% and an isolation window of 1.4 m/z. Fragment ion spectra were 
acquired at a resolution of 15,000 (at m/z 200), and previously fragmented ions were 
dynamically excluded for 20 seconds. 
 
Data analysis  
Raw mass spectrometry data were analyzed using MaxQuant (version 2.4.4.0) (119) against 
a protein database containing 104557 entries (LR2024_01). Carbamidomethylation of 
cysteine residues was specified as a fixed modification, while methionine oxidation, 
phosphorylation (serine, threonine, tyrosine), protein N-terminal acetylation, and glutamine 
conversion to pyroglutamate were included as variable modifications. Up to two missed 
cleavages were permitted, and the “match between runs” feature was enabled. Protein 
identification required at least two peptides, and the false discovery rate (FDR) was controlled 
at 0.01 at both peptide and protein levels. Label-free quantification (LFQ) was carried out using 
the MaxLFQ algorithm with default parameters (120). 
 
Statistical Analysis 
Downstream statistical analyses were conducted using Perseus (version 1.6.12.0) (121). 
Reverse hits, contaminants, and proteins identified only by site were excluded. Protein groups 
with at least three valid intensity values in at least one experimental condition were retained. 
Missing values were imputed using a normal distribution (width = 0.4, downshift = 1.8 standard 
deviations). On the graphs, each point is the average over biological triplicate of the protein 
level (P) fold change compared to the vehicle treatment (DMSO). Red point marks significant 
protein groups above the curved blue line based on the differential protein abundance between 
conditions using a two-sample t-test with permutation-based FDR correction (250 
permutations, FDR = 0.05, S0 = 1). Group-level analysis of predefined protein sets was 
performed. Lists of ribosomal (RPS, RPL), proteasomal, proteins were respectively taken from 
(Seal et al., 2026, retrieved January 2026) and autophagy (GO:0006914) was taken from 
Gene Ontology enrichment list on QuickGO. For each set, protein values were compared with 
those of all remaining quantified proteins using a two-sided Wilcoxon-Mann-Whitney test 
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(122)(Cox and Mann, 2012), and P values were adjusted across tested sets by the Benjamini-
Hochberg method (FDR = 2%) (123).  

RNA sequencing  
Cell culture  
Cells were cultured the same way as for LFQ proteomics. The experiment was performed in 
N = 2 biological replicates.  
 
Sample collection  
After 24 h incubation, cells were washed twice with ice cold PBS without Mg2+ and Ca2+, 
scraped manually, subsequently transferred to DNA LoBind Tube (Eppendorf, 022431021) 
and centrifuged at 4 °C at 1000 x g. The supernatant was removed and cell pellets were 
snap-frozen in liquid nitrogen and stored at - 80°C until further processing. 
 
Sample preparation  
RNA were extracted using RNeasy Plus Micro Kit (Qiagen #74034) following manufacturer’s 
instructions with an additional step of on column DNAse digestion (Qiagen, #79254). 
Sequencing libraries were prepared on 500ng RNA by the EPFL Gene Expression Core 
Facility using the NEBNext Ultra II Directional RNA Library Prep with Ribodepletion Kit for 
Illumina (NEB, #E7760S).  
 
Sequencing 

Libraries were sequenced on an Aviti24 sequencer (Element Biosciences) using 75-nucleotide 
length paired-end sequencing. 
 
Data analysis 

Nuclear RNA-Seq libraries were mapped to the hg38 human genome using STAR (PMID: 
23104886). Exon coordinates were gathered from GENCODE annotation from v38 of the 
UCSC Genome Browser. Gene counts were then determined using the featureCounts function 
(PMID: 24227677) from the R package Rsubread. Differential enrichment analysis as well as 
normalization of results using the lfcShrink function with type =”normal” were performed using 
DeSeq2 (PMID: 25516281). Gene ontology enrichment analysis was performed with the web 
tool, ShinyGO 0.85.1 (124), using Curated.Reactome as pathway database. Cytosolic 
ribosomal proteins (WP477), proteasome degradation (WP183) , PI3K pathway (WP4172), 
EGFR pathway (WP4806)-related genes were taken from WikiPathways. Genes related to 
autophagy (GO:0006914) and mTOR (GO:0031929) were taken from Gene Ontology 
enrichment list on QuickGO. 

Expression, purification, and fibrillization of mouse aSyn 
Recombinant wild-type mouse aSyn was produced in Escherichia coli using a pT7-7 
expression system. Following bacterial expression, aSyn was purified through sequential 
anion-exchange chromatography and reverse-phase high-performance liquid 
chromatography, as described previously (125, 126). Purified monomeric protein was diluted 
in phosphate-buffered saline (PBS; pH 7.5) to a final concentration of 170-200 µM, passed 
through a 100-kDa molecular weight cutoff filter to remove pre-existing aggregates, and 
incubated at 37 °C under continuous orbital agitation (1,000 rpm) for 5 days to promote fibril 
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assembly (127). The formation of β-sheet-rich fibrillar structures was verified by thioflavin T 
fluorescence measurements (127). To generate preformed fibril (PFF) seeds suitable for 
neuronal seeding assays, fibrils were fragmented by controlled probe sonication on ice (total 
sonication time 20 s, 20% amplitude, 1 s on/1 s off), yielding short fibrillar species with an 
average length of approximately 50-100 nm and minimal release of monomeric aSyn (77). 
Sonicated mouse aSyn PFF were characterized by Coomassie staining and transmission 
electron microscopy (127), aliquoted, snap-frozen in liquid nitrogen, and stored at −80 °C until 
use.  

Primary hippocampal neuron cultures 
Primary hippocampal neurons were generated from postnatal day 0-1 (P0-P1) mouse pups 
derived from either wild-type (WT) C57BL/6J or aSyn knockout (aSyn KO; OLA) backgrounds. 
Timed-pregnant C57BL/6Jrj females were obtained from Janvier Labs (France) and 
C57BL/6JOlaHsd females from Envigo (France). Pregnant dams at embryonic day 12 were 
received at the EPFL animal facility and kept under controlled housing conditions through 
delivery. Neonatal pups were euthanized by decapitation immediately prior to tissue collection, 
and all experiments were conducted ex vivo. In accordance with the 3Rs principles, dams 
were reassigned to the EPFL Organ/Tissue Sharing Program (Optimice) whenever possible. 
All animal procedures were performed in compliance with institutional and national regulations 
and were approved by the Swiss Federal Veterinary Office (authorization VD4029). Under 
sterile conditions, hippocampi were rapidly dissected in ice-cold Hank’s Balanced Salt Solution 
(HBSS) and enzymatically dissociated using papain (20 U/mL) for 30 min at 37 °C. Enzymatic 
digestion was terminated by the addition of a protease inhibitor solution, followed by gentle 
mechanical trituration to obtain a single-cell suspension. Cells were collected by 
centrifugation, resuspended in Neurobasal medium supplemented with B27, L-glutamine, and 
penicillin/streptomycin, and plated onto poly-L-lysine-coated black, clear-bottom 96-well plates 
at a density of 200,000 cells/mL (200 µL per well). Cultures were maintained at 37 °C in a 
humidified incubator with 5% CO₂ and were left undisturbed except for experimental 
treatments. 

Differentiation of NGN2-iPSCs into dopaminergic neuronal cultures (iDA) 
Human NGN2-inducible iPSCs (AIW002-02; Early Drug Discovery Unit, McGill University) 
were differentiated into induced dopaminergic (iDA) neuronal cultures using an optimized 
protocol previously established (83, 128). Briefly, NGN2-expressing iPSCs were first 
differentiated into induced neurons (iNeurons). Cells were plated one day prior to induction in 
mTeSR Plus medium supplemented with the ROCK inhibitor Y-27632. On the day of induction 
(DIV0), NGN2 expression was initiated by replacing the medium with a defined differentiation 
medium containing doxycycline, neurotrophic factors, and laminin. Medium was refreshed on 
DIV1. At DIV2, cells were dissociated with Accutase and replated onto poly-L-ornithine- and 
laminin-coated plates or coverslips in Neurobasal medium supplemented with N2, B27, 
GlutaMax, neurotrophic factors, laminin, and doxycycline. From DIV3 onward, cultures were 
transitioned to a midbrain dopaminergic differentiation medium (STEMdiff Midbrain Neuron 
Differentiation Kit) supplemented with doxycycline and Sonic Hedgehog. Medium was 
refreshed at DIV6. At DIV9, cultures were switched to maturation medium from the STEMdiff 
Midbrain Neuron Maturation Kit. From this stage onward, half of the medium was replaced 
weekly with fresh maturation medium. iDA cultures were maintained under these conditions 
until experimental use. 
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Treatment of primary hippocampal neurons or iDA with mouse aSyn PFF and small-
molecule modulators 
For aggregation assays, primary hippocampal neurons or human iDA neurons were exposed 
to mouse aSyn PFF using two complementary experimental paradigms. Mouse aSyn PFF 
aliquots were thawed at room temperature immediately prior to use and diluted in conditioned 
Neurobasal medium collected from the corresponding neuronal cultures. PFF were applied at 
a final concentration of 70 nM in primary hippocampal neurons and 500 nM in human iDA 
neurons. 

In the co-treatment paradigm, aSyn PFF were applied concurrently with small-molecule 
modulators to assess their effects on the initiation and early accumulation of seeded 
aggregation. In primary mouse hippocampal neurons, aSyn PFF were added at day in vitro 13 
(DIV13; D0) together with the indicated concentrations of CI-994, AS-252424, or CGP-52411. 
Neurons were maintained under these conditions for 10 days, and aSyn pathology and cellular 
parameters were assessed at D10 post-treatment (DIV23). In parallel experiments using 
human induced dopaminergic (iDA) neurons, aSyn PFF were added at DIV9 together with the 
same compounds and concentration ranges. Cultures were maintained for 21 days following 
treatment, and analyses were performed at DIV30 (D21). This extended treatment window 
was selected to accommodate the slower maturation and aggregation kinetics of human 
neurons. For both mouse and human neuronal cultures, compounds were prepared as 
concentrated stock solutions in dimethyl sulfoxide (DMSO), diluted into the corresponding 
neuronal culture medium to generate intermediate working solutions, and then added to the 
cultures to achieve the indicated final concentrations. For each compound and experimental 
system, the final DMSO concentration was matched to that corresponding to the highest drug 
concentration tested, and control cultures received the corresponding DMSO concentration in 
the absence of compound. 

In the delayed-treatment paradigm, seeded aggregation was first initiated by the addition of 
mouse aSyn PFF at DIV13 (D0) in primary neuronal culture. After 7 days (DIV20, D7), 
compounds were added using the same preparation strategy and maintained for an additional 
6 days (DIV26, D13). DMSO controls were matched to the highest DMSO concentration used 
for each compound in this paradigm. This paradigm was used to assess compound effects on 
established aSyn pathology rather than on aggregation initiation. 

To assess PFF internalization, processing, and clearance independently of seeded 
aggregation, parallel experiments were performed in primary hippocampal neurons derived 
from aSyn knockout (aSyn KO) mice. In these experiments, aSyn KO neurons were treated at 
DIV13 with mouse aSyn PFF in the presence of DMSO, 6 µM CI-994, 10 µM AS-252424, or 
10 µM CGP-52411. Cells were harvested after 1 (D1), 3 (D3), or 7 (D7) days of treatment for 
biochemical analysis. 

For HCA, primary neurons were cultured and treated in poly-L-lysine-coated black, clear-
bottom 96-well plates and human iDA on glass coverslips. For biochemical analyses, including 
Western blotting of detergent-insoluble fractions, neurons were cultured and treated in poly-
L-lysine-coated 6-well plates, with two wells analyzed per condition. In all experiments, 
cultures were maintained without medium exchange following PFF exposure until the 
experimental endpoint. All experiments were performed using a minimum of three independent 
biological replicates, each derived from a separate primary neuronal culture preparation. For 
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high-content imaging analyses, three wells per condition were analyzed as technical replicates 
within each independent biological replicate, as detailed in the corresponding figure legends. 

Immunocytochemistry and high-content imaging analysis of aSyn PFF-treated primary 
neuronal cultures 
Following treatment with mouse aSyn PFF and small-molecule modulators, primary 
hippocampal neurons cultured in black, clear-bottom 96-well plates were washed twice with 
PBS and fixed with 4% paraformaldehyde for 20 min at room temperature. Fixed cells were 
permeabilized and blocked using standard immunocytochemical procedures prior to antibody 
incubation. Pathological aSyn accumulation was detected using a phosphorylation-specific 
antibody directed against serine 129 (pS129; clone 81A), which selectively labels aggregated 
aSyn species. Neuronal morphology and compartmental organization were visualized by co-
staining for microtubule-associated protein 2 (MAP2), allowing delineation of neuronal cell 
bodies and neuritic processes. Neuronal nuclei were identified using NeuN immunoreactivity, 
and all nuclei present in the mixed neuronal-glial cultures were counterstained with DAPI. 
Information regarding antibody sources and working dilutions is provided in the corresponding 
figure legends and Supplementary Information. For aSyn PFF-treated primary mouse 
hippocampal neurons, images were acquired using an automated wide-field high-content 
imaging system (INCell Analyzer 2200) equipped with a 10× objective. High-content 
acquisition was performed under identical imaging settings across conditions to enable 
quantitative comparisons. Each experimental condition was analyzed across three 
independent biological replicates, each derived from a separate primary neuronal culture 
preparation. For each biological replicate, three technical replicate wells were imaged per 
condition, and nine non-overlapping fields of view were collected per well using identical 
acquisition settings. For aSyn PFF-treated human induced dopaminergic (iDA) neurons, 
imaging was performed using an inverted Zeiss LSM700 confocal microscope. For each 
independent biological replicate, a minimum of three non-overlapping fields of view were 
acquired per condition using identical acquisition parameters. 

Images were analyzed using a predefined segmentation and analysis pipeline (77, 80). This 
multiparametric staining strategy enabled quantitative discrimination of pS129-positive aSyn 
pathology within neuronal somata and MAP2-positive neuritic processes, while simultaneously 
assessing neuronal survival (NeuN⁺/DAPI⁺), neuritic network integrity (MAP2-positive area), 
and non-neuronal cell populations (DAPI⁺/NeuN⁻). These parallel measurements allowed 
aggregation-specific effects to be distinguished from changes in cellular composition or 
morphology. 

Biochemical analysis of PFF internalization and aSyn pS129 pathology 
Following treatment with mouse aSyn PFF and DMSO or compounds, WT or aSyn KO primary 
hippocampal neurons were harvested for biochemical analyses. Neuronal cultures were lysed 
in Tris-buffered saline (TBS; 50 mM Tris, 150 mM NaCl, pH 7.5) containing 1% Triton X-100 
and supplemented with a protease inhibitor cocktail (Roche), 1 mM phenylmethylsulfonyl 
fluoride (PMSF), and phosphatase inhibitor cocktails 2 and 3 (Sigma-Aldrich). Cell lysates 
were subjected to brief probe sonication (10 pulses of 0.5 s at 20% amplitude) using a fine-tip 
sonicator and incubated on ice for 30 min to ensure efficient solubilization. Lysates were then 
centrifuged at 100,000 × g for 30 min at 4 °C to separate detergent-soluble and detergent-
insoluble material. The supernatant, corresponding to the Triton X-100-soluble fraction, was 
collected. The pellet was resuspended in fresh 1% Triton X-100/TBS, sonicated as described 
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above, and centrifuged again under the same conditions. Following removal of the 
supernatant, the resulting pellet, enriched in detergent-insoluble material, was solubilized in 
2% SDS/TBS containing protease and phosphatase inhibitors. This insoluble fraction was 
further homogenized by probe sonication (15 pulses of 0.5 s at 20% amplitude). 

Protein concentrations in both soluble and insoluble fractions were determined using the 
bicinchoninic acid (BCA) assay. Samples were subsequently mixed with Laemmli sample 
buffer (final composition: 4% SDS, 40% glycerol, 0.05% bromophenol blue, 0.252 M Tris-HCl, 
pH 6.8, and 5% β-mercaptoethanol) and run on 16% Tricine gels, then immunoblotted as 
previously described (30, 77–80). Western blot analyses were performed to detect total aSyn 
species (including monomeric ~15 kDa, truncated ~12 kDa, and high-molecular-weight 
assemblies) and phosphorylated aSyn at serine 129 (pS129). Band intensities were quantified 
using Image Studio 6.0 software and normalized to actin levels. Densitometric values are 
expressed as fold change relative to the control condition, as specified in the corresponding 
figure legends. Each data point represents an independent biological replicate derived from 
separately prepared primary neuronal cultures generated on different days. Due to gel 
capacity constraints, samples from independent experiments were processed on separate 
gels and membranes rather than run simultaneously. This experimental design is reflected in 
the presentation of the quantitative analyses. 

Statistical analysis of aSyn-related experiments 
Statistical analyses were performed using GraphPad Prism software (RRID: SCR_002798). 
All quantitative data were derived from at least three independent biological experiments. 
Group comparisons were carried out using one-way analysis of variance (ANOVA), followed 
by Tukey’s post hoc test to correct for multiple comparisons, as specified in the corresponding 
figure legends. Statistical significance was defined as P < 0.05.
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Figures  

 
 

Fig. 1 Characterisation of the fluorescent timer(FT)-expressing undifferentiated FT-
hESC and FT-hESC-derived neurons. 
A. Scheme of FT-iNGN expressing Mammalian Cell-optimized Fluorescent Timer (MCFT) and 
Neurogenin1 and 2 (NGN1/2). MCFT is composed of superfolder GFP (sfGFP) and mOrange2 
driven by the CAG promoter and fused with a SNAP-tag, a nuclear localisation signal (NLS) 
and a PEST degron, inserted into the CLYBL safe harbour locus. NGN1/2 is driven by TRE 
promoter, expression of TRE activating component reverse tetracycline-controlled 
transactivator (rtTA) and puromycin resistance marker are driven by EF1ɑ promoter.  
B. Representative snapshots of sfGFP (cyan) and mOrange (magenta) channels, merge of 
both channels, and brightfield of FT-expressing human cell lines: human embryonic stem cells 
(FT-hESCs), induced neurons (FT-iNGNs), neuron-enriched cultures derived from FT-hESCs, 
respectively. Scale bar 100 µM. C. Half-lives of the MCFT in FT-hESCs (cyan), FT-iNGNs 
(magenta), FT-hESC-derived neuron-enriched culture (pink), computed from the green to red 
(G/R) fluorescence ratio (see Methods), normalized to the median of FT-hESCs. Each point 
represents a single cell (FT-hESC: N= 7390; FT-iNGN: N=11286, FT-hESC-derived neuron-
enriched culture: N= 4429). Boxes: interquartile range; horizontal line: median; dashed line: 
median of FT-hESC; vertical lines: 5th-95th percentiles.  
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Fig. 2 Small-molecule screening reveals protein turnover modulators in human 
neurons. 
A. Scheme of the screening workflow. Timer-expressing human embryonic stem cells (FT-
NGN-hESC) with doxycycline (dox)-inducible NGN1/NGN2 were induced for 4 days with 1 
µg/mL dox. On the last day, 5 mM cytosine β-D-arabinofuranoside hydrochloride (AraC) was 
added for 24 h to eliminate dividing cells. On day 5, cells differentiated to neurons (FT-iNGNs) 
were passaged as single cells and dispensed to 384-well imaging plates using an automatic 
dispenser. Upon 24 h incubation with drugs, FT-iNGNs were imaged in the green and red 
fluorescence channels. Images were processed and data analyzed. B. Screening window 
coefficient (z’-factor): FT-iNGNs were cultured following the screening workflow from A, 
treated for 24 h with a vehicle (DMSO, gray) and a control compound (20 µM CHX, magenta). 
Each dot represents a replicate (N=194 wells, at least 800 cells per replicate were measured), 
dashed line – mean value, colored window – 3 standard deviation values in each direction. C. 
Normalized inversed mean values of drugs tested (N=2) in the primary screen shown on a 
log2 scale. Compounds (in gray) were annotated as hits (in cyan) when they scored above 3 
standard deviations of DMSO control. Out of 5897 tested compounds, 199 were annotated as 
hits. Normalisation to mean DMSO equals 0 and mean cycloheximide (CHX) equals 1, see 
Methods. The inversed values are displayed, where CHX = -1 (dashed magenta line) and 
DMSO = 0 (dashed black line). At least 800 cells per compound per replicate were measured. 
D. Boxplot of the number of identified hits in the most prevalent classes in the primary screen. 
HMDi - Histone methyltransferase inhibitors; GSK3i - Glycogen Synthase Kinase 3 inhibitors 
; HDACi - Histone Deacetylase inhibitors ; GFTi - Growth factor tyrosine kinase inhibitors 
(targeting either PDGFR and/or VEGFR and/or FGFR) ; RARa - Retinoic Acid Receptor 
agonists ; EGFRi - Epidermal growth factor receptor inhibitors ; BRDi - Bromodomain 
inhibitors. E-H. Heatmap of the fold change (FC) of the mean G/R ratio (E), mean green (F), 
mean red (G) fluorescence, cell number (H) of the compounds tested in the secondary screen 
(excluding compounds removed due to precipitation or imaging artifacts), normalized to the 
vehicle (DMSO) (N=2; at least 800 cells per compound per replicate were measured).   
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Fig. 3 CI-994, AS-252424, and CGP-52411 remodel the neuronal transcriptome.  
Differential gene expression analysis for iNGNs treated with AS-252424 (A), CGP-54211 (B) 
and CI-994 (C). Each point is the average over biological duplicates of log2 fold-change (FC) 
of RNA levels compared to the vehicle treatment (DMSO). D-E. Gene Ontology (Reactome) 
enrichment analyses of significantly enriched pathways upregulated in AS-252424-treated (D) 
and in CGP-54211-treated cells (E). F-N. Differential expression for specific classes of genes 
(colored dots); (F-H): cytoplasmic ribosomal proteins, (I-K): proteasomal degradation, (L-N) 
autophagosomal degradation for cells treated with AS-252424 (F,I,L), CGP-54211 (G,J,M) 
and CI-994 (H,K,N). 
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Fig. 4 CI-994, AS-252424, and CGP-5241 increase levels of ribosomal proteins.  
Label-free proteome quantification for iNGNs treated with AS-252424 (A), CGP-54211 (B) and 
CI-994 (C), for 5713 common proteins. D-F. Comparison of differential expression for specific 
classes of proteins against all proteins for AS-252424 (D), CGP-54211 (E) and CI-994 (F). 
Boxes: interquartile range; horizontal line: median; dashed line: median of all proteins; vertical 
lines: 5th-95th percentiles; ** p<0.01; **** p<0.0001; ns - non-significant.  
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Fig. 5 CI-994, AS-252424, and CGP-52411 decrease seeded pS129 aSyn-induced 
pathology.  
A. Primary mouse hippocampal neurons were treated at DIV13 with PBS or mouse aSyn PFF 
(70 nM) in the presence of DMSO or increasing concentrations of drugs, and analyzed 10 
days later (D10). B. Representative immunocytochemistry images of primary hippocampal 
neurons exposed to aSyn PFFs and co-treated with DMSO or CI-994 (3-10 µM). Pathological 
aSyn aggregates were detected using a phosphorylation-specific pS129 antibody (81A; 
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magenta), neuronal somata and neuritic processes with MAP2 (green). Merged images are 
shown in the bottom row. C-E. Quantification of pS129-positive aSyn pathology by HCA by 
different drugs. Total pS129 signal normalized to PFF + DMSO controls of CGP-52411(C) AS-
252424 (D) and CI-994 (E). F. Primary mouse hippocampal neurons were exposed to PBS or 
mouse PFF (70 nM) at DIV13 (D0) to initiate seeded aggregation. Drugs or DMSO was added 
7 days later (D7), after pathology had begun to develop, and cultures were analyzed 6 days 
thereafter (D13). G. Representative immunocytochemistry images of PFF-treated primary 
hippocampal neurons following delayed treatment with DMSO or CI-994 (10 µM). Pathological 
aSyn aggregates were detected using a phosphorylation-specific pS129 antibody (81A; 
magenta), neuronal somata and neuritic processes with MAP2 (green). Merged images are 
shown in the bottom row. H-I. Quantification of established pS129-positive aSyn pathology by 
HCA. Total pS129 signal normalized to PFF + DMSO controls upon CI-994 treatment (H). 
Somatic pS129 pathology quantified within NeuN-positive neuronal cell bodies upon CI-994 
treatment (I). J. Human iPSCs carrying a doxycycline-inducible NGN2 transgene were 
differentiated into dopaminergic neurons (iDA). At DIV9, iDA neurons were treated with PBS 
or human aSyn PFF in the presence of DMSO or CI-994 (6 µM), and analyzed after 21 days 
of treatment (D21). K. Representative immunocytochemistry images of iDA neurons treated 
with PFF + DMSO or PFF + CI-994 (6 µM). Pathological aSyn aggregates were detected using 
a phosphorylation-specific pS129 antibody (81A; magenta). Neuronal processes were labeled 
with β-tubulin III (green). Merged images are shown in the bottom row. L-M. Quantification of 
pS129-positive aSyn pathology by high-content analysis in iDA neurons upon CI-994 (6 µM) 
treatment. Quantification of total pS129 pathology, expressed as fold change relative to PFF 
+ DMSO controls (L). Quantification of neuritic pS129 pathology normalized to neuritic area, 
expressed as fold change relative to PFF + DMSO controls (M). All quantitative data (C-E, H, 
I, L, M) represent mean ± s.d. from a minimum of N = 3 biological replicates and for images, 
n=3 technical replicates. *P < 0.05; **P < 0.01; ***P < 0.001. 

73



 

 
Fig. S1 - related to Fig. 1 Validation of the neuronal differentiation models. 
A. Experimental workflow of differentiating human embryonic stem cells (FT-NGN-hESC) to 
dox-induced neurons (FT-iNGN) and immunolabelling. B-C: Representative 
immunofluorescence labelling images of the neuronal markers TUBB, MAP2 and the 
proliferation marker Ki67 in iNGN (B) made as described in (A) or in undifferentiated hESC 
(C). Nuclei were stained with DAPI (blue). D-F. Quantification of immunofluorescence labelling 
intensity from B and C of hESC (cyan) and iNGN (magenta) for MAP2 (D), TUBB (E), Ki67 
(F). Violin plot represents per cell data from two replicates. N> 100 cells. Black line: median 
fluorescence intensity. G. Representative immunofluorescence labelling images of the 
neuronal markers TUBB, MAP2 and the proliferation marker Ki67 in neuron-enriched culture 
based on 2D differentiation protocol and derived from FT-hESC. Nuclei were stained with 
DAPI (blue).  

74



A B C

E

F

D

G

H I

J

E

75



 

Fig. S2 - related to Fig. 2 Primary and secondary screening reveal protein turnover 
modulators.  
A. Linear correlation between normalized scores of 5481 tested compounds (gray), including 
hits (cyan), in two replicates from the primary screen. At least 800 cells per compound were 
measured. Values for 1st–99th percentiles are visualized, without the compounds from the plate 
that didn’t pass the quality control of the z'-factor. B. Normalized inversed mean values of 
drugs tested (N=2) in the primary screen shown on a log2 scale with annotated known 
synthesis and proteasome inhibitors, in orchid and navy respectively. Compounds (in gray) 
were annotated as hits (in cyan) when they scored above 3 standard deviations (s) of DMSO 
control. Normalization to mean DMSO (dashed black line) equals 0 and mean cycloheximide 
(CHX) equals 1. The inversed values are displayed, where the value for CHX is -1 (dashed 
magenta line). At least 800 cells per compound per replicate were measured. Synthesis 
Inhibitors: Harringtonine, Sal003, Puromycin (Dihydrochloride), NH125, Emetine 
(dihydrochloride hydrate), Salubrinal, Homoharringtonine. Proteasome inhibitors: MG-132, 
MLN2238, Oprozomib, Carfilzomib, delanzomib, ONX-0914, MLN9708, ixazomib-citrate C-E. 
Dose-response curve of the selected compounds in the secondary screen for the G/R ratio 
(C) and Green (D) or Red fluorescence (E). Fold change (FC) of green to red fluorescence of 
a compound to a mean of the vehicle (DMSO). Sigmoidal curve (solid line) was fitted to the 
mean of data point from N=2, error bar – standard deviation. F. Cytotoxicity of the selected 
compounds in the secondary screen. Cell number was normalized to mean number of cells 
segmented in a vehicle (DMSO) condition. Each dot represents a replicate (N=2, at least 800 
cells per replicate were measured), error bar – standard deviation, dashed line – vehicle mean 
value, gray-colored window – 3 standard deviation values in each direction. G. FC of nucleus 
area (calculated based on the segmentation mask) normalized to the mean vehicle (DMSO) 
compared to FC of normalized green fluorescence, for the selected compounds in the 
secondary screen. (N=2, at least 800 cells per replicate were measured), error bar – standard 
deviation. H-J. Primary screen data as explained in B. Additionally, the drugs from the same 
class as the selected compounds (diamond) are shown in (F) AS-252424 and PI3K inhibitors 
(blue); (G) CGP-52411 and EGFR inhibitors (green); (H) CI-994 and HDAC inhibitors (yellow). 
The names of the compounds taken for the secondary screen are highlighted. 
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Fig. S3 - related to Fig. 3 Lack of a distinct signature among downregulated genes and 
EGFR/PI3K/mTOR pathway alterations. 

