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SUMMARY

T cell development is orchestrated by transcription
factors that regulate the expression of genes initially
buried within inaccessible chromatin, but the tran-
scription factors that establish the regulatory land-
scape of the T cell lineage remain unknown. Profiling
chromatin accessibility at eight stages of T cell devel-
opment revealed the selective enrichment of TCF-1 at
genomic regions that became accessible at the
earliest stages of development. TCF-1 was further
required for the accessibility of these regulatory
elements and at the single-cell level, it dictated a
coordinate opening of chromatin in T cells. TCF-1
expression in fibroblasts generated de novo chro-
matin accessibility even at chromatin regions with
repressive marks, inducing the expression of T cell-
restricted genes. These results indicate that a mech-
anism by which TCF-1 controls T cell fate is through
its widespread ability to target silent chromatin and
establish the epigenetic identity of T cells.

INTRODUCTION

Eukaryotic organisms express genes in incredibly diverse

patterns that are necessary for biological complexity (Struhl,

1999). This transcriptional diversity is largely controlled by the

interactions between transcription factors and their cognate

DNA binding sites within accessible chromatin regions. How-

ever, eukaryotic genomes are compacted to fit over a meter of

DNA within the limited volume of the nucleus and this compac-

tion is inherently repressive to processes that require access to

the DNA sequence (Horn and Peterson, 2002). Despite the inher-

ently repressive state of the chromatin, a number of lineage-

instructive transcription factors alone or in cooperation with their

partners can access a subset of their binding sites even if it is

partially occluded by nucleosomes, recruiting chromatin-remod-
eling enzymes and exposing the underlying DNA. The distinctive

collection of such accessible sequences controls the transcrip-

tional output of a cell type and determines its functional

characteristics.

Hematopoiesis is an excellent system for studying lineage-

instructive transcription factors and their roles in establishing

chromatin accessibility. Numerous studies in macrophages

and B cells illustrate the emergence of accessible chromatin

commanded by lineage-determining transcription factors (Boller

et al., 2016; Di Stefano et al., 2014; Ghisletti et al., 2010; Heinz

et al., 2010). The pervasive patterns of PU.1 binding to thou-

sands of genomic regions are closely related to the permissive

chromatin state in macrophages (Ghisletti et al., 2010; Heinz

et al., 2010). EBF1 can induce lineage-specific chromatin acces-

sibility in B cell progenitors (Boller et al., 2016). In addition to

instructing development, transcription factors can also play

key roles in cell reprogramming. For example, C/EBPa can

induce transdifferentiation of B cells into macrophages at high

efficiency by activating regulatory elements of macrophages

(Di Stefano et al., 2014).

Despite numerous studies of CD4+ T helper cell differentiation

(Ciofani et al., 2012; Vahedi et al., 2015; Vahedi et al., 2012) and

CD8+ T effector responses (Gray et al., 2017; Pauken et al., 2016;

Yu et al., 2017), and reports on the dynamics of histone modifi-

cations during T cell development (Dose et al., 2014; Zhang

et al., 2012), we have a limited understanding of transcription

factors shaping the chromatin accessibility of mature T cells

in the thymus. The inception of T-lineage cells occurs when

bone-marrow-derived multipotent precursors seed the thymus

and give rise to early thymic progenitors (ETP or DN1). Notch

activation initiates T cell lineage commitment, reaching

CD4�CD8� double-negative (DN)3 stage where the T cell recep-

tor (TCR)b gene locus is rearranged. DN3 thymocytes that

complete the b-selection mature to CD4+CD8+ double-positive

(DP) cells, which further rearrange their TCRa locus. The T cell

receptors are tested for reactivity to self-antigens, and positively

selected DP thymocytes will become either CD4+ helper T or

CD8+ cytotoxic T cells.

The distinct phases of T cell development in the thymus are

controlled by the upregulation of transcription factors including
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Figure 1. TCF-1 Binding Occurs at Three Waves of Chromatin Remodeling during T Cell Development (see also Figure S1)
(A) Heatmap demonstrates the level of chromatin accessibility at 35,869 regulatory regions measured by bulk ATAC-seq in HSC, MPP, CLP, ETP, DN2a-b, DN3,

DN4, DP, SP, B, and NK cells (ImmGen Consortium and STAR Methods). All ATAC-seq libraries were generated in duplicate and data were merged to calculate

the FDR. Rows represent genomic loci and columns are the significance of each element’s accessibility level in every sample. Accessible regions were organized

in groups with k-means clustering (k = 20) using FDR as a proxy for signal enrichment (see Figure S1A). The number of clusters was chosen based on Average

Silhouette Width statistic. Clusters were further assembled into meta-clusters depending on their accessibility patterns in progenitor, B, NK, in addition to early,

intermediate, and late opening in T cells. Clusters that were open in mature T cells and specific to T cell development are highlighted in red.

(legend continued on next page)
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TCF-1, GATA3, and Bcl11b as well as the repression of alterna-

tive-lineage factors such as PU.1 and Bcl11a. The earliest T cell-

specific transcription factor is TCF-1, encoded by Tcf7, which is

steeply upregulated in T cell progenitors by Notch1 signaling and

sustained until maturation. TCF-1 can positively regulate Gata3

in addition to Bcl11b, which is necessary for T lineage commit-

ment (Germar et al., 2011; Weber et al., 2011). Transcription

factors required in other hematopoietic differentiation programs

such as E2A and its relatives, Ikaros, Gfi1, MYB, and RUNX1 are

also essential in T cell development (reviewed in [Rothenberg

et al., 2008]). Despite the broad knowledge on the functions of

these transcription factors at distinct developmental stages, it

remains unclear which ones shape the chromatin accessibility

of T cells in the thymus.

By mapping chromatin accessibility at eight stages of thymic

T cell development in mice, we found the significant enrichment

of TCF-1 at genomic regions that became accessible at the

earliest stage of development and persisted until T cell matura-

tion. T-like cells in Tcf7�/� mice did not establish the open chro-

matin landscape and transcriptional profile of normal T cells.

Moreover, TCF-1 dictated a coordinate opening of chromatin

in single cells that followed a T cell trajectory. Gain of function

experiments in fibroblasts further revealed the ability of TCF-1

to bind to previously occupied nucleosomes, generating de

novo chromatin accessibility even at condensed chromatin

regions and inducing the expression of T cell-restricted genes

ordinarily silenced in fibroblasts. A subset of TCF-1 binding

events further erased the pre-existing repressive marks in

fibroblasts, highlighting the ability of this lineage-determining

transcription factor to substantially target closed chromatin.

Collectively, our results identified the role of TCF-1 in the making

of chromatin accessibility at T cell genes and revealed a mecha-

nism through which this protein controls the epigenetic identity

of T cells during development.
RESULTS

Chromatin Remodeling Occurs in Three Waves during
T Cell Development
To elucidate the developmental stages in which the open chro-

matin landscapes of mature CD4+ and CD8+ T cells are estab-

lished in the thymus, we assessed chromatin accessibility at

eight stages of development including ETP (also referred to as

DN1), DN2a, DN2b, DN3, DN4, DP, CD4+, andCD8+ T cells using

ATAC-seq (ImmGen Consortium, STAR Methods). To identify

T cell-specific regulatory elements, we compared these maps

with those of progenitor cells including hematopoietic stem cells

(HSC), multipotent progenitors (MPP), and common lymphoid

progenitors (CLP) in addition to B and NK cells. Initial steps of

the analysis led to the characterization of 35,869 open chromatin

regions with differential accessibility levels across cell states.

Our unsupervised clustering of these regulatory elements
(B) Heatmap demonstrates normalized ATAC-seq tag counts around regulatory

(C–E) De novo motif discovery using HOMER in each cluster of regulatory eleme

analysis shown in A (see Figures S1A and S1C and STAR Methods).

(F) Percentage of cluster members bound by TCF-1, PU.1, GATA3, and RUNX1

tables were calculated using ChIP-seq data summarized in STAR Methods.

(G) ATAC-seq (13 cell types) and TCF-1 ChIP-seq (DP T cells) profiles in the Bcl1
revealed patterns of gain and loss of chromatin accessibility as

cells progressed from early to terminal stages of T cell fate deter-

mination (Figures 1A and S1A and S1B).We aggregated patterns

of gain and loss in chromatin accessibility into broader meta-

clusters capturing selective opening in early, intermediate, and

late phases of development. Our data showed that the sustained

accessibility of mature T cells was established in three distinct

waves: ‘‘early’’ at ETP (1,705 regulatory elements, cluster 9),

‘‘intermediate’’ after commitment at DN2b (1,399 regulatory

elements, cluster 19), and ‘‘late’’ at the single-positive stage

(1,917 regulatory elements, cluster 10) (Figures 1A and 1B). In

addition, a set of genomic regions that became open early was

shared between T and NK cells (1,445 regulatory elements,

cluster 7). Our analysis further revealed a pattern of gain followed

by loss of chromatin accessibility as 75% (9,071) of regulatory

elements that became accessible at the early ETP stage were

dismantled before T cell maturation (‘‘Open Early in T’’ meta-

cluster, Figure 1A). These results demonstrated the dynamic re-

modeling of chromatin landscape with distinct expansions and

restrictions of regulatory elements during T cell development.
TCF-1 Is the Top Enriched Transcription Factor in
Mature T Cell Clusters
We reasoned that the transcription factors that can bind to

nucleosomal DNA in progenitors and create the chromatin

accessibility landscape of terminally differentiated cells should

be enriched within regulatory elements that selectively become

open in that lineage. To find transcription factors with such char-

acteristics, we inferred their occupancy in cell- and stage-spe-

cific regulatory elements by performing motif analysis (Heinz

et al., 2010). B cell-specific open chromatin regions were en-

riched with motifs of EBF1, a transcription factor which has

been previously reported to create the accessibility of regulatory

elements in B cells (Figure S1C) (Boller et al., 2016). Furthermore,

Tbox, ETS, and GATA motifs were highly enriched among regu-

latory elements of NK and progenitor-specific cells (Figure S1C).

In T cells, recognition sites for TCF, a high-mobility group (HMG)

family of proteins, were the top enriched motif in the early, inter-

mediate, and late waves of chromatin opening that persisted

until T cell maturation (clusters 9, 19, 7, and 10) (Figures 1C–

1E). Notably, E2A, ETS, and RUNX recognition sites were among

the second and thirdmotifs in these clusters (Figure S1C). Similar

analysis on chromatin accessibility maps of human T cells

revealed the enrichment of TCF motifs within T cell-specific

open chromatin of human naive T cells, suggesting the

conserved role of this transcription factor in humans and mice

(Figure S1D).

Among TCF family transcription factors, TCF-1 is induced

early at the inception of T-lineage cells. To further substantiate

direct binding of TCF-1 in comparison to other T cell related tran-

scription factors including GATA3, RUNX1, and PU.1, we calcu-

lated the number of genomic regions within each cluster bound
loci (+/� 2 kb window and 10 bp bin size) in clusters 9, 19 and 10.

nts (A) using elements in clusters that were removed from the final clustering

ChIP-seq peaks (left) and their corresponding odds ratio (right). Contingency

1b locus.
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by these transcription factors using ChIP-seq (STAR Methods).

As predicted by the enrichment of its motif, TCF-1 bound to

around 70%of the genomic regions within the early and interme-

diate T cell-specific clusters in addition to 24% of the late T cell

cluster (Tables S1 and S2). This contrasted with RUNX1 and

GATA3 binding events at less than 17% of the genomic regions

within T cell-specific clusters (Figure 1F). Moreover, the highest

odds ratio was associated with TCF-1 binding events in early

and intermediate T cell clusters in particular clusters 9, 7, and

19 (Figure 1F). The early regulatory elements deactivated before

maturation were enriched with PU.1 binding, reminiscent of

earlier findings that most active chromatin features at PU.1 bind-

ing events were ‘‘dismantled’’ as PU.1 is downregulated in early

DN stages (Zhang et al., 2012). Together, the pervasive binding

of TCF-1 corroborated the strong enrichment of its motif at

accessible regulatory elements of T cells.

We further sought to explore the relationship between the acti-

vation of regulatory elements and their associated genes. The

ontology of genes proximal to T cell-specific clusters wasmostly

related to T cell receptor signaling and naive T cell development

with no ontology distinguishing different waves of chromatin

opening (Figure S1E). The gene expression levels proximal to dy-

namic regulatory elements did not present significant differences

during development, suggesting a larger transformation for the

regulatory landscape than the transcriptional output (Figure S1F).

