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ABSTRACT OF THE DISSERTATION

Data-Augmentation for Single-Cell Transcriptomics and Multi-Omics
By
Matthew K Karikomi
Doctor of Philosophy in Mathematical, Computational and Systems Biology
University of California, Irvine, 2023

Professor Qing Nie, Chair

With the advent of single-cell transcriptomics and epigenomics, the goals of experimental biology
have shifted toward interpretation of the global response to well-defined experimental perturbations.
These investigations have two descriptive components: 1) the identification of cells and 2) how
the interactions between these units (both individually and collectively) shape this identity. In
many cases, these problems involve the identification of unknown biological patterns at multiple
scales. This hierarchy of unknowns results in a chicken-or-the-egg problem that I will address
through techniques that operate directly on well-defined transformations of raw data, an approach
commonly referred to as “data-augmentation”. The relationship between these contributions closely
follows the above biological goals: By necessity, the fulfilment of (1) involves measurements are far
noisier than traditional techniques which are both more accurate and more limited in the scope of
variation they reveal. In this context, (2) introduces extra challenges: it requires accurate, low-
noise input, but also benefits from prior knowledge in order to improve its prediction of physically-
constrained interactions. I address the problem (1) of denoising in scRNA-seq by developing an
iterative imputation algorithm and demonstrate its facilitation of the cell-cell communication (CCC)
inference problem posed by (2). I also introduce a data-mining tool whose ability to mine and
annotate machine-readable knowledge graphs greatly facilitates the parameterization of existing
CCC inference pipelines. Finally, I explore strategies for the prediction of adaptive inflammatory

response through global alterations in the coupling of transcription and accessibility.

x1



Chapter 1

scRNA-seq Imputation and bulk

RN A-seq Deconvolution

1.1 Introduction

Single-cell library-preparation and sequencing technology has brought about revolution in biology
driven by the adaptation of existing measurement techniques and observation modalities [115]. This
technology deliberately prioritizes breadth over depth with respect to the feature space. These op-
portunities and challenges that characterize all single-cell modalities were initially explored and
documented for single-cell RNA sequencing (scRNA-seq) [115]. The biggest challenges include the

presence of batch effects and dropout in scRNA-seq [48, 43].

Both dropout and batch effects represent platform effects whose structure encompasses non-biological
variation across both the features and observations of a dataset [43]. These effects can be handled
both implicitly and explicitly by computational methods allowing for varying degrees of modularity

in bioinformatics pipelines [81, 7, 34].



1.2 Solutions to Dropout

1.2.1 Overview of Method Classes

There are two broad axes of comparison for existing solutions to dropout: the first axis differentiates
between methods that seek to represent dropout within the mathematical framework of an existing
analysis ”endpoint”, such as differential gene expression, vs methods which directly impute missing
reads. The second axis differentiates methods whose mathematical representation encompasses

single (scRNA-seq) dataset, vs those methods which utilize multiple, complementary datasets.

1.2.2 Integrated-Endpoint vs Standalone Imputation Solutions

Integrated-endpoint approaches can be classified by the stage at which dropout is addressed and
we briefly introduce them in order of increasing distance from the original data, with respect to the
overall processing pipeline. The pooling approach implemented scran R package used a hierarchical
model of sparsity to address biological sources of dropout at the normalization stage [69]. The
SCDE and ZINB-WAVE packages explicitly account for dropout at the differential-expression stage
[112, 58]. Finally, ZIFA [94], URSM [127], CIDR [79], and scVI [81] represent dropout within a
dimensionality-reduction framework: ZIFA utilizes a probabilistic version of PCA, URSM utilizes
a topic-modeling approach, CIDR uses principle-coordinate analysis similar to ZIFA but which
imputes zero reads while fitting the linear model, DrImpute clusters the cells and then averages

their reads [34], and scVI learns a non-linear manifold.

Standalone methods for addressing dropout directly impute the missing data without completing
an endpoint task such as clustering. These approaches seek to provide the same benefits for
downstream analysis afforded by the above approaches, in addition to supporting the use of existing
tools that themselves do not explicitly represent dropout in the raw data, such as basic network
inference pipelines [49]. Standalone imputation methods can be broadly classified into those which

adopt a discriminative, regression-like approach, vs those that do not. Among methods of the first



group, ScImpute [78], VIPER [18], and SAVER [47] fit a sparse regression model whose response is
the observed expression value, with both Sclmpute and VIPER using a non-negative least squares
objective, while the latter fits a hierarchical model via empirical Bayes. A more holistic approach
to the problem these methods address, namely the prediction of many genes via sparse regression,

is the low-rank matrix completion approach of SCRABBLE [92].

1.2.3 Single vs Multiple-Dataset Solutions

Among the above methods, only URSM and SCRABBLE utilize multiple datasets. Both of these
methods make two strong assumptions regarding the source of complementary data: first, the data
must be derived from bulk sequencing on a biological sample whose tissue/organ or origin and
developmental state are identical to the scRNA-seq data. Second, the bulk sequencing is assumed
to be free of dropout. Fortunately, both of these conditions are easily satisfied: bulk mRNA
sequencing is a mature technology with thousands of high-quality datasets over the last 15 years
[104], bulk sequencing provides greater read depth and immunity to biological sources of dropout

such as stochastic gene expression, due to averaging [58, 116].

1.3 DURIAN

1.3.1 Imputation By Multiple Dataset Integration: Intro to DURIAN

The utilization of bulk data in SCRABBLE takes the form of a multiple regression objective rep-
resenting the difference between the average over all cells of the imputed single-cell data and the
average over all samples of the normalized bulk 1.3. The utilization of bulk data in the URSM
generative model takes the form of the reference distribution for simulating pre-dropout reads in
the single-cell data. Based on these ideas, we introduce DURIAN (Deconvolution and mUItitask-

Regression-based ImputAtioN), a method which addresses two important limitations of these exist-



ing multi-dataset methods. First, we improve the efficiency of bulk data utilization in SCRABBLE
by taking the cell-type profile of the bulk into consideration, turning the third term of the objective
(eq.1.3) into a multivariate loss. Second, we retain the Bayesian topic model framework of URSM,
while removing the fully-generative framework. This allows greater parameter efficiency, and the
option to perform rapid analysis of data when full posterior distribution of the individual reads is

not required.

Input for DURIAN includes a single-cell data set and a second bulk (or pseudobulk) data set (Fig.
1.1a,b). At each iteration, DURIAN first computes the deconvolution, an estimate of the percentage
of each celltype in the bulk data (Fig. 1.1c). Either Gibbs sampling or non-negative regression may
be used for deconvolution, depending on the research priority and available metadata. The scheme
under this modular approach is outlined in alg. 1-2, following notation provided in Supplemental
Methods. Regardless of algorithm selection, deconvolution of the bulk data is supervised by the
original single-cell data during the first iteration, and by the current single-cell imputation estimate
during all subsequent iterations. Following deconvolution, the deconvolution map is constructed
(Fig. 1.1d). The deconvolution map converts the current imputation estimate to a pseudobulk
reference for the observed bulk data via the deconvolution estimate (”Supplemental Methods”).
Next, the imputation objective is updated based on the deconvolution map and the minimum-rank
imputation estimate is computed (Fig. 1.1e). This imputation is constrained by the difference be-
tween the continuously-updated pseudobulk reference and the observed bulk data (”Supplemental
Methods”). The next DURIAN iteration then begins with deconvolution of the bulk (Fig. 1.1c),
supervised by the newly imputed single-cell data. Stopping criteria are satisfied when the opti-
mized objectives of two successive DURIAN iterations are within tolerance, or a maximum number
of iterations has been performed. Empirically, this scheme leads to correlated improvement in both
imputation and deconvolution as DURIAN converges (Fig. 1.2). The final output includes both
the final deconvolution of the bulk data and the imputed single-cell data (Fig. 1.1fh). Direct
applications of this output include inference of inter-cellular communication networks (Fig. 1.1g),

based on complete data.



1.3.2 Iterative Imputation Scheme

Imputation of single-cell data in DURIAN fits a convex optimization objective utilizing a tissue-
matched bulk dataset to improve accuracy. Here © represents the deconvolution of the bulk data
W (eq. 1.1), which is initialized using raw single-cell data, and based on the imputation estimate
X during subsequent iterations. Once © is estimated, I update the deconvolution map S, a matrix
whose individual columns represent the pseudobulk reference for the corresponding bulk sample in
W (eq. 1.2). Finally, dropout reads in X are imputed based on the singular-value thresholding
scheme described in [15], which is closely related to the ADMM implementation described in [92].
In contrast to SCRABBLE, I utilize a deconvolution map to pull information from celltype-specific
gene expression signatures in the bulk data via the third term in eq. 1.3. In particular, the
parameter [ (eq. 1.3) penalizes the discrepancy between the expression levels X estimated by
imputation and observed bulk data W. I also include the standard parameters for convex matrix
completion [15, 92] in eq. 1.3: the parameter « penalizes the rank of the imputed data X, and
the parameter v controls the ADMM learning rate. Mathematical details of the two deconvolution
approaches I address under this scheme (including our novel topic-model), in addition to pseudocode

for DURIAN under these two approaches, are provided in the Supplemental Methods.

6 = deconv (W, X) (1.1)

1 cell 7 is of type j (1.2)
0 otherwise

. /1
X = argmin <2HPQ(X) — Xo||%
X>0

+all x|l + 8115 - W)



1.3.3 Deconvolution

DURIAN alternates between two basic “stages”: imputation and deconvolution. Because the im-
puted data is treated as fully-observed during deconvolution, while the deconvolution (via the de-
convolution map) is treated as fully-observed during imputation, these two stages are fully modular
and mathematically independent from each other. To illustrate this point, I implement two alterna-
tive deconvolution approaches: an LDA-based topic model (alg. 1), and non-negative least-squares
(alg. 2). In addition to demonstrating the adaptability of our model, these two deconvolution
approaches offer complementary benefits for single-cell reference data: the regression-based ap-
proach is based on the MuSiC deconvolution [118] algorithm which automatically performs batch
correction based on inter-sample variation in the reference data. However, this approach requires
multiple biological donor subjects, which are not always available. In contrast, our implementation
of LDA makes no assumptions about sample origin, and can be used in cases where only a single

biological replicate is available, or when sample origin is unknown.

1.3.4 Deconvolution via Topic-Model

To allow scalable deconvolution of large data sets, I introduce an exact, distributed implementation
of stwdLDA that runs faster than the originally-described model (introduced for processing of
natural-language text) without sacrificing accuracy. Deconvolution of the bulk data in DURIAN
fits a mixture model using a matched single-cell dataset. I define a semi-supervised generative

model based on standard latent dirichlet allocation [12].

