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ABSTRACT

SINGLE-CELL QUANTIFICATION AND STOCHASTIC MODELING OF
GLUCOCORTICOID RECEPTOR TRANSPORT AND DUSP1 MRNA DYNAMICS

The work presented in this dissertation combines quantitative single-cell experimentation with
mathematical modeling to investigate glucocorticoid receptor (GR) signaling and the transcrip-
tional regulation of the glucocorticoid-responsive gene Dual-Specificity Phosphatase 1 (DUSP1).
The overall objective is to establish experimentally constrained, predictive models that describe
how GR localization dynamics are linked to transcriptional activation and mRNA abundance at the
single-cell level.

First, quantitative immunocytochemistry (ICC) and single-cell image analysis are used to char-
acterize GR nucleocytoplasmic transport following glucocorticoid (GC) stimulation. Analysis of
GR localization dynamics across individual cells indicates that nuclear clearance processes, rather
than sustained cytoplasmic recycling, modulate nuclear GR levels. These observations restrict the
class of GR transport and degradation models that are consistent with the data and emphasize the
importance of nuclear turnover in shaping GR localization.

Second, endogenous DUSP1 transcriptional activity is quantified using single-molecule inex-
pensive RNA fluorescence in situ hybridization (smiFISH), enabling direct measurement of tran-
scription site activity and mRNA distributions across single cells. Utilizing a chemical master
equation framework, we have developed a discrete stochastic model that accurately reproduces the
time-varying probability distributions of GR and DUSP1 spatiotemporal dynamics — at all times
and across multiple Dex concentrations. Stochastic two-state promoter models are developed to
interpret these data. Model comparisons indicate that the observed transcriptional activation of
DUSP1 can be reproduced by changes in promoter switching dynamics, specifically through in-

creased promoter activation rates, decreased promoter deactivation rates, or combinations of both.
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These results suggest that modulation of transcriptional bursting provides a mechanistic explana-
tion for the observed transcriptional response.

Third, cytoplasmic DUSP1 mRNA accumulation is examined in the context of transcription,
nuclear export, and mRNA decay. Quantitative analysis supports a model in which cytoplas-
mic mRNA levels reflect a balance between mRNA production and export and AU-rich element-
mediated decay processes. Incorporating these regulatory steps into a unified modeling framework
improves agreement with experimentally observed cytoplasmic mRNA distributions and temporal
dynamics.

Together, this work provides a quantitative description of GR localization dynamics, DUSP1
transcriptional activation, and post-transcriptional regulation using endogenous single-cell mea-
surements. The resulting models establish a foundation for future studies aimed at extending these

approaches to more complex regulatory interactions and perturbations in GC signaling.
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Chapter 1
Quantitative and Mechanistic Foundations of
Glucocorticoid Receptor Signaling and DUSP1

Regulation

This chapter establishes the clinical, molecular, and computational context for the work that
follows, beginning with the burden of inflammatory disease and the pharmacology of glucocor-
ticoids (GCs), progressing through the structural and regulatory features of the glucocorticoid
receptor (GR) and its target gene dual-specificity phosphatase 1 (DUSPI), and concluding with
the single-cell measurement and discrete stochastic modeling frameworks that together enable the
mechanistic inference pursued in subsequent chapters. Figure 1.1 provides a roadmap for the chap-
ter: it summarizes the inflammatory and glucocorticoid signaling axes that converge on DUSPI,

each component of which is developed in the sections that follow.

1.1 Glucocorticoids in Inflammation: Necessity and Limita-

tions
This section establishes the clinical motivation for studying GR signaling. It begins with the
global burden of inflammatory disease, the role of MAPK signaling in sustaining inflammation,
and the endogenous negative regulators that constrain it, and then introduces GCs as the dominant
pharmacological strategy for suppressing inflammation. The clinical limitations identified at the

end of the section motivate the single-cell, mechanistic approach developed in later chapters.

1.1.1 The burden of acute and chronic inflammatory disease

This subsection introduces inflammation as the proximal driver of a majority of human disease

and frames the distinction between protective acute responses and pathological chronic states. The
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Figure 1.1: Convergence of inflammatory and glucocorticoid signaling on DUSPI.

Overview of the two signaling axes that regulate DUSP1 expression, serving as a roadmap for this chapter.
On the inflammatory axis (left), receptor stimulation activates the tiered MAPK cascade (Section 1.1.2), and
terminally phosphorylated JNK and p38 drive DUSP/! transcription. The DUSP1 protein product MKP1
dephosphorylates JNK and p38, forming a negative feedback loop (Section 1.3.1). On the glucocorticoid
axis (right), GCs activate GR, whose transport and post-translational modification state (Section 1.2) govern
its accumulation in the nucleus, where it up-regulates DUSP] transcription through GREs (Section 1.3.2).
Both axes converge on the DUSPI locus, and the resulting mRNA is subject to ARE-mediated decay by TTP,
whose activity is set by a phosphorylation-dependent balance between inactive and active states; by inducing
MKP1 and suppressing p38, GCs shift this balance toward active, decay-promoting TTP (Section 1.3.3).
This conceptual overview is developed mechanistically across the following sections and is formalized as a
discrete stochastic model in Chapter 2.



transition between these states is described as a failure of the active resolution program, motivating

the focus on negative regulators developed in subsequent sections.

The scope of the problem

Chronic inflammatory diseases have been recognized as the most significant cause of death in
the world today, with more than 50% of all deaths being attributable to inflammation-related dis-
eases [1]. These conditions span cardiovascular, metabolic, autoimmune, and neurodegenerative
systems, indicating that the inflammatory mechanisms underlying them are not disease-specific
but reflect shared dysregulation of core intracellular signaling pathways [1-3]. This burden is
compounded by the global rise of known risk factors for chronic inflammation, including aging
populations, increasing obesity prevalence, environmental exposures, and sedentary lifestyles [1].
The shared involvement of inflammatory signaling across this range of pathologies has motivated
extensive investigation into the molecular pathways that initiate, amplify, and resolve inflammatory

responses, and into the pharmacological strategies that target them [4, 5].

Health and economic impact of inflammatory disease

Beyond the clinical burden, inflammatory diseases and related conditions incur significant fi-
nancial cost across the entire healthcare continuum [6]. This extends beyond direct treatment
costs to encompass long-term disease management, recurring hospitalization, disability, and lost
workforce productivity [4,6]. A central factor driving this cost is that current anti-inflammatory
therapies manage symptoms and suppress acute flares but rarely achieve long-term resolution [7].
Addressing this challenge requires not only improved therapeutics but also deeper mechanistic

understanding of the signaling networks that sustain chronic inflammatory states.

Acute versus chronic inflammation: distinct signaling and resolution dynamics
Acute inflammation is protective and self-limiting. Inflammation is a fundamental protective
response to pathogens and tissue damage [8,9]. The inflammatory response unfolds across distinct

temporal phases, from rapid onset through active resolution to a longer-term outcome that either



restores tissue homeostasis or progresses to chronic inflammation (Figure 1.2). Acute inflamma-
tory stimuli trigger rapid, high-amplitude activation of innate immune pathways, recruitment of
immune cells to sites of injury or infection, and local production of pro-inflammatory mediators.
These responses are propagated through conserved intracellular signaling pathways, including NF-
xB and the mitogen-activated protein kinases (MAPKSs), which integrate extracellular stimuli into
transcriptional and post-transcriptional responses [10].

Resolution is an active, regulated process. The defining feature of acute inflammation is
that it resolves: the same signaling networks that initiate the response also activate negative reg-
ulatory programs that terminate it once the threat is cleared [11]. Resolution of inflammation is
not a passive process driven by decay of pro-inflammatory signals but an actively coordinated pro-
gram requiring the timely induction of anti-inflammatory mediators and negative regulators. These
include anti-inflammatory lipid mediators such as lipoxins and resolvins, anti-inflammatory cy-
tokines such as IL-10, phagocytic clearance of apoptotic cells, and induction of negative-feedback
phosphatases that directly inactivate pro-inflammatory signaling cascades. Among these, the dual-
specificity phosphatases (DUSPs) that dephosphorylate and inactivate MAPKSs represent a critical
node linking transcriptional regulation to inflammatory resolution [12].

Chronic inflammation as a failure of resolution When the resolution program is insufficient,
overwhelmed, or actively suppressed, acute inflammation transitions to a chronic state. Chronic
inflammation is characterized by persistent accumulation of mononuclear immune cells, ongoing
tissue injury, and progressive remodeling including fibrosis [2,4]. At the signaling level, chronic
inflammation is maintained by sustained activation of the same kinase cascades that drive acute
responses, without the counterbalancing induction of negative regulators that would normally ter-
minate signaling [2, 11]. This self-sustaining signaling underlies the persistent, progressive nature
of the diseases described above, and it is the target of the anti-inflammatory pharmacology dis-

cussed in the following sections.
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Figure 1.2: Temporal phases and possible outcomes of an immune response.

Schematic of immune response magnitude over time, progressing through three phases. During onset (min-
utes), tissue damage, pathogens, and allergens trigger a rapid innate response. During resolution (hours
to days), innate and adaptive effectors, including antigen-presenting cells, lymphocytes, and antibodies,
coordinate clearance as the response subsides. The consequence phase (weeks to years) reflects the long-
term outcome: a properly regulated response (blue) returns to baseline and restores tissue homeostasis and
immune balance, whereas a dysregulated response (red) fails to resolve and progresses to chronic, non-
resolving inflammation. The dashed line marks the pre-stimulus baseline. Adapted from [9].

1.1.2 MAPK Signaling as a Central Amplifier of Inflammatory Responses
This subsection reviews the architecture of the MAPK cascades that transduce inflammatory
stimuli into transcriptional and post-transcriptional outputs, with emphasis on the stress-responsive
p38 and JNK arms that are most relevant to inflammatory pathology. The compartmentalization,
crosstalk, and feedback regulation of these pathways are discussed as the substrate on which the

DUSPI-mediated negative feedback studied in later chapters acts.

The MAPK kinase cascade architecture

At the core of this regulatory architecture are the mitogen-activated protein kinase (MAPK)
cascades, which function as tiered kinase cascades that transmit external signals into intercellu-
lar signaling dynamics [13—16]. Upon ligand binding, tyrosine kinase domains dimerize initiat-

ing the kinase cascade. Activated receptor phosporylates MAP3ks, which phosphorylate MAP2k,



and termianlly phosphorlated MAPKSs translocate into the nucleus to modulate transcription. The
three main arms of the MAPK signaling pathway are named after their respective terminal kinase,
ERK, p38 nad JNK. This architecture provides signal amplification, integration, and noise filter-
ing, and the same kinase modules are reused across distinct stimuli to generate stimulus-specific

outputs [16].

p38 and JNK as stress-responsive inflammatory effectors

The p38 and JNK arms of the MAPK network integrate upstream kinase activation into tran-
scriptional programs that promote cytokine production, cellular stress adaptation, and immune
effector function [13,15-18]. These pathways are activated by inflammatory cytokines such as IL-
1 and TNF, by oxidative stress, and by pathogen-associated molecular patterns recognized through
pattern-recognition receptors. Once activated, p38 and JNK phosphorylate transcription factors
including ATF2, c-Jun, and members of the AP-1 family, and they also act post-transcriptionally
through downstream kinases such as MK2 that stabilize cytokine mRNAs. The combined tran-
scriptional and post-transcriptional outputs of p38 and JNK place these kinases at a central position

in the amplification of inflammatory responses.

Subcellular compartmentalization, crosstalk, and feedback

p38 and JNK operate across both nuclear and cytoplasmic compartments, with regulated nu-
clear translocation, scaffold-mediated localization, and extensive crosstalk and feedback regula-
tion [19,20]. Active MAPKSs accumulate in the nucleus to phosphorylate transcription factors, but
they also retain cytoplasmic substrates including MK2 and several RNA-binding proteins. The
relative balance of nuclear and cytoplasmic activity is determined by phosphorylation-dependent
nuclear import, regulated nuclear export, and the activity of scaffold proteins that locally tether
MAPK signaling components [16,21]. This distributed architecture is itself a target of negative
regulation, and the dephosphorylation of MAPKSs by phosphatases (DUSPs) is one of the principal

mechanisms by which MAPK signaling is constrained in space and time [22-24].



Persistent MAPK activation in inflammatory and autoimmune disease

Persistent or excessive activation of p38 and JNK signaling is a defining feature of numerous
inflammatory and autoimmune conditions, including asthma, chronic obstructive pulmonary dis-
ease, rheumatoid arthritis, inflammatory bowel disease, and sepsis [15, 18,25]. In each of these
contexts, the duration and magnitude of MAPK activity, rather than its initial onset, is the proximal
driver of pathological cytokine production and tissue damage [26]. This observation underscores
the importance of the negative regulatory mechanisms that terminate MAPK signaling, and it pro-

vides the clinical context for the DUSPs that are the focus of later chapters [27-30].

1.1.3 Negative regulation and homeostatic control of inflammation

This subsection reframes inflammatory signaling as a dynamically regulated control problem
in which the magnitude and duration of a response are set by the timing and strength of negative
regulators. The principal classes of endogenous negative regulators acting on MAPK signaling are

introduced, with DUSP1 highlighted as the central node studied in this dissertation.

Inflammation as a dynamically regulated control problem

The behavior of inflammatory signaling networks is most usefully understood not as a static
on/off switch but as a dynamically regulated control problem [11]. Pro-inflammatory stimuli act
as inputs to a system whose output is shaped by the combined action of feedforward amplifiers,
negative feedback regulators, and integral and derivative-like elements arising from transcriptional
induction, mRNA stability, and protein turnover [10]. From this perspective, the magnitude and
duration of an inflammatory response are determined less by the initial stimulus than by the relative
timing and strength of these regulatory elements [7, 11]. This framing motivates a quantitative
approach to inflammatory regulation, in which the kinetics of induction, degradation, and feedback

are measured directly and used to constrain predictive models [31, 32].



Endogenous negative regulators of MAPK signaling

The cell encodes multiple classes of endogenous negative regulators that act on MAPK signal-
ing at distinct levels [12]. At the level of kinase activity, dual-specificity phosphatases (DUSPs,
also known as MAPK phosphatases or MKPs) dephosphorylate both the threonine and tyrosine
residues of the MAPK activation loop, returning the kinase to its inactive state [22,33]. The
best characterized DUSP being dual-specifictity phosphatase 1 (DUSP1) and its protein product
mitogen kinase phosphatase 1 (MKP1). At the post-transcriptional level, RNA-binding proteins
including tristetraprolin (TTP), AUF1, and KSRP recognize AU-rich elements (AREs) in the 3’
untranslated regions (UTR) of cytokine and immediate-early gene transcripts and recruit decay
machinery that destabilizes these messages [34,35]. At the transcriptional level, inhibitory tran-
scription factors and chromatin modifiers limit the duration of pro-inflammatory gene expression.
Among these regulators, DUSP1 (also known as MKP1) occupies a particularly central position:
it is rapidly induced by inflammatory stimuli and by GCs [23,36], it directly dephosphorylates p38
and JNK, and it is itself subject to post-transcriptional control through AREs in its 3' UTR [12,37].
The remainder of this chapter develops the experimental and mechanistic context for DUSPI as

the primary GR-responsive negative regulator studied in this dissertation.

1.1.4 Glucocorticoids as broad-spectrum anti-inflammatory therapy

This subsection traces the history of GC therapy and identifies the pharmacological and phar-
macokinetic variables that determine clinical effectiveness. Acute applications such as ARDS and
COVID-19 are discussed alongside chronic applications such as asthma and rheumatoid arthri-
tis to establish the breadth of clinical contexts in which GR-driven transcriptional programs are

therapeutically engaged.

Brief history: from cortisone to dexamethasone

The therapeutic potential of GCs was established in the late 1940s through the work of Hench,
Kendall, and Reichstein, whose demonstration that cortisone produced rapid clinical improvement

in rheumatoid arthritis launched GCs as a class of broad-spectrum anti-inflammatory agents [5].



Subsequent medicinal chemistry generated synthetic derivatives with improved receptor affinity,
longer half-lives, and reduced mineralocorticoid activity. Dexamethasone (Dex) emerged from
this effort as a high-affinity, long-acting GC that has since become both a clinical mainstay and a
benchmark compound for mechanistic studies [38]. Throughout this dissertation, Dex is used as
the prototypical GC ligand because its high affinity, and well-characterized pharmacology make it

well suited for single-cell experiments.

Determinants of clinical effectiveness

The clinical effectiveness of GC therapy depends on a combination of pharmacological and
pharmacokinetic variables, including the choice of agent, the route of administration, the timing of
treatment relative to disease progression, the dose, the duration and tapering schedule, and the use
of co-therapies [5,7,26,39]. Each of these variables shapes the trajectory of receptor activation
in target tissues, and small differences in any of them can produce large differences in clinical
outcome [40]. The complexity of this dose-response landscape, together with the heterogeneous
response observed across patients and across cells within a given tissue, motivates the develop-
ment of predictive mechanistic models that connect dosing decisions to molecular outcomes at the

single-cell level.

Acute applications: ARDS, COVID-19, and other emergencies

GCs are used in the most severe acute inflammatory conditions, typically when first-line
non-steroidal anti-inflammatory drugs are insufficient [41]. Acute respiratory distress syndrome
(ARDS) is an acute inflammatory syndrome of the alveoli and capillaries, characterized by
alveolar epithelial and capillary endothelial injury with subsequent inflammatory exudation into
the alveolar space [40]. Systemic GCs are used in ARDS because they downregulate inflammatory
mediator production and the related pathways implicated in lung injury and, in some patients, in
later fibroproliferative processes [26,42].

The clinical relevance of GCs was reinforced during the COVID-19 pandemic, when the RE-

COVERY randomized controlled trial demonstrated that Dex reduced 28-day mortality among



patients receiving invasive mechanical ventilation or supplemental oxygen, although not among
patients who did not require respiratory support [43]. Comparative analysis of transcriptomic re-
sponses to GCs and to SARS-CoV-2 infection has further suggested that ARE-dependent post-
transcriptional regulation, including the destabilization of cytokine transcripts by TTP-related
mechanisms, is a likely contributor to the therapeutic benefit observed in COVID-19 [37]. These
findings highlight the importance of quantitative, mechanistic understanding of the genes and path-

ways that mediate the GC response.

Chronic applications: asthma, COPD, RA, and IBD

GCs are also a mainstay of chronic anti-inflammatory therapy [5]. Bronchial asthma, a chronic
inflammatory disease of the airways that affects more than 300 million people worldwide, is treated
primarily with inhaled corticosteroids, which improve symptom control and lung function in most
patients [44]. Add-on therapies are commonly required in patients with severe asthma or with GC
intolerance [45]. Chronic obstructive pulmonary disease, rheumatoid arthritis, and inflammatory
bowel disease similarly rely on GCs for management of disease activity, although long-term use
is constrained by the development of resistance and by accumulating adverse effects (see Sec-
tion 1.1.5) [18]. In each of these chronic settings, GCs act in part by inducing negative regulators
of MAPK signaling, including DUSPI, that limit the duration of pro-inflammatory cytokine pro-

duction [12].

1.1.5 Clinical limitations motivating mechanistic resolution

This subsection reviews the limitations of current GC therapy, including the adverse effect pro-
file of chronic exposure, the heterogeneous response across patients and within tissues, and the lim-
ited success of dissociated-ligand approaches. These limitations together motivate a quantitative,
single-cell mechanistic framework as the foundation for improved understanding of GR-driven

gene regulation.

10



Adpverse effects of chronic glucocorticoid therapy

The clinical utility of GCs is constrained by a well-characterized profile of adverse effects that
accumulate with chronic exposure, including metabolic disturbance, osteoporosis, immunosup-
pression, suppression of the hypothalamic-pituitary-adrenal axis, and neuropsychiatric effects [5,
46,47]. These adverse effects are not off-target consequences of imprecise pharmacology but on-
target consequences of the broad transcriptional reach of the glucocorticoid receptor (GR), which
regulates expression of thousands of genes across nearly all tissues [48]. This recognition moti-
vates strategies aimed at improved selectivity rather than at the abandonment of GR as a therapeutic

target [49, 50].

Glucocorticoid resistance and inter-patient variability

A substantial fraction of patients respond poorly to GC therapy or develop reduced sensitivity
over time, a phenomenon collectively referred to as GC resistance or GC insensitivity [47, 51].
Proposed mechanisms include shifts in the balance of GR isoforms toward the dominant-negative
GRp, altered patterns of GR phosphorylation and other post-translational modifications, changes
in chromatin state at GR target loci, and overactivation of MAPK signaling that interferes with
GR function [7,52-54]. The variability of GC response across patients underscores the need for
mechanistic understanding at the level of individual cells, since the molecular events that drive

resistance are unlikely to be uniform across a tissue or a patient population.

Heterogeneous response within tissues and cell populations

Even within a clonal cell population exposed to identical conditions, the response to GC stim-
ulation is heterogeneous: individual cells differ in the timing, magnitude, and duration of GR
translocation and target gene induction [55, 56]. This heterogeneity is invisible to bulk biochem-
ical measurements, which report only population averages, but it is a candidate explanation for
the variable clinical outcomes described above [57]. A central premise of this dissertation is that
quantitative single-cell measurement, combined with discrete stochastic modeling, is the appropri-

ate framework for resolving and interpreting this cell-to-cell variation.
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Limitations of selective GR modulators and dissociated ligands

Significant effort has been directed toward the development of selective glucocorticoid receptor
agonists (SEGRAs) and so-called dissociated ligands, intended to preserve the anti-inflammatory
trans-repression activity of GR while reducing the trans-activation activity associated with
metabolic and other adverse effects [47, 58, 59]. Despite extensive preclinical effort, these
molecules have not produced ligands with clinically meaningful improvements over conventional
GCs, in part because the mechanistic distinction between trans-activation and trans-repression is
less clean than was originally proposed [50, 60]. The limited success of this approach motivates a
complementary path, in which cell-resolved mechanistic understanding of GR signaling provides

the quantitative foundation for predicting and ultimately improving therapeutic outcomes.

1.2 The glucocorticoid receptor: structure, transport, and reg-

ulation

The GR is the principal mediator of GC action in mammalian cells [47,61,62]. As a ligand-
activated transcription factor, GR translates the binding of circulating or therapeutic GCs into
changes in the expression of thousands of target genes that collectively shape the metabolic, de-
velopmental, and immunomodulatory effects of this class of hormones [48,49]. The mechanistic
events that link ligand binding to transcriptional output are distributed across multiple cellular com-
partments [63] and involve protein folding, regulated nuclear import and export [56,64], chromatin
engagement [65,66], coregulator recruitment [67,68], and receptor turnover [69—71]. This section
reviews the structural, kinetic, and regulatory features of GR that are relevant to the experimental
and modeling work in subsequent chapters, with particular attention to the features that contribute

to single-cell variability in GC response.

1.2.1 GR gene, isoforms, and protein architecture

This subsection introduces the NR3C1I gene and the GR isoforms it encodes, summarizes the

three-domain architecture of GRa, and reviews the post-translational modifications that shape its
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functional state. These features establish the molecular starting point for the transport and tran-

scriptional behaviors discussed in subsequent subsections.

The NR3C1 gene and GR isoforms

GR is encoded by the NR3C1 gene, which produces multiple receptor isoforms through a com-
bination of alternative splicing and alternative translation initiation [62, 72]. The two principal
splice variants, GRa and GRf, share their N-terminal and DNA-binding domains but differ in
their C-terminal sequences. GR« is the canonical, ligand-binding receptor that mediates the clas-
sical genomic actions of GCs, while GRf lacks a functional ligand-binding pocket and acts in
some contexts as a dominant-negative regulator of GR« activity [73,74]. Additional translational
isoforms (GR-A through GR-D) arise from alternative initiation within the GR« transcript and
differ in their N-terminal sequences and transcriptional activities [53]. The relative abundance of
these isoforms varies across cell types and is implicated in the variable GC sensitivity observed
across tissues and patients [62]. The work in this dissertation is performed in HeLa cells, in which
GRa is the dominant isoform and is the focus of the modeling framework developed in subsequent

chapters.

GR domain organization

GRa is a 777 amino acid protein organized into three principal domains: an N-terminal domain
(NTD) that harbors the major transcriptional activation function AF-1, a central DNA-binding do-
main (DBD) consisting of two zinc-finger motifs, and a C-terminal ligand-binding domain (LBD)
that contains AF-2 and the hormone-binding pocket [47,49,75]. A short hinge region between
the DBD and LBD contains the principal nuclear localization sequence and is the target of mul-
tiple post-translational modifications. The NTD is intrinsically disordered and adopts ensembles
of conformations rather than a single defined structure [76]. This structural plasticity provides a
flexible interface for coregulator recruitment and is increasingly recognized as a determinant of the

dynamic chromatin engagement behavior discussed in Section 1.2.4.
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Post-translational modifications and functional consequences

GR is subject to extensive post-translational regulation, including phosphorylation, acetylation,
ubiquitination, and SUMOylation, that modulates ligand sensitivity, nuclear localization, transcrip-
tional activity, and protein turnover [70,77,78]. Phosphorylation at multiple serine residues in the
NTD, mediated by kinases including CDK, GSK3, p38, and JNK, alters both the magnitude and
gene-specific pattern of GR transcriptional output [79-81]. Acetylation in the hinge region has
been shown to regulate the ability of GR to repress NF-xB-dependent transcription [70, 82]. Ly-
sine residues in the LBD, including K419 in human GR, serve as sites for ubiquitination that targets
the receptor for proteasomal degradation following ligand activation [78]. The combinatorial na-
ture of these modifications produces a population of GR molecules with heterogeneous regulatory

states, and contributes to the cell-to-cell variation in GR function discussed in Section 1.4.

1.2.2 Cytoplasmic GR and ligand binding

This subsection describes the cytoplasmic chaperone complex that maintains unliganded GR
in a ligand-binding-competent state, the conformational consequences of GC binding, and the
resulting exposure of nuclear localization sequences. Together these events couple ligand binding

to the nuclear import process examined in the following subsection.

The HSP90/FKBP chaperone complex

In the absence of ligand, GR is maintained in the cytoplasm as part of a multiprotein chaperone
complex that includes HSP90, HSP70, p23, and immunophilins such as FKBP51 and FKBP52 [47,
49]. This complex stabilizes the LBD in a high-affinity, ligand-binding-competent conformation
and simultaneously masks the principal nuclear localization sequence in the hinge region, retaining
the receptor in the cytoplasm. The composition of the chaperone complex is a determinant of GR
ligand sensitivity: FKBP51 and FKBP52 compete for binding to the same site and exert opposing
effects on GR activity, with FKBP52 promoting and FKBP51 antagonizing the receptor response.
Cell-to-cell variation in chaperone composition is therefore a candidate source of heterogeneity in

apparent GC sensitivity, even before considering downstream regulatory variation.
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Ligand binding kinetics and conformational change

GC binding to the LBD induces a coordinated conformational rearrangement, most notably the
repositioning of helix 12 of the LBD into the agonist position that completes the AF-2 coactivator
interface [75]. This conformational change is communicated through the LBD to the chaperone
complex, triggering its dissociation and exposing the previously masked nuclear localization se-
quence. Dex is a high-affinity synthetic GC with a slow dissociation rate from GR, properties that
make it well suited for the controlled stimulation experiments described in Chapter 2 [38]. The ki-
netics of ligand binding and chaperone dissociation are fast on the time scale of the transcriptional
response and are therefore not the rate-limiting steps for nuclear accumulation of GR following

Dex treatment.