While the T cell commitment factor Bcl11b has low expression

levels in ETP, multiple T cell-specific regulatory elements prox-

imal to this gene became accessible at the earliest stage and

colocalized with TCF-1 binding (Figure 1G). A representative of

three waves of chromatin remodeling during development is

the Bcl11b locus. The rightmost elements including the Bcl11b

promoter became accessible as early as the ETP and these early

elements were retained until T cell maturation. The middle of the

locus was mostly accessible in intermediate stages, and the left-

most elements of the locus gained accessibility late in the devel-

opmental process. Collectively, these results demonstrated the

dynamic of expansions and restrictions of regulatory elements

during T cell development and foreshadowed the importance

of TCF-1 in patterning the regulatory landscape from early

thymic progenitors to mature T cells.

Tcf7-Deficient T Cells Cannot Establish the Open
Chromatin Landscape of Normal T Cells
Germline deletion of TCF-1 leads to a severe reduction in thymo-

cyte numbers (Verbeek et al., 1995). Although some T lineage-

like cells continue to develop in the thymus of Tcf7-deficient

mice, they are functionally limited in terms of differentiation

and persistence of memory T cells during infection (Verbeek

et al., 1995; Zhou et al., 2010). It remains unclear whether the

chromatin accessibility landscape and transcriptional outputs

of these T-like cells is different from those of normal T cells.

Therefore, we next measured chromatin accessibility at TCF-1

binding events in wild-type and Tcf7�/� DP T cells. Our data

revealed the loss of chromatin accessibility at 5,000 regulatory

elements and the gain at 1,165 genomic loci in Tcf7�/� T cells

(Figures 2A and S2A). We sought to elucidate the relationship

between regulatory elements that required TCF-1 for their

accessibility and the three waves of chromatin opening during

T cell development (clusters in Figure 1A). Regulatory elements
246 Immunity 48, 243–257, February 20, 2018
that lost chromatin accessibility in the absence of TCF-1 were

strongly enriched within early or intermediate waves of chro-

matin opening during T cell development, suggesting that this

transcription factor is required for patterning the chromatin at

early stages (clusters 7, 9, and 19) (Figure 2B). Examples of

affected regions included the well-annotated Tcrb enhancer

(Osipovich and Oltz, 2010) and the distal Bcl11b enhancers (Li

et al., 2013) (Figure 2C). Performing de novo motif analysis

revealed TCF as the top enriched motif in the lost sites support-

ing the notion that TCF-1 is directly responsible for chromatin

accessibility (Figure 2D). TCF-1-bound regions with gains in

accessibility in Tcf7�/� T cells were also enriched with the TCF

motif but were associated with elements accessible in B and

NK cells or T cell regulatory elements deactivated in mature

T cells, supporting the previously reported repressive role of

TCF-1 at some genomic locations (Figures 2B and 2D) (Xing

et al., 2016). Together, these data demonstrated that TCF-1

was required for patterning the chromatin of T cells at early

stages of development in the thymus.

To elucidate how changes in chromatin accessibility relate to

the dynamics of gene expression, we evaluated the transcrip-

tome of wild-type and Tcf7�/� T cells using RNA-seq (Figures

S2B and S2C). We then interrogated changes in the expression

of genes proximal to TCF-1-dependent open chromatin regions

using gene-set-enrichment analysis. Genes proximal to regions

that became less accessible in the absence of TCF-1, such as

Tcrb and Bcl11b, displayed reduced expression in cells lacking

this transcription factor (Figure 2E). Conversely, genes such as

Adam19 that became more accessible also showed an increase

in transcription in Tcf7�/� T cells (Figure S2D). Together, these

results indicated that while some T-like cells continued to

develop in the absence of TCF-1 in the thymus, they could not

establish the open chromatin landscape and transcriptional

profiles of normal T cells.

TCF-1 Binding Exerts a Coordinate Impact on the
Chromatin of Single T Cells
If a transcription factor is required for patterning the regulatory

landscape of a lineage, it might need to exert a harmonizing

impact on the chromatin of individual cells making the same

fate decision. To interrogate which T cell transcription factor

might have such features, we first exploited maps of chromatin

accessibility at the population level and reasoned that at a given

regulatory element, the strength of bulk ATAC-seq signal can

reflect the fraction of cells in the population with open chromatin.

We compared the normalized intensity of chromatin accessibility

in bulk ATAC-seq at genomic regions uniquely bound by T line-

age transcription factors TCF-1, GATA3, or RUNX1 (Figure 3A).

Our analysis revealed that TCF-1 binding events rendered the

highest average level of chromatin opening in comparison to

GATA3 and RUNX1, advancing the notion that TCF-1 might unify

chromatin accessibility across single T cells (Figure 3A).

While chromatin accessibility maps of bulk T cells measure the

average patterns of open regulatory elements at the population

level, it remains unclear whether Tn5 insertions linearly reflect

the fraction of individual cells with open chromatin. To address

this concern, we tested our hypothesis using single-cell (sc)

ATAC-seq (Buenrostro et al., 2015). In this approach, individual

cells stained for viability were captured and assayed using a
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Figure 2. Tcf7-Deficient DP T Cells Cannot Establish the Open Chromatin Landscape and Transcriptional Output of Normal DP T Cells (see

also Figure S2)

(A) Volcano plot demonstrates fold-change and p value calculated by DESeq2 to delineate differentially accessible regions betweenWT and Tcf7–/– DP T cells at

TCF-1 binding sites based on ChIP-seq. This analysis reports 5,000 less accessible and 1,165 more accessible genomic regions in Tcf7–/– DP T cells (fold-

change > 1.5 and p value < 1e-3). Two technical replicates of ATAC-seq in wild-type and Tcf7–/– DP T cells were generated in one experiment (see Figure S2A).

(B) Heatmap demonstrates odds ratios of the enrichment of TCF-1-dependent open chromatin regions (A) within T cell specific clusters from Figure 1A.

Contingency tables were calculated as described in STAR Methods.

(C) Representative examples of TCF-1-dependent chromatin accessibility at Tcrb and Bcl11b.

(D) Heatmap demonstrates DESeq2 normalized tag counts of ATAC-seq at differentially accessible regions in wild-type and Tcf7–/– DP T cells. The de novomotif

analysis in differentially accessible regions was performed with remaining elements as background using HOMER.

(E) GSEA depicts the enrichment of genes proximal to differential accessible regions within transcriptionally regulated genes. Two technical replicates of RNA-

seq in WT and Tcf7–/– DP T cells in one experiment were generated to assess the effect of TCF-1 absence on gene expression levels (see Figure S2B). DESeq2

was used to identify differentially expressed genes (fold-change > 1.5 and p value < 5e-2). Our analysis unveiled 1,167 down- and 1,293 upregulated genes in

Tcf7–/– compared to WT DP T cells (see Figure S2C). Genes were ranked based on log2 fold-change and used as the pre-ranked gene list in GSEA analysis. The

GSEA gene sets were genes within 10kb of top 200 regions with highest fold-change in chromatin accessibility between Tcf7–/– and WT DP T cells (A).
programmable microfluidics platform (Fluidigm) (Figures S3A

and S3B). Collapsing reads from single T cells to aggregate

scATAC-seq data closely reproduced measures of accessibility
profiled by ATAC-seq generated from 50,000 T cells (Figure 3B).

A representative genomic region such as the Tcrb enhancer

confirmed the strong correlation between bulk and single-cell
Immunity 48, 243–257, February 20, 2018 247
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Figure 3. TCF-1 Binding Exerts a Coordinate Impact on the Chromatin of Single T Cells (see also Figure S3)

(A) Violin plots depict the enrichment of chromatin accessibility at transcription factor binding events using bulk ATAC-seq. Genome-scale binding of TCF-1,

RUNX1, and GATA3 in DP T cells was measured by ChIP-seq. An equal number of genomic regions with unique binding of each transcription factor were

subsampled from ChIP-seq datasets. The normalized tag count for ATAC-seq in DP T cells was calculated for each instance from the subsampled groups of

transcription factor binding. Statistical significance of the difference in ATAC-seq enrichment between pairs of groups was assessed with Mann-Whitney U test.

(B) Scatterplot shows the correlation between bulk ATAC-seq and ensemble of single-cell ATAC-seq data. Accessible chromatin regions identified from bulk

ATAC-seq in 50,000 DP T cells were merged with peaks characterized by aggregating the samples from 110 single DP T cells passing QC measures (see

Figure S3D). Normalized enrichment was subsequently calculated in bulk (down sampled to 11.6 million reads) and aggregated scATAC-seq with 11.6 million

reads enabling the correlation assessment between the two assays. Three independent experiments (captures) were performed.

(C) Genome-browser view depicts scATAC at 110 single T cells, ensemble of single-cell ATAC, and bulk ATAC-seq profiles with TCF-1 ChIP-seq on the

Tcrb locus.

(D) Overview of our method to infer transcription factor-associated chromatin accessibility variation across single cells (STAR Methods).

(legend continued on next page)
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measurements (Figure 3C). Furthermore, data from single T cells

recapitulated several characteristics of bulk ATAC-seq data,

including fragment-size periodicity corresponding to integer

multiples of nucleosomes (Figure S3C). Together, we performed

three independent single-cell captures and 110 T cells at the DP

stage passed various quality control thresholds, suggesting

high-confidence single-cell chromatin accessibility maps in

T cells (Figure S3D).

Single-cell chromatin accessibility data are sparse, binary,

and high dimensional, leading to computational challenges. To

overcome these difficulties, we developed a method using a

geometric distance metric and quantified cell-to-cell chromatin

accessibility variation (Figure 3D, STARMethods). To interrogate

which T cell transcription factor can create harmonizing effects,

we exploited our method on binarized scATAC-seq count data in

every cell and calculated the average distance between pairs of

T cells at genomic regions uniquely bound by TCF-1, RUNX1, or

GATA3. We reasoned that binarizing scATAC-seq count data at

transcription factor binding events reflected the openness or

closeness (1 or 0) of a locus in a single cell. Due to biases in

the number of observed fragment counts between cells based

on the GC content or mean accessibility of a given peak set,

we normalized the distance between individual cells at each

set of transcription factor binding events to that of a background

set comprising an equal number of peakswithmatchingGC con-

tent and mean accessibility. Our single-cell analysis revealed

that TCF-1-bound regions were associated with the least vari-

ability among individual T cells in comparison with GATA3 and

RUNX1 (Figure 3E). We further applied another analytical tech-

nique called ‘‘chromVAR’’ which was recently developed to

address the same question (Schep et al., 2017). Unlike our

method in which the difference in accessibility of a genomic re-

gion between every cell-pair contributes to the variability score,

chromVAR relies on the aggregate of accessibility signal across

a genomic set. Despite differences in the inference of variability

at transcription factor binding sites, chromVAR also identified

TCF-1 as the least variable transcription factor in exerting chro-

matin accessibility across single T cells (Figure 3E). Together,

two analytical strategies developed by us and others corrobo-

rated the enrichment of TCF-1 binding at regulatory elements

that their accessibility was conserved across single T cells.

As an alternative strategy, we ranked T cell-specific genomic

regions in the early T cell cluster (cluster 9) based on the fraction

of cells harboring open chromatin and evaluated whether they

were bound by T cell transcription factors TCF-1, GATA3, and

RUNX1 (Figure 3F). The top regulatory elements open across

the majority of single cells were bound consistently by TCF-1

in contrast with GATA3, and RUNX1 (Figure 3F). We reasoned

that if TCF-1 indeed plays a role in creating accessibility at

genomic regions with the highest similarity across individual

cells, then its deletion should have a stronger effect on the

accessibility of these regions at the bulk level. Indeed, the
(E) Chromatin accessibility variation across individual DP T cells at TCF-1, RUNX1

(F) The level of chromatin accessibility at the single cell level was calculated for 1

Fraction of cells with binarized open chromatin was measured to rank regulatory r

GATA3, and RUNX1 ChIP-seq enrichment was assessed in the same order as we

and Tcf7�/� DP T cells. De novo motif analysis using HOMER was also perform

cell level.
most similar genomic regions across individual T cells, i.e., being

open at the highest fraction of cells, were more affected by loss

of TCF-1 compared to the least similar genomic regions (Fig-

ure 3F). In line with consistent TCF-1 binding and a stronger

effect size in chromatin accessibility in the absence of TCF-1,

the TCF motif was selectively enriched within the top 100 most

similar genomic regions. Furthermore, the genes proximal to

these genomic regions with the highest similarity across individ-

ual T cells were associated with T cell biology and included T cell

relevant genes such as Bcl11b (Figure 3F). Together, studying

maps of chromatin accessibility at bulk and single cell levels

with distinct analytical strategies suggested that TCF-1 could

dictate a harmonizing impact on the chromatin of individual

T cells.

