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ABSTRACT

Single-cell RNA sequencing (scRNA-seq) offers a detailed view of the cellular and pheno-
typic composition of healthy and diseased tissues. While machine learning (ML) methods
are well-suited for the high-dimensional nature of scRNA-seq data, current computational
tools face limitations, particularly when confronted with data from clinical oncology. This
thesis presents the development and application of ML techniques for scRNA-seq data to
address key computational challenges, with a focus on challenges in clinical oncology. It covers
four key areas: identifying gene signatures and biomarkers in multiple myeloma, developing
methods to account for somatic copy number variations in tumor samples, benchmarking
large, pre-trained scRNA-seq foundation models, and creating a framework for predicting
clinical outcomes using patient-level representations of single-cell data. Together, these
studies aim to develop and evaluate novel ML algorithms for scRNA-seq data which can
unlock actionable insights for personalized medicine.
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Chapter 1

Introduction

Single-cell RNA-sequencing (scRNA-seq) has transformed our ability to study cellular hetero-
geneity, opening new avenues for understanding disease biology at unprecedented resolution.
This technology has been especially illuminating in the field of oncology, where inter- and
intra-tumor variability has been shown to be correlated with prognosis and treatment out-
comes [1]. This thesis explores how machine learning (ML) can be harnessed to extract
meaningful patterns from scRNA-seq data, with the ultimate aim of improving our ability to
detect, interpret, and act upon complex signals in cancer.

1.1 A case study in multiple myeloma

In Chapter 2, we begin this thesis by deeply exploring single-cell RNA sequencing (scRNA-seq)
data in the context of one specific cancer: multiple myeloma (MM). MM is a hematologic
malignancy that originates from plasma cells—terminally differentiated B cells that reside in
the bone marrow and are responsible for producing antibodies. The disease is characterized
by the uncontrolled proliferation of malignant plasma cells, which can eventually crowd
out healthy hematopoietic cells, disrupt normal immune function, and lead to a range of
complications including anemia, bone lesions, renal dysfunction, and hypercalcemia. MM
is notable for its stepwise clinical progression: it develops from asymptomatic precursor
conditions such as monoclonal gammopathy of undetermined significance (MGUS) and
smoldering multiple myeloma (SMM) before advancing to symptomatic, full-blown MM.
While these precursor stages are clinically defined based on levels of monoclonal protein and
plasma cell infiltration, the underlying biological events that drive progression are not fully
understood [2–5].

Understanding the cellular and molecular dynamics that distinguish benign from malignant
plasma cells is critical for improving early detection, risk stratification, and therapeutic
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intervention. scRNA-seq offers a powerful window into this process, profiling gene expression
at the level of individual cells. Unlike bulk RNA-seq, which averages signals across a mixed
population of cells, scRNA-seq can disentangle heterogeneity within and across patient
samples, capturing distinct cell states and subpopulations that may be obscured in aggregate
data. This makes scRNA-seq an especially valuable tool in cancers like MM, where malignant
and non-malignant plasma cells can coexist in the same bone marrow microenvironment and
may exhibit subtle transcriptional differences at early stages of disease.

In this initial study, we analyze scRNA-seq data collected from bone marrow aspirates
of patients representing different stages of disease progression, from MGUS to SMM and
ultimately MM. Our objective is to identify gene signatures—that is, co-varying sets of
genes that form transcriptional modules—that are associated with disease stage. Expression
modules that correlate with disease stage may serve as biomarkers for prognosis, while those
present in early-stage samples could be leveraged for early diagnosis or even as potential
therapeutic targets. By identifying these gene programs, we hope to gain insight into the
molecular mechanisms underpinning malignant transformation and to lay the groundwork for
more precise risk stratification and intervention strategies.

As the bone marrow biopsies used for sequencing are made up of a mix of cell types,
including both normal and abnormal plasma cells, one major benefit of having data at
single-cell resolution is that we can distinguish abnormal and normal plasma cells within a
patient sample in order to isolate the disease signal. The resulting clean separation allows
us to explore the underlying biology of malignant transformation and progression with high
resolution, removing signal from abnormal cells prior to downstream analyses.

After separating normal and abnormal plasma cells within each patient sample, we focus
on characterizing the transcriptional profiles of abnormal cells across all disease stages. Our
goal is to investigate how abnormal plasma cells differ from their normal counterparts,
and how these differences evolve as the disease progresses. We also explore intratumor
heterogeneity—that is, the diversity of cell states within a single patient’s malignant plasma
cell population. These insights are uniquely accessible through single-cell resolution data,
which allows us to disentangle subtle yet biologically meaningful differences that would be
masked in bulk analyses.

To uncover patterns of transcriptional changes across patients, we leverage automatic
relevance determination non-negative matrix factorization (ARD-NMF) [6], a dimensionality
reduction and unsupervised learning technique that decomposes the gene expression matrix
into a set of additive, non-negative components. Each component can be interpreted as a gene
expression module—a group of genes that are co-expressed across subsets of cells and may
reflect shared biological programs. NMF is particularly well-suited to scRNA-seq data due to
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its parts-based representation, which can help tease apart overlapping transcriptional programs
without imposing orthogonality or negativity constraints that lack biological interpretability.
By identifying shared NMF components across patients, we uncover gene expression modules
that are not only consistent with known biology (e.g., immunoglobulin production, cell cycle
regulation) but also highlight novel expression programs that may play a role in disease
initiation and progression. Some modules are enriched in malignant cells across multiple
patients and thus represent candidate markers of transformation, while others are more
variably expressed, pointing to interpatient heterogeneity that may influence prognosis or
treatment response.

This case study serves as both a proof of concept and a launching point for the method-
ological developments that follow. In the course of this analysis, we encounter several key
challenges that are emblematic of broader issues in applying standard machine learning
and statistical methods to cancer scRNA-seq data. These challenges include disentangling
technical variation from biological signal, aligning expression programs across patients with
varying disease states, learning a meaningful and interpretable representation of cells rather
than working in high-dimensional gene-space, and making statistically-sound patient-level
predictions, such as which patients will progress, using scRNA-seq data. These limitations
underscore the need for new computational approaches that are more robust, interpretable,
and biologically grounded. As such, the remainder of the thesis is dedicated to developing
and evaluating such methods, building on insights and open questions that emerge from this
initial exploration of MM.

1.2 Overcoming copy number effects in tumor cell embed-

dings

A prominent challenge that emerges early in our analysis of single-cell scRNA-seq data from
MM patients in Chapter 2 is the fact that each patient’s tumor is so transcriptionally distinct
from others, that it is challenging to identify shared cell types, cell states, and gene modules
across patients, even those with similar disease subtypes. We hypothesize that a major
driver of the observed wide-scale transcriptional changes between tumors are somatic copy
number variations (CNVs). CNVs are large-scale genomic alterations—such as duplications
or deletions of chromosomal segments—that are a hallmark of many cancers, including MM.
These structural changes can have profound downstream effects on gene expression, as gains
or losses in DNA copy number often translate to corresponding shifts in the expression levels
of affected genes. In scRNA-seq data, this manifests as broad expression differences across
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large chromosomal regions, which can mask other meaningful biological signal that is shared
across patients. While some of the transcriptional changes due to CNVs may be biologically
significant in driving disease progression, others are simply present as mechanistic artifacts of
the underlying genomic instability.

This presents a challenge for discovering disease-relevant gene signatures and for visualizing
and clustering cells based on their disease activity, rather than simply according to the patient
from which they originate. Because CNVs tend to be patient-specific and can span hundreds of
genes, they can dominate the low-dimensional representations learned by standard algorithms,
effectively masking subtler, but potentially more informative, biological signals. For example,
two patients with similar malignant phenotypes but different CNV profiles might appear
dissimilar in the learned latent space. As a result, the presence of CNVs can confound efforts
to identify shared disease signatures, limiting the generalizability and interpretability of
downstream analyses.

Chapter 3 addresses this issue by proposing a novel generative model that explicitly
accounts for the impact of CNVs on gene expression when learning low-dimensional represen-
tations of cells. The key idea is to model gene expression as a combination of CNV-driven
effects and residual biological variation, and to structure the latent space in a way that allows
these effects to be disentangled. By doing so, the model can learn representations that are
less biased by patient-specific CNVs and more reflective of transcriptional programs that are
conserved across individuals or associated with disease progression.

This approach draws inspiration from both probabilistic modeling and recent advances
in representation learning, combining elements of variational inference with domain-specific
assumptions about the structure of cancer transcriptomes. Specifically, the model incorporates
prior information about chromosomal architecture and CNV calling—either inferred directly
from the scRNA-seq data or obtained from complementary assays such as whole exome
sequencing—to guide the separation of copy number–related variation from other biological
signals. This principled adjustment enables the downstream use of these representations
in tasks such as clustering, trajectory inference, and differential expression analysis, with
reduced risk of confounding by CNVs.

The development of this method is directly motivated by the limitations encountered in
Chapter 2, where we saw first-hand how cells from different MM patients clustered separately
from each other, despite the fact that our analysis revealed that patient tumors were made
up of heterogeneous cell states, with certain cell states found in multiple patients, even
those experiencing different stages of disease. We hypothesized that this is in part due to
CNV effects obscuring shared cell-level disease biology across patients that scRNA-seq is
uniquely positioned to reveal. More broadly, this chapter exemplifies a recurring theme
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throughout the thesis: the need for machine learning tools that are specifically tailored to
the complexities of cancer biology. Generic dimensionality reduction and differential gene
expression techniques can be dominated by known sources of variation in cancer datasets,
such as CNVs or aneuploidy, obscuring signal that might otherwise yield novel discoveries
and insight. By embedding domain knowledge into model design, we can build more robust,
interpretable, and biologically faithful tools for single-cell analysis.

Ultimately, the goal of this chapter is not only to mitigate technical artifacts, but to
better capture the latent structure of cancer-related gene expression—structure that reflects
meaningful differences in cell state, differentiation trajectory, or therapeutic response. In doing
so, we lay the groundwork for more reliable cross-patient comparisons, deeper insights into
tumor evolution, and improved identification of clinically relevant transcriptional programs.
Chapter 3 thus represents both a direct response to early analytical obstacles and a concrete
step forward in developing ML frameworks that are resilient to the high-dimensional, noisy,
and heterogeneous nature of cancer single-cell data.

1.3 Foundation Models for Single-Cell RNA-Sequencing

In Chapter 4, we shift from incorporating biology-driven priors—such as those used in
Chapter 3 to account for somatic copy number variation—toward evaluating models that
instead rely on large-scale unlabeled data to learn cell representations in a self-supervised
manner. These so-called foundation models for single-cell transcriptomics aim to capture
generalizable structure across diverse datasets without requiring explicit modeling of biological
or disease-specific context. Inspired by similar trends in natural language processing and
computer vision, this chapter explores the promise and limitations of these models in the
domain of single-cell genomics.

The central idea behind foundation models is that by learning rich, transferable repre-
sentations during pre-training, they can serve as a universal backbone for many different
applications—be it classification, generation, or inference. In the context of scRNA-seq, this
paradigm has begun to take shape through models like scBERT [7], scGPT [8], Universal
Cell Embeddings (UCE) [9], and other transformer-based architectures trained on large-scale
single-cell datasets. These models aspire to capture high-level structure in gene expression
data, analogous to how state-of-the-art transformer-based language models capture syntax
and semantics in language [10, 11], thereby offering the promise of general-purpose embed-
dings that can be fine-tuned or directly applied across biological conditions, tissues, and
technologies.

Chapter 4 critically evaluates this promise by benchmarking two single-cell foundation
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models on the concrete task of cell type annotation, a cell-level task that was used for
evaluation in both the scBERT and scGPT papers. While much of the recent literature on
foundation models has focused on model scale, architecture, or pre-training corpus, there
remains a gap in systematic, comparative evaluation: how do these models actually perform
relative to simpler, more interpretable alternatives, especially in practical settings where
labeled data may be sparse?

To answer this question, we compare foundation models against simple linear baselines,
and perform ablation studies to probe which elements of the model’s architecture and training
technique contribute to downstream performance. Somewhat surprisingly, we find that
simple linear models often match or even outperform foundation models in terms of accuracy,
robustness, and data efficiency. This is particularly notable in few-shot scenarios, where only
a handful of labeled examples are available for fine-tuning. In theory, foundation models
should excel in such settings due to their pre-trained knowledge; in practice, however, we
observe inconsistent gains from pre-training, both across different foundation models and
across different biological datasets. Moreover, we report that the complexity of foundation
models often comes with trade-offs, such as increased computational cost, longer training and
inference times, and reduced interpretability, that may not always be justified by marginal
improvements in performance.

Chapter 4 therefore serves two purposes within the broader thesis. First, it contributes
to an empirical understanding of the value of transformer-based foundation models for
representing single cells, informing our choice of how to represent cells in future analyses and
models. We conclude that the benefits of foundation models over other, more biologically
motivated cell representations such as scVI [12] or PCA embeddings are not yet clear. Second,
it reflects the thesis’s overarching commitment to developing machine learning methods that
are not only theoretically ambitious but also practically useful and biologically grounded.
By emphasizing careful benchmarking, methodological transparency, and the importance of
baselines, this chapter cautions against the blind adoption of increasingly complex models
without corresponding attention to context, data regime, and use case. It is our hope that
such scrutiny will not only help guide responsible model selection but also inform future
efforts to design foundation models that are better attuned to the unique challenges and
opportunities of single-cell biology.
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1.4 Patient-level Representation Learning from Single-

Cell RNA-Sequencing

Building on the progress in representation learning techniques developed in the previous
chapters, Chapter 5 introduces scSet, a novel transformer-based framework designed to
bridge the gap between high-resolution single-cell data and patient-level clinical prediction
tasks. This chapter addresses a central challenge in translational single-cell genomics: how
to leverage the rich cellular detail captured by scRNA-seq to inform clinically meaningful
decisions at the level of an individual patient. While many single-cell studies focus on
understanding cell types, states, or developmental trajectories, fewer methods directly tackle
the task of predicting patient-level outcomes such as disease subtype, treatment response, or
survival—despite the growing importance of precision medicine in oncology and beyond.

A common approach to clinical prediction from scRNA-seq is to reduce the data via
pseudobulking, in which gene expression counts are averaged or summed across all cells in a
patient sample. While pseudobulk strategies can simplify the modeling pipeline and make
use of existing bulk RNA-seq tools, they do so at the cost of discarding valuable information
about cellular composition, intercellular variation, and rare cell populations—features that
are often critical for understanding disease heterogeneity and predicting outcomes.

scSet departs from this paradigm by treating each patient sample as a set of cells and
learning to encode these sets directly into informative, low-dimensional representations using
a permutation-invariant deep learning architecture. Specifically, scSet adapts ideas from the
transformer family of models, which have proven highly successful in language modeling,
vision, and protein structure prediction [10, 13–17]. The use of self-attention enables the
model to flexibly capture interactions among cells, weigh their relative importance, and
aggregate information in a data-driven way. This architecture respects the unordered nature
of cellular data and can accommodate varying numbers of cells per patient, as opposed to
many other ML architectures which require fixed input sizes or order.

The result is a learned embedding space in which patient samples are positioned according
to their underlying transcriptional profiles, cellular heterogeneity, and inferred biological
signals. These embeddings can then be used for downstream tasks such as classification (e.g.,
predicting whether a patient will respond to immunotherapy), regression (e.g., estimating
time to progression), or clustering (e.g., identifying subgroups with shared biology).

In addition to designing and validating the scSet architecture, Chapter 5 explores the
benefits of pretraining on large, unlabeled single-cell datasets prior to fine-tuning on smaller,
labeled clinical cohorts. This follows the broader trend in machine learning toward transfer
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learning and semi-supervised approaches, particularly valuable in the clinical domain where
labeled data can be scarce or expensive to acquire. We develop a diffusion-based decoder
that generates individual cells conditioned on a learned patient-level representation. By
stacking our encoder together with this decoder, and training them jointly in an end-to-end
autoencoding framework, we learn meaningful patient representations without requiring any
labeled data. We find that pretraining scSet on large, diverse scRNA-seq datasets improves
performance on clinically relevant tasks in smaller cohorts, suggesting a path forward for
building generalizable models that can adapt to specific patient populations with minimal
supervision.

Taken together, this chapter demonstrates how modern representation learning techniques,
when thoughtfully adapted to the structure and scale of single-cell data, can enable clinically
actionable predictions from data that was previously too high-dimensional, noisy, or hetero-
geneous to interpret at the patient level. scSet thus represents a step toward fulfilling the
promise of single-cell genomics in precision medicine—where molecular insights gleaned from
a patient’s own cells can inform diagnosis, prognosis, and treatment selection. More broadly,
this work illustrates how advances in machine learning architectures can be harnessed not
only to model cells, but to serve patients.

Taken together, the studies in this thesis are unified by a central goal: to develop and
evaluate ML methods that unlock the full potential of scRNA-seq data for understanding and
treating disease. From uncovering early biomarkers in MM, to leveraging biological priors to
learn better tumor cell representations, to benchmarking cutting-edge models for single-cell
representation learning, to enabling actionable clinical prediction, each chapter addresses a
distinct study in ML for computational oncology.
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Chapter 2

Identifying Genes and Gene Modules to
Characterize Precursor Stages of MM

2.1 Introduction

Multiple myeloma (MM) is a plasma cell (PC) malignancy residing in the bone marrow
(BM) [2]. MM is almost always preceded by the precursor states monoclonal gammopathy of
undetermined significance (MGUS) and smoldering multiple myeloma (SMM) [2–4]. However,
the progression risk is highly heterogeneous, whereby certain patients progress quickly, while
others never do. Patients with SMM exhibit progression rates of 10% per year, compared
to just 1% for MGUS [18, 19]. Currently, our ability to predict progression is mostly
based on a few clinical parameters (e.g., M-spike, light chains, and percent tumor burden)
[20, 21]. Therefore, there is a need to further define molecular characteristics of patients
who are at risk of progression. A thorough characterization of precursor cells and the
state of the microenvironment in MGUS and SMM patients can help us distinguish the
molecular mechanisms that underlie initial tumorigenesis versus later progression, predict
which individuals are most at risk for progression, and identify potential targets for early
therapeutic intervention.

Our understanding of genetic changes associated with disease progression and tumor
evolution in MM is founded on studies that use clinical laboratory results and bulk analysis,
including microarrays and DNA sequencing [5]. It has been shown that MGUS and SMM
clones already harbor chromosomal alterations that define MM (translocations involving IgH
or hyperdiploidy) [3, 21], and that progression to MM may be driven by the acquisition
of secondary genetic events and mutational processes [22, 23]. As such, stratification of
SMM patients was recently updated by the International Myeloma Working Group to include
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cytogenetic abnormalities [24]. Additional studies showed that integration of events including
MYC rearrangements, TP53 mono- and bi-allelic inactivation, and RAS mutants indeed
help stratify patients into novel models of progression to active MM [25, 26].

At the RNA level, it is challenging to draw conclusions about the phenotype of precursor
cells and the dynamics of malignant transformation from bulk RNA-sequencing studies [27]
due to low tumor purity (i.e., fraction of tumor cells in a sample) at the precursor stages.
Recently, single cell studies of precursor conditions [28, 29] have allowed for characterization
of these cells, but such datasets are still scarce and require careful computational analysis in
order to glean insights from the limited number of abnormal cells present in biopsies from
patients with precursor disease.

In this chapter, we share results previously published as part of Boiarsky et al. [30],
in which we generated and analyzed single cell RNA-sequencing (scRNA-seq) data from
29,387 PCs representing 26 samples from patients with MGUS, SMM, or MM as well as 9
normal bone marrow donors (NBM). The single cell resolution of our data and the fact that
those precursor samples contain a mixture of abnormal and normal cells allowed us to isolate
the transcriptional changes of abnormal cells compared to normal plasma cells within the
same patient sample and to characterize their transcriptomes across the disease spectrum.
A related study previously analyzed the immune microenvironment of these same patients
[31] (Table A.1), and here we explore transcriptional changes within tumor cells as well as
correlations between tumor and immune cell activity in our cohort. We employed novel
methods for identifying abnormal cells from within a mixed sample, report our findings from
a nuanced within-patient differential expression analysis approach, and employ automatic
relevance determination non-negative matrix factorization (ARD-NMF) [6] to highlight gene
signatures that are active in our cohort and validated in external cohorts. Taken together,
our study (i) presents a highly detailed and comprehensive view of the transcriptional
transformation occurring in individual patients with myeloma and its precursor conditions,
(ii) discovers gene expression signatures that are shared across patients with different driver
events and at different stages of disease, and (iii) characterizes heterogeneity both between
and within tumors.
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2.2 Results

2.2.1 Single cell transcriptional profiles reflect driver events and

reveal patient-specific patterns

To investigate the gene expression dynamics of PCs at different stages of MM progression,
we performed droplet-based single-cell RNA sequencing of 35 samples isolated from BM
aspirates of patients with MGUS (n=6), SMM (n=12), newly diagnosed MM (n=8), and
nine healthy donors (NBM, n=9; Figure 2.1 a; Table A.2, Table A.3). One patient was
biopsied both at the SMM stage and after progression to MM (SMM-1 and MM-8). Patients
were followed for a median of 5.26 years (1921 days; range[1400, 5314]). Of the 18 patients
with MGUS or SMM, 0/6 MGUS and 7/12 SMM patients were observed to progress to MM
(Table A.2). After filtering cells using standard quality controls, we analyzed a total of 29,387
single CD138+ PCs (∼850 from MGUS, ∼8.4×103 from SMM, ∼1.7×103 from MM, and
∼9×103 from NBM). The number of CD138+ cells analyzed per sample ranged from 40
to 3,414, with a median of 591 (Table A.3). Projecting cells onto a 2D Uniform Manifold
Approximation and Projection (UMAP) plot, we observed that cells from our NBM samples
grouped together, while the majority of cells from patients with precursor conditions and
overt MM formed separate groups of cells (Figure 2.1b,c).

Applying Leiden clustering [32], we obtained 25 clusters of cells (cell cluster assignments
were published as Supplementary Data in [30]). Seven of these clusters represented healthy
cells as determined by the majority of cells in these clusters coming from NBM samples and
their overexpression of genes such as CD27. We merged these clusters into one "healthy"
cluster (Figure 2.1d). Of the remaining 18 clusters, 11 each consist almost exclusively of cells
from a single sample, reflecting the fact that normal variation between healthy individuals was
minor compared to disease-associated expression changes (Figure 2.1e). With a few exceptions,
the clusters that represented multiple samples grouped cells with shared disease biology:
cluster 12 contained two sequential samples from the same patient, cluster 21 contained
proliferating abnormal cells from 15 patients across disease stages, and clusters 3 and 20
(together with cluster 24) represented all patients with a t(11;14) translocation (MGUS-6,
SMM-4,6,9,12; Figure 2.2). We further confirmed that batch effects such as age, sex, and
sample preparation were not driving clustering results (Figure 2.3).

Of note, our cohort included one patient, SMM-12, whose biopsy included two distinct
subclones. Both subclones harbored a t(11;14) translocation and clonally expressed IgG
kappa, suggesting that they descend from the same parental clone, but only one acquired a
CD20+ phenotype (Figure 2.4a,b), a MM phenotype occurring in up to 22% of patients [33].
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Figure 2.1: The landscape of healthy and abnormal plasma cells at single cell resolution. a,
Overview of cohort and experimental setup, including the number of samples per disease
stage, sex, sample preparation batch, and whether the sample was fresh or stored frozen
prior to 10x sequencing. CD138+ bone marrow cell fractions were isolated and are analyzed
in this study. a,b, UMAP representation of plasma cells colored by disease stage (b) and
sample ID (c). Cells similar in expression profile are placed nearby in this embedding. d,
Results of leiden clustering of all cells. Seven clusters were merged to define a single cluster
of normal plasma cells. e, Sample composition of leiden clusters, by disease stage and sample
ID (colors match the legends given in (b) and (c), respectively). The majority of clusters
each consist of cells from a single sample. f, Violin plots showing distribution of expression of
genes commonly upregulated in patients with translocations (y-axis), along with annotations
of the cytogenetic alterations detected in samples by clinical iFISH assay (top).

28



Figure 2.2: UMAP representation of plasma cells colored by cancer driver event, as determined
by iFISH. Driver event is one of: normal, translocation (type specified in legend), hyperdiploid
(HRD), or inconclusive test results.

This falls in line with previous studies that have shown CD20+ myeloma cells to be correlated
with translocation t(11;14) [34]. Cells from the CD20- subclone clustered together with cells
from other t(11;14) samples in cluster 20, while cells from the CD20+ subclone clustered
separately in cluster 22, suggesting large expression changes associated with CD20+. Indeed,
comparing gene expression in the CD20+ vs. CD20- subclones, we found 455 differentially
expressed genes (DEG) (|log(fold change)| > log(1.5); false discovery rate q<0.1), with the top
DEGs by q-value reflecting the B cell-like phenotype of these cells, including overexpression
of CD74, CD20 (also known as MS4A1 ), and HLA class II genes such as HLA-DRA and
HLA-DRB1 (Figure 2.4c; full DEG lists were published as Supplementary Data in [30]).

