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Abstract

Matrix factorization is a powerful and flexible dimensionality reduction method for high-

dimensional and noisy genomic data. It finds factor matrices that preserve the low-

dimensional structure of the input matrix. These factor embeddings can be used to co-

cluster the row and the column entities, making matrix factorization a desirable approach

to analyzing Hi-C data capturing 3D genome organization and scRNAseq data measuring

gene expression at single-cell resolution. While Hi-C and scRNAseq technologies cap-

ture different aspects of gene regulation and cellular diversity, their datasets often suffer

from noise and sparsity. The goal of studying 3D genome organization with Hi-C data

is to identify structural units of 3D genome robust to noise and sparsity, and biologically

significant differences in those units that are associated with dynamic processes such as

development, disease progression, and evolution. Similarly, a key challenge in analyzing

scRNAseq data is in overcoming batch effect and noise while preserving biological differ-

ences, a pronounced problem when analyzing data from multiple species to understand the

evolution of cell types and gene expression patterns. To address these tasks, we developed

three matrix-factorization methods, GRiNCH, TGIF, and TIMBER. GRiNCH factorizes

a Hi-C matrix and uses neighborhood graph regularization to generate factors smooth

in local neighborhoods. GRiNCH factors are used to recover structural units stable to

noise in the input matrix and enriched in architectural proteins. TGIF uses multi-task

learning to simultaneously factorize multiple Hi-C matrices. A tree is used to capture the
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relationship among the input datasets, such as cell lineage and phylogeny. TGIF identifies

differential structural units associated with changes in gene expression and chromatin

states, as well as conserved structural elements across 5 mammalian species. TIMBER

is also a tree-based multi-task factorization method, but it allows input matrices to have

different dimensions. This in turn enables TIMBER to be applied to multi-species scRNAseq

datasets with different number of genes. We show TIMBER is a promising approach to

identifying homologous cell types across species. Together, GRiNCH, TGIF, and TIMBER

provide a suite of computational tools for the discovery of shared and evolving patterns in

3D genome organization and gene expression.
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Chapter 1

Introduction

Gene expression is governed by multiple layers of regulatory mechanisms: the interplay of

architectural proteins, transcription factors, and various enzymes can organize the physical

conformation of chromosomes inside the cell, bring regulatory sequence elements in con-

tact with genes, and modify the chemical state of the chromatin to create an environment

primed for gene expression (Schoenfelder and Fraser, 2019; Misteli and Finn, 2021; Hafner

and Boettiger, 2023). Variations in these regulatory mechanisms lead to changes in gene

expression underlying cellular diversity and heterogeneity observed during development,

disease progression, and evolution (Stadhouders et al., 2018; Krijger and de Laat, 2016;

Rowley et al., 2017). Advances in high-throughput sequencing technologies allow us to

capture different aspects of such regulation and diversity. This dissertation primarily

investigates 3D genome organization captured by Hi-C data, which quantifies pairwise in-

teraction between genomic regions (Lieberman-Aiden et al., 2009; Rao et al., 2014; Kempfer

and Pombo, 2020), and explores single-cell transcriptomics data which reveals heterogene-

ity of gene expression programs in different subpopulations of cells (Stuart and Satija,

2019; Adossa et al., 2021; Elmentaite et al., 2022; Heumos et al., 2023). As both genomic

technologies generate high-dimensional and noisy datasets, we use non-negative matrix
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factorization (NMF), a powerful and flexible dimension reduction method, to extract more

interpretable embeddings and clusters from them (Lee and Seung, 1999, 2000; Stein-O’Brien

et al., 2018). The flexibility of the NMF framework allows for regularization schemes and

multi-task learning to simultaneously embed and cluster data from multiple cell types,

biological conditions, and species, and enables the study of the dynamics and variations in

the underlying biological process (Liu et al., 2013; Lee and Roy, 2024). This chapter further

introduces the key goals in analyzing 3D genome and single-cell transcriptomics data, and

provides an overview of NMF, its extensions, and its applications in these data domains.

1.1 3D genome organization and its dynamics across

biological conditions and species

3D genome organization refers to how the DNA folds itself inside of the cell’s nucleus.

A class of high-throughput sequencing technology called Hi-C enables the study of 3D

genome organization by measuring the frequency of contact or interaction between pairs

of genomic regions inside the 3D space of the nucleus (Lieberman-Aiden et al., 2009; Rao

et al., 2014; Kempfer and Pombo, 2020). Analysis of Hi-C data has revealed the hierarchical

organization of the 3D genome (Bonev and Cavalli, 2016; Rowley and Corces, 2018; Szabo

et al., 2019): (1) chromosomal territories inside the nucleus preferentially occupied by

specific chromosomes; (2) compartments segmenting the genome into active or repressive

stretches millions of basepairs in size, each with distinct epigenetic and regulatory sig-

natures; (3) topologically associating domains or TADs, the localized topological feature

representing highly interacting neighboring regions of the genome; and (4) chromatin

loops facilitating close contact between a pair of loci.

Detecting changes to the higher-order organization of the 3D genome is of particular
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interest to understanding dynamic cellular processes underlying development, disease,

and evolution. Rewiring of organizational units like TADs and compartments accompany

specific stages of differentiation (Krijger et al., 2016; Hug and Vaquerizas, 2018; Stadhouders

et al., 2018; Zheng and Xie, 2019; Boltsis et al., 2021). Causal structural variants behind

various developmental diseases and cancer disrupt TAD boundaries and result in abnor-

mal enhancer-promoter interactions (Lupiáñez et al., 2016; Hnisz et al., 2016; Norton and

Phillips-Cremins, 2017; Chakraborty and Ay, 2019; Melo et al., 2020). TADs are consid-

ered the units of synteny across species, the conserved pockets of local interactions and

regulations that travel together in the large-scale genome rearrangements during evolution

(Rowley et al., 2017; McArthur and Capra, 2021; Liao et al., 2021; Álvarez González et al.,

2022). An expanding catalog of publicly available Hi-C datasets covering developmental

time courses, disease states, and multiples species provide an unprecedented opportunity

to study the changes in these structural units and to link their dynamics with cellular

function and phenotypic consequences (Dekker et al., 2017; Reiff et al., 2022).

Unfortunately, low depth and the sparsity of interaction counts in such datasets often

hinder the efforts to identifying structural units like TADs in a reliable manner (Forcato

et al., 2017; Zufferey et al., 2018; Xiong and Ma, 2019). While there are many TAD-calling

methods available, they produce a widely different set of TADs depending on the depth,

sparsity, resolution of the input data (Forcato et al., 2017; Zufferey et al., 2018; Lee and

Roy, 2021). On the other hand, there remains a dearth of computational methods for

identifying changes in TADs or compartments across biological contexts; here the key

challenge is in distinguishing the underlying biological differences from noise and technical

artifacts. Therefore, we need a suite of tools that can identify (1) reproducible TADs, and

(2) significantly differential structural units and features like compartments and TAD

boundaries.

Cross-species analysis of Hi-C data in particular could provide insight about the rela-
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tionship between sequence conservation and conservation of regulatory function. High

degree of sequence conservation of an enhancer, for instance, does not guarantee nor is

necessary for the conservation of its enhancer function in another species (Zemke et al.,

2023; Snetkova et al., 2021). Therefore, to understand the evolution of regulatory elements,

it is necessary to assess both the degree of sequence conservation as well as functional

conservation across species. To carry about such analysis with Hi-C data first requires

sequence alignment and mapping uniform-sized genomic regions or bins (typically 5000-

50000 basepairs in size) across species, in order to find correspondence in 3D interactions

among uniform-sized bins as measured by Hi-C (Yang et al., 2019; Eres et al., 2019; Zhang

et al., 2019; Luo et al., 2021; Zemke et al., 2023; Keough et al., 2023). Once such mapping

is completed and region-level homology identified, "homologous interactions" between

pairs of homologous genomic regions is probed for the conservation or divergence of their

regulatory relationship (e.g. an enhancer-promoter interaction; Yang et al., 2019; Eres et al.,

2019). The regulatory role that homologous loci play in their respective species can also be

assessed (e.g., the binding sites of a architectural protein to form TAD boundaries), along

with the degree to which such role is species-specific or conserved (Zhang et al., 2019; Luo

et al., 2021; Zemke et al., 2023; Keough et al., 2023). A systematic pipeline to carry out such

analysis could be used to assess putative elements and proteins for their role in 3D genome

organization across multiple species.

1.2 Single-cell transcriptomics and cross-species

integration

Advances in single cell technologies have provided an unprecedented opportunity to

analyze and understand complex systems by providing readouts of transcription, chromatin



5

accessibility, methylation, etc., at single-cell resolution (Stuart and Satija, 2019; Adossa et al.,

2021; Elmentaite et al., 2022; Heumos et al., 2023). While bulk omics data can only provide

the average measurement from an entire population of cells, single-cell omics can capture

the diversity of transcriptomic and other epigenetic programs across a heterogeneous mix of

cell types and states. Like Hi-C data, single-cell transcriptomics data (to be comprehensively

referred to as scRNAseq from here on) is high-dimensional, typically with tens of thousands

of genes and up to hundreds of thousands of cells. It also tends to suffer from sparsity and

noise; a particular type of technical noise called batch effect is often observed in scRNAseq

data as a large-scale shift in gene expression values due to experimental artifacts (Kiselev

et al., 2019). Batch effect leads to spurious differences in signal from two biologically

similar groups of cells (e.g., cells at a particular state of differentiation) from two different

samples, experiments, or labs. Minimizing batch effect and integrating datasets across

multiple samples, timepoints, investigators, and locations, while retaining signals from

true biological differences is one of the key challenges in scRNAseq data analysis.

Batch correction or multi-condition integration methods are primarily used to integrate

scRNAseq datasets collected from different species (Song et al., 2023). Understanding

cell type homology and conservation or divergence of gene expression and regulatory

programs across evolutionary timescale requires integrating scRNAseq data across species.

Unsupervised cross-species integration can be challenging due to the fact that between-

species difference can be larger than batch effect, while over-correction can diminish signals

of cellular diversity within each species (Luecken et al., 2022; Song et al., 2023). Leveraging

the phylogenetic relationship among the species that each dataset represents in order to

inform the integration (and possibly mitigate over-integration) is a promising direction,

although there is a scarcity in such computational approaches. SAMap, the sole method

utilizing evolutionary information (by building a gene homology graph from BLAST

alignment; Tarashansky et al., 2021) among a cross-species benchmarking study, was found
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to excel in aligning homologous cell types across species, especially when the evolutionary

distance among them is large (Song et al., 2023). There is much room to explore different

ways of encoding phylogeny and homology for integration of multi-species scRNAseq

data.

1.3 Non-negative matrix factorization and its multi-task

variants

Non-negative matrix factorization (NMF) is a powerful dimension reduction method for

noisy, high-dimensional data (Lee and Seung, 1999, 2000). Its objective is to recover two

lower-dimensional factor matrices that can well approximate the original input matrix

when multiplied together. The two factor matrices represent the embedding of the column

entities and the row entities in the input, and can be used as latent features for clustering

or further analysis. In a specialized case, the input matrix can be a representation of a

network, where the rows and the columns are nodes, and the entry values the strength

of connection between the nodes. Factorizing such matrix yields graph node embedding

(Kuang et al., 2012; Jannesari et al., 2024; Hajiveiseh et al., 2024). The product of the factor

matrices can also serve as a imputed or smoothed version of the input matrix (Cai et al.,

2016; Nguyen et al., 2019). In the biomedical domain, NMF is often applied when the

simultaneous embedding and clustering of a larger number of row entities (e.g. cells)

and column entities (e.g. genes) is desirable (Stein-O’Brien et al., 2018; Brunet et al., 2004;

Devarajan, 2008; Hamamoto et al., 2022).

NMF is a flexible framework that allows incorporation of further constraints or prior

knowledge. One way to enforce a certain desirable quality in the output factors or the

embedding is to impose regularization. For instance, if there is orthogonal information
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available about the relationship between the row entities or the column entities that can

be encoded as a network or a graph, the optimization objective can penalize the output

factor loadings from deviating from the graph structure such that the final factor loadings

or embeddings are more similar if the nodes they represent are more strongly connected

in the graph (Cai et al., 2011). Such graph-based regularization scheme has been used to

co-cluster cancer patients and oncogenes (Zhu et al., 2017), microRNAs with associated

diseases (Xiao et al., 2018), and drug molecules to their targets (Zhang and Xie, 2022).

An extension to the regularization scheme facilitates multi-task learning. In cases where

there are multiple related biological conditions, informing the embedding within each

condition (or task) with those from closely related tasks can be beneficial for two key

reasons: (1) the sparsity and the noise within the individual datasets can be better handled

with information from other related datasets and (2) the resulting embedding in the shared

latent space can make direct comparison across conditions easier.

Several multi-task NMF approaches have been used effectively in the scRNAseq data

integration task. LIGER employs integrated NMF (iNMF) where the gene factor loadings

for each input dataset consist of: a shared set of latent features across all inputs being inte-

grated, and a “task-specific" set of latent features that captures the remaining variations in

each input dataset (Welch et al., 2019; Liu et al., 2020). It has proven to be a very effective in

removing batch effect across species, samples, and experimental techniques, but sometimes

to a point of over-integrating (Luecken et al., 2022). UINMF is a variation of iNMF where

each dataset keeps a subset of features (e.g., genes or accessibility peaks) to itself, and the

subset does not contribute to learning the shared feature space (Kriebel and Welch, 2022).

A benchmarking study found UINMF to be one of the most effective integration methods

for multi-omic data with two or more modalities (Hu et al., 2024). Another approach, Cou-

pledNMF is specifically designed to integrate single-cell transcriptomic (scRNAseq) and

accessibility (scATACseq) data and incorporates both graph and multi-task regularization.
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It forces the gene factor loading (for scRNAseq data) and the region-level factor load (for

scATACseq data) to be smooth to a gene-region graph (Duren et al., 2018).

However, few attempts have been made to explicitly encode and exploit prior knowledge

about the relationship among the input datasets (Hi-C or scRNAseq) in a multi-task

NMF approach. Related Hi-C or scRNAseq datasets can be organized into a hierarchical

relationship or be described as a member of a tree. For example, Hi-C can be measured ffrom

different cell types spawning from specific cell lineage during development; scRNAseq

datasets can come from from different perturbation experiments, each with its own nested

set of other experimental conditions or designs; and of course, Hi-C and scRNAseq datasets

from multiple species sharing ancestral species. Leveraging phylogenetic relationship in

particular has been useful in identifying gene modules and inferring gene regulatory

networks across multiple yeast, fungi, and plant species (Roy et al., 2013; Koch et al.,

2017; Shin et al., 2021), identifying compartment structures simultaneously for human

and mouse (Fotuhi Siahpirani et al., 2016), and finding groups of conserved or species-

specific interactions among apes (Yang et al., 2019). Exploring tree-based regularization

for multi-task learning is a promising approach to flexibly encode and leverage any known

relationship among input datasets both for dynamic 3D genome analysis and for single-cell

data integration.

1.4 Contributions and outline

The overarching goal of this work is to develop matrix factorization methods to understand

context-specific and persistent patterns in 3D genome organization and gene expression

across different biological conditions and species. To this end, we first developed Graph-

Regularized NMF and Clustering for Hi-C (GRiNCH) to identify TAD-like clusters of

genomic regions from Hi-C data in a manner stable and robust to various technical noises,
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and to impute missing count values through matrix completion. We next expanded to

a multi-task matrix factorization framework called Tree-Guided Integrated Factorization

(TGIF), which can encode the relationship among multiple input Hi-C datasets as a tree,

to simultaneously learn their embeddings and identify shared and differential structural

features like TAD boundaries and compartments. We then applied a modified version of

TGIF to analyze Hi-C data from multiple mammalian species and quantitatively validate

the degree of conservation of a known boundary element. Finally, we extend the underlying

NMF mechanism of TGIF to derive TIMBER, or Tree-guided Integrated Matrix Factorization

with Branch-specific Regularization. TIMBER has the additional capacity to handle input

datasets with different set or number of features, e.g., genes in single-cell gene expression

matrices from multiple species. TIMBER was applied to single cell gene expression datasets

from three different plant species with different nitrogen fixing strategies. The following is

the outline of the subsequent chapters:

• In Chapter 2, we describe GRiNCH, a graph-regularized NMF approach for simulta-

neous smoothing and TAD identification in sparse and noisy Hi-C count matrices.

GRiNCH outperforms seven existing TAD calling methods and 3 smoothing methods.

It can be used on other 3D genome capture technologies (including SPRITE and

HiCHIP) and to identify putative boundary factors that play context-specific roles.

• In Chapter 3, we present TGIF, a multi-task NMF framework for identifying differen-

tial structural units across multiple input Hi-C matrices. It streamlines differential

analysis across multiple structural scales, i.e., boundary-, subcompartment-, and

compartment-level changes. Application of TGIF to multiple developmental time-

course datasets shows the association of significantly differential TAD boundaries

and compartments to differential gene expression and changes in regulatory signals.

Persistent TGIF boundaries are shown to be enriched in disease-associated sequence
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variants.

• In Chapter 4, we apply a simplified version of TGIF to Hi-C matrices from 5 different

mammalian species (human, rat, cow, pig, and dog) centered at human CTCF peaks

and their mapped regions in other target species. We find that while sequence simi-

larity between species rapidly decays away from the CTCF-peak-containing region,

structural similarity based on the interaction patterns with neighboring regions are

higher if a CTCF peak is also found in the target species. The simplified TGIF en-

ables direct quantification and comparison of the presence of TAD boundaries across

species.

• In Chapter 5, we describe TIMBER, another multi-task NMF framework which can

specifically handle different sets of features (i.e. genes) across input scRNAseq

datasets from multiple species. It encodes the relationship among the input datasets

as a tree based on their phylogenetic relationship, and maps the different features

across species using gene orthology information. We apply TIMBER to scRNAseq

datasets from maize, sorghum, and medicago, with the goal of identifying sorghum-

or species-specific mechanism behind nitrogen fixation from aerial roots.

• In Chapter 6, we summarize the key findings from each of the computational ap-

proaches and its application to 3D genome or single-cell gene expression data.
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Chapter 2

GRiNCH: simultaneous smoothing and

detection of topological units of genome

organization from sparse chromatin

contact count matrices with matrix

factorization

High-throughput chromosome conformation capture assays, such as Hi-C, have shown that

the genome is organized into organizational units such as topologically associating domains

(TADs), which can impact gene regulatory processes. The sparsity of Hi-C matrices poses

a challenge for reliable detection of these units. We present GRiNCH, a constrained matrix-

factorization-based approach for simultaneous smoothing and discovery of TADs from

sparse contact count matrices. GRiNCH shows superior performance against seven TAD-

calling methods and three smoothing methods. GRiNCH is applicable to multiple platforms

including SPRITE and HiChIP and can predict novel boundary factors with potential roles
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in genome organization.

This work has been published in:

Lee DI and Roy S. 2021. GRiNCH: simultaneous smoothing and detection of topological

units of genome organization from sparse chromatin contact count matrices with matrix

factorization. Genome Biology 22: 164

2.1 Introduction

The three-dimensional (3D) organization of the genome has emerged as an important

layer of gene regulation in developmental processes, disease progression, and evolution

(Bonev and Cavalli, 2016; Hug and Vaquerizas, 2018; Rowley et al., 2017; Krijger and

de Laat, 2016; Szabo et al., 2019; Kempfer and Pombo, 2020). High-throughput chromosome

conformation capture (3C) assays such as Hi-C (Lieberman-Aiden et al., 2009; Rowley

and Corces, 2018), SPRITE (Quinodoz et al., 2018), and GAM (Kempfer and Pombo,

2020) provide a comprehensive view of 3D organization by measuring interactions among

chromosomal regions on a genome-wide scale. High-throughput 3C data captured from

diverse biological contexts and processes has led to an improved understanding of DNA

packaging in the nucleus, the dynamics of 3D conformation across developmental stages

(Zheng and Xie, 2019), and between normal and disease cellular states (Krijger and de Laat,

2016; Chakraborty and Ay, 2019). Analysis of such datasets has shown that chromosomal

regions preferentially interact with one another, giving rise to higher-order structural units

such as chromosomal territories, compartments, and topologically associating domains

(TADs) which differ in the size of the structural unit and molecular features associated

with the constituent regions. Although the relationship between TADs and changes in gene

expression is debated (Kim et al., 2015; Ghavi-Helm et al., 2019; van Steensel and Furlong,

2019), these units have been shown to be conserved across species (Szabo et al., 2019; Eres
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et al., 2019) and also associated with developmental (Stadhouders et al., 2018) and disease

processes (Flavahan et al., 2016; Kleinjan and Lettice, 2008; Chakraborty and Ay, 2019;

Valton and Dekker, 2016). Therefore, accurate identification of TADs is an important goal

for linking 3D genome organization to cellular function.

Recently a large number of methods have been developed to identify TADs, utilizing

different computational frameworks, such as dynamic programming (Filippova et al.,

2014; Weinreb and Raphael, 2015), community and subgraph detection within networks

(Filippova et al., 2014; Norton et al., 2018), Gaussian mixture modeling (Dixon et al., 2012;

Yu et al., 2017), and signal processing approaches (Crane et al., 2015). However, comparison

of TAD-finding methods (Forcato et al., 2017; Dali and Blanchette, 2017; Zufferey et al.,

2018) have found large variability in the definition of TADs and high sensitivity to the

resolution (size of the genomic region), sequencing depth, and sparsity of the input data.

A lack of a clear definition for a TAD leads to difficulty in downstream interpretation of

these structures (de Wit, 2019). To address the sparsity of datasets, different smoothing

based approaches have been proposed (Yang et al., 2017; Ursu et al., 2018; Liu and Wang,

2019), however it is unclear whether and to what extent TAD identification or identification

of significant loops can benefit from pre-smoothing the matrices.

Here, we present Graph Regularized Non-negative matrix factorization and Clustering

for Hi-C (GRiNCH), a novel matrix-factorization-based method for the analysis of high-

throughput 3C datasets. GRiNCH is based on non-negative matrix factorization (NMF), a

powerful dimensionality reduction method used to recover interpretable low-dimensional

structure from high-dimensional datasets (Lee and Seung, 2000; Wu et al., 2018; Soor et al.,

2018). However, a standard application of NMF is not sufficient because of the strong

distance dependence found in Hi-C data, that is, regions that are close to each other on

the linear genome tend to have more interactions. We employ a graph regularized NMF

approach, where the graph captures the distance dependence of contact counts such that
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the learned lower-dimensional representation is smooth over the graph structure (Cai et al.,

2011). Furthermore, by exploiting NMF’s matrix completion property, which imputes

missing entries of a matrix from the product of the low-dimensional factors, GRiNCH can

smooth a sparse input matrix.

We perform a comprehensive comparison of GRiNCH and existing TAD-finding meth-

ods using a number of metrics: similarity of interaction profiles of regions belonging to the

same TAD, stability to different resolutions and depth of input data, and enrichment of

architectural proteins and histone modification known to facilitate or correlate with 3D

genome organization. Despite the general trend of trade-off in performance among different

criteria, e.g., a high performing method based on enrichment of architectural proteins is not

as stable to resolution and depth, GRiNCH consistently ranks among the top across differ-

ent measures. Furthermore, compared to existing smoothing approaches, GRiNCH-based

smoothing of downsampled data leads to the recovery of TADs and significant interactions

best in agreement with those from the original high-depth dataset. We apply GRiNCH

to Hi-C data from two different developmental time courses; we successfully recapitulate

previously identified topological changes around key genes, identify previously unknown

topological changes around genes, and predict novel boundary factors that could interact

with known architectural proteins to form topological domains. Taken together, GRiNCH

is a robust and broadly applicable approach to discover structural units and smooth sparse

high-throughput 3C datasets from diverse platforms including Hi-C, SPRITE and HiChIP.
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2.2 Results

2.2.1 GRiNCH, a non-negative matrix factorization-based method for

analyzing high-throughput chromosome conformation capture

datasets

GRiNCH uses graph-regularized Non-negative Matrix Factorization (NMF) to identify

topologically associating domains (TADs) from a high-dimensional 3C count matrix

(Figure 2.1, Methods). GRiNCH has several properties that make it attractive for an-

alyzing these count matrices: (1) matrix factorization methods including NMF have a

“matrix completion” capability, which can be used to smooth noisy, sparse matrices, (2)

the low-dimensional factors provide a clustering of the row and column entities that can

be used to define chromosomal structural units, (3) the non-negativity constraint of the

factors provide a parts-based representation of the data and is well suited for count datasets

(such as Hi-C matrices), and (4) GRiNCH can be applied to any count matrix measuring

chromosomal interactions between genomic loci such as Hi-C (Rao et al., 2014), SPRITE

(Quinodoz et al., 2018), and HiChIP (Mumbach et al., 2016) datasets. Previously, NMF has

been used for bias correction and dimensionality reduction of Hi-C data (Hu et al., 2016);

however, this approach is applicable to only symmetric matrices while GRiNCH imple-

mentation can be easily extended to handle asymmetric matrices. Furthermore, smoothing

properties of NMF has not been considered for Hi-C data.

For the ease of description, we will consider a Hi-C matrix as the input to GRiNCH.

In GRiNCH, the count matrix is approximated by the product of two lower dimensional

matrices, U and V, both with dimension n× k, where n is the number of genomic regions

in the given chromosome, and k is the rank of the lower-dimensional space. Because Hi-C

matrices have a strong distance dependence, we use a constrained formulation of NMF,
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Figure 2.1: Overview of GRiNCH.. GRiNCH applies Non-negative Matrix Factorization
(NMF) to a Hi-C or a similar high-throughput 3C matrix to find clusters of densely interact-
ing genomic regions. NMF recovers low-dimensional factors U and V of the input matrix
X that can be used to reconstruct the input matrix. As nearby genomic regions tend to
interact more with each other, we regularize the factor matrices with a neighborhood graph
to encourage neighboring regions to have a similar lower-dimensional representation, and
subsequently belong to the same cluster. We cluster the regions by treating one of the
factor matrices as a set of latent features and applying k-medoids clustering. The clusters
represent topological units such as TADs. The factor matrices can be multiplied together
to yield a smoothed version of the input matrix which is often sparse and noisy.

where the columns of the U and V matrices are favored to be smooth on a graph of genomic

regions (Figure 2.1), such that regions that are connected in the graph have similar sets of

values in the lower-dimensional space. The graph in turn captures the distance dependence

using a local neighborhood, where two regions i and j have an edge between them if they

are within a particular radius r of each other in linear distance along the chromosome.

GRiNCH has three parameters, k, used for both the rank of the lower dimensional space

and the number of TADs, r to control the size of the neighborhood, and λ to control the

strength of graph regularization. After factorization, GRiNCH uses chain-constrained

k-medoids clustering to define clusters of contiguous regions, which we consider as TADs.
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We probed the impact of the three parameters, k, r, and λ, on the resulting GRiNCH TADs

(Supp Figure A.1). We determined that setting k to identify TADs of size ∼ 1Mb, with a

neighborhood size of r = 250kb and a small amount of regularization (λ = 1), yields the

best results. Notably, the regularization yields TADs with higher CTCF enrichment than

vanilla matrix factorization without any regularization (i.e. λ = 0).

2.2.2 GRiNCH TADs are high quality and stable to varying resolution

and depth of input Hi-C data

To assess the quality of GRiNCH TADs, we considered seven existing TAD identification

methods (Methods) and applied them along with GRiNCH to Hi-C data of five different

cell lines from Rao et al., 2014 for comparison. The quality of a TAD was measured with

two internal validation metrics used for cluster evaluation, Davies-Bouldin index (DBI)

and Delta Contact Count (DCC), both assessing the similarity of interaction profiles of

regions within defined TADs. DBI of a cluster measures how well separated the given

cluster is from other clusters; in our case, how distinct each TAD’s interaction count profile

is from other TADs (Methods); a lower value for DBI indicates a more distinct, better-

separated cluster. DCC measures the difference between intra-TAD interaction counts and

inter-TAD interaction counts, with higher difference associated with better TADs. For each

TAD-finding algorithm, we measured the percentage of predicted TADs with significantly

better DBI or DCC value compared to DBI or DCC values from randomly shuffled TADs

within the same chromosome (Methods). When comparing DBI, TopDom, GRiNCH, and

Directionality Index have the highest percentage of their TADs with significant DBI in

majority of the cell lines (GM12878, HUVEC, K562); based on DCC, HiCseg, GRiNCH,

and Directionality rank the highest across all cell lines (Figure 2.2A). Overall GRiNCH

was among the top three methods for both internal validation metrics in TAD quality
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evaluation.

Many TAD-calling methods are sensitive to the input data resolution (size of genomic

region), with the resulting TAD lengths varying greatly as a function of resolution (Zufferey

et al., 2018). A robust method is expected to yield TADs with consistent length distribution

and composition when given the same user-specified parameter settings, regardless of the

resolution. Therefore, we next assessed the ability of GRiNCH and the seven TAD calling

methods for their ability to recover stable TADs across different resolutions, 10kb, 25kb,

and 50kb. We first compared the overall length distribution across different resolutions

(Figure 2.2B; Supp Figure A.2), and found that GRiNCH and Directionality Index are

the most stable, with the exception of NHEK where Directionality Index learns longer

TADs at 10k resolution (Supp Figure A.2). We next evaluated the overall similarity of

TADs identified at different resolutions with metrics to quantify the similarity of pairs

of clustering results: Rand Index and Mutual Information (Methods). Intuitively, Rand

Index is a measure of cluster membership consistency; it measures whether two data points

(in our case, two region bins) that belonged to the same cluster (TAD) in one clustering

result also stayed together in the other result, and whether two data points that belonged

to different clusters stayed separate. Rand Index ranges from 0 to 1, with 1 being perfect

concordance. Mutual Information is an informational-theoretic metric measuring the

dependency between two random variables, where each variable indicates a clustering

result. A Mutual Information of 0 indicates complete disagreement and the higher the

Mutual Information value the better the agreement between the corresponding clustering

results. To enable comparison across resolutions with different number bins, we split the

lower-resolution (10kb, 25kb, 50kb) bins to constituent bins of size 5kb, the size of the

lowest common denominator. We assigned these 5kb bins the same cluster as the original

lower-resolution bin (Methods). We find that for every pair of resolutions compared, e.g.,

TADs from 10kb vs. 50kb, TopDom, GRiNCH, and rGMAP rank in the top three for both
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Rand Index (Figure 2.2C) and Mutual Information (Supp Figure A.3).

These results suggest that GRiNCH is robust to different resolutions, recovering consis-

tent TADs across different resolutions.

TAD-calling methods can be sensitive to the sparsity of the Hi-C matrices due to low

sequencing depth (Zufferey et al., 2018). To assess the robustness of each method to

low-depth, sparse datasets with many zero entries, we first took the highest-depth dataset

(GM12878, 4.9 billion mapped paired-end reads) and downsampled to the depth and

sparsity level of lower-depth data from other cell lines (e.g. K562, the second “deepest" cell

line with 932 million reads). We then compared the similarity of the TADs from the original

high-depth data and those from the downsampled counterpart (Figure 2.3A, Methods),

again using Rand Index and Mutual Information. Based on Rand Index, TopDom, HiCseg,

and GRiNCH yield the most reproducible TADs across different depths, particularly at

the lower depths of HMEC, HUVEC, and NHEK cell lines. Based on Mutual Information,

TopDom is the most consistent followed by GRiNCH and HiCseg. Other methods were

generally less consistent based on the Mutual Information metric.

A third hindrance in the interpretation of results from TAD finding methods is the

disagreement on the TAD definitions (Zufferey et al., 2018; de Wit, 2019). Hence, we further

evaluated whether different TAD-calling methods yielded relatively similar TADs, and

which sets of methods yielded the most similar TADs to one another. Here again, we used

Rand Index and Mutual Information as metrics to compare the sets of TADs from different

methods. All pairwise comparisons of TAD-calling methods yielded high values of Rand

Index (>0.8) and high Mutual Information (Figure 2.3B,C). Furthermore, GRiNCH and

TopDom yield the most similar sets of TADs, followed by rGMAP across all cell lines. This

pattern is fairly consistent even when analyzed for each cell line individually (Supp Figure

A.4).

To summarize, our internal validation and stability analysis showed that the top per-
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forming methods depends upon the evaluation criteria. However, GRiNCH is among the

top performing methods for all the criteria we examined (Figure 2.4), producing TADs

that are as good or better than existing methods and are stable to varying resolution and

depth.

2.2.3 GRiNCH TADs are enriched in architectural proteins and histone

modification signals.

We next characterized GRiNCH TADs as well as TADs from other methods for their ability

to capture well-known one-dimensional signal enrichment patterns. In particular, one

hallmark of TADs is the enrichment of architectural proteins such as CTCF and cohesin

elements (RAD21, SMC3) on the boundaries of TADs (Chang et al., 2019; de Wit, 2019). We

tested the TAD boundaries from each method for the enrichment of peaks of CTCF, RAD21,

and SMC3 in the five Rao et al., 2014 cell lines with Hi-C data (Figure 2.5A, Methods).

All methods identified boundaries enriched for peaks of these proteins; however, the

methods varied in their relative performance across cell lines. GRiNCH TAD boundaries

have comparable or better enrichment as the other top performing methods, namely,

Directionality Index and Insulation Score in most cell lines, and HiCseg in K562 and

HUVEC. All these methods including GRiNCH have significantly higher enrichment than

3DNetMod, rGMAP, Armatus across different cell lines. The lower performance of these

three methods could be due to their focus on hierarchical topological domains.