TCF-1 Can Create De Novo Chromatin Accessibility in
Fibroblasts
It has been shown that when TCF-1 is forcibly expressed in bone

marrow progenitors, it can drive the expression of T-lineage

genes (Weber et al., 2011). Yet, it is not clear whether this

alteration in the gene-expression program of multipotent pro-

genitors relates to the ability of TCF-1 to bind to silent chromatin

and drive the epigenetic commitment to the T cell lineage. To

examine whether TCF-1 can create de novo open chromatin,

we assessed this transcription factor in a gain-of-function model

in nonhematopoietic somatic cells. We reasoned that fibroblasts

could serve as an ideal model because the chromatin state in

fibroblasts is distinct from cells of the hematopoietic system

and T cell-specific genes are repressed in these somatic cells,

allowing us to better evaluate the role of TCF-1 in targeting

condensed chromatin.

To evaluate the genome-scale binding of TCF-1, we ectopi-

cally expressed this transcription factor in a fibroblast cell line

using a retroviral transduction system and performed TCF-1

ChIP-seq (Figure S4A). To define genome-scale TCF-1 binding

events, we used the irreproducible discovery rate (IDR) method

with a threshold of 2% (Figure S4B). We further mapped the

position of nucleosomes using microccocal nuclease (MNase)-

seq in pre-induced cells. The ectopic expression of TCF-1 led

to more than 40,000 TCF-1 binding events across the genome

of fibroblasts where 73% of these events colocalized with previ-

ously nucleosome-occupied DNA (Figures 4A and S4C). The

extent to which TCF-1 bound to nucleosome-occupied regions

in fibroblasts was comparable to reprogramming transcription

factors such as OCT4 (85%), SOX2 (80%), and KLF4 (65%)

(Soufi et al., 2015). As an independent measure, we found that

67% of TCF-1 summits, the center of the TCF-1 peak, were

within 75 bp of a nucleosome dyad in contrast with CTCF binding

which was favored toward nucleosome-free regions, suggesting

the enrichment of TCF-1 binding at previously occupied nucleo-

somes (Figure 4B). Furthermore, TCF was the strongest motif

within TCF-1-bound sites with different levels of nucleosome
, and GATA3 ChIP-seq binding asmeasured by our method (D) and chromVAR.

10 single DP T cells across T cell-specific open regions in cluster 9 (Figure 1A).

egions (top rows are genomic regions that are open in majority of cells). TCF-1,

ll as changes in chromatin accessibility based on bulk ATAC-seq signal in WT

ed at the 100 enhancers exhibiting the highest/lowest similarity at the single
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Figure 4. TCF-1 Can Bind to Nucleosomes and Create Chromatin Accessibility in Fibroblasts (see also Figure S4)

(A) Heatmap demonstrates TCF-1 ChIP-seq in a TCF-1-expressing fibroblast cell line together with pre-existing map of nucleosomes using MNase-seq. TCF-1

ChIP-seq (two biological replicates) was performed on the p33 isoform of Tcf7 expressing NIH 3T3 cells using retrovirus (RV) as well as in Empty vector controls

48 hr post transduction (see Figure S4A). Peak calling was achievedwith macs2 and the reproducibility across replicates was assessedwith IDR (see Figure S4B)

resulting in the identification of 40,562 TCF-1 binding sites. The region surrounding TCF-1 summits was segmented in three non-overlapping 200 bp windows

centered around each summit. Normalized MNase-seq enrichment was calculated for each window and summits were ordered from high to low enrichment.

TCF-1 ChIP-seq and MNase-seq normalized enrichment profiles were also calculated in non-overlapping 10 bp bins of 6 kb windows centered around TCF-1

summits. Two independent experiments were performed.

(B) The distance between TCF-1 andCTCF (serving as control) ChIP-seq summits and the closest nucleosome summits were calculated as an alternative strategy

of assessing the ability of TCF-1 to directly bind nucleosomes. The vertical dashed red line is set to 75 bp which is typically half the size of histone octamer bound

(legend continued on next page)
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occupancy (p value < 1e-930) (Figure 4C). TCF recognition sites

bound by TCF-1 in fibroblasts were significantly closer to the

nucleosome dyads compared to random TCF sites not bound

by this transcription factor, reminiscent of PU.1 binding events

being shielded by nucleosomes in cells that do not express

PU.1 (Barozzi et al., 2014) (Figure S4D). Together, the ectopic

expression of TCF-1 in fibroblasts revealed thewidespread bind-

ing of TCF-1 at genomic regions previously occupied by nucleo-

somes harboring TCF consensus binding sites.

To measure the impact of widespread TCF-1 binding on silent

genomic loci, we mapped the accessibility of chromatin by

ATAC-seq post transduction with Empty or TCF-1 vectors. Using

differential enrichment analysis, we found that 6,882 genomic

regions previously occupied by nucleosomes gained accessi-

bility while 1,618 sites became less accessible after TCF-1

expression in fibroblasts (Figures 4D–4E, S4E). We further per-

formed de novo motif analysis and observed that more than

80% of the gained sites harbored a TCF motif while the lost sites

were enriched with AP-1 and RUNX family motifs (Figure 4F). In

concordance with motif presence, 80% of the gained sites were

also bound by TCF-1 while only 3% of lost sites colocalized with

TCF-1 binding (Figure 4G), suggesting an indirect role of TCF-1

on sites losing chromatin accessibility. To infer nucleosome

position and occupancy within TCF-1 binding events, we further

applied the NucleoATAC algorithm (Schep et al., 2015) to our

chromatin accessibility data and found 7,395 genomic regions

with significant loss of nucleosomes after TCF-1 expression (Fig-

ure S4F). An example of de novo regulatory elements induced by

TCF-1 included the T cell receptor alpha locus where the binding

of TCF-1 at previously occupied nucleosomes led to gains in

chromatin accessibility at multiple genomic regions (Figure 4H).

Together, our data suggested that TCF-1 can bind to thousands

of previously nucleosome-occupied DNA and this binding can

lead to de novo chromatin accessibility.

We next sought to examinewhether de novo chromatin acces-

sibility in fibroblasts had any relevance to T cell biology. Our data

revealed that TCF-1 binding events in T cells and fibroblasts

were highly correlated (Figure S4G) and more than 800 de

novo regulatory elements in fibroblasts (�11%) overlapped

with open chromatin in T cells while only 40 regions (�0.5%)

corresponded to the open chromatin in B cells (Figure S4H).

Furthermore, the de novo regulatory elements in fibroblasts

were selectively enriched for regions belonging to the early

wave of chromatin opening during T cell development (cluster 9)
DNA denoting the edge of nucleosomes. 27,145 TCF-1 summits (66.9%) located

nucleosomes and 13,417 (33.1%) as unbound. 20,370 (56.6%) CTCF summits w

(C) De novo motif analysis at nucleosome-low, medium, and high clusters using

TCF-1 summits as background.

(D and E) Volcano-plot (D) and heatmap (E) demonstrate differentially accessib

duplicates in no RV (Mock), Empty RV, and 2 and 4 days after TCF-1 RV NIH 3T3

differentially accessible regions, TCF-1 ChIP-seq (A) and ATAC-seq peaks were

regions of the genome. We used DESeq2 and based on fold-change > 2 and p val

Two independent experiments at days 2 and 4 after transduction were performe

(F) The de novomotif discovery with HOMER in differentially accessible regions (D

(G) TCF-1 bound to 5,575 (80%) gained accessible sites in contrast to only 40 (3

(H) ATAC-, MNase-, and TCF-1 ChIP-seq profiles in NIH 3T3 cells in the Tcra loc

that gain in accessibility in TCF-1 RV NIH 3T3 cells.

(I) Genome-browser depicts ATAC-seq and TCF-1 ChIP-seq profiles in T cells

Ccr7 locus.
(Figure S4I). For example, the promoter of Ccr7, which is among

the regulatory elements that gained accessibility at the early

cluster 9, was bound by TCF-1 and became accessible in

TCF-1-expressing fibroblasts (Figure 4I). Together, TCF-1 can

invoke a subset of T cell regulatory elements to become open

in distant somatic cells like fibroblasts.

TCF-1 Can Bind and Erase H3K27me3 and H3K9me3
Repressive Marks
The widespread binding of TCF-1 in fibroblasts led to thousands

of de novo open chromatin regions. Yet, it is not clear whether

these TCF-1-dependent regulatory elements were previously

repressed or instead poised for activation with permissive

histone modifications in fibroblasts. To address this question,

we examined the pre-existing patterns of histone modifications

in fibroblasts using maps of 5 histone modifications including:

H3K4me3, primarily associated with promoters; H3K4me1

and H3K27ac characteristic of poised and active promoters

and enhancers; and the repressive marks H3K9me3 and

H3K27me3. Correlation and principal component analysis

(PCA) at TCF-1 bound sites indicated a preferential colocaliza-

tion of gained sites with previously repressed domains contain-

ing H3K27me3 or H3K9me3 modifications (Figures 5A and S5A

and S5B). To create a more quantitative picture of the chromatin

state prior to TCF-1 binding, we developed an unsupervised

learning workflow and partitioned TCF-1 binding events into 11

clusters corresponding to 7 distinct chromatins states (Figures

5B, S5C and S5D). Although less than half of TCF-1 binding

events associated with active and poised enhancers or pro-

moters (�40%), 16,800 (�42%) occurred within repressed and

heterochromatin genomic regions. The gains in chromatin

accessibility by TCF-1were strongly enriched at these repressed

domains (Figures 5B and S5E).

To further assess whether TCF-1 is also capable of erasing the

repressive histone modifications, we mapped H3K27me3 and

H3K9me3 repressive marks in addition to the active enhancer

mark H3K27ac in TCF-1 expressing cells. We found that more

than 1,400 TCF-1 binding events overlapping de novo open

chromatin were associated with gain in H3K27ac and loss of

H3K27me3 and/or H3K9me3 repressive marks at the center of

TCF-1 binding (Figures 5C and 5D). Together, the integration

of nucleosome mapping, chromatin accessibility, transcription

factor binding, and histone modifications in fibroblasts sug-

gested a fundamental role of TCF-1 in establishing de novo
less than 75 bp away from nucleosome summits were classified as bound to

ere marked as bound and 15,616 (43.4%) as unbound.

HOMER (defined in Figure S4C). We chose open regions with no overlap with

le regions after TCF-1 expression in fibroblasts. We performed ATAC-seq in

cells (see Figure S4E). Tag counts for no RV (Mock) are not shown. To identify

merged to facilitate differential enrichment at both TCF-1 bound and unbound

ue < 1e-3, 6,882 regions gained while 1,618 lost accessibility in TCF-1 RV cells.

d.

) using regulatory regions with unchanged accessibility levels as background.

%) lost sites.

us. Arrows depict TCF-1 binding events, previously occupied by nucleosomes

from Figure 1A as well as Empty and TCF-1 RV NIH 3T3 cells (Day 2) at the
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Figure 5. TCF-1 Can Bind to Repressed Chromatin and Promote Accessibility (see also Figure S5)

(A) Principal component analysis reduces the dimensionality of signal intensity measured by histone modification and ATAC-seq at TCF-1 binding events in

fibroblasts. Two biological replicates of H3K9me3 andH3K27me3ChIP-seq in NIH 3T3 cells were generated and combinedwith public H3K4me3, H3K4me1, and

H3K27ac ChIP-seq data to assess pre-induced histone mark enrichment around TCF-1 binding summits from Figure 4A using normR (+/�1kb window around

TCF-1 summits). The enrichment of ATAC-seq in TCF-1 RV versus Empty RV NIH 3T3 cells and vice versa was also calculated around each summit for assessing

different levels of chromatin accessibility.