Exposure of nuclear localization sequences

GR contains two nuclear localization sequences, designated NL1 and NL2 [49, 64, 83]. NL1,
located in the hinge region adjacent to the DBD, is a classical bipartite NLS that mediates rapid,
importin-dependent nuclear import. NL2, distributed across the LBD, mediates slower import that
is less well characterized mechanistically. In the unliganded state, both signals are masked by the
chaperone complex and by intramolecular contacts within the LBD. Ligand binding, by triggering
chaperone dissociation and conformational reorganization of the LBD, exposes NL1 and renders
the receptor competent for active transport into the nucleus. This ligand-dependent exposure of
import signals provides the molecular basis for the rapid, ligand-induced nuclear translocation that

is the central observation of the GR transport experiments in Chapter 2.

1.2.3 Nucleocytoplasmic transport dynamics

This subsection reviews the importin-mediated nuclear import of ligand-bound GR, the CRM1-
dependent export pathways and their recent reinterpretation in light of nuclear degradation data,
and the continuous shuttling behavior revealed by live-cell imaging. These dynamics motivate the

discrete stochastic transport model developed in Chapter 2.
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Importin-mediated nuclear import

Ligand-bound GR is imported into the nucleus through the classical importin-a/importin-{3
pathway [64, 83]. The NL1 sequence in the hinge region is recognized by importin-o, which
then associates with importin-3 to dock the cargo complex at the nuclear pore. Translocation
through the pore is energetically coupled to the RanGTP gradient that is maintained across the
nuclear envelope, and cargo release in the nucleus is driven by RanGTP-mediated dissociation of
the importin complex. The observed rate of nuclear accumulation of GR following GC stimulation
is therefore the convolution of ligand binding, chaperone dissociation, NLS recognition, and pore
translocation. Each of these steps imposes a kinetic constraint, but at typical GC concentrations
the overall import rate is fast relative to the timescales of transcriptional activation and mRNA

accumulation that are the central observables in Chapter 2.

CRM1-dependent nuclear export

Nuclear GR has classically been described as exported back to the cytoplasm through CRM1-
dependent pathways that recognize leucine-rich nuclear export signals in the receptor [48]. This
export is suppressed by ligand binding, both because the chaperone complex that normally pro-
motes cytoplasmic retention has dissociated, and because the ligand-induced conformational state
of the LBD reduces the accessibility of the export signal [64,83]. A widely cited regulatory layer
on this pathway is JNK-mediated phosphorylation of GR at S226, which enhances CRM1-driven
export after hormone withdrawal and has been proposed to terminate GR-mediated transcription
through cytoplasmic recycling of the receptor [84,85]. More recent live-cell and pulse-chase work
in prostate cancer cells has complicated this recycling picture: hormone withdrawal was shown
to trigger nuclear GR degradation rather than nuclear-to-cytoplasmic export, and unliganded GR
was imported into the nucleus and degraded there without ever returning to the cytoplasm [71].
Although S226-dependent export remains a valid mechanism, these findings suggest that under
typical stimulation conditions GR transport is closer to a one-way trip in which nuclear clearance
is governed largely by degradation. The steady-state nuclear occupancy of GR following stim-

ulation therefore reflects a balance between fast import and the clearance processes discussed in
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Section 1.2.5, and the question of whether any residual cytoplasmic GR reflects ongoing return
flux or simply the not-yet-imported pool is one that single-cell joint distributions of nuclear and

cytoplasmic GR are well positioned to address.

Continuous shuttling and residence-time models

Although GR is often described as undergoing a simple cytoplasm-to-nucleus translocation
in response to ligand, modern live-cell imaging and single-molecule tracking studies have estab-
lished that GR is in continuous flux between the two compartments, even in the presence of lig-
and [66, 86, 87]. Fluorescence recovery after photobleaching (FRAP) and single-particle tracking
measurements indicate that individual GR molecules engage chromatin transiently, with residence
times that follow power-law rather than exponential distributions, and that the receptor cycles be-
tween bound and unbound states on second to minute timescales. This shuttling behavior has
important implications for the interpretation of fixed-cell measurements: an observed nuclear GR
level reflects not a static accumulation but a dynamic steady state set by the rates of import, export,
and degradation. Chapter 2 develops a discrete stochastic model that captures this dynamic steady
state and uses single-cell distributions to discriminate among alternative mechanisms by which it

can be established.

1.2.4 Transcriptional regulation by nuclear GR

This subsection reviews the modes by which nuclear GR regulates transcription, including
direct GRE binding, tethering and negative GRE interactions, and coregulator recruitment with
chromatin remodeling. Recent power-law and IDR-mediated descriptions of GR-chromatin en-
gagement are introduced as context for the effective two-state promoter models used in later chap-

ters.

GRE binding and direct transactivation

The canonical mode of GR action involves binding as a homodimer to glucocorticoid response

elements (GREs), short DNA sequences with a consensus palindromic motif that occurs at thou-
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sands of sites across the mammalian genome [56, 75]. Direct GRE binding recruits coactivators,
chromatin remodeling complexes, and components of the basal transcription machinery, leading
to transcriptional activation of nearby genes. The occupancy of any particular GRE is a function
of GR concentration, GRE affinity, and local chromatin accessibility, and the saturation behavior
of individual loci across a range of nuclear GR concentrations has been shown to depend on these
factors in combination [88]. The DUSP1 promoter, which is the principal target gene examined in
this dissertation, contains GR-binding sites that have been characterized in detail and are addressed

in Section 1.3.

Tethering, negative GREs, and trans-repression

Beyond canonical GRE binding, GR also regulates transcription through several non-canonical
modes, including binding to negative GREs that mediate direct transcriptional repression, and teth-
ering interactions with other transcription factors such as AP-1 and NF-xB [47,75]. Tethering was
historically proposed as the principal mechanism of GC anti-inflammatory action and as a mecha-
nism that could be pharmacologically separated from the trans-activation responsible for metabolic
adverse effects. However, recent genetic studies using GR DNA-binding-deficient mutants have
shown that direct DNA recognition is required for both transactivation and trans-repression in
many contexts, and that the assembly of a functional coregulator complex at GR-bound DNA is
essential for both outputs [89]. This finding has substantially revised the mechanistic basis of GC
anti-inflammatory action and underlies the limited success of dissociated-ligand pharmacology

described in Section 1.1.5.

Coregulator recruitment and chromatin remodeling

GR engagement at chromatin recruits a large set of coregulator proteins, including the histone
acetyltransferases p300 and CBP, SWI/SNF chromatin remodeling complexes, and mediator sub-
units, that together remodel nucleosome positioning and modify histone tails to permit productive
transcription [55, 67, 68,90]. Chromatin accessibility upstream of GR binding is itself a strong

determinant of where GR engages the genome, with pre-existing accessible regions being prefer-
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entially occupied [91]. The kinetics of coregulator recruitment and chromatin remodeling are rapid
relative to the timescale of measurable transcriptional output, and live-cell studies have shown that
individual chromatin engagement events are transient and that productive transcription requires
the integration of multiple short-lived binding events. These observations motivate the two-state
promoter model frameworks developed in Chapter 2, in which the kinetics of promoter switching

are inferred from the statistical properties of single-cell transcript distributions.

Power-law and IDR-mediated transcription factor dynamics

Recent single-molecule tracking studies have established that GR engagement with chromatin
is best described not by the simple exponential residence time distributions assumed in classi-
cal kinetic models, but by power-law distributions that arise from a broad spectrum of binding
lifetimes [66]. The intrinsically disordered N-terminal domain of GR has been shown to medi-
ate transient confinement and clustering at active chromatin sites, providing a molecular basis for
the observed deviation from exponential kinetics [76]. Although the discrete stochastic models
developed in Chapter 2 use exponential transition rates for tractability, the observed transcript
distributions reflect the integrated effect of these complex underlying dynamics, and the inferred
promoter switching rates should be interpreted as effective rates that summarize the net behavior

of the system on the timescale of mRNA accumulation [92].

1.2.5 GR downregulation and termination of signaling

This subsection reviews ligand-induced ubiquitination and proteasomal degradation as the
dominant clearance mechanism for activated GR, and discusses the compartment-specific conse-
quences of nuclear versus cytoplasmic degradation. The discriminative power of single-cell joint

distributions for resolving these alternatives is identified as a central methodological contribution

of Chapter 2.
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Ligand-induced proteasomal degradation

The dominant mechanism for terminating GR signaling is ligand-dependent ubiquitination and
proteasomal degradation of the receptor [69, 78,93]. Ligand binding promotes phosphorylation
and ubiquitination of GR, with the K419 residue in human GR identified as the principal ubiquitin
acceptor that targets the receptor for 26S proteasome-mediated degradation [78]. Pharmacological
inhibition of the proteasome stabilizes GR protein and prolongs transcriptional responses, consis-
tent with proteasomal turnover being the dominant clearance pathway for activated GR. Combined
with the observation that hormone withdrawal triggers nuclear degradation rather than export (Sec-
tion 1.2.3) [71], this places ligand-induced proteasomal turnover as the principal negative feedback
limiting the duration of GR signaling, and as a key parameter in the kinetic models developed in

Chapter 2.

Compartment-specific clearance and its functional consequences

The location of ligand-induced GR degradation, whether predominantly nuclear, cytoplasmic,
or both, has been a long-standing question with direct consequences for the dynamics of nuclear
GR occupancy [69,78,86,87]. Biochemical and live-cell work in prostate cancer cells has recently
argued for a nuclear-dominant clearance pathway, in which both unliganded and post-withdrawal
GR are degraded within the nucleus rather than exported back to the cytoplasm [71]. Even given
this updated view, alternative compartmental architectures (nuclear degradation that limits resi-
dence time at chromatin versus cytoplasmic recycling that depletes the import-competent pool)
predict different shapes for the joint distribution of nuclear and cytoplasmic GR across single cells,
and these distribution-level differences provide a fluctuation-based handle on the question that bulk
biochemistry cannot access. One of the central results of Chapter 2 is that endogenous single-cell
joint distributions of nuclear and cytoplasmic GR in HeLa cells discriminate among these alterna-
tives, and that the experimentally observed distributions are most consistent with nuclear clearance
as the dominant pathway, independently corroborating the picture emerging from the biochemical

literature in a different cell type and through an orthogonal method.

20



1.3 DUSP1 as a GR-responsive negative regulator of MAPK

signaling

DUSPI, also known as MKP1, occupies a privileged position in the regulatory architecture
introduced in the preceding sections. It is a direct transcriptional target of GR, it acts as a phos-
phatase that inactivates the p38 and JNK MAPKSs whose chronic activation drives many of the
inflammatory pathologies that GCs are used to treat, and it is itself subject to post-transcriptional
control through ARE:s in its 3’ UTR. DUSPI1 therefore sits at the intersection of GR-driven tran-
scriptional activation, MAPK-driven inflammatory signaling, and ARE-mediated mRNA decay,
and its abundance at any given time reflects the joint operation of these regulatory layers. This
section reviews the biochemistry of DUSP1 and its place in inflammatory regulation, the features
of its gene and promoter that are relevant to transcriptional modeling, and the post-transcriptional

mechanisms that shape DUSP1 mRNA distributions in the cell.

1.3.1 The dual-specificity phosphatase family and MKP1 function

This subsection introduces the DUSP/MKP family architecture, the substrate preference of
MKP1 for p38 and JNK, and the delayed negative feedback loop in which MKP1 expression is
induced by the same pathways it inactivates. These features establish DUSPI1 as the principal

GR-responsive negative regulator of MAPK signaling.

DUSP/MKP family architecture and substrate specificity

The dual-specificity phosphatases (DUSPs) are a family of enzymes that dephosphorylate both
phosphothreonine and phosphotyrosine residues within a single catalytic event, distinguishing
them from the more restricted protein tyrosine phosphatases and serine/threonine phosphatases [94,
95]. A functionally defined subset of the DUSP family, known as the MAPK phosphatases (MKPs),
specifically target the dual phosphorylation of the TXY activation motif in the MAPK activa-
tion loop and are therefore the principal enzymes responsible for terminating MAPK signaling.

Mammalian MKPs are organized into nuclear and cytoplasmic subfamilies that differ in subcel-
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lular localization, substrate preference, and inducibility, and that together provide compartment-
specific control over the duration and amplitude of MAPK activity [28,95]. Within this family,
DUSP1/MKP1 is a nuclear, inducible MKP whose expression is rapidly upregulated by a wide

range of stress and inflammatory stimuli, including GC treatment.

MKP1 dephosphorylation of p38 and JNK

MKP1 preferentially dephosphorylates p38 and JNK, with lower activity against ERK, and is
therefore positioned as a selective negative regulator of the stress-responsive arms of the MAPK
network described in Section 1.1.2 [28,96]. Mice deficient in DUSP1 exhibit prolonged and ex-
aggerated p38 and JNK activation in response to inflammatory stimuli, together with elevated
production of pro-inflammatory cytokines, establishing a direct, non-redundant role for DUSP1 in
constraining MAPK-driven inflammation [23,33]. The selectivity of MKP1 for p38 and JNK over
ERK is consistent with the broader observation that stress and inflammatory signals are preferen-
tially controlled by inducible negative regulators, while proliferative ERK signaling is regulated

by constitutively expressed phosphatases.

The DUSP1-MAPK negative feedback loop in inflammation

DUSP1 expression is itself induced by p38 and JNK activity through the same inflammatory
stimuli that activate these kinases, creating a delayed negative feedback loop in which transient
MAPK activation drives its own attenuation [12,97]. The kinetics of this feedback are central
to determining whether an inflammatory response resolves or progresses to a chronic state: in-
sufficient DUSP1 induction permits sustained MAPK activity and persistent cytokine production,
while appropriately timed induction restores homeostasis (Fig. 1.3a,b). GC stimulation amplifies
this feedback by inducing DUSPI1 transcription through GR-dependent mechanisms that are par-
tially independent of MAPK activity (Fig. 1.3c), and this amplification is believed to be a principal
molecular basis of the anti-inflammatory action of GCs [23,33]. The remainder of this section
develops the gene-level and post-transcriptional regulatory features that determine DUSP1 abun-

dance under these conditions.
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Figure 1.3: Timing of MAPK signaling and ARE-mRNA stability distinguishes acute, chronic, and
glucocorticoid-treated inflammation. Illustrative (non-quantitative) time courses of p38 MAPK, MKPI,
and TTP activity, and in (c) activated GR, together with the resulting stability envelope of proinflammatory
AU-rich-element (ARE) mRNAs (gray). (a) In acute inflammation, a transient p38 burst drives proinflam-
matory transcription; delayed induction of MKP1 dephosphorylates p38 and JNK, and TTP shifts to its
active, decay-promoting state, together destabilizing ARE-mRNAs so the response resolves. (b) In chronic
inflammation, sustained p38 activity with insufficient or mistimed MKP1 and TTP activity fails to destabilize
ARE-mRNAgs; the stability envelope stays elevated and the response does not resolve. (¢) Glucocorticoid
treatment: dexamethasone (Dex, dashed vertical line) activates GR (blue dashed), inducing DUSP1/MKP1
and shifting TTP toward its active state, restoring the timed decay of ARE-mRNAs and resolution. The
kinetics of this GR-DUSPI axis are the focus of Chapter 2.

1.3.2 DUSPI1 gene structure and transcriptional regulation

This subsection describes the genomic organization of human DUSP1, the GR-binding sites
and coactivators at its promoter, and the transcriptional bursting behavior observed at endogenous
GR target loci. These features motivate the two-state promoter modeling approach applied to
DUSPI in Chapter 2. Figure 1.4 summarizes the transcriptional and post-transcriptional control

points discussed in this subsection and the next.

Genomic organization of human DUSP1

The human DUSPI gene is located on chromosome 5q35.1 and is organized into four exons
and three introns spanning approximately 3.1 kilobases of genomic sequence on the reverse strand
(GRCh38) [98]. The mature DUSP1 mRNA encodes a protein of 367 amino acids that contains
an N-terminal regulatory domain, a central catalytic phosphatase domain, and a C-terminal region
that mediates substrate recognition [94,99]. The DUSPI mRNA contains multiple AREs within

its 3’ UTR that contribute to rapid post-transcriptional regulation and mRNA turnover [37], as
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Figure 1.4: Two levels of DUSPI regulation. Schematic of the DNA-level (transcriptional) and mRNA-
level (post-transcriptional) control points that together set DUSP1 expression. (Top) DNA-level regulation.
At the DUSP1 promoter, multiple inducible inputs converge on the transcription start site: the glucocorti-
coid receptor (GR) bound at a glucocorticoid response element (GRE), CREB/ATF acting downstream of
p38 MAPK signaling (dashed line), and the histone acetyltransferase coactivator p300. Their combined
engagement drives DUSP] transcription, illustrating that promoter output reflects the integrated activity of
several concurrent signaling inputs rather than GR alone. (Bottom) mRNA-level regulation. The mature
DUSPI transcript carries a 5' m7G cap, a coding sequence (CDS) translated by the ribosome to produce
nascent MKPI, and a 3’ UTR containing an AU-rich element (ARE). Tristetraprolin (TTP) binds the ARE
and recruits the CCR4-NOT deadenylase complex, promoting poly(A) tail shortening and subsequent ex-
onucleolytic decay, while decapping exposes the transcript to 5’-to-3" degradation by Xrnl. Transcript
abundance therefore reflects a balance between synthesis and ARE-directed decay.

discussed in Section 1.3.3 [100]. The promoter region upstream of the DUSP1 transcription start
site contains binding sites for multiple inducible transcription factors, including GR, AP-1, and

CREB, that together account for the responsiveness of DUSPI to a broad spectrum of stress and

hormonal stimuli.

GR binding sites and coactivator recruitment at the DUSP1 promoter

The DUSP1 promoter contains characterized GR-binding sites that mediate direct GR-
dependent transcriptional activation, and chromatin immunoprecipitation studies have established
that GR occupancy at the DUSPI1 locus increases rapidly following GC stimulation [33,101]. GR

engagement at the DUSP1 promoter is accompanied by recruitment of the histone acetyltransferase
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coactivators p300 and CBP, by remodeling of the local chromatin landscape, and by recruitment
of the basal transcription machinery [23]. DUSP1 expression in vivo is best understood not as a
direct function of nuclear GR concentration but as the integrated output of multiple concurrent
signaling inputs converging on the same promoter, including AP-1 and CREB-driven activation
downstream of MAPK signaling alongside direct GR engagement (Fig. 1.4, top). These inputs
can act concordantly to drive rapid DUSP1 induction under combined hormonal and inflammatory
stimulation, but they originate from upstream pathways with opposing physiological roles, and
the resulting transcriptional output reflects a convolution of signals rather than a single regulatory
axis. The experimental design in Chapter 2 isolates the GR-dependent component of this response
by stimulating HeLa cells with Dex in the absence of additional inflammatory inputs, allowing the
kinetics of GR-driven DUSP1 transcription to be characterized independently of parallel signaling

contributions.

Transcriptional bursting at endogenous GR target loci

Live-cell imaging of nascent transcription at endogenous GR target genes, together with snap-
shot single-molecule FISH measurements of transcription site activity, has established that GR-
driven transcription occurs in discrete bursts rather than as a continuous process [55, 102]. In-
dividual cells undergo periods of active transcription, during which multiple nascent transcripts
accumulate at the locus, separated by intervals of transcriptional silence. The frequency, duration,
and intensity of these bursts vary substantially across cells, even within a clonal population, and
this variation is the dominant source of cell-to-cell heterogeneity in transcript abundance for many
inducible genes [92, 103]. The work in Chapter 2 uses smiFISH measurements of transcription
site activity at the DUSP1 locus, together with discrete stochastic modeling, to infer the kinetic
parameters of this bursting behavior and to discriminate among alternative mechanisms by which

GR drives DUSP1 induction.
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1.3.3 Post-transcriptional control of DUSP1 mRNA

This subsection reviews the AREs in the DUSP1 3’ UTR, the destabilizing and stabilizing
ARE-binding proteins that compete at these sites, and the central role of TTP in coupling MAPK
signaling to DUSP1 mRNA decay. The GC-induced reshaping of this regulatory landscape moti-

vates the integrated transcription and decay model developed in Chapter 2.

AU-rich elements in the DUSP1 3’ UTR

The DUSP1 mRNA 3’ UTR contains multiple ARE motifs, characterized by the consensus
pentamer AUUUA embedded in U-rich sequence context, that function as recognition sites for
trans-acting RNA-binding proteins that regulate mRNA stability and translation [12,104]. AREs
are a defining feature of a class of inflammation-associated transcripts that also includes pro-
inflammatory cytokines, immediate-early gene products, and several other negative feedback regu-
lators of MAPK signaling. Importantly, AREs are recognized by both destabilizing and stabilizing
classes of RNA-binding proteins, and the net effect on transcript half-life at any given time reflects
the balance of these competing activities rather than the action of a single regulator. In the case
of DUSPI, the destabilizing proteins TTP and AUF1 compete with the stabilizing protein HuR for
binding to overlapping sites in the 3' UTR, and the apparent stability of DUSP1 mRNA is therefore
set by the relative occupancy and activity state of these factors [100, 104]. The presence of these
elements means that DUSP1 mRNA abundance at any given time is determined not only by the
rate of transcription but also by the rate of decay, with both rates subject to dynamic regulation by

inflammatory and hormonal signals.

ARE-binding proteins and the CCR4-NOT decay pathway

ARE-containing transcripts are recognized by a set of trans-acting RNA-binding proteins
(ARE-BPs) with opposing effects on transcript stability and translation [35, 104]. The destabi-
lizing ARE-BPs, including TTP (ZFP36), AUF1, and KSRP, recruit the CCR4-NOT deadenylase
complex to the target transcript, initiating decay through poly(A) tail shortening followed by

3’-to-5" exonucleolytic degradation by the exosome and decapping-mediated 5'-to-3’ degradation
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by Xrnl (Fig. 1.4, bottom) [105]. The stabilizing ARE-BP HuR (ELAVLI1), in contrast, binds
AREs with overlapping specificity and shields target transcripts from decay machinery while
also promoting their translation. For DUSPI specifically, HuR has been shown in HeLa cells
to bind the 3’ UTR and to stabilize DUSP1 mRNA and enhance its translation in response to
stress, and HuR silencing markedly reduces DUSPI induction at the protein level [100]. The
net effect of these competing activities on DUSP1 mRNA abundance is therefore set by both
the absolute expression of each ARE-BP and by their post-translational regulatory state, with
phosphorylation playing a central role for both TTP and HuR [12, 104]. In the GC-stimulated
condition examined in this dissertation, HuR expression is not appreciably altered, while TTP is
transcriptionally induced as a direct GR target, shifting the balance of ARE-BP occupancy toward
destabilization [37]. The detailed regulation of TTP, which is the principal driver of GC-dependent

destabilization of DUSP1 mRNA, is described below.

Tristetraprolin: structure, regulation, and role in mRNA destabilization

TTP is a small, intrinsically disordered protein whose central tandem zinc-finger domain rec-
ognizes ARE motifs with high specificity, while its disordered N- and C-terminal regions mediate
interactions with the CCR4-NOT complex and with regulatory kinases [35, 105]. The activity of
TTP is regulated by phosphorylation: p38 MAPK, acting through its downstream kinase MK2 (also
known as MAPKAPK?2), phosphorylates TTP at multiple sites, including S52 and S178, that re-
cruit 14-3-3 proteins and sequester phosphorylated TTP away from its mRNA targets [12,30, 106].
This phosphorylation effectively inactivates the decay-promoting function of TTP and stabilizes
ARE-containing transcripts under conditions of active p38 signaling. DUSP1-mediated dephos-
phorylation of p38 reduces MK2 activity and thereby reverses TTP phosphorylation, restoring
TTP-driven decay of ARE-containing transcripts, including DUSP1 itself [107]. The result is a
coupled feedback in which the same phosphatase that terminates MAPK signaling also reactivates
the decay of its own transcript, producing a self-limiting expression dynamic that is one of the

central modeling targets in Chapter 2.
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Glucocorticoid-mediated reshaping of the ARE-mRNA landscape

Beyond its effects on transcriptional induction, GC treatment globally reshapes the abundance
of ARE-containing transcripts through coordinated effects on transcription, ARE-BP expression,
and ARE-BP activity [37]. Recent transcriptome-wide analyses have shown that GC treatment
destabilizes a substantial fraction of ARE-containing pro-inflammatory transcripts, in part through
GC-induced changes in TTP expression and activity, and that DUSP1 itself is among the transcripts
that are post-transcriptionally destabilized by GCs despite being transcriptionally induced [37].
The net abundance of DUSP1I mRNA in GC-treated cells therefore reflects a balance between
strong transcriptional activation and partially counteracting post-transcriptional destabilization.
This finding directly motivates the modeling framework developed in Chapter 2, in which DUSP1
mRNA distributions are interpreted as the joint output of transcriptional, export, and decay pro-

cesses rather than as a direct readout of transcriptional activity alone.

1.3.4 DUSP1/MKP1 dysregulation in disease

This subsection summarizes the clinical contexts in which altered DUSP1 expression has been
implicated, including inflammatory and autoimmune disease, GC resistance, and the host response
to COVID-19. These observations reinforce the value of predictive, mechanistic models of GC-

induced DUSP1 dynamics.

Inflammatory and autoimmune disease

Altered expression or activity of DUSP1 has been implicated in a broad range of inflamma-
tory and autoimmune conditions, including asthma, chronic obstructive pulmonary disease, sepsis,
inflammatory bowel disease, and rheumatoid arthritis [12,23]. In several of these settings, re-
duced DUSP1 induction or sustained TTP inactivation has been associated with prolonged MAPK
signaling and persistent cytokine production, providing a mechanistic link between negative feed-
back failure and clinical disease severity. DUSP1 has also been implicated in the development of
GC resistance: in some cell systems, sustained DUSP1 expression maintains the activity of down-

stream transcription factors such as IRF1 and contributes to a reduced apparent GC response [108].
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The crosstalk between p38 and GR in epithelial cells from inflammatory airway disease provides
an additional clinical context in which the DUSP1-MAPK feedback loop has been studied as a

determinant of treatment response [109].

Implications for COVID-19 and beyond

The clinical importance of DUSP1 dynamics was reinforced during the COVID-19 pandemic,
when the RECOVERY trial demonstrated that Dex reduced mortality among hospitalized patients
requiring respiratory support [43]. Comparative transcriptomic analysis of the host response to
SARS-CoV-2 infection and to GC treatment identified ARE-mediated post-transcriptional reg-
ulation as a likely contributor to the observed therapeutic benefit, with DUSPI1 induction and
TTP-driven decay of cytokine transcripts both implicated in the resolution of cytokine-driven lung
pathology [37,110]. These findings highlight the value of predictive, mechanistic models of GC-
induced DUSP1 expression that incorporate both transcriptional and post-transcriptional regula-

tion, and they motivate the integrated modeling approach developed in subsequent chapters.

