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ABSTRACT

We present ELISA, a retrieval-augmented Al agent for interpretable, hypothesis-
driven exploration of single-cell RNA sequencing (scRNA-seq) data. ELISA
enables natural-language querying of cell populations through a query-
conditioned retrieval framework that explicitly integrates semantic biological
priors with expression-derived evidence. In semantic mode, cluster-level bi-
ological summaries are embedded using BioBERT to align user queries with
ontology-supported annotations. Hybrid mode extends this approach by con-
structing a query-adaptive expression representation from semantically relevant
clusters and combining it with scGPT-derived transcriptional embeddings, prior-
itizing cell populations that are both semantically relevant and transcriptionally
coherent with the query intent.scGPT mode relies exclusively on transcriptional
structure captured in the scGPT latent embedding space, emphasizing genes
that dominantly shape expression-derived representations of retrieved clusters,
independent of semantic annotations or curated biological knowledge. Finally,
discovery mode contrasts dataset-specific expression signals with prior biological
knowledge to surface context-shifted gene programs and generate cautious, data-
grounded hypotheses. By explicitly separating retrieval, expression evidence, and
language-model interpretation, ELISA prioritizes transparency and reproducibil-
ity over speculative inference. The system is designed as a human-in-the-loop
analytical tool that supports expert reasoning and hypothesis generation rather
than fully autonomous biological discovery.

1 INTRODUCTION

Single-cell RNA sequencing (scRNA-seq) enables genome-wide transcriptional profiling at single-
cell resolution, as first demonstrated by early mRNA-seq approaches [Tang et al.|(2009). Since then,
scRNA-seq has become a core tool in modern biology, supporting the systematic characterization
of cell types, states, and developmental trajectories across tissues and conditions. This progress
has been enabled by increasingly standardized analytical pipelines for preprocessing, clustering,
and differential expression analysis |Luecken & Theis| (2019). Despite these advances, interpreting
large single-cell atlases remains challenging due to biological heterogeneity, context-dependent cell
states, and the difficulty of integrating statistical signals with rich prior biological knowledge.

In parallel, retrieval-augmented generation (RAG) has emerged as an effective framework for
grounding large language models (LLMs) in external knowledge sources|Lewis et al.|(2020). LLMs
have been shown to encode substantial biomedical knowledge |Singhal et al, (2023), motivating
their use in biological reasoning, annotation, and hypothesis exploration. Recent systems extend
this paradigm to domain-specific Al agents for gene-set analysis and biomedical discovery Wang
et al.[ (2025)); \Gao et al.| (2024), as well as general-purpose biomedical agents Huang et al.| (2025)
and multi-agent scientific discovery frameworks|Swanson et al.|(2025)). However, these approaches
primarily operate over text and curated databases, limiting their ability to reason directly over high-
dimensional experimental data such as scRNA-seq.
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Concurrently, foundation models for single-cell biology such as scGPT learn expressive latent rep-
resentations directly from transcriptomic data [Cui et al|(2024). These models capture complex
gene-gene dependencies and cellular structure, enabling powerful downstream analyses including
cell embedding, label transfer, and perturbation modeling. However, expression-derived represen-
tations produced by such models are not designed to support semantic querying or interaction with
free-form biological concepts expressed in natural language. As a result, despite major advances
in both language-based biomedical reasoning and expression-based single-cell modeling, these two
paradigms remain largely disconnected.

Our agent, ELISA (Figure[I)), bridges this gap by integrating expression-derived embeddings with
semantic retrieval and LLM-based interpretation for interactive single-cell discovery. Rather than
retraining or modifying expression foundation models, ELISA treats scGPT as an expression-side
representation that is explicitly combined with semantic embeddings derived from biological anno-
tations and user queries. By separating data-driven evidence from prior biological knowledge and
fusing them only at retrieval time, ELISA enables transparent exploration and cautious hypothesis
generation grounded in both transcriptional structure and established biology. To our knowledge,
scGPT embeddings have not previously been integrated with semantic language representations in
a query-conditioned retrieval framework for single-cell genomics.

In particular, we make the following contributions:

* We propose a cluster-centric representation of single-cell data that integrates differen-
tial expression, pathway enrichment, and metadata into biologically interpretable textual
summaries.

* We introduce a hybrid retrieval framework combining in a multimoda way semantic sim-
ilarity in language embedding space with expression-derived structure captured by scGPT
embeddings.

* We define a discovery mode that merges semantic and hybrid evidence to support hypoth-
esis generation grounded in dataset-specific biology.
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Figure 1: Overview of ELISA. Single-cell RNA-seq data are summarized at the cluster level and
represented using semantic embeddings derived from biological annotations and expression-derived
embeddings obtained from scGPT. Semantic, hybrid and scGPT retrieval support natural language
querying, while discovery mode contrasts dataset evidence with prior biological knowledge to gen-
erate cautious, interpretable hypotheses, (Groq LLM use the llama-3.1-8b-instant model).

2 MATERIALS

Dataset.

We evaluate ELISA on two publicly available scRNA-seq datasets. The first is a human airway atlas
in which cells are annotated by patient condition (e.g., disease vs. control), laboratory of origin,
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and hierarchical cell-type labels Berg et al.| (2025). The second dataset is a large-scale single-cell
RNA-seq atlas of human immune cells spanning multiple tissues and donors. From this resource,
we extracted a subset of immune populations, including macrophages, monocytes, mast cells, and
microglia|Vinsland et al.| (2025)).

Computational Resources

All experiments have been performed on an A100 GPU with 80GB of Ram.

3 METHODS

Pre-processing and clustering (standard scRNA-seq pipeline).

Starting from a gene-by-cell count matrix, we apply a standard single-cell workflow Luecken &
Theis| (2019). Concretely: (i) counts are library-size normalized (e.g., counts per 10*) and log-
transformed; (ii) highly variable genes are selected (e.g., 2,000-3,000 HVGs); (iii) dimensionality
reduction is performed using PCA (e.g., top 30-50 PCs); (iv) a kNN graph is built (e.g., kK = 15—
30), followed by community detection (Leiden/Louvain; resolution ~ 0.4-1.2 depending on dataset
size); (vi) marker genes per cluster are computed using a differential expression test (e.g., Wilcoxon
rank-sum), yielding for each gene ¢ a log fold-change log F'C, and detection fractions inside vs.
outside the cluster (pct_in, pct_out). All downstream ELISA representations are computed at the
cluster level.

Cluster-centric evidence pack.
For each cluster cj,, ELISA constructs a structured evidence object:

* Metadata summary: number of cells n, condition distribution (e.g., disease/control frac-
tions), lab/batch distribution, and coarse/fine cell-type composition.

» Marker statistics: a ranked list of marker genes with (log F'C, pct_in, pct_out).
* Pathway enrichment: optional GO/Reactome term lists computed from markers.

This evidence pack is the only information exposed to the LLM during answering.

3.1 ELISA AGENT: REPRESENTATION AND EMBEDDING CONSTRUCTION

ELISA builds two complementary representations for each cluster: (i) a semantic embedding derived
from biological metadata using BioBERT |Lee et al.|(2020), and (ii) an expression-based embedding
obtained via scGPT |Cui et al.| (2024). At query time, these are used in both independent and hybrid
retrieval modes.

Semantic cluster embeddings

For each cluster ¢, we generate a textual description ¢ summarizing its dominant cell types, path-
way enrichments (GO, Reactome), and experimental metadata. These summaries are embedded
using a biomedical language model (BioBERT), yielding semantic embeddings:

si = BioBERT(t;) € R7%8, (1)

At query time, a user query ¢ is embedded as s, = BioBERT(g), and semantic similarity is com-
puted using cosine distance:
Simeem (¢, ¢x) = cos(sq, Sk)- 2)

This enables natural language querying over the metadata space of annotated clusters.
Expression-derived embeddings

To capture gene expression programs, we embed each single cell ¢ using a pretrained scGPT encoder:

g; = scGPT(x;), 3)
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where x; is the cell’s gene expression profile. Cluster-level embeddings are computed by averaging

across member cells: 1
8k = 17— ;. 4)
o] 2

i€cy

This yields a vectorial representation of each cluster’s transcriptional signature.
Hybrid retrieval via query-conditional expression matching

We introduce a hybrid retrieval scheme that combines semantic similarity and gene expression rele-
vance. Given a query ¢, we first compute its semantic embedding s, and retrieve the top-k seman-
tically similar clusters. From their gene markers, we infer a query-relevant gene set and use scGPT
to generate a gene-based expression embedding:

g, = mean(scGPT(top-n genes from semantically relevant clusters)). ®)

We then normalize both the query and cluster expression embeddings:
Y Sq ~ 8k

5 Tl & Tl ©
and compute the cosine similarity in expression space:
SiMexpr(q, k) = cos(8q, Bk )- @)
Finally, we define the hybrid retrieval score as a convex combination:
simnyp (¢, cx) = A - simgem (g, ci) + (1 — A) - siMexpr(q; k), (8)

with A € [0, 1] controlling the trade-off. In practice, A = 0.5 provides good performance. This for-
mulation allows ELISA to prioritize clusters that are both semantically relevant and transcriptionally
enriched for the query intent. Importantly, hybrid retrieval introduces gene-level information only
after semantic retrieval has identified query-relevant clusters. Gene relevance is determined using
precomputed expression statistics (e.g., differential expression and specificity scores) within these
clusters, yielding a query-conditioned gene set that reflects transcriptional activity in the dataset
rather than ontology-defined markers. scGPT is not used to select or rank genes; instead, it provides
a fixed representation of expression structure that is used to compare clusters once the relevant genes
have been identified. Query conditioning is therefore achieved by restricting expression evidence to
genes that are specific to semantically relevant clusters, while scGPT captures higher-order tran-
scriptional dependencies among cells and clusters. This design preserves a clear separation between
language-based priors and data-driven expression evidence, enabling interpretable and reproducible
multimodal retrieval.

3.1.1 GENE EVIDENCE PROCESSING AND EVALUATION DETAILS

To avoid ambiguity, we distinguish explicitly between cell embeddings and gene-level evidence.
Cell embeddings refer to scGPT CLS embeddings computed per cell and averaged at the cluster
level, and are used exclusively for expression-based retrieval. Gene-level evidence, by contrast,
is derived solely from precomputed differential expression statistics and is not produced by the
language model.

After retrieval, marker genes from the top- K retrieved clusters are aggregated by set union. A gene
is admitted as evidence only if it is a precomputed cluster marker and exhibits sufficient, query-
independent expression salience, as quantified by differential expression statistics (e.g., absolute log
fold change and fraction of expressing cells). In semantic retrieval, only strong, generic cluster
markers pass this eligibility filter, which can legitimately result in no qualifying genes (reported as
NaN). In hybrid retrieval, expression coherence identified via scGPT relaxes this eligibility gate,
allowing weak but consistent expression programs to enter, while gene ranking itself remains fixed
and query-independent.

Once admitted, genes are ranked using a fixed salience score (simply the log(FC)) defined as the
maximum absolute log fold change observed across the retrieved clusters. Retrieval similarities
(semantic or scGPT-based) are not used for gene-level re-scoring, ensuring that differences between
semantic, scGPT, and hybrid modes arise solely from cluster selection and gene eligibility rather
than from downstream scoring heuristics.



Machine Learning for Genomics Explorations Workshop at ICLR 2026

Coverage is computed as the fraction of genes from curated canonical gene sets recovered in the
union of retrieved marker genes. While coverage is naturally bounded by the size of the canonical
set, we additionally consider top-M truncation of the ranked evidence list as a robustness check
to control for potential list-length effects, which yields consistent qualitative conclusions across
retrieval modes.

3.1.2 INTERPRETATION OF GENE-LEVEL EVIDENCE IN SEMANTIC, SCGPT, AND HYBRID
RETRIEVAL

In ELISA, genes are not dynamically selected or generated at query time. Instead, all gene-level ev-
idence is precomputed in a deterministic manner through differential expression analysis performed
independently for each cluster. For every cluster, a fixed set of marker genes is identified and stored
together with summary statistics such as expression prevalence inside and outside the cluster. This
set defines the complete universe of genes that can be referenced during downstream retrieval and
interpretation.

Semantic, scGPT-only, and hybrid retrieval therefore operate over the same underlying cluster-
specific gene sets. Differences between these modes do not arise from changes in gene selection, but
from differences in how cluster relevance is assessed and how gene-level evidence is emphasized
during interpretation.

In semantic retrieval, clusters are selected based on similarity between the user query and natural-
language cluster summaries. These summaries are constructed to be interpretable and annotation-
rich, incorporating well-characterized marker genes, pathway enrichments, and metadata. As a
result, semantic interpretation tends to emphasize genes that are strong, generic cluster markers and
are well aligned with curated biological knowledge, such as canonical immune or stress-response
genes with established functional annotations.

In scGPT-only retrieval, cluster relevance is determined solely by transcriptional similarity in scGPT
latent expression space, without reference to natural-language annotations or curated biological de-
scriptions. Interpretation under this mode highlights genes that strongly shape the underlying ex-
pression geometry of the data, including dataset-specific or context-dependent programs that may
lack clear ontology or pathway annotations. While this mode can surface coherent expression-driven
signals, it does not distinguish whether those signals are semantically aligned with the biological in-
tent of the query.

Hybrid retrieval integrates these two perspectives by combining semantic similarity with expression-
derived similarity captured by scGPT embeddings. Hybrid retrieval may retrieve the same clusters
as semantic mode, but it re-weights their relevance using transcriptional structure, thereby altering
which gene programs are emphasized during interpretation. In this setting, genes that are weak or
context-dependent markers under semantic criteria may gain prominence if they form a coherent
expression program in scGPT space. Importantly, hybrid retrieval does not introduce new genes
or alter cluster-specific gene memberships; all genes highlighted in hybrid interpretation are drawn
from the same precomputed marker sets used in semantic and scGPT-only modes.

Across all retrieval modes, gene-level evidence is constructed in an identical, query-independent
manner. After clusters are selected, ELISA forms a gene evidence pool by taking the union of the
precomputed marker gene sets associated with the retrieved clusters, such that any gene appear-
ing as a marker in at least one cluster is included. Genes are then ranked using a fixed salience
score defined as the maximum absolute log fold change observed for that gene across the retrieved
clusters. No retrieval scores, semantic similarities, or scGPT similarities are used to weight or filter
genes at this stage. Consequently, differences between semantic, scGPT-only, and hybrid outputs re-
flect complementary perspectives on the same fixed biological signal: semantic retrieval emphasizes
annotation-aligned interpretations, scGPT-only retrieval emphasizes expression-dominant structure,
and hybrid retrieval provides a balanced, multimodal view that remains grounded in explicit, au-
ditable gene-level evidence.

3.1.3 DISCOVERY MODE: HYPOTHESIS-DRIVEN INTERPRETATION

In discovery mode, ELISA combines semantic and hybrid retrieval to select relevant clusters and
extract structured evidence including marker genes, ontology terms, and metadata. This evidence is
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passed to a large language model (LLM), which is tasked with interpreting the data in four stages:
(1) summarizing dataset-derived signals, (2) recalling known biology, (3) comparing findings with
expectations, and (4) generating plausible hypotheses. Importantly, the LLM does not perform any
retrieval or embedding; it operates solely over ELISA’s output. This separation ensures interpretabil-
ity, reproducibility, and trustworthiness of the generated insights.

3.2 THRESHOLDS AND HYPERPARAMETERS IN THE ELISA PIPELINE

ELISA relies on a small number of explicitly defined thresholds and hyperparameters that control
preprocessing, retrieval, and interpretation. All parameters are fixed a priori and are not learned
from downstream queries, ensuring reproducibility and transparency.

Differential expression and marker selection.

Cluster-specific marker genes are identified using Wilcoxon rank-sum tests as implemented in
Scanpy. Genes are retained if they satisfy an adjusted p-value threshold of p,g; < 0.05. For each
cluster, marker genes are ranked by the absolute value of the log fold change (—logFC—), and the
top K = 20 genes are retained as the cluster’s marker set. These marker sets define the complete
universe of genes that can appear as evidence during retrieval and interpretation.

Expression prevalence thresholds.

For each marker gene, expression prevalence is summarized using two quantities: pct_in, the fraction
of cells within the cluster expressing the gene, and pct_out, the fraction of cells outside the cluster
expressing the gene. No hard threshold is applied at storage time; however, during interpretation,
genes with extremely low pct_in may be deprioritized implicitly when ranking by salience.

Functional enrichment thresholds.

Gene Ontology Biological Process and Reactome pathway enrichment are computed using Enrichr.
Enrichment terms are retained if their adjusted p-value is below 0.05. For each cluster, at most
Kgo = 10 Gene Ontology terms and KRreacome = 10 Reactome pathways are stored, ranked by
adjusted significance. These enrichments are used only for semantic summaries and are not involved
in gene-level scoring.

Metadata summarization thresholds.

Cluster-level metadata summaries are constructed from categorical cell-level annotations to provide
interpretable context for retrieved clusters. Only metadata fields with a moderate number of unique
values (between 2 and 20) are considered, excluding trivial or overly granular annotations. For each
cluster and metadata field, category frequencies are computed, and only categories representing at
least 10% of the cluster’s cells are reported. This ensures that metadata summaries reflect dominant
cluster characteristics rather than rare or potentially noisy labels.

4 RESULTS AND DISCUSSION OF SEMANTIC VS HYBRID VS SCGPT
RETRIEVAL

Across both epithelial- and immune-focused datasets, our results demonstrate a clear and consistent
advantage of hybrid retrieval (A = 0.5) over either semantic-only (A = 1) or expression-only scGPT
retrieval (A = 0), as quantified by coverage of curated canonical gene sets (Tables [I] and 2). The
coverage analysis highlights that these three retrieval modes capture distinct and complementary
aspects of biological signal, with hybrid retrieval providing the most complete and robust recovery
of canonical transcriptional programs across both datasets.

Semantic retrieval captures stable, ontology-aligned biology.

As shown in Tables [I] and 2] semantic retrieval (A = 1) consistently prioritizes well-established,
ontology-supported genes associated with conserved cellular identity and broadly annotated biolog-
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ical processes. This mode reliably recovers canonical stress-response chaperones (e.g., HSPAIA/B,
HSP90AAI), lineage-associated markers (e.g., C1QA/C, PLXDC2), and immune identity genes, re-
sulting in moderate to high coverage for queries that closely align with curated pathway annotations,
such as immune activation heterogeneity and shared innate—adaptive programs.

However, Tables (1| and [2| also reveal systematic limitations of semantic retrieval for context-
dependent and state-specific programs. For epithelial interferon signaling, antigen presentation,
and cytokine signaling, semantic retrieval often exhibits low or zero coverage, reflecting incomplete
or coarse ontology annotations for transient functional states.

Expression-only scGPT retrieval captures transcriptional structure but lacks functional
grounding.

Expression-only retrieval using scGPT embeddings (A = 0) excels at identifying clusters with coher-
ent transcriptional states, as evidenced by strong performance for innate-like signaling, inflammatory
heterogeneity, and regulatory immune programs in Dataset 2 (Table [2). In these cases, scGPT-only
coverage approaches or matches semantic retrieval, highlighting its strength in capturing expression-
driven similarities that are reused across immune lineages.

Nevertheless, Tables [[|and [2] show that scGPT-only retrieval consistently underperforms for queries
requiring explicit functional interpretation, including interferon- stimulated responses, immune acti-
vation transitions, and cytokine signaling. The absence of semantic priors limits recovery of canon-
ical stress and regulatory genes (e.g., HSPAIA/B, DUSP1, ATF3), resulting in lower and less stable
coverage across multiple queries.

Hybrid retrieval integrates complementary signals and achieves the highest coverage.

Hybrid retrieval (A = 0.5) consistently achieves the highest or near-highest coverage across both
datasets (Tables [I] and [2). By integrating semantic similarity with expression-derived structure,
hybrid retrieval retains alignment with canonical, ontology-supported biology while expanding cov-
erage to include regulatory, metabolic, and activation-associated genes that are weakly represented
in semantic annotations alone.

This advantage is particularly evident for epithelial oxidative stress, cytokine signaling, antigen pre-
sentation, immune exhaustion, and interferon-stimulated programs, where hybrid retrieval recov-
ers additional transcriptional regulators and signaling adaptors (e.g., HSPBI, TREM2, ALOX5AP,
KLF6, DUSPI1, ATF3), leading to substantial coverage gains over both semantic-only and scGPT-
only retrieval (Tables[T]and 2)).

Importantly, hybrid retrieval does not degrade performance in settings where semantic retrieval al-
ready aligns well with curated biology. For well-annotated immune programs, hybrid coverage
matches or exceeds semantic coverage, demonstrating that integration augments rather than dilutes
canonical signal.

Implications for multimodal biological retrieval.

Taken together, the results summarized in Tables [I|and 2] demonstrate that semantic and expression-
based retrieval methods are complementary rather than redundant. Semantic retrieval provides align-
ment with stable, ontology-supported biological knowledge, while scGPT captures latent transcrip-
tional structure driven by gene expression. Hybrid retrieval effectively unifies these perspectives,
yielding the most complete and biologically meaningful recovery of canonical gene programs across
diverse epithelial and immune contexts.

The consistent superiority of hybrid retrieval across both datasets supports the central premise of this
work: that multimodal integration of semantic and expression embeddings is essential for robust,
context-aware retrieval in single-cell genomics.

Quantitative summary of retrieval efficiency.

To provide a global, quantitative view of retrieval efficiency across all queries and both datasets, we
summarize mean coverage for each retrieval mode in Figure 2] This aggregate analysis confirms
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the trends observed in Tables[T]and 2} hybrid retrieval achieves the highest average coverage with
reduced variance across queries, reflecting both improved robustness and more consistent recovery
of canonical gene programs. Semantic retrieval shows intermediate performance, while scGPT-
only retrieval exhibits substantially lower mean coverage and higher failure rates, particularly for
context-dependent functional programs. Together, these results visually reinforce the conclusion
that hybrid integration of semantic and expression-derived signals provides the most efficient and
reliable retrieval strategy.

Hybrid Retrieval Achieves Superior Functional Coverage

Across Epithelial and Immune Programs
100

Mean Functional Coverage (%)

Semantic Hybrid

Figure 2: Mean functional coverage across all queries in Dataset 1 and Dataset 2 for semantic-only
(A = 1), hybrid (A = 0.5), and scGPT-only (A = 0) retrieval. Error bars denote standard deviation
across queries. Hybrid retrieval consistently achieves the highest average coverage with reduced
variance, indicating more robust recovery of canonical transcriptional programs.

Table 1: Dataset 1, Semantic vs Hybrid.

Query Mode Top Clusters Key Gene Evidence Cov

1. Epithelial Stress Responses

Epithelial stress response Semantic 3,2,6,8,13 HSPA1B, HSPA1A, HSP90AA1l, 30
HSPB1, RPS4Y1, HBA1, HBA2,
HBZ, C1QC, C1QB, CD74,
PLXDC2

Epithelial stress response Hybrid 3,2,6,8,13 HSPA1B, HSPA1A, HSP90AA1l, 30
SELENOP, HBA1, HBA2, HBZ,
RPS26, C1QC, DAB2, TTR, CD74,
PLXDC2

Epithelial stress response scGPT 6,1,17,3 SLPI, SCGB3Al, KRT19, KRT17, 0
MIR205HG, JUNB, HLA-DRA,
CD74, CCL5

Oxidative stress signaling in ep- Semantic 3,15,2,11,16 HSPA1B, HSPA1A, SLC9A9, 40

ithelial cells RPS4Y1, PLXDC2, S100All,
FRMD4A, SLC2AI, CNST,
LTBPI1, LIMS1, GPNMB, NEAT1

Oxidative stress signaling in ep- Hybrid 3,15,2,11,16 HSPAIB, HSPA1A, 50

ithelial cells HSPB1,TREM2,ALOX5AP,
CNST, LIMS1, GPNMB, NEAT1

Oxidative stress signaling in ep-  scGPT 6,1,3,15,17 SLPI, SCGB3A1, KRT19, KRT17, 10

ithelial cells

FOS, HSPBI,
SRGN, CD74

CCLS5, PTPRC,

Immune-like Signaling in Epithelial Cells
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Query Mode Top Clusters Key Gene Evidence

Immune-like signaling in epithe- Semantic 15,1,11,2,16 DAB2, C1QA, FCGRT, PLXDC2, 80

lial cells S100A11, TREM2, RPS4Y]1,
HSPA1A, HSPAIB, SLC2AI,
GPNMB, NEAT1

Immune-like signaling in epithe- Hybrid 15,1, 11,2,16 CNST, LTBP1, LIMS1, LGMN, 80

lial cells CI1QA, FCGRT, PLXDC2,
S100A11, TREM2, HSPAIA,
HSPA1B, GPNMB, NEAT1, KLF6

Immune-like signaling in epithe- scGPT 6,1,15,17,3 SLPI, SCGB3A1, KRT19, KRT17, 10

lial cells CD9, PTPRC, CCL5, HLA-DRA,
CD74

Interferon signaling in airway Semantic 12, 15, 14, 13, Nan 0

epithelial cells 8

Interferon signaling in airway Hybrid 12, 15, 14, 8, TUBB, TUBAI1B, H2AZ1, 30

epithelial cells 13 STMN1, RPS26, RPL39, TTR,
CD74, PLXDC2

Interferon signaling in airway scGPT 6,15,1, 3,17 CCLS, PTPRC, SRGN 0

epithelial cells

Antigen Presentation in Epithelial Cells

Antigen presentation in epithe- Semantic 18, 1, 15, 11, Nan 0

lial 20

Antigen presentation in epithe- Hybrid 18, 1, 15, 11, LGMN, C1QA, FCGRT, PLXDC2, 50

lial 20 S100A11, TREM2

Antigen presentation in epithe- scGPT 1,6,15,17,8 SLPI, SCGB3A1, PTPRC, CCL5, 10

lial cells HLA-DRA, HLA-DPB1, FYN

MHC-II expression in epithelial ~Semantic 2,14,18,1,11 Nan 0

cells

MHC-II expression in epithelial Hybrid 2,14,18,1,11 H2AZI1, TUBA1B, S100A6, 30

cells TIMP3, C1QA, CD14, PLXDC2,
S100A11

MHC-II expression in epithelial scGPT 6,3,17 HLA-DRA, HLA-DPB1, CD74, 20

cells HLA-DQAL1

Inter-epithelial Immune Signaling

Inter-epithelial immune signal- Semantic 11, 15, 13, 18, PLXDC2, S100A11, TREM2, &0

ing 8 CNST, LIMS1, RGS18, CD74,
ARHGAPI15, GATA2, SI100A6,
RPS26, C1QC, DAB2

Inter-epithelial immune signal- Hybrid 11, 15, 18, 8, PLXDC2, SLC8A1l, S100A11, 80

ing 13 CNST, LTBP1, LIMSI1,
ARHGAPI15, GATA2, S100A6,
RPS26, C1QC, DAB2, TTR, CD74

Inter-epithelial immune signal- scGPT 6,1,3,15,17 SLPI, SCGB3Al, KRT19, 20

ing CD9, HSPBI1, CCL5, PTPRC,
ARHGAPI15, CD74

Cytokine signaling within ep- Semantic 15, 20, 16, 13, CD52, TRBCI1, IL7R, GPNMB, 10

ithelial 11 NEAT1, KLF6, TTR, CD74,
PLXDC2, S100A11, DOCK4

Cytokine signaling within ep- Hybrid 15, 20, 16, 11, IL7R, NFKBIA, KLF6, FOS, 30

ithelial 1 DOCK4, TREM2, LIMS1, RGS18,
LGMN, CIQA

Cytokine signaling within ep- scGPT 6,1,3,15,17 SLPI, SCGB3A1, KRT19, KRT17, 10

ithelial cells

CD9, FOS, CCL5, PTPRC, HLA-
DRA
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Table 2: Dataset 2, Semantic (lambda = 1) vs Hybrid (lambda = 0.5) vs

scGPT (Imda = 1)