(B) Heatmap demonstrates normalized tag counts of various epigenetic measurements at TCF-1 binding events. K-means clustering (Figures S5C and S5D) of

TCF-1 summits on the adjusted significance levels of the enrichment in each histone mark identified chromatin states ranging from PRC (H3K27me3) (4,110,

10.2%), hetero/PRC (H3K27me3 and H3K9me3) (8,957, 22%), hetero (H3K9me3) (4,242, 10.4%), trivalent (H3K27ac, H3K4me1, and H3K9me3) (6,634, 16.4%),

poised enhancers (H3K4me1) (7,458, 18.3%), active enhancers (H3K4me1 and H3K27ac) (7,343, 18.2%) and promoters (H3K4me3) (1,818, 4.5%). Normalized

enrichment profiles of histone modification using ChIP-seq as well as ATAC-seq were also calculated for 10 bp non-overlapping bins spanning the ± 3kb region

centered around TCF-1 summits.

(C and D) Representative examples (C) and heatmap (D) demonstrate the effect of TCF-1 expression at histone modifications. To assess differences in the

enrichment of H3K9me3, H3K27me3 andH3K27ac ChIP-seq signal around TCF-1 binding events between pre-induced and TCF-1 RVNIH 3T3 cells, we used the

diffR function from normR package using an FDR threshold of 5e-2. More than 1,400 TCF-1 binding events colocalized with gains in both chromatin accessibility

and H3K27ac with a corresponding loss of H3K27me3/H3K9me3 marks (D).
chromatin accessibility because of its ability to bind to previously

repressed chromatin domains.

T Cell-Restricted Genes Are Actively Transcribed after
TCF-1 Expression
To evaluate whether the ectopic expression of TCF-1 and its

widespread binding at over 40,000 genomic regions corre-
252 Immunity 48, 243–257, February 20, 2018
sponded to any change in gene expression, we measured the

transcriptional outputs in fibroblasts (Figure S6A). After TCF-1

transduction, we found that 1,477 genes were upregulated but

1,295 genes were downregulated (Figure S6B). To further assess

the identity of these up- and downregulated genes, we gener-

ated two gene sets containing top ‘‘T cell genes’’ and ‘‘fibroblast

genes’’ by performing differential expression analysis in DP
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Figure 6. T Cell-Specific Genes Innately Repressed in Fibroblasts Are Upregulated by TCF-1 (see also Figure S6)

(A–C) Three replicates of RNA-seq in TCF-1 RV and Empty RV NIH 3T3 cells were generated to assess the effects on gene expression. DESeq2 (fold-change > 2

and p adj < 0.05) facilitated the differential gene-expression analysis resulting in 1,295 down- and 1,477 upregulated genes in TCF-1 RVNIH 3T3 cells (see Figures

S6A and S6B). Genes located in non-canonical chromosomes were removed from the lists. In addition, we applied differential gene-expression analysis between

Empty RV andDP T cells to establish cell specific gene expression (see STARMethods), which facilitated GSEA analysis of DEGs in TCF-1 RVNIH 3T3 cells on the

fibroblast gene set (A) and the T cell gene set (B). Leading edge analysis (C) in top T cell genes.

(D) Thymocyte-specific genes were defined using public ImmGen microarray data (see STAR Methods) and the overlap tested between TCF-1 RV up-

regulated genes in NIH 3T3 (see Figure S6B) and thymocyte-specific genes. These genes were clustered using ImmGen microarray expression profiles

(legend continued on next page)
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T cells and pre-induced fibroblasts. Using gene-set-enrichment

analysis, we found that the fibroblast gene set was enriched

within the downregulated genes, suggesting the repression of

the fibroblast gene expression program by TCF-1 (Figure 6A).

Conversely, the T cell gene set was enriched within genes upre-

gulated by TCF-1 (Figure 6B). The leading edge in this enrich-

ment analysis included genes essential for T cell commitment

anddevelopment includingBcl11b,Rorc, andCd247 (Figure 6C).

Together, our data suggest that TCF-1 can initiate the reprog-

ramming of fibroblasts toward T cells.

To examine whether TCF-1 upregulated genes in fibroblasts

had any relevance to transcriptional profiles during T cell devel-

opment, we delineated ‘‘thymocyte-specific genes’’ as a group

of genes that were selectively expressed in at least one stage

of T cell development but not in bone-marrow progenitors using

the ImmGen expression data (Heng et al., 2008) (Figure 6D). We

found that TCF-1 was capable of upregulating 81 thymocyte-

specific genes with ontologies associated with tissue develop-

ment, cell proliferation, and immune system processes (Figures

6D and S6C). Examples included Bcl11b, Ikzf4, Il2rb, Klf4, and

Rorc. Additional 597 genes upregulated by TCF-1 were

expressed at multiple cellular states (Figures 6D). It is well estab-

lished that TCF-1 has recurring roles in T cell development,

peripheral T cells and cells with stem properties (Im et al.,

2016). We further evaluated the expression of the 1,477 genes

upregulated by TCF-1 in fibroblasts for their expression in

hematopoietic progenitors together with naive CD4+ and naive,

effector, and memory CD8+ T cells using RNA-seq data (Figures

S6D and S6E). After performing unsupervised clustering, we

found that 753 genes were ordinarily expressed in one of these

cell states. In particular, 475 genes (63%) including Ccr7,

Il15ra, and Icoslwere selectively expressed in the T cell program

(Figures S6D and S6E). In addition, 42 genes that were upregu-

lated by TCF-1 in fibroblasts were selectively downregulated in

Tcf7�/� DP T cells, suggesting that TCF-1 is necessary and

sufficient for transcription of these genes inmultiple cell contexts

(Figure S6F). Together, our data suggested that de novo open

chromatin regions were invoked by TCF-1 to induce the T cell-

specific gene-expression program in fibroblasts.

Genes Upregulated by TCF-1 Reside in Previously
Repressed Chromatin Domains in Fibroblasts
Our data in TCF-1 expressing fibroblasts led to two observa-

tions: (1) TCF-1 can generate chromatin accessibility at previ-

ously repressed domains and (2) TCF-1 can induce the expres-

sion of thousands of genes. To relate the chromatin state at

the TCF-1 binding events to changes in transcriptional outputs

in fibroblasts, we calculated the enrichment of up- and downre-

gulated genes among genes whose 5kb extended regions fell

within TCF-1 binding events in different chromatin states. We

found that the TCF-1-upregulated genes were significantly en-

riched for TCF-1 binding events at chromatin domains with

repressive chromatin marks (Figure 6E). Conversely, the TCF-1
(middle and right). Gene expression profiles of genes not overlapping thym

plotted (left).

(E-G) TCF-1 summits assigned to chromatin states (see Figure 5B) were linked to

TCF-1 within each chromatin state. (F) Enrichment of T cell genes upregulated b

(G) Genome-track depicts RNA-, ATAC-, and MNase-seq as well as histone and
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downregulated genes were mostly associated with promoters

and the trivalent state with high H3K4me1 and H3K27ac sur-

rounded by H3K9me3 (Figure S6G). A statistically significant

proportion of genes were proximal to TCF-1 binding events

that led to gain in H3K27ac and loss of H3K27me3/H3K9me3

modifications in contrast to those that did not alter the chromatin

state (Figure S6H). In particular, genes of the T cell programwere

strongly enriched within genomic regions previously within

repressed chromatin domains or harboring high nucleosome oc-

cupancy (Figures 6F and S6I). Examples of T cell genes ordinarily

blanketed by repressive H3K27me3 and H3K9me3 in fibroblasts

and actively transcribed after TCF-1 expression included Ccr7,

the receptor required for cell trafficking within and out of the

thymus, and Rorc, an essential transcription factor for T cell

development (Figures 6G and S6J). Thus, TCF-1 can induce

the expression of T cell genes in an unrelated non-hematopoietic

cell type by accessing repressive chromatin domains and con-

verting these regions to open, transcriptionally active loci.

DISCUSSION

It has been known for more than two decades that TCF-1 is a key

transcription factor in T cell development (Verbeek et al., 1995).

As a major mediator of NOTCH signaling in the specification of

bone-marrow progenitors to a T cell fate, TCF-1 is required for

the expression of transcription factors essential for T cell

commitment and specification such as GATA3 and Bcl11b (Ger-

mar et al., 2011; Weber et al., 2011). Yet, it has been unclear

whether the mechanism by which TCF-1 controls T cell fate is

the specific transcriptional regulation of a small number of genes

or whether this protein has a more fundamental role establishing

the global epigenetic identity of T cells. Here, by reading

between the ‘‘open’’ lines of the genome during thymocyte

development, we found that TCF-1 was the most enriched tran-

scription factor at thousands of regulatory elements that became

accessible at the earliest stage and persisted until T cell matura-

tion. TCF-1 binding across the genome of fibroblasts led to gains

in chromatin accessibility at genomic regions enriched with

repressive marks. This ability of TCF-1 targeting repressed chro-

matin might be attributed to the ability of HMG proteins to intro-

duce a strong bend into DNA (Love et al., 1995). A subset of

TCF-1 binding events was also associated with a gain of the

active enhancer mark H3K27ac and a loss of the repressive

marks H3K27me3 and H3K9me3, corroborating the ability of

TCF-1 in targeting silent chromatin. As a result of this epige-

nomic remodeling, hundreds of T cell-restricted genes including

Ccr7, Bcl11b, and Rorcwere induced in TCF-1 expressing fibro-

blasts. These results revealed a mechanism by which TCF-1

controls T cell fate through genome-wide programming of the

epigenetic identity of T cells.

It has been shown that TCF-1 is essential for repressing CD4+

related genes in CD8+ T cells through intrinsic HDAC activity

(Xing et al., 2016). Of all TCF-1 binding events that had
ocyte-specific genes but expressed in progenitors (597 genes) were also

proximal genes (see STAR Methods). (E) Enrichment of upregulated genes by

y TCF-1 (B) in each chromatin state was compared to fibroblast genes (A).

TCF-1 ChIP-seq profiles in Ccr7 locus in NIH 3T3 cells.



differential accessibility in the absence of TCF-1, we found that a

majority (80%) exerted an activating role (i.e., losing accessibility

in Tcf7�/� cells) with a smaller number gaining accessibility, sup-

porting this previously reported repressive role of TCF-1. Both

gained and lost sites in our data were enriched with TCF-1 bind-

ing and TCF motif, suggesting the direct role of this transcription

factor at recognizing its binding sites across the genome. While

further analysis is required to examine the sequence features

and epigenetic modifications classifying the activating versus

repressive TCF-1 binding events, our work revealed the wide-

spread role of TCF-1 at establishing de novo open chromatin

during development and reprogramming.

Conrad Waddington proposed a metaphor for cellular differ-

entiation coining the term ‘‘epigenetic landscape’’ and envision-

ing a cell rolling down a hill like a ball. Exploiting the single cell

technology, we interrogated whether a lineage-determining

transcription factor can exert a harmonizing and coordinate

impact on the chromatin of single cells following the T cell tra-

jectory. To infer cell-to-cell variability on open chromatin asso-

ciated with transcription factors, we developed an analytical

method and found that TCF-1 target sites but not those of

RUNX1 or GATA3 conferred the lowest cell-to-cell variability

across individual T cells. Stated in a different way, open chro-

matin events that were highly conserved across single cells

(revealed by single cell ATAC-seq) were likely to be causal to

the identity of that cell type since, in this case, T cells appeared

not to function effectively without TCF-1 driven epigenetic

events. Despite the limitation that our knowledge of transcrip-

tion factor binding is still gathered from bulk assays such as

ChIP-seq, our data demonstrated a distinct pattern at genomic

regions with TCF recognition sites and TCF-1 binding, suggest-

ing the role of this transcription factor at coordinating the

chromatin accessibility of individual cells.

Our data demonstrated that the TCF motif and TCF-1 binding

events were strongly enriched at T cell-specific regulatory ele-

ments that became accessible early and persisted until T cell

maturation. Furthermore, loss of TCF-1 selectively affected the

accessibility of the early regulatory elements. These findings

together with the early upregulation of TCF-1 in T cell develop-

ment and the ability of this protein to reprogram the gene-

expression profile of fibroblasts might describe TCF-1 as a

‘‘pioneer’’ transcription factor (Zaret and Carroll, 2011). None-

theless, we propose that the epigenetic complexities and the

requirement for combinatoriality among transcription factors

suggest that lineage-determining transcription factors such as

TCF-1 might require additional events to fully enact the program

of cell lineage that they initiate (Oestreich and Weinmann, 2012).