1.4 Single-cell heterogeneity in glucocorticoid response

The mechanisms described in the preceding sections, including GR transport, transcriptional
activation at the DUSP1 promoter, and ARE-mediated mRNA decay, operate within individual
cells, and the parameters governing each step vary across cells in a population. The behavior of
any one cell at a given time therefore reflects the local realization of these stochastic and vari-
able processes, and the response of a population is the aggregate of these individual realizations
rather than a uniform average behavior. This section reviews the principal sources of cell-to-cell
variability in GR signaling, the limitations that population-averaged measurements impose on the
recovery of mechanistic parameters, and the experimental approaches that allow endogenous GR

and DUSP1 responses to be measured at single-cell resolution.
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1.4.1 Sources of cell-to-cell variability in GR signaling

This subsection identifies the principal sources of variability in the GR response, including
stable differences in receptor abundance, isoform composition, and chaperone state, and intrinsic
stochasticity in gene expression and chromatin state at target loci. These sources together shape

the single-cell distributions that the modeling framework in Chapter 2 is designed to interpret.

Receptor abundance, isoform composition, and cell cycle variability

Even within a clonal cell population grown under uniform conditions, individual cells differ
substantially in the molecular determinants of GR responsiveness, and several of these differences
are stable on the timescale of an experiment. Total GR protein abundance varies cell to cell,
and although this variation is not sufficient on its own to determine the qualitative shape of the
dose-response, it contributes to the magnitude of the response when combined with downstream
variability in chaperone composition, coregulator availability, and chromatin state [56, 88]. The
relative abundance of GR isoforms, including the GRa to GRf ratio and the distribution among
the GR-A through GR-D translational isoforms introduced in Section 1.2.1, provides a second axis
of variability that influences both ligand sensitivity and target gene selectivity, since these isoforms
differ in transcriptional activity despite sharing the same DNA-binding domain [62,72]. Variation
in the composition of the cytoplasmic chaperone complex, particularly in the relative expression of
FKBP51 and FKBP52, exerts opposing effects on ligand sensitivity and acts upstream of nuclear
translocation. Finally, asynchronous cell cycle progression imposes a further source of variability:
GR abundance, chromatin accessibility at target loci, and the activity of cell cycle-coupled kinases
that modify GR all change with cell cycle phase, so a population of unsynchronized cells samples
a distribution of cycle-dependent states at the moment of stimulation [111]. These stable, cell-
intrinsic differences combine with the stochastic timing of the response to shape the nuclear GR

distributions observed in fixed-cell snapshots.

30



Stochastic gene expression and transcriptional bursting

A second, mechanistically distinct source of variability is the inherently stochastic nature of
gene expression itself [92, 112]. Transcription occurs in discrete bursts driven by the random
opening and closing of the promoter, and each burst produces a small, integer number of mRNA
molecules whose subsequent processing, export, and decay are also discrete and random events.
The cell-to-cell variation that arises from these processes, even when all upstream signaling is
identical, is referred to as intrinsic noise and is distinguishable in principle from extrinsic varia-
tion in cell state through dual-reporter experiments. Intrinsic noise is particularly pronounced for
inducible genes such as DUSPI that exhibit low basal expression and large fold-induction, and
the burst structure of their transcriptional output is the principal source of the wide cell-to-cell

distributions observed in single-cell measurements [102, 113].

Chromatin state heterogeneity at GR target loci

The chromatin landscape at GR target loci is itself variable across cells, providing a third source
of response heterogeneity that acts at the level of regulatory accessibility [55, 114]. Joint profiling
of chromatin accessibility and transcription in single cells has shown that the same genomic locus
can occupy different accessibility states across cells in a clonal population, and that these state dif-
ferences predict the magnitude of subsequent transcriptional response to inducing stimuli. For GR
specifically, pre-existing chromatin accessibility at GR-binding sites is a strong predictor of where
the receptor engages the genome and how productively transcription is initiated. This chromatin-
level variability contributes to the long-tailed distributions of transcriptional output observed at GR
target genes and is incorporated phenomenologically into the two-state promoter models developed

in Chapter 2.

1.4.2 Limitations of bulk and population-averaged measurements

This subsection establishes that population-averaged measurements obscure mechanistically
informative features of the response and cannot in general discriminate among kinetic models that

produce identical means. The fluctuation fingerprint of single-cell distributions is introduced as the
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discriminative signal that motivates the experimental and modeling approach taken in subsequent

chapters.

Mechanism-masking by averaging

Population-averaged measurements report only the mean of the distribution of single-cell out-
puts, and this averaging obscures features of the response that are mechanistically informative [31,
92]. A bimodal population, in which a fraction of cells respond strongly and the remainder not at
all, can produce the same population mean as a unimodal population in which all cells respond at an
intermediate level, and these two scenarios imply very different regulatory mechanisms. Bulk bio-
chemistry, including Western blotting and bulk RNA-seq, is unable to distinguish between them.
The distributions of single-cell transcript counts and protein levels contain information about both
the magnitude and the structure of the response, and access to this information is a prerequisite for

inferring the underlying kinetic mechanisms.

Failure to discriminate among kinetic models with identical means

The limitation imposed by averaging is not merely a matter of resolution but extends to for-
mal model identifiability [32, 103]. Distinct kinetic models of transcriptional regulation can be
constructed that produce identical mean trajectories while predicting different distribution shapes,
and mean-level data are therefore insufficient to discriminate among them. A change in tran-
script abundance produced by an increase in burst frequency is indistinguishable from the same
change produced by an increase in burst size when only the mean is observed, but the two scenar-
ios produce different variances, different distribution shapes, and different temporal correlations.
Distribution-level data are therefore necessary, not merely helpful, for the mechanistic discrimina-

tion that motivates this dissertation.

The fluctuation fingerprint as a discriminative signal

The cell-to-cell variability that bulk measurements average away can be reframed as a fluc-

tuation fingerprint that constrains kinetic parameters far more tightly than the mean response
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alone [31, 115]. The shape of the single-cell distribution, including its variance, skewness, and the
position of any modes, depends sensitively on the rates of promoter switching, transcription, and
mRNA decay, and these dependencies often resolve parameter combinations that are unidentifiable
from mean-level fitting. There is a fundamental limit on the precision with which kinetic param-
eters can be inferred from any finite amount of single-cell data, set by the stochastic dynamics of
the underlying network [116], but in practice the information content of single-cell distributions is

sufficient to discriminate among the alternative mechanistic models considered in Chapter 2.
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Figure 1.5: Single-cell distributions distinguish responses that share a population mean.

Three cell populations with identical bulk expression (top, equal mean signal) can arise from distinct un-
derlying single-cell distributions (middle), which a population-averaged measurement cannot separate. Re-
solving expression at the single-cell level recovers the full distribution of mRNA copy number (bottom),
whose shape, including bimodality, skewness, and variance, reports regulatory features that the mean alone
obscures. This distribution-level signal is the fluctuation fingerprint exploited throughout this dissertation to
discriminate among kinetic mechanisms [31,92].



1.4.3 Quantitative single-cell measurement of endogenous targets

This subsection reviews smFISH and smiFISH for absolute mRNA quantification and quanti-
tative ICC for endogenous protein measurement, with emphasis on the practical issues that must
be addressed before these methods can be coupled to discrete stochastic models. The tradeoffs
versus live-cell reporters are then summarized to motivate the fixed-cell endogenous measurement

strategy adopted in Chapter 2.

smFISH and smiFISH for absolute mRNA quantification

Single-molecule fluorescence in situ hybridization (smFISH) enables direct, absolute counting
of individual mRNA molecules in fixed cells using sets of short oligonucleotide probes comple-
mentary to the target transcript, each labeled with a fluorophore. The conventional smFISH ap-
proach requires the synthesis of large probe sets in which each probe carries a directly conjugated
fluorophore, which becomes costly when many genes or conditions must be screened. The smi-
FISH variant addresses this by using unlabeled gene-specific primary probes that carry a shared
docking sequence, to which a small number of fluorescently labeled secondary FLAP oligonu-
cleotides hybridize. This decoupling of probe specificity from fluorophore identity reduces cost
and allows flexible relabeling without re-synthesizing the gene-specific probes [117]. Two prac-
tical issues shape the analysis. Parameter optimization for Big-FISH [118] does not scale cleanly
to the large image sets generated across many conditions and replicates, since thresholds tuned on
one field of view often fail to generalize. A custom processing pipeline was therefore built around
Big-FISH to batch large datasets and apply additional signal-to-noise filtering, both compartment-
specific and on total spot intensity, to suppress false-positive detections. The DUSP1 probe set
also targets exonic sequence rather than introns, so transcription sites cannot be isolated through
a dedicated nascent-RNA channel and are instead recovered as large, bright nuclear clusters of
mRNA whose integrated intensity reports the number of nascent transcripts at the locus. To parti-
tion cytoplasmic and nuclear counts in the absence of a protein-based cytoplasmic stain, dual-color
smiFISH was performed with DUSP1 probes labeled in Cy5 and GAPDH exonic probes labeled

in Cy3 to provide a cytoplasmic marker, with DAPI used for nuclear segmentation 2. Extension of
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this protocol to combined smiFISH/ICC for joint protein and mRNA measurement, and adaptation

to automated microscopy for higher-throughput acquisition, are discussed in Chapter 3.

Quantitative immunocytochemistry for endogenous protein

Endogenous protein abundance and subcellular localization can be measured in fixed cells us-
ing immunocytochemistry (ICC), in which primary antibodies specific for the target protein are de-
tected through fluorescently labeled secondary antibodies and quantified by image analysis [119].
For GR specifically, ICC enables measurement of the nuclear and cytoplasmic distributions of
the endogenous receptor without requiring fluorescent fusion constructs that may perturb func-
tion, localization, or expression [120]. Quantitative ICC poses several experimental challenges
that must be addressed before single-cell intensities can be interpreted as molecular abundances.
Antibody specificity must be validated against secondary-only and isotype controls to exclude off-
target binding that would inflate apparent receptor abundance. In the absence of a dedicated cyto-
plasmic stain, cytoplasmic regions must be approximated from the nuclear mask using a pseudo-
cytoplasmic ring, which sets the geometric basis for partitioning nuclear and cytoplasmic signal.
Uneven illumination across the field of view must be corrected so that intensity comparisons are
not confounded by position-dependent excitation, and day-to-day variation in imaging intensity
must be normalized across replicates to enable pooled analysis. Finally, calibrated intensities must
be discretized into molecular counts so that the resulting per-cell measurements can serve as inputs
to discrete stochastic models. The protocol development and validation for GR ICC in this work,
including the controls, masking strategy, illumination correction, between-day normalization, and

intensity-to-count calibration, are described in detail in Chapter 2.

Tradeoffs versus live-cell reporters

Live-cell measurement of GR and target gene dynamics is possible through complementary
approaches, including fluorescent fusions of GR for direct receptor tracking and MS2 or PP7 stem-
loop systems for nascent transcript visualization at the locus [67,87]. Live-cell methods provide

temporal trajectories from individual cells, which fixed-cell snapshots cannot directly recover, and
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they have been instrumental in establishing the dynamic, sub-saturating, and transient nature of
GR-chromatin engagement [66, 67]. The principal disadvantage of these approaches is that they
require exogenous reporter constructs whose expression level, isoform composition, localization,
or interaction with the endogenous machinery may differ from the untagged proteins or RNAs they
are intended to report on. Plasmid-driven expression can yield reporter abundances above endoge-
nous levels, and tagged GR constructs typically lack the splice variants (such as GRf) present in
the endogenous receptor pool. Translocation reporters of kinase activity provide a related set of
tools for visualizing signaling dynamics in single living cells, with similar tradeoffs in perturbation
and calibration; the p38 reporter of Tomida et al., for example, required addition of a nuclear export
sequence to suppress spurious nuclear accumulation of the construct [121, 122]. The work in this
dissertation uses fixed-cell endogenous measurements of GR protein and DUSP1 mRNA because
they provide accurate quantification of molecular species and their subcellular distribution, which

outweighs the loss of temporal trajectory information for the modeling framework adopted here.

1.5 Stochastic modeling of gene expression dynamics

The single-cell variability described in the preceding section motivates a quantitative frame-
work in which gene expression is modeled not as a continuous, deterministic process but as a
discrete, stochastic one whose realizations across cells produce the observed distributions of re-
ceptor, transcript, and protein abundance. This section reviews the chemical master equation as the
governing description of these processes, the finite state projection algorithm that makes the master
equation tractable for inference, the two-state promoter models that capture transcriptional burst-
ing, and the inference procedures that connect model parameters to single-cell data. The general
framework is presented at a level accessible to readers without a stochastic modeling background,
and each subsection closes by indicating how the framework is instantiated for GR transport and

DUSP1 transcription in Chapter 2.
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1.5.1 The chemical master equation framework

This subsection introduces the CME as the governing description of discrete stochastic bio-
chemical dynamics and identifies the regimes in which the deterministic ODE limit fails to capture
the distribution-level features that single-cell data report. These regimes correspond directly to the

GR transport and DUSP1 transcription systems modeled in Chapter 2.

Discrete stochastic dynamics and propensity functions

A biochemical reaction network can be described as a continuous-time Markov process on a
discrete state space, in which the state of the system is specified by the integer copy number of each
chemical species and the dynamics are determined by a set of reactions, each with an associated
propensity function [123]. The propensity of a reaction at a given state is the instantaneous proba-
bility per unit time that the reaction will fire, and it plays the role in the stochastic description that
the reaction rate plays in deterministic chemical kinetics. The chemical master equation (CME) is
the linear differential equation that governs the time evolution of the probability distribution over
states, and its solution gives the full joint distribution of all species at all times rather than only the
mean trajectory. The GR transport and DUSP1 transcription networks examined in Chapter 2 are
formulated as CMEs whose state vectors specify the number of nuclear GR molecules, cytoplas-
mic GR molecules, transcription sites in active and inactive states, and nuclear and cytoplasmic

DUSP1 mRNAs in each cell.

The deterministic limit and when it fails

In the limit of large molecule numbers and well-mixed systems, the CME reduces to a sys-
tem of ordinary differential equations (ODEs) for the mean concentrations, and the stochastic and
deterministic descriptions converge [123, 124]. This limit is appropriate for many metabolic and
signaling networks where copy numbers are in the thousands or higher. It fails, however, in three
regimes that are directly relevant to the systems studied here: when copy numbers are low (as for
promoter states, transcription sites, and mRNAs of inducible genes such as DUSP1), when the sys-

tem undergoes stochastic switching between states (as for promoter on/off dynamics), and when
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nonlinearities, such as saturable and time dependent degradation kinetics, shape the observed dis-
tributions 2. In each of these regimes, the deterministic description loses information about the
shape of the single-cell distribution, including its bimodality, skewness, and variance, that is pre-

cisely the information needed to discriminate among kinetic models.

1.5.2 Numerical solution via finite state projection

This subsection describes the FSP algorithm as the numerical method used to solve the CME
for inference, including the error bounds that make it suitable for likelihood evaluation and the
practical considerations for using FSP within parameter inference loops. The SSIT implementation

used in this dissertation is introduced as the computational backbone of the modeling work.

State-space truncation and error bounds

The CME is an infinite-dimensional system whenever any species has an unbounded copy num-
ber, and exact analytical solutions are available only for a small set of simple networks. The finite
state projection (FSP) algorithm provides a general numerical solution by truncating the infinite
state space to a finite, computationally tractable subset and solving the resulting matrix differential
equation directly [123]. FSP differs from sampling-based approaches such as the stochastic sim-
ulation algorithm in that it computes the probability distribution directly rather than estimating it
from finite samples, and it provides rigorous one-sided error bounds on the truncation error that
decrease as the included state space is expanded. These error bounds make FSP particularly well
suited to parameter inference applications, where the likelihood of an observed dataset must be

evaluated accurately rather than approximated stochastically.

Practical considerations for inference-grade FSP

Using FSP within an inference loop, in which the likelihood is evaluated repeatedly at thou-
sands of parameter combinations, imposes additional practical requirements beyond a single for-
ward solve. The truncation size must be large enough to bound the likelihood error below the

resolution required for parameter discrimination, the sparse matrix representations of the CME
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generator must be constructed efficiently, and the solver must be parallelized across the exper-
imental conditions and time points being fit simultaneously [32, 125]. The Stochastic System
Identification Toolkit (SSIT) developed in the Munsky group provides an integrated implementa-
tion of these requirements, with FSP solvers coupled to likelihood evaluation, parameter sampling,
and Fisher information-based experimental design [126]. The inference work in Chapter 2 uses
SSIT to fit and compare alternative CME-based models of GR transport and DUSP1 transcription

against single-cell distributions across multiple Dex concentrations and time points.

1.5.3 Two-state promoter models and transcriptional bursting

This subsection introduces the telegraph model as the simplest stochastic description of in-
ducible transcription, distinguishes the burst frequency and burst size mechanisms that produce
identical means but different distributions, and maps the resulting distribution shapes onto ob-
servable single-cell signatures. These mappings frame the model discrimination performed for

GR-induced DUSPI transcription in Chapter 2.

The telegraph model: k., k.q, &,

The simplest stochastic model of inducible transcription is the two-state, or telegraph, model,
in which the promoter switches between an inactive (OFF) and active (ON) state at rates k., and
ko, and transcription occurs at rate k,. during the ON state [92,102]. mRNA decay occurs at rate ~y
independent of promoter state. Despite its simplicity, this model captures the essential observation
that transcription occurs in discrete bursts separated by periods of silence, and it produces a steady-
state mRNA distribution that ranges from Poisson (when promoter switching is fast relative to
transcription and decay) to bimodal (when promoter switching is slow relative to decay). The
mean and Fano factor of the resulting distribution depend on the relative magnitudes of k., ko,
k., and 7 in ways that have intuitive mechanistic interpretations, providing a starting point for

connecting observed distributions to underlying promoter behavior.
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Burst frequency versus burst size as distinguishable mechanisms

A central feature of the telegraph model is that the same mean transcript abundance can arise
from very different promoter behaviors. Increasing k,, increases the frequency of bursts while
leaving their size unchanged, whereas increasing k, or decreasing k.g increases the size of each
burst while leaving their frequency unchanged [55,102]. Mean transcript level alone cannot distin-
guish these mechanisms, but they produce qualitatively different distribution shapes, different frac-
tions of cells with active transcription sites at any given time, and different intensity distributions
at the active transcription sites themselves. Discriminating among these mechanisms is therefore
a question about distribution shape, and it requires the kind of single-cell, distribution-level mea-
surements that smFISH and smiFISH provide. For GR-induced DUSP1 transcription specifically,
Chapter 2 uses smiFISH measurements of both mature transcript counts and transcription site ac-
tivity to discriminate among GR-dependent regulatory schemes in which Dex modulates ko, Ko,

or combinations of both.

Mapping promoter mechanisms to observable distributions

The qualitative distribution shapes produced by the telegraph model under different parameter
regimes provide an intuitive bridge between mechanism and observation [102, 103]. When pro-
moter switching is fast relative to both transcription and decay, the resulting transcript distribution
is approximately Poisson, with variance equal to the mean and a unimodal, narrow shape. When
the ON state is rare but produces a large burst, the distribution becomes negative-binomial, with
super-Poissonian variance and a long right tail. When the ON state is sufficiently long-lived and
rare, the distribution becomes bimodal, with one peak at low transcript counts representing cells
whose promoters are currently OFF and a second peak at higher counts representing cells in the
middle or aftermath of a burst. Fitting the telegraph model to observed distributions therefore
amounts to recovering the parameter combination that places the model in the regime consistent

with the data, and this fitting procedure forms the basis of the inference work described next.
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1.5.4 Parameter inference from single-cell distributions

This subsection describes likelihood-based inference of CME parameters from single-cell dis-
tributions, the Bayesian framework used to quantify parameter uncertainty, and the formal concepts
of identifiability and model discrimination that determine what can be concluded from any infer-

ence exercise. These concepts directly underlie the model selection results reported in Chapter 2.

Likelihood functions over discrete distributions

Given a CME-based model with a vector of parameters 0, an FSP solution provides the pre-
dicted probability of each discrete state at each observation time, and these probabilities can be
evaluated directly at the states observed in single-cell measurements to yield the likelihood of the
data under the model [32, 103]. Because the FSP solution is a probability distribution rather than
a moment summary, the resulting likelihood is exact within the FSP truncation error and does
not require Gaussian approximations or moment-closure schemes that would discard distribution
shape information. Single-cell measurements at multiple time points and Dex concentrations are
combined into a joint likelihood by assuming independence across cells within each condition,
and this joint likelihood is the objective function for parameter estimation and model comparison

in Chapter 2.

Bayesian inference and uncertainty quantification

Parameter estimation under the FSP likelihood is performed in a Bayesian framework, in which
prior distributions over the model parameters are combined with the data likelihood to yield pos-
terior distributions that characterize both the most probable parameter values and their associated
uncertainty [32,115]. Markov chain Monte Carlo sampling, typically using Metropolis-Hastings or
related schemes, provides samples from the posterior that can be summarized in terms of credible
intervals, marginal distributions, and joint dependencies between parameters. Uncertainty quantifi-
cation matters in two ways for the modeling work in Chapter 2: it permits honest reporting of the

precision with which each kinetic parameter is constrained by the data, and it propagates parameter
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uncertainty into model predictions on held-out conditions, allowing predictions to be reported with

credible intervals rather than as point estimates.

Identifiability and model discrimination

Two formal concepts shape what can be concluded from any single-cell inference exercise.
Structural identifiability asks whether the parameters of a model are uniquely determined in prin-
ciple by the available observables, while practical identifiability asks whether the available data
are sufficient to constrain them with useful precision [32]. Parameters that are structurally identi-
fiable but practically unidentified appear in the posterior as broad marginal distributions or strong
joint correlations, and these patterns are themselves mechanistic information rather than failures
of the inference procedure. Model discrimination, distinct from parameter inference, asks which
of several candidate models is best supported by the data, and is typically performed using in-
formation criteria such as the Bayesian information criterion (BIC) and the Akaike information
criterion (AIC), or through formal Bayesian model comparison. The central methodological out-
put of Chapter 2 is a model discrimination outcome: among the alternative mechanistic schemes
considered for GR transport, for DUSP1 promoter regulation, and for cytoplasmic mRNA fate, the
data identify a specific subset as best supported and reject others as inconsistent with the observed

single-cell distributions.

1.6 Existing computational models of GR-dependent tran-

scription
The biological and mathematical foundations developed in the preceding sections have moti-
vated a substantial body of computational modeling of GR signaling and GC-induced transcription.
These prior efforts have addressed complementary questions and have used a range of mathemat-
ical frameworks, from equilibrium statistical thermodynamics to deterministic kinetic models to
statistical and Boolean network analyses. The purpose of this section is not to provide an exhaus-

tive review, but to identify what each class of approach has contributed, what it has been unable
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to address, and where the integrated single-cell, discrete stochastic framework developed in this

dissertation fills a specific gap in the existing landscape.

1.6.1 Thermodynamic and equilibrium models

Statistical thermodynamic models treat the assembly of GR, coregulators, and DNA at a target
gene as an equilibrium process governed by binding affinities, cooperativity terms, and coregula-
tor concentrations, and predict the resulting transactivation as a function of ligand and coregulator
availability [59]. This framing has been productive for interpreting allosteric coupling between lig-
and binding, dimerization, and coregulator recruitment, and for explaining how the same receptor
can produce ligand-specific and gene-specific transcriptional outputs from a small set of biophysi-
cal parameters. The principal limitation of equilibrium models for the questions addressed in this
dissertation is that they describe the steady state of the assembled complex rather than its temporal
dynamics, and they assume a deterministic population average rather than predicting the cell-to-
cell distribution of transcriptional outputs. They are therefore not suited to the inference of kinetic
parameters from time-resolved, single-cell measurements of nuclear GR and DUSP1 transcript

distributions.

1.6.2 ODE and pathway-level kinetic models

Deterministic kinetic models, formulated as systems of ordinary differential equations (ODEs),
have been developed to describe GR autoregulation, target gene induction, and GR-mediated
crosstalk with other pathways in both GC-sensitive and GC-resistant cell systems [127, 128]. Re-
lated ODE frameworks have been used to model GR dimerization cycles and the multi-tissue phar-
macodynamics of GC-induced target genes such as GILZ [129, 130]. These models successfully
capture the population-average kinetics of GR signaling and have been useful for interpreting how
perturbations to individual rate constants would affect the mean response. As discussed in Sec-
tion 1.4.2, however, deterministic descriptions cannot reproduce the distribution shapes of single-

cell measurements and cannot discriminate between alternative kinetic mechanisms that produce
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identical means. The limitation is intrinsic to the framework rather than a matter of model com-

plexity, and it cannot be addressed by adding more reactions to an ODE description.

1.6.3 Statistical and Boolean approaches

A complementary set of approaches uses statistical and logical models to describe GR sig-
naling without committing to detailed kinetic rate laws. Multivariate statistical analyses of GR
phosphorylation patterns and protein-protein interactions have been used to identify biomarkers
of GC response and to relate receptor modification state to target gene output [60]. Boolean and
network-based analyses of the GR interactome have provided qualitative predictions about path-
way connectivity and have suggested candidate nodes whose perturbation could modulate the GC
response [51]. These methods are valuable for hypothesis generation and for identifying interac-
tions that warrant detailed mechanistic investigation. They are not, however, designed to produce
quantitative, distribution-level predictions about endogenous transcript or protein abundance in
single cells, and they cannot be used directly for the parameter inference and model discrimination

tasks pursued in this dissertation.

1.6.4 Gaps: spatial resolution, single-cell heterogeneity, and endogenous

measurement

Across the approaches reviewed above, four limitations recur and together define the specific
gap that this dissertation aims to fill. First, most existing models operate at steady state or on
population averages, and therefore cannot resolve the time-dependent, distribution-level features
of the single-cell response. Second, most models do not incorporate the explicit subcellular spatial
information (nuclear versus cytoplasmic localization of GR, transcription site activity at the locus,
nuclear versus cytoplasmic mRNA) that single-cell imaging provides and that constrains alterna-
tive transport and processing mechanisms. Third, very few existing models combine endogenous
single-cell measurement with discrete stochastic modeling, instead relying on bulk biochemistry,

exogenous reporter constructs, or both. Fourth, existing models of GR-driven transcription typi-
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cally focus on either the upstream receptor dynamics or the downstream transcript-level response,
but rarely integrate GR transport, promoter activation, mRNA export, and ARE-mediated decay
within a single, jointly fit framework whose predictions are validated against held-out conditions.
Closing this gap, by developing and quantitatively validating an integrated, single-cell, discrete
stochastic model of GR transport and DUSP1 mRNA dynamics, is the central methodological

contribution of the work described in Chapter 2.

