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ABSTRACT

Adverse pregnancy outcomes (APOs), such as preeclampsia, fetal growth restriction,
and preterm birth, occur in 10-15% of pregnancies. There is limited knowledge of how the
cellular states in the placenta and decidua tissues are altered in women with particular
APOs or may contribute to APOs. Single-cell RNA sequencing (scRNAseq) approaches
have characterized cellular populations and interactions at the maternal-fetal interface using
traditional dimensionality-reducing methods such as UMAP-based clustering. However, these
techniques may generate limited representations of nuanced cellular functions and biological
relationships among and within cell clusters. Pareto Task Inference (ParTT), a dimensionality
reduction technique that fits data to an n-dimensional polygon or polytope, models how
cells optimize among multiple biological functions and transition between states. We applied
ParTT to assess its ability to identify nuanced cellular states and intercellular relationships
and to highlight biological mechanisms underlying specific APOs.

We analyzed scRNAseq data from 50 whole placental homogenates collected from healthy
pregnancies and those complicated by fetal growth restriction (FGR), preterm preeclampsia
(PrePET), spontaneous preterm birth (PTB), term preeclampsia or gestational hypertension
(TermPET/GHTN), or type 1 diabetes (DM1). ParTI was applied to the dataset with 1) all
main cell lineages (B-cells, trophoblasts, stromal, endothelial, Haufbauer, T-NK, maternal
myeloid cells) and 2) syncytiotrophoblasts (SCTs), a sublineage of trophoblasts. Marker
genes and gene set enrichment analysis for the ParTI polytope vertices, called archetypes,
were performed to assess the biological states associated with the archetypes.

We demonstrated that the ParTI polytope can separate both broad cell lineages and
sublineages, suggesting that iteratively applying ParTI can serve as an alternative clustering
approach when cell-lineage marker genes are previously known. Additionally, ParTI applied
to SCTs separated healthy controls from pregnancies complicated by specific APOs. Gene
set enrichment analysis of the cells proximal to the archetypes suggests biological differences
in SCTs with specific APOs compared to the controls. Thus, ParTT can identify biological
mechanisms underlying specific APOs and be applied to additional datasets to uncover
biological relationships among and within cell-type clusters.
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Chapter 1

Introduction

Adverse pregnancy outcomes (APOs) impact roughly 20% of pregnancies [1], with a higher risk
among women in underdeveloped countries [2]. There are several types of APOs, including
preeclampsia (hypertension often with high urine protein levels), preterm birth (delivery
between 20-37 weeks of gestation), low birth weight (birthweight of less than 5 Ib 8 0z),
placental abruption (separation of the placenta from the uterine wall before delivery), and
small for gestational age (SGA, de ned as weight below the 10th percentile for a given
gestational age) [3]. Women who experience APOs have an increased risk of signi cant long-
term morbidities, including cardiovascular disease [4], diabetes [5], and metabolic diseases
[6]. The societal cost of APOs is estimated to be $32.3 billion per year, corresponding to
almost $9,000 per pregnancy. Rates of APOs vary based on racial and ethnic groups. In
the United States, individuals who identify as Black, African American, Hispanic, Native
American, or Asian/Paci c Islander have an increased risk of APOs [7]. In particular, not
only is preeclampsia more prevalent in Black/African American women compared to White
women (7% vs. 4.3%)[8], but also Black women are more likely to have severe preeclampsia
and additional health impacts, including severe hypertension [9]. Given the high occurrence
of APOs and the long-term morbidity and societal costs associated with them, it is crucial to
uncover potential biological mechanisms behind them.

Single-cell RNA sequencing (scRNAseq) is one potential method of gaining insight into
the molecular basis of APOs. By quantifying individual cells' gene expression, scRNAseq has
revolutionized the ability to analyze and interpret complex biological mechanisms. Previous
work has pro led the transcriptome of the placenta and decidua at the rst trimester
of gestation, characterizing some of the cellular interactions involved in maternal-fetal
communication[10] and the complex regulatory networks at the maternal-fetal interface[11].
However, there is still limited knowledge about how these complex cellular states and
interactions impact pregnancy outcomes.

