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Director’s Message

In its essence, BIG Summer is about providing undergraduate students with the opportunity to
experience what it means to be a scientist.

Today’s most exciting advances in biomedical and life sciences happen at the intersection of biology,
computation, and data sciences. BIG Summer gives students the opportunity to explore this
interdisciplinary world through hands-on research, interactive skills development, and close
mentorship from UCLA faculty and researchers. Along the way, students develop not only technical
skills, but also the ability to ask meaningful questions, work through challenges, communicate their
findings, and think like scientists.

BIG Summer is about more than research skills. It is an opportunity for students to discover where
their interests and talents can take them. Through mentorship and professional development,
students begin to identify their goals and learn how to take the next steps toward graduate school
and careers in science.

The abstracts and posters in this booklet represent the culmination of eight weeks of curiosity, hard
work, and discovery. Each project reflects a student’s contribution to the research community and
the beginning of a journey that we hope will continue long beyond this summer.

Congratulations to the 2026 BIG Summer cohort on all that you have accomplished ! And a BIG
Thank you to the mentors - the faculty, postdocs and graduate students - whose commitment and
generosity make this program possible. Together they reflect the values of BIG Summer and UCLA as
a whole.

Alexander Hoffmann
Director, Institute for Quantitative and Computational Biosciences
UCLA
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Understanding Cell-type Specific Changes in Alzheimer’s Disease
Methylome

AVANI ATHAVALE?L, Cuining Liu%4, Zofia Lok3, Nasser Elhajjaoui?,
Rosa Nguyen?, Min Jen Tsai?, Zachary Von Behren?, Yi Zhang?,
Daniel Lee>, Xiangdong William Yang>, Chongyuan Luo?

1 BIG Summer Program, Institute for Quantitative and
Computational Biosciences, UCLA

2 Department of Human Genetics, David Geffen School of
Medicine, UCLA

3 Computational and Systems Biology, UCLA

4 Bioinformatics Interdepartmental Graduate Program, UCLA

> Department of Psychiatry and Biobehavioral Sciences, David
Geffen School of Medicine, UCLA

Alzheimer’s disease (AD) is a progressive neurodegenerative
disease affecting millions of older adults. However, the
relationship between cell-type specific DNA methylation and
regulatory mechanisms implicated in AD is unclear. To better
understand this, we used a knock-in mouse model that contains
the familial human SAA mutations on the amyloid precursor
protein (APP) and analyzed methylomic data generated by single
nucleus methylcytosine and transcriptome sequencing (snmCT-
seq). We sought to understand cell-type specific Alzheimer’s
signatures exhibited by cells in the entorhinal cortex, identifying
differentially methylated regions (DMRs) that overlap with
transcription factor binding motifs and gene bodies for each cell
type. Our results implicate previously-found motifs, nominate new
ones, and indicate cell-type specificity in the methylation profile of
Alzheimer’s disease. In the future, by combining this analysis with
the transcriptomic profiles of the sampled cells, we will better
understand the epigenetics and gene expression landscape of
Alzheimer’s disease.
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Understanding Cell-type Specific Changes in
Alzheimer’s Disease Methylome

AVANI ATHAVALE', Cuining Liu**, Zofia Lok® Nasser Elhajjaoui’, Rosa Nguyen?, Min Jen Tsai?, Zachary Von Behren?, Yi Zhang?, Daniel Lee’, Xiangdong William Yang®, Chongyuan Luo?

1 BIG Summer Program, Institute for Quantitative and Computational Biosciences, UCLA; 2 Department of Human Genetics, David Geffen Sch Medicine, UCL. Computational and Systems Biology, UCLA; 4
Bioinformatics Interdepartmental Graduate Program, UCLA; 5 Department of y and Biobehavioral Sciences, David Geffen School of Medicine, UCLA

Abstract

Alzheimer’s disease (AD) is a progressive neurodegenerative disease affecting millions of older adults. However, the relationship between cell-type specific DNA methylation and regulatory mechanisms implicated
in AD is unclear. To better understand this, we used a knock-in mouse model that contains the familial human SAA mutations on the amyloid precursor protein (APP) and analyzed methylomic data generated by
single nucleus methylcytosine and transcriptome sequencing (snmCT-seq). We sought to understand cell-type specific Alzheimer’s signatures exhibited by cells in the entorhinal cortex, identifying differentially
methylated regions (DMRs) that overlap with transcription factor binding motifs and gene bodies for each cell type. Our results implicate previously-found motifs, nominate new ones, and indicate cell-type
specificity in the methylation profile of Alzheimer’s disease. In the future, by combining this analysis with the transcriptomic profiles of the sampled cells, we will better understand the epigenetics and gene
expression landscape of Alzheimer’s disease.
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o Alzheimer’s disease (AD) affects the brain through
accumulation of amyloid beta plaques and
neurofibrillary tau tangles

e APPS knock-in mouse model introduces a
combination of six mutations in the amyloid
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We identified transcription factor binding motifs that overlap with de novo
diagnosis-based DMRs, some of which are linked with neuronal
development, memory, and synaptogenesis.

Discussion Future Steps

Acknowledgements: Thank you to
collaborators from the Luo lab and Yang lab
for guidance on the progress of this project.

o Our findings indicate that different cell types exhibit unique characteristics in their Further validate and explore biological significance of TF motifs

methylome in Alzheimer’s disease Investigate the overlz?p of DMRs with genes ) ) This work was supported by the National
o Alack of correlation between diagnosis based DMRs and nuclei count per cell type Analyze age-based differentially methylated regions to understand signatures Institute on Aging of the National Institutes
indicates that different cell types are presenting distinct signatures characteristic of nmjmﬂl EETSIUREEES of Health under project U01AG076804.
o Differential methylation in binding sites of TFs relevant to neuronal Integrate methylomic and transcriptomic data . . . Thank you to the BIG Summer Program and
activity/learning/memory suggests that methylation is a valuable insight into how Integrate all age groups to understand how AD pathophysiology intersects with the UCLA URC-Sciences Summer Program
Alzheimer’s affects these processes aging process for supporting this work.
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Behavioral Signatures of Repeated Mild Traumatic Brain

Injury: Classifying Injured and Sham Mice from Odor-Reversal
Reward Learning

ISHYA BAHL!, BEN DEWEY?, Azad Azargushasb?, Sam Vander
Dussen?, Neil G. Harris3

1BIG Summer Program, Institute for Quantitative and
Computational Biosciences, UCLA

2 UCLA Brain Injury Research Center, Department of
Neurosurgery, DGSOM, UCLA

3 Intellectual Development and Disabilities Research Center,
UCLA

Repeat mild traumatic brain injury (rmTBI) is associated with
executive deficits such as impaired inhibitory control and
cognitive flexibility. However, the primary behavioral deficit is
not fundamentally understood. This project determines
whether a mouse is sham or injured using models trained on
behavioral inputs during an odor reversal in a probabilistic
go/no-go paradigm. 26 mice (13 injured, 13 sham), which
previously reached a learned association, were monitored over
seven reversal-learning days. Features across specific task
periods, like lick rate, velocity, and accuracy, were used to train
various classifiers with cross-validation. Using behavioral data
alone, most models could not classify sham versus injured mice
above 80% accuracy although some models demonstrated a
high area under the curve. Analyzing corresponding functional
ultrasound imaging (fUSi) data can help identify the
compensatory mechanisms in the brain that allow the injured
mice to perform nearly the same.
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Repeat mild traumatic brain injury (rmTBI) is associated with executive « All classifiers failed to exceed 80% accuracy on behavior alone, indicating that
deficits such as impaired inhibitory control and cognitive flexibility. However, injured mice perform this task closely enough to shams that trial-level behavior
the primary i deficitis not This project carries limited discriminative signal.
Rodent models confirm these deficits on reversal-learning tasks, but rely on group- determines whether a mouse is sham or injured using models trained on The high AUC in some models despite modest accuracy suggests the separating
level summary measures (percent correct, trials to criterion) that show injured behavioral inputs during an odor reversal in a probabilistic go/no-go information is real but weakly expressed, likely concentrated in a subset of
animals differ without identifying the primary deficit. paradigm. 26 mice (13 injured, 13 sham), which previously reached a learned animals, task periods, or reversal days rather than distributed across the full
Injured mice often reach Lp despite iati o "'ie’ek i e :"le’ :evf" Y tl 1 d"iﬂg days. Features | glataset. ot .

. - across specific task periods, like lick rate, velocity, and accuracy, were use er inthe face o injury points to

. that averaged behavlor cannoteaptura; to train various classifiers with ion. Using behavioral data alone, fon: ingthe ing fUS! data will et whether injured
Trial-level features segmented by task period retain information those summaries most models could not classify sham versus injured mice above 80% mice recruit additional or alternative circuitry to sustain it.
discard, so we ask whether a classifier can recover injury status from behavior accuracy although some models demonstrated a high area under the curve. Next steps: identify which features and task periods drive the models that do
alone, and use concurrent fUSi to ask what the brain is doing when behavior looks imaging (fUSi) data can help separate the groups, examine whether classification improves on early reversal
intact. lde"“lfv the compensatory mechanisms in the brain that allow the injured days when flexibility demands peak, and evaluate whether adding fUSi features is
mice to perform nearly the same. more capable of delineating between the two groups

* Repeat mild traumatic brain injury (rmTBI) produces lasting executive deficits, most,
consistently in inhibitory control and cognitive flexibility.
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Effects of TGF-B/FGF/WNT Signaling on Human Germ Cell
Specification

ZENYA BIANY2, Mark Larsen?>, and Amander Clark?

1B.1.G. Summer Program, Institute for Quantitative and
Computational Biosciences, UCLA.

2Department of Molecular, Cell and Developmental Biology,
UCLA.

3Molecular Biology Institute, UCLA.

4Eli and Edythe Broad Center for Regenerative Medicine and
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The germline is the only cell lineage capable of giving rise to
egg and sperm cells, but mechanisms driving germline
specification in the human embryo remain poorly understood
due to technical and ethical limitations. Lineage specification
of primordial germ cells (PGCs)—the precursor population to
eggs and sperm—has been established to be reliant on
multiple signaling pathways, including Transforming Growth
Factor Beta (TGF-B), Fibroblast Growth Factor (FGF), and WNT
signaling. However, the specific interactions between these
signaling pathways and their downstream roles in PGC
specification remain unresolved. Here, we leveraged a
simplified in vitro PGC specification model to robustly specify
PGCs and other early embryonic cell lineages. By perturbing
the timing and concentration of growth factors, we have
demonstrated through single-cell RNA sequencing that
specific changes to TGF-B, FGF, and WNT signaling can bias
specification towards PGCs, amnion, or mesoderm fates.
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Single-Cell Reanalysis of Immune Responses to
Teplizumab in Type 1 Diabetes

KILEY CHEN?Y 2, Maureen Su? 3

1BIG Summer Program, Institute for Quantitative and
Computational Biosciences, UCLA

2 Department of Microbiology, Immunology, and
Molecular Genetics, UCLA

3 Department of Pediatrics, UCLA

Teplizumab delays progression from stage 2 to stage 3
type 1 diabetes. However, its long-term effects on
immune cell populations remain incompletely
understood. We reanalyzed peripheral blood
mononuclear single-cell RNA-sequencing data from 14
participants in the TrialNet TN10 study who received
teplizumab or placebo. Samples were collected at
baseline, 3 months, and 18 months and were
integrated at each time point. Cluster identities were
assigned by referencing cluster-specific genes with
canonical markers. T cells were further subsetted and
reintegrated for higher resolution characterization.
Comparative analyses across treatment groups and
time points are ongoing. This reanalysis aims to refine
T-cell subtype identification and characterize immune
states associated with the long-term response to
teplizumab.
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Type 1 diabetes (T1D) results from immune-mediated &
destruction of pancreatic B cells, with autoreactive T cells .
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The inner membrane complex (IMC) in apicomplexan parasites is a
conserved membrane-cytoskeletal system beneath the plasma
membrane that modulates parasite replication and motility. In
Toxoplasma gondii, the IMC includes fourteen intermediate filament-like
proteins called alveolins which are characterized by a conserved alveolin
domain and play roles in reinforcing the organelle and assisting in
daughter cell assembly. Here we identify two alveolin subcomplexes:
IMC7 and IMC12 form an interdependent complex exclusive to maternal
parasites, while IMC3, IMC6, and IMC10 form a complex enriched in the
daughter IMC. Utilizing CRISPR/Cas9 gene knockout and pairwise yeast-
two-hybrid (Y2H) assays, we demonstrate direct binding between IMC7
and IMC12. Previous work indicated IMC3 and IMC6 interact via their
alveolin domains; our Y2H analysis further reveals an interaction
between IMC10 and both IMC3 and IMC6. AlphaFold 3 prediction
suggests that the alveolins utilize beta sheets formed via the alveolin
domain for interaction and filament formation. Surprisingly however,
truncation studies of IMC10 show that the minimal functional region
surprisingly lies outside the alveolin domain in the C-terminus of the
protein, which includes a conserved valine-rich region that appears to
be sufficient for tethering to the IMC and function. In addition, the
alveolin domain of IMC10 alone cannot target properly to the IMC.
These findings make IMC10 the first alveolin to function without its
alveolin domain. While the IMC7-IMC12 complex supports the model of
alveolin domain interactions and filament formation, evidence from
IMC10’s C-terminal binding suggests the presence of uncharacterized
protein features required for SPN localization and filament assembly.
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| BACKGROUND RESULTS

Toxoplasma gondii is an important human pathogen

UCLA

IMC7 and IMC12 are interdependent for localization through direct interaction
BIMC7

Aimc7 Aimc12

IMC7 IMC8
A) T. gondii :s a protozoan psrssue from the phylum ApAcomplexs, wmch includes olher s:gnmcsnl psthogens such as
Ci and with

/
. spp. (malaria). I
some countries having a prevalence > 60% \‘ / s
B) Toxoplasmosis is a chronic disease that can cause severe and ially fatal illness in il i - =
and neonates. Congenitally-infected infants often suffer from hydrocephaly (left), intellectual disability, and seizures. IMC12 IMC6 Merge |
Immunocompromised individuals, such as AIDS or organ transplant patients, often present with chorioretinitis (center) D Permissive Media — /W Restrictive Media — L/W/H
and encephalitis (right).
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The Inner Membrane Complex is a scaffold for endodyogeny
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A) IFA of Aimc7 and Aimc12 parasites. Aimc7 results in cytoplasmlc IMC12. Aime12 results in cytoplasmlc IMC7 with spots anterior of the nucleus.
— — = \ —| — B) AlphaFold3 prediction of IMC7 and IMC12. Green highlights the alveolin domain. The black and red arrows indicate N-terminus and C-terminus.
C) Diagram of pairwise Yeast 2-Hybrid (Y2H) workflow. Interaction of the bait and prey results in growth on restrictive media (-L/W/H).

D) Pairwise Y2H assays assessing the interaction between IMC7 and IMC12. IMC7 and IMC12 directly interact.

IMC3, IMC6 form a subcomplex, but IMC10 has not been characterized
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the maternal parasite with the daughter IMC. Nuclear division takes place after the daughter IMC formation. The maternal

IMC is degraded as daughters mature and adopt the maternal plasma membrane. The C-terminal beta sheet of IMC10 is necessary for binding and localization
B) Tr ission EM of i gondii, the daughter IMC is highlighted with white arrows.
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C) Transmission EM showing the apical end of T. gondii. The periphery of the parasite visible in this image shows the inner IMC10comp

membrane complex (IMC) and plasma membrane (PM).
D) Diagram showing that the IMC consists of two distinct layers, the IMC membfane, which is composed of a series of Alveolin °
flattened vesicles, and the IMC network, which is of an t-like family of proteins called Domain
alveolins. A series of 22 microtubules underlies the IMC and provides support for the organelle. IMC10 IMC10®™  IMC6
E) Transmission EM of a detergent extracted parasite “ghost” showing the IMC network and microtubules. IMC 10 (A2-240)
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Macrophages, the sentinel immune cell, epigenetically encode
memory of previous encounters through coordinated transcription
factor (TF) activation, which reprograms the epigenome and
dictates responses against secondary stimuli. B-glucan, a fungal
derivative, has been shown to program enhanced responses to
secondary stimuli in macrophages. However, the TFs regulating the
B-Glucan-induced epigenomic state are unknown. To identify
candidate TFs, we first found chromatin regions with altered
accessibility post-B-glucan stimulation using existing Assay for
Transposase-Accessible Chromatin using sequencing (ATAC-seq)
data. We identified 1604 regions with significantly increased
accessibility during B-glucan treatment, of which 1264 regions
remain differentially accessible 6 days after treatment. We use TF
motif analysis to find enriched TF motifs in these regions with
sustained reprogramming in order to reveal the putative regulatory
logic behind B-Glucan-induced memory. Our findings contribute to
the greater understanding of the exact mechanism of epigenetic
reprogramming induced by B-glucan treatment.
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Abstract

Macrophages, the sentinel immune cell,
epigenetically encode memory of previous
encounters through coordinated
transcription factor (TF) activation, which
reprograms the epigenome and dictates
responses against secondary stimuli.
B-glucan, a fungal derivative, has been
shown to program enhanced responses to
secondary  stimuli in macrophages.
However, the TFs regulating the
B-glucan-induced epigenomic state are
unknown. Here we identify enriched TF
motifs in  regions  with  sustained
reprogramming in order to reveal the
putative regulatory logic behind
B-glucan-induced memory.
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What is Known vs.
Unknown

Known:

o Macrophages are multi-functional
leukocytes of the innate immune system
that encode epigenetic memory of prior
stimuli.

Epigenetic encoding entails the
stimulus-prompted coordination of
transcription factor activation impacting
the accessibility of chromatin (i.e.
memory) through histone modification.
B-glucan training exhibits increased
inflammatory defenses against secondary
stimuli

Unknown:

e What transcription factor binding sites
remain open (inhabited by factors) during
the encoding of P-glucan trained
memory?

e What transcription factors are involved in
memory encoding?

B-glucan-induced innate immune memory
Kara Connolly', Tanya Ivanov?, Stefanie Brizuela?, Quen Cheng®

of California, Los Angeles, Biology

Los Angeles, *Department of Division of Disease, | of California, Los Angeles

Methods

Innate immunity memory model

o a2 To identify candidate TFs, we used edgeR to analyze chromatin

accessibility from Assay for Transposase Accessible Chromatin
(ATAC) sequencing data. By sorting based off of differentially
expressed peaks through significant log fold change values (LFC
> 2), we were then able to use HOMER to identify enriched
motifs. All data sets were from Novakovic et al. 2016.

Program, University of California,

Di ion

Transient

lity analysis of treatment response peaks. A) Heatmap of 5,235 regions with significantly
increased accessibility compared to monocytes (identified with a logFC >2). Distinct trends in chromatin accessibility reveal
1,760 peaks unique to B-glucan treatment (BG cluster), 1,748 peaks unique to no treatment (RPMI cluster), and 1,727 peaks
shared between both groups. Each cluster is k-means clustered. B) Of the 5,235 regions, 3,682 regions clustered were
‘transient’, or had a LFC < 2 on day 6, while 1,553 regions held ‘memory’ of B-glucan treatment (LFC > 2 on day 6). Regions in
the transient cluster show increase in accessibility early time points, but return toward baseline and memory-associated
regions exhibit sustained or enhanced accessibility at later time points (d6 most significantly). The increasing accessibility
observed in the memory-associated cluster suggests persistent chromatin remodeling following B-glucan exposure.

Sequence Logo
CAQ,\T as
_ol6MTe

T >

. CAQAT ~-

Figure 3. Analysis of enriched TF motifs from B-glucan treatment. BG-specific and RPMI-specific peaks exhibit distinct
enriched sequence motifs, suggesting that different transcriptional regulators may contribute to the condition-specific chromatin
accessibility patterns. Hypoxia-response element (HRE) was noted as a commonality between both clusters. B) Sequence logos
of transcription factor motifs within the ‘memory’-associated chromatin accessibility cluster identified in B-glucan ATAC seq. The
presence of HRE, PU.1, and EGR motifs suggests that these transcription factors may contribute to the persistent chromatin
remodeling associated with B-glucan induced innate immune memory.
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e In B-glucan treated samples, there was
retained openness of peaks through day
1 and day 6. It can be observed in the
clusters that there was minimal overlap in
peaks maintained after 6 days across
both RPMI and B-glucan treatment.