Gene Ontology (Reactome) enrichment analyses of significantly enriched pathways 
downregulated in CGP-54211-treated condition (A) ranked by -log10(FDR), upregulated (B) 
and downregulated (C) in CI-994-treated, ranked by fold enrichment. Effect on the PI3K 
pathway-associated genes upon 24 h treatment with AS-252424 (D) and CGP-52411 (E).  
Effect on the EGFR pathway-associated genes upon 24 h treatment with CGP-52411 (F).  
Effect on the mTOR-associated genes upon 24 h treatment with AS-252424 (G), CGP-52411 
(H) and CI-944 (I). Data represent mean from duplicates. 
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Fig. S4 - related to Fig. 4 CI-994, AS-252424, and CGP-5241 increase levels of ribosomal 
but not proteasomal or autophagy-related proteins .  
(A-I) Differential expression for specific classes of proteins (blue dots); (A-C):Fold-changes in 
protein levels (P) for ribosomal proteins, (D-F): proteasomal proteins, (G-I): and autophagy 
proteins for cells treated with AS-252424 (A,D,G), CGP-54211 (B,E,H) and CI-994 (C,F,I).
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Fig. S5 - related to Fig. 5 Mouse and human aSyn PFFs consist of β-sheet-rich amyloid 
fibrils and short seeds suitable for neuronal seeding assays. 
Mouse (m) and human (h) recombinant aSyn fibrils were generated and characterized prior to 
use in neuronal seeding experiments. A, E. Coomassie-stained SDS-PAGE showing mouse 
(A) or human (E) aSyn monomer and PFF before and after sonication. Monomeric aSyn 
migrates at ~15 kDa, whereas fibrillar preparations display characteristic higher-molecular-
weight species that remain retained at the top of the gel (stacking region), consistent with large 
insoluble aggregated aSyn assemblies. B, F. Thioflavin T (ThT) fluorescence assay 
demonstrating robust β-sheet-rich amyloid formation in mouse (B) and human (F) PFF 
preparations compared to monomeric aSyn. Data represent mean ± s.d. from N = 3 technical 
replicates. Statistical significance was assessed by an unpaired two-tailed Student’s t-test. C, 
G. Representative transmission electron microscopy (TEM) image of sonicated mouse (C) or 
human (G) aSyn PFFs, revealing short fibrillar species. D, H. Quantification of fibril length 
distribution for mouse (D) and human (H) aSyn PFFs after sonication. D, H. Each dot 
represents an individual fibril measured from TEM micrographs. Pink line - mean; black line - 
median. 
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Fig. S6 - related to Fig. 5 CI-994, AS-252424, and CGP-52411 suppress seeded aSyn 
pathology during co-treatment with mouse aSyn PFFs in primary mice neurons without 
inducing cytotoxicity.  
A-F. Quantification of effect of CGP-52411 (A-B), AS-252424 (C-D) and CI-994 (E-F) on 
pS129-positive aSyn pathology during co-treatment by HCA in the soma (A, C and E) or in 
neurites, quantified within MAP2-positive processes (B, D and F). G. Representative 
immunocytochemistry images of primary hippocampal neurons exposed to aSyn PFFs and 
co-treated with DMSO or CI-994 (3-10 µM). Neuronal nuclei were labeled with NeuN (yellow), 
neuronal somata and neuritic processes with MAP2 (green), and all nuclei (neuronal and non-
neuronal) with DAPI (blue). Scale bar, 50 µm. H-P. Effect of drugs on cell survival. Primary 
mouse hippocampal neurons were treated with PBS or aSyn PFF in the presence of DMSO 
or increasing concentrations of CI-994 (H-J), AS-252424 (K-M), or CGP-52411 (N-P), and 
cellular parameters were quantified by high-content analysis at D10 post-treatment. H, K, N. 
Neuronal counts quantified as NeuN⁺/DAPI⁺ objects. I, L, O. Glial cell counts quantified as 
DAPI⁺/NeuN⁻ objects. J, M, P. Neuritic network density quantified from MAP2-positive 
processes. Q, S, U. Western Blot (WB) analysis of detergent-insoluble fractions from neurons 
treated with PBS or PFF in the presence of DMSO or (Q) CI-994 (6 µM), (S) AS-252424 (10 
µM), (U) CGP-52411 (10 µM), immunoblotted for pS129-aSyn (D1R1). R, T, V. Quantification 
of insoluble pS129-aSyn levels shown in (Q,S,U) for (R) CI-994 (6 µM), (T) AS-252424 (10 
µM), (V) CGP-52411 (10 µM), expressed as fold change relative to PFF + DMSO controls, 
normalized to actin. W. Representative immunocytochemistry images showing total 
endogenous aSyn levels detected using the SYN-1 antibody (magenta) in PBS-treated 
neurons co-treated with DMSO or CI-994 (6 or 10 µM). MAP2 (green) labels neuronal 
processes. X-Z. Concentration-dependent changes in endogenous aSyn levels upon CI-994 
(X), AS-252424 (Y) and CGP-52411 treatment (Z). All quantitative data (C-E, G, I, K) represent 
mean ± s.d. from a minimum of N = 3 biological replicates and n = 3 technical replicates, each 
corresponding to an independent primary neuronal culture preparation. *P < 0.05; **P < 0.01; 
***P < 0.001. 
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Fig.S7 - related to Fig. 5 CI-994 acts on pre-established aSyn pathology in primary 
mouse neurons, whereas AS-252424 and CGP-52411 show no significant effect. This 
reduction is not accompanied by cytotoxicity. CI-994, AS-252424 and CGP-52411 do not 
affect fibril uptake. 
A. Neuritic pS129 pathology quantified within MAP2-positive processes. Data are expressed 
as fold change relative to PFF + DMSO. CI-994 induced a concentration-dependent reduction 
in established pS129 pathology, with a more pronounced effect in neuronal somata than in 
neuritic compartments. B-D. Quantification of pS129 pathology by high-content analysis under 
delayed-treatment conditions. Total pS129 signal (B), somatic pS129 pathology within NeuN-
positive neuronal cell bodies (C), and neuritic pS129 pathology within MAP2-positive 
processes (D) are shown and expressed as fold change relative to PFF + DMSO controls. No 
significant reduction in pS129 pathology was detected at any AS-252424 concentration tested.  
E-G. Quantification of pS129 pathology by high-content analysis under delayed-treatment 
conditions. Total pS129 signal (E), somatic pS129 pathology within NeuN-positive neuronal 
cell bodies (F), and neuritic pS129 pathology within MAP2-positive processes (G) are shown 
and expressed as fold change relative to PFF + DMSO controls. No significant reduction in 
pS129 pathology was detected at any CGP-52411 concentration tested. H. Representative 
immunocytochemistry images of PFF-treated primary hippocampal neurons following delayed 
treatment with DMSO or CI-994 (3-10 µM). Neuronal nuclei were labeled with NeuN (yellow), 
neuronal somata and neuritic processes with MAP2 (green), and all nuclei (neuronal and non-
neuronal) with DAPI (blue). Scale bar, 50 µm. Primary mouse hippocampal neurons were 
treated with PBS or aSyn PFF in the presence of DMSO or increasing concentrations of CI-
994 (I-K), AS-252424 (L-N), or CGP-52411 (O-Q), and cellular parameters were quantified by 
high-content analysis at D10 post-treatment. All values are expressed as fold change relative 
to the corresponding PBS + DMSO condition. I, L, O. Neuronal counts quantified as 
NeuN⁺/DAPI⁺ objects. J,M,P. Glial cell counts quantified as DAPI⁺/NeuN⁻ objects. K,M,Q. 
Neuritic network density quantified from MAP2-positive processes. R. Representative 
immunocytochemistry images showing endogenous aSyn levels detected using the SYN-1 
antibody (magenta) in naïve PBS-treated neurons exposed to DMSO or CI-994 (6 or 10 µM) 
under delayed-treatment conditions. MAP2 (green) labels neuronal processes. Scale bar, 50 
µm. S-U. Quantification of endogenous aSyn levels measured in PBS-treated neurons under 
delayed-treatment conditions for CI-994 (S), AS-252424 (T), and CGP-52411 (U), expressed 
as fold change relative to PBS + DMSO controls. V-X. Western Blot (WB) analysis of 
internalized PFF in aSyn KO primary neurons exposed to PFFs in the presence of DMSO or 
(V) AS-252424 (10 µM), (W) CGP-52411 (10 µM), (X) CI-994 (6 µM) for 1, 3, or 7 days. Blots 
were probed for total aSyn (SYN-1). Actin served as a loading control. Y-AA. Quantification of 
total aSyn signal shown in (V-X) for (Y) AS-252424 (10 µM), (Z) CGP-52411 (10 µM), (AA) 
CI-994 (6 µM) expressed as fold change relative to D1 DMSO controls, indicating comparable 
PFF uptake and intracellular processing in the presence or absence of the three drugs. All 
quantitative data (A-G,I-Q,S-U,Y-AA) represent mean ± s.d. from a minimum of N = 3 
biological replicates and for images also n = 3 technical replicates, each corresponding to an 
independent primary neuronal culture preparation. *P < 0.05; **P < 0.01; ***P < 0.001
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Supplementary Tables 

Table S1 Quality assessment for each plate used for the drugs screening. Z’-factor per 
plate was calculated based on vehicle DMSO and inverse CHX controls present in two 
columns each in each plate. *: rejected plate due to the negative value of z’-factor. 

Library PlateID Z’-factor 

Kinase Inhibitors 
BSF026213 0.53516626 
BSF026214 0.44394987 

Prestwick Chemical 
Library 

BSF026206 0.45507371 
BSF026330 0.74472376 
BSF026208 0.56841701 
BSF026331 0.69577254 
BSF026210 0.60733983 
BSF026332 0.67190848 
BSF026212 0.64060823 
BSF026333 0.72789954 

Drug Repurposing 

BSF026334 0.69280599 
BSF026335 0.82527486 
BSF026336 -5.1086577* 
BSF026337 0.82686056 
BSF026338 0.40906849 
BSF026339 0.83624159 
BSF026340 0.42955448 
BSF026341 0.8450325 
BSF026342 0.43704446 
BSF026343 0.84460223 
BSF026344 0.44873455 
BSF026345 0.76757829 
BSF026346 0.25124765 
BSF026347 0.75615357 
BSF026348 0.44381102 
BSF026349 0.71549242 
BSF026350 0.34023744 
BSF026351 0.74889001 
BSF026352 0.66258991 
BSF026353 0.72961973 
BSF026354 0.71837616 
BSF026355 0.68072345 
BSF026356 0.68194285 
BSF026357 0.7362439 
BSF026358 0.54517743 
BSF026359 0.75307542 
BSF026360 0.69508058 
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BSF026361 0.68253974 

Secondary screen 
BSF026781 0.647243365 
BSF026783 0.753063525 
BSF026785 0.54558582 
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Table S2 List of compounds in the secondary screen with assigned mechanism of 
action (MOA).  

Name CatalogID Supplier MOA 
1-hexadecanol STL283943 Vitas-M 

Laboratory, Ltd. 
(Premium) 

skin protectant 

AS-252424 HY-13532 MedChemExpress PI3K inhibitor 
AZD1080 HY-13862 MedChemExpress glycogen synthase kinase 

inhibitor 
BIX 02188 S1530 SelleckChem inhibitor of MEK5 
BRL-15572 1207 Tocris Bioscience h5-HT1D antagonist 
CGP-52411 3360 Tocris Bioscience EGFR inhibitor 

CI-994 HY-50934 MedChemExpress HDAC inhibitor 
Dehydrocorydaline 

(chloride) 
HY-

N0674A 
MedChemExpress acetylcholinesterase inhibitor 

EC-23 4011 Tocris Bioscience retinoid receptor agonist 
GSK 525762A HY-13032 MedChemExpress bromodomain inhibitor 
GW 441756 HY-18314 MedChemExpress nerve (NGF) growth factor 

receptor inhibitor 
I-BRD9 HY-18975 MedChemExpress bromodomain inhibitor 
IOX1 HY-12304 MedChemExpress histone demethylase inhibitor 

JTE-607 5185 Tocris Bioscience cytokine production inhibitor 
K-Ras(G12C) 

inhibitor 12 
HY-18707 MedChemExpress K-ras inhibitor 

Kenpaullone HY-12302 MedChem 
Express 

CDK inhibitor, glycogen 
synthase kinase inhibitor 

Menadione HY-B0332 MedChemExpress mitochondrial DNA polymerase 
inhibitor, phosphatase inhibitor 

methylprednisolone-
sodium-succinate 

HY-B1060 MedChemExpress glucocorticoid receptor agonist 

Mocetinostat HY-12164 MedChemExpress HDAC inhibitor 
Motesanib 

Diphosphate 
S1032 SelleckChem KIT inhibitor, PDGFR tyrosine 

kinase inhibitor, VEGFR inhibitor 
Nastorazepide HY-17617 MedChemExpress CCK receptor antagonist 

PFI-1 HY-16586 MedChemExpress bromodomain inhibitor 
phenyl-salicylate STK05217

7 
Vitas-M 

Laboratory, Ltd. 
(Premium) 

antiseptic 

reversan STL504717 Vitas-M 
Laboratory, Ltd. 

MRP inhibitor, P-glycoprotein 
inhibitor 

RU 24969 HY-16688 MedChemExpress serotonin receptor agonist 
Sapropterin 

(dihydrochloride) 
HY-

A0124A 
MedChemExpress lowers phenylalanine levels 

XMD8-92 HY-14443 MedChemExpress MAP kinase inhibitor, 
ERK5/BRD4 inhibitor 
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3 Core passive and facultative mTOR-
mediated mechanisms coordinate
mammalian protein synthesis and
decay

This chapter consists of an article "Core passive and facultative mTOR-mediated mechanisms

coordinate mammalian protein synthesis and decay" by Michael Shoujie Sun*, Benjamin

Martin*, Joanna Dembska, Ekaterina Lyublinskaya, Cédric Deluz, David M. Suter published

in the Cell Systems 17, 101456 on the 21.01.2026 (https://doi.org/10.1016/j.cels.2025.101456).

The supplemental materials can be found in Appendix A.

3.1. Contributions

This work was a collaborative effort. Michael Shoujie Sun and Benjamin Martin performed

experimental, analysis and interpretation of NIH/3T3 and mESC cell lines under supervision

of David M. Suter. I engineered the timer-expressing human cell line, the inducible human

neurons and human astrocytes and conducted all experiments related to these cell lines. I

performed and/or supported other experiments with NHS and immunofluorescence labelling

of NIH/3T3 and/or mESC.

3.2. Results
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SUMMARY

The maintenance of cellular homeostasis requires tight regulation of proteome concentration and composi-

tion. To achieve this, protein production and elimination must be robustly coordinated. However, the mech-

anistic basis of this coordination remains unclear. Here, we address this question using quantitative live-cell

imaging, computational modeling, transcriptomics, and proteomics approaches. We found that protein

decay rates systematically adapt to global alterations of protein synthesis rates. This adaptation is driven

by a core passive mechanism supplemented by facultative changes in mechanistic/mammalian target of ra-

pamycin (mTOR) signaling. Passive adaptation hinges on changes in the production rate of the machinery

governing protein decay and allows for partial maintenance of the cellular proteome. Sustained changes in

mTOR signaling provide an additional layer of adaptation unique to naive pluripotent stem cells, allowing

for near-perfect maintenance of proteome composition. Our work unravels the mechanisms protecting the

integrity of mammalian proteomes upon variations in protein synthesis rates. A record of this paper’s trans-

parent peer review process is included in the supplemental information.

INTRODUCTION

Proteins are the central macromolecular components of cellular

machinery. The cellular proteome must be constantly turned

over to eliminate misfolded or damaged proteins, maintain prote-

ome homeostasis, and to respond to external stimuli. Protein turn-

over relies on the combined activities of protein synthesis and

decay. The rate of protein synthesis is influenced by mRNA con-

centration and translation rate, whereas protein decay is affected

by degradation and dilution through cell growth and division. The

ubiquitin-proteasome system (UPS) and autophagy are respon-

sible for the active degradation of proteins and protein complexes.

The UPS handles the degradation of most cellular proteins, while

autophagy primarily engages in protein degradation during cellular

stress.1 The rates at which proteins are synthesized and degraded

can be adjusted to meet cellular needs, regulating the pace of

proteome renewal2,3 for specific cellular function,4–6 or to achieve

a specific growth or division rate.2,7,8 The contributions of degra-

dation and dilution to protein-specific decay vary widely depend-

ing on their degradation rates; for example, short-lived proteins

mostly decay through proteasomal degradation, while proteins

with half-lives longer than the cell cycle mainly decay by dilution.

The synthesis of new proteins is a highly energy-consuming

process that requires a continuous supply of amino acids.9,10 In

multicellular organisms, these resources are subject to large fluc-

tuations and can affect protein turnover rates.11–14 For example,

in humans, food intake can trigger massive increases in protein

synthesis rates (up to 100% in the case of muscles15). Global pro-

tein synthesis rates also change as a function of developmental

and differentiation stages,16,17 in response to pathological stimuli

such as viral infection18 or lipopolysaccharide.19 The integrated

stress response (ISR) and the mechanistic/mammalian target of

rapamycin (mTOR) signaling pathways regulate global rates of

protein synthesis and decay.20–23 The ISR can modulate protein

synthesis rates in response to cellular stresses, including alter-

ations in protein degradation rates, through the segregation of

mRNAs into stress granules to inhibit their translation.24,25 The

mTOR pathway stimulates protein synthesis through increased

production of ribosomal proteins and by directly enhancing trans-

lation rates.26 Its role in regulating protein decay is more contro-

versial. While mTOR inhibition was shown to increase protein

degradation rates acutely (within 1 h),27,28 the opposite effect

was reported by another study focusing on longer timescales.29

Protein synthesis and decay rates need to be tightly coordi-

nated to maintain proteome concentration and composition

within a narrow range, thereby ensuring the maintenance of

cellular functions.30 While rates of protein synthesis and decay

were shown to be positively correlated in cultured cells,31 the

Cell Systems 17, 101456, January 21, 2026 © 2025 The Author(s). Published by Elsevier Inc. 1
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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mechanisms underlying this coordination are unknown. Here,

we show that changes in protein synthesis rates direct the

adaptation of protein decay rates through a core passive and

a facultative, mTOR-driven active mechanism, and we reveal

their implications for the control of proteome concentration

and stoichiometry.

RESULTS

Protein decay rates adapt to changes in protein

synthesis rates

To monitor protein synthesis and degradation rates in live cells,

we used the mammalian cell-optimized fluorescent timer

(MCFT),31 a translational fusion between the fast-maturing

sfGFP and the slow-maturing mOrange2 fluorescent proteins

(Figure 1A). Because of these differences in maturation rates,

the relative changes in green (sfGFP) and red (mOrange2)

fluorescence contain information about changes in synthesis

and degradation rates31–33 (supplemental text). We fused the

MCFT to a SNAP-tag, which allows for the orthogonal measure-

ment of degradation rates upon pulse labeling with a SNAP-tag

dye.31,34,35 We additionally fused a PEST element to the C termi-

nus, resulting in a high degradation rate (kdeg) (Figure S1A) of the

fusion protein (short-lived timer-SNAP or SLT). To infer changes

in MCFT turnover from fluorescence trajectories, we used a

mathematical model (STAR Methods; supplemental text) to

compute the protein synthesis rate (S) and distinguish protein

decay by active degradation (kdeg) from decay through dilution

occurring upon cell division (kdil) (Figure S1B). From this model,

an analytical relationship between the sfGFP to mOrange2 fluo-

rescence ratio (called G/R hereafter) and the decay rate (k = kdil +

kdeg) of the MCFT can be derived at steady state.

We then asked how the protein decay rate k adapts to

changes in global protein synthesis rates S. Note that S itself de-

pends on the availability of the translation machinery, translation

efficiency, and the pool of available mRNAs. To allow for global,

tunable, fast, and reversible inhibition of global protein synthesis

at the level of translation, we decided to use cycloheximide

(CHX),36,37 which blocks the elongation of polypeptide chains

by the ribosome. We treated SLT-expressing NIH/3T3 fibro-

blasts with 56 different concentrations of CHX, ranging from

0.002 to 0.5 μg/mL for 48 h (Figure 1B; Table S1) to fine-tune

global translational activity. Crucially, we focused our interpreta-

tion on a CHX concentration range at which cells keep prolifer-

ating exponentially (up to 0.2 μg/mL; Figure S1C; STAR

Methods) to avoid biases caused by altered cellular health. We

then performed SNAP pulse-chase labeling followed by live-

cell imaging for 12 h while maintaining the respective CHX con-

centrations (Figure 1C). We used sfGFP and mOrange2 fluores-

cence intensities to infer changes in S and k (STAR Methods) and

used the integrated sfGFP intensity to compute the total MCFT

protein amount P. We also measured kdeg directly by quantifying

the SNAP-SiR647 signal decay (Figure S1D) and measured

protein dilution rates (kdil) by quantifying changes in cell numbers

(Figure S1E). We used the SNAP-SiR647 pulse-chase experi-

ment to quantitatively calibrate the MCFT (Figure S1F). As

expected, S decreased with increasing CHX concentrations

(Figure S1G). kdeg, kdil, and P decreased with increasing CHX

concentrations (Figures S1H–S1J), indicating that the protein

degradation and cell-cycle machineries are sensitive to changes

in S. Results obtained using SNAP pulse-chase labeling and

treatment with different concentrations (Figure S1D) yielded

similar results. These results indicate that k adapts partially to

changes in S caused by CHX treatment.

We then asked whether the decreased production of protein

degradation and dilution machineries, caused by a decrease in

S, would be sufficient to explain the partial adaptation of k to S

in NIH/3T3 cells. Briefly, we modeled three interdependent

sets of proteins: the degradation machinery (DeM), the dilution

machinery (DiM), and a protein of interest (POI) (Figure 1D).

The degradation and dilution machineries are required for their

own decay and the decay of the POI. The model assumes that

translation inhibition by CHX scales down S of the DeM, DiM,

and the POI by the same factor (Figure 1D). As CHX reduces

DeM and DiM synthesis, their protein level decreases, subse-

quently reducing their decay rate. After reaching equilibrium,

the protein level of DeM and DiM and thus the POI decay rate

scale as the square root of S, leading to the same scaling for

the POI (Figure 1D; supplemental text). We used our SLT data

to ask how well our model explains changes in the activity of

the degradation and dilution machineries. The passive adapta-

tion model recapitulated the relationships of S with k, kdeg, and

kdil (Figures 1E–1G), even though kdeg stayed slightly more stable

than expected upon moderate changes in S (Figures 1F and 1H).

This suggests that spare degradation resources allow for kdeg to

be maintained upon a modest decrease in S. In addition, kdil

adapted more than expected at very low S (<0.3), which might

be explained by altered cell viability (as assessed by loss of

exponential proliferation) in this regime. We also found that

changes in P upon changes in S could be approximated by the

passive adaptation model (Figure 1I).

To confirm the generality of our findings, we next used

other approaches to decrease S. Results obtained with a concen-

tration gradient of another translation inhibitor (anisomycin)37

(Figures S1K–S1M; Table S2) or of the mTOR inhibitor INK128

(Figures S1N–S1P; Table S3) also followed the passive adaptation

model. We also performed an experiment in which we titrated

down the concentration of four amino acids (STAR Methods)

to decrease translation efficiency. Even though changes in S did

not follow changes in amino acid concentration as expected,

mostly likely caused by the mobilization of intracellular amino

acid pools, the adaptation profile was also similar (Figures S1Q–

S1S; Table S4). Finally, we confirmed the passive adaptation

model as the most likely scenario for the CHX gradient by log-like-

lihood computation and bootstrapping for model selection (STAR

Methods; Figures S1T and S1U).

We next asked whether changes in kdeg and kdil, upon a

decrease in S, are interdependent. Since the proteasome is a

long-lived machinery,38–41 we reasoned that in dividing cells, its

concentration might be more dependent on kdil than kdeg. To

test this hypothesis, we took advantage of the global gene expres-

sion and cell proliferation regulation by the MYC transcription fac-

tor42 and the availability of a specific MYC inhibitor 10058-F443

(MYCi). Since MYC enhances global transcriptional and transla-

tional activity and directly activates cell-cycle regulators to stimu-

late cell proliferation,42 we reasoned that MYCi would decrease

both S and kdil independently. We treated NIH/3T3 cells for 48 h

with 56 doses of MYCi, ranging from 0.26 to 64 μM (Figure S1V;
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Figure 1. Relationships between S, P, kdeg, and kdil upon CHX treatment follow a passive adaptation model

(A) Scheme of the SLT construct. MCFT, mammalian cell-optimized fluorescent timer.

(B) Experimental design to determine changes in S, kdeg, kdil, and P after treatment with different CHX concentrations.

(C) Representative images of green (cyan) and red (magenta) fluorescence snapshots of ca 30–80 NIH/3T3 cells treated with different CHX concentrations (from

top to bottom: 0.008, 0.1125, and 0.5 μg/mL) for 48 h.

(D) Chemical scheme of the passive adaptation model and predicted relationship of k and S at equilibrium.

(E–G) Fold change in k (E), kdeg (F), and kdil (G) vs. fold change in S.

(H) Fold change in kdeg vs. fold change in kdil. Color bar: fold change in S. x = y diagonal black dashed line: equal fold change in degradation and dilution rates.

(I) Fold change in P vs. fold change in S. White dots: data points for which exponential division was lost. Black dashed lines: prediction for perfect adaptation; gray

dashed lines: prediction for no adaptation. Purple dashed curved lines: prediction for passive adaptation. The values shown for S, P, k, kdeg, and kdil are

normalized on the respective values for control conditions and are displayed as arbitrary units, using a linear scale on both axes.
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Table S5). As expected, we observed a MYCi dose-dependent

decrease in S (Figures S1W and S1X) and a strong, close-to-per-

fect adaptation of kdil to changes in S (Figures S1Y and S1Z). In

contrast, kdeg stayed constant until S went below 50% of its value

in control conditions (Figures S1AA–S1AC). We also performed a

luminescence-based proteasome activity assay (STAR Methods)

upon MYCi treatment and found proteasome activity changes to

be in line with changes in kdeg that we observed by SLT imaging

(Figure S1AD). This suggests that a strong decrease in kdil may

abolish changes in kdeg in response to a decrease in S and thereby

that kdeg is dependent on kdil.

A passive adaptation model explains changes in P and k

for other proteins and cell types

To test the generality of the passive adaptation model, we

generated NIH/3T3 cell lines constitutively expressing the

MCFT-SNAP with a mutated, non-functional PEST (long-lived

timer or LLT) or without PEST and fused to the NANOG,

ESRRB, or SOX2 proteins. This resulted in MCFT-labeled pro-

teins characterized by different protein-specific kdeg (pskdeg)

at steady state (Figure S2A) and thus distinct contributions of

kdeg and kdil to k (Figure S2B). Given that the LLT has a very

low pskdeg (Figure S2A), CHX treatment was extended to

6 days to ensure reaching a steady state. The passive adapta-

tion model recapitulated well the changes in k upon CHX treat-

ment for all tested proteins (Figures 2A–2D). To quantify

changes of total protein levels, we treated cells with different

CHX concentrations for 6 days, labeled all intracellular proteins

using N-hydroxysuccinimidyl (NHS) ester that reacts with free

amino groups,30 and quantified changes in the nuclear NHS-

ester signal (Figures 2E and S2C). The passive adaptation

model explained well the changes in total nuclear protein con-

tent at moderate changes in S. When reaching very low S levels,

changes in total protein levels started to deviate from the pas-

sive adaptation model. This can be explained by the long me-

dian half-life of proteins in NIH/3T3 cells (16.7 ± 6.2 [median ±

SD] h, from Schwanhäusser et al.44; supplemental text), which

implies a dominant impact of kdil over kdeg.

We then asked if passive adaptation could also explain the

adaptation of k to S in other mammalian cell types. We gener-

ated a knockin human embryonic stem cell line (hESC) in which

the SLT was integrated into the CLYBL locus45 (Figures S2D–

S2F; STAR Methods). Upon treatment with different doses

of CHX (Figure 2F), kdeg followed the passive adaptation model

(Figure 2G), while kdil adapted slightly more efficiently

(Figures 2H and 2I). Changes in P were well approximated by

the passive adaptation model (Figure 2J). We obtained similar

results using mTOR inhibition (Figures S2G–S2I).

We then asked how protein decay adapts to changes in

protein synthesis rates in differentiated, non-dividing cells. To

do so, we differentiated SLT-expressing hESCs into astro-

cytes46 (Figures S2J–S2M; STAR Methods). Most cells were

negative for the proliferation marker Ki67, indicating their

post-mitotic state (Figures S2J–S2M). We then treated SLT-ex-

pressing astrocyte-enriched cultures with different concentra-

tions of CHX (Figures S2N and S2O), and we found that k and

P followed the passive adaptation model (Figures 2K and 2L).

We also generated induced neurons from hESCs carrying

inducible expression of NGN1 and NGN2, allowing rapid gener-

ation of post-mitotic neurons (Figures S2P–S2R; STAR

Methods). We performed a CHX plate experiment followed by

NHS-ester staining to quantify total protein content, and we

used L-homopropargylglycine (HPG) labeling to quantify

changes in S (STAR Methods). We found that total protein con-

tent in human neurons also followed the passive adaptation

model (Figures 2M and S2S–S2U). Taken together, these data

suggest that passive adaptation of the decay rate k to the syn-

thesis rate S also occurs in the absence of cell division in differ-

entiated post-mitotic cells.

k adapts to S within 10 h

We then developed a superstatistical Bayesian approach47–49 to

infer time variations of S and k from MCFT traces (Figure S3A;

STAR Methods; supplemental text). To validate our inference

method, we generated synthetic sfGFP and mOrange2 fluores-

cence trajectories (Figures S3B and S3C) imposing defined var-

iations of S and k. Our inference robustly recovered ground-truth

time variations of S and k from the fluorescence trajectories

(Figures S3D and S3E).