As histone modifications have been shown to be associated with three-dimensional

organization (Andrey et al., 2017), we next measured the proportion of TADs with sig-

nificant levels of mean histone modification signals (Figure 2.5B) compared to randomly

shuffled TADs (Methods). The histone modification signals include promoter- (H3K4me3,

H3k4me2), elongation- (H3K79me2, H3k36me3), and enhancer-associated marks (H3K27ac),
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and repressive chromatin marks (H3K27me3). A larger proportion of GRiNCH TADs,

along with Armatus and HiCseg TADs, are consistently enriched for the activating histone

makes such as H3K27ac, and the elongation marks, H3K36me3 and H3K79me2 across

multiple cell lines and different resolutions (Supp Figure A.5). Interestingly, with the

exception of GM12878, the enrichment of histone marks in the TADs from Insulation and

Directionality index was much lower than the other methods suggesting these methods

tend to find TADs defined by CTCF and might miss other types of TADs (Chang et al.,

2019). These enrichment patterns show that when considering existing methods, there is a

trade-off in the ability to recover TADs that are associated with CTCF and TADs that are

associated with significant histone modifications. However, GRiNCH ranks among the top

methods for both criteria (Figure 2.4) suggesting that GRiNCH TADs capture a diverse

type of TADs.

2.2.4 GRiNCH smoothing of low-depth datasets help recover structure

and significant interactions.

Our analysis so far compared different TAD finding methods for their ability to recover

stable and biologically meaningful topological units. However, most Hi-C datasets are

sparse, which can influence the TAD predictions significantly. Smoothing the input Hi-C

matrix to impute missing values can enhance the visualization of topological units on

the matrix (Yang et al., 2017; Ursu et al., 2018), improve the agreement among biological

replicates (Yang et al., 2017), and assist in identifying loops and differential interactions

(Rowley et al., 2020; Ardakany et al., 2019). Unlike existing TAD-calling methods, the

matrix factorization framework of GRiNCH provides a natural matrix completion solution

that can generate a smoothed version of the sparse input Hi-C matrix.

We first compared GRiNCH’s smoothing functionality to common smoothing tech-
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niques such as mean filter (Yang et al., 2017) and Gaussian filter (Ardakany et al., 2019),

which have been used for Hi-C data pre-processing (Yang et al., 2017; Rowley et al., 2020;

Ardakany et al., 2019). We additionally compared against a supervised learning method,

HiCNN (Liu and Wang, 2019), which is based on a convolutional neural network and pre-

dicts high-resolution Hi-C data after training with high and low-depth data. We used three

pre-trained models provided by HiCNN, trained on GM12878 data downsampled to 1/8,

1/16, and 1/25 depth. We used two metrics to assess the quality of smoothing: (a) recovery

of TADs and (b) recovery of significant interaction after smoothing downsampled data

(Methods). To perform these comparisons, we again used the downsampled GM12878

datasets with depths equal to each of the other four cell lines from Rao et al., 2014.

To assess TAD recovery from low-depth data, we identified TADs on the original high-

depth GM12878 dataset and compared them to the TADs identified in the downsampled

and smoothed data matrices using Rand Index and Mutual Information. Here, to avoid

any bias in our interpretation, we used the Directionality Index method to call TADs.

We find that based on both Rand Index and Mutual Information, TADs recovered from

GRiNCH-smoothed matrices are the most similar to the TADs from the high-depth dataset,

performing better than mean filter and Gaussian filter for different parameter settings.

Furthermore, GRiNCH outperforms HiCNN in all downsampled datasets across all three

pre-trained HiCNN models (Figure 2.6A). The usefulness of GRiNCH is more apparent

for lower-depth datasets (e.g. downsampled to NHEK depth).

To compare the smoothing methods on the recovery of significant interactions from low-

depth data, we applied Fit-Hi-C on the original GM12878 dataset and on the downsampled

and smoothed datasets to identify significant interactions (q-value < 0.05). Treating the

significant interactions in the original high-depth dataset as the ground truth, we measured

precision and recall as a function of the statistical significance of interactions from the

smoothed datasets and computed the Area Under Precision-Recall curve (AUPR). The
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higher the AUPR, the better the recovery of significant interactions after smoothing. As

HiCNN predictions are limited to interactions less than 2Mb apart, we measured AUPR

for interactions less than 2Mb and for all interactions separately (Figure 2.6B). When

comparing interactions less than 2Mb apart, the HiCNN model trained with 1/8 depth

of the original GM12878 dataset outperformed the other methods (mean filter, Gaussian

filter, GRiNCH). This is not surprising as HiCNN was trained on the GM12878 cell line.

HiCNN models trained on even lower depth (1/16, 1/25) data are at par or worse than

GRiNCH for most datasets. Compared to mean filter and Gaussian filter, GRiNCH has

a higher recovery of significant interactions on all the downsampled datasets with the

exception of K562, where Gaussian filter outperformed both GRiNCH and HiCNN. When

comparing all interactions including those further than 2Mb, GRiNCH has the highest

AUPR compared to mean filter and Gaussian filter.

We additionally applied GRiNCH smoothing to Hi-C data collected from the same

biological context but using different Hi-C protocols in order to evaluate whether it can help

overcome artifacts introduced by the experimental protocol (e.g. the restriction enzyme

used for digestion) and improve the concordance of TADs and significant interactions

identified from these datasets. Using GRiNCH, we smoothed GM12878 25kb resolution

datasets from three Hi-C protocols: in situ Hi-C using DpnII for digestion, in situ Hi-C

using MboI, and a dilution Hi-C experiment using HindIII (Methods). To independently

verify the smoothing capability of GRiNCH, we again used a different TAD-calling method

(Directionality Index) to identify TADs on the original and the smoothed data. The

similarity of TADs, measured by Rand Index and Mutual Information, was higher among

GRiNCH-smoothed datasets than among the original datasets without smoothing (Supp

Figure A.6A,B). We next used Fit-Hi-C (Ay et al., 2014) to identify significant interactions

(q-value < 0.05) in the original and the smoothed data. We measured the overlap in the

significant interactions identified from different datasets using Jaccard Index. We find
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that GRiNCH-smoothed data shared a larger portion of significant interactions compared

to the original unsmoothed data (Supp Figure A.6C). This demonstrates that GRiNCH

smoothing is not sensitive to experimental artifacts such as restriction enzymes and can

help improve the concordance between datasets from different platforms to detect shared

topological units and significant interactions.

Overall, our experiments show that GRiNCH smoothing enables improved recovery of

TAD structures and long-range interactions from lower-depth datasets, and helps recapitu-

late shared underlying biological signals beyond the experimental artifacts.

2.2.5 GRiNCH application to chromosomal organization during

development.

To assess the value of GRiNCH in primary cells and to examine dynamics in chromo-

somal organization, we applied GRiNCH to two time-course Hi-C datasets profiling 3D

genome organization during (a) mouse neural development (Bonev et al., 2017) and (b)

pluripotency reprogramming in mouse (Stadhouders et al., 2018). Bonev et al., 2017 used

high-resolution Hi-C experiments to measure 3D genome organization during neuronal

differentiation from the embryonic stem cell state (mESC) to neural progenitor cells (NPC)

and cortical neurons (CN). We applied GRiNCH on all chromosomes for all three cell types

and compared them based on the overall similarity of TADs between the cell lines. Based

on the two metrics of Mutual Information and Rand Index, the overall TAD similarity

captured the temporal ordering of the cells, with mESC the most distinct and CN being

closer to NPC (Supp Figure A.7). To assess whether GRiNCH can recover previously

identified TAD dynamics, we next focused on a specific 4Mb region around the Zfp608

gene, which was found by Bonev et al., 2017 as a neural-specific gene associated with a

changing TAD boundary. In both NPC and CN, GRiNCH predicts a TAD near the Zfp608
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gene, which is not present in the mESC state. Zfp608 was also associated with increased

expression, and activating marks, H3K27ac and H3K4me3 at these time points, which is

consistent with Zfp608 being a neural-specific gene (Figure 2.7A).

To identify novel genomic regions associated with changing 3D structure, we compared

GRiNCH TADs across the time points (Methods) and identified 966 regions with dynamic

3D structure. Several of these regions are associated with neural-specific gene expression

or implicated in neurological disorders. For example, we found TAD splits in the vicinity

of Syap1 and Ap1s2 genes in the neural progenitor and cortical neuron cells, accompanied

by corresponding increase in their gene expression (Figure 2.7B). Syap1-deficient mice

have been shown to display motor and movement defects (R von Collenberg et al., 2019);

Ap1s2 has been associated with intellectual disability, basal ganglia disease, and seizures

accompanying Pettigrew syndrome (Cacciagli et al., 2014). Another example of dynamic

3D organization identified by GRiNCH was near the Arl6ip1 and Foxp1 genes (Supp

Figure A.8). These genes are involved in glutamate neurotransmitter transport (Akiduki

and Ikemoto, 2008) and neural differentiation (Braccioli et al., 2017), respectively. Visual

inspection of results from other top-performing TAD-calling methods in the corresponding

regions (Supp Figure A.9, Supp Figure A.10,Supp Figure A.11) did not capture these

dynamic reconfigurations either because they did not predict any TADs or the TADs were

too small. Overall this suggests that GRiNCH’s ability to smooth and define TADs provides

greater stability and sensitivity to detect these novel dynamic shifts in TAD structure

between developmental stages.

We examined another time-course dataset which studied the 3D genome organization

during reprogramming of mouse pre-B cells to pluripotent stem cells (PSC), with four

intermediate time points (Day 2, 4, 6, and 8; see Methods). As in the neural developmental

time course, we applied GRiNCH to all chromosomes from each time point and compared

the overall 3D genome configuration over time. Here too we observed that time points
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closer to each other generally had greater similarity in their TAD structure with replicates

within the same time point displaying even greater similarity (Supp Figure A.12). We

examined the interaction profile in the 1.3 Mb around the Sox2 gene, a known pluripotency

gene (Supp Figure A.13). We see a gradual formation of a boundary around Sox2, which

is also associated with concordant increase in expression, accessibility and the presence of

H3K4me2, an active promoter mark.

While architectural proteins such as CTCF and cohesin play important roles in establish-

ing TAD boundaries, it is currently unclear if there are additional DNA binding proteins

that could, independently or in concert with CTCF, contribute towards establishing these

boundaries, especially in a cell type-specific manner. Previous work to identify such regu-

latory proteins has focused on a single time point (Hong and Kim, 2017) or stage (Ramírez

et al., 2018). As chromatin accessibility data was measured at each timepoint in the re-

programming dataset, we asked if we could identify additional regulatory proteins that

could play a role in establishing TADs (Methods). Briefly, we tested the GRiNCH TAD

boundaries from each mouse cell type, from pre-B cell to pluripotent cells, for enrichment

of accessible motif instances of 746 transcription factors in the JASPAR 2020 core vertebrate

motif database (Fornes et al., 2020). We ranked the TFs based on their significant enrich-

ment in each cell type (Figure 2.7C, Supp Table A.2). The top-ranking TF across the cell

types was CTCF, which is consistent with its role as an architectural protein in establishing

TADs (Figure 2.7C). We also found other factors in the same zinc finger protein family

as CTCF (Cassandri et al., 2017), such as ZBTB14, Plagl2/1, ZIC1/3/4/5, CTCFL, YY1/2

that were enriched across the cell types. YY1 and YY2, which are 65 and 56% identical in

their DNA and protein sequence respectively in humans (Wu et al., 2017), are of interest as

YY1 has been identified as an enforcer of long-range enhancer-promoter loops (Weintraub

et al., 2017). Interestingly, we found several hematopoietic lineage factors, such as STAT3

and FOXP3, ranked highly in the pre-B cell TADs compared to other time points. STAT3
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is needed for B cell development (Chou et al., 2006). FOXP3 is a master regulator of T

cells (Lu et al., 2017), but could be involved in the suppression of B cells. We also found a

number of HOX transcription factors, HOXA4, HOXA5, HOXB2, HOXB5, HOXB7, and the

transcription factor MEIS3 to be ranked highly in the B cells. The HOX genes depend upon

MEIS3 (Uribe and Bronner, 2015) to bind to their targets, supporting the simultaneous

enrichment of these factors.

We repeated this analysis for the Rao et al., 2014 cell lines (Supp Table A.3). Here

too we found CTCF and YY1/2 proteins highly enriched across cell lines. However, there

was lesser degree of cell-line specificity for this dataset. Taken together, this analysis

suggests that GRiNCH captures high-quality TADs, which can be used to define global and

locus-specific similarities and differences in 3D genome organization between cell types.

Furthermore, the GRiNCH boundary enrichment analysis identified novel transcription

factors that could be followed up with downstream functional studies to examine their role

in 3D genome organization.

2.2.6 GRiNCH can be used for a variety of 3D conformation capture

technologies

Although Hi-C is still the most widely used technology to map 3D genome structure,

recently several new methods have been developed to measure chromosomal contacts on a

genome-wide scale (Kempfer and Pombo, 2020). To assess the applicability of GRiNCH to

these technologies, we considered two complementary techniques to measure 3D genome

organization: Split-Pool Recognition of Interactions by Tag Extension (SPRITE) (Quinodoz

et al., 2018) and HiChIP (Mumbach et al., 2016). SPRITE measures multi-way chromatin

interactions, and captures interactions across larger spatial distances than Hi-C. In HiChIP,

long-range chromatin contacts are first established in situ in the nucleus before lysis; then
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chromatin immunoprecipitation (ChIP) is performed with respect to a specific protein

or histone mark, directly capturing interactions associated with a protein or histone mark

of interest (Mumbach et al., 2016). A common property of both technologies is that they

generate a contact count matrix, which is suitable for GRiNCH.

We applied GRiNCH to GM12878 contact matrices measured with SPRITE(Quinodoz

et al., 2018), cohesin HiChIP (Mumbach et al., 2016), and H3k27ac HiChIP (Mumbach

et al., 2016). A visual comparison between these datasets for an 8Mb region of chr8 shows

regions of good concordance between datasets (Figure 2.8A-D). We quantified the global

similarity of GRiNCH TADs from the four different datasets, for all chromosomes with

Rand Index and Mutual Information (Figure 2.8E,F). Interestingly, the GRiNCH TADs

from Hi-C are the most similar to those from cohesin HiChIP and this similarity measure is

higher than between the two HiChIP datasets. This is consistent with cohesin being a major

determinant for the formation of loops detected in Hi-C datasets. The H3K27ac HiChIP

data is as close to Hi-C as it is to cohesin HiChIP. Finally the most distinct set of TADs are

identified by SPRITE, which is consistent with SPRITE capturing multi-way interactions

and longer-distance interactions. Despite the differences in the specific TAD boundaries,

overall the datasets look similar across different platforms (Rand Index >0.97). Taken

together, this shows that GRiNCH is broadly apply to different experimental platforms for

measuring genome-wide chromosome conformation.
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Figure 2.2: Characterizing TADs with internal validation metrics, TAD size, and compo-
sition.. A. Percentage of TADs with significant Davies-Bouldin Index (DBI) and Delta
Contact Count (DCC) values. Shown are values for GRiNCH and six other methods. The
higher the bar, the better a method. Note: 3DNetMod outputted overlapping TADs and was
excluded from this analysis which involves TAD shuffling. B. The size distribution of TADs
from GM12878. Y-axis is in log10 scale of base pairs. The white dot represents the median;
the black box ranges from the 25th percentile to 75th. 10kb data from insulation is missing
because it did not return any TADs when using the same hyperparameters as in 25kb
and 50kb data. C. Similarity between TADs from higher- and lower-resolution data (e.g.
10kb vs. 25kb) measured by Rand Index. The higher the number, the higher the similarity.
The error bar denotes the standard deviation from the mean across chromosomes. Note:
3DNetMod outputted overlapping TADs and was excluded from this analysis due to the
requirement of unique cluster assignment for each region.
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Figure 2.3: Evaluating the stability of different TAD-calling methods to datasets of
different depths.. A. The mean similarity, across chromosomes, between TADs from
high-depth GM12878 dataset and TADs from low-depth GM12878 datasets obtained by
downsampling the GM12878 dataset to different depths observed in our five cell-line
dataset. The similarity of the TADs is measured by Rand Index and Mutual Information.
The error bar denotes the standard deviation from the mean. B. Similarity of TADs from
pairs of TAD-calling methods (e.g. GRiNCH vs. TopDom), measured by Rand index.
The higher the number, the higher the similarity. C. Similarity of TADs from pairs of
TAD-calling methods measured by Mutual information. Note: 3DNetMod outputted
overlapping TADs and was excluded from this analysis due to the requirement of unique
cluster assignment for each region.
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Figure 2.4: Summary of benchmarking TAD-calling methods.. Shown are different
criteria of evaluation. A medal denotes whether the given TAD-calling method is among
the top 3 methods for a particular criteria (gold/yellow: 1st place; silver/grey: 2nd place;
bronze/brown: 3rd place). Validation: internal validation metrics for measuring the cohe-
siveness of predicted TADs. DBI: percentage of TADs with significant Davies-Bouldin Index
(Supp Table A.1A); DCC: percentage of TADs with significant Delta Contact Counts (Supp
Table A.1B). Resolution: measuring stability of TADs to changing input data resolution
(e.g. 10kb, 25kb, 50kb). Size: stability of median TAD size to Hi-C resolution (Supp Table
A.1C); RI, MI: similarity of TADs from high- and low-resolution data, measured by Rand
Index (RI, Supp Table A.1D) and Mutual Information (MI, Supp Table A.1E). Depth:
measuring stability of TADs to the depth and sparsity of input data. RI, MI: similarity of
TADs from high-depth and low-depth data, measured by Rand Index (RI, Supp Table
A.1F) and Mutual Information (MI, Supp Table A.1G) Consistency: a group of methods
yielding TADs with highest similarity, with gold for the pair of methods with highest
similarity according to hierarchical clustering. Enrichment: measuring enrichment of reg-
ulatory signals. CTCF: fold enrichment of CTCF and cohesin elements in TAD boundaries
(Supp Table A.1H); Histone: proportion of TADs with significant mean histone signal
(Supp Table A.1I).



32

Figure 2.5: Evaluating TAD-calling methods with enrichment of boundary elements
and regulatory signals.. A. Fold enrichment of binding signals of architectural protein
in TAD boundaries. Shown are the mean fold enrichment of CTCF ChIP-seq peaks and
accessible motif instances of cohesin proteins, RAD21 and SMC3, estimated across multiple
chromosomes. The error bar denotes the standard deviation from the mean. B. Proportion
of TADs with significant mean histone modification signal (i.e. empirical p-value < 0.05).
The darker the entry the higher the proportion of TADs with significant histone enrichment.
The average ChIP-seq signal for each histone modification mark was taken from within
each TAD; the p-value of each TAD is derived from an empirical null distribution of mean
signals in randomly shuffled TADs. Note: 3DNetMod outputted overlapping TADs and
was excluded from this analysis as it involves TAD randomization/shuffling.
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Figure 2.6: Evaluating the benefits of smoothing in GRiNCH.. Recovery of topology and
significant interactions from downsampled then smoothed data. A. Rand Index and Mutual
Information were used to measure the similarity between TADs from high-depth GM12878
dataset and TADs from downsampled datasets smoothed by different methods (GRiNCH,
Mean Filter, Gaussian Filter, HiCNN). Directionality was used as a TAD-calling method
independent of any of the smoothing methods, i.e., GRiNCH. The mean is computed
across chromosomes and the error bar denotes deviation from the mean. B. Area Under
Precision-Recall curve (AUPR) was used to measure the recovery of significant interactions
called by Fit-Hi-C. Precision and recall were measured for significant interactions from
downsampled and smoothed datasets against the “ground truth” defined by the significant
interactions from the high-depth GM12878 dataset. Since the pretrained HiCNN models
imputes interactions up to 2MB apart, the AUPR for interactions < 2MB apart and for all
interactions are shown here.
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Figure 2.7: GRiNCH applied to Hi-C datasets along developmental time courses.. A.
Interaction profile near the Zfp608 gene in mouse embryonic stem cells (mESC), neural
progenitors (NPC), and differentiated cortinal neurons (CN). Heatmaps are of Hi-C ma-
trices after log2-transformation of interaction counts for better visualization. GRiNCH
clusters are visualized as blocks of different colors under the heatmap of interaction counts.
Genes in the nearby regions are marked by small boxes, and a heatmap of their correspond-
ing RNA-seq levels (in log-transformed TPM) is shown underneath each gene. ChIP-seq
signals from H3K27ac, H3K4me3, and CTCF are shown as separate tracks. B. Interaction
profile near Syap1 and Ap1s2 in mouse embryonic stem cells (mESC), neural progenitors
(NPC), and differentiated cortinal neurons (CN). C. Top 20 TFs from a collection of 746
TFs ranked based on their motif enrichment in GRiNCH TAD boundaries from the mouse
reprogramming time course data. The significance of their fold enrichment was calculated
with the hypergeometric test and TFs were ranked by descending negative log p-value.
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Figure 2.8: Applying GRiNCH to datasets from different 3D genome conformation
capture technologies.. Visual comparison of the interaction profile and GRiNCH TADs
from a 8Mb region in chr8, GM12878 cell line. GRiNCH TADs are visualized as blocks
of different colors under the heatmap of interaction counts. A. Hi-C vs SPRITE. The top
heatmap and clusters are from Hi-C; bottom from SPRITE. B. HiChIP with cohesin (top) vs
HiChIP with H3k27ac (bottom). C. Hi-C (top) vs HiChIP with cohesin (bottom). D. Hi-C
(top) vs HiChIP with H3K37ac (bottom). For visualization purposes all interaction counts
were log2-transformed. E. Measuring the similarity of GRiNCH TADs from Hi-C and
other 3D genome conformation capture platform (e.g. SPRITE, HiChIP with cohesin, or
HiChIP with H3k27ac) in the same GM12878 cell line, with Rand Index. The dendrogram
depicts the relative similarity between samples. F. Mutual-Information-based similarity of
GRiNCH TADs from Hi-C and other technologies.
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2.3 Methods

2.3.1 Graph-regularized Non-negative Matrix Factorization (NMF) and

Clustering for Hi-C data (GRiNCH) framework

GRiNCH is based on a regularized version of non-negative matrix factorization (NMF, Cai

et al., 2011) that is applicable to high-dimensional chromosome conformation capture data

such as Hi-C (Figure 2.1). Below we describe the components of GRiNCH: NMF, graph

regularization, and clustering for TAD identification.

Non-negative matrix factorization (NMF) and graph regularization

Non-negative matrix factorization is a popular dimensionality reduction method that aims

to decompose a non-negative matrix, X ∈ R(n×m)
⩾0 into two lower dimensional non-negative

matrices, U ∈ R(n×k)
⩾0 and V ∈ R(n×k)

⩾0 , such that the product X∗ = UVT, well approximates

the original X. We refer to the U and V matrices as factors. Here k << n,m is the rank of

the factors and is user-specified.

In application of NMF to Hi-C data, we represent the Hi-C data for each chromosome

as a symmetric matrix X = [xij] ∈ R(n×n) where xij represents the contact count between

region i and region j. We note that in the case of a symmetric matrix, U and V are the same

or related by a scaling constant.

The goal of NMF is to minimize the following objective: ∥X − UV⊤∥2
F, s.t. U ⩾ 0, V ⩾ 0

(Lee and Seung, 2000), where ||X||F indicates the Frobenius norm. A number of algorithms

to optimize this objective have been proposed; here we used the multiplicative update

algorithm, where the entries of U and V are updated in an alternating manner in each

iteration:
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uik ← uik

(XV)ik

(UV⊤V)ik
, vjk ← vjk

(X⊤U)jk

(VU⊤U)jk
(2.1)

Here uik corresponds to the ith row of column U(:,k) and vjk corresponds to the jth row

of column V(:,k).

Standard application of NMF to Hi-C data is ignorant of the strong distance dependence

of the count matrix, that is, genomic regions that are close to each other tend to interact

more with each other. To address this issue we apply a constrained version of NMF with

graph regularization, where the graph represents additional constraints on the row (and/or

column) entities (Cai et al., 2011). Graph regularization enables the learned columns of

U and V to be smooth over the input graph. In our application of NMF to Hi-C data, we

define a graph composed of genomic regions as nodes, with edges connecting neighboring

regions in the linear chromosome, where the size of the neighborhood is an input parameter.

Specifically, we define a symmetric nearest-neighbor graph, W:

Wij =

 1, if xi ∈ Nr(xj) and xj ∈ Nr(xi)

0, otherwise
(2.2)

where Nr(xi) denotes r nearest neighbors in linear distance to region xi.

Graph regularized NMF has the following objective:

∥X − UV⊤∥2
F + λTr(V⊤LV) + λTr(U⊤LU), (2.3)

where D is a diagonal matrix whose entries are column (or row, since W is symmetric)

sums of W, i.e., Dii =
∑

j Wij. L = D − W denotes the graph Laplacian and encodes the

graph topology. The second and third terms are the regularization term and measures the

smoothness of U and V with respect to the graph. Here λ is the regularization hyperpa-

rameter. This new objective has the effect of encouraging the factors to be smooth on the
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local neighborhood defined by the graph. Accordingly, the multiplicative update rule from

(2.1) gains regularization terms (Cai et al., 2011):

uik ← uik

(XV + λWU)ik

(UV⊤V + λDU)ik
, vjk ← vjk

(X⊤U + λWV)jk

(VU⊤U + λDV)jk
(2.4)

Both r (neighborhood radius) and λ are parameters that can be specified, with λ setting

the strength of regularization (λ = 0 makes this equivalent to basic NMF). See section on

“Selecting GRiNCH hyper-parameters” below.

Chain-constrained k-medoids for clustering and TAD calling

The factors U (or V) can be used to extract clusters of the row (or column) entities of the

input matrix. When X is symmetric, e.g., in our application to Hi-C, either U or V can be used

to define the clusters (the factors are equivalent up to a scaling constant). Assuming we

use U, there are two common approaches for finding clusters from NMF factors: (1) assign

each row entity i to its most dominant factor, i.e., assign it to cluster ci = argmaxj∈{1,...,k}uij,

or (2) apply k-means clustering on the rows of U. However, both approaches fall short in

our application. The first approach is sensitive to extreme values which can still be present

in the smoother factors, yielding non-informative clusters. Furthermore, neither approach

reinforces contiguity of genomic regions in each cluster along their chromosomal position.

As a result, a single cluster could potentially contain genomic regions from two opposite

ends of the chromosomes instead of being a contiguous local structural unit. To address this

problem, we apply chain-constrained k-medoids clustering. k-medoids clustering is similar

to k-means clustering, except that the “center” of each cluster is always an actual data

point, rather than the mean of the datapoints in the cluster. In its chain-constrained version

(Algorithm A.1), adopted from spatially connected k-medoids clustering (Soor et al.,

2018): each cluster grows outwards from initial medoids along the linear chromosomal
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coordinates. The algorithm assigns a genomic region to a valid medoid region either

upstream or downstream along the chromosome, ensuring the contiguity of the clusters

and resilience to noise or extreme outliers provided by using a robust ‘median’-like cluster

center rather than a ‘mean’-like center used in k-means clustering.

Selecting GRiNCH hyperparameters

GRiNCH has three hyper-parameters: (a) k, the rank of the lower-dimensional matrices,

which can alternately be viewed as the number of latent features or clusters, (b) r, the

radius of the neighborhood in the graph used for regularization, and (c) λ controlling the

strength of regularization.

The parameter k determines the number of latent features to recover and the resulting

number of GRiNCH TADs. We can obtain subTAD-, TAD-, or metaTAD-scale clusters

(Supp Figure A.14A) by setting k such that the expected size of a cluster is 500kb, 1Mb,

or 2Mb, i.e., k equals the given chromosome’s length divided by the expected size. We

find that a larger portion of subTAD-scale clusters (i.e. expected TAD size = 500kb) have

significant internal validation metric values (Supp Figure A.14B). SubTAD-scale clusters

tend to be more stable to depth and sparsity (Supp Figure A.14C), and are also more

enriched in boundary elements like CTCF (Supp Figure A.15A). As a tradeoff, higher

proportion of metaTAD-scale clusters (i.e. expected cluster size = 2Mb) are enriched in

histone modification marks (Supp Figure A.15B). Based on the use case of GRiNCH, k

can be set dynamically by the user; by default, GRiNCH sets k such that the expected size

of a cluster is 1Mb, or at TAD-scale.

For regularization strength, λ ∈ {0, 1, 10, 100, 100} were considered, with λ = 0 equiva-

lent to standard NMF without regularization. For neighborhood radius, r ∈ {25K, 50K, 100K, 250K, 500K,1M}

were considered, where r = 100K in a Hi-C dataset of 25Kb resolution will use 4 bins on

either side of a given region as its neighbors. We find that some regularization, with
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λ = 1, yields better CTCF enrichment than other λ values (Supp Figure A.1A). With

regularization, a neighborhood radius of 100Kb or larger yields higher CTCF enrichment

(Supp Figure A.1B). We also note that the regularization parameters do not discernibly

change the TAD size distribution (Supp Figure A.16). Based on these results, the default

regularization parameters for GRiNCH are set at λ = 1 and r =250kb.

Memory consumption and runtime

In graph-regularized NMF, the size of the input matrix n and the reduced dimension k

are the main drivers of computational complexity which is O(kn2) (Cai et al., 2011). We

measured memory consumption (maximum resident set size) and runtime of GRiNCH

across five cell lines (GM12878, HMEC, HUVEC, NHEK, K562) with different combinations

of input matrix size (determined by chromosome length and Hi-C resolution), expected

cluster/TAD size (which determines k for a given matrix), and regularization parameters

(λ ∈ {0, 1, 10, 100, 100} and neighborhood radius ∈ { 25kb, 50kb, 100kb, 250kb, 500kb, 1Mb}).

These runs were completed across a distributed computing platform with machines of vary-

ing computing power. We plot the maximum resident set size and runtime against input

matrix size in Supp Figure A.17. We observe that, in concordance with the computational

complexity, time consumption increases in a quadratic fashion with respect to the input

matrix size and in a linear fashion to k. Memory consumption increases in a similar manner,

i.e. if the input matrix size doubles, the memory requirement approximately quadruples.

Stability and initialization of NMF

The NMF algorithm is commonly initialized with random non-negative values for the

entries of U and V. The initial values can significantly impact the final values of U and

V (Belford et al., 2018). This leads to instability of the final factors hinging on the ran-

domization schemes or changing seeds. To address the instability, we used Non-Negative
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Double Singular Value Decomposition (NNDSVD), which initializes U and V with a sparse

SVD approximation of the input matrix X (Boutsidis and Gallopoulos, 2008). Since the

derivation of exact singular values can considerably slow down the initialization step, we

use a randomized SVD algorithm which derives approximate singular vectors (Voronin

and Martinsson, 2015). NNDSVD initialization with randomized SVD results in lower loss,

i.e. factors that can better approximate the original Hi-C matrix, in fewer iterations (Supp

Figure A.18A,B), and more stable results than direct random initialization (Supp Figure

A.18C,D).

2.3.2 Datasets used in experiments and analysis

High-throughput chromosome conformation capture datasets

We applied GRiNCH to interaction count matrices from in situ Hi-C (with MboI as the

restriction enzyme) for five cell lines, GM12878, NHEK, HMEC, HUVEC, and K562 at 10kb,

25kb, and 50kb resolution (Rao et al., 2014, GEO accession: GSE63525). From the same

source, we additionally used GM12878 25kb-resolution data from in situ Hi-C using DpnII

as the restriction enzyme, and GM12878 25kb-resolution data from dilution Hi-C using

HindIII as the restriction enzyme in our analysis on smoothing.

To demonstrate the applicability of GRiNCH to multiple high-throughput chromosome

conformation capture platforms, we applied GRiNCH to datasets from other technologies

that capture the 3D genome structure and chromatin interactions: Split-Pool Recognition

of Interactions by Tag Extension (SPRITE) (Quinodoz et al., 2018) and HiChIP (Mumbach

et al., 2016). We used the SPRITE data for GM12878 cell line (GEO accession: GSE114242).

For HiChIP, we applied GRiNCH to the contact matrices from cohesin HiChIP (GEO acces-

sion: GSE80820, Mumbach et al., 2016) and H3k27ac HiChIP (GEO accession: GSE101498,

Mumbach et al., 2017).
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To demonstrate the utility of GRiNCH to study 3D genome organization in dynamic

processes we applied GRiNCH to two different mouse developmental time course data: (a)

neural differentiation Hi-C data from embryonic stem cells (mESC), neural progenitors

(NPC), and cortical neurons (CN) (GEO accession: GSE96107, Bonev et al., 2017) and (b)

Hi-C data from reprogramming pre-B cells to induced pluripotent state (Stadhouders et al.,

2018, GEO accession: GSE96553). For (a) neural differentiation dataset, Juicer Straw tool

(Durand et al., 2016) was used to obtain 25kb Hi-C matrices with vanilla-coverage square-

root normalization. For (b) reprogramming, we applied GRiNCH to published normalized

Hi-C data from pre-B cells, Bα cells, day 2, day 4, day 6, day 8 of reprogramming, and

finally, pluripotent cells.

ChIP-seq, DNase-seq, ATAC-seq, and motif datasets

To interpret the GRiNCH results and for comparison to other methods, we obtained a

number of ChIP-seq datasets. For CTCF, ChIP-seq narrow-peak datasets available as EN-

CODE Uniform TFBS composite track (Rosenbloom et al., 2013) were downloaded from the

UCSC genome browser (wgEncodeEH000029, wgEncodeEH000075, wgEncodeEH000054,

wgEncodeEH000042, wgEncodeEH000063).

As ChIP-seq data for SMC3 and RAD21 are not available in the five cell lines from Rao

et al., 2014, we generated a list of cell-line specific accessible motif sites. Accessible motif

sites were defined as the intersection of motif match regions and DNase-accessible regions

in the given cell line. The SMC3 and RAD21 motif matches to the human genome (hg19)

was obtained from Kheradpour and Kellis, 2014. To create a union of DNase accessible

regions from replicates within a cell line, BEDtools (Quinlan and Hall, 2010) merge program

was used. Finally, the intersection of DNase accessible regions and motif match regions was

calculated for each cell line using BEDtools intersect program. DNase accessibility sites were

obtained from the ENCODE consortium (ENCODE Project Consortium, 2012; Sloan et al.,
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2016): ENCFF856MFN, ENCFF235KUD, ENCFF491BOT, ENCFF946QPV, ENCFF968KGT,

ENCFF541JWD, ENCFF978UNU, ENCFF297CKS, ENCFF569UYX.