This thesis applied a novel dimensionality reduction technique to determine whether we
could identify unique biological mechanisms underlying adverse pregnancy outcomes and
gain insight into ways to mitigate them. Speci cally, we analyzed scRNAseq data of placenta
samples collected at term, both from women with healthy pregnancies and women with
APOs. We then applied Pareto Task Inference (ParTI) to reduce the data's dimensionality
and extract insights into potential mechanisms underlying APOs.
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Chapter 2
Related Works

2.1 Pareto Task Inference (ParTl) as a Method of Dimen-
sionality Reduction

Pareto Task Inference (ParTl) is a method of reducing the dimensionality of sScCRNAseq
data and generating biological insights (Figure 2.1). ParTl is based on Pareto's Theory of
Multi-objective Optimization, which aims to optimize on multiple dimensions. A Pareto
Optimum is one where no dimension can be further optimized without diminishing another
dimension [12 14] (Figure 2.1b). ParTl applies Pareto Optimality to cellular states [15].
Each cell performs numerous biological tasks (e.g., metabolism, movement, growth, etc.),
which have inherent trade-o s, so the cell must optimize among these tasks (Figure 2.1a).
Thus, one could view each task as a dimension that the cell must optimize, and cellular states
represent Pareto Optima for these tasks [13].

Given that cell states can represent Pareto Optima, single-cell data can be represented as
existing inside a polytope (an n-dimensional polygon). Each vertex can represent a biological
task or dimension for the cell to optimize, and edges or faces can represent a biological
transition among states [14] (Figure 2.1c). Thus, the rst step of the ParTI algorithm is to
determine the number of dimensions required to represent the data. This is performed by
tting polytopes of various dimensions and determining the threshold for which increased
dimensionality does not increase the explained variance. For the polytope of the identi ed
dimensionality, the vertices, called archetypes, are then determined, and further analyses can
be performed to infer the biological tasks associated with these archetypes [15]. The key
bene t of ParTl compared to other dimensionality reduction techniques, such as PCA, is the
identi cation of these archetypes, as these points could indicate biologically relevant features
of the datasets.

Despite theoretical improvements in using ParTIl, minimal published work has applied
ParTl to any type of sequencing dataset. The authors of ParTl applied it to identify
breast cancer subtypes in bulk RNA-sequencing of breast tissue samples, demonstrating that
archetypes represent triple-negative, HER2+, or Luminal B cancer subtypes or normal breast
tissue. They also performed ParTI analysis of bulk sequencing of 63 individual mouse tissues,
with each tissue presumed to be made up of a single cell type. The resulting archetypes
represented secretory, neural, hematopoietic, and macrophage lineages with di erentiation

17
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Figure 2.1: Pareto Task Inference (ParTl) for Dimensionality Reduction

a) ParTl is based on Pareto's Theory of Multi-objective Optimization, where cells have
inherent tradeo s among di erent biological states or functions. b) The Pareto Front re ects

the line of optimal solutions, i.e., where a cell cannot further optimize for one task without
hindering another. c) ParTl models scRNAseq data by tting it to an n-dimensional polygon
called a polytope. Vertices, called archetypes, represent speci ¢, specialized biological states,
while edges re ect transitions among states.

transitions re ected by the cellular gradient from the center of the polytope to the vertices
[15]. Wang et al. applied ParTl to a publicly available scRNAseq dataset of PBMC cells
showcasing the ability of the archetypes to represent immune cell types (T-cells, NK cells, B
cells, platelets, monocytes, and erythroid precursors)[16]. Recently, ParTl has been applied
to spatial transcriptomic data of mature intestinal enterocytes and colon broblasts to assess
how cell-cell communication contributes to the division of biological tasks within a tissue.
The results suggested that ParTI could successfully model the biological tasks divided among
cells within the tissues [17].

While previous works have focused on recapitulating common cell subtype relationships
in published data, we applied ParTl to scRNAseq data to extract biological insight into
pregnancy and APOs.

2.2 Characterization of the Maternal-Fetal Interface with
Single-Cell RNA Sequencing

Previous scRNAseq studies have pro led the cell types and some of the cellular interactions
at the maternal-fetal interface using conventional dimensionality reduction techniques. Two
previous works investigated the early maternal-fetal interface by analysis of the placenta
and decidua during the rst trimester, where the placenta is undergoing the most dynamic
changes. Suryawanshi et al. used t-SNE-based clustering that identi ed 20 cell types (11
in the decidua and 9 in the placental villi cells) and demonstrated that the expression of
common cell types varies between the two tissues [11]. Additionally, potential ligand-receptor
interactions were analyzed both within tissues and between them. Vento-Tormo et al. used
UMAP-based clustering to pro le the cell types and cellular interactions in the placenta,
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decidua, and maternal blood samples [10]. Three distinct subsets of decidua NK cells were
identi ed, suggesting that di erential expression in these cell types could a ect the maternal
immune response. Both of these studies used tissue samples from women who underwent
elective termination of pregnancy and thus were unable to evaluate how cellular changes
contribute to APOs.

