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Abstract
Identification of psychoneuroimmune drug targets in hiPSC-derived astrocytes
By Benjamin Siciliano

Major Depressive Disorder (MDD) and Alzheimer’s Disease (AD) represent two highly
prevalent and debilitating brain disorders, yet their shared pathophysiological mechanisms
remain poorly understood. Recent epidemiological studies suggest a bidirectional link between
MDD and AD, highlighting the need for novel therapeutic strategies. This research focuses on
astrocytes, key glial cells implicated in neuroinflammation, synaptic maintenance, and the blood-
brain barrier (BBB), to investigate how astrocyte-specific dysfunction may drive disease
processes in MDD and AD. Using human induced pluripotent stem cell (hiPSC) technology,
astrocytes were derived from MDD patients, categorized as responders (R) or nonresponders
(NR) to selective serotonin reuptake inhibitors (SSRIs), and from individuals with familial AD
(fAD) and healthy controls. Comprehensive transcriptomic and kinomic analyses revealed
distinct and overlapping molecular signatures across these astrocyte groups. Notably, NR
astrocytes exhibited pronounced dysregulation in chemotaxis-related genes and upregulated
stress-responsive pathways, whereas fAD astrocytes displayed impairment in extracellular matrix
(ECM) organization, neuroinflammation, and lipid metabolism. Further transcription factor (TF)
activity inference identified differential modulation of factors such as HIF3A, KLF17 and kinase
pathways such as DDR2, PI3K associated with SSRI responsiveness and AD pathogenesis.
Functional network analyses underscored astrocytes’ active roles in synaptic modulation and
inflammatory cascades, supporting the hypothesis that astrocyte dysfunction contributes to both
treatment resistance in MDD and neurodegenerative processes in AD. By querying the Library of
Integrated Network-based Cellular Signatures (LINCS), this work uncovered several FDA-
approved drugs, including certain antidepressants and anti-inflammatory agents, capable of
reversing pathological astrocyte phenotypes in vitro. These findings highlight promising avenues
for drug repurposing and astrocyte-targeted intervention. Overall, this dissertation advances the
emerging concept of astrocytes as central players in neuropsychiatric and neurodegenerative
disorders. It identifies novel molecular candidates and pathways for therapeutic development,
emphasizing the need for a precision medicine approach tailored to astrocyte-specific
dysfunction. Collectively, these results contribute to our understanding of how glial
dysregulation underpins MDD and AD, providing a foundation for future translational efforts
aimed at improving clinical outcomes.
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Chapter 1: Introduction

Major depressive disorder and treatment-resistant depression

Major Depressive Disorder (MDD) is one of the most common psychiatric illnesses and
leading causes of global disability, with over 300 million individuals estimated to experience
depression worldwide [1-3]. MDD can manifest with both cognitive and somatic symptoms,
including weight change, sleep disturbance, psychomotor agitation or slowing, and persistent
fatigue, alongside cognitive symptoms such as loss of interest or please, persistent feelings of
sadness or worthlessness, difficulty concentrating, and low mood recurring thoughts of death [4].
It is thought to be caused by the interaction of environmental, genetic, and neurobiological forces
[5-9]. Genetic studies estimate that heritability of MDD ranges from 40% to 50%, suggesting
that genetic factors, such as polymorphisms affecting serotonin transporter, neurotrophic
pathways, and stress response, may influence the development of MDD [10]. Environmental
factors, such as chronic psychosocial stress, early life adversity, socioeconomic disadvantage,
social isolation, interpersonal trauma, occupational burnout, and lack of social support networks,
have also been shown to contribute to the onset of MDD [1, 11]. Neurobiological factors involve
alterations in neurotransmitter systems, including serotonin, norepinephrine, and dopamine
imbalances, disrupted GABA and glutamate signaling pathways, dysregulated neurotrophin
expression, impaired synaptic plasticity, altered hypothalamic-pituitary-adrenal (HPA) axis
function, which are targeted by many antidepressant medications through mechanisms that
enhance monoaminergic transmission, modulate receptor sensitivity [11]. Despite the widespread
availability of antidepressant medications, many patients with MDD fail to achieve full

remission of depressive symptoms with standard interventions. This is termed treatment-resistant



depression (TRD) and is defined as not having responded to two or more distinct antidepressant
medications at appropriate doses and durations [12-16].

Patients with TRD are at higher risk of chronic depression, hospitalization, functional
impairment, and comorbid medical conditions, including cardiovascular diseases, chronic kidney
diseases, and cancers [17]. Moreover, TRD is associated with substantially higher healthcare
costs and an overall lower quality of life when compared to non-treatment-resistant depression
patients and the general population [18-21]. Studies indicate that TRD patients incur healthcare
costs roughly double those of non-TRD patients, with annual costs potentially exceeding $17,000
per patient [22]. Additionally, TRD is linked to a lower overall quality of life, characterized by
reduced productivity, increased absenteeism, and employment challenges, with TRD patients
experiencing an average of 35.8 work-loss days per year [22]. Attempts to address TRD involve
a range of strategies, including augmentation or combination pharmacological approaches, such
as the addition of lithium or second-generation antipsychotics to existing antidepressant
regimens, as well as neuromodulatory interventions, including Deep Brain Stimulation (DBS)
and Transcranial Magnetic Stimulation (TMS) [23-27]. Additionally, precision medicine
strategies are being explored for their ability to improve outcomes in both MDD and TRD by
personalizing treatments based on individual patient profiles. These precise approaches aim to
estimate the likelihood of individual treatment response by integrating genetic, genomic, and
clinical data, thereby allowing for earlier identification of treatment-resistant patients and
preemptive personalization of treatment strategies [28-30]. However, the success of precision
medicine has thus far been limited by our incomplete understanding of biological determinants
of antidepressant response, underscoring the need for continued research into more effective and

personalized interventions for depression.



Sporadic and familial Alzheimer’s disease

Alzheimer's Disease (AD) is a progressive neurodegenerative disorder that has been
implicated in approximately 60-70% of all dementia cases [31, 32]. Patients with AD typically
present with progressive memory loss, cognitive decline, and behavioral symptoms such as
anxiety, agitation, and aggression. These clinical manifestations have been largely attributed to
the accumulation of amyloid-f3 (AB) plaques and hyperphosphorylated tau protein tangles. It has
been hypothesized that the presence of these AP plaques and tau tangles leads to CNS-wide
synaptic dysfunction, chronic neuroinflammation, and neuronal death, which cumulatively
produce the cognitive and functional deficits observed in AD patients [33-37]. AD can be
broadly categorized into sporadic and familial subtypes. Approximately 95% of patients present
with the sporadic form of AD, which is thought to arise from a confluence of genetic and
environmental forces. In contrast, familial AD follows a more predictable pattern of autosomal
dominant inheritance but only accounts for a small minority of AD cases. This autosomal
dominant form of AD is primarily linked to genetic mutations in the amyloid precursor protein
(APP) and presenilin 1/2 (PSEN1/2) genes, which can lead to early-onset AD that often
manifests before the age of 65 [38]. Additionally, recent studies have attempted to delineate
biological subtypes of AD based on the regional distribution of brain atrophy and tau-related
pathology. Of these biological subtypes, typical AD is the most common subtype, accounting for
approximately 55% of cases, while limbic-predominant, hippocampal-sparing, and minimal
atrophy AD occur with frequencies of 21%, 17% and 15%, respectively [39].

The global public health impact of AD is substantial and continues to grow as life

expectancies increase, and more people live to older ages, intensifying the socioeconomic burden



of the disease. In the United States, approximately 6.9 million people aged 65 and older are
walking around with AD, and this estimate is expected to increase to 13.8 million by 2060,
barring significant medical breakthroughs [31, 32]. This increase will strain healthcare systems
and exacerbate the economic and social challenges associated with AD, including increased
healthcare costs and the need for extensive caregiving. Although considerable progress has been
made in our understanding of the molecular underpinnings of AD, effective disease-modifying
therapies remain challenging to develop. Most pharmacotherapies explored thus far have shown
limited success in clinical trials [35, 40]. For example, numerous drugs targeting amyloid-3, such
as monoclonal antibodies, have failed to demonstrate significant benefits in slowing cognitive
decline [41-43]. These disappointing results have led researchers to explore alternative
mechanisms, such as neuroinflammation, dysregulated neurotransmission, and disruptions in
extracellular matrix (ECM) remodeling, for potential therapeutic targets [44-47]. Moreover,
multiple lines of evidence have indicated that AD does not manifest in isolation, with depression
appearing as both an early symptom of AD and a risk factor for its development [48-50]. As
such, elucidation of the pathophysiological pathways underlying both MDD and AD may
provide critical insights into the development of more effective treatments for both

neuropsychiatric and neurodegenerative disorders.

Epidemiological link between major depressive disorder and Alzheimer’s disease

MDD and AD are among the most prevalent and debilitating brain disorders, with a
growing body of evidence suggesting an epidemiological connection between them [50-54].
Depression has been identified both as a risk factor for developing AD and a common

comorbidity in individuals with neurodegenerative disease, raising questions about whether it



serves as a prodromal phase of AD or an independent contributor to neurodegeneration [52, 55,
56]. Clinical studies have indicated that depression can precede cognitive decline by decades,
suggesting that depression may contribute to or be an early indicator for progressive
neurodegenerative diseases like AD [53, 57, 58]. This association appears to be particularly
strong when depressive episodes occur in mid-to-late life, with several studies indicating that
individuals with late-life depression may have up to a twofold higher risk of AD compared to
those without depression [59-65]. Beyond its role as a risk factor, depression is also a common
symptom in AD patients [66]. A substantial percentage of individuals with AD also experience
depressive symptoms, though they can be difficult to diagnose and treat due to their overlap with
the symptoms of dementia [67]. This bidirectional relationship between depression and AD
highlights the need for further research into their shared underlying mechanisms and underscores
the potential for this line of investigation to unlock never-before-realized treatments.

The significant epidemiological overlap between MDD and AD is complimented by the
potential therapeutic crossover between pharmacological treatments for these conditions. The use
of antidepressants, particularly selective serotonin reuptake inhibitors (SSRIs), in AD has shown
promising preliminary results across multiple clinical trials. For instance, one previous study
found that sertraline, an SSRI, was effective in treating major depression in AD patients [68].
Another found that mirtazapine, a tetracyclic antidepressant, was effective at managing anxiety,
agitation, and depressive symptoms in AD patients, likely due to its antagonism of adrenergic o2
and serotonergic 5-HT2 and 5-HT3 receptors [69]. Beyond mood improvement, studies have also
shown that long-term SSRI treatment cannot only improve mild cognitive impairment (MCI) and
cognitive function in patients with AD but may also delay the progression from MCI to AD [57].

Anti-Alzheimer's medications have similarly been explored for their potential antidepressant



effects. For instance, cholinesterase inhibitors (ChEls), though originally prescribed to treat
cognitive symptoms, have been found to also improve behavioral symptoms in patients with AD
[70]. However, research specifically examining the therapeutic impact of ChEIs on depression in
AD remains limited. Furthermore, recent clinical trials for anti-amyloid therapies like lecanemab
and donanemab have focused primarily on cognitive outcomes in clinical trials at the expense of
assessing their impact on depression or other behavioral symptoms of dementia [71]. Moreover,
the specific exclusion of patients with significant psychiatric symptoms from these trials limits
their applicability to the nontrivial subset of AD patients with depression and perpetuates the

gaps in our knowledge of the interaction between two of the most pervasive brain disorders.

Precision medicine approaches to major depressive disorder and Alzheimer’s disease

Traditional one-size-fits-all treatment strategies have shown limited efficacy in both
MDD and AD due to the complex and heterogeneous nature of these disorders, highlighting the
need for personalized treatment strategies. Precision medicine approaches aim to improve the
diagnosis, treatment, and prevention of disorders by accounting for patient-specific genetic,
molecular, and environmental factors [6, 7, 30, 72-74]. Advances in omics and multi-omics
technologies, including genomics, transcriptomics, proteomics, metabolomics, and kinomics,
have enabled the identification of distinct molecular subtypes of MDD and AD, which may
respond differentially to targeted interventions [75-79]. For instance, prior studies using human-
induced pluripotent stem cells (hiPSC) combined MDD-relevant hiPSC-derived cells with
environmental perturbations to explore the gene-environment interactions underlying
predisposition to MDD [77]. Additionally, precision medicine approaches in AD aim to address

multiple contributors to cognitive decline, such as insulin resistance, hyperlipidemia, and



inflammation, by using comprehensive biomarker testing, genetic screening, imaging, and
lifestyle assessments to tailor interventions based on individual patient profiles [74]. As research
progresses, machine learning (ML) models leveraging patient-specific biomarker profiles and
clinical histories show promise for optimizing treatment selection for AD as well as MDD [80-
83]. In theory, ML-assisted precision medicine approaches could facilitate the stratification of
MDD and AD patients to enable more personalized and effective treatment strategies. For
example, these strategies could facilitate the identification of MDD and AD patient subgroups
with heightened inflammatory responses as having a higher-than-average chance of responding
positively to the administration of anti-inflammatory or immunomodulatory agents [84-86].
Similarly, such approaches could identify individuals with dysregulated neurotrophic signaling,
particularly those with altered BDNF levels, who may benefit from therapies like ketamine that
have been shown to enhance neuroplasticity through BDNF-related pathways [57, 87, 88]. This
integration of precision medicine into clinical practices has the potential to enable the earlier
administration of more effective interventions but has thus far been limited by our inadequate
understanding of the biological determinants of treatment response, highlighting the need for

continued research into the shared pathophysiology of MDD and AD.

Modeling major depressive disorder and Alzheimer’s disease using hiPSC-derived neurons

iPSC technology has gained recognition as a powerful tool for probing the molecular and
cellular mechanisms underlying brain disorders. These cells can be differentiated into astrocytes,
neurons, or microglia to provide a physiologically relevant platform for exploring disease
mechanisms, discovering novel drug targets, and screening potentially therapeutic compounds

[89-93]. By capturing patient-specific symptom histories and genetic profiles, iPSC models



allow researchers to study patient-specific differences in gene expression and cellular function,
enabling personalized disease modeling that mirrors the unique biological characteristics of each
individual and providing insights that are not fully captured in traditional animal models [89, 94-
97]. This is particularly advantageous because traditional animal models often fail to replicate
the complex genetic factors that contribute to human brain disorders and may not accurately
reflect the genetic diversity seen in human populations [98]. Postmortem brain studies also
provide a translational element that is difficult to replicate in animal models, making them
valuable for understanding disease pathophysiology, but they come with their own significant
limitations, including the effect of the postmortem interval on tissue quality, the reliance of
postmortem studies on limited clinical information, and the demographic bias in the availability
of postmortem brain tissue [99-102]. Unlike these traditional animal and postmortem brain
models, iPSC technology offers controlled and experimentally manipulable disease models that
capture the patient-specific genetic factors underlying human brain disorders.

iPSC-derived neuron models have provided key insights into the molecular and cellular
dysfunctions underlying both MDD and AD [89, 90, 95, 103]. iPSC-derived neurons from MDD
patients display significantly impaired synaptic plasticity, as evidenced by diminished dendritic
complexity, altered spine morphology, and decreased synaptic transmission [89, 90, 104-106].
Neurons from MDD patients also presented with dysregulated BDNF signaling, supporting the
role of this neuronal survival and synaptic plasticity in the pathogenesis of depression [107, 108].
In AD, iPSC-derived neurons from patients with familial and sporadic forms of the disease have
demonstrated alterations in AP production, tau phosphorylation, and mitochondrial dysfunction
[109-111]. These neurons also exhibited impaired bioenergetics and heightened susceptibility to

oxidative stress, which are thought to produce neurodegeneration over time [109, 112]. Studies



have also shown that inflammatory signaling pathways involving NF-xB are upregulated in
neurons and brain tissue from AD patients, as well as in vivo models of AD [113, 114]. Despite
the nascency of this field, iPSC-derived neurons have already begun unraveling the intricate
neuron-specific molecular and cellular mechanisms of these disorders.

Recent studies have also begun to explore common molecular signatures between MDD
and AD using iPSC-derived neurons. These studies have observed shared features between these
disorders, including dysregulated stress response pathways, impaired neurotrophic signaling,
increased oxidative stress, and epigenetic alterations in both MDD and AD models [89, 115-
121]. However, no investigations thus far have directly compared these two conditions in a head-
to-head study of MDD and AD patient-derived hiPSC models. As iPSC technology continues to
evolve, its integration into neuropsychiatric and neurodegenerative disease research will be
instrumental in uncovering novel mechanistic insights and advancing personalized treatment

strategies within these overlapping populations.

hiPSC-derived astrocytes models of major depressive disorder and Alzheimer’s disease

Astrocytes are the most abundant cell type in the central nervous system (CNS), outnumbering
neurons, oligodendrocytes, and microglia [122]. These cells not only provide structural and
metabolic support for neurons but also play an active role in maintaining brain homeostasis
[123]. They directly modulate synaptic function by regulating neurotransmitter uptake, synaptic
plasticity, and neuronal excitability through mechanisms such as glutamate and GABA transport,
calcium signaling, and gliotransmitter release [124-127]. Astrocytes are highly enriched for
excitatory amino acid transporters (EAATs), namely EAAT1 (GLAST) and EAAT2 (GLT-1),

which enable them to act as high-efficiency filtration systems for clearing excess glutamate to
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prevent excitotoxicity while maintaining sufficient availability for proper synaptic function [128-
131]. In addition to glutamate filtration, astrocytes also release signaling molecules such as ATP,
D-serine, and GABA, which modulate synaptic strength, plasticity, and neuronal excitability in a
dynamic, activity-dependent manner. For instance, ATP can influence neuronal activity via P2X
and P2Y receptors, GABA can modulate inhibitory synaptic transmission, and D-serine can act
as a co-agonist at NMDA receptors, facilitating synaptic plasticity and learning processes [126,
132, 133]. Rather than merely supporting neurons, astrocytes dynamically fine-tune the synaptic
environment to ensure the optimal function of neural circuits by precisely regulating levels of
neurotransmitters and gliotransmitters.

Beyond glutamate clearance and gliotransmitter release, the diverse synaptic functions of
astrocytes are further enhanced by their ability to regulate the extracellular space in which
neurons operate. The ECM is a complicated network of proteins and polysaccharides
surrounding neurons and glia in the CNS. It occupies approximately 20% of total adult brain
volume and provides critical structural and biochemical support to the CNS [134-137].
Astrocytes dynamically regulate ECM turnover by producing and degrading key matrix
components, such as hyaluronic acid (HA), chondroitin sulfate proteoglycans, and tenascin C,
through interactions with matrix metalloproteinases (MMPs) and tissue inhibitors of
metalloproteinases (TIMPs) like TIMP-1. This regulation influences various aspects of both
healthy and diseased brain physiology, including synaptic organization, plasticity, and neuronal
migration [138-145]. This interplay between astrocytes and the ECM represents yet another
dimension of astrocytic function in the broader context of brain homeostasis and protection.

Beyond their roles in synaptic maintenance and ECM regulation, astrocytes are also key

regulators of neuroimmune signaling, responding to and producing cytokines, chemokines, and
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other inflammatory mediators [146, 147]. Under homeostatic conditions, astrocytes help
maintain an anti-inflammatory environment in the CNS by secreting neuroprotective factors,
modulating microglial activity, and regulating neurotransmitter levels. This function is critical
not only for maintaining brain homeostasis and protecting neurons from potential damage but
also for the pathophysiology of neuropsychiatric and neurodegenerative disorders [148-151].
Astrocytes can modulate microglial activity by influencing their phenotypic switch between pro-
inflammatory (M1) and anti-inflammatory (M2) states. For instance, astrocytes can secrete
factors that promote the M2 phenotype, which is associated with tissue repair and anti-
inflammatory responses [152]. This bidirectional communication between astrocytes and
microglia represents a crucial regulatory axis in the brain's immune response, with significant
implications for both neuropsychiatric and neurodegenerative conditions.

For much of the 20th century, research on these disorders was overwhelmingly neuron-
focused, with pathological changes in neuronal activity, connectivity, and degeneration viewed as
the primary drivers of disease [153, 154]. This neuron-centric paradigm shaped the development
of therapeutics, leading to interventions aimed at restoring neurotransmitter balance, enhancing
synaptic plasticity, or preventing neuronal loss [155-157]. However, the limited efficacy of these
approaches in treating complex brain disorders, such as MDD and AD, has highlighted the need
for a broader perspective [15, 158]. In recent decades, growing evidence has implicated glial
cells, particularly astrocytes, which were historically regarded as passive support cells, as active

regulators of synaptic plasticity, neuroimmune interactions, BBB integrity, and ECM remodeling,

and central players in both neuropsychiatric and neurodegenerative pathophysiology [127, 159-

170]. Their role in modulating synaptic function, regulating neuroimmune signaling, and
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maintaining the structural environment of the brain highlights the importance of considering glial
contributions in disease mechanisms.

In the context of MDD and AD, astrocyte dysfunction is being increasingly recognized as
a key factor contributing to synaptic deficits, chronic neuroinflammation, and altered ECM
dynamics, making astrocytes a compelling target for therapeutic development [160, 171-173]. In

MDD, postmortem studies and neuroimaging data have revealed astrocyte atrophy, reduced

astrocytic markers, and impaired glutamate clearance [171, 174, 175]. These findings suggest
that astrocytic dysfunction contributes to synaptic and network dysregulation observed in
depression, particularly in corticolimbic circuits involved in mood regulation [176]. In AD,
astrocytes associated with amyloid plaques have been found to exhibit similar morphological,
molecular, and functional alterations. Prior studies of these astrocytes have revealed alterations
in ECM production and remodeling, including increased activity of MMP-2 and MMP-9, which
contribute to abnormal matrix composition, blood-brain barrier (BBB) breakdown, and
neuroinflammatory responses that may exacerbate neurodegeneration and impair synaptic
function [177-183]. These astrocytes also display increased secretion of inflammatory factors
and dysregulation of immunoinflammatory kinase signaling pathways, including JAK/STAT3
and NF-xB, which are linked to synaptic deficits and cognitive decline in neurodegenerative

disorders such as AD can contribute to neuroinflammation and neurodegeneration [171, 179,

184-197]. Collectively, these core functions position astrocytes as critical mediators of neural
health and disease, and their dysregulation in MDD and AD suggests a shared pathological axis
involving synaptic failure, chronic inflammation, and ECM disruption.

This shift toward a more comprehensive neuron-glia model has expanded our conception

of brain function and disease, revealing astrocytes as key contributors to brain pathology and
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opening new avenues for therapeutic development targeting glial dysfunction. Understanding
astrocyte-specific contributions to these diseases could inform novel therapeutic strategies aimed
at restoring glial function to improve neuropsychiatric and neurodegenerative outcomes. The
recognition of astrocytes as active contributors to brain disorders has profound implications for
therapeutic development. Traditional pharmacological treatments for MDD, such as SSRIs,
primarily target neuronal monoaminergic systems. However, growing evidence suggests that
astrocyte dysfunction plays a significant role in MDD pathophysiology, potentially contributing
to treatment resistance in some cases [176, 198]. Likewise, recent failures of amyloid-targeting
drugs in AD clinical trials suggest that targeting amyloid accumulation alone may be insufficient
to halt disease progression, indicating a more complex pathophysiology [199, 200]. Targeting
astrocytes presents a promising avenue for therapeutic exploration in neurodegenerative and
neuroinflammatory disorders. This approach can involve modulating astrocyte inflammatory
responses, enhancing their neuroprotective functions, or targeting specific pathways within
astrocytes [191, 201-204]. As the field continues to move beyond a neuron-centric framework,
understanding the molecular and functional contributions of astrocytes to brain disorders will be
critical in developing more effective pharmacotherapies.

Despite this growing recognition of astrocytes' involvement in MDD and AD, existing
research models have limitations in capturing patient-specific astrocyte dysfunction. Postmortem

tissue analyses provide valuable but static snapshots of disease states, while animal and in vitro

models struggle to fully replicate human astrocyte biology and disease pathology [171, 176, 205-
209]. These limitations underscore the need for advanced research techniques to better
understand the dynamic role of astrocytes in these disorders. hiPSC-derived astrocytes address

many limitations of traditional research models, allowing for investigation of patient-specific
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astrocyte phenotypes, disease-relevant molecular mechanisms, and potential therapeutic targets.
These models provide a valuable platform for studying astrocyte contributions to disease
pathology in a controlled, patient-relevant context, enabling the identification of novel pathways
that may not be captured in traditional systems [90, 210-216]. hiPSC-derived astrocytes can
reveal molecular targets and disease phenotypes that may remain elusive in conventional models
by capturing patient-specific genomic backgrounds. This approach supports the development of
personalized therapeutic strategies. By leveraging patient-derived hiPSC astrocytes, researchers
can investigate disease-specific astrocyte dysfunction, explore potential astrocyte-targeted
therapies, and develop precision medicine approaches for neurodegenerative disorders, including
those associated with MDD.