We obtained ChIP-seq datasets for histone modification marks from the ENCODE

consortium (ENCODE Project Consortium, 2012; Sloan et al., 2016). To generate genome-

wide histone modification levels for each mark, fastq reads were aligned to the human

genome (hg19) with bowtie2 (Langmead and Salzberg, 2012), and aggregated into a base-

pair signal coverage profile using SAMtools (Li et al., 2009), and BEDtools (Quinlan and

Hall, 2010). The base-pair signal coverage was averaged within each 25kb bin to match the

resolution of Hi-C dataset. The aggregated signal was normalized by sequencing depth

within each replicate; the replicates were collapsed into a single value by taking the median.

In order to identify novel transcription factors that could play a role in 3D genome

organization, we obtained motifs of 746 different transcription factors from JASPAR core

vertebrate collection (Fornes et al., 2020). Next, we obtained their accessible motif match

sites in hg19 for the five cell lines from (Rao et al., 2014) using the same process that was

used for SMC3 and RAD21 motifs. To identify the accessible motif sites for mouse cells

during pluripotency reprogramming (Stadhouders et al., 2018), we aligned ATAC-seq fastq

reads to the mouse genome (mm10) with bowtie2 (Langmead and Salzberg, 2012) and

deduplicated with SAMtools (Li et al., 2009). Accessible peaks were called with MACS2

(Zhang et al., 2008). The ATAC-seq peaks were then used in place of DNase-seq sites to

find the accessible motif sites as was done for SMC3 and RAD21 motifs.

2.3.3 TAD-calling methods

GRiNCH was benchmarked against 7 other TAD-calling methods: Directionality Index

method (Dixon et al., 2012), Armatus (Filippova et al., 2014), Insulation Score method

(Crane et al., 2015), rGMAP (Yu et al., 2017), 3DNetMod (Norton et al., 2018), HiCseg
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(Lévy-Leduc et al., 2014) and TopDom (Shin et al., 2016). For all methods, default or

recommended parameters values were used when available.

Directionality index

Directionality index uses a hidden Markov model (HMM) on estimated Directionality

Index (DI) scores. The DI score for a genomic region is determined by whether the region

preferentially interacts with upstream or with downstream regions. A bin can take on

one of three states (upstream-biased, downstream-biased, or not biased) based on the

interaction profile within a fixed-sized (e.g. 2Mb) window up- and downstream of the

bin, with directionally biased bins becoming TAD boundaries. TADs were called using the

directionality index method implementation in TADtool (Kruse et al., 2016), version as of

April 23, 2018.

Armatus

Armatus uses dynamic programming to find subgraphs in a network where the nodes

are the genomic regions, and the edge weights are the interaction counts. The objective

is to find the set of dense subgraphs; subgraph density is defined as the ratio of the sum

of edge weights to the number of nodes within the subgraph. Armatus predicts a set of

overlapping TADs then consolidates them into consensus TADs. The consensus TADs

were used in our analysis. Armatus version 2.3 was used for comparison.

Insulation score

In the insulation score method, each bin is assigned an insulation score, calculated as the

mean of the interaction counts in the window (of a predefined size) centered on the given

bin. Bins corresponding to the local minima in the vector formed by these insulation scores
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are treated as TAD boundaries. TADtool (Kruse et al., 2016) implementation of insulation

score method, version as of April 23, 2018, was used in our experiments.

3DNetMod

3DNetMod employs a Louvain-like algorithm to partition a network of genomic regions

into communities where the edge weights in the network are the interaction counts. It

uses greedy dynamic programming to maximize modularity, a metric of network structure

measuring the density of intra-community edges compared to random distribution of links

between nodes. 3DNetMod outputs a set of overlapping TADs. It was excluded from any

analysis that required a unique TAD assignment for each genomic region or involved TAD

shuffling. Software version 1.0 (10/06/17) was used in our comparison.

rGMAP

rGMAP trains a two-component Gaussian mixture model to group interactions into intra-

domain or inter-domain contacts. Putative TAD boundary bins are identified by those

with significantly higher intra-domain counts in its upstream window or downstream

window of predefined size. The chromosome is then segmented into TADs flanked by

these boundaries. rGMAP outputs a set of hierarchical, overlapping domains and a set of

non-overlapping TADs; we used the latter in our analysis. Software version as of April 23,

2018 was used for comparison.

HiCseg

HiCseg treats the Hi-C matrix as a 2D image to be segmented, with each block-diagonal

segment corresponding to a TAD. The counts within each block are modeled to be drawn

from a certain distribution (e.g. Gaussian distribution for normalized Hi-C data). Using

dynamic programming, HiCseg finds a set of block boundaries that would maximize the
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log likelihood of counts in each block being drawn from an estimated distribution. Version

1.1 was used in our experiments.

TopDom

TopDom generates a score for each bin along the chromosome, where the score is the mean

interaction count between the given bin and a set of upstream and downstream neighbors

(neighborhood size is a user-specified parameter). Putative TAD boundaries are picked

from a set of bins whose score forms a local minimum; false positive boundaries are filtered

out with a significance test. Version 0.0.2 was used in our analysis.

2.3.4 TAD evaluation criteria

We evaluated the quality of TADs using different enrichment metrics as well as internal

validation metrics used for comparing clustering algorithms.

Enrichment analysis

Enrichment of known architectural proteins. We estimated the enrichment of three

known architectural proteins (CTCF, RAD21 and SMC3) in the TAD boundaries of five

cell lines from Rao et al., 2014. TAD boundaries are defined by the starting bin and the

ending bin of each predicted TAD, along with one preceding the starting bin and one

following the ending bin. Let N be the total number of bins in a chromosome, nBIND be

the number of bins with one or more ChIP-seq peaks or accessible motif sites, nTAD be the

number of TAD boundary bins, and nTAD-BIND be the number of TAD-boundary bins with

a binding event (ChIP-seq peak or accessible motif match site). The fold enrichment for a

particular protein is calculated as: nTAD-BIND/nTAD
nBIND/N

. Within each cell line, the fold enrichment
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across all chromosomes was averaged; then the mean across cell lines was used to rank the

TAD-calling methods (Supp Table A.1H).

Histone modification enrichment. We used the proportion of predicted TADs that are

significantly enriched in histone modification signals (compared to the “null" histone-

modification signal distribution of randomly shuffled TADs) as a validation metric to

assess the quality of TADs, similar to Zufferey et al., 2018. For each predicted TAD, we

calculated the mean histone modification ChIP-seq signal within the TAD. Next, we find the

“null" histone-modification signal distribution from randomly shuffled TADs. To generate

randomly shuffled TADs, we take the lengths of all predicted TADs within a chromosome,

as well as the lengths of interspersed stretches between the TADs (i.e. “non-TAD” stretches)

if a TAD-calling method skips over regions of the genome. Next, we randomly move

around the TAD and non-TAD stretches within the chromosome to preserve the TAD

length distribution. We repeat this procedure 10 times. Then we compute the mean histone

modification ChIP-seq signal within each of these randomly shuffled TADs, generating

the null or background distribution of histone modification signals. The empirical p-

value of a predicted TAD’s histone modification signal was calculated as the proportion of

randomly shuffled TADs with higher ChIP-seq signal than that of the given TAD. A TAD

was considered significantly enriched if its empirical p-value was less than 0.05, i.e. more

than 95% of randomly shuffled TADs had a lower histone modification signal. Finally, for

each TAD-calling method, we found the proportion of predicted TADs with significant

histone modification signal; this is visualized across cell lines in Figure 2.5B. The mean

proportion of TADs with significant enrichment across chromosomes and cell lines was

used to rank the TAD-calling methods (Supp Table A.1I).
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Internal validation metrics

Since a TAD represents a cluster of contiguous regions that tend to interact more among

each other than with regions from another TAD or cluster, we used two internal validation

or cluster quality metrics, Davies-Bouldin Index (DBI) and Delta contact count (DCC), to

evaluate the similarity of interaction profiles among regions within a TAD. Specifically, for

each method, we generated a background/null distribution of DBI and DCC from randomly

shuffled TADs, then measured the proportion of actual TADs called with significant DBI

and DCC level (p-value <0.05) against this null distribution (similar procedure to “Histone

modification enrichment" above).

Davies-Bouldin Index (DBI). The DBI for a single cluster Ci is defined as its similarity to

its closest cluster Cj, where i, j ∈ {1, . . . ,k}, i ̸= j: DBIi = maxi ̸=j Sij. The similarity metric,

Sij, between Ci and Cj is defined as:

Sij =
di + dj

distanceij
(2.5)

where di is the average distance between each data point in cluster Ci and the cluster

centroid and distanceij is the distance between the cluster centroids of Ci and Cj. In

applying DBI to Hi-C data, a data point consists of a vector of a genomic region’s interaction

counts with other regions in the chromosome (e.g. an entire row or column in the Hi-C

matrix); a cluster corresponds to a group of regions within the same TAD; the cluster

centroid is a mean vector of rows that belong to the same cluster/TAD. The smaller the

DBI, the more distinct the clusters are from one another.

For each method, we computed the DBI of each individual TAD. To measure the signifi-

cance of a TAD’s DBI value, we generated a background/null distribution of DBI values

from randomly shuffled TADs (refer to the procedure in “Histone modification enrichment"
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above). The empirical p-value of a TAD was calculated as the proportion of randomized

TADs with lower DBI (recall a lower DBI means better clustering) than that of the given

TAD. A TAD was considered to have a significant DBI if its empirical p-value was less than

0.05; the proportion of TADs with significant DBI was calculated for each method and used

for comparing different TAD calling methods (Supp Table A.1A).

Delta Contact Count (DCC). DCC for cluster Ci is defined as follows: let ini denote the

mean interaction counts between pairs of regions that are both in Ci, and outi denote the

mean interaction counts between pairs of regions where one region is in cluster Ci and the

other region is not. Then DCCi = ini − outi.

We expect that for a good cluster, the pairs of regions within the cluster should have

higher contact counts. Therefore, the higher the value of DCC, the higher the quality of

the cluster. Again, a cluster corresponds to a group of regions within the same TAD. Given

the DCC values for each TAD, we determined its significance against the null/background

distribution of DCC values from randomly shuffled TADs (refer to procedure in “Histone

modification enrichment" and “Davies-Bouldin Index (DBI)" above). The mean proportion

of TADs with significant DCC across cell lines was used to compare the TAD-calling

methods (Supp Table A.1B).

TAD similarity and stability metrics

When assessing the similarity or stability of TADs, we used two cluster comparison metrics,

Rand Index and Mutual Information. First, TADs were converted to clusters so that regions

in the same TAD were all assigned to the same cluster; all non-TAD regions, if a TAD-calling

algorithm should have them, were assigned to a single cluster together. When comparing

TADs across different resolutions of Hi-C data, 10kb, 25kb, and 50kb bins were split into

a size of lowest common denominator, i.e., 5kb. Then all 5kb bins were assigned to the
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same cluster as in the original lower-resolution bin (e.g. a 10kb bin assigned to cluster i

would yield two 5kb bins assigned to cluster i). For these comparisons, we computed these

metrics at the 5kb resolution.

For Rand Index, each genomic region is treated as a node in a graph; two nodes are

connected by an edge if they are in the same cluster. Then, the number of edges that

were preserved between clustering result A and clustering result B is divided by the total

number of pairs of nodes, i.e. number of edges in a fully connected graph. Rand Index of 1

corresponds to perfect concordance between two clustering results; Rand Index of 0 means

no agreement.

Mutual Information (MI) is an information-theoretic metric measuring the dependency

between two random variables, where each variable can be a clustering result. Specifically,

for two discrete variables A and B, MI is defined as

MI(A;B) =
∑
a∈A

∑
b∈B

p(A,B)(a,b) log
(
p(A,B)(a,b)
pA(a)pB(b)

)
(2.6)

For clustering comparisons, A and B are cluster assignments to be compared, e.g., A is

the cluster assignment corresponding to TADs from high-depth data and B is the cluster

assignment based on TADs from downsampled data. Mutual Information is 0 if the joint

distribution of A and B equals the product of each marginal distribution, i.e. A and B

are independent, or in an information-theoretic sense, knowing A does not provide any

information about B. The higher the Mutual Information value, the greater the informa-

tion conveyed by the variables about each other; in the context of measuring clustering

agreement, one clustering result is similar to the other.

Both metrics were used to evaluate the stability of TADs across resolution and depth,

the similarity of TADs from different TAD-calling methods, the recovery of TADs from

smoothed Hi-C data, the similarity of TADs along the time-course data, and the consistency
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of GRiNCH TADs from different 3D genome capturing technologies (e.g. SPRITE, HiChIP).

To rank TAD-calling methods based on stability across resolution and depth, the mean

Rand Index or Mutual Information across cell lines was used (Supp Table A.1D,E,F,G).

Robustness to low-depth data

To assess the robustness or stability of TADs to low-depth input data, the TADs from

a high-depth dataset (GM12878, Rao et al., 2014) were compared to the TADs from a

downsampled, low-depth dataset. If the the TADs from the downsampled data are similar

to TADs from the high-depth dataset, they are considered to be stable to low depth. The

similarity metrics, Mutual Information and Rand Index described in the “TAD similarity

and stability metrics” section, were used.

In order to downsample a high-depth Hi-C matrix (e.g. from GM12878) to a lower

depth one (e.g. from HMEC), a distance-stratified approach was used to match both

the mean of non-zero counts and sparsity level between the two datasets. First, for each

distance threshold d, let µh
d denote the mean of the non-zero counts in the high-depth

dataset and µl
d denote the mean of non-zero counts in the low-depth dataset. The scaled

down value for each non-zero entry of the original high-depth dataset is: x̃ij =
xh
ij

µh
d/µ

l
d

.

where xhij is the value for the i,j bin pair in the high-depth dataset. Then, to increase the

sparsity of the high-depth dataset, zd of the non-zero counts in the high-depth dataset

at distance d is randomly set to zero, where zd is the number of additional entries in the

low-depth dataset that are zero compared to the high-depth dataset.



52

2.3.5 Identification of candidate genomic regions involved in 3D

organization changes during mouse neural development

To identify genomic regions potentially involved in local topological changes during the

mouse neural development, we took GRiNCH clusters from the Hi-C data of mouse

embryonic stem cells (mESC), neural progenitors (NPC), and cortical neurons (CN, Bonev

et al., 2017) and looked for cluster merges or splits across the time points. We first performed

pairwise cluster matching between time points (e.g. mESC vs CN). For each pair of clusters

from time point A (e.g., cluster i from mESC) and time point B (e.g., cluster j from CN), we

calculated their overlap in genomic regions with Jaccard Index, i.e. the ratio of the size of

the intersection (regions in both clusters) to the size of the union (regions in either cluster).

We then considered clusters matched to two or more clusters in another time point with a

Jaccard Index of at least 0.2. For example, if cluster 5 from mESC matched to cluster 4, 5,

and 6 from CN with Jaccard Index of 0.3, 0.25, and 0.4, respectively, then we considered

cluster 5 in mESC as a site of potential topological changes, identified by cluster splits

in CN. We selected a random subset of these clusters from different chromosomes, and

visualized the interaction profile of the regions belonging to these clusters. The regions

and clusters visualized in Figure 2.7B and Supp Figure A.8 are from this subset.

2.3.6 Identification of novel factor enrichment at GRiNCH TAD

boundaries

A similar procedure to CTCF boundary enrichment was used to identify novel boundary

elements, by assessing whether the accessible motif sites of 746 transcription factors (TFs)

from the JASPAR core vertebrate collection (Fornes et al., 2020) are enriched in GRiNCH

TAD boundaries. This procedure was applied to the five cell lines from Rao et al., 2014

and the time points from the mouse reprogramming timecourse data (Stadhouders et al.,
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2018). One change to the procedure was that instead of calculating fold enrichment per

chromosome, all counts were aggregated across all chromosomes within the given cell line

or time point. The hypergeometric test was used to calculate the significance of the number

of TF sites in the boundaries and were ranked based on their p-value.

2.3.7 Smoothing methods

Smoothing with GRiNCH via matrix completion GRiNCH smooths a noisy input Hi-C

matrix by using the matrix completion aspect of NMF. Specifically, the reconstructed matrix

Xs = UVT is the smoothed matrix. The effectiveness of GRiNCH matrix completion as a

smoothing method was compared to that of mean filter and Gaussian filter, two methods

used in image blurring (Davies, 2004) and Hi-C data pre-processing (Yang et al., 2017;

Rowley et al., 2020; Ardakany et al., 2019), as well as HiCNN (Liu and Wang, 2019), a

method based on convolutional neural network to impute interaction counts.

Mean filter

Mean filtering is used in HiCRep (Yang et al., 2017) as a preprocessing step to measure

reproducibility of Hi-C datasets. To create a smoothed matrix Xs from a given input matrix

X with a mean filter, each element in xsij is estimated from the mean of its neighboring

elements within radius r: xsij = 1
(2r+1)2

∑i+r
a=i−r

∑j+r
b=j−r xab. Three different values for the

radius r were considered: r ∈ {3, 6, 11}.

Gaussian filter

A Gaussian filter has been used as a preprocessing step to identify chromatin loops and

differential interactions from Hi-C Data (Rowley et al., 2020; Ardakany et al., 2019). It uses

a weighted mean of the neighborhood of a particular contact count entry, xij, where the
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weight is determined by the distance of the neighbor from the given position:

xsij =
1

2πσ2

i+n∑
a=i−n

j+n∑
b=j−n

e−
(i−a)2+(j−b)2

2σ2 xab (2.7)

Three different values of (σ) were considered, σ ∈ {1, 2, 3} and n was set to 4 ∗ σ.

HiCNN

Unlike mean filter, Gaussian filter, and GRiNCH, HiCNN (Liu and Wang, 2019) uses super-

vised learning to perform smoothing. HiCNN uses a 54-layer convolutional neural network

trained to predict high-resolution Hi-C interaction matrices from downsampled lower-

resolution matrices. We downloaded three pre-trained models (from dna.cs.miami.edu/HiCNN

along with source code) which were trained on GM12878 Hi-C data downsampled to 1/8,

1/16, and 1/25 depth of the original data, respectively. We used these pre-trained models

in the smoothing analysis. These models were trained on interactions <2Mb apart and

only make predictions for interaction distances <2Mb. To accommodate this limitation,

AUPR on significant interaction recovery was measured separately for interactions <2Mb

apart (see “Assessment of benefits from smoothing" below). Measuring TAD recovery

after smoothing was not affected since the Directionality Index method uses a 2Mb-sized

window of interactions (see “Directionality index" above).

2.3.8 Assessment of benefits from smoothing

Recovery of TADs from smoothed downsampled data

To assess whether smoothing helps preserve or recover structure in low-depth data, we

first smoothed downsampled low-depth datasets (see “Robustness to low-depth data” )

using methods described above (see “Smoothing methods”). The Directionality Index (DI)

http://dna.cs.miami.edu/HiCNN/
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TAD finding method was applied to the high and low-depth datasets. Then the similarity

of the TADs from the original high depth data and the TADs from the smoothed data were

measured (see “TAD similarity and stability metrics”). Higher similarity metric values

imply better recovery of structure from smoothing.

Recovery of significant interactions

Fit-Hi-C (Ay et al., 2014) was used to call significant interactions in the original and the

smoothed Hi-C datasets, using a q-value<0.05. Interactions from the original high-depth

Hi-C dataset were used as the set of “true” significant interactions. From the downsampled

then smoothed matrices, each smoothed interaction count was assigned a “prediction score”

of 1 − q, where q is its Fit-Hi-C q-value. Precision and recall curves were then computed

using the “true" interactions and the “prediction scores." The recovery of true significant

interactions was measured with the Area under the Precision-Recall curve (AUPR).

Robustness to different restriction enzymes

In the smoothing analysis of data from Hi-C protocols using different restriction enzymes

(HindIII, DpnII, MboI), the overlap of significant interactions was measured with Jaccard

Index, which is the ratio of the size of the intersection (i.e. significant interactions called

in both datasets compared) to the size of the union (i.e. significant interactions called in

either one of the datasets).

2.4 Implementation and availability

GRiNCH source code (in C++), installation instructions (supported in Linux distributions),

documentation, and tutorial for visualization (in Python) are publicly available at roy-

lab.github.io/grinch with a GNU General Public License (GPL-3.0). The specific version

https://roy-lab.github.io/grinch/
https://roy-lab.github.io/grinch/


56

of GRiNCH used in our experiments and analyses (v1.0.0) has been deposited with DOI

10.5281/zenodo.4540608, along with the following groups of files which were too large to

include in the manuscript as supplementary materials:

• Execution scripts containing the parameter values used for benchmarked TAD-calling

methods

• Scripts used to analyze the results and generate the figures

• Scripts and files specifically used to generate rankings of TAD-calling methods

https://doi.org/10.5281/zenodo.4540608
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2.5 Discussion

We present GRiNCH, a graph-regularized matrix factorization framework that enables

reliable identification of high-quality genome organizational units, such as TADs, from

high-throughput chromosome conformation capture datasets. GRiNCH is based on a novel

constrained matrix factorization and clustering approach that enables recovery of contigu-

ous blocks of genomic regions sharing similar interaction patterns as well as smoothing

sparse input datasets.

A lack of gold standards for TADs emphasizes the need to probe both the statistical

and biological nature of inferred TADs. Through extensive comparison of GRiNCH to

existing methods with good performance in other benchmarking studies, we identified

strengths and weaknesses of existing approaches. In particular, methods like Directionality

Index and Insulation Score identify TADs that are generally more enriched for signals such

as CTCF and cohesin. However, when comparing statistical properties such as stability

across resolutions and cluster coherence, these methods do not necessarily perform better.

GRiNCH was among the top methods for both criteria, identifying clusters of genomic

regions with high degree of similarity in their interaction profiles, stable to low-depth,

sparse datasets, and enriched in architectural proteins and histone modification signals

with known roles in chromatin organization.

A unique advantage of GRiNCH lies in its smoothing capability via matrix completion.

Smoothing has been an independent task from TAD-calling and a key processing step in

downstream analysis of Hi-C data (e.g. measuring reproducibility or concordance between

Hi-C replicates, Ursu et al., 2018). We find that GRiNCH smoothing outperforms existing

unsupervised smoothing methods (mean filter and Gaussian filter) and comparable to

supervised models trained on low-depth datasets in its ability to retain TAD-level and

interaction-level features of the input Hi-C data. Furthermore, GRiNCH is applicable to
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datasets from a wide variety of platforms, including SPRITE and HiChIP. Application of

GRiNCH shows that Hi-C and HiChIP datasets capture more similar topological units than

SPRITE. Interestingly, TADs from Hi-C and cohesin HiChIP are much closer than the two

HiChIP datasets we compared. This shows that GRiNCH is capturing TADs that are repro-

ducible across platforms. To study the ability of GRiNCH to identify dynamic topological

changes along a time course, we applied GRiNCH to published developmental time-course

datasets. GRiNCH recapitulated global temporal relationships in 3D organization and also

transitions in topological units around previously studied and new genomic loci. Thus,

GRiNCH should be broadly applicable for analysis of chromosome conformation capture

datasets with different experimental design, sequencing depths, and platforms.

The 3D organization of the genome is determined through a complex interplay of

architectural proteins such as CTCF, cohesin elements, and other transcription factors such

as WAPL (Haarhuis et al., 2017). Application of GRiNCH to Hi-C datasets representing cell

lines and temporally related conditions identified known and novel transcription factors

that could be important for establishing these boundaries in a cell-type-specific or generic

manner. In particular, we recovered YY1/2 proteins that have been shown to interact with

CTCF to establish long-range regulatory programs during lineage commitment (Beagan

et al., 2017). Among the novel factors that were present in both the cell lines as well

as the mouse reprogramming dataset, were several zinc finger proteins, e.g. PLAGL1,

ZIC1, ZIC4/5, ZBTB14; such proteins can be investigated for their role in establishing

organizational units in mammalian genomes. We also found several factors that were

specific to cell lines and time points. For example, FOXI1, a forkhead protein, was ranked

highly in K562. Forkhead proteins are involved in genome organization and replication

timing in yeast (Knott et al., 2012) and zebra fish (Yan et al., 2006), but their role in

mammalian genome organization is not well known. The time course data identified

additional unique TFs that are likely involved in determining specific lineages, e.g. STAT3,
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MEIS3, FOXP3 and HOX genes in pre-B cells. HOX genes (Alharbi et al., 2013), FOXP3 (Li

et al., 2015), and STAT3 (Chou et al., 2006) in particular have been shown to play critical roles

in B cell and T cell development. While MEIS1 and MEIS2 are involved in the hematopoietic

lineage, MEIS3 specifically is involved in the binding of HOX TFs to target genes in the brain

(Uribe and Bronner, 2015). Therefore the simultaneous enrichment of MEIS3 and HOX

sites is consistent with HOX proteins requiring MEIS3 for binding; however, its specific

role in the hematopoietic lineage is yet unknown. Investigating the interactions of these

proteins with well-known architectural proteins such as CTCF and cohesin could provide

mechanistic insight into the factors governing 3D genome organization (Cubeñas-Potts

and Corces, 2015; de Wit, 2019).

There are several directions of future work that are natural extensions to our framework.

Although our current approach of analyzing temporal organization in time-course data

extracted interesting biological insights, TADs are identified independently for each time

point, making it difficult to study the conservation and specificity of individual TADs. One

area of future work is to allow joint identification of TADs or similar structural units across

multiple conditions (Fotuhi Siahpirani et al., 2016; Yang et al., 2019). GRiNCH currently

infers one level of TADs for a given input set of parameters. Expanding GRiNCH to provide

nested or hierarchical TADs is an additional direction of future work. Another direction

is to leverage one-dimensional features to potentially inform the TAD-finding algorithm.

The GRiNCH framework makes use of a distance dependence graph of regions; however,

one could use the similarity of epigenomic profiles to construct an additional graph to

constrain the NMF solution.
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2.6 Conclusion

GRiNCH offers a unified solution, applicable to diverse platforms, to discover reliable

and biologically meaningful topological units, while handling sparse high-throughput

chromosome conformation capture datasets. The outputs from GRiNCH applied to time

course datasets can be used to study changes in 3D genome organization and predict novel

boundary elements, enabling us to test possible hypotheses of other mechanisms for TAD

boundary formation. We have made GRiNCH publicly available at roy-lab.github.io/grinch

with a GNU General Public License (GPL) and a comprehensive installation and usage

manual. As efforts to map the three-dimensional genome organization expand to more

conditions, platforms, and species, a method such as GRiNCH will serve as a powerful

analytical tool for understanding the role of 3D genome organization in diverse complex

processes.
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Chapter 3

Examining dynamics of

three-dimensional genome organization

with multi-task matrix factorization

Three-dimensional (3D) genome organization, which determines how the DNA is pack-

aged inside the nucleus, has emerged as a key component of the gene regulation machinery.

High-throughput chromosome conformation datasets, such as Hi-C, have become avail-

able across multiple conditions and timepoints, offering a unique opportunity to examine

changes in 3D genome organization and link them to phenotypic changes in normal and

diseases processes. However, systematic detection of higher-order structural changes across

multiple Hi-C datasets remains a major challenge. Existing computational methods either

do not model higher-order structural units or cannot model dynamics across more than

two conditions of interest. We address these limitations with Tree-Guided Integrated

Factorization (TGIF), a generalizable multi-task Non-negative Matrix Factorization (NMF)

approach that can be applied to time series or hierarchically related biological conditions.

TGIF can identify large-scale changes at compartment or subcompartment levels, as well
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as local changes at boundaries of topologically associated domains (TADs). Compared to

existing methods, TGIF boundaries are more enriched in CTCF and reproducible across

biological replicates, normalization methods, depths, and resolutions. Application to three

multi-sample mammalian datasets shows TGIF can detect differential regions at compart-

ment, subcompartment, and boundary levels that are associated with significant changes

in regulatory signals and gene expression enriched in tissue-specific processes. Finally, we

leverage TGIF boundaries to prioritize sequence variants for multiple phenotypes from

the NHGRI GWAS catalog. Taken together, TGIF is a flexible tool to examine 3D genome

organization dynamics across disease and developmental processes.

A version of this work is available as a preprint:

Lee DI and Roy S. 2024. Examining dynamics of three-dimensional genome organization

with multi-task matrix factorization

3.1 Introduction

The three-dimensional (3D) organization of the genome refers to the packaging of DNA

inside the nucleus. It has emerged as a key regulatory mechanism of cellular function

and dysfunction across diverse developmental (Zheng and Xie, 2019), disease (Lupiáñez

et al., 2016), and evolutionary contexts (McCord, 2017; Eres et al., 2019). High-throughput

chromosomal conformation capture (Hi-C) technologies enable the study of 3D genome

organization by experimentally measuring the tendency of genomic regions to spatially

interact with one another (Kempfer and Pombo, 2020; Mumbach et al., 2016; Dekker et al.,

2023). The 3D genome is organized into structural units at multiple scales: compartments

spanning several megabases, Topologically Associated Domains (TADs) spanning hun-

dreds of kilobases scale, and enhancer-promoter loops involving pairs of loci of a few

thousand bases. (Bouwman and de Laat, 2015; Rowley and Corces, 2018; Kempfer and
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Pombo, 2020). Changes in 3D genome organization at different topological levels have been

observed with transitions in both normal (Bonev et al., 2017; Stadhouders et al., 2018; Zheng

and Xie, 2019) and disease processes (Lupiáñez et al., 2016; Norton and Phillips-Cremins,

2017; Wang et al., 2021). For example, during differentiation of mouse embryonic stem

cells to a neuronal lineage, changes in topological structure are associated with cell fate

specification and gene expression changes (Bonev et al., 2017). Changes in 3D genome

organization have also been seen in immune response to viral infections (Wang et al., 2021)

and diseases such as cancer (Hnisz et al., 2016; Akdemir et al., 2020; Dubois et al., 2022).

Through efforts from large-scale consortia such as the 4D Nucleome project, Hi-C mea-

surements are becoming increasingly common from multiple conditions corresponding to

time points, cell types and species (Dekker et al., 2017; Reiff et al., 2022; Dekker et al., 2023;

Roy et al., 2023). These datasets provide a unique opportunity to examine the dynamics

of 3D genome organization across space and time and its impact on disease and normal

processes.

Reliable detection of 3D genome dynamics at different units of organization is a signifi-

cant computational challenge. Current computational approaches to examine dynamics in

the 3D genome can be grouped into those that identify large-scale or compartmental-level

changes (Fotuhi Siahpirani et al., 2016; Chakraborty et al., 2022), those that can identify

TAD-scale changes or “differential TADs” (Wang et al., 2020; Cresswell and Dozmorov,

2020), and those that examine changes at the level of loops or interactions (Ardakany

et al., 2019; Lun and Smyth, 2015; Djekidel et al., 2018; Galan et al., 2020; Stansfield et al.,

2019). Compared to methods for detecting differences at the loop level, there are relatively

few approaches to detect TAD or compartment changes. The most common approach to

study TAD dynamics across multiple conditions is to first apply a TAD-calling method

to data from each condition, followed by post-processing to identify TAD boundaries in

one condition but not another (Zhang et al., 2019; Bonev et al., 2017; Stadhouders et al.,
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2018; Wang et al., 2022; Emerson et al., 2022). While such a two-step approach can identify

some meaningful differences, the unsupervised nature of TAD finding could make these

approaches more susceptible to finding non-biological differences. Numerous studies have

shown that Hi-C count profiles obey cell type, timepoint and species relationships, where

datasets from nearby contexts are more similar than those that are far away (Bonev et al.,

2017; Zhang et al., 2019; Yang et al., 2017; Vietri Rudan et al., 2015). An approach that

constrains the TAD and compartment finding based on such prior information about the

relationships between the input datasets could be less prone to spurious differences. A few

methods have been developed to directly identify TAD boundary differences, but they are

focused on pairs of conditions (Wang et al., 2020) or limited in their ability to compare

more than two conditions (Cresswell and Dozmorov, 2020).

To address the dearth of methods for identifying large-scale organizational changes,

especially when considering more than two datasets, we developed Tree-Guided Inte-

grated Factorization (TGIF), a multi-task learning framework using Non-negative Matrix

Factorization (NMF) to enable joint identification of organizational units such as compart-

ments and TADs across multiple conditions. NMF is a popular dimensionality reduction

approach that has been used for analyzing genomic data (Stein-O’Brien et al., 2018; Kotliar

et al., 2019; Lee and Roy, 2021) as well as images (Lee and Seung, 1999; Kalayeh et al.,

2014), where the low-dimensional factors can recover the major patterns in the data. In the

case of Hi-C data, the output factors represent the lower-dimensional view of the chromo-

somal architecture. TGIF can take as input multiple Hi-C matrices from related biological

conditions, for example, different time points, treatments, diseases or cell types. TGIF uses

hierarchical multi-task learning to constrain the lower-dimensional factors from closely

related tasks (e.g. consecutive time points) to be similar. We use the low dimensional

factors for each of the conditions to identify changes at both the compartment and TAD

levels.
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We applied TGIF-DB and TGIF-DC to three different mammalian differentiation time-

course Hi-C datasets: a 2 timepoint dataset comprising human pluripotent cell line H1

and differentiated endoderm (Reiff et al., 2022; Dekker et al., 2023), a 3 timepoint dataset

of mouse neural differentiation (Bonev et al., 2017), and a 6 timepoint dataset collected

during human cardiomyocyte differentiation (Zhang et al., 2019). Compared to existing

approaches, TGIF-DB identifies fewer false-positive differences in simulated data. When

applied to real Hi-C data, TGIF-DB boundaries are more enriched in CTCF binding and is

less susceptible to false differential boundaries that could arise due to non-biological factors

such as different replicates, different downsampling depths, normalization methods, and

binning resolutions.

At the compartment level, TGIF-DC differential compartmental regions displays sig-

nificant change in accessibility and gene expression, while recovering compartments of

similar quality compared to competing methods, measured by chromatin accessibility and

observed-over-expected interaction counts. TGIF-DC can additionally cluster genomic

regions into the more granular subcompartments with distinct histone modification pat-

terns. We used TGIF-DB boundaries to assess the extent to which differentially expressed

genes localize near significantly differential boundaries. Finally, we use TGIF boundaries

identified in cardiomyocyte differentiation data to interpret sequence variants identified

from the NHGRI Genome Wide Association Studies (GWAS) catalog and identify car-

diovascular disease associated SNPs to be enriched in TGIF boundaries. Together, these

results demonstrate the versatility and utility of TGIF to examine changes in higher-order

3D genome organization across diverse types of dynamic processes.
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3.2 Results

3.2.1 Tree-guided Integrated Factorization (TGIF) for examining

dynamics in 3D genome organization

Tree-guided Integrated Factorization (TGIF) is a general-purpose framework to study 3D

genome organization dynamics both at the TAD and compartment levels (Figure 3.1).