Here, we found that TCF-1 was endowed with an ability to target

chromatin regions with repressive marks and in this manner, is

more potent than the previously characterized pioneer factors

in other developmental settings, which are often impeded by

heterochromatin (Soufi et al., 2012; Soufi et al., 2015). Neverthe-

less, not the entire collection of �1 million TCF recognition sites

were bound by TCF-1 in fibroblasts and only a fraction of the

T cell-specific regulatory elements became accessible in this

context. It is worth noting that no other transcription factor

including the previously studied pioneer factors has been

reported to bind to the entire set of possible binding sites present

in the genome. We postulate that higher order chromatin confor-
mation and epigenetic modifications such as DNA methylation

might impede TCF-1 binding to the entire set of its cognate sites

(Wöhrle et al., 2007). Moreover, the three waves of chromatin re-

modeling during T cell development enriched with TCF-1 binding

suggested multiple modes of action for this transcription factor.

The regulatory elements in the intermediate wave that remained

closed at an earlier stage might indicate a requirement for the

cooperation between TCF-1 and its partners. Similarly, although

more than a thousand TCF-1 binding events in fibroblasts erased

the pre-existing repressive marks, the remaining TCF-1 binding

events did not modify fibroblasts’ endogenous chromatin state,

indicating the requirement of cooperating partners at these reg-

ulatory sequences. The regulatory syntax that TCF-1 follows to

read the genetic code may be ascertained by machine learning

techniques delineating rules of transcription factor engagement

from DNA sequence and shape, histone modifications, DNA

methylation, and 3D genome organization during development

and reprogramming. Collectively, our integrative data highlight

a widespread means by which TCF-1 initiates the T-lineage

program through genome-wide epigenetic programming and in-

duction of T cell identity genes.
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STAR+METHODS
KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Anti-mouse CD4 (RM4-4) BioLegend Cat# 116005; RRID:AB_313690

Anti-mouse CD8 (53-6.7) BioLegend Cat# 100711; RRID:AB_312750

Anti-mouse CD117 (2B8) BioLegend Cat# 105807; RRID:AB_313216

Anti-mouse CD25 (PC61) BioLegend Cat# 102011; RRID:AB_312860

Anti-mouse CD45R (RA3-6B2) BioLegend Cat# 103203; RRID:AB_312988

Anti-mouse CD19 (1D3) BD Cat# 553784; RRID:AB_395048

Anti-mouse CD11b (M1/70) BioLegend Cat# 101203; RRID:AB_312786

Anti-mouse Gr-1 (8C5) BioLegend Cat# 108403; RRID:AB_313368

Anti-mouse CD11c (HL3) BD Cat# 553800; RRID:AB_395059

Anti-mouse NK1.1 (PK136) BD Cat# 553163; RRID:AB_394675

Anti-mouse TER-119 (TER-119) BioLegend Cat# 116203; RRID:AB_313704

Anti-mouse CD3ε (2C11) BioLegend Cat# 100303; RRID:AB_312668

Anti-mouse CD8a (53-6.7) BioLegend Cat# 100703; RRID:AB_312742

Anti-mouse TCRb (H57-597) BioLegend Cat# 109203; RRID:AB_313426

Anti-mouse TCRg/d (GL3) BioLegend Cat# 118103; RRID:AB_313827

Anti-mouse TCF-1 (S33-966) BD Cat# 564217; RRID:AB_2687845

Anti-H3K27me3 Millipore Sigma Cat# 07-449; RRID:AB_310624

Anti-H3K9me3 Active Motif Cat# 39161; RRID:AB_2532132

Anti-H3K27ac Active Motif Cat# 39133; RRID:AB_2561016

Anti-TCF1 CST Cat# 2206S; RRID:AB_2199300

Experimental Models: Cell Lines

NIH 3T3 ATCC Cat# CRL-1658 RRID:CVCL_0594

HEK293T ATCC Cat# CRL-3216; RRID:CVCL_0063

Chemicals, Peptides and Recombinant Proteins

7AAD BioLegend Cat# 420403

Streptavidin BV605 BD Cat# 563260

Tcf7 cDNA Origene Cat# MR226713; NM_009331

DMEM medium Corning Cat# 10-013

Penicillin-Streptomycin GIBCO Cat# 15140122

Fetal Bovine Serum Gemini Cat# 100-106

Calf Serum GE Cat# SH30087.02

Gateway Clonase II LR Thermo Cat# 11791020

Gateway Clonase II BP Thermo Cat# 11789020

Polybrene Sigma Cat# TR-1003-G

Lipofectamine 3000 Thermo Cat# L3000008

Chloroquine Sigma Cat# C6628-25G

Tris HCl, pH 7.5, 1M Thermo Cat# 15567027

NaCl, 5M Thermo Cat# AM9759

MgCl2 1M Thermo Cat# AM9530G

IGEPAL CA-630 Sigma Cat# I8896-50ML

MinElute Reaction Cleanup Kit QIAGEN Cat# 28204

QIAQuick PCR Purification Kit QIAGEN Cat# 28104

LIVE/DEAD Viability/Cytotoxicity Kit Thermo Cat# L3224

Phosphate-Buffered Saline, 1X Thermo Cat# 10010031
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RNase Thermo Cat# EN0531

Proteinase K Thermo Cat# AM2546

Protein G Beads Thermo Cat# 20398

2-Mercaptoethanol Sigma Cat# M6250-10ML

Buffer RLT Plus QIAGEN Cat# 1053393

RNeasy Plus Micro Kit QIAGEN Cat# 74034

Critical Commercial Assays

Tn5 Transposase Illumina Cat# FC-121-1030

SMARTer Stranded Total RNA

Sample Prep Kit – HI Mammalian

Clontech Cat# 634873

C1 Open App IFC Fluidigm Cat# 100-8133

C1 Open App Reagents Fluidigm Cat# 100-8920

NEBNext Ultra DNA Library Prep

Kit for Illumina

NEB Cat# E7370S

D1000 ScreenTape Agilent Cat# 5067-5582

D1000 Reagents Agilent Cat# 5067-5583

RNA ScreenTape Agilent Cat# 5067-5576

RNA ScreenTape Sample Buffer Agilent Cat# 5067-5577

Foxp3 Transcription Factor

Staining Buffer Set

Thermo Cat# 00-5523-00

Recombinant DNA

Plasmid: MIGR1 (MSCV-IRES-VEX) (Weber et al., 2011) N/A

Plasmid: MIGR1 (MSCV-VEX) (Weber et al., 2011) N/A

Plasmid: MIGR1 (MSCV-TCF7-VEX) This study. N/A

Plasmid: pCL-Eco (Naviaux et al., 1996) N/A

Deposited data

ChIP-seq, RNA-seq and ATAC-seq

(bulk and single-cell)

This study GEO: GSE99159

RNA-seq BM HSC rep 1 (Shih et al., 2016) GEO: GSM2056360

RNA-seq BM HSC rep 2 (Shih et al., 2016) GEO: GSM2056361

RNA-seq BM MPP rep 1 (Shih et al., 2016) GEO: GSM2056362

RNA-seq BM MPP rep 2 (Shih et al., 2016) GEO: GSM2056363

RNA-seq BM CLP rep 1 (Shih et al., 2016) GEO: GSM2056364

RNA-seq BM CLP rep 2 (Shih et al., 2016) GEO: GSM2056365

RNA-seq BM SP NK rep 1 (Shih et al., 2016) GEO: GSM2056338

RNA-seq BM SP NK rep 2 (Shih et al., 2016) GEO: GSM2056339

RNA-seq SP Naive CD4 rep 1 (Shih et al., 2016) GEO: GSM2056370

RNA-seq SP Naive CD4 rep 2 (Shih et al., 2016) GEO: GSM2056371

RNA-seq SP Naive CD8 rep 1 (Mognol et al., 2017) GEO: GSM2356816

RNA-seq SP Naive CD8 rep 2 (Mognol et al., 2017) GEO: GSM2356817

RNA-seq Effector rep 1 (Mognol et al., 2017) GEO: GSM2356818

RNA-seq Effector rep 2 (Mognol et al., 2017) GEO: GSM2356819

RNA-seq Memory rep 1 (Mognol et al., 2017) GEO: GSM2356820

RNA-seq Memory rep 2 (Mognol et al., 2017) GEO: GSM2356821

Microarrays from hematopoietic

progenitors and T cells (ImmGen)

ChIP-seq NIH 3T3 H3K4me1 (Chen et al., 2013a) GEO: GSM801534

ChIP-seq NIH 3T3 H3K27ac (Chen et al., 2013a) GEO: GSM801538

ChIP-seq NIH 3T3 Input (Chen et al., 2013a) GEO: GSM801544

(Continued on next page)
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ChIP-seq NIH 3T3 H3K4me3 (Zullo et al., 2012) GEO: GSM879920

ChIP-seq NIH 3T3 CTCF (Zullo et al., 2012) GEO: GSM879923

ChIP-seq NIH 3T3 Input (Zullo et al., 2012) GEO: GSM879924

ChIP-seq FLDN1 PU.1 (Zhang et al., 2012) GEO: GSM774291

ChIP-seq FLDN2a PU.1 (Zhang et al., 2012) GEO: GSM774292

ChIP-seq DP Gata3 (Wei et al., 2011) GEO: GSM523222

ChIP-seq DP Runx1 (Lepoivre et al., 2013) GEO: GSM1095815

ChIP-seq DP Tcf.-1 (Germar et al., 2011) GEO: GSM1133644

MNase-seq MEF rep 1&2 (Teif et al., 2012) GEO: GSM1004654

ATAC-seq BM HSC rep 1 (Shih et al., 2016) GEO: GSM2056296

ATAC-seq BM HSC rep 2 (Shih et al., 2016) GEO: GSM2056297

ATAC-seq BM MPP rep 1 (Shih et al., 2016) GEO: GSM2056304

ATAC-seq BM MPP rep 2 (Shih et al., 2016) GEO: GSM2056305

ATAC-seq BM CLP rep 1 (Shih et al., 2016) GEO: GSM2056294

ATAC-seq BM CLP rep 2 (Shih et al., 2016) GEO: GSM2056295

ATAC-seq BM B rep 1 (Shih et al., 2016) GEO: GSM2056292

ATAC-seq BM B rep 2 (Shih et al., 2016) GEO: GSM2056293

ATAC-seq BM NK rep 1 (Shih et al., 2016) GEO: GSM2056308

ATAC-seq BM NK rep 2 (Shih et al., 2016) GEO: GSM2056309

ATAC-seq SP Naive CD4 rep 1 (Shih et al., 2016) GEO: GSM2056332

ATAC-seq SP Naive CD4 rep 2 (Shih et al., 2016) GEO: GSM2056333

ATAC-seq SP Naive CD8 rep 1 (Shih et al., 2016) GEO: GSM2056306

ATAC-seq SP Naive CD8 rep 2 (Shih et al., 2016) GEO: GSM2056307

ATAC-seq ETP T cells rep 1 (Heng et al., 2008) GEO: GSM2692171

ATAC-seq ETP T cells rep 2 (Heng et al., 2008) GEO: GSM2692172

ATAC-seq DN2a T cells rep 1 (Heng et al., 2008) GEO: GSM2692173

ATAC-seq DN2a T cells rep 2 (Heng et al., 2008) GEO: GSM2692174

ATAC-seq DN2b T cells rep 1 (Heng et al., 2008) GEO: GSM2692175

ATAC-seq DN2b T cells rep 2 (Heng et al., 2008) GEO: GSM2692176

ATAC-seq DN3 T cells rep 1 (Heng et al., 2008) GEO: GSM2692177

ATAC-seq DN3 T cells rep 2 (Heng et al., 2008) GEO: GSM2692333

ATAC-seq DN4 T cells rep 1 (Heng et al., 2008) GEO: GSM2692178

ATAC-seq DN4 T cells rep 2 (Heng et al., 2008) GEO: GSM2692179

Experimental Models: Organisms/Strains

Mouse: TCF-1 KO A.B. lab (Verbeek et al., 1995) Tcf7�/� (TCF-1�/� DVII)

Mouse: C57BL/6J Jackson Laboratory RRID:IMSR_JAX:000664

Mouse: B6.SJL-Ptprca Pepcb/BoyJ Jackson Laboratory RRID:IMSR_JAX:002014

Software, Algorithms and Databases

FastQC (Andrews, 2017) https://www.bioinformatics.babraham.ac.uk/

projects; RRID:SCR_014583

Trim Galore! F. Krueger https://www.bioinformatics.babraham.ac.uk/

projects; RRID:SCR_011847

UCSC Genome Browser (Rosenbloom et al., 2015) https://genome.ucsc.edu; RRID:SCR_005780