The studies to follow aim to (1) determine the molecular mechanisms mediating
antidepressant effects in astrocytes by delineating astrocyte-specific signatures of antidepressant
response and identifying novel targets for astrocyte-based antidepressant development, (2)
identify novel therapeutic targets for AD by investigating astrocyte-specific pathways underlying
familial AD and assessing the impact of manipulating newly identified AD risk genes in
astrocytes, and (3) determine common astrocyte features in relation to depression and AD by
examining shared molecular and functional alterations and assessing how astrocyte dysfunction
in MDD may contribute to AD pathogenesis. Through these investigations, hiPSC-derived
astrocyte models will serve as a foundation for advancing precision medicine approaches,
providing new insights into astrocyte-driven mechanisms that may inform the development of

targeted therapies for both disorders.
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Chapter 2: Astrocyte-mediated neuroimmune dysfunction and extracellular matrix

remodeling define a cellular biomarker of SSRI-resistant depression

Abstract

MDD is a debilitating psychiatric condition that significantly strains healthcare systems across
the globe. This strain is further exacerbated by the cases of TRD, wherein patients inadequately
respond to multiple courses of antidepressants. Precision medicine aims to address this challenge
by personalizing treatments based on individual molecular and clinical characteristics. In line
with this approach, the present study sought to delineate the molecular signatures of patients who
had clinically responded to SSRIs and those who had not, with a specific emphasis on astrocytes.
As key regulators of neurotransmitter metabolism, synaptic activity, and neuroimmune
responses, astrocytes have increasingly been implicated in the underlying pathophysiology of
depression. To explore patient-specific genetic variations in these pathways, we used hiPSC
technology to generate astrocytes from SSRI responders, nonresponders, and healthy controls.
Our comprehensive transcriptomic profiling, differential gene expression assessment, and
coexpression network analysis revealed significant differences in immune signaling, extracellular
matrix remodeling, and cell cycle regulation between SSRI responders and nonresponders, while
transcription factor analysis further indicated altered unfolded protein response signaling in
nonresponders. Additionally, LINCS-based computational screening of established
transcriptomic signatures identified novel repurposing candidates and preclinical compounds
with the potential to counteract the differential gene expression observed in patient-derived

astrocytes. Collectively, these results provide a foundation for levying patient-specific astrocyte
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models to advance predictive biomarkers of SSRI efficacy while improving treatment outcomes

through innovative astrocyte-targeted pharmacotherapies.

Introduction

Major depressive disorder (MDD) is one of the most pervasive mental illnesses,
contributing substantially to disability and healthcare costs around the world [1, 217-219]. MDD
is characterized by persistent depressed mood and anhedonia, often accompanied by
psychomotor dysregulation, sleep disturbances, persistent fatigue, and impaired concentration.
These symptoms significantly impair occupational functioning, social relationships, and overall
quality of life, with substantial reductions in psychosocial functioning persisting even during
periods of symptomatic remission [5, 8, 220-222]. While a range of pharmacological and
psychotherapeutic treatments is available, some patients experience only partial improvement or
fail to respond at all [158, 223-225]. Patients who fail to respond to adequate courses of at least
two different classes of antidepressants are deemed to have treatment-resistant depression (TRD)
[13, 226, 227]. These patients incur significantly higher healthcare costs, experience more
hospitalizations, and suffer nearly twice as much work loss as non-TRD patients do [228],
highlighting the urgent need for more effective interventions.

Precision medicine offers a promising route for improving therapeutic interventions by
personalizing prescriptions based on the genetic makeup, treatment history, and biomarker
profiles of individual patients [229]. The observed variability in response to different classes of
antidepressants, along with advances in understanding individual biological and environmental
factors, supports the potential of precision medicine approaches to improve treatment outcomes

in major depressive disorder [28, 79, 230, 231]. For example, while SSRIs are commonly
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prescribed for MDD, research indicates that a significant proportion of patients experience
partial response or fail to achieve remission. Meta-analyses suggest that absolute efficacy rates
for antidepressants are around 50%, with remission rates for SSRI therapy specifically ranging
from 23% to 45% [232-235]. Variations in antidepressant efficacy can be attributed to multiple
factors, including common genetic variants, alterations in neurotransmitter systems, and changes
in cellular signaling pathways, with genetic factors alone potentially explaining up to 42% of
individual differences in treatment response [236-239]. Recent advances in genomics,
transcriptomics, and proteomics have identified potential biomarkers for predicting
antidepressant response, offering hope for a future with refined patient stratification and
improved antidepressant selection [240-243]. Personalized medicine approaches and
pharmacogenetics-guided interventions for MDD show promise for improving treatment efficacy
and reducing adverse effects. However, the application of this precision approach to MDD is
constrained by the gaps in our understanding of the neurobiological, molecular, and
pathophysiological underpinnings of TRD [16, 28].

Human induced pluripotent stem cell (hiPSC) technology has established itself as a
powerful platform for studying the molecular underpinnings of depression and antidepressant
response [244-246]. These studies have primarily focused on neurons, resulting in significant
insights into neuron-specific disease mechanisms. Profiling of hiPSC-derived neurons from
MDD patients has revealed distinct gene expression patterns, electrophysiological profiles, and
cellular phenotypes in MDD [89, 247-249]. hiPSC-derived neurons have also enabled
researchers to investigate the transcriptional and functional consequences of antidepressant

treatment in patient-specific models [247, 250, 251]. Collectively, these studies provide valuable

insights into the neuronal mechanisms associated with depression and antidepressant response.
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However, emerging evidence warrants a closer examination of the role that astrocytes play in
MDD pathophysiology [214, 247, 252].

In addition to being the most abundant cells in the central nervous system (CNS),
astrocytes are also instrumental in regulating neurotransmitter metabolism, providing metabolic
support, and modulating immune activity via cytokine and chemokine release [146, 198, 253-
255]. However, systematic exploration of astrocyte-specific contributions to antidepressant
response, particularly in treatment-resistant cases, remains limited. In the present study, we
address this gap by investigating hiPSC-derived astrocytes from SSRI responders,
nonresponders, and healthy controls. We extensively analyze gene expression in these patient-
specific astrocyte models to identify differentially expressed genes and dysregulated signaling
pathways that may be associated with SSRI resistance. We further employ network-based gene
correlation analyses and drug-gene signature screening to identify coordinated gene modules and
to predict potential therapeutic compounds. Through this multifaceted approach, we aim to
facilitate the development of more effective treatments for patients who are currently

underserved by current standard-of-care antidepressants.

Materials and methods
Subjects

Healthy control (HC), SSRI-responder (R), and SSRI-nonresponder (NR) subjects were
participants in the Pharmacogenomics Research Network Antidepressant Medication
Pharmacogenomic Study (PGRN-AMPS), as previously described [256]. Patients were adult
females between the ages of 33 and 53. Treatment outcomes were determined via the HAMD-17

and QIDS-C16 [257] depression rating scales before the start of SSRI (20 mg of citalopram or 10
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mg of escitalopram) treatment and 8 weeks after SSRI treatment. Patient blood samples were
collected, and drug levels were measured as previously described [256]. SSRI-Rs and -NRs were
selected on the basis of treatment outcomes after 8 weeks in PGRN-AMPS, and skin punch
biopsies from subjects were obtained under sterile conditions for further studies. Risks and
benefits were discussed with the study participants, and all the subjects provided written
informed consent at the start of the study. All procedures were monitored and approved by the
Institutional Review Board of the Mayo Clinic or the Salk Institute. Fibroblasts from punch
biopsies of patients and healthy controls were cultured and reprogrammed into iPSCs as
previously described [258]. Three healthy control (HC-001, HC-002, HC-003), three SSRI-
responder (R-001, R-002, R-003), and three SSRI-nonresponder (NR-001, NR-002, NR-003)
human iPSC lines were generated and fully characterized as previously described [258]. The
healthy control, SSRI-responder, and SSRI-nonresponder subjects from which our iPSCs were
derived were matched for age and sex. For our analyses, SSRI-responder and SSRI-nonresponder
cells were compared with nonisogenic healthy controls. All experiments were performed in

compliance with the relevant laws and institutional guidelines.

hiPSC culture and astrocyte differentiation

Human iPSCs were cultured in mTeSR1 medium (Stemcell Technologies, 85850) in cell
culture dishes coated with Geltrex LDEV-Free Reduced Growth Factor Basement Membrane
Matrix (Gibco, A1413201) diluted 1:100 in DMEM/F-12 (Gibco, 11320033). Briefly, mTesR 1
was replaced every other day or every day once the cells reached 50% confluence. When 80—
90% confluent, the cells were passaged as follows: aspirating media, washing with DPBS,

incubating with ReLeSR (Stemcell Technologies, 100-0484) at RT for 3 minutes, aspirating with
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ReLeSR, incubating at 37°C for 10 minutes, resuspending in mTeSR1 supplemented with 10 nM
Y-27632 dihydrochloride ROCK inhibitor (Tocris, 125410), counting, and plating onto Geltrex-
coated plates at the desired number.

Human iPSC-derived astrocytes were generated as previously described [259]. Briefly,
iPSCs were plated on Geltrex-coated 6-well plates and infected with rtTA, SOX9, or NFIB
lentivirus. On Day 0, the medium was replaced with fresh mTeSR-1 media containing 2.5 pg/mL
doxycycline. From Days 1-7, the cells were cultured in expansion medium (DMEM/F12, 10%
FBS, 1% N2, 1.25 pg/mL puromycin, and 200 pug/mL hygromycin) and gradually transitioned to
FGF medium (Neurobasal, 2% B27, 1% NEAA, 1% GlutaMax, 1% FBS, 8 ng/mL FGF, 5 ng/mL
CNTF, 10 ng/mL BMP4, and 200 pg/mL hygromycin) by Day 7. On Day 7, the cells were
dissociated via StemPro Accutase Cell Dissociation Reagent (Gibco, A1110501) for 10 minutes
and then replated on Geltrex-coated 6-well plates in FGF medium. From Day 9, the FGF
medium was changed to maturation medium (1:1 DMEM/F12 and neurobasal medium, 1% N2,
1% sodium pyruvate, 10 pg/pL NAC, 10 pg/ul hbEGF, 10 ng/mL CNTF, 10 ng/mL BMP4, and

500 pg/mL cAMP), and half of the medium was changed every 2—3 days.

Immunocytochemistry

For immunocytochemistry, astrocytes were fixed with 4% paraformaldehyde for 15 min
at room temperature. The samples were permeabilized and blocked with 0.25% Triton X-100 and
10% donkey serum in PBS for 20 min, as previously described [260]. The samples were then
incubated with anti-GFAP (rat, 1:500; Invitrogen, 13-0300) and anti-VIM (mouse, 1:500;
Abcam, ab8978) primary antibodies at 4°C overnight, followed by incubation with secondary

antibodies (donkey anti-rat Alexa Fluor 488, 1:1000; Invitrogen A-21208; donkey anti-mouse
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Alexa Fluor 568, 1:1000; Invitrogen A10037) for 2 hours at room temperature. Coverslips were
mounted with Fluoromount-G (Southern Biotech, 0100-01) and imaged via a Nikon Eclipse Ti-E

microscope.

RNA extraction and sequencing

Total RNA was extracted from each of the nine hiPSC-derived astrocyte cell lines via
TRIzol reagent (Invitrogen, 15596026) per the manufacturer’s instructions. Total RNA from each
line was treated with DNase I (Zymo Research, E1010) and then cleaned and concentrated via
the Clean & Concentrator Kit (Zymo Research, D4033). A NanoDrop One/OneC Microvolume
UV-Vis Spectrophotometer (Thermo Scientific, ND-ONE-W) was then used to determine the
RNA yield from each of the nine RNA extractions. For RNA sequencing (RNA-seq), 150-cycle
PE sequencing via the Illumina HiSeq2500 platform was performed by Admera Health (South
Plainfield, New Jersey, United States) with 1 pg of RNase-free RNA (>10 ng/uL, RIN > 7) per

technical triplicate for each of the nine lines.

Differential gene expression analysis

For transcriptomic analysis, RNA-seq reads were trimmed via Trimmomatic Version 0.40
[261] and aligned against the human reference transcriptome (GRCh38.p14) [262] via Salmon
v1.9.0 [263]. Transcriptome-wide gene counts were obtained through gene-level transcript
summarization with the tximeta R package [264]. Differential gene expression analysis was
performed after filtering out genes with low expression, followed by variance-stabilizing
transformation (VST) for downstream analysis via the DESeq2 R package [265]. The ggplot2 R

package was used for volcano plots to depict differential expression profiles [266]. The volcano
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plots display the difference in gene expression (log.FoldChange) between experimental
comparisons and significance values (logio(adjusted p value)), with thresholds of adjusted p

values < 0.05 and absolute log:FoldChange values > 1.2.

Pathway enrichment analysis

Gene Ontology (GO) enrichment analyses for biological processes (BP), molecular
functions (MF), and cellular components (CC) were performed via the clusterProfiler R package
in conjunction with the org.Hs.eg.db annotation package [267-270]. The DEGs were first divided
into upregulated (adjusted p value < 0.05 and logFoldChange > 1.2) and downregulated
(adjusted p value < 0.05 and logFoldChange < —1.2) groups. The gene symbols were then
converted to Entrez IDs via the bitr function [267-270]. For each GO, enrichment analysis was
conducted separately for the upregulated and downregulated gene sets via the enrichGO function
[267-270], with the p value and q value cutoff set at 0.05. The results across the three ontologies
were combined, and for visualization, the top five GO terms per regulation direction (based on —

logio(adjusted p value)) [266].

Weighted gene coexpression network analysis

Weighted gene coexpression network analysis

To identify gene co-expression modules associated with NR and R status relative to HC,
we performed a Weighted Gene Co-Expression Network Analysis (WGCNA). For WGCNA,
gene expression variance was calculated via the R package matrixStats [271], and the top 50% of
the most variable genes were retained. Network analysis was performed via the R package

WGCNA to identify gene modules with coordinated expression patterns [272, 273]. A soft-
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thresholding power was selected on the basis of scale-free topology criteria to construct an
adjacency matrix, which was transformed into a topological overlap matrix (TOM) to account for
gene connectivity. Genes were hierarchically clustered via average linkages on the basis of
TOM-derived dissimilarity, and dynamic tree cutting was applied to define modules. Module
eigenvalues were compared between NR and HC groups, and p values were calculated using
Welch’s t-tests. The same approach was applied to identify significant modules in R vs. HC.
Modules with significant correlations were further analyzed via enrichment analysis to identify
biological functions and pathways associated with module genes. Gene set enrichment analysis
was conducted to identify biological pathways associated with significant modules, leveraging
annotations from GO.db [274, 275]. The modules were annotated based on known biological
processes, excluding those lacking functional annotation (i.e., those with no significant pathway

enrichment).

Protein-protein interaction network analysis of divergent modules

To investigate the protein-protein interaction (PPI) networks of divergent modules across
responders and non-responders versus healthy controls, STRINGdb (v11.0, species 9606, score
threshold = 400) was used to map gene symbols from each module to their STRING protein
identifiers. PPI interactions were retrieved, and networks were constructed using the igraph
package. Each module-specific network was visualized using the Graphopt layout algorithm,
with nodes representing genes and edges representing known PPIs. Nodes were colored based on
log: fold-change values from the NR vs. R contrast, using a gradient from blue (downregulated
in NR) to red (upregulated in NR). Node sizes were scaled according to the absolute log: fold-

change value.
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Transcription factor activity inference

Transcription factor (TF) activity was inferred from bulk RNA-seq data using the
decoupleR package. Differential expression analysis was performed with DESeq2 and
differentially expressed genes (DEGs) with an adjusted p value below 0.05 were retained for TF
activity estimation. The univariate linear model (ULM) method from decoupleR was applied to
infer TF activity scores using the CollecTRI network as a prior knowledge source of TF-target
interactions. For each TF, ULM fits a linear model where the t-values of differentially expressed
genes serve as input, and the inferred activity score represents the estimated regulatory influence
of the TF. Positive scores indicate TF activation, while negative scores suggest inhibition. The
results were visualized by selecting the top 10 activated and deactivated TFs for each contrast

and plotting their activity scores as bar plots.

Transcription factor activity overlap analysis

To visualize the overlap between TF activity changes across conditions, we generated a
four-set Venn diagram using the VennDiagram package. The four TF sets were defined as
Activated in R vs. HC, Activated in NR vs. HC, Deactivated in R vs. HC, and Deactivated in NR
vs. HC. For each set, we computed the number of TFs and their pairwise, triple, and quadruple
intersections. To complement the Venn diagram, we used the UpSetR package to create an UpSet
plot, which provides a quantitative representation of TF set intersections. A binary matrix was
constructed to indicate TF membership across the four conditions, and intersections were ranked

by frequency.
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Correlation analysis of transcription factor activity across conditions

To evaluate the concordance of TF activity between R and NR conditions relative to HC,
we computed the Pearson correlation between TF activity scores inferred using the ULM method
from decoupleR. TF activity scores from the R vs. HC and NR vs. HC contrasts were merged
based on TF identity, and a Pearson correlation coefficient (r) was calculated along with the
associated p value to assess statistical significance. A scatter plot was generated using ggplot2 to
visualize the correlation between TF activity scores in the two contrasts. Each point represents a
TF, with its activity score in R vs. HC, plotted on the x-axis and NR vs. HC on the y-axis. A

dashed linear regression line with a confidence interval was overlaid to illustrate the trend.

Protein-protein interaction network analysis of differentially active transcription factors

To investigate TFs with differential activity between NR vs. R relative to HC, we
computed the difference in TF activity scores (NR vs. HC minus R vs. HC). A distribution-based
filtering approach was used to identify TFs with the most substantial activity differences by
selecting those in the top 25th percentile of absolute differential scores. To assess PPIs among
these differentially active TFs, we utilized the STRING database (v11.0, species: Homo sapiens,
minimum confidence score = 700). TFs that met the filtering threshold were mapped to their
corresponding STRING protein identifiers, and known PPI interactions were retrieved. An
undirected graph representation of the network was constructed using igraph, where nodes
represent TFs, and edges represent PPIs. For network visualization, we applied a Graphopt force-
directed layout. To identify the most influential TFs within this network, we calculated multiple
centrality measures including degree, betweenness, closeness, eigenvector centrality, and

PageRank. These metrics were normalized to a 0-1 scale to ensure comparability across different
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measures. For each TF, we computed a composite score by averaging the normalized centrality

values, and a composite rank based on the average ranking across all metrics.

Real-time PCR quantification of spliced X-box binding protein 1

X-box binding protein 1 (XBP1) splicing activity in total RNA extracts from each of the
nine hiPSC-derived astrocyte cell lines was detected was quantitatively determined via real-time
PCR using specific primer sets for unspliced XBP1 (forward: 5’-
CAGACTACGTGCACCTCTGC-3’, reverse: 5’-CTGGGTCCAAGTTGTCCAGAAT-3") and
spliced XBP1 (forward: 5’-GCTGAGTCCGCAGCAGCAGGT-3’, reverse:
5’CTGGGTCCAAGTTGTCCAGAAT-3") [276], with GAPDH used as the housekeeping gene
(forward: 5’-CCATGAGAAGTATGACAACAGCC-3’, reverse: 5°-
GGGTGCTAAGCAGTTGGTG-3). Total RNA was reverse transcribed and amplified using the
Luna Universal One-Step RT-qPCR Kit (New England Biolabs, E3005E) following the
manufacturer’s protocol in a QuantStudio 6 Real-Time PCR System (Applied Biosystems,
4485692) under standard cycling conditions. Relative expression levels were calculated via the
AACt method [277], with GAPDH used as the housekeeping gene for normalization. Fold
changes in gene expression were determined as 2(-AACt), and the ratio of spliced XBP1
(sXBP1) to unspliced XBP1 (uXBP1) was computed. Additionally, statistical analysis and
visualization of uXBP1, sXBP1, and the sXBP1:uXBP1 ratio were performed via the R packages

ggplot2 [266] and ggpubr [278].



27

Analysis of transcription factor target expression

To generate a heatmap of XBP1 target genes, XBP1 target genes were identified from a
curated list obtained from the TFLink database, which provides experimentally validated
transcription factor—target gene interactions [279]. These targets were cross-referenced with
significant DEGs (log:FoldChange > 1.2, padj < 0.05). Z scores were calculated via the scale
function in R, ensuring normalized values for comparison across samples [280]. Hierarchical
clustering was performed on the expression matrix via hclust, and clusters were assigned via
cutree [281]. The optimal number of clusters was determined via silhouette analysis via the
cluster package [282]. GO enrichment analysis was conducted on clustered genes to generate GO

term-based row annotations.

LINCS-based identification of discordant perturbagens

To identify small-molecule perturbagens that are predicted to reverse transcriptional
alterations in astrocytes associated with MDD, we queried the Library of Integrated Network-
based Cellular Signatures (LINCS). DEGs between R vs. HC-iA and NR vs. HC-iA conditions
were used to generate discordant perturbagen lists. LINCS similarity scores were calculated to
rank compounds on the basis of their potential to induce gene expression profiles opposing those
observed in the astrocyte subtypes. LINCS similarity data for R and NR discordant perturbagens
were processed to filter for compounds unique to each condition. Overlapping discordant
perturbagens between LINCS analysis and FDA-approved antidepressants were determined. The
top-ranked discordant perturbagens were selected on the basis of absolute similarity scores, and a

Venn diagram was generated to visualize overlaps between R and NR discordant perturbagens
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and FDA-approved antidepressants. A bar plot was created to depict the overlap between R
discordant perturbagens and FDA-approved antidepressants.

To identify perturbagens with discordant R and NR targeting key regulatory genes, we
performed a network-based core node analysis. The DEGs in R and NR relative to HC were used
to retrieve PPI data on curated biological networks. The network topology was then constructed,
and rich-club analysis was performed to determine whether a subset of nodes displayed higher-
than-expected connectivity, as previously described [283] (Supplementary Table S13,
Supplementary Table S14). The genes most highly connected in the network on the basis of
degree, betweenness, and clustering coefficients were extracted and compared against LINCS-
predicted discordant perturbagen targets to determine whether their modulation might explain the
transcriptional reversal effects observed in R and NR astrocytes. To prioritize perturbagens
predicted to influence these key astrocytic targets, LINCS discordant perturbagen lists were
filtered to retain only those targeting core nodes. The resulting core node-targeting perturbagens
were further classified into FDA-approved drugs and preclinical small molecules. Bar plots were
generated to visualize the top 10 FDA-approved and top 10 preclinical perturbagens targeting

core nodes, which were ranked by the absolute similarity score.

Statistical analysis and data visualization

All data processing and statistical analyses were performed in R [281, 284-286].
Statistical significance was assessed using independent two-sample t-tests to compare group
means, evaluating differences between SSRI responder and nonresponder patients versus healthy
controls. Welch’s correction was applied when variances were unequal. Pearson’s correlation

coefficient (r) was calculated to assess the strength and direction of linear. The significance of
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correlations was determined using corresponding p values, with multiple testing corrections
applied where necessary. Values are presented as the mean with the standard error of the mean
(SEM). A p value threshold of 0.05 was used for general statistical tests, while an adjusted p

value of 0.05 was applied for genomic analyses to account for multiple comparisons.