TGIF is based on multi-task non-negative matrix factorization (NMF). It takes as input a

set of Hi-C matrices, each representing a biological condition, and a user-specified tree

structure that can encode an arbitrary relationship among the conditions, such as time or

cell type lineage (Figure 3.1, Supp Figure B.1). TGIF uses a novel regularization term in

its objective to jointly factorize the matrices such that input matrices from more closely

related conditions result in more similar lower-dimensional representations, i.e., factors.

To handle both compartment and TAD identification, we implemented two versions of

TGIF: TGIF-DB and TGIF-DC. TGIF-DB identifies conserved and differential boundaries

demarcating TADs under different conditions (Figure 3.1A, Supp Figure B.1A, Methods),

while TGIF-DC identifies compartment-level changes in 3D genome organization (Figure

3.1B). In TGIF-DB, the factorization is performed on sub-matrices along the diagonal of

the intrachromosomal Hi-C matrices, as these diagonal sub-matrices capture the TAD-

scale, local topology of chromosomes. Each sub-matrix is factorized over a range of k, the

hyper-parameter specifying the rank of the lower-dimensional space (Supp Figure B.1B).

TGIF-DB calculates a boundary score from the factors at each k, which are averaged to

provide an overall boundary score (Supp Figure B.1C). Considering multiple k allows us

to capture structural units or domains of different sizes in the lower dimensional space and

removes the need to specify the number of factors (Methods). TGIF-DB identifies regions

with significant boundary scores by comparing the average boundary scores against a “null
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distribution" of boundary scores to calculate an empirical p-value (Supp Figure B.1D).

TGIF-DB outputs the list of significant boundaries corresponding to each input dataset and

a list of significantly differential boundary regions for every pair of input count matrices

(Supp Figure B.1E, Methods).

TGIF-DC operates at the entire chromosome level and applies its multi-task factorization

on the observed-over-expected (O/E) counts matrix as described previously (Lieberman-

Aiden et al., 2009; Rao et al., 2014, Methods). To identify the two major compartments of

active and repressive genomic regions, TGIF-DC factorizes the O/E matrices with parameter

k = 2. The resulting factors are used to group the genomic regions into 2 different clusters.

By specifying a higher parameter value, e.g. k = 5, TGIF-DC can also identify more granular

subcompartment structures, which can be interpreted using one-dimensional chromatin

signals. Similar to TGIF-DB, TGIF-DC identifies significantly differential compartment and

subcompartment regions for every pair of input conditions (Methods).

In cases where the relationship between the input Hi-C data is not available (e.g. inte-

grating Hi-C datasets from multiple studies or pseudo-bulk single-cell Hi-C data from cell

clusters; Zhou et al., 2019; Zhang et al., 2022). TGIF can infer a tree structure based on the

pairwise similarity of the input Hi-C matrices measured by stratum-adjusted correlation co-

efficient (SCC; Yang et al., 2017, Methods, Supp Figure B.2) or a similar distance-stratified

metric.

3.2.2 TGIF-DB identifies fewer false-positive differential boundaries in

simulated and real Hi-C data.

TGIF-DB was benchmarked against four other TAD calling methods: three methods de-

signed for calling TADs and boundaries from a single Hi-C matrix (which we refer to as

single-task methods), and one designed specifically for differential boundary identifica-
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tion (Methods). The three single-task methods were: (1) GRINCH (Lee and Roy, 2021),

which uses NMF for TAD identification; (2) SpectralTAD (Cresswell et al., 2020), which

also uses dimension reduction; and (3) TopDom(Shin et al., 2016), which uses changes

in average contact frequencies upstream and downstream of a given genomic region to

determine significant boundaries. TADCompare (Cresswell and Dozmorov, 2020) is a

method designed for differential boundary detection and takes as input pairs of input Hi-C

matrices and identifies non-differential and differential boundaries between them. Default

or recommended parameters were used for all benchmarking experiments (Methods).

Since real Hi-C datasets do not have ground-truth set of TAD boundaries, we first

evaluated the quality of TAD boundaries identified by each method in simulated datasets.

We generated 4 Hi-C matrices each with its own set of ground-truth boundaries based on

the count simulation procedure from Forcato et al., 2017 (Methods). For every pair of

matrices, we calculate the precision on boundaries found only in one matrix ("task-specific"

boundaries) and those shared between the two input matrices (shared boundaries). Across

the different levels of noise added to the simulated matrices, TGIF-DB has the highest

precision on task-specific boundaries (Figure 3.2A). With the exception in the lowest level

of noise, TGIF-DB is among the methods with the highest precision for shared boundaries

along with GRiNCH and TopDom (Figure 3.2A). For recall of task-specific boundaries

(Supp Figure B.3A), TGIF-DB is second to TopDom in all noise levels except the lowest.

In shared-boundary recall, TGIF-DB is comparable to or outperforms TopDom as the top

method again in all noise levels except the lowest. The better performance of TGIF-DB

we observe with higher-noise input data is likely due to the fact that significant boundary

calls are made against "background scores" which originated from shuffling the mean of

the input matrices (Methods); if the input matrices have too little noise, the background

scores will lack variation for empirical p-value calculation and significance calling.

Next, we evaluated the quality of boundaries from real Hi-C data based on the en-
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richment of CTCF binding. CTCF is an architectural protein associated with establishing

boundaries (Merkenschlager and Nora, 2016; Gómez-Díaz and Corces, 2014; Cubeñas-

Potts and Corces, 2015). We used the time-series dataset of cardiomyocyte differentiation

(Zhang et al., 2019) which profiled both genome-wide chromosome conformation with

Hi-C and CTCF binding with ChIPseq. The single-task methods, GRiNCH, SpectralTAD,

and TopDom, were applied to each of the six timepoints (day 0, 2, 5, 7, 15, 80) from the

cardiomyocyte dataset independently. For TADCompare, we gave the algorithm pairs of

consecutive timepoints (day 0 vs 2, 2 vs 5, 5 vs 7, 7 vs 15, 15 vs 80) to find non-differential

and differential boundaries between each pair of timepoints (Methods). Finally, TGIF-DB

was applied to all available timepoints together with an input tree structure capturing the

temporal dependency (see Supp Figure B.4 for input tree). The resulting boundaries for

each timepoint was used for CTCF enrichment analysis. Fold enrichment of CTCF peaks

in the boundary regions was calculated against the genomic background (Methods). We

find that significant boundaries identified by TGIF-DB has the highest fold enrichment,

followed by single-task methods, TopDom and GRiNCH (Figure 3.2B).

We next benchmarked the ability to detect true versus false boundary differences

between Hi-C datasets, which could arise due to various non-biological reasons such as:

(1) datasets from biological replicates, (2) datasets with different depths, (3) different

normalization process, (4) different bin resolution. Since the underlying biological process

is the same, any differences in boundaries between such datasets are considered as false

positives.

We compared methods for their ability to recapitulate TAD structure across biological

replicates (Methods) by applying them to the day 0 biological replicates of the cardiomy-

ocyte differentiation dataset (Zhang et al., 2019), which represents the H1 ESC state. This

time point is expected to have the lowest artificial differences as it is from a cell line and the

process of differentiation can introduce additional sources of heterogeneity. We measured
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the Jaccard coefficient between the boundaries identified in the pair of replicates. Here

again TADCompare and TGIF-DB had the highest Jaccard coefficients recovering most

similar set of boundaries across the biological replicates (Figure 3.2C).

To compare datasets with different read depths, we took a high-depth Hi-C dataset

from the GM12878 cell line with 4.01 billion reads in total (Rao et al., 2014; Reiff et al., 2022)

and subsampled 5, 10, 25, 50% of the reads to create downsampled versions of the data

(Methods). As these datasets represent the same cell line, any differential boundaries

can be considered as false positives resulting from the depth difference. We again applied

the single-task methods (GRiNCH, SpectralTAD, TopDom) to each of the original and

downsampled datasets independently. Differential-TAD methods (TADCompare and TGIF-

DB) were applied to a pair of datasets, i.e. the original high-depth and a downsampled.

We measured the Jaccard index between the boundaries identified in a pair; the higher the

Jaccard index, the fewer the false-positive differences identified by a method. Across all

downsampled depths, TADCompare and TGIF-DB were the top performing methods with

consistently high Jaccard scores; TADCompare outperformed TGIF-DB at 10 and 25% depth,

and TGIF-DB outperformed TADCompare at 50% (Figure 3.2D). Single-task methods

(GRiNCH, SpectralTAD, and TopDom) had much lower Jaccard score with discrepancy

increasing with depth differences.

We also compared the methods for their ability to recover reproducible TADs across

different normalization methods: Iterative Correction and Eigenvector decomposition

(ICED, Imakaev et al., 2012) and square root vanilla coverage (VCSQRT, Rao et al., 2014)

on a mouse embryonic stem cell (mESC) Hi-C dataset (Bonev et al., 2017, Methods). We

observed similar results with TADCompare and TGIF-DB obtaining the highest Jaccard

coefficients between TAD boundaries across different normalizations (Figure 3.2E).

Finally, we measured the stability of TAD boundaries to the changing resolution (10kb,

25kb, 50kb) of input Hi-C matrices using Jaccard index (Methods). TGIF-DB and GRiNCH
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yield the most stable or similar boundaries to changing resolution (Supp Figure B.3B),

with the exception of 25kb-50kb where TopDom also performed well. Since both TGIF-DB

and GRiNCH are based on non-negative matrix factorization, it is possible that NMF-based

methods are less susceptible to changes in resolution of the dataset.

Taken together, these results demonstrate the advantages of using a multi-task matrix

factorization method such as TGIF-DB to identify biologically relevant boundaries enriched

in known boundary elements while minimizing false positive differences.

3.2.3 TGIF-DC identifies compartment dynamics that are significantly

enriched for differential regulatory signals.

We compared the TGIF-DC compartments and differential compartments to three existing

methods on intra-chromosomal count matrices at 100kb resolution from the H1 hESC and

endoderm differentiation dataset. Two were single-task compartment calling methods:

PCA-based (Lieberman-Aiden et al., 2009) and Cscore (Zheng and Zheng, 2018). The

third method, dcHiC (Chakraborty et al., 2022), is a differential compartment identification

method, and was applied in a pairwise comparison mode between H1 hESC and endoderm

differentiated from H1 (Methods). TGIF-DC was applied to a simple tree with two leaf

nodes as H1 and endoderm (Methods, Supp Figure B.4).

We first compared the similarity of compartment assignments in H1 hESC from different

methods by treating the assignment as clusters and using Rand Index (Figure 3.3A).

The PCA-based method and dcHiC, which also utilizes PCA, produced the most similar

compartments as expected (Rand Index: 0.91), followed by TGIF-DC (Rand Index: 0.79-

0.8). Cscore found a substantially different set of compartments (Rand Index: 0.52). We

next assessed the quality of compartments by measuring three cluster quality metrics,

Silhouette Index (SI, Figure 3.3B), Calinski-Harabasz score (CH, Figure 3.3C), and Davies-
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Bouldin Index (DBI, Figure 3.3D), using observed-over-expected (O/E) counts as features

of each genomic loci (Methods). In all three metrics, TGIF-DC, dcHiC and PCA-based

compartments are comparable in their quality and outperformed Cscore.

We also assessed the compartment quality using chromatin accessibility, a key regula-

tory measurement that characterizes different compartment types (e.g., the active A and

repressive B; Lieberman-Aiden et al., 2009; Fortin and Hansen, 2015), as the feature. Briefly,

we used SI (Figure 3.3E), CH (Figure 3.3F) and DBI (Figure 3.3G) using the mean basepair

ATACseq signal for each 100kb region (Methods). For all three metrics, the compartments

from TGIF-DC, PCA-based method, and dcHiC are of similar quality and higher than

Cscore.

Finally, we compared TGIF-DC exclusively with dcHiC, the only method among the

three compared, that identifies differential compartment regions. Significantly differential

compartmental regions (sigDC) identified by TGIF-DC have significantly higher change

in accessibility signal and gene expression compared to regions not part of sigDC (Supp

Figure B.5A,B). Compared to significantly differential regions identified by dcHiC, sigDC

regions from TGIF-DC also have significantly higher change in accessibility signal (t-test

p-value <1e-2, Figure 3.3H) and are comparable in terms of the change in gene expression

levels (Figure 3.3I).

3.2.4 TGIF-DC offers a unified framework to identify both

compartment and subcompartment dynamics.

While compartments provide a global partitioning of each chromosome, the genome is

hierarchically organized with compartments further partitioned into smaller subcompart-

ments that could represent functionally distinct set of regions (Rao et al., 2014; Xiong and

Ma, 2019). Unlike existing compartment finding methods that need additional clustering
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steps to define subcompartment structure, TGIF-DC has a tunable parameter (k, the rank

of NMF factors) that can be used to identify subcompartments within the same frame-

work. TGIF-DC’s low-rank dimensionality reduction framework lends itself naturally to

identify this subcompartment structure. To demonstrate TGIF-DC’s ability to identify both

compartments and subcompartments, we applied it to the mouse neural differentiation

dataset with 3 timepoints: embryonic stem cell or ES, neural progenitors or NPC, and

cortical neurons, CN (Supp Figure B.4,Supp Figure B.6,Supp Figure B.7). This dataset

additionally measured six different histone modification signals for NPC and CN that

were beneficial for additional biological interpretation of TGIF-DC results (Figure 3.4A,

Methods). We first analyzed the compartment structure from TGIF-DC (k = 2) for each

chromosome, based on GC content (mean GC percentage for each 100kb bin, Methods),

annotating the compartment with higher GC content as compartment A and the one with

lower GC content as compartment B (Methods, Supp Figure B.8). Regions annotated as A

compartment by TGIF-DC have significantly higher signal for marks associated with active

enhancer (H3K27ac, H3K4me1) or elongation (H3K36me3) than those in B compartment

(Figure 3.4B).

We next applied TGIF-DC with k = 5 to identify subcompartment structure per chromo-

some, each k corresponding to a different subcompartments (Methods). We interpreted

these subcompartments based on the mean histone modification signal of the genomic

loci assigned to each subcompartment. The subcompartments exhibited distinct histone

modification patterns (Figure 3.4C, chr18), with subcompartments 1 and 5 associated

with repressive marks (H3K9me3, H3K27me3), while the other three (2, 3 and 4) associ-

ated with active marks. Within these two groups, each subcompartment had a different

signature of marks. For example, subcompartment 3 exhibits relatively lower signal of

H3K36me3 compared to 2 and 4, while subcompartment 2 had a higher signal of all three

activating marks (H3K27ac, H3K36me3, H3K4me1) compared to 3 and 4. Between the
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two subcompartments, 1 and 5, with repressive mark association, one (1) exhibited higher

H3K4me3 and H3K9me3 levels compared to the other one (5).

Finally, we assessed TGIF-DC’s differential subcompartments by measuring the log

fold change in histone modification signals between two timepoints, NPC and CN, and

k-means clustering the regions based on this signal difference. We find distinct subgroups

of regions with different fold change of the three activating marks, H3K27ac, H3K36me3,

and H3K4me1 (Figure 3.4D). Interestingly, the repressive marks or the promoter specific

mark, H3K4me3, did not vary substantially for these regions.

Taken together, these results demonstrate TGIF-DC’s flexible framework to identify both

compartment and subcompartment level dynamics that are are associated with significant

changes in regulatory activity between the timepoints or cell stages compared.

3.2.5 Changes in gene expression are associated with changes in

boundaries during differentiation.

Untangling the relationship between 3D genome organization and gene expression re-

mains a key question in regulatory genomics. While a direct mechanistic link between

transcription and 3D genome organization has been observed (van Steensel and Furlong,

2019; Heinz et al., 2018) during cell state transitions (Pollex et al., 2024; Chen et al., 2024),

other studies did not reveal changes in 3D genome organization to be a strong determinant

of gene expression changes (Ing-Simmons et al., 2021; Espinola et al., 2021). To assess the

extent to which changes in 3D genome structure are associated with changes in expres-

sion, we analyzed differential structural regions identified by TGIF-DC and TGIF-DB with

differential gene expression in multiple mammalian differentiation datasets.

We applied TGIF-DC and TGIF-DB to the three different timecourse datasets with both

Hi-C and RNAseq measurements (Supp Figure B.4, Supp Table B.1-B.3): (1) the two-
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timepoint dataset of H1 hESCs differentiated to endoderm state (Reiff et al., 2022; Dekker

et al., 2023, Supp Figure B.5C-F, Supp Figure B.9), (2) the three-timepoint of mouse

neural differentiation time course from mESC to cortical neurons (CN, Bonev et al., 2017,

Supp Figure B.6, Supp Figure B.7, Supp Figure B.10), and (3) the six-timepoint human

cardiomyocyte differentiation timecourse from hESC to ventricular cardiomyocytes (Zhang

et al., 2019, Supp Figure B.11, Supp Figure B.12). For each time course, we performed

pairwise comparison of differential boundary, compartment, and expression between all

pairs of time points, e.g. H1 vs endoderm, mESC vs NPC, day 0 vs day 2 of cardiomyocyte

differentiation. For each pair of timepoints, we performed a region-centric and gene-centric

analysis to ask whether differentially expressed (DE) genes are enriched in three different

sets of dynamic regions (Methods, Figure 3.5A): (A) regions near (i.e., within 100kb) of

significantly differential boundaries (sigDB), (B) regions within a TAD with at least one

sigDB, and (C) regions within significantly differential compartmental regions (sigDC).

For the region-centric analysis, we measured the fold enrichment of regions overlapping a

DE gene among dynamic regions compared to all genomic regions. For the gene-centric

analysis, we measured the fold enrichment of DE genes among genes overlapping a dynamic

region compared to the proportion of DE genes among all genes. Dynamic regions in set

A (within 100kb of sigDB) are consistently enriched for DE genes across all datasets and

timepoints compared (Figure 3.5B top, Supp Table B.5-B.7). Furthermore, genes in set A

are also enriched for DE genes compared to all genes (Figure 3.5B bottom). We did not see

as much significant enrichment for regions in set B (within a TAD with at least one sigDB),

likely because of the permissive inclusion criteria for set B. However, genes in set B were

enriched for DE genes as well, although to a lower extent. When examining compartments,

we found that regions in set C (within sigDC) are also significantly enriched in DE genes

for the H1-endoderm differentiation and majority of the comparisons of the cardiomyocyte

differentiation. The enrichment for genes was lower again due to the large number of genes
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within compartments.

To assess the biological significance of DE genes near differential boundaries, we ex-

amined the biological processes enriched in DE genes near sigDBs compared to processes

enriched in other genes (Methods). We grouped DE genes into two sets, those near (i.e.,

within 100kb of) sigDB and those not near sigDB, and tested each set for enrichment of

Gene Ontology (GO) biological processes based on FDR-corrected hypergeometric test

(Methods). In the cardiomyocyte differentiation data, DE genes in both sets showed

significant enrichment for generic developmental terms like multicellular organismal de-

velopment (Figure 3.5C, Supp Table B.8). However, DE genes near sigDBs tended to

be significant for processes specific to cardiac and heart development (e.g. cardiac cell

differentiation, heart development and morphogenesis). DE genes near sigDB between

H1 and endoderm also showed significant enrichment in developmental terms (e.g. cell

morphogenesis involved in differentiation, cellular component organization or biogenesis)

compared to those not near sigDB (Supp Table B.9). For the mouse ESC to CN differentia-

tion, DE genes near sigDB were enriched for neuronal processes when comparing ES vs

CN and ES vs NPC (Supp Table B.10).

Finally, to characterize specific loci with differential 3D organization pattern, we priori-

tized regions based on the magnitude of change in their boundary scores, then overlapped

them with genomic features such as retrotransposons and proximity to DE genes. Human

endogenous retrovirus subfamily retrotransposons (HERV-H) in particular have been

implicated in chromatin organization (Lawson et al., 2023) as a major determinant of TAD

boundaries specific to hESC (i.e., day 0 of cardiomyocyte differentiation) when transcrip-

tionally active (Zhang et al., 2019). We obtained genomic regions with the top 100 most

transcriptionally active HERV-H sites and aggregated their TGIF-DB boundary scores at

each timepoint. The boundary score at these transcriptionally active HERV-H sites is high-

est in the hESC (day 0) than in any subsequent timepoints (Figure 3.6A). This is further



77

supported by the presence of a boundary unique to day 0 that disappears in subsequent

timepoints at one of the top transcriptionally active HERV-H sites (Figure 3.6B). Among

the top-ranked sigDBs based on change in boundary scores, we found sigDB regions in

which a boundary is present in the pluripotent state (day 0 hESC state of cardiomyocyte

differentiation and H1 cell line, Figure 3.6C,D, respectively), but absent in differentiated

state (day 2 mesoderm and definitive endoderm, respectively). These sigDB instances

are proximal to the ESRG gene, significantly higher in expression in the pluripotent state

compared to the subsequent differentiated states in both datasets. ESRG is a HERV-H

containing long non-coding RNA (lncRNA, Wang et al., 2014); in addition to demarcating

domain boundaries in hESCs, this particular site may effect the pluripotency state on knock-

down (Wang et al., 2014) and has known roles in developmental and embryonal carcinoma

(Wanggou et al., 2012). Among other top-ranked sigDBs in cardiomyocyte differentiation,

we found DE genes with known roles in the cardiac development; for example, a particular

boundary was found in primitive cardiomyocytes (day 15) but absent in fully differentiated

ventricular cardiomyocytes (day 80, Supp Figure B.13A). This boundary overlaps MYH6,

highly expressed in day 15 compared to day 80, and is adjacent to MYH7, which displays

the opposite expression change pattern to MYH6. Both these genes are involved in cardiac

muscle function: MYH6 is expressed at high levels in developing atria, while MYH7 in

ventricular chambers of the heart (Ching et al., 2005; Warkman et al., 2012). Recently

an enhancer region cluster, located downstream to MYH7 at chr14:23,876,121-23,878,188 ,

was identified as a switch that can downregulate expression of MYH7 while upregulating

MYH6 expression upon deletion (Gacita et al., 2021). Further using the same prioritization

scheme in mouse neural differentiation data, we found a sigDB close to the Ncam1 gene,

which is differentially expressed between ES and CN (Supp Figure B.13B); Ncam1 has

known roles in neuron axon guidance and synapse formation (Hata et al., 2018; Shetty

et al., 2013). These examples provide further evidence for TGIF-DB’s ability to identify
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relevant dynamic boundaries that could impact overall cell state identity.

3.2.6 Persistent boundaries are enriched for SNPs from diverse disease

phenotypes.

Single nucleotide polymorphisms (SNPs) identified from genome-wide association stud-

ies (GWAS) are frequently found in non-coding regions of the genome and have been

implicated in disease phenotypes by affecting the 3D genome organization (Lupiáñez

et al., 2015; Orozco et al., 2022). Specifically, such variants could disrupt TAD boundaries

and cause promiscuous expression of genes (Lupiáñez et al., 2015; Chakraborty and Ay,

2019). We investigated whether TGIF boundaries from the human cardiomyoctye differ-

entiation data could be used to examine regulatory variants identified for diverse disease

phenotypes in GWAS. We considered 17 phenotypic categories from the GWAS catalog

and tested the enrichment of SNPs from each category in TGIF boundaries (Methods).

SNPs across different categories were most enriched in the common set of boundaries

across timepoints (i.e., persistent boundaries) than in other timepoint-specific or broader

subsets of boundaries, with hematological measurement, cardiovascular disease, and lipid

or lipoprotein measurement being the most enriched phenotypic categories (Figure 3.7A).

Importantly, SNPs associated with cardiovascular disease (CVD) exhibited the second

highest enrichment. The traits that had lower enrichment included neurological disorders

and non-specific categories. We examined 66 persistent boundaries with at least one CVD-

associated SNP. One such boundary had the SNP, rs72705895, which is associated with

venous thromboembolism (Lindström et al., 2019, Figure 3.7B), and additionally overlaps

a CTCF binding site (regulatory feature ENSR00000255184 from Ensembl regulatory build

annotations; Zerbino et al., 2015; Cunningham et al., 2022). Another boundary included

rs9349379, which is found in the intronic region of PHACTR1 (Supp Figure B.14). Both the
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intronic variant and the gene are associated with coronary artery atherosclerotic disease

(Kuveljic et al., 2021; Koitsopoulos and Rabkin, 2021), while the SNP itself is on a predicted

enhancer region (Ensembl regulatory build annotation ENSR00001107203), suggesting its

putative role in disrupting an intronic enhancer. Genome editing experiments of boundary

locations harboring these SNPs combined with Hi-C assays could help examine the role

of dysregulated 3D genome organization as a possible mechanism by which regulatory

variants impact phenotype.
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Figure 3.1: Overview of TGIF. (A) TGIF for differential boundary analysis (TGIF-DB).
TGIF-DB takes multiple Hi-C count matrices as input and simultaneously learns a lower
dimensional representation of genomic regions based on their interaction patterns. The
input matrices are from related biological conditions with their relationship encoded as a
tree. From the lower-dimensional factors, we measure the boundary score of each region,
identify boundaries for each input condition and significantly differential boundaries for
every pair of conditions. (B) TGIF for differential compartment analysis (TGIF-DC). TGIF-
DC converts input matrices into correlation matrices of observed-over-expected (O/E)
counts and factorizes them to yield latent features, which are used to cluster the regions.
Each cluster correspond to a compartment or a subcompartment. TGIF-DC also identifies
significantly differential compartmental regions for every pairs of input conditions.
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Figure 3.2: Benchmarking TGIF-DB. (A) Precision on simulated data with known task-
specific and shared boundaries. Each point represents a pair of simulated matrices whose
boundary sets are compared; the box plot the distribution over 6 pairwise comparisons
among 4 simulated matrices. On the x-axis is the level of noise added to the simulated matri-
ces. (B) CTCF peak enrichment in boundaries from different TAD-calling and differential-
boundary-calling methods. (C) Boundary set similarity measured by Jaccard index be-
tween GM12878 data and downsampled data, across different downsampling depths. (D)
Boundary set similarity between biological replicates of hESC (from day 0 of cardiomyocyte
differentiation data). (E) Boundary set similarity between ICE-normalized and VCSQRT-
normalized input matrices of mESC (from mouse neural differentiation data).
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Figure 3.3: Benchmarking TGIF-DC on data from H1 and H1 differentiated to definitive
endoderm. (A) Similarity of compartment assignments from different methods measured
by Rand Index. (B) Quality of compartments based on O/E counts measured by Silhouette
Index (SI), (C) Calinski-Harabasz score (CH), (D) Davies-Bouldin index (DBI). (E) SI,
(F) CH, (G) DBI on accessibility (ATACseq) signal. (H) Magnitude of log fold change in
accessibility between H1 and endoderm within significantly differential compartmental
regions (sigDC) identified by dcHiC and TGIF-DC. (I) Magnitude of log fold change
in gene expression between H1 and endoderm within sigDC identified by dcHiC and
TGIF-DC.
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Figure 3.4: Characterizing compartments and subcompartments identified by TGIF-
DC in mouse neural differentiation data.. (A) Similarity of compartment assignments
from different methods measured by Rand Index. (B) Quality of compartments based
on O/E counts measured by Silhouette Index (SI), (C) Calinski-Harabasz score (CH),
(D) Davies-Bouldin index (DBI). (E) SI, (F) CH, (G) DBI on accessibility (ATACseq)
signal. (H) Magnitude of log fold change in accessibility between H1 and endoderm within
significantly differential compartmental regions (sigDC) identified by dcHiC and TGIF-DC.
(I) Magnitude of log fold change in gene expression between H1 and endoderm within
sigDC identified by dcHiC and TGIF-DC.
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Figure 3.5: Differential gene expression near or within differential structural features..
(A) Differential gene expression (DE) enrichment was measured in regions and genes near
or within dynamic regions, i.e. regions within 100kb of significantly differential boundary
(sigDB), regions within TAD with at least one sigDB, and regions within significantly
differential compartmental regions (sigDC). (B) DE, sigDB, and sigDC were measured
and identified in pairwise comparisons of timepoints across 3 mammalian differentiation
datasets: H1 differentiated to endoderm, mouse neural differentiation (ES, NPC, CN), and
cardiomyocyte differentiation (day 0, 2, 5, 7, 15, 80). Negative log p-value of the enrichment
hypergeometric test is visualized here. (C) GO biological process enrichment of genes
within 100kb of sigDB from cardiomyocyte differentiation data.
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Figure 3.6: Human pluripotency-specific boundary elements.. (A) Boundary scores of
transcriptionally acive HERV-H retrotransposon sites during each timepoint of cardiomy-
ocyte differentiation. (B) The top HERV-H site based on its transcription level in day 0
pluripotent state (within somatic chromosomes) and the overlapping sigDB identified by
TGIF-DB. (C) A sigDB overlapping ESRG, an HERV-H-containing DE gene, in cardiomy-
ocyte differentiation and in (D) H1 differentiated to endoderm.
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Figure 3.7: SNP enrichment in persistent boundaries.. (A) Fold enrichment of SNPs
in different subsets of boundary regions, across different categories (SNP parent terms).
We measured the enrichment of SNPs in timepoint-specific boundaries (day 0-80) of
cardiomyocyte differentiation, in boundaries common to the first 2 or the last 2 timepoints,
in union of boundaries (ANY), and in intersection of boundaries across all timepoints
(ALL). (B) A SNP landing in a boundary persistent across all timepoints (only day 0 and
day 80 visualized here) and a CTCF binding site.
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3.3 Methods

3.3.1 Tree-Guided Integrated Factorization (TGIF)

Tree-Guided Integrated Factorization (TGIF) is based on multi-task non-negative matrix

factorization (NMF) that can be used to identify low dimensional structure across multiple

Hi-C datasets. Below we describe the TGIF framework in detail, which consists of NMF,

hierarchical multi-task learning with tree-based regularization, and optimization with

block coordinate descent.

NMF is a powerful dimensionality reduction method that can recover the underly-

ing low-dimensional structure from high-dimensional data (Lee and Seung, 2000). It

aims to decompose a non-negative matrix, X ∈ R(n×m)
⩾0 , into two lower dimensional non-

negative matrices, U ∈ R(n×k)
⩾0 and V ∈ R(k×m)

⩾0 , to minimize the following objective:

∥X − UV||2F, s.t. U ⩾ 0, V ⩾ 0 , where || · ||F indicates the Frobenius norm. We refer to the

U and V matrices as factors. Here k ≪ n,m is the rank of the factors and is an input

parameter. As described previously (Lee and Roy, 2021), to apply NMF to Hi-C data, we

represent the Hi-C data for each chromosome as a symmetric matrix X = [xij] ∈ R(n×n)

where xij represents the contact count between region i and region j.

TGIF implements multi-task NMF, where tasks correspond to Hi-C datasets that in turn

are from hierarchically related contexts, such as cellular stages, species, timepoints. We note

that a hierarchy is a general form for capturing relationships among a set of conditions and

can capture both branching and linear relationships. Multi-task NMF has been previously

implemented in the multi-view NMF approach (Liu et al., 2013; Baur et al., 2022), where a

view and task can be used interchangeably. However, this existing framework assumes that

all the tasks are equally related. Formally, in multi-view NMF, given T different datasets

{X(1) · · · , X(T)} where each dataset X(t) ∈ R(nt×m)
⩾0 , the goal is to find view-specific factors

{U(1), · · · , U(T)} and {V(1) · · · , V(T)}, and a consensus factor V∗ that minimize the following
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objective:

T∑
t=1

∥∥∥X(t) − U(t)V(t)
∥∥∥2

F
+ λ

∥∥∥V(t) − V∗
∥∥∥2

F
(3.1)

where U(t) ∈ R(nt×k)
⩾0 and V(t), V∗ ∈ R(k×m)

⩾0 . This constrains each of the task-specific factors

V(t) to be similar to the consensus factor V∗. The hyper-parameter λ controls the strength

of this constraint. The key benefit of such a framework is that the latent representation or

structure within each task can borrow from other complementary data, as guided by the

consensus factor V∗.

TGIF generalizes multi-view NMF to allow for integration of datasets that can come

from different biological contexts such as time or developmental stage, and therefore may

not all be equally related to each other. Accordingly, instead of requiring all the V(t) to be

similar to a single V∗, in TGIF we account for the heterogeneity of the datasets by modeling

the tasks to be related by a tree or a hierarchy. This makes TGIF applicable to a wide variety

of task collections representing different biological contexts with arbitrary and complex

relationships (e.g. Hi-C datasets from different cancer subtypes, cell lineage). In TGIF,

the leaves of the tree correspond to the observed dataset while the internal node describe

which tasks are most related. The child tasks are then regularized to its immediate parent

task.

Formally, TGIF takes as input t ∈ {1, . . . , T } tasks, each with input matrix X(t) ∈ Rn×n

representing a symmetric count matrix for a Hi-C dataset over n genomic loci and a user-

specified task hierarchy (Figure 3.1A) and optimizes the following objective:

T∑
t=1

∥∥∥X(t) − U(t)V(t)
∥∥∥2

F
+ α

∑
c

∥∥∥V(c) − VPa(c)
∥∥∥2

F
(3.2)

The tree describes parent-child relationships between the tasks. This objective aims to:
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1. constrain a task-specific latent factor V(t) in a leaf node of the task hierarchy to be

similar to VPa(t) in its parent node;

2. constrain an internal node’s latent factor V(b) to be similar to its direct child nodes’

V(c) and its parent node’s VPa(b);

3. constrain the root node’s latent factor V(r) to be similar to all of its direct child nodes’

V(c)s.

The hyper-parameter α controls the strength of the constraints such that the higher the α,

the more the factor V(c) is encouraged to be similar to its parent. If all tasks share a single

parent node (the root node), TGIF reduces to multi-view NMF.