To benchmark the performance of our experiment, we used interphase fluorescence in
situ hybridization (iFISH) to identify large-scale structural genomic variants (Table A.2)
and then inspected the expression levels of translocation target genes cyclin D1 (CCND1),
MM SET domain (MMSET/WHSC1), fibroblast growth factor receptor 3 (FGFR3), MAF
BZIP transcription factor (MAF), and MAF BZIP transcription factor B (MAFB), as well
as cyclin D2 (CCND2) and Integrin Subunit Beta 7 (ITGB7), whose overexpression is also
associated with translocations. MM cells from patients with iFISH-reported translocations
exhibited overexpression of the respective target genes (Figure 2.1f). In 4/7 samples whose
iFISH results were inconclusive due to insufficient cell numbers, we were able to observe the
overexpression of translocation partner genes or CCND2 and ITGB7, indicating possible
corresponding translocations. Our patient with sequential samples at SMM (SMM-1) and
after progression to MM (MM-8) confirms the ability of RNA-sequencing to capture the
cytogenetic phenotype even prior to iFISH; while this patient’s iFISH results were inconclusive

29



b

a

Figure 2.3: a, UMAP plot of all CD138+ cells colored by sample preparation batch, vial
(whether the cells were fresh or frozen prior to sequencing), sex, and age. b, The cluster
assignments for cells from each sample, separately for normal cells (top) and abnormal cells
(bottom), with normal/abnormal status determined using the per-sample clustering technique.
Arrows point to normal cells from patients that cluster together with normal cells from NBM,
rather than together with the other cells from the same patient donor. This pattern suggests
that the disease signal’s influence on clustering is stronger than that of a potential batch
effect.
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Figure 2.4: a, UMAP embedding of cells from sample SMM-12, which has 190 cells belonging
to a CD20+ subclone (cluster on right) out of 284 total cells. Both clusters express CCND1,
signifying that both harbor a t(11;14) translocation, but the cluster on the right expresses
higher levels of CD20 (also known as MS4A1), CD27, CD74. b, Volcano plot of DEGs
between the CD20+ and CD20- subclones from sample SMM-12. Orange denotes a significant
DEG (|log(fold change)| > log(1.5); q<0.1). The top genes, ranked by q-value, are annotated
on the plot. c, UMAP embedding of cells from sample SMM-12, colored by expression of
immunoglobulin constant region genes. Both subpopulations express a kappa light chain
(encoded by the gene IGKC) and IgG heavy chain (encoded by genes named IGHG*).
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in the sample taken during SMM, we were able to detect overexpression of ITGB7, MAFB,
and CCND2 at the transcriptional level, suggesting a t(14;20) translocation, which was later
confirmed by iFISH after the patient’s progression to MM.

2.2.2 In silico dissection of normal and abnormal cells within samples

allows for characterization of disease even in samples with low

tumor purity

One major benefit of studying precursor disease at single cell resolution is the ability to separate
normal and abnormal CD138+ cells within each sample prior to downstream analyses. No
individual marker genes can reliably distinguish these populations, but our full-transcriptome
data enabled aggregation of an abnormal signal across many genes. To this end, we clustered
the cells from each individual sample based on its highly variable genes (but excluding genes
located in immunoglobulin loci), and then examined patterns of immunoglobulin and MM
driver gene expression in each cluster in order to label the cluster as containing normal or
abnormal cells (Figure 2.5; methodological details included in Section 2.4.8, ). To complement
and validate this method, we also developed a Bayesian hierarchical model for estimating the
tumor purity of each individual sample based only on the distribution of immunoglobulin light
chain expression (Figure 2.25, Figure 2.26; methodological details included in Section 2.4.7).
Comparing these results, we observed strong agreement between the two purity estimation
methods (Figure 2.6a). Our labels closely matched the Leiden clustering results (though not
identically, highlighting the benefit of our curated labels), with 97% of cells we labeled as
normal and <1% of cells we labeled as abnormal belonging to the healthy Leiden cluster
(Figure 2.6b).

Our purity results suggest that samples from patients with precursor conditions have a
sizable fraction of healthy PCs, as expected. On average, MGUS samples contained 73%
healthy cells and SMM samples contained 8%, compared to just 0.5% in MM. Furthermore,
the variability of tumor purity values was also greater at early stages of disease. Whereas
MM samples had consistently high tumor purity (range 0.98-1), we observed increasingly
large variability in SMM (0.58-1) and MGUS (0-0.81), respectively. For our downstream
analyses, we separated normal and abnormal cells within each sample and characterized them
independently.

32



Expression of marker genes on cells from sample SMM-8 reveals 
separation of abnormal and normal plasma cells

a b

Figure 2.5: a, UMAP plot showing clustering for representative sample SMM-8. Genes in
immunoglobulin loci were not used in the computation of the UMAP embedding or Leiden
clustering. b, Expression of genes used to determine that cluster 0 contains abnormal cells
and the cluster 1 contains normal cells: t(4;14) translocation associated genes WHSC1 and
FGFR3 (first row); genes encoding the IgA-kappa immunoglobulin expressed on this patient’s
monoclonal cells (second row); genes encoding non-clonal immunoglobulin components IgG
(IGHG1) and the lambda light chain (IGLC2) (third row). We observe that cells in cluster 0
clonally express IgA-kappa genes, while cluster 1 contains a mixture of cells expressing IgA
and IgG heavy chains and kappa and lambda light chains. We performed a similar analysis
for every patient sample in our cohort.
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Figure 2.6: Identifying normal and abnormal plasma cells within patient samples. a, The
number of cells (top) and estimated purity of each sample with 95% confidence intervals
(bottom). Sample purity was estimated using two orthogonal methods: clustering of individual
samples (blue; the fraction of cells labeled abnormal per sample is plotted) and our Bayesian
hierarchical purity model (orange; the mode of posterior sample purity is plotted). b, UMAP
localization of individual cells labeled normal or abnormal.
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2.2.3 Transcriptional differences between abnormal and normal cells

across patients

We performed a differential expression (DE) analysis comparing abnormal and normal cells.
To this end, we split samples into their abnormal and normal populations, which we refer to
as "pseudosamples." We compared abnormal pseudosamples to normal pseudosamples using
limma-voom [35, 36] and found 764 DEGs (|log(fold change)| > log(1.5); false discovery rate
q<0.1; full DE results were published as Supplementary Data in [30])).

In addition to genes known to be important for MM biology like CCND1 [5] (upregulated),
CD27 [37–39] (downregulated) and TMSB4X [40] (downregulated), we also found other
strongly regulated genes whose connection to myeloma is less well characterized. The top
4 upregulated DEGs by q-value included RBFOX2, STIM1, a transmembrane protein that
mediates store-operated calcium entry and is of interest in multiple cancers [41–43], IFIT1,
and the long non-coding RNA RP11-395G23.3. The top 4 downregulated genes included
CD19, a B cell lineage marker gene which has been explored as a therapeutic target in MM
despite its low expression [44, 45], CTSH, CD81, which regulates CD19 [46] and has been
shown by flow cytometry to be downregulated in MM and precursor conditions [47], and
ITGB2. We also observed upregulation of PSMB4 and HSPB1, which are associated with
the proteasome (Figure 2.8a).

Unsupervised clustering of the pseudosamples based on their expression of these 764 DEGs
showed good separation of abnormal and normal samples, as expected, and also revealed
that hyperdiploid patients exhibit especially high expression of the upregulated DEGs and
tend to cluster together. Abnormal samples do not cluster by disease stage, underscoring
the fact that many of these DEGs are altered in both myeloma and precursor samples. All
abnormal populations from SMM samples clustered together with the myeloma cells, while
from MGUS, one abnormal pseudosample clustered with myeloma cells and two clustered
with the normal cells. The two abnormal samples that cluster together with normal cells
came from MGUS patients with very low numbers of abnormal cells detected (n=35 and 67
cells for MGUS-2 and MGUS-6, respectively). Thus we could not conclude that the MGUS
phenotype is similar to that of normal cells, since the averaged gene expression in those
pseudosamples is inherently noisy. Abnormal cells from MGUS-3 (n=205), on the other hand,
clustered together with other abnormal samples (Figure 2.8b).

Interrogating MSigDB hallmark genesets, we found that pathways related to E2F targets,
Notch signaling, G2M checkpoints, interferon alpha response, and Wnt/beta-catenin signaling
are differentially enriched in abnormal samples compared to normal (t-test q<0.1; Figure 2.10).
When comparing pathway enrichment results between MGUS and normal samples, we found
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Figure 2.7: Cartoon schematic of our differential expression analysis. We run two DE analyses:
First, we compare all abnormal (purple) vs. all normal (yellow) cells using limma-voom
(Figure 2.8). Next, we compare patients’ abnormal cells to their own healthy cells, controlling
for inter-patient variability. Samples with 100% normal or abnormal cells were excluded from
the within-patient analysis (Figure 2.9).

that the Wnt/beta-catenin pathway is already upregulated (t-test q=0.08). Individual
upregulated genes from the Wnt/beta-catenin pathway include DKK1, KAT2A, and TP53
(limma-voom abnormal vs. normal q<0.025). Low sample size (n=3) for abnormal MGUS
samples may have hindered our power to discover other pathways that are already differentially
enriched in MGUS vs. normal.

This DE analysis provides a general view of genes whose expression is consistently altered
in disease, but it does not allow us to discover genes whose expression may be altered in just
a small subset of patients in our cohort. Additionally, while normal cells are more similar to
each other than abnormal cells are (Figure 2.1b,c), inter-patient differences still exist among
them (Figure 2.11). Thus, this analysis suffers from both high variance due to the small
number of normal samples and confounding effects due to non-disease-related differences
between individuals that contributed healthy bone marrow and tumor samples. We address
these limitations with the following analysis.

2.2.4 Within-patient abnormal vs. normal cell comparisons high-

light inter-patient heterogeneity and patient-specific disease

characteristics

To account for the limitations of the DE analysis described above, we leveraged samples
containing mixtures of normal and abnormal plasma cells to perform a "within-patient"
characterization of the disease. For each patient, we compared their abnormal plasma cells to
their own healthy plasma cells (Figure 2.7). This allowed us to specifically characterize the
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Figure 2.8: a, Volcano plot of limma-voom DE results for abnormal vs. normal cell populations.
Orange denotes genes with q-value<0.1. The 4 most significantly up- and downregulated genes
and other selected genes are annotated. b, Pseudobulk expression of DEGs detected between
abnormal and normal pseudosamples using limma-voom (z-scored per gene). Each column
represents the normal or abnormal cells from a given sample. Color annotations denote
disease stage (top), normal or abnormal (second), paired columns coming from the same
patient (third; matching colors denote that columns correspond to the same sample; black
denotes that there was no paired sample), and whether IgH translocation or hyperdiploidy
was detected in that sample by iFISH (bottom).
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Figure 2.9: In silico dissection of transcriptional differences in normal and abnormal plasma
cells within patient samples. We compare patients’ abnormal cells to their own healthy cells,
controlling for inter-patient variability. Samples with 100% normal or abnormal cells were
excluded from this within-patient analysis. a, Quantification of DEGs uniquely discovered
using within-patient DE. The venn diagram represents the overlap of DEGs found using
limma-voom and our within-patient DE approach. The bar plot describes the number of
DEGs found per-patient using within-patient DE (right side) and the number of abnormal
and normal cells per patient (left side). b, Volcano plot of 1,760 DEGs uniquely discovered
using our within-patient DE approach. The y-axis represents the maximum -log10(q-value)
of the gene across patients included in the within-patient analysis, and x-axis represents the
maximum log2(fold change). The color and size of a dot denote the number of patients for
which that DEG was detected, with blue dots representing DEGs detected in just one sample.

37



Figure 2.10: MSigDB hallmark genesets differentially enriched in abnormal samples (N=23
independent samples from 22 individuals) compared to normal (N=23 independent samples)
(two-sided t-test, q<0.1). The difference between the mean enrichment among abnormal vs.
normal samples is plotted on the x-axis.

UMAP Embedding of only Normal Plasma Cells

Disease 
Stage of 
Source 
Sample

Source Sample ID

Figure 2.11: Inter-patient variation exists even among normal plasma cells (even among those
from NBM donors), as observed in these UMAP embeddings containing only cells labeled as
normal. The normal plasma cells on these plots are colored by the disease stage (left) and
sample ID (right) of the patient from which they were extracted.
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unique transcriptional profiles of individual tumors, which may not be shared across patients,
without introducing the confounding effects that would arise from comparing tumor cells to
normal cells from other healthy donors.

Of our eleven patients with both abnormal and normal cell populations, ten had significant
DEGs detected between these populations (|log(fold change)| > log(1.5); false discovery rate
q<0.1). Overall, this method identified 1,760 DEGs (full DEG lists were published as
Supplementary Data in [30])), 1,509 of which were not found in our pseudobulked abnormal
vs. normal DE analysis described above (Figure 2.9a). We found DEGs that are unique
to individual patients (1,323 genes) as well as genes recurrently affected across patients,
such as CD27 (upregulated in 8 patients), CD79A (upregulated in 7 patients), and RPL25
(downregulated in 7 patients). Many DEGs are found in samples across multiple disease
stages (Figure 2.12).

We next focus on genes that were not discovered in the general DE analysis described
earlier (Figure 2.9b). For example, within-patient DE enabled identification of significant
upregulation of FGFR3 and WHSC1 in our patient with t(4;14). The general abnormal vs.
normal cell comparison was not powered to identify this upregulation, since the translocation
only occurred in a single patient in our cohort. Additionally, we discovered upregulation
of GNB2L1 (also known as RACK1 ; up in SMM-2, SMM-3, MM-6), a known oncogene in
other cancers [48, 49] that has recently been reported to be upregulated in myeloma cell
lines, [48, 49] but not yet in clinical samples. Among upregulated genes, we also found
the histone gene HIST1H1C (MGUS-3, SMM-2, SMM-3, SMM-8, MM-6), the cell surface
markers CD48 (MGUS-3, SMM-8) and CD59 (MGUS-3, SMM-2, SMM-3, SMM-8, SMM-
10), and the proto-oncogene MYC (MGUS-3, SMM-2, MM-6) (Figure 2.9b). We observed
downregulation of SSR4 (SMM-2, SMM-3, MM-3), associated with translocation of proteins
across the endoplasmic reticulum, and TPT1 (MGUS-3, SMM-8), a regulator of cell growth
and proliferation. ITM2C, which has been reported for its expression on MM cells, [50, 51]
was upregulated in some samples (MGUS-3, SMM-2, SMM-3, SMM-8) but downregulated in
others (MGUS-6, SMM-9). While higher expression of ITM2C has been reported in patients
with t(4;14) vs. without [52], we cannot conclude this from our data, as ITM2C was variably
expressed in our 3 samples with t(4;14) (SMM-7, SMM-8, MM-1; Figure 2.13). Ribosomal
proteins such as RPS28 (SMM-2, SMM-3, SMM-10, MM-3, MM-6), RPLP1 (MGUS-3,
SMM-2, SMM-3, SMM-10, MM-3, MM-4), RPL14 (MGUS-3, SMM-2, SMM-3, SMM-10,
MM-6), and others were recurrently upregulated, specifically in patients with hyperdiploidy.
Although these ribosomal protein genes are upregulated in multiple samples, other samples
have expression levels similar to those of NBM samples, possibly explaining why they were
only detected using within-patient DE.
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% samples with DEG

max |log2 fold change|

Figure 2.12: This heatmap portrays how differentially expressed genes (DEGs) were shared
or varied across disease stages. The genes shown are the same genes annotated on the
volcano plot in Figure 2.9b; these genes were uniquely discovered to be differentially expressed
using our within-patient DE analysis, and not limma-voom. The size of the circle represents
the fraction of samples from each disease stage in which that gene was determined to be
differentially expressed (|log(fold change)| > log(1.5); q<0.1), out of a total of two samples
that had DEGs from MGUS, five from SMM, and three from MM. The color of the dot
represents the direction and magnitude of the greatest significant |log2 fold change| in each
disease stage. For the purposes of the visualization, we cap the color bar at 2.5 and -2.5.
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Figure 2.13: Expression of MYC and the MYC activation signature genes reported in
Chng et al., 2011 in samples with significant DE of MYC by within-patient DE (MGUS-3,
SMM-2, MM-6), as well as in MM-5, which was not included in the within-patient DE due
to 100% purity, but had high levels of MYC comparable to MM-6. Cells are grouped by
normal/abnormal labeling as well as sample ID (y-axis). Color intensity corresponds to the
mean expression of the gene in each group, and dot size corresponds to the fraction of cells
in the group that express the gene.

2.2.5 NMF discovers gene signatures that capture transcriptional

programs

While our within-patient DE analysis allowed us to discover gene signatures in individual
tumors, we next employed a method to discover gene signatures active in individual cells
across our cohort, even if only in a small subset of cells in a tumor, and to characterize
signature activity at the single cell level across disease stages.

Using our ARD-NMF method [6, 53], we decomposed the gene expression profiles across
all plasma cells in our cohort into 28 gene signatures, each of which represents a pattern
of gene expression recurrently occurring across cells in our dataset (Table A.4). Because
we were most interested in highlighting signatures associated with disease biology rather
than patient-specific effects, we removed signatures that were only active in a single patient.
Similarly, since our goal was to find groups of genes with shared activity patterns, we did
not focus our downstream analyses on signatures that only represented the expression of
a single gene. After removing these "patient-specific" and "single-gene" signatures, we
retained 15 gene signatures and examined the top genes from each signature to identify
its underlying biological mechanism (Figure 2.14; Table 2.1). We tested to make sure that
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Figure 2.14: Bayesian non-negative matrix factorization uncovers gene signatures which
capture myeloma cell biology across disease stages. Here, we show top genes for nine
representative gene signatures. The importance score, plotted on the x-axis, is based on both
the strength of the gene’s contribution to the signature and its specificity to the signature.

signature activities did not correlate with batch variables, and found that they did not (details
included in Section 2.4.12).

A number of the NMF signatures represent subtypes of myeloma that have previously
been reported; for example, we find a signature of proliferation similar to that reported by
Zhan et al. [54] and Broyl et al. [55], a CCND1 -related signature which is differentially active
in samples with t(11;14) (Figure 2.15), and a signature composed of MAFB, CCND2, and
ITGB7, which is active in the samples with t(14;20).

We additionally discovered signatures that elucidate less well-characterized disease biology
that is common to multiple samples in our cohort. For example, we found a signature with
top genes CXCR4, which plays a role in normal plasma cell development and has also been
implicated in MM progression [56, 57], and RGS1 and RGS2, which are regulators of G
Protein signaling that may regulate the CXCR4-CXCL12 axis [58]. We additionally found
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Table 2.1: 15 gene expression signatures discovered using Bayesian NMF "patient-specific"
and "single-gene" signatures are not included; see Table A.4 for the full list of signatures).

Signature Biological Description Top Genes
W3 t(11;14) associated CCND1, TSC22D3, RP5-887A10.1, RGS13
W4 HLA class II HLA-DRA, HLA-DRB1, HLA-DPA1, HLA-DPB1
W5 histones HIST1H1C, HIST1H2AC, HIST1H2BC, KIAA0556
W8 t(14;20) associated ITGB7, AC233755.2, SPP1, CCND2
W9 extracellular signaling LGALS1, VIM, ACTB, S100A6
W11 proliferation HIST1H4C, STMN1, TUBA1B, HMGB2
W16 normal plasma cell CD27, CD79A, TXNIP, JSRP1
W20 protein synthesis HNRNPH1, PIM2, C16orf54, PHKG1
W24 interferon inducible ISG15, MX1, TNFSF10, LY6E
W28 CXCR4 & regulators CXCR4, RGS1, RGS2, ICA1L
W1 unknown JUNB, ZFP36, NFKBIA, IER2
W6 unknown DUSP4, GADD45A, BTG2, LAMP5
W14 unknown KLF6, TSC22D3, ANKRD28, KLF2
W26 unknown HLA-A, ITM2C, PRR15, ACTB
W27 unknown NEAT1, DDX17, ANKRD12, FOXO3

Figure 2.15: A signature with top contribution from CCND1 is discovered and is most active
in samples with t(11;14), as expected.
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signatures that represent the activity of histone genes, interferon (IFN)-inducible genes, and
genes involved in protein synthesis, among others.

2.2.6 Gene signature activity correlates with disease stage and mi-

croenvironment

For each gene signature, we tested whether its activity level varied between abnormal and
normal cell populations or with disease stage, and discovered that three signatures had
significantly different activity levels (Kruskal-Wallis q < 0.1 and Dunn’s q < 0.1). As
expected, we found that the t(11;14)-related signature is differentially active in the abnormal
cell population from samples with the corresponding translocation compared to NBM cells.
We found two additional signatures whose activity was significantly correlated with disease,
described in detail below.

Abnormal cells across disease stages share universal downregulation of gene
signature seen in normal PCs.

We discovered a “normal plasma cell signature" that is downregulated in abnormal cells at all
stages of disease (q = 3.3×10-5 and 1.0×10-6 for SMM and MM vs. NBM, respectively; while
the same trend is observed between MGUS abnormal cells and normal plasma cells, it did not
reach significance, likely due to low number of MGUS cases with sufficient abnormal cells).
This signature robustly characterizes the normal bone marrow plasma cells in our data set
(Figure 2.16a,b), and highlights genes that are downregulated only in the abnormal cell portions
of samples at all disease stages. The top genes in this signature include CD27 and CD79A,
which are associated with the B cell lineage, and JSRP1, CTSH, HCST, and RNU12, genes as
of yet unreported to be involved in plasma and MM cell biology (Figure 2.14; Figure 2.17a).
Other canonical B cell markers were not expressed (CD20, BCL6, PAX5, and E2F1 ) on
healthy PCs suggesting this effect is not due to B cell contamination (Figure 2.18a,b). Given
the low tumor purity during early precursor conditions, this phenotype would be obscured
at early disease stages in bulk samples; analysis at a single cell resolution, however, reveals
that this healthy plasma phenotype is significantly downregulated in malignant cells as early
as the MGUS stage (Figure 2.16a). Indeed, for our patient with serial samples at the SMM
and MM stages (SMM-1 and MM-8), we find similarly low levels of signature activity at
these two timepoints, underscoring the fact that this phenotype is lost at early stages of
malignancy and remains low as the disease progresses (Figure 2.16a). Interestingly, the
activity of this signature in normal cells also trends downward with increasing disease stage
(Jonckheere-Terpstra test p=1.3×10-5).
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Figure 2.16: We discover a ‘normal plasma cell signature’ that is active in normal plasma cells
across disease stages and downregulated in abnormal cells from MM and precursor conditions.
We visualize this signature’s activity by showing its mean activity ± s.e.m. for the normal
and abnormal populations within each sample (a) and on a UMAP plot (log scale) (b). Mean
activities were compared between groups, with *** denoting groups which significantly differ
(abnormal cells from SMM (N=12) and MM (N=8), respectively, vs. NBM (N=9)).

The individual top genes on this signature are also downregulated in patients’ abnormal
cells compared to healthy cells (Figure 2.17b). The notable exception is our CD20+ sample,
SMM-12: while CD27 is upregulated in abnormal cells vs. normal cells in this sample,
the NMF normal plasma cell signature nonetheless has low overall activity (Figure 2.16a),
demonstrating the universal loss of this signature across tumors with different phenotypes.

Validation of normal plasma cell signature in independent datasets.

To validate our findings, we ran the ARD-NMF algorithm on single cell data from Ledergor
et al. [28] and recovered a similar signature with top genes CD27, CD79A, and JSRP1. This
signature, too, is strongly downregulated in abnormal cells at all disease stages (q = 2.4×10-4
and 1.5×10-5 for SMM and MM vs. healthy donors respectively; only one MGUS sample
had abnormal cells, and it too appears to be downregulated; Figure 2.19). As additional
validation in bulk data, we estimated the activity of our normal plasma cell signature in
bulk RNA sequencing from newly diagnosed MM patients in the Multiple Myeloma Research
Foundation’s (MMRF) CoMMpass dataset for their expression of this signature, and also
estimated tumor purity in these samples (methodological details included in Section 2.4.13).
We found a significant negative correlation between signature expression and tumor purity,
further supporting this signature as a marker of normal plasma cells (Figure 2.17c).
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a c

b
CD20+ sample 

Figure 2.17: a, Contributions of individual genes to the ‘normal plasma cell signature.’ The
x-axis represents a gene’s loading on the signature, i.e. its value in the W matrix, and the
y-axis represents a gene’s specificity to the signature (see Section 2.4.11). b, Mean expression
± s.e.m. of top genes from the ‘normal plasma cell signature’ in abnormal and normal plasma
cell portions of samples. Expression of the top genes from the signature are generally also
downregulated in abnormal cells as compared to normal plasma cells at all stages of disease.
For CD27, the one notable exception is sample SMM-12, which has a CD20+ phenotype.
c, In bulk samples from the MMRF dataset (N=826 independent samples), we observe a
significant negative correlation between sample purity and ‘normal plasma cell signature’
score (Spearman R=-0.45, p=4.58×10-42). The joint density of purity and signature score is
plotted, with the intensity of color indicating the number of samples at a given part of the
distribution (see color bar). Boxplots representing the marginal distributions of signature
scores and purities are plotted along the top and right, respectively (center line, median; box
limits, upper and lower quartiles; whiskers, 1.5x interquartile range; points, outliers).
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Figure 2.18: No contamination from B cells, T cells, or monocytes in CD138+ cells. a, B cell
surface marker CD20 (also known as MS4A1 ) and B cell transcription factors E2F1, PAX5,
and BCL6 are virtually not expressed in CD138+ cells (with the exception of CD20 expression
in SMM-12; see (b)), while they are expressed on the B cells which were removed from our
data as part of QC. The plasma cell transcription factor PRDM1 is expressed on CD138+
cells, but not B cells. Violin plots show distribution of expression over cells in each group. b,
Expression of CD20 on CD138+ cells is largely driven by patient SMM-12, who has a CD20+
MM phenotype. c, T cell and monocyte marker genes are hardly expressed in our CD138+
normal or abnormal cells, while they are expressed in the T cell and monocyte populations
which we removed from our data as part of QC. While there are low levels of monocyte marker
genes among normal PCs, indicating possible low levels of ambient contamination in some
normal samples, these genes are not expressed in abnormal cells, indicating that abnormal
PCs (i.e. the PCs plotted in Figure 2.20 for comparison with monocytic populations) are
uncontaminated. Color intensity corresponds to the mean expression of the gene in each
group, and dot size corresponds to the fraction of cells in the group that express the gene.
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Figure 2.19: a, Validation on external dataset: our NMF algorithm run on external CD138+
single cell data from MGUS, SMM, MM and healthy donors independently discovers a gene
signature similar to our normal plasma cell signature, with shared top genes CD27, CD79A,
and JSRP1. b, After labeling cells in that dataset as normal or abnormal, we discover that
this signature follows the same pattern as in our data, with high activity in normal cells and a
significant decrease in activity in abnormal cells across disease stages. Mean activities ± s.e.m.
across cells in normal and abnormal portions of samples are shown, with *** denoting groups
which significantly differ (abnormal cells from SMM (N=5) and MM (N=13), respectively, vs.
NBM (N=11)).
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Interferon-inducible signature upregulated in tumor and microenvironment.