Results

Astrocytic molecular signatures linked to SSRI responsiveness in MDD

To delineate the cell-type-resolved molecular signatures associated with MDD with
differential SSRI treatment responses, we used a transcription factor-induction approach [259]
(Figure 1.1A) to differentiate astrocytes from hiPSC lines derived from three SSRI responder
MDD patients (R), three SSRI nonresponder MDD patients, and three healthy control individuals
(HC), who were participants in the PGRN-AMPS study at Mayo Clinic [256]. SSRI-Rs and -NRs
were selected on the basis of treatment outcomes, which were determined via the HAMD-17 and
QIDS-C16 [257] depression rating scales before the start of SSRI (20 mg of citalopram or 10 mg
of escitalopram) treatment and 8 weeks after SSRI treatment. Immunofluorescence analysis of
the resulting cells revealed the expression of glial fibrillary acidic protein (GFAP) and vimentin
(VIM), both canonical astrocyte markers (Figure 1.1B). RNA sequencing of hiPSC and isogenic
hiPSC-derived astrocytes followed by differential expression analysis indicated that the
expression of canonical astrocyte markers was significantly upregulated in hiPSC-derived
astrocytes relative to parental hiPSCs (log:FoldChange > 1.2, adjusted p value < 0.05) (Figure

1.1C, Supplementary Table S1), further validating their astrocytic identity.
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Figure 2.1. Transcription factor-based differentiation of astrocytes from human induced
pluripotent stem cells. (A) Overexpression of the SOX9 and NFIB transcription factors was
used to induce astrocyte differentiation as previously described [259]. (B) Immunofluorescence
staining of hiPSC-derived astrocytes at 20x magnification showing GFAP (green) and VIM
(magenta) expression. (C) Violin plots of rlog-transformed gene expression data from RNA
sequencing illustrating the expression of canonical astrocyte markers in hiPSC and isogenic

hiPSC-derived astrocyte samples.

To investigate the transcriptional differences associated with SSRI response in hiPSC-
derived astrocytes, we performed RNA sequencing and differential gene expression analyses
(Figure 1.2A). Pairwise differential expression comparisons were conducted between the SSRI-
R, SSRI-NR, and HC groups. In the R vs. HC comparison, 160 genes were significantly
upregulated, whereas 306 genes were downregulated (Figure 1.2B, Supplementary Table S2).
The top 10 upregulated genes included SLC2A7, VPS52, TDRDI, CTSF, PHF1, NF1PS8, FGLI,
PSPHP1, ZNF676, and RNF39, whereas the top 10 downregulated genes included SAGEI,
HSPA1B, NOC2LP1, PEG3, MAGEA4, DDX3Y, RPS4Y1, PHRF1, UTY, and MAGEA2
(Figure 1.2B). GO enrichment analysis identified seven GO terms were enriched among the
upregulated genes, whereas 251 GO terms were enriched among the downregulated genes
(Supplementary Table S5). The upregulated genes were primarily associated with “collagen-
containing extracellular matrix” (G0O:0062023), “modulation of chemical synaptic transmission”
(GO:0050804), “synapse organization” (GO:0050808), “regulation of transsynaptic signaling”
(GO:0099177), and “positive regulation of excitatory postsynaptic potential” (GO:2000463)

(Figure 1.2C, Supplementary Table S5). The downregulated genes were associated primarily
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with extracellular matrix organization, including “extracellular matrix structural constituent”
(GO:0005201), “extracellular structure organization” (GO:0043062), and “external encapsulating
structure organization” (G0O:0045229) (Figure 1.2C, Supplementary Table S5).

On the other hand, in the NR vs. HC comparison, 266 genes were upregulated, and 325
were downregulated, with VPS52, AIF1, CTSF, LCN9, ADGRG7, LDC1P, PSPHP1, GSTT4,
CLEC2A, and MTCO2P22 identified among the top significantly upregulated genes, whereas
MAGEA4, PEG3, CSAG3, MICA, REN, PKD1P2, OR3A2, OTOL1, DCAFI12L1, and GPSM3
were the most significantly downregulated (Figure 1.2D, Supplementary Table S3). 39 GO terms
were enriched for upregulated genes, whereas 185 GO terms were enriched for downregulated
genes (Supplementary Table S6). The upregulated genes were associated with immune-related
functions such as “chemotaxis” (GO:0006935), “cell chemotaxis” (GO:0060326), and
“leukocyte migration” (GO:0050900), along with “positive regulation of the MAPK cascade”
(GO:0043410) (Figure 1.2E, Supplementary Table S6). The downregulated genes were related
primarily to mitotic functions, including “nuclear division” (GO:0000280), “nuclear
chromosome segregation” (GO:0098813), and “sister chromatid segregation” (GO:0000819)

(Figure 1.2E, Supplementary Table S6).
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Figure 2.2. Astrocytic gene expression signatures associated with depression with
differential antidepressant responses. (A) Schematic overview of the study design and analysis
workflow. Volcano plots showing differentially expressed genes (DEGs) for R vs. HC (B), NR
vs. HC (C), and NR vs. R (D). Upregulated genes (red) and downregulated genes (blue) are
highlighted based on significant log: fold-change (log:FoldChange > 1.2) and adjusted p values
(padj < 0.05). The top 10 upregulated and downregulated genes are labeled. Dot plots of Gene
Ontology (GO) enrichment analysis for the top 10 upregulated (red) and downregulated (blue)
Biological Processes (BP), Molecular Functions (MF), and Cellular Components (CC) in R vs.
HC (E), NR vs. HC (F), and NR vs. R (G). Dot sizes are scaled according to the -log10 adjusted

p value.

Intriguingly, the NR vs. R comparison revealed the most extensive transcriptional
changes, with 687 upregulated and 571 downregulated genes (Supplementary Table S4). Among
the most highly upregulated genes in NR relative to R were HSPA1B, NOC2LP1, SAGEI,
DDX3Y, RPS4Y1, AIF1, ZBTB22, UTY, ZFY, and C4B_2, whereas SLC2A7, MAGEA4, PEG3,
REN, MICA, TDRD1, DUX4L45, CFC1, DUX4L33, and PKD1P2 were significantly
downregulated (Figure 1.2F). The upregulated genes were significantly enriched in extracellular
matrix-related pathways, including “collagen-containing extracellular matrix” (G0O:0062023),
“extracellular matrix organization” (GO:0030198), and “extracellular structure organization”
(GO:0043062), alongside “leukocyte migration” (GO:0050900) (Figure 1.2G, Supplementary
Table S7). Conversely, the downregulated genes were predominantly associated with mitotic

processes, including “mitotic sister chromatid segregation” (GO:0000070), “mitotic nuclear
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division” (GO:0140014), and “regulation of chromosome separation” (GO:1905818) (Figure
1.2G, Supplementary Table S7).

Further hierarchical cluster analysis revealed that a cluster of genes associated with
“regulation of chromosome separation” (GO:1905818) was significantly upregulated in R and
HC relative to NR (Figure 1.3). In contrast, a gene cluster linked to “extracellular matrix
organization” (GO:0030198) was upregulated in NR vs. HC, with an even stronger increase
observed in the NR vs. R comparison (Figure 1.3). These results highlight distinct transcriptional

and biological process differences between SSRI responders and nonresponders, as well as

alterations relative to healthy controls.
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Figure 2.3. Differentially expressed gene clustering in healthy control, responder, and non-
responder hiPSC-derived astrocytes. Heatmap of differentially expressed genes (log2FC >1.2,

padj < 0.05) with low within-group variability (standard deviation < 1.0) and high between-



36

group variability (mean difference > 1.0) across healthy controls (HC), responders (R), and non-
responders (NR). Rows represent individual genes, clustered based on hierarchical clustering,
and columns are grouped by response category. The row annotation on the right indicates two top
Gene Ontology (GO) terms: “regulation of chromosome separation” (GO:1905818) and
“extracellular matrix organization” (GO:0030198). The heatmap colors represent Z-score—

normalized expression values.

Gene co-expression networks associated with the SSRI response in MDD astrocytes

To further identify the specific gene modules associated with SSRI-responsive and
nonresponsive MDD in astrocytes, we performed weighted gene co-expression network analysis
(WGCNA) followed by gene set enrichment analysis GSEA (Figure 1.4, Supplementary Table

S8).
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|

Figure 2.4. Hierarchical clustering of genes and module detection in hiPSC-derived

RTHIO

astrocytes. Hierarchical clustering dendrogram of genes expressed in hiPSC-derived astrocytes
from healthy controls (HC), responders (R), and non-responders (NR), based on topological

overlap. Each branch in the dendrogram groups genes with similar expression patterns, while the
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colored bar below indicates module assignments (each color represents a distinct co-expression
module). The analysis was performed with a soft-thresholding power of 7 and a minimum

module size of 30, as determined by the dynamic tree cut algorithm.

The average difference in eigengene values between R and HC revealed three
significantly enriched modules that were upregulated: "PI3K-GTPase Signaling and TF
Binding," "Oxidative Phosphorylation and Antioxidant Activity," and "Oxidative
Phosphorylation, Proteostasis, and Cell Cycle Control" (Figure 1.5A, Supplementary Table S8).
In contrast, five modules were significantly downregulated in R patients compared with HCs,
including "ECM/Integrin Interactions and Tyrosine Phosphorylation," "Myogenesis and Calcium
Channel Activity," "Neuroactive Ligand-Receptor Interaction," "Lipid Metabolism and Immune
Regulation," and "Immune Activation and ECM/Glycosaminoglycan Metabolism" (Figure 1.5A,
Supplementary Table S8).

In contrast, the upregulated in NR astrocytes compared to HC primarily associated with
immune activation, stress response, and cell motility, including "Stress, Immune, and Circadian
Regulation," "MET Signaling, DNA Repair, and Cell Motility," "TNF-NF«kB and T/B
Lymphocyte-Mediated Immune Response," and "Cell Stress and Cell Adhesion" (Figure 1.5B);
while downregulated modules are linked to intracellular trafficking, cell cycle regulation, and
structural remodeling, including "Endosomal Recycling and Trafficking," "Cell Cycle, G2ZM
Checkpoint, and DNA Replication," "Focal Adhesion and Cell Adhesion Dynamics," and
"Estrogen Response and ECM/Cell Junction Remodeling" (Figure 1.5B, Supplementary Table

S8).
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Figure 2.5. Identification of significant modules in hiPSC-derived astrocytes from SSRI-
responders and nonresponders. (A) Boxplots of eigenvalues for HC, R, and NR hiPSC-derived
astrocytes for significantly enriched modules (p < 0.05) between R and HC hiPSC-derived
astrocytes. (B) Boxplots of eigenvalues for HC, R, and NR hiPSC-derived astrocytes for
significantly enriched modules (p < 0.05) between NR and HC hiPSC-derived astrocytes.
Module annotations represent pathway enrichment identified through Gene Set Enrichment
Analysis (GSEA) using annotated gene sets from the Molecular Signatures Database (MSigDB).
(C) Protein-protein interaction (PPI) network of genes in the "Stress, Immune, and Circadian
Regulation” module. (D) PPI network of genes in the "Immune Activation and Extracellular
Matrix/Glycosaminoglycan Metabolism" module. Node color indicates the direction of gene
expression changes, with orange nodes indicating significantly upregulated genes (p < 0.05) and
blue nodes representing significantly downregulated genes (p < 0.05). The size of each node is
proportional to the significance of the adjusted p value, with larger nodes representing more

statistically significant changes in gene expression.

Two transcriptional modules, "Stress, Immune, and Circadian Regulation" and "Immune
Activation and ECM/Glycosaminoglycan Metabolism," exhibited opposing eigengene
expression patterns in SSRI R and NR compared with HC. In the R vs. HC comparison, both
modules were significantly downregulated, whereas in the NR vs. HC comparison, they were
significantly upregulated (Figure 1.5A, Figure 1.5B, Supplementary Table S8). PPI network
analysis of the "Stress, Immune, and Circadian Regulation" module revealed a cluster of
differentially expressed genes, with upregulated nodes primarily involving inflammatory and

circadian regulatory factors (Figure 1.5C). The top differentially expressed genes in NR vs. R
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included MT1X (logFC = 3.573), GOS2 (logFC = 3.392), MT2A (log-FC = 3.196), IRF8
(log2FC =2.597), and THBS1 (logFC = 2.555). The most interconnected nodes in this module
included PER1 (degree = 6), PIK3R3 (degree = 6), CULI (degree = 6), SYNJ2 (degree = 6), and
PTEN (degree = 6), indicating a central role for these genes in network connectivity (Figure
1.5C). Similarly, the PPI network for the "Immune Activation and Extracellular
Matrix/Glycosaminoglycan Metabolism" module displayed a distinct set of differentially
expressed genes, with significantly upregulated genes predominantly associated with immune
signaling and ECM remodeling (Figure 1.5D). The top differentially expressed genes in NR vs.
R included HLA-DPBI1 (logFC = 5.107), ACTA1 (log2FC = 4.056), HLA-DQB1 (log-FC =
3.900), HLA-DQAT1 (logFC = 3.306), and HSD17B6 (log2FC = 1.349). The most interconnected
nodes in this module included HSPG2 (degree = 10), ITGB1 (degree = 6), XYLT2 (degree = 4),
BCAN (degree =4), and HLA-DQAI1 (degree = 4) (Figure 1.5D). These modules were enriched
in pathways related to immune function, extracellular matrix remodeling, and circadian
regulation, highlighting distinct transcriptional signatures between responders and non-

responders.

Key genes driving the distinct transcriptional signatures between SSRI responders and non-

responders in astrocytes

To investigate transcriptional regulation differences and identify the driver genes in R and
NR compared to HC, transcription factor (TF) activity scores were inferred using the univariate
linear model (ULM) based on differentially expressed genes. In the R vs. HC comparison, the
most significantly activated TFs included HIF3A, KLF17, TGIF1, NR1D1, CIITA, ZNF219,

ZMYNDS, SOX9, FOXJ1, and ZNF202 (Figure 3A, Supplementary Table S9), while the most
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significantly deactivated TFs were SP1, HIF1A, AP1, JUN, SMAD3, NFKB, MYC, CEBPB,
NFKBI, and CREBI (Figure 3A, Supplementary Table S9). Conversely, in the NR vs. HC
comparison, the most activated TFs were TP53, JUN, TP73, E4F1, BMALI1, FOS, EPASI,
ETS1, NPAS2, and RELA (Figure 3B, Supplementary Table S10), while the most deactivated
TFs included E2F4, E2F1, E2F2, E2F3, HCFC1, TFDP1, E2F5, ARID3A, STOX1, and SRSF2
(Figure 3B, Supplementary Table S10). These findings highlight distinct transcription factor
activity patterns between responders and non-responders, with differing sets of activated and
deactivated TFs relative to healthy controls.

To further characterize the differences in transcription factor activity between responders
and non-responders, the number and overlap of significantly activated and deactivated TFs were
examined. The total number of significantly activated TFs was 12 in R vs. HC and 109 in NR vs.
HC, while the total number of significantly deactivated TFs was 248 in R vs. HC and 24 in NR
vs. HC (Figure 1.6C). Notably, there was no overlap between the activated TFs in R vs. HC and
any other group (Figure 1.6C). The largest pairwise intersection was between activated TFs in
NR vs. HC and deactivated TFs in R vs. HC (n = 70), suggesting a group of TFs with inverse
regulatory patterns across conditions (Figure 1.6C). Smaller overlaps included 8 TFs shared
between deactivated TFs in both R vs. HC and NR vs. HC (Figure 1.6C). These results indicate
distinct and largely non-overlapping transcriptional regulatory changes in responders and non-

responders compared to healthy controls.
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Figure 2.6. Key transcription factors driving the astrocytic signatures of SSRI-responders
and non-responders. Bar plots of inferred TF activity scores from Univariate Linear Model
(ULM) analysis of differentially expressed genes in R vs. HC (A) and NR vs. HC (B). Positive
scores indicate activation, while negative scores indicate deactivation. (C) UpSet plot illustrating
the intersections of significantly activated and deactivated TFs across R vs. HC and NR vs. HC.
(D) Pearson correlation analysis of TF activity scores between R vs. HC and NR vs. HC, with a
fitted regression line. The correlation coefficient (r) and p value indicate the degree of similarity
in TF regulation between groups. (E) Protein-protein interaction (PPI) network of TFs with
significantly different activity between NR and R. Node colors represent activation (red) or
deactivation (blue) in NR relative to R, and node size corresponds to absolute differential activity
score. (F) Dot plot of UPR-related GO terms enriched in the PPI network, where dot size reflects

the gene ratio and color represents the —logio of the adjusted p value.

To assess the global similarity in TF activity patterns between R vs. HC and NR vs. HC,
Pearson correlation analysis was performed (Figure 1.6D). The resulting correlation suggests an
inverse relationship between TF activity changes in responders and non-responders relative to
healthy controls (r = -0.27, p value = 0.0172) (Figure 1.6D). These findings indicate that TF
activity patterns in R and NR exhibit opposing regulatory trends when compared to HC. To
further examine the connectivity and centrality of these TFs, a PPI network analysis was
conducted for TFs with differential activity between NR vs. R relative to HC (Figure 1.6E). The
PPI network consisted of 67 nodes and 590 edges, with a relatively compact structure with
multiple key hubs. Several TFs exhibited high centrality across different network metrics,

including degree, betweenness centrality, closeness centrality, and eigenvector centrality
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(Supplementary Table S15). Among these, TP53, JUN, FOS, SMAD3, SP1, and STAT3
consistently ranked high across all centrality measures, suggesting their prominent role in TF
network connectivity and regulation. These results highlight a highly interconnected
transcriptional network in non-responders, with these key TFs emerging as central regulators
based on multiple network topology measures.

GO and pathway enrichment analysis of TFs with differential activity in NR versus R
identified a significant overrepresentation of biological processes related to unfolded protein
response (UPR) in NR astrocytes (Figure 1.6F). GO terms revealed enrichment in positive
regulation of transcription from RNA polymerase II promoter in response to ER stress (adj. p =
1.62e-06, Gene Ratio = 0.364), ATF6-mediated UPR (adj. p = 0.0034, Gene Ratio = 0.222), and
response to ER stress (adj. p = 0.0040, Gene Ratio = 0.036), among others. Additional enriched
terms included positive regulation of ER UPR (adj. p = 0.0052, Gene Ratio = 0.167), negative
regulation of response to ER stress (adj. p = 0.0167, Gene Ratio = 0.08), and PERK-mediated
UPR (adj. p = 0.0752, Gene Ratio = 0.091) (Figure 1.6F). Notably, IRE1-mediated UPR also
appeared in the results (adj. p = 0.1924, Gene Ratio = 0.019), indicating the involvement of
multiple branches of the UPR (Figure 1.6F). Network centrality analysis of key UPR-related TFs
revealed CEBPB (degree = 36, betweenness = 62.13, eigenvector = 0.662) as a major hub in the
PPI network (Supplementary Table S15). Other UPR-associated TFs, including XBP1 (degree =
10, betweenness = 61.58, eigenvector = 0.151), NFE2L2 (degree = 8, betweenness = 3.57,
eigenvector = 0.193), and NR1H3 (degree = 8, betweenness = (.73, eigenvector = 0.176),
exhibited moderate connectivity but notable regulatory influence (Supplementary Table S15).

The enrichment of these TFs in multiple branches of UPR signaling, combined with their
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centrality in the network, suggests a critical role for ER stress responses in differentiating

transcriptional activity between SSRI responders and non-responders.

Altered XBP1 signaling in SSRI-nonresponder astrocytes

XBP1 signaling plays a key role in UPR through alternative splicing mediated by IRE1, a
process modulated by SIGMARI (Figure 4A) [287-295]. To investigate potential alterations in
XBP1 signaling in hiPSC-derived astrocytes from individuals with depression, we first examined
the relative expression levels of unspliced XBP1 (uXBP1) and spliced XBP1 (sXBP1) across
diagnostic groups. RT—qPCR analysis revealed a statistically significant increase in sXBP1
expression in NRs compared with HCs, whereas uXBP1 levels remained unchanged (Figure 4B).
The ratio of sXBP1 to uXBP1 did not significantly differ across the diagnostic groups (Figure
4B). These results indicate differential expression of XBP1 isoforms across diagnostic groups,

with a significant increase in spliced XBP1 in nonresponders compared to healthy controls.
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Figure 2.7. Alterations in XBP1 signaling and XBP1 target genes in hiPSC-derived
astrocytes. (A) Schematic representation of SIGMARI regulation of IREI activity and the
production of spliced XBP1 (sXBP1). (B) RT-qPCR analysis of XBP1 isoforms across diagnostic

groups. Bar graphs show fold change (FC) expression levels of unspliced XBP1 (uXBP1),
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spliced XBP1 (sXBP1), and the sXBP1:uXBP1 ratio in iPSC-derived astrocytes from healthy
controls (HC), responders (R), and non-responders (NR). FC values were calculated using the
AACt method with GAPDH as the reference gene. Data are represented as mean + SEM.
Asterisks (*) indicate statistically significant differences (p < 0.05). (C) Heatmap of
differentially expressed XBP1 target genes in NR and R compared to HC. Genes are
hierarchically clustered based on Z-score normalized expression values, with annotation for
diagnostic groups (HC, R, and NR) and enriched biological processes (GO terms) associated

with each gene cluster.

To further explore the downstream effects of altered XBP1 signaling, we analyzed the
expression of XBP1 target genes in hiPSC-derived astrocytes. A heatmap of differentially
expressed genes revealed distinct clustering patterns between diagnostic groups, with NR and R
displaying unique transcriptional profiles compared with those of HCs (Figure 4C). Functional
enrichment analysis revealed two primary clusters of differentially expressed genes associated
with extracellular matrix (ECM) organization and nuclear division (Figure 4C). Compared with
that in HCs, the ECM organization gene cluster was upregulated in NRs but downregulated in R
patients, suggesting differential regulation of astrocytic ECM remodeling in response to
treatment (Figure 4C). Conversely, the nuclear division cluster was upregulated in R patients
compared with HCs and downregulated in NR patients compared with HCs, indicating potential
alterations in cell cycle-related processes across diagnostic groups (Figure 4C). These findings
highlight distinct transcriptional programs associated with XBP1 target genes in astrocytes from

individuals with depression.
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Identification of discordant perturbagens in SSRI-responder and nonresponder astrocytes

To identify small molecule perturbagens that may modulate astrocyte signatures in MDD
and TRD, we queried the LINCS database for compounds that induce gene expression profiles
discordant from those observed in response to R and NR states (Figure 1.8A, Supplementary
Table S11, Supplementary Table S12). Among the predicted discordant perturbagens, 17 FDA-
approved antidepressants overlapped with R discordants, while only two overlapped with NR
discordants, with tranylcypromine appearing in both groups (Figure 1.8B). The antidepressants
discordant with the R transcriptional signature included four tricyclic antidepressants (TCAs;
protriptyline, amitriptyline, desipramine, and imipramine), three monoamine oxidase inhibitors
(MAOIs; tranylcypromine, isocarboxazid, moclobemide), two SSRIs (paroxetine, sertraline), one
norepinephrine-dopamine reuptake inhibitors (NDRI; bupropion), two serotonin-norepinephrine
reuptake inhibitors (SNRI; duloxetine, venlafaxine), two serotonin antagonist and reuptake
inhibitors (SARIs; nefazodone, trazodone), two tetracyclic antidepressants (TeCAs; mianserin,
maprotiline), one noradrenergic and specific serotonergic antidepressant (NaSSA; mirtazapine).
The similarity scores of these antidepressants indicate their degree of transcriptional opposition
to the R state, suggesting that astrocyte-associated gene expression changes in responders
correspond to established antidepressant mechanisms (Figure 1.8C). The predicted discordant
compounds include many FDA-approved antidepressants, which support the connection between
gene expression changes in responder astrocytes and known antidepressant mechanisms.
However, only MAOI antidepressants, tranylcypromine and phenelzine, showed discordance
with the NR state. Importantly, no SSRIs appeared among the predicted compounds for NR
astrocytes, which aligns with the lack of clinical response to escitalopram or citalopram in these

patients.