In the deconvolution of bulk transcriptomic data, the composition of each sample corresponds to
biological celltypes. In this context, the use of a known expression profile serves three purposes:
first, it allows DURIAN to be utilized in modular fashion alongside state of the art unsupervised
clustering methods, to identify celltypes of interest prior to imputation. Second the use of these
celltype profiles imposes a constraint that makes deconvolution and imputation by DURIAN re-

peatable, in contrast to unsupervised topic models such as NMF (without a sparsity constraint) or



standard LDA which suffer from non-identifiability [99, 45, 109]. The third benefit of using known
celltype expression profiles is that deconvolution is more scaleable on multiple bulk samples, which
can be deconvoluted in parallel due to D-separation between the individual bulk samples [39], al-
lowing the celltype assignment of reads from distinct bulk samples to be sampled independently.
I therefore refer to our implementation of Gibbs sampling for the stwdLDA model as distributed,

static topic word distribution LDA (dsLDA).

1.3.5 dsLDA Likelihood and Posterior Distribution

The model for dsLDA is based on the bulk read likelihood, where each read is assigned a ‘celltype’.
The entire bulk sample of reads is then a mixture of various celltypes and their ratios are the latent
composition of the tissue, aka the “deconvolution”. I can now give the likelihood for a sample of
bulk reads w,,, when the single-cell signature for celltype k is taken as the concentration parameter
B on the bulk celltype gene distribution ¢y, and ® is the G x K matrix representing the single

cell references of K celltypes, over G genes:

N,
p(wma Zm; 0m|(1)) = Hp(wm,i|¢zm,i)p(zm,i|0m)p(0m’a) (1'4)
=1

In order to perform the deconvolution of W, I sample the latent celltype associated with each read
until the Brooks-Gelman criteria are satisfied [14] and take the MAP estimate of the © as the

median of the highest density interval of MCMC samples.

The celltype assignment, which is drawn from the latent celltype proportion matrix 6,,, is solely
dependent on the local statistics underlying the mixture of celltypes in the current bulk sample: the
count ngf) of reads in the current sample assigned to celltype k. The second part of the conditional

expresses how inference of the celltype giving rise to the current read relies on shared information



between samples. The likelihood p(wy,; = g) of a read given celltype k is:

( ) ”/(cglz + Br.g
29:1 nl(cglz + Br,g

(1.5)

Marginalization of 6,, allows sampling of the posterior for z,, via histogram representation of

P(Wim, zm) [36, 100], giving rise to the “collapsed” explicit representation of stwdLDA [39]:

n(k) Qg

m,—

k
et niy + x| —1

P(2m,i = k|z-i, w) O (1.6)
Observation of ¢, (the single-cell gene expression profiles) makes the assignment vectors for any two
bulk samples z,,, 2,/ : m # m/ independent from each other. I exploit this so-called d-separation
between bulk samples (alg. 1) by sampling all bulk samples simultaneously, greatly accelerating

deconvolution compared to previous approaches [39].

1.3.6 Deconvolution via W-NNLS

I used the MuSiC implementation of weighted non-negative least-squares [118] as a high-efficiency
alternative to dsLDA. As in eq. 1.4 above, each column ¢, of the reference matrix ® represents
the relative expression levels of all genes in celltype k. The latent celltype proportions 6., in eq.
1.7 are solved via the Lawson-Hanson NNLS algorithm during iterative update of the latent scaling

factors @, [118]. Due to its dependence on the variance across bulk samples, & inherantly deals

with batch effects [118].

0., = argmin (||diag(dm)(1iym - <1>ém)||g) (1.7)
«,60>0



1.3.7 DURIAN Iterative Algorithm

Our approach alternates between fitting the dsLDA mixture model to compute the mtSCRABBLE
objective and optimizing the mtSCRABBLE objective (D-step and the I-step, respectively). During
the initial D-step, the unimputed scRNA-seq data used as the signature for the deconvolution
of the bulk. The subsequent I-step utilizes A based on this deconvolution, and estimates the
imputed scRNA-seq data X. Starting with the next D-step, all deconvolutions ©;,; utilize the
imputed scRNA-seq Xj. During the I-step, the penalty parameter § controls how closely the

current imputation is required to match the current deconvolution estimate.

Algorithm 1: DURIAN [dsLDA]

Initialize: X « X;

while X not converged do

Update: ® «+ X, W;

for each bulk sample j in parallel do
Sample z,,; with global static P
Update: Ny, N;

end

Update: Ny, < Ny + Zp(ij — Ny);

Update: O « Nj, Ny;

Update: S+ O,W,X;

Optimize: X;

end




Algorithm 2: DURIAN [MuSiC]

Initialize: X « X;

while X not converged do

Update: & «+ X, W;

while & not converged do
Update: © « X, W, a;
Optimize: &;

end

Update: S+ O, W, X;

Optimize: X;

end

1.3.8 Empirical Convergence Properties of DURIAN

The framework of DURIAN relies on an iterative scheme: the imputation stage treats the deconvo-
lution map (reflecting the estimated celltype percentages of the bulk) as known, while deconvolution
stage treats the current imputation estimate of the single-cell data as known. It thus remains to
be shown that during successive DURIAN iterations, the deconvolution and imputation estimates
are jointly improving. In Fig. 1.2, I show a 2-dimensional histogram of the scaled iteration-by-
iteration mean error for down-sampled and splatter simulated runs in Fig. 1.3a, for all replicates
corresponding to the two highest dropout rates in each strategy. Because each simulated replicate
contains completely different cells, and each down-sampled replicate contains a completely different
subset of the original pancreatic data, I adopted the following scaling approach for both mean and
L2 error: |(y; — yr)/(y1 — yr)|, where yi,ys, yr represent the value of the statistic at initiation
(unimputed data), at iteration ¢ and at convergence, respectively. For each respective strategy (e.g.
down-sampling, dsLDA deconvolution) the histogram in the top facet of Fig. 1.2a contains binned
imputation error for all replicates and the histogram in the bottom facet directly below it contains
the binned deconvolution error (RMSE) for the predicted celltype x bulk sample matrix vs known,

for the same replicates. Regardless of synthetic data strategy or deconvolution method, these his-
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tograms suggest that as DURIAN approaches convergence, each successive round of imputation

benefits from the previous round of deconvolution, and vice versa.

1.3.9 Imputation benchmarks for down-sampled and synthetic data

I compared the performance of DURIAN to existing imputation methods using two standard bench-
marking approaches: down-sampled scRNA-seq data to introduce zeros at known locations [78, 92],
and simulating single-cell data via the Splatter method [125]. For each benchmarking strategy I
compare the performance of six algorithms: DrImpute [34], SCRABBLE [92], URSM [127] (scaled
posterior celltype distributions as described in Methods), mtSCRABBLE (a single iteration of
DURIAN with a deconvolution map based on the known celltype percentages in the bulk), DURIAN
[MuSiC], and DURIAN [dsLDA]. The performance of both DURIAN and SCRABBLE is dependent
upon the optimization parameters a,3, and «y (see Methods). In both methods, the o parameter
governs the relative importance of low-rank, which favors smaller numbers of implicit cell clusters,
and v determines the relative rate of convergence (ADMM step-size). In DURIAN, the  parame-
ter uniquely controls the relative importance of the deconvolution in the imputation estimate. For
each benchamarking task below, I provide results for DURIAN, mtSCRABBLE, and SCRABBLE
which utilize a moderate 5 = le — 6 value, and a high § = 1le — 5 value. The high value forces the

imputation to lean more on celltype information present in the bulk data.

1.3.10 Benchmarking with Down-Sampling

Down-sampling is a common strategy for imputaion benchmarking which takes real single-cell
expression data as input, and subsequently sets individual entries to zero [78, 92]. Previous down-
sampling benchmarks utilized a constant gene-wise dropout probability across single-cell donors,

which does not reproduce the batch-related dropout effects introduced via the separate sequenc-
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ing of biological replicates, which has previously been reported as a common source of technical
bias [44]. I resolve this issue by utilizing donor-specific dropout rates rather than imposing a sin-
gle, gene-wise dropout probability. Our approach sets the observed value to zero with probability
p = eacp(—)\;ﬁ; j) where Z, ; is the mean expression of gene g in single-cell donor j. Here A repre-
sents the dropout rate, given the single-cell sample, where lower values of A correspond to higher
dropout rates. For each of three dropout rates (A = le — 5,5e¢ — 6, 1le — 6), I ran imputation on
50 data replicates each composed of 1000 randomly selected genes and 800 randomly selected islet
(alpha/beta/gamma/delta/epsilon) cells taken from published single-cell data from healthy adult
human pancreatic tissue [10]. In this tissue, the differentiated celltypes provide a strong foothold for
deconvolution [118], and this represents the best-case test for DURIAN’s performance compared to
other methods. In the top ("Down-Sampling”) horizontal facet of Fig. 1.3a I present the cell-wise
mean imputation error (log RMSE) and the corresponding spectral (L2) norm of imputation error
in the top facet of Fig. 1.4. In each case, the average sparsity of the three tested A values is shown

in the second-level horizontal facet of Figs. 1.3,1.4.

For all three levels of down-sampling, DURIAN achieves a lower mean error than other methods,
regardless of the sparsity of the unimputed data, or the method of deconvolution employed (Fig.
1.3a and tables 1.1,1.2). Each data point in Fig. 1.3a represents the log mean error across the
entire data set. To better see how the error may relate to the underlying celltype, the mean across
all genes in each individual cell for a single, representative down-sampled replicate is depicted
graphically in Fig. 1.3b. Here, a single, unimputed replicate from the maximum dropout group
(A = le — 6, mean sparsity 0.908) was embedded via UMAP [87] and each cell is colored according
to the error resulting from each of the imputation methods. In Fig. 1.3b I can see that DURIAN is
more resistant than other methods to celltype related bias in dropout, as depicted by the relatively
uniform coloring of the UMAP embedding. In contrast, both DrImpute and SCRABBLE show
much higher celltype dependent error in the left-most lobe of the UMAP embedding, while URSM

shows higher celltype dependent error in the right-most lobe of the embedding.
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In contrast to the average error, which provides a domain-agnostic picture of how well imputation
performs regardless of underlying celltypes or the individual genes, the L2 error (the largest singular
value of the error matrix) shows how consistent the imputation is when considering system-level
relationships between genes across all populations, represented by the inherent low-dimensional
structure of the data [5]. I found that DURIAN’s measured improvement with respect to the other
approaches, across multiple benchmarking strategies, was statistically significant (tables 1.7,1.8).
For down-sampled data in particular, I found that for individual dropout levels DURIAN achieves
significantly lower L2 error when the 3 parameter is increased from le — 6 to le — 5 (Fig. 1.4a
and tables 1.3,1.4). For very sparse data (corresponding to A = le — 6) DURIAN’s L2 error is
significantly lower than all other methods when g is increased forcing the imputation estimate to
rely more heavily on celltype information present in the bulk, which DURIAN obtains via decon-
volution (tables 1.3,1.4). For the two lower dropout levels, the L2 error of DURIAN is second only
to Drlmpute. These results also show that our novel topic-model based deconvolution approach
(dsLDA) provides a slight advantage in L2 error rate at lower dropout levels. A complementary
perspective to the cell-specific L2 error across genes, is the gene-specific average error across cells
via an adaptation of the MA plot for bulk sequencing [97]. Each of the facets of Fig. 1.4b show the
gene-wise error of the true vs imputed version of a single down-sampled replicate for the respective
method. For each method, log ratio of true vs imputed gene-wise average over the log average of
true and imputed gene-wise counts is plotted, with over-estimates highlighted in red and under-
estimates highlighted in blue, with error threshold of +2. These plots clearly show that DURIAN’s
use of celltype expression profiles in the bulk prevent over-estimation observed in SCRABBLE, a

trend which was also reported previously [92].