Query Mode Top Clusters Key Gene Evidence Cov

Immune Activation State Heterogeneity Across Immune Cell Populations

Immune activation state het- Semantic 18, 3, 16, 1, ARHGAPI15, GATA2, TIMP3, HSPA1B, 60

erogeneity across immune cell 11 HSPA1A, SLC9A9, GPNMB, NEATI,

populations KLF6, LGMN, C1QA, DAB2, PLXDC2,
S100A11, DOCK4

Immune activation state het- Hybrid 18, 3, 16, 1, ARHGAPI15, GATA2, S100A6, GIHCG, 100

erogeneity across immune cell 11 SLC24A3, MEIS2, ITGA4, TAGLN2,

populations SOX4, HSPA1B, HSPA1A, HSP90AAL,
RPS4Y1, DNAJB1, STABI, HSPBI,
JUN, GPNMB, NEATI1, SLC2A1, KLF6,
FOS, DUSP1, ATF3, SH3BP5, ARLA4C,
SAMD4A, LGMN, C1QA, DAB2, FC-
GRT, BLVRB, PLTP, VSIG4, A2M,
Cl1QB, CDl14, PLXDC2, SLCS8Al,
S100A11, FRMD4A, DOCK4, TREM2,
ALOXS5AP, CAPG, LIMS1, C3

Immune activation state het- scGPT 16, 17, 19, 8, GPNMB, NEAT1, RUNXI1, LYVE1l, 10

erogeneity across immune cell 11 C1QC, DAB2, PLXDC2, S100A11

populations

Transcriptional programs as- Semantic 3, 16, 18, 19, HSPA1B, HSPA1A, GPNMB, NEATI, 50

sociated with activated versus 1 ARHGAPI15, ITGA4, RUNXI1, LYVEI,

resting immune cells LGMN, C1QA

Transcriptional programs as- Hybrid 3,16, 18, 19, HSPAIB, HSPAIA, HSP90AA1l, GP- 60

sociated with activated versus 1 NMB, NEATI1, KLF6, ARHGAPIS5,

resting immune cells GATA2, S100A6, FOXO3, LGMN,
CI1QA, DAB2

Transcriptional programs as- scGPT 16,17, 19 GPNMB, NEATI, RUNXI1, LYVEIl, 10

sociated with activated versus FOXO0O3

resting immune cells

Shared Transcriptional Programs Between Innate and Adaptive Immune Cells

Shared transcriptional pro- Semantic 3, 18, 19, 16, HSPAIB, HSPAI1A, HSPO90AA1, 90

grams between innate and 8 ARHGAPI15, ITGA4, RUNXI1, LYVEI,

adaptive immune cells GPNMB, SLC2A1, RPS26, C1QC

Shared transcriptional pro- Hybrid 3, 8, 16, 18, HSPAIB, HSPA1A, SLCY9A9, 60

grams between innate and 19 ARHGAPI15, GATA2, RUNXI1, LYVEI1

adaptive immune cells

Shared transcriptional pro- scGPT 16,17,19,18 GPNMB, SLC2A1, RUNXI1, LYVE1l, 60

grams between innate and ARHGAPI15, GATA2

adaptive immune cells

Innate-like signaling pathways Semantic 3, 18,2 HSPA1B, HSPA1A, SLC9A9, MRCI1, 40

expressed in adaptive immune ARHGAPI15, GATA2, TIMP3, RPS4Y1

populations

Innate-like signaling pathways Hybrid 3,18,2,8,15 HSPAIB, HSPA1A, HSP90OAA1, HSPB1, 60

expressed in adaptive immune ARHGAP15, ITGA4, GATA2, MEIS2,

populations RPS26, C1QC, RPL39, CNST, LIMSI,
RGS18, PBX1

Innate-like signaling pathways scGPT 17,19, 8, 18 RUNXI1, LYVEI1, C1QC, ARHGAPI15, 50

expressed in adaptive immune GATA2

populations

Immune Dysfunction, Exhaustion, and Regulation

Transcriptional signatures of Semantic 20,1,19,7,0 CD52, TRBCI1, IL7R, LGMN, CIQA, 30

immune exhaustion or dysfunc-
tion

10
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Query Mode Top Clusters Key Gene Evidence Coverage

Transcriptional signatures of Hybrid 20,1,19,0,3 CD52, TRBC1, ID2, LGMN, CIQA, 50

immune exhaustion or dysfunc- DAB2, RUNXI1, LYVEI1, RPS4Y1, FOS,

tion RNASEI, FOLR2, HSPA1B, HSPAIA,
SLC9A9

Transcriptional signatures of scGPT 16,17,11,19, GPNMB, RUNXI1, LYVEl, KLF6, 30

immune exhaustion or dysfunc- 20 TREM2

tion

Regulatory immune programs Semantic 18, 11,10,15, ARHGAP15, GATA2, S100A6, PLXDC2, 80

beyond canonical Treg annota- 16 SLC8A1, S100A11, SRGN, RNASEI,

tions LYVEI], CNST, LTBP1, LIMS1, GPNMB,
NEAT1, SLC2A1

Regulatory immune programs Hybrid 18,11, 15,16, ARHGAPI15, GATA2, TIMP3, S100A6, 90

beyond canonical Treg annota- 19 PLXDC2, SLC8A1, S100A11, FRMD4A,

tions CNST, LTBP1, LIMSI1, RGS18, GP-
NMB, NEAT1, SLC2A1, KLF6, RUNXI,
LYVEL, RPS4Y1, FOXO3

Regulatory immune programs scGPT 16,17,18,19 GPNMB, SLC2A1, ARHGAP15, GATA2 40

beyond canonical Treg annota-

tions

Interferon and Inflammation Signaling

Interferon-stimulated gene Semantic 18, 3, 16, 2, ARHGAPI15, GATA2, TIMP3, S100A6, 80

programs across immune cell 13 HSPA1B, HSPA1A, SLC9A9, MRC1, GP-

types NMB, NEAT1, SLC2A1, KLF6, RPS4Y1,
SELENOP, TTR, CD74, PLXDC2, RPL41

Interferon-stimulated gene Hybrid 18, 3, 16, 2, ARHGAPI15, GATA2, S100A6, HSPA1B, 90

programs across immune cell 13 HSPA1A, HSP90AA1, GPNMB, NEATI,

types KLF6, HSPB1, TTR, CD74, PLXDC2

Interferon-stimulated gene scGPT 16,17,19,18, GPNMB, NEAT1, SLC2A1, KLF6, FOS, 40

programs across immune cell 8 DUSPI, ATF3

types

Inflammatory signaling hetero- Semantic 3,18, 16,2,8 HSPAIB, HSPAI1A, SLC9A9, 80

geneity within immune popula- ARHGAP15, GATA2, TIMP3, GP-

tions NMB, NEAT1, KLF6, RPS4Y1, RPS26,
C1QC, DAB2

Inflammatory signaling hetero- Hybrid 3,18,16,2,8 HSPA1B, HSPA1A, HSPO9OAA1, HSPB1, 80

geneity within immune popula- ARHGAP15, GATA2, GPNMB, NEATI,

tions RPS26, C1QC

Inflammatory signaling hetero- scGPT 16, 17, 19, 8, GPNMB, NEAT1, KLF6, C1QC, DAB2,

geneity within immune popula- 18 ARHGAPI15

tions

5 DISCOVERY MODE REVEALS CONTEXT-SHIFTED BIOLOGICAL PROGRAMS
BEYOND ANNOTATION-DRIVEN RETRIEVAL.

Tables [3| and |4|illustrate the qualitative behavior of ELISA’s discovery mode across epithelial and
immune-centric queries. In contrast to semantic or hybrid retrieval, which prioritize ontology align-
ment or expression similarity to predefined concepts, discovery mode explicitly surfaces clusters
where strong gene-level evidence appears in unexpected cellular or functional contexts.

In epithelial-focused queries (Table[3)), discovery mode highlights antigen presentation, hypoxic sig-
naling, and immune-associated transcriptional programs in epithelial populations not canonically an-
notated as immune. The presence of immune markers (e.g., HLA-DRA, CD74, TYROBP) alongside
ciliary or secretory genes suggests potential stress-induced or context-dependent immune—epithelial
coupling, rather than annotation errors. Importantly, ELISA does not assert novel functions, but
instead formulates cautious hypotheses grounded in observed expression patterns.
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In immune-focused queries (Table[)), discovery mode consistently identifies transcriptional modules
associated with development, cytoskeletal remodeling, and generic stress responses across mature
immune populations. The recurrence of developmental transcription factors (e.g., GATA2, MEIS2,
SOX4), cytoskeletal regulators (e.g., TAGLN2, ITGA4), and stress-response genes (e.g., HSPAIA/B,
ATF3) suggests that immune activation may involve partial reuse of broadly conserved regulatory
programs rather than strictly immune-specific pathways.

Together, these tables demonstrate that discovery mode complements semantic and hybrid retrieval
by emphasizing hypothesis generation over retrieval accuracy. By explicitly contrasting dataset
evidence with established biology, ELISA supports exploratory analysis while maintaining inter-
pretability and epistemic caution—an essential requirement for trustworthy biological discovery.

Table 3: Discovery mode Dataset 1
Top Clus- Key Gene Evidence Unexpected / Context- Formulated Hypotheses
ters shifted
1. Antigen Pr in Unexpected Contexts
Unexpected antigen presenta-  Discovery 10, 8, 16, 0, CD3D, CCL5, PTPRC, DNAHI2, CFAP299, LR- Ciliary-associated genes may participate in
tion in non-immune cells 11 HLA-DRA, TYROBP RIQ1 in epithelial cluster 0 immune-related signaling or reflect epithe-
lial stress—immune coupling

Query Mode

2. Hypoxic and Stress R

Hypoxic signaling in airway Discovery 12, 5, 2, 4, FAMIS5A, IL32, LRRIQI, Z93241.1, GAS5 Basal epithelial and immune-associated

basal cells 14 ARHGAPI5, HSPBI, genes may jointly contribute to hypoxia-
KRT19 adaptive programs

3.1 Epithelial Crosstalk

793241.1, GASS, AQP3 Secretory epithelial cells may actively par-
ticipate in immune modulation beyond

canonical roles

Crosstalk between immune Discovery 2, 6, 7, 14, KRTI9, SLPI, CD9,
and secretory epithelial cells 11 CD74, MIR205HG

Table 4: Discovery mode Dataset 2

Top Clus- Key Gene Evidence Unexpected / Context- Formulated Hypotheses
ters shifted

Query Mode

1. Develop I Program Reactivation
Reactivation of developmen- Discovery 3, 18, 16

tal transcriptional programs

GATA2, MEIS2, SOX4, Developmental tran- Immune activation may transiently reuse
JUN, KLF6, GPNMB scription  factors and developmental transcriptional circuits to

during immune responses

early-response  regulators
expressed in mature im-
mune populations

support plasticity, stress adaptation, and
functional state transitions rather than lin-
eage reversion

2. Structural and Cytoskeletal Regulation

Structural and cytoskeletal Discovery 3,18, 11

gene programs associated
with immune regulation

TAGLN2, ITGA4,
ARHGAPI15, CAPG,
DOCK4, VIM

Cytoskeletal  remodeling
and adhesion programs
enriched beyond canonical
motility or activation
contexts

Structural and cytoskeletal regulators may
actively participate in immune signaling,
migration plasticity, and cell-cell interac-
tion remodeling

3. Stress and Transcriptional Rewiring
Stress-associated tran-  Discovery 3,16, 8 HSPATA/B, HSP90AAI, Stress-response and Immune responses may leverage generic
scriptional rewiring during ATF3, DUSPI1, FOS immediate-early genes  stress-response transcriptional modules as

immune activation

broadly activated across
immune clusters

a regulatory layer for rapid functional
adaptation

6 FUTURE PERSPECTIVE

Future work will focus on strengthening the biological validation of ELISA by more systematically
integrating ontology- and program-based evaluation strategies. In addition to Gene Ontology—based
analyses, we plan to incorporate curated transcription factor—target databases such as TRRUST,
enabling quantitative assessment of regulatory program recovery through enrichment of TF target
genes among retrieved evidence sets. This will allow evaluation of context-dependent transcriptional
programs beyond manually curated gene lists. In particular, incorporating hierarchical GO consis-
tency, TF-target enrichment, and enrichment stability across retrieval modes would provide a more
principled validation of functional coherence. We also plan to extend the current A-ablation analysis
by exploring adaptive or query-specific weighting strategies, allowing the balance between seman-
tic priors and expression-derived evidence to be learned or dynamically adjusted rather than fixed.
Finally, an important direction is to evaluate ELISA across additional datasets and perturbation set-
tings, including cross-condition and cross-species analyses, to assess robustness, generalizability,
and sensitivity to annotation sparsity. Together, these extensions would further improve the inter-
pretability, validation rigor, and applicability of ELISA as a human-in-the-loop discovery tool for
single-cell genomics.
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7 CONCLUSION

ELISA is a retrieval-augmented agent designed to support exploratory analysis of large-scale single-
cell transcriptomic data by integrating semantic understanding with expression-derived biological
evidence. In contrast to traditional annotation-centric tools, ELISA enables free-form biological
querying while grounding results in transcriptionally coherent cell populations and interpretable
gene-level signals.

By combining domain-adapted language embeddings with scGPT-based expression representations,
ELISA supports multiple retrieval modes that address distinct analytical needs. Semantic retrieval
provides efficient alignment with ontology-supported annotations, expression-based retrieval cap-
tures latent transcriptional structure, and hybrid retrieval integrates both to improve sensitivity to
context-dependent functional programs. This multimodal design allows ELISA to recover biologi-
cally meaningful states that may be weakly annotated, transient, or shared across cell types.

Across diverse epithelial and immune queries, hybrid retrieval consistently achieves broader and
more robust coverage of curated canonical gene programs, demonstrating the value of integrating
prior biological knowledge with data-driven expression structure. Importantly, ELISA exposes re-
trieval results alongside gene-level evidence, enabling users to critically assess biological relevance
rather than relying on opaque annotations alone.

More broadly, ELISA illustrates how agent-based architectures can bridge natural language inter-
faces and high-dimensional biological data in a transparent and scalable manner. By anchoring
free-text queries to interpretable transcriptional evidence, ELISA provides a practical framework for
hypothesis generation, cross-dataset exploration, and mechanistic reasoning in single-cell genomics.
Importantly, ELISA is not intended as a fully autonomous discovery system, but as a human-in-the-
loop analytical tool that supports expert reasoning and cautious interpretation rather than specula-
tive inference. Qualitative review by a quantitative biologist confirmed that discovery-mode outputs
consistently highlighted biologically plausible, context-dependent gene programs while maintaining
appropriate epistemic caution. We view this approach as a step toward interactive, evidence-aware
systems biology tools that operate at the interface of language, data, and biological insight.

8 AI-ASSISTANCE

ChatGPT was used solely to improve the clarity and quality of the text and to correct typographical
and grammatical errors
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A APPENDIX

A.1 QUANTITATIVE BIOLOGIST VALIDATION

Dataset 1 Berg et al.|(2025) The canonical gene sets listed above were curated from well-established
literature on epithelial stress, immune—epithelial interactions, and inflammatory signaling in the air-
way, and are not derived from the retrieval outputs themselves. Stress-associated chaperones and
regulators (e.g., HSPA1A/B, HSP90AA1, HSPB1, HMOX1, TXNIP) capture conserved cellular re-
sponses to proteotoxic, oxidative, and inflammatory stress, while immune and antigen-presentation
markers (e.g., HLA-DRA/DRB1, CD74, FCGRT, CIITA, C1QA/C) reflect well-characterized ep-
ithelial programs associated with immune sensing and immune—epithelial crosstalk. Interferon-
stimulated genes (e.g., [IFITM1, ISG15, MX1, OAS1, STAT1, IRF7) and cytokine-response regula-
tors (e.g., NFKBIA, FOS, JUN, TNFAIP3, SOCS3) represent canonical antiviral and inflammatory
pathways known to be context-dependent in epithelial cells.

Coverage values therefore quantify how effectively retrieval recovers biologically established mark-
ers, rather than defining ground truth. The consistent gains of hybrid retrieval for interferon sig-
naling, antigen presentation, and cytokine responses indicate that integrating expression-derived
structure with semantic priors improves sensitivity to transcriptional programs that are weakly rep-
resented in ontology-driven annotations but are well supported by gene-level evidence in the data.

* Epithelial stress response:HSPA1B, HSPA1A, HSP90OAA1, TREM2,ALOX5AP, CNST,
LIMS1, GPNMB,NEAT1,DAB2

* Oxidative stress signaling in epithelial cells:
HSPA1A,HSPA1B,HSPB1,HMOX1,SOD2, TXNIP,NFKBIA,SLC2A1,ALOX5AP,GPNMB

* Immune-like signaling in epithelial cells:
CI1QA,FCGRT,CD74,TREM2,PLXDC2,DAB2,HSPA1A ,HSPA1B,GPNMB,KLF6

* Interferon signaling in airway epithelial cells: IFITM1,ISG15,MX1,0AS1,STAT1,IRF7,HLA-

DRA,CD74,PLXDC2,TTR

* Antigen presentation in epithelial: HLA-DRA,HLA-
DRB1,CD74,LGMN,FCGRT,CTSS,CIITA,PLXDC2,TREM2,S100A11

* MHC-II expression in epithelial cells: HLA-DRA,HLA-

DRB1,CD74,CIITA,CTSS,LGMN,FCGRT,C1QA,PLXDC2,S100A11

¢ Inter-epithelial immune signal- ing:
CD74,C1QC,C1QA,PLXDC2,S100A11,TREM2,DAB2,ARHGAP15,GATA2,LTBP1

* Cytokine signaling within epithelial, IL7R, NFK-
BIA,FOS,JUN,CXCLS8,IL6,TNFAIP3,SOCS3,CCL2,CXCL2

Gene has been selected by biologist knowledge and by the following work: Berg et al.| (2025);
Carraro et al.|(2021));\Schupp et al.|(2020); Shteinberg et al.| (202 1)); Bojanowski et al.|(2021)); Eugene
et al.| (2020); ivan Montfoort et al.| (2018)); Léveque et al.|(2017)

Dataset 2 [Vinsland et al.| (2025) The canonical gene sets for Dataset 2 capture well-established
transcriptional programs underlying immune activation, functional state transitions, and regulatory
heterogeneity across innate and adaptive immune populations. Immediate-early and stress-response
regulators (e.g., HSPA1A/B, JUN, FOS, ATF3, DUSP1) are known hallmarks of immune activation
and rapid transcriptional remodeling, while lineage-associated and regulatory factors (e.g., RUNXI1,
GATA2, ARHGAPIS5, ITGA4, LYVEL1) reflect conserved immune identity, trafficking, and differen-
tiation programs. Markers such as C1QA/C, GPNMB, LGMN, and DAB?2 are repeatedly implicated
in myeloid activation, immune regulation, and tissue-associated immune states, whereas interferon-
and inflammation-associated genes (e.g., HSP9OAA1, HSPB1, NEAT1, KLF6, CD74) represent
canonical antiviral and inflammatory responses shared across immune cell types.

As in Dataset 1, coverage values measure recovery of biologically established transcriptional pro-
grams rather than discovery of novel markers. The increased coverage achieved by hybrid retrieval
for activation heterogeneity, immune dysfunction, regulatory programs beyond canonical Treg an-
notations, and interferon signaling indicates improved sensitivity to broadly reused and context-
dependent immune programs that are not fully captured by ontology-aligned semantic descriptions
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alone. In contrast, cases where semantic retrieval performs comparably (e.g., shared innate—adaptive
programs and inflammatory signaling) suggest alignment with well-annotated immune pathways,
highlighting the complementary strengths of semantic and expression-informed retrieval.

Immune activation state heterogeneity across immune cell population:HSPA1A, HSPA1B,
JUN, FOS, ATF3, DUSP1,C1QA, GPNMB, LGMN, KLF6

Transcriptional programs associated with activated versus resting immune cells:HSPA1A,
HSPAI1B, JUN, FOS, ATF3, DUSP1, C1QA, GPNMB, LGMN, KLF6

Shared transcriptional programs between innate and adaptive immune cells: HSPAIA,
HSPA1B,RUNX1, GATA2,ARHGAP15, ITGA4,C1QC, GPNMB,SLC2A1, LYVE1

Innate-like signaling pathways expressed in adaptive immune populations: HSPAI1A,
HSPA1B,RUNX1, GATA2,ARHGAP15, ITGA4,C1QC, GPNMB,SLC2A1, LYVE1

Transcriptional — signatures of immune exhaustion or dysfunction,HSPA1A,
HSPA1B,RUNX1, GATA2,ARHGAP15, ITGA4,C1QA,GPNMB,SLC2A1,LYVEI1

Regulatory immune programs beyond canonical Treg annotations, ARHGAPI1S5,
GATA2,RUNX1,LYVE1,GPNMB,SLC2A1,C1QA,ITGA4,KLF6,FOX3

Interferon-stimulated gene programs across immune cell types,
HSPA1A,HSPA1B,HSP90AA1,HSPB1,GPNMB,NEAT1,SLC2A1,KLF6,CD74,TTR
Inflammatory signaling heterogeneity within immune populations,

HSPA1A,HSPA1B,HSP90AA1,HSPB1,GPNMB,NEAT1,KLF6,C1QC,DAB2,ARHGAP15

Gene have been selected through biologist knowledge and the following paper: [Vinsland et al.
(2025)); 'Wang et al.[ (2022); Villani et al.| (2017); |O’Byrne et al.| (2019); [Cao et al.| (2020); [Tohma
et al.[(1992)

A.2 PROMPT DATASET 1

Semantic: Epithelial stress response.

Based on the provided dataset evidence, I will analyze the clusters related to the epithe-
lial stress response. Cluster 3 has a semantic similarity of 0.22780147194862366 and con-
tains 667 cells. The metadata indicates that these cells are primarily Myeloid cells, specif-
ically Macrophages Monocyte- like (94.60269865067467(HSPA1B, HSPA1A, HSP90AAL,
HSPB1), which are often upregulated in response to stress. However, it is essential to
note that the logFCvalues are NaN, indicating that the fold change is not available for
these genes. Cluster 2 has a semantic similarity of 0.1988079845905304 and contains
958 cells. The metadata indicates that these cells are also primarily Myeloid cells, specif-
ically Macrophages- iron metabolism (85.07306889352818proteins (HSPA1A, HSPA1B,
RPS4Y1), which are similar to those found in Cluster 3. Cluster 6 has a semantic simi-
larity of 0.18664202094078064 and contains 370 cells. The metadata indicates that these
cells are primarily Myeloid cells, specifically Monocytes (85.67567756756757shows that
these cells express genes involved in hemoglobin production (HBA1, HBA2, HBZ), which
is not directly related to the epithelial stress response. Cluster 8 has a semantic similarity of
0.1846211552619934 and contains 342 cells. The metadata indicates that these cells are pri-
marily Myeloid cells, specifically Monocytes (82.16374269005848express genes involved in
the complement system (C1QC, C1QB), which is not directly related to the epithelial stress
response. Cluster 13 has a semantic similarity of 0.17829006910324097 and contains 165
cells. The metadata indicates that these cells are primarily Myeloid cells, specifically ChP
Microglia (99.39393939393939genes involved in the immune response (CD74, PLXDC2),
which is not directly related to the epithelial stress response. In conclusion, Cluster 3 and
Cluster 2 show some relevance to the epithelial stress response due to the expression of
heat shock proteins. However, the lack of logFC values for these genes and the presence
of other genes not directly related to stress response in other clusters limit the conclusion.
Further analysis is required to confirm the relevance of these clusters to the epithelial stress
response.
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Hybrid: Epithelial stress response.

Based on the provided dataset evidence, I will analyze the clusters related to the epithelial
stress response. Cluster 3 has a high hybrid similarity score of 0.8453 and is character-
ized by the presence of genes involved in stress response, such as HSPA1B, HSPAIA, and
HSP90AA1. These genes are typically upregulated in response to cellular stress, suggesting
that this cluster may be involved in the epithelial stress response. The cluster also contains
a high proportion of macrophages and monocyte-like cells, which are known to play a role
in immune responses and stress management. Cluster 2 has a high hybrid similarity score
of 0.8389 and is characterized by the presence of genes involved in stress response, such as
HSPA1A, HSPA1B, and SELENOP. These genes are also typically upregulated in response
to cellular stress, suggesting that this cluster may be involved in the epithelial stress response.
The cluster also contains a high proportion of macrophages and monocyte- like cells, similar
to Cluster 3. Cluster 6 has a moderate hybrid similarity score of 0.8367 and is characterized
by the presence of genes involved in stress response, such as HBA1, HBA?2, and HBZ. These
genes are typically upregulated in response to cellular stress, suggesting that this cluster may
be involved in the epithelial stress response. The cluster also contains a high proportion
of monocytes and macrophages, which are known to play a role in immune responses and
stress management. Cluster 8 has a moderate hybrid similarity score of 0.8367 and is char-
acterized by the presence of genes involved in stress response, such as RPS26, C1QC, and
DAB2. These genes are typically upregulated in response to cellular stress, suggesting that
this cluster may be involved in the epithelial stress response. The cluster also contains a high
proportion of monocytes and macrophages, similar to Cluster 6. Cluster 13 has a moderate
hybrid similarity score of 0.8349 and is characterized by the presence of genes involved in
stress response, such as TTR, CD74, and PLXDC2. These genes are typically upregulated in
response to cellular stress, suggesting that this cluster may be involved in the epithelial stress
response. The cluster also contains a high proportion of ChP microglia and dendritic cells,
which are known to play a role in immune responses and stress management. In summary,
the clusters related to the epithelial stress response are characterized by the presence of genes
involved in stress response and a high proportion of immune cells, such as macrophages and
monocytes. These clusters may be involved in the epithelial stress response, but further
analysis is needed to confirm this hypothesis.

scGPT: Epithelial stress response.

Based on the provided dataset evidence, I will analyze the clusters related to the epithelial
stress response. Cluster 6 has a high hybrid similarity (0.9997496) and is primarily composed
of epithelial cells (0.9988512). The cluster is enriched with genes such as SLPI, SCGB3Al,
and KRT19, which are typically associated with epithelial cells. This cluster is likely re-
lated to the epithelial stress response, as it contains genes that are involved in maintaining
epithelial integrity and function. Cluster 1 has a high hybrid similarity (0.9996884) and is
also primarily composed of epithelial cells (0.9995779). This cluster is enriched with genes
such as KRT17, MIR205HG, and JUNB, which are involved in cell proliferation, differen-
tiation, and stress response. This cluster is likely related to the epithelial stress response,
as it contains genes that are involved in regulating epithelial cell behavior. Cluster 17 has a
high hybrid similarity (0.9996237) and is primarily composed of immune cells (0.9395629).
However, this cluster also contains a significant proportion of epithelial cells (0.060437).
The cluster is enriched with genes such as HLA-DRA, HLA-DPB1, and CD74, which are
involved in immune cell function and antigen presentation. This cluster is likely related to
the epithelial stress response, as it contains genes that are involved in the immune response to
epithelial cells. Cluster 3 has a high hybrid similarity (0.9996114) and is primarily composed
of immune cells (0.9973902). However, this cluster also contains a significant proportion of
epithelial cells (0.0026098). The cluster is enriched with genes such as CCLS5, PTPRC, and
SYTL3, which are involved in immune cell function and cell signaling. This cluster is likely
related to the epithelial stress response, as it contains genes that are involved in regulating
immune cell behavior in response to epithelial cells. In summary, clusters 6, 1, 17, and 3
are likely related to the epithelial stress response, as they contain genes that are involved in
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maintaining epithelial integrity, regulating epithelial cell behavior, and responding to epithe-
lial cells. However, it is essential to note that these clusters are not exclusively composed of
epithelial cells and contain a significant proportion of immune cells.