Although these studies characterized the maternal-fetal interface, how alterations in these
cell populations can be markers of APOs or contribute to causing APOs was not evaluated.
Additionally, previous work applied traditional dimensionality reduction techniques (UMAP
and t-SNE) and used traditional di erential gene expression analyses to characterize the
cellular context of the placenta. If applied in the context of understanding APOs vs. healthy
pregnancies, these approaches may only uncover discrete relationships. In contrast, ParTlI
can elucidate continuous relationships among and within clusters of cells, which can help
identify non-discrete biological changes associated with disease. Speci cally, our ParTl-based
approach identi ed the cellular states associated with the ParTI archetypes and analyzed
cells based on distance to the archetypes. Thus, we were able to analyze the scRNAseq data
within a spectrum of cellular states and investigate APO status in a more continuous manner.
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Chapter 3

Objectives

The objective of this work was to apply ParTl to a scRNAseq dataset of the placenta to
elucidate biological insights into adverse pregnancy outcomes. Our aims were as follows:

Aim 1: Validate the Use of ParTl to Analyze scRNAseq Data

First, we validated the use of ParTl on a placenta scRNAseq dataset to determine if
it can recapitulate cell-type clusters and markers from traditional scRNAseq data analysis
techniques. These analyses were performed on the entire sScCRNAseq dataset and subsets of
the data (e.g., trophoblast cells).

Aim 2: Compare the Transcriptomes of Women With and Without Adverse Pregnancy
Outcomes

After validating the use of ParTl on a scRNAseq dataset, we then used it to compare the

transcriptome among women with and without speci c adverse pregnancy outcomes. We
assessed gene expression and functional changes between groups.
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Chapter 4
Methods

4.1 Cohort

The study population for this work included pregnant women who delivered at Massachusetts
General Hospital. We included women with healthy pregnancies, de ned as live birth
at term with no adverse outcomes, and delivered with either vaginal delivery (labored
control ) or cesarian section (unlabored control ). We also included women with specic

adverse pregnancy outcomes, such as fetal growth restriction (FGR), preterm and term
preeclampsia (PrePET, TermPET), gestational hypertension (GHTN), spontaneous preterm

birth (PTB), and type 1 diabetes (DM1). This work was approved by the Mass General

Brigham Institutional Review Board (IRB).

4.2 Dataset and Preprocessing

Placenta samples were collected from patients at delivery. These samples were homogenized,
and 10X single-cell RNA sequencing was performed on the resulting samples. Gene count
data were cleaned and processed using Scanpy v1.10.3 in Python [18]. Speci cally, cells with
fewer than 100 genes and genes with fewer than three cells were removed. The counts were
normalized to the median total counts, and log scaling was performed. To establish baseline
cell-type annotations to compare with ParTI results, UMAP dimensionality reduction was
performed, and cell-type clusters were identi ed using known lineage markers.

Next, the data were prepared for ParTl analyses. Either the principal components (PCs),
highly variable genes, or the top 100 marker genes for each APO condition were selected.
These PCs or genes were exported along with the metadata into CSV les for ParTl analyses.

4.3 ParTl Analyses

The 01/21/2020 version of the MATLAB-based ParTI package was procured from the Uri
Alon Lab website [19]. The CSV les of the gene expression data and metadata were loaded
into MATLAB along with a text le of the gene names. Metadata variables were classi ed as
discrete or continuous before the data were run through ParTI. ParTIl jobs were performed
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remotely on the Luria computer cluster using Slurm jobs [20]. The resulting MATLAB data
structures, including the coordinates of the archetypes, were saved in a .mat le and loaded
into Python using the SciPy package. The ParTI results were visualized with Python by
projecting the archetypes and single-cell expression data onto the top 3 principal components.