1.3.11 Benchmarking on Synthetic Data

In contrast to the down-sampled pancreatic data above, a continuum of very closely related cell-
types, in addition to batch effects provides a worst-case example of DURIAN’s performance relative

to other methods. In this benchmark, batch effects separate simulated single-cell samples as well

13



as the simulated bulk samples. These challenges are compounded by the decreased distinction
between individual celltypes based on a poorly-differentiated lineage. The splatter R package [125]
implements a zero-inflated generative model of single-cell library simulation. This model is a stan-
dard platform for assessing the effects of biological and technical noise which has been repeatedly
validated [70, 101, 84]. T used splatter to simulate 50 single-cell data sets, each composed of 1600
cells and 1000 genes, from four celltypes in a simulated lineage, subject to dropout rates defined by
the logistic midpoint parameter (¢ = 4.5, 5.5,6.5), where higher values of xy correspond to higher
dropout rates. I used splatter’s batch effect model to generate four batches for each simulation and
reserved two batches each for the single-cell and pseudobulk data. For each simulated replicate, the
two pseudobulk samples were constructed by taking the mean across all cells bearing their respec-
tive batch ids. Like the down-sampling approach above, I present the cell-wise mean imputation
error (log RMSE) in the bottom facet of Fig.1.3a and the corresponding L2 error in the bottom
facet of Fig. 1.4a. In each case, the average sparsity of the three tested A values is shown in the

second-level horizontal facet of figs. 1.3,1.4.

As with the down-sampled approach, the mean imputation error of DURIAN, regardless of decon-
volution approach, is lower than competing methods, for dropout corresponding to zg = 4.5,5.5
(Fig. 1.3a and tables 1.5,1.6). For more severe dropout (xg = 6.5, mean sparsity 0.927), the ac-
curacy of DURIAN is still higher than other methods when ( is decreased to le — 6, enforcing a

weaker reliance on the bulk data.

Furthermore, even when a closer match to the deconvolution is enforced at zg = 6.5, only SCRAB-
BLE achieves a lower mean error than DURIAN (Fig. 1.3a and tables 1.5,1.6). The graphical
representation of mean error for simulated data in Fig. 1.3c clearly shows that splatter simulation
is less challenging to other methods, relative to DURIAN than the down-sampling approach based
on real data above. More importantly, the UMAP embedding plotted in Fig. 1.3c shows that
globally, the four simulated celltypes are more closely related and less distinct than the adult islet
cell populations in the down-sampled real data. Therefore it is expected that DURIAN’s utilization

of population structure detected in the bulk data will be less important when imputing data where
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the global distinction between celltypes is lost.

Even under this more challenging scenario, DURIAN achieves a lower norm error than other meth-
ods at all dropout levels, except for SCRABBLE (Fig. 1.4a and tables 1.11,1.12). This is consistent
with the fact that SCRABBLE, while unable to use celltype-specific gene expression to its advan-
tage when such global information is rich, is also immune to very challenging deconvolution tasks.
The overall trends shown in the MA plots of splatter simulated data in Fig. 1.4c mirror those for
down-sampled data in Fig. 1.4b above, except that SCRABBLE does not over-estimate the counts
as badly in this plot. I attribute this difference to the fact that SCRABBLE’s regularizer based on

the average bulk counts is more effective for very closely-related celltypes in this simulated lineage.

Overall, benchmarking of DURIAN on both the best and worst case scenarios suggests that
the method can accurately address the simultaneous tasks of single-cell imputation and bulk-
deconvolution, and is robust to concrete selection of deconvolution schemes. Furthermore, I found
that when results were pooled across simulation strategies and dropout rates, DURIAN mean
and L2 error were significantly lower than the the other methods (tables 1.7,1.8). This is due to
DURIAN’s more consistent performance across down-sampled and simulated benchmarks, espe-

cially in contrast to SCRABBLE (Fig. 1.4a).

1.3.12 DURIAN improves clustering quality for real data

The down-sampling approach described above directly measures imputation performance on data
that is as close as possible to real-world cases. Meanwhile, imputation is also expected to improve
the score of raw single-cell data for some standard cluster-quality metrics. In Fig. 1.5a, I present
five standard quality metrics (described below) [41] for DURIAN, SCRABBLE, and DrImpute ap-

plied to adult pancreas (healthy and diabetic), adult skin (healthy and eczema), and embryonic
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(E13.5) mouse skin. The intra-cluster spanning-tree widest gap (cwidegap) takes the spanning tree
computed for each cluster and calculates the longest distance between two cells in the tree. The
cluster diameter is the longest distance between any two cells in a single cluster. For both of these
metrics, DURIAN and DrImpute are equivalent on both of the pancreatic data sets, while DURIAN
has the largest clustering quality on two of the three remaining data sets. The Dunn index (dunn) is
the minimum separation over the maximum diameter for the data set. For this metric, DURIAN is
equivalent to DrImpute on both pancreatic data sets, and on diseased skin, in the meantime yields
better clustering quality for both healthy skin and embryonic skin. The silhouette index (sindex)
is the mean of the bottom 10% of the distances from every cell in a cluster to the closest cell not
in the same cluster. DURIAN is consistent with DrImpute for both pancreatic data sets, as well
as healthy skin, and achieves the improved clustering quality for both diseased skin and embryonic
skin. The sum-of-squares distance (within.cluster.ss) is half the sum of the squared distances for
each pair of cells in the cluster divided by the cluster size. For this metric DURIAN is equivalent
to Drlmpute for both pancreatic tissue and embryonic skin, and achieved satisfactory results for

both adult skin datasets.

In addition to the quantitative cluster-quality metrics above, I also compared the robustness of
DURIAN’s output with respect to the global structure of the data by inspecting the low-dimensional
embeddings of imputed datasets. Figs. 1.5b,c show scatter plots for the UMAP embeddings of each
imputation method on the human skin and pancreatic data analyzed in Fig. 1.5a. From these fig-
ures, it is obvious that a fair amount of global heterogeneity alread exists between mature islet
cells in the raw data (shown as “dropout” method) for pancreatic tissue (Fig. 1.5b). In this case,
I qualitatively measure the success of imputation based on how well it preserves this separation
in the low-dimensional embedding, which could easily be obscured if error was introduced through
over-estimation. Conversely, the skin data set (Fig. 1.5¢) is composed of many celltypes, some
of which are not well-separated, and were identified via clustering on a subset of the data in the
original report [38]. Here, I can see that both DURIAN and Drlmpute improve the global sepa-

ration between celltypes, including closely-related fibroblasts which were found to express APOE
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and FBN1 in a mutually-exclusive fashion [49, 40], in the cluster approximately centered at (0,-5)
in the common UMAP embedding of Fig. 1.5c. Overall, DURIAN improves the quality of unsu-
pervised clustering on single-cell datasets, but can also reveal separation between distinct celltypes

not present in the original data.

1.3.13 DURIAN enhances intracellular ligand recovery in embry-

onic skin

Intercellular signaling relies on the presentation of one or more ‘sender’ molecules (ligands) by one
cell, the presentation of one or more ‘receiver’ molecules (receptors and co-receptors) by another
cell. The expression of these molecules in general, and ligands in particular, is vital to the cell
communication analysis using single-cell data. For instance, CellChat determines significant in-
tercellular interactions via a resampling approach across potential signaling partners such that all
possible signaling events between two cells which are recapitulated by less than a threshold percent-
age of randomized samples (default is 5%) are declared significant [49]. However, the expression
of signaling genes is notoriously difficult to detect in single-cell data from tissues where bulk se-
quencing and other molecular assays have shown activation of their respective pathways [49, 68].
I reason that unique feature of DURIAN to achieve single-cell data imputation using bulk data

deconvolution can resolve the challenge and inconsistency in cell communication analysis.

I first compared the cell signaling analysis performance using the imputed single-cell data by
DURIAN and Drlmpute (as baseline control without bulk data) from mouse E13.5 embryonic
skin [38]. In Fig. 1.6a, each row of the bar plot shows a pathway for which the relative abundance
of predicted interactions for both DURIAN and Drlmpute is depicted as a percentage of all recov-
ered interactions for that pathway for the respective method. DURIAN dominates the recovery
of signaling interactions in all 26 pathways except three (including MK and PTN, for which the

two methods are tied). The remaining 23 pathways that highlighted DURIAN’s recovery include
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non-canonical WNT (ncWNT) signaling, which is broadly implicated in skin pattern formation at

E13.5 [6, 96].

Next, I explored the imputation effects of key markers in important pathways. The CellChat
database contains a partial list of ligands, receptors, co-receptors and other molecular species for
each available pathway. Fig. 1.6b shows the relative imputed expression of all ncWNT pathway
markers involved in predicted interactions for the data set. Here I can see that DURIAN re-
covers ligand expression more broadly and at higher magnitude than DrImpute,and provides the
enhancement of all ligands expression in several celltypes (immune, myeloid, melanocyte) for which

DrImpute was unable to recover as robustly as DURIAN.

Interestingly, formation of the dermal placode at E13.5-14.5 relies on communication between the
fibroblasts of the nascent dermal condensate and the cells of the basal epithelium [38]. I there-
fore examined the relative intensity of predicted signaling interactions between these two celltypes,
based on imputation with DURIAN vs Drlmpute in Fig. 1.6¢c. Here, I can see that DURIAN de-
tects previously hidden interactions between members of the multicellular lineage of differentiated
(FIB-A,FIB-B) and proliferating (FIB-P) fibroblasts. In summary, DURIAN can be utilized to

enhance signaling analysis in single-cell data with the recovery of intracellular ligand expression.

1.4 Downstream Tasks and Prior-Knowledge

This chapter highlights the problem of scRNA-seq dropout, and introduces the DURIAN algorithm
as an scRNA-seq pre-processing step which demonstrated enhanced performance and consistency
across imputation benchmarks compared to several existing methods. Additionally, use of DURIAN
to pre-process scRNA-seq was shown to enhance the prediction of CCC signaling networks. This

chapter highlights the use of data-augmentation within an iterative optimization scheme, allowing
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complementary sets of observations: bulk and single-cell RNA-seq to be used in conjunction to
remove platform effects and enhance the performance of a modular bioinformatics workflow, whose
aim (CCC inference) relies not only on the handling of platform effects arising from data collection,

but also on the use of prior-knowledge available from signaling network interaction databases [49].