1.7 Dissertation objectives and overview

This section states the central research question and hypothesis of the dissertation, presents the

four specific aims that operationalize them, and outlines the organization of the remaining chapters.

1.7.1 Research question and central hypothesis

The preceding sections have established that GC signaling through GR is one of the most
clinically consequential anti-inflammatory pathways in human biology, that the dynamics of GR
transport and the regulation of GR target genes such as DUSP1 are intrinsically heterogeneous
across single cells, and that existing computational models of this system have not integrated en-
dogenous single-cell measurement with discrete stochastic modeling. These observations motivate
the central research question of this dissertation: how do GR nucleocytoplasmic transport dynam-
ics, transcriptional bursting at the DUSP1 promoter, and ARE-mediated cytoplasmic mRNA decay
jointly produce the observed single-cell distributions of DUSP1 expression following GC stimula-
tion, and which features of these processes are uniquely identifiable from endogenous single-cell
measurements?

The central hypothesis of this work is that endogenous, single-cell measurements of GR local-
ization and DUSPI1 transcript abundance, when combined with discrete stochastic models formu-
lated in the chemical master equation framework, are sufficient to identify the dominant mecha-

nisms governing each stage of the response and to quantitatively constrain the kinetic parameters
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that describe them. The hypothesis is operationalized through three specific aims that together

produce an integrated, experimentally validated model of GR-driven DUSP1 dynamics.

1.7.2 Specific aims
The four specific aims progress from upstream GR transport dynamics to promoter-level tran-
scriptional regulation, to model-based discrimination of post-transcriptional decay mechanisms,

and finally to mechanistic validation through TTP dynamics and prediction on held-out conditions.

Aim 1: Quantify GR nucleocytoplasmic transport dynamics and identify dominant clearance

mechanisms

The first aim uses quantitative ICC of endogenous GR across multiple Dex concentrations
and time points to measure single-cell distributions of nuclear and cytoplasmic GR in HeLa cells.
Discrete stochastic models of GR transport and degradation, formulated in the CME framework
and solved by FSP, are fit to these distributions and compared to discriminate among alternative
clearance mechanisms, including cytoplasmic recycling, nuclear degradation, and combinations
of both. The aim establishes the kinetic structure of the upstream GR response and identifies the
mechanisms most consistent with the joint nuclear and cytoplasmic distributions observed in single

cells.

Aim 2: Quantify endogenous DUSP1 transcription and discriminate among GR-driven pro-
moter mechanisms

The second aim uses smiFISH to measure both transcription site activity and mature DUSP1
mRNA abundance in single cells across the same Dex doses and time points used in Aim 1. Two-
state promoter models with alternative GR-dependent regulatory schemes, including Dex-driven
increases in promoter activation rate k., Dex-driven decreases in promoter deactivation rate kg,
Dex-driven increases in transcription rate %, during the active state, and combinations of these,
are fit to the joint distributions of transcription site activity and mature transcript counts. Model

comparison identifies which of these regulatory schemes is best supported by the data, provid-
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ing a mechanistic interpretation of the GR-driven transcriptional response in terms of changes to

promoter switching dynamics, transcriptional output during the active state, or both.

Aim 3: Discriminate post-transcriptional mechanisms of DUSP1 mRNA regulation through
model selection

The third aim extends the promoter-level model from Aim 2 to include nuclear export and
cytoplasmic decay of DUSP1 mRNA, and tests alternative formulations of the decay process to
identify the minimal post-transcriptional features needed to reproduce the measured response. Four
candidate models are compared: a first-order decay model, a time-varying (TV) decay model, a
saturable (Sat) decay model, and a combined time-varying and saturable (TV+Sat) model. Each
candidate is fit to single-cell distributions of nuclear and cytoplasmic DUSP1 mRNA across the
100nM Dex time-sweep experiments, and models are discriminated based on their ability to capture
both the mean and the variance of the response. This analysis establishes the semi-mechanistic
TV+Sat formulation as the minimal description required to reproduce both the mean and the cell-

to-cell variability of DUSP1 mRNA dynamics following GC stimulation.

Aim 4: Validate the semi-mechanistic model and resolve its mechanistic basis through TTP
dynamics

The fourth aim confirms the semi-mechanistic TV+Sat model identified in Aim 3 by predicting
single-cell distributions under held-out conditions, including alternative Dex concentrations and
transcriptional inhibition by triptolide (TPL). To provide a mechanistic basis for the time-varying
and saturable decay, the semi-mechanistic terms are replaced with explicit dynamics for the ARE-
binding protein TTP, whose own expression is induced by Dex. The fully mechanistic model
is fit jointly to single-cell distributions of nuclear GR, transcription site activity, and nuclear and
cytoplasmic mRNA across Dex concentrations, and its predictions are tested against the same held-
out conditions used to validate the semi-mechanistic formulation. The aim establishes the relative

contributions of transcriptional induction and TTP-mediated post-transcriptional destabilization to
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the observed DUSP1 response, and provides a quantitative framework for predicting GC-induced

DUSP1 dynamics under conditions beyond those used for parameter inference.

1.7.3 Dissertation organization

The remainder of this dissertation is organized as follows. Chapter 2 presents the experimental
and modeling work that addresses Aims 1 through 4, including the ICC and smiFISH measure-
ments, the CME-based models of GR transport and DUSP1 dynamics, the parameter inference
and model discrimination results, and the predictive validation against held-out conditions. The
content of Chapter 2 originates from a manuscript in preparation for submission, adapted and ex-
panded for dissertation context. Chapter 3 discusses future directions, including the quantification
of cytoplasmic degradation dynamics for additional protein and mRNA species, the extension of
the modeling framework to longer time scales and to live-cell measurements, and the integration
of the GR-DUSP1 model with broader pro- and anti-inflammatory signaling networks. Detailed
experimental and computational methods, including ICC protocol development, smiFISH probe
validation, image analysis pipelines, and software implementation notes, are provided in the ap-

pendices.
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Chapter 2

Integrating Single-Cell Experiments and Stochastic
Models to Understand and Predict Glucocorticoid
Receptor Transport and DUSPI mRNA Expression

Dynamics

This chapter is adapted from a manuscript currently in review and available as a preprint
on bioRxiv (https://www.biorxiv.org/XXXxX). The manuscript is co-authored with
Alex Popinga, Jack Forman, Luis U. Aguilera, Linda S. Forero Quintero, and Brian Munsky.
Content has been adapted and expanded for the dissertation context, and the supplementary
materials from the manuscript have been integrated directly into the methods and modeling
sections rather than maintained separately. I designed and performed the ICC and smiFISH
experiments, conducted the single-cell image analysis, and contributed the biochemical rationale
used to formulate and discriminate among the alternative regulatory models presented in this
work. I led the writing of the manuscript. Brian Munsky led the development and fitting of the
stochastic models and the writing of the modeling methods, with contributions from Alex Popinga,
and he contributed to manuscript editing in addition to supervising the project and securing
funding. Alex Popinga is the first author of the underlying Stochastic System Identification
Toolkit [126], which provides the finite state projection solver and likelihood-based inference
machinery used throughout this work. Linda S. Forero Quintero designed the DUSP1 and GAPDH
smiFISH probe sets and provided protocol guidance during the initial smiFISH experiments.
Luis U. Aguilera initiated the image analysis pipeline used for DUSPI spot quantification,
which Jack Forman and myself subsequently extended and refined into the framework applied
here. HeLa Kyoto cells were a gift from the DeLuca Lab. I am grateful to all co-authors and to

past and current members of the Munsky and Stasevich Labs for ongoing discussions and feedback.
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Chapter Abstract

The over-activation of mitogen-activated protein kinase (MAPK) signaling underlies numerous in-
flammatory pathologies that are treated using synthetic glucocorticoids, such as dexamethasone
(Dex), to activate glucocorticoid receptors (GR) and induce expression of dual-specificity phos-
phatase 1 (DUSP1), which encodes for MAPK phosphatase 1 (MKP1). Despite its importance, the
single-cell heterogeneity of this spatial and temporal pathway has not been fully quantified, several
regulatory mechanisms are unclear, and accurate quantitative predictions are not possible based on
existing models. To address this challenge, we combined immunocytochemistry (ICC) and single-
molecule FISH (smiFISH) to quantify endogenous GR transport and DUSP1 transcription dynam-
ics across thousands of single cells following Dex stimulation. Using Chemical Master Equa-
tions (CME) and likelihood-based inference, we identified clear mechanisms and reaction rates for
Dex-driven GR nuclear import; compartment-specific GR degradation; GR-dependent modulation
of DUSP1 promoter activation and transcription burst frequencies; DUSP1 transcription, elonga-
tion, and transport; and time-dependent and saturation-limited cytoplasmic degradation. Rigorous
model comparisons against endogenous, fixed-cell data pinpoints nuclear GR degradation as the
dominant mechanism of receptor clearance, indicates that GR primarily regulates promoter acti-
vation, and highlights time-dependent AU-rich element (ARE)-mediated mRNA degradation as
the dominant mechanism for DUSPI clearance. With these mechanisms, the fully-parameterized
model quantitatively predicts joint distributions of GR translation and decay dynamics, DUSPI
transcription site activity, and nuclear and cytoplasmic mRNA heterogeneity among clonal cells as
functions of time and across seven orders of magnitude for Dex induction concentrations. Together,
these results show that total DUSPI mRNA levels emerge from the balance between GR-driven
activation and cytoplasmic mRNA decay, with the inferred model quantitatively predicting single-

cell distributions across held-out conditions.
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Figure 2.1: Graphical overview and model schematic of GR-DUSP1 signaling.

a Inflammatory signaling activates JNK and p38, inducing DUSPI transcription and p38 dependent TTP
phosphorylation that stabilizes ARE containing mRNAs. MKP1 dephosphorylates JNK and p38, form-
ing a negative feedback loop. GCs up regulate DUSPI via GR to suppress MAPK signaling. b Model
schematic. HeLa cells are stimulated with multiple concentrations of Dex over three hours to generate
a time-dependent Dex signal Ipex(t). The model accounts for: (1) GR synthesis and (2) cytoplasmic GR
degradation; (3) Dex-induced GR translocation to the nucleus; (4) nuclear—cytoplasmic shuttling of GR; and
(5) nuclear GR degradation. Within the nucleus, GR binds to GREs to activate the DUSPI promoter, (6,7)
modeled as stochastic switching between OFF and ON states. (8) Transcription produces nascent nuclear
DUSP1 mRNA at transcription sites (TS), which are detected by smiFISH, followed by (9) export of DUSP1
mRNA to the cytoplasm and (10) ARE-mediated degradation through Ip(¢). In transcription inhibition
experiments, a secondary signal I1pr,(¢) represents TPL-mediated suppression of mRNA synthesis during
dual Dex—TPL stimulation. Red arrows indicate drug stimulation.

Glucocorticoids (GCs) are cornerstone therapeutics for the treatment of inflammatory and au-
toimmune diseases, acting through the glucocorticoid receptor (GR) to regulate hundreds of tar-
get genes across nearly all tissues [5, 7,40, 46]. Dexamethasone (Dex) is a high-affinity, long-
acting synthetic GC that potently activates GR and serves as a benchmark ligand for mechanistic
studies [38]. We focus on HeLa cells, which despite a problematic history [131], are a well-

characterized epithelial model with consistent nuclear—cytoplasmic morphology to resolve the sub-
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cellular and transcriptional processes underlying Dex-dependent anti-inflammatory responses [38,
69, 131]. Among GR-induced genes, Dual Specificity Phosphatase 1 (DUSPI) encodes MAPK
phosphatase 1 (MKP1), which dephosphorylates and inactivates the stress kinases p38 and JNK,
forming a key negative-feedback loop on inflammatory MAPK signaling (Fig. 2.1a) [12,23].

The GR is a modular transcription factor whose structure dictates both localization and ac-
tivity. The ligand-binding domain anchors unliganded GR in cytoplasmic chaperone complexes
with HSP90 and FKBP51; the DNA-binding domain recognizes Glucocorticoid Response Ele-
ments (GREs); and the intrinsically disordered N-terminal domain harbors activation function-1
and post-translational modification sites that modulate transcriptional potency, nuclear residency,
and receptor stability [47,49, 55, 56,66,76]. Upon ligand binding, GR undergoes conformational
changes that expose nuclear localization sequences (NLS1 and NLS2), enhancing importin-a/(3
mediated nuclear import and suppressing CRM1-dependent export [64, 83]. Once in the nucleus,
GR binds GRE:s to activate target genes, but is also subject to ongoing nucleocytoplasmic shuttling
and ligand-dependent proteasomal degradation [48, 69,70, 87]. The balance among import, recy-
cling, degradation, and chromatin engagement thus determines the magnitude and duration of the
transcriptional response.

The human DUSP1 gene resides at 5935.1, spans approximately 3.1 kb on the reverse strand
of chromosome 5 (GRCh38), and comprises four exons and three introns [98] (Fig. 2.9). At GR-
regulated promoters, single-molecule and biochemical studies of the MMTYV model system have
shown that GR can activate transcription through several non-exclusive mechanisms, including in-
creased burst frequency [132], stabilization of the active promoter state [55,68], and enhanced tran-
scription rates within bursts [55,90]. Consistent with these mechanisms, multiple candidate GREs
have been mapped upstream of the DUSP1 transcription start site in A549 cells [133], and at least
one site is enriched for both GR and the coactivator p300 alongside increased chromatin accessi-
bility and histone acetylation [134], though GR binding and chromatin context can vary across cell
types [91]. Nascent DUSPI transcripts accumulate at transcription sites (TS) and appear as bright

nuclear foci under smFISH imaging (Fig. 2.11), with intensities brighter than multiples of the av-
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erage single diffraction-limited mRNA [118] (Fig. 2.9). Following processing and export through
nuclear pore complexes, mature DUSPI mRNAs enter the cytoplasm, where they are translated
into MKP1 or targeted for degradation. The DUSPI mRNA contains AU-rich elements (AREs)
in its 3° UTR (Fig. 2.9), making it a substrate for ARE-binding proteins, such as tristetraproline
(TTP), which can accelerate mRNA turnover [12,35,37,104, 105]. Consequently, ligand-induced
DUSPI expression arises from a balance between GR-driven transcriptional activation, receptor
down-regulation, and cytoplasmic mRNA decay.

Previous modeling efforts have captured important aspects of GR-mediated transcrip-
tional regulation using a range of approaches. Equilibrium thermodynamic models of lig-
and—GR—coregulator-DNA interactions have described how allosteric coupling gives rise to
ligand- and gene-specific transactivation at steady state [59]. ODE models have simulated the
kinetics of GR autoregulation and induction of target genes such as BIM and GILZ in GC-sensitive
and -resistant leukemia cell lines [127]. Multivariate statistical approaches have demonstrated
that GR Ser211 phosphorylation is a stronger predictor of endogenous target gene responses than
conventional reporter assays [60], and Boolean models of the GR interactome have provided qual-
itative predictions of signaling states associated with GC sensitivity and resistance [51]. However,
these approaches either operate at steady state or on population-averaged quantities, and none
integrates subcellular spatial resolution with stochastic single-cell dynamics to mechanistically
link GR activation to the heterogeneous transcriptional responses observed at the single-cell level.

To complement and expand upon previous investigations of GR and DUSP1, our approach in-
tegrates single-cell imaging of endogenous targets with stochastic modeling to capture the spatial
and temporal dynamics of GR signaling coupled with downstream regulation of DUSP1 transcrip-
tion. Using fixed-cell ICC and smiFISH measurements of GR localization and DUSPI mRNA
abundance (see Methods), we quantitatively link nuclear—cytoplasmic transport to promoter ac-
tivation and mRNA decay. By explicitly modeling the probabilistic nature of transcription and
degradation, our framework predicts not only mean transcriptional responses but also the full dis-

tributions of inter- and intracellular heterogeneity that are inaccessible to bulk assays, live-cell
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reporters, or exogenous constructs. Measurements of cell-to-cell variability provide a sensitive
fluctuation fingerprint to interrogate gene regulatory mechanisms [31], often offering more infor-
mation than averaged population data [115]. When single-molecule measurements are integrated
with discrete stochastic models, they enable rigorous identification of kinetic parameters governing
gene regulation dynamics [32,103]. By comparing single-cell data against multiple different model
hypotheses within the framework of the Chemical Master Equation (CME), we infer the most prob-
able mechanisms and parameters to achieve a highly predictive quantitative model for GR nuclear
import and degradation, GR-modulated promoter activation, DUSPI transcriptional elongation,
and ARE-mediated mRNA decay (Fig. 2.1b). This integrative modeling approach clarifies how
GR-dependent transcriptional and post-transcriptional processes jointly shape the heterogeneous
single-cell responses observed across Dex stimulation and triptolide (TPL)-mediated transcription

inhibition conditions.

2.2 Results

To realize this integrative approach, we constructed a semi-mechanistic stochastic model
of the coupled GR-DUSPI1 system, the structure of which is summarized in Fig. 2.1b. The
model is comprised of three modules: (i) GR transport regulation defined by reactions 1-5,
(ii) DUSP1 transcription and transport regulation defined by reactions 6-9, and (iii) DUSP1
degradation regulation defined by reaction 10. The mechanisms and parameters of these modules
are sequentially inferred from single-cell ICC (Module i) and smFISH data (Modules ii and iii) as

described in the following sub-sections.

2.2.1 Subcellular ICC measurements reveal heterogeneous GR transloca-

tion dynamics

To quantify endogenous GR dynamics in response to GC stimulation, HeLa cells were treated

with 1, 10, or 100 nM Dex for six different time periods (10, 30, 50, 75, 120, 180) min in addition
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Figure 2.2: Subcellular GR translocation.

(a) Representative HeLa cells stained for GR by ICC at selected times following continuous Dex stimulation
(1 nM, 10 nM, 100 nM). Intensities scaled by background. (b) Candidate GR models, each comprising
cytoplasmic and nuclear GR species with Dex stimulation Ipex(t) driving nuclear import. The variants
differ in GR removal: nuclear degradation only (Nuc Deg, orange), cytoplasmic degradation only (Cyt
Deg, blue), Dex-modulated nuclear export (Dex Export, green), and combined nuclear and cytoplasmic
degradation (Nuc + Cyt Deg, purple). The Nuc + Cyt Deg model (gold outline) provided the best fit. (c)
Cytoplasmic (Cyt GR), nuclear (Nuc GR), and total (Total GR) GR versus time. Measured medians and
upper/lower quartile ranges (black, circles and bars) are compared with FSP fits for each candidate model,
colored as in (b): Nuc + Cyt Deg (purple), Nuc Deg only (orange), Cyt Deg only (blue), and Dex Export
(green). (d) Measured distributions of cytoplasmic (blue) and nuclear (orange) GR concentration at each
time point and Dex dose (1 nM, 10 nM, 100 nM), compared with FSP model fits (black). (e) Dex input
profiles (top) and temporal trajectories of 25/50/75 percentiles for cytoplasmic GR (AUC, blue), nuclear GR
(AUC, orange), and total GR mass (AUM, gray) at each dose. Measured medians and upper/lower quartile
ranges are shown by circles and bars, and the corresponding model fits are shown by solid lines and shading.
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to an unstimulated control. Representative ICC images (Fig. 2.2a), which were verified against
isotype and secondary control experiments (Supplementary Fig. S3), illustrate three key features
of GR localization. First, unstimulated HeLLa cells exhibit a heterogeneous distribution of GR,
with a mean nuclear-to-cytoplasmic (N/C) intensity ratio of 1.05 (CV=11%, n = 430 cells),
reflecting low to moderate nuclear GR in most cells (Fig. 2.2a,d,e, Supplementary Table 1).
This ligand-independent nuclear localization is consistent with prior reports [64, 72, 111]. At
1 nM, the population N/C ratio rises slowly and reaches only 1.72 by 180 min, whereas 10 and
100 nM produce faster and larger shifts, with peak N/C ratios of 3.26 at 75 min and 3.53 at
30 min, respectively. Variability in the cytoplasmic intensity distribution decreases as cells deplete
cytoplasmic GR, with the CV dropping from 17% in unstimulated cells to 8% at 10 nM/75 min
(Table 2.1). Third, the total amount of GR decreases across all conditions, with faster rates of

depletion for higher concentrations of Dex (Fig. 2.2d).

2.2.2 A stochastic model of Dex-driven nuclear import and compartment-

specific degradation captures GR dynamics

To interpret the measured GR spatial and temporal transport dynamics (i.e., CytGR and NucGR
as functions of time and Dex concentration), we constructed a flexible GR model (Module i) and
used it to compare competing hypotheses for how Dex controls GR transport and where GR is
degraded (Fig. 2.2b).

The model couples cytoplasmic and nuclear GR through nucleocytoplasmic transport, with
Dex supplied as a time-varying signal Ip.,(t) = Ipe~ P!, where I, is the supplied Dex concentra-
tion and Ypey is its first order decay rate, and with Dex-stimulated transport following Michaelis-
Menten kinetics to allow for saturation at higher concentrations. We evaluated four candidate
models (Fig. 2.2b, Fig. S4): three in which Dex drives nuclear import while GR degradation is
restricted to the nucleus, restricted to the cytoplasm, or active in both compartments, and one in

which Dex instead suppresses nuclear export.
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To distinguish among these candidates, we fit each model independently to the single-cell ICC
data. By solving the CME using Finite State Projection (FSP) [126] and searching over parameter
space, we found the maximum likelihood estimate (MLE) for each model, and we accounted for
differences in model complexity using the Bayesian Information Criteria (BIC). Table 2.2 provides
a complete comparison of log-likelihoods and BIC values. The Dex export model gave the poorest
agreement with the cytoplasmic and nuclear GR data (Supplementary Fig. S4), even though it still
captured total GR, and the cytoplasm-only degradation model overestimated nuclear GR at later
times and predicted essentially no change in total GR (Fig. 2.2c, Supplementary Fig. S4). The
nucleus-only and compartment-specific degradation models produced very similar fits to the cyto-
plasmic, nuclear, and total GR dynamics (Fig. 2.2¢, Supplementary Fig. S4), but the compartment-
specific model achieved the highest log-likelihood and the lowest BIC of the four candidates,
remaining favored even after penalizing for its additional degradation parameter(Table 2.2). An
approximate Bayes factor (BF) reached the same conclusion, favoring the compartment-specific
model over every alternative, including by roughly 90-fold over the next-best nucleus-only model
(Table 2.2).

Figure 2.2d shows the resulting fits to the nuclear and cytoplasmic GR distributions as functions
of time and Dex concentration, and Figure 2.2e summarizes these distributions to show the mea-
sured and model-fitted median, 25'" and 75'" percentile levels for GR concentrations in the nucleus
and cytoplasm and the total GR mass. For all Dex concentrations and times, the compartment-
specific degradation model simultaneously reproduces the measured nuclear, cytoplasmic, and to-
tal GR distributions (Fig. 2.2d,e), (Table 2.5) shows the inferred parameters for the compartment-
specific degradation GR model, with uncertainties inferred using Metropolis Hastings assuming
broad lognormal prior distributions with standard deviations of two orders of magnitude for each
parameter (see methods).

By comparing the rates of nuclear (Ygrnue) and cytoplasmic (ygreyt) GR degradation inferred
from the ICC data (Supplementary Table S3), we found that nuclear degradation was faster by

approximately 3-fold, supporting ligand-induced nuclear proteasomal degradation as a key mech-
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anism of GR deactivation [69, 78, 86, 87]. Consistent with this interpretation, cytoplasmic GR
antibody intensity did not reappear at later times, and total GR levels declined more rapidly at
higher Dex concentrations, when a greater fraction of GR was nuclear (Fig. 2.2d,e). Inferred trans-
port rates also recapitulated the expected pattern of ligand-dependent shuttling [64, 83]: under
unstimulated conditions, the nuclear export rate (k. ~ 0.02 min~!) exceeded the basal import rate
(keno =~ 0.006 min~1), favoring cytoplasmic localization, while 100 nM Dex-stimulated import
(keno + keni Ipex(t) = 11.5 min~') was much higher, driving rapid and nearly complete nuclear
accumulation (Table 2.2). Together these findings reproduced the observations that 1 nM stimula-
tion maintained the highest total GR (Nuc + Cyto) across all stimulatory conditions, while 100 nM
produced the fastest and most uniform transport induction followed by the most rapid decline in

both NucGR, CytGR, and Total GR (Fig. 2.2e, Fig. 2.5a).

2.2.3 Single-molecule measurements reveal stochastic DUSPI transcription

dynamics

To quantify early transcription of endogenous DUSPI mRNA, we designed a smiFISH probe
set targeting exonic regions of the human DUSPI transcript (Fig. 2.9) [117]. GAPDH smiFISH
probes served as a cytoplasmic marker to enable automated single-cell segmentation (Fig. 2.3a,
Fig. 2.11). Images were analyzed using a custom implementation of BigFISH [118]. A com-
bined compartment-based and local signal-to-noise ratio (SNR) thresholding strategy yielded the
most reliable spot detection, as verified visually (2.1) (Fig. 2.11). This approach substantially re-
duced false positives and enabled consistent identification of transcription sites (magenta), nuclear
mRNAs (blue), and cytoplasmic mRNAs (purple) (Fig. 2.3a), with minor expected imperfections
(Fig. 2.11). Once identified, candidate spots were post-processed and separated into TS’s and
mature mRNA (Fig. 2.3a, Fig. 2.11).

At 100nM stimulation, and across all time points, DUSP1 expression remained heterogeneous
at the single-cell level (Fig. 2.3c,d, Fig. 2.4). The fraction of cells that had one or more active

TS increased rapidly after stimulation and peaked at roughly 30-40 minutes, while the intensity
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Figure 2.3: Subcellular DUSPI transcriptional regulation.

(a) Top: single-cell segmentation and smiFISH spot detection workflow. From left to right: merged three-
color image of a representative field of view; zoomed view of a selected cell with individual DAPI, GAPDH
smiFISH, and DUSPI smiFISH channels; cytoplasmic segmentation with partial peripheral cells excluded;
nuclear and cytoplasmic segmentation overlaid with detected DUSPI mRNA; example spot crops with cy-
toplasmic (top) and nuclear (bottom) detections. Gold circles indicate accepted mRNA detections, magenta
circles denote transcription sites, and red circles mark low-SNR candidates removed during filtering. Bot-
tom: representative merged DUSP/ smiFISH and DAPI images following 100 nM Dex stimulation at the
indicated time points. Scale bars, 10 um. (b) Schematic of the stochastic model linking GR-dependent tran-
scriptional activation to DUSPI mRNA production, nuclear export, and ARE-mediated cytoplasmic degra-
dation. (c¢) Distributions of nuclear (top) and cytoplasmic (middle) DUSPI mRNA at the indicated time
points, shown with corresponding model fits. Histogram colors denote experimental replicates. Bottom row
shows joint nuclear, cytoplasmic mRNA distributions with data as points and 95% confidence ellipses. (d)
Mean (left column) and variance (right column) of nuclear (top row) and cytoplasmic (bottom row) DUSPI
mRNA over time, comparing experimental measurements to candidate model fits (First Order Decay, T.V.
Only, Sat. Only, T.V. + Sat., Mechanistic TTP).

of active TS remained relatively constant (Fig. 2.5a). TS activation was followed by the rise in

nuclear mRNA, which reached a maximum near 75 minutes (Fig. 2.5a). Nuclear and cytoplasmic

59



mRNA levels then peaked between 75-90 minutes (Fig. 2.3d, Fig. 2.5a) before declining, with a
more pronounced decrease observed in the cytoplasm (Fig. 2.3c,d). DUSP1 mRNA distributions
were highly variable with Fano factors (i.e., variance/mean) of 11.1 £ 2.9 (at O min) to 16.6 + 2.5
(at 90 min) for nuclear mRNA and with much higher cytoplasmic Fano factors of 20.9 + 3.5 (at 0

min) to 32.7 &+ 6.4 (at 90 min).
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Figure 2.4: Model fits and predictions for DUSPI mRNA dynamics at 100 nM Dex.