4.4 Archetype Analyses

The distance between each single-cell data point and each archetype was computed to assess
the gene expression pro le of each archetype. The top points closest to each archetype
were then computed. Using Scanpy, the marker genes associated with these closest points
were determined, re ecting marker genes for each archetype (Figures 4.1a(i) and 4.1b).
Identi ed genes were compared to known marker genes in the Human Protein Atlas [21, 22].
Gene set enrichment analysis (GSEA) was also used to uncover the functional implications
of di erential gene expression among the archetypes. A p-value of 0.05 was considered
statistically signi cant. Note that when comparing archetypes, signi cant gene sets were
ignored if they were signi cant for multiple archetypes associated with distinct conditions.

Di erential expression analyses were performed using GSEApy version 1.1.3 [23].

4.5 Spatial Distribution of a Panel of Genes

To assess how the expression of marker genes varied throughout the ParTl polytope, we rst
calculated the composite expression of a panel of marker genes using the following formula:

S \L
N
Composite Expressiorr (Gene Expressio)? (4.1)
gene panel

Composite expression can be visualized by coloring the cells within the ParTI polytope
or by calculating the composite expression as a function of distance from one archetype.
Speci cally, this can be accomplished by binning the cells into deciles based on distance from
an archetype and then calculating the average expression within each bin.

To calculate the distribution of composite expression as a function of distance from one
archetype to another, we rst calculate for each cell the ratio of the distance that cell is from
one archetype to the other. The ratio of distances is then log-transformed, resulting in the
following formula:

Normalized Ratio of Distance from Archetype A to Archetype B
= +log( Euclidean Distance to Archetype A
log(Euclidean Distance to Archetype B (4.2)

Similarly, the cells can be binned into deciles based on distance ratios, and then the decile
averages of composite expression can be computed. The results can be visualized to show the
distribution of a panel of gene markers throughout the ParTI polytope, traveling through
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cells proximal to one archetype to cells proximal to another archetype (Figures 4.1a(ii), 4.1c,
and 4.1d).

4.6 Spatial Distribution of Categories of Cells

To analyze the spatial distribution of cells of one category compared to another category
(e.g., comparing trophoblasts in healthy controls vs. participants impacted by PTB), one can
compute the proportion of each category of cells proximal to each archetype. Additionally,
the density as a function of distance from a given archetype can be computed by plotting a
histogram of distances for each group. Additionally, to look at the distribution as a function
of distance from one archetype to another, a histogram of the Normalized Ratio of Distance
from Archetype A to Archetype B, as de ned in Equation 4.2, can be plotted.
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Figure 4.1: Generating Biological Inferences from Enriched Genes at ParTl Archetypes and
Distributions of Cells within the ParTI Polytope

a) Schematic of methodology to identify the biological tasks associated with the archetypes
and between archetypes. One can analyze the enrichment of genes(s) (i) at the archetypes
or (i) as a function of distance from one archetype to another. b) A ParTl polytope of
trophoblast data. The 100 most proximal cells to each archetype are colored. Examining
enriched genes in these cells can elucidate the cellular states associated with each archetype.
c) The ParTI polytope of trophoblast data colored based on expression of a panel of SCT
marker genes. d) Expression of a panel of SCT marker genes plotted by ratio of distance
from archetype 3 to archetype 1.
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Chapter 5

Results

5.1 Cohort

50 participants were identi ed, including 14 healthy controls, 6 of whom underwent vaginal
delivery ( Labored Controls ) and 8 of whom had cesarian sections ( Unlabored Controls )
(Table 5.1). 36 women had pregnancies complicated by adverse pregnancy outcomes, including
8 with type 1 diabetes (DM1), 6 with fetal growth restriction (FGR), 8 with spontaneous
preterm birth (PTB), 6 with preterm preeclampsia (PrePET), and 7 with term preeclampsia

or gestational hypertension (TermPET/GHTN). One participant had both PrePET and FGR,

and their data were analyzed as part of both APO groups.