GENCODE (Mudge and Harrow, 2015) https://www.gencodegenes.org;

RRID:SCR_014966

Bowtie2 (Langmead and Salzberg, 2012) http://bowtie-bio.sourceforge.net/bowtie2

STAR (Dobin et al., 2013) https://github.com/alexdobin/STAR

Picard Broad Institute http://broadinstitute.github.io/picard;

RRID:SCR_006525

(Continued on next page)
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HTSeq (Anders et al., 2015) https://pypi.python.org/pypi/HTSeq;

RRID:SCR_005514

DESeq2 (Love et al., 2014) https://github.com/Bioconductor-mirror/

DESeq2; RRID:SCR_015687

R (Team, 2016) https://cran.r-project.org; RRID:SCR_001905

MACS2 (Zhang et al., 2008) https://github.com/taoliu/MACS

IDR (Li et al., 2011) https://github.com/nboley/idr

Homer (Heinz et al., 2010) http://homer.ucsd.edu/homer;

RRID:SCR_010881

Danpos2 (Chen et al., 2013b) https://sites.google.com/site/danposdoc;

RRID:SCR_015527

normR (Helmuth and Chung, 2016) https://github.com/Bioconductor-mirror/normr

GSEA (Subramanian et al., 2005) http://software.broadinstitute.org/gsea;

RRID:SCR_003199

chromVAR (Schep et al., 2017) https://github.com/GreenleafLab/chromVAR

MacVector v15.5.0 MacVector http://macvector.com/; RRID:SCR_015700

FlowJo software v10.2 FlowJo LLC https://www.flowjo.com/; RRID:SCR_008520
CONTACT FOR REAGENT AND RESOURCE SHARING

Further information and requests for resources and reagents should be directed to and will be fulfilled by the Lead Contact, Golnaz

Vahedi (vahedi@pennmedicine.upenn.edu).

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Mice
Female C57BL/6J (CD45.2+) and B6.SJL-Ptprca Pepcb/BoyJ (CD45.1+)mice purchased from the USNational Cancer Institute animal

facility. All mice analyzed were 6-12 weeks and were used without randomization or ‘blinding’ of researchers to mouse or sample

identity. Tcf7�/� (TCF-1�/�DVII) micewere kindly provided by A. Bhandoola (Verbeek et al., 1995). All animal work was in accordance

with the Institutional Animal Care and Use Committee for the University of Pennsylvania in accordance with guidelines set forth by

the NIH.

Cell Culture
NIH 3T3 male cells were purchased from ATCC for this study and used at a low passage number (< 12) and were maintained in high

glucose DMEM 1xmediumwith L-glutamine and sodium pyruvate (Corning) with 100 UmL-1 penicillin and 100 mgmL-1 streptomycin

(GIBCO) and 10% bovine serum (GIBCO). 293T (ATCC) cells were maintained in high glucose DMEM 1x medium with L-glutamine

and sodium pyruvate (Corning), and 100 UmL-1 penicillin and 100 mg mL-1 streptomycin (GIBCO) with 10% fetal calf serum (Gemini).

All cells were grown at 37�C and 5% CO2.

METHOD DETAILS

Retroviral Transductions
Gateway compatible MSCV-IRES-VEX (MSCV-ccdB-VEX) and empty vector controls (MSCV-VEX) retroviral vectors were obtained

from A. Bhandoola (Weber et al., 2011). Mouse Tcf7 cDNA (NM_009331) of the short isoform of TCF-1 (p33) was obtained from

Origene and cloned into MSCV-ccdB-VEX (MSCV-TCF7-VEX) according to Gateway Clonase II instructions (Invitrogen). Sequences

were verified usingMacVector v15.5.0. Cells were transduced by addition of virions to culturemedia supplemented with polybrene at

8 mg mL-1 and 10 mM HEPES. As transduction efficiency in NIH 3T3 was > 99%, all assays on transduced NIH 3T3 cells were per-

formed without cell sorting.

Retroviral Packaging
293T cells were plated in 4 mL DMEMmedia in 10 cm dishes prior to transfection. Immediately prior to transfection, chloroquine was

added to a final concentration of 25 mM. The retroviral construct and the pCL-Eco plasmid were transiently co-transfected using

Lipofectamine 3000 (Invitrogen). The cells were returned to the incubator for 6 hours. Subsequently, the medium was changed to

fresh media. Virions were collected 24 and 48 hr after transfection, snap-frozen, and stored at �80�C for future use.
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Assay for Transposase-Accessible Chromatin (ATAC)
ATAC-seq was performed as previously described with minor modifications (Buenrostro et al., 2013). Fifty thousand cells were pel-

leted at 550 x g and washed with 1 mL 1x PBS, followed by treatment with 50 mL lysis buffer (10 mM Tris-HCl [pH 7.4], 10 mM NaCl,

3 mMMgCl2, 0.1% IGEPAL CA-630). After pelleting nuclei, the pellets were resuspended in 50 mL transposition reaction with 2.5 mL

Tn5 transposase (FC-121-1030; Illumina) to tag and fragment accessible chromatin. The reaction was incubated in a 37�Cwater bath

for 45 minutes. Tagmented DNA was purified using a MinElute Reaction Cleanup Kit (QIAGEN) and amplified with 12 cycles of PCR.

Libraries were purified using a QIAQuick PCR Purification Kit (QIAGEN). Libraries were paired-end sequenced (38 bp+37 bp) on a

NextSeq 550 (Illumina). For accessibility in NIH 3T3 cells, two biological replicates were performed at both 48 and 96 hr time points

after transduction. Two technical replicates were performed between WT and TCF-1 KO DP T cells.

Single Cell ATAC
Single cell ATAC-seqwas performed as previously described (Buenrostro et al., 2015) using the C1 Single-Cell Auto Prep Systemwith

the C1 Open AppTM program (Fluidigm). Briefly, cells were FACS sorted to high viability and purity. Cells were then stained with

mammalian LIVE/DEAD Viability/Cytotoxicity Kit (Invitrogen) for 10 minutes on ice at a final concentration of 5 mM Ethidium homo-

dimer-1 and 5 mM Calcein AM in 1x PBS. After staining, cells were diluted in RPMI-1640 to a concentration of 400,000 cells mL-1.

C1 Cell Suspension Reagent (Fluidigm) was added to a final concentration of 20%. Brightfield and fluorescent images of each capture

site was taken with a Leica DMi8. The Lysis/Tagmention step in the C1 protocol was lengthened to a duration of 60 minutes using the

Open AppTM software (Fluidigm). After single cell ATAC-seq chemistry was performed on the Fluidigm C1, tagmented DNA was har-

vested and amplified for 14 PCR cycles (Fluidigm). Libraries were paired-end sequenced (38 bp+37 bp) on a NextSeq 550. Three

captures of DP T cells were performed over the course of this study.

Chromatin Immunoprecipitation (ChIP) Assay
Briefly, chromatin samples prepared from fixed cells were immunoprecipitated with antibodies recognizing mouse TCF-1 (C46C7;

CST), H3K9me3 (AM39161; Active Motif), and H3K27me3 (07-449; EMD Millipore). Antibody-chromatin complexes were captured

with protein G–conjugated beads, washed, and eluted. After reversal of cross-linking, RNase and proteinase K treatment were per-

formed and DNAwas purified and quantified for library preparation. Input sample was prepared by the same approachwithout immu-

noprecipitation. Libraries were then prepared using the UltraTM DNA Library Prep Kit (NEB). Two replicates were performed for each

condition. Indexed libraries were validated for quality and size distribution using a TapeStation 2200 (Agilent). Single end sequencing

(75 bp) was performed on a NextSeq 550.

RNA-Seq
Cells were washed once with 1x PBS before resuspending pellet in 350 mL Buffer RLT Plus (QIAGEN) with 10% 2-Mercaptoethanol

(Sigma), vortexed briefly, snap-frozen on dry ice, and stored at�80�C. Subsequently, total RNA was isolated using the RNeasy Plus

Micro Kit (QIAGEN). RNA integrity numbers were determined using a TapeStation 2200 (Agilent), and all samples used for RNA-seq

library preparation had RIN numbers greater than 9.5. Libraries were prepared using the SMARTer�High-Input Strand-Specific Total

RNA-seq for Illumina kit (Clontech). Libraries were single-end sequenced (75 bp) on a NextSeq 550. Three biological replicates were

performed for TCF-1 RV and Empty RV transduced NIH 3T3 cells. Two technical replicates were performed in WT and TCF-1 KO DP

T cells.

Cell Staining and Flow Cytometry
Single-cell suspensions were prepared from thymi of mice by dissociation of tissue through 70 mMmesh filters (Falcon) in RPMI 1640

(Corning) +1% FBS (Gemini), and surfaces were stained following standard protocols. The fluorochrome-conjugated, anti-mouse

antibodies were as follows: PE CD4 (RM4-4), APC CD8a (53-6.7), PE c-Kit (2B8), APC CD25 (PC61), and Streptavidin BV605. For

intracellular detection of TCF-1 in RV-transduced NIH 3T3, cells were harvested after trypsin dissociation (GIBCO), fixed with 1%

PFA for 10 minutes on ice to preserve VEX signal, fixed and permeabilized with the FoxP3/Transcription Factor Staining Buffer

Set (eBioscience), and incubated with PE-conjugated anti-TCF-1 (S33-966). All antibodies used for flow cytometry were purchased

fromBioLegend or BDBiosciences. Data were collected on an LSRII running DIVA software (BDBiosciences) andwere analyzedwith

FlowJo software v10.2 (TreeStar).

Cell Sorting
Antibodies used in the lineage cocktail (Lin) include biotinylated antibodies against B220 (RA3-6B2), CD19 (1D3), CD11b/Mac1

(M1/70), Gr1 (8C5), CD11c (HL3), NK1.1 (PK136), TER119 (TER-119), CD3ε (2C11), CD8a (53-6.7), CD8b (53-5.8), TCRb (H57), gdTCR

(GL-3). After surface staining with the lineage cocktail, cells were incubated with Streptavidin Microbeads (Miltenyi Biotec). DN cells

were then negatively isolated from total thymocytes using magnetic separation columns (Miltenyi Biotec). Negatively selected cells

were then stained with c-Kit and CD25 followed by Strepavidin BV605 to reveal escaping Lin+ cells. The DN3 population was defined

and cell-sorted as Lin– Kit– CD25+. Total thymocytes were stained with CD4+ CD8+ to define and sort the DP population. Dead cells

were excluded through 7-amino-actinomycin D (7-AAD) uptake. Doublets were excluded through forward scatter–height by forward

scatter–width and side scatter–height by side scatter–width parameters. Purity was verified after sorting, and all cell populationswere

sorted to a purity of > 98%. Sorting was performed on FACS Aria II (BD Biosciences) and were analyzed with FlowJo v10.2 (TreeStar).
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High-Throughput Sequencing Data Pre-Processing
Quality assessment of raw reads was achieved with FastQC and contaminants were removed using Trimgalore with parameters

‘-q 15–length 20–stringency 5’. For RNA-Seq samples, ‘–clip_R1 3’ was added to the Trimgalore parameters facilitating the removal

of the 3nt bias introduced to the 50 end of reads. Human (GRCh37, November 17 2015) andmouse (GRCm38,May 23 2014) reference

genomes were downloaded from UCSC repository and mouse gene models were derived from Gencode vM11.

Bulk ATAC-seq samples were mapped to the reference genomes using Bowtie2 v2.2.9 (Langmead and Salzberg, 2012)

with –X2000. STAR v2.5 (Dobin et al., 2013) was used for aligning single-cell ATAC, RNA, ChIP and MNase-seq reads with param-

eters specifically optimized based on the properties of each protocol. RNA-seq samples were analyzed with parameters

‘–outFilterMultimapNmax 1–outFilterScoreMinOverLread 0–outFilterMatchNminOverLread 0–alignEndsType Local’. On the other

hand, ChIP-seq raw reads were aligned with parameters ‘–alignSJDBoverhangMin 999–alignSJoverhangMin 999–alignIntronMax

1–outFilterMultimapNmax 1–outFilterScoreMinOverLread 0–outFilterMatchNminOverLread 0–alignEndsType Local’ to disable the

usage of known and prevent calling novel splice junctions. The same parameters were also applied for mapping scATAC-seq and

MNase-seq data combined with ‘–alignMatesGapMax 2000’ which limits the distance between aligned read mates to 2,000 bp.