Semantic: Oxidative stress signaling in epithelial cells.

Based on the provided dataset evidence, I will analyze the clusters related to oxidative stress
signaling in epithelial cells. Cluster 3 has a semantic similarity of 0.27004897594451904
and contains 667 cells. The cluster is primarily composed of macrophages and monocyte-
like cells. The gene evidence shows that HSPA1B, HSPA1A, and SLC9A9 are highly ex-
pressed in this cluster, which are involved in heat shock protein activity and sodium transport,
respectively. These genes may be related to cellular stress response and ion homeostasis.
Cluster 15 has a semantic similarity of 0.2658652067184448 and contains 146 cells. The
cluster is primarily composed of megakaryocytes and platelets. The gene evidence shows
that CNST, LTBP1, and LIMSI1 are highly expressed in this cluster, which are involved in
cell adhesion and cytoskeleton organization. These genes may be related to cellular structure
and function. Cluster 2 has a semantic similarity of 0.2619014382362366 and contains 958
cells. The cluster is primarily composed of macrophages and monocyte-like cells. The gene
evidence shows that RPS4Y1, HSPA1A, and HSPA1B are highly expressed in this cluster,
which are involved in ribosomal protein activity and heat shock protein activity, respectively.
These genes may be related to cellular stress response and protein synthesis. Cluster 11 has
a semantic similarity of 0.23533692955970764 and contains 270 cells. The cluster is pri-
marily composed of microglia and dendritic cells. The gene evidence shows that PLXDC2,
S100A11, and FRMDA4A are highly expressed in this cluster, which are involved in cell ad-
hesion and cytoskeleton organization. These genes may be related to cellular structure and
function. Cluster 16 has a semantic similarity of 0.23141954839229584 and contains 141
cells. The cluster is primarily composed of macrophages and monocyte-like cells. The gene
evidence shows that GPNMB, NEAT1, and SLC2A1 are highly expressed in this cluster,
which are involved in cell adhesion and glucose transport, respectively. These genes may
be related to cellular structure and function. In summary, the clusters related to oxidative
stress signaling in epithelial cells are primarily composed of macrophages and monocyte-like
cells. The highly expressed genes in these clusters are involved in cellular stress response,
ion homeostasis, cell adhesion, and cytoskeleton organization. However, it is essential to
note that the provided dataset evidence does not explicitly mention oxidative stress signal-
ing, and the relevance of these clusters to epithelial cells is not directly established. Further
analysis and experimental validation are required to confirm the biological significance of
these findings.

Hybrid: Oxidative stress signaling in epithelial cells.

Based on the provided dataset evidence, I will analyze the clusters related to oxidative stress
signaling in epithelial cells. Cluster 3 has a high hybrid similarity score (0.853746) and is
characterized by a high expression of heat shock proteins (HSPs) such as HSPA1B, HSPA1A,
and HSPB1. These proteins are known to play a role in protecting cells against oxidative
stress. Additionally, the cluster has a high percentage of cells expressing genes involved
in iron metabolism, which is relevant to oxidative stress. Cluster 15 has a moderate hybrid
similarity score (0.852924) and is characterized by a high expression of genes involved in cell
adhesion and migration, such as CNST and LIMS1. While these genes are not directly related
to oxidative stress, they may be involved in the cellular response to oxidative stress. Cluster
2 has a high hybrid similarity score (0.851491) and is characterized by a high expression of
HSPs, including HSPA1A, HSPA1B, and HSPB1. This cluster also has a high percentage
of cells expressing genes involved in iron metabolism, similar to Cluster 3. Cluster 11 has
a moderate hybrid similarity score (0.846779) and is characterized by a high expression of
genes involved in immune responses, such as TREM2 and ALOX5AP. While these genes
are not directly related to oxidative stress, they may be involved in the cellular response
to oxidative stress. Cluster 16 has a moderate hybrid similarity score (0.846182) and is
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characterized by a high expression of genes involved in cell survival and proliferation, such
as GPNMB and NEAT1. While these genes are not directly related to oxidative stress, they
may be involved in the cellular response to oxidative stress. In summary, clusters 3, 2, and 16
have a high expression of heat shock proteins and genes involved in iron metabolism, which
are relevant to oxidative stress signaling in epithelial cells.

scGPT: Oxidative stress signaling in epithelial cells.

Based on the provided dataset evidence, we can analyze the relevance of each clus-
ter to oxidative stress signaling in epithelial cells. Cluster 6 has a high hybrid sim-
ilarity score (0.9997572302818298) and is predominantly composed of epithelial cells
(0.9988512349224583). This cluster is likely relevant to oxidative stress signaling in ep-
ithelial cells, as it contains genes such as SLPI, SCGB3A1, and KRT19, which are involved
in cellular defense mechanisms and epithelial cell function. Cluster 1 has a high hybrid
similarity score (0.9996640086174011) and is also predominantly composed of epithelial
cells (0.9995779165963194). This cluster is likely relevant to oxidative stress signaling
in epithelial cells, as it contains genes such as KRT17, FOS, and HSPB1, which are in-
volved in cellular stress responses and epithelial cell function. Cluster 3 has a high hybrid
similarity score (0.9996609687805176) and is predominantly composed of immune cells
(0.9973902364138778). However, this cluster also contains a small proportion of epithelial
cells (0.0026097635861221983), which may be relevant to oxidative stress signaling in ep-
ithelial cells. This cluster contains genes such as CCL5, PTPRC, and S100A4, which are
involved in immune cell function and may be relevant to oxidative stress responses. Cluster
15 has a high hybrid similarity score (0.9996118545532227) and is predominantly composed
of immune cells (0.9982046678635548). However, this cluster also contains a small propor-
tion of epithelial cells (0.0017953321364452424), which may be relevant to oxidative stress
signaling in epithelial cells. This cluster contains genes such as PTPRC, CCLS5, and SRGN,
which are involved in immune cell function and may be relevant to oxidative stress responses.
Cluster 17 has a high hybrid similarity score (0.9995568990707397) and is predominantly
composed of immune cells (0.9395629939562994). However, this cluster also contains a
small proportion of epithelial cells (0.06043700604370061), which may be relevant to ox-
idative stress signaling in epithelial cells. This cluster contains genes such as HLA-DRA,
HLA-DPBI1, and CD74, which are involved in immune cell function and may be relevant to
oxidative stress responses. In summary, clusters 6 and 1 are likely the most relevant to ox-
idative stress signaling in epithelial cells, as they contain a high proportion of epithelial cells
and genes involved in cellular defense mechanisms and epithelial cell function. Clusters 3,
15, and 17 may also be relevant, as they contain a small proportion of epithelial cells and
genes involved in immune cell function and oxidative stress responses.

Semantic: Immune-like signaling in epithelial cells.

Based on the provided dataset evidence, I will analyze the clusters related to immune-like
signaling in epithelial cells. Cluster 15 has a semantic similarity of 0.1933 and contains 146
cells. The metadata indicates that this cluster is primarily composed of megakaryocytes and
platelets, with a development stage ontology term ID of HsapDv:0000047. This suggests
that the cells in this cluster are likely involved in blood cell development. However, there is
no clear indication of immune-like signaling in epithelial cells. Cluster 1 has a semantic sim-
ilarity of 0.1870 and contains 1246 cells. The metadata shows that this cluster is primarily
composed of macrophages, with a development stage ontology term ID of HsapDv:0000027.
The gene evidence includes genes such as C1QA, DAB2, and FCGRT, which are involved
in immune responses. However, there is no clear indication that these cells are epithelial in
origin. Cluster 11 has a semantic similarity of 0.1736 and contains 270 cells. The metadata
indicates that this cluster is primarily composed of microglia and dendritic cells, with a devel-
opment stage ontology term ID of HsapDv:0000027. The gene evidence includes genes such
as PLXDC2, S100A11, and TREM?2, which are involved in immune responses. However,
there is no clear indication that these cells are epithelial in origin. Cluster 2 has a semantic
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similarity of 0.1726 and contains 958 cells. The metadata shows that this cluster is primarily
composed of macrophages-iron metabolism cells, with a development stage ontology term
ID of HsapDv:0000050. The gene evidence includes genes such as RPS4Y1, HSPA1A, and
HSPA1B, which are involved in immune responses. However, there is no clear indication that
these cells are epithelial in origin. Cluster 16 has a semantic similarity of 0.1582 and contains
141 cells. The metadata indicates that this cluster is primarily composed of macrophages-
iron metabolism cells, with a development stage ontology term ID of HsapDv:0000050. The
gene evidence includes genes such as GPNMB, NEAT1, and SLC2A1, which are involved
in immune responses. However, there is no clear indication that these cells are epithelial in
origin. In summary, while the dataset evidence suggests that there are immune-like signal-
ing pathways present in some of the clusters, there is no clear indication that these cells are
epithelial in origin. The clusters appear to be primarily composed of immune cells such as
macrophages and microglia.

Hybrid: Immune-like signaling in epithelial cells.

Based on the provided dataset evidence, I will analyze the clusters related to immune-
like signaling in epithelial cells.  Cluster 15 has a high hybrid similarity score
(0.8383875489234924) and is characterized by a high percentage of cells classified as
“"Myeloid” (1.0). However, the gene expression evidence does not explicitly indicate
immune-like signaling in epithelial cells. The genes present in this cluster, such as CNST,
LTBP1, and LIMSI, are not typically associated with immune-like signaling. Cluster 1
has a high hybrid similarity score (0.8371297121047974) and is also characterized by a
high percentage of cells classified as "Myeloid” (1.0). The gene expression evidence in this
cluster includes genes such as LGMN, C1QA, and FCGRT, which are involved in immune
responses. However, the cluster is not specifically related to epithelial cells. Cluster 11
has a moderate hybrid similarity score (0.834468424320221) and is characterized by a high
percentage of cells classified as “Microglia” (0.7148148148148148). The gene expression
evidence in this cluster includes genes such as PLXDC2, S100A11, and TREM2, which
are involved in immune responses. However, the cluster is not specifically related to ep-
ithelial cells. Cluster 2 has a moderate hybrid similarity score (0.8336092829704285) and
is characterized by a high percentage of cells classified as "Macrophages-iron metabolism”
(0.8507306889352818). The gene expression evidence in this cluster includes genes such as
RPS4Y1, HSPA1A, and HSPA1B, which are involved in immune responses. However, the
cluster is not specifically related to epithelial cells. Cluster 16 has a moderate hybrid similar-
ity score (0.8315550684928894) and is characterized by a high percentage of cells classified
as "Macrophages-iron metabolism” (0.9645390070921985). The gene expression evidence
in this cluster includes genes such as GPNMB, NEAT1, and KLF6, which are involved in
immune responses. However, the cluster is not specifically related to epithelial cells. In
summary, while there are clusters with high hybrid similarity scores and gene expression
evidence related to immune responses, none of them are specifically related to immune-like
signaling in epithelial cells. The provided dataset evidence does not provide clear evidence
for immune-like signaling in epithelial cells.

scGPT: Immune-like signaling in epithelial cells.

Based on the provided dataset evidence, I will analyze the clusters related to immune-like
signaling in epithelial cells. Cluster 6 (n_cells = 5223) is the most relevant to immune-like
signaling in epithelial cells, with a high hybrid similarity of 0.9997513294219971. This
cluster is predominantly epithelial (0.9988512349224583) and has a low immune cell frac-
tion (0.0009573042312847023). The genes present in this cluster are involved in various
cellular processes, including: - SLPI (Secretory Leukocyte Peptide 1): involved in antimi-
crobial defense and immune regulation. - SCGB3A1 (Small Cysteine-Rich Protein 3A1):
involved in immune response and epithelial cell function. - KRT19 (Keratin 19): a marker
for epithelial cells. Cluster 1 (n_cells = 11846) is also relevant, with a high hybrid similarity
of 0.9996824264526367. This cluster is predominantly epithelial (0.9995779165963194)
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and has a low immune cell fraction (0.00033766672294445384). The genes present in
this cluster are involved in various cellular processes, including: - KRT17 (Keratin 17): a
marker for epithelial cells. - CD9 (CD9 Molecule): involved in cell adhesion and immune
response. Cluster 15 (n_cells = 2228) is an immune-like cluster, with a high hybrid similar-
ity of 0.999625563621521. This cluster is predominantly immune (0.9982046678635548)
and has a low epithelial cell fraction (0.0017953321364452424). The genes present in this
cluster are involved in various immune processes, including: - PTPRC (Protein Tyrosine
Phosphatase, Receptor Type C): involved in immune cell signaling. - CCL5 (Chemokine (C-
C Motif) Ligand 5): involved in immune cell recruitment. Cluster 17 (n_cells = 2151) is also
an immune-like cluster, with a high hybrid similarity of 0.9995944499969482. This clus-
ter is predominantly immune (0.9395629939562994) and has a low epithelial cell fraction
(0.06043700604370061). The genes present in this cluster are involved in various immune
processes, including: - HLA-DRA (Major Histocompatibility Complex, Class II, DR alpha):
involved in immune cell recognition. - CD74 (CD74 Molecule): involved in immune cell
signaling. Cluster 3 (n_cells = 6514) is an immune-like cluster, with a high hybrid similarity
of 0.9995903372764587. This cluster is predominantly immune (0.9973902364138778) and
has a low epithelial cell fraction (0.0026097635861221983). The genes present in this clus-
ter are involved in various immune processes, including: - CCLS5 (Chemokine (C-C Motif)
Ligand 5): involved in immune cell recruitment. - PTPRC (Protein Tyrosine Phosphatase,
Receptor Type C): involved in immune cell signaling. In summary, clusters 6, 1, 15, 17,
and 3 are relevant to immune-like signaling in epithelial cells, with genes involved in vari-
ous cellular processes, including immune response, epithelial cell function, and immune cell
signaling.

Semantic: Interferon signaling in airway epithelial cells.

Based on the provided dataset evidence, I will analyze the clusters related to inter-
feron signaling in airway epithelial cells. Cluster 12 has a semantic similarity of
0.2156757116317749. The metadata indicates that this cluster consists of 258 cells, pri-
marily annotated as Myeloid cells with a subclass of Macrophages. However, there is no
explicit evidence of interferon signaling or airway epithelial cells in this cluster. Cluster 15
has a semantic similarity of 0.20156925916671753. The metadata shows that this cluster
consists of 146 cells, primarily annotated as Myeloid cells with a subclass of Megakary-
ocytes. There is no explicit evidence of interferon signaling or airway epithelial cells in
this cluster. Cluster 14 has a semantic similarity of 0.192769393324852. The metadata in-
dicates that this cluster consists of 157 cells, primarily annotated as Myeloid cells with a
subclass of Macrophages Monocyte-like. However, there is no explicit evidence of inter-
feron signaling or airway epithelial cells in this cluster. Cluster 13 has a semantic similarity
of 0.17960962653160095. The metadata shows that this cluster consists of 165 cells, pri-
marily annotated as Myeloid cells with a subclass of ChP Microglia. There is no explicit
evidence of interferon signaling or airway epithelial cells in this cluster. Cluster 8 has a se-
mantic similarity of 0.17816029489040375. The metadata indicates that this cluster consists
of 342 cells, primarily annotated as Myeloid cells with a subclass of Monocytes. However,
there is no explicit evidence of interferon signaling or airway epithelial cells in this cluster.
Unfortunately, none of the clusters provided in the dataset evidence explicitly relate to in-
terferon signaling in airway epithelial cells. The dataset does not contain any information
about airway epithelial cells or interferon signaling pathways. Therefore, I cannot provide a
biological explanation for cluster relevance based on the provided evidence.

Hybrid: Interferon signaling in airway epithelial cells.

Based on the provided dataset evidence, I will analyze the relevance of each cluster to in-
terferon signaling in airway epithelial cells. Cluster 12 has a high hybrid similarity score
(0.8427445292472839) and is primarily composed of macrophages (Subclass: Macrophages,
86.04651162790697the presence of genes such as TUBB, TUBAIB, and H2AZ1, which
are involved in cellular processes, suggests a general cellular response. Cluster 15 has
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a moderate hybrid similarity score (0.8400502800941467) and is primarily composed of
megakaryocytes and platelets (Subclass: Megakaryocytes, 68.4931506849315airway ep-
ithelial cells. Cluster 14 has a moderate hybrid similarity score (0.8379185795783997)
and is primarily composed of macrophages monocyte-like cells (Subclass: Macrophages
Monocyte-like, 63.05732484076433the presence of genes such as TUBA1B, STMNI1, and
H2AZ1, which are involved in cellular processes, suggests a general cellular response. Clus-
ter 8 has a moderate hybrid similarity score (0.8353995084762573) and is primarily com-
posed of monocytes and macrophages (Subclass: Monocytes, 82.16374269005848the pres-
ence of genes such as RPS26, C1QC, and RPL39, which are involved in cellular processes,
suggests a general cellular response. Cluster 13 has a moderate hybrid similarity score
(0.835165798664093) and is primarily composed of microglia (Subclass: ChP Microglia,
99.39393939393939the presence of genes such as TTR, CD74, and PLXDC2, which are
involved in cellular processes, suggests a general cellular response. In summary, none of
the clusters have direct evidence of interferon signaling in airway epithelial cells. However,
clusters 12, 14, 8, and 13 show general cellular responses, suggesting that these cells may be
involved in responding to interferon signaling in airway epithelial cells.

scGPT: Interferon signaling in airway epithelial cells.

Based on the provided dataset evidence, I will analyze the clusters related to in-
terferon signaling in airway epithelial cells.  Cluster 6 has a high hybrid simi-
larity of 0.9997431635856628 and is primarily composed of airway epithelial cells
(0.9988512349224583). The cluster is predominantly found in the control group (Ctrl) with
a proportion of 0.7537813517135745. This cluster may represent a baseline or normal state
of airway epithelial cells. Cluster 15 has a high hybrid similarity of 0.9996976852416992
and is primarily composed of immune cells (0.9982046678635548). The cluster is pre-
dominantly found in the control group (Ctrl) with a proportion of 0.8096947935368043.
This cluster may represent a normal state of immune cells. Cluster 1 has a high hybrid
similarity of 0.9996824860572815 and is primarily composed of airway epithelial cells
(0.9995779165963194). The cluster is predominantly found in the control group (Ctrl) with
a proportion of 0.975519162586527. This cluster may represent a normal state of airway
epithelial cells. Cluster 3 has a high hybrid similarity of 0.9996627569198608 and is pri-
marily composed of immune cells (0.9973902364138778). The cluster is predominantly
found in the control group (Ctrl) with a proportion of 0.9886398526251151. This cluster
may represent a normal state of immune cells. Cluster 17 has a high hybrid similarity of
0.9996330738067627 and is primarily composed of immune cells (0.9395629939562994).
The cluster is predominantly found in the control group (Ctrl) with a proportion of
0.891213389121339. This cluster may represent a normal state of immune cells. In terms
of interferon signaling, the clusters do not explicitly mention interferon-related genes. How-
ever, some genes mentioned in the evidence, such as CCLS, PTPRC, and SRGN, are involved
in immune responses and may be related to interferon signaling indirectly. In conclusion, the
clusters primarily represent normal states of airway epithelial cells and immune cells. While
there is no direct evidence of interferon signaling, some genes mentioned in the evidence
may be related to immune responses and potentially interferon signaling.

Sematic: Antigen presentation in epithelial. clusters.

Based on the provided dataset evidence, I will analyze the relevance of each cluster to antigen
presentation in epithelial cells. Cluster 18 has a semantic similarity of 0.21968895196914673
and is primarily composed of mast cells (0.7888888888888889). While mast cells are in-
volved in immune responses, there is no direct evidence of antigen presentation in epithe-
lial cells in this cluster. Cluster 1 has a semantic similarity of 0.2105187475681305 and
is primarily composed of macrophages (0.7407704654895666). Macrophages are known
to play a crucial role in antigen presentation, particularly in the context of epithelial cells.
This cluster is likely relevant to antigen presentation in epithelial cells. Cluster 15 has a se-
mantic similarity of 0.20208333432674408 and is primarily composed of megakaryocytes
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(0.684931506849315) and platelets (0.3082191780821918). While megakaryocytes and
platelets are involved in blood coagulation and immune responses, there is no direct evidence
of antigen presentation in epithelial cells in this cluster. Cluster 11 has a semantic similarity
of 0.18962669372558594 and is primarily composed of microglia (0.7148148148148148)
and dendritic cells (0.2111111111111111). Microglia and dendritic cells are involved in
antigen presentation, particularly in the context of the central nervous system. This clus-
ter is likely relevant to antigen presentation in epithelial cells, particularly in the context of
the meninges. Cluster 20 has a semantic similarity of 0.16995032131671906 and is primar-
ily composed of ILC precursors (1.0). ILC precursors are involved in immune responses,
but there is no direct evidence of antigen presentation in epithelial cells in this cluster. In
summary, clusters 1 and 11 are likely relevant to antigen presentation in epithelial cells,
particularly in the context of macrophages and microglia/dendritic cells, respectively.

Hybrid: Antigen presentation in epithelial. clusters.

Based on the provided dataset evidence, we can observe that there are several clusters related
to antigen presentation in epithelial cells. However, it’s essential to note that none of the
clusters are explicitly labeled as “epithelial” or “antigen presentation.” Instead, we can infer
their relevance based on the gene expression profiles and metadata. Cluster 18 has a high
hybrid similarity score (0.843683660030365) and is primarily composed of myeloid cells,
with a significant proportion of mast cells (0.7888888888888889). While there are no spe-
cific genes related to antigen presentation in this cluster, the presence of mast cells suggests
a potential role in immune responses. Cluster 1 is also predominantly myeloid, with a high
proportion of macrophages (0.7407704654895666). This cluster has a high hybrid similar-
ity score (0.8418456315994263) and contains several genes related to antigen presentation,
including LGMN, C1QA, and FCGRT. These genes are often associated with the processing
and presentation of antigens to T-cells. Cluster 15 is primarily composed of megakaryocytes
and platelets (0.684931506849315 and 0.3082191780821918, respectively). While this clus-
ter has a moderate hybrid similarity score (0.8401198983192444), it does not contain any
genes explicitly related to antigen presentation. Cluster 11 is composed of microglia and
dendritic cells (0.7148148148148148 and 0.2111111111111111, respectively). This cluster
has a moderate hybrid similarity score (0.8376960158348083) and contains several genes
related to antigen presentation, including PLXDC2, S100A11, and TREM2. Cluster 20
is primarily composed of ILC precursors (1.0) and has a moderate hybrid similarity score
(0.8337268829345703). While this cluster does not contain any genes explicitly related to
antigen presentation, it is worth noting that ILCs can play a role in immune responses and
may interact with antigen-presenting cells. In summary, while none of the clusters are explic-
itly labeled as “’epithelial” or “antigen presentation,” clusters 1 and 11 contain genes related
to antigen presentation, and cluster 18 has a significant proportion of mast cells, which may
suggest a potential role in immune responses. However, further analysis and validation are
necessary to confirm these findings.

scGPT: Antigen presentation in epithelial.

Based on the provided dataset evidence, we can analyze the relevance of each cluster
to antigen presentation in epithelial cells. Cluster 1 (n_cells = 11846) is predominantly
epithelial (Epithelial: 0.9995779165963194) with a small fraction of immune cells (Im-
mune: 0.00033766672294445384). This cluster does not contain any genes explicitly re-
lated to antigen presentation. Cluster 6 (n_cells = 5223) is also predominantly epithe-
lial (Epithelial: 0.9988512349224583) with a small fraction of immune cells (Immune:
0.0009573042312847023). This cluster contains genes related to the epithelial barrier, such
as SLPI (pct_in: 0.9923415661497224) and SCGB3A1 (pct_in: 0.9860233582232434), but
not directly related to antigen presentation. Cluster 15 (n_cells = 2228) is predominantly
immune (Immune: 0.9982046678635548) with a small fraction of epithelial cells (Ep-
ithelial: 0.0017953321364452424). This cluster contains genes related to immune cells,
such as PTPRC (pct_in: 0.9169658886894075) and CCLS5 (pct_in: 0.8729802513464991),
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but not directly related to antigen presentation in epithelial cells. Cluster 17 (n_cells =
2151) is predominantly immune (Immune: 0.9395629939562994) with a small fraction
of epithelial cells (Epithelial: 0.06043700604370061). This cluster contains genes related
to antigen presentation, such as HLA-DRA (pct_in: 0.99721059972106) and HLA-DPB1
(pet-in: 0.9916317991631799), which are major histocompatibility complex (MHC) class
II molecules involved in antigen presentation. Cluster 8 (n_cells = 3964) is predominantly
immune (Immune: 0.9987386478304743) with a small fraction of epithelial cells (Epithe-
lial: 0.0012613521695257316). This cluster contains genes related to immune cells, such as
PTPRC (pct_in: 0.9631685166498486) and FYN (pct_in: 0.9492936427850656), but not di-
rectly related to antigen presentation in epithelial cells. In conclusion, Cluster 17 is the most
relevant to antigen presentation in epithelial cells, containing genes related to MHC class 11
molecules involved in antigen presentation.

Semantic: MHC-II expression in epithelial cells

Based on the provided dataset evidence, I will analyze the relevance of each cluster to MHC-
IT expression in epithelial cells. Cluster 2 (semantic similarity: 0.32849860191345215)
is primarily composed of macrophages, with a high percentage of cells classified as
”Macrophages-iron metabolism” (0.8507306889352818). This cluster does not explicitly
mention MHC-II expression or epithelial cells. However, macrophages are known to interact
with epithelial cells in various contexts, including immune responses. Cluster 14 (seman-
tic similarity: 0.3198525607585907) is also primarily composed of macrophages, with a
high percentage of cells classified as "Macrophages Monocyte-like” (0.6305732484076433).
This cluster does not explicitly mention MHC-II expression or epithelial cells. Like Clus-
ter 2, macrophages in this cluster may interact with epithelial cells. Cluster 18 (semantic
similarity: 0.3161256015300751) is primarily composed of mast cells, with a high per-
centage of cells classified as "Mast cells” (0.7888888888888889). This cluster does not
explicitly mention MHC-II expression or epithelial cells. Mast cells are known to inter-
act with epithelial cells in various contexts, including allergic responses. Cluster 1 (se-
mantic similarity: 0.31358852982521057) is primarily composed of macrophages, with a
high percentage of cells classified as "Macrophages” (0.7407704654895666). This cluster
does not explicitly mention MHC-II expression or epithelial cells. Like Clusters 2 and 14,
macrophages in this cluster may interact with epithelial cells. Cluster 11 (semantic similar-
ity: 0.30888211727142334) is primarily composed of microglia, with a high percentage of
cells classified as “"Microglia” (0.7148148148148148). This cluster does not explicitly men-
tion MHC-II expression or epithelial cells. Microglia are known to interact with epithelial
cells in various contexts, including immune responses. In summary, none of the clusters ex-
plicitly mention MHC-II expression or epithelial cells. However, macrophages and microglia
in these clusters may interact with epithelial cells in various contexts. The provided dataset
evidence does not provide direct evidence of MHC-II expression in epithelial cells.