49

A Transcriptomic Signatures Perturbagen Profiles Connections

o Mg

Discordant MDD/TRD

B c Protriptyline

R Discordants NR Discordants Tranylcypromine *—o
®
3

Paroxetine
Bupropion

Duloxetine ®
Amitriptyline ®
Nefazod . ]

Mianserin
Desipramine

Phenelzine

Isocarboxazid

Maprotiline
Venlafaxine <
Mirtazapine ®

Sertraline L J
. ]
®

0doe

Trazod
Moclobemide
Imipramine 9

Antidepressants 0.0 0.1 0.2 0.3
Similarity Score

D Sorafenib
Gemcitabine

0.3 0.4 0.0 0.1 0.3

0.0 0.1 0.2
Similarity Scor

0.2
Similarity Score

GSK-38 Inhibitor VIl
Diphenyleneiodonium

0.2 0.3 0.0 0.1 0.2 0.3 0.4
Similarity Score Similarity Score

0.0 0.1



50

Figure 2.8. Identification of potential therapeutics using LINCS analysis. (A) Schematic
representation of the workflow for querying the Library of Integrated Network-based Cellular
Signatures (LINCS) to identify discordant perturbagens. (B) Venn diagram showing the overlap
between FDA-approved antidepressants and discordant perturbagens for R and NR predicted by
LINCS analysis. (C) Similarity scores of FDA-approved antidepressants that overlap with R and
NR discordant perturbagens. Similarity scores of FDA-approved discordant perturbagens (D)
and preclinical discordant perturbagens (E) specific to R. Similarity scores of FDA-approved

discordant perturbagens (F) and preclinical discordant perturbagens (G) specific to NR.

To identify small-molecule perturbagens for potential repurposing in MDD and TRD,
FDA-approved drugs and preclinical compounds that exhibited discordant transcriptional
profiles specific to R astrocytes were analyzed (Supplementary Table S11). The FDA-approved
discordant perturbagens included sorafenib (FLT3/KIT/PDGFR/RAF/RET/VEGFR inhibitor),
gemcitabine (ribonucleotide reductase inhibitor), imatinib (Bcr-Abl/KIT/PDGFR inhibitor),
vorinostat (histone deacetylase inhibitor), tiaprofenic acid (cyclooxygenase inhibitor), ketorolac
(cyclooxygenase inhibitor), vandetanib (ephrin receptor/EGFR/tyrosine kinase inhibitor),
sunitinib (CSFIR/PDGFR/SCFR/FLT3/RET/VEGFR inhibitor), oxaprozin (cyclooxygenase
inhibitor), and ifosfamide (DNA alkylating agent) (Figure 1.8D). Additionally, the preclinical
discordant small molecules targeting included fentiazac (cyclooxygenase inhibitor), Spectrum-
001319 (11-beta-HSD1 inhibitor), GSK-1059615 (PI3K inhibitor), QL-X-138 (mTOR inhibitor),
resveratrol (cytochrome P450 inhibitor, SIRT activator), AM-580 (retinoid receptor agonist),
BSPBIO-001592 (COX/HAT/LOX inhibitor, NF-kB pathway inhibitor), wortmannin (PI3K

inhibitor), vitinoin (retinoid receptor agonist), and parbendazole (tubulin inhibitor) (Figure 1.8E).
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These findings define a set of FDA-approved and investigational compounds with discordant
transcriptional profiles relative to R astrocytes.

To further investigate perturbagens relevant to treatment-resistant depression, a
complementary analysis was conducted to identify FDA-approved drugs and preclinical
compounds discordant with NR astrocytes (Supplementary Table S12). The FDA-approved
discordant perturbagens ranked included digoxin (sodium/potassium-transporting ATPase
inhibitor), methixene (acetylcholine receptor antagonist), etilefrine (adrenergic receptor agonist),
methysergide (serotonin receptor antagonist), felodipine (mineralocorticoid receptor antagonist,
voltage-gated L-type calcium channel blocker), phenelzine (monoamine oxidase inhibitor),
bisoprolol (adrenergic receptor antagonist), flumazenil (benzodiazepine receptor antagonist),
lorazepam (benzodiazepine receptor agonist), and capecitabine (DNA synthesis inhibitor,
thymidylate synthase inhibitor) (Figure 1.8F). Additionally, the preclinical discordant compounds
included fenbendazole (tubulin inhibitor), indirubin (CDK/GSK inhibitor), kenpaullone (CDK
inhibitor/GSK inhibitor), fatostatin (SREBP inhibitor), LSM-5535 (tubulin inhibitor), GSK-3[3
inhibitor VIII (GSK inhibitor), diphenyleneiodonium (nitric oxide synthase inhibitor), caffeic
acid phenethyl ester (HIV integrase, inhibitor, lipoxygenase inhibitor, NF-kB pathway inhibitor,
NO/TNF production inhibitor, PPAR receptor modulator), zebularine (DNA methyltransferase
inhibitor), and GSK-650394 (serum/glucocorticoid-regulated kinase inhibitor) (Figure 1.8G).
These findings showcase the use of iPSC-derived astrocytes to identify FDA-approved drugs and
preclinical compounds exhibiting opposite transcriptional signatures to those found in NR
astrocytes. By integrating patient-specific, hiPSC-derived astrocytes with computational drug
discovery, this approach enhances disease relevance, patient stratification, and translational

potential while laying the foundation for future implementation of fully personalized psychiatry.
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Discussion

In this study, we compared hiPSC-derived astrocytes from R and NR patients against age-
and sex-matched HC individuals. Our transcriptomic analyses revealed notable differences in
immune signaling, ECM regulation, and cell cycle processes between NR, R, and HC donors.
WGNCA complemented these findings by uncovering distinct modules of coexpressed genes in
both R and NR astrocytes. Notably, modules tied to oxidative phosphorylation, antioxidant
activity, and proteostasis were upregulated in R compared to HC, whereas ECM/Integrin
interactions, lipid metabolism, and immune regulation modules were downregulated. In contrast,
NR astrocytes showed upregulated modules related to stress, immune and circadian regulation,
and TNF-NF«kB immune signaling, while downregulated modules involved cell cycle functions
and ECM/cell junction remodeling. TF activity analysis revealed distinct regulatory patterns
between groups: R astrocytes showed increased activity of HIF3A and KLF17, while NR
astrocytes exhibited elevated activity of TP53, JUN, and BMALI1. We also detected enhanced
XBP1 splicing in NR astrocytes, suggesting that the IRE1-XBP1 branch of the UPR may be
disrupted in these cells [292], potentially contributing to maladaptive stress responses and
impaired proteostasis [296]. XBP1 signaling has been linked to the regulation of ECM
components and remodeling pathways [297]; thus, dysregulated UPR signaling could affect
astrocyte function and the integrity of the extracellular environment [298]. Finally, we leveraged
the LINCS database to identify small molecules with contrasting transcriptomic signatures
relative to the pathological gene expression profiles observed in R and NR hiPSC-derived
astrocytes. This approach identified FDA-approved and preclinical compounds, including kinase,

epigenetic modulators, and anti-inflammatory agents, that may represent promising candidates
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for drug repurposing and antidepressant drug development. Overall, these findings highlight the
neuroimmune dysfunction and extracellular matrix remodeling as astrocyte-specific contributors
to SSRI resistance, underscoring the need for further investigation into novel therapeutic
strategies targeting these pathways.

These results reinforce the psychoneuroimmune hypothesis of depression, which posits
that inflammatory mediators, including IL-6 and TNF, contribute to behavioral and physiological
depressive symptoms resembling sickness syndrome [299-302]. While astrocytes are known to

both regulate and react to immune system activity [124, 172, 198, 253, 255, 303-306], the

immunoinflammatory differences identified in our R and NR patient-derived astrocytes bridge
the gap between this knowledge and the mounting evidence of dysregulated immunity and
inflammation in MDD and, to an even greater extent, in TRD [226, 307-313]. The resultant
disparity in inflammatory transcript expression between our NR and R patient-derived astrocytes
suggests that these cells may be potential drivers of the elevated inflammatory markers that have
been observed in TRD patients. Mechanistically, several pathways highlighted by our WGCNA
and GO enrichment analyses, most notably TNF-NF«B signaling, chemotaxis, and ECM
organization, may contribute to SSRI resistance by disrupting neuronal and, more specifically,
synaptic function [314]. Given the critical role of astrocytes in serotonin uptake and metabolism,
chronic inflammatory activation in these cells could impair serotonergic neurotransmission,

thereby handicapping SSRI efficacy [198, 226, 315, 316]. The concurrent ECM-related gene

expression changes we observed in NR patient-derived astrocytes mirror previous observations
that stress and immune activation can negatively impact synaptic stability and neuronal plasticity
via ECM remodeling [317-319]. Together, these insights imply that astrocyte-driven crosstalk

between inflammation and ECM modulation may drive SSRI resistance, advancing our
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mechanistic understanding of TRD. Additionally, the differential splicing of XBP1 in NR
patient-derived astrocytes and the resultant alterations in the expression of XBP1 gene targets
suggest dysregulation of UPR pathways [292, 320], which prior studies have linked to both ECM
remodeling [297, 298] and inflammatory cascades [321]. Collectively, these findings uncover
multifaceted interactions between inflammatory responses, ECM dynamics, and UPR activity in
SSRI-resistant MDD, highlighting the promise of therapies targeting astrocyte-centric disease
mechanisms to address TRD.

An important translational extension of our findings comes from querying the LINCS
database for compounds whose transcriptional signatures oppose those observed in our hiPSC-
derived astrocyte model. This analysis confirmed that gene expression trends in R astrocytes
were discordant with the transcriptomic signatures of 17 FDA-approved antidepressants,
including 2 SSRIs: paroxetine and sertraline. In contrast, only two FDA-approved
antidepressants showed discordance with the NR astrocyte signature: tranylcypromine and
phenelzine. The discordance between the gene expression profiles of NR astrocytes and those of
tranylcypromine and phenelzine, both MAOISs typically reserved for cases where standard
therapies fail [322], suggests that broad-spectrum monoamine modulation may uniquely counter
the astrocyte-specific transcriptional disturbances linked to SSRI resistance in these patients.
However, whether the increased likelihood of antidepressant effect outweighs the risks of MAOI
side effects and drug-drug interactions may depend on individualized risk-reward assessments.
Overall, this analysis supports the classifications of these donors and suggests that the genetic
factors that determine antidepressant responses are preserved through the iPSC reprogramming

Process.



55

To identify additional small-molecule perturbagens for potential repurposing in MDD and
TRD, we assessed both FDA-approved drugs and preclinical compounds. Among the discordant
perturbagens for R astrocytes were drugs inhibiting tyrosine kinases (sorafenib, imatinib),
histone deacetylases (vorinostat), cyclooxygenases (tiaprofenic acid, ketorolac), and DNA
alkylation (ifosfamide). Preclinical agents such as GSK-1059615 (PI3K inhibitor), QL-X-138
(mTOR inhibitor), and wortmannin (PI3K inhibitor) also emerged. Notably, the mechanisms of
these compounds intersect with inflammation, epigenetic regulation, and metabolic processes,
which are increasingly implicated in mood disorders. For instance, cyclooxygenase inhibitors
have been explored for their anti-inflammatory properties in MDD [323], histone deacetylase
inhibitors can modify gene expression involved in stress responses [324], and PI3K/Akt/mTOR
pathway regulation is known to affect synaptic plasticity and glial function [325]. These diverse
targets suggest that multiple molecular pathways could modulate astrocyte phenotypes akin to R
astrocyte states and potentially reinforce the effects of traditional antidepressants.

On the other hand, NR—specific discordant FDA-approved compounds included
sodium/potassium-transporting ATPase inhibitors (digoxin), serotonin receptor antagonists
(methysergide), and MAOISs (tranylcypromine, phenelzine), pharmacologic strategies that have

been explored in other neuropsychiatric contexts [322, 326, 327]. Preclinical molecules targeting

cell-cycle kinases (kenpaullone, indirubin), lipid regulators (fatostatin), and epigenetic
modulators (zebularine) also emerged, aligning with growing evidence that metabolic, cell-cycle,
and epigenetic mechanisms can influence depressive phenotypes [328-330]. Together, these
results illustrate how computational screening via LINCS can complement functional genomics
data, unveiling both established antidepressants and novel agents that may help restore or

preserve astrocyte health in MDD. Among the preclinical compounds identified, GSK-3f3
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inhibitors such as kenpaullone and indirubin stand out for their potential relevance to TRD-
related astrocyte dysfunction. GSK-3f has been implicated in neuroinflammation, synaptic
remodeling, and neuronal plasticity, and its inhibition has been shown to alleviate depressive-like
behaviors in preclinical models [33 1, 332]. Additionally, kenpaullone was identified in a large-
scale screen as a KCC2-enhancing compound, where it promoted neuronal chloride homeostasis
and inhibitory neurotransmission through GSK-3f inhibition in pain models [333]. Given that
astrocytes regulate both inhibitory neurotransmission and synaptic integrity, it is plausible that
GSK-3f inhibition may have broader effects on glial-neuronal interactions in TRD. However,
there is currently no direct evidence linking GSK-3f inhibition to ECM remodeling or UPR
dysfunction in this context, and further research is needed to validate whether targeting GSK-3f3
could restore astrocyte homeostasis and neuroimmune balance in TRD.

Despite these promising findings, there are several limitations to consider. First, the
sample size and potential heterogeneity among patient-derived hiPSCs may limit the
generalizability of our results. Second, hiPSC-derived astrocytes cultured in vitro may not
completely capture the intricacies of the in vivo brain environment, where cell-cell interactions
among astrocytes, neurons, and microglia are critical. Third, the time point at which astrocytes
were profiled was cross-sectional, making it difficult to capture dynamic transcriptomic changes
that might occur over the course of the disease or treatment. Fourth, while the LINCS-based
screening identified numerous perturbagens, extensive functional validation will be crucial to
confirm their therapeutic potential and explore optimal dosing schedules. Finally, although we
see a potential link between astrocyte-specific pathways and SSRI resistance, additional

mechanistic work is required to show causality.
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Our findings highlight the importance of investigating astrocyte-mediated processes in
MDD and TRD, but additional research is needed to validate and expand these results.
Longitudinal studies that track changes in astrocyte gene expression before and after
antidepressant treatment could clarify whether the identified transcriptional signatures shift with
the clinical response. Coculture or organoid-based models incorporating neurons, microglia, and
astrocytes would also provide a more physiologically relevant system to validate the role of
immune and ECM pathways in SSRI resistance. Additionally, more functional analyses,
including gene knockdown, overexpression, or targeted pharmacological modulation of high-
centrality TFs, such as TP53, JUN, SMAD3, and STAT3, are needed to establish causal links
between specific dysregulated pathways, such as TNF-NF«xB, UPR, and ECM remodeling, and
the antidepressant response. Finally, exploring combinatorial therapies, such as immune-
modulating agents alongside SSRIs, may yield novel strategies to overcome resistance in patients

with TRD.

Conclusions

By integrating transcriptomic profiling, TF activity assessments, coexpression network
analyses, and LINCS-based computational approaches, we reveal a complex astrocyte-specific
landscape in MDD that diverges between SSRI responders and non-responders. Immune
modulation, circadian rhythms, oxidative metabolism, and proteostasis emerge as critical
processes potentially dictating antidepressant efficacy. Moreover, our LINCS data highlight both
FDA-approved antidepressants and repurposing candidates whose signatures oppose pathological
gene expression states in astrocytes. While additional in vivo validation, expanded sample sizes,

and longitudinal assays are crucial next steps, these findings underscore how targeting astrocyte-
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focused pathways may yield more effective treatments for individuals facing treatment-resistant

depression.
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Chapter 3: Proinflammatory transcriptomic and kinomic alterations in astrocytes derived

from patients with familial Alzheimer's disease

Abstract

AD is a progressive neurodegenerative disorder characterized by profound neuronal and
cognitive decline, with increasing evidence implicating astrocyte dysfunction in disease
pathology. While traditional therapeutic approaches have primarily targeted neurons, the crucial
role of astrocytes in metabolism, neurotransmission, amyloid-beta clearance, and
neuroinflammation underscores their potential as therapeutic targets. In this study, we employed
a multiomic integrative analysis combining transcriptomic and kinomic profiling of hiPSC-
derived astrocytes from patients with fAD compared to healthy controls. Our transcriptomic
analysis identified 1249 significantly differentially expressed genes, highlighting a pronounced
upregulation of inflammatory genes (SERPINA3, IL6R, ILIRAP, TNFRSF11A) and a
concomitant downregulation of genes essential for synaptic support and ion channel function
(STMN2, NMNAT?2, SCN2A, GRINI). Kinomic profiling revealed dysregulated kinase
activities within DYRK, GSK, and MAPK families, further implicating altered kinase signaling
pathways in astrocyte dysfunction. Integration of these datasets pinpointed critical molecular
hubs, notably within the PI3K signaling and inflammatory pathways, highlighting targets such as
JAK2, STAT3, and AKT1 as potential modulators of disease progression. Furthermore,
leveraging the LINCS platform, we identified chemical perturbagens, including fluticasone
propionate and Akt inhibitors, capable of reversing the transcriptomic signatures associated with

fAD astrocytes. This integrative multiomic approach not only enhances our understanding of
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astrocyte-specific molecular mechanisms in AD but also provides novel targets for therapeutic

intervention aimed at mitigating astrocyte-driven neurodegeneration.

Introduction

AD, a leading cause of dementia, was the sixth leading cause of death in the United
States in 2019 and the fifth leading cause of death in 2021 among individuals aged 65 and older
[334]. Alzheimer's disease is a progressive neurodegenerative disorder characterized by
significant neuronal damage that leads to cognitive decline, loss of function, and eventually
death. The economic impact of AD is also substantial, with projected costs of $360 billion for
2024 [334]. Symptomatic medications for AD have been used for decades; however, their benefit
is modest. Recently, amyloid monoclonal antibodies have been shown to demonstrate strong
disease-modifying properties with amyloid removal and slowing of cognitive decline, but side
effects that require close monitoring and efficacy for individual patients vary [335-340]. Ongoing
research and clinical trials continue to seek more effective treatments for both the disease and its
symptoms, highlighting AD as a significant focus of global scientific efforts.

Astrocytes are critical to the pathophysiology of AD because of their role in metabolism,
neurotransmission, and AP clearance [335, 336]. For example, astrocytes upregulate
EAAT2/GLT-1 to regulate neurotransmission and mitigate excitotoxicity [341-343] while
suppressing neuroinflammation through C3/STAT3 pathway downregulation [344]. However,
drug development efforts for neurodegenerative diseases have traditionally focused on neuronal
targets, frequently neglecting the significant contributions of astrocytes to disease progression

and pathology [345]. The development of astrocyte-specific therapeutic interventions that
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support astrocyte function could significantly advance the treatment of AD, offering new avenues
to mitigate disease progression and improve patient outcomes.

Kinases orchestrate an array of cellular processes, including neuroinflammation in AD
[346, 347]. Novel markers have been linked to neurotoxic astrocytes that drive AD progression,
particularly those associated with proinflammatory responses [348-350]. Previous transcriptomic
studies have identified critical roles for astrocytes and protein kinases in AD pathogenesis.
Specific mutations in protein kinases may drive cognitive decline in AD, independent of A3
metabolism, load, and clearance [351-353]. Notably, quantitative phosphoproteomic studies have
revealed differential phosphorylation of protein kinases and small heat shock proteins [354-357].
These studies also revealed increases in the phosphorylation of astrocyte-specific proteins such
as GFAP, suggesting gliosis or astrocyte proliferation in AD [356, 357]. However, the kinase
signaling pathways that specifically regulate astrocyte functions in AD remain poorly
characterized. To enhance our understanding of AD and develop more effective interventions, it
is crucial to delve deeper into astrocyte-specific kinases, phosphoproteins, and kinase-
phosphosite networks in AD.

fAD, an early-onset form of AD, arises from autosomal-dominant mutations in genes
such as APP, PSENI, and PSEN2 [358]. These mutations offer a genetically controlled model
that is ideal for dissecting the molecular mechanisms underlying AD. iPSC-derived astrocytes
from fAD patients may provide insights into astrocytic dysfunction and offer a platform for
exploring astrocyte-specific therapeutic targets.

In this study, we employed an integrative analysis of differential transcriptomic and
kinomic signatures to identify molecular alterations associated with fAD, the hereditary form of

AD, in hiPSC-derived astrocytes. We used RNA sequencing and PamGene kinomic profiling to
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identify key differentially expressed genes and dysregulated kinase activities in hiPSC-derived
astrocytes from patients with fAD compared with age- and sex-matched healthy controls. The
integration of RNA-seq and kinome array analyses provides a detailed view of both global gene
expression changes and kinase activity alterations in AD. This combined approach enhances our
understanding of the transcriptional changes and their functional implications in kinase signaling,
specifically within astrocytes involved in AD progression. By correlating gene expression
profiles with kinase activity, this methodology facilitates a more precise identification of
potential therapeutic targets and contributes to deeper insight into the molecular mechanisms
underlying astrocyte dysfunction in AD. The integration of these datasets enables the mapping of
critical protein-protein interaction networks, uncovering central nodes and disrupted pathways
that may serve as potential therapeutic targets. These integrative multiomic insights provide a
deeper understanding of the molecular mechanisms underlying astrocyte dysfunction in fAD and

suggest potential therapeutic targets for modulating disease progression.

Materials and methods

Culture of human iPSCs and differentiation into astrocytes

Three fAD human iPSC lines (AD-001: male, APOE3/3, PSEN1 Y155H; AD-002: male,
APOE4/4, APP V7171; AD-003: female, APOE3/3, PSENI intron 4 deletion) and three healthy
control human iPSC lines (HC-001: male, APOE3/3; HC-002: male, APOE3/3; HC-003: female,
APOE2/3) were previously generated and fully characterized [359]. The control and fAD
subjects from which our iPSCs were derived were matched for age and sex. For our analyses,
fAD cells were compared with nonisogenic healthy controls. All experiments were performed in

compliance with the relevant laws and institutional guidelines. Human iPSCs were cultured in
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mTeSR1 medium (Stemcell Technologies, 85850) in cell culture dishes coated with Geltrex
LDEV-Free Reduced Growth Factor Basement Membrane Matrix (Gibco, A1413201) diluted
1:100 in DMEM/F-12 (Gibco, 11320033). Briefly, mTesR1 was replaced every other day or
every day once the cells reached 50% confluence. When 80-90% confluent, the cells were
passaged as follows: aspirating media, washing with DPBS, incubating with ReLeSR
(STEMCELL Technologies, 100-0484) at RT for 3 minutes, aspirating ReLeSR, incubating at
37°C for 10 minutes, resuspending in mTeSR1 supplemented with 10 nM Y-27632
dihydrochloride ROCK inhibitor (Tocris, 125410), counting, and plating onto Matrigel-coated
plates at the desired number.

Human iPSC-derived astrocytes were generated as previously described [259]. Briefly,
iPSCs were plated on Matrigel-coated 6-well plates and infected with rtTA, SOX9, or NFIB
lentivirus. On Day 0, the medium was replaced with fresh mTeSR-1 media containing 2.5 pg/mL
doxycycline. From Days 1-7, the cells were cultured in expansion medium (DMEM/F12, 10%
FBS, 1% N2, 1.25 pg/mL puromycin, and 200 pg/mL hygromycin) and gradually transitioned to
FGF medium (Neurobasal, 2% B27, 1% NEAA, 1% GlutaMax, 1% FBS, 8 ng/mL FGF, 5 ng/mL
CNTF, 10 ng/mL BMP4, and 200 pg/mL hygromycin) by Day 7. On Day 7, the cells were
dissociated via Accutase for 10 minutes and then replated on Matrigel-coated 6-well plates in
FGF medium. From Day 9, the FGF medium was changed to maturation medium (1:1
DMEM/F12 and neurobasal medium, 1% N2, 1% Na pyruvate, 10 pg/ul NAC, 10 pg/uL
hbEGF, 10 ng/mL CNTF, 10 ng/mL BMP4, and 500 pg/mL cAMP), and half of the medium was
changed every 2-3 days.

For immunocytochemistry, astrocytes were fixed with 4% paraformaldehyde for 15 min

at room temperature. The samples were permeabilized and blocked with 0.25% Triton X-100 and
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10% donkey serum in PBS for 20 min, as previously described [260]. The samples were then
incubated with anti-GFAP (rat, 1:500; Invitrogen 13-0300) and anti-S100B (mouse, 1:500;
Sigma—Aldrich AMAB91038) primary antibodies at 4°C overnight, followed by incubation with
secondary antibodies (donkey anti-rat Alexa Fluor 488, 1:1000; Invitrogen A-21208; donkey
anti-mouse Alexa Fluor 568, 1:1000; Invitrogen A10037) for 2 hours at room temperature.
Coverslips were mounted with Fluoromount-G (Southern Biotech, 0100-01) and imaged via a

Nikon Eclipse Ti-E microscope.