(a) Distributions of nuclear and cytoplasmic DUSPI mRNA at all sampled time points following 100 nM
Dex stimulation. Colored histograms show experimental measurements, with black curves indicating the
corresponding model fits. Bottom row shows joint nuclear—cytoplasmic mRNA distributions, with data
shown as points and model-fitted 95% confidence ellipses.
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2.2.4 Stochastic modeling shows that nuclear GR increases DUSPI tran-

scription burst frequencies

To build a quantitative understanding for the control of DUSPI regulation, we extended the
GR model from above (Module i) with a transcription and nuclear-transport module (Module i)
comprising three additional biochemical species (Fig. 2.1b): inactive gene copies (offGene), active
gene copies (onGene), and nuclear mRNA transcripts (rNuc). To capture the stochastic dynamics
of these species, we adopt the standard two-state bursting gene expression model [31]. In this
model, offGene, onGene, and rNuc populations are controlled through four additional reactions:
allele activation (reaction 6: offGene — onGene), allele deactivation (reaction 7: onGene —
offGene), transcription (reaction 8: onGene — onGene + rNuc), and nuclear degradation or
transport of mRNA from the nucleus to the cytoplasm (reaction 9: rNuc — (), or rNuc — rCyt).
For (reaction 8), the model allows for different transcription rates for when alleles are in the
offGene or onGene states. The model was assumed to have a total of two DUSPI alleles per cell,
consistent with observations that the vast majority (98.9%) of cells were detected to contain zero,
one, or two observable TS per cell.

We reasoned that the finding that application of 100 nM Dex leads to increased DUSPI activity
could be explained by multiple distinct mechanisms in the context of the bursting gene expression
model. GR could increase the promoter activation rate (k,, in reaction 6), decrease the promoter
deactivation rate (k.g in reaction 7), or increase the transcription rate during the ON state (&, in
reaction 8), or act through some combination of these effects (Supplementary Fig. S6). Depending
upon model parameters, these mechanism can predict distinct and quantitatively revealing relation-
ships between the fraction of cells with active TS or the distributions of nascent mRNA per active
TS or mRNA counts per cell [31,103].

To select among the proposed models, we searched over parameter space to maximize the
likelihood of the smFISH data for the number of mRNA per cell and the distribution for the total
intensity of the transcription sites (or in the rare case where more than two TS are detected, the

total of the two brightest TS). The resulting likelihood-based comparisons strongly favored GR
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regulation of the promoter activation rate k., as the dominant mechanism: the likelihood ratio
LR in favor of k,, over k, alone was LR = ¢, and over k.g alone was LR = e® (Fig. 2.12).
Consistent with this, a model in which GR acts exclusively through k,,, achieved the best likelihood
for TS abundance among all single-action models, while the combined k,,&k.g model yielded
the best overall MLE fit and BIC values (Fig. 2.12). In the smiFISH data, we found that Dex
stimulation produces a substantial increase in the fraction of DUSPI alleles exhibiting detectable
TS, while the mean and the distributions of TS intensity show relatively small changes over time
(Fig. 2.5a), a pattern that is most consistent with increased burst frequency through increases in
kon rather than increased burst size through decreases in kg or increases in &, [103].

Although the single strongest regulatory interaction was found to be an increase in k,,, mod-
els that also included GR-dependent decreases in k.g yielded modest improvements in likeli-
hood of the observed numbers for mature mRNA per cell (Fig. 2.12). Models incorporating GR-
dependent changes in k, provided no meaningful improvement in fit, with the full three-parameter
model (ko /kosr / k) performing comparably to the two-parameter model and carrying a higher BIC
penalty. Our final model therefore retains GR regulation of £, as the dominant mechanism (thick
line), with weaker modulation of k.g (thin line) (Fig. 2.1b, Fig. 2.13). The final inferred set of

semi-mechanistic model parameters and uncertainties can be found is Table 2.7.

2.2.5 Subcellular measurements reveal complex dynamics of DUSPI mRNA

transport and degradation
To extend our GR and DUSPI promoter-level analyses to include the full DUSPI mRNA life
cycle, we next examined the relationships between nuclear and cytoplasmic mRNA distributions
(Fig. 2.3c,d, Fig. 2.14). At early times, following a short delay after addition of Dex, the average
level of cytoplasmic mRNA increases rapidly to reach a maximum level shortly after that of the
nuclear mRNA. These observations were expected since cytoplasmic mRNA accumulation follows
behind that of the nucleus with a delay set by the nucleus to cytoplasm transport rate. However,

upon comparing the distributions of nuclear and cytoplasmic mRNA at later times (Fig 2.3d,e), we
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made two surprising key observations: First, after reaching its maximum value, the average level
of cytoplasmic mRNA rapidly decreases, which is surprising given that the average level of nuclear
mRNA decreases only slightly below its maximal value. Second, at later times, the relative level
of heterogeneity in the number of cytoplasmic mRNA (e.g., F'F,y = 32.7 & 6.4 at t = 90 min) is
much wider than that of the nuclear mRNA (F'F},. = 16.6 £ 2.51), which was surprising given
that the cytoplasmic mean number (ji.yv = 118.0) is more than twice as large as that of nuclear

MRNA (pne = 55.7) at the same time.

2.2.6 Spatial stochastic modeling identifies ARE-mediated decay as the

dominant cytoplasmic clearance mechanism

To extend our model to capture these observations, we added a cytoplasmic degradation module
(Module iii) with an additional species for cytoplasmic mRNA (rCy?), which increases via the
previous transport reaction (reaction 9) and decays according to reaction 10 (rC'yt — ()). During
preliminary parameter inference, we found that the nuclear mRNA degradation pathway (Fig. 2.3b,
dashed line) was consistently driven to negligible values, and thus we only consider cytoplasmic
decay from this point onward.

We proposed and evaluated four candidate cytoplasmic decay models of varying levels of com-
plexity (Fig. 2.14): (i) a standard model of constant first-order decay, (ii) a model where the degra-
dation rate saturates at high levels of mRNA, (iii) a model where the degradation rate increases over
time, and (iv) a model with both saturation and time-dependence in the degradation rate. Mecha-
nism (ii) was inspired by the work of Hansen et al [135], who demonstrated that higher variability
in the cytoplasm could be explained by a biphasic degradation mechanism, where distinct subsets
of mRNA exhibit different degradation rates. For example, ARE—dependent cytoplasmic degrada-
tion could lead to increased degradation of mRNA but only if sufficient quantities of ARE-binding
proteins are available. Similarly, mechanism (iii) was inspired by the knowledge that the ARE-

binding protein TTP is known to be induced by Dex [37,136, 137].
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Upon fitting the extended models to simultaneously capture TS intensities, nuclear mRNA,
and cytoplasmic mRNA, we found that all degradation models could reproduce the average lev-
els of both nuclear and cytoplasmic mRNA as functions of time (Fig. 2.3d, top left and bottom
left). The models diverged sharply, however, in their ability to reproduce the heterogeneity of
the mRNA distributions. Without a saturation term to constrain the degradation rate, the simpler
models could not capture the joint variability in both compartments: their best fits substantially
over-estimated nuclear variability (Fig. 2.3d, top right) or under-estimated cytoplasmic variability
(Fig. 2.3d, bottom right). Only the semi-mechanistic model incorporating both time-varying and
saturating degradation (T.V. + Sat.) and the full mechanistic TTP model captured the nuclear and
cytoplasmic variances while simultaneously fitting both means (Fig. 2.3d, Fig. 2.14).

These qualitative observations were supported by quantitative comparisons of the models’ fits
to the data (Table 2.7), showing that the best fits consistently and overwhelmingly favored ARE-
mediated degradation mechanisms that include both time dependence and saturation with respect
to cytoplasmic mRNA abundance. This result matches closely to our key qualitative observations
above: First, the time dependent increase in the cytoplasmic decay rate is needed to achieve the
rapid average reduction in cytoplasmic mRNA that is observed at later times. Second, the satu-
ration effect on the degradation rate is needed to allow mRNA to survive longer when they are
already more abundant, which leads to a longer tail in the cytoplasmic mRNA distribution.

Together, these results suggest that ARE-mediated, time-varying, and saturable cytoplasmic
degradation is the dominant mechanism governing DUSPI mRNA clearance following GC stimu-
lation. This Dex-dependent, but variable, acceleration of cytoplasmic mRNA turnover is consistent
with recent studies demonstrating enhanced DUSP! degradation through ARE-binding proteins

such as TTP [37].
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Figure 2.5: Model fits and predictions across Dex concentrations and transcription inhibition con-
ditions. (a) Joint GR and DUSPI time courses at 1, 10, and 100nM Dex. The top three rows show fits
to cytoplasmic GR concentration (arbitrary units of concentration, AUC, blue), nuclear GR concentration
(AUC, orange), and total GR mass (arbitrary units of mass, AUM, gray). The bottom four rows show
DUSPI TS fraction, RNA per TS, nuclear mRNA (DUSPI Nuc), and cytoplasmic mRNA (DUSPI Cyt).
The semi-mechanistic model was fit to the GR data and the 100 nM DUSP/! column; the gold outline marks
the 1 and 10 nM columns, which are predictions generated without refitting. (b) Dex—TPL dual-stimulation
predictions for early (fTpr, = 20min) and late (ftTp, = 75 min) transcriptional inhibition. Cells were
first stimulated with 100 nM Dex, followed by 5 uM TPL added at ¢Tpy,; cyan dashed lines mark TPL ad-
dition. (c) Dex-titration predictions at ¢ = 75min spanning 1 pM to 10 uM. (d) Compartment-specific
DUSPI mRNA decay after TPL, grouped into early ({Tp1, < 20 min) and late (¢Tpr, > 75 min) inhibition.
The y-axis is compartment-specific mRNA normalized for TPL onset, DUSPI elongation, and nuclear-to-
cytoplasmic export. Cytoplasmic decay rates increase substantially at later times while nuclear rates remain
similar, consistent with time-dependent ARE-mediated turnover. Panels (b)—(d) are predictions from the
semi-mechanistic model without refitting. In (a) and (c), TS fraction and RNA per TS are mean + standard
deviation; all other data are median =+ interquartile range (25th/75th percentiles).
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2.2.7 Model predictions across Dex concentrations and transcriptional inhi-

bition conditions

After fitting to the single-cell GR ICC measurements measurements at 1, 10, and 100 nM Dex
and the smiFISH measurements at 100 nM Dex, we next asked if our fully parameterized model
could quantitatively predict DUSPI transcriptional outputs across other Dex concentrations. To
extend the model to the new levels of Dex without introducing new parameters or mechanisms,
we assumed that the impact of Dex on the time variation of cytoplasmic degradation should scale
linearly with the increase of GR in the nucleus. Model predictions for TS fraction, RNA per TS,
and nuclear and cytoplasmic DUSPI mRNA were validated experimental measurements at both
1 nM and 10 nM Dex across all sampled time points (Fig. 2.5a). Importantly, these predictions
capture both mean behaviors and observed variances, indicating that the stochastic structure of the
model accurately extrapolates to predict cell-to-cell heterogeneity (Fig. 2.6 2.7).

To further challenge the model’s ability to predict promoter activity, we performed a Dex con-
centration sweep spanning over four orders of magnitude and measured DUSPI mRNA abundance
at a fixed stimulation time of 75 min. Without refitting, the model accurately predicted both nu-
clear and cytoplasmic DUSPI mRNA counts across concentrations ranging from 1 pM to 10 uM
(Fig. 2.5¢c). The resulting dose-response relationship exhibits a characteristic sigmoidal shape,
reflecting saturation of GR transport, GR-dependent promoter activation, and downstream tran-
scriptional output. We confirmed that our final model consistently made more accurate predictions
than any of the other discarded models (Fig. 2.3d, Fig. 2.14, and Table 2.7).

To validate the inferred cytoplasmic decay mechanisms, we next examined the model’s ability
to predict DUSP1 dynamics under transcriptional inhibition. Dual-stimulation experiments were
performed in which cells were first treated with 100 nM Dex and subsequently exposed to 5 uM
TPL at defined times following Dex addition. TPL is known to block transcriptional initiation,
providing a stringent perturbation of promoter activity [138]. Consistent with model predictions,
TS frequency decreased rapidly to near zero following TPL addition at all tested time points, indi-

cating transcriptional shutoff in 10 minutes of less. Model predictions accurately captured the sub-
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sequent temporal evolution of nuclear and cytoplasmic DUSPI mRNA following transcriptional
arrest (Fig. 2.5d), with nuclear and cytoplasmic mRNA distributions and joint nuclear—cytoplasmic
distributions for each TPL timing shown in Figure 2.8.

To focus directly on the model’s prediction of a temporal change in the cytoplasmic degra-
dation rate, Figure 2.5d shows the predicted and measured post-TPL decay rates for pooled and
normalized data before and after 75 min following Dex. At early inhibition times, the observed
decay rate was 0.0140 4 0.0036 min~?, and at later times the decay measured to be significantly
higher at 0.0376 £+ 0.0073 (one sided T-test, p = 0.0066). These relative decay rates were well
predicted by the model, which estimated an effective decay rate of 0.0131 & 0.0045 min~! at early
times and 0.0316 & 0.0019 min~! at later times.

Together, these results demonstrate that the inferred models for GR transport and degradation,
GR-mediated transcriptional activation, and ARE-mediated cytoplasmic decay mechanisms are
sufficient to predict temporal and spatial aspects of DUSPI mRNA dynamics across Dex concen-

trations and under acute transcriptional inhibition.

2.3 Discussion

Here we combined single-cell ICC, smiFISH, and stochastic modeling to quantitatively link
GR transport with transcriptional and post-transcriptional regulation of the endogenous anti-
inflammatory gene DUSPI. By fitting discrete stochastic models directly to joint distributions of
nuclear and cytoplasmic GR, transcription site activity, and mRNA abundance, we moved beyond
mean responses to resolve how variability and timing emerge from the underlying regulatory
processes. This integrative framework captures not only the magnitude but also the heterogeneity
and temporal ordering of GR-dependent transcriptional responses, providing a quantitative
description of how GC signaling propagates from receptor activation to mRNA clearance at the
single-cell level.

Our analysis supports a model in which Dex primarily drives GR nuclear accumulation through

enhanced import, followed by concentration-dependent nuclear degradation that modulates DUSP1
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Figure 2.6: Model fits and predictions for DUSPI mRNA dynamics at 1 nM Dex.

(a) Distributions of nuclear and cytoplasmic DUSPI mRNA at the indicated time points following 1 nM
Dex stimulation. Colored histograms show experimental measurements, with black curves indicating the
corresponding model fits. Bottom row shows joint nuclear—cytoplasmic mRNA distributions, with data
shown as points and model-predicted 95% confidence ellipses.
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Figure 2.7: Model fits and predictions for DUSPI mRNA dynamics at 10 nM Dex.

(a) Distributions of nuclear and cytoplasmic DUSPI mRNA at the indicated time points following 10 nM
Dex stimulation. Colored histograms show experimental measurements, with black curves indicating the
corresponding model fits. Bottom row shows joint nuclear—cytoplasmic mRNA distributions, with data
shown as points and model-predicted 95% confidence ellipses.
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Figure 2.8: DUSPI mRNA distributions under transcriptional inhibition by TPL.

(a) Distributions of nuclear and cytoplasmic DUSPI mRNA and joint nuclear—cytoplasmic mRNA distribu-
tions across all sampled time points following transcriptional inhibition. Green-shaded panels correspond
to control time points under 100 nM Dex stimulation without TPL (0, 20, 75, 150, and 180 min), while
yellow-shaded panels correspond to time points following addition of 5 uM TPL. Colored histograms show
experimental measurements, with black curves indicating the corresponding model predictions. Bottom
rows show joint nuclear—cytoplasmic mRNA distributions, with data shown as points and model-predicted
95% confidence ellipses.
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transcriptional output. This compartment-specific turnover provides a natural explanation for the
observed dose-dependent rise and decline of nuclear GR, particularly at higher Dex concentrations
where nuclear GR peaks early and decays rapidly. Such dynamics are consistent with proteasome-
mediated clearance [69, 78, 86, 93] acting as a built-in deactivation mechanism that constrains
high nuclear flux, rather than simple nuclear export or cytoplasmic recycling [71]. Importantly,
this interpretation does not require assuming multiple transcriptionally distinct GR species, but
instead emerges from fitting population-wide distributions under a minimal transport and degra-
dation scheme. Future studies examining single-cell distributions of GR phosphorylation states
(e.g., S211) over time could further resolve the relationship between ligand-induced activation,
transcriptional competence, and proteasomal targeting [81, 139].

At the level of transcriptional regulation, our single-cell measurements indicate that GR acti-
vation increases the fraction of DUSP/ alleles engaged in transcription without producing a strong
or sustained increase in TS intensity. We systematically tested models in which GR modulates
the promoter activation rate k,,, the promoter de-activation rate kg, the transcription rate k,, or
combinations thereof. Models acting through k£, alone or through dual regulation of k,,, and k.g
provided comparably strong fits; however, the dual regulation models predicted increases in TS
intensity that were not observed in the data, favoring the simpler £,,-only mechanism. General
activation models including modulation of %, did not improve fits or predictions. Within a two-
state bursting framework, this pattern is most consistent with an effective increase in promoter
activation frequency, rather than a large change in transcriptional output per active allele [92,102].
Together with prior work using MMTYV reporter constructs [55,67, 86, 132], which found that GR
primarily increases burst frequency, this pattern strongly supports a dominant effect of GR on the
effective activation rate k,,. Chromatin studies at the endogenous DUSPI locus further show GR-
dependent recruitment of p300, increases in histone H3/H4 acetylation, and localized chromatin
remodeling at the DUSPI GRE, features that are naturally associated with both facilitating pro-
moter activation and stabilizing the active chromatin state [134]. While additional mechanisms

such as stabilization of the active promoter state cannot be excluded, particularly given chromatin
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remodeling at the DUSPI locus, these effects are not uniquely identifiable from our current fixed-
cell transcription site intensity measurements alone. Accordingly, our model represents GR action
through dual regulation of the promoter, in which a GR-dependent increase in the effective activa-
tion rate k,,, dominates over a smaller effect on the de-activation rate kg, capturing the dominant
but not exclusive contribution of GR to transcriptional control.

Beyond transcription initiation, the results of our semi-mechanistic models highlight cytoplas-
mic mRNA decay as a key mechanism in the Dex-GR-DUSP1 expression dynamics. Our models
required a saturable, time-dependent ARE-mediated degradation process to capture DUSPI cy-
toplasmic mRNA dynamics, particularly the rapid decline following peak expression that could
not be reconciled with a fixed degradation rate given the sustained transcriptional activity. This is
consistent with Muazzen et al., who showed that Dex treatment reduces DUSPI mRNA half-life
even as steady-state levels rise, and more broadly that GCs universally destabilize ARE-containing
mRNAs [37]. The heterogeneity of this response has consequential implications: comparative
transcriptomic analyses between Dex treatment and SARS-CoV-2 infection revealed that ARE-
mRNAs tend to regulate in opposite directions [37, 110], suggesting that ARE-dependent post-
transcriptional control is a clinically relevant factor in GC efficacy during COVID-19 [43].

To further our understanding of the observed cytoplasmic mRNA decline, we extended from a
semi-mechanistic to a fully mechanistic model that explicitly incorporates Dex-induced TTP gene
activation via nuclear GR, 7TP mRNA production and nuclear export, TTP protein translation,
and reversible binding of TTP to ARE-containing mRNAs including DUSPI and TTP itself (Sup-
plementary Fig. S11). This model achieved comparably strong fits and improved predictions of
our experimental data (Supplementary Fig. S12, Table S6), offering an interpretable explanation
for the faster clearance of cytoplasmic relative to nuclear DUSPI mRNA. In this framework, we
have assumed that Dex-induced TTP is unphosphorylated and therefore active, since Dex does not
activate p38 but instead induces DUSP1/MKP-1, which suppresses p38 activity and maintains TTP

in its decay-promoting state [37, 106, 136]. Thus, ligand-induced DUSPI expression is shaped not
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only by transcriptional activation but also by an actively regulated mRNA clearance circuit that is
itself a product of GR signaling.

Several limitations frame the scope of our conclusions. All measurements were obtained using
ICC and smiFISH measurements that allowed us to obtain endogenous expression measurements
without perturbing the cells’ genetic or biochemical processes, but the reliance on fixed cells re-
stricts direct observation of temporal correlations within individual cells and limits identifiability
of closely related regulatory mechanisms. In addition, GR localization and DUSPI transcription
were quantified in separate experiments, such that nuclear GR abundance and DUSPI mRNA lev-
els were not measured simultaneously within the same cells. As a result, the coupling between GR
transport and transcriptional output is inferred statistically across matched populations rather than
directly observed at the single-cell level. Importantly, 77P mRNA and protein levels have not been
measured directly in this study; TTP dynamics were inferred through model fitting and are consis-
tent with established biochemistry [35,37, 105] but remain to be validated experimentally in this
system. Future work should directly quantify 77TP expression, TTP phosphorylation status, p38
activity, and MKP-1 protein levels to confirm the proposed regulatory circuit and further constrain
model parameters. Our analysis further focuses on a single endogenous target gene in a single
epithelial cell line, and regulatory architectures may differ across GR targets or cell types. Nev-
ertheless, the experimental and computational framework developed here is readily extensible to
additional genes, perturbations, and signaling contexts. More broadly, this work demonstrates how
integrating endogenous single-cell measurements with stochastic modeling can yield predictive,
mechanistic insight into hormone-driven gene regulation, providing a foundation for future studies

that seek to rationally modulate inflammatory signaling through model-guided perturbations.

2.4 Experimental framework, methods, and quantification

This section is organized in two parts. The first describes sample preparation and imaging,
covering cell culture, drug stimulation, the two fixed-cell assays (immunocytochemistry for GR

protein and smiFISH for DUSPI mRNA), and confocal acquisition. The remaining parts describe
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the image-analysis pipelines that convert raw fluorescence into the per-cell measurements of GR

localization and DUSP] transcript abundance used as inputs to the stochastic models in Section 2.5.

Cell culture

HeLa Kyoto cells (a gift from the DeLuca Lab) were maintained in Dulbecco’s modified Ea-
gle medium (DMEM, Thermo Fisher Scientific, 11960-044) supplemented with 10% fetal bovine
serum (FBS, Atlas Biologicals, F-0050-A), 10 U/mL penicillin/streptomycin (P/S, Thermo Fisher
Scientific, 15140122), 1 mM L-glutamine (L-glut, Thermo Fisher Scientific, 25030081) in a hu-
midified incubator at 37 °C with 5% CO,.

For smiFISH and ICC experiments, HelLa Kyoto cells were seeded on 18 mm cover glasses in a
12-well plate at approximately 1.5x 10° cells per well, in DMEM supplemented with 10% charcoal
stripped fetal bovine serum (csFBS, Sigma, F6765-500ML), 10 U/mL penicillin/streptomycin, and

1 mM L-glutamine 24 hours prior to the experiment.

Drug stimulation

Dexamethasone (Dex, Sigma, D2915) was reconstituted in nuclease free water to a stock con-
centration of 67.3 x 10° nM. For experimentation, dilutions were performed such that a volume
of 1.6 uLi in 1000 pL. had the desired concentration. All samples were incubated at 37 °C with 5%
CO, during the experiment and were only temporarily removed for the addition and mixing of the
stimulant(s) (approx. 1.5 min).

For transcription inhibition, cells were first stimulated with 100 nM Dex as above. Following
Dex stimulation, 5 mM of triptolide (TPL, Sigma, 645900) was added to the corresponding wells
at appropriate times. All samples were incubated at 37 °C with 5% CO, during the experiment and

were only temporarily removed for the addition and mixing of the stimulant(s) (approx. 1.5 min).

Immunocytochemistry

Immunocytochemistry was performed using a modified protocol described here: Abcam ICC

protocol.
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Briefly, the samples were rinsed twice with RNase-free 1x PBS and then fixed with 4% PFA
at room temperature for 10 min. Samples were permeabilized with 0.1% Triton-X100 in PBS
for 20 min and washed with 1 mL of PBS three times for ten minutes each wash. Next, samples
were blocked for nonspecific binding with 10% Normal Goat Serum (ThermoFisher, 50062Z) for
L hr at 20°C. Samples were then incubated overnight in a 1:500 dilution of primary antibody
(Abcam, AB183127) containing 1% BSA (ThermoFisher, A14289SA) in PBST (PBS with 0.1%
Tween-20, ThermoFisher 85113). The next day the primary antibody solution was aspirated, and
the samples were washed with 1 mL of PBS three times for ten minutes each wash. The samples
were then incubated with the secondary antibody solution (0.5 pug/mL Goat anti-Rabbit IgG (H+L)
Cross-Adsorbed Secondary Antibody, Alexa Fluor 488, Thermo Fisher A11008; 5% Normal Goat
Serum; and 50 ng/mL DAPI in PBST) in the dark for 1 hr at 20°C. Samples were then washed
four times: once with 1 mL of PBST for 10 min, and three times with 1 mL of 1 x PBS for 10 min
each wash. Finally, the samples were mounted on a 15 uL droplet of Vectashield mounting medium

(Vector Laboratories, H-1000-10) and sealed with clear nail polish.