In the next chapter, I will introduce a data-mining tool (PCquery) to combine and utilize the linked
information present in a subset of online databases that organize and expose relational knowledge
on biological pathways through BioPAX [24]. In the context of the CCC problem, I will explain how
the utilization of prior-knowledge is mainly a data-augmentation problem, whose solution requires

the integration and annotation of existing knowledge curation units.

1.5 Figures and Tables
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Figure 1.1: Schematic of DURIAN method. a) Input: Single-cell expression data (m
x n). b) Input: Bulk expression data (m x w). ¢) Deconvolution of bulk data, yielding a
matrix of celltype proportions (w x k). d) Construct deconvolution map (m x w) where each
column corresponds to the pseudobulk average of the current imputation result according
to the celltype ratios calculated in (c). e) Update the imputation objective with the current
deconvolution map. Perform imputation to replace zeros in the single-cell expression data
(m x n) with estimated counts. Finally, update the deconvolution model with the imputation
estimate. f) Output: Final deconvolution matrix of celltype proportions (w x k). g) Output:
Final estimate of single-cell data with dropout replaced by imputed reads. h) Application:
Use imputed single-cell data to directly compute cell-signaling patterns.
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1.5.1 Empirical Convergence Analysis Histograms
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Figure 1.2: Impuation and Deconvolution Error Mutually Improve as DURIAN
Converges. a-b) 2-Dimensional histograms of the scaled error (for imputation and decon-
volution) for all replicates of the two highest dropout rates reported in figs 2-3. a) Scaled
imputation error for DURIAN run with both dsLDA and NNLS (MuSiC) deconvolution
strategies, with samples subdivided by synthetic data strategy: down-sampling and simula-
tion. b) Scaled deconvolution error collected during the imputation runs plotted in (a).
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1.5.2 Error Box-Plots
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1.5.3 Cluster Quality Box-Plots
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Figure 1.5: Quantitation of Cluster-Qusality for Imputated Single-Cell Data a)

Single-cell data from adult human pancreas (healthy and diabetic) and skin (healthy and
eczema), and mouse embryonic skin was imputed via DrImpute, SCRABBLE, and DURIAN.
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1.5.4 Signaling Analysis
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Figure 1.6: Quantitative Comparison of %nputation via DURIAN and DrImpute
on Mouse Embryonic Skin a-c) CellChat comparative analysis of signaling in mouse E13.5
embryonic skin. a) Relative Information flow (higher is better) on each pathway (for which
significant interactions were detected), defined as the sum of communication probability



1.5.5 Mean Error Tables: Aggregate by Method

modelname count mean sd

1 DURIAN.MuSiC 1,1e-06,1e-04 3.000E+02 4.687E+400  3.677E-01

2 mtSCRABBLE 1,1e-06,1e-04 3.000E4+02 4.687TE+00  3.679E-01

3 DURIAN.MuSiC 0.01,1e-05,1e-05 2.840E+02 4.698E+00  3.042E-01

4 mtSCRABBLE 0.01,1e-05,1e-05  2.860E+4-02 4.703E4+00  3.044E-01

5 DURIAN.dsLDA 1,1e-06,1e-04 2.930E402 4.933E4+00 5.781E-01

6 DURIAN.dsLDA 0.01,1e-05,1e-05 2.820E+02 4.959E+00  5.145E-01

7 SCRABBLE 1,1e-06,1e-04 3.000E+02 5.048E+4+00  9.914E-01

8 Drlmpute 2.830E4+02 5.063E4+00  6.472E-01

9 SCRABBLE 0.01,1e-05,1e-05 3.000E+02 5.159E+4+00  9.813E-01

10 dropout 3.000E+02 5.169E4+00  3.696E-01
11 URSM 2.830E4+02 6.330E400 1.069E+00

Table 1.1: Stats for benchmark mean error (RMSE)
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dropout  6.974E-05
DURIAN.dAsLDA 0.01,1e-05,1e-05 5.894E-02 1.802E-07
DURIAN.AsLDA 1,1e-06,1e-04 8.781E-04 4.061E-04 5.687E-01
DURIAN.MuSiC 0.01,1e-05,1e-05 7.758E-10 1.590E-45 4.786E-09 4.061E-04
DURIAN.MuSiC 1,1e-06,1e-04 9.734E-17 8.238E-40 4.685E-16 1.064E-10 6.996E-01
mtSCRABBLE 0.01,1e-05,1e-05 1.726E-09 6.014E-45 1.001E-08 4.904E-04 8.492E-01 6.018E-01
mtSCRABBLE 1,1e-06,1e-04 9.734E-17 8.568E-40 4.722E-16 1.064E-10 6.996E-01 9.400E-01 6.018E-01
SCRABBLE 0.01,1e-05,1e-05 6.157E-01 6.695E-12 9.495E-01 4.330E-02 6.435E-08 6.616E-10 1.790E-07 6.717E-10
SCRABBLE 1,1e-06,1e-04 1.226E-04 3.194E-19 2.353E-03 4.618E-01 2435E-02 7.321E-04 3.736E-02 7.423E-04 1.794E-03
URSM 1.269E-51 9.757E-68 9.757E-68 2.291E-73 7.575E-93 3.206E-95 4.775E-93 3.206E-95 8.203E-52 2.765E-56

Table 1.2: Adjusted p-values for paired Wilcox tests on benchmark mean error (RMSE)

1.5.6 Mean Error Tables: Down-Sampled

strategy modelname count mean sd

1 Down-Sampling DURIAN.MuSiC 0.01,1e-05,1e-05 1.340E+02 4.974E+00 1.711E-01
2 Down-Sampling mtSCRABBLE 0.01,1e-05,1e-05  1.360E+02 4.977E400 1.712E-01
3 Down-Sampling DURIAN.MuSiC 1,1e-06,1e-04 1.500E+02 5.040E+00 1.087E-01
Down-Sampling mtSCRABBLE 1,1e-06,1e-04 1.500E+02 5.041E+00 1.088E-01

5 Down-Sampling DURIAN.dsLDA 0.01,1e-05,1e-05 1.470E+02 5.396E400 2.936E-01
6 Down-Sampling dropout 1.500E+02 5.430E4+00 3.087E-01
7 Down-Sampling DURIAN.dsLDA 1,1e-06,1e-04 1.500E+02 5.473E4+00 2.115E-01
8 Down-Sampling Drlmpute 1.330E+02 5.651E+00 4.643E-01
9 Down-Sampling SCRABBLE 1,1e-06,1e-04 1.500E4+02 5.681E+00 1.072E+00
10 Down-Sampling SCRABBLE 0.01,1e-05,1e-05 1.500E+02 5.781E+00 1.061E+00
11 Down-Sampling URSM 1.330E+02 7.115E4+00 1.124E4-00

Table 1.3: Stats for benchmark mean error (RMSE) - Strategy:Down-Sampling
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SCRABBLE 0.01,1e-05,1e-05
SCRABBLE 1,1e-06,1e-04

DURIAN.MuSiC 0.01,1e-05,1e-05
DURIAN.MuSiC 1,1e-06,1¢-04
mtSCRABBLE 0.01,1e-05,1e-05
mtSCRABBLE 1,1e-06,1e-04

DURIAN.dsLDA 0.01,1e-05,1e-05)
DURIAN.dsLDA 1,1e-06,1e-04

DrImpute
dropout

dropout  4.731E-05
DURIAN.dsLDA 0.01,1e-05,1e-05 8.217E-07 2.248E-01
DURIAN.ASLDA 1,1e-06,1e-04 2.400E-01 1.076E-03 4.983E-06
DURIAN.MuSiC 0.01,1e-05,1e-05 6.739E-38 3.178E-35 8.818E-34 4.008E-42
DURIAN.MuSiC 1,1e-06,1e-04 1.195E-41 3.538E-40 3.896E-39 5.103E-45 2.155E-07
mtSCRABBLE 0.01,1¢-05,1e-05 5.278E-38 3.521E-35 9.770E-34 1.736E-42 8.715E-01 7.587E-07
mtSCRABBLE 1,1e-06,1e-04 1.195E-41 3.949E-40 4.545E-39 5.103E-45 2.018E-07 8.715E-01 7.056E-07
SCRABBLE 0.01,1e-05,1e-05  2.864E-03 1.041E-01 2.197E-01 2.723E-03 6.468E-18 1.529E-09 1.324E-17 1.707E-09
SCRABBLE 1,1e-06,1e-04  7.587E-07 4.543E-05 1.134E-04 1.863E-07 9.345E-13 1.959E-03 2.102E-12 2.070E-03 9.075E-02
URSM  1.432E-30 5.960E-45 5.960E-45 2.557E-45 1.659E-44 2.633E-46 8.883E-45 2.633E-46 9.805E-20 4.086E-21

Table 1.4: Adjusted p-values for paired Wilcox tests on benchmark mean error (RMSE) -
Strategy:Down-Sampling

30



1.5.7 Mean-Error Tables: Simulated

strategy modelname count mean sd
1 Simulation DURIAN.MuSiC 1,1e-06,1e-04 1.500E+02 4.334E+00 9.188E-02
2 Simulation mtSCRABBLE 1,1e-06,1e-04 1.500E+02 4.334E+00 9.186E-02
3 Simulation DURIAN.dsLDA 1,1e-06,1e-04 1.430E+02 4.366E+00 8.835E-02
4 Simulation SCRABBLE 1,1e-06,1e-04 1.500E+02 4.416E+00 1.302E-01
5 Simulation DURIAN.MuSiC 0.01,1e-05,1e-05 1.500E+02 4.451E+400 1.410E-01
6 Simulation mtSCRABBLE 0.01,1e-05,1e-05  1.500E+02 4.455E+00 1.430E-01
7 Simulation DURIAN.dsLDA 0.01,1e-05,1e-05 1.350E4+02 4.484E+400 1.549E-01
8 Simulation SCRABBLE 0.01,1e-05,1e-05 1.500E+02 4.538E+00 1.688E-01
9 Simulation DrImpute 1.500E+02 4.542E400 1.412E-01
10 Simulation dropout 1.500E+02 4.908E+400 2.042E-01
11 Simulation URSM 1.500E+02 5.635E+00 8.879E-02
Table 1.5: Stats for benchmark mean error (RMSE) - Strategy:Simulation
% 2 = 2 E 2 2 g
I A -
g 2 = = = = 3 3 = E
5 ¢ & & & & & ® g ¢
dropout  2.146E-34
DURIAN.dsLDA 0.01,1e-05,1e-05 4.032E-04 2.807E-38
DURIAN.ASLDA 1,1e-06,1e-04  2.599E-26 4.008E-48 6.118E-11
DURIAN.MuSiC 0.01,1e-05,1e-05 1.224E-07 4.313E-44 9.112E-02 1.981E-07
DURIAN.MuSiC 1,1e-06,1e-04 3.079E-33 1.853E-49 4.886E-18 5.556E-04 3.477E-14
mtSCRABBLE 0.01,1e-05,1e-05  3.418E-07 6.706E-44 1.334E-01 9.992E-08 8.136E-01 1.379E-14
mtSCRABBLE 1,1e-06,1e-04  3.232E-33 1.853E-49 4.889E-18 5.726E-04 3.510E-14 9.115E-01 1.405E-14
SCRABBLE 0.01,1e-05,1e-05 6.012E-01 2.554E-36 6.620E-03 1.228E-22 4.898E-06 4.419E-29 1.526E-05 4.419E-29
SCRABBLE 1,1e-06,1e-04 1.272E-14 6.959E-47 4.076E-04 2.456E-04 4.549E-02 1.044E-10 2.790E-02 1.061E-10 3.435E-12
URSM T7.421E-50 7.421E-50 1.748E-47 8.029E-49 7.421E-50 7.421E-50 7.421E-50 7.421E-50 7.421E-50 7.421E-50