Reads aligned to the mitochondrial genome as well as reads mapping to multiple genomic loci were discarded from downstream

analyses. Additionally, Picardminimized the PCR amplification bias in ATAC-, ChIP- andMNase-seq samples. In cases of paired-end

MNase-seq samples, fragments smaller than 75 bp were also filtered out.

ATAC-seq samples derived from single DP T cells were filtered using previously described quality standards (Buenrostro et al.,

2015). In brief, libraries containing less than 10,000 fragments or libraries with less than 15% of their fragments falling in open chro-

matin (as defined in the single cell accessibility section) were also removed from subsequent analyses (Figures S3C and S3D).

QUANTIFICATION AND STATISTICAL ANALYSIS

All statistical analyses were performed using packages from R’s basic installation.

Differential Gene Expression Analysis
HTSeq v0.6.1 (Anders et al., 2015) facilitated counting RNA-seq reads on Gencode vM11 gene models with parameters ‘-s yes

-t exon -m intersection-nonempty’. DESeq2 (Love et al., 2014) was subsequently applied on gene counts to identify genes differen-

tially expressed between DPWT and DP Tcf7�/� (Figure S2C), NIH 3T3 Empty RV and NIH 3T3 TCF-1 RV (Figure S6B) as well as DP

TCF-1 WT and NIH 3T3 Empty RV cells after removing entries that exhibited zero counts in all replicates (Table S4). The quality of

replicates was assessed by calculating pairwise spearman correlation coefficient (Figures S2B and S6A) as well as plotting the vari-

ability explained by the first two principal components (data not shown).

Additionally, gene expression levels were calculated in a variety of cell types ranging from hematopoietic stem cells to effector and

memory T cells (Table S4) and normalized using the variance stabilizing transformation (VST) (Love et al., 2014). K-means (k = 12)

clusteringwas then applied on the VST expression values of genes upregulated by TCF-1 in NIH 3T3 cells to identify cell state specific

patterns (i.e., clusters) of TCF-1 regulated gene expression. For the same set of genes, we also calculated RPKM normalized expres-

sion values that were used to filter out lowly expressed genes (RPKM < 0.5 in all samples) and visualizing the clusters (Figures S6D

and S6E). Cluster 1 was removed from the analysis due to low expression levels in all hematopoietic lineages. Genes downregulated

in the Tcf7�/�DP T cells were overlapped with the genes upregulated by TCF-1 RV in NIH 3T3 and the significance of the overlap was

tested by Fisher’s exact test. (Figure S6F).

Defining Thymocyte-Specific Gene Program
Normalized microarray expression data for bone marrow stem cell and thymocyte populations was downloaded from the Immuno-

logical Genome Project Consortium (Heng et al., 2008). Microarray probe IDs (affy mogene 1.0st v1) were converted to Ensembl gene

IDs using the Ensembl mouse gene mart (GRCm38.p5) in biomaRt (Aken, Oxford Database). Genes were considered expressed in a

population if expression values were above 120 indicating > 95% probability of true expression (Ericson, ImmGen guideline). To

define thymocyte-specific genes (Figure 6D), genes were filtered based on expression values lower than 120 in all considered pro-

genitor populations (LT-HSC, ST-HSC, MPP, CLP) and with expression values higher than 120 in at least 1 thymocyte population

(ETP, DN2a, DN2b, DN3a, DN3b, DN4, ISP, DP, CD4+, CD8+). Genes were further filtered based on having at least a 2-fold increase

in expression between any two populations. The overlap of thymocyte-specific genes and genes upregulated by TCF-1 RV in NIH 3T3

(Table S4) was determined using the GeneOverlap package. Genes upregulated by TCF-1 RV in NIH 3T3, described in previous sec-

tions, but not overlapping with thymocyte-specific genes were filtered based on expression > 120 in at least one progenitor popu-

lation and plotted (Figure 6D). Thymocyte genes were grouped into patterns of expression by combining thymocyte-specific genes

with both overlapping and non-overlapping with genes upregulated by TCF-1 RV in NIH 3T3 and performing k-means clustering using

5 centers. Gene ontology analysis (Figures S1E and S6C) was performed using the Gene Ontology gene set collection in MSigDB

database v6.1.

Peak Calling
Following ENCODE guidelines, for the characterization of reproducible TCF-1 peaks in NIH 3T3 TCF-1 RV cells, macs2 v2.1.1 (Zhang

et al., 2008) was initially applied separately on each of the two ChIP-seq replicates as well as after merging both replicates with
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parameters ‘–nomodel–extsize 300–keep-dup all–call-summits -q 0.9’ using the TCF-1 ChIP-seq on NIH 3T3 Empty RV cells as con-

trol. The identified peaks were filtered with Irreproducible Discovery Rate (IDR) v2.0.2 (Grant et al., 2011) using an IDR threshold of

2e-2 resulting in a high-quality set of 40,562 reproducible peaks.

TCF-1, GATA3, RUNX1 andPU.1 binding sites inmouse thymocyteswere identified by applyingmacs2with parameters ‘-p 1e-3 -q

0.05’ using the corresponding Input samples as control resulting in 56,817 TCF-1 peaks, 54,475GATA3, 67,915 RUNX1, 98,036 PU.1

in DN1 and 92,660 in DN2a. A proximity-based strategy was adopted for linking genes to regulatory elements and transcription factor

binding sites. Gene models were downloaded from Gencode M11 and both ends of each gene were extended by 5k bp. Open chro-

matin sites identified by ATAC-seq as well as ChIP-seq derived transcription factor binding sites were assigned to genes if they were

found to overlap with their extended models.

Differentially AccessibleChromatin betweenDPWTandTcf7–/–aswell as betweenNIH3T3TCF-1 andEmptyRVCells
Macs2 with ‘-p 1e-7–nolambda–nomodel’ was applied on each DPWT and DP Tcf7�/� ATAC-seq replicate (Tables S3) separately to

identify accessible chromatin. Peaks were subsequently merged using BEDTools (Quinlan and Hall, 2010) and ATAC-seq read

counts were calculated in themerged peaks for every replicate. The resulting count table was used to identify 6,165 (1,165 presenting

more and 5,000 less enrichment in DP Tcf7�/�) loci differentially enriched in ATAC-seq signal between DP WT and DP Tcf7�/� with

DESeq2 (Table S3) after applying a 0.001 and 0.58 cutoff on p value and logFC respectively (Figure 2A).

The same approach and cutoff were applied in NIH 3T3 cells (Figure S4D) for identifying 8,506 genomic regions presenting differ-

ential ATAC-seq signal enrichment between Empty and TCF-1 RV (6,882 presenting more and 1,618 less enrichment in TCF-1 RV

choosing 2 and 0.001 as cutoffs for fold-change and p value respectively, Table S3).

Characterization of Cell-State Specific Accessible Chromatin
An IDR threshold of 5e-2 was used, following the pipeline described in previous section, to identify accessible chromatin for every

murine ATAC-seq sample (HSC, MPP, CLP, B, NK and all stages of T cell development from DN1 to naive CD4+ and naive CD8+

cells). Peaks were merged and filtered based on their overlap with annotated promoters (Gencode M11 TSSs extended by

+4kb/-2kb) resulting in a collection of 55,481 distal regulatory elements. The FDR value of each peak in every cell type was used

as a proxy for the level of accessibility.

Each peakwas assigned a 13-dimensional vector containing the ATAC-seq enrichment proxy in every cell type. Average Silhouette

Width (ASW) statistic was used for deciding on the number of clusters prior to applying k-means. The initial set of regulatory regions

was reduced after removing the members of clusters 7, 8, 10, 11, 13, 17 and 23 (Figure S1A, Table S1). The remaining 35,869 loci

were re-clustered after re-calculating ASW (data not shown) to produce the final set of groups (Figure 1A, Table S2). Normalized

(TPM) ATAC-seq profile for every regulatory element was calculated by segmenting a ± 2,000 bp window around its center in

10 bp bins and calculating the normalized overlapping ATAC-seq tag counts (Figures 1B and S1B). De novo motif analysis using

Homer with ‘-size given -len 6,8,10’ was applied on each cluster separately using the excluded set of clusters as background (Figures

1C–1E, Figure S1C). Additionally, odds ratio and percentage of binding of TCF-1, GATA3, RUNX1 and PU.1 (DN1 and DN2a) was

calculated for each cluster based on publicly available ChIP-seq data (Figure 1F, Table S2).

An alternative approach was used for identifying T cell specific accessible chromatin in human cells (Figure S1D). The lack of rep-

licates for certain cell types restricted the use of IDR. Therefore, macs2 with parameters ‘-p 1e-7–nolambda–nomodel’ was used for

every cell type (HSC, MPP, CLP, B, NK, Naive CD4+ and Naive CD8+ cells) on each replicate separately. Peaks were merged with

BEDTools and normalized ATAC-seq enrichment for every cell type was calculated after merging the replicate samples within

each cell type. Gencode M11 gene models were used to separate the set of ATAC-seq peaks into distal and promoter related

loci after extending the annotated gene transcription start sites by �4kb/+2kb.

Each peak was assigned a 7-dimensional vector containing the normalized ATAC-seq enrichment in every cell type. Within Sum of

Squares (WSS) statistic was used (data not shown) for deciding on the number of clusters prior to applying k-means (k = 10 for the

distal sets and k = 5 for the promoter sets). De novo motif analysis using Homer with ‘-size given -len 6,8,10,12’ was applied on each

cluster separately with remaining peaks in other clusters as background (Figure S1D).

Querying Chromatin Accessibility at the Single-Cell Level
To assess whether TCF-1 binding events harbor the strongest chromatin accessibility as measured by ATAC-seq in DP T cells, we

measured genome-wide binding of TCF-1, RUNX1 and GATA3 by ChIP-seq as previously described. An equal number of genomic

regions with unique binding of each transcription factor were subsampled and the normalized tag count enrichment from ATAC-seq

in DP T cells facilitated the comparison of the 3 regulatory proteins (Figure 3A).

Based on this analysis, TCF-1 bound open chromatin was found to exhibit the highest levels of accessibility compared to RUNX1

and GATA3. This observation inspired us to further investigate with a single cell analysis. ATAC-seq data from 110 single DP T cells

passing previously defined (Buenrostro et al., 2015) quality standards (Figure S3D) were utilized to test the hypothesis that TCF-1

exerts a deterministic effect on the chromatin, forcing T cell fate commitment. Following pre-processing and alignment, DP single

cell ATAC-seq reads were merged and using macs2 with parameters ‘-p 1e-3’, 22,774 accessible sites were identified.

To assess the correlation between aggregated single cell and bulk ATAC-seq enriched sites identified from both experimental

procedures were merged. Normalized enrichment was subsequently calculated in bulk (downsampled to 11.6 million reads using

samtools) and aggregated scATAC-seq with 11.6 million reads enabling the correlation level quantification between the two assays
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(Figure 3B). Our objective was to assess whether TCF-1-bound open chromatin had lower accessibility variance than background

noise and chromatin bound by RUNX1 or GATA3. To this end, we generated 4 disjoint sets comprising of ATAC-seq peaks uniquely

bound by TCF-1, RUNX1, GATA3 as well as peaks not bound by any of these three transcription factors. For each subset, binarized

accessibility matrices were calculated based on the overlap between the identified peaks and ATAC-seq reads from each cell, thus 1

translates to accessible and 0 to inaccessible regions.

TCF-1 binding events overlapped with more ATAC-seq peaks than RUNX1 or GATA3, therefore we subsampled 30 peaks from

each TF-bound peak set.We repeated the subsampling process 500 times to increase accuracy.We then calculated the accessibility

variance between cells at each subsample as follows. For each subsample, the binary accessibility vector of each cell formed a

30-dimensional vector. To measure cell to cell differences in accessibility levels, we calculated the pairwise Manhattan distance

between accessibility vectors, forming a distance matrix.

Where p and q are n-dimensional vectors:

Manhattanðp;qÞ=
Xn

i = 1

jpi � qi j

We subsequently centered the Manhattan distance matrix by subtracting column and row means and adding the overall mean.

Then we spectrally decomposed the centered matrix to define principal coordinates, and mapped all accessibility vectors to full

principal coordinate space. We identified the location that minimized the average distance to all vectors, termed the spatial median

(Figure 3D). Then, we calculated each vector’s distance from the spatial median. Finally, we calculated the average distance from

accessibility vectors to the spatial median using the R package vegan (Oksanen, vegan an R package on CRAN-R, 2017).