The HRE motif was found in activated
peaks for both RPMI and B-glucan 1 and
6 days after treatment. This indicates
potential  contribution to  memory
formation.

Transient genes with partial presence
show closing after 6 days, whereas
memory associated peaks are opened.
From this we are able to illustrate the
dynamism of peaks associated with
memory.

Future Directions

Our current data reflects chromatin
accessibility, but does not show how this
accessibility affects gene expression.
Future analysis will include pairing this
ATAC analysis with a matching RNA-seq
dataset.

To confirm candidate TFs identified
through motif analysis, conducting
western blot analysis on the identified
regulatory, inflammatory, and potential
memory-inducing TF factors could
confirm their presence and role in
memory formation.
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Electrocardiogram (ECG) denoising methods must suppress
baseline wander and structured noise without distorting
waveform morphology. However, classical ECG denoising
methods, despite being fast, stable, and easy to deploy, cannot
easily adapt to the diverse morphology and interference
patterns across records. We present 02, a compact anchor-
conditioned residual diffusion denoiser for electrocardiogram
windows. O2 learns a residual correction around an infinite
impulse response (lIR) filter anchor rather than a full noisy-to-
clean transformation. The neural model uses no manual timing
annotations, no QRS/P/T labels, no beat-boundary labels, and
no record identity as inputs. Our results show that compact
anchor-conditioned  residual diffusion can improve
electrocardiogram window denoising accuracy, harm rate, and
tail behavior on the DeepFilter/DeScoD benchmark without
requiring annotation-derived inference features.
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Introduction

ECG)
electrode-motion interference, muscle noise, and other nructuted dslurbances.
Denoising must therefore reduce error while preserving the P wave, QRS complex,
and T wave, rather than smoothing them away.
We present 02, a compact IIR-anchored residual denoliser trained by conditional
flow matching. A fixed IR filter supplies a stable anchor, while a convolutional ve-
locity network estimates the remaining normalized clean-signal correction.
* No beat detector or annotation-derived model input at inference
* One 345,409-parameter model serves both corruption sets
* Regular-grid overlap-add defines a longer-record extension
+ The compact design may facilitate future portable implementation

I. Denoising pipeline: noisy window to clean recording

Noisy ECG window  n «

samples.

Fixed preprocessing
1IR anchor A(y). robust scale Aly), and conditioning C'y)

l
[ Three nitol states
I

0, z,3nd —=

Shared conditional velocity CNN.
one forward-Euler step from each state
T

Weighted residual estimate
welghts 1/2, 1/4,and 1/4

[ Fixnd DCT tail caliration J
scale modes O, Tby A = 073
v
Dencised window or longer record
regular-grid tapered overlip-add

Figure 1. 02 pipeline. Fixed operations are green; the learned velocity network is
teal. The model interface requires. Y

Il. Random-variable model

On a fixed probability space (12, F,P), let (X, V) : 2 < R* x R" be a paired clean~
noisy training window with n = 512, The variables T and Z satisfy £(T) = Unif[0, 1]
and £(Z) = N,(0,,071,) and are mutually independent of (X, V). The maps A
R" <+ R A R" - (0,00),and € : R* —» R"* are respectively the fixed IIR anchor,
robust scale, and conditioning map.

Riw) =
By(w) = (1 - t)Z(w) + tR(w),
Tanl®) = B [(Br.C0Y),T) - (R~ 2]}

@ parameterizes the CNN vy : R* x R“™" x [0, 1] - R"; ¢" is obtained by regularized
L-BFGS refinement of 1,905 output-head scalars after AdamW training.
1Il. Three-state estimator at inference
1=Z(w
Pdy) = ve(0,C(y),0),
Paly,w) = £2 + ve(£2,C(y),0),
_ A w) = 1wy + 5y w) + - (n )
X%(y,w) = D AaxsD{Aly) + Ay) Ky, w)}.

The three it
mal DCT-Hl matrbc; Ay scales modes 0,
unchanged. AdamW training uses 30,

Ipoint estimates. D it
7 by 0.73 and leaves all other modes
atet and 128 vindow sl Dotches.

02: lIR-Anchored Flow Matching for ECG Denoising
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Figure 2. Record-level uncertainty and tail behavior. Paired 95% record-cluster intervals use 20,000 replicates of 14 ECG records. All

three point differences favor O2; the p99 interval excludes zero, whereas the mean and p95 intervals include zero. Lower PRDN is better.
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(without refinement
of calibration)
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Mean clean-centered PRDN

Figure 4, Pooled mean clean-centered PRDN. The plot compares 02
configurations, every public DeScoD shot setting. and deterministic filtering.
over 26,632 matched conditions. Lower is better.

Principal findings

* Against public five-shot DeScoD, all nine pooled point estimates favored
02; the same ordering held within both corruption sets

* 02 attained mean/median/p95/p99 PRDN of 34.05/31.02/63.76/85.25
versus 36.23/32.62/67.08/92.76

* The head-refined base model had lower record-mean PRDN than
five-shot DeScoD on 10 of 14 records (Holm-adjusted p = 0.0148) and
than each of five additional leamed baselines on all 14 records

* One O2 model has 345,409 parameters, 17.9% of one DeScoD model,
and receives no annotation-derived input at inference

Scope and Umitations

* Development-selected DCT calibration lowers p95 and p99 PRDN but
raises mean PRDN relative to uncalibrated 02
tests use derived, 512-sam|
windows from 14 ECG records; arbitrary-phase continuous recordings
remain to be evaluated
* The reported implementation is buffered and noncausal; real-time
and portable-device performance have not been measured

to either denoiser’s output or error, Deployed O2 has lower clean-centered PRON in every displayed case.

Source code and reproduction instructions:
bttps://github.con/1sbouchard/02
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Behavioral Signatures of Repeated Mild Traumatic Brain
Injury: Classifying Injured and Sham Mice from Odor-Reversal
Reward Learning
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Repeat mild traumatic brain injury (rmTBI) is associated with
executive deficits such as impaired inhibitory control and
cognitive flexibility. However, the primary behavioral deficit is
not fundamentally understood. This project determines
whether a mouse is sham or injured using models trained on
behavioral inputs during an odor reversal in a probabilistic
go/no-go paradigm. 26 mice (13 injured, 13 sham), which
previously reached a learned association, were monitored over
seven reversal-learning days. Features across specific task
periods, like lick rate, velocity, and accuracy, were used to train
various classifiers with cross-validation. Using behavioral data
alone, most models could not classify sham versus injured
mice above 80% accuracy although some models
demonstrated a high area under the curve. Analyzing
corresponding functional ultrasound imaging (fUSi) data can
help identify the compensatory mechanisms in the brain that
allow the injured mice to perform nearly the same.
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Background

Repeat mild traumatic brain injury (rmTBI) produces lasting executive deficits, most
consistently in inhibitory control and cognitive flexibility.

Rodent models confirm these deficits on reversal-learning tasks, but rely on group-
level summary measures (percent correct, trials to criterion) that show injured
animals differ without identifying the pnmary deficit.

Injured mice often reach despite

that averaged behavior cannot capture.
Trial-level features segmented by task period retain information those summaries
discard, so we ask whether a classifier can recover injury status from behavior
alone, and use concurrent fUSi to ask what the brain is doing when behavior looks
intact.

Repeat mild traumatic brain injury (rmTBI) is associated with executive
deficits such as impaired inhibitory control and cognitive flexibility. However,
the primary i deficit is not This project

determines whether a mouse is sham or injured using models trained on
behavioral inputs during an odor reversal in a probabilistic go/no-go
paradugm 26 mice (13 injured, 13 sham), which previously reached a learned
were i over seven l-learning days. Features
across specific task penods, like lick rate, velocnty, and accuracy, were used
to train various with Using data alone,

most models could not classify sham versus injured mice above 80%

accuracy although some mcdels demonstrated a high area under the curve.
lyzing cor imaging (fUSi) data can help
identify the compensatory mechanisms in the brain that allow the injured
mice to perform nearly the same.

Discussion / Future Works

« All classifiers failed to exceed 80% accuracy on behavior alone, indicating that
injured mice perform this task closely enough to shams that trial-level behavior
carries limited discriminative signal.

The high AUC in some models despite modest accuracy suggests the separating
information is real but weakly expressed, likely concentrated in a subset of
animals, task periods, or reversal days rather than distributed across the full
dataset.
Near-normal per

inthe face of injury points to
the ing fUSi data will test whether injured
mice recruit additional or alternative circuitry to sustain it.
Next steps: identify which features and task periods drive the models that do
separate the groups, examine whether classification improves on early reversal
days when flexibility demands peak, and evaluate whether adding fUSi features is

more capable of delineating between the two groups
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Figure 1: Each bar is the best of 96 model combinations that day (4 trial types x 6 time windows x 4 algorithms), which
were reduced to 15 principal components. The box marks the single best model overall with a 0.82 AUC and 0.67
accuracy: Day 2 correct-reject (TN) using average lick rate in the odor + anticipatory window classified with a linear SVM.

When in the Session Each Component's Signal Appears

PC2 — injured - EARLY triats carry th spit

5

PC5 = Injured + LATE trials carry the split

Best CV accuracy per day b

Figure 4: This analyzes which trials produce
the most signal for the three best predictors
(PC2, PC5, and PCY). PC2's weights are
positive across the early trials and negative
across the late trials, meaning it

the mice
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Figure 2: This shows the best model’s decision
boundary in a 2D space using the 2 PCs that drive the
model the most, hence contributing the most to its
final decision.

3

SVM-linear weight on the PC

Which Components Drive the Prediction

W+ weight - toward Inj
M - weight - toward Shm

10.66
40,48 +0.48

;;33 os:

-0.88

PC1 P2 PC3 RC4
51% 8% % 6%
principal component

PC5 PC6 PC7 PCB PCY PCLO PCLL PCL2 PCI3 PC14 PCIS
S% A% % 3% 3% 2% 2% 2% 2% 1%

(below each: % of variance it carries)

Figure 3: The bars show the amount of weight the model puts on each PC. The highlighted
bars are the best predictors (highest weights of the PCs carrying a significant threshold of
variance explained.
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Deep-learning protein structure prediction using multi-
assay deep mutational scanning
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1BIG Summer Program, Institute for Quantitative and
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Recent advances in protein structure prediction achieve high
accuracy but rely primarily on evolutionary sequence
information. Deep mutational scanning (DMS) provides
complementary experimental data by measuring how
mutations affect protein function and structure. DMS-Fold
showed that incorporating folding stability improves
structure prediction, but it is unclear whether this approach
generalizes to other types of DMS assays. We investigated
whether DMS-Fold remains effective when applied to
experimental protein fitness scores from the Human
Domainome 1 library and simulated fitness scores generated
with ESM1v and ProteinMPNN. We assessed model
performance by comparing predicted structures to
experimental structures using RMSD and TM-score metrics.
DMS-Fold improved structure prediction accuracy over
AlphaFold2 for 77% of proteins using experimental fitness
data and 74% using simulated fitness data. These findings
demonstrate that DMS-Fold successfully leverage fitness-
based measurements, expanding the applicability of DMS-
guided structure prediction and highlighting the potential of
integrating diverse experimental data types into protein
modeling.
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Background Human Domainome 1 Fitness Simulated Fitness

DMs-Fold integrates AAG deep mutational scanning data into DMS-Fold burial metrics are similarly correlated with ESM-1V derived fitness score improves protein structure
AlphaFold2 to improve structure prediction accuracy AAG and HD1 fitness scores prediction for 65% of proteins

s

MAKVLTLGRTLS

AD vs. AAG Correlations b NC vs. AAG Correlations - " .
2 ) ° Sequence log-likelihood ratios
Structure [ « % o M?KVLTLGRTLS from evolutionary language
Module o models ESM-1v were used as a
o $ 03 03 computational proxy for fitness
= E 5 R? E R? = scores.
"
' - » ESM1V vs OpenFoid Th-score
o Recycling » W
VUKKYIianstv\erVW((A oo DEKRHNQSTAV ILMFYWCG P oo
T i o
Fitness 032
AD vs. Fitness Correlations NCvs. Fitness Correlations 8 o
i R~ o 203
o s 3
& g b
= 8 » !
(514 Eo g i -
g » g 5
o = i
AN g " ! = . _ = %
Zp s oo % B % 75 we ws B s I
o o
T Thscor-a *%o 02 0 os o8 ProteinMPNN derived fitness scores improves protein
PE, e DMS-Fold TM-Scores e & eeEeE o) ¥
structure prediction for 87% of proteins
Orake, 2., Day, EH, Toth, PD. etal. i ing. Nat 16, 6874 2025).
Pt o 10 16381457 m caers ProteinMPNN amino acid sequence from 3d backbone log-probability
Use of fitness data in DMS-Fold improves protein structure differences were used as a computational proxy for fitness scores.
Human Dnmalnnme 1 (HD1) quantifies fitness via abundance ] ¥
, S prediction for 77% of proteins Fitness Score = log P(Mutant | Structure) — log P(WT | Structure)
protein fi assay deep
DOMsFold (HD1) vs Openfold RMSD OMSFold (HD1) | vs Openfold TM-score ProteinMPNN vs OpenFold RMSD __ ProteinMPNN vs OpenFold TM-score

10 al D o8
aPCA ; » 1 P 10 5

DH F THV .
Unstable M 4
protein .; —_ f"" 2 es
‘,‘1- Cell A 4

variant o8

2 ,
growth @ B % = = % s
THE 2 23 i, i+ z
HF i, s £ s 0ef
Stable ‘7\? ' & 8%, 2 2L £
protein =% . ¢ s 5 s
variant s . 4 °
. . 0 . 02 =
2
2
i 2 o1
. Variant,; WT, & °
Fitness =log | —— ) —log | —— of 4 o o 35 T 75 ®o ©5 B0 b | ——
Variantg WT,o G o:  oe ) moceairan G a3 9+ o6 @1 1o
% T S we s wo ousrold -
Beliran, A, Jiang, X, Shen, Y. ot al. " 500 human Nture 637, 885-894 (2025).

hitps:/idoi org/10.1038/s41586-024-08370-4



Lipika Goel

Computational
Biology -
UCLA

Expected year
of graduation
June 2028

Student: Lipika Goel
Faculty Advisor: Aaron Meyer
Direct Mentor: Joseph Schirle

Department: Bioengineering
https://asmlab.org/

Building a dynamical systems model to predict cellular response
to genetic perturbation
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A fundamental question in systems biology is how a cell
responds dynamically to stimuli, warranting the development of
virtual cell models that predict cellular state across contexts. In
particular, modeling the genetic response to cell perturbation
potentially provides insight into disease and therapeutic
mechanisms. We adapt Cellbox, an interpretable machine
learning model for perturbation biology, for the purpose of
building a virtual cell. By inferring regulatory interactions
between genes, the model predicts the change in individual
genes’ expression resulting from a single-gene knockdown. We
find that when inferring interactions between genes, the model
matches or improves training loss over a baseline model with no
gene interactions, highlighting its ability to learn biologically
relevant interactions. However, model performance varies
greatly when predicting the genetic response to unseen
perturbations, indicating room for improvement in the
generalizability of the interactions it learns.
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Abstract

A fundamental question in systems biology is how a cell responds dynamically
to stimuli, warranting the development of virtual cell models that predict cellular
state across contexts. In particular, modeling the genetic response to cell
perturbation potentially provides insight into disease and therapeutic mechanisms.
We adapt Cellbox, an interpretable machine learning model for perturbation
biology, for the purpose of building a virtual cell. By inferring regulatory
interactions between genes, the model predicts the change in individual genes’
expression resulting from a single-gene knockdown. We find that when inferring
interactions between genes, the model matches or improves training loss over a
baseline model with no gene interactions, highlighting its ability to leam
biologically relevant interactions. However, model performance varies greatly when
predicting the genetic response to unseen perturbations, indicating room for
imp in the i ity of the interactions it learns.

Virtual cells dynamically model cell state, predicting
how a cell will respond to certain stimuli or contexts.
We are using a virtual cell model to predict genetic
changes in response to gene perturbation.
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control state after knockdown

The Cellbox model (Yuan et al.) infers intracellular
molecular interactions to predict a molecular or
phenotypic response to cell perturbation. We adapt this,
using gene interactions to predict the change in gene
expression following a single-gene knockdown.
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Cell expression values come from a single-cell perturbation-sequencing dataset of human
embryonic stem cells. CRISPR-i was used to knock down specific target genes before measurement.

University of California, Los Angeles

Cellbox Model Equation
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gene interaction matrix perturbation vector
expression change
Caused by perturbation

max expression vector $cales perturbation
term between -1and 1

Training Loop

Initialize W, €, a (or update with
gradients from last iteration)

Solve for steady state after
perturbation (where dx/dt = 0)

Compare predicted and actual
expression change

Forall10
perturbations

Calculate gradients for a specific
perturbation §
1

I
Calculate regularized training loss
across perturbations

For 200 training iterations

Average gradients across training
perturbations

With learned parameters, predict
test perturbation response/loss

Jackkni

9tra

fing (Leave-One-Out)

3 perturbat

gove | {gene } { gene | { gene | { geme § { gone | { gene | { gone | { gene }{ gene

How is the model doing on average across this set of genes? How
much does each training perturbation affect inferred interactions?
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MRNA decay rate

Without Regularization
Interactions
are different
across folds,
especially for
unseen target.
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Regularization with A1=0.1and 22 = 0.5 seem to result in the best performance.
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Discussion

Cellbox can learn meaningful interactions, at least at a small scale.

Future directions: Testing model at bigger scales, using prior
information about the gene regulatory network to constrain W.
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Generative Design of Condensate-Forming IDR Sequences via
Diffusion Modeling Layered with Oracle-Guided Finetuning
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Biomolecular condensates formed via liquid-liquid phase
separation play critical roles in cellular organization, yet
designing intrinsically disordered region (IDR) sequences with
targeted condensate-forming properties remains challenging
due to the poorly understood mapping between sequence and
phase behavior. This project explores whether generative
models can reliably construct IDR sequences with desired
condensate formation and expression characteristics. Our
approach uses a neural network fusion classifier, integrating
Protein Language Model (PLM) embeddings with biophysical
features, as a reward signal guiding two separate fine-tuning
extensions of an Order-agnostic Autoregressive Diffusion
Model (OADM): Relative Trajectory Balance (RTB) and Direct
Reward bAcKpropagation with gumbEIl Softmax trick (DRAKES).
Candidates are filtered by expression intensity, disorder
propensity via IUPred3, and ensemble-based predictive
uncertainty to prioritize diverse, under-explored sequence
space. This framework lays groundwork for computationally
guided condensate design, with planned active learning cycles
feeding validated candidates back into training data to refine
the oracle models.
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Abstract
Biomolecular condensates formed via liquid-liquid phase
separation play critical roles in cellular organization, yet designing
intrinsically disordered region (IDR) sequences with targeted
condensate-forming properties remains challenging due to the
poorly understood mapping between sequence and phase
behavior. This project explores whether generative models can
reliably construct IDR sequences with desired condensate
formation and expression characteristics. Our approach uses a
neural network fusion classifier, integrating Protein Language
Model (PLM) embeddings with biophysical features, as a reward
signal guiding two separate fine-tuning extensions of an Order-
agnostic Autoregressive Diffusion Model (OADM): Relative
Trajectory Balance (RTB) and Direct Reward bAcKpropagation
with gumbEl Softmax trick (DRAKES). Candidates are filtered by
expression intensity, disorder propensity via IUPred3, and

d predictive inty to prioritize diverse, under-
explored sequence space. This framework lays groundwork for
computationally guided condensate design, with planned active
learning cycles feeding validated candidates back into training data
to refine the oracle models.

Introduction

Building on CondenSeq, a high-throughput dataset of 14,622
experimentally characterized intrinsically disordered region (IDR)
sequences, this project develops a generative pipeline, pairing an
order-agnostic diffusion model with oracle-guided fine-tuning to
design forming IDR

Mutval irformation Scors
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Figure 1: ted by Justered

Materials
The 14,622 CondenSeq IDR sequences are represented in two ways:
2 105-f space and a SeqVe ing space.

DR sequence

Methodology

Mutual information and Spearman correlation ranked all 105
features (Fig. 1); charge properties (isoelectric point, NCPR, charge
ratio) ranked highest, matching CondenSeq's charge-driven
condensate finding.