We discovered a signature enriched for IFN-inducible genes, such as ISG15 ubiquitin like
modifier (ISG15 ), MX Dynamin Like GTPase 1 (MX1 ), and Interferon Induced Protein
With Tetratricopeptide Repeats 1 and 3 (IFIT1 and IFIT3 ) [59] (Figure 2.14). Notably, this
signature is significantly upregulated in both normal and malignant populations from overt
MM patients compared to NBM (q = 5.2×10-3 and q = 3.2×10-4, respectively; Figure 2.20).
This upregulation is specific to malignant disease (signature is not significantly upregulated
in precursor conditions; one patient, SMM-11, is an outlier with very high activity). Further,
a previous study [31] discovered similar IFN-inducible signatures when running ARD-NMF
on T cell and CD14+ monocytes from the microenvironments of these patients’ tumors, and
these signatures are active in the same patients that have high IFN-inducible gene expression
in their CD138+ cells (Figure 2.21). T cell and monocyte markers were not expressed in
CD138+ cells, suggesting this correlation is not due to cell type contamination (Figure 2.18c).

We briefly note that two gene signatures discovered in the CD138+ cells involved interferon-
inducible genes: W24 (the plasma cell "IFN inducible” signature), whose activity is shown
in the topmost heatmap in Figure 2.21, and W7, a patient-specific signature which involves
many varied genes highly expressed in sample MM-4, including IFI27 and IFI6. Because W7
also involves non-interferon related genes, we do not show it in the main figure, but MM-4’s
high expression of interferon-inducible genes is captured by that signature (mean activity of
W7 in MM-4 = 276) instead of W24.

2.2.7 Tumors contain transcriptionally heterogeneous cell subpopu-

lations

The NMF approach to signature discovery allows us to find groups of genes with shared
activity in single cells, and thus not only to examine how signature activity varies between
samples and disease stages, but also between subpopulations of abnormal cells within a
single sample. Indeed, we find that tumors are heterogeneous, with subpopulations of cells
expressing distinct subsets of the NMF gene signatures we discovered (for methodological
details, see Section 2.4.16). For example, considering our samples from myeloma patients, in
MM-1, disjoint subsets of cells express the IFN-inducible, proliferation, extracellular signaling
and protein synthesis signatures; this is discernible on a UMAP plot of patient MM-1’s
cells colored by the activity level of these signatures or the top genes from these signatures
(Figure 2.22; Figure 2.23, Figure 2.24). Similarly, MM-2 contains a subset of cells with high
expression of the protein synthesis signature, MM-4 contains a subset of proliferating cells,
and MM-5 contains a subset of proliferating cells as well as cells with varying activity of
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Mean Activity (log scale) of 
IFN-inducible Signature in CD138+ Cells

Figure 2.20: Mean activity ± s.e.m. of plasma cell IFN-inducible signature across normal
and abnormal plasma cell populations. Both normal and abnormal plasma cells exhibit
significantly increased activity of the interferon-inducible signature in MM vs. normal bone
marrow (q=5.2×10-3 and q=3.2×10-4, resp.).

signature 22 (a single-gene signature representing the expression of TMSB4X) (Figure 2.22;
Figure 2.23b,c,d, Figure 2.24). The NMF signatures that were found to be heterogeneous
in multiple samples were those relating to HLA class II genes (heterogeneous in 2 samples),
extracellular signaling genes (heterogeneous in 2 samples), proliferation genes (heterogeneous
in 8 samples), protein synthesis genes (heterogeneous in 2 samples) and IFN-inducible genes
(heterogeneous in 2 samples).

2.3 Discussion

Early identification of precursor MM conditions and those patients that are at risk of
progressing to overt MM is critical as it could allow for early therapeutic interventions in
these patients. However, the current risk criteria used to identify high risk precursor patients
who would most benefit from treatment are mostly based on clinical parameters such as M
spike, light chains or percent tumor burden [20]. Therefore, elucidation of the molecular
transformation that occurs at early tumorigenesis and later at high risk SMM before disease
progression is critical for developing informed criteria for patients who would benefit from
early intervention and targets that may be exploited for therapeutics [22, 23, 61]. Here,
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Figure 2.21: IFN-inducible signature is correlated between CD138+ and microenvironment
cells. Mean activity per sample of IFN-inducible signature discovered in CD138+ cells (top),
T cells (middle) and CD14+ monocytes (bottom). NMF signature results and expression
data for T cells and monocytes were taken from Zavidij et al. [60]. Mean expression levels
for the ten genes with the highest values in the W matrix for each signature are also shown.
Expression of additional interferon-inducible genes IFI27 and IFI6 is shown for CD138+
samples.
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Figure 2.22: Subpopulations within patient tumors heterogeneously express gene signatures.
Cells from a given MM sample were projected onto a UMAP plot based on expression of
highly variable genes, and colored by the activity level of NMF signatures determined to be
heterogeneously expressed in that sample.

we leveraged single-cell RNA sequencing to overcome the challenges of characterizing the
transcriptomics of these low burden precursor states. While some patients at early stages of
disease had low disease burden, such that their driving cytogenetic translocations could not
yet be detected by iFISH in the clinic, we demonstrate that RNAseq is sensitive enough to
already reveal their underlying cytogenetic changes. This result highlights the possibility of
using RNAseq to detect phenotypic changes in patients’ bone marrow plasma cells earlier
than methods currently used in the clinic [62].

Precise labeling of normal and abnormal cells in each sample revealed low tumor purity
in samples from earlier disease stages, even when subsetting to only CD138+ cells. This
suggests that conclusions drawn from bulk studies of precursor conditions are likely influenced
by heavy contamination by normal plasma cells. For example, Chng et al. [27] conclude
that their "MYC activation signature" is upregulated in a subset of myelomas, but not in
MGUS. While it is possible that MYC activation really did not occur in their MGUS samples,
we do find MYC and some of their MYC activation signature genes to be significantly
upregulated in two precursor patients in our cohort (MGUS-3 and SMM-2), as well as in two
MM patients (MM-5 and MM-6). The upregulation of MYC in MGUS is clinically relevant,
as it is associated with tumor aggression, poor clinical outcomes, and potentially with disease
progression [25, 26, 63]. Both the low tumor purity in MGUS and the potential rareness of
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Figure 2.23: Genes are heterogeneously expressed within tumor samples. UMAP embeddings
of cells from samples MM-1 (a), MM-2 (b), MM-4 (c) and MM-5 (d), colored by expression
of the top 4 genes from each signature that was highlighted as heterogeneously active within
that patient in Figure 2.22. Since signature 22 was a single-gene signature, we only plotted
the expression of the top gene (TMSB4X ).
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Leiden clusters Leiden clusters

Figure 2.24: Heatmap of NMF signature activity x cells in each sample, for signatures that
were found to be heterogeneously active within that sample. Rows are standardized (for each
row, we subtracted the minimum and divided by its maximum). Cells are ordered according
to their cluster assignment (these are the clusters which were used to determine heterogeneous
signature activity, as described in Section 2.4.16; they are distinct from other clusterings
mentioned throughout this study).
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this phenotype among MGUS patients would have made this difficult to discover without
single cell data, the ability to distinguish normal vs. abnormal cells, and our within-patient
DE analysis.

Through our isolation of abnormal cells, we found that these early precursor conditions
already exhibit transcriptomic alterations seen in overt MM. As one important example, we
identified a signature present in normal plasma cells but uniformly lost at all stages of MM
progression. CD27, one of the top genes of this signature, has been previously discussed in
MM literature, but has been reported to have variable expression in myeloma cells, increased
expression in MGUS, and a correlation with prognosis [37–39]. Our data shows significant
downregulation of CD27 compared to normal plasma cells as early as the MGUS stage
(Figure 2.13). Although we observe a trend of decreased CD27 expression in MM compared
to SMM (Figure 2.13), it raises the question of the extent to which previous results were
confounded by increasing tumor purity as the disease progresses. This would need to be
tested in a larger cohort with single cell data.

In addition to CD27, abnormal plasma cells also had lower expression of another mature B
cell marker, CD79A, as well as decreased enrichment of immune pathways, such as complement
pathway (including decreased expression of the complement receptor 2, CR2, also known as
CD21 ). Similarly, other studies found absence or low levels of B cell surface markers CD19,
CD27, and CD45 on abnormal cells compared to normal plasma cells [37, 64]. Our study
extends the characterization of matched abnormal and normal plasma cells to the whole
transcriptome. It also supports the hypothesis that the loss of B cell immune functionality,
as assessed by gene expression programs and cell surface protein expression, is an early step
in the generation of tumor plasma cells.

When probing pathway level transcriptional changes in abnormal cells, we found aberrant
expression of Wnt pathway members including overexpression of DKK1 in abnormal cells of
precursor myeloma. DKK1 is secreted by myeloma cells and is associated with the presence
of osteolytic lesions through inhibition of osteoblast differentiation [65, 66]. Given that
many cases of MGUS also have osteoporosis and osteopenia, this may indicate that Wnt
dysregulation and DKK1 overexpression are associated with early osteopenia in those patients
and are potentially predictors of the development of osteolytic lesions.

When investigating connections between the phenotype of PCs and dynamics in the
tumor immune microenvironment, we discovered that patients who exhibit upregulation of
an IFN -inducible signature in their tumor cells exhibit this same phenotype in their normal
bone marrow PCs, as well as in T cells and monocytes in their tumor microenvironment.
This suggests that interferon signaling in myeloma cells, which has been reported previously
[67], may be a response to a common stimulus in the microenvironment that affects multiple
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cell types, including normal plasma cells. Further work is needed to investigate the potential
common mechanisms driving the upregulation of interferon signaling across these cell types.

The single cell resolution of our data provides insight into the heterogeneity of signatures
within patient samples. For example, while the proliferation signature has previously been
reported in bulk studies as characterizing a distinct subset of patients [54], our data reveal
that in fact, only a subset of cells from any given patient exhibit a proliferative signature.
Additionally, these proliferating cells may be found in patients that harbor the driver mutations
previously used to characterize patients that belong to the non-proliferative subtypes.

Finally, our within-patient DE analysis points to potential therapeutic targets that are
present in subsets of patients not only in MM, but also in earlier disease stages, which can
be selected for functional validation. We found that select patients exhibit upregulation of
genes associated with the proteasome, which may correlate with sensitivity to bortezomib
and antitumor immune response [68]. While certain proteasome genes were identified in our
general abnormal vs. normal DE analysis (PSMB4, HSPB1 ), we discovered upregulation of
additional proteasome genes in select patients using our within-patient DE approach (e.g.
PSMA4, PSMD14, PSMD11, PSMC6, and PSMA1 in MGUS-3 and SMM-8), painting a
much fuller picture of proteasome-related gene enrichment in those samples. Additionally,
this approach allowed us to detect that CD59, a complement inhibitor whose expression has
been associated with resistance to daratumumab in myeloma [69] and to anti-CD20 therapies
in B cell malignancies [70], was significantly upregulated in five patients, including those
with precursor conditions. In a similar vein, we discovered upregulation of CD48, which has
been nominated as a drug target in MM [71], in abnormal cells from MGUS and SMM. Our
identification of patient-specific transcriptional changes as early as MGUS paves the way for
future work exploring personalized treatment approaches prior to malignant disease.

In summary, our work used single-cell RNA sequencing to overcome the low fraction
of abnormal plasma cells in early precursor disease and uncovered previously unidentified
transcriptional changes that occurred at the precursor stage and could not be described
in prior bulk sequencing studies. We identified previously-unappreciated commonalities
between MGUS and overt MM, such as the loss of our novel normal plasma cell signature.
Elucidating patient-specific transcriptional changes, as our within-patient DE analysis does,
may enable precision medicine approaches for treating MM and potentially intercepting
precursor conditions before progression.
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2.4 Methodological Details

2.4.1 Patient samples and cell preparation

BM samples from patients with MGUS, SMM or MM, as well as healthy donors were
collected as approved by the Dana-Farber Cancer Institute Institutional Review Board.
Informed consent was obtained from all patients and healthy volunteers in accordance with
the Declaration of Helsinki protocol (fifth revision from 2000 with Clarifications of Articles 29,
30 (20022004), and the most recent iteration from 2013). MGUS and SMM patient samples
were collected for a clinical trial, clinicaltrial.gov identifier NCT02269592. CD138+ BM cell
fractions were isolated using magnetic-activated cell sorting technology (Miltenyi Biotec).
Selected cells were either viably cryopreserved in dimethylsulfoxide at a final concentration
of 10% or used immediately for scRNA-seq.

2.4.2 Sequencing library construction using the 10x Genomics plat-

form

Frozen BM cells were rapidly thawed, washed, counted and resuspended in PBS and 0.04%
bovine serum albumin to a final concentration of 1,000 cells per µl. The Chromium Controller
(10x Genomics) was used for parallel sample partitioning and molecular barcoding. To
generate a single-cell Gel Bead in EMulsion, cellular suspensions were loaded on a Single
Cell 3’ chip together with the Single Cell 3’ Gel Beads, according to the manufacturer’s
instructions (10x Genomics). scRNA-seq libraries were prepared using the Chromium Single
Cell 3’ Library Kit v.2 (10x Genomics). Fourteen cycles were used for the total complementary
DNA amplification reaction and for the total sample index PCR. Generated libraries were
combined according to Illumina specifications and paired-end sequenced on HiSeq 2500/4000
platforms with standard Illumina sequencing primers for both sequencing and index reads;
100 cycles were used to sequence Read1 and Read2.

2.4.3 Preprocessing of scRNA-seq data

Sample demultiplexing, barcode processing, alignment to the human genome (hg38) and
single-cell 3’ gene counting was performed using the Cell Ranger Single-Cell Software Suite
v.2.0.1. Cells called by Cell Ranger were further filtered to those with <15% mitochondrial
expression, >200 genes covered, <50,000 total unique molecular identifiers (UMIs), and
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<4,000 total genes detected. Log-normalized expression values were calculated as:

eg,c = log
(
104

Nc

ng,c + 1

)
for a cell c with Nc total UMIs from genes (excluding genes that accounted for >20% of UMIs
in any cell), with ng,c UMIs mapping to gene g. Except where noted, "expression" refers to
log-normalized expression.

2.4.4 Gene selection prior to downstream analysis

For downstream analyses (PCA, UMAP, Leiden clustering, differential expression, NMF), we
removed genes located in IGH, IGL, or IGK loci (based on the GRCh38 reference), since
these are expected to be upregulated and clonally expressed in abnormal cells, dominating
other transcriptional disease signatures of interest. Sex genes XIST and RPS4Y1 (the two
genes with the greatest absolute fold changes when comparing gene expression in male vs.
female samples in our cohort) were also removed prior to PCA, UMAP, clustering, and NMF,
so as not to separate samples based on the sex of the patient but rather based on disease
biology. Highly variable genes were selected based on log-normalized expression data using
the highly_variable_genes function in Scanpy (version 1.7.1) [72] with default parameters
and max_mean=4, except where indicated otherwise.

2.4.5 Removing non-CD138+ cell populations

To remove cells incorrectly sorted during bead selection, we first performed coarse clustering of
all cells sorted as CD138+. We centered and scaled the data, clipping the resulting values to
a maximum of 10, calculated highly variable genes, projected the expression of highly variable
genes onto its first 14 principal components, and computed Leiden clusters (resolution=1.5),
all using the Scanpy (version 1.7.1) [72] package with default parameters except as specified.
We chose this high resolution for clustering as our goal was to find and remove even small
clusters of contaminating non-CD138+ cells. Using expression of known cell type markers,
we identified and removed clusters of cells containing non-CD138+ immune cells, red blood
cells, and cells from the extracellular matrix.

2.4.6 Leiden clustering of CD138+ cells

After removing contaminating cell types, we reprocessed our data prior to downstream analyses.
Despite removing clusters of red blood cells, we still detected ambient contamination of

58



hemoglobin genes in some samples, and thus we regressed out a "hemoglobin score," computed
as the mean of log-normalized expression of hemoglobin genes. We then recomputed highly
variable genes, re-centered and scaled the data, clipping the resulting values to a maximum
of 10, projected the expression of highly variable genes onto its first 14 principal components,
and computed Leiden clusters (resolution=1.5), all using the Scanpy package (version 1.7.1)
[72] with default parameters except as specified. Here, we again chose a high resolution
for clustering in order to detect even small clusters of unique cell types. We merged seven
clusters which were all determined to contain healthy cells based on the majority of cells in
these clusters coming from NBM samples, their overexpression of genes such as CD27, and
their co-localization on a 2D UMAP embedding plot.

2.4.7 Bayesian Model for Sample Purity Estimation

We developed the following hierarchical Bayesian model to automatically estimate ρ, the
purity of a sample, based on the number of cells expressing the kappa immunoglobulin gene
and the total number of cells in the sample. This model is based on the rationale that
since abnormal cells are descended from a single B-cell progenitor with a specific V(D)J
rearrangement they will contribute either all kappa or all lambda-expressing cells. In contrast,
the non-abnormal cells are a highly diverse group of cells with a ratio of kappa versus
lambda immunoglobulins reflective of the relative frequencies of these rearrangements. By
analyzing our NBM samples, we observe that the fraction of non-abnormal cells with kappa
rearrangements are similar across individuals, albeit with some variance which we model with
a truncated normal distribution (between 0 and 1). The measured frequency of cells with
kappa vs. lambda rearrangements is a function of the mixture of cells originating from these
two distributions. We can therefore use the observed counts in each sample to calculate the
probability that a sample is composed of a given proportion of normal and abnormal cells
(i.e. estimate sample purity). Specifically, we assume the following generative model,

κn ∼ Truncated Normal(µ, σ2, 0, 1)

κt ∼ Bernoulli(0.5)

ρ ∼ Beta(1, 1)

p = ρ ∗ κt + (1− ρ) ∗ κn

nκ ∼ Binomial(N, p)

where κn is the proportion of kappa cells among normal cells in a sample, κt is the
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abnormal
plasma cells

normal
plasma cells

Figure 2.25: Samples are mixtures of an abnormal cell population and a normal cell population.
Each cell in a sample expressed either a kappa or lambda immunoglobulin light chain.

Beta t ~ Bernoulli n ~ Truncated Normal

Figure 2.26: The three prior distributions used in the generative process for our Bayesian
purity model: (left) the ratio of normal to abnormal cells in a sample, i.e. the sample
purity ρ, is drawn from a uniform prior; (center) for the abnormal cell population, the
proportion of cells expressing IgK is either 0 or 1 (due to clonality), and thus is drawn from
a Bernoulli distribution with 50% probability; (right) for the normal plasma cell population,
the proportion of cells expressing IgK is drawn from a normal distribution truncated between
0 and 1. µ and σ2 were determined empirically based on the normal bone marrow samples in
our cohort.

proportion of kappa cells among abnormal cells in a sample (either 0 or 1 due to clonality),
ρ is sample purity (drawn from a uniform distribution), p is the proportion of kappa cells
in a full sample (i.e. after mixing normal and abnormal cells), N is the total number of
cells in a sample, and nκ is the total number of kappa cells in a sample. κn, κt, and ρ are
unobserved, p is a deterministic function of these, and both N and nκ are observed. Cells
were defined as kappa or lambda based on whether they have higher expression of IGKC
or IGLC2, respectively. µ and σ2 are empirically estimated from the NBM samples in our
cohort. Since we do not assume prior knowledge about ρ, we use an uninformative Beta(1,1)
(i.e., uniform) prior. We assume that a patient is equally likely to have a kappa or lambda
myeloma (thus the Bernoulli 0.5 distribution for κt).

We calculate the posterior probability of the sample purity, ρ, given the number of kappa
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cells and the total number of cells in the sample:

P (ρ|nκ, N) ∝ P (ρ|N)P (nκ|ρ,N) (1)

= P (ρ|N)
∑

κt∈{0,1}

∫ 1

0

P (nκ, κn, κt|ρ,N) dκn (2)

= P (ρ|N)
∑

κt∈{0,1}

∫ 1

0

P (nκ|κn, κt, ρ,N)P (κn, κt|ρ,N) dκn (3)

= P (ρ)
∑

κt∈{0,1}

∫ 1

0

P (nκ|κn, κt, ρ,N)P (κn)P (κt) dκn (4)

In the above set of equations, (2) is by Bayes’ rule, (3) is due to the marginalization over
κn and κt, (4) is simply the factorization of a joint probability, and (5) uses the assumption
that ρ, κn and κt are independent of each other and of N .

In our implementation, we normalize this function numerically by calculating the proba-
bility of 100 equally spaced values for rho in [0,1]. We report the mode of P (ρ) as the purity
estimate, along with 95% confidence intervals, calculated as the values corresponding to 2.5%
and 97.5% of the cumulative distribution.

2.4.8 Sample clustering approach to labeling normal and abnormal

CD138+ cells

For each sample, we performed a cluster analysis of only the cells in that sample. More
specifically, we calculated variable genes based on log normalized expression using the
highly_variable_genes function from Scanpy (version 1.7.1) [72] with parameter min_disp=0.6,
centered and scaled the data, clipping the resulting values to a maximum of 10, and ran
PCA and Leiden clustering (determining the number of PCs to input to Leiden clustering
based on an elbow plot). We manually inspected the resulting clusters for each sample to
determine whether each cluster contained healthy or abnormal cells. This determination was
based on whether the cluster uniquely expressed the clonal immunoglobulin for that tumor
[73] (since immunoglobulins were removed from the highly variable gene list, they did not
influence the clustering results), as well as each cluster’s expression of certain oncogenes,
such as CCND1 for t(11;14) tumors. All cells were labeled in this way, except for 20 cells
from sample MGUS-2 that were characterized by low expression of MALAT1 and were not
obviously similar to the healthy or abnormal cells from that sample, and thus were not
classified and were excluded from downstream analyses. See Figure 2.4 for an example of this
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method applied to a sample.
In addition to labeling each individual cell as normal or abnormal, this approach allowed

us to determine a tumor purity for each sample, i.e. the fraction of cells labeled abnormal. To
calculate confidence intervals on this purity estimate, we assumed that our observed data was
generated as n ∼ Binomial(N, p), where N is the total sequenced cells in a sample, n of which
we labeled as abnormal, and p are the proportion of abnormal cells in the patient sample (not
just the ones we sequenced). We further assume a uniform prior on p (p ∼ Beta(1, 1)), thus
the posterior distribution on p is p|n,N ∼ Beta(n + 1, Nn + 1), by conjugacy of the Beta
and Binomial distributions. We derived 95% confidence intervals on each sample’s purity
estimate based on the inverse cdf of its beta-distributed posterior.

2.4.9 Abnormal vs. normal differential expression testing with

limma

DEGs between abnormal and normal cells were derived using limma version 3.42.2 with voom
transformation [35, 36, 74]. Samples were split into their abnormal and normal populations,
and we refer to each of these as a "pseudosample." Counts across cells in a pseudosample were
summed and used as input to the limma-voom pipeline. Immunoglobulin genes and genes
with counts per million (CPM) <5 in all samples or expressed in <5% of both abnormal and
normal cells were removed prior to analysis, resulting in normalization and DE testing of
6,521 genes. Pseudosamples were normalized using the trimmed mean of M values (TMM)
method61 and fold changes were calculated as implemented in limma. We controlled for age,
sex, sample preparation batch, and whether the sample was fresh or frozen. Age information
was missing for one NBM sample, and we filled it using mean imputation based on the ages
of the other NBM samples. DEGs were those with a Benjamini-Hochberg FDR<0.1 and |log
fold change| > log(1.5).

2.4.10 Within-patient differential expression testing

For each patient with both abnormal and normal cells detected, we calculated DEGs between
their abnormal and normal cell populations using a Wilcoxon rank sum test, correcting for
multiple hypothesis testing across genes tested for each patient. We calculated fold changes
as implemented in Scanpy (version 1.7.1) [72], but replacing their offset term of 1× 10−9 with
half of the minimum (non-zero) log-normalized expression value in our data (0.126), to avoid
inflating fold changes. Specifically, fold change was calculated as the ratio of

exp[
1

N

∑
(log-normalized expression)− 1] + offset
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in each group, where N denotes the number of cells in the group. Differentially expressed
genes were those with a Benjamini-Hochberg FDR<0.1 and |log fold change| > log(1.5).

For visualizing DEG uniquely found using this within-patient DE approach (Figure 2.9),
we first limited DEG to those not found using limma. Then, for each gene, we calculated a
maximum log2(q-value) as the maximum (BH-corrected) q-value reported across patients,
multiplied by the number of patients with DEG (10, in our data) to further correct for multiple
hypothesis testing across patients. This value was calculated separately for upregulated and
downregulated instances of DEG, where applicable.