Sample preparation and processing for transcriptomics

For RNA-seq, total RNA samples from the six cell lines were prepared with TRIzol
reagent (Invitrogen). Total RNA was treated with DNase I (Zymo Research) and concentrated via
the Clean & Concentrator Kit (Zymo Research). A NanoDrop One/OneC Microvolume UV—Vis
Spectrophotometer (Thermo Scientific) was used to determine the RNA yield. For mRNA-
enriched RNA-seq in all six cell lines, 150-cycle PE sequencing via the [llumina HiSeq2500
platform was performed with 1 pg of RNase-free RNA (>10 ng/uL, RIN > 7) per technical
triplicate. Transcript abundances were quantified from paired-end reads (raw FASTQ files)
against the Homo sapiens reference transcriptome (hg19) via kallisto [360]. Transcriptome-wide
gene counts were obtained through gene-level transcript summarization with the tximport R
package [361]. DGE analysis was performed after filtering for genes with low expression using

the filterByExpr function via the edgeR R package [362].
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Sample preparation and processing for kinomics

For kinomics, each of the six iPSC samples (three HC and three fAD patients) was
homogenized in mammalian protein extraction reagent (Thermo Fisher, 78501) containing 1x
Halt phosphatase and protease inhibitor cocktail (Thermo Fisher, 78443). The samples were
incubated on ice for 30 minutes and subsequently run through the Fisherbrand Bead Mill 24
Homogenizer (Thermo Fisher, 15340163) for 5 minutes at 14000 x g. The supernatant was
collected and quantified via the Pierce BCA protein assay (Thermo Fisher, 23225). All the
samples in each group were pooled according to total protein content and diluted with the same
lysis buffer to 0.2 pg/uL. The six sample groups were then loaded on a single STK PamChip
array (PamGene) and run in technical triplicate using three separate chips. Two micrograms of
total protein were loaded into each array, followed by 30 minutes of blocking with 2% bovine
serum albumin (BSA), with a master mixture containing a final concentration of 90.91 uM
adenosine triphosphate (ATP), 0.1x BSA solution, 1x protein kinase buffer, water, and a primary
proprietary antibody mixture (PamGene). The sample and master mixture are incubated within
the PamStation 12 (PamGene) for 80 minutes and pumped through the well to facilitate the
phosphorylation of the immobilized peptides. In the subsequent step, FITC-labeled, anti-
phosphoserine-threonine antibodies (PamGene) were added to each array. Each array was
washed using PBS-T buffer (1x PBS, 0.1% Triton-X100), and Evolve2 (PamGene) kinetic image
capture software was used to capture peptide phosphorylation on each PamChip. During the
post-wash phase, the intensity of peptide spots was recorded at 10, 20, 50, 100, and 200 ms, then
Bionavigator software was used to convert the captured images and their signal intensity to

numerical values used for data analysis.
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Transcriptomic analysis

The ggplot2 R package was used for volcano plots to depict differential expression
profiles. The volcano plots display the difference in gene expression (log2FoldChange) between
experimental comparisons and significance values (-log10 adjusted p value), with dashed lines
indicating the significance thresholds of adjusted p values < 0.05 and absolute log2-fold change
values > 1. For the heatmaps, the pheatmap R package was used, and the differentially expressed
genes were filtered by AD risk-associated genes identified through Multimarker Analysis of
GenoMic Annotation (MAGMA) of genome-wide association studies (GWAS) in late-onset AD
[363]. Z scores were calculated via the scale function in R, ensuring normalized values for

comparison across samples.

Transcriptomic pathway analysis

We utilized the 3PodReports package to conduct gene set enrichment analysis (GSEA)
with the entire set of genes ranked by logFC x -log10 (p value) and ORA of genes in the top and
bottom 10% of genes ranked by log2FoldChange [364, 365]. We then analyzed the overlap

between GSEA and ORA.

Protein-protein interaction network analysis

To construct PPI networks, we used STRINGdb for Homo sapiens to map DEGs to
known interactors. Significant DEGs (adjusted p value < 0.05, [logFC| > 1) were filtered for
specific GO terms, as annotated by the GO knowledgebase [366, 367], and STRINGdb was used
to retrieve interaction data for mapped genes [368]. The network was visualized via igraph [369].

Node sizes were scaled inversely to the adjusted p value, node colors were determined by logFC
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(red for upregulated genes and blue for downregulated genes), and the layout was generated via

the Graphopt algorithm.

Transcription factor activity inference

TF activity was inferred from bulk RNA-seq data via the decoupleR package [370]. The
input gene-level statistics, derived from differential gene expression analysis with edgeR,
included t values and log2FC values for each gene. TF activities were inferred via the ULM
method, which fits a linear model to predict observed gene expression on the basis solely of TF—
gene interaction weights from the CollecTRI network [371]. The resulting t value from the fitted
model was used as the TF activity score, where positive scores indicate TF activation, and

negative scores represent TF inhibition.

Kinomic analysis

We utilized the BioNavigator software tool (PamGene) to preprocess kinome data,
conduct image analysis, interpret output measurements, and visualize, store, and share results
from the sample screen. The processed data yielded a list of differentially phosphorylated
reporter peptides, which served as raw data for subsequent analyses. To increase confidence in
predicting upstream kinases influencing substrate phosphorylation differences, we employed four
distinct kinase substrate mapping tools, namely, a kinome random sampling analyzer (KRSA) as
the primary analysis tool, PamGene upstream kinase analysis (UKA), kinase enrichment analysis
version 3 (KEA3), and posttranslational modification signature enrichment analysis (PTM-SEA).
Using the Creedenzymatic R package, we converted the analysis outputs into percentile rankings,

divided them into quartiles, and visually summarized the quartiles. High confidence candidate



68

kinases were those detected in the top quartile of the results from all four analyses, whereas
medium confidence candidates appeared in the top quartile of the KRSA results and at least the

top two quartiles of the UKA, PTM-SEA, and KEA3 results.

Multiomic integration

We employed the Kinograte R package, which utilizes an optimized version of the PCSF
algorithm, to construct an integrated multiomic PPI network. This network included
transcriptomic hits (FDR < 0.05) and Creedenzymatic-predicted kinomic hits. Node prizes were
assigned on the basis of the percentile rank of log2FoldChange or mean Creedenzymatic score,
whereas edge costs were determined by the inverse STRING database interaction confidence.
The PPI network nodes were subsequently ranked using the average of their node prize and
eigencentrality for gene-set enrichment analysis with the fgsea R package, and the top 10% of
these nodes were also tested for overrepresentation analysis with the enrichR R package via
Gene Ontology. Subnetworks of gene members from dysregulated pathways (FDR < 0.05)
identified in the primary PPI network were visualized. Pathways exhibiting dysregulation (FDR
< 0.05) were subjected to functional clustering and visualization via Pathway Analysis
Visualization with Embedding Representations (PAVER), a meta-clustering method specifically
designed for pathways [364, 365]. PAVER identifies the most representative terms (MRTs) for
hierarchically clustered pathway embeddings by selecting the term with the highest cosine
similarity to its respective cluster's average embedding. UMAP scatter plots were created,
portraying individual pathways with colors indicating their cluster affiliation and shapes

denoting the pathway analysis.
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Sample size and statistical analyses

For RNA-seq, 3 familial AD iPSC-derived astrocyte lines and 3 nonisogenic matched
control lines were used with 3 technical replicates each. For kinomics, 3 familial AD iPSC-
derived astrocyte lines and 3 nonisogenic matched control lines were used with 3 technical

replicates each. All genes and pathways analyzed had FDR <0.05 and log2FC > 1.

Results

Characterization of hiPSC-derived astrocytes

To identify astrocyte-specific dysregulated molecular pathways in AD, transcriptomic and
kinomic signatures were obtained from hiPSC-derived astrocytes from patients with fAD (n=3)
and age- and sex-matched nonisogenic HC individuals (n=3) and subjected to network-based
multiomic integration (Figure 2.1A). hiPSC-derived astrocytes were generated as previously
described [259] and astrocyte differentiation was verified through RNA sequencing and
immunocytochemistry (Figure 2.1B). Heatmap analysis of differential gene expression in hiPSC-
derived astrocytes relative to isogenic undifferentiated hiPSCs revealed increased expression of
canonical astrocyte transcripts, including GFAP and S100B (Figure 2.1C). Immunofluorescent
analysis of hiPSC-derived astrocytes analysis further validated the astrocytic phenotype, with
strong staining for GFAP and S100B (Figure 2.1D). Following astrocytic differentiation and
verification, RNA was extracted from the 3 familial AD iPSC-derived astrocyte lines and the 3
healthy control lines, and RNA sequencing was performed to investigate the molecular

alterations in fAD astrocytes relative to controls.
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Figure 3.1. Study design and characterization of hiPSC-derived astrocytes. (A) Differential
transcriptomic and kinomic signatures from iPSC-derived astrocytes from patients with familial
Alzheimer’s disease (n=3) and age- and sex-matched nonisogenic healthy controls (n=3) were
subjected to network-based multiomic integration to identify dysregulated molecular pathways.
(B) Human iPSC-derived astrocytes were generated as previously described [259]. (C) Heatmap
showing the differential expression of canonical astrocyte markers in astrocytes relative to
iPSCs. (D) Immunofluorescence staining of hiPSC-derived astrocytes at 20x magnification

showing GFAP (green) and S100B (red) expression.

Transcriptomic profiling reveals key dysregulated pathways in fAD astrocytes

To elucidate the molecular mechanisms underlying astrocyte dysfunction in fAD, a

comprehensive transcriptomic analysis was conducted to compare the gene expression profiles of
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fAD astrocytes with those of healthy controls. This analysis identified 1249 significantly
differentially expressed genes (adjusted p value < 0.05, [logFC| > 1). Among these genes, 307
were downregulated and 942 were upregulated in fAD astrocytes compared with healthy
controls. The transcript levels of genes related to the inflammatory response, synaptic function,
and ion channel activity were significantly altered. Inflammatory response genes such as
SERPINA3, IL7R, IL6R, MMP12, ILIRAP, TNFRSF11A, TNFSF10, and CXCL14 were
significantly upregulated, whereas synaptic function and ion channel activity genes such as
STMN2, NMNAT?2, SCN2A, GRINI, and KIF1A were significantly downregulated (Figure
2.2A). These results suggest a shift toward a more reactive, inflammatory state in fAD

astrocytes, alongside a reduction in synaptic support functions.

To investigate the relevance of transcriptomic signatures in fAD astrocytes, we
determined whether the differentially expressed genes in our model were enriched for known AD
genetic risk factors identified by GWAS analyses in humans. We probed the MAGMA study, a
GWAS analysis of late-onset AD, to determine whether our differentially expressed fAD genes
were among those identified as AD risk-associated genes. The expression of MEF2C, OASI, and
SORLI was significantly altered, among other genes (Figure 2.2B). The integration of GWAS

analyses into our study supported the relevance of our fAD astrocyte model.
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Figure 3.2. Transcriptomic analysis of fAD versus HC hiPSC-derived astrocytes. (A)
Volcano plot of differential gene expression analysis comparing hiPSCs from HC and fAD
astrocytes, plotted as a function of the log2-fold change in gene expression and the inverse log10
of the adjusted p value. The dashed lines demarcate adjusted p values less than 0.05 and absolute
values of log2-fold change greater than 1. (B) Heatmap showing the differential expression of
AD-associated GWAS hits in fAD astrocytes. (C) Top 10 upregulated and (D) top 10
downregulated pathways in fAD astrocytes identified via both rank-based GSEA and ORA
analysis. (E) PPI network of genes associated with the cellular response to cytokine stimulus
(GO:0071345) and (F) PPI network of genes associated with monoatomic ion channel activity
(GO:0005216), with the node color and size indicating the direction and significance of gene
expression changes. Red nodes indicate significantly upregulated genes (log2-fold change > 1, p
< 0.05), whereas blue nodes represent significantly downregulated genes (log2-fold change < -1,
p <0.05). The size of each node is proportional to the significance of the adjusted p value, with

larger nodes representing more statistically significant changes in gene expression.

To elucidate the molecular dynamics in fAD astrocytes and their impact on disease
progression, GSEA and ORA were conducted to identify pathways that are significantly altered
[364, 365]. The pathways reported were present in both the GSEA and ORA results, thus
providing greater confidence in their relevance to fAD astrocytes. The upregulated pathways
included those related to the extracellular matrix, such as the collagen-containing extracellular
matrix and cytokine-mediated signaling pathways, suggesting enhanced inflammatory and
structural remodeling in fAD astrocytes (Figure 2.2C). On the other hand, downregulated

pathways involve crucial neuronal functions, including potassium ion transport, synapse
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organization, and voltage-gated potassium channel activity, which may contribute to the impaired
neuronal communication observed in AD (Figure 2.2D). Overall, these findings illustrate a
multifaceted disruption in cellular pathways within fAD astrocytes, underscoring their potential
role in exacerbating AD pathology through both inflammatory processes and neuronal
dysfunction.

We then examined established PPI networks to explore how changes in gene expression
affect functional cellular pathways in fAD astrocytes. The PPI network associated with the
cellular response to cytokine stimuli features upregulated genes such as IL6R, ILIRAP, IL7R,
FOS, and GPR17, further supporting the inflammatory shift in fAD astrocytes (Figure 2.2E). In
contrast, the network associated with monoatomic ion channel activity in fAD astrocytes
revealed reduced expression of genes such as SCN2A, GRIN1, KCNB1, KCNA2, and GRIA1
(Figure 2.2F), suggesting a diminished function of ion channels, which is critical for maintaining
neuronal excitability and communication.

Together, these findings suggest that fAD astrocytes are characterized by increased
inflammation and structural remodeling coupled with diminished support for neuronal function,

providing key insights into the cellular mechanisms driving AD pathology in astrocytes.

Identification of astrocyte-specific molecular targets in fAD

To elucidate the molecular mechanisms driving astrocyte dysfunction in fAD, an analysis
of TF activity was conducted via the gene expression profiles of fAD astrocytes and healthy
control astrocytes. This analysis aimed to identify the key transcription factors that are either
activated or deactivated in fAD astrocytes, providing insight into their roles in the progression of

AD pathology. TF activity was inferred via the ULM method, where t values were derived to
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predict the impact of TFs on gene expression [370, 371]. Positive t values indicate activated TFs,
reflecting increased target gene expression, whereas negative t values indicate deactivated TFs,
which are associated with reduced gene expression. TF activity analysis revealed both activated
and deactivated TFs in fAD astrocytes. Activated TFs include STAT3, NFKB, and MYC, which
are critical regulators of inflammation and cellular stress responses (Figure 2.3A). Conversely,
deactivated TFs such as SREBF1, MAMLI1, and YAP1 are implicated in cellular repair and
metabolic regulation, and their suppression suggests a loss of protective functions in fAD
astrocytes (Figure 2.3A). The deactivation of these TFs may exacerbate cellular dysfunction and

contribute to the progression of AD pathology in astrocytes.
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Figure 3.3. Identification of astrocyte-specific molecular targets in fAD. (A) The results of
TF activity inference. Positive scores (red bars) indicate active TFs, whereas negative scores
(blue bars) reflect inactive TFs. (B) A STAT3-centered PPI network in which nodes represent
genes interacting with STAT3; red represents significantly upregulated genes (log2-fold change >
1, p <0.05), and blue represents significantly downregulated genes (log2-fold change <-1, p <
0.05). The size of each node is proportional to the significance of the adjusted p value, with
larger nodes reflecting greater significance. (C) The discordant mechanisms of action identified
through LINCS. The color of each point is proportional to the number of perturbations, with
darker nodes reflecting a greater number of perturbations. (D) The top discordant perturbagens
identified through LINCS. The color of each point is proportional to the similarity score, with

darker nodes reflecting greater similarity.

To further explore the molecular interactions contributing to astrocyte dysfunction in
fAD, a STAT3-centered PPI network was analyzed via interaction data retrieved from the
STRING database. This PPI network highlights interactions with several upregulated genes
critical in AD pathology, particularly those linked with neuroinflammatory and stress responses
(Figure 2.3B). In addition to the previously mentioned genes, such as JAK1, JAK2, and SRC,
this analysis also revealed significant upregulation of HDAC2 and PRKCD, which are involved
in epigenetic regulation and signaling pathways relevant to AD (Figure 2.3B). Targeting these
key nodes, especially STAT3 and its direct interactors, presents viable therapeutic avenues to
mitigate inflammation and restore cellular function in astrocytes, addressing core aspects of AD

pathology.
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To advance our understanding of fAD and explore potential therapeutic interventions, the
LINCS platform was employed. The LINCS platform utilizes the log2-transformed fold change
and p values for landmark genes from the LINCS L1000 project to identify and cluster chemical
perturbations by their mechanisms of action [372, 373]. In this study, the LINCS platform was
used to identify small molecules and mechanisms of action that counteract the transcriptomic
alterations observed in fAD astrocytes compared with those in control astrocytes. Discordant
MOAs, such as PI3K inhibitors, mTOR inhibitors, JAK inhibitors, and matrix metalloprotease
(MMP) inhibitors, were identified as potential therapeutic targets that may counteract these
pathological shifts (Figure 2.3C). Additionally, discordant perturbagens such as fluticasone
propionate, a glucocorticoid receptor agonist, Akt inhibitor VIII and Akt inhibitor IV, and
AS—605240, a PI3KY inhibitor; Vardenafil, a PDES inhibitor; Zardaverine, a dual PDE3/PDE4
inhibitor; and mianserin, an antagonist of multiple adrenergic, histaminergic, and serotonergic
receptors, suggest therapeutic strategies that may reverse these transcriptomic changes (Figure
2.3D). These discordant perturbagens offer a promising avenue for treatment by targeting
astrocyte-driven processes, which have been largely overlooked in traditional AD therapies that

focus primarily on neuronal dysfunction.

Kinomic profiling reveals dysregulated kinase activity in fAD astrocytes

To better understand the role of kinases in fAD astrocyte dysfunction, we analyzed kinase
activity and peptide phosphorylation patterns. The use of the PamGenel2 Kinome Array enabled
comprehensive coverage of the human kinome by analyzing a biological sample’s
phosphorylation profile through bioinformatic permutation with extensive validation of the

phosphorylation patterns observed. This analysis revealed significant changes in peptide
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phosphorylation patterns in fAD astrocytes compared with healthy controls (Figure 2.4A).
Compared with that in healthy controls, the global peptide phosphorylation signal in fAD
astrocytes was lower (Figure 2.4B). Furthermore, specific peptides exhibited differential
phosphorylation, suggesting targeted disruptions in signaling pathways (Figure 2.4C). We used
three analytical modalities (KRSA, KEA3, and UKA) to identify specific protein kinases
implicated in our fAD astrocytes. (Figure 2.4D). We identified kinases in the dual-specificity
tyrosine phosphorylation-regulated kinase (DYRK), glycogen synthase kinase (GSK), and
mitogen-activated protein kinase (MAPK) families as hit kinases in our disease model (Figure
2.4D). These kinases were consistently detected with three distinct peptide-to-kinase mapping

tools, emphasizing their importance in pathological signaling pathways in fAD astrocytes.
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Figure 3.4. Differential kinase activity in fAD astrocytes versus healthy control astrocytes.
(A) Peptides were initially selected on the basis of differences in phosphorylation between
groups, and the upstream kinases that most likely drive these effects were identified via four
different analyses of peptide phosphorylation. The emerging kinase hits were integrated into a
larger kinase-to-kinase interaction network model. (B) Violin plot showing global peptide
phosphorylation in familial AD patients versus HCs via KRSA. (C) Waterfall plot showing
differentially phosphorylated peptides between AD and WT strains on serine—threonine chips.
(D) Bubble plot showing the differentially active kinases utilizing four different analyses
packages of peptide phosphorylation: KRSA, KEA3, and UKA. Column headers represent
kinase families, whereas single kinases are represented within the columns. Circles denote
kinases whose activity was detected by the analyses. Kinases are present within black filled-in
circles and absent in black outlined circles. The size of the circles (1-4) denotes the quartile in
which the result appears in each analysis, with the 1st quartile being the lowest and the 4th

quartile being the highest confidence results.

Multiomics integration highlights dysregulated pathways in fAD astrocytes

To identify key dysregulated molecular pathways involved in astrocyte dysfunction and
AD progression, we conducted an integrative multiomics analysis that combined transcriptomic
and kinome array data. This integrated approach provides a more comprehensive understanding
of how alterations in gene expression impact kinase activity and signaling pathways in fAD
astrocytes. Our analysis revealed significant dysregulation of key molecular pathways,
particularly those involved in inflammatory responses and phosphatidylinositol 3-kinase (PI3K)

signaling. The UMAP plot (Figure 2.5A) visually represents the clustering of these gene sets,
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highlighting distinct functional pathways with notable emphasis on the regulation of
inflammatory responses and PI3K signaling. These pathways were identified as critical areas of
dysregulation in fAD astrocytes. PPI network analysis further elucidated these findings by
mapping the interactions within these pathways. PPI network analysis of proteins in the PI3K
signaling network revealed key nodes, including PIK3R1, IGF1, and AKT1. These nodes are
central to this pathway and show substantial changes in connectivity and activity in fAD
astrocytes (Figure 2.5B). Similarly, protein-protein interaction (PPI) network analysis of proteins
in the inflammatory response network highlighted the central roles of IL6, JAK2, and STAT3 in
mediating the inflammatory processes that are upregulated in the disease state (Figure 2.5C). The
integrative approach of this analysis revealed multiple multiomic hits in both networks, such as
JAK2, indicating both transcriptomic dysregulation and kinomic changes in these targets. These
results provide a comprehensive view of the molecular mechanisms underlying astrocyte

dysfunction in AD, pinpointing specific pathways that may serve as potential therapeutic targets.
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Figure 3.5. Identification of molecular pathways altered in fAD astrocytes via multiomic
integration. (A) PAVER analysis of dysregulated molecular pathways revealed 10 functionally
distinct gene set clusters in nonlinear UMAP space. (B) PPI network showing the subnetwork of
genes involved in the PI3K pathway. (C) PPI network showing the subnetwork of genes involved
in inflammatory pathways. Node color indicates omic hits, with red nodes indicating RNA, green

nodes indicating kinases, and blue nodes indicating algorithmically interpolated hidden nodes.
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Discussion

The results of this study offer valuable insights into the molecular changes associated
with astrocyte dysfunction in fAD. By leveraging a multiomic approach that integrates
transcriptomic and kinomic analyses, we identified key pathways and molecular hubs that are
dysregulated in fAD astrocytes compared with healthy controls. The distinct gene expression and
kinase activity profiles we observed suggest that astrocytes may play a role in disease
pathophysiology.

Transcriptomic analysis revealed the upregulation of genes involved in inflammation,
such as SERPINA3, IL6R, ILIRAP, and TNFRSF11A, indicating a shift toward a reactive,
inflammatory astrocyte phenotype. Recent studies have highlighted the roles of these genes in
exacerbating the inflammatory processes central to AD pathogenesis [374]. SERPINA3
transcript and protein expression is increased in senescent astrocytes, leading to the upregulation
of proinflammatory factors and the downregulation of neurotrophic growth factors, which
ultimately diminishes the neuroprotective functions of astrocytes and exacerbates
neurodegenerative processes, such as the upregulation of proinflammatory cytokines and the
downregulation of neurotrophin production [375-379]. Additionally, the p.D358A variant of
IL6R increases soluble IL-6R levels, enhancing IL-6 trans-signaling in astrocytes, which
contributes to neuroinflammatory processes and is associated with an earlier onset of AD,

especially in APOE &4 carriers [380, 381]. Moreover, genetic variants in ILIRAP are associated

with increased cerebrospinal fluid tau levels, accelerated amyloid accumulation, and cognitive
decline in AD [382, 383]. Furthermore, GPR17 has been identified as a key mediator of
neuroinflammation, particularly in response to AP exposure, where its inhibition has been shown

to ameliorate cognitive deficits, reduce neuroinflammation, and promote synaptic function



84

through the modulation of the NF-xB, Nrf2/HO-1, and BDNF signaling pathways [384, 385].
Taken together, these findings underscore the critical impact of inflammatory gene expression in
astrocytes on the onset and progression of AD, revealing potential molecular targets for
therapeutic intervention.