Table 5.1: Cohort Description

Condition Number
Control (Labored) 6
Control (Unlabored) 8
Type 1 diabetes (DM1) 8
Fetal Growth Restriction (FGR) 7*
Preterm Birth (PTB) 8
Preterm preeclampsia (PrePET) 7*
Term preeclampsia or gestational hypertension (Term PET/GHTN) 7

*One participant with FGR and PrePET

5.2 scRNAseq Datasets

5.2.1 Pilot Dataset

Initial data analyses were performed on pilot data from 3 patients. Each placenta sample
was sequenced using three di erent laboratory procedures (sorting techniques for puri cation
before sequencing), and the resulting nine samples were used for preliminary data analyses.
The pilot data contained over 150,000 cells with at least 300 genes. The cells were classi ed
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into trophoblasts, T/NK cells, broblasts, endothelial cells, Hofbauer cells, myeloid cells, and
B cells using known lineage markers. These cells were rst visualized using UMAP (Figure
5.1).

Figure 5.1: UMAP of Placenta Pilot Data Colored by Cell Type

5.2.2 HRull Dataset

The complete dataset from the 50 participants contained over a million cells where expression
levels of over 30,000 genes were measured. UMAP-based clustering was used to classify cells
in terms of broad cell lineages, including trophoblasts, T/NK cells, broblasts, endothelial
cells, Hofbauer cells, myeloid cells, and B cells, using known lineage markers. Broad cell
lineages were then classi ed into sublineages.

For our ParTl analyses, we rst analyzed a subset of the data with just the trophoblast
sublineages. A UMAP visualization of the trophoblast cells is shown in Figure 5.2. The
trophoblast sublineages identi ed were syncytiotrophoblasts (SCTs), villus cytotrophoblasts
(VCTs), VCT-proliferative (VCT-p), cytotrophoblast cell columns (VCT-CCC), and the
intermediate cell state between SCTs and VCTs in the placental villi (VCT-fusion) [24].
Note that VCTs with high mitochondrial gene expression (VCT-high-MT), VCTs with high
ribosomal gene expression (VCT-high-ribo), and doublets were excluded from ParTl analyses.
We also performed ParTI analyses on just the SCTs to assess the biological di erences between
speci ¢ APOs and healthy pregnancies.
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Figure 5.2: UMAP of Trophoblasts from Full Dataset Colored by Sublineage

5.3 Analysis of ParTl's Capabilities to Identify Cell Clus-
ters and Spatial Relationships Among Cells

5.3.1 ParTl Archetypes Identify and Separate Broad Cell Lineages

First, we applied ParTlI to the pilot data with all broad cell lineages to analyze the relationship
between cell-type clusters. Based on the percent explained variance, ParTI| selected a 4-vertex
polytope to represent the overall data (Figure 5.3a). Each archetype appears to represent
a broader cell lineage with Hofbauer and myeloid cells located near vertex 1, T/NK and
B cells near vertex 2, endothelial and broblast cells near vertex 3, and trophoblasts near
vertex 4 (Figure 5.3b). Gene enrichment at the archetypes corresponds to known cell lineage
markers (Figure 5.3c). For example, the top 4 enriched genes for archetype 1 (C1QA, C1QC,
TYROBP, and C1QB) are known to be highly expressed in the placenta Hofbauer cells [22].
Archetype 2 is characterized by immune cells, including T/NK and B cells. Similarly, highly
enriched for archetype 2 include CCL5, PTPRC, and CD69, which are known to be highly
enriched in these immune cell types[22]. Additionally, the highly enriched genes for archetype
3 include DCN, LUM, and SPARC, which are known to be highly enriched in broblasts[22].
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Finally, PAGE4 is a known marker of Tropoblasts in the placenta and is highly enriched only
in cells near archetype 4[22]. These results suggest that ParTl can model the relationship
between broad cell type lineages and identify marker genes associated with lineages.

(b)
(@)

()

Figure 5.3: ParTIl Applied to the Pilot Data Separates Broad Cell Lineages

a) Explained variance for polytopes by dimensionality (hnumber of archetypes). b) 3D
visualization of the archetypes and cells colored by cell type. c¢) Enriched genes at the
archetypes correspond to cell lineage markers.

5.3.2 ParTIl Polytopes and Archetypes Distinguish Trophoblast Sub-
lineages and Recapitulate Relationships Among Sublineages

We next assessed ParTl's ability to identify sublineages when applied to a subset of the data
with only one broad lineage. Speci cally, we applied ParTI to a subset of the pilot data and
also to a subset of the full dataset, each with only the trophoblast cells.
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When applying ParTI to the trophoblast subset of the pilot data, the algorithm selected a
four-vertex polytope as the best re ection of the data. For this subset, trophoblasts with high
ribosomal gene expression are near vertex 1, syncytiotrophoblasts (SCTs) are near vertex 3,
and unspeci ed trophoblasts are near vertex 4. Vertex 2 appears near some cells of all three
subtypes (Figure 5.4a).