2.4.11 Automatic relevance determination nonnegative matrix fac-

torization (ARD-NMF)-derived gene expression signatures

We defined gene expression signatures using our SignatureAnalyzer-GPU tool [53] (see Code
Availability), which implements a previously described ARD-NMF algorithm [6]. This method
approximates the gene expression profile of each cell (represented as a column in the genes-by-
cells input matrix, V) as an additive combination of latent gene expression signatures (each
column in the genes-by-signatures W-matrix), each with an associated weight or ‘activity’ in
each cell given by the signatures-by-cells H-matrix:

V ≈ V̂ ≜ WH

This Bayesian variant of NMF encourages sparse interpretable solutions by imposing either
exponential or half normal priors on the weights of the W- and H-matrices and allows
automatic discovery of the number of signatures (K) required to explain the data. It solves
for the W and H matrices using maximum a posteriori (MAP) estimation over

p(W,H, λ|V)

, where λ is a vector of signature relevance weights. Using a Poisson noise model for our data,
an exponential prior on W, and a half-norm prior on H, the objective function for ARD-NMF
described in equation 19 of the original paper [6] is given by:

−logp(W,H, λ|V) = DKL(V|W,H) +
K′∑
k=1

1

λk

(
G∑

g=1

wg,k +
C∑
c=1

h2
k,c

2
+ b)

+ (G+
C

2
+ a+ 1)logλk + cst(a, b)

where g represents a given gene out of G total genes, c represents a given cell out of C
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total cells, a and b are hyperparameters (how we chose a and b is described below), λk is
a learned relevance weight for signature k, w and h represent elements from the W and H
matrices respectively, and const(a,b) is a constant that depends only on a and b.

After signature discovery, the columns of W were normalized to a sum of 1 and all the
weight was shifted into the H-matrix:

Wg,k ←
Wg,k∑G

g′=1 Wg′,k

Hk,c ← (
G∑

g=1

Wg,k)Hk,c

for gene g (out of G total genes), signature k and cell c.
Our input data was UMI counts for 3,883 highly variable genes (dimensions of V = 3,883

x 29,387), which were determined using the highly_variable_genes function from Scanpy
(version 1.7.1) [72] with min_disp=0.2, which we set to be lower than the default value so
as to include genes which may have relevance to plasma and myeloma cell biology despite a
modest dispersion value. In addition to other default settings for the SignatureAnalyzer-GPU
tool, we use a Poisson objective with an L1 prior on W and an L2 prior on H, set the initial
K to 50, the maximum number of iterations to 7,000, and the tolerance to 110-5. Following
the guidelines in the original ARD-NMF paper [6, 53], we set hyperparameter a = 10 (the
default in SignatureAnalyzer-GPU) and then calculate b as a function of a, as implemented
by SignatureAnalyzer-GPU. We held out 20% of cells as a validation set. Since the Bayesian
NMF algorithm finds a local minimum each time it is run, we ran the algorithm 100 times
on our data in order to choose an optimal solution. Over 100 runs, the algorithm returned
solutions with K between 24 and 30 with a mode of 28, and we chose the set of signatures
with the lowest beta divergence over the validation set from among the solutions with K =
28 (dimensions of W = 3,883 x 28; H = 28 x 29,387). Before analyzing the signature results,
we normalize each column in H by that cell’s total counts.

A signature was classified as "patient-specific” if its mean activity across cells in any one
patient is >4 standard deviations higher than in all other patients. Otherwise, a signature
is classified as "single-gene” if the weight of its most highly weighted gene based on the
W matrix is ≥ 0.5 more than the weight of its next highest weighted gene. If a signature
doesn’t meet either of these criteria, we describe it according to its top genes, where signature
genes are ranked by their weight in W multiplied by their specificity to that signature, with
specificity S defined as:

Sg,k =
[H · 1]kWg,k∑k′

k′=1 ([H · 1]k′Wg,k′)
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Signatures significantly altered between disease states were identified by calculating the mean
signature activity for the abnormal and normal cell populations in each sample, respectively,
and performing a Kruskal-Wallis one-way analysis of variance and Dunn’s multiple comparison
test with Bonferroni correction to detect differences in mean activities between the following
groups: NBM, normal MGUS, normal SMM, normal MM, abnormal MGUS, abnormal SMM,
and abnormal MM. Comparisons with family-wise error rate < 0.1 were considered significant.

We additionally ran Bayesian NMF on an external single cell dataset [28] using the same
methods as above. We first limited the external data to cell types and disease stages which
are present in our data, retaining only bone marrow PCs derived from healthy donors and
patients with MGUS, SMM or MM, and limited the input features to hypervariable genes
across these cells (4,669 genes).

2.4.12 Testing to ensure that signature activity did not correlate

with batch variables

For our NMF analysis, we interrogated whether the activity level of any signature is correlated
with batch variables (age, sex, sample preparation batch, and fresh/frozen storage). To do
this, we limited our data to normal plasma cells, for which we would not expect to find
significant differences in signature activity between samples, and then tested for differences in
distributions of signature activities between samples from the different batch groups (testing
each batch variable separately; using a rank sum test for sex and fresh/frozen, a Kruskall
Wallis rank test for batch, and Pearson and Spearman correlations for age). None of the batch
variables were significantly correlated with signature activity, using p<0.05 as the significance
threshold. Given that we did not observe batch-related differences in signature activity in
our normal plasma cells, we conclude that the differences that we observed between abnormal
samples at different disease stages are indeed driven by the disease.

2.4.13 Estimating normal plasma cell signature activity in the

MMRF dataset

To estimate the activity of a gene expression signature for each sample in the publicly available
MMRF bulk RNA-sequencing dataset (https://research.themmrf.org), we: calculated log-
normalized transcripts per million (tpm) on the MMRF counts data using the DESeq2 method
for size factors, where samples are normalized using the median, across genes, of the ratios of
gene counts to each gene’s geometric mean across samples62. Then, for top signature genes
(for our normal plasma cell signature, these included CD27, CD79A, RNU12, JSRP1, SAT1,
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CTSH, and HCST ), we z-scored the log-tpm expression of each gene across samples, and
calculated the signature activity as the mean of z-scored gene expression values.

2.4.14 Pseudobulking procedure

To pseudobulk samples, we summed the gene counts across cells, calculated the total gene
counts in the sample (ignoring genes that accounted for >5% of counts), divided the summed
count vector by the total gene counts, and multiplied by one million.

2.4.15 Single sample GSEA (ssGSEA)

Samples were split into their abnormal and normal populations, and we refer to each of these
as a "pseudosample." We calculated the pseudobulk expression for each pseudosample and
input this to the ssGSEA module available on the GenePattern platform [75, 76] to calculate
enrichment scores for the hallmark gene sets provided by the Molecular Signature Database
(MSigDB) [59]. We removed pseudosamples comprised of <20 cells from downstream analysis
of ssGSEA results, due to the high variance inherent in their gene expression. Differential
pathway activity between two groups of pseudosamples was calculated using a t-test, and
pathways with BH FDR < 0.1 were reported.

2.4.16 Assessing intratumor heterogeneity for NMF signatures

For each sample, we limited our analysis to abnormal cells and used Scanpy’s (version 1.7.1)
[72] built-in functions to compute highly variable genes (min_mean=0.0125, max_mean=3,
min_disp=0.6; genes located on immunoglobulin loci were removed), scale the data (max_value=10),
compute the 10 first principal components, compute a neighborhood graph (n_neighbors=15)
and run Leiden clustering (resolution=0.6). Parameters that differed from the Scanpy defaults
are shown in parentheses. This defined clusters for each sample. We determined that a
sample contained a heterogeneous population of cells vis-a-vis a given signature if the mean
activity of that signature had a coefficient of variation > 1 across clusters. Specifically, for a
given sample, we calculated the mean activity of a given signature in each cluster, producing
a vector of means µ with length equal to the number of clusters. We then considered a
sample-signature pair to exhibit intratumor heterogeneity if std(µ)

mean(µ) > 1. Signature activities
across sample clusters are shown in Figure 2.24 for all signature-sample pairs which passed
this threshold.
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2.4.17 Statistical analysis

Kruskal-Wallis one-way analysis of variance and Dunn’s multiple comparison test with
Bonferroni corrections were used when three or more independent groups were compared.
When comparing two independent groups, all parametric tests were two-tailed, and the
Benjamini-Hochberg (BH) method was used to correct for multiple hypothesis testing where
appropriate. P < 0.05 or q < 0.1 (in cases of multiple hypothesis correction) were considered
statistically significant. Error bars plotted on visualizations of mean signature activity or
gene expression in a sample represent the standard error of the mean, and were calculated as
the standard deviation of the means of 10,000 bootstrapped versions of that sample.

2.5 Data Availability

The scRNA-seq data generated in this study have been deposited in the NCBI Gene Expression
Omnibus (GEO) database under accession number GSE193531 [https://www.ncbi.nlm.nih.
gov/geo/query/acc.cgi?acc=GSE193531]. Raw data have been deposited in dbGaP under
accession number phs001323.v3.p1 [https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/
study.cgi?study_id=phs001323.v3.p1]. The publicly available MSigDB gene sets used in this
study are available from the Molecular Signatures Database v7.5.1 [http://www.gsea-msigdb.
org/gsea/msigdb]. MMRF CoMMpass data used in this study can be obtained from the
MMRF Research Gateway [https://research.themmrf.org].

2.6 Code Availability

Analysis code is publicly available at https://github.com/getzlab/Boiarsky-etal-2022.
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Chapter 3

Overcoming Copy Number Effects in
Tumor Cell Embeddings

3.1 Introduction

Elucidating elements of cancer biology that are common between different cancer types and
subtypes is of great interest to the oncology community. Much progress has been made in
identifying recurrent genetic drivers of tumor initiation and progression [77], but shared
cellular phenotypes have been harder to pin down due to the vastly different transcriptional
profiles between different cancers. Moreover, even identifying cells with similar phenotypes
among multiple patients with the same cancer type can be laborious owing to the widescale
transcriptional differences between tumors from different patients. We observed these phenom-
ena firsthand in Chapter 2, where we required advanced computational tools like Non-Negative
Matrix Factorization to discover shared gene signatures across multiple myeloma patients
(Figure 2.14), and a laborious per-patient cluster analysis to identify abnormal plasma cells
(Figure 2.6), as each patient’s cancer cells were so transcriptionally distinct from one another.

Dimensionality reduction and clustering are prototypical parts of single cell RNA-
sequencing (scRNA-seq) analysis and are often used to elucidate and visualize groups of
cells that share gene expression programs and as a precursor before calculating differential
expression of genes between cell clusters [72, 78]. In cancer, this step of the workflow is
often confounded by overwhelming differences between the transcriptional profiles of tumors
from different patients, obscuring our ability to use standard pipeline tools such as principal
component analysis (PCA) and t-stochastic neighbor embedding (tSNE) to embed cells in
a latent space that relates information about cell state and disease status. Instead, cells
often separate by patient in the latent space, obscuring cell subtypes and gene expression
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activities which may be shared across patients — another phenomenon observed in Chapter 2
[30, 79–81].

As somatic copy number events are a common occurrence in tumor samples, we hypoth-
esized that distinct copy number variations (CNVs) across patients drive these large-scale
transcriptional differences between tumors. In this chapter, we investigate the effect of CNVs
on gene expression and explore approaches for correcting for copy number differences between
tumors when embedding cells into a latent space. We aim to generate discussion about the
role of CNVs in driving distinct transcriptional profiles between tumors, and the efficacy and
pitfalls of different computational approaches for correcting for CNVs when embedding single
cells in the context of cancer.

3.2 Related work

3.2.1 Effects of somatic CNV on gene expression

Somatic copy number variations (CNVs) are widespread genomic alterations in cancer,
resulting in gains or losses of large DNA segments and affecting hundreds to thousands of
genes [82]. These alterations can influence cancer biology both by amplifying oncogenes and
deleting tumor suppressor genes, and by modulating gene expression programs more broadly.
The presence of CNVs and their roles in tumorigenesis have been well established [83–85].

In bulk RNA-seq datasets, numerous studies have demonstrated that copy number
amplifications tend to result in increased mRNA levels of genes located in the amplified
regions, and conversely, deletions often lead to reduced expression [86]. However, single-cell
RNA-seq studies have begun to reveal a more nuanced picture. At the single-cell level,
CNVs do not uniformly lead to proportional changes in gene expression. Instead, the
transcriptional consequences of CNVs may depend on a combination of factors including
chromatin context, gene regulatory networks, epigenetic state, and cell type identity [87].
Recent works such as inferCNV [taylor2021single, 87] and CopyKAT [gill2021copykat]
have proposed computational methods to infer CNVs directly from scRNA-seq data, relying
on changes in patterns of gene expression across chromosomal regions.

Importantly, several studies have begun to quantify the extent to which gene expression
variability in cancer can be explained by CNV burden. Bhattacharya et al. [88] analyzed
pan-cancer data from The Cancer Genome Atlas (TCGA) and demonstrated that a significant
proportion of variance in gene expression across tumors is attributable to CNVs, with the
strongest effects observed in genes located within CNV regions. Shao et al. [86] further
emphasized that expression-CNV correlation strength varies by gene, suggesting that post-
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transcriptional mechanisms or dosage compensation may buffer expression in some cases.
Understanding the effect of CNVs on gene expression is especially critical in single-cell

studies of cancer, where intra-tumor heterogeneity and patient-specific CNV landscapes may
introduce major confounding signals in dimensionality reduction and clustering. Consequently,
efforts to correct or model the effects of CNVs are increasingly important when trying to
identify shared cell states or gene expression programs across patients with distinct CNV
profiles.

3.2.2 Batch correction for single cell RNA-seq data

Single-cell RNA sequencing (scRNA-seq) datasets often suffer from batch effects — systematic
sources of variation that arise from differences in sample processing, library preparation,
sequencing platform, and other technical factors. These effects can obscure the true biological
signal and hinder downstream analyses such as clustering, trajectory inference, and differential
expression [89]. Batch effects are especially problematic when integrating scRNA-seq data
from multiple patients, time points, or experimental conditions, and can be easily mistaken
for biological differences if not properly addressed.

To overcome these challenges, a range of computational batch correction and integration
methods have been developed. These approaches aim to project cells into a shared latent space
where the technical sources of variation are minimized while preserving meaningful biological
differences. For example, Seurat v3/v4 [90, 91] identifies shared features between datasets
(termed “anchors”) using canonical correlation analysis (CCA) and mutual nearest neighbors
(MNNs), and uses these to integrate cells across batches. Seurat has become a standard tool
for integrating data from different patients, conditions, or modalities. Harmony [92] projects
cells into a shared low-dimensional embedding and iteratively corrects for batch variables
using soft clustering and linear regression. It is fast, scalable to large datasets, and integrates
directly into PCA-based workflows. Single-cell Variational Inference (scVI) [12] uses a deep
generative model to learn a latent representation of gene expression that is disentangled from
known batch variables. scVI is particularly powerful when batches correspond to known
covariates (e.g., patient ID, donor, library) and is widely used for probabilistic modeling of
single-cell data. scANVI [93] is a semi-supervised extension of scVI that allows for partial
labeling of cells, improving transfer of cell type annotations across batches and conditions.
Finally, scPhere [94] uses spherical autoencoder that projects cells onto a hypersphere in
latent space and corrects for batch effects during the projection. scPhere has been shown to
preserve global data structures and outperform several existing methods in trajectory and
integration tasks.
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While these methods perform well for many integration tasks, they may fall short in cancer
studies where transcriptional variability is driven not only by technical noise but also by
genuine biological differences such as somatic mutations, CNVs, or tumor microenvironment
heterogeneity. Standard batch correction methods may inadvertently remove or distort signals
related to disease biology if these are confounded with batch labels (e.g., patient ID), leading
to overcorrection and loss of relevant variation. This is particularly problematic in cancer,
where each patient’s tumor may have a unique molecular signature that is both biologically
meaningful and aligned with the batch variable.

Consequently, careful interpretation of batch correction outputs is essential in oncology
settings. In some cases, it may be preferable to use methods that explicitly model shared vs.
private sources of variation (as discussed in the next section), or to stratify the analysis to
avoid overcorrecting meaningful patient-specific signals.

3.2.3 Identifying latents that are shared vs. unique between samples

In complex biological systems, particularly in cancer, not all variation between samples should
be considered technical noise. Tumors from different patients can exhibit genuine differences
in gene expression patterns due to variations in genetic alterations, tumor microenvironments,
or cellular composition. Traditional batch correction methods, which aim to minimize
between-sample variation, may inadvertently remove biologically meaningful signals when
applied too aggressively. An alternative approach is to explicitly model and disentangle the
sources of variation across samples, identifying latent factors that are either shared across all
samples or unique to specific subsets.

Several computational frameworks have been developed with this goal in mind. These
approaches generally fall into two methodological categories: matrix factorization-based and
autoencoder-based models.

Two notable matrix factorization approaches are LIGER and DIALOGUE. LIGER (Linked
Inference of Genomic Experimental Relationships) [95] uses integrative non-negative matrix
factorization (iNMF) to decompose gene expression matrices from different samples into
shared and dataset-specific factors. This allows the model to capture latent programs that are
common across patients while also preserving heterogeneity that may be biologically mean-
ingful. LIGER has been successfully applied to datasets with substantial variation, including
human brain and tumor tissue, where patient-specific effects are prominent. DIALOGUE
[96] extends the idea of shared vs. unique latent factors to a supervised context. It models
gene programs that are associated with specific phenotypes or clinical traits while accounting
for confounders. Although originally designed to identify intercellular signaling programs

72



across cell types, the framework also supports the decomposition of transcriptional variance
into shared and private axes.

Autoencoder-based approaches include multiVI, multiGroupVI, and MrVI, among others.
multiVI [97] and multiGroupVI [98] are probabilistic models that use variational autoencoders
(VAEs) to jointly model multiple sources of variation in single-cell data. These methods aim
to disentangle latent factors that are shared across conditions or patients from those that
are sample-specific. Importantly, they allow users to specify or infer group-level structure
(e.g., patients, tissues) during training, which improves interpretability and enables more
robust transfer of information across datasets. MrVI (Multi-resolution Variational Inference)
[99] is a hierarchical model that simultaneously learns two latent spaces: one that is "aware"
of group-specific variation (e.g., batch effects, CNVs), and one that is "unaware" of such
variables. This separation offers a powerful tool in cancer studies, where users may want
to analyze tumors either in a CNV-sensitive embedding (to examine relationships between
transcription and genomic alterations) or in a CNV-corrected embedding (to discover shared
phenotypes across patients). MrVI also enables exploration of hierarchical or nested variation
— an increasingly relevant paradigm in tumor biology where variation exists at the level of
patient, tumor, clone, and cell.

This class of methods offers an attractive solution in the cancer setting: rather than
attempting to remove between-patient variation entirely, they allow for the controlled explo-
ration of which features are shared and which are patient- or clone-specific. For instance, in
our own work on multiple myeloma (see Chapter 2), we found that NMF-based discovery of
gene expression programs revealed reproducible, interpretable signatures of plasma cell states
across patients, while per-patient clustering captured unique malignant subpopulations. This
suggests that a multi-resolution perspective is critical for understanding tumor heterogeneity.

Together, these methods provide powerful alternatives to traditional batch correction,
enabling researchers to preserve and interrogate biologically meaningful variation across
diverse samples — a key goal when studying transcriptional phenotypes in cancer.

3.3 Experiments and Results

3.3.1 Datasets

We worked with three clinical single cell RNA-sequencing datasets from cancer:

• The multiple myeloma (MM) dataset [30] contained 29,387 plasma cells (putative cancer
cell of origin) and myeloma cells from 26 patients at varying disease stages and 9 healthy
donors.
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• The synovial sarcoma (SyS) dataset [100] contained 16,872 malignant, immune, and
stromal cells from 12 human SyS tumors.

• The colorectal cancer (CrC) dataset [101] contained 21,657 malignant, immune, and
stromal cells from 15 human CrC tumors. We used the version of the [101] CrC dataset
that was preprocessed by [81] and available on the Curated Cancer Cell Atlas (3CA;
https://weizmann.ac.il/sites/3CA). As Gavish et al. note, this dataset contains 15
colorectal carcinoma samples from the SMC cohort, sequenced at the Samsung Medical
Center in Seoul. The full cohort consists of 23 tumor samples – 8 were excluded due to
insufficient CNA signal. Cells with fewer than 1000 genes detected were also excluded.

3.3.2 Characterizing the effect of copy number on single cell gene

expression

In order to estimate copy number profiles from single cell RNA-sequencing data, we ran
inferCNV [102] on the MM and SyS datasets, and used the results of ‘inferCNA’ provided
by the authors of [81] for the CrC dataset. The output from these methods were gene level
estimates of relative copy number change in each cell.

We sought to understand the role of copy number in driving gene expression differences
between tumors. Given the estimated CNV profiles of each cell, we interrogated whether
genes that are uniquely expressed in individual tumors were involved in copy number changes
more often than they would be by chance.

To calculate differentially expressed genes (DEGs) between different tumors, we used a
Wilcoxon rank sum test to compare the log-normalized gene expression in different tumors.
Any gene with a Benjamini-Hochberg adjusted p-value < 0.1 was retained as a DEG. Fold
changes were calculated as the ratio of log-normalized expression + offset for cells in a given
tumor, to that of cells in other tumors. The offset used is half of the non-zero minimum of
log-normalized gene expression in the dataset. For datasets that contained non-malignant
cells (eg. the CrC and Sys datasets), we had an additional post-processing step where we
calculated patient-specific DEGs for all other annotated cell types (eg. T cells from patient
A vs. T cells not from patient A), and removed these non-malignant patient specific genes
from our list of malignant DEGs, such that the malignant DEGs reflect differences that arise
specifically between tumors, not simply between patients. For example, we saw the sex gene
XIST removed from the tumor DEG list after post-processing in this way.

Taking the SyS dataset as an example, we calculated differentially expressed genes (DEGs)
between the cells in a given tumor vs. all other tumors. Each tumor had between 491 and
7,224 DEGs, with a mean of 4,889 DEGs per tumor. Of the DEGs, on average 20.5% were
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involved in a CNA (range [8.5, 40.3]). These numbers reveal that the majority of genes
unique to a given tumor are not directly involved in a copy number event (Figure 3.1a).

While it seemed that gene dosage change as a direct result of deletion or duplication does
not account for most differential expression between tumors, we next investigated whether
CNVs might still have a major influence on the unique gene profiles of each tumor through 1)
exceptionally large fold changes for DEGs that were involved in CNVs compared to those
that were not or 2) copy number events involving transcription factors driving differential
expression of many downstream target genes. For 9 out of 12 tumors in the SyS dataset, the
fold changes of DEGs involved in a CNA were not significantly more extreme than those
of DEGs not involved in a CNA (Wilcoxon rank sum test). We downloaded a list of 795
transcription factors from the JASPAR database [103], 617 of which overlapped with the
gene names in the SyS dataset. For a given tumor, most of the genes affected by CNAs were
not transcription factors (Figure 3.1b).

(a) For representative sample Sys11, a his-
togram of the log fold changes for differen-
tially expressed genes, with each DEG colored
by its inferred CNA dosage.

(b) For representative sample SyS11, a his-
togram of the inferred dosage change for genes
with copy number alterations, colored by
whether or not the gene is listed as a tran-
scription factor in the JASPAR database.

Figure 3.1: Relationship between DEGs and CNVs in representative Synovial Sarcoma sample.

3.3.3 Generative model for copy number correction

Given our results in section 3.3.2 which showed that the direct gene dosage effect of CNVs
does not account for the majority of transcriptional differences between tumors, we explore
correcting for CNVs in a non-linear fashion. We use the scvi-tools framework [104], which
allows for correcting continuous covariates associated with each cell when embedding cells
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to a latent space using a variational autoencoder. We compared the results of 3 different
generative models, shown in Figure 3.2.

The first generative model was scVI, proposed by Lopez et al. (2018) (Figure 3.2b). Build-
ing off of vanilla scVI, we experiment with two batch correction schemes. We hypothesize
that while embedding cells without any correction (Figure 3.2b) clusters cells from different
patients separately in the latent space, performing batch correction based on patient ID
(PID) (Figure 3.2c) may be too blunt a correction, obscuring meaningful biological differences
between patients. We propose correcting for CNV profiles (Figure 3.2a), which may overcome
a significant portion of transcriptional differences between patients in a principled manner,
namely correcting for the effects of CNVs while maintaining other meaningful patient differ-
ences (e.g. disease subtypes). To this end, we used principal component analysis (PCA) to
reduce the dimensionality of each cell’s CNV profile from g genes to 20 dimensions, and then
retained the top 5 principal components (PCs) that explained the most variance among CNV
profiles, and input this vector as a per-cell batch variable.

Our proposed generative model that corrects for CNVs within the scVI framework
(corresponding to Figure 3.2a) can be formalized as follows: given scRNA-seq counts xng and
copy number information cng for each gene g in each cell n (which can be estimated from the
RNA-seq data itself using software like InferCNV)

zn∼ Normal (0, I) (3.1)

ℓn∼ log normal
(
ℓµ, ℓ

2
σ

)
(3.2)

ρn= fw (zn, cng) (3.3)

wng∼ Gamma (ρgn, θ) (3.4)

xng∼ Poisson (ℓnwng) (3.5)

where ln represents the library size (or total counts) in each cell, fw is a function
parameterized by a neural network, and θ ∈ RG

+ denotes a gene-specific inverse dispersion,
estimated via variational Bayesian inference.

3.3.4 Running scVI

Prior to running scVI, each dataset was limited to 5,000 highly variable genes (HVGs), in
order to speed up training times in scVI. HVGs were chosen using the function scanpy.pp.-

highly_variable_genes() with the argument flavor="seurat_v3". scVI was run as im-
plemented in the scvi-tools package version 1.0.0. To correct for CNV, we called the

76



(a) A plate representation of
the generative model used
when correcting for CNA pro-
files as a continuous covariate.