We next used a cell line in which MCFT expression is

controlled by a doxycycline (Dox)-inducible promoter in NIH/

3T3 cells,31 allowing the alteration of the synthesis rate of the

MCFT only, without expected changes in its pskdeg. We used

28 different step changes in Dox concentrations (Figure 3A)

and quantified sfGFP and mOrange2 fluorescence over time

(Figure S3F). In all cases, we correctly inferred expected changes

in S and a mostly unaltered k (Figure 3A). Furthermore, data retro-

diction (STAR Methods; supplemental text) confirmed that our

inference accurately reproduces the input data (Figure S3G).

We conclude that our inference scheme allows for robust

discrimination between changes in S and k from time traces of

the MCFT.

We then aimed at quantifying the timescales characterizing

the adaptation of k to alterations in S. To do so, we performed

time-lapse imaging of the MCFT in NIH/3T3 constitutively ex-

pressing the SLT before, during treatment with 0.1 μg/mL of

CHX and after CHX release (Figure 3B; Videos S1 and S2).

We then used our inference algorithm to determine changes

in S and k from SLT fluorescence time traces. Upon CHX treat-

ment, S sharply decreased (Figure 3C), while k progressively

decreased until reaching a lower plateau (Figure 3D). To quan-

tify the adaptation time delay of k to S, we used a metric (θ) that

we recently developed, which allows for quantifying the imbal-

ance between protein influx (governed by S) and outflux (gov-

erned by k).50 Briefly, the imbalance reads θ = Pk/S, such that

at equilibrium, θ = 1 or θ > 1 or < 1 indicates an excess of protein

outflux or influx, respectively.50 θ reached its steady-state value

around 10 h after CHX addition (Figure 3E). Upon CHX release,

we observed similar dynamics and delay in the adaptation of k

to S and in θ (Figures 3F–3H). We performed the same CHX

pulse and release experiments in hESCs (Videos S3 and S4),

which resulted in a similar delay in the adaptation of k to S

(Figures 3I–3N). We then also performed SNAP-tag pulse label-

ing at different time points after CHX release on the SLT in NIH/

3T3, which yielded similar results (Figures S3H–S3K). Finally,

we also performed MYCi pulse and release experiments in

NIH/3T3, and we found that S and k reached a steady state

within a similar time frame (Figures S3L–S3Q).
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Naive mESCs display a distinct, biphasic

adaptation mode

Next, we aimed to characterize the adaptation of k and P to S in

naive mouse embryonic stem cells (mESCs). mESCs display a

modified cell cycle with an altered G1-S checkpoint and an inac-

tive Rb protein.51 Rb allows coordination of cell growth—itself

dependent on protein content accumulation—and cell division.52

We thus reasoned that in mESCs, kdil may react differently to

changes in S, as compared with NIH/3T3 and hESCs. We gener-

ated a mESC line in which the SLT is knocked into the ROSA26

locus53 (Figures S4A–S4C; STAR Methods) and quantified the

response of k and P to changes in S (Figures 4A–4E). In contrast

to NIH/3T3 and hESCs, kdeg over-adapted to changes in S

(Figure 4B), and kdil remained high until S dropped below circa

60% of its maximal value (Figures 4C and 4D). Both the SLT

and NHS-ester-stained nuclear proteome remained virtually

unchanged upon a decrease in S, underscoring the close-to-per-

fect adaptation of k to S (Figures 4E, 4F, and S4D). Interestingly,

an mTOR concentration gradient experiment resulted in a

less efficient adaptation of k and P to S (Figures S4E–S4G), sug-

gesting that the mTOR pathway may be involved in mESC

adaptation.

We next asked whether mESC pluripotency is impacted by

changes in protein turnover. We performed immunofluorescence

Figure 2. Passive adaptation of k and P to S for other proteins and for SLT in hESCs and hESC-derived astrocytes

(A–D) Fold change of P with respect to S for NANOG (A), ESRRB (B), SOX2 (C), and the LLT (D).

(E) Fold change in total nuclear protein levels with respect to S, measured with NHS-ester.

(F) Representative images of green (cyan) and red (magenta) fluorescence snapshots of ca 100–300 hESC SLT cells treated with different CHX concentrations

(from top to bottom: 0.008, 0.1125, and 0.5 μg/mL) for 48 h.

(G and H) Fold change in kdeg (G) and kdil (H) vs. fold change in S in hESCs.

(I) Fold change in kdeg with respect to the change in kdil in hESCs treated with CHX. Color bar: fold change in S in each condition.

(J) Fold change in P vs. S for CHX treatment in hESCs.

(K) Fold change in kdeg vs. fold change in S for CHX treatment in human astrocyte-enriched culture.

(L) Fold change in P vs. S for CHX treatment in human astrocyte-enriched culture.

(M) Fold change in total nuclear protein levels with respect to fold change in global S in iNGNs, measured, respectively, with NHS-ester and HPG labeling.

(A–E, G, H, and J–M) Black dashed lines: prediction for perfect adaptation; gray dashed lines: prediction for no adaptation. Purple dashed curved lines: prediction

for passive adaptation. White dots: data points for which exponential division was lost. The values shown for S, P, kdeg, and kdil are normalized on the respective

values for control conditions and are displayed as arbitrary units, using a linear scale on both axes.
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for markers of pluripotency (NANOG, SOX2, OCT4) after

culturing mESCs in the absence or presence of CHX at four

different concentrations (0.025, 0.05, 0.1, or 0.2 μg/mL) for 72

h. Expression of pluripotency markers was preserved at all

CHX concentrations (Figure S4H), suggesting that pluripotency

maintenance was not altered by CHX treatment.

We then performed time-lapse imaging to monitor changes in

k upon a 0.1 μg/mL CHX pulse (Video S5) and release (Video S6).

S initially dropped upon CHX addition but rapidly increased

thereafter before dropping again to reach a slightly higher value

than immediately after CHX addition (Figure 4G). k was

decreased immediately at the beginning of imaging and stabi-

lized after about 10 h (Figures 4H and 4I). This suggests that

an active, fast-acting mechanism allows for CHX inhibition to

be partially counteracted and for protein degradation to be

rapidly shut down upon decrease of S. Upon CHX release, we

observed a rapid increase in S that then dropped again, before

increasing to levels of control conditions (Figure 4J), while k

showed a rapid initial increase and reached steady state toward

the end of the imaging period (∼20 h) (Figures 4K and 4L). There-

fore, mESCs adopt a biphasic adaptation mode in which kdeg

and S respond to CHX within a few hours, but full adaptation oc-

curs in a slower second phase.

Physiological variability in protein turnover

recapitulates cell-type-specific adaptation

To ensure that the adaptation we uncovered is not caused by

unspecific effects of translation inhibitors and that it reflects

physiological changes of k in response to fluctuations in S, we

took advantage of the natural fluctuations of S in unperturbed

conditions31 and determined the relationship between S, k,

and P at the single-cell level. We used time-lapse imaging

data acquired in the absence of perturbation in (1) 5 NIH/3T3

cell lines expressing the SLT, LLT, and the MCFT fused to

NANOG, ESRRB, and SOX2, respectively, and in (2) 40 mESC

lines in which the MCFT is internally fused to 40 different endog-

enously expressed proteins.31 We have previously shown that

the majority of these 40 proteins exhibit only minor fluctuations

in S, k, and protein concentration [P] over the cell cycle in single

cells.31 This quasi-steady state allows us to compute k for single

cells as before for population averages (STAR Methods). Simi-

larly, we computed Sconc. and [P] for single cells. Note that

Sconc. is a per-cell protein synthesis rate in concentration per

hour unit (STAR Methods). Since Sconc. does not correlate with

nucleus size (Figures S5A and S5B), it can be considered a

proxy of single-cell protein synthesis rate, S being proportional

to its population average. To determine the relationship between

Pulse Prolonged treatment (2 days) Release

+CHX -CHX-CHX

s

imaging imaging
Time

A B

C D E

F G H

I J K

L M N

Control CHX pulse CHX CHX release

Figure 3. Passive adaptation occurs with a timescale of 5–15 h

(A) Upper: Dox concentration changes between the initial and final concentrations used just before imaging. Heatmaps: temporal variations of S (red) and k (blue)

inferred from SLT trajectories.

(B) Experimental design of CHX pulse and release experiments.

(C–N) Time-lapse imaging for NIH/3T3 (C–H) and hESCs (I–N). S (C and I) and k (D and J) trajectories inferred from MCFT measurements during CHX pulse. Red:

control conditions. Dark blue: CHX pulse. Purple: continuous CHX treatment. Light blue: CHX release. (E and K) Time variation of the imbalance for the CHX pulse.

S (F and L) and k (G and M) trajectories inferred from MCFT measurements during CHX release. (H and N) Time variations of the imbalance for CHX release. (C–G

and I–M) Plain lines: average of the posterior distribution; shaded regions: SD of the posterior distribution. All values plotted are displayed using a linear scale on

both axes.
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the cell cycle and protein turnover, we looked at the quantitative

relationship between G/R ratios and cell-cyclee length, and we

found these parameters to be uncorrelated (Figures S5C and

S5D). Note also that CHX treatment in NIH/3T3 and mESCs

did not impact the distribution of cells in different cell-cycle

phases (Figures S5E and S5F). Taken together, this suggests

that variability in cell-cycle duration does not impact protein

turnover and that forced changes in S impact all cell-cycle

G H I

J K L

B C

D

F

E

C
H

X

A

Control CHX pulse

CHX CHX release

Figure 4. mESC adaptation is inconsistent with a purely passive mechanism

(A) Representative images of green (cyan) and red (magenta) fluorescence snapshots of ca 100–500 mESC SLT cells treated with different CHX concentrations

(from top to bottom: 0.008, 0.1125, and 0.5 μg/mL) for 48 h.

(B and C) Changes in kdeg (B) and kdil (C) vs. S for CHX treatment in mESCs.

(D) Changes in kdeg vs. kdil in mESCs treated with CHX. Color bar: fold change in S.

(E) Changes in P vs. S for the SLT.

(F) Fold change in total nuclear P vs. S, measured with NHS-ester staining intensity (int.).

(B, C, E, and F) Black dashed lines: prediction for perfect adaptation; gray dashed lines: prediction for no adaptation. Purple dashed curved lines: prediction for

passive adaptation. (B–F) The values shown for S, P, kdeg, and kdil are normalized to the respective values for control conditions.

(G and H) S (G) and k (H) trajectories inferred from MCFT measurements during CHX pulse.

(I) Time variation of the imbalance for CHX pulse.

(J and K) S (J) and k (K) trajectories inferred from MCFT measurement during CHX release.

(L) Time variation of the imbalance for CHX release. Red: control conditions. Dark blue: CHX pulse. Purple: continuous CHX treatment. Light blue: CHX release.

For (G), (H), (J), and (K), the average (plain line) and the SD (shaded region) of the posterior distribution are represented for each time point. The values shown for

kdeg, kdil, and NHSf/NHSi (int.) are normalized on the respective values for control conditions and are displayed as arbitrary units. All plots are displayed using a

linear scale on both axes.
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phases equally. We then normalized the data from all proteins to

their median value for Sconc, k, and [P], and aggregated all data

points. In NIH/3T3 cells, the correlations of k and [P] with Sconc

followed the passive adaptation model (Figures 5A and 5B).

By contrast, in mESCs, the correlation between Sconc vs. k

and [P] was closer to perfect adaptation (Figures 5C and 5D).

Altogether, our data demonstrate that cell-type-specific adapta-

tion modes of k to S are operating upon physiological fluctua-

tions of S.

Sustained changes in mTOR signaling drive robust

adaptation in mESCs

Changes in global translation rates, including those elicited by

CHX treatment, can modulate mTOR activity by altering the

intracellular concentration of free amino acids.36,37,54–58 Since

mTOR activity regulates both S and k, we asked whether

changes in mTOR activity contribute to the adaptation of k to

S. We first quantified mTOR activity by measuring phosphoryla-

tion of the mTOR target p70S6K after 1, 2, 5, and 48 h of

0.1 μg/mL CHX treatment by ELISA assay in NIH/3T3 cells and

mESCs. In line with previous work showing that CHX can acti-

vate mTOR signaling,27,59–63 mTOR activity acutely increased

and peaked after 2 h in both cell types before slowly decreasing,

albeit to a lesser extent in mESCs as compared with NIH/3T3

cells (Figure 6A). We next asked whether changes in ribosomal

protein gene expression in mESCs, which are targets of

mTORC1,64 could explain the rebound in S and its elevated

levels after circa 20 h of CHX, compared with the earliest time

points (Figure 4G). We performed RNA sequencing (RNA-seq)

at different time points (0, 1, 2, 5, 48 h) after CHX pulse. Within

the first hours of CHX treatment, ribosomal protein genes were

markedly upregulated in mESCs but more modestly in NIH/3T3

cells, and after 48 h, they decreased below their initial levels in

NIH/3T3 but not mESCs (Figures S6A–S6C). Other genes

involved in protein turnover (proteasomal and mitochondrial

NIH/3T3

mESCs

A B

C D

Figure 5. Adaptation of k and [P] to Sconc in

unperturbed conditions

(A and B) k (A) and [P] (B) vs. Sconc in NIH/3T3 cells.

(C and D) k (C) and [P] vs. Sconc (D) in mESCs. 2D

histograms for aggregated and normalized data

for 5 (NIH/3T3) or 40 (mESCs) cell lines are shown.

n > 4,000 (NIH/3T3) or >10,000 (mESC) cells.

Black dashed lines: prediction for perfect adap-

tation; gray dashed lines: prediction for no adap-

tation. Purple dashed curved lines: prediction for

passive adaptation. Orange plain line: binned

median of the aggregated data. The values shown

for Sconc, [P], and k are normalized on their mean

values and are displayed as arbitrary units, using a

linear scale on both axes.

genes) followed the same dynamics but

with a smaller amplitude. Taken together,

this suggests that mESCs exhibit a stron-

ger and more sustained adaptation of

mTOR signaling and expression of ribo-

somal protein genes than NIH/3T3 cells.

We next performed CHX pulse time-

lapse imaging in mESCs and NIH/3T3

with and without the mTOR inhibitor INK128 or the ISR inhibitor

ISRIB. Cells were pre-treated with INK128 or ISRIB for 1 h prior to

imaging. In both mESCs and NIH/3T3 cells, 200 nM ISRIB led to

slightly increased S, but the response of k was similar to the one

of untreated cells, indicating that the ISR is not required for the

adaptation of k to S (Figures S6D–S6G). Since a full inhibition

of the mTOR pathway causes mESCs to stop proliferating and

enter diapause,65,66 we used a low INK128 dose (25 nM) that al-

lowed mESCs to maintain their proliferation rate (Figure S6H). In

NIH/3T3, INK128 alone markedly decreased S, and k adapted to

changes in S following the passive adaptation model

(Figures 6B–6D and S6I). When combined with CHX, INK128

had almost no impact on the dynamic changes in S and k for

up to 18 h (Figures 6B–6D). This suggests that in NIH/3T3 cells,

mTOR activity is important to sustain S but is not involved in the

adaptation of k to changes in S. In mESCs, 25 nM of INK128 had

virtually no impact on S in the absence of CHX (Figures 6E–6G).

However, the rapid initial boost in S and decrease in kdeg caused

by CHX were impaired by mTOR inhibition. In the longer term

(>15 h), mTOR inhibition in the presence of CHX resulted in

strongly decreased S levels, compared with CHX alone, and un-

der-adaptation of k to changes in S (Figures 6E–6G and S6J).

Since INK128 did not impact kdil in mESCs (Figure S6H), this sug-

gests that mTOR activity directly contributes to the adaptation

of kdeg to S in mESCs.

We then further investigated the role of mitogen-activated

protein kinase (MAPK), which has also been involved in control-

ling protein synthesis,67 in the adaptation of NIH/3T3 cells. We

combined the CHX concentration gradient with the SP600125

JUNK inhibitor of the MAPK pathway. Note that we did not

test this inhibitor in mESCs since our 2i/LIF culture medium con-

tains the PD98059 MAPK inhibitor. In contrast to ISRIB, which,

as expected, slightly increased S in cells treated with CHX

(Figures S6K–S6M), SP600125 treatment decreased S. Howev-

er, the relationship between S and k still followed the passive
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adaptation model (Figures S6N–S6P). We then repeated the

CHX plate experiment in NIH/3T3, hESCs, and mESCs in the

presence of either 25 or 50 nM of INK128. In NIH/3T3, while

50 nM of INK128 resulted in massive cell death, 25 nM INK128

combined with CHX resulted in a synergistic impact on S, but

k and P were still aligned with the passive adaptation model

(Figures 6H, 6I, and S6I). In hESCs, the combination of INK128

with the CHX gradient was also consistent with the passive

adaptation model (Figures S6Q and S6R). By contrast, in

mESCs, INK128 weakened the adaptation of k to S in a dose-

dependent manner, closely mimicking passive adaptation at

50 nM until S = 0.3, matching regimes below which exponential

proliferation becomes less robust (Figures 4B, 4C, 6J, and 6K).

This is also in line with our mESC INK128 concentration gradient

experiment showing a less efficient adaptation than with CHX

(Figures S4E–S4G). Altogether, our results indicate that mESCs

complement passive adaptation by a sustained adjustment of

mTOR signaling, resulting in robust adaptation of kdeg to S.

A

B

C
H

X

D

I

E F G

Control
INK128

CHX
CHX + INK128

C

NIH/3T3
mESC

0 nM INK128

25 nM INK128

50 nM INK128

J KH

Figure 6. mTOR-dependence of the mESC response to protein synthesis inhibition

(A) Phosphorylation kinetics of p70S6K measured by ELISA after CHX treatment (0.1 μg/mL) in mESC and NIH/3T3.

(B–D) S (B), k (C), and kdil (D) trajectories inferred from MCFT (S and k) and cell number (kdil) measurements during CHX pulse for NIH/3T3 cells.

(E–G) S (E), k (F), and kdil (G) trajectories inferred from MCFT (S and k) and cell number (kdil) measurements during CHX pulse for mESCs. Black: control conditions.

Red: CHX treatment. Blue: 25 nM INK128 treatment. Pink: CHX + 25 nM INK128 treatment. The average (plain line) and the SD (shaded region) of the posterior

distribution are represented for each time point.

(H–K) Fold change in k (H and J) or P (I and K) vs. fold change in S for NIH/3T3 cells (H and I) or mESCs (J and K) upon long-term treatment with different CHX

concentrations in the presence of 0, 25, or 50 nM of INK128. Black dashed lines: prediction for perfect adaptation. Gray dashed lines: prediction for no adaptation.

Purple dashed curved lines: prediction for passive adaptation. n > 1,000 cells for all experiments. The values shown for k and P in (H)–(K) are normalized on the

respective values for control conditions and are displayed as arbitrary units. All plots use a linear scale on both axes.
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Proteome composition and dynamics upon passive and

mTOR-driven adaptation

We next quantified long-term changes in the proteome of mESCs

and NIH/3T3 upon CHX treatment. We cultured NIH/3T3 cells

and mESCs for 4 and 2 days, respectively, with or without

0.1 μg/mL of CHX. We chose these respective CHX treatment

durations to maximize the likelihood of reaching a new steady

state for all proteins, based on the respective cell-cycle durations

of NIH/3T3 (ca 22h) and mESCs (ca 12h). We then extracted pro-

teins and performed label-free quantification (LFQ) mass spec-

trometry (STAR Methods). While 10% and 2.8% of proteins

were downregulated or upregulated in NIH/3T3 (Figures 7A and

7B), respectively, only 0.6% and 0.1% were downregulated or

upregulated in mESCs (Figures 7C and 7D). At this CHX concen-

tration, the immediate impact on S levels was even stronger in

mESCs than in NIH/3T3 cells (earliest time points in Figures 3C

and 4G), suggesting that mESCs have a superior ability to main-

tain their protein levels upon perturbation of S. Ribosomal pro-

teins were well preserved in both cell types, but proteins involved

in mitochondrial or proteasomal functions were slightly downre-

gulated in NIH/3T3 cells but not in mESCs (Figures S7A–S7C), in

line with passive adaptation of cellular resources governing

protein decay in NIH/3T3.

To determine the proteome-wide adaptation of k to changes

in S, we performed dynamic stable isotope labeling by amino

acids in cell culture (dSILAC19,44,68–70) (Figure S7D; STAR

Methods; supplemental text) in the presence or absence of

0.05 μg/mL of CHX during 72 h, for both NIH/3T3 and mESCs.

We used a CHX concentration of 0.05 μg/mL to avoid total arrest

of cell growth for NIH/3T3 cells cultured in the SILAC DMEM me-

dium, which lacks growth factors (STAR Methods). Cellular pro-

teins were initially labeled using a medium containing light (NIH/

3T3) or medium (mESC) arginine and lysine amino acids, which

was then exchanged for a medium containing heavy (NIH/3T3)

arginine and lysine. Samples were collected 0, 1, 2, 4, 6, 12,

and 24 h (plus 48 h for NIH/3T3) after medium exchange. After

protein extraction, sample preparation and mass spectrometry

data were fitted to compute the decay rate per protein (STAR

Methods). The decay rate was determined for 2,050 (DMSO)

and 2,629 (CHX) proteins in NIH/3T3 and for 3,102 (DMSO)

and 3,380 (CHX) proteins in mESCs. The k we inferred for

NIH/3T3 proteins correlated strongly with previous NIH/3T3 dSI-

LAC data44 (Figure S7E). Upon CHX treatment, virtually all pro-

teins exhibited a decreased k in both NIH/3T3 and mESCs

(Figures 7E–7H, S7F, and S7G), confirming the proteome-wide

impact of changes in S on k. LFQ analysis of protein levels using

the 0-h time point confirmed that also for identical CHX treat-

ment durations, NIH/3T3 displayed larger changes in protein

levels than mESCs (Figures S7H and S7I). Note that while our

dSILAC approach does not allow us to directly measure

changes in S, we assumed that CHX should impact S of all pro-

teins similarly, which is confirmed by the very similar changes in

S we observed at given CHX doses for different proteins in NIH/

3T3 (Figure S7J).

We next reasoned that a quantitatively different adaptation of

kdil vs. kdeg in NIH/3T3 and mESCs should result in distinct

changes of k and P for proteins with different pskdeg. We found

that despite the fact that NIH/3T3 and mESCs are proliferating

cells and that a large fraction of the proteome detected by

mass spectrometry is long-lived, kdeg contributed to >50% of

k for about 30% of proteins in both NIH/3T3 and mESCs

(Figures S7K and S7L). In NIH/3T3, kdil adapted slightly better

than kdeg, while the opposite was true in mESCs. This implies

that in NIH/3T3, kdeg-dominated proteins (high pskdeg) should

experience a weaker adaptation of k. Conversely, in mESCs,

the kdil-dominated proteins (low pskdeg) should experience a

weaker adaptation of k. Changes in k upon CHX treatment as

a function of the pskdeg calculated from our dSILAC data in con-

trol conditions closely matched these predictions (Figures 7I,

7J, S7M, and S7N). In line with these findings, protein levels

were preferentially decreased for proteins with high pskdeg in

NIH/3T3 cells but not in mESCs (Figures 7K and 7L). Therefore,

cell-type-specific adaptation modes have distinct, predictable

consequences on the regulation of proteome homeostasis

upon fluctuating protein synthesis rates.

DISCUSSION

Here, we present a microscopy and computational approach al-

lowing us to uniquely quantify protein synthesis and decay rates

from both snapshots and time-lapse imaging data. This enabled

us to quantify protein turnover dynamics at an unprecedented

temporal resolution. While it was known for a long time that

full protein synthesis inhibition by CHX treatment impacts pro-

tein degradation,36,71 we here unraveled the quantitative and

causal relationship between protein synthesis and decay rates

by using several independent perturbations of protein synthesis.

This allowed us to build a quantitative model based on a passive

adaptation mechanism, which allows for partial adaptation of

protein decay to protein synthesis rates, resulting in imperfect

proteome maintenance. An additional mTOR-driven adaptation

layer allows naive mouse pluripotent stem cells to further opti-

mize the adaptation of protein degradation rates to protein syn-

thesis rates, leading to near-perfect maintenance of their prote-

ome (Figure 7M).

Our passive adaptation model hinges on structural relation-

ships between protein synthesis and the protein decay machin-

ery. While changes in active protein degradation strongly depend

on the protein dilution rate in dividing cells, non-dividing cells such

as astrocytes also modify their protein degradation rate in

response to fluctuations in protein synthesis rates in a quantita-

tively similar way. This suggests that the turnover of their DeM is

actively regulated, consistent with observations that non-dividing

cells exhibit a higher degradation rate for long-lived proteins than

dividing cells.72 Passive adaptation allows only for partial mainte-

nance of overall protein levels, but the roughly comparable adap-

tation of kdeg and kdil in dividing cells mitigates the imbalance be-

tween proteins decaying mainly through dilution vs. degradation.

Previous studies have shown that mechanisms of cell size

control coordinate synthesis and degradation rates to reach a

certain target cell size and that growth rate and cell-cycle length

are coordinated.73,74 Interestingly, a delay of about 10 h was also

found to coordinate changes in cell size and protein turnover

upon perturbation of cell-cycle progression.73,74 Liu and col-

leagues73 observed an increased kdeg upon an increase in cell

size. Since they used total protein content to determine cell

size, this suggests that this increased kdeg might have been

directly mediated by changes in P and thus by passive
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adaptation. In our study, we did not find a correlation between

protein turnover and cell size or cell-cycle duration, nor was

cell-cycle phase distribution altered by CHX treatment. There-

fore, it remains unclear whether the adaptation of k and P to S

we describe here explains the relationships between cell size

and protein turnover observed in previous studies.

In contrast with other cell types, mESCs robustly decrease

kdeg and partially rescue translational efficiency upon a decrease

Figure 7. Proteome-wide impact of a prolonged decrease in S

(A–D) Label-free proteome quantification for NIH/3T3 cells (A and B) or mESCs (C and D) treated with CHX, leading to the identification of 5,875 and 4,503

proteins, respectively. (A and C) The average of four replicates is plotted for all identified proteins. Red dots: proteins with significant (false discovery rate [FDR] =

0.01) fold change in their levels between CHX and control conditions. Each point is the average over quadruplicates of the protein-specific-level fold change. (B

and D) Distribution of protein-level fold changes between CHX and control conditions.

(E and G) Decay rate in (0.05 μg/mL) CHX vs. in DMSO condition for proteins measured in dSILAC (Figure S8; STAR Methods), for NIH/3T3 (E) and mESCs (G). The

black dotted line represents kCHX = kDMSO. The red dotted line represents the mean fold change in decay rate between CHX and DMSO conditions.

(F and H) Density of the ratio of the decay rates computed in DMSO, kDMSO, and CHX, kCHX, conditions for unique proteins in NIH/3T3 (F) and mESCs (H). Densities

(B, D, F, and G) are shown as arbitrary units.

(I and J) Measured decay rate fold change between CHX and control conditions, for NIH/3T3 (I) and mESC (J), binned according to pskdeg in DMSO condition.

(K and L) Measured protein-level fold change between CHX and control conditions, for NIH/3T3 (K) and mESC (L), binned according to pskdeg in DMSO condition.

(M) Model of core passive and facultative mTOR-mediated coordination of protein synthesis and degradation. All plots are displayed using a linear scale on

both axes.
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of translational resources through their ability to sustainably in-

crease mTOR signaling. This additional adaptation layer further

improves the resilience of the mESC proteome, resulting in near-

perfect maintenance of protein levels when their translational

capacity is impaired. Interestingly, hESCs, which in our culture

conditions are more similar to post-implantation embryo plurip-

otent stem cells (or primed pluripotent stem cells),75 did not

display mTOR-dependent adaptation. It has also been shown

that mESCs and hESCs have a particularly low basal mTOR ac-

tivity when in the naive state, which increases in the primed

state.76,77 This suggests that naive pluripotent stem cells may

have more room for further activation of mTOR signaling to

boost protein synthesis and decrease protein degradation

when facing limitations in protein synthesis resources. Interest-

ingly, mESCs and the inner cell mass of the pre-implantation

blastocyst use a unique strategy for their amino acids supply,

based on extracellular protein uptake.78 This mechanism may

explain the robust viability of the pre-implantation embryo

even in the absence of exogenous amino acids,79 which may

be complemented by the adaptation mechanisms we describe

here to maximize proteome resilience of the early embryo.

Our work has further methodological and biological implica-

tions beyond the model systems we used. First, the rapid and

universal adaptation of protein decay to changes in protein syn-

thesis rates directly questions the relevance of the CHX pulse

approach to determine protein half-lives.36,80 Second, two

views conflict on the predominant roles of species-specific dif-

ferences in protein synthesis81 vs. degradation rates82,83 in

regulating the pace of somitogenesis. We argue that the funda-

mental interconnection between protein synthesis and protein

degradation rates makes it extremely challenging to causally

address the functional relevance of these rates independently.

Third, mTOR inhibition was both reported to decrease29 and in-

crease27 protein degradation rates. We found that increased

mTOR activity upon a decrease in translational resources con-

tributes to a further decrease in protein degradation rate, in

agreement with Zhao et al.27 However, the modulation of pro-

tein synthesis by mTOR signaling indirectly influences protein

degradation rates through passive adaptation, in line with

decreased protein degradation rates observed during long-

term (>16 h) mTOR inhibition.29

In summary, our study unravels the pivotal resilience mecha-

nisms that mammalian cells leverage to buffer variations of pro-

teome concentrations when confronted with fluctuations in re-

sources governing protein synthesis rates.

Limitations of the study

To measure proteome-wide adaptation of k in response to alter-

ations in S, we opted for a two-channel SILAC approach, which

precludes direct measurements of S. While three-channel SILAC

could theoretically bypass this limitation under steady-state con-

ditions, the perturbation introduced by CHX alters global protein

levels, making it very challenging to establish a S that could be

reliably compared between perturbed and unperturbed states.