Single-molecule inexpensive FISH

Probe design. To design smiFISH probes for DUSPI! and GAPDH, the gene’s se-
quence was obtained from the Ensembl genome browser by using the transcript ID (DUSP1:
ENST00000239223.4, GAPDH: ENST00000229239.10) and exported as a FASTA file. The
RepeatMasker Web Server was used to identify any repetitive sequences within the DUSPI and
GAPDH exonic sequences, and the Oligostan script in R-studio was used to generate potential
probes, ensuring at least 21-24 probes for high-quality results. Candidate probes were filtered
based on criteria from relevant literature to select those with optimal thermodynamic properties
and specificity, avoiding probes that bind non-target regions. Probe specificity was confirmed by
blasting sequences against genomic and transcript databases, selecting probes that align perfectly
with DUSPI and lack significant similarity to other genes. The selected probes were visualized
and verified as binding sites using vector mapping software, and the final probe sequences with

the FLAP sequences were ordered from IDT (100 uM).
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a Number of probes: 21 _PRRRP PR _RRRRP _PRRRRRRP
Probe length: 20+5 nt (plus FLAP-Y) Exon1 ! Intron1-2 I Exon 2 Inztrgn Exon 3 In;gn Exon 4
Moiting T (neavest neighbor): 66-70 °C  — siassl Iy [ z200p | H —

elting T (nearest nei or): 66-70 ° 610bp H 279bp | 146bp || 366bp H 220bp | 442bp H 1,037 bp
Reference genome: ENST00000239223.4 3.1 kbp
Design: Oligostan (Mueller et al., Nat. Methods 2013) )

b Probe Label Probe Sequence

DUSP1_P1_Exon1 101 -127 AGCCGGCGATGTGGCCGGCGTTGAAATTACACTCGGACCTCGTCGACATGCATT
DUSP1_P2_Exon1 132 - 158 CGCACGATGGTGCTGAAGCGCACGTTTTACACTCGGACCTCGTCGACATGCATT
DUSP1_P3_Exon1 189 - 215 CGGAGCTCGGCGTTGGGCACGATGTGTTACACTCGGACCTCGTCGACATGCATT
DUSP1_P4_Exon1 237 - 263 TCGTCCAGCAACACCACGGCGTGGTATTACACTCGGACCTCGTCGACATGCATT
DUSP1_P5_Exon1 347 - 378 TTCGTATCCTCCTTTGAGGAAGAAGACTTGCTTACACTCGGACCTCGTCGACATGCATT
DUSP1_P6_Exon2 380 - 407 CACAGCTCCGGGCAGGAAGCCGAAAACTTACACTCGGACCTCGTCGACATGCATT
DUSP1_P7_Exon2 411 - 437 CTGAGCCCCATGGGGGTCGACTGTTTTTACACTCGGACCTCGTCGACATGCATT
DUSP1_P8_Exon2 452 - 478 CAGATTCCGCGCTGTCAGGGACGCTATTACACTCGGACCTCGTCGACATGCATT
DUSP1_P9_Exon2 490 - 517 CTGATCGTAGAGTGGGGTACTGCTTACACTCGGACCTCGTCGACATGCATT
DUSP1_P10_Exon3 550 - 576 CTTGCGGGAAGCGTGATACGCACTGCTTACACTCGGACCTCGTCGACATGCATT
DUSP1_P11_Exon3 609 - 641 AAATGGTTGGGACAATTGGCTGAGACGTTGATTTACACTCGGACCTCGTCGACATGCATT
DUSP1_P12_Exon3 645-674 ACAGGGATGCTCTTGTACTGGTAGTGACCTTACACTCGGACCTCGTCGACATGCATT
DUSP1_P13_Exon3 676 - 702 GCTGATGTCTGCCTTGTGGTTGTCCTTTACACTCGGACCTCGTCGACATGCATT
DUSP1_P14_Exon3 704 -734 TCTATGAAGTCAATGGCCTCGTTGAACCAGTTACACTCGGACCTCGTCGACATGCATT
DUSP1_P15_Exon4 736 - 762 CACCCTTCCTCCAGCATTCTTGATGGTTACACTCGGACCTCGTCGACATGCATT
DUSP1_P16_Exon4 764 - 790 GGGAAATGCCTGCCTGGCAGTGGACATTACACTCGGACCTCGTCGACATGCATT
DUSP1_P17_Exon4 799 - 831 ATTAGTCCTCATAAGGTAAGCAAGGCAGATGGTTACACTCGGACCTCGTCGACATGCATT
DUSP1_P18_Exon4 833 - 860 AACTCAAAGGCCTCGTCCAGCTTGACTTTACACTCGGACCTCGTCGACATGCATT
DUSP1_P19_Exon4 862 - 888 AGAGATGATGCTTCGCCTCTGCTTCATTACACTCGGACCTCGTCGACATGCATT
DUSP1_P20_Exon4 1046 - 1074 CTGAAGGTAGCTCAGCGCACTGTTCGTGTTACACTCGGACCTCGTCGACATGCATT
DUSP1_P21_Exon4 1076 - 1104 TCAGCAGCTGGGAGAGGTCGTAATGGGGTTACACTCGGACCTCGTCGACATGCATT
FLAP Y-Cy5 Cy5/AA TGC ATG TCG ACG AGG TCC GAG TGT AA/Cy5
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Figure 2.9: Design and targeting scheme for the DUSPI smiFISH probe set. (a) Genomic organization
of the DUSP1 locus showing exons and introns with relative length scaling and the distribution of gene-
specific smiFISH probes across exonic regions. (b) Table listing the smiFISH probe labels, genomic loci,
and sequences. Each probe consists of a gene-specific sequence extended with a FLAP-Y overhang for sec-
ondary probe binding. (¢) Cartoon of smiFISH detection at an active transcription site. As RNA polymerase
progresses along the gene, nascent DUSPI transcripts are labeled by exon-targeting probes, producing a
bright nuclear focus. The transcriptional elongation time, Telong, defines the duration over which poly-
merases contribute to the TS signal and is used in TS-based model fits and transcriptional inhibition (TPL)
predictions. (d) Cartoon of probe binding along a mature DUSPI mRNA, shown with a relative length scale.
Probes tile the coding exons, resulting in a single fluorescent focus. The transcript includes a 5’ cap, coding
exons, the 3’ UTR containing an ARE, and a poly(A) tail.
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Sample labeling. smiFISH was performed following a protocol previously described [57,117].

Briefly, samples were rinsed twice with RNase-free 1x PBS and fixed with 4% PFA at room
temperature for 10 min. This was followed by permeabilization with 70% ethanol at 4°C for a
minimum of 1 hr. Samples were then washed with Wash A buffer (Biosearch Technologies, SMF-
WA1-60) for 5min. Each coverslip was placed cell-side down on a droplet containing 40 uL. of
hybridization buffer (Biosearch Technologies, SMF-HB1-10) and 1 uL of each duplexed smiFISH
probe set (DUSP1 probes annealed to FLAP-Y-Cy5 and GAPDH exon probes annealed to FLAP-
Y-Cy3), and incubated overnight at 37 °C in a sealed humidified chamber.

The following day, samples were transferred to a new 12-well plate and washed twice in Wash
A buffer containing 10% formamide at 37°C for 30 min, first without additives and then with
50 ng/mL DAPI included. Finally, samples were treated with Wash B buffer (Biosearch Technolo-
gies, SMF-WB1-20) at room temperature for 5 min, mounted on a 15 uL droplet of Vectashield

mounting medium (Vector Laboratories, H-1000-10), and sealed with clear nail polish.

Microscopy imaging

Fluorescent images were acquired on an Olympus IX81 inverted spinning-disk confocal micro-
scope (CSU22 head with quad dichroic and an additional emission filter wheel to minimize spectral
crossover) using a 60x/1.42 NA oil-immersion objective. Confocal z-stacks were collected with a
step size of 0.5 um, with 27 optical sections acquired per channel.

ICC experiments were imaged using two high-power diode lasers with rapid microsecond
switching (405 nm for DAPI, 100 ms exposure; 488 nm for Alexa Fluor 488, 100 ms exposure;
Thermo Fisher A11008). smiFISH fields of view were imaged using three high-power diode lasers
(405 nm for DAPI, 100 ms; 561 nm for smiFISH of GAPDH exons, 100 ms; and 647 nm for smi-
FISH of DUSPI mRNA, 300 ms). Combined smiFISH/ICC fields of view were imaged using four
high-power diode lasers (405 nm for DAPI, 100 ms; 488 nm for Alexa Fluor 488, 100 ms; 561 nm
for smiFISH of GAPDH exons, 100 ms; and 647 nm for smiFISH of DUSPI mRNA, 300 ms).

The system was equipped with differential interference contrast (DIC) optics, built-in spherical

aberration correction for all objectives, and a wide-field xenon light source. Images were acquired
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using an EMCCD camera (iXon Ultra 888, Andor) controlled with SlideBook software, yielding

images with an effective pixel size of 160 nm. The imaging area was 624 x 928 pixels.

2.4.1 GR quantification from immunocytochemistry

To obtain accurate and consistent subcellular single-cell GR measurements, raw image stacks
were processed through the following steps: illumination correction, pseudo-cytoplasmic mask
generation, intensity normalization by imaging date, intensity discretization, and conversion to
concentrations using per-cell nuclear-to-cytoplasmic volume ratios. Although images were ac-
quired as z-stacks of shape [P,T,C,Z,Y, X|, all subsequent intensity quantification and mask
generation were performed on 2D maximum-intensity projections along the Z-axis.

INlumination correction. Illumination correction was performed using a data-driven,
background-based approach (Figure 2.10a-c). Image z-stacks were first projected along the Z-axis
using the 10th percentile intensity to generate a background estimate per field of view, then
aggregated across fields of view via a median projection to produce a single profile per channel
(Figure 2.10a). Each profile was smoothed with a Gaussian filter (channel-specific ) to suppress
noise and remove cellular morphology artifacts. A 2D Gaussian was then fit to each smoothed
profile using nonlinear least squares to produce a parametric correction map (Figure 2.10c). Each
fitted profile was normalized to its maximum value and inverted to form a per-pixel correction
factor, which was applied multiplicatively to the original image stack (Figure 2.10b).

Pseudo-cytoplasmic mask from DAPI dilation. In datasets without a cytoplasmic stain,
pseudo-cytoplasmic regions were derived from the nuclear (DAPI) mask. Nuclear masks were
dilated by 20 pixels, and a watershed algorithm was applied to prevent overlaps between neigh-
boring cells. The resulting cell territories were matched to their corresponding nuclei, and the
pseudo-cytoplasmic mask for each cell was defined as the difference between the dilated territory
and the nuclear mask. Mean intensity within this pseudo-cytoplasmic ring was calculated for each
cell, providing non-overlapping cytoplasmic measurements. Cells touching the image border were

excluded from analysis.
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Figure 2.10: Data-driven illumination correction and controls for GR images. (a) From left to right,
raw GR images, illumination-corrected GR images, and corrected images with pseudo-cytoplasmic masks
overlaid for three representative fields of view spanning low to high Dex stimulation from top to bottom.
(b) Pixel-intensity histograms corresponding to the fields of view in (a). From left to right, distributions
of whole-image intensities (raw, yellow; corrected, green), nuclear GR intensities (raw, purple; corrected,
blue), and pseudo-cytoplasmic GR intensities (raw, red; corrected, orange), showing improved uniformity
after correction. (¢) Batch-derived illumination profile for the GR channel (left) and the corresponding pro-
file after correction (right), both normalized to the range 0—1 and displayed as contour maps, demonstrating
removal of the illumination gradient. (d) Representative secondary-only and isotype control images of HeL.a
cells stained with DAPI, confirming minimal background signal in the GR channel. Scale bars, 10 um.
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Intensity normalization and cell size gating. Raw GR nuclear (nucGRint) and cytoplasmic
(cytGRint) intensities were normalized for between-day imaging variability by a replica-
scaling procedure, yielding illumination- and day-corrected intensities (NucGRCorrected,
CytGRCorrected). Additionally, to reduce variability due to cell size, both GR and DUSPI
datasets were gated to include only cells with nuclear areas between the 25th and 75th percentiles
of their respective nuclear area distributions.

Conversion to sub-cellular concentrations. Mean fluorescent intensities within the nuclear
and pseudo-cytoplasmic masks, NucGRCorrected, CytGRCorrected, were assumed to be
proportional to the compartmental GR concentrations in arbitrary units of concentration, AUC. To
determine GR levels in consistent units of mass, a nuclear-to-cytoplasmic ratio (NCR) was com-
puted as the mean nuclear area divided by the mean cytoplasmic area in the gated DUSP1 dataset.
Arbitrary units of mass (AUM) in the nucleus was estimated as the NucGRCorrected intensity
rescaled by the NCR, and the Cyt GRCorrected intensity was used directly as a measurement
of mass in the cytoplasm. For comparison to the discrete-valued GR transport model, the resulting
quantities of mass were discretized into 30 uniformly-spaced bins spanning the 1st to 99th per-
centile range of the Cyt GRCorrected intensity. Bins were unbounded above to avoid clipping
high-expressing cells, and the same bins were used for both nucleus and cytoplasm. The resulting
normGRnuc and normGRcyt represent sub-cellular GR concentrations in arbitrary units of mass

(AUM).

2.4.2 DUSPI mRNA quantification from smiFISH

Single-cell DUSPI transcript counts were extracted from the smiFISH images using a custom
pipeline built around BigFISH [118], comprising format conversion, cell segmentation, spot detec-
tion and thresholding, SNR-based filtering, and per-cell aggregation. All image processing codes
for smiFISH mRNA quantification can be found at https://github.com/MunskyGroup/AngelFISH.

Data conversion. Raw microscopy image stacks and segmentation masks were converted

into a standardized HDFS format for downstream processing. For each experimental folder, multi-
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Figure 2.11: Segmentation and smFISH spot detection for single-cell DUSPI quantification. Represen-
tative DUSPI smiFISH images across selected times and Dex concentrations, shown with DAPI and 10 yum
scale bars. These images illustrate the range of transcriptional responses used for single-cell quantification.
(a) Cell-level spot detection in cells without transcription sites or foci. For each example, both nuclear and
cytoplasmic CellPose masks are displayed over the smiFISH image, with detected DUSPI mRNA spots
shown in gold. The accompanying spot crops show nuclear and cytoplasmic detections, with red circles
marking low-SNR candidates removed during filtering. (b) Cell-level spot detection in cells containing
transcription sites. Nuclear and cytoplasmic masks are displayed together with the detected DUSPI spots,
including transcription-site detections. Spot crops illustrate transcription sites, nuclear mRNA spots, and
cytoplasmic mRNA spots used for downstream quantification. (¢) Cell-level spot detection in cells contain-
ing both transcription sites and cytoplasmic foci. Nuclear and cytoplasmic masks are shown alongside the
full set of detected spots. Spot crops include transcription sites, cytoplasmic foci, nuclear mRNA spots, and
cytoplasmic mRNA spots, with removed low-SNR candidates indicated in red. (d) Representative field of
view with GAPDH-based cytoplasmic segmentation and removal of border-touching or partial cells. Each
color denotes a unique cell used for downstream analysis.
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Table 2.1: Per-cell variability of GR fluorescence by Dex concentration and stimulation time. Mean
intensities are reported in arbitrary units after background correction. CV is the coefficient of variation
across single cells, pooled across biological replicas. n is the number of cells per condition.

Dex Time Nuclear GR Cytoplasmic GR N/C ratio
(nM)  (min) n mean CV (%) mean CV (%) mean CV (%)
0 0 430 2979 14.6 2858 16,5 1.05 11.2
1 10 326 2977 17.1 2783 17.0  1.08 11.8
1 30 308 3116 16.8 2670 18.6  1.18 13.0
1 50 350 3090 17.0 2500 17.8  1.25 12.4
1 75 323 3031 15.5 2278 15.1  1.34 12.2
1 120 338 3223 16.1 2168 15.1  1.50 12.9
1 180 301 3517 16.6 2059 171 1.72 11.0
10 10 300 3000 16.6 2012 13.0 1.50 13.3
10 30 282 4149 18.1 1730 10.6 240 16.2
10 50 279 4372 16.7 1515 92 290 16.3
10 75 270 4506 18.6 1376 80 3.26 13.3
10 120 320 4538 129 1402 120 3.26 12.7
10 180 317 4115 14.7 1305 18.9 3.21 15.3
100 10 319 4247 155 1370 124 3.12 12.9
100 30 309 4816 15.6 1367 14.0 353 10.8
100 50 311 5463 16.3 1567 122 3.50 14.8
100 75 277 4459 17.3 1407 123 3.17 11.1
100 120 314 4266 13.7 1450 9.3 296 15.4
100 180 298 4106 13.2 1409 80 292 11.7

channel 3D TIFF images and associated log files were parsed to identify fields of view, time points,
and channels. Masks for nuclei and cytoplasm, if precomputed, were unpacked and aligned to their
respective channels. All image data were stored as £ 1oat 32 Dask arrays, rechunked for efficient
processing, and saved to disk along with acquisition metadata in JSON format embedded within
the HDFS file.

Cellpose segmentation. Segmentation of nuclei and cell boundaries was performed using the
Cellpose deep learning framework, with custom pretrained models for nuclear DAPI and cytoplas-
mic smiFISH GAPDH-Cy3 channels [140]. Nuclear masks were generated from the DAPI chan-
nel, while cytoplasmic masks were segmented from the corresponding GAPDH smiFISH channel

(Figure 2.3a). Model parameters (diameter, flow threshold, probability threshold, and minimum
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object size) were optimized for each sub-cellular compartment. Segmentation results were post-
processed to ensure one-to-one alignment between nuclear and cytoplasmic masks (Figure 2.11d).

Spot detection and BigFISH thresholding. Initial RNA spot detection was performed us-
ing BigFISH [118], operating on the DUSP1-Cy5 smiFISH channel. Detected coordinates were
annotated with per-spot properties including voxel-based size, signal intensity, and a computed
signal-to-noise ratio (SNR) using the compute_snr_spots function. For each field of view,
spot coordinates were mapped to individual cells and classified as nuclear or cytoplasmic using
segmentation masks. Clusters corresponding to transcription sites or large cytoplasmic foci were
identified and later included in single-molecule counts. For each smiFISH channel, an empirical
detection threshold was selected by analyzing a random subset of up to 50 images. Spot intensity
distributions were used to compute descriptive statistics (minimum, maximum, median, mean, and
quartiles), from which a per-dataset threshold was chosen. In most datasets, the mean threshold
value was applied; for specific noisier datasets, fixed percentile values (25th, 75th, or 90th) were
used instead to improve robustness.

SNR-based spot filtering. Spot quality control was based on two complementary criteria: an

absolute SNR cutoff requiring SNR > abs_threshold, and a compartment-specific SNR

signal — feompartment

MG_SNR = , 2.1

Jcompartment

where flcompartment aNd Tcompartment areé the mean and standard deviation of intensity within
the nuclear or cytoplasmic mask of the same cell. All analyses used the mg_abs method
(mg_threshold = 3, abs_threshold = 6): a spot was retained if it passed the MG SNR
threshold (MG_pass) or, for spots with 1 < MG_SNR < mg_threshold, if its absolute SNR
exceeded abs_threshold. This fallback prevents rejection of real spots in cells with highly
variable background. Spots failing both criteria were excluded from downstream quantification
and recorded separately for quality review.

Cell-level quantification. Raw spot, cluster, and cell-property data were loaded and concate-

nated across all imaging slides for each experimental replicate using a combined dataset manager,
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with per-spot SNR metrics computed via SNRAnalysis and annotated with an absolute SNR flag
and a compartment-specific MG SNR value (Equation 2.1). Cells touching image borders were ex-
cluded at the filtering stage. To ensure consistent cell identity across replicates, unique cell, spot,
and cluster identifiers were offset by a replicate-specific numeric prefix prior to concatenation.

Using the filtered spot list, the DUSP1Measurement pipeline aggregated single-molecule
counts to the cell level across two quality filters: absolute (SNR > abs_threshold) and
MG__SNR (compartment-specific SNR > mg_threshold). Each filter yielded total, nuclear, and
cytoplasmic spot counts per cell.

TS and cytoplasmic foci were identified from nuclear and cytoplasmic clusters, respectively,
subject to a minimum cluster size of four spots. Clusters falling below this threshold were excluded
from TS and foci counts but tracked via diagnostic fields (n_ts_1t_min, n_foci_lt_min).
For valid TS, the largest and second-largest cluster sizes were also recorded (largest_ts,
second_largest_ts).

Additional per-cell metrics included nuclear and cytoplasmic area; mean and standard devi-
ation of nuclear, cytoplasmic, and whole-cell intensities; and experimental metadata (time, Dex
concentration, replicate, FOV). This pipeline was applied identically to all DUSP1 experimental
replicates. Cell-level results were saved alongside the filtered spot, cluster, and cell property tables

for downstream analysis.

2.5 Computational modeling and alternative model discrimi-

nation
We used the Stochastic System Identification Toolkit (SSIT) (https://github.
com/MunskyGroup/SSIT/ [126]) to define, solve, and fit the GR-mediated DUSPI
transcription (Dex-GR-DUSPI) model.  Scripts to reproduce all analyses are found at
[https://github.com/MunskyGroup/Ron_et_al_2026], and are briefly described

below.
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2.5.1 Modeling framework and inference

All models in this chapter are continuous-time Markov processes governed by the CME 1.5.1,
in which the system state is the vector of integer molecule counts and each reaction j is specified
by a propensity w; and a stoichiometry vector s; giving the net change in counts when reaction j
fires. The full model comprises six species: inactive gene copies (o f £Gene), active gene copies
(onGene), cytoplasmic GR (cytGR), nuclear GR (nucGR), nuclear DUSPI mRNA (rNuc), and
cytoplasmic DUSPI mRNA (rCyt); the mechanistic TTP extension (Section 2.5.6) adds fur-
ther species. Reactions are numbered consistently with the graphical abstract (Figure 2.1b) and
the mechanistic schematic (Figure 2.15): reactions 1-5 govern cytoplasmic GR production and
degradation and GR nucleocytoplasmic transport and nuclear degradation; reactions 6-10 gov-
ern DUSP1 promoter switching, transcription, nuclear export, and cytoplasmic decay; and reac-
tions 11-18 extend the model to resolve TTP. The module-specific reactions and propensities are

given in Sections 2.5.3 through 2.5.6.

Time-varying input signals
Three deterministic signals enter the propensities. They are evaluated at the current time ¢ (in
minutes), with ¢ = 0 the moment of dexamethasone addition. The dexamethasone signal driving

nuclear import is

Ipes(t) = Dy e 7Pex (7 Toons), 22)

the phenomenological TTP activity is

Itrp(l) = (2.3)
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and the triptolide transcriptional shut-off is

1 t < Telong + tTPL,
Itp(t) = 2.4)

e~ kTPL (t=Telong—tTPL) ¢ > Telong + trpL.-

In the GR-only models 7¢jone = 0. In the absence of triptolide trp;, — 00, so that Irpy, = 1.

CME solutions

Solutions to the time-varying CME were obtained using Finite State Projection (FSP) [123]
and the Stochastic Simulation Algorithm (SSA) [141], implemented in the SSIT [126]. The GR
model (nuclear and cytoplasmic GR) was solved directly by FSP. For comparison to nascent and
nuclear DUSP1 mRNA distributions, an approximate hybrid analysis was used in which cytGR
and nucGR were propagated as deterministic ODEs that fed into an FSP solution for the gene
states and mRNA. All ODE and FSP analyses assumed probability distributions corresponding to
steady state under Dex = OnM at ¢ = 0. SSA analyses were initialized at the steady-state ODE
mean at { = —500 min and evolved to approximate steady state at ¢ = 0. The hybrid ODE-FSP
approximation was verified against SSA simulations for nuclear mRNA (median KS-test p = 0.07
over 1000 simulations), with small deviations at the right tail as expected from the deterministic

treatment of the GR signal.

Likelihood and Bayesian inference

After solving the CME by FSP or hybrid ODE-FSP, the resulting probability distributions were
used to estimate parameters by likelihood maximization and sampling of their Bayesian posterior
distributions. For a model M with parameter vector ¢, the solution gives the probability Pj;(x |
t,0) of each discrete molecular state x at time ¢. Experimental observations were compared to the
corresponding model-predicted distributions for the measured species. For cells indexed by ¢ and

time points indexed by ¢;, the likelihood of the data D = {d. ;} was computed as the product of
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the model probabilities assigned to the observed counts,
Lp(0; M) = [T [] Pv (X =dey | 1.0) . (2.5)
j e
or equivalently as the summed log-likelihood,
log Lp(6; M) = ) "log Py (X =d; | t;,0). (2.6)
i e

When multiple measured quantities were linked to model species, such as nuclear mRNA counts
or GR localization, the relevant marginal distribution was extracted from the full CME solution be-
fore evaluating the likelihood. Independent Gaussian priors were placed on the log,,-transformed

parameters, giving the log-posterior
log P(0 | D, M) = log Lp(0; M) + log P(0). (2.7)

For the full model in the final estimation phase, direct likelihood maximization using the FSP is
intractable, and we instead combine SSA trajectories for rCyt and rNuc with FSP analysis of

nascent RNA and minimize the loss

Loss(6; M) =y (Z ne(t;) [CDF (5, 60) — CDFD(tj)\1>

(Z ne(t;) |CDF (25, 60) — CDFD(tj)|1>
Cyt

+ (azlog Lp(6; M))rg + log P(6), (2.8)

Nuc

where CDF y(¢;,0) and CDFp(t;) are the cumulative distribution functions of the model and
data at time ¢;, and n.(¢;) is the number of cells measured at each time. To allow the nuclear,

cytoplasmic, and transcription-site terms to be combined on a common scale, the heuristic factors
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a7 and a, were chosen so that the variance of each term over 100 simulated datasets was equal to

one: «; from the nuclear mRNA term, and .

Fit-and-predict pipeline

Parameters were estimated in stages, each conditioned on the parameters fixed in the previous

stage:

1.

GR model selection and fit. The eight GR transport, synthesis, and degradation parameters
were identified by full FSP-based maximum a posteriori (MAP) estimation (Equation 2.7)
against single-cell ICC data at 1, 10, and 100 nM Dex.

DUSPI nuclear and transcription-site fit. Using the fixed GR parameters, the nine
promoter-switching, transcription, and nuclear-export parameters were estimated by hybrid
ODE (GR) and FSP (nascent and nuclear DUSPI) MAP estimation from measurements at

100 nM Dex.

. DUSPI cytoplasmic fit. Holding the GR parameters fixed, all remaining parameters were

expanded and updated using 10,000 SSA trajectories per parameter set for approximate
Bayesian computation on the marginal distributions of nascent, nuclear, and cytoplasmic
DUSPI mRNA at 100 nM Dex, with Metropolis-Hastings sampling of the combined objec-
tive (Equation 2.8).

TPL fit and final selection. The transcriptional inhibition rate krpr, was estimated from
the nuclear mRNA distributions following TPL application, and the final DUSPI model was

selected.

. Predictive validation. The fully parameterized model was tested by predicting held-out Dex

concentrations and TPL timings without refitting.