Conversely, genes involved in synaptic function and ion channel activity, such as
STMN2, NMNAT2, SCN2A, GRINI, and KIF1A, were significantly downregulated, suggesting
diminished neuronal support (Figure 2.2A). Additionally, genes that have been shown to be
associated with AD risk via large-scale GWAS [386-388], such as MEF2C, OAS1, and SORL1,
presented altered expression in fAD astrocytes relative to healthy controls (Figure 2.2B). This
finding substantiates the translational relevance of this study's model and supports the validity of
using this model to explore pathophysiological mechanisms in AD. Research into these genes has
revealed their critical roles in neuronal health and function. STMN?2, a key target of TDP-43, is
aberrantly spliced in patients with AD, and its partial loss results in motor deficits, detectable
neuropathology, and abnormal mitochondrial morphology in mice [389]. The overexpression of
NMNAT2, a key enzyme in energy metabolism that is reduced in AD, has been shown to reduce
AP production and tau phosphorylation in Tg2576 mice via the upregulation of ADAM10 and
PP2A, respectively [390, 391]. The downregulation of these genes suggests that astrocytes may
contribute to the loss of synaptic integrity in AD.

Comprehensive pathway analysis further emphasized the dual role of enhanced
inflammatory pathways and diminished neuronal support functions. This analysis revealed that
extracellular matrix remodeling and cytokine-mediated signaling were significantly upregulated
(Figure 2.2C), whereas pathways involved in potassium ion transport and synapse organization

were downregulated (Figure 2.2D). These findings are consistent with previous studies
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suggesting that astrocytes contribute to the neuroinflammatory environment observed in AD and
are involved in the disruption of neuronal support mechanisms, potentially exacerbating
neurodegeneration [392, 393].

Additional TF activity analysis identified key molecular drivers of astrocyte dysfunction
in fAD. This analysis revealed inferred activation of the transcription factors STAT3, NFKB, and
MYC and inferred deactivation of SREBF1, MAMLI1, and YAP1 (Figure 2.3A). Activation of
the STAT3 pathway in astrocytes has been shown to increase the production of proinflammatory
cytokines and neuroinflammation, contributing to neuronal death, exacerbating AP deposition,
and impairing neuronal function [348, 394]. On the other hand, inhibition of STAT3 has been
shown to reduce neuroinflammation, decrease A levels, and improve cognitive function in AD
models [349, 395-399]. Additionally, SREBF1 is downregulated in AD oligodendrocytes,
potentially contributing to neurodegeneration by disrupting cholesterol synthesis and affecting
oligodendrocyte function [400, 401]. Our results also suggest that SREBF1 is dysregulated in
astrocytes. Furthermore, the loss of YAP1 in astrocytes promotes senescence and contributes to
neurodegenerative processes in AD [402]. Taken together, these findings suggest that STAT3,
SREBF1, and YAP1 promote astrocyte-driven inflammation, senescence, and lipid metabolism
dysfunction in AD.

The LINCS platform identifies small molecules that may reverse the molecular
alterations we described in fAD astrocytes. Our application of this platform revealed that
discordant perturbagens, such as fluticasone propionate, Akt inhibitor VIII, Akt inhibitor IV, and
AS—605240, may offer therapeutic potential by reversing these dysregulated processes (Figure
2.3B). Notably, the discordant perturbagens align with findings from pathway analysis and TF

activity inference, both of which pointed toward increased inflammation in fAD astrocytes.
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Previous studies have revealed an association between the use of fluticasone, an FDA-approved
glucocorticoid receptor agonist, and a significantly reduced risk of AD, indicating its potential
for lowering the incidence of AD through anti-inflammatory mechanisms [403-405].
Additionally, pretreatment with the Akt inhibitor VIII significantly reduces LPS-induced MMP-9
overexpression, which has been implicated in extracellular matrix breakdown and blood-brain
barrier disruption in neuroinflammatory and neurodegenerative diseases [406]. However, specific
investigations into the effects of fluticasone or Akt inhibitor VIII on AD astrocytes have yet to be
conducted. These small molecules could be further explored for their ability to modulate the
dysregulated genes and kinases identified in this study, potentially leading to the development of
more effective treatments for Alzheimer’s disease.

The kinomic analysis further supported these observations by identifying significant
changes in kinase activity, particularly among the DYRK, GSK, and MAPK families. These
kinase families have been previously implicated in AD, notably their role in regulating
neuroinflammation and synaptic function in astrocytes. DYRK1A and GSK-38, for example, are
known to influence tau phosphorylation and neuroinflammatory responses, both of which are
critical in AD progression [407, 408]. MAPK signaling pathways, including the ERK and p38
MAPK pathways, are also involved in mediating cellular stress responses and inflammation
[409, 410]. The PamGene platform allowed comprehensive kinomic profiling, which
corroborated our neuroinflammatory findings.

The integration of kinomic and transcriptomic data through network-based approaches
has pinpointed critical molecular hubs such as PIK3R1, IGF1, and AKT1 in the PI3K signaling
pathway, as well as IL6, JAK2, and STAT3 in the inflammatory response pathway. These hubs

represent potential therapeutic targets, and modulating these hubs may mitigate the progression
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of AD [411, 412]. Notably, JAK2 has been identified across multiple omics platforms, reflecting
both transcriptomic dysregulation and kinomic changes, further validating its critical role in fAD
pathology. These findings provide a comprehensive overview of the molecular mechanisms
driving astrocyte dysfunction in AD.

This study offers key insights into astrocyte dysfunction in fAD, highlighting novel
therapeutic targets. The integrative multiomic approach employed here offers a comprehensive
view of the molecular landscape in fAD astrocytes, providing a foundation for future research
aimed at developing targeted therapies that address both the contributions of neurons and glia to

AD.

Conclusions

In conclusion, this study elucidates the intricate molecular alterations underlying
astrocyte dysfunction in fAD through a comprehensive multiomic approach. By integrating
transcriptomic and kinomic analyses, we identified critical dysregulated pathways, including
those related to neuroinflammation, synaptic function, lipid metabolism, and kinase activity, that
are likely driving the pathophysiology of fAD in astrocytes. The consistent dysregulation of key
molecular hubs, such as those in the PI3K signaling and inflammatory response pathways,
underscores the central role of astrocytes in the progression of AD. Moreover, the identification
of chemical perturbagens offers promising avenues for therapeutic intervention, targeting the
specific molecular abnormalities revealed in this study. These findings not only enhance our
understanding of the molecular mechanisms contributing to Alzheimer’s disease but also provide
a valuable foundation for developing targeted therapies aimed at modulating astrocyte function

to slow or halt disease progression.
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Chapter 4: Shared and distinct psychoneuroimmune dysregulation in hiPSC astrocyte

transcriptomes across depressive and neurodegenerative disorders

Abstract

MDD and AD represent significant clinical challenges, imposing considerable burdens on
patients, caregivers, and healthcare systems. Emerging evidence highlights a complex,
bidirectional relationship between these disorders, suggesting shared pathophysiological
mechanisms involving astrocyte dysfunction, neuroimmune signaling, and ECM remodeling.
Utilizing hiPSC-derived astrocytes from healthy controls, treatment-responsive MDD, treatment-
nonresponsive MDD, and familial Alzheimer's disease patients, this study systematically
characterized transcriptomic alterations to identify both overlapping and distinct molecular
signatures. Differential gene expression analyses revealed significant transcriptional
dysregulation across conditions, with key functional clusters identified through gene ontology
enrichment, including ECM organization, immune regulation, chemotaxis, and cell cycle
pathways. Integrated analysis of transcription factor and kinase activities demonstrated distinct
regulatory landscapes, with notable involvement of TFs such as SP1, TP53, and STAT3 and
kinases including DDR2, TTBK1, and BRSK2. Leveraging the LINCS database,
pharmacological profiling identified concordant and discordant perturbagens and mechanisms,
notably highlighting HDAC, mTOR, and tyrosine kinase inhibitors, suggesting novel therapeutic
targets for modulating astrocyte function. These findings underscore astrocyte-mediated
mechanisms linking neuropsychiatric and neurodegenerative disorders and provide critical

insights into potential precision medicine strategies for MDD and AD.
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Introduction

MDD and AD are highly prevalent conditions that place a significant clinical and
economic strain on individuals and society. MDD, characterized by persistent sadness, loss of
interest, and impaired cognitive function, has been estimated to affect more than 21 million
American adults annually and approximately 5% of adults globally [413-415]. The lifetime
prevalence of MDD is estimated to be between 10% and 20% [416-419]. AD, the most common
form of dementia, is estimated to affect 6.9 million Americans aged 65 and older [31]. This
number is projected to rise significantly with the aging population, potentially reaching 13.8
million by 2060 [31]. AD is characterized by gradual memory loss, behavioral changes, and
cognitive decline, ultimately leading to profound functional impairment and death [420-423].
The clinical burden of AD includes a high mortality rate, substantial healthcare costs, and a
significant impact on caregivers [424-427]. Furthermore, AD is associated with an increased
incidence of comorbidities like hypertension, diabetes, and stroke [425, 428].

Emerging evidence suggests a complex and bidirectional relationship between MDD and
AD, with depression both contributing to and resulting from neurodegenerative processes [429-
431]. Research indicates that 38—40% of individuals with dementia experience depressive
symptoms, and 16% are diagnosed with MDD [432-434]. Depression has been recognized as
both a potential risk factor for dementia and a frequent symptom in individuals living with
dementia [64, 429, 435-442]. Studies have shown that depression can hasten cognitive decline
and elevate one’s risk of dementia, while dementia can trigger or exacerbate depressive
symptoms [430, 442-444]. Importantly, it appears that depression in later life, rather than early

life, is a stronger predictor of dementia risk [57, 445-447]. This two-way relationship between
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depression and dementia points to common underlying mechanisms and highlights the
importance of gaining a more comprehensive understanding of their interconnectedness.
Astrocytes, the most ubiquitous cells in the human brain, play an indispensable role in the
regulation of numerous neurological processes and the maintenance of neural homeostasis [448].
These star-shaped cells play critical roles in neuroinflammation, immune regulation, ECM
maintenance, BBB integrity, synaptic transmission modulation, and metabolic support for
neurons [448]. Additionally, astrocytes interact with the blood-brain barrier to detect molecules,
such as cytokines, produced by peripheral immune cells [163]. In response to injury or disease,
astrocytes become reactive, undergoing morphological and functional changes that can either
protect against or worsen neuronal damage [449]. Reactive astrocytes are known to influence
both innate and adaptive immune responses [450]. Astrocyte dysfunction has been linked to both
neuropsychiatric and neurodegenerative disorders, including MDD and AD [451]. In MDD,
astrocytes display disrupted calcium signaling, impaired glutamate homeostasis, and
dysregulated inflammatory responses [452]. In AD, they contribute to amyloid-beta plaque
formation, tau pathology, and chronic neuroinflammation [453]. By interacting with the immune
system, astrocytes act as central mediators of neuroimmune signaling, bridging PNI mechanisms
with the pathophysiology of both neuropsychiatric and neurodegenerative disorders.

hiPSC models offer a powerful tool for studying human-specific disease mechanisms
[454, 455]. These cells, derived from adult somatic cells, can be reprogrammed to a pluripotent
state and differentiated into various cell types, including astrocytes [456, 457]. hiPSC models
provide several advantages over traditional animal models, including the ability to recapitulate
human genetic and epigenetic backgrounds, study disease progression in a controlled

environment, and test potential therapeutic interventions [458-462]. Importantly, it has been
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shown that iPSCs retain the epigenetic signature of their starting somatic cells, which can affect
their differentiation potential [455, 463]. These unique properties make hiPSC models an
invaluable platform for investigating disease mechanisms, modeling patient-specific
pathophysiology, and developing targeted therapeutic strategies.

hiPSC-derived astrocytes have been used to investigate the cellular and molecular
mechanisms underlying MDD and AD [90, 95, 210, 213]. Studies using hiPSC-derived
astrocytes from MDD patients have revealed alterations in gene expression, calcium signaling,
and mitochondrial function [210, 464]. These findings provide insights into the role of astrocytes
in MDD pathogenesis and potential therapeutic targets. Similarly, hiPSC-derived astrocytes from
AD patients have shown altered responses to amyloid-beta and tau, as well as dysregulated
inflammatory pathways [213, 465, 466]. These studies highlight the utility of hiPSC-derived
astrocytes as a translational platform for elucidating disease-specific astrocyte dysfunction in
MDD and AD, paving the way for novel therapeutic interventions.

By systematically comparing the transcriptomic landscapes of hiPSC-derived astrocytes
from MDD and fAD patients, this study seeks to uncover both shared and condition-specific
molecular alterations that contribute to disease pathology. Identifying common dysregulated
pathways may reveal convergent mechanisms underlying astrocyte dysfunction in
neuropsychiatric and neurodegenerative disorders, while distinct signatures could provide
insights into their divergent pathophysiology. Furthermore, elucidating these transcriptomic
changes may highlight novel therapeutic targets, offering a foundation for precision medicine
approaches aimed at modulating astrocyte function to improve clinical outcomes in MDD and

AD.
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Materials and methods

Data acquisition and processing

Normalized gene expression data for three comparisons, non-responders versus healthy
controls (NR vs. HC), responders versus healthy controls (R vs. HC), and familial Alzheimer's
disease versus healthy controls (fAD vs. HC), were obtained from RNA-sequencing differential

expression analysis as previously described.

Differential gene expression analysis

Significant DEGs were identified using the DESeq2 [265] and limma-voom pipelines
[467, 468]. DEGs were identified using an adjusted p value threshold (padj < 0.05) and an
absolute log2 fold-change threshold (|log2FC| > 1.2). To identify patterns of gene expression
changes, hierarchical clustering was performed using Euclidean distance and Ward’s method
(ward.D2) with the cluster R package [282]. The optimal number of clusters was determined by
maximizing the average silhouette width across k-values ranging from 2 to 10 using the
factoextra package [469]. Genes within each cluster were subjected to GO enrichment analysis
using the clusterProfiler package [267-270], and BP terms were identified at an adjusted p value
threshold of 0.05. A heatmap of clustered genes was generated using the pheatmap package
[280], with rows representing individual genes and columns representing the three comparisons
(R, NR, and fAD). Z-score normalization was applied to standardize log2 fold-change values. To
assess shared and unique DEGs across the three comparisons, an UpSet plot was generated using

the UpSetR package to visualize DEG intersections across conditions [470].



94

Correlation analysis of differential gene expression

To evaluate transcriptional similarities between conditions, Pearson correlation
coefficients of log2 fold-change values were computed using the stats package for genes meeting
the significance threshold in at least one condition. Correlations were calculated for NR vs. HC
vs. fAD, R vs. HC vs. fAD, and NR vs. HC vs. R. Linear regression models with 95%

confidence intervals were fitted using the ggplot2 package to visualize relationships.

Functional enrichment analysis

To determine shared biological processes affected across conditions, GO enrichment
analysis was performed separately for NR, R, and fAD DEGs using clusterProfiler. Enriched
terms were compared across conditions using the compareCluster function. A dot plot
visualization was generated with ggplot2 to highlight overlapping and unique biological

processes among conditions.

Clustering of differentially expressed genes in overlapping biological processes

To identify DEGs associated with overlapping biological processes, we retrieved genes
annotated with extracellular matrix organization (GO:0030198), extracellular structure
organization (GO:0045229), and apoptotic processes (GO:0043062) from the org.Hs.eg.db
database using the AnnotationDbi package in R. Gene symbols corresponding to these GO terms
were mapped to the RNA-sequencing dataset, and expression data were subset to include only
these genes. Hierarchical clustering was performed on the filtered dataset using a distance matrix
defined as 1 - Pearson correlation coefficient, computed with the cor() function from the stats

package, and the minimum variance method (Ward.D2) implemented in the cluster R package.
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To calculate the optimal number of clusters, silhouette width analysis was performed for k values
ranging from 2 to 10 using the factoextra R package. The k value maximizing the average
silhouette width was selected, and a minimum cluster size threshold of five genes was enforced
to avoid over-fragmentation. Genes were clustered based on the optimal k value. Expression
patterns were visualized using ggplot2 and ggrepel, with condition-specific trends highlighted by
fitting locally estimated scatterplot smoothing (LOESS) regression lines using the

geom_smooth() function.

Transcription factor activity inference

To systematically infer TF activities from differential expression data, we employed the
decoupleR package [370]. First, we retrieved the human CollecTRI network via get collectri,
then applied the Universal-Literate Model (ULM) to each contrast’s DEG t statistic (e.g., NR vs.
HC, R vs. HC, fAD vs. HC). The ULM output was filtered for TFs with p < 0.05, and the
resulting significant TF scores were merged across the three conditions. We scaled these scores
row-wise to generate a Z-score matrix and visualized the results with the pheatmap R package,
creating a heatmap of relative TF activity patterns. Overlap in significantly active TFs among

NR, R, and fAD was examined using VennDiagram [471].

Kinase enrichment analysis

To determine potential kinase regulators of DEGs, we submitted both up and

downregulated gene sets to KEA3 [472, 473] via its API. Each query provided gene lists in

JSON format, returning enriched kinases for each condition (NR vs. HC, R vs. HC, fAD vs. HC)

in both up and downregulated directions. We filtered the STRING-based output by false
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discovery rate (FDR < 0.05) and selected the top ten kinases, ranked by odds ratio (OR). We
generated separate plots for up- and downregulated kinases in each contrast, distinguishing up
and down sets by color and point shape. We visualized the overlaps among the significantly
enriched kinases in up- and downregulated gene sets across NR, R, and fAD using the UpSetR
package. Next, we merged kinase results meeting the FDR threshold for all contrasts, computed
the mean OR for any duplicate entries, and illustrated the data as a heatmap generated using the

pheatmap R package.

Results

Differential gene expression and functional enrichment in hiPSC-derived astrocytes

To assess transcriptional differences in astrocytes derived from distinct patient groups and
healthy controls, we first identified significant DEGs. A total of 675 DEGs were detected in NR
vs. HC astrocytes, 555 DEGs in R vs. HC, and 949 DEGs in fAD vs. HC (adjusted p value <
0.05, [log2FC| > 1.2) (Figure 3.1A). Pairwise intersections revealed that 68 DEGs were shared
between NR and R, 66 DEGs were shared between NR and fAD, and 94 DEGs were shared
between R and fAD; six DEGs were commonly differentially expressed across all three

comparisons (Figure 3.1A).
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Figure 4.1. Comparative analysis of differential gene expression and functional enrichment

in NR, R, and fAD hiPSC-derived astrocytes. (A) A hierarchical clustering heatmap of DEGs

common to NR vs. HC, R vs. HC, and fAD vs. HC, using row-wise Z-score normalization of
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log2 fold changes. Rows are genes, columns represent each condition, and annotated rows
indicate the top GO-BP term per gene cluster. (B) An UpSet plot depicting the overlap of
significant DEGs (padj < 0.05, [log2FC| > 1.2) across NR, R, and fAD. (C-E) Scatter plots
comparing log2 fold changes in R vs. NR (C), fAD vs. R (D), and fAD vs. NR (E). Each point
represents a DEG shared between two contrasts, with regression lines added for clarity and inset
annotations of Pearson’s correlation (#) and p value. (F) Functional Enrichment Dot Plot. A dot
plot showing significantly enriched GO Biological Processes among DEGs from R, NR, and
fAD, highlighting representative terms such as extracellular matrix organization and
encapsulating structure organization. Dot size corresponds to the gene ratio within each term, and
color reflects statistical significance. (G) A silhouette-informed clustering of genes associated
with external encapsulating structure organization (GO:0045229), extracellular matrix
organization (GO:0030198), and extracellular structure organization (GO:0043062), with points
representing expression measurements across R, NR, and fAD and loess curves indicating

overall expression trends within each cluster.

Hierarchical clustering of the union set of 1957 DEGs from these three contrasts
identified six clusters based on silhouette analysis (Figure 3.1B). Cluster 1 (707 genes), enriched
in cell cycle processes with “mitotic sister chromatid segregation” as the top GO term, was
upregulated in fAD and R compared to NR (Figure 3.1B). Cluster 2 (173 genes), associated with
“chemotaxis,” and Cluster 5 (178 genes), associated with “leukocyte chemotaxis,” were both
more highly expressed in NR relative to fAD and R (Figure 3.1B). Cluster 3 (147 genes),
centered on “cell junction assembly,” showed elevated expression in R relative to NR and fAD

(Figure 3.1B). Cluster 4 (227 genes), linked to “cell recognition,” was upregulated in R and NR
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relative to fAD (Figure 3.1B). Lastly, Cluster 6 (339 genes), highlighting “extracellular matrix
organization,” was more abundant in fAD and NR than in R (Figure 3.1B). These results reflect
both unique and overlapping gene expression changes among NR, R, and fAD astrocytes relative
to healthy controls.

Scatter plot analyses were performed on shared DEGs to evaluate the relationships in
gene expression across these groups further. The correlation coefficient of r = 0.681 (p = 1.6e—
10) for NR vs. R indicated a strong and highly significant positive correlation (Figure 3.1C),
while r = 0.453 (p = 4.6e—06) for R vs. fAD represented a moderate (Figure 3.1D), statistically
significant positive correlation. In contrast, r =—0.419 (p = 4.6e—04) for NR vs. fAD reflected a
moderate and significant negative correlation (Figure 3.1E). Overall, these analyses highlight
distinct levels of correlation in shared gene expression changes across the three comparisons,
with R and NR displaying opposite relationships with fAD.

To clarify the functional roles of these DEGs, we performed gene set enrichment analyses
in each experimental condition. Gene set enrichment analyses in each patient group highlighted
significantly enriched GO-BP terms. For R, the top five terms were “extracellular matrix
organization” (p = 6.14e—13), “extracellular structure organization” (p = 6.73e—13), “external
encapsulating structure organization” (p = 7.37e—13), “connective tissue development” (p =
2.65e—08), and “ossification” (p = 1.79e—07) (Figure 3.1F). In NR, the top five were “nuclear
division” (p = 3.01e—14), “mitotic sister chromatid segregation” (p = 7.28e—14), “organelle
fission” (p = 3.51e—13), “nuclear chromosome segregation” (p = 4.96e—13), and “‘sister
chromatid segregation” (p = 5.24e—13) (Figure 3.1F). For fAD, “external encapsulating structure
organization” (p = 4.67e—12), “extracellular matrix organization” (p = 1.38e—11), “extracellular

structure organization” (p = 1.54e—11), “mesenchyme development” (p = 1.08e—08), and
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“regulation of nervous system development” (p = 1.36e—08) emerged as the top five (Figure

9% ¢

3.1F). The GO terms “external encapsulating structure organization,” “extracellular matrix
organization,” and “extracellular structure organization” were shared among these conditions
(Figure 3.1F). In summary, these analyses identified distinct top-ranked biological processes in
each condition, with three extracellular-related terms appearing across R, NR, and fAD.

To investigate whether identical or distinct subsets of genes contributed to the enrichment
of “external encapsulating structure organization” (GO:0045229), “extracellular matrix
organization” (GO:0030198), and “extracellular structure organization” (GO:0043062) in both R,
NR, and fAD, a silhouette-based clustering was performed on 49 genes mapping to these GO
terms. The silhouette analysis indicated an optimal partition of k = 2, yielding a first cluster with
28 genes and a second cluster with 21 genes. Cluster 1, comprising COL10A1, MMP7,
ADAMTSI, NDNF, C60RF15, and SMOCI1, showed elevated expression in NR compared to R
and fAD. Conversely, Cluster 2, which included MATN1, EGFL6, COL9A1, COL9A2, SMOC2,
GFAP, COL5A3, and ADAMTS19), was upregulated in the R and fAD lines but downregulated
in the NR lines. This partition allowed closer inspection of which genes drove the enrichment in
each line, providing insight into how both R, NR, and fAD can exhibit functional overlap in

extracellular organization pathways while displaying opposite overall correlations in gene

expression.