Many optimization algorithms exist for learning the latent factors in matrix factorization

(Kim et al., 2014). We chose a block coordinate descent (BCD) because it guarantees

convergence to a local optimum (Kim et al., 2014). Intuitively, block coordinate descent

updates a given block while keeping all other blocks fixed; in TGIF the block is each

column or row of U(·)s or V(·)s. Starting at the leaf nodes (i.e., input tasks), we update

each column/row of the factors, then move up the tree to update the parent factors. The

specific update rules and their derivations can be found in Supplementary Methods.

TGIF’s factors can be used to define compartments as well as fine-scaled topologically

associating domains (TADs). TGIF-DC for compartments and TGIF-DB for boundaries

and described in detail in subsequent sections.

3.3.2 TGIF-DB for differential boundary identification

TGIF-DB identifies TAD boundaries in four major steps: (a) multi-task factorization of

input Hi-C matrices to obtain low dimensional representations; (b) compute a “boundary”

score across different scales, (c) empirical p-value calculation and FDR correction to detect
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significant boundaries; and (d) determine significant differential boundaries (sigDB) using

z-score of pairwise boundary score differences.

Multi-task factorization of input Hi-C matrices. TGIF-DB operates on small partially

overlapping submatrices along the diagonal of the symmetric intra-chromosomal interac-

tion count matrices (Supp Figure B.1A,B). This mirrors the approaches taken by existing

TAD-calling methods (Lieberman-Aiden et al., 2009; Cresswell and Dozmorov, 2020; Li

et al., 2021). By default each submatrix spans 2Mb×2Mb with an overlap “step size” of

1Mb between consecutive submatrices. The exact dimension of the submatrix, namely

the number of rows and columns, will depend on the resolution of the Hi-C data. For

example, for a Hi-C dataset at 10kb resolution, the submatrix will be 200 × 200 with an

overlapping step size of 100 rows/columns. The minimum size of the submatrices is bound

at 100 (and the corresponding step size at 50) to prevent over-fragmentation of the input

matrices, especially for lower-resolution input Hi-C matrices. Regions with interaction

values missing for more than half of its neighbors in the radius defined by the window

size in any of the input matrices are filtered out from the original input intra-chromosomal

matrices before any submatrices are formed.

In NMF, usually the rank k of the lower dimensional factors is user-specified. However,

TGIF does not require this since a single k value may not be appropriate across all task-

specific input submatrices. Instead TGIF scans a range of k values, with k ∈ {2, · · · , 8} to

recover lower dimensional factors at multiple resolutions and defines boundaries based on

a consensus of these factors (as described below). Because the submatrix size is small, it is

computationally tractable to scan a range of k.

Boundary score calculation. After factorization, the next step is to identify genomic

regions representing conserved or dynamic TAD boundaries across conditions. We define
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a boundary as a region whose low-dimensional representation changes significantly com-

pared to its immediate preceding neighbor bin. To this end we define a boundary score

S
(t)
i using the output factors for each of the T tasks from TGIF. Since X(t) is symmetric,

either U(t) or V(t) could be used to estimate these boundary scores. Assuming we use U(t),

the score S
(t)
i for each region i in task t is the cosine distance between the low dimensional

representation of region i and region i− 1:

S
(t)
i = 1 −

U(t)[i, :] ·U(t)[(i− 1), :]
∥U(t)[i, :]∥∥U(t)[(i− 1), :]∥

(3.3)

While Euclidean distance could be used to compute the score, we used cosine distance

since it normalizes the score regardless of magnitude differences across the tasks (which

can arise from Hi-C sequencing depth differences). The final boundary score for region i

in task t is the mean of S(t)
i estimated from factors across the range of k ∈ {2, · · · , 8}. For

regions that are in the overlapping window between two consecutive count submatrices,

the final boundary score is averaged from both submatrix factors. This allows us to capture

the “boundary-ness” of each region at different structural scales (Supp Figure B.1C).

Empirical p-value calculation and FDR correction. Once the scores are calculated, we

estimate a “null” distribution of boundary scores and use it to determine the empirical p-

value of boundary scores and find significant boundaries. The null distribution is computed

from a randomized background matrix. We first calculate the element-wise mean across T

input submatrices to yield M, then create randomized background matrix by shuffling the

entries of M. The shuffling is done in a distance-stratified manner; that is, we obtain all pairs

of genomic regions that are at a distance d and permute them independent of the region

pairs that are at different distance than d. The distance d ranges from 0 to the size of each

window (e.g. 2Mb), incremented by the size of each bin (e.g. 10kb). We next performed
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single-task NMF on this shuffled M matrix for the same range of k factors and derive

boundary scores for all regions in the same way described in Equation 3.3. We treat this set

of boundary scores as the samples from the null distribution. We calculate the empirical

p-value for each the region i in task t as the proportion of “null" background scores higher

than the given region’s boundary score. Finally, to find significant boundaries and to correct

for multiple significant testing, we perform the Benjamini-Hochberg procedure (Benjamini

and Hochberg, 1995).

The output of the p-value and FDR estimation step is a binary value for each region

i and task t, indicating whether the region has a significant boundary score (1) or not

(0). The significant boundaries identified in this manner may still be susceptible to noisy,

low count regions of the genome. Therefore, we additionally filter the boundaries to

find “summit-only” version of the significant boundaries, i.e. if there are more than one

consecutive significant boundary regions along the linear genome, only the region with

the highest significant score is called a boundary.

Significantly differential boundary regions in pairwise comparison of conditions. We

provide a statistically significant subset of pairwise differential boundary regions (sigDB).

For a pair of conditions with input Hi-C matrices, A and B, and for each genomic region i,

we calculate the absolute difference in boundary scores d(A,B)
i between the two conditions.

We estimate a null Gaussian distribution using the absolute difference of boundary scores of

genomic regions which do not have significant boundaries in either A and B. We calculate

the z-score and corresponding p-value of d(A,B)
i for all regions using this null distribution.

After FDR correction, we report the regions with adjusted p-value < 0.05 as significantly

differential boundary regions.
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Hyper-parameter selection for TGIF-DB. To determine the setting of α, we examined

the agreement between boundary assignments from a pair of input matrices for a given

α value and the similarity of the input matrices themselves (SCC, Yang et al., 2017, Supp

Figure B.15A). We used the cardiomyocyte differentiation data and scanned multiple

hyper-parameter values in α ∈ {102, 104, 106, 108} across all chromosomes and compared the

resulting boundary sets between every pair of timepoints using Jaccard index. In parallel,

we measured the similarity of interaction count matrices between every pair of timepoints

across all chromosomes using SCC, which is a weighted mean of correlation between

interaction counts, stratified by genomic distance. SCC enables unbiased measurement of

similarity between Hi-C datasets which are heavily distance-dependent (i.e., closer genomic

regions tend to have higher interactions). Finally, we measured the correlation between the

Jaccard index and the SCC within each chromosome, across all pairs of timepoints (Supp

Figure B.15B,C). We find a slight, though not significant, improvement with α = 106,

which we set as default for TGIF-DB.

As BCD is a stochastic algorithm that can reach different local optima depending on

the initialization point, we also experimented with multiple random initialization seeds.

We used Jaccard index to measure the agreement between pairs of boundary sets from

two different seeds, with α fixed at the default value 106. We found that the resulting

boundary sets from different initialization are relatively consistent with pairwise Jaccard

index 0.76-0.77 (Supp Figure B.15D). We also estimated the memory usage and run time

trend of TGIF-DB on 10kb input matrices from the three different timecourse datasets

(Supp Figure B.16A,B). TGIF-DB’s submatrix factorization framework with fixed set of k

makes it scale linearly with the size of the input matrices.
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3.3.3 TGIF-DC for differential compartment and subcompartment

identification

Identification of compartments with TGIF-DC. In order to identify compartments, we

apply TGIF to a 100kb resolution intrachromosomal Hi-C matrix that is first converted into

an observed-over-expected (O/E) count correlation matrix as described previously (Rao

et al., 2014, Datasets and preprocessing). To obtain the O/E matrix, we first remove rows

and columns corresponding to regions with zero interactions, then distance-normalize

every entry of the input matrices X(1), · · · , X(t) ∈ Rn×n
⩾0 :

X(t)
OE [i, j] =

X(t)[i, j]∑
d(p,q)=d(i,j)| X(t)[p,q]

n− |i− j|

(3.4)

where the denominator is the expected count for pairs of loci i and j at distance genomic

distance d(i, j). Next we get the correlation matrix as:

X(t)
corr[i, j] = corr(X(t)

OE [i, :], X(t)
OE [j, :]) (3.5)

where corr corresponds to the Pearson’s correlation.

We upshift the correlation matrix by 1 so that all values are non-negative. To identify

compartments, we apply TGIF with the input tree structure to these matrices with rank

k = 2. After factorization, we infer each region i’s cluster assignment, c(t)i , for each task t,

such that c(t)i = argmaxj∈{1,2}U[i, j]. We refer to these clusters as compartments. To identify

subcompartments and differential subcompartment regions, a higher k value, e.g. 5, can

be used and TGIF-DC will generate more granular cluster assignments, e.g. 5 clusters of

regions instead of 2 clusters. Each of these clusters corresponds to a subcompartment.
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Detecting differential compartments with TGIF-DC. While the cluster assignment

switch is a straightforward way of identifying differential compartment regions, we further

provide a statistically significant subset of pairwise differential compartment regions. We

utilize the lower-dimensional representation of each genomic region from the factors in

this step. For a pair of conditions or timepoints being compared, A and B, we calculate

the cosine distance d
(A,B)
i between U(A)[i, :] and U(B)[i, :] for each genomic region i. Using

the cosine distance of regions that do not change their cluster assignment between the

conditions (i.e., static regions), we estimate the mean and standard deviation of a Gaussian

null distribution. The null distribution is used to calculate the z-score and p-value for the

remaining (dynamic/differential) regions. Statistically significant differential regions are

those with an FDR < 0.05. Significantly differential subcompartment regions are identified

in the same way as the differential compartment regions.

Hyper-parameter selection for TGIF-DC. To determine the best setting of α, we used

a similar approach as for TGIF-DB, measuring the agreement (correlation) between the

input matrix similarity and the agreement of TGIF-DC compartment assignments for the

same inputs. Specifically, we measured the similarity of observed-over-expected (O/E)

count matrices between every pair of timepoints across all chromosomes by flattening

them into a vector and measuring correlation. Note, O/E counts are already normalized by

distance. In parallel, we measured the similarity of the output clusters (compartments)

with Rand index (Supp Figure B.17A). We used the mouse neural differentiation data to

study this parameter, scanning α ∈ {102, 104, 106, 108} across chromosomes (Supp Figure

B.17B). TGIF-DC consistently yields cluster assignments that are well correlated (∼0.9)

with the input matrix similarity across wide a range of α values (Supp Figure B.17C). Our

results are from α = 104, which is the default for TGIF-DC.

Similar to TGIF-DB, we also examined the stability of compartment assignments with



96

multiple random initialization seeds with α = 104 using Rand Index between pairs of

cluster assignments from two different seeds. At k = 2, the compartment setting of TGIF-

DC, the Rand Index ranged from 0.99-1 for all pairs of random initializations (Supp Figure

B.17D). At k = 5, the subcompartment setting, Rand Index of resulting subcompartments

was 0.7-0.8 (Supp Figure B.17E), showing that TGIF-DC yields a stable set of cluster

assignments regardless of random initialization. Finally, we report the memory usage and

run time trend of TGIF-DC on 100kb input matrices from the three different timecourse

datasets (Supp Figure B.18A,B). TGIF-DC can analyze 6 datasets needing no more 0.5GB

of memory and 400 seconds of run time.

Post-hoc annotation of TGIF-DC clusters into A and B compartments TGIF-DC by

default uses k=2 and segments the given chromosome into 2 clusters of regions. In our

analysis, we use GC content and chromatin accessibility to annotate each cluster as A or

B compartment. Note that identification of significant differential compartmental region

(sigDC) does not depend on this post-hoc annotation step, as sigDC identification only

looks at cluster assignment changes and absolute change in latent features of each genomic

region.

For the H1 to endoderm differentiation dataset we used the available compendium

ATACseq data from 4D Nucleome (Reiff et al., 2022; Dekker et al., 2023, Supp Table B.1)

as a measurement of chromatin accessibility. For each chromosome, we measure the mean

ATACseq reads per 100kb bin from H1 within each of the 2 clusters. The cluster with

higher mean ATACseq signal is assigned to compartment A and the other to compartment

B for both H1 and endoderm (this is possible due to the cluster correspondence across

timepoints in TGIF-DC; Supp Figure B.19A,B,C). To validate the compartment annotation,

we also measured the GC percentage within each 100kb bin for each compartment, and

found that regions assigned to A compartment have higher GC content than those in B
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compartment, as expected (Supp Figure B.19D).

We proceeded similarly with cardiomyocyte differentiation data, except we used DNase-

seq data for chromatin accessibility from day 0 (H9 cell line, hESC state, Supp Table B.3).

We measure the mean DNase-seq reads per 100kb bin for both clusters in each chromosome.

The cluster with higher mean DNase-seq signal is labeled compartment A and the other

one is labeled compartment B across all timepoints (Supp Figure B.20A,B). To validate

the compartment annotation, we also measured GC percentage and found that regions

assigned to the A compartment has higher GC content (Supp Figure B.20C). Since H3K27ac

was available for this dataset, we also compared the mean H3K27ac reads within each

100kb bin of each compartment and found higher H3K27ac signal in the A compartment

compared to B (Supp Figure B.20D). This is consistent with the definitions of A and B

compartments (Nichols and Corces, 2021; Bouwman et al., 2023) and provides further

support for TGIF-DC’s compartmentalization.

For mouse neural differentiation data, we only used GC content for compartment

annotation. We performed this annotation for the ES timepoint and transferred it to the

other timepoints. Briefly, for each chromosome, we measure the mean GC% per 100kb bin

in each compartment. The compartment with higher mean GC content is called A and the

other one B across all timepoints (Supp Figure B.8).

3.3.4 Estimating tree structure from input Hi-C matrices for unknown

inter-dataset relationships

Typically, prior information about the relatedness of the biological contexts from which

the Hi-C data matrix originate is available. However, if this information is not available

(e.g. integrating Hi-C datasets from different laboratories or single-cell Hi-C datasets), a

tree can be estimated using pairwise similarity of the input Hi-C matrices, converting to
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distance followed by hierarchical clustering. We suggest the use of a distance-stratified

similarity measure, such as the stratum-adjusted correlation coefficient (SCC, Yang et al.,

2017, Supp Figure B.2A), that we have also used for our hyper-parameter analysis. Once

SCC is calculated for each pair of input matrices, it is converted to a distance by subtracting

from 1 (Supp Figure B.2B) which in turn is used as input to hierarchical clustering with

average linkage. We tested this approach for the mouse neural differentiation dataset and

found that the output tree of hierarchical clustering is similar to the known biological

relatedness of this dataset (Supp Figure B.2C, Bonev et al., 2017) and is identical to the

tree we used as input to TGIF for our experiments. The current implementation of TGIF

offers this functionality as a pre-processing script (See Section on Data access and code

Availability).

3.3.5 Datasets and preprocessing

We applied TGIF to three Hi-C timecourse datasets: H1 hESC differentiated to endoderm

(Reiff et al., 2022; Dekker et al., 2023), mouse neural differentiation data from Bonev

et al., 2017, and human cardiomyocyte differentiation data from Zhang et al., 2019 (Supp

Figure B.4). The Hi-C interaction count matrices for pluripotent H1 hESC cell line and

for endoderm differentiated from H1 was downloaded from 4D Nucleome consortium

(Supp Table B.1). 100kb intra-chromosomal count matrices were used for comparison of

compartment-calling methods. Additionally, ATACseq data for H1 and endoderm was

also downloaded and used to measure the accessibility of each 100kb region (i.e. mean

ATACseq reads per base in the region) in the comparison of compartment-calling methods.

10kb VCSQRT-normalized intra-chromosomal count matrices was used in the analysis of

differential boundary and expression analysis.

The mouse neural differentiation data (Bonev et al., 2017) included 3 timepoints during
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mouse neural differentiation: embryonic stem cell (ES) stage, neural progenitor stage

(NPC), and the differentiated cortical neuron (CN) stage. For TGIF-DB, we used intra-

chromosomal count matrices at a resolution of 10kb resolution with vanilla-coverage square-

root (VCSQRT) normalization as input. When benchmarking boundary-calling methods,

we also used 25kb and 50kb VC-SQRT-normalized data, as well as 25kb ICE-normalized data.

For TGIF-DC, intra-chromosomal interaction count matrices at 100kb resolution without

normalization was used as input since TGIF-DC computes the O/E correlation matrices. In

addition to the Hi-C measurements, this dataset also included ChIPseq data for 6 histone

modification marks (H3K27ac, H3K28me3, H3K36me3, H3K4me1, H3K4me3,H3K9me3),

for both CN and NPC (Supp Table B.2). This data was used to characterize and validate

the chromatin structure inferred by TGIF-DC. For each 100kb bin, the ChIPseq signal in

reads-per-million was summed up within each bin, and the signal in each bin was divided

by the total number of reads to first normalize by read depth. Subsequently, signals in

NPC and CN were quantile normalized to each other to enable log fold change comparison

across the two timepoints. The log fold change for each of the 6 marks in each bin was

calculated by log transforming (log(x+1)) the normalized signal in NPC divided by the

signal in CN. The set of log fold change signals were used as input to a k-means clustering,

with k = 5 clusters applied to sigDC regions.

The cardiomyocyte differentiation dataset from Zhang et al., 2019 (Supp Table B.3)

measured Hi-C counts at 6 different timepoints (day 0, 2, 5, 7, 15, 80) from the human

embryonic stem cell stage (hESC, day 0) to the ventricular cardiomyocyte stage (day 80).

Two replicates from each timepoint were first merged and intra-chromosomal interaction

count matrices were generated at 10kb resolution with ICE normalization using the Juicer

tool (Durand et al., 2016). The 10kb resolution matrix was provided as input to TGIF-

DB. The merged dataset was also used to generate 100kb resolution intra-chromosomal

count matrices for input to TGIF-DC. Benchmarking with downsampled data to assess
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robustness to depth section contains details on how GM12878 cell line data was processed

and used.

3.3.6 Benchmarking methods for identifying differential domain

boundaries

Description of existing methods. TGIF-DB was benchmarked against four other methods

for identifying differential TAD boundaries: GRINCH (Lee and Roy, 2021), SpectralTAD

(Cresswell et al., 2020), TADCompare (Cresswell and Dozmorov, 2020), and TopDom

(Shin et al., 2016). GRiNCH, SpectralTAD, and TopDom are single-task TAD identification

methods accepting a single input matrix individually followed by pairwise comparison of

identified boundaries.

GRiNCH is a TAD identification method that also utilizes a variation of NMF. It applies

graph-regularized NMF to an input intra-chromosomal matrix as a whole and uses the

output factor to cluster the genomic regions; each cluster represents a TAD. The boundary

of such clusters were used as TAD boundaries in our analysis. For pairwise differential

analysis, boundaries found in both input matrices were considered shared boundaries,

while those found in one and not the other were considered differential boundaries. Version

1.0.0 was used with default values for all optional hyperparameters.

SpectralTAD treats an input Hi-C matrix as a graph of interacting genomic regions,

and applies eigen decomposition to its graph Laplacian. The eigenvectors are used as

latent features of each genomic region to cluster them, with each cluster representing a

TAD. Similar to GRiNCH, for pairwise differential analysis, boundaries found in both

input matrices were considered shared boundaries; those found in one and not the other

differential boundaries. Version 1.16.1 was used in our analysis.

TopDom is a TAD identification method which was shown to be robust to noise and
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yielded TADs enriched in structural proteins such as CTCF (Dali and Blanchette, 2017; Lee

and Roy, 2021). It generates a score for each bin along the chromosome, where the score is

the mean interaction count between the given bin and a set of upstream and downstream

neighbors (neighborhood size is a user-specified parameter). Putative TAD boundaries are

picked from a set of bins whose score forms a local minimum; false positive boundaries

are filtered out with a significance test. Differential boundaries are identified in a pairwise

manner similar to GRiNCH and SpectralTAD. Version 0.10.1 was used in our analysis, with

the window size hyper-parameter set to the recommended value of 5 (Shin et al., 2016).

TADCompare is a differential TAD identification method that can take as input a pair

of Hi-C matrices as well as a time series of Hi-C matrices. It treats each Hi-C matrix as

a graph where each genomic region is a node and the pairwise interaction is a weighted

edge with the weight corresponding to the count. It performs eigen decomposition on

the Graph Laplacian of each Hi-C matrix. Boundary scores are calculated between a pair

of regions by computing the Euclidean distance between their corresponding rows in

the eigenvectors. Differential boundary scores are calculated by taking the difference in

the boundary scores for a pair of conditions and converting it into a z-score and using a

threshold of 2 to define a differential boundary. Although TADCompare accepts time-series

data differential boundaries are computed for only pairs of matrices at a time. Version 1.2.0

was used in our benchmarking analysis.

In addition to the above mentioned tools, we initially considered the TADsplimer (Wang

et al., 2020), and HiCExplorer (Wolff et al., 2020) methods. TADsplimer was specifically

developed to detect differential TAD identification; however, its implementation has an

unresolved issue that fails to return any output or differential boundaries and was excluded

from further analysis. HiCExplorer allows TAD finding followed by differential TAD

analysis using its hicDifferentialTAD tool. However, hicDifferentialTAD expects the same

TAD for different conditions and outputs TADs with significantly different interaction
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counts rather than detecting boundary changes. Due to these reasons, they were excluded

from subsequent benchmarking.

Benchmarking on simulated data with known boundaries. In order to benchmark

methods that can detect TAD-level changes, we generated simulated contact matrices

with known TADs and TAD changes for four hierarchically related conditions (Supp

Figure B.21). The TAD changes can fall into one of three categories: TAD split creating a

new boundary, TAD merge removing a boundary, and TAD shift where the location of a

boundary is moved up or down the linear chromosome (Supp Figure B.21A, Cresswell

and Dozmorov, 2020). We first generate a set of TADs with known change patterns,

then populate contact matrices following the Hi-C count simulation procedure in the

benchmarking study by Forcato et al., 2017.

Forcato et al., 2017 originally simulated 171 TADs, which at 40kb resolution resulted

in a target size of the simulated matrix similar to the size of the human chromosome 5

(180.92Mb). To generate the TADs for each of the four tasks or conditions, we start with

these 171 TADs (referred to as A) at the root. Of these, 40 TADs are kept unchanged

during the TAD change simulation process. We proceed down the tree branch keeping A

unchanged for the left most branch (Supp Figure B.21B), and performing different TAD

change operations on the other branches and at each level. This results in a tree structure

where TAD sets A and A2 are most similar, followed by B1 and B2. Pairwise differences

between the TAD sets are quantified in in Supp Figure B.21C. The resulting TAD sets are

considered our "gold-standard”.

Given a TAD structure, we follow the simulation procedure from Forcato et al., 2017 to

generate the counts. Each interaction count for a pair of regions (i, j) is sampled from a

negative binomial distribution defined by two parameters: (1) the dispersion parameter

is fixed at 0.01 and (2) the mean parameter µi,j = K(i − j + 1)−0.69, which is dependent
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on the distance (i− j) between the two interacting regions i and j. The mean parameter

µi,j decays as the distance between i and j grows to reflect how Hi-C interaction counts

decay as a function of pairwise distance. A prior value of 1 is added to this distance when

calculating µi,j. Here −0.69 is the rate of decay parameter estimated from a real contact

matrix (chr5 from IMR90 cell line). Additionally, K = 28 if a pair of regions falls within the

same TAD and K = 4 otherwise. Finally, we add noise to a random proportion of counts by

adding 2 to the mean parameter µi,j to the randomly sampled counts. We added different

levels of noise, 0.1, 0.2, 0.3, and 0.4 to each of the matrices, corresponding to randomly

sampled 10, 20, 30, 40% of the interactions with noise added.

We applied GRiNCH, SpectralTAD, TADCompare, TGIF-DB, and TopDom to the sim-

ulated datasets to assess their ability to recover shared and differential boundaries. We

applied TADCompare to each pair of the 4 simulated matrices. TADCompare outputs

differential boundaries, including the task in which the boundary is significant, and non-

differential boundaries, which we consider as shared boundaries. We applied single-task

methods (GRiNCH, SpectralTAD, TopDom) to each of the four simulated matrices inde-

pendently to identify the TADs for each input matrix. The resulting TAD boundaries for

each pair of input matrices were compared to identify task-specific and shared boundaries.

TGIF was applied to all four simulated matrices together with the known tree structure

used to generate the simulated data (Supp Figure B.21C).

We calculated precision and recall of task-specific and shared boundaries in every pair

of simulated matrices. Briefly, let Tshared(A,A2) be the true number of shared boundaries from

matrices or tasks A and A2, Pshared(A,A2) be the number of predicted shared boundaries,

and Ishared(A,A2) be the overlap between the true and predicted shared boundaries. The

precision, p is defined as Ishared(A,A2)
Pshared(A,A2)

, recall, r is defined as Ishared(A,A2)
Tshared(A,A2)

.
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Measuring CTCF enrichment in boundaries. To evaluate the boundaries identified by

various TAD-calling methods, we measured CTCF peak enrichment in those boundaries

on the cardiomyocyte differentiation dataset which had CTCF ChIPseq data and as such

represented a dataset with the largest number of time points and different types of assays

(Supp Table B.3). Using macs2 (Zhang et al., 2008), we first called peaks on CTCF ChIPseq

data from each of the 6 timepoints (day 0, 2, 5, 7, 15, 80) of the cardiomyocyte differentiation

time course. Replicates from each timepoint were collapsed by intersecting overlapping

peaks with Bedtools (Quinlan and Hall, 2010). Each peak was then assigned to a 10kb

uniform bin again using Bedtools. TAD-calling methods GRiNCH, SpectralTAD, and

TopDom were applied to 10kb Hi-C matrices from each of the 6 timepoints to yield 6

timepoint-specific sets of boundary bins. TGIF-DB was applied to Hi-C matrices from all 6

timepoints using the tree structure as in Supp Figure B.4, and significant boundaries from

each timepoint were used for enrichment analysis. TADCompare was applied to each pair

of consecutive timepoints: day 0 vs 2, 2 vs 5, 5 vs 7, 7 vs 15, 15 vs 80. As TADCompare

outputs both non-differential and differential boundaries for every pairwise comparison, we

define a boundary set specific to a timepoint as follows: (1) for day 0, union of differential

boundaries in day 0 and non-differential boundaries between day 0 and 2; (2) for day

80, union of differential boundaries in day 80 and non-differential boundaries between

day 15 and 80; (3) for all intermediate timepoints t, union of differential boundaries in t,

non-differential boundaries between day t and tprevious, and non-differential boundaries

between day t and tfollowing.

The CTCF peak fold enrichment ratio for a given timepoint was calculated as q
M/ s

N ,

where q is the number of boundaries with at least one CTCF peak, M is the number of

boundary regions, s is the number of regions with at least one CTCF peak, and N is the

total number of genomic regions. We also used these estimates to compute a p-value using

a hypergeometric test; however, the fold enrichment was more informative for comparing
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methods.

Benchmarking with downsampled data to assess robustness to depth We downloaded

the high-depth Hi-C dataset of GM12878 cell line (Rao et al., 2014) with 4.01 billion total

reads from the 4D Nucleome data portal (Reiff et al., 2022; Dekker et al., 2017, Supp

Table B.4). We then subsampled 5, 10, 25, 50% of the reads, generated 10kb-resolution

intra-chromosomal Hi-C matrices using Juicer (Durand et al., 2016), and ICE-normalized

the intra-chromosomal interaction matrices from each downsampled dataset (see scripts

on https://doi.org/10.5281/zenodo.13323899 for details). We used Jaccard index to

measure agreement of boundaries identified by different methods despite depth difference.

The Jaccard index is calculated by dividing the number of boundaries found at both depths

by the number of boundaries identified in either depths for the GM12878 dataset. The

higher the Jaccard Index, the fewer the false-positive differences.

Three TAD-calling methods, GRiNCH, SpectralTAD, and TopDom were applied indi-

vidually to 5 datasets: original high-depth GM12878 data and four low-depth GM12878

data downsampled to 5, 10, 25, 50% depths, respectively. Jaccard index was calculated

between the boundaries identified from the original dataset and those from each of the

downsampled datasets. TADCompare and TGIF-DB were applied to 4 pairs of datasets,

each pair including the original high-depth GM12878 dataset and the downsampled low-

depth dataset (e.g., GM12878 data downsampled to 50% depth, Supp Figure B.4). For

TADCompare, the Jaccard index was calculated for each pair of datasets as the ratio of

number of non-differential boundaries and the number of differential and non-differential

boundaries. Similarly, for TGIF-DB, the Jaccard index was calculated as the ratio of the

number of non-significantly differential boundary regions divided by the size of the union

of boundary regions from original-depth and subsampled dataset.

https://doi.org/10.5281/zenodo.13323899
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Measuring stability of boundary sets across multiple resolutions of input data We

used the mouse neural differentiation dataset (Bonev et al., 2017) to assess the stability of

boundary sets identified by different TAD boundary identification methods at different

resolutions, namely, 10kb, 25kb and 50kb, since this dataset was readily available at these

resolutions. We focused our comparisons only for the mouse embryonic stem cell (mESC)

time point. The single-task boundary calling methods (GRiNCH, SpectralTAD, TopDom)

were applied individually to 10kb, 25kb, and 50kb intra-chromosomal matrices from

mESC. TADCompare was applied to a pair of timepoints including mESC, both at the

same resolution: mESC vs neural progenitors (NPC), and mESC vs cortical neurons

(CN). In order to find mESC boundaries from the outputs of the pairwise TADCompare

comparisons at each resolution, we took the union of non-differential boundaries and

differential boundaries enriched in mESC. We applied TGIF-DB to a tree with all three

timepoints from mouse neural differentiation dataset at a specific resolution, and took

the significant boundaries from mESC (Supp Figure B.4). This was repeated for each

resolution. To allow for comparison of boundaries from different resolutions, we project

the higher resolution bins to the coarsest resolution, namely 50kb. For instance, in the

25kb vs 50kb comparison, each 50kb bin is composed of two 25kb bins and is considered to

have a boundary if either of the 25kb bins had a boundary. Similarly, for the 10kb vs 50kb

comparison, any of the 5 comprising 10kb bins would be used to define a boundary in the

50kb bin spanning them. In the 10kb vs 25kb comparison, if any of the 10kb bins or the

25kb bins have a boundary in the shared 50kb bin, we define the 50kb bin as a boundary.

We then measure Jaccard index of boundaries at this lowest resolution.
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3.3.7 Comparison of TGIF-DC to existing compartment-calling methods

We compared TGIF-DC to two established methods for calling compartments, i.e. principal

component analysis (PCA) based method (Lieberman-Aiden et al., 2009) and Cscore (ver-

sion 1.1, Zheng and Zheng, 2018), as well as a method designed specifically for differential

compartment analysis, dcHiC (version 2.1, Chakraborty et al., 2022). We applied all four

methods to 100kb intra-chromosomal count matrices from H1 hESC cell line. TGIF-DC and

dcHiC were additionally applied to 100kb intra-chromosomal count matrices from H1 dif-

ferentiated to endoderm. Both datasets were downloaded from 4D Nucleome consortium

(Reiff et al., 2022; Dekker et al., 2023).

The PCA-based method applies PCA to the observed over expected count (O/E) corre-

lation matrices. The first principal component (PC1) is used to assign genomic regions to

two compartments; values equal to or above zero in PC1 are assigned to one compartment

and those below zero are assigned to the other compartment. The actual annotation of each

compartment as the active “A” or repressed “B” compartments is done by correlating the

compartment structure to one-dimensional regulatory signals such as ATACseq assays or

histone modifications. Cscore outputs a score that specifies the compartment of a region by

modeling the interaction counts and genomic distance with a probabilistic model. Regions

with Cscore values above or equal to zero were clustered into one compartment and those

below another compartment.

Finally, dcHiC is a framework that can identify differential compartment regions. dcHiC

performs fast PCA on distance-normalized correlation matrices, quantile-normalizes the PC

values so they can be compared across multiple conditions, and identifies a set of genomic

regions whose compartment scores (normalized PC values) are significantly different in

any of the conditions using a chi-square test (Chakraborty et al., 2022). As the current

version of dcHiC requires at least 2 replicates per condition or timepoint, we provide dcHiC
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with interaction counts for two replicates per condition. For the other methods we provide

a replicate-merged count matrix per condition available from the 4D Nucleome consortium.

To compare the compartment results across the different methods, we measured the

Rand index between compartment assignments to each genomic region. To measure the

quality of the compartments, we used three well-known cluster quality metrics: Silhouette

Index, Calinski-Harabasz Score, and Davies-Bouldin Index, measured on the observed-

over-expected (O/E) matrices for each chromosome, as well as the accessibility signal for

each 100kb genomic region. The accessibility signal was defined as the mean ATACseq

reads per basepair.

Finally, to compare dcHiC and TGIF-DC for significantly differential compartments

between H1 and endoderm, we calculated the log ratio of the accessibility signal and gene

expression (from RNAseq, in TPM) in H1 over that of endoderm for each significantly

differential region.

3.3.8 Assessing differential gene expression near or within significantly

differential boundaries and compartments

We used RSEM (Li and Dewey, 2011) on the raw RNA-seq data from the cardiomyocyte

differentiation and the mouse neural differentiation time course to obtain expected counts

for each replicate at each timepoint. We also downloaded the RNAseq data for H1 hESC

cell line and endoderm differentiated from H1 from 4D Nucleome (Reiff et al., 2022; Dekker

et al., 2023). We used these values as input to DESeq2 (Love et al., 2014) to identify

differentially expressed (DE) genes for every pair of timepoints in each dataset (e.g., H1

vs endoderm; mESC vs NPC; day 0 vs. day 2 in cardiomyocyte differentiation). DE genes

were defined by using a threshold of adjusted p-value <0.05.