In fact, the global protein levels dictate the normalization of the

computed S.19,84 This limitation should also be considered

when analyzing LFQ data. Additionally, owing to the anticipated

global effects of CHX, canonical dSILAC cannot be employed

outside of a steady state to separately compute S and k.19,69

Finally, since each data point represents a distinct sample,

determining the cell division rate through cell counting during

the experimental time course is challenging.

To analyze the dSILAC data, we fitted the percentage of light

(%L) decay to a single mono-exponential decay model,70 retain-

ing only those proteins for which this model demonstrated a suf-

ficiently good fit (R2 > 0.9) in our subsequent analysis. Current

literature85,86 indicates that a significant number of proteins

exhibit non-exponential or multi-exponential decay behaviors.

However, note that this does not affect our model predictions,

as multi-exponential decay can be decomposed into a sum of

mono-exponential decays.

The primary limitation of our passive adaptation model is also

its greatest strength—its simplicity and parsimony. The model is

constructed using linear, ordinary differential equations, thus

not accounting for stochastic effects or non-linear depen-

dencies on protein concentrations. Despite this, the passive

adaptation model is adequate for recapitulating and predicting

the data we obtained.

Finally, we acknowledge that we did not precisely measure cell

volume in our imaging experiments, which limits our ability to

compare our data with findings from studies focused on mamma-

lian cell volume. We believe that accurately measuring cell vol-

ume could help bridge different areas of knowledge and pave

the way toward a better understanding of the growth laws gov-

erning mammalian cells.
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STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Anti-Ki67 BD Biosciences Cat# 550609; RRID: AB_393778

Anti-GFAP STEMCELL Technologies Cat# 60048; RRID: AB_3095092

Anti-MAP2 Sigma-Aldrich Cat# AB5622; RRID: AB_5622

Anti-TUBB eBioscience Cat# 14-4510; RRID: AB_2572876

Anti-SOX2 Cell Signaling Technology Cat# 23064S; RRID: AB_2714146

Anti-NANOG Thermo Fisher Scientific Cat# MA5-31459; RRID: AB_2787091

Anti-OCT4 Cell Signaling Technology Cat# 5677; RRID: AB_10547892

AlexaFluor647 secondary, anti-mouse Life Technologies Cat# A31571; RRID: AB_162542

AlexaFluor647 secondary, anti-rabbit Life Technologies Cat# A21443; RRID: AB_2535861

Chemicals, peptides, and recombinant proteins

Dulbecco’s Modified Eagle Medium,

high glucose, pyruvate

Thermo Fisher Scientific Cat# 41966029

Fetal Bovine Serum, embryonic

stem cell-qualified

Thermo Fisher Scientific Cat# 16141079

Fetal Bovine Serum Thermo Fisher Scientific Cat# 10270106

Sodium pyruvate solution Sigma-Aldrich Cat# 113-24-6

Non-essential amino acids Gibco Cat# 11140-050

Penicillin/Streptomycin BioConcept Cat# 401F00H

L-glutamine (2 mM) Gibco Cat# 25030-024

2-mercaptoethanol Sigma-Aldrich Cat# 63689

Leukaemia inhibitory factor (LIF) In-house N/A

GSK-3 Inhibitor XVI Merck Cat# 361559

PD184352 Sigma-Aldrich Cat# PZ0181

Gelatin Sigma-Aldrich Cat# G9391

Trypsin Sigma-Aldrich Cat# T4049-100ML

mTeSR Plus STEMCELL Technologies Cat# 100-0276

ReLeSR STEMCELL Technologies Cat# 05872

Corning Matrigel hESC-qualified matrix Corning Cat# 354277

Accutase Innovative Cell Technology Cat# AT104

BrainPhys™ Without Phenol-Red STEMCELL Technologies Cat# 05791

BrainPhys™ hPSC Neuron Kit STEMCELL Technologies Cat# 05795

STEMdiff Astrocyte Maturation Supplement A STEMCELL Technologies Cat# 100-0037

STEMdiff Astrocyte Maturation Supplement B STEMCELL Technologies Cat# 100-0017

Poly-L-Ornithine (PLO) Sigma-Aldrich Cat# P4957

Laminin Sigma-Aldrich Cat# L2020

ROCK inhibitor Y-27632 MilliporeSigma Cat# SCM075

Laminin 511 BioLamina Cat# LN511-0202

Fibronectin Sigma-Aldrich Cat# F4759

FluoroBrite™ DMEM Gibco Cat# A1896701

VECTASHIELD® HardSet™ Antifade

Mounting Medium with DAPI

Vector Laboratories Cat# H-1500-10
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Critical commercial assays

Proteasome-Glo™ Chymotrypsin-Like Assay kit Promega Cat# G8621

RNeasy Mini kit QIAGEN Cat# 74104

Pierce™ BCA Protein Assay Thermo Fisher Scientific Cat# 23225

Deposited data

Label-free proteomics (LFQ) PRIDE Accession: PXD056601

dSILAC proteomics (NIH/3T3) PRIDE Accession: PXD061384

dSILAC proteomics (mESCs) PRIDE Accession: PXD061306

RNA-seq GEO Accession: GSE278929

Analysis code and data processing scripts GitHub https://github.com/UPSUTER/ProTuCo

Experimental models: Cell lines

NIH/3T3 Ueli Schibler, Geneva N/A

HEK293T ATCC RRID:CVCL_0063

E14 mouse embryonic stem cells (mESCs) Didier Trono, EPFL N/A

CGR8 mouse embryonic stem cells (mESCs) Sigma-Aldrich Cat#07032901; RRID:CVCL_3987

H1 human embryonic stem cells (WA01, 46XY) WiCell Research Institute WA01

mESC SLT knock-in (ROSA26 locus,

CGR8 background)

This study N/A

hESC SLT knock-in (CLYBL locus, H1 background) This study N/A

hESC-derived neurons (iNGNs) This study N/A

hESC-derived astrocyte-enriched cultures This study N/A

Oligonucleotides

Genotyping and integration-site PCR primers This study See Table S6

Recombinant DNA

pDONOR MCS Rosa26 Addgene Plasmid #37200

pCMV-RosaL6 ELD Addgene Plasmid #37198

pCMV-RosaR4 KKR Addgene Plasmid #37199

pC13N-dCas9-BFP-KRAB (CLYBL HDR) Addgene Plasmid #127968

pZT-C13-L1 (CLYBL left arm) Addgene Plasmid #62196

pZT-C13-R1 (CLYBL right arm) Addgene Plasmid #62197

pLV-pGK-rtTA3G-IRES-Bsd PMID: 30146318 N/A

pLV-TRE3G-<gene of interest> PMID: 30146318 N/A

PB_TRET_Ngn2-2A-Ngn1 Gift from Volker Busskamp N/A

PB-transposase Gift from Volker Busskamp N/A

Software and algorithms

MaxQuant (v1.6.10.43; v2.4.4.0) PMID: 19029910 https://maxquant.org

Perseus (v1.6.12.0) PMID: 29344888 N/A

STAR aligner (v2.7.x) PMID: 23104886 N/A

DESeq2 (R 4.4.1) PMID: 25516281 N/A

R (4.4.1) R Core Team N/A

TrackMate 7 PMID: 35654950 N/A

Cellpose 2.0 PMID: 36344832 N/A

scikit-learn 10.5555/1953048.2078195 N/A

Microfilm https://github.com/guiwitz/microfilm N/A

FastQC (v0.11.9) Babraham Bioinformatics N/A

FastQ Screen (v0.14.0) Babraham Bioinformatics N/A

bases2fastq (v1.8.0.1260801529) Element Biosciences N/A

Github code This study 10.5281/zenodo.17283838
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Cell Culture

NIH/3T3 and HEK293T cells were routinely cultured in DMEM (Gibco, 41966029), supplemented with 10% fetal bovine serum (Gibco,

10270-106), 1% penicillin/streptomycin (BioConcept, 401F00H) at 37◦C, 5% CO2. Cells were passaged by trypsinization (Sigma,

T4049-100ML) every 2-3 days and maintained at a confluency < 80%.

E14 and CGR8 mouse embryonic stem cell lines were routinely cultured in GMEM (Sigma-Aldrich, G5154) supplemented with 10%

ES cell-qualified fetal bovine serum (Gibco, 16141–079), 2 mM sodium pyruvate (Sigma-Aldrich, 113-24-6), 1% non-essential amino

acids (Gibco, 11140–050), 1% penicillin/streptomycin (BioConcept, 4-01F00H), 2 mM L-glutamine (Gibco, 25030–024), 100 μM

2-mercaptoethanol (Sigma-Aldrich, 63689), leukaemia inhibitory factor (LIF — in-house), 3 μM GSK-3 Inhibitor XVI (Merck, 361559)

and 0.8 μM PD184352 (Sigma-Aldrich, PZ0181), called hereafter 2i, at 37◦C, 5% CO2. Cells were plated on dishes coated with gelatin

(Sigma-Aldrich, G9391). Cells were passaged every 2-3 days by trypsinization (Sigma-Aldrich, T4049) when density reached approx-

imately 3.0×104 cells/cm2 (Mulas et al. 2019).

H1 human embryonic stem cells (WiCell Research Institute, WA01, 46XY) were routinely cultured as colonies in mTeSR Plus

(STEMCELL Technologies, 100-0276) with 0.2% penicillin/streptomycin (BioConcept, 401F00H) at 37◦C, 5% CO2. Cells were plated

on dishes coated with Corning Matrigel hESC-qualified matrix (Corning, 354277). Cells were passaged every 4-7 days using the

enzyme-free passaging reagent ReLeSR (STEMCELL Technologies, 05872), which preserves colonies, when most of the colonies

were large with a dense center. For experiments requiring single-cell dissociation, i.e., nucleofection, sorting, and imaging, hESCs

were passaged using Accutase (Innovative Cell Technology, AT104).

METHOD DETAILS

Production of lentiviral vectors and generation of stable cell lines

HEK293T cells were seeded at a density of 45,000 cells/cm2 and transfected using calcium phosphate one day after seeding. Cells

were co-transfected with PAX2 (envelope), MD2G (packaging), and the lentiviral construct of interest, and concentrated 120-fold by

ultracentrifugation as described previously.87 Target NIH/3T3 cells were seeded at a density of 13,000/cm2 in a 24-well plate and

transduced with 50 μL of concentrated lentivirus. For all dox-inducible cell lines, cells were first transduced with the pLV-pGK-

rtTA3G-IRES-Bsd construct,88 selected using 8 μg/mL of blasticidin (Thermofisher, A11139-03), transduced with the pLVTRE3G-

construct of interest, and selected with puromycin (Thermofisher, A11138-03) at 2 μg/mL.

Generation of the mESC SLT knock-in cell line

The SLT construct under the control of the EF1α promoter was first inserted using InFusion cloning (Takara) into the pDONOR MCS

Rosa26 plasmid (Addgene #37200) containing Rosa26 homology arms. CGR8 cells were co-transfected with pDONOR-SLT, pCMV-

RosaL6 ELD (Addgene #37198), and pCMV-RosaR4 KKR (Addgene #37199) with the lipofectamine 3000 transfection reagent (Invi-

trogen, L3000001) in a 6-well plate following supplier instructions. These plasmids were a gift from Charles Gersbach.53 Cells were

then maintained for 2 weeks in culture. Cells were afterward sorted as single cells in 96-well plates for bright sfGFP and mOrange2

signals using a FACSAria (BD Biosciences) cell sorter. Around 1% of cells were positive. After 10 days of culture, single colonies were

visually checked for MCFT fluorescence signal, and the brightest colonies were picked and amplified. 6 clones were then selected for

characterization: gDNA was extracted using the DirectPCR Lysis Reagent (Viagen, 301-C) and PCRs were performed to verify the

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Other

Operetta CLS High-Content Imaging System PerkinElmer N/A

FACSAria cell sorter BD Biosciences N/A

4D-Nucleofector X Unit Lonza N/A

Amaxa P3 Primary Cell kit L Lonza Cat# V4XP-3012

96-well plate (black, clear bottom) PerkinElmer Cat# 6055302

Aviti Cloudbreak Freestyle flow cell Element Biosciences N/A

Dionex Ultimate 3000 RSLC nano UPLC Thermo Fisher Scientific N/A

Exploris Orbitrap 480 Mass Spectrometer Thermo Fisher Scientific N/A

Acclaim PepMap C18 precolumn Thermo Fisher Scientific N/A

ReproSil-Pur C18-AQ 1.9 μm beads Dr. Maisch N/A

Microcon-30K centrifugal filters Merck N/A

Tecan plate reader Tecan N/A
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correct integration site of the transgene89 (Table S6). After gel validation, the bands were cut, the DNA amplicons were extracted with

QIAquick Gel Extraction Kit (QIAgene, 28704), and sent to Sanger sequencing (Microsynth) to check the integration site for the pres-

ence of indels.

Generation of the hESC SLT knock-in cell line

The SLT construct was inserted using InFusion cloning (Takara) into the pC13N-dCas9-BFP-KRAB plasmid (Addgene, #127968),

containing CLYBL homology arms and a CAG promoter. hESCs were co-transfected with pZT-C13-L1 (Addgene, #62196) and

pZT-C13-R1 (Addgene, #62197) by nucleofection using the 4D-Nucleofector X Unit (Lonza) and Amaxa P3 Primary Cell kit L (Lonza,

V4XP-3012), program CB-150. hESCs were supplemented with 1x CloneR2 (STEMCELL Technologies, 100-0691) supplement for

the first two days. These plasmids were a gift from Jizhong Zou.45 Cells were then maintained for 2 weeks in culture. Cells were af-

terward sorted as single cells in 96-well plates for bright sfGFP and mOrange2 signals using a FACS Aria (BD Biosciences) cell sorter.

Around 0.4% of cells were positive. Cells were supplemented with 1x CloneR2 supplement for the first 4 days, with medium change

every other day. After 14 days of culture, single colonies were visually checked for SLT signal, and the brightest colonies were picked

and amplified. 3 clones were then selected for characterization: gDNA was extracted using the DNEasy Blood & Tissue kit (Qiagen,

69504) and PCRs were performed to verify the correct integration site of the transgene (Table S6). After running PCR products on an

agarose gel, the bands were cut, the DNA amplicons were extracted using QIAquick Gel Extraction Kit (Qiagene, 28704), and verified

by Sanger sequencing (Microsynth).

Generation of hESC-derived neurons (iNGNs)

hESCs were co-transfected with PB_TRET_Ngn2-2A-Ngn1 and PB-transposase plasmids by nucleofection as described earlier.

These plasmids were a gift from Volker Busskamp.90 After recovery, the cells were selected with puromycin (Thermofisher,

A11138-03) at 3 μg/mL. hESCs were maintained as described earlier. hESCs were induced to neurons as described in 90 with slight

modifications. Briefly, plates were coated with 15 μg/mL Poly-L-Ornithine (PLO, Sigma-Aldrich, P4957) and 10 μg/mL laminin (Sigma-

Aldrich, L2020) in PBS. Plates were incubated for 2 h at room temperature after each coating step. 5 x 104 cells/cm2 were plated as

single cells on PLO/laminin-coated cultureware in mTeSR Plus medium (STEMCELL Technologies, 100-0276) supplemented with

10 μM ROCK inhibitor (MilliporeSigma, SCM075). For the next four days, the mTeSR Plus medium was supplemented with

1 μg/mL doxycycline (Sigma-Aldrich, D9891) and changed daily. On the last day, the medium was supplemented with 5 μM cytosine

β-D-arabinofuranoside hydrochloride (Sigma-Aldrich, C6645). On day 5, neurons were passaged using Accutase (Innovative Cell

Technology, AT104) and seeded 1.35 x 105 cells/well on a 96-well plate (Perkin Elmer, 6055302) coated with Corning Matrigel

hESC-qualified matrix (Corning, 354277). After seeding, cells were cultured overnight in BrainPhys™ hPSC Neuron Kit (STEMCELL

Technologies, 05795) supplemented with 200 nM ascorbic acid (STEMCELL Technologies, 72132) and 1 mM dibutyryl-cAMP

(STEMCELL Technologies, 73882), using BrainPhys™ Imaging Optimized Medium (STEMCELL Technologies, 05796) as a basal me-

dium. The next day, CHX treatment was performed for 48 h. The CHX concentration gradient was made of 56 different concentrations

ranging from 0.002 to 5 μg/mL (Table S7).

Differentiation of hESCs into astrocytes

hESCs were first differentiated to neural progenitor cells using the STEMdiff SMADi Neural Induction kit (STEMCELL Technologies,

08581) according to the manufacturer’s protocol for monolayer culture. Briefly, 2 x 105 cells/cm2 were plated as single cells on Corn-

ing Matrigel hESC-qualified matrix (Corning, 354277) in STEMdiff Neural Induction Medium with SMADi supplement and 10 μM

ROCK Inhibitor (Y-27632) (MilliporeSigma, SCM075). The next day, Y-27632 was removed, and the medium was changed daily. Cells

were passaged three times every 7 days using Accutase (Innovative Cell Technology, AT104). One day after the third passage, the

medium was changed to STEMdiff Astrocyte Differentiation Medium kit (STEMCELL Technologies, 100-0013) to obtain astrocyte

precursors. The astrocyte precursors were maintained for three additional passages, changing the medium daily during the first

week and every 2 – 3 days for the remaining weeks. Following three weeks of differentiation after the third passage of the precursors,

the STEMdiff Astrocyte Maturation medium was used (STEMCELL Technologies, 100-0016). Maturation of astrocytes was per-

formed for another three weeks, performing single cell passage every 7 days and medium change every 2 – 3 days, before the down-

stream analysis. N = 1 biological replicate.

Immunofluorescence for characterization of astrocyte-enriched cell culture

Astrocyte-enriched cultures were first fixed using 4 % formaldehyde (FA) (Thermo Fischer Scientific, 28906) in PBS that was added 1:1

to the culture medium and incubated for 5 min at room temperature (final FA: 2%). The medium was removed, and 4 % FA was added

for 15 min at room temperature. After two washes with PBS, cells were permeabilized with 0.1 % Triton X-100 (BioChemica, UN3082) in

PBS for 20 min and blocked with 1 % BSA (Sigma-Aldrich, A7906) in PBS for 30 min. Cells were incubated overnight at 4 ◦C with anti-

Ki67 antibody (1:100, BD Biosciences, 550609) and anti-GFAP antibody (1:200, STEMCELL Technologies, 60048). The next day, cells

were washed twice with PBS and incubated with an anti-mouse secondary antibody conjugated to AlexaFluor647 (1:1000,

LifeTechnologies, A31571) for 1 h at room temperature. Cells were washed twice with PBS and mounted with VECTASHIELD®
HardSet™ Antifade Mounting Medium with DAPI (Vector, H-1500-10). Imaging was performed with an Operetta CLS (Perkin Elmer)

microscope, 20× objectives (Air immersion, Plan Apochromat, NA 0.8), at RT, using the following filters: Ex: BP 615-645, BP 650-

675, Em: HC 655-760 for the antibody channels. N = 1 biological replicate.
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Immunofluorescence for characterization of hESC-derived neurons (iNGN)

Immunofluorescence of hESC-derived neurons (iNGN) was performed as for astrocytes-enriched culture with minimal modifications.

For fixation, we followed.91 0.1 M PHEM buffer (Electron Microscopy Sciences, 11162) was added 1:1 to the neuronal medium. Then,

cells were washed twice with 0.1 M PHEM buffer (Electron Microscopy Sciences, 11162) before fixing with 4 % FA (Thermo Fisher

Scientific, 28906), 0.25 % glutaraldehyde (Electron Microscopy Sciences, 16220) in 0.1 M PHEM buffer for 15 min at room tempera-

ture. After two washes with PBS, cells were permeabilized with 0.1 % Triton X-100 (BioChemica, UN3082) in PBS for 20 min and

blocked with 1 % BSA (Sigma-Aldrich, A7906) in PBS for 30 min. Cells were incubated overnight at 4 ◦C with anti-Ki67 antibody

(1:100, BD Biosciences, 550609), anti-MAP2 antibody (1:500, Sigma Aldrich AB5622), anti-TUBB antibody (1:2000, eBioscience

14-4510). The next day, cells were washed twice with PBS and incubated with an anti-mouse secondary antibody conjugated to

AlexaFluor647 (1:1000, LifeTechnologies, A31571) or anti-rabbit secondary antibody conjugated to AlexaFluor647 (1:1000,

LifeTechnologies, A21443) for 1 h at room temperature. Cells were washed twice with PBS and mounted with VECTASHIELD®
HardSet™ Antifade Mounting Medium with DAPI (Vector, H-1500-10). Cells were imaged as described above. N = 1 biological

replicate.

Immunofluorescence for characterization of pluripotency of mESC

4 days before imaging, mESCs were cultured in phenol-red-free N2B27 + 2i/LIF medium and seeded on a 96-well plate (Perkin Elmer,

6055302) coated with laminin 511 (BioLamina, LN511-0202). Before starting CHX treatment, mESCs were cultured for at least

2 weeks in N2B27 + 2i/LIF medium. The next day, CHX treatment was applied to each well following the designed concentration gra-

dients: 0, 0.025, 0.05, 0.1, and 0.2 μg/mL, and cells were incubated for 72 h at 37 ◦C and 5% CO2. After 72 h, the immunofluorescence

of mESCs was performed as for astrocyte-enriched culture with minimal modifications. mESC were fixed using 4 % FA in PBS for

30 min at room temperature, cells were permeabilized with 0.5 % Triton X-100 (BioChemica, UN3082) in PBS for 20 min, and blocked

with 1 % BSA (Sigma-Aldrich, A7906) in PBS for 30 min. Cells were incubated overnight at 4 ◦C with primary antibodies anti-SOX2

(1:500, Cell Signaling Technology 23064S), anti-NANOG (1:1000, Thermo Fisher MA5-31459), and anti-OCT4 (1:500, Cell Signaling

Technology 5677). The next day, cells were washed twice with PBS and incubated with anti-rabbit secondary antibody conjugated to

AlexaFluor647 (1:1000, LifeTechnologies, A21443) for 1 h at room temperature. After washing, VECTASHIELD® HardSet™ Antifade

Mounting Medium with DAPI (Vector, H-1500-10) was added, and cells were imaged as described above. N = 1 biological replicate.

Snapshot imaging of the MCFT upon CHX/MYCi/INK128 steady-state treatments

3 days before imaging, NIH/3T3 cells were seeded on a 96-well plate (Perkin Elmer, 6055302) coated with fibronectin (Sigma, F4759)

at a density that does not exceed 80% confluency for each well when imaging starts. After seeding, cells were cultured overnight

without CHX in FluoroBrite™ DMEM medium (Gibco, A1896701) supplemented with 10% fetal bovine serum (Gibco, 10270-106),

2 mM L-glutamine (Gibco, 25030–024), and 1% penicillin/streptomycin (BioConcept, 401F00H). The next day, CHX treatment was

applied to each well following the designed concentration gradients (Table S1). The CHX concentration gradient was made of 56

different concentrations ranging from 0.002 to 0.5 μg/mL. The medium containing the respective CHX concentrations was changed

once after 24 hours. After 2 days of treatment, snapshot imaging was performed with Operetta CLS (Perkin Elmer), 20× objectives (Air

immersion, Plan Apochromat, NA 0.8), at 37 ◦C, 5% CO2. For the sfGFP channel, the following filters were used: Ex: BP 435-460, 460-

490, Em: HC 500-550. For the mOrange2 channel, the following filters were used: Ex: BP 490-515, 530-560, Em: HC 570-650.

Experiments with H1 hESCs, astrocytes and CGR8 mESCs were performed similarly, except for culture conditions. hESCs were

cultured in mTeSR1 without phenol red (STEMCELL Technologies, 05876) and seeded on a 96-well plate coated with Corning Ma-

trigel hESC-qualified matrix (Corning, 354277). A 10 μM ROCK Inhibitor (Y-27632) (MilliporeSigma, SCM075) was added at the time of

seeding. Mature astrocytes were seeded on a 96-well plate coated with Corning Matrigel hESC-qualified matrix (Corning, 354277) in

Brain-Phys Without Phenol-Red (STEMCELL Technologies, 05791) supplemented with STEMdiff Astrocyte Maturation Supplement

A and B (STEMCELL Technologies, 100-0037 and 100-0017).

mESCs were cultured in phenol-red free N2B27 + 2i/LIF medium and seeded on a 96-well plate coated with laminin 511

(BioLamina, LN511-0202). Before starting CHX treatment, mESCs were cultured for at least 2 weeks in N2B27 + 2i/LIF medium.

A similar protocol was used for anisomycin and MYCi treatments. The anisomycin concentration gradient was made of 56 different

concentrations ranging from 0.0002 to 0.05 μg/mL (Table S2). The MYCi concentration gradient was made of 56 different concen-

trations ranging from 0.26 to 64 μM (Table S3).

For CHX treatment in combination with INK128, we proceeded as previously described, adding a constant concentration of

INK128 to the CHX plate gradient. For hESCs, in each plate, wells whose cell number fell markedly below the expected dose–

response trend were excluded as technical outliers attributable to under-seeding or uneven coating rather than true drug effects.

All experiments were performed with N = 2 biological replicates.

Snapshot imaging of the MCFT upon steady-state amino acids depletion

3 days before imaging, NIH/3T3 cells were seeded on a 96-well plate (Perkin Elmer, 6055302) coated with fibronectin (Sigma, F4759)

at a density that does not exceed 80% confluency for each well when imaging starts. After seeding, cells were cultured overnight in

FluoroBrite™ DMEM medium (Gibco, A1896701) supplemented with 10% fetal bovine serum (Gibco, 10270-106), 2 mM L-glutamine

(Gibco, 25030–024), and 1% penicillin/streptomycin (BioConcept, 401F00H). The next day, medium was replaced by a mix between

complete (with L-Arginine, L-Leucine, L-Lysine, L-Methionine) and amino acids-depleted DMEM medium (SILAC DMEM High
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Glucose (Athena, 0430), 3.7 g/L Sodium Bicarbonate, 0.2 mM Sodium Pyruvate (Sigma-Aldrich, S8636), 10% fetal bovine serum

(Gibco, 10270-106), 2 mM L-glutamine (Gibco, 25030–024, 1% penicillin/streptomycin (BioConcept, 401F00H)). The proportions

of the mix are given in Tables S4A and S4B. The cells were kept for 2 days in culture before imaging. Snapshot imaging was per-

formed with Operetta CLS (Perkin Elmer), 20× objectives (Air immersion, Plan Apochromat, NA 0.8), at 37 ◦C, 5% CO2. For the sfGFP

channel, the following filters were used: Ex: BP 435-460, 460-490, Em: HC 500-550. For the mOrange2 channel, the following filters

were used: Ex: BP 490-515, 530-560, Em: HC 570-650. N = 2 biological replicates.

Live imaging of the MCFT upon CHX treatment/release

3 days before imaging, NIH/3T3 cells were seeded on a 96-well plate coated with fibronectin (Sigma, F4759) at a density that does not

exceed 80% confluency for each well when imaging starts. Four conditions were designed: control (-CHX), CHX (2 days of treatment

with 0.1 μg/ml CHX before imaging), pulse (0.1 μg/ml CHX added right before imaging), and release (2 days of treatment with 0.1 μg/ml

CHX before imaging, followed by CHX removal immediately before imaging). 500 cells were seeded per well for control and pulse con-

ditions. 1000 cells were seeded per well for CHX and release conditions. After seeding, cells were cultured overnight without CHX in

FluoroBrite™ DMEM (Gibco, A1896701) supplemented with 10% fetal bovine serum (Gibco, 10270–106), 2 mM L-glutamine (Gibco,

25030–024), and 1% penicillin/streptomycin (BioConcept, 401F00H). The next day, CHX was applied at 0.1 μg/ml in CHX and release

conditions. During the treatment, the medium was changed every 24h. Before imaging, all wells were washed once with medium.

Then, medium containing 0.1 μg/ml CHX was added to CHX and pulse conditions. In control and release conditions, medium without

CHX was added. Live imaging was performed with Operetta CLS (Perkin Elmer), 20× objectives (Air immersion, Plan Apochromat, NA

0.8), at 37 ◦C, 5% CO2, with 15 min intervals for more than 20 h if not specified otherwise. For the sfGFP channel, the following filters

were used: Ex: BP 435-460, 460-490, Em: HC 500-550. For the mOrange2 channel, the following filters were used: Ex: BP 490-515,

530-560, Em: HC 570-650.

Experiments with H1 hESCs, human astrocytes, and CGR8 mESCs were performed similarly, except for the culture conditions that

were as described in the previous section.

For the CHX pulse experiment in the presence of 25 nM INK128 or 200 nM ISRIB, we proceeded as previously described, pre-treat-

ing the cells for 1 h with the respective drugs before adding the medium with CHX, keeping the INK128/ISRIB concentration constant.

All time-lapse experiments were performed at least in N = 2 biological replicates, except for human astrocytes (N = 1 biological

replicate).

Live imaging of the MCFT upon MYCi treatment/release

3 days before imaging, NIH/3T3 cells were seeded on a 96-well plate coated with fibronectin (Sigma, F4759) at a density that does not

exceed 80% confluency for each well when imaging starts. Four conditions were designed: control (-MYCi), MYCi (2 days of treat-

ment with 64 μM MYCi before imaging), pulse (64 μM MYCi added right before imaging), and release (2 days of treatment with 64 μM

MYCi before imaging followed by MYCi removal immediately before imaging). 254 cells were seeded per well for control and pulse

conditions. 800 cells were seeded per well for MYCi and release conditions. After seeding, cells were cultured overnight without MYCi

in FluoroBrite™ DMEM (Gibco, A1896701) supplemented with 10% fetal bovine serum (Gibco, 10270-106), 2 mM L-glutamine (Gibco,

25030–024), and 1% penicillin/streptomycin (BioConcept, 401F00H). The next day, MYCi was applied at 64 μM in MYCi and release

conditions. During the treatment, the medium was changed every 24h. Before imaging, all wells were washed once with medium.