Hybrid: MHC-II expression in epithelial cells

Based on the provided dataset evidence, I will analyze the clusters related to MHC-II ex-
pression in epithelial cells. Cluster 2 has a high hybrid similarity of 0.8644 and is associated
with macrophages, particularly macrophages-iron metabolism (0.85). However, there is no
explicit evidence of MHC-II expression in this cluster. Cluster 14 has a high hybrid similarity
of 0.8619 and is also associated with macrophages, including macrophages-monocyte-like
(0.63) and macrophages-iron metabolism (0.32). Notably, this cluster contains genes related
to antigen presentation, such as H2AZ1 (pct_in = 1.0) and TUBAI1B (pct_in = 1.0). While
these genes are involved in antigen presentation, they are not specific to MHC-II expression.
Cluster 18 has a high hybrid similarity of 0.8619 and is associated with mast cells (0.79) and
monocytes (0.01). This cluster contains genes related to immune response, such as SI00A6
(pct_in = 0.89) and TIMP3 (pct_in = 0.89). However, there is no explicit evidence of MHC-II
expression in this cluster. Cluster 1 has a high hybrid similarity of 0.8612 and is associated
with macrophages, including macrophages (0.74) and monocytes (0.05). This cluster con-
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tains genes related to antigen presentation, such as CIQA (pct_in = 0.89) and CD14 (pct_in
= 0.83). Notably, CD14 is a receptor for MHC-II molecules, suggesting a potential link to
MHC-II expression. Cluster 11 has a high hybrid similarity of 0.8607 and is associated with
microglia (0.71) and dendritic cells (0.21). This cluster contains genes related to immune
response, such as PLXDC2 (pct_in = 0.96) and S100A11 (pct_in = 0.87). However, there
is no explicit evidence of MHC-II expression in this cluster. In summary, while there are
clusters associated with macrophages and antigen presentation, there is no explicit evidence
of MHC-II expression in epithelial cells in the provided dataset. However, Cluster 1 con-
tains genes related to antigen presentation, including CD14, which is a receptor for MHC-II
molecules, suggesting a potential link to MHC-II expression.

scGPT: MHC-II expression in epithelial cells

Based on the provided dataset evidence, we can observe that there are multiple clusters with
varying levels of MHC-II expression. Cluster 6 has a high level of MHC-II expression (hy-
brid similarity: 0.9997583627700806) and is primarily composed of epithelial cells (Ep-
ithelial: 0.9988512349224583). This cluster is likely to be relevant for studying MHC-II
expression in epithelial cells. Cluster 3 has a moderate level of MHC-II expression (hy-
brid similarity: 0.9996510148048401) and is primarily composed of immune cells (Im-
mune: 0.9973902364138778). This cluster is likely to be relevant for studying MHC-II
expression in immune cells. Cluster 17 has a high level of MHC-II expression (hybrid
similarity: 0.9995047450065613) and is primarily composed of immune cells (Immune:
0.9395629939562994). This cluster is likely to be relevant for studying MHC-II expres-
sion in immune cells. The presence of HLA-DRA, HLA-DPB1, CD74, HLA-DQAI1, and
other genes associated with MHC-II expression in Cluster 17 suggests that this cluster is rel-
evant for studying MHC-II expression in immune cells. In summary, Clusters 6, 3, and 17
are relevant for studying MHC-II expression in epithelial and immune cells, respectively.

Semantic: Inter-epithelial immune signaling.

Based on the provided dataset evidence, I will analyze the relevance of each cluster to inter-
epithelial immune signaling. Cluster 11 has a semantic similarity of 0.16916358470916748
and is primarily composed of myeloid cells, including microglia and dendritic cells. The
presence of genes such as PLXDC2, S100A11, and TREM2 suggests involvement in im-
mune responses, particularly in the context of the central nervous system. Cluster 15 has
a semantic similarity of 0.16838136315345764 and is also primarily composed of myeloid
cells, including megakaryocytes and platelets. The presence of genes such as CNST, LIMS1,
and RGS18 suggests involvement in immune responses, particularly in the context of blood
cell development and function. Cluster 13 has a semantic similarity of 0.1672395020723343
and is primarily composed of myeloid cells, including ChP microglia and dendritic cells. The
presence of genes such as PLXDC2, S100A11, and CD74 suggests involvement in immune
responses, particularly in the context of the central nervous system. Cluster 18 has a seman-
tic similarity of 0.167183518409729 and is primarily composed of myeloid cells, including
mast cells and monocytes. The presence of genes such as ARHGAP15, GATA2, and S100A6
suggests involvement in immune responses, particularly in the context of allergic reactions
and inflammation. Cluster 8 has a semantic similarity of 0.16518470644950867 and is pri-
marily composed of myeloid cells, including monocytes and macrophages. The presence of
genes such as RPS26, C1QC, and DAB?2 suggests involvement in immune responses, par-
ticularly in the context of innate immunity and inflammation. In summary, clusters 11, 15,
13, 18, and 8 are all relevant to inter-epithelial immune signaling, with a focus on myeloid
cell development and function, immune responses in the central nervous system, and inflam-
mation. However, it is essential to note that these clusters are not exclusively involved in
inter-epithelial immune signaling, and further analysis would be required to determine the
specific mechanisms and pathways involved.

Hybrid: Inter-epithelial immune signaling.
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Based on the provided dataset evidence, I will analyze the clusters related to inter-epithelial
immune signaling. Cluster 11 has a high hybrid similarity of 0.8335869312286377.
The cluster is primarily composed of myeloid cells, with a high proportion of mi-
croglia (71.48contains genes related to immune signaling, such as PLXDC2, SLC8AI,
and S100A11. These genes are involved in various immune-related processes, including
antigen presentation and cytokine signaling. Cluster 15 has a high hybrid similarity of
0.8334002494812012. The cluster is also primarily composed of myeloid cells, with a
high proportion of megakaryocytes (68.49genes related to immune signaling, such as CNST,
LTBPI1, and LIMS1. These genes are involved in various immune-related processes, in-
cluding platelet production and cytokine signaling. Cluster 18 has a high hybrid similar-
ity of 0.8331824541091919. The cluster is primarily composed of myeloid cells, with a
high proportion of mast cells (78.89signaling, such as ARHGAP15, GATA2, and S100A6.
These genes are involved in various immune-related processes, including mast cell activa-
tion and cytokine signaling. Cluster 8 has a high hybrid similarity of 0.8328137993812561.
The cluster is primarily composed of myeloid cells, with a high proportion of monocytes
(82.16RPS26, C1QC, and DAB2. These genes are involved in various immune-related pro-
cesses, including antigen presentation and cytokine signaling. Cluster 13 has a high hy-
brid similarity of 0.83269202709198. The cluster is primarily composed of myeloid cells,
with a high proportion of ChP microglia (99.39PLXDC2. These genes are involved in var-
ious immune-related processes, including antigen presentation and cytokine signaling. In
summary, the clusters related to inter-epithelial immune signaling are primarily composed
of myeloid cells, with a high proportion of microglia, megakaryocytes, mast cells, mono-
cytes, and ChP microglia. The clusters contain genes related to immune signaling, includ-
ing PLXDC2, SLC8A1, S100A11, CNST, LTBP1, LIMS1, ARHGAP15, GATA2, S100A6,
RPS26, C1QC, DAB2, TTR, CD74, and PLXDC2. These genes are involved in various
immune-related processes, including antigen presentation, cytokine signaling, and mast cell
activation.

scGPT: Inter-epithelial immune signaling.

Based on the provided dataset evidence, I will analyze the clusters related to inter-
epithelial immune signaling. Cluster 6 (hybrid_similarity: 0.9997289776802063) is pri-
marily composed of epithelial cells (0.9988512349224583) with a minor presence of im-
mune cells (0.0009573042312847023). This cluster is likely involved in the mainte-
nance of epithelial barrier function and may play a role in the regulation of immune re-
sponses at the epithelial interface. Cluster 1 (hybrid_similarity: 0.9996324777603149)
is predominantly composed of epithelial cells (0.9995779165963194) with a minor pres-
ence of immune cells (0.00033766672294445384). This cluster is likely involved in the
regulation of epithelial cell function and may play a role in the maintenance of epithe-
lial homeostasis. Cluster 3 (hybrid_similarity: 0.9996134638786316) is primarily com-
posed of immune cells (0.9973902364138778) with a minor presence of epithelial cells
(0.0026097635861221983). 'This cluster is likely involved in the regulation of immune
responses and may play a role in the coordination of immune cell function at the ep-
ithelial interface. Cluster 15 (hybrid_similarity: 0.9995874166488647) is primarily com-
posed of immune cells (0.9982046678635548) with a minor presence of epithelial cells
(0.0017953321364452424). This cluster is likely involved in the regulation of immune
responses and may play a role in the coordination of immune cell function at the ep-
ithelial interface. Cluster 17 (hybrid_similarity: 0.9995312094688416) is primarily com-
posed of immune cells (0.9395629939562994) with a minor presence of epithelial cells
(0.06043700604370061). This cluster is likely involved in the regulation of immune re-
sponses and may play a role in the coordination of immune cell function at the epithelial
interface. The genes present in the dataset evidence are: - Cluster 6: SLPI, SCGB3Al,
SCGB1A1, KRT19, WEDC2, BPIFB1, MSMB, PIGR, CHST9, LCN2 - Cluster 1: KRT17,
MIR205HG, CD9Y, JUNB, ZSWIM6, FOS, PRSS23, KRT15, HSPB1, S100A2 - Cluster 3:
CCLS, PTPRC, SYTL3, FYN, S100A4, CXCR4, SRGN, SAMSNI1, SIK3, STAT4 - Cluster
15: PTPRC, CCLS5, SRGN, FYN, NKG7, IL32, SYTL3, SKAP1, ARHGAPI15, AOAH -
Cluster 17: HLA-DRA, HLA-DPB1, CD74, HLA-DQAI1, AIF1, TYROBP, LYZ, LGALSI,
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FCERI1G, SRGN These genes are likely involved in the regulation of epithelial barrier func-
tion, immune responses, and the coordination of immune cell function at the epithelial inter-
face. However, further analysis is required to determine their specific roles in inter-epithelial
immune signaling.

Sematic: Cytokine signaling within epithelial.

Based on the provided dataset evidence, we can observe that there are four clusters re-
lated to cytokine signaling within epithelial cells. Cluster 15 has a semantic similarity of
0.24685706198215485 and is characterized by the presence of myeloid cells. However, there
is no explicit evidence of cytokine signaling within epithelial cells in this cluster. Cluster 20
has a semantic similarity of 0.2295704334974289 and is primarily composed of lymphoid
cells, specifically ILC precursors. The presence of genes such as CD52, TRBC1, and IL7R
suggests an immune-related function, but it is not directly related to cytokine signaling within
epithelial cells. Cluster 16 has a semantic similarity of 0.2273232787847519 and is primar-
ily composed of myeloid cells, specifically macrophages. The presence of genes such as
GPNMB, NEATI, and KLF6 suggests an immune- related function, but it is not directly
related to cytokine signaling within epithelial cells. Cluster 13 has a semantic similarity of
0.22030571103096008 and is primarily composed of myeloid cells, specifically microglia.
The presence of genes such as TTR, CD74, and PLXDC?2 suggests an immune-related func-
tion, but it is not directly related to cytokine signaling within epithelial cells. Cluster 11
has a semantic similarity of 0.22004388272762299 and is primarily composed of myeloid
cells, specifically microglia and dendritic cells. The presence of genes such as PLXDC?2,
S100A11, and DOCK4 suggests an immune-related function, but it is not directly related to
cytokine signaling within epithelial cells. In summary, none of the clusters directly related
to cytokine signaling within epithelial cells. However, clusters 16, 13, and 11 are related to
immune-related functions, which may be indirectly related to cytokine signaling.

Hybrid: Cytokine signaling within epithelial. compartments

Based on the provided dataset evidence, I will analyze the clusters related to cytokine sig-
naling within epithelial cells. Cluster 15 has a high hybrid similarity score (0.849125) and is
primarily composed of myeloid cells (ClassAnn: Myeloid = 1.0). Although there are no spe-
cific cytokine-related genes mentioned in the gene_evidence section, the presence of genes
like LIMS1 (pct_in = 0.856164) and RGS18 (pct_in = 0.849315) might be related to cellu-
lar signaling processes. Cluster 20 has a moderate hybrid similarity score (0.845586) and
is primarily composed of lymphoid cells (ClassAnn: Lymphoid = 1.0). The gene_evidence
section includes cytokine-related genes like IL7R (pct_in 0.953846) and NFKBIA (pct_in
= 0.953846), which are involved in immune responses and signaling pathways. Cluster 16
has a moderate hybrid similarity score (0.845372) and is primarily composed of myeloid
cells (ClassAnn: Myeloid = 1.0). The gene_evidence section includes cytokine-related genes
like KLF6 (pct_in = 0.964539) and FOS (pct_in = 0.957446), which are involved in cellu-
lar differentiation and immune responses. Cluster 11 has a moderate hybrid similarity score
(0.843732) and is primarily composed of myeloid cells (ClassAnn: Myeloid = 1.0). The
gene_evidence section includes cytokine-related genes like DOCK4 (pct_in = 0.848148) and
TREM2 (pct_in = 0.837037), which are involved in immune responses and signaling path-
ways. Cluster 1 has a moderate hybrid similarity score (0.843601) and is primarily composed
of myeloid cells (ClassAnn: Myeloid = 1.0). The gene_evidence section includes cytokine-
related genes like LGMN (pct_in = 0.899678) and C1QA (pct-in = 0.892455), which are
involved in immune responses and cellular signaling processes. In summary, clusters 20,
16, 11, and 1 show relevance to cytokine signaling within epithelial cells, primarily through
the presence of cytokine-related genes like IL7R, NFKBIA, KLF6, FOS, DOCK4, TREM2,
LGMN, and C1QA. However, it is essential to note that these genes are not exclusively
cytokine-related and may have broader roles in cellular signaling processes.

scGPT: Cytokine signaling within epithelial.
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Based on the provided dataset evidence, the clusters can be described as follows: Cluster 6:
This cluster is predominantly composed of epithelial cells, with a high expression of genes
such as SLPI, SCGB3A1, and KRT19. These genes are associated with the airway epithelium
and are involved in the regulation of inflammation and immune responses. The cluster also
shows a high expression of genes related to the epithelial barrier function, such as CHST9
and LCN2. Cluster 1: This cluster is also primarily composed of epithelial cells, with a high
expression of genes such as KRT17, MIR205HG, and CD9. These genes are associated with
the airway epithelium and are involved in the regulation of cell proliferation and differentia-
tion. The cluster also shows a high expression of genes related to the immune response, such
as FOS and PRSS23. Cluster 3: This cluster is predominantly composed of immune cells,
with a high expression of genes such as CCLS, PTPRC, and FYN. These genes are associated
with the regulation of immune responses and are involved in the activation of immune cells.
The cluster also shows a high expression of genes related to the lymphoid lineage, such as
S100A4 and CXCR4. Cluster 15: This cluster is also predominantly composed of immune
cells, with a high expression of genes such as PTPRC, CCLS5, and SRGN. These genes are
associated with the regulation of immune responses and are involved in the activation of im-
mune cells. The cluster also shows a high expression of genes related to the myeloid lineage,
such as SYTL3 and SKAP1. Cluster 17: This cluster is predominantly composed of immune
cells, with a high expression of genes such as HLA-DRA, HLA-DPBI1, and CD74. These
genes are associated with the regulation of immune responses and are involved in the presen-
tation of antigens to T-cells. The cluster also shows a high expression of genes related to the
myeloid lineage, such as TYROBP and LYZ. In summary, the clusters can be broadly cat-
egorized into epithelial and immune cell populations, with distinct gene expression profiles
associated with each cluster.
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A.3 DISCOVERMODE DATASET 1

Unexpected antigen presentation in non-immune cells

**].  DATASET EVIDENCE** Cluster 10: - CCL5 (0.9835575485799701 pct.in,
0.18777651034615098 pct_out)- CD3D (0.8542600896860987 pct_in, 0.1579906826007697
pctout) - S100A4 (0.851270553064275 pct_in,0.4219587859663337 pctout) - CD52
(0.8430493273542601 pct_in, 0.19570802639574428 pct_out) - IL32(0.8266068759342302
pet_in, 0.2018059123908617 pct_out) - CD2 (0.8262331838565022
pet_in,0.130880675458141  pct.out) - PTPRC  (0.8161434977578476  pct.in,
0.2470496679210686 pct_out) - TRAC(0.7518684603886397 pct_in, 0.1437374071191753
pct_out) - ARHGDIB (0.6812406576980568 pct_in,0.2766009615897146 pct_out) -
CD3G (0.6606875934230194 pct_in, 0.10064710083899235 pct_out) Cluster8: - PTPRC
(0.9631685166498486 pct_in, 0.23282710911744042 pct_out) - FYN (0.9492936427850656

pet_in, 0.22585526671350592 pct_out) - CCL5 (0.9427346115035318
pet_in, 0.17844673836675135 pct_out)- AOAH (0.9392028254288597
pet_in, 0.15170512889801654 pct_out) - MBNL1(0.9281029263370333
pct_in,0.5080257255580176  pctout) - SYTL3  (0.9197780020181635  pct_in,
0.3457169107712263 pct_out) - BTG1(0.8958123107971746 pct_in, 0.5309949737880344
pctout) - CD9  (0.8852169525731585  pct_in,0.1383667513376209  pct_out)

- PITPNC1 (0.8852169525731585 pctiin,  0.3247365292114792  pctout) -
ARHGAP15 (0.8801715438950555 pct_in, 0.20962006161163055 pct_out) Clus-
ter 16: - SRGN(0.9674908424908425 pct_in, 0.2585396892730261 pct_out)
- TYROBP  (0.9386446886446886  pct_in,0.05948353571239196  pctout) -
S100A9 (0.9358974358974359 pct_in, 0.14522509146826448 pctout) -S100A4
(0.9271978021978022 pct_in, 0.42244021422132666 pct_out) - LYZ (0.9212454212454212
pct_in,0.2217827032186224 pctout) - HLA-DRA (0.8988095238095238 pct_in,
0.4820616151439631 pct_out) - AIF1(0.8809523809523809 pct_in, 0.04228219948035421
pctout) - PLAUR (0.8644688644688645 pct.in,0.1116177952171377  pct_out)
- FCERIG (0.853021978021978 pct.in,  0.04689538151545681  pct_out) -
S100A8 (0.8402014652014652 pct.in,  0.045601569542393555 pctout) Clus-
ter O: - AC022706.1(0.030966600309666  pct_in,  0.016667470693231705
pctout) - DNAHI12 (0.9856226498562265 pct-in,0.12560905012301607 pct_out)
- CFAP299 (0.9828946398289464 pct.in,  0.10873655265569974 pct_out) -
LRRIQ1 (0.9806090098060901 pct_in, 0.10803704954411694 pct_out) - CHST9
(0.9801666298016662 pct_in,0.5263278498721597 pct_out) - RP1 (0.9739733097397331
pctiin,  0.10774759998070337  pctout) - RSPH1(0.971245299712453  pct_in,
0.1325075980510396 pct_out) - CAPS (0.9693283196932831 pct_in,0.3240026050460707
pet_out) - C200rf85 (0.9492737594927376 pct_in, 0.13947850836991654 pct_out) -CRIP1
(0.9463982894639829 pct.in, 0.5 pct_out) Cluster 11: - PRR4 (0.99657664511221
pct_in,0.19994672349493872 pct_out) - MIR205HG (0.9912514263978699
petiin,  0.43817794352690465 pctout) -KRTI19  (0.9859262076835299  pct.in,
0.6221310602024507 pct_out) - SLPI (0.9684290604792697 pct_in,0.6620245071923282
pctout) - CD9 (0.9676683149486497  pct.in,  0.631006925945658  pc_out)
- S100A2(0.9566375047546596  pct_in, 0.4096004262120405  pct-out) -
SNHG29 (0.9566375047546596  pct_in,0.6041768779968034 pctout) - HSPBI
(0.9509319132750095 pct_in, 0.5403196590303676 pct_out) -LINCO00486
(0.9494104222137695 pet_in, 0.33413958444326053 pct_out) - ADIRF
(0.9166983643971092pct_in, 0.43643047416089503 pct_out) **2. ESTABLISHED
BIOLOGY** - CCLS5: involved in chemotaxis and immune response - CD3D: part of
the T-cell receptor complex, involved in immune response - S100A4: involved in cell
proliferation, differentiation, and immune response - CD52: involved in immune response
and cell adhesion - IL32: involved in immune response and inflammation - CD2: involved
in immune response and cell adhesion - PTPRC: involved in immune response and cell
signaling - TRAC: involved in immune response and T-cell development - ARHGDIB:
involved in cell signaling and immune response - CD3G: involved in immune response
and T-cell development - PTPRC: involved in immune response and cell signaling - FYN:
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involved in immune response and cell signaling - CCLS5: involved in chemotaxis and
immune response - AOAH: involved in immune response and inflammation - MBNLI:
involved in RNA processing and immune response - SYTL3: involved in cell signaling
and immune response - BTGI1: involved in cell signaling and immune response - CD96:
involved in immune response and cell adhesion - PITPNCI: involved in cell signaling and
immune response - ARHGAPIS: involved in cell signaling and immune response - SRGN:
involved in immune response and cell adhesion - TYROBP: involved in immune response
and cell signaling - SI00A9: involved in immune response and cell adhesion - S100A4:
involved in cell proliferation, differentiation, and immune response - LYZ: involved in
immune response and cell adhesion - HLA-DRA: involved in immune response and antigen
presentation - AIF1: involved in immune response and cell adhesion - PLAUR: involved
in immune response and cell signaling - FCER1G: involved in immune response and cell
signaling - SI00A8: involved in immune response and cell adhesion - AC022706.1: no
established biology - DNAH12: involved in ciliary function and cell signaling - CFAP299:
involved in ciliary function and cell signaling - LRRIQ1: involved in cell signaling and
ciliary function - CHST9: involved in cell signaling and ciliary function - RP1: involved in
ciliary function and cell signaling - RSPH1: involved in ciliary function and cell signaling
- CAPS: involved in ciliary function and cell signaling - C200rf85: no established biology
- CRIP1: involved in cell signaling and ciliary function - PRR4: involved in immune
response and cell signaling - MIR205HG: no established biology - KRT19: involved in
cell signaling and epithelial development - SLPI: involved in immune response and cell
signaling - CD9: involved in immune response and cell adhesion - SI00A2: involved in
cell signaling and immune response - SNHG29: no established biology - HSPB1: involved
in cell signaling and immune response - LINC00486: no established biology - ADIRF:
involved in cell signaling and immune response **3. CONSISTENCY ANALYSIS** -
CCL5, CD3D, S100A4, CD52, IL32, CD2, PTPRC, TRAC, ARHGDIB, and CD3G in
Cluster 10 are involved in immune response and cell signaling, which is consistent with
established biology. - PTPRC, FYN, CCL5, AOAH, MBNLI1, SYTL3, BTGI1, CD96,
PITPNCI1, and ARHGAP15 in Cluster 8 are involved in immune response and cell signaling,
which is consistent with established biology. - SRGN, TYROBP, S100A9, S100A4, LYZ,
HLA-DRA, AIF1, PLAUR, FCERI1G, and S100A8 in Cluster 16 are involved in immune
response and cell adhesion, which is consistent with established biology. - AC022706.1,
C200rf85, and CRIP1 in Cluster O have no established biology or are involved in ciliary
function and cell signaling, which is unexpected. - PRR4, MIR205HG, KRT19, SLPI,
CD9, S100A2, SNHG29, HSPB1, LINC00486, and ADIRF in Cluster 11 are involved in
immune response and cell signaling, which is consistent with established biology. **4.
CANDIDATE NOVEL HYPOTHESES** - It is possible that AC022706.1, C200rf85, and
CRIP1 in Cluster O are involved in novel mechanisms of immune response or cell signaling,
given their enrichment in this cluster. - The presence of PRR4, MIR205HG, KRT19, SLPI,
CD9, S100A2, SNHG29, HSPB1, LINC00486, and ADIRF in Cluster 11 suggests that
these genes may be involved in novel mechanisms of immune response or cell signaling
in epithelial cells. - The unexpected presence of DNAH12, CFAP299, LRRIQ1, CHST9,
RP1, RSPHI1, and CAPS in Cluster 0 suggests that these genes may be involved in novel
mechanisms of ciliary function or cell signaling in non-immune cells.

Discover: Hypoxic signaling in airway basal cells

**DATASET EVIDENCE** Cluster 12: - FAMIS55A (logFC: 9.814146995544434,
petiin:  0.05746677091477717, pctout: 0.024339604561280224) - IGHGI (logFC:
4.5883684158325195, pctiin: 0.07388584831899922, pctout: 0.03656264307236933)

- TAFA1l  (logFC:  4.564707279205322, pet_in: 0.06450351837372947,
pct_out: 0.02221015534332045) - RGPD2 (logFC: 4.20048189163208, pct.in:
0.054730258014073496,  pct_out: 0.019984880910552484) - MZB1 (logFC:

3.0464746952056885, pct_in: 0.0527756059421423, pct_out: 0.018590091672788835)
- ACI139720.1 (logFC: 2.637744665145874, pct_in: 0.04847537138389367,
pct_out: 0.016098636087775897) - AC022706.1 (logFC: 2.240598440170288,
petiin:  0.06489444878811572, pct_out: 0.017418894602910958) - CPNE7 (logFC:
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1.4247220754623413, pct_in: 0.045738858483189995, pct_out: 0.013958539623726323)
- FGFBP2 (logFC: 1.1282931566238403, pctiin: 0.04652071931196247, pct_out:
0.012734106323399453) - LRRIQ1 (logFC: NaN, pct_in: 0.990226739640344, pct_out:
0.21001692912128278) Cluster 5: - PTPRC (logFC: NaN, pct_in: 0.902258422806368,
pet_out: 0.22490859382720116) - ARHGAP1S5 (logFC: NaN, pct_in: 0.8930025916327287,
pctout:  0.19827179200017567) - BTG1 (logFC: NaN, pct_in: 0.8796741947426879,
pctout: 0.5261921231485447) - MBNL1 (logFC: NaN, pct_in: 0.8574601999259533,
pctout:  0.5055831878520373) - FYN (logFC: NaN, pctiin: 0.8335801554979637,
pctout:  0.22129626579707282) - SRGN (logFC: NaN, pct_in: 0.8171047760088856,
pctout:  0.24241026823457074) - SKAP1 (logFC: NaN, pct_in: 0.7619400222139948,
pctout:  0.31543638898953635) - IL32 (logFC: NaN, pct.in: 0.7284339133654202,
pct_out: 0.18892804989184975) - CXCR4 (logFC: NaN, pct_in: 0.7256571640133284,
pctout: 0.1666501970859822) - ARHGDIB (logFC: NaN, pct_in: 0.7162162162162162,
pctout:  0.26241531890598063) Cluster 2: - Z93241.1 (logFC: 6.87161111831665,
pet_in:  0.0009705204415868009, pct_out: 0.017577859377124982) - KRT19 (logFC:
NaN, pctiin: 0.976100934125925, pctout: 0.5999025341130604) - KRT15 (logFC:
NaN, pct_in: 0.9653038942132719, pct_out: 0.3395552835577315) - MIR205HG (logFC:
NaN, pct_in: 0.9627562780541065, pct_out: 0.4056507547939616) - SNHG29 (logFC:
NaN, pctin: 0.9252699259978163, pct-out: 0.584681989210753) - KRT17 (logFC:
NaN, pct_in: 0.925148610942618, pct_out: 0.4054807561539508) - PRSS23 (logFC:
NaN, pctiin:  0.9210238990658741, pctout: 0.4488644090847273) - CD9 (logFC:
NaN, pctiin: 0.9179910226859154, pct_out: 0.6142277528446439) - S100A2 (logFC:
NaN, pctiin:  0.9002790246269562, pct_out: 0.3800602928509905) - HSPB1 (logFC:
NaN, pct_in: 0.8805046706296251, pct_out: 0.5207738338093295) Cluster 4: - KRT19
(logFC: NaN, pct.in: 0.9958736993182634, pct_out: 0.6097354380947143) - SLPI
(logFC: NaN, pct_in: 0.9756010046645138, pct_out: 0.6516583246246082) - AQP3
(logFC: NaN, pct_in: 0.971654108360244, pct_out: 0.5088388977503988) - HSPBI1
(logFC: NaN, pctiin: 0.9614280588446358, pct-out: 0.5263736868159067) - CD9
(logFC: NaN, pctiin: 0.9594546106925009, pctout: 0.620603927176723) - PRSS23
(logFC: NaN, pct_in: 0.9581987800502332, pct_out: 0.46044772014740665) - SDK1
(logFC: NaN, pct_in: 0.9483315392895587, pct-out: 0.5324569605632253) - SERPINB3
(logFC: NaN, pct_in: 0.9472551130247578, pct_out: 0.3182223200044002) - CHST9
(logFC: NaN, pct_in: 0.9468963042698242, pct_out: 0.5682525713657115) - SNHG29
(logFC: NaN, pct_in: 0.9293146752780768, pct_out: 0.5944337495187283) Cluster 14:
- KRT19 (logFC: NaN, pct_in: 0.9848090277777778, pct_out: 0.6234138571807805) -
CD9 (logFC: NaN, pct.in: 0.96875, pct_out: 0.6321422882930714) - S100A2 (logFC:
NaN, pctiin: 0.9526909722222222, pctout: 0.4115848155030528) - HSPB1 (logFC:
NaN, pct_in: 0.9505208333333334, pct_out: 0.5417467480753916) - SNHG29 (logFC:
NaN, pct_in: 0.9427083333333334, pct_out: 0.6057340058401911) - MIR205HG (logFC:
NaN, pctiin: 0.9366319444444444, pct_out: 0.4414228829307141) - AQP3 (logFC:
NaN, pct_in: 0.9140625, pctout: 0.526318024953544) - GASS5 (logFC: NaN, pct_in:
0.9045138888888888, pctout: 0.5549455800371649) - KRT15 (logFC: NaN, pct.in:
0.9019097222222222, pct_out: 0.38056809131935226) - ADIRF (logFC: NaN, pct_in:
0.8819444444444444, pct_out: 0.43893814706663126) **ESTABLISHED BIOLOGY **
Epithelial biology: - KRT19: involved in the regulation of epithelial cell differentiation
and proliferation - KRT15: involved in the regulation of epithelial cell differentiation and
proliferation - SLPI: involved in the regulation of epithelial cell function and inflammation -
AQP3: involved in the regulation of water transport across epithelial cells - HSPB1: involved
in the regulation of epithelial cell stress response Immune biology: - PTPRC: involved in
the regulation of T cell activation and signaling - ARHGAP15: involved in the regulation
of immune cell migration and signaling - BTG1: involved in the regulation of immune cell
function and differentiation - MBNL1: involved in the regulation of immune cell function
and differentiation - FYN: involved in the regulation of immune cell signaling and function
- SRGN: involved in the regulation of immune cell function and inflammation - SKAPI:
involved in the regulation of immune cell signaling and function - IL32: involved in the
regulation of immune cell function and inflammation - CXCR4: involved in the regulation of
immune cell migration and signaling - ARHGDIB: involved in the regulation of immune cell
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function and signaling **CONSISTENCY ANALYSIS** MATCHES established biology:
- Cluster 12: FAMI155A, IGHGI, TAFA1, RGPD2, MZB1, AC139720.1, AC022706.1,
CPNE7, FGFBP2 - Cluster 2: KRT19, KRT15, MIR205HG, SNHG29, KRT17, PRSS23,
CD9, S100A2, HSPBI1 - Cluster 4: KRT19, SLPI, AQP3, HSPB1, CD9, PRSS23, SDKI,
SERPINB3, CHST9, SNHG29 - Cluster 14: KRT19, CD9, S100A2, HSPB1, SNHG29,
MIR205HG, AQP3, GASS5, KRT15, ADIRF UNEXPECTED or CONTEXT-SHIFTED:
- Cluster 12: LRRIQI (high expression in epithelial cells, but no established function
in epithelial biology) - Cluster 5: PTPRC, ARHGAP15, BTG1, MBNLI1, FYN, SRGN,
SKAPI1, IL32, CXCR4, ARHGDIB (high expression in immune cells, but no established
function in hypoxic signaling) - Cluster 2: Z93241.1 (high expression in epithelial cells, but
no established function in epithelial biology) - Cluster 4: SDK1, SERPINB3, CHST9 (high
expression in epithelial cells, but no established function in epithelial biology) - Cluster
14: GASS (high expression in epithelial cells, but no established function in epithelial
biology) **CANDIDATE NOVEL HYPOTHESES** Probabilistic hypotheses grounded
in mismatches between dataset evidence and established biology: - LRRIQ1 may play a
role in epithelial cell function or regulation, but its exact function is unknown. - PTPRC,
ARHGAPI15, BTG1, MBNLI1, FYN, SRGN, SKAPI, IL32, CXCR4, ARHGDIB may be
involved in immune cell function or regulation in response to hypoxia, but their exact roles
are unknown. - Z93241.1 may be involved in epithelial cell function or regulation, but its
exact function is unknown. - SDK1, SERPINB3, CHST9 may be involved in epithelial cell
function or regulation, but their exact functions are unknown. - GASS5 may be involved
in epithelial cell function or regulation, but its exact function is unknown. Note: These
hypotheses are based on the assumption that the genes with high expression in the clusters
are involved in the regulation of epithelial or immune cell function, but their exact roles are
unknown.

discover: Crosstalk between immune and secretory epithelial cells

**DATASET EVIDENCE** Cluster 2: - Z93241.1 (logFC: 6.87161111831665,
pet_in: 0.0009705204415868009, pct_out: 0.017577859377124982) - KRT19
(pctin:  0.976100934125925, pctout:  0.5999025341130604) - KRT15 (pctin:

0.9653038942132719,  pct_out: 0.3395552835577315) - MIR205HG (pct.in:
0.9627562780541065,  pct_out: 0.4056507547939616) - SNHG29 (pct.in:
0.9252699259978163, pct_out: 0.584681989210753) - KRT17 (pct_in: 0.925148610942618,
pct_out: 0.4054807561539508) - PRSS23  (pct.in: 0.9210238990658741,
pctoout:  0.4488644090847273) - CD9 (pctiin:  0.9179910226859154, pct_out:
0.6142277528446439) - S100A2  (pct.in: 0.9002790246269562,  pct_out:
0.3800602928509905) - HSPB1  (pct.in: 0.8805046706296251,  pct_out:
0.5207738338093295) Cluster 6: - SLPI (pct.in: 0.9923415661497224,
pct_out: 0.6519461734022969) - SCGB3Al1 (pct.in: 0.9860233582232434,
pct_out: 0.5487639168931358) - SCGBI1Al (pct.in: 0.9674516561363201,
pct_out: 0.5682585254668187) - KRT19 (pct.in: 0.9663028910587785,
pct_out: 0.6129131235206452) - WFDC2  (pct.in: 0.964771204288723,
pct_out: 0.5679297799596739) - BPIFB1 (pct.in: 0.9481141106643691,
pct_out: 0.4107894275444902) - MSMB (pct.in: 0.9460080413555428,
pct_out: 0.4156986937845183) - PIGR  (pct.in: 0.9358606165039249,
pct_out: 0.2923862540545279) - CHST9 (pct.in: 0.9201608271108558,
pctout:  0.5712391513982642) - LCN2 (pctin:  0.903312272640245, pct_out:
0.34682651003769616)  Cluster 7: - VIM (pct.in: 0.9648740310077519,
pct_out: 0.33207003714090805) - SPARCL1 (pct.in: 0.9629360465116279,
pct_out: 0.2526339725612067) - CD74  (pct.in: 0.9617248062015504,
pct_out: 0.5843033643382313) - LDB2 (pct.in: 0.8563468992248062,
pct_out: 0.03175926627757144) - GNGI1 (pct.in: 0.846656976744186,
pct_out: 0.05219217983562712) - AQP1  (pct.in: 0.8289728682170543,
pct_out: 0.022273716581303938) - EMCN (pct.in: 0.815406976744186,
pctoout:  0.009204015116241297) - A2M  (pctin:  0.783187984496124, pct_out:
0.05786618444846293) - RAMP2 (pct.in: 0.7742248062015504,  pct_out:
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0.06528353780684562) - ACKRI  (pct.in: 0.7655038759689923,  pct_out:
0.02112592175504326) Cluster 14: - KRT19 (pct.in: 0.9848090277777778, pct_out:
0.6234138571807805) - CD9 (pctiin:  0.96875, pctout:  0.6321422882930714)
- S100A2 (pct.in: 0.9526909722222222,  pct_out: 0.4115848155030528) -
HSPB1 (pctiin:  0.9505208333333334, pctout: 0.5417467480753916) - SNHG29
(pct_in: 0.9427083333333334, pct_out: 0.6057340058401911) - MIR205HG
(petiin:  0.9366319444444444, pctout:  0.4414228829307141) - AQP3 (pct.in:
0.9140625, pctoout:  0.526318024953544) - GASS (pctiin:  0.9045138888888888,
pctout:  0.5549455800371649) - KRTIS5 (pctiin:  0.9019097222222222, pct_out:

0.38056809131935226) - ADIRF (pct.in: 0.8819444444444444,  pct_out:
0.43893814706663126) Cluster 11: - PRR4 (pct.in: 0.99657664511221,
pct_out: 0.19994672349493872) - MIR205HG (pct.in: 0.9912514263978699,
pct_out: 0.43817794352690465) - KRTI9 (pct.in: 0.9859262076835299,

pctout:  0.6221310602024507) - SLPI (pctiin:  0.9684290604792697, pct_out:
0.6620245071923282) - CD9 (pct_in: 0.9676683149486497, pct_out: 0.631006925945658)
- SI100A2 (pct.in: 0.9566375047546596,  pct_out: 0.4096004262120405) -
SNHG29 (pct_in:  0.9566375047546596, pctout: 0.6041768779968034) - HSPBI1
(pct_in: 0.9509319132750095,  pct_out: 0.5403196590303676) - LINCO00486
(pet_in:  0.9494104222137695, pctout:  0.33413958444326053) - ADIRF (pctin:
0.9166983643971092, pct_out: 0.43643047416089503) **ESTABLISHED BIOLOGY **
Epithelial biology: - KRT19, KRT15, KRT17: Keratin family genes involved in maintaining
epithelial cell structure and integrity. - MIR205HG: MicroRNA involved in regulating
epithelial cell differentiation and proliferation. - SNHG29: Long non-coding RNA involved
in regulating epithelial cell growth and differentiation. - S100A2: Calcium-binding
protein involved in regulating epithelial cell proliferation and differentiation. Immune
biology: - SLPI: Secretory leukocyte peptidase inhibitor involved in regulating immune cell
function and inflammation. - SCGB3A1, SCGB1A1: Secretoglobin family genes involved
in regulating immune cell function and inflammation. - BPIFB1: BPI fold-containing
family B member 1 involved in regulating immune cell function and inflammation. -
MSMB: Microseminoprotein, beta-1 involved in regulating immune cell function and
inflammation. Endothelial biology: - VIM: Vimentin involved in regulating endothelial
cell structure and function. - SPARCLI1: Secreted protein acidic and rich in cysteine-like
1 involved in regulating endothelial cell function and angiogenesis. - CD74: Major
histocompatibility complex class II invariant chain involved in regulating endothelial cell
function and immune response. **CONSISTENCY ANALYSIS** MATCH: - KRT19,
KRT15, KRT17 expression in epithelial clusters (2, 6, 14, 11) is consistent with established
epithelial biology. - SLPI, SCGB3A1, SCGB1A1, BPIFB1, MSMB expression in immune
clusters (6, 11) is consistent with established immune biology. - VIM, SPARCLI1, CD74
expression in endothelial cluster (7) is consistent with established endothelial biology.
UNEXPECTED/CONTEXT-SHIFTED: - Z93241.1 expression in epithelial cluster (2) is
unexpected and requires further investigation. - MIR205HG, SNHG29, S100A2 expression
in immune clusters (6, 11) is unexpected and requires further investigation. - AQP3,
GASS expression in epithelial cluster (14) is unexpected and requires further investigation.
**CANDIDATE NOVEL HYPOTHESES** Based on the unexpected expression of genes
in immune clusters (6, 11), it is possible that: * There is a novel mechanism of epithelial
cell regulation in the immune system, involving the expression of epithelial-specific genes
in immune cells. * The immune system is influencing epithelial cell function through the
expression of immune-specific genes in epithelial cells. Based on the unexpected expression
of genes in epithelial cluster (14), it is possible that: * There is a novel mechanism of
epithelial cell regulation involving the expression of AQP3 and GASS in epithelial cells.
* The expression of AQP3 and GASS is involved in regulating epithelial cell function in
response to immune system signals. Note: These hypotheses are speculative and require
further investigation to confirm or refute them.

A.4 PROMPT DATASET 2

Semantic: Immune activation state heterogeneity across immune cell populations
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Based on the provided dataset evidence, we can observe that the immune cell popula-
tions are heterogeneous across different clusters. Here’s a breakdown of the clusters: 1.
**Cluster 18**: This cluster has a high semantic similarity of 0.24311864376068115.
The cells in this cluster are primarily mast cells (0.7888888888888889) and myeloid cells
(1.0). The gene evidence suggests that genes like ARHGAP15, GATA2, and TIMP3 are
highly expressed in these cells. 2. **Cluster 3**: This cluster has a high semantic
similarity of 0.23854397237300873. The cells in this cluster are primarily macrophages
(0.9460269865067467) and myeloid cells (1.0). The gene evidence suggests that genes like
HSPA1B, HSPA1A, and SLC9A9 are highly expressed in these cells. 3. **Cluster 16%*:
This cluster has a high semantic similarity of 0.23643308877944946. The cells in this clus-
ter are primarily macrophages (0.9645390070921985) and myeloid cells (1.0). The gene
evidence suggests that genes like GPNMB, NEAT1, and KLF6 are highly expressed in these
cells. 4. **Cluster 1¥*: This cluster has a high semantic similarity of 0.22896818816661835.
The cells in this cluster are primarily macrophages (0.7407704654895666) and myeloid
cells (1.0). The gene evidence suggests that genes like LGMN, C1QA, and DAB2 are
highly expressed in these cells. 5. **Cluster 11**: This cluster has a high seman-
tic similarity of 0.22573009133338928. The cells in this cluster are primarily microglia
(0.7148148148148148) and myeloid cells (1.0). The gene evidence suggests that genes like
PLXDC2, S100A11, and DOCK4 are highly expressed in these cells. In summary, the im-
mune cell populations are heterogeneous across different clusters, with each cluster having
distinct cell types and gene expression profiles. The genes mentioned above are highly ex-
pressed in their respective clusters, but their specific roles and functions are not explicitly
stated in the provided dataset evidence.

Hybrid: Immune activation state heterogeneity across immune cell populations

Based on the provided dataset evidence, we can observe that there are several clusters of
immune cells with varying levels of immune activation state heterogeneity. Here’s a brief
analysis of each cluster: **Cluster 18**: This cluster consists of 90 cells, primarily classi-
fied as Myeloid cells with a subclass of Mast cells (78.89and hybrid similarity (0.848372042)
with other clusters. However, the semantic similarity is relatively low (0.243118643). The
cluster does not have any GO or Reactome terms associated with it. **Cluster 3**: This clus-
ter comprises 667 cells, primarily classified as Myeloid cells with a subclass of Macrophages
Monocyte-like (94.602699). The cluster shows high expression similarity (0.999672770) and
hybrid similarity (0.847447038) with other clusters. However, the semantic similarity is rel-
atively low (0.238543972). The cluster does not have any GO or Reactome terms associated
with it. **Cluster 16**: This cluster consists of 141 cells, primarily classified as Myeloid
cells with a subclass of Macrophages-iron metabolism (96.453900). The cluster shows high
expression similarity (0.999909520) and hybrid similarity (0.847214282) with other clusters.
However, the semantic similarity is relatively low (0.236433089). The cluster does not have
any GO or Reactome terms associated with it. **Cluster 1**: This cluster comprises 1246
cells, primarily classified as Myeloid cells with a subclass of Macrophages (74.077046). The
cluster shows high expression similarity (0.999656379) and hybrid similarity (0.845518768)
with other clusters. However, the semantic similarity is relatively low (0.228968188). The
cluster does not have any GO or Reactome terms associated with it. **Cluster 11**: This
cluster consists of 270 cells, primarily classified as Myeloid cells with a subclass of Mi-
croglia (71.481481). The cluster shows high expression similarity (0.999705434) and hybrid
similarity (0.844910383) with other clusters. However, the semantic similarity is relatively
low (0.225730091). The cluster does not have any GO or Reactome terms associated with it.
In summary, these clusters represent different subpopulations of immune cells with varying
levels of immune activation state heterogeneity. While the clusters show high expression sim-
ilarity, the semantic similarity is relatively low, indicating that the clusters may have distinct
biological characteristics. However, without further analysis and validation, it is difficult to
draw more specific conclusions about the biological relevance of these clusters. The genes
mentioned in the dataset evidence are: * ARHGAP15 * GATA2 * TIMP3 * S100A6 * GI-
HCG * SLC24A3 * MEIS2 * ITGA4 * TAGLN2 * SOX4 * HSPA1B * HSPA1A * SLC9A9 *
MRC1 * HSP90AA1 * RPS4Y1 * DNAJB1 * STAB1 * HSPB1 * JUN * GPNMB * NEAT1
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* SLC2A1 * KLF6 * FOS * DUSP1 * ATF3 * SH3BPS5 * ARL4AC * SAMDA4A * LGMN *
C1QA * DAB2 * FCGRT * BLVRB * PLTP * VSIG4 * A2M * C1QB * CD14 * PLXDC2 *
SLC8A1 * S100A11 * FRMD4A * DOCK4 * TREM2 * ALOX5AP * CAPG * LIMS1 * C3
These genes are associated with various biological processes, including immune response,
cell differentiation, and protein binding. However, without further analysis and validation, it
is difficult to draw more specific conclusions about the biological relevance of these genes in
the context of immune activation state heterogeneity.

scGPT: Immune activation state heterogeneity across immune cell populations

Based on the provided dataset evidence, I will analyze the immune activation state het-
erogeneity across immune cell populations. **Cluster Relevance:** 1. **Cluster 16
(Myeloid)**: This cluster consists of 141 cells, primarily classified as Myeloid cells with
a high expression of genes such as GPNMB, NEAT1, and SLC2A1. The cluster is also en-
riched with macrophages and microglia, indicating a high level of immune activation. 2.
**Cluster 17 (Lymphoid)**: This cluster consists of 102 cells, primarily classified as Lym-
phoid cells with a high expression of genes such as FYN, BTG1, and CD247. The cluster
is also enriched with CD56-bright NK cells and ILC precursors, indicating a high level of
immune activation. 3. **Cluster 19 (Myeloid)**: This cluster consists of 87 cells, primarily
classified as Myeloid cells with a high expression of genes such as RUNX1, LYVEI, and
FOXO3. The cluster is also enriched with macrophages and monocytes, indicating a high
level of immune activation. 4. **Cluster 8 (Myeloid)**: This cluster consists of 342 cells,
primarily classified as Myeloid cells with a high expression of genes such as RPS26, C1QC,
and DAB2. The cluster is also enriched with monocytes, macrophages, and microglia, indi-
cating a high level of immune activation. 5. **Cluster 11 (Myeloid)**: This cluster consists
of 270 cells, primarily classified as Myeloid cells with a high expression of genes such as
PLXDC2, SLC8AL1, and S100A11. The cluster is also enriched with microglia, dendritic
cells, and macrophages, indicating a high level of immune activation. **Biological Inter-
pretation:** The provided dataset evidence suggests that there is a high level of immune
activation state heterogeneity across immune cell populations. The clusters are primarily
composed of Myeloid and Lymphoid cells, indicating a strong immune response. The ex-
pression of genes such as GPNMB, NEAT1, and SLC2A1 in Cluster 16, and FYN, BTG,
and CD247 in Cluster 17, suggests a high level of immune activation in these clusters. The
clusters also show a high level of heterogeneity in terms of cell type and gene expression,
indicating a complex immune response. The presence of macrophages, microglia, and den-
dritic cells in multiple clusters suggests a coordinated immune response. **Conclusion:**
In conclusion, the provided dataset evidence suggests that there is a high level of immune
activation state heterogeneity across immune cell populations. The clusters are primarily
composed of Myeloid and Lymphoid cells, indicating a strong immune response. The ex-
pression of specific genes in each cluster suggests a high level of immune activation, and the
presence of multiple cell types in each cluster indicates a complex immune response.

Semantic: Transcriptional programs associated with activated versus resting immune cells

Based on the provided dataset evidence, we can observe that the clusters are primarily com-
posed of myeloid cells, with some variation in subclass and development stage ontology term
ID. Cluster 3 (semantic similarity: 0.24018561840057373) is characterized by a high pro-
portion of macrophages and monocytes, with a significant presence of genes involved in iron
metabolism (e.g., HSPA1B, HSPA1A). This cluster may represent a subset of macrophages
involved in iron homeostasis. Cluster 16 (semantic similarity: 0.23690225183963776) is also
enriched for macrophages and monocytes, with a notable presence of genes involved in in-
nate immunity (e.g., GPNMB, NEAT1). This cluster may represent a subset of macrophages
involved in immune responses. Cluster 18 (semantic similarity: 0.23557183146476746) is
characterized by a high proportion of mast cells, with some presence of genes involved in
cell adhesion and migration (e.g., ARHGAP15, ITGA4). This cluster may represent a sub-
set of mast cells involved in tissue repair and remodeling. Cluster 19 (semantic similarity:
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0.22687971591949463) is enriched for macrophages and monocytes, with a significant pres-
ence of genes involved in cell adhesion and migration (e.g., RUNX1, LYVEL). This cluster
may represent a subset of macrophages involved in tissue repair and remodeling. Cluster
1 (semantic similarity: 0.22109606862068176) is the largest cluster, composed primarily of
macrophages and monocytes, with some presence of genes involved in innate immunity (e.g.,
LGMN, C1QA). This cluster may represent a diverse population of myeloid cells involved
in immune responses. In summary, the clusters represent distinct subsets of myeloid cells,
each with unique gene expression profiles and potential biological functions.

Hybrid: Transcriptional programs associated with activated versus resting immune cells

Based on the provided dataset evidence, we can identify several clusters associated with
activated versus resting immune cells. Cluster 3 (n_cells = 667) is primarily composed
of macrophages and monocytes, with a high expression of heat shock proteins (HSPA1B,
HSPAT1A, HSP9OAAT) and other genes involved in cellular stress response. This cluster is
likely associated with activated immune cells. Cluster 16 (n_cells = 141) is also enriched for
macrophages, particularly those involved in iron metabolism. This cluster expresses genes
such as GPNMB, NEAT1, and KLF6, which are involved in cellular differentiation and im-
mune function. Cluster 18 (n_cells = 90) is primarily composed of mast cells and expresses
genes such as ARHGAP15, GATA2, and S100A6, which are involved in cell signaling and
immune response. Cluster 19 (n_cells = 87) is enriched for macrophages and expresses
genes such as RUNX1, LYVEI1, and FOXO3, which are involved in immune cell develop-
ment and function. Cluster 1 (n_cells = 1246) is the largest cluster and is primarily composed
of macrophages. This cluster expresses genes such as LGMN, C1QA, and DAB2, which are
involved in immune cell function and cellular stress response. In summary, these clusters are
associated with activated immune cells, including macrophages and monocytes, and express
genes involved in cellular stress response, immune cell development, and function.

scGPT: Transcriptional programs associated with activated versus resting immune cells

Based on the provided dataset evidence, we can observe three clusters (16, 17, and 19) that
are relevant to the query “Transcriptional programs associated with activated versus resting
immune cells.” Cluster 16 (Myeloid cells) shows a high expression of genes such as GP-
NMB, NEAT1, and SLC2A1, which are associated with activated immune cells. This cluster
has a high hybrid similarity score of 0.9998902082443237, indicating a strong correlation
between the semantic and expression similarities. Cluster 17 (Lymphoid cells) is charac-
terized by the expression of genes such as FYN, BTGI1, and CD247, which are involved
in lymphocyte activation and function. This cluster has a high hybrid similarity score of
0.9998722672462463, indicating a strong correlation between the semantic and expression
similarities. Cluster 19 (Myeloid cells) shows a high expression of genes such as RUNX1,
LYVEI, and FOXO3, which are associated with activated immune cells. This cluster has a
high hybrid similarity score of 0.9997982978820801, indicating a strong correlation between
the semantic and expression similarities. In summary, clusters 16, 17, and 19 are relevant
to the query and show a high expression of genes associated with activated immune cells.
However, it is essential to note that the provided dataset evidence does not allow us to infer
causality or make definitive conclusions about the biological processes involved.

Semantic: Shared transcriptional programs between innate and adaptive immune cells

Based on the provided dataset evidence, we can observe that the clusters are primarily
composed of myeloid cells, with some variation in subclass and development stage on-
tology term ID. Cluster 3 (semantic similarity: 0.2597731947898865) is primarily com-
posed of macrophages and monocytes, with a high expression of heat shock proteins
(HSPA1B, HSPA1A, HSP90OAAT1) and other genes involved in cellular stress response.
This cluster may represent a general myeloid cell program. Cluster 18 (semantic similar-
ity: 0.25743579864501953) is composed of mast cells and monocytes, with a high expres-
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sion of genes involved in cell adhesion (ARHGAP15, ITGA4) and other cellular processes.
This cluster may represent a distinct myeloid cell program. Cluster 19 (semantic similarity:
0.24654093384742737) is primarily composed of macrophages and monocytes, with a high
expression of genes involved in cell differentiation (RUNX1, LYVEL) and other cellular pro-
cesses. This cluster may represent a specific myeloid cell program. Cluster 16 (semantic sim-
ilarity: 0.2452763170003891) is primarily composed of macrophages with iron metabolism,
with a high expression of genes involved in cellular metabolism (GPNMB, SLC2A1) and
other cellular processes. This cluster may represent a specific myeloid cell program. Cluster
8 (semantic similarity: 0.22802788019180298) is primarily composed of monocytes, with a
high expression of genes involved in cellular stress response (RPS26, C1QC) and other cel-
lular processes. This cluster may represent a general myeloid cell program. In summary, the
clusters represent distinct myeloid cell programs, with some variation in subclass and devel-
opment stage ontology term ID. The genes expressed in each cluster are involved in various
cellular processes, including stress response, cell adhesion, differentiation, and metabolism.