Table 1.6: Adjusted p-values for paired Wilcox tests on benchmark mean error (RMSE) -
Strategy:Simulation
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1.5.8 Error L2 Norm Tables: Aggregate by method

modelname count mean sd

1 mtSCRABBLE 0.01,1e-05,1e-05  2.860E+02 5.975E400 6.956E-01

2 DURIAN.MuSiC 0.01,1e-05,1e-05 2.840E+4-02 5.981E4+00  7.018E-01

3 DURIAN.dsLDA 0.01,1e-05,1e-05 2.820E+02 6.000E4+00  6.744E-01

4 SCRABBLE 1,1e-06,1e-04 3.000E+02 6.159E+00 1.482E4-00

5 SCRABBLE 0.01,1e-05,1e-05 3.000E+02 6.203E4+00 1.463E4-00

6 DURIAN.dsLDA 1,1e-06,1e-04 2.930E4+02 6.321E400  7.387E-01

7 mtSCRABBLE 1,1e-06,1e-04 3.000E4+02 6.436E+00  8.414E-01

8 DURIAN.MuSiC 1,1e-06,1e-04 3.000E+02 6.438E4+00  8.430E-01

9 Drlmpute 2.830E4+02 6.582E+00  4.292E-01

10 dropout 3.000E+02 7.133E4+00  4.004E-01
11 URSM 2.830E+02 7.479E+00 < 3.537E-01

Table 1.7: Stats for L2 norm error
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dropout  7.013E-41
DURIAN.dsLDA 0.01,1e-05,1e-05  1.753E-18 3.437E-61
DURIAN.dsLDA 1,1e-06,1e-04  3.353E-04 2.500E-38  9.042E-16
DURIAN.MuSiC 0.01,1e-05,1e-05  1.173E-22 2.876E-52  6.327E-01  5.062E-18
DURIAN.MuSiC 1,1e-06,1e-04 ~ 2.835E-02 2.191E-17  4.485E-20 1.392E-04  3.542E-22
mtSCRABBLE 0.01,1e-05,1e-05  8.459E-24 4.041E-53  7.687E-01  5.289E-18 1.000E400  4.027E-22
mtSCRABBLE 1,1e-06,1e-04  2.751E-02 1.243E-17  5.506E-20 1.514E-04  3.882E-22 1.000E+00  4.474E-22
SCRABBLE 0.01,1e-05,1e-05 1.000E+00 8.991E-02 1.000E+00 1.000E+00 1.000E+00 1.000E4+00 1.000E400 1.000E+4-00
SCRABBLE 1,1e-06,1e-04 1.000E+00 1.090E-02 1.000E+00 1.000E+00 1.000E+00 1.000E+00 1.000E-+00 1.000E+00 7.505E-07
URSM  7.632E-65 6.513E-28  3.164E-92 1.011E-54 1.788E-86 1.405E-45 2.388E-87 1.405E-45 6.513E-28 6.513E-28

Table 1.8: Adjusted p-values for paired Wilcox tests on imputation error L2 norm

1.5.9 Error L2 Norm Tables: Down-Sampled

strategy modelname count mean sd

1 Down-Sampling DrImpute 1.330E4+02 6.200E+00 1.519E-01

2 Down-Sampling DURIAN.dsLDA 0.01,1e-05,1e-05 1.470E+02 6.613E+00 2.713E-01

3 Down-Sampling mtSCRABBLE 0.01,1e-05,1e-05 1.360E4+02 6.641E+00 4.043E-01

4  Down-Sampling DURIAN.MuSiC 0.01,1e-05,1e-05 1.340E4+02 6.664E+00 3.907E-01

5 Down-Sampling dropout 1.500E4+02 6.749E+00 8.337E-02

6 Down-Sampling DURIAN.dsLDA 1,1e-06,1e-04 1.500E4+02 7.012E+00 2.877E-01

7 Down-Sampling URSM 1.330E4-02 7.106E4+00 4.616E-02

8 Down-Sampling mtSCRABBLE 1,1e-06,1e-04 1.500E+02 7.252E+00 2.788E-01

9 Down-Sampling DURIAN.MuSiC 1,1e-06,1e-04 1.500E402 7.256E+00 2.788E-01

10 Down-Sampling SCRABBLE 1,1e-06,1e-04 1.500E4-02 7.637TE+00 2.854E-02
11 Down-Sampling SCRABBLE 0.01,1e-05,1e-05 1.500E4-02 7.663E+00 2.277E-02

Table 1.9: Stats for imputation error L.2 norm - Strategy:Down-Sampling

33



SCRABBLE 0.01,1e-05,1e-05
SCRABBLE 1,1e-06,1e-04

DURIAN.MuSiC 0.01,1e-05,1e-05
DURIAN.MuSiC 1,1e-06,1e-04
mtSCRABBLE 0.01,1¢-05,1e-05
mtSCRABBLE 1,1e-06,1e-04

DURIAN.dsLDA 0.01,1e-05,1e-05)
DURIAN.AsLDA 1,1e-06,1e-04

DrImpute
dropout

dropout  7.013E-41
DURIAN.dsLDA 0.01,1e-05,1e-05 ~ 1.753E-18  3.437E-61
DURIAN.dsLDA 1,1e-06,1e-04 ~ 3.353E-04 2.500E-38  9.042E-16
DURIAN.MuSiC 0.01,1e-05,1e-05  1.173E-22 2.876E-52  6.327E-01  5.062E-18
DURIAN.MuSiC 1,1e-06,1e-04 ~ 2.835E-02 2.191E-17  4.485E-20 1.392E-04  3.542E-22
mtSCRABBLE 0.01,1e-05,1e-05 ~ 8.459E-24 4.041E-53  7.687E-01  5.289E-18 1.000E+00  4.027E-22
mtSCRABBLE 1,1e-06,1e-04 ~ 2.751E-02 1.243E-17  5.506E-20  1.514E-04  3.882E-22 1.000E+00 4.474E-22
SCRABBLE 0.01,1e-05,1e-05  1.000E400 8.991E-02 1.000E400 1.000E+00 1.000E400 1.000E+00 1.000E400 1.000E+00
SCRABBLE 1,1e-06,1e-04  1.000E4+00 1.090E-02 1.000E4+00 1.000E+00 1.000E4+00 1.000E+00 1.000E4+00 1.000E+00 7.505E-07
URSM  7.632E-65 6.513E-28  3.164E-92 1.011E-54 1.783E-86 1.405E-45 2.3838E-87 1.405E-45 6.513E-28 6.513E-28

Table 1.10: Adjusted p-values for paired Wilcox tests on benchmark L2 norm -
Strategy:Down-Sampling
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1.5.10 Error L2 Norm Tables: Simulated

strategy modelname count mean sd
1 Simulation SCRABBLE 1,1e-06,1e-04 1.500E4+02 4.681E400 6.180E-02
2 Simulation SCRABBLE 0.01,1e-05,1e-05 1.500E4+02 4.744E+400 8.528E-02
3 Simulation DURIAN.dsLDA 0.01,1e-05,1e-05 1.350E+02 5.332E+00 1.065E-01
4 Simulation mtSCRABBLE 0.01,1e-05,1e-05 1.500E4+02 5.371E400 7.508E-02
5 Simulation DURIAN.MuSiC 0.01,1e-05,1e-05 1.500E+02 5.372E+00 7.683E-02
6 Simulation DURIAN.dsLDA 1,1e-06,1e-04 1.430E402 5.597E+400 4.851E-02
7 Simulation mtSCRABBLE 1,1e-06,1e-04 1.500E+02 5.620E400 4.163E-02
8 Simulation DURIAN.MuSiC 1,1e-06,1e-04 1.500E4+-02 5.620E4-00 4.164E-02
9 Simulation DrImpute 1.500E+02 6.920E400 2.885E-01
10  Simulation dropout 1.500E+02 7.516E400 1.373E-01
11 Simulation URSM 1.500E4-02 7.809E+400 2.623E-02
Table 1.11: Stats for benchmark L2 norm - Strategy:Simulation
: :  : = = B B i &
A 3 2 2 2 2 i i 2 2
dropout  7.013E-41
DURIAN.AsLDA 0.01,1e-05,1e-05  1.753E-18 3.437E-61
DURIAN.AsLDA 1,1e-06,1e-04 ~ 3.353E-04 2.500E-38  9.042E-16
DURIAN.MuSiC 0.01,1e-05,1e-05  1.173E-22 2.876E-52  6.327E-01  5.062E-18
DURIAN.MuSiC 1,1e-06,1e-04 ~ 2.835E-02 2.191E-17  4.485E-20 1.392E-04  3.542E-22
mtSCRABBLE 0.01,1e-05,1e-05 ~ 8.459E-24 4.041E-53  7.687E-01  5.289E-18 1.000E+00  4.027E-22
mtSCRABBLE 1,1e-06,1e-04  2.751E-02 1.243E-17  5.506E-20 1.514E-04  3.882E-22 1.000E+00 4.474E-22
SCRABBLE 0.01,1e-05,1e-05  1.000E+00 8.991E-02 1.000E+00 1.000E+00 1.000E+00 1.000E4+00 1.000E400 1.000E+4-00
SCRABBLE 1,1e-06,1e-04  1.000E+00 1.090E-02 1.000E+00 1.000E+00 1.000E+00 1.000E+00 1.000E-+00 1.000E+00 7.505E-07
URSM  7.632E-65 6.513E-28 3.164E-92 1.011E-54 1.788E-86 1.405E-45 2.388E-87 1.405E-45 6.513E-28 6.513E-28

Table 1.12: Adjusted p-values for paired Wilcox tests on benchmark L2 norm - Strat-
egy:Simulation
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Chapter 2

Automated Mining, Integration, and
Annotation of Biological Signaling

Pathways

2.1 Introduction

Quantitative tasks in biology involve two general kinds of aims: 1) the ”forward problem” of pre-
diction, and 2) the ”inverse problem” of parameterizing predictive models [20]. These tasks all have
the general aim of using data to fit the parameters of a model. Exploratory tasks in computational
biology, such as the identification of cell-cell signaling networks, are inverse problems. While the
scope of biological inverse problems is broad, prior-knowledge is critical to the effective use of data
in the estimation of model parameters. Implementing the inverse problem involves constraining the
representation of the system [2], based on the modality and structure of the data being used to fit
the model. Inverse problems in bioinformatics often involve additional, higher-level constraints to
the representation of the model in the form of genomic information, or information derived from

genome-level analysis [121, 53]. In the case of cell-cell signaling networks, a network model parame-
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terized by data on gene expression requires prior-knowledge of the network markers and their roles

[25].