Then, medium containing 64 μM MYCi was added to MYCi and pulse conditions. In control and release conditions, medium without

MYCi was added. Live imaging was performed with Operetta CLS (Perkin Elmer), 20× objectives (Air immersion, Plan Apochromat,

NA 0.8), at 37 ◦C, 5% CO2, with 15 min intervals for more than 20 h if not specified otherwise. For the sfGFP channel, the following

filters were used: Ex: BP 435-460, 460-490, Em: HC 500-550. For the mOrange2 channel, the following filters were used: Ex: BP 490-

515, 530-560, Em: HC 570-650.

All time-lapse experiments were performed at least in N = 2 biological replicates.

SNAP-tag pulse-chase labeling

Cells were seeded and cultured in 96-well plates following the previous live imaging method section. 45 minutes before imaging, cells

were incubated with an imaging medium that contained 40 - 80 nM SNAP Cell 647 Sir dye (NEB, S9102S) for 30 min at 37◦C, 5% CO2.

Cells were then gently washed five times with fresh medium. The medium was then replaced with a fresh imaging medium containing

1 μM SNAP Cell Block (NEB, S9106S) to prevent the binding of residual SNAP dye to newly synthesized SNAP-tagged proteins. Im-

aging was performed with an Operetta CLS (Perkin Elmer) microscope, 20× objectives (Air immersion, Plan Apochromat, NA 0.8), at

37 ◦C 5% CO2, at 15 min intervals. For the sfGFP channel, the following filters were used: Ex: BP 435-460, 460-490, Em: HC 500-550.

For the SNAP channel, the following filters were used: Ex: BP 615-645, BP 650-675, Em: HC 655-760.

All time-lapse experiments were performed at least in N = 2 biological replicates.

Dox pulse-chase experiment

Three days before imaging, NIH/3T3 cells were seeded at a density of 200 cells/well on a 96-well plate coated with fibronectin (Sigma,

F4759). After seeding, cells were cultured overnight without dox in FluoroBrite™ DMEM (Gibco, A1896701) supplemented with 10%

fetal bovine serum (Gibco, 10270-106), 2 mM L-glutamine (Gibco, 25030–024), and 1% penicillin/streptomycin (BioConcept,

401F00H). The next day, dox (Sigma-Aldrich, D9891) treatments were applied at the desired concentrations. During the treatment,
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the medium was changed every 24 hours. Before imaging, all wells were washed three times with warm PBS followed by the addition

of medium containing the desired dox concentration. Live imaging was performed thereafter (∼15min delay) with an Operetta CLS

(Perkin Elmer), 20× objectives (Air immersion, Plan Apochromat, NA 0.8), at 37 ◦C, 5% CO2, with 15 min intervals for at least 20 h if not

specified otherwise. For the sfGFP channel, the following filters were used: Ex: BP 435-460, 460-490, Em: HC 500-550. For the mOr-

ange2 channel, the following filters were used: Ex: BP 490-515, 530-560, Em: HC 570-650.

This experiment was performed with N = 1 biological replicate.

Flow cytometry

Cells were trypsinized, resuspended in culture medium with 50 mM Hoechst33342 (Thermo Fisher Scientific #H3570), and incubated

for 15 min at 37◦C. Cells were then spun down, resuspended in cold PBS with 2% FBS, and analyzed by flow cytometry on a LSR

Fortessa. One experimental replicate was performed for each cell line and each CHX concentration, and at least 10,000 cells per

sample were analyzed.

Imbalance computation

The imbalance θ, introduced in50 is defined as:

θ(t) =
k(t) × P(t)

s(t)

The protein synthesis and decay rates at time t, s(t), and k(t) respectively, were inferred using the Hierarchical Bayesian inference

algorithm introduced hereafter (see also supplemental text for details). The total protein level at time t, P(t), was calculated by sum-

ming up the measured green G signal and the inferred black-green BG signal such that:

P(t) = Gmeasured(t)+ BG;infered(t)

N-Hydroxysuccinimide (NHS ester) labeling and imaging

Cells were seeded in a 96-well plate coated with fibronectin (Sigma, F4759) and cultured overnight. The cell seeding number was

adjusted so that none of the wells would be more than 80% confluent on day 7. On day 2, 48 different CHX concentrations ranging

from 0.002 to 0.25 μg/mL were applied to cells for the next 6 days. The medium was changed every 48 hours. On day 7, cells were fixed

with 4% formaldehyde in PBS for 15 min at RT before washing once with PBS. Then, cells were permeabilized with 100% pre-cooled

methanol at -20◦C for 10 min. Before staining, cells were washed once with 0.2 M sodium bicarbonate. N-Hydroxysuccinimide (Invi-

trogen, A37573) was diluted in 0.2 M sodium bicarbonate to a final concentration of 50 μg/mL and applied to cells at RT for 30 min. Cells

were washed twice with PBS and mounted with Vectashield containing DAPI (Vector, H-1500-10). Imaging was performed with an

Operetta CLS (Perkin Elmer) microscope, 20× objectives (Air immersion, Plan Apochromat, NA 0.8), at RT, using the following filters:

Ex: BP 615-645, BP 650-675, Em: HC 655-760 for the NHS-ester channel.

For iNGNs, cells were plated in 96-well plates as described previously. After 48 h of treatment with the desired drug concentrations

(Table S7), the cells were fixed as described in the immunofluorescence protocol, and the experimental procedure for NHS-ester

labeling was followed.

NHS-ester experiments were performed in N = 2 biological replicates.

HPG labelling in iNGNs

The assay was performed using the Click-iT® HPG Alexa Fluor® Protein Synthesis Assay Kit (C10428) according to the supplier’s

instructions. Cells were plated in 96-well plates as described previously. After treatment of the cells with the desired drug concen-

trations, cells were incubated with methionine-free SILAC - Neural Basal Medium (AthenaES, 0428) supplemented as neuronal me-

dium described above, as well as 50 μM Click-iT® HPG (Invitrogen, C10186), missing amino-acids and the corresponding concen-

tration of CHX, for 30 min at 37◦C, 5% CO2. Negative control cells were treated with CHX 200 μg/ml for 30 min prior incubation in

methionine-free medium. Cells were fixed as described earlier. Then, cells were washed twice with 3% BSA in PBS. Permeabilization

was performed by incubation of the cells with 0.5% Triton X-100 in PBS for 20 min at room temperature. The Click reaction was then

performed by strictly following the supplier protocol, replacing the Alexa Fluor® 488 azide with Alexa Fluor® 647 azide (A10277). After

the last rinse step, cells were mounted using VECTASHIELD® HardSet™ Antifade Mounting Medium with DAPI (H-1500-10).

This experiment was performed in N = 1 biological replicate.

ELISA for p70S6K

To measure phosphorylation levels of p70 S6K in NIH/3T3 and mES cells, we used the Multispecies p70 S6 Kinase (Total/Phospho)

InstantOne™ ELISA Kit (Invitrogen). We followed the manufacturer’s assay protocol for adherent cells. Briefly, we plated 5,000 to

10,000 (48 h timepoint) cells per well of a 96-well plate and treated the cells with 0.1 μg/mL CHX for different durations (0, 1, 2, 5

and 48 hours). After 48 hours, we performed cell lysis using 150 μL per well of the Cell Lysis Buffer Mix (1X) supplemented with ben-

zonase. We then proceeded as described by the manufacturer.

This experiment was performed in N = 3 biological replicates.
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Proteasome-Glo assay

Cells were plated in 96-well plates and treated as described in the corresponding figure. The assay for the detection of the protea-

some activity (Chymotrypsin-like activity) was performed using the Proteasome-Glo™ Chymotrypsin-Like Assay kit, following sup-

plier’s recommendations (Promega, G8621). Briefly, cells were lysed in 35 μL/well of 50 mM Tris pH 8 with 0.1% NP-40. 25 μL of

the protein extracts were incubated with 25 μL of Proteasome-Glo™ Reagent in a new white 96-well plate. The content of the plate

was then gently mixed using a plate shaker at 400 rpm for 30 seconds before incubation at room temperature for 15 min. The lumi-

nescence signal was recorded on a Tecan plate reader. In parallel, 5 μL of the protein extract was used to perform a Pierce™ BCA

assay (Thermo Fisher Scientific).

This experiment was performed in N = 3 biological replicates.

RNA-seq

Sample collection

The experiment was performed with N = 4 biological replicates. NIH/3T3 and mES cells were cultured in the standard conditions

described above. At timepoint 0 h, CHX at a final concentration of 0.1μg/mL was pulsed into the medium. At subsequent timepoints

(1 h, 2 h, 5 h, 48 h), cells were washed once in PBS and directly lysed using the lysis buffer of the RNeasy Mini kit (Quiagen). RNA

extraction was then performed according to the manufacturer’s instructions. RNA quality and concentration were assessed using

Nanodrop and TapeStation 4200 (Agilent), which confirmed their integrity.

Sample preparation and sequencing

Libraries for mRNA-seq were prepared with the Stranded mRNA Ligation method (Illumina), according to manufacturer’s instruc-

tions, starting from 300ng RNA. Libraries, all bearing unique dual indexes, were subsequently loaded at 9.9 pM on an Aviti Cloud-

break Freestyle flow cell (Element Biosciences) and sequenced according to manufacturer instructions, yielding pairs of 80 nucleo-

tides reads at a depth of about 30 mio reads pairs per sample. Reads were trimmed of their adapters with bases2fastq version

1.8.0.1260801529 (Element Biosciences) and quality-controlled with fastQC v0.11.9. FastQ Screen v0.14.0 tool was used for

screening FASTQ files reads against multiple reference genomes.

Data analysis

Indexes were generated with STAR92 using GRCm39 mouse genome assembly with option –sjdbOverhang 100. The reads were then

aligned using STAR using the –quantMode GeneCounts option. A count matrix was then generated using an in-house Python script

that takes as input the ReadsPerGene.out.tab files generated by STAR alignment. DESeq293 was then used in R 4.4.194 in order to

perform differential expression analysis. The output was then analyzed in Python using standard libraries. Lists of ribosomal and

mitochondrial genes were respectively taken from.95,96

Label-free Mass Spectrometry experiments

Sample collection

The experiment was performed in N = 4 biological replicates. In each condition (DMSO or 0.1 μg/mL CHX), one 10 cm culture dish at

<80% confluency was used. Cells were washed twice in PBS without Mg2+ and Ca2+ (PBS -/- hereafter), trypsinized, collected in a

15 mL tube, and pelleted by centrifugation at 300g for 5 min. The supernatant was then discarded, and the cell pellet was snap-frozen

in liquid nitrogen. Once all samples were collected, the pellets were resuspended in lysis buffer (100 mM Tris buffer pH 8, 2% SDS, 1X

Halt™ Protease Inhibitor, and 1:50 v:v Benzonase nuclease) and incubated 15 min at room temperature. The samples were then

boiled at 90◦C for 10 min and centrifuged at 16’000g for 10 min at 4◦C. The supernatant was then transferred to a new tube and

the protein extract concentration was measured using a Pierce™ BCA assay (Thermo Fisher Scientific).

Sample preparation for Mass Spectrometry

Mass spectrometry-based proteomics-related experiments were performed by the Proteomics Core Facility at EPFL. Each sample

was digested by filter-aided sample preparation (FASP)97 with minor modifications. Proteins (20 μg) were deposited on top of washed

and conditioned Microcon®-30K devices (Merck AG, Zug, Switzerland). Samples were centrifuged at 9400×g, at 20◦C for 30 min. or

until complete dryness. All subsequent centrifugation steps were performed using the same conditions. Two washing steps were

performed using 200 μL urea solution (8 M Urea, 100 mM Tris-HCl pH 8). Reduction was performed by adding 100 μL of 10 mM

Tris(2-carboxy)phosphine (TCEP) in urea solution on top of filters, followed by 60 min incubation time at 37◦C with gentle shaking

and light protection. The reduction solution was removed by centrifugation and two washing steps with 200 μL urea solution.

Then, alkylation was performed by adding 100 μL of 40 mM chloroacetamide (CAA) in urea solution and incubating the filters at

37◦C for 45 min with gentle shaking and protection from light. The alkylation solution was removed by centrifugation, followed by

two washing steps with 200 μL of urea solution. Finally, two additional washing steps using 200 μL of 5 mM Tris-HCl pH 8 were per-

formed to condition the filters for digestion. Proteolytic digestion was performed overnight at 37◦C by adding 100 μL of a combined

solution of Endoproteinase Lys-C and Trypsin Gold in an enzyme/protein ratio of 1:50 (w/w) prepared in 5 mM Tris-HCl and 10 mM

CaCl2 on top of filters. The resulting peptides were recovered by centrifugation and two subsequent elutions with 50 μL of 4% tri-

fluoroacetic acid. Finally, the recovered peptides were desalted on SDB-RPS StageTips98 and dried by vacuum centrifugation prior

to LC-MS/MS injections.

Mass spectrometry

Samples were resuspended in 2% acetonitrile (Biosolve), 0.1% FA and nano-flow separations were performed on a Dionex Ultimate

3000 RSLC nano UPLC system (Thermo Fischer Scientific) on-line connected with an Exploris Orbitrap 480 Mass Spectrometer
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(Thermo Fischer Scientific). A capillary precolumn (Acclaim Pepmap C18, 3 μm-100Å, 2 cm x 75μm ID) was used for sample trapping

and cleaning. A 50 cm long capillary column (75 μm ID; in-house packed using ReproSil-Pur C18-AQ 1.9 μm silica beads; Dr. Maisch)

was then used for analytical separations at 250 nl/min over 150 min biphasic gradients. Acquisitions were performed through Top

Speed Data-Dependent acquisition mode using a cycle time of 2 seconds. First MS scans were acquired with a resolution of

60’000 (at 200 m/z) and the most intense parent ions were selected and fragmented by High energy Collision Dissociation (HCD)

with a Normalized Collision Energy (NCE) of 30% using an isolation window of 1.4 m/z. Fragmented ions were acquired with a res-

olution of 15’000 (at 200m/z) and selected ions were then excluded for the following 20 s.

Data analysis

Raw data were processed using MaxQuant 1.6.10.4399 against 55286 entries (LR2022_05), Carbamidomethylation was set as fixed

modification, whereas oxidation (M), phosphorylation (S, T, Y), acetylation (Protein N-term), and glutamine to pyroglutamate were

considered as variable modifications. A maximum of two missed cleavages was allowed, and the ‘‘Match between runs’’ option

was enabled. A minimum of 2 peptides was required for protein identification, and the false discovery rate (FDR) cutoff was set to

0.01 for both peptides and proteins. Label-free quantification and normalization were performed by MaxQuant using the MaxLFQ

algorithm, with the standard settings.100 Statistical analysis was performed using Perseus version 1.6.12.0101 from the MaxQuant

tool suite. Reverse proteins, potential contaminants, and proteins only identified by sites were filtered out. Protein groups containing

at least 3 valid values in at least one condition were conserved for further analysis. Empty values were imputed with random numbers

from a normal distribution (Width: 0.4 and Down shift: 1.8 std). A two-sample t-test with permutation-based FDR statistics (250 per-

mutations, FDR = 0.01, S0 = 1) was performed to determine significantly differentially abundant candidates. Lists of ribosomal and

mitochondrial proteins were respectively taken from Tweedie et al..95 and Rath et al.96

Dynamic SILAC

Cell culture

NIH/3T3 cells were cultured at least 2 weeks in light medium: DMEM for SILAC (Thermo scientific) supplemented with PS, dialyzed

FBS (Thermo scientific), (light) L-Lysine-2HCl (0.666 mM), (light) L-Arginine-HCl (0.399 mM),44 and L-Proline (200 mg/L).102 mESCs

were cultured at least 2 weeks in medium-heavy medium: N2B27 for SILAC (DMEM/F12 for SILAC (AthenaES), Neurobasal for SILAC

(AthenaES), Sodium Pyruvate (40 mg/mL), N2 (1X), B27 (0.5X), Pen/Strep (1%), L-glutamine (2 mM), beta-mercaptoethanol (50 μM)) +

2i/LIF supplemented with (medium-heavy) 13C6
15N4 L-arginine (0.65 mM), (medium-heavy) 13C6 L-arginine (0.55 mM), and L-Proline

(200 mg/L).102 Before switching from light (NIH/3T3) or medium-heavy (mESC) to heavy medium, cells were treated with 0.05 μg/mL

CHX or equivalent dilution of DMSO in 6-well plates. Note that we decided to treat the cells with 0.05 μg/mL CHX instead of the usual

0.1 μg/mL concentration due to the lower division rate of NIH/3T3 in the SILAC medium. At timepoint 0 h, we replaced light or me-

dium-heavy medium with pre-warmed heavy medium: DMEM for SILAC (Thermo scientific) supplemented with PS, dialyzed FBS

(Thermo scientific), (heavy) 13C6
15N2 L-Lysine-2HCl (0.666 mM), (heavy) 13C6

15N4 L-Arginine-HCl (0.399 mM), and L-Proline

(200 mg/L) for NIH/3T3; N2B27 for SILAC (Thermo scientific) supplemented with (heavy) 13C6
15N2 L-Lysine-2HCl (0.65 mM), (heavy)

13C6
15N4 L-Arginine-HCl (0.55 mM), and L-Proline (200 mg/L) for mESC.

Sample collection

At the corresponding timepoint, the culture dish was placed on ice, the medium aspirated, and the cells washed twice with ice-cold

PBS without Mg2+ and Ca2+ (PBS -/- hereafter). Cells were then scraped in 50 μL of lysis buffer (100 mM Tris buffer pH 8, 2% SDS, 1X

Halt™ Protease Inhibitor, and 1:50 v:v Benzonase nuclease), collected in a 1.5 mL Eppendorf protein LoBind tube, and incubated for

15 min at room temperature. The protein extract was then snap-frozen in liquid nitrogen. Once all samples were collected, the sam-

ples were boiled at 90◦C for 10 min and centrifuged at 16’000 x g for 10 min at 4◦C. The supernatant was then transferred to a new

tube, and the protein extract concentration was measured using a BCA assay (Pierce).

Sample preparation for Mass Spectrometry

Protein samples were prepared as described above for the Label-free Mass Spectrometry experiments. One replicate was per-

formed for each condition (DMSO or CHX) and time point.

Mass spectrometry

Samples were resuspended as defined earlier, but the separation was performed using a Vanquish Neo nano UPLC system (Thermo

Fischer Scientific), on-line connected with an Orbitrap Fusion Lumos Tribrid Mass Spectrometer (Thermo Fischer Scientific). The

same parameters were used for the separation on the gradient, but the ones of the MS acquisition were slightly different. Acquisitions

were performed through Top Speed Data-Dependent acquisition mode using a cycle time of 1 second. First MS scans were acquired

with a resolution of 240K (at 200 m/z) on the orbitrap, and the most intense parent ions were selected and fragmented by High energy

Collision Dissociation (HCD) with a Normalized Collision Energy (NCE) of 30% using an isolation window of 0.7 m/z. Fragmented ions

were acquired on the ion trap with a maximum injection of 20 ms, and selected ions were then excluded for the following 20 s.
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Data analysis

Raw data were processed using MaxQuant 2.4.4.099 against 54822 entries (LR2024_01) using the parameters taken from70 with

slight modifications as described in Tables a and b below:

Table a. MaxQuant parameters used for dSILAC in NIH/3T3 cells

Category Parameter

A: Turnover analysis

(dynamic SILAC)

B: (Re-)incorporation

of light amino acids

C: LFQ analysis

of t=0 samples

Group specific parameters

Type Type Standard Standard Standard

Multiplicity 2 1 1

Max labeled AAs 3 - -

Labels Light: Heavy: Arg10, Lys8 - -

Modifications Variable Oxidation (M)

Acetyl (N-term Protein)

Oxidation (M)

Acetyl (N-term Protein)

Arg10 as PTM

Lys8 as PTM

Oxidation (M)

Acetyl (N-term Protein)

Gln -> pyro-Glu

Phospho (STY)

Fixed Carbamidomethyl (C) Carbamidomethyl (C) Carbamidomethyl (C)

Max nb of modif. 5 5 5

Label-free quantification LFQ None None LFQ

LFQ min. ratio count - - 2

Normalisation type - - Classic

Misc. Requantify FALSE FALSE FALSE

Digestion Digestion mode Specific Specific Specific

Enzyme Trypsin Trypsin Trypsin

Max. missed cleavages 2 2 2

Global parameters

Sequences Fasta files Uniprot_Mouse _54822Sequences_LR2024_01

Include contaminants TRUE TRUE TRUE

Protein quantification Label min. ratio count 2 1 2

Peptides for quantification Unique + razor All Unique + razor

Identification Min. peptides 2 1 2

Min. Razor + unique peptides 2 1 2

Min. unique peptides 1 0 1

Match between runs TRUE TRUE TRUE

Table b. MaxQuant parameters used for dSILAC in mESC

Category Parameter

A: Turnover analysis

(dynamic SILAC)

B: (Re-)incorporation

of light amino acids

C: LFQ analysis

of t=0 samples

Group specific parameters

Type Type Standard Standard Standard

Multiplicity 2 1 1

Max labeled AAs 3 - -

Labels Light: Arg6, Lys4

Heavy: Arg10, Lys8

- Arg6

Lys4

Modifications Variable Oxidation (M)

Acetyl (N-term Protein)

Oxidation (M)

Acetyl (N-term Protein)

Arg6 as PTM

Arg10 as PTM

Lys4 as PTM

Lys8 as PTM

Oxidation (M)

Acetyl (N-term Protein)

Gln -> pyro-Glu

Phospho (STY)

Fixed Carbamidomethyl (C) Carbamidomethyl (C) Carbamidomethyl (C)

(Continued on next page)
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Computation of protein half-life

Rates were computed with N = 1 biological replicate for the entire dynamic SILAC experiment. We provide a detailed description of

the analysis steps in the supplemental text and the scripts deposited on GitHub. Briefly, we followed70 by first filtering out contam-

inants, decoy sequences, and peptides exhibiting a false heavy signal in the unlabeled control sample. We then computed the per-

centage of old (light) peptides %old according to:

%old = 1 −
1 − %L

P(H)
MC+1

In which %L is the fraction of remaining light peptide, P(H) is the probability of heavy Lys/Arg incorporation, and MC is the number

of missed cleavages. Considering P(H), we correct for light amino acid recycling. In the experiment presented in the main text for NIH/

3T3, we assumed P(H)∼1 since the measured P(H)=0.985. For mESC, P(H) = 0.95. Grouping peptides per protein group, we then

performed a linear fit according to the following equation:

ln(%old) = − k × t

In which k is the decay rate and t is the incubation time in the heavy medium. We kept protein groups for which r2>0.9 following.44

Finally, we computed the protein half-life using the following equation:

t1 =

2
=

ln (2)

k

Image pre-processing

For background correction, image intensity was modeled in the following way:

Itotal = f × (IFOI + IAF + D)

Itotal is the intensity value of the raw image. f is the uneven illumination pattern. IFOI is the fluorescence signal of interest. IAF is the

auto-fluorescence from the medium. D is the dark field signal. D was ignored as it was negligible compared to IFOI or IAF. f was gener-

ated by imaging a well with medium only using the same exposure settings. This image was subsequently normalized to its mean

pixel intensity. Raw images were divided by the image from the well with medium only to generate flat-field corrected images. IAF

was calculated for every single frame by applying the appropriate thresholding method to the field-corrected images, which created

a binary image that masked foreground signals IFOI. The threshold was determined using the fifth percentile of the intensity distribu-

tion of the pixels belonging to segmented cells. The mask was then enlarged by erosion. Finally, the mean or the peak of pixel inten-

sities was measured from the unmasked region. We did not generate background-subtracted images but rather subtracted this value

from final single-cell measurements inside a Jupyter notebook.

Table b. Continued

Category Parameter

A: Turnover analysis

(dynamic SILAC)

B: (Re-)incorporation

of light amino acids

C: LFQ analysis

of t=0 samples

Max nb of modif. 5 5 5

Label-free quantification LFQ None None LFQ

LFQ min. ratio count - - 2

Normalisation type - - Classic

Misc. Requantify FALSE FALSE FALSE

Digestion Digestion mode Specific Specific Specific

Enzyme Trypsin Trypsin Trypsin

Max. missed cleavages 2 2 2

Global parameters

Sequences Fasta files Uniprot_Mouse _54822Sequences_LR2024_01

Include contaminants TRUE TRUE TRUE

Protein quantification Label min. ratio count 2 1 2

Peptides for quantification Unique + razor All Unique + razor

Identification Min. peptides 2 1 2

Min. Razor + unique peptides 2 1 2

Min. unique peptides 1 0 1

Match between runs TRUE TRUE TRUE
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Cell segmentation and tracking

For segmentation and tracking nuclear fluorescent signals, Trackmate (7.1)103 was used through a groovy script (written by Olivier

Burri and Romain Guiet, EPFL) that enables image processing in batch. This script was tailored for using Stardist104 as the detector

to segment cell nuclei on the sfGFP channel. Tracking was then performed with the LAP algorithm105 within the same script. The

script generated Trackmate XML files that allow for reviewing the tracking result with the Trackmate user interface. Both sfGFP

and mOrange2 traces were smoothed with a Savitzky-Golay filter (window length: 100, polynomial order: 6)106 before superstatistical

modeling. For the CHX pulse and release experiment in hESCs and mESCs, fluorescence trajectories were detrended using the Con-

trol and the +CHX conditions, respectively. For the NHS-ester labeling and mESC/hESC experiments, CellPose in Python107 was

used to segment the nuclei. The masks were then used to retrieve NHS-ester SiR-647 nm integrated intensities of individual cells.

All microscopy figure panels and supplemental videos were made using the microfilm package108 in Python.

Quantification of k and kdeg from SNAP pulse-chase labeling

To measure kdeg with SNAP, the integrated intensity for each single cell trajectory or single lineage (mother and computationally-

fused daughter cells) trajectory was transformed by natural logarithm, then linear-fitted a robust RANSAC109 regression (random

state: 42) from the scikit-learn package 1.0.2.110 Fluorescence intensities of daughter cells resulting from cell division were summed.

To measure the total protein decay rate k with SNAP (kdeg + kdil), the mean intensities for each lineage were transformed by natural

logarithm and then linearly fitted with a robust regressor RANSAC (random state: 42). Fluorescence intensities of daughter cells re-

sulting from cell division were averaged.

Quantification of S and k from the MCFT

The decay rate k was computed using the formula derived in the supplemental text. The procedure to calibrate the MCFT is given in

the supplemental text. To compute the rates s, we assumed equilibrium for all our measurements. With μG, μR, the integrated intensity

for sfGFP and mOrange2 fluorescence, and mG the maturation rate of sfGFP (Figure1A), we computed the synthesis rate as:

s = μG ×
k(mG+k)

mG

s is thus given here in relative units (fluorescence/hour). In the main text, we use S when s is normalized to the control condition,

such that for control conditions we have S=1. See supplemental text for details. To compute sconc: we used the same equation, re-

placing the integrated intensity μG with the mean intensity μ̂G (average fluorescence intensity per pixel). The equation linking the two

observables is:

μ̂G =
μG

#pixels

In the main text, we use Sconc. when sconc: is normalized to the median synthesis rate in a cell line (Figure 5).

Quantification of kdil from time-lapse movies

To measure kdil, we counted cell numbers per imaging frame over time. The dilution rate was then calculated by log2 transformation of

the cell number and linear fitting with the RANSAC regressor (random state: 42).

Modeling and inference from MCFT traces

We adopted a superstatistical Bayesian inference algorithm,47–49 designed for autoregressive models (AR-1), and applied it to our

ordinary differential equation (ODE) systems. Briefly, we computed the (joint) posterior distribution of S and k along with the latent

variable BG at each timepoint and propagated this posterior forward and backward along the MCFT trajectories. In our case, the tra-

jectories used for the inference are G (sfGFP) and R (mOrange2) fluorescence trajectories acquired by live-cell imaging. Propagation

of the posterior distribution relies on two hyperparameters chosen for their ability to recapitulate the data (data retrodiction) and fixed

for a whole dataset. Details are given in the supplemental text and in Figures S8–S12.

Modeling and inference from SNAP trajectories

We adopted a superstatistical Bayesian inference algorithm,47–49 designed for autoregressive models (AR-1), and applied it to an

exponential decay model with a variable rate. Briefly, we computed the posterior distribution of k at each timepoint and propagated

this posterior forward and backward along the SNAP trajectory. The SNAP trajectory was assembled by combining SNAP trajectories

obtained through SNAP pulse-chase experiments at different time points after CHX release. The combination was done by aligning

the trajectories in time. Each trajectory was normalized to the data point value of the previous trajectory (or 1 for the first) at its initial

time point, and an average was calculated for each overlapping time point of the remaining segments of the trajectories. Propagation

of the posterior distribution relies on two hyperparameters chosen for their ability to recapitulate the data (data retrodiction) and fixed

for a whole dataset. Details are given in the supplemental text.
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Log-likelihood and bootstrapping for model selection

Log-likelihood was computed using a Gaussian error model. The pseudo-(log) likelihood was used for the actual computation, finally

reducing to the residual sum of squares. Briefly, data were compared to the model predictions for the passive adaptation, no-adap-

tation, and perfect adaptation models. To compute statistics for the log-likelihood estimator, bootstrapping was performed with N =

1000 resampling, keeping the sample size constant.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analysis was performed using Python and the scipy.stats package. All details about statistical tests and sample size are

available in the figures’ legends. p < 0.05 was considered statistically significant. When Pearson correlation was performed, the sta-

tistics (p-value and determination coefficient r2) were computed and displayed on the figure or specified in the figure legend. Data

binning was performed using an in-house algorithm. Briefly, the number of bins was fixed over the full range of values of the

x-axis. For each bin, we then computed the median of the y-values of all data points belonging to it. The number of cells analyzed

in experiments performed in 96-well plates with different concentrations of various drugs is at least 500 cells per drug concentration.