2.5.2 Parameter glossary

Each parameter is listed with its symbol, description (units), and the corresponding reaction in

the mechanistic-model schematic (Figure 2.15).
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Glucocorticoid receptor (GR).
k, GR (cytoplasmic) synthesis rate (min~') — reaction 1
YGReyt cytoplasmic GR degradation rate (min~') — reaction 2
Keno basal cyto—nuc import rate (min~!) — reaction 3
Een1 Dex-dependent import rate (min~!) — reaction 3
Mpey half-saturation of Dex import (nM) — reaction 3
k.. GR nuclear export rate (min~!) — reaction 4
YGRuue Duclear GR degradation rate (min~!) — reaction 5
Dy Dex dose / input amplitude (nM) — input Ipey(t)
Ypex Dex signal decay rate (min~1) — input Ipey (1)

kne1 Dex modulation of export (min~!) — GR Dex-export model only

DUSPI transcription.

kon,o basal gene activation rate (min—!) — reaction 6

kon,1 nucGR-dependent activation rate (min—!') — reaction 6

kos¢ basal gene inactivation rate (min—!) — reaction 7
Miofs NUCGR modulation of inactivation (molecules™!) — reaction 7
k.oss leak / off-state transcription rate (min~') — reaction 8
kom0 basal on-state transcription rate (min~!) — reaction 8

k; on,1 nucGR-dependent transcription rate (min~') — reaction 8

Cytoplasmic DUSPI mRNA.
ENnucacye DUSPI mRNA nuclear export rate (min~!') — reaction 9
Kdegcyt,o basal cytoplasmic degradation rate (min—') — reaction 10a
Kdegcyt, TTP-bound (enhanced) degradation rate (min—') — reaction 10c
kprrp TTP—mRNA binding saturation (molecules) — semi-mechanistic /7 rp model
TT P, max fold-change in TTP activity (unitless) — input Iprp(?)

trrp half-max time for TTP activity (min) — input Iprp(t)
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n Hill coefficient, TTP time-dependence (unitless) — input Iprp ()

Mechanistic TTP module (extended model).

koot nucGR-dependent TTP-gene activation (min~") — reaction 11
k;FfoP TTP-gene inactivation (min~—!) — reaction 12

k! ow TTP transcription rate (min~') — reaction 13
kNueacy: TTP mRNA nuclear export (min~') — reaction 14

ky TTP translation rate (min~!) — reaction 15

7, TTP protein degradation (min~') — reaction 18

k, TTP protein-mRNA binding rate (min—') — reactions 10b, 16

k. TTP protein-mRNA unbinding rate (min~!) — reactions 10b~!, 167!
nrrp Hill coefficient, TTP-mRNA binding (unitless) — reactions 10b, 16

Y& basal TTP mRNA degradation (min~') — reaction 17

2.5.3 GR transport and model discrimination

GR model. The GR module tracks two species, cytoplasmic GR (cytGR) and nuclear GR
(nucGR), with initial condition (cytGR,nucGR) = (24, 1). GR transport and turnover are de-
scribed by five reactions, numbered as in Figure 2.1b: cytoplasmic GR production (reaction 1),
cytoplasmic GR degradation (reaction 2), import from cytoplasm to nucleus (reaction 3), export
from nucleus to cytoplasm (reaction 4), and nuclear GR degradation (reaction 5). The dexam-
ethasone input Ipex(t) (Equation 2.2) drives transport through Michaelis-Menten kinetics, so that
Dex-induced import (or, in the export model, export inhibition) saturates at high concentrations.

The selected “Nuc+ Cyt Deg” model, in which Dex drives import and GR is degraded in both
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compartments (Figure 2.2b), contains all five reactions:

(1) @ =GRy : w1 =k, (cytoplasmic GR production)
(2) GReyw — @1 wa = YaReyt GRoyt (cytoplasmic GR degradation)
(3) GReyt — GRyye : w3 = (k’cno + (t > 0) ke ﬁ)}g(t))GRcyt (Dex-induced import)

4) GRpe = GReyt 1 wy = kpe GRyye (nuclear export)

5) GRuuwe — 91 wWs = YgRaue G Ruue (nuclear GR degradation)

Here (t > 0) is a switch equal to 1 for ¢ > 0 and 0 otherwise, so the Dex-dependent import term is
active only after Dex addition.
Candidate models. Four candidate architectures were compared (Figure 2.2b, Figure 2.12).
They differ only in where GR is degraded and in whether Dex acts on import or on export:
* Nuc + Cyt Deg (selected; Dex import with Ygrnue and Ygreyt; 8 parameters): all reactions
1-5.
* Cyt Deg (Dex import with YgRreyt; 7 parameters): set Ygrnue = 0, removing reaction 5.
* Nuc Deg (Dex import with yarnuc; 7 parameters): set Ygreyt = 0, removing reaction 2.
* Dex Export (Dex inhibits export, with Ygrnuec and Ygreyt; 8 parameters): keep reactions 1,
2, 5 and replace reactions 3—4 below.
In the Dex Export model, Dex inhibits nuclear export rather than enhancing import, and reactions

3—4 become

(3) GRcyt — GRnuc Wy = kcnO C;(}%cyt

@) GRue — GRey : wy = max (o, ke — (£ > 0) k be—M>GRnuc.

ncl MDex+IDeX(t)

Model discrimination. Each candidate was fit independently to the single-cell ICC data at
1, 10, and 100nM Dex by maximum a posteriori estimation, and the four were ranked by log-
posterior, AIC, BIC, and an approximate Bayes factor (Table 2.2). Schematics, single-cell distri-

butions, and temporal trajectories for the three rejected variants are shown in Figure 2.12. The
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compartment-specific Nuc + Cyt Deg model achieved the highest log-posterior and the lowest BIC
and was retained for all subsequent analyses, remaining favored even after penalizing its additional
degradation parameter and favored over every alternative by a decisive margin in both BIC and the
approximate Bayes factor (Table 2.2). The biological interpretation of this outcome is developed
in Section 2.2.2.

Table 2.2: Comparison of alternative GR transport and degradation models. Larger (less negative)
log-posterior values indicate better agreement with the single-cell ICC data. ALogP, AAIC, and ABIC are

reported relative to the selected Nuc + Cyt Deg (Dex Import) model. Approximate Bayes factors (aBF) are
computed from ABIC. See also Figure 2.12.

Import, “nuc ’cht Import, ’cht Import, Tnuc EXpOI‘t, “nuc 7cyt

Num. parameters 8 7 7 8
log(MAP/MAPyest) 0 -913 —128 —19194
AIC — AlIChest 0 1825 253 38388
BIC — BIChest 0 1818 246 38388
log(aBFpic) 0 —909 —123 —19194

2.5.4 DUSPI transcription and model discrimination

Transcription model. The nuclear DUSPI module adds three species to the GR model: the
inactive and active promoter states, Geneog and Genegy, and nuclear DUSPI mRNA, DU S P1,,,¢
(rNuc), with initial condition (Geneog, Geneon, DUSPly,.) = (2,0,5). The two alleles switch
between OFF and ON states, transcribe nascent mRNA, and export it to the cytoplasm through
reactions 69, with nuclear GR entering as the time-varying input G R,,.(t) taken from the fitted

GR model. The full (superset) propensities are

(6) Geneog — Geneoy, : wg = (lcon,o + Kon,1 GRHHC) Geneog (promoter activation)

(7 Geneon — Geneog : wy = L) § E— Geneon (promoter inactivation)
1+ Mkoff C7Y‘Rnuc

(8) @ — DUSPlyye : ws = (krops + (Krono + kr.ong GRuue) Geneoy) Irpr(t)  (transcription)

(9) DUSPlyye = DUSPley : wg = knucacyt DUSPliyye (nuclear export)
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Figure 2.12: GR transport and degradation models evaluated using single-cell ICC data. (a) Nuclear
degradation (Nuc Deg) model, in which GR is removed from the nuclear compartment. From left to right,
the reaction schematic with import driven by Ipex(t); single-cell distributions of GR molecular count for
cytoplasm and nucleus at 1, 10, and 100 nM Dex across time points (t = 0, 10, 30, 50, 75, 120, and 180 min),
with measured distributions colored and shaded by compartment (cytoplasm, blue; nucleus, orange) and
model predictions overlaid as black lines; and temporal trajectories at Dex = 1, 10, and 100 nM showing
the imposed Ipex(t) input, GRcyt, GRNue, and total GR. (b) Cytoplasmic degradation (Cyt Deg) model, in
which GRcy¢ is degraded, shown with the same panel layout as (a). (¢) Dex-modulated export (Dex Export)
model, in which Ipex(t) inhibits GR nuclear export with degradation from both compartments, shown with
the same panel layout as (a). In all distribution panels, data are colored and shaded by Dex concentration
and model fits are black lines. In all trajectory panels, data points and bars denote the median 4+ IQR, and
black lines with shading denote the model fit and its uncertainty.
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Transcription (reaction 8) is gated by the triptolide input I1py,(t) (Equation 2.4), which equals
one in the absence of TPL. Transcriptional elongation was treated as a fixed deterministic delay
Telong fOllowing initiation: this delay sets the accumulation time for nascent mRNA at the transcrip-
tion site and the lag between the GR input and the release of mature mRNA, so that mature mRNA
released at time ¢ is controlled by G R, at time ¢ — T¢jong. The model assumes two DUSP] alleles
per cell, consistent with the observation that 98.9% of cells contained zero, one, or two detectable
transcription sites. In the nuclear-only fits, reaction 9 is treated as removal from the nuclear pool
(DU S Pl — 9); in the full model it transfers mRNA to the cytoplasmic species (Section 2.5.5).

Candidate models. Nuclear GR can act at three points in this network: promoter activation
(Kon,1), promoter inactivation (mg,¢s), and the on-state transcription rate (k, ., 1). Five candidate
models (M1-MS5; Figure 2.13) retain different subsets of these couplings, holding the others at
Zero:

* M1 - Repression: G R, slows promoter inactivation only (my, s free; ko1 = Eron1 = 0).

* M2 - Activation: G'R,, accelerates promoter activation only (ko 1 free; myorr = kron1 =
0).

* M3 - Production: G R, raises the transcription rate only (k, o, 1 free; kon1 = Myors = 0).

* M4 - General Activation: G R, accelerates activation, slows inactivation, and raises tran-
scription (Ko, 1, Mot f, kron, all free).

* M5 - Dual Regulation: G R, accelerates activation and slows inactivation (kop 1, Mkofs
free; k; on,1 = 0), with the basal off-state leak removed (k, ;s = 0), so reaction 8 reduces to
ws = ky,on,0 Geneon Irpr(t).

Models M1-M4 retain the low basal off-state transcription rate k,.,¢r; M5 is a reduction of M4
that removes both £, ¢ and &, oy, 1.

Model discrimination. Each model was fit to the 100nM Dex smiFISH data for nuclear
mRNA counts and transcription-site intensity by MAP estimation, and ranked by log-posterior,
AIC, BIC, and an approximate Bayes factor (Table 2.3, Figure 2.13). Models in which G R, acts

through promoter activation (k1) strongly outperformed the k,¢-only (M1) and k,-only (M3)
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variants, identifying increased burst frequency as the dominant mechanism. The dual-regulation
model M5, in which G R, both accelerates promoter activation and slows inactivation, achieved

the lowest BIC and was retained for the cytoplasmic and full-model analyses. The biological

interpretation is developed in Section 2.2.4.

Repression Activation Production General Activation

M1 M2 M3 M4

o e o e e o e
KGRuc) VanA | | ~CRe RNA | | R HRNA | | €GP RNA
Off Off Off Off On
Gene Gene kl Gene Gene kl Gene Gene k] Gene h Gene ki

On On

= ) -Ew = I“—w roe i 7= -EW I’*—w

b Dual Regulation
M5
el
’ mRNA
G%Elfe A Gene kl
s\ = -E““f”

Figure 2.13: Alternative models of GR-dependent DUSPI transcriptional regulation. Schematic rep-
resentation of promoter-level models describing how nuclear GR (G Ry ) regulates DUSP] transcriptional
bursting. The promoter transitions between OFF and ON states with rates ko, and kog and produces nascent
transcripts at rate k, when active. GR-dependent regulation is implemented through modulation of indi-
vidual or combined parameters across models M1-MS5. Log-likelihood contributions from nuclear mRNA
(Nuc), transcription sites (TS), and the combined dataset (Total), along with the Bayesian Information Cri-
terion (BIC), are reported below each schematic. (a) M1, Repression: GR inhibits kg, stabilizing the ON
state. (b) M2, Activation: GR increases koy. (¢) M3, Production: GR directly increases the transcription
rate k.. (d) M4, General Activation: GR modulates ko, kof, and k.. (e) M5, Dual Regulation: GR
modulates ko, and k.g with no basal off-state transcription. Models in which GR modulates k., (M2, M4,
M5) substantially outperform k,g-only (M1) and k,-only (M3) regulation, consistent with a dominant role
for GR-driven burst-frequency control.
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Table 2.3: Comparison of alternative DUSPI nuclear promoter-regulation models (M1-MS5). Log-
posterior ratios log(MAP/MAP},.) are reported separately for nuclear mRNA (Nuc), transcription-site
intensity (TS), and the combined dataset (Tot); AAIC, ABIC, and the approximate log Bayes factor are
relative to the best model (M5). Less negative values indicate better agreement. The dual-regulation model
M5 was selected (see Figure 2.13).

Ml M2 M3 M4 M5
GR-modulated kof  Kon ky kon, kot kr  Kons Kot
Num. parameters 7 7 7 9 8
log(MAP/MAPpest)Nue —H4  —16 —218 —0 0
log(MAP/MAPpest)Ts —90 0 -—132 —11 —11
log(MAP/MAPpest)Tot —133 =5  —339 -0 0
AIC — AICyest 264 9 676 2 0
BIC — BIChgt 258 2 669 8 0
log(BF approx) -129 -1 =335 —4 0

2.5.5 DUSPI cytoplasmic regulation and model discrimination

Cytoplasmic model. The cytoplasmic module adds one species, cytoplasmic DUSPI mRNA
(DUS Py, rCyt), with initial condition DUSP1.,y = 0. It is produced by nuclear export
(reaction 9, the same Ky c20,: process introduced in Section 2.5.4, now tracking the cytoplasmic

product) and removed by degradation (reaction 10):

(9) DUSPlye — DUSPley : wg = knucacyt DUSPly,.  (nuclear export)

(10) DUSPleyy — D 1 Wi = Waeg (cytoplasmic degradation)

The four candidate models differ only in the degradation propensity wges. Writing 7oy =
DUSP1.y, free mRNA degrades at the basal rate kgegcyro and TTP-bound mRNA at the

enhanced rate Kgegcye,1, SO

*
Wdeg = kdegCyt,O Teyt + (kdegCyt,l - kdegCyt,O) Tcyt, (29)

where 77 is the TTP-bound mRNA, obtained from a rapid-equilibrium binding assumption. In
the mechanistic model (Section 2.5.6), reaction 10 is resolved into basal decay (reaction 10a),

reversible TTP binding (reaction 10b), and catalyzed decay (reaction 10c).
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*

Saturating TTP-bound term. Total cytoplasmic mRNA 7.y = 7eyep + 74y splits into free

and TTP-bound pools, and total TTP TT' P,y = 1T Pr + Tegt into free and mRNA-bound pools.

Assuming rapid reversible binding of free mRNA and free TTP,

cyt?

k
reger + TT Py ké re (2.10)

*

oyt defines the dissociation constant

the equilibrium balance k roy v TT Pr = k_ 17

kprrp = k’_— _ TeytF TTPr _ (Tcyt - T:yt>(TTPt0t - T:yt). 2.11)

* *
k+ Tcyt rcyt

*

Rearranging gives a quadratic in rg,

riv. = (Feyt + TT Pt + kprrp) 1y + Teys TT Proy = 0, (2.12)

cyt

whose physical (smaller) root is

Pyt eyt TTProg) = 4 (reye + TT Prog +kiprre) =/ (reye + TTProy + kprrp)? — 470 TT P |.
(2.13)
The total TTP is either held constant or follows the time-varying signal I1rp(t) (Equation 2.3).
Candidate models. The four candidate decay models combine these choices with Equa-
tion 2.9:
* Model 1 — Basal first-order degradation: no TTP binding (r7,, = 0), sO waeg =
KdegCyt,0 Teyt-
* Model 2 — Saturable, no time-varying induction: Equation 2.13 with TT'P,; fixed at its
basal value 1, SO Waeg = Kaegyt,0 Teyt + (Kdegoyt,n = Kaegeyt,0) Toyt (Teyt, 1)

* Model 3 - Time-varying input, no saturation: bound mRNA approximated as I1rp () ey,

SO Wdeg = kdegC’yt,O Teyt + (kdegc’yt,l - kdegCyt,O) ITTP(t) Teyt-
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* Model 4 - Time-varying, saturable (selected): Equation 2.13 with TT' P, = Itrp(t), so
Waeg = KdegOyt,0 Teyt + (Kdegoyt,n = Kaegeyt,0) Tyt (Teyt, TrTe(t))-

Model discrimination. The four decay models were fit jointly with the selected nuclear mod-
ule (M5) to the 100 nM Dex smiFISH data using SSA trajectories and approximate Bayesian com-
putation, with the combined objective evaluated against nuclear and cytoplasmic mRNA marginals
and transcription-site intensity (Table 2.4, Figure 2.14). All four models reproduced the mean
nuclear and cytoplasmic mRNA trajectories, but only the time-varying, saturable Model 4 repro-
duced the variance dynamics and variance-mean relationships in both compartments; the simpler
models systematically misestimated either nuclear or cytoplasmic variability. Model 4 also gave
the smallest total fit and prediction errors of the four phenomenological models (Table 2.4), and
was therefore selected. A fully mechanistic TTP network (Section 2.5.6) reproduces the same data

and corroborates this choice. The biological interpretation is developed in Section 2.2.6.

Table 2.4: Fit and prediction errors across cytoplasmic DUSPI degradation models. Each column is a
cytoplasmic decay mechanism paired with the selected nuclear model (M5): Linear Constant (Model 1, first-
order), Nonlinear Constant (Model 2, saturable), Linear Time-Varying (Model 3, time-varying), Nonlinear
Time-Varying (Model 4, time-varying and saturable; selected), and Detailed Mechanistic (the full TTP
network, Section 2.5.6). Values are log(MAP/MAP},s) per dataset; less negative is better. Fit datasets
were used for inference; prediction datasets were held out.

Data set Linear  Nonlinear Linear Nonlinear Detailed
Constant Constant Time-Varying Time-Varying Mechanistic
Nuc/Cyt, 100 nM Dex (fit) —126 —210 —102 0 -3
TS, 100 nM Dex (fit) -3 -1 -2 0 -0
Nuc/Cyt, 0 min TPL (fit) —-17 —26 —-30 —12 0
Total fit error —146 —237 —-134 —12 -3
Nuc/Cyt, 0.3 nM Dex (predict) —22 —23 —43 -17 0
Nuc/Cyt, 1.0 nM Dex (predict) —31 —57 —35 —15 0
Nuc/Cyt, 10 nM Dex (predict) —43 —76 —47 -2 0
TS, 0.3 nM Dex (predict) —0 -0 -0 0 —4
TS, 1.0nM Dex (predict) -1 —0 0 —0 —2
TS, 10 nM Dex (predict) -1 -2 -1 0 -0
Nuc/Cyt, 20 min TPL (predict) —11 —-37 -7 0 -1
Nuc/Cyt, 75 min TPL (predict) -1 —8 -5 0 -1
Nuc/Cyt, 150 min TPL (predict) —22 —38 —20 0 —10
Nuc/Cyt, 180 min TPL (predict) —6 —26 -8 -8 0
Total prediction error —-139 —269 —165 —41 -19
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Figure 2.14: Alternative models of cytoplasmic DUSPI mRNA degradation. (a) Five candidate mecha-
nisms for cytoplasmic DUSPI mRNA decay (left to right): First Order Decay (purple), a constant rate o;
Time-Varying Decay (orange) and Saturable Decay (yellow), each adding an ARE-mediated term yARE
with either explicit time dependence or abundance-dependent saturation; Time-Varying + Saturable De-
cay (blue), combining both into the phenomenological input IT7p(¢); and the full Mechanistic TTP model
(green). Gold highlighting indicates the models retained for downstream analyses. (b) Model fits (colored
open circles) versus single-cell smiFISH data (black dashed lines) for the 100 nM Dex time course. Rows,
top to bottom: mean and variance of nuclear DUSPI mRNA versus time; mean and variance of cytoplas-
mic DUSPI mRNA versus time; and the variance—mean relationships for nuclear and cytoplasmic mRNA.
All five models reproduce the mean trajectories comparably, so means alone do not discriminate among
mechanisms. Only the models combining time-varying and saturable ARE-mediated decay (T.V. + Sat. and
Mechanistic TTP) reproduce the variance dynamics and variance—mean relationships in both compartments;
the First Order, T.V.-only, and Sat.-only models misestimate the nuclear and cytoplasmic variances. The
agreement between the semi-mechanistic T.V. + Sat. model and the full Mechanistic TTP model supports
Itrp(t) as a compact, identifiable representation of TTP-driven ARE-dependent mRNA decay.
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2.5.6 Full mechanistic GR-DUSP1-TTP network

The semi-mechanistic model of Section 2.5.5 represents ARE-mediated cytoplasmic decay
through the phenomenological input Itrp(t) (Equation 2.3), which reproduces the time-varying,
saturable behavior expected of TTP-driven decay without modeling TTP itself. To confirm that this
compact term is consistent with the underlying biochemistry, the reaction network was extended

to resolve Dex-induced TTP expression and TTP-catalyzed mRNA decay explicitly (Figure 2.15).

PR RN ]

o 1TPProteIn

)
TTPcy

~...___-‘ 1TPProlein

b
<

Ol o-¥ o ¢
' 0

E=l E= ’
TTP DUSP1 A
Gene Gene P

Figure 2.15: Mechanistic model extension incorporating TTP-mediated post-transcriptional regu-
lation. To verify ARE-dependent mRNA decay via ITTp(t), the semi-mechanistic model was extended
to include TTP expression dynamics in response to Dex. New species include ON and OFF TTP gene
states, nuclear and cytoplasmic 77P mRNA, TTP protein, and transient TTP-mRNA complexes. Nuclear
GR promotes TTP gene activation (reaction 11), followed by transcription (reaction 13), nuclear export
(reaction 14), translation (reaction 15), and protein degradation (reaction 18), with basal gene deacti-
vation (reaction 12). TTP protein catalyzes degradation of both DUSPI and TTP cytoplasmic mRNA
(reaction 10a—c, reaction 17) without being consumed (dotted line). TPL input, ITpy,(¢), inhibits transcrip-
tion of both DUSPI and TTP. As TTP mRNA and protein were not directly measured, their dynamics are
inferred through their effects on DUSPI mRNA distributions.

100



Extended species. The mechanistic model adds the 7TP gene ON and OFF states, nuclear
and cytoplasmic TTP mRNA (1T Py, TT Pey), TTP protein (171 Fyot), and the transient TTP—
mRNA complexes formed on cytoplasmic DUSPI and TTP transcripts. Because 7TP mRNA and
protein were not measured directly, their dynamics are constrained only indirectly, through their
effect on the measured DUSP1 mRNA distributions.

Extended reactions. Nuclear GR drives the TTP module in parallel with its action on DUSPI,
and TTP protein then closes a negative-feedback loop onto both transcripts:

» TTP expression (reactions 11-15, 18): G R,,.-dependent 7TP gene activation (reaction 11,

TTP

) with basal inactivation (reaction 12, koff ); TTP transcription (reaction 13, EITP

r,on /3

TTP
kon,l

inhibited by I'tpr(t) as for DUSPI; nuclear export (reaction 14, ky.te,,); translation (re-
action 15, ky;); and TTP protein degradation (reaction 18, ~,). Basal 7TP mRNA decay
proceeds at rate y4 ¥,

* TTP-catalyzed DUSP1 decay (reactions 10a-10c): basal first-order decay of cytoplasmic
DUSPI mRNA is retained (reaction 10a, £4cqcyt,0); TTP protein binds cytoplasmic DUSPI
mRNA reversibly to form a transient complex (reaction 10b, forward ky, reverse k,, cooper-
ativity nrrp); the complex either dissociates or proceeds to catalyzed degradation, releasing
the TTP protein (reaction 10c, kgegoyt,1)-

* TTP autoregulation (reactions 16—17): TTP protein binds cytoplasmic 77P mRNA (reac-
tion 16, ky/k,, nrrp) and catalyzes its degradation (reaction 17), imposing the same ARE-
mediated negative feedback on its own transcript.

In every binding reaction the TTP protein is released rather than consumed, so it acts catalyti-
cally. Reactions 10a—10c resolve the lumped cytoplasmic degradation (reaction 10) of the semi-
mechanistic model into its basal and TTP-dependent components; the inferred mechanistic param-
eters are reported in Section 2.5.8.

Verification. The close agreement between the semi-mechanistic and fully mechanistic models

for both the mean and the variance of nuclear and cytoplasmic DUSPI mRNA (Figure 2.14b;

Table 2.4) confirms that the phenomenological input Irp(¢) is a faithful and identifiable surrogate
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for the explicit TTP regulatory circuit. Because the mechanistic extension adds ten parameters
that are constrained only indirectly by DUSP! data, the semi-mechanistic model is retained for all
downstream analyses, with the mechanistic network serving as a biophysical consistency check

rather than as the primary inference model.

2.5.7 Parameter uncertainty quantification

The three final models were fit sequentially: the compartment-specific GR model first, then
the DUSPI nuclear and transcription-site model using the inferred GR dynamics, and finally the
cytoplasmic DUSPI model using the fitted GR and nuclear parameters. For each of these models,
point estimates (MAP/MLE) were complemented by full posterior uncertainty quantification using
Metropolis—Hastings (MH) Markov chain Monte Carlo sampling.

Method. Sampling was performed in log,, parameter space, with the target density given by
the same combined objective used for inference: the FSP likelihood over the measured single-cell
distributions, the transcription-site likelihood, and the log-priors over the free parameters; for the
cytoplasmic model, stochastic simulation with approximate Bayesian computation supplied the
nuclear and cytoplasmic mRNA marginals. Posterior samples were summarized in linear scale as
the posterior mean and standard deviation for every parameter (reported for the GR model in Ta-
ble 2.5, for the semi-mechanistic model in Table 2.7, and for the mechanistic model in Table 2.8)
and visualized two ways: pairwise joint distributions, in which each panel shows the density of MH
samples for a parameter pair with a 95% confidence ellipse, and single-parameter marginal pos-
teriors, in which a histogram and kernel-density estimate of the samples are overlaid on the prior.
Across all three models the marginal posteriors are substantially narrower than their priors, indi-
cating that the parameters are well constrained by the single-cell data, while the joint distributions

reveal the expected correlations among kinetically coupled parameters.