Experimental knowledge of cell-signaling informs the teleological design of computational models.
However, the curation of annotated pathways is both incomplete and highly-centralized, leading
to ineflicient use of existing knowledge and limited scalability in the face of increasingly rapid

accumulation of new data.

I present PCQuery: an automated pipeline that delivers decentralized, on-demand integration of
biological signaling pathways. PCquery facilitates regularized and high-dimensional cell signaling
models by exposing long-range signal-transduction cascades whose provenance is fully-annotated
and verifiable. The modular package includes a collection of SPARQL clients to pull current
annotations from UniProt, OntoDB, and NextProt. This structural, evolutionary, and clinical
knowledge can be graphically displayed by a comprehensive set of pathway visualization tools.
Finally, the integrated pathways output by PCQuery support direct combinatorial operations (like
signaling-trajectory inference) and are annotated in a subset of BioPAX v3 to support downstream
application-development 3.2. Currently, the PCQuery package is availble on JuliaHub [1] and at

the project github repository [56].

2.2 Pathway Knowledge Curation and Integration

2.2.1 Biological Knowledge Databases and Ontologies

The systematic organization and digital storage of biological knowledge is a key component of the
genomic revolution which began almost a century ago, and is closely related to the development
and increasing availability of the internet and world wide web [53]. Simultaneously, ontologies
have emerged in order to more effectively annotate this information and support linkage across

databases [65]. Biological databases can be roughly divided among those that curate 1) pathways,
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2) single molecules including sequence information, and 3) whole genomes. Category (1) includes
resources such as PathwayCommons, WikiPathways, KEGG, and Reactome [19]. These resources
describe the hierarchy of biological interactions and their context, while linking to other databases
in Category (2). Databases in Category (2) includes resources such as UniProt [21], NextProt
[30], and ChEMBL [88]. Finally, Category (3) includes resources that host reference sequences for
species and the comparative analysis of these sequences: [22] and OrthoDB [66]. The most two
critical features shared by all of these databases are 1) that they allow programmatic access through
public internet addresses (sometimes referred to as "endpoints”), and 2) that they encompass this
knowledge from a unified ontological perspective: all biological entities, from individual proteins
to entire species, have the same unique digital identifier across all databases [105]. Within this
ecosystem, the automation of knowledge retrieval and synthesis is possible using programs that can
execute queries on the public endpoints and manipulate this information based on the published

ontologies.

2.2.2 Use of Curated Pathways in Cell-Signaling Models

Computational models of cell-cell-communication (CCC) [4] provide state-of-the-art predictions of
developmental processes, tissue-plasticity, and clinical treatment outcomes [31, 108, 37]. These
predictions are the output of pipelines such as SoptSC, CellChat, CellPhoneDB, SpaOTsc, and
COMMOT, which convert machine-readable pathway knowledge stored in online databases (such
as KEGG) into a teleological model of cell-signaling constrained by factors such as binding stoi-

chiometry, competition between reactants, and physical proximity [117, 50, 28, 16, 17, 54].

The scope of CCC models can be evaluated based on two criteria: 1) dimensionality: the level of
specificity at which the set of candidate pathways is represented, and 2) regularization: how well
the model rejects false-positives. To illustrate the scope of dimensionality in existing methods, all
of the pipelines above take into account the co-expression of experimentally-verified ligands and

receptors for candidate pairs of cells (or spatial units) but only SoptSC takes into account the
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expression of transcriptional target genes [117]. Regarding regularization, two types of constraints
can be devised: 1) teleological constraints or constraints which rely on knowledge of the signaling
pathway itself (e.g. transcriptional targets downstream of a ligand/receptor binding event), and
2) integration-based constraints which rely on a separate dataset (e.g. spatial transcriptomics) to
eliminate physically-impossible predictions such as juxtacrine signaling between non-neighboring

cells [117, 16, 17].

Although low-dimensional representations of biological data are critical to achieving systems-level
understanding [80], when considering the observation model for a CCC pipeline, limited dimen-
sionality means that our model is less sensitive and therefore has a higher false-negative rate,
while sub-optimal regularization means that our model has a higher rate of false positives. These
limitations on dimensionality and regularization are usually a result of insufficient experimental
knowledge, insufficient data, or both [4]. On one hand, the integration of single-cell multi-modal
data is an ongoing challenge resulting from the neccessity of working with tiny amounts of mate-
rial. However, more efficient use of new and exising experimental knowledge can open the door to
much higher-dimensional (and therefore more sensitive) CCC pipelines, and greater potential for

the application of multi-modal data in regularization.

2.2.3 Challenges to Pathway Integration

Two main issues confront the design of high-dimensional teleological models: 1) That only a subset
of a single CCC model such as the SoptSC Ligand/Receptor/Target tuple, may be covered by any
single ”"pathway” available from databases like PathwayCommons, and 2) that a human cannot
reliably discern the (sometimes implicit) overlap between any two such ”pathways” without be-
ing able to parse (and occassionally extend) the barely-human-readable XML code in which these
online databases store this knowledge. The reason for issue (1) above is a practical problem of

converting published results into machine-readable form: the ongoing generation of this knowledge,
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and the aggregation of existing knowledge face the practical limitations of humans reading research
publications, and connecting the dots between experiments. The reason for issue (2) is related:
even when experienced researchers undertake focused literature review, individual experimental
studies in turn present challenges to knowledge integration. Thus, the fragmentation of signaling
pathway knowledge characterizing the primary literature persists in the curation of online pathway

databases.

2.2.4 Current Approaches to Pathway Integration

Existing strategies for backend pathway knowledge management in bioinformatics take the form of
pre-curated signaling-pathway graphs such as OmniPath. Although this static framework is more
straightforward for package developers to support, and does not require the user to run a query —
allowing immediate access to pathway knowledge present in each release, it is limited in several key
ways: 1) their annotation cannot be updated by the user, 2) they do not offer the user the ability
to build ad-hoc pathways to include recently-published pathway information that has been curated
but not yet included in the next package release, 3) they do not allow automated integration of
existing pathways based on shared identifiers or identifiers imputed as reactants involved in the for-
mation of complexes whose identifiers are already present in the pathway, 4) they do not leverage
the extensibility of BioPAX which allows custom annotation of encoded pathways in a form that
is easily transmitted to document downstream modeling or curation efforts. PCQuery addresses
all of these limitations in a package that is written in native Julia, and callable in Python via a

lightweight wrapper.
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2.2.5 Graph Databases and RDF

Graph databases support the storage and retrieval of information in a similar way to traditional
table-based databases. In contrast tabular databases which store single pieces of information in
rows of a table, graph databases store pieces of information as edges in a graph (called ”pairs”).
Nevertheless, any tabular database can be converted to a graph and vice-versa. However, graph
databases offer three unique capabilities that make them ideal for bioinformatics: 1) the knowl-
edge structure (or ontology) of the database is encoded in the data graph itself, 2) a query on
one database can be composed as a query on all internet-reachable databases whose graphs share
common identifiers (”"federated” queries), 3) the expansion of the underlying ontology can take

place on-line, without refactoring the existing database.

A graph database is a type of database that uses graph structures to store, represent, and query
data. In a graph database, data is organized as nodes (vertices) and relationships (edges) be-
tween those nodes. Nodes represent entities, while relationships capture the connections between
them. This structure allows for rich modeling of complex relationships, making graph databases

particularly well-suited for biological data.

In biology, graph databases are used to model and analyze various biological networks, such as
protein-protein interaction networks, gene regulatory networks, metabolic networks, and more. By
representing biological entities as nodes and their relationships as edges, graph databases enable
efficient querying and traversal of these networks, facilitating the discovery of patterns, pathways,

and interactions [110]. These advantages can be summarized as follows:

1. Flexibility: Graph databases allow for the dynamic addition and modification of nodes and

relationships, making them adaptable to evolving biological data.

2. Efficient querying: Graph databases excel at traversing complex relationships, enabling fast

and efficient querying of biological networks.
3. Relationship analysis: Graph databases enable the analysis of relationships between biological
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entities, helping uncover hidden connections and patterns.

4. Scalability: Graph databases can handle large-scale biological data, making them suitable

for storing and analyzing extensive datasets.

RDF (Resource Description Framework): RDF is a standard model for representing knowledge on
the web. It provides a framework for describing resources and their relationships in a structured
manner. RDF represents information as triples, consisting of subject-predicate-object statements.
In the context of biology, RDF can be used to model and represent biological data, allowing for

interoperability, integration, and querying across diverse data sources.

RDF is widely used in bioinformatics and biological research to represent and connect data from
various domains such as genomics, proteomics, metabolomics, and ontologies. It enables the inte-
gration of data from multiple sources by providing a common framework for expressing relationships

between biological entities. Efficient access to these resources is facilitated by:

1. Semantic interoperability: RDF provides a semantic framework for integrating data from

different sources, enabling researchers to connect and query diverse biological datasets.

2. Linked data: RDF facilitates the creation of linked data by using URIs (Uniform Resource
Identifiers) to uniquely identify resources, allowing for the establishment of connections and

relationships between data.

3. Ontologies: RDF can represent ontologies, which are formalized vocabularies that define
concepts and relationships in a specific domain. Ontologies play a crucial role in organizing

and integrating biological data, enabling semantic querying and reasoning.

RDF data can be queried using the SPARQL query language, which allows researchers to retrieve

and analyze specific information from RDF datasets.

42



2.2.6 BioPAX

BioPAX is a computer-based annotation framework that represents experimental knowledge of
signaling-pathways in a format that is extendable, machine-readable and intuitive according to the
common thematic distinction between high-level pathway architectures, reactions, reactants, and
macromollecular classes ?7?7. Within the BioPAX representation of a given pathway, structurally-
detailed descriptions of complexes and complex-forming reactions are possible ?7. Although the
volume of experimental knowledge on biological signaling has outgrown existing curation efforts,
online databases such as PathwayCommons provide unprecedented access to this knowledge in
machine-readable form. Furthermore, BioPAX identifiers support the annotation of these pathways
with structural, clinical, and evolutionary knowledge hosted by well-established structural databases
such as UniProt, OMIM, and OntoDB.