The number of cells in the CHX pulse and release live cell imaging experiments is at least 300 per experiment. The number of cells

analyzed for the data shown in Figures 5 and 6 is mentioned in the respective figure legends. The number of cells analyzed for SNAP

pulse/chase experiments is at least 200 cells per condition.

ETHICS STATEMENT

All experiments involving hESC were approved by the Canton of Vaud Ethics committee on human research (https://www.cer-vd.ch).
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4 Discussion

It’s only those who do nothing that make no mistakes,

I suppose.

— Joseph Conrad

4.1. Perturbing protein turnover in neurons

Slow protein turnover is well documented in the brain, is particularly pronounced in neurons

and further declines during aging (Price et al. 2010; Dörrbaum et al. 2018; Kluever et al. 2022; Li

et al. 2025). Yet it remains unclear to what extent neuronal protein turnover can be enhanced

in a controlled manner and what trade-offs such interventions might entail. In this PhD thesis,

we established a scalable, timer-based screening framework to perturb and quantify protein

turnover in individual, living human neurons, addressing the lack of screening approaches

that can capture rapid turnover changes in post-mitotic, disease-relevant models. Although

disruptions in translation and protein clearance are widely reported, proteome turnover is

less directly characterized and quantified in neurodegeneration (Hetz 2021; Cavarischia-Rega

et al. 2024; Yarbro et al. 2025; Moreno et al. 2012; Lauria et al. 2025). Logically, when one

arm of proteostasis is perturbed, turnover is expected to change as well. This motivates

measuring turnover in disease-relevant neuronal contexts, yet current proteomics approaches

remain relatively low-throughput and often lack high temporal resolution (Ross et al. 2021).

Despite the growing use of inducible neurons, screens still frequently rely on progenitors or

immortalized cell lines (Lorenz et al. 2017; Yoon et al. 2022), underscoring the need for scalable

assays that are compatible with differentiated, post-mitotic models.

Accordingly, both genetic and pharmacological strategies that boost protein clearance or

augment translation have been proposed as potential therapeutic approaches (Moreno et al.

2012; Chocron et al. 2022; Yoon et al. 2022; Halliday et al. 2017). While impaired clearance
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is well established in neurodegeneration, reported translation changes vary across models

and diseases, and can even point in opposite directions such as elevated synthesis in some

proteinopathy models (Deshpande et al. n.d.; Martin et al. 2014; Khan et al. 2023; Zuniga et al.

2024; Yarbro et al. 2025). In this work, we therefore focused on identifying small molecules that

enhance protein turnover in human neurons under basal conditions, as a direct test of whether

global turnover can be increased in a post-mitotic setting and to define the regimes in which

such enhancement is feasible, rather than anchoring it to a single disease phenotype. However,

whether long-term augmentation of protein turnover is truly neuroprotective or instead

introduces new risks remains an open question. Increasing turnover capacity may help relieve

proteotoxic burden but may also incur costs, for example by increasing resource demand

or chronically stressing proteostasis pathways. Consistent with this trade-off, faster protein

turnover and higher energetic demand have been linked to shorter lifespan across species

(Swovick et al. 2021). Protein synthesis is energetically expensive in growing human cells (Rolfe

and Brown 1997), whereas in the brain, ATP use is dominated by synaptic transmission and

signaling rather than biosynthesis or ATP-dependent proteasomal degradation (Rock et al.

1994; Rolfe and Brown 1997), yet additional energetic load may still carry functional costs

(Engl and Attwell 2015). Overall, potentially sustained upregulation of turnover pathways may

entail long-term trade-offs, including increased energetic burden and potential cancer risk

(Njomen et al. 2018).

4.2. Primary screen uncovers multiple compound groups that shift

neuronal protein turnover

Rather than restricting the study to known proteostasis drugs, we performed an unbiased

screen for small-molecule modulators of protein turnover in human neurons. In practice, in-

hibiting synthesis or clearance is often straightforward and has been widely exploited, whereas

enhancing turnover pharmacologically is typically more challenging, in part because it re-

quires increasing pathway capacity without triggering toxicity or maladaptive stress responses

(Jones et al. 2017; Njomen and Tepe 2019).

A key advantage of the timer assay is that it captures contributions from synthesis and clear-

ance within a single readout, which is important given their interdependence illustrated by

ISR, mTOR pathway or passive adaptation (Pakos-Zebrucka et al. 2016; Saxton and Sabatini

2017; Sun et al. 2025). In practice, timer-expressing cells enable high-throughput screening

from a single two-channel snapshot, providing per-cell measurements in post-mitotic cultures

without specialized microscopy or heavy image processing. If needed, the same workflow

could be extended to time-course experiments, enabling systematic comparisons across cellu-

lar settings. We therefore propose timer-based screening as a scalable approach to identify

modulators of neuronal protein turnover and to evaluate protein turnover as a therapeutic

target.

In the primary screen, the hit rate was 3.33%. For the resulting hits, we annotated reported
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mechanisms of action, neuroprotective evidence, and prior links to protein homeostasis (e.g.,

effects on autophagy or turnover in other systems). The most frequent target classes (each rep-

resenting ∼5% of hits) included growth factor receptor kinase inhibitors (e.g., PDGFR/FGFR/

VEGFR and EGFR), histone deacetylase inhibitors (HDACi), bromodomain inhibitors, and

glycogen synthase kinase 3 (GSK3) inhibitors. Additional pathways were represented by a

retinoid receptor agonist and a histone demethylase inhibitor. To the best of our knowledge,

most of these compounds have not been previously evaluated as modulators of neuronal pro-

tein turnover, suggesting that the screen can reveal candidate regulators beyond the current

proteostasis-focused pharmacological repertoire.

Some hit classes were easier to place into existing regulatory frameworks. For example, GSK3

has been linked to mTORC1 and autophagy control (Zhou et al. 2013). In contrast, interpreting

growth factor receptor kinase inhibitors was less direct: these pathways lie upstream of mTOR

and might be expected to reduce translation, yet they can also promote autophagy or re-

balance proteostasis through mTOR-dependent and -independent routes (Liu and Sabatini

2020; Davoody et al. 2024). However, short and partial mTOR inhibition can be beneficial

(Harrison et al. 2009; Bitto et al. 2016). Given the substantial effort devoted to neuroprotective

drug discovery, it is notable that roughly half of the hits have prior evidence of neuroprotection,

although much of it comes from brain-injury paradigms and varies across models (Wang et al.

2023; Kazantsev and Thompson 2008; Rosenthal et al. 2024). Consistently, several hits have

been tested in neurodegeneration models, including kenpaullone, which rescued disease-

associated phenotypes in ALS patient-derived neurons (Liu et al. 2016), and quercetin, which

restored UPS activity and reduced mutant huntingtin aggregate burden (Chakraborty et al.

2015).

Many phenotypic screens have been performed in neuronal or neuron-adjacent systems

(Lorenz et al. 2017; Halliday et al. 2017; Jones et al. 2017; Yoon et al. 2022; Antoniou et al. 2022;

Liu et al. 2024). Direct comparison is limited because our timer assay reports a single-cell, basal

turnover phenotype, whereas many studies use different endpoints (e.g., survival, aggregate

load, neurite morphology) and often apply proteostress (e.g., tunicamycin-induced UPR, ex-

pression of aggregation-prone proteins) (Halliday et al. 2017; Lorenz et al. 2017; Antoniou et al.

2022; Liu et al. 2024). This context difference likely explains why stress-protective compounds

did not score in our basal readout: trazodone, which reverses eIF2α-P–mediated translational

attenuation under UPR activation, did not increase the G/R fluorescence ratio in our un-

stressed conditions (Halliday et al. 2017). Likewise, PERK/eIF2 modulators (GSK2606414 and

ISRIB) showed no effect in our conditions (Axten et al. 2012; Sidrauski et al. 2013), consistent

with ISR-targeting interventions that primarily restore translation toward baseline rather than

elevate basal synthesis beyond physiological set points (Moreno et al. 2013; Halliday et al.

2015; Sun et al. 2025). Chlorpromazine, previously reported as a 20S proteasome agonist, did

not increase apparent degradation within our assay window (Jones et al. 2017). However, we

cannot exclude that their absence from our hit list reflects concentration- or exposure-time

mismatches in our assay, rather than a true lack of activity.
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Based on the dose-response assay, we prioritized three compounds (AS-252424, CGP-52411,

CI-994) for downstream characterization. To our knowledge, their links to protein homeostasis

and protein turnover in neurons are not well established. Their diverse annotated target

profiles suggest multiple entry points for regulating the proteostasis network, consistent with

its distributed and highly interconnected architecture.

4.2.1. AS-252424 as a protein turnover enhancer

AS-252424 is a selective PI3Kγ inhibitor with reported anti-inflammatory (Pomel et al. 2006)

and anti-cancer activities (Cintas et al. 2021). PI3Ks catalyze the production of PIP3 and are

central to the PI3K/Akt/mTOR pathway, regulating cell survival, growth, differentiation and

neuronal processes such as synaptic plasticity (Cantley 2002; Tahirovic and Bradke 2009).

PI3K/Akt signaling is strongly cell-type dependent (protective in neurons but potentially

detrimental in microglia), and its dysregulation has been implicated in neurodegeneration

(Razani et al. 2021; Elhadi et al. 2025). More recently, AS-252424 was identified as a ferroptosis

inhibitor by targeting ACSL4 via a PI3K-independent mechanism (Huang et al. 2024). Ferrop-

tosis is an iron-dependent, lipid-ROS-driven cell death program (Dixon et al. 2012) linked to

neurodegeneration, including PD (Ding et al. 2023).

In our datasets, AS-252424 primarily affected translation- and ribosome-related pathways.

LFQ proteomics showed a consistent ∼1–2× increase in most ribosomal proteins, including

mitochondrial ribosomal proteins, with no apparent proteasome changes. RNA-seq corrobo-

rated this signature, with enrichment of cytoplasmic translation and amino acid regulation

terms.

To our knowledge, AS-252424 has not previously been studied in the context of protein home-

ostasis such as translation, UPS, or autophagy. The translation-associated signature is not

readily explained by canonical PI3K/Akt/mTOR inhibition, which would be expected to reduce

mTORC1-driven protein synthesis (Cantley 2002; Liu and Sabatini 2020). A compensatory in-

crease via autophagy is possible, but we did not detect autophagy induction at the transcript or

protein level. Moreover, PI3K inhibition can reduce mTORC2–ribosome association (Zinzalla

et al. 2011; Davoody et al. 2024), which also does not straightforwardly predict increased ribo-

some/translation signatures. Nevertheless, PI3K inhibition can produce context-dependent

outcomes such as improved memory consolidation, a process linked to increased synthesis

and efficient UPS function (Wolman et al. 2014; Sidrauski et al. 2013; Costa-Mattioli et al. 2007;

Lopez-Salon et al. 2001). It remains open whether our observations reflect context-dependent

PI3K pathway effects or PI3K-independent activities of AS-252424, as reported previously

(Huang et al. 2024).

Functionally, during co-treatment with aSyn PFFs, AS-252424 reduced pS129-positive pathol-

ogy in primary neurons in a concentration-dependent manner without detectable toxicity

and without changes in fibril uptake/handling. In contrast, AS-252424 was toxic in human

iDA neurons, suggesting a narrow therapeutic window and/or strong model dependence.
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Consistently, AS-252424-associated cytotoxicity has been reported in SH-SY5Y cells where

AS-252424 decreased tau levels, although the mechanism was not resolved (Dehdashti et al.

2013), and pro-apoptotic effects have been described in pancreatic cancer models (Cintas

et al. 2021).

Mechanistically, whether AS-252424 acts through PI3K/Akt/mTOR in our system remains

unresolved. If pathway inhibition contributes, it could be relevant across protein-aggregation

disorders: Akt/mTOR activation has been reported in iPSC-derived AD neurons and mouse

spheroids (Cai et al. 2025), and Akt/mTOR-inhibiting compounds (e.g., silibinin, baicalein)

have been linked to reduced amyloid aggregation or enhanced clearance (Song et al. 2017;

Gasiorowski et al. 2011). In PD, aSyn has been associated with PI3K/Akt activation and Akt hy-

perphosphorylation (Elhadi et al. 2025), and age-dependent upregulation of PI3K/Akt/mTOR

correlates with phosphorylated AKT1 (Mohallem et al. 2024). In line with a potentially pro-

tective role of pathway inhibition, the PI3K inhibitor GDC-0084 (paxalisib) reduced pS129

pathology in asymptomatic α-SynA53T mice via enhanced lysosome clustering (Elhadi et al.

2025). However, opposing views exist, with PI3K/Akt activation proposed as beneficial in some

settings, including via modulation of downstream components such as GSK3β (AlRuwaili

et al. 2025). Finally, early aSyn-driven neuroinflammation (Yeman-Kıyak et al. 2025) inter-

sects with PI3K signaling (Razani et al. 2021), and with ferroptosis-linked mechanisms in

neurodegeneration (Ding et al. 2023; Wright et al. 2024). Collectively, these partially conflicting

observations emphasize the complexity and context dependence of PI3K/Akt/mTOR signaling

and ferroptosis-related processes in neurons, and underscore the need to resolve cell-type

specific mechanisms and on- vs. off-target contributions when interpreting AS-252424 effects.

4.2.2. CGP-52411 as a protein turnover enhancer

CGP-52411 (DAPH-1) is an EGFR kinase inhibitor originally developed for anti-tumor activity

(Trinks et al. 1994). EGFR signals upstream of the PI3K/Akt/mTOR axis (Saxton and Sabatini

2017; Romano and Bucci 2020) and through Ras/Erk, which converges on mTORC1 and

supports anabolic programs, including protein synthesis, proliferation, and differentiation

(Romano and Bucci 2020; Liu and Sabatini 2020). In the nervous system, EGFR has been

linked to neuronal outgrowth and to ND-relevant processes such as fibril uptake/propagation

(Wang et al. 2012; Tavassoly et al. 2021). EGFR activity is highly context dependent in ND,

for instance, EGFR levels were reduced in post-mortem brains of PD patients, but its activity

enhanced in AD mouse model (Wang et al. 2012; Tavassoly et al. 2021; Iwakura et al. 2005).

Moreover, sustained EGFR–Ras signaling can connect inflammatory cues to senescence and

aging-related programs (Shang et al. 2020), which may be relevant to disease-stage specific

effects.

In our datasets, CGP-52411 elicited a signature partially overlapping with AS-252424, high-

lighting possible translation/ribosome-related mechanism of enhancing protein turnover.

LFQ proteomics showed a consistent increase of multiple ribosomal proteins, while protea-
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some components were largely unchanged. RNA-seq indicated an overall stronger down-

than upregulation, with enrichment for DNA methylation/chromatin remodeling. In parallel,

several upregulated pathways related to translational capacity and metabolic support were

enriched, including translation initiation, amino acid transport, and ribosome formation.

Ribosomal transcripts also trended upward, whereas proteasome-related genes showed a mild

downward trend.

This pattern is not readily explained by a simple EGFR→mTOR inhibition model, which would

predict reduced mTORC1 output and dampened translation programs (Saxton and Sabatini

2017; Romano and Bucci 2020; Liu and Sabatini 2020). Consistent with this, transcripts

encoding EGFR pathway components were only minimally altered. While transcript levels do

not report phosphorylation-driven signaling, together with prior reports of EGFR-independent

activities of CGP-52411 (Blanchard et al. 2004), these observations support the possibility that

CGP-52411 engages additional mechanisms in our neuronal setting. Notably, other EGFR

inhibitors (erlotinib, gefitinib) that were inactive in our primary screen have been reported

to trigger eIF2α phosphorylation and translational suppression via an EGFR-independent

effect (Koyama et al. 2015), underscoring that compound-specific, non-canonical translation

responses can occur.

In disease context, CGP-52411 reduced the emergence of aSyn pathology in primary neurons

at lower concentrations without measurable changes in fibril uptake or intracellular handling,

but showed toxicity at moderately higher doses as well as in human iDA neurons, and did not

reverse established aggregates. The enrichment of oxidative phosphorylation-related tran-

scripts in basal conditions suggests that metabolic remodeling may accompany CGP-52411

exposure; in vulnerable neuronal contexts this could contribute to ROS-associated toxicity

upon prolonged treatment in aSyn assay.

Published work supports two non-exclusive frameworks for interpreting these results. First,

CGP-52411-related compounds were reported to disrupt pre-formed Aβ42 fibrils, reduce Ca2+-

related toxicity, and affect prion proteins (Blanchard et al. 2004; Wang et al. 2008). Because

activity was observed in cell-free assays and was not reproduced by other kinase inhibitors,

a kinase-independent interaction with amyloid assemblies was proposed (Blanchard et al.

2004). This mechanism could be compatible with our observation that CGP-52411 prevents

pathology emergence but does not reverse established aggregates, suggesting stronger effects

on early assembly steps than on mature inclusions. Second, EGFR signaling itself has been

associated with amyloid-driven phenotypes: Aβ42 activates EGFR in D. melanogaster, and

inhibition of EGFR ameliorated memory deficits associated with Aβ42 in flies and mice (Wang

et al. 2012). In aSyn models, EGFR was implicated in regulating uptake of exogenous aSyn

PFFs and endogenous aSyn levels (Tavassoly et al. 2021); in our conditions, CGP-52411 did

not measurably reduce endogenous aSyn, which is consistent with this model, the stage

dependence and potentially the EGFR-independent mode of action (Tavassoly et al. 2021;

Blanchard et al. 2004). In vivo, the EGFR inhibitor AZD3759 was reported to decrease activated

EGFR and reduce phosphorylated aSyn pathology, with autophagy enhancement proposed as a
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mediator (Tavassoly et al. 2021). Note that AZD3759 failed to increase protein turnover readout

in our primary screen. Thus, while EGFR inhibition can be beneficial in some paradigms (Wang

et al. 2012; Tavassoly et al. 2021), our data do not clearly support canonical EGFR signaling

as the primary driver of CGP-52411 activity under the tested conditions; nevertheless, this

ambiguity underscores the value of our protein turnover-focused screening approach, which

can reveal repurposing candidates whose effects would not be readily predicted from their

annotated mechanism of action.

4.2.3. CI-994 as a protein turnover enhancer

Among the three hits, CI-994 produced only a mild increase in protein turnover, yet it was the

most effective at preventing aSyn pathology and the only compound that also reversed an

already established pathology in our assays. CI-994 is a class I histone deacetylase (HDAC)

inhibitor with reported anti-cancer activity and neuroprotective effects in models of brain

injury (Bradner et al. 2010; Sada et al. 2020). Class I HDACs deacetylate histones and thereby

regulate chromatin accessibility and transcriptional programs, with broad downstream con-

sequences for cell survival and stress responses. In neuronal contexts, HDAC inhibition has

been associated with reduced inflammatory/stress readouts (including ROS-related effects),

improved memory-related phenotypes, and increased post-injury neuronal survival (Burns

et al. 2022; Sada et al. 2020; Pickell et al. 2020; Suelves et al. 2017).

Consistent with its epigenetic mode of action, CI-994 triggered the strongest transcriptomic

response among our compounds. In RNA-seq, we observed pronounced transcriptional

deregulation, with ∼6,000 genes downregulated and almost 2,000 upregulated. In contrast,

LFQ proteomics revealed no significant protein-level changes; however, as for AS-252424 and

CGP-52411, ribosomal proteins showed a clear non-significant upward trend, while protea-

some and autophagy-related proteins were largely unchanged. Such RNA–protein decoupling

is well documented in the brain and reflects post-transcriptional regulation and protein

turnover (Johnson et al. 2022; Franks et al. 2017; Di Fraia et al. 2025; Yarbro et al. 2025). In

human neurons, protein half-lives are typically on the order of days and many proteins are

long-lived (Hasan et al. 2023; Cavarischia-Rega et al. 2024); accordingly, the proteostasis and

the translation machineries can remain relatively stable despite mRNA differences (Kaulich

et al. 2025). Therefore, the proteome at the measured time point may reflect delayed/filtered

consequences of the transcriptional shift rather than a direct, immediate drug response.

Pathway enrichment further supported a broad reprogramming. Upregulated terms included

metabolic signaling pathways (notably lipid-related), transport-related pathways, and synap-

tic transmission. Downregulated terms were dominated by transcription, RNA metabolis-

m/regulation, stress response, post-translational modifications, and protein metabolism. The

apparent enrichment of cell-cycle-related terms is not straightforward in post-mitotic neurons,

and likely reflects indirect regulation of gene modules participating in stress and chromatin

programs, rather than bona fide proliferation.
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The predominance of transcript downregulation is in line with published in vivo data showing

that a single intraperitoneal injection of CI-994 led to more down- than upregulated genes in

mouse hippocampus 24 h after treatment (Burns et al. 2022). In that study, downregulated

programs broadly mapped to cellular metabolism and genetic regulation, whereas MAPK

signaling was upregulated in both hippocampus and striatum (Burns et al. 2022).The authors

also reported brain-region-, cell-type-, and pathway-specific effects (Burns et al. 2022).

A mechanistic link between CI-994 and protein turnover is therefore likely indirect and may

reflect activity-dependent remodeling rather than a primary effect on the UPS or autophagy.

HDAC inhibition has been linked to neuronal activity and memory-related processes (Burns et

al. 2022; Pickell et al. 2020). Memory formation is known to depend on intact protein synthesis

and UPS function: pharmacological inhibition of protein synthesis or the proteasome impairs

memory-related outcomes (Flexner et al. 1963; Lopez-Salon et al. 2001; Dörrbaum et al. 2020;

Costa-Mattioli et al. 2007; Mohar et al. 2022). In this context, CI-994-driven increases in

neuronal activity could plausibly elevate protein turnover, consistent with evidence that

enhanced neuronal activity can increase turnover (Heo et al. 2018). Additionally, CI-994 has

been reported to increase BDNF expression in vivo (Sada et al. 2020), and BDNF is a potent

driver of neuronal protein synthesis (Dieterich et al. 2010), providing a plausible route by which

a transcriptional reprogramming could translate into downstream proteome remodeling even

if classical UPS/autophagy markers are not strongly induced. Nevertheless, steady-state

abundance measurements may miss regulation at the level of flux, localization, complex

assembly, PTMs, or selective substrate targeting.

Links between HDAC inhibition and degradation pathways should be interpreted cautiously,

as many reported UPS/autophagy effects are driven by HDAC6i with direct protein quality

control roles and may not generalize to class I HDACi (Pandey et al. 2007; Kazantsev and

Thompson 2008). While some fast-binding class I HDACi have been reported to induce

TFEB, a transcription factor for lysosome biogenesis, this study did not directly demonstrate

increased autophagy/lysosomal flux (She et al. 2017). Consistently, CI-994 did not drive TFEB

nuclear translocation in SH-SY5Y cells (Carling et al. 2023).

In the pS129 aSyn seeding model, CI-994 robustly suppressed aSyn aggregate accumulation,

with effects detectable at the lowest tested concentration (3 µM). This occurred with minimal

toxicity and without altering PFF uptake or intracellular fibril processing. The same protective

profile was also observed in human iDA neurons, indicating that the effect is not limited to

mouse neurons. Importantly, CI-994 also reduced an already established pathology when

applied after aggregation onset, an activity unique within our compound set.

Additionally, CI-994 lowered endogenous aSyn, consistent with reduced monomer availability

constraining aggregate growth. However, the scale of pathology suppression suggests that

aSyn lowering is contributory but not fully explanatory, implying engagement of broader

proteostasis/aggregation-relevant pathways. In particular, SNCA was not significantly down-

regulated after 24 h under basal conditions, disfavoring a purely transcriptional mechanism at
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this time point and pointing to post-transcriptional regulation. Endogenous aSyn modulation

was not independently confirmed in iDA neurons due to high-throughput constraints, so

cell-type generalization should be stated with caution.

Given that CI-994 targets class I HDACs and has been linked to anti-inflammatory neuropro-

tection (Bradner et al. 2010; Sada et al. 2020), its anti-aSyn effects may arise from chromatin-

driven, state-dependent reprogramming of neuronal stress and proteostasis pathways rather

than from broad activation of degradation machinery. Consistent with this, PFF uptake and

intracellular processing were unchanged. More broadly, acetylation-pathway perturbation

can blunt proteopathic amplification: HDAC6 inhibition (ACY-738) reduces seeded Tau and

aSyn pathology in related paradigms (Crowe et al. 2025), and HDAC3 inhibition (RGFP966)

reduces mutant huntingtin oligomers (Suelves et al. 2017). Together with evidence that HDAC

inhibition can unlock stress-tailored proteostasis programs rather than indiscriminate tran-

scriptional activation (Taylor et al. 2024), these results are consistent with CI-994 expanding

the neuronal adaptive range under seeded aSyn stress and engaging context-appropriate

pathways that lower aggregate burden.

4.2.4. Common features of three distinct modulators of neuronal protein turnover

Across all three prioritized hits, the timer phenotype (increased G/R) indicate faster protein

turnover and, in our assay, is explained by an increase in both synthesis and degradation.

Strikingly, follow-up profiling pointed primarily to elevated translational capacity—ribosome-

and translation-associated signatures trended upward—whereas the levels of core degradation

machineries (proteasome subunits and canonical autophagy components) showed little

change. Because translation can be rapidly adjusted upon stress or state changes (Smits

et al. 2025) and synthesis and degradation are coordinated (Sun et al. 2025), remodeling

of translation programs could plausibly be coupled to a functional increase in clearance

without requiring increased abundance of degradation components. We cannot exclude the

opposite sequence: enhanced degradation capacity relieves proteotoxic burden and permits

higher synthesis. However, given the coordination of these processes, while knowing the

order of event is not required to conclude that net protein turnover is increased, its molecular

implementation remains to be resolved.

Importantly, the lack of consistent changes in proteasome abundance does not argue against

altered proteasome activity: under basal conditions many proteasomes are not actively pro-

cessing substrates (Asano et al. 2015), and proteasomal chymotrypsin-like activity can increase

without corresponding increases in proteasome protein levels, particularly in post-mitotic cells

(Zhang et al. 2017). Thus, follow-up measurements should prioritize functional activity/flux

readouts over steady-state abundance.

Although compounds from the broader target classes identified here have been linked to

α-synuclein-related processes, none of these specific molecules has, to our knowledge, been

directly implicated in α-synuclein pathology or neuronal protein turnover (Kazantsev and
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Thompson 2008; Tavassoly et al. 2021; Elhadi et al. 2025). More generally, annotated mecha-

nisms reflect primary discovery targets, while repurposing often relies on context-dependent

and target-independent activities. In our screen, we did not verify target engagement in basal

neuronal conditions, but this was not essential for the proof-of-concept goal: to identify

compounds that reproducibly shift a turnover phenotype in post-mitotic neurons.

At the level of target classes, EGFR inhibitors and HDAC inhibitors were enriched among the

primary hits. However, compounds assigned to the same class did not consistently produce

the same phenotype. This heterogeneity likely reflects differences in potency, selectivity, cell

permeability, and exposure-time dependence between individual compounds. Moreover,

because many EGFR and HDAC inhibitors were developed as anti-cancer agents, toxicity-

related effects may further confound interpretation (Eckschlager et al. 2017; Zubair and

Bandyopadhyay 2023). Class-internal variability is also common in other phenotypic screens

(Antoniou et al. 2022; Blanchard et al. 2004).

Finally, these results should be interpreted in the context of neuronal proteostasis: neurons

lack division-based dilution and must maintain long-lived proteomes, yet they also deploy

specialized strategies that can reshape turnover control in disease settings. For example,

neurons containing granulovacuolar degeneration bodies (GVBs) retain the ability to engage

activity-dependent protein synthesis despite tau pathology (Smits et al. 2025). Additional

neuron-specific features include plasma-membrane-associated proteasomes (Ramachandran

and Margolis 2017), neuron-enriched E3 ligases (Upadhyay et al. 2017), and spatially com-

partmentalized translation and degradation hubs at synapses (Dörrbaum et al. 2018), which

together broaden the repertoire by which neurons can respond to proteotoxic stress.

In conclusion, these results suggest that chemically distinct compounds can converge on a

shared turnover phenotype in post-mitotic human neurons, while leaving the abundance of

core clearance machineries largely unchanged. This underscores a central strength of the

timer-based strategy: it enables protein-turnover-focused phenotypic screening in a disease-

relevant neuronal context and prioritizes candidates based on an integrated functional output

of proteostasis, rather than on a single predefined pathway.

4.3. Limitations of this study

Several limitations of this work stem from the inherent technical constraints of culturing

human neurons and modeling neurodegenerative phenotypes in vitro. A major limitation is

neuronal maturity. The primary screen was performed shortly after completion of NGN1/2

induction, and therefore captured protein turnover responses in relatively immature neu-

rons. This does not necessarily predict how more mature neurons would respond to turnover

modulation, and limited maturity may also contribute to the toxicity observed for AS-252424

and CGP-52411 in more mature, human dopaminergic neurons. Consistent with this, iN-

GNs were reported to carry transcriptomic features resembling fetal-stage neuronal states

(Busskamp et al. 2014), whereas more recent protocols can generate more mature, postnatal-
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like NGN2-inducible neurons but require substantially longer culture times, making them

less compatible with high-throughput screening (Shan et al. 2024). It has been previously

reported that stem-cell-derived neuronal systems only partially capture the long time scales,

multicellular interactions, and aging-associated states of the human brain, which can be

critical for disease modeling (Chou et al. 2023; Little et al. 2019; Liu et al. 2024).