Correction for Technical Biases
Variation associated with technical factors such as GC content and mean accessibility differences can often introduce obstacles in

interpreting NGS data. To overcome such limitations, for every original peak, we selected 30 ‘‘technical control’’ ones. The set of

peaks not bound by any TF were divided into 2-percentiles based on GC content. Every original peak was subsequently placed

into a 2-percentile, and 30 technical control peaks within a 2-percentile of GC content were randomly subsampled with replacement.

All technical control peaks were also within ± 0.01 of the overall mean accessibility of the original 30 peaks.

We controlled for technical biases as follows:

Controlled Variation=
Old Variation

Meanð30 Technical VariationsÞ
We repeated this for every one of the 500 subsamples for every TF. Then we took the average.

Correction for Background Noise
To measure accessibility variation beyond background noise, we calculated accessibility variation (with technical controls) for 500

randomly selected subsamples of peaks bound by no TF. This can be viewed as a negative control. Then we accounted for

background noise as follows:

Final Variation=
Meanð500 Controlled VariationsÞ
Meanð500 Background VariationsÞ

A variability equal to 1 implied that a TF was associated with nomore variation than background noise. A variability below 1 implied

that a TF was associated with less variation than background noise, and a variability above 1 implied greater variation than

background noise.

In addition to the methodology described above, we also applied chromVAR for assessing the deterministic effect of TCF-1 on

shaping the chromatin landscape during T cell development (Figure 3E).

ChIP-Seq Oriented Approach for Assessing the Deterministic Effect of TCF-1 during T Cell Development
An alternative, unbiased strategy was also adopted which, unlike the previous approach, was not formed on the basis of TCF-1 bind-

ing (Figure 3F). The T cell specific sites in cluster 9 (Figure 1A) were ranked based on the sumof binary counts across individual T cells.

Using default parameters of bedtools intersect, the overlap of regions with ChIP-seq signal from transcription factors known to be

important in T cell development such as TCF-1, GATA3 and RUNX1 was assessed. De novo motif analysis was performed on the

top and bottom 100 enhancers that exhibit the highest and lowest homogeneity respectively at the single cell level using Homer

with parameters ‘-size given -len 6,8,10,12’. Background control in this motif analysis was any other open chromatin sites in DP

T cells. The top/bottom 100 enhancers were also linked to genes based on proximity (< 10k bp) in order to enable GO term enrichment

analysis using the GSEA software.

Identifying the Nucleosome Occupancy Level on TCF-1 Binding Sites
MNase-seq in mouse embryonic fibroblasts was used as a proxy for observing the nucleosome enrichment surrounding TCF-1 bind-

ing sites. To this end, the region around TCF-1 peak summits was divided into 3 windows of 200 bp each; �300/-100, �100/+100
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and +100/+300 following a upstream-central-downstream rationale. The nucleosome enrichment in every window was approxi-

mated by calculating the number of overlapping MNase-seq reads after extending their 30 end to 147 bp and normalizing based

on the number of uniquely mapped reads in each sample. TCF-1 summits were subsequently ranked from high to low enrichment

by summing the values of left, central and right windows. For visualization purposes, the normalized MNase-seq enrichment was

also calculated for 10 bp non-overlapping bins spanning the ± 3kb region centered around TCF-1 summits (Figure 4A).

In the case of mouse embryonic fibroblasts, visualizing the prior nucleosome enrichment status on the genomic loci bound by

TCF-1 after Tcf7 retroviral transduction clearly suggests that TCF-1 binding occurs on: a) nucleosome dense, b) nucleosome free

and c) regions of intermediate nucleosome occupancy (Figure 4A). Instead of choosing an arbitrary threshold on the ratio of central

versus left and right window nucleosome enrichment, k-means (k = 3) clustering was applied resulting in the formation of 3 TCF-1

summit groups and validating the previously described observation (Figure S4C). A total of 29,661 (73.2%) TCF-1 binding events

occur on sites with dense (10,593, 26.2%) or intermediate (19,068, 47%) nucleosome enrichment and 10,901 (26.8%) on nucleosome

free regions.

Dpos module from Danpos2 (Chen et al., 2013) was applied on the MNase-seq data with default settings to identify nucleosome

positioning as well as calculate the nucleosome enrichment profile on a genome-wide scale. Regions called as nucleosomes exhib-

iting increased fuzziness (Dpos score less than 80) were removed from subsequent analyses. The distance of 40,562 TCF-1 summits

inmouse embryonic fibroblasts to the closest nucleosome summit was calculated as an alternative strategy of assessing the ability of

TCF-1 to directly bind on nucleosomes (Figure 4B). The typical length of DNA fragments wrapped around nucleosomes is 147 bp.

This allowed us to classify 27,145 TCF-1 summits (66.9%) located less than 75 bp (vertical dashed red line) away from nucleosome

summits as bound to nucleosomes and 13,417 (33.1%) summits as unbound. As a control, we applied the same bound/unbound to

nucleosomes classification scheme on CTCF summits derived from analyzing public ChIP-seq data, resulting in 20,370 (56.6%)

bound and 15,616 (43.4%) unbound summits.

To assess the difference of nucleosome occupancy level around TCF-1 ChIP-seq peak summits between Empty RV and TCF-1 RV

NIH 3T3 cells, TCF-1 summits (IDR less than or equal to 0.02) were intersected with ATAC-seq enriched regions in both conditions.

Summits overlapping ATAC-seq peaks in either set (n = 15,763) were extended by ± 500 bases and nucleosome occupancy in Empty

and TCF-1 RVNIH 3T3 cells wasmeasured usingNucleoATAC algorithm (Schep et al., 2015). NucleoATAC infers nucleosome enrich-

ment by integrating large and small ATAC-seq fragment positioning in accessible chromatin. Therefore, to quantitate nucleosome

enrichment around TCF-1 summits with NucleoATAC algorithm, ATAC-seq signal from both Empty and TCF-1 RV NIH 3T3 samples

is required. Out of 15,763 queried summits 7,395 were found to exhibit at least 1.5 fold-change difference in nucleosome occupancy

signal between Empty and TCF-1 RV NIH 3T3 cells (Figure S4F).

T Cell Gene Enrichment in Nucleosome Enriched Based Clusters of TCF-1 Summits
Based on the previously described analysis regarding the pre-induced nucleosome enrichment levels around TCF-1 ChIP-seq

derived binding events in TCF-1 RV NIH 3T3 cells, we identified 3 clusters of TCF-1 summits (Figure S4C). TCF-1 summits with

high (n = 10,593), intermediate (n = 19,068) and low (n = 10,901) nucleosome enrichment. In parallel, the previously described

differential gene expression analysis between Empty RV NIH 3T3 and DP T cells, identified 3,349 genes as DP T and 4,040 as

NIH 3T3 cell-specific. To calculate the enrichment of the 2 gene sets in the 3 nucleosome enrichment clusters, TCF-1 peak summits

were associated with genes, as described in previous section, resulting in 27,794 interactions between 24,330 TCF-1 summits and

10,212 genes. To remove redundancy in the association between genes and nucleosome clusters we filtered out genes associated to

zero or more than one clusters. The remaining were used to calculate the enrichment of DP T cell-specific genes in high, intermediate

and low MNase clusters with Fisher’s exact test (Figure S6I).

Motif Distances from Nucleosome Summit
MEME-FIMO (Grant et al., 2011) and TCF-1 position probability matrix (MA0769.1) from JASPAR facilitated the discovery of

1,102,896 putative TCF-1 binding sites (motifs) in the mouse genome using a p value threshold of 1e-4. 17,816 motifs were found

to overlap with TCF-1 ChIP-seq peaks specific to TCF-1 RV NIH 3T3 and 7,782 with peaks specific to DP T cells. To avoid biases

associated to imbalanced number of motif occurrences in peaks, a one-to-one association betweenmotifs and summits was created

by selecting the closest to summit motif per peak with a maximum distance threshold of 100 bp. This resulted in the finalized sets of

motifs bound in TCF-1 RV NIH 3T3 (n = 10,665) and DP T cells (n = 6,115). The remaining unbound putative TCF-1 sites were grouped

into motif hotspots using a distance threshold of 500 bp. For every hotspot the motif with the highest FIMO score was selected as its

representative (random selection for ties) resulting in the formation of the final ‘Random’ set of unboundmotifs (n = 862,733) that were

used as control.

Nucleosome positions were called using Danpos2 (Chen et al., 2013) as previously described. The distance between motifs from

NIH 3T3, DP T and Random sets to their closest nucleosome dyad was calculated using BEDTools (Quinlan and Hall, 2010). The

visual comparison of the distribution of distances between each cell type specific set and the Random set was achieved by randomly

selecting 1,000 samples from each set with replacement, plotting the density of distances and repeating this process 1,000 times

(Figure S4D). To assess whether there is a statistically significant difference in the median motif distance from the nucleosome

dyad between each cell-specific (target) set and the Random set, we carried out two separate bootstrapping procedures, one for

each target set. Distances from the target and Random set were combined into a pooled vector. Both target and Random sets

were transformed by subtracting each set’s mean from every member of the relevant set and adding the mean of the pooled vector.
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This way, both sets are first centered around their mean and then shifted by the pooledmean resulting in the proper transformation for

testing the null-hypothesis (no difference between median motif distances from the nucleosome center of the two sets) without

making any assumptions about their variance. Subsequently, we randomly selected 1,000 samples (with replacement) from each

transformed set and compared the difference between median distances. After repeating this process 100,000 times we divided

the number of times we observed a difference between the median distances larger than (or equal to) the raw difference (no subsam-

pling) to calculate the p value (Figure S4D).

Characterization of the Chromatin State in NIH 3T3 Cells Prior to Tcf7 Retroviral Transduction
In addition to having established the pre-Tcf7 overexpression nucleosome occupancy environment in NIH 3T3 cells, querying the

chromatin state landscape is a critical step toward unveiling the properties of TCF-1 binding in a genome-wide, quantitative way.

To this end, the enrichment of H3K4me3, H3K4me1, H3K9me3, H3K27me3 and H3K27ac versus Input in the ± 1kb

(and ± 250 bp) region surrounding TCF-1 summits has been calculated by modeling read counts with a binomial mixture model of

two components with normR (Helmut and Chang, bioRxiv). The first component models the background and the second one the

signal, independently for each histone mark, resulting in a five-dimensional vector of p values adjusted for multiple comparisons

for every summit. H3K27me3, H3K9me3, and H3K27ac enrichment in TCF-1 RV NIH 3T3 cells was calculated as well (Figures 5C

and 5D). Furthermore, the enrichment of ATAC-seq in NIH 3T3 TCF-1 RV versus Empty RV cells and vice versa has also been calcu-

lated around summits.

These enrichment results facilitated the assessment of correlations between the chromatin status and chromatin accessibility

before and after Tcf7 overexpression (Figure 5, Figure S5). Additionally, k-means clustering has been applied on TCF-1 summits

based on the enrichment level of the 5 chromatin marks in pre-induced cells resulting in the formation of 11 clusters (Figure 5B,

Figure S5D, Tables S5 and S6), following silhouette coefficient analysis (Figure S5C). For visualization purposes, the normalized

histone mark ChIP-seq as well as ATAC-seq enrichment was also calculated for 10 bp non-overlapping bins spanning the ± 3kb re-

gion centered around TCF-1 summits separately for each cluster.

Deregulated genes in NIH 3T3 TCF-1 RV cells were linked to TCF-1 binding sites based on the proximity strategy described in

previous sections. Consequently, genes were also connected to chromatin states (Table S6). This enabled the calculation of the sig-

nificance of up- and downregulated genes enrichment in each chromatin state using Fisher’s exact test (Figures 6E and S6G). To

assess differences in the enrichment of H3K9me3, H3K27me3 and H3K27ac ChIP-seq signal around TCF-1 binding events between

pre-induced and TCF-1 RV NIH 3T3 cells, we used diffR function from normR package using an FDR threshold of 5e-2.

Gene Set Enrichment Analysis
Pre-ranked lists of genes were used by ranking genes using estimated log2 fold-change in DESeq2. GSEA v2.2.4 with default param-

eters was used to perform gene set enrichment analysis.

DATA AND SOFTWARE AVAILABILITY

The accession number for the ChIP-seq, RNA-seq and ATAC-seq reported in this study is NCBI GEO: GSE99159
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