For every pair of timepoints, we tested the enrichment of these DE genes within regions
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of interest (Figure 3.5A): (A) regions near (i.e., within 100kb) significantly differential

boundaries (sigDB), (B) regions within a TAD with at least one sigDB, and (C) regions

within significantly differential compartmental regions (sigDC). For (B), we define all

regions bounded within a pair of shared boundaries and containing at least on sigDB

within those bounds as belonging to a “TAD with at least one sigDB".

The fold enrichment of DE genes in these regions was computed as q
M/ s

N , where N is

number of all regions, s = |set of regions with at least one DE gene|, M = |a subset regions

of interest as defined above, e.g., regions near sigDB|, q = |regions of interest with at least

one DE gene, e.g., regions near sigDB with a DE gene|. We also performed gene-centric

fold enrichment calculations: qg

Mg
/

sg
Ng

, where Ng is total number of genes with expression,

sg = |DE genes|, Mg = |genes overlapping with a regions of interest, e.g., region near

sigDB|, qg = |DE genes overlapping with a regions of interest|. Hypergeometric test was

additionally performed to calculate the significance of this fold enrichment value for each

pair of timepoints.

Gene ontology (GO) term enrichment analysis was performed for two different subsets

of genes based on their DE status and whether they were close to (within 100kb of) sigDB:

(1) DE genes not close to a sigDB, (2) DE genes close to a sigDB. The significance of

enrichment was determined with an FDR-corrected hypergeometric test p-value <0.05.

To select candidate differential boundaries for visualization, we ranked a sigDB based

on two criteria: (1) adjusted p-value of the change in TGIF-DB boundary score, and (2)

the significance of the nearby differential expression measured by the nearest DE gene’s

adjusted p-value. We converted these values into ranks and used the mean rank of a

boundary to select top 10 regions with promising differential boundaries.
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3.3.9 SNP enrichment within TGIF boundaries from cardiomyocyte

differentiation data

We downloaded SNPs in the GWAS catalog (Sollis et al., 2023) and mapped each SNP’s

associated trait to its parent phenotype, based on Experimental Factor Ontology (EFO).

We refer to these parent terms as SNP categories in our analysis. In total we had 17 such

categories (e.g. cardiovascular disease) for which we tested enrichment of SNPs in TGIF-

DB boundaries. For each category, we calculated the fold enrichment of associated SNPs in

different subsets of TGIF-DB boundaries across different timepoints: boundaries found in a

specific timepoint, boundaries found in the first two or the last two timepoints, boundaries

found across all timepoints (ALL, Figure 3.7A), boundaries found in any of the timepoints

(ANY, Figure 3.7A). We used the following formula to calculate fold enrichment: q
M/ s

N .

Here, q is the number of boundaries of a particular type (e.g. ANY) with at least one SNP

of interest, M is the number of boundaries of a particular type (e.g. ANY), s is the number

of regions containing at least one SNP, and N is the total number of genomic regions.

3.4 Implementation and availability

TGIF-DC and TGIF-DB are available at https://github.com/Roy-lab/tgif. All scripts

used for evaluation, analysis, and visualization have been deposited at https://doi.org/

10.5281/zenodo.13323899.

https://github.com/Roy-lab/tgif
https://doi.org/10.5281/zenodo.13323899
https://doi.org/10.5281/zenodo.13323899
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3.5 Discussion

Systematic characterization of the dynamics of three dimensional genome organization is

important to improve our understanding of how this layer of regulation impacts phenotypic

and molecular changes across different biological contexts, such as species, time, and

developmental stage. Advances in genomic tools and concerted consortia-level efforts have

produced a growing compendia of high-throughput chromosome conformation capture

datasets (Dekker et al., 2017, 2023; Reiff et al., 2022). However, systematic analysis of

these datasets to quantify the extent of change is a challenge because of the multiple

layers at which the 3D genome is organized and the paucity of tools to analyze datasets

from a large number of contexts. To address this challenge, we developed Tree-guided

Integrated Factorization (TGIF) that combines multitask learning with matrix factorization

to examine dynamics of 3D genome organization across multiple structural scales and

biological conditions.

TGIF’s design is motivated by a number of considerations: (a) TAD and compartment

identification are unsupervised learning problems with no ground truth for real Hi-C

datasets. Since Hi-C data can be sparse, identification of such structures and assessing

how much they change could be susceptible to statistical, non-biological differences. (b)

Several studies from multiple cell types, time points, and species have shown that TAD

and compartment is conserved across species (Dixon et al., 2012; Vietri Rudan et al., 2015).

TGIF’s hierarchical, multi-task learning framework exploits this prior information to con-

strain the identification of organizational structures while being sensitive to the extent of

relatedness of the datasets by using a tree structure. Thus datasets that are further apart

would be constrained less to share similar TAD structure compared to more closely related

ones. (c) Finally, TGIF is motivated by a dimensionality reduction (matrix factorization)

framework to reduce the noisy, high-dimensional count profile of each genomic locus into
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a low dimensional space of different ranks. This enables TGIF to be a general framework

that identifies TADs, compartments, as well subcompartments and their dynamics.

In contrast, existing approaches to identifying differences across multiple Hi-C datasets

involve defining structural units of interest independently in each dataset, followed by

a post-hoc comparison, or considering pairwise differences. Application of TGIF and

existing methods to three mammalian differentiation time course datasets showed that

TGIF can accurately recover structural units such as compartments and topologically

associated domains (TADs), while being robust to technical differences between datasets

such as depth, normalization, and resolution. TGIF also identifies biologically meaningful

differences in 3D genome organization that are supported by numerous one-dimensional

features such as architectural protein enrichment, histone modification, and differential

expression. By allowing users to specify the extent to which the datasets are related, TGIF

does not overly impose similarity between datasets. In situations where the datasets are

not closely related, we expect TGIF-DB and TGIF-DC to perform similarly to methods that

detect TADs (or compartments) per condition and identify differential boundaries and

compartments as a post-processing step.

An open question with topological domain changes is how they relate to changes in

gene expression (Greenwald et al., 2019; Ghavi-Helm et al., 2019; Cavalheiro et al., 2021;

McArthur and Capra, 2021). At the TAD level, fusion or inversion of TADs could result in

gene expression change although the extent to which such changes are genome wide or

are specific to disease-associated genes is still unclear (Cavalheiro et al., 2021). Evidence

suggests that RNA polymerase elongation or the binding of pre-initiation complex to the

DNA during transcription can give rise to domain structures, providing a direct mechanistic

link between transcription and 3D genome organization (van Steensel and Furlong, 2019;

Heinz et al., 2018). This relationship can further depend upon the developmental stage

or differentiation status of cells (Pollex et al., 2024; Chen et al., 2024). However, this has
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been debated in other studies, for example, during Drosophila development (Ing-Simmons

et al., 2021; Espinola et al., 2021).

Using multi-sample mammalian datasets, we examined the propensity of differentially

expressed genes to be close to differential boundaries and compartments. The enrichment

of differentially expressed genes near differential boundaries is indicative of the impact of

TAD changes to gene expression changes; furthermore, DE genes that were near differential

boundaries were more significantly enriched for context-specific processes which could

indicate that such changes are associated with fine tuning of gene expression during

cellular differentiation. The types of TAD changes we investigated were gain and loss

of boundaries between pairs of time points and thus the expansion or contraction of a

particular domain. Finally, we observe a similar trend to hold for regions participating

in differential compartments, though to a lesser extent that TAD changes. Follow up

experiments that perturb boundaries and compartment structures coupled with gene

expression measurements would be beneficial for teasing apart causal versus correlational

relationships between chromatin organization and gene expression changes.

Regulatory sequence variants can mis-regulate gene expression by disrupting TAD

boundaries (Lupiáñez et al., 2015; Chakraborty and Ay, 2019). We used our TAD boundaries

to examine the impact of this variation. Interestingly, when considering different types

of boundaries based on whether they were time-point specific, or conserved to different

extents, we found the greatest enrichment in boundaries that did not change over time,

namely the persistent boundaries. Furthermore, we found several cardiovascular and

metabolic disease trait SNPs to be enriched in these boundaries. These persistent boundaries

may be specific to the entire cardiac tissue as a whole rather than a specific developmental

time or stage. As future work, it would be worth investigating persistent boundaries in

other developmental lineages and their propensity to prioritize SNPs for diseases in tissue-

specific manner. Additionally, this provides a way to prioritize variants for downstream
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functional experiments that could be important to identify the mechanisms by which

variants disrupt gene regulatory processes.

There are a number of directions in which TGIF could be extended. TGIF expects

the relatedness of the datasets to be provided as user input. This information may be

available for specific problem settings or can be estimated from the input count matrices in

a data-driven way. However, the same hyper-parameter is used for all branches of the tree.

For situations in which a more granular control is needed between datasets, a direction of

future research is to consider the hyper-parameter to vary depending upon the position

in the hierarchy. Such information could be informed by auxiliary information such as

phylogenetic branch length across species or gene expression similarity across cell types. A

second direction of research is to consider auxiliary measurements, including sequence,

to inform the inference of the topological units using techniques such as semi-supervised

clustering (Bair, 2013; Bondell and Reich, 2008).

Overall, TGIF is a flexible and robust framework to examine changes in genome orga-

nization at the compartment and TAD level across a large number of Hi-C datasets. As

more datasets across diverse biological contexts become available, methods like TGIF are

expected to be increasingly helpful to examine 3D genome organization dynamics and its

impact on normal and disease processes.
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Chapter 4

Analysis of evolutionarily conserved

features in 3D genome organization with

multi-task matrix factorization

4.1 Introduction

One of the key building blocks of 3D genome organization is topological associating

domains (TADs), which represent a stretch of neighboring genomic regions with high

degree of contact and interactions in 3D space as captured by Hi-C technologies (Bonev and

Cavalli, 2016; Rowley and Corces, 2018; Szabo et al., 2019). Understanding the conservation

of architectural protein function across species or the emergence of species-specific sequence

elements that enforce TADs can provide a link between 3D genome organization and

evolution. TAD boundaries, which insulate neighboring domains, are enriched for binding

of conserved architectural proteins such as CTCF (Bell et al., 1999; Xie et al., 2007), tend

to be evolutionarily constrained from sequence variation, and provide breakpoints for

syntenic blocks (Vietri Rudan et al., 2015; Harmston et al., 2017; Lazar et al., 2018; Krefting



117

et al., 2018; McArthur and Capra, 2021). On the other hand, species-specific boundary

elements have also been validated through Hi-C experiments. For example, Human-specific

Endogenous Retrovirus H (HERV-H), a retrotransposon element that was incorporated

into primate genome about 35 million years ago, form boundaries in human pluripotent

cells when transcriptionally active (Zhang et al., 2019; Sexton et al., 2022). However, its

boundary-demarcating role dissipates in evolutionarily distant species from humans, as

observed in non-ape species’ Hi-C data (Zhang et al., 2019). A systematic approach for

analyzing such loci of interest across species, both in terms of its sequence and structural

conservation and divergence could provide insight for how the evolution of 3D genome

contributes to the evolution of gene regulation across species.

In the boundary-related analysis of conservation or divergence across species, sequence-

based approaches using LiftOver remain dominant (Zhang et al., 2019; Luo et al., 2021;

Zemke et al., 2023; Keough et al., 2023). LiftOver is a tool for aligning sequence from the

query species to the target species (Hinrichs et al., 2006). A typical workflow entails first

identifying TAD boundaries (or sequence elements and protein binding sites associated

with boundary formation) in each species of interest, and lifting over the boundary region

from one species to another while accounting for sequence divergence, gaps, and breakage.

If a boundary is found in the lifted-over region in the target species, the boundary is treated

as conserved in the query and target species; otherwise, it is typically annotated as species-

specific. Here we demonstrate a similar pipeline using TGIF, which we use to identify

TAD boundaries at and around a locus of interest for multiple species, accompanied by a

comparative analysis of boundary evolutionary dynamics using sequence and structure

conservation. We apply our pipeline to 2mbp regions centered around CTCF, a known,

conserved boundary element. This serves as an exploratory analysis on multi-species Hi-C

data collected from the aortic endothelial cells (AEC) of human, rat, pig, cow, and dog. AEC

found in the vascular endothelium is the key site of leukocyte traffic and regulation during
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inflammatory processes; their dysfunction is implicated in heart attacks, stroke, and other

coronary artery diseases (Hajra et al., 2000; Adelus et al., 2024). As the endothelium is a key

feature of vertebrate blood vascular systems but is entirely absent in invertebrates, studying

its conserved cellular and genetic characteristics is also of interest from the vertebrate

evolutionary standpoint (Monahan-Earley et al., 2013). To explore the conservation of

3D genome organization within AECs across species, we measure the sequence similarity

in the neighborhood of CTCF peaks found in human AEC and their mapped regions

in other species, as well as the structural similarity based on the local Hi-C counts in

the neighborhood. Finally, we apply a simplified version of TGIF across species in these

neighborhoods to look for and quantify the conservation pattern of boundaries marked

by CTCF in AEC across species. Our analysis shows that while sequence similarity in the

vicinity of CTCF binding sites across species is low, we can identify conserved boundary

structures with our multi-task matrix factorization approach.
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4.2 Methods

4.2.1 Single-window TGIF

Single-window TGIF (swTGIF) is a simplified version of TGIF-DB (section 3.3.2), which

identifies shared and differential boundaries from a set of input Hi-C matrices from re-

lated biological conditions. Just like TGIF-DB, swTGIF takes as input a tree encoding the

relationship among the input datasets or conditions and a set of Hi-C matrices for each

leaf node (Figure 4.1A). While TGIF-DB typically takes in entire chromosomal matrices

and slides a window down the diagonal to extract significant TAD boundaries, swTGIF

directly factorizes the potentially smaller input matrices without further breaking it down

to block-diagonal submatrices. The rest of the framework is exactly the same: k ∈ {2, . . . , 8}

is scanned to yield the mean boundary scores from the resulting factors (Figure 4.1B). A

randomized “background" matrix is generated and used in the same manner as in TGIF-

DB, with the background scores from the randomized matrix also used to calculate the

empirical p-value of each boundary score and to call significant boundaries (Figure 4.1C).

4.2.2 Hi-C and CTCF ChIP-seq data from aortic endothelial cell of 5

mammalian species

Our collaborators from Dr. Michael Wilson’s team at the Hospital for Sick Children in

Toronto collected in situ Hi-C data from aortic endothelial cells (AEC) of human, rat, pig,

cow, and dog (manuscript in preparation). Two biological replicates were collected from

each species. For each species, reads from the two replicates were merged and aligned to

Ensembl release 102 reference genomes with HiC-Pro (Cunningham et al., 2022; Servant

et al., 2015) to generate 10kbp-resolution count matrices. These matrices were normalized

by HiC-Pro with ICE method prior to boundary analysis. CTCF ChIPseq data was also
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collected for AEC of the same species, and peaks were called using MACS2 (Zhang et al.,

2008). To collapse the peaks across two biological replicates, the intersection of peaks was

obtained using BEDTools (Quinlan and Hall, 2010).

4.2.3 Assessing across-species sequence similarity in the vicinity of

human CTCF peaks

Multi-way whole genome alignment across our 5 species of interest (human, rat, pig, cow,

dog) and mouse was performed with Progressive Cactus using the same reference genomes

as in the Hi-C data (Armstrong et al., 2020). For every pair of query and target species

among our species of interest (e.g. human and pig), their pairwise alignment was extracted

in both directions (human sequence aligned to pig’s, pig’s aligned to human’s) from the

Progressive Cactus outputs. Uniform-sized 10kbp bins in the query species were mapped

to the target species using LiftOver (Hinrichs et al., 2006) with sequence overlap threshold

of 0.5 (described in detail below). In the target species, each stretch of mapped regions

was overlapped with its own uniform-sized 10kbp bins using BEDTools; repeating this

process with the target and query reversed (e.g. pig to human this time) completes the

10kbp-bin-level mapping between the two species.

Sequence overlap is calculated as: basepair length of lifted-over region in target species/-

target uniform-sized bin size (Figure 4.2). It is calculated in both direction for a pair of

species, followed by computing the mean . For example, if 10kbp bin A in human was

mapped to 6000bps in pig which in turn completely overlaps with bin B in pig, the sequence

overlap from human to pig for bin A and B is 0.6; if bin B maps to 5000bps in human which

completely overlaps with bin A, the sequence overlap from pig to human for bin A and B

is 0.5; finally, the mean 0.55 is treated as the sequence overlap between bin A and bin B.

For each 10kbp bin in human with a CTCF peak (referred here as hCB), its mapped bin
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in other species with the highest mean sequence overlap was chosen for further analysis and

for the application of swTGIF. The mapped bins in rat, pig, cow, dog are referred to as rMB,

pMB, cMB, dMB, respectively. To account for inversion, when we extract 2mbp windows

surrounding the hCB and the mapped region, we invert the sequence in the mapped species

if the mean sequence overlap in the window is higher in inverse direction. Then for every

hCB and mapped regions, we extract the 2mbp-sized Hi-C submatrices centered at hCB

and the mapped regions: Xh[a : b,a : b],a = i − 1000000/10000,b = i + 1000000/10000

and Xs[c : d, c : d], c = j − 1000000/10000,d = i + 1000000/10000, where Xh is the full

human intra-chromosomal Hi-C matrix for the chromosome in which the hCB is located;

i is the bin index for the hCB; Xs is the full intra-chromosomal Hi-C matrix in species s

for the chromosome in which the mapped region is located; and j is the bin index for the

mapped region. These matrices are used as inputs to swTGIF, along with the species tree

for rat, pig, cow, dog, and human.

4.2.4 Application of TGIF to multi-species AEC data

We apply single-window TGIF (swTGIF) to Hi-C count matrices from aortic endothelial

cells (AEC). The input tree for swTGIF is the species tree among human, rat, pig, cow, and

dog (Figure 4.4A). Each of the 5 leaf nodes in the tree represents the Hi-C count matrix

from each species. For human, the matrix is a 2mbp window centered at a CTCF-containing

bin (hCB). For other species, the 2mbp window is centered at the hCB mapped region. In

total, swTGIF was applied to 27522 sets of 2mbp windows from the 5 species.
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4.2.5 Measuring structural similarity of Hi-C count matrices across

species

We measure structural similarity for a pair of HiC matrices using two metrics: stratum-

adjusted correlation coefficient (SCC, Yang et al., 2017) and cosine similarity between

swTGIF boundary scores. SCC is a weighted mean of Pearson’s correlation coefficients

between sets of interactions stratified by pairwise distance of the regions involved in the

interaction; each correlation is weighed by the number of interactions at the given distance

and the variance of the interaction counts. Cosine similarity is measured for a pair of

boundary-score vectors outputted by swTGIF for the pair of species being compared.
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Figure 4.1: Single-window TGIF (swTGIF). A. The input to swTGIF consist of Hi-C
matrices of fixed sizes and the tree structure encoding the relationship among the input
matrices. B. Just as in TGIF, all matrices are factorized multiple times using a range of
k. From the output factor U, the boundary score for region i is calculated as the cosine
distance between its latent representation (U[i, :]) and its immediate upstream neighbor’s
representation (U[i− 1, :]). The background score is derived from a randomized matrix in
the same manner. C. We calculate the empirical p-value of each boundary score against
the background scores from the randomized matrix, and after FDR correction, call the
final set of significant boundaries from each input data/context (represented by the brown
asterisks).
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Figure 4.2: Calculating sequence overlap between uniform-sized bins. A uniform-sized
(e.g. 10kbp) bin is mapped from the query species (human) to target species (pig) using
LiftOver. The sequence overlap between the query bin and the target bin is calculated
using the size of the intersection between the lifted-over stretch in the target species and
the target bin itself. This is repeated in the other direction (pig to human) and the mean is
taken to arrive at the final sequence overlap for bin A and B between human and pig.
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4.3 Results

4.3.1 Sequence similarity between species rapidly decreases with

distance from human CTCF peak.

We first measure the sequence similarity between human and each other mammalian

species (rat, pig, cow, dog) within windows surrounding genomic regions of interest. Each

window is 2 million base pairs (mbp) in length, and is binned to 10kbp to match the

resolution of the Hi-C matrices. Each 2mbp window is centered at a 10kbp bin containing

at least 1 CTCF peak in human (hCB), and the corresponding 10kbp bin in the species

to which the sequence is mapped (i.e. mapped bin, or rMB, pMB, cMB, dMB in rat, pig,

cow, dog, respectively). For each pair of hCB and its mapped bin, we measure sequence

overlap between the species (Methods, Figure 4.3A). We find that the mean sequence

overlap between hCB and its mapped bin in each species is ∼0.6 and it rapidly decreases in

its neighboring bins as distance grows (Figure 4.3C, top row). Similar trend is observed

even for a subset of pairs where both hCB and the mapped bin have at least 1 CTCF peak

in their respective species (Figure 4.3B, bottom row).

4.3.2 Structural similarity across species in the neighborhood of human

CTCF peak

We next apply single-window TGIF (swTGIF) to 2mbp windows (i.e. Hi-C submatrices)

centered at hCB and its mapped bins in other species, and measure structural similarity

between species with two different metrics. The species tree between human, rat, pig, cow,

and dog was used as input to swTGIF (Figure 4.3A), with different sets of leaf-node input

matrices for each of the 27522 hCBs mapped to all 4 species (Figure 4.3B). We measure

stratum-adjusted correlation coefficient (SCC, Methods) for each human 2mbp window
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and the corresponding window in other species which were inputs to swTGIF. We find

that, across all species, SCC between the Hi-C submatrix centered at hCB and the matrix

centered at the mapped bin is low, with the median around 0 (Figure 4.4B). For the subset

of pairs where both matrices were centered at a CTCF-containing bin, a higher proportion of

them have higher SCC. When we measure the similarity of the boundary scores outputted

by swTGIF between human and other species with cosine similarity, we find that pig and

cow have more similar boundary scores with human than dog and rat, regardless of the

presence of CTCF-peak at the center of each mapped window (Figure 4.4C).

4.3.3 Identification of conserved boundaries with swTGIF

Finally, we identify swTGIF significant and conserved boundaries at the center of each

input Hi-C matrices, i.e. hCB and the mapped bins. Out of 27522 total input windows or

matrices, we find that all 5 species have similar number of significant boundaries found

at the center; ≈ 9000 out of 27522 have a significant boundary found at the hCBs or the

mapped bins (± one 10kbp bin up- and downstream, Figure 4.5A). 3622 of them, or slightly

more than a third of such boundaries in each species, is conserved across all 5 species. We

visualize one such boundary in Figure 4.5B: the 2mbp window in human is centered at

the 10kbp bin starting at chr1 117060000 which contains a CTCF peak and a significant

boundary according to swTGIF. The hCB’s mapped bin in all 4 other species are also found

to have a swTGIF significant boundary.
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Figure 4.3: Sequence overlap between species around human CTCF peak. A. Each
CTCF-peak-containing bin in human (hCB) is mapped to a 10kbp bin in another species
using Cactus alignment and liftover. For each pair of 10kb bin in human (including hCB)
and its mapped bin, we measure sequence overlap between the species (Methods). B. Total
count of hCBs and their mapped bins in rat, pig, cow, and dog (rMB, pMB, cMB, and dMB,
respectively); count of hCBs mapped in all 4 species; and count of mapped bins also with
at least 1 CTCF peak in the given species. C. Mean sequence overlap between human 10kbp
bin and the mapped bin in rat, pig, cow, and dog, within 2mbp windows centered at hCB
and corresponding mapped bin. Top row: all windows; bottom row: windows centered at
hCB and mapped bin with also with CTCF peak.
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Figure 4.4: Structural similarity between species around human CTCF peak. A. Input
species tree to swTGIF. B. Stratum-adjusted correlation coefficient (SCC) between human
Hi-C submatrices centered at hCB and submatrices centered at the mapped bin in other
speices. C. Cosine similarity between the swTGIF output boundary scores of human and
other species.
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Figure 4.5: Identification of conserved boundaries with swTGIF. A. Count of swTGIF
significant boundaries at center of input Hi-C matrices, i.e., hCB or the mapped bins ± one
10kbp bin up- and downstream. B. Visualization of a conserved boundary across 5 species
(human, rat, pig, cow, dog). At the center is the human CTCF-containing bin (hCB) or the
corresponding mapped bin (rMB, pMB, cMB, dMB). The heatmap displays the log Hi-C
counts in the 2mbp window surrounding the hCB and the mapped bin; the blue lineplot
visualizes the swTGIF boundary score; the pink asterisks mark 10kbp bins with significant
boundary scores.
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4.4 Discussion

We have applied single-window TGIF, a multi-task matrix factorization method, to Hi-C

count matrices representing 2mbp-sized windows centered at human CTCF peaks and their

mapped regions in rat, pig, cow, and dog. We found that: (1) sequence similarity decays

rapidly as the genomic distance from the center CTCF peak (and corresponding mapped

regions) grows, (2) the structural similarity based on the interactions in the neighborhood

increases in cases where the mapped region also has a CTCF peak in its respective species,

and (3) about a third of boundaries found at the center of the 2mbp windows in each

species is conserved in all species of interest.

There is inherent limitation to such boundary-level analysis centered at pre-determined

loci of interest: namely that there is no new biological insight that can be gained, such

as identification of novel boundary elements that are species-specific or conserved. Fur-

thermore, boundary conservation (or divergence) does not necessarily mean the entire

domain that the boundary demarcates is also conserved or divergent; more powerful

domain-level alignment tools are needed for such analysis. Since only using sequence

alignment to map megabase-scale structures like TADS across species is a challenge, we

have started developing an alternate approach incorporating syntenic blocks, small-scale

sequence similarity at 10kbp-bin resolution, and a manifold alignment framework (Wang

and Mahadevan, 2009) that can simultaneously identify TAD-like structures with near

1-to-1 mapping across multiple species.

Despite the limitations discussed above, we can use the CTCF-peak-centered analysis as

the ’baseline’ pattern of conservation to which other putative species-specific or conserved

boundary elements can be tested for significance. We plan to also further characterize

other epigenetic signatures and gene expression patterns near conserved CTCF peaks and

boundaries identified by single-window TGIF.
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Taken together, single-window TGIF and subsequent sequence-based and structural

analysis provide a framework to quantify the degree of conservation for genomic elements

involved in organizing the 3D genome.
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Chapter 5

Multi-task matrix factorization leveraging

gene orthology for cross-species

integration of single-cell transcriptomics

data

5.1 Introduction

Single-cell transcriptomics technologies, such as single-cell or single-nucleus RNAseq (scR-

NAseq, snRNAseq, respectively), measure transcript levels in individual cells, and reveal

the diversity of gene expression programs across a mix of heterogeneous cell subpopula-

tions (Aldridge and Teichmann, 2020; Jovic et al., 2022). Among the key tasks in analyzing

single-cell transcriptomics (shortened as scRNAseq) data are: (1) clustering cells with

similar expression patterns, and (2) identifying sets of genes driving expression in each cell

cluster for further annotation (Kiselev et al., 2019; Luecken and Theis, 2019). Non-negative

matrix factorization (NMF) is well-suited to handle both tasks by simultaneously learning
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the cell and gene embeddings in the form of factor matrices (Stein-O’Brien et al., 2018;

Iyer et al., 2022). The resulting factors or embeddings can be used to co-cluster the cells

and genes. Multi-task variations of NMF are already in use for integrating and comparing

scRNAseq data from multiple samples, experiments, and biomedical contexts (Ryu et al.,

2023, section 1.2).

Cross-species analysis of single-cell transcriptomics data typically employs integration

methods meant to address batch effects, or to reduce spurious segregation of cells (and

genes) due to different experimental protocols and other technical artifacts (Luecken et al.,

2022; Song et al., 2023). Two key challenges face batch-correction methods deployed for

species-integration task: stronger "batch effects" may be found among data from multiple

species, and over-correction may reduce the valid signals of heterogeneity within each

species. A benchmarking study of batch-correction methods for species integration (Song

et al., 2023) found that incorporating gene lineage information (e.g. paralogs) can help

integration over large evolutionary distance. SAMap, a method specifically designed for

species integration using a gene-gene graph based on sequence similarity (Tarashansky

et al., 2021), was found to be effective in whole-atlas-scale integration across species with

complex gene lineages. However, SAMap is computational expensive as it specifically

targets integration of entire cell atlases (Song et al., 2023).

Here we propose a multi-task matrix factorization approach called TIMBER, intended

for cross-species integration utilizing gene orthology information. TIMBER is an extension

of TGIF (section 3.3.1) which uses tree-based regularization of the factors representing

the feature embedding, or the gene embedding in our primary use case here. While TGIF

requires the same number of column entities or features across all input datasets, TIMBER

can handle multiple input datasets with varying number of features or genes. This is

accomplished by mapping the features in the child node to the features in the parent node,

i.e., putative ancestral genes. We use orthology groups (orthogroups) of genes for the
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mapping of features from the leaf nodes of a species tree (extant species) to the root node

(last common ancestor).

We apply TIMBER to scRNAseq data from three plant species (maize, medicago, and

sorghum) to study their nitrogen fixing process. Nitrogen is a crucial nutrient for plant

growth, often supplemented by a fertilizer (Graham and Vance, 2000; Reinprecht et al.,

2020). As heavy fertilizer usage is expensive and comes with environmental costs as well,

a better understanding of plants’ inherent nitrogen-fixing process could lead to enhancing

its efficiency (Graham and Vance, 2000; Soumare et al., 2020). Sorghum in particular

produces mucilage in its aerial roots after rain and water treatment; the mucilage is a host

to symbiotic bacteria that can capture nitrogen from the air, which can then be utilized by

the plant (Hara et al., 2019; Wolf et al., 2024). Our goal is to understand both the conserved

program behind nitrogen fixation across the three species, and to identify sorghum-specific

gene expression modules and underlying regulatory programs giving rise to such distinct

nitrogen-fixing strategy.

In the subsequent sections, we go over the TIMBER framework in detail and the prelim-

inary results from its application to the multi-species plants data.
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5.2 Methods

5.2.1 Tree-guided integrated matrix factorization with branch-specific

regularization (TIMBER)

TIMBER is a multi-task matrix factorization approach that can simultaneously factorize

multiple input matrices. The relationship among the input matrices is represented as a tree,

with closely-related conditions and their corresponding input matrices sharing a parent.

For example, two species sharing the same ancestral species can be represented as the

child nodes to the ancestral species’ parent node in the tree. The factor embedding for the

column entities of the input matrix (i.e. genes) in the leaf node are constrained to be similar

to that of its parent node, adapting the tree-regularization scheme of TGIF (section 3.3.1).

TIMBER extends TGIF by allowing different number of column entities (features/genes)

among the input matrices. In the case of factorizing matrices from multiple species with

variable number of genes, we use a mapping matrix to identify which parent features

will “influence" the embedding of its child features. The input to TIMBER is the set of

input matrices, the tree structure encoding the relationship among them, and a set of such

mapping matrices. Below we formalize the objective of TIMBER, and derive its update

rules.

Given t ∈ {1, . . . , T } species, each with gene-expression matrix X(t) ∈ Rnt×mt , and

a species tree with a root node r (representing the last common ancestor) and a set of

nodes c ∈ B ∪ T where B is a set of internal (or branch) nodes b ∈ B and T a set of the

species-specific leaf nodes, the following is the objective that TIMBER optimizes/minimizes:

O =

T∑
t=1

∥∥X(t) −U(t)V(t)⊤∥∥2
F +

∑
c

αc,Pa(c)
∥∥V(c) −Mc,Pa(c) · VPa(c)

∥∥2
F (5.1)
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Figure 5.1: Overview of TIMBER. A. Visualization of TIMBER objective. Within each
species t, we want to find factors U(t) (green) and V(t) (pink) such that (1) their product
is a good approximation of the input matrix X(t) (yellow) and (2) the latent representation
of the feature set (e.g. genes) is constrained to be similar to the latent representation of
its parent feature set. The child node’s features are mapped to its parent using the map
matrix M (purple). B. Mapping genes to their ancestral genes using orthogroups. Given
a set of orthogroups composed of genes from different species, we create map matrix M

(purple) from leaf node to parent node by assigning all extant genes to the orthogroup
they belong to. The orthogroup in the parent node acts as a ancestral gene/feature. The
pink matrices represent the V factors in each node, and their columns correspond to extant
or ancestral genes. For an internal node or the root node, its gene set is a union of its child
nodes’ ancestral genes.

where U(t) ∈ Rnt×k, V(c) ∈ Rmc×k, k≪ n,m (Figure 5.1A).

Mc,Pa(c) ∈ Rmc×mPa(c) maps the mc genes in species c to its ancestral genes represented

in its parent node Pa(c) in the species tree. The parameterαc,Pa(c) can be set to represent the

phylogenetic distance between child and ancestral species, e.g., the inverse of phylogenetic

distance multiplied by a factor. When all αc,Pa(c) values across all branches are fixed to the
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same value and the mapping matrices Ms are all identity matrices, TIMBER’s objective

reduces to TGIF’s objective. We update the factorsU(t)s andV(c)s based on the optimization

scheme of block coordinate descent (Kim et al., 2014).

Breaking down the objective to subproblems per column of each factor The TIMBER

objective in 5.1 can be written as:

O =

T∑
t=1

∥∥∥∥∥X(t) −
∑
k

u
(t)
k v

(t)⊤
k

∥∥∥∥∥
2

F

+
∑
c

∑
k

αc,Pa(c)

∥∥∥v(c)k −Mc,Pa(c) · vPa(c)k

∥∥∥2

2
(5.2)

Where u
(t)
k ∈ Rnt is the kth column vector of U(t) and v

(t)
k ∈ Rm is the kth column

vector of V(t). Now we ‘pull out’ terms involving the kth column in all factors (and for

convenience drop the suffix c,Pa(c) from α and M but note that they are specific to a pair

of parent-child species.)