Our approach also has limitations inherent to the timer readout. MCFT was expressed in

the nucleus, whereas neurons display pronounced compartment-specific proteostasis and

turnover dynamics across soma, neurites, and synapses (Dörrbaum et al. 2018; Sun and Schu-

man 2022). In addition, neurons contain specialized distributions of protein quality-control

machinery, including membrane-associated proteasomes (Ramachandran and Margolis 2017),

raising the possibility that compartment-restricted changes were not fully captured by a nu-

clear reporter. Nevertheless, nuclear proteostasis remains relevant in neurodegeneration,

as aggregation-prone proteins and associated pathology can involve nuclear compartments

(Mahul-Mellier et al. 2020), and recent work suggests that turnover heterogeneity is not uni-

formly extreme across all organelles and compartments in the rodent brain (Li et al. 2025).

We further assumed that the ODC1-derived degron biases the reporter toward proteasomal

degradation; however, we cannot fully exclude context-dependent rerouting or indirect effects

through autophagy, particularly because the proteasomal and lysosomal clearance pathways

can compensate for each other under cellular stress (Cui et al. 2024). Finally, as a single

reporter, MCFT provides an integrated proxy of turnover regulation and may miss protein-

class-specific effects, e.g., selective stabilization of high-cost complexes or PTM-dependent

regulation.

A related constraint is the temporal scale of the readouts. The MCFT reporter has a half-life on

the order of hours, whereas induced human neurons exhibit proteome-wide half-lives on the

order of days, implying that the assay may be intrinsically more sensitive to short-lived protein

(Hasan et al. 2023; Cavarischia-Rega et al. 2024). Similarly, LFQ proteomics after 24 h may

be insufficient to detect abundance changes for long-lived proteins, although in our dataset

robust changes were not preferentially enriched among short-lived proteins either.

Finally, fixed incubation times and single concentrations in the primary screen likely con-

tributed to false negatives, and we assumed that a 24 h treatment window is sufficient to

approximate a new steady state, which may not hold for all perturbations.

4.4. Passive adaptation in human cells

In the collaborative work of Sun et al., timer-expressing human cells were included mainly

as a proof-of-concept to test whether the coordination between protein synthesis and decay

rates established in mouse systems generalizes across species and cell-cycle contexts (Sun

et al. 2025). Using hESCs and post-mitotic brain cells, we found that protein decay adapts

to sustained changes in protein synthesis in a manner consistent with passive adaptation,

supporting that this coupling is not mouse-specific.
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This study used well-characterized pharmacological perturbations of protein synthesis with

cycloheximide (CHX) and a Bayesian inference pipeline to estimate time-varying synthesis,

dilution, and degradation from live-cell fluorescence traces. This illustrates versatile contexts

in which the timer can be used such as discovery-oriented perturbation mapping or for

systematic characterization of turnover dynamics under defined interventions.

In hESCs, CHX titrations yielded timer responses similar to NIH/3T3 fibroblasts: a reduced

synthesis rate was followed by a slower decay rate, consistent with passive adaptation. Base-

line turnover was slower in human than in mouse cells, in line with reported interspecies

differences in metabolism and proteome dynamics (Matsuda et al. 2020; Diaz-Cuadros et al.

2023). Within the adaptive range, growth-associated dilution (kdil) contributed substantially to

buffering protein concentrations and appeared more effective in hESCs than changes in kdeg

alone (Sun et al. 2025). Under stronger synthesis suppression, hESCs did not maintain expo-

nential growth, narrowing the perturbation window that preserves normal growth compared

with mouse cell lines.

Unlike naïve mESCs, hESCs did not show near-perfect compensation, which we attributed to

an additional, facultative mTOR-driven mechanism present in naïve pluripotent cells. One

plausible explanation is pluripotency state: mESCs are typically associated with an earlier

naïve state, whereas conventional hESCs are closer to a later, primed state resembling post-

implantation epiblast-derived stem cells (Tesar et al. 2007; Nichols and Smith 2009). Consistent

with this, cell-cycle regulation differs between these states, including cyclin dynamics and

evidence for a more functional restriction-point-like control in hESCs with RB-family pocket

proteins affecting proliferation in hESCs but not mESCs (Padgett and Santos 2020; Conklin

et al. 2012). Such differences provide a route by which the buffering of k can diverge across

pluripotency states.

In post-mitotic astrocytes and NGN-induced neurons, inferred synthesis and clearance pa-

rameters still followed passive adaptation despite the absence of division-driven dilution. This

suggests that the coupling between synthesis resources and decay capacity does not require

proliferation and may reflect a general constraint on proteome maintenance. Without dilution,

mismatches between synthesis and degradation accumulate over longer timescales, increas-

ing the importance of mechanisms that limit the buildup of long-lived proteins. Consistent

with this, arresting cell division can selectively lengthen the half-lives of long-lived proteins

(Eden et al. 2011), while quiescent cells can partly counteract this tendency by increasing their

degradation rate (Zhang et al. 2017). Autophagy may provide an additional compensation

route in non-dividing cells, where the lack of dilution increases the need for bulk clearance to

limit the accumulation of long-lived proteins (Zhang et al. 2017). These results indicate that

passive adaptation operating within distinct, cell-type-specific proteostasis architectures.

A practical caveat is that substantially higher CHX concentrations were used in neurons than

in cycling cells (Sun et al. 2025). Partial and transient synthesis suppression has been reported

to protect neurons in some stress contexts (e.g., irradiation- or ischemia-associated injury
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paradigms), and transient downshifts in mTOR-dependent translation can extend lifespan in

model organisms (Chao et al. 1999; Tortosa et al. 1994; Harrison et al. 2009; Wu et al. 2013; Bitto

et al. 2016), highlighting neuronal resilience to synthesis perturbation, although the underlying

basis remains to be established. In context of this thesis, the timer-based framework therefore

provides a quantitative way to compare the extent of passive adaptation across cycling and

post-mitotic human cells.

4.5. Conclusions & Outlook

In this work, we show that MCFT captures rapid, perturbation-induced changes in protein

turnover in post-mitotic human neurons, establishing the feasibility of a timer-based platform

for high-throughput screening in an otherwise challenging cell type. We screened ∼6,000 com-

pounds and identified nearly 200 positive modulators of protein turnover. We subsequently

validated 47 hits in dose–response experiments and prioritized three compounds AS-252424,

CGP-52411, and CI-994 with distinct reported mechanisms of action. RNA-seq and LFQ pro-

teomics indicate that these compounds impact the levels of translational machinery rather

than protein clearance. Finally, using an α-synuclein fibril seeding model in primary mouse

neurons, we show that AS-252424, CGP-52411, and CI-994 prevent the formation of pS129-

positive pathology, while CI-994 also reduces established pathology. Consistently, CI-994 also

prevented pS129 pathology formation in human dopaminergic neurons.

Several questions remain beyond the scope of this thesis. First, the precise mechanisms by

which these compounds modulate protein turnover and suppress pS129 pathology remain to

be established, including whether the reduction in pathology is causally mediated by turnover

changes. Although we found no evidence that the compounds alter fibril uptake, downstream

steps such as aggregate nucleation, maturation, or clearance could still be affected. Addressing

this will require integrating quantitative turnover measurements with pathway-resolved assays.

For example, proteome-wide metabolic labeling, e.g., dSILAC in neurons under basal condi-

tions and during aSyn seeding-mediated pathology could reveal which protein classes and

pathways exhibit altered half-lives and synthesis rates upon treatment. In parallel, targeted

readouts of proteostasis regulation, including autophagic flux assays, proteasome activity mea-

surements in intact cells, phosphoproteomics of mTOR pathway nodes, would help localize

the intervention points within the protein quality-control network.

Second, a key mechanistic gap is the temporal relationship between early aggregation events

and changes in global protein turnover. An informative next step would be to combine

MCFT-expressing neurons with aggregation reporters (e.g., fluorescently labeled fibrils, or

endogenously expressed tagged aSyn/tau reporters where feasible) to quantify, at single-cell

resolution, whether turnover changes precede detectable aggregation, occur concurrently, or

follow aggregate formation. Implementing such experiments will likely require generation of

optimized reporter cell lines that are sufficiently susceptible to aggregation while maintaining

stable MCFT expression. This framework could directly test whether an early loss of proteosta-
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sis capacity is a driver of aggregation or, conversely, whether aggregation initiates turnover

remodeling.

Third, while our data support neuroprotective effects in seeded pathology models, we did

not systematically determine whether increasing protein turnover is beneficial or sustainable

over longer time scales. This can be addressed by long-term viability assays, measurements of

neuronal morphology and synapse integrity, and functional electrophysiological readouts. For

example, multi-electrode array recordings, calcium imaging, and patch-clamp measurements

could quantify whether chronic treatment preserves network activity and synaptic function, or

whether enhanced turnover imposes an energetic or translational burden that compromises

neuronal health.

Fourth, neuronal proteostasis is heterogeneous across cell types and strongly shaped by the

cellular environment. Future work should test whether different neuronal subtypes respond

similarly to AS-252424, CGP-52411, and CI-994, and whether glial co-culture or 3D systems

modulate drug responses and proteostasis phenotypes. Extending these studies to patient-

derived induced neurons would be particularly valuable for capturing genetic background

effects and aging-associated features, and for evaluating whether protein turnover modulation

generalizes across disease-relevant human contexts.

On a more general note, iPSC-based systems and increasingly robust differentiation protocols

provide a strong foundation for studying how protein turnover is programmed during devel-

opment and differentiation, and how its perturbation contributes to (neuro)developmental

disorders. In this context, timer-based assay offers a scalable entry point to dissect proteostasis

regulation and its dynamics in human cells across diverse conditions.
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Supplemental Information Inventory 
 
 

Supplemental Figures 

 

There are 7 Supplemental figures, each being directly related to the corresponding main figure 

in the text (e.g. Figure 1 to Figure S1, etc.) 

 

Supplemental Tables 

 

There are 7 Supplemental tables providing all concentrations of drugs (Cycloheximide, 

Anysomycin, INK128, MYCi) or relative amino acid concentrations (Tables S1-S5 and Table 

S7), as well as a table containing the sequences of the primers used in this study (Table S6). 

 

Supplemental Movies 

 

There are 6 Supplemental movies showing time-lapse imaging of NIH/3T3 (Movies S1-2), 

human embryonic stem cells (Movies S3-4) and mouse embryonic stem cells (Movies S5-6). 

CHX pulse experiments are shown in Movies S1, S3 and S5, while CHX release experiments 

are shown in Movies S2, S4 and S6. 
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Figure S1: Additional data inferred from imaging and luciferase assays, related to Figure 1. (A) 

Single cell kdeg of the SLT measured by SNAP pulse-chase labeling. Boxes: interquartile range; horizontal 

line: median; vertical lines: 5-95 percentiles. N = 324 lineages (single cells or mother & computationally-

fused daughter cells, see Methods). (B) Set of ordinary differential equations describing changes in green 

and red fluorescence of the MCFT depending on the protein synthesis (S) and decay (k) rates. mG and 

mR: maturation rates for sfGFP and mOrange2, respectively. BG: Black green, i.e., sfGFP protein that did 

not mature yet; BR: Black red; i.e., mOrange2 protein that did not mature yet. G: Green (mature sfGFP); 

R: Red (mature mOrange2). (C) Coefficient of determination r2 of the fit between cell number trajectories 

and exponential division model for the different CHX concentrations used. (D) SNAP pulse-chase labeling 

after 48 h of treatment with different CHX concentrations. Traces are the normalized (to t = 0 h), log-

transformed, sum of the intensities of all segmented nuclei per condition. (E) Normalized (to t = 0 h) cell 

number over time after 48 h of CHX treatment. Color scale: CHX concentration for each condition. (F) 

kdeg computed using SNAP pulse-chase trajectories (kdeg,SNAP) vs using G/R ratios of the MCFT (kdeg,G/R) 

for different values of S. Values of S were normalized to S without CHX treatment. x=y black dashed line: 

perfect concordance between the two ways of computing kdeg. Green plain line: best linear fit (r2 = 0.96) 

between kdeg,SNAP and kdeg,G/R. Color bar: fold-change in S for different CHX concentrations. (G-J) Fold-

change in S (G), kdeg (H), kdil (I), and P of the SLT (J), with respect to CHX concentration. (K), Fold-change 

in synthesis rate S as a function of anisomycin concentration. (L) Fold-change in k as a function of S upon 

anisomycin treatment. (M) Fold-change in P as a function of S upon anisomycin treatment. K-M, Gray 

dots: data points for which exponential division was lost. (N), Fold-change in synthesis rate S as a function 

of INK128 concentration. (O) Fold-change in k as a function of S upon INK128 treatment. (P) Fold-change 

in P as a function of S upon INK128 treatment. (Q), Fold-change in synthesis rate S as a function of 

amino acids depletion. (R) Fold-change in k as a function of S upon amino acids depletion. (S) Fold-

change in P as a function of S upon amino acids depletion. (T-U) Log-likelihood for the different models, 

using both decay rate k (T) and protein level P (U) data from the NIH/3T3 SLT CHX plate experiment. (V) 

Representative images of green (cyan) and red (magenta) fluorescence of ca 100-200 NIH/3T3 cells 

treated with different MYCi concentrations (from top to bottom: 1, 14.4, and 64 µM) for 48 hours. (W-X) 

Fold-change in S with respect to MYCi concentration, unbinned (W) and binned (X) data. (Y-AB), Fold-

change in kdil (Y, Z) and kdeg (AA, AB) versus fold-change in S upon MYCi treatment, unbinned (Y, AA) 

and binned (Z, AB) data. AC, Fold-change in kdeg with respect to the fold-change in kdil upon MYCi 

treatment. Black dashed lines: prediction for perfect adaptation; Gray dashed lines: prediction for no 

adaptation. Purple dashed curved lines: prediction for passive adaptation. (AC) Color bar: fold-change in 

S for different MYCi concentrations. x=y diagonal black dashed line: equal fold-change in degradation 

and dilution rates. The values shown for S, P, kdeg, and kdil are normalized to the respective values for 

control conditions. (AD) Normalized proteosomal chymotrypsin-like activity in protein extracts from 

NIH/3T3 cells treated with MYCi for 48 hours. CHX: cells treated with 0.1 µg/mL CHX for 48 hours; CTRL: 

untreated cells. Normalization was performed on the BCA assay for each sample before normalization to 

the CTRL mean value. In all the imaging experiments displayed: N > 500 cells. All plotted values are 

displayed using arbitrary units unless specified, and using a linear scale on both axes. 
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Figure S2: Characterization of NIH/3T3, hES cell lines, and hESC-derived astrocyte-enriched 
cultures, related to Figure 2. (A) Single cell decay rates of the LLT (blue), SOX2 (red), ESRRB (green), 

and NANOG (orange) proteins. Boxes: interquartile range; horizontal line: median; vertical line: 5-95 

percentiles. N = circa 150 (LLT), 3500 cells otherwise. (B) Normalized contributions of kdeg (yellow) and 

kdil (green) to k for a given S (see Methods). Boxes: interquartile range; horizontal line: median; vertical 

line: 5-95 percentiles. Horizontal gray dashed lines: theoretical minimum (y=0) and maximum (y=1) 

possible values. (C) Representative images of Green (sfGFP - magenta) and NHS-ester channels 

(yellow) of ca 20-50 NIH/3T3 SLT cells treated with different CHX concentrations (from top to bottom: 

0.008, 0.1125, and 0.5 µg/mL) for 6 days. (D) Left: Scheme of the MCFT construct knocked into H1 

hESCs at the CLYBL locus. Right: PCR genotyping of the knock-in clones. P1, P2, and P3 refer to the 

set of primers used for PCR. A band in the upper panel indicates the amplification of at least one WT 

locus. WT: wild-type; C55: selected clone knocked-in into the CLYBL locus with the SLT. (E) 

Representative image of ca 100 cells from the hESC line harboring the SLT (sfGFP: cyan; mOrange2: 

magenta). (F) k of the SLT measured using G/R ratio in the hESC knock-in cell line. Boxes: interquartile 

range; horizontal line: median; vertical line: 5-95 percentiles. N = 2142 cells. (G) Fold-change in synthesis 

rate S as a function of INK128 concentration for hESCs SLT. (H) Fold-change in k as a function of S upon 

INK128 treatment of hESCs SLT. (I) Fold-change in P as a function of S upon INK128 treatment of hESCs 

SLT. (J-M) Representative images of immunofluorescence for Ki67 (J) and GFAP (L) proteins in ca 100 

cells. Densities of Ki67 (K) and GFAP (M) immunofluorescence signal mean intensities in astrocyte-

enriched (blue) and hESC (red) cultures. The vertical dashed lines represent the mean of the related 

density. (N) Representative images of Green (cyan) and Red (magenta) fluorescence snapshots of 

astrocyte-enriched cultures (ca 200-500 cells) treated with different CHX concentrations (from top to 

bottom: 0.008, 0.1125, and 0.5 µg/mL) for 48 hours. (O) Fold-change in synthesis rate S as a function of 

CHX concentration in astrocyte-enriched cultures. (P-R) Representative images of immunofluorescence 

for TUBB (P), MAP2 (Q), and Ki67 (R) proteins for hESCs and iNGN cell populations (ca 200 cells for 

both cell types). (S) Representative images of green fluorescence (sfGFP – magenta) and NHS-ester 

channels (yellow) of ca 500 iNGN cells treated with different CHX concentrations (from top to bottom: 

0.08, 1.125, and 5 µg/mL) for 48 hours. (T) Fold-change in synthesis rate (HPG mean intensity) as a 

function of CHX concentration for iNGNs. (U) Fold-change in protein content (NHS mean intensity) as a 

function of CHX concentration for iNGNs. (T-U) N > 1000 cells. All plotted values are displayed using 

arbitrary units unless specified, and using a linear scale on both axes. 
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Figure S3: Determining temporal variations in S and k using a hierarchical superstatistical 
Bayesian inference algorithm, related to Figure 3. (A) Scheme of the inference strategy. sfGFP (cyan) 

and mOrange2 (magenta) fluorescence trajectories are both used in the inference. The algorithm 

iteratively uses each point at time t and t+dt of the fluorescence trajectory to compute a likelihood for the 

values of S and k at time t. The convolution of the likelihood distribution with the prior distribution (i.e. the 

posterior distribution computed at time t) allows obtaining the posterior distribution for S and k for time 

t+dt. This process is then iterated on timepoints t+dt and t+2dt, etc., for all data points available. (B) sfGFP 

(cyan) and mOrange2 (magenta) fluorescence trajectories generated in-silico for a linear increase of S 

between 5 and 10 hours. (C) sfGFP (cyan) and mOrange2 (magenta) fluorescence trajectories generated 

in silico for phase-shifted sinusoidal variations of S and k. (D) Inferences of the time variation of S and k 

from the trajectories in (B). (E) Inferences of the time variation of S and k from the trajectories in (C). (F) 

Smoothed sfGFP (cyan) and mOrange2 (magenta) trajectories for experiments with changes in dox 

concentrations. (G) Data retrodiction for sfGFP (cyan) and mOrange2 (magenta) fluorescence 

trajectories. (H) SNAP pulse-chase labeling during CHX release after 48 h treatment of NIH/3T3 SLT 

cells with different CHX concentrations. Traces are the normalized (to t = 0 h), log-transformed, sum of 

the intensities of all segmented nuclei per condition. The SNAP chase phase was started at different 

times (5, 7, 9, and 11 hours) after CHX release. (I) Degradation rate kdeg computed from the different 

SNAP decay trajectories in (H), under the quasi-steady state approximation. Control: Non-treated 
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NIH/3T3 SLT cells. CHX: NIH/3T3 SLT cells treated with 0.1 µg/mL CHX for 48 hours. (J) Aligned and 

merged trajectories (H) to perform kdeg inference. (K) kdeg trajectory during CHX release inferred from 

the merged and aligned trajectories (J). (H-K) N > 100 cell lineages. (K-P), S (K, N), k (L, O), and 

imbalance (M, P) trajectories inferred from MCFT measurements during MYCi pulse (K-M) or release (N-

P). Red: control conditions. Dark blue: MYCi pulse. Purple: MYCi treatment. Light blue: MYCi release. 

(K-L) and (N-O), plain lines: average of the posterior distribution; shaded regions: SD of the posterior 

distribution. All plotted values are displayed using arbitrary units unless specified, and using a linear scale 

on both axes. 
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Figure S4: Characterization of the mESC SLT knock-in cell line, related to Figure 4. (A) Scheme of 

the SLT construct knocked into CGR8 cells at the ROSA26 locus. 2xNLS: two copies of a Nuclear 

Localization Signal. PCR genotyping of the knock-in clones. P1 and P2 refer to the set of primers used 

for PCR. A band in the upper panel indicates the amplification of at least one WT locus. WT: wild-type 

CGR8 mESCs; C1, C2: clones knocked into the ROSA26 locus with the SLT. An irrelevant lane was 

sliced from the gel picture. C1 was selected for all experiments. (B) k of the SLT measured using G/R 

ratio in the mESC knock-in cell line. Boxes: interquartile range; horizontal line: median; vertical line: 5-95 

percentiles. N = 4790 cells. (C) Representative images of Green (cyan) and Red (magenta) fluorescence 

of ca 200 mESCs from the cell line harboring the SLT. (D) Representative images in the sfGFP (cyan) 

A
EF1a MCFT SNAP PEST2xNLS

CGR8 mESC

ROSA26

locus

P1 fw

P1 rv
P2 rv

P2 fw

WT C1 C2
P1

(short ext.)

P2

C
H

X

B C D

CHX

E F G

H

SO
X2

N
A

N
O

G
O

C
T4

D
A

PI
D

A
PI

D
A

PI

I 

143



 

  
 

9 

and NHS-ester (yellow) channels of ca 400 mESC SLT cells treated with different CHX concentrations 

(from top to bottom: 0.008, 0.1125, and 0.5 µg/mL) for 48 hours. (E), Fold-change in synthesis rate S as 

a function of INK128 concentration. (F) Fold-change in k as a function of S upon INK128 treatment. (G) 

Fold-change in P as a function of S upon INK128 treatment. (E-G) N > 186 cells. (H) Representative 

images of immunofluorescence against pluripotency factors (Nanog, Sox2, Oct4) for 500-1000 CGR8 WT 

cells treated with 5 different CHX concentrations (0.2, 0.1, 0.5, 0.25, and 0 µg/mL) for 72 hours. (I) Flow 

cytometry of mESC expressing eGFP under the control of the Sox1 locus, at different days of 

differentiation treated with 5 different CHX concentrations (0.2, 0.1, 0.5, 0.25, and 0 µg/mL). The dotted 

line indicates the distribution of fluorescence intensity of cells at day 0 treat with 0 µg/mL of CHX. All 

plotted values are displayed using arbitrary units unless specified, and using a linear scale on both axes. 
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Figure S5: Sconc. and k do not correlate with nucleus size and cell cycle length, related to Figure 
5. (A-B) Sconc. and k versus nucleus size. All MCFT NIH/3T3 cell lines presented in the main text were 

used (A). For mESC, the MCFT-Pspc1 cell line was used (B). N > 7000 cells. (C-D) Sconc. (C) and k (D) 

versus cell cycle length for the mESC SLT cell line. (E-F) Cell cycle phase distributions determined by 

Hoescht staining and flow cytometry for NIH/3T3 WT (E) and CGR8 WT (F) treated with 5 different CHX 
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concentrations for 72 hours. N = circa 10’000 cells. All plotted values are displayed using arbitrary units, 

and using a linear scale on both axes. 
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Figure S6: Additional transcriptome data and data inferred from imaging, related to Figure 6. (A-

C) Density of fold-changes in RNA levels for ribosomal (A), proteasomal (B), and mitochondrial (C) 

transcripts, with respect to all other transcripts. The vertical dashed lines represent the mean of the related 

density. (D-G), S (D,F) and k (E,G) trajectories inferred from MCFT measurements during CHX pulse in 

NIH/3T3 (D-E) and mES (F-G) cells in the presence or absence of 200 nM ISRIB. Black: control 

conditions. Blue: ISRIB treatment. Red: CHX treatment. Pink: CHX + ISRIB treatment. The average (plain 
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line) and the SD (shaded region) of the posterior distribution are represented for each timepoint.  (H) 

Normalized (to t = 0 h) cell number over time during CHX pulse in mESC in the presence or absence of 

INK128. Blue: control condition. Dark blue: INK128 treatment. Red: CHX treatment. Brown: CHX + ISRIB 

treatment. (I-J) Fold-change in k as a function of S upon CHX treatment (17 hours – the endpoint of the 

CHX pulse experiment) in the presence or absence of INK128 in NIH/3T3 (l) and mES (J) cells. Light 

blue: datapoints from CHX plate experiment (see Figures 1 and 4). Dark blue: INK128 treatment. Red: 

CHX treatment. Pink: CHX + INK128 treatment. (K) Fold-change in synthesis rate S as a function of CHX 

concentration for NIH/3T3 SLT treated with 200 nM ISRIB. (L) Fold-change in k as a function of S upon 

CHX treatment of NIH/3T3 SLT in the presence of 200 nM ISRIB. (M) Fold-change in P as a function of 

S upon CHX treatment of NIH/3T3 SLT in the presence of 200 nM ISRIB. (N) Fold-change in synthesis 

rate S as a function of CHX concentration for NIH/3T3 SLT treated with 10 µM SP600125. (O) Fold-

change in k as a function of S upon CHX treatment of NIH/3T3 SLT in the presence of 10 µM SP600125. 

(P) Fold-change in P as a function of S upon CHX treatment of NIH/3T3 SLT in the presence of 10 µM 

SP600125. (Q-R) Fold-change in k (Q) and P (R) versus fold-change in S for hESCs upon long-term 

treatment with different CHX concentrations in the presence of 0 (white dots), 25 (grey dots), or 50 nM 

(black dots) of INK128. Black dashed lines: prediction for perfect adaptation. Gray dashed lines: 

prediction for no adaptation. Purple dashed curved lines: prediction for passive adaptation. For all imaging 

experiments: N > 500 cells. All plotted values are displayed using arbitrary units unless specified, and 

using a linear scale on both axes. 
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Figure S7: Dynamic SILAC for NIH/3T3 and mES cells treated with 0.05 µg/mL CHX, related to 
Figure 7. (A-C) Density of fold-changes in protein levels for ribosomal (A), proteasomal (B), and 

mitochondrial (C) proteins, with respect to all other proteins. The vertical dashed lines represent the mean 

of the related density. (D) Scheme of the dynamic SILAC experiment (timepoints 1, 2, 4, and 6 hours are 

not shown). (E) Correlation between published and computed protein half-life in NIH/3T3 cells. (F-G) 
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Density of protein half-lives for unique proteins shared between DMSO (blue) and CHX (red) conditions 

in NIH/3T3 (F) and mES (G) cells. (H-I), Distribution of protein level fold-changes between CHX and 

DMSO conditions quantified by LFQ on the first timepoint of the dSILAC in NIH/3T3 (H) and mES (I) cells. 

(J) Fold-change in synthesis rate S as a function of CHX concentration for the NIH/3T3 SLT cell line and 

the other four NIH/3T3 cell lines presented in Figure 2 and Fig.S2. (K-L) kdeg contribution to the protein-

specific decay rate k for all proteins recovered in the dSILAC dataset for NIH/3T3 cells (K) and mESCs 

(L) in the DMSO condition. Red dotted line: median of the distribution. (M-N) Measured decay rate in 

DMSO and CHX conditions, for NIH/3T3 (M) and mESC (N), binned according to pskdeg in DMSO 

condition. Horizontal black dotted line: average decay rate in the DMSO condition. All plotted values are 

displayed using arbitrary units unless specified, and using a linear scale on both axes. 
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Supplemental Tables 
 

      
0.5 0.45 0.405 0.3645 0.32805 0.295245 0.2657205 

0.25 0.225 0.2025 0.18225 0.164025 0.1476225 0.13286025 
0.125 0.1125 0.10125 0.091125 0.0820125 0.07381125 0.06643013 

0.0625 0.05625 0.050625 0.0455625 0.04100625 0.03690563 0.03321506 
0.03125 0.028125 0.0253125 0.02278125 0.02050313 0.01845281 0.01660753 

0.015625 0.0140625 0.01265625 0.01139063 0.01025156 0.00922641 0.00830377 
0.0078125 0.00703125 0.00632813 0.00569531 0.00512578 0.0046132 0.00415188 

0.00390625 0.00351563 0.00316406 0.00284766 0.00256289 0.0023066 0.00207594 
        

Supplemental Table 1: CHX concentrations used for the steady-state experiment. Concentrations 

are given in µg/mL, following the layout used to perform the experiment in 96-well plates. The highlighted 

CHX concentrations are the ones used to show representative microscopy snapshots in the main figures.   
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0.05 0.045 0.0405 0.03645 0.032805 0.0295245 0.02657205 

0.025 0.0225 0.02025 0.018225 0.0164025 0.01476225 0.01328603 
0.0125 0.01125 0.010125 0.0091125 0.00820125 0.00738113 0.00664301 

0.00625 0.005625 0.0050625 0.00455625 0.00410063 0.00369056 0.00332151 
0.003125 0.0028125 0.00253125 0.00227813 0.00205031 0.00184528 0.00166075 

0.0015625 0.00140625 0.00126563 0.00113906 0.00102516 0.00092264 0.00083038 
0.00078125 0.00070313 0.00063281 0.00056953 0.00051258 0.00046132 0.00041519 
0.00039063 0.00035156 0.00031641 0.00028477 0.00025629 0.00023066 0.00020759 
        

Supplemental Table 2: Anisomycin concentrations used for the steady-state experiment. 
Concentrations are given in µg/mL, following the layout used to perform the experiment in 96-well plates. 
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200 180 162 145.8 131.22 118.098 106.2882 
100 90 81 72.9 65.61 59.049 53.1441 

50 45 40.5 36.45 32.805 29.5245 26.57205 
25 22.5 20.25 18.225 16.4025 14.76225 13.286025 

12.5 11.25 10.125 9.1125 8.20125 7.381125 6.6430125 
6.25 5.625 5.0625 4.55625 4.100625 3.6905625 3.32150625 

3.125 2.8125 2.53125 2.278125 2.0503125 1.84528125 1.66075313 
1.5625 1.40625 1.265625 1.1390625 1.02515625 0.92264063 0.83037656 

 
Supplemental Table 3: INK128 concentrations used for the steady-state experiment. 
Concentrations are given in nM, following the layout used to perform the experiment in 96-well plates. 
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1.0000 0.9000 0.8550 0.8123 0.7716 0.7331 0.6964 
0.5000 0.4500 0.4275 0.4061 0.3858 0.3665 0.3482 
0.2500 0.2250 0.2138 0.2031 0.1929 0.1833 0.1741 
0.1250 0.1125 0.1069 0.1015 0.0965 0.0916 0.0871 
0.0625 0.0563 0.0534 0.0508 0.0482 0.0458 0.0435 
0.0313 0.0281 0.0267 0.0254 0.0241 0.0229 0.0218 
0.0156 0.0141 0.0134 0.0127 0.0121 0.0115 0.0109 
0.0078 0.0070 0.0067 0.0063 0.0060 0.0057 0.0054 

 
Supplemental Table 4A: Relative amino acid depletions used for the steady-state conditions, first 
experiment. Relative depletions are given as the ratio between the volume of amino acid-depleted 

medium and that of the complete medium, following the layout used to perform the experiment in 96-well 

plates. 