An intermediate-fusion network (Fig. 2) combines feature and
branches via on to classify

formation, trained on CondenSeq's binary label; SeqVec achieved

0.877 accuracy.

featuro
sacnp s
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embodding
branch M

branches are
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An 8-model Conformalized Quantile Regression (CQR) ensemble
predicts calibrated lower-bound intensity, prioritizing specificity
over point-estimate regression to filter candidates unlikely to
express wellin cels (recall 69.4%, specificity 88.1%).

An order-agnostic diffusion model (OADM), trained via masked-
token prediction on 14,622 sequences, generates the baseline
distribution guided methods build from. At each step, a random
subset of positions is masked and the model minimizes the loss
function (shown below) to recover the true residue from context;
at generation time, this fill-in-the-blank process repeats, revealing
one position at a time until the sequence is complete.

Loapar = —log Py(x{™ | Tmaskea)

Three steering strategies compared (Fig. 3): Monte Carlo Best-of-N
(oversample, select by score); relative trajectory balance (RTB)
fine-tunes OADM toward a distribution-anchored, reward-
reshaped target), and Direct Reward bAcKpropagation with
gumbEl Softmax (DRAKES) backpropagates with differentiable
discrete sampling, relying on a proxy of the oracle and KL-

in feature categories.

Results
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Conclusion

- Generated sequences from all four design strategies occupy the
same region of both feature space and embedding space as real
high-scoring CondenSeq sequences (Fig. 4).

- RTB meaningfully optimizes for condensate formation, with the
density of sequences within the generated set predicted to form
condensates being significantly higher than that of OADM
(57.6% vs. 44.3%, a 1.30x increase). The distribution of DRAKES
sequences does not improve meaningfully in that regard (Fig. 3).

- RTB s also shown to generate novel sequences that are
predicted to be likely to form condensates by the oracle at a
much higher rate than that of base OADM and DRAKES (Fig. 7)

Novel Sequences That Score Highly, by Design Model
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o ) B @ B
5% of Novel Sequences with Oracle Score > 0.3
i

esign model excluding Monte Carlo Best-of-N.

Future Directions

1. The primary intended use of these generated sequences is to
feed top-scoring novel candidates into wet-lab experimentation
to be iteratively added to the original training datasets and
analyze the effects on existing prediction models.

2. The immediate next step is to implement a reward signal
representing novelty, either by optimizing for further distance
from sequences in CondenSeq or by steering towards
sequences the oracle model predicts on with higher uncertainty.

3. Investigate the specific principal components where generated
sequences stilldiverge from real Condenseq sequences, even
within the high-scoring subset, to determine whether this
reflects a real biological gap or a generation-model limitation."
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Comparison of metagenome-derived bacterial growth
rate and bacteriophage lifestyles across environments
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Viral infection shapes bacterial communities from the
human gut to the open ocean. Viruses can lyse cells after
infection or persist chronically. Here, we test whether
bacterial growth proxies scale with viral lifestyle across
environments by integrating metagenomic assembly of
previously published libraries, MAG reconstruction, viral
contig lifestyle classification, and growth rate inference
using Peak-to-Trough (PTT) and Codon Usage Bias (CUB)
methods. These growth proxies use the ratio of origin-
adjacent reads to non-adjacent reads (PTT) or of tRNA
genes to the codons that require them in the MAG (CUB)
as measures of proliferation. Viral lifestyle is predicted
through hallmark genes and genomic signatures. We have
implemented this pipeline on a preliminary human gut
sample set and are extending it to soil and marine
datasets. This framework will enable comparison of
bacterial proliferation and bacteriophage lifestyle across
diverse environments and address bacterial growth as a
driver of viral outcomes.
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Abstract Methods
Viral infection shapes bacterial communities from the human gut to o e L e

the open ocean. Viruses can lyse cells after infection or persist

: ; 5 1
chronically. Here, we test whether bacterial growth proxies scale
with viral lifestyle across environments by integrating metagenomic

assembly of previously published libraries, MAG reconstruction,
viral contig lifestyle classification, and growth rate inference using
Peak-to-Trough (PTT) and Codon Usage Bias (CUB) methods. These
growth proxies use the ratio of origin-adjacent reads to non-
adjacent reads (PTT) or of tRNA genes to the codons that require
them in the MAG (CUB) as measures of proliferation. Viral lifestyle is
predicted through hallmark genes and genomic signatures. We have
implemented this pipeline on a preliminary human gut sample set
and are extending it to soil and marine datasets. This framework will
enable comparison of bacterial proliferation and bacteriophage
lifestyle across diverse environments and address bacterial growth
as a driver of viral outcomes.

e - o - D
Fig. 1: Metagenomic workflow for bacterial-growth and phage-lifestyle inference

Results

{35 CUB growth potential vs. GRID in situ growth

PhaBOX vs. CheckV temperate/provirus signal

0055

Introduction

* Phage lifestyle (lytic or temperate) can strongly influence ! 1
bacterial community dynamics.

* Host growth state may affect which viral strategy is
favored, but this relationship remains poorly understood
across environments.

* Genome-resolved metagenomics enables links between
bacterial growth-associated traits and viral lifestyle
predictions.

* Question: Does bacterial proliferation correlate with the
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X i Fig. 3: CUB-derived growth potential is inversely associated with the GRiD in situ growth proxy
* The measures of viral lifestyle, CheckV and Phabox,

showed a positive correlation (Figure 2).

* Codon-usage bias (CUB) minimum generation time, after
the conversion to a maximum growth potential
(1/generation time), showed a negative association with
GRID PTT instantaneous growth (Figure 3).

* As a result of the negative growth metric correlation,
observed phage-lifestyle associations were different
across growth proxies and were not statistically
conclusive with the current sample size (Figures 4 and 5). 5

* Future work will determine why CUB-based growth mw’éf,ip”iﬂ‘fn‘i:%’:;::
potential and PTT-based instantaneous growth estimates ® Spooman p=0638.p=02
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" " Fig. 4: Associations between bacterial growth proxies and phage lifestyle metrics using CUB GrowthPred
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Benchmarking Bayesian Inference of Short-Term Synaptic
Plasticity: Protocol-Dependent Parameter Recovery in the
Tsodyks-Markram Model

TIANPEI HE!, Dean Buonomano?
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2 Department of Neurology, David Geffen School of Medicine
The Tsodyks-Markram model is widely used to quantify
short-term synaptic plasticity (STP), describing how synaptic
resources deplete and recover. Its parameters are routinely
fit to electrophysiology recordings, yet which parameters can
be recovered—and under which protocols—remains
uncharacterized. Using synthetic traces generated from
known parameters, we benchmark parameter recovery,
comparing residual-based fitting to a Bayesian method that
infers parameters from the probabilistic structure of synaptic
responses, including transmission failures. Recovery s
protocol-dependent: the facilitation time constant s
unidentifiable without a recovery interval, and pooling
diverse intervals is most reliable. The Bayesian method helps
most for single-protocol data, avoiding the boundary failures
of residual fits, recovering release-site number and quantal
size, and providing a self-calibrating uncertainty estimate.
Applied to the Allen Institute Synaptic Physiology dataset, it
shows fast, consistent depression that is uncorrelated with
initial synaptic strength—suggesting the two are governed by
separable, rather than shared, release parameters.
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Abstract

The Tsodyks-Markram (TM) model is widely used to quantify
short-term synaptic plasticity (STP), describing how synaptic
resources deplete and recover. Its parameters are routinely fit to
electrophysiology recordings, yet which parameters can be
recovered—and under which protocols—remains uncharacterized.
Using synthetic traces generated from known parameters, we
benchmark parameter recovery, comparing residual-based fitting to a

Benchmarking Bayesian Inference of Short-Term Synaptic Plasti
Protocol-Dependent Parameter Recovery in the Tsodyks-Markram Model

Tianpei He', Dean Buonomano?

1 BIG Summer Program, Institute for QCBio, UCLA, 2 Department of Neurology, David Geffen School of Medicine, UCLA
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parameter recovery, 200 synapses (500 ms protocol)

Figure 3: C

Bayesian method that infers from the pre

structure of synaptic responses, including transmission failures.
Recovery is protocol-dependent: the facilitation time constant is
unidentifiable without a recovery interval, and pooling diverse intervals
is most reliable. The Bayesian method helps most for single-protocol
data, avoiding the boundary failures of residual fits, recovering
release-site number and quantal size, and providing a self-calibrating
uncertainty estimate. Applied to the Allen Institute Synaptic Physiology
dataset, it shows fast, consistent depression that is uncorrelated with
initial synaptic strength —suggesting the two are governed by
separable, rather than shared, release parameters.

Materials and Method

e Simulated 200 synapses with TM and quantal parameters drawn
uniformly over physiological ranges, stimulating each with 50 Hz
trains followed by a recovery pulse at one of four intervals
(250-4000 ms), five trials per protocol.

Each dataset was fit three ways: least-squares on the mean
waveform, least-squares on mean amplitudes, and the exact
quantal likelihood marginalized over release-site number.
Analyzed which ground-truth-free diagnostics actually predict
recovery error — data-space R?, disagreement between protocols,
and the width of the Bayesian posterior.

Figure 1: TM model equations, and

experimental protocols B
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Figure 2: Pipeline for
least-square optimization
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Figure 5: Parameter estimation of mouse and human dual patch data using trace Isq
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In synthetic data generated from known ground truth

e Bayesian inference can estimate N and q with relative accuracy while tying Isq in the other
three parameters. It's especially better at estimating tauF, but not as good with U.

e R-square is anti-predictive of fit accuracy in both methods. Lsq fit accuracy is better
predicted by cross-protocol consistency, and bayesian inference is better predicted by
combined posterior width.

In the Allen Institute real data

e Both mouse and human showed similar range of parameters except for N. Both time
constants are reported to be low in both methods (possibly still unidentifiable)

e Higher U prediction is correlated with better R*2, while posterior width and cross-protocol
consistency seems unrelated with parameter values.

o |Initial amplitude strength is positively correlated with U and w, while negatively correlated
with PPR and recovery.. No strong evidence of correlation with time constants.
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Two NFkB-controlled cytokines show remarkably little
correlation with NFkB activity
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Tumor necrosis factor (TNF) and interferon-beta (IFNB) are
critical cytokines produced by macrophages, key
coordinators of inflammation and antiviral defense in the
innate immune response. While TNF and IFNB are known
to be regulated by NFkB, it remains unknown to what
extent NFkB activity is predictive of cytokine expression. To
address this question, we developed an integrated
NFkB/MAPK/IRF model, validated it against experimental
data, and simulated cytokine production by heterogeneous
macrophages. We found that NFkB was partially correlated
with early steps of LPS-responsive TNF expression, but
MAPK exhibited a higher correlation with secreted TNF.
For IFNB expression, NFKB was even less predictive, as IRF3
appeared to be the primary determinant. Nevertheless,
TNF and IFNB showed some level of correlation. This work
identifies regulators of TNF and IFNB secretion
heterogeneity, revealing regulatory principles underlying
seemingly noisy cytokine production.
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of graduation
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Two NFkB-controlled cytokines show remarkably little correlation with NFkB activity

Jasmine Herrera', Xiaolu Guo?, Francisco Lopes?®, Alexander Hoffmann?

« Tumor necrosis factor (TNF) and interfer-
on-beta (IFNB) are key coordinators of
innate immune responses. They are pro-
duced by macrophages and regulated by
NFkB, MAPK, and IRF signaling pathways.
While TNF and IFNB are known to be regu-
lated by NFKB, it remains unknown to what
extent NFKB activity is predictive of cyto-
kine expression.

+ Apreviously established mathematical
model of MAPK and NFKB signaling can be
expanded to include these pathways, vali-
dated against experimental datasets, and
used to simulate large, heterogeneous
single cell populations to determine how
these different pathways influence noisy
cytokine expression and the correlation be-
tween the two expressed cytokines.
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Expanded previously established framework to include TNF production, IFNB production,
and IRF3 signaling pathways.

Simulated heterogeneous populations and single-cell rajectories of our models recapitulate
both single-cell and bulk experimental data, allowing for justified predictions to be made.
Correlation analysis and linear regression of the TNF model show that MAPK activity was
more strongly correlated with TNF activity than NFKB activity, suggesting TNF produc-
tion is more strongly predicted by MAPK.

Correlation, linear regression, and PAWN sensitivity analyses of the IFNB model indicated
that IRF3n was more strongly correlated with, and contributed more highly to, IFN
activity, whereas NF«B contributed comparably in response to PolyiC but significantly
less in response to LPS. This suggests that NF«B contributions may be ligand-specific.
Correlation analysis and linear regression in the TNF-IFN combined model showed that
IFNG is highly correlated with exTNF in response to PolylC but not in response to
LPS. This indicates that NFXB is not the sole strong predictor of TNF and IFNB expression,
and that the loss of correlation in response to LPS may instead be reflect the stronger
predictive roles for MAPK and IRF3 pathways.

+ Future directions may involve validating single-cell heterogeneous data beyond 2 hours to

determine whether the loss of NFKB correlation continues while MAPK correlation increas-
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Psychosocial Predictors of Year 1 Survey Retention in the Refer Everyone
Advocate for Community Health Cohort
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While breast cancer screening is widely adopted, lung cancer screening
using low-dose CT remains underutilized nationally despite its proven
mortality benefit. The REACH (Refer Everyone Advocate for Community
Health) program at UCLA enrolls a diverse cohort through a mobile app
capturing demographics, cancer fatalism, consideration of future
consequences (CFC), lung and breast cancer knowledge, and longitudinal
follow-up over three years, to understand barriers to lung and breast
screening participation. We investigated whether baseline fatalism and CFC
predict Year 1 survey retention. Analyses were restricted to participants
enrolled at least 365 days, reflecting true non-completion rather than
insufficient elapsed time. Separate multivariable logistic regression models
tested the association between baseline fatalism, and separately CFC, with
Year 1 completion, adjusting for age, smoking status, and family lung
cancer history. Baseline survey completion was strong (67-76%), but only
approximately 20% of eligible participants completed Year 1 follow-up, and
neither baseline fatalism (odds ratio [OR] 1.03, 95% confidence interval [CI]
0.92-1.15) nor CFC (OR 0.98, 95% Cl 0.94-1.03) independently predicted
retention. Completion instead followed an all-or-nothing pattern:
participants who returned for Year 1 completed nearly all applicable
surveys, suggesting a single engagement event drives retention rather than
survey-specific burden or fatigue. An exploratory logistic regression testing
a fatalism-by-lung cancer knowledge interaction suggests knowledge may
moderate fatalism's effect on retention. These findings suggest attrition in
REACH may be driven more by structural or logistical barriers than by
psychosocial traits alone, motivating outreach strategies focused on access
and engagement via participant reminders rather than psychosocial
education.
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Background

Low-dose CT screening reduces lung cancer mortality, but it remains badly
underutilized. The barrier is not efficacy — it is uptake and follow-through.
Because the mortality benefit depends on repeat annual screening, a
participant who is scanned once and then disappears captures little of it.

REACH enrolls a diverse cohort through a mobile app built around breast
cancer screening, with a subset also lung-eligible. It captures cancer fatalism,

cor ion of future cor (CFC), and cancer knowledge at
baseline, then follows participants for three years with annual check-ins and a
peer referral mechanism.

Question

Do baseline psychosocial traits — cancer fatalism and consideration of future
consequences — predict which participants return to complete their Year 1
follow-up survey?

Approach

Six survey modules across 425 enrolled participants: demographic, fatalism,
CFC, breast CAM, lung CAM, breast risk

True enroliment date computed as the earliest survey start pooled across all
modules, recovering participants missed by any single module's baseline

Retention analyses restricted to participants enrolled 2 365 days, so non-
completion reflects genuine non-response rather than insufficient elapsed
time

Separate multivariable logistic regressions for fatalism and CFC, each
adjusted for age, smoking status, and family lung cancer history

Exploratory fatalism x lung cancer knowledge interaction model

Non-completers are long past their window (median 589 days)

Year 1 due (365 days)

o Completed Year 1 (n=58)
o Overdue — not completed (n=236)
Not due yet (n=39)

200 400 600 800 1000
Days since enrollment

Fig 1. Days since enroliment by Year 1 status. Only 39 participants are not yet due; 236 are overdue
and incomplete, at a median of 589 days enrolled (max 1,038). A further 92 participants never started
any survey and have no enrollment date to plot.

Veda Hlngarh1 Yannan Lin?, William Hsu?

Results

Completion is flat across every module

mm Year 1 (n=294 due)
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Fig 2. Eligibilty-adj )y module. Completion sits within a two-point band across four
suveys that differ substantially in lengm and content — the signature burden effects would leave is
absef

Year 1 completion is all-or-nothing (n=294 due)

236
2501 (80%)
200-
2
c
8150~
S
&
100-
53
(18%)
50~
5
(2%)
0- " " "
Completed Partial Completed all
none (selective) applicable

Fig 3. Of 294 participants due for Year 1, 236 completed nothing and 53 completed everything they
were eligible for. Only 5 completed some but not all

Neither predictor moves retention

o effect

|
|

Fatalism (n=249) - + OR1.03 (0.93-1.15)
|
|
|
|
3

CFC (n=252)- —— OR0.98 (0.94-1.03)
i

09 10 11 12 13 14

0dds ratio for Year 1 completion (per 1-point increase)

Fig 4. Adjusted odds ratios for Year 1 completion. Both estimates it essentially on the null rather than
clipping it, indicating absence of effect rather than insufficient power.
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Knowledge flips the direction of fatalism
Exploratory — interaction not significant (p = 0.17, n = 249)
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Fig 5. Exploratory nteraction. Among higher-knowledge participants, fatalism tracks with higher
the opposite. Opposing directions may explain the

flat main effect in Fig 4.
89% enrolled through a clinical touchpoint (N=415)
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Fig 6. Recruitment source. Peer referral accounts for 35 participants tracing to 22 distinct referrers; 17
referred exactly one person and the longest chain is four.

Key Findings

Neither fatalism (OR 1.03, 95% CI 0.93-1.15) nor CFC (OR 0.98,
0.94-1.03) predicted Year 1 retention after adjustment.

Completion was all-or-nothing: 98% of participants due for follow-up
either finished every applicable survey or none at all.

Uniform ion across rules out survey-specific burden
as the mechanism.

Nearly 89% of participants enrolled through a clinical touchpoint; the
designed peer referral pathway accounts for 8.4%.

Impact

Retention appears to hinge on a single engagement event rather than on
participant attitudes or survey fatigue, which relocates the intervention target
upstream of survey content entirely. This favors logistics-based approaches —
micro check-ins in place of one annual survey, and pairing follow-up with the
screening visit itself, the one moment engagement is already established —
over psychosocial messaging. Adding a reason-for-non-completion prompt
would distinguish notification failure from participant withdrawal, and
consistent participant IDs would allow referral source to be linked to clinical
outcomes.

Li

itations

+ REACH measures fatalism with Yes/No items rather than the validated five-
point scale, compressing variance and reducing sensitivity
« Cohort s pr tly former and entering through breast
ing, limiting generalizability to lung ing populations
« Clinical outcomes (LDCT completion and findings) await more mature
follow-up and resolution of data linkage gaps
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A protein language model's condensate predictions

reveal a biophysical blind spot
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Protein language models (pLMs) predict biomolecular
condensate formation from sequence, but we know little
about which sequences they get wrong. We asked whether
a finetuned ESM-2 classifier's errors are spread across
sequence space or concentrated in a specific biophysical
region. We mapped 1,168 held-out predictions onto 106
biophysical features and enumerated feature-bin
conjunctions, ranking each by its accuracy deficit. Two
three-feature regions dropped to 31% and 37% accuracy
against 85% globally. Both were recall collapses with intact
specificity: 94 false negatives against 6 false positives. Both
held modestly charged, moderately disordered sequences
with no significant hydrophobic/aromatic or
arginine/aromatic patterning, mostly because they were
depleted in these sticker residues. About 75% phase
separated anyway, at a mean predicted probability of 0.24.
The model treats a muted sticker signature as evidence
against phase separation. Both regions are biophysically
defined and small enough to test directly by synthesis.
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Introduction One feature at a time only goes so far A third feature and recall collapses
are that form when intrinsically Alone, the worst feature only pulls accuracy down to 63% Adding a third axis to the weak two-feature holes above narrows each one into a region where recll all but disappears,

B o 45 0.32 over 68 held-out sequences for A and 0.37 over 83 for B.
disordered regions (IDRs) undergo liquid-liquid phase separation®. Which sequences do

this, and why, is still an open question.