(b) A plate representation of
the generative model used for
scVI without any batch correc-
tion.

(c) A plate representation of
the generative model used
when correcting for patient ID
as a continuous covariate.

Figure 3.2: In our main set of experiments, we compared the results of three generative
models of gene expression, each represented above. Red text emphasizes the variable that
was corrected for in a given model.

scvi.model.SCVI.setup_anndata function with the argument continuous_covariate_keys
set to the PCA-based CNV features in the anndata .obs matrix, and to correct for PID, we
called the same function with the argument batch_key set to the column in the anndata .obs
matrix containing patient identifiers. We opted to model the likelihood of gene expression
counts using the negative binomial distribution, as implemented in scvi-tools.

3.3.5 Evaluation setup

In evaluating the effect of each correction scheme (no correction, correcting for PID, or
correcting for CNV), we assessed the resulting latent representation of each cell using a few
metrics:

1. The extent to which the patient ID (PID) was present in the latent space, quantified
by the average accuracy for a logistic regression model predicting which patient a cell
originated from given its latent embedding. We expect this value to be highest in the
latent space with no batch correction, lowest in the latent space that corrected for PID,
and intermediate in the latent space that corrected for CNV, since CNV profiles are
patient-specific.

2. The extent to which cells clustered according to meaningful biology in the latent space.
For this metric, we used the 41 gene meta-programs (MPs) defined in recent work
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that studied transcriptional heterogeneity across 1,000 tumors [81], and assessed how
spatially autocorrelated each MP was in the latent space using Geary’s C value, which
has previously been applied to assess single cell similarity [105, 106]. Briefly, Geary’s C
is calculated as

C =
(N − 1)

∑
i

∑
j wij(xi − xj)

2

2W
∑

i (xi − x)2

where N denotes the total number of cells, wij refers to the connectivity weight between
cells i and j in a KNN neighborhood graph, x represents a value of interest, in our
case the level of gene MP activity, W is the sum of all weights, and x is the mean of x.
Following [106], we report C∗ = 1− C, such that scores generally range between 0 and
1, with 0 representing no correlation, and 1 representing high correlation.

3.3.6 Experimental results

We ran the three scVI models described in Figure 3.2 each five times, in order to capture the
variation in latent space resulting from the stochasticity of the model and learning procedure.
We found that results were qualitatively similar across the five runs for each model. In Figure
3.3, we share unified manifold approximation and projection (UMAP) plots representing the
latent space learned using each model for the multiple myeloma dataset, coloring cells by
patient ID and disease stage in order to aid in tracking their relative positions under the three
different models. We then evaluated each latent space according to the metrics described
above.

Presence of PID in the latent space.

As expected, across all datasets, PID is least predictable from the model which explicitly
regresses out the PID. Further, the fact that PID is still predictable from the latent spaces
corrected for CNV reflects that while CNV profiles are correlated with PID, they contain only
a subset of patient-specific information. We note that as we increase the number of CNV
PCs that we use in the correction, the accuracy of predicting PIDs from the CNV-corrected
latent space further decreases, reflecting the fact that the CNV principal components may
in fact be capturing patient information, but that the granularity of the correction can be
tuned by choosing how many PCs to include in the correction.

Spatial autocorrelation of gene MPs in the latent space.

In Figure 3.4, we present results for the spatial autocorrelation of some representative MPs
in the MM dataset across the three different latent spaces learned (each latent space was run
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with five different seeds to capture stochasticity; for full results). In particular, we present
the six MPs that had the highest mean C∗ value in the uncorrected latent space, as these
are gene programs with high activity in the MM dataset. We find that while the spatial
autocorrelation structure is lost when correcting for PID, it is retained in the latents that
instead corrected for CNVs.

3.4 Discussion

While it is believed that CNVs play a large part in driving the wide-scale transcriptional
differences between tumors from different patients, there is limited research characterizing the
extent of their influence on transcription relative to other factors that can affect transcription,
such as point mutations, cytogenetic changes, and influences from the microenvironment.
Additionally, the effect of CNVs on transcription may vary between different cancer types or
subtypes. There have been some reports of correlation between disease biology and CNVs,
and therefore it is possible that by regressing out CNVs from a latent cell representation,
one will also regress out important aspects of disease biology. For example, [81] reports
multiple correlations between specific CNVs and expression of specific gene meta-programs,
and these associations vary between different cancer types. In medulloblastoma, [107] report
correlations between specific CNVs and cell proliferation as well as the developmental stage
of the malignant cells, respectively. An undesirable effect of regressing out CNVs may be
regressing out important cellular phenotypes, such as these, and we therefore advise caution
in implementing this kind of approach.

In the form we presented here, correcting for CNVs represents an intermediate correction
between no correction at all, and correcting for each patient individually. One framing of our
proposed method is that CNV profiles meaningfully group patients, and thus regressing out
this information brings groups of patients closer together while maintaining some inter-patient
structure in the learned latent space. In practice, with the small amount of data used here, it
is not clear that the patient groupings are biologically meaningful, and future work is needed
to understand how CNVs vary between patients and how this variation can be used to group
patients together before doing a batch correction.

79



(a) UMAP of cells in latent space after running scVI with no correction.

(b) UMAP of cells in latent space after running scVI and correcting for CNAs, using the first seven
principal components.

(c) UMAP of cells in latent space after running scVI and correcting for patient ID.

Figure 3.3: UMAP plots of the latent space learned using three different correction schemes
for the multiple myeloma dataset. Cells are colored by disease stage (left; NBM=normal bone
marrow, MGUS=monoclonal gammopathy of undetermined significance, SMM=smoldering
multiple myeloma, MM=myeloma) and patient ID (right).
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Figure 3.4: For the MM dataset, C∗ (1-Geary’s C) for the six gene meta-programs (MPs)
with the highest mean activity in the uncorrected latent space (mean taken across 5 runs of
scVI). We find that while the spatial autocorrelation structure is lost when correcting for
PID, it is retained in the latents that instead corrected for CNVs
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Chapter 4

Evaluating Single-Cell Foundation
Models for Representation Learning

Large-scale foundation models, which are pre-trained on massive, unlabeled datasets and
subsequently fine-tuned on specific tasks, have recently achieved unparalleled success on a
wide array of applications, including in healthcare and biology [10, 13–17]. The success of
these models has showcased the power of leveraging generalizable features and contextual
understanding to improve a model’s performance.

Foundation models for single-cell RNA sequencing data could substantially improve the
performance of single-cell RNA-sequencing analysis pipelines, and several such models have
recently been developed, such as scBERT [7], scGPT [108], Geneformer [109], scFounda-
tion [110], UCE [9], and scSimilarity [111]. The pre-train then fine-tune paradigm employed
by these models holds the promise of allowing practitioners to leverage vast amounts of single-
cell RNA sequencing data collected across a variety of technical and biological conditions,
captured in pre-trained gene or cell embeddings. Fine-tuning the models on downstream
tasks of interest then theoretically requires collection of much smaller, application-specific
datasets than would be required if training a model from scratch. This sample efficiency is
of particular value in the biological domain, where clinical data or data whose labels are
determined experimentally can be challenging or expensive to collect, resulting in smaller
available datasets for downstream tasks of interest.

In this chapter, we explore two such models, scBERT [7] and scGPT [108]. Focusing on
the fine-tuning task of cell type annotation, we provide further baselines and ablation studies
beyond what was studied in the original papers, in order to examine the benefits of these
foundation models for this task. We also explore the pre-training paradigm implemented by
scBERT, and show that simple heuristics can achieve good performance at the pre-training
task as it is currently formulated. Finally, using scBERT as an example, we demonstrate the
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Figure 4.1: Schematic of different methods compared in this work. Two foundation models,
scBERT and scGPT, construct embeddings of input data and process them via Transformer-
based architectures. The architectures are trained via a masking task and fine-tuned for a task
of interest. We compare these models to logistic regression and a Transformer architecture
without pre-training to understand the potential benefits of the pre-train/fine-tune paradigm
in several different experimental settings.

potential sensitivity of fine-tuning to hyperparameter settings and parameter initializations.
Taken together, our results highlight the importance of rigorously testing foundation models
against well established baselines, establishing challenging fine-tuning tasks on which to
benchmark foundation models, and performing deep introspection into the embeddings learned
by the model in order to more effectively harness these models to transform single-cell data
analysis.

4.1 Methods

4.1.1 Models Studied

Figure 4.1 overviews the different models studied in this analysis. The two foundation models
studied in this work, scBERT and scGPT, rely on Transformer-based architectures [112]
for processing embedded representations of the input gene expression data, but differ in
how they represent input data, their model architectures, and training procedures. We also
analyze a logistic regression baseline that directly trains on a specific task of interest without
pre-training.

scBERT. scBERT [7] embeds each gene as the sum of two embeddings: one representing
the gene’s normalized, binned log-scale expression level, and a second which specifies the
gene identity via the previously developed gene2vec [113] embedding, allowing the model to
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differentiate genes in the otherwise order-less data. The resulting embeddings are processed
via a Transformer architecture that has been optimized for speed and memory, called the
Performer [114].

Closely mimicking the pre-training strategy in BERT [10], scBERT is pre-trained via
an imputation task on 1.12 million human cells where "masked" gene expression values are
predicted as a function of all other gene embeddings in a cell (see Supplementary Methods).
During fine-tuning, a 3-layer neural network is trained on smaller, labeled datasets to take the
gene embeddings outputted by the Transformer layers and predict cell type. In our analysis,
we also evaluate a non-pre-trained version of scBERT, in which pre-training is skipped, and
instead the Transformer layers are initialized with random weights prior to fine-tuning.

scGPT. scGPT largely follows a similar architectural and pre-training paradigm to scBERT,
with some different design choices. Instead of binning the input data on the log-scale, scGPT
bins genes according to their expression such that genes are evenly distributed across each
bin. In lieu of gene2vec, scGPT uses a random gene identity embedding and incorporates
an additional "condition embedding" describing meta-information to differentiate each gene.
Instead of the long-range Performer architecture, scGPT processes the embeddings via Flash-
Attention [115] blocks. In addition to gene embeddings, scGPT further trains a CLS token
which summarizes each cell. scGPT implements a generative masked pre-training, using a
causal masking strategy inspired by OpenAI’s GPT series [11].

This model is pre-trained on 33 million human cells and evaluated via a wider suite
of fine-tuning tasks, including cell type annotation, genetic perturbation prediction, batch
correction, and multi-omic integration. We focus on cell type annotation in this analysis.

Logistic Regression. Unlike the foundation models, the logistic regression baseline [116]
does not adhere to a pre-train/fine-tune paradigm. This method has the fewest number
of trainable parameters and simply estimates the linear coefficients of the log-normalized
gene expression data that best predict the labels of interest, in this case cell types. We use
L1-regularization [117] to encourage sparsity.

4.1.2 Experiment Roadmap

In this work, we first explore the relative performance of pre-trained models like scGPT or
scBERT compared to a simple baseline, L1-regularized logistic regression, for the fine-tuning
task of cell type annotation. Since pre-trained representations can be especially useful for
few-shot prediction, in which limited training data is available, we additionally evaluated
each model’s ability to annotate cell types in the few-shot setting. We find that a simple
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logistic regression baseline is competitive with the pre-trained models for annotating cell
types even in the few-shot setting.

Next, we sought to understand how much pre-training contributed to the performance
of the Transformer-based models. To this end, we skipped the pre-training procedure and
directly fine-tuned the model for cell type annotation. We show that for scBERT, removing
pre-training does not meaningfully affect the model’s performance on cell type annotation,
while for scGPT, it does. We further demonstrate that scBERT can achieve good accuracy on
masked pre-training and cell type annotation without learning meaningful gene representations,
illustrating that good accuracy does not necessarily imply rich representation learning.

Finally, we explore scBERT’s robustness to hyperparameter settings and random seeds,
and we find that these settings significantly affect learning dynamics and model performance.

4.2 Results

4.2.1 Logistic regression outperforms foundation models for the

fine-tuning task of cell type annotation in a dataset-dependent

manner.

We ran L1-regularized logistic regression [118] as a linear, interpretable baseline for the cell
type annotation tasks explored in the scBERT and scGPT papers, predicting cell types from
log-transformed, library size-normalized gene expression values.

As a comparison for scBERT, we evaluated the performance of logistic regression for
predicting cell types in the Zheng68K peripheral blood mononuclear cells (PBMC) dataset
[119], which contains 68,450 labeled cells, and in the MacParland liver dataset, which contains
8,444 labeled cells from human liver tissue (80% of each dataset used for training and 20%
for validation). These datasets were used for fine-tuning in the scBERT paper. In the PBMC
data, logistic regression outperformed scBERT in terms of both accuracy and class-averaged
(macro) F1 score, a metric which reflects both precision and recall and can better assess
performance in cases of class imbalance (Table 4.1). Even for difficult-to-distinguish CD8+
cytotoxic T cells and CD8+/CD45RA+ T cells [7], logistic regression outperformed scBERT
in terms of accuracy and F1 score (Table 4.1). In the liver dataset, logistic regression
performed comparably to scBERT (Table 4.1).

Similarly, we ran logistic regression as a baseline for the cell type annotation task explored
in the scGPT paper. The authors of scGPT evaluated the model’s cell type annotation
capabilities on three different datasets: multiple sclerosis [120], pancreas [121], and myeloid
data [122] (additional dataset details provided in Supplementary Methods). We found
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Table 4.1: Logistic regression baseline for the cell type annotation task in scBERT.
Validation set accuracy and macro F1 score for the cell type annotation fine-tuning task on
the PBMC and MacParland liver datasets, for three different models: scBERT as reported
in the original publication [7], our reproduction of scBERT trained with the same data and
model architecture, and our L1-regularized logistic regression baseline. The original scBERT
paper reported results from five different runs of fine-tuning; we ran scBERT fine-tuning with
10 different random parameter initializations and shufflings of the data during training; mean
± 95% confidence intervals reported. Logistic regression outperformed scBERT across all
metrics for this task.

Dataset Model Accuracy (↑) Macro F1 (↑) Accuracy (↑):
‘hard to predict’

Macro F1 (↑):
‘hard to predict’

PBMC
scBERT (reported) 0.759 ± 0.010 0.691 ± 0.002 0.801 0.788
scBERT (reproduced) 0.766 ± 0.012 0.675 ± 0.012 0.765 ± 0.030 0.782 ± 0.013
L1 logistic regression 0.811 0.707 0.848 0.828

Liver
scBERT (reported) 0.976 ± 0.004 0.959 ± 0.006 – –
scBERT (reproduced) 0.974 ± 0.016 0.947 ± 0.039 – –
L1 logistic regression 0.985 0.976 – –

Table 4.2: Logistic regression baseline for the cell type annotation task in scGPT.
Accuracy and macro F1 scores for the cell type annotation fine-tuning task on the three
datasets evaluated in the scGPT paper. Each deep model was run with 10 different random
parameter initializations and shufflings of the data during training; mean performance ± 95%
confidence intervals across these runs are shown. The best metric for each dataset is bolded.

Dataset name Model Accuracy (↑) Macro F1 (↑)

PBMC logistic regression 0.811 0.707
scBERT 0.766 ± 0.012 0.675 ± 0.012

multiple sclerosis logistic regression 0.812 0.642
scGPT 0.859 ± 0.010 0.720 ± 0.023

pancreas logistic regression 0.973 0.718
scGPT 0.965 ± 0.005 0.748 ± 0.023

myeloid logistic regression 0.683 0.364
scGPT 0.627 ± 0.018 0.340 ± 0.008

that for the multiple sclerosis data, scGPT outperformed logistic regression; for the myeloid
data, logistic regression outperformed scGPT; and for the pancreas data, the two methods
performed similarly (Figure 4.2; Table 4.2).

These results show that classical baseline methods that are simpler to implement and less
expensive to train may outperform or perform comparably to foundation models for certain
predictive tasks on single-cell data.
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4.2.2 Logistic regression can outperform foundation models even in

the "few-shot" setting.

A strong foundation model trains data representations that can easily adapt to downstream
prediction tasks, even in "few-shot" settings with minimal training data [14]. Thus, while
logistic regression outperformed pre-trained models for cell type annotation in some datasets
(PBMC, myeloid), we hypothesized that pre-trained models may show superior performance
in the few-shot setting, as they can leverage the representations they learned from vast
amounts of unlabeled single-cell data, while logistic regression only has access to the small
set of training examples.

We found, however, that across models, datasets, and fractions of training data used, the
trends from Section 4.2.1 generally held even in the few-shot setting, with a few exceptions.
In particular, as in Section 4.2.1, logistic regression outperforms or matches the foundation
models on the PBMC, liver and myeloid data even with limited training data (Figures 4.2,
4.3). Similarly, just as in Section 4.2.1, scGPT outperformed logistic regression on the
multiple sclerosis data across all training set sizes, with the relative benefit of the pre-trained
model increasing with decreasing training set size (Figure 4.2). For the pancreas dataset,
logistic regression and scGPT were closely matched with larger training set sizes, but logistic
regression outperformed scGPT once the training set was limited to just 10% or 25% of the
original training set size (Figure 4.2). Detailed performance metrics and two-tailed t-test
p-values describing these comparisons are shown in Figures 4.2 and 4.3.

One possible explanation for the different performance trends across these datasets lies in
the different nature of the datasets. Among all the datasets, the pre-trained model specifically
excelled with the multiple sclerosis dataset, which was crafted by the scGPT authors to
represent an "out of distribution" scenario: the fine-tuning training set consisted of neuronal
cells from 9 healthy donors, and the test set consisted of neuronal cells from 12 multiple
sclerosis patients. The pre-trained model may be better equipped to handle prediction under
dataset shift, having been pre-trained on a vast number of cells from across many different
clinical contexts, whereas logistic regression has only been trained on a single clinical context
that is no longer present in the test set. In other words, pre-training may serve as a form of
regularization that protects the model from overfitting to the training distribution and helps
it to generalize.

None of the other datasets studied in this work suffer from as drastic a distribution
shift. Thus, in these scenarios, the cost of training a high parameter model with a small
amount of training data may outweigh the benefit of pre-training, and thus logistic regression
outperforms or performs comparably to scGPT. Analyzing the relative performances of the
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pre-trained and logistic regression models across these different data settings suggests that
pre-trained models have unique strengths that make them the better choice for some, but
not all, single cell predictive tasks.

Figure 4.2: scGPT and logistic regression test set performance (accuracy, top; F1 score,
bottom) for the fine-tuning task of cell type annotation in the three datasets used in the
scGPT paper, using different amounts of training data (jitter added to x-axis to better display
overlapping data points). The same pre-trained model was used in all scGPT runs. Each
experiment was run 10 times with different random seeds, each time randomly subsetting
the training set and, for scGPT, randomly initializing the fine-tuning model parameters. For
each dataset, a two-sided t-test was used to compare performance of the models for each
amount of training data: **** p <= 0.0001; *** p <= 0.001; ** p <= 0.01; * p <= 0.05;
"ns" not significant (p > 0.05).

4.2.3 Skipping pre-training does not affect fine-tuning performance

for scBERT, but does for scGPT.

The paradigm of “pre-train then fine-tune” assumes that the representations learned during
unsupervised pre-training help the model perform well on downstream tasks. To test this, we
ran an ablation study in which we skipped the pre-training step, effectively using a random
embedding of a cell’s expression data as input for predicting cell type (see Supplementary
Methods).
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Figure 4.3: scBERT and logistic regression validation set performance (accuracy, left; F1
score, right) for the fine-tuning task of cell type annotation in the PBMC dataset, using
different amounts of training data (jitter added to x-axis to better display overlapping data
points). The same pre-trained model was used in all scBERT runs. Each experiment was
run independently 3 times, each time randomly subsetting the training set and, for scBERT,
randomly initializing the fine-tuning model parameters and shuffling the order of the training
data. Logistic regression consistently outperformed scBERT even with small amounts of
training data. A two-sided t-test was used to compare performance of the models for each
amount of training data: *** p <= 0.001; ** p <= 0.01; "ns" not significant (p > 0.05).

Table 4.3: Ablation studies for the cell type annotation task in scBERT. Accuracy and
macro F1 score for the cell type annotation fine-tuning task on the PBMC and MacParland
liver datasets, for three different models: our reproduction of scBERT trained with the same
data and model, and ablations that remove the pre-training step and gene2vec embedding,
respectively. All results are reported on the validation set. Each model was run with 10
different random parameter initializations and shufflings of the data during training; mean
performance ± 95% confidence intervals across these runs are shown. We found that without
pre-training, none of the performance metrics significantly changed. Without gene2vec
embeddings, accuracy and F1 averaged across all cell types decreased (** indicates p<0.01,
*** indicates p<0.001, “ns” indicates “not significant”; two-tailed t-test p = 3.67× 10−3 and
8.72× 10−4, respectively) and F1 for the "hard to predict" cell types decreased (two-tailed
t-test p = 4.10× 10−3).

Model Accuracy (↑) Macro F1 (↑) Accuracy (↑):
‘hard to predict’

Macro F1 (↑):
‘hard to predict’

PBMC
scBERT (reproduced) .766 ± .012 .675 ± .012 .765 ± .030 .782 ± .013
No pre-training .758 ± .014 (ns) .672 ± .006 (ns) .754 ± .035 (ns) .772 ± .016 (ns)
No gene2vec .701 ± .040** .595 ± .042** .714 ± .046 (ns) .709 ± .046**

Liver scBERT (reproduced) .974 ± .016 .947 ± .039 – –
No pre-training .925 ± .122 (ns) .875 ± .200 (ns) – –
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For scBERT, we found that removing pre-training did not significantly change performance
for annotating PBMC or liver cell types (Table 4.3; PBMC: two-tailed t-test p = 0.34 and
p = 0.59 for accuracy and F1 score, respectively; liver dataset: two-tailed t-test p = 0.42

and p = 0.46, respectively). This finding differs from the results reported by the authors
in their Extended Data Figure 1a, which we were not able to reproduce, and it held true
whether we froze (did not update) most of the transformer weights during fine-tuning or
allowed them all to be updated (Table 4.4). Our findings indicate that the success of scBERT
on a downstream task like cell type annotation cannot be directly attributed to effective
pre-training without further investigation, such as an experiment which ablates pre-training.
Even though pre-training did not benefit the downstream tasks probed here, further analysis
is needed to understand whether meaningful cell representations were learned during pre-
training, as it is possible that meaningful representations were learned but were not necessary
for this simple task.

Table 4.4: Here, we annotate our scBERT PBMC results to show that results did not
significantly change whether we allowed updates to (“unfroze”) one (black), two (blue), or all
(orange) transformer layers during fine-tuning. In our main results, we froze all but the final
transformer layer during fine-tuning. As the original scBERT authors had frozen all but the
final two layers, we also ran a version of the model leaving two layers unfrozen. Additionally,
in a correspondence with the scBERT authors, they claimed to have unfrozen all transformer
layers during their “no pretraining” experiment, so we added this variant to our “no pretraining”
experiments (in orange). As in Table 4.1 and Table 4.3, we compared performance metrics
from the “no pre-training” and “no gene2vec” experiments to the corresponding metrics from
“scBERT (reproduced)” and we found that whether one, two, or all transformer layers were
unfrozen during fine-tuning, our main results were unchanged: without pre-training, none of
the performance metrics significantly changed; without gene2vec embeddings, accuracy and
F1 averaged across all cell types decreased (** indicates p<0.01; *** indicates p<0.001; “ns”
indicates “not significant”). Importantly, we always compared models with the same numbers
of frozen weights (i.e. blue “no pre-training” vs. blue “scBERT (reproduced)”; orange “no
pre-training” vs. orange “scBERT (reproduced)”) to control for the effect of the number of
trainable parameters on performance.

Model Accuracy Macro F1 score Accuracy
“hard to predict” cells

Macro F1 score
“hard to predict” cells

scBERT (reported) 0.759 ± 0.010 0.691 ± 0.002 0.801 0.788

scBERT (reproduced)
Unfreeze 2 layers
Unfreeze all layers

0.766 ± 0.012
0.764 ± 0.019
0.784 ± 0.013

0.675 ± 0.012
0.669 ± 0.021
0.696 ± 0.013

0.765 ± 0.030
0.779 ± 0.028
0.781 ± 0.031

0.782 ± 0.013
0.781 ± 0.020
0.799 ± 0.013

L1 logistic regression 0.811 0.707 0.848 0.828

No pre-training
(random embedding)
Unfreeze 2 layers
Unfreeze all layers

0.758 ± 0.014 (ns)
0.764 ± 0.011 (ns)
0.781 ± 0.011 (ns)

0.672 ± 0.006 (ns)
0.672 ± 0.009 (ns)
0.694 ± 0.007 (ns)

0.754 ± 0.035 (ns)
0.759 ± 0.025 (ns)
0.781 ± 0.026 (ns)

0.772 ± 0.016 (ns)
0.780 ± 0.011 (ns)
0.798 ± 0.012 (ns)

No gene2vec
Unfreeze 2 layers

0.701 ± 0.040**
0.713 ± 0.028**

0.595 ± 0.042***
0.596 ± 0.047**

0.714 ± 0.046 (ns)
0.726 ± 0.026**

0.709 ± 0.046**
0.723 ± 0.034**
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By contrast, the scGPT authors report results from a similar experiment, "scGPT (from-
scratch)," in their Supplementary Table S1, finding that their pre-trained model outperformed
similar models fine-tuned "from-scratch," without pre-training. We independently ran our
pre-training ablation on scGPT, and also concluded that pre-training improved performance
on cell type annotation for scGPT across all three datasets (Table 4.5 and Figure 4.4). We
note that while we reach the same conclusion as Cui et al. [108], our results significantly
differ from what was reported in their Supplementary Table S1, which is explained by the fact
that the scGPT authors used a smaller model in their no pre-training ablation to optimize
performance and create a more competitive baseline.