Hybrid: Shared transcriptional programs between innate and adaptive immune cells

Based on the provided dataset evidence, we can identify clusters that share transcrip-
tional programs between innate and adaptive immune cells. Cluster 3 (n_cells = 667)
is primarily composed of macrophages and monocytes, with a high expression similarity
(0.9996716976165771) to the query. This cluster is relevant biologically as macrophages
are a key component of the innate immune system, while monocytes can differentiate into
macrophages or dendritic cells, which are essential for adaptive immune responses. Clus-
ter 8 (n_cells = 342) is also primarily composed of monocytes and macrophages, with a
high expression similarity (0.9997067451477051) to the query. This cluster is relevant bi-
ologically as monocytes and macrophages play critical roles in both innate and adaptive
immune responses. Cluster 16 (n_cells = 141) is primarily composed of macrophages-
iron metabolism cells, with a high expression similarity (0.999884843826294) to the query.
This cluster is relevant biologically as macrophages-iron metabolism cells are specialized
macrophages that play a crucial role in iron homeostasis and immune responses. Cluster 18
(n_cells = 90) is primarily composed of mast cells, with a moderate expression similarity
(0.9997135996818542) to the query. This cluster is relevant biologically as mast cells are a
type of immune cell that plays a key role in allergic responses and adaptive immunity. Clus-
ter 19 (n_cells = 87) is primarily composed of macrophages and monocytes, with a moderate
expression similarity (0.9997967481613159) to the query. This cluster is relevant biologi-
cally as macrophages and monocytes play critical roles in both innate and adaptive immune
responses. In terms of specific genes, we can see that clusters 3, 8, and 16 have high expres-
sion levels of genes such as HSPA1B, HSPA1A, and SLC9A9, which are involved in heat
shock protein function and ion transport, respectively. Cluster 18 has high expression levels
of genes such as ARHGAP15 and GATA2, which are involved in GTPase activity and tran-
scriptional regulation, respectively. Cluster 19 has high expression levels of genes such as
RUNXI1 and LYVEI, which are involved in transcriptional regulation and hyaluronan bind-
ing, respectively. Overall, these clusters share transcriptional programs between innate and
adaptive immune cells, highlighting the complex and dynamic nature of immune responses.

scGPT: Shared transcriptional programs between innate and adaptive immune cells

Based on the provided dataset evidence, we can observe that there are four clusters (16, 17,
19, and 18) with high hybrid similarity (; 0.99) between innate and adaptive immune cells.
Cluster 16 is primarily composed of macrophages, with a high expression of genes such as
GPNMB, NEAT1, and SLC2A1. These cells are involved in innate immunity and play a
crucial role in the clearance of pathogens and debris. Cluster 17 is predominantly composed
of lymphoid cells, including CD56-bright NK cells and ILC precursors. The expression of
genes such as FYN, BTG1, and CD247 suggests a role in adaptive immunity, particularly in
the activation and proliferation of lymphocytes. Cluster 19 is primarily composed of myeloid
cells, including macrophages and monocytes. The expression of genes such as RUNXI,
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LYVEI, and FOXO3 suggests a role in innate immunity, particularly in the regulation of
immune responses and tissue repair. Cluster 18 is primarily composed of myeloid cells, in-
cluding mast cells and monocytes. The expression of genes such as ARHGAP15, GATA2,
and TIMP3 suggests a role in innate immunity, particularly in the regulation of immune re-
sponses and tissue repair. In summary, these clusters highlight the shared transcriptional
programs between innate and adaptive immune cells, with a focus on the regulation of im-
mune responses and tissue repair. However, it is essential to note that these clusters are not
mutually exclusive, and individual cells may exhibit characteristics from multiple clusters.
The provided dataset evidence suggests that: * Macrophages (Cluster 16) and myeloid cells
(Clusters 19 and 18) share transcriptional programs involved in innate immunity. * Lymphoid
cells (Cluster 17) share transcriptional programs involved in adaptive immunity. * There is
a significant overlap between innate and adaptive immune cells, highlighting the complexity
of the immune system. These findings are based solely on the provided dataset evidence and
should be interpreted with caution. Further analysis and validation are necessary to confirm
these results and explore their biological relevance.

Semantic: Innate-like signaling pathways expressed in adaptive immune populations

Based on the provided dataset evidence, we can observe that cluster 3 is the most relevant
to innate-like signaling pathways expressed in adaptive immune populations. This cluster
has a semantic similarity of 0.265159010887146 and is characterized by a high proportion
of myeloid cells, particularly macrophages and monocytes. The gene evidence for cluster
3 includes genes such as HSPA1B, HSPA1A, SLC9A9, and MRC1, which are involved in
heat shock protein activity and cellular stress response. These genes are expressed at high
levels in macrophages and monocytes, suggesting that they play a role in the innate-like
signaling pathways of these cells. Cluster 18 is also relevant, with a semantic similarity
of 0.24977195262908936. This cluster is characterized by a high proportion of mast cells
and myeloid cells, and includes genes such as ARHGAP15, GATA2, and TIMP3, which are
involved in signaling pathways and cellular differentiation. Cluster 2 has a semantic similar-
ity of 0.24531462788581848 and is characterized by a high proportion of macrophages and
myeloid cells. The gene evidence for this cluster includes genes such as RPS4Y1, HSPA1A,
and HSPA1B, which are involved in ribosomal protein activity and heat shock protein ac-
tivity. In summary, the most relevant clusters to innate-like signaling pathways expressed in
adaptive immune populations are cluster 3, cluster 18, and cluster 2. These clusters are char-
acterized by a high proportion of myeloid cells, particularly macrophages and monocytes,
and include genes involved in signaling pathways, cellular stress response, and cellular dif-
ferentiation.

Hybrid: Innate-like signaling pathways expressed in adaptive immune populations

Based on the provided dataset evidence, I will analyze the clusters related to innate-like sig-
naling pathways expressed in adaptive immune populations. Cluster 3 (hybrid_similarity:
0.85277259349823) is primarily composed of macrophages and monocytes, with a high ex-
pression of heat shock proteins (HSPA1B, HSPA1A, HSP90AAT1, HSPB1) and other genes
involved in cellular stress response. This cluster may represent a population of myeloid
cells that exhibit innate-like characteristics, such as enhanced stress response and antigen
presentation capabilities. Cluster 18 (hybrid_similarity: 0.8497061133384705) is composed
of mast cells and a smaller fraction of monocytes. This cluster expresses genes involved in
cell adhesion (ARHGAP15, ITGA4) and signaling pathways (GATA2, MEIS2). The pres-
ence of mast cells in this cluster suggests that this population may be involved in innate- like
immune responses, such as allergic reactions or tissue repair. Cluster 2 (hybrid_similarity:
0.8481488823890686) is primarily composed of macrophages, with a high expression of
heat shock proteins (HSPA1A, HSPA1B, HSPB1) and other genes involved in cellular stress
response. This cluster may represent a population of myeloid cells that exhibit innate-like
characteristics, similar to Cluster 3. Cluster 8 (hybrid_similarity: 0.8439385294914246)
is composed of monocytes and a smaller fraction of macrophages. This cluster expresses
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genes involved in cellular stress response (RPS26, C1QC, RPL39) and other functions. The
presence of monocytes in this cluster suggests that this population may be involved in innate-
like immune responses, such as inflammation or tissue repair. Cluster 15 (hybrid_similarity:
0.8439268469810486) is composed of megakaryocytes and platelets. This cluster expresses
genes involved in cell adhesion (CNST, LIMS1) and signaling pathways (RGS18, PBX1).
The presence of megakaryocytes and platelets in this cluster suggests that this population
may be involved in innate-like immune responses, such as coagulation or vascular repair.
In summary, these clusters represent populations of myeloid cells that exhibit innate-like
characteristics, such as enhanced stress response, antigen presentation capabilities, and in-
volvement in innate-like immune responses. The specific genes and cell types present in each
cluster provide insights into the biological relevance of these populations.

scGPT: Innate-like signaling pathways expressed in adaptive immune populations

Based on the provided dataset evidence, we can analyze the clusters related to innate-like sig-
naling pathways expressed in adaptive immune populations. Cluster 17 (Lymphoid) shows a
high expression of genes involved in immune responses, such as FYN, BTG1, and CD247.
These genes are typically associated with lymphoid cells, suggesting that this cluster may
represent a subset of adaptive immune cells with innate-like characteristics. Cluster 19
(Myeloid) exhibits a high expression of genes related to myeloid cells, including RUNX1,
LYVEI, and AGR2. While these genes are not typically associated with adaptive immune
responses, their expression in this cluster may indicate a myeloid cell subset with innate-
like signaling pathways. Cluster 8 (Myeloid) shows a high expression of genes involved in
immune responses, such as RPS26, C1QC, and DAB2. These genes are typically associ-
ated with myeloid cells, suggesting that this cluster may represent a subset of myeloid cells
with innate-like characteristics. Cluster 18 (Myeloid) exhibits a high expression of genes
related to mast cells, including ARHGAP15, GATA2, and TIMP3. While these genes are
not typically associated with adaptive immune responses, their expression in this cluster may
indicate a mast cell subset with innate-like signaling pathways. In summary, clusters 17, 19,
8, and 18 show a high expression of genes involved in immune responses, suggesting that
they may represent subsets of adaptive immune cells or myeloid cells with innate-like char-
acteristics. However, further analysis is needed to confirm the exact nature of these clusters
and their relationship to innate-like signaling pathways.

Semantic: Transcriptional signatures of immune exhaustion or dysfunction

Based on the provided dataset evidence, I will analyze the transcriptional signatures of im-
mune exhaustion or dysfunction. The dataset contains 6 clusters with varying semantic sim-
ilarities to the query “Transcriptional signatures of immune exhaustion or dysfunction”. The
clusters are: 1. Cluster 20: This cluster has a semantic similarity of 0.1445765644311905
and consists of 65 cells. The cluster is primarily composed of lymphoid cells, with a spe-
cific subclass of ILC precursors. The gene evidence suggests that this cluster is enriched for
genes involved in immune cell development and function, such as CD52, TRBC1, and IL7R.
2. Cluster 1: This cluster has a semantic similarity of 0.14037597179412842 and consists
of 1246 cells. The cluster is primarily composed of myeloid cells, with a specific subclass
of macrophages. The gene evidence suggests that this cluster is enriched for genes involved
in immune cell function and inflammation, such as LGMN, C1QA, and DAB2. 3. Cluster
19: This cluster has a semantic similarity of 0.13394546508789062 and consists of 87 cells.
The cluster is primarily composed of myeloid cells, with a specific subclass of macrophages.
The gene evidence suggests that this cluster is enriched for genes involved in immune cell
function and inflammation, such as RUNX1, LYVEI1, and A2M. 4. Cluster 7: This cluster
has a semantic similarity of 0.11493303626775742 and consists of 367 cells. The cluster is
primarily composed of myeloid cells, with a specific subclass of dendritic cells. The gene
evidence suggests that this cluster is enriched for genes involved in immune cell function
and antigen presentation, such as CD74, VIM, and HLA-DRA. 5. Cluster 0: This cluster
has a semantic similarity of 0.11174975335597992 and consists of 1423 cells. The cluster
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is primarily composed of myeloid cells, with a specific subclass of macrophages. The gene
evidence suggests that this cluster is enriched for genes involved in immune cell function
and inflammation, such as FOS, RNASEI, and FOLR2. Based on the gene evidence, it ap-
pears that clusters 1, 19, and O are enriched for genes involved in immune cell function and
inflammation, which may be indicative of immune exhaustion or dysfunction. However, it is
essential to note that the semantic similarity of these clusters to the query is relatively low,
and further analysis is required to confirm the relevance of these clusters to immune exhaus-
tion or dysfunction. In conclusion, the provided dataset evidence suggests that clusters 1, 19,
and 0 may be related to immune exhaustion or dysfunction, but further analysis is required
to confirm this association.

Hybrid: Transcriptional signatures of immune exhaustion or dysfunction

Based on the provided dataset evidence, the clusters can be analyzed as follows: Cluster 20:
- This cluster has a high hybrid similarity of 0.8286760449409485. - The cells in this cluster
are primarily lymphoid cells, specifically ILC precursors. - The development stage ontology
term ID suggests that these cells are in an early developmental stage. - The donor ID and
dissection fields indicate that these cells are from various donors and dissections, but the ma-
jority are from the meninges. - Genes such as CD52, TRBC1, and ID2 are highly expressed
in these cells. Cluster 1: - This cluster has a high hybrid similarity of 0.8278312087059021.
- The cells in this cluster are primarily myeloid cells, specifically macrophages and mono-
cytes. - The development stage ontology term ID suggests that these cells are in a mature
developmental stage. - The donor ID and dissection fields indicate that these cells are from
various donors and dissections, but the majority are from the meninges. - Genes such as
LGMN, C1QA, and DAB?2 are highly expressed in these cells. Cluster 19: - This cluster
has a moderate hybrid similarity of 0.8265514969825745. - The cells in this cluster are
primarily myeloid cells, specifically macrophages and monocytes. - The development stage
ontology term ID suggests that these cells are in an early developmental stage. - The donor
ID and dissection fields indicate that these cells are from two donors and dissections, but
the majority are from the meninges. - Genes such as RUNX1, LYVEI1, and RPS4Y1 are
highly expressed in these cells. Cluster O: - This cluster has a moderate hybrid similarity
of 0.8217591643333435. - The cells in this cluster are primarily myeloid cells, specifically
macrophages and monocytes. - The development stage ontology term ID suggests that these
cells are in a mature developmental stage. - The donor ID and dissection fields indicate that
these cells are from various donors and dissections, but the majority are from the meninges.
- Genes such as FOS, RNASEI1, and FOLR2 are highly expressed in these cells. Cluster
3: - This cluster has a moderate hybrid similarity of 0.8217124342918396. - The cells in
this cluster are primarily myeloid cells, specifically macrophages and monocytes. - The de-
velopment stage ontology term ID suggests that these cells are in a mature developmental
stage. - The donor ID and dissection fields indicate that these cells are from one donor and
dissection, but the majority are from the meninges. - Genes such as HSPA1B, HSPAI1A,
and SLCY9A9 are highly expressed in these cells. In summary, the clusters can be broadly
categorized into two groups: lymphoid cells (Cluster 20) and myeloid cells (Clusters 1, 19,
0, and 3). The myeloid cells can be further divided into macrophages and monocytes, with
varying developmental stages and expression profiles.

scGPT: Transcriptional signatures of immune exhaustion or dysfunction

Based on the provided dataset evidence, we can analyze the transcriptional signatures of
immune exhaustion or dysfunction in the following clusters: Cluster 16: This cluster has a
high hybrid similarity of 0.9999071359634399 and is primarily composed of myeloid cells,
specifically macrophages and microglia. The genes GPNMB, NEAT1, and KLF6 are highly
expressed in this cluster. These genes are involved in various cellular processes, including
cell adhesion, migration, and differentiation. However, their specific roles in immune ex-
haustion or dysfunction are not explicitly stated in the provided evidence. Cluster 17: This
cluster has a high hybrid similarity of 0.9998222589492798 and is primarily composed of
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lymphoid cells, specifically CD56-bright NK cells and ILC precursors. The genes FYN,
BTGI, and CD247 are highly expressed in this cluster. These genes are involved in various
immune-related processes, including T-cell activation and differentiation. However, their
specific roles in immune exhaustion or dysfunction are not explicitly stated in the provided
evidence. Cluster 11: This cluster has a high hybrid similarity of 0.9997247457504272
and is primarily composed of myeloid cells, specifically microglia and dendritic cells. The
genes PLXDC2, S1I00A11, and TREM2 are highly expressed in this cluster. These genes
are involved in various immune-related processes, including antigen presentation and recog-
nition. However, their specific roles in immune exhaustion or dysfunction are not explicitly
stated in the provided evidence. Cluster 19: This cluster has a high hybrid similarity of
0.999703049659729 and is primarily composed of myeloid cells, specifically macrophages
and monocytes. The genes RUNX1, LYVEI, and FOXO3 are highly expressed in this clus-
ter. These genes are involved in various cellular processes, including cell differentiation and
survival. However, their specific roles in immune exhaustion or dysfunction are not explic-
itly stated in the provided evidence. Cluster 20: This cluster has a high hybrid similarity of
0.9997009634971619 and is primarily composed of lymphoid cells, specifically ILC precur-
sors. The genes CD52, TRBC1, and ID2 are highly expressed in this cluster. These genes
are involved in various immune-related processes, including T-cell activation and differenti-
ation. However, their specific roles in immune exhaustion or dysfunction are not explicitly
stated in the provided evidence. In summary, while the provided dataset evidence suggests
that these clusters are involved in immune-related processes, the specific roles of the genes
mentioned in immune exhaustion or dysfunction are not explicitly stated. Further analysis
and investigation are required to determine the exact mechanisms and relationships between
these clusters and immune exhaustion or dysfunction.

Semantic: Regulatory immune programs beyond canonical Treg annotations

Based on the provided dataset evidence, I will analyze the clusters and provide a biologi-
cal explanation for their relevance. **Cluster 18** This cluster has a semantic similarity
of 0.20669732987880707 and consists of 90 cells. The metadata indicates that these cells
are primarily Myeloid cells, with a high proportion of Mast cells (0.7888888888888889).
The gene evidence shows a high expression of genes such as ARHGAP15, GATA2, and
S100A6, which are involved in cell signaling, transcriptional regulation, and immune re-
sponse. **Cluster 11** This cluster has a semantic similarity of 0.1965542882680893 and
consists of 270 cells. The metadata indicates that these cells are primarily Myeloid cells,
with a high proportion of Microglia (0.7148148148148148). The gene evidence shows a
high expression of genes such as PLXDC2, SLC8AI1, and S1I00A11, which are involved
in cell signaling, ion transport, and immune response. **Cluster 10** This cluster has a
semantic similarity of 0.1940487176179886 and consists of 291 cells. The metadata indi-
cates that these cells are primarily Myeloid cells, with a high proportion of Macrophages
Monocyte-like cells (0.9312714776632303). The gene evidence shows a high expression
of genes such as SRGN, RNASEI1, and LYVEI, which are involved in cell signaling, pro-
teolysis, and immune response. **Cluster 15*%* This cluster has a semantic similarity of
0.19282454252243042 and consists of 146 cells. The metadata indicates that these cells are
primarily Myeloid cells, with a high proportion of Megakaryocytes (0.684931506849315).
The gene evidence shows a high expression of genes such as CNST, LTBP1, and LIMSI,
which are involved in cell signaling, cell adhesion, and immune response. **Cluster 16**
This cluster has a semantic similarity of 0.1912381500005722 and consists of 141 cells.
The metadata indicates that these cells are primarily Myeloid cells, with a high proportion
of Macrophages-iron metabolism cells (0.9645390070921985). The gene evidence shows a
high expression of genes such as GPNMB, NEAT1, and SLC2A1, which are involved in cell
signaling, transcriptional regulation, and immune response. In summary, these clusters are
primarily composed of Myeloid cells, with varying proportions of different subtypes. The
gene evidence suggests that these cells are involved in cell signaling, transcriptional regula-
tion, immune response, and proteolysis. However, it is essential to note that these findings
are based solely on the provided dataset evidence and should be further validated through
additional experiments and analyses.
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Hybrid: Regulatory immune programs beyond canonical Treg annotations

Based on the provided dataset evidence, I will analyze the clusters and provide a biolog-
ical explanation for each. **Cluster 18** This cluster has a high hybrid similarity score
of 0.8411178588867188. The metadata indicates that the cells in this cluster are primarily
Myeloid cells (ClassAnn: Myeloid = 1.0). The subclass annotation shows a mix of Mast
cells, MEMP-MEP, and Monocytes. The development stage ontology term ID suggests that
these cells are at various stages of development. The gene evidence shows a high percent-
age of cells expressing genes such as ARHGAP15, GATA2, TIMP3, and S100A6, which are
involved in various cellular processes. However, without further information on the specific
functions of these genes in Myeloid cells, it is difficult to provide a more detailed explana-
tion. **Cluster 11** This cluster has a high hybrid similarity score of 0.8390102982521057.
The metadata indicates that the cells in this cluster are primarily Myeloid cells (ClassAnn:
Myeloid = 1.0). The subclass annotation shows a mix of Microglia, Dendritic cells, and
Macrophages. The development stage ontology term ID suggests that these cells are at vari-
ous stages of development. The gene evidence shows a high percentage of cells expressing
genes such as PLXDC2, SLC8A1, S100A11, and FRMD4A, which are involved in various
cellular processes. However, without further information on the specific functions of these
genes in Myeloid cells, it is difficult to provide a more detailed explanation. **Cluster 15**
This cluster has a high hybrid similarity score of 0.8383318781852722. The metadata in-
dicates that the cells in this cluster are primarily Myeloid cells (ClassAnn: Myeloid = 1.0).
The subclass annotation shows a mix of Megakaryocytes, Platelets, and MEMP-MEP. The
development stage ontology term ID suggests that these cells are at various stages of de-
velopment. The gene evidence shows a high percentage of cells expressing genes such as
CNST, LTBP1, LIMSI1, and RGS18, which are involved in various cellular processes. How-
ever, without further information on the specific functions of these genes in Myeloid cells,
it is difficult to provide a more detailed explanation. **Cluster 16** This cluster has a high
hybrid similarity score of 0.8381441235542297. The metadata indicates that the cells in
this cluster are primarily Myeloid cells (ClassAnn: Myeloid = 1.0). The subclass annotation
shows a mix of Macrophages, Microglia, and Macrophages Monocyte-like. The development
stage ontology term ID suggests that these cells are at various stages of development. The
gene evidence shows a high percentage of cells expressing genes such as GPNMB, NEAT1,
SLC2A1, and KLF6, which are involved in various cellular processes. However, without
further information on the specific functions of these genes in Myeloid cells, it is difficult to
provide a more detailed explanation. **Cluster 19%* This cluster has a high hybrid similar-
ity score of 0.8377711772918701. The metadata indicates that the cells in this cluster are
primarily Myeloid cells (ClassAnn: Myeloid = 1.0). The subclass annotation shows a mix of
Macrophages Monocyte-like, Macrophages, and Monocytes. The development stage ontol-
ogy term ID suggests that these cells are at various stages of development. The gene evidence
shows a high percentage of cells expressing genes such as RUNX1, LYVEIL, RPS4Y1, and
FOXO3, which are involved in various cellular processes. However, without further informa-
tion on the specific functions of these genes in Myeloid cells, it is difficult to provide a more
detailed explanation. In summary, these clusters appear to represent different subpopulations
of Myeloid cells, each with unique characteristics and gene expression profiles. However,
further analysis is needed to understand the specific biological functions of these cells and
the genes involved.

scGPT: Regulatory immune programs beyond canonical Treg annotations

Based on the provided dataset evidence, we can observe that there are four clusters (16, 17,
18, and 19) that are primarily annotated as Myeloid cells. These clusters have high hybrid
similarity (; 0.99) and are characterized by distinct gene expression profiles. Cluster 16
is primarily composed of Macrophages-iron metabolism and Macrophages Monocyte-like
cells. The gene evidence for this cluster includes GPNMB, NEAT1, and SLC2A1, which are
involved in iron metabolism and cellular stress responses. Cluster 17 is primarily composed
of CD56-bright NK cells and ILC precursors. The gene evidence for this cluster includes
FYN, BTG1, and CD247, which are involved in immune cell signaling and regulation. Clus-
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ter 18 is primarily composed of Mast cells, MEMP-MEP, and Monocytes. The gene evidence
for this cluster includes ARHGAP15, GATA2, and TIMP3, which are involved in cell sig-
naling, transcriptional regulation, and cellular processes. Cluster 19 is primarily composed
of Megakaryocytes, Platelets, and MEMP-MEP. The gene evidence for this cluster includes
CNST, LTBP1, and LIMS|1, which are involved in cellular processes and signaling pathways.
In summary, these clusters represent distinct regulatory immune programs beyond canonical
Treg annotations, with each cluster exhibiting unique gene expression profiles and cellular
characteristics.

Semantic: Interferon-stimulated gene programs across immune cell types

Based on the provided dataset evidence, I will analyze the interferon-stimulated gene
programs across immune cell types. **Cluster Relevance:** Cluster 18 (semantic sim-
ilarity: 0.2659740447998047) is associated with Myeloid cells, specifically Mast cells
(0.7888888888888889), MEMP-MEP (0.2), and Monocytes (0.011111111111111112).
This cluster shows a high expression of genes such as ARHGAP15, GATA2,
TIMP3, and S100A6, which are involved in various cellular processes includ-
ing cell migration, differentiation, and immune response. Cluster 3 (seman-
tic similarity: 0.2643201947212219) is also associated with Myeloid cells, specifi-
cally Macrophages Monocyte-like (0.9460269865067467), Macrophages-iron metabolism
(0.034482758620689655), and Monocytes (0.0014992503748125937). This cluster shows
a high expression of genes such as HSPA1B, HSPA1A, SLC9A9, and MRCI, which
are involved in heat shock response, protein folding, and immune response. Cluster 16
(semantic similarity: 0.24742969870567322) is associated with Myeloid cells, specifi-
cally Macrophages-iron metabolism (0.9645390070921985), Macrophages Monocyte-like
(0.014184397163120567), and Microglia (0.0070921985815602835). This cluster shows a
high expression of genes such as GPNMB, NEAT1, SLC2A1, and KLF6, which are involved
in cellular processes including cell migration, differentiation, and immune response. Clus-
ter 2 (semantic similarity: 0.23518583178520203) is associated with Myeloid cells, specif-
ically Macrophages-iron metabolism (0.8507306889352818), Macrophages Monocyte-like
(0.10751565762004175), and Macrophages (0.03966597077244259). This cluster shows
a high expression of genes such as RPS4Y1, HSPA1A, HSPA1B, and SELENOP, which
are involved in cellular processes including protein synthesis, heat shock response, and
immune response. Cluster 13 (semantic similarity: 0.23401576280593872) is associated
with Myeloid cells, specifically ChP Microglia (0.9939393939393939) and Dendritic cells
(0.006060606060606061). This cluster shows a high expression of genes such as TTR,
CD74, PLXDC2, and RPL41, which are involved in cellular processes including cell mi-
gration, differentiation, and immune response. **Interferon-Stimulated Gene Programs:**
The provided dataset evidence shows that interferon-stimulated gene programs are present
across various immune cell types, including Myeloid cells. The expression of genes such as
HSPA1B, HSPA1A, SLC9A9, and MRCI in Cluster 3, and RPS4Y1, HSPA1A, HSPAIB,
and SELENORP in Cluster 2, suggests that these cells are responding to interferon stimulation.
Similarly, the expression of genes such as GPNMB, NEAT1, SLC2A1, and KLF6 in Cluster
16, and TTR, CD74, PLXDC2, and RPL41 in Cluster 13, also suggests that these cells are re-
sponding to interferon stimulation. However, it is essential to note that the expression of these
genes does not necessarily imply that they are directly involved in interferon-stimulated gene
programs. Further analysis and experimental validation are required to determine the specific
roles of these genes in interferon-stimulated gene programs across immune cell types.

Hybrid: Interferon-stimulated gene programs across immune cell types

Interferon-stimulated gene programs across immune cell typesInterferon-stimulated gene
programs across immune cell typesBased on the provided dataset evidence, we can observe
that there are several clusters that exhibit interferon-stimulated gene programs across im-
mune cell types. Here’s a brief analysis of each relevant cluster: **Cluster 18**: This clus-
ter has a high hybrid similarity score of 0.8529582023620605 and is primarily composed
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of mast cells (88.89%). The gene evidence suggests that this cluster is enriched for genes
involved in interferon-stimulated responses, such as ARHGAP15, GATA2, and S100A6.
These genes are often upregulated in response to interferon signaling, which is a key compo-
nent of the immune response. **Cluster 3**: This cluster has a high hybrid similarity score
of 0.8526052236557007 and is primarily composed of macrophages (94.62%). The gene
evidence suggests that this cluster is enriched for genes involved in heat shock protein re-
sponses, such as HSPA1B, HSPA1A, and HSP90AA1. These genes are often upregulated in
response to stress and heat shock, which can be triggered by interferon signaling. **Cluster
16**: This cluster has a high hybrid similarity score of 0.8494004011154175 and is pri-
marily composed of macrophages (96.45gene evidence suggests that this cluster is enriched
for genes involved in interferon-stimulated responses, such as GPNMB, NEAT1, and KLF6.
These genes are often upregulated in response to interferon signaling, which is a key com-
ponent of the immune response. **Cluster 2**: This cluster has a high hybrid similarity
score of 0.8460900783538818 and is primarily composed of macrophages (85.07%). The
gene evidence suggests that this cluster is enriched for genes involved in heat shock protein
responses, such as HSPA1A, HSPA1B, and HSPB1. These genes are often upregulated in
response to stress and heat shock, which can be triggered by interferon signaling. **Cluster
13**: This cluster has a high hybrid similarity score of 0.8460356593132019 and is primar-
ily composed of microglia (99.39%). The gene evidence suggests that this cluster is enriched
for genes involved in interferon-stimulated responses, such as TTR, CD74, and PLXDC?2.
These genes are often upregulated in response to interferon signaling, which is a key com-
ponent of the immune response. In summary, these clusters exhibit interferon-stimulated
gene programs across immune cell types, with enrichment for genes involved in heat shock
protein responses and interferon-stimulated responses. However, it’s essential to note that
these findings are based solely on the provided dataset evidence and should be interpreted
with caution.

scGPT: Interferon-stimulated gene programs across immune cell types

Based on the provided dataset evidence, we can observe three distinct clusters of immune
cells that exhibit interferon-stimulated gene programs. **Cluster 16 (Myeloid cells)** This
cluster consists of 141 cells, primarily classified as Myeloid cells. The genes GPNMB,
NEAT1, SLC2A1, KLF6, FOS, DUSP1, ATF3, SH3BPS5, ARLAC, and SAMDA4A are upreg-
ulated in these cells. These genes are associated with various cellular processes, including
cell adhesion, metabolism, and stress response. The presence of these genes suggests that
Cluster 16 is involved in the interferon-stimulated gene program, which is a key response to
viral infections. **Cluster 17 (Lymphoid cells)** This cluster consists of 102 cells, primar-
ily classified as Lymphoid cells. The genes FYN, BTG1, CD247, GZMA, NKG7, PRKCH,
CD69, CD44, GZMM, and KLRB1 are upregulated in these cells. These genes are asso-
ciated with T-cell activation, proliferation, and cytotoxicity. The presence of these genes
suggests that Cluster 17 is involved in the interferon-stimulated gene program, which is a
key response to viral infections. **Cluster 19 (Myeloid cells)** This cluster consists of 87
cells, primarily classified as Myeloid cells. The genes RUNX1, LYVEI, RPS4Y1, FOXO3,
CEMIP2, AGR2, PLD4, A2M, ZEB2, and NEAT1 are upregulated in these cells. These
genes are associated with various cellular processes, including cell adhesion, metabolism,
and stress response. The presence of these genes suggests that Cluster 19 is involved in the
interferon-stimulated gene program, which is a key response to viral infections. **Cluster
18 (Myeloid cells)** This cluster consists of 90 cells, primarily classified as Myeloid cells.
The genes ARHGAP15, GATA2, TIMP3, S100A6, GIHCG, SLC24A3, MEIS2, ITGA4,
TAGLN?2, and SOX4 are upregulated in these cells. These genes are associated with vari-
ous cellular processes, including cell adhesion, metabolism, and stress response. The pres-
ence of these genes suggests that Cluster 18 is involved in the interferon-stimulated gene
program, which is a key response to viral infections. **Cluster 8 (Myeloid cells)** This
cluster consists of 342 cells, primarily classified as Myeloid cells. The genes RPS26, C1QC,
RPL39, DAB2, CST3, AGR2, RNASEI1, RPL41, FTL, and BLVRB are upregulated in these
cells. These genes are associated with various cellular processes, including cell adhesion,
metabolism, and stress response. The presence of these genes suggests that Cluster 8 is in-
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volved in the interferon-stimulated gene program, which is a key response to viral infections.
In summary, the provided dataset evidence suggests that there are multiple clusters of im-
mune cells that exhibit interferon-stimulated gene programs. These clusters are primarily
composed of Myeloid cells, with some Lymphoid cells present in Cluster 17. The upreg-
ulated genes in each cluster are associated with various cellular processes, including cell
adhesion, metabolism, and stress response.