Region A mildly cationic, NCPR +0.01 0 +0.05 - hydrophobic moment 0.22 t0 0.26 - ILMV vs FWY unclustered, z 2 to 0
Region B disorder-promoting 0.70 to 0.775 - basic, pl 8010 - RK vs FWY unclustered, z -2 to 0

Protein language models (pLMs) learn sequence patterns from millions of proteins and can H That third axis says the same thing in both. The drivers are present but evenly dispersed, not clustered.

be finetuned to predict phase separation straight from sequence. Our finetuned ESM-2 H Held-out performance, pooled validation and test.

classifier® is right 85% of the time on held-out IDRs. h — n accuracy recall specificity
One accuracy number says nothing about which sequences a model gets wrong, and a 3 all held-out 1,168 085 072 094
predictor is only useful if you know where not to trust it'4. We asked whether the errors g region A 68 0.32 0.15 0.88
scatter across sequence space or concentrate in a specific, biophysically meaningful region. 8 region B 83 0.37 0.18 0.87

H Inside both regions the model predicts a mean probability of 0.24, while about 75% of those sequences phase
Approach separate.
065 . <> Specificity barely moves. Recall falls off a cliff. Errors run one way

Data. 3,895 IDR sequences: 3,687 from the CondenSeq library’ and 208 experimentally o - - - N
o o " o S0

verified IDRs2, with scored by GFP/SNAP imaging. ESM-2 finetuned :;:“’ o ﬁé“wﬁw e n\r“ o0 e wwﬂe\\“ww‘“ 0“‘ o o

as a 3-seed ensemble; 2,727 train, 584 validation, 584 test.

- =169 =

085 93
Search. Each of 106 biophysical features®~'? was binned, and every two-, three- and four-
- 75
feature combination of bins was enumerated over the 1,168 held-out sequences and scored . 0 O AND test, FOR 105 (12)
by how far its accuracy falls below the global rate. Figure 2 Helc-out accuracy of each of the 384 singlefeaturs bins, grouped by the kind of iophysicl property measured. Every
i category stracdes the global rate and no category is broadly worse than any other. Only 12 of 394 bins survive replicaton on validation o
With 343,000 three-feature candidates, the worst will look bad by chance. A region therefore and test plus FDR control (outined diamonc), and the worst of then sil it at 063 over 191 sequences. Figue 3 pait two of these.
counts only if it fails independently on validation and on test, and survives Benjamini- @xes and reaches 0.4 over 94
Hochberg FDR at 10%. We carry two forward. Region B clears every guard. Region A fails on 2
both splits by the same margin but holds 28 test sequences against our floor of 30, so it is Two features together open le
reported as a named region, not as a search hit. .l 5
Together, two features carve out a weak hole at just 46% 0 —
10 aise
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1.00
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net charge per residue oo ©
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Conclusions, caveats and acknowledgements
Gonelusions and future directions Gaveats carried forward Methods in brief
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Biology- UCLA Macrophages are highly plastic innate immune cells that respond
to environmental cues and regulate tissue homeostasis and
inflammation. Macrophage activation is traditionally described

Expected Year using the M0/M1/M2 framework, which classifies cells by
of graduation cytokine exposure. In vivo, cytokine stimulation can occur
June 2027 before, during, or after monocyte-to-macrophage differentiation.

Consequently, the same cytokine may induce distinct
transcriptional programs depending on maturation state, which
current methods don’t reveal. Here, we generated maturation-
and cytokine-specific RNAseq signatures from monocytes and
macrophages exposed to IFNy or IL4 during MCSF differentiation.
We developed a hierarchical scoring framework that classifies
cells by maturation stage before assigning cytokine-polarized
states, enabling context-aware annotation of macrophages in
single-cell datasets from patient biopsies. Assigned cell states
retained defining transcriptional signatures, and trajectory
analyses recapitulated expected differentiation pathways. Our
framework demonstrates that in vitro datasets can be leveraged
to infer both current programming state and prior history of
macrophages in clinical samples.
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Abstract
Macrophages are highly plastic innate immune cells that respond to environmental cues
and regulate tissue and i activation is traditi
described using the MO/M1/M2 lramework, which classifies cells by cytokine exposure.

In vivo, cytokine stimulation can occur before, during, o after monocyte-to-macrophage
differentiation. Consequently, the same cytokine may induce distinct transcriptional
programs depending on maturation state, which current methods don’t reveal.

Here, we generated maturation- and cytokine-specific RNAseq signatures from monocytes
and macrophages exposed to IFNy or IL4 during MCSF differentiation. We developed a
hierarchical scoring framework that classifies cells by maturation stage before assigning
cytokine-polarized states, enabling context: of in single-cell
datasets from patient biopsies.

Assigned cell states retained defining transcriptional signatures, and trajectory analyses

expected di iation pathways. Our that in vitro
datasets can be leveraged to infer both current programming state and prior history of
macrophages in clinical samples.

In vivo, cytokines can act before, during, or after
monocyte-to-macrophage differentiation

Macrophages 1) Do cytokines induce distinct
. s ‘ cellular states in monocytes
Oifferentiation

compared to macrophages?

2) Can we identify signatures of
these states that can be translated
to clinical data?

Ca:)mavy Tissue

In vitro model of cytokine exposure during and after
monocyte-to-macrophage differentiation
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Differentiation Polarization

Hierarchical scoring identifies maturation stages and

stage-specific cytokine polarization states in vivo
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2) Hierarchical clustering on score profiles
assigned maturation states. Day 1 and Day 7
populations were then subsequently
classified by cytokine polarization

Maturation state-aware signatures contextualize
classical M0/M1/M2 macrophage polarization programs
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Macrophage maturation landscapes differ across
tissues and disease states
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revealing distinct cytokine programs within each stage
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Trajectory inference recapitulates macrophage maturation
and cytokine-specific differentiation
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Discussion

® In vitro cytokine perturbations define transcriptional signatures of
macrophage maturation and inflammatory exposure.

® These signatures can be used to interpret transcriptional states of
macrophages in clinical samples and characterize their cytokine exposure
history.

® This methodol provides a k for lati lled in vitro
perturbation experiments into biological insights from in vivo clinical
samples.

® Applying this approach across tissues and diseases could reveal how
macrophage maturation, polarization, and inflammatory history vary across
disease contexts.

o Next steps
o Refine maturation/exposure signatures and improve classification of

unassigned macrophages.

o Apply the classlflev to various organs and clinical datasets to identify

phage states and exp:

histories.
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NT-proBNP, a biomarker released in response to cardiac wall
stress, supports CHF diagnosis alongside other techniques.
However, it is rarely ordered in hospitalized patients (0.96% of
admissions in dataset). We tested whether routine labs can
identify documented CHF (ICD-9/10) using MIMIC-IV data
(123,626 unique patients; 14,388 [11.6%] with CHF). Panel
selected empirically from all biomarker combinations by cross-
validated AUC-to-sample-size tradeoff. XGBoost achieved AUC
0.769 (95% CI 0.765-0.772; sensitivity 0.78, specificity 0.62),
modestly outperforming logistic regression (AUC 0.762;
difference 0.006, 95% ClI 0.004-0.009). SHAP identified
creatinine as second largest contributor to model output (next
to age). Predicted probabilities were poorly calibrated to true
CHF prevalence. Restricting to patients without documented
renal disease reduced CHF prevalence to 4.7% (cohort
composition change) and AUC to 0.712. External validation
beyond this single-center cohort is needed.
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ABSTRAC RESULTS DISCUSSION

NT-proBNP, a biomarker released in response to cardiac
wall stress, supports CHF diagnosis alongside other
techniques. However, it is rarely ordered in hospitalized
patients (0.96% of admissions in the dataset). We tested
whether routine labs can identify documented CHF
(ICD-9/10) using MIMIC-IV data (123,626 unique patients;
14,388 [11.6%] with CHF). Panel selected from a cross-
validated search of 511 age/biomarker combinations;
Age + Creatinine achieved within 0.004 AUC of the top-
scoring panel while preserving a larger complete-case
cohort. XGBoost achieved AUC 0.769 (95% CI 0.765-
0.772; sensitivity 0.78, specificity 0.62), modestly
outperforming logistic regression (AUC 0.762; difference
0.006, 95% Cl 0.004-0.009). SHAP analysis of the
broader biomarker panel identified age and creatinine as
the dominant predictors, motivating their selection as the
minimal reported panel. Predicted probabilities were
poorly calibrated to true CHF prevalence. Restricting to
patients without documented renal disease reduced CHF
prevalence to 4.7% (cohort composition change) and AUC
to 0.712. External validation beyond this single-center
cohort is needed.

METHODS

MIMICAV Cohort

511 Panel Combinations

# Age + Creatinine

Cohort definition, combinatorial panel selection (511
inati fold lidated XGBoost), and downstream

validation steps.

CONCLUSIO

A two-lab panel (age + creatinine) approaches the
discrimination ceiling achievable from routine labs
alone (AUC 0.769, 95% CI 0.765-0.772, bootstrap-
validated on cross-validated predictions), modestly
but reliably outperforming logistic regression.
Excluding documented renal disease reduced both
AUC and creatinine's relative importance consistent
with, though not conclusive proof of, a renal
contribution to creatinine's signal. Routine labs may
support CHF risk flagging ahead of a formal
workup, but are not a substitute for NT-proBNP or
clinical diagnosis. External validation in an
independent cohort is needed before any clinical
use.
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Figure 1. Pairwise correlation matrix for candidate labs and yielding a smaller
biomarkers, patient demographics, and CHF diagnosis complete-case sample
(pairwise-complete observations, n varies by pair). Age (r = (n=13,992 vs. 14,388) and

lower sensitivity (0.72 vs.

0.25) and creatinine (r = 0.17) show the strongest univariate
correlation with CHF diagnosis; no single lab value is strongly
correlated with case status on its own,
multivariable model over any single threshold-b

Figure 3. SHAP feature importance for the
5-marker BMP-core + Age panel
(n=13,987; AUC 0.781). Age and

are the dominant predictors;
sodium, potassium, and bicarbonate
contribute comparatively little, supporting
Age + Creatinine as a near-lossless
minimal panel

0.74). Age + creatinine was
then retained as the panel
nearest peak discrimination
with the fewest lab
requirements.

motivating a
d rule.

Effect of Excluding Documented Renal Disease — Creatinine + Age Model

Model Performance 1 Cohort Composition Feature Importance Shift
= Creatinine L6

6.9 pts 167 mm Age

0760 -0.057

CHF Prevalence (%)

No renal
disease

Full cohort

No renal disease
(n=123,626) (n=86,227)

Full cohort No renal disease Full
(n=123,626) (n=86.227) cohort.

Figure 4. Effect of excluding patients with documented renal disease (ICD-coded CKD/AKI/renal failure) on the Age + Creatinine model. AUC declines from 0.769 to 0.712 as CHF
prevalence drops from 11.6% to 4.7%. Creatinine's SHAP importance falls by 38% (0.74-0.46) while age's rises (1.07-+1.65), indicating creatinine’s predictive signal is substantially
though not entirely, attributable to comorbid renal impairment rather than heart failure specifically.

Sensitivity (Trve Positive Rate)

ROC Curve — Creatinine + Age Model Figure 5. ROC curves for XGBoost vs. logistic regression on the Age + Creatinine panel. XGBoost modestly

outperformed logistic regression (AUC 0.769 vs. 0.762; A 0.006, 95% C1 0.004-0.009).
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-+ Chance (AUC = 0.500)

1 Specificity (False Positive Rate)

1. The top-scoring panel among all 511 tested
combinations exceeded Age + Creatinine by
only 0.004 AUC at the cost of two additional
labs and a smaller sample —> supporting Age
+ Creatinine as a near-lossless minimal panel.

N

Bootstrap resampling (1,000 iterations) of
cross-validated, out-of-fold predictions gave
XGBoost vs. logistic regression a 95% ClI of
0.004-0.009 for the AUC difference, excluding
zero, so the modest advantage is real rather
than sampling noise.

«

Excluding patients with documented renal
disease reduced both AUC (0.769-0.712) and
creatinine's  relative SHAP  importance,
consistent with comorbid renal disease
contributing to creatinine's predictive value,
though cohort size and CHF prevalence
changed simultaneously with this exclusion
and were not held constant, so this
contribution cannot be fully isolated from the
present analysis.

LIMITATIONS

Predicted probabilities were poorly calibrated
calibrated to true CHF prevalence, its raw
percentages should not be read as literal
probabilities without recalibration.

Analysis used complete-case observations rather
than imputation for missing labs, which is
conservative but discards patients with partial
data.

CHF  ascertainment relied on ICD-coded
diagnoses. Class imbalance (11.6% prevalence)
was addressed via SMOTE oversampling within
training folds, which vyielded higher AUC and
sensitivity than untreated or weighted alternatives
at a modest cost to specificity (A Sens +0.026/
+0.048, A Spec -0.018/-0.028 vs. no handling/
scale_pos_weight).

Findings are from a single academic medical
center and require external validation.
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The tumor microenvironment consists of a complex web of
cell-cell interactions that impact tumor progression and
clinical outcomes. While these interactions are unique to
each cancer type and may serve as promising therapeutic
targets, the clinical significance of individual -cell-cell
communication networks remains unclear. To address this,
we developed SKyNet, a clinically informed framework
integrating matched transcriptomic and clinical data from
the Cancer Genome Atlas to identify ligand-receptor
interactions significantly associated with patient survival.
Here, we analyze publicly available tumor and adjacent
tissue from lung adenocarcinoma patients using 10x Visium
spatial transcriptomics to evaluate spatial colocalization
between predicted ligand-receptor interactions. Using
Jaccard similarity, we qguantified ligand-receptor
colocalization in both tumor and adjacent tissue and
identified three distinct categories of interactions, suggesting
that differential mechanisms of interaction between these
categories may drive tumor progression. Our spatial
transcriptomic analysis provides a validation step to refine in
silico ligand-receptor communication networks.
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from Kaplan-Meier survival analyses.

Project Aim

Communication networks like SKyNet predict ligand-receptor interactions
based on i and/or clinical but DO NOT
address tumor heterogeneity (i.e., ligand and receptor may be restricted to
distinct locations within the tumor). We used 10x Visium spatial
transcriptomics samples from lung adenocarcinoma (LUAD) patients to
address this limitation by i ization of predicted ligand-

receptor interactions.
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impact on tumor progression

* Not possible li of 10x Visium depth

Future Directions

« The power of our analysis was limited sample size (n=5); a larger cohort would
increase confidence

* Draw association between spatial colocalization and clinical outcomes

* 10x Xenium achieves single cell resolution at the expense of sequencing
depth (maximum of ~5k genes)

J
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heterogeneity. Autologous tumor lysate-pulsed dendritic
cell (ATL-DC) vaccination has been shown to improve
survival in some patients, with a subset achieving long-
term survival of over 10 years without recurrence.
However, the immune mechanisms underlying the distinct
outcomes of long-term responders (LTRs) and short-term
responders (STRs) remain poorly understood. We analyzed
pre-therapy 10x Genomics Visium spatial transcriptomics
data with from GBM tumors to characterize the spatial
organization of the tumor immune microenvironment.
Distinct immune cell populations were enriched in either
the tumor microenvironment of LTRs or STRs, suggesting
differences in cellular composition that may influence
therapeutic response and survival outcomes. These
findings provide insights into the spatial immune landscape
of GBM and may guide future optimization of ATL-DC
vaccination and the development of more effective
immunotherapeutic strategies.
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Inflammatory  cellular  communities
(CNs) featuring high immune infiltration
and mesenchymal-like (MES-like) tumor
cells are consistently enriched in short-
term responders (STRs). Conversely,
distinct CNs with patient-specific
immune cell enrichment characterize
long-term responders (LTRs). Overall,
these insights into GBM's spatial
immune landscape can guide future
optimization of ATL-DC vaccination and
targeted immunotherapies.

INTRODUCTION

Glioblastoma (GBM) is one of the most
aggressive  primary  brain  tumors,
characterized by extensive intratumoral
heterogeneity and an immunosuppressive
tumor microenvironment that contributes
to therapeutic resistance and poor
survival. Autologous tumor lysate-pulsed
dendritic cell (ATL-DC) vaccination aims to
induce tumor-specific anti-tumor immunity
and has demonstrated survival benefits in
patients  with methylated MGMT
(MMGMT) GBM [3]. While most patients
with GBM survive less than 30 months
despite treatment, a rare subset of ATL-DC-

treated patients achieved long-term
survival of over 10 years without
recurrence.

However, the cellular and spatial

mechanisms  distinguishing LTRs from
STRs remain poorly understood. Here, we
analyzed pre-treatment GBM samples
from four LTRs and four STRs using
spatial transcriptomics to characterize
differences in cellular composition and
spatial tumor-immune organization that
may contribute to long-term response.

KEY FINDINGS:

« STRs were enriched with
inflammatory, MES-like/TAM-rich
neighborhoods.

TAM-MES-like tumor co-
enrichment may contribute to STR-
associated niches and
maladaptive inflammation.

To analyze the spatial tumor-immune
microenvironment, 10x Genomics
Visium spatial transcriptomics data
were  evaluated.  Single-cell RNA
sequencing (scRNA-seq) data from Lin
et al. [1] were processed using Seurat
(v4.3.0), incorporating Harmony (v2.0.5)
batch correction and Louvain clustering,
to establish reference signatures across
25 distinct cell types [1,4,5].

The cell-type composition of each
Visium  spot was  subsequently
estimated via Robust Cell Type
Decomposition (RCTD; spacexr package
v2.2.1) using maximum-likelihood
estimation in Full Mode. Based on these
inferred cellular compositions, spatial
networks ~ were  constructed  and
partitioned into cellular neighborhoods
(CNs) using Leiden clustering (v0.4.3.1).
Finally, differences in cell-type
proportions within CNs and overall CN
abundance across samples were
statistically evaluated using Mann-
Whitney U tests in R.

Cell Type Enrichment Across Clusters

CanType profie

cellNeighborhood

"

CN1 is enriched with MES-like, TAMs, and immune
cells;CN6 is enriched with AC-like, NPC-like, and
TAMSs, and CD4. Other CNs are enriched with
distinct cell type combinations, revealing diverse
microenvironments.

Tisue cross-section  Caplure spot

mRNA mixture

R X7
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A reference of 25 cell-type signatures was
established via scRNA-seq analysis of data
from Lin et al.

Cluster Enrichment across samples
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CN1 was consistently enriched in all STRs, and CN6 was also frequently enriched in STRs. In contrast,
Clusters 2, 8, and 9 predominated in specific LTRs. The spatial maps of CN distribution in each sample

are shown above.
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The enrichment of CN1 (MES-like tumor
cells, TAMs, CD8+ T cells) and CN6 (NPC-
like tumor cells, CD4+ T cells, TAMSs) in
STRs reveals a highly inflammatory spatial
niche. Consistent with previous studies,
MES-like tumor cells co-localized with
myeloid and immune cells, particularly
TAMS. This spatial alignment aligns with
known macrophage-tumor interactions,
where TAM-derived signals promote MES-
like GBM transitions [2,4] and shape the
TAM/MES-rich microenvironments
preferential to STRs.

Unexpectedly,  this immune-dense
environment did not translate into a
favorable therapeutic response. Although
MES-like states are linked to heightened
cytotoxic CD8+ T-cell infiltration [2], our
findings demonstrate that elevated
inflammatory  infiltration  alone s
insufficient to drive effective anti-tumor
immunity or enhance clinical response to
ATL-DC vaccination.

FUTURE DIRECTION

Cellular Interactions: Map single-cell
ligand-receptor interactions within
specific CNs and expand to unmethylated
MGMT cohorts.