Table 4.5: Cell type annotation results when skipping pre-training for scGPT.
Accuracy and macro F1 scores for the cell type annotation fine-tuning task on the three
datasets evaluated in the scGPT paper for three different models: scGPT (with pre-training),
and two different versions of an ablation skipping pre-training, one in which all weights of the
model were learnable during fine-tuning, and one in which all pre-decoder weights were frozen
during fine-tuning. Each model was run with 10 different random parameter initializations
and shufflings of the data during training; mean performance ± 95% confidence intervals
across these runs are shown. The best metric for each dataset is bolded. We note that
while we reach the same conclusion as Cui et al. [108] that pre-training benefits downstream
performance for cell type annotation, these results significantly differ from what was reported
in their Supplementary Table S1; further exploration is needed to understand the source of
this discrepancy.

Dataset Model Accuracy Macro F1 score

multiple sclerosis scGPT 0.859 ± 0.01 0.72 ± 0.023
scGPT (no pre-training) 0.074 ± 0.063 0.023 ± 0.028
scGPT (no pre-training; freeze weights) 0.461 ± 0.176 0.298 ± 0.134

myeloid scGPT 0.627 ± 0.018 0.34 ± 0.008
scGPT (no pre-training) 0.163 ± 0.01 0.025 ± 0.001
scGPT (no pre-training; freeze weights) 0.172 ± 0.03 0.034 ± 0.02

pancreas scGPT 0.965 ± 0.005 0.748 ± 0.023
scGPT (no pre-training) 0.949 ± 0.011 0.648 ± 0.042
scGPT (no pre-training; freeze weights) 0.949 ± 0.008 0.627 ± 0.025

4.2.4 For scBERT’s embedding scheme and pre-training objective,

good pre-training and fine-tuning accuracy can be achieved

without learning rich representations

Despite good performance on the pre-training objective (78% accuracy), Section 4.2.3 shows
that pre-training scBERT does not affect the final fine-tuning performance. In this section, we
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Figure 4.4: Accuracy (left) and macro F1 score (right) for cell type annotation on 3 datasets
for the no pre-training ablation in scGPT (with and without freezing weights) vs. vanilla
scGPT fine-tuning. Each model was run with 10 different random seed initializations. Mean
and 95% confidence intervals for each model are shown in Supplementary Table 4.5. We
note that while we reach the same conclusion as Cui et al. [108] that pre-training benefits
downstream performance for cell type annotation, these results significantly differ from what
was reported in their Supplementary Table S1, which is explained by the fact that the scGPT
authors used a smaller model in their no pre-training ablation to optimize performance and
create a more competitive baseline.

ablate another component of the scBERT architecture and show that good pre-training or fine-
tuning accuracy is not sufficient evidence that a model is learning rich gene representations.

In scBERT, a given gene’s embedding is the sum of two separate embeddings for that
gene: a "gene2vec" embedding and an "expression" embedding. The "gene2vec" embedding
codifies the identity of each gene and is constant for each gene across every cell in the
dataset. The "expression" embedding transforms a given gene’s expression into one of six
randomly-initialized vectors based on its binned expression (the bins are [0-1), [1-3), [3-7),
[7-15), [15-31), and 31+ library size-normalized UMIs). The expression embedding—not the
gene2vec embedding—drives the variability in the learned representations of a given gene for
different cells and is the focus of the masking task used to pre-train the model.

In this experiment, we remove the gene2vec embedding from the representation of each
gene. This severely limits the representational capacity of the model, as there are now only
six embeddings that are used to represent every gene in the dataset. During pre-training, the
model has no knowledge of a gene’s identity and every masked gene has identical “context”
(note that since Transformers are permutation invariant [112], the model cannot memorize
the input positions of genes in order to identify them). Every gene that falls in the same
expression bin is represented identically – for example, across the Panglao pre-training dataset
[123], 95% of genes are identically represented as falling in the [0,1) bin, 2% of genes in the
[1-3) bin, 1.5% of genes in the [3-7) bin, and <1% of genes in the remaining bins.

Given that the model does not know which gene is which, one might expect that scBERT

93



would not be able to predict a gene’s masked expression with high accuracy. We observed,
however, that even in this challenging setting, scBERT achieved 72% accuracy for predicting
masked gene expression on the Panglao validation set (compared to 78% when genes are
represented using both gene2vec + expression embeddings). Upon introspection into the "no
gene2vec" experiment, we found that for 99.8% of the 67,880 cells in the Panglao pre-training
validation set, scBERT predicted the most common expression bin per cell for all masked genes
in that cell (Table 4.6). These results demonstrate that with scBERT’s binned expression
embedding scheme, a model can rely on simple heuristics such as predicting the most common
expression bin to perform well at masked pre-training without learning contextual gene
representations.

Table 4.6: Validation set accuracy on masked pre-training when gene2vec embeddings are
included ("full scBERT") or are not included ("no gene2vec") as part of each gene’s input
embedding. In the no gene2vec setup, the same expression bin is necessarily predicted for all
masked genes in a given cell, as they all have identical context. This is not the case in the full
scBERT embedding scheme; hence "full scBERT" has N/A in the column quantifying the
fraction of cells for which the most common expression bin is predicted, as only gene-level
predictions can be summarized in this way.

Model Data Pre-training
masking accu-
racy (↑)

Fraction of cells in which
most common expression
bin was predicted for all
genes

of masked genes for which
the most common bin (per
cell) was predicted

no gene2vec PBMC 68% 100% 100%
full scBERT PBMC 79% N/A 79%
no gene2vec Panglao 72% 99.8% 99.9%
full scBERT Panglao 78% N/A 84%

Regarding fine-tuning, scBERT trained without gene2vec embeddings exhibited decreased
but still reasonable performance on the cell type annotation task (Table 4.3, “no gene2vec”
accuracy 0.701 and F1 0.595). We note that we did not re-tune hyperparameters specifically
for the no gene2vec experiment, but rather used the best hyperparameters we identified for
fine-tuning the full scBERT model, so it is possible that the performance we report here
is an underestimate of the potential performance had we tuned hyperparameters for this
task specifically (see Section 4.2.5). While the logistic regression baseline and pre-training
ablation already demonstrated that rich representations are not needed for accurate cell type
annotation in the PBMC data, this result further reinforces that performance on cell type
annotation is not a proxy for the representation learning capabilities of a foundation model.
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4.2.5 Robustness to hyperparameter choices and parameter initial-

ization

In working to reproduce scBERT’s reported accuracy for cell type annotation in the PBMC
data, we found that batch size and learning rate - neither of which were reported in the
scBERT paper - were critical hyperparameters to tune in order to achieve optimal fine-tuning
results. Adopting a learning rate of 1 × 10−4, as was the default setting in the scBERT
code base, we evaluated validation set performance across multiple batch size settings, and
observed that smaller batch sizes, such as 8 or 32, generally achieved better performance
(Figure 4.5). We chose to use a batch size of 32 in all our experiments, to strike a balance
between efficiency (large batch sizes are more efficient) and optimization (smaller batch sizes
achieve more optimal results).

(a) Validation set accuracy for different batch
sizes.

(b) Validation set macro F1 score for different
batch sizes.

Figure 4.5: The mini-batch size used for fine-tuning scBERT for the cell type annotation
task has a large effect on predictive performance, in terms of validation set accuracy (a) and
macro F1 score (b). All models shown here were trained with a learning rate of 1 ×10−4.
Each model was trained for 10 epochs, and metrics from the epoch with the best validation
set accuracy are shown. Each hyperparameter setting was run multiple times with different
random seeds, each represented by a single dot.

In addition to batch size, we explored the effect of random seed (i.e. parameter ini-
tialization) on predictive performance. The random seed determines the initial random
parameterization of the fine-tuning components of the scBERT architecture (these include
a convolutional filter to summarize each gene embedding, and a 3-layer neural network).
Similar to results reported by Liu et al. [124], we found that performance indeed varied
across random seeds, and that fluctuations in performance across random seeds were greater
for models trained with larger batch sizes (Figure 4.5). Even for an optimal batch size of 32,
we observed that two different learning patterns emerged across the random seeds: one group
of random seeds led to convergence in fewer epochs and achieved overall higher accuracy after
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ten training epochs, while a second group of random seeds led to longer convergence times
and overall lower accuracy after ten training epochs (Figure 4.6). Understanding this bimodal
behavior of the learning dynamics requires further exploration. We note that if the models
with low-performing initializations were trained for additional epochs, they may eventually
reach the quality of the high-performing ones.

These findings emphasize that in order for a model to be reproducible, 1) a full set
of hyperparameter settings must be transparently reported and 2) performance should be
reported over multiple random seeds, as we did in Table 4.1 and Supplementary Table
4.2. While releasing code is incredibly helpful and important, it is not sufficient to only
specify hyperparameters as default settings in a code base, as it is all too easy for users
to inadvertently change hyperparameter settings when running code in a new compute
environment (eg. training with the same batch size setting on 1 GPU vs. 4 GPUs in a
distributed fashion may result in batch size effectively being scaled by 4).

(a) Training set accu-
racy

(b) Validation set accu-
racy (c) Training set loss (d) Validation set loss

Figure 4.6: Accuracy and loss per epoch for fine-tuning scBERT for cell type annotation,
for ten different models initialized with different random seeds, but otherwise identical. All
models were trained with batch size 32 and learning rate 1× 10−4 for 10 epochs. We observe
that parameter initialization affects both learning dynamics and final performance metrics.

4.3 Discussion

As interest in foundation models for single-cell RNA sequencing data grows within the
genomics community [108–111, 124], we aimed to provide a deeper understanding of their
potential benefits and limitations by providing additional baselines and introspection into
the models’ components.

We demonstrated that simple models like logistic regression can be competitive for the
fine-tuning task of cell type annotation, even in the few-shot setting. We further showed
that even without pre-training, Transformer architectures can perform well at cell type
annotation. These results underscore that cell type annotation is not a challenging enough
task on which to demonstrate the potential value of single-cell foundation models. The
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value of foundation models for single-cell RNA sequencing data will instead be showcased on
more challenging fine-tuning tasks for which simple models do not excel, such as annotating
cell types under distribution shift or predicting cellular responses to perturbations, or else
through the models’ abilities to capture and elucidate meaningful gene-gene interactions
through their learned attention weights. When claiming the latter, it is important to keep in
mind that strong downstream performance does not necessarily imply rich representation
learning, as shown in our “no pre-training” and “no gene2vec” ablation experiments. Finally,
since hyperparameter settings and the initial parameterization of models weights can have
large effects on the learned model, it is important to have transparent reporting of all design
choices and hyperparameter settings, in addition to sharing code and trained models, in order
for the community to reproduce and build off of each other’s works.

Taken together, we hope that these results shed light on the importance of deep in-
trospection into model performance, as well as rigorous baselines and evaluation tasks, to
demonstrate the value and justify the compute costs of large scale foundation models for
RNA sequencing data. We hope that these findings will enable and encourage the community
to improve on current Transformer-style architectures for single-cell RNA sequencing data.

4.4 Supplementary Methods

4.4.1 Additional dataset details

Multiple Sclerosis. The multiple sclerosis data was comprised of neuronal cell types from
healthy donors and patients with multiple sclerosis. We downloaded the pre-processed data
provided by the scGPT authors, thus using the same pre-processing and train/test splits
as they did. The train/test split for this dataset simulates dataset shift, with cells from 9
healthy donors comprising the training set, and from 12 multiple sclerosis patients comprising
the test set. There are 7,844 cell in the training set and 13,468 in the test set. The ground
truth cell-type labels were taken from the original publication of the data [120].

Myeloid. This dataset contains tumor infiltrating myeloid cells from multiple different
tumor types [122]. We downloaded the pre-processed data provided by the scGPT authors,
thus using the same pre-processing and train/test splits as they did. In particular, the dataset
consisted of cells from nine different cancer types, with the train set containing cells from
cancer types UCEC, PAAD, THCA, LYM, cDC2, and KIDNEY, and the test set containing
cells from MYE, OV-FTC, and ESCA. The final cell counts are 9,748 in the training set and
3,430 in the test set.
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Pancreas. The pancreas dataset contained human pancreas cells from five different scRNA-
seq studies, which were reprocessed by Chen at al. [121]. The training set consisted of 10,600
cells of 13 cell types (alpha, beta, ductal, acinar, delta, PSC, PP, endothelial, macrophage,
mast, epsilon, schwann, and T cell) from two datasets, and the test set consisted of 4,218 cells
of 11 cell types (alpha, beta, ductal, PP, acinar, delta, PSC, endothelial, epsilon, mast, MHC
class II) from the other three datasets. We downloaded the pre-processed data provided by
the scGPT authors, thus using the same pre-processing and train/test splits as they did.

4.4.2 Pre-training and fine-tuning scBERT

In the original scBERT paper, the scBERT model was pre-trained on the Panglao dataset
provided by the scBERT authors, which is comprised of gene expression from multiple studies
spanning 74 human tissues. The model was then fine-tuned on individual smaller datasets,
for example the Zheng68k PBMC dataset, and metrics were reported for the performance
of the model in annotating cell types in the fine-tune dataset. In our experiments, we ran
pre-training on the Panglao dataset (provided by the original scBERT authors upon request,
with 95% of the data used for training and 5% for validation). We masked the expression
embedding for 15% of genes in a given cell (i.e. set the embedding to a randomly-initialized
“mask” embedding). Genes with log-normalized UMIs between [0,1) were excluded from the
masking task in scBERT in order to avoid an overwhelming class imbalance, since >95% of
the expression values in the Panglao dataset were zero. We pre-trained the model using the
Adam optimizer [125] in PyTorch, with a batch size of 8, gradient accumulation every 60
steps and a learning rate of 1× 10−4 for 17 epochs.

After pre-training the model, we ran fine-tuning on the Zheng68K PBMC dataset (80%
training, 20% validation), using the scripts provided by the authors, with minimal changes.
For fine-tuning, we fixed the training and validation sets to be constant across different
runs and models, so that our evaluations would isolate differences in performances due to
changes in the model, rather than changes in the training or validation data. We trained all
fine-tuning experiments using the Adam optimizer [125] in PyTorch with a learning rate of
1× 10−4 and batch size of 32 (with no gradient accumulation) for 10 training epochs, and
reported results from the epoch corresponding to the best validation set accuracy.

During fine-tuning, we ‘froze’ (i.e. did not apply gradient updates to) all transformer
weights except for those in the final transformer layer, to reduce the number of trainable
parameters in the model; we also experimented with freezing all weights except for those in
the final two layers, and with unfreezing all weights, and found no significant difference in
performance. With all transformer weights unfrozen, we found that for about 20% of the
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random seeds we tested, the model failed to train effectively, with very low (approx. 30%)
accuracy for both the train and validation sets, and we removed these runs from our analysis
as outliers. We note that we had simply re-used the best hyperparameters from our main
fine-tuning experiments, where most transformer weights were frozen, but it is likely that
these failing runs could be avoided by tuning hyperparameters for this setting specifically.

For pre-training and fine-tuning, we slightly modified the scBERT authors’ provided code
to use pyTorch’s DistributedDataParallel module (https://pytorch.org/tutorials/intermediate/
ddp_tutorial.html) to allow us to train over multiple GPUs in our compute environment.
For fine-tuning, we further adjusted the code to weight the loss for different classes differently
in order to counter class imbalance and improve the model’s ability to generalize outside
the training data, and we modified the dataloader to load the same training samples in each
epoch of training (shuffling their order), whereas the original scBERT code used a different
sampling of the training data in each epoch.

4.4.3 Fine-tuning scGPT

We followed the fine-tuning procedure outlined in the original scGPT paper and implemented
in the tutorial provided by the authors at https://github.com/bowang-lab/scGPT/blob/main/
tutorials/Tutorial_Annotation.ipynb. For few-shot experiments, we randomly subsampled
the training datasets in a stratified fashion to ensure that the same class balance was present
in the full and subsampled training data. We used all default settings and hyperparameters
provided in the authors’ code, including a learning rate of 1 × 10−4 and batch size of 32.
For cell type annotation in the full-data and few-shot settings, we fine-tuned for 20 training
epochs and selected the model from the epoch with the best validation set performance for
reporting test set results. For fine-tuning the "no pre-training" experiment, we fine-tuned
for 30 training epochs, in case further training was needed to compensate for the lack of
pre-trained embeddings.

4.4.4 Logistic Regression

For our logistic regression baseline, we split the data into an 80:20 train:test split and performed
5-fold cross validation using the training data to choose the regularization coefficient. For
experiments that used 100% of the training data, the following regularization coefficients ("c"
in sklearn’s sklearn.linear_model.LogisticRegression function) were chosen:

• PBMC: c=0.1

• multiple sclerosis: c=0.1
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• pancreas: c=100

• myeloid: c=0.1

For the few-shot experiments, a different c was chosen using cross validation for each
subsample of the training data.

4.4.5 Few-shot experiments

To evaluate performance with limited training data, we trained each model on 75%, 50%,
25%, and 10% of its full training data. We used the same train/test split as in our other
fine-tuning experiments, randomly sub-sampling a fraction of the original training data. For
each new subsample of training data, we performed 5-fold cross validation using the smaller
training data to choose the regularization coefficient. We evaluated performance on the full
test set. We ran each experiment 3 times for the PBMC data and 10 times for the multiple
sclerosis, pancreas, and myeloid datasets, each time using a different random sub-sample
of the training data and a different random seed to initialize parameters, to capture the
variation resulting from both the composition of the small training set and the model’s initial
parameter settings.

4.4.6 "No pre-training" ablation

For the "no pre-training" ablation experiment on scBERT, we randomly initialized the full
scBERT architecture, but instead of pre-training, we directly fine-tuned this model on the
PBMC data for the cell type annotation task. Similar to our other runs of pre-training, we
froze most of the (random, in this case) weights of the transformer, leaving only the weights
in the last layer of the transformer and in the fine-tuning portions of the architecture to be
updated during fine-tuning. We fine-tuned each model for 10 epochs, and reported results for
the epoch with the highest validation set accuracy.

For the "no pre-training" ablation experiment on scGPT, we took a very similar approach,
randomly initializing the full scGPT architecture and directly fine-tuning the model for
cell type annotation on either the myeloid, multiple sclerosis, or pancreas dataset without
learning or loading any pre-trained weights onto the model. We experimented with two
different modes of this experiment, one in which all weights in the model were trained during
fine-tuning, and one in which all pre-decoder weights were frozen, reducing the number of
trainable parameters from 51,342,358 to 19,999,766. We fine-tuned each model for 30 epochs,
and reported results for the epoch with the highest validation set accuracy.
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4.5 Code Availability

Software and analysis code is publicly available at https://github.com/clinicalml/sc-foundation-eval.
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Chapter 5

Learning Patient-Level Representations
for Clinical Prediction

Single-cell RNA sequencing (scRNA-seq) offers insights into cellular heterogeneity and tissue
composition, yet leveraging this data for patient-level clinical predictions remains challenging
due to the set-structured nature of single-cell data, as well as the scarcity of labeled samples.
To address these challenges, we introduce scSet, a novel diffusion-based autoencoder that
learns patient-level representations from sets of single-cell transcriptomes. Our method uses a
transformer-based encoder to process variably sized and unordered cell inputs, coupled with
a conditional diffusion decoder for self-supervised learning on unlabeled data. By pre-training
on large-scale unlabeled datasets, scSet generates robust patient representations that can
be fine-tuned for downstream clinical prediction tasks. We demonstrate the effectiveness of
scSet patient embeddings for clinical prediction across multiple real-world datasets, where
they outperform existing patient representations, even with limited labeled data. This work
represents an important step toward bridging the gap between single-cell resolution and
patient-level insights.

5.1 Introduction

Single-cell RNA sequencing (scRNA-seq) provides a detailed view of the cellular composition
of a tissue, enabling insights such as the identification of cell type specific biomarkers [30, 126],
tumor heterogeneity [30, 127], the composition of the tumor-immune microenvironment [60,
128], and the diverse cell states that can exist for a single-cell type [129, 130]. While it is widely
acknowledged that single-cell features correlate with clinical outcomes of interest [131], few
ML tools exist to make patient-level predictions based on scRNA-seq data. We identify two
major hurdles for ML for patient-level prediction from single-cell data: (1) Patient single-cell
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datasets do not immediately lend themselves to predictive machine learning methods which
assume that the input features are either consistently or meaningfully ordered (e.g. logistic
regression or recurrent/convolutional networks, respectively), since their features (the cells)
have no consistent or meaningful order. (2) The numbers of single-cell samples with clinical
labels for any given disease state is often too small to employ machine learning methods to
automate the discovery of features which correlate with clinical outcomes of interest. This
is due to a combination of single-cell data being expensive to generate, clinical samples
requiring patient consent and potentially invasive biopsies, and clinical labels requiring careful
annotation and patient follow-up.

Most commonly, single-cell samples are simply averaged across cells prior to being input
to an ML model, or else manual feature engineering and statistical analysis are used to find
correlations between single-cell features with patient-level information [132, 133]. Machine
learning architectures that predict sample-level information from a parametrized embedding
of single-cell data have only recently started to emerge [134–136].

In this work, we introduce scSet, a diffusion-based autoencoder for learning patient-level
representations from scRNA-seq data. Our method addresses both of the above challenges,
first by developing an encoder that can handle variably sized and unordered cell inputs, and
second by leveraging unlabeled samples for self-supervised learning via a denoising diffusion
objective. Taken together, scSet learns patient representations in an unsupervised manner,
which can then be fine-tuned to predict clinical features of interest from a limited cohort of
clinically-labeled samples.

5.2 Related Work

5.2.1 Representation Learning for Sets

Representation learning for sets has been explored through various approaches, both supervised
and unsupervised, with applications spanning multiple domains, including point clouds, graphs,
and multi-instance learning (MIL). Early work such as DeepSets [137] proposed permutation-
invariant architectures that aggregate unordered inputs using pooling functions like sum or
mean. Transformer-based models for sets, such as Set Transformer [138] and Attention-based
Deep Multiple Instance Learning [139], introduced attention mechanisms to capture higher-
order interactions between set elements. More recently, unsupervised approaches such as
SetVAE [140] incorporate principles from Set Transformer into a variational autoencoder
framework to learn unsupervised latent representations of sets, using the Chamfer Distance
as a proxy reconstruction loss to handle unordered set data. The Chamfer Distance is a
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permutation-invariant metric that computes the average squared distance between each point
in one set and its nearest neighbor in the other set, making it well-suited for comparing point
clouds or sets of embeddings [141]. A noise prediction loss as used in diffusion models [142,
143] is less computationally expensive and can also handle unordered set data, and thus we
were motivated to explore a diffusion-based decoder for unsupervised set learning. Others
have recently begun to explore this direction too, with applications in 3D point clouds instead
of biology [144]. Our work builds on these foundational principles but extends them to the
biomedical domain, enabling unsupervised patient representation learning from sets of single
cells.

5.2.2 Representation Learning for scRNA-seq

Representation learning in the single-cell space has mostly focused on learning representations
of cells, with methods such as scVI [12], Geneformer [145], and scGPT [8], as well as
multimodal models such as totalVI [146]. Any of these cell embeddings can be used as
input to our model, which instead focuses on encoding a set of cells into a patient-level
representation, and decoding a patient representation back to individual cells through
conditional denoising diffusion. Other approaches for learning sample-level encodings of
single-cells have only recently started to emerge and have focused on supervised methods, as
described in Section 5.2.3.

5.2.3 Patient-Level Representations from scRNA-seq

The simplest and most common method for summarizing sample expression is to take the
average gene expression across all cells in the sample, referred to as pseudobulk. However,
pseudobulk obscures the granular view of cell states afforded by single-cell. Recently, a
few methods have been proposed for learning patient-level representations from scRNA-seq
data [134–136, 147–150]. These have mostly built off of the deep set [137] or attention-
based multiple instance learning (ABMIL) [139] frameworks. While these works propose
architectures that learn to aggregate single-cell data into patient-level representations, they
are all trained on (semi-)supervised tasks. By contrast, a key contribution of our work is our
self-supervised training objective, which allows learning representations from unlabeled data
and improves the quality of our downstream supervised predictions.
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Figure 5.1: Two complementary overviews of scSet model.

5.2.4 Diffusion Models for scRNA-seq data

Diffusion models have been used for a variety of tasks in machine learning, ranging from image
generation [142] to drug discovery [151]. Recently, diffusion models have been applied to
scRNA-seq data for gene expression imputation [152–154]. While these methods use diffusion
models to generate scRNA-seq data, they do not condition the model on a patient-specific
representation, or leverage it as part of an autoencoding framework for learning a patient
representation.

5.3 Method

Single-cell RNA sequencing profiles the transcriptomes of individual cells in a patient sample.
Each cell’s transcriptome is represented as a vector of gene expression values, x, of length G,
the total number of all genes detected across cells in our dataset. A scRNA-seq sample from
a given patient is observed as an unordered set of single-cell transcriptomes, X = {xi}Ni=1.

Our goal is to learn a meaningful vector representation z of the set of cells for each patient.
To this end, we propose scSet, a diffusion-based autoencoding framework for learning

patient-level representations from scRNA-seq data. The following sections detail the decoder,
encoder, and training procedure for scSet. A schematic overview of the model is provided in
Figure 5.1.
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5.3.1 Diffusion-based Decoder

We employ a conditional Denoising Diffusion Probabilistic Model (DDPM) [142, 143], which
uses the patient representation z for conditioning and, starting from noise, generates sample
cells matching the patient profile.