Sematinc: Inflammatory signaling heterogeneity within immune populations

Based on the provided dataset evidence, I will analyze the inflammatory signaling hetero-
geneity within immune populations. **Cluster Relevance:** Cluster 3 (n_cells = 667) is
predominantly composed of macrophages and monocyte-like cells, with a high semantic
similarity of 0.2945103347301483. This cluster is likely involved in inflammatory signal-
ing, as evidenced by the presence of genes such as HSPA1B, HSPA1A, and SLC9A9, which
are involved in heat shock protein and ion transport functions. Cluster 18 (n_cells = 90) is pri-
marily composed of mast cells, with a moderate semantic similarity of 0.262997031211853.
This cluster may be involved in inflammatory responses, as indicated by the presence
of genes such as ARHGAPI15, GATA2, and TIMP3, which are involved in signaling
pathways and matrix metalloproteinase regulation. Cluster 16 (n_cells = 141) is mainly
composed of macrophages-iron metabolism cells, with a moderate semantic similarity of
0.2568405866622925. This cluster may be involved in inflammatory signaling, as sug-
gested by the presence of genes such as GPNMB, NEAT1, and KLF6, which are involved
in cell adhesion and transcriptional regulation. Cluster 2 (n_cells = 958) is predominantly
composed of macrophages-iron metabolism cells, with a moderate semantic similarity of
0.23532789945602417. This cluster is likely involved in inflammatory signaling, as evi-
denced by the presence of genes such as RPS4Y1, HSPA1A, and HSPA1B, which are in-
volved in ribosomal protein and heat shock protein functions. Cluster 8 (n_cells = 342) is
primarily composed of monocytes, with a low semantic similarity of 0.2226094901561737.
This cluster may be involved in inflammatory responses, as indicated by the presence of
genes such as RPS26, C1QC, and DAB2, which are involved in ribosomal protein and com-
plement system regulation. **Biological Interpretation:** The provided dataset evidence
suggests that there is heterogeneity in inflammatory signaling within immune populations.
Clusters 3, 18, 16, 2, and 8 are likely involved in inflammatory responses, as evidenced by
the presence of specific genes involved in signaling pathways, matrix metalloproteinase reg-
ulation, cell adhesion, transcriptional regulation, and ribosomal protein functions. However,
the exact mechanisms and relationships between these clusters and inflammatory signaling
require further investigation. **Conclusion:** The provided dataset evidence suggests that
there is heterogeneity in inflammatory signaling within immune populations, with different
clusters exhibiting distinct gene expression profiles and potential involvement in inflamma-
tory responses. Further analysis is required to elucidate the specific mechanisms and rela-
tionships between these clusters and inflammatory signaling.

Hybrid: Inflammatory signaling heterogeneity within immune populations

Based on the provided dataset evidence, I will analyze the clusters and provide a biologi-
cal explanation for each. **Cluster 3 (n_cells = 667)** This cluster has a high expression
similarity (0.9996904730796814) and a high hybrid similarity (0.8586544990539551). The
metadata indicates that this cluster is predominantly composed of Myeloid cells, with a high
proportion of Macrophages Monocyte-like cells (0.9460269865067467). The gene evidence
shows high expression of heat shock proteins (HSPA1B, HSPA1A, HSP90AA1, HSPB1)
and other genes involved in cell stress response. This cluster may represent a population
of macrophages that are highly responsive to inflammatory stimuli. **Cluster 18 (n_cells =
90)** This cluster has a moderate expression similarity (0.9996955394744873) and a mod-
erate hybrid similarity (0.8523558974266052). The metadata indicates that this cluster is
composed of Myeloid cells, with a high proportion of Mast cells (0.7888888888888889).
The gene evidence shows high expression of genes involved in mast cell function, such
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as ARHGAPI15 and GATA2. This cluster may represent a population of mast cells
that are involved in allergic responses. **Cluster 16 (n_cells = 141)** This cluster
has a high expression similarity (0.9998932480812073) and a moderate hybrid similarity
(0.8512827157974243). The metadata indicates that this cluster is predominantly com-
posed of Myeloid cells, with a high proportion of Macrophages-iron metabolism cells
(0.9645390070921985). The gene evidence shows high expression of genes involved in
iron metabolism, such as GPNMB and NEAT1. This cluster may represent a population
of macrophages that are specialized in iron metabolism. **Cluster 2 (n_cells = 958)**
This cluster has a high expression similarity (0.9988120198249817) and a moderate hy-
brid similarity (0.8461151719093323). The metadata indicates that this cluster is predomi-
nantly composed of Myeloid cells, with a high proportion of Macrophages-iron metabolism
cells (0.8507306889352818). The gene evidence shows high expression of heat shock pro-
teins (HSPA1A, HSPA1B, HSPB1) and other genes involved in cell stress response. This
cluster may represent a population of macrophages that are highly responsive to inflamma-
tory stimuli. **Cluster 8 (n_cells = 342)** This cluster has a high expression similarity
(0.9997087717056274) and a moderate hybrid similarity (0.8442889451980591). The meta-
data indicates that this cluster is predominantly composed of Myeloid cells, with a high
proportion of Monocytes (0.8216374269005848). The gene evidence shows high expres-
sion of genes involved in monocyte function, such as RPS26 and C1QC. This cluster may
represent a population of monocytes that are involved in inflammatory responses. In sum-
mary, these clusters represent different populations of Myeloid cells that are specialized in
various functions, including macrophage function, mast cell function, iron metabolism, and
monocyte function. The gene evidence suggests that these clusters are characterized by high
expression of specific genes involved in these functions.

Based on the provided dataset evidence, I will analyze the clusters and provide a biolog-
ical explanation for each. **Cluster 16:** This cluster has a high hybrid similarity of
0.9998932480812073 and is primarily composed of macrophages, with a high expression of
genes related to iron metabolism. The cluster is also enriched for cells from the "Meninges”
dissection site. The genes GPNMB, NEAT1, and KLF6 are highly expressed in this clus-
ter, suggesting a role in inflammatory signaling and cellular differentiation. **Cluster 17:%*
This cluster has a high hybrid similarity of 0.9998564720153809 and is primarily composed
of lymphoid cells, specifically CD56-bright NK cells and ILC precursors. The cluster is
also enriched for cells from the "Meninges” dissection site. The genes FYN, BTGI1, and
CD247 are highly expressed in this cluster, suggesting a role in immune cell development and
function. **Cluster 19:** This cluster has a high hybrid similarity of 0.9997719526290894
and is primarily composed of myeloid cells, specifically macrophages and monocytes. The
cluster is also enriched for cells from the "Meninges” dissection site. The genes RUNX1,
LYVEI, and FOXO3 are highly expressed in this cluster, suggesting a role in cellular dif-
ferentiation and immune function. **Cluster 8:** This cluster has a high hybrid similarity
0f 0.9997087717056274 and is primarily composed of myeloid cells, specifically monocytes
and macrophages. The cluster is also enriched for cells from the "Meninges” dissection site.
The genes RPS26, C1QC, and DAB2 are highly expressed in this cluster, suggesting a role in
cellular differentiation and immune function. **Cluster 18:** This cluster has a high hybrid
similarity of 0.9996955394744873 and is primarily composed of myeloid cells, specifically
mast cells and monocytes. The cluster is also enriched for cells from the "Meninges” dissec-
tion site. The genes ARHGAP15, GATA2, and TIMP3 are highly expressed in this cluster,
suggesting a role in cellular differentiation and immune function. In summary, these clus-
ters are primarily composed of immune cells, specifically macrophages, lymphoid cells, and
myeloid cells, and are enriched for cells from the "Meninges” dissection site. The highly
expressed genes in each cluster suggest a role in inflammatory signaling, cellular differenti-
ation, and immune function.

A.4.1 DISCOVERMODE DATASET 2

Metabolic stress programs co-opted by immune signaling pathways
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**DATASET EVIDENCE** Cluster 3: - HSPAIB (pct.in: 0.9940029985007496,

pct_out: 0.523222992045163) - HSPA1A  (pct.in: 0.9895052473763118,
pct_out: 0.5243777264562484) - SLCY9A9  (pct.in: 0.9760119940029985,
pct_out: 0.5647934308442392) - MRCI1  (pct.in: 0.9625187406296851,
pct_out: 0.6203489863997947) - HSP90AA1 (pct.in: 0.9580209895052474,
pct_out: 0.4638183217859892) - RPS4Y1 (pct.in: 0.9430284857571214,
pct_out: 0.29907621247113164) - DNAJB1 (pct.in: 0.9415292353823088,
pct_out: 0.5050038491147036) - STAB1 (pct.in: 0.9415292353823088,
pct_out: 0.550423402617398) - HSPB1  (pct.in: 0.9340329835082459,
pctout:  0.48434693353861946) - JUN (pctin:  0.9265367316341829, pct_out:
0.5282268411598665) Cluster 6: - HBAl (pct.in: 0.981081081081081,
pctout:  0.4382647385984427) - HBA2 (pctiin:  0.981081081081081, pct_out:
0.42911877394636017) - HBZ  (pct.in: 0.9675675675675676, pct_out:
0.22333456927450254) - ENSGO00000284931  (pct.in: 0.9621621621621622,
pctout:  0.478556420714374) - ENSG00000239920 (pct_in:  0.9540540540540541,
pct_out: 0.22172784575454207) - HPGDS (pct.in: 0.8081081081081081,
pct_out: 0.5925101965146459) - Cl1QC  (pct.in: 0.8027027027027027,

pctout:  0.6192065257693734) - C1QB (pctiin:  0.7891891891891892, pct_out:
0.5876900259547646) - FTL (pct_in: 0.7837837837837838, pct_out: 0.5836114200964034)
- XIST (pct.in: 0.754054054054054, pct_out: 0.4592757384748486) Cluster
18: - ARHGAPIS5 (pctiin: 0.9666666666666667, pct_out: 0.4385378091028551)
- GATA2 (pct.in: 0.9333333333333333,  pct_out: 0.01290168438657269)
- TIMP3 (pct.in: 0.8888888888888888,  pct_out: 0.12519412256600168) -
S100A6  (pct.in: 0.8888888888888888,  pct_out: 0.40186357663361605) -
GIHCG  (pct.in: 0.8666666666666667,  pct_out: 0.09246207143710429) -
SLC24A3  (pct.in: 0.8444444444444444,  pct_out: 0.025564448691912555)
- MEIS2 (pct.in: 0.8333333333333334,  pct_out: 0.02030820690479035)
- ITGA4 (pct.in: 0.8222222222222222,  pct_out: 0.1116951379763469) -
TAGLN2  (pct.in: 0.8111111111111111,  pct_out: 0.219687014693585) -
SOX4 (pct.in: 0.8111111111111111,  pct_out: 0.2956636005256242) Cluster
2: - RPS4Y1 (pctin:  0.9749478079331941, pctoout:  0.2700253232040517)
- HSPAIA (pct.in: 0.9665970772442589,  pct_out: 0.5092629614820738)
- HSPAIB (pct.in: 0.9634655532359081,  pct_out: 0.5088631214180994)
- SELENOP (pct.in: 0.9603340292275574,  pct_out: 0.6085565773690523)
- HSPB1 (pct.in: 0.9321503131524008, pct_out: 0.46714647474343596) -
COLECI12 (pct.in: 0.9321503131524008,  pct_out: 0.5800346528055444) -
KIF5C-AS1  (pct.in: 0.9196242171189979, pct_out: 0.27828868452618954) -
PMP22 (pctiin:  0.9164926931106472, pctoout:  0.524723443955751) - ASAHI
(pct_in: 0.9164926931106472,  pct_out: 0.531520725043316) - LINC00278
(pct_in: 0.9154488517745303, pct_out: 0.21138211382113822) Cluster 16:
- GPNMB (pct.in: 0.9858156028368794,  pct_out: 0.24783653846153847)
- NEAT1 (pct.in: 0.9787234042553191,  pct_out: 0.5581730769230769) -
SLC2A1 (pct.in: 0.9716312056737588,  pct_out: 0.0829326923076923) -
KLF6 (pct.in: 0.9645390070921985,  pct_out: 0.5122596153846154) - FOS
(pctin:  0.9574468085106383, pctout:  0.5524038461538462) - DUSP1 (pct.in:
0.9574468085106383, pct_out: 0.5461538461538461) - ATF3 (pct_in: 0.950354609929078,

pct_out: 0.45252403846153844) - SH3BP5 (pct.in: 0.950354609929078,
pctout:  0.47872596153846153) - ARL4C (pct.in: 0.9432624113475178, pct_out:
0.4364182692307692) - SAMD4A (pct.in: 0.9148936170212766,  pct_out:

0.40865384615384615) **ESTABLISHED BIOLOGY** - HSPA1B, HSPA1A: Heat
shock proteins involved in protein folding and stress response in various cell types, including
immune cells. - SLC9A9: Solute carrier family 9 member 9, involved in ion transport and
pH regulation in immune cells. - MRC1: Mannose receptor C-type 1, involved in antigen
presentation and immune response in macrophages. - HSP9OAA1: Heat shock protein 90
alpha family class A member 1, involved in protein folding and stress response in various
cell types, including immune cells. - RPS4Y1: Ribosomal protein S4 Y-linked, involved in
protein synthesis and regulation in immune cells. - DNAJB1: Dnal heat shock protein family
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(Hsp40) member B1, involved in protein folding and stress response in various cell types,
including immune cells. - STAB1: Stabilin 1, involved in endocytosis and immune response
in macrophages. - HSPB1: Heat shock protein beta 1, involved in protein folding and stress
response in various cell types, including immune cells. - JUN: Jun proto-oncogene, AP-1
transcription factor subunit, involved in cell proliferation and differentiation in immune
cells. - HBA1, HBA2: Hemoglobin subunit alpha 1 and 2, involved in oxygen transport and
immune response in red blood cells. - HBZ: HBZ protein, involved in immune response and
regulation in T cells. - ENSG00000284931: Long non-coding RNA, involved in regulation
of gene expression in immune cells. - ENSG00000239920: Long non-coding RNA, involved
in regulation of gene expression in immune cells. - HPGDS: Hematopoietic prostaglandin
D synthase, involved in immune response and regulation in T cells. - C1QC, C1QB:
Complement component 1 q and b, involved in immune response and regulation in immune
cells. - FTL: Ferritin light chain, involved in iron storage and regulation in immune cells. -
XIST: X-inactive specific transcript, involved in X-chromosome inactivation and regulation
in immune cells. - ARHGAP15: Rho GTPase activating protein 15, involved in regulation
of cell migration and immune response in immune cells. - GATA2: GATA binding protein 2,
involved in regulation of gene expression and immune response in immune cells. - TIMP3:
Tissue inhibitor of metalloproteinase 3, involved in regulation of matrix metalloproteinases
and immune response in immune cells. - SI00A6: S100 calcium-binding protein A6,
involved in regulation of immune response and cell proliferation in immune cells. - GIHCG:
Glycoprotein hormone alpha chain, involved in regulation of immune response and cell
proliferation in immune cells. - SLC24A3: Solute carrier family 24 member 3, involved
in regulation of ion transport and immune response in immune cells. - MEIS2: Meis
homeobox 2, involved in regulation of gene expression and immune response in immune
cells. - ITGA4: Integrin subunit alpha 4, involved in regulation of cell adhesion and immune
response in immune cells. - TAGLN2: Transgelin 2, involved in regulation of cell migration
and immune response in immune cells. - SOX4: SRY-box transcription factor 4, involved in
regulation of gene expression and immune response in immune cells. - RPS4Y 1: Ribosomal
protein S4 Y-linked, involved in protein synthesis and regulation in immune cells. -
HSPA1A, HSPA1B: Heat shock proteins involved in protein folding and stress response
in various cell types, including immune cells. - SELENOP: Selenoprotein P, involved in
regulation of selenium metabolism and immune response in immune cells. - COLEC12:
C-type lectin domain family 12 member A, involved in regulation of immune response and
cell proliferation in immune cells. - KIFSC-AS1: Kinesin family member 5C antisense
RNA 1, involved in regulation of gene expression and immune response in immune cells. -
PMP22: Peripheral myelin protein 22, involved in regulation of myelination and immune
response in immune cells. - ASAHI1: N-acylsphingosine amidohydrolase 1, involved in
regulation of sphingolipid metabolism and immune response in immune cells. - LINC00278:
Long non-coding RNA, involved in regulation of gene expression and immune response in
immune cells. - GPNMB: Glycoprotein NMB, involved in regulation of immune response
and cell proliferation in immune cells. - NEAT1: Nuclear paraspeckle assembly transcript
1, involved in regulation of gene expression and immune response in immune cells. -
SLC2A1: Solute carrier family 2 member 1, involved in regulation of glucose transport and
immune response in immune cells. - KLF6: Kruppel-like factor 6, involved in regulation of
gene expression and immune response in immune cells. - FOS: Fos proto-oncogene, AP-1
transcription factor subunit, involved in cell proliferation and differentiation in immune cells.
- DUSP1: Dual specificity phosphatase 1, involved in regulation of MAP kinase signaling
and immune response in immune cells. - ATF3: Activating transcription factor 3, involved
in regulation of gene expression and immune response in immune cells. - SH3BP5: SH3
domain binding protein 5, involved in regulation of immune response and cell proliferation
in immune cells. - ARL4C: ADP-ribosylation factor like GTPase 4C, involved in regulation
of immune response and cell proliferation in immune cells. - SAMD4A: SAM domain,
SH3 domain and nuclear localization signals 4A, involved in regulation of gene expression
and immune response in immune cells. **CONSISTENCY ANALYSIS** MATCHES
ESTABLISHED BIOLOGY: - HSPA1B, HSPA1A, HSP90AA1, HSPB1, JUN, RPS4Y1,
DNAJBI1, STAB1, HBA1, HBA2, HBZ, ENSG00000284931, ENSG00000239920, HPGDS,
C1QC, C1QB, FTL, XIST, ARHGAP15, GATA2, TIMP3, S100A6, GIHCG, SLC24A3,
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MEIS2, ITGA4, TAGLN2, SOX4, SELENOP, COLEC12, KIF5C-AS1, PMP22, ASAHI,
LINCO00278, GPNMB, NEAT1, SLC2A1, KLF6, FOS, DUSP1, ATF3, SH3BPS5, ARLA4C,
SAMD4A UNEXPECTED/CONTEXT-SHIFTED: - SLC9A9: While involved in ion
transport, its expression in immune cells is unexpected. - MRC1: While involved in antigen
presentation, its expression in macrophages is expected but its high expression in cluster 3 is
unexpected. - RPS4Y1: While involved in protein synthesis, its high expression in cluster 2
is unexpected. - ENSG00000284931, ENSG00000239920: While involved in regulation of
gene expression, their expression in immune cells is unexpected. - HPGDS: While involved
in immune response, its expression in cluster 6 is unexpected. - C1QC, C1QB: While
involved in immune response, their expression in cluster 6 is unexpected. - FTL: While
involved in iron storage, its expression in cluster 6 is unexpected. - XIST: While involved
in X-chromosome inactivation, its expression in immune cells is unexpected. - GIHCG:
While involved in immune response, its expression in cluster 18 is unexpected. - SLC24A3:
While involved in ion transport, its expression in cluster 18 is unexpected. - MEIS2: While
involved in regulation of gene expression, its expression in cluster 18 is unexpected. -
ITGA4: While involved in cell adhesion, its expression in cluster 18 is unexpected. -
TAGLN2: While involved in cell migration, its expression in cluster 18 is unexpected. -
SOX4: While involved in regulation of gene expression, its expression in cluster 18 is
unexpected. - KIFSC-AS1: While involved in regulation of gene expression, its expression
in cluster 2 is unexpected. - PMP22: While involved in myelination, its expression in cluster
2 is unexpected. - ASAH1: While involved in sphingolipid metabolism, its expression in
cluster 2 is unexpected. - LINC00278: While involved in regulation of gene expression,
its expression in cluster 2 is unexpected. - NEAT1: While involved in regulation of gene
expression, its expression in cluster 16 is unexpected. - SLC2A1: While involved in glucose
transport, its expression in cluster 16 is unexpected. - KLF6: While involved in regulation
of gene expression, its expression in cluster 16 is unexpected. - DUSP1: While involved in
MAP kinase signaling, its expression in cluster 16 is unexpected. - ATF3: While involved
in regulation of gene expression, its expression in cluster 16 is unexpected. - SH3BP5:
While involved in immune response, its expression in cluster 16 is unexpected. - ARL4C:
While involved in immune response, its expression in cluster 16 is unexpected. - SAMD4A:
While involved in regulation of gene expression, its expression in cluster 16 is unexpected.
**CANDIDATE NOVEL HYPOTHESES** - It is possible that SLC9A9 plays a role in
ion transport in immune cells, but its expression in cluster 3 is unexpected and warrants
further investigation. - The high expression of MRC1 in cluster 3 may indicate a novel
role in antigen presentation in macrophages. - The high expression of RPS4Y1 in cluster
2 may indicate a novel role in protein synthesis in immune cells. - The expression of
ENSG00000284931 and ENSG00000239920 in immune cells may indicate a novel role in
regulation of gene expression. - The expression of HPGDS, C1QC, C1QB, FTL, and XIST
in cluster 6 may indicate a novel role in immune response and regulation in immune cells.
- The expression of GIHCG, SLC24A3, MEIS2, ITGA4, TAGLN2, SOX4, KIF5C-AS1,
PMP22, ASAHI, LINC00278, NEAT1, SLC2A1, KLF6, DUSP1, ATF3, SH3BP5, ARL4C,
and SAMDA4A in cluster 18 may indicate a novel role in immune response and regulation in
immune cells. - The expression of these genes in specific clusters may indicate a novel role
in metabolic stress programs co-opted by immune signaling pathways.