Highly enriched genes for the archetypes align with the cell classi cations. For example,
highly enriched genes for cells near vertex 1 include multiple ribosomal proteins, and the
trophoblasts with high ribosomal gene expression are located near this archetype. CGA, a
known placenta-speci ¢ marker for SCTs[22], is highly enriched in cells near vertex 3. For
vertex 2, which includes unspeci ed trophoblasts from the traditional UMAP-based cell
type classi cation, highly enriched genes include ITGA6 and LAMB1, which are enriched in
placenta cytotrophoblast cells (CTBs), and COL4A2, which is enriched in placenta extravillous
trophoblasts (EVTs) (Figure 5.4b)[22].

We then analyzed the composite expression of a panel of known SCT marker genes
(ERVFRD-1, ERVW-1, CGA, CYP19A1, INSL4, GDF15, SLC13A4, SLCA1, LCMT1-AS2)
[11]. The cells proximal to archetype 3 are highly enriched for these SCT markers (Figure
5.4c). We next assessed gene expression as a function of distance from archetype 3 to each
other archetype. This analysis also demonstrates that cells with high expression of the
markers are proximal to archetype 3 (Figure 5.4d). Since there are some cells in the general
trophoblast cluster with moderate expression of these markers (Figure 5.4c), this suggests
that the ParTI polytope highlights a continuous transition or relationship between these cell
clusters. These ndings suggest that ParTl was able to illustrate the relationship between
SCTs and the other trophoblast cells as well as recapitulate previously known sublineage
markers enriched at the archetypes.

Because the pilot data was limited in the number of sublineages identi ed, we re-ran
ParTl on the trophoblast cells of the full dataset. ParTl selected a 5-vertex polytope to
model the data, which contained trophoblast cells of the following sublineages: SCTs, VCTs,
VCT-p, VCT-CCC, and VCT-fusion. Although archetypes do not correspond 1-to-1 to a
speci c trophoblast sublineage, the archetypes provide insight into the relationship among
these clusters. General VCT cells are in the center of the polytope, while more specialized
cell sublineages are proximal to the edges and archetypes. Speci cally, Archetypes 1 and 2
pull out the VCT-p's. Archetype 3 is proximal to the VCT-CCCs, and archetypes 4 and 5
are proximal to SCTs and the VCT-fusion cells (Figure 5.5a). Given that VCT-fusion cells
are positioned between the cluster of SCTs and general VCTSs, this suggests that the polytope
models the previously known relationship between these cell types.

These observations are supported by analysis of the gene expression of known lineage
markers. Speci cally, a panel of SCT marker genes (TFAP2A, CYP19A1, MFSD2A [24]) was
highly enriched near archetypes 4 and 5 (Figures 5.5b and 5.5c¢). The highly enriched genes
in the cells proximal to these archetypes include PSG6, PSG5, and ERVFRD-1, which are
known SCT markers (Figure 5.5d). Combined with the results from the pilot data, these
results suggest that ParTIl archetypes can distinguish trophoblast sublineages. Additionally,
the polytope and archetypes can recapitulate relationships between the cell types.
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Figure 5.4: ParTI Distinguishes SCTs in Analysis of Trophoblast Sublinages in Pilot Data
a) A subset of the dataset with only the trophoblast lineages is modeled with a 4-vertex
ParTI polytope. b) Enriched genes at the archetypes correspond to trophoblast sublineage
markers. ¢) Enrichment of SCT maker genes (ERVFRD-1, ERVW-1, CGA, CYP19A1, INSL4,
GDF15, SLC13A4, SLCA1, LCMT1-AS2). d) Expression of SCT marker genes as a function
of distance from archetype 3 to all other archetypes.
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Figure 5.5: ParTI Archetypes Model Trophoblast Sublinages and Re ect Di eration Pathways
a) When applied to a subset of the full dataset with the trophoblast sublineages, ParTI
modeled the data with a 5-vertex polytope. b) Enrichment of SCT marker genes (TFAP2A,
CYP19A1, MFSD2A). c) Expression of SCT marker genes as a function of distance from
each archetype. d) Top-4 marker genes in cells proximal to each archetype.
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5.4 Using ParTl to Investigate Biological Di erences be-
tween Speci c APOs and Healthy Pregnancies

After assessing ParTlI's abilities to distinguish broad lineages and trophoblast sublineages, we
applied the algorithm to compare the gene expression in cells from healthy pregnancies vs.
those a ected by speci c APOs. In particular, we compared SCTs from healthy controls vs.
either PTB, DM1, FGR, PrePET, or TermPET/GHTN.