Given a number of time steps T ∈ N and a variance schedule β1, ..., βT ∈ R>0, we model
the diffusion forward-process as

q(x0:T |z) = q(x0|z)
T−1∏
t=0

q(xt+1|xt, z) (5.1)

where q(x0|z) is the data distribution of cell profiles conditioned on a patient representation
z and

q(xt+1|xt, z) = N (xt+1;
√
1− βt+1xt, βt+1I). (5.2)

As a decoder, we learn a denoising backward-process

pθ(x0:T |z) = pθ(xT |z)
T∏
t=1

pθ(xt−1|xt, z) (5.3)

parametrized as

pθ(xT |z) = N (xT ; 0, σ
2I) (5.4)

pθ(xt−1|xt, z) = N (xt−1;µθ(xt, t, z), σ
2
t I), (5.5)

with mean predictor µθ(xt, t, z) given by

µθ(xt, t, z) =
1
√
αt

(
xt −

βt√
1− ᾱt

ϵθ(xt, t, z)

)
. (5.6)

Here ϵθ(xt, t) is a noise-predicting neural network, αt = 1− βt and ᾱt =
∏t

s=1 αs.
A key assumption of our paper is that cells in a sample are conditionally independent

given z, and thus the probability of the set of cells X is the product of the probability of
each cell in the set, pθ(X|z) =

∏
x∈X pθ(xt = x|z). Due the presence of multiple cell types in

each sample, we expect pθ(xt = x|z) to be a complex, multimodal distribution.
The noise-predicting network is an adapted multilayer perceptron with residual connections.

The patient representations and sinusoidal time step embeddings are each processed by feed-
forward networks, summed and incorporated into the noise prediction through Adaptive
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Layer Normalization [155]. For the diffusion process, we use a cosine noise schedule [143] and
T = 1000 time steps.

5.3.2 Transformer-based Encoder

The scSet encoder, fϕ, maps the unordered set of cells in a patient sample {xi}Ni=1 to a fixed-
dimensional representation z ∈ Rd, where d = 256 in our model. To address the challenges
posed by the variable size and lack of ordering in the input data, we employ a transformer-
based architecture with a learnable [CLS] token that serves as a global representation of the
input set.

The architecture begins with a linear embedding layer that projects each cell xi ∈ RG

into d-dimensional space:
x′
i = Linear(xi), x′

i ∈ Rd.

A learnable [CLS] token is appended to the set of cells, forming the input to the encoder:

X ′ = [[CLS];x′
1;x

′
2; . . . ;x

′
N ] ∈ R(N+1)×d.

The transformed set X ′ is then passed through a series of transformer encoder blocks [156],
each consisting of multi-head self-attention, feedforward networks, and layer normalization.
These layers are intended to model interactions between cells and to encode information
about cells in the context of their tissue environment. Formally, each encoder layer is defined
as:

X ′(ℓ+ 1
2
) = LN(MHSA(X ′(ℓ)) +X ′(ℓ)) (5.7)

X ′(ℓ+1) = LN(FFN(X ′(ℓ+ 1
2
)) +X ′(ℓ+ 1

2
)) (5.8)

where MHSA denotes multi-head self-attention, LN Layer Normalization and FFN a
feed-forward network. Dropout is applied to attention and feed-forward layers to prevent
overfitting.

After passing through L transformer blocks, the embedded [CLS] token is extracted as
the patient representation z. This representation z serves as the input to the diffusion-based
decoder for patient-specific cell generation, and the encoder is jointly optimized with the
decoder during training, as described in Section 5.3.3.

When using z as input for a downstream clinical prediction task, the weights of the
encoder can optionally be further updated to tailor the patient embedding for the downstream
task (see Section 5.4.2).
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5.3.3 Training Procedure

The encoder fϕ and the decoder pθ are jointly trained using the noise prediction loss

L(ϕ, θ) = Et∼[1,T ],x0,ϵt

[
∥ϵ− ϵθ(xt, t, fϕ({x̃i}Nanchor

i=1 )∥2
]

(5.9)

where t ∼ U({1, ..., T}), ϵ ∼ N (0, I), xt ∼ q(xt|x0, z), and x0 as well as x̃i for i ∈
1, ..., Nanchor are drawn uniformly without replacement from the cells of patient j. To estimate
the loss during training in practice, mutually exclusive subsets of X are used as input to the
encoder ({x̃i}Nanchor

i=1 , referred to as "anchor cells") and to the noise-prediction network (x0,
referred to as a "target cell"). Note that this objective functions allows back-propagation of
the gradients through both the denoising decoder pθ and the sample encoder fϕ.

The training procedure without mini-batching is described in detail in Algorithm 1. For
training, we use the AdamW optimizer with learning rate 1× 10−3. Gradients are clipped at
a threshold of 0.1.

Algorithm 1 Conditional Diffusion Autoencoding Training
Input: Encoder fϕ, noise predictor ϵθ, time steps T , number of anchor cells Nanchor, number
of target cells Ntarget, number of time steps per sample Ntime, inverse variance schedule
(ᾱt)

T
t=1, patient samples (Xj)Mj=1.

repeat
Sample patient j ∼ U([M ])
Subsample Nanchor anchor cells A ⊂ Xj and Ntarget target cells Y ⊂ Xj

Sample Ntime time steps tℓ ∼ U([T ])
Compute patient representation z = fϕ(A)
Sample NtargetNtime noise vectors ϵkℓ ∼ N (0, I)
Compute noisy cells ỹkℓ =

√
ᾱtℓyk +

√
1− ᾱtℓϵkℓ

Compute loss L(ϕ, θ) =
∑Ntarget

k=1

∑Ntime

ℓ=1 ∥ϵkℓ − ϵθ(ỹkℓ, tℓ, z)∥2
Update θ and ϕ using ∇θ,ϕL

until loss has converged

5.3.4 Interpretation of scSet as an autoregressive model

Our work shares a conceptual connection with autoregressive modeling. Viewing each cell in a
sample as a token similar to those used in natural language processing, scSet aims to learn the
joint distribution over tokens, for which autoregressive approaches have recently shown great
capabilities [157]. However, autoregressive models typically process sequences, where there
is a canonical ordering that determines the next token to predict. Further, autoregressive
approaches generally learn a probability distribution over discrete tokens, not continuous
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samples such as single-cell profiles. Inspired by the framework introduced in Li et al. (2024)
[158], scSet can be seen as an autoregressive model which selects an arbitrary ordering of
cells for each sample, and then uses the first Nanchor < N cells to predict a latent prototype
of the next cell state, namely the patient representation, which is subsequently transformed
into an actual cell state by the diffusion model.

5.4 Experiments

We evaluate scSet’s learned patient embeddings through (i) qualitative and quantitative
evaluations of the unsupervised trained embeddings and (ii) using the patient embeddings as
input to downstream clinical prediction tasks. We describe the datasets, metrics, baselines
and results for each of these approaches in Sections 5.4.1 and 5.4.2, respectively.

5.4.1 Training Patient Representations via Conditional Diffusion

In this section, we validate that the patient representations learned by scSet capture known
variations between patients. First, we show that the diffusion model decodes the expected
distribution of cell types for each patient, and then we use real and semi-synthetic data to
validate that patients with known differences are separated in the latent space.

Data

The scSet autoencoder was trained on data from the CZ CELLxGENE Discover Census [159],
containing 7,342 samples (after filtering for samples with at least 128 cells) from diverse tissue
and disease contexts. scVI embeddings provided in the Census were used to represent input
cells; we retained 14 scVI latents by filtering to latents with standard deviation > .4 across
the pretraining corpus. We chose to represent cells using scVI embeddings rather than raw
gene expression as it already partially corrects for batch effects and reduces the dimensionality
of inputs. We used 90% of patients for training and held out 10% for evaluation.

For our semi-synthetic data, we created patient samples by resampling cells from a
pool of 8064 immune cells (natural killer cells, helper T cells, CD8+ cytotoxic T cells, and
monocytes) from 32 patients from a multiple myeloma study [60] that was not part of the
pretraining corpus, in order to create synthetic patients belonging to different synthetic
"patient subtypes." For each subtyping experiment, we simulated 12 patients, each with
200 cells. For our cell type composition experiment, we created samples that were enriched
for a given cell type: we randomly sampled cells of the dominant cell type to account for
55% of the sample composition, and the remaining cell types to each account for 15%. For
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Figure 5.2: UMAP visualizations of cells over timesteps of the denoising process, starting
from random noise (XT=1000). Test set patient samples were embedded using fϕ and used
to condition the denoising network; the union of these cells is shown in the right column,
labeled "true cells." 500 cells per patient were generated. For visualization purposes, each
row contains the union of cells from a given tissue (N = number of patients per tissue). True
cells are colored by their ground-truth cell type and simulated cells are colored by pseudo-cell
type labels, obtained by predicting cell types using a k-Nearest Neighbors classifier trained
on all cells in the test set.

our perturbation subtyping experiment, we created a "perturbed" subtype in which cell
types were present in equal proportions to their unperturbed counterparts, but with a slight
phenotypic shift in helper T cells, and an equal and opposite shift in CD8+ cytotoxic T cells.
Specifically, we added a constant to five of the latent dimensions for all helper T cells, and
subtracted this same constant from the same latents for CD8+ cytotoxic T cells in those same
samples. We chose this perturbation structure because it represents a case where averaging,
or pseudobulking, the sample would not be able to pick up on this shift due to the equal and
opposite effect of the two perturbations.

Results

If the model has learned meaningful patient representations, we expect the diffusion decoder—
which is conditioned on those representations—to generate sets of cells that closely resemble
a patient’s true cells. Thus, we ran inference on the evaluation set (10% of patients that
were not used to train scSet), decoding 500 cells per patient (the number of decoded cells
is arbitrarily set by the user). Starting from Gaussian noise at time step T = 1000, we
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Figure 5.3: Pearson correlations between true and reconstructed cell type proportions for
evaluation set patients from each tissue (the same patients shown in Figure 5.2). scSet
reconstructs a set of cells per patient which matches the relative proportions of cell types in
the true patient sample.

visualize via UMAP [160] the reconstructed cell profiles of patients grouped by tissue as
they are denoised over time steps in the diffusion decoder (Figure 5.2). Color-coding cells by
their cell types shows that for each tissue, the model generates the same cell types which
were present in the ground truth single-cell data, and in relatively similar proportions (the
Pearson correlation coefficient between the true and reconstructed cell type proportions for
each tissue was consistently high: 0.95 for lung, 0.97 for breast, 0.89 for heart, and 0.91
for blood). We include tables showing the true and reconstructed cell type proportions for
each tissue in Table 5.1, Table 5.2, Table 5.3, and Table 5.4. Note that since generated cells
have no ground truth cell type labels, we predicted instead pseudo-cell type labels from their
simulated profiles at t = 0 using a k-Nearest Neighbors classifier trained on the true cells
from these patients.

While Figure 5.2 and its associated tables show that the landscape of true cells for each
tissue matches the landscape of generated cells, we wanted to confirm that the patient
representations condition the model to generate patient-specific profiles, rather than simply
tissue-specific profiles. We calculated the Pearson correlations between the cell type propor-
tions vectors of the true and generated cells for each sample in a tissue, and observed that
the generated cell type distribution for a given patient is usually most strongly correlated
with the ground-truth distribution of cell types in the patient used for conditioning. We
visualize these results in Figure 5.3.

Finally, we qualitatively validate that the patient representations learned are reasonable.
First, we inspect the embeddings for 1,500 patient samples from the CELLxGENE Discover
Census. Coloring each patient sample by its tissue type, Figure 5.4 reveals that scSet
representations separate patient samples by their tissue origin, as expected. We next ran
hierarchical clustering on patient embeddings from our semi-synthetic data, and observed
that scSet can separate patients based on differences in cell type proportions (Figure 5.5a) as
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Table 5.1: Cell type proportions for true and scSet reconstructed lung samples. Limited to
30 most common cell types among true cells.

cell type synthetic proportions true proportions

macrophage 0.201715 0.201773
T cell 0.261124 0.187556
monocyte 0.119152 0.088269
type II pneumocyte 0.033254 0.071061
endothelial cell 0.043735 0.068700
fibroblast 0.042020 0.045328
natural killer cell 0.019104 0.044489
ciliated columnar cell of tracheobronchial tree 0.014721 0.040659
B cell 0.020867 0.038324
epithelial cell 0.064459 0.033209
dendritic cell 0.029967 0.028383
malignant cell 0.013530 0.026704
type I pneumocyte 0.010624 0.023661
neutrophil 0.005860 0.022848
plasma cell 0.004288 0.021982
mast cell 0.014960 0.017470
smooth muscle cell 0.003954 0.005168
pericyte 0.002620 0.004827
secretory cell 0.003859 0.004695
club cell 0.001810 0.004197
myeloid cell 0.002573 0.004013
nasal mucosa goblet cell 0.001906 0.003830
respiratory basal cell 0.000858 0.003095
lung ciliated cell 0.000048 0.002885
lung pericyte 0.000238 0.002308
lung goblet cell 0.000048 0.002020
neuron 0.000286 0.000944
ciliated cell 0.016246 0.000577
stromal cell 0.000667 0.000367
mesothelial cell 0.001048 0.000341
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Table 5.2: Cell type proportions for true and scSet reconstructed blood samples. Limited to
30 most common cell types among true cells.

cell type synthetic proportions true proportions

T cell 0.671453 0.407475
naive T cell 0.017003 0.168529
monocyte 0.161800 0.156635
natural killer cell 0.030631 0.122473
B cell 0.101011 0.064810
naive B cell 0.003179 0.040356
dendritic cell 0.011306 0.011751
platelet 0.000768 0.006774
plasmablast 0.000804 0.003751
T-helper 0.000009 0.003279
blood cell 0.000357 0.003261
T follicular helper cell 0.000071 0.002978
progenitor cell 0.000911 0.001455
erythrocyte 0.000170 0.001065
lymphocyte 0.000143 0.001038
thymocyte 0.000054 0.000916
plasma cell 0.000036 0.000687
IgG plasma cell 0.000009 0.000445
IgA plasma cell 0.000009 0.000427
double negative T regulatory cell 0.000009 0.000337
innate lymphoid cell 0.000036 0.000296
macrophage 0.000054 0.000225
IgA plasmablast 0.000161 0.000180
common lymphoid progenitor 0.000009 0.000180
megakaryocyte 0.000000 0.000166
ILC1, human 0.000000 0.000126
myeloid cell 0.000000 0.000117
IgM plasma cell 0.000000 0.000108
IgG plasmablast 0.000009 0.000085
megakaryocyte-erythroid progenitor cell 0.000000 0.000076
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Table 5.3: Cell type proportions for true and scSet reconstructed breast samples. Limited to
30 most common cell types among true cells.

cell type synthetic proportions true proportions

epithelial cell 0.270300 0.204534
fibroblast 0.139667 0.146364
T cell 0.158140 0.115783
endothelial cell 0.073285 0.092961
progenitor cell 0.079273 0.089614
basal cell 0.070646 0.079420
endothelial tip cell 0.070443 0.060402
luminal hormone-sensing cell of mammary gland 0.024259 0.046506
perivascular cell 0.017052 0.036515
pericyte 0.009541 0.022112
macrophage 0.046488 0.021452
smooth muscle cell 0.002436 0.018359
subcutaneous adipocyte 0.007917 0.014657
B cell 0.006293 0.008317
plasmablast 0.001827 0.007151
naive B cell 0.000812 0.005376
natural killer cell 0.001827 0.004970
monocyte 0.007714 0.004564
IgA plasma cell 0.000812 0.004311
dendritic cell 0.006192 0.003398
naive T cell 0.000000 0.002891
lymphocyte 0.000000 0.002434
myeloid cell 0.001320 0.002384
Tc1 cell 0.000000 0.001471
leukocyte 0.000000 0.001065
mast cell 0.002944 0.001014
contractile cell 0.000406 0.000710
IgG plasma cell 0.000203 0.000710
neutrophil 0.000203 0.000558

Table 5.4: Cell type proportions for true and scSet reconstructed heart samples. Limited to
30 most common cell types among true cells.

cell type synthetic proportions true proportions

fibroblast 0.232488 0.193614
endothelial cell 0.117873 0.151561
regular ventricular cardiac myocyte 0.144636 0.133050
pericyte 0.066325 0.113281
cardiac muscle cell 0.086572 0.110705
mural cell 0.033279 0.098604
regular atrial cardiac myocyte 0.082965 0.066016
myeloid cell 0.085408 0.046247
macrophage 0.072609 0.020128
smooth muscle cell 0.001280 0.018211
lymphocyte 0.041541 0.015755
T cell 0.023272 0.006110
cardiac neuron 0.001629 0.005931
epicardial adipocyte 0.002444 0.005871
monocyte 0.001513 0.005152
neural cell 0.001164 0.005092
mast cell 0.003258 0.001677
natural killer cell 0.000000 0.000839
dendritic cell 0.001745 0.000779
adipocyte 0.000000 0.000719
mesothelial cell 0.000000 0.000659
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Figure 5.4: UMAP visualization of the patient embeddings encoded via scSet, colored by
tissue type.
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Figure 5.5: Hierarchical clustering of semi-synthetic samples that were generated as part
of the (a) cell type composition subtype experiment or (b) cell type perturbation subtype
experiment. The left box shows that scSet embeddings for these semi-synthetic patients
cluster by subtype. The right box (c) shows that a simple Average embedding of the
perturbed patients do not cluster by subtype.

well as shifts in cell states, or phenotypes (Figure 5.5b). For the perturbation experiment,
we intentionally induced a perturbation that could not be detected between samples whose
cells had simply been averaged (since equal and opposite perturbations were imposed on
different cell types), highlighting that scSet can capture signal in its patient embeddings that
pseudobulk would not be able to (Figure 5.5c).

5.4.2 Clinical Prediction from Patient Representations

We evaluated our learned embeddings by using them as input to supervised models for
predicting patient-level phenotypes for the datasets described below in Section 5.4.2. Our
clinical prediction models are comprised of scSet’s transformer encoder, which aggregates
single-cell data into a patient-level representation via the [CLS] token, and an appended
prediction head, as described in Section 5.4.2.

116



Data & Tasks

HLCA. The human lung cell atlas (HLCA) [161] combines 49 datasets related to the human
respiratory system, integrating over 2.4 million cells from 486 individuals. In our "HLCA
triple" task, we train models to discriminate between the three most prevalent disease states
for lung tissue samples in this dataset: normal (n=216 samples), COVID-19 (n=82), and
pulmonary fibrosis (PF) (n=71). We use a 10-fold cross validation scheme and assign all
the patients from a given dataset to the same fold to avoid confounding by dataset-specific
batch effects. This setup requires the model to generalize across batches, and is significantly
more challenging than an ungrouped K-fold scheme, but better reflects a potential real-world
deployment setting for our model. We include results from a binary version of this task,
discriminating between normal and PF patients, in Appendix B.1.

SLE. The systemic lupus erythematosus (SLE) dataset [162] contains 1.2 million peripheral
blood mononuclear cells (PBMCs) from 162 patients with SLE and 99 healthy controls. We
train models to discriminate between SLE and healthy samples, and use a standard 10-fold
cross-validation scheme for evaluation.

COVID-19. The COVID-19 dataset [163] profiles transcriptomes of 624,325 peripheral
blood mononuclear cells from 24 healthy donors and 102 patients with varying severities of
COVID-19, ranging from asymptomatic to critical disease. We train models to discriminate
between COVID-19 and healthy samples, and use a standard 10-fold cross-validation scheme
for evaluation.

Each dataset was pre-processed to embed cells using the trained scVI model available
on CELLxGENE Census. The same 14 latent dimensions as used for pretraining scSet were
retained.

Baseline patient encoders

We compared our transformer-based encoder to multiple baseline encoders with varying
degrees of complexity: (i) Average takes a simple average of features across cells, as is
currently common practice when summarizing scRNA-seq to the patient level. (ii) Cell

type fractions and (iii) Cell type means summarize cell type level information, either
the fractions of cells in the sample assigned to each cell type, or the average of features for
cells of a given specific cell type, concatenated together for all cell types in the dataset. (iv)
Cell type fracs+means is the concatenation of the two. These cell type level summary
vectors have been shown to correlate with clinical features [132, 133], but require expert
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labeling of cell types in order to construct, thus representing an expert-engineered baseline.
(v) Kmeans cluster data into K clusters and concatenate the mean embeddings from each
cluster. The K-means is trained on the training set, with results from K=30 and K=60 shown
here. (v) Inspired by recent work from [164], scSet w/ flow decoder uses a flow-based
decoder during pretraining instead of a diffusion model. (vii) Finally, we compare to another
attention-based encoder, ABMIL [139], as recent work for supervised clinical prediction
from scRNA-seq employed this architecture [134, 139]. Of note, while ABMIL uses attention
to compute a parameterized weighted average of cells, it does not compute self-attention
between input cells as our transformer encoder does.

To tease apart the benefit afforded by the architecture of the encoder vs. our diffusion
pretraining, we included ablation baselines for each of the parametric encoders, evaluating the
performance of scSet and ABMIL encoders both with and without diffusion pretraining. This
ablation is conceptually similar to that which we ran for scBERT and scGPT in Chapter 4
(Section 4.2.3), and we believe this is an important ablation to run for any pre-trained
foundation model.

Prediction models.

We input the patient embeddings to 3 different prediction models: (i) Linear probe, an L2-
regularized logistic regression model, (ii) MLP, a simple multilayer perceptron with 2 hidden
layers and GELU activations [165], and (iii) Finetune End-to-End (FT-E2E), which uses
the MLP from (ii) but jointly finetunes the encoder and MLP end-to-end, allowing gradient
updates to propagate through both components to adapt the encoder’s representations for
the downstream task.

For the MLP-based prediction heads, we use a weighted cross-entropy loss to compensate
for class imbalance. Hyperparameter tuning was performed using nested K-fold validation,
with inner K=5 and outer K=10, as described in Section 5.4.2. Hyperparameter details are
provided in Section 5.7.1.

Metrics

We report the F1 score (↑) across folds, which balances precision and recall, making it suitable
for class-imbalanced settings. For multiclass tasks, we use the weighted F1 score, averaging
per-class F1 values weighted by the number of positives. Accuracy and AUC scores are
reported in Appendix B.1.

118



Table 5.5: Performance of scSet and baselines on clinical prediction tasks, as described in
Section 5.4.2. Average weighted F1-Scores across folds ± SEM are shown. Best performers
(by mean) are bolded.

Task COVID binary HLCA triple SLE

Supervised model linear
probe MLP FT-E2E linear

probe MLP FT-E2E linear
probe MLP FT-E2E

scSet .95±.02 .93±.02 .93±.02 .78±.06 .68±.07 .66±.08 .93±.02 .94±.01 0.95±0.01
scSet w/o diffusion .9±.03 .86±.02 .88±.03 .61±.06 .47±.08 .53±.09 .92±.02 .83±.04 .92±.02
scSet w/ flow decoder .9±.03 .71±.04 .87±.03 .57±.07 .43±.09 .57±.07 .87±.02 .76±.04 .92±.01
ABMIL w/ diffusion .87±.03 .83±.03 .85±.03 .62±.08 .57±.06 .52±.05 .87±.02 .9±.01 .92±.01
ABMIL w/o diffusion .88±.03 .86±.03 .84±.03 .57±.07 .38±.07 .52±.06 .87±.02 .82±.01 .9±.02
average 0.88±.02 .8±.04 .81±.04 .58±.07 .49±.06 .5±.05 .88±.02 .75±.03 .77±.03
cell type fractions .84±.02 .68±.04 N/A .6±.07 .51±.09 N/A .83±.02 .72±.03 N/A
cell type means .87±.03 .92±.03 N/A .73±.04 .68±.04 N/A .94±.01 .86±.03 N/A
cell type fracs+means .87±.03 .92±.03 N/A .72±.04 .7±.05 N/A .95±.01 .9±.02 N/A
kmeans30 .92±.03 .86±.04 N/A .77±.05 .63±.06 N/A .94±.02 .92±.02 N/A
kmeans60 .94±.02 .9±.02 N/A .79±.04 .66±.06 N/A .89±.02 .92±.01 N/A

Results

Across most tasks and prediction models, scSet outperforms all other encoders and ablation
models (Table 5.5). Our ablation baselines (scSet w/o diffusion and ABMIL w/o

diffusion) suggest that pretraining the encoder via our conditional-diffusion autoencoder
improves downstream supervised performance. Some of the strongest baselines were the cell
type-level summary vectors (Cell type means or Cell type fracs+means), which
require expert annotation of cell type labels to construct, making scSet a competitive
alternative that does not require cell type labels. The Kmeans baseline, which does not
require expert labels, was also quite strong, and as such, deep foundation models will need to
show utility over this baseline in order to warrant widespread adoption.

In real-world settings, clinically-labeled scRNA-seq cohorts are often small [159], and
thus a model that can improve predictive performance on small amounts of labeled data is
valuable. With this in mind, we evaluated each model’s performance when trained on just
25, 50, or 100 training samples per-fold. We repeated this experiment five times, each time
using a different random subset of data, and we report the mean and standard error of the
mean (SEM) across all random subsets and test folds. Even with limited training data, scSet
consistently outperforms the baseline models (Figure 5.6).