Pathways in BioPAX [23] are heterogeneous graphs whose edges denote both conceptual (relational)

knowledge and dynamics.

2.3 PCquery

2.3.1 Containerized RDF Endpoints for PathwayCommons and

NextProt

The current implementation of PCquery is paired with a containerized instance of OpenLink Virtu-
oso Open-Source server (VOS), allowing fast, local deployment of NextProt and PathwayCommons
RDF endpoints [55]. This not only allows greater control over support for federated queries, but

also increases scalability in cases where high-bandwidth institutional access is required.
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2.3.2 Pathway Mining and Reactant Imputation

Curated pathway databases, such as Reactome [29] and KEGG [52], are aggregated by the Pathway-
Commons [98] initiative and ported to BioPAX, allowing PCquery to mine sets of related pathways

using structured queries:

psParams = Dict(
” ”

q’=>"notchl” ,: filter =>[["notchl” ,” nucleus”],[” notchl”,” transcription”]],

"type”=>"pathway”,” datasource”=>"reactome”)

The above query will filter results through the PathwayCommons VOS relational endpoint, although a
SPARQL query interface is also available to obtain the initial pathway set from the VOS RDF endpoint.
Often, however, the biological pathway matching a given set of modeling criteria will have a fragmented
representation within the database. An example of such a situation is the human Notch membrane pathway
2.2, and the human Notch nuclear pathway ?7?7. Despite the fact that these pathways both include the Notch

intracellular complex, they are separate knowledge graphs from the standpoint of BioPAX.

As a backend to computational modeling, one key objective of PCquery is to generate a single knowledge
graph encompassing the knowledge domain of the model. Many pathways are curated at the complex level,
often reflecting the minimum unit of biological activity that could be used to validate experimental findings.
However, in order to fit the model to the data, the knowledge graph must include assayable labels in its
vertex annotations. In order to facilitate this, PCquery automatically expands complexes, creating nodes for
complex forming reactions whose parents (individual proteins). In figure 2.4 below, this process is highlighted

by the red edges for the human Notch membrane pathway.

2.3.3 Pathway Integration and Annotation

Individual pathways are integrated via common molecular identifiers. Once this integrated graph is con-
structed, PCquery traverses the graph and further labels all vertices with annotations from other online
databases, including gene, transcript, and GO terms from NextProt [71] (figure 3.2b), and inter-species gene
and transcript orthologs from OrthoDB [67]. Model-selection tasks requiring marker IDs from multiple con-
texts (e.g. cytosolic, nuclear) can be executed within the context of the integrated graph, as shown below

for ligand-receptor interactions in the Notch pathway, including the transcriptional targets of Jagl 2.5.
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Finally, a pathway from one species can be automatically mapped to another species by specifying a phylo-
genetic distance threshold and the resulting markers can be retrieved as annotations to the curated pathway.
Figure 2.6 shows the average expression of all zebrafish homologs to the markers of the integrated human

Notch pathway described above based on the scRNA-seq data of a single zebrafish neural crest cell.

2.4 A Unified Pipeline for Distributed Pathway Inte-

gration and Annotation

Two main approaches exist for the compilation and usage of biological signaling data: monolithic approaches
[111, 49], and distributed approaches [63, 117]. Monolithic approaches include pipelines or tools that re-
distribute explicit biological pathway knowledge so that knowledge integration and annotation takes place
during method development. Benefits of this approach include high reproduceability because the curation
status of prior-knowledge sources is fixed to a specific release of the package. Furthermore, for pathway
knowledge pipelines, packages like Omnipath [111] are straightforward to use can save significant computa-
tional and network resources related to integration. In the case of signaling pathway inference, monolithic
tools like CellChat [49] go one step further so that inverse problems [20] can be solved based on the input of
experimental data alone, based on a CCC model that is pre-configured based on protein-protein interactions
mined from KEGG [54]. In contrast to monolithic approaches, distributed approaches for integration and
annotation of prior-knowledge are pipelines that are run by the end user to acquire and manipulate path-
way knowledge on-demand [63]. Additionally, there exist ’'distributed analogs’ to model-specific inference
packages like CellChat, including the SoptSC package, which simultaneously offers expanded pipeline fea-
tures, such as embedding and lineage analysis, while requiring the user to supply the gene labels of signaling

pathway markers [117].

Although methods like CellChat [50] represent a turn-key approach to the use of curated pathway knowledge
in CCC inference, there are several reasons why manipulation of the knowledge required to build such
tools is also warranted: First, modeling extended pathway connectivity often requires integration of curated
pathways, and annotation of their components. Such efforts support regularization of predicted interaction
networks supported by models that take into account the dogma of biological signal transduction and gene
expression, as in the SoptSC method, which takes into account the expression of down-stream transcriptional

targets when considering putative ligand/receptor interaction [117]. Second, existing integration tools are

45



/ Integration Pipeline \ /Inference Pipeline\

a. Search annotated pathways

e.
1)
|
c. y Expand complexes g. Chain Enumeration
A R L— N
L

Annotation
f. Ortholog Annotation

v >0 v >0

b. ¥ >0 v
—00

1_ l h. Model Selection

YLt S )
o )
22

K Merge Pathways j \

Figure 2.1: A) query BioPAX pathway repository based on organism and keyword search.
B) for each annotated pathway (blue,yellow) recursively impute complex-forming reac-
tions (RHS blue arrow) based on existing product annotations (green) and their BioPAX-
annotated constituents (purple,blue). C) Integrate augmented pathways (blue, yellow) based
on common molecular identifiers (green). D) Mine inter-species pathway markers based on
sequence-homology between reference integrated pathway protein gene loci and the gene loci
of the target species. E) Enumerate signaling trajectories for integrated pathways. Query
gene regulatory interactions downstream of cell-surface interactions based on GO annotation
of integrated pathways.

restricted to performing integration tasks, but don’t directly support the annotation of knowledge graphs
[64]. For tasks such as CCC inference, this annotation is a key step in utilizing pathway knowledge to decide
model structure, since the mathematical representation of the objective for models like SoptSC requires

explicit labeling of pathway roles such as "receptor”, ”ligand”, "up target”, and ”down target” [117].

2.5 Figures and Tables
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Chapter 3

Single-Cell Multiomic
scRINA /scATAC Integration

3.1 Introduction

Inverse problems refer to the task of using data to parameterize a model whose structure describes how a
system behaves [20]. In biological inverse problems, the utilization of high-dimensional data (especially for
high-throughput, single-cell modalities) is necessary to parameterize models that predict complex interactions
[2]. These tasks have motivated the development and adoption of so-called ”black box” machine-learning
methods that operate efficiently on high-dimensional data [115, 9, 120]. The term ”black box” refers to the

fact that the flexibility of these methods comes at the cost of more interpretable, linear models [107, 9].

Single-cell multiomics allow heterogeneity in the co-regulation between distinct processes to be detected
in a population of cells. In the case of gene transcription and chromatin accessibility, measured through
scRNA /scATAC-seq, the relationship between the accessibility of a gene and its transcription can be quan-
tified. In particular, the heterogeneity of coupling between these two processes can be assessed both indi-
vidually and collectively. Recently, decoupling between accessibility and transcription has been investigated
as a mechanism for epigenetic memory within populations of epithelial stem cells, with important conse-

quences for wound healing and inflammatory disorders. In this chapter, I investigate a highly-interpretable
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method for the investigation of such decoupling phenomena. I introduce a deep, variational factor model
that learns a multimodal ATAC/RNA embedding where global accessibility changes are linearly related to

the transcription of individual genes.

3.2 Single-Cell Multiomic Profiling of Chromatin Ac-

cessibility and Transcription

3.2.1 Single-Cell Multiomics

In contrast to gene expression, which is measured by transcription, chromatin accessibility refers to the ease
with which the transcriptional machinery, including transcription factors and RNA polymerase, can access
and interact with specific regions of DNA. In general, open or accessible chromatin is associated with active

gene expression, while closed or inaccessible chromatin is associated with gene silencing or repression [3].

Single-cell multiomics allows the joint observation of modalities like RNA-seq and ATAC-seq in a single cell
[114]. The integration of such measurements at the single-cell level, combined with analysis of unspliced
transcripts, has led to a better understanding of both global and local regulatory changes in gene expression

8, 114].

3.2.2 Complementary Regulation of Accessibilty and Transcrip-

tion

Due to the commercial availability of single-cell ATAC/RNA sequencing [114], the integration of these
measurements has shed light on mechanisms of lineage priming that involve decoupled accessibility and
transcription [85]. This ”chromatin potential” is characterized by accessibility which preceeds gene expression
at regulatory domains. This decoupling between accessibility and transcription reflects the fact that the
regulation of chromatin accessibility and transcriptional regulation are complementary [59]. Mechanisms

contributing to this separation include:
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1. Regulatory elements: The presence of regulatory elements, such as enhancers or silencers, can in-
fluence gene expression independently of chromatin accessibility. These elements can modulate gene
transcription by interacting with specific transcription factors or by forming long-range interactions

with gene promoters [27].

2. Transcription factor binding: The binding of transcription factors to DNA can occur in regions of
closed chromatin, allowing them to regulate gene expression without requiring changes in chromatin
accessibility. Transcription factors can recruit co-activators or co-repressors to promote or inhibit

gene transcription, respectively [60].

3. Epigenetic modifications: Chromatin accessibility is influenced by various epigenetic modifications,
including DNA methylation and histone modifications. However, the effects of these modifications on

gene transcription can be context-dependent [46].

3.3 Lineage Plasticity and Tissue Memory

3.3.1 Existence and Characterization of Memory in Epithelial Lin-
eages

Differentiated epithelial cells determine the structure and function of organs and tissues [3]. Within these

tissues, multiple lineages retain plasticity, able to alter their fate in response to injury or exposure to environ-

mental factors, prompting a response that is characterized by homeostasis and regeneration [32]. However,

these adaptive mechanisms also encompass forms of tissue memory characterized by transcriptionally silent

alterations to chromatin in stem cells that is distinct from the chromatin state of naive stem cells [72, 91, 35].

3.4 Single-Cell Multiomics Integration and the Identi-

fication of Modality-Specific Features

Joint computational analysis of the modalities presented by single-cell multiomics provide the opportunity to

explore both global and local regulation of cell lineages revealed by this data. Current approaches therefore
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seek to learn a representation of cell state that unifies these modalities [114].