Structural and cytoskeletal gene programs associated with immune regulation

**]. DATASET EVIDENCE** Cluster 3: - HSPAIB (pct.in: 0.9940029985007496)
- HSPATA (pctiin: 0.9895052473763118) - SLC9A9 (pct_in: 0.9760119940029985)
- MRC1 (pctiin: 0.9625187406296851) - HSP90AAL (pct.in: 0.9580209895052474)
- RPS4Y1 (pctiin: 0.9430284857571214) - DNAJB1 (pct.in: 0.9415292353823088)
- STABI (pctiin: 0.9415292353823088) - HSPB1 (pct.in: 0.9340329835082459) -
JUN (pct.in: 0.9265367316341829) Cluster 13: - TTR (pct_in: 0.9878787878787879)
- CD74 (pctiin: 0.9818181818181818) - PLXDC2 (pct.in: 0.9818181818181818) -
RPL41 (pct.in: 0.9696969696969697) - FOS (pct_in: 0.9696969696969697) - IER2
(pct_in:  0.9636363636363636) - S100A11 (pctiin: 0.9575757575757575) - TEX14
(pct_in:  0.9515151515151515) - RPL39 (pctiin:  0.9393939393939394) - ALOXSAP
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(pet_in:  0.9272727272727272) Cluster 11: - PLXDC2 (pct.in: 0.9629629629629629)
- SLC8A1 (pct_in: 0.9037037037037037) - S100A1l (pct-in: 0.8703703703703703)
- FRMDA4A (pctiin: 0.8555555555555555) - DOCK4 (pct.in: 0.8481481481481481)
- TREM2 (pct_in: 0.837037037037037) - ALOXS5AP (pct_in: 0.825925925925926) -
CAPG (pct_in: 0.8222222222222222) - LIMSI (pctiin: 0.8185185185185185) - C3
(pct_in: 0.7888888888888889) Cluster 18: - ARHGAPI1S (pct_in: 0.9666666666666667)
- GATA2 (pct.in: 0.9333333333333333) - TIMP3 (pct.in: 0.8888888888888888) -
S100A6 (pctiin: 0.8888888888888888) - GIHCG (pctiin: 0.8666666666666667) -
SLC24A3 (pctiin: 0.8444444444444444) - MEIS2 (pct-in: 0.8333333333333334) -
ITGA4 (pctin: 0.8222222222222222) - TAGLN2 (pctin: 0.8111111111111111) -
SOX4 (pctiin: 0.8111111111111111) Cluster 7: - CD74 (pct_in: 0.9564032697547684)
- VIM (pctiin: 0.8937329700272479) - HLA-DRA (pct.in: 0.8637602179836512) -
CST3 (pct_in: 0.8419618528610354) - TIMP1 (pct_in: 0.7983651226158038) - S100A4
(pet_in: 0.7929155313351499) - HLA-DRBI1 (pct_in: 0.779291553133515) - HLA-DPA1
(pet_in: 0.7520435967302452) - MNDA (pct_in: 0.7356948228882834) - ANXAI (pct_in:
0.7275204359673024) **2. ESTABLISHED BIOLOGY** - HSPA1B, HSPA1A: Heat
shock proteins involved in protein folding and stress response. - SLC9A9: Solute carrier
family 9 member 9, involved in ion transport and cellular homeostasis. - MRC1: Mannose
receptor C type 1, involved in antigen presentation and immune response. - HSP9OAAT:
Heat shock protein 90 alpha family class A member 1, involved in protein folding and signal
transduction. - RPS4Y1: Ribosomal protein S4 Y-linked, involved in protein synthesis. -
DNAIJB1: Dnal heat shock protein family (Hsp40) member B1, involved in protein folding
and stress response. - STAB1: Stabilin 1, involved in endocytosis and immune response. -
HSPBI1: Heat shock protein beta 1, involved in protein folding and stress response. - JUN:
Jun proto-oncogene, involved in cell growth and differentiation. - TTR: Transthyretin, in-
volved in protein transport and metabolism. - CD74: CD74 molecule, involved in antigen
presentation and immune response. - PLXDC2: Phospholipid scramblase 3, involved in
phospholipid metabolism and immune response. - RPL41: Ribosomal protein L41, involved
in protein synthesis. - FOS: Fos proto-oncogene, involved in cell growth and differentia-
tion. - IER2: Immediate early response 2, involved in cell growth and differentiation. -
S100A11: S100 calcium- binding protein Al1, involved in calcium signaling and immune
response. - TEX14: Testis expressed 14, involved in spermatogenesis and immune response.
- RPL39: Ribosomal protein L39, involved in protein synthesis. - ALOXS5AP: Arachidonate
5-lipoxygenase activating protein, involved in leukotriene synthesis and immune response.
- PLXDC2: Phospholipid scramblase 3, involved in phospholipid metabolism and immune
response. - SLC8AIL: Solute carrier family 8 member Al, involved in ion transport and
cellular homeostasis. - FRMD4A: FERM domain containing 4A, involved in cell adhesion
and immune response. - DOCK4: Dedicator of cytokinesis 4, involved in cell signaling and
immune response. - TREM2: Triggering receptor expressed on myeloid cells 2, involved in
immune response and neurodegeneration. - ALOX5AP: Arachidonate 5-lipoxygenase acti-
vating protein, involved in leukotriene synthesis and immune response. - CAPG: Capping
protein (actin filament), involved in actin cytoskeleton organization and immune response.
- LIMS1: LIM and senescent cell antigen-like containing 1, involved in cell adhesion and
immune response. - C3: Complement component 3, involved in immune response and in-
flammation. - ARHGAPI15: Rho GTPase activating protein 15, involved in cell signaling
and immune response. - GATA2: GATA binding protein 2, involved in cell growth and
differentiation. - TIMP3: Tissue inhibitor of metalloproteinase 3, involved in matrix metal-
loproteinase regulation and immune response. - SI00A6: S100 calcium-binding protein A6,
involved in calcium signaling and immune response. - GIHCG: Glycoprotein hormone alpha
polypeptide, involved in cell growth and differentiation. - SLC24A3: Solute carrier family
24 member 3, involved in ion transport and cellular homeostasis. - MEIS2: Meis homeobox
2, involved in cell growth and differentiation. - ITGA4: Integrin subunit alpha 4, involved in
cell adhesion and immune response. - TAGLN2: Transgelin 2, involved in actin cytoskeleton
organization and immune response. - SOX4: SRY- box transcription factor 4, involved in cell
growth and differentiation. - CD74: CD74 molecule, involved in antigen presentation and
immune response. - VIM: Vimentin, involved in actin cytoskeleton organization and immune
response. - HLA-DRA: HLA class II histocompatibility antigen, DR alpha chain, involved in
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antigen presentation and immune response. - CST3: Cystatin C, involved in cysteine protease
regulation and immune response. - TIMP1: Tissue inhibitor of metalloproteinase 1, involved
in matrix metalloproteinase regulation and immune response. - S100A4: S100 calcium-
binding protein A4, involved in calcium signaling and immune response. - HLA-DRB1:
HLA class II histocompatibility antigen, DR beta 1 chain, involved in antigen presentation
and immune response. - HLA-DPA1: HLA class II histocompatibility antigen, DP alpha 1
chain, involved in antigen presentation and immune response. - MNDA: Myeloid cell nu-
clear differentiation antigen, involved in cell growth and differentiation. - ANXA1: Annexin
Al, involved in phospholipid metabolism and immune response. **3. CONSISTENCY
ANALYSIS** MATCHES ESTABLISHED BIOLOGY: - HSPA1B, HSPA1A, HSP90AAL,
HSPB1, JUN, CD74, PLXDC2, RPL41, FOS, IER2, S100A11, TEX14, RPL39, ALOX5AP,
CAPG, LIMSI1, C3, ARHGAP15, GATA2, TIMP3, S100A6, GIHCG, SLC24A3, MEIS2,
ITGA4, TAGLN2, SOX4, CD74, VIM, HLA-DRA, CST3, TIMP1, S100A4, HLA-DRBI,
HLA-DPA1, MNDA, ANXA1: These genes are known to be involved in various biological
processes, including immune response, cell growth and differentiation, and protein folding.
UNEXPECTED OR CONTEXT-SHIFTED: - SLC9A9: While involved in ion transport and
cellular homeostasis, its expression in immune cells is unexpected. - MRC1: While involved
in antigen presentation and immune response, its expression in immune cells is unexpected. -
PLXDC2: While involved in phospholipid metabolism and immune response, its expression
in immune cells is unexpected. - FRMD4A: While involved in cell adhesion and immune
response, its expression in immune cells is unexpected. - DOCK4: While involved in cell
signaling and immune response, its expression in immune cells is unexpected. - TREM2:
While involved in immune response and neurodegeneration, its expression in immune cells
is unexpected. - SLC8A1: While involved in ion transport and cellular homeostasis, its ex-
pression in immune cells is unexpected. - SI00A6: While involved in calcium signaling and
immune response, its expression in immune cells is unexpected. - GIHCG: While involved
in cell growth and differentiation, its expression in immune cells is unexpected. - SLC24A3:
While involved in ion transport and cellular homeostasis, its expression in immune cells is
unexpected. - MEIS2: While involved in cell growth and differentiation, its expression in
immune cells is unexpected. - TAGLN2: While involved in actin cytoskeleton organization
and immune response, its expression in immune cells is unexpected. - SOX4: While involved
in cell growth and differentiation, its expression in immune cells is unexpected. **4. CAN-
DIDATE NOVEL HYPOTHESES** - It is possible that SLC9A9 plays a role in modulating
ion transport and cellular homeostasis in immune cells, potentially influencing immune re-
sponse. - MRC1 may be involved in antigen presentation and immune response in immune
cells, potentially influencing immune response. - PLXDC2 may be involved in phospholipid
metabolism and immune response in immune cells, potentially influencing immune response.
- FRMD4A may be involved in cell adhesion and immune response in immune cells, poten-
tially influencing immune response. - DOCK4 may be involved in cell signaling and immune
response in immune cells, potentially influencing immune response. - TREM?2 may be in-
volved in immune response and neurodegeneration in immune cells, potentially influencing
immune response. - SLC8A1 may be involved in ion transport and cellular homeostasis
in immune cells, potentially influencing immune response. - SI00A6 may be involved in
calcium signaling and immune response in immune cells, potentially influencing immune
response. - GIHCG may be involved in cell growth and differentiation in immune cells, po-
tentially influencing immune response. - SLC24A3 may be involved in ion transport and
cellular homeostasis in immune cells, potentially influencing immune response. - MEIS2
may be involved in cell growth and differentiation in immune cells, potentially influencing
immune response. - TAGLN2 may be involved in actin cytoskeleton organization and im-
mune response in immune cells, potentially influencing immune response. - SOX4 may be
involved in cell growth and differentiation in immune cells, potentially influencing immune
response. Note: These hypotheses are based on the unexpected or context-shifted expression
of these genes in immune cells and are not necessarily causal. Further investigation is needed
to confirm these hypotheses.

Reactivation of developmental transcriptional programs during immune responses
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**]. DATASET EVIDENCE#** - **Cluster 3:** - HSPA1B (pct.in: 0.9940029985,
pet_out: 0.523222992) - HSPAI1A (pct_in: 0.9895052474, pct_out: 0.524377726) - SLC9A9
(pet_in: 0.976011994, pct_out: 0.564793430) - MRC1 (pct_in: 0.9625187406, pct_out:
0.620348986) - HSP90OAA1 (pct_in: 0.9580209895, pctout: 0.463818321) - RPS4Y1
(pct-in: 0.9430284858, pct_out: 0.299076212) - DNAJBI1 (pct_in: 0.9415292354, pct_out:
0.505003849) - STAB1 (pct.in: 0.9415292354, pct_out: 0.550423402) - HSPB1 (pct_in:
0.9340329835, pct_out: 0.484346933) - JUN (pct_in: 0.9265367316, pct_out: 0.528226841)
- **Cluster 18:** - ARHGAPI5 (pctiin: 0.9666666667, pctout: 0.438537809) -
GATA2 (pct_in: 0.9333333333, pctout: 0.012901684) - TIMP3 (pct_in: 0.8888888889,
pctout: 0.125194122) - S100A6 (pect_in: 0.8888888889, pct_out: 0.401863576) - GI-
HCG (pct_in: 0.8666666667, pct_out: 0.092462071) - SLC24A3 (pct_in: 0.8444444444,
pct_out: 0.025564449) - MEIS2 (pct_in: 0.8333333333, pct_out: 0.020308207) - ITGA4
(pet_in: 0.8222222222, pct_out: 0.111695138) - TAGLN2 (pct_in: 0.8111111111, pct_out:
0.219687015) - SOX4 (pct-in: 0.8111111111, pctout: 0.295663600) - **Cluster 1:%% -
LGMN (pct_in: 0.8996789727, pct_out: 0.610533610) - C1QA (pct_in: 0.8924558587,
pctout:  0.617463617) - DAB2 (pct.in: 0.8836276083, pct_out: 0.573388773) - FC-
GRT (pct_in: 0.8804173355, pct_out: 0.637560637) - BLVRB (pct_in: 0.8627608347,
pct_out: 0.569369369) - PLTP (pct_in: 0.8451043339, pct_out: 0.505751906) - VSIG4
(pct_in:  0.8378812199, pct_out: 0.569230769) - A2M (pct_in: 0.834670947, pct_out:
0.565072765) - C1QB (pct_in: 0.8314606742, pct_out: 0.555925156) - CDI14 (pct.in:
0.8298555377, pct_out: 0.597782398) - **Cluster 16:** - GPNMB (pct_in: 0.9858156028,
pctout:  0.247836538) - NEAT1 (pct-in: 0.9787234043, pctout: 0.558173077) -
SLC2A1 (pct_in: 0.9716312057, pct_out: 0.082932693) - KLF6 (pct_in: 0.9645390071,
pctout: 0.512259615) - FOS (pct_in: 0.9574468085, pct_out: 0.552403846) - DUSPI
(pct_in: 0.9574468085, pct_out: 0.546153846) - ATF3 (pct-in: 0.9503546099, pct_out:
0.452524038) - SH3BP5S (pctiin: 0.9503546099, pctout: 0.478725961) - ARLAC
(pet_in: 0.9432624113, pct_out: 0.436418269) - SAMDA4A (pct_in: 0.914893617, pct_out:
0.408653846) - **Cluster 8:** - RPS26 (pct_in: 0.9590643275, pct_out: 0.467052592)
- C1QC (pct_in: 0.8947368421, pct_out: 0.615962557) - RPL39 (pct_in: 0.8801169591,
pctout: 0.469392782) - DAB2 (pct_in: 0.8684210526, pct_out: 0.608572484) - CST3
(pct_in:  0.865497076, pctout: 0.569035596) - AGR2 (pct_in: 0.8391812865, pct_out:
0.502401774) - RNASEI1 (pct_in: 0.8304093567, pct_out: 0.697130188) - RPL41 (pct_in:
0.8099415205, pct_out: 0.507574824) - FTL (pct_in: 0.8070175439, pct_out: 0.583323069)
- BLVRB (pct_in: 0.8040935673, pct_out: 0.604507944) **2. ESTABLISHED BIOL-
OGY** - **HSPA1B, HSPA1A, HSP90AA1, HSPB1:** Heat shock proteins are involved
in protein folding and stress response. They are often upregulated in response to cellular
stress. - **SLC9A9, MRC1:** SLC9AY is involved in the regulation of intracellular pH,
while MRC1 is involved in the regulation of immune responses. - **RPS4Y1:** RPS4Y 1
is a ribosomal protein involved in protein synthesis. - **DNAJB1, STAB1:** DNAJBI is
involved in protein folding and degradation, while STABI is involved in the regulation of
cell adhesion. - **JUN:** JUN is a transcription factor involved in the regulation of cell
growth and differentiation. - ** ARHGAP15:** ARHGAPIS is involved in the regulation of
Rho GTPase activity, which is important for cell migration and cytoskeleton organization.
- **GATA2:** GATA2 is a transcription factor involved in the regulation of hematopoiesis
and immune responses. - **TIMP3, S100A6:** TIMP3 is involved in the regulation of
matrix metalloproteinase activity, while S100A6 is involved in the regulation of cell pro-
liferation and differentiation. - **GIHCG:** GIHCG is involved in the regulation of cell
growth and differentiation. - **SLC24A3:** SLC24A3 is involved in the regulation of cell
adhesion and migration. - **MEIS2:** MEIS2 is a transcription factor involved in the reg-
ulation of hematopoiesis and immune responses. - **ITGA4:** ITGA4 is involved in the
regulation of cell adhesion and migration. - **TAGLN2, SOX4:** TAGLN?2 is involved in
the regulation of cell adhesion and migration, while SOX4 is a transcription factor involved
in the regulation of cell growth and differentiation. - **LGMN:** LGMN is involved in
the regulation of cell growth and differentiation. - **C1QA, C1QB:** C1QA and C1QB are
involved in the regulation of immune responses. - **DAB2:** DAB2 is involved in the regu-
lation of cell growth and differentiation. - **FCGRT:** FCGRT is involved in the regulation
of immune responses. - **BLVRB:** BLVRB is involved in the regulation of cell growth
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and differentiation. - **PLTP:** PLTP is involved in the regulation of lipid metabolism. -
**VSIG4:*#* VSIG4 is involved in the regulation of immune responses. - **A2M:** A2M
is involved in the regulation of immune responses. - **CD14:** CD14 is involved in the
regulation of immune responses. - **GPNMB:** GPNMB is involved in the regulation of
cell growth and differentiation. - **NEAT1:** NEAT1 is involved in the regulation of cell
growth and differentiation. - **SLC2A1:** SLC2A1 is involved in the regulation of glucose
metabolism. - **KLF6:** KLF6 is a transcription factor involved in the regulation of cell
growth and differentiation. - **FOS:** FOS is a transcription factor involved in the regula-
tion of cell growth and differentiation. - **DUSP1:** DUSPI is involved in the regulation
of MAP kinase activity. - **ATF3:#** ATF3 is a transcription factor involved in the regula-
tion of cell growth and differentiation. - **SH3BP5:** SH3BPS is involved in the regulation
of cell growth and differentiation. - **ARLAC:** ARLAC is involved in the regulation of
cell growth and differentiation. - **SAMDA4A:** SAMDA4A is involved in the regulation
of cell growth and differentiation. - **RPS26:** RPS26 is a ribosomal protein involved in
protein synthesis. - **C1QC:** C1QC is involved in the regulation of immune responses.
- **RPL39:** RPL39 is a ribosomal protein involved in protein synthesis. - **CST3:%**
CST3 is involved in the regulation of cell growth and differentiation. - **AGR2:** AGR2
is involved in the regulation of cell growth and differentiation. - **RNASE1:** RNASEI is
involved in the regulation of cell growth and differentiation. - **RPL41:** RPL41 is a ri-
bosomal protein involved in protein synthesis. - **FTL:** FTL is involved in the regulation
of cell growth and differentiation. - **BLVRB:** BLVRB is involved in the regulation of
cell growth and differentiation. **3. CONSISTENCY ANALYSIS** - **Expected obser-
vations:** - Heat shock proteins (HSPA1B, HSPA1A, HSPO9OAA1, HSPB1) are upregulated
in response to cellular stress. - SLC9A9 and MRCI are involved in the regulation of intra-
cellular pH and immune responses, respectively. - RPS4Y1 is a ribosomal protein involved
in protein synthesis. - DNAJB1 and STAB1 are involved in protein folding and degradation,
and cell adhesion, respectively. - JUN is a transcription factor involved in the regulation
of cell growth and differentiation. - ARHGAP1S5 is involved in the regulation of Rho GT-
Pase activity. - GATA2 is a transcription factor involved in the regulation of hematopoiesis
and immune responses. - TIMP3 and S100A6 are involved in the regulation of matrix met-
alloproteinase activity and cell proliferation and differentiation, respectively. - GIHCG is
involved in the regulation of cell growth and differentiation. - SLC24A3 is involved in the
regulation of cell adhesion and migration. - MEIS2 is a transcription factor involved in the
regulation of hematopoiesis and immune responses. - ITGA4 is involved in the regulation
of cell adhesion and migration. - TAGLN2 and SOX4 are involved in the regulation of cell
adhesion and migration, and cell growth and differentiation, respectively. - LGMN is in-
volved in the regulation of cell growth and differentiation. - CIQA and C1QB are involved
in the regulation of immune responses. - DAB2 is involved in the regulation of cell growth
and differentiation. - FCGRT is involved in the regulation of immune responses. - BLVRB
is involved in the regulation of cell growth and differentiation. - PLTP is involved in the
regulation of lipid metabolism. - VSIG4 is involved in the regulation of immune responses.
- A2M is involved in the regulation of immune responses. - CD14 is involved in the reg-
ulation of immune responses. - GPNMB is involved in the regulation of cell growth and
differentiation. - NEAT is involved in the regulation of cell growth and differentiation. -
SLC2ALI is involved in the regulation of glucose metabolism. - KLF6 is a transcription factor
involved in the regulation of cell growth and differentiation. - FOS is a transcription factor
involved in the regulation of cell growth and differentiation. - DUSP1 is involved in the
regulation of MAP kinase activity. - ATF3 is a transcription factor involved in the regulation
of cell growth and differentiation. - SH3BPS5 is involved in the regulation of cell growth and
differentiation. - ARLA4C is involved in the regulation of cell growth and differentiation. -
SAMDA4A is involved in the regulation of cell growth and differentiation. - RPS26 is a ribo-
somal protein involved in protein synthesis. - C1QC is involved in the regulation of immune
responses. - RPL39 is a ribosomal protein involved in protein synthesis. - CST3 is involved
in the regulation of cell growth and differentiation. - AGR2 is involved in the regulation
of cell growth and differentiation. - RNASEI is involved in the regulation of cell growth
and differentiation. - RPL41 is a ribosomal protein involved in protein synthesis. - FTL is
involved in the regulation of cell growth and differentiation. - BLVRB is involved in the reg-
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ulation of cell growth and differentiation. - **Unexpected or context-shifted observations: **
- The upregulation of heat shock proteins (HSPA1B, HSPA1A, HSP9OAA1, HSPB1) in re-
sponse to immune responses is unexpected. - The involvement of SLCI9A9 and MRC1 in
the regulation of intracellular pH and immune responses, respectively, is unexpected. - The
upregulation of RPS4Y1 in response to immune responses is unexpected. - The involvement
of DNAJB1 and STABI in protein folding and degradation, and cell adhesion, respectively,
is unexpected. - The upregulation of JUN in response to immune responses is unexpected.
- The involvement of ARHGAP15 in the regulation of Rho GTPase activity is unexpected.
- The upregulation of GATA2 in response to immune responses is unexpected. - The in-
volvement of TIMP3 and S100A6 in the regulation of matrix metalloproteinase activity and
cell proliferation and differentiation, respectively, is unexpected. - The upregulation of GI-
HCG in response to immune responses is unexpected. - The involvement of SLC24A3 in
the regulation of cell adhesion and migration is unexpected. - The upregulation of MEIS2 in
response to immune responses is unexpected. - The involvement of ITGA4 in the regulation
of cell adhesion and migration is unexpected. - The upregulation of TAGLN2 and SOX4 in
response to immune responses is unexpected. - The involvement of LGMN in the regulation
of cell growth and differentiation is unexpected. - The upregulation of C1QA and C1QB in
response to immune responses is unexpected. - The involvement of DAB2 in the regulation
of cell growth and differentiation is unexpected. - The upregulation of FCGRT in response
to immune responses is unexpected. - The involvement of BLVRB in the regulation of cell
growth and differentiation is unexpected. - The upregulation of PLTP in response to immune
responses is unexpected. - The involvement of VSIG4 in the regulation of immune responses
is unexpected. - The upregulation of A2M in response to immune responses is unexpected.
- The involvement of CD14 in the regulation of immune responses is unexpected. - The up-
regulation of GPNMB in response to immune responses is unexpected. - The involvement
of NEAT1 in the regulation of cell growth and differentiation is unexpected. - The upreg-
ulation of SLC2A1 in response to immune responses is unexpected. - The involvement of
KLF6 in the regulation of cell growth and differentiation is unexpected. - The upregula-
tion of FOS in response to immune responses is unexpected. - The involvement of DUSP1
in the regulation of MAP kinase activity is unexpected. - The upregulation of ATF3 in re-
sponse to immune responses is unexpected. - The involvement of SH3BPS in the regulation
of cell growth and differentiation is unexpected. - The upregulation of ARLA4C in response
to immune responses is unexpected. - The involvement of SAMDA4A in the regulation of
cell growth and differentiation is unexpected. - The upregulation of RPS26 in response to
immune responses is unexpected. - The involvement of C1QC in the regulation of immune
responses is unexpected. - The upregulation of RPL39 in response to immune responses is
unexpected. - The involvement of CST3 in the regulation of cell growth and differentiation
is unexpected. - The upregulation of AGR2 in response to immune responses is unexpected.
- The involvement of RNASEI in the regulation of cell growth and differentiation is unex-
pected. - The upregulation of RPL41 in response to immune responses is unexpected. - The
involvement of FTL in the regulation of cell growth and differentiation is unexpected. - The
upregulation of BLVRB in response to immune responses is unexpected. **4. CANDIDATE
NOVEL HYPOTHESES** - **Probabilistic hypotheses:** - The upregulation of heat shock
proteins (HSPA1B, HSPA1A, HSP90OAAT1, HSPB1) in response to immune responses may
be indicative of a stress response mechanism that is activated in response to immune stimuli.
- The involvement of SLC9A9 and MRC1 in the regulation of intracellular pH and immune
responses, respectively, may indicate a novel mechanism of immune regulation that involves
the regulation of intracellular pH. - The upregulation of RPS4Y1 in response to immune re-
sponses may indicate a novel mechanism of protein synthesis that is activated in response to
immune stimuli. - The involvement of DNAJB1 and STAB1 in protein folding and degrada-
tion, and cell adhesion, respectively, may indicate a novel mechanism of protein regulation
that is activated in response to immune stimuli. - The upregulation of JUN in response to
immune responses may indicate a novel mechanism of transcriptional regulation that is ac-
tivated in response to immune stimuli. - The involvement of ARHGAPIS in the regulation
of Rho GTPase activity may indicate a novel mechanism of cell migration and cytoskeleton
organization that is activated in response to immune stimuli. - The upregulation of GATA2
in response to immune responses may indicate a novel mechanism of hematopoiesis and
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immune regulation that is activated in response to immune stimuli. - The involvement of
TIMP3 and S100A6 in the regulation of matrix metalloproteinase activity and cell prolifera-
tion and differentiation, respectively, may indicate a novel mechanism of immune regulation
that involves the regulation of matrix metalloproteinase activity and cell proliferation and
differentiation. - The upregulation of GIHCG in response to immune responses may indicate
a novel mechanism of cell growth and differentiation that is activated in response to immune
stimuli. - The involvement of SLC24A3 in the regulation of cell adhesion and migration
may indicate a novel mechanism of immune regulation that involves the regulation of cell
adhesion and migration. - The upregulation of MEIS2 in response to immune responses may
indicate a novel mechanism of hematopoiesis and immune regulation that is activated in re-
sponse to immune stimuli. - The involvement of ITGA4 in the regulation of cell adhesion
and migration may indicate a novel mechanism of immune regulation that involves the regu-
lation of cell adhesion and migration. - The upregulation of TAGLN2 and SOX4 in response
to immune responses may indicate a novel mechanism of cell growth and differentiation that
is activated in response to immune stimuli. - The involvement of LGMN in the regulation of
cell growth and differentiation may indicate a novel mechanism of immune regulation that
involves the regulation of cell growth and differentiation. - The upregulation of CIQA and
C1QB in response to immune responses may indicate a novel mechanism of immune regu-
lation that involves the regulation of immune responses. - The involvement of DAB2 in the
regulation of cell growth and differentiation may indicate a novel mechanism of immune reg-
ulation that involves the regulation of cell growth and differentiation. - The upregulation of
FCGRT in response to immune responses may indicate a novel mechanism of immune reg-
ulation that involves the regulation of immune responses. - The involvement of BLVRB in
the regulation of cell growth and differentiation may indicate a novel mechanism of immune
regulation that involves the regulation of cell growth and differentiation. - The upregula-
tion of PLTP in response to immune responses may indicate a novel mechanism of lipid
metabolism that is activated in response to immune stimuli. - The involvement of VSIG4 in
the regulation of immune responses may indicate a novel mechanism of immune regulation
that involves the regulation of immune responses. - The upregulation of A2M in response to
immune responses may indicate a novel mechanism of immune regulation that involves the
regulation of immune responses. - The involvement of CD14 in the regulation of immune
responses may indicate a novel mechanism of immune regulation that involves the regulation
of immune responses. - The upregulation of GPNMB in response to immune responses may
indicate a novel mechanism of cell growth and differentiation that is activated in response to
immune stimuli. - The involvement of NEAT1 in the regulation of cell growth and differ-
entiation may indicate a novel mechanism of immune regulation that involves the regulation
of cell growth and differentiation. - The upregulation of SLC2A1 in response to immune re-
sponses may indicate a novel mechanism of glucose metabolism that is activated in response
to immune stimuli. - The involvement of KLF6 in the regulation of cell growth and differen-
tiation may indicate a novel mechanism of immune regulation that involves the regulation of
cell growth and differentiation. - The upregulation of FOS in response to immune responses
may indicate a novel mechanism of transcriptional regulation that is activated in response to
immune stimuli. - The involvement of DUSP1 in the regulation of MAP kinase activity may
indicate a novel mechanism of immune regulation that involves the regulation of MAP kinase
activity. - The upregulation of ATF3 in response to immune responses may indicate a novel
mechanism of transcriptional regulation that is activated in response to immune stimuli. -
The involvement of SH3BPS in the regulation of cell growth and differentiation may indi-
cate a novel mechanism of immune regulation that involves the regulation of cell growth and
differentiation. - The upregulation of ARL4C in response to immune responses may indicate
a novel mechanism of cell growth and differentiation that is activated in response to immune
stimuli. - The involvement of SAMDA4A in the regulation of cell growth and differentiation
may indicate a novel mechanism of immune regulation that involves the regulation of cell
growth and differentiation. - The upregulation of RPS26 in response to immune responses
may indicate a novel mechanism of protein synthesis that is activated in response to immune
stimuli. - The involvement of C1QC in the regulation of immune responses may indicate a
novel mechanism of immune regulation that involves the regulation of immune responses. -
The upregulation of RPL39 in response to immune responses may indicate a novel mecha-
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nism of protein synthesis that is activated in response to immune stimuli. - The involvement
of CST3 in the regulation of cell growth and differentiation may indicate a novel mechanism
of immune regulation that involves the regulation of cell growth and differentiation. - The
upregulation of AGR2 in response to immune responses may indicate a novel mechanism
of cell growth and differentiation that is activated in response to immune stimuli. - The in-
volvement of RNASEI in the regulation of cell growth and differentiation may indicate a
novel mechanism of immune regulation that involves the regulation of cell growth and dif-
ferentiation. - The upregulation of RPL41 in response to immune responses may indicate a
novel mechanism of protein synthesis that is activated in response to immune stimuli. - The
involvement of FTL in the regulation of cell growth and differentiation may indicate a novel
mechanism of immune regulation that involves the regulation of cell growth and differentia-
tion. - The upregulation of BLVRB in response to immune responses may indicate a novel
mechanism of cell growth and differentiation that is activated in response to immune stimuli.
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