5.4.1 Spontaneous Preterm Birth

We rst applied ParTI to a subset of the SCT cells, either from healthy labored controls or
from pregnancies a ected by PTB. Because all participants in the PTB group had labored
deliveries, we excluded the unlabored controls from our analyses. ParTl t the data to a
5-vertex polytope where archetypes 1 and 3 are more proximal to SCTs from the PTB group,
while archetype 5 is more proximal to those from the labored controls (Figures 5.6a and
5.6b). Analysis of the density of cells as a function of distance from archetype 3 to archetype
5 illustrates that the distribution of PTB cells is closer to archetype 3, while the healthy
labored controls are proximal to archetype 5 (Figure 5.6c). Interestingly, RBBP6 was a
marker gene enriched at archetype 5 of the ParTI polytopes (Figure 5.6d) and was found to
be di erentially expressed in the control SCTs using traditional gene expression analyses.

GSEA analysis of the enriched gene sets in the cells proximal to archetypes suggests that
archetype 3 is associated with cell cycle regulation and IL-12 signaling, while archetype 5 is
associated with protein modi cations, speci cally ubiquitination, and intracellular transport
(Table 5.2). Overall, these results suggest that SCTs in the PTB group have changes in cell
cycle regulation, IL-12 signaling, protein modi cations, and intracellular transport compared
to the healthy labored controls.

Table 5.2: Select Signi cant GSEA Results of Cells Proximal to Archetypes in Analysis of
PTB compared to Labored Controls

Archetype | Term Overlap | Adjusted P-value Odds Ratio | Combined Score
3 regulation of mitotic cell cycle phase transition (GO:1901990) 75/188 6.04E-15 3.86 144.73
3 regulation of cell cycle phase transition (GO:1901987) 48/95 3.54E-14 5.91 210.55
3 regulation of G2/M transition of mitotic cell cycle (GO:0010389) 61/149 9.10E-13 4.02 129.40
3 regulation of mitotic cell cycle (GO:0007346) 68/178 1.51E-12 3.59 113.35
3 cellular response to interleukin-12 (GO:0071349) 25/48 8.27E-08 6.25 125.71
3 interleukin-12-mediated signaling pathway (GO:0035722) 24/46 1.60E-07 6.27 121.74
5 endoplasmic reticulum to Golgi vesicle-mediated transport (GO:0006888)118/185 4.34E-24 4.97 294.64
5 protein ubiquitination (GO:0016567) 247/525 3.29E-22 2.53 138.95
5 protein modi cation by small protein removal (GO:0070646) 153/276 3.36E-22 3.52 192.81
5 protein deubiquitination (GO:0016579) 145/267 5.98E-20 3.36 165.58
5 intracellular protein transport (GO:0006886) 171/336 1.25E-19 2.93 142.35
5 protein polyubiquitination (GO:0000209) 162/314 2.41E-19 3.01 144.21

5.4.2 Type-1 Diabetes

We next analyzed SCTs in pregnancies complicated by type-1 diabetes (DM1) compared to
healthy labored and unlabored controls, since the DM1 group contained participants with
both labored and unlabored births. ParTl ts a 5-vertex polytope where archetypes 1 and
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Figure 5.6: ParTI Identi es Biological Di erences Between PTB vs. Labored Controls in
SCTs

a) ParTl models SCT data with a 5-vertex polytope. Vertices 3 and 5 are annotated with
signi cant GSEA results. b) Percentage of PTB vs. Control conditions in cells proximal to
each of the ve archetypes. c) Density of PTB vs. Control conditions by the ratio of the
distance from archetype 3 to archetype 5. d) Top 4 marker genes for each archetype.
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2 are closer to DM1 SCTs while archetypes 3, 4, and 5 are more proximal to the controls
(Figures 5.7a and 5.7b). Speci cally, when assessing the density of each condition as a function
of distance from archetype 5 to archetype 1, we see two separate distributions. The DM1
group is proximal to archetype 1, and both control groups, following a similar distribution,
are more proximal to archetype 5 (Figure 5.7c).