3.4.1 Paired vs Non-Paired Integration Techniques

Due to the continuing generation, and historic availability of single-modality data such as scRNA-seq,
scATAC-seq before the wide availability of single-cell multiomics, computational methods for the analysis of
multiomics data have focused on the integration of both multi-modal and single-modality data [106, 33, 119].
Accordingly, several types of integration have been proposed [7]: 1) horizontal integration involves the em-
bedding of cells onto the same feature space, 2) vertical integration uses the cell as a common reference point
when linking features from multiple modalities, while 3) diagonal integration allows the integration of mul-
tiple modalities where cells cannot directly serve as a reference point. In practice, the use of both multiome
and single-modality data allows diagonal integration to proceed by horizontal integration of single-modality
data with the corresponding features of cells for which multiomic measurements were collected, combined

with the vertical integration of the two modalities [7].

3.4.2 Interpretable Integration and Modality-Separation

The training of machine learning models on single-cell transcriptomics and multiomics data has allowed
complex patterns to be identified in this high-dimensional data, such that important down-stream tasks
such as genotype/phenotype dependencies and drug interactions [42, 83, 124, 75]. The complexity of these
predictive tasks has driven the adoption of machine learning models with state-of-the-art performance on
predictive task benchmarks [120, 9]. This tradeoff between flexibility and interpretability is a classical

problem a machine learning [26] whose existence motivates the separate evaluation of these criteria [107].
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3.5 A Variational Factor Model for Detection and In-

terpretation of Global Decoupling

3.5.1 Single-Cell Embeddings and Lineage-Uncertainty

The discrete nature of cell lineage dynamics and the complexity of their regulation means that rare or
poorly-differentiated states will always be problematic to observe, and therefore problematic to learn from
data [86, 102]. In recognition of this, mathematical representations of single-cell data explicitly address the

uncertainty regarding fate and cell identity[126, 103, 8, 82, 33].

3.5.2 Unsupervised Learning With Deep, Generative Models

Low-dimensional embeddings of high-dimensional data seek to identify a feature space where complex behav-
ior in the high-dimensional space can be represented by more straightforward interaction between perceptual
or functional features [74, 117, 51]. In the case of generative models, these low-dimensional features are the
parameters of an unknown probability distribution whose estimation relies on posterior inference [89]. Such
models aid the interpretation of single-cell data by addressing two previously-stated challenges: 1) sparse
data with missing information, and 2) inability to directly observe transition state cells. In the case of (1),
higher read-depth can be simulated by averaging the reconstructed features of individual embeddings [81].
In the case of (2), generative models equipped with flexible non-linear decoder networks have been shown

simulate high-dimensional transitions through latent-space interpolation [83, 123, 11].

3.5.3 Variational Autoencoders in Single-Cell Data Analysis

Any probabilistic embedding of high-dimensional data must minimally express the high-dimensional observa-
tion z in terms of an unobserved embedding z whose prior distribution is p(z), leading to a model of the form
p(2)p(x|z), whose posterior distribution (the embedding) p(z|x) = % involves the intractible marginal
likelihood [ p(z)p(x|z)dz, and for which the dimensionality of the feature space precludes both mean-field
approximation and MCMC [62]. This problem led to the adaptation of the denoising autoencoder whose

middle layer is replaced by separate networks for the mean and variance of a standard Gaussian embedding
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distribution z, and whose decoder network represents the conditional distribution of the data p(z'|z). The
key innovation of this model is to sample z p(u, o) as a transformation of a second variable e N (0, 1), allowing

both back-propegation and sampling-based reconstruction [61].

3.5.4 VAE-based Multiomic Integration Models

Currently, two forms of VAE-based model have been explored for the integration of multiomic single-cell
data: the MVAE [122] whose product-of-experts integration strategy was implemented by Cobolt [33], and
a conjoined VAE model whose embedding is formed by annealing separately parameterized single-modality
latent spaces [8]. Both of these models perform vertical integration in the latent embedding z and rely on
deep MLP-based decoder networks to reconstruct individual modalities from the multiomic embedding of

each cell.

3.5.5 Representation Learning With Variational Factor Models

Existing adaptations of the VAE for single-cell data include both deep [81] and shallow [107] decoder models
of scRNA-seq data. While sacrificing the non-linear flexibility of deep decoder models, the shallow decoder
model learns an embedding whose dimensions are linear factors of the reconstruction, allowing direct inter-
pretation of a cell’s position in the embedding with respect to the genes it expresses. Additionally, like the
loadings of PCA components, the high-variance genes of each of the latent dimensions of the VAE-based
scRNA-seq factor model can be easily identified. But unlike PCA, the VAE-based model directly represents

discrete count-based sequencing data through a ZINB observation likelihood [107].

3.5.6 Augmenting the Multiome Sequencing with Unsupervised
ATAC Clustering

In order to provide global accessibility to the model, the single-cell multiome data is augmented with un-
supervised clustering of the ATAC modality. Since this model aims to explore unknown population-specific
changes in the relationship between accessibility and transcription, the scale at which we must condition the

decoder is also a parameter of the model. Rather than making assumptions about this population parameter,
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Figure 3.1: a) Unsupervised clustering of the ATAC modality. b) Augmentation of the paired
single-cell multiome ATAC/RNA sequencing with ATAC clustering,.

a general feature expansion approach is adopted so that the ATAC data is clustered at several scales (3.1a)

and the labels concatenated into a label feature vector (3.1b).

3.5.7 A Multiomic VAE-Based Factor Model

I adapt the integration scheme of [8] to generate a multiomic embedding of paired single-cell data whose
RNA and ATAC decoders are shallow single-layer networks. These decoders are conditioned on the a set of

fully observed labels representing the global strucuture of the ATAC modality 3.2.

3.5.8 Synthetic Downsampling of PBMC scATC/RNA Multiome

Data

Because the regulation of global decoupling is likely complex, a synthetic benchmark to detect this phe-
nomenon was carried out by selectively down-sampling the RNA reads in cells from selected clusters (3.3a).
The cluster-specific weight of WC(;RNA) was averaged across downsampled genes for downsampled clusters
in each benchmarking batch batch and compared to the average non-downsampled gene weight across non-
downsampled clusters (3.3b) and a two-tailed Student’s T-test was performed on the means of the down-
sampled vs non-downsampled giving a test statistic of —4.078 (p = 7.11e —5), suggesting that a lower ATAC

cluster weight for a given gene was strongly suggestive of suppressed RNA expression at that gene for cells

in the corresponding ATAC cluster.
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3.5.9 Exploratory Analysis of the Decoder Weights

In order to investigate whether the model can identify meaningful relationships between global patterns in
accessibility and the dimensions of the multiomic latent embedding Z, I analyzed PBMC data from cancer
immunotherapy patients [13]. Epigenetic memory is a well-studied feature of the adaptive immune system
[73]. T analyzed two complementary trends in the weight matrix of the RNA decoder: 1) the correlation
between the weights corresponding to specific ATAC cluster labels and specific embedding dimensions and 2)
the correlation between the weights of specific genes. The analysis in (1) revealed that embedding dimensions
Zs and Zs represent significant heterogeneity in the scale of decoupling with all specific accessibility clusters
from all three Leiden resolutions showing strong decrease in transcriptomic output for accessible genes 3.4.

Likewise, there is significant heterogeneity in the decoupling rate among genes 3.5.
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Chapter 4

Discussion

In the preceding chapters, I have addressed several ways in which transformations and annotations can be
applied to single-cell omics data to facilitate its analysis through machine learning approaches. A common
theme in these tasks is the use of multiple data sources, representing the opportunity in many workflows to
increase exploratory scope and robustness, while also introducing challenges associated with the annotation

of data and various platform affects.

4.1 scRNA-seq Imputation

This chapter reviewed current approaches to scRNA-seq imputation and the use of deconvolution to provide
enhanced perspective on bulk RNA-seq data. This chapter introduces DURIAN [57], an imputation method
that utilizes bulk data to improve the specificity of minimum-rank matrix completion by constraining the
objective with a pseudobulk loss. This scheme of utilizing an ’outer’ imputation objective, constrained by an
'inner’ deconvolution objective resembles classical data-augmentation in the context of EM [113]. In order
to use bulk data to supervise the imputation, I augmented the objective with the pseudobulk representation

of the single-cell data.

Addressing dropout in scRNA-seq is a longstanding problem that has been addressed both indirectly and
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directly. Direct approaches can take an optimization-based objective, such as in DURIAN [57], SCRABBLE
[93], or DrImpute [34], but may also take the form of a generative model, such as URSM [128] or scVI [81].
conversely by implicitly handling dropout within downstream analytical pipelines, such as cell-type identifi-
cation [95]. There are benefits and drawbacks to both strategies. Direct imputation leads to bioinformatics
pipelines that are more modular. This modularity is embraced by DURIAN in its deconvolution approach,

where two very different inference schemes are used to estimate the cell-type mixture of the deconvolution.

4.2 Pathway Mining and Integration

In this chapter, I introduce an integrated pipeline accessing and integrating multi-scale prior-knowledge.
The interpretability of PCquery makes it suitable for many downstream tasks, all falling under the umbrella
of model parameterization, which represents a shift in the historic focus of quantitative biology. Due to the
availability of high-dimensional data, the need to integrate domain-specific prior-knowledge is increasingly
important. The integration of BioPAX pathways forms a scaffold upon which multiple levels of biological
information can be systematically added. In order to facilitate integration of multiple pathways, the individ-
ual publicly-stored pathway graphs must be augmented by expansion of complex-forming reactions, allowing

unique molecular identifiers to serve as the intersection for pathway integration.

PCquery relies on semantic web resources to provide continued access to public online databases. Seman-
tic web databases explicitly represent knowledge as a tree, allowing database queries to implement logical
operations on the pathway graphs, such as transitivity [? ]. This framework allows the SPARQL client
modules currently-included in PCquery to augment public curated pathways as described above by perform-
ing inference on pathway graphs. These modules also allow PCquery to more-effectively leverage structural
databases to fully annotate pathways. However, there are also limitations to this approach, including the
fact that endpoints supporting SPARQL are still less common among public bioinformatic resources than

more traditional endpoints supporting only SQL.
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4.3 Conditional Factor Models for Single-Cell Multi-

omics

This chapter introduced a method for deep, generative integration of single-cell multiomics data in the case
of paired RNA and ATAC sequencing. This model augments the multiome sequencing with a set of ATAC-
specific labels. The use of single-cell multiome data to study the relationship between accessibility and
transcription is motivated by the observation that the timescale of these processes is regulated dynamically,
and that this regulation appears to have both global [76] and local [77] structure, and that decoupling of

these processes plays a critical adaptive role in epithelial tissues [90)].

In contrast to existing multiomics integration approaches, I prioritize the interpretability of the model regard-
ing global inter-modality relationships in the latent space. This leads to an exploration of how gene-specific
transcriptional affects can be predicted based on the global heterogeneity of the underlying accessibility

landscape.
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