Survival Mechanisms & Strategy: Uncover
shared immune features in >10-year GBM
survivors to optimize ATL-DC vaccines and
future immunotherapies.
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Methods such as pseudotime have been used to examine trajectories
of cell development in single-cell data. However, pseudotime cannot
map the clonal origin of individual cells, which is important for
understanding variable starting populations. While there are wet lab
methods to track the division of cells, they are expensive. This raises
the question of whether lineage tracing can use natural variants to
track the pathway of cells along their respective trajectories. This
project compares lineage tracing methods against pseudotime to
examine clonal variation, using fibroblast reprogramming into
induced pluripotent stem cells. We investigated packages used for
lineage tracing in single-cell data using natural mitochondrial variants
and developed new CNV-calling methods and applied them to
fibroblast reprogramming. Our pipeline demonstrates how lineage
tracing can be applied to single-cell data to uncover clonal
relationships underlying cell fate decisions, offering a generalizable
framework for studying individual variability in reprogramming
systems.
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ABSTRA RESULTS

Methods such as pseudotime have been used to examine | | 1 | jneage trees can be built from mitochondrial variants, but have poor precision.
trajectories of cell development in single-cell data. However,

pseudotime cannot map the clonal origin of individual cells, €29 full lineage with cell state Precision and recall
which is important for understanding variable starting
populations. While there are wet lab methods to track the
division of cells, they are expensive. This raises the question of
whether lineage tracing can use natural variants to track the
pathway of cells along their respective trajectories. This project
compares lineage tracing methods against pseudotime to
examine clonal variation, using fibroblast reprogramming into
induced pluripotent stem cells. We investigated packages used
for lineage tracing using natural mitochondrial variants and
developed new CNV-calling methods and applied them to clade
fibroblast reprogramming single-cell data. Our pipeline el sate| oI5
demonstrates how lineage tracing can be applied to single-cell . ;
data to uncover clonal relationships underlying cell fate
decisions, offering a generalizable framework for studying
individual variability in reprogramming systems.

BACKGROUND

Fibroblasts.

€29 top-500 variant-based precision recall improved when using
the top 50 variants

compared to 500, but

oo our clones were still
collapsing into one
clade.
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Figure 1A Fibroblasts can be reprogrammed back into stem cells. Cells (n=1979) =

Confidence cutoff (log10)

ant_pseudotime. " Figure 3A Lineage tree built from the top 500 variants from mgatk - MitoDrift. Almost all Figure 3C Improved precision and
clones merge into one clade. recall.

2 The CNV method gave us more balanced clades, but ~90% of cells still merged in one clade.
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‘C‘L‘j‘"{’f"‘" Figure 3E The lineage tree built from the CNVs with Ward.D2 clustering
. . - i . . Figure 3D Lineage tree built from the CNVs using Ward.D2 clustering. had more balanced clade distribution compared to that built from
Figure 2A Lineage tracing pipeline based on mitochondrial variants. MitoDrift.

Using existing packages: mgatk and MitoDrift.

FUTURE DIRECTIONS

2 CNV Method

DA CIYcolog lpol o Building trustworthy single-cell lineage trees was harder « Continue to develop CNV-calling method
== than expected « More QC on CNV lineage tree method (cluster stability,
« mtDNA variants are too sparse/low-depth to produce strand-concordance filtering)
reliable trees « Test additional donors and clustering approaches
o CNV clustering (Ward.D2) revealed real substructure that o Study individual variation in fibroblast reprogramming

held up under QC checks (not driven by outlier bins or
missing data)
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Medical imaging reveals that tumor vasculature differs
substantially from that of healthy tissue: tumor vessels are
less hierarchical, more tortuous, and less evenly distributed.
Tumor vasculature is thus difficult to mathematically model,
since it likely cannot be faithfully approximated by a self-
similar straight-vessel bifurcating tree in the same way as
whole-organism vasculature. My project makes progress on
the goal of modeling tumor vasculature by combining one-
dimensional Navier-Stokes fluid flow equations with power
loss minimization techniques to create a more physically
accurate fluid flow description of a healthy mammalian
vascular system. | created an algorithm informed by this
framework which, given the geometric and elastic
parameters of the relevant vessels from either simulated or
empirical networks, can describe the fluid flow
comprehensively. This algorithm could be used to confirm
the characteristics and volume of blood flow into and out of
a tumor, potentially informing growth predictions, drug
delivery, and treatment options.
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Background and Introduction

Power loss minimization

How can we turn this into an algorithm?

Blood flow in healthy mammalian vascular systems is
approximated well by a one-dimensional mathematical
model based on axisymmetric Navier-Stokes equations for
tapering elastic vessels [1]. However, these equations do
not address evolutionary optimization: energy loss from
dissipation in small vessels and pulsatile wave reflections
in large vessels is minimized in real vasculature [2]. To
create the most physically accurate description of healthy
mammalian vasculature, we united these conditions using
papers by Olufsen [1] and Savage [2, 3].

Figure 2. Schematic of vessel branching describing radius and length
Figure 1. Schematic showing  changes [2]. The vessel extends in the positive-z direction. The length
our branching model: the large ~ of a vessel at level k is Iy, and the radius at a given z and ¢ is ry. The
vessels with a few major total number of vessels at level k is N = 2%, since we consider only
bifurcations and the bifurcations.
smaller-vessel self-similar
bifurcation trees [1].

Baseline equations

1D Navier-Stokes fluid flow averaged across vessel cross-sectional area is governed by
three equations: the continuity equation ensuring blood is conserved at a bifurcation,
the momentum equation describing the forces on the fluid, and, if needed, the state
equation relating pressure to cross-sectional area. For large vessels, we have [1]:
- : 9, 9A _
Continuity equation — 51 + %% = 0
where g s the flow rate (vol/time) and A4 = r(z, )2 is the cross-sectional area.
N d , 8 (¢ _ _2mugry | 9Bdr
Momentum equation — 3 + 57 (4 + B) = — + 3 dz
where B{ro(z), p(z, ) is the integral of the area over the presure gradient, 4 is the width of the boundary layer of blood, 1

is the ratio of the fluid viscosity o its density p, and ro is the equilibrium radius including vessel tapering.

: _4Eh [
State equation — p(x,t) —po = 37 (1 — /%
where p is the pressure, py the equibrium pressure, £ i the Young's modulus of a vessel wall with thickness b, and Ag =

ro(z)?is the cross-sectional area when p = py.

For small vessels, we have [1]:
Continuity equation — iwCP + %‘5 =0

where C'is the compliance of the vessel, and Q = g/e and P(x) = plz, t)/e“* are the complex-valued flow rate and

pressure, respectively

i ) 19p _ v (,.0U;
Momentum equation — iwU; + 50 = ror "o
where U,(r,z) = ,(r, z,£) /¢ is the complex-valued fluid velocity.

The small vessel equations can be ma)m'pu\ated to give a one-dimensional wave equa-
2 2 2 2 : ,
tion for each of Q and P: “L‘TQ + % =0or “:713 + %*P = 0, with wave velocity

c= ,/A“g] ’). where F is a ratio of Bessel functions which emerges in the solutions.

Impedance

The large-vessel equations require a numerical technique to solve, but we can get Q
and P analytically for the small vessels by solving their continuity and wave equations.
We can thus calculate impedance, Z(z,w) = SE;—’“% for each vessel (think resistance to
fluid flow) [1]:

i(beos(wa /) — asin(wz/c))

Z@) = o cosn]0) + beim@ws/c))

We can also calculate the root impedance, Z(0,w), at the junction of the large and
small vessels.

We use the method of Lagrange multipliers to minimize the function P describing
power loss due to dissipation [3]:

N
P = Q%Zuer + AVhtood + AurM + 3 M2¥
k=0
Here, Z, is the total impedance of the network, V004 = Z;:':ﬁ Nyrdly, M is the
body mass, and the \;s are the Lagrange multipliers corresponding to each quantity.
Once power loss is minimized, we conclude that the most efficient scaling ratio for small
vessels is T’%‘ =2-1/33].

To minimize power loss due to reflection, we need %k - Z: 3 to hold across all junctions
+

in the large vessels. For a simplified Z, [—}kﬂ will give the optimal branching ratio for large
vessels (Savage's group calculated 2-1/2) [3].

Boundary conditions

Now that we understand the physics of the blood flow in our chosen vascular archi-
tecture, we can impose the boundary conditions that let us unite the large- and small-
vessel regimes:

Inflow Bifurcation  Outflow Ass Aora (8)
i Gk = 2qk+1
Large empirical value zp,t
k& a Pk = Pk+1 past)

Small | large vessels %k = t Zerminal = 0

Table 1. The boundary conditions for each vessel size. Note
conservation of flow and pressure continuity for large vessels
and impedance matching and zero terminal resistance for small £
vessels. p(az,t) is a convolution integral of q and z over time

[1

Figure 3. Flow into the ascending
aorta captured with MRI. From [1].

The empirical inflow for large vessels would look something like Figure 3. The function
represented can be inserted into the numerical solution for the large-vessel flow.

What does this look like at the transition point?

qlx.t)

Small vessels

p.t)

Large vessel %(0.0)
Figure 4. Schematic of calculated quantities at the transition from large to small vessel regime.

In Figure 4, we give a visual representation of the measurable/calculable quantities at
the transition junction from large to small vessels. Of note:

* For large vessels, the non-linear pressure-area relationship leads to pulsatile
waveforms expressed in the time domain, while for small vessels, a dominant
viscous force term gives sinusoidal waveforms expressed in the frequency domain.
We can go between the two domains using Fourier series [1].

= The g(z,t) and p(z, t) waveforms were sketched from those collected with
magnetic resonance [1], like in Figure 3.

* Q(z,w) and P(z,w) are more regular sinusoids, and their amplitude is damped by
the increased friction present in small vessels.

* We can match impedances at every level within the large artery structure to
eliminate reflection [3], except at the transition to small vessels. Thus, the
reflected wave 1 t) is shown at the junction.

BIG Summer Scientific

We used all our equations to create a simulated vascular system with physically re-
alistic flow. The physical parameters of this system can be estimated from literature
(simulated), or, in the future, taken from empirical networks. A flowchart of the basic
equation-to-function pipeline is given in Figure 4.

15etup network structure
2 Define all variables and derivatives —
3 Write equations forflux and source

“This allows us to work the continuity
and momentum equations for large
Vessels by time-stepping through space
o get exact numerical solutions

Add inflow, bifurcation, and

allleveis o get root impedance. prtish

Figure 5. Flowchart of theory to algorithm.

Algorithm progress

We currently have a roughly accurate simulated single vessel. The steps for this code:

1. Define a vessel class with all physical parameters as variables.

2. Use variables to write equations like pressure and wave speed [1]

3. Establish a simple Poiseuille terminal resistance for the outlet boundary condition.

4. Solve the momentum and continuity equations using the two-step Lax-Wendroff method [1]
5. Check by placing probes down the vessel to measure flow and pressure at each point.

So, for the aortic arch (ryg = 1.14cm, I = 1.8cm), we produced Figure 5:

Flow rate st hvee probe cstions

Figure 6. Simulated vessel results show the flow and pressure waves propagate in the correct
direction. The outlet pressure is correctly nearly zero, and we even see the predicted reflection [1].

We also calculated the simulated wave speed ¢ = 7.384 m/s, while the analytical wave
speed was ¢ = 7.393 m/s. The .124% relative error is largely because the Lax-Wendroff
method produces only second-order accuracy in flow solutions.

The goal is to be able to extend this algorithm to
model full systems like that shown in Figure 7. The
vascular system of the tumor, shown in red, is less
hierarchical, more tortuous, and less evenly
distributed than in the lung. The healthy model
provides insight into how these characteristics may
affect blood flow in the tumor. If we can accurately
extract characteristics of flow and pressure waves
into the tumor, we could potentially predict
patterns of growth or drug delivery.

Figure 7. Empirical network of lung
arteries from a CT scan of a patient
with non small cell lung cancer.
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Antisense oligonucleotides are short, synthetic DNA
molecules that bind to target mRNA and allow for the
modification of this mRNA through various means. RNA
switches are RNA based regulatory mechanisms that adopt
two alternative conformations with different effects on
gene regulation. This project extends upon the work of
Goodarzi et al, which only analyzed the effects of antisense
oligonucleotides on the conformations on one RNA switch,
the RORC RNA switch. Using the RNA sequence data for
the other RNA switches that were discovered, we used
ShapeRNA to visualize secondary structures for 10 RNA
switches and attempted to design ASOs that would favor
certain conformations of these RNA switches. We are also
developing a computer based program to automate the
generation of potential ASOs for RNA switches based on
secondary structure, which can help contribute to future
studies focusing on ASOs and targeting specific RNA
switches, in terms of convenience.
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Abstract

Antisense oligonucleotides are short,
synthetic DNA molecules that bind to target
mRNA and allow for the modification of this
mRNA through various means. RNA switches
are RNA based regulatory mechanisms that
adopt two alternative conformations with
different effects on gene regulation. This
project extends upon the work of Goodarzi et
al, which only analyzed the effects of
antisense oligonucleotides on the
conformations on one RNA switch, the RORC
RNA switch. Using the RNA sequence data for
the other RNA switches that were discovered,
we used Shap A to visuali: dary
structures for 10 RNA switches and attempted
to design ASOs that would favor certain
conformations of these RNA switches.
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*RNA switches change conformation in
response to binding of specific
metabolites.

*ASOs can alter the expression of mMRNA
through various means, such as
inducing inclusion/skipping of exons or
degradation of mRNA.

*ASOs can be used to “shift” the
equilibrium between the
conformations of an RNA structural
switch.

Methodology

All of the testing in the study was performed in
silico using ShapeRNA. Predictions of the
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Strategy: finding areas in the RNA where the
residues were bound in a hairpin stem in the other
conformations, but not in the goal conformation.
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Alternative strategy: Stabilize hairpin structures
unique to the goal conformation.
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Results

ASO List -

Target v Complemen

CACAGAUCUGGAA
UCACAGAUCUGGAA
CAUUUAUUUUCUC

CAUUUAUUUUCUCA

GCUGCAGGUCCAA
GCUGCAGGUCCAAC
GAGGGGUGGGUGG

GAGGGGUGGGUGGG

Example

ASO v
GTGTCTAGACCTT
AGTGTCTAGACCTT
GTAAATAAAAGAG

GUAAAUAAAAGAGU

CGACGUCCAGGUU
CGACGUCCAGGUUG
CUCCCCACCCACC

CUCCCCACCCACCC

Position
4153
40-53
2941
29-42

54-66
54-67
7183

71-84

Institute for Quantitative & Computational Biosciences

# Switch

Discussion / Future Goals

* Finding a “good” ASO with good or perfect
results is actually difficult. Most ASOs turned

out to have “neutral” or “bad” results.
As an effective program for comparing

secondary structures of RNA sequences could
not be found, most of our analysis/results
were based on objective and observation
based judgement.
* One future goal is to use the ASO design

process practiced manually in this study to
create a i /
facilitate the generation of AS

P P!

based on secondary structure.
*  We would also like to test the responses of the
RNA switch sequences to ASO binding in vitro,
using similar methods to those outlined in
Goodarzi et al.
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Parkinson’s Disease (PD) is a neurodegenerative disease
with motor and cognitive symptoms marked by Lewy
Bodies (LB) that trigger neuroinflammation and eventually
lead to dopaminergic cell death. Previous studies have
shown that intra-molecular double-stranded RNA (dsRNA)
play a role in cancer, autoimmune, and neurodegenerative
diseases. However, the contribution of intermolecular
dsRNA from bidirectional transcription is
undercharacterized. In this study, we characterized
bidirectional transcript configuration and expression from
PD-affecting brain regions in patient and control samples
to investigate immune-related functions. Our results
suggest bidirectional transcripts that overlap transposable
elements are enriched for innate immune-related genes
and could serve as a potential source of dsRNA that
contribute to neuroinflammation in PD. These findings
could uncover a novel pathway linking the role of non-
coding regions sourcing dsRNA with innate immunity and
major PD pathogenesis.
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Parkinson's Disease (PD) is a neurodegenerative disease with motor and cognitive symptoms marked by
Lewy Bodies (LB) that trigger neuroinflammation and eventually lead to dopaminergic cell death.
Previous studies have shown that intra-molecular double-stranded RNA (dsRNA) play a role in cancer,
autoimmune, and neurodegenerative diseases. However, the contribtion of intermolecular sRNA from

is In this study, we transcript
configuration and expression from PD-affecting brain regions in patient and control samples to
investigate immune-related functions. Our results suggest bidirectional transcripts that overlap
transposable elements are enriched for innate immune-related genes and could serve as a potential
source of dsRNA that contribute to neuroinflammation in PD. These findings could uncover a novel
pathway linking the role of non-coding regions sourcing dsRNA with innate immunity and major PD
pathogenesis.

Background

« Exogenous dsRNA from virus is known for triggering antiviral immune pathways.?

« Endogenous dsRNA is “marked” by ADAR1 editing to prevent autoimmune responses®. However, this
is also a vulnerable mechanism that could be exploited by cancer, autoimmune, and
neurodegenerative diseases.”

+ dsRNA is recognized by sensor proteins and leads to the production of Type | interferon and
proinflammatory cytokines.?*

« LB is a hallmark of PD and could trigger that on.*

« Caudate Nucleus and Putamen are two brain regions connected to the nigrostriatal pathway, making
them vulnerable to dopamine deficiency due to cell death in the Substantia Nigra.*

AType | interferon Pathways and ADAR1 Editing B Healthy
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Fig. 1A Reprinted from [3] dsRNA is identified by sensors like MDAS where it triggers the interferon
pathway producing proinflammatory cytokines. ADAR1 editing distinguishes exogenous dsRNA with
endogenous “seldsRNA where edited dsRNA is no longer sensed by MDAS. Fig. 1B, 1C Adapted from
[41 PD SNpc cells are depigmented due to loss of neuromelanin. Lewy Body is tagged by ubiquitination
for autophagy.