We next performed GSEA to assess the enriched gene sets in the cells proximal to each
archetype. Enriched genes in cells near archetypes 1 and 2, which are more proximal to DM1
cells, are associated with intracellular signaling. Genes at archetype 1 are also associated with
ATP synthesis. On the other hand, genes enriched at archetype 5, which is more proximal to
cells from the control groups, are associated with histone modi cations, protein modi cations,
and intracellular protein transport (Table 5.3).

Table 5.3: Select Signi cant GSEA Results of Cells Proximal to Archetypes in Analysis of
DM1 compared to Labored and Unlabored Controls

Archetype | Term Overlap | Adjusted P-value Odds Ratio | Combined Score
1 regulation of intracellular signal transduction (GO:1902531) 363/437 1.715E-16 2.81 118.31
1 regulation of cellular response to stress (GO:0080135) 108/118 4.88E-10 6.12 159.81
1 mitochondrial ATP synthesis coupled electron transport (GO:0042775) 69/71 1.38E-09 19.50 487.79
1 aerobic electron transport chain (GO:0019646) 68/70 2.00E-09 19.21 472.61
2 regulation of intracellular signal transduction (GO:1902531) 352/437 3.00E-15 2.60 101.58
2 regulation of cellular response to stress (GO:0080135) 106/118 6.77E-10 5.49 141.38
2 NIK/NF-kappaB signaling (GO:0038061) 68/74 2.53E-07 7.03 135.89
2 negative regulation of hippo signaling (GO:0035331) 13/13 02.14E-2 99229 620333.60
5 protein ubiquitination (GO:0016567) 390/525 1.54E-22 2.66 148.70
5 protein modi cation by small protein conjugation (GO:0032446) 311/409 1.29E-20 291 148.88
5 protein deubiquitination (GO:0016579) 205/267 2.14E-14 3.01 108.57
5 retrograde transport, endosome to Golgi (GO:0042147) 78/88 3.74E-11 7.06 199.98
5 histone acetylation (GO:0016573) 63/71 4.70E-09 7.12 165.35
5 post-Golgi vesicle-mediated transport (GO:0006892) 75/89 1.67E-08 4.85 105.93
5 vesicle coating (GO:0006901) 55/63 2.04E-07 6.21 118.40
5 histone H2A acetylation (GO:0043968) 16/16 5.26E-04 151520 1556036.69
5 histone H2B ubiquitination (GO:0033523) 10/10 1.41E-02 94700 607697.81
5 histone H4 deacetylation (GO:0070933) 10/10 1.41E-02 94700 607697.81

5.4.3 Fetal Growth Restriction

When we applied ParTI to analyze the SCTs from pregnancies with fetal growth restriction
(FGR) compared to both control groups, the algorithm t the data with a 5-vertex polytope
(Figure 5.8a). FGR cells were enriched at archetype 1 while the remaining archetypes were
enriched for SCTs from the controls, in particular those from the unlabored controls (Figure
5.8b). Archetype 1 appears to speci cally distinguish the FGR as the distribution of FGR
cells is more proximal than both control groups, which follow a similar distribution (Figure
5.8¢).

GSEA was then used to assess the functions of enriched genes at the archetypes. Speci -
cally, the cells proximal to archetype 1 were enriched for genes associated with DNA processes,
such as DNA repair, ribonucleoprotein complex biogenesis, and snRNA transcription, as
well as histone acetylation. Genes enriched at archetype 2 were associated with cell cycle
regulation. Archetype 3 was associated with signal transduction and antigen processing and
presentation genes, while archetypes 4 and 5 were associated with negative regulation of the
cell cycle. Archetype 5 was also associated with intracellular protein transport as well as
protein modi cations (Table 5.4).
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Figure 5.7: ParTI Identi es Biological Di erences Between DM1 and Control Groups in SCTs
a) ParTl models SCT data with a 5-vertex polytope. b) Percentage of each condition in
cells proximal to each of the ve archetypes. c) Density of each condition by the ratio of the
distance from archetype 3 to archetype 5. d) Top 4 marker genes for each archetype.
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