2.5.8 Shared parameters and final parameter inventory

This section consolidates the inferred parameters for the three final models. The compartment-

specific GR model supplies the GR transport dynamics that drive every downstream module
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Figure 2.16: Joint posterior distribution for the compartment-specific GR model. Uncertainty quantifi-
cation for the chosen GR model, obtained by Metropolis—Hastings MCMC sampling. Each subplot shows
the pairwise joint distribution of MCMC samples for two model parameters (in log;, space), with points
colored by sample density. The magenta dashed ellipse marks the 95% confidence interval.
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Figure 2.17: Marginal posterior distributions for the compartment-specific GR model. Single-
parameter marginal posteriors for the chosen GR model, obtained by Metropolis—Hastings MCMC sam-
pling. Each panel shows one model parameter (in log;, space): the blue histogram is the distribution of
MCMC samples, the red curve is a kernel density estimate of the marginal posterior, and the gold curve is
the prior.
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Figure 2.18: Joint posterior distribution for the semi-mechanistic DUSPI model. Uncertainty quantifi-
cation for the semi-mechanistic DUSPI model, obtained by Metropolis—Hastings MCMC sampling. Each
subplot shows the pairwise joint distribution of MCMC samples for two model parameters (in log, space),
with points colored by sample density. The magenta dashed ellipse marks the 95% confidence interval.
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Figure 2.20: Joint posterior distribution for the mechanistic DUSPI model. Uncertainty quantification
for the mechanistic DUSP1 model, obtained by Metropolis—Hastings MCMC sampling. Each subplot shows
the pairwise joint distribution of MCMC samples for two model parameters (in log;, space), with points
colored by sample density. The magenta dashed ellipse marks the 95% confidence interval.
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Figure 2.21: Marginal posterior distributions for the mechanistic DUSPI model. Single-parameter
marginal posteriors for the mechanistic DUSPI model, obtained by Metropolis—Hastings MCMC sampling.
Each panel shows one model parameter (in log;, space): the blue histogram is the distribution of MCMC
samples, the red curve is a kernel density estimate of the marginal posterior, and the gold curve is the prior.
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(Table 2.5). The DUSP1 parameters are then compared across model structures, from nuclear-only
fits to the full semi-mechanistic and mechanistic models (Table 2.6). Finally, the posterior
mean and standard deviation from Metropolis—Hastings sampling are reported for the selected
semi-mechanistic model (Table 2.7) and for the mechanistic model (Table 2.8); in each case the
maximum-likelihood column reproduces the corresponding point estimates in Table 2.6, now with
their inferred uncertainties.

Table 2.5: Inferred parameters for the compartment-specific GR model. Maximum-likelihood esti-

mates and posterior mean + standard deviation from Metropolis—Hastings sampling (linear scale). The Dex
clearance rate ypey is effectively zero, indicating negligible glucocorticoid degradation over the experiment.

Description (units) Parameter MLE Posterior mean &= STD
GR import, basal (min—') Eeno 6.02 x 1072 6.04 x 1073 £ 1.65 x 1074
GR import, Dex-dependent (min~1) ken1 1.15x 1071 1.15x 1071 +2.56 x 1073
Dex clearance rate (min~ ') YDex 6.76 x 1077 1.66 x 1079+ 3.15 x 106
GR nuclear export (min~1) e 1.88x 1072 1.87x107246.61 x 1074
GR synthesis, cytoplasmic (min~!) kg 4.82x 1072 4.80x1072+£9.20 x 1073
GR degradation, cytoplasmic (min™!)  YgReyt 124 x 1073 1.24 x 1073 4+3.42 x 1074
GR degradation, nuclear (min—') YGRaue 440 x 1073 4.37 x 1072 £4.47 x 1074
Michaelis constant, Dex import (nM) ~ Mpey 1.17 x 101 1.19 x 10! £2.84 x 107!
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Table 2.6: Inferred DUSPI- and TTP-related parameter values across model variants. The two nuclear columns are nuclear-only fits (general
activation, all GR couplings free; and activation only, k,,, coupling). The semi-mechanistic column is the selected full model (nuclear module plus
the time-varying, saturable cytoplasmic decay of Equation 2.13); the mechanistic column adds the explicit TTP network (Figure 2.15). Em-dashes

OrLT

(—) indicate parameters absent from that model. Symbols follow the chapter glossary.

Description (units) Parameter Nuclear Nuclear Semi- Mechanistic
(gen. act.) (kon only)  mechanistic
DUSPI nuclear module
Basal gene inactivation rate (min—') kost 1.83 x 10 1.73 x 10° 6.99 x 101 6.11 x 107!
Basal gene activation rate (min~!) Eon,0 1.63x 1072 1.00 x 1072 4.06 x 1072 3.55 x 1072
nucGR-dependent gene activation rate (min—1) Kon1 3.11 x 1072 3.63x107% 6.97x 1072 3.48 x 1073
nucGR modulation of inactivation (molecules ™) Mikoff 1.74 x 1072 — 2.25 x 1077 7.86 x 1072
Basal DUSP] transcription rate (min~!) Kr.on,0 1.77 x 10 2.08 x 10! 8.80 x 10  6.79 x 10°
nucGR-dependent DUSPI transcription rate (min—1) Er.on1 9.97 x 106 — 442 x 1077 244 x 1077
DUSPI elongation time (min) Telong 2.67x10°  2.67x10° 1.76 x 10°  1.36 x 10°
DUSPI nuclear export rate (min~!) knue2cyt  3.17x 1072 3.16 x 1072 6.07 x 1072 7.12x 1072
DUSPI cytoplasmic degradation (semi-mechanistic; see Equation 2.13)
Basal DUSPI mRNA degradation rate (min ') KdegCyt,0 — — 1.58 x 107%  5.07 x 1074
Max TTP-dependent degradation rate (min~—!) Edegcyt,1 — — 3.53x 100 874 x 1072

Continued on next page



IT1

(Table 2.6 continued)

Semi-

Description (units) Parameter Mechanistic

mechanistic
Max fold-change in TTP-mediated degradation TTP 1.02 x 109 —
Half-max time for TTP activity (min) trTp 6.82 x 10! —
Hill coefficient, TTP time-dependence n 2.68 x 10! —
TTP-mRNA binding saturation (molecules) kpTTP 1.07 x 102 —
TTP module (mechanistic only; see Figure 2.15)
nucGR-dependent TTP gene activation rate (min~') k2"’ — 2.10 x 1072
TTP gene inactivation rate (min—1) k:OTHT P — 2.26 x 10°
TTP transcription rate (min~ ') krT P — 1.02 x 10°
TTP nuclear export rate (min—1) kﬁg;cyt — 1.17 x 1072
Basal TTP mRNA degradation rate (min—1) ,},OT T — 2.09 x 1073
TTP translation rate (min~") kg — 6.65 x 1071
TTP protein degradation rate (min—!) Yp — 1.42 x 109
TTP-mRNA binding rate (min—! mol—1) ks, — 4.21 x 10°
TTP-mRNA unbinding rate (min—!) ky — 4.11 x 1072

Continued on next page
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(Table 2.6 continued)

Nuclear Nuclear Semi-
Description (units) Parameter Mechanistic

(gen. act.) (kon only)  mechanistic

Hill coefficient, TTP-mRNA binding NTTP — — — 7.48 x 1072




Table 2.7: Posterior parameters for the selected semi-mechanistic DUSPI model. Maximum-likelihood
estimates and posterior mean =+ standard deviation from Metropolis—Hastings sampling (linear scale). The
MLE column matches the semi-mechanistic column of Table 2.6.

Description (units) Parameter MLE Posterior mean + STD
Basal gene inactivation rate (min~1) kof 6.99 x 10! 7.77 x 101 £1.96 x 10*
Basal gene activation rate (min—!) Eon,0 4.06 x 1073 7.00 x 1073 £ 2.40 x 1073
nucGR-dependent gene activation rate (min—!) kon,1 6.97 x 1073 6.82 x 1073 £2.79 x 10~
nucGR modulation of inactivation (molecules™!) Mikoff 2.25x 1077 1.24 x 1077 £8.00 x 1078
Basal DUSPI transcription rate (min~?) Kz, on,0 8.80 x 102 9.80 x 10% 4 2.20 x 10?
nucGR-dependent DUSP] transcription rate (min~) k. on 1 4.42 x 1077 8.56 x 1077 £5.22 x 107
DUSPI elongation time (min) Telong 1.76 x 10°  1.89 x 10°+3.15 x 10~*
DUSPI nuclear export rate (min~!) ENuc2Cyt 6.07 x 1072 6.16 x 1072 +£2.65 x 1073
Basal DUSPI mRNA degradation rate (min—') KdegCyt,0 1.58 x 1072 9.30 x 1074 +2.82 x 1074
Max TTP-dependent degradation rate (min—') KdegCyt,1 3.53x10°  4.05x 10°4+6.15 x 107!
Max fold-change in TTP-mediated degradation TTP 1.02 x 10°  9.00 x 1071 +1.16 x 107!
Half-max time for TTP activity (min) tTTP 6.82 x 10! 6.86 x 10" +1.44 x 10°
Hill coefficient, TTP time-dependence i 2.68 x 10! 2.68 x 10" +£8.46 x 10°
TTP-mRNA binding saturation (molecules) kprre 1.07 x 102 1.15 x 102 4+ 1.26 x 10!

The experiments, models, and predictions presented in this chapter constitute a complete study
of acute Dex-driven GR transport and DUSPI mRNA regulation. As of this writing, the corre-
sponding manuscript is in final preparation, with a preprint to be posted within the coming week
and submission for peer review to follow at Nature, Science, or Cell, or one of their associated
journals. The next chapter steps back from these specific findings to place them in their broader bi-
ological and methodological context, abstracts the approach into a reusable workflow, and sets out
the outstanding questions and future experiments that build directly on the system characterized

here.
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Table 2.8: Posterior parameters for the mechanistic DUSPI-TTP model. Maximum-likelihood esti-
mates and posterior mean =+ standard deviation from Metropolis—Hastings sampling (linear scale). The
MLE column matches the mechanistic column of Table 2.6. Symbols follow the chapter glossary; the un-
derlying data file’s symbol column was misaligned and is corrected here.

Description (units) Parameter MLE Posterior mean + STD
DUSPI nuclear and cytoplasmic module

Basal gene inactivation rate (min—!) ko 6.11 x 1071 9.05 x 1071 £1.96 x 10~*
Basal gene activation rate (min—') Kon.0 3.55x 1072 3.67x1072+8.34 x 1073
nucGR-dependent gene activation rate (min—!) Kon 1 348 x 1073 4.08 x 1073 +6.41 x 10~*
nucGR modulation of inactivation (molecules 1) Mikoff 7.86x 1072 571 x 1072 +2.28 x 1072
Basal DUSP] transcription rate (min~1) Kr.on,0 6.79 x 10° 9.81 x 10° +1.83 x 10°
nucGR-dependent DUSP] transcription rate (min~h) kron1 244 x 1077 1.47 x 1077 +£5.60 x 1078
DUSP] elongation time (min) Telong 1.36 x 10°  1.48 x 109 +3.32 x 107!
DUSPI nuclear export rate (min~!) ENuc2Cyt 712x 1072 7.25x 10724252 x 1073
Basal DUSPI mRNA degradation rate (min—') EdegCyt,0 5.07 x 107% 834 x107°+4.11 x 107°
Max TTP-dependent degradation rate (min—') KdegCyt,1 874 x 1072 1.12x 1071 +£1.71 x 1072
TTP module

nucGR-dependent TTP gene activation rate (min~') kLT 2.10 x 1072 3.06 x 1072 4+ 1.84 x 1072
TTP gene inactivation rate (min—!) kggp 2.26 x 10° 6.33 x 100 +3.75 x 10°
TTP transcription rate (min~!) krox 1.02 x 10° 2.23 x 100 +1.06 x 10°
TTP nuclear export rate (min~1) Koyt L17x1072 1.26 x 1072 +£3.33 x 1072
Basal TTP mRNA degradation rate (min—') e 209 %1073 213x1072+£2.24x1073
TTP translation rate (min—') ky 6.65 x 1071 6.05 x 1071 £1.62 x 107!
TTP protein degradation rate (min—!) Yp 1.42 x 10° 3.28 x 1071 +3.99 x 107!
TTP-mRNA binding rate (min~! mol~!) ks, 4.21 % 10° 9.65 x 100 + 3.78 x 10°
TTP-mRNA unbinding rate (min—!) ke, 411 x 1072 290 x 1072 £1.26 x 1072
Hill coefficient, TTP-mRNA binding NTTP 7.48 x 1072 3.51 x 1072+ 2.59 x 1072
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Chapter 3
Synthesis, QOutstanding Questions, and Future

Directions

3.1 Synthesis

The central result of this dissertation is a quantitative, mechanistic, and predictive model of
Dex-driven GR transport and DUSPI mRNA regulation in HeLa cells during the first three hours
of stimulation, inferred entirely from endogenous single-cell measurements. The model identi-
fies nuclear GR degradation as the dominant mechanism of receptor clearance, GR-dependent
increases in the promoter activation rate k., as the dominant driver of transcriptional induction
(with negligible contribution from the transcription rate £, and a modest possible contribution
from decreases in kg that the current data cannot definitively resolve), and time-varying, saturable
ARE-mediated decay (consistent with TTP) as the dominant mechanism of cytoplasmic mRNA
clearance. With these mechanisms in place, the fully parameterized model quantitatively predicts
joint nuclear and cytoplasmic mRNA distributions, transcription site activity, and dose response
behavior across seven orders of magnitude of Dex concentration and across acute transcriptional
inhibition with TPL, all without refitting.

These conclusions describe the acute response. Three hours is the regime in which the un-
derlying regulatory architecture (GR translocation, promoter switching, transcription, and decay)
is most cleanly identifiable, but it is not the regime that is most clinically relevant. GCs are ad-
ministered chronically in asthma, COPD, and a range of autoimmune and inflammatory diseases,
and the clinical limitations of long-term GC therapy (acquired resistance and side-effect accumu-
lation) develop over days to weeks rather than the hours studied here [7,23]. The mechanisms that
dominate at three hours may not be the mechanisms that dominate at twenty-four. In particular,

reported recruitment of p300 to the DUSPI locus [134] raises the specific possibility that sus-
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tained signaling stabilizes the active promoter state through decreases in kg, shifting regulation
from a burst-frequency mode toward a combined burst-frequency and burst-duration mode. The
acute-phase model and parameters reported here provide the quantitative baseline against which
any such shift can be measured, and the workflow used to obtain them transfers directly to longer
time courses (Section 3.4).

A second limitation, distinct from the acute regime discussed above, concerns the cell line
itself. All experiments in this work were performed in HeLa cells, an immortalized cervical ade-
nocarcinoma line that is aneuploid and carries a substantially rearranged genome relative to normal
human cells [131]. Aberrant copy number and chromatin state at the DUSP1 locus and across the
GR and MAPK signaling machinery can shift the very quantities this framework infers, so the
specific rate constants and model rankings reported in Chapter 2 should be read as properties of
this cell line under these conditions, and both the inferred parameters and the favored mechanisms
are expected to change across cell types as gene dosage, chromatin accessibility, and cofactor and
ARE-binding-protein abundance vary. The goal of this work was not to catalog the parameters of
GR-DUSPI regulation specific to HeLa cells, but to establish that an integrated single-cell mea-
surement and stochastic modeling framework can resolve and predict these processes at all; testing
whether the specific mechanisms generalize to non-transformed primary and disease-relevant cells
is a direct and important extension (Section 3.4).

Beyond the specific biology, the broader contribution of this work is the framework itself.
The combination of endogenous ICC and smiFISH measurements, stochastic models solved with
the CME, and likelihood-based discrimination between alternative mechanistic hypotheses can
be applied to almost any signal-activated gene regulatory system. The remainder of this chapter
outlines that framework as a workflow others in the group can follow, summarizes the additional
projects I contributed to during my PhD, and identifies a set of accessible next experiments and

longer-term directions that build directly on the Dex-GR-DUSPI-TTP system.
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3.2 A workflow for building predictive single-cell models of

signal-activated gene regulation

The work in Chapter 2 can be abstracted into a five-step workflow. Each step has a corre-
sponding software and experimental scaffold that already exists within the group, which should
substantially lower the cost of applying it to new systems.

1. Quantify the endogenous response at the single-cell level. The starting point is fixed-
cell ICC and/or smiFISH measurements of the endogenous targets of interest, with sufficient
time points and stimulation conditions to constrain both means and full distributions. Endoge-
nous measurements avoid the confounds of overexpression, reporter constructs, and integration
site effects, and they provide direct access to the cell-to-cell variability that constrains stochas-
tic models [31, 115]. The DUSP1AnalysisManager and AngelFISH pipelines developed during
this work provide a reusable template for segmentation, spot detection, SNR-based filtering, and
per-cell quantification.

2. Sketch a minimal mechanistic model and enumerate alternatives. Rather than building
one large model, the approach taken here was to define a minimal set of species and reactions, then
enumerate biologically motivated alternative hypotheses for each step (Dex modulating import
versus export; degradation in one compartment versus both; GR acting through k., kog, or k;;
first-order versus saturable versus time-varying decay). Enumerating alternatives up front makes
it possible to discriminate between mechanisms using data, rather than committing to a single
architecture based on prior assumptions.

3. Solve and fit using the SSIT. The SSIT [126] provides FSP solutions of the CME, hybrid
ODE-FSP integration for upstream deterministic species, and SSA/ABC routines for cases where
FSP is impractical (such as the cytoplasmic mRNA module). Likelihood-based fitting against full
distributions, rather than means or summary statistics, is essential for identifying mechanisms that
differ primarily in the variance structure of the data, as was the case here for the saturable ARE-

mediated decay.
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4. Discriminate among models using likelihood and BIC, validated by qualitative obser-
vations. Likelihood ratios and BIC differences provide quantitative ranking of competing models,
but these should be cross-checked against qualitative features of the data that the chosen model
must reproduce. In this work, the saturable, time-varying decay model was favored both by BIC
and by the qualitative observation that cytoplasmic mRNA variability is larger than nuclear mRNA
variability at late times, a feature that simpler models cannot reproduce.

5. Validate by predicting held-out conditions without refitting. The strongest test of any
mechanistic model is its ability to predict the outcome of perturbations it was not fit to. In Chap-
ter 2, predictions across 1 nM and 10 nM Dex, a seven-order-of-magnitude Dex titration, and dual
Dex-TPL stimulation provided this test. Future applications of this workflow should reserve at
least one perturbation or concentration as a held-out validation condition from the start.

Applied consistently, this workflow yields models that are not only descriptive but predictive,

and that can be used to design follow-up experiments rather than simply rationalize existing ones.

3.3 Methodological refinements to strengthen future applica-

tions

The workflow above is general, but the specific implementation in Chapter 2 carries method-
ological limitations that should be addressed in any future application. Each of the refinements
below was identified during this work, has a clear implementation path within the group’s exist-
ing infrastructure, and would strengthen both the conclusions of Chapter 2 and the experiments
proposed in Section 3.4.

Paired intronic and exonic smiFISH probe sets for transcription site quantification. The
DUSPI smiFISH probe set used in Chapter 2 targets only exonic sequence, so transcription sites
are recovered as bright nuclear clusters whose integrated intensity reports the number of nascent
transcripts rather than through a dedicated nascent-RNA channel. This conflates TS signal with
closely spaced mature nuclear mRNA at high expression and limits the ability to distinguish £,,-

from k.g-driven changes in burst structure. A paired probe set in which intronic probes (one fluo-
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rescent channel) directly label nascent transcripts and exonic probes (a second channel) label both
nascent and mature mRNA would provide an unambiguous TS mask, allow direct measurement of
nascent-only TS intensity, and substantially improve identifiability of k., versus kg in the model
selection step (Step 4 of the workflow).

Joint ICC and smiFISH in the same cell. The current implementation measures nuclear GR
(by ICC) and DUSPI mRNA (by smiFISH) in parallel samples drawn from the same conditions but
not from the same cells. The model therefore fits marginal distributions of each species and infers
their joint behavior through the shared upstream signal rather than from direct measurement. Se-
quential ICC-then-smiFISH protocols, which preserve both protein epitopes and mRNA integrity,
would yield true single-cell joint distributions of GR localization and DUSPI transcript counts.
This would tighten the constraints on the GR-to-promoter coupling, allow direct measurement of
the GR-DUSP1 correlation as a function of dose and time, and enable model fits against the full
joint distribution rather than its marginals.

Automated multiwell acquisition with fluorescent bead intensity standards. Throughput in
this work was limited by manual acquisition on individual coverslips, and absolute intensity com-
parisons across imaging sessions relied on within-session controls rather than an external reference.
Two changes would address both limitations. First, mounting samples in multiwell imaging slides
with automated stage scanning would allow many conditions, replicates, and controls to be ac-
quired in a single session under matched optical conditions, reducing session-to-session variability
and substantially increasing the number of single cells per condition. Second, imaging fluorescent
bead standards (such as TetraSpeck beads) at the start of each session in each channel provides an
external intensity reference against which both spot intensities and ICC signals can be normalized
across days, microscopes, and probe batches. Together these changes would convert TS intensity
and ICC nuclear GR measurements from session-relative to session-absolute quantities, allowing
direct comparison across experiments and across collaborating groups.

These refinements are not required to reproduce the conclusions of Chapter 2, but they would

substantially reduce the uncertainty bands on the inferred parameters, sharpen the discrimination
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among competing mechanistic models, and lower the experimental cost of applying the workflow

to the systems proposed in the following section.

3.4 Immediate extensions and low-hanging fruit

Several experimental extensions of the Dex-GR-DUSPI-TTP system are now technically
straightforward and would substantially strengthen or extend the conclusions of Chapter 2.

Paired intronic and exonic DUSPI smiFISH for TS quantification. The methodological
case for paired intronic and exonic probes is given in Section 3.3. Applied to DUSP1 across the
same time courses and Dex concentrations used in Chapter 2, this measurement would replace
integrated exonic intensity with a dedicated nascent-RNA TS channel. The resulting data would
directly test whether DUSPI transcriptional induction is driven primarily by increases in burst
frequency (k,,) or also includes meaningful contributions from extended burst duration (decreases
in kog), and would substantially tighten the parameter estimates and uncertainty bounds on both
rates.

Extended Dex stimulation time courses. Sustained Dex stimulation beyond three hours
would test the boundary between the acute regulatory architecture characterized in Chapter 2 and
the chronic regime relevant to long-term GC pharmacology. smiFISH and ICC time courses ex-
tended to 24, 48, and 72 hours would specifically test whether £, remains the dominant regulated
rate or whether £.g stabilization (consistent with reported p300 recruitment to the DUSPI lo-
cus [134]) becomes a substantial contributor at later times. The acute-phase parameters reported
in Chapter 2 provide the ¢ < 3 h initial condition for any such extended time course, and the exist-
ing TS-intensity and burst-frequency analyses transfer without modification. Combined with the
paired intronic and exonic probes described above, these experiments would also directly resolve
whether the dominant regulated rate changes with prolonged stimulation.

Testing additional glucocorticoid ligands. Dexamethasone was used throughout Chapter 2
as a high-affinity, well-characterized reference ligand, but the clinical landscape of GC therapy

includes lower-affinity natural and synthetic GCs (e.g., prednisolone, the active metabolite of
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prednisone) and the developing class of selective glucocorticoid receptor agonists and modulators
(SEGRAMs) designed to dissociate transactivation from transrepression for improved side-effect
profiles [50]. Repeating the core time-course and dose-response measurements with these ligands
would test whether the inferred GR transport and DUSP/ regulatory parameters scale predictably
with ligand affinity or whether ligand-specific effects (altered nuclear retention, phosphorylation
status, or cofactor recruitment) emerge. This extension converts the model from a Dex-specific
description into a quantitative platform for comparing ligands directly relevant to clinical GC phar-
macology.

Direct measurement of TTP. The mechanistic TTP network proposed in Chapter 2 is currently
inferred indirectly through its effects on DUSP1 mRNA distributions. Direct ICC measurements of
TTP protein across the same Dex stimulation conditions would test the model’s predictions for the
regulatory circuit (Figure 2.1a) and provide independent constraints on the TTP module parameters
in Table 2.6.

smiFISH for TTP and other early-response GC-induced genes. smiFISH against 77P
mRNA would directly test the inferred dynamics of the TTP transcriptional response and pro-
vide a second ARE-containing transcript whose decay can be modeled in parallel with DUSPI.
Additional early-response GC-induced genes (GILZ, NFKBIA, and others) would test the general-
ity of the GR-dependent burst frequency mechanism inferred for DUSPI and would allow direct
comparison of promoter responses to the same upstream GR signal.

Testing the model in medically relevant cell types. HelLa cells provided a clean and well-
characterized testbed, but the clinical relevance of the Dex-GR-DUSPI-TTP axis lies in airway
epithelial and immune contexts [7,23,37]. Repeating the core ICC and smiFISH measurements in
BEAS-2B, A549, or primary airway epithelial cells would test whether the inferred mechanisms
and parameters generalize, or whether cell-type-specific chromatin and signaling context produces
quantitatively different regulatory architectures [91].

Live-cell measurement of MKP1 translation and DUSPI mRNA decay. The current model

is parameterized entirely from fixed-cell measurements and therefore provides a time-averaged de-
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scription of translation and degradation rather than direct observation of individual events. Two
complementary live-cell single-molecule techniques would resolve these processes at the resolu-
tion at which they occur. Nascent chain tracking (NCT) [142, 143] uses fluorescently labeled anti-
body fragments that bind nascent epitope tags on the growing polypeptide, allowing translation to
be imaged in real time on individual mRNAs. The TREAT system [144] uses a dual-color stem-
loop architecture in which intact transcripts display both colors while degradation intermediates
retain only the 3’-stabilized end, allowing individual mRNA decay events to be localized in space
and time. Both labels can be combined within a single DUSPI reporter that preserves the 3’ UTR
ARE, enabling simultaneous measurement of nascent MKP1 translation and DUSPI mRNA decay
on the same molecule. This would directly test whether ARE-mediated degradation is coupled
to translation status, provide per-event rate constants that convert the current time-varying cyto-
plasmic decay function from a phenomenological fit into a mechanistically anchored rate law, and
measure MKP1 protein production dynamics that the present mRNA-only model cannot access.
The infrastructure for NCT-based imaging is established within the group through prior shared-
author work [143], and the same construct design would extend the multiplexed NCT framework

developed there into a regulated, signal-responsive system.

3.5 Additional contributions during this PhD

Beyond the work presented in Chapter 2, three additional efforts during this PhD contributed
to the broader research and training activities of the group.

Shared-author work on multiplexed nascent chain tracking. I contributed to Raymond et
al. (2023) [143], which combines stochastic mechanistic simulation with machine learning to de-
sign single-color multiplexed NCT experiments and demonstrates that, in principle, as many as
seven mRNA species can be distinguished within a single cell using only two fluorescent tags.
My contribution was experimental validation of the multiplexed NCT approach, including plasmid
preparation, bead-loading of cells with fluorescent labeling reagents, and live-cell microscopy. Ad-

ditional validation experiments were performed that were not included in the published manuscript.
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Teaching at the ¢q-bio summer school. I served as a lecturer at the g-bio summer school, where
I delivered a lecture on fluorescence techniques used in single-cell experimentation and led both
fixed-cell and live-cell microscopy demonstrations on a HilLLo microscope. The course material
drew directly on the experimental and analytical methods developed during this dissertation.

Undergraduate mentoring and protocol development. I trained multiple undergraduate stu-
dents in mammalian cell culture, fixed-cell experimentation (ICC, smiFISH), and live-cell exper-
imentation (NCT), and authored standard operating procedures for each fixed-cell technique that

are now used as training and reference documents within the lab.
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