Integrated transcription factor and kinase activity analysis in hiPSC-derived astrocytes

To identify differences in TF activity across astrocytes from R, NR, and fAD patients
relative to HCs, we first determined the number of significantly active TFs in each comparison (p

< 0.05). A total of 212 TFs were detected in R vs. HC, 140 in NR vs. HC, and 117 in fAD vs. HC
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(Figure 3.2A). To determine which TFs were significantly active in each astrocyte line relative to
healthy controls, a three-way Venn diagram was generated (Figure 3.2A). This comparison
revealed the degree of overlap among TFs displaying significant activity (p < 0.05) in R vs. HC,
NR vs. HC, and fAD vs. HC, indicating both shared and unique TFs across conditions.
Intersection counts revealed 68 TFs in R vs. HC and NR vs. HC, 42 in R vs. HC and fAD vs.
HC, 28 in NR vs. HC and fAD vs. HC, and 17 in all three contrasts (Figure 3.2A). Overall, this

analysis demonstrated both distinct and intersecting TF activity profiles in each group.
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Figure 4.2. Integrated analysis of transcription factor and kinase activities in R, NR, and

fAD hiPSC-derived astrocytes. (A) A three-way Venn diagram illustrating overlap among
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significantly active transcription factors (TFs) identified in R vs. HC, NR vs. HC, and fAD vs.
HC (p <0.05). (B) A heatmap of TF activity z-scores (rows: R, NR, fAD; columns: TFs)
retained in all three contrasts (p < 0.05). Each row is clustered to highlight similar TF activity
profiles across conditions, with a diverging color palette indicating relative activation (red) or
deactivation (blue). (C-E) Bar plots showing the top ten kinases enriched in upregulated and
downregulated gene sets for R vs. HC (C), NR vs. HC (D), and fAD vs. HC (E). The bars
represent the odds ratio (OR). (F-G) UpSet plots displaying overlaps of significantly active
kinases (FDR < 0.05) in upregulated (F) and downregulated (G) sets across NR vs. HC, R vs.
HC, and fAD vs. HC. (H) A heatmap of kinases enriched in all three contrasts (NR vs. HC, R vs.
HC, fAD vs. HC). Kinases enriched in downregulated gene sets for a given comparison are

shown in blue, while kinases enriched in upregulated gene sets are shown in red.

To explore these TFs in more detail, we examined the 17 TFs common to all three
comparisons. Among these shared TFs, some showed mixed directions of association across R,
NR, and fAD, such as SP1 (—=11.090 in R vs. HC, 3.124 in NR vs. HC, and 2.573 in fAD vs. HC)
and TP53 (-3.561 in R vs. HC, 6.622 in NR vs. HC, and 2.754, in fAD vs. HC) (Figure 3.2B).
Examination of the highest overall TF scores per contrast indicated that NRG1 had the most
extreme value in R vs. HC (=2.106), TP53 in NR vs. HC (6.622), and AR in fAD vs. HC (4.888).
These results highlight a distinct distribution of TF activity in each group relative to healthy
controls.

To investigate potential kinase-driven regulation, we next identified kinases enriched in
upregulated and downregulated gene sets for each group (Figures 3.2C—E). In R vs. HC,

upregulated kinases were led by CAMKYV, CAMK2A, BRSK1, BRSK2, CAMK2B, TTBK1,
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MAPK10, MYO3B, PRKCG, and NTRK3, whereas downregulated kinases included DDR2,
TIE1, TEK, FLT4, FLT1, KDR, PDGFRA, MYLK, PDGFRB, and FGFR3 (Figure 3.2C). For
NR vs. HC, the top ten upregulated kinases included DDR2, ERBB3, CSF1R, FLT1, FGFR1,
PDGFRB, TEK, MET, MAP2K7, and MAPKY9, while the top ten downregulated kinases
included HASPIN, MASTL, TTK, CDC7, PKMYTI1, NEK2, AURKC, VRK1, BUB1B, and
BUBI (Figure 3.2D). For fAD vs. HC, the top ten upregulated kinases comprised DDR2,
PDGFRA, TIE1, FGFR3, ALPK2, TEK, FGFR2, PDGFRB, SBK1, and FLT4, while
downregulated kinases included LMTK3, WNK2, CAMKYV, AATK, PRKCG, BRSK2,
CAMK2B, TTBK1, CAMK2A, and KALRN (Figure 3.2E). These findings revealed distinct sets
of enriched kinases in each comparison.

To evaluate the overlap of significantly active kinases (FDR < 0.05) in up- and
downregulated gene sets, UpSet plots were generated for NR vs. HC, R vs. HC, and fAD vs. HC.
For upregulated kinases, 30 were detected in NR vs. HC, 13 in R vs. HC, and 111 in fAD vs. HC,
with pairwise intersections of one kinase between NR vs. HC and R vs. HC, 26 between NR vs.
HC and fAD vs. HC, six between R vs. HC and fAD vs. HC, and none were common to all three
(Figure 3.2F). Downregulated kinases numbered 113 in NR vs. HC, 66 in R vs. HC, and 52 in
fAD vs. HC, with 17 shared by NR vs. HC and R vs. HC, 24 by NR vs. HC, and fAD vs. HC, 17
by R vs. HC and fAD vs. HC, and seven shared among all three (Figure 3.2G). Finally, a
heatmap of overlapping kinases showed contrasting enrichment patterns, such as DDR2 having a
positive association (OR = 0.935) in NR vs. HC and (OR = 0.848) in fAD vs. HC but a negative
association (OR =-1.293) in R vs. HC (Figure 3.2H). Notably, the highest odds ratio per contrast
indicated that DDR2 was most strongly activated in NR vs. HC and fAD vs. HC, while TTBK 1

was most strongly inhibited in NR vs. HC, BRSK2 was most strongly activated in R vs. HC, and
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DDR2 was most strongly inhibited in R vs. HC (Figure 3.2H). Finally, several kinases exhibited
different directions of association across the three groups, including AKT1, AXL, BRSKI,
CAMKY, and FGFR3 (Figure 3.2H). Overall, these findings reveal both unique and overlapping

kinase enrichment patterns in NR, R, and fAD astrocytes.

LINCS-derived mechanisms of action and perturbagens in R, NR. and fAD hiPSC-derived

astrocytes

To analyze shared transcriptomic signatures among R, NR, and fAD hiPSC-derived
astrocytes, we used LINCS to identify overlapping mechanisms underlying MDD and AD. By
examining concordant MOAs and perturbagens that mimicked disease states, we identified key
molecular pathways driving astrocyte dysfunction in both disorders. This approach not only
elucidated common pathogenic mechanisms but also highlighted potential pharmacological
agents for modeling disease states and identifying therapeutic targets. Analysis of concordant
MOAs revealed HDAC inhibitors as the most frequently identified pharmacological class across
all disease groups (Fig. 3.3A). Other prominent concordant MOAs included mTOR inhibitors,
topoisomerase inhibitors, and HSP inhibitors. Notably, several neurotransmitter-related
mechanisms were identified, including potassium channel blockers, AChR agonists, and GluR
antagonists. Additional concordant MOAs included IGF-1 inhibitors, ATPase inhibitors, and
tubulin inhibitors. Examining specific perturbagens that mimic disease signatures, we identified
several compounds with distinct MOAs (Fig. 3.3B). Geldanamycin, an HSP inhibitor, displayed
the strongest concordance with the NR phenotype. AZD-8055, an MTOR inhibitor, showed the
highest overall similarity score among all concordant perturbagens, particularly in NR samples.

BMS-536924, an IGF-1 inhibitor, demonstrated notable concordance with NR and moderate
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effects in R and fAD samples. Elliptecine, a topoisomerase inhibitor, showed strong mimicry of

the NR phenotype (0.504). Tacedinaline, an HDAC inhibitor, exhibited consistent concordance

across all groups with a slightly higher effect in NR samples (0.387). Piplartine, a glutathione

transferase inhibitor, showed the strongest effect in NR samples (0.352). WZ3105, a CLK2

inhibitor, demonstrated relatively balanced concordance across all groups (R: 0.270, NR: 0.279,

fAD: 0.332). PG-9 CPD, an acetylcholine receptor agonist, had its strongest effect in fAD

samples (0.390). Plumbagin, an apoptosis stimulant, similarly showed the highest concordance

with fAD (0.350).
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Figure 4.3. LINCS-derived MOAs and perturbagens in R, NR, and fAD hiPSC-derived

astrocytes. (A) Top 10 MOAs most frequently associated with small molecules showing
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transcriptomic concordance with the DEG signatures of R, NR, and fAD compared to HC. Bar
lengths represent the frequency (count) of each MOA, with colors indicating the respective
groups. (B) Top 10 perturbagens most strongly concordant with the DEG signatures of R, NR,
and fAD astrocytes. Higher absolute similarity scores indicate greater concordance with disease
signatures, with colors corresponding to the groups. (C) Top 10 MOAs most frequently
associated with small molecules showing transcriptomic discordance with the DEG signatures of
R, NR, and fAD astrocytes. (D) Top 10 perturbagens most strongly discordant with the DEG
signatures of R, NR, and fAD astrocytes, based on similarity scores. All signatures were derived

using the LINCS database,

To identify pharmacological mechanisms and compounds that may counteract disease-
associated molecular changes in MDD and AD, we analyzed discordant MOAs and perturbagens,
those that reversed the transcriptomic signatures of R, NR, and fAD astrocytes. This approach
aimed to identify key pharmacological classes that oppose disease-associated astrocyte
dysfunction across these conditions. Analysis of discordant MOAs, which may represent
counteractive pharmacological strategies, identified dopamine receptor antagonists as the most
frequent in R samples (150 counts) but less represented in NR (26 counts) and fAD (9 counts)
(Fig. 3.3C). Other prominent discordant MOAs included VEGFR inhibitors (R: 141, NR: 111,
fAD: 10), 5-HT receptor antagonists (R: 131, NR: 44, fAD: 10), and PDGFR inhibitors (R: 121,
NR: 125, fAD: 11). Additional discordant MOAs encompassed FLT3 inhibitors (R: 112, NR: 83,
fAD: 9), CDK inhibitors (R: 106, NR: 78, fAD: 10), KIT inhibitors (R: 105, NR: 74, fAD: 7),
AR antagonists (R: 96, NR: 35, fAD: 5), PI3K inhibitors (R: 90, NR: 45, fAD: 16), and tubulin

inhibitors (R: 73, NR: 49, fAD: 4). For discordant perturbagens, which potentially counteract
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disease-associated molecular changes, several compounds with distinct MOAs were identified
(Fig. 3.3D). Saracatinib, a Src inhibitor, demonstrated the strongest effect in fAD samples
(similarity score 0.550). Mitoxantrone, a DNA topoisomerase II alpha inhibitor, also showed
substantial discordance with fAD (0.530). LY294002, with multiple MOAs including MTOR
inhibitor, DNA-dependent protein kinase inhibitor, phosphodiesterase inhibitor, and PLK
inhibitor, exhibited the highest overall discordance score in fAD samples (0.585). DRB, a casein
kinase inhibitor, similarly showed strong discordance with fAD (0.563). Amuvatinib, with
multiple tyrosine kinase-related MOAs (FLT3 inhibitor, KIT inhibitor, PDGFR tyrosine kinase
receptor inhibitor, RADS51 inhibitor, and RET tyrosine kinase inhibitor), had its strongest effect
in R samples (0.428). Olaparib, a PARP inhibitor, showed the greatest discordance with fAD
(0.526). Sorafenib, with multiple MOAs including FLT3 inhibitor, KIT inhibitor, PDGFR
tyrosine kinase receptor inhibitor, RAF inhibitor, RET tyrosine kinase inhibitor, and VEGFR
inhibitor, demonstrated strongest discordance with R samples (0.459). Tozasertib, an Aurora
kinase inhibitor with additional activities as a Bcr-Abl kinase inhibitor, FLT3 inhibitor, and JAK
inhibitor, showed the highest discordance with NR samples (0.444). Forskolin, an adenylyl
cyclase activator, displayed similar discordance across all groups with a slightly higher effect in
R samples (0.392). SB590885, an RAF inhibitor, showed the strongest discordance with R
samples (0.484). These findings highlight distinct pharmacological mechanisms and compounds
that were most strongly associated with the reversal of disease-associated transcriptomic

signatures in MDD and AD astrocytes.
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Discussion

The present study sought to elucidate both shared and condition-specific transcriptional
changes in hiPSC-derived astrocytes from R, NR, and fAD patients. By coupling differential
gene expression profiling with functional enrichment analyses, TF activity assessment, kinase
pathway exploration, and LINCS-derived pharmacological signature analysis, we identified
unique and overlapping molecular signatures within each group. In doing so, this work adds to
the growing literature emphasizing the pivotal contribution of astrocytes to the pathophysiology
of both neuropsychiatric and neurodegenerative disorders.

A key finding was the clustering of DEGs into distinct biological processes, many
reflecting critical astrocytic functions (Figure 3.1B). Chemotaxis-related clusters (Cluster 2)
were significantly enriched in NR astrocytes, while ECM and external encapsulating structure
organization genes (Cluster 6) showed substantial dysregulation predominantly in fAD astrocytes
and, to a lesser extent, in R astrocytes. Notably, cell cycle-related processes (Cluster 1) were
elevated prominently in fAD and R astrocytes, whereas leukocyte chemotaxis and immune
pathways (Cluster 5) exhibited enrichment predominantly in NR astrocytes.

The observed clustering of DEGs into processes such as chemotaxis, ECM organization,
cell cycle regulation, and leukocyte chemotaxis aligns with previous evidence linking these
pathways to MDD and AD. Prior studies have demonstrated that astrocytes play a central role in
neuroimmune signaling and ECM remodeling, both of which are critical components of the PNI
framework [474-476]. Moreover, astrocyte dysfunction in MDD has been linked to altered
neuroinflammatory responses and dysregulated chemotaxis that together may enhance
inflammatory cell recruitment and exacerbate depression-associated inflammation [171, 174,

197, 198]. In parallel, dysregulation of ECM components, including those involved in
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extracellular and external encapsulating structure organization, has been implicated in synaptic
dysfunction and neurodegeneration in AD [477-481]. Moreover, recent studies indicate that
astrocyte dysfunction, characterized by altered immune modulation and glial activation,
significantly contributes to neuroinflammation in both Alzheimer's disease and depressive

disorders [171, 202, 482, 483]. These converging lines of evidence expand upon the existing

literature by emphasizing that differential regulation of these pathways in astrocytes may
underlie distinct disease phenotypes in MDD and AD and further support the role of astrocytes as
key mediators in the interface between neural, immune, and ECM processes.

A notable extension of our findings comes from the overlap between our DEG lists and
previously identified causal mRNAs for psychiatric traits and 64 for neurodegenerative diseases
[484]. Several genes implicated in MDD and AD were also found in our analyses. Specifically,
among MDD-associated DEGs, BMP8B and MYRIP were present in the R vs. HC comparison;
ZNF804A, RASD2, HLA-DQBI1, and HLA-DQA1 were identified in the NR vs. HC dataset; and
HLA-DQBI, ZNF501, ARHGAP19, HIBADH, PRPH2, CDH6, and PCDH18 appeared in the
fAD vs. HC group. For AD-associated genes, three genes (ACOT1, PLCE1, and HNMT) were
observed in the fAD vs. HC DEGs. This overlap reinforces the notion that astrocyte-mediated
processes, including neuroimmune signaling and ECM remodeling, play a critical role in the
pathophysiology of both MDD and AD, and it expands upon existing literature by linking our
hiPSC-derived astrocyte model to causal molecular mechanisms identified across major
psychiatric and neurodegenerative disorders.

Evidence from previous studies supports the association of these DEGs with both MDD
and AD, particularly in the context of astrocyte function, psychoneuroimmunology, and ECM

remodeling. For example, in the R vs. HC comparison, BMP signaling is known to regulate
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astrocytic differentiation, ECM integrity, and neuroimmune communication, though BMP8B’s
specific role in astrocyte development remains to be fully elucidated [485-487]. In the NR vs.
HC dataset, the detection of HLA-DQB1 and HLA-DQA1, key immune signaling genes
implicated in autoimmune disorders [488, 489], reinforces the notion that aberrant immune
signaling and transcriptional dysregulation in astrocytes may contribute to the pathophysiology
of MDD. Among AD-associated DEGs, PLCE1 upregulation and HNMT’s role in histamine
degradation suggest that disruptions in phospholipid signaling and histamine metabolism may
affect neuroinflammation and astrocyte function in Alzheimer's disease [490, 491]. Together,
these findings extend the literature by linking causal mRNAs identified in large-scale genomic
studies [484] with distinct astrocyte-specific transcriptional profiles, thereby underscoring the
contribution of astrocyte-mediated ECM remodeling and immune regulation in both MDD and
AD.

Building on these DEG findings, our integrated analysis of TFs and kinases provided
additional insight into the regulatory mechanisms underlying these expression profiles. TFs such
as SP1, TP53, and STAT3 exhibited mixed or opposite directions of modulation across groups.
For instance, SP1 was markedly downregulated in R vs. HC (-~11.090) but upregulated in NR vs.
HC (3.124) and fAD vs. HC (2.573), while TP53 and STAT3 also showed similar divergent
patterns. The highest TF scores per contrast further underscored these differences, with NRG1
showing the most extreme value in R vs. HC, TP53 in NR vs. HC, and AR in fAD vs. HC. These
data suggest that astrocytes from MDD and AD patients engage distinct transcriptional programs
that may be linked to disease-specific alterations in neuroimmune and ECM-associated
pathways. Moreover, existing literature supports the involvement of these genes in MDD and AD

through multiple mechanisms. SP1 regulates the expression of genes involved in neuronal
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development, synaptic modulation, and inflammatory processes in astrocytes, influencing both

extracellular matrix organization and neuroinflammation [475, 492, 493]. TP53, primarily known
for its roles in cell cycle control and apoptosis, has been implicated in glial cell function,
neuroprotection, and the pathogenesis of neurodegenerative diseases such as Alzheimer's and
Parkinson's [494-496]. STAT3 plays a central role in cytokine signaling and astrocyte reactivity,
with studies demonstrating its activation in reactive astrocytes in models of Alzheimer's disease
and its involvement in regulating inflammatory processes that may contribute to both

neurodegenerative and mood disorders [394, 396, 497]. Notably, these associations are well

aligned with the PNI framework, which emphasizes the interplay between immune function,
neural processes, and extracellular matrix dynamics in disease.

Similarly, kinase analysis revealed that regulators, including DDR2, TTBK1, and
BRSK2, varied significantly in both their odds ratios and directionality between conditions.
DDR2, for example, exhibited a positive association in NR vs. HC (OR = 0.935) and fAD vs.
HC (OR = 0.848) but a negative association in R vs. HC (OR =—-1.293). Notably, the highest
odds ratios identified DDR2 as the most strongly activated kinase in NR and fAD astrocytes,
whereas TTBK 1 and BRSK2 emerged as prominent in NR and R, respectively. Notably, the
enrichment of inflammation-associated kinases in NR vs. HC astrocytes complements the
immunological signatures observed in the GO analyses, whereas ECM-related pathways and
associated kinases were particularly pronounced in fAD astrocytes. Such patterns may reflect
distinct astrocyte phenotypes or degrees of activation that help shape the divergent clinical
manifestations of MDD and AD. Moreover, these findings are consistent with existing literature
that underscores the role of astrocytes in neuroinflammatory processes and highlights the

contributions of disrupted signaling pathways to disease pathophysiology. DDR2 has been shown
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to play a critical role in ECM remodeling, cell migration, and proliferation. Recent research has
linked its dysregulation to several pathological conditions, including cancer metastasis, fibrosis,
and neurodegenerative diseases [498-501]. TTBK1 has been found to directly phosphorylate tau
at multiple AD-related sites, including Ser422, and its overexpression in transgenic mouse
models accelerates tau accumulation, neuroinflammation, and neurodegeneration, suggesting a
critical role in AD pathogenesis and potential involvement in astrocyte-mediated tau pathology
[502-504]. BRSK2, primarily known for its role in neuronal polarization and axonogenesis, has
been implicated in stress responses and synaptic function, with recent studies suggesting its
involvement in autism spectrum disorder and potential links to broader neurodevelopmental and
neurodegenerative processes [505, 506]. In summary, these differential kinase profiles
underscore the complex interplay between astrocyte-mediated ECM remodeling and
neuroinflammatory signaling in MDD and AD, reinforcing the potential for targeting these
pathways in future therapeutic strategies.

To further explore potential therapeutic targets and mechanisms relevant to these
conditions, we conducted a pharmacological profiling analysis using the LINCS database. This
analysis revealed both shared and condition-specific drug signatures that complement our gene
expression, TF, and kinase findings. Our LINCS-based analysis of concordant MOAs identified
HDAC inhibitors as the most frequently represented pharmacological class across all disease
groups, with strikingly higher representation in MDD conditions compared to fAD. This
predominance of epigenetic modulators suggests that chromatin remodeling may play a central
role in the pathophysiology of depression, especially in treatment-resistant phenotypes. The
strong concordance of mTOR inhibitors in the MDD groups compared to fAD aligns with

emerging evidence implicating altered mTOR signaling in mood disorders and antidepressant
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response mechanisms. The identification of neurotransmitter-related MOAs, including potassium
channel blockers, AChR agonists, and GIluR antagonists, further highlights the potential
involvement of synaptic dysregulation in these conditions.

Examination of specific concordant perturbagens revealed compounds with distinct
disease-specific signatures. Geldanamycin (HSP inhibitor) and AZD-8055 (mTOR inhibitor)
demonstrated particularly strong mimicry of the NR phenotype, whereas PG-9 CPD
(acetylcholine receptor agonist) and plumbagin (apoptosis stimulant) showed preferential
concordance with fAD signatures. These findings align with our pathway analyses showing
distinct patterns of immune regulation and cell cycle modulation between MDD and fAD
astrocytes, suggesting that targeted pharmacological intervention of these pathways might offer
condition-specific therapeutic approaches.

Perhaps most intriguingly, our analysis of discordant signatures, those that potentially
counteract disease-associated molecular changes, identified compounds with differential effects
across the three conditions. Several tyrosine kinase inhibitors with complex MOAs, including
sorafenib and amuvatinib (which inhibit FLT3, KIT, PDGFR, and other kinases), showed strong
discordance with R astrocytes. In contrast, saracatinib (Src inhibitor) and LY294002 (with
multiple MOAs, including mTOR and PI3K inhibition) demonstrated the greatest potential to
reverse fAD-specific signatures. The strong discordance of saracatinib with fAD aligns with
studies implicating Src kinases in tau hyperphosphorylation and neuroinflammation in AD, while
the identification of LY294002 as a potential counteractive agent for fAD supports the emerging
role of PI3K/mTOR signaling as a therapeutic target in neurodegenerative diseases. These
pharmacological profiles complement our kinase analyses, particularly the identification of

DDR?2 as significantly activated in both NR and fAD astrocytes but suppressed in R, highlighting
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potentially divergent therapeutic approaches for these conditions. For the MDD groups, the
strong discordance of sorafenib and SB590885 (both with RAF inhibitor activity) with R
signatures suggests a potential therapeutic avenue for SSRI-responsive depression, given the
emerging evidence linking RAF/MAPK signaling to stress responses and antidepressant
mechanisms.

Overall, our findings expand upon the existing literature by highlighting the astrocyte-
specific regulation of key transcription factors and kinases that mediate neuroimmune signaling
and ECM remodeling in MDD and AD. This integrated analysis not only underscores the
heterogeneity of astrocyte responses in these disorders but also suggests that distinct regulatory
networks may contribute to their pathogenesis. By providing a detailed molecular dissection of
these pathways, our study lays the groundwork for future investigations aimed at developing
astrocyte-targeted therapeutic interventions to modulate these complex signaling networks in
both neuropsychiatric and neurodegenerative disorders.

Several limitations warrant consideration. First, as in any in vitro model, hiPSC-derived
astrocytes might not fully capture the complexity of astrocyte behavior within the intact human
brain, including influences from other cell types and the broader CNS microenvironment.
Second, the sample size and specific genetic backgrounds of the donor lines could affect the
generalizability of the findings, given that epigenetic memory and aberrations in hiPSCs can
persist after reprogramming and influence differentiation potential [507-509]. Third, the
functional consequences of these gene expression and regulatory changes remain to be fully
elucidated. Future work could incorporate co-culture systems with neurons or microglia, as well
as targeted perturbations of candidate pathways, to clarify the mechanistic impact of these

transcriptional profiles on disease-relevant phenotypes.
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Looking ahead, these findings highlight several avenues for further investigation.
Comparative analyses between additional subtypes of depression and different AD variants might
reveal overlapping astrocyte-driven pathways common to a broader range of neuropsychiatric
and neurodegenerative disorders. Likewise, drug screening efforts that modulate specific TFs or
kinases of interest could shed light on novel therapeutic approaches, potentially leading to
interventions that more precisely target astrocyte-mediated processes. The identification of
condition-specific pharmacological signatures through our LINCS analysis provides valuable
candidates for such drug screening initiatives, particularly compounds like saracatinib and
LY?294002 for fAD and RAF inhibitors for SSRI-responsive depression. Validation of these
predicted therapeutic agents through functional assays would be a critical next step to confirm
their efficacy in modulating astrocyte-specific disease phenotypes. Moreover, elucidating how
progressive changes in astrocyte function correlate with disease onset or progression may also
provide new insights into the trajectory of MDD and AD. Together, these future directions
underscore the promise of targeting astrocyte-mediated pathways to enhance our understanding

and treatment of both MDD and AD.

Conclusions

In conclusion, our integrated transcriptomic, regulatory, and pharmacological analyses of
hiPSC-derived astrocytes from MDD and fAD patients reveal both shared and distinct molecular
signatures that underscore the central role of astrocyte-mediated neuroimmune signaling and
ECM remodeling in these disorders. The LINCS-derived perturbagen analysis further strengthens
these findings by identifying specific compounds and mechanisms that either mimic or

potentially counteract disease-specific molecular signatures, offering promising candidates for



117

therapeutic development. These findings not only expand upon existing literature by linking
astrocyte-specific transcriptional changes to causal molecular mechanisms but also highlight
potential therapeutic targets for modulating astrocyte function in neuropsychiatric and
neurodegenerative diseases. Future studies incorporating more complex cellular models,
functional validation of predicted therapeutic agents, and larger patient cohorts will be essential
to fully elucidate the mechanistic impact of these pathways on disease progression and treatment

outcomes.
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Chapter 5: Conclusions

Summary of key findings

Astrocytes, once regarded as mere support cells, are emerging as star regulators of
neurobiological processes that critically influence brain homeostasis and the pathogenesis of
neurological disorders. The studies herein systematically map astrocyte-specific molecular
alterations in MDD and AD, conditions that collectively affect over 27 million Americans.
Through an innovative integration of transcriptomic profiling, kinomic analysis, and
computational pharmacology, this work elucidates convergent and divergent astrocytic
mechanisms underlying these neuropsychiatric and neurodegenerative conditions. The findings
reveal a complex interplay between neuroinflammatory signaling and ECM remodeling that
modulates synaptic function and neuronal health, with significant implications for therapeutic

intervention.
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Figure 5.1 Distinct astrocyte states in SSRI-responders and non-responders. R and NR
astrocytes exhibit distinct molecular profiles in depression. R astrocytes maintain homeostatic
functions, including oxidative phosphorylation (HIF3A, NR1D1), synaptic support, and balanced
cell cycle regulation. NR astrocytes show stress-primed signatures with circadian dysregulation
(BMALI1, NPAS2), elevated inflammation (NF-kB, JUN, RELA), impaired trafficking, and ECM

remodeling (HSPG2, ITGBI).
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The first investigation profiled hiPSC-derived astrocytes from SSRI responders, non-
responders, and healthy controls to uncover the cellular basis of treatment resistance. RNA
sequencing identified distinct transcriptomic signatures in HC, R, and NR patient-derived
astrocytes, with significant alterations in immunomodulatory, ECM-regulatory, and cell cycle-
related gene expression (Figure 5.1). TF activity analysis revealed divergent regulatory networks
between R and NR astrocytes, with NR cells exhibiting pronounced activation of stress-response
pathways. Notably, coexpression network analysis demonstrated that R astrocytes upregulated
modules associated with antioxidant activity and proteostasis while downregulating ECM and
immune-related pathways. These contrasting molecular landscapes directly correlated with
treatment outcomes. The mechanistic significance of these findings was further validated through
isoform-specific analysis of XBP1, a stress-responsive transcription factor differentially
modulated in NR astrocytes. LINCS-based pharmacological profiling yielded compelling
evidence that FDA-approved antidepressants exhibit transcriptomic signatures opposing
pathological gene expression, specifically in R astrocytes. This pharmacogenomic approach also
identified novel therapeutic candidates for TRD, including compounds targeting kinase signaling
and inflammatory pathways. These results reinforce astrocytes as active mediators of

antidepressant efficacy through dynamic regulation of neuroinflammation and ECM remodeling.
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Figure 5.2 Transcriptomic and kinomic dysregulation in fAD astrocytes. Transcriptomic and
kinomic profiling reveals dysregulated pathways in fAD astrocytes. Key molecular drivers
include activated inflammatory transcription factors (MYC, STAT3, NF-xB) alongside
suppressed metabolic regulators (SREBF1, MLXIPL), with disrupted kinase signaling (DYRK,
MAPK, GSK, SRC) and JAK?2 as a central multiomic hub. A dual pathological phenotype
emerges: (1) upregulated immune/ECM remodeling (SERPINA3, IL6R, FN1, ACAN) and (2)

downregulated neuronal support genes (KCNA1, STMN2, GRIN1).

The second study employed an innovative multi-omic strategy to characterize molecular
dysfunction in fAD astrocytes. The gene expression analysis of fAD astrocytes showed clearly
different patterns compared to healthy control cells, particularly highlighting increased
expression of inflammation-related genes alongside reduced expression of genes critical for
supporting neuronal health and function (Figure 5.2). Integration with GWAS data validated the
clinical relevance of key dysregulated genes, demonstrating that patient-derived astrocytes
recapitulate the molecular signatures of patients with AD. Kinomic profiling revealed changed
phosphorylation patterns, especially within the DYRK, GSK, and MAPK families, while
network analysis identified STAT3, JAK2, and PI3K pathway components as key regulatory
nodes driving astrocyte dysfunction in Alzheimer's disease. This multi-modal approach enabled
the identification of therapeutic candidates, such as GSK-3f inhibitors, PI3K/Akt/mTOR kinase
inhibitors, and HDAC inhibitors, capable of reversing pathological astrocyte phenotypes.
Together, these findings highlight how astrocyte dysfunction drives neurodegeneration through

dysregulated inflammatory signaling and compromised neuronal support mechanisms.
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Figure 5.3 Shared Molecular Dysregulation in NR and fAD Astrocytes. Shared molecular
dysregulation in NR and fAD astrocytes includes 115 concordantly altered genes, prominently
VIP (most downregulated), alongside disrupted cell division, metabolism, and
neuroinflammatory signaling. Key kinase pathways (GSK3B, MAPK 14, AKT1) and master
regulators (FOXM1, SUZ12) were identified. Therapeutic candidates include FDA-approved
baricitinib (JAK1/2 inhibitor), preclinical GSK-3f inhibitors (SB-216763, kenpaullone), CAPE

(NF-xB/LOX inhibitor), and PI3K/mTOR inhibitors (AS-605240, Torin-2).
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The third study employed cross-condition comparative analyses to delineate shared and
distinct astrocyte pathways in MDD and fAD. This systematic analysis identified distinct
molecular signatures associated with each condition, with NR astrocytes showing pronounced
alterations in chemotaxis-related pathways and fAD astrocytes exhibiting significant
dysregulation of ECM components (Figure 5.3). Importantly, several gene clusters, particularly
those involved in "external encapsulating structure organization" and "extracellular structure
organization," showed consistent disruption across all conditions, establishing a molecular bridge
between neuropsychiatric and neurodegenerative disorders. The study further validated
previously reported overlapping MDD-AD risk genes, including HLA-DQB1 and ZNF804A,
within the context of astrocyte biology. Computational pharmacology identified both concordant
and discordant drug mechanisms across conditions. HDAC and mTOR inhibitors emerged as the
primary pharmacological signatures in MDD models, whereas fAD signatures were associated
with acetylcholine receptor modulation. This distinct pharmacological profiling highlighted
potential therapeutic approaches that target shared biological vulnerabilities while addressing
condition-specific molecular changes.

Collectively, these studies strengthen the evidence for astrocytes as critical
immunomodulatory cells in both MDD and fAD pathogenesis. The observed upregulation of
chemotaxis-related genes in MDD non-responders parallels the broader inflammatory profile in
fAD astrocytes, while ECM dysregulation emerges as a shared pathology. The integration of
transcriptomics, kinomics, and computational pharmacology provides a robust foundation for
precision psychiatry approaches targeting astrocyte-specific molecular mechanisms. By

highlighting the active immunoregulatory role of astrocytes in both MDD and AD, these findings
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offer promising avenues for therapeutic improvements across both neuropsychiatric and

neurodegenerative disorders.

Mechanistic insights into astrocyte dysfunction in MDD and AD

These studies reveal neuroinflammatory dysregulation as a fundamental mechanism
connecting MDD and AD at the astrocyte level. Our transcriptomic analyses identified
significant enrichment of immune signaling and chemotaxis-related pathways, particularly in
SSRI-nonresponder astrocytes compared to healthy controls. Gene ontology analysis specifically
highlighted terms such as "chemotaxis" (GO:0006935), "cell chemotaxis" (GO:0060326), and
"leukocyte migration" (GO:0050900) in NR astrocytes, indicating their enhanced capacity for
immune cell recruitment. Similarly, fAD astrocytes exhibited pronounced upregulation of
inflammatory mediators, including SERPINA3, IL7R, IL6R, and TNFRSF11A, establishing a
molecular basis for astrocyte-driven neuroinflammation in AD pathology. The identification of
these shared inflammatory signatures across distinct neuropsychiatric and neurodegenerative
conditions provides novel insight into their convergent pathophysiological mechanisms,
suggesting potential for common therapeutic approaches targeting neuroinflammation.

Parallel to inflammation, ECM remodeling represents another critical shared pathway.
Our findings demonstrate that ECM remodeling represents another critical astrocyte-mediated
pathway disrupted in both disorders. Gene ontology enrichment analysis identified "extracellular
matrix organization" (GO:0030198), "extracellular structure organization" (G0O:0043062), and
"external encapsulating structure organization" (G0O:0045229) as significantly enriched terms
across both conditions, though with differential expression patterns. In fAD astrocytes, we

observed pronounced upregulation of ECM-related genes and pathways, while R astrocytes
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showed downregulation of these same pathways compared to healthy controls. Notably,
hierarchical cluster analysis revealed that a gene cluster linked to "extracellular matrix
organization" was upregulated in NR vs. HC, with an even stronger increase observed in NR vs.
R comparison. The silhouette-based clustering of genes mapped to these ECM-related GO terms
identified two distinct clusters with divergent expression patterns between R, NR, and fAD lines,
further supporting condition-specific ECM dysregulation despite shared pathway involvement.

Our transcription factor and kinase analyses revealed both convergent and divergent
regulatory mechanisms across disorders. We identified SP1, TP53, and STAT3 as transcription
factors showing complex activity patterns that differed between patient groups. For example,
SP1 was significantly downregulated in R compared to HC but upregulated in NR and fAD
patients relative to HC. Our analyses suggest the presence of condition-specific master
regulators, including NRG1, which exhibited heightened activity in R compared to HC, TP53 in
NR versus HC, and AR in fAD versus HC. These regulators may play pivotal roles in shaping
the distinct transcriptional programs associated with each condition, though further investigation
is needed to fully elucidate their contributions. Kinase profiling further supported condition-
specific regulation, with DDR2 displaying positive associations in both NR and fAD astrocytes
but a negative association in R astrocytes.

Despite shared mechanisms, our analyses identified notable disease-specific signatures.
NR astrocytes exhibited enrichment in immune signaling pathways, whereas R astrocytes
displayed upregulation of antioxidant activity and proteostasis-related modules. In contrast, fAD
astrocytes uniquely upregulated genes associated with ECM organization and cell cycle-related
processes. The identification of specific gene expression patterns, such as HLA-DQB1 and HLA-

DQALT1 alterations in MDD and PLCE1 and HNMT upregulation in AD, further illustrates how
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astrocytes develop disease-specific molecular profiles despite sharing certain pathological
mechanisms. Correlation analyses yielded the unexpected finding that SSRI-responder astrocytes
show a positive correlation with fAD gene expression patterns, while non-responder astrocytes
show a negative correlation with fAD patterns. This suggests that the transcriptional relationship
between depression and Alzheimer's disease is more complex than previously understood and is
significantly influenced by antidepressant responsiveness. These shared and distinct molecular
signatures not only advance our understanding of astrocyte biology in brain disorders but also

identify specific targets for therapeutic intervention tailored to different clinical scenarios.

Therapeutic implications and drug repurposing opportunities

The LINCS platform analysis revealed promising therapeutic candidates by identifying
small molecules capable of reversing pathological astrocyte signatures in both depression and
neurodegeneration. For AD, fluticasone propionate (a glucocorticoid with known anti-
inflammatory properties), Akt inhibitors VIII and IV, and the PI3KYy inhibitor AS-605240
emerged as leading candidates with the potential to mitigate neuroinflammation and ECM
disruption. For TRD, computational analyses identified monoamine oxidase inhibitors, including
tranylcypromine and phenelzine, as compounds that specifically counteract pathological
transcriptomic signatures in NR astrocytes. These findings suggest that broader-spectrum
monoamine modulation may be necessary to ameliorate the distinct astrocyte-driven disturbances
in TRD cases. MOA analysis identified HDAC inhibitors as the most prominent class of
concordant perturbagens across disease groups, with a particularly strong representation in R and
NR astrocytes. This suggests epigenetic mechanisms similar to those affected by HDAC

inhibition may be involved in the underlying pathophysiology of depression, potentially
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contributing to the transcriptomic alterations observed in these conditions. Additionally, mTOR
inhibitors emerged as significant concordant mechanisms of action, highlighting the
PI3K/Akt/mTOR signaling axis as a critical therapeutic target spanning both disorders.

These findings support a shift in psychiatric and neurodegenerative drug discovery,
encouraging exploration beyond neuron-centric approaches to include strategies that incorporate
astrocyte-targeted interventions. Traditional treatment paradigms have overlooked critical glial
contributions to disease pathophysiology, potentially explaining the limited efficacy of many
current therapies. By showing that patient-specific astrocyte models can recapitulate key disease
phenotypes and respond to potential therapeutics in predictable ways, this work suggests
astrocytes may be important targets for next-generation interventions. The hiPSC platform offers
a particularly powerful avenue toward precision psychiatry by enabling patient-specific drug
screening at the cellular level. This approach could significantly reduce the trial-and-error
prescribing that characterizes current depression treatment, especially for TRD patients.
Pharmacogenetic and phenotypic screenings using patient-derived astrocytes could be used to
refine therapeutic selection, potentially improving treatment efficacy while reducing adverse
effects and treatment delays.

The shared involvement of astrocyte-mediated neuroinflammatory processes in both
MDD and AD highlights promising prospects for combinatorial therapeutic approaches. For
treatment-resistant depression, pairing conventional antidepressants with immune-modulating
agents could yield synergistic benefits, particularly for patients with elevated inflammatory
biomarkers. Recent studies have shown that targeting specific chemokine pathways, including
those involving CCL2 and CXCL10, may disrupt the self-perpetuating inflammatory cycles that

contribute to both depression and neurodegeneration. For Alzheimer's disease, targeting CXCR3



129

signaling (the receptor for CXCL10) represents a promising approach, with recent research
demonstrating that CXCR3 deficiency reduces AP plaques and rescues memory deficits in mouse
models [510]. Similarly, interventions targeting the NLRP3 inflammasome pathway may address
the neurotoxic astrocyte activation seen in both conditions.

The identification of specific molecular hubs within signaling networks offers
particularly promising drug targets. The transcription factor STAT3 emerged as a central govenor
of astrocyte-driven inflammatory responses across both disorders. By interfering with STAT3-
driven cytokine production, it may be possible to interrupt the inflammatory positive feedback
loops in both depression and neurodegeneration. Similarly, disconnecting PI3K/Akt signaling
and downstream effectors could mitigate multiple aspects of disease pathology. Kinomic
profiling identified several kinase families, such as DYRK, GSK, and MAPK, as playing critical
roles in neuroinflammatory and tau phosphorylation processes. These insights suggest that multi-
target kinase inhibitors could address multiple disease mechanisms simultaneously. Particularly
promising is the convergence of multiple lines of evidence on the PI3K/Akt/mTOR axis as a

mediator of both neuroinflammation and ECM remodeling across disorders.

Comparative analysis with existing literature

The results of these studies align with established literature that positions astrocytes as

active mediators rather than passive observers in the brain pathophysiology [191, 448, 511, 512].

The identification of astrocyte-driven chemotactic and inflammatory alterations corroborates
previous observations on cytokine and chemokine signaling in both psychiatric and

neurodegenerative contexts [197, 206, 394, 513, 514]. ECM-related changes observed in AD

astrocytes similarly complement existing studies demonstrating how disrupted matrix dynamics
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and glial remodeling contribute to synaptic dysfunction in neurodegeneration [515-518]. While
building upon previous work, these studies introduce several distinctive advances. The LINCS-
based computational drug repurposing approach represents a significant methodological
innovation compared to earlier studies. Unlike conventional computational methods that broadly
identify repurposable compounds, our signature-matching strategy specifically distinguishes
between concordant signatures that mimic disease states and discordant signatures with
therapeutic potential while also providing condition-specific resolution across responders, non-
responders, and fAD patients. This differentiated approach enables more precise therapeutic
targeting than previous work, which typically applied broader computational methods without
distinguishing treatment response subtypes. For example, while prior literature has noted
epigenetic and metabolic dysregulation in depression, our analysis uniquely quantifies the
differential representation of HDAC and mTOR inhibitors between responder and non-responder
phenotypes. Similarly, our identification of PG-9 CPD (an acetylcholine receptor agonist) as a
highly concordant small molecule mimetic, specifically in fAD astrocytes, provides mechanistic
specificity beyond previous reports of general acetylcholine involvement in AD pathology.
Together, these advances refine our understanding of astrocytic disease mechanisms and
highlight novel therapeutic opportunities.

Perhaps most significantly, this work moves beyond the common practice of broadly
categorizing astrocyte dysfunction across various conditions. Instead, we highlight subtype-
specific astrocyte responses associated with therapeutic outcomes in MDD, providing a detailed
perspective that has been previously neglected. The discovery that TFs such as HIF3A and
KLF17 are distinctly modulated in R vs. NR opens novel avenues for investigating the molecular

mechanisms of antidepressant response. Our kinase profiling results add crucial specificity to
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previous reports broadly implicating certain pathways in MDD and AD [519-527]. While prior
literature has identified general kinase dysregulation in these disorders, this work uniquely
delineates differential activity of individual kinases contingent upon clinical responsiveness. The
finding that DDR2 displays opposing activity patterns between responders and non-responders
exemplifies how kinase function can vary dramatically across clinical phenotypes, providing
potential targets for precise therapeutic development. The comparative transcriptomic analysis
across MDD and fAD astrocytes revealed shared dysregulations of specific immune-related
genes (BMP8B, MYRIP, ZNF804A) that had not been previously examined in an astrocyte-
specific context [528, 529]. This finding places astrocytes at the intersection of
psychoneuroimmune interactions central to both disorders, a perspective that has been
underexplored in prior research. By introducing these novel astrocyte-specific insights and
therapeutic candidates while building upon established knowledge, these studies advance the
conversation on precision psychiatry and neurology. It offers actionable insights grounded in
rigorous comparative analyses that could transform our approach to treating both depression and

neurodegeneration through targeted modulation of astrocyte function.

Limitations of the current research

While powerful, our hiPSC-derived astrocyte approach faces several important
limitations that warrant acknowledgment. The simplified nature of these in vitro models
enhances experimental control by reducing biological complexity, particularly through
streamlined cellular interactions compared to those in the intact brain. /n vivo, astrocytes
dynamically interact with neurons, microglia, oligodendrocytes, and vascular cells.

Consequently, this reduced cellular diversity may obscure pathological mechanisms that emerge
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only within the complete neural ecosystem. Additionally, technical variables associated with
differentiation protocols may influence our results. These protocols can generate astrocyte
populations with varying degrees of heterogeneity and maturation, potentially influencing the
expression of certain phenotypes. Prior studies indicate that distinct differentiation methods yield

astrocytes with diverse transcriptional profiles and functional characteristics [457, 530, 531].

Moreover, epigenetic memory and aberrations in hiPSCs that persist after reprogramming may
influence cellular phenotypes independently of the disease-related genetic factors under
investigation.

Our sample sizes capture only a fraction of the genetic and phenotypic diversity present
in clinical populations. This limited representation is particularly significant given the
heterogeneous nature of both MDD and AD, which likely comprise multiple biological subtypes
with distinct underlying mechanisms. Expanded cohorts incorporating greater demographic and
genetic diversity would strengthen the generalizability of our findings. Furthermore, our cross-
sectional experimental design provides only a static snapshot of astrocyte dysfunction, limiting
our ability to track the progression of cellular pathology over time. This approach cannot fully
capture the developmental trajectory of astrocyte dysfunction or the dynamic changes that occur
during disease evolution and treatment response. Additionally, these models cannot adequately
replicate the aging process, a significant limitation for AD research, where age-related factors
such as cellular senescence and accumulated oxidative damage play critical roles in disease
progression. Finally, the computational identification of therapeutic candidates through LINCS-
based approaches requires extensive validation before clinical application. While our in silico
analyses suggest promising compounds for repurposing, their efficacy, optimal dosing, and

safety profiles remain unconfirmed without rigorous preclinical testing and carefully designed
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clinical trials. The transition from cellular phenotypes to complex behavioral and cognitive
outcomes involves numerous biological levels that our models cannot address in isolation.
Overcoming these limitations will be crucial to fully harnessing the potential of hiPSC-derived
astrocytes in enhancing our understanding of brain disorders and improving therapeutic

strategies.

Future directions for astrocyte-centric research

These studies establish astrocytes as critical mediators in both MDD and AD
pathophysiology, opening several promising avenues for future investigation and clinical
translation. To overcome monoculture limitations, advanced co-culture platforms and three-
dimensional organoid models incorporating neurons, astrocytes, and microglia could better
replicate the neuroimmune signaling networks identified in our transcriptomic analyses.
Additionally, longitudinal experimental designs with extended culture periods and induced aging
protocols are essential for tracking astrocyte dysfunction evolution and understanding the
progressive nature of treatment resistance in depression and neurodegeneration in AD.

The promising therapeutic candidates identified through our LINCS analyses, such as
HDAC inhibitors and selective kinase inhibitors, require systematic in vivo validation. Animal
models of depression and AD could test these compounds, with multi-modal assessments
incorporating behavioral, electrophysiological, and molecular readouts. Combinatorial
approaches, such as pairing conventional antidepressants with astrocyte-specific anti-
inflammatory agents or combining amyloid-targeting therapies with compounds that restore
astrocyte homeostatic functions, could yield synergistic benefits. By exploring these

interconnected research avenues, the field can leverage this integrated understanding to deepen
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our knowledge of astrocyte biology in brain disorders and drive the development of more

effective therapies for depression and neurodegeneration.

Concluding remarks

These studies shift our understanding of astrocytes in brain disorders by positioning them
as active participants rather than passive observers in the pathological processes underlying both
MDD and AD. Through comprehensive molecular profiling of patient-derived astrocytes, we
have identified evidence suggesting astrocyte-driven processes may link neuropsychiatric and
neurodegenerative conditions. Dysregulated neuroimmune signaling, ECM remodeling, and
stress-response pathways appear to converge across these disorders, highlighting astrocytes as
potential contributors to common pathological mechanisms affecting millions of individuals. Our
multi-omics approach has identified both shared and distinct astrocyte signatures across patient
groups, highlighting common pathways such as chemokine signaling and ECM alterations, as
well as distinct transcription factor networks and kinase activity patterns in SSRI responders,
non-responders, and Alzheimer's patients. These findings offer valuable insights into condition-
specific disease mechanisms and support the development of targeted therapeutics addressing
astrocyte dysfunction. Our LINCS-based analyses identified promising therapeutic candidates:
GSK-3p inhibitors (kenpaullone, indirubin) for non-responder astrocytes, Akt inhibitors for
familial Alzheimer’s disease, and novel PI3K/Akt/mTOR kinase and HDAC inhibitors effective
across all disease groups, supporting combinatorial approaches. These findings highlight the
need for precision strategies targeting astrocyte-specific inflammatory and ECM remodeling
pathways, tailored to each condition’s molecular landscape. This work marks a significant shift

from neuron-centric strategies to recognizing astrocytes as key players that warrant direct
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therapeutic targeting. By developing patient-derived cellular platforms for drug discovery,
functional validation, and mechanistic studies, we aim to bridge fundamental astrocyte biology
with clinical applications. As the field progresses, the ability to target astrocyte-specific
pathways opens new opportunities to create more effective, personalized treatments for

depression and neurodegeneration.
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