 

1.0000 0.9500 0.9025 0.8574 0.8145 0.7738 0.7351 
0.6667 0.6333 0.6017 0.5716 0.5430 0.5159 0.4901 
0.4444 0.4222 0.4011 0.3811 0.3620 0.3439 0.3267 
0.2963 0.2815 0.2674 0.2540 0.2413 0.2293 0.2178 
0.1975 0.1877 0.1783 0.1694 0.1609 0.1528 0.1452 
0.1317 0.1251 0.1188 0.1129 0.1073 0.1019 0.0968 
0.0878 0.0834 0.0792 0.0753 0.0715 0.0679 0.0645 
0.0585 0.0556 0.0528 0.0502 0.0477 0.0453 0.0430 

 
Supplemental Table 4B: Relative amino acid depletions used for the steady-state conditions, 
second experiment. Relative depletions are given as the ratio between the volume of amino acid-

depleted medium and that of the complete medium, following the layout used to perform the experiment 

in 96-well plates. 
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64 57.6 51.84 46.656 41.9904 37.79136 34.012224  
32 28.8 25.92 23.328 20.9952 18.89568 17.006112  
16 14.4 12.96 11.664 10.4976 9.44784 8.503056  

8 7.2 6.48 5.832 5.2488 4.72392 4.251528  
4 3.6 3.24 2.916 2.6244 2.36196 2.125764  
2 1.8 1.62 1.458 1.3122 1.18098 1.062882  
1 0.9 0.81 0.729 0.6561 0.59049 0.531441  

0.5 0.45 0.405 0.3645 0.32805 0.295245 0.2657205  
        

Supplemental Table 5: MYCi concentrations used for the steady-state experiment. Concentrations 

are given in µM, following the layout used to perform the experiment in 96-well plates. The highlighted 

MYCi concentrations are the ones used to show representative microscopy snapshots in the main figures.   
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name sequence (5'->3') reference 
CLYBL wild type genotyping primer, forward TGACTAAACACTGTGCCCCA Fernandopulle et al. 2018 
CLYBL wild type genotyping primer, reverse AGGCAGGATGAATTGGTGGA Fernandopulle et al. 2018 
CLYBL 5’ insert genotyping primer, forward CAGACAAGTCAGTAGGGCCA Fernandopulle et al. 2018 
CLYBL 5’ insert genotyping primer, reverse AGAAGACTTCCTCTGCCCTC Fernandopulle et al. 2018 
CLYBL 3’ insert genotyping primer, forward CCGCTCTTTGGAGAAGGTAA This study 
CLYBL 3’ insert genotyping primer, reverse GAACGATTTACTGGGCAGTC Nickolls et al. 2020 
ROSA26 3' insert genotyping primer, forward CCACCTGGAAACCATTAATGGTT This study 
ROSA26 3' insert genotyping primer, reverse GCCCTCAGACGAGTCGGATC This study 
ROSA26 3' wild type genotyping primer, forward GCACTTGCTCTCCCAAAGTC Medyouf et al. 2011 
ROSA26 3' wild type genotyping primer, reverse GGCGGATCACAAGCAATAAT Medyouf et al. 2011 

   
Supplemental Table 6: List of primers used for genotyping the cell lines generated in this study.  
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5.0 4.5 4.05 3.645 3.2805 2.95245 2.657205 
2.5 2.25 2.025 1.8225 1.64025 1.476225 1.3286025 

1.25 1.125 1.0125 0.91125 0.820125 0.7381125 0.66430125 
0.625 0.5625 0.50625 0.455625 0.4100625 0.36905625 0.33215063 

0.3125 0.28125 0.253125 0.2278125 0.20503125 0.18452813 0.16607531 
0.15625 0.140625 0.1265625 0.11390625 0.10251563 0.09226406 0.08303766 

0.078125 0.0703125 0.06328125 0.05695313 0.05125781 0.04613203 0.04151883 
0.0390625 0.03515625 0.03164063 0.02847656 0.02562891 0.02306602 0.02075941 

        
Supplemental Table 7: CHX concentrations used for the iNGNs experiments. Concentrations are 

given in µg/mL, following the layout used to perform the experiment in 96-well plates.  
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Supplemental Movies 
 

Supplemental Movie 1. This movie shows MCFT fluorescence changes over time 

after CHX (0.1 µg/mL) pulse for NIH/3T3 SLT.  

 

Supplemental Movie 2: This movie shows MCFT fluorescence changes over time 

after CHX (0.1 µg/mL) pulse release NIH/3T3 SLT.  

 

Supplemental Movie 3: This movie shows MCFT fluorescence changes over time 

after CHX (0.1 µg/mL) pulse for hESC SLT.  

 

Supplemental Movie 4: This movie shows MCFT fluorescence changes over time 

after CHX (0.1 µg/mL) release for hESC SLT.  

 

Supplemental Movie 5: This movie shows MCFT fluorescence changes over time 

after CHX (0.1 µg/mL) pulse for mESC SLT.  

 

Supplemental Movie 6: This movie shows MCFT fluorescence changes over time 

after CHX (0.1 µg/mL) release for mESC SLT.  

 

For all Supplemental movies, one field of view is shown. One snapshot was taken every 

15 minutes in the green and red fluorescence channels. Images are flat field-corrected 

and background-subtracted (Methods).  
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1 Mammalian Cell-optimized Fluorescent Timer (MCFT)

1.1 Modeling of the MCFT

In the following section, we describe the deterministic model used to quantify the dynamics
of the MCFT. The model was already partly developed in our previous work [1]. Briefly,
the MCFT consists of the translational fusion of the sfGFP and the mOrange2 fluorescent
proteins. Both fluorescent proteins can be in two distinct states, either matured (and thus
fluorescent) or not. The two states are coined,”green”(G)/”red”(R) (for sfGFP/mOrange2)
and ”black green” (BG)/”black red”(BR) (for sfGFP/mOrange2), respectively. The set of
ordinary di↵erential equations (ODEs) describing the time variation in the levels of the
di↵erent states of the MCFT is given by:

dBG

dt
= s � (mG + k) ⇥ BG (1)

dG

dt
= mG ⇥ BG � k ⇥ G (2)

dBR

dt
= s � (mR + k) ⇥ BR (3)

dR

dt
= mG ⇥ BR � k ⇥ R (4)

with:

k = kdeg + kdil (5)

k is the decay rate for the MCFT protein. kdeg is the protein degradation rate. kdil

is the dilution rate, due to cell growth and division. s is the protein synthesis rate. s is
an absolute or relative synthesis rate. In the text, we use S when the synthesis rate is
normalized to the control condition, such that in the control S = 1. mG and mR are the
maturation rate of the sfGFP and the mOrange2 proteins, respectively. BG, G, BR, R are
the level of the MCFT in state ’black green”, ”green”, ”black red”, and ”red”, respectively.
See (1) and Figure 1a-b for more details.

1.2 Steady-state behavior of the MCFT

At steady-state we have:
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dBG

dt
= 0 (6)

dG

dt
= 0 (7)

dBR

dt
= 0 (8)

dR

dt
= 0 (9)

In other words, we have:

B⇤
G =

s

mG + k
(10)

G⇤ =
mG

k
⇥ B⇤

G (11)

B⇤
R =

s

mR + k
(12)

R⇤ =
mR

k
⇥ B⇤

R (13)

By developing the terms that are linked to observables, we finally reach:

G⇤ =
mG

k
⇥ s

mG + k
(14)

R⇤ =
mR

k
⇥ s

mR + k
(15)

We can now define the green over red (G/R) ratio at steady-state, R:

R =
G⇤

R⇤ =
mG

mR
⇥ mR + k

mG + k
(16)

that only depends on the protein decay rate k, s being canceled by the ratio. The decay
rate k can thus be computed at steady-state from the G/R ratio, R:

k = mGmR ⇥ 1 � R
mRR � mG

(17)

At steady-state, we can then compute the protein synthesis rate s seeing that:

s = G⇤ ⇥ k(mG + k)

mG
(18)
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Figure S8: Green over Red (G/R) ratio, R, versus the decay rate k, at steady-state.

In summary, the measurement of the green and red fluorescences of the MCFT allows
to compute the protein synthesis and decay rates, s and k, at steady-state. Note that k is
in absolute units (h�1) while s is in relative units (fluorescence.h�1), since it depends on
the microscope settings.

1.3 Scaling factor ↵

Since the photon output measured per mature molecule of sfGFP and mOrange2 di↵er
according to microscope settings, we quantified the scaling factor ↵ that allows us to
directly compare sfGFP and mOrange2 fluorescence intensities. One way to compute this
scaling factor is to induce a transient expression of the MCFT, followed by the removal of
the inducer to reach s = 0. Doing so and waiting long enough, we can assume that:

dBG

dt
= 0 (19)

dBR

dt
= 0 (20)

and:

BG ⇡ 0 (21)

BR ⇡ 0 (22)

This means that when waiting long enough in the absence of newly synthesized proteins,
all the MCFT in black-green and black-red states will mature, and thus all MCFT molecules
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will be fluorescent in both green and red. The dynamics of the green and red states will
then follow, under the exact same conditions:

dG

dt
= �k ⇥ G (23)

dR

dt
= �k ⇥ R (24)

We identify two exponential decays:

G(t) = G(t = 0) ⇥ e�kt (25)

R(t) = R(t = 0) ⇥ e�kt (26)

The G/R ratio thus reads:

G(t)

R(t)
=

G(t = 0)

R(t = 0)
(27)

And, because the MCFT is a translational fusion of sfGFP and mOrange2 proteins (1:1
ratio in the levels of proteins), we expect:

G(t)

R(t)
=

G(t = 0)

R(t = 0)
= 1 (28)

Practically, because fluorescences are given in relative units, this ratio depends on the
microscope settings and we have:

G(t)

R(t)
=

G(t = 0)

R(t = 0)
= ↵ (29)

This correction factor ↵ is determined experimentally. Importantly, an error on ↵ can
propagate on the computation of s and k at steady-state. Indeed, using this correction,
the computation of k is done using:

k = mGmR ⇥ 1 � R
↵

mR
R
↵ � mG

(30)
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Figure S9: R decays over time and converges to ↵ when the expression of the MCFT
protein is shut down (time t=0h). In this figure ↵ = 1.2 and is denoted by the black
dotted line.

1.4 Inference of mOrange2 maturation rate mR

To compute s and k, we need to know the values of the constants appearing in Figure 1,
namely mG, mR, in addition to the already described technical parameter ↵. We assumed
that the maturation rate for sfGFP is close to what was reported in the literature [1-2]. We
determined mR by matching k measured with SNAP chase — in di↵erent drug treatment
conditions — from the one computed using the G/R ratio. Mathematically, we maximized
the log-transformed `2-norm:

m⇤
R,i = arg max

mR2⌦mR

� ln
⇥
(kR,i(mR) � kSNAP,i)

2
⇤

(31)

for ⌦mR = [0.01, 1] (⌦mR denotes the possible values of mR) discretized in 105 linear
bins. kSNAP,i is the degradation rate measured from the SNAP pulse-chase experiment in
drug condition i. kR,i(mR) is the degradation rate computed from the timer’s green and
red fluorescences for a given mR and condition i. m⇤

R,i is the optimal — i.e. inferred —
maturation rate for mOrange2 protein in condition i. We then selected the maturation
rate value we use, m̂R, as being the median of m⇤

R,i over conditions i.
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Figure S10: Calibration of the MCFT: determination of the maturation rate of mOrange2
protein, mR. Each gray line represents one condition, di↵erent conditions exhibiting dif-
ferent decay rates k used for m⇤

R determination. m⇤
R is the optimal maturation rate.
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Figure S11: Decay rate computed with R using mR = m⇤
R, kcomputed, versus decay rate

measured by SNAP pulse-chase. Dashed black line: best linear fit fixing intercept to 0.
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2 Hierarchical Bayesian algorithm for inferring the dynam-
ics of time variable rates

2.1 Principle

We adapted a superstatistical Bayesian inference algorithm developed by Fabry et al. [3-5]
for autoregressive models (AR-1) to ODE systems. We computed the (joint) posterior
distribution of s and k along with the latent variable BG (see related section) at each
timepoint and propagated this posterior forward and backward along the trajectory. In
our case, the trajectories used for the inference are green G and red R fluorescence trajec-
tories acquired by live-cell imaging. Propagation of the posterior distribution relies on two
hyperparameters chosen for their ability to recapitulate the data (data retrodiction) and
fixed for a whole dataset.

2.2 Likelihood

The posterior distribution is computed from the likelihood. Keeping the same argument
as in our original study (1) we choose a likelihood suitable for Gaussian processes — i.e.
we assumed normally distributed and independent measurement errors. Therefore, the
likelihood L reads:

L = P (Go(t), Ro(t)|s(t), k(t), BG0, t) =
1

�
p

2⇡
e

�(Go(t)�Gm(t))2

2�2 ⇥ 1

�
p

2⇡
e

�(Ro(t)�Rm(t))2

2�2 (32)

with � = 20, which can be considered as a hyperparameter of the algorithm. Go(t)
(Gm(t)) and Ro(t) (Rm(t)) are the observed (modeled) sfGFP and mOrange2 fluorescent
signals at time t, respectively.

2.3 Data retrodiction

For data retrodiction, we used inferred time evolution of s and k along with inferred BG

to integrate the ODEs describing the time evolution of timer species levels (see related
section). Briefly, we used Di↵erentialEquations.jl package in Julia to integrate the ODE
system using Euler integrator, a time-step of 0.001 hours, and applying forcing functions
s(t), k(t), and BG(t).

2.4 Test on synthetic data

To gain confidence in the ability of our algorithm to infer the time-variation of s and
k, we generated synthetic timer trajectories with known underlying s and k dynamics.
We integrated the set of equations describing timer fluorescence dynamics in-silico using
Di↵erentialEquations.jl in Julia. Tsit5() integrator was used, with a total integration time
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of 30 hours and a sampling time of 15 min to mimic experimental data. Gaussian noise,
N (0, 10), was then added to the trajectories, to mimic experimental noise. All other model
parameters were fixed to biologically plausible values (using for instance those reported in
(1)). For all cases tested, including extreme rates time-variations (e.g. dephased sinusoidal
variations), we observed a close-to-perfect agreement between inferred time variations and
ground truth.

3 Passive adaptation model

3.1 General considerations

We assume a protein expression system made of 3 di↵erent modules:

• A division machinery, with protein level A, protein synthesis rate sA, and protein
decay rate kA — that defines the dilution rate kdil;

• A degradation machinery, with protein level B, protein synthesis rate sB, and protein
decay rate kB;

• A protein of interest (POI), with protein level C, protein synthesis rate sC , and
protein decay rate kC .

In the following model, we will assume that A, B, and C dynamics follow:

dA

dt
= sA � kA ⇥ A (33)

dB

dt
= sB � kB ⇥ B (34)

dC

dt
= sC � kC ⇥ C (35)

and that the decay rates for B and C, are given by:

kB = kdeg,B + kdil ⇡ kdil (36)

kC = kdeg,C + kdil = k̂deg,C ⇥ B + kdil (37)

Where k̂deg,C is the intrinsic degradation rate of C. It means that we assume the
proteasome machinery B to be long-lived, decaying only by dilution (see main text for
details).

Importantly, when kdil = 0 (non-dividing and non-infinitively growing cells), kB =
kdeg,B. Then, we recover the results in the next sections by replacing kdil by kdeg,B =

k̂deg,B ⇥ B where it has to be replaced.
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3.2 Model formalization

Assume that kdil depends on the dynamics (response half-time) of the division machinery
(A), which ultimately depends on its degradation rate:

kdil = kdeg,A = k̂deg,A ⇥ B (38)

Where k̂deg,A is the intrinsic degradation rate of A. According to the previous consid-
erations, we can write that:

dB

dt
= sB � k̂deg,A ⇥ B| {z }

kdil

⇥ B (39)

dC

dt
= sC � k̂deg,C ⇥ B| {z }

kdeg,C

⇥ C � k̂deg,A ⇥ B| {z }
kdil

⇥ C (40)

Developing the formulas we obtain:

dB

dt
= sB � k̂deg,A ⇥ B2 (41)

dC

dt
= sC � (k̂deg,C + k̂deg,A) ⇥ B ⇥ C (42)

The steady-state solution of the previous set of equations is given by solving (Ḃ, Ċ)|(Beq ,Ceq) =
~0, where Beq and Ceq are the steady-state levels of B and C machinery. In other words:

0 = sB � k̂deg,A ⇥ B2
eq (43)

0 = sC � (k̂deg,C + k̂deg,A) ⇥ Beq ⇥ Ceq (44)

That implies (keeping only positive solutions):

Beq =

 
sB

k̂deg,A

! 1
2

(45)

Ceq =
sC

k̂deg,C + k̂deg,A

⇥ 1

Beq
(46)

Meaning that:
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Ceq =
sC

k̂deg,C + k̂deg,A

⇥
 

sB

k̂deg,A

!� 1
2

(47)

Now if we assume that all the synthesis rates are proportional to a so-called global
synthesis rate s:

sA / sB / sC / s

And assume that the global synthesis rate s is changed — perturbed — by a scaling
factor �:

ŝ = s ⇥ �

Where ŝ is the perturbed s. This finally implies that:

ŝA / ŝB / ŝC / ŝ

.
Or written di↵erently:

ŝ = s ⇥ � (48)

ŝA = sA ⇥ � (49)

ŝB = sB ⇥ � (50)

ŝC = sC ⇥ � (51)

Interestingly, we thus have:

Ceq|ŝ = sC ⇥ � ⇥ 1

k̂deg,C + k̂deg,A

⇥
 

k̂deg,A

� ⇥ sB

! 1
2

= � ⇥ Ceq|s (52)

And importantly:

Ceq|ŝ =
ŝC

k̂deg,C + k̂deg,A

⇥
p
�

Beq|s
(53)

and defining the e↵ective decay rate k̃C we obtain:

Ceq|ŝ =
ŝC

k̃C

(54)
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with:

k̃C = (k̂deg,C + k̂deg,A) ⇥ Beq|sp
�

= k̃C |s ⇥
1p
�

(55)

which finally implies:

kB|s
k̃C

=
p

� (56)

Finally, the equilibrium protein level Ceq fold-change is given by:

Ceq|ŝ
Ceq|s

=
p

� (57)

In the main text, we denoted by S the fold-change in s with respect to the control
condition. Thus S = s

scontrol
= �.

3.3 In-silico passive adaptation model simulation

To validate our analytical developments, we integrated the set of equations describing pas-
sive adaptation until reaching steady state. The integration was performed using Di↵eren-
tialEquations.jl in Julia. Tsit5() integrator was used. We observed (Figure S12) a perfect
correspondence between simulation results and analytical predictions for kf/ki ⌘ kB|s/k̃B

and Pf/Pi ⌘ Beq|ŝ/Beq|s.

3.4 Modelling the adaptation of protein decay to changes in protein
synthesis

3.4.1 No adaptation model

In this model, we assume that only the protein synthesis rate s is changing upon CHX treat-
ment. Using the same notations as previously, s is changing by a factor �. At equilibrium,
the protein level is thus changing as:

[P ]f
[P ]i

=
� ⇥ si

k
⇥ k

si
= � (58)

Where [P ]f , [P ]i is the final, respectively initial, protein concentration. Similarly, sf ,
si is the final, respectively initial, protein synthesis rate. In this case, the protein decay
rate k is constant.
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A B

β β

Figure S12: Passive adaption model predictions of the fold-changes in protein level and
decay rate. A. Predicted fold-change in the protein level Pf/Pi with respect to the fold-
change in synthesis rate �. B. Predicted fold-change in the decay rate kf/ki with respect
to the fold-change in synthesis rate �.

3.4.2 Perfect adaptation model

In this model, we assume that the decay rate k adapts to s in a manner that allows to fully
maintain protein levels. In this case, we will have, trivially:

[P ]f
[P ]i

= 1 (59)

and, subsequently:

FI(k) =
kf

ki
= � (60)

3.5 Change in proteome content in the passive adaptation model: abso-
lute abundance, relative abundance, and concentration

Here we describe how the passive adaptation model should theoretically a↵ect proteome
composition in terms of protein concentrations, absolute and relative abundances. As
shown previously,

[Pi]tf =
p

� ⇥ [Pi]ti (61)
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where [Pi]tf and [Pi]ti are the protein concentrations for protein i at the final and
initial time, respectively. From this relation, we can derive changes in absolute protein
abundance:

Pi,tf

Vf
=
p

� ⇥ Pi,ti

Vi
(62)

where Vf and Vi are the cell volume at the final and initial time, respectively. Rear-
ranging the equation we have:

Pi,tf =
p

� ⇥ Vf

Vi
⇥ Pi,ti (63)

Now, we define the relative abundance of protein i, �i as:

�i =
PiP
i Pi

(64)

We can compute this relative abundance at time ti and tf :

�i,ti =
Pi,tiP
i Pi,ti

(65)

�i,tf =
Pi,tfP
i Pi,tf

(66)

=

p
� ⇥ Vf

Vi
⇥ Pi,tiP

i

p
� ⇥ Vf

Vi
⇥ Pi,ti

(67)

=
Pi,tiP
i Pi,ti

(68)

= �i,ti (69)

Finally, if both kdeg and kdil perfectly follow the passive adaptation model, their changes
will scale linearly upon changes in s. As a consequence, the relative abundance of all
proteins stays constant.

3.6 Including the ubiquitination pathway into the passive adaptation
model

3.6.1 The ubiquitination pathway

Here we introduce a new species U standing for the ubiquitination machinery in the passive
adaptation model. In this model, protein degradation depends on two subsequent steps:
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protein ubiquitination and proteasomal degradation of the ubiquitinated protein. The set
of ODEs describing the time-evolution of this system reads as:

dA

dt
= sA � kA ⇥ A2 (70)

dP

dt
= s � kU ⇥ U ⇥ P (71)

dU

dt
= sU � kU ⇥ U ⇥ P � kd,U ⇥ A ⇥ U (72)

d[UP ]

dt
= kU ⇥ U ⇥ P � kUP ⇥ A ⇥ [UP ] (73)

Applying the steady-state condition:

dA

dt

���
A⇤

= 0 (74)

dP

dt

���
P ⇤

= 0 (75)

dU

dt

���
Uj

= 0 (76)

d[UP ]

dt

���
[UP ]⇤

= 0 (77)

We obtain the following steady-state state:

A⇤ =

r
sA

kA
(78)

P ⇤ =
s

kU
⇥ kd,U⇥A⇤

su � s
(79)

U⇤ =
sU � s

kd,U ⇥ A⇤ (80)

UP ⇤ =
s

kUA⇤ (81)

with the restriction (sU � s) > 0. Scaling all the synthesis rates by � we obtain:

A⇤|� =
p

� ⇥ A⇤ (82)

P ⇤|� =
p

� ⇥ P ⇤ (83)

U⇤|� =
p

� ⇥ U⇤ (84)

UP ⇤|� =
p

� ⇥ UP ⇤ (85)
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The total protein content Ptot is, in this case

Ptot = P + UP (86)

since the two species are undistinguishable in the experiments. Thus, it follows that:

P ⇤
tot|� =

p
� ⇥ P ⇤

tot (87)

In other words, we recover the results for the passive adaptation model that does not
take into account the ubiquitination step in the protein degradation pathway.

4 Mass spectrometry data analysis

4.1 Half-life and pskdeg of NIH/3T3 proteins

The pskdeg was computed using the dynamic SILAC we performed in NIH/3T3 (see after).

4.2 Predicting changes in protein relative amount for pskdeg

4.2.1 Tuning the passive adaptation model

To predict the changes in protein relative amount for pskdeg (hereafter we drop the ps for
simplicity), taking into account the observed o↵set between the adaptation of kdeg and kdil,
we can rewrite the equation of the passive adaptation model taking kdil as an input:

kdil ⌘ input

That is, the dilution rate is given by the observation. In this case, we can rewrite the
previous di↵erential equations, keeping the same symbols:

dB

dt
= sB � kdilB (88)

dC

dt
= sC � k̂deg,C ⇥ B ⇥ C � kdil ⇥ C (89)

At steady-state, (Ḃ, Ċ) = ~0 and:

B⇤ =
sB

kdil
(90)

C⇤ =
sC

k̂deg,C ⇥ B⇤ + kdil

(91)
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where B⇤ and C⇤ are the steady-state protein level for the degradation machinery and
the POI, respectively.

Now assume the global synthesis rate s is changed by a factor � between an initial
(subscript i) and a final (subscript f) state. We have:

B⇤
f

B⇤
i

= � (92)

C⇤
f

C⇤
i

= �
k̂deg,C ⇥ B⇤

i + kdil,i

k̂deg,C ⇥ �B⇤
i + kdil,f

(93)

and, by definition, we have:

kf

ki
=

�kdeg,C,i + kdil,i

kdeg,C,i + kdil,f
(94)

4.2.2 The short-lived protein limit

When kdil ⇡ 0 (kdil ⌧ kdeg,C) we obtain the following limit case:

C⇤
f

C⇤
i

= 1 (95)

kf

ki
= � (96)

4.2.3 The long-lived protein limit

When kdeg,C ⇡ 0 (kdil � kdeg,C) we obtain the following limit case:

C⇤
f

C⇤
i

= � (97)

kf

ki
= 1 (98)

4.2.4 Change in proteome content in the tuned passive adaptation model:
absolute abundance, relative abundance, and concentration

In this section, we will show that, taking into account the o↵set in adaptation between kdeg

and kdil observed in NIH/3T3:

• the fold-change in protein level will be dependent on the protein-specific degradation
rate ;

19

177



• the relative abundance of a given protein (its stoichiometry) will depend upon its
protein-specific degradation rate.

As stated previously, the relative abundance of a given protein i, �i, reads:

�i =
PiP
i Pi

(99)

We can compute this relative abundance at time ti and tf :

�i,ti =
Pi,tiP
i Pi,ti

(100)

�i,tf =
Pi,tfP
i Pi,tf

(101)

= �Pi,ti

kdeg,i⇥+kdil,i

�⇥kdeg,i+kdil,fP
i Pi,tf

(102)

(103)

5 Dynamic SILAC analysis

5.1 Recycling probability of light amino acids

We performed search B in MaxQuant as described in [6] with modifications given in STAR
Methods. From the evidence.txt output of MaxQuant we first filtered out all the pep-
tides assigned to contaminants or decoy sequences, i.e. we removed all peptides for which
Reverse and Potential contaminant column are equal to +. We then extracted pep-
tides containing two Arg/Lys residues using the condition Missed cleavage == 1. We
determined the number of peptides that contain two heavy Arg/Lys (HH) or one heavy
and one light Arg/Lys (HL) by counting the number of peptides matching, respectively,
the condition Modifications == "Arg10 as ptm, Lys8 as ptm" or Modifications ==

"Arg10 as ptm" or "Lys8 as ptm". Taking into account other possible modifications
(Acetyl, Oxidation) did not change the results dramatically. We then computed the prob-
ability of heavy amino acid incorporation P (H):

P (H) =
2 ⇥ HH

HL

1 + 2 ⇥ HH
HL

(104)

with HH or HL the number of peptides with two heavy Arg/Lys or one light and one
heavy Arg/Lys, respectively.
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5.2 Determination of protein decay rate

We performed search A in MaxQuant as described in [6], with modifications given in
STAR Methods. From the peptides.txt output of MaxQuant we first filtered out all the
peptides assigned to contaminants or decoy sequences, i.e. we removed all peptides for
which Reverse and Potential contaminant column are equal to +. We then removed all
peptides showing false heavy signal at timepoint 0 hours: e.g., we removed all peptides for
which Intensity H DMSO t0 > 0. From this, we computed the fraction of remaining light
peptides %L:

%L =
1

1 + H
L

(105)

with H
L that is given by, e.g., the Ratio H/L DMSO t2 column. We computed the

fraction of remaining old peptides, %old, taking into account the recycling probability of
light amino acids P (H). Using the following equation:

%old = 1 � 1 � %L

P (H)MC+1
(106)

where MC is the number of missed cleavage site for a given peptide. Finally, as de-
scribed in Material and Methods, we log-transformed the %old data and fitted a linear
model with respect to time, such that: ln(%old) = �k ⇥ t (canonical exponential decay).
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