5.5 Discussion

Our results demonstrate that scSet effectively learns meaningful patient-level representations
from single-cell RNA sequencing data through a diffusion-based autoencoding framework. By
leveraging a transformer-based encoder to aggregate unordered single-cells, and employing a
conditional diffusion decoder to generate realistic cellular compositions, scSet provides a pow-
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Figure 5.6: With limited numbers of training samples, scSet still outperforms baseline
encoders on the COVID-19 and SLE prediction tasks. Error bars represent the standard
error, calculated over 5 random subsamplings of the training data for each of 10 folds.

erful and flexible method for patient-level modeling that elegantly circumvents the challenge
of autoencoding set-structured data. scSet embeddings prove useful for downstream clinical
prediction tasks, suggesting that scSet captures clinically relevant signals that generalize
across datasets. While we explored non-deep baselines which were also strong, such as the
Kmeans baseline, foundation models like scSet may provide improved patient embeddings in
terms of learning meaningful distances in the latent space and offering greater opportunities
for biological discovery through model introspection. Future work should more deeply probe
the relative benefits and costs of scSet compared to other strong baselines.

The introduction of self-supervised learning for patient-level representations from scRNA-
seq data mitigates the common issue of limited labeled datasets in biomedical applications.
By learning from large-scale unlabeled data, scSet can create pretrained representations
that transfer effectively to new clinical prediction tasks with minimal labeled data. This
approach is particularly advantageous for studying rare diseases or heterogeneous conditions
where labeled single-cell samples are scarce. Additionally, our framework is modular and can
incorporate different cell embeddings, making it adaptable to future advances in single-cell
representation learning.

5.6 Limitations and Future Work

While scSet presents a promising framework for patient-level representation learning, several
limitations remain. First, our current model is trained on cells represented by precomputed
scVI embeddings. While this allows for standardized inputs across datasets and mitigates
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batch effects, future work could explore end-to-end training of cell and patient embeddings,
potentially improving interpretability and performance.

Further analysis is needed to assess the contribution of the scVI cell embeddings to
the expressivity of the learned patient representations. We observed that conditioning
the denoising network on the average scVI embedding in a sample also enables realistic
cell reconstruction. While we confirmed that a transformer encoder provides benefits for
downstream clinical prediction tasks, future work could investigate whether a transformer
encoder provides significant advantages over simpler encoding schemes for the purposes of
single-cell simulation.

Our current approach conditions the generative diffusion model on patient representations
derived from scRNA-seq data, but this framework could be extended to generate single-cell
profiles conditioned on bulk RNA-seq profiles, patient characteristics, or single-cell data from
other modalities.

Additionally, as spatial scRNA-seq data becomes more widely available, future extensions
could integrate spatial information, which is often predictive of clinical outcomes [128, 166].

Finally, scSet and similar methods will be most valuable if they can offer biological insight,
rather than just black-box clinical prediction. To this end, future work shoud focus on model
interpretability, which has the potential to illuminate novel cell types and cell states that are
correlated with clinical outcomes.

5.7 Supplementary Methods

5.7.1 Hyperparameter tuning

For our scset model, which is made up of a transformer and a denoising diffusion network,
we used the following hyperparameters for the transformer: 4 transformer heads, 2 blocks
(layers) of transformers, batch size 32, and learning rate 10−3. We searched over the following
hyperparameters: number transformer heads {2, 4}; number transformer blocks {2, 3, 4};
batch size {16, 32, 64, 128}; learning rate {10−2, 10−3, 10−4}. We found that our choice of
batch size and learning rate significantly affected validation set denoising loss. While models
trained with different batch sizes converged to a similar loss by 200 epochs, we found that the
larger the batch size, the longer the model took to converge to this loss. We chose a batch
size of 32, to balance this behavior (which would suggest choosing the lowest batch size) with
efficient use of our GPUs (which are only partially utilized at lower batch sizes). Once the
batch size was fixed, a learning rate of 10−3 performed best. The number of transformer
heads and blocks did not meaningfully alter performance, so we settled on 4 heads and 2
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blocks to balance expressivity with avoiding overfitting and unnecessary complexity.
For the logistic regression in sklearn, we tuned the hyperparameter C over the following

values using nested cross-validation: [0.01, 0.1, 1, 10, 100, 1000, 10000, 100000, 1000000].

5.7.2 Compute environment

Models were trained on a single NVIDIA A100 80GB GPU, on a cluster with 504GB RAM.

5.7.3 Statistics

We ran each task on K held out test folds. We report the 95% confidence intervals for the
mean performance across these folds. To calculate these intervals, we determined the sample
mean (x) and sample standard deviation (s) for the performance metrics, then computed the
standard error of the mean (SEM) as s/

√
(n), where n is the number of runs (n=10). For

n=10, the t-value for a 95% confidence level is 2.262. The margin of error (ME) was obtained
by multiplying the t-value with the SEM. We reported 95% confidence intervals as x±ME.

5.8 Code Availability

Software and analysis code are publicly available at https://github.com/clinicalml/scset-2025.
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Chapter 6

Discussion

In this thesis, we explored and developed machine learning methods that enable biological
discovery and clinical predictions from scRNA-seq data. We first opened in Chapter 2 by
analyzing scRNA-seq data from a cohort of patients with multiple myeloma and its precursor
conditions. In addition to uncovering biomarkers at very early stages of disease, we gained
insight into the signal contained in scRNA-seq data as well as the challenges that hinder deeper
analysis, which we subsequently addressed through machine learning approaches. A significant
challenge identified in this initial analysis was that cell representations were dominated by
patient-specific signal, such that even cells from patients with similar clinical disease subtypes
were transcriptionally distinct, making it challenging to discover shared cellular phenotypes
across patients. We hypothesized that copy number variations may be the source of these
wide-scale transcriptional differences between cells from different patients, and in Chapter 3 we
introduce a generative model that disentangles CNV-driven expression from other biological
variation, enabling more interpretable, robust downstream analyses and facilitating cross-
patient comparisons. Subsequently, in Chapter 4, we investigated the emerging class of
single-cell foundation models that purport to learn richer cell representations than traditional
methods. Our findings revealed that current benchmarking tasks for evaluating these cell
representations lack sufficient complexity, as linear methods performed comparably to deep
foundation models. These results caution against premature adoption of complex models and
emphasize the necessity for rigorous benchmarking protocols. Finally, Chapter 5 presents
scSet, a transformer-based framework for patient-level prediction from scRNA-seq. scSet
introduces a self-supervised training approach that learns representations of patients based
on their constituent cells, thereby enabling outcome prediction even in settings with limited
labeled data. Collectively, these contributions are part of a broader vision: to design ML
models that are biologically grounded and ultimately capable of translating single-cell insights
into clinical action.
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Looking to the future, thoughtfully designed foundation models that learn cell and patient
representations have potential to significantly accelerate biological discovery, disease diagnosis
and prognosis, personalized medicine, drug discovery, and drug design. However, a substantial
gap persists between the current capabilities of these models and their potential real-world
impact.

Current architectures and training objectives for foundation models are predominantly
adapted from other domains such as natural language processing. The development of
models specifically tailored to biological data may improve performance and interpretability.
For example, the noise structure and technical artifacts present in scRNA-seq data differ
fundamentally from those in text data, necessitating specialized methods for noise reduction.
Furthermore, whereas words represent categorical features, gene expression manifests as
count values or, after normalization, continuous values. The tokenization strategy for
gene expression prior to modeling can significantly impact model efficacy and warrants
comprehensive exploration. Additionally, a crucial distinction between scRNA-seq data and
text lies in the absence of inherent sequential structure in the former, both between genes
in a cell (whose relationships are modeled when learning cell representations) and between
cells in a dissociated patient biopsy (whose relationships are modeled when learning patient
representations). Nevertheless, certain models such as scGPT [8] employ autoregressive causal
masking for training attention layers, a technique developed for sequential data. The efficacy
of autoregressive modeling for scRNA-seq merits deeper investigation. As the field matures,
the development of models which have been crafted specifically for biological data may offer
enhanced biological insight. As one example, graph based models [167] may be well suited to
capture the underlying relationships between cells and genes, and should be explored in the
future.

The quality of artificial intelligence systems fundamentally depends on their training data.
The challenge of limited labeled data is particularly acute in patient-level representation
learning, as much of the available transcriptional data lacks consistent clinical outcome
annotations. Single-cell datasets with clinical outcome annotations remain scarce and are often
siloed in independent clinical trials, many of which are not publicly accessible. In Chapter 4,
we addressed this challenge through a self-supervised approach to patient representation
learning. However, the development and release of large-scale, consistently annotated clinical
single-cell datasets would substantially enhance our capacity to extract patient-level insights.
Additionally, the integration of multimodal data—encompassing genomics, transcriptomics,
epigenomics, imaging, and clinical metadata—represents an exciting frontier for future
research. Furthermore, scaling laws for single-cell foundation models remain undetermined,
and the relationship between model expressivity, performance, and training dataset size
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constitutes an important area for investigation.
Robust benchmark tasks and datasets are essential for advancing single-cell foundation

models. As discussed in Chapter 4, the specific tasks that will benefit most—if at all—from
single-cell foundation models remain unclear. Our results demonstrated that linear models are
competitive with current foundation models for cell type annotation, and similar findings have
been reported for predicting cellular responses to perturbation [168, 169]. The application
of single-cell foundation models to decode gene regulatory networks represents a promising
direction for future research. However, since the ground truth gene regulatory network remains
unknown, the field must develop compelling benchmarks to measure progress effectively. For
both cell- and patient-level scRNA-seq foundation models, the field requires standardized
benchmark datasets with challenging tasks where simple models underperform, and with
pre-defined test sets comprising patients and studies not encountered during training. Such
benchmarks will facilitate clear and robust evaluation of model performance, generalization
capabilities, and clinical relevance.

The research presented in this thesis aims to develop methods that harness the rich signal
contained in patient data at single-cell resolution to yield biological discovery and clinical
insights. By developing methods that span from patient-specific biomarker discovery to
self-supervised patient representation learning, we have helped shape a growing discipline at
the intersection of single-cell genomics and clinical machine learning. These advances, while
significant, represent initial steps toward the ultimate goal of translating high-dimensional
molecular data into actionable clinical insights that improve patient outcomes and transform
precision medicine.
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Appendix A

Supplementary Data for Chapter 2
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Table A.1: A mapping between the sample IDs for the CD138+ cells analyzed in this study
and the corresponding sample IDs for the CD138- cells analyzed in Zavidij et al.

Zavidij2020_IDs Boiarsky2022_IDs
NBM-1 NBM-1
NBM-2 NBM-2
NBM-3 NBM-3
NBM-4 NBM-4
NBM-5 N/A
N/A NBM-6
N/A NBM-7
NBM-8 NBM-8
NBM-9 N/A
NBM-10 NBM-10
NBM-11 NBM-11
MGUS-1 MGUS-1
MGUS-2 MGUS-2
MGUS-3 MGUS-3
MGUS-4 MGUS-4
N/A MGUS-5
MGUS-6 MGUS-6
SMMl-1 SMM-1
SMMl-2 SMM-2
SMMl-3 SMM-3
N/A SMM-4
SMMh-2 SMM-5
SMMh-3 SMM-6
SMMh-4 SMM-7
N/A SMM-8
SMMh-6 SMM-9
SMMh-7 N/A
SMMh-8 SMM-10
SMMh-9 SMM-11
SMMh-10 SMM-12
MM-1 MM-1
N/A MM-2
MM-3 MM-3
MM-4 MM-4
MM-5 MM-5
MM-6 MM-6
MM-7 MM-7
MM-8 MM-8
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Table A.3: Quality metrics for scRNAseq samples, including whether the sample was fresh
or frozen, batch ID, n cells retained after removing low quality cells and non-CD138+ cells
(QC), and median UMI post-QC.

sample_ID sorting_tag fresh_or_frozen batch ncells_persample median_UMI
NBM-1 138P frozen batch 1 760 9020.5
NBM-2 138P fresh batch 2 857 13635
NBM-3 138P frozen batch 3 51 11979
NBM-4 138P frozen batch 4 160 14203
NBM-6 138P frozen batch 4 679 10909
NBM-7 138P frozen batch 4 1569 11542
NBM-8 138P frozen batch 5 1807 12053
NBM-10 138P frozen batch 5 2606 6280
NBM-11 138P frozen batch 5 840 9235
MGUS-1 138P frozen batch 6 133 9690
MGUS-2 138P frozen batch 4 136 7018
MGUS-3 138P frozen batch 3 371 14269
MGUS-4 138P frozen batch 6 62 9916.5
MGUS-5 138P frozen batch 6 53 6183
MGUS-6 138P frozen batch 3 82 22070.5
SMM-1 138P frozen batch 4 439 5076
SMM-2 138P frozen batch 4 1857 10147
SMM-3 138P frozen batch 3 349 27154
SMM-4 138P frozen batch 1 136 7250
SMM-5 138P frozen batch 3 40 9968
SMM-6 138P frozen batch 4 1140 8879
SMM-7 138P frozen batch 4 2049 12242
SMM-8 138P frozen batch 4 711 14195
SMM-9 138P frozen batch 4 1253 11935
SMM-10 138P frozen batch 3 67 20770
SMM-11 138P frozen batch 4 106 4196
SMM-12 138P frozen batch 3 284 6890
MM-1 138P frozen batch 4 2887 3553
MM-2 138P fresh batch 1 3414 7168
MM-3 138P frozen batch 2 950 23678.5
MM-4 138P fresh batch 2 591 21884
MM-5 138P frozen batch 4 1463 8415
MM-6 138P fresh batch 3 832 16172.5
MM-7 138P frozen batch 4 100 10287
MM-8 138P frozen batch 4 553 3178
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Table A.4: Full list of NMF signatures. List of top genes and descriptions for all 28
signatures discovered using Bayesian NMF.

signature description type top_genes
W1 unknown [’JUNB’, ’ZFP36’, ’NFKBIA’, ’IER2’]
W2 MM-1 patient specific [’MTDH’, ’HLA-A’, ’IFI27’, ’SNHG25’]
W3 t(11;14) associated [’CCND1’, ’TSC22D3’, ’RP5-887A10.1’,

’RGS13’]
W4 HLA class II [’HLA-DRA’, ’HLA-DRB1’, ’HLA-DPA1’,

’HLA-DPB1’]
W5 histones [’HIST1H1C’, ’HIST1H2AC’, ’HIST1H2BC’,

’KIAA0556’]
W6 unknown [’DUSP4’, ’GADD45A’, ’BTG2’, ’LAMP5’]
W7 MM-4 patient specific [’IFI6’, ’PTP4A3’, ’HLA-A’, ’LAG3’]
W8 t(14;20) associated [’ITGB7’, ’AC233755.2’, ’SPP1’, ’CCND2’]
W9 extracellular signaling [’LGALS1’, ’VIM’, ’ACTB’, ’S100A6’]
W10 RPL36A single gene [’RPL36A’, ’NBEAL1’, ’IFITM1’, ’LAMP5’]
W11 proliferation [’HIST1H4C’, ’STMN1’, ’TUBA1B’, ’HMGB2’]
W12 monocytic ambient contamina-

tion
contamination [’SAT1’, ’S100A9’, ’S100A8’, ’CRIP1’]

W13 FOS single gene [’FOS’, ’RPPH1’, ’ID1’, ’CDKL3’]
W14 unknown [’KLF6’, ’TSC22D3’, ’ANKRD28’, ’KLF2’]
W15 SMMh-5 patient specific [’AREG’, ’KLF4’, ’NEAT1’, ’CTA-292E10.6’]
W16 normal plasma cell signature [’CD27’, ’CD79A’, ’TXNIP’, ’JSRP1’]
W17 MM-5 patient specific [’EIF3L’, ’MYC’, ’RPL36A’, ’JUNB’]
W18 JUN single gene [’JUN’, ’FOSB’, ’EGR1’, ’IER2’]
W19 SMMh-4 patient specific [’CST3’, ’ITM2C’, ’MTDH’, ’TIMP1’]
W20 protein synthesis (ser/thr ki-

nase; elongation factors; pre/m-
RNA editing)

[’HNRNPH1’, ’PIM2’, ’C16orf54’, ’PHKG1’]

W21 HSPA5 single gene [’HSPA5’, ’CST6’, ’EPCAM’, ’HYOU1’]
W22 TMSB4X single gene [’TMSB4X’, ’PMAIP1’, ’LAPTM5’, ’FNBP1’]
W23 MM-3 patient specific [’FRZB’, ’CCL3’, ’CCL4’, ’DKK1’]
W24 interferon inducible [’ISG15’, ’MX1’, ’TNFSF10’, ’LY6E’]
W25 UBC single gene [’UBC’, ’C1GALT1C1’, ’SLC3A2’, ’LMF1’]
W26 unknown [’HLA-A’, ’ITM2C’, ’PRR15’, ’ACTB’]
W27 nuclear genes (opposite expres-

sion pattern to MALAT1)
[’NEAT1’, ’DDX17’, ’ANKRD12’, ’FOXO3’]

W28 CXCR4 & regulators [’CXCR4’, ’RGS1’, ’RGS2’, ’ICA1L’]
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Appendix B

Supplementary Data for Chapter 5

B.1 Full results for all clinical prediction tasks

Table B.1: Full set of results for the triple HLCA task. Average across folds ± SEM are
shown.

AUC Accuracy Weighted F1

linear
probe MLP FT-E2E linear

probe MLP FT-E2E linear
probe MLP FT-E2E

model

scSet 0.89±0.05 0.83±0.06 0.74±0.11 0.75±0.06 0.66±0.07 0.65±0.07 0.78±0.06 0.68±0.07 0.66±0.08
scSet w/o diffusion 0.73±0.07 0.71±0.05 0.72±0.07 0.61±0.05 0.45±0.07 0.51±0.08 0.61±0.06 0.47±0.08 0.53±0.09
scSet w/ flow decoder 0.73±0.07 0.66±0.06 0.73±0.07 0.58±0.06 0.49±0.09 0.55±0.07 0.57±0.07 0.43±0.09 0.57±0.07
abMIL w/ diffusion 0.71±0.07 0.7±0.05 0.71±0.05 0.65±0.08 0.53±0.06 0.48±0.06 0.62±0.08 0.57±0.06 0.52±0.05
abMIL w/o diffusion 0.71±0.07 0.68±0.05 0.73±0.05 0.58±0.06 0.39±0.06 0.49±0.06 0.57±0.07 0.38±0.07 0.52±0.06
average 0.71±0.06 0.62±0.05 0.64±0.05 0.62±0.07 0.44±0.05 0.46±0.04 0.58±0.07 0.49±0.06 0.5±0.05
cell type fractions 0.79±0.04 0.74±0.1 NaN 0.58±0.06 0.47±0.09 NaN 0.6±0.07 0.51±0.09 NaN
cell type means 0.9±0.03 0.84±0.05 NaN 0.7±0.04 0.63±0.04 NaN 0.73±0.04 0.68±0.04 NaN
cell type fracs+means 0.9±0.03 0.8±0.06 NaN 0.7±0.04 0.66±0.05 NaN 0.72±0.04 0.7±0.05 NaN
kmeans30 0.92±0.05 0.83±0.08 NaN 0.76±0.05 0.58±0.07 NaN 0.77±0.05 0.63±0.06 NaN
kmeans60 0.9±0.03 0.79±0.07 NaN 0.78±0.04 0.63±0.07 NaN 0.79±0.04 0.66±0.06 NaN

Table B.2: Full set of results for the SLE task. Average across folds ± SEM are shown.

AUC Accuracy Weighted F1

linear
probe MLP FT-E2E linear

probe MLP FT-E2E linear
probe MLP FT-E2E

model

scSet 0.98±0.01 0.98±0.01 0.99±0.0 0.93±0.02 0.94±0.01 0.95±0.01 0.93±0.02 0.94±0.01 0.95±0.01
scSet w/o diffusion 0.98±0.01 0.95±0.02 0.97±0.01 0.92±0.02 0.84±0.03 0.92±0.02 0.92±0.02 0.83±0.04 0.92±0.02
scSet w/ flow decoder 0.95±0.01 0.88±0.02 0.97±0.01 0.87±0.02 0.77±0.04 0.92±0.02 0.87±0.02 0.76±0.04 0.92±0.01
abMIL w/ diffusion 0.95±0.01 0.95±0.02 0.96±0.01 0.87±0.02 0.9±0.01 0.92±0.01 0.87±0.02 0.9±0.01 0.92±0.01
abMIL w/o diffusion 0.94±0.01 0.91±0.01 0.97±0.01 0.87±0.02 0.82±0.01 0.9±0.02 0.87±0.02 0.82±0.01 0.9±0.02
average 0.95±0.01 0.87±0.02 0.86±0.04 0.88±0.02 0.75±0.03 0.77±0.03 0.88±0.02 0.75±0.03 0.77±0.03
cell type fractions 0.93±0.01 0.79±0.04 NaN 0.83±0.02 0.73±0.02 NaN 0.83±0.02 0.72±0.03 NaN
cell type means 0.98±0.01 0.93±0.02 NaN 0.94±0.01 0.86±0.03 NaN 0.94±0.01 0.86±0.03 NaN
cell type fracs+means 0.99±0.0 0.96±0.01 NaN 0.95±0.01 0.9±0.02 NaN 0.95±0.01 0.9±0.02 NaN
kmeans30 0.98±0.01 0.97±0.01 NaN 0.94±0.02 0.92±0.02 NaN 0.94±0.02 0.92±0.02 NaN
kmeans60 0.98±0.01 0.98±0.01 NaN 0.89±0.02 0.92±0.01 NaN 0.89±0.02 0.92±0.01 NaN
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Table B.3: Full set of results for the binary COVID task. Average across folds ± SEM are
shown.

-1cm-1cm
AUC Accuracy Weighted F1

linear
probe MLP FT-E2E linear

probe MLP FT-E2E linear
probe MLP FT-E2E

model

scSet 0.98±0.01 0.98±0.02 0.98±0.01 0.95±0.02 0.93±0.02 0.92±0.02 0.95±0.02 0.93±0.02 0.93±0.02
scSet w/o diffusion 0.95±0.02 0.96±0.02 0.82±0.1 0.9±0.02 0.86±0.02 0.88±0.03 0.9±0.03 0.86±0.02 0.88±0.03
scSet w/ flow decoder 0.93±0.02 0.79±0.04 0.94±0.05 0.89±0.03 0.75±0.02 0.86±0.03 0.9±0.03 0.71±0.04 0.87±0.03
abMIL w/ diffusion 0.92±0.03 0.86±0.06 0.88±0.06 0.88±0.03 0.83±0.03 0.85±0.03 0.87±0.03 0.83±0.03 0.85±0.03
abMIL w/o diffusion 0.93±0.03 0.92±0.03 0.9±0.04 0.89±0.03 0.85±0.03 0.86±0.02 0.88±0.03 0.86±0.03 0.84±0.03
average 0.94±0.02 0.85±0.03 0.86±0.04 0.88±0.02 0.79±0.04 0.79±0.05 0.88±0.02 0.8±0.04 0.81±0.04
cell type fractions 0.89±0.04 0.61±0.06 NaN 0.85±0.02 0.67±0.04 NaN 0.84±0.02 0.68±0.04 NaN
cell type means 0.96±0.02 0.97±0.02 NaN 0.88±0.02 0.93±0.03 NaN 0.87±0.03 0.92±0.03 NaN
cell type fracs+means 0.96±0.02 0.97±0.02 NaN 0.88±0.02 0.91±0.03 NaN 0.87±0.03 0.92±0.03 NaN
kmeans30 0.95±0.02 0.9±0.04 NaN 0.92±0.02 0.87±0.04 NaN 0.92±0.03 0.86±0.04 NaN
kmeans60 0.96±0.01 0.97±0.02 NaN 0.94±0.02 0.9±0.02 NaN 0.94±0.02 0.9±0.02 NaN

Table B.4: Full set of results for the binary HLCA task. Average across folds ± SEM are
shown.

AUC Accuracy Weighted F1

linear
probe MLP FT-E2E linear

probe MLP FT-E2E linear
probe MLP FT-E2E

model

scSet 0.78±0.06 0.81±0.06 0.85±0.03 0.78±0.06 0.87±0.04 0.83±0.06 0.76±0.09 0.87±0.04 0.83±0.06
scSet w/o diffusion 0.64±0.09 0.58±0.1 0.71±0.08 0.8±0.07 0.71±0.07 0.81±0.06 0.77±0.09 0.73±0.06 0.82±0.06
scSet w/ flow decoder 0.47±0.09 0.48±0.15 0.73±0.04 0.81±0.07 0.72±0.1 0.84±0.04 0.75±0.09 0.67±0.11 0.85±0.04
abMIL w/ diffusion 0.59±0.06 0.66±0.08 0.68±0.06 0.79±0.07 0.77±0.07 0.79±0.05 0.74±0.09 0.78±0.07 0.78±0.06
abMIL w/o diffusion 0.46±0.13 0.58±0.11 0.45±0.09 0.81±0.07 0.7±0.07 0.7±0.07 0.75±0.09 0.7±0.08 0.7±0.07
average 0.51±0.12 0.64±0.12 0.48±0.06 0.81±0.07 0.69±0.06 0.63±0.04 0.75±0.09 0.73±0.06 0.67±0.05
cell type fractions 0.81±0.07 0.53±0.08 NaN 0.79±0.07 0.7±0.06 NaN 0.77±0.09 0.73±0.07 NaN
cell type means 0.9±0.07 0.82±0.06 NaN 0.86±0.04 0.72±0.07 NaN 0.85±0.05 0.76±0.06 NaN
cell type fracs+means 0.9±0.06 0.81±0.08 NaN 0.86±0.04 0.79±0.04 NaN 0.85±0.05 0.82±0.04 NaN
kmeans30 0.9±0.04 0.82±0.04 NaN 0.88±0.03 0.87±0.04 NaN 0.89±0.03 0.87±0.04 NaN
kmeans60 0.92±0.04 0.86±0.03 NaN 0.87±0.04 0.82±0.03 NaN 0.86±0.04 0.83±0.04 NaN
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