O =

T∑
t=1

∥∥∥∥∥X(t) − u
(t)
k v

(t)⊤
k −

∑
j̸=k

u
(t)
j v

(t)⊤
j

∥∥∥∥∥
2

F

(5.3)

+
∑
c

α

(∥∥∥v(c)k −Mv
Pa(c)
k

∥∥∥2

2
+
∑
j̸=k

∥∥∥v(c)j −Mv
Pa(c)
j

∥∥∥2

2

)
(5.4)

Now we’ll substitute with R
(t)
k = X(t) −

∑
j̸=k u

(t)
j v

(t)⊤
j :

O =

T∑
t=1

∥∥∥R(t)
k − u

(t)
k v

(t)⊤
k

∥∥∥2

F
+
∑
c

α
∥∥∥v(c)k −Mv

Pa(c)
k

∥∥∥2

2
+
∑
c

∑
j̸=k

α
∥∥∥v(c)j −Mv

Pa(c)
j

∥∥∥2

2

(5.5)

We can now optimize u
(t)
k , v(t)k , v(b)k , v(r)k , fixing all other parameters to be constant.
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Optimize v
(t)
k To find v

(t)
k for each leaf node task t that minimizes the objective, we find

the derivative of the objective with respect to v
(t)
k and set it to 0, then solve. First we expand

the objective into matrix multiplications 1:

O =
∥∥∥R(t)

k − u
(t)
k v

(t)⊤
k

∥∥∥2

F
+ α

∥∥∥v(t)k −Mv
Pa(t)
k

∥∥∥2

2
+ C (5.6)

= Tr
[(

R
(t)
k − u

(t)
k v

(t)⊤
k

)⊤ (
R
(t)
k − u

(t)
k v

(t)⊤
k

)]
(5.7)

+ α
(
v
(t)
k −Mv

Pa(t)
k

)⊤ (
v
(t)
k −Mv

Pa(t)
k

)
+ C (5.8)

Here C subsumes all elements of the objective that does not involve v
(t)
k (including

terms involving tasks other than t), since they will be zeroed out when the derivative is

taken with respect to v
(t)
k . Now we keep expanding:

O = Tr
[
R
(t)⊤

k R
(t)
k − 2R(t)⊤

k u
(t)
k v

(t)⊤
k +

(
u
(t)
k v

(t)⊤
k

)⊤ (
u
(t)
k v

(t)⊤
k

)]
(5.9)

+ α
(
v
(t)⊤
k v

(t)
k − 2v(t)⊤k Mv

Pa(t)
k + v

Pa(t)⊤
k M⊤Mv

Pa(t)
k

)
+ C (5.10)

= Tr
(
R
(t)⊤

k R
(t)
k

)
− 2 Tr

(
R
(t)⊤
k u

(t)
k v

(t)⊤
k

)
+ Tr

(
v
(t)
k u

(t)⊤
k u

(t)
k v

(t)⊤
k

)
(5.11)

+ αv
(t)⊤
k v

(t)
k − 2αv(t)⊤k Mv

Pa(t)
k + αv

Pa(t)⊤
k M⊤Mv

Pa(t)
k + C (5.12)

= Tr
(
R
(t)⊤

k R
(t)
k

)
− 2

(
R
(t)⊤
k u

(t)
k

)⊤
v
(t)
k +

(
u
(t)⊤
k u

(t)
k

)(
v
(t)⊤
k v

(t)
k

)
(5.13)

+ αv
(t)⊤
k v

(t)
k − 2αv(t)⊤k Mv

Pa(t)
k + αv

Pa(t)⊤
k M⊤Mv

Pa(t)
k + C (5.14)

1See Section 2.7.1 Eqn (132) in Petersen and Pedersen, 2006 for expansion of Eqn (5.7).
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We continue with derivation 2.

∂O

∂v
(t)
k

= 0 − 2R(t)⊤
k u

(t)
k + 2v(t)k u

(t)⊤
k u

(t)
k + 2αv(t)k − 2αMv

Pa(t)
k + 0 + 0 (5.15)

0 = −R
(t)⊤
k u

(t)
k +

(
u
(t)⊤
k u

(t)
k + α

)
v
(t)
k − αMv

Pa(t)
k (5.16)

v
(t)
k =

R
(t)⊤
k u

(t)
k + αMv

Pa(t)
k∥∥∥u(t)

k

∥∥∥2

2
+ α

(5.17)

With the non-negativity constraint v(t)k ⩾ 0, we want R(t)⊤
k u

(t)
k +αMv

Pa(t)
k ⩾ 0, because

if R(t)⊤
k u

(t)
k + αMv

Pa(t)
k < 0, O will increase in Eqn (5.13, 5.14). The finalized update rule

is:

v
(t)
k =

[
R
(t)⊤
k u

(t)
k + αMv

Pa(t)
k

]
+∥∥∥u(t)

k

∥∥∥2

2
+ α

(5.18)

Optimize u
(t)
k We can derive the update rule for u

(t)
k in leaf node task t similarly but

much more simply, in the same manner as TGIF (section 3.3.1). From Eqn (5.13), we take

the derivative of O with respect to u
(t)
k . All regularization terms will zero out since they

do not involve u
(t)
k . Hence the final update rule for u(t)

k is:

u
(t)
k =

[
R
(t)
k v

(t)
k

]
+∥∥∥v(t)k

∥∥∥2

2

(5.19)

Optimize v
(r)
k For the root node factor loadings v(r)k , we can again ignore terms that do

not involve v
(r)
k in the objective, Eqn (5.5). Note that we collect the terms involving nodes c

2See Section 2.4 Eqn (69-72), Section 2.7.1 Eqn (132) in Petersen and Pedersen, 2006.
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whose parent is the root node, i.e. Pa(c) = r:

O =
∑

c∈Child(r)

αc,r

∥∥∥v(c)k −Mc,r · v(r)k

∥∥∥2

2
+ C (5.20)

This is equivalent to:

O =
∑

c∈Child(r)

αc,r

∥∥∥M⊤
c,rv

(c)
k − v

(r)
k

∥∥∥2

2
+ C (5.21)

=
∑

c∈Child(r)

αc,r

(
M⊤

c,rv
(c)
k − v

(r)
k

)⊤ (
M⊤

c,rv
(c)
k − v

(r)
k

)
+ C (5.22)

=
∑

c∈Child(r)

αc,r

[
v
(c)⊤
k Mc,rM

⊤
c,rv

(c)
k − 2M⊤

c,rv
(c)⊤
k v

(r)
k + v

(r)⊤
k v

(r)
k

]
+ C (5.23)

= C−
∑

c∈Child(r)

αc,r

[
2M⊤

c,rv
(c)⊤
k v

(r)
k − v

(r)⊤
k v

(r)
k

]
(5.24)

Now we take the derivative, set to 0, and solve3:

∂O

∂v
(r)
k

= 0 −
∑

c∈Child(r)

2αc,rM
⊤
c,rv

(c)
k +

∑
c∈Child(r)

2αc,rv
(r)
k (5.25)

0 = −
∑

c∈Child(r)

αc,rM
⊤
c,rv

(c)
k +

∑
c∈Child(r)

αc,rv
(r)
k (5.26)

v
(r)
k =

∑
c∈Child(r) αc,rM

⊤
c,rv

(c)
k∑

c∈Child(r) αc,r
(5.27)

Optimize v
(b)
k For the internal node factor loadings v

(b)
k , we ignore terms that do not

involve v
(b)
k for the particular node b of interest in the objective, Eqn (5.5). Note that just

as with the root node, internal nodes do not have their own observed data, i.e. X. We

collect terms involving the parent node of b, i.e. Pa(b), and nodes c whose parent is b, i.e.
3See Section 2.4.1 Eqn (69), Section 2.6 Eqn (129-131) in Petersen and Pedersen, 2006.
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Pa(c) = b.

O = αb,pa(b)

∥∥∥v(b)k −Mb,pa(b) · vpa(b)k

∥∥∥2

2
+

∑
c∈Child(b)

αc,b

∥∥∥M⊤
c,bv

(c)
k − v

(b)
k

∥∥∥2

2
+ C (5.28)

Taking the hybrid of derivations for v(r)k and v
(t)
k from Eqn (5.15-17) and Eqn (5.25-27),

we arrive at:

v
(b)
k =

αb,pa(b)Mb,pa(b)v
pa(b)
k +

∑
c∈Child(b) αc,bM

⊤
c,bv

(c)
k

αb,pa(b) +
∑

c∈Child(b) αc,b
(5.29)

5.2.2 From factors to clusters

Once we have the factors U(t) and V(t) for t ∈ {1, . . . , T } species, we can treat them as cell

embeddings and gene embeddings, respectively, i.e. U(t)[i, :] is the embedding for cell i,

and V(t)[j, :] the embedding for gene j in species t. We can apply a clustering algorithm like

k-means clustering to find cell and gene clusters from such embeddings. However, to easily

find correspondence between cell clusters and gene clusters, we can simply assign each

cell or gene to its most dominant factor loading. In other words, the cluster assignment ci

for cell i in species t is:

ci = argmaxkU
(t)[i,k] (5.30)

And the cluster assignment cj for gene j in species t:

cj = argmaxkV
(t)[j,k] (5.31)

We refer to this as "maxdim" cluster assignment.

In order to measure the similarity of clustering results between a pair of conditions (e.g.



142

gene clusters from α = 100 vs. those from α = 500 for the same k), we use adjusted Rand

index (ARI). ARI ranges from 0 to 1 with a higher value representing higher degree of

concordance between the pair of clustering results.

5.2.3 From gene orthogroups to gene mapping matrices

We utilize orthogroups to map extant genes to their ancestral genes. An orthogroup refers

to a set of genes descended from the same gene in the last common ancestor of all species

of interest. Our collaborator Rafael Venado used Orthofinder (Emms and Kelly, 2019) to

find orthogroups among 6 plant species including sorghum, maize, and medicago. The

following is the list of the species and the exact genome assemblies used:

• Arabidopsis: Athaliana_447_Araport11.protein.fa

• Indian colza: Brapassp_trilocularisR500_795_v2.1.protein.fa

• Medicago: MtrunA17r5.0-ANR-EGN-r1.9.prot.fasta

• Sorghum: SbicolorRTx430_552_v2.1.protein.fa

• Tomatoes: Slycopersicum_796_ITAG5.0.protein.fa

• Maize: Zmays_833_Zm-B73-REFERENCE-NAM-5.0.55.protein.fa

From the initial 21695 orthogroups, we narrowed downed the list to those with at least

one gene from sorghum, maize, and medicago. For a set of extant genes within the same

orthogroup, they are mapped to the same ancestral gene, creating a binary mapping matrix

to the parent species’ node. For an internal node or the root node, its features or "genes"

are a union of the child nodes’ ancestral genes (Figure 5.1B). In the resulting mapping,

26131 maize genes and 21124 sorghum genes mapped to 14257 ancestral genes in the parent
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species of maize and sorghum. Those ancestral genes, along with 25126 medicago genes,

in turn map to a total of 16601 ancestral genes in the root of the species tree (Figure 5.2A).

5.2.4 Single cell RNAseq data from maize, sorghum, medicago

Our collaborator Rafael Venado collected single-nucleus RNAseq data from the aerial roots

of sorghum (accession IS23992) and maize landrace (CB017456), and the underground

roots of medicago. He also provided the list of marker genes for different plant tissue and

cell types (e.g. border cells, epidermis). After removal of cells with low expression and

normalization with PAGODA (Fan et al., 2016) by Marina Kotvanova and Saptarshi Pyne

(Roy lab), the resulting expression matrices consist of 7553 cells from maize, 11526 cells

from sorghum, and 4183 cells from medicago (Figure 5.2A).

TIMBER was applied with different k ∈ {10, 15, 20} and α ∈ {50, 100, 500} to this dataset.

We measured marker gene fold enrichment within each gene cluster for different cell types

with hypergeometric test and performed multiple test correction (FDR < 0.05). Within

each species and gene cluster, the fold enrichment of marker genes for a given cell type

was calculated as (s/M)/(q/N) where N = total number of genes in given species, q =

number of marker genes for given cell type, M = number of genes in given cluster, and s =

number of marker genes in given cluster.
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5.3 Preliminary results

We applied TIMBER to scRNAseq data collected from maize, sorghum, and medicago,

with different number of cells and genes within each species (Figure 5.2A, Methods).

The genes in maize and sorghum (26131 and 21224 genes, respectively) were mapped to

14257 ancestral genes (i.e. orthogroups) in their ancestral species node. Those ancestral

genes, along with 25126 medicago genes, in turn were mapped to 166001 ancestral genes

or orthogroups in the root node representing the last common ancestor. TIMBER was run

with different combination of parameter values: k ∈ {10, 15, 20},α = {50, 100, 500}. Within a

single experiment, all branches of the tree used the same fixed α value, although TIMBER

can handle different strengths of regularization based on the distance to similarity to the

parent node (e.g. phylogenetic distance). We find that for k = 10 across all α values,

majority of sorghum cells and genes end up with a very similar latent feature pattern,

which could imply batch effect and prevents meaningful distinction among a large number

of cells and genes (Figure 5.2B,C). As we increase k to 15 and 20, both sorghum cell and

gene embeddings capture more variation and diversify.

We next project the cell embeddings in the U factors of TIMBER to 2D space using

UMAP, and look for the integration of cells across species (Figure 5.3A). We visually

confirm that, across all α values scanned and especially for α ⩾ 100, specific corners of

the UMAP latent space is shared by different subset of species while other corners show

clustering of cells from 1 dominant species. To quantify the stability of the clustering results

to changing alpha’s, we calculate the cell and gene cluster similarity between pairs of

alpha values using adjusted Rand index (ARI, Figure 5.3B). For k = 10, 15, both cell and

gene clusters are shown to be stable across different α values with ARI values very close

to 1 between most pairs of α’s compared. For k = 20, higher α = 500 results in a more

dissimilar set of cell and gene clusters, but overall there is still a high degree of cluster
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stability with ARI above 0.9 and 0.86 for cells and genes, respectively.

We further explore the TIMBER cell clusters across species. In the UMAP projection of

TIMBER cell embeddings (i.e. U factors) color-coded by cell clusters, we are able to visually

discern cell clusters with different degrees of contribution from each species (Figure 5.4A).

When we break down each cell cluster by species membership (Figure 5.4B), we confirm

TIMBER identifies cell clusters to which a single species predominantly contributes (e.g.,

cluster 0, 3, 11-13), as well as cell clusters with fairly even contribution from all 3 species (e.g.,

cluster 1, 9, 10). We next explored how cells from each species are distributed across clusters

(Figure 5.4C). When we hierarchically cluster the species based on cluster membership

similarity (and resulting distance among them using average linkage), the resulting species

hierarchy groups sorghum to be closer to medicago rather than to maize, which is a

deviation from the original TIMBER input species tree; this hierarchical clustering pattern

holds even with higher α. It warrants further experiments and analysis to understand how

the original orthogroup-based mapping affects downstream cell cluster similarity across

species.

Finally, we performed marker gene enrichment analysis for different plant cell types

in each gene cluster. Within each species and each TIMBER gene cluster, we calculate

the fold enrichment of marker genes for different tissues or cell types, e.g., epidermis,

border cells, stele, and its significance using the hypergeometric test (Methods). TIMBER

gene cluster 1 is significantly enriched for border cell marker genes in both sorghum and

medicago, although not in maize (Figure 5.5). Border cells facilitate mucilage formation in

aerial roots and beneficial bacterial colonization in underground roots (Pankievicz et al.,

2022), both critical processes for nitrogen fixation in the aerial roots of sorghum and in

the underground root nodules of medicago (Tkacz et al., 2022; Wolf et al., 2024). Further

experimentation is needed to integrate the border cells of maize aerial roots (with similar

nitrogen fixation strategy as sorghum) into the border cell subpopulation of sorghum and
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medicago.
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Figure 5.2: Applying TIMBER on scRNAseq data from maize, sorghum, medicago. A.
The input species tree for TIMBER. The ancestral node for maize and sorghum have 14257
orthogroups (OGs) as ancestral gene features, to which maize and sorghum genes are
mapped. The last common ancestor node similarly has 16601 OGs as anestral gene features,
to which child nodes’ ancestral genes and extant genes are mapped. B. Heatmap visualiza-
tion of the U factors, i.e. cell embeddings, for each species and for k ∈ {10, 15, 20},α = 100.
C. Heatmap visualization of the V factors, i.e. gene embeddings, for each species and for
k ∈ {10, 15, 20},α = 100.
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Figure 5.3: Effect of α on embeddings and clusters.. A. Visualization of cells using
UMAP 2D embeddings of the U factors from each species for k = 15,α ∈ {50, 100, 500}.
Each row represents different α values and each column represents results from different
subsets of species. Each point in each plot is a cell. B. Similarity of cell clusters and gene
cluster results between pairs of different α values, measured by adjusted Rand index. Each
column represents clustering results for different k values.
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Figure 5.4: TIMBER cell cluster exploration. A. UMAP visualization of TIMBER cell
clusters from k = 15,α = 100. B. Composition of each TIMBER cell cluster from k =
15,α = 100. The red heatmap to the left is the total number of cells from each species. The
blue heatmap on top is the number of cells in each TIMBER cluster. Each column of the
cluster composition heatmap (green) sums up to 1. C. Composition of each species based
on clusters from k = 15,α = 100. Each row of the sample/species composition heatmap
(purple) sums up to 1. The dendrogram to the left is from hierarchical clustering of the
species based on their cluster makeup similarity.
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Figure 5.5: Marker gene enrichment within each TIMBER gene cluster (k = 15,α = 100).
Within each species and each gene cluster, we perform hypergeometric test to see if there
is significant fold enrichment of marker genes for different plant tissues or cell types
(FDR < 0.05). Each column is a gene cluster, and each row the plant tissue or cell type
whose marker genes have been tested for enrichment in the given cluster. Each bubble
represents the negative log (adjusted) p-value of the fold enrichment. Cluster and cell type
combinations with adjusted p-value < 0.05 (equivalently -log(p-value) > 1.3)have been
plotted with a bubble.
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5.4 Future direction

We have so far applied TIMBER to scRNAseq data from maize, sorghum, and medicago to

understnd the evolutionarily divergent or conserved programs governing nitrogen fixation

in plants. Preliminary results suggest TIMBER is able to integrate cells across species, and

recover cell clusters with specific marker gene enrichment patterns for different types of

plant tissue and cell types. Further analysis of marker gene expression and differential

gene expression is needed to identify the key differences and similarities in transcription

associated with mucilage formation, symbiotic relationship with microbiome, and nitrogen

fixation.

Benchmarking against existing methods for cell clustering and cross-species integration

is needed to evaluate TIMBER’s ability to address batch effect and to yield high-quality

clusters. Integration metrics, internal cluster quality metrics, and biological conservation

metrics will be used to compare TIMBER to a comprehensive list of cross-species integration

approaches, including NMF-based methods and batch-correction methods (Luecken et al.,

2022; Song et al., 2023).

Current implementation of TIMBER uses a simple orthogroup-based mapping to assign

all orthologous genes to the same ancestral gene in the ancestral species node. In-depth

analysis of this approach is needed to understand why phylogenetically more distant

species (i.e. sorghum and medicago) yield more similar cluster membership pattern

according to TIMBER and hierarchical clustering. We also plan to investigate how we can

encode more complex sets of gene duplication and speciation events into the mapping

matrices.

Hyperparameter selection is a key decision step when applying matrix factorization

methods to real data with an unknown rank. We will measure internal cluster quality

metrics to select the most suitable rank of the lower-dimensional space (k) for the maize,
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sorghum, medicago data, and suggest a selection strategy for de novo datasets. While

currently α, the strength of regularization between child and parent nodes, is set to a

single constant value across all branches of the tree, our TIMBER implementation can

handle different values depending on whether the user wants to encode the more nuanced

relationship between the input datasets. We plan to experiment with a dynamic set of α

values for different branches of the tree based on phylogenetic distance, and measure the

stability and quality of the resulting cell and gene clusters.

Finally, TIMBER can be applied to any context where the number of features between

input datasets is different, as long as a mapping matrix can be defined. We could exploit

this and apply TIMBER to multi-model data integration, e.g. integrating scATACseq and

scRNAseq data collected from a system of interest. Because the mapping matrix is flexible

in how it encodes feature relationship, we could use Hi-C interactions for mapping to link

genes and accessibility to shared genomic regions.

Taken together, TIMBER shows a promising path towards cross-species integration of

single-cell transcriptomics data.
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Chapter 6

Concluding remarks

In this dissertation, we have presented a suite of NMF-based methods to understand the

underlying structure in 3D genome and single-cell transcriptomcis data and their dynamics

across multiple biological conditions and evolutionary timescales. In this chapter, we

summarize the key findings from each of our frameworks.

GRiNCH

Graph-regularized NMF and clustering of Hi-C data for simultaneous smoothing and

TAD identification GRiNCH factorizes an input Hi-C count matrix and uses the factor as

an embedding of genomic regions to cluster them into contiguous blocks, which correspond

to TADs. It constrains the factorization process with a neighborhood graph, such that

regions close to each other in linear distance along the genome are encouraged to have

similar output factor loadings or embeddings. Multiplying the factors back together yields

a smoothed version of the input Hi-C matrix, with missing values imputed.

GRiNCH outperforms existing TAD-calling and smoothing methods. We benchmarked

GRiNCH to 7 other existing TAD-calling methods and 3 existing smoothing methods.
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GRINCH shows superior performance in yielding TADs with high internal cluster quality

metrics, CTCF enrichment in boundaries, and enrichment of various chromatin modifica-

tion signals, while being robust to depth and sparsity of the input matrix. Downsampled

matrices smoothed by GRiNCH recover more similar structures and significant interactions

when compared to their original, high-depth counterparts.

GRiNCH can identify putative boundary elements and can be applied to data generated

by different 3D genome capturing platforms. By analyzing the enrichment of motif

sites in GRiNCH TAD boundaries in mouse neural differentiation data, we are able to

hypothesize a set of novel, context-specific boundary-enforcing elements. We also show

that GRiNCH can be applied to other types of interaction count matrices generated from a

variety of 3D genome capturing technologies outside of Hi-C, such as HiChIP and SPRITE,

and identify reproducible sets of TADs from them.

Future Direction: Although the current implementation of GRiNCH uses a simple neigh-

borhood graph to regularize the output factors, it is a flexible framework that can adapt

any type of graph that encodes the relationship among genomic regions. An adjacency

graph based on the similarity of the chromatin states is another natural choice to inform

and enforce the low-rank structures found in Hi-C matrices. Another key extension is to

adopt a multi-task learning approach so that multiple Hi-C matrices can be analyzed and

compared together, which has been implemented in the following method, TGIF.

TGIF

Tree-guided integrated factorization across multiple input Hi-C matrices TGIF takes as

input multiple Hi-C matrices from related biological conditions, and a tree that maps the

relationship between those conditions as a hierarchy. It simultaneously factorizes the input
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matrices in a way such that factors for datasets that are more closely related in the tree are

constrained to be more similar to each other. Using the output factors, TGIF identifies a set

of significantly differential boundaries, subcompartments, and compartments, revealing

the regions contributing to the dynamic 3D genome patterns across the input datasets.

TGIF identifies fewer false positive differential boundaries in both simulated and real

Hi-C data. TGIF identifies task-specific boundaries with higher precision than other TAD-

calling or differential-boundary-calling methods in multiple simulated datasets. When

applied to a cardiomyocyte differentiation timecourse dataset, TGIF boundaries from each

timepoint is more enriched for CTCF, a known boundary element, than other methods

as well. TGIF also performs well in identifying fewer false positive differences between

pairs of biological replicates, or pairs of the same underlying count matrices normalized

differently or downsampled to different depths.

TGIF identifies differential compartments and subcompartments with significant changes

in other one-dimensional signals along the genome. Significantly differential compart-

mental regions identified by TGIF between a pluripotent cell and a differentiated cell have

significant changes in gene expression and chromatin accessibility. Significantly differential

subcompartment regions between different cell states during mouse neural differentiation

show diverse patterns of log fold change in histone modification marks.

Differential structure identified by TGIF are enriched for differential gene expression;

persistent TGIF boundaries are enriched in disease-associated variants. Differentially

expressed genes are significantly enriched in differential compartment regions and in the

vicinity of differential boundaries, across 3 different mammalian developmental timecourse

datasets we applied TGIF to. We also found that persistent TGIF boundaries across all
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timepoints of cardiomyocyte differentiation are significantly enriched for SNPs associated

with cardiovascular disease.

Application of a simplified TGIF to Hi-C matrices from multiple species allows quan-

tification of boundary structure conservation. We applied a simplified version of TGIF

to 2mbp-by-2mbp Hi-C matrices from 5 different species: human, rat, pig, cow, and dog.

The human Hi-C matrices were centered at CTCF peaks; in other species, the matrices

were centered at the region to which the corresponding human CTCF peak was lifted over.

We find that roughly a third of significant boundaries found in the center of the 2mbp

windows were conserved across all species.

Future Direction: A generalization of the input tree structure into a graph would enable

even more flexible encoding of the relationship among the input matrices. Allowing

different number of features (i.e., columns) in each of the input matrices would make it

more suitable for cross-species analysis, where the number of genes or genomic regions

of interest are variable across different species. This latter extension is implemented in

TIMBER.

TIMBER

Tree-guided integrated factorization with branch-specific feature mapping and regular-

ization TIMBER is an extension to TGIF: (1) it allows for different levels of regularization

at each level and branch of the tree, and (2) input matrices can have different number of

features (columns), as long as they can be mapped to the parental features.

TIMBER identifies shared and species-specific cell types across three plants species.

TIMBER was applied to single-cell gene expression datasets from maize, sorghum, and
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medicago, each plant with its own distinct mechanism for nitrogen fixation. Preliminary

analysis shows that TIMBER is able to identify clusters of cells shared across all species, as

well as clusters whose membership is driven by one dominant species.

Future Direction: Extensive benchmarking of TIMBER is needed to quantify its effective-

ness in integrating cell types across multiple species. In-depth analysis of gene clusters

identified along with the cell clusters is essential for understanding the underlying gene

expression programs driving different cell subpopulations. Finally, TIMBER could easily

be adopted for multi-omic or multi-model integration across single-cell gene expression,

chromatin accessibility, methylation, and/or proteomics measurements.
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Glossary

3D genome organization: Often referred to as 3D genome for simplicity, it refers to how

the DNA is folded inside the cell’s nucleus.

Batch effect: A type of technical noise that causes two or more datasets to have systematic

shift in their values due to differences in experimental protocol, location, etc.

Cluster: A group of data points with similar pattern in their measurements, or to group

data points according to such similarity.

Co-clustering: Clustering two different entities (e.g., genes and cells) in a dataset simul-

taneously.

Compartment: Large segments of the genome that are either transcriptionally active and

accessible (A compartment) or repressed and coiled up (B compartment) due to various

chromatin modifications.

Chromatin accessibility/modification: Different states of the physical strands of DNA in-

tertwined with proteins (i.e., the chromatin) inside the cell. Accessibility measures whether

a stretch of the chromatin is open or is inaccessible because another cellular machinery

(e.g. a protein) is already bound to it. Chromatin modification, or histone modification,
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measures altered chemical states of proteins (histones) found on the chromatin from differ-

ent processes like phosphorylation, acetylation, and methylation. These different physical

and chemical states correspond to distinct functional states of the chromatin (e.g. the

transcriptionally active state).

Dimensionality reduction: A statistical or machine learning method that can describe a

dataset more compactly. Clustering, for instance, can describe a large number of data points

or samples with a much smaller number of groups whose members share similar patterns

in the dataset. More commonly, dimensionality reduction refers to finding a more compact

or "lower-dimensional" representation of the data points or samples while retaining the

underlying variation or structure in the data. Many data visualization methods (e.g. PCA,

UMAP) are in fact reducing the dimension of the data to 2 dimensions, which can then be

plotted in a 2-dimensional grid.

Embedding: A "translated" representation of data that machine learning models can

more easily and efficiently process. It is often a more compact (or "lower-dimensional")

representation of the data than in the original input. It could also refer to the process of

generating such representation.

Hi-C: High-throughput chromosomal conformation capture technology; measures pair-

wise contact or interaction level between genomic regions. Hi-C may refer to and encom-

pass other 3D genome technology and platforms that measure pairwise interactions (e.g.

HiChIP) in this dissertation unless distinguished explicitly.

Integration: The computational task of removing batch effect from two or more datasets.
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Graph: A network in which nodes (or vertices) are connected with an edge. The edge

can be a binary value (0 = not connected; 1 = connect) or have a weight representing the

strength of connection or similarity between the nodes.

Matrix factorization: An unsupervised machine learning method that takes a matrix as

input and finds two factor matrices that can, when multiplied together, reconstruct the

original input matrix. The factors are embeddings of the row entities and the column

entities of the matrix, and are often used to co-cluster them.

Multi-omic: Capturing more than one type of cellular readouts, e.g., gene expression,

chromatin accessiblity, methylation, protein abundance, 3D genome interactions.

Multi-task learning: A machine learning approach that optimizes multiple objectives

simultaneously, for example, factorizing multiple matrices at the same time.

Non-negative matrix factorization (NMF): Factorizing a matrix whose entries are all

equal to or above zero (common in biomedical domain with count values).

Orthogroup: A group of genes descended or evolved from a single gene in the last

common ancestral species among all species under consideration.

Orthology: An evolutionary phenomenon in which different parts of an organism’s DNA

sequence evolved from the common ancestor, and then diverged or separated after different

species split from the ancestor.

Phylogenetic tree: An interchangeable term with species tree; a representation of the

evolutionary history and relationship among a group of species, connecting them to their

common ancestral species.
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Regularization: A machine learning strategy for augmenting an optimization process;

providing an additional "regulation", rule, or constraint that the optimization process

should obey so that the output may have a desirable quality.

scRNAseq: Single-cell RNAseq, which measures RNA transcript levels at single-cell

resolution; often used interchangeably with other single-cell gene expression technology

and datasets, e.g., single-nucleus RNAseq (snRNAseq).

Smoothing: Reducing noise in a dataset.

SNP: Single nucleotide polymorphism, or a sequence variant at a single base pair position

in the DNA.

Topologically Associating Domain (TAD): A stretch of neighboring genomic regions

with high levels of interaction or contact inside the cell.

Transcriptomic: Pertaining to the transcriptome (the complete set of RNA transcribed

from the DNA inside the cell).
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Appendix A

GRiNCH supplementary materials

A.1 Supplementary figures
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Figure A.1: Selecting graph regularization parameters λ and neighborhood radius, r. λ
controls the strength of regularization. r determines how many neighboring genomic
regions will be used to influence a given region during the regularization process. A.
Shown are the count of chromosomes in which the given λ value (row) gave the best CTCF
enrichment within the given cell line (column), for different k settings denoted by subTAD,
TAD, and metaTAD scale (see Figure A.14, Figure A.15). Within each cell line, for each
chromosome, we ranked the tested parameter combinations of λ and r, and then counted
the times a given λ yielded the best CTCF enrichment (regardless of r value). Due to ties in
ranking, each column can add up to 23 or more. λ = 0 corresponds to vanilla NMF without
regularization. B. Shown are the count of chromomes in which the given neighborhood
radius value (row) gave the best CTCF enrichment in each cell line (column) at different
k settings. As in A, we rank the parameter combinations of λ and r based on the CTCF
enrichment, then count the number of times a particular value of r yielded the best fold
enrichment. N/A corresponds to vanilla NMF without regularization.
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Figure A.2: The size distribution of TADs identified by different methods from different
resolutions of Hi-C data. Y-axis is in log10 scale of base pairs. The white dot in inside
each violin represents the median; the black box inside each violin stretches from Q1 (25th
percentile) to Q3 (75th percentile). Insulation method is missing TAD distributions from
10kb data because it did not return any TADs when using the same hyperparameters as in
from 25kb and 50kb data.
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Figure A.3: Similarity of TADs across resolutions for different methods, measured by
mutual information. TADs were first converted to clusters, by assigning regions within
the same TAD into a single cluster. To compare across resolutions, 10kb, 25kb, and 50kb
bins were split into a size of lowest common denominator, i.e., 5kb. Then all 5kb bins were
assigned to the same cluster as in the original lower-resolution bin (e.g. a 10kb bin assigned
to cluster A would yield two 5kb bins assigned to cluster A). Finally, cluster assignments
in these split, higher-resolution bins were compared for their similarity with Rand Index
(Figure 3 in main text) and Mutual Information.
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Figure A.4: Evaluating similarity of TADs from different TAD-calling methods using Rand
Index (A, C, E,G, I) and Mutual Information (B, D, F,H, J) for five cell lines from Rao et
al., Gm12878 (A,B), HMEC (C,D), HUVEC (E,F), K562 (G, H), NHEK (I,J).
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Figure A.5: Proportion of TADs, from different Hi-C resolutions, with significant mean
histone modification signal (i.e. empirical p-value < 0.05). The darker the entry the higher
the proportion of TADs with significant histone enrichment. The average ChIP-seq signal
for each histone modification mark was taken from within each TAD; the p-value of each
TAD is derived from an empirical null distribution of mean signals in randomly shuffled
TADs. Note: 3DNetMod outputted overlapping TADs and was excluded from this analysis
as it involves TAD randomization/shuffling.
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Figure A.6: Similarity of structure and significant interactions among Hi-C data using
different restriction enzymes and Hi-C data smoothed by GRiNCH. A. Similarity of Di-
rectionality TADs, measured by Rand index, from Gm12878 Hi-C data using different
restriction enzymes (HindIII, DpnII, MboI) and smoothed by GRiNCH (HindIII smoothed,
DpnII smoothed, MboI smoothed). B. Similarity of Directionality TADs, measured by
mutual information. C. Similarity or overlap in significant interactions, measured by Jac-
card Index, called by FitHiC from Gm12878 Hi-C data using different restriction enzymes
(HindIII, DpnII, MboI) and smoothed by GRiNCH (HindIII smoothed, DpnII smoothed,
MboI smoothed).