* DNMTs
+ SETDB1 Sense-antisense
_ * HUSH TE hybrid g
TE (ERVs, LINEs, SINEs) | & £SD1 s |
{ TRy * MDAS
= PKR
Bidirectional - *TLR3
transeription  |R_Alus * OASes
& &A VAL —
IR-Alus

Fig. 1D Adapted from [2]
Endogenous dsRNA can be intra-molecular (folding of the same strand due to IR-Alu) or inter-
molecular (bidirectional transcription).
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Pipeline filter for uniquely-mapped bidirectional regions as inputs for downstream analysi
Strand Correlation, Transcript Configuration, Transposable Element Overlap

Quality control Identify regions with Filter for regions with
(FastQC) extended overlapping ] dual strand
S/AS read distributions. expression in 280% of
PD/Gtrl samples
¥
Bulk ANA-seq Read mapping
ofbran and filtering Calculate FPKM for
(Couate (HISAT2) each region
Nucieus,
Putamen) from l ¥
NIH
NewroBioBank
Galculate Normalized expression
per-nt coverage (G S matrix for bidirectional
|| oneach strand regions

Fig. 2 Bidirectional Regions in Caudate Nucleus and Putamen Fig. 5§ Transcript Configuration and Gene Annotation Fig. 7
. A
P— - ) : PUT
s - CAU Transcript Overlap PUT Transcript Overlap CAU i
) swowe || 5194 oo | 51%
e —— % o] 80%
- o = H o
= &hii - e . 5w s S
Symmetric relative expression on both S/AS strands show o - o :;? 7 Unfenmil:id o(.:nve%eun: regions ndoonlam§ gre.za||:r proportion
bidirectional regions found across the genome for CAU and PUT EpscrpisStatinglna S megon pilheigonome)
Embedded Head-to-Head
Fig. 3 Strand Correlation of Bidirectional Regions oNA 33_;__,_3 oNA 57 3 ooms I Fig. 8 Gene Ontology Analysis
T —— B GeneAnnotation CAU Gene Annotation PUT
LT — 10 —
i. Group.
i P = |
<
g
o P e Py - Intergenic
Cormelaton Coefficent (]) 3 WTR
&
PUT strand correlation K M sum
K [ intron
o 03 03 M exon
z Grown,
r =
T 00 o4 ) Sense Antisense Sense Antisense
Correlation Coefficient (R)
Bidirectional regions showed significant strand correlation Fig. 5A Most transcripts are tail or embedded configuration.
compared to random for both brain regions as anticipated Fig. 5B Most transcripts overiap exons and 3UTR.
Fig. 4 Strand Correlation Case study of PINK1/PINK1-AS Fig. 6 Units Initiate in Elements
s _cau PUT
cAU et ) = .
PINK1 i L H
Strand L
Correlation 1
- H 1 os cos,
=== e 53 My Unmcedss
PINK1 is a PD-relevant gene where PINK1-AS regulates PINK1 R OLse il SR IE Iy wim (EReD
CAU has si Batiar stand 7 more from Antisense regions  Fig. 8B, 8D (antisense unannotated) show slightly more significant
PINKA. Control samples of PUT has greater correlation than PD. that initiate in transposable elements than a random transcript. enrichment in innate immune pathways than Fig. 8A, 8C (both anno.)
1.5878 bidirectional regions were found for CAU, 5525 for PUT, among which 30% of all regions 1.Irmady K, et al. Blood transcriptomic signatures associated with molecular changes in the brain and clinical
have previously unannotated antisense strand. outcomes in Parkinson's disease. Nat Commun. 2023;14(1):3956. doi:10.1038/s41467-023-39652-6
2.Strong strand o, indicating that supports the formation of 2.Chen YG, Hur S. Cellular origins of dsRNA, their recognition and consequences. Nat Rev Mol Cell Biol.
dsRNA and the stablization of the sense gene by the binding of antisense strand. 2022.25:4) 28650 (0ol {0 038/ 1 550,021 004308 B
P g e unit that iniiates in a TE, and the proportion 3.::;10\1; ;:;;.; 12 mc?és RNA editing by ADAR1 marks dsRNA as "self". Cell Res. 2015;25(12):1283-1284.
[Smalnehghifonk s : EEETR 4.Daver W, i . Parkinson's i \d models. Neuron. 2003 Sep 1139(6):889-909.
4.Unannotated Antisense regions show enrichment for innate immune genes. 40i:10.1016/S0896-6273(03)00568-3
5.Uncovered a set of previously unannotated antisense transcripts that may contribute to the 5.Xin X, Weng Y, Gu J, Wang J, Liu J, Zhao X, Jin Z. Cellular endogenous double-stranded RNA: From
activation of innate immunity through dsRNA formation. pathophysiology to therapeutic implications. Genes Dis. 2024; In Press. doi:10.1016/].gendis.2024.101345
e Aeknowisdgements
« ISG Correlation of bidirectional region expression in control and patient samples s "
« Thanks to Xiao Laborat bers for th , 2
« Analyze proportion of ADAR1 editing to gain insight on whether these bidirectional regions are s Sl g a  PSLCHlL e YED A
s ! guidance, and valuable contributions to this work. XIAO
marked as “self'in control and patient samples
y N - . « Thanks to BIG summer program faculty and students
« Explore energetic favorable folding to see how well the pipeline captured intermolecular dsRNA 5 %
3 for their encouragement and support to this work.
sources as opposed to intramolecular dsRNA.
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BMP2, BMP10, and BMP2+GDF5 have been reported to
elicit distinct phenotypic outcomes in C2C12 myoblasts,
but the genome-wide transcriptional changes underlying
these differences remain uncharacterized, such as the
specific genes and timepoints at which they arise. We
treated C2C12 myoblasts with BMP2, BMP10, or
BMP2+GDF5 (combined), alongside untreated controls,
over a one-, two-, and three-day time course and
performed transcriptome-wide RNA sequencing on all 12
samples. Differential expression analysis is currently being
done to identify genes that respond similarly across ligands
versus those that are specific to the BMP ligands we
focused on, with attention to osteogenic and myogenic
markers. Defining these shared and ligand-specific
transcriptional markers will help provide a foundation for
future studies into how distinct BMP ligands generate
specificity in downstream signaling and cell fate outcomes.
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1. BACKGROUND + HYPOTHESIS | ‘ 2. METHODS | l 4. KEY FINDINGS
Background Sequencing (Plasmidsaurus) 2
4 BMP signaling can redirect C2C12 myoblasts from muscle toward bone fate. + Fastac, , STAR alignment, ication, featureCount o
) / genes shared across all 3 ligands Iog2FC: 5p7 induction by BMP2

+ Different BMP ligands may activate different transcriptional programs, but the genome-wide ‘This Analysis

differences were previously uncharacterized. 4 Combined 3 batches with median-of-ratios normalization; filtered to 13,212 of 78,409 genes. FEE . i
Hypothesis 4+ Moderated linear model (log2 CPM) with empirical Bayes shrinkage, blocking on day. . . s Ol
4 Al three ligands share a core BMP response, driven by overlapping SMAD signaling. Analysis Pipeline o w

+ BMP2 most strongly induces osteogenic genes, based on prior lterature.

BMP-SMAD Signaling

| ey o o
swoer | = - Stk

BMP receptor M1 dedup,

Nucleus 7

sigwes.

AcTivaTeD o s

‘ 5. RESULTS + DISCUSSION

BMP2 vs Control BMP10 vs Control BMP2+GDFS vs Control
Figure 3. Stpsperformed by Plsmidsouss verss this oy N

RNA-SEQDATA + QC |

. Batch Effect Check ] “,
+ One sequencing batch was sequenced far shallower than the other two; that batch, not treatment, is the largest < 3
S 3 %

source of variation (PC1).

X

]
¥
Y

C2C12 myoblasts treated across 3 time points with 4 condi « o Gowna
® cowa B
o
CONTROL ® sMrl0 £l
{iioated BMP2 BMP10 BMP2 + GDF5 “ o )

- T T Lk 7 T T oL
$*e g
. . 2
£ . Reading the overlap
5 .
3o

- oo ‘The 72 genes at the center respond to every ligand, a candidate core BMP program.

. BMP2 contributes the largest ligand-specific set (209 genes), consistent with it being
\ o y
o < 4 the strongest driver overall.
A Timepone - — .
W A4 o LSS LSS E’,ﬂ/’s/ [ SR ——
- T rasevarance) ® Discussion
4 Al three ligand: the same core pathway at di ; BMP2 is the most potent driver of the
Top Candidate Genes osteogenic switch.
Csrp2
20 6. FUTURE DIRECTIONS

Trabd2b

From Candidate Genes to Mechanism

Day 1 Day 2 Day3 Gm45924 15
(24 hours) (48 hours)
Smadé
10
Orai2
os
Krt16 ®
]
4 optn 00 & e s
conditions 3 -
sp7 e Re-sequence Add biological Expand ligand
-05 replicates panel
Sdc3
Cxell =1, Eravies standas ot s, save, ouer
9 ooy o gereraity
libraries Hhip -
SemaSa
Why €212 + BMP? -20

Aldh3a1 Why it matters

4 C2C12is a well-established myoblast line that reliably differentiates into muscle,

making lineage switches easy to detect.

Maoping gandspeciic uP rsrams s cxpan o e same
4 BMP-driven conversion to bone-forming cells is one of the clearest examples of oo foah s Mt s otn e e
signal-driven cell fate change in developmental biology, and a strong system for

testing ligand specificity.
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Non-small cell lung cancer (NSCLC) is characterized by
abnormalities in tumor metabolism and vascular structure that
contribute to differences in tumor phenotype, progression, and
clinical outcomes. We investigated whether quantitative PET-CT-
derived biomarkers could differentiate the two most common
NSCLC histological subtypes—adenocarcinoma and squamous cell
carcinoma—and classify clinical stage. We developed a
multimodal computational pipeline that extracted metabolic,
volumetric, and vascular branching and scaling features from co-
registered PET-CT images and integrated them into supervised
machine learning models. Machine learning analyses
demonstrated that quantitative PET-CT biomarkers more
accurately classified clinical stage than histological subtype.
Histological classification relied primarily on metabolic intensity
features, whereas clinical stage classification benefited from
integrating structural vascular metrics with volumetric metabolic
features, improving cross-validated model performance. These
findings demonstrate that complementary metabolic and
vascular biomarkers capture distinct aspects of NSCLC biology
and support multimodal PET-CT analysis as a source of robust,
non-invasive biomarkers for precision oncology.
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Pipeline Architecture

Histological Subtype Classification (ADC vs. SCC)
Non-small cell lung cancer (NSCLC) is characterized by abnormalities in tumor metabolism and

N 3 12 M Raw CT Raw PET Performance across 5-fold cross-validation on the full median-imputed cohort (n = 99), reported as mean + SD across folds.
vascular structure that contribute to differences in tumor phenotype, progression, and clinical Top-performing metric per column is highlighted in bold:

outcomes. We investigated whether quantitative PET-CT-derived biomarkers could differentiate

the two most common NSCLC histological subtypes-adenocarcinoma and squamous cell
carcinoma-and classify clinical stage. We developed a multimodal computational pipeline that
extracted metabolic, volumetric, and vascular branching and scaling features from co-registered
PET-CT images and integrated them into supervised machine learning models. Machine learning
analyses demonstrated that quantitative PET-CT biomarkers more accurately classified clinical
stage than histological subtype. Histological classification relied primarily on metabolic intensity
features, whereas clinical stage classification benefited from integrating structural vascular

Model Sens. Spec. Prec. F1 AUC Acc.

L1 Logistic 0554020 065+0.13 0344012 041013 0694010 0.62+0.10
Random Forest 0.30+0.21 0.88+0.10 045+0.32 033021 0.76+009 0.74+007
SVM (RBF) 0574024 077+0.12 0454017 049+0.16 0.74+0.10 0.72+0.09

Table 3. Ful cohor

Subtyping (ADC v

SHAP Summary Plot for Histological Subtype

sioh
metrics with volumetric metabolic features, improving cross-validated model performance. These SUVine B G L ~ -
findings demonstrate that complementary metabolic and vascular biomarkers capture distinct Total Lesion Glycolysis (TLG)  —+—+-+|samm o]
aspects of NSCLC biology and support multimodal PET-CT analysis as a source of robust, Hessian-filtered Angicart U-Net Tumor Mask
non-invasive biomarkers for precision oncology. ular network Gross Tumor Volume (cm?) B |
8 e
Introduction N
 of Small Daughter Vessel e 2
Clinical Need: Y of Large Daughter Vessel P o v
« NSCLC-dominated by Adenocarcinoma (ADC) and Squamous Cell Carcinoma (SCC)-requires non-invasive, 2
objective tools for precise histological subtyping and clinical staging (1, 2] ay +"‘ &
Biological Mechanism & Vascular Scaling parameters: : 2  —
o Accelerated tumor expansion triggers both pathological angiogenesis (yielding altered vascular branching geometry iy
on CT) and elevated glycolysis (causing metabolic heterogeneity on PET) (3], Ruzpor houndingbox Tumor Supplying Vessel Count -
o Vascular architecture is modeled across branch levels k — k + 1 using fundamental scaling parameters (Fig. 1): a7 *
Radius scaling ratio (5): Quantifies vessel tapering across bifurcations: SV |
) 5 3 q q
B =kl Fealure Selection: L1 Lasso Regression : 1 IR : o i low
T , 2 A H 2 H
- O log(7) + (1 — ) log(1 — )] + 23~ SHAP value (impact on model oulnul)
Length scaling ratio (): Quantifies segment length attenuation 78 \ ‘ Jo(f) + (1= ) log(1 = 5] + 1318 _— . -
78}

0 l Clinical Stage Classification (Early vs. Advanced)
k

Quantifies structural heterogeneity between daughter vessels (1,2) at a Performance across 5-fold cross-validation on the full median-imputed cohort (n = 10;
| — 72]) and averaged across the full tumor vascular network (A3, A%).

Branching Asymmetry (M Aw AB,
bifurcation node (A8 = | |, A
Hypothesis & Objective:
o Integrating CT-derived structural and vascular metrics with PET metabolic features improves machine learning
classification of clinical stage and histological subtype.

reported as mean  SD across folds.

Top-performing metric per column is highlighted in bold:
Model Sens. Spec. Prec. F1 AuC Acc.
L1 Logistic 0.62£019 072+012 0544014 057014 076+011 0.69+0.10
Random Forest 0.56£022 0.80+0.11 0.59+0.18 0.554£0.17 0.82+009 0.72+0.09
SVM (RBF) 0.62+021 0674013 0494013 053014 073011 0.65+0.10

level k1

| SHAP Summary Plot for Clinical Stage
level k. | Hign
Y i . PET SUV
| for feature fusion and classication. SWVincan -1
! Metabolic Tumor Volume (cm?) I..-—-.. e -
Pre-Machine Learning Statistical Analyses
v of Large Daughter Vessel B . D
Mann-Whitney U testing and Cohen’s d effect sizes were evaluated across candidate features (n = 99 histology; n = 102 clinical Tumor:llealthy SUV Ratio h— ..
= stage). High feature redundancy was observed across raw candidate metrics prior to stability selection. .
- 5~ 2 -+ - H
e Tumor Tauching Vessel Count L ¢
| rummr Vesses Count 5 e i
L] - Tumor Touching Vessel Count
Fgure 1. Vsl Bircaton Geomery & Scalng Pasmters. Schratic o - .
radius e, defining the radius ratio 4 = 71 /re and length ratio - !.u iy extra - Tumor Supplying Vessel Count Gross lumor Volume (cm’) :‘
i ) B SUVrnecian B of Small Daughter Vessel
Normal Vasculature umor Vasculature [ Gross Tomor Velume (GTV)
L otal Lesion Glycolysis (TLG) o8 |
W
‘ o suv. 5 ' ' 1 1 i Low

- Tumor:Healthy SUV Ratio
Y of Large Daughter Vessel
¥ of Small Daughter Vessel

 of Large Daughter Vesse Discussion & Future Dlrectlons
$ of small Daugnter Vessel

Conclusions & Biomarker Drivers:
o Histology: Subtyping (ADC vs. SCC) is driven primarily by metabolic intensity.

o Clinical Stage: Advanced-stage tumors exhibit significantly higher tumor-touching vessel counts and metabolic intensity.
Translational Implication:

SHAP value (impact on model ompuu

Figure 6. SHAP Feature Importance (Clnical Stage. S

A Microscopic
normal microvasciature (cf9)and th chaotic. diated.and hyperpermeable branching netvork ch

Dataset, Cohort & Radiomics Pi

) o Non-Invasive Diagnostics: Multimodal radiomic signatures provide a scalable alternative to physical biopsies [1].

Dataset & Analytic Cohort: o Clinical Trials: Enables oncologists and drug developers to evaluate anti-angiogenic and metabolism-targeting therapies.
Data Source: Co-registered PET-CT scans from TCIA Lung-PET-CT-Dx dataset [6].  Early-Stage Risk Stratification: Scoring models can identify "high-risk” Stage I-Il patients carrying aggressive

Histology Cohort (n = 99): 75 i (ADC) vs. 24 Cell Carcinoma (SCC). SS® microenvironmental features despite small [ primary sizes prioritizing them for intensive treatment.

Clinical Stage Cohort (n = 102): 68 Early Stage (I-11) vs. 34 Advanced Stage (Ill-1V). PROR Methodological Limitations & Future Work:

3 o $ o Vascular Scaling: Implement Horton-Strahler for length scaling () to preserve true anatomical lengths and normalize fractal

Inclusion Criteria: Complete primary tumor 3D PET/CT volume, annotated DICOM metadata, o dimension (D) precictons.

and pathologically confirmed staging. Figure 4. > reckdancy pror b & fon: Incorporate H based structural micr detection.
Multimodal Feature Extraction Pipeline: . X X . Data Imputation: Replace current median imputation with deep learning methods for missing values.

CT Vessel Skeletonization: Tumors segmented via 3D U-Net (lungtumormask) 7] and clipped to Clinical Stage (n = 102) Histological Subtype (n = 99) Ack 1 ts & Ref

annotations. Lung CT vessels enhanced via Hessian filtering and skeletonized via Angicart [4] to  Featre Earty “adv. vl Cohe'sd Feature aoc e e Cohensd cknowledgemen ererences

extract topological metrics (ry, 4,7, vessel counts). {mi5D) {m50) mean50) {meant.50) X . § - R . R
PET SUV Quantification: 3D CT tumor masks mapped to PET voxel space via DICOM physical  Lgestv e 9881446 20072193 7axtos 08y Tmitls  Dliie  oomo o

transformation matrices [6]; voxel intensities converted to Body-Weight Standardized Uptake %1805 i oLt sheakoase

Values (SUV), s 210042050 os T e, Cof Eatmans S canans

Feature Fusion & Preprocessing: Extracted metabolic (SUVina, SUVinean MTV, TLG, Pogaymmety S0 o eoms (A0C) v S oo

Tumor:Background Ratio) and vascular metrics. Missing values median-imputed across cohort

" Table . Ca SzgsFeatare Corparisn. aen-Whirey U st vtesandCarrts 4
prior to bootstrap-LASSO feature selection. e soe comparng Eay 0.1 v Adancd (- NINSCLC o

ucladu p—
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and disability in people under 40. Current prognostic
standards like CRASH rely solely on clinical variables
(Glasgow Coma Scale and pupillary reactivity), often
reporting high false-positive rates for unfavorable
prognoses, increasing the risk for premature withdrawal of
life-sustaining therapy. Multimodal MRI captures detailed
information about hemorrhaging, microstructural damage,
and diffuse axonal injury that clinical variables miss
entirely. Prior work has shown that foundation models can
extract features from T1, T2, SWI, and ADC MRI and
classify six-month functional outcomes. However, a key gap
for clinical adoption remains: it is unclear which brain
regions drive model predictions. Therefore this project
aims to yield interpretable, spatially localized features by
applying sparse autoencoder methods to foundation
model embeddings of multimodal TBI MRI data.
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Abstract

Traumatic brain injury (TBI) is the leading cause of
death and disability in people under 40. Current
prognostic standards like CRASH rely solely on clinical
variables (Glasgow Coma Scale and pupillary
reactivity), often reporting high false-positive rates for
unfavorable prognoses, increasing the risk for
premature withdrawal of life-sustaining therapy.

Multimodal MRI captures detailed information about
hemorrhaging, microstructural damage, and diffuse
axonal injury that clinical variables miss entirely. Prior
work has shown that foundation models can extract
features from T1, T2, SWI, and ADC MRI and classify
six-month functional outcomes.

However, a key gap for clinical adoption remains: it is
unclear which multimodal signals drive model
predictions. Therefore this project aims to yield
interpretable, spatially localized features by applying
sparse autoencoder methods to foundation model
embeddings of multimodal TBI MRI data.
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Introduction

What is Traumatic brain injury or TBI?

« characterized by a disruption of normal brain function
due to an external force to the head

+ common sources of TBI are sports, military, motor
vehicle accident related

+ 5.3 million people in the United States living with TBI-
related disability (Ashikyan et al., 2025)

Current d for clinical di

Glasgow Coma Scale

+ diagnoses TBI severity based on the patient's eye
opening, verbal, and motor responses (Maas et al.,
2022)

« pupillary reactivity is also a key diagnostic tool, as it is
a sign of neurological health reflecting proper
brainstem function

« age and demographic factors are also included in this
scale as well as CT (Computed Tomography) scans
that check for hemorrhaging

of TBI is the

Types of raumatc b ey

DDW

CRASH and IMPACT are prognosi del

predict how a TBI will develop over time

« CRASH (Corticoid Randomization after Significant Head Injury)

+ IMPACT (International Mission for Prognosis and Analysis of Clinical Trials
in TBI)

+ both developed to predict 6-month outcomes and rely only on clinical
variables

+ have limited predictive power as TBI is a fairly heterogeneous condition

« over-diagnosis of unfavorable outcomes can be detrimental to patient
mental states and can lead to over monitoring of patients who do not
require intensive care

One potential power source of information regarding TBI prognosis is

patient brain MRI or magnetic resonance imaging scans

that are fr

y used to

Fig 1: The three most common types of TBI

S et + MRl is a non-invasive method which has the capacity to capture multi-
® planar imaging, which provides a comprehensive anatomical view of the

° > brain

— o + models including multimodal MRI features for other conditions such as

multiple sclerosis and Alzheimer's significantly outperformed clinical
covariates alone (Sriram et al., 2025)

Fig 2: The main components of the
Glasgow Coma Scale
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Fig 4: Code pipeline for sparse auto encoder training and

Fig 3: Comparison of AUROC (under the receiver operating characteristic) embedding generation and utiization

and AUPRC (precision-recall curve) across different models showing comparable
performance to established TBI prognosis models (IMPACT) and improved
AAUROC for non-parametric combination with IMPACT

Results

51 Predictive Neurons Identified
« L1-logistic regression identified 51 SAE
neurons with non-zero predictive weight
for TBI outcome
Each neuron mapped to its top-5
activating patients and visualized across
orthogonal views
2 neurons discarded after visual review -
activation regions were anatomically
nonsensical (showed activation on
negative space)
Figure 7: Most Predictive & Spatially Consistent Neuron
Neuron 1395 ranked highest overall (Lasso weight = 0.405, spaial consistency = 0.676). Consistent
activation was localized to the same anatomical region across all 5 top-activating subjects.
The neuron was visualized via anatomical consistency matrix (axial/coronal/sagittal overlays per subject).
Aggregate Importance Heatmap
« Top 10 neurons' peak activation locations were averaged and overlaid over an MRI
« Produced 8 slices per orthogonal view, showing where model-relevant features concentrate across the brain
+ Reveals a consolidated, non-random spatial pattern of predictive activity rather than scattered noise

Figure 8: Three orthogonal views (axial, coronal, and sagittal) of MRI overlayed with the average voxel area of the top 10 neurons
ranked by spatial similarity and importance

Limitations

« Across subjects a given voxel coordinate may not correspond to the same anatomical location so spatial
consistency quantifications can only be used as an estimate of structural similarity

« The current method does not account for left-right symmetry: the same functional feature could appear on
opposite hemispheres across subjects and be scored as "inconsistent" when it may reflect the same
underlying structure

« Peak activations for different neurons/subjects can occur at different axial slice depths, making it difficult to
consolidate this information visually

consistency) weighted sum

« Adapted from paper distinguishing normal tissue from invasive
carcinoma with similar framework (Hong et al., 2026)

Discussion

Does this abstract, mathematically-derived SAE neuron
correspond to something anatomically real and consistent?

Consi locali across i

suggests it is tracking a

structure rather than dataset noise (Fig 7)

« Circled areas correspond to a localized bruises, smashes, or
bleeding on the brain tissue

+ LLM identified focal traumatic parenchymal injury

Figure 9: Examples of common lesions seen on MRI after TBI
identified by radiologists (Douglas et al., 2018)

Conclusion

Predictive signal is not arbitrary

+ a number of SAE-derived features are spatially consistent across patients and localize to regions
flagged as pathological by radiological criteria
suggests foundation-model-derived imaging features can serve as an interpretable, complement to
black-box prediction
necessary for clinical adoption, where opacity (not accuracy) is often the primary adoption barrier

Future Directions: Clinical Pipeline

« Proposed pipeline: generate embeddings — highlight top-activating features directly on MRI slices —
feed annotated images into an LLM prompted to act as a radiologist

+ LLM output: prognosis prediction, a confidence score, and a feature-by-feature breakdown explaining
which highlighted regions contributed to the diagnosis

* Long-term goal: merge this interpretable, MRI-driven scoring approach into a new prognostic scale
(similar in purpose to CRASH and IMPACT) but grounded in imaging-derived features rather than
clinical variables alone
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Nutritional timing is a potent regulator of circadian metabolism,
yet how it reorganizes temporal transcription in adipose tissue
remains poorly understood. Previous work demonstrated that
restricting food access between two active-phase feeding bouts
induces white adipose tissue beiging; increasing sympathetic
signaling, mitochondrial biogenesis, and UCP1 expression. We
sought to define how daily transcriptional programs are
remodeled during this transition. Using circadian RNA
sequencing from white adipose collected under ad-libitum and
twice-a-night feeding, we developed an analytical pipeline which
captures complex temporal expression patterns beyond
conventional sinusoidal rhythm detection. We characterized
temporally organized mitochondrial-associated transcripts,
transcription factors, and secreted signaling molecules;
clustering genes with shared expression dynamics and
identifying coordinated pathways. This systems-level approach
reveals remodeling of transcriptional networks accompanying
adipose beiging, increasing our understanding of how nutritional
timing reshapes rhythmic adipose physiology. This strategy offers
a generalizable platform for extracting biologically meaningful
temporal programs from time-series transcriptomic datasets.
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Macrophages are innate immune cells that adapt to different
tissue contexts by a process termed innate immune training,
thereby affecting their subsequent immune responses.
Although some macrophage states have been extensively
studied, comparative transcriptional profiling across a broad
panel of training stimuli has not been systematically
performed. Here, we used bulk RNA-seq to profile primary
human macrophages from seven donors exposed to eleven
immunological stimuli to characterize stimulus-specific
transcriptional programs. Following quality control, TMM
normalization, and filtering, principal component analysis
identified stimulus type as the primary source of
transcriptional variation, with interferon-type stimuli (IFNy,
IFNB, PolyIC) separating from other conditions along PC1.
Relative to naive macrophages, IFNy and IFNB induced the
largest numbers of differentially expressed genes. Clustering
revealed distinct, stimulus-specific expression patterns, and
Gene Ontology analysis identified the biological processes
underlying these stimulus-specific differences. This dataset
provides a transcriptional resource for understanding human
macrophage training across diverse immune stimuli.
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Abstract

Macrophages are innate immune cells that adapt to different tissue contexts by a
process termed innate immune training, thereby affecting their subsequent immune
responses. Although some macrophage states have been extensively studied,
comparative transcriptional profiling across a broad panel of training stimuli has not
been systematically performed.

Here, we used bulk RNA-seq to profile primary human macrophages from seven donors
exposed stimuli  to ize  stimulus-specific
transcriptional programs.

Following quality control, TMM normalization, and filtering, principal component
analysis identified stimulus type as the primary source of transcriptional variation, with
interferon-type stimuli (IFN-y, IFN-B, PolylC) separating from other conditions along
PC1.
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Conclusions

Our in vitro system models macrophage exposure to diverse training stimuli encountered
in vivo, allowing for analysis of stimulus-specific transcriptional programs
PCA identifies stimulus, not donor, as the dominant axis of variation;
interferon-associated stimuli (IFN-y, IFN-B, PolyIC) and IL-4 show greatest changes
K-means clustering reveals distinct gene modules shared across stimuli; GO enrichment
links each module specific biological processes underlying stimulus-specific response
This dataset serves as a resource to match specific tissue/immune contexts to
transcriptional responses
Next steps:
o Validation of key DEGs to explore roles in macrophage training phenotypes
o Further analysis into specific gene clusters to identify pathway drivers and key

regulators
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Coronary artery disease (CAD), myocardial infarction (M), and
type 2 diabetes (T2D), account for significant morbidity and
mortality. Each has a multifactorial etiology largely influenced
by heritable factors in the context of environmental factors.
Despite this recognition, the hundreds of susceptibility loci
identified for CAD, MI, and T2D collectively explain only a
fraction of their heritabilities. Previous studies have also
identified several metabolites associated with cardiometabolic
diseases, including indolepropionate (IPA) and
phenylacetylglutamine (PAG), which are derived from gut
bacteria-mediated metabolism of dietary tryptophan and
phenylalanine, respectively. For example, higher and lower
levels of IPA and PAG are associated with decreased and
increased risk of T2D and CAD/MI, respectively. However, the
mechanisms underlying these associations are not understood.
Here, we performed a large-scale, multi-cohort genome-wide
association study (GWAS) meta-analysis to identify novel loci
associated with levels of each metabolite, followed by
functional validation of positional candidate genes in mouse
models.
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Abstract

Coronary artery disease (CAD), myocardial infarction (Ml), and
type 2 diabetes (T2D) account for significant morbidity and
mortality. Each has a multifactorial etiology largely influenced
by heritable factors in the context of environmental factors.
Despite this recognition, the hundreds of susceptibility loci
identified for CAD, MI, and T2D collectively explain only a
fraction of their heritabilities. Previous studies have also
identified several metabolites associated with
cardiometabolic diseases, including indolepropionate (IPA)
and phenylacetylglutamine (PAG), which are derived from gut
bacteria-mediated metabolism of dietary tryptophan and
phenylalanine, respectively. For example, higher and lower
levels of IPA and PAG are associated with decreased and
increased risk of T2D and CAD/MI, respectively. However, the
mechanisms underlying these associations are not
understood. Here, we performed a large-scale, multi-cohort
genome-wide association study (GWAS) meta-analysis to
identify novel loci associated with levels of each metabolite,
followed by functional validation of positional candidate genes
in mouse models.

Manhattan plots

Regional plots for chr 16

Methods

GWAS summary statistics were collected for IPA (14 cohorts),
PAG (13 cohorts), and PAA (13 cohorts), with each metabolite

analyzed separately.
4

Variant IDs, positions, alleles, association statistics, sample sizes,
and genome builds were standardized, with duplicate and invalid
variants removed.

4
Separate Z-score meta-analyses were performed using METAL, with
genome-wide significance defined asP<5x 107,

1 4

Lead variants were identified and independent signals were
evaluated using genomic distance and LD (r*< 0.001).

4
Lead SNPs for IPA and PAA were compared across both GWAS to
determine whether associations were shared or metabolite-specific.
4
Regional plots were generated around selected lead variants to
evaluate LD patterns and prioritize positional candidate genes.
2 4

Selected candidate genes were evaluated in mouse models for their
effects on circulating metabolite levels.

Chromosome

Figure 1. plot of results id study meta analyses for IPA,
PAA, and PAG. (A) One novel locus on 16 was signifi i with IPAwhere the
lead SNP was rs4603548 (p=6.16e-69). (B) The same novel locus on chromosome 16 was also
significantly associated with PAA but with a different lead SNP (rs139233971; p=5.72e-40). (C) No
significantly associated locus was identified for PAG. Genome-wide thresholds for significant (p<5e-8)
and ive (p<5e-5) are indicated by the orange and blue lines, respectively.
P-values are truncated at -log1o(p)=30.
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Capturing hematopoietic development using trajectory analysis of

immunophenotypic data.
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Hematopoietic development has been modeled as either discrete,
Expected year continuous, or as a continuum containing specific stable

i intermediate states. Although cell immunophenotyping is the gold
of graduation  andard for identifying distinct hematopoietic populations,
June 2027 conventional approaches poorly capture continuous development.
Advances in high-dimensional immunophenotyping now allow us
to test whether surface-protein data can resolve this continuum.
Here, we calculate Euclidean distances between cell clusters to
identify optimal marker sets for resolving populations, then use
pseudotime trajectory analysis to order hematopoietic cells along
the differentiation continuum. We quantify monocyte progenitor
cell stability using silhouette analysis to ask whether discrete stable
states exist within the developmental continuum. We found that
immunophenotypic data can capture hematopoietic trajectories at
a continuous resolution without full-transcriptome measurements.
Further, pseudotime resolution depends more on marker
specificity to cell types than on the total number of parameters.
Understanding hematopoiesis as a discretized continuum may
improve detection of abnormal developmental states in disease.
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BACKGROUND & SIGNIFICANCE

Figure 2: An unbiased approach aids marker selection
in higher dimensional human HSPC data

Figure 4: Inmunophenotypic trajectories resolve
hematopoietic intermediates without classification

Hematopoiesis begins with rare HSCs to produce all blood cells.
Hematopoiesis has been modeled as either a discrete or continuous process.?

Transcriptomic data
has been used for
trajectory analysis of
hematopoietic
development, but it
does not well
capture the cell-
surface phenotype.
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RESEARCH QUESTIONS

A
Group CD3ahi cells
into broad lineages

Determine the optimal marker
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Can immunophenotype-based trajectory analysis capture the
continuum of hematopoietic development?

a. Can this approach resolve relatively homogeneous stem and
multipotent progenitor populations by their lineage biases?
b. Can we resolve heterogeneous intermediates along the

hierarchy from stem cells to mature cells?

Figure 1: Few markers can resolve highly similar
multipotent cell states with lineage biases
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Pseudotime

A) Workflow; pseudotime performed with Slingshot." B) Gating strategy for murine stem cell and multipotent progenitor
populations (HSPCs)." C) Principal component analysis (PCA) of HSPCs using different data types and marker sets. Gold
T R G O N I
for megakaryocytelerythre sed MPP2s, myeloid-biased MPP3s, and lymphoid-biased MPP4s. D) Pseudotime for cells
with >30% probability of rusldlng smng each branch.

A) Workflow schematic using pre-clustered human CITE-seq data.* B) Silhouette Analysis used to measure how well a cell fits
into it's assigned cluster, and is distinct from nearby clusters.* Greedy Forward Selection Analysis (GFSSA) performed to
select markers that cumulatively increase the global average silhouette coefficient, but can miss rare populations. Addition of
domain knowledge allows retention of these cell types. C) n? values from Analysis of Variance (ANOVA) to measure how much
variance between clusters is explained by each marker. D) Mean silhouette coefficient for each HSPC population, compared
between the full 37-parameter set and optimized 10-parameter markers.

A) Workflow schematic. HSCs (Lineage-/cKit+Sca1hi/Fit3-/CD48-CD150+); mature monocytes (Lineage-/CD11b+/CD115+/
LyBCH/SSC); unclassified intermediates are negative for lymphoid, erythroid, megakaryocytic, granulocyte, and DC lineay

markers.® B) HSCs are set as the root and monocytes as the end cluster for pseudotime analysis. Peak densities within the
unclassified cells may represent distinct progenitor populations. C) Silhouette analysis of peak densities in unclassified cells
shows that many intermediate progenitors are not distinct from one another. D) Evaluation of marker expression in
unclassified peaks to compare with known progenitor phenotypes.

CONCLUSIONS

Figure 3: Trajectory analysis of human data can resolve
hematopoiesis from HSCs through mature monocytes
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Population density across pseudotime; observed order of intermediates matches that expected from the literature.s F)
Silhouette analysis of populations annotated by a combination of CITE-seq and scRNA-seq® shows that many intermediate

Immunophenotypic trajectory analysis captures
stem and multipotent progenitor populations.

+ Even closely related HSPC states can be resolved using an optimized marker set
containing informative parameters.

+ Resolution depends more on marker

+ Combining tional and domain o]

than on panel
marker selection.

Immunophenotypic data can resolve the full monocyte lineage from HSCs through
mature cell with continuous and few states.
«+ Silhouette analysis suggests gated progenitor populations are relatively indistinct.
+ Murine data with unlabeled progenitor populations contains densities along
that may P defined p

d to p!

FUTURE DIRECTIONS

+ Future work will resolve intermediate cell state further, and extend to other lineages

This will allow us to create a map of the hematopoietic continuum from stem cells

through mature cells based on surface immunophenotypes.

+ We will use this map to profile the bone marrow of murine inflammatory models and
humans with | disease to how specific it y networks
impact hematopoiesis in health and disease.
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Periodontal disease (PD) is one of the most common oral
health concerns in dogs, associated with shifts in the
microbiome community and an increase in disease-
correlated species. PD often goes untreated until it has
progressed significantly and symptoms are visible. Age and
weight are known to contribute to the risk of periodontal
disease, however, large-scale characterizations of how these
host factors relate to the canine oral microbiome remain
limited. We ask if and how the canine oral microbiome
changes with age and weight, and if there are health
implications. Buccal swabs from 1,125 dogs were whole
genome shotgun sequenced, enabling taxonomic profiling
using MetaPhlAn. Findings showed an age-associated
restructuring in the oral microbiome with a progression
towards anaerobic, disease-associated taxa. As weight
increased, disease-related taxa decreased and commensal
taxa increased, but associations were weaker compared to
age. This work could improve early detection and diagnosis
of periodontal disease.
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Figure 1: Order level cluster map of log10 Randomly collected buccal swabs (n
relative = 1,125). We used whole genome shotgun sequencing on
Samples (dogs) are columns (n = 1,125) and the samples. Ages and weights of dogs were self
< rows are order level abundances. Order reported by the owners.
names are colored based on the bacteria’s
< SITPTTITTIINY We ran each sample through the
o bt L :’,',,m":m’"mmm R elon MetaPhiAn software to conduct taxonomic profiling for

each dog's oral microbiome. In other words, abundances
of bacteria at different taxonomic levels are calculated
from the DNA sequences.

age group. Clustering was done using
average linkage (correlation distance.)

S ——

Overall, younger dogs and larger dogs are at less risk
for oral diseases, such as periodontal disease, based
on their oral mhobiomo The shift towards an oral
bacteria is
correlated with an mased risk of disease.

. Figure 2A: UMAP of bacterial

orders. Sized by log10 transformed

" mean relative abundances and
" colored by spearman correlation
«_ with dog age. Figure 2B: UMAP of

samples’ (dogs’) log10
transformed order level relative
abundance profiles, colored by age.
Both UMAPs use correlation

ITTYEITTINNE We normalized each bacteria's
abundance to be a fraction of the total bacteria
abundance (1.) We then log10 transformed the data
when reducing the effect of outliers. Orders that were
classified by MetaPhlAn but not formally named were
removed from the analysis.

STILNTTTIIT Spearman correlation coefficient was
used to calculate correlation between diversity and age.
Shannon Diversity (H) was calculated using the following
formula:

H= =Y (pinp)

rroducin e
SITIIETTITITE The oral microblome changes with age mm%mmmm,wgmmuu
and weight (body size) — specifically in the composition and dominat aer commensal Older dogs

” dominated with anaerobic, disease correlated taxa. Changes in the
abundance of different bacteria. A B Figure 3A: Species level Shannon diversity ol microbiome with weight aro weaker, ooty

. Spont S ST 5 T S ar a2 iy Ayt~ e values of oral microbiomes grouped by mm”muwmmumm
@wmwuwwzmﬂm‘ww wof | age with corresponding Spearman r value. positively with age and negatively with weight and vice versa. UMAP
W o | Ages were grouped according to the following: analysis revealed orders tended to divide based on their correlation
disease (disease correlated or W“‘N Specific bacteria woh "'I 0-2, 2-7 and 7+ years old. Figure 3B: with age.

v (nlheot('du mn.ue;mny ol j:* Species level Shannon diversity values of Diversity shows a significant species level shift as dogs age. Younger
classified as commensal and oral disease correlated, L. } oral microbiomes, grouped by weight with mmmn-mynm«ymmm mumunm
wopecively, :l value. The weights were grouped according to diversity and dog weight is insignificant.
TIITTICICITITTNGE PO is a prevalent oral disease in g = | the following: 0-20, 20-60 and 60+ Ibs. Future directions include getting clinical data — such as number of

domnwhlchmundwvammmmb\m o

mnau-nuwmmmmm
healthy dogs have

wmwummwmmmmmu
in anaerobic taxa in dogs with periodontal disease.

EITITIENE How does the dog oral microblome change with

age? Based on these changes, can we make any inferences
about a dog's health? &
L)
Sk

Figure 4A: Stacked bar plot of
mean relative order level
abundances across various age
groups (0-2, 2-7 and 7+ years old.)
Bm are colored according to
preference of the bacteria
(greon = facultative, red/orange =
anaerobic and blue = aerobic.)

teeth - and collecting breed data. These new pieces of information
‘could help us make health based inferences based on our dataset
mmlmmmmmm

with breed. Addsonally, we are currently working on a
hmdimll metabolic profiling pipeline for the same samples.
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Determining absolute protein abundance is more time and
resource intensive than relative quantification, but crucial for
accurate pharmacokinetic modeling. We reasoned that relative-to-
absolute scaling factors could be calculated if both measurements
were present for circadian proteins, which could be applied to all
relatively quantified proteins. Utilizing RStudio, we identified high-
confidence peptides via ambiguous and phosphorylated peptide
exclusion and reproducibility and mass spectrometry (MS) quality
metrics. Scaling factors were calculated in a timepoint-specific
manner using both relatively and absolutely quantified peptides
and validated against matching circadian protein concentrations
guantified in independent experiments. The same scaling factors
were applied to the remaining relatively quantified proteins. This
scalable pipeline enables researchers to estimate absolute protein
abundance from relative measurements paired with minimal
absolute data. We hope additional scaling factor quantification
across a broad range of peptides and MS instrumentation will
enable improved pharmacokinetic modeling of optimal drug timing
and dosage for chronotherapeutic interventions.
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Absolute Circadian Proteome Abundance Estimation in Murine Liver

Dimension 1: Dimension 2: Dimension 3:
Circadian Rhythm Relative Abundance Absolute Scale
J

e
Circadian Absolute Abundance Liver Protein Atlas

Background

e Molecular reaction kinetics depend
on reactant and product
concentrations

e Measuring protein concentrations
directly is resource-intensive

e Relative protein abundances
(fold-changes) are more accessible

e Gene Regulatory Networks currently
rely on relative data —

o Limited utility - context dependent

e Time-specific absolute predictions
are essential for
chronopharmacology and
personalized medicine development

Hypothesis

SINCE matched absolute and relative
abundances can be used to calculate
a scaling factor,

IE high-quality circadian absolute
anchors are paired to their
corresponding relative abundances,
THEN the scaling factor estimates
absolute abundances for all proteins
quantified in the same relative dataset.
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Fig. 2: Wang Dimension 2 - Spread of iBAQ values
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e Protein abundance lags slightly behind TF binding activity

e Not replicated for all TFs - these had most significant Pearson correlation

e Increases confidence in Narumi-defined absolute abundances, Dimension 3
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e Anchor weighting method for SF calculations incurred trade-offs between TF
predictive accuracy against Narumi WT and QconCAT predictive accuracy

Fig. 4a: Global vs Local SF meth - high confident
n = 13 high-confidence QconCAT genes per method (same genes)
p-values: paired Wilcoxon local weighted method vs. global scale factor (SF)
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Most significant average fold-error reduction via Gaussian (h)
Weights Dimension 3 anchors in SF calculation according to iBAQ
abundance proximity to anchor, providing regional anchor weights

Fig. 4b: Abundance determines confidence of atlas estimate
n = 35 QconCAT validation genes across 7 orders of magnitude (log10 iBAQ)
Distance-weighted Gaussian (h) kernel SF instead of global constant SF
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e n=2061 or 32%, n = 2289 or 35%, and n = 2150 or 33% of atlas gene
estimates fall in high, medium, and low confidence tiers, respectfully.
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Collaboratory

e Proof-of-concept framework
for estimating protein
concentrations from relative
abundance, rhythms, and
high-confidence absolute
anchors

Accuracy dincreases closer to
anchor calibration range
High-confidence estimate
error magnitude remains high
- 3x on average, up to 17x

TF rhythms anticipate DNA
binding activity

Estimates maintain rhythm

e Adjusting anchor parameters
to increase predictive
accuracy of one validation
dataset decreases predictive
accuracy of another
Gaussian (h) kernel SF best
predicts local abundance
trends

Limitations
e Method proof-of-concept due
to uncertainty
Atlas currently invalid for
predictions of GRN models or
chronopharmacology
Wang iBAQ underestimates
low abundance and
overestimates high abundance
proteins
Even local SFs assume
ionization efficiency, which
depends on multiple peptide
properties, is entirely
abundance dependent
Anchor peptide set has unique
structural characteristics

Future Directions

e Improve predictive accuracy
with better and more
dimension 2 and 3 training
data

Identify medium and high
abundance protein anchors
Normalize ionization efficiency
variation

Diversify anchor protein
sample set to include
metabolic and ribosomal
enzymes, chromatin
regulators, kinases, etc.
Extend to nuclear fraction
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Regulatory T Cells and the Old Friends Hypothesis: Investigating
the Effects of Urbanization on Immune Regulation

NADIA TSAI?, S. Madigan Durham?

Urbanization has been associated with a rising incidence of
autoimmune and chronic inflammatory diseases, prompting
interest in how environmental change influences immune
regulation. The Old Friends Hypothesis proposes that reduced
exposure to evolutionarily familiar microorganisms disrupts
immunoregulatory mechanisms, particularly those mediated by
regulatory T (Treg) cells. While previous work has established the
evolutionary basis of this hypothesis and characterized the
molecular pathways governing Treg development and function, few
studies have integrated these perspectives across human
populations experiencing different degrees of urbanization. We
investigated whether transcriptomic patterns of Treg-associated
genes in Orang Asli communities in Malaysia, which represent a
gradient of traditional and urbanized lifestyles, are consistent with
immunoregulatory changes predicted by the OIld Friends
Hypothesis. Candidate genes involved in Treg identity, suppressive
function, and immune regulation were identified through a
literature review and selected for future RNA-seq analyses,
including differential gene expression testing, principal component
analysis, hierarchical clustering, and pathway enrichment. This
work will establish a framework for examining how environmental
modernization may influence immune homeostasis and inform
future studies integrating environmental exposures with
immunological mechanisms underlying autoimmune and chronic
inflammatory disease.
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s Background * Results

Literature review identified a panel of Treg-associated genes
implicated in lineage specification, suppressive function, and
immune homeostasis based on the Pfortner et al. paper.
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These candidate genes will serve as the foundation for downstream
analyses comparing immune regulatory profiles across Orang Asli
communities representing different degrees of urbanization.
Future analyses will include RNA-seq quality control, normalization,
principal component analysis (PCA), differential gene expression
analysis (DESeq2), hierarchical clustering, and pathway enrichment
to identify patterns associated with environmental modernization.
By integrating gene expression with environmental and lifestyle
data, this study aims to evaluate whether immunoregulatory
signatures are consistent with predictions of the Old Friends
Hypothesis.

This work will provide a foundation for understanding how
environmental change may influence immune homeostasis and
inform future research on the mechanisms underlying autoimmune
and chronic inflammatory diseases
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Conserved phosphorylation sites influence alphavirus replication
and suggest host kinase regulation of viral fitness
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Alphaviruses are enveloped, single-stranded, positive-sense RNA
viruses primarily transmitted by mosquitoes. They represent an
increasing global health concern, yet no approved antiviral
treatments are currently available. Although phosphorylation is a
well-established regulator of viral protein function across different
virus families, whether and how phosphorylation regulates alphavirus
replication remains poorly understood. Using phosphoproteomics of
SINV-infected HEK293T cells across three independent experiments,
we identified 49 reproducibly detected phosphorylation sites that
correspond to conserved residues across 11 major human-infecting
alphaviruses. Each site was mutated to make either phosphomimetic
or phosphodead variants, and infectious particle production was
assayed by plague assays to determine sites important for viral
fitness. We next leveraged Kinase Library motif prediction scores to
investigate whether host kinase activity may underlie these events.
We observed that sites with higher predicted kinase motif scores
were more frequently associated with replication defects upon
mutation. This may indicate that phosphorylation of viral proteins by
host kinases is an important regulator of the alphavirus life cycle.
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[ Introduction ]

ito-b

. are single-stranded RNA viruses

that cause a range of disease from chronic arthrms to encephalitis

Outbreaks pose a growing health concern, yet there are no approved antiviral treatments

Phosphorylanon regulates viral protein function across diverse viral families, but its
ication is poorly

Defining funcm':nal phosphorylation sites may reveal how alphaviruses interact with and

respond to host signaling pathways?
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enzymes modifying viral proteins
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Fig. 2. LC-MS/MS phosphoprotoemics to identify phosphorylation sites on viral proteins.
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and conserved in 11 human-infecting alphaviruses
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Computational Workflow
Input amino acid sequence

Compare to known kinase-substrate
specificities® [5)
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Conclusions

Phosphosite mutations reduce SINV
infectious particle production

Strongly defective sites are enriched for
distinct kinase families

Defective nsP1 sites have higher
predicted MAPK scores than
non-defective sites

nsP1 phosphorylation may couple SINV
replication to host MAPK signaling
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Fig. 5. Plaque counts at a 10-° dilution for 49 phospho-dead and phosphomimetic mutants, with WT controls shown on the left. Dashed line represents >10-fold defect compared to WT.
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Standard neuroimaging captures structural traumatic brain
injury (TBI) damage, but fails to detect cellularity changes
in the subacute to chronic phase. Therefore, this study
aims to determine whether Amide Proton Transfer (APT)
MRI can complement structural imaging by revealing
biological mechanisms across TBI progression. APT MRI
was integrated alongside diffusion-weighted imaging,
restricted diffusion imaging (RDI), and Jacobian
determinants in a controlled cortical impact rat model at
days 3 (subacute) and 30 (chronic), utilizing principal
component analysis and voxel-wise analysis. Analysis
revealed that subacute lesions spanned a continuous
spectrum of heterogeneity, whereas chronic injuries
clustered into two phenotypes. Furthermore, early APT
value elevation is aligned with RDI and edema, whereas
chronic APT value decreases correlate with atrophy. The
findings reveal the meaning of APT changes in the context
of TBI, as it shows neuroinflammation and altered
cellularity; therefore, it is shown to be an additional non-
invasive tool for tracking injury progression.
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Amide Proton Transfer (APT) MRI in Revealing Cellularity Shifts in Traumatic Brain Injury
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m 1. APTw in relations to Taw imaging and cyst formation
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R (a) three-way Anova at day 3
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APTw (ii) Results suggest that subjects with cysts at daé 3 have a higher
I - c 2 local (injury site) and global (left cortex;/median EST% (APTw),
P = P @ meaning that APTw increases are directly related to inflammation
Towscet Bropent and swelling.

2.FSL randomise voxel-wise analysis of APTw,
APTw-Jacobian, and longitudinal APTw changes

Significance:

« APTw increase, especially at day 3, is related to
damaged tissue (T2w hyperintensity) and is
related to inflammation, but the increase is not
limited to the CSF cyst itself

* APTw decrease is mainly observed chronically

at day 30 at the sensory cortex above the
hippocampus, and it is correlated with the
overlapping d03 of APTw-DWI

APTw-RDI has the largest changes in correlation

(i) APTw-RDI significant correlation

differences between CCl and Sham between CCl and Sham, with healthy tissue

(i) APTw-FA significant correlation correlation being negative and damaged tissue

differences between CCl and Sham correlation, especially at high RDI regions, being
positive, further supporting the inflammation

(iify APTw-MD significant correlation hypothesis

differences between CCl and Sham

Jacobian negative at day 30 is spatially
correlated with APTw decrease, suggesting that
APTw decrease is related to loss of cellularity
and tissue

« Longitudinally, there is a general depression of
APTw near the injury site from day 3 to day 30

(i) Increases and decreases of APTw
(i) Jacobian-APTw correlation

(iii) Longitudinal analysis of APTw
Negative APTw is spatially related
to atrophy (loss of tissue)

Future directions:
« Finalize PCA & GMM categorization of APTwW
« Use biomarkers such as GFAP, tau, NFL, and
Aldolase-C to evaluate changes in cellularity and
match with APTw

3. APTw-Jacobian correlations at various quartiles
(i)
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= o 5. Subject-wise APTw-RDI analysis specific to ROIs accuracy of behavioral outcome using APTw,
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* Use APTw to evaluate the usefulness of the
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(i) No significant differences in the 3
correlations at day 3

(i) Correlation analysis at 0.9 quartile of RDI
(ii) Significant differences in correlation at values region for ROI 40, ROI 51, and ROI N 5
both the high and low values of APTw at day 65 - comx,Tnm:lyqlen ACKn OWIedgements
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High-frequency oscillations (HFOs), interictal epileptiform
discharges (IEDs), and low-frequency dynamics provide
complementary signatures of network dysfunction relevant to
epilepsy and Alzheimer’s disease (AD). We are developing a
multiscale human iEEG framework integrating automated
biomarker detection, AD-risk evaluation, and patient-specific
digital brain modeling. Using CRCNS recordings, expert-
annotated IED data, and UCLA clinical iEEG, we developed
frequency-informed HFO detection with contextual calibration
and are integrating HFO/fast-ripple, IED, and low-frequency
features into individualized electrophysiological profiles. Our
HFO classifier achieved 0.876 recall and 0.839 precision, while
temporal event localization remained a major limitation. These
biomarkers are now being incorporated into patient-specific
neural-mass models to construct virtual brain twins that
reproduce individual network dynamics and support in-silico
optimization of neuromodulation targets, timing, and
stimulation parameters before clinical validation.
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Abstract
High-frequency oscillations (HFOs), interictal epllepuform discharges (IEDs),
and 1 d provide of network
dysfunction relevant to epilepsy and Alzheimer’s dlseasc (AD). We are
developing a multiscale human iEEG framework integrating automated
biomarker detection, AD-risk evaluation, and patient-specific digital brain
modeling. Using CRCNS recordings, expert-annotated IED data, and UCLA
clinical iEEG, we developed frequency-informed HFO detection with contextual
calibration and are integrating HFO/fast-ripple, IED, and low-frequency
features into individualized electrophysiological profiles. Our HFO classifier
achieved 0.876 recall and 0.839 precision, while temporal event localization
remained a major limitation. These biomarkers are now being incorporated into
patient-specific neural-mass models to construct virtual brain twins that
individual network dynamics and support in-silico optimization of
neuromodulation targets, timing, and stimulation parameters before clinical
validation.

Fast-Ripple Detection and Artifact Discrimination
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neural excitability before overt structural pathology. We therefore integrate focal
epileptiform biomarkers Wlﬂl broader network dynamics to chamberm: early,
patient-specific 10) i L itudinal hAPP-J20 data
support this rationale, showing E/1 imbalance and pathologial HFO activity

AB plaque
0. Pathophysiological Background: From AD Pathology to Network Dysfunction

X/ &

Nt
B s
ko pitey ot

NE

+ Homn EEG ot
+ Prprocesing b it
il s sogmers

it Love Dystuncton

Mok Lo ipac

percoky

st e
i oty
s by

W’””w

© DetoctHFOs pls 4t i)

*QCplots & gty ssessment ety

Ll w—

Prert s

" ey ot ok g

6. Digital Twin Tsti
perre— T
L=

e R TR i - -
sess o0 Hﬁ e s - Yy w0 vy wss . Yy wss 75.”“:“.,
: “"‘"w,‘\f,‘\"ﬂ‘\hu‘\“ vl ftns] I W‘H "‘\'\ i : . - J\fﬁl‘.ﬂf i
- ! = - S B U . -

Time-frequency context. 50-500 Hz

e

Figure. ive fast-ripple detection and artifact di

A true Fast Ripple (left) shows a compact 250-500 Hz oscillatory event with localized spectral energy, while a sharp transient (right) generates filter-induced high-frequency activity resembling a Fast Ripple. Comparison across raw

signal, freq pecific traces, and time-freq

helps separate genuine HFOs from transient-related artifacts.

Cross-Patient Generalization of HFO Spatial Burden and Fast Ripple Classification

Cross-Patient Correlation of Channel-Wise HFO Rates
P07 0931 083L 0974 |

P17 0.909 (0

P18{ 0.934 (0905, 0.953)
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Spearman p
Figure. Predicted channel-wise HFO burden strongly preserved the
CRCNS spatial ranking across all three patients (Spearman p=0931,
0,909, 0.934), supporting relative spatial burden as a robust downstream
biomarker. Correlation evaluated at channel level rather than by absolute
event count, emphasizing preservation of spatial disease burden.
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Figure. Strong patient-wise transfer: AUROC = 0,916, 0.976, and
0.895 for P07, P17, and PI8; patient-macro AUROC = 0.929 + 0.042.
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Figure. Among the four FR classifiers tested,
RELATIVE_B logistic achieved the highest patient-
macro performance (AP = 0.847; AUROC = 0.929),
supporting patient-relative spectral features as the best-
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Mosaic loss of the Y chromosome (LOY) is a common age-
associated chromosomal alteration in men linked to age-
related disease, yet its effects on macrophage senescence
remain unclear. We asked whether LOY alters macrophage
transcriptional responses to senescence. Bone marrow-
derived macrophages from XY and XO mice were exposed
to 10 Gy irradiation and analyzed 10 days later by bulk
RNA-seq (n=3/group), followed by DESeq2, genotype-by-
senescence interaction, and gene-set enrichment analyses.
Senescence dominated transcriptional variation (PC1,
85.4%), while genotype separated samples along PC2
(5.8%). Senescence altered 3,102 genes in XY and 4,010 in
XO macrophages (padj<0.05, |log2FC|>0.5). Interaction
analysis identified 959 genes with significant genotype-by-
senescence interactions and revealed stronger suppression
of ribosomal, DNA-replication, cell-cycle, and oxidative-
phosphorylation programs in XO macrophages, with
differential lipid/steroid and lysosomal remodeling. These
findings suggest that Y-chromosome status shapes
macrophage senescence programs relevant to aging.
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Colorectal cancer (CRC) involves diverse genetic and epigenetic
risks, but whether they converge or diverge on regulatory networks
remains unclear. We aim to use an multiomics informed network
framework to identify regulatory pathways, networks, and driver
genes of CRC. We used the Mergeomics method to integrate
genome-wide association studies (GWAS; common variants), whole
exome studies (WES; rare variants), and epigenome-wide
association studies (EWAS) datasets with pathway, gene
coexpression and gene regulatory networks across non-CRC colon,
normal adjacent tissues (NAT), and tumors. We found that CRC-
associated genetic and epigenetic signals converged on stage-
specific programs, with non-CRC and NAT tissues informed
immune, epithelial, stromal—vascular, cytoskeletal, and vesicle-
trafficking pathways whereas tumors mainly informed cell cycle
and metabolic reprogramming. We identified network drivers,
many of which were known CRC somatic-mutation genes, linking
susceptibility networks to tumor-acquired genomic disruption.
Together, the results provide mechanistic insights into the
interconnected networks driving CRC progression.
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ABSTRACT

Colorectal cancer (CRC) involves diverse genetic and epigenetic risks, but whether they
converge or diverge on regulatory networks remains unclear. We aim to use an
multiomics informed network framework to identify regulatory pathways, networks,
and driver genes of CRC.
We used the Mergeomics method to integrate g id studies

(GWAS; common variants), whole exome studies (WES; rare variants), and epigenome-
wide association studies (EWAS) datasets with pathway, gene ion and gene
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regulatory networks across non-CRC colon, normal adjacent tissues (NAT), and tumors.
We found that CRC-associated genetic and epigenetic signals converged on stage-
specifc programs, with non-CRC and NAT tissues informed immune, epithelil

and vesicle-trafficking pathways whereas tumors
mainly informed cell cycle and metabolic reprogramming. We identified network
drivers, many of which were known CRC somati genes, linking
networks to tumor-acquired genomic disruption. Together, the results provide
mechanistic insights into the interconnected networks driving CRC progression.
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CRC s shaped by genetic, epigenetic, transcriptional, and environmental factors,
50 no single molecular layer fully explains disease risk or progression.

CRC involves progressive tissue remodeling from non-cancer colon to normal-
adjacent tissue and tumor.

Single-gene analyses can miss coordinated regulation, because disease signals

often act through interconnected pathways and network neighborhoods. Immure
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Gene-gene dependencies were inferred from the expression data to define the network structure.

Edge direction was informed using external regulatory evidence from eQTL relationships and the ChEA Transcription

Factor Targets dataset.

« The three networks were subsequently integrated into a combined cross-context network while retaining edge
provenance.

WKDA (Weighted Key Driver Analysis):

« Project CRC-associated pathways’ and WGCNA modules’ gene sets onto the context specific Bayesian networks.

in the network. Test each hub’s local neighborhood for enrichment

« Identify highly connected candidate hub genes wi
of disease-module genes, accounting for network topology and edge weights.

« Prioritize significant hubs as key drivers that may coordinate broader CRC-related programs.

Gene Co-Expression Networks (WGCNA):

profiles.
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CONCLUSION AND FUTURE STEPS

* CRC-associated genetic and epigenetic risks oonverge on r.nordmated bnolngncal programs
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[ B | B TCGA mor rather than isolated genes. Multi-omics MSEA immune, Y,

0 epithelial, stromal-vascular, i ic, and growth-related pathways.

* These risk-associated programs are strongly context dependent across healthy colon, NAT, and
tumor. Healthy colon and NAT retain broad immune, epithelial, stromal, cytoskeletal, and vesicle-
trafficking programs, whereas tumors show a more restricted shift toward proliferation,

RNA is, and i i

ifferent omics layers to CRC biology. Genetic signals
from GWAS/WES and epigenetic signals from EWAS overlap in some pathways but also
preferentially inform distinct biological processes, supporting the value of integrating multiple
molecular evidence types.

* Network integration prioritizes candidate key drivers that may coordinate CRC-associated

modules. wKDA identifies hubs linking immune, y, epithelial, and I/ECM
providin isti idates for how inherited or acquired risk signals may
through tissue-specific regulatory networks. N errrrerm [
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Future Steps:

Leverage UCLA ATLAS genetic data linked to longitudinal EMRs to
connect pztlent genotypes with treatment history and clinical outcomes.
Test di / to identify genetic
variants associated with ifferential drug response or toxicity.
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Construct polygenic risk scores (PRS) and evaluate whether inherited
CRC risk modifies treatment response, disease progression, or patient
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