Figure A.7: Similarity of GRiNCH TADs from mouse neural development time-course Hi-C
data measured for three stages: mESC, Cortical Neuron, Neural Progenitors. The order of
the developmental stages is mESC, Cortical Neurons, Neural Progenitors. A. Similarity of
TADs by measured by Rand index. B. Similarity of TADs measured by Mutual Information.
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Figure A.8: Interaction profile near Arl6ip5 and Foxp1 in mouse embryonic stem cells
(mESC), neural progenitors (NPC), and differentiated cortinal neurons (CN). Heatmaps
are of Hi-C matrices after log2-transformation of interaction counts for better visualization.
GRiNCH clusters are visualized as blocks of different colors under the heatmap of inter-
action counts. Genes in the nearby regions are marked by small boxes, and a heatmap of
their corresponding RNA-seq levels (in TPM) is shown underneath each gene. ChIP-seq
signals from H3K27ac, H3K4me3, and CTCF are shown as separate tracks.
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Figure A.9: Visual comparison of TADs identified by different TAD-calling methods in
mouse neural development time-course data. The grey heatmap visualizes the interactions
surrounding Zfp608 in chr18 (same region visualized in Figure 7A in main text). Inter-
actions counts were log2-transformed for better visualization. The boxes represent TAD
boundaries.
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Figure A.10: Visual comparison of TADs identified by different TAD-calling methods in
mouse neural development time-course data. The grey heatmap visualizes the interactions
surrounding Syap1 and Ap1s2 in chrX (same region visualized in Figure 7B in main text).
Interactions counts were log2-transformed for better visualization. The boxes represent
TAD boundaries.
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Figure A.11: Visual comparison of TADs identified by different TAD-calling methods in
mouse neural development time-course data. The grey heatmap visualizes the interactions
surrounding Arl6ip5 and Foxp1 in chr6 (same region visualized in Figure S10 above).
Interactions counts were log2-transformed for better visualization. The boxes represent
TAD boundaries.
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Figure A.12: Similarity of GRiNCH TADs from pluripotency reprogramming time-course
Hi-C data measured for the starting pre-B cells and ending induced pluripotent (iPSC)
state and five intermediate time points, Bα, Day2, Day4, Day6, Day8. (1) and (2) suffixes
represent replicate 1 and 2 respectively. A. Similarity of TADs measured by Rand index. B.
Similarity of TADs measured by Mutual Information.
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Figure A.13: Interaction profile near the Sox2 gene in mouse pre-B cells, in day 4 and day 8
of reprogramming, and in induced pluripotent stem cell (iPSC). Heatmaps are of Hi-C
matrices after log2-transformation of interaction counts for better visualization. GRiNCH
clusters are visualized as blocks of different colors under the heatmap of interaction counts.
Genes in the nearby regions are marked by small boxes, and peaks of their corresponding
RNA-seq levels are shown underneath each gene. ChIP-seq signals from H3K4me2 and
ATAC-seq signals are shown as separate tracks.
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Figure A.14: Characterizing GRiNCH clusters of different size scales, i.e., subTADs, TADs,
metaTADs. Shown are different statistics for different settings of the number of clusters in
GRiNCH, k. We set k based on the expected size of the clusters and consider three expected
sizes: subTADs (500kb), TADs (1MB), metaTADs (2MB). TADs are known to be ∼1MB
and therefore, for the “TAD scale” regions, k = nc

1Mb , where nc is the length of chromosome
c. A. The number of subTADs, TADs, and metaTADs, and their median size for Hi-C
datasets from five cells lines at three different resolutions: 10kb, 25kb, 50kb. B. Proportion
of subTADs, TADs, or metaTADs with significantly better (p-val < 0.05) cluster quality
metrics than random clusters, as measured by Davies-Bouldin Index and Delta Count.
Results here are shown for 25kb-resolution data. C. The similarity between subTADs, TADs,
and metaTADs from high-depth GM12878 dataset and those from datasets downsampled
to other lower depths available in different cell lines. Similarity is measured by Rand Index
and Mutual Information. Results here are shown for 25kb-resolution data.
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Figure A.15: Enrichment of regulatory signals in GRiNCH clusters of different expected
sizes: subTAD (500kb), TAD (1Mb) , and metaTAD (2Mb). The expected size is used to set
the GRiNCH parameter k, the number of clusters. Results are shown for 25kb resolution
data. A. Fold enrichment of architectural protein binding signals in subTAD, TAD, and
metaTAD boundaries. B. Proportion of subTADs, TADs, and metaTADs with significantly
higher values (p-val < 0.05) of mean histone modifications compared to random clusters.
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Figure A.16: GRiNCH TAD size distribution by graph regularization parameters A. λ
and B. neighborhood radius. λ = 0 and neighborhood radius of “N/A" correspond to no
regularization. Shown are distributions for different settings of the number of clusters in
GRiNCH, k. We set k based on the expected size of the clusters and consider three expected
sizes: subTADs (500kb), TADs (1MB), metaTADs (2MB). TADs are known to be ∼1MB
and therefore, for the “TAD scale” regions, k = nc

1Mb , where nc is the length of chromosome
c.
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Figure A.17: Memory consumption and runtime trend of the GRiNCH algorithm. A.
Memory consumption plotted against the input Hi-C matrix size (determined by the size
of the chromosome and Hi-C resolution). Each point represents the maximum resident set
size for a run of GRiNCH for a given input matrix size. The GRiNCH scales (subTAD, TAD,
and metaTAD) represent the chromosome-specific k parameter value, which is set based
on the expected size of an output TAD/cluster (500kb, 1Mb, 2Mb respectively); for the
same input matrix size, metaTAD setting uses k value that is half of the TAD setting and
TAD uses k half of subTAD setting. For a given matrix size and k combination, GRiNCH
was run with every combination of regularization parameters λ ∈ {1, 10, 100, 100} and
neighborhood radius ∈ { 25kb, 50kb, 100kb, 250kb, 500kb, 1Mb } as well as without any
regularization (λ = 0). These runs were completed across a distributed computing platform
with machines of varying computing power. B. Runtime distribution of GRiNCH against
the input Hi-C matrix size. GRiNCH runtime was measured for different matrix sizes,
TAD scales, and regularization parameters (see A), from start to successful termination of
program. The dark line in the middle represents the median runtime of GRiNCH. The top
of the shaded area represents the 75th percentile, the bottom 25th percentile of runtimes.
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Figure A.18: Comparison of NNDSVD initialization versus random initialization. A.
Loss as a function of iterations of the GRiNCH algorithm with NNDSVD initialization
versus random initialization. For each type of initialization, we tracked the value of the
objective/loss over 50 iterations of the GRiNCH algorithm, using 100 different seeds for
randomization. The solid line represent the mean loss at a given iteration, and the lightly
colored bands around each line is the standard deviation of the loss at the given iteration.
B. The distribution of the loss after 50 iterations for each type of initialization. Each
point on the box plot corresponds to one of 100 different random seeds. C. Measuring
stability of GRiNCH TADs from NNDSVD initialization versus random initialization.
Each box plot shows the distribution of similarity score of GRiNCH TADs using different
initialization methods. GRiNCH TADs after 50 iterations from each run with different seeds
and initialization methods were converted to clusters. Pairwise similarity of clustering
results from seed x and seed y using the same initialization method was measured with
mutual information. Higher mutual information means the GRiNCH TADs tend to be
more similar and therefore more stable across different seeds. D. Measuring stability of
GRiNCH TADs with Rand Index. GRiNCH TADs were generated in the same as in C.
Higher Rand index means the GRiNCH TADs tend to be more similar and therefore more
stable across different seeds.
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A.2 List of supplementary tables

Table A.1(A) Ranking TAD-calling methods by the percentage of TADs with significant

Davies-Bouldin Index across 5 cell lines

Table A.1(B) Ranking TAD-calling methods by the percentage of TADs with significant

Delta Contact Count across 5 cell lines

Table A.1(C) Ranking TAD-calling methods by mean (absolute) change in median TAD

size as input data resolution changes from 10kb to 25kb to 50kb

Table A.1(D) Ranking TAD-calling methods by mean Rand Index between TADs from

two different resolutions of Hi-C data.

Table A.1(E) Ranking TAD-calling methods by mean Mutual Information between TADs

from two different resolutions of Hi-C data.

Table A.1(F) Ranking TAD-calling methods by mean Rand Index between TADs from

high-depth Gm12878 data and TADs from Gm12878 data downsampled to other cell lines’

depth.

Table A.1(G) Ranking TAD-calling methods by mean mutual information between TADs

from high-depth Gm12878 data and TADs from Gm12878 data downsampled to other cell

lines’ depth.

Table A.1(H) Ranking TAD-calling methods by mean fold enrichment of known bound-

ary elements (CTCF, SMC3, RAD21) across 5 cell lines.
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Table A.1(I) Ranking TAD-calling methods by mean proportion of TADs with significant

histone modification signals across 5 cell lines

Table A.2 Ranking of transcription factors by significant motif enrichment in TAD bound-

aries across all cell types or time points during mouse pluripotency reprogramming (mouse

pre-B cell, D2, D4, D6, D8, iPSC)

Table A.3 Ranking of transcription factors by significant motif enrichment in TAD bound-

aries across all cell lines (GM12878, HUVEC, HMEC, NHEK, K562) from Rao et al.
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A.3 Supplementary method

Below is the pseudocode for chain-constrained k-medoids clustering.

Algorithm A.1: Chain-constrained k-medoids clustering
Input: U ∈ Rn×k, one of the factors from NMF, and maxIter, the maximum number of

iterations
Output: The cluster assignments, C ∈ {c1, c2, . . . , cn}, for each of the chromosomal bins

1 Initialize k medoids to be the rows with the largest value from each column of U
2 Initialize an empty priority queue Q

3 while numIter < maxIter do
4 Add current medoids to priority queue Q, with priority value of 0

// Q orders bins by ascending priority values.
5 while Q is not empty do
6 Pop bin b from Q

7 if b is not assigned to a cluster yet then
/* First, assign bin to cluster */

8 if b is a medoid then
9 Assign b to its own cluster

10 else
11 Assign b to either: the same cluster as its nearest upstream neighbor along

the chromosome already assigned to a cluster, u, or the same cluster as its
nearest downstream neighbor along the chromosome already assigned to a
cluster, d, based on the similarity between the latent feature vectors of b
and the cluster medoids, i.e., minc∈{u,d} ∥U[b, :] −U[medoid of c, :]∥

/* Next, add any unassigned neighbor to priority queue: */
12 for each immediate upstream or downstream neighbor i of b not assigned to a cluster do
13 Add i to Q with priority = priority of b+ ∥U[b, :] −U[i, :]∥

14 Update medoids
15 if sum of distances between each bin and its cluster medoid didn’t change from last iteration then
16 Break
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Appendix B

TGIF supplementary materials

B.1 Supplementary figures
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Figure B.1: Overview of TGIF-DB. (A) TGIF-DB takes as input a user-specified tree
structure that encodes the relationship among the input Hi-C datasets. Shown is an example
of a tree encoding a cell lineage across 3 cell types. (B) Multitask matrix factorization
is performed for submatrices along the diagonal of the input intra-chromosomal Hi-C
matrices. (C) Within each submatrix, a range of hyper-parameter k values is used to
generate boundary scores for TADs at different scales. For each genomic region, the
mean boundary score is taken across the range of ks. (D) The mean boundary scores are
compared to a “null-distribution" boundary scores generated from a randomly shuffled
matrix in order to calculate an empirical p-value for each genomic region and to identify
significant boundaries. (E) Significantly differential boundaries (sigDB) are identified for
every pair of input matrices (only 1 pair shown here as example).
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Figure B.2: Inferring a tree structure between input conditions based on the similarity
of the input matrices. Here we use mouse chr19 intra-chromosomal matrices (25kb
resolution) from neural differentiation data with 3 timepoints (ES, NPC, CN) as an
example. (A) Similarity between input matrices for each pair of timepoints, measured
by stratum-adjusted correlation coefficient (SCC). (B) Similarity converted to distance =
1-SCC. (C) Dendrogram of hierarchy constructed using the distance and average linkage.
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Figure B.3: Benchmarking TGIF-DB. (A) Recall on simulated data. (B) Similarity of
boundary sets from input data of different resolutions (10kb, 25kb, and 50kb).



211

Figure B.4: Overview of datasets used in benchmarking and analysis.
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Figure B.5: Characterizing sigDC in H1-endoderm differentiation. (A) Changes in
accessibility within significantly differential compartment regions (sigDC). (B) Changes
in gene expression level within sigDC. (C) Visualization of the difference in the input
matrices (heatmap) and the significance of differences estimated with TGIF-DC (lineplot).
Each row and column of the heatmap is a 100kb genomic region of chr1 and each entry in
the heatmap = corr(O/E)H1 - corr(O/E)endoderm. The lineplot shows -log(adjusted p-value)
from TGIF-DC used for detecting significantly differential compartment regions between
H1 and endoderm. (D) Heatmap shows the same information as in (C), but with columns
and rows sorted in decreasing significance, i.e., TGIF-DC’s -log(adjusted p-value). The
sorting of regions by p-value highlights greater differences in count for regions with higher
negative log p-values (high significance). (E) Same visualization as (C), but for chr20. (F)
Same visualization as (D), but for chr20.
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Figure B.6: Characterizing TGIF-DC clusters and sigDC on mouse neural differentiation
data. (A) Similarity of cluster assignments for every pair of timepoints/states measured
by Rand index. (B) Count of significantly differential compartmental regions (sigDC) for
every pair of timepoints/states.
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Figure B.7: Heatmap visualization of pairwise difference in O/E counts. (A) Visualiza-
tion of the difference in the input matrices (heatmap) and the significance of differences
estimated with TGIF-DC (lineplot). Each row and column of the heatmap is a 100kb
genomic region of chr1 and each entry in the heatmap = corr(O/E)ES - corr(O/E)NPC.
The lineplot shows -log(adjusted p-value) from TGIF-DC used for detecting significantly
differential compartment regions between ES and NPC. (B) Same information as in (A),
but only the columns are sorted in descending significance. The sorting of regions by p-
value highlights greater differences in count for regions with higher negative log p-values
(high significance). (C) Same visualization as (A), but for finding sigDC between ES and
CN. (D) Same visualization as (B), but for finding sigDC between ES and CN. (E) Same
visualization as (A), but for finding sigDC between NPC and CN. (F) Same visualization
as (B), but for finding sigDC between NPC and CN.



215

Figure B.8: Post-hoc annotation of TGIF-DC clusters into A and B compartments in
mouse neural differentiation data. (A) Within each chromosome, the mean GC percent-
age is measured for regions in each TGIF-DC cluster for ES. Cluster with higher mean GC
content is assigned to compartment A; the other to compartment B across all timepoints.
(B) Genome-wide distribution of GC percentage in each 100kb bin by compartment as-
signment and timepoint. (C) Dynamic compartment assignment patterns for all genomic
regions from ES to NPC to CN state.
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Figure B.9: Characterizing boundaries and sigDB in H1-endoderm differentiation. (A)
Number of significant boundaries identified by TGIF-DB in H1 and differentiated endoderm.
The vertical bars represent specific subsets only belonging to each category, i.e. boundaries
unique to H1; those unique to endoderm; intersection of H1 and endoderm boundaries.
The horizontal bars are total counts of boundaries identified in each state. Similarity of
the boundary sets between H1 and endoderm is measured by Jaccard index. (B) Mean
interaction count difference between H1 and endoderm near sigDB regions (surrounding
1MB window), present in H1 and absent in endoderm. To offset the depth difference
between H1 and endoderm, interaction counts were first normalized to O/E matrices. (C)
Mean interaction count difference between H1 and endoderm near sigDBs absent in H1
and present in endoderm.



217

Figure B.10: Characterizing boundaries and sigDB in mouse neural differentiation.
(A) Number of significant boundaries. The vertical bars represent specific subsets only
belonging to each category, e.g. boundaries unique to ES, NPC, CN; intersection of ES
and NPC boundaries. The horizontal bars are total counts of boundaries identified in each
state. (B) Similarity of boundary sets between pairs of timepoints/states, measured by
Jaccard index. (C) Count of significantly differential boundaries between pairs of time-
points/states. (D) Mean interaction count difference between ES and NPC near sigDB
regions (the surrounding 1MB window), present in ES and absent in NPC. To offset the
depth difference between ES and NPC, interaction counts were first normalized to O/E
matrices. (E) Same visualization as in (D), but for sigDBs present in ES but absent in
CN. (F) Same visualization as in (D), but for sigDBs resent in NPC but absent in CN.
(G) Same visualization as in (D), but for sigDBs absent in ES but present in NPC. (H)
Same visualization as in (D), but for sigDBs absent in ES but present in CN. (I) Same
visualization as in (D), but for sigDBs absent in NPC but present in CN.
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Figure B.11: Characterizing TGIF clusters and sigDC from applying TGIF-DC on car-
diomyocyte differentiation data. (A) Similarity of compartment assignments for every
pair of timepoints/states measured by Rand index. (B) Count of significantly differential
compartmental regions (sigDC) for every pair of timepoints/states. (C) Visualization of
the difference in the input matrices (heatmap) and the significance of differences estimated
with TGIF-DC (lineplot). Each row and column of the heatmap is a 100kb genomic re-
gion of chr1 and each entry in the heatmap = corr(O/E)day 0 - corr(O/E)day 2. The lineplot
shows -log(adjusted p-value) from TGIF-DC used for detecting significantly differential
compartment regions between day 0 and day 2. (D) Same information as in (C), but
only the columns are sorted in descending significance. The sorting of regions by p-value
highlights greater differences in count for regions with higher negative log p-values (high
significance). (E) Same visualization as (C), but for finding sigDC between day 0 and day
80. (F) Same visualization as (D), but for finding sigDC between day 0 and day 80.
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Figure B.12: Characterizing boundaries and sigDB in cardiomyocyte differentiation.
(A) Number of significant boundaries. The vertical bars represent specific subsets only
belonging to each category, e.g. boundaries unique to day 0, day 2, etc., intersection of
day 0 and 2 boundaries. etc. The horizontal bars are total counts of boundaries identified
in each timepoint. (B) Similarity of boundary sets between pairs of timepoints/states,
measured by Jaccard index. (C) Count of significantly differential boundaries between
pairs of timepoints/states. (D) Mean interaction count difference between two timepoints
near sigDB regions (the surrounding 1MB window). Each row of the grid represents the
timepoint in which the boundary is present and each column the timepoint in which it is
absent. To offset the depth difference between the two timepoints, interaction counts were
first normalized to O/E matrices. Each heatmap is the count different matrix where the
counts from the earlier timepoint is subtracted by those from the later timepoint in the pair
as indicated.
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Figure B.13: Examples of differentially expression (DE) gene near significantly differ-
ential boundary (sigDB). (A) A highly ranked sigDB (loci marked with dotted vertical
line) close to a DE gene, MYH6. Shown are the Hi-C interaction matrices for the ES and
CN stages of mouse neural differentiation, the boundary score (blue), significant bound-
ary (asterisk), a gene track and the expression heatmap from RNA-seq data. Differential
expression of MYH6 near a sigDB present in day 15 of cardiomyocyte differentiation but
absent in day 80 is shown. (B) A sigDB close to a DE gene, Ncam1. Differential expression
of Ncam1 near the sigDB that is absent in ES state but appears in CN is shown.
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Figure B.14: Persistent TGIF boundaries identified from human cardiomyocyte differen-
tiation containing the cardiovascular disease associated GWAS SNP rs9349379.
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Figure B.15: Hyperparameter α selection for TGIF-DB. (A) The similarity between the
input matrices is measured by SCC and the output boundary set agreement measured
by Jaccard index. (B) Plotting input matrix similarity vs output boundary set agreement
for each α and each chromosome. Each dot represents one pairwise comparison. (C)
Correlation between the input matrix similarity and the output boundary set agreement for
different values of α. (D) Similarity of boundary sets from different random initialization
seeds (with α = 106), measured by Jaccard index.
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Figure B.16: Resource use by TGIF-DB. (A) Size of each input matrix (100kb resolution)
vs memory use in MB. (B) Size of each input matrix vs running time in seconds. T = the
number of conditions/states/timepoints in a given run of TGIF-DB.
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Figure B.17: Hyperparameter α selection for TGIF-DC. (A) The similarity between
the O/E count matrices is measured by correlation of the flattened matrices the output
cluster similarity measured by Rand index. (B) Plotting input matrix similarity vs output
cluster similarity for each α and each chromosome. Each dot represents one pairwise
comparison. (C) Correlation between the input matrix similarity and the output cluster
similarity for different values of α. (D) Similarity of cluster assignments from different
random initialization seeds (with α = 104), measured by Rand index.



225

Figure B.18: Resource use by TGIF-DC. (A) Size of each input matrix (100kb resolution)
vs memory use in MB. (B) Size of each input matrix vs running time in seconds. T = the
number of conditions/states/timepoints in a given run of TGIF-DC.
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Figure B.19: Post-hoc annotation of TGIF-DC clusters into A and B compartments in H1-
endoderm dataset using accessibility. (A) For each chromosome, mean ATACseq signal
in each 100kb bin is measured for each TGIF-DC cluster in H1. The cluster with higher
mean ATACseq signal is annotated as A compartment; the other cluster B compartment.
(B) Genome-wide mean ATACseq signal distribution by compartment in H1 (top) and
endoderm (bottom). (C) Dynamic compartment assignment pattern from H1 to endoderm.
(D) Genome-wide mean GC content per 100kb bin by compartment in H1 and endoderm.
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Figure B.20: Post-hoc annotation of TGIF-DC clusters into A and B compartments in
cardiomyocyte differentiation dataset using accessibility. (A) For each chromosome,
mean DNaseq signal in each 100kb bin is measured for each TGIF-DC cluster in day 0. The
cluster with higher mean DNaseq signal is annotated as A compartment; the other cluster
B compartment. (B) Dynamic compartment assignment pattern from day 0 to day 80. (C)
Genome-wide mean GC content per 100kb bin by compartment across all timepoints. (D)
Genome-wide mean H3k27ac signal distribution by compartment across all timepoints.
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Figure B.21: TAD boundary perturbation procedure for Hi-C data simulation.. A. Three
different types of TAD boundary changes used in simulation: TAD split, merge, and shift.
B. Different sets of TADs were split, merged, or shifted within the original simulated
TAD set to yield four different simulated matrices. C. Tree structure input to TGIF for
its application to the simulated matrices. D. Number of different TADs between pairs of
simulated matrices.
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B.2 List of supplementary tables

Table B.1 4D Nucleome accession numbers for H1 and endoderm data.

Table B.2 Data sources and GEO accession numbers for mouse neural differentiation

data.

Table B.3 GEO and ENCODE accession numbers for cardiomyocyte differentiation data.

Table B.4 4D Nucleome accession number for GM12878.

Table B.5 Differential expression fold enrichment analysis on H1-endoderm dataset. Each

row represents one fold enrichment hypergeometric test.

Table B.6 Differential expression fold enrichment analysis on mouse neural differentiation

dataset. Each row represents one fold enrichment hypergeometric test.

Table B.7 Differential expression fold enrichment analysis on cardiomyocyte dataset.

Each row represents one fold enrichment hypergeometric test.

Table B.8 GO enrichment analysis on cadiomyocyte differentiation dataset. Each entry

is the negative log p-value of GO biological processes for two subsets of differentially

expressed (DE) genes: DE genes close to sigDB, and DE genes not close to sigDB. Each

column is a pair of timepoints used to determine DB and DE genes. Each row is a GO term

(only GO terms with p-value < 1e-5 in at least one pair of timepoints is listed). Non-blank

entries are the negative log p-value of the GO term enrichment.

Table B.9 GO enrichment analysis on H1-endoderm dataset. Each entry is the negative

log p-value of GO biological processes for two subsets of differentially expressed (DE)
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genes: DE genes close to sigDB, and DE genes not close to sigDB. Each column is a pair of

timepoints used to determine DB and DE genes. Each row is a GO term (only GO terms

with p-value < 1e-5 in at least one pair of timepoints is listed). Non-blank entries are the

negative log p-value of the GO term enrichment.

Table B.10 GO enrichment analysis on mouse neural differentiation dataset. Each entry

is the negative log p-value of GO biological processes for two subsets of differentially

expressed (DE) genes: DE genes close to sigDB, and DE genes not close to sigDB. Each

column is a pair of timepoints used to determine DB and DE genes. Each row is a GO term

(only GO terms with p-value < 1e-5 in at least one pair of timepoints is listed). Non-blank

entries are the negative log p-value of the GO term enrichment.
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B.3 Supplementary methods

Below we walk through the derivation for the Block Coordinate Descent (BCD) optimiza-

tion and update rules for Tree-Guided Integrated Factorization (TGIF).

Notation and objective

Given t ∈ {1, . . . , T } tasks, each with input matrix X(t) ∈ Rnt×m, related to each other in a

task hierarchy/tree with a set of nodes c ∈ {r} ∪B ∪ T where r is the root node, B a set of

internal (or branch) nodes b ∈ B, and T a set of the task-specific leaf nodes, the objective is:

O =

T∑
t=1

∥∥X(t) −U(t)V(t)⊤∥∥2
F + α

∑
c

∥∥V(c) − VPa(c)
∥∥2

F (B.1)

where U(t) ∈ Rnt×k, V(·) ∈ Rm×k, k≪ n,m. The regularization term will:

1. constrain a task-specific latent feature factor V(t) in a leaf node of the task hierarchy

to be similar to VPa(t) in its parent node;

2. constrain an internal node’s latent feature factor V(b) to be similar to its direct child

nodes’ V(c) and and its parent node’s VPa(b); and

3. constrain the root node’s latent feature factor V(r) to be similar to all of its direct child

nodes’ V(c)s.

Breaking down to task-level and column-level subproblems

The objective can be re-written as:

O =

T∑
t=1

∥∥∥∥∥X(t) −
∑
k

u
(t)
k v

(t)⊤
k

∥∥∥∥∥
2

F

+ α
∑
c

∑
k

∥∥∥v(c)k − v
Pa(c)
k

∥∥∥2

2
(B.2)
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Where u
(t)
k ∈ Rnt is the kth column vector of U(t) and v

(t)
k ∈ Rm is the kth column

vector of V(t). Now we ‘pull out’ terms involving the kth column in all factors:

O =

T∑
t=1

∥∥∥∥∥X(t) − u
(t)
k v

(t)⊤
k −

∑
j̸=k

u
(t)
j v

(t)⊤
j

∥∥∥∥∥
2

F

+ α
∑
c

(∥∥∥v(c)k − u
Pa(c)
k

∥∥∥2

2
+
∑
j̸=k

∥∥∥v(c)j − v
Pa(c)
j

∥∥∥2

2

)
(B.3)

Now we will substitute with R
(t)
k = X(t) −

∑
j̸=k u

(t)
j v

(t)⊤
j :

O =

T∑
t=1

∥∥∥R(t)
k − u

(t)
k v

(t)⊤
k

∥∥∥2

F
+ α

∑
c

∥∥∥v(c)k − v
Pa(c)
k

∥∥∥2

2
+ α

∑
c

∑
j̸=k

∥∥∥v(c)j − v
Pa(c)
j

∥∥∥2

2
(B.4)

We can now attempt to optimize u
(t)
k and v

(·)
k , fixing all other parameters to be constant.

Optimize v
(t)
k

To find v
(t)
k for each leaf node task t that minimizes the objective, we find the derivative of

the objective with respect to v
(t)
k and set it to 0, then solve. First we expand the objective

into matrix multiplications:

O =
∥∥∥R(t)

k − u
(t)
k v

(t)⊤
k

∥∥∥2

F
+ α

∥∥∥v(t)k − v
Pa(t)
k

∥∥∥2

2
+ C (B.5)

= Tr
[(

R
(t)
k − u

(t)
k v

(t)⊤
k

)⊤ (
R
(t)
k − u

(t)
k v

(t)⊤
k

)]
+ α

(
v
(t)
k − v

Pa(t)
k

)⊤ (
v
(t)
k − v

Pa(t)
k

)
+ C

(B.6)

Here C subsumes all elements of the objective that does not involve v
(t)
k (including

terms involving tasks other than t), since they will be zeroed out when the derivative is
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taken with respect to v
(t)
k . Now we keep expanding:

O = Tr
[
R
(t)⊤

k R
(t)
k − 2R(t)⊤

k u
(t)
k v

(t)⊤
k +

(
u
(t)
k v

(t)⊤
k

)⊤ (
u
(t)
k v

(t)⊤
k

)]
(B.7)

+ α
(
v
(t)⊤
k v

(t)
k − 2v(t)⊤k v

Pa(t)
k + v

Pa(t)⊤
k v

Pa(t)
k

)
+ C (B.8)

= Tr
(
R
(t)⊤

k R
(t)
k

)
− 2 Tr

(
R
(t)⊤
k u

(t)
k v

(t)⊤
k

)
+ Tr

(
v
(t)
k u

(t)⊤
k u

(t)
k v

(t)⊤
k

)
(B.9)

+ αv
(t)⊤
k v

(t)
k − 2αv(t)⊤k v

Pa(t)
k + αv

Pa(t)⊤
k v

Pa(t)
k + C (B.10)

= Tr
(
R
(t)⊤

k R
(t)
k

)
− 2

(
R
(t)⊤
k u

(t)
k

)⊤
v
(t)
k +

(
u
(t)⊤
k u

(t)
k

)(
v
(t)⊤
k v

(t)
k

)
(B.11)

+ αv
(t)⊤
k v

(t)
k − 2αv(t)⊤k v

Pa(t)
k + αv

Pa(t)⊤
k v

Pa(t)
k + C (B.12)

Now we take the derivative of O w.r.t. v(t)k :

∂O

∂v
(t)
k

= 0 − 2R(t)⊤
k u

(t)
k + 2v(t)k u

(t)⊤
k u

(t)
k + 2αv(t)k − 2αvPa(t)k + 0 + 0 (B.13)

0 = −R
(t)⊤
k u

(t)
k +

(
u
(t)⊤
k u

(t)
k + α

)
v
(t)
k − αv

Pa(t)
k (B.14)

v
(t)
k =

R
(t)⊤
k u

(t)
k + αv

Pa(t)
k∥∥∥u(t)

k

∥∥∥2

2
+ α

(B.15)

With the non-negativity constraint v(t)k ⩾ 0, we want R(t)⊤
k u

(t)
k +αv

Pa(t)
k ⩾ 0, because if

R
(t)⊤
k u

(t)
k + αv

Pa(t)
k < 0, O will increase in (B.11) and (B.12). So the finalized update rule

is:

v
(t)
k =

[
R
(t)⊤
k u

(t)
k + αv

Pa(t)
k

]
+∥∥∥u(t)

k

∥∥∥2

2
+ α

(B.16)
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Optimize u
(t)
k

We can derive the update rule for u(t)
k in leaf node task t similarly but much more simply.

From (B.12), we take the derivative of Ot with respect to u
(t)
k ; all regularization terms will

zero out since they do not involve u
(t)
k . Hence the final update rule for u(t)

k is:

u
(t)
k =

[
R
(t)
k v

(t)
k

]
+∥∥∥v(t)k

∥∥∥2

2

(B.17)

Optimize v
(r)
k

For the overall consensus factor in the root of the task hierarchy, v(r)k , we can again ignore

terms that do not involve v
(r)
k in the objective (B.4). Note that we’re going to collect the

terms involving nodes c whose parent is the root node, i.e. Pa(c) = r:

O = α
∑

c∈Child(r)

∥∥∥v(c)k − v
(r)
k

∥∥∥2

2
+ C (B.18)

= α
∑

c∈Child(r)

(
v
(c)
k − v

(r)
k

)⊤ (
v
(c)
k − v

(r)
k

)
+ C (B.19)

= α
∑

c∈Child(r)

[
v
(c)⊤
k v

(c)
k − 2v(c)⊤k v

(r)
k + v

(r)⊤
k v

(r)
k

]
+ C (B.20)

= C−
∑

c∈Child(r)

2αv(c)⊤k v
(r)
k +

∑
c∈Child(r)

αv
(r)⊤
k v

(r)
k (B.21)
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Now we take the derivative, set to 0, and solve:

∂O

∂v
(r)
k

= 0 −
∑

c∈Child(r)

2αv(c)k +
∑

c∈Child(r)

2αv(r)k (B.22)

0 = −
∑

c∈Child(r)

v
(c)
k + |Child(r)| · v(r)k (B.23)

v
(r)
k =

∑
c∈Child(r) v

(c)
k

|Child(r)| (B.24)

where |Child(r)| is the number of direct child nodes of the root node r.

Optimize v
(b)
k

For the latent feature factor in an internal/branch node of the task hierarchy, v(b)k , same

drill as before: we ignore terms that do not involve v
(b)
k for the particular node b of interest

in the objective (B.4). This time we collect terms involving the parent node of b, i.e. Pa(b),

and nodes c whose parent is b, i.e. Pa(c) = b:

O = α

∥∥∥v(b)k − v
Pa(b)
k

∥∥∥2

2
+

∑
c∈Child(b)

∥∥∥v(c)k − v
(b)
k

∥∥∥2

2

+ C (B.25)

= α
(
v
(b)
k − v

Pa(b)
k

)⊤ (
v
(B)
k − v

Pa(b)
k

)
+ α

∑
c∈Child(b)

(
v
(c)
k − v

(b)
k

)⊤ (
v
(c)
k − v

(b)
k

)
+ C

(B.26)

= α
[
v
(b)⊤
k v

(b)
k − 2v(b)⊤k v

Pa(b)
k + v

Pa(b)⊤
k v

Pa(b)
k

]
+ α

∑
c∈Child(b)

[
v
(c)⊤
k v

(c)
k − 2v(c)⊤k v

(b)
k + v

(b)⊤
k v

(b)
k

]
+ C (B.27)

= αv
(b)⊤
k v

(b)
k − 2αv(b)⊤k v

Pa(b)
k −

∑
c∈Child(b)

2αv(c)⊤k v
(b)
k +

∑
c∈Child(b)

αv
(b)⊤
k v

(b)
k + C (B.28)
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Now we take the derivative, set to 0, and solve:

∂O

∂v
(b)
k

= 2αv(b)k − 2αvPa(b)
k −

∑
c∈Child(b)

2αv(c)k +
∑

c∈Child(b)

2αv(b)k (B.29)

0 = v
(b)
k − v

Pa(b)
k −

∑
c∈Child(b)

v
(c)
k − |Child(b)| · v(b)k (B.30)

= (1 + |Child(b)|)v(b)k − v
Pa(b)
k −

∑
c∈Child(b)

v
(c)
k (B.31)

v
(b)
k =

v
Pa(b)
k +

∑
c∈Child(b) v

(c)
k

1 + |Child(b)| (B.32)

where |Child(b)| is the number of direct